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Abstract

Most of today's techniquesfor datamining andassocia-
tion rulemining (ARM) in particular, canbeaptly termed
“�at �le mining”, since the databaseis typically trans-
formedto a �at �le that is input to the mining software.
Previousresearchin theintegrationof ARM with databases
lookedlargely at exploiting language(SQL) asa tool for
implementingmining algorithms. In this paperwe ex-
plore an alternative approach,usingvariousdataaccess
methodsand systemsprogrammingtechniquesto study
theef�ciency of miningdata.

Wepresentasystematiccomparisonof theperformance
of horizontal ���
	���
�����
�� and vertical ������������� ARM ap-
proachesutilizing �at-�le andarangeof indexeddatabase
approaches.Measurementsof run time asa function of
databaseand minimum supportthresholdare analyzed.
Experimentalpro�ling measuresof thefrequency andcost
of variousoperationsarediscussed.This analysismoti-
vatedboth the useof adaptive ARM techniquesandthe
developmentof a simple yet novel linked block struc-
ture to supportef�cient transactionpruning. We alsoex-
ploretechniquesfor determiningwhatkindsof databen-
e�t from pruning,andwhenpruningis likely to help.
Keywords: Indexing, DataAccess,PerformanceAnaly-
sis,AssociationRules

1 Intr oduction

Evenafteralmostadecadeof datamining,mostof today's
techniquescanbemoreappropriatelytermedas“�le min-
ing”, sincetypically, little interactionoccursbetweenthe
miningengineandthedatabase.Techniquesareneededto
bridgethis gap.Theultimategoalwouldbeto supportad
hocdataminingqueries,focusingonincreasingprogram-
mer productivity for mining applications[10]. Previous
researchin integratingmining anddatabaseshasmainly
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looked at the languagesupport. DMQL [6] is a min-
ing query languagedesignedto supportthe wide spec-
trum of commonmining tasks. It consistsof speci�ca-
tionsof four mainprimitives,which includethesubsetof
datarelevant to the mining query, the type of task to be
performed,thebackgroundknowledge,andconstraintsor
“interestingness”measures.MSQL [11] is an extension
of SQL to generateandselectively retrieve setsof rules
from a large database.Data and rules are treateduni-
formly, allowing variousoptimizationsto be performed;
onecould manipulategeneratedrules or one could per-
form selective, query-basedrule generation.The MINE
RULE SQL operator[15] extendsthesemanticsof asso-
ciationrules,allowing moregeneralizedqueriesto beper-
formed.Query�ocks [20] usesagenerate-and-testmodel
of datamining; it extendstheApriori [1] techniqueof as-
sociationmining to solve more generalmining queries.
In [2], a tight-coupling of associationmining with the
databasewas studied. It usesuser-de�ned functionsto
push parts of the computationinside the databasesys-
tem. A comprehensive studyof several architecturalal-
ternativesfor databaseandmining integrationwerestud-
ied in [19], in thecontext of associationmining; theseal-
ternativesinclude: 1) loose-couplingthrougha SQL cur-
sor, 2) encapsulatingthe mining algorithm in a stored-
procedure,3) cachingthe dataon a �le-system on-the-
�y and then mining it, 4) using user-de�ned functions
for mining, and5) SQL implementations.They studied
four approachesusingSQL-92andanothersix in SQL-
OR (SQL with object-relationalextensions). They con-
cludedexperimentallythatCache-Mineapproach,which
is an enhancedversionof the �at-�le Apriori method,is
clearlysuperior, while SQL-ORapproachescomewithin
a factorof two. The SQL-92approacheswerenot com-
petitivewith thealternatives.

In this paper, we study the other, almostneglected,
axis in mining anddatabasesystemintegration,i.e., ef�-
cient indexing anddataaccesssupportto realizeef�cient
query execution. We considerassociationrule mining
(ARM) asa concreteexampleto illustrateour techniques
andfor analysis.Althoughmakinginformeddesigndeci-
sionsis dif�cult dueto complex trade-offs betweendata
organization,choiceof algorithm,anddataaccessmeth-
ods,it is somewhatsurprisingthatlittle to noperformance



analysishasbeendonefor ARM methods.Onesuchwork
by Dunkel andSoparkar[5] studiedtheperformanceand
I/O cost of the traditional row-wise (or horizontal) im-
plementationof Apriori versusa column-wise (or verti-
cal) implementation.They foundvia simulationsthatthe
column-wiseapproachsigni�cantly reducesthe number
of diskaccesses.

