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Abstract

Mining transactiondatabasedor associatiorrules usu-
ally genemtesa large numberof rules, mostof which are
unnecessaryhenusedfor subsequenprediction. In this
paperwe definea rule setfor a giventransactiondatabase
thatis mud smallerthantheassociatiorrule setbut males
the samepredictionsasthe associatiorrule setby the con-
fidencepriority. We call this subsetheinformativerule set.
Theinformativerule setis notconstainedto particular tar-
getitems;andit is smallerthanthe non-redundantassoci-
ationrule set.\We presentan algorithmto directly geneite
theinformativerule set,i.e., withoutgeneating all frequent
itemsetdirst, andthataccessethe databasdessoftenthan
other unconstaineddirect methods.\We showexperimen-
tally thattheinformativerule setis muc smallerthanboth
the associatiorrule setand the non-redundantassociation
rule set,andthatit canbe geneatedmore efficiently.

1 Intr oduction

The rapidly growing volumeandcompleity of modern
databasemakesthe needfor technologieso describeand
summarisethe information they containincreasinglyim-
portant. The generalterm to describethis processs data
mining. Associationrule mining is the procesf generat-
ing association®r, more specifically associatiorrules, in
transactiondatabases.Associationrule mining is an im-
portantsubfieldof datamining andhaswide applicationin
mary fields. Two key problemswith associatiorrule min-
ing arethe high costof generatingassociationulesandthe
large numberof rulesthat are normally generated.Much
work hasbeendoneto addresghe first problem. Methods
for reducingthe numberof rulesgeneratediependon the
application becauserule maybeusefulin oneapplication
but notanother

In this paper we areparticularlyconcernedvith gener
ating rulesfor prediction. For example,given a setof as-

sociationrules that describethe shoppingbehaior of the
customerdn a storeover time, and somepurchasesnade
by a particularcustomeywe wishto predictwhatotherpur-

chasesvill bemadeby thatcustomer

The associatiorrule set[1] canbe usedfor prediction
if the high costof finding and applyingthe rule setis not
aconcern.The constrainedand optimality associatiorsets
[4, 3] cannot be usedfor this predictionbecausé¢heirrules
donothave all possiblétemsto beconsequencedhenon-
redundangssociatiorrule set[17] canbe used,aftersome
extension but canbelargeaswell.

We proposeheuseof a particularrule set,calledthein-
formative (associationyule set,thatis smallerthanthe as-
sociationrule setandthatmakesthe samepredictionsunder
naturalassumptionslescribedelow.

The generalmethodof generatingassociatiorrules by
first generatingrequentitemsetscanbe unnecessarilgx-
pensve,asmary frequentitemsetso notleadto usefulas-
sociationrules. We presenta direct methodfor generating
theinformativerule setthatdoesnotinvolve generatinghe
frequentitemsetdfirst. Unlike otheralgorithmsthatgener
ate rules directly, our methoddoesnot constrainthe con-
sequencesf generatedulesasin [3, 4] and accessethe
databaséessoftenthanotherunconstraineeanethodg16].

We showv experimentally usingstandardsyntheticdata,
thatthe informative rule setis muchsmallerthanboth the
associationule setandthe non-redundantule set,andthat
it canbe generatednoreefficiently.

2 Relatedwork

Associationrule mining was first studiedin [1]. Most
researchwork hasbeenon how to mine frequentitemsets
efficiently. Apriori [2] is a widely acceptedapproachand
therehavebeenmary enhancementsit [6, 7, 9,11, 13]. In
addition,otherapproachebave beenproposed5, 14, 1§],
mainly by using more memoryto save time. For exam-
ple, the algorithm presentedn [5] organizesa database
into a condensedstructureto avoid repeateddatabaseac-



cessesandalgorithmsin [14, 18] usethe verticallayout of
databases.

