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A b stract

C lu ster a na ly sis o r c lu stering, gro u p s o b jects into a m ea ningfu l m a nner, is a n im p o rta nt

ta sk in p a ttern reco gnitio n, da ta m ining, b io -info rm a tics, im a ge p ro cessing, info rm a tio n

retrieva l, intru sio n detectio n sy stem , etc. T o m eet dem a nds o f c lu stering a ctivities in

these do m a ins, m a ny c lu stering m etho ds have b een develo p ed over the y ea rs. T hese c lu s-

tering m etho ds ca n b e c a tego rized fro m diff erent p ersp ectives. A n im p o rta nt p ersp ective

is algorithmic perspective. F ro m a lgo rithm ic p ersp ective (view ), c lu stering m etho ds a re

c la ssifi ed into distance based a nd density based m etho ds (a lgo rithm s). N a tu ra lly , c lu sters

a re arbitrary shaped a nd diff erent sizes in a da ta set. H o w ever, fi nding c lu sters o f a rb itra ry

sha p es a nd sizes is a diffi c u lt (cha llenging) ta sk , esp ec ia lly in la rge size da ta set. T his

thesis fo c u ses a t fi nding c lu sters o f a rb itra ry sha p es a nd sizes u sing b o th dista nce b a sed

a nd density b a sed a lgo rithm s in la rge da ta set. D ista nce b a sed c lu stering m etho ds u su a lly

fi nd co nvex ed sha p ed c lu sters. T he c la ssic a l single-link is a dista nce b a sed m etho d, w hich

ca n fi nd c lu sters o f a rb itra ry sha p es a nd sizes. H o w ever, it sc a ns da ta set m a ny tim es

a nd ha s q u a dra tic tim e a nd sp a ce c o m p lex ity . T his p ro hib its single-link to a p p ly to la rge

da ta set. T o a ddress these issu es, a dista nce b a sed hy b rid c lu stering m etho d ha s b een p ro -

p o sed, w hich is term ed a s l-S L m etho d. It p ro du ces a fl a t c lu stering fo r a rb itra ry sha p ed

c lu sters in la rge da ta set. It ha s tw o sta ges. In the fi rst sta ge, lea ders c lu stering m etho d

is a p p lied to a da ta set to o b ta in m a ny c o nvex sha p ed sm a ll c lu sters. In the seco nd sta ge,

these c o nvex ed sha p ed c lu sters a re m erged u sing single-link m etho d (given m inim u m dis-

ta nce criteria ). P ro p o sed l-S L m etho d sca ns a da ta set o nce a nd c lu stering resu lts o f l-S L

m etho d is c lo se to the fi na l c lu stering o f tha t o f the single-link m etho d. A n im p ro vem ent

o f the l-S L m etho d ha s a lso b een p ro p o sed in o rder to p ro du ce sa m e c lu stering resu lts

a s tha t o f the single-link c lu stering m etho d. P ro p o sed l-S L a nd its im p ro ved m etho ds

o u tp u t a fl a t c lu stering o f a given da ta set. A new da ta su m m a riz a tio n schem e term ed

a s data sphere ha s b een p ro p o sed, w hich ex p lo its lea ders m etho d to a c q u ire su m m a ry o f

a da ta set. P ro p o sed data sphere is u tilized to w o rk w ith hiera rchic a l single-link m etho dTH-1069_BKPATRA



in la rge da ta set fo r genera ting a hiera rchy o f c lu stering. H o w ever, c lu stering resu lts o f

data sphere b a sed single-link m etho d deterio ra tes a t high co m p ressio n ra tio . T o a ddress

this p ro b lem , to lera nce ro u gh set theo ry b a sed da ta su m m a riz a tio n schem e term ed rough

bubb le ha s b een p ro p o sed. T o lera nce ro u gh set theo ry is ex p lo ited to reso lve u ncerta inty

a sso c ia ted w ith c lu ster m em b ership o f lea ders m etho d, w hich co llects directio na l dista nce

sta tistics o f ea ch rough bubb le. M a in disa dva nta ge o f p ro p o sed dista nce b a sed l-S L , im -

p ro ved l-S L , data sphere a nd rough bubb le m etho ds is tha t they c a nno t fi nd a rb itra ry

sha p ed c lu sters in p resence o f o u tliers, va ry ing density c lu sters. T o a ddress these issu es,

a dy na m ic p a ra m eter term ed Neares t Neig hbo r Facto r(NNF ) is intro du ced to deter-

m ine rela tive p o sitio n o f a n o b ject in its neighb o rho o d (lo ca l) regio n. A density b a sed

c lu stering m etho d w hich u ses NNF is intro du ced fo r fi nding c lu sters o f a rb itra ry sha p es,

diff erent sizes a nd va ria b le density in a da ta set.
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C h ap te r 1

Intro ductio n

W e a re living in digita l w o rld. E very da y individu a l p erso n, b u siness ho u ses, va rio u s o r-

ga niz a tio ns a re a c c u m u la ting eno rm o u s q u a ntities o f digitized info rm a tio n/ da ta . T hese

m a ssive size da ta need to b e a na ly zed effi c iently fo r b etter u ndersta nding b ehavio r o f

da ta o r diff erent dec isio n m a k ing p ro cess. V a rio u s techniq u es a re devised fo r a na ly z -

ing them a u to m a tic a lly . T hese techniq u es a re b ro a dly c la ssifi ed into tw o c a tego ries: (i)

c o nfi rm a to ry a na ly sis o r c la ssifi c a tio n a nd (ii) ex p lo ra to ry o r c lu ster a na ly sis.

C o nfi rm a to ry a na ly sis c la ssifi es a n o b ject into o ne o f the severa l p redefi ned ca tego ries.

T he co nfi rm a to ry o r c la ssifi c a tio n techniq u e w o rk s a s fo llo w s. T he techniq u e needs a

set o f o b jects w ith their c a tego ries, c a lled training set. L et (x, y) b e a n elem ent o f a

tra ining set, w here x is a n o b ject a nd y is the ca tego ry o f x. V ery o ften, o b ject x

is c a lled “ seen” a s y is k no w n. B a sed o n the info rm a tio n a va ila b le o f seen o b jects in

the tra ining set, techniq u e fi nds a su ita b le m o del, w hich ca p tu res rela tio nship b etw een

o b jects a nd their c a tego ries o r c la sses. F ina lly , m o del a ssigns a c la ss la b el to a n u nseen

o b ject (no t b elo ng to tra ining set). T he ta sk o f a ssigning a cla ss la b el to a n u nseen

o b ject is su p ervised b y a tra ining set. T herefo re, c la ssifi c a tio n ta sk is p o p u la rly k no w n

a s supervised learning . S u p p o se, o ne w a nts to c la ssify a n a nim a l into o ne o f the three

ca tego ries: A m p hib ia ns, R ep tiles a nd M a m m a ls. T o p erfo rm this ta sk , cha ra cteristics o f

a nim a ls w ith their c a tego ries a re p ro vided (training set). B a sed o n the k no w ledge (model)

ex tra cted fro m the cha ra cteristics, o ne ca n p redict w hether a n u nk no w n a nim a l b elo ngs

1
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2

to o ne o f the three ca tego ries. In genera l, c a tego ry c a n have fi nite discrete va lu es. In

the p revio u s ex a m p le, A m p hib ia ns, R ep tiles a nd M a m m a ls a re the va lu es o f c a tego ry . If

c la ssifi c a tio n ta sk p redicts a c o ntinu o u s va lu e (y) fo r a n u nseen o b ject, then it is c a lled

regression. M a in dra w b a ck o f the c la ssifi c a tio n a na ly sis is the no n ava ila b ility o f su ita b le

tra ining da ta . It is no t a lw a y s ea sy to c o llect la b eled da ta .

O n the o ther ha nd, cluster analysis o r clustering is to gro u p o b jects into a m ea ning-

fu l m a nner. O b jects in a gro u p a re a lik e c o m p a red to the o b jects in diff erent gro u p s.

T he b a sic diff erence b etw een this a p p ro a ch o f da ta a na ly sis fro m ea rlier a p p ro a ch is tha t

it is no t gu ided b y a ny tra ining set, i.e., gro u p ing o f o b jects is p erfo rm ed w itho u t a ny

su p ervisio n- unsupervised learning . T his m a k es c lu stering ta sk m o re cha llenging in na -

tu re. F o r ex a m p les, a set o f a nim a ls a re p ro vided w itho u t m entio ning the ca tego ries o f

individu a l a nim a l. H ere, ta sk is to gro u p a nim a ls b a sed o n a lik eness (sim ila rity ) o f their

cha ra cteristics. C lu stering ta sk very o ften enco u nters the fo llo w ing cha llenges:

• H o w m a ny gro u p s need to b e crea ted in a given da ta . W ha t c a n b e the size o f ea ch

gro u p ? C a n a n o b ject b elo ng to m o re tha n o ne gro u p sim u lta neo u sly ?

• H o w the a lik eness is m ea su red b etw een o b jects. Is it sa m e to a ll a p p lic a tio ns?

• H o w c a n o ne m ea su re “ go o dness” o f a c lu stering ta sk ?

N evertheless, c lu stering ha s b een w idely u sed in m a ny a p p lic a tio n do m a ins su ch a s

m a rk eting [ S ha w et a l. (2001)] , im a ge segm enta tio n [ P o rter a nd C a na ga ra ja h (1996),

B o w y er a nd A hu ja (1996)], geo lo gic a l m a p p ing [ M a rtelet et a l. (2006)], b io -info rm a tics

[ D a tta a nd D a tta (2003), T ha la m u thu et a l. (2006)], w eb m ining [ J o shi a nd K rishna p u ra m

(1998 ), L ingra s et a l. (2004)], intru sio n detectio n [ H u b b a lli (2011)], etc.

R est o f the cha p ter is o rga nized a s fo llo w s. S ectio n 1.1 m entio ns so m e im p o rta nt

a p p lic a tio n do m a ins w here c lu stering techniq u e is u sed freq u ently . S ectio n 1.2 describ es

b riefl y m a jo r a p p ro a ches to c lu stering ta sk a nd m o tiva tio ns o f the thesis. C o ntrib u tio ns

o f the thesis a re highlighted in sectio n 1.4. F ina lly , o rga niz a tio n o f this thesis is disc u ssed

in sectio n 1.5.TH-1069_BKPATRA



1.1 Applications of C lustering Technique 3

1.1 A p p licatio ns o f C luste ring T e ch niq ue

G o a l o f c lu ster a na ly sis is to fo rm gro u p s o f sim ila r o b jects. H ere, o b jects c o u ld b e stu dents

a t U niversity , c u sto m ers in a su p er m a rk et, b io lo gic a l genes, w eb p a ges a t Internets, new s

a rtic les, m o b ile c o nsu m ers in a lo c a lity , investo rs a t sto ck -ex cha nges, b o o k s in a lib ra ry ,

sa tellite im a ges, ha nd w ritten cha ra cters, sta rs a nd p la nets in sk y o r p a tient rec o rds.

C lu ster a na ly sis ha ve b een u tilized in nu m ero u s a p p lic a tio n do m a ins. S o m e o f them a re

listed b elo w .

Bio lo g y

B io lo gists in 18 th a nd 19th centu ries sp ent their lives in ca tego riz ing o r c la ssify ing u n-

seen p la nts a nd a nim a ls. T a x o no m y o f living crea tu res is a n im p o rta nt a sp ect in b io lo gy .

C lu stering techniq u e is u sed to fi nd the ta x o no m y a u to m a tic a lly . E vo lu tio na ry b io lo -

gist M a sa to shi N ei u sed c lu stering a p p ro a ch to crea te p hy lo genetic tree [ N ei a nd K u m a r

(2000)]. R ecently , c lu stering ha s b een a p p lied to geno m ic da ta to gro u p fu nctio na lly sim i-

la r genes [ B o lsha k o va et a l. (2004), A z u a je (2002), A z u a je (2003), A gu ila r-R u iz a nd A z u a je

(2004), C hen et a l. (2004), V inh a nd E p p s (2009)].

Info rmatio n R e trieval (IR )

T y p ic a lly , sea rch engines su ch a s G o o gle, Y a ho o p ro vide a list o f sea rch resu lts in resp o nse

to sea rch string. U ser ex a m ines ea ch title a nd snip p et o f sea rch resu lts c a refu lly u ntil s/ he

gets m o st releva nt do c u m ents. T his is a very tedio u s jo b , esp ec ia lly if a sea rch w o rd ha s

diff erent senses. H o w ever, sea rch resu lts c a n b e c lu stered so tha t rela ted do c u m ents

a p p ea r to gether in a c lu ster a nd u ser c a n b e a sk ed to fi nd releva nt c lu ster(s) [ Z eng et a l.

(2004)]. T hu s, u ser c a n q u ick ly b ro w se releva nt a nd desired info rm a tio n. V ivisim o sea rch

engine (http://vivisimo.com/) ha s this fea tu res.

S c a tter/ G a ther techniq u e in IR sy stem u tilize do c u m ent c lu stering m etho ds to gro u p

releva nt do c u m ents to gether a nd sep a ra tes them fro m no n-releva nt o nes. In S c a tter/ G a ther,

c lu stering is a p p lied rep ea tedly to the sea rch resu lts to refi ne the resu lts [ H ea rst et a l.TH-1069_BKPATRA



1.1 Applications of C lustering Technique 4

(1995), H ea rst a nd P edersen (1996)]. O ther c lu stering b a sed info rm a tio n retrieva l a p -

p ro a ches a re fo u nd in [ A ltingo vde et a l. (2007), A ltingo vde et a l. (2008 )].

M arke t R e search

C lu ster a na ly sis ha s b een w idely u sed in m a rk et segm enta tio n. T he go a l o f m a rk et seg-

m enta tio n is to gro u p entities (p eo p le, m a rk ets, o rga niz a tio ns) b a sed o n their c o m m o n

cha ra cteristics. T a x o no m y o f c u sto m ers’ b eha vio r c a n b e a to o l fo r a b etter u ndersta nding

o f c u sto m ers’ cho ice a nd cha ra cteristics. S evera l resea rchers su ggested to u tilize c lu ster

a na ly sis fo r crea ting this ta x o no m y [ F u rse et a l. (198 2), P u nj a nd S tew a rt (198 3)]. M o st

m a rk et segm enta tio n a p p ro a ches fi nd no n-o verla p p ing p a rtitio ns o f c u sto m ers. H o w ever,

it is fo u nd tha t a c o nsu m er c a n b elo ng to m o re tha n o ne segm ents. T he o verla p p ing k-

centro ids c lu stering is develo p ed fo r gro u p ing cu sto m ers [ C ha tu rvedi et a l. (1997)]. F u z z y

c lu stering m etho ds a re a lso u sed fo r m a rk et segm enta tio n [ H ru schk a (198 6)].

Imag e Se g mentatio n

Im a ge segm enta tio n is a n im p o rta nt p a rt o f im a ge a na ly sis a nd im a ge u ndersta nding.

Im a ge segm enta tio n p a rtitio ns a n inp u t im a ge into a nu m b er o f ho m o geneo u s regio ns so

tha t p ix els in a regio n a re m o re sim ila r tha n the p ix els in diff erent regio ns. C lu stering

techniq u e w a s fi rst u sed in im a ge segm enta tio n in 1969 [ W a ck er (1969)]. T he sim p lest

a p p ro a ch is thresholding , w hich gro u p s im a ge p ix els b a sed o n a sc a ler va lu e o f im a ge inten-

sity [ R o senfeld et a l. (1969), D u nn et a l. (198 3)]. T he thresho lding co ncep t is ex tended

to severa l dim ensio ns c o nsidering a p ix el a s a N dim ensio na l vecto r. C lu stering m etho ds

w ere a p p lied to segm ent m u ltisp ectra l rem o te senso r im a gery [ F u a nd M u i (198 1)]. J o lio n

u sed c lu stering m etho d fo r thresho ld selectio n in ra nge a nd intensity im a ge segm enta tio n

[ J o lio n et a l. (1991)]. R ea l im a ge c o nsists o f tex tu red a nd sm o o th regio ns. T herefo re, fea -

tu re sets a re diff erent in ea ch regio ns. H a ving ex tra cted the fea tu res, a c lu stering m etho d

is a p p lied to segm ent the b o th regio ns sep a ra tely [ P o rter a nd C a na ga ra ja h (1996)].TH-1069_BKPATRA



1.1 Applications of C lustering Technique 5

O b je c t and C h aracte r R e c o g nitio n

H u m a n b eings ca n ea sily rec o gnize o b jects in im a ges, even-tho u gh o b jects a re o b ta ined

fro m a ny a rb itra ry view p o int, o b jects c a n b e in diff erent sizes, sc a le in im a ges. H o w ever,

this ta sk o f o b ject rec o gnitio n in co m p u ter visio n is very cha llenging. In o b ject rec o gnitio n

sy stem , m u ltip les view s o f a n o b jects a re sto red in tra ining set a nd sy stem is a sk ed

to rec o gnize a n u nseen o b ject. T o sp eed u p this p ro cess, c lu stering p ro cess p la y a n

im p o rta nt ro le [ L o w e (2001)]. H iera rchic a l c lu stering (c o m p lete-link ) is u sed to c lu ster

the view s o f ea ch o b ject in the tra ining set in o rder to m a k e rec o gnitio n p ro cess fa ster

[ D o ra i a nd J a in (1995)]. C lu stering is u sed in ha ndw riting cha ra cter rec o gnitio n sy stem .

W riter-indep endent sy stem needs a la rge a m o u nt o f tra ining set a s w riting va ries fro m

p erso n to p erso n. A s the va ria b ility o f the w riting sty les increa ses, it b ec o m es m o re a nd

m o re cha llenging ta sk to distingu ish o ne c la ss fro m a no ther. C lu stering a na ly sis c a n b e

a p p lied to sep a ra te these disp a ra te w riting sty les fo r ea ch c la ss. A va ria nt o f k-m ea ns

c lu stering m etho d ca lled C L U S T E R is u sed fo r this p u rp o se [ J a in a nd D u b es (198 8 )]

C limate

D efi ning o r c la ssify ing c lim a te z o nes b a sed o n diff erent m eteo ro lo gic a l va ria b les ( m o nthly

a vera ge, m a x im u m a nd m inim u m tem p era tu res, a nd m o nthly to ta l p rec ip ita tio n ) is a n

im p o rta nt issu e in c lim a to lo gic a l resea rch. U na l u sed c lu stering m etho ds to fi nd ho m o -

geneo u s c lim a te z o nes o f T u rk ey c o nsidering b o th the va ria b les tem p era tu re a nd p re-

c ip ita tio n to gether [ U na l et a l. (2003)]. P rec ip ita tio n c lim a te o f Ira n w a s regio na lized

u sing c lu stering techniq u e [ D inp a sho h et a l. (2004)]. M im m a ck a na ly zed the eff ects o f

E u c lidea n a nd M a ha la no b is dista nce m ea su res to defi ne (gro u p ) c lim a te regio ns u sing

hiera rchic a l c lu stering m etho ds [ M im m a ck et a l. (2001)]. T his a p p ro a ch u ses o nly o ne

m eteo ro lo gic a l p a ra m eter (m o nthly ra infa ll) fo r this ta sk . T ro p ic a l ra infa ll sta tio ns a re

a lso c la ssifi ed u sing c lu stering a p p ro a ch [ J a ck so n a nd W eina nd (1995)].TH-1069_BKPATRA



1.2 M ajor Approaches to C lustering Technique 6

Psych o lo g y

P sy cho lo gists very o ften gro u p a set o f p eo p le into a nu m b er o f su b gro u p s b a sed o n

their p ro fi les. A p sy cho lo gic a l test c a n b e c o ndu cted o n a ll p eo p le in a gro u p . T herefo re,

c lu stering a p p ro a ches c a n b e a u sefu l to o l fo r this p u rp o se. A no ther a p p ro a ch is c o m m o nly

u sed in p sy cho lo gic a l c o m m u nity is to identify a cha ra cteristics (fea tu re) o ver a gro u p o f

p eo p le. C lu stering m etho ds ca n b e u sed to fi nd gro u p o f p eo p le, w ho cha nge their b ehavio r

o ver diff erent o c c a sio ns [ B o rgen a nd B a rnet (198 7)].

M isc e llane o us

C lu stering m etho ds a re a lso u sed in o ther a p p lic a tio ns lik e so c ia l netw o rk a na ly sis [ B reiger et a l.

(1975)], hea lth ca re da ta a na ly sis, a stro no m ic a l im a ge a nd da ta a na ly sis [ S ta rck a nd M u rta gh

(2002)], intru sio n detectio n sy stem [ B u rb eck a nd N a djm -T ehra ni (2004)], etc .

1.2 M ajo r A p p ro ach e s to C luste ring T e ch niq ue

V a rio u s a p p lic a tio n do m a ins have b een m o tiva ting to develo p diff erent c lu stering m etho ds

since m id 50s o f the la st centu ry . T herefo re, c lu ster a na ly sis litera tu re is very rich a nd

va st [ J a in et a l. (1999), J a in et a l. (2000), X u a nd W u nsch (2005), J a in (2010)]. T hese

m etho ds ca n b e c la ssifi ed fro m diff erent view p o ints. O ne im p o rta nt view o n w hich c lu s-

tering m etho ds ca n b e c la ssifi ed is algorithmic view . A lgo rithm ic view c la ssifi es c lu stering

m etho ds b a sed o n the ty p es o f a lgo rithm s u sed - distance based method a nd density based

method.

1.2.1 D istanc e b ased c luste ring meth o d

D ista nce b a sed c lu stering m etho ds u se inter-o b ject dista nce info rm a tio n fo r c lu stering

ta sk . In this a p p ro a ch, m etho ds o p tim ize a glo b a l o b jective (criteria ), w hich is b a sed o n

the inter-o b ject dista nces. P o p u la r ex a m p les o f dista nce b a sed c lu stering m etho ds a re k -

m ea ns [ S teinha u s (1956), M a c Q u een (1967), L lo y d (198 2)], C L A R A , C L A R A N S , lea dersTH-1069_BKPATRA
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[ H a rtiga n (1975), S p a th (198 0), M itra a nd A cha ry a (2003) ], singe-link [ S nea th a nd S o k a l

(1973)], c o m p lete-link [ K ing (1967)] a nd m a ny m o re.

D ista nce b a sed m etho ds a re a ga in divided b a sed o n the ty p e o f c lu stering resu lts

p ro du ced b y them a s fo llo w s.

• Partitio nal c luste ring meth o d : P a rtitio na l c lu stering m etho ds crea te a single

c lu stering (fl a t c lu stering) o f a da ta set. P a rtitio na l c lu stering m etho d divides a

da ta set into a nu m b er o f p re-sp ec ifi ed c lu sters. L et C1 a nd C2 b e tw o c lu sters in

a c lu stering o f a da ta set. T hen, p a rtitio na l c lu stering m etho ds fo llo w these c o n-

stra ints:

(i) C1 * C2 o r C1 + C2, (ii) C1 ∩ C2 = ∅

M o st p o p u la r dista nce b a sed p a rtitio na l c lu stering m etho d is k-m ea ns [ S teinha u s

(1956), L lo y d (198 2)]. T he k-m ea ns ta k es k p o ints a s the inp u t. T he k-m ea ns m in-

im izes S um of S quared E uclidean distances b etw een p a tterns a nd theirs centro ids.

T he k-m ea ns ru ns in linea r tim e w ith the size o f the da ta set. C L A R A , C L A R A N S

a re diff erent va ria nt o f k-m ea ns c lu stering m etho ds.

L ea ders [ H a rtiga n (1975)] is a no ther dista nce b a sed m etho d, w hich sc a ns a da ta set

o nce o nly . It ha s linea r tim e a nd sp a ce c o m p lex ity . T herefo re, it is su ita b le fo r la rge

da ta set.

F u z z y c -m ea ns [ D u n (1973)], ro u gh k -m ea ns[ L ingra s a nd W est (2004)] a re fu z z y

a nd ro u gh set b a sed c lu stering a p p ro a ches, resp ectively . T hese m etho ds ca n b e u sed

to fi nd overla p p ed c lu sters in va rio u s do m a ins lik e info rm a tio n retrieva l, do c u m ent

c lu stering. F u z z y a nd ro u gh c lu stering a p p ro a ches vio la te a c o nstra int sta ted a b o ve:

C1 ∩ C2 6= ∅, w here C1 a nd C2 a re tw o c lu sters o f the p a rtitio na l c lu stering.

• H ie rarch ical c luste ring meth o d : P a rtitio na l c lu stering m etho ds ca nno t p ro du ce

hiera rchic a l stru ctu res p resent in da ta . H iera rchic a l c lu stering m etho ds crea tes a

nu m eric a l ta x o no m y o f a given da ta set, w hich rep resents hiera rchic a l stru ctu res o fTH-1069_BKPATRA
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the da ta set. H iera rchic a l c lu stering m etho d ca n b e seen a s a ty p e o f c lu stering

m etho d w hich crea tes a seq u ence o f p a rtitio na l c lu sterings o f a da ta set. B a sed

o n the req u irem ents o f a p p lic a tio n do m a ins, a c lu stering is c o nsidered a s the fi na l

c lu stering o f a given da ta set. H iera rchic a l c lu stering m etho ds a re k no w n to p ro du ce

b etter c lu stering resu lts tha n p a rtitio na l c lu stering m etho d [ L in a nd C hen (2005)].

L et C1 b e a c lu ster in a c lu stering o f a da ta set a nd C2 b e a c lu ster in a no ther

c lu stering o f the sa m e da ta set. T hen, hiera rchic a l c lu stering sa tisfi es o ne o f the

fo llo w ing tw o c o nditio ns:

(i) C1 ⊆ C2 o r C1 ⊇ C2, (ii)C1 ∩ C2 = ∅

H iera rchic a l c lu sterings o f a da ta set c a n b e o b ta ined either in top-dow n o r bottom-up

a p p ro a ches. Initia lly , a ll o b jects a re c o nsidered in a c lu ster in to p -do w n a p p ro a ch.

T hen, rec u rsively , ea ch c lu ster is divided into sm a ller size c lu sters u ntil ea ch o ne

co nta ins single o b ject. B o tto m -u p a p p ro a ch co nsiders ea ch o b ject in a da ta set a s

a singleto n c lu ster a nd m erges sim ila r c lu sters rec u rsively u ntil a ll o b jects a re in a

single c lu ster. B o tto m -u p a p p ro a ch is w idely u sed to p ro du ce hiera rchic a l ta x o no m y

o f a da ta set.

P o p u la r ex a m p les o f dista nce b a sed (b o tto m -u p ) hiera rchica l m etho ds a re single-

link , c o m p lete-link , a vera ge-link c lu stering m etho ds. T hese three c lu stering m etho ds

diff er in m ea su ring sim ila rity / dissim ila rity b etw een a p a ir o f c lu sters. E a ch o f these

m etho ds ha s q u a dra tic tim e a nd sp a ce c o m p lex ity w ith the size o f the da ta set.

1.2.2 D ensity b ased c luste ring meth o d

M o st o f the dista nce b a sed c lu stering m etho ds ca nno t fi nd c lu sters o f a rb itra ry sha p es a nd

size in a da ta set. H o w ever, density b a sed c lu stering m etho ds ca n fi nd a rb itra ry sha p ed

c lu sters. D ensity b a sed c lu stering m etho ds fo rm c lu sters b a sed o n the density distrib u tio n

o f the c lu sters. B a sic a ssu m p tio n o f this a p p ro a ch is tha t c lu sters a re high density regio nsTH-1069_BKPATRA
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in a given fea tu re sp a ce 1 sep a ra ted b y lo w density regio ns. T herefo re, density b a sed

a p p ro a ch defi nes a n a p p ro p ria te fu nctio n (m echa nism ) to identify high density o r lo w

density regio n in the fea tu re sp a ce. It u ses lo c a l info rm a tio n o f o b jects in the fea tu re

sp a ce u nlik e dista nce b a sed m etho ds. S evera l m etho ds have b een develo p ed over the

y ea rs. D B S C A N [ E ster et a l. (1996)] is a very w idely u sed density b a sed c lu stering

m etho d. D enC lu e [ H inneb u rg a nd K eim (1998 )], G R ID C L U S [ S chik u ta (1996)], O P T IC S

[ A nk erst et a l. (1999)], N B C [ Z ho u et a l. (2005)] a re few ex a m p les o f density b a sed

a p p ro a ch.

In the sa m e line o f dista nce b a sed c lu stering a p p ro a ch, these m etho ds a re a ga in c la s-

sifi ed a s fo llo w .

• Partitio nal meth o d : P a rtitio na l c lu stering m etho ds divide a given fea tu re sp a ce

into dense a nd no n-dense regio ns b a sed o n the density o f o b jects in the sp a ce.

D ense regio ns a re trea ted a s c lu sters. D B S C A N , D enC lu e, N B C a re density b a sed

p a rtitio na l c lu stering m etho ds.

D B S C A N c o nsiders a hy p er-sp here o f p re-sp ec ifi ed ra diu s a ro u nd ea ch o b ject a nd

co u nts the nu m b er o f o b jects in the hy p er-sp here. If the co u nt is m o re tha n a

p re-sp ec ifi ed nu m b er, then the o b ject is c o nsidered a s dense object. A dja cent dense

o b jects in the fea tu re sp a ce fo rm a c lu ster. T w o c lu sters a re sep a ra ted b y less dense

regio ns.

D enC lu e u ses a fu nctio n fo r m ea su ring density o f a n o b ject. A seq u ence o f o b jects

w ith lo c a l (m a x im a ) density m o re tha n a p re-sp ec ifi ed thresho ld is c o nsidered a s a

c lu ster.

N B C u ses K nea rest neighb o rs a nd reverse K nea rest neighb o rs info rm a tio n o f a n

o b ject to identify dense o b jects. It m erges a dja cent dense o b jects to fo rm a c lu ster.

• H ie rarch ical meth o d : P a rtitio na l c lu stering m etho ds ca nno t fi nd nested c lu sters

p resent in da ta w herea s hiera rchic a l m etho ds ca n fi nd them . O P T IC S , G R ID C L U S

1An object is characterized by a number of attributes called features. An object can be thought of a
point in N dimensional Euclidean space, where a dimension corresponds to a feature.TH-1069_BKPATRA
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a re c la ssic a l ex a m p les o f density b a sed hiera rchic a l c lu stering m etho d. O P T IC S is

the hiera rchic a l versio n o f D B S C A N m etho d.

1.3 M ajo r issue s, ap p ro ach e s to c luste ring larg e datase t,

and mo tivatio n o f th e th e sis

N a tu ra lly , c lu sters a re arbitrary shaped a nd diff erent sizes in a da ta . H o w ever, fi nding

c lu sters o f a rb itra ry sha p e a nd sizes rem a ins a cha llenging ta sk , esp ec ia lly in la rge da ta set.

N o w a da y s, m a ny a p p lic a tio ns lik e b io -info rm a tics, info rm a tio n retrieva l, im a ge a na ly sis,

so c ia l netw o rk a na ly sis ga ther la rge size da ta . V ery o ften these vo lu m ino u s da ta need to

b e c lu stered fo r b etter u ndersta nding o r fu rther a na ly sis the do m a ins. H o w ever, c la ssic a l

c lu stering a p p ro a ches fa il to ha ndle them effi c iently . T he w o rk s in this thesis a ddress

the p ro b lem s o f fi nding “ na tu ra l” c lu sters (a rb itra ry sha p ed a nd size) in la rge size da ta .

T hesis u ses b o th a p p ro a ches (dista nce b a sed a nd density b a sed) to fi nd c lu sters in la rge

da ta set.

In this sectio n, m a jo r issu es a nd a p p ro a ches to c lu stering la rge da ta set a re disc u ssed

a lo ng w ith m o tiva tio n o f the thesis.

1.3 .1 Issue s w ith distanc e b ased c luste ring ap p ro ach

D ista nce b a sed c lu stering a p p ro a ch u ses o nly inter-o b jects dista nces. It o p tim izes a glo b a l

o b jective fu nctio n ex p lic itly o r im p lic itly . D ista nce b a sed p a rtitio na l c lu stering m etho ds

lik e k-m ea ns, lea ders, C L A R A fi nd co nvex ed sha p ed c lu sters. T he k-m ea ns, C L A R A sc a n

the da ta set m a ny tim es b efo re they c o nverge. T herefo re, these m etho ds a re no t su ita b le

fo r c lu stering la rge da ta set. L ea ders c a n b e su ita b le fo r la rge da ta set a s it sc a ns the

da ta set o nly o nce. H o w ever, it c a nno t fi nd a rb itra ry sha p ed clu sters.

S ingle-link is a dista nce b a sed hiera rchic a l m etho d, w hich ca n fi nd a rb itra ry sha p ed

c lu sters. H o w ever, single-link c a nno t b e u sed fo r c lu stering la rge da ta set du e to the

fo llo w ing dra w b a ck s:

• S ingle-link ha s tim e a nd sp a ce c o m p lex ity o f O(n2), w here n is the size o f the da ta set.TH-1069_BKPATRA



1.3 M ajor issues and M otivation 1 1

• It sc a ns the da ta set m a ny tim es fo r c o m p u ting a ll p a ir-o b ject dista nces.

T hese tw o dra w b a ck s c a n b e a ddressed to so m e ex tent b y fi rst a p p ly ing a linea r c lu s-

tering (k-m ea ns) m etho d to a da ta set a nd su b seq u ently single-link is a p p lied to the o u tp u t

o f linea r c lu stering [ M u rty a nd K rishna (198 1), W o ng (198 2)]. H o w ever, these m etho ds

ca nno t b e su ita b le fo r la rge da ta set a s k-m ea ns sc a ns a da ta set m a ny tim e b efo re c o nver-

gence. T herefo re, a c lu stering m etho d is to b e develo p ed w hich sc a ns a da tset o nce a nd

fu rther sc a ns c a n b e a llo w ed to refi ne the c lu stering resu lts.

1.3 .2 Issue s w ith density b ased c luste ring ap p ro ach

D ensity b a sed c lu stering m etho ds ca n fi nd c lu sters o f a rb itra ry sha p es a nd sizes. It u ses

lo c a l info rm a tio n o f a n o b ject to fi nd density o f the o b ject in the fea tu re sp a ce. D B S C A N

[ E ster et a l. (1996)] is a very p o p u la r density b a sed m etho d. It ha s fo llo w ing dra w b a ck s:

• D B S C A N needs tw o im p o rta nt p a ra m eters, i.e., ra diu s o f hy p er-sp here a ro u nd a n

o b ject a nd m inim u m nu m b er o f o b jects in the hy p er-sp here fo r w hich o b ject is

c o nsidered a s dense o b ject. F inding the b o th p a ra m eters in rea l w o rld da ta set is a

diffi c u lt ta sk .

• It c a nno t fi nd c lu sters if va ria b ility o f density o f c lu sters is very high in a da ta set.

• T he m etho d ha s tim e c o m p lex ity o f O(n2N), w here n a nd N a re the size a nd

dim ensio n o f the da ta set, resp ectively .

1.3 .3 M ajo r ap p ro ach e s to c luste ring larg e datase t

M a ny c lu stering a p p ro a ches have b een p ro p o sed to ta ck le la rge size da ta in do m a ins lik e

gene c lu stering, c o ntent b a sed im a ge retrieva l, do c u m ent c lu stering, ea rth o b serva tio n

sc ience. T hese a p p ro a ches a re m a inly c la ssifi ed into the fo llo w ing listed gro u p s [ J a in

(2010)]. It m a y b e no ted tha t w e restrict o u r disc u ssio n to the c lu stering a p p ro a ches

w hich u se single p ro cesso r du ring co m p u ta tio ns.TH-1069_BKPATRA
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• Samp ling Based A p p ro ach : In this a p p ro a ch, a su b set o f o b jects (sa m p les) a re

selected ra ndo m ly , w hich is c o nsidered to b e the rep resenta tives o f the w ho le da ta set.

S u b seq u ently , a n ex p ensive c lu stering m etho d is a p p lied to the su b set. F ina lly ,

c lu sters o f ra ndo m sa m p les a re tra nsferred to c lu sters o f the da ta set. C L A R A N S ,

C U R E [ G u ha et a l. (2001)] a re ex a m p les o f this a p p ro a ch. T he clu stering resu lts

a re dep endent o n the sa m p le size. W ith less sa m p le size c lu stering resu lts deterio ra te

signifi c a ntly .

• H yb rid C luste ring : H iera rchic a l c lu stering m etho ds a re fo u nd to p ro du ce b etter

c lu stering resu lts tha n p a rtitio na l c lu stering m etho ds. H o w ever, hiera rchic a l m eth-

o ds su ff er fro m high co m p u ta tio na l a nd sto ra ge b u rden w herea s m o st o f the p a rti-

tio na l c lu stering m etho ds ru ns in linea r tim e w ith the size o f the da ta set. T herefo re,

hy b ridiz a tio n o f p a rtitio na l a nd hiera rchic a l c lu stering m etho ds a re u sed to w o rk

w ith la rge da ta set [ M u rty a nd K rishna (198 1), L in a nd C hen (2005), L iu et a l.

(2009)]. In this a p p ro a ch, initia lly a less ex p ensive (linea r) p a rtitio na l c lu stering

m etho d is a p p lied to the w ho le da ta set. S u b seq u ently , a c o m p u ta tio na lly ex p ensive

hiera rchic a l c lu stering m etho d is a p p lied to the o u tp u ts o f the p a rtitio na l m etho d.

T his lea ds to a la rge redu ctio n in ru n tim e o f the hiera rchic a l c lu stering m etho ds

w hile c o m p ro m ising a very little c lu stering q u a lity .

T hesis ha s a c o ntrib u tio n in this directio n. A hy b rid c lu stering m etho d is p ro p o sed

fo r m ining a rb itra ry sha p ed c lu sters in la rge da ta set.

• D ata Summarizatio n: T his a p p ro a ch crea tes a su m m a ry o f a la rge size da ta set

a nd this su m m a ry is intelligently u sed to sc a le u p ex p ensive c lu stering m etho ds.

G enera lly , size o f the su m m a ry set is signifi c a ntly less c o m p a red to the size o f the

o rigina l da ta set. C F -tree in B IR C H [ Z ha ng et a l. (1996)] c lu stering a p p ro a ch is

u sed a s the su m m a ry o f the w ho le da ta set. D a ta B u b b les [ B reu nig et a l. (2000,

2001)] is a no ther da ta su m m a riz a tio n techniq u e p ro p o sed to sp eed u p hiera rchic a l

c lu stering m etho d.TH-1069_BKPATRA
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N ew da ta su m m a riz a tio n schem es a re develo p ed in this thesis to sp eed u p hiera r-

chic a l single-link m etho d in la rge size da ta .

• Neare st Ne ig h b o r (NN) Search : D ensity c lu stering m etho ds lik e D B S C A N

needs to fi nd o u t neighb o rs o b jects (ra nge q u ery ) o f ea ch da ta o b ject in the da ta set.

T herefo re, D B S C A N u ses tree-b a sed index ing techniq u e. H o w ever, tree-b a sed in-

dex ing techniq u e do es no t p erfo rm w ell w ith the increa se o f dim ensio ns. L S H -

link u ses locality sensitive hashing to sea rch nea rest neighb o r, w hich sp eeds single-

link m etho d u p in la rge da ta set. N B C [ Z ho u et a l. (2005)] m etho d u ses V A fi le

[ W eb er et a l. (1998 )] a p p ro a ch to sp eed u p the K nea rest neighb o r sea rch. R ecently ,

M . K ry sz k iew ic z et a l. [ K ry sz k iew ic z a nd L a sek (2010a )] sho w ed tha t V A fi le do es

no t p erfo rm w ell in high dim ensio ns da ta . T hey intro du ced T I-K -N eighb o rho o d-

Index schem e fo r fi nding K nea rest neighb o rs very q u ick ly [ K ry sz k iew ic z a nd L a sek

(2010a )].

T hesis ha s o ne co ntrib u tio n in this directio n. A density b a sed c lu stering m etho d,

w hich u ses T I-K -N eighb o rho o d-Index is p ro p o sed in this thesis.

1.4 C o ntrib utio ns o f th e T h e sis

In the thesis, w e p ro p o se three dista nce b a sed a nd o ne density b a sed c lu stering m etho ds

fo r m ining a rb itra ry sha p ed c lu sters in la rge da ta set. C o ntrib u tio ns o f the thesis a re

su m m a rized a s fo llo w .

• A hy b rid c lu stering m etho d term ed a s l-S L m etho d is p ro p o sed. P ro p o sed hy b rid

m etho d ha s tw o sta ges. In the fi rst sta ge lea ders c lu stering m etho d is a p p lied to

a given da ta set to o b ta in m a ny c o nvex sha p ed sm a ll c lu sters. In the seco nd sta ge,

these c o nvex ed sha p ed c lu sters a re m erged u sing the single-link m etho d (m inim u m

dista nce sto p p ing criteria ). P ro p o sed m etho d sca ns the da ta set o nce o nly . P ro p o sed

l-S L is signifi c a ntly fa ster tha n tha t o f the single-link m etho d a nd c lu stering resu lts

p ro du ced b y l-S L m etho d is c o m p a ra b le w ith the fi na l c lu stering o f tha t o f the

single-link m etho d. M etho d is su ita b le in la rge da ta set. H o w ever, c lu stering resu ltsTH-1069_BKPATRA
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o f p ro p o sed l-S L is no t ex a ctly sa m e a s tha t o f the single-link m etho d. T o co m -

p ensa te the c lu stering resu lts, a n im p ro vem ent o f the l-S L m etho d is a lso p ro p o sed.

C lu stering resu lts p ro du ced b y this im p ro ved m etho d a re a na ly zed (theo retic a lly

a nd ex p erim enta lly ). Im p ro ved m etho d is a lso signifi c a ntly fa ster tha n the c la ssic a l

single-link m etho d.

• A new da ta su m m a riz a tio n schem e term ed data sphere is p ro p o sed to sp eed u p

hiera rchic a l single-link m etho d. L ea ders c lu stering is u tilized to o b ta in a su m m a ry

o f a given da ta set. A lea der w ith su m m a rized info rm a tio n o f its fo llo w ers is referred

to a s data sphere. A sim ila rity m ea su re b etw een a p a ir o f data spheres is intro du ced

to a p p ly a gglo m era tive single-link m etho d to the su m m a rized set. T his p ro du ces a

hiera rchy o f c lu stering, w hich is c o m p a ra b le w ith the hiera rchy p ro du ced b y c la ssic a l

single-link m etho d. P ro p o sed m etho d sca ns the da ta set tw ice o nly . T o fu rther sp eed

u p p ro p o sed su m m a riz a tio n schem e, a techniq u e is intro du ced to redu ce a la rge

nu m b er o f dista nce c o m p u ta tio ns in lea ders m etho d.

• A T o lera nce R o u gh S et M o del (T R S M ) b a sed su m m a riz a tio n schem e term ed rough

bubb le is p ro p o sed to a ddress dra w b a ck s o f the su m m a riz a tio n schem e p ro p o sed in

[ Z ho u a nd S a nder (2003)]. P ro p o sed su m m a riz a tio n schem e ha s tw o step s. In the

fi rst step , lea ders m etho d is m o difi ed (term ed T I-L E A D E R ) to q u ick ly fi nd rep -

resenta tive p a tterns o f a da ta set. In the seco nd sta ge, c la ssic a l lea ders m etho d is

u sed to c o llect su ffi c ient sta tistics o f the da ta set. P ro p o sed T R S M b a sed su m m a -

riz a tio n is c o m b ined w ith hiera rchic a l single-link fo r c lu stering la rge da ta set. C lu s-

tering resu lts a re c o m p a red w ith the c la ssic a l single-link m etho d a nd da ta b u b b le

[ Z ho u a nd S a nder (2003)] b a sed single-link m etho d.

• A density b a sed c lu stering m etho d, w hich ca n detect c lu sters o f a rb itra ry sha p es,

sizes a nd diff erent densities is p ro p o sed. A no vel p a ra m eter term ed Neares t Neig hbo r

Facto r(NNF ) is intro du ced to determ ine rela tive ‘im p o rta nce’ (p o sitio n) o f a n

o b ject in its neighb o rho o d regio n (K neighb o rho o d). P a ra m eter NNF a c c o u nts

c lo seness a nd K neighb o rho o d density o f a p a ttern in the fea tu re sp a ce. B a sed o nTH-1069_BKPATRA
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the rela tive p o sitio n o f a p o int, the p ro p o sed m etho d ex p a nds a c lu ster rec u rsively

o r dec la res the p o int a s a n o u tlier. E x p erim ents a re c o ndu cted to sho w the eff ec -

tiveness o f the p ro p o sed m etho d. It o u tp erfo rm s c la ssic a l density b a sed c lu stering

m etho d D B S C A N a nd recently p ro p o sed T I-K -N eighb o rho o d-Index su p p o rted N B C

m etho d.

1.5 O rg anizatio n o f th e T h e sis

T he disserta tio n is o rga nized a s fo llo w s.

C h ap te r 2: T his cha p ter p resents a su rvey o f c lu stering m etho ds a nd b a ck gro u nd o f the

p resent w o rk .

C o ntrib u tio ns o f the thesis a re disc u ssed in su b seq u ent cha p ters, C ha p ter 3 to C ha p ter 6.

C o nc lu sio ns a nd fu tu re resea rch directio ns a re disc u ssed in C ha p ter 7.

C h ap te r 3 : T his cha p ter disc u sses tw o hy b rid c lu stering m etho ds l-S L a nd al-S L m etho d

fo r m ining a rb itra ry sha p ed c lu sters.

C h ap te r 4: In this cha p ter a new da ta su m m a riz a tio n schem e data sphere is p ro p o sed

to sp eed u p c la ssic a l single-link m etho d.

C h ap te r 5 : T his cha p ter dea ls w ith to lera nce ro u gh set b a sed su m m a riz a tio n schem e

w hich ca n identify c lu ster sep a ra tio n p resent in a su m m a rized u nit.

C h ap te r 6: A density b a sed c lu stering m etho d, w hich ca n identify c lu sters o f a rb itra ry

sha p es, size w ith va ria b le densities is p ro p o sed in this cha p ter.

C h ap te r 7: T his cha p ter su m m a rizes o vera ll c o ntrib u tio ns a nd disc u sses a fu tu re resea rch

directio ns o f the thesis.

TH-1069_BKPATRA
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C h ap te r 2

Backg ro und and re lated w o rk

2.1 Intro ductio n

C lu ster a na ly sis is a n im p o rta nt a nd cha llenging ta sk in m a ny fi elds o f sc ience, engineering

a nd so c ia l sc ience. C lu ster a na ly sis o r c lu stering ca n b e defi ned a s fo llo w s. L et D =

{x1, x2, x3, . . . , xn} b e a set o f n p a tterns, c a lled da ta set, w here ea ch xi is a p o int in

N -dim ensio na l sp a ce. E a ch xi is a p hy sic a l o r a n a b stra ct o b ject. C lu stering a ctivity is

to fi nd gro u p s o f p a tterns, c a lled c lu sters in D, in su ch a w a y tha t similarities b etw een

p a tterns in a c lu ster a re high w hile sim ila rities b etw een p a tterns in diff erent c lu sters a re

lo w . S im ila rity b etw een a p a ir o f p a tterns is a fu nctio n o f a ttrib u tes o r fea tu res, w hich

describ e the p a tterns. F o r ex a m p le, a n em p lo y ee in a n o rga niz a tio n ca n b e a p a ttern. It is

describ ed b y a nu m b er o f fea tu res su ch a s em p lo y ee id, na m e, a ge, sex , dep a rtm ent, gra de,

p ho ne nu m b er, etc . F ea tu res o f a p a ttern ca n b e tw o ty p es-Q uantitative a nd Q ualitative.

Q u a ntita tive fea tu res c a n have rea l o r integers va lu es. In the p revio u s ex a m p le, a ge

is a q u a ntita tive fea tu re a nd a ll o thers a re q u a lita tive fea tu res. Q u a ntita tive fea tu res

c a n b e su b divided into three ty p es - (a ) c o ntinu o u s, (b ) discrete a nd (c) interva l ty p es.

Q u a lita tive fea tu res have a fi nite set o f va lu es. If va lu es in the fi nite set c a n b e o rdered

in a m ea ningfu l seq u ence, then it is c a lled ordinal, o therw ise it is c a lled nominal fea tu res.

G ra de is a n o rdina l fea tu re a s gra des o f em p lo y ees c a n b e o rdered, i.e., tea ching sta ff s in

the U niversity c a n b e o rdered a s A ssista nt P ro fesso r, A sso c ia te P ro fesso r a nd P ro fesso r.

17
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In the em p lo y ee ex a m p le, sex , dep a rtm ent, p ho ne nu m b er a re no m ina l fea tu res.

