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Abstract

In this paper, we revisit the frequent itemsetmining
(FIM) problemandfocusonstudyingthepatterngrowthap-
proach. Existingpatterngrowthalgorithmsdiffer in several
dimensions:(1) itemsearch order; (2) conditionaldatabase
representation;(3) conditionaldatabaseconstructionstrat-
egy; and (4) tree traversal strategy. They adopteddiffer-
ent strategieson thesedimensions.Several adaptivealgo-
rithmswere proposedto try to �nd goodstrategiesfor gen-
eral situations. In this paper, we describedthe implemen-
tation techniquesof an adaptivepatterngrowthalgorithm,
called AFOPT, which demonstratedgoodperformanceon
all testeddatasets.We alsoextendedthealgorithmto mine
closedand maximalfrequentitemsets.Comprehensiveex-
perimentswere conductedto demonstrate the ef�ciency of
theproposedalgorithms.

1 Intr oduction
Sincethe frequentitemsetmining problem(FIM) was

�rst addressed[2], a largenumberof FIM algorithmshave
beenproposed.Thereis apressingneedto completelychar-
acterizeandunderstandthealgorithmicperformancespace
of FIM problemsothatwecanchooseandintegratethebest
strategiesto achieve goodperformancein generalcases.

Existing FIM algorithmscanbe classi�ed into two cat-
egories: the candidategenerate-and-testapproachand the
patterngrowth approach.In eachiterationof thecandidate
generate-and-testapproach,pairsof frequentk-itemsetsare
joined to form candidate(k+1)-itemsets,thenthedatabase
is scannedto verify their supports.The resultantfrequent
(k+1)-itemsetswill be used as the input for next itera-
tion. Thedrawbacksof this approachare: (1) it needsscan
databasemultipletimes,in worstcase,equalto themaximal
lengthof thefrequentitemsets;(2) it needsgeneratelots of
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candidateitemsets,many of which areproved to be infre-
quentafterscanningthedatabase;and(3) subsetchecking
is a costoperation,especiallywhenitemsetsarevery long.
Thepatterngrowth approachavoids thecostof generating
andtestinga large numberof candidateitemsetsby grow-
ing a frequentitemsetfrom its pre�x. It constructsa condi-
tional databasefor eachfrequentitemsett suchthatall the
itemsetsthat have t aspre�x canbe minedonly usingthe
conditionaldatabaseof t.

Thebasicoperationsin thepatterngrowth approachare
countingfrequentitemsandnew conditionaldatabasescon-
struction. Therefore,the numberof conditionaldatabases
constructedduringthemining process,andthemining cost
of eachindividual conditionaldatabasehave a directeffect
on theperformanceof a patterngrowth algorithm. Theto-
tal numberof conditionaldatabasesmainly dependson in
whatorderthesearchspaceis explored. Thetraversalcost
andconstructcostof a conditionaldatabasedependson the
size, the representationformat (tree-basedor array-based)
andconstructionstrategy (physicalor pseudo)of thecondi-
tionaldatabase.If theconditionaldatabasesarerepresented
by treestructure,the traversalstrategy of the treestructure
alsomatters. In this paper, we investigatevariousaspects
of thepatterngrowth approach,andtry to �nd out whatare
goodstrategiesfor apatterngrowth algorithm.

The rest of the paperis organizedas follows: Section
2 revisits the FIM problem and introducessomerelated
works;In Section3, wedescribeanef�cient patterngrowth
algorithm—AFOPT; Section4 and Section5 extend the
AFOPT algorithm to mine frequentclosed itemsetsand
maximal frequentitemsetsrespectively; Section6 shows
experimentresults;�nally , Section7 concludesthispaper.

2 ProblemRevisit and RelatedWork
In this section,we �rst brie�y review FIM problemand

the candidategenerate-and-testapproach,then focus on
studyingthe algorithmicperformancespaceof the pattern
growth approach.
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2.1 Problemrevisit
GivenatransactionaldatabaseD, let I bethesetof items

appearingin it. Any combinationof the itemsin I canbe
frequentin D , andthey form thesearchspaceof FIM prob-
lem. Thesearchspacecanberepresentedusingsetenumer-
ationtree[14, 1, 4, 5, 7]. For example,givena setof items
I = f a;b;c;d;eg sortedin lexicographicorder, thesearch
spacecan be representedby a tree as shown in Figure 1.
The root of thesearchspacetreerepresentstheemptyset,
andeachnodeat level l (theroot is at level 0, andits chil-
drenareat level 1, andsoon) representsan l-itemset.The
candidateextensionsof anitemsetp is de�ned asthesetof
itemsafterthelastitemof p. For example,itemsd andeare
candidateextensionsof ac, while bis notacandidateexten-
sionof ac becauseb is beforec. Thefrequentextensionsof
p arethosecandidateextensionsof p thatcanbeappended
to p to form a longerfrequentitemset.In therestof thispa-
per, we will usecand exts(p) andf r eq exts(p) to denote
thesetof candidateextensionsandfrequentextensionsof p
respectively.
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Figure 1. Search space tree

