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Abstract looked at the languagesupport. DMQL [6] is a min-
ing query languagedesignedto supportthe wide spec-

Most of today's techniquedor datamining andassocia- trum of commonmining tasks. It consistsof speci ca-
tion rule mining (ARM) in particular canbeaptlytermed tionsof four main primitives,which includethe subsebf
“at le mining”, sincethe databasds typically trans- datarelevantto the mining query the type of taskto be
formedto a at le thatis input to the mining software. performedthebackgroundnowledge andconstraintsor
Previousresearclin theintegrationof ARM with databases‘interestingnessmeasures MSQL [11] is an extension
looked largely at exploiting languagg(SQL) asatool for of SQL to generateand selectvely retrieve setsof rules
implementingmining algorithms. In this paperwe ex- from a large database. Data and rules are treateduni-
plore an alternatve approach using variousdataaccess formly, allowing variousoptimizationsto be performed;
methodsand systemsprogrammingtechniquesto study one could manipulategeneratedules or one could per
theef ciency of mining data. form selectve, query-basedule generation.The MINE
We presentisystematicomparisorof theperformanceRUL E SQL operatol[15] extendsthe semanticof asso-

of horizontal (Apriori) andvertical (Eclat) ARM ap- ciationrules,allowing moregeneralizedjuerieso beper
proachesitilizing at- le andarangeof indexeddatabase formed.Query ocks [20] usesagenerate-and-testodel

approachesMeasurementsf run time asa function of
databaseand minimum supportthresholdare analyzed.
Experimentapro ling measuresf thefrequeng andcost
of variousoperationsare discussed.This analysismoti-
vatedboth the useof adaptve ARM techniquesandthe
developmentof a simple yet novel linked block struc-
tureto supportef cient transactiorpruning. We alsoex-
ploretechniquedor determiningwhatkinds of databen-
e t from pruning,andwhenpruningis likely to help.
Keywords: Indexing, DataAccess,Performanceinaly-
sis,AssociationRules

1 Intr oduction

Evenafteralmostadecadef datamining, mostof today's
techniquesanbemoreappropriatelyfermedas” le min-
ing”, sincetypically, little interactionoccursbetweerthe
mining engineandthedatabaseTechniquesreneededo
bridgethis gap. Theultimategoalwould beto supportad
hocdatamining queriesfocusingonincreasingprogram-
mer productvity for mining applications[10]. Previous
researchin integratingmining and databasesasmainly
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of datamining; it extendsthe Apriori [1] techniqueof as-
sociationmining to solve more generalmining queries.
In [2], a tight-coupling of associationmining with the
databasevas studied. It usesuserde ned functionsto
push parts of the computationinside the databasesys-
tem. A comprehensie study of several architecturalal-
ternatvesfor databas@ndmining integrationwerestud-
iedin [19], in the context of associatiommining; theseal-
ternativesinclude: 1) loose-couplinghrougha SQL cur-
sor, 2) encapsulatinghe mining algorithmin a stored-
procedure,3) cachingthe dataon a le-system on-the-
y andthen mining it, 4) using userde ned functions
for mining, and5) SQL implementations.They studied
four approachesising SQL-92 and anothersix in SQL-
OR (SQL with object-relationakxtensions). They con-
cludedexperimentallythat Cache-Mineapproachwhich
is an enhancedrersionof the at-le Apriori method,is
clearly superior while SQL-ORapproachesomewithin
afactorof two. The SQL-92approachesvere not com-
petitive with the alternatves.

In this paper we study the other almostneglected,
axisin mining anddatabaseystemintegration,i.e., ef -
cientindexing anddataaccessupportto realizeef cient
query execution. We considerassociationrule mining
(ARM) asaconcreteexampleto illustrateour techniques
andfor analysis.Althoughmakinginformeddesigndeci-
sionsis dif cult dueto comple trade-ofs betweendata
organizationchoiceof algorithm,anddataaccessneth-
ods,it is somavhatsurprisingthatlittle to noperformance



analysishasbeendonefor ARM methodsOnesuchwork

by Dunkel and Soparkaf5] studiedthe performanceand
I/O cost of the traditional row-wise (or horizontal)im-

plementationof Apriori versusa column-wise (or verti-

cal) implementation.They found via simulationsthatthe
column-wiseapproachsigni cantly reducesthe number
of disk accesses.