2.2 Similarity M easure s

C lu stering m etho ds fi nd c lu sters o f o b jects b a sed o n sim ila rities b etw een o b jects in a

da ta set. T herefo re, m etho ds req u ire a m ea su re o f similarity b etw een o b jects in the

da ta set. S im ila rity b etw een a p a ir o f p a tterns x a nd y in D is a m a p p ing, s im(x, y) :

D × D → [0, 1]. C lo ser the va lu e o f s im(.) is to 1, higher the sim ila rity a nd it is 1,

w hen x = y. B a sed o n do m a ins a nd fea tu res ty p es, va rio u s sim ila rity m ea su res have b een

evo lved over the y ea rs [ C ha (2007)]. C o m m o nly u sed sim ila rity m ea su res a re disc u ssed

nex t.

Simp le M atch ing C o e ffi c ient (SM C ): S M C is u sed to c a lc u la te sim ila rity b etw een

tw o b ina ry vecto rs. L et x a nd y b e tw o N -dim ensio na l b ina ry vecto rs, i.e. x, y ∈ {0, 1}N .

S M C b etw een x a nd y is :

SMC =

∑N
i=1 t | t =



















1 if xi = yi

0 o therw ise

N
, (2.1)

w here, xi a nd yi a re the ith fea tu re va lu es o f x a nd y, resp ectively . S M C w eights b o th

a ttrib u tes (0/1) eq u a lly .

J ac card C o e ffi c ient: J a c c a rd C o effi c ient gives im p o rta nt to p o sitive va lu e (1) o nly .

F o r ex a m p les, p o sitive o u tc o m e o f a disea se test is m o re im p o rta nt tha n nega tive (0)

o u tc o m e. T herefo re, it is c a lled a sy m m etric m ea su re. J a c c a rd C o effi c ient b etw een x a nd

y is c a lc u la ted u sing eq u a tio n ( 2.2).

J =
a11

N − a00

, (2.2)TH-1069_BKPATRA
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w here a11 =
∑N

i=1 t | t =



















1 if xi = yi = 1

0 o therw ise

, a00 =
∑N

i=1 t | t =



















1 if xi = yi = 0

0 o therw ise

L et x = (1, 0, 0, 1, 1) a nd y = (0, 1, 0, 1, 0) b e tw o b ina ry vecto rs, resp ectively . T hen, S M C

a nd J a c c a rd C o effi c ient a re a s fo llo w .

SMC =
2

5
; J a c c a rd C o effi c ient =

1

4

C o sine Similarity: In so m e a p p lic a tio ns lik e info rm a tio n retrieva l, tex t m ining, a

do c u m ent is rep resented a s a vecto r, w here va lu e o f a fea tu re is the freq u ency o f a p a rtic -

u la r w o rd a p p ea red in the do c u m ent. H a ving p rep ro cessed do cu m ents, im p o rta nt w o rds

fo rm the fea tu res set. G enera lly , a do c u m ent vecto r c o nta ins m a ny zero -va lu ed fea tu res

a nd a few no n zero -va lu ed. T herefo re, sy m m etric m ea su re is no t u sed to c o m p u te sim i-

la rity b etw een do c u m ents lik e J a c c a rd C o effi c ient. O n the o ther ha nd sim ila rity m ea su re

m u st ha ndle no n b ina ry fea tu res. C osine similarity is w idely u sed fo r this p u rp o se. L et

x a nd y b e tw o do c u m ent-vecto rs. S im ila rity b etw een x a nd y a re ex p ressed a s c o sine o f

the a ngle b etw een them (eq u a tio n ( 2.3)).

co s ine(x, y) =
x • y

||x|| ||y|| (2.3)

w here, • is the do t p ro du ct a nd ||.|| is L2-no rm o f x, y. C o nsider x = (3, 0, 2, 0, 0, 1) a nd

y = (2, 1, 3, 0, 1, 0) a re tw o do c u m ents. T he sim ila rity b etw een them is given b elo w

co s ine(x, y) =
6 + 0 + 6 + 0 + 0 + 0√

32 + 02 + 22 + 02 + 02 + 12
√

22 + 12 + 32 + 02 + 12 + 02
=

12√
13
√

13

T animo to C o e ffi c ient: A va ria nt o f c o sine sim ila rity c a lled Tanimoto C oeffi cient is u sed

in info rm a tio n retrieva l, tex t m ining, b io lo gic a l ta x o no m y . S im ila rity b etw een x a nd y

vecto rs c a n b e c o m p u ted u sing fo llo w ing eq u a tio n:

Tan(x, y) =
x • y

||x||2 + ||y||2 − x • y
(2.4)

T a nim o to C o effi c ient c a n a lso b e u sed to c o m p u te sim ila rity b etw een a p a ir o f sets. L etTH-1069_BKPATRA
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A a nd B b e tw o sets. T a nim o to C o effi c ient b etw een A a nd B is the ra tio o f nu m b er o f

elem ents sha red b y b o th sets a nd to ta l nu m b ers o f elem ents in sets A a nd B. F o rm a lly ,

Tan(A, B) =
| A ∩ B |
| A ∪ B | (2.5)

S im ila rity b etw een a p a ir o f p a tterns x a nd y w ith no m ina l a ttrib u tes dep ends o n

the nu m b er o f a ttrib u tes in w hich they m a tch a nd it is c a lc u la ted u sing eq u a tio n ( 2.6)

[ S ta nfi ll a nd W a ltz (198 6)].

S(x, y) =

∑N
i t =











1 if xi = yi

0 o therw ise

N
(2.6)

L et x = (CSE , Pro fes s o r) a nd y = (E CE , P ro fes s o r) b e tw o em p lo y ees w ith tw o

no m ina l fea tu res-dep a rtm ent a nd gra de. S im ila rity b etw een x a nd y is S(x, y) =
0 + 1

2
.

O ne m a jo r dra w b a ck o f this m ea su re (eq u a tio n ( 2.6)) is tha t it do es no t a c c o u nt the

nu m b er o f diff erent sta tes (va lu es) a n a ttrib u te c a n have in a da ta set. R ecently , da ta -

driven sim ila rity m ea su res have b een intro du ced fo r no m ina l a ttrib u tes. In this m ea su res,

freq u ency distrib u tio n o f diff erent a ttrib u tes sta tes a re ta k en into a c c o u nt in a given

da ta set to c o m p u te sim ila rity b etw een p a tterns. S o m e da ta -driven sim ila rity m ea su res

a re rep o rted in [ B o ria h et a l. (2008 )].

V a lu es o f a n o rdina l a ttrib u te need to b e m a p p ed to su b set o f na tu ra l nu m b ers in

o rder to m ea su re sim ila rity b etw een o b jects w ith o rdina l a ttrib u tes. L et f b e a n o rdina l

a ttrib u te, w hich ca n have M diff erent va lu es. T hese va lu es c a n b e o rdered a nd m a p p ed

them to {1, . . . , M}. C o nsider xf a nd yf a re tw o va lu es o f f o f tw o o b jects. T hen,

sim ila rity b etw een them is:

1−
|xM

f − yM
f |

N
, (2.7)

w here, xM
f , yM

f ∈ {1, . . . , M}, w hich a re m a p p ed va lu es o f xf a nd yf , resp ectively . E q u a -

tio n ( 2.7) c a n b e genera lized fo r o b jects w ith m o re tha n o ne o rdina l a ttrib u tes.TH-1069_BKPATRA
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M a ny c lu stering m etho ds u se dissimilarity m ea su res to fi nd c lu sters instea d o f sim i-

la rity m ea su re. D issim ila rity b etw een p a tterns in a c lu ster is less c o m p a red to the dissim -

ila rity b etw een p a tterns in diff erent c lu sters (a s o p p o sed to sim ila rity ). D ista nce b etw een

a p a ir o f p a tterns is o ften u sed a s the dissim ila rity m ea su re in m a ny c lu stering m etho ds.

E u c lidea n dista nce is w idely u sed b y m a chine lea rning, da ta m ining co m m u nities fo r c o n-

tinu o u s da ta . E u c lidea n dista nce b etw een a p a ir o f N dim ensio na l p o ints (p a tterns) c a n

b e ex p ressed a s fo llo w .

d(x, y) =

√

√

√

√

N
∑

i=1

(xi − yi)
2 (2.8 )

G enera liz a tio n o f E u c lidea n dista nce is k no w n a s M ink o w sk i (eq u a tio n (2.9)) dista nce.

Lp =

(

N
∑

i=1

|xi − yi|p
)1/ p

(2.9)

T his is referred to a s Lp no rm . If p = 1, w e c a ll it a s L1 no rm o r c ity b lo ck dista nce.

S im ila rly , E u c lidea n dista nce is c a lled L2 no rm .

E u c lidea n dista nce ha s so m e w ell k no w n p ro p erties, w hich a re given b elo w . L et d b e

the E u c lidea n dista nce b etw een a p a ir o f o b jects in D. T hen d sa tisfi es certa in p ro p erties.

F o r three p a tterns x, y, z ∈ D,

• No n-ne g ativity: d(x, y) ≥ 0

• R e fl e x ivity: d(x, y) = 0, if x = y

• Symmetry: d(x, y) = d(y, x)

• T riang le ine q uality: d(x, y) + d(y, z) ≥ d(x, z)

A dista nce fu nctio n tha t sa tisfy a b o ve a ll p ro p erties is c a lled metric dista nce. H o w -

ever, E u c lidea n dista nce c a nno t b e u sed w hen fea tu res have diff erent sc a les a nd they

a re c o rrela ted a m o ng them selves. In this scena rio , M ahalanobis distance [ M a ha la no b is

(1936)] is very u sefu l. It c o nsiders distrib u tio n o f entire da ta set. M a ha la no b is dista nce

b etw een x a nd yTH-1069_BKPATRA
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dM(x, y) = (x− y)
∑−1(x− y)T ,

w here,
∑

is the co va ria nce m a trix o f the da ta set. M a ha la no b is dista nce ha s tim e c o m -

p lex ity o f O(nN2), w here n is the size o f the da ta set a nd N is the dim ensio n o f the

da ta set. T herefo re, this m etho d is no t su ita b le in la rge da ta set. E u c lidea n dista nce

ta k es O(N) tim es to c o m p u te dista nce b etw een a p a ir o f p a tterns. E u c lidea n dista nce

is indep endent o f u nderly ing da ta set. C lu stering m etho ds p ro p o sed in this thesis u se

E u c lidea n dista nce a s the dissim ila rity m ea su re. T hesis ex p lo its “ S y m m etry ” a nd “ T ri-

a ngle ineq u a lity ” p ro p erties o f m etric sp a ce to a vo id certa in dista nce c o m p u ta tio ns w hile

c lu stering la rge da ta set.

C lu stering m etho ds m a y u se no n-m etric dista nce fu nctio n. It m a y b e no ted tha t a ny

sim ila rity m ea su re c a n b e c o nverted to c o rresp o nding dissim ila rity m ea su re u sing eq u a tio n

( 2.10). L et S b e the sim ila rity b etw een a p a ir o f p a tterns (o b ta ined u sing a ny sim ila rity

m ea su res). T hen, dissim ila rity dis c a n b e

dis = 1− S (2.10)

A c lu stering m etho d either u ses sim ila rity o r dissim ila rity o r b o th dep ending o n the

a p p lic a tio n do m a in. N ex t sectio n disc u sses diff erent c lu stering m etho ds, w hich a re devel-

o p ed fo r va rio u s a p p lic a tio n do m a ins.

2.3 T yp e s o f C luste ring M e th o ds

T he essence o f m a ny fi elds su ch a s sta tistics, p a ttern reco gnitio n, info rm a tio n retrieva l,

m a chine lea rning, da ta m ining, p sy cho lo gy a nd o ther so c ia l sc iences is to fi nd m ea ningfu l

gro u p s o f o b jects. C lu ster a na ly sis ha s b een p la y ed a n im p o rta nt ro le in these fi elds since

m id 50s o f the la st centu ry [ J a in a nd D u b es (198 8 )]. T herefo re, m a ny c lu stering m eth-

o ds have b een em erged fo r a u to m a tic a lly fi nding m ea ningfu l gro u p s o r c lu sters. O ne ca n

ca tego rize these c lu stering m etho ds fro m diff erent p ersp ectives, w hich a re disc u ssed nex t

[ J a in et a l. (1999) J a nu z a j et a l. (2003), H a n a nd K a m b er (2005), T a n et a l. (2009)].

H o w ever, it is very diffi c u lt to give crisp c a tego riz a tio n o f c lu stering m etho ds b ec a u seTH-1069_BKPATRA
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m etho ds in o ne ca tego ry m a y sha re so m e cha ra cteristic fro m o ther c a tego ries.

Partitio nal and H ie rarch ical : C lu stering m etho ds ca n b e divided o n the b a sis o f

c lu stering resu lts v iz., partitional clustering a nd hierarchical clustering m etho ds. P a rti-

tio na l c lu stering m etho ds p ro du ce a single c lu stering (fl a t c lu stering) w hile hiera rchic a l

c lu stering m etho ds p ro du ce nested c lu sterings o f a da ta set. M o st o f the p a rtitio na l c lu s-

tering m etho ds need the desired nu m b er o f c lu sters a s the p rio r k no w ledge. H iera rchic a l

o r ta x o no m ic stru ctu res o f da ta a re disc o vered thro u gh hiera rchic a l c lu stering m etho ds.

D istanc e Based and D ensity Based: C lu stering m etho ds u se o p tim iz a tio n techniq u e

to p ro du ce c lu stering resu lts. S o m e c lu stering m etho ds u ses glo b a l c riteria , w hich is the

fu nctio n o f dista nce b etw een p a tterns in a da ta set. T hese m etho ds a re c a lled dista nce

b a sed m etho d. O n the o ther ha nd, density b a sed c lu stering m etho d o p tim ize lo c a l c ri-

teria , w hich is b a sed o n density distrib u tio n o f the da ta set. In this a p p ro a ch, a densed

regio n is c o nsidered a s a c lu ster in the fea tu re sp a ce. B o th dista nce a nd density b a sed

m etho ds ca n p ro du ce fl a t a s w ell a s nested c lu sterings o f da ta .

H ard and So ft : C lu stering m etho ds, w hich a ssign a p a ttern to a c lu ster is c a lled ha rd

c lu stering. H ere, c lu ster b o u nda ry is crisp (ha rd o r rigid) a nd c lu sters a re w ell sep a ra ted.

H o w ever, a p a ttern m a y b e req u ired to p la ce in m o re tha n o ne c lu sters sim u lta neo u sly in

m a ny a p p lic a tio ns. H ere, c lu sters a re o verlea p ed, i.e. so m e p a tterns b elo ng to m o re tha n

o ne c lu sters. A diff erent ty p e o f c lu stering m etho d is p ro p o sed to ha ndle these a p p lic a -

tio ns. T his is c a lled so ft c lu stering a p p ro a ch.

C o mp le te and Partial: C o m p lete c lu stering m etho ds a ssign ea ch a nd every p a t-

tern to a c lu ster. P a rtia l c lu stering co u ld no t a ssign so m e o f the p a tterns to a ny c lu sters

b ec a u se these p a tterns do no t b elo ng to a ny m ea ningfu l gro u p s in the da ta .

In the nex t su b sectio ns, w e review w idely u sed c lu stering m etho ds w ith em p ha siz ing

o n the m etho ds w hich ca n detect a rb itra ry sha p ed c lu sters.

2.3 .1 k-means c luste ring

T he k-m ea ns [ S teinha u s (1956), M a c Q u een (1967), L lo y d (198 2)] is a dista nce b a sed

p a rtitio na l c lu stering m etho d. T he k-m ea ns is very p o p u la r c lu stering m etho d a nd it isTH-1069_BKPATRA
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u sed in m a ny a p p lic a tio n do m a ins. It is a n itera tive m etho d. T he k-m ea ns a ssu m es tha t

the desired nu m b er o f c lu sters, k is a u ser sp ec ifi ed p a ra m eter. Initia lly , m etho d selects k

p a tterns ra ndo m ly fro m da ta set a nd trea ts them initia l centro ids o f k c lu sters. C entro id

o f a c lu ster is the center p o int o f a c lu ster. It needs no t b e a p a ttern in the given da ta set.

E a ch p a ttern o f the da ta set is then a ssigned to the c lo sest centro ids. P a tterns a ssigned to

a centro id fo rm a new c lu ster a nd centro id o f ea ch o f the k c lu sters a re rec a lc u la ted. T he

step o f a ssignm ents to a nd ca lc u la tio n o f centro id is rep ea ted u ntil a ll centro ids rem a in

u ncha nged in co nsecu tive itera tio ns. T he k-m ea ns o p tim izes Sum o f Sq uared E rro r

(SSE ) defi ned a s fo llo w s. L et C1, . . . , Ck b e k c lu sters o f the da ta set. T hen,

SSE =

k
∑

j=1

|Cj |
∑

i=1

||xi − xj ||2, w here xi ∈ Cj, xj =
1

|Cj|

|Cj |
∑

i=1

xi. (2.11)

T he k-m ea ns ha s tim e c o m p lex ity o f O(I ∗k ∗n), w here I is the nu m b er o f itera tio n, n

is the size o f the da ta set. S ince, I is a sm a ll nu m b er w ith co m p a red to the n a nd k << n,

the m etho d ru ns linea rly in the size o f the da ta set. T he sp a ce req u irem ent o f the m etho d

is O(n).

H o w ever, it ha s m a ny dra w b a ck s:

i) It c a nno t detect no ise p o int o r o u tliers.

ii) It c a n fi nd o nly c o nvex ed sha p ed c lu sters.

iii) It is a p p lic a b le to o nly nu m eric da ta set (vecto r sp a ce),

iv) W ith diff erent initia l p o ints, it p ro du ces diff erent c lu stering resu lts.

T here a re m a ny im p ro vem ents o f this b a sic k-m ea ns m etho d [ B A L L a nd H A L L

(1967), A stra ha n. (1970), A rthu r a nd V a ssilvitsk ii (2007) ]. k-m edo ids is a va ria tio n o f

k-m ea ns m etho d. H ere, a m edo id rep resents a c lu ster. A m edo id is a c lu ster p o int, w hich

lo c a tes c lo se to center o f the c lu ster. It c a n b e a p p lied to no n-nu m eric da ta set. H o w ever,

it is c o m p u ta tio na lly m o re ex p ensive tha n the k-m ea ns m etho d. O ther va ria tio n o f k-

m ea ns m etho d a re C L A R A [ K a u fm a n a nd R o u sseeu w (1990)], C L A R A N S [ N g a nd H a n

(2002)].TH-1069_BKPATRA
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F igu re 2.1: L ea ders m etho d genera tes sp heric a l a nd sem i-sp heric a l c lu sters

2.3 .2 L eaders c luste ring

T here ex ists a c a tego ry o f c lu stering m etho d ca lled seq u entia l a lgo rithm . T hese m etho ds

a re fa st a nd crea te a single c lu stering o f the da ta set [ T heo do ridis a nd K o u tro u m b a s

(2006)]. L ea ders c lu stering m etho d [ H a rtiga n (1975), S p a th (198 0), J a in et a l. (1999),

M itra a nd A cha ry a (2003) ] is o ne o f this ty p e. It is a dista nce b a sed c lu stering m etho d. It

sc a ns the da ta set o nly o nce. L ea ders c lu stering m etho d ha s a lso b een u sed in p rec lu stering

p ha se in da ta m ining a p p lic a tio ns [ A sha ra f a nd M u rty (2004)].

F o r a given thresho ld dista nce τ , it p ro du ces a single c lu stering o f a da ta set D. E a ch

c lu ster is rep resented b y a p a ttern ca lled leader. It p ro du ces a set o f lea ders L a s fo llo w s.

F irst p a ttern x1 in the da ta set is c o nsidered a s the fi rst lea der in L. F o r rest o f the p a ttern

x ∈ D \ {x1}, if there is a lea der l ∈ L su ch tha t ||x− l|| <= τ , then x is a ssigned to the

lea der l. In this c a se, x is c o nsidered a s a follow er o f the lea der l. If no su ch lea der is

fo u nd in the lea der set, then x is a dded a s a new lea der to L. T he lea ders m etho d is given

in A lgo rithm 2.1. M a in a dva nta ges o f this m etho d is tha t (i) it sc a ns a da ta set o nce, (ii)

it c a n b e a p p lic a b le to a ny da ta set w here no tio n o f dista nce is defi ned a nd (iii) it is a n

increm enta l a lgo rithm . H o w ever, it ha s the fo llo w ing dra w b a ck s.

• It c a n fi nd o nly c o nvex sha p ed c lu sters in da ta (F igu re 2.1).

• L ea ders m etho d p ro du ces diff erent c lu stering resu lts fo r tw o diff erent sc a nning o r-

ders o f the sa m e da ta set,i.e., c lu stering resu lts a re o rdered dep endent.

• S im ila rity (dista nce) b etw een p a tterns (fo llo w ers) o f diff erent c lu sters (lea ders) m a y

b e m o re (less) tha n co rresp o nding lea ders. L et x a nd y b e tw o fo llo w ers o f tw oTH-1069_BKPATRA
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ly
lx

y
x

> τ

F igu re 2.2: D ista nce b etw een fo llo w ers (x, y) o f lea ders lx a nd ly is less tha n τ

distinct lea ders lx a nd ly, resp ectively . D ista nce b etw een tw o lea ders lx a nd ly is

a lw a y s m o re tha n τ, ho w ever dista nce b etw een x a nd ly o r y a nd lx o r x a nd y m a y

b e less tha n τ. (F igu re 2.2).

C o mp le x ity:

1. T he tim e c o m p lex ity o f lea ders c lu stering is O(mn), w here m = | L |.

2. T he sp a ce c o m p lex ity is O(m), if o nly lea ders a re sto red; o therw ise O(n).

A lg o rith m 2.1 L ea ders (D, τ )

{D is a da ta set a nd τ is the thresho ld dista nce o f lea ders c lu stering m etho d}

L = {x1}; {x1 is the fi rst p a ttern in D}
fo r ea ch x ∈ D \ {x1} do

fo r ea ch l ∈ L do
if ||x− l|| ≤ τ th en

x is a dded a s a fo llo w er o f l; b rea k
end if

end fo r
if x is no t fo llo w er o f a ny lea der th en
L = L ∪ {x};

end if
end fo r
O u tp u t L.

B a sic S eq u entia l A lgo rithm ic S chem e (B S A S ), m o difi ed B S A S , M a x -m in a lgo rithm ,

T w o -T hresho ld S eq u entia l A lgo rithm ic S chem e (T T S A S ) [ J u a n a nd V ida l (2000)],TH-1069_BKPATRA
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[ T heo do ridis a nd K o u tro u m b a s (2006)] a re va ria nts o f the lea ders c lu stering m etho d.

B S A S needs tw o u ser sp ec ifi ed p a ra m eters: dista nce thresho ld (τ) a nd nu m b er o f

c lu sters (k). F o r ea ch p a ttern x, m etho d fi nds c lo sest ex isting c lu ster Cmin. If dista nce

b etw een x a nd Cmin is m o re tha n τ a nd nu m b er o f ex isting c lu ster is less tha n k, then

x fo rm a new c lu ster; o therw ise, x is m erged w ith Cmin c lu ster. T his schem e sc a ns the

da ta set o nly o nce. O ne m a jo r dra w b a ck o f B S A S schem e is tha t a p a ttern m a y no t b e

a ssigned to o vera ll c lo sest c lu ster a s schem e ta k es dec isio n p rio r to the fo rm a tio n o f fi na l

c lu sters.

M o difi ed B S A S (M B S A S ) is p ro p o sed to o verc o m e the dra w b a ck sta ted a b o ve. M B -

S A S sc a ns the da ta set tw ice. In the fi rst sc a n, c o m p lete set o f c lu ster rep resenta tives L,

w hich is initia lized w ith fi rst p a ttern o f the da ta set a re o b ta ined a s fo llo w s. F o r a p o int

x, if dista nce fro m c lo sest c lu ster-rep resenta tive is m o re tha n τ , then x b ec o m es a new

c lu ster rep resenta tive a nd a dded to L. In the seco nd sca n, p a tterns a re a ssigned to the

c lo sest c lu ster.

M a x -m in a lgo rithm [ J u a n a nd V ida l (2000)] im p ro ves c lu ster selectio n p ro cess o f

M B S A S in the fi rst p ha se. It w o rk s a s fo llo w s. L et W b e the set o f selected p o ints

fo r c lu sters till the cu rrent itera tio n. F o r ea ch x ∈ D \ W , the schem e fi nds c lo sest

p o int lx ∈ W w ith dista nce dx. T hen it selects a p o int x′ ∈ D \W w ith dx′ su ch tha t

dx′ = m a x {||x− lx|| | x ∈ D \W, lx is c lo sest p o int in W fro m x}. If dx′ is grea ter tha n τ,

x′ b ec o m es new c lu ster a nd a dded to W. O therw ise, W is c o nsidered a s fi na l set o f c lu ster

p o ints. F ina lly , ea ch p a ttern in D is a ssigned to c lo sest c lu ster in the seco nd sta ge.

L ea ders, B S A S , M B S A S , M a x -m in schem es a re sensitive to the sc a nning o rder o f

the da ta set. A T w o -T hresho ld S eq u entia l A lgo rithm ic S chem e, w hich is less sensitive

to the sc a nning o rder is p ro p o sed b y intro du c ing o ne m o re dista nce thresho ld (T T S A S )

[ T ra ha nia s a nd S k o rda la k is (198 9)]. T he schem e sc a ns a da ta set m a ny tim es. L et τ1 a nd

τ2 (> τ1) b e the tw o dista nce-thresho ld o f T T S A S . In the fi rst p a ss, ea ch p a ttern x is

check ed w hether dista nce b etw een x a nd c lo sest c lu ster Cx is less tha n τ1 o r no t. If c lo sest

c lu ster-dista nce is less tha n τ1, x is a ssigned to Cx. O therw ise, if c lo sest c lu ster-dista nce

is m o re tha n τ2, x b ec o m es a new c lu ster o f D. If c lo sest c lu ster-dista nce is m o re tha nTH-1069_BKPATRA
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τ1 a nd less tha n τ2, m em b ership dec isio n fo r x is deferred to la ter p a ss. In su b seq u ent

p a sses, fi rst ea ch u na ssigned p a ttern is check ed fo r p o ssib le m erging w ith c lo sest c lu ster

(if c lo sest c lu ster-dista nce is less tha n τ1) o r fo rm s a new c lu ster lik e fi rst p a ss. If in a ny

p a ss neither a single p a ttern is a ssigned no r a new c lu ster is fo rm ed, then a n u na ssigned

p a ttern crea tes a new c lu ster in the sta ring o f nex t p a ss. If there is no u na ssigned p a ttern,

the schem e term ina tes. T he T T S A S m a y sc a n a da ta set m o re tha n o nce b efo re p ro du c ing

fi na l o u tp u t.

L ea ders a nd its diff erent va ria nts a re su ita b le fo r fi nding co nvex ed sha p ed c lu sters

in a da ta set. H o w ever, these c a nno t identify nested c lu sters in a da ta set. H iera rchic a l

c lu stering m etho ds ca n fi nd nested c lu sters in a da ta set. P o p u la r hiera rchic a l c lu stering

m etho ds a re disc u ssed nex t.

2.3 .3 H ie rarch ical c luste ring meth o d

H iera rchic a l c lu stering m etho ds crea te a seq u ence o f c lu sterings π1, π2, π3, . . . πi . . . πp o f

D. M a in a dva nta ge o f the hiera rchic a l c lu stering m etho d is tha t it c a n p ro du ce inherent

nested stru ctu res (hiera rchic a l) o f c lu sters in a da ta . T hese hiera rchic a l stru ctu res c a n b e

rep resented b y a sp ec ia l tree c a lled dendogram (F igu re 2.3). T he ro o t o f the dendo gra m

c o nta ins a ll da ta p o ints a nd lea f no des rep resent individu a l da ta p o ints. Interna l no des

rep resents gro u p s o f a dja cent da ta p o ints. E a ch level o f the dendo gra m p resents a c lu s-

tering o f the da ta set. A su ita b le c lu stering is cho sen b y selecting (c u tting) a n a p p ro p ria te

level o f the dendo gra m . A seq u ence o f c lu sterings o f D c a n b e o b ta ined b y tw o w a y s a s

fo llo w s.

1. D ivisive (T o p -do w n) ap p ro ach : D ivisive a p p ro a ch sta rts w ith a single c lu ster

c o nsisting o f a ll p a tterns in it a nd su b seq u ent c lu sterings a re o b ta ined b y sp litting

c lu sters fro m p revio u s c lu sterings. T he idea o f sp litting is to disa sso c ia te a su b set

o f p a tterns fro m o thers, w hich a re no t sim ila r to the su b set in a c lu ster. In o ther

w o rd, πi+1 is a refi nem ent [ T rem b la y a nd M a no ha r (1997)] o f πi (F igu re 2.3).

2. A g g lo merative (Bo tto m-up ) ap p ro ach : A gglo m era tive a p p ro a ch sta rts w ith

n singleto n c lu sters a nd ea ch c lu stering πi in the seq u ence is fo rm ed b y m ergingTH-1069_BKPATRA
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π1 = {{p1}, {p2}, {p3}, {p4}, {p5}}

π2 = {{p1}, {p2, p3}, {p4}, {p5}}
π3 = {{p1}, {p2, p3, p4}, {p5}}
π4 = {{p1, p5}, {p2, p3, p4}}

π5 = {{p1, p5, p2, p3, p4}}

p1
p2 p4

p5p3

F igu re 2.3: D endo gra m p ro du ced b y a hiera rchic a l c lu stering m etho d

c lu sters o f p revio u s c lu stering πi−1, w here i = 2..n − 1. In o ther w o rd, πi is a

refi nem ent o f πi−1 (F igu re 2.3).

A divisive c lu stering m etho d [ G o w da a nd R a vi (1995) ] is p ro p o sed fo r sy m b o lic

da ta set u sing M inimum S panning Tree (M S T ). T he m etho d u ses b o th sim ila rity a s w ell

a s dissim ila rity fo r sp liting a c lu ster into tw o su b c lu sters. Initia lly , a ll da ta p o ints

a re in a c lu ster. A M S T is genera ted fo r this c lu ster. It fi nds w ea k est edge (highest

w eighted edge) o f M S T a nd rem o ves it to o b ta in tw o gro u p s. B o th sim ila rity a nd dis-

sim ila rity a re c a lc u la ted b etw een the tw o gro u p s. If dissim ila rity is m o re tha n sim ila rity ,

then m etho d p ro ceeds to nex t itera tio n. T his p ro cess is c o ntinu ed u ntil no gro u p ha s

m o re dissim ila rity tha n sim ila rity . M O N A , D IA N A a re o ther tw o divisive a p p ro a ches [

K a u fm a n a nd R o u sseeu w (1990)].

A gglo m era tive a p p ro a ch is m o re p o p u la r tha n divisive a p p ro a ch. T he S ingle-link

[ S nea th a nd S o k a l (1973)], c o m p lete-link [ K ing (1967)] a nd avera ge-link [ M u rta gh

(198 4)] a re ex a m p les o f a gglo m era tive hiera rchic a l c lu stering m etho ds. T hese three m eth-

o ds diff er m a inly in dista nce m ea su res b etw een a p a ir o f c lu sters. H ere, single-link m etho d

is disc u ssed in deta iled.

Sing le -link C luste ring

S ingle-link [ S nea th a nd S o k a l (1973), O lso n (1995), B erk hin (2006)] is a dista nce b a sed

c lu stering m etho d w hich ca n fi nd c lu sters o f a rb itra ry (no n-c o nvex ed) sha p es a nd sizes inTH-1069_BKPATRA
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(a) S ingle-link (b) C omplete-link (c) Av erage-link

F igu re 2.4: D ista nce b etw een a p a ir o f c lu sters in three hiera rcha l c lu stering m etho ds.

da ta . D ista nce b etw een a p a ir o f c lu sters C1 a nd C2 is the m inim u m o f dista nces b etw een

a ll p a irs in C1 × C2 (F igu re 2.4(a )). T ha t is,

Dis tance(C1, C2) = m in{||xi − xj|| | xi ∈ C1, xj ∈ C2}

S ingle-link m etho d initia lly p la ces ea ch p a ttern in a sep a ra te c lu ster. T he m etho d ca lc u -

la tes inter-c lu ster dista nces (c a lled distance matrix) fo r the da ta set sc a nning it m u ltip le

tim es. Itera tively , it m erges a p a ir o f c lo sest c lu sters a nd u p da tes the dista nce m a trix

a c c o rdingly . Itera tio n co ntinu es u ntil a ll p a tterns b elo ng to o ne c lu ster o r a p re-sp ec ifi ed

co nditio n is sa tisfi ed. S ingle-link o u tp u ts a dendo gra m . W ho le p ro cedu re is given in

A lgo rithm 2.2.

D isa dva nta ges o f single-link m etho d a re: (a) it sc a ns a da ta set m u ltip le tim es, (b)

T im e a nd sp a ce req u irem ents a re O(n2). T hese a re the serio u s dra w b a ck w hile w o rk ing

w ith the la rge da ta set. (c) single-link su ff ers fro m cha ining-eff ect– tw o c lu sters c a n b e

m erged into o ne thro u gh no isy p o ints.

C o mp le te -link [ K ing (1967)] o verc o m es the cha ining p ro b lem c o nsidering the dis-

ta nce b etw een tw o fa rthest p a tterns a s the dista nce b etw een a p a ir o f c lu sters (F igu re

2.4(b )). H o w ever, it is sensitive to no isy p a tterns. It p ro du ces glo b u la r sha p ed c lu sters.

A ve rag e -link [ M u rta gh (198 4)] is less sensitive to no isy p a tterns. It is a b le to fi nd

c lu sters in the p resence o f no isy p a tterns. D ista nce b etw een a p a ir o f c lu sters C1 a nd C2

is the a vera ge dista nce b etw een p a irs o f p a tterns, ea ch o f w hich is ta k en fro m sep a ra te

c lu ster (F igu re 2.4(c)). It a lso p ro du ces glo b u la r sha p ed clu sters.

L a nce a nd W illia m s [ L a nce a nd W illia m s (1967)] genera lizes the dista nce m ea su res

(u p da tio n) b etw een a c lu ster Co a nd a new c lu ster C = Cx∪Cy (m erging c lu sters Cx, Cy)

fo r a nu m b er o f hiera rchic a l m etho ds inc lu ding single-link , c o m p lete-link , a vera ge-linkTH-1069_BKPATRA
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T a b le 2.1: L a nce-W illia m s p a ra m eters fo r diff erent hiera rcha l m etho ds

M etho d αi αj β γ
S ingle-link 1/ 2 1/ 2 0 -1/ 2

C o m p lete-link 1/ 2 1/ 2 0 1/ 2

A vera ge-link
mCx

mCx+mCy

mCy

mCx+mCy
0 0

C entro id
mCx

mCx+mCy

mCy

mCx+mCy

−mCx .mCy

mCx+mCy
0

A lg o rith m 2.2 single-link (D)

P la ce ea ch p a ttern x ∈ D in a sep a ra te c lu ster. T his is the initia l c lu stering π1 =
{C1, C2, .. . . . , Cn} o f D.
C o m p u te the inter-c lu ster dista nce m a trix a nd set i = 1.
w h ile {N u m b er o f c lu sters in πi is m o re tha n o ne o r a p er-sp ec ifi ed co nstra int is
sa tisfi ed} do

S elect tw o c lo sest c lu sters Cx a nd Cy a nd m erge into a single new c lu ster C = Cx∪Cy.
N ex t c lu stering πi+1 = πi ∪ {C} \ {Cx, Cy}.
i = i + 1
U p da te the dista nces fro m C to a ll o ther c lu sters u sing eq u a tio n ( 2.12)

end w h ile
O u tp u t the set o f a ll c lu sterings πD = {π1, π2, . . . , πn}.

u sing eq u a tio n ( 2.12).

d(Co, (Cx, Cy)) = αi×d(Co, Cx)+αj×d(Co, Cy)+β×d(Ci, Cj)+γ×|d(Co, Ci)−d(Co, Cj)|
(2.12)

w here, d(., .) is a dista nce fu nctio n a nd va lu es o f αi, αj, β a nd γ(∈ R) dep end o n the

m etho d u sed. F o r ex a m p le, w hen αi = αj = 1/2, β = 0 a nd γ = −1/2, eq u a tio n ( 2.12)

redu ces to eq u a tio n ( 2.13), w hich is u sed in single-link m etho d. V a lu es o f the p a ra m eters

fo r a ll o ther hiera rchic a l m etho ds a re sho w n in T a b le 2.1, w here mCx
a nd mCy

a re the

nu m b er o f p a tterns o f c lu sters Cx a nd Cy, resp ectively . T hese a ll three m etho ds have tim e

a nd sto ra ge req u irem ents o f O(n2).

d(Co, (Cx, Cy)) = m in{d(Co, Cx), d(Co, Cy)} (2.13)TH-1069_BKPATRA
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S ingle-link a nd co m p lete-link c lu stering m etho ds need to co m p u te a ll p a ir p a ttern

dista nces (dista nce m a trix ). M etho ds p erfo rm s n × (n − 1)/2 dista nce c o m p u ta tio ns,

if dista nce fu nctio n is a m etric . T o redu ce the nu m b er o f dista nce c o m p u ta tio ns, N a nni

[ N a nni (2005)] ex p lo its tria ngle ineq u a lity p ro p erty o f m etric sp a ce to sp eed-u p single-link

a nd co m p lete-link c lu stering m etho ds. In this a p p ro a ch, tria ngle ineq u a lity is u tilized to

a p p ro x im a te dista nce b etw een a p a ir o f p o ints a s fo llo w s. L et x, y, z b e three da ta p o ints

in D a nd d b e a dista nce m etric . D ista nces b etw een x, y a nd y, z a re d(x, y) a nd d(y, z),

resp ectively . O ne ca n estim a te dista nce b etw een x a nd z deno ted a s dE S T (x, z) w itho u t

c o m p u ting ex a ct dista nce b etw een them u sing eq u a tio n ( 2.14)

|d(x, y)− d(y, z)| ≤ dE S T (x, z) ≤ d(x, y) + d(y, z) (2.14)

Initia lly , a nu m b er o f p ivo ts p a re selected fro m D a nd dista nces fro m ea ch p ivo t to a ll

o ther p a tterns in D a re c o m p u ted. C o m p u ta tio n o f a ll p a ir p a ttern dista nces is rep la ced

b y c o m p u ting p ∗ |D| ex a ct dista nces a nd a p p ro x im a tio n o f a ll o ther dista nces. T he

schem e ex p lo its a p p ro x im a tio n dista nces to fi nd tw o c lo sest c lu sters in ea ch itera tio n.

D ista nce b etw een tw o c lu sters a re c a lc u la ted b y rec u rsively a na ly z ing their su b -c lu sters

a nd a p p ly ing eq u a tio n (2.14) to them . In the a na ly sis o f su b -c lu sters, schem e a lw a y s

cho o ses su b -c lu sters w ith sm a ller lo w er b o u nd dista nce to p ru ne u nnecessa ry dista nce

c o m p u ta tio ns. T he schem e rep o rted ga in in the redu ctio n o f dista nce c o m p u ta tio ns fo r a

va ria nt o f single-link a nd co m p lete-link m etho ds (k-cluster stopping condition).

K o ga et a l. [ K o ga et a l. (2007)] p ro p o sed a fa st ra ndo m ized a p p ro x im a tio n a lgo rithm

c a lled L S H -link . L S H -link u tilizes a p ro b a b ilistic a p p ro x im a tio n a lgo rithm c a lled L ocality-

S ensitive H ashing (L S H ) [ Indy k a nd M o tw a ni (1998 )], w hich is u sed fo r fi nding nea rest

neighb o rs o f a q u ery p o int. T he L S H -link ha s m u ltip le p ha ses. In ea ch p ha se, a lgo rithm

q u ick ly fi nds neighb o r c lu sters o f ea ch c lu ster u sing L S H a nd m erges them . A c lu ster C1 is

c o nsidered to b e neighb o r o f a no ther c lu ster C if dista nce b etw een them is less tha n r. T he

dista nce p a ra m eter r is p re-sp ec ifi ed a nd cha nges in ea ch p ha se. E a ch p ha se c o rresp o nds

to a c lu stering o r a la y er in the dendo gra m . T he a lgo rithm term ina tes if a p ha se ha s o nly

o ne c lu ster. T he c lu stering resu lts p ro du ced b y L S H -link is sa m e (c lo se) a s the resu ltsTH-1069_BKPATRA
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p ro du ced b y c la ssic a l single-link m etho d. It is sho w n tha t L S H -link ru ns in linea r tim e

u nder certa in a ssu m p tio ns. It c a n fi nd c lu sters o f a rb itra ry sha p es a nd sizes. H o w ever,

c lu stering resu lts a re highly infl u enced b y p a ra m eters (nu m b er o f ha sh fu nctio ns, nu m b er

o f entries in ha sh ta b les, initia l thresho ld dista nce, ra tio o f tw o su c cessive la y er-dista nces

o f dendo gra m ). F o r high dim ensio na l da ta set, size o f ha sh ta b le c o u ld b e very la rge a nd

u nm a na gea b le.

D a sh et a l. [ D a sh et a l. (2003)] p ro p o sed a fa st hiera rchic a l c lu stering m etho d, w hich

is b a sed o n p a rtia lly o verla p p ing p a rtitio n (P O P ). In P O P , entire fea tu re sp a ce is p a rti-

tio ned into a nu m b er o f o verla p p ing cells. W idth o f o verla p p ing regio n o f a p a ir o f cells

is δ. P O P ex p lo its em p iric a l o b serva tio n na m ed 9 0-10 rule to a vo id the co m p u ta tio n o f

a ll inter-p a ttern dista nces. T he ru le sta tes tha t c lu sters a t lo w er levels o f a dendo gra m

a re very sm a ll in size a nd they a re sep a ra ted b y very sm a ll dista nce (a sm a ll fra ctio n

o f m a x im u m c lo sest p a ir dista nce). T herefo re, P O P ex a m ines ea ch cell individu a lly a s

fo llo w s. C lo sest p a ir-dista nce is c a lc u la ted fo r ea ch cell a nd if o vera ll c lo sest p a ir-dista nce

is less tha n δ, then the p a ir is m erged a nd dista nce u p da te is p erfo rm ed in the co ncerned

cell o nly a nd a ll o ther cell rem a in u na ff ected. In this w a y , schem e a vo ids u nnecessa ry dis-

ta nce c o m p u ta tio ns fro m new ly m erged c lu ster to c lu sters in o ther cells. T his c o ntinu es

u ntil o vera ll c lo sest p a ir dista nce is m o re tha n δ. In nex t p ha se, tra ditio na l hiera rchic a l

a gglo m era tive c lu stering (H A C ) m etho d is a p p lied to the c lu sters o b ta ined in fi rst p ha se.

H ere, H A C u ses centro id b a sed m etric to c a lc u la te dista nce b etw een c lu sters.

H o w ever, a ll these c lu stering m etho ds k eep entire da ta set in m a in m em o ry fo r p ro -

cessing. T his p ro hib its its a p p lic a tio n to la rge da ta set. B IR C H [ Z ha ng et a l. (1996)] is

hiera rchic a l c lu stering m etho d w hich is designed to w o rk in a lim ited m a in m em o ry a nd

ha s linea r I/ O tim e (single da ta b a se sc a n). T herefo re, B IR C H is su ita b le fo r c lu stering

la rge da ta set.

S evera l c lu stering m etho ds have b een p ro p o sed to c o m b ine p a rtitio na l c lu stering m etho d

w ith hiera rchic a l c lu stering m etho d to get a dva nta ges o f b o th the m etho ds [ M u rty a nd K rishna

(198 1), W o ng (198 2), L in a nd C hen (2005), L iu et a l. (2009)]. T his ty p e o f c lu steringTH-1069_BKPATRA
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m etho d is k no w n a s hybrid clustering method. M a in o b jective o f this a p p ro a ch is to re-

du ce the tim e a nd sp a ce req u irem ents o f hiera rchic a l m etho d k eep ing c lu stering q u a lity

a lm o st sa m e a s tha t o f the hiera rchic a l m etho ds.

2.3 .4 H yb rid C luste ring

F irst hy b rid m etho d w a s p ro p o sed b y M u rthy a nd K rishna [ M u rty a nd K rishna (198 1)].

It is b a sed o n m u ltilevel a p p ro a ch [ M u rty a nd K rishna (198 0)]. In the fi rst level, da ta set

D is divided into a nu m b er o f su b sets D1,D2, . . . ,Dp su ch tha t
⋃

iDi = D a nd Di ∩Dj =

∅, i 6= j. N ex t, k-m ea ns c lu stering m etho d is a p p lied to ea ch Di to o b ta in C1 su b -c lu sters.

C entro ids o f a ll su b -c lu sters o f D fo rm s a set o f centro ids, w hich is u sed in the nex t level.

In this level, set o f centro ids o f size C1×p is divided into a nu m b er o f su b -sets a nd single-

link m etho d is a p p lied to ea ch su b -set o f centro ids fo r m erging o f a dja cent centro ids.

O p era tio ns (divisio n o f centro ids a nd m erging them u sing single-link ) o f p revio u s level

a re rep ea ted u ntil fi na l level p ro du ces p re-sp ec ifi ed nu m b er o f c lu sters. F ina lly , centro ids

in ea ch level a re rep la ced b y o rigina l da ta p o ints o f the co rresp o nding c lu sters. T his

m etho d ca n fi nd no n-c o nvex ed sha p ed c lu sters in da ta . C lu stering resu lts a re em p iric a lly

a na ly zed o nly . It needs m a ny p a ra m eters w hich a re diffi c u lt to determ ine in rea l w o rld

da ta set. S im ila rity b etw een a p a ir o f centro ids m a y no t refl ect a ctu a l sim ila rity b etw een

the co rresp o nding c lu sters, sp ec ia lly w hen c lu ster size is la rge.

H y b rid c lu stering m etho d p ro p o sed b y W o ng [ W o ng (198 2)] is a c o m b ina tio n o f k-

m ea ns a nd single-link m etho d. It ha s tw o sta ges. In the fi rst sta ge, k-m ea ns is a p p lied

to estim a te density o ver k c lu sters o f entire da ta set. H ere, dista nce b etw een a p a ir o f

c lu sters is a fu nctio n o f the estim a ted densities o f the c lu sters. W o ng sho w ed tha t hy b rid

m etho d ca n identify high density c lu sters (set-c o nsistence) in o ne dim ensio n da ta a s tha t

o f the single-link c lu stering [ H a rtiga n (198 1)]. H o w ever, there is no genera lized a na ly sis

fo r m o re tha n o ne dim ensio ns.

In the sa m e line o ther hy b rid c lu stering m etho ds a re p ro p o sed in [ L in a nd C hen

(2005), L iu et a l. (2009), C ha o ji et a l. (2009)], w hich divide da ta set into a nu m b er o fTH-1069_BKPATRA
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su b -c lu sters a p p ly ing k-m ea ns m etho d a nd su b seq u ently a n a gglo m era tive m etho d is a p -

p lied to su b -c lu sters fo r fi na l c lu stering. T hese m etho ds diff er in m ea su ring sim ila rity

(sep a ra tio n) b etw een a p a ir o f su b -c lu sters. C S M [ L in a nd C hen (2005)] m ea su res c o -

hesio n (inter-c lu ster dista nce) b etw een a p a ir o f su b -c lu sters. C o hesio n b etw een a p a ir

o f su b -c lu sters is m ea su red u sing p ro b a b ility density fu nctio n (p df) a t ea ch p o int o f a

su b -c lu ster. H o w ever, p ro b a b ility density fu nctio n is a ssu m ed to b e fo llo w ed no rm a l dis-

trib u tio n. M . L iu et a l. [ L in a nd C hen (2005)] p ro p o sed to u se m u ltip le p ro to ty p es

a s rep resenta tives fo r a c lu ster. In this a p p ro a ch, k -m ea n is u sed to p ro du ce a la rge

nu m b er o f p ro to ty p es to lo c a te high density regio ns. A sep a ra tio n (dista nce) m ea su re is

intro du ced to q u a ntify sep a ra teness (c lo seness) b etw een a p a ir o f su b -c lu sters. S P A R C L

[ C ha o ji et a l. (2008 ), C ha o ji et a l. (2009)] a lso intro du ces a no vel sim ila rity m ea su re,

w hich is su ita b le fo r fi nding a rb itra ry sha p ed c lu sters in da ta set. H ere, sim ila rity fu nc-

tio n is p ro p o rtio na l to density o f the su b -c lu sters a nd inversely p ro p o rtio na l to dista nce

b etw een them . S ince, size o f sim ila rity m a trix is less, sp ectra l c lu stering [ N g et a l. (2001)]

c a n a lso b e a p p lied in the seco nd sta ge o f S P A R C L m etho d.