AssociationRuleMining andrelatedterminologyare
describedas follows. Let � be a set of items, and �
a databaseof transactions,whereeachtransactionhasa
uniqueidenti�er (tid) andcontainsasetof itemscalledan
itemset.An itemsetwith � itemsis calleda � -itemset.The
supportof anitemset� , denoted� ��� � , is thenumberof
transactionsin whichthatitemsetoccursasasubset.Sub-
setsof an itemset,of length � arecalled � -subsets.An
itemsetis frequentor large if its supportis more thana
user-speci�ed minimum supportvalue(min sup). ��� is
thesetof frequent� -itemsets.A frequentitemsetis max-
imal if it is notasubsetof any otherfrequentitemset.

An associationrule is anexpression� 	�
 �
���� , where
� and � are itemsets.The rule's support � is the joint
probabilityof a transactioncontainingboth � and � , and
is given as ����� ��� � � . The con�dence � of the rule is
theconditionalprobability thata transactioncontains� ,
giventhatit contains� , andisgivenas����� ��� � ����� � � � .
A rule is frequentif its supportis greaterthanmin sup,
andstrongif its con�denceis morethana user-speci�ed
minimumcon�dence(min conf).

To exploretheimpactof algorithmselectionanddata
layout, we comparedandcontrastedApriori [1], a bot-
tomup breadth�rst countingbasedapproachonhorizon-
tal datalayoutsandEclat [21], a depth�rst intersection
basedapproachon vertical datalayouts. For Apriori we
measuretheimpactof pruningapproaches[17].

WeconjecturedthatApriori ismoreef�cient thanEclat
in �nding large itemsetsin the early passes,when the
itemsetcardinalityis small,but inef�cient in laterpasses
of the algorithm, when the frequentitemsetshave high
length but decreasein number. But Eclat on the other
hand,hasbetterperformanceduringthesepassesasit uses
tidlist intersections,andthetidlistsshrinkwith increasein
thesizeof itemsets.Thismotivatedastudyof anadaptive
hybrid strategy which switchesto Eclat in higherpasses
of the algorithm. Since it is typical to mine the same
datamany timeswe createdthe vertical format �le off-
line. However, theconversionof candidateitemsetsin the
Apriori phaseto a list of pre�x-basedequivalenceclasses
in the Eclat phase,imposesan unavoidableoverheadin
the hybrid strategy. Hybrid strategieswerealso studied
in [19] and [9]. While theformerstrategy only involved
datarepresentations,the latter alsoinvolveda changein
searchstrategy (DFS asopposedto BFS). To avoid pre-
matureswitching, our hybrid approachusesa heuristic
which switchesfrom Apriori to Eclat whensuccessive it-
erationsof Apriori , experiencesadecreasein thenumber
of candidates.

2 Data AccessMethodsand Middle-
wareDesign

Considertheimpactof theinteractionbetweendatalayout
andour indexing strategy. Horizontalformatsgroupdata
by transaction,storingthe tid andthe itemsetasa length
delimitedvector. Verticalformatsgroupdataby itemsets,
storingtheitemsetid andthetidlist. Typically tidliststend
to be longer than itemsets. To explore the trade-off be-
tweenthe level of granularityandindexing overhead,we
usethefollowing designspacetaxonomy:

� coarse-grained
 index on the tid or the itemset
id asthe key treatingthe correspondingitemsetor
tidlist asa variablelengthdata�eld.

� �ne-grained 
 index orderedpairsusing � � 
���� 
��! #" �
for horizontalformatsand � 
��! $"%�$ *�!&(')��� 
���� for ver-
tical formats.This level of granularitydoesnotuse
thedata�elds associatedwith theindex.