2.2 Candidategenerate­and­testapproach
Frequentitemsetmining canbeviewedasa setcontain-

mentjoin betweenthetransactionaldatabaseandthesearch
spaceof FIM. Thecandidategenerate-and-testapproaches-
sentiallyusesblock nestedloop join, i.e. the searchspace
is the inner relation and it is divided into blocks accord-
ing to itemsetlength. Different from simpleblock nested
loop join, in candidategenerate-and-testapproachtheout-
put of the previous passis usedasseedsto generatenext
block. For example,in the k-th passof the Apriori algo-
rithm, thetransactiondatabaseandthecandidatek-itemsets
arejoinedto generatefrequentk-itemsets.Thefrequentk-
itemsetsare then usedto generatenext block—candidate
(k+1)-itemsets.Given the large amountof memoryavail-
ablenowadays,it is a wasteof memoryto put only a sin-
gle lengthof itemsetsinto memory. It is desirableto fully
utilize availablememoryby puttingsomelongerandpossi-
bly frequentitemsetsinto memoryin earlierstageto reduce
thenumberof databasescans.The�rst FIM algorithmAIS
[2] tries to estimatethe frequenciesof longer itemsetsus-
ing the outputof currentpass,andincludesthoseitemsets

that are estimatedas frequentor themselves are not esti-
matedasfrequentbut all of its subsetsarefrequentor esti-
matedasfrequentinto next block. The problemwith AIS
algorithmis that it doesnot fully utilize thepruningpower
of the Apriori property, thusmany unnecessarycandidate
itemsetsaregeneratedandtested.DIC algorithm[3] makes
improvementsbasedon Apriori algorithm. It startscount-
ing thesupportof anitemsetshortlyafterall thesubsetsof
that itemsetaredeterminedto be frequentratherthanwait
until next pass.However, DIC algorithmcannotguarantee
thefull utilizationof memory. Thecandidategenerate-and-
testapproachfacesa trade-off: ononehand,thememoryis
not fully utilized andit is desirableto put asmany aspos-
siblecandidateitemsetsinto memoryto reducethenumber
of databasescans;on theotherhand,setcontainmenttestis
a costly operation,putting itemsetsinto memoryin earlier
stagehastherisk of countingsupportfor many unnecessary
candidateitemsets.

2.3 Pattern growth approach

The pattern growth approachadopts the divide-and-
conquermethodology. The searchspaceis divided into
disjoint subsearchspaces.For example,the searchspace
shown in Figure1 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 databaseis divided into 5 parti-
tions, and eachpartition is called a conditionaldatabase.
Theconditionaldatabaseof item i , denotedasD i , includes
all thetransactionscontainingitem i . All theitemsbeforei
areeliminatedfrom eachtransaction.All thefrequentitem-
setscontainingi canbe minedfrom D i without accessing
otherinformation.Eachconditionaldatabaseis dividedre-
cursively following thesameprocedure.Thepatterngrowth
approachnot only reducesthe numberof databasescans,
but alsoavoidsthecostlyset-containment-testoperation.

Two basic operationsin patterngrowth approachare
counting frequent items and new conditional databases
construction. Therefore,the total numberof conditional
databasesconstructedandthemining costof eachindivid-
ual conditionaldatabasearekey factorsthataffect theper-
formanceof a patterngrowth algorithm. The total num-
berof conditionaldatabasesmainly dependson in whator-
der the searchspaceis explored. This orderis calleditem
search order in thispaper. Somestructuresfor representing
conditionaldatabasescanalsohelp reducethe total num-
berof conditionaldatabases.For example,if a conditional
databaseis representedby tree-structureandthereis only
onebranch,thenall thefrequentitemsetsin theconditional
databasecanbeenumerateddirectlyfrom thebranch.There
is noneedto constructnew conditionaldatabases.Themin-
ing costof a conditionaldatabasedependson thesize,the
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Datasets Asc Lex Des
#cdb time max mem #cdb time max mem #cdb time max mem

T10I4D100k(0.01%) 53688 4.52s 5199kb 47799 4.89s 5471kb 36725 5.32s 5675kb
T40I10D100k(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-WebView-1 (0.06%) 33186 0.69s 731kb 65378 1.12s 901kb 79571 2.16s 918kb

chess(45%) 312202 2.68s 574kb 617401 8.46s 1079kb 405720 311.19s 2127kb
connect-4(75%) 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

pumsb(70%) 272373 3.87s 383kb 649096 12.22s 570kb 469983 16.62s 1225kb

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

representationandconstructionstrategy of the conditional
database.The traversalstrategy alsomattersif the condi-
tionaldatabaseis representedusinga tree-structure.

Item Search Order. Whenwe divide thesearchspace,
all itemsaresortedin someorder. This orderis calleditem
search order. Thesubsearchspaceof an item containsall
theitemsafter it in itemsearch order but no item beforeit.
Two item searchorderswereproposedin literature: static
lexicographicorderanddynamicascendingfrequency or-
der. Staticlexicographicorderis to orderthe itemslexico-
graphically. It is a �x ed order—all the subsearchspaces
usethesameorder. Treeprojectionalgorithm[15] andH-
Mine algorithm[12] adoptedthis order. Dynamicascend-
ing frequency orderreordersfrequentitemsin every condi-
tionaldatabasein ascendingorderof their frequencies.The
mostinfrequentitemis the�rst item,andall theotheritems
areits candidateextensions.Themostfrequentitem is the
lastitemandit hasnocandidateextensions.FP-growth [6],
AFOPT[9] andmostof maximalfrequentitemsetsmining
algorithms[7, 1, 4, 5] adoptedthisorder.