V ija y a et a l. [ V ija y a et a l. (2006)] p ro p o sed a hy b rid c lu stering m etho d to sp eed u p

p ro tein seq u ence c la ssifi c a tio n. It is a tw o -sta ge a lgo rithm . In the fi rst sta ge, lea ders

c lu stering is a p p lied to da ta set fo r fi nding a set o f su b -c lu ster rep resenta tives (lea ders).

In nex t sta ge, a c o m p lete-link / single-link c lu stering m etho d is a p p lied to the lea ders to

o b ta in k c lu sters. A m edia n o f ea ch o f k c lu sters is selected a s c lu ster rep resenta tive.

T o c la ssify a test p a ttern, a c la ssifi er selects the c lo sest c lu ster rep resenta tive a nd su b se-

q u ently c lo sest su b -c lu ster in tha t c lu ster. F ina lly , it is c la ssifi ed w ith the c la ss la b el o f

nea rest o f the tw o rep resenta tives. In this m etho d, the hy b rid c lu stering m etho d is u sed

to redu ce c o m p u ta tio na l c o st o f the c la ssifi er o nly . H o w ever, no theo retic a l a nd ex p eri-

m enta l a na ly sis o f c lu stering resu lts a re rep o rted in the p a p er. R ela tio n b etw een lea ders

thresho ld (τ) a nd the nu m b er o f c lu ster rep resenta tives (k) a re a lso no t rep o rted.

T he thesis ha s m a de a c o ntrib u tio n in develo p ing a hy b rid c lu stering m etho d fo r

fi nding a rb itra ry sha p ed c lu sters in la rge da ta set.TH-1069_BKPATRA
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2.3 .5 D ensity b ased c luste ring meth o d

D ensity b a sed c lu stering m etho d view s c lu sters a s dense regio ns in the fea tu re sp a ce w hich

a re sep a ra ted b y rela tively less dense regio ns. B a sic a p p ro a ch o f density b a sed c lu stering

m etho d is to fi nd density info rm a tio n o f ea ch p a ttern in the da ta set. A c lu ster is fo rm ed

b y m erging (c o nnecting) nea rb y p a tterns w ith a lm o st eq u a l density . M a in a dva nta ge o f

density b a sed m etho d is tha t it c a n fi nd c lu sters o f a rb itra ry sha p es a nd sizes a lo ng w ith

o u tlier p o ints.

D BSC A N

D B S C A N (D ensity B a sed S p a tia l C lu stering o f A p p lic a tio ns w ith N o ise) [ E ster et a l.

(1996)] is a very p o p u la r density b a sed p a rtitio na l c lu stering m etho d. Idea o f D B S C A N

is b a sed o n co ncep t o f densed p o ints a nd co nnectivity rela tio n b etw een them . A p o int

x ∈ D is sa id to b e dense in the fea tu re sp a ce if a hy p er-sp here o f ra diu s ε (∈ R+) centered

a t x ha s a t lea st Minpts (∈ N) nu m b ers o f p o ints.

A p a ir o f p o ints x a nd y is sa id to b e c o nnected if a ny o ne o f the co nditio ns is sa tisfi ed.

1. E ither x o r y is a dense p o int a nd ||x− y|| ≤ ε

2. T here is a seq u ence o f p a tterns x1 = x, x2, . . . , xm> 1 = y su ch tha t ||xi − xi+1|| ≤ ε

a nd a ll xi, i = 1..(m − 1) a re dense p o ints o r vice-versa (density reachab le (F igu re

2.5 )).

3. T here is a dense p o int xc so tha t there ex ist tw o seq u ences o f p o ints x1 = xc, x2, . . . , xm1 =

x a nd y1 = xc, . . . , ym2 = y su ch tha t ||xi − xi+1|| ≤ ε, ||yj − yj+1|| ≤ ε, xi, i =

1..(m1 − 1), a nd yj, j = 1..(m2 − 1) a re dense p o ints (density connected ( F igu re

2.5 )).

A c lu ster C ⊂ D ho lds fo llo w ing p ro p erties.

• ∀x, y ∈ C, x a nd y a re density c o nnected.

• If x ∈ C is a dense p o int, a ll density -rea cha b le p o ints fro m x a re inc lu ded in C.TH-1069_BKPATRA
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Cluster

N o ise P o in ts

x

yxc

Minpts = 3

F igu re 2.5: C lu ster p ro du ced b y D B S C A N :P o ints x a nd y a re density c o nnected thro u gh
xc; P o int x is density rea cha b le fro m xc.

D B S C A N visits ea ch p a ttern in a da ta set. If it fi nds a dense p o int, it sta rts ex p a nding

a c lu ster rec u rsively b y inc lu ding a ll density rea cha b le p o ints to the c lu ster. F ina lly , p o ints

w hich do no t inc lu de to a ny c lu ster a re trea ted a s no isy / o u tlier p o ints. T he co m p lex ity o f

D B S C A N is O(n2) w itho u t u sing a ny sp a tia l index ing schem e. D ra w b a ck s o f D B S C A N

a re a s fo llo w .

i) D B S C A N is sensitive to its p a ra m eters. D eterm ining va lu es o f p a ra m eters ε, Minpts

a re diffi c u lt ta sk fo r rea l w o rld la rge da ta set.

ii) D B S C A N fa ils to detect c lu sters o f a rb itra ry sha p es w ith highly va ria b le density

da ta set.

iii) D B S C A N is no t sc a la b le w ith the size o f the da ta set.

O PT IC S (O rdering Po ints T o Identify th e C luste ring Structure)

O P T IC S [ A nk erst et a l. (1999)] is a density b a sed m etho d. O P T IC S crea tes a n a u g-

m ented ordering o f p o ints in da ta set, w hich rep resents hiera rchic a l c lu stering stru ctu res

o f the da ta . It w o rk s w ith tw o p a ra m eters ε, Minpts a s tha t o f D B S C A N . H o w ever,

O P T IC S p ro du ces diff erent c lu sterings (p a rtitio ns) sim u lta neo u sly w ith diff erent va lu es

o f ε′(<= ε) a nd a fi x ed va lu e o f Minpts . O P T IC S p erfo rm s ra nge q u eries fo r ea ch da ta

p o int in the da ta set. H o w ever, sp a tia l index ing m etho d do es no t p erfo rm w ell in highTH-1069_BKPATRA
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dim ensio na l da ta set. A s a resu lt, O P T IC S do es no t p erfo rm w ell in high dim ensio na l

la rge da ta set. D eterm ining the va lu e o f ε, Minpts a re diffi c u lt ta sk .

D enC lue

D enC lu e [ H inneb u rg a nd K eim (1998 )] is a density b a sed c lu stering m etho d. U nlik e D B -

S C A N , D enC lu e c o m p u tes density fu nctio n, w hich is the su m m a tio n o f infl uence functions

in the fea tu re sp a ce. T he infl u ence fu nctio n describ es the im p a ct o f a da ta p o int w ithin

its neighb o rho o d regio n. V a rio u s infl u ence fu nctio ns a re disc u ssed to genera lize diff erent

c lu stering a lgo rithm s (D B S C A N , k-m ea ns, hiera rchic a l m etho ds). C lu sters a re identifi ed

b y fi nding lo c a l m a x im a o f density fu nctio ns u sing gra dient hill-c lim b ing techniq u e. C lu s-

ters o f a rb itra ry sha p es a re defi ned a s seq u ence o f da ta p o ints w ith lo c a l (m a x im a ) density

m o re tha n p re-sp ec ifi ed thresho ld. H o w ever, D enC lu e req u ires m a ny p a ra m eters w hich

need to b e a dju sted fo r p ro p er c lu stering o u tp u t. W o rst c a se tim e c o m p lex ity o f D enC lu e

is O(n2), w here n is the size o f the da ta set. D E N C L U E 2.0 [ H inneb u rg a nd G a b riel

(2007)] sp eeds u p D enC lu e m etho d b y intro du c ing a new hill c lim b ing p ro cedu re fo r

G a u ssia n infl u ence fu nctio n.

C h amele o n [ Karyp is e t al. (1999)]

C ha m eleo n is a n a gglo m era tive hiera rchic a l c lu stering m etho d. It u tilizes a p o p u la r gra p h

p a rtitio ning a p p ro a ch [ K a ry p is a nd K u m a r (1998 )] in fi rst step to p a rtitio n K-neighb o r

gra p h o f a given da ta set. T his step p ro du ces a nu m b er o f su b c lu sters. In the nex t step

a n a gglo m era tive a p p ro a ch is a p p lied to these su b c lu sters to o b ta in fi na l c lu sters o f the

da ta set. It u ses a dy na m ic m o deling in c lu ster a ggrega tio n. T w o su b c lu sters a re m erged

in the a ggrega tio n p ro cess o nly if the inter-c o nnectivity a nd c lo seness b etw een tw o su b

c lu sters a re high rela tive to the interna l inter-c o nnectivity a nd c lo seness o f item s w ithin

the su b c lu sters. C ha m eleo n o u tp erfo rm s o ther hiera rchic a l c lu stering m etho d lik e C U R E

[ G u ha et a l. (2001)]. T his m etho d ca n fi nd c lu sters o f diff erent sha p es, densities, a nd

sizes in tw o -dim ensio na l sp a ce. It needs m a ny p a ra m eters a nd ha s tim e c o m p lex ity o f

O(n2).TH-1069_BKPATRA
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NBC (Ne ig h b o rh o o d Based C luste ring A lg o rith m)

N B C is a density b a sed [ Z ho u et a l. (2005)] c lu stering m etho d w hich ca n fi nd c lu sters

o f a rb itra ry sha p es, diff erent sizes a nd distrib u tio ns. N B C c a lc u la tes lo c a l density o f

ea ch da ta p o int b y intro du c ing a new m ea su rem ent o f density ca lled N eighborhood B ased

D ensity F actor (N D F ). T he N D F o f a p o int is ra tio o f the nu m b er o f reverse K-nea rest

neighb o rs to the nu m b er o f K-nea rest neighb o rs. R everse K-nea rest neighb o rs o f a p o int

p is the set o f p a tterns w ho se K-nea rest neighb o rs c o nta in p. F o r m o st o f the p a tterns,

nu m b er o f K-nea rest neighb o rs is K, (S o m e c a ses, it m a y b e m o re tha n K, b u t no t less

tha n K). H o w ever, va lu e o f reverse K- nea rest neighb o r m a y ha ve less tha n o r m o re tha n

K b a sed o n the p o sitio n o f the p o int in the fea tu re sp a ce. B a sed o n the va lu e o f N D F ,

a p o int c a n b e c a tego rized into a ny o ne o f the three ty p es: dense point, sparse point and

even point. If NDF (p) > 1, then p o int p is c a lled dense p o int. L a rger the NDF (p) is,

denser (inlier-ness) the p o int is. If NDF (p) < 1, then p o int p is c a lled sp a rse p o int. If

NDF (p) = 1, then p o int p is c a lled even p o int. U sing these info rm a tio n, N B C m etho d

defi nes c lu ster o f a da ta set in the sa m e line o f D B S C A N a s fo llo w s.

L et C b e a su b set o f D. T he C is c a lled a c lu ster if it sa tisfi es fo llo w ing p ro p erties:

i) ∀x, y ∈ C, there is a seq u ence o f o b jects x1 = x, x2, . . . , xm = y su ch tha t xi+1 is a

K-nea rest neighb o r o b ject o f xi, fo r i = 1 . . . (m− 1) a nd ea ch xi is either dense o r

even p o int.

O R ,

T here ex ist tw o seq u ences o f p o ints x1 = xc, x2, . . . , xm1 = x a nd y1 = xc, y2 . . . , ym2 =

y su ch tha t xi+1, yj+1 ∈ K-nea rest neighb o r o f xi a nd yj, resp ectively , a nd ea ch

xi, i = 1..(m1 − 1), a nd ea ch yj, j = 1..(m2 − 1) is either dense o r even p o int.

ii) If x is a dense/ even p o int o f C, then C inc lu des p o ints o f a ll seq u ences x1 =

x, x2, . . . , xl fo r a ny p o sitive integer o f l su ch tha t ea ch xi, i = 2..(l − 1) is either

dense o r even p o int.

N B C ha s tw o step s. In the fi rst step , it c a lc u la tes N D F o f ea ch p o int in the da ta set.

In the seco nd step , it fi nds c lu sters b y check ing N D F va lu e o f ea ch p o int in the da ta set.TH-1069_BKPATRA
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If a p o int p is dense o r even p o int, a new c lu ster w ith p is crea ted. N B C then itera tively

a dds K -neighb o rs p o ints to this c lu ster b y check ing N D F va lu es. T his p ro cess sto p s

w hen there is no dense o r even p o ints. It m a y b e m entio ned tha t it sim u lta neo u sly fi nds

o u tliers in the da ta set. N B C u ses o nly o ne p a ra m eter K to fi nd c lu sters. H o w ever, w ith a

slight cha nge in va lu e o f K, it p ro du ces diff erent c lu stering resu lts. G enu ine c lu sters a re

trea ted a s o u tlier p o ints a s N B C o nly u se K-neighb o rs a nd reverse K-neighb o rs c o u nts.

It do es no t u se rela tive dista nce (p o sitio n) o f a p o int in its neighb o rho o d regio n.

A density b a sed m etho d w hich o u tp erfo rm s N B C m etho d is p ro p o sed a s a c o ntrib u tio n

in the thesis.

2.3 .6 D ata Summarizatio n

O ne w a y to ha ndle la rge da ta set is to u se da ta su m m a riz a tio n o r da ta c o m p ressio n tech-

niq u e. T he m a in o b jective o f this a p p ro a ch is to c o m p ress a la rge a m o u nt o f da ta set

into a sm a ll rep resenta tive set c a lled su m m a rized set. T hen, c la ssic a l c lu stering m etho d

is a p p lied to this set. F ina lly , rep resenta tives a re ex p lo red b y the o rigina l da ta p o ints in

o rder to o b ta in c lu stering o f the w ho le da ta set.

B IR C H [ Z ha ng et a l. (1996)] is a n increm enta l c lu stering m etho d. It ha s tw o p ha ses.

In the fi rst p ha se, it crea te a su m m a ry o f the da ta set, w hich ca n b e a c c o m m o da ted in the

a va ila b le m a in m em o ry o f the m a chine. In the seco nd p ha se, c o nventio na l hiera rchic a l

c lu stering m etho d su ch a s a vera ge-link is a p p lied to the su m m a ry fo r o b ta ining fi na l

c lu stering o f the entire da ta set.

T he co re idea o f the B IR C H c lu stering m etho d a re C lustering F eature (C F ) a nd C F -

tree. A C F is a trip let w hich co nta ins su m m a rized info rm a tio n o f a su b -c lu ster. M o re

fo rm a lly , a C F fo r a su b -c lu ster C1 = {−→X1,
−→
X2, . . .

−→
Xk} is defi ned a s CF = (k,

−→
LS, s s ),

w here
−→
LS is linea r su m o f p a tterns in C1, i.e.,

−→
LS =

∑

i

−→
Xi, s s is sq u a re su m o f da ta p o ints,

i.e., s s =
∑

i

−→
Xi

2
. C entro id, ra diu s a nd dia m eter o f su b -c lu ster C1 c a n b e c o m p u ted fro m

the CF va lu es. C F -va lu es sa tisfy a dditivity p ro p erty , i.e. let CF1 = (k1,
−−→
LS1, s s 1) a nd

CF2 = (k2,
−−→
LS2, s s 2) a re tw o C F va lu es o f tw o su b -c lu sters C1 a nd C2, resp ectively . T hen,TH-1069_BKPATRA
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C F -va lu e o f C = C1 ∪ C2 is CF (C) = (k1 + k2,
−−→
LS1 +

−−→
LS2, s s 1 + s s 2). C F va lu es o f su b -

c lu sters a re o rga nized increm enta lly in a C F tree, w hich is a height-b a la nced tree. E a ch

interna l no de o f C F tree c o nta ins a t m o st B entries o f the fo rm [CFi, childi]i=1,...,B, w here

CFi is the c lu ster fea tu re o f su b -c lu ster rep resented b y this child a nd childi is a link to

ith child. A lea f no de ha s a t m o st Lmax entries o f the fo rm [CFi], i = 1 . . . Lmax. H o w ever,

dia m eter o f ea ch su b -c lu ster in lea f no des m u st b e less tha n a thresho ld τ . D ia m eter o f

a su b -c lu ster m ea ns the a vera ge o f the p a irw ise dista nce b etw een a ll p o ints in the su b -

c lu ster. T o insert a new p a ttern into C F tree, schem e sta rts sea rching no des fro m ro o t

to the lea f selecting c lo sest no de a t ea ch level. D ista nce is m ea su red fro m new p a ttern to

the centro id o f su b -c lu ster. O nce new p o int is a b so rb ed in a lea f no de, the C F va lu es o f

ea ch no de o n the tra versed p a th fro m ro o t to the lea f is u p da ted a p p ly ing the a dditive

p ro p erty . N o de sp lit m a y o c c u r if there is no sp a ce in a given no de. S p liting is p erfo rm ed

in the sa m e line a s p erfo rm ed in a B -tree. L ea f entries rep resent su m m a ry o f the w ho le

da ta set. F ina lly , a c la ssic a l c lu stering m etho d su ch a s a vera ge-link m etho d is a p p lied to

the lea f-entries o f the C F tree. B IR C H sc a ns the da ta set o nly o nce a nd m o re sc a ns refi ne

c lu stering o u tp u t. T im e c o m p lex ity is linea r w ith the size o f the da ta set. M a in dra w b a ck s

o f this a p p ro a ch a re tha t (a ) it c a nno t detect a rb itra ry sha p ed c lu sters, (b ) it needs m a ny

p a ra m eters-B, Lmax, τ , (c) it is o rder dep endent m etho d, (d) B IR C H is a p p lic a b le to

nu m eric da ta o nly a nd fea tu re sp a ce m u st sa tisfy vector-space p ro p erties (vecto r a dditio n

a nd sca la r m u ltip lic a tio n). C F -va lu es a re u tilized to sp eed u p diff erent p a rtitio na l (lik e

k-m ea ns, E M ) a nd hiera rchic a l (lik e O P T IC S ) c lu stering m etho ds [ B ra dley et a l. (1998 ),

B reu nig et a l. (2000, 2001)].

B ra dley [ B ra dley et a l. (1998 )] u tilizes c lu stering fea tu re to sp eed u p k-m ea ns c lu s-

tering m etho d fo r la rge da ta set. T he m etho d ca n b e ru n in a va ila b le m a in m em o ry o f

a m a chine. T he k ey insight o f this a p p ro a ch is tha t a ll da ta p o ints a re no t eq u a lly im -

p o rta nt to a c lu ster. T herefo re, m etho d ca tego rizes ea ch da ta p o int into o ne o f the three

ca tego ries na m ely retain set (R S ), discard set (D S ) a nd compressed set (C S ) b a sed o n the

p o sitio n o f the p o int in a c lu ster. A D S set c o rresp o nding to a c lu ster is a c o m p ressed rep -

resenta tio n o f p o ints w hich lie w ithin a M a ha la no b is ra diu s r o f a hy p er-sp here centeredTH-1069_BKPATRA
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a t centro id o f the c lu ster. T he hy p er-sp here c o vers ρ % o f da ta p o ints a ssigned to the

c lu ster. T hese p o ints do no t cha nge c lu ster m ea ns in fu tu re itera tio ns. S ta tistics o f these

p o ints a re sto red in C F trip let a nd o rigina l p o ints a re p u rged fro m the m a in m em o ry . T he

da ta p o ints w hich ca nno t b e p a rt o f D S set fo rm C S set o r R S set. T hese p o ints cha nge

their c lu ster m em b ership . A va ria nt o f k-m ea ns c lu stering is a p p lied to these p o ints w ith

a la rge nu m b er o f c lu sters k2 > k. H a ving o b ta ined the k2 su b c lu sters, p o ints o f ea ch

su b c lu ster c lo se to center a re c o m p ressed in C F fo rm c a lled C S set. H ere, c lo seness o f

a p o int to a center is determ ined fro m c o va ria nce va lu e o f the su b c lu ster, w hich ca n

ea sily b e c a lc u la ted fro m C F va lu e o f the su b c lu ster. T he k2 su b c lu sters a re m erged

w ith ex isting su b c lu sters in C S set u sing a n a gglo m era tive c lu stering m etho d. R S set

c o nta ins p o ints w hich fa il c lo seness test o f a su b c lu ster a nd p o ints in R S a re reta ined in

the m em o ry . F ina lly , c o m p ressed sta tistics a nd o rigina l da ta p o ints a re u sed to sp eed u p

m a ny c lu stering m etho ds in la rge da ta set.

D u M o u chel et a l.[ D u M o u chel et a l. (1999)] a lso p ro p o sed a da ta su m m a riz a tio n tech-

niq u e, w hich ca n b e u sed to sc a le u p a set o f m a chine lea rning a nd sta tistic a l m o deling

m etho ds. T he m etho d is c a lled data squashing . D a ta sq u a shing su m m a rizes a la rge

da ta set into sm a ller size da ta set c a lled squashed data w ith sa m e nu m b er o f dim ensio ns

a s the o rigina l da ta set. It ha s three seq u entia l step s a s fo llo w . In the fi rst step , da ta set

is p a rtitio ned into a nu m b er o f c o m p a ct su b regio ns o r b ins. B ins c a n b e c o nstru cted

b y crea ting hy p er-recta ngles in the o rigina l sp a ce o r b y crea ting diff erent layers in the

tra nsfo rm ed da ta sp a ce. L et p = (x1, . . . , xN ) b e a p o int in the o rigina l sp a ce. T he p o int p

c a n b e tra nsfo rm ed into p′ = (y1, . . . , yN), w here yi =
Ci − xi

sta nda rd devia tio n o f ith fea tu re
,

Ci = ith c o m p o nent o f center C =

∑

D p

|D| o f the w ho le da ta set. L a y ers a re crea ted b a sed

o n the dista nce fro m p′ to o rigin. H a ving crea ted the b ins, nex t step c o m p u tes m o m ents

fo r the da ta p o ints fa lling in a b in. M etho d co m p u tes diff erent o rder m o m ents lik e m ea ns,

m inim a , m a x im a , sec o nd o rder m o m ents, third o rder m o m ents, fo u rth o rder m o m ents,

etc . in ea ch b in. T hese m o m ents a re su ffi c ient sta tistics o f the p o ints o f a b in. L a st

step is to crea te a p seu do da ta p o int c o rresp o nding to a b in fro m the a b o ve ca lc u la ted

sta tistics. A p seu do p o int o f a b in is the rep resenta tive o f a ll o rigina l da ta p o ints fa llingTH-1069_BKPATRA
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in the b in. T hey sho w ed tha t da ta sq u a shing o u tp erfo rm ra ndo m sa m p ling a p p ro a ch.

T hese da ta su m m a riz a tio n schem es c a nno t c o m p u te eff ective dista nce b etw een a p a ir o f

su m m a rized u nits. T herefo re, these schem es c a nno t b e directly a p p lied to hiera rchic a l

c lu stering m etho ds.

F irst su c cessfu l da ta c o m p ressio n techniq u e fo r hiera rchic a l c lu stering m etho d is fo u nd

in [ B reu nig et a l. (2000)]. T he co m p ressed rep resenta tio n o f a set o f da ta p o ints a re c a lled

D ata B ubb le (D B ), w hich co nta ins sta tistic a l info rm a tio n o f the set o f p o ints. D a ta B u b -

b le initia lly selects a su b set o f p a tterns ra ndo m ly w hich req u ires o ne da ta b a se sc a n. In

nex t step , it c la ssifi es ea ch p a ttern to its nea rest selected p a ttern a nd u p da tes sta tistics

o f the selected p a ttern b y m ea ns o f CF. D a ta B u b b le u tilizes C lu stering F ea tu res (C F )

intro du ced in B IR C H c lu stering m etho d a s fo llo w s. L et CF = (k,
−→
LS, s s ) b e the C lu ster-

ing F ea tu res o f a set o f p o ints X = {Xi} in N dim ensio ns fea tu re sp a ce. A D a ta B u b b le

B, w hich describ es X c a n b e ex p ressed a s B = (k,
−→
M, e), w here

−→
M =

−→
LS

k
is the center

o f X a nd e =

√

2 ∗ n ∗ s s − 2 ∗ −→LS
2

k ∗ (k − 1)
is c a lled ex tent (sp rea d) o f X. M o re sp ec ifi c a lly , e

is the ra diu s o f a hy p er-sp here centered a t M , w hich co vers m o st o f the da ta p o ints o f

X. M a rk u s et a l. [ B reu nig et a l. (2000)] p ro p o sed to a p p ly O P T IC S m etho d to the da ta

b u b b les o f D. O P T IC S c lu stering m etho d a lw a y s fi nds a n u np ro cessed c lo sest da ta p o ints

fro m a lrea dy p ro cessed item . H o w ever, dista nce b etw een centers o f a p a ir o f D a ta B u b b les

do es no t refl ect the dista nce b etw een p o ints o f the D a ta B u b b les. A su ita b le m ea su re is

intro du ced to c a lc u la te dista nce b etw een a p a ir o f D a ta B u b b les. F ina lly , O P T IC S c lu s-

tering m etho d is m o difi ed to w o rk w ith D a ta B u b b les. M o difi ed O P T IC S is fo u nd to b e

u p to three o rder fa ster tha n c la ssic a l O P T IC S m etho d a p p lied directly to da ta set w ith

m a inta ining c lu stering q u a lity .

In the fo llo w ing y ea r, M a rk u s et a l. [ B reu nig et a l. (2001)] p o inted o u t p ro b lem s

o f a p p ly ing O P T IC S m etho d directly to C lu stering F ea tu res (C F ). C lu stering q u a lity

deterio ra tes a b ru p tly w ith high co m p ressio n ra tio du e to three k ey p ro b lem s na m ely size

distortion, lost objects a nd structural distortion. S izes o f c lu sters a re disto rted w ith high

co m p ressio n ra tio (nu m b er o f rep resenta tive o b jects to the size o f the da ta set), i.e., so m e

c lu sters b ec o m e la rger a nd o ther b ec o m e sm a ller. T his is c a lled “ size disto rtio n” p ro b lem .TH-1069_BKPATRA
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O P T IC S o u tp u ts a reachability-plot, w hich is a tw o dim ensio na l p lo t rep resents hiera rcha l

stru ctu res o f c lu sters p resent in the da ta set. N o ne o f the o rigina l o b jects a p p ea rs in the

rea cha b ility p lo t if C F is directly u sed in sp eeding u p O P T IC S m etho d. T his is c a lled “ lo st

o b jects” p ro b lem . W ith high co m p ressio n ra te, c lu stering stru ctu res a re disto rted in the

rea cha b ility p lo t, this is c a lled “ stru ctu ra l disto rtio ns” . T o a llevia te a ll a b o ve p ro b lem s,

defi nitio n o f D a ta B u b b le is redefi ned a s fo llo w s.

D e fi nitio n 2.1 (D ata Bub b le ) [ B reunig et al. (2 001)] A D ata B ubb le for a set of

points X = {Xi} ⊆ D is B = (rep, k, extent, nnDis t), w here

• rep is rep resenta tive o b ject o f X

• k is the nu m b er o f o b jects in X

• extent is the ra diu s o f hy p er-sp here centered a t rep w hich enc lo ses m o st o f the

o b jects in X.

• nnD ist(K ,B ) is a fu nctio n tha t c a lc u la te a vera ge K-nea rest neighb o r dista nces in

B.

D ista nce b etw een a p a ir o f D a ta B u b b les is intro du ced, w hich is su ita b le fo r hiera rchic a l

c lu stering m etho d. D ista nce is m ea su red in su ch a w a y tha t it a p p ro x im a tely m ea su res

dista nce b etw een tw o c lo sest p o ints o f the D a ta B u b b les. B reu nig et a l. sho w ed tha t

da ta b u b b le o u tp erfo rm s B R IC H [ Z ha ng et a l. (1996)] a s a su m m a riz a tio n schem e w hen

the O P T IC S m etho d is a p p lied to it. T he m a in disa dva nta ge o f D a ta B u b b le a p p ro a ch

is tha t it a ssu m es tha t da ta set is fro m vecto r sp a ce. T he a p p ro a ch m a y u nderestim a te

eff ective dista nce b etw een a p a ir o f b u b b les in so m e c a ses. F o r ex a m p le, let tw o da ta

b u b b les (O1, O2) a re c lo se (neighb o r) to ea ch o ther a nd o ne da ta b u b b le (sa y O1) c o nta ins

p a tterns fro m tw o diff erent c lu sters, then c lu ster sep a ra tio n (“ ga p ” ) b ec o m es invisib le to

da ta b u b b le O1 (F igu re 2.6). T herefo re, eff ective dista nce b etw een tw o da ta b u b b les is

u nderestim a ted a nd b u b b les get m erged. T his lea ds to erro rs in fi na l c lu stering resu lts.

In o rder to o verc o m e b o th the dra w b a ck s o f the D a ta B u b b les, Z ho u a nd S a nder

[ Z ho u a nd S a nder (2003)] intro du ced “ directio na l” no tio n to the da ta b u b b le, w hichTH-1069_BKPATRA
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G a p s

G
ap

s

C1
C2

C lu ste r S e p a ra tio n

rA

B rBA

F igu re 2.6: D a ta b u b b le A ha s “ ga p ” in the directio n o f da ta b u b b le B

do es no t u se a ny vecto r-sp a ce p ro p erties (vecto r a dditio n a nd sca le m u ltip lic a tio n) u nlik e

p revio u s a p p ro a ches. T his “ directio na l” D a ta B u b b le u ses o nly sim ila rity o r dissim ila rity

m ea su re. In this a p p ro a ch, rela tive p o sitio n o f ea ch p o int x ∈ O1 is lo c a ted b y tw o w a y s -

w hether x is in the directio n o f da ta b u b b le O2 o r in the reverse directio n o f O2. T he p o int

x ∈ O1 is in the directio n o f O2, if ||x − rO2 || ≤ ||rO1 − rO2||, w here rO1 a nd rO2 a re the

rep resenta tive p a tterns o f D a ta B u b b les O1 a nd O2, resp ectively . O therw ise, x is in the

reverse directio n (i.e. ||x− rO2|| > ||rO1 − rO2||). In o rder to c o m p u te a c c u ra te dista nce

b etw een a p a ir o f D a ta B u b b les the co ncep ts o f “ b o rder dista nce” , “ ex tent” o f a D a ta

B u b b le a re intro du ced in this w o rk . M o re fo rm a lly , let O1 a nd O2 b e tw o “ directio na l”

D a ta B u b b les w ith rep resenta tives rO1 a nd rO2, resp ectively . B o rder dista nce o f O1 in the

directio n o f O2 is Border(O1)
in.O2, w hich is defi ned a s fo llo w s.

Border(O1)
in.O2 = ||rO1 − rO2|| − m in

x∈O1

{||x− rO2 ||}

B o rder dista nce o f O1 in the directio n o f O2 is the diff erence o f dista nces b etw een tw o

rep resenta tives o f O1 a nd O2, a nd b etw een rep resenta tive o f O2 a nd the o b ject x ∈ O1

c lo sest to it. H o w ever, “ ga p ” m a y m a k e b o rder dista nce o verestim a ted in the directio n

in w hich the “ ga p ” ex ists in a b u b b le. T o a vo id this p ro b lem , no tio n o f “ directio na l”

b o rder dista nce c a lled “ directio na l ex tent” o r extent is intro du ced. T he ex tent o f a D a ta

B u b b le O1 in the directio n o f o ther da ta b u b b le O2 is the fu nctio n o f b o rder dista nce o f

O1, a vera ge a nd sta nda rd devia tio n o f dista nces o f o b jects in O1 in the b o th directio ns o fTH-1069_BKPATRA
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O2, i.e.,

extent(O1)
O2 = m in{Border(O1)

in.O2, avg + 2 ∗ s tdv},

w here avg a nd s tdv a re the m inim u m o f the a vera ge a nd sta nda rd devia tio n o f the

dista nces o f o b jects in O1 in the directio n a nd the reverse directio n o f O2. A vera ge (dav g )

a nd sta nda rd devia tio n (dσ) o f a D a ta B u b b les in the directio n o f o ther da ta b u b b le a re

c a lc u la ted a s fo llo w s. C o nsider a D a ta b u b b le O1 ha s k o b jects in the directio ns o f a no ther

da ta b u b b le O2. T hen, dav g =
lsD

k
; dσ =

√

k ∗ s sD − (lsD)2

k2
, w here lsD a nd s sD a re

the L inea r su m a nd sq u a re su m o f dista nces b etw een rep resenta tive o f O1 a nd p o ints in

O1, w hich ca n b e c o llected increm enta lly . F ina lly , dista nce b etw een tw o da ta b u b b les O1

a nd O2 c a n b e m ea su red u sing eq u a tio n ( 2.15).

dis t(O1, O2) = ||rO1 − rO2|| − extent(O1)
O2 − extent(O2)

O1 (2.15)

D ista nce b etw een tw o D a ta b u b b les is the dista nce b etw een their rep resenta tives m inu s

ex tents o f the b u b b les w ith resp ect to ea ch o ther. T his a p p ro a ch o f da ta b u b b le o u tp er-

fo rm s o ther a p p ro a ches o f da ta b u b b le [ B reu nig et a l. (2000, 2001)] w hen the O P T IC S

m etho d is a p p lied to it.

S o ft c o m p u ting techniq u es m a y p la y m a jo r ro le in dec iding the a ctu a l m em b ership

o f b o rder p o ints o f D a ta B u b b les. In nex t, w e disc u ss so m e so ft c o m p u ting a p p ro a ches.

T hesis ha s m a de a c o ntrib u tio n in develo p ing a su m m a riz a tio n schem e, w hich u ses so ft

c o m p u ting techniq u e.

2.3 .7 So ft C luste ring

In m a ny a p p lic a tio n do m a ins lik e w eb m ining, do c u m ent c lu stering, b io -info rm a tics c lu s-

ters do no t have crisp (ex a ct) b o u nda ry . T hey o verla p ea ch o ther in the fea tu re sp a ce.

T ra ditio na l c lu stering m etho ds p ro du ce no n-o verla p p ed (disjo int) c lu sters in w hich a p a t-

tern b elo ngs to single c lu ster, c a lled hard cluster. O verla p p ed c lu sters a re c a lled soft

c lu sters a nd co rresp o nding c lu stering is c a lled soft clustering . In so ft c lu stering, a p a tternTH-1069_BKPATRA



2 .3 Types of C lustering M ethods 47

m a y b elo ng to m o re tha n o ne c lu sters. S o ft c lu stering ha s stro ng m a them a tic a l fo u nda -

tio ns -fuzzy set theory [ Z a deh (1965)], rough set theory [ P a w la k (198 2)] a nd hy b ridiz a tio n

o f b o th a p p ro a ches.

F uz zy Se t T h e o ry and C luste ring M e th o d

F u z z y set theo ry w a s develo p ed b y L . A . Z a deh to ha ndle inco m p lete, a m b igu o u s info rm a -

tio n in p a ttern reco gnitio n a nd m a chine lea rning do m a ins [ Z a deh (1965)]. L et D = {xi}
b e a set o f p a tterns. A fu z z y set (c la ss) A a sso c ia ted w ith D is describ ed b y a m em b ership

fu nctio n fA : D → [0, 1], w hich q u a ntify the b elo nging-ness o f ea ch p a ttern x ∈ D in A.

C lo ser the va lu e o f fA to 1, higher the gra de o f m em b ership .

F u z z y set theo ry ha s w ide a p p lic a tio ns in indu stry lik e p ro cess c o ntro l sy stem s since

la te 198 0s. S u c cess o f fu z z y sy stem s insp ired to u se it in info rm a tio n sy stem s. F irst k no w n

fu z z y c lu stering m etho d w a s p ro p o sed b y D u n [ D u n (1973)]. T he p ro p o sed m etho d is

k no w n a s F u z z y c-M ea ns M etho d (F C M ), w hich w a s genera lized b y m a ny resea rchers la ter

o n [ G u sta fso n a nd K essel (1979), B ezdek (198 1), H a tha w a y a nd B ezdek (198 8 )].

F C M is b a sed o n the co ncep t o f fuzzy c-partition [ R u sp ini (1969)]. A fu z z y c -p a rtitio n

Pfc o f a da ta set D o f size n c a n b e rep resented a s fo llo w s.

Pfc = [uik]c×n : uik ∈ [0, 1], w here

c
∑

i=1

uik = 1 a nd 0 <

n
∑

k=1

uik < n (2.16)

w here uik is the m em b ership va lu e o f p a ttern xk ∈ D to c lu ster Ci. F C M o p tim izes the

fo llo w ing o b jective fu nctio n in o rder to o b ta in a fu z z y c -p a rtitio ns.

JF CM(C, V ) =
c
∑

i=1

n
∑

k=1

(uik)
m ||xk − vi||22, (2.17)

w here vi =

∑n
k=1(uik)

mxk
∑n

k=1(uik)m
, m ∈ [0,∞].

F C M sta rts w ith c ra ndo m p a tterns co nsidering them initia l centro ids V . It c a lc u la tes

fu z z y m em b ership va lu e uik o f ea ch p a ttern xk, w hich gives initia l fu z z y c p a rtitio n.TH-1069_BKPATRA
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M em b ership va lu e uik m u st sa tisfy the co nstra ins given in eq u a tio n ( 2.16) a nd it is the

fu nctio n o f dista nce fro m a p a ttern xk to a ll o ther c lu ster centro ids. It itera tively u p da tes

centro ids V a nd m em b ership va lu es o f ea ch p a ttern u ntil gets c o nverged. M a in dra w b a ck

o f this is fi nding p ro p er p a ra m eters a nd co m p u ta tio na lly m o re ex p ensive tha n c la ssic a l

k-m ea ns m etho d.

O ther c o m p lem enta ry a p p ro a ch R o u gh S et T heo ry is u sed to c a p tu re u ncerta inties

a sso c ia ted w ith da ta . In the nex t, w e p ro vide b rief intro du ctio n to R o u gh S et T heo ry

a nd w ell k no w ro u gh c lu stering m etho ds a re disc u ssed.

R o ug h Se t T h e o ry and C luste ring M e th o d

R o u gh set theo ry w a s intro du ced b y P o lish m a them a tic ia n P a w la k [ P a w la k (198 2),

L in a nd C erc o ne (1996)]. T he fu nda m enta l idea o f the ro u gh set theo ry is b a sed o n

a n a p p ro x im a tio n sp a ce A = (U, R), w here U is a no nem p ty set o f o b jects a nd R is a n

eq u iva lence rela tio n (refl ex ive, sy m m etric , a nd tra nsitive) c a lled indiscernib ility rela tio n

o n U [ P a w la k (198 2)]. R crea tes a p a rtitio n U/R o f U , i.e.

U/R = {X1, . . . , Xi, . . . , Xp}

w here ea ch Xi is a n eq u iva lence c la ss o f R. T hese eq u iva lence c la sses a nd the em p ty set

a re c o nsidered a s the E lem enta ry sets in A. E lem enta ry sets fo rm the b a sic gra nu les o f

k no w ledge a b o u t a ny set o f o b jects U . A ny a rb itra ry set X ⊆ U c a n b e defi ned b y tw o

crisp sets c a lled lo w er a nd u p p er a p p ro x im a tio n o f X . E a ch crisp set is fi nite u nio n o f the

E lem enta ry sets in A. M o re fo rm a lly , o ne ca n defi ne the lo w er a nd u p p er a p p ro x im a tio n

a s fo llo w (F igu re 2.7).

R(X) =
⋃

Xi⊆X

Xi; R(X) =
⋃

Xi∩X 6=∅

Xi.

T he set BND(X) = R(X)−R(X) is c a lled boundary o f X in A. S ets E dg (X) = X−R(X)

a nd E dg (X) = R(X) − X a re c a lled internal a nd external edge o f X in A, resp ectively

[ P a w la k (198 2)].TH-1069_BKPATRA
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R(X)

Xi

R(X)

X ⊂ U

F igu re 2.7: L o w er a nd U p p er A p p ro x im a tio ns o f X in R o u gh S et T heo ry

R o u gh k -m ea ns is a n a da p ted versio n o f k-m ea ns c lu stering m etho d in ro u gh set theo ry

[ L ingra s a nd W est (2004)]. It c a n p ro du ce o verla p p ed c lu sters in m a ny a p p lic a tio ns.

R o u gh k -m ea ns is b a sed o n the idea o f lo w er a nd u p p er a p p ro x im a tio n o f a su b set o f D.

T he ro u gh k-m ea ns m o difi es a centro id Ci o f a c lu ster C ⊂ D a s fo llo w s.

Ci =















wlow e r ×
∑

xi∈R(C) xi

|R(C)| + wuppe r ×
∑

xi∈R(C)−R(C) xi

|R(C)−R(C)|
if R(C)− R(C) 6= ∅

wlow e r ×
∑

xi∈R(C) xi

|R(C)| o therw ise

(2.18 )

w here wlow e r a nd wuppe r a re tw o p a ra m eters, w hich co rresp o nd to rela tive im p o rta nce o f

lo w er a nd u p p er a p p ro x im a tio n. It m a y b e no ted tha t eq u a tio n ( 2.18 ) redu ces to eq u a tio n

( 2.19), w hen there is no p o int in u p p er a p p ro x im a tio n o f the clu ster, i.e. ro u gh b o u nda ry

is em p ty .

Ci =

∑

xi∈R(C) xi

|R(C)| , w here R(C) = C (2.19)

In ea ch itera tio n, ro u gh k-m ea ns ex a m ines ea ch o b ject x a nd a ssigns it to a lo w er

a p p ro x im a tio n o f a c lu ster o r u p p er a p p ro x im a tio ns o f m o re tha n o ne c lu sters a s fo llo w .

• If Ci is the c lo sest centro id a nd there a re centro ids Cj su ch tha t d(x, Ci)−d(x, Cj) ≤
τ1, then x is a ssigned to u p p er a p p ro x im a tio ns o f a ll Cj a nd Ci centro ids, i.e. x ∈
{R(Ci), R(Cj)}. T he p a ttern x w ill no t b e p a rt o f lo w er a p p ro x im a tio n o f a ny c lu ster.TH-1069_BKPATRA
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• L et Ci b e the c lo sest centro id a nd Cj b e the seco nd c lo sest to x. T hen, p a ttern x

b elo ngs to o nly lo w er a p p ro x im a tio n o f Ci, if d(x, Cj) > τ1 + d(x, Ci).

T he m a in disa dva nta ge o f this m etho d is the req u irem ents o f m a ny u ser defi ned p a ra m eters

(wlow e r, wuppe r, τ1), w hich is a diffi c u lt ta sk to estim a te in rea l da ta set.

T o le ranc e R o ug h Se t M o de l

T he co re idea o f ro u gh set theo ry is the indiscernib ility rela tio n, w hich is a n eq u iva lence

rela tio n o n U. A n eq u iva lence rela tio n R m u st b e refl ex ive, sy m m etric , a nd tra nsitive.

H o w ever, it is o b served tha t the tra nsitive p ro p erty do es no t ho ld in certa in a p p lic a tio n

do m a ins (i.e. do cu m ent c lu stering, info rm a tio n retrieva l [ H o a nd N gu y en (2002)]), w hich

lea ds to em erge a genera lized ro u gh set theo ry c a lled T o lera nce R o u gh S et M o del (T R S M )

[ N ie, P o lk o w sk i et a l. (1995), S k o w ro n a nd S tep a niu k (1996), K ry sz k iew ic z (1998 )],

[ Ś lez a k a nd W a silew sk i (2007)].

B a sic gra nu les o f k no w ledge in T R S M is to lera nce c la sses, w hich a re o verla p p ed, in-

term ix ed u nlik e eq u iva lence c la ss in R o u gh S et. T herefo re, to lera nce rela tio n T do es

no t crea te a p a rtitio n o f U . It crea tes a c o ver o f the da ta set. A ny set X ⊆ U, c a n b e

cha ra cterized b y the lo w er a nd u p p er a p p ro x im a tio ns a s fo llo w (F igu re 2.8 ).

T (X) = {x ∈ X : T (x) ⊆ X}; T (X) = {x ∈ U : T (x) ∩X 6= ∅}

w here T (x) is a to lera nce c la ss. In a c c o rda nce w ith the c la ssic a l ro u gh set theo ry , o ne ca n

defi ne the set TBND = T (X) − T (X) a s tolerant boundary. T he sets TE d g = X − T (X)

a nd TE d g = T (X) − X a re term ed a s tolerant internal a nd tolerant external edge o f

X , resp ectively (F igu re 2.8 ). R . S lo w insk i a nd V a nderp o o ten a rgu ed in fa vo r o f no t

im p o sing the sy m m etric p ro p erty a lo ng w ith tra nsitive p ro p erty in genera lized ro u gh set

[ S lo w insk i a nd V a nderp o o ten (2000)]. A rela tio n T is sa id to b e sy m m etric o n U,

∀a, b ∈ U, aTb => bTa

S o , a a nd b a re rela ted to b o th w a y (directio n), i.e. a is rela ted to b a nd b is rela ted to a.TH-1069_BKPATRA
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T (X)

T (x)

X
TE dg = X − T (X)

T (X)

F igu re 2.8 : L o w er a nd U p p er A p p ro x im a tio n o f X in T R S M

A new rela tio n ca lled similarity is defi ned, w hich m a inta ins a certa in fo rm o f symmetric

rela tio n, i.e. inverse relation T−1. In the sa m e line o f R S T a nd T R S M , sim ila rity c la ss

a nd inverse c la ss o f x ∈ U a re defi ned a s fo llo w .

T (x) = {y ∈ U : yTx} T−1(x) = {y ∈ U : xTy} (2.20)

F ina lly , lo w er a nd u p p er a p p ro x im a tio n o f a su b set o f U a re defi ned a nd co m p a red w ith

o ther a p p ro a ch o f ro u gh set theo ry . O ther directio n o f a dva ncem ent o f c la ssic a l ro u gh set

theo ry is fo u nd in [ B edi a nd C ha w la (2009) ].

T his thesis u ses T R S M a p p ro a ch to ha ndle the u ncerta inty o f lea ders c lu stering

m etho d. E u c lidea n dista nce m ea su re is u sed in lea ders m etho d a nd it is sy m m etric dis-

ta nce. T herefo re, to lera nce rela tio n is m o st a p p ro p ria te.

T . H o et al. [ H o a nd N gu y en (2002)] p ro p o sed a to lera nce ro u gh set m o del (T R S M )

b a sed do c u m ent c lu stering. In this a p p ro a ch, to lera nce rela tio n a nd to lera nce c la ss a re

defi ned b a sed o n co -o c c u rrence o f index term s p resent in do c u m ent set. C o -o c c u rrence

o f w o rds gives m ea ningfu l interp reta tio n a nd sem a ntic rela tio n b etw een them . L et ti b e

a n index term a nd fD(ti, tj) b e the nu m b er o f do c u m ents in w hich ti, tj c o -o c c u r. T he

to lera nce c la ss o f ti is defi ned a s

T (ti) = {tj ∈ T | fD(ti, tj) ≥ c2},

w here T is the set o f index term s. S im ila rity b etw een a p a ir o f do c u m ents is the fu nctio nTH-1069_BKPATRA
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o f u p p er a p p ro x im a tio ns o f the index term s o f the do c u m ents. U p p er a p p ro x im a tio n o f

X ⊆ T is T (X) :

T (X) = {ti ∈ T : T (ti) ∩X 6= ∅} (2.21)

U p p er a p p ro x im a tio ns o f a ll do c u m ents a re c a lc u la ted u sing eq u a tio n ( 2.21). M etho d

determ ines k rep resenta tives o f the w ho le do c u m ent set initia lly . In the nex t step , m etho d

w o rk s a s fo llo w . F o r ea ch do c u m ent x ∈ D, m etho d co m p u tes sim ila rity b etw een rep resen-

ta tive Ri, i = 1..k a nd xi. If sim ila rity is m o re tha n a p re-sp ec ifi ed p a ra m eter, then xi is

a ssigned to Ri. It a ga in selects rep resenta tive fro m ea ch c lu ster a nd rep ea ts the p ro cess o f

re-a llo c a tio n. T he m etho d u ses c o sine a nd J a c c a rd sim ila rity m ea su red in the c lu stering

p ro cess. F ina lly , ea ch u n-a ssigned do c u m ent is a llo c a ted to nea rest c lu ster.

