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ABSTRACT
The COFI approachfor mining frequentitemsets,introducedre-
cently, is an efficient algorithmthat wasdemonstratedto outper-
form state-of-the-artalgorithmson syntheticdata. For instance,
COFI is not only oneorderof magnitudefasterandrequiressig-
nificantly lessmemorythanthepopularFP-Growth, it is alsovery
effective with extremelylargedatasets,betterthanany reportedal-
gorithm. However, COFI hasa significantdrawback when min-
ing densetransactionaldatabaseswhich is thecasewith somereal
datasets.Thealgorithmperformspoorly in thesecasesbecauseit
endsup generatingtoo many local candidatesthat aredoomedto
beinfrequent.In thispaper, wepresentanew algorithmCOFI* for
mining frequentitemsets.This novel algorithmusesthesamedata
structureCOFI-treeasits predecessor, but partitionsthepatternsin
suchawayto avoid thedrawbacksof COFI.Moreover, itsapproach
usesapseudo-Oracleto pinpointthemaximalitemsets,from which
all frequentitemsetsarederivedandcounted,avoiding thegenera-
tion of candidatesfatedinfrequent.Our implementationtestedon
real andsyntheticdatashows that COFI* algorithm outperforms
state-of-the-artalgorithms,amongthemCOFI itself.

1. INTRODUCTION
Recentdayshavewitnessedanexplosive growth in generatingdata
in all fieldsof science,business,medicine,military, etc. Thesame
rateof growth in the processingpower of evaluatingandanalyz-
ing the datadid not follow this massive growth. Due to this phe-
nomenon,a tremendousvolumeof datais still keptwithout being
studied. Datamining, a researchfield that tries to easethis prob-
lem, proposessomesolutionsfor the extractionof significantand
potentiallyusefulpatternsfrom theselargecollectionsof data.One
of thecanonicaltasksin datamining is thediscoveryof association
rules.Discoveringassociationrules,consideredasoneof themost
importanttasks,hasbeenthefocusof many studiesin thelast few
years. Many solutionshave beenproposedusinga sequentialor
parallelparadigm.However, theexisting algorithmsdependheav-
ily on massive computationthat might causehigh dependency on
thememorysizeor repeatedI/O scansfor thedatasets.Associa-
tion rule mining algorithmscurrentlyproposedin theliteratureare
not sufficient for extremely large datasetsandnew solutions,that
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especiallyarelessreliantonmemorysize,still have to befound.

1.1 Problem Statement
Theproblemof mining associationrulesover market basket anal-
ysis wasintroducedin [1]. The problemconsistsof finding asso-
ciationsbetweenitemsor itemsetsin transactionaldata. Thedata
couldberetail salesin theform of customertransactions,text doc-
uments,or images.Associationruleshave beenshown to beuse-
ful for otherapplicationssuchasrecommendersystems,diagnosis,
decisionsupport,telecommunication,andevensupervisedclassifi-
cation.Formally, asdefinedin [2], theproblemis statedasfollows:
Let
���������
	����	������ �����

be a setof literals, called itemsand � is
consideredthe dimensionalityof the problem. Let � be a setof
transactions,whereeachtransaction� is a setof itemssuchthat��� � . A uniqueidentifier TID is given to eachtransaction.A
transaction� is saidto contain� , a setof itemsin

�
, if ����� .

An association rule is animplicationof theform “ ��� � ”, where��� � , �!� � , and�#"$� �&% . An itemset� is saidtobefrequent
if its support ' is greaterthanor equalto agivenminimumsupport
threshold( . Discovering associationrules, however, is nothing
morethanan applicationfor frequentitemsetmining, like induc-
tivedatabases[13], queryexpansion[14], documentclustering[4],
etc.Whatis relevanthereis theefficient countingof somespecific
itemsets.

