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EMERA N G PATTE e~~~~ FI ELD OF THE | NVENTI ON The present invention
relates to mm\\mmw data mning and the classification-of data, . ,.

.~.. BACKGROUN systens for classifying data and perform ng data

m ni ng have beemoP¥ oposed. A nunber of these techniques in@juhe20lxi si on

trees, linear classification trees, and association rules. However, each of

t hese techni ques has significant disadvantages. Data m ning techni ques have

al so been proposed. Han, J., and Fu, Y., "Epr oration of the Power of

Attribute-Oiented Induction in Data M ning", Advances in Know edge

Di scovery in Databases and Data Mning, ~~1AI/MT Press, 1996, pp. 399-421,

di scl ose one such t@hAS&IEIOAEFIr@N\BIYSAGG&EGWTGIN@oI ving an

assertion that holds on instances of a class, but that does not hold on
i nstances of other cl asses. EMER! %VMRNSy is either a
characteristic rule or a discrim nan rule en the Classes represent
datasets at two different times. The discrimnating rule is found by
*mergi ng val ues according to sonme concept hierarchies and re
overlapping tuples in the two classses. However, this is di Q%WHM"WM%
_ because of exclusiveness restraints. Also this techni que req

hi erarchy and nmerges val ues. Conventional techniques do not handtieiasel |
bi ased sanpl e data which has a | arge volune and high di nensions. They tend

to ignore weak signals. Thus a need clearly exists for an inproved system
of data m TRy, POF THERVENGIOR! 2. 9 July 2002 S UMVAR-' The aspects of

pt

the invention are directed towards a systemof extracting rules in the form

of emner gi ndheatr¢sentninvérniion miadesctorthé field tof dgtaanimirgpsanid the clabsificatiow ofatatd. y

| abel | ed data (e.g., DNA sequences) to deci de which- category a sanple

bel ongs to and/or making a prediction on the sanple. The system di scovers
features or .R@étflﬂit differentiate one category of data from anot her
and builds a Systemto classify such data. The systemis able to handle
vel | bi ased dambertdfaystens for tlassifyinpodatnendypesforingg ditaeniningieve Be&p t he
system does not ignore vveak signals. The EPs are associated with the ratio
of change iPRORASEH oAImMbEsOf §1§f§t: teshniguessmyelve decisien trreadmsarclagsifigationd

sanpl e dat %e@?%h%ss%%?alti%glrﬁ ek rever, %ctﬂo?tﬁ&e%%ﬁ%&%ﬁssﬁgl@ g’;‘aan'd in

terms of dinmernsions 1n prac rca | /itenset

whose sunpaﬁsaavmsge@amtsnﬂmmglte&mquxs héveralsyisectlprssosei. Hahdl.! mdlg mext .
I n other words is a differentiating factor between the tvvo cl asses. The

use of EPs “E@pimmn ofthe Paygr efAttribute mmdwmmmmm " ddvarices i n

terns of th 10,0f C set

di scover ed Egsnot"vﬁ?%gé lg?ﬁzg%'nzgalé?tgb?sgs ﬁ%‘?b%g%@"’ﬁg ng §Fﬂ9g%, PP
constricti @9p-4201a8is61e6ei6né such tBiifiRShilisihgd desiminant wleRvoRinoMe! . The
normal i zation by dividing by a base score chosen at the sane percentile

(such as 5cgertien huthelds ppigances obmeless, but thet dess ast beldion ingerdes ofathenay t o

vory | ar oo Al Akt 8 BERGRPR RnB0 ark G RS A difRRER Al T o
EPs by operytignitbe (1asueh résreshint Batassd atabv@)dlﬂ&eﬁpmaemm@aﬁmmﬁﬁ #h1g¢ i t hirs

were recently designed by two of the curnnt inventors. These borders are
fast ef fi cifewnd hy micrging ¥akugs aesondingtosamneoncept hierarchigs-and. removingy arts | on=
pat uns fromdtabes Pr.o r of the | 998, ACM,SI | roer nati an

Conf er ence al ﬁ’r?é gﬁiﬁy%glassﬁgs aﬁ%‘ge‘%’ thisgs J1sad4nlageons Beranss ok ar e
scal abl e i rbxblﬁ%ﬁén&% régiatiets.N WINYOthisGEcHniifleGeqiRst 4¢otidepst HigRRh9BA8d nikrges
practical situations. The use of EPs Is a noveI idea’in the protein

transl ati orvalteart-site identification problem ('lIbis is an exanple
application of CAEP to datam ning in Ml ecul ar Biology.) Qur CAEP
classifier (i) extracts energing patterns (EPs), (ii) uses each of these
EPs as a mgdnveh§orl técmqu%s 86 abt hz(dd'lé wewa&ew%@pﬁeuaﬁ WEVE haOd 1drgdi Vi dual
EPs to get raw scores) normal i zes the raw scores by dividing them

usi ng sone \tmdwnemcbhxghdlm@nsnns‘ r Bimyatendto ighorepecakesigniale of t he scores of
the training instances. CAEP has near equal prediction accuracy on both the
positive and the negative cl asses. CAEP is based on a novel border-based

repr esent at I t y
oper at i ng. on s athoelf Eletily SR f ot REpHRE ptcrh o TREinile pERNER R Y |

is scalable in terns of |arge nunber of tuples and hi gh di nensions in
practical situations. 9 Duly Zoo2 DETAI LED DESCRI PTION 1 Introduction
Classification is an inportant pr9blemin data m ning and nachi ne | earni ng,
aimed at building a classifier fromtraining instances for predicting the
classes of neM/lnstances Recently, datasets are beconlng |ncrea5|ngly

T N L e oy




¢AEP is the first application of EPs to classification. Partially

- iinfl uenced by CAEP, [8) proposes a different classifier, JEP-Classifier,

al so based on aggregated power of EPs. Mjor differences include: (i) CAEP
uses general EPs) whereas JEP-Cl assifies uses exclusively junping F.Ps

(i .e. EPs whose support increases fromzero in one dataset ®Pduly-208@n-zero
in the other dataset). (ii) For datasets with nore than two cl asses, CAEP
uses Lhe classes in a symmetric "ivay,owhereas JEP-Cl assifier uses themin
an ordered wagyMMaRY | n aggregating the differentiating power of all EPs,
CARP uses factors based on both support and support growth rate) whereas
JEP-Cl assi fi erThemctbﬁﬂ the inMention prsctireesed \bwar)is AsySEGAES eytredtinERdesin the ni xed

growth rates,

TEPQ asel 1 ey NS Aoty ey En S Bl A BPROR S R B eu
reduction is slam% garDNA\s):qu‘Bh@es)‘mrdaaﬂé Whlbh cntegnr&eaasa.mpletb@hdgsﬂaa.ﬁiﬁﬁp but not in
JEP-C assifier, ,The t Cl asa}sfl er.s fer tgel r o dvant ages: CAEP is |

better for cadMkingGAprediclign gh \%ﬂplﬁ’o PP Jrspayer 85?&@6\5@ meet a -
- reasonabl e t hragydiarhiske 05¢/6dtegdss cEABth frod ¥R6B8Gand Eﬁhc@la%?&bﬁ:'t@éladsﬁ;( Rﬁgt er when
y

there arc many junping EPs. Each of themis alnpst consistent etter than
C45 and CBA. A nmerging Patterns and Prelimnaries Assune the original data
“instances have mattribute values. Each instance in the training dataset D
is associated with a class |abel, out of a total of p class labels: d, Cz)
., Oy, e pé[ﬂlFFXSFWSBPIPFR@néleS‘@ﬂ@)aSGdC)ataD)h?)thasalargel_\)nbmmanﬂlhmh cont ai ni ng

ail i nst ances S E;EE&? f nar.y
transaction de?t% "§§§ AI%B thf %&%f'&\/\g&;me& %aggot%ﬁ%)(fgg hﬁ? dat aset
into a bi nary withdhe raiéo off changstin wpome ’Rhalsysenrmmgmstoﬁ theqnésemrofbmedus

"em in the by St Bl el et Sk st E e Birtedn: cd as an

i nteger for cdimensiopsin@ractienl sihmtiosce t in the raw dataset will then be
mapped to a transaction of the binary database: t has the value 1 on

exact|y thoseah&pis, lidhal/emesGhdie bupporty ML sipRifibdhtlly PR dte RLaYS dira td/\ie W | |
represent thi ﬁcxtﬂf("othcr‘%or&é?ﬁ 1§§&1ﬁ@@1§a§£é@c€o%eﬂ@n‘iﬁb fwlo QRKRSThE usSSrEPYSE W |

assume hencef e datasets D , Dp are binary. Let | be the set
of all itenms I'n the encoding. An irenser A is a subset of 1) and its

support in g §iiasebafdnbr il mn(:?ﬁ s):rcﬂ ?é{ms’éfﬁmeﬁ's p@ﬁ’ﬁi&rﬁti’&fgﬁatn%em

gr O\"/iv[‘ﬂ Pa% e}Z)h 2 o fefbfaidtby Eﬁs Edfgi ot’b dile?ci I@lfaéssupp
(Jdr') - suppa~°ngtmc a&é?m 00 | ca%'#ggékm upB%‘;e 0 =0 ,-~ suiopD
Js 6 I r el rowt h
ﬁat e)s from % ﬁi&m&% ?E ﬁ‘se@&r%ﬂ:l) %a?tﬂe % £rr("é)':wt\ﬁah (%Lg%g{%)gshol d
P

p > 1, an energing patern S|nply EP) fromD to D' is anltem;et
a where grotuph. [

training data A tgf' .’%%5‘ vcjrbo ; Mlﬁta&&ﬂﬂg% HQsOf
the Saturday [Hzg l-\- Q ts l c]_t g‘g
3,5,7,103, 4, 8]40 ‘;{% c1 reia

{ 1,5,7,10 } L lop A ditds e ,,., ..,“é - m,s,

P to class N rrhase grgemﬁs aftisCaléble mltérnis of Rtgs AumBeribf kipldsand mgydxheﬁsmnsqnb .
Some ot her EPgragicel Glumpis.| ater. 3 C assification by Aggregating EPs W& now

describe the major ideas and conponents of the CAEP classifier: (1) howto
partition theTHAIsSSEEPS P ad6vel 168a fitBe @mftﬁhswtﬁda stamt-&ieﬁ&nuﬁ&homﬁ%mdmsdual

EPs can did f @r.gRkingfi€applicetion GEOREP ihgin MeMcilg Biewkky.ne t
contribution of individual EPs to derive the aggregate scores) and {4) how

to nornmalize the aggregate scores for deciding class nmenbership. W al so

give an are QG ORSdFHE barRfE (BFsS, (IDABEs éicl oPdeseiBPs oni ng dat aset
to get E(F)’g‘ﬁf ik @?ﬁst.@i b ek o S AVEPS Yo revedcons, (BPSorsalizes

contrast 1dm eﬁ%g&%ﬁc%ﬁe sErExhodeR Fhoais egtain\percemile flehesscores Dk
be the 0I0 %ﬁé Q@ﬁﬂﬁ@&&txdﬂfacﬂfacy\& Holtthe positive @xll theussi on
on how i Sr‘;i gn 1@% R‘i‘dér%agd rephSseh@fi & oftveryllitgs eolledtionaef t he
EPs of Fglr de Vs ?ﬂé@ :ﬁ% Kﬁ ne 8rd (@ﬁxcﬁ b 41%&3??5@&1;5%@)9?%
supp-~ r(e ‘5‘?1? \; at m@%? P Em Slo ﬁ?f 50)) (1 , 10}, 0.4,

3.6), ({3, 4 8 9} ) 0.2) o00). Simlarly, sorre EPs of Pare ({2} . 0. 44,
00)) ({8}, 0.67, 3.33), ({4, 8 ) 0.33,1.67). 3.2 Differentiating power of
i ndi vi dual EPs Each EP can sharply differentiate the class nenbership of a
fraction of instances which contain the EP) and this sharp differentiating
power is derived fromthe big difference between its supports in the
opp05| ng classes Contl nU| ing W th Exarrple 1, con5|der the EP ({ 1) 10} )

