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ABSTRACT

The COFI approachfor mining frequentitemsets,introducedre-
cently is an efficient algorithm that was demonstratedo outper
form state-of-the-artalgorithmson syntheticdata. For instance,
COFl is not only one orderof magnitudefasterandrequiressig-
nificantly lessmemorythanthe popularFP-Grawth, it is alsovery
effective with extremelylargedatasetshetterthanary reportedal-
gorithm. However, COFI hasa significantdravback when min-
ing densetransactionatiatabasewhich is the casewith somereal
datasetsThe algorithm performspoorly in thesecaseshecauset
endsup generatingoo mary local candidateshat are doomedto
beinfrequent.In this paperwe presentnew algorithmCOFI* for
mining frequentitemsets.This novel algorithmusesthe samedata
structureCOFI-treeasits predecesspbut partitionsthe patternsn
suchawayto avoid thedravbacksof COFI.Moreover, its approach
usesapseudo-Oracl® pinpointthemaximalitemsetsfrom which
all frequentitemsetsarederived andcounted avoiding the genera-
tion of candidatedatedinfrequent. Our implementatiortestedon
real and syntheticdatashawvs that COFI* algorithm outperforms
state-of-the-aralgorithms,amongthemCOFl itself.

1. INTRODUCTION

Recentdayshave withessedinexplosive growth in generatinglata
in all fields of sciencepusinessmedicine military, etc. The same
rate of growth in the processingpower of evaluatingand analyz-
ing the datadid not follow this massve growth. Dueto this phe-
nomenonatremendouvolumeof datais still keptwithout being
studied. Datamining, a researcHield thattries to easethis prob-
lem, proposesomesolutionsfor the extractionof significantand
potentiallyusefulpatternsrom thesdargecollectionsof data.One
of the canonicatasksin dataminingis the discovery of association
rules. Discoveringassociationules,consideredisoneof the most
importanttasks hasbeenthe focusof mary studiesin the lastfew
years. Mary solutionshave beenproposedusing a sequentialbr
parallelparadigm.However, the existing algorithmsdepenchear-
ily on massie computationthat might causehigh dependencon
the memorysizeor repeated/O scansfor the datasets. Associa-
tion rule mining algorithmscurrentlyproposedn theliteratureare
not sufficient for extremelylarge datasetsand new solutions,that
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especiallyarelessrelianton memorysize,still have to befound.

1.1 Problem Statement

The problemof mining associatiorrulesover market baslet anal-
ysiswasintroducedin [1]. The problemconsistsof finding asso-
ciationsbetweenitemsor itemsetsn transactionatlata. The data
couldberetail salesin theform of custometransactionstext doc-
uments,or images.Associationruleshave beenshavn to be use-
ful for otherapplicationssuchasrecommendesystemsdiagnosis,
decisionsupporttelecommunicatiorandeven supervisedlassifi-
cation.Formally, asdefinedin [2], the problemis statedasfollows:
Let I = {i1,%2,...im } beasetof literals, calleditemsandm is
consideredhe dimensionalityof the problem. Let D be a setof
transactionswhereeachtransaction!” is a setof itemssuchthat
T C I. A uniqueidentifier TID is given to eachtransaction.A
transactioril’ is saidto containX, a setof itemsin I, if X C T
An association ruleis animplicationof theform“ X = Y™, where
X CI,Y CI,andXnNY = (. AnitemsetX is saidto befrequent
if its support s is greatetthanor equalto a givenminimumsupport
thresholdo. Discovering associatiorrules, however, is nothing
morethan an applicationfor frequentitemsetmining, like induc-
tive databasefl 3], queryexpansiorn14], documentlustering[4],
etc. Whatis relevanthereis the efficient countingof somespecific
itemsets.