AssociationRule Mining andrelatedterminologyare
describedas follows. Let 7 be a setof items, and 7
a databasef transactionswhereeachtransactiorhasa
uniqueidenti er (tid) andcontainsasetof itemscalledan
itemset.An itemsetwith k itemsis calleda k-itemset.The
supportof anitemsetX, denotedr(X), is the numberof
transactionin which thatitemsetoccursasasubsetSub-
setsof anitemset,of length k are called k-subsets.An
itemsetis frequentor large if its supportis morethana
userspeci ed minimum supportvalue (min_sup). F}, is
the setof frequentk-itemsets A frequentitemsetis max-
imal if it is notasubsebf ary otherfrequentitemset.

An associationuleis anexpressionX —5 Y, where
X andY areitemsets. Therule's supports is the joint
probabilityof atransactiorcontainingboth X andY’, and
is givenass = o(XY'). Thecon dencec of therule is
the conditionalprobability that a transactiorcontainsY’,
giventhatit containsX, andis givenasc = o(XY) /o (Y).
A rule is frequentif its supportis greaterthan min_sup,
andstrongif its con denceis morethana userspeci ed
minimumcon dence(min_conf).

To exploretheimpactof algorithmselectionanddata
layout, we comparedand contrastedApriori [1], a bot-
tomup breadthrst countingbasedapproacton horizon-
tal datalayoutsandEclat [21], a depth rst intersection
basedapproachon vertical datalayouts. For Apriori we
measurgheimpactof pruningapproachefl 7].

We conjecturedhatApriori is moreef cient thanEclat
in nding large itemsetsin the early passeswhen the
itemsetcardinalityis small, but inef cient in later passes
of the algorithm, when the frequentitemsetshave high
length but decreaseén number But Eclat on the other
hand hasbettermperformanceluringthesepassessit uses
tidlist intersectionsandthetidlists shrinkwith increasen
thesizeof itemsets.This motivateda studyof anadaptve
hybrid stratey which switchesto Eclat in higherpasses
of the algorithm. Sinceit is typical to mine the same
datamary timeswe createdthe vertical format le off-
line. However, thecorversionof candidatétemsetsn the
Apriori phaseo alist of pre x-basedequivalenceclasses
in the Eclat phase,mposesan unavoidableoverheadin
the hybrid stratgyy. Hybrid strategies were also studied
in [19] and [9]. While the former strateyy only involved
datarepresentationghe latter alsoinvolved a changein
searchstrat@y (DFS asopposedo BFS). To avoid pre-
mature switching, our hybrid approachusesa heuristic
which switchesfrom Apriori to Eclat whensuccessie it-
erationsof Apriori , experiences decreas@ thenumber
of candidates.

2 DataAccesdMethodsand Middle-
ware Design

Considetheimpactof theinteractiorbetweerdatalayout
andour indexing stratgy. Horizontalformatsgroupdata
by transactionstoringthe tid andthe itemsetasa length
delimitedvector Verticalformatsgroupdataby itemsets,
storingtheitemsetid andthetidlist. Typically tidliststend
to be longerthanitemsets. To explore the trade-of be-
tweenthelevel of granularityandindexing overheadwe
usethefollowing designspaceaxonomy:

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

e ne-grained— index orderedpairsusing(tid, item)
for horizontalformatsand(itemsetID, tid) for ver
tical formats.Thislevel of granularitydoesnot use
thedata elds associateavith theindex.

o hybrid granularity— fragmenttidlists and/oritem-
setsinto blockswhenwriting to disk andreassem
ble while readinginto memory This canbe useful
if acoarse-grainedpproactwould bedesirablebut
thestoragemechanisntannothandlelargevariable
lengthdataitems.

