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Abstract

Mining transactiondatabasesfor associationrulesusu-
ally generatesa large numberof rules, mostof which are
unnecessarywhenusedfor subsequentprediction. In this
paperwedefinea rule setfor a giventransactiondatabase
that is much smallerthantheassociationrule setbut makes
thesamepredictionsastheassociationrule setby thecon-
fidencepriority. Wecall thissubsettheinformativerule set.
Theinformativerule setis notconstrainedto particular tar-
get items;andit is smallerthan thenon-redundantassoci-
ation rule set.We presentan algorithmto directlygenerate
theinformativerule set,i.e., withoutgeneratingall frequent
itemsetsfirst,andthataccessesthedatabaselessoftenthan
other unconstraineddirect methods.We showexperimen-
tally that theinformativerule setis much smallerthanboth
theassociationrule setandthenon-redundantassociation
rule set,andthat it canbegeneratedmore efficiently.

1 Intr oduction

Therapidly growing volumeandcomplexity of modern
databasesmakesthe needfor technologiesto describeand
summarisethe information they contain increasinglyim-
portant. The generalterm to describethis processis data
mining. Associationrule mining is theprocessof generat-
ing associationsor, morespecifically, associationrules, in
transactiondatabases.Associationrule mining is an im-
portantsubfieldof datamining andhaswide applicationin
many fields. Two key problemswith associationrule min-
ing arethehighcostof generatingassociationrulesandthe
large numberof rules that arenormally generated.Much
work hasbeendoneto addressthe first problem. Methods
for reducingthe numberof rulesgenerateddependon the
application,becausearulemaybeusefulin oneapplication
but not another.

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

sociationrules that describethe shoppingbehavior of the
customersin a storeover time, andsomepurchasesmade
by aparticularcustomer, wewish to predictwhatotherpur-
chaseswill bemadeby thatcustomer.

The associationrule set [1] canbe usedfor prediction
if the high costof finding andapplyingthe rule set is not
a concern.Theconstrainedandoptimality associationsets
[4, 3] cannot beusedfor thispredictionbecausetheir rules
donothaveall possibleitemsto beconsequences.Thenon-
redundantassociationrule set[17] canbeused,aftersome
extension,but canbelargeaswell.

We proposetheuseof aparticularrule set,calledthein-
formative (association)rule set,that is smallerthantheas-
sociationrulesetandthatmakesthesamepredictionsunder
naturalassumptionsdescribedbelow.

The generalmethodof generatingassociationrules by
first generatingfrequentitemsetscanbe unnecessarilyex-
pensive,asmany frequentitemsetsdo not leadto usefulas-
sociationrules. We presenta direct methodfor generating
theinformativerule setthatdoesnot involvegeneratingthe
frequentitemsetsfirst. Unlike otheralgorithmsthatgener-
ate rules directly, our methoddoesnot constrainthe con-
sequencesof generatedrulesas in [3, 4] andaccessesthe
databaselessoftenthanotherunconstrainedmethods[16].

We show experimentally, usingstandardsyntheticdata,
that the informative rule set is muchsmallerthanboth the
associationrulesetandthenon-redundantrule set,andthat
it canbegeneratedmoreefficiently.

2 Relatedwork

Associationrule mining wasfirst studiedin [1]. Most
researchwork hasbeenon how to mine frequentitemsets
efficiently. Apriori [2] is a widely acceptedapproach,and
therehavebeenmany enhancementsto it [6, 7, 9, 11, 13]. In
addition,otherapproacheshave beenproposed[5, 14, 18],
mainly by using more memory to save time. For exam-
ple, the algorithm presentedin [5] organizesa database
into a condensedstructureto avoid repeateddatabaseac-



cesses,andalgorithmsin [14, 18] usetheverticallayoutof
databases.

