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Abstract

In this paper we revisit the frequentitemsetmining
(FIM) problemandfocuson studyingthepatterngrowthap-
proach. Existingpatterngrowthalgorithmsdiffer in several
dimensions(1) itemseach order; (2) conditionaldatabase
representationf3) conditionaldatabaseconstructiorstrat-
egy; and (4) treetraversal strategy. They adopteddiffer-
ent strategieson thesedimensions.Several adaptivealgo-
rithmswere proposedo try to nd goodstrategiesfor gen-
eral situations. In this paper we describedthe implemen-
tation techniquesof an adaptivepatterngrowth algorithm,
called AFOPT, which demonstated good performanceon
all testeddatasets Ve also extendedhe algorithmto mine
closedand maximalfrequentitemsets.Compehensivesx-
perimentswere conductedo demonstate the efciency of
the proposedalgorithms.

1 Intr oduction

Sincethe frequentitemsetmining problem (FIM) was
rst addresseP], alarge numberof FIM algorithmshave
beenproposedThereis apressingheedio completelychar
acterizeandunderstandhe algorithmicperformancespace
of FIM problemsothatwe canchooseandintegratethe best
stratgiesto achieve goodperformancen generakases.

Existing FIM algorithmscanbe classi ed into two cat-
egories: the candidategenerate-and-testpproachand the
patterngrowth approach.in eachiterationof the candidate
generate-and-teapproachpairsof frequentk-itemsetsare
joinedto form candidatg k+1)-itemsetsthenthe database
is scannedo verify their supports. The resultantfrequent
(k+1)-itemsetswill be usedas the input for next itera-
tion. Thedravbacksof this approachare: (1) it needsscan
databasenultipletimes,in worstcasegqualto themaximal
lengthof thefrequentitemsets{?2) it needgyeneratdots of
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candidatdtemsets,mary of which are proved to be infre-
guentafter scanningthe databaseand (3) subsetchecking
is a costoperationespeciallywhenitemsetsarevery long.
The patterngrowth approachavoids the costof generating
andtestinga large numberof candidatdtemsetsby grow-
ing afrequentitemsetfrom its pre x. It constructsa condi-
tional databasdor eachfrequentitemsett suchthatall the
itemsetsthathave t aspre x canbe minedonly usingthe
conditionaldatabasef t.

The basicoperationsn the patterngrownth approactare
countingfrequenitemsandnew conditionaldatabaseson-
struction Therefore the numberof conditionaldatabases
constructedluring the mining processandthe mining cost
of eachindividual conditionaldatabasdave a directeffect
on the performanceof a patterngrowth algorithm. The to-
tal numberof conditionaldatabasesainly dependon in
whatorderthe searchspaceis explored. Thetraversalcost
andconstructcostof a conditionaldatabaselepend®n the
size, the representatiofiormat (tree-basear array-based)
andconstructiorstratey (physicalor pseudo)f thecondi-
tional databaself theconditionaldatabasearerepresented
by treestructure the traversalstrateyy of the treestructure
alsomatters. In this paper we investigate variousaspects
of the patterngrowth approachandtry to nd outwhatare
goodstrategjiesfor a patterngrowth algorithm.

The rest of the paperis organizedas follows: Section
2 revisits the FIM problem and introducessomerelated
works; In Section3, we describeanef cient patterngrownth
algorithm—AFOPT Section4 and Section5 extend the
AFOPT algorithm to mine frequentcloseditemsetsand
maximal frequentitemsetsrespectiely; Section6 shavs
experimentresults; nally , Section7 concludeghis paper

2 Problem Revisit and Related Work

In this section,we rst briey review FIM problemand
the candidategenerate-and-tesipproach,then focus on
studyingthe algorithmic performancespaceof the pattern
growth approach.



2.1 Problemrevisit

Givenatransactionatlatabas®, let| bethesetof items
appearingn it. Any combinationof theitemsin | canbe
frequentin D, andthey form the searchspaceof FIM prob-
lem. Thesearctspacecanberepresentedsingsetenumer
ationtree[14, 1, 4,5, 7]. For example,givenasetof items
| = fa;b;c;d; eg sortedin lexicographicorder the search
spacecan be representedby a tree as shawvn in Figure 1.
Theroot of the searchspacetreerepresentshe empty set,
andeachnodeatlevel | (therootis atlevel 0, andits chil-
drenareat level 1, andsoon) representan|-itemset. The
candidateextensionof anitemsetp is de ned asthe setof
itemsafterthelastitem of p. For example,itemsd ande are
candidatextensionsof ac, while bis nota candidatesxten-
sionof ac becausdis beforec. Thefrequentextensionof
p arethosecandidatextensionsof p thatcanbe appended
to p to form alongerfrequentitemset.In therestof this pa-
per, we will usecand_exts(p) andf reg.exts(p) to denote
the setof candidatextensionsaandfrequentextensionsof p
respectiely.