In practice hybrid granularity mechanismsvould most
likely beneededn verticalformatapproachedueto long
tidlists thattendto beencountered.

Consideourlongtermgoalof supportingadhocqueries
which drivesthe middlewarelayer's design.We usedthe
dataaccespatternsxhibitedby Apriori andEclat asrep-
resentatietemplate®f accespatternexpectedn adhoc
queries(sincethe queriesare likely to invoke the algo-
rithmsbasedn thesemethods)This structuralsimilarity
(with regardsto dataaccessjo Apriori andEclat allowed
usto preciselyde ne theinterfacefunctionality. Another
importantconstraintfor large datamanagemenin gen-
eral[8], andspeci cally for generalpurposead hoc min-
ing querytoolsis thatthe interfacemustmaximizeinde-
pendencdetweerthe algorithmandthe underlyingdata
organizationwhile minimizing the amountof ef ciency
sacri ced. Our selectioncriteria motivateda designto
supportefcient accesshat is transparentwith respect
to dataorganization. The interface supportingthis ac-
cessincorporates/arioushigh level dataaccessnethods
asa middlewarelayer. The high level dataaccessneth-
odsusedin mining horizontaland vertical dataformats
aregivenin Tablel.

2.1 Low Level Data AccessMethods and A
Link ed Block Structure

Variousindexed dataorganizationsupportthe function-
ality for the middlewareasdescribedn Section2, two of
whichwerestudied.First,we usedB ™ —treeswith differ-
entlevels of granularityto storethe data. Secondly the
natureof dataaccessn Apriori , motivatedusto develop



| DataFormat | @)

perationdNeeded

Any

P

OpenDatabase
CloseDatabase
opulateDatabase

Horizontal

GetNext Transaction
Resetcursorto startof transactiorstream
Deleteitem (if pruningenabled)
Deletetransactior(if pruningenabled)

Vertical Gettransacti

insertitemsetandassociatedidlist

onds associatedvith itemset

Tablel: Dataaccessequirementsccordingto dataformatin AssociationRule Mining

alesssophisticatedbut moreoptimizedstructurethatper
mitted all the functionality requiredby Apriori , includ-
ing deletions,andyet whoseoverheadvasnottoo much
fromtheraw at le format. This structurevasmotivated
by a minimalistapproactof extending at les to permit
deletionof items/transactionsEventhoughwe usedthis
specializedndexing schemeahatwasapplicableonly for
Apriori , it providesa baselingfor comparingtheindexed
dataorganizationghatsupportpruningin Apriori .

Considera pruning versionof Apriori [17] that re-
peateditraverseghe dataonetransactioratatime. Each
time a transactionis visited, the countsof the relevant
candidatesare updatedandthenpart or the entiretrans-
actionarepruned. In additionto the horizontaldatabase
operationslescribedn Section2, ary nen dataorganiza-
tion mustprovide functionalityto storedatain thatformat.
The mostcommonoperationgperformedduring pruning
in Apriori are,readingof transactionanddeletion.Using
BT trees[4, 12,13] permitsQ(1) diskandmemoryoper
ationsfor reads(sameasa at le), howeverthedeletion
overheadis O(log,, N) for a treewith N elementsand
m keys perindex nodedueto index maintenanceHow-
ever, sinceApriori alwayspositionsthe datacursorat the
transactiorwherethe pruningis goingto occur, it is possi-
ble to avoid the index traversal,in facta linkedlist struc-
ture (reminiscentof the leaf nodestructurein Bttrees)
couldreducethedeleteoverheado O(1) withoutincreas-
ing the readingoverhead.Readinga transactiorconsists
of fetchingthenext block ondemandf neededanddoing
a pointeroffsetcalculationinto the block. For ef ciency,
transactionsrescannedn usinga zerocopy readthatre-
turnsa pointerinto the memoryusedto cachethe block.
Double buffering is usedwhen the block is completely
scannedso that both the previously readblock (if it ex-
ists)andthe currentblock arecachedo supportmeming.
ThisLinkedBlock Structurewill henceforttbereferredto
asBFS (standdor Block File structure)ayout. For more
detailssee[18].