"~ SN\ o o o e .



s is thus | abelled as negative. Qobserve that this decision is nade even
“when s has a higher raw score for the positive class. 3.5 The entire
-process The entire process for building and using CAEP is sumrari zed bel ow,
.assumng that the original dataset is partitioned according to the cl ass

| abel s. 9 9 July 2002 CAEP (training datasets D, . . . , ®duly@00p

classes d, ~~~, Cp) ;; training phase 1) Mnc the EP set E; fromlJj=1
D- - Db to D, for each 1 _<i < p; ;; A3gromh rate threshold is given, or
set to a default e.g. 2 2) Optionally) reduce the nunber of EPs in each of
El, ~~~, Ey; 3) Calculate the aggregate scores of all training instances

" for all classes; 4) Get the base scores base.score(C,) for each class C;;
;; testing phase 5) For each test instance s do: 6) Cal cul ate aggregate and
_ normalized scores of s for each class C;; 7) Assign to a the class C~ for
which a has the largest normalized score. 4 Efficient Mning of EPs For the
di scovery of EPs we will be using nethods introduced in [3]. A key tool
used by the efficient methods of [3] is that of borders) useful for the
"conci se representation and efficient manipul ati pn of |arge collections of
itensets. F,xanple 3. An exanple border is <G = {{22}, {57}, {61}}) R =
{{22, 34) 36, 57, 61, 81) 85) 88} } >. The collection of itcnsets
represented by this border is {Y~~XEG ~ZET7i'. such that XCY C Z}.
Representative itensets covered in the border include {22}, {22, 57}, {36,
57, 81, 88}.For interested readers) this is actually a border for the EPs
fromthe edible to the poisonous class, of an encoding of the Miushroom
dat aset, at support threshold ~ = 40%in the poisonous and growh rate
threshold p = 2. To calculate the aggregate score contributed by all the
EPs (neeting sonme thresholds) of a class C,, we need to (i) find the EPs of
C, and (ii) discover their supports and growh rates. W now |ist two
possi bl e net hods: The | arge-border based approach: Max-Mner [ 1] is first
used to efficiently discover the border of the Large itensets fromD,;.
(Such a border is called a Large border, hence the word "large" in the
title of this approach.) If the large itensets represented by the border
can be enunerated in nenory, then with one nore scan of D, and D, we can
get the supports and gromh rates of the EPs of C,. If it can be appli ed,
this approach can discover all EPs whose supports in D; are |larger than the
gi ven support tpeeshcep. DEBD@RYPTIOREecause sone | arger borders may represent
"exponentially""many candi date itensets) only a small portion of these
candi dates can be held in nenory; we need then to use the next approach.
The border di,,~ '"erential based approach: W first use Max-Mner [1] to
di scover the two lLar b rqers of the large itensets in D, and the opponent
D; having certai nlsuﬁ&'ﬂ‘fu‘i shol ds. Then we use the MBD-LT. border
(mul tipl e-border dikdifastis at Jmpatgndprobléminofata[ndhing andfrashinaleamingy@inEPaor der s.
Finally) we enumempglidglaltfsdis frommiining istaicas fohpedifing e desses,of aavdngpscashr ough
D, and D; to checiRethey, Baifseid pebtdmirigthctragdngargatreloth Wlunie aaddimesigoaliter s of
t he Mushroom dat ag@imbEQst 28AbEesE i MB0 challérge irodbilisy, toleficiegtiyt build highipeesich we
qui ckly found the rfépRQiAES fRRdsugh Gatdsés. Tathisspapdr weGOEPoE s newSilgseier NBEER Lbor der
only finds EPs whqoggssHivipe by agirtgatihyEneeiny Pduaies), abeh issnigbls foraney 2ppligsor t
threshol d and in tjag, éveh SHoseaithalagt vahuness sf ghadithensiosal gpo The ¢clkssibesfisdlighly we need
to apply this methegraeibid 8lusually BRAIDRcuTaE bh pll elagsesi even ff Seirgbpulaipwsearbor der s,
or conbine it W tRpbdiRcddl Ehekadsantagésaac}hitved gittout diveerisiop cxdbcsion on@@8. sat i sfyi ng
the given support angawyiovkstd srchefolldwimave ndia new ide: 5 Reducti on of EPs Used
9 July 2002 G ven a @hasse fhewtppeditlotiehijekilie foaliddralerg g parryns EPS), as possi bl e
to give good coverage of thgo buildIONERRougH peekihg, ERslareitide Ramsets whaye supwe
prefer EPs that haygs ¢.eltakhorgis) idcrtd Sighhidapdy fidin eriddlagy of dathtoraades Foas- t hose
characteristics CCthﬁ?tﬂQﬂ&LxsE@{oh@rEﬂﬂE, sERUBTREBelew engd sivogeringstivfibereene} i at i ng
power. Very of t en), iR Mushlook ¥Rt [18) i6 Rypitel EFp WROsE upphit Mnoidised fa350.0% id 00 much
accuracy) by expl qid i f\Gndus biads k56 ReheRBbIRRE, 4t b grofetisrate GETHE ¢+ Blf? ) on
i ncrease under st agﬁ?i;'idcfntiy a Sinple 18t dnlaf 8iblile Sind aPEWlisiatmuliRitiridine @stl Exck ERiS €
predictive accuracyy, ,,\b e &g powtn1od lifBedttifdRid ciEthdmtRRdipiof sombethstesiot  be

done if it |eads t}QiROGF, Ghiishhde GRLAARS BE 2HoREED, fidth Witk Bdds T OAB%ES calhi S i S
a training tinme decision. Qur nethod to reduce the nunmber of EPs uses these

factors: the absolute strength of EPs, the rel ationships between EPs, and
the relative difference between their supports and growh rates. W neasure
the absolute strength of EPs using a new growh raft threshold p', which
shoul d be larger than the growh rate threshold p for the EPs. The nain
idea is to select the strong EPs and renove the weaker EPs which have
strong close relatives. W will refer to the selected EPs as the essenti al
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In the genom ¢ DNA sequences, non-start sites (negative) overwhel mreal
‘start sites (positive) typically at a ratio of 24:1 or nore. So a

di stinctive feature of the rice-DNA datasct is that the nunmber of instances
.of the two datasets are very unbal anced. What makes the treatnent of this
dataset nore difficult is that the nunbgr of positives) which July 2002e

i mportant in reality, is far nore the mnority. Wth this very unbal anced
dat aset, even the just-sa~~-no classifier) which always predicts an

i nstance to be negative, will have an overall accuracy of 25 = 96%

. Unfortunately) the fact is that not a single real start site has been

I dentified) which is against our aimof~. classification. 12 9 July 2002
Fromthis analysis we can see that in evaluating a classification nethod

- nore neani ngful neasures than accuracy or error rate on the whol e dat aset
are desirable. W will use a neasure in terms of two paraneters, namely
sensitivity and precision, for each class) whi ch have | ong been used in the

signals world and i fornption fdnit

"i nst ances whose cl gzagr;ﬂ{ﬂgts nP ? fﬁ &r Jmél e °£’ n"% i%:ffﬁ"ﬁgﬁel s N

i nst ances as of cl 4% é':r°8? %t I%P f%te tﬂ%"@&or?ﬁndlﬁ org.in g Bhen N/ N
is called P's sensitili} b ghagpip teflipg the clpsg ofgn llaN“yr"g‘” BrYRg P s
precision on C, dertté® B?’éld'( mPB‘?‘h ﬂ*bw’gb’é(ﬁ'mp@é%"émgf agjficatiopaceygacyof i ne
sens(C) = 0, prec(dhitisuged byt onall ingagere T&@F‘?“rﬁ“t‘f’%‘ﬁ"\/ﬁé‘sﬂ% weefisst fipg, for
sensitivity on a clebslags .llibe ERs pectingsome SPPOad SlopE gl fresholds. fomane 1 i e
on C and precisi on (erePneaY st ol panere ppstagees tp dhe et Of Al {einstpncess Thengye agaregate, C.

Usi ng the "ninorit yhe Powerafthediscvsred ERs oy clastifying pn 8uenst £ Vg 4e7ive 45 2e8rpgate
mnority class reprdifEAtialing frare o e plastfe by fummes th ﬁ?’F‘t“P%P&ﬁﬁgﬁ‘E" BRs t he
classifier, precisio%bhthpigeew ies: e srorfend '%‘P%?é‘gmfa}éﬁlﬂé%@ﬂf’@g{‘%‘ ‘E%??P"&ge of
those clainmed to bé"bf“"@‘ﬁ@Wﬁ&?‘?"t"%‘“&‘f"&?é’f%fé‘a}h&’é&ﬂ F lrecsi @ormelized 058 ¢l ass.
Clearly) these ar e dgeTrifcdbMANPE eSS diogpalizasion is Qonsfio fefike g\éFFﬁf?ﬁ‘ﬁwnﬁﬁd t he
classifier on cl asdistibutiopabEPsamong the asses {rlessevittomere ERe Jequentl 2ve highi ti ve

i nstances of 24:1 ?°W°ét‘°’ﬂ§°‘1§i‘a?ﬁ°ﬁ@“l%’%“f°b?ﬁ‘éﬁ e of the j ust - say-no
classifier on the ri CeAEBNshigvgs ¥eregeod predisive geshracy qp afj thecdatpgess) weltespd gt - ve) =
z9 = 100% pr ec( - ve)gives better aggugcy;thin £4519ad SR op £} eXoer) onmef hrsedaasito et t he
positive class arc WotRenedaliciatagety that e testedd) We bebipyqahatithe high pecumggy ivachievednc| ude
that the just-say- ReFaBeNs&epsing 2 pravhishdimensioon °B‘8§I1°)?°1&?P*t’ﬂ\5d“ﬁ?“é‘émbmp‘dat asct
and we shoul d seek 1975 Eeg ER s gqmyltiaitribute tost 4ng iesing| thergombinedsPogr fFipar e
CAEP with the stat&rboyp °f’ﬁ'é°%‘?:¥’ﬁ‘é‘§?‘f‘i’”é?‘@°"€9i‘d5°‘%‘??d CBA. (CBA was reported
to beat C4.5 (9].) ERcmgicavaly apqupie.opigfi clessesds mwfuliosma@s@?h 'eqnw)heret he
datasets we use ar dheerag qomanapiglasyis@HiSHReo! plhinstacesh® “Fégﬂ’%q zﬁé‘ sole
Furthernore, we te@pPesaepelassid &‘é‘f’&§é? §°°W‘Elh caich| ingpagees Q E‘l“‘°8 i!*s and
where each record (fSHPR ArFUragy-is et thipdepiped megsure ofs Wevonld shen cpng % to us.
Di scretization of d‘@ﬁPFhiﬂﬁﬁ%alb‘P; d{@éhedgmmmglaqg "f’P‘né“lglr‘g}aﬁw H‘bd 7]

(

2.3

usi ng code frone tRE Hasem lepssipgeRgiviey flassifigrs | ts
arc obtai ned by 10 "T"b‘f"&"‘iﬂ'yd% THOTF MIFRY Yptanc g g:)"% MARY QUSEIngRRGES, | |
predictive accuracy die CAEP classifics °(‘R/\P°c?fﬁW§!bP‘é'f f°2&‘t"$‘oh1 dipgnsiong trainiighe s
i ndi cat e t hat resuldf“éf'ﬂal“l'aa §FAlak)e WY Bipcs EPEesn hpliscoveredefiien ﬂﬂuﬂﬁsbeﬁdﬁt}@s@he
datasets: the numbdlesrithms [BtengMax-Mingr (13 Wecemagickly prodiee GAER flass: Sﬁ grsfor datasets

respectively. Ri ceS{oas M"Rﬂ%ﬁﬁh% Sfpyropsish of 7 ajtributs (F’éﬂ P ApHbEhpwhsts

havi ng both a | ar g&FHHMSE? 1@5;?‘ onsugRort bresheld gi0- Hp- 3gopth mder ve

that datasets of 2jhencaniigdthy ’1“““’“ Q3885 are included, and that CAEP

performs equal |y wel |Theregre seyezal Ba’ﬁ?FéFsth&jPQFé‘qtr?édaﬁ?éréﬁé“f?r’?oﬂ%ﬂ“@é‘ﬂhccur acy

of C4.5 and CBA ovdelly @ing e peamancsof tharespliing daseificvsm thngainingigangespse t hat

of CAEP, both bef ouidsael Besaussof tasciise of ageresatios ayderhaps poreralizatioy; Wehavmmotay er age

nunber of EPs in t l§esopnieredsthe fraditiony] eysgfiting Rroglemaia @y expements: on. 1t can be seen

that al though the nurfiresnizftiomi¥e domparh GAEP witerslated werk belov. 48 ingedicea EPeandt he

reducti on process, prehiminarigss§3rpresgte oprgunin ides on ol tot huild CAEEUFddispussendlowf t en

there is an incr easteefﬁmex%lwwqyelgc EPs] theiT sipparts nd growthrratesy $Tdisqusses lwwrto9 Jul y

2002 Dat aset #r ecor aestesithe niumbereos #8 aad §eontie agtofndiicselcatBACHEAE  xpaametery. §1/ 0 r ed.

red. #EPs/ cl ass w o diseugses the ficehPHA dataspigodthomedto LG8 iivinEDY pRECSE 99 2647

233i onos her e351342Bsifigyd§zontgeae cxprgmena requl 9318 dffer4 some concluding remarks.