NULL{ab,c,d,e}

AN N

abc abd abe “acd ace ade bcd bce hde cde
abcd abce abde acde bcde
abcde

Figure 1. Search space tree

2.2 Candidate generate-and-testapproach

Frequenitemsetmining canbe viewedasa setcontain-
mentjoin betweerthetransactionatlatabasandthesearch
spaceof FIM. Thecandidategenerate-and-teapproactes-
sentiallyusesblock nestedoop join, i.e. the searchspace
is the inner relation andit is divided into blocks accord-
ing to itemsetlength. Differentfrom simple block nested
loop join, in candidategenerate-and-tesipproactthe out-
put of the previous passis usedas seedso generatenext
block. For example,in the k-th passof the Apriori algo-
rithm, thetransactiordatabasandthecandidatek-itemsets
arejoinedto generatdrequentk-itemsets.The frequentk-
itemsetsare then usedto generatenext block—candidate
(k+1)-itemsets.Given the large amountof memoryavail-
able nowadaysi,it is a wasteof memoryto put only a sin-
gle lengthof itemsetsanto memory It is desirableto fully
utilize availablememoryby puttingsomelongerandpossi-
bly frequentitemsetdnto memoryin earlierstageto reduce
thenumberof databasecans.The rst FIM algorithmAIS
[2] tries to estimatethe frequenciesf longeritemsetsus-
ing the outputof currentpass,andincludesthoseitemsets

that are estimatedas frequentor themseles are not esti-
matedasfrequentbut all of its subsetsarefrequentor esti-
matedasfrequentinto next block. The problemwith AIS
algorithmis thatit doesnot fully utilize the pruningpower
of the Apriori property thus mary unnecessargandidate
itemsetsaregenerateédndtested DIC algorithm[3] makes
improvementsbasedon Apriori algorithm. It startscount-
ing the supportof anitemsetshortly afterall the subsetof
thatitemsetare determinedo be frequentratherthanwait
until next pass.However, DIC algorithmcannotguarantee
thefull utilization of memory The candidategenerate-and-
testapproactfacesatrade-of: on onehand,thememoryis
not fully utilized andit is desirableto put asmary aspos-
sible candidatatemsetdnto memoryto reducethe number
of databasscanspnthe otherhand,setcontainmentestis
a costly operation putting itemsetsinto memoryin earlier
stagehastherisk of countingsupportfor mary unnecessary
candidatetemsets.

2.3 Pattern growth approach

The pattern growth approachadoptsthe divide-and-
conquermethodology The searchspaceis divided into
disjoint sub searchspaces.For example,the searchspace
shavn in Figurel canbedividedinto 5 disjoint subsearch
spaces(1) itemsetscontaininga; (2) itemsetscontainingb
but no a; (3) itemsetscontainingc but no a, b; (4) itemsets
containingd but no a, b andc; and(5) itemsetscontaining
only e. Accordingly the databases divided into 5 parti-
tions, and eachpatrtition is called a conditional database.
Theconditionaldatabasef itemi, denotedasD;i, includes
all thetransactiongontainingitemi. All theitemsbeforei
areeliminatedfrom eachtransactionAll thefrequentitem-
setscontainingi canbe minedfrom D; without accessing
otherinformation. Eachconditionaldatabasés dividedre-
cursiely following thesameprocedure Thepatterngrowth
approachnot only reducesthe numberof databasescans,
but alsoavoidsthe costly set-containment-testperation.

Two basic operationsin pattern growth approachare
counting frequentitems and new conditional databases
construction Therefore,the total numberof conditional
databasesonstructecandthe mining costof eachindivid-
ual conditionaldatabasarekey factorsthat affect the per
formanceof a patterngrowth algorithm. The total num-
berof conditionaldatabasemainly depend®on in whator-
derthe searchspaceis explored. This orderis calleditem
seach order in this paper Somestructuredor representing
conditionaldatabasesan also help reducethe total num-
ber of conditionaldatabaseskor example,if a conditional
databases representedby tree-structureandthereis only
onebranch thenall thefrequentitemsetdn the conditional
databaseanbeenumeratedirectlyfrom thebranch.There
is noneedto construchew conditionaldatabaseslhemin-
ing costof a conditionaldatabaselependon the size,the



Datasets Asc Lex Des
#cdb time | maxmem #cdb time | maxmem #cdb time | maxmem
T1014D100k(0.01%) 53688 4.52s 5199kb 47799 4.89s 5471kb 36725 5.32s 5675kb
T40110D100k(0.5%) | 311999 | 30.42s| 17206kb | 310295 33.83s| 20011kb | 309895 43.37s| 21980kb
BMS-POS(0.05%) | 115202 | 27.83s| 17294kb 53495 | 127.45s| 38005kb 39413 | 147.01s| 40206kb
BMS-WebMew-1 (0.06%) | 33186 | 0.69s 731kb 65378 1.12s 901kb 79571 2.16s 918kb
chesq45%) | 312202 2.68s 574kb | 617401 8.46s 1079kb | 405720 | 311.19s 2127kb
connect-475%) 12242 | 1.31s 38kb | 245663 2.65s 57kb | 266792 | 14.27s 113kb
mushroom(5%) 9838 0.34s 1072kb | 258068 3.11s 676kb | 464903 | 272.30s 2304kb
pumshb(70%) | 272373 | 3.87s 383kb | 649096 | 12.22s 570kb | 469983 | 16.62s 1225kb

Table 1. Comparison of Three Item Search Orders (Bucket Size=0)

representatiomnd constructionstratey of the conditional
database.The traversalstratgy also mattersif the condi-
tional databasés representedsingatree-structure.