D e a nd K rishna [ D e a nd K rishna (2004)] p ro p o sed ro u gh-a p p ro x im a tio n b a sed c lu s-

tering m etho d fo r w eb a c cess lo g da ta b a se. N o velty o f their a p p ro a ch is m ea su ring sim ila r-

ity b etw een tw o tra nsa ctio ns u sing S imilarity U pper Approximation, w hich is the fu nctio n

o f u p p er a p p ro x im a tio n o f to lera nce ro u gh set m o del. U p p er a p p ro x im a tio n o f a set o f

tra nsa ctio ns X , TX is defi ned a s fo llo w s.

TX =
⋃

x∈X

T (x), w here T (x) = {y ∈ D : s im(x, y) ≥ τ3},

s im(.) is a sim ila rity fu nctio n, τ3 is a u ser defi ned p a ra m eter. L et T (x) b e u p p er a p p ro x -

im a tio n o f tra nsa ctio n x. M etho d su c cessively c a lc u la tes T (x), T T (x), a nd this p ro cess

c o ntinu es u ntil tw o c o nsec u tive u p p er a p p ro x im a tio ns o f x a re sa m e, w hich is term ed a s

S im ila rity U p p er A p p ro x im a tio n. S im ila rity U p p er A p p ro x im a tio n is c a lc u la ted fo r ea ch

tra nsa ctio n in the da ta set. F ina lly , tra nsa ctio ns a re m erged into a c lu ster w ith sa m e

sim ila rity u p p er a p p ro x im a tio n va lu e. H o w ever, m etho d ha s tim e c o m p lex ity o f O(n2).

T o lera nce ro u gh set b a sed hiera rchic a l a gglo m era tive c lu stering m etho d is p ro p o sed fo r

seq u entia l da ta set [ K u m a r et a l. (2007)]. U p p er a p p ro x im a tio ns a re u tilized to m ea su re

sim ila rity b etw een a p a ir o f tra nsa ctio ns lik e p revio u s m etho d. H o w ever, this m etho ds

a c c o u nts nu m b er o f sha red elem ents b etw een tw o su c cessive u p p er a p p ro x im a tio ns o f

a tra nsa ctio n. L et T (x) b e the fi rst u p p er a p p ro x im a tio n o f x. T hen, sec o nd u p p erTH-1069_BKPATRA
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a p p ro x im a tio n o f x is :

T T (x) = {xj ∈
⋃

xl∈T (x)

T (xl) : R elS im (x, xj) ≥ σ},

w here RelSim(x, xj) =
|T (x) ∩ T (xj)|
|T (x)− T (xj)|

M etho d initia lly c a lc u la tes u p p er a p p ro x im a tio n o f ea ch tra nsa ctio n xi in the da ta set.

L et Si b e the u p p er a p p ro x im a tio n o f xi. N ex t, F o r ea ch tra nsa ctio n x, it c a lc u la tes nex t

higher o rder a p p ro x im a tio ns S ′
i. If Si = S ′

i, then tra nsa ctio ns in S ′
i a re m erged into a

c lu ster, o therw ise m etho d rep ea ts the p ro cess o f c a lc u la ting nex t higher o rder a p p ro x -

im a tio ns a nd su b seq u ently c o m p a riso n fo r p o ssib le m erging u ntil a ll tra nsa ctio ns fo rm

c lu sters. T hey sho w ed tha t their m etho d o u tp erfo rm s c la ssic a l c o m p lete-link c lu stering

m etho d.

S . K a w a sa k i et a l. [ K a w a sa k i et a l. (2000)] p ro p o sed to lera nce ro u gh set m o del

(T R S M ) b a sed hiera rchic a l do c u m ent c lu stering. T he m etho d ha s tw o p ha ses. In the

fi rst p ha se, it ex p lo its to lera nce ro u gh set m o del to enrich the do c u m ent rep resenta tio n

in term s o f sem a ntics rela tedness b etw een do c u m ents. T o lera nce rela tio n is defi ned b a sed

o n the co -o c c u rrence o f index term s p resent in do c u m ent sets. W eights o f ea ch index

term in a do c u m ent is c a lc u la ted b a sed o n the u p p er a p p ro x im a tio n o f the do c u m ent. In

the seco nd p ha se, a n a gglo m era tive c lu stering m etho d is a p p lied to the da ta set. In ea ch

step o f a gglo m era tio n, it m erges tw o m o st sim ila r c lu sters. H ere, sim ila rity is c a lc u la ted

b etw een the u p p er a p p ro x im a tio ns o f resp ective rep resenta tives o f the c lu sters instea d o f

a vera ge sim ila rity b etw een the do c u m ents in b o th c lu sters. R ep resenta tive Rk o f a c lu ster

Ck is c a lc u la ted dy na m ic a lly . Index term s (fea tu res) o f R a re c o llected increm enta lly b y

a na ly z ing ea ch do c u m ent in Ck a s fo llo w . Initia lly , Rk = ∅. F o r ea ch do c u m ent xj ∈ Ck,

fo r ea ch term ti ∈ xj , if freq u ency o f the term ti in Ck is m o re tha n a u ser sp ec ifi ed

va lu e, then ti is a dded to Rk a s a term , i.e., Rk = Rk ∪ {ti}. T hen, if it is fo u nd tha t

if a ny do c u m ent x do es no t c o ntrib u te a ny term to Rk, then m a x im u m w eighted term

in x is a dded to Rk. M etho d dem o nstra tes tha t T R S M b a sed do c u m ent rep resenta tio n

o u tp erfo rm s V S M (vecto r-sp a ce-m o del) b a sed rep resenta tio n fo r the retrieva l p u rp o se.TH-1069_BKPATRA
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T hesis ha s a c o ntrib u tio n in w hich to lera nce ro u gh set m o del is u tilized.

2.4 C o nc lusio n

T his cha p ter disc u ssed b a sic b a ck gro u nd o f c lu stering m etho ds a nd m a jo r c lu stering m eth-

o ds. D isc u ssio n em p ha sized o n the c lu stering m etho ds w hich ca n fi nd a rb itra ry sha p ed

c lu sters in la rge da ta set. T he cha p ter a lso p o inted o u t the resea rch directio n o f the thesis

a lo ng w ith dra w b a ck s o f the ex isting m etho ds. C o ntrib u tio n b egins w ith the nex t cha p -

ter, w hich p resents tw o dista nce b a sed hy b rid c lu stering m etho ds fo r fi nding c lu sters o f

a rb itra ry sha p es a nd sizes in la rge da ta set.

TH-1069_BKPATRA



C h ap te r 3

A distance b ased h yb rid c luste ring

meth o d fo r arb itrary sh ap ed c luste rs

in larg e datase t

3 .1 Intro ductio n

D ista nce b a sed c lu stering m etho ds u su a lly fi nd c lu sters o f c o nvex sha p es. H o w ever, c la s-

sic a l single-link is a dista nce b a sed c lu stering m etho d w hich ca n fi nd a rb itra ry sha p ed

c lu sters. It is u sed in m a ny a p p lic a tio ns su ch a s im a ge segm enta tio n, sp a tia l da ta m ining,

geo lo gic a l m a p p ing. T he single-link m etho d b u ilds a dendo gra m w here ea ch level rep re-

sents a c lu stering o f a da ta set. A su ita b le c lu stering is cho sen fro m the dendo gra m b a sed

o n req u irem ents. S electio n o f a c lu stering fro m dendo gra m ca n b e do ne b y sp ec ify ing

va rio u s sto p p ing co nditio ns a s fo llo w [ K leinb erg (2002)].

i) D ista nce h sto p p ing co nditio n : D ista nce b etw een a ny p a ir o f c lu sters in the c lu s-

tering sho u ld b e grea ter tha n h.

ii) k-c lu ster sto p p ing co nditio n: N u m b er o f c lu sters in the c lu stering sho u ld b e k.

iii) S c a le α sto p p ing co nditio n : L et ρ∗ b e the m a x im u m p a irw ise dista nce b etw een a ny

tw o p a tterns in the da ta set. T hen, the sto p p ing co nditio n is: dista nce b etw een a ny

55
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p a ir o f c lu ster sho u ld b e grea ter tha n αρ∗, w here 0 < α < 1.

S ingle-link c lu stering m etho d w ith dista nce-h sto p p ing co nditio n is referred to a s S L

m etho d in the thesis. K ra u se ex p lo ited S L m etho d in co m p u ta tio na l b io lo gy fo r sea rching

a gro u p o f ho m o lo go u s b io lo gic a l seq u ences [ K ra u se et a l. (2005)]. H o w ever, S L m etho d

ha s the fo llo w ing dra w b a ck s: (i) tim e a nd sp a ce c o m p lex ity o f O(n2), w here n is the size

o f the da ta set a nd (ii) sc a nning the da ta set m a ny tim es fo r c o nstru cting the dista nce

m a trix . T herefo re, this m etho d is no t su ita b le fo r la rge da ta set.

In this cha p ter, a dista nce b a sed hy b rid c lu stering m etho d w hich is su ita b le fo r c lu ster-

ing la rge da ta set is p ro p o sed. T he p ro p o sed m etho d is a c o m b ina tio n o f lea ders c lu stering

m etho d (p a rtitio na l c lu stering) a nd S L m etho d. T his hy b rid m etho d is term ed a s leader-

sing le-link (l-S L ) m etho d, (l sta nds fo r lea ders). In this m etho d, fi rst lea ders c lu stering

m etho d is a p p lied o n the da ta set to derive a set o f lea ders. S u b seq u ently , S L m etho d

is a p p lied o n the lea ders set to o b ta in the fi na l c lu stering. l-S L m etho d p ro du ces a fl a t

c lu stering o f the da ta set. T he co ntrib u tio ns o f this cha p ter a re a s fo llo w .

• P ro p o sed l-S L m etho d ca n fi nd c lu sters o f a rb itra ry sha p es a nd sizes.

• T he l-S L m etho d sca ns the da ta set o nce a nd it is signifi c a ntly fa ster tha n the S L

m etho d.

• T heo retic a lly , it is p ro ved tha t c lu stering p ro du ced b y the l-S L m etho d is a refi ne-

m ent [ T rem b la y a nd M a no ha r (1997)] o f the c lu stering p ro du ced b y S L m etho d.

H o w ever, the c lu stering resu lts p ro du ced b y l-S L m etho d m a y devia te fro m the fi na l

c lu stering p ro du ced b y S L m etho d. F ro m va rio u s ex p erim enta l stu dies, it is fo u nd tha t

devia tio ns a re no m ina l. T o o verc o m e this devia tio n (if a ny ), a c o rrectio n schem e is a lso

p ro p o sed a nd term ed a s al-S L m etho d. T he co rrectio n schem e ha s the fo llo w ing fea tu res.

• E x ec u tio n tim e o f the al-S L m etho d is m a rgina lly higher tha n the l-S L m etho d, b u t

signifi c a ntly fa ster tha n the S L m etho d.

• C lu stering resu lts p ro du ced b y the al-S L m etho d a nd the S L m etho d a re identic a l.TH-1069_BKPATRA
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• T he al-S L m etho d sca ns the da ta set tw ice. T herefo re, it is su ita b le fo r la rge da ta set.

T he rest o f the cha p ter is o rga nized a s fo llo w s. S ectio n 3.2 describ es a su m m a ry

o f rela ted w o rk s. S ectio n 3.3 describ es a b rief b a ck gro u nd o f the p ro p o sed c lu stering

m etho ds. S ectio n 3.4 describ es p ro p o sed dista nce b a sed hy b rid c lu stering m etho d (l-S L )

a nd a rela tio nship b etw een S L m etho d a nd l-S L m etho d. S ectio n 3.5 describ es p ro p o sed

im p ro vem ent o f the l-S L m etho d. E x p erim enta l resu lts a nd co nc lu sio ns a re disc u ssed in

S ectio n 3.6 a nd S ectio n 3.7, resp ectively .

3 .2 R e lated w o rk

F o r the sa k e o f rea da b ility , a b rief su m m a ry o f dista nce b a sed c lu stering m etho ds w hich

ca n ha ndle la rge da ta set (disc u ssed in S u b sectio n 2.3.3, S u b sectio n 2.3.4 o f C ha p ter 2)

is p resented here. T hese dista nce b a sed c lu stering m etho ds ca n b e c a tego rized into tw o

c la sses b a sed o n the sha p es o f c lu sters (glo b u la r o r no n-glo b u la r) p ro du ced b y them .

• G lo b ular-sh ap e b ased c luste ring : T he S eq u entia l A lgo rithm ic S chem e

[ T heo do ridis a nd K o u tro u m b a s (2006)] lik e B S A S , m o difi ed B S A S , T T S A S , M a x -

m in a lgo rithm , lea ders a re highly su ita b le fo r c lu stering la rge da ta set a s this schem e

sc a ns the da ta set tw ice. H o w ever, these m etho ds ca n fi nd o nly c o nvex ed sha p ed

c lu sters. O b jective o f the thesis is to develo p c lu stering m etho ds fo r a rb itra ry

sha p ed c lu sters. T herefo re, disc u ssio n o f o ther c lu stering m etho ds w hich fi nd glo b -

u la r sha p ed c lu sters in la rge da ta set [ D a sh et a l. (2003), Z ha ng et a l. (1996)] a re

no t inc lu ded here.

• No n g lo b ular-sh ap e (A rb itrary-sh ap e ) b ased c luste ring : D ista nce b a sed hi-

era rchic a l c lu stering m etho d single-link c a n fi nd a rb itra ry sha p ed c lu sters. H o w ever,

it is no t su ita b le fo r la rge da ta set. M etho ds a re develo p ed to m a k e single-link w o rk -

a b le in la rge da ta set. T hese a re disc u ssed b riefl y .

N a nni [ N a nni (2005)] ex p lo its tria ngle ineq u a lity p ro p erty o f m etric sp a ce to sp eed-

u p single-link c lu stering m etho ds. L et d b e a dista nce fu nctio n in a m etric sp a ceTH-1069_BKPATRA
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a nd x, y a nd z b e three a rb itra ry p o ints in the sp a ce. T hen, tria ngle ineq u a lity

sta tes tha t,

d(z, x) + d(x, y) ≥ d(y, z) (3.1)

R ew riting the a b o ve eq u a tio n ( 3.1), o ne ca n o b ta in the fo llo w ing eq u a tio n ( 3.2).

|d(x, y)− d(y, z)| ≤ d(x, z) ≤ d(x, y) + d(y, z) (3.2)

In this a p p ro a ch, eq u a tio n ( 3.2) is rep ea tedly u sed to a p p ro x im a te a ctu a l dista nce

b etw een x a nd z having k no w n the dista nce b etw een x, y a nd y, z. T he schem e

sho w s a la rge redu ctio n in dista nce c o m p u ta tio ns in k-c lu ster sto p p ing co nditio n o f

single-link m etho d. T he schem e needs to a c cess the da ta set m a ny tim es. K o ga et a l.

[ K o ga et a l. (2007)] p ro p o sed a ra ndo m ized versio n o f single-link m etho d. H ere, the

schem e u tilizes L ocality-S ensitive H ashing (L S H ) [ Indy k a nd M o tw a ni (1998 )] fo r

q u ick ly fi nding nea rest c lu ster o f a given c lu ster. It crea tes c lu stering hiera rchy o f a

given da ta set. It c a n fi nd c lu sters o f a rb itra ry sha p es a nd sizes. H o w ever, c lu stering

resu lts a re highly infl u enced b y m a ny p a ra m eters, w hich a re diffi c u lt to estim a te

in la rge size rea l da ta set. L S H a c ceses the da tset m a ny tim es fo r p erfo rm ing ra nge

q u ery . B o th o f the a b o ve a p p ro a ches k eep the w ho le da ta set in the m a in m em o ry

o f the co m p u ter. T herefo re, m etho ds ca nno t b e su ita b le fo r la rge size da ta set.

H y b rid c lu stering a p p ro a ch is a w a y to sp eed-u p c la ssic a l c lu stering m etho ds in la rge

da ta set. In this a p p ro a ch, a linea r p a rtitio na l c lu stering is a p p lied in fi rst p ha se to

o b ta in a nu m b er o f rep resenta tive p a tterns o f the da ta set. N ex t, a n a gglo m era tive

c lu stering a p p ro a ch is u sed to these rep resenta tives. M a ny hy b rid c lu stering m eth-

o ds a re fo u nd in [ M u rty a nd K rishna (198 1), W o ng (198 2), L in a nd C hen (2005),

L iu et a l. (2009)]. T hese a p p ro a ches sp eed u p single-link [ M u rty a nd K rishna

(198 1), W o ng (198 2)] o r a va ria nt o f single-link [ L in a nd C hen (2005), L iu et a l.

(2009)]. H o w ever, a ll these hy b rid a p p ro a ches u se k-m ea ns a s the b a se c lu stering

m etho d, w hich sc a ns the da ta set m a ny tim e b efo re it gets c o nverged.

V ija y a et a l. [ V ija y a et a l. (2006)] u ses single-sc a nned lea ders m etho d a s the b a seTH-1069_BKPATRA
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c lu stering in a hy b rid a p p ro a ch, w hich is u sed to redu ce the co m p u ta tio ns o f c la ssifi er

in p ro tein seq u ence a na ly sis. T he hy b rid a p p ro a ch p ro du ces a hiera rchy o f given

p ro tein seq u enceses. H o w ever, no theo retic a l a nd ex p erim enta l a na ly sis o f c lu stering

resu lts a re rep o rted in the p a p er. R ela tio n b etw een lea ders thresho ld (τ) a nd the

nu m b er o f fi na l c lu sters (k) a re a lso no t rep o rted.

3 .3 Backg ro und o f th e p ro p o sed meth o d

T w o w idely u sed c lu stering m etho ds v iz., lea ders c lu stering a nd single-link c lu stering

m etho d a re disc u ssed in this sectio n. T hese tw o c lu stering m etho ds have their o w n a d-

va nta ges a nd disa dva nta ges. T he p ro p o sed c lu stering m etho ds ex p lo it these tw o c lu stering

m etho ds.

L eaders c luste ring meth o d

L ea ders c lu stering m etho d is a single da ta -sc a n dista nce b a sed p a rtitio na l c lu stering

m etho d. F o r a given thresho ld dista nce τ , it p ro du ces a set o f lea ders L increm enta lly .

F o r ea ch p a ttern x, if there is a lea der l ∈ L su ch tha t ||x − l|| ≤ τ , then x is a ssigned

to a c lu ster rep resented b y l. T he tim e c o m p lex ity o f lea ders c lu stering is O(mn), w here

m = | L |. T he sp a ce c o m p lex ity is O(m). H o w ever, it c a n o nly fi nd co nvex sha p ed

c lu sters. It is a n o rder dep endent c lu stering m etho d.

Sing le -link c luste ring meth o d

S ingle-link [ S nea th a nd S o k a l (1973), O lso n (1995)] is a dista nce b a sed a gglo m era tive

hiera rchic a l c lu stering m etho d. In single-link , dista nce b etw een a ny tw o c lu sters is the

m inim u m o f dista nces b etw een a ll p a irs o f p a tterns ea ch o f w hich is fro m diff erent c lu ster.

It p ro du ces a hiera rchy o f c lu sterings. In this cha p ter, m inim u m inter-c lu ster dista nce

(h) is c o nsidered a s the selectio n criteria to fi nd fi na l c lu stering fro m the hiera rchy . T he

single-link m etho d w ith inter-c lu ster dista nce (h) is no ted a s the S L m etho d a nd dep icted

in A lgo rithm 3.1. T he S L m etho d is no t sc a la b le w ith the size o f da ta set. T he tim e a ndTH-1069_BKPATRA
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sp a ce req u irem ents o f S L m etho d a re O(n2) a nd it sc a ns a da ta set m a ny tim es.

A lg o rith m 3 .1 S L (D, h)

{D is a given da ta set, h is c u t-o ff dista nce}
P la ce ea ch p a ttern x ∈ D in a sep a ra te c lu ster. L et π1 = {C1, C2, .. . . . , Cn}
C o m p u te the inter-c lu ster dista nce m a trix a nd set i = 1.
w h ile {A p a ir o f c lu sters Cx, Cy ∈ πi su ch tha t D istance(Cx, Cy) ≤ h} do

S elect tw o c lo sest c lu sters Cl a nd Cm.
F o rm a new c lu ster C = Cl ∪ Cm.
N ex t c lu stering is πi+1 = πi ∪ {C} \ {Cl, Cm}; i = i + 1
U p da te dista nces fro m C to a ll o ther c lu sters in the cu rrent c lu stering πi.

end w h ile
O u tp u t fi na l c lu stering πi.

3 .4 Pro p o sed c luste ring meth o d

P ro p o sed l-S L c lu stering m etho d is a hy b rid schem e w ith a c o m b ina tio n o f a b o ve tw o

techniq u es (i.e. lea ders a nd S L m etho d). T he l-S L m etho d needs o nly a single p a ra m eter

h, (i.e. dista nce b etw een a p a ir o f c lu sters). L ik e o ther c lu stering m etho ds (k-m ea ns,

D B S C A N ), w e a ssu m e tha t the va lu e o f the p a ra m eter (h) is k no w n b efo re ha nd. In

this schem e, the set o f lea ders p ro du ced b y the lea ders c lu stering m etho d is u sed a s a

rep resenta tive set o f da ta set. S u b seq u ently , the S L m etho d is a p p lied to the rep resenta tive

set to o b ta in fi na l c lu stering.

3 .4.1 Se le c tio n o f leaders c luste ring meth o d and its th re sh o ld

T here ex ists a c a tego ry o f c lu stering m etho d ca lled seq u entia l a lgo rithm . T hese m eth-

o ds a re fa st a nd crea te a single c lu stering o f a da ta set [ T heo do ridis a nd K o u tro u m b a s

(2006)]. L ea ders c lu stering m etho d [ H a rtiga n (1975), S p a th (198 0)] is o ne o f this ty p e.

B a sic S eq u entia l A lgo rithm ic S chem e (B S A S ), m o difi ed B S A S (M B S A S ), M a x -m in a lgo -

rithm [ J u a n a nd V ida l (2000)], T w o -T hresho ld S eq u entia l A lgo rithm ic S chem e (T T S A S )

[ T heo do ridis a nd K o u tro u m b a s (2006)] a re diff erent va ria tio ns o f the lea ders c lu ster-

ing m etho d. H o w ever, a ll these m etho ds either sc a n da ta set m o re tha n o nce (M B S A S ,

T T S A S ) o r need m o re tha n o ne p a ra m eters (B S A S , T T S A S ).TH-1069_BKPATRA
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T he k-m ea ns [ M a c Q u een (1967)] m etho d ru ns in linea r tim e w ith the size o f da ta set.

It c a n b e u sed to select p ro to ty p es o f a da ta set. H o w ever, the k-m ea ns is a p p lic a b le to

nu m eric da ta set o nly a nd sca ns da ta set m o re tha n o nce b efo re c o nvergence.

T he lea ders c lu stering m etho d ca n b e a p p lied to a ny da ta set w here no tio n o f dista nce

(sim ila rity ) is defi ned. It needs o ne p a ra m eter (τ) a nd single da ta b a se sc a n.

D ista nce criteria τ fo r the lea der c lu stering m etho d in l-S L m etho d p la y s a m a jo r ro le to

p ro du ce fi na l c lu stering. It is o b vio u s tha t τ sho u ld b e less tha n tha t o f h. It is o b served

fro m ex p erim enta l resu lts tha t τ ≤ h/2 is req u ired to get c lu stering resu lts a t p a r w ith

resu lts o f S L m etho d a p p lied directly . M inim u m ex ec u tio n tim e o f l-S L m etho d is fo u nd

fo r τ = h/2. R esu lts o b ta ined u sing τ = h/2 is ex p la ined a na ly tic a lly in su b seq u ent

su b sectio ns.

3 .4.2 T h e l-SL meth o d : A variant o f sing le -link c luste ring meth o d

T he l-S L m etho d w o rk s a s fo llo w s. A t fi rst, a set o f lea ders (L) is o b ta ined a p p ly ing the

lea ders c lu stering m etho d to a da ta set u sing τ = h/2. T he lea ders set is fu rther c lu stered

u sing S L m etho d w ith cu t-o ff dista nce h w hich resu lts in c lu stering o f lea ders. F ina lly ,

ea ch lea der is rep la ced b y its fo llo w ers to p ro du ce fi na l c lu stering. T he l-S L m etho d is

dep icted in A lgo rithm 3.2.

A lg o rith m 3 .2 l-S L (D, h)

{D is a given da ta set, h is c u t-o ff dista nce}
A p p ly lea ders m etho d w ith τ = h

2
to D. {L et L b e the o u tp u t}

A p p ly S L (L, h) a s given in A lgo rithm 3.1. {O u tp u ts a c lu stering πL o f the lea ders. }
E a ch lea der in πL is rep la ced b y its fo llo w ers. {T his gives a c lu stering o f D (sa y πl).}
O u tp u t πl.

T im e a nd sp a ce c o m p lex ity o f the p ro p o sed m etho d a re a na ly zed a s fo llo w .

1. S tep o f o b ta ining the set o f lea ders (L) ta k es tim e o f O(mn), w here m = |L|. S p a ce

c o m p lex ity is O(m). It sc a ns da ta set o nce.TH-1069_BKPATRA
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2. T he S L (L, h) ha s tim e a nd sp a ce c o m p lex ity o f O(m2).

O vera ll ru nning tim e o f l-S L is O(mn + m2). S ince, m is a lw a y s less tha n n, the

co m p lex ity b ec o m es O(mn). E x p erim enta lly , w e sho w tha t l-S L is c o nsidera b ly fa ster

tha n tha t o f S L m etho d. It is b ec a u se, S L w o rk s w ith the entire da ta set, w herea s l-S L

w o rk s w ith the lea ders set (a su b set o f the da ta set). S p a ce c o m p lex ity o f l-S L m etho d is

O(m2).

3 .4.3 R eductio n o f distanc e c omp utatio ns in l-SL meth o d

T he l-S L m etho d ca lc u la tes dista nce m a trix fo r lea ders in o rder to a p p ly S L m etho d to the

lea ders. l-S L m etho d co m p u tes
m ∗ (m− 1)

2
dista nce c a lc u la tio ns (a ssu m ing tha t dista nce

fu nctio n is sy m m etric). H o w ever, these dista nce c o m p u ta tio ns c a n b e fu lly a vo ided if the

dista nce m a trix c a n b e fo rm ed du ring genera tio n o f lea ders m etho d. S o , w e p ro p o se to

m o dify lea ders c lu stering m etho d in su ch a w a y tha t it c a n o u tp u t dista nce m a trix a lo ng

w ith the set o f lea ders. M o difi ed L ea ders m etho d w o rk s a s fo llo w s.

D ista nce m a trix Dl[ ][ ] a nd lea ders set L a re b u ilt increm enta lly . T he very fi rst p a ttern

x1 o f D is a dded to L a s the fi rst lea der o f the da ta set. F o r ea ch p a ttern x ∈ D \ {x1},
it su c cessively c a lc u la tes dista nce b etw een x a nd lea der li ∈ L a nd sto res the dista nce

to a tem p o ra ry a rra y T [ |L| ] u ntil x b ec o m es a fo llo w er o f a n ex isting lea der o r a ll

lea ders in L a re check ed. If x b ec o m es a fo llo w er o f a lea der in L, then tem p o ra ry a rra y

T [ ] is disc a rded a nd m etho d rep ea ts the sa m e p ro cess w ith new p a ttern in the da ta set.

O therw ise, x b ec o m es a new lea der a nd a dded it to L. T he tem p o ra ry a rra y T [ ] sto res

dista nces fro m new lea der x to a ll o ther lea ders. T [ |L| ] is a dded a s a ro w to dista nce

m a trix Dl[ |L| ]. F ina lly , it o u tp u ts dista nce m a trix Dl[ ][ ] a nd lea ders set L. M o difi ed

lea ders is dep icted in A lgo rithm 3.3.

3 .4.4 R e latio nsh ip b e tw e en SL and l-SL

R ela tio nship b etw een S L m etho d a nd l-S L m etho d is fo rm a lly esta b lished in this sectio n.

F o r x, y ∈ D a nd a c lu stering π, w e deno te x ∼π y if x a nd y a re in a sa m e c lu ster o f π

a nd x �π y, o therw ise.TH-1069_BKPATRA
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A lg o rith m 3 .3 M o difi ed L ea ders(D, τ )

{D : D a ta set a nd τ : lea ders thresho ld dista nce }

L = {x1}; {x1 is fi rst p a ttern in D}
Dl[ ][ ] ← 0; { Dl[ ][ ] is D ista nce M a trix fo r lea ders }
fo r ea ch x ∈ D \ {x1} do

T [ |L| ] ← 0 {T [ .] is a tem p o ra ry a rra y }
fo r i = 1 to |L| do

C a lc u la te dista nce b etw een li a nd x. L et it b e d(li, x)
if d(li, x) ≤ τ th en

x is a dded a s a fo llo w er o f l; B rea k ;
e lse

T [i] = d(li, x);
end if

end fo r
if x is no t fo llo w er o f a ny lea der in L th en
L = L ∪ {x};
Dl[ |L|+ 1 ][ ]← T [ |L| ]

end if
end fo r
O u tp u t L, Dl[ ][ ].

L et π a nd πl b e fi na l c lu stering p ro du ced b y S L (dista nce sto p p ing criteria ) a nd l-S L fo r

sa m e va lu e o f h, resp ectively . T hen, π = πl, if the fo llo w ing tw o c o nditio ns ho ld.

1. F o r x, y ∈ D, if x ∼π y, then x ∼πl
y.

2. F o r x, y ∈ D, if x �π y, then x �πl
y

F o llo w ing defi nitio ns, lem m a s a nd theo rem a re dem o nstra ted fo r a p p lic a b ility o f a b o ve

tw o c o nditio ns fo r π a nd πl.

D e fi nitio n 3 .1 (R e fi nement) [ Tremblay and M anohar (19 9 7)] A refi nement of a par-

tition π1 = {B(1)
1 , B

(1)
2 , . . . , B

(1)
p } of D is a partition π2 = {B(2)

1 , B
(2)
2 , . . . , B

(2)
q }q> p of D

such that for each B
(2)
j ∈ π2 there is a B

(1)
i ∈ π1 and B

(2)
j ⊆ B

(1)
i . �

L emma 3 .1 If tw o arbitrary patterns x and y are in a dataset and S L method satisfi es

x �π y then l-S L satisfi es x �πl
y.TH-1069_BKPATRA
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P roof: T his is p ro ved b y c o ntra dictio n. A ny tw o p a tterns x a nd y a re no t in a c lu s-

ter a c c o rding to S L m etho d (i.e., x �π y) m ea ns tha t there is no seq u ence o f p a tterns

x, a1, . . . , ap, y su ch tha t dista nce b etw een a ny tw o su c cessive p a tterns is less tha n o r eq u a l

to h. If this do es no t ho ld then x a nd y m u st b e in a c lu ster.

L et lx b e a lea der su ch tha t x ∈ follow ers(lx), sim ila rly let ly b e a lea der su ch tha t

y ∈ follow ers(ly). S u p p o se there is a seq u ence o f lea ders lx, l1, . . . , lq, ly su ch tha t dista nce

b etw een a ny tw o su c cessive lea ders in the seq u ence is less tha n o r eq u a l to h. If so , lx

a nd ly a re gro u p ed into a c lu ster a c c o rding to the l-S L . S ince, a lea der is a lso a p a ttern in

a da ta set, there is a seq u ence o f p a tterns x, lx, l1, . . . , lq, ly, y su ch tha t dista nce b etw een

a ny tw o su c cessive p a tterns is less tha n o r eq u a l to h. T his is tru e fo r l-S L m etho d, since

dista nce b etw een a p a ttern a nd its lea der is a lw a y s less tha n o r eq u a l to h/2. S o , x a nd

y m u st b e gro u p ed in a c lu ster a c c o rding to S L . T his is the req u ired co ntra dictio n. �

L emma 3 .2 If tw o arbitrary patterns x and y are in a dataset and S L method satisfi es

x ∼π y, then l-S L method may not satisfy x ∼πl
y .

P roof : T he fo llo w ing scena rio m a y ex ist in fi na l c lu stering. L et x b e a fo llo w er o f a lx a nd

y b e a fo llo w er o f a ly. If ||x− y|| ≤ h, ||lx − x|| ≤ h/2, ||ly − y|| ≤ h/2 a nd ||lx − ly|| > h,

c lea rly , S L m etho d gro u p s these fo u r p a tterns into a c lu ster. S ince ||lx − ly|| > h, lx, ly

a nd their fo llo w ers a re no t gro u p ed into a c lu ster b y l-S L (fo r c la rity , this is a lso sho w n

in F igu re 3.1). H ence, x �πl
y ho lds. �

L em m a 3.1 sta tes tha t if x a nd y a re no t gro u p ed into a c lu ster b y S L m etho d then

l-S L do es no t gro u p them into a c lu ster. L em m a 3.2 sta tes tha t the nu m b er o f c lu sters

in the fi na l c lu stering p ro du ced b y l-S L m etho d m a y b e m o re tha n tha t o f the S L m etho d

i.e. few c lu sters p ro du ced b y l-S L m etho d m ight b e gro u p ed a s o ne c lu ster in S L m etho d.

F ro m the a b o ve tw o L em m a s the fo llo w ing T heo rem 3.1 c a n b e derived.

T h e o rem 3 .1 The clustering output of l-S L method is a refi nement of the clustering

output of S L method. �

A s p er the T heo rem 3.1, the ca rdina lity o f fi na l c lu stering genera ted b y l-S L m etho d m a y

b e m o re c o m p a red to fi na l c lu stering genera ted b y S L m etho d fo r a given da ta set, if theyTH-1069_BKPATRA
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< = h

.. .
l l
x y

.
< = h /2

< = h /2

> h

x y

F igu re 3.1: A p ro b a b le rep resenta tio n fo r L em m a 3.2

c o nsider the sa m e va lu e o f h. E x p erim ents w ith va rio u s sta nda rd a nd sy nthetic da ta set

sho w tha t the devia tio n (i.e diff erence in ca rdina lity ) is nil o r a sm a ll va lu e. H o w ever, to

get ex a ct c lu stering a s tha t o f the S L m etho d, fu rther refi nem ents (i.e. m erging o f the

devia ted c lu sters) o f l-S L m etho d is p ro p o sed in the fo llo w ing sectio n.

3 .5 A ug mented l-SL (a l-SL ) c luste ring meth o d

A s disc u ssed ea rlier, a few c lu sters in the fi na l resu lts o f l-S L m etho d m a y b e req u ired

to b e m erged in o rder to o b ta in the ex a ct fi na l resu lts a s tha t o f the S L m etho d. L et

the c lu stering resu lt o f the l-S L b e a c lu stering πl = {B1, B2, . . . , Bk}. L et (Bi, Bj) b e

a p a ir o f c lu sters in πl. If there ex ists a p a ir o f p a tterns x ∈ Bi a nd y ∈ Bj su ch tha t

||x− y|| ≤ h, then Bi a nd Bj m u st b e m erged to gether. In genera l, o ne needs to sea rch

fo r a ll p a irs o f c lu sters in πl to see w hether they c a n b e m erged. T he fo llo w ing L em m a 3.3

sho w s tha t it is no t req u ired to sea rch a ll p a irs o f c lu sters, ex cep t fo r a few p a irs.

D e fi nitio n 3 .2 (C luste r o f leaders) A cluster of leaders Bl
i = {l1, l2, . . . , lk} is a group

of k leaders, w hich are found by the l-S L method. �

L emma 3 .3 L et Bl
i and Bl

j be tw o clusters of leaders as found by the l-S L method w hich

are expanded into clusters of patterns (i.e. each leader is replaced w ith its follow ers set)

Bi and Bj. If D ista nce(Bl
i, B

l
j) > 2h, then D ista nce(Bi, Bj) > h.TH-1069_BKPATRA
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L ea d ers Clusterin g  
L ea d ers Clusterin g  I N P U T S

        M eth o d S L  M eth o d
        M eth o d

O
U

T
P

U
T

O
F

l-
S
L

(D, h) O U T P U T

al-S L

F igu re 3.2: D iff erent sta ges o f hy b rid c lu stering m etho ds l-S L a nd al-S L .

P roof: L et li b e a n a rb itra ry lea der in Bl
i a nd lj b e a n a rb itra ry lea der in Bl

j su ch tha t

||li− lj || > 2h. L et x b e a n a rb itra ry p a ttern in follow ers(li) a nd y b e a n a rb itra ry p a ttern

in follow ers(lj).

A s x is a fo llo w er o f li, w e get ||x− li|| ≤ h/2. S ince ||x− li|| ≤ h/2 a nd ||li − lj || > 2h,

w e get ||x− lj|| > 1.5h (b a sed o n tria ngle ineq u a lity ).

S im ila rly , ||lj−y|| ≤ h/2 a nd ||x−lj || > 1.5h, w e get ||x−y|| > h. C o nsidering ||x−y|| > h

sa tisfi es fo r a ll x a nd y, D istance(Bi, Bj) > h. �

It is o b vio u s (fro m the L em m a 3.3) tha t if D istance(Bl
i, B

l
j) > 2h, m erging o f the c lu sters

Bi a nd Bj is no t p o ssib le. O n the o ther ha nd, a s p er l-S L m etho d D istance (Bl
i, B

l
j) ≤ h

is no t p o ssib le (i.e. b o th o f the c lu sters a re in sa m e c lu ster). S o , the c lu sters Bl
i a nd

Bl
j m a y b e m erged, if h < D istance(Bl

i, B
l
j) ≤ 2h. T herefo re, fo llo w ers o f a few lea ders

in Bl
i a nd Bl

j need to b e sea rched fo r p o ssib le m erging o f c lu sters. It c a n b e m entio ned

tha t m erging o f c lu sters p a ir (Bi, Bj) is eq u iva lent to m erging o f the c lu sters (Bl
i, B

l
j).

C o nsidering a ll these p o ints, w e ha ve a u gm ented l-S L m etho d b y inco rp o ra ting a n o p tio n

o f m erging o f c lu sters. T his m etho d is term ed a s al-S L m etho d.

O nce c lu stering o f lea ders (πL) is a va ila b le fro m l-S L m etho d, al-S L m etho d fi nds p a irs o f

c lu sters (Bl
i, B

l
j) su ch tha t Dis tance(Bl

i, B
l
j) ≤ 2h. L et (li, lj), li ∈ Bl

i, lj ∈ Bl
j b e a p a ir

o f lea ders su ch tha t ||li − lj || = Dis tance(Bl
i, B

l
j). N ex t, w e identify a ll lea ders lx ∈ Bl

i

a nd ly ∈ Bl
j w hich sa tisfy fo llo w ing co nditio ns, (i) ||li − ly|| ≤ 2h, (ii) ||lj − lx|| ≤ 2h.TH-1069_BKPATRA
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T hese lea ders lx, ly a re the p o tentia l lea ders fo r p o ssib le m erging o f the c lu sters (Bl
i, B

l
j).

A ll su ch lea ders a re gro u p ed fo r fu rther o p era tio ns. L et LBi
b e a set o f a ll lx lea ders

a nd LBj
b e a set o f a ll ly lea ders. It im p lies tha t fo llo w ers o f the lea ders in sets LBi

a nd

LBj
a re p o tentia l dec isio n m a k er fo r m erging the c lu ster-p a ir Bl

i a nd Bl
j . T he nex t step

is to fi nd a ll fo llo w ers o f these lea ders, this req u ires the lea ders c lu stering to b e ex ec u ted

o nce m o re (o rdering o f p a tterns in da ta set a nd τ = h/2 to b e sa m e a s the fi rst tim e

sc a nning). T his tim e w e sto re fo llo w ers o f a ll p o tentia l lea ders fo r m erging.

T he la st step o f p o ssib le m erging is to fi nd the dista nce b etw een p a ir o f p a tterns (i.e.

fo llo w ers) o f a p a ir o f c lu sters (Bl
i, B

l
j) su ch tha t Dis tance(Bl

i, B
l
j) ≤ 2h. If the dista nce

b etw een tw o p a tterns (i.e. fo llo w ers) o f the p a ir o f c lu sters is less tha n o r eq u a l to h, then

the c lu ster-p a ir is m erged. D iff erent sta ges o f the l-S L a nd al-S L m etho ds a re su m m a rized

in F igu re 3.2. T he al-S L m etho d is given in A lgo rithm 3.4.

3 .5 .1 C omp le x ity A nalysis

T he al-S L m etho d ha s tw o p a rts v iz., l-S L p a rt a nd the m erging p a rt. T he co m p lex ity

a na ly sis o f the l-S L is disc u ssed in p revio u s sectio n. H ere, c o m p lex ity o f the m erging p a rt

is disc u ssed.

i) F inding p o tentia l lea ders sets fo r p o ssib le m erging o f a p a ir o f c lu sters (Bl
i, B

l
j) c a n

b e do ne in O(m) tim e. F o r a ll p a irs o f c lu sters, it ta k es tim e o f O(m). S p a ce

req u irem ent fo r this step is O(m2).

ii) S p a ce req u irem ent to sto re the fo llo w ers o f S is O(
∑|S|

k=1 |lk|, lk ∈ S) a nd the tim e

req u irem ent is O(mn).

iii) T im e req u ired fo r fi nding m inim u m dista nce b etw een a p a ir o f lea ders is O(f 2),

w here f is the a vera ge nu m b er o f fo llo w ers o f a lea der. If ma is the a vera ge nu m b er

o f p o tentia l lea ders resp o nsib le fo r m erging a p a ir o f c lu sters, then the tim e req u ired

to fi nd m inim u m dista nces fo r a ll p a ir o f c lu sters is O(m2
af

2).

T im e c o m p lex ity o f the m erging p a rt is O(m)+O(mn)+O(m2
af

2), i.e. O(mn+m2
af

2)

a s m < n. A s ma < m, m2
af

2 ≈ mn. S o , tim e c o m p lex ity o f this p a rt is a p p ro x im a telyTH-1069_BKPATRA
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A lg o rith m 3 .4 al-S L (D, h) / *D is a given da ta set, h is c u t-o ff dista nce * /

Apply leaders method with τ = h/ 2 to D. {O utputs L, set of leaders.}
Apply S L (L, h) as giv en in Algorithm 3.2. {O utputs πL, a clustering of L.}
S = ∅ {The merging part begins}
for each pair of clusters (Bl

i, B
l
j) in πL with Distance(Bl

i, B
l
j) ≤ 2h do

Identify a pair of leaders (li, lj) such that ||li − lj || = Distance(Bl
i, B

l
j))

LBi
= ∅; LBj

= ∅
for each lx ∈ Bl

i do

if ||lx − lj || ≤ 2h then

LBi
= LBi

∪ {lx}
end if

end for

for each ly ∈ Bl
j do

if ||ly − li|| ≤ 2h then

LBj
= LBj

∪ {ly}
end if

end for

S = S ∪ LBi
∪ LBj

. { S, set of potential leaders for possible merging}
end for

if S 6= ∅ then

Apply leaders method with τ = h/ 2 and store followers of leaders in S. {D is scanned

for second time in same order}
for each pair of clusters (Bl

i, B
l
j) in πL such that Distance(Bl

i, B
l
j) ≤ 2h do

for each pair of potential leaders (la, lb) such that la ∈ LBi
and lb ∈ LBj

do

F ind two nearest followers (x, y) ; x ∈ la and y ∈ lb
if ||x− y|| ≤ h then

M erge Bl
i and Bl

j into a single cluster; break ;
end if

end for

end for

end if {The merging part ends}
πL is conv erted into πalS L by replacing each leader by its followers. O utput πalS L .

O(mn). S p a ce c o m p lex ity is O(m2)+O(|S| ∗ f) ≈ O(m2) (since, |S| is very less tha n m).

O vera ll tim e c o m p lex ity o f al-S L m etho d b ec o m es O(mn) a nd overa ll sp a ce c o m p lex ity is

O(m2).

A s disc u ssed in sectio n 3.3, the resu lts o f lea ders c lu stering dep end o n the sc a nning

o rder o f the da ta set. T he sa m e is tru e fo r l-S L m etho d. H o w ever, c lu stering resu lts

o f al-S L m etho d a re indep endent o f the sc a nning o rder. It is p ro ved in the fo llo w ing

su b sectio n.TH-1069_BKPATRA
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3 .5 .2 R e latio nsh ip b e tw e en SL and al-SL

In this sectio n, w e fo rm a lly esta b lish tha t c lu stering resu lt p ro du ced b y the al-S L m etho d

is sa m e a s tha t o f the S L m etho d a nd resu lt o f the al-S L is indep endent o f the sc a nning

o rder o f the da ta set.

D e fi nitio n 3 .3 (R each ab le ) A pattern x ∈ D is reachab le from another pattern y ∈
D, if there exists a sequence of patterns x1, x2, . . . , xp, w here x1 = y, xp = x such that

||xi − xi+1||i=1..p−1 ≤ h, xi ∈ D. �

T his reachab le rela tio n R ∈ D ×D is a n eq u iva lence rela tio n.

L emma 3 .4 The clustering results produced by the al-S L method is same as that of the

S L method.

P roof : L et πS L = {C1, C2, . . . , Ck}, w here Ci ⊆ D, b e the c lu stering resu lt p ro du ced

b y S L m etho d. Ci = {xi ∈ D : xi is rea cha b le fro m xj ∈ Ci} is a c lu ster o f D. T he

πS L is a p a rtitio n o f D. T herefo re, there ex ists a u niq u e eq u iva lent rela tio n R1 o n D a nd

ea ch Ci ∈ πS L is a n eq u iva lence c la ss o f D b y the rela tio n R1, Ci = [xi]R1 = {xj ∈ D |
xiR1xj}. C lea rly , R1 is a rea cha b le rela tio n o f D.

T he al-S L m etho d initia lly c rea tes a p a rtitio n πL = {Bl
1, B

l
2, . . . , B

l
p} o f lea ders set L,

w here Bl
i is a c lu ster o f lea ders. πl = {B1, B2, . . . , Bp} c a n b e a p a rtitio n o f the da ta set

if ea ch lea der l ∈ Bl
i ∈ πL is rep la ced b y its fo llo w ers (N o te tha t ea ch Bl

i c o nverted into

Bi ∈ πl w ith a m a p p ing f : πL → πl su ch tha t f(Bl
i) = Bi). H o w ever, πl 6= πS L du e

to T heo rem 3.1. T here m a y ex ist a p a ir o f p a tterns x ∈ Bi, y ∈ Bj(i 6= j) su ch tha t

||x− y|| ≤ h (L em m a 3.2). A ga in, a c c o rding to L em m a 3.3, there c a nno t b e a ny p a ir o f

p a tterns x ∈ Bi, y ∈ Bj su ch tha t ||x − y|| ≤ h, if Dis tance(Bl
i, B

l
j) > 2h. T herefo re,

al-S L ex ha u stively sea rches fo llo w ers o f a ll p o tentia l lea ders o f ea ch p a ir (Bl
i, B

l
j) w ith

Dis tance(Bl
i, B

l
j) ≤ 2h (A lgo rithm 3.4). If there ex ists a p a ir o f fo llo w ers (p a tterns) x, y

o f a ny p o tentia l lea ders p a ir o f (Bl
i, B

l
j) su ch tha t ||x−y|| ≤ h, then al-S L m etho d m erges

(Bl
i, B

l
j). F ina lly , it p ro du ces a c lu stering πalS L = {B1, B2, . . . , Bk}k< =p. T he πalS L is a lso

a p a rtitio n o f D a nd co rresp o nds a n eq u iva lence rela tio n R2. T herefo re, Bi ∈ πalS L is a nTH-1069_BKPATRA
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eq u iva lent c la ss o f D b y R2. M o re fo rm a lly , [xi]R2 = Bi = {xj ∈ D : xj is rea cha b le fro m

xi ∈ Bi}. C lea rly , R2 is a lso a rea cha b le rela tio n o f D. T herefo re, R2 = R1. It fo llo w s tha t

πS L = πalS L . �

T h e o rem 3 .2 C lustering results produced by the al-S L method is independent of the scan-

ning order of the dataset by leaders clustering method.

P roof : F o r the sa k e o f sim p lic ity , w e c o nsider tw o diff erent sc a nning o rders o f the da ta set

D b y lea ders c lu stering m etho d. L et L = {l1, l2, . . . , lm1} a nd L′ = {l′1, l′2, . . . , l′m2} b e

tw o sets o f lea ders o b ta ined in tw o diff erent sc a nning o rders. H a ving a p p lied the al-S L

m etho d to L a nd L′ sep a ra tely , w e o b ta in tw o p a rtitio ns πalS L = {B1, B2, . . . , Bk} a nd

π′
alS L = {B′

1, B
′
2, . . . , B

′
k′}, resp ectively . W e ha ve to sho w tha t πalS L = π′

alS L .