The numberof conditionaldatabasesconstructedby an
algorithmcandiffer greatlyusingdifferentitem searchor-
ders. Ascendingfrequency orderis capableof minimizing
the numberand/or the size of conditionaldatabasescon-
structedin subsequentmining. Intuitively, an itemsetwith
higher frequency will possiblyhave more frequentexten-
sionsthananitemsetwith lowerfrequency. Weputthemost
infrequentitem in front, thoughthecandidateextensionset
is large,thefrequentextensionsetcannotbeverylarge.The
frequenciesof successive itemsincrease,at the sametime
thesizeof candidateextensionsetdecreases.Thereforewe
only needto build smallerand/orlessconditionaldatabases
in subsequentmining. Table1 shows the total numberof
conditionaldatabasesconstructed(#cdbcolumn),total run-
ningtimeandmaximalmemoryusagewhenthreeordersare
adoptedin the framework of AFOPT algorithmdescribed
in this paper. The threeitem searchorderscomparedare:
dynamicascendingfrequency order(Asc column),lexico-
graphicorder (Lex column) and dynamicdescendingfre-
quency order(Descolumn).Theminimumsupportthresh-
old on eachdatasetis shown in the �rst column. On the

�rst threedatasets,ascendingfrequency orderneedstobuild
moreconditionaldatabasesthan the other two orders,but
its total running time and maximal memoryusageis less
than the other two orders. It implies that the conditional
databasesconstructedusingascendingfrequency orderare
smaller. On the remainingdatasets,ascendingfrequency
orderrequiresto build lessconditionaldatabasesandneeds
lessrunning time andmaximalmemoryusage,especially
ondensedatasetsconnect-4andmushroom.

Agrawal et al proposedan ef�cient support counting
technique,calledbucket counting, to reducethetotal num-
berof conditionaldatabases[1]. Thebasicideais thatif the
numberof itemsin a conditionaldatabaseis smallenough,
we can maintain a counterfor every combinationof the
itemsinsteadof constructingaconditionaldatabasefor each
frequentitem. The bucket countingcan be implemented
very ef�ciently comparedwith conditionaldatabasecon-
structionandtraversaloperation.

Conditional Database Representation. The traver-
sal and constructioncost of a conditionaldatabaseheav-
ily dependson its representation. Different data struc-
tureshavebeenproposedto storeconditionaldatabases,e.g.
tree-basedstructuressuchas FP-tree[6] and AFOPT-tree
[9], andarray-basedstructuresuchasHyper-structure[12].
Tree-basedstructuresarecapableof reducingtraversalcost
becauseduplicatedtransactionscanbemergedanddifferent
transactionscansharethestorageof theirpre�xes.But they
incur high constructioncostespeciallywhenthe datasetis
sparseand large. Array-basedstructuresincur little con-
structioncostbut they needmuchmore traversalcostbe-
causethe traversalcostof differenttransactionscannotbe
shared.It is a trade-off in choosingtree-basedstructuresor
array-basedstructures.In general,tree-basedstructuresare
suitablefor densedatabasesbecausetherecanbelotsof pre-
�x sharingamongtransactions,andarray-basedstructures
aresuitablefor sparsedatabases.

Conditional Database Construction Strategy Con-
structingevery conditionaldatabasephysically canbe ex-
pensive especiallywhen successive conditionaldatabases
do not shrink much. An alternative is to pseudo-construct
them,i.e. usingpointerspointing to transactionsin upper
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Algorithms ItemSearchOrder CondDBFormat CondDBConstruction TreeTraversal
Tree-Projection[15] staticlexicographic array adaptive -

FP-growth [6] dynamicfrequency FP-tree physical bottom-up
H-mine[12] staticlexicographic hyper-structure pseudo -

OP[10] adaptive adaptive adaptive bottom-up
PP-mine[17] staticlexicographic PP-tree pseudo top-down
AFOPT[9] dynamicfrequency adaptive physical top-down

CLOSET+[16] dynamicfrequency FP-tree adaptive adaptive

Table 2. Pattern Growth Algorithms

level conditionaldatabases.However, pseudo-construction
cannotreducetraversalcostaseffectively asphysical con-
struction. The item ascendingfrequency searchordercan
make the subsequentconditionaldatabasesshrink rapidly,
consequentlyit is bene�cial to use physical construction
strategy with itemascendingfrequency ordertogether.

TreeTraversal Strategy The traversalcostof a treeis
minimal using top-down traversalstrategy. FP-growth al-
gorithm [6] usesascendingfrequency orderto explore the
searchspace,while FP-treeis constructedaccordingto de-
scendingfrequency order. HenceFP-treehasto betraversed
usingbottom-upstrategy. As a result,FP-treehasto main-
tain parentlinks andnodelinks at eachnodefor bottom-up
traversal.which increasestheconstructioncostof thetree.
AFOPTalgorithm[9] usesascendingfrequency orderboth
for searchspaceexplorationandpre�x-treeconstruction,so
it canusethetop-down traversalstrategy anddonotneedto
maintainadditionalpointersateachnode.Theadvantageof
FP-treeis thatit canbemorecompactthanAFOPT-treebe-
causedescendingfrequency orderincreasesthepossibility
of pre�x sharing. The ascendingfrequency orderadopted
by AFOPT may lead to many singlebranchesin the tree.
This problemwasalleviatedby usingarraysto storesingle
branchesin AFOPT-tree.

Existing patterngrowth algorithmsmainly differ in the
several dimensionsaforementioned.Table2 lists existing
patterngrowth algorithmsand their strategies on four di-
mensions.AFOPT[9] is anef�cient FIM algorithmdevel-
opedby our group. We will discussits technicaldetailsin
next threesections.