3 Empirical Study

Ouruseof indexing packagesvasmotivatedby adesireto
be ableto integratemining techniquesmoretightly with
existing DBMS systems. In keepingwith our require-
mentsfor ef cient indexed and sequentiabccessve se-

lectedtwo freely available B+ -tree packagessupporting
BT -treestyle access,thgeneralized indexed search tree
(GiST)[7] andSleepycat's Berkeley DB [16].

Thealgorithmswerebenchmarkdusinga popularset
of syntheticdatabase$or mary ARM implementations.
We usedhesyntheticbenchmarklatageneratiorapproach
describedn [1]. Let D denotehenumberof transactions,
T theaveragdransactiorsize,l thesizeof amaximalpo-
tentially frequentitemset, L the numberof maximalpo-
tentially frequenttemsetsand NV thenumberof items.In
all our experimentswe use N = 1000 and L = 2000.
Experimentsareconductedwith differentvaluesof D, T'
andI.

For real databasesaye selectedhreeexamplesfrom
the UCI databaseepository[3]: CHESS MUSHROOM
and CONNECT, for our experiments.We usedour own
proceduredor databasdormat conversionto allow run-
ning therespectre algorithmson the databases.

The experimentsuseda 500MHz dual Intel Celeron
processomachinewith 256MB of ECC RAM and1GB
of swap spacerunningFreeBSD4.2. Thedisk controller
usesUDMA 33technologyandthedriveis asingle|IBM
Deskstar34GXP20.5GB drive with 7200RPM rotation
speedand9.0 msecmeanaccesgime.

The objectivesof the experimentwere cateyorizedas
follows: (i) obsene the effect of dataorganizationon ex-
ecutiontime, (ii) explore the storageef ciency/overhead
for variousdataorganizationsand(iii) studythe effect of
dataorganizatioron wherethe methodsspendheir time.

We explored theseissuesacrossthe rangeof algo-
rithmsanddataaccessnethodgpresentedn Table2. For
example Apriori with at- les islabeledAPR,while Apri-
ori with BFS s labeledAPR-BFS,andsoon. As com-
pile time binding of dataaccesanmethodswas used,the
BFSlayoutdescribedn Section2.1 couldnotbeusedfor
Eclat andHybrid approachesaslong tidlists would need
to spanblocks (which is currently not supportedby the
BFS layout). The systematictestingof eachalgorithm
andits available dataaccesanethodsallowed us to ex-
plorearangeof interactionsandisolatethe impactof the
dataaccessnethodon thealgorithms'performance.

3.1 Effectof DataOrganizationon Run Time

Runtime is sensitve to the algorithmused,the datalay-
out, minimum supportvalueandthe le accessnethods.



| Algorithm | FlatFile | FineGrainGiST | CoarseGrainGiST |  BFS | Sleepcat |
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: NotationalCorventionsfor ARM Algorithms/DataAccessMethodCombinationdJsed

Figure 1 presentsexecutiontimes for the syntheticand

realdatabasedescribedn Section3, measurindothsen-

sitivity to supportandscalabilitywith databaseize. Due

to spaceconstraintswe presentonly a subsetof all the

plotsandreferthereaderto [18] for amorecomprehen-
sive versionof thesame.

We soughtto measureéhow run timesof indexing and
BFS methodswithout pruningcomparedagainstat le
runtimes.The APR at le algorithmstendecto slightly
outperformthe BFS algorithms,the speedupof at les
over BFSfell within therange1.05 < APR:BFSRunTime
2.2, with thelargestspeedupn the T514D100K database,
and the smallestspeedupn the T2016D100K database.
Most databaseand supportsexperiencinga speedupsn
therangeof 1.0and1.3.

