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ABSTRACT
Datamining hasbeenwidely recognized asa powerful tool to ex-
plore addedvalue from large-scaledatabases.One of datamin-
ing techniques,generalizedassociationruleminingwith taxonomy,
is potentialto discover moreusefulknowledgethanordinaryflat
associationrule mining by takingapplicationspecificinformation
into account.We proposepatterngrowth mining paradigmbased
FP-taxalgorithm,which employs a treestructureto compressthe
database.Two methodsto traversethetreestructureareexamined
: Bottom-UpandTop-Down. Experimentalresultsshow thatboth
methodssignificantly outperformclassicCumulatealgorithm, in
particularTop-Down FP-taxcanachieve two orderof magnitudes
betterperformancethanCumulate.
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1. INTRODUCTION
Onepopularmethodof datamining is associationrule mining

[1]. This mining that is alsoknown as“basket dataanalysis”re-
trievesinformationlike “90% of the customerswho buy A andB
alsobuy C” from transactiondata.Theassociationrulecanbegen-
eralized[8]. In generalized associationrules,application-specific
knowledgein theform of taxonomies(is-a hierarchies)over items
areusedto discovermoreinterestingrules.

Thereare only a few researcheson algorithmsto mine gener-
alized associationrules [8, 4, 10]. SomeSQL queriesto mine
generalizedassociationruleswereproposed[6, 5]. Performance
evaluationsonparallelengineswerealsoreported[5, 7].

All known algorithmsarebasedon Apriori-lik e level-wiseap-
proach[2]. Recentlya paradigmhasbecomea new trend in the
field of frequentpatternmining research.The paradigmis often
�
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calledpatterngrowthor divide-and-conquer. Themainideasof the
paradigmaretheprojectionof databaseinto acompact on-memory
datastructureandthenit usesa divide-and-conquermethodto ex-
tractfrequentpatternsfrom thedatastructure.Oneof themostsuc-
cessfulpioneeringalgorithmsis FP-growth [3]. FP-growth devises
adatastructurecalledFP-treethatcollectsall informationrequired
to minefrequentpatterns.

Hereweproposetwo variantsof algorithmFP-taxto minegener-
alizedassociationruleswhichbasedonthepatterngrowthparadigm.
Both algorithmsusea treestructuresimilar with FP-tree.The al-
gorithmsdiffer on the methodsto traversethe tree. A bottom-up
traversalis employedby Bottom-UpFP-tax,andatop-down traver-
salis employedby Top-Down FP-tax.

2. MINING GENERALIZED ASSOCIATION
RULE WITH TAXONOMY

2.1 AssociationRule Mining
A typical exampleof associationrule is “if a customerbuys

�
and � then90%of this kind of customersbuy also � ”. Here90%
is calledthe �����
	���
�������� of therule. Anothermeasureof a rule is
calledthe ������������� of therule.

Transactionsin a retail databaseusuallyconsistof an identifier
anda setof itemsor itemset. � ��� � � ��� in above exampleis an
itemset.An associationruleis animplicationof theform  "!$#&%
where and % areitemsets.An itemset hassupport� if � % of
transactionscontainthatitemset,herewedenote�'!(�����)��������*+ -, .
The supportof the rule  .!/#0% is ��������������*+ 213%4, . The�����5	)��
����6��� of that rule canbewritten astheratio ��������������*+ 71%4,98���������������*+ -, .

The problemof mining associationrulesis to find all the rules
thatsatisfya user-specifiedminimumsupportandminimumconfi-
dence, whichcanbedecomposedinto two subproblems:

1. Find all combinationsof items,calledlargeitemsets,whose
supportis greaterthanminimumsupport.

2. Usethelargeitemsetsto generatetherules.

Sincethefirst stepconsumesmostof processingtime, develop-
mentof miningalgorithmshasbeenconcentratedon thisstep.