Somedirect algorithmsfor generatingassociatiorrules
without generatingfrequentitemsetsfirst have previously
beenproposed4, 3, 16]. Algorithms presentedn [4, 3]
focusedonly on onefixedconsequencandhenceis not ef-
ficient for mining all associatiorrules. The algorithmpre-
sentedn [16] needdo scanadatabasasmary timesasthe
numberof all possibleantecedentsf rules. As aresult,it
may not be efficient whena databaseannotbe retainedin
thememory

Thereare alsotwo typesof algorithmsto simplify the
associationule set,directandindirect. Most indirectalgo-
rithms simplify the setby post-pruningandreomanization,
asin [15, 8, 10], which canobtainan associatiorrule set
assimpleasa userwould like but doesnot improve effi-
cieng of therule mining processTherearesomeattempts
to simplify the associatiorrule setdirectly. The algorithm
for mining constraintrule setsis one suchattempt[4]. It
producesa small rule setand improves mining efficiency
sinceit prunesunwantedrulesin the processingf rule min-
ing. However, a constraintule setcontainsonly ruleswith
somespecificitemsas consequencessdo the optimality
rulesetq3]. They arenotsuitablefor associatiomprediction
whereall itemsmaybeconsequenced.he mostsignificant
work in this directionis to minethe non-redundantule set
becausdt simplifiesthe associationrule setandretainsthe
informationintact [17]. However, the non-redundantule
setis still too largefor prediction.

3 Theinformativerule set
3.1 Associationrules and relateddefinitions

Let I = {1,2,...,m} beasetof items andT C I
be a transactioncontaininga set of items. An itemsetis
definedto be a setof items, and a k-itemsetis an itemset
containingk items. A database is acollectionof transac-
tions. The supportof anitemset(e.g. X) is theratio of the
numberof transactiongontainingthe itemsetto the num-
ber of all transactionsn a databasedenotedby sup(X).
Giventwo itemsetsX andY whereX N'Y = (), anasso-
ciationrule is definedto be X = Y wheresup(X UY)
andsup(X U Y)/sup(X) arenotlessthanuserspecified
thresholdsespectrely. sup(X UY)/sup(X) is calledthe
confidenceof the rule, denotedby conf(X = Y). The
two thresholdsrecalledtheminimumsupportandthemin-
imumconfidenceespectiely. For corveniencewe abbre-
viate X U'Y by XY andusethetermsrule andassociation
ruleinterchangeablyn therestof this paper

Supposehat every transactions givena uniqueidenti-
fier. A setof identifiersis calledatidset Let mappingt(X)
bethe setof identifiersof transactiongontainingthe item-
setX. It is clearthatsup(X) = |t(X)|/|D|. In thefollow-

ing, we list somebasicrelationshipshetweentemsetsand
tidsets.

1. X CY = t(X) D t(Y),
2. (X)) Ct(Y)=>t(XZ)Ct(YZ)forary Z,and
3. t(XY) =t(X)nt(Y).

We saythatrule X = Y is moregeneal thanrule X’ =
Yif X ¢ X', andwedenotedhishy X ==Y Cc X' =Y.
Conversely X' = Y is more specificthanX = Y. We
definethe covered set of a rule to be the tidsetof its an-
tecedentWe saythatrule X = Y identifiestransactior?” if
XY C T. WeuseX z torepreseniX U{z} andsup(X—Z2)
for sup(X) — sup(X Z).

3.2 Theinformativerule set

Let us considerhow a userusesthe setof association
rulesto make predictions. Given an input itemsetandthe
associatiomule set. Initiate the predictionsetto beanemp-
tyset. Selecta matchedrule with the highestconference
from therule set,andthenput the consequencef therule
into predictionset. We say that a rule matchesa transac-
tion if its antecedenis a subsebf thetransactionTo avoid
repeatedlypredicting on the sameitem(s), remove those
ruleswhoseconsequenceareincludedin thepredictionset.
Repeatselectingthe next highestconfidencematchedrule
from theremainingrule setuntil the useris satisfiedor there
is notruleto select.

We have noticedthat somerulesin the associatiorrule
setwill never beenselectedn the above predictionproce-
dure, so we will remove thoserules from the association
rule setandform anew rule set. This new rule setwill pre-
dictexactlythesameastheassociatiomule set,thesameset
of predictionitemsin the samegeneratedrder Here,we
considerthe orderbecausea usermay stopselectionat ary
time, andwe will guarantedo obtainthe sameprediction
itemsin this case.