Somedirect algorithmsfor generatingassociationrules
without generatingfrequentitemsetsfirst have previously
beenproposed[4, 3, 16]. Algorithms presentedin [4, 3]
focusedonly on onefixedconsequenceandhenceis notef-
ficient for mining all associationrules. Thealgorithmpre-
sentedin [16] needsto scanadatabaseasmany timesasthe
numberof all possibleantecedentsof rules. As a result,it
maynot beefficient whena databasecannotberetainedin
thememory.

Thereare also two typesof algorithmsto simplify the
associationrule set,directandindirect.Most indirectalgo-
rithmssimplify thesetby post-pruningandreorganization,
as in [15, 8, 10], which canobtainan associationrule set
assimpleasa userwould like but doesnot improve effi-
ciency of therule miningprocess.Therearesomeattempts
to simplify the associationrule setdirectly. Thealgorithm
for mining constraintrule setsis onesuchattempt[4]. It
producesa small rule set and improvesmining efficiency
sinceit prunesunwantedrulesin theprocessingof rulemin-
ing. However, a constraintrule setcontainsonly ruleswith
somespecificitemsasconsequences,asdo the optimality
rulesets[3]. They arenotsuitablefor associationprediction
whereall itemsmaybeconsequences.Themostsignificant
work in this directionis to minethenon-redundantrule set
becauseit simplifiestheassociationrule setandretainsthe
information intact [17]. However, the non-redundantrule
setis still too largefor prediction.

3 The informative rule set

3.1 Associationrules and relateddefinitions

Let ��������	�
�	�
�
�
�	���� be a set of items, and �����
be a transactioncontaininga set of items. An itemsetis
definedto be a setof items,anda � -itemsetis an itemset
containing� items.A database� is acollectionof transac-
tions. Thesupportof anitemset(e.g. X) is theratio of the
numberof transactionscontainingthe itemsetto the num-
ber of all transactionsin a database,denotedby ����� �"!�# .
Giventwo itemsets! and $ where !&%'$(�*) , an asso-
ciation rule is definedto be !,+-$ where ����� �"!/.�$0#
and �����1�2!/.�$3#546�����1�2!�# arenot lessthanuserspecified
thresholdsrespectively. �����1�2!7.8$9#�4:����� �2!;# is calledthe
confidenceof the rule, denotedby <>=@?BAC�2!D+E$3# . The
two thresholdsarecalledtheminimumsupportandthemin-
imumconfidencerespectively. For convenience,we abbre-
viate !*.8$ by !'$ andusethetermsrule andassociation
rule interchangeablyin therestof thispaper.

Supposethatevery transactionis givena uniqueidenti-
fier. A setof identifiersis calleda tidset. Let mappingF>�"!�#
bethesetof identifiersof transactionscontainingtheitem-
set ! . It is clearthat �����1�2!�#G�IH F>�"!�#�H 4�H �'H . In thefollow-

ing, we list somebasicrelationshipsbetweenitemsetsand
tidsets.

1. !J�K$L+JF>�"!�#NMOF>�P$3# ,
2. F>�2!;#N�OF>�"$0#Q+JF>�"!;RS#T�KF>�"$URS# for any R , and

3. F>�2!�$9#V�WF>�"!�#X%YF>�"$0# .
Wesaythatrule !/+Z$ is moregeneral thanrule !'[\+

$ if !�]K!'[ , andwedenotedthis by !^+Z$_]O!�[\+Z$ .
Conversely, ! [ +`$ is more specificthan !a+b$ . We
definethe covered set of a rule to be the tidsetof its an-
tecedent.Wesaythatrule !^+Z$ identifiestransaction� if
!'$c]O� . Weuse!�d to represent!W.e�fdg� and ����� �"!�hVRS#
for ����� �2!;#1ij����� �2!jRS# .
3.2 The informative rule set

Let us considerhow a userusesthe set of association
rulesto make predictions.Given an input itemsetandthe
associationruleset.Initiate thepredictionsetto beanemp-
tyset. Selecta matchedrule with the highestconference
from therule set,andthenput theconsequenceof the rule
into predictionset. We say that a rule matchesa transac-
tion if its antecedentis a subsetof thetransaction.To avoid
repeatedlypredicting on the sameitem(s), remove those
ruleswhoseconsequencesareincludedin thepredictionset.
Repeatselectingthe next highestconfidencematchedrule
from theremainingrulesetuntil theuseris satisfiedor there
is not rule to select.

