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Abstract This paper presents OPOSSUM, a novel similarity-based clus-
tering approach based on constrained, weighted graph-partitioning. OPOs-
SUM is particularly attuned to real-life market baskets, characterized
by very high-dimensional, highly sparse customer-product matrices with
positive ordinal attribute values and significant amount of outliers. Since
it is built on top of Metis, a well-known and highly efficient graph-
partitioning algorithm, it inherits the scalable and easily parallelizeable
attributes of the latter algorithm. Results are presented on a real retail
industry data-set of several thousand customers and products, with the
help of CLUSION, a cluster visualization tool.

1 Introduction

A key step in market- asket analysisisto 1 ster stomers into relati ely homo-
eneo s ro ps a ordin to their p r hasin  eha ior A lar e market- asket
data ase may in ol e millions o  stomers and se eral tho sand prod t-lines
or ea h prod t a stomer o ld potentially y a eat re attri te is
re orded in the data-set A eat re s ally orresponds to some property e

antity pri e pro t o the oodsp r hased ost stomersonly y asmall
s set o prod ts e onsider ea h stomer as a m lti-dimensional data
point and then try to 1 ster stomers ased on their yin eha ior the
pro lem di ers rom lassi 1 sterin s enarios in se eral ays

he n m er o eat res is ery hi h and may e en
ex eed the n m er o samples So one has to a e ith the rseo dimen-
sionality
ost eat res are ero or most samples his stron ly a e ts the
eha ior o similarity meas res and the omp tational omplexity
tliers s hasa e i orporate stomers that
appear in an other ise small retail stomer data may totally o set res lts
ilterin these o tliers may not e easy nor desira le sin e they o Id e
ery important e ma or re en e ontri tors
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n addition eat res are o ten neither nominal nor ontin o s t ha e dis-
rete positi e ordinal attri te al es ith a stron ly non-Ga ssian distri -
tion oreo er sin e the n m er o eat res is ery hi h normali ation an
e ome di It e to these iss es traditional 1 sterin te hni es ork
poorly on real-li e market- asket data his paper des ri es a raph-
partitionin approa h sin al e- ased eat res thatis ell s ited or market-
asket 1 sterin s enarios exhi itin someor all o the hara teristi sdes ri ed
a o e e also examine ho this approa h s ales to lar e data sets and ho it
an e paralleli ed on distri ted memory ma hines

td or

has een idely st died in se eral dis iplines spe ially sin e the
early S Some lassi approa hes in 1 de partitional methods s h as
-means hierar hi al a lomerati e 1 sterin ns per ised ayes and sot
statisti al me hani s asedte hni es ost lassi alte hni es ande en airly
re ent ones proposed in the data minin omm nity
et are ased on distan es et een the
samples in the ori inal e tor spa e h s they are a ed ith the rse o
dimensionality and the asso iated sparsity iss es hen dealin ith ery hi h
dimensional data e ently some inno ati e approa hes that dire tly address
hi h-dimensional data minin ha e emer ed o st 1 sterin sin
lin s is an a lomerati e hierar hi al | sterin te hni e or ate ori al
attri tes t sesthe inary Ja ard oe ient and a thresholdin riterion to
esta lish links et een samples ommon nei h ors are sed to de ne inter-
onne ti ity o | sters hi his sed to mer e 1 sters starts
ith partitionin the data into a lar en m er o 1 sters y partitionin the
-nearest nei h or raph nthes se entsta e | stersare mer ed ased on
inter- onne ti ity and their relati e loseness on | sterin
ha e taken t o dire tions

er orm -means or a ariant thereo on a sin le omp ter ith limited
main memory ith as e s ans o the data ase as possi le hese al o-
rithms impli itly ass me hyperspheri al 1 sterso a o t the samesi e and
th s the key idea is to pdate s ient statisti s n m er o points s m
s m-s ared a o t the potential 1 sters in main memory as one s ans
the data ase and then do rther re nement o 1 ster enters ithin main
memory

arallel implementations -means is readily paralleli ea le thro h data
partitionin on distri ted memory m lti omp ters ith little o erhead
At ea h iteration the rrent lo ations o the means is road ast to all
pro essors ho then independently per orm the time ons min operation
o ndin the losest mean or ea h lo al data point and nally send the
lo al pdates to the mean positions to a entral pro essor that does a
lo al pdate sin a -allred e operation
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o in ci c tur nd i i rit (¢
et ethen m ero o ets stomers in the data and the
n m ero eat res prod ts orea hsample ith heinp t
data an e represented y a prod t- stomer matrix ith the -th
ol mn representin the sample ard 1 sterin assi nsala el toeah