Formally, givenanassociatiorrule set R andanitemset
P, wesaythatthepredictionsfor P from R is asequencef
items(). Thesequencef @ is generatedby usingtherules
in R in descendingrderof confidenceFor eachruler that
matchesP (i.e., for eachrule whoseantecedenis a subset
of P), eachconsequenof r is addedto (). After addinga
consequencto @, all ruleswhoseconsequencearein
areremovedfrom R.

To excludethoserulesthat never beenusedin the pre-
diction, we presenthefollowing definition.

Definition 1 Let R4 beanassociatiorrule setand R, the
setof single-tagetrulesin R4. A setR; is informative
overR, if (1) Rr C RY; (2) Vr € Ry 3" € Ry sudhthat
r' C randconf(r') > conf(r); and(3) Vr" € RY, — Ry,
Ir € Ry sudhthatr” D randconf(r'") < conf(r).



Thefollowing resultfollows immediately

Lemmal Theeexistsauniqueinformativerule setfor any
givenrule set.

We give two examplesto illustratethis definition.

Examplel Consider the following small transaction
database: {1 : {a,b,c},2 : {a,b,c},3 : {a,b,c},4 :

{a,b,d},5 : {a,c,d},6 : {b,c,d}}. Supposehe minimum
supportis 0.5 and the minimumconfidenceas 0.5. Thee
are 12 associatiornrules (that exceedthe supportand con-
fidencethreshholds). They are {a = b(0.67,0.8),a =

¢(0.67,0.8),b = ¢(0.67,0.8),b = a(0.67,0.8),c =

a(0.67,0.8),¢ = b(0.67,0.8),ab = ¢(0.50,0.75),ac =

b(0.50,0.75), be = a(0.50,0.75),a = be(0.50,0.60),b =

ac(0.50,0.60),¢ = ab(0.50,0.60)}, where the numbes
in parenthesesare the supportand confidenceespectively
Everytransactioridentifiedbytherule ab = cis alsoiden-
tified by rule a = ¢ or b = ¢ with higher confidence So
ab = ¢ canbeomittedfromtheinformativerule setwithout
losing predictivecapability Rulea = b anda = ¢ pro-

vide predictionsb and ¢ with higher confidencehan rule

a = bc, sorule a = bc can be omitted from the infor-

mativerule set. Otherrules canbe omittedsimilarly, leav-
ing the informativerule setcontainingthe 6 rules {a =

b(0.67,0.8),a = ¢(0.67,0.8),b = ¢(0.67,0.8),b =

a(0.67,0.8),c = a(0.67,0.8),c = b(0.67,0.8)}.

Example2 Considertherule set{a = (0.25,1.0),a =
¢(0.2,0.7),ab = ¢(0.2,0.7),b = d(0.3,1.0),a =
d(0.25,1.0)}. Ruleab = ¢ may be omittedfrom the in-
formativerule setasthemore geneal rule a = ¢ hasequal
confidenceRulea = d, mustbe includedin the informa-
tive rule seteventhoughit can be derivedby transitivity
fromrulesa = b andb = d. Otherwisegif it were omitted,
item d could not be predictedfrom the itemset{a}, asthe
definition of prediction doesnot provide for reasoningby
transitivity.

Now we presentthe main property of the informative
rule set.

Theorem1 Let R4 be an associationrule set. Thenthe
informativerule set Ry over R4 is the smallestsubsetof
R4 sud that, for any itemsetP, the prediction sequence
for P from R; equalsthe predictionsequencdor P from
Ra.

Proof We will prove this theoremfrom two aspects.
Firstly, arule omittedby Ry doesnotaffectpredictionfrom
R4 for ary P. Secondlyarule setomittedonerule from
Ry cannotpresenthesamepredictionsequenceasR 4 for
ary P.

Firstly, we will prove thata rule omittedby R; do not
affectpredictionfrom R 4 for ary P.

