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ABSTRACT

Datamining hasbeenwidely recognize asa powerful tool to ex-
plore addedvalue from large-scaledatabases One of datamin-
ing techniguesgeneralize@ssociatiomule miningwith taxonomy
is potentialto discover more useful knowledgethan ordinary flat
associatiorrule mining by taking applicationspecificinformation
into account. We proposepatterngrowth mining paradigmbased
FP-taxalgorithm,which emplgys a tree structureto compresshe
databaseTwo methoddo traversethetreestructureareexamined
: Bottom-UpandTop-Down. Experimentafesultsshav thatboth
methodssignificantly outperformclassicCumulatealgorithm, in
particularTop-Davn FP-taxcanachieve two orderof magnitudes
betterperformancehanCumulate.
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1. INTRODUCTION

One popularmethodof datamining is associatiorrule mining
[1]. This mining thatis alsoknown as“basket dataanalysis”re-
trievesinformationlik e “90% of the customersvho buy A andB
alsobuy C” from transactiordata. Theassociatiomule canbegen-
eralized[8]. In generalizd associatiorrules, application-specific
knowledgein the form of taxonomiegis-a hierarchiespver items
areusedto discover moreinterestingrules.

Thereare only a few researchesn algorithmsto mine gener
alized associatiorrules [8, 4, 10]. SomeSQL queriesto mine
generalizedassociatiorrules were proposed®6, 5]. Performance
evaluationson parallelengineswverealsoreported5, 7].

All known algorithmsare basedon Apriori-lik e level-wise ap-
proach[2]. Recentlya paradigmhasbecomea new trendin the
field of frequentpatternmining research.The paradigmis often
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calledpatterngrowthor divide-and-conque Themainideasof the
paradigmaretheprojectionof databasénto acompat on-memory
datastructureandthenit usesa divide-and-coquermethodto ex-

tractfrequentpatternfrom thedatastructure Oneof themostsuc-
cessfulpioneeringalgorithmsis FP-gravth [3]. FP-gravth devises
adatastructurecalledFP-treethatcollectsall informationrequired
to minefrequentpatterns.

Herewe proposdwo variantsof algorithmFP-taxto minegener
alizedassociatiomuleswhichbasednthepatterngronth paradigm.
Both algorithmsusea tree structuresimilar with FP-tree. The al-
gorithmsdiffer on the methodsto traversethe tree. A bottom-up
traversalis emplo/edby Bottom-UpFP-tax,andatop-davn traver-
salis employed by Top-Down FP-tax.

2. MINING GENERALIZED ASSOCIATION
RULE WITH TAXONOMY

2.1 AssociationRule Mining

A typical exampleof associatiorrule is “if a customerbuys A
and B then90% of this kind of customersuy alsoC”. Here90%
is calledthe con fidence of therule. Anothermeasuref arule is
calledthe support of therule.

Transactionsn a retail databaseisually consistof anidentifier
anda setof itemsor itemset. {A, B, C} in abore exampleis an
itemset.An associatiomuleis animplicationof theform X — Y
whereX andY areitemsets An itemsetX hassupports if s% of
transactionsontainthatitemsetherewedenotes = support(X).
The supportof therule X — Y is support(X U Y). The
con fidence of thatrule canbe written astheratio support(X U
Y')/support(X).

The problemof mining associatiorrulesis to find all therules
thatsatisfya userspecifiedminimum supportandminimum confi-
dencewhich canbe decomposethto two subproblems:

1. Find all combinationsof items,calledlargeitemsetswhose
supportis greatetthanminimumsupport.

2. Usethelargeitemsetgo generatgherules.

Sincethefirst stepconsumesnostof processingime, develop-
mentof mining algorithmshasbeenconcentratedon this step.

2.2 GeneralizedAssociationRule with Taxon-
omy

In mostcasesitemscanbe classifiedaccordingto somekind of

“is a” hierarchies[8] For example“Sushiis a Japanes€ood” and
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Figure 1: Taxonomyexample

Table 1: Example of TAXONOMY table

DESC ANC

Sushi Japaneséood
Sushi Food
Sukiyaki Japanes€ood
Sukiyaki Food

Pizza Italian Food
Pizza Food
Japanes€ood | Food
Chinesd~ood | Food

Italian Food Food

also“Sushiis a Food” canbe expressedastaxonomyas shaved
in figure 1. Herewe catgorize sushiasdescendat and Japanese
food andfood areits ancestors.This tree canbe implementedas
ataxonomytablesuchasshaowvn in the samefigure. By including
taxonomyasapplicationspecificknowledge moreinterestingrules
canbediscovered.