Item Seaich Order. Whenwe divide the searchspace,
all itemsaresortedin someorder This orderis calleditem
seach order. The subsearchspaceof anitem containsall
theitemsafterit in itemseach order but no item beforeit.
Two item searchorderswere proposedn literature: static
lexicographicorder and dynamicascendingrequeng or-
der Staticlexicographicorderis to orderthe itemslexico-
graphically It is a x ed order—all the subsearchspaces
usethe sameorder Treeprojectionalgorithm[15] andH-
Mine algorithm[13 adoptedthis order Dynamicascend-
ing frequeny orderreorderdrequentitemsin every condi-
tional databasén ascendingprderof their frequenciesThe
mostinfrequentitemis the rst item,andall theotheritems
areits candidateextensions.The mostfrequentitem is the
lastitem andit hasno candidatesxtensions FP-gravth [6],
AFOPT[9] andmostof maximalfrequentitemsetsmining
algorithmg[7, 1, 4, 5] adoptedhis ordet

The numberof conditionaldatabasesonstructedby an
algorithmcandiffer greatlyusingdifferentitem searchor-
ders. Ascendingfrequeng orderis capableof minimizing
the numberand/orthe size of conditional databaseson-
structedin subsequenmining. Intuitively, anitemsetwith
higherfrequenyg will possiblyhave more frequentexten-
sionsthananitemsetwith lowerfrequeng. We putthemost
infrequentitem in front, thoughthe candidatextensionset
is large,thefrequentextensionsetcannotbeverylarge. The
frequencief successie itemsincreaseat the sametime
thesizeof candidatextensionsetdecreasesl hereforewe
only needto build smallerand/orlessconditionaldatabases
in subsequeninining. Table 1 shaws the total numberof
conditionaldatabasesonstructed#cdbcolumn),total run-
ningtime andmaximalmemoryusagevhenthreeordersare
adoptedin the framevork of AFOPT algorithm described
in this paper The threeitem searchorderscomparedare:
dynamicascendingrequeng order (Asc column),lexico-
graphicorder (Lex column)and dynamicdescendingre-
gueng order(Descolumn). The minimum supportthresh-
old on eachdatasets showvn in the rst column. On the

rst threedatasetsascendindgrequeng orderneedsgo build
more conditionaldatabaseshanthe othertwo orders,but
its total running time and maximal memoryusageis less
than the othertwo orders. It implies that the conditional
databasesonstructedisingascendindgrequeng orderare
smaller On the remainingdatasetsascendingrequeng
orderrequiresto build lessconditionaldatabaseandneeds
lessrunningtime and maximalmemoryusage especially
ondensalatasetgonnect-4andmushroom.

Agrawal et al proposedan ef cient supportcounting
techniquecalledbudket counting to reducethe total num-
berof conditionaldatabases]1 Thebasicideais thatif the
numberof itemsin a conditionaldatabasés smallenough,
we can maintaina counterfor every combinationof the
itemsinsteadf constructingaconditionaldatabaséor each
frequentitem. The bucket counting can be implemented
very efciently comparedwith conditional databasecon-
structionandtraversaloperation.

Conditional Database Representation. The traver
sal and constructioncost of a conditional databaséeas-
ily dependson its representation. Different data struc-
tureshave beenproposedo storeconditionaldatabase®.g.
tree-basedtructuressuchas FP-tree[6] and AFOPTtree
[9], andarray-basedtructuresuchasHyperstructurg/12].
Tree-basedtructuresarecapableof reducingtraversalcost
becauseluplicatedransactionsanbemeigedanddifferent
transactiongansharethe storageof their pre x es.But they
incur high constructioncostespeciallywhenthe dataseis
sparseand large. Array-basedstructuresincur little con-
structioncostbut they needmuch more traversalcostbe-
causethe traversalcostof differenttransactiongannotbe
sharedlt is atrade-of in choosingtree-basedtructuresor
array-basedtructureslin generaltree-basedtructuresare
suitablefor densalatabaselBecaus¢herecanbelots of pre-
X sharingamongtransactionsandarray-basedtructures
aresuitablefor sparsalatabases.

Conditional Database Construction Strategy Con-
structingevery conditionaldatabasehysically canbe ex-
pensve especiallywhen successie conditional databases
do not shrinkmuch. An alternatve is to pseudo-construct
them,i.e. usingpointerspointing to transactionsn upper



Algorithms Item SearchOrder | CondDBFormat | CondDBConstruction| TreeTraversal
Tree-Projectiorfl5] | staticlexicographic array adaptve -
FP-gravth [6] dynamicfrequeng FP-tree physical bottom-up
H-mine[12] staticlexicographic | hyperstructure pseudo -
OPJ[10] adaptie adaptive adaptie bottom-up
PP-ming17] staticlexicographic PP-tree pseudo top-dawvn
AFOPTI9] dynamicfrequeng adaptve physical top-davn
CLOSET+[16] dynamicfrequeny FP-tree adaptve adaptve

Table 2. Pattern Growth Algorithms

level conditionaldatabasesHowever, pseudo-construction
cannotreducetraversalcostaseffectively asphysical con-
struction. The item ascendindgrequeng searchordercan
male the subsequentonditionaldatabaseshrink rapidly,
consequenthyit is bene cial to use physical construction
stratgy with item ascendindrequeng ordertogether

TreeTraversal Strategy The traversalcostof a treeis
minimal usingtop-davn traversalstratgy. FP-gravth al-
gorithm [6] usesascendingrequeny orderto explore the
searchspacewhile FP-treeis constructediccordingto de-
scendindgrequeng order HenceFP-treehasto betraversed
usingbottom-upstratey. As aresult,FP-treehasto main-
tain parentlinks andnodelinks at eachnodefor bottom-up
traversal. which increaseshe constructiorcostof thetree.
AFOPT algorithm[9] usesascendindgrequeng orderboth
for searctspaceexplorationandpre x-tree constructionso
it canusethetop-davn traversalstratgy anddo notneedto
maintainadditionalpointersateachnode.Theadwantageof
FP-treds thatit canbemorecompacthanAFOPT-treebe-
causedescendindrequeng orderincreaseshe possibility
of pre x sharing. The ascendingrequeny orderadopted
by AFOPT may leadto mary single branchesdn the tree.
This problemwasalleviatedby usingarraysto storesingle
branchesn AFOPTtree.