Considera single-taget rule ' omitted by Ry, there
mustbeanotheruler in both Ry andR 4 suchthatther C
r" andconf(r) > conf(r'). Whenr' matchesP, r does.
If bothruleshave the sameconfidencepmittingr’ doesnot
affectpredictionfrom R 4. If conf(r) > conf(r'), r' must
beautomaticallyomittedfrom R 4 afterr is selectecandthe
consequencef r is includedin the predictionsequencSo,
omittingr’ doesnotaffect predictionfrom R 4.

Considera multiple-tagetrule in R4, e.g. A = bc,
theremustbe two rules A’ = b and A’ = ¢ in both
Ry and R4 for A C A suchthatconf(A' = b) >
conf(A = bc) andconf(A" = ¢) > conf(A = c¢).
Whenrule A = bc matchesP, A' = bandA’ = ¢ do.
It is clearthatif conf(A" = b) = conf(A' = ¢) =
conf(A = be), thenomitting A = be doesnot affect pre-
diction from R4. If conf(A' = b) > conf(A = bc)
andconf(A'" = ¢) > conf(A = be), rule A = be
mustbe automaticallyomittedfrom R4 after A’ = b and
A' = ¢ areselectecanditem b and ¢ areincludedin the
prediction sequence. Similarly, we can prove that omit-
ting A = bc from R4 doesnot affect predictionwhen
conf(A" = b) > conf(A' = ¢) = conf(A = be) or
conf(A" = ¢) > conf(A' = b) = conf(A = bc). So
omitting A = be from R 4 doesaffectprediction.Similarly,
we canconcludethata multiple-tagetrule in R 4 doesnot
affectits predictionsequence.

Thus a rule omitted by R; doesnot affect prediction
from R 4.

Secondlywewill provetheminimumproperty Suppose
we omitonerule X = ¢ fromthe R;. Let P = X , there
mustbea positionfor ¢ in thepredictionsequencérom R 4
determinedy X = ¢ becauséhereis nototherrule X’ =
¢ suchthat X' ¢ X andconf(X' = ¢) > conf(X =
¢). WhenX = c is omittedfrom Ry, theremay be two
possibleresultsfor thepredictionsequencéom R;. Oneis
thatitem ¢ doesnot occurin the sequenceThe otheris that
item ¢ is in the sequencdut its positionis determinedby
anotherrule X' = ¢ for X' ¢ X with smallerconfidence
than X = c¢. As aresult, the two predictionsequences
would notbethesame.

Hence the informative rule setis the smallestsubsef
R 4 thatprovidesthe samepredictionsfor ary itemsetP.

Consequentlythetheoremis proved.O

Finally, we describea propertythat characterisesome
rulesto be omittedfrom theinformative rule set.

We candivide the tidsetof anitemsetX into two parts
on anitemset(consequence}(X) = t¢(XZ) U t(X—-Z).
If the secondpartis an emptyset,thentherule X = Z
has 100% confidence. Usually, the smalleris |¢(X—Z)],
thehigheris theconfidenceof therule. Hence |t(X—=Z)| is
veryimportantin determiningthe confidenceof arule.

Lemma?2 Ift¢(X-Z) C t(Y—Z), thenrule XY = Z does
notbelongto theinformativerule set.



Proof Letusconsidertworules, XY = Z andX = Z.
We know thatconf(XY = Z) = s1/(s1 +r1), where

s$1 = (XY Z)| andry = |¢(XY—Z)|, andconf(X =

Z) = 82/(82 + 7"2), WhereSZ = |t(XZ)| and Ty =

[t(X=2Z)].
rr = [H(XY-Z) = [H(X-Z2)ntY-Z) =
|t(X_|Z)| =T9.

s1=[HXYZ)| < |[H(X2Z)] = s2.

As aresult,conf(XY = Z) < conf(X = Z). Hence
rule XY = Z mustbeexcludedby theinformativerule set.
O

Thisis animportantpropertyfor theinformativerule set,
sinceit enableaisto predictrulesthatcannotbeincludedin
theinformative rule setin the early stageof associatiomule
mining. We will discusghisin detailin the next section.