F ro m L em m a 3.4, w e c a n sa y tha t πalS L a nd π′
alS L b o th co rresp o nd to sa m e eq u iva lence

rela tio n, w hich is a rea cha b le rela tio n o n D. T herefo re, πalS L = π′
alS L . �

3 .5 .3 E stimating th e value o f h

P ro p o sed c lu stering m etho ds l-S L a nd al-S L need a p a ra m eter h. T w o a p p ro a ches fo r

fi nding the va lu e o f h a re rep o rted a s fo llo w .

• F irst ap p ro ach : M a ny domain experts k no w a p p ro x im a te dista nces b etw een na t-

u ra l c lu sters. F o r ex a m p le, cell b io lo gists m ight have a n idea o f a vera ge dista nce

b etw een the chro m o so m es. M edic a l p ra ctitio ner m ight have so m e k no w ledge a b o u t

the a vera ge dista nces b etw een b o nes in diff erent p a rts o f the b o dy in x -ra y im a ge.

• Se c o nd A p p ro ach : T his a p p ro a ch selects O(
√

n) p a tterns fro m a da ta set ra n-

do m ly a nd single-link c lu stering m etho d is a p p lied to these selected p a tterns. F ro m

dendo gra m genera ted b y the single-link m etho d, o ne ca n fi nd life time fo r ea ch c lu s-

tering. L ife time (L T) [ J a in a nd M a rtin (2005)] o f a c lu stering πi is defi ned a s

fo llo w .

LT (πi) = (di − di+1),

w here di, di+1 a re the dista nces b etw een tw o c lo sest c lu sters in πi a nd πi+1 c lu ster-

ings, resp ectively ;TH-1069_BKPATRA
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πi, πi+1 a re c lu sterings o b ta ined fro m tw o c o nsec u tive la y ers o f the dendo gra m . M ax-

imum life time c lu stering is tha t fo r w hich life tim e is m a x im u m .

T his maximum life time c a n b e c o nsidered a s the va lu e o f h.
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F igu re 3.3: S p ira l da ta set.

T a b le 3.1: D a ta set u sed in ex p erim ents

D a ta set # P a tterns # F ea tu res
D N A 2000 18 0

B a na na 4900 2
S p ira l (S y nthetic) 3330 2

P endigits 7494 16
S hu ttle 58 000 9
G D S 10 23709 28

C irc le4 (S y nthetic) 28 000 2
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3 .6 E x p e rimental E valuatio n

In this sectio n, the p ro p o sed m etho ds (l-S L a nd al-S L ) a re eva lu a ted ex p erim enta lly . T he

m etho d p ro p o sed in [ N a nni (2005)] k eep s da ta set a s w ell a s dista nce-m a trix fo r the entire

da ta set in p rim a ry m em o ry . T he schem e p ro p o sed in [ K o ga et a l. (2007)] needs m a ny

p a ra m eters to b e a dju sted to p ro du ce sa m e c lu stering a s tha t o f the single-link m etho d,

w hich a re diffi c u lt to determ ine. T his m etho d a lso req u ires w ho le da ta set to b e k ep t in

p rim a ry m em o ry . T herefo re, these m etho ds a re no t su ita b le fo r la rge da ta set. T he hy b rid

c lu stering m etho d in [ V ija y a et a l. (2006)] is u sed to redu ce c o m p u ta tio na l b u rden o f

c la ssifi c a tio n. C lu stering resu lts a re no t a na ly zed ex p erim enta lly . T here is no rela tio n

b etw een the lea ders thresho ld (τ) a nd the nu m b er o f c lu sters (k). T herefo re, c o m p a riso ns

w ith the p ro p o sed schem es a re no t rep o rted here.

S o , c lu stering resu lts o f the l-S L , al-S L m etho ds w ith tha t o f the S L m etho d a re c o m p a red

w ith help o f R a nd Index (RI) [ R a nd (1971)]. R a nd Index (RI) is defi ned a s fo llo w s.

G iven a da ta set D o f n p a tterns a nd let π1 a nd π2 b e tw o c lu sterings o f D. RI is a

sim ila rity m ea su re b etw een a p a ir o f c lu sterings, i.e.

RI(π1, π2) =
a1 + e1

a1 + b1 + c1 + e1

w here, a1 is the nu m b er o f p a irs o f p a tterns b elo nging to a c lu ster in π1 a nd to a sa m e

c lu ster in π2, b1 is the nu m b er o f p a irs b elo nging to a sa m e c lu ster in π1 b u t to diff erent

c lu sters in π2, c1 is the nu m b er o f p a irs b elo nging to diff erent c lu sters in π1 b u t to a sa m e

c lu ster in π2, a nd e1 is the nu m b er o f p a irs o f p a tterns b elo nging to diff erent c lu sters in

π1 a nd to diff erent c lu sters in π2.

R a nd Index (RI) a re c o m p u ted b etw een the c lu sterings p ro du ced b y l-S L a nd S L

m etho d, a nd b etw een the c lu sterings p ro du ced b y al-S L a nd S L m etho d fo r va rio u s

va lu es o f h. T o p ro ve eff ectiveness o f the p ro p o sed m etho ds, ex p erim ents a re c o n-

du cted w ith sta nda rd a s w ell a s la rge da ta set. T w o sy nthetic a nd fi ve rea l w o rld da ta setTH-1069_BKPATRA
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F igu re 3.4: E x p erim ents w ith S p ira l da ta set

(http://archive.ics.uci.edu/ml/, http://www.ncbi.nlm.nih.gov/geo/) a re u sed a f-

ter elim ina ting c la ss la b els. A b rief descrip tio n o f the da ta set is given in T a b le 3.1. P lo t

o f a sy nthetic da ta set (S p ira l D a ta ) is sho w n in F ig. 3.3.

3 .6.1 E x p e riments w ith standard datase t

A ll m etho ds (l-S L , al-S L a nd S L ) a re im p lem ented u sing C la ngu a ge a nd ex ec u ted o n

Intel C o re 2 D u o C P U (3.0 G H z) w ith 2 G B R A M IB M P C . S L m etho d is im p lem ented

u sing N ea rest neighb o r a rra y [ O lso n (1995)].

T he l-S L a nd the al-S L m etho ds a re tested w ith S p ira l da ta set a nd resu lts a re rep o rted

in T a b le 3.2. T he l-S L m etho d p ro du ces fi ve (5) c lu sters o f a rb itra ry sha p es (F ig. 3.4(a )).

H o w ever, it c a nno t fi nd ex a ct nu m b er o f c lu sters (i.e. 2) o f the da ta set. O n the o ther ha nd,

the al-S L m etho d fi nds ex a ctly tw o a rb itra ry sha p ed c lu sters o f the da ta set (F ig. 3.4(b )).

F u rther, the l-S L m etho d is m o re tha n 160 tim es fa ster tha n tha t o f the S L m etho d.

C lu stering resu lts o f the l-S L m etho d (RI = 0.8 08 ) is no t sa m e a s tha t o f the S L m etho d

(RI = 1.000) (T a b le 3.2). T he al-S L m etho d p ro du ces sa m e c lu stering resu lts a s p ro du ced

b y the S L m etho d (RI = 1.000). H o w ever, ex ec u tio n tim e o f the al-S L m etho d is slightlyTH-1069_BKPATRA
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T a b le 3.2: E x p erim enta l R esu lts o f hy b rid m etho ds w ith sta nda rd da ta set

D a ta set D ista nce( h ) M etho d T im e (in S ec .) R a nd Index (RI)
S p ira l 50.0 l-S L 0.08 0.8 08

(S y nthetic) 50.0 al-S L 0.12 1.000
50.0 S L 20.8 5 –
40.0 l-S L 0.12 1.000
40.0 al-S L 0.14 1.000
40.0 S L 19.32 –

D N A 11.00 l-S L 6.68 1.000
11.00 al-S L 9.61 1.000
11.00 S L 250.28 –
9.00 l-S L 6.72 1.000
9.00 al-S L 9.61 1.000
9.00 S L 232.8 4 –

B a na na 0.70 l-S L 0.01 0.999
0.70 al-S L 0.04 1.000
0.70 S L 43.55 –
0.50 l-S L 0.02 0.998
0.50 al-S L 0.05 1.000
0.50 S L 42.60 —
0.30 l-S L 0.07 0.997
0.30 al-S L 0.11 1.000
0.30 S L 41.68 –

higher tha n the l-S L m etho d b u t m o re tha n 100 tim es fa ster tha n tha t o f the S L m etho d

w ith h = 50 a nd h = 40 (T a b le 3.2).

T o sho w p erfo rm a nce o f the p ro p o sed m etho ds w ith va ria b le da ta set sizes, ex p erim ents

a re p erfo rm ed u sing S p ira l da ta set. In F ig. 3.5(a ), F ig. 3.5(b ), c u rves fo r l-S L a nd al-S L

m etho ds a re a lm o st p a ra llel a nd c lo se to ho riz o nta l a x is. B o th p lo ts sho w tha t l-S L

a nd al-S L m etho ds gro w linea rly w ith the size o f the da ta set, w herea s S L m etho d gro w s

q u a dra tic a lly fo r a va lu e o f h = 50. T im e ta k en b y three m etho ds (S L , l-S L a nd al-S L )

a re sho w n in F igu re 3.6. It c a n b e c o nc lu ded tha t p ro p o sed schem es a re m o re sc a la b le

a nd eff ective fo r la rge da ta set.

T o sho w the tim e req u irem ent o f the m erging p ro cess in al-S L m etho d, ex p erim ents a re

a lso p erfo rm ed w ith the S p ira l da ta set. In the m erging p a rt o f the al-S L m etho d, p o tentia l

lea ders a re sea rched fo r p o ssib le m erging o f c lu sters. F igu re 3.7 sho w s the p ercenta ge o fTH-1069_BKPATRA
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F igu re 3.5: T im e ta k en b y l-S L , al-S L a nd S L m etho ds fo r S p ira l D a ta set w ith h = 50.

to ta l lea ders to b e sea rched w ith resp ect to dista nce (h). It sho w s tha t al-S L m etho d

selects o nly few nu m b er o f lea ders (< 10% ) fo r p o ssib le m erging in w ide ra nge o f h va lu es.

F o r the D NA datase t, l-S L a nd al-S L b o th p ro du ce sa m e c lu stering resu lts (RI =

1.000) a s p ro du ced b y the S L m etho d. B o th o f these m etho ds a re signifi c a ntly fa ster tha n

tha t o f the S L m etho d.

In ca se o f the Banana datase t, l-S L c o u ld no t p ro du ce sa m e resu lts a s p ro du ced b y

the S L m etho d, b u t l-S L is signifi c a ntly fa ster tha n tha t o f the S L m etho d. T he al-S L

m etho d p ro du ces the sa m e resu lts a s p ro du ced b y the S L m etho d. T he al-S L m etho d

ta k es slightly m o re tim e c o m p a red to the l-S L m etho d.

3 .6.2 E x p e riments w ith larg e datase t

E x p erim ents a re a lso c o ndu cted w ith la rge da ta set o n Intel X eo n P ro cesso r (3.6G H z)

w ith 8 G B R A M IB M S erver to sho w the eff ectiveness o f the p ro p o sed c lu stering m etho ds

in la rge da ta set. E x p erim enta l resu lts a re rep o rted in T a b le 3.3.

S y nthetic da ta set C irc le4 c o nta ins fo u r (4) c irc les o f sa m e ra diu s a nd they a re w ellTH-1069_BKPATRA
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F igu re 3.6: E x ec u tio n tim e o f the l-S L , al-S L a nd S L m etho ds fo r S p ira l D a ta set a t h=50.

sep a ra ted fro m ea ch o ther. T he resu lts o f the l-S L m etho d a re very c lo se to the resu lt o f the

S L m etho d. l-S L m etho d is signifi c a ntly fa ster tha n S L m etho d. al-S L m etho d p ro du ces

sa m e c lu stering a s tha t o f S L m etho d. H o w ever, its ex ec u tio n tim e is m a rgina lly higher

tha n l-S L m etho d. S im ila r resu lts a re a lso o b served fo r o ther three rea l-w o rld da ta set

(Pendig its, Sh uttle and G D S10 ).

Pendig its is a ha ndw ritten digits da ta set [ F ra nk a nd A su nc io n (2010)]. In this

da ta set, p a tterns a re distrib u ted over ten c la sses (0, 1, . . . , 9). T ra ining set (elim ina t-

ing c la ss la b els) is u sed to sho w the eff ectiveness o f the p ro p o sed m etho ds w ith rea l-w o rld

da ta set. C lu stering resu lts p ro du ced b y l-S L m etho d is c lo se (RI = 0.999, w ith h =

90 , RI = 0.993 w ith h = 70) to the c lu sterings p ro du ced b y the S L m etho d (T a b le 3.3).

T he al-S L m etho d p ro du ces identic a l (sa m e) c lu stering resu lts (RI = 1.000) a s p ro du ced

b y the S L m etho d (T a b le 3.3). H o w ever, l-S L a nd al-S L m etho ds a re m o re tha n tw o o rders

o f m a gnitu de fa ster tha n the S L m etho d.

Sh uttle D atase t: T his da ta set ha s 9 integer va lu ed a ttrib u tes o f 58 , 000 p a tterns dis-

trib u ted over 7 c la sses (a fter m erging tra ining a nd test sets). C la ss la b els a re elim ina tedTH-1069_BKPATRA
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F igu re 3.7: T he p ercenta ges o f lea ders sea rched b y the al-S L m etho d fo r S p ira l D a ta S et.

fro m the a ll p a tterns. F igu re 3.8 sho w s ex ec u tio n tim e o f the three m etho ds fo r va ri-

a b le da ta set size. D a ta set size va ries fro m 5, 000 to 40, 000 fo r h = 0.01 w ith S hu ttle

da ta set. W hen da ta set size is m o re tha n 40, 000, ex ec u tio n co u ld no t b e c o m p leted du e to

m em o ry sho rta ge. T o sto re dista nce m a trix fo r the entire da ta set, S L m etho d co nsu m es

58 000 × 58 000 × 4 = 12.54G B m em o ry . T herefo re, ex p erim enta l resu lts o f S L m etho d

w ith w ho le da ta set a re no t rep o rted. W herea s, l-S l a nd al-S L m etho d p ro du ce resu lts

w ithin 20 seco nds fo r the w ho le da ta set. R a nd Index (RI) b etw een the resu lts o f l-S L

a nd the resu lts o f al-S L m etho ds fo r this da ta set a re rep o rted in T a b le 3.3.

F ro m G E O da ta b a se (http://www.ncbi.nlm.nih.gov/geo/), w e select a da ta set na m ed

G D S10 . P a tterns w ith m issing va lu es a re rem o ved fro m this da ta set. F ina lly , w e u se

23, 709 o u t o f 39, 114 p a tterns fo r the ex p erim ents. T he l-S L a nd S L m etho ds a re m o re

tha n three a nd four o rders o f m a gnitu de fa ster tha n the S L m etho d w ith h = 700.

F o r a ll da ta set, sim ila r trends a re fo u nd (a s disc u ssed a nd p ro ved theo retic a lly ) i.e. l-S L is

fa stest w ith a p p ro x im a te S L c lu stering resu lts. al-S L is slightly slo w er tha n l-S L m etho dTH-1069_BKPATRA
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T a b le 3.3: E x p erim enta l R esu lts w ith la rge da ta set

D a ta S et D ista nce(h) M etho d T im e(in S ec .) R a nd Index (RI)
P endigits 90.0 l-S L 0.46 0.999

90.0 al-S L 0.79 1.000
90.0 S L 392.59 –
70.0 l-S L 1.38 0.993
70.0 al-S L 2.14 1.000
70.0 S L 430.46 –

S hu ttle 0.02 l-S L 9.13 0.999
0.02 al-S L 19.38 ——–
0.02 S L (40,000) 6929.77
0.01 l-S L 9.32 0.999
0.01 al-S L 20.27 ——–
0.01 S L (40,000) 6929.77

G D S 10 700 l-S L 0.50 0.999
700 al-S L 1.15 1.000
700 S L 4105.35 -
900 l-S L 0.26 0.999
900 al-S L 0.62 1.000
900 S L 4105.35 -

C irc le4 0.08 l-S L 19.65 0.995
(S y nthetic) 0.08 al-S L 36.02 1.000

0.08 S L 948 .26 –
0.20 l-S L 19.35 1.000
0.20 al-S L 20.6 1.000
0.20 S L 960.25 –

b u t signifi c a ntly fa ster tha n S L m etho d w ith ex a ct S L c lu stering resu lts.

C o nsidering the ex p erim enta l a nd theo retic a l resu lts, it is c lea r tha t the p ro p o sed

m etho ds a re signifi c a ntly fa st a nd su ita b le fo r la rge da ta set.

3 .7 C o nc lusio ns

T he S L m etho d ca n fi nd a rb itra ry (no n-c o nvex ) sha p ed c lu sters in a da ta set. H o w ever,

S L m etho d sca ns da ta set m a ny tim es. It ha s tim e a nd sp a ce c o m p lex ity o f O(n2). S o ,

S L m etho d is no t su ita b le fo r la rge da ta set. In this cha p ter, w e p ro p o sed tw o c lu stering

m etho ds to detect a rb itra ry sha p ed c lu sters fo r la rge da ta set. T he fi rst m etho d, l-S LTH-1069_BKPATRA
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F igu re 3.8 : E x ec u tio n tim e o f the l-S L , al-S L a nd S L m etho d fo r S hu ttle D a ta set.

ta k es c o nsidera b ly less tim e c o m p a red to tha t o f the S L m etho d a nd sca ns the da ta set

o nly o nce. C lu stering resu lts p ro du ced b y l-S L is very c lo se to tha t o f the S L m etho d.

S o , l-S L is su ita b le fo r the a p p lic a tio ns w here fa ster a nd a p p ro x im a te c lu stering su ffi ce.

T he sec o nd m etho d, al-S L p ro du ces ex a ct c lu stering resu lts a s p ro du ced b y the S L

m etho d. E x ec u tio n tim e o f the al-S L m etho d is slightly m o re tha n tha t o f the l-S L m etho d.

E x p erim enta l resu lts c o nfi rm tha t the p ro p o sed m etho ds a re fa st a nd su ita b le fo r la rge

da ta set.

T he al-S L m etho d ca n no t p ro du ce hiera rchic a l stru ctu re o f a da ta set. T herefo re, nex t

cha p ter p ro p o ses a da ta su m m a riz a tio n techniq u e fo r sp eeding u p hiera rchic a l c lu stering

m etho d in la rge da ta set.
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C h ap te r 4

A ne w data summarizatio n fo r

h ie rarch ical sing le -link meth o d in

larg e datase t

4.1 Intro ductio n

O ne im p o rta nt c a tego ry o f c lu stering a p p ro a ches is hiera rchic a l c lu stering. H iera rchi-

c a l m etho ds o u tp u t hiera rchic a l stru ctu res o f a given da ta set. H o w ever, these m etho ds

a ssu m e tha t entire da ta set rem a ins in m a in m em o ry o f the m a chine du ring p ro cessing

tim e. T hese m etho ds sc a n da ta set m u ltip le tim es to p ro du ce fi na l c lu stering resu lts.

T hese a re p o tentia lly severe p ro b lem s fo r c lu ster a na ly sis in la rge da ta set. O ne rem edy

fo r tho se p ro b lem s is to crea te a su m m a ry o f a given da ta set a nd the su m m a ry is su b -

seq u ently u sed to sp eed u p c la ssic a l c lu stering m etho ds in la rge da ta set [ Z ha ng et a l.

(1996), B ra dley et a l. (1998 ), D u M o u chel et a l. (1999), B reu nig et a l. (2001)].

T he S ingle-link , O P T IC S a re w ell k no w n hiera rchic a l m etho ds, w hich ca n fi nd a rb i-

tra ry sha p ed c lu sters in da ta set. D ensity b a sed O P T IC S [ A nk erst et a l. (1999)] c lu ster-

ing m etho d o u tp u ts a n ordering o f da ta p o ints c a lled reachability plot, w hich rep resents

density b a sed hiera rchic a l stru ctu res o f a given da ta set. It needs tw o im p o rta nt inp u t

8 1
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p a ra m eters: ε (∈ R), Minpts (∈ N) a s tha t o f the density b a sed D B S C A N m etho d. O P -

T IC S c lu stering ca n b e seen a s m u ltip le ru ns o f D B S C A N m etho d w ith diff erent inp u t

p a ra m eters ε′ <= ε. It sc a ns a da ta set m u ltip le tim es fo r fi nding ra nge q u eries o f a ll

p a tterns in the da ta set. W e restrict o u r disc u ssio n to o nly o ne density b a sed m etho d a s

fo c u s o f this cha p ter is to sp eed u p a dista nce b a sed hiera rchic a l c lu stering m etho d, w hich

ca n fi nd a rb itra ry sha p ed c lu sters in la rge da ta set.

D ista nce b a sed single-link [ S nea th a nd S o k a l (1973)] c lu stering m etho d o u tp u ts a

dendo gra m , w hich rep resents hiera rchic a l c lu stering stru ctu res o f a given da ta set. T he

single-link m etho d do es no t need a ny inp u t p a ra m eter to p ro du ce dendo gra m . H o w ever,

it needs to sc a n a da ta set m a ny tim es fo r c o m p u ting inter-p a tterns dista nces o f the da ta .

T herefo re, b o th the m etho ds a re no t su ita b le fo r la rge da ta set.

In this cha p ter, a new su m m a riz a tio n schem e term ed data sphere (ds) is p ro p o sed

to sp eed u p single-link hiera rchic a l c lu stering m etho d in la rge da ta set. T he data sphere

u tilizes lea ders c lu stering m etho d to c o llect su ffi c ient sta tistics o f a given la rge da ta set.

S ingle-link c lu stering m etho d is m o difi ed to w o rk w ith data sphere. M o difi ed c lu stering

m etho d is term ed a s su m m a rized single-link (S S L ). T he S S L m etho d is c o nsidera b ly fa ster

tha n the single-link m etho d a p p lied directly to da ta set a nd c lu stering resu lts p ro du ced

b y S S L m etho d is c lo se to the c lu stering resu lts p ro du ced b y single-link m etho d. T he

S S L m etho d o u tp erfo rm s single-link u sing da ta b u b b le [ B reu nig et a l. (2001)] a s a su m -

m a riz a tio n schem e a t b o th in c lu stering resu lts a nd co m p u ta tio n tim e. T he S S L m etho d

a lso o u tp erfo rm s single-link u sing da ta b u b b le [ Z ho u a nd S a nder (2003)] a t c o m p u ta tio n

tim e. T o sp eed u p p ro p o sed su m m a riz a tio n schem e, a techniq u e is intro du ced to redu ce

a la rge nu m b er o f dista nce c o m p u ta tio ns in lea ders c lu stering m etho d.

F o llo w ing co ntrib u tio ns a re m a de in this cha p ter.

• N ew da ta su m m a riz a tio n schem e term ed data sphere is p ro p o sed fo r dista nce b a sed

hiera rchic a l m etho d to w o rk w ith la rge da ta set.

• A techniq u e is intro du ced to redu ce nu m b er o f dista nce c o m p u ta tio ns in lea ders

c lu stering m etho d. T ria ngle ineq u a lity p ro p erty o f m etric sp a ce is u tilized in the

redu ctio n p ro cess. T herefo re, the techniq u e sp eeds u p data sphere a nd S S L m etho d.TH-1069_BKPATRA
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• A dista nce m ea su re is intro du ced w hich is su ita b le fo r fi nding a rb itra ry sha p ed

c lu sters in da ta set.

• C lu stering resu lts p ro du ced b y S S L m etho d o n sy nthetic a nd rea l da ta set a re a na -

ly zed u sing R and Index and P urity.

T he rest o f the cha p ter is o rga nized a s fo llo w s. S ectio n 4.2 describ es a b rief su m m a ry

o f rela ted resea rch w o rk s. S ectio n 4.3 describ es p ro p o sed su m m a riz a tio n schem e a nd

p ro p o sed c lu stering m etho d (term ed a s S S L m etho d). E x p erim enta l eva lu a tio ns a nd

co nc lu sio n a re disc u ssed in S ectio n 4.4 a nd S ectio n 4.5, resp ectively .

4.2 R e lated w o rk

A b rief su m m a ry o f diff erent da ta su m m a riz a tio n schem es a re p resented here (disc u ssed

in S u b sectio n 2.3.6 o f C ha p ter 2). A n ela b o ra te disc u ssio n is a lso rep o rted o n the da ta

su m m a riz a tio n schem es c lo sely rela ted to the schem e p ro p o sed in this cha p ter.

A s disc u ssed in C ha p ter 2, fo llo w ing da ta su m m a riz a tio n schem es a re p o p u la rly u sed

fo r c lu stering la rge da ta set.

• C luste ring F eature [ Z h ang e t al. (1996)]: O ne o f the w idely u sed da ta su m -

m a riz a tio n/ c o m p ressio n schem es is C lustering F eature (C F ), w hich w a s p ro p o sed to

sp eed u p a vera ge-link c lu stering m etho d in la rge da ta set [ Z ha ng et a l. (1996)]. T he

C F u tilizes vecto r sp a ce (E u c lidea n sp a ce) p ro p erties to sto re su m m a rized info rm a -

tio n o f k da ta p o ints {−→Xi}i=1..k. A C F is defi ned a s CF = (k,
−→
LS, s s ), w here

−→
LS =

∑k
i=1

−→
Xi, s s =

∑k
i=1

−→
Xi

2
. C F va lu es o f su b -c lu sters a re o rga nized increm enta lly in a

height-b a la nced tree ca lled C F tree. L ea f no des o f the C F tree rep resent su m m a ry

o f the w ho le da ta set. H o w ever, it is su ita b le o nly fo r k-m ea ns ty p es o f c lu stering

m etho ds. B ec a u se, a centro id is the rep resenta tive o f a c lu ster in k- m ea ns a nd the

centro id ca n ea sily b e c a lc u la ted fro m C F -va lu es. B ra dley [ B ra dley et a l. (1998 )]

a lso p ro p o sed a su m m a riz a tio n schem e u tiliz ing C lu stering F ea tu res to sp eed u p

k-m ea ns c lu stering m etho d. D ista nce b etw een a p a ir o f centro id do es no t p ro p erlyTH-1069_BKPATRA
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refl ect the eff ective dista nce b etw een p a tterns o f tw o gro u p s. T herefo re, C lu stering

F ea tu res c a nno t b e u sed directly fo r fi nding a rb itra ry sha p ed c lu sters.

• D ata sq uash ing [ D uM o uch e l e t al. (1999)]: D a ta sq u a shing initia lly p a rti-

tio ns a given da ta set into a nu m b er o f b ins. B ins c a n b e c o nstru cted in o rigina l

sp a ce o r tra nsfo rm ed sp a ce. D iff erent o rder m o m ents lik e m ea ns, m inim a , m a x im a ,

sec o nd o rder m o m ents, third o rder m o m ents, fo u rth o rder m o m ents a re c a lc u la ted

fo r a gro u p o f da ta p o ints in ea ch b in. A rep resenta tive is determ ined fo r p o ints in

a b in u sing the co m p u ted m o m ents in the nex t sta ge. F ina lly , c lu stering m etho ds

a re a p p lied to the rep resenta tive p o ints. D a ta sq u a shing o u tp erfo rm s ra ndo m sa m -

p le a p p ro a ch. H o w ever, schem e is u sefu l fo r k-m ea ns ty p es o f c lu stering m etho ds.

N u m b er o f b ins gro w s ex p o nentia lly w ith dim ensio ns.

• D ata Bub b le [ Breunig e t al. (20 0 0 ), Breunig e t al. (20 0 1)]: A c o m p ressed

rep resenta tio n o f a su b set X = {Xi}i=1..k o f a da ta set is c a lled D ata B ubb le. A D a ta

B u b b le u tilizes C lu stering F ea tu res effi c iently to c o llect su m m a rized info rm a tio n o f

X = {Xi}. L et CF = (k,
−→
LS, s s ) b e the C lu stering F ea tu res o f X. T hen, D a ta

B u b b le c o rresp o nding to X c a n b e ex p ressed a s B = (k,
−→
M, e), w here M is the

rep resenta tive p a ttern o f X a nd e is the ex tent (sp rea d) o f X (F igu re 4.1). T he

p a ra m eters M a nd e a re c a lc u la ted u sing C F va lu es a s fo llo w .

−→
M =

−→
LS

k
; e =

√

2 ∗ k ∗ s s − 2 ∗ −→LS
2

k ∗ (k − 1)

extent

r ep

                   A  d a ta  b u b b le ( D B )

F igu re 4.1: A D a ta B u b b leTH-1069_BKPATRA
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T his su m m a riz a tio n schem e w o rk s in tw o sta ges. In the fi rst sta ge, a nu m b er o f

seed p a tterns a re selected ra ndo m ly . E a ch seed p a ttern co llects CF -trip let incre-

m enta lly in the nex t sta ge. E a ch p a ttern o f the da ta set u p da tes CF o f nea rest seed

p a ttern. F ina lly , ea ch seed p a ttern w ith its CF is rep resented b y a D a ta B u b b le

B = (k,
−→
M, e). S et o f D a ta B u b b les is the su m m a ry o f the given da ta set. D en-

sity b a sed hiera rchic a l c lu stering m etho d O P T IC S is m o difi ed to w o rk w ith D a ta

B u b b les in la rge da ta set. O P T IC S a lw a y s ex p lo res c lo sest dista nce da ta p o int fro m

a lrea dy ex p lo red p o ints. H o w ever, dista nce b etw een centers o f a p a ir o f D a ta B u b -

b les do es no t refl ect the dista nce b etw een p o ints o f the D a ta B u b b les. T herefo re,

a su ita b le m ea su re is intro du ced in [ B reu nig et a l. (2000)] to c a lc u la te eff ective

dista nce b etw een a p a ir o f D a ta B u b b les.

M a rk u s et a l. [ B reu nig et a l. (2001)] p o inted o u t tha t c lu stering stru ctu re deto ria tes

signifi c a ntly w ith the increa se o f c o m p ressio n ra tio (size o f a da ta set to the nu m b er

o f rep resenta tive o b jects o f the da ta set) if O P T IC S m etho d is a p p lied to the D a ta

B u b b les u sing dista nce m ea su res given in [ B reu nig et a l. (2000)]. D ista nce b etw een

a p a ir o f D a ta B u b b les a nd defi nitio n o f D a ta B u b b le a re m o difi ed in [ B reu nig et a l.

(2001)]. D ista nce b etw een a p a ir o f D a ta B u b b les is a p p ro x im a tely the dista nce

b etw een tw o c lo sest p o ints ea ch o f w hich is ta k en fro m diff erent D a ta B u b b le.

• D ata Bub b le [ Z h o u and Sander (20 0 3 )]: D a ta B u b b le a p p ro a ches p ro p o sed

in [ B reu nig et a l. (2000), B reu nig et a l. (2001)] sp eed O P T IC S m etho d u p sig-

nifi c a ntly in la rge da ta set. H o w ever, b o th a p p ro a ches su ff er fro m the fo llo w ing

dra w b a ck s:

– C F is the b a sis o f b o th a p p ro a ches. T herefo re, a p p ro a ches c a nno t b e u sed in

no n vecto r (c a tego ric a l) da ta .

– T he a p p ro a ches m a y u nderestim a te eff ective dista nce b etw een a p a ir o f b u b b les

in so m e c a ses. L et r1 a nd r2 b e tw o seed p a tterns o f D a ta B u b b les O1 a nd O2,

resp ectively . P a tterns r1 a nd r2 ha p p en to b e c lo se to ea ch o ther (neighb o r)

a nd let dista nce b etw een them b e t. E a ch p o int x b etw een r1 a nd r2 in theTH-1069_BKPATRA



4 .2 R elated w ork 86

G a p s

G
ap

s

C1
C2

C lu ste r S e p a ra tio n

rA

B rBA

F igu re 4.2: D a ta b u b b le A ha s a “ ga p ” in the directio n o f da ta b u b b le B

fea tu re sp a ce (||x− r1/r2|| <= t) w ill either b e distrib u ted to O1 o r O2 b a sed

o n the c lo se p ro x im ity o f x fro m r1 o r r2. It m a y ha p p en tha t O2 b elo ngs to

a c lu ster C2 a nd few p a tterns o f C2 ({x | ||x − r1|| < t/2, ||x − r2|| < t}) a re

a ssigned to O1. A ga in, if O1 c o nta ins p a tterns (x su ch tha t ||x − r2|| > t)

fro m c lu ster C1 a lso , then c lu ster sep a ra tio n (“ ga p ” ) b etw een c lu sters C1 a nd

C2 b ec o m es invisib le to da ta b u b b le O1. T herefo re, dista nce b etw een tw o da ta

b u b b les b ec o m es c lo se to zero a nd O1 seem s to b e p a rt o f the the c lu ster C2

a nd fi na lly C1 gets m erged w ith c lu ster C2 (F igu re 4.2)

In o rder to o verc o m e b o th the dra w b a ck s o f the D a ta B u b b les, Z ho u a nd S a nder

[ Z ho u a nd S a nder (2003)] intro du ced “ directio na l” no tio n to the da ta b u b b le. B a sic

idea o f the directio na l da ta b u b b le is to fi nd extents (sp rea d) o f ea ch D a ta B u b b le

in the directio n o f o ther D a ta B u b b les. L et r1 a nd r2 b e tw o seed p a tterns o f D a ta

B u b b les O1 a nd O2, resp ectively . T he ex tent o f O1 in the directio n o f O2 is m ea su red

b a sed o n the rela tive p o sitio ns o f p a tterns in O1 w ith resp ect to O2. M o re fo rm a lly ,

extent o f O1 w .r.t. O2 is given in eq u a tio n ( 4.1) a s fo llo w s.

extent
(O2)
O1

= m in{||r1 − r2|| − m in
x∈O1

{||r2 − x||}, avg + 2 ∗ s tdv}, (4.1)

w here, avg a nd s tdv a re the m inim u m o f the a vera ge a nd sta nda rd devia tio n o f the

dista nces o f o b jects in O1 in the directio n a nd the reverse directio n o f O2. A vera ge

(dav g ) a nd sta nda rd devia tio n (dσ) o f dista nces c a n ea sily b e c o m p u ted fro m the

info rm a tio n co llected increm enta lly . A D a ta b u b b le O1 c o llects info rm a tio n in theTH-1069_BKPATRA
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fo rm (k, lsD, s sD), w here k is the nu m b er o f o b jects in the directio ns o f a no ther

da ta b u b b le O2, lsD =
∑

1..k di, s sD =
∑

1..k d2
i , di = ||r1 − x||, x is a p a ttern in O1

in the directio n o f O2. T hen, a vera ge (dav g ) a nd sta nda rd devia tio n (dσ) o f dista nces

a re c a lc u la ted u sing eq u a tio n ( 4.2).

dav g =
lsD

k
; dσ =

√

k ∗ s sD − (lsD)2

k2
(4.2)

D ista nce b etw een a p a ir o f D a ta B u b b les O1 a nd O2 is determ ined b y the p o sitio ns o f

rep resenta tives a nd extents o f the B u b b les (eq u a tio n ( 4.3)).

dis t(O1, O2) = ||r1 − r2|| − extent(O1)
(O2) − extent(O2)

(O1) (4.3)

D irectio na l da ta b u b b le p ro du ces b etter c lu stering resu lts c o m p a red to the o ther a p -

p ro a ches o f the da ta b u b b les in ex p ense o f little c o m p u ta tio na l c o st.

4.2.1 D ata Bub b le s and D istanc e b ased C luste ring M e th o d

A s disc u ssed ea rlier in this S ectio n, da ta b u b b le a p p ro a ches [ B reu nig et a l. (2000),

B reu nig et a l. (2001), Z ho u a nd S a nder (2003)] a re u sed to sp eed u p O P T IC S c lu ster-

ing m etho d in la rge da ta set. H o w ever, it is no t stu died w hether da ta b u b b le c a n b e

su ita b le fo r sp eeding u p dista nce b a sed single-link m etho d in la rge da ta set.

D a ta b u b b les fo u nd in [ B reu nig et a l. (2000), B reu nig et a l. (2001)] m a y no t b e

su ita b le fo r sp eeding u p dista nce b a sed single-link m etho d. T his is du e to the fo llo w ing

a rtifa cts.

• In single-link c lu stering m etho d, dista nce b etw een tw o gro u p s (c lu sters) o f da ta

p o ints is the dista nce b etw een tw o c lo sest p o ints, ea ch o f w hich is fro m diff erent

c lu sters. H o w ever, eff ective dista nce b etw een a p a ir o f w ell sep a ra ted da ta b u b b les is

c o m p u ted u sing the extents a nd rep resenta tive p o ints o f them . T hese S u m m a riz a tio n

schem es [ B reu nig et a l. (2000), B reu nig et a l. (2001)] m a y o verestim a te a ctu a l

dista nce b etw een tw o gro u p s o f da ta p o ints (da ta b u b b les). B ec a u se, da ta b u b b lesTH-1069_BKPATRA
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in [ B reu nig et a l. (2000), B reu nig et a l. (2001)] do no t a c c o u nt p a tterns o u tside

hy p er-sp here o f ra diu s extent centered a t centro id w hile c a lc u la ting dista nce b etw een

da ta b u b b les. H o w ever, these o u tside da ta p o ints p la y im p o rta nt ro le in m ea su ring

dista nce b etw een a p a ir o f c lu sters in single-link m etho d a nd help single-link detect

no n-c o nvex ed c lu sters in da ta set.

• D a ta b u b b les in [ B reu nig et a l. (2000), B reu nig et a l. (2001)] a ssu m e tha t p a tterns

a re u nifo rm ly distrib u ted w ithin a b u b b le in o rder to estim a te K-N N dista nce o f

the rep resenta tive o f the b u b b le. H o w ever, this a ssu m p tio n a lso lea ds to erro r in

m ea su ring dista nce b etw een a p a ir o f da ta b u b b les.

• D irectio na l da ta b u b b le [ Z ho u a nd S a nder (2003)] c o m p u tes dista nce sta tistics o f

ea ch b u b b le in the directio n o f a ll o ther b u b b les o f a given da ta set. T herefo re, it

needs to p erfo rm a la rge nu m b er o f dista nce c o m p u ta tio ns.

4.3 Pro p o sed M e th o d

T his sectio n p resents a new da ta su m m a riz a tio n schem e fo r sp eeding u p hiera chic a l single-

link m etho d in la rge da ta set. D efi c iency o f da ta b u b b les discu ssed in la st su b sectio n a re

a ddressed in the p ro p o sed schem e. T he p ro p o sed data sphere (ds) schem e u ses seq u entia l

lea ders c lu stering m etho d to o b ta in su m m a ry o f a given da ta set. A techniq u e is intro du ced

to redu ce the nu m b er o f dista nce c o m p u ta tio ns in lea ders c lu stering m etho d. F ina lly , w e

p ro p o se to c o m b ine single-link w ith data sphere to o b ta in hiera rchic a l c lu stering o f the

da ta set.

4.3 .1 A c c e le rated leader

T he p ro p o sed su m m a riz a tio n schem e u tilizes lea ders c lu stering m etho d to c o llect im p o r-

ta nt sta tistics o f a da ta set. O ne ca n u se M o difi ed lea der p ro p o sed in S ectio n 3.4.3 fo r

this p u rp o se. H o w ever, M o difi ed lea der m a k es a la rge nu m b er o f u nnecessa ry dista nce

c o m p u ta tio ns in the p ro cess o f sea rching a su ita b le lea der o f a p a ttern. M o difi ed lea derTH-1069_BKPATRA
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w o rk s a s fo llo w s.

L et L b e the set o f lea ders a t a n insta nt. F o r ea ch p a ttern x, M o difi ed lea der c o m p u tes

dista nces b etw een x a nd ea ch su c cessive lea der in L u ntil x b ec o m es a fo llo w er o r there

is no su ita b le lea der in L. If there is no su ita b le lea der, then x b ec o m es a new lea der a nd

these co m p u ted dista nces b etw een x a nd lea ders ha p p en to b e very u sefu l fo r c o nstru cting

dista nce m a trix o f L. H o w ever, if x b ec o m es fo llo w er o f a lea der, then these dista nce

c o m p u ta tio ns tu rn o u t to b e no n b enefi c ia l (p o intless) a nd M o difi ed lea der disc a rds them .

S ince, nu m b er o f fo llo w ers is m o re tha n the nu m b er o f lea ders in a da ta set, M o difi ed lea der

freq u ently m a k es this ty p es o f p o intless dista nce c o m p u ta tio ns.

T herefo re, a techniq u e is intro du ced to a vo id dista nce c o m p u ta tio ns b etw een x a nd

certa in lea ders in L a nd techniq u e defers dista nce c o m p u ta tio ns b etw een new lea der a nd

lea ders in L u ntil x is detected a s a new lea der. T he p ro p o sed techniq u e is term ed

a s Accelerated leader, w hich ex p lo its tria ngle ineq u a lity p ro p erty o f m etric sp a ce. T he

tria ngle ineq u a lity p ro p erty c a n b e sta ted a s fo llo w s.

∀a, b, c ∈ D, d(a, b) ≤ d(b, c) + d(a, c) (4.4)

w hereD is the set o f da ta p o ints, d is a dista nce fu nctio n o ver the m etric sp a ceM = (D, d).

L et l1, l2 b e the tw o lea ders a nd x b e a n a rb itra ry p a ttern in D. F o rm eq u a tio n ( 4.4),

d(x, l2) ≥ |d(l1, l2)− d(x, l1)| (4.5)

F ro m eq u a tio n ( 4.5) it m a y b e no ted tha t a lo w er b o u nd o n the dista nce b etw een lea der l2

a nd p a ttern x (term ed a s dlow e r(x, l2)) c a n b e o b ta ined fro m d(l1, x) a nd d(l1, l2) w itho u t

c a lc u la ting the ex a ct dista nce b etw een l2 a nd x. T his lea ds to the fo llo w ing O b serva -

tio n 4.1.

O b se rvatio n 4.1 L et τ be the threshold of leaders clustering method and l1, l2 be tw o

leaders produced by the leaders method. If d(x, l1) > τ and dlow e r(x, l2) > τ, then x can

neither be follow er of l1 nor l2.

O b serva tio n 4.1 sta tes tha t having k no w n the dista nce d(l1, l2) b etw een a p a ir o f lea dersTH-1069_BKPATRA
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l1, l2, dista nce d(x, l1) b etw een a p a ttern x, l1, o ne ca n su rely c o nc lu de tha t x c a nno t b e

fo llo w er o f lea der l2, if |d(l1, l2) − d(x, l1)| > τ. T herefo re, a ctu a l dista nce c o m p u ta tio n

b etw een x a nd lea der l2 c a n b e a vo ided.

A lg o rith m 4.1 A c celera ted lea der(D, τ )

{D : D a ta set a nd τ : lea ders thresho ld dista nce }
L ← {l1};
Dl[ ][ ] ← 0; { Dl[ ][ ] is D ista nce M a trix fo r lea ders }
fo r ea ch x ∈ D \ l1 do

S ← L; MIN =∞;
T [ |L| ] ← 0 {T [ .] is a tem p o ra ry a rra y }
w h ile (x do es no t b ec o m e a fo llo w er a nd S is no t em p ty ) do

P ick a lea der li a nd delete fro m S. / / * li is ea rliest genera ted lea der a m o ng the
lea ders in S * / /
if d(x, li) ≤ τ th en

x b ec o m es a fo llo w er o f li; b rea k ;
e lse if d(x, li) < MIN th en

MIN = d(x, li);
T [i] = d(li, x);
fo r ea ch lea der lk ∈ S(lk 6= li) do

if dlow e r(x, lk) > τ th en
delete lk fro m set S.

end if
end fo r

end if
end w h ile
if (x no t b e fo llo w er o f a ny ex isting lea ders in L) th en
L = L ∪ {x};
fo r i = 1 to |L| do

if (T [i] = 0) th en
T [i] = d(x, li)

end if
end fo r
Dl[ |L|+ 1 ][ ] ← T [ |L| ]

end if
end fo r
O u tp u t L, Dl[ ][ ].
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Accelerated leader w o rk s a s fo llo w s. It needs a dista nce m a trix fo r lea ders. T his

dista nce m a trix c a n b e genera ted ha nd-in-ha nd du ring the genera tio n o f lea ders (w itho u t

a ny ex tra dista nce c o m p u ta tio n). T herefo re, o ne ca n ea sily estim a te dlow e r(x, l2) o nly b y

c o m p u ting dista nce d(l1, x).

L et τ b e the lea der’s thresho ld. L et L = {l1, l2, . . . , lk} b e the set o f lea ders genera ted

a t a n insta nt. T hese lea ders a re a ssigned to a set L a nd m a rk ed them a s “ u np ro cessed”

lea ders. T he schem e sta rts w ith ca lc u la ting the dista nce b etw een a new p a ttern x a nd

lea der lf (w here lf is the ea rliest genera ted lea der a m o ng the set o f “ u np ro cessed” lea ders).

If d(x, lf) ≤ τ , then x b ec o m es a fo llo w er o f lea der lf . If d(x, lf ) > τ , o ne ca n a vo id the

dista nce c o m p u ta tio ns fro m a ll lea ders li ∈ L − {lf} fo r w hich estim a ted lo w er b o u nd

dlow e r(x, li) > τ. L ea ders li, lf a re m a rk ed a s “ p ro cessed” (p ru ned) lea ders. If a ll lea ders

a re p ru ned then x b ec o m es a new lea der a nd a dded to L. If a ll lea ders a re no t m a rk ed

a s “ p ro cessed” , the techniq u e rep ea ts sa m e p ro cedu re o f c a lc u la ting dista nce b etw een x

w ith nex t u np ro cessed lea der lu ∈ L if d(x, lu) < d(x, lf). If no (u np ro cessed) lu ∈ L is

fo u nd su ch tha t d(x, lu) > d(x, lf), then there ca nno t b e a lea der lj su ch tha t d(x, lj) ≤ τ ;

so x b ec o m es a new lea der a nd a dded to L. T he step s o f Accelerated leaders is dep icted

in A lgo rithm 4.1.

R evie w o f re lated c luste ring ap p ro ach e s using T riang le ine q uality

T ria ngle ineq u a lity p ro p erty o f the m etric sp a ce ha s b een u sed to redu ce the dista nce

c o m p u ta tio ns in the c lu stering m etho ds [ E lk a n (2003), N a ssa r et a l. (2004)]. C ha rles

E lk a n u ses tria ngle ineq u a lity p ro p erty to a c celera te k-m ea ns c lu stering m etho d [ E lk a n

(2003)]. T he a c celera ted k-m ea ns is b a sed o n the fa ct tha t m o st dista nce c o m p u ta tio ns

in c la ssic a l k-m ea ns m etho d a re redu nda nt a nd these ca n b e a vo ided. T he a c celera ted

k-m ea ns rep ea tedly a p p lies tw o lem m a s (L em m a 4.1, L em m a 4.2) to a vo id u nnecessa ry

dista nce c a lc u la tio ns.

L emma 4.1 [ E lkan (2 003 )] L et x be a pattern and let c and c′ be tw o centers. If distance

betw een the centers is more than the tw ice of the distance betw een the pattern x and center

c, then pattern x is closer to center c compared to the center c′.TH-1069_BKPATRA
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L emma 4.2 [ E lkan (2 003 )] L et x be a pattern and let c and c′ be tw o centers. L et dis-

tance betw een x and c be d(x, c). Then, d(x, c′) > m a x {0, d(c, c′)− d(x, c)}, w here d(x, c′)

is the distance betw een x and c′.

T he a c celera ted k-m ea ns is sho w n to p erfo rm signifi c a ntly less nu m b er o f dista nce c o m -

p u ta tio ns c o m p a red to the c la ssic a l c o u nter p a rt. N a ssa r et a l. ex p lo it L em m a 4.1 to

redu ce a la rge nu m b er o f dista nce c o m p u ta tio ns in co nstru cting increm enta l da ta b u b b les

in [ N a ssa r et a l. (2004)] fo r dy na m ics da ta b a ses. F o c u s o f this thesis is o n sta tic da ta set.

T herefo re, disc u ssio n o n increm enta l da ta b u b b le is no t p resented here.

4.3 .2 d a ta sp h ere :Pro p o sed Summarizatio n Sch eme

In this sectio n, a new su m m a riz a tio n schem e term ed a s data sphere (ds) is intro du ced.

P ro p o sed su m m a riz a tio n schem e sc a ns a da ta set tw ice o nly a nd do es no t need to k eep

entire da ta set in the m a in m em o ry o f a c o m p u ter sy stem .