Existing patterngrowth algorithmsmainly differ in the
several dimensionsaforementioned.Table 2 lists existing
patterngrownth algorithmsand their strategies on four di-
mensions AFOPT[9] is anefcient FIM algorithmdevel-
opedby our group. We will discussits technicaldetailsin
next threesections.

3 Mining All Frequentltemsets

Wediscussedeveraltrade-ofs facedby apatterngrownth
algorithmin last section. Someimplicationsfrom above
discussionsare: (1) Usetree structureon densedatabase
andusearraystructureon sparsalatabase(2) Usedynamic
ascendindgrequeny orderon densedatabaseand/orwhen
minimum supportthresholdis low. It candramaticallyre-
ducethe numberand/orthe size of the successie condi-
tional databaseg(3) If dynamicascendindrequeng order
is adoptedthenusephysical constructiorstratgy because
thesizeof conditionaldatabasewill shrinkquickly. In this
sectionwe describeour algorithmAFOPT which takesthe

above threeimplicationsinto consideration. The distinct
featuresof our AFOPT algorithminclude: (1) It usesthree
different structurego representconditionaldatabasesar
raysfor sparseonditionaldatabaseAFOPTFtreefor dense
conditional databasesand buckets for counting frequent
itemsetscontainingonly topk frequentitems, wherek is
a parametetto control the numberof bucketsused. Sev-
eralparameterareintroducedo controlwhento usearrays
or AFOPTtree. (2) It adoptsthe dynamicascendingre-
gueng order (3) Theconditionaldatabaseareconstructed
physically on all levels no matterwhetherthe conditional
databasearerepresentetty AFOPTFtreeor arrays.

3.1 Framework

Given a transactionaldatabaseD and a minimum
support threshold, AFOPT algorithm scansthe original
databasdwice to mine all frequentitemsets. In the rst
scan, all frequentitemsin D are countedand sortedin
ascendingorder of their frequencies,denotedas F =
fi1;iz;  ;img. We performanotherdatabasscanto con-
structa conditional databasefor eachij 2 F, denotedas
Dj, . Duringthesecondscannfrequenitemsin eachtrans-
actiont areremovedandtheremainingitemsaresortedac-
cordingto theirordersin F . Transactiort is putinto D, if
the rst itemof t aftersortingis i; . Theremainingmining
will be performedon conditionaldatabasesnly. Thereis
no needto accessheoriginal database.

We rst performmining on D, to mineall theitemsets
containingi1. Mining on individual conditionaldatabase
followsthesameprocesasminingontheoriginaldatabase.
After theminingon Dj, is nished, D;, canbediscarded.
BecauseD;, alsocontainsotheritems,the transactionsn
it will beinsertednto theremainingconditionaldatabases.
Givenatransactiort in Di,, supposeahenext item afteri
intisij, thent will beinsertednto D;; . Thisstepis called
push-right. Sorting the itemsin ascendingorder of their
frequenciesensuresthat every time, a small conditional
databaseés pushedright. The pseudo-cod®f AFOPT-all
algorithmis shavn in Algorithm 1.

3.2 Conditional databaserepresentation

Algorithm 1 is independentf therepresentationf con-
ditional databasesWe chooseproperrepresentationsc-



Algorithm 1 AFOPTall Algorithm

Input:

p is afrequentitemset

D, istheconditionaldatabasef p

min _sup is theminimumsupportthreshold,;
Description:
: ScanDp countfrequentitems,F =fiy, iz, ,ing;
: Sortitemsin F in ascendingrderof their frequencies;
: for all§emi 2 F do

D L=

p fig
: for all transactiort 2 Dp do
removeinfrequenttemsfrom t, andsortremainingitemsaccording
to theirordersin F;
7: leti bethe rst itemoft, insertt into Dp S

8: for all itemi 2 § do

9: Outputs=p fig;

10: AFOPTall(s, Ds, min _sup);
11: PushRightDs);

fig"

TID| Transactions TID| Transactions header table
1 a,b,c,f,mp 1|c,p,f,m a

2 a, d e fg 2 d, f, a

e a,b,f,mn 8 f,m, a

4 a,ce f,mp 4|c,p,f,ma

5 d fnp 5 d,p,f

6 a,c,h,mp 6| cp,ma

7 a,d,ms 7| d,m,a

(@)D (b) (c)
Figure 2. Conditional DB Representation

cordingto thedensityof conditionaldatabasesThreestruc-
turesare used: (1) array (2) AFOPT-tree, and (3) buck-
ets. As aforementionedthesethree structuresare suit-
able for different situations. Bucket counting technique
is properandextremely ef cient whenthe numberof dis-
tinct frequentitemsis around10. Tree structureis bene-
cial when conditionaldatabasesre dense. Array struc-

ture is favorable when conditional databasesre sparse.

We usefour parameterso controlwhento usethesethree
structuresasfollows: (1) frequentitemsetscontainingonly
top-bucket_size frequentitems are countedusing buck-
ets; (2) if the minimum supportthresholdis greaterthan
tr eemin _sup or averagesupportof all frequentitemsis
no lessthan tr ee avg_sup, then all the rest conditional
databasearerepresentedsing AFOPT-tree; otherwise(3)
the conditional database®f the next tr ee.alphabetsize
mostfrequentitemsarerepresentedsingAFOPT-tree,and
therestconditionaldatabasearerepresentedsingarrays.
Figure 2 shawvs a transactionatlatabasé andthe ini-
tial conditionaldatabasesonstructedvith min _sup=40%.
Thereare 6 frequentitemsfc:3, d:3, p:4, f :5, m:5,a:69.
Figure 2(b) shawvs the projected databaseafter remov-
ing infrequent items and sorting.  The values of
the parameterdor conditional databaseconstructionare
set as follows: bucket_size=2, tr eealphabetsize=2,
tr eemin _sup=50%, tr ee avg_sup=60%. The frequent
itemsetscontainingonly m anda are countedusingbuck-