1.2 Relatedwork
Mining for frequentitemsetsis a canonicaltask,fundamentalfor
many data mining applicationsand is an intrinsic part of many
otherdatamining tasks. Mining for frequentitemsetsis the ma-
jor initial phasefor discoveringassociationrules.Associative clas-
sifiers rely on frequentitemsets. Thesefrequentpatternarealso
usedin someclusteringalgorithms.Findingfrequentitemsis also
an inherentpart of many dataanalysisprocesses.Many frequent
itemsetmining algorithmshave beenreportedin thelastdecadein
the literature. Themostimportant,andat thebasisof many other
approaches,is Apriori [1]. Thepropertythatis at theheartof Apri-
ori andformsthefoundationof mostalgorithmssimply statesthat
for an itemsetto be frequentall its subsetshave to be frequent.
This monotonepropertyreducesthecandidateitemsetspacedras-
tically. However, thegenerationof candidatesets,especiallywhen
very long frequentpatternsexist, is still very expensive. More-
over, Apriori is heavily I/O bound. Anotherapproachthat avoids
generatingandtestingitemsetsis FP-Growth [11]. FP-Growth gen-
erates,afteronly two I/O scans,a compactprefix treerepresenting
all sub-transactionswith only frequentitems.A clever andelegant
recursivemethodminesthetreeby creatingprojectionscalledcon-
ditional treesanddiscoverspatternsof all lengthswithout directly
generatingcandidatesthe way Apriori does. However, the recur-



sive methodto mine theFP-treerequiressignificantmemory, and
large databasesquickly blow out the memorystack. Another in-
novative approachis COFI [7]. COFI in many casesis shown to
be fasterthanFP-Growth andrequiressignificantlylessmemory.
The ideaof COFI, which we adoptin this paper, is to build pro-
jectionsfrom the FP-treeeachcorrespondingto sub-transactions
of itemsco-occurringwith a given frequentitem. Thesetreesare
built andefficiently mined oneat a time making the footprint in
memorysignificantlysmall. The COFI algorithmgeneratescan-
didatesusinga top-down approach,whereits performanceshows
to beseverelyaffectedwhile mining databasesthathaspotentially
longcandidatepatternsthatturnsto benot frequent,asCOFIneeds
to generatecandidatesub-patternsfor all its candidatespatterns.
We build uponthe COFI approachto find the setof frequentpat-
ternsbut after avoiding generatinguselesscandidates,aswe shall
seeherein.

Thebasicideaof our new algorithmis simpleandis basedon the
notionof maximalfrequentpatterns.A frequentitemset� is said
to bemaximalif thereis no frequentitemset�*) suchthat ���+�,)
[3, 5]. Frequentmaximalpatternsarearelatively smallsubsetof all
frequentitemsets.In otherwords,eachmaximalfrequentitemset
is asupersetof somefrequentitemsets.Let usassumethatwehave
anOraclethatknows all themaximalfrequentitemsetsin a trans-
actionaldatabase.Deriving all frequentitemsetsbecomestrivial.
All thereis to do is countingthem,andthereis noneedto generate
candidatesthataredoomedinfrequent.Theoracleobviously does
not exist, but we proposea pseudo-oraclethatdiscoversthis maxi-
mal patternsusingtheCOFI-treesandwe derive all itemsetsfrom
them. We arguethat this processis moreefficient, in mostcases,
thanfocusingsolely anddirectly on the discovery of all frequent
itemsets.

1.3 Contributions
In this paperwe proposea new efficient algorithmfor finding fre-
quentpatternscalledCOFI* basedon COFI-treesproposedin [6,
7] andFP-Treespresentedin [11]. This algorithm generatesthe
frequentpatternsby finding efficiently the set of local maximals
for eachCOFI-tree.Basedon thesemaximalswegenerateall their
subsetsthatareindeedfrequent.Countingthesupportfor eachof
thesefrequentpatternis the last major stepin this approach.The
maindifferencesbetweenour new approachCOFI* andCOFI are
thefollowings: (1) COFI* usesa novel techniqueto generatecan-
didatesandcount their supports.(2) COFI* proposesa new data
structureto partition the itemsetshelpingthehandlingof patterns
of arbitrarylength. (3) COFI* findsthesetof all frequentpatterns
by first finding thesetof maximalpatternsusinga novel traversal
approach,and then generatefrom this set the set of all frequent
patterns.(4) COFI usesa depth-firststrategy, while COFI* usesa
leap-traversalapproachintroducedin thispaper.

Therestof this paperis organizedasfollows: Section2 depictsin
generalwhatareanFP-TreeandCOFI-trees.To putour algorithm
in the context, we describesthe existing traversalapproachesand
thenexplain our new leap-traversalapproachusedby our pseudo-
oraclein Section3. The completeCOFI* algorithmis explained
in Section4 with illustrative examples.Section5 depictstheper-
formanceevaluationof COFI* comparingit with existing state-of-
the-artalgorithmson denseandsparsedata.