Sincesupportcountingfor eachitemsetmustalsoincludesthe
combinationf all ancestorsfor eachitem, generallythis kind of
mining requiressignificantlymoretime.

Previousworkson generalizedssociatiorrule mining put great
effortsto prunethecombindionsof itemswhichareunlikely to be-
comefrequent8, 4, 10]. Cumulatealgorithmis basedon Apriori-
like algorithm with three optimizationssuch as filtering the an-
cestorsaddedto thetransactionspre-computinghe ancestorand
pruningitemsetscontaininganitem andits ancestor$8].

3. TREE BASED GENERALIZED ASSOCI-
ATION RULE MINING ALGORITHMS

Our algorithm emplagys a tree structurecalled FP-tree[3], but
the FP-treealsoincludesthe taxonomyinformation. We propose
two methodsgo traversethe FP-treein orderto extractthefrequent
patternswhich will beusedto generatehe generalize@ssociation
rules.

3.1 Construction of the tr eestructur e

Theconstructiorof theFP-treerequireswo scanof thetransac-
tion databaseThefirst scanaccumul&esthe supportof eachitem
andthenselectdtemsthat satisfy minimum support,i.e. frequent
1-itemsets.The supportof the ancestor®f eachitem arealsoac-
cumulated.Thoseitemsare sortedin frequeng descendingrder
to form F-list. Thesecondscanconstructshe FP-tree.

The pseudocodefor the constructionof the FP-treeis given
in Figure 2. First, the ancestorof eachitem in the transaction
is added. Then the transactionsare reorderedaccordingto the
F-list, while non-frequentitems are strippedoff. Lastly, the re-
orderedtransactionsreinsertedinto the FP-tree. In the function
insertfptree if the nodecorrespondingo theitemsin transaction

construct _fptree(database D, flist FList)

i nput dat abase D, F-list FList;
out put FP-tree FPtree,;
:while not eof (D) do
tranline = read_trans(D);
begi n
add all ancestors of each itemin tranline

renoving any duplicates in tranline
end
o_trans = get_ordered_trans(Flist, tranline);
insert_fptree(FPtree, o_trans);
cend while

TooNOORWN R

Figure 2: Pseudocodeof FP-treeconstruction
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Figure 3: Example of FP-treeconstruction

exists the countof the nodeis increasedptherwisea new nodeis
generatd andthe countis setto one. The sameorderof theitems
playsimportantrole for thecompressiomnf thedatabaseincecom-
monprefixescanbe sharedamongmary transactions.

The FP-treealsohasa frequent-itemheadettablethat holdsthe
headof the node-links,which connet nodesof sameitem in FP-
tree. The node-linksfacilitate item traversalduring the mining of
frequentpatterns.

An exampleof the constructiorof taxonomyconcious-P-trees
givenin Figure3. Thetwo level taxonomywith ancestors:, y, z is
depictecontheupperleft of thefigure,andthetransactiordatabase
is givenbelaw it. Theminimumsupports setto three(50%). After
thefirst passtheF-listis determinedNoticethatancestor: is also
includedin the F-list althoughits descendantasreinfrequentitems.

After thetransactiongrereorderedthey areinsertedoneby one
into the FP-tree. The final FP-treeis depictedon theright side of
theFigure3.

3.2 Bottom-up traversal method

The pseudocodefor the recursie function Bottom-Up FP-tax
(BU-FPtax)is givenin Figure4. Inputsto the BU-FPtaxalgo-
rithm arethe FP-tree the minimumsupport,andalist of ancestors
which have beeninvesticgatedso far. To find all frequentpatterns
whosesupportarehigherthanminimumsupport BU-FPtaxadopts
the samemethodologywith FP-gravth called conditional-seath,
which looksfor all patternswith the samesuffix onceatatime[3].