1.2 Relatedwork

Mining for frequentitemsetsis a canonicaltask, fundamentafor
mary datamining applicationsand is an intrinsic part of mary
otherdatamining tasks. Mining for frequentitemsetsis the ma-
jor initial phaseor discoseringassociationmules. Associatve clas-
sifiersrely on frequentitemsets. Thesefrequentpatternare also
usedin someclusteringalgorithms.Finding frequentitemsis also
aninherentpart of mary dataanalysisprocessesMary frequent
itemsetmining algorithmshave beenreportedin thelastdecaden
the literature. The mostimportant,andat the basisof mary other
approachesds Apriori [1]. Thepropertythatis atthe heartof Apri-
ori andformsthefoundationof mostalgorithmssimply statesthat
for anitemsetto be frequentall its subsetshave to be frequent.
This monotonepropertyreduceghe candidatetemsetspacedras-
tically. However, the generatiorof candidatesets,especiallywhen
very long frequentpatternsexist, is still very expensve. More-
over, Apriori is heavily 1/0 bound. Anotherapproachthat avoids
generatin@ndtestingitemsetds FP-Gravth [11]. FP-Gravth gen-
eratesafteronly two I/0O scansa compactprefix treerepresenting
all sub-transactiongith only frequentitems. A clever andelegant
recursve methodminesthetreeby creatingprojectionscalledcon-
ditional treesanddiscovers patternsof all lengthswithout directly
generatingcandidateghe way Apriori does. However, the recur



sive methodto mine the FP-treerequiressignificantmemory and
large databasesjuickly blow out the memorystack. Anotherin-
novative approachis COFI [7]. COFIlin mary casess shavn to
be fasterthan FP-Gravth andrequiressignificantlylessmemory.
The ideaof COFI, which we adoptin this paper is to build pro-
jectionsfrom the FP-treeeachcorrespondingo sub-transactions
of itemsco-occurringwith a given frequentitem. Thesetreesare
built and efficiently mined one at a time making the footprint in
memorysignificantly small. The COFI algorithm generatesan-
didatesusing a top-davn approachwhereits performanceshavs
to be severely affectedwhile mining databasethathaspotentially
long candidatgatternghatturnsto benotfrequentasCOFIneeds
to generatecandidatesub-patterngor all its candidategpatterns.
We build uponthe COFI approacthto find the setof frequentpat-
ternsbut after avoiding generatinguselessandidatesaswe shall
seeherein.

The basicideaof our new algorithmis simpleandis basedon the
notion of maximalfrequentpatterns.A frequentitemsetX is said
to bemaximalif thereis no frequentitemsetX’ suchthatX C X’
[3, 5]. Frequenmaximalpatternsarearelatively smallsubsetf all
frequentitemsets.In otherwords, eachmaximalfrequentitemset
is asupersebdf somefrequenttemsetsLet usassumehatwe have
an Oraclethatknows all the maximalfrequentitemsetsin a trans-
actionaldatabase Deriving all frequentitemsetsbhecomedrivial.
All thereis to dois countingthem,andthereis no needto generate
candidateshataredoomedinfrequent. The oracleobviously does
not exist, but we proposea pseudo-oracléhatdiscoversthis maxi-
mal patternsusingthe COFI-treesandwe derive all itemsetsfrom
them. We amguethat this procesds moreefficient, in mostcases,
thanfocusingsolely anddirectly on the discovery of all frequent
itemsets.

1.3 Contributions

In this paperwe proposea new efficient algorithmfor finding fre-

quentpatternscalled COFI* basedon COFI-treesproposedn [6,

7] and FP-Treespresentedn [11]. This algorithm generateshe
frequentpatternsby finding efficiently the set of local maximals
for eachCOFI-tree Basedon thesemaximalswe generataill their

subsetghat areindeedfrequent. Countingthe supportfor eachof

thesefrequentpatternis the last major stepin this approach.The
main differencesetweernour new approachCOFI* andCOFl are
thefollowings: (1) COFI* usesa novel techniqueto generatean-
didatesand counttheir supports.(2) COFI* proposesa new data
structureto partition the itemsetshelpingthe handlingof patterns
of arbitrarylength. (3) COFI* findsthe setof all frequentpatterns
by first finding the setof maximal patternausinga novel traversal
approach,andthen generatefrom this setthe setof all frequent
patterns.(4) COFl usesa depth-firststratey, while COFI* usesa
leap-trarersalapproachntroducedn this paper

Therestof this paperis organizedasfollows: Section2 depictsin
generawhatarean FP-Treeand COFI-trees.To put our algorithm
in the context, we describeghe existing traversalapproacheand
thenexplain our new leap-traersalapproactusedby our pseudo-
oraclein Section3. The completeCOFI* algorithmis explained
in Section4 with illustrative examples. Section5 depictsthe per
formanceevaluationof COFI* comparingt with existing state-of-
the-artalgorithmson denseandsparselata.