7906i ri s1504394. 7969 ReBoaINSorE2QAEN i§ 08 dedBnidlindiffereo il SRR A&siBROI6 its use

08. 9396823649 2738ihth 38327 RleREeypS o{FRPETO ari8d a SOreH6 Acisichaking, CAEP uses

57ri ce- DNA15760282- 70. 929b **42576 **sonar 20860272. 29678. 39683. 9096

9096651864 4608tic-tat-tot 9589299. 4961001 699. 0696 96. 87965707

682vehi cl e84618466. 49' n6B. 89676. 2896 76. 1796324048

14857wi nel7813392. 19691. 69699. 3896 99. 44Tv175384 1859 Table 2: Precision
and Sensitivity of CAI P Dat aset cI ass( nmst ance di st )sensitivitypreci 5| onw/ 0

- — P N, U — PN A N A PNDNINSS NN PN APNSS
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Abstract We present a pattern-mining algorithmthat scales roughly linearly
I n the nunber of maxinmal patterns enbedded in a database irrespective of )
the | ength of the sktofimeltatybutetests(EPs) for caoinglass. Mosupreviongalassifiers eongider olhins based
~on Apriori scal e ;axpgearhd atiribyte o & timd; o feyes¢eptinas, XaofrN [Jdh EBA [O3oddindanent s on
real data show t hiatisioutenas 2h eonsiderioplyrope mulg-aftributg tesitamakd aydecisiohm i s nore
ef ficient by an or deggreghtiomafthe dificrentiatingpowe.of EPs i{ differerd fromibaggirgionbbostg
“patterns in dat abisgs@8), whick menipuiniel thergmaining ddipergaserandiffent chhssfiesendithes onnon
dat a- m ni ng t askaggregateuliti vogs efsseertdl alassifiers. WithcCAFR caginBP Saoprecekiasd clgsit t er n
m ning [4]. For tflecandwl the BB are patetessilpobrainidng al gori t hms have been devel oped
to operate on dat alasedy splaking, cuhsgglepnigesiithepavérof FIS imclassifiedtian is veddtad te hor t .
Thi s | eaves dat a toRagésihe ptelicionnizbr). Fonsndpdtaptelvie@ed ps amiteneser, Beyadiantpeedizni ques.
| nt er esti ng dat a-teewsulddabdl 7 ksahigwized theprolmbilitydritith ) & Fo&z) Sanglosathnohg
questi onnai re r egsht dassef.[Tho pptianal Baydsisroclasifisneeedsib Mkrloavt khe prababiti Pr(t0eEt | ons) ,
sal es transact i orfer aigbssitle thghithb clpahhiapasticaldodighydimengioha dateseas.tRonghls over a
| arge time w ndowpeakingl GAED|“eppraxithated & Pe(t|Cr)orRr{(r¢ udingshaiwrmélizBNGorand pr ot ei n
anal ysis. Most cat eGfEH icthk fisst applicatioh of EPste glassificatiore Barfially influamced §y CAHF on
probl ens (e.g. td8lgetresks waliffeedni cigssifemiERCmsifieradl® dased vd aggregamd poven of)
patt er os because EPhdeja diffemnans inelnde: GYCAFRases kepcroliPuwherees JEP€limssifientkehave a
wi de aver age r ece@rdusivelyginiping/BRvdiet ERswaiose snppor intiessepiropose th qpadatasetine ‘M ni ng
al gorithmis a vawn-zeme inglc ofyer dataset). (idFor databetsovith arpesthanperp elassesn GXBP uses
denonst r at ed t hatthe/giasses in a Symimstrig|vgprwhcieas EBClassifiva tsss) theindn amorderedawayet s wi t h
| ong patterns. Briiihlreggrebating @i diffsprintiaticp pdvesi of ali FDe.(GAEH wwes fagtbre basedhenr DI C t O
a dat a- set conpoded sufpopndSupparsIewth eatey wiereas TigP-Flassificeusehonlyithe sippertst y  of
this data-set, tHayAyEHeRuses ERs with mined graptbeussithe redpctionaf tg @l ismoreicom-
transactions yet Pyeatad} fordEECapsgifinranll fumping&EPs haye infinite waﬁﬂdg’e stion \\e [ 5]
previously appl i dtsimpleray) Teernormalizpiion ddea isjusedin EARR P naidp dEBrClagiifien Thet s fr om
the Irvine Machi e elassifiers Affer ieirovn 2dvaniaprs<GAES s better fop pages, withdew prrven
efficiently) thi é'OeWW&%mhﬁ%?or“mﬂémwfma‘abg?h% (PHFRY 160y wheeeds es t hat
rendered the seaﬂ?fc'%%%‘%wh Srers many {HPiRg £7% Eaghpl themds almostiepnn g
patterns call ed fisEpydaterterfiaasd CBfrequent itenmset is a set of itens
appear i ng toget heér EmexgingPatterns ang; BUNaEeHr ds neeting a user-specified
t hreshol d Apri or iAssamsithsywsginal dat inganceghawamataibute Yalves. Eaqhriwstanteds theyaning si ngl e
frequent itenset datiiel B i aysrinted witma clpsy dabelt aut ofimdatal oEp clafsdabglo:dht i t.alyset  of
length 1, it nustWenaoigor?® in¢ p sei% DofDa 4.5 Dpwtih &% containingslltingtapces ofclasuGt be
frequent. This expdimergingianenngst dsfined fof binuhamansaction databesss. To dindtheprweor i - | i ke
al gorithms to di eywnesditpepcedsiaras despset intatethinaryone: W distrhtiesshe valtegange obl em
thi's paper propo$ech continueus rumiiuitdntodntervaly [7h Bachdettribiedntenval) painis sadied i ng onl y
the maxi mal freqd@®iiem intkerbinaryransardipy) detebase; whighawill berepresented bs Mnrintegerfor i f tt
has no superset CpRyenignse. fAndeptaaps t in theaaw dateset Wil therchprmapped o tmesactios oy subset
of a maximal fi edgdinarydeibase hagths valyedconexacty these itetgrid, v wherst'sértaleronci sel y
represents al |l fisdythesnteryd eiiewidl reprassnt shismey ¢ psghesainfitemefor which it takes 1t wo or
nore orders of nadhve Vidlasseme paoesferthihedetasats BTy v-erfrarebinasr  Apnori on sone
dat a-sets. On ot herlethbedbesset of allitempinthreeneading Ainrtsmegr & is@tsubset of bragd its he gai ns
are nore nmodest . sipropireecdstase D' MappdA(KRis HE2 nGiveratwediatagetsr Rirnd D'y | ne t hat
i's roughly |ineatheighowtiherenfaniemsdX frmxDneD" {siefeeitlorbbRiat,s ) Ehe size

of the database, S0 Gl f2the Bi f styhe ~fd.eglent .J tenset.
Max- M ner is succ‘;g’;@f%il)_b ﬁg‘iﬁ(&? f&?habiirﬁgg%p%‘%)st rs%‘%%gg}g%to%%gd;g%éﬂversal of
t he search space, ARy |n§§£é‘pﬁ?’\fva3)fs attenpts to "~gook ahead" in order to
quickly identify long frequent itensets. By identifying a | ong frequent
Itenset early on, Max-M ner can pnne all its subsets from consi deration.
Max- M ner uses a heuristic to tune its search in an effort to identify |ong
frequent itensets es early as possible. It also uses a technique that can
often determ ne when a new candi date itenset is frequent before accessing
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3. Formalizing Max-M ner We now provide a pseudo-code description of

"Max-M ner followed by the notivation behind and description of the item
-ordering policy. Inplenentation details describing how MaxM ner can use the
.sane data-shuctures as Apnori are proviged in the follow ng subsection, and
the | ast subsection provides correctness and efficiency argugeay2003. 1
‘Pseudo- Code for Max-M ner The pseudo-code description of Max-M ner appears
in figures 2 through 4. The body (Figure 2) accepts a data-set and
(inplicitly) the mninmum support specified by the user. The while | oop 9

~July 2002 inplenents a breadth-first search of the set-enuneration tree

that nmaintains every frequent itenset encountered so long as it is
potentially maxi mal. The function Gen-Initial-Goups (Figure 3) perforns

. the initial scan over the data-set to identify the item domain and seed the

starch at the second | evel of the tree. Superset-frequency basedpnuung is
perforned by only exEnmsgingpatdme [S]mbxtwmtmﬂargmﬂdnadaﬁm@'wfb’h(g) at(g)
is infrequent. Another instance of superset-frequency pruning is any
"candi date group g iRefipifiehbdGiver T V’P, yihirage fresholdfo? o pn EBYTEINE pattern
al r eadyl nmowt o- be flp-& aéﬁw'r%)p@et I‘OD'Stfbl‘ﬁﬁ‘déé"théT%h-éF’ﬁPe@ () 2 o
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{i} is infrequent. @8%] ?gncw%ge‘)fmeﬁam&@hm?rﬂmt |°§‘fa@

with an enpty tail as a ffequent Itepset |1 nstedd of aMandi dafe group since
its frequency is already Kreemi 5.0, 10063 08,1CT{ 167,80 I{1,6,E) search tree.
Figure 2. Max-Mner at it$ ,é).p.9<{ B4,8,1 358104 B)&t&?{sét ST} . Returns the
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This section fu~st describes a general technique that can be used to obtain
a | ower-bound on the sport of an itenset by exploiting the support
information provid by its subsets. The subsequent subsections describe how
this technique is used to inprove the performance of Max-M ner and Apriori.
4.1 Computing Support Lower-Bounds The idea behi nd our method 9 961 QBHEUt'”g
.a | ower-bound on the support of an itenset is to exploit, as nuch as
possi bl e, the avail able support information provided by its subsets. The
followi ng function is useful in this endeavor, as established by the

- subsequent theorem The function conputes the nunber of transactions that
are "dropped” fromthe supporting set of an itenset when it is extended
with a given item DEFRCITON: drop('s, i) = sup(lr) - sup(lJ a{ i}) ,
"where i is anitemnot initenset la . Figure 5. |Illusaation of support
drop resulting fromextending rtensets | and Ir with i . 19 THEOREM