We have noticedthat somerulesin the associationrule
setwill never beenselectedin the above predictionproce-
dure, so we will remove thoserules from the association
rule setandform a new rule set.This new rule setwill pre-
dict exactlythesameastheassociationruleset,thesameset
of predictionitemsin the samegeneratedorder. Here,we
considertheorderbecausea usermaystopselectionat any
time, andwe will guaranteeto obtain the sameprediction
itemsin this case.

Formally, givenanassociationrule set k andanitemsetl
, wesaythatthepredictionsfor

l
from k is asequenceof

items m . Thesequenceof m is generatedby usingtherules
in k in descendingorderof confidence.For eachrule n that
matches

l
(i.e., for eachrule whoseantecedentis a subset

of
l

), eachconsequentof n is addedto m . After addinga
consequenceto m , all ruleswhoseconsequencesare in m
areremovedfrom k .

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

Definition 1 Let kpo beanassociationrule setand keqo the
set of single-target rules in kro . A set kps is informative
over k o if �t�@# k s ]Wkuqo ; �P
�#wvxnUy'k s{z n|[ y�k s such that
n|[w]}n and <>=@?BAC�"n@[~#��}<>=@?BAC�"n|# ; and �"��#�v�n@[ [By8keqo i;kps ,� n0y�k s such that n|[�[X�Kn and <>=@?BAC�2n|[�[�#���<>=@?BAC�"n:# .



Thefollowing resultfollows immediately.

Lemma 1 Thereexistsa uniqueinformativerule setfor any
givenrule set.

We givetwo examplesto illustratethis definition.

Example1 Consider the following small transaction
database: ���L���f�x	��|	5<@��	�
_���f�x	��@	5<@��	5�����@�\	��@	5<|��	��7�
�f�x	��@	�����	��U���@�x	5<|	�����	5�Y���@�@	�<|	5�g�6� . Supposetheminimum
supportis 0.5 and the minimumconfidenceis 0.5. There
are 12 associationrules (that exceedthesupportandcon-
fidencethreshholds). They are �f�c+ �|�"�g
 ����	���
 ��#�	���+
<:�"�g
 ����	5�g
 ��#�	���+ <6�"��
 ����	5�g
 ��#�	��(+ ���P��
 ����	���
 ��#>	5<�+
�x�P��
 ����	5��
 ��#>	5<8+��|�"�g
 ����	���
 ��#�	�����+�<:�P��
��:�g	5��
��:��#�	���<�+
�|�"�g
 �6��	5�g
��6�6#>	���<T+��x�P��
��:�g	5��
��:��#�	��9+���<:�P��
��:��	���
 �6��#�	��T+
��<6�"��
��:�g	5�g
 ����#�	�<}+ ���|�P��
��:��	���
 �6��#�� , where the numbers
in parenthesesare thesupportandconfidencerespectively.
Everytransactionidentifiedbytherule ����+�< is alsoiden-
tified by rule �;+a< or �0+�< with higher confidence. So
����+Z< canbeomittedfromtheinformativerule setwithout
losing predictivecapability. Rule � +b� and � +`< pro-
vide predictions � and < with higher confidencethan rule
�¡+¢��< , so rule �¡+ ��< can be omittedfrom the infor-
mativerule set.Otherrulescanbeomittedsimilarly, leav-
ing the informativerule set containingthe 6 rules �@��+
�|�"�g
 ����	5�g
 ��#�	���+ <:�P��
 ����	5��
 ��#>	��&+ <:�P��
 ����	5��
 ��#>	��&+
�x�P��
 ����	5��
 ��#>	5<�+Z���"��
 ����	5�g
 ��#�	5<�+��|�P��
 ����	���
 ��#�� .
Example2 Considerthe rule set �f�'+a�|�P��
�
6��	��6
 ��#>	5�£+
<:�"�g
 