2. FP-TREE AND COFI-TREES
Thewell-known FP-Tree[11] data-structureis a prefix treestruc-
ture.Thedatastructurepresentsthecompletesetof frequentitem-

setsin acompressedfashion.Theconstructionof FP-Treerequires
two full I/O scans.Thefirst scangeneratesthefrequent1-itemsets.
In thesecondscan,non-frequentitemsarestrippedoff thetransac-
tionsandthesub-transactionswith frequentonesareorderedbased
on their support. Thesesortedsub-transactionsform the pathsof
thetree.Sub-transactionsthatsharethesameprefixsharethesame
portion of thepathstartingfrom the root. TheFP-Treehasalsoa
headertablecontainingfrequentitems.This tableholdstheheader
link for eachitem in theFP-Tree,andconnectsnodesof thesame
item to facilitatethe item traversalduringthemining process.We
invite thereaderto see[11] for moredetails.

A COFI-tree[7] is a projectionof eachfrequentitem in the FP-
tree. EachCOFI-treefor a given frequentitem presentsthe co-
occurrenceof this item with other frequentitemsthat have more
supportthan it. In other words, if we have 4 frequentitems A,
B, C, D whereA hasthesmallestsupport,andD hasthehighest,
thentheCOFI-treefor A presentsco-occurrenceof itemA with re-
spectto B, C andD, the COFI-treefor B presentsitem B with C
andD. COFI-treefor C presentsitemC with D. Finally, theCOFI-
tree for D is a root nodetree. Eachnode in the COFI-treehas
two main variables,which are support and participation that are
usedin themining step.Basically, thesupportrepresentsthelocal
supportof a node,while participationrepresents,at a given time
in the mining process,the numberof times the nodehaspartici-
patedin alreadycountedpatterns. In comparisonwith our COFI
treestructurepresentedin [7], our new datastructurewe usehere
is improved by keepingonly the nodesrepresentinglocally fre-
quentitemswith respectto the root of the tree. This not only re-
ducesspacebut facilitatesthemininglater. Basedonthedifference
betweenthe two variables,participation andsupport, specialpat-
ternscalled frequent-path-bases aregenerated.Thesearesimply
thepathsfrom a givennode- , with participationsmallerthansup-
port, up to the root, i.e. nodesthatdid not fully participateyet in
frequentpatterns.

TheCOFI-treehasalsoa headertablethatcontainsall locally fre-
quentitemswith respectto the root item of the COFI-tree. Each
entry in this tableholdsthelocal support,anda link to connectits
item with its first occurrencesin theCOFI-tree.A link list is also
maintainedbetweennodesthathold thesameitem to facilitatethe
mining procedure.

3. TRAVERSAL APPROACHES AND CAN-
DIDATE GENERATION

Currentalgorithmsgeneratecandidatefrequentpatternsby using
oneof the two methods,namely: breadth-searchor depth-search.
Breadthsearchcanbeviewedasa bottom-upapproachwherethe
algorithmsvisit patternsof size .0/21 after finishing the . sized
patterns.The depthsearchapproachdoesthe oppositewherethe
algorithmstartsby visiting patternsof size . beforevisiting those
of size .4351 . Both methodsshow someefficiency while mining
somedatabases.On theotherhand,they show weaknessesor inef-
ficiency in many othercases.To understandthisfully, wewill try to
focuson themainadvantagesanddrawbacksof eachoneof these
methodsin orderto find a way to make useof thebestof bothof
them,andto diminishasmuchaspossibletheir drawbacks.As an
example,assumewehaveatransactionaldatabasethatis madeof a
largenumberof frequent1-itemsetsthathasmaximalpatternswith
relatively small lengths. The treesbuilt from sucha databaseare
usuallydeepas they have a large numberof frequent1-itemsets.
Traversingin depth-searchmannerwould provide us with poten-
tial long patternsthat end-upnon-frequentones. In suchcases,