3 Mining All FrequentItemsets
Wediscussedseveraltrade-offs facedbyapatterngrowth

algorithm in last section. Someimplicationsfrom above
discussionsare: (1) Use tree structureon densedatabase
andusearraystructureonsparsedatabase.(2) Usedynamic
ascendingfrequency orderon densedatabasesand/orwhen
minimum supportthresholdis low. It candramaticallyre-
ducethe numberand/orthe size of the successive condi-
tional databases.(3) If dynamicascendingfrequency order
is adopted,thenusephysicalconstructionstrategy because
thesizeof conditionaldatabaseswill shrinkquickly. In this
section,we describeour algorithmAFOPTwhich takesthe

above three implications into consideration. The distinct
featuresof our AFOPTalgorithminclude: (1) It usesthree
differentstructuresto representconditionaldatabases:ar-
raysfor sparseconditionaldatabases,AFOPT-treefor dense
conditional databases,and buckets for counting frequent
itemsetscontainingonly top-k frequentitems,wherek is
a parameterto control the numberof buckets used. Sev-
eralparametersareintroducedto controlwhento usearrays
or AFOPT-tree. (2) It adoptsthe dynamicascendingfre-
quency order. (3) Theconditionaldatabasesareconstructed
physically on all levels no matterwhetherthe conditional
databasesarerepresentedby AFOPT-treeor arrays.

3.1 Framework
Given a transactionaldatabaseD and a minimum

support threshold, AFOPT algorithm scansthe original
databasetwice to mine all frequentitemsets. In the �rst
scan,all frequent items in D are countedand sortedin
ascendingorder of their frequencies,denotedas F =
f i 1; i 2; � � � ; i m g. Weperformanotherdatabasescanto con-
structa conditionaldatabasefor eachi j 2 F , denotedas
D i j . Duringthesecondscan,infrequentitemsin eachtrans-
actiont areremovedandtheremainingitemsaresortedac-
cordingto theirordersin F . Transactiont is put into D i j if
the �rst item of t aftersortingis i j . Theremainingmining
will be performedon conditionaldatabasesonly. Thereis
noneedto accesstheoriginaldatabase.

We �rst performmining on D i 1 to mineall theitemsets
containingi 1. Mining on individual conditionaldatabase
followsthesameprocessasminingontheoriginaldatabase.
After themining on D i 1 is �nished, D i 1 canbediscarded.
BecauseD i 1 alsocontainsother items,the transactionsin
it will beinsertedinto theremainingconditionaldatabases.
Givena transactiont in D i 1 , supposethenext item after i 1

in t is i j , thent will beinsertedinto D i j . Thisstepis called
push-right. Sorting the items in ascendingorder of their
frequenciesensuresthat every time, a small conditional
databaseis pushedright. The pseudo-codeof AFOPT-all
algorithmis shown in Algorithm 1.

3.2 Conditional databaserepresentation
Algorithm 1 is independentof therepresentationof con-

ditional databases.We chooseproperrepresentationsac-

4



Algorithm 1 AFOPT-all Algorithm
Input:

p is a frequentitemset
D p is theconditionaldatabaseof p
min sup is theminimumsupportthreshold;

Description:
1: ScanD p countfrequentitems,F =f i 1 , i 2 ,� � �, i n g;
2: Sortitemsin F in ascendingorderof their frequencies;
3: for all item i 2 F do
4: D

p
S

f i g
= � ;

5: for all transactiont 2 D p do
6: removeinfrequentitemsfrom t, andsortremainingitemsaccording

to theirordersin F ;
7: let i bethe�rst itemof t , insertt into D

p
S

f i g
.

8: for all item i 2 F do
9: Outputs = p

S
f i g;

10: AFOPT-all(s, D s , min sup);
11: PushRight(D s );

T
I
D
 T
r
a
n
s
a
c
t
i
o
n
s


1
 a
,
 
b
,
 
c
,
 
f
,
 
m
,
 
p


2
 a
,
 
d
,
 
e
,
 
f
,
 
g


3
 a
,
 
b
,
 
f
,
 
m
,
 
n


4
 a
,
 
c
,
 
e
,
 
f
,
 
m
,
 
p


5
 d
,
 
f
,
 
n
,
 
p


6
 a
,
 
c
,
 
h
,
 
m
,
 
p


7
 a
,
 
d
,
 
m
,
 
s


(a)D

T
I
D
 T
r
a
n
s
a
c
t
i
o
n
s


1
 c
,
 
p
,
 
f
,
 
m
,
 
a


2
 d
,
 
f
,
 
a


3
 f
,
 
m
,
 
a


4
 c
,
 
p
,
 
f
,
 
m
,
 
a


5
 d
,
 
p
,
 
f


6
 c
,
 
p
,
 
m
,
 
a


7
 d
,
 
m
,
 
a


(b)

4


c
:
3
 d
:
3
 p
:
4
 f
:
5
 m
:
5
 a
:
6


p


f


m


a


4


p


f


m


a


3


f


m


a


2


p


f


2


f


a


2


m


a


m
:
1


a
:
1


h
e
a
d
e
r
 
t
a
b
l
e


(c)

Figure 2. Conditional DB Representation

cordingto thedensityof conditionaldatabases.Threestruc-
turesare used: (1) array, (2) AFOPT-tree, and (3) buck-
ets. As aforementioned,thesethree structuresare suit-
able for different situations. Bucket counting technique
is properandextremelyef�cient whenthe numberof dis-
tinct frequentitems is around10. Treestructureis bene-
�cial when conditionaldatabasesare dense. Array struc-
ture is favorable when conditional databasesare sparse.
We usefour parametersto controlwhento usethesethree
structuresasfollows: (1) frequentitemsetscontainingonly
top-bucket size frequent items are countedusing buck-
ets; (2) if the minimum supportthresholdis greaterthan
tr ee min sup or averagesupportof all frequentitems is
no less than tr ee avg sup, then all the rest conditional
databasesarerepresentedusingAFOPT-tree;otherwise(3)
the conditionaldatabasesof the next tr ee alphabet size
mostfrequentitemsarerepresentedusingAFOPT-tree,and
therestconditionaldatabasesarerepresentedusingarrays.