T he p ro p o sed schem e u tilizes lea ders c lu stering m etho d to o b ta in su m m a ry o f the

w ho le da ta set. A data sphere (ds) is a su m m a rized u nit fo r a set o f p o ints (fo llo w ers o f a

lea der). L et τ b e the lea ders thresho ld. A ds is defi ned a s fo llo w s.

D e fi nitio n 4.1 (d a ta sp h ere (d s)) L et X = {x1, x2, . . . , xk} ⊆ D be the follow ers of a

leader l. A ds for X is defi ned as a 4-tuple ds = (k, l, µ + ασ, P ), w here

µ = the average distance from leader l to its follow ers,

σ = standard deviation of distances from leader to its follow ers,

α ∈ R, 0 < α ≤ (τ − µ)/σ;

P= a subset of follow ers of l, w hich lie outside the hyper-sphere of radius µ+ασ centered

at l. i.e. P = {xi ∈ X | ||l − xi|| > µ + ασ} �

C la ssic a l lea ders c lu stering m etho d o u tp u ts o nly set o f lea ders. T herefo re, it c a nno t b e

u sed directly to c o llect info rm a tio n o f fo llo w ers o f lea ders. L ea ders c lu stering m etho d is

m o difi ed in o rder to sto res sta tistics o f its fo llo w ers o f ea ch lea der l in the fo rm Sl =

(k, l, ld, s d), w here k = nu m b er o f fo llo w ers inc lu ding the lea der l, ld =
∑k

i=1 di, s d =
∑k

i=1 d2
i , di is the dista nce fro m the l to its ith fo llo w er, i.e. di = ||l − xi||, xi is the ithTH-1069_BKPATRA
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fo llo w er o f lea der l. O nce a ll p a ra m eters (k, l, ld, s d) o f a data sphere a re c o llected, µ a nd

σ o f the co rresp o nding data sphere (lea der) a re c a lc u la ted a s fo llo w .

µ =
ld

k
; σ =

√

(s d/k)− µ2

C heb y shev’s ineq u a lity (T heo rem 4.2) is u sed to fi nd the va lu e o f “ α” o f a data sphere.

F o r c o m p leteness, the theo rem is rep ro du ced here.

T h e o rem 4.2 If t is a random variab le w ith mean and standard variation µt and σt,

respectively, then for any positive real number α, the probability

pro b {t ≥ (µt + ασt)} ≤ 1/(1 + α2). �

A s di is a ra ndo m va ria b le a nd fo r a given p ro b a b ility pro b, va lu e o f α c a n b e c o m p u ted

u sing T heo rem 4.2 fo r ea ch data sphere. It is no ted tha t schem e do es no t a ssu m e na tu re

o f distrib u tio n o f fo llo w ers. C heb y shev’s ineq u a lity is indep endent o f a ny distrib u tio n.

T o identify fo llo w ers o f a lea der l w hich lie o u tside the hy p er-sp here o f ra diu s µ + ασ

centered a t l (P o f a ds c o rresp o nding l ), lea ders m etho d is a p p lied o nce m o re in the

sa m e o rder w ith sa m e set o f lea ders L a nd sa m e thresho ld dista nce τ a s fo llo w s.

F o r ea ch p a ttern x ∈ D, lea ders m etho d sta rts sea rching a su ita b le lea der l ∈ L. T he

sea rching p ro cess b egins fro m ea rliest genera ted lea der in L. T he p a ttern x is inc lu ded

a s a m em b er o f P o f a data sphere c o rresp o nding to the lea der l, if it ho lds the fo llo w ing

co nditio n.

µl + αl × σl ≤ ||x− l|| ≤ τ

w here µl is the a vera ge dista nce fro m l to its fo llo w ers a nd σl is the sta nda rd devia tio n o f

dista nces fro m l to its fo llo w ers. T he su m m a riz a tio n schem e is dep icted in A lgo rithm 4.2.

E a ch data sphere (ds) is a c o m p ressed rep resenta tio n o f fo llo w ers o f a lea der. It a lso

b e no ted tha t fo llo w ers o f a lea der l, a re a lso m em b ers o f the co rresp o nding data sphere.

A ll data spheres fo rm a c o m p ressed (su m m a rized) set S o f the da ta set. T he data sphere

su m m a riz a tio n schem e c a n b e a p p lied in a ny m etric sp a ce (vecto r o r no n vecto r).

T im e a nd sp a ce c o m p lex ity a re a na ly zed a s fo llo w s.TH-1069_BKPATRA
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A lg o rith m 4.2 data-sphere su m m a riz a tio n (D, τ)

A p p ly lea ders c lu stering m etho d to c o m p u te (k, l, ld, s d) fo r ea ch lea der l.
C o m p u te µ, σ a nd α fo r ea ch data sphere.
fo r ea ch da ta sp here ds l do

Pd s l
= ∅ / ∗ ds l = (kl, l, µl + αlσl, Pd s l

) ∗ /
end fo r
/ * lea ders m etho d is a p p lied fo r sec o nd tim e* /
fo r ea ch x ∈ D do

F ind a su ita b le lea der l fro m lea ders set / * lea ders a re sea rched a c c o rding to gen-
era tio n tim e. * /
if (x == l) th en

C o ntinu e;
e lse

if (||x− l|| ≥ µl + αlσl) th en
Pd s l

= Pd s l
∪ {x}

end if
end if

end fo r
L et S b e the set o f a ll data spheres.
O u tp u t S.

1. S tep o f c o m p u ting (k, l, ld, s d) fo r a ll lea ders ta k es O(mn), w here m is the nu m b er

o f lea ders in the da ta set. S p a ce req u irem ent is O(m).

2. µ, σ a nd α fo r ea ch data sphere c a n b e c a lc u la ted in co nsta nt tim e u sing the va lu e

o f k, l, ld, s d.

3. F inding m em b ers in P s o f data spheres ta k es O(mn). S p a ce c o m p lex ity is O(
∑m

i=1 |Pi|) =

O(m).

O vera ll tim e c o m p lex ity o f the p ro p o sed su m m a riz a tio n schem e is O(mn) a nd sp a ce c o m -

p lex ity is O(m).

4.3 .3 Pro p o sed C luste ring M e th o d

T he su m m a rized set (S) o f da ta set D p ro du ced b y data sphere disc u ssed in p revio u s

su b sectio n is u sed fo r c lu stering la rge da ta set. T he a gglo m era tive single-link m etho d is

a p p lied to c o m p ressed set S to o b ta in hiera rchic a l c lu stering o f the entire da ta set. T heTH-1069_BKPATRA
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||l1 − l2||

l2

τ
r2

l1

τ

r1

dis t(ds 1, ds 2)

F igu re 4.3: D ista nce b etw een a p a ir o f
intersecting data spheres.

l1

l2

||l1 − l2||

τ τ

ds 1
ds 2

dis t(ds 1, ds 2)

r1
r2

∈ P2

F igu re 4.4: D ista nce b etw een tw o no n-
intersecting data spheres.

p ro p o sed c lu stering m etho d is term ed a s summarized sing le-link (S S L ) m etho d. A su ita b le

dista nce/ sim ila rity m ea su re b etw een a p a ir o f data sphere needs to b e defi ned in o rder to

a p p ly S S L m etho d to the set o f data spheres (S). D ista nce b etw een tw o rep resenta tives

(lea ders) o f a p a ir o f data spheres do es no t refl ect eff ective dista nce b etw een the p a ir o f

data spheres. In a c c o rda nce w ith the dista nce m ea su re in single-link c lu stering m etho d1,

a n eff ective dista nce b etw een a p a ir o f data spheres is defi ned a s fo llo w s (D efi nitio n 4.2).

D e fi nitio n 4.2 (D istanc e b e tw e en a p air o f d a ta sp h eres) L et ds 1 = (k1, l1, r1, P1)

and ds 2 = (k2, l2, r2, P2), w here r1 = µ1 +α1σ1, r2 = µ2 +α2σ2 be tw o data spheres. Then,

distance betw een ds 1 and ds 2 is defi ned as follow s.

dis t(ds 1, ds 2) =


























m in (dis out(P1, P2), ||l1 − l2|| − (r1 + r2))

if(||l1 − l2|| − (r1 + r2)) ≥ 0

||l1 − l2|| − m a x (r1, r2), O therw ise

w here,

dis out(P1, P2) = m in (||xi − xj || | xi ∈ P1, xj ∈ P2) �.

O b jective o f the D efi nitio n 4.2 is to fi nd dista nce b etw een tw o c lo sest p a tterns o f tw o

data spheres. T w o situ a tio ns a p p ea r w hile c a lc u la ting a n eff ective dista nce b etw een a p a ir

o f data spheres.

1L et C1 and C2 be two groups (clusters) of patterns, respectiv ely. T hen, distance between them:
Dis ta n c e (C1, C2) = min{||xi − xj || | xi ∈ C1, xj ∈ C2}TH-1069_BKPATRA
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• If inner hy p er-sp here o f tw o data spheres intersects ea ch o ther, then the eff ective

dista nce is the dista nce b etw een tw o lea ders m inu s m a x im u m o f ra dii o f tw o inner

hy p er-sp heres (F igu re 4.3).

• F o r no n-intersecting data spheres, eff ective dista nce is c a lc u la ted a s fo llo w s. L et

dista nce b etw een tw o lea ders m inu s ra dii o f their inner hy p er-sp heres (F igu re( 4.4))

b e dis in a nd let m inim u m dista nce b etw een the p a tterns in P1 a nd P2 b e dis out.

F ina lly , eff ective dista nce is m ea su red b y ta k ing the m inim u m o f dis in a nd dis out.

E ff ective dista nces b etw een a ll p a irs o f data spheres a re c a lc u la ted a s p er D efi nitio n 4.2.

Initia lly , ea ch data sphere is trea ted a s a c lu ster. Itera tively , the S S L m etho d m erges

c lo sest c lu ster p a irs a nd u p da tes eff ective dista nce m a trix . T he p ro cess o f m erging o f

c lu sters a nd u p da tio n co ntinu es u ntil nu m b er o f c lu ster is o ne. F ina lly , ea ch data sphere

is rep la ced b y m em b ers o f the co rresp o nding data sphere. T he S S L m etho d is sho w n in

A lgo rithm 4.3.

A lg o rith m 4.3 S u m m a rized-single-link c lu stering (D, τ)

A p p ly data-sphere su m m a riz a tio n (D, τ) a s describ ed in A lgo rithm 4.2
/ * L et S b e the o u tp u t o f data-sphere su m m a riz a tio n(.) * /
A p p ly a gglo m era tive single-link m etho d to S w ith eff ective dista nce m ea su re given
D efi nitio n 4.2.
L et resu lts b e πS = {π1, π2, .. . . . , π|S|}, set o f p a rtitio ns o f S.
R ep la ce ea ch ds l ∈ πi b y m em b ers (fo llo w ers) o f ds l (lea der l). L et πD =
{πD1, πD2 , .. . . . , πD|S |

} b e the o u tp u t.
O u tp u t πD.

4.3 .4 C omp le x ity A nalysis

T he co m p lex ity o f S S L is a na ly zed a s fo llo w s.

1. T he su m m a riz a tio n schem e ha s tim e c o m p lex ity o f O(mn)

2. T o c o m p u te eff ective dista nce b etw een a p a irs o f da ta sp heres ds l1 a nd ds l2, m etho d

ca lc u la tes dista nce b etw een m em b ers o f P1 a nd P2. G enera lly , c a rdina lity o f Pi is

very less c o m p a red to the nu m b er o f data spheres (lea ders). S o , step o f c a lc u la ting

eff ective dista nce b etw een a ll p a ir o f da ta sp heres ta k es tim e o f O(m2).TH-1069_BKPATRA
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T a b le 4.1: D a ta set u sed in ex p erim ents

D a ta set P a ttern# F ea tu re# C la ss#
B a na na 4900 2 2

P endigits 7494 16 10
G D S 10 23709 28 2
S hu ttle 58 000 9 7

S p ira l(S y nthetic) 3330 2 2
C irc le(S y nthetic) 28 000 2 4

3. S ingle-link (S) ha s tim e a nd sp a ce c o m p lex ity o f O(m2).

O vera ll tim e c o m p lex ity o f S S L m etho d is O(mn) + O(m2) = O(mn). T he sp a ce c o m -

p lex ity is (m2). T he S S L sc a ns da ta set tw ice.

4.4 E x p e rimental R e sults

P erfo rm a nce o f p ro p o sed dista nce redu ctio n techniq u e a nd clu stering m etho d S S L a re

ex p erim enta lly eva lu a ted in this sectio n. F irst redu ctio n techniq u e is eva lu a ted o n o ne

sy nthetic a nd o ne rea l w o rld da ta set. S u b seq u ently , eff ectiveness o f the S S L is tested. T w o

sy nthetic a nd fo u r rea l w o rld da ta set (http://archive.ics.uci.edu/ml/dataset.html)

a re u sed in o u r ex p erim ents. S p ira l a nd C irc le a re 2-dim ensio na l sy nthetic da ta set. T he

S p ira l da ta ha s tw o sp ira l sha p ed c lu sters w ith 3330 p a tterns. C irc le ha s w ell sep a ra ted

fo u r c lu sters o f c irc u la r sha p es. B rief descrip tio n o f the da ta set a re given in T a b le 4.1.

4.4.1 Perfo rmance o f A c c e le rated leaders

C la ssic a l L ea ders, M o difi ed lea der (p ro p o sed in S ectio n 3.4.3) c lu stering a nd Accelerated

leader a re im p lem ented u sing C la ngu a ge a nd ex ec u ted o n Intel C o re 2 D u o C P U (3.0

G H Z ) w ith 2G B R A M IB M P C . T hese three m etho ds a re tested w ith C irc le a nd S hu ttle

da ta set. T he deta iled resu lts a re sho w n in T a b le 4.2 a nd F igu re 4.5. It m a y b e no ted

tha t a ll three lea ders genera te dista nce m a trix a lo ng w ith a set o f lea ders. N u m b er

o f dista nce c o m p u ta tio ns p erfo rm ed b y c la ssic a l lea ders in the ex p erim ents inc lu de theTH-1069_BKPATRA
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T a b le 4.2: N u m b er o f D ista nce C o m p u ta tio ns w ith C irc le da ta set

T hresho ld M etho d # C o m p u ta tio ns
(τ) (in M illio n)
0.01 C la ssic a l lea ders 307.03

M o difi ed lea ders 18 9.79
A c c e le rated leader 117.27

0.1 C la ssic a l lea ders 118 .57
M o difi ed lea ders 90.13

A c c e le rated leader 28.66
0.2 C la ssic a l lea ders 22.13

M o difi ed lea ders 20.03
A c c e le rated leader 2.3 7

0.3 C la ssic a l lea ders 12.04
M o difi ed lea ders 11.33

A c c e le rated leader 0 .96
0.4 C la ssic a l L ea ders 6.20

M o difi ed L ea ders 5.97
A c c e le rated leader 0 .49

c o st o f c o nstru cting the dista nce m a trix . T he va lu e o f the τ a re determ ined b a sed o n

intended co m p ressio n ra tio o f the p ro p o sed su m m a riz a tio n schem e, w hich is disc u ssed in

nex t su b sectio n.

P ro p o sed Accelerated leader p erfo rm s signifi c a ntly less c o m p u ta tio ns c o m p a red to tha t

o f the c la ssic a l lea ders m etho d (T a b le 4.2). E x p erim ents w ith C irc le da ta set sho w s

tha t Accelerated leader m a k es 18 0 m illio ns less dista nce c o m p u ta tio ns to a chieve sa m e

resu lts a s tha t o f the c la ssic a l lea ders m etho d (T a b le 4.2) w ith τ = 0.01 (nu m b er o f

lea ders=15313). T he A c celera ted lea der p erfo rm s 70 m illio ns less dista nce c o m p u ta tio ns

c o m p a red to M o difi ed lea ders w ith τ = 0.01. S im ila rly , redu ctio n techniq u e a vo ids a

la rge nu m b er o f dista nce c a lc u la tio ns w ith diff erent va lu es o f τ (T a b le 4.2). W ith τ = 0.4

(nu m b er o f lea ders= 675), A c celera ted m etho d ha s m o re tha n o ne o rder sp eed u p fa cto r

in term s o f nu m b er o f dista nce c o m p u ta tio ns.

T o sho w the p erfo rm a nce o f the p ro p o sed redu ctio n techniq u e w ith va ria b le da ta set

size, ex p erim ents a re c o ndu cted o n S hu ttle da ta set w ith lea ders thresho ld τ = 0.001. T his

is sho w n in F igu re 4.5. It m a y b e no ted tha t w ith increa se o f the da ta set size, nu m b er o fTH-1069_BKPATRA
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F igu re 4.5: P erfo rm a nce o f Accelerated leader w ith S hu ttle da ta set (τ = 0.001)

dista nce c a lc u la tio ns redu ces signifi c a ntly c o m p a red to the c la ssic a l lea ders a nd M o difi ed

lea ders (F igu re 4.5(a )).

F igu re 4.5(b ) sho w s ex ec u tio n tim e o f p ro p o sed dista nce redu ctio n techniq u e w ith

va ry ing da ta set size. It m a y b e no ted tha t w ith the increa se o f da ta set size, ex ec u tio n

tim e o f a c celera ted m etho d im p ro ves c o nsidera b ly c o m p a red to the o ther a p p ro a ches. T his

sho w s tha t a c celera ted m etho d is m o re sc a la b le w ith the size o f the da ta set c o m p a red to

the o ther lea ders m etho ds.

4.4.2 Perfo rmance o f summariz ed sing le -link meth o d

T o sho w the eff ectiveness o f the p ro p o sed data sphere schem e o ver D ata B ubb le su m m a riz a -

tio n, c la ssic a l single-link , single-link w ith da ta b u b b le (dbS L ), single-link w ith directio na l

da ta b u b b le (
−→
dbSL) a nd p ro p o sed S S L m etho ds a re im p lem ented o n Intel C o re 2 D u o

C P U (3.0 G H Z ) w ith 2G B R A M IB M P C .

R a nd Index (RI)[ R a nd (1971)] a nd P u rity [ Z ha o a nd K a ry p is (2002)] a re u sed to

m ea su re c lu stering sim ila rity (c lo seness) b etw een a p a ir o f c lu sterings o f a da ta set. G ivenTH-1069_BKPATRA
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a da ta set D o f n p a tterns a nd tw o c lu sterings π1 a nd π2 o f D, Purity is defi ned a s fo llo w s.

Purity(π1, π2) =
1

|D|

|π2|
∑

i=1

m a x
j
| C(2)

i ∩ C
(1)
j |

w here C
(2)
i ∈ π2 a nd C

(1)
j ∈ π1.

D a ta su m m a riz a tio n techniq u e fo rm s a c o m p ressed rep resenta tive set o f a given da ta set.

A da ta su m m a riz a tio n techniq u e is o ftenly cha ra cterized b y a fa cto r c a lled C ompression

R atio (C R ). T he C ompression R atio (CR) is defi ned a s ra tio o f the size o f a given da ta set

to the size o f c o m p ressed rep resenta tive set. T he CR fo r D a ta B u b b les is defi ned in

eq u a tio n ( 4.6).

CR =
n

N u m b er o f da ta b u b b les
(4.6)

S im ila rly , CR fo r data sphere is given in eq u a tio n ( 4.7). It m a y b e no ted tha t deno m ina to r

o f eq u a tio n (4.7) ha s tw o p a rts. F irst p a rt (|S|) is determ ined b y lea ders thresho ld τ

a nd |Pi| in sec o nd p a rt is the nu m b er o f p a tterns o u tside inner sp here o f da ta sp here ds i

(F igu re 4.3, F igu re 4.4). T he va lu e o f |Pi| in a data sphere is c a lc u la ted u sing C heb y shev’s

ineq u a lity (T heo rem 4.2). F o r p erfo rm a nce a na ly sis w ith D a ta B u b b le, a su ita b le va lu e o f

τ a nd pro b in T heo rem 4.2 a re selected to m a tch the va lu es o f deno m ina to rs o f eq u a tio n

( 4.6) a nd eq u a tio n ( 4.7).

CR =
n

|S| +∑|S|
i=1 |Pi|

(4.7)

T o eva lu a te resu lts o f va rio u s c lu stering m etho ds, a c lu stering is c o nsidered a s the

fi na l o u tp u t p ro du ced b y a m etho d in w hich nu m b er o f c lu sters is sa m e a s the nu m b er

o f c la sses in a given da ta set. RI a nd Purity (T a b le 4.3) a re c o m p u ted b etw een the

c lu sterings p ro du ced b y c la ssic a l single-link a nd ea ch o f the three m etho ds S S L , dbS L ,

a nd
−→
dbSL sep a ra tely . T he va lu e o f pro b in S S L m etho d is c o nsidered a s 0.1 fo r S p ira l,

B a na na a nd P endigits da ta set.TH-1069_BKPATRA
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T a b le 4.3: R esu lts fo r diff erent da ta set

D a ta set CR M etho d T im e R a nd Index P u rity
(in sec .) (RI)

S p ira l 17.61 S S L 0.01 1.000 1.000
17.61 dbsl 0.02 0.8 91 0.98 1

17.61
−→
dbSL 0.05 0.996 0.999

– S ingle-link 22.12 – –
B a na na 20.8 5 S S L 0.03 1.000 1.000

20.8 5 db S L 0.05 0.998 0.999

20.8 5
−→
dbSL 0.09 0.8 18 0.917

– S ingle-link 43.12 – –
41.17 S S L 0.02 1.000 1.000
41.17 db S L 0.02 0.997 0.999

41.17
−→
dbSL 0.05 0.8 18 0.917

– S ingle-link 43.12 – –
P endigits 5.50 S S L 1.07 0.98 4 0.999

5.50 db S L 3.66 0.98 1 0.998

5.50
−→
dbSL 4.57 0.98 5 0.998

– single-link 512.78 – –
8 .50 S S L 0.31 0.98 4 0.999
8 .50 db S L 1.38 0.98 0 0.998

8 .50
−→
dbSL 1.8 0 0.98 4 0.999

– single-link 512.78 – –
17.07 S S L 0.11 0.98 3 0.999
17.07 db S L 0.53 0.977 0.997

17.07
−→
dbSL 0.66 0.979 0.990

– single-link 512.78 – –

W ith CR = 17.61, the S S L m etho d p ro du ces ex a ctly sa m e c lu stering o u tp u t a s p ro -

du ced b y the c la ssic a l single-link m etho d fo r Sp iral da ta set (T a b le 4.3). H o w ever, p ro -

p o sed S S L m etho d is three o rder fa ster tha n the single-link m etho d a p p lied directly to the

da ta set. T he single-link m etho d w ith da ta b u b b le [ B reu nig et a l. (2001)] c a nno t p ro du ce

ex a ctly sa m e c lu stering resu lts w ith sa m e c o m p ressio n ra tio fo r S p ira l da ta . H o w ever, c lu s-

tering o u tp u ts p ro du ced b y single-link w ith directio na l da ta b u b b le [ Z ho u a nd S a nder

(2003)] a re very c lo se (RI = 0.996) to the o u tp u t p ro du ced b y the c la ssic a l m etho d. T he

single-link w ith data sphere is the fa stest o ne (T a b le 4.3).TH-1069_BKPATRA
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(b) Ex periments with C ircle dataset

F igu re 4.6: E x ec u tio n tim e ta k en b y summarized sing le-link , sing le-link w ith data bubb le
[ B reu nig et a l. (2001)] a nd sing le-link w ith directional data bubb le [ Z ho u a nd S a nder
(2003)] m etho ds a s c o m p ressio n ra tio va ries fo r tw o sy nthetic da ta set.

E x p erim ent w ith Banana datase t sho w s tha t p ro p o sed S S L c a n fi nd ex a ctly sa m e

c lu stering resu lts (RI = 1.000) a s tha t o f the single-link m etho d w ith high co m p ressio n

ra tio CR = 41.17. H o w ever, it is m o re tha n three o rder tim e fa ster tha n the cla ssic a l

single-link m etho d. P ro p o sed su m m a riz a tio n schem e o u tp erfo rm s b o th a p p ro a ches o f

da ta b u b b le su m m a riz a tio n schem es w ith CR = 20.8 5 a nd CR = 41.17 (T a b le 4.3).

T im e ta k en b y S S L , dbS L a nd
−→
dbSL m etho ds a s CR va ries is sho w n in F igu re 4.6(a )

a nd F igu re 4.6(b ) fo r the Sp iral a nd C irc le da ta set, resp ectively .

T he tim e ta k en b y the S S L , db S L ,
−→
dbSL a nd single-link m etho d a s the da ta set size

increa ses fo r a fi x ed co m p ressio n ra tio (CR = 9.35) is sho w n in F igu re 4.7 fo r the C ircle

da ta set. T he p lo t is sem i-lo g. T he S S L m etho d is signifi c a ntly fa ster tha n tha t o f the

c la ssic a l single-link m etho d. T he p lo t a lso sho w s tha t the p ro p o sed data sphere su m -

m a riz a tio n schem e o u tp erfo rm s o ther va ria nt o f D a ta B u b b le su m m a riz a tio n schem e a t

ex ec u tio n tim e.

T he S S L , db S L a nd
−→
dbSL m etho ds genera te three diff erent c lu stering hiera rchies fo r a

given da ta set. R a nd Index a t diff erent levels o f the hiera rchy p ro du ced b y the S S L , db S LTH-1069_BKPATRA
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F igu re 4.7: T im e ta k en b y S S L , dbS L , single-link w ith directio na l da ta b u b b le a nd c la ssic a l
single-link m etho ds a s da ta set size va ries fo r C irc le da ta set.

a nd
−→
dbSL m etho d w ith resp ective single-link m etho d fo r C irc le da ta set a re c o m p u ted a t

CR = 260 (T a b le 4.4). T he c lu stering resu lts o f S S L a re very c lo se to tha t o f the c la ssic a l

single-link m etho d. It o u tp erfo rm s db S L a t R I a nd P u rity m ea su res. T he c lu stering

o u tp u ts a re c lo se to the o u tp u ts p ro du ced b y
−→
dbSL m etho d.

E x p e riments w ith larg e datase t

F o r la rge da ta set (C irc le , Sh uttle , G D S10 ) ex p erim ents a re p erfo rm ed o n Intel X eo n

P ro cesso r (3.6G H z) w ith 8 G B R A M IB M server b ec a u se o f hu ge m em o ry req u irem ent o f

c la ssic a l single-link m etho d.

T y p e 1 dia b etes gene ex p ressio n da ta G D S10 (http://www.ncbi.nlm.nih.gov/geo/)

is u sed in ex p erim ents a nd resu lts a re rep o rted in T a b le 4.5. T he c lu stering resu lts p ro -

du ced b y the S S L m etho d a re c o m p a ra b le w ith the c lu stering resu lts p ro du ced b y db S L

a nd
−→
dbS L . H o w ever, it is fa ster tha n b o th a p p ro a ches. T he S S L m etho d is m o re tha n

three o rder fa ster tha n the c la ssic a l single-link m etho d w ith co m p ressio n ra tio n 10.64.

S im ila r trends a re fo u nd w ith co m p ressio n ra tio 19.23.

S hu ttle da ta set is a lso u sed in ex p erim enta l eva lu a tio ns to sho w the eff ectiveness o f theTH-1069_BKPATRA
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T a b le 4.4: C lu stering hiera rchy p ro du ced b y S S L m etho d w ith C irc le da ta set

# c lu ster M etho ds R a nd Index P u rity
(RI)

2 S S L 1.000 01.000
db S L 0.997 0.999−→
dbSL 1.000 1.000

3 S S L 0.627 0.716
db S L 0.621 0.700−→
dbSL 0.744 0.750

4 S S L 0.8 52 0.913
db S L 0.8 41 0.900−→
dbSL 1.000 1.000

5 S S L 0.8 35 0.963
db S L 0.8 36 0.964−→
dbSL 0.949 0.925

6 S S L 0.8 27 0.8 97
db S L 0.8 22 0.8 8 8−→
dbSL 0.921 0.8 76

7 S S L 0.8 13 0.8 60
db S L 0.8 00 0.8 50−→
dbSL 0.8 92 0.8 39

p ro p o sed S S L m etho d. T he S S L m etho d is fa ster tha n b o th a p p ro a ches o f da ta b u b b les

a nd it o u tp erfo rm s db S L m etho d in c lu stering q u a lity . T he S S L m etho d is m o re tha n

three o rder fa ster tha n the c la ssic a l single-link m etho d w ith co m p ressio n ra tio n 18 .70.

4.5 C o nc lusio n

H iera rchic a l c lu stering m etho ds lik e single-link c a n fi nd a rb itra ry sha p ed c lu sters w ith

nested stru ctu res in a da ta set. T hese m etho ds a re no t sc a la b le w ith the size o f the

da ta set a nd sca ns the da ta set m a ny tim es. T herefo re, these m etho ds a re no t su ita b le

fo r c lu sters a na ly sis in la rge da ta . In this cha p ter, a su m m a riz a tio n schem e data sphere

is p ro p o sed to sp eed u p c la ssic a l single-link m etho d. T he single-link w ith data sphere

m etho d ta k es c o nsidera b ly less tim e c o m p a red to the c la ssic a l single-link m etho d. ItTH-1069_BKPATRA
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T a b le 4.5: R esu lts fo r diff erent da ta set

D a ta set CR M etho d T im e R a nd Index P u rity
(in sec .) (RI)

G D S 10 10.64 S S L 7.68 0.8 18 0.917
10.64 db S L 21.15 0.8 01 0.8 92

10.64
−→
dbSL 26.33 0.8 8 7 0.961

– single-link 4215.51 – –
19.23 S S L 1.8 8 0.8 01 0.8 92
19.23 db S L 7.93 0.711 0.8 15

19.23
−→
dbSL 9.8 8 0.8 8 1 0.955

– single-link 4215.51 – –
S hu ttle 18 .7 S S L 30.12 0.740 0.749
(40,000) 18 .7 db S L 37.70 0.731 0.748

18 .7
−→
dbSL 53.40 0.8 19 0.918

– single-link 7101.12 – –

sca ns the da ta set tw ice. T he c lu stering resu lts p ro du ced b y the S S L m etho d is very c lo se

to the resu lts p ro du ced b y tha t o f the single-link m etho d. T he S S L m etho d o u tp erfo rm s

single-link w ith D a ta B u b b le [ B reu nig et a l. (2001)] a t c lu stering q u a lity a nd ex ec u tio n

tim e a nd o u tp erfo rm s single-link w ith directio na l D a ta B u b b le [ Z ho u a nd S a nder (2003)]

a t ex ec u tio n tim e.

T he directio na l D a ta B u b b le c a n ha ndle “ ga p s” in a D a ta B u b b le a nd it is fo u nd

tha t single-link w ith directio na l D a ta B u b b le p ro du ces c lu stering resu lts very c lo se to the

c la ssic a l single-link m etho d. T he nex t cha p ter p ro p o ses a no ther su m m a riz a tio n schem e,

w hich is the sa m e line o f data sphere. H o w ever, “ ga p s” a nd dista nce m ea su res b etw een a

p a ir o f data bubb les a re c o m p u ted in a p rec ise m a nner.

TH-1069_BKPATRA
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C h ap te r 5

T o le rance R o ug h Se t T h e o ry b ased

data summarizatio n fo r c luste ring

larg e datase t

5 .1 Intro ductio n

H iera rchic a l c lu stering m etho ds p ro du ce b etter c lu stering resu lts tha n p a rtitio na l c lu s-

tering m etho ds [ L in a nd C hen (2005)]. M a in a dva nta ge o f the hiera rchic a l c lu stering

a p p ro a ch o ver p a rtitio na l c lu stering is tha t it c a n fi nd inherent hiera rchy / ta x o no m y

p resent in da ta . C lu stering m etho ds lik e O P T IC S [ A nk erst et a l. (1999)], single-link

[ S nea th a nd S o k a l (1973)], c o m p lete-link [ K ing (1967)], a vera ge-link [ M u rta gh (198 4)]

a re ty p ic a l ex a m p les o f hiera rchic a l m etho ds. O P T IC S p ro du ces density b a sed hiera rchy

o f c lu sters u sing tw o inp u t p a ra m eters. It c a n fi nd a rb itra ry sha p ed c lu sters. H o w ever,

c lu stering resu lts a re infl u enced b y the selectio n o f p a ra m eters. T he single-link , c o m p lete-

link a nd avera ge-link m a inly diff er in the “ dista nce m ea su re” b etw een a p a ir o f c lu sters.

C o m p lete-link a nd avera ge-link a re u sed fo r fi nding glo b u la r sha p ed c lu sters. T hey c a n-

no t fi nd a rb itra ry sha p ed c lu sters. S ingle-link c a n fi nd a rb itra ry sha p ed c lu sters a nd do es

no t need a ny inp u t p a ra m eter to p ro du ce hiera rchy o f c lu sters in a da ta . A s disc u ssed

in C ha p ter 2, m o st o f the ex isting hiera rchic a l c lu stering m etho ds a re no t sc a la b le w ith

107
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the size o f the da ta set a nd need m u ltip le da ta set sc a ns to get c o nverged. T herefo re, these

m etho ds ca nno t b e a p p lied fo r c lu ster a na ly sis in la rge da ta set.

T o sp eed u p c lu stering a ctivity in la rge da ta set, da ta su m m a riz a tio ns (da ta c o m -

p ressio n) b ec a m e p o p u la r in recent y ea rs [ Z ha ng et a l. (1996), B ra dley et a l. (1998 ),

B reu nig et a l. (2000, 2001), Z ho u a nd S a nder (2003)]. D a ta su m m a riz a tio n is a schem e

to o b ta in a rep resenta tive set a lo ng w ith a su m m a ry o f the da ta set. S u b seq u ently , a c lu s-

tering m etho d ca n b e a p p lied to this su m m a ry to fi nd c lu stering stru ctu res o f w ho le

da ta set. D a ta su m m a riz a tio n schem es fo u nd in [ Z ha ng et a l. (1996), B ra dley et a l.

(1998 ), D u M o u chel et a l. (1999)] a re su ita b le to sp eed u p k-m ea ns ty p e o f c lu stering

m etho ds.

D a ta B u b b les p ro p o sed in [ B reu nig et a l. (2000, 2001), Z ho u a nd S a nder (2003)] a re

u sed to sp eed u p density b a sed O P T IC S c lu stering m etho d in la rge da ta set. A s disc u ssed

in S ectio n 4.2 o f C ha p ter 4, D a ta B u b b les c a nno t b e u sed directly to sp eed u p single-link

c lu stering m etho d in la rge da ta set.

In this cha p ter, a new su m m a riz a tio n schem e is p ro p o sed in o rder to a ddress the

dra w b a ck s o f D a ta B u b b les. N ew su m m a riz a tio n schem e is b a sed o n to lera nce ro u gh

set m o del (T R S M ) (disc u ssed in S ectio n 2.3.7 o f cha p ter 2) a nd term ed a s rough bubb le.

P ro p o sed rough bubb le u tilizes lea ders c lu stering m etho d to c o llect su ffi c ient sta tistics

o f the da ta set a nd it ex p lo its to lera nce ro u gh set to ha ndle u ncerta inty a sso c ia ted w ith

lea ders m etho d. T he rough bubb le is u sed w ith single-link m etho d fo r c lu ster a na ly sis

in la rge da ta set. S ingle-link w ith rough bubb le c lu stering is term ed a s rough sing le-link

(R S L ). T he R S L m etho d is c o nsidera b ly fa ster tha n c la ssic a l single-link m etho d a nd

c lu sterings p ro du ced b y R S L a re c lo se to the c lu stering p ro du ced b y single-link m etho d.

T he R S L o u tp erfo rm s directio na l da ta b u b b le [ Z ho u a nd S a nder (2003)] b a sed single-link

in c lu stering resu lts a nd ex ec u tio n tim e o f R S L is m a rgina lly higher tha n the directio na l

b u b b le b a sed single-link m etho d.

C o ntrib u tio ns m a de in this cha p ter a re su m m a rized a s fo llo w s.

• T o lera nce R o u gh S et M o del (T R S M ) b a sed new da ta su m m a riz a tio n schem e term ed

rough bubb le is p ro p o sed to w o rk w ith single-link m etho d in la rge da ta set.TH-1069_BKPATRA
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• P ro p o sed rough bubb le c a n ha ndle “ ga p s” (c lu ster sep a ra tio n) a p p ea red in a bubb le

m o re effi c iently tha n the a p p ro a ched u sed in [ Z ho u a nd S a nder (2003)] fo r da ta

b u b b les.

• T he rough bubb le ha s tw o step s. In the fi rst step , rep resenta tives (lea ders) a re de-

tected b y lea ders m etho d a nd directio na l dista nce sta tistics a re c o llected in the la st

step . A techniq u e is devised to sp eed u p fi rst step (lea ders m etho d). P ro p o sed

techniq u e term ed TI-L E AD E R u tilizes tria ngle ineq u a lity p ro p erty to a vo id u nnec-

essa ry dista nce c o m p u ta tio ns. U nlik e A c celera ted lea ders (p ro p o sed in C ha p ter 4),

T I-L E A D E R do es no t need dista nce m a trix .

• C lu stering resu lts p ro du ced b y R S L m etho d o n sy nthetic a nd rea l da ta set a re a na -

ly zed u sing R and Index and P urity.

R est o f the cha p ter is o rga nized a s fo llo w s. S ectio n 5.2 describ es a b rief su m m a ry o f

rela ted resea rch w o rk . P ro p o sed dista nce redu ctio n techniq u e a nd su m m a riz a tio n schem e

a re describ ed in S ectio n 5.3. E x p erim enta l eva lu a tio ns a nd co nc lu sio n o f this cha p ter a re

disc u ssed in S ectio n 5.4 a nd 5.5, resp ectively .

5 .2 R e lated w o rk

P o p u la r da ta su m m a riz a tio n schem es na m ely C lu stering F ea tu re [ Z ha ng et a l. (1996)],

D a ta sq u a shing [ D u M o u chel et a l. (1999)], D a ta B u b b le [ B reu nig et a l. (2000), B reu nig et a l.

(2001)], directio na l D a ta B u b b le [ Z ho u a nd S a nder (2003)] ha ve a lrea dy b een disc u ssed

in S ectio n 4.2 o f C ha p ter 4, ela b o ra tely . T herefo re, disc u ssio n o n tho se schem es a re no t

inc lu ded in this cha p ter. H o w ever, fo llo w ing p o ints a re to b e no ted fo r directio na l D a ta

B u b b le [ Z ho u a nd S a nder (2003)].

• F o rm a tio n o f da ta b u b b les a re dep endent o n the initia l selectio n o f p a tterns (seed

p a tterns), w hich a re ra ndo m ly p ick ed.

• L o st o f c lu ster sep a ra tio n (“ ga p ” ) is ha ndled u sing o nly dista nce info rm a tio n b e-

tw een p a tterns to their rep resenta tives.TH-1069_BKPATRA
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• T his schem e m a y detect “ ga p ” in a da ta b u b b le (sa y O1). H o w ever, p a tterns in O1

a re no t rea ssigned to p ro p er da ta b u b b les. T his step is necessa ry to o b ta in p ro p er

c lu ster stru ctu res.

A b rief su m m a ry o f c lu stering m etho ds w hich u se to lera nce ro u gh set m o del is p resented

here (deta iled disc u ssio n p ro vided in S u b sectio n 2.3.7 o f C ha p ter 2).

• D o cument c luste ring b ased o n T R SM [ H o and Ng uyen (20 0 2)]: In this

a p p ro a ch, to lera nce rela tio n p la y s a m a jo r ro le in fi nding sim ila rity b etw een a p a ir o f

do c u m ents. S im ila rity b etw een a p a ir o f do c u m ents is the fu nctio n o f u p p er a p p ro x -

im a tio ns o f the index term s p resent in ea ch o f the do c u m ents. U p p er a p p ro x im a tio n

o f X ⊆ T is T (X) :

T (X) = {ti ∈ T : T (ti) ∩X 6= ∅} (5.1)

w here T is the set o f index term s in do c u m ent set a nd T (ti) is the to lera nce c la ss o f

a n index term ti. H a ving ca lc u la ted u p p er a p p ro x im a tio ns o f a ll do c u m ents, m etho d

selects k rep resenta tive do c u m ents ra ndo m ly . A do c u m ent x c a n b e a ssigned to

m u ltip le rep resenta tives if sim ila rity b etw een x a nd ea ch rep resenta tive is m o re

tha n a p re-sp ec ifi ed p a ra m eter. It a ga in selects rep resenta tive fro m ea ch c lu ster

a nd rep ea ts the p ro cess o f a ssignm ent o f p a tterns to rep resenta tives.

S . K a w a sa k i et a l.[ K a w a sa k i et a l. (2000)] ex p lo it to lera nce ro u gh set m o del to

enrich do c u m ent rep resenta tio n in term s o f sem a ntics rela tedness b etw een do c u -

m ents. W eights o f a index term in a do c u m ent is c a lc u la ted b a sed o n the u p p er

a p p ro x im a tio n o f the do c u m ent. M etho d dem o nstra tes tha t T R S M b a sed do c u m ent

rep resenta tio n o u tp erfo rm s V S M (vecto r-sp a ce-m o del) b a sed rep resenta tio n fo r the

retrieva l p u rp o se. T his T R S M is u sefu l fo r do c u m ent c lu stering a s to lera nce c la ss

is defi ned b a sed o n co -o c c u rrence o f index term s in do c u m ents set.

• C luste ring w e b transactio ns using ro ug h ap p ro x imatio n [ D e and Krish na

(20 0 4)] : In this m etho d, sim ila rity b etw een tw o tra nsa ctio ns is m ea su red u sing

S imilarity U pper Approximation, w hich is the fu nctio n o f su c cessive u p p er a p p ro x -

im a tio ns o f a set o f tra nsa ctio ns X . S im ila rity U p p er A p p ro x im a tio n is c a lc u la tedTH-1069_BKPATRA
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fo r ea ch tra nsa ctio n in the da ta set. F ina lly , tra nsa ctio ns a re m erged into a c lu ster

w ith sa m e sim ila rity u p p er a p p ro x im a tio n va lu e. T he m etho d ha s tim e c o m p lex ity

o f O(n2), w here n is the nu m b er o f tra nsa ctio ns.

• H ie rarch ical c luste ring meth o d b ased o n T R SM [ Kumar e t al. (20 0 7)]:

T his m etho ds a c c o u nts nu m b er o f sha red elem ents b etw een tw o su c cessive u p p er

a p p ro x im a tio ns o f a tra nsa ctio n w hile c a lc u la ting S im ila rity U p p er A p p ro x im a tio n

o f ea ch tra nsa ctio n. L et T (x) b e the fi rst u p p er a p p ro x im a tio n o f x. T hen, sec o nd

u p p er a p p ro x im a tio n o f x is :

T T (x) = {xj ∈
⋃

xl∈T (x)

T (xl) : R elS im (x, xj) ≥ σ},

w here RelSim(x, xj) =
|T (x) ∩ T (xj)|
|T (x)− T (xj)|

L et Si b e the u p p er a p p ro x im a tio n o f xi,

m etho d ca lc u la tes nex t higher o rder a p p ro x im a tio ns S ′
i. If Si = S ′

i, then tra nsa ctio ns

in S ′
i a re m erged into a c lu ster, o therw ise m etho d rep ea ts the p ro cess o f c a lc u la ting

nex t higher o rder a p p ro x im a tio ns. T hey sho w ed tha t their m etho d o u tp erfo rm s

c la ssic a l c o m p lete-link c lu stering m etho d.

5 .3 T h e Pro p o sed M e th o d

A s disc u ssed in S ectio n 4.2 o f C ha p ter 4 a nd S ectio n 5.2 o f this cha p ter, da ta su m m a -

riz a tio n is a p o tentia l c o ntender fo r c lu stering la rge size da ta set. In this sectio n, a new

su m m a riz a tio n schem e c a lled rough bubb le is p ro p o sed. S u b seq u ently , single-link m etho d

is a p p lied to rough bubb le w ith a p p ro p ria te dista nce m ea su re to o b ta in c lu stering hiera rchy .

P ro p o sed su m m a riz a tio n schem e ex p lo its lea ders c lu sters m etho d a nd to lera nce ro u gh set

m o del. T o sp eed u p the rough bubb le c o nstru ctio n p ro cess, a techniq u e is intro du ced nex t.TH-1069_BKPATRA
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5 .3 .1 T I-L E A D E R : Sp e eding up leaders c luste ring meth o d b y

means o f T riang le Ine q uality

P ro p o sed rough bubb le su m m a riz a tio n schem e initia lly detects rep resenta tives o f a set

o f ro u gh b u b b les (lea ders) u tiliz ing lea ders c lu stering m etho d. A c celera ted lea der (S ec -

tio n 4.3.1 o f C ha p ter 4) c a n b e u sed to fi nd the set o f lea ders (b u b b le rep resenta tives)

to a vo id a la rge nu m b er o f dista nce c o m p u ta tio ns. H o w ever, A c celera ted lea der m etho d

needs to c o m p u te dista nce m a trix fo r lea ders a lo ng w ith the lea ders set. C o m p u ta tio n

co sts fo r c o nstru cting dista nce m a trix a t this sta ge is no t w o rthy a s su m m a riz a tio n schem e

needs to c o m p u te dista nce fro m a p a ttern to ea ch lea der in the nex t step fo r fi nding di-

rectio na l sta tistics o f a lea der.

T o a vo id u nnecessa ry dista nce c o m p u ta tio ns in the fi rst step o f rough bubb le, a tech-

niq u e is intro du ced, w hich do es no t c o m p u te dista nce m a trix . P ro p o sed dista nce redu ctio n

techniq u e is term ed a s T ria ngle-Ineq u a lity b a sed L ea ders m etho d ( TI-L E AD E R ). P ro -

p o sed techniq u e b o rro w s the idea given in [ K ry sz k iew ic z a nd L a sek (2010b )], w hich w a s

u sed to sp eed u p D B S C A N m etho d. P ro p o sed techniq u e TI-L E AD E R u ses C o ro lla ry 5.2,

w hich is derived fro m T heo rem 5.1 [ K ry sz k iew ic z a nd L a sek (2010b )].

T h e o rem 5 .1 [ K ryszk iew icz and L asek (2 010b)] L et D be an ordered list of n datapoints

arranged in non-decreasing w ay w ith respect to their distances to
−→
0 (orig in). L et p be

a point in D, qf be a succeeding point of p such that ||qf || − ||p|| > E PS, and qb be a

preceding point of p such that ||p|| − ||qb|| > E PS, Then:

• D istance betw een p and qf is more than E PS. D istance betw een p and any succeeding

points of qf in D is more than E PS.

• D istance betw een p and qb is more than E PS. D istance betw een p and any preceding

point of qb is more than E PS.

w here E PS is a positive real number and d(.) is a distance metric. �

T heo rem 5.1 sta tes tha t o ne ca n a vo id dista nce c o m p u ta tio ns b etw een p o int p a nd

a ll su c ceeding p o ints o f qf , b etw een p a nd a ll p receding p o ints o f qb w hile fi nding E PSTH-1069_BKPATRA
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neighb o r o f p. F o llo w ing C o ro lla ry 5.2 is derived to restrict sea rch sp a ce fo r fi nding a

su ita b le lea der.

C o ro llary 5 .2 L et L be the set of leaders generated by the leaders clustering method w ith

threshold τ at an instance. L et L be a sorted list of leaders and arranged them in non-

decreasing w ay w ith respect to their distances to
−→
0 (orig in), w here distance function is

a metric. A point x ∈ D (x /∈ L) is inserted into the list L such that L remains sorted.

L et lf be fi rst leader follow ing x in L such that ||lf || − ||x|| > τ , and lb be fi rst preceding

leader of x in L, such that ||x|| − ||lb|| > τ . Then :

• x can neither be a follow er of leader lf nor any leader follow ing lf in L.

• x can neither be a follow er of leader lb nor any leader preceding lb in L.

P roof: L et d b e the dista nce fu nctio n. B y hy p o thesis,

||lf || − ||x|| > τ, o r, d(lf ,
−→
0 )− d(x,

−→
0 ) > τ. (5.2)

A ga in u sing tria ngle ineq u a lity w e c a n w rite,

d(x, lf ) + d(x,
−→
0 ) ≥ d(lf ,

−→
0 ) o r, d(x, lf) ≥ d(lf ,

−→
0 )− d(x,

−→
0 ) (5.3)

F ro m eq u a tio n (5.2) a nd eq u a tio n (5.3), w e c a n sa y tha t

d(x, lf) > τ (5.4)

T herefo re, x c a nno t b e a fo llo w er o f lea der lf . E q u a tio n (5.2) ho lds fo r a ny su c ceeding

lea ders o f lf . S o , eq u a tio n (5.4) is va lid fo r a ny su c ceeding lea der o f lf , i.e. x c a nno t b e

the fo llo w er o f a ny su c ceeding lea der o f lf in L.