� hybrid granularity 
 fragmenttidlists and/oritem-
setsinto blockswhenwriting to disk andreassem-
ble while readinginto memory. This canbeuseful
if acoarse-grainedapproachwouldbedesirablebut
thestoragemechanismcannothandlelargevariable
lengthdataitems.

In practicehybrid granularity mechanismswould most
likely beneededin verticalformatapproachesdueto long
tidlists thattendto beencountered.

Considerourlongtermgoalof supportingadhocqueries
which drivesthemiddlewarelayer's design.We usedthe
dataaccesspatternsexhibitedby Apriori andEclat asrep-
resentativetemplatesof accesspatternsexpectedin adhoc
queries(sincethe queriesare likely to invoke the algo-
rithmsbasedon thesemethods).Thisstructuralsimilarity
(with regardsto dataaccess)to Apriori andEclat allowed
usto preciselyde�ne theinterfacefunctionality. Another
importantconstraintfor large datamanagementin gen-
eral [8], andspeci�cally for generalpurposeadhocmin-
ing querytools is that the interfacemustmaximizeinde-
pendencebetweenthealgorithmandtheunderlyingdata
organization,while minimizing the amountof ef�ciency
sacri�ced. Our selectioncriteria motivateda designto
supportef�cient accessthat is transparentwith respect
to dataorganization. The interfacesupportingthis ac-
cessincorporatesvarioushigh level dataaccessmethods
asa middlewarelayer. The high level dataaccessmeth-
odsusedin mining horizontalandvertical dataformats
aregivenin Table1.

2.1 Low Level Data AccessMethods and A
Link ed Block Structure

Variousindexeddataorganizationssupportthe function-
ality for themiddlewareasdescribedin Section2, two of
whichwerestudied.First,weused*,+ 
 treeswith differ-
ent levels of granularityto storethe data. Secondly, the
natureof dataaccessin Apriori , motivatedusto develop



DataFormat OperationsNeeded
Any OpenDatabase

CloseDatabase
PopulateDatabase

Horizontal GetNext Transaction
Resetcursorto startof transactionstream

Deleteitem (if pruningenabled)
Deletetransaction(if pruningenabled)

Vertical Gettransactionidsassociatedwith itemset
insertitemsetandassociatedtidlist

Table1: Dataaccessrequirementsaccordingto dataformatin AssociationRuleMining

a lesssophisticatedbut moreoptimizedstructurethatper-
mitted all the functionality requiredby Apriori , includ-
ing deletions,andyet whoseoverheadwasnot too much
from theraw �at �le format.Thisstructurewasmotivated
by a minimalistapproachof extending�at �les to permit
deletionof items/transactions.Eventhoughwe usedthis
specializedindexing schemethatwasapplicableonly for
Apriori , it providesa baselinefor comparingtheindexed
dataorganizationsthatsupportpruningin Apriori .

Considera pruning versionof Apriori [17] that re-
peatedlytraversesthedataonetransactionata time. Each
time a transactionis visited, the countsof the relevant
candidatesareupdatedandthenpart or the entire trans-
actionarepruned. In additionto thehorizontaldatabase
operationsdescribedin Section2, any new dataorganiza-
tionmustprovidefunctionalityto storedatain thatformat.
The mostcommonoperationsperformedduring pruning
in Apriori are,readingof transactionsanddeletion.Using
* + trees[4,12,13] permits

� ���*� diskandmemoryoper-
ationsfor reads(sameasa �at �le), however thedeletion
overheadis

� �����	��

� � for a treewith � elementsand
" keys per index nodedueto index maintenance.How-
ever, sinceApriori alwayspositionsthedatacursorat the
transactionwherethepruningis goingto occur, it is possi-
ble to avoid the index traversal,in facta linkedlist struc-
ture (reminiscentof the leaf nodestructurein * + trees)
couldreducethedeleteoverheadto

� ����� without increas-
ing the readingoverhead.Readinga transactionconsists
of fetchingthenext blockondemandif needed,anddoing
a pointeroffsetcalculationinto theblock. For ef�ciency,
transactionsarescannedin usingazerocopy readthatre-
turnsa pointerinto thememoryusedto cachetheblock.
Double buffering is usedwhen the block is completely
scanned,so that both the previously readblock (if it ex-
ists)andthecurrentblock arecachedto supportmerging.
ThisLinkedBlock Structurewill henceforthbereferredto
asBFS(standsfor Block File structure)layout.For more
detailssee[18].