4 Upward closed properties for generating
informativerule sets

Most efficientassociatiomule mining algorithmsusethe
upward closedproperty of infrequeng of itemset: if an
itemsetis infrequent,so areall its superitemsets. Hence,
mary infrequentitemsetsare preventedfrom beinggener
atedin associatiorrule mining, andthis is the essencef
Apriori. If we have similar propertiesof the rulesexcluded
by theinformative rule set,thenwe canpreventgeneration
of mary rules excludedby the informative rule set. As a
result,algorithmbasedon the propertieswill be more effi-
cient.

First of all, we discussa propertythatwill facilitatethe
following discussionslt is corvenientto comparesupport
of itemsetdn orderto find subsetelationshipsamongtheir
tidsets.Thisis becauseve alwayshave supporinformation
whenmining associatiorrules. We have a relationshipfor
this purpose.

Lemma3 #(X)
sup(XY).

C () if and only if sup(X) =

We have two upward closedpropertiesfor mining the
informative associatiorrule set. In the following two lem-
mas,we usea descriptionthatis easyto usein algorithm
designbut may not be very goodin termsof mathematical
simplicity

As adirectresultof Lemma2 and3, we have
Lemma4 If sup(X-Z) = sup(XY~-Z), then rule

XY = Z andall more specificrules do not occurin the
informativerule set.

Thefollowing specialcaseis usefulin practice.

Lemma5 If sup(X) = sup(XY), thenfor any Z, rule
XY = Z andall more specificrules do not occurin the
informativerule set.

Thesetwo lemmasenableusto pruneunwantedrulesin
a “forward” fashionbeforethey areactuallygeneratedin
factwe canpruneasetof ruleswhenwe pruneeachrule not
in theinformative rule setin the early stageof the compu-
tation. This allows us to constructefficient algorithmsto
generateheinformativerule set.

5 Algorithm
5.1 Basicideaand storagestructure

We proposeda directalgorithmto mine the informative
rule set. Insteadof first finding all frequentitemsetsand
thenforming rules,the proposedalgorithmgenerateifor-
mative rule setdirectly. An advantagss thatit avoidsgen-
eratingmary frequentitemsetshatproducerulesexcluded
by theinformative rule set.

The proposedalgorithmis alevel wise algorithm,which
searchesfor rules from antecedentf 1-itemsetto an-
tecedenof [-itemsetlevel by level. In everylevel, we select
qualifiedrules,which could beincludedin the informative
rule set,and prunethoseunqualifiedrules. The efficiency
of theproposedlgorithmis basednthefactthatanumber
of rulesexcludedby the informative rule setare prevented
from beinggenerate@ncea moregeneraruleis prunedby
Lemma4 or 5. Consequentlysearchingspaceis reduced
afterevery level’s pruning. The numberof phasef scan-
ning adatabasés boundeddy thelengthof thelongestrule
in theinformativerule set.

In the proposedalgorithm,we extenda setenumeration
tree[12] asthe storagestructurecalled candidatetree A
simplified candidatdreeis illustratedin Figurel. Thetree
in Figure 1 is completelyexpandedput in practiceonly a
small partis expanded. We note that every setin the tree
is uniqueandis usedto identifiedthe node,calledidentity
set We alsonotethatlabelsarelocally distinctwith each
otherundera parentnodein alayer, andlabelsalonga path
from therootto the nodeform exactly theidentity setof the
node.This s very corvenientfor retrieving theitemsetand
countingits frequeng. In our algorithma nodeis usedto
storea setof rule candidates.

5.2 Algorithm for mining the informativerule set

The setof all itemsis usedto build a candidateree. A
nodein the candidatereestorestwo sets{A, Z}. A is an
itemsettheidentity setof thenode,andZ is asubsebdf the
identity itemsetcalledpotentialtargetsetwhereeveryitem
canbetheconsequencef anassociatiomule. For example,
{{abc}, {ab}} is a setof candidate®f two rules,namely
bc = a andac = b. It is clearthatthe potentialtargetsetis
initialized by the itemsetitself. Whenthereis a casesatis-
fying Lemma4, for example,sup(a—c) = sup(ab-c), then



1,2,3,4) Set

Figure 1. A fully expanded candidate tree over
the set of items {1,2,3,4}

we remove ¢ from the potentialtarget set,andaccordingly
all rulessuchasabX — ¢ cannotbegeneratedfterwards.