The pruningvariantsof Apriori useeitherBFSor in-
dexing, in orderto tradeoff the extra processingf prun-
ing in anattemptto reducescanningn later passesThe
overheadf pruningwasfrequentlyhigher Theminimal-
ist designof theBFSlayercamecloseto matchingat le
performanceonly occasionallyoutperforming at les
(asseenin the T2016D100Ktimings in Figure 1(d), for
min_sup € {0.3,0.4}, bothmethodsrequired13 passes).
BFSwith pruningtendedo outperformBFSwithoutprun-
ing, althoughthereweresomeexceptionsg.g.thetimings
in Figure1(a)and(g), dueto BFS's supportfor physical
deletion. Theuseof anindexing tool thatdoesnotsupport
physicaldeletion(GiST) doesnot leadto a performance
improvementdueto reducedscannindoadin laterpasses
over the datasetandhencemay re ect the betterperfor
manceof non-pruningndexedmethodsvertheirpruning
counterparts.

For at les, coarsegrainedindexing and BFS ap-
proachesEclat versionsperformedwell and were scal-
ablerelativeto Apriori versionsasseenin Figurel. Both
Apriori and Eclat usethe indexed structuresdifferently,
only Eclat usesinsertion,only pruningvariantsof Apriori
usedeletion, while other approachesise only retrieval.
We expectedApriori to performwell in the early passes,
andthatlaterpassesvouldbene tfrom Eclat 'sdepth rst
approachWe employedahybridapproactasdescribedn
sectionl to utilize the bestcasef both methods.How-
ever, our hybrid approachwasconsistentlyoutperformed
by Eclat , in factwe discoveredthatforcing the switchto
Eclat at the beginning (after secondpass)worked best.
Other horizontal mining algorithmsmay have different
performancecharacteristicgor the hybrid approachand
may switchat differentpasseshanApriori .

Fine grainedstructurege ect the layoutusedin sup-
portinghighly normalizeddatarepresentationis relational
databasesystems. Fine grainedapproachesising GiST
werestronglyoutperformedy theircoarsegrainedequiv-
alents. This implies that the overheadof the extra data,

indexing andthe fragmentatiorandreassemblyf trans-
actions/tidlistsdominatedthe computation. The amount
of speedupgainedby going to a coarsegrainedrepre-
sentatiomappeargo be a function of the meanitemsetor
tidlist length. Thelargestspeedupvas42 = ES-Fntime
for the connectdatabaseThe Eclat speedupmbtainedby
goingfrom coarsegrainedto ne grainedrepresentations
was sensitie to min_sup. For example,the T514D100K
databasdénad a monotonicallydecreasingspeedup with
increasen min_sup, with aspeeduf 10.3 for min_sup =
0.002, anda speedupof 4.7 for min_sup = 0.006. The
corversionfrom horizontalto verticalformat ne-grained
layoutwas a major factor contrituting to the speedupof
coarsegrainedover ne grainedEclat . The competing
hybrid, and Apriori approachesn particularhad much
smallerspeedup®f coarsegrainedover ne grainedap-
proachesandwere muchlesssensitve to min_sup. The
pureApriori approachesnjoyedspeedupsf abouts for
most databaseswith the largest speedupbeing for the
largestvaluesof support; the hybrid approachedad a
largerspeedugashigh as11 for Mushroom).

Combinedpruning and B*-tree style indexing was
more effective thanthe correspondingion-pruningvari-
ant for low valuesof min_sup, since that promotedag-
gressve pruningin earlypassesThe ne-grainedindexed
pruningapproachesvith frequentitemsetdongerthan3
tendedo berelatively insensitve to min_sup. Muchof the
pruningoccursduringiteration4.