2.2 GeneralizedAssociationRule with Taxon-
omy

In mostcases,itemscanbeclassifiedaccordingto somekind of
“is a” hierarchies.[8] For example“Sushiis a JapaneseFood” and



Figure1: Taxonomyexample

Table1: Exampleof TAXONOMY table
DESC ANC
Sushi JapaneseFood
Sushi Food
Sukiyaki JapaneseFood
Sukiyaki Food
Pizza ItalianFood
Pizza Food
JapaneseFood Food
ChineseFood Food
ItalianFood Food

also“Sushi is a Food” canbe expressedas taxonomyasshowed
in figure 1. Herewe categorizesushiasdescendant andJapanese
food andfood areits ancestors.This treecanbe implementedas
a taxonomytablesuchasshown in thesamefigure. By including
taxonomyasapplicationspecificknowledgemoreinterestingrules
canbediscovered.

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

Previousworkson generalizedassociationrule mining put great
efforts to prunethecombinationsof itemswhichareunlikely to be-
comefrequent[8, 4, 10]. Cumulatealgorithmis basedon Apriori-
like algorithm with threeoptimizationssuchas filtering the an-
cestorsaddedto thetransactions,pre-computingtheancestorsand
pruningitemsetscontaininganitemandits ancestors[8].

3. TREE BASED GENERALIZED ASSOCI-
ATION RULE MINING ALGORITHMS

Our algorithm employs a tree structurecalled FP-tree[3], but
the FP-treealso includesthe taxonomyinformation. We propose
two methodsto traversetheFP-treein orderto extractthefrequent
patternswhich will beusedto generatethegeneralizedassociation
rules.

3.1 Construction of the tr eestructur e
Theconstructionof theFP-treerequirestwo scansof thetransac-

tion database.Thefirst scanaccumulatesthesupportof eachitem
andthenselectsitemsthatsatisfyminimumsupport,i.e. frequent
1-itemsets.Thesupportsof theancestorsof eachitem arealsoac-
cumulated.Thoseitemsaresortedin frequency descendingorder
to form F-list. ThesecondscanconstructstheFP-tree.

The pseudocode for the constructionof the FP-treeis given
in Figure 2. First, the ancestorsof eachitem in the transaction
is added. Then the transactionsare reorderedaccordingto the
F-list, while non-frequentitems are strippedoff. Lastly, the re-
orderedtransactionsareinsertedinto the FP-tree. In the function
insert fptree, if thenodecorrespondingto the itemsin transaction

construct_fptree(database D, flist FList)
input : database D, F-list FList;
output : FP-tree FPtree;
{
1:while not eof(D) do
2: tranline = read_trans(D);
3: begin
4: add all ancestors of each item in tranline
5: removing any duplicates in tranline
6: end
7: o_trans = get_ordered_trans(Flist, tranline);
8: insert_fptree(FPtree, o_trans);
9:end while
}

Figure2: Pseudocodeof FP-treeconstruction

Figure3: Exampleof FP-treeconstruction

exists thecountof thenodeis increased,otherwisea new nodeis
generated andthecountis setto one.Thesameorderof the items
playsimportantrolefor thecompressionof thedatabasesincecom-
monprefixescanbesharedamongmany transactions.

TheFP-treealsohasa frequent-itemheadertablethatholdsthe
headof the node-links,which connect nodesof sameitem in FP-
tree. The node-linksfacilitateitem traversalduring the mining of
frequentpatterns.

An exampleof theconstructionof taxonomyconciousFP-treeis
givenin Figure3. Thetwo level taxonomywith ancestors: �<;��<= is
depictedontheupperleft of thefigure,andthetransactiondatabase
is givenbelow it. Theminimumsupportis setto three(50%).After
thefirst pass,theF-list is determined.Noticethatancestor: is also
includedin theF-list althoughits descendantsareinfrequentitems.

After thetransactionsarereordered,they areinsertedoneby one
into theFP-tree.Thefinal FP-treeis depictedon the right sideof
theFigure3.