( GENERALI ZED SUPPORT_ L BQUNDI NG : . The fo equat i
.| ower - bound on the S&p G?P“Bt’“ “'t"éﬁ‘s I°°%t"“’ra‘t/\#o¥'@’rgai g "g g?ﬁ%es\]m nt
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upper - bound on d ro~ faﬂf" fa ‘he?ﬁg\gﬁg et h eddfhe ar gurrent IS

geonetnc and is |Ilustrat ed in Figureg5. 'ghagmuae(e)square n)npresents t he
space of all transactions’€Up&P i nglit e iR uRec(Bhner square the
space of all transactions supportisfgesi@nset 1. ecause the space occupi ed

by I is entirely conjai ne vvlt E.Space accu | he set of
transactions dr oppelzw grl#‘f “?ct’é “m ?9 F%.f d °“§ t[ﬁ'g‘&ﬁ of the
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support of the parent node 4.3 Support Lower-Bounding in Apriori Apriori

generates candidate itensets of |ength k whose supports are conputed during
dat abase pass k . An itenset rs nade a candidate if every k-1 item subset
was found frequent during the previous database pass. Suppose we are using
Apnori to identify the maximal fiequent itensets. If Apriori can be nmade to
Iower bound the support of a candi date |temset above or equal to m nsup, °
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W sel ected data-sets from several domains for eval uating the performance
“of Max-M ner all but one of them being publicly accessible through the web.
The data-set that is not publicly available wasprovided by a retailer. This
.data-set contains records |isting all of the itens purchased by a custoner
over a period of time. W produced another of our data-sets HrjomZdoht
census data available at http:/|augustus. csscr.washi ngt on. edu/ census/
conp_013.htm. Following Brin et al. [6], we discretized continuous
attributes and renoved uninformative attributes. W created another version
of the data-set where all Itenms with 80% or greater support were discarded.
- The raw data fromthe web consists of both housing and person records, but
we extracted only the person records. The renuni ning data-sets used in our

. evaluation were taken-fromthe Irvine Machi ne Learni ng Database Repository
(http:1iwwv.ics.uci.edul-mearnl MLRcpositoryhtm ). We favored those with
categorically-valued attributes, relatively w de record | ength, and a
substanti al number Qf ecord These dat cl onnec -4, chess,
"splice, and myslf5mE é‘ﬁ}"gf @%a"ﬁ&@é}l ?&I ‘% fie nushroom
dat abase cont & 'ﬁ%l"‘f Ség %"&f" F&Nﬁ‘?g %ﬂ({@sﬁ B WFi ous

_nushr oom specing@ber ‘Em‘iiaséﬁﬁ(?’ ¢ AR ’ﬁ‘b iHhe state

i nf or mati on. Fe[EPRIctops ?”P‘H%d yhﬁ’&"’ﬁ@l ﬂ?m ﬁ‘“ﬁ?‘“‘f’ﬁse%fe dat a- set s.
Pumsb* i s t he VallfandLopsequcaly feer H‘Fﬁs %asQ'Iy“?W'e% EPehEnelEss or nore
support. Tabl & fhenipstances ussrl]y Bebpighar sqores fon¢ thar 91 €867 H"(f(’ﬂ"%’%sé‘f‘?s Dat a, set ~
Records ~ Ave of gss G dhis\jnaseq happens, for example in the nce-DNA dataset (see §6), whic

connect - 467, 55%9%%?%%“1%2%&?@5%‘%6‘7‘4 Hive elasy comtgingometthyi | 21 3, 97231s
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t hough itens b“&*}d% § QP‘%“FJ&%{%@ Araiging fn- - o

chal | engi ng d t‘he\ﬁ}afs 2 é"rﬂ“’i’i“ rC.n &5 Qo smal | er

dat a- set was ﬁwéf(s )/baf ,°“f';f6,ﬁ °‘6’|2' }P°’at supports
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this witing, St “”f’ 35y Wit {pe, jaggest Rpmmalized o i et s
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Figures 8 through 11 congarg

Apriori on the nost difflcu]ﬁs of tofpe el al{gt t org,

is performng far better trﬂamAprloanl t9l93respe&7t fo run-tinme (note the

| ogarithmcally scaled y 8. e conplexity, we were
unable to run |tThatmddmm(bascmoppfmrﬂaepdzhn:aﬁupnegmcms&shmuispeﬂaeednag t he menory
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an order of magnitude fast.e iori- riori to
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subst andsl . EggNthhdasegtd 4shegeved Obsarve @fab thildecifidnaimedeSdvidehdnYs 1dE & er ent

domai ns, the pRhéredwReE ®rihe pordve @ise. al | i dentical. Wiat these data-sets all
have in comoBsarthelestitgpidadst erns at relatively high values of support.
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250 200 150 loo 50 0 6 5.5 5 d.5 Q3.53 25 2 Support (!) The two
“remai ning eval uation data-sets, retail and splice) have conparatively small
patterns at | ow support |evels. Even so, MaxMner still outperFenns both
“Apriori and Apriori-LB. W plot only the performance of Apriori on these
data sets, since A ori-LB offered no adyantages. Apriori-LB @ppeao82to be
nore etfective at tightly | ower-boundi ng support when the patterns are
| ong. Most of the maxinmal frequent itensets in these data sets are of
|l ength 2 to 4) and the |longest ere of length 8 in splice and 6 mretail at
t he | owest support val ues. The superior perfonnance of Max-M ner on these
dai s-sets arises fromconsidering fewer candi date itensets and reduced
i ndex overhead resulting fromthe indexi ng of candi date groups using only
head itenms. This suggests that Apriori should also index candidate itensets
that share a common prefix as a group rather than individually. W are
currently investigating whether this optim zation pays off nore generally.
29 July 2002 Figure CAEP (tRidingdatapesDyyex | Pylor fdlegsiént. - jGenset . 2.4 Z. Z thane
connect-d puneba ., 3'rainthg phdsk C -rruehro 1.8 ~..~ref 1 |.s 1.4x1.s --0.5s
0.6 0.6 |00 | oon soQQint e BPGetiE; fom WM D6~ ; Dy fdvkaserl <SCelpt ng For every
. data set at the SUDDO{hglﬁﬂ&h&tﬂﬁshbﬂ@d@dn&hgtiohekfam ot he support, the
nmor e maxi nal - f r equepjoftBhdlS, rEducs\@Emintberst EPHn gath of Ed - p| Bf;s t he anpunt of
time spent by Max- MsyGlcuR@thd@jiep@é schresu] dipfdining indtameds far@diclasks; t he nunber of
maxi mal fi'equent i A5 tlebaskoconed belielsctrg(Co) for exchielags 0); of the al gorithm The
support val ues used;tgrigpnaseat e this data are the sane ones that appear in
the previous graphss)pdpacitenshstancdddot Or mance per naxi mal frequent itenset
remains relatively gpnehianite &rdgheandheRflized fcortbf s¥0d ealli @gpient i tensets

i ncreases, even thoyghakdi :@kﬂﬁcﬁfscgkwwhzamg@asthenat@ei&ﬁhﬁanmrsme
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on multiple pairs [3] of large borders, or combine it with the previous method, to get
the important EPs satisfying the given support and growth rate thresholds.




Figure 16 plots the nunber of database passes perforned by MaxM ner agai nst
the length of the |ongest patterns identified during each run. The

"wor st - case nunber of passes is represented by the cliagonal. Wile the
-nunber of database passes increases with pattern length, it is usually far

*fromthe worst-case. Though not illustipated, Apriori-LB was ef @Rl e to
skip one or two database passes because all candi dates were | ower-bounded
above minsup. |llris had a relatively snall effect on performance conpared

to the anount of reduction in overhead from conputing the support of fewer
. candi dates. The reductions in database passes tended not to have as
dramatic an effect on performance as m ght be expected from experinments on
smal | -pattern data because the overhead of candidate itenset |ookup |argely
- exceeded that of ‘data access 6.3 Effects of Max-M ner Optim zations Support
| ower - bounding is a beneficial optimzation on the datasets with | ong
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over 150, 000 can Jat em;e sane suppor ner
requires 125 seconds and gan gq;eﬁ t han- 2331 hﬁ@gg idate itensets
(within 4,894 candidate gr ougs') 3 9ﬁ?ée)r-sée}arc %sesoa gtgndr date itenset

gener ati on pr oceehs eleirlyafiore asafal fhsn Apfot eliskifiaton sitketiccoyern 82 drids aidreihd h anot her
techni que for gesnakcatandits assotigredaddsliotla%eis alicoieryhedr shausfaisk otter EP, e;. In our

super set - f r equeneperpriens| ford.b, Wit tho defauraslah of pl tee20pad the dfiultintgpraniddof € | S

seal ed with one int esngigibn tshpp(e)CoP sappls)” @ BragomiRed patainetdls cA®E waac h

|nfrequent |tem%ﬁewm§e§m,@fgt,%n@sda? ase pass, any long itenset
containing the infrequent itenset is replaced by itensets that do not

contain the |nfr6qt&ﬂnctlonmﬁ§l§tresli'didsandvﬁa3eﬁm are formed by renoving a
singl e 'temfrog:{%hﬁdjcragrﬁ@% ﬂ? saat.% 8% fud RS Gpd bt are not

subsets of any oSt g:ogfor 33 ak °a{f’ed unti |
30 Igng itenset C cau gl'y r%)dq}%ioﬁge t he second

at abase pass, t 5)

procedur e anount Eﬁato |g S ?yr ng faL] f‘r ']“ JS o BIE pac? RO enai‘ph wher e

t he nodes are the frequent 1i temsets and the edges are the frequent
2-itenmsets, much as Zaki's MaxCique algorithm[16]. Unlike MaxChque,

Pi ncer-Search uses a top-down instead of bottom up approach for finding the
cliques. But due to the fact that the problemis NP-hard, any approach at
gener atr ng candr dat es |n t hi S manner nay be prone to performance problens
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24 [15] Srikant R; Vu Q; and Agrawal, R 1997. M ning Association Rules
‘wWith Item Construnts. In Proc. of the Third Int 1 Conf. on Know edge

~ Discovery in Databases and Data Mning, 67-73. [16] Zaki, M J.;
-Parthasarathy, S.; Ogthara) M; and Li, W 1997. New Al gorithnms for Fast
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APPENDI X B Border-Based M ning of Emerging Patterns The disclosure of the
acconpanying nmaterials is hereby incorporated in this application. 9 July
. 2002 26 Border-Based M ning of Energing Patterns A collection S of sets is
called Interval closed if, for all X) ZE S and for all Y, it is the case
that Y E S whenever X CY C Z For example, S = {{1, 2}, {2, 3}, {1, 2, 3},
{1, 2, 4}, {2, 3, 4}, {1, 2, 3, 4} } is interval-closed. The collection of
all large itensets wr.t. any fixed threshold (itensets whose supports are
| arger than the threshold) is interval closed. Borders offer succinct
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this process is s%ort f'or nost practl cal situations, even en t he nunber
of EPs is huge. t n on the situation when two
Large borders, 7n r@-glfinQ%S one ﬂrom Hare avai l able. The differential
pr ocedur e, cal | ©oF BeRECR-10I :EFrp acairagy measuré nfrc;tssxﬁcThenma fremnthe riceddNor i t hm
MBDLLHORNER)  usdatayet BERDBIRatDitp:Hadesinakrdldog.sgi8080imisoandkozpikiries), coBGRDEReDl FF ai ns
to derive the dPRA&oeskisequenckset ween a pair of borders with a special form
G ven a pair of bdargewmic BYDisa stivg oveathelalphp®} of { &) C: T, GORRERAEN Rifrode¥ i ves

anot her bor der ingthe pfotfintrapslation stag site] o5 genf tjcdlied the Kozak s¢qudnee [5].[Corrget ~z1 J.
BORDER- DI FF( <{ ~identifitdtion of oD ptart §ih froiz Jong-genomic DISK peahencs can save mlosdflaver si on ; ;
return border oborgddihaney iwjdentifyipg E8nes dnBaf se@nce. The starBlite js alWays the AiTabi ze G to
{{x} ~ x E U - Sichyen®) Therconioxt siogondig tiiscA-T-Aiasteen-thombsCmpbitsnSnjormation r enove al |
Y in G that ar etoristingwish reakstart sB¥s fram ponrstartGites{ Afontextitypicallyitikenifomap e how
BORDER- DI FF wor <15 beses brestraany of Tt @ toolf0 bage® dqwn{stsam2 So 8 Kozkk seqaende<{od} ) {{ 3,
4}, {2, 4}, {2, th8purpose oftthif werk+—<consistsiofi2s ietess (Gcluding thdA-T-G)2}} since U-SI = {1,
2}. Then it updat behegehmni¢ PNA sequénceRhon-sfaitsite8inegafi®t) o@fyhebn nea stattsites S2 = {1,
3}) and reduces(ppsitivelxygi¢ally at &r2tio FJ2)4:1 oF mn=! Soye distinctipifadters of3ht dcefN4 , {1, 2,
3}, {1, 4}, {2,dsa@setdsthatshienombdy of inS3nces ¢fihedivo daasels are derg esbalacet. OVKaf 1} )
{2,3,4}}. | A conhblecthe wem@ntdf tiedagset snogertiffieult sokmathe nirfbedof positivis, whieh

i nconpar abl e seis mofeimportad( in realigyy ¢ fa moX§) thd reinoriay. Witkth¥ verySnbalanékd dathsgt, 2002 27
Assume we have émmﬁd}@mcﬂﬁlﬁmww always{pOficts pCinst@Rp to-be-negatiGriwiil (Whi ch
represents al | lhvé svayeral scowrseyted 2 F09A7DUnjortama!ly INIGERORDRRG s’ rdal _ < {0} )
{Dl, D2, ~ ~ ~ starQite hasbedhidensfizdewhichanaaist satainsdfylasificBion. p * b. The
IVBDLLBCRDER algorithmw Il find all EPs satisfying: their supports in D2
are > b * p but their supports in D are < 8.

