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Impact of Similarity Measures on Web-page Clustering
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he increasing si e an  yna ic content of the orl
i e eb has create a nee for auto ate organi a-
tion of eb-pages ocu ent clusters can pro i e a
structure for organi ing large bo ies of te t for e cient
bro singan searching or this purpose, a eb-pageis
typically represente as a ector consisting of the suit-
ably nor ali e fre uency counts of or s or ter s
ach ocu ent contains only a s all percentage of all
the or s e er use in the eb If e consi er each
ocu ent as a ulti- i ensional ector an then try
to cluster ocu ents base on their or contents, the
proble i ersfro classic clustering scenarios in se -
eral ays ocu ent clustering ata is high i en-

ooney csute ase u

sional, characteri e by a highly sparse or - ocu ent
atri  ith positi e or inal attribute alues an a sig-
nificant a ount of outliers

lustering has been i ely stu ie in se eral isci-
plines, specially since the early 60s  artigan 5
So e classic approaches inclu e partitional etho s
such as - eans, hierarchical agglo erati e cluster-
ing, unsuper ise  ayes, an soft, statistical echanics
base techni ues ost classical techni ues, an e en
fairly recent ones propose in the ata ining co -
unity ) b b
etc  astogi Shi , are base
on istances bet een the sa ples in the original ec-
tor space  hus they are face  ith the curse of i-
ensionality an the associate sparsity issues, hen
ealing ith ery high i ensional ata In ee , often,
the perfor ance of such clustering algorith sis e on-
strate only on illustrati e 2— i ensional e a ples
When ocu ents are represente by a bag of or s,
the resulting ocu ent- or atri typically repre-
sents ata in 000 i ensions Se eral note orthy
atte ptsha ee erge toe ciently cluster ocu ents
that are represente insuch high i ensional space In
hillon o ha , the authors present a spheri-
cal - eansalgorith for ocu ent clustering raph-
base clustering approaches, that atte pt to a oi the
curse of 1 ensionality by transfor ing the proble
for wulation inclu e arypis, an, u ar
oley Strehl hosh 2000 ote that
such etho s use a ariety of si ilarity or istance
easures, literature, an e are una are of any soli
co parati e stu y across i erent si ilarity easures
In this paper, e first co pare si ilarity easures
analytically an illustrate their se antics geo etri-
cally Secon ly, e propose an e peri ental etho ol-
ogy to co pare high i ensional clusterings base on
utual infor ation, entropy, an purity We con uct
a series of e peri ents on ne s pages to e al-
uate the perfor ance an cluster wuality of four si i-
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igure : er ie of a si ilarity base clustering
fra e ork

larity easures ucli ean, cosine, earson correlation,
e ten e Jaccar in co bination ith fi e algorith s
ran o ,self-organi ing feature ap, hyper-graph par-
titioning, generali e - eans, eighte graph parti-
tioning
et be the nu ber of ob ects
ata an the nu ber of features
each sa ple ith he input ata can
be represente by a or - ocu ent atri ith
the -th colu n representing the sa ple ar clus-
tering assignsalabel toeach - i ensionalsa ple
, such that si ilar sa ples ten to get the sa e la-
bel he nu ber of istinct labels is , the esire
nu ber of clusters In general the labels are treate
as no inals ith no inherent or er, though in so e
cases, such as self-organi ing feature aps s or
top- o n recursi e graph-bisection, the labeling ay
contain e tra or ering infor ation et enote the
set of all ob ects in the -th cluster ,
ith an igure gi esan
o er ie of a batch clustering process fro a set of ra
ob ect escriptions ia the ector space escription
an si ilarity space escription to the cluster la-

bels

0 he
ne t section brie y escribes the co pare algorith s

eb-pages in the
or s, ter s for

Al

As a baseline for co paring algorith s, e use cluster-
ing labels ra n fro a unifor ran o  istribution
o er the integers fro to he co ple ity of this
algorith is

Weusea — i ensional as propose by ohonen
ohonen 5 o generate clusters e use cells

in a line topology an train the net ork for 5000
epochs or 0 inutes hiche er co es first Alle -
peri ents arerunona ual processor 450 entiu

an for this clustering techni ue e use the i -

ple entation in the neural net ork tool-bo
he resulting net ork is subse uently use to generate
the label ector fro thein e of the ost acti ate

neuron for each sa ple he co ple ity of this incre-
ental algorith is an  ostly eter ine
by the nu ber of epochs an sa ples