2. FP-TREE AND COFI-TREES

The well-known FP-Tree[11] data-structurés a prefix tree struc-
ture. The datastructurepresentshe completesetof frequentitem-

setsin acompressethshion.The constructiorof FP-Treerequires
two full I/O scans.Thefirst scangenerateshefrequentl-itemsets.
In the secondscan,non-frequenttemsarestrippedoff thetransac-
tionsandthesub-transactionwith frequentonesareorderedbased
on their support. Thesesortedsub-transactionform the pathsof
thetree.Sub-transactionthatsharethe sameprefix sharethe same
portion of the pathstartingfrom the root. The FP-Treehasalsoa
headetablecontainingfrequentitems. This tableholdsthe header
link for eachitemin the FP-Tree,andconnectsodesof the same
item to facilitatethe item traversalduring the mining process.We
invite thereaderto see[11] for moredetails.

A COFlI-tree[7]is a projectionof eachfrequentitem in the FP-
tree. EachCOFI-treefor a given frequentitem presentshe co-
occurrenceof this item with otherfrequentitemsthat have more
supportthanit. In otherwords, if we have 4 frequentitems A,

B, C, D whereA hasthe smallestsupport,andD hasthe highest,
thenthe COFI-treefor A presentso-occurrencef item A with re-
spectto B, C andD, the COFI-treefor B presentstem B with C

andD. COFI-treefor C presentstem C with D. Finally, the COFI-
treefor D is a root nodetree. Eachnodein the COFI-treehas
two main variables,which are support and participation that are
usedin the mining step.Basically the supportrepresentshelocal
supportof a node,while participationrepresentsat a given time
in the mining processthe numberof timesthe nodehaspartici-
patedin alreadycountedpatterns. In comparisorwith our COFI

treestructurepresentedn [7], our new datastructurewe usehere
is improved by keepingonly the nodesrepresentingocally fre-

guentitemswith respecto the root of the tree. This not only re-
ducesspaceébut facilitatesthemining later. Basedon thedifference
betweenthe two variables,participation and support, specialpat-
ternscalled frequent-path-bases are generated.Theseare simply
the pathsfrom a givennodez, with participationsmallerthansup-
port, up to theroot, i.e. nodesthatdid not fully participateyetin

frequentpatterns.

The COFI-treehasalsoa headetablethatcontainsall locally fre-
quentitemswith respecto the root item of the COFI-tree. Each
entryin this tableholdsthe local support,andalink to connectits
item with its first occurrencedn the COFI-tree. A link list is also
maintainedbetweemodesthathold the sameitem to facilitatethe
mining procedure.

3. TRAVERSAL APPROACHES AND CAN-
DIDATE GENERATION

Currentalgorithmsgeneratecandidatefrequentpatternsby using
one of the two methods namely: breadth-searchr depth-search.
Breadthsearchcanbe viewed asa bottom-upapproachwherethe
algorithmsvisit patternsof sizek + 1 after finishing the & sized
patterns. The depthsearchapproachdoesthe oppositewherethe
algorithmstartsby visiting patternsof size k& beforevisiting those
of sizek — 1. Both methodsshav someefficiengy while mining
somedatabasedOntheotherhand,they shov weaknessegr inef-
ficiengy in mary othercasesTo understandhisfully, wewill try to
focuson the main adwantagesanddravbacksof eachoneof these
methodsin orderto find a way to make useof the bestof both of
them,andto diminishasmuchaspossibletheir dravbacks.As an
example,assumeave have atransactionatlatabas¢hatis madeof a
largenumberof frequentl-itemsetghathasmaximalpatternswith
relatively smalllengths. The treeshbuilt from sucha databaseare
usually deepasthey have a large numberof frequentl-itemsets.
Traversingin depth-searcimannerwould provide us with poten-
tial long patternsthat end-upnon-frequentones. In suchcases,