the depth-searchmethodis not favored. However, if the longest
frequent6 patternsgeneratedarerelatively long with respectto the
depthof thetree,thenthedepthsearchstrategy is favoredasmost
of thepotentiallong patternsthat couldbe found early tendto be
frequent. On the otherhand,mining transactionaldatabasesthat
reveal long frequentpatternsis not favored usingbreadthsearch
manner, assuchalgorithmsconsumemany passesto reachthelong
patterns.Suchalgorithmsgeneratemany candidatefrequentpat-
ternsat level . that would be omittedoncethey are found to be
not frequent. Thesegenerationstepsbecomea bottleneckwhile
mining transactionaldatabasesof long frequentpatternsusingthe
breadth-searchmethods.Thefollowing exampledemonstrateshow
both approacheswork. If we want to mine projectedtransactions
in Figure1.A with supportgreaterthan4, then the threelongest
frequentpatternsthat canbe generatedare(ABCDE:6) of size5,
(AFGHI:5) alsoof size5 and(AJKL:5) of size4. Thenumberaf-
ter the patternrepresentsits support. All sub-patternsfrom these
threepatternsare indeedfrequent,but we do not mention them
herefor the sake of space. Discovering thesepatternsusing the
top-down approach(depthsearch)requiresmining a treeof depth
9. Although noneof the candidatepatternsof size9 to 6 arefre-
quent,we still needto generateand test them. This generation
processcontinuesuntil we reachthefirst long frequentpatternsof
size5: (ABCDE:6) and(AFGHI:5). Many pruningtechniquescan
thenbeappliedto reducetheremainingsearchspace.Fromthese
patternswe will generateall sub-patternsthat are frequent. The
bottom-upapproachneedsto createall patternsfrom sizes2 to 6
at which point it candetectthat thereareno more local frequent
patternsto discover. All non-frequentpatternsof sizes2 to 6 would
be removed. We proposea combinationof theseapproachesthat
takesinto accountapartitioningof thesearchspacèa la COFI-tree.
We call this methodtheleap-traversalapproachsinceit selectively
jumpswithin thelattice.

3.1 Leap-traversal approach
To find themaximalpatterns,weintroduceanew leap-traversalap-
proachthat looksaheadat thenatureof thetransactionaldatabase,
and recommendsa set of candidatepatternsfrom different sizes
to test where the local maximal patternsare subsetof this rec-
ommendedset. From theselocal maximalswe can generatethe
setof all frequentpatterns. Steponeof this approachis to look
at the natureof the distribution of frequentitems in the transac-
tional database.If we revisit the examplepresentedabove from
Figure1.A, we canseethat thereareonly 4 distributionsof fre-
quentitems. Indeed,

�
A, B, C, D, E, F, G, H, I

�
occurs3 times;�

A, B, C, D, E, J, K, L
�

occursalso3 times;
�
A, F, G, H, I

�
oc-

curstwice; and
�
A, J,K, L

�
alsooccurstwice. Thesedistributions

areindeedsimilarto thefrequent-path-bases generatedfrom COFI-
treesin theprevioussection.Step2 of this processintersectseach
oneof thesepatternswith all otherfrequent-path-bases to geta set
of potentialcandidates.Step3 countsthesupportof eachoneof the
generatedpatterns.Thesupportof eachoneof themis thesumma-
tion of supportsof all its supersetof frequent-path-bases patterns.
Step4 scansthesepatternsto removenon-frequentonesor frequent
onesthatalreadyhave a frequentsuperset.Theremainingpatterns
canbedeclaredaslocalmaximalpatterns.Figure1.B illustratesthe
stepsneededto generatethelocalmaximalpatternsof ourexample
from Figure1.A.

The main questionin this approachwould be “can we efficiently
find the frequent-path-bases? Theansweris yes,by usingtheFP-
tree [11] structureto compressthe databaseand to avoid multi-
ple scansof thedatabaseasonly two full I/O scansareneededto
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Figure1: (A): Projectedtransactional databasewith respectto
item A.
(B): Steps needed to generate maximal patterns using the
leap-traversalapproach( 8 indicatesa discovered maximal pattern.
Barred entries are the eliminated candidates)

createthis data-structure.COFI-trees[7] which partition thesub-
transactionsaswe wish to do, areusedto generatethe frequent-
path-bases asillustratein thenext section.