dimensional sample s h that similar samples tend to et the same la el
hen m er o distin tla elsis the desiredn m ero 1 sters n eneral the
la els are treated as nominals ith no inherent order tho hinsome ases s h

as sel -or ani in eat re maps s or top-do nre rsi e raph- ise tion
the la elin may ontain extra orderin in ormation et  denote the set o
all stomers in the -th 1 ster ith and
X S A
, Y W ®
— Xl -—— Xn — —
r verview of the similarity based clustering framework OPOSSUM.
i iesanoerie o or ath 1 sterin pro ess rom a set o ra
o e t des riptions ia the e tor spa e des ription  and similarity spa e

des ription to the 1 ster la els

hile most o the ell-
kno n 1 sterin te hni es ha e een orn meri al eat res ertain re ent
approa hes ass me ate ori al data n eneral non- inary eat res are more
in ormati e sin e they apt re noisy eha ior etter or asmalln m er o sam-
ples or example in market- asket data analysis a eat re typi ally represents

the a sen e or presen e o a parti lar prod t in the rrent asket
o e er this treats a yer o a sin le orn- akes ox the same as one ho
ys one h ndred s h oxes n e extend the ommon oolean
notation to he eat re no represents
the o prod t ina ien asket or sample hile ol me
0 1ld emeas red y prod t antity e preer to se the

prod to pri eand antity to antiy eat re ol me his yields an almost
ontin o s distri tion o eat re al es or lar e data sets  ore importantly

monetary al e represents a normali ation a ross all eat re dimensions his

normali ation is hi hly desira le e a seit etter ali nsrele an e or 1 sterin
ith retail mana ement o e ti es
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he key idea ehind dealin  ith ery hi h-dimensional data is to ork in
similarity spa e rather than the ori inal e torspa ein hi hthe eat re e tors
reside A similarity meas res apt res ho related t o data-points
and are t sho ld e symmetri ith sel -similarity

A r te or e implementation does in ol e operations sin e sim-
ilarity needs to e omp ted et een ea h pair o data points and in ol e all
the dimensions Also nless similarity is omp ted on the y stora e is
re ired or the similarity matrix o e er on e this matrix is omp ted the
ollo in 1 sterin ro tine does not depend on at all

Ano io s ayto omp te similarity is thro h a s ita le monotoni and
in erse n tion 0o a inko ski distan e andidates in 1 de and

Similarity an also e de ned y the an le
or osine o thean le et eent o e tors he osine meas reis idely sed
in text 1 sterin e a set odo ments ithe al lassi ation e a set o
do ments ithe al ord omposition t di erentlen ths an e onsidered
identi al n retail data this ass mption loses important in ormation a o t the
li e-time stomer al e y normali in them all to

is ased on or inary eat res the Ja ard
oe ient meas res the ratio o the interse tion o the prod t sets to the
nion o the prod t sets orrespondin to transa tions  and

Sin e e ant to analy e positi e real- al ed eat resinstead an
also i en ye ation t sin positi en m ers orattri te

al es is proposed his oe ient apt resalen th-dependent meas re o sim-
ilarity o e er itisstillin arianttos ale dilatin and y the same a tor
does not han e A detailed dis ssion o the propertieso ario s sim-
ilarity meas res an e o ndin here it is sho n that the extended Ja ard
oe ient ena les s to dis riminate y the total al e o market- askets

to o er ome the iss es o lidean distan es in hi h-dimensional sparse
data

I utr iu i tion

Sin e it is di It to meas reor is ali ethe alityo 1 sterin in ery hi h-
dimensional spa es e rst ilt a Ster is ali at toolkit
hi his rie y des ri ed in this se tion rst rearran es the ol mns
and ro s o the similarity matrix s h that points ith the same 1 ster la el
are onti o s t then displays this perm ted similarity matrix ith entries
as a ray-le el ima e here a lak hite pixel orresponds
to minimal maximal similarity o he intensity rayle el al e o the
pixel at ro and ol mn orresponds to the similarity et een the samples
and he similarity ] ster is th s represented y the a era e
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intensity ithin a s are re ion ith side len th aro nd the main dia o-
nal o the matrix he o -dia onal re tan lar areas is ali e the relationships