Figure2 shows a transactionaldatabaseD andthe ini-
tial conditionaldatabasesconstructedwith min sup=40%.
Thereare 6 frequentitems f c:3, d:3, p:4, f :5, m:5,a:6g.
Figure 2(b) shows the projected databaseafter remov-
ing infrequent items and sorting. The values of
the parametersfor conditional databaseconstructionare
set as follows: bucket size=2, tr ee alphabet size=2,
tr ee min sup=50%, tr ee avg sup=60%. The frequent
itemsetscontainingonly m anda arecountedusingbuck-

etsof size4 (=2buck et siz e). The conditionaldatabasesof
f andp are representedby AFOPT-tree. The conditional
databasesof itemcandd arerepresentedusingarrays.From
our experience,the bucket size parametercan choosea
valuearound10. A valuebetween20 and200will besafe
for tr ee alphabet size parameter. We set tr ee min sup
to 5%andtr ee avg sup to 10%in ourexperiments.

Table 3 shows the size, constructiontime (build col-
umn)andpush-righttime if applicable,of the initial struc-
tureconstructedfrom originaldatabaseby AFOPT, H-Mine
and FP-growth algorithms. We set bucket size to 8 and
tr ee alphabet size to 20 for AFOPT algorithm. The ini-
tial structureof AFOPT includesall threestructures.The
arraystructurein AFOPTalgorithmsimply storesall items
in a transaction.Eachnodein hyper-structurestoresthree
piecesof information: an item, a pointer pointing to the
next item in thesametransactionanda pointerpointing to
thesameitem in anothertransaction.Thereforethesizeof
hyper-structureis approximately3 timeslargerthanthear-
ray structureusedin AFOPT. A nodein AFOPT-treemain-
tainsonly a child pointeranda sibling pointer, while a FP-
treenodemaintainstwo morepointersfor bottom-uptraver-
sal: aparentpointerandanodelink. AFOPTconsumesthe
leastamountof spaceonalmostall testeddatasets.

4 Mining FrequentClosedItemsets
Thecompletesetof frequentitemsetscanbevery large.

It hasbeenshown thatit containsmany redundantinforma-
tion [11, 18]. Someworks [11, 18, 13, 16, 8] put efforts
on mining frequentcloseditemsetsto reduceoutput size.
An itemsetis closedif all of its supersetshavea lower sup-
port thanit. Thesetof frequentcloseditemsetsis themin-
imum informative setof frequentitemsets.In this section,
we describehow to extendAlgorithm 1 to mine only fre-
quentcloseditemsets.For moredetails,pleasereferto [8].

4.1 Removing non­closeditemsets
Non-closeditemsetscanberemovedeitherin apostpro-

cessingphase,or duringmining process.Thesecondstrat-
egy canhelp avoid unnecessarymining cost. Non-closed
frequentitemsetsareremoved basedon the following two
lemmas(see[8] for proofof thesetwo lemmas).

Lemma 1 In Algorithm1, anitemsetp is closedif andonly
if twoconditionshold: (1) noexistingfrequentitemsetsis a
supersetof p andis asfrequentasp; (2) all theitemsin D p

havea lowersupportthanp.

Lemma 2 In Algorithm 1, if a frequentitemsetp is not
closedbecausecondition (1) in Lemma1 doesnot hold,
thennoneof theitemsetsminedfromD p canbeclosed.

We checkwhetherthereexists q suchthat p � q and
sup(p)=sup(q) beforemining D p. If suchq exists, then
thereis no needto mine Dp basedon Lemma2 (line 10).
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Datasets AFOPT H-Mine FP-growth
size build pushright Size build pushright size build

T10I4D100k(0.01%) 5116kb 0.55s 0.37s 11838kb 0.68s 0.19s 20403kb 1.83s
T40I10D100k(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-WebView-1 (0.06%) 711kb 0.12s 0.01s 1736kb 0.17s 0.01s 1682kb 0.27s

chess(45%) 563kb 0.04s 0.01s 1150kb 0.05s 0.03s 1339kb 0.12s
connect-4(75%) 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

pumsb(70%) 375kb 0.82s 0.02s 17374kb 1.15s 0.43s 1456kb 2.26s

Table 3. Comparison of Initial Structures

Thustheidenti�cation of anon-closeditemsetsnotonly re-
ducesoutputsize,but alsoavoidsunnecessarymining cost.
Basedon pruningcondition(2) in Lemma1, we cancheck
whetheranitem i 2 F appearsin every transactionof D p.
If suchi exists,thenthereis noneedto considerthefrequent
itemsetsthat do not containi whenmining D p. In other
words,we candirectly performmining on D p

S
f i g instead

of Dp (line 3-4). Theefforts for mining D p
S

f j g, j 6= i are
saved. The pseudo-codefor mining frequentcloseditem-
setsis shown in Algorithm 2.

Algorithm 2 AFOPT-closeAlgorithm
Input:

p is a frequentitemset
D p is theconditionaldatabaseof p
min sup is theminimumsupportthreshold;

Description:
1: ScanD p countfrequentitems,F =f i 1 , i 2 ,� � �, i n g;
2: Sortitemsin F in ascendingorderof their frequencies;
3: I = f i ji 2 F and suppor t (p

S
f i g) = suppor t (p)g;

4: F = F � I ; p = p
S

I ;
5: for all transactiont 2 D p do
6: removeinfrequentitemsfrom t, andsortremainingitemsaccording

to theirordersin F ;
7: let i bethe�rst itemof t , insertt into D

p
S

f i g
.