We firstly illustrate how to generatea new candi-
date node. For example, we have two sibling nodes
{{abc}, {ab}} and{{abd}, {ad}}, thenthe new candidate
is {{abed}, {ad}}, where{ad} = ({ab} U {d}) N ({ad} U
{c}). Hencethe only two candidateulesthatcould bein-
cludedin theinformative rule setin this casearebed = a
andabc = d givenabcd is frequent.

We then shov how to remove unqualified candidates.

Oneway is by the frequeng requirementfor example, if
sup(abed) < o thenwe removethenodewhoseidentity set
is abed, simply callednodeabed. Pleasenote herethata
nodein the candidatedreecontainsa setof candidaterules.
Anothermethodis by the propertiesof theinformative rule
set,andagainconsistsof two cases Firstly, givena candi-
datenode{A!, Z} where A meansthat A’ is a l-itemset.
For anitem z € Z, whenthereis sup((A'\z)-z) =
sup((A=1\2)—z) for (A'\2) D (A!~1\z2), thenremovethe
z from Z by Lemma4. Secondlywe saynode{4!, Z} is
restrictedwhenthereis sup(A!) = sup(A!~1) for A D
Al=1_ A restrictednodedoesnot extendits potentialtarget
setandkeepsit asthatof node{A!~1, Z}. The reasonis
thatall rules A'~'X = ¢ for ary X andc are excluded
from the informative rule setby Lemmab, sowe neednot
generatsuchcandidatesThis potentialtargetsetis remov-
ableby Lemma4, and a restrictednodeis deadwhenits
potentialtarget setis empty All supersetsof the itemset
of a deadnodeare unqualifiedcandidatesso we neednot
generatéhem.

We give the top level of the informative rule mining
algorithmasthefollowing.

Algorithm: Theinformative rule miner

Input: DatabaseD, the minimum supportes and the
minimumconfidenceay.

Output: Theinformativerule setR.

(1)  Settheinformativerule setR = ()

(2) Countsupportof 1-itemsets

(3) Initialize candidatdreeT

(4) Generatmew candidatessleavesof T
(5)  While (new candidatesetis non-empty)

(6) Countsupportof thenew candidates
@) Prunethe new candidateset

(8) Includequalifiedrulesfrom T to R

(9) Generatamew candidatessleavesof T

(10) ReturnrulesetR

Thefirst 3 lines are generaldescription,and we do not
explain them here. We will emphasizeon two functions,
Candidategeneratoiin line 4 and9 and Pruningin line 6.
They arelistedasfollows.

We begin with introducingnotationsin the functions.n;
is a candidatenodein the candidatetree. It is labeledby
anitem i,, andit consistsof anidentity itemsetA4,,, and
a potentialtargetset Z,,,. T; is thel-th level of candidate
tree. P!(A) is the setof all I-subsetof A. ny4 is anode
whoseidentity itemsetis A. The setof itemsare ordered
lexically.

Function: Rulecandidateyenerator
(1) for eachnoden; € T;

(2) for eachsibling noden; (i, > in,;)
3) generatenew candidatenoden asasonof
n; suchthat
//Combining
4) Ap, = Ap, UA,,
(5) Zny, = (Zn; Uiing) N (Zn; Ulin,)
//Pruning
(6) if 34 € PY(A,,) butny ¢ T; thenremove
ng
@) else if ny is restrictedthen mark ny
restrictedandlet Z,,, = Z,, N Zy,
(8) elseZ,, = (Zn, U (A, \A)) N Z,,
(9 if ny, is restrictedand Z,,, = 0, remove node

Tk

We generatehe (I + 1)-layercandidate$rom thel layer
nodes Firstly, we combinea pair of sibling nodesandinsert
theircombinatiorasa new nodein thenext layer. Secondly
if ary of its [-subitemsetcannotget enoughsupportthen
we remove the node. If anitem is not qualifiedto be the
targetof aruleincludedin theinformative rule set,thenwe
remove thetargetfrom the potentialtargetset.