�	5��
��:#>	5���¤+ <:�"�g
 
�	5�g
��6#�	��a+ �x�"�g
 �g	���
 ��#�	5�E+
�\�P��
�
6��	��6
 ��#�� . Rule ���'+D< may be omittedfrom the in-
formativerule setasthemoregeneral rule �0+�< hasequal
confidence. Rule �¥+¤� , mustbe includedin the informa-
tive rule set even thoughit can be derivedby transitivity
fromrules �¦+�� and �{+�� . Otherwise, if it were omitted,
item � could not be predictedfrom the itemset�f�\� , as the
definitionof predictiondoesnot provide for reasoningby
transitivity.

Now we presentthe main propertyof the informative
ruleset.

Theorem1 Let kro be an associationrule set. Thenthe
informativerule set k s over k o is the smallestsubsetof
k o such that, for any itemset

l
, the predictionsequence

for
l

from kps equalsthe predictionsequencefor
l

from
k o .

Proof We will prove this theoremfrom two aspects.
Firstly, a ruleomittedby k s doesnotaffectpredictionfrom
kro for any

l
. Secondly, a rule setomittedonerule from

krs cannotpresentthesamepredictionsequencesas kro for
any

l
.

Firstly, we will prove that a rule omittedby kps do not
affectpredictionfrom k o for any

l
.

Considera single-target rule n|[ omitted by k s , there
mustbeanotherrule n in both kps and kpo suchthatthe n0]
n|[ and <>=@?BAC�2n:#0�I<�=@?BAC�2n|[~# . When n|[ matches

l
, n does.

If bothruleshavethesameconfidence,omitting n|[ doesnot
affectpredictionfrom kpo . If <>=@?BAC�"n:#¨§�<�=@?BAC�2n [ # , n [ must
beautomaticallyomittedfrom k o after n is selectedandthe
consequenceof n is includedin thepredictionsequenc.So,
omitting n|[ doesnot affectpredictionfrom k o .

Considera multiple-target rule in k o , e.g. ©ª+ ��< ,
there must be two rules ©r[�+ � and ©S['+ < in both
k s and k o for ©S[O��© such that <>=@?BAC�P©S[«+ �>#¬�
<>=@?BAC�"©­+ ��<�# and <>=@?BAC�P©S[�+ <�#���<�=@?BAC�"©­+ <�# .
Whenrule ©�+`�>< matches

l
, © [ +b� and © [ +`< do.

It is clear that if <>=@?BAC�"©r[Y+ �># �®<>=@?BAC�"©r[�+ <�# �
<>=@?BAC�"©�+¯�><�# , thenomitting ©L+°��< doesnot affect pre-
diction from k o . If <>=@?BAC�"©r[0+ �>#j§Z<>=@?BAC�"©�+ ��<�#
and <>=@?BAC�"©r[¥+ <�#±§­<>=@?BAC�P©a+ ��<�# , rule ©a+ ��<
mustbe automaticallyomittedfrom kro after ©S[T+a� and
©S[S+²< areselectedanditem � and < are includedin the
predictionsequence.Similarly, we can prove that omit-
ting ©a+ ��< from kpo doesnot affect prediction when
<>=@?BAC�"©r[³+´�>#£§�<>=@?BAC�P©S[u+�<�#���<>=@?BAC�"©�+µ��<�# or
<>=@?BAC�"©r[N+`<�#U§�<>=@?BAC�P©S[N+`�>#9��<>=@?BAC�P©�+`�><�# . So
omitting ©�+¶��< from k o doesaffectprediction.Similarly,
we canconcludethata multiple-targetrule in k o doesnot
affect its predictionsequence.

Thus a rule omitted by k s doesnot affect prediction
from k o .