8: for all item i 2 F do
9: s = p

S
f i g;

10: if s is closedthen
11: Outputs;
12: AFOPT-close(s, D s , min sup);
13: PushRight(D s );
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Figure 3. CFP­tree and Two­layer Hash Map

4.2 Closeditemsetchecking
Duringtheminingprocess,westoreall existingfrequent

closeditemsetsin a treestructure,calledCondensedFre-
quentPatterntree or CFP-treefor short [8]. We usethe

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

EachCFP-treenodeis a variable-lengtharray, and all
theitemsin thesamenodearesortedin ascendingorderof
their frequencies.A pathin the treestartingfrom anentry
in the root noderepresentsa frequentitemset. The CFP-
treehastwo properties:the left containmentpropertyand
theApriori property. TheApriori Propertyis that thesup-
port of any child of a CFP-treeentrycannotbegreaterthan
thesupportof thatentry. TheLeft ContainmentPropertyis
that the item of anentryE canonly appearin thesubtrees
pointedby entriesbeforeE or in E itself. Thesupersetof
anitemsetp with supports canbeef�ciently searchedin the
CFP-treebasedon thesetwo properties.Theapriori prop-
erty canbe exploited to prunesubtreespointedby entries
with supportlessthans. Theleft containmentpropertycan
be utilized to prunesubtreesthat do not containall items
in p. We alsomaintaina hash-bitmapin eachentryto indi-
catewhetheranitem appearsin thesubtreepointedby that
entry to further reducesearchingcost. Thesupersetsearch
algorithmis shown in Algorithm 3. BinarySearch(cnode,
s) returnsthe�rst entryin aCFP-treenodewith supportno
lessthans. Algorithm 3 do not requirethewholeCFP-tree
to be in main memorybecauseit is alsovery ef�cient on
disk. Moreover, theCFP-treestructureis a compactrepre-
sentationof thefrequentcloseditemsets,so it hasa higher
chanceto 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[16] for
subsetchecking,we use a two-layer hashmap to check
whether an itemset is closed before searchingin CFP-
tree. The two-layer hashmap is shown in Figure 3(c).
We maintain a hashmap for eachitem. The hashmap
of item i is denotedby i:hashmap. The length of the
hash map of an item i is set to minf sup(i )-min sup,
max hashmap leng, wheremax hashmap len is a pa-
rameterto control the maximalsizeof the hashmapsand
min sup=minf sup(i )ji is f r equentg. Given an itemset
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Algorithm 3 SearchSupersetAlgorithm
Input:

l is a frequentitemset
cnode theCFP+-treenodepointedby l
s is theminimumsupportthreshold
I is asetof itemsto becontainedin thesuperset

Description:
1: if I = � then
2: return true;
3: �E = the�rst entryof cnode suchthat �E :item 2 I ;
4: E 0 = BinarySearch(cnode, s);
5: for all entryE 2 cnode, E betweenE 0 and �E do
6: l0=l

S
f E :item g;

7: if E :chil d 6= NULL AND all items in I � f E :item g are in
E :subtr ee then

8: found= SearchSuperset(l0, E :chil d, s, I � f E :item g);
9: if foundthen

10: return true;
11: elseif I � f E :item g = � then
12: return true;
13: return false;

p = f i 1; i 2; � � � ; i l g, p is mappedto i j :hashmap[(sup(p) �
min sup)%max hashmap len], j = 1; 2; � � � ; l . An en-
try in a hashmaprecordsthe maximallengthof the item-
setsmappedto 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) shows thestatusof the two-
layer hashmapbeforemining D f . An itemsetp mustbe
closedif any of theentryit mappedtocontainsalowervalue
thanits length. In suchcasesthereis no needto searchin
CFP-tree.The hashmapof an item i canbe releasedaf-
ter all thefrequentitemsetscontainingi areminedbecause
they will not be usedin later mining. For example,when
miningD f , thehashmapof itemsc, d andp canbedeleted.

5 Mining Maximal FrequentItemsets
The problemof mining maximal frequentitemsetscan

beviewedasgivenaminimumsupportthresholdmin sup,
�nding a borderthroughthesearchspacetreesuchthatall
thenodesbelow theborderareinfrequentandall thenodes
above the borderare frequent. The goal of maximal fre-
quentitemsetsmining is to �nd theborderby countingsup-
port for aslessaspossibleitemsets.Existingmaximalalgo-
rithms[19, 7, 1, 4, 5] adoptedvariouspruningtechniquesto
reducethesearchspaceto beexplored.

5.1 Pruning techniques

Themosteffectivetechniquesarebasedonthefollowing
two lemmasto pruneawholebranchfrom searchspacetree.

Lemma 3 Givena frequentitemsetp, if p
S

cand exts(p)
is frequentbut notmaximal,thennoneof thefrequentitem-
setsminedfromDp andfromp's right sibling'sconditional
databasescanbemaximalbecauseall of themare subsets
of p

S
cand exts(p).

Lemma 4 Givena frequentitemsetp, if p
S

f r eq exts(p)
is frequentbut notmaximal,thennoneof thefrequentitem-
setsminedfromDp canbemaximalbecauseall of themare
subsetsof p

S
f r eq exts(p).