etsof size4 (=2bucket-szey - The conditionaldatabasesf
f andp arerepresentedby AFOPTFtree. The conditional
databasesfitemcandd arerepresentedsingarrays.From
our experience,the bucket_size parametercan choosea
valuearound10. A valuebetween?0 and200will be safe
for tr ee alphabetsize parameter We settr eemin _sup
to 5% andtr ee.avg_sup to 10%in our experiments.
Table 3 shaws the size, constructiontime (build col-
umn)andpush-righttime if applicable of the initial struc-
tureconstructedrom original databaséy AFOPT, H-Mine
and FP-gravth algorithms. We setbucket_size to 8 and
tr ee alphabetsize to 20 for AFOPT algorithm. The ini-
tial structureof AFOPT includesall threestructures.The
arraystructurein AFOPT algorithmsimply storesall items
in a transaction.Eachnodein hyperstructurestoresthree
piecesof information: an item, a pointer pointing to the
next item in the sametransactioranda pointerpointing to
the sameitem in anothertransaction.Thereforethe size of
hyperstructureis approximately3 timeslargerthanthe ar-
ray structureusedin AFOPT. A nodein AFOPT-treemain-
tainsonly a child pointeranda sibling pointer while a FP-
treenodemaintaingwo morepointersfor bottom-uptraver-
sal: aparentpointerandanodelink. AFOPT consumeshe
leastamountof spaceon almostall testeddatasets.

4 Mining FrequentClosedltemsets

The completesetof frequentitemsetscanbevery large.
It hasbeenshavn thatit containamary redundantnforma-
tion [11, 18]. Someworks [11, 18, 13, 16, 8] put efforts
on mining frequentcloseditemsetsto reduceoutputsize.
Anitemsetis closedif all of its supesetshavea lower sup-
port thanit. The setof frequentcloseditemsetss the min-
imum informative setof frequentitemsets.In this section,
we describehow to extend Algorithm 1 to mine only fre-
guentcloseditemsets For moredetails,pleaseeferto [8].

4.1 Removing non-closeditemsets

Non-closedtemsetscanberemovedeitherin a postpro-
cessingphasepr during mining process.The secondstrat-
egy can help avoid unnecessarynining cost. Non-closed
frequentitemsetsare removed basedon the following two
lemmag(se€[8] for proof of thesetwo lemmas).

Lemmal In Algorithm1, anitemsefpis closedf andonly
if two conditionshold: (1) no existingfrequenitemsetss a
supesetof p andis asfrequentasp; (2) all theitemsin D
havea lower supportthanp.

Lemma?2 In Algorithm 1, if a frequentitemsetp is not
closedbecausecondition (1) in Lemmal doesnot hold,
thennoneof theitemsetsminedfromD, canbeclosed.

We checkwhetherthereexists g suchthatp  q and
sup(p)=sup(q) beforemining D,. If suchq exists, then
thereis no needto mine D, basedon Lemmaz2 (line 10).



Datasets AFOPT H-Mine FP-gravth
size build | pushright Size build | pushright size | build
T1014D100k(0.01%) | 5116kb 0.55s 0.37s | 11838kb 0.68s 0.19s| 20403kb | 1.83s
T40110D100k(0.5%) | 16535kb 1.85s 1.91s | 46089kb 2.10s 1.42s | 104272kb | 6.16s
BMS-POS(0.05%) | 17264kb 2.11s 1.43s | 38833kb 2.58s 1.00s | 47376kb | 6.64s
BMS-WebMVew-1 (0.06%) 711kb 0.12s 0.01s | 1736kb 0.17s 0.01s 1682kb | 0.27s
chesq45%) 563kb 0.04s 0.01s | 1150kb 0.05s 0.03s 1339kb | 0.12s
connect-475%) 35kb 0.73s 0.01s | 22064kb 1.15s 0.55s 92kb | 2.08s
mushroom(5%) 1067kb 0.08s 0.04s 2120kb 0.10s 0.03s 988kb | 0.17s
pumshb(70%) 375kb 0.82s 0.02s | 17374kb 1.15s 0.43s 1456kb | 2.26s

Table 3. Comparison of Initial Structures

Thustheidenti cation of anon-closedtemsetaotonly re-

ducesoutputsize,but alsoavoids unnecessargnining cost.
Basedon pruningcondition(2) in Lemmal, we cancheck
whetheranitemi 2 F appearsn every transactiorof D .

If suchi exists,thenthereis noneedo considethefrequent
itemsetsthat do not containi whenmining D,. In other
words,we candirectly performmining on D 0 é’f ig instead

of Dy, (line 3-4). Theefforts for mining DpSfl.g,j 6 iare

saved. The pseudo-coddor mining frequentcloseditem-
setsis shavn in Algorithm 2.