3.2 Bottom-up traversalmethod
The pseudocodefor the recursive function Bottom-UpFP-tax

(BU-FPtax) is given in Figure 4. Inputs to the BU-FPtaxalgo-
rithm aretheFP-tree,theminimumsupport,anda list of ancestors
which have beeninvestigatedso far. To find all frequentpatterns
whosesupportarehigherthanminimumsupport,BU-FPtaxadopts
the samemethodologywith FP-growth calledconditional-search,
which looksfor all patternswith thesamesuffix onceata time [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
alsostoresthe counton the nodeas the countof the prefix path.
Theprefixpathsform theso-calledconditionalpatternbaseof that



procedure BU-FPtax(FPtree, X, anclist);
input : FP-tree Tree, itemset X, itemset anclist;
{
1:for each item y (bottom-up 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;

//Filtering 2
4: generate pattern Y = y U X with

support = y.support;
5: begin
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
}

Figure4: Pseudocodefor Bottom-Up FP-tax

item.
Theconditionalpatternbaseis a smalldatabaseof frequentpat-

ternsthat co-occurwith the item. Then BU-FPtaxcreates small
FP-treefrom the conditionalpatternbasecalled conditional FP-
tree. During eachiteration,a new frequentitemsetis generatedby
addingthe suffix to the itemsetfrom the previous iteration. BU-
FPtaxalsomaintainsa list of ancestorsanclist for the itemsin the
currentitemset.

Hereweproposetwokindof filteringmethodsutilyzing thechar-
acteristicsof ancestor-descendant relationto reducethesearchspace.
Thetheoriticalfoundationfor theoptimizationsis givenin theCu-
mulatepaper[8], whichstatesthefollowing observations:

1. We do not needto countany itemsetwhich containsbothan
item andits ancestorbecausethesupportis containedin the
ancestor’s support.

2. Pruningof suchitemsetis sufficient to ensurethatwe never
generateitemsetsin subsequentiterationswhichcontainboth
anitemandits ancestor.

Two kindsof filtering methodsareneededto completely remove
itemsetsthatcontainbothanitemandits ancestors:

1. Pruningitemsetwhoseitem is alreadyin theanclist

Theanclistcontainsall ancestorsexaminedsofarfor thecur-
rentsuffix. Thusit is sufficient to checkthemembershipof
theanclistagainsttheitem to make surethatno ancestorsof
theitem in theitemset.

2. Pruning items whoseancestors is alreadyincluded in the
itemset

Thesecondfiltering is neededin orderto prunethedescen-
dantsof the items in the itemset. The first filtering only
checks theancestorsof theitem. It is alsoobviousthatdirect
descendantsof itemsin theitemsetis notneeded.

WhenBU-FPtaxencounterssuchconditions,theiterationisstopped
andBU-FPtaxprocessesthenext item.

The processis recursively iterateduntil no conditionalpattern
basecanbegeneratedandall frequentpatternsthatcontaintheitem
arediscovered.

procedure TD-FPtax(H, X, anclist);
input : header_table H, itemset X,

itemset anclist;
{
1:for each item y (top-down order) in H do
2: if(y.support >= minsupp) then
3: if(y is in anclist) then continue;

//Filtering 1
4: if(ancestors of y is in Y) then continue;

//Filtering 2
5: generate pattern Y = y U X with

support = y.support;
6: begin
7: add ancestors of y to anclist;
8: end
9: H_y = create_new_header_table(H, y);
10: reconnect_node_links(H_y);
11: if(H_y is not NULL) then
12: BU-FPtax(H_y, Y, anclist);
13: end if
14: end if
15:end for
}

Figure5: Pseudocodefor Top-Down FP-tax

3.3 Top-down traversalmethod
The top-down algorithmTop-Down FP-taxis inspiredby algo-

rithm Top-Down FP-growth [9]. The advantageof this methodis
noneedto constructtheconditionalpatternbasesandthesubtrees.
Thefiltering methodssimilar with Bottom-UpFP-taxarealsoem-
ployed to avoid the unnecessarytraversalsof items which occur
with their ancestors.