Basedon Lemma 3, before mining D p, we can �rst
checkwhetherp

S
cand exts(p) is frequentbut not max-

imal. Thiscanbedoneby two techniques.
SupersetPruning Technique: It is to checkwhether

thereexistssomemaximalfrequentitemsetsuchthatit is a
supersetof p

S
cand exts(p). Like frequentcloseditemset

mining,subsetcheckingcanbechallengingwhenthenum-
berof maximalitemsetsis large. We will discussthis issue
in next subsection.

Lookahead Technique: It is to check whether
p

S
cand exts(p) is frequentwhencountfrequentitemsin

Dp. If Dp is representedby AFOPT-tree,thelookaheadop-
erationcanbeaccomplishedby simply looking at the left-
most branchof AFOPT-tree. If p

S
cand exts(p) is fre-

quent, then the length of the left-most branchis equalto
jcand exts(p)j, andthesupportof theleafnodeof theleft-
mostbranchis no lessthanmin sup.

If the supersetpruning techniqueand lookaheadtech-
nique fail, then basedon Lemma4 we can usesuperset
pruning techniqueto checkwhetherp

S
f r eq exts(p) is

frequentbutnotmaximal.Twoothertechniquesareadopted
in ouralgorithm.

Excluding itemsappearingin every transaction of D p

fr om subsequentmining: Like frequentcloseditemset
mining,if anitemi appearsin everytransactionof D p, then
a frequentitemsetq mined from D p andnot containingi
cannotbemaximalbecauseq

S
f ig is frequent.

SinglePath Trimming : If Dp is representedby AFOPT-
treeandit hasonly onechild i , thenwe canappendi to p
andremove it from subsequentmining.

5.2 Subsetchecking
When do supersetprunning, to check against all fre-

quent maximal itemsetscan be costly when the number
of maximal itemsetsis large. Zaki et. al proposeda pro-
gressive focusingtechniquefor subsetchecking[5]. The
observation behind the progressive focusing techniqueis
that only the maximal frequentitemsetscontainingp can
be a supersetof p

S
cand exts(p) or p

S
f r eq exts(p).

Thesetof maximalfrequentitemsetscontainingp is called
the local maximal frequentitemsetswith respectto p, de-
notedasLMFIp. Whencheckwhetherp

S
cand exts(p)

or p
S

f r eq exts(p) is a subsetof someexisting maxi-
mal frequentitemsets,we only needto checkthemagainst
LMFIp. The frequentitemsetsin LMFI p caneithercome
from p's parent's LMFI, or from p's left-siblings' LMFI.
Theconstructionof LMFIs is very similar to theconstruc-
tion of conditionaldatabases.Theconstructionconsistsof
two steps:(1) projecting:afterall frequentitemsF in D p
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Figure 4. Performance Comparison of FI Mining Algorithms

DataSets Size #Trans#ItemsMaxTL AvgTL
T10I4D100k(0.01%) 3.93M 100000 870 30 10.10
T40I10D100k(0.5%) 15.12M 100000 942 78 39.61
BMS-POS(0.05%) 11.62MB515597 1657 165 6.53

BMS-WebView-1 (0.06%) 1.28M 59601 497 267 2.51
chess(45%) 0.34M 3196 75 37 37.00

connect-4(75%) 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

arecounted,8s 2LMFI p, s is put into LMFIp
S

f i g, where
i is the �rst item in F appearsin s; (2) push-right: after
all the maximal frequentitemsetscontainingp aremined,
8s 2LMFIp, s is put into LMFIq if q is the �rst right sib-
ling of p containingan item in s. In our implementation,
we usepseudoprojectiontechniqueto generateLMFIs, i.e.
LMFIp is acollectionof pointerspointingto thosemaximal
itemsetscontainingp.

6 Experimental results
In this section,we comparethe performanceof our al-

gorithmswith otherFIM algorithms. All the experiments
wereconductedon a 1GhzPentiumIII with 256MB mem-
ory runningMandrake Linux.

Table 4 shows somestatistical information about the
datasetsusedfor performancestudy. All thedatasetswere
downloadedfrom FIMI'03 workshopweb site. The �fth
and sixth columnsare maximal and averagetransaction
length. Thesestatisticsprovide someroughdescriptionof
thedensityof thedatasets.

6.1 Mining all fr equentitemsets
We comparedthe ef�ciency of AFOPT-all algorithm

with Apriori, DCI, FP-growth, H-Mine and Eclat algo-
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Figure 5. Scalability Stud y

rithms. The Apriori andEclat algorithmswe usedareim-
plementedby ChristianBorgelt. DCI wasdownloadedfrom
its web site. We obtainedthe sourcecodeof FP-growth
from its authors. H-Mine was implementedby ourselves.
We ranH-Mine only on severalsparsedatasetssinceit was
designedfor sparsedatasetsandit changesto useFP-tree
on densedatasets.Figure4 shows the runningtime of all
algorithmsover datasetsshown in Table4. Whenthemin-
imum supportthresholdis very low, an intolerablenumber
of frequentitemsetscanbe generated.So whenminimum
supportthresholdreachedsomevery low value,we turned
off the output. This minimum supportvalueis calledout-
put thr eshold, andthey areshown on topof each�gure.