3 Empirical Study

Ouruseof indexingpackageswasmotivatedbyadesireto
be ableto integratemining techniquesmoretightly with
existing DBMS systems. In keepingwith our require-
mentsfor ef�cient indexed andsequentialaccesswe se-

lectedtwo freely available *,+ -treepackages,supporting
* + -treestyle access,thegeneralized indexed search tree
(GiST) [7] andSleepycat'sBerkeley DB [16].

Thealgorithmswerebenchmarkedusingapopularset
of syntheticdatabasesfor many ARM implementations.
Weusedthesyntheticbenchmarkdatagenerationapproach
describedin [1]. Let ' denotethenumberof transactions,�

theaveragetransactionsize,& thesizeof amaximalpo-
tentially frequentitemset, � the numberof maximalpo-
tentially frequentitemsets,and � thenumberof items.In
all our experiments,we use � �������	� and � �������	� .
Experimentsareconductedwith differentvaluesof ' ,

�

and & .
For real databases,we selectedthreeexamplesfrom

theUCI databaserepository[3]: CHESS,MUSHROOM
andCONNECT, for our experiments.We usedour own
proceduresfor databaseformat conversionto allow run-
ning therespectivealgorithmson thedatabases.

The experimentsuseda 500MHz dual Intel Celeron
processormachinewith 256MB of ECC RAM and1GB
of swapspacerunningFreeBSD4.2. Thedisk controller
usesUDMA 33technology. andthedrive is a singleIBM
Deskstar34GXP20.5GB drive with 7200RPM rotation
speedand9.0msecmeanaccesstime.

Theobjectivesof theexperimentwerecategorizedas
follows: (i) observe theeffect of dataorganizationon ex-
ecutiontime, (ii) explore thestorageef�ciency/overhead
for variousdataorganizationsand(iii) studytheeffect of
dataorganizationonwherethemethodsspendtheir time.

We explored theseissuesacrossthe rangeof algo-
rithmsanddataaccessmethodspresentedin Table2. For
example,Apriori with �at-�les is labeledAPR,while Apri-
ori with BFS is labeledAPR-BFS,andso on. As com-
pile time binding of dataaccessmethodswas used,the
BFSlayoutdescribedin Section2.1couldnotbeusedfor
Eclat andHybrid approaches,aslong tidlists would need
to spanblocks (which is currentlynot supportedby the
BFS layout). The systematictestingof eachalgorithm
and its available dataaccessmethodsallowed us to ex-
plorea rangeof interactionsandisolatetheimpactof the
dataaccessmethodon thealgorithms'performance.

3.1 Effect of DataOrganizationonRun Time

Runtime is sensitive to thealgorithmused,thedatalay-
out, minimumsupportvalueandthe�le accessmethods.



Algorithm FlatFile FineGrainGiST CoarseGrainGiST BFS Sleepycat
Apriori APR APR-FG APR-CG APR-BFS APR-DB
Eclat ECL ECL-FG ECL-CG ECL-DB

Hybrid HYB-FG HYB-CG HYB-DB

Table2: NotationalConventionsfor ARM Algorithms/DataAccessMethodCombinationsUsed

Figure 1 presentsexecutiontimes for the syntheticand
realdatabasesdescribedin Section3, measuringbothsen-
sitivity to supportandscalabilitywith databasesize.Due
to spaceconstraints,we presentonly a subsetof all the
plotsandrefer thereaderto [18] for a morecomprehen-
siveversionof thesame.

We soughtto measurehow run timesof indexing and
BFS methodswithout pruningcomparedagainst�at �le
run times.TheAPR �at �le algorithmstendedto slightly
outperformthe BFS algorithms,the speedupof �at �les
over BFSfell within the range ��� � ��� APR-BFSRunTime

APR RunTime

�
��� � , with thelargestspeedupin theT5I4D100Kdatabase,
and the smallestspeedupin the T20I6D100K database.
Most databasesandsupportsexperiencinga speedupsin
therangeof 1.0and1.3.