We also e ploye the ell-kno n - eans algorith
an three ariations of it using non- ucli ean istance
easures he - eans algorith is an iterati e al-

gorith to ini i e the least s uares error criterion

u a art A cluster is represente by
its center , the ean of all sa ples in he cen-
ters are initiali e  ith a ran o selection of ata
ob ects ach sa ple is then labele ith the in e
of the or center In the follo ing

subsections e ill escribe four i erent se antics for
closeness or si ilarity of t o ob ects an

Subse uent re-co puting of the ean for each clus-
ter an re-assigning the cluster labels is iterate until
con ergence to a fi e labeling after  iterations he
co ple ity of this algorith is

he ob ects to be clustere can be ie e as a set of

ertices o eb-pages an or ertices an
are connecte  ith an un irecte e ge of positi e
eight , Or he car inal-

ity of the set of e ges e uals the nu ber of
si ilarities bet een all pairs of sa ples A set of e ges
hosere o al partitions a graph into pair-
ise is oint sub-graphs ,is calle ane ge
separator urob ecti eistofin such a separator ith
a ini u su ofe ge eights While stri ing for the
ini u cut ob ecti e, the nu ber of ob ects in each
cluster has to be kept appro i ately e ual We eci e
to use Strehl hosh 2000 , hich pro-
uces balance e ual si e clusters fro the si ilar-
ity atri using ulti-le el ulti-constraint graph par-
titioning  arypis u ar 8 alance clusters
are esirable because each cluster represents an e ually
i portant share of the ata o e er, so e natural
classes ay not be e ualsi e y using a higher nu -
ber of clusters e can account for ulti- o al classes
eg, -proble  an clusters can be erge at a
latter stage he ost e pensi e step in this
techni ue is the co putation of the si ilarity
atri In ocu ent clustering, sparsity can be in-
uce by looking only at the strongest e ges or at
the subgraph in uce by pruning all e ges e cept the
nearest-neighbors for each erte Sparsity akes this
approach feasible for large ata-sets In eb-page clus-
tering sparsity is in uce by all non- ucli ean si ilar-
ities propose in this paper, an  ay be increase by a
threshol ing criterion

A hyper-graph is a graph hose e ges can connect ore
than t o ertices hyper-e ges he clustering prob-
le isthen for ulate asafin ingthe ini u -cut of
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ahyper-graph A ini u -cutisthere o aloftheset
of hyper-e ges ith ini u e ge eight that sepa-
rates the hyper-graph into unconnecte co ponents
Again, an ob ect aps to a erte ach or
feature  aps to a hyper-e ge connecting all ertices
ith non- ero fre uency count of this or he eight
of this hyper-e ge is chosen to be the total nu ber of
occurrences in the ata-set  ence, the i portance of
a hyper-e ge uring partitioning is proportional to the
occurrence of the correspon ing or he ini u -
cut of this hyper-graph into unconnecte co ponents
gi es the esire clustering We e ploy the
package for partitioning An a antage of this ap-
proach is that the clustering proble can be appe
to a graph proble ithout the e plicit co putation
of si ilarity, hich akes this approach co putation-
ally e cient ith assu inga closeto linear
perfor ing hyper-graph partitioner o e er,sa ple-
ise fre uency infor ation gets lost in this for ulation

since there is only one eight associate  ith a hyper-
e ge
1 e e
he inko ski istances
are the stan ar etrics

for geo etrical proble s or 2 e
obtain the anhattan ucli ean  istance or

ucli ean space, e chose to relate istances

onse uently,
nor ali e si ilarity as
hich has i portant
properties as e ill see in the iscussion that the
co only a opte
lacks

an si ilarities  using
e efine wucli ean 0

Si ilarity can also be efine by the angle or cosine
of the angle bet eent o ectors he cosine easure
is gi en by
scale in ariant un erstan ing of si ilarity An e en
stronger property is that the cosine si ilarity oes not
epen on the length: for
0 his allo s ocu ents ith the sa e co -
position, but i erent totals to be treate i entically
hich akes this the ost popular easure for te t
ocu ents Also, ue to this property, sa ples can be
nor ali e to the unit sphere for oree cient process-
ing  hillon o ha

an captures a

In collaborati e filtering, correlation is often use to

pre ict a feature fro a highly si ilar entor group

of ob ects hose features are kno n he 0 nor-
ali e earson correlation is efine as