MBD- LLBORDER( LARGEBORDERG6( Di ), LARGEBORDERg(D2)) ;; return all energing
patterns satisfying (*) by nultiple calls of BORDER-D FF 1) EPbordersf- {};
2) for j froml ton do 3) |f sone C is a superset of D; then continue; 4)
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t A threshold on support |level. The support level of a pattern (sone tine
called an itenset) | in a category Cis defined as supp~(1) = the

" percentage of sanples in Cthat exhibit that | If this threshold is not
given, a default will be used or derived fromthe input data. For exanple,
"1 % A threshold on growth rate. G veéd two categories Ca andJGy 2002
sanples, the growh rate of a pattern (or itenset) 1 fromCb to Cais
defined as 9 July 2002 29 0, growmhrate~b_~~a(l) infinity, supp~a(l) |
supp~b(1), if supp~ (1) = 0 and supp~ () b a =0 if supp~b(1l) = 0 but not
supp a(l) = 0 otherwise If this threshold is not given) a default wll be
chosen or derived fromthe input training data. For exanple) 5. Gven a
category C, its opponent category is C which is defined to contain all

. instances not in category C. A pattern or itenset whose growmh rate exceeds
this threshold is considered an emerging pattern fromC to C or sinply an

i tt A f t [ ht i w h
rate g. For growt ﬁI”rPa%seﬂ% XQ‘SYqﬁﬂgﬂfml%@?f%ﬁ?@ﬁe q?%@gﬁmﬁ' AREEE™ e easi ng
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leads to a | ar geperfamhesof bt justempnadessites pn bariceNAdagsetsanpl es An opti onal

conponent for the storageseasidveRggenent ofprdclyevepxtor act ed ener gi ng 9 ~uiy
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We point out that it takes the CAEP classifier almost no time to decide the class of
an instance. Even for a classifier with 10000 EPs, it takes only 0.01 second to decide
the class label of an instance.

The rice-DNA dataset is quite different from datasets in the UCI repository, and we
do not recommend reduction of EPs of either class as this leads to poor coverage of the
training instances. This decision is made at training time.

Table 2 gives a more detailed characterization of CAEP on the datasets; sensitivity
and precision on each class, before and after reduction, are listed. It shows that CAEP
generally has good sensitivity and precision on each class.

The positive sensitivity and precision on the rice-DNA dataset are better than the
best neuraj-net results known to us.
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Observing that accuracy on the whole dataset is too coarse description of classifiers, we
also used a more accurate measure, sensirivity and precision, to better characterize the
performance of classifiers. CAEP is also very good under this measure.
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Abstract

We present a pattern-mining algorithm that scales roughly linearly
in the number of maximal patterns embedded in a database irre-
spective of the length of the longest pattern. In comparison, previ-
ous algorithms based on Apriori scale exponentially with longest
pattern length. Experiments on real data show that when the pat-
terns are long, our algorithm is more efficient by an order of magm-
tude or more.

1. Introduction

Finding patterns in databases is the fundamental operation behind
several common data-mining tasks including association rule [1]
and sequential pattern mining {4]. For the most part, pattern miming
algorithms have been developed to operate on databases where the
longest patterns are relatively short. This leaves data outside this
mold unexplorable using current techniques. Interesting data-sets
with long patterns include those composed of questionnaire results
(people tend to answer similarly to many questions), sales
transactions detailing the purchases made by regular customers over
a large time window, and biological data from the fields of DNA
and protein analysis. Most categorically-valued data-sets used for
classification problems (e.g. targeted marketing campaigns) also
tend to have long dpattems because they contein many frequently
occurring items and have a wide average record length.

Almost every recently-proposed pattern-mining algorithm is a
variant of Apriori [2]. Two recent papers have demonstrated that
Apriori-like algorithms are madequate on data-sets with long
patterns. Brin et al. [6] applied their association-rule miner DIC to a
data~set composed of PUMS census records. To reduce the
difficulty of this data-set, they removed all items a ing in over
80% of the transactions yet stil could only mme efficiently at high
support. We [5] previously applied an Apriori-inspired algorithm to
several data-sets from the Yrvine Machine Learning Database
Repository. In order to mine efficiently, this algorithm had to
sometimes apply pruning strategies that rendered the search
incomplete.

Apriori involves a phase for finding patterns called frequent
itemsets. A frequent itemset is a set of items appearing together in a
number of database records meeting a user-specified threshold
Apriori employs a bottom-up search that enumerates every single
frequent itemset. This implies in order to produce a frequent itemset
of length I, it must produce all 2! of its subsets since they too must
be frequent. This exponential complexity fundamentally restricts
Apriori-like algorithms to discovering only short patterns.

To address this problem, this paper froposcs the Max-Miner
algorithm for efficiently extracting only the maximal frequent
itemsets, where an itemset is maximal frequent if 1t has no superset
that is frequent. Because any frequent itemset is a subset of a
maximal frequent itemset, Max-Miner’s output implicitly and

concisely represents all frequent itemsets. Max-Miner is shown to
result in two or more orders of magnitude in performance
improvements over Apnori on some data-sets. On other data-sets
where the patterns are not so long, the gains are more modest. In
ractice, l\fax-Mmcr is demonstrated to run m time that is roughly
inear in the number of maximal frequent itemsets and the size of
the database, irrespective of the size of the longest frequent itemset.

Max-Miner is successful because it abandons a strict bottom-u
traversal of the search space, and mstead always attempts to “lool
ahead” in order to quickly identify long frequent itemsets. By
identifying a long frequent itemset early on, Max-Miner can prune
all its subsets from consideration. Max-Miner uses a heuristic to
tune its search in an effort to identify long frequent itemsets as eatly
as possible. It also uses a technique that can often determine when a
new candidate itemset is frequent before accessing the database.
The idea is to use information gathered during previous database
passes to compute a good lower-bound on the number of
transactions that contain the itemset.

The techniques we introduce in this paper are flexible and can be
extended in various ways and applied to other algorithms. To
demonstrate this point, we optimize Apriori with the lower-
bounding technique mentioned above. While the fundamental
limitations of Apriori with respect to pattern length remain,
performance is improved by an order of magnitude on several data-
sets. We also show how Max-Miner can be extended to exploit
additional pattern constraints during its search by creating a vanant
that identifies only the longest of the maximal frequent itemsets n a
data-set. This algorithm efficiently identifies all of the longest
maximal frequent itemsets even when the space of all maximal
frequent itemsets is itself intractably large.

1.1 Related Work

There are many variants of Apriori that differ in how they check
“candidate” itemsets against the database. A‘Imori in its purest form
checks itemsets of length | for frequency during database pass I.
DIC [6] is more eager and begins checking an itemset shortly after
all its subsets have been determined frequent, rather than waiting
until the database pass completes. Partition [11] identifies all
frequent-itemsets in memory-sized partitions of the database, and
then checks these against the entire database during a final pass.
DIC considers the same number of candidate itemsets as Apriori,
and Partition can consider more but never fewer candidate itemsets
than Apriori, potentially exacerbatmg problems associated with
long patterns.

Park et al. 9] enhance Apriori with & hashing scheme that can
identify (and thereby eliminate from consideration) some
candidates that will turn up infrequent if checked against the
database. It also uses the hashing scheme to re-write a smaller
database after each pass in order to reduce the overhead of
subsequent passes. Still, like Apriori, it considers every frequent
itemset.

Gunopulos et al. [7] present a randomized algorithm for identifying
maximal frequent itemsets in memory-resident databases. Their
algorithm works by iteratively attempting to extend a working
pattern until failure, A randomized version of the algorithm that
does not guarantee every maximal frequent itemset will be returned
is evaluated and found to efficiently extract long frequent itemsets.
Unfortunately, it is not clear how this algorithm would be scaled to
disk resident data-sets since each attempt at extending an itemset
requires a scan over the data. It also remains to be seen how the
proposed complete version of the algorithm would perform in
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ax-Miner's
comcmess and efficiency characteristics. Section 4 discusses and
exploits a technique for lower-bounding the support of candidate
itemsets. Section 5 discusses the integration of additional pattern
constraints into the search, culminating in a description of the
Max-Miner-LO algorithm for finding only the longest maximal
frequent itemsets. The algorithms are evaluated expenmentally in
Section 6 followed by a summary of contributions and avenues for
future work 1n Section 7.

2. Introducing Max-Miner

We begin with defining the necessary terminology for describing
the Max-Muner algorithm. For simplicity of presentation, we will
be dealing only with the problem of identifying frequent itemsets.
The application of our techniques to finding other pattemns (e.g.
sequential patterns) is similar.

A data-set is a set of fransactions that are sets over a finite item
domain. Transactions can represent things such as the supermarket
items purchased by a customer during a shopping visit, or the
characteristics of a person as described by his or her replies in a
census questionnaire. A set of items is more succinctly called an
itemset, and a frequent itemset is one that is contained in a number
of transactions ebove or equal to the minimum support (minsup)
specified by the user. An itemset with & items will be more
succinctly referred to as a £ -itemset. The support of an itemset I,
denoted sup(l) , is the number of transactions that contain it. The
minsup parameter will sometimes be specified as a percentage of
the transactions in the data-set instead of as an absolute number of
transactions.

Max-Miner can be described using Rymon’s generic set-
enumeration tree search framework {10]. The idea is to expand sets
over an ordered and finite item domain as illustrated in Figure 1
where four items are denoted by their position in the ordering. The
particular ordering imposed on the item domain affects the parent/
child relationships in the set-enumeration tree but not its
completeness. The figure assumes a static lexical ordering of the
items, but later we describe an optimization that dramatically
improves performance by heuristically ordering the items and
dynamucally reordering them on a per-node basis. Set-enumeration
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enumeratmn tree by what we call a candidate grou; J A candidate

group g consists of two itemsets. The first, called the head and
denoted k(g) , represents the jtemset enumerated by the node. The
second itemset, called the tail and denhoted #(g) , is an ordered set
and contains all items not in A(g) that can potennally appear in any
sub-node. For example, the node enumerating itemset {1} in the

figure has h(g) = {1} and #g) = {2, 3,4}. The ordering of tail
items reflect how the sub-nodes are to be expanded. In the case of a
static lexical ordering without prumng, the tail of eny candidate
group is trivially the set of all items following the greatest item in
the head according to the item ordering. When we are applying
pruning end dynamic item reordering, 1t becomes necessary to
make the tail items explicit.