Thepruningvariantsof Apriori useeitherBFSor in-
dexing, in orderto tradeoff theextra processingof prun-
ing in anattemptto reducescanningin laterpasses.The
overheadof pruningwasfrequentlyhigher. Theminimal-
ist designof theBFSlayercamecloseto matching�at �le
performance,only occasionallyoutperforming�at �les
(asseenin the T20I6D100Ktimings in Figure1(d), for
min sup ��� �	� 
 � �	� �	� , bothmethodsrequired13 passes).
BFSwith pruningtendedtooutperformBFSwithoutprun-
ing,althoughthereweresomeexceptions,e.g.thetimings
in Figure1(a)and(g), dueto BFS's supportfor physical
deletion.Theuseof anindexing tool thatdoesnotsupport
physicaldeletion(GiST) doesnot leadto a performance
improvementdueto reducedscanningloadin laterpasses
over the datasetandhencemay re�ect the betterperfor-
manceof non-pruningindexedmethodsovertheirpruning
counterparts.

For �at �les, coarsegrainedindexing and BFS ap-
proaches,Eclat versionsperformedwell andwere scal-
ablerelativeto Apriori versions,asseenin Figure1. Both
Apriori and Eclat usethe indexed structuresdifferently,
only Eclat usesinsertion,only pruningvariantsof Apriori
usedeletion,while other approachesuseonly retrieval.
We expectedApriori to performwell in theearlypasses,
andthatlaterpasseswouldbene�t from Eclat 'sdepth�rst
approach.Weemployedahybridapproachasdescribedin
section1 to utilize thebestcasesof bothmethods.How-
ever, our hybrid approachwasconsistentlyoutperformed
by Eclat , in factwe discoveredthatforcing theswitchto
Eclat at the beginning (after secondpass)worked best.
Other horizontal mining algorithmsmay have different
performancecharacteristicsfor the hybrid approachand
mayswitchat differentpassesthanApriori .

Finegrainedstructuresre�ect the layoutusedin sup-
portinghighlynormalizeddatarepresentationsin relational
databasesystems.Fine grainedapproachesusing GiST
werestronglyoutperformedby theircoarsegrainedequiv-
alents. This implies that the overheadof the extra data,

indexing andthe fragmentationandreassemblyof trans-
actions/tidlistsdominatedthe computation.The amount
of speedupgainedby going to a coarsegrainedrepre-
sentationappearsto bea functionof themeanitemsetor
tidlist length.Thelargestspeedupwas � � � ECL-FGrun time

ECL-CGrun time
for theconnectdatabase.TheEclat speedupobtainedby
goingfrom coarsegrainedto �ne grainedrepresentations
wassensitive to min sup. For example,the T5I4D100K
databasehada monotonicallydecreasingspeedup with
increasein min sup, with aspeedupof ���
� 
 for min sup �
�
� ����� , anda speedupof �
��� for min sup � �	� �	��� . The
conversionfrom horizontalto verticalformat�ne-grained
layoutwasa major factorcontributing to the speedupof
coarsegrainedover �ne grainedEclat . The competing
hybrid, and Apriori approachesin particularhad much
smallerspeedupsof coarsegrainedover �ne grainedap-
proaches,andweremuchlesssensitive to min sup. The
pureApriori approachesenjoyedspeedupsof about5 for
most databases,with the largestspeedupbeing for the
largestvaluesof support; the hybrid approacheshad a
largerspeedup(ashighas11 for Mushroom).

Combinedpruning and *,+ -tree style indexing was
moreeffective thanthe correspondingnon-pruningvari-
ant for low valuesof min sup, since that promotedag-
gressivepruningin earlypasses.The�ne-grainedindexed
pruningapproacheswith frequentitemsetslongerthan3
tendedto berelatively insensitiveto min sup. Muchof the
pruningoccursduringiteration4.