4. COFI* ALGORITHM
We will explain the COFI* algorithm by a running example. A
simplifiedpseudo-codecanbefoundin Figure4. Thetransactional
databasein Figure2.A needsto beminedusingsupport greaterthan
or equalto 3. The first stepis to build the FP-treedata-structure
in Figure2.B. This FP-treedatastructurerevealsthat we have 8
frequent1-itemsets,which are(A: 10, B:, 8, C:7, D: 7, E:7, F:6,
G:5, H:3). COFI-treesare built after that one at a time starting
from theCOFI-treeof thefrequentitemwith lowestsupport, which
is H. This COFI-treegeneratesthe first frequentpatternHA: 3.
After thatG-COFI-tree,in Figure2.C, is built andit generatesall
frequentpatternswith respectto item G, a detailedexplanationof
the stepsin generatingthesefrequentpatternsaredescribedlater
in this section.TheremainingCOFI treesarebuilt independently.
Eachoneof themgeneratesits correspondingfrequentpatterns.

4.1 Mining a COFI-tr ee
Mining COFI treesstartsby finding the frequent-path-bases. As
an example,we will mine the G-COFI-treein Figure2.C for all
frequentpatterns.We start from the mostglobally frequentitem,
which is A, and then traverseall the A nodes. If the support is
greaterthanparticipation thenthecompletepathfrom this nodeto
theCOFI-rootis built with branch-support equalsto thedifference
betweenthe support andparticipation of thatnode. All valuesof
participation for all nodesin thesepathsareupdatedwith thepar-
ticipation of the original nodeA. Frequent-path-bases (A, B, C,
D: 2), (A, B, C, E: 1), (A, D, E: 1), and (A, B, C, D, E: 1) are
generatedfrom this tree.Fromthesebaseswe createa specialdata
structurecalledOrdered-Partitioning-Bases(OPB).Thegoalof this
data-structureis to partition the patternsby their length. Patterns
with the samelength are groupedtogether. This, allows dealing
with patternsof arbitrarylength.

This OPBstructureis an arrayof pointersthathasa sizeequalto
thelengthof thelargestfrequent-path-base. Eachentryin thisarray
connectsall frequent-pattern-bases of thesamesize. Thefirst en-
try links all frequent-pattern-bases of size1, thesecondonerefers
to all frequent-pattern-bases of size 2, the 9;:=< one points to all
frequent-pattern-bases of size 9 . An illustrative examplecan be
foundin Figure3. Eachnodeof theconnectedlink list is madeof
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Figure2: (A) A Transactional database.(B) FP-Treebuilt fr om (A). (C) G-COFI-tr ee

4 variableswhich are: thepattern,a pointerto thenext node,and
two numbervariablesthatpresentthesupport andbranch-support
of thispattern.Thesupport reportsthenumberof timesthispattern
occursin thedatabase.Thebranch-support recordsthenumberof
timesthispatternoccursalonewithoutotherfrequentitems,i.e. not
partof any othersupersetof frequentpatterns.Thisbranch-support
is usedto identify thefrequent-path-bases from non-frequent-path-
bases asnon-frequent-path-bases have branch-support equalto 0,
while frequent-path-bases have branch-support equalto thenum-
berof timesthepatternoccursindependentlytogether. Thebranch-
support is alsousedto countthesupportof any patternin theOPB.
Thesupportof any patternis thesummationof thebranch-supports
of all its supersetsof frequent-path-bases. For example,to find the
support for pattern� thathasa lengthof . , all whatweneedto do
is thescantheOPBfrom .¼/51 to 9 where9 is thesizeof OPB,
andsumthebranch-supports of all supersetsof � thatdonothave
a branch-support equalto 0, i.e. thefrequent-bath-bases.