The recursive function TD-FPtaxis depictedin Figure5. TD-
FPtaxeliminatesthegenerationof conditionalpatternbasesby di-
rectly reconnecting the nodelinks of the FP-tree. During the re-
connection, TD-FPtaxalsomodifiesthe count information in the
FP-treenodes.For eachnew suffix extension

;
, anew headertable> ;

is created.The headertablecontainsitemsprior to the item;
in thepreviousheader table.Thenfollowing thenode-linksof

;
,

the prefix pathsto the root nodearetraversed.During the traver-
sal, thenodelinks of theFP-treenodesarereconnected to header
table

> ;
. Thecountsin header tableandin theFP-treenodeare

alsomodifiedrelative to its co-occurencewith
;

. The processis
recursively iterated.

4. PERFORMANCE EVALUATION
Thealgorithmsof Bottom-UpFP-tax,Top-Down FP-taxandCu-

mulateis implementedin C. They areexecuted sequentiallyon a
SunFire4800with four 900MHzCPUs.Thetotalmainmemoryis
16GBandtheoperatingsystemis Solaris8.

The synthetictransactiondatageneratordevelopedat IBM Al-
madenisusedtopreparethedatasets[2]. Herewereporttheexperi-
mentresultsontwodatasetscalledR50F20T25I20andR250F5T10I4
with parametersdescribedin table2.

Theexecutiontimeof eachalgorithmwith severalminimumsup-
portsaregiven in Figure6 andFigure7. Notice that logarithmic
scaleis usedfor theexecution time. Theexperimentresultsclearly
show that our proposedalgorithmscanoutperformCumulatesig-
nificantly. In particular, Top-Down FP-taxcandeliver two order
of magnitudesbetterperformanceevenwith low minimumsupport
for denserR50F20T25I20dataset.Whentheminimumsupportwas
setto 2%, theexecutionof CumulateandBottom-UpFP-taxwere
abortedbecausethey did not finishafter24hours.



R50F20T25I20 R250F5T10I4
Sizeof transactiondata 145MB 61MB
Numberof transactions 1000000 1000000
Avg. transactionlength 25 10
Avg. patternlength 20 4
Sizeof taxonomy 1MB 1MB
Numberof items 100000 100000
Numberof roots 50 250
Averagefanout 20 5

Table2: Datasetparemeters

Figure6: Performancecomparison(R50F20T25I20)

Figure7: Performancecomparison(R250F5T10I4)

Whentheminimumsupportis low, theFP-treeis becomingmore
bushy so that Bottom-UpFP-taxneedsmore time to traversethe
tree. However sincethe ancestorsare likely more frequent,they
tendto dominatetheupperpartof theFP-tree.ThusTop-Down FP-
taxis expected to benefitmorefrom theproposedfiltering methods.

Here we only perform comparisonwith Cumulate. However
otheralgorithmssuchasPrutaxarereportedto deliver at mostone
orderof magnitudes fasterthanCumulate[4].

5. SUMMARY AND CONCLUSION
Generalizedassociationruleminingwith taxonomyis oneof the

complicated mining task that requireslong processingtime. As
far asauthorsknow only Apriori basedalgorithmsareavailable to
performdataminingongeneralized associationrule.

We proposedtwo FP-treebasedalgorithmsnamelyBottom-Up
FP-taxandTop-Down FP-tax. The algorithmsemploy two kinds
of filter to remove itemsetscontainingitem andits ancestors. The
distributionof ancestorsin theFP-treeis utilizedbetterby theTop-
Down FP-taxsothat it canrecordmorethan200timesbetterper-
formancethanCumulatealgorithm.

In frequentpatternmining research,it is well known that some
characteristicsof thedatasetssuchasthedensenesscanaffect the
choiceof mining algorithm. We aregoing to investigatethe effi-
ciency of the proposedalgorithmsagainstmoredatasets.In par-
ticular, we areinterestedin how certaincharacteristicssuchasthe
distribution of the ancestorsin the FP-treecan affect the perfor-
mance.
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