- , here enotesthe a erage

feature alueof o erall i1 ensions

he binary Jaccar coe cient easures the ratio of the
nu ber of share attributes or s of to
the nu ber possesse by It is often use
in retail arket-basket applications Jaccar si ilarity
can be e ten e to continuous or iscrete

features using ——— Strehl
hosh 2000

learly, if clusters are to be eaningful, the si ilarity
easure shoul be in ariant to transfor ations natu-
ral to the proble o ain Also, nor ali ation ay
strongly a ect clustering in a positi e or negati e ay
he features ha e to be chosen carefully to be on co -
parable scales an si ilarity has to re ect the un erly-
ing se antics for the gi en task
ucli ean si ilarity is translation in ariant but scale
ariant hile cosine is translation ariant but scale in-

ariant he e ten e Jaccar has aspects of both
properties as illustrate in figure 2 Iso-si ilarity lines
at 025, 05an 0 5 for points an

2 are sho n for wucli ean, cosine, an the
e ten e Jaccar or cosine si ilarity only the 4 out
of 2 lines that are in the positi e ua rant are plot-
te he ashe line arksthelocusofe ualsi ilarity
to an hich al ays passes through the origin for
cosine an e ten e Jaccar si ilarity
In ucli ean space, iso-si ilarities are concentric
hyper-spheres aroun the consi ere sa ple point ec-
tor ue to the finite range of si ilarity, the ra ius
ecreases hyperbolically as increases linearly he
ra ius is constant for a gi en si ilarity regar less of
the center-point  he only location ith si ilarity of
is the consi ere point itself an no location at fi-
nite istance has a si ilarity of 0 no sparsity s-
ing the cosine easure ren ers the iso-si ilarities to
be hyper-cones all ha ing their ape at the origin an
a is aligne  ith the gi ensa ple ector ocations
ith si ilarity are on the — i ensional sub-space
efine by this a is an the locus of points ith si -
ilarity O is the hyper-plane perpen icular to this a is
or thee ten e Jaccar si ilarity, the iso-si ilarities
are non-concentric hyper-spheres he only location
ith is the point itself = he hyper-sphere ra-
ius increases ith the the istance of the consi ere
point fro the origin so that longer ectors turn out
to be ore tolerant in ter s of si ilarity than s aller
ectors Sphere ra ius also increases ith si ilarity
an as approaches 0 the ra ius beco es infinite he
resulting iso-si ilarity surface is the hyper-plane per-
pen icular to the consi ere point through the origin

hus, for 0,e ten e Jaccar beha es like the co-
sine easure, an for , beha es like the wucli ean
istance
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igure 2:
he e ten e Jaccar a opts the i le groun be-
t een wucli ean an cosine base si ilarity

roperties of arious si ilarity

In tra itional wucli ean - eans clustering the op-
ti al cluster representati e ini ies the su of
S uare error criterion, i e

arg in
In the follo ing, e proof ho this con e istance-

base ob ecti e can be translate an e ten e to
si ilarity space onsi er the generali e ob ecti e

function gi en a cluster an a representa-
ti e

apping fro istances to si ilarities yiel s

log , an therefore

log inally, e trans-

for the ob ecti e using a strictly onotonic ecreasing

function: Instea of ini i ing , e aiie

hus, in si ilarity space , the
least s uare error representati e for a cluster
satisfies

arg a 2

sing the conca e e aluation function , e can ob-
tain opti al representati es for non- ucli ean si i-
larity spaces he alues of the e aluation function
are use to sha e the backgroun in
figure 2 Ina a i u likelihoo interpretation, e
constructe the istancesi ilarity transfor ation such
that onse uently, e can use the
ual interpretations of probabilities in si ilarity space
an errors in istance space

X e e 1 1

We con ucte e peri ents ith all fi e algorith s, us-
ing four ariants each for - eans an graph partition-
ing, yiel ingele en techni uesin total Since clustering
is unsuper ise , success is generally easure by a cost
criterion Stan ar cost functions, such as the su of
s uare istances fro cluster representati e epen
on the the si ilarity or istance easure e ploye
hey cannot be use to co pare techni ues that use
i erent si ilarity easures o e er, in situations

here the pages are categori e labelle by an e ter-
nal source, there is a plausible ay out i en cate-
gories classes )