With high minimum supportthreshold,all algorithms
showed comparableperformance. When minimum sup-
port thresholdwas lowered, the gapsbetweenalgorithms
increased.Thetwo candidategenerate-and-testapproaches,
Apriori andDCI, showedsatisfactoryperformanceon sev-
eral sparsedatasets,but took thousandsof secondsto ter-
minate on densedatasetsdue to high cost for generat-
ing and testinga large numberof candidateitemsets. H-
Mine demonstratedsimilarperformancewith FP-growth on
datasetT10I4D100k,but it wasslower thanFP-growth on
the other threesparsedatasets.H-Mine usespseudocon-
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Figure 6. Performance Comparison of FCI Mining Algorithms

structionstrategy, which cannotreducetraversalcostasef-
fective asphysical constructionstrategy. Eclat usesverti-
cal mining techniques.Supportcountingis performedef�-
cientlyby transactionid list join. But Eclatis notscalewell
with respectto the numberof transactionsin a database.
The runningtime of AFOPT-all wasratherstableover all
testeddatasets,andit outperformedotheralgorithms.

6.2 Scalability
We studiedthe scalabilityof our algorithmby perturb-

ing theIBM syntheticdatageneratoralongtwo dimensions:
thenumberof transactionswasvariedfrom 200kto 1000k
and the averagetransactionlength was varied from 10 to
50. The default valuesof thesetwo parameterswere set
to 1000kand40 respectively. We comparedour algorithm
with algorithmDCI. Otheralgorithmstooklongtimeto �n-
ishon largedatasets,soweexcludethemfrom comparison.
Figure5showstheresultswhenvaryingthetwoparameters.

6.3 Mining fr equentcloseditemsets
We comparedAFOPT-closewith MAFIA [4] andApri-

ori algorithms. Both algorithmshave an option to gen-
erateonly closeditemsets. We denotedthesetwo algo-
rithms as Apriori-close and MAFIA-close respectively in
�gures. MAFIA was downloadedfrom its web site. We
comparedwith Apriori-close only on sparsedatasetsbe-
causeApriori-closerequiresa very long time to terminate
on densedatasets. On several sparsedatasets,AFOPT-
closeand Apriori-close showed comparableperformance.
Bothof themwereordersof magnitudefasterthanMAFIA-
close.MAFIA-closeusesverticalmining technique.It uses
bitmapsto representtid lists. AFOPT-closeshowed better
performanceontesteddensedatasetsdueto its adaptivena-
tureandtheef�cient subsetcheckingtechniquesdescribed
in Section4. On densedatasets,AFOPT-closeusestree

structureto storeconditionaldatabases.The treestructure
hasapparentadvantageson densedatasetsbecausemany
transactionssharetheir pre�xes.

6.4 Mining maximal fr equentitemsets
We comparedAFOPT-max with MAFIA and Apriori

algorithms. The Apriori algorithm also hasan option to
produceonly maximal frequentitemsets. It is denotedas
“Apriori-max” in �gures. Again we only comparewith
it on sparsedatasets. Apriori-max explores the search
spacein breadth-�rst order. It �nds short frequentitem-
sets�rst. Maximal frequentitemsetsare generatedin a
post-processingphase. ThereforeApriori-max is infeasi-
ble whenthe numberof frequentitemsetsis large even if
it adoptssomepruningtechniquesduring the mining pro-
cess.AFOPT-maxandMAFIA generatefrequentitemsets
in depth-�rst order. Long frequentitemsetsaremined�rst.
All the subsetsof a long maximal frequentitemsetscan
be prunedfrom further considerationby using the super-
set pruning and lookaheadtechnique. AFOPT-max uses
treestructureto representdenseconditionaldatabases.The
AFOPT-treeintroducesmorepruningcapabilitythantid list
or tid bitmap. For example,if a conditionaldatabasecan
berepresentedby a singlebranchin AFOPT-tree,thenthe
singlebranchwill be theonly onepossiblemaximalitem-
set in the conditionaldatabase.AFOPT-max alsobene�ts
from theprogressive focusingtechniquefor supersetprun-
ing. MAFIA wasvery ef�cient on smalldatasets,e.gchess
andmushroomwhenthelengthof bitmapis short.

7 Conclusions
In this paper, we revisited the frequentitemsetmining

problemandfocusedon investigating the algorithmicper-
formancespaceof the patterngrowth approach.We iden-
ti�ed four dimensionsin which existing patterngrowth al-
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Figure 7. Performance Comparison of MFI Mining Algorithms

gorithmsdiffer: (1) item searchorder: static lexicograph-
ical order or ascendingfrequency order; (2) conditional
databaserepresentation:tree-basedstructureor array-based
structure; (3) conditional databaseconstructionstrategy:
physical constructionor pseudoconstruction;and(4) tree
traversalstrategy: bottom-upor top-down. Existing algo-
rithmsadopteddifferentstrategiesonthesefour dimensions
in orderto reducethetotalnumberof conditionaldatabases
andtheminingcostof eachindividualconditionaldatabase.

we describedan ef�cient pattern growth algorithm
AFOPTin thepaper. It adaptively usesthreedifferentstruc-
tures:arrays,AFOPT-treeandbuckets,to representcondi-
tional databasesaccordingto the densityof a conditional
database.Several parameterswere introducedto control
which structureshouldbe usedfor a speci�c conditional
database.Weshowedthattheadaptiveconditionaldatabase
representationstrategy requireslessspacethanusingarray-
basedstructureor tree-basedstructuresolely. We alsoex-
tendedAFOPTalgorithmto mineclosedandmaximalfre-
quentitemsets,anddescribedhow to incorporatepruning
techniquesinto AFOPTframework. Ef�cient subsetcheck-
ing techniquesfor bothclosedandmaximalfrequentitem-
setsminingwerepresented.A setof experimentswerecon-
ductedto show theef�ciency of theproposedalgorithms.
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