Thecostof pruningin earlypassesrequiresthat later
passeshavesuf�ciently reducedvolumesof datato scanto
offsettheadditionalprocessingrequired.Figure2 shows
theiteration-wiseexecutiontime split for APR,APR-CG
and APR-BFS with and without pruning. The cost of
pruningin theinitial few iterationswasa lot, dueto active
pruningin theinitial passes.As theiterationsproceed,the
effect of reductionin databasesizeplaysa role in speed-
ing up the algorithms.To note,pruningon indexeddata
layouts,speedsup the algorithmin later passesto make
it fasterthan �at �le datalayout. The timings con�rm
thehypothesisthatpruningcanactuallyhelpin databases
wherethealgorithmrunsinto a fairly largenumberof it-
erations.Also, thephysicaldeletionin BFSleadsto more
effective pruning,asseenin the drasticreductionin run
time for laterpasses.

3.2 Effect of data organizationon wherethe
methodsspendtheir time

In orderto studytheeffect of dataorganizationon where
algorithmsspendtheir time, pro�ling of CPU time was
donefor the differentalgorithmsanddataformatsusing
the GNU pro�ling tool, gprof. Pro�ling statisticswere
measuredat thefunctionlevel (which tendsto belessin-
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Figure2: ItemizedPro�ling andPerformanceMeasures

trusive)with additionalrunsperformedto obtainmorede-
tailed pro�les with line numberinginformation. To give
a basisof comparison,we aggregatedtimings basedon
what sortsof jobs the functionsdid. We classi�ed each
function as performingone of the following tasks: �rst
pass,secondpass,candidategeneration,counting,data
accessmethodoperations,andotheroperations.

Figure 2 shows the pro�ling plots for variousalgo-
rithms. Theresultsareshown for a samplepro�le run on
T20I6D100kwith a supportthresholdof �
� � ��� . Thema-
jority of time for almostall datalayoutsis spenton func-
tions for supportcountingor candidategeneration.The
overheadof �ne graineddatarepresentationis re�ected
in the�ne grainedApriori , which spendsalmosthalf the
time in dataaccessfunctions.

Our pro�ling measurementscon�rmed that counting
and candidategenerationtend to dominaterun time in
coarsegrainedhorizontaldataformatalgorithms.In con-
trast,Figure2 shows that the �ne grained *,+ -treealgo-
rithms' run timesweredominatedby executingdataac-
cessmethods.

When comparing�ne grain and coarsegrain meth-
ods,we expectedthetime spentduringdataaccessmeth-
odsto decreaseasthetransactionsanditemsettidlists are
groupedtogether. Thetime spentin dataaccessmethods
in APR-FGwas ���	� ��� andthis reducedto ��� ��� in APR-
CGand ��� � � in APR-DB.

Flat �les andthe linked block �le structureappeared
to be the fastestdataaccessmethods.We expectedthat
BFSwouldbefast,asit usesaminimalistimplementation,
designedto have low overhead.The measurementscon-
�rmed thattheamountof timespentby alinkedblock�le
structurein dataaccessmethodswaslow, approachingthe
negligible time of the �at �le versionof Apriori (APR).
Hencetheexpectedperformanceof APR-BFSwasclose
to APR. The low overheadof the cursormanagementin
APR-DB resultedin processortime utilization compara-
ble to APR-BFS.

4 Summary and Conclusion

We explored integratingKDD tools with databaseman-
agementsystemswith aneye towardimproving theuser's
miningexperience,eventuallyprovidingseamlesssystems
for DBMS andKDD [14]. Our integratedschemesavoid
�le systemimposed�le size limitations and redundant
storageoverhead.While othershave exploredhigh level
approachesto expressmining operationsusinghigh level
query languages,we focuson systemssoftwaresupport
for mining andtheimpactof �le structureson mining al-
gorithmsand run time supportissues,so that informed
designdecisionscanbemade.This systematicinvestiga-
tion consistedof determiningthe individual and collec-
tive impacton storageandrun time of the following or-
thogonaldesignelements:(i) horizontalandverticalpar-
titioning basedalgorithms,Apriori andEclat , (ii) tradi-
tional �at �les, a novel BFS�le which supportspruning,
and indexed structures. (iii) granularityof dataaccess
(correspondingto level of normalizationin a DBMS) and
(iv) theimpactof pruningapproachesonhorizontalARM
(Apriori ) run time.