, e use the true classification labels to e aluate
the perfor ance or e aluating a single cluster, e

use an , hile the entire clustering is
e aluate using
et enote the nu ber of ob ects in cluster
that are classifie to be as gi en by luster s
can be efine as
— a

urity can be interprete as the classification rate un-
er the assu ption that all sa ples of a cluster are
pre icte to be e bers of the actual o inant class
for that cluster Alternati ely, ealsouse 0 ,
hich is efine for a class proble as

—1log — log 4

ntropy is a ore co prehensi e easure than purity
since rather than ust consi ering the nu ber of ob ects
in an notin the ost fre uent class, it consi ers
the entire istribution

While the abo e t o criteria are suitable for easur-
ing a single cluster s uality, they are biase to fa or
s aller clusters In fact, for both these criteria, the
globally opti al alue is tri ially reache  hen each
cluster is a single sa ple onse uently, for the o er-
all not cluster- ise perfor ance e aluation, e use a

easure base on :

log

log

5
utual infor ationis asy  etric easure for the e-
greeof epen ency bet een the clustering an the cate-
gori ation nlike correlation, utual infor ation also
takes higher or er epen encies into account We use
the sy  etric utual infor ation criterion because it
successfully captures ho relate the labeling an cate-
gori ations are ithout a biasto ar ss aller clusters
Since these perfor ance easures area ecte by the
istribution of the ata eg, si es, e nor-
ali e the perfor ance by that of the correspon ing
ran o clustering, an interpret the resulting ratio as
perfor ance lift

ro the in ustry eb-page ata Web
roect raen 8 , the follo ing ten
in ustry sectors ere selecte : R

Y ?
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b ) )
ach in ustry contributes about 0 of

the pages he fre uencies of 28 6 i erent or s
that are not in a stan ar  nglish stop-list eg, |,
, , an o occur on a erage bet een 00
an 0 ti es per page, ere e tracte fro
Wor location as not consi ere his ata is far
less clean than e g, the ata ocu ents
ary significantly in length, so e are in the rong
category, sa e are out- ate or ha e little content
eg, are ostly i ages Also, the hub pages that
refers to are usually top-le el branch pages
hese ten to ha e ore si ilar bag-of- or s content
across 1 erent classes eg, contact infor ation,
search in o s, elco e essages than ne s content
oriente pages Sa ple si es of 50, 00, 200, 400, an
800 ere use for clustering 66 ocu ents fro the
abo e 0 categories he nu ber of clusters as
set to 20 an each setting as run O ti es each
techni ue gets the sa e ata to capture the ran o
ariation in results
igure sho s the results of the 550 e peri ents
In table , the t-test results in icate that graph-
partitioning ith cosine si ilarity perfor s best closely
follo e by the other t o non- ucli ean easures
he secon tier are non- ucli ean - eans aria-
tions yper-graph partitioning perfor s reasonably
ell he an ucli eansi ilarity ith - eans
as ell as ith graph partitioning, fail to capture the
relationships of the high i ensional ata
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igure : erfor ancelift nor ali e to the ran o

baseline on in ustry eb-page ata of wutual
infor ation for arious sa ple si es he bars
in icate 2stan ar e iations

he 20 original
are

ne s categories in the ata

’ 7

? Y Y 7 7 7
Y ? ? ? ? ?

? ? ? ?

?
an correspon to 20, re-

specti ely he ata is publicly a ailable fro
se-
ries an as use in oley he ra

28 2 40 or - ocu ent atri consists of the non-
nor ali e occurrence fre uencies of ste e  or s,
using orter ssu  stripping algorith rakes 2
runing all or s that occur less than 00 or ore
than 0 0 ti es on a erage because they are insignifi-

cant eg, or too generic eg, , re-
specti ely, results in 20
Random SOFM HGP
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igure 4: erfor ance lift nor ali e to the ran o
baseline on ne s eb-page ataof wutual in-
for ation for arious sa ple si es he bars
in icate 2 stan ar e iations