Algorithm 2 AFOPTcloseAlgorithm

Input:
p is afrequentitemset
D is theconditionaldatabasef p
min _sup is theminimumsupportthreshold,;
Description:
: ScanDp countfrequentitems,F =fiy,i2, ,ing;
. Sortitemsin F in ascendinggerof their frequencies;
1 =fiji 2 F andg,lpport(p fig) = support(p)g;
F=F Iip=p |I;
: for all transactiort 2 Dp do
removeinfrequenttemsfromt, andsortremainingitemsaccording
to theirordersin F;
7: leti bethe rst itemoft, insertt into Dp S

fig"
8: for all itegi 2 F do

9: s=p fig;

10: if sisclosedthen

11: Outputs;

12: AFOPT-close6, Ds, min _sup);

13:  PushRightDs);

Frequent c LAl
Closed Itemsets ‘c:3‘d:3‘p:4‘f:5‘m:5‘a:6‘ dr™ L
d:3, p:4, f:5, a6 p Wijiilii‘
pf:3, fa:4, ma: 5 ‘ i f 210]0
fma: 3 D m 4100
pma:3
cpma:3 a 4100 ‘ 0 l

(®) (b) CFP-tree (c)
Figure 3. CFP-tree and Two-layer Hash Map

4.2 Closeditemsetchecking

Duringthemining processye storeall existing frequent
closeditemsetsin a tree structure,called Condensed-re-
guentPatterntree or CFP-treefor short[8]. We usethe

CFP-treeto checkwhetheranitemsetis closed.An exam-
ple of CFP-treeis shown in Figure 3(b) which storesall
thefrequentcloseditemsetdn Figure3(a). They aremined
from thedatabasshowvn in Figure2(a)with support40%.

Each CFP-treenodeis a variable-lengtharray and all
theitemsin the samenodearesortedin ascendingrderof
their frequencies A pathin thetreestartingfrom anentry
in the root noderepresentsa frequentitemset. The CFP-
tree hastwo properties:the left containmenipropertyand
the Apriori property. The Apriori Propertyis thatthe sup-
port of ary child of a CFP-treeentry cannotbe greaterthan
the supportof thatentry The Left ContainmenPropertyis
thattheitem of anentry E canonly appeaiin the subtrees
pointedby entriesbeforeE orin E itself. The supersebf
anitemsetp with supports canbeef ciently searchedh the
CFP-treebasedon thesetwo properties.The apriori prop-
erty canbe exploited to prunesubtreegointedby entries
with supportlessthans. Theleft containmenpropertycan
be utilized to prunesubtreeghat do not containall items
in p. We alsomaintaina hash-bitmapn eachentryto indi-
catewhetheranitem appearsn the subtreepointedby that
entryto furtherreducesearchingcost. The supersesearch
algorithmis shavn in Algorithm 3. BinarySearctgnode
s) returnsthe rst entryin a CFP-treenodewith supportno
lessthans. Algorithm 3 do notrequirethewhole CFP-tree
to be in main memorybecausét is alsovery efcient on
disk. Moreover, the CFP-treestructureis a compactrepre-
sentatiorof the frequentcloseditemsetssoit hasa higher
chanceo beheldin memorythan at representation.

Although searchingin CFP-treeis very ef cient, it is
still costly when CFP-treeis large. Inspiredby the two-
layer structureadoptedby CLOSET+ algorithm[1§ for
subsetchecking, we use a two-layer hashmap to check
whether an itemsetis closed before searchingin CFP-
tree. The two-layer hashmap is shavn in Figure 3(c).
We maintaina hashmap for eachitem. The hashmap
of item i is denotedby i:hashmap. The length of the
hashmap of an item i is setto minfsup(i)-min _sup,
max_hashmap_leng, wheremax_hashmap_len is a pa-
rameterto control the maximal size of the hashmapsand
min _sup=minfsup(i)ji is f requentg. Given an itemset



Algorithm 3 SearchSuperseflgorithm

Input:
| is afrequentitemset
cnode the CFP+-treenodepointedby |
s is theminimumsupportthreshold
| is asetof itemsto becontainedn thesuperset
Description:
1:if I = then
return true;
: E =the rst entryof cnode suchthatE :item 2 | ;
: E%=BinarySearchtnode, s);
. for all entryE 2 cnode, E betweerE °andE do
1%  fE:item g;
if E:child 6 NULL AND all itemsin |
E :subtr eethen
8: found= SearchSupersetf, E :chil d, s, |
9: if foundthen
10: return true;
11: elseif| fE:temg= then
12: return true;
13: return false;

2
3
4
5
6
7 fE:item g arein

f E :item g);

p=fiy;iz; ;i1g, pismappedoi; :hashmap[(sup(p)
min _sup)%max _hashmap_en],j = 1;2; ;l. Anen-
try in a hashmaprecordsthe maximallengthof the item-
setsmappedo it. For example,itemsetf c;p; m; ag setthe
rst entry of c:hashmap, p:hashmap, m:hashmap and
a:hashmap to 4. Figure3(c) shavs the statusof the two-
layer hashmap beforemining D¢ . An itemsetp mustbe
closedf ary of theentryit mappedo containsalowervalue
thanits length. In suchcaseghereis no needto searchin
CFP-tree. The hashmap of anitem i canbe releasedaf-
terall the frequentitemsetscontainingi areminedbecause
they will not be usedin later mining. For example,when
mining D¢ , thehashmapof itemsc, d andp canbedeleted.

5 Mining Maximal Frequentltemsets

The problemof mining maximal frequentitemsetscan
beviewedasgivenaminimumsupporthresholdmin _sup,
nding aborderthroughthe searchspacereesuchthatall
thenodesbelaw the borderareinfrequentandall thenodes
above the borderare frequent. The goal of maximal fre-
guentitemsetaniningisto nd theborderby countingsup-
portfor aslessaspossiblatemsets Existingmaximalalgo-
rithms[19, 7, 1, 4, 5] adoptedsariouspruningtechniqueso
reducethe searctspaceo be explored.

5.1 Pruning techniques

Themosteffective techniquesirebasednthefollowing
two lemmagdo pruneawholebranchfrom searctspacdree.

Lemma 3 Givena frequentitemsetp, if pS cand_exts(p)
is frequentout not maximal thennoneof the frequenttem-
setsminedfromD, andfromp'sright sibling’s conditional
databasesan be maximalbecausell of themare subsets
ofp cand.exts(p).