the depth-searcimethodis not favored. However, if the longest
frequentpatternsgeneratedarerelatively long with respecto the
depthof thetree,thenthe depthsearchstratgy is favoredasmost
of the potentiallong patternsthat could be found early tendto be
frequent. On the other hand, mining transactionatlatabaseshat
reveal long frequentpatternsis not favored using breadthsearch
manneyassuchalgorithmsconsumamary passeso reachthelong
patterns. Suchalgorithmsgeneratemary candidatefrequentpat-
ternsat level k that would be omitted oncethey arefoundto be
not frequent. Thesegenerationstepsbecomea bottleneckwhile
mining transactionatlatabasesf long frequentpatternsusingthe
breadth-searcimethods Thefollowing exampledemonstrateBow
both approachesvork. If we wantto mine projectedtransactions
in Figure 1.A with supportgreaterthan 4, thenthe threelongest
frequentpatternsthat canbe generatedare (ABCDE:6) of size 5,
(AFGHI:5) alsoof size5 and(AJKL:5) of size4. The numberaf-
ter the patternrepresentsts support. All sub-patterngrom these
three patternsare indeedfrequent,but we do not mentionthem
herefor the sale of space. Discovering thesepatternsusing the
top-davn approach(depthsearchyequiresmining a tree of depth
9. Although noneof the candidatepatternsof size9 to 6 arefre-
quent, we still needto generateand testthem. This generation
processcontinuesuntil we reachthefirst long frequentpatternsof
size5: (ABCDE:6) and(AFGHI:5). Marny pruningtechniquegan
thenbe appliedto reducethe remainingsearchspace.Fromthese
patternswe will generateall sub-patternghat are frequent. The
bottom-upapproachneedsto createall patternsfrom sizes2 to 6
at which point it candetectthat thereare no morelocal frequent
patterngo discover. All non-frequenpatternf sizes2 to 6 would
be removed. We proposea combinationof theseapproacheshat
takesinto accounta partitioningof thesearctspaceala COFI-tree.
We call this methodthe leap-trarersalapproactsinceit selectvely
jumpswithin thelattice.

3.1 Leap-traversal approach

To find the maximalpatternswe introducea new leap-trarersalap-
proachthatlooks aheadat the natureof the transactionatiatabase,
and recommends set of candidatepatternsfrom different sizes
to test wherethe local maximal patternsare subsetof this rec-
ommendedset. From theselocal maximalswe can generatethe
setof all frequentpatterns. Stepone of this approachis to look
at the natureof the distribution of frequentitemsin the transac-
tional database.If we revisit the examplepresentecabore from
Figure 1.A, we canseethatthereareonly 4 distributions of fre-
quentitems. Indeed,{A, B, C, D, E, F, G, H, |} occurs3 times;
{A, B,C,D, E, J,K, L} occursalso3 times; {A, F, G, H, |} oc-
curstwice; and{A, J,K, L} alsooccurstwice. Thesedistributions
areindeedsimilarto thefrequent-path-bases generatedrom COFI-
treesin the previous section.Step?2 of this processntersectseach
oneof thesepatternswith all otherfrequent-path-bases to geta set
of potentialcandidatesStep3 countsthesupportof eachoneof the
generategbatterns The supportof eachoneof themis thesumma-
tion of supportsof all its supersebdf frequent-path-bases patterns.
Step4 scanghesepatterngo remove non-frequenbnesor frequent
onesthatalreadyhave afrequentsupersetTheremainingpatterns
canbedeclaredaslocal maximalpatterns Figurel.Billustratesthe
stepsneededo generatéhelocal maximalpatternsof our example
from Figurel.A.

The main questionin this approachwould be “can we efficiently
find the frequent-path-bases? The answeiris yes, by usingthe FP-
tree [11] structureto compresshe databaseandto avoid multi-
ple scansof the databasasonly two full I/O scansareneededo
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Figure 1: (A): Projectedtransactional databasewith respectto
item A.

(B): Steps neededto generate maximal patterns using the
leap-traversal approach(,/ indicatesa discosered maximal pattern.
Barr ed entries are the eliminated candidates)

createthis data-structure COFI-treeq7] which partition the sub-
transactionsas we wish to do, are usedto generatethe frequent-
path-bases asillustratein the next section.

4. COFI* ALGORITHM

We will explain the COFI* algorithm by a running example. A
simplified pseudo-codeanbefoundin Figure4. Thetransactional
databasn Figure2.A needdo beminedusingupport greatetthan
or equalto 3. Thefirst stepis to build the FP-treedata-structure
in Figure 2.B. This FP-treedatastructurerevealsthat we have 8
frequentl-itemsetswhich are (A: 10, B:, 8, C:7,D: 7, E:7, F:6,
G:5, H:3). COFlI-treesare built after that one at a time starting
from the COFI-treeof thefrequentitemwith lowestsupport, which
is H. This COFI-treegenerateghe first frequentpatternHA: 3.
After that G-COFI-tree,in Figure2.C,is built andit generatesll
frequentpatternswith respecto item G, a detailedexplanationof
the stepsin generatinghesefrequentpatternsare describedater
in this section. The remainingCOFI treesarebuilt independently
Eachoneof themgenerateds correspondindgrequentpatterns.