1 sters he ri htness distri tion in the re tan lar areas yields in-
si ht to ards the ality o the 1 sterin and possi le impro ements A ri ht
o -dia onal re ion may s est that the 1 sters in the orrespondin ro s and
ol mns sho 1d e mer ed n order to make these re ions apparent thin hor-
i ontal and erti al lines are sed to sho the di isions into the re tan lar
re ions is ali in similarity spa ein this ay anhelpto 1ikly eta eel or
the 1 stersin the data en oralar en m er o points asense or the intrin-
si nmero 1 sters ina data-set an e ained xamples or are
ienin i or rther details demos and ase st dies that s pport ertain
desi n hoi es sin monetary al e extended Ja ard oe ient see

ptimal artitionin o Sparse Similarities sin etis is ased
on partitionin a raph o tained rom the similarity matrix ith ertain on-
straints tailored to market- asket data n parti lar it is desira le here to ha e
] sterso ro hlye alimportan e or pper mana ement analysis here ore
stri es to deli er approximately e alsi ed alan ed 1 sters sin

either o the ollo in t o riteria

a h 1 ster sho 1d ontain ro hly the same n m er o
samples his allo sretail marketerstoo taina stomer se mentation
ithe allysied stomer ro ps

a h 1 ster sho 1d ontain ro hly the same amo nt o

eat re al es n this ase a 1 ster represents a -th ra tion o the to-

tal eat re al e e se extended re en e per prod t

antity prie as al e then ea h 1 ster represents a ro hly e al
ontri tion to total re en e

e orm late the desired alan in properties y assi nin ea hsample s-
tomer a ei ht and then so tly onstrainthes mo ei htsinea h 1 ster or
sample alan ed | sterin  eassi nea hsample thesame ei ht o
o tain al e alan in properties a sample s ei htisset to

he desired alan in properties ha e many appli ationdri enad anta es o -
e er sin enat ral | stersmaynot ee alsied oer-1 sterin sin alar er
ands se entmer in may ehelp 1

e map the pro lem o 1 sterin to partitionin a ei hted raph ith a mini-
m mn m ero ed e ts hile maintainin a alan in onstraint Graphs are
a ell- nderstood a stra tion and a lar e ody o ork exists on partitionin
them n  they ha e eensho n to per orm s perior in hi h-dimensional do -

ment | sterin heo etsto e | stered an e ie edasaseto erties
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o e -paes and or erti es and are onne ted ith an ndi-

re ted ed e o positi e ei ht he ardinality o the set o
ed es e alsthen m ero similarities et een all pairs o samples
A set 0 ed es hose remo al partitions a raph into  pair- ise
dis oint s - raphs is alled an ed e separator ro etie

isto nds h aseparator ith a minim ms mo ed e ei hts as ien y
e ation

min

itho tlosso enerality e anass me that the ertex ei hts  are normal-

iedtos m pto hile stri in or the minim m to etie
the onstraint max hasto e 1 lled helethandside anti-
es the load alan e o the partitionin he load alan e is dominated y the
orst 1 ster A al eo indi ates pere t alan e o0 rse in many ases

the onstraint an not e 1 lled exatly e sample alan ed partitionin
ith oddand een o0 eerthey an e 1 lled ithin a ertain narro

toleran e e hose the maxim m tolerated load im alan e to e or
or experiments in se tion
indin an optimal partitionin isan  -hard pro lem o e er there are
ery ast he risti al orithms or this idely st died pro lem he asi

approa h to dealin  ith raph partitionin or minim m- t pro lems is to
onstr t an initial partition o the erti es either randomly or a ordin to
some pro lem-spe i strate y hen the al orithm s eeps thro h the erti es
de idin  hether the si eo the t o 1din reaseor de reasei e mo ed this
ertex o er to another partition he de ision tomo e an e made in time
proportional to its de ree y simply o ntin  hether more o snei h ors are
on the same partition as or not o rse the desira le side or ill han e
i many o itsnei h orss it h som ltiple passes are likely to e needed e ore
the pro ess on er es to a lo al optim m

A ter experimentation ith se eral te hni es e de ided to se the etis
m lti-le el m lti- onstraint raph partitionin pa ka e e a se it is ery ast
and s ales ell A detailed des ription o the al orithms and he risti s sed in

etis an e o ndin arypis et al

his s se tion des ri es ho e nd a desira le 1 sterin ith

and a ro e ti eistomaximi e
intra- 1 ster similarity and minimi e inter- 1 ster similarity i en y
intra _ and
inter —
respe ti ely here and are | sterindies ede neor meas re