Secondly, wewill provetheminimumproperty. Suppose
we omit onerule !�+­< from the k s . Let

l �¬! , there
mustbeapositionfor < in thepredictionsequencefrom kpo
determinedby !/+Z< becausethereis nototherrule !'[\+
< suchthat !'[³]�! and <>=@?BAC�"!'[S+-<�#��&<>=@?BAC�2!`+
<�# . When !�+²< is omitted from krs , theremay be two
possibleresultsfor thepredictionsequencefrom k s . Oneis
thatitem < doesnotoccurin thesequence.Theotheris that
item < is in the sequencebut its position is determinedby
anotherrule !'[C+¯< for !'[Q]·! with smallerconfidence
than !µ+¢< . As a result, the two predictionsequences
wouldnot bethesame.

Hence,the informative rule setis thesmallestsubsetof
kro thatprovidesthesamepredictionsfor any itemset

l
.

Consequently, thetheoremis proved. ¸
Finally, we describea propertythat characterisessome

rulesto beomittedfrom theinformativerule set.
We candivide the tidsetof an itemset! into two parts

on an itemset(consequence),F>�2!;#U�(F>�2!;Rr#V.�F>�2!�hVRr# .
If the secondpart is an emptyset, then the rule !`+´R
has100% confidence. Usually, the smaller is H F>�"!�hVRS#�H ,
thehigheris theconfidenceof therule. Hence,H F>�"!�hVRr#�H is
very importantin determiningtheconfidenceof a rule.

Lemma 2 If F>�"!�hVRS#N�KF>�"$0hVRS# , thenrule !'$�+¶R does
not belongto theinformativerule set.



Proof Let usconsidertwo rules, !�$¬+�R and !/+�R .
We know that <>=@?BAC�"!'$�+¯RS#¨��� q 4��P� qT¹ n q # , where

� q ��H F>�2!�$3RS#�H and n q �ªH F>�"!'$9hVRr#�H , and <>=@?BAC�"!`+
RS#·�D�fºf4��P�fº ¹ nfº�# , where �fº�� H F>�"!;Rr#�H and n�º7�
H F>�"!�hVRS#�H .
n q � H F>�"!'$3hVRr#�Hª� H F>�2!�hVRr#¥%&F>�P$3hVRr#�H��

H F>�"!�hVRS#�H6�}nfº .
� q �IH F>�"!'$3Rr#�H��¬H F>�2!;Rr#�H6��� º .
As a result, <>=@?BAC�2!'$c+ªRr#¨�±<�=@?BAC�2!J+ªRS# . Hence

rule !'$�+¶R mustbeexcludedby theinformativeruleset.
¸

This is animportantpropertyfor theinformativeruleset,
sinceit enablesusto predictrulesthatcannotbeincludedin
theinformativerulesetin theearlystageof associationrule
mining. We will discussthis in detail in thenext section.

4 Upward closed properties for generating
informative rule sets

Mostefficientassociationruleminingalgorithmsusethe
upward closedproperty of infrequency of itemset: if an
itemsetis infrequent,so areall its superitemsets.Hence,
many infrequentitemsetsarepreventedfrom beinggener-
atedin associationrule mining, and this is the essenceof
Apriori. If we have similar propertiesof therulesexcluded
by theinformative rule set,thenwe canpreventgeneration
of many rulesexcludedby the informative rule set. As a
result,algorithmbasedon thepropertieswill bemoreeffi-
cient.

First of all, we discussa propertythatwill facilitatethe
following discussions.It is convenientto comparesupport
of itemsetsin orderto find subsetrelationshipsamongtheir
tidsets.This is becausewealwayshavesupportinformation
whenmining associationrules. We have a relationshipfor
thispurpose.

Lemma 3 F>�2!�#b� F>�"$0# if and only if ����� �"!�#»�
����� �"!'$e# .