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 Figure 2.C for all

frequentpatterns. We startfrom the mostglobally frequentitem,

which is A, andthentraverseall the A nodes. If the support is

greaterthanparticipation thenthe completepathfrom this nodeto

the COFI-rootis built with branch-support equalgto the difference
betweenthe support and participation of thatnode. All valuesof

participation for all nodesin thesepathsareupdatedwith the par-

ticipation of the original node A. 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
generatedrom this tree. Fromthesebasesve createa specialdata
structurecalledOrdered-Rrtitioning-Base$¢OPB).Thegoalof this

data-structurés to partition the patternsby their length. Patterns
with the samelength are groupedtogether This, allows dealing
with patternof arbitrarylength.

This OPB structureis an arrayof pointersthathasa sizeequalto
thelengthof thelargestfrequent-path-base. Eachentryin thisarray
connectsall frequent-pattern-bases of the samesize. Thefirst en-
try links all frequent-pattern-bases of size 1, the secondonerefers
to all frequent-pattern-bases of size 2, the nt"* one points to all
frequent-pattern-bases of sizen. An illustrative examplecanbe
foundin Figure3. Eachnodeof the connectedink list is madeof
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Figure 2: (A) A Transactional database.(B) FP-Treebuilt from (A). (C) G-COFI-tr ee

4 variableswhich are: the pattern,a pointerto the next node,and
two numbervariablesthat presenthe support andbranch-support

of this pattern.Thesupport reportsthe numberof timesthis pattern
occursin the databaseThe branch-support recordsthe numberof

timesthis patternoccursalonewithoutotherfrequentitems,i.e. not
partof ary othersuperseof frequentpatterns.This branch-support

is usedto identify the frequent-path-bases from non-frequent-path-

bases as non-frequent-path-bases have branch-support equalto O,

while frequent-path-bases have branch-support equalto the num-
berof timesthepatternoccursindependentlyogether Thebranch-

support is alsousedto countthesupportof ary patternin the OPB.
Thesupportof ary patternis the summatiorof the branch-supports
of all its supersetsf frequent-path-bases. For example,to find the
support for patternX thathasalengthof k, all whatwe needto do
is the scanthe OPBfrom k + 1 to n wheren is the sizeof OPB,
andsumthe branch-supports of all supersetsf X thatdonothave
abranch-support equalto 0, i.e. thefrequent-bath-bases.

In our exampleabove, thefirst pointerof this OPB structurepoints
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 array pointsto all
frequent-path-bases of size2. A null pointeris beinglinkedto this
nodesinceno frequent-path-bases of size2 arecreated.Thethird
pointer pointsto one nodewhich is (ADE, 1,1), the fourth points
to (ABCD: 2: 2) and (ABCE: 1, 1), the fifth and last pointsto
(ABCDE: 1:1). Thesecondstepin themining processs to find the
globalsupport of eachoneof thelocalfrequent-path-bases. Apply-
ing atop-davn traversalbetweerthesenodesdoesthis. If nodeA
is asubsebf nodeB thenits support is incrementedby the branch-
support of nodeB. By doingthis, we canfind that ABCD is a sub-
setof ABCDE, which hasa branch-support equalto 1. The ABCD
support becomes8 (2+1). ABCE support become2, asit is asub-
setof ABCDE. ADE support becomeg. At level 3 we find that
ADE is a subsebf only ABCDE soits support become®. From
this we canfind that ABCD is a frequentpattern.We put this pat-
ternasideasa potentialfrequentmaximalpattern.A leap-traersal
approachs appliedon the 3 remainingfrequent-path-bases, which
are (ABCDE: 1, ABCE: 1, and ADE: 1). IntersectingABCDE
with ABCE gives ABCE, which alreadyexists, so hothing needs
to be donesincewe alreadyhave the global frequeng of this pat-
tern. IntersectingABCDE with ADE givesbackADE, which also
alreadyexists. Intersecting, ABCE with ADE givesAE. AE is a
newv nodeof size2. It is be addedto the OPB datastructureand
linked from the secondpointerasit hasa patternsize of 2. The
support and the branch-support of this node equals0. branch-
support equals0 indicateghatthis patternis aresultof intersecting
betweenfrequent-path-bases and not a frequent-path-base per se.