in ase o patholo i al in erse 1 sterin as ollo s

inter

intra,
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indi ates that samples ithin the same 1 ster are on a era e not more
similar than samples rom di erent | sters n the ontrary des ri es a
]l sterin  here e ery pair o samples rom di erent | sters has the similarity
o and at least one sample pair rom the same 1 ster has a non- ero similarity
ote that o r de nition o  ality does not take the amo nt o alan e into
a o nt sin e alan in is already o ser ed airly stri tly y the onstraints in
the raph-partitionin
indin the ri ht n m er o 1 sters or a data set is a di It and
o ten ill-posed pro lem n pro a ilisti approa hes to 1 sterin likelihood-
ratios ayesian te hni es and onte arlo ross- alidation are pop lar n
non-pro a ilisti methods a re lari ation approa h  hi h penali es or lar e

isoten adopted o a hie eahi h ality as ellasalo the tar et

n tion is the prod t o the ality and a penalty term hi h
orks ery ellin pratie et and then there exists
at least one 1 sterin  ith no sin leton 1 sters he penali ed ality i es
the per orman e and is de ned as — A modest linear
penalty as hosen sin eo r ality riterion does not ne essarily impro e ith
in reasin as ompared to the s ared error riterion or lar e esear h
or the optimal in the entire indo rom n many ases
ho e er a or ard sear h startin at and stoppin at the rst do n-ti k

o per orman e hile in reasin  iss ient

c iit nd r I nt tionI u

he raph metaphor or 1 sterin is not only po er 1 t an also e imple-
mented in ahi hly s ala le and parallel ashion nthe anoni alimplementation
o the most expensi e step in terms o oth time and spa e is the
omp tation o the similarity meas re matrix rather than the raph- ased 1 s-
terin or post-pro essin steps n the strai ht or ard implementation e ery
pair o samples need to e ompared onse ently omp tational time om-
plexity is on the order o n pra ti e sparsity ena lesa etter  t still
per orman e hara teristi oreo er i spa e memory is a pro lem
the similarity matrix an e omp ted on the y asthes se ent pro essin
does not in ol e at h operations
A ien oarse I sterin ith a smallern m ero 1 sters than the nal
ena les s to limit the similarity omp tation y only onsiderin o e t pairs
ithin the same oarse | ster nretail datas h 1 sterin sareo ten already in
pla eor an eind ed airly easily Some examples in 1 de a pre-se mentation
o the stomersinto eo raphi al re ions a demo raphi se mentation or an a

priori ro pin ytotalre en e hen the omplexityisred ed rom to

here are thesi eso the oarse 1| sters n parti lar i oarse
|l sterin s 0 ompara le si es are present then omp tation isred ed y a
a tor o s ha oarse | sterin isnot i enapriori a 1 sterin o 1d e

omp ted on a small representati e s set o the data  rther in omin data
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points are then pre- 1 stered y assi nin it to the losest nei h orin entroid
sin the extended Ja ard similarity semanti
he raph partitionin al orithm or 1 sterin is implemented sin  etis
he omplexity is essentially determined ythen m ero ed es stomer-pairs
ith s ient similarity and th s it s ales linearly ithn m er o  stomers
i then m er o non- eroed es per stomerisa o t onstant otethat hile
lidean ased similarity ind esa lly onne ted raph non- lidean simi-
larity meas resind e se eral orderso ma nit de e ered es o approa hes
to red e ed es rther ha e een prototyped s ess lly n the one hand
ed es that do not ex eed a domain spe i lo al minim m ei ht are remo ed
n the other hand i samples are approximately e ally important the -
nearest nei h ors raph an e reated y remo in all t the stron est
ed es orea h ertex learly thisred esthen m er o erti es to the order
o xtensi e sim lation res lts omparin etis ith a host o raph
partitionin al orithms are i en in
arallel implementation o
the all-pair similarity omp tation on S or distri ted memory pro essors
istri ial t an e done in a systoli at step ompare sample ith sample
or lo ksystoli manner ith essentially noo erhead rame orks
s has also pro ide nati e primiti es ors h omp tations aralleli ation
o etisis also ery e ient in hi h reports partitionin o raphs ith
o er million erti es stomers in se ondsinto 1 sterson a pro es-
sor ray his sho s learly that o r raph- ased approa h to 1 sterin
an e s aled to most real lie stomer se mentation appli ations

ri nt ut
e experimented ith real retail transa tions o stomers o adr store
or the ill strati e p rpose o this paper e randomly sele ted stomers

he total n m er o transa tions ash re ister s ans or these stomers is
o er a time inter al o three months e rolled p the prod t hierar hy

on e to o tain di erent prod ts p r hased o the total re en e is
ontri ted y the sin le item hi h asremo ed e a seit
as too ommon o these prod tsa o nted or less than ea h in toto
and ere dropped he remainin eat res and stomers