Lemma4 Givena frequentitemsetp, if p S f regexts(p)
is frequentout not maximal thennoneof the frequenttem-
setsminedfrgmD, canbemaximalbecausall of themare
subset®fp fregexts(p).

Basedon Lerama 3, before mining D,, we can rst
checkwhetherp cand_exts(p) is frequentbut not max-
imal. This canbedoneby two techniques.

SupersetPruning Technique It is to checkwhether
thereexistssgmemaximalfrequenﬁtemsetsuchthatit isa
supersebf p cand_exts(p). Like frequentcloseditemset
mining, subsetheckingcanbechallengingwhenthe num-
berof maximalitemsetds large. We will discusghisissue
in next subsection.

ookahead Technique It is to check whether
p cand.exts(p) is frequentwhencountfrequentitemsin
Dp. If D, isrepresentedy AFOPT-tree,thelookaheadbp-
erationcanbe accomplishedy sirréoly looking at the left-
mostbranchof AFOPTtree. If p cand_exts(p) is fre-
guent,thenthe length of the left-most branchis equalto
jcand_exts(p)j, andthe supportof theleaf nodeof theleft-
mostbranchis no lessthanmin _sup.

If the supersefpruning techniqueand lookaheadtech-
nique fail, then basedon Lemma4 we can use superset
pruning techniqueto checkwhetherp f regexts(p) is
frequentout notmaximal. Two othertechniquesireadopted
in our algorithm.

Excluding itemsappearingin every transactionof D,
from subsequentmining: Like frequentcloseditemset
mining, if anitemi appearsn everytransactiorof D, then
a frequentitemsetq minedfrgm D, andnot containingi
cannotbe maximalbecause figisfrequent.

SinglePath Trimming : If D, isrepresentedy AFOPT
treeandit hasonly onechild i, thenwe canappend to p
andremove it from subsequenmnining.

5.2 Subsetchecking

When do supersetprunning, to check against all fre-
guentmaximal itemsetscan be costly when the number
of maximalitemsetsis large. Zaki et. al proposeda pro-
gressve focusingtechniquefor subsetchecking[5]. The
obsenation behind the progressie focusing techniqueis
that only the maxirgal frequentitemsets%ontainingp can
be a supersetof p cand.exts(p) or p fregexts(p).
The setof maximalfrequentitemsetscontainingp is called
the local maximalfrequentitemsetswith gspecto p, de-
notedasLMFI,. Whencheckwhetherp ~ cand.exts(p)
or p freqgexts(p) is a subsetof some existing maxi-
mal frequentitemsetswe only needto checkthemagainst
LMFI,. Thefrequentitemsetsin LMFI, caneithercome
from p's parents LMFI, or from p's left-siblings' LMFI.
The constructionof LMFIs is very similar to the construc-
tion of conditionaldatabasesThe constructionconsistsof
two steps:(1) projecting: after all frequentitemsF in D
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DataSets Size |#Trang#ltemsMaxTL|AvgTL
T1014D100k(0.01%) | 3.93M |100000 870 30 |[10.10
T40110D100k(0.5%) | 15.12M|100000 942 | 78 |39.61
BMS-POS(0.05%) |11.62MB515597 1657| 165 | 6.53

BMS-WebMew-1 (0.06%) 1.28M |59601| 497 | 267 | 2.51
chesg45%) 0.34M | 3196 | 75 | 37 |37.00
connect-475%) 9.11M | 67557| 129 43 | 43.00
mushroom(5%) 0.56M | 8124 | 119 | 23 |23.00
pumsb(70%) 16.30M | 49046| 2113| 74 | 74.00
Table 4. Datasets
arecounted8s 2LMFI,, s is putinto LMFI pSf ig» Where

i is the rst itemin F appeardn s; (2) push-right: after
all the maximalfrequentitemsetscontainingp are mined,
8s 2LMFIy, sis putinto LMFlq if qis the rst right sib-

ling of p containinganitemin s. In our implementation,
we usepseudrojectiontechniqueto generatd MFls, i.e.

LMFI, is acollectionof pointerspointingto thosemaximal
itemsetscontainingp.

6 Experimental results

In this section,we comparethe performanceof our al-
gorithmswith otherFIM algorithms. All the experiments
wereconductedn a 1GhzPentiumlll with 256MB mem-
ory runningMandrale Linux.

Table 4 shavs some statisticalinformation about the
datasetsisedfor performancestudy All the datasetsvere
downloadedfrom FIMI'03 workshopweb site. The fth
and sixth columnsare maximal and averagetransaction
length. Thesestatisticsprovide someroughdescriptionof
thedensityof the datasets.

6.1 Mining all frequentitemsets
We comparedthe efciency of AFOPTall algorithm
with Apriori, DCI, FP-gravth, H-Mine and Eclat algo-
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rithms. The Apriori and Eclat algorithmswe usedareim-
plementedy ChristianBorgelt. DCI wasdownloadedrom
its web site. We obtainedthe sourcecode of FP-gravth
from its authors. H-Mine wasimplementedoy ourselhes.
We ranH-Mine only on several sparsedatasetsinceit was
designedor sparsedatasetsandit changego useFP-tree
on densedatasets Figure 4 shovs the runningtime of all
algorithmsover datasetshavn in Table4. Whenthe min-
imum supportthresholdis very low, anintolerablenumber
of frequentitemsetscanbe generated So whenminimum
supportthresholdreachedsomevery low value,we turned
off the output. This minimum supportvalueis calledout-
put thr eshold andthey areshowvn ontop of each gure.
With high minimum supportthreshold,all algorithms
shaved comparableperformance. When minimum sup-
port thresholdwas lowered, the gaps betweenalgorithms
increasedThetwo candidateyenerate-and-teapproaches,
Apriori andDCI, shaved satisactoryperformanceon sev-
eral sparsedatasetsput took thousandsf seconddo ter
minate on densedatasetsdue to high cost for generat-
ing andtestinga large numberof candidatetemsets. H-
Mine demonstratedimilar performanceavith FP-gravth on
datasefl1014D100k,but it was slower than FP-gravth on
the otherthreesparsedatasets.H-Mine usespseudocon-
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Figure 6. Performance Comparison of FCI Mining Algorithms