Theglobalsupport of this nodeis thencomputedvhichis equalto
the summationof all branch-supports of all supersebf 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
frequentsuperseexceptthe frequent-path-bases areremovedfrom
OPB. The remainingfrequentnodesare locally maximal. These
stepsarepresentedn Figure3.

[ 1‘ [ 2 T 8 [ 4] vs |
A 50 \L \b
B 40 [ADE 11 [ABCD 22| [ABCDE 1 1]
C 40 INUL| ABCE 11
D 40
E 30

Step 1: Assign frequent-path-bases to their locations in OPB
[ 1| [ 2 [ 3 ] i [ d/5 |

\/
A 50 \L
B 40 [ADE 21 [ABCD 32 [ABCDE 1 1]
C 40 NULY ABCE 21
D 40
E 30
Step 2: Find global support for each frequent-path-base

[ 1| I 2 [ 3 ] i [ v5 |
A 50
B 40 [ADE 21 [ABCD 32 [ABCDE 11|
C 4 0JAE 30 ABCE 21
D 40
E 30
Step 3: Apply leap-traversal approach on non-frequent frequent-path-bases

1] 2 ] N 5 |
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Step 4: Remove non-frequent patterns or frequent patterns that have superset
of frequent patterns

Figure 3: Stepsneededto generatelocal maximal fr equentpat-
terns using OPB

4.2 Generating frequentpatterns

Frequentpatternsare generatedrom eachlocal maximal. A di-
rectstepis appliedto find all subsetof eachlocally maximalpat-
terns. The next step after finding eachone of thesepatternsis
to find their support. The support of eachpatternis the sum-
mation of the branch-support of all its supersebf frequent-path-
bases. In our previous examplefor mining the G-COFI-treewe
find thatwe have 2 local maximalswhich are(AE:3, andABCD:3)
and 4 frequent-path-bases which are (ADE:1: 1), (ABCD:2:2),



(ABCE:1:1), (ABCDE:1:1). Thefirst local maximal AE:3 genef
atestwo patternswhich are A andE. A hasa support of 5 andE
hasa support of 3. This support is takenfrom the headetist of the
G-COFI-tree.The secondocal frequentmaximalis ABCD:3 that
generate#\, B, C,D, AB, AC, AD, ABC, ABD, BC,BD, CD, and
BCD. Thesupport of ABC for exampleis 4 asit is asubsebf three
frequent-path-bases which areABCD, ABCE, andABCDE which
have support-branche®,1and1 respectrely. The sameprocesss
executedo find thesupport for all frequentpatternghatareof size
greaterthan1. The support of frequentpatternsof sizel canbe
deriveddirectly from the COFI-treeheadettable.

5. PERFORMANCE EVALUATIONS
WetestedourapproactagainsFP-Gravth[11], Eclat[15],andCOFI
algorithms. Eclat was provided to us by its original authors. We
usedFP-Gravth written by Bart Goethald8] aswe foundthatthis
implementatioris fasterthanthe one provided by the original au-
thorsof FP-Grawvth, whichwe initially usedto comparewith COFI
[7]. All our experimentswere conductedon an IBM P4 2.6GHz
with 1GB memoryrunningLinux 2.4.20-20.9Red Hat Linux re-
leasen.

5.1 Experimentson UCI datasets

We testedCOFI* andthe contendersCOFI, Eclat and FP-Gravth

using 4 databaseschess, connect, pumsb, and mushroom, down-

loadedfrom [9]. Thesedatasetarecommonlyusedfor testingsuch
algorithmsandaredescribedn detailin mary previouswork [10].