A na lo go u sly , it c a n b e sho w tha t x c a n neither b e fo llo w er o f lb o r p receding lea ders

o f lb in L. �

C o ro lla ry 5.2 sta tes tha t o ne ca n a vo id dista nce c o m p u ta tio ns b etw een x a nd lf , x a ndTH-1069_BKPATRA
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a ny lea ders fo llo w ing lf in L. S im ila rly , dista nce c o m p u ta tio ns b etw een x a nd lb, x a nd

a ny lea der p receding lb in L c a n b e a vo ided. T o fi nd a lea der o f x, T I-L E A D E R c a lc u la tes

dista nces o nly b etw een x a nd the lea ders w hich a re listed b etw een lb a nd lf in the so rted

list L. T he TI-L E AD E R w o rk s a s fo llo w s.

L et τ b e the lea ders thresho ld a nd L = {l1, l2, . . . , lk} b e the set o f lea ders genera ted

a t a n insta nce. L is a so rted list o f lea ders w hich a re a rra nged w ith resp ect to their

dista nces to
−→
0 . T he techniq u e sta rts c a lc u la ting dista nce b etw een a new p a ttern x a nd

−→
0 (||x||), a nd inserts x into a p ro p er p o sitio n in the list su ch tha t the list rem a ins so rted.

It c o llects p ro b a b le lea ders o f x a nd insert into a no ther list L IS T sta rting fro m c lo sest

p receding lea der o f x in the list L. TI-L E AD E R c o ntinu es c o llecting p receding lea ders

u ntil it fi nds a lea der lb su ch tha t ||x|| − ||lb|| > τ o r it enco u nters the very fi rst lea der in

L. S im ila rly , it inserts su c ceeding lea ders into the L IS T u ntil it fi nds a lea der lf su ch tha t

||lf || − ||x|| > τ o r la st lea der is enco u nter in L. F ina lly , the techniq u e c a lc u la tes a ctu a l

dista nces b etw een x a nd ea ch lea der lp in the L IS T . If there a re m o re tha n o ne lea ders lp

su ch tha t d(x, lp) ≤ τ, it p ick s ea rliest genera ted lea der a s the lea der o f x a nd rem o ves x

fro m the so rted list L. O therw ise, if there is no lea der su ch tha t d(x, lp | lp ∈ LIST ) ≤ τ,

then x b ec o m es a new lea der a nd a dded to L. T his p ro cess c o ntinu es till there is a p a ttern

in the da ta set. T he techniq u e is dep icted in A lgo rithm 5.1.

T im e a nd sp a ce c o m p lex ity o f the redu ctio n techniq u e a re a na ly zed a s fo llo w .

1. S tep o f inserting a n elem ent into the so rted list T ta k es O(m), w here m is the

nu m b er o f lea ders. T his step ta k es O(mn) fo r a ll p a tterns in the da ta set. T he sp a ce

c o m p lex ity is O(m).

2. T o genera te L E AD E R S E T, techniq u e sea rches p receding a nd su c ceeding lea ders

in the list L. T his step ta k es tim e o f O(m). F ina lly , it c a lc u la tes dista nce fro m a

p a ttern to a ll lea ders in L E AD E R S E T. F o r a ll p a tterns it ta k es O(mn).

O vera ll tim e a nd sp a ce c o m p lex ity o f the TI-L E AD E R is O(mn) + O(mn) = O(mn).

T he sp a ce c o m p lex ity is O(m). T I-L E A D E R is u sed in the fi rst p ha se o f the p ro p o sed

su m m a riz a tio n schem e, w hich is p resented nex t.TH-1069_BKPATRA
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A lg o rith m 5 .1 TI-LE ADE R(D, τ)

L ← {l1} { l1 b e the fi rst p a ttern in D }
L is a so rted list o f lea ders in L w ith resp ect to | | . | |
fo r ea ch p a ttern x ∈ D \ {l1} do

Insert x into the so rted list L su ch tha t L rem a ins so rted o ne w ith resp ect to | | . | |

L E A D E R S E T = ∅ ; / * T em p o ra ry a rra y to c o llect p ro b a b le lea ders * /
L et pi b e the c lo sest lea der p receding x in list L.
w h ile (||x|| − ||pi|| ≤ τ) do

L E A D E R S E T = L E A D E R S E T ∪{pi}.
end w h ile
L et qi b e the c lo sest p a ttern su c ceeding x in list L
w h ile (||x|| − ||qi|| ≤ τ) do

L E A D E R S E T = L E A D E R S E T ∪{qi}
end w h ile

fo r ea ch lea der lj ∈ L E A D E R S E T do
if (| | x− lj | | > τ) th en

D elete lj fro m L E A D E R S E T .
end if

end fo r
if {L E A D E R S E T == ∅} th en

x b ec o m es new lea der a nd a dded to L.
e lse

x b ec o m es fo llo w er o f fi rst genera ted lea der in L E A D E R S E T .
R em o ve x fro m L

end if
end fo r
O u tp u t L

5 .3 .2 Summarizatio n sch eme

T he p ro p o sed su m m a riz a tio n schem e u tilizes c la ssic a l lea ders c lu stering m etho d to a c q u ire

dista nce sta tistics o f ea ch lea der o b ta ined in fi rst p ha se. T o lera nce ro u gh set theo ry is

ex p lo ited to reso lve the u ncerta inty a sso c ia ted w ith lea ders m etho d.

L et τ b e the lea ders thresho ld dista nce a nd L = {l1, l2, . . . , lm} b e the set o f a ll lea ders

o f a da ta set D. F o r a p a ttern x a nd lea ders l1, l2, it m a y b e o b served a scena rio su ch tha t

||l1 − x|| <= τ, ||l2 − x|| <= τ . T hen x c a n b e eligib le to b e a fo llo w er o f b o th lea ders.

H o w ever, c la ssic a l lea ders c lu stering m etho d a ssigns x to a lea der w hich o ne is o b servedTH-1069_BKPATRA
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Cluster S ep a ra tio n

G a p sl1

C2C1

x ∈ l1

l2

F igu re 5.1: L ea der l1 c o nta ins “ ga p ” in the directio n o f lea der l2

fi rst (sa y l1). It m a y ha p p en tha t p a ttern x a nd lea der l2 b elo ng to a c lu ster C2 in a da ta set,

w herea s l1 b elo ngs to a diff erent c lu ster C1. S o , lea der l1 c o nta ins p a tterns fro m b o th

c lu sters (C1, C2) a nd it a lso c o nta ins c lu ster sep a ra tio n (“ ga p ” ) (F igu re 5.1). C la p p ing

o f p a ttern x w ith lea der l1 m a k es c lu ster sep a ra tio n invisib le. T his lea ds to erro r in

o b ta ining fi na l c lu stering stru ctu res in da ta . In p ro p o sed rough bubb le, p a ttern (fo llo w er)

x is a llo w ed to b e the m em b er o f b o th lea ders (l1, l2) a nd m em b ership u ncerta inty is

reso lved u sing to lera nce ro u gh set m o del.

L et Lr = {lr1, lr2, . . . , lrm} b e the set o f lea ders w here a lea der m a y sha re p a tterns w ith

o thers lea ders. W e c a ll lri ∈ Lr a s a rough leader a nd the Lr a s the set o f ro u gh lea ders.

N o te tha t there is a o ne to o ne co rresp o ndence b etw een the set L a nd Lr. In the o ther

w o rds, let {li} a nd {lri } b e the sets o f fo llo w ers o f ith lea der li ∈ L a nd ro u gh lea der

lri ∈ Lr, resp ectively . T hen {li} ⊆ {lri }, li = lri a nd |L| = |Lr|. T herefo re, li a nd lri a re

u sed intercha ngea b ly thro u gho u t the cha p ter.

R o ug h  L ea d er

D = {x1, x3, x2}
||x1 − x2|| < τ, ||x3 − x2|| < τ, ||x1 − x3|| > τ

x3
F (x3) = {x3, x2} = {xr

3}
F (x1) = {x1, x2} = {xr

1}

x2x1

L = {x1, x3}

F igu re 5.2: R o u gh lea ders w ith fo llo w er set F (.)

TH-1069_BKPATRA
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N o w , T R S M is a p p lied to a da ta set D. L et T ⊆ D×D b e a to lera nce rela tio n (refl ex ive,

sy m m etric). O ne ca n defi ne a to lera nce c la ss b a sed o n p ro x im ity o f the p a tterns in D.

D e fi nitio n 5 .1 (T o le ranc e c lass) If x ∈ D, then the tolerance class of x is

T (x) = {xj ∈ D | ||x− xj || <= λ}λ∈R+ . �

T herefo re, to lera nce c la ss o f a p a ttern x is a set o f p a tterns w ho se dista nce fro m x is

less tha n eq u a l to a given thresho ld λ. W ith diff erent va lu es o f λ, w e c a n get diff erent

to lera nce rela tio ns o f D. H ere, w e c o nsider the va lu e o f λ = τ/2. O ne ca n defi ne to lera nce

c la ss a nd to lera nt sha red edge fo r fo llo w er set o f a lea der {lri } ⊆ D a re a s fo llo w .

D e fi nitio n 5 .2 (T o le ranc e c lass o f a leader) L et T be a tolerance relation on D and

lr be a rough leader obtained by leader threshold distance τ . The tolerance class of lr is

T (lr) = {xj ∈ D | ||lr − xj || ≤ τ/2} �

T o lera nce c la sses o f tw o lea ders l1, l2 do no t intersect, i.e. T (lr1) ∩ T (lr2) = ∅. P a tterns

in a to lera nce c la ss o f a lea der c a nno t b e disa sso c ia ted fro m the co rresp o nding lea der.

H o w ever, p a tterns x ∈ {lr} − T (lr) m a y need to disso c ia te fro m lr a nd a ssign to p ro p er

lea der in la ter sta ge. T his lea ds to fo llo w ing defi nitio n.

D e fi nitio n 5 .3 (T o le rant sh ared edg e ) L et T be a tolerance relation on D and lr be

a leader obtained using threshold distance τ . The tolerant shared edge of {lr} is defi ned

as TS E d g ({lr}) = {xj ∈ D | τ/2 < ||lr − xj || ≤ τ}. �

In the p ro p o sed su m m a riz a tio n schem e, w e need to k no w the info rm a tio n o f fo llo w ers

o f ea ch lea der in the directio n o f a ll o ther lea ders. T herefo re, c la ssic a l lea ders m etho d is

a p p lied to c o llect dista nce sta tistics o f ea ch lea der. It is w o rthy to m entio n tha t A c celer-

a ted lea der (S ectio n 4.3.1 o f C ha p ter 4) c a nno t b e u sed fo r this ta sk a s it a vo ids dista nce

c a lc u la tio n fro m certa in lea ders.

L et there b e tw o lea ders l1, l2 ∈ L. T he lea der l1 sto res the info rm a tio n o f its fo llo w ers

w hich a re in the directio n o f l2 (w . r. t l2) a nd vice-versa . M o re fo rm a lly :

D e fi nitio n 5 .4 L et l1 and l2 be the tw o leaders. The set of follow ers of lr1 in the direction

of lr2 and set of follow ers of lr2 in the direction of lr1 are l
(l2)
1 and l

(l1)
2 , respectively, w hereTH-1069_BKPATRA
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A lg o rith m 5 .2 rough bubb le (D, τ )

1: A p p ly T I-L E A D E R (D, τ) a s given in A lgo rithm 5.1
L et L = {l1, l2, . . . , lm} b e the o u tp u t.

2: A p p ly c la ssic a l lea ders c lu stering m etho d to c o llect sta tistics o f ea ch ro u gh
lea der(b u b b le) w .r.t. a ll o ther ro u gh lea ders increm enta lly . / * D a ta set is sc a nned
fo r sec o nd tim e in sa m e o rder * /
L et S = {S1, S2, . . . , Sm} b e the su m m a ry o f D.

3: O u tp u t S.

l
(l2)
1 = {x ∈ {lr1} : ||l2 − x|| ≤ ||l1 − l2||},
l
(l1)
2 = {x ∈ {lr2} : ||l1 − x|| ≤ ||l1 − l2||}. �

F o llo w ing info rm a tio n o f a lea der l1 is sto red w .r.t. lea der l2.

( k(l2), l1, ld(l2), s d(l2), T (l1), |TS E d g |, |Com
(l2)
l1
|, ld

(l2)
S E d g , s d

(l2)
S E d g )

w here k(l2) = |l(l2)
1 |,

ld(l2) =
∑k(l2)

j=1 dj, s d(l2) =
∑k(l2)

j=1 d2
j , dj = ||l1 − xj || a nd xj ∈ l

(l2)
1

T (l1) = {xj ∈ D | ||lr − xj || ≤ τ/2}
T

(l2)
S E d g ({lr1}) = {xj ∈ TS E d g ({lr1}) : ||lr2 − xj || ≤ ||l1 − l2||},

Com
(l2)
l1

= {x ∈ D : τ/2 < ||x− l1||, ||x− l2|| ≤ τ};
ld

(l2)
S E d g =

∑

i=1 di, s d
(l2)
S E d g =

∑

i=1 d2
i , di = ||l1 − xi|| > τ/2 a nd xi ∈ l

(l2)
1 .

T he set o f sha red p a tterns Com
(l2)
l1

b etw een lr1 a nd lr2 is a ctu a lly gro u p ed w ith lea der

l1 ∈ L a s l1 is o b served p rio r to l2. A lea der l w ith sta tistics o f its fo llo w ers w .r.t. a ll

o ther lea ders is term ed a s rough bubb le, l(lr) b eing the rep resenta tive p a ttern. L et S b e

the set o f rough bubb les, w hich is the su m m a ry o f w ho le da ta set. It is no ted tha t fo llo w ers

o f lea der l ∈ L a re a lso the m em b ers o f a rough bubb le S ∈ S, w ho se rep resenta tive is lr.

T he w ho le p ro cess o f su m m a riz a tio n is dep icted in A lgo rithm 5.2.

C o mp le x ity o f th e R o ug h b ub b le

T he co m p lex ity o f p ro p o sed su m m a riz a tio n schem e is a na ly zed a s fo llo w s.

i) T he set L c a n b e o b ta ined in O(mn) tim e, w here m = |S|.TH-1069_BKPATRA
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ii) C o m p u ting sta tistics o f ea ch ro u gh lea ders (rough bubb le) ta k es tim es o f O(n). F o r

a ll lea ders, schem e ta k es tim e o f O(mn). T he sp a ce c o m p lex ity is O(m2).

O vera ll tim e a nd sp a ce req u irem ents o f rough bubb le a re O(mn) a nd O(m2), resp ectively .

T he su m m a ry info rm a tio n co m p u ted in this su b sectio n fo r ea ch rough bubb le is u sed

in nex t fo r c a lc u la tio n o f dista nces b etw een a p a ir o f rough bubb les.

5 .3 .3 C luste ring meth o d

T he su m m a ry info rm a tio n o b ta ined fo r a da ta set in p revio u s sectio n is u sed here fo r

c lu stering. S ingle-link m etho d is a p p lied to this su m m a ry info rm a tio n to o b ta in the

c lu stering o f a da ta set. T he single-link w ith rough bubb le is term ed a s R o u gh-single-link

(R S L ) c lu stering m etho d. U sing the info rm a tio n o f ea ch rough bubb le, dista nce b etw een

a p a ir o f rough bubb les is c o m p u ted. T he dista nce fu nctio n dis t is defi ned a s fo llo w s.

dis t : S× S → R≥0, w here R≥0 is set o f no n nega tive rea l nu m b ers.

L et the a vera ge a nd sta nda rd devia tio n o f dista nces fro m l1 to its fo llo w ers w .r.t. l2 b e

µ
(l2)
l1

a nd σ
(l2)
l1

, resp ectively . S im ila rly , µ
(l1)
l2

a nd σ
(l1)
l2

b e the a vera ge a nd sta nda rd devia tio n

o f dista nces fro m l2 to its fo llo w ers w .r.t. l1, resp ectively . T he µ
(l2)
l1

a nd σ
(l2)
l1

a re c a lc u la ted

u sing info rm a tio n a va ila b le in rough bubb le S1 a s fo llo w .

µ
(l2)
l1

=
ld(l2)

k(l2)
; σ

(l2)
l1

=

√

s d(l2)

k(l2)
− (µ

(l2)
l1

)2

S im ila rly , w e c a n ca lc u la te µ
(l1)
l2

a nd σ
(l1)
l2

fo r the rough bubb le S2.

T he sp ec ifi c dista nce b etw een a p a ir o f rough bubb les S1, S2 (S1 a p p ea rs p rio r to S2)

a re no ted nex t.

I. (N o “ ga p ” ) If tw o b u b b les a re a dja cent (||l1− l2|| < 2τ) to ea ch o ther a nd fo llo w ing

co nditio ns ho ld sim u lta neo u sly ( 5.3),

i) T o lera nce c la ss o f lr1 intersects w ith to lera nt sha red edge o f lr2 a nd vice-versa .

ii) T here ex ists a p a ttern in to lera nt sha red edge o f lr2, w hich is no t a m em b er o f

o f to lera nce c la ss o f lr, i.e. ( TS E d g ({lr2}) \ T (lr1) ) 6= ∅.TH-1069_BKPATRA
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T o le ra n c e C la ss o f lr2

T o le ra n t sh a re d e d g e

τ

τ/2

lr2lr1

P a tte rn s

F igu re 5.3: N o “ ga p ” b etw een l1 a nd l2 ro u gh b u b b les

T hen, dis t(S1, S2) = 0.

II. (“ G a p s” ) If tw o ro u gh b u b b les a re a dja cent (||l1 − l2|| < 2τ) to ea ch o ther, then

o ne rough bubb le (sa y S1) m a y c o nta in p a tterns fro m m o re tha n o ne c lu sters (F igu re

5.1). A s a resu lt, S1 m a y ha ve ga p (c lu ster sep a ra tio n). T hese ga p s a re ha ndled

b y rea ssigning co rrect p o sitio n o f p a tterns fro m o ne rough bubb le to o ther. F ew

scena rio s c a n b e o b served a s fo llo w .

A . S1 c o ntains g ap s in th e dire c tio n o f S2 : G a p s m a y a p p ea r in S1 fo r tw o

ty p es o f o rienta tio ns o f p a tterns in ro u gh b u b b les (F igu re 5.4).

a ) If a ssignm ents o f p a tterns in b u b b les fo llo w c o nditio ns sta ted b elo w sim u l-

ta neo u sly ,

i) T o lera nce c la ss o f lr1 do es no t intersect w ith to lera nt sha red edge o f lr2.

ii) T o lera nce c la ss o f lr2 intersect w ith to lera nt sha red edge o f lr1.

iii) T here ex ist o nly sha red p a tterns Coml2
l1

in the to lera nt sha red edge o f

lr1. i.e. ( TS E d g ({lr1}) \ Coml2
l1
) = ∅.

In this c a se, the regio n o f lr2 is ha ving m o re p a tterns to w a rds lr1 tha n the

p a tterns o f lr1 w .r.t. lr2. T herefo re, the sha red p a tterns (Coml2
l1
) sho u ld b e

w ith S2. T he m etho d rem o ves the sha red p a tterns fro m S1 a nd p a tterns

a re a dded to S2. T he sta tistics o f b o th rough bubb les (S1, S2) a re u p da ted

a c c o rdingly .TH-1069_BKPATRA
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Cluster S ep a ra tio n

G a p s

G
ap

s

l1

C1
C2

l2

F igu re 5.4: l1 c o nta ins “ ga p ” in the directio n o f l2

ld(l2) = ld(l2) − |Com
(l2)
l1
| ∗ ( ld (l2)

kl2
);

s d(l2) = s d(l2) − |Com
(l2)
l1
| ∗ ( ld (l2)

k(l2) )2;

ld(l1) = ld(l1) + |Com
(l2)
l1
| ∗ (||l1 − l2|| − ld (l2)

k(l2) );

s d(l1) = s d(l1) + |Com
(l1)
l2
| ∗ (||l1 − l2|| − ld (l2)

k(l2) )2.

b ) G a p s m a y a p p ea r in S1, if to lera nt sha red edges o f l1 a nd l2 intersect ea ch

o ther a nd nu m b er o f p a tterns in the sha red edge o f l2 a re m o re c o m p a red

to the p a tterns in the sha red edge o f l1 (F igu re 5.5).

In this c a se re-a ssignm ent is necessa ry . T he p ro p o sed m etho d rem o ves

sha red p a tterns fro m S1 a nd a dds them to S2. A c c o rdingly , it u p da tes the

co rresp o nding sta tistics.

G a p

Coml2
l1

lr1 lr2

F igu re 5.5: l1 c o nta ins “ ga p ” in the directio n o f l2 (II.A .(b ))

B . S2 c o ntains g ap s in th e dire c tio n o f S1: If c o nverse o f the a b o ve co nditio ns

sta ted in II. (A) ho ld sim u lta neo u sly , then ga p s a p p ea rs in S2. H o w ever, re-

a ssignm ent is no t req u ired a s sha red p a ttern (Coml2
l1
) a re a lrea dy gro u p ed w ith

S1.

TH-1069_BKPATRA
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µ
(l2)
l1

+ 2σ
(l2)
l1

||l1 − l2||
TSE dg e

{l1} {l2}

l1

F igu re 5.6: dis t(S1, S2) = m a x (||l1 − l2|| − (µ
(l2)
l1

+ 2σ
(l2)
l1

)− (µ
(l1)
l2

+ 2σ
(l1)
l2

), 0).

A c c o rding to the ca ses m entio ned a b o ve, w e restru ctu re the rough bubb le a nd reca l-

c u la ted µ
(l2)
l1

, σ
(l2)
l1

, µ
(l1)
l2

a nd σ
(l1)
l2

. D ista nce b etw een a p a ir o f rough bubb les is defi ned in

D efi nitio n 5.5.

D e fi nitio n 5 .5 (D istanc e b e tw e en tw o ro u gh bu bb les) The distance betw een a pair

of rough bubb les S1 and S2 is defi ned as

dis t(S1, S2) = m a x { [ ||l1 − l2|| − (µ
(l2)
l1

+ 2σ
(l2)
l1

)− (µ
(l1)
l2

+ 2σ
(l1)
l2

) ], 0 }.

T he dis t(.) fu nctio n sa tisfi es fo llo w ing p ro p erties.

1. dis t(S1, S2) ≥ 0

2. dis t(S1, S2) = 0, if b o th o f them a re p a rt o f sa m e c lu ster o r S1 = S2.

3. dis t(S1, S2) = dis t(S2, S1). �

A gglo m era tive hiera rchic a l c lu stering m etho d (single-link ) is a p p lied to set o f ro u gh b u b -

b les S. u sing the dista nce m ea su re defi ned in (D efi nitio n 5.5). T his gives a hiera rchy o f

c lu sterings o f rough bubb les. N ex t, ea ch bubb le is rep la ced b y its m em b ers. F ina lly , a

hiera rchy o f c lu sterings o f the da ta set D is o b ta ined. T he w ho le p ro cess o f c lu stering is

no ted in A lgo rithm 5.3.

C o mp le x ity A nalysis

T he co m p lex ity o f R S L m etho d is a na ly zed a s fo llo w s.

1. T he su m m a riz a tio n schem e ta k es tim e o f O(mn). T he sp a ce c o m p lex ity is O(m2).TH-1069_BKPATRA
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A lg o rith m 5 .3 R o u gh-single-link (D, τ)

Apply rou gh bu bble (D, τ) as giv en in Algorithm 5.2.
L et S = {S1, S2, . . . , Sm} be the output of rou gh-bu bble (D, τ).
for each leader lri in Si ∈ S do

for each leader lrj in Sj ∈ S : li 6= lj do

if (||lri − lrj || ≤ 2τ) then

if (tolerance class of lri (l
r
j ) intersects with lrj (l

r
i ) and intersection of shared edges 6= ∅)

then

d is t(Si, Sj) = 0 ; {T wo data spheres are part of a cluster.}
else if (tolerance class of lri intersects with lrj and (lri∩ Co m

lj
li
) 6= ∅ ) then

d is t(Si, Sj) = 0 ; {N o reassignment of patterns}
else if (tolerance class of lri not intersect with lrj but tolerance class of lrj does and

(lrj∩ Co m
lj
li
) 6= ∅) then

Add Co m
(lj)
li

to Sj; R emov e these from Si.

U pdate ld lj , s d lj , ld li , s d li , k(li), k(lj); {T here is a gap in S1 w.r.t. l2}
end if

if (Co m
(lj)
li
6= ∅ and (

|T
(lj)

S E d g
({lri })\Com

(lj )

li
|

|T
(li)
S E d g

({lr
j
})\Com

(lj )

li
|
) <= 0 .5 ) then

Add Co m
(lj)
li

to Sj and remov e from Si;

U pdates ld lj , s d lj , ld li , s d li , k(li), k(lj)

end if

end if

C alculate µ
(lj)
li

, σ
(lj )
li

, µ
(li)
lj

, σ
(li)
lj

d is t(Si, Sj) = max (||li − lj|| − (µ
(lj)
li

+ 2σ
(lj)
li

)− (µ
(li)
lj

+ 2σ
(li)
lj

), 0 )
end for

end for

Apply single-link to S. L et the result be πS = {π1, π2, . . . , π|S|}, set of clusterings of S.
Ex pand each Si ∈ πi ∈ πS. T herefore, πD={πD1

,πD2
,...,πD|S|

}.

O utput πD

2. C a lc u la ting dista nce-m a trix fo r rough bubb le ta k es O(m2) tim e.

3. C lu stering the b u b b les u sing single-link m etho d ta k es O(m2).

O vera ll tim e a nd sp a ce c o m p lex ity o f R S L a re O(mn) a nd O(m2), resp ectively . T he

p ro p o sed m etho d sca ns the da ta set tw ice.TH-1069_BKPATRA
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T a b le 5.1: D a ta set u sed to sho w eff ectiveness o f ro u gh b u b b le schem e

D a ta S et # P a tterns # F ea tu res
S p ira l(S y nthetic) 3330 2

P endigits 7494 16
S hu ttle 58 000 9

C irc le(S y nthetic) 28 000 2
G D S 10 23709 28

5 .4 E x p e rimental R e sults

T his sectio n p resents p erfo rm a nce a na ly sis o f p ro p o sed co m p u ta tio n redu ctio n techniq u e

a nd da ta su m m a riz a tio n schem e. E x p erim ents a re c o ndu cted w ith sy nthetic a s w ell a s rea l

w o rld da ta set (http://archive.ics.uci.edu/ml/, (http://www.ncbi.nlm.nih.gov/geo/))

w itho u t c la ss la b els. B rief descrip tio n o f the da ta set a re given in T a b le 5.1. S p ira l a nd

C irc le a re 2-dim ensio na l sy nthetic da ta set disc u ssed in p revio u s cha p ters. A s disc u ssed in

sectio n 5.3.2 T I-L E A D E R is u sed in fi nding rep resenta tive p o ints o f rough bubb le. T here-

fo re, ex p erim enta l resu lts o f T I-L E A D E R a re p resented sep a ra tely . F irst, T I-L E A D E R

is eva lu a ted a nd fo llo w ed b y rough bubb le.

5 .4.1 Perfo rmance o f T I-L E A D E R meth o d

T he T I-L E A D E R a nd c la ssic a l lea ders (w itho u t dista nce m a trix ) c lu stering m etho ds a re

ex ec u ted o n Intel C o re 2 D u o C P U (3.0 G H Z ) w ith 2G B R A M IB M P C . T he va lu e o f τ is

determ ined b a sed o n intended co m p ressio n ra tio o f the p ro p o sed su m m a riz a tio n schem e.

E x p erim ents w ith S p ira l da ta set (sy nthetic) a re rep o rted in T a b le 5.2. W ith lea ders

thresho ld τ = 10, the TI-L E AD E R c a lc u la tes 2.33 m illio n less dista nce c o m p u ta tio ns

c o m p a red to the c la ssic a l lea ders m etho d. H o w ever, b o th m etho ds a chieve sa m e set o f

lea ders. It is fo u nd tha t p ro p o sed dista nce redu ctio n techniq u e p erfo rm s o ne o rder o f

m a gnitu de less dista nce c o m p u ta tio ns tha n the lea ders m etho d (T a b le 5.2).

T o sho w p erfo rm a nce a na ly sis o f TI-L E AD E R w ith rea l da ta set, it is tested w ith

S hu ttle da ta set. W ith lea ders thresho ld τ = 0.0005, TI-L E AD E R m a k es 355 m illio nsTH-1069_BKPATRA
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T a b le 5.2: P erfo rm a nce o f T I-L E A D E R fo r S p ira l D a ta set

T hresho ld(τ) M etho d # C o m p u ta tio ns S p eed-u p
(in M illio n) (in C o m p u ta tio ns)

10 lea ders 2.42 26.60
T I-L E A D E R 0 .0 9

15 lea ders 1.15 17.70
T I-L E A D E R 0 .0 6

20 lea ders 0.8 0 12.90
T I-L E A D E R 0 .0 6

25 lea ders 0.55 10.78
T I-L E A D E R 0 .0 5

less dista nce c a lc u la tio ns c o m p a red to the c la ssic a l lea ders m etho d. T he TI-L E AD E R

is m o re tha n o ne o rder o f m a gnitu de fa ster tha n the c la ssic a l lea ders m etho d w ith τ =

0.0005 (T a b le 5.3). W ith o ther va lu es o f τ (0.001, 0.002), it is fo u nd tha t p ro p o sed

TI-L E AD E R techniq u e c o m p u tes signifi c a ntly less dista nce c a lc u la tio ns c o m p a red to the

c la ssic a l a p p ro a ch.

T a b le 5.3: P erfo rm a nce o f T I-L E A D E R fo r R ea l D a ta set

D a ta set T hresho ld M etho d # C o m p u ta tio ns T im e
(τ) (in M illio n) (in S ec .)

S hu ttle 0.0005 L ea ders 356.9 29.37
T I-L E A D E R 1.0 1.60

0.0010 L ea ders 157.5 12.03
T I-L E A D E R 1.0 0 .92

0.0020 L ea ders 75.1 5.57
T I-L E A D E R 0 .9 0 .60

T o sho w the p erfo rm a nce o f the p ro p o sed co m p u ta tio n redu ctio n techniq u e w ith va ri-

a b le da ta set size, ex p erim ents a re c o ndu cted w ith S hu ttle da ta set w ith lea ders thresho ld

τ = 0.001. It m a y b e no ted tha t w ith increa se o f the da ta set size, nu m b er o f dista nce

c a lc u la tio ns b y the TI-L E AD E R redu ces signifi c a ntly c o m p a red to tha t o f the c la ssic a l

lea ders (F ig. 5.7(a )). F igu re 5.7(b ) sho w s tim e ta k en b y the lea ders m etho d a nd TI-

L E AD E R m etho d fo r S hu ttle da ta set. It m a y b e no ted tha t the ex ec u tio n tim e o f theTH-1069_BKPATRA
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F igu re 5.7: E x p erim ents w ith S hu ttle da ta set a t τ = 0.001

TI-L E AD E R im p ro ves signifi c a ntly c o m p a red to the c la ssic a l lea ders.

5 .4.2 Perfo rmance o f ro ug h b ub b le summarizatio n Sch eme

T o sho w eff ectiveness o f p ro p o sed rough bubb le, c lu stering m etho ds na m ely , c la ssic a l single-

link , single-link w ith directio na l da ta b u b b le (
−→
dbSL) R S L , S S L (p ro p o sed in C ha p ter 4)

m etho ds a re im p lem ented.

T a b le 5.4 sho w s the deta iled p erfo rm a nce o f the fo u r c lu stering m etho ds fo r diff erent

da ta set. C o m p ressio n R a tio (CR) fo r rough bubb le is defi ned a s CR = n/m, w here n

a nd m a re the ca rdina lity o f da ta set a nd a rep resenta tive set o f the da ta set. R a nd Index

(RI) a nd P u rity a re c o m p u ted to c o m p a re c lu sterings p ro du ced b y these m etho ds. F o r

this p u rp o se, a c lu stering is c o nsidered a s the fi na l o u tp u t in w hich nu m b er o f c lu sters

a re sa m e a s the nu m b er o f c la sses o f a given da ta set fo r ea ch m etho d. RI a nd Purity

(T a b le 5.4) a re c o m p u ted b etw een the c lu sterings (p a rtitio ns) p ro du ced b y single-link a nd

R S L , S S L ,
−→
dbSL m etho d sep a ra tely .

W ith S p ira l da ta set, R S L a nd S S L m etho ds p ro du ce sa m e c lu sterings a s p ro du cedTH-1069_BKPATRA
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T a b le 5.4: R esu lts fo r sy nthetic da ta set

D a ta set Compres s io n M etho d T im e R a nd Index P u rity
Ratio ( n

m
) (in sec .) (RI)

S p ira l 17.61 R S L 0.06 1.000 1.000
17.61 S S L 0.01 1.000 1.000

17.61
−→
dbSL 0.05 0.996 0.999

– single-link 22.12 – –
C irc le 373.5 R S L 0.19 1.000 1.000

373.5 S S L 0.05 0.670 0.68 1

373.5
−→
dbSL 0.14 0.8 19 0.919

– single-link 975.12 – –

b y the single-link m etho d (RI = 1.000, Purity = 1.000) w ith co m p ressio n ra tio 17.61

(T a b le 5.4). W ith high co m p ressio n ra tio (CR = 373.5), R S L c lu stering m etho d p ro du ces

sa m e c lu sterings a s p ro du ced b y tha t o f the single-link m etho d w ith C irc le da ta set (T a -

b le5.4). H o w ever, R S L m etho d is m o re tha n three o rder o f m a gnitu des fa ster tha n tha t o f

the c la ssic a l single-link m etho d. T he S S L m etho d is m o re tha n fo u r o rder o f m a gnitu des

fa ster tha n c la ssic a l single-link a t sa m e c o m p ressio n ra tio (373.5). H o w ever, c lu stering

resu lts o f S S L (RI = 0.670) a re a ff ected signifi c a ntly . T he R S L m etho d o u tp erfo rm s

S S L a nd
−→
dbSL m etho d in c lu stering resu lts fo r b o th da ta set na m ely , S p ira l a nd C irc le in

ex p ense o f little ex ec u tio n tim e.

R a nd Index c o m p u ted fro m c lu stering resu lts p ro du ced b y R S L , S S L , single-link w ith

da ta b u b b le a nd single-link w ith directio na l b u b b les a re sho w n in F igu re 5.8 a s c o m p res-

sio n ra tio va ries fo r C irc le a nd S p ira l da ta set. It m a y b e no ted tha t p ro p o sed R S L c a n

p ro du ce c o nsistently go o d c lu stering resu lts (RI = 1.000) w ith high co m p ressio n ra tio .

T he c lu stering sim ila rity w .r.t. c la ssic a l single-link a t diff erent levels o f hiera rchy

(dendo gra m ) p ro du ced b y R S L a re rep o rted in T a b le 5.5 fo r C irc le da ta set. It is fo u nd

tha t R S L is su p erio r tha n
−→
dbSL a nd S S L m etho ds.

TH-1069_BKPATRA
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F igu re 5.8 : R a nd Index (R I) V s C o m p ressio n R a tio (C R )

T a b le 5.5: C lu stering hiera rchy o b ta ined u sing three su m m a riz a tio n schem es

N umber of M ethod R and Index P urity
cluster (R I )

2 R S L 1.0 0 0 1.0 0 0
S S L 1.0 0 0 1.0 0 0−→

d bSL 1.0 0 0 1.0 0 0

3 R S L 1.0 0 0 1.0 0 0
S S L 0 .627 0 .716−→

d bSL 0 .744 0 .750

4 R S L 1.0 0 0 1.0 0 0
S S L 0 .8 52 0 .9 13−→
d bSL 1.0 0 0 1.0 0 0

5 R S L 0 .9 71 0 .9 8 1
S S L 0 .8 35 0 .9 63−→

d bSL 0 .9 49 0 .9 25

6 R S L 0 .9 62 0 .9 8 1
S S L 0 .8 27 0 .8 9 7−→
d bSL 0 .9 21 0 .8 76

7 R S L 0 .9 31 0 .9 8 0
S S L 0 .8 13 0 .8 60−→

d bSL 0 .8 9 2 0 .8 39

TH-1069_BKPATRA
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T a b le 5.6: R esu lts fo r rea l w o rld da ta set

D ataset Co m pr e s s io n M ethod T ime R and Index P urity
R a tio ( n

m ) (in sec.) (R I )

P endigits 5.50 R S L 5.20 0 .9 8 5 0 .9 9 9
5.50 S S L 1.0 7 0 .9 8 4 0 .9 9 9

5.50
−→
d bSL 4.57 0 .9 8 5 0 .9 9 8

– single-link 512.78 – –
8 .50 R S L 2.43 0 .9 8 5 0 .9 9 9
8 .50 S S L 0 .31 0 .9 8 4 0 .9 9 9

8 .50
−→
d bSL 1.8 0 0 .9 8 4 0 .9 9 9

– single-link 512.78 – –
17.0 7 R S L 0 .8 0 0 .9 8 5 0 .9 9 9
17.0 7 S S L 0 .11 0 .9 8 3 0 .9 9 9

17.0 7
−→
d bSL 0 .66 0 .9 79 0 .9 9 0

– single-link 512.78 – –

G D S 10 10 .64 R S L 31.6 0 .9 30 0 .9 9 2
10 .64 S S L 7.68 0 .8 18 0 .9 17

10 .64
−→
d bSL 26.33 0 .8 8 7 0 .9 61

single-link 4215.51 - -
19 .23 R S L 13.55 0 .9 0 1 0 .9 8 1
19 .23 S S L 1.8 8 0 .8 0 1 0 .8 9 2

19 .23
−→
d bSL 9 .8 8 0 .8 8 1 0 .9 55

single-link 4215.51 - -

S huttle 18 .70 R S L 58 .70 0 .9 19 0 .9 9 7
(40 ,0 0 0 ) 18 .70 S S L 30 .12 0 .740 0 .749

18 .70
−→
d bSL 53.40 0 .8 19 0 .9 18

single-link 710 1.12 - -

E x p e riments w ith real w o rld larg e datase t

P erfo rm a nce o f rough bubb le a re eva lu a ted w ith three rea l w o rld da ta set (P endigits, S hu t-

tle a nd G D S 10). P endigits a nd S hu ttle a re ta k en fro m U C I M a chine L ea rning R ep o sito ry

(http://archive.ics.uci.edu/ml/). W e to o k 40, 000 p a tterns o u t o f 58 , 000 o f S hu ttle

da ta set fo r o u r ex p erim ents du e to m em o ry sho rta ge. T o sto re the entire dista nce m a trix

fo r w ho le da ta set, single-link m etho d co nsu m es 58 000× 58 000× 4 = 12.54G B m em o ry .

F ro m G E O da ta b a se (http://www.ncbi.nlm.nih.gov/geo/) a da ta set na m ed G D S 10

is selected having rem o ved ‘nu ll’ va lu es. F ina lly , 23, 709 o u t o f 39, 114 p a tterns a re u sed

fo r ex p erim ents. T he ex p erim enta l resu lts a re rep o rted in T a b le 5.6 w ith diff erent C RTH-1069_BKPATRA
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va lu es.

In P endigits da ta set, R S L m etho d is u p to tw o o rder o f m a gnitu des fa ster tha n c la ssic a l

single-link m etho d a nd c lu stering resu lts a re very c lo se (RI = 0.98 5, Purity = 0.999 a t

CR = 5.5) to tha t o f the single-link m etho d (T a b le 5.6). T he
−→
dbSL p ro du ces sa m e c lu ster-

ing a s the resu lts p ro du ced b y R S L m etho d a nd ex ec u tio n tim e o f
−→
dbSL is m a rgina lly less

tha n R S L m etho d. C lu stering resu lts p ro du ced b y S S L m etho d is c lo se to R S L a nd
−→
dbSL

m etho ds. T he S S L ta k es less c o m p u ta tio n tim e c o m p a red to R S L a nd
−→
dbSL m etho ds.

E x p erim ents w ith S hu ttle da ta set sho w s tha t R S L m etho d is signifi c a ntly fa ster (m o re

tha n 100 tim es) tha n c la ssic a l single-link m etho d (T a b le 5.6). E x ec u tio n tim e o f R S L is

a t p a r w ith the
−→
dbSL m etho d. E x p erim enta l resu lts fo llo w sim ila r trends w ith G D S 10

da ta set (T a b le 5.6).

5 .5 C o nc lusio ns

D a ta su m m a riz a tio n is a n eff ective w a y o f sp eeding u p c lu stering m etho ds fo r la rge

da ta set. T he rough bubb le su m m a riz a tio n schem e is intro du ced to sp eed u p single-link

m etho d. T he su m m a riz a tio n schem e ex p lo its lea ders m etho d a nd to lera nce ro u gh set the-

o ry . T he p ro p o sed rough bubb le sc a ns the da ta set tw ice o nly . C lu stering resu lts p ro du ced

b y R S L m etho d a re very c lo se to the resu lts p ro du ced b y c la ssic a l single-link m etho d

a nd it ta k es signifi c a ntly less tim e c o m p a red to tha t o f the single-link m etho d. T he R S L

o u tp erfo rm s directio na l da ta b u b b le b a sed single-link m etho d a t c lu stering resu lts w hile

tra ding little c o m p u ta tio n tim e.

P ro p o sed data sphere a nd rough bubb le su m m a riz a tio n schem es su c cessfu lly sp eed u p

dista nce b a sed single-link m etho d in la rge da ta set. H o w ever, these su m m a riz a tio n schem es

c o m b ined w ith single-link c a nno t identify c lu sters w ith diff erent distrib u tio ns a nd in p res-

ence o f o u tliers in a da ta set. T herefo re, a c o ntrib u tio n is m a de in the nex t cha p ter to

disc o ver c lu sters w ith la rgely va ried densities in a da ta set.

TH-1069_BKPATRA



C h ap te r 6

A density b ased c luste ring meth o d

fo r arb itrary sh ap ed c luste rs

6.1 Intro ductio n

M a ny c lu stering m etho ds have b een develo p ed over the y ea rs in va rio u s a p p lic a tio n do -

m a ins. T hese c lu stering m etho ds a re c a tego rized fro m diff erent p ersp ectives. A n a l-

go rithm ic p ersp ective ca tego ries c lu stering m etho ds b a sed o n the ty p es o f a lgo rithm s

(o p tim iz a tio n criteria ) u sed to p ro du ce c lu stering o u tp u ts- dista nce b a sed m etho d (glo b a l

c riteria ) a nd (lo c a l c riteria ) density b a sed m etho d.

A D ista nce b a sed c lu stering m etho d o p tim izes a glo b a l c riteria , w hich is the fu nctio n

o f dista nce b etw een p a tterns in a da ta set. M o st o f the dista nce b a sed m etho ds ca nno t

fi nd a rb itra ry sha p ed c lu sters in a da ta set.

D ensity b a sed c lu stering m etho ds sea rch dense regio ns in fea tu re sp a ce u sing lo c a l

density info rm a tio n. A dense regio n sep a ra ted b y less dense (sp a rse) regio n is c o nsidered

a s a c lu ster in this a p p ro a ch. A ll su ch dense regio ns a re trea ted a s c lu sters o f a da ta set.

D ensity b a sed c lu stering m etho ds fi nd density info rm a tio n (cha ra cteristics) o f ea ch da ta

p o int o f a given da ta set. B a sed o n the cha ra cteristics, c lu sters o r o u tlier p o ints1 a re

1A point is said to be an outlier if it does not conform well defi ned notion of normal behav ior
[ C handola et al. (20 0 9 )]

131
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o b ta ined b y this a p p ro a ch. M a in a dva nta ge o f this a p p ro a ch is tha t it c a n fi nd c lu sters

o f a rb itra ry sha p es a nd sizes in a da ta set. D ensity b a sed c lu stering m etho ds is u sed in

m a ny a p p lic a tio ns su ch a s geo gra p hic info rm a tio n sy stem s, m edic a l im a ging, a nd w ea ther

fo rec a sting.

D B S C A N (A D ensity -B a sed A lgo rithm fo r D isc o vering C lu sters in L a rge S p a tia l D a ta b a ses

w ith N o ise ) [ E ster et a l. (1996)] is a c la ssic a l density b a sed c lu stering m etho d, w hich

ca n detect c lu sters o f a rb itra ry sha p es a nd sizes a lo ng w ith o u tlier p o ints. D B S C A N is

very sensitive to inp u t p a ra m eters- ε (ra diu s o f neighb o rho o d o f a p o int), Minpts (m in-

im u m nu m b er o f da ta p o ints in the neighb o rho o d). D B S C A N w o rk s w ell in a da ta set

w ith c lu sters situ a ted a w a y fro m ea ch o ther. H o w ever, it p erfo rm s p o o rly if c lu sters a re

a dja cent to ea ch o ther in the fea tu re sp a ce. It c a nno t p ro du ce eff ective o u tp u ts (p ro p er

c lu stering) w hen va ria b ility o f densities o f c lu sters is high in a da ta set.

A neighb o rho o d b a sed c lu stering (N B C ) m etho d is intro du ced to o verc o m e the dra w -

b a ck s o f D B S C A N in [ Z ho u et a l. (2005)]. T he N B C needs o nly o ne inp u t p a ra m eter K,

i.e. nu m b er o f nea rest neighb o rs. It c a n disc o ver c lu sters o f a rb itra ry sha p e a nd sizes in

a da ta set w ith va ria b le density . T he co re idea o f N B C is N eighb o rho o d D ensity F a cto r

(N D F ) w hich m ea su res lo c a l density o f a p o int. N D F o f a p o int is ra tio o f the nu m b er o f

reverse K nea rest neighb o rs to the nu m b er o f K nea rest neighb o rs o f the p o int. H o w ever,

N D F do es no t a c c o u nt rela tive p o sitio n (dista nce) o f a p o int in its neighb o rho o d. A s a

resu lt, N B C m a y no t detect b o rder p o ints c o rrectly a nd the m etho d is sensitive to K

va lu es. M .K ry sz k iew ic z et a l. sho w ed tha t this m etho d co u ld no t w o rk sa tisfa cto ry w ith

high dim ensio na l la rge da ta set [ K ry sz k iew ic z a nd L a sek (2010a )].

In this cha p ter, a density b a sed c lu stering m etho d referred to a s N earest N eighbor

F actor based C lustering (N N F C ) is p ro p o sed. N N F C c a n fi nd c lu sters o f a rb itra ry sha p ed

a nd sizes in va ria b le density da ta set. N N F C m etho d is develo p ed b a sed o n a fa cto r term ed

a s N earest N eighbor F actor (N N F ). N N F determ ines rela tive ‘im p o rta nce’ o f a n o b ject in

its K neighb o rho o d u sing rela tive dista nce a nd density info rm a tio n o f the neighb o rho o d.

C lu stering resu lts p ro du ced b y the p ro p o sed N N F C c lu stering m etho d is very c lo se to the

na tu ra l c lu sters o f the da ta set (a s p er P u rity m ea su re). It is less sensitive to p a ra m eterTH-1069_BKPATRA
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K a nd su ita b le fo r la rge da ta set. T he co ntrib u tio ns o f this cha p ter a re su m m a rized a s

fo llo w .

• A no vel p a ra m eter term ed a s N earest N eighbor F actor (N N F ) is intro du ced to de-

term ine rela tive ‘im p o rta nce’ o f a n o b ject in its neighb o rho o d regio n. U nlik e N D F ,

NNF a c c o u nts c lo seness (dista nce b etw een a p o int a nd its neighb o r) a s w ell a s

neighb o rho o d density o f the neighb o r.

• P ro p o sed N N F C c lu stering m etho d ca n fi nd c lu sters in va ria b le density da ta set a nd

less sensitive to inp u t p a ra m eters K.

• N N F C c a n fi nd o u tlier p o ints in a da ta set.

• N N F C is tested w ith sy nthetic a nd rea l w o rld da ta set a nd it is fo u nd tha t N N F C

o u tp erfo rm s T I-K -N eighb o rho o d-Index su p p o rted N B C [ Z ho u et a l. (2005)] in c lu s-

tering q u a lity a s w ell a s ex ec u tio n tim e.

• C lu stering resu lts p ro du ced b y N N F C is c lo se to na tu ra l c lu stering o f the da ta set

(a s p er P u rity m ea su re)

R est o f the cha p ter is o rga nized a s fo llo w s. S ectio n 6.2 describ es a su m m a ry o f rela ted

w o rk . S ectio n 6.3 describ es p ro p o sed c lu stering m etho d, w ith ex p erim enta l resu lts a nd

disc u ssio n in sectio n 6.4. F ina lly , sectio n 6.5 co nc lu des the p a p er.