When we say we are counting the support of a candidate group g,
we are computing the support of itemsets (g), h(g) U 1(g), and
h(g) U {i} forall ie r(g?o The supports of itemsets other than
h(g) are used for pruning. For example, consider first the itemset
h(g) v t‘f) . Since h(g) \ 1(g) contains every item that appears in
any viable sub-node of g, if it is frequent, then any itemset
enumerated by a sub-node will also be frequent but not maximal,
Superset-frequency pruning can therefore be implemented by
halting sub-node expansion at any candidate group g for which
h(g) W 1(g) is frequent. Consider next the itemset h(g) \ {i} for
some { € t(g). If h(g) U {i} is infrequent, then any head of a sub-
node that comtains stem { will also be infrequent. Subset-
infrequency pruning can therefore be implemented by simply
removing any such tail item from a candidate group before
expanding its sub-nodes.

3. Formalizing Max-Miner

We now provide a pseudo-code description of Max-Miner
followed by the motivation behind and description of the item
ordering policy. Implementation details describing how Max-
Miner can use the same data-structures as Aprtori are provided in
the following subsection, and the last subsection provides
correctness and efficiency arguments.

3.1 Pseudo-Code for Max-Miner

The pseudo-code description of Max-Miner appears in figures 2
through 4. The bady (Figure 2) accepts a data-set and Gmplicitly)
the minimum support specified by the user. The while loop
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T ea <q Gunopulos ¢t al. [7] have previously shown that hypergraph

Fe Fu{h(g)vig)} transversal algorithms can be used as a component of an algorithm
Set of Candidate Groups C,,,, —1{ } for mining maximal frequent itemsets.
for each g € C such that h(g) U 1(g) is infrequent do 3.3 Implementation Details

F ¢ F U { GEN-SUB-NODES(g, Ce,,)} Max-Miner can use the same data-structures as Apriori (as detailed
CeCpew in [3]) for efficiently computing itemset supports. The primary
remove from F any itemset with a proper superset in F data-structure used by Apriori is the hash tree to index candidate
remove from C any group g such that h(g) U Kg) itemsets. Max-Miner uses the hash tree to index only the head of

each candidate group. For each transaction in the data-set, Max-

has a superset in £ Miner uses the hash tree to quickly look up all candidate groups

return F whose heag appeaés in the tl'ans:lcuon Thenl. for each cal;ldxdate
. . ey . group g i entified, it traverses down its tail items one by one,
Figure 3. Generating the nitial candidate groups. incrementing the support of A(g) U {i} if tail item i is present in
GEN-INITIAL-GROUPS(Data-Set T, Set of Candidate Groups C) the transaction. If every tail itsm appears in the transaction, then
s+ C is passed by reference and returns the candidate groups the support of h(g) w(g) is also incremented. We found this
3+ The return value of the function is a frequent 1-itemset implementation to be substantially faster than individually storing
scan T to obtain F, , the set of frequent 1-itemsets each itemset within the hash tree. Hash trees are also used by our
X 4 L the jtems in F. = ion 3.2 implementation of Max-Miner for efficiently identifying the
impose an ordering on the tems in Iy ;; see section 3. subsets of frequent itemsets in F and C.
for each item i in F, other than the greatest item do Our implementation of Max-Miner diverges from the pseudo-code
let g be a new candidate with h(g) = {1} description in only one way. During the second pass over the data-
and 1(g) = {j|j follows i in the ordering} set, we use a two-dimensional array for qmcklg computing the
CeCu{g} support of all 2-itemsets as suggested in [3], and do not compute
return the itemset in F, containing the greatest item the support of the long itemsets h(g) U #(g) . We have found that
the long itemsets h(g) U 1(g) almost always turn up infrequent at
Figure 4. Generating sub-nodes. this stage, so computing their support offers no benefit.
GEN-SUB-NODES(Candidate Group g , Set of Cand. Groups C) 3.4 Correctness and Efficiency Claims
3 C s passed by reference and returns the sub-nodes of g Imm&éc&nﬁi{?&cr;x&xﬂ? l{"dt:{ﬂi ‘:ﬂ and only the
. i ; maxi quent i en data-set.
i The rern valm'z of the fi netion is afre t']ue.m.nemet Proof: The fact that Max-Miner identifies and stores every
remove any item 1 from 1(g) if h(g)  {i} is infrequent maximal frequent itemset follows from the completeness of a
reorder the items in #(g) ;; see section 3.2 set-enumeration tree search and the fact that branches of the
for each { € 1(g) other than the preatest do s:;;enumerauon tree are pruned if a?nf‘llt only if they lead ﬁ? Ofnly
Iet ¢’ ; ; = i infrequent itemsets or non-maxim: quent itemsets. The fact
et g :i a'r; e_v_v i’a.nd_xga:c with dh.(?u wh(g)_ Ut{'} that Max-Miner retums only those itemsets that are maximal
and £(g) = | j € 1g) and j follows  in #(g) } frequent follows from the operation within the body of Max-
CeCu{g? Miner that continuously removes any itemset / if a frequent
return h(g) U {m)} where m is the greatest item in #(g) , superset of I is known. O
or h(g) if 1(g) is empty. Max-Miner, like Apriori, easily handles disk-resident data because

1t requires only one transaction at a time in memory. Also like
Apriori, the number of passes over the data made by Max-Miner is
bounded by the length of the longest frequent itemset. For Apriori
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DEFINITION: drop(I,, i) = sup(l,) - sup(I; U {i}), where i is an
item not in itemset I.

Figure 5. Illustration of support drop resuiting from extending
ttemsets I and I, with i.

Because sup(7U {i}) = sup(l) ~drop(l, i), we can get a lower-

bound on the value of sup(I\ {i}) given the value of sup(l) and

:hn upper-bound on drop(/, i) . This fact is exploited by our next
eorem.

THEOREM (SUPPORT LOWER-BOUNDING): sup(/) - drop(l,, i) 1s a
lower-bound on the support of itemset JU {i} when r cl

Proof: We show that drop(l,, /) is an upper-bound on dro (I i)
from which the claim follows. The argument is geometric and
is illustrated in Figure 5. The outer square gresents the space
of all transactions supporting itemset I, and the inner square
the space of all transactions suplportmg ‘itemset I. Because the
space occupied by I is entirely contamned within the space
occupied by I, the set of uansacuons dropped by extending
itemset / with i must be a subset of the transactions dropped
by extending itemset I with i . The fact that drop(/,, ) 1s an
upper-bound on drop(l’r i) is immediate. O

The support lower-bounding theorem, as stated, can only be
applied to lower-bound the support of a k -itemset if we know the
support of two k—1 ijtem subsets, Below we generalize the
theolrem to apply when only the supports of smaller subsets are
available,

(ﬁsﬁb )
tﬂ
%ﬁ%&écﬁen g%lmaglvex{%émfwzdm [

On

L{Jéff(g%%%m t%@ O/& B U {i}

and #(g") = {jl( e t(g)) andjfollows iin g}
if CoMPUTE-LB(g', h(g)) = minsup
then return h(g") U Kg") ;; this itemset is frequent
else C—~Cu{g'}
return h(g) ;; This case arises only if 1(g) is empty

Figure 7. Computing the support lower-bound.
CoMPUTE-LB (Candidate Group g, ltemset I, )
1 Returns a lower-bound on the support of h(g) L #(g)
3 ltemser I, is a proper subset of h(g)
Integer d ¢« 0
for each i€ #(g) do
d «d + drop(l,, /)
return sup(h(g)) ~d

Figure 7 shows how Max-Miner computes a lower-bound on
h(g) U t(g) using only sup) lport information provided by its
subsets. The function directly applies the generalized support
lower-bounding theorem. Note that the support values required for
this computation are available through the itemsets whose suppotts
were computed while counting the support of the parent node

4.3 Support Lower-Bounding in Apriori

Apriori generates candidate itemsets of length k whose supposts
are computed during database pass k. An itemset 1s made a
candidate if every k— 1 item subset was found frequent during the
previous database pass. Suppose we are using Aprori to identify
the maximal frequent itemsets. If Apriori can be made to lower-
bound the support of a candidate itemset above or equal to minsup,
then its support does not have to be explicitly counted. However,
the candidate itemset cannot be entirely pruned because it must
remain present for the subsequent candidate generation phase.
Nevertheless, the savings that result from counting the support of
fewer candidate itemsets can be substantial. Also, for a particular
database pass, if ever Apriori can lower-bound the support of all
candidate itemsets above minsup, then it can skip the database pass
altogether.
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A support lower-bound can be obtained on a candidate itemset /,
by pﬁlgging into the support lower-bounding theorem any proper
subset I of I., and any proper subset I, of I. The tightest bounds
will be obtained by using only subsets with one less item. If the
candidate itemset I, has k items, there are then (k—1)(k-2)
subset combinations for lower-bounding the support of 1.. Our
lower-bounding enhanced Apriori algorithm, Apriori-LB,
considers every one of these possibilities and compares the best
(largest) bound obtained to minsup.

Apriori-LB does not always have access to the exact support of
every proper subset of a candidate because one or more subsets of
a candidate itemset may have been left uncounted due to previous
lower-bounding efforts. When this is the case, Apriori-LB uses a
new function to bound support drop. The new function, drop-b,
uses support bounds instead of exact support values Because
drop-b clearly computes an upper-bound on the value of drop
given the same arguments, it can be used in place of drop in the
lower-bounding theorems

DEFINITION: drop-b(l,, i) = ub-sup({,) - Ib-sup(Z, U {i}), where
ub-sup(l) is the "best-known upper-bound on sup(l), and

Ib-sup(l) is the best-known lower-bound on sup(/) .

The support of an itemset can be upper-bounded by the support (or
upper-bound on support) of any of its subsets. Apriori-LB sets
ub-sup(l) of an uncounted stemset I with k items to the smallest
of the support upper-bounds or (if computed) support values of
each of its k~1 item subsets.

5. Exploiting Additional Constraints
Though the frequent patterns themselves are often of interest to the
end-user, often they need to be digested further before being
g:esented. Association rules are digested frequent iterasets that can
useful for prediction. The confidence of an association rule
iyyig, .oy =i, is equal to the support of the itemset
{‘i,, iy .., g} divided by the support of the itemset
{i},ig ..y ip i} - Typically the user is interested in finding only
those association rules with high confidence and support, and these
are produced by searching the entire space of frequent itemsets.
Another database pass is requred after finding all maximal
frequent itemsets in order to obtain the supports of all frequent
itemsets for producing association rules. If the frequent itemsets
are long, even if implemented efficiently using specialized data
structures, this step is hopelessly intractable.

Max-Miner can be used to identify many, though not all, high-
confidence association rules during its execution. After counting
the support of a candidate group g, Max-Miner has all the
::‘lf)ports necessary to compute the confidence of any association

e of the form h(g) — i, where i. € #(g). Another approach at
incomplete rule-mining could be to use the set of max:mal frequent
itemsets to define the space of rules searched by a randomized
algorithm.

Though incomplete techniques at association rule mining may
sometimes be sufficient, completeness is more desirable. We
believe that incorporating additional constramnts into the search for
frequent patterns is the only way to achieve completeness on
complex data. Association rule confidence is a constraint that
Bayardo [5] uses to prune some itemsets from consideration, Other
constraints that have been used during the search for patterns
include item constraints {15] and information-theoretic constraints
[13]. Interestingness constraints thus far apphed only during post-
processing (e.g [6]) might also be exploitable during search to
improve efficiency.

Max-Miner provides a framework in which additional constraints
can often be easily integrated into the search, Consider as an
example the problem of finding only th: iongest frequent itemsets.
This constraint is quite powerful because data sets with long
frequent itemsets usually have very many maximal frequent
itemsets, of which only a small fraction are longest. We have
implemented a version of Max-Miner that exploits this constraint
called Max-Miner-LO (“Longest Only”). It determines the

cardinality ! of the longest itemset in the set of frequent itemsets
F after each database pass. Any frequent itemsets in F that are
shorter than ! are then pruned, as are any candidate groups g in C
such that |h(g) W ()| <.