Flat �le accesstendedto befasterthancoarsegrained
indexing,oftengettingaspeedupof 5ormoreabovecoarse
grainedindexedmethodsfor Apriori basedmethods.Our
ef�cient linkedblock�le structurewhenusedwithoutprun-
ing hadperformanceapproachingthat of �at �le access
andshowedthataccessmethodssupportingphysicaldele-
tion cangetsigni�cant performanceimprovementin later
passes.Structuresusinglogicaldeletionexperiencelesser
performanceimprovements. However, the overheadof
determiningwhento prunewassuf�ciently large that it
tendedto offset(andoftenoverwhelms)thebene�t of re-
ducedscanningin later passes.It shouldbe notedthat
logical deletionis preferredto physicaldeletionin cases
whereit is desirableto roll backto the original dataaf-
ter mining. We would like to underscorethat run time is
not the only concern.The fact is that almost80-90%of
the time in KDD is spentin pre-/post-processing.Thus,
tight integrationof mining with a databasemakesprac-



tical sensewhenoneconsidersthe entireKDD process.
Databasesfacilitatead-hocmining andpost-mininganal-
ysisof results.

For verticaldataformats,supportfor largedataitems
associatedwith the key, binary large objects(BLOBS),
appearsto becritical. TheBLOB supportfor native *,+ -
treesin SleepycatBerkeley DB is moreef�cient thanthe
* + -tree emulationin GiST, which appearsto have im-
plicit limitationson thesizeof data�elds associatedwith
thekeys. For Eclat , coarsegrainedimplementationsus-
ing Sleepycat Berkeley DB were able to comewithin a
factorof 5 of �at �le performance.However, if thedata
is highly normalized(e.g.in �ne-grainedlayout),theper-
formanceof thesemethodsdeclinesdramaticallydue to
transactionreassemblycosts,with slowdownsashigh as
600 for thechessdatabase.We exploredanadaptive ap-
proachto testtheconjecturethatApriori tendsto bemore
ef�cient in theearlierpassesthanEclat .

The hybrid methodtendedto be uniformly lessef�-
cientthanEclat for thedatabasesbut oftenmoreef�cient
thanApriori , astheoverheadof candidategenerationand
countingof Apriori provedmoreexpensivethantheinter-
sectionmethodsusedin Eclat , evenin earlyiterations

Thecreationof themiddlewarelayer is an important
stepin developinga�e xibleanduni�ed softwareapproach
to implementingminingtools.With suchalayer, it is pos-
sible to interchangecomponentsallowing many variants
of a mining approach.Additionally, a well craftedmid-
dlewarelayer canfacilitateexperimentationandanalysis
of variousdesigntrade-offs.

Several futuredirectionspresentthemselvesfrom the
issuesencounteredduringour analysis.

1. The memoryrequirements(for storingcandidates,
for example)of variousapproaches,at times, ap-
proachedor exceededthe memorycapacityof the
machines. Exploring out of core approachesfor
storingcandidatesmight not only provide a means
for increasingour capacityto mine databases,but
alsoallow ARM usersto mine at lower valuesof
min sup.

2. Usingexistingpro�ling technologytodiagnosewhere
thesoftwarespendsits time,providesalimitedamount
of information.Pro�ling technology,however, should
permitaggregationof functionstogetherfor timing
statistics,andallow themeasurementof wall clock
and idle time, as well. This opensup an explo-
rationof developingpro�lers for datamining mea-
surements.

3. For highly datadependenttools like KDD tools, it
makes senseto automatethe collection of pro�l-
ing dataand statisticsto a form that is mineable.
This permitsquerieson thecollecteddatato corre-
lateperformanceacrossa rangeof inputs. Mining
of pro�led datamight provide feedbackthatallows
improvementsin both the compilerandKDD tool
performance.

4. ARM is, but onetask in KDD. It will be interest-
ing to seehow variousindexing techniquesanddata

accessmethodswill helpin performingotherKDD
tasks.
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