6.2 R e lated w o rk

T his sectio n p resents a b rief su m m a ry o f p o p u la r density b a sed c lu stering m etho ds (dis-

c u ssed in S ectio n 2.3.5). A deta iled disc u ssio n is p resented here a lso o n c lu stering m etho ds

c lo sely rela ted to the m etho d p ro p o sed in this cha p ter.

• D ensity Based Sp atial C luste ring o f A p p licatio ns w ith No ise (D BSC A N)

[ E ste r e t al. (1996) ]: D B S C A N is a w idely u sed density b a sed c lu stering m etho d

fo r fi nding c lu sters o f a rb itra ry sha p es a nd sizes. M a in idea o f D B S C A N is denseness

a nd connectiv ity, w hich a re c o m p u ted u sing lo c a l distrib u tio n. A p o int x ∈ D is sa idTH-1069_BKPATRA
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to b e dense in the fea tu re sp a ce if a hy p er-sp here o f ra diu s ε (∈ R+) centered a t x

ha s a t lea st Minpts (∈ N) nu m b ers o f p o ints. D B S C A N fo llo w s certa in connectiv ity

relations b etw een p o ints, w hich a re listed b elo w .

i) density reachab le: A p o int y is density rea cha b le fro m x, if there is a seq u ence

o f p a tterns x1 = x, x2, . . . , xm> 1 = y su ch tha t ||xi − xi+1|| ≤ ε a nd ea ch xi,

i = 1..(m− 1) is dense. It m a y b e no ted tha t p o int y c a n a lso b e dense o ne.

ii) density connected: A p a ir o f p o ints x a nd y a re sa id to b e density c o nnected

if there ex ists a dense p o int xc su ch tha t b o th x a nd y a re density rea cha b le

fro m p o int xc.

A c lu ster is defi ned a s a set o f density c o nnected p o ints w hich is m a x im a l w .r.t.

density rea chib ility . F ina lly , no n-dense p o ints, w hich a re no t inc lu ded to a ny c lu ster

a re dec la red a s o u tlier p o ints. H o w ever, it ha s fo llo w ing dra w b a ck :

i) D eterm ining va lu es o f inp u t p a ra m eters ε, Minpts a re no t ea sy ta sk fo r rea l

w o rld la rge da ta set. M o reo ver, diff erent p a rts o f da ta set c o u ld req u ire diff erent

p a ra m eters set. C lu stering resu lts a re sensitive to the p a ra m eters.

ii) It fa ils to detect c lu sters o f a rb itra ry sha p es in a da ta set w hen c lu sters o f

diff erent densities ex ist.

iii) D B S C A N relies o n the o u tp u t o f R * -tree fo r ra nge q u eries. H o w ever, R * -tree

is su ita b le fo r lo w dim ensio na l da ta set.

• O rde ring Po ints T o Identify th e C luste ring Structure (O PT IC S)

[ A nkerst e t al. (1999)] : T o o verc o m e so m e o f the dra w b a ck s o f the D B S C A N

m etho d, O P T IC S w a s intro du ced in [ A nk erst et a l. (1999)]. It crea tes a n a u g-

m ented ordering o f p o ints in da ta set, w hich rep resents hiera rchic a l c lu stering stru c -

tu res o f the da ta set. T his m etho d is seen a s m u ltip le ru ns o f D B S C A N w ith diff erent

ε′ ≤ ε a nd Minpts . H o w ever, fi nding ε a nd Minpts a re diffi c u lt ta sk . It relies o n

R * -tree fo r ra nge q u eries.TH-1069_BKPATRA
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• D E Nsity-b ased C L U stE ring (D enC lue ) [ H inne b urg and Ke im (1998)]:

D enC lu e w o rk s w ith density fu nctio n is the su p erp o sitio n o f severa l infl uence func-

tions. T he infl u ence fu nctio n describ es a n im p o rta nce o f a da ta set p o int w ithin its

neighb o rho o d regio n. It genera lizes a set o f c lu stering m etho ds b y defi ning va rio u s

infl u ence fu nctio ns. A C lu sters is a seq u ence o f da ta set p o ints w ith lo c a l (m a x -

im a ) density m o re tha n p re-sp ec ifi ed thresho ld. H o w ever, D enC lu e req u ires m a ny

p a ra m eters w hich need to b e a dju sted fo r p ro p er c lu stering o u tp u t.

• Neig h b o rh o o d-Based C luste ring (NBC )[ Z h o u e t al. (20 0 5 )]: N B C is a den-

sity b a sed c lu stering m etho d, w hich needs o nly o ne inp u t p a ra m eter K i.e. nu m b er

o f nea rest neighb o rs o f a p o int. N B C u ses o nly neighb o rho o d info rm a tio n to fi nd

c lu sters o f a rb itra ry sha p es, size w ith va ria b le densities. T he co re idea o f N B C

is N eighborhood B ased D ensity F actor (N D F ), w hich m ea su res lo c a l density o f a

da ta set p o int. N D F o f a p o int p is a fu nctio n o f reverse K-nea rest neighb o rs a nd o f

K-nea rest neighb o rs (eq u a tio n ( 6.1)). R everse K-nea rest neighb o rs o f a p o int p is

the set o f p a tterns w ho se K-nea rest neighb o rs c o nta in p.

NDF (p) =
C a rdina lity o f reverse K-nea rest neighb o rs o f p

C a rdina lity o f K-nea rest neighb o rs o f p
(6.1)

B a sed o n the va lu e o f N D F , a p o int c a n b e c la ssifi ed into a ny o ne o f the three

ca tego ries: dense point (NDF (p) > 1), sparse point (NDF (p) < 1) a nd even point

(NDF (p) = 1). B a sed o n va lu e o f N D F , N B C defi nes rela tio n o f density reachab le

a nd density connected in the sim ila r line o f D B S C A N a s fo llo w .

i) density reachab le: A p o int y is density rea cha b le fro m x, if there is a seq u ence

o f dense o r even p o ints x1 = x, x2, . . . , xm> 1 = y su ch tha t xi+1 b elo ngs to K

nea rest neighb o r o f xi, i = 1..(m− 1).

ii) density connected: A p a ir o f p o ints x a nd y a re sa id to b e density c o nnected

if there ex ists a dense p o int xc su ch tha t b o th x a nd y a re density rea cha b le

fro m p o int xc.TH-1069_BKPATRA
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It fi nds c lu sters b y check ing N D F va lu e o f ea ch p o int in a da ta set. If a p o int

p is dense o r even p o int, a new c lu ster w ith p is crea ted. N B C then recu rsively

a dds ea ch K -neighb o r p o int to this c lu ster b y check ing N D F va lu es. T his p ro -

cess sto p s w hen there is no dense o r even p o ints. M etho d ca n fi nd o u tliers in the

da ta set. H o w ever, N B C u ses o nly K-neighb o rs a nd reverse k-neighb o rs c o u nts.

It do es no t u se rela tive dista nce (p o sitio n) o f a p o int in its neighb o rho o d regio n.

T herefo re, w ith a slight cha nge in va lu e o f K, it p ro du ces diff erent c lu stering re-

su lts a nd it trea ts genu ine c lu sters a s o u tlier p o ints (ex p erim enta lly dem o nstra ted

in S ectio n 6.4). K ry sz k iew ic z a nd L a sek [ K ry sz k iew ic z a nd L a sek (2010a )] p o inted

o u t tha t N B C su ff ers c o m p u ta tio n b u rden w ith high dim ensio na l da ta set.

• T I-K-Ne ig h b o rh o o d-Inde x b ased NBC [ Kryszkie w ic z and L asek (20 10 a)]:

K ry sz k iew ic z a nd L a sek [ K ry sz k iew ic z a nd L a sek (2010a )] intro du ced a n sp a tia l in-

dex ing schem e in m etric sp a ce to sp eed u p N B C m etho d in la rge high dim ensio n

da ta set. T he T I-K -N eighb o rho o d-Index b a sed N B C ha s tw o seq u entia l step s. In

the fi rst step , it fi nds K nea rest neighb o rs o f ea ch p o int u sing T I-K -N eighb o rho o d-

Index , w hich is disc u ssed nex t.

T I-K -N eighb o rho o d-Index [ K ry sz k iew ic z a nd L a sek (2010a )] is a n u sefu l techniq u e

to q u ick ly fi nd K nea rest neighb o rs o f a p o int in a da ta set. It is b a sed o n the

p ro p erty o f tria ngle ineq u a lity o f m etric sp a ce. N a ive a p p ro a ch fo r fi nding K nea rest

neighb o rs o f a p o int p needs to c o m p u te n−1 dista nce c a lc u la tio ns. T herefo re, tim e

c o m p lex ity o f na ive fo r a ll p o ints in a da ta set is O(n2∗N), w here N is the dim ensio n

o f the da ta set o f size n. H o w ever, T I-K -N eighb o rho o d-Index q u ick ly p ick s p o tentia l

K neighb o rs p o ints b y disc a rding a la rge nu m b er o f p o ints fo r fi nding K nea rest

neighb o rs o f a p o int. It is indep endent o f dim ensio n. T he index ing techniq u e w o rk s

a s fo llo w s.

Initia lly , da ta set p o ints a re a rra nged in a list L in so rted o rder (a scending) w ith

resp ect to their dista nces fro m o rigin (no rm ). F o r fi nding K nea rest neighb o rs o f a

p o int x ∈ D, index ing techniq u e fi rst identifi es p o sitio n o f x in the list. S u b seq u ently ,

it fi nds K p o ints su ch tha t diff erence o f no rm s o f x a nd tho se p o ints (||x|| − ||q||,TH-1069_BKPATRA
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q ∈ L) a re m inim u m a m o ng the p o ints in L. T hese K p o ints determ ine a ra diu s

E PS o f a sp here centered a t x, w hich co vers a ll K nea rest neighb o rs o f x. T he

va lu e o f E PS is the m a x im u m o f a ctu a l dista nces b etw een x a nd tho se K p o ints.

T he T I-K -N eighb o rho o d-Index c o llects p o tentia l nea rest neighb o r set o f x a p p ly ing

T heo rem 6.1. In this p ro cess, it a dds a p receding o r su c ceeding p o int q to p o tentia l

nea rest neighb o r set su ch tha t no rm diff erence is no t m o re tha n E PS (||x||− ||q|| ≤
E PS). F ina lly , a c tu a l dista nces a re c o m p u ted fro m x to ea ch p o int in p o tentia l

nea rest neighb o rs set a nd K m inim u m dista nce p o ints a re dec la red a s K nea rest

neighb o rs o f x. T he w ho le a p p ro a ch is dep icted in A lgo rithm 6.1.

T h e o rem 6.1 ( Kryszkie w ic z and L asek (20 10 a)) L et L be a set of points or-

dered in a non-decreasing w ay w ith respect to their magnitudes (||.||) of the points.

L et p be any point in L, and E PS ∈ R + be a value such that |NE P S (p)2| >= K. L et

qf and qb be preceding and succeeding points of p in the ordered set L, respectively

such that ||qf || − ||p|| > E PS and ||p|| − ||qb|| > E PS.Then

1. qf and all points follow ing qf do not belong to K nearest neighbors of p.

2 . qb and all points preceding qb do not belong to K nearest neighbors of p. �

T hey sho w ed tha t this index ing b a sed N B C m etho d o u tp erfo rm s N B C su p p o rted

V A fi le [ W eb er et a l. (1998 )] a nd N B C b a sed R -tree [ G u ttm a n (198 4)].

6.3 Pro p o sed c luste ring meth o d

In this sectio n, a fo rm a l defi nitio n fo r N earest N eighbor F actor (N N F ) is given. S u b se-

q u ently , p ro p o sed density b a sed m etho d NNFC is disc u ssed in deta ils.

P ro p o sed NNFC u ses K nea rest neighb o rs sta tistics o f ea ch p o int to determ ine its

p o sitio n in its neighb o rho o d regio n. F o r the sha k e o f rea da b ility , defi nitio n o f K nea rest

neighb o rs is p ro vided a nd fo llo w ed b y a vera ge K nea rest neighb o r dista nce. U sing these

2NE P S (p) = {q ∈ D | q 6= p, ||p− q|| ≤ E P S}TH-1069_BKPATRA
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A lg o rith m 6.1 TI-K-Neig hbo rho o d-Index(D, K)

for each pattern x ∈ D do

C alculate ||x||
end for

M ak e a list L of all sorted patterns, which are ordered in ascending order with respect to | | . | |
for each pattern x ∈ L do

P ick K patterns q preceding and succeeding x such that ||x|| − ||q|| is minimum.
C alculate E P S = max i..K ||x− qi||
K N N S et (x) = ∅
L et pi be the closest pattern preceding x in list L
w hile (||x|| − ||pi|| ≤ E P S) do

if (||x− pi|| ≤ E P S) then

K N N S et(x) = K N N S et ∪{pi} and store distance between x and pi

if (T here ex ists an immediate preceding point pi−1 in L) then

pi = pi−1

end if

E P S = max imum of computed distance between x and p ∈ K N N S et(x).
end if

end w hile

L et qi be the closest pattern succeeding x in list L.
w hile (||x|| − ||qi|| ≤ E P S) do

if (||x− qi|| ≤ E P S) then

K N N S et(x) = K N N S et ∪{qi} and store distance between x and qi

if (T here is an immediate succeeding point qi+ 1 in L) then

qi = qi+ 1

end if

E P S = max imum of computed distance between x and q ∈ K N N S et(x).
end if

end w hile

S ort all points in K N N S et and output fi rst K points as K nearest neighbors of x

end for

info rm a tio n, N earest N eighbor F actor (N N F ) is intro du ced. N N F is the k ey c o ncep t o f

the p ro p o sed c lu stering m etho d. L et D a nd d b e a da ta set a nd a dista nce fu nctio n,

resp ectively .

D e fi nitio n 6.1 (K Neares t Neig hbo r (KNN) Set) : L et x be a point in D. F or a

natural number K, a set NNK(x) = {q ∈ D|d(x, q) ≤ d(x, q
′
), q

′ ∈ D} is called KNN of

x if the follow ing tw o conditions hold.

(i) |NNK(x)| > K if q
′
is not unique in D or |NNK | = K, otherw ise.

(ii) |NNK(x) \N (q
′
)| = K − 1, w here N (q

′
) is the set of all q

′
point(s). �

T he KNN Set(x) ⊂ D is a set o f K nea rest p o ints fro m x in D. KNN Set(x) inc lu des

a ll Kth nea rest p o ints if Kth nea rest p o int is no t u niq u e.T he KNN Set o f x is a lso c a lledTH-1069_BKPATRA
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A vera ge knn dista nce (x)

NN4(x) = {q1, q2, q3, q4, q5}

q5
x

q4

q3

q1q2

NNk(q2)

F igu re 6.1: T he K nea rest neighb o r o f x w ith K = 4

neighb o rho o d o f x. In this cha p ter, w e u se it intercha ngea b ly .

D e fi nitio n 6.2 (Averag e KNN dis tance) : L et NNK(x) be the KNN set of a point

x ∈ D. Averag e KNN dis tance of x is average of distances betw een x and q ∈ NNK(x), i.e.

Averag e KNN dis tance (x) =

∑

q d(x, q | q ∈ NNK(x))

|NNK(x)| �

Averag e KNN dis tance o f a p o int x is a vera ge o f dista nces b etw een x a nd its K neighb o rs

(F igu re 6.1). If Averag e KNN dis tance o f x is less c o m p a red to o ther p o int y, it indic a tes

tha t x’s neighb o rho o d regio n is m o re densed co m p a red to the regio n w here y resides.

U sing info rm a tio n o f K nea rest neighb o rs a nd Averag e KNN dis tance, w e defi ne a

new p a ra m eter c a lled Neares t Neig hbo r Facto r (NNF ), w hich is the k ey idea o f the

p ro p o sed m etho d.

D e fi nitio n 6.3 (Neares t Neig hbo r Facto r (NNF )) : L et x be a point in D and NNK

(x) be the KNN of x. The NNF of x w ith respect to q ∈ NNK(x) is the ratio of d(x, q)

and Averag e KNN dis tance of q.

NNF (x, q) = d(x, q)/Averag e KNN dis tance(q)

�

T he NNF o f x w ith resp ect to a neighb o r q is the ra tio o f dista nce b etw een x a nd q,

a nd Averag e KNN dis tance o f q. NNF (x, q) indic a tes x’s rela tive p o sitio n w ith resp ect

to q’s neighb o rho o d. B a sed o n va lu es o f NNF, o u r m etho d NNFC c a n identify regio nsTH-1069_BKPATRA
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w ith va ria b le densities, o u tlier p o ints a nd inlier p o ints (c lu ster p o int). NNF va lu es o f a

p o int x ∈ D w .r.t. to a ll its neighb o rs a re c lo se to 1 indic a tes tha t neighb o rho o d regio ns

o f a ll neighb o rs b elo ng to a c lu ster a nd x is a n inlier p o int o f the c lu ster. If NNF va lu es

o f x va ries signifi c a ntly w ith resp ect to its neighb o rs, then neighb o rho o d regio ns o f x’s

neighb o rs m a y b elo ng to diff erent c lu sters. T herefo re, a vera ge o f NNF va lu es o f a p o int is

c o nsidered instea d o f individu a l va lu es. A vera ge o f NNF va lu es o f x term ed NNFav g (x)

is c a lc u la ted u sing eq u a tio n (6.2).

NNFav g (x) =

∑

q NNF (x, q | q ∈ NNK(x))

|NNK(x)| (6.2)

T he va lu e o f NNFav g (x) indic a tes x’s rela tive p o sitio n w ith resp ect to its neighb o rs. It

c a n b e sho w n tha t fo r u nifo rm ly distrib u ted p o ints, va lu e o f NNFav g o f ea ch p o int is 1.

H o w ever, va lu e o f NNFav g va ries in rea l w o rld da ta set a nd it c a n b e less tha n o r m o re

tha n 1 dep ending u p o n density o f the regio n w here p o int resides.

It is trivia l to m entio n tha t NNFav g (x) = 1 indic a tes tha t x a nd a ll its neighb o rs a re

in a c lu ster. W herea s, in c a se o f NNFav g (x) ≈ 1, p o int x m a y c lu b w ith a c lu ster o f its

neighb o rs. O therw ise, x c a n b e no ise p o int o r a no ther c lu ster p o int. C o nsidering these

o b serva tio ns, fo llo w ing p o sitio ns o f a p o int x ∈ D w ith resp ect to a c lu ster a re defi ned.

T he p a ra m eter δ is u sed to defi ne c lo seness o f a p o int to a c lu ster.

D e fi nitio n 6.4 (Bo rder Po int o f a C luste r (BP)) : P oint x is called a border point

of a cluster if NNFav g (x) < 1−δ and there exists a point y such that 1−δ ≤ NNFav g (y) ≤
1 + δ and y ∈ NNK(x). �

D e fi nitio n 6.5 (C o re Po int o r C luste r Po int (C P)) : P oint x is a C ore P oint or

C luster P oint (C P ) if 1− δ ≤ NNFav g (x) ≤ 1 + δ. �

C o re p o int resides inside in a c lu ster, w herea s b o rder p o int a t b o u nda ry regio n o f a c lu ster.

A b o rder p o int m a y b e a t the b o u nda ries o f m o re tha n o ne c lu sters. H o w ever, o u r m etho d

co nsiders it in a c lu ster w ho se c o re p o int disc o vers it fi rst.

D e fi nitio n 6.6 (O utlie r Po int(O P)) : L et x be a point in D. The point x is a O utlier

(O P ) if NNFav g (x) > 1 + δ and there is no C P in its KNN set. �TH-1069_BKPATRA



6 .3 P roposed clustering method 1 41

It m a y b e no ted tha t defi nitio n o f o u tlier given here is in the line w ith C ha ndo la et a l.

[ C ha ndo la et a l. (2009)]. U sing the a b o ve c la ssifi c a tio ns o f the da ta set p o ints in the

sim ila r line o f D B S C A N , fo llo w ing rela tio nship s b etw een a ny tw o a rb itra ry p o ints x, y in

D a re esta b lished a nd ex p lo it them in the p ro p o sed m etho d u sing o nly K neighb o rho o d

info rm a tio n.

D e fi nitio n 6.7 (D ire c tly R each ab le ) : L et NNK(x) be KNN set of x. The point y

is directly reachab le from x if x is a C P and y ∈ NNK(x). �

In genera l, directly rea cha b le is a n a sy m m etric rela tio n. H o w ever, if y is a c o re p o int,

then directly rea cha b le is sy m m etric o ne.

D e fi nitio n 6.8 (R each ab le ) : A point y is reachab le from x if there is a sequence of

points p1 = x, p2, . . . , pm = y ∈ D such that pi+1 is directly reachab le from pi, w here

i = 1..(m− 1) �

R ea cha b le is a tra nsitive rela tio n a nd it is a sy m m etric if y is a c o re p o int. O therw ise,it

is a sy m m etric . S ta rting fro m a c o re p o int o f a c lu ster, o ne ca n visit a ll p o ints o f a c lu ster

u sing rea cha b le rela tio n. It m a y b e no ted tha t rea cha b le rela tio n is fo rm ed su rro u nding

a c o re p o int. H o w ever, tw o b o rder p o ints o f a c lu ster c a n a lso b e rela ted thro u gh a c o re

p o int o f the c lu ster. T his rela tio n ca lled neighb o rho o d co nnected is defi ned a s fo llo w s.

D e fi nitio n 6.9 (Ne ig h b o rh o o d C o nne cted) : Tw o points x and y are called neigh-

borhood connected if any one of the follow ing conditions holds.

(i) y is reachab le from x or vice-versa.

(ii) x and y are reachab le from a core point in the dataset. �

O b vio u sly , tw o c o re p o ints in a c lu ster a re neighb o rho o d co nnected. N o w , w e c a n defi ne

N ea rest N eighb o r F a cto r b a sed c lu ster a nd o u tlier p o ints a s fo llo w .

D e fi nitio n 6.10 (Neareat Neig hbo rFacto r bas ed Clus ter(NNFC)) : L et D be a dataset.

C ⊂ D is a N N F C cluster such that

(i) if x, y ∈ C, x and y are neighborhood connected and (ii) if x ∈ C, y ∈ D and y is

reachab le from x, then y also belongs to N N F C cluster C. �TH-1069_BKPATRA
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D e fi nitio n 6.11 (NNF C b ased O utlie r) : L et C1, C2, . . . , Cm be N N F C clusters of

dataset D. The N N F C based outliers set is defi ned as O = {p ∈ D | p /∈ C = ∪m
i=1Ci} �

A lg o rith m 6.2 N N F C (D, K,δ)

/ * D is a dataset, K is the v alue of K nearest neighbor, δ is v ariation parameter * /
for each pattern x ∈ D do

C alculate NNF a v g (x) using Index ing scheme discussed in Algorithm 6.1.
end for

Each point is mark ed as ‘undiscov ered‘.
c lu s te r id = 0 ;
for each pattern x ∈ D do

if x is not mark ed as ‘discov ered’ then

M ark x as ‘discov ered’.
if NNF a v g (x) < 1− δ or NNF a v g (x) > 1 + δ then

M ark x as ‘noise’.
else

/ * x is a C P and start ex panding a new cluster with id c lu s te r id + 1 * /
c lu s te r id = c lu s te r id + 1; Q U E U E = ∅.
for each p ∈ NNK(x) do

if p is ‘undiscov ered’ or mark ed as ‘noise’ then

M ark p with ‘discov ered’ and cluster number c lu s te r id

end if

if p is a core point then

Q U E U E = Q U E U E ∪ {p}.
end if

end for

w hile Q U E U E is not empty do

T ak e a pattern y from Q U E U E .
for each q ∈ NNK(y) do

if q is ‘undiscov ered’ or mark ed as ‘noise’ then

M ark q with ‘discov ered’ and cluster number c lu s te r id

end if

if q is a core point then

Q U E U E = Q U E U E ∪ {q}.
end if

end for

R emov e y from Q U E U E .
end w hile

end if

end if

end for

T he N N F C ha s tw o m a jo r step s a s sho w n in A lgo rithm 6.2. In fi rst step , it sea rches

K nea rest neighb o rs a nd co m p u tes NNFav g o f ea ch p a ttern in the da ta set. T o sp eed

u p the sea rching p ro cess, T I-K -N eighb o rho o d-Index [ K ry sz k iew ic z a nd L a sek (2010a )] is

ex p lo ited fo r fi nding K nea rest neighb o rs.TH-1069_BKPATRA
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A ll p o ints a re m a rk ed a s ‘u ndisc o vered’ in the b eginning o f sec o nd p ha se. NNFC

p ick s a n ‘u ndisc o vered’ p o int (sa y , x) a nd m a rk s x a s ‘no ise’ a nd ‘disc o vered’, if x is no t

a c o re p o int (C P ). O therw ise, if x is a C P , it sta rts ex p a nding a new c lu ster b y fi nding

a ll rea cha b le p o ints fro m x. A rea cha b le p o int w hich is either ‘u ndisc o vered’ o r ‘no ise’

is inc lu ded into the new c lu ster. E a ch p o int in the c lu ster is m a rk ed w ith clus ter id + 1

(initia lized w ith clus ter id = 0) a nd ‘disc o vered’. It m a y b e no ted tha t a p o int ea rlier

m a rk ed a s ‘no ise’ is inc lu ded a s a b o rder p o int o f the cu rrent c lu ster. S im ila rly , a rea cha b le

p o int w hich w a s ea rlier inc lu ded a s a b o rder p o int o f o ther c lu ster is no t c o nsidered fo r the

cu rrent c lu ster. T his p ro cess c o ntinu es u ntil a ll p o ints a re m a rk ed a s ‘disc o vered’. F ina lly ,

p o ints w hich a re m a rk ed a s ‘no ise’ a re dec la red a s o u tlier set a nd p o ints w hich a re m a rk ed

w ith clus ter id a s c lu ster p o ints. N eedless to m entio n tha t N N F C fi nds a rb itra ry sha p ed

c lu sters in the da ta set.

T im e a nd sp a ce c o m p lex ity o f N N F C is a na ly zed a s fo llo w s. T im e c o m p lex ity o f the

fi rst step o f N N F C is sa m e a s the co m p lex ity o f T I-K -N eighb o rho o d-Index . In the seco nd

step , N N F C tra verses ea ch p o int o nce a nd either inc lu des it to a c lu ster o r c o nsiders the

p o int a s a tem p o ra ry o u tlier. T herefo re, T im e c o m p lex ity o f this step is O(nK) = O(n).

O vera ll c o m p lex ity o f N N F C is c o m p lex ity o f T I-K -N eighb o rho o d-Index +O(n). S p a ce

c o m p lex ity o f N N F C is sp a ce req u irem ent o f T I-K -N eighb o rho o d-Index +O(nN), w here

N is the dim ensio n o f da ta set.
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F igu re 6.2: D a ta set [ Z ho u et a l. (2005)]

6.4 Perfo rmance E valuatio ns

T o eva lu a te eff ectiveness, N N F C is im p lem ented u sing C la ngu a ge o n Intel(R ) C o re 2

D u o C P U (3.0 G H z) D esk to p P C w ith 2 G B R A M . T he m etho d is tested w ith tw o

sy nthetic a nd tw o rea l w o rld da ta set. C o m p a riso ns w ith D B S C A N a nd T I-K -N eighb o r-

Index su p p o rted N B C [ K ry sz k iew ic z a nd L a sek (2010a )] a re rep o rted in this sectio n. T he

RI a nd Purity a re c o m p u ted b etw een o u tp u t o f a c lu stering m etho d w ith the cla ss la b els

o f a given da ta set.

D eta iled descrip tio n o f ex p erim enta l resu lts a nd da ta set u sed a re given b elo w . In o u r

ex p erim ents, w e c o nsider the va lu e o f δ = 0.25. H o w ever, slight cha nge in va lu e o f δ do es

no t eff ect o n c lu stering q u a lity .

6.4.1 Synth e tic datase t

V ariab le D ensity D atase t [ Z h o u e t al. (20 0 5 )]: A sy nthetic da ta set is u sed w hich is

sim ila r to a da ta set u sed in [ Z ho u et a l. (2005)]. It is sho w n in F igu re 6.2. T his da ta set

c o nsists o f fi ve c lu sters w ith va ria b le densities. D B S C A N c a nno t fi nd a ll fi ve c lu sters

w ith a ll p o ssib le va lu es o f p a ra m eters. W ith high density setting, D B S C A N c a n fi nd o nly

three c lu sters a nd trea ts o ther tw o a s no ise (F igu re 6.3(a )). H o w ever, N N F C fi nds a ll fi ve

c lu sters a s do es T I-K -N eighb o r-Index su p p o rted N B C (F igu re 6.3(b ), 6.3(c)).
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(b) C lustering by N N F C

 0

 20

 40

 60

 80

 100

 0  20  40  60  80  100

C lu s te r1
C lu s te r2
C lu s te r3
C lu s te r4
C lu s te r5

N o is e

(c) C lustering by N B C

F igu re 6.3: C lu stering resu lts w ith da ta set [ Z ho u et a l. (2005)]
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(a) S piral with O utliers

Sp iral D atase t w ith O utlie rs: S p ira l da ta set u sed in p revio u s cha p ters is u sed here.

H o w ever, 26 o u tlier p o ints a re a dded w ith it. T his da ta set ha s tw o sp ira l (a rb itra ry )

sha p ed c lu sters w ith 3356 p a tterns a s sho w n in F igu re 6.4(a ). F ro m resu lts o f N N F C

a nd T I-K -N eighb o r-Index ed N B C w ith S p ira l da ta set, it is fo u nd tha t N N F C rem a ins

less sensitive to K va lu es c o m p a red to T I-K -N eighb o r-Index ed N B C m etho d. P ro p o sed

m etho d w o rk s w ell w ith a w ide ra nge o f va lu es (K = 10 to K = 30). It c a n detect tw o

genu ine c lu sters c o rrectly w ith K = 10 to K = 30 (F igu re 6.4). W ith K = 10, T I-K -

N eighb o r-Index su p p o rted N B C fi nds fo u r c lu sters sp litting ea ch o f the genu ine c lu sters

into tw o (F igu re 6.5(a )). W ith K = 15, K = 17 a nd K = 20, it dec la res genu ine c lu ster

p o ints a s no ise p o ints (F igu re 6.5). C lu stering resu lts a nd ex ec u tio n tim e o f N N F C a nd

T I-K -Index ed N B C a re rep o rted w ith δ = 0.25 in T a b le 6.1.
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(b) K = 10 , 15, 20
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(c) K = 25, 30

F igu re 6.4: C lu stering p ro du ced b y N N F C m etho d w ith diff erent va lu es o f K

T a b le 6.1: E x p erim enta l R esu lts w ith S p ira l D a ta set

V a lu e o f K M etho d T im e P u rity R a nd Index # C lu ster
(in S ec o nds)

10 T I-K -Index ed N B C 0.91 0.951 0.8 99 4
NNF C 0 .41 0 .999 0 .999 2

15 T I-K -Index ed N B C 1.19 0.976 0.964 3
NNF C 0 .43 0 .999 0 .999 2

20 T I-K -Index ed N B C 1.48 0.998 0.998 3
NNF C 0 .48 0 .999 0 .999 2

25 T I-K -Index ed N B C 1.76 0.998 0.998 3
NNF C 0 .5 5 0 .998 0 .998 2
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(a) K =10
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(b) K =15
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(c) K =17
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(d) K =20

F igu re 6.5: C lu stering B y N B C / T I-K -Index ed N B C w ith diff erent K va lu es
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F igu re 6.6: E x ec u tio n T im e o f N N F C a nd T I-K -Index ed N B C M etho ds w ith S hu ttle D a ta

6.4.2 R eal w o rld datase t

Sh uttle D atase t: T his da ta set ha s 9 integer va lu ed a ttrib u tes o f 58 , 000 p a tterns dis-

trib u ted over 7 c la sses (a fter m erging tra ining a nd test sets). C la ss la b els a re elim ina ted

fro m the a ll p a tterns. C lu stering resu lts p ro du ced b y N N F C a nd T I-K -Index su p p o rted

N B C m etho d w ith diff erent va lu es o f K a re c o m p a red w ith c la ss la b els o f the da ta set u sing

R a nd Index a nd P u rity m ea su res a nd rep o rted them in T a b le 6.2. It c a n b e o b served tha t

c lu stering resu lts (RI = 0.8 54) o f N N F C m etho d is b etter tha n the T I-K -Index su p p o rted

N B C m etho d (RI = 0.58 5) a t va lu e o f K = 30. E x ec u tio n tim e o f T I-K -N eighb o rho o d-

Index su p p o rted N B C m etho d a nd N N F C m etho ds a re a lso rep o rted (T a b le 6.2). T he

nu m b er o f c lu sters (7) p ro du ced b y N N F C is c lo se to the nu m b er o f a ctu a l c lu sters (7)

o f the da ta set w ith K = 50. E x ec u tio n tim e o f N N F C is m o re tha n fi ve tim es fa ster tha n

T I-K -Index su p p o rted N B C m etho d fo r S hu ttle da ta set.

F igu re 6.6 sho w s ex ec u tio n tim e o f the N N F C a nd T I-K -Index su p p o rted N B C m etho ds

a s da ta size va ries fro m 5000 to 58 000 fo r S hu ttle da ta set w ith δ = 0.25. It m a y b e no ted

tha t NNFC c o nsu m es signifi c a ntly less tim e a s da ta set size increa ses.

Pag e : T his da ta set ha s 5473 p a tterns distrib u ted a cro ss fi ve c la sses. A p a ttern co rre-

sp o nds to a p a ge b lo ck o f 54 do c u m ents. F ro m ex p erim enta l resu lts, it c a n b e no ted tha tTH-1069_BKPATRA
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T a b le 6.2: R esu lts w ith R ea l W o rld D a ta set (U C I M a chine L ea rning R ep o sito ry )

D a ta set V a lu e o f K M etho d T im e P u rity R a nd Index N u m b er o f
U sed (in S ec o nds) C lu sters

30 T I-K -Index ed N B C 1121.94 0.913 0.58 5 28
S hu ttle NNF C 241.46 0 .921 0 .85 4 11

35 T I-K -Index ed N B C 1225.92 0.914 0.674 18
NNF C 245 .76 0 .921 0 .85 5 9

40 T I-K -Index ed N B C 1290.71 0.914 0.799 15
NNF C 25 0 .25 0 .915 0 .812 8

50 T I-K -Index ed N B C 1467.50 0.913 0.8 01 13
NNF C 265 .10 0 .918 0 .844 7

P a ge 15 T I-K -Index ed N B C 2.73 0.924 0.747 13
NNF C 0 .77 0 .93 1 0 .83 1 6

25 T I-K -Index ed N B C 3.41 0.925 0.779 10
NNF C 0 .88 0 .93 0 0 .85 0 4

N N F C p ro du ces b etter c lu stering (P u rity = 0.931, 0.930 a nd R a nd Index = 0.8 31, 0.8 50)

tha n T I-K -Index su p p o rted N B C m etho d (P u rity = 0.924, 0.925 a nd R a nd Index = 0.747,

0.779). T he N N F C ta k es less tim e c o m p a red to T I-K -Index su p p o rted N B C m etho d (T a -

b le 6.2). W ith K = 25, c lu stering resu lt (RI = 0.8 50) o f N N F C is b etter tha n resu lt

(RI = 0.779) p ro du ced b y the T I-K -Index su p p o rted N B C .

6.5 C o nc lusio ns

N N F C is a neighb o rho o d b a sed c lu stering m etho d, w hich ca n fi nd a rb itra ry sha p ed c lu s-

ters in a da ta set w ith va ria b le densities. T he NNFC c a lc u la tes Neares t Neig hbo r

Facto r to lo c a te rela tive p o sitio n o f a p o int in da ta set. B a sed o n p o sitio n, a p o int

is dec la red a s a c lu ster p o int o r no ise p o int. E x p erim enta l resu lts dem o nstra te tha t it

o u tp erfo rm s T I-K -Index su p p o rted N B C in b o th c lu stering resu lts a nd ex ec u tio n tim e.
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C o nc lusio n and future sc o p e o f w o rk

7.1 Summary o f c o ntrib utio ns o f th e th e sis

C lu ster a na ly sis o r c lu stering a ctivity is to fi nd gro u p s o f o b jects su ch tha t o b jects in

a gro u p a re m o re similar tha n o b jects in diff erent gro u p s. D ep ending u p o n a p p lic a tio n

do m a ins, va rio u s c lu stering m etho ds have b een evo lved over the y ea rs. T hese c lu ster-

ing m etho ds ca n b e c a tego rized fro m diff erent view p o ints. F ro m algorithmic view point,

c lu stering m etho ds a re c a tego rized into (i) distance based methods a nd (ii) density based

methods. D ista nce b a sed m etho d u ses o nly dista nce info rm a tio n b etw een p a tterns in a

given da ta set to o b ta in c lu sters in the da ta set, w herea s density b a sed m etho d u ses density

info rm a tio n o f ea ch p a ttern in the da ta set. T his thesis p ro p o sed dista nce b a sed a s w ell

a s density b a sed m etho ds fo r fi nding “ na tu ra l” c lu sters (c lu sters o f a rb itra ry sha p es a nd

sizes) in la rge size da ta set.

D ista nce b a sed c lu stering m etho ds u su a lly fi nd c lu sters o f c o nvex sha p es in a da ta set.

H o w ever, dista nce b a sed single-link c a n fi nd c lu sters o f a rb itra ry sha p es a nd sizes. It

sc a ns a da ta set m u ltip les tim es a nd ha s tim e a nd sp a ce c o m p lex ity o f O(n2), w here n

is the size o f the da ta set. T hese a re p o tentia lly severe dra w b a ck s o f c lu stering a ctivity

in la rge size da ta . T o o verc o m e these dra w b a ck s, C ha p ter 3 o f the thesis develo p ed

a hy b rid c lu stering m etho d, w hich co m b ines tw o dista nce b a sed m etho ds- (i) lea ders

m etho d, w hich needs a single da ta set sc a n, a nd (ii) single-link w ith dista nce sto p p ing

151
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criteria . T he hy b rid m etho d is su ita b le in la rge da ta set a nd signifi c a ntly fa ster tha n

c la ssic a l single-link m etho d (dista nce sto p p ing criteria ) a p p lied directly to the da ta set.

H o w ever, nu m b er o f c lu sters p ro du ced b y the hy b rid m etho d m a y b e m o re c o m p a red to

the nu m b er o f c lu sters p ro du ced b y tha t o f the single-link m etho d, i.e., a c lu ster in a

da ta m a y b e divided into a nu m b er o f su b -c lu sters b y the hy b rid m etho d. T his lea ds

to erro r in c lu stering resu lt. T o ha ndle this issu e, a s a n enha ncem ent to the p ro p o sed

hy b rid m etho d, a c o rrectio n step is a dded to the p ro p o sed hy b rid m etho d. T heo retic a l

a nd ex p erim enta l stu dy dem o nstra ted tha t c lu stering resu lts p ro vided b y the co rrectio n

step w ith hy b rid m etho d is ex a ctly sa m e a s the resu lts p ro du ced b y tha t o f the single-link

m etho d in signifi c a ntly less tim e c o m p a red to the c la ssic a l single-link m etho d in la rge

da ta sets.

H y b rid m etho d a nd its enha ncem ent m etho d p ro p o sed in C ha p ter 3 p ro du ce a fl a t

c lu stering o f a da ta set. T hese m etho ds ca nno t b e u sed to fi nd nested a rb itra ry sha p ed

c lu sters. T o a ddress this issu e, a new da ta su m m a riz a tio n schem e is p ro p o sed in C ha p ter 4.

P ro p o sed da ta su m m a riz a tio n schem e genera tes a nu m b er o f su m m a rized u nits to c a p -

tu re su m m a ry o f a da ta set. T he lea ders c lu stering m etho d is u tilized to fo rm su m m a rized

u nits. C la ssic a l hiera rchic a l a gglo m era tive (single-link ) m etho d is u sed to m erge su m m a -

rized u nits p ro gressively . E x p erim enta l resu lts illu stra ted tha t p ro p o sed su m m a riz a tio n

schem e o u tp erfo rm s da ta b u b b le a nd directio na l da ta b u b b le su m m a riz a tio n schem es

a t ex ec u tio n tim e. P ro p o sed su m m a riz a tio n schem e c o m b ined w ith single-link p ro du ces

b etter c lu stering hiera rchy c o m p a red to da ta b u b b le b a sed single-link m etho d a nd the

c lu stering hiera rchy is very c lo se to directio na l da ta b u b b le b a sed single-link m etho d.

C lu stering resu lts p ro du ced b y da ta su m m a riz a tio n schem e p ro p o sed in C ha p ter 4

deterio ra tes w ith high co m p ressio n ra tio s. T his a p p ro a ch ca nno t detect c lu ster sep a ra tio n

(“ ga p s” ) p resent in a su m m a rized u nit. T o a ddress this issu e, to lera nce ro u gh set theo ry

b a sed su m m a riz a tio n schem e (rough bubb le) is p ro p o sed in C ha p ter 5. P ro p o sed rough

bubb le c o llects directio na l sta tistics o f ea ch su m m a rized u nit (a lso term ed a s rough bubb le),

w hich help s identify ing c lu ster sep a ra tio n a nd a ssignm ent o f p a tterns in p ro p er ro u gh

b u b b les. E x p erim ents illu stra ted tha t to lera nce ro u gh set b a sed su m m a riz a tio n schem eTH-1069_BKPATRA
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o u tp erfo rm directio na l da ta b u b b le in c lu stering resu lts a nd ex ec u tio n tim e is m a rgina lly

higher tha n directio na l da ta b u b b le.

D ista nce b a sed a p p ro a ch ca nno t fi nd a rb itra ry sha p ed c lu sters in the p resence o f o u t-

liers a nd va ry ing density c lu sters in a da ta set. T o a ddress this p ro b lem , a density b a sed

c lu stering m etho d is p ro p o sed in C ha p ter 6. P ro p o sed density b a sed m etho d u ses K nea r-

est neighb o r info rm a tio n o f a p a ttern to fi nd rela tive ‘im p o rta nce’ o f the p a ttern in its

neighb o rho o d regio n. D ep ending u p o n ‘im p o rta nce’ o f a p a ttern, either it is a dded to a

c lu ster (new o r ex isting) o r dec la red a s o u tlier in a da ta set. E x p erim enta l resu lts dem o n-

stra ted tha t p ro p o sed density b a sed c lu stering m etho d o u tp erfo rm s N B C a nd recently

intro du ced T I-K -N eighb o rho o d-Index su p p o rted N B C .

7.2 Sco p e fo r future w o rk

T he c lu stering m etho ds a nd da ta su m m a riz a tio n schem es develo p ed in the thesis su c cess-

fu lly a ddressed p ro b lem s invo lved in c lu stering la rge size da ta . In this sectio n, p o ssib le

fu tu re ex tensio ns in these m etho ds a re disc u ssed.

• P ro p o sed al-S L m etho d o u tp u ts a fl a t c lu stering o f a given da ta set. A s a n ex tensio n

o f this w o rk , a m etho d ca n b e develo p ed w hich w o u ld p ro du ce a dendo gra m . H igher

levels o f the dendo gra m w o u ld b e sim ila r to the dendo gra m p ro du ced b y c la ssic a l

single-link m etho d.

P ro p o sed al-S L m etho d ha s a c o rrectio n step , w hich m a k es this a p p ro a ch diff erent

fro m o ther hy b rid c lu stering m etho ds. T he idea o f c o rrectio n step m a y b e ex p lo red

in o ther c lu stering m etho ds a nd lea rning techniq u es in da ta m ining.

T he p ro p o sed hy b rid c lu stering m etho ds (l-S L a nd al-S L ) fo r a rb itra ry sha p ed c lu s-

ters need a single inp u t p a ra m eter h: dista nce b etw een a p a ir o f c lu sters in a given

da ta set. F ina l c lu stering o u tp u ts dep end u p o n the va lu e o f h. A t p resent, tw o dif-

ferent a p p ro a ches a re p ro vided fo r fi nding su ita b le va lu e o f h in this thesis. T he fi rst

a p p ro a ch fu lly dep ends u p o n do m a in k no w ledge a nd seco nd a p p ro a ch o n ra ndo m

sa m p ling techniq u e. O ne m o re a p p ro a ch ca n b e a dded, w hich w o u ld u se do m a inTH-1069_BKPATRA



7.2 S cope for future w ork 1 54

k no w ledge a s w ell a s w eakest link [ B en-D a vid a nd A ck erm a n (2008 )] to refi ne the

va lu e o f h.

• P ro p o sed su m m a riz a tio n schem e data sphere w a s develo p ed fo r sp eeding u p the

dista nce b a sed single-link m etho d. A s o ne o f ex tensio ns o f this schem e, data sphere

m a y b e m o difi ed to w o rk w ith density b a sed hiera rchic a l c lu stering m etho d lik e

O P T IC S . T he co re dista nce, rea chib ility dista nce w hich a re the b a sis o f O P T IC S

m etho d need to b e redefi ned in data sphere schem e. A no ther resea rch directio n m a y

b e su ita b le m o difi c a tio n o f data sphere schem e to sp eed u p D B S C A N , m etho ds.

O u tp u t o f data sphere dep ends o n sca nning o rder o f the da ta set. A schem e c a n b e

develo p ed to m inim ize the eff ect o n o u tp u ts w .r.t. sc a nning o rder o f the da ta sets.

• P ro p o sed rough bubb le su m m a riz a tio n schem e a ddressed the p ro b lem o f “ ga p s”

p resent in a rough bubb le. T he schem e m a y b e ex tended to a ddress the fo llo w ing

scena rio s.

– If dista nce b etw een tw o ro u gh b u b b les is ex a ctly 2τ a nd o ne b u b b le c o nta ins

p a tterns fro m m o re tha n o ne c lu sters, then “ ga p ” a p p ea rs in the b u b b le.

– If dista nce b etw een tw o ro u gh b u b b les O1 a nd O2 is m o re tha n 2τ a nd there

do es no t ex ist a ny b u b b le (sa y O3) b etw een O1 a nd O2 (||O3 − O1/O2|| <=

||O1 − O2||), then c lu ster sep a ra tio n (“ ga p s” ) m a y b elo ng to b o th b u b b les.

T his u nderestim a tes dista nce b etw een the b u b b le.

T he rough bubb le schem e c o m p u tes sta tistics o f ea ch ro u gh b u b b le w .r.t. to a ll

b u b b les. T herefo re, it m a k es a la rge nu m b er o f dista nce c o m p u ta tio ns. H o w ever,

b u b b les a t c o nsidera b le dista nce (fa r a nd a w a y ) do no t infl u ence c lu stering o u tp u ts.

A s a n ex tensio n o f the schem e, a techniq u e c a n b e develo p ed, w hich w o u ld a vo id

co llecting directio na l sta tistics o f certa in b u b b les.

• A n o u tlier detectio n m etho d m a y b e develo p ed u sing p a ra m eter NNF p ro p o sed in

C ha p ter 6. T he detectio n m etho d w o u ld fi nd p re-sp ec ifi ed nu m b ers o f to p o u tliersTH-1069_BKPATRA
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in a da ta set. A m echa nism m a y b e intro du ced to a vo id co m p u ta tio ns fo r certa in

genu ine inlier p o ints a s fo c u s is to fi nd to p o u tliers.

N N F C m etho d u ses T I-K -N eighb o rho o d-Index fo r fi nding K nea rest neighb o rs o f

a p a ttern q u ick ly . A s a n ex tensio n o f this w o rk , u sefu lness o f L ocality S ensitive

H ashing [ Indy k a nd M o tw a ni (1998 )] m a y b e stu died in fi nding K nea rest neighb o rs

o f ea ch p a ttern a nd m a y b e u tilized in N N F C m etho d.

• P ro p o sed m etho ds fi nd a rb itra ry sha p ed c lu sters. A s a n ex tensio n o f the w o rk ,

degree of arbitrariness o f c lu sters p ro du ced b y these m etho ds m a y b e stu died.

• A p p lic a tio n o f these m etho ds in im a ge segm enta tio n, b io -info rm a tics m a y b e stu d-

ied.

TH-1069_BKPATRA



7.2 S cope for future w ork 1 56

TH-1069_BKPATRA



Bib lio g rap h y

J . S . A gu ila r-R u iz a nd F . A z u a je. K no w ledge D isc o very in L y m p ho m a C a ncer fro m

G ene-E x p ressio n. In P roceedings of the Intelligent D ata E ngineering and Automated

L earning, ID E AL 2 004 , p a ges 31–38 , 2004.

I. S . A ltingo vde, R . O z c a n, H . C . O c a la n, F . C a n, a nd Ö . U lu so y . L a rge-sc a le c lu ster-
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