We have two upward closedpropertiesfor mining the
informative associationrule set. In the following two lem-
mas,we usea descriptionthat is easyto usein algorithm
designbut maynot bevery goodin termsof mathematical
simplicity

As a directresultof Lemma2 and3, we have

Lemma 4 If ����� �"!�hVRr#b� �����1�2!'$9hVRr# , then rule
!'$�+²R and all more specificrules do not occur in the
informativerule set.

Thefollowing specialcaseis usefulin practice.

Lemma 5 If �����1�2!�#£������� �"!'$e# , then for any R , rule
!'$�+²R and all more specificrules do not occur in the
informativerule set.

Thesetwo lemmasenableusto pruneunwantedrulesin
a “forward” fashionbeforethey areactuallygenerated.In
factwecanpruneasetof ruleswhenwepruneeachrulenot
in theinformativerule setin theearlystagesof thecompu-
tation. This allows us to constructefficient algorithmsto
generatetheinformativerule set.

5 Algorithm

5.1 Basicideaand storagestructur e

We proposeda directalgorithmto mine the informative
rule set. Insteadof first finding all frequentitemsetsand
thenforming rules,theproposedalgorithmgeneratesinfor-
mative rule setdirectly. An advantageis that it avoidsgen-
eratingmany frequentitemsetsthatproducerulesexcluded
by theinformativeruleset.

Theproposedalgorithmis a level wisealgorithm,which
searchesfor rules from antecedentof � -itemset to an-
tecedentof ¼ -itemsetlevel by level. In every level,weselect
qualifiedrules,which couldbe includedin the informative
rule set,andprunethoseunqualifiedrules. The efficiency
of theproposedalgorithmis basedonthefactthatanumber
of rulesexcludedby the informative rule setareprevented
from beinggeneratedonceamoregeneralrule is prunedby
Lemma4 or 5. Consequently, searchingspaceis reduced
afterevery level’s pruning. Thenumberof phasesof scan-
ningadatabaseis boundedby thelengthof thelongestrule
in theinformativerule set.

In theproposedalgorithm,we extenda setenumeration
tree[12] asthe storagestructure,calledcandidatetree. A
simplifiedcandidatetreeis illustratedin Figure1. Thetree
in Figure1 is completelyexpanded,but in practiceonly a
small part is expanded.We notethat every set in the tree
is uniqueandis usedto identifiedthenode,called identity
set. We alsonotethat labelsarelocally distinct with each
otherunderaparentnodein a layer, andlabelsalongapath
from theroot to thenodeform exactly theidentitysetof the
node.This is very convenientfor retrieving theitemsetand
countingits frequency. In our algorithma nodeis usedto
storea setof rulecandidates.

5.2 Algorithm for mining the informative rule set

The setof all itemsis usedto build a candidatetree. A
nodein the candidatetreestorestwo sets �f©9	�Ru� . © is an
itemset,theidentitysetof thenode,and R is asubsetof the
identity itemset,calledpotentialtargetsetwhereevery item
canbetheconsequenceof anassociationrule. For example,
�6�@���><@��	��f���f�6� is a setof candidatesof two rules,namely,
��<¨+�� and ��<{+�� . It is clearthatthepotentialtargetsetis
initialized by the itemsetitself. Whenthereis a casesatis-
fying Lemma4, for example,����� �P��hC<�#V������� �"���>hC<�# , then



Root

4

4

4

3 4 4
{1, 4} {2, 3} {2, 4}

Set{1, 2, 3, 4}

44
{1, 3, 4}{1, 2, 4}{1, 2, 3}

3

{1, 2}
2

{1, 3}
3

{1}
1 2

{2}
3
{3}

4
{4}

Label

{3, 4}

{2, 3, 4}

Figure 1. A fully expanded candidate tree over
the set of items ����	�
�	���	5���

we remove < from thepotentialtargetset,andaccordingly
all rulessuchas ����!/½Z< cannotbegeneratedafterwards.