The costof pruningin early passesequiresthat later
passebavesufciently reduced/olumesof datato scano
offsetthe additionalprocessingequired.Figure2 shavs
theiteration-wiseexecutiontime split for APR, APR-CG
and APR-BFS with and without pruning. The cost of
pruningin theinitial few iterationswasalot, dueto active
pruningin theinitial passesAs theiterationsproceedthe
effect of reductionin databaseizeplaysarole in speed-
ing up the algorithms. To note, pruningon indexed data
layouts,speedaup the algorithmin later passego make
it fasterthan at le datalayout. The timings con rm
thehhypothesighat pruningcanactuallyhelpin databases
wherethe algorithmrunsinto a fairly large numberof it-
erations Also, the physicaldeletionin BFSleadsto more
effective pruning, as seenin the drasticreductionin run
time for later passes.

3.2 Effect of data organizationonwherethe
methodsspendtheir time

In orderto studythe effect of dataorganizationon where
algorithmsspendtheir time, pro ling of CPU time was
donefor the differentalgorithmsand dataformatsusing
the GNU pro ling tool, gprof. Pro ling statisticswere
measuredat the functionlevel (which tendsto belessin-
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trusive)with additionalrunsperformedo obtainmorede-
tailed pro les with line numberinginformation. To give
a basisof comparisonwe aggreyatedtimings basedon
what sortsof jobsthe functionsdid. We classi ed each
function as performingone of the following tasks: rst
pass,secondpass,candidategeneration,counting, data
accessnethodoperationsandotheroperations.

Figure 2 shaws the pro ling plots for variousalgo-
rithms. Theresultsareshavn for asamplepro le runon
T2016D100kwith a supportthresholdof 0.25%. Thema-
jority of time for almostall datalayoutsis spenton func-
tions for supportcountingor candidategeneration. The
overheadof ne graineddatarepresentatioris re ected
in the ne grainedApriori , which spendsalmosthalf the
timein dataaccessunctions.

Our pro ling measurementson rmed that counting
and candidategenerationtend to dominaterun time in
coarsegrainedhorizontaldataformatalgorithms.In con-
trast, Figure 2 shows thatthe ne grainedB*-treealgo-
rithms' run timeswere dominatedby executingdataac-
cessamethods.

When comparing ne grain and coarsegrain meth-
ods,we expectedhetime spentduring dataaccessneth-
odsto decreasasthetransactionsinditemsettidlists are
groupedtogether Thetime spentin dataaccessnethods
in APR-FGwas49.5% andthis reducedo 7.5% in APR-
CGand1.9% in APR-DB.

Flat les andthelinkedblock le structureappeared
to be the fastestdataaccesanethods. We expectedthat
BFSwouldbefast,asit usesaminimalistimplementation,
designedo have low overhead.The measurementson-
rmed thattheamountof time spentby alinkedblock le
structurein dataaccessnethodswvaslow, approachinghe
negligible time of the at le versionof Apriori (APR).
Hencethe expectedperformanceof APR-BFSwasclose
to APR. The low overheadof the cursormanagemenin
APR-DB resultedin processotime utilization compara-
bleto APR-BFS.

Profiling Plots for ARM Algorithms with various Data Layouts

(%)

Execution Time

Algorithm/Data Layout

Counting
B others

[ candidate Generation
B Tidist Intersection

[ Passes 1 and 2.

I Data Access Funciions
] Aprior/Edat Conversion

(b) Pro les of Apriori Accordingto DatalLayout

andPerformancévleasures

4 Summary and Conclusion

We exploredintegrating KDD tools with databasenan-
agemensystemswith aneye towardimproving theusers
mining experienceeventuallyproviding seamlessystems
for DBMS andKDD [14]. Ourintegratedschemesvoid
le systemimposed le size limitations and redundant
storageoverhead.While othershave exploredhigh level
approachefo expressmining operationsusinghigh level
query languageswe focus on systemssoftware support
for mining andtheimpactof le structureson mining al-
gorithmsand run time supportissues,so that informed
designdecisionscanbe made. This systematignvestiga-
tion consistedof determiningthe individual and collec-
tive impacton storageandrun time of the following or-
thogonaldesignelements{i) horizontalandvertical par
titioning basedalgorithms,Apriori andEclat , (ii) tradi-
tional at les, anovel BFS le which supportspruning,
and indexed structures. (iii) granularity of dataaccess
(correspondingo level of normalizationin a DBMS) and
(iv) theimpactof pruningapproachesnhorizontalARM
(Apriori) runtime.