BU-FPtaxtraversesnodesin the FP-treestartingfrom the least
frequentitem in F-list. While visiting eachnode, BU-FPtaxalso
collectsthe prefix-pathof the node,which is the setof itemson
the path from the suffix nodeto the root of the tree. BU-FPtax
also storesthe counton the nodeasthe countof the prefix path.
Theprefix pathsform theso-calledconditionalpatternbaseof that



procedure BU FPtax(FPtree,
i nput FP-tree Tree, itemset X

X, anclist);
itemset anclist;

1:for each itemy (bottomup order)
in the header of FPtree do

2: if(y is in anclist) then continue;
/[/Filtering 1
3: if(ancestors of y is in Y) then continue;

/IFiltering 2
4: generate pattern Y =y U X wth

support = y.support;
5 begi n
6: add ancestors of y to anclist;
7: end
8: cond_pbase = construct_cond_pbase(Tree,y);

9 Y-Flist = sort_cond_pbase(cond_pbase);
10: Y-Tree = construct_fptree(cond_pbase, Y-FList);
11: if (Y-Tree is not NULL) then

12: BU-FPtax(Y-Tree, Y, anclist);
13: end if

14: end for

}

Figure 4: Pseudocodefor Bottom-Up FP-tax

item.

The conditionalpatternbaseis a smalldatabasef frequentpat-
ternsthat co-occurwith the item. Then BU-FPtaxcreats small
FP-treefrom the conditional patternbasecalled conditional FP-
tree During eachiteration,a new frequentitemsetis generatedby
addingthe suffix to the itemsetfrom the previous iteration. BU-
FPtaxalsomaintainsa list of ancestorsanclistfor theitemsin the
currentitemset.

Herewe proposewo kind of filtering methodsutilyzing thechar
acteristicof ancestoidescendat relationto reducehesearctspace.
Thetheoriticalfoundationfor the optimizationsis givenin the Cu-
mulatepaper{8], which stateghefollowing obsenations:

1. We do not needto countary itemsetwhich containsbothan
item andits ancestobecaisethe supportis containedn the
ancestos support.

2. Pruningof suchitemsetis sufiicient to ensurethatwe never
generatéemsetsn subsequeriterationswhich containboth
anitem andits ancestar

Two kindsof filtering methodsareneededo completéy remove
itemsetghatcontainbothanitem andits ancestors

1. Pruningitemsetwhoseitemis alreadyin the anclist

Theanclistcontainsall ancestorgxaminedsofarfor thecur-
rentsuffix. Thusit is sufficient to checkthe membershipf
theanclistagainsttheitem to make surethatno ancestorsof
theitemin theitemset.

2. Pruningitems whoseancestorsis alreadyincludedin the
itemset

The secondiltering is neededn orderto prunethe descen-
dantsof the itemsin the itemset. The first filtering only

checlstheancestorsof theitem. It is alsoobviousthatdirect

descendats of itemsin theitemsetis not needed.

WhenBU-FPtaxencouterssuchconditions theiterationis stopped

andBU-FPtaxprocessethe next item.

The processs recursvely iterateduntil no conditional pattern
basecanbegeneratedndall frequentpatternghatcontaintheitem
arediscovered.

procedure TD-FPtax(H, X, anclist);

i nput header _table H, itenmset X,
itemset anclist;
{
1:for each itemy (top-down order) in H do
2: if(y.support >= minsupp) then
3: if(y is in anclist) then continue;

//Filtering 1

4: i f(ancestors of y is in Y) then continue;
//Filtering 2

5: generate pattern Y=y U X wth
support = y.support;

6: begi n

7: add ancestors of y to anclist;

8: end

9: Hy = create_new header_table(H, vy);

10: reconnect _node_l i nks(H_y);

11: if(Hy is not NULL) then

12: BU-FPtax(Hy, Y, anclist);

13: end if

14: end if

15:end for

}

Figure5: Pseudocodefor Top-Down FP-tax

3.3 Top-down traversal method

The top-dowvn algorithm Top-Dawvn FP-taxis inspiredby algo-
rithm Top-Dawvn FP-gravth [9]. The adwvantageof this methodis
no needto constructhe conditionalpatternbasesandthe subtrees.
Thefiltering methodssimilar with Bottom-UpFP-taxarealsoem-
ployed to avoid the unnecessaryraversalsof items which occur
with theirancestors.