Sa plesi es of 50, 00, 200, 400, an 800 ere use
for clustering 2 40 ocu ents fro the abo e 20 cat-
egories  he nu ber of clusters as set to 40 an
each setting asrun Oti es each techni ue gets the
sa e sub-sa ple to capture the ran o  ariation in
results We chose 40 clusters, t o ti es the nu ber
of categories, since this see e to be the ore natu-
ral nu ber of clusters as in icate by preli inary runs
an isuali ation sing a greater nu ber of clusters
than classes can be ie e asallo ing ulti- o al is-
tributions for each classes ore a ple, in an like
proble , there are t o classes, but four clusters 550
clustering runs ere con ucte figure 4 an the re-
sults eree aluate in 55 one-si e t-tests table2 for
the 800 sa plele el

on- ucli ean graph partitioning approaches ork
best on the ata  he top perfor ing si ilarity ea-
sures are e ten e Jaccar an cosine We initially e -
pecte cosine to perfor better than the e ten e Jac-
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able : In ustry eb-page ata ith 66, 28 6,
perfor ance an t-test results confi ences belo 0 50 are arke ith -

at 800 sa plesin ter s of

6, an 20 o parison of 0 trials of techni ues

able 2: e s eb-page ata ith 2 40, 20,
perfor ance an t-test results confi ences belo 0 50 are arke ith -

at 800 sa plesin ter s of

car an correlation ue to its length in ariance  he

i le groun ie point of e ten e Jaccar see s
to be successful in eb-page as ell as arket-basket
applications  orrelation is only arginally orse in
ter s of a erage perfor ance  yper-graph partition-
ing is in the thir tier, outperfor ing all generali e -

eans algorith s e cept for the e ten e Jaccar All

ucli ean techni ues inclu ing perfor e ery
poorly Surprisingly, an graph partitioning ere
still able to o significantly better than ran o  espite
the li ite e pressi eness of wucli ean si ilarity u-
cli ean - eans perfor e e en orsethanran o in
ter s of entropy an e ui alent to ran o in ter s of
purity not sho n

able  sho s the results of the best perfor ing
clustering Strehl hosh 2000  or each

cluster the o inant category, its purity an entropy
are gi en along ith the top three escripti e an is-
cri inati e or s escripti eness is efine as occur-
rence fre uency a notion si ilar to singular ite -set
support iscri inati e ter s for a cluster ha e the
highest occurrence ultipliers co pare to the a er-
age ocu ent si ilar to the notion of singular ite -
set lift nlike the categories, hich ary
in si e fro to 4 4 pages , all our clusters are
ell-balance : each contains bet een 5 an 60 pages
ealth turne out to be the category ost clearly

i entifie his coul ha e been e pecte since its
language separates uite istincti ely fro the others
0 e er,our clustering is better than ust atching the
gi en labels, because istinguishes ore pre-

cisely or e a ple there are etecte sub-classes such
as an genetics relate pages  luster

20, an 40 o parison of 0 trials of techni ues

8, for e a pleis escribe by our syste through the
ter s , , in icating an infec-
tion relate cluster Si ilarly, in the
category, our algorith i entifies a cluster eal-
ing ith rincess ianas car acci ent an funeral
So es aller categories, such as
pages ha e been absorbe into
ore eaningful clusters  ost pages are
foun in cluster Interestingly, ocu ents fro
the technology category ha e also been groupe ith a
ntertain ent-online o inate an a wusiness o i-
nate cluster in icating an o erlap of topics luster-
ings of this wuality ay be use to buil a fully auto-
ate  eb-page categori ation engine yiel ing cleaner
cut groups than currently seen

1 e

he key contribution of this ork lies in pro i ing a
fra e ork for co paring se eral clustering approaches
a ariety of si ilarity spaces  he results in i-
cate that graph partitioning is better suite for or
fre uency base clustering of eb ocu ents than gen-
erali e - eans, hyper-graph partitioning, an
he search proce ure i plicit in graph partitioning
is far less local than the hill-cli bing approach of -
eans  oreo er, it also pro i es a ay to obtain bal-
ance clusters an e hibit a lo er ariance in results
etric istances such as ucli ean are not appro-
priate for high i ensional, sparse o ains osine,
correlation an e ten e Jaccar  easures are success-
ful in capturing the si ilarities i plicitly in icate by
anual categori ations as seen for e a ple in
his research as supporte in
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able : est clustering for 40 using

luster e aluations, their escripti e an iscri inati e ter
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