Flat le accessendedo befasterthancoarsegrained
indexing, oftengettingaspeeduf 5 or moreabovecoarse
grainedindexedmethoddor Apriori basednethods Our
efcient linkedblock le structurevhenusedwithoutprun-
ing had performanceapproachinghatof at le access
andshowvedthataccessnethodssupportingphysicaldele-
tion cangetsigni cant performancemprovementin later
passesStructuresisinglogical deletionexperiencdesser
performancemprovements. However, the overheadof
determiningwhento prunewas sufciently large that it
tendedto offset (andoftenoverwhelms}he bene 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 underscorghatruntime is
not the only concern. The factis thatalmost80-90%of
thetime in KDD is spentin pre-/post-processingrhus,
tight integration of mining with a databasenakes prac-



tical sensewhenone considerghe entire KDD process.
Databasefacilitatead-hocmining andpost-mininganal-
ysisof results.

For verticaldataformats,supportfor large dataitems
associatedvith the key, binary large objects(BLOBS),
appearso becritical. The BLOB supportfor native B+ -
treesin SleegycatBerkeley DB is moreefcient thanthe
B™*-tree emulationin GiST, which appeargo have im-
plicit limitations on the sizeof data elds associateavith
thekeys. For Eclat , coarsegrainedimplementationsis-
ing Sleejycat Berkeley DB were ableto comewithin a
factorof 5 of at le performanceHowever, if the data
is highly normalized(e.g.in ne-grainedlayout),the per
formanceof thesemethodsdeclinesdramaticallydueto
transactiorreassemblyosts,with slovdowns ashigh as
600 for the chessdatabaseWe exploredan adaptve ap-
proachto testthe conjecturethatApriori tendsto bemore
efcient in theearlierpasseshanEclat .

The hybrid methodtendedto be uniformly lessef -
cientthanEclat for the databasebut oftenmoreef cient
thanApriori , astheoverheadf candidategeneratiorand
countingof Apriori provedmoreexpensvethantheinter
sectionmethodsusedin Eclat , evenin earlyiterations

The creationof the middlewarelayeris animportant
stepin developinga e xible anduni ed softwareapproach
to implementingmining tools. With suchalayer, it is pos-
sible to interchangecomponentsallowing mary variants
of a mining approach.Additionally, a well craftedmid-
dlewarelayer canfacilitate experimentatiorandanalysis
of variousdesigntrade-ofs.

Severalfuture directionspresenthemselesfrom the
issuesencountereduringour analysis.

1. The memoryrequirementgfor storingcandidates,
for example)of variousapproachesat times, ap-
proachedor exceededhe memorycapacityof the
machines. Exploring out of core approachegor
storingcandidatesnight not only provide a means
for increasingour capacityto mine databasedyut
alsoallow ARM usersto mine at lower valuesof
min_sup.

. Usingexistingpro ling technologyto diagnosavhere
thesoftwarespendsts time, providesalimited amoun
of information.Pro ling technologyhowever, should
permitaggreyationof functionstogetherfor timing
statisticsandallow the measuremerdf wall clock
and idle time, aswell. This opensup an explo-
ration of developingpro lers for datamining mea-
surements.

For highly datadependentoolslike KDD tools, it
males senseto automatethe collection of pro I-
ing dataand statisticsto a form that is mineable.
This permitsquerieson the collecteddatato corre-
late performanceacrossa rangeof inputs. Mining
of pro led datamight provide feedbackhatallows
improvementsn both the compilerandKDD tool
performance.

[10]

4. ARM is, but onetaskin KDD. It will beinterest-
ing to seehow variousindexing techniquesnddata

accessnethodswill helpin performingotherK DD
tasks.
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