The recursve function TD-FPtaxis depictedin Figure5. TD-
FPtaxeliminatesthe generatiorof conditionalpatternbasedy di-
rectly reconneting the nodelinks of the FP-tree. During the re-
connetion, TD-FPtaxalso modifiesthe countinformationin the
FP-treenodes.For eachnew suffix extensiony, anew headetable
H _y is created.The headertable containsitems prior to theitem
y in thepreviousheade table. Thenfollowing the node-linksof y,
the prefix pathsto the root nodearetraversed. During the traver-
sal, the nodelinks of the FP-treenodesarereconnectd to heade
table H_y. The countsin heade tableandin the FP-treenodeare
alsomodifiedrelative to its co-occurencevith y. The processs
recursvely iterated.

4. PERFORMANCE EVALUATION

Thealgorithmsof Bottom-UpFP-tax,Top-Dowvn FP-taxandCu-
mulateis implementedn C. They are executel sequentiallyon a
SunFire 4800with four 900MHz CPUs.Thetotal mainmemoryis
16GBandthe operatingsystemis Solaris8.

The synthetictransactiordatageneratordevelopedat IBM Al-
madens usedo preparghedatasetf2?]. Herewereporttheexperi-

mentresultsontwo datasetsalledR50F20T2512@GndR250F5T1014

with parameterslescribedn table?2.

Theexeautiontime of eachalgorithmwith severalminimumsup-
portsaregivenin Figure6 andFigure7. Notice thatlogarithmic
scaleis usedfor the executian time. The experimentresultsclearly
shav that our proposedalgorithmscan outperformCumulatesig-
nificantly. In particular Top-Donvn FP-taxcan deliver two order
of magnitudedetterperformancevenwith low minimumsupport
for denseR50F20T2512@atasetWhentheminimumsupportas
setto 2%, the executionof CumulateandBottom-UpFP-taxwere
abortedbecausehey did notfinish after24 hours.



R50F20T25120| R250F5T1014
Sizeof transactiordata | 145MB 61MB
Numberof transactions 1000000 1000000
Avg. transactiorlength | 25 10
Avg. patternlength 20 4
Sizeof taxonomy 1MB 1MB
Numberof items 100000 100000
Numberof roots 50 250
Averagefanout 20 5

execution time (s)

execution time (s)

Table 2: Datasetparemeters
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Figure 6: Performancecomparison(R50F20T25120)
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Figure 7: Performancecomparison(R250F5T1014)

Whentheminimumsupports low, the FP-treds becomingmore
bushy so that Bottom-Up FP-taxneedsmoretime to traversethe
tree. However sincethe ancestorsare likely more frequent,they
tendto dominatetheupperpartof the FP-tree. ThusTop-Down FP-
taxis expectal to benefitmorefrom theproposediltering methods.

Here we only perform comparisonwith Cumulate. However
otheralgorithmssuchasPrutaxarereportedo deliver at mostone
orderof magnituds fasterthanCumulate{4].

5. SUMMARY AND CONCLUSION

Generalizedissociatiomule mining with taxonomyis oneof the
complicded mining task that requireslong processingime. As
far asauthorsknow only Apriori basedalgorithmsareavailable to
performdatamining on generalizd associatiorrule.

We proposedwo FP-treebasedalgorithmsnamelyBottom-Up
FP-taxand Top-Down FP-tax. The algorithmsemploy two kinds
of filter to remove itemsetscontainingitem andits ancestors The
distribution of ancestorén the FP-treds utilized betterby the Top-
Down FP-taxsothatit canrecordmorethan200timesbetterper
formancethanCumulatealgorithm.

In frequentpatternmining researchit is well known thatsome
charateristicsof the datasetsuchasthe densenessanaffect the
choiceof mining algorithm. We are going to investicate the effi-
cieng of the proposedalgorithmsagainstmore datasets.In par
ticular, we areinterestedn how certaincharactestics suchasthe
distribution of the ancestorsn the FP-treecan affect the perfor
mance
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