In ourexampleabove, thefirst pointerof thisOPBstructurepoints
to 5 nodeswhich are (A, 5, 0), (B, 4, 0), (C, 4, 0), (D, 4, 0),
and (E, 3, 0) which can be taken from the local frequentarray
of the G-COFI-tree. The Secondentry in this arraypoints to all
frequent-path-bases of size2. A null pointeris beinglinkedto this
nodesinceno frequent-path-bases of size2 arecreated.The third
pointerpointsto onenodewhich is (ADE, 1,1), the fourth points
to (ABCD: 2: 2) and (ABCE: 1, 1), the fifth and last points to
(ABCDE: 1:1). Thesecondstepin theminingprocessis to find the
globalsupport of eachoneof thelocal frequent-path-bases. Apply-
ing a top-down traversalbetweenthesenodesdoesthis. If nodeA
is asubsetof nodeB thenits support is incrementedby thebranch-
support of nodeB. By doingthis,we canfind thatABCD is a sub-
setof ABCDE, whichhasabranch-support equalto 1. TheABCD
support becomes3 (2+1). ABCE support becomes2, asit is asub-
setof ABCDE. ADE support becomes2. At level 3 we find that
ADE is a subsetof only ABCDE so its support becomes2. From
this we canfind thatABCD is a frequentpattern.We put this pat-
ternasideasa potentialfrequentmaximalpattern.A leap-traversal
approachis appliedon the3 remainingfrequent-path-bases, which
are (ABCDE: 1, ABCE: 1, and ADE: 1). IntersectingABCDE
with ABCE givesABCE, which alreadyexists, so nothingneeds
to bedonesincewe alreadyhave theglobal frequency of this pat-
tern. IntersectingABCDE with ADE givesbackADE, which also
alreadyexists. Intersecting,ABCE with ADE givesAE. AE is a
new nodeof size2. It is be addedto the OPB datastructureand
linked from the secondpointeras it hasa patternsizeof 2. The
support and the branch-support of this nodeequals0. branch-
support equals0 indicatesthatthispatternis aresultof intersecting
betweenfrequent-path-bases andnot a frequent-path-base per se.

Theglobalsupport of thisnodeis thencomputedwhich is equalto
the summationof all branch-supports of all supersetof frequent-
path-bases. The support of this nodebecomes3, asit is a subset
of (ADE, 1,1), (ABCE: 1: 1), and(ABCDE: 1:1). At this stage
all non-frequentpatterns,and frequentpatternsthat have a local
frequentsupersetexceptthefrequent-path-bases areremovedfrom
OPB. The remainingfrequentnodesare locally maximal. These
stepsarepresentedin Figure3.
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Figure3: Stepsneededto generatelocal maximal fr equentpat-
terns usingOPB

4.2 Generating fr equentpatterns
Frequentpatternsare generatedfrom eachlocal maximal. A di-
rect stepis appliedto find all subsetof eachlocally maximalpat-
terns. The next step after finding eachone of thesepatternsis
to find their support. The support of eachpattern is the sum-
mationof the branch-support of all its supersetof frequent-path-
bases. In our previous examplefor mining the G-COFI-treewe
find thatwehave2 localmaximalswhichare(AE:3, andABCD:3)
and 4 frequent-path-bases which are (ADE:1: 1), (ABCD:2:2),



(ABCE:1:1), (ABCDE:1:1). The first local maximalAE:3 gener-
atestwb o patternswhich areA andE. A hasa support of 5 andE
hasa support of 3. This support is takenfrom theheaderlist of the
G-COFI-tree.Thesecondlocal frequentmaximalis ABCD:3 that
generatesA, B, C, D, AB, AC, AD, ABC, ABD, BC, BD, CD, and
BCD. Thesupport of ABC for exampleis 4 asit is asubsetof three
frequent-path-bases which areABCD, ABCE, andABCDE which
have support-branches2,1and1 respectively. Thesameprocessis
executedto find thesupport for all frequentpatternsthatareof size
greaterthan1. The support of frequentpatternsof size1 canbe
deriveddirectly from theCOFI-treeheadertable.

5. PERFORMANCE EVALUATIONS
WetestedourapproachagainstFP-Growth[11],Eclat[15],andCOFI
algorithms. Eclat wasprovided to us by its original authors.We
usedFP-Growth written by Bart Goethals[8] aswe foundthatthis
implementationis fasterthantheoneprovidedby theoriginal au-
thorsof FP-Growth,whichweinitially usedto comparewith COFI
[7]. All our experimentswereconductedon an IBM P4 2.6GHz
with 1GB memoryrunningLinux 2.4.20-20.9RedHat Linux re-
lease9.

5.1 Experiments on UCI datasets
We testedCOFI* andthecontendersCOFI, Eclat andFP-Growth
using4 databases,chess, connect, pumsb, and mushroom, down-
loadedfrom [9]. Thesedatasetsarecommonlyusedfor testingsuch
algorithmsandaredescribedin detail in many previouswork [10].
In our experiments,we seta time limit to 120seconds.Beyond2
minutes,if a programdid not returntheanswer, we terminatedthe
programandconsideredit a failure. COFI did not performwell in
thesedatasetsasit couldnotmineconnect and pumsb with support
lessthan80%,andchess with supportlessthan70%. COFI*, on
theotherhand,reportedthebestresultin all testcaseswith connect,
pumsb, and chess. FP-growth wasableto competewith COFI* in
someof thetestcaseswhile mining themushroom dataset.Figure
5 depictstheresultsof theseexperiments.
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Figure5: Mining UCI databases