Pleasenote that in line 6, not only a superset of an
infrequentitemsetis removed, but also a superset of a
frequentitemsetof a deadnodeis removed. The former
caseis commonin associatiorrule mining, andthe latter
caseis uniquefor theinformativerule mining. A deadnode
is removedin line 9. Accordingly, in the informative rule



mining, we neednotto generatall frequentitemsets.

Function:; Pruning
(1) foreachn; € Ty

(2) if sup(A,,) < o, removenoden; andreturn
3) if n; is notrestrictedhode,do
4) if In; € T, for A,;, C A, suchthat

sup(An;) = sup(An,)

then mark n; restricted and let

Zni = Zn; N Zn, /I Lemma4d
(5) for eachz € Z,,
(6) if In; € T for (An;\2) C (Ag;\2) such

thatsup((An; \z) U —2) = sup((An; \2) U —2)
thenZ; = Z; \ z. //Lemmab
@) if n; is restrictedand Z,,, = 0, remove noden;

We prune a rule candidatefrom two aspectsthe fre-
gueng requiremenfor associatiorrulesandthe qualifica-
tion requirementor the informative rule set. The method
for pruninginfrequentrulesis the sameasthatof a general
associatiorrule mining algorithm. As for the methodin
pruningunqualifiedcandidategor the informative rule set,
we restrictthe possibletargetsin the potentialtarget setof
a node(a possibletargetis equivalentto a rule candidate)
andremove arestrictednodewhenits potentialtargetsetis
empty

5.3 Correctnessand efficiency

Lemma6 Thealgorithmgeneitestheinformativerule set
properly.

It is very hardto give a closedform of efficiency for the
algorithm. However, we expectcertainimprovementsover
otherassociatiorrule mining algorithmsbasedon the fol-
lowing reasons. Firstly, it doesnot generateall frequent
itemsets,becausesome frequentitemsetscannotcontain
rulesbeingincludedin the informative rule set. Secondly
it doesnottestall possiblerulesin every generatedrequent
itemsetbecausesomeitemsin anitemsetare not qualified
asconsequencdsr rulesbeingincludedin theinformative
rule set.

The phasesof scanninga databasés boundedby the
lengthof longestrule in theinformative rule set.

6 Experimental results

In this section,we show that the informative rule set
is much smallerthan both the associatiorrule setandthe
non-redundanéssociatiomule set. We further shav thatit
canbe generatednore efficiently with lessnumberof in-
teractionswith a database Finally, we show that the effi-
cieng/ improvementgainsfrom the fact that the proposed
algorithmfor theinformative rule setaccessethe database

fewertimesandgeneratefewer candidateshanApriori for
theassociationule set.

Sincetheinformative rule setcontainsonly singletarget
rules,for afair comparisonthe associatiorrule setandthe
non-redundantule setin this sectioncontainonly single
targetrulesaswell. Thereasorfor thecomparisorwith the
non-redundamule setis thatthenon-redundantule setcan
malke the samepredictionsghe associationmule set.

The two testing  transaction  databases,
T10.16.D100K.N2K and T20.16.D100K.N2K, are gen-
eratedby thesyntheticdatageneratofrom QUEST of IBM
Almadenresearcttenter Both databasebave 1000items
andcontain100,000transactions We chosethe minimum
supportin therangesuchthat 70%to 80% of all itemsare
frequentandfixedthe minimumconfidenceas0.5.
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Figure 2. Sizes of different rule sets

Sizesof differentrule setsare listed in Figure2. It is
clearthattheinformative rule setis muchsmallerthanboth
theassociationrule setandthe non-redundantule set. The
sizedifferencebetweeraninformativerule setandanasso-
ciation rule setbecomesanore evident whenthe minimum
supportdecreasesandasdoesthe size differencebetween
aninformativerule setandanon-redundantule set. Thisis
becausehelengthof rulesbecomedongerwhenthe mini-



mumsupportdecreasesndlongrulesaremorelikely to be
excludedby theinformative rule setthanshortrules. There
is little differencen sizebetweeranassociatiomule setand
anon-redundantule set.So, in the following comparisons,
we only comparetheinformative rule setwith the associa-
tion rule set.