stomers had empty askets a ter remo in the irrele ant prod ts ere
1 stered sin

s res lts or this example are o tained ith a enti m

ith A in nder se onds hen similarity is pre omp ted

i sho s the similarity matrix sparse is ali ation eore a ater
enerali ed -means 1 sterin sin the standard Ja ard a ter sample al-
an ed and ater al e alan ed 1 sterin d As the relationship- ased
sho s d i esmore ompa t etter separation o on-

and o -dia onal re ions and per e tly alan ed 1 sters as ompared to or ex-
ample -means n -means the standard 1 sterin al orithm hi h an
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24  customers 48 - 7
12 8 revenue 08 - 7044
a b
122 - 12 28 - 20
124- 14 1 187 - 0
c d
r Results of clustering drugstore data. Relationship visualizations using CLU-
SION a before, b after -means binary accard, c after sample balanced OPOSSUM
d value balanced OPOSSUM clustering with 20. n b clusters are neither compact

nor balanced. n ¢ and d clusters are very compact as well as balanced.
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e enerali ed y sin as distan es the 1 sters ontain et een
and stomers ontri tin et een and tore en een m er-
in a oodo er ie o the stomer eha ior y marketin oreo er 1 sters
are hardly ompa t ri htness is only sli htly etter in the on-dia onal re ions
in All is ali ations ha e een histo ram e ali ed or printin p rposes

i a sho sho 1 sterin per orman e eha es ith in reasin ptimal

07 : 8
. | H
a b
r rugstore data. a  ehavior of performance for various using value

balanced clustering. The optimal is found at 20 and is marked with a dashed vertical
line. b 2 dimensional pro ection of 7 2 dimensional data-points on the plane defined

by the centroids of the three value-balanced clusters 2 and 20

per orman e is o nd at or al e alan ed 1 sterin n re the
data points o the three 1 sters and  is pro e ted onto a  dimensional
plane de ned y the entroids o these three 1 sters ala i n this ex-

tremely lo dimensional pro e tion the three sele ted 1 sters an e reasona ly
separated sin st a linear dis riminant n tion

ale 1iesproles ort oo the al e alan ed stomer 1 sterso -
tained A ery ompa tand se 1 ayo pro lin a 1 ster is to look at their
most and their most eat res hisis done y lookin

at a 1 ster s hi hest re en e prod ts and their most n s alre en e dri ers
e en e lit is the ratio o the a era e spendin on a prod t in a parti lar
1 ster to the a era espendin in the entire data-set nta le the top three de-
s ripti e and dis riminati e prod ts or the stomersin all | sters aresho n
identi es stomer ro ps ith erysimilar yin eha ior arket-
in an sethe stomer ro psto desi n and deploy personali ed promotional
strate ies orea h ro p he | stersare alan ed yre en e al e and hen e
pro ide insi ht into the ontri tions and pro leso ea h stomer ro p
A detailed omparati est dy ithother 1 sterin methods has een omitted
here orla ko spae o0 e er an extensi e omparison o se eral methods on
hi h-dimensional data ith similar hara teristi s per ormed re ently y s
an e o ndin tis ery lear that distan e ased or density estimation
ased 1 sterin te hni es that are representati e o the ast ma ority o data
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ab Most left and most right products purchased
by the value balanced clusters and . ustomers in spent 10 on average on
smoking cessation gum and spent more than 4 times more money on peanuts than
the average customer. luster  seems to contain strong christmas shoppers probably
families with kids.

minin approa hes do not ork in the ery hi h-dimensional spa es enerated
y real-li e market- asket data and that raph partitionin approa hes ha e
se eral ad anta es in this domain

onc udin r

e iently deli ers 1 sters that are alan ed in terms o either sam-
ples stomers or al e re en e alan in | stersis ery se lsineeah
|1 ster representsan m er o data points o similar importan e to the ser he
asso iated is ali ation toolkit allo s mana ers and marketers to et

ab verview over left and products right dominant
in each of the 20 value balanced clusters.
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an int iti e is al impression o the ro p relationships and stomer eha ior
extra ted rom the data hisis ery important or the tool to e a epted and

applied ya ider omm nity he om inehas eens -
ess lly applied to se eral real-li e market- askets eare rrently orkin on
an on-line ersion o that in rementally pdates 1 sters as ne data

points e ome a aila le  oreo er modi ations or impro ed s ale- p to ery
lar en m ers o transa tions sin parallel data- o approa hes are rrently
ein in esti ated
e ant to express o r ratit deto ark ais et
er eptions or pro idin thedr storere-
tail data set his resear h as s pported in part y the S  nder Grant
S- and y and ell
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