structionstratayy, which cannotreducetraversalcostasef-
fective as physical constructionstrateyy. Eclat usesverti-
cal mining techniquesSupportcountingis performedef -
ciently by transactiond list join. But Eclatis not scalewell
with respectto the numberof transactionsn a database.
The runningtime of AFOPTall wasratherstableover all
testeddatasetsandit outperformedtheralgorithms.

6.2 Scalability

We studiedthe scalability of our algorithmby perturb-
ing thelBM syntheticdatageneratoalongtwo dimensions:
the numberof transactionsvasvariedfrom 200k to 1000k
and the averagetransactionlength was varied from 10 to
50. The default valuesof thesetwo parametersvere set
to 1000kand40 respectrely. We comparecbur algorithm
with algorithmDCI. Otheralgorithmstooklongtimeto n-
ish on large datasetssowe excludethemfrom comparison.
Figure5 shavstheresultsvhenvaryingthetwo parameters.

6.3 Mining frequentcloseditemsets

We comparedAFOPTclosewith MAFIA [4] and Apri-
ori algorithms. Both algorithmshave an option to gen-
erateonly closeditemsets. We denotedthesetwo algo-
rithms as Apriori-close and MAFIA-close respectiely in
gures. MAFIA was downloadedfrom its web site. We
comparedwith Apriori-close only on sparsedatasetse-
causeApriori-closerequiresa very long time to terminate
on densedatasets. On several sparsedatasets AFOPF
close and Apriori-close shaved comparableperformance.
Both of themwereordersof magnituddasterthanMAFIA-
close.MAFIA-close usesverticalminingtechniquelt uses
bitmapsto representid lists. AFOPT-closeshaved better
performancentesteddensedatasetslueto its adaptve na-
ture andthe ef cient subsetcheckingtechniqueslescribed
in Section4. On densedatasetsAFOPT-close usestree

structureto storeconditionaldatabasesThe tree structure
hasapparentadwantageson densedatasetdecausemary
transactionsharetheir pre xes.

6.4 Mining maximal frequentitemsets

We comparedAFOPTmax with MAFIA and Apriori
algorithms. The Apriori algorithm also hasan option to
produceonly maximalfrequentitemsets. It is denotedas
“Apriori-max” in gures. Again we only comparewith
it on sparsedatasets. Apriori-max explores the search
spacein breadth- rstorder It nds shortfrequentitem-
sets rst. Maximal frequentitemsetsare generatedn a
post-processinghase. ThereforeApriori-max is infeasi-
ble whenthe numberof frequentitemsetsis large even if
it adoptssomepruningtechniquegduring the mining pro-
cess.AFOPTmaxandMAFIA generatdrequentitemsets
in depth- rstorder Long frequentitemsetsaremined rst.
All the subsetsof a long maximal frequentitemsetscan
be prunedfrom further consideratiorby usingthe super
set pruning and lookaheadtechnique. AFOPTmax uses
treestructureto representlenseconditionaldatabasesrhe
AFOPTtreeintroduceanorepruningcapabilitythantid list
or tid bitmap. For example,if a conditionaldatabasean
be representetby a singlebranchin AFOPTtree,thenthe
singlebranchwill be the only onepossiblemaximalitem-
setin the conditionaldatabase AFOPTmax alsobene ts
from the progressie focusingtechniquefor superseprun-
ing. MAFIA wasvery ef cient on smalldatasetse.gchess
andmushroonmwhenthelengthof bitmapis short.

7 Conclusions

In this paper we revisited the frequentitemsetmining
problemandfocusedon investicating the algorithmic per
formancespaceof the patterngrowth approach.We iden-
tied four dimensionsn which existing patterngrowth al-
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gorithmsdiffer: (1) item searchorder: staticlexicograph-
ical order or ascendingfrequeng order; (2) conditional
databaseepresentationree-basedtructureor array-based
structure; (3) conditional databaseconstructionstratay:
physical constructionor pseudoconstruction;and (4) tree
traversalstrat@y: bottom-upor top-dovn. Existing algo-
rithmsadoptedifferentstratg@ieson thesefour dimensions
in orderto reducethetotal numberof conditionaldatabases
andthemining costof eachindividual conditionaldatabase.
we describedan efcient pattern gronvth algorithm
AFOPTIn thepaper It adaptvely useghreedifferentstruc-
tures: arrays, AFOPTFtreeandbuckets,to representondi-
tional databasesaccordingto the density of a conditional
database. Several parameteravere introducedto control
which structureshould be usedfor a speci ¢ conditional
databaseWe shavedthattheadaptve conditionaldatabase
representatiostratgy requiredessspacehanusingarray-
basedstructureor tree-basedtructuresolely We alsoex-
tendedAFOPT algorithmto mine closedand maximalfre-
guentitemsets,and describedhow to incorporatepruning
techniquesnto AFOPT framawork. Ef cient subsetheck-
ing techniquedor both closedand maximalfrequentitem-
setsminingwerepresentedA setof experimentsverecon-
ductedto shaov the ef ciency of the proposedlgorithms.
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