Now, we will comparegeneratingefficiengy of the in-
formative rule setandthe associatiorrule set. We imple-
mentedApriori on the samedatastructureasthe proposed
algorithmandgenerateanly singletargetassociatiomules.
Our experimentsvereconductedbn a Sunsener with two
200MHz UltraSFARC CPUs.
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Figure 3. Generating time for different rule
sets

The generatingime for associatiorrule setsandinfor-
mative rule setsis listed in the Figure 3. We canseethat
mining aninformative rule setis moreefficientthanmining
a singletargetassociatiorrule set. This is becausehein-
formativerule minerdoesnotgeneratall frequenttemsets,
anddoesnot testall itemsastargetsin afrequentitemset.
Theimprovementof efficiency becomesnoreevidentwhen
theminimumsupportdecreasesThisis consistentvith the
deductionof rulesbeingexcludedfrom anassociationule

setasshawvn in Figure2.

T10.16.D100K.N2K
T

16 ‘ ‘:

association rule set
informative association rule set

The number of times of scaning the database

0.15 02 0.25 03
The minim um support (in %)

Figure 4. The number of times for scanning
the database

Further the numberof timesof scanninga databasdor
generatinganinformative rule setis smallerthanthatfor an
associationmule set,asshavedin Figure4. Thisis because
the proposedalgorithm avoids generatingmary long fre-
guentitemsetghatcontainno rulesincludedin aninforma-
tiverule set. Fromtheresultswe alsoknow thatlong rules
are easierto be excludedby an informative rule setthan
shortrules. Clearly, this numberis significantly smaller
thanthe numberof differentantecedenti the generated
rule setwhich areneededo scana databasé aotherdirect
algorithm.

To betterunderstanaf improvementof efficiency of the
algorithmfor mining the informative rule setover that for
the associatiorrule set, we list the numberof nodesin a
candidatetree for both rule setsin Figure5. They areall
frequentitemsetsfor the associationrule set and partial
frequentitemsetssearchedy mining the informative rule
set. We canseethatin mining theinformative rule set,the
searchedemsetds lessthanall frequenttemsetgor form-
ing associatiomules. So,thisis thereasorfor efficiency im-
provementandreductionin numberof scanninga database.

7 Conclusions

We have defineda new, informative, rule setthatgener
atespredictionsequencegqualto thosegeneratedy the
associatiorrule setby the confidencepriority. The infor-
mative rule setis significantlysmallerthanthe association
rule set,especiallywhentheminimumsupports small. We
have studiedthe upward closedpropertiesof informative
rule setfor omissionof unnecessargulesfrom the set,and
presenteddirectalgorithmto efficiently minetheinforma-
tive rule setwithout generatingall frequentitemsetsfirst.
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Figure 5. The number of candidate nodes

The experimentalresultsconfirm that the informative rule
setis significantlysmallerthanboththe associationule set
andthe non-redundanassociationule set,thatcanbegen-
eratedmore efficiently than the associatiorrule set. The
experimentakesultsalsoshow thatthis efficiency improve-
mentresultsfrom thatthegeneratiorof theinformativerule
setneeddewer candidatesinddatabaseccessethanthat
of theassociatiomule set. Thenumberof databaseccesses
of theproposedlgorithmis muchsmallerthanotherdirect
methoddor generatinginconstraine@ssociatiornule sets.
Althoughtheinformative rule setprovidesthe samepre-
diction sequencasthe associationmule set,theremay exist
other definitions of “interesting” in differentapplications.
How to usetheinformative rule setto make predictionsun-
dersuchdifferentcriteriaremainsa subjectof futurework.
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