In our experimentswe setatime limit to 120 secondsBeyond 2

minutes,if a programdid not returnthe answeyrwe terminatecthe
programandconsideredt afailure. COFI did not performwell in

thesedatasetssit couldnot mine connect and pumsb with support
lessthan80%, and chess with supportlessthan70%. COFI*, on

theotherhand reportedhebestresultin all testcasesvith connect,

pumsb, and chess. FP-gravth wasableto competewith COFI* in

someof the testcasesvhile mining the mushroom datasetFigure
5 depictstheresultsof theseexperiments.
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Figure5: Mining UCI databases

5.2 Experiments on small and large synthetic

datasets

We generatedyntheticdatasetsising[12]. We reportresultshere
only for FP-Growth, COFI, and COFI* sinceEclat, inexplicably,

did not generateary frequentpatternsin most cases. A similar

run time limit was setas before. In this set of experimentswe

focusedon studyingthe effect of changingthe supportwhile test-
ing threeparameterstransactioriength,databassize,anddimen-
sion of the database We have createddatabasesvith transaction
lengthaveragingl2 and24 itemspertransaction Our datasetslso
have asatwo dimensionsizesof differentvalues:5000and 10000
items. The databasesize variesfrom 10,000to 250,000transac-
tions per database Notice that thesedatasetsre consideredela-

tively sparse.COFI* and COFI outperformed-P-Gravth almost
in all testcasesthedifferencebetweenCOFI* andCOFIin mary

casewasnggligible. Bothwere2 to 3timesfastethanFP-Gravth.

Theseexperimentsaredepictedn Figure6.

In this setof experimentsve foundthat COFI* andCOFlarecom-

petingwhile mining datasetsvith relatively long transactionsThis

canbe justified by the factthatif long candidatepatternsin long

transactiorareindeedfrequentthendepth-searchstratgy usedby

COFI algorithmis favored. However, if long candidatepatterns
from long transactionsre infrequent,then the leap-traersalap-

proachadoptecby COFI* isthewinnerbecausé generatesignif-

icantly lesscandidateso test.

We do not have accesdo very large real datasetsincenoneare
publicly available,but we know, basedon the experimentson the
UCI datasetsthat COFI* hasan adwantage. We generatedrery
largesyntheticdatasetsvith 100K itemsandanaverageof 12items
per transaction.On datasetsith 5M, 10M, 15M and20M trans-
actionsCOFl andCOFI* werevery closeendingrespectiely with
supporiof 0.002in 64,140,205,309secondsnd69,149,221,321
secondsFP-Gravth minedonly the5 and10million collectionsin
twice asmuchtime: 126 and376 seconds.
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Figure6: Mining synthetic databases



Algorithm

Input

Output

Method :

1. Scanthedatabase D twicethe build the FP-Treebased on o

2. For each frequent item F (starting with the item with lowest suppart)
2.1. Build condensed F-COFI-tree

: COFI* agorithm
: Transadional Database D, and minimum suppat o
. A set of frequent patterns

2.2 Find frequent-path-bases

2.3 Built Ordered-Partitioning Bases (OPB structure)
2.4 Find locad maximal patterns

For ead locd maximal pattern M

3.1 Generate dl sub-patterns of M

3.2 For eadt sub-pattern X of M

321

Count suppart of X using OPB

Figure4: COFI* pseudocodeThe oracle part and the pattern counting are merged.

6. CONCLUSION

Mining for frequentitemsetsis a canonicaltask, fundamentafor

mary datamining applications Especiallyfor densedataandwhen
fairly long patternsexist, it becomesxpensve, if notimpossible,
to enumerateandidatepatterns. For instancethe enumeratiorof

the searchspacefor patternsin the orderof 40 itemsor moreis

practicallycomputationallyunfeasible In thesecasesapromissing
directionis to mine closedor maximalitemsets.

We presente@OFI* anew algorithmfor mining frequentpatterns.
This new algorithmis basedon existing datastructureg-P-treeand
COFI-treesand initiates the processby first identifying maximal
patternsusinga novel lattice traversalapproach.Our contrikution
is anew wayto minethosestructuresndasetof prunningmethods
to accelerat¢he discovery process.

Ourperformancestudiesshav that COFI* outperformanostof the
stateof theart methods This algorithmfindsthe setof exactmax-
imal patternsusingonly 2 I/O scanf the databas¢hengenerates
all frequentpatternswith their respectre support.It alsopresents
anew way of traversingthe patternspaceo searcHor candidates.
This new traversingapproachdramaticallyminimizesthe size of
the candidatdist. It alsointroducesa nev methodof countingthe
supportof candidatebasednthesupportof othercandidatepat-
terns.
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