6. Evaluation

We selected data-sets from several domains for evaluating the
performance of Max-Miner, all but one of them being publicly
accessible through the web. The data-set that is not publicly
available was tEmvidcd by a retailer. This data-set contains records
listing all of the items purchased by a customer over a period of
time. We produced another of our data-sets from PUMS census
data available at http:/augustus.csscr.washington.edu/census/
comp_013.html. Following Brin et al. [6], we discretized
continuous attributes and removed uninformative attributes. We
created another version of the data-set where all items with 80% or
greater support were discarded. The raw data from the web
consists of both housing and person records, but we extracted only
the person records. The remaining data-sets used in our evaluation
were taken from the Irvine Machine Learning Database Repository
(http:/iwww.ics.uci.edu/~mlearn/MLRepository.html). We favored
those with categorically-valued attributes, relatively wide record
length, and a substantial number of records. These data-sets
include connect-4, chess, splice, and mushroom. The splice data
set contains DNA data, the mushroom database contains records
describing the characteristics of various mushroom species, and
Connect-4 and chess are compiled from game state information.
Table 1 lists the width and height of each of these data-sets.
Pumsb* is the same data set as pumsb minus all items with 80% or
more support.

Table 1. Width and height of the evaluation data-sets.

Data-get Records | Avg. Record Width
chess 3,196 37
connect-4 67,557 43
mushroom 8,124 23
pumsb 49,046 74
pumsh* 49,046 50
retail 213,972 31
splice 3,174 61

The data-set with the longest patterns was pumsb. This data-set
also had the most maximal frequent patterns -- intractably many
even at relatively high levels of support. We thus focus on pumsb*
for evaluating Max-Miner, and use pumsb only to evaluate Max-
Miner-LO. Even though iterns with 80% or more support are
removed, pumsb* still a challenging data set with long frequent
itemsets. A similar but smaller data-set was used by Brin et al. to
evaluate DIC, though only at supports of 36% and higher. Their
data-set was not available to us at the time of this writing, so we
created pumsb* to use in its place.

All experiments were performed on a lightly loaded 200MHz
Power-PC with 256 megabytes of RAM. The algorithms were
implemented in C++ atop the same optimized hash tree
implementation. Apriori and Apriori-LB were optimized for
finding only maximal frequent itemsets by having them discard
from memory any frequent itemset that was found to be non-
maximal, The Max-Miner algorithm evaluated here uses support
lower-bounding. In subsection 6.3 we describe the effects of
disabling this and other optimizations.
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Figure 8. CPU time on pumsb*, 6.1 Max-Miner versus Apriori and Apriori-LB
100000 ¥ T v Figures 8 through 11 compare the performance of Max-Miner,
pax-Miner Apriori-LB, and Apriori on the most difficult of the evaluation
. B Apriozri & data-sets. While Apriori-LB is performing far better than Apriori
10000 " with respect to run-time (note the logarithmically scaled y axes),

because of its space complexity, we were unable to run it at lower
support than Apriori without exceeding the memory of our
machine. At several data points, Max-Miner is over two orders of

CPU Time (sec)

1oo00 magnitude faster than Aprion at identifying maximal frequent
patterns, and an order of magnitude faster than Apriori-LB. Had
we allowed Apriori to perform candidate paging, the speedups at

100 lower supports would be even more substantial. Even though these
data sets are from distinctly different domains, the performance
trends are all identical. What these data-sets all have in common

10 . ) . . ) are long patterns at relatively high values of support.
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60 55 50 45 40 35 30 25 20 The two remaining evaluation data-sets, retail and splice, have
Bupport (%) cop:para]ilvely sm: pattertl;f at low support levels. Bven so, Max-
Fi 1. CPU nnect-4. Miner still outperforms both Apriori and Apriori-LB. We plot only
100000 g'ure 1, ¢ [,Jtlme,on co, . . the performance of Apriori on these data sets, since Apriori-LB
U Max-Miner —— offered no advantages. Apriori-LB appears to be more effecttve at
/' hpriord-18 - tightly lower-bounding support when the patterns are long. Most of
prior the maximal frequent itemsets in these data sets are of length 2 to
_ 1oooo g 4, and the longest are of length 8 in splice and 6 1n retail at the
] lowest support values. The superior performance of Max-Miner on
=2 these data-sets arises from considering fewer candidate itemsets
§ 000f and reduced index overhead resulting from the indexing of
€ candidate groups using only head items. This suggests that Apriori
B should also index candidate itemsets that share a common prefix as
R a group rather than individually, We are currently investigating
whether this optimuzation pays off more generally.
10 e

90 D) 70 14 50 40 30 20 1Q
Support (%)



(10%& ()- < (10%& ()- 389: CH{[; vl &< (10%& ()-

< (10%& ()-
- X9| " <T% (10%& ()- < (10%& ()-

HKMNOV' gorU41 &< < (10%& ()- < (10%& ()-
< (10%& ()- < (10%& ()- < (10%& ()- < (10%& ()- “Imnrv{[: U4l &<
(10%& ()- < (10%& ()- G x9|"<T% (10%& ()- < (10%& ()- vxz_OvU4l &<
*(10%& ()- < (10%& ()- < (10%& ()- < (10%& ()- < (10%& ©)July2qUR0%e&’ () -

{[; vl &< (10%& ()- <

Figure 14. CPU time per maximal frequent itemset.
2.4 T T T

22

To remove the effect of indexing and support-counting overhead on

runtime scaling, and to demonstrate how Max-Miner scales in its
- 2.2} space consumption, we also compared the number of candidate
T groups whose support was counted to the number of maximal
A 2r frequent sets identified (Figure 15)°. For every data-set there is a
g s strong linear relationship. In fact, the number of candidates
g 1.6l considered is always within a small (at most 3.7 on pumsb¥)
£ 7 constant of the number of maximal frequent itemsets.
1.4
® 1.2l Figure 16. Database passes performed by Max-Miner compared to
E . the longest frequent itemset.
& 0.8 | -\\'-' 0 chess —)—‘:‘-
= conneact-4.5+—
E 0.6 s b pumphi* @ - A
aplice ~»—
0.4 " 30 } mushroom -«— ]
100 1000 10000 100000 1e+06 L7 retail -a--
el 8 asp
[ -
6.2 Max-Miner Scaling il
For every data set at the support levels we looked at, the lower the a
support, the more maximal-frequent patterns were found. Figure 1s / r
14 plots the amount of time spent by Max-Miner per maximal . "
frequent itemset against the number of maximal frequent itemsets LI R
found during a given run of the algorithm. The support values used ,r - R
to geperate this data are the same ones that appear in the previous St . . R
graphs. Max-Miner's performance per maximal frequent itemset s 10 18 20 25 30 35 40

remains relatively constant as the number of maximal frequent
itemsets increases, even though the size of the longest itemsets
varies significantly. For instance, for the pumsb* data set, the left-
most point arises from a run at 35% support where the longest
frequent itemsets contain 15 items. The right-most point is for a
run at 5% support where the longest frequent itemsets contain 40
items. Even so, the performance per maximal frequent itemset
varies no more than 25%, indicating Max-Miner is scaling roughly
linearly with the number of maximal frequent itemsets.

The chess data-set exhibits the most non-linear increase in
difficulty with the number of maximal frequent itemsets, though
this increase is still relatively subdued (within a factor of 2.5)
considering the large increase 1n the number of maximal frequent
itemsets and their length. It is possible that the curve for the chess
data-set would begin to decrease had we mined at even lower levels
of support. We were unable to determine this because of the
explosion in the number of maximal frequent itemsets at low
supports -- already there are over half a million maximal frequent
itemsets at a minsug of 20%. The other data-sets all begin to get
easier as the number of maximal frequent patterns increases
beyond some point. This is certainly in part due to the fact that
itemsets with lower support incur less overhead since they are
contained by fewer database transactions. However, as support
decreases, maximal frequent itemsets become longer, which leads
to an increase in storage and indexing overhead.

Figure 15. Number of candidate groups considered per maximal

Length of longest pattern

Figure 16 plots the number of database passes performed by Max-
Miner against the length of the longest patterns identified during
each run. The worst-case number of passes is represented by the
diagonal. While the number of database passes increases with
pattern length, it is usually far from the worst-case. Though not
illustrated, Apriori-LB was often able to skip one or two database
%a:ses becanse all candidates were lower-bounded above minsup.
is had a relatively small effect on performance compared to the
amount of reduction in overhicad from computing the support of
fewer candidates. The reductions in database passes tended not to
have as dramatic an effect on performance as might be expected
from experiments on small-pattern data because the overhead of
candidate itemset lookup largely exceeded that of data access

6.3 Effects of Max-Miner Optimizations

Support lower-bounding is a beneficial optimization on the data-
sets with long patterns for Max-Miner as well as Apriori. For
example, after turning off support lower-bounding, Max-Miner's
performance dropped by approximately four-fold at all levels of
support on the chess data-set due to a four-fold increase in the
pumber of candidate groups to be counted. On the retail data-set,
the optimization's effects were negligible. The item-(re)ordering
heuristic was beneficial, usually dramatically so, on every data-set
we looked at, For example, at 80% support on the chess data set,
turning off item ordering (which caused the algorithm to default to
a static lexical 1tem ordering) resulted in an order of magmtude

frequent itemset, decrease in performance, with the performance gap widening even
700000 further as support was decreased. The decrease in performance was
ccmi’ée! A due to an increase in candidate groups resulting primarily from less
600000 | Dyffgb* - opportunities for superset-frequency pruning.
plice -w»—
1 jushroom <+~ |
500000 . ooy -
/
400000 | ."
T /
30000 |/
/
i
200000
i
100000 [ j» E

[} 100000 200000 BOIOUIOD 400000 500000 60000¢
M

! The plot for the connect-4 data-set 1s difficult to make out because
it hes directly along the lower-left portion of the plot for chess.
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Figure 17. Performance of Max-Miner-LO
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6.4 Max-Miner-LO

Figure 17 shows the runtime of Max-Miner-LO on the data sets
with the longest frequent itemsets. We chose very low support
values for these runs to illustrate how additional constraints can
make mining feasible even when the number of maximal frequent
itemsets is too large Note that Max-Miner-LO can mine on the
pumsb data-set without removing items with 80% or more support
The longest frequent itemsets in purnsb at .1% support contain 72
items. Frequent itemsets were very long even at 10% support
where they contained 61 items. For most of these data points, the
number of longest frequent itemsets was under 300

6.5 Comparison with Pincer-Search
Becanse our work was done concurrently, we have thus far only
had the opportunity to perform a prelimmary comparison with Lin
and Kedem’s Pincer-Search algorithm [8]. We have run Max-
Miner on the data-set from their evaluation with the longest
ent itemsets (T20.115.D100K). Unfortunately, it was not
challenging enough for either algorithm to draw any solid
conclusions. The only clear case of one algorithm appearing
superior over the other is at 8% minsup where Pincer-Search
requires over 20,000 seconds and considers over 150,000 candidate
itemsets. At this same support value Max-Miner requires 125
seconds and considers leiss than 22,000 candidate itemsets (within
4,894 candidate groups)”.

Pincer-Search uses a candidate itemset generation procedure that
couples Apriori candidate generation with another technique for
generating long candidate itemsets used for superset-frequency
pruning. The long candidate generation procedure is seeded with
one itemset that contains every frequent 1tem. For each infrequent
itemset encountered after a database pass, any long itemset
containing the infrequent itemset is replaced by itemsets that do
not contain the infrequent itemset. The new itemsets are formed by
removing a single item from the original, and keeping only those
itemsets that are not subsets of any other long candidate itemset
The process is iterated until no long itemset contains any known
infrequent itemset.

After the second database pass, the Pincer-Search long candidate
itemset generation procedure amounts to identifying all the
maximal chiques in a graph where the nodes are the frequent 1-
itemsets and the edges are the frequent 2-itemsets, much as Zaki’s
MaxClique algorithm [16]. Unlike MaxClique, Pincer-Search uses
a top-down instead of bottom-up approach for finding the cliques.
But due to the fact that the problem is NP-hard, any approach at
generating candidates in this manner may be prone to performance
problems when the frequent itemsets (and hence the maximal
cliques) are long.