5.2 Experiments on small and largesynthetic
datasets

We generatedsyntheticdatasetsusing[12]. We reportresultshere
only for FP-Growth, COFI, andCOFI* sinceEclat, inexplicably,
did not generateany frequentpatternsin most cases. A similar
run time limit was set as before. In this set of experimentswe
focusedon studyingtheeffect of changingthesupportwhile test-
ing threeparameters:transactionlength,databasesize,anddimen-
sion of the database.We have createddatabaseswith transaction
lengthaveraging12and24 itemspertransaction.Ourdatasetsalso
have asa two dimensionsizesof differentvalues:5000and10000
items. The databasesizevariesfrom 10,000to 250,000transac-
tions perdatabase.Notice that thesedatasetsareconsideredrela-
tively sparse.COFI* andCOFI outperformedFP-Growth almost
in all testcases.thedifferencebetweenCOFI* andCOFI in many
caseswasnegligible. Bothwere2 to 3 timesfasterthanFP-Growth.
Theseexperimentsaredepictedin Figure6.

In thissetof experimentswefoundthatCOFI* andCOFIarecom-
petingwhile miningdatasetswith relatively longtransactions.This
canbe justified by the fact that if long candidatepatternsin long
transactionareindeedfrequentthendepth-searchstrategy usedby
COFI algorithm is favored. However, if long candidatepatterns
from long transactionsare infrequent,then the leap-traversalap-
proachadoptedby COFI* is thewinnerbecauseit generatessignif-
icantly lesscandidatesto test.

We do not have accessto very large real datasetssincenoneare
publicly available,but we know, basedon the experimentson the
UCI datasets,that COFI* hasan advantage. We generatedvery
largesyntheticdatasetswith 100Kitemsandanaverageof 12items
per transaction.On datasetswith 5M, 10M, 15M and20M trans-
actionsCOFI andCOFI* werevery closeendingrespectively with
supportof 0.002in 64,140,205,309secondsand69,149,221,321
seconds.FP-Growth minedonly the5 and10million collectionsin
twice asmuchtime: 126and376seconds.
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Algor ithm :  COFI* algorithm 
Input  : Transactional Database D, and minimum support σ 
Output  : A set of frequent patterns 
Method : 
1. Scan the database D  twice the build the FP-Tree based on σ 
2. For each frequent item F (starting with the item with lowest support) 

i. 2.1. Build condensed  F-COFI-tree  
ii . 2.2 Find frequent-path-bases 
iii . 2.3 Built Ordered-Partitioning Bases (OPB structure) 
iv. 2.4 Find local maximal patterns 

3.    For each local maximal pattern M 
3.1 Generate all sub-patterns of M 
3.2 For each sub-pattern X of M 

3.2.1 Count support of X using OPB  
 

 Figure4: COFI* pseudocode:The oraclepart and the pattern counting are merged.

6. CONCLUSION
Mining for frequentitemsetsis a canonicaltask,fundamentalfor
many dataminingapplications.Especiallyfor densedataandwhen
fairly long patternsexist, it becomesexpensive, if not impossible,
to enumeratecandidatepatterns.For instancethe enumerationof
the searchspacefor patternsin the orderof 40 items or more is
practicallycomputationallyunfeasible.In thesecases,apromissing
directionis to mineclosedor maximalitemsets.

WepresentedCOFI* anew algorithmfor mining frequentpatterns.
Thisnew algorithmis basedonexistingdatastructuresFP-treeand
COFI-treesand initiates the processby first identifying maximal
patternsusinga novel lattice traversalapproach.Our contribution
is anew wayto minethosestructuresandasetof prunningmethods
to acceleratethediscovery process.

Ourperformancestudiesshow thatCOFI* outperformsmostof the
stateof theart methods.This algorithmfindsthesetof exactmax-
imal patternsusingonly 2 I/O scansof thedatabasethengenerates
all frequentpatternswith their respective support.It alsopresents
a new way of traversingthepatternspaceto searchfor candidates.
This new traversingapproachdramaticallyminimizesthe sizeof
thecandidatelist. It alsointroducesa new methodof countingthe
supportsof candidatesbasedonthesupportsof othercandidatepat-
terns.
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