! Candidate itenset counts for both Pincer-Search and Mex-Miner
do not include the 1 and 2-itemsets. Runtimes are not directly
comparable due to differences in hardware and implementation
details.
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Though similar in principle, Max-Miner and Pincer-Search are
quite different in their details. We look forward to performing a
more exhaustive comparison and feel it 1s likely that the algorithms
will prove complementary.

7. Conclusions

We have presented and evaluated the Max-Miner algorithm for
mining maximal frequent itemsets from large databases. Max-
Miner applies several new techniques for reducing the space of
itemsets considered through superset-frequency based pruning.
The result is orders of magnitude in performance improvements
over Apriori-like algorithms when frequent itemsets are long, and
more modest though still substantial improvements when frequent
itemsets are short. Max-Miner is also easily made to incorporate
additional constraints on the set of frequent itemsets identified,
Incorporating these constraints into the search is the only way to
achieve tractable completeness at low supports on complex data-
sets. It is therefore these extensions which we feel warrant the most
future work. In particular, we hope there exists a clean way to
exploit many of the wide variety of interestingness constraints
during the search rather than applying them only in a post-
processing filtering step.
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APPENDIX B

Border-Based Mining of Emerging Patterns

The disclosure of the accompanying materials is hereby incorporated in this application.
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Border-Based Mining of Emerging Patterns

A collection S of sets is called interval closed if, for all X, Z € S and for all Y, it is the case that Y € S whenever
X CY C Z. For example, § = {{1,2},{2,3},{1,2,3},{1,2,4}, {2, 3,4}, {1,2,3,4)} } is interval-closed.

The collection of all large itemsets w.r.t. any fixed threshold (itemsets whose supports are larger than the thresh-
old) is interval closed. Borders offer succinct representation of such collections, which are typicall very large.

An ordered pair <£,R> is called a border, L the left-hand bound of this border and R the right-hand bound, if
(a) each of £ and R is an antichain® collection of sets, and (b) each element of £ is a subset of some element
in R and each element of R is a superset of some element in £. The collection of sets represented by, or the set
interval of, a border <C,R>,is [L,R]={Y |3X € £, 3Z € R such that X CY C Z}. The collection [, R]
is said to have <L,R> as border.

The set interval of <{{1}, {2,3}}, {{1,2,3)}, {2,3,4}}> is {{1}, {1,2}, {1,3}, {1,2,8}), {2,3}, {2,3,4}}. The
set interval of <{{1,2}}, {{1,2,3,4,5}, {1,2,4,5,6}}> consists of 12 itemsets: all sets that are both supersets
of {1,2} and subsets of either {1,2,3,4,5} or {1,2,4,5,6}. Many simple borders’ set intervals are very large
collections; e.g. there are 2!! itemsets in the set interval of <{{1}}, {{1,2,3,4,5,6,7,8,9,10,11,12}}>,

There is a one-to-one correspondence between borders and interval-closed collections: Each interval-closed collec-
tion S of sets has a unique border <£,R>, where £ is the collection of minimal sets in & and R is the collection
of maximal sets in S.

Our border-based algorithms can discover all EPs satisfying a certain support constraint, and they do this without
enumerating elements of very large collections. In fact, the entire process of discovering EPs in this rectangle
only needs to deal with borders: They will take borders, that represent collections of large itemsets, as inputs;
they only manipulate borders in the internal process; and they produce as output borders that represent EPs.

As a consequence, the running time of this process is short for most practical situations, even when the number
of EPs is huge.

We concentrate our discussion on the situation when two large borders, one from D; and one from D, are
available. The differential procedure, called BORDER-DIFF, is given first. Then the main algorithm, MBD-
LLBORDER, using BORDER-DIFF as a subroutine, is given.

BORDER-DIFF aims to derive the differential between a pair of borders with a special form: Given a pair of
borders <{@8},{U}> and <{@},R,>, BORDER-DIFF derives another border <(;, {U}> such that {£3,{U}] =
({0}, {U}] - [{0}, Ra].

BORDER-DIFr(< {0}, {U}>, <{8},{S1,53,--+,Sk}>) ;; improved version
31 return border of [{0}, {U}] — [{9}, {51, 52,1 Sk}

1) initialize £ to {{z} | z € U - 51};

2)fori=2tok do

3) L+{Xu{z}| XelizeU~-S5}

4) remove all Y in £ that are not minimal;

5) return <Z, {U}>;

We now illustrate how BORDER-DIFF works on the arguments of <{8},{1,2,3,4}> and <{@}, {{3,4}, {2,4},
{2,3}}>. Lt first initializes £ to {{1}, {2}} since U —5; = {1,2}. Then it updates £ to {{1}, {1,2}, {1,3}, {2,3}}
since U — Sy = {1,3}, and reduces it to {{1},{2,3}}. Finally it updates £ to {{1}, {1,2,3}, {1,4}, {2,3,4}}
since U — S3 = {1,4}, and reduces it to {{1}, {2,3,4}}.

VA collection S of sets is an antichawn if X and Y are incomparable sets 1e. X € Y and Y € X) for all X,Y € S.
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3 return all emerging patterns satisfying (*) by multiple calls of BORDER-DIFF
1)  EPborders {};
2) for j from 1ton do
3) if some C; is & superset of D; then continue;
4) {Cl,---,CL}+ {CinDy,---,CanN Dy} ;
5) RightBound + the set of all maximal itemsets in {C{,---,Cp};
6) add BorDER-DIFF(<{#}, D;>, <{0}, RightBound>) into EPborders;
7)  return EPborders;

We now illustrate how MBD-LLBORDER works for
LargeBorders(Dy) = <{0},{{2,3,5},{3,4,6,7,8},{2,4,5,8,9}}>

LargeBordery(D2) = <{0},{{1,2,3,4}, {6,7,8}}>.

For D; = {1,2,3,4}, C; = {2,3,5}, C; = {3,4,6,7,8}, Cs = {2,4,5,8,9}, step 4 of MBD-LLBORDER
produces C] = {2 3}, €4 = {3,4}, C4 = {2,4}; it then calls BORDER-DIFF with <{0},{{1,2,3,4}}> and
<{0},{{2, 3} {3,4),{2,4}}, since C's are all minimal. BORDER-DIFF algorithm then returns <{{1} {2,8, 4}},
{{1,2,3,4}}>. Since {6,7,8} C {3,4,6,7,8} = D;, MBD-LLBORDER does not call BORDER-DIFF for D; since
the answer is known to be empty.
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9FZ10%p& ()-t 9FZ10%& 1 )A_ thregjold on support level. The support level of a pattern (some time called an
itemset) / 1n a category C is defined as

supp A1) = the percentage of samples in C that exhibit that |

If this threshold is not given, a default will be used or derived from the input data.
For example, 1%.

R A threshold on growth rate. Given two categories C, and C, of samples, the growth
rate of a partern (or itemset) I from C, to C_ is defined as
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- if sy {) = 0 but not
growthratecb_>ca(l)- infinity, Ppcb( )

supp Ca( [)=0
SuPPca(f )/ supp Cb( D, otherwise

If this threshold is not given, a default will be chosen or derived from the input
training data. For example, 5.

Given a category C, its opponent category is C’ which is defined to contain all
instances not in category C.

A pattern or itemset whose growth rate exceeds this threshold is considered an
emerging pattern from C'to C, or simply an emerging pattern of category C.

B A function weight(g) for weighting growth rate g. For growth rate > 1, this function
should be a monotonic increasing function which always takes nonnegative values.

If this function is not given, a default will be chosen. For example,

weight(g) = g/g+1)

W A function score(s,C) specifying the aggregate differentiating score of a sample s
and a set E(C) of emerging patterns of a category C. This function should involve
(i) the support of emerging patterns in E(C) and (ii) weighted growth rates of
emerging patterns in E(C).

If this function is not given, a default will be chosen. For example,

sum of supp A1) * weight(growthrate(I))
score(s,C) = . .
over all pattern / that appears in s and in E(C)

W A base score base_score(C) on the aggregate differentiating score for each category
C. This base score can be given as a percentile of the range of aggregate
differentiating scores of the training samples of that category.

If this threshold is not given, a default will be chosen. For example, the 50th
percentile.

B Anp indication of whether the set of derived emerging patterns should be reduced.
If this indicauion is not given, a default decision will be made For example, some
related emerging patterns will be elinunated unless the reduction leads to a poor

coverage (1.e., leads to a larger number of zero scores) on traming samples

An optional component for the storage and management of the extracted emerging
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[ 10%zv& ()-Z +10% zr& ()-Z +10%er& ()-Z 10%& ()-Z & 10%mpm& ()-Z
1'10% h& ()-Z 999=A B:B|[: vUA4&" V -10%8 & ()-Z 0fZ10%B & ()-F

0f Z10% & ()-F fZ10W & ()-F fZ10%& ()-F 320%!-& ()-Z : BABKBYB BBB| [ : vW4&"
VY &6 10%PHE ()- Pl agdpdaugleqiyation condifs &' ()-Z 0-10% & ()-Z

$-10%8& ()-Z -10% & ()-ZBBBBBBB| [ : vU4&" VI -100)& ()-f

-1098238&' () -f A component for displaying or printing of extracted emerging patterns.

A component for mining emerging pattemns for all categories.

An optional component for reducing the number of related emerging patterns. Two
emerging patterns are related if one is a sub-pattern (or subset) of the other.

A component for computing aggregate differentiating scores for all samples and
categories.

A component for computing the base scores for all categories.

2. A system for extracting emerging patterns from data as given in Claim 1, with the component
for reducing the number of related emerging pattemns replaced by one that specifically prefers
patterns that cover more training samples and have stronger differentiating power.

An instantiation of such a component is the following process. We first sort the emerging
patterns from C'to C into a list E in decreasing order of growth rate and support, The set of
essential emerging patterns, essE, is initjalized to contain the first emerging pattern in E. Then
for each next pattern / in E we do the following in order:
For each J in essE such that [ is a sub-pattern (or subset) of J, we replace J by [ if either of
the following is true:
W growthrate ., (1) exceeds growthrate . {J)

W supp (I) greatly exceeds supp {J) and growthrate . _ (1) exceeds the threshold on
growth rate.

We add I to essE if both of the above two conditions are false and 7 is not a super-pattern
(or superset) of any pattern in essE.

3. A system for extracting emerging patterns from data as given in Claim I, with the component
for mining of emerging patterns replaced by one that uses manipulation of borders.

Axn ordered pair (L,R) is called a border, if each of L and R is an antichain collection of sets,
each element of L is a subset of some element of R, and each element of R is a superset of some
element in L. The collection of sets represented by (or the set interval of) such a border are
those sets ¥ such that Y is superset of some element of L and is subset of some element of R.

4. A system for extracting emerging patterns from data as given in Claim I, with the component
for mining of emerging patterns replaced by one that uses the following specific algorithm.

Given the categories C'and C of samples. First use MaxMiner (R J. Baysrdo Efficiently muning long panems
frora databases Proceedings of ACM-SIGMOD Intemational Conference on Management of Data , 85--93, June 1998.] tO discover the
two large borders of the large itemsets in C'and C having appropriate support thresholds. Then
we use MBD-LLBORDER to find all the emerging pattern borders. Finally, we enumerate the
emerging patterns contamed in these borders, and go through samples in C'and C to check their
actual supports and growth rates.

Assume we have found LARGEBORDER 4 C'yand LARGEBORDER (C) for some d and
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A means for extracting emerging patterns from data such as that described in Claim 1
above.

A component for input of samples to be classified.
A component for output of classification decisions on the samples.

A component for computing the base scores of aggregate differentiating scores for all
sarnples and categories.

A component to assign to a category to each sample. The category that is assigned to that
sample is the one whose normalized score (ie. aggregate differentiating score divided by
the corresponding base score) is maximal for that sample.

6. A system for ranking and classifying data comprising the following components-

A means for extracting emerging patterns from data such as that described 1n Claim |
above
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