We firstly illustrate how to generatea new candi-
date node. For example, we have two sibling nodes
�6�f����<|��	>�@���f�6� and �6�@���>����	>�f���g�6� , thenthe new candidate
is �6�@���><>����	>�@���g�6� , where �@���g�r���t�f���f�Q.'�f�g�@#X%;�¾�@�����T.
�f<@�|# . Hencetheonly two candidaterulesthatcouldbe in-
cludedin the informative rule setin this caseare ��<>�8+­�
and ���><¨+�� given ����<>� is frequent.

We then show how to remove unqualifiedcandidates.
Oneway is by the frequency requirement,for example,if
����� �P����<>��#Q¿}À thenweremovethenodewhoseidentityset
is ����<�� , simply callednode ���><>� . Pleasenoteherethat a
nodein thecandidatetreecontainsa setof candidaterules.
Anothermethodis by thepropertiesof theinformativerule
set,andagainconsistsof two cases.Firstly, givena candi-
datenode �f©{Á¾	�R³� where ©SÁ meansthat ©{Á is a ¼ -itemset.
For an item d�y­R , when there is ����� �5�"© ÁÃÂ d�#�hCd�#·�
����� �5�"©SÁ~ÄXq Â d�#�hCd�# for �"©{Á Â d�#Q�·�"©SÁ~ÄXq Â d�# , thenremovethe
d from R by Lemma4. Secondly, we saynode �@©{Á¾	�Ru� is
restrictedwhenthereis ����� �P©{Á"#��������1�"©SÁ~ÄXq�# for ©{Á¦�
©{Á~Äwq . A restrictednodedoesnot extendits potentialtarget
setandkeepsit asthat of node �f©{Á2ÄXq@	�R³� . The reasonis
that all rules ©{Á~Äwq�!²+µ< for any ! and < are excluded
from the informative rule setby Lemma5, sowe neednot
generatesuchcandidates.Thispotentialtargetsetis remov-
ableby Lemma4, anda restrictednodeis deadwhen its
potentialtarget set is empty. All supersetsof the itemset
of a deadnodeareunqualifiedcandidates,so we neednot
generatethem.

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

Algorithm: Theinformativeruleminer
Input: Database� , the minimum support À and the

minimumconfidenceÅ .
Output:Theinformativerule set k .

(1) Settheinformativerule set k·��)
(2) Countsupportof 1-itemsets
(3) Initialize candidatetree �
(4) Generatenew candidatesasleavesof �
(5) While (new candidatesetis non-empty)
(6) Countsupportof thenew candidates
(7) Prunethenew candidateset
(8) Includequalifiedrulesfrom � to k
(9) Generatenew candidatesasleavesof �
(10) Returnruleset k

The first 3 lines aregeneraldescription,andwe do not
explain them here. We will emphasizeon two functions,
Candidategeneratorin line 4 and9 andPruningin line 6.
They arelistedasfollows.

We begin with introducingnotationsin thefunctions. ?wÆ
is a candidatenodein the candidatetree. It is labeledby
an item ÇÃÈ6É and it consistsof an identity itemset ©SÈ6É and
a potentialtarget set R È É . � Á is the ¼ -th level of candidate
tree. ÊeÁt�P©r# is the setof all ¼ -subsetsof © . ? o is a node
whoseidentity itemsetis © . The setof itemsareordered
lexically.

Function: Rulecandidategenerator
(1) for eachnode?wÆVyY� Á
(2) for eachsibling node?xË ( Ç È|Ì §�Ç È É )
(3) generateanew candidatenode?BÍ asasonof
? Æ suchthat

//Combining
(4) ©SÈ6Îu�±©SÈ:Éw.Y©SÈ Ì
(5) R È Î³�L�ÏR È É�.�Ç È|Ì #w%;�ÏR È|Ì .�Ç È Ét#

//Pruning
(6) if

� ©&yOÊeÁt�"©SÈ�Î:# but ?wo74y�� Á thenremove
? Í
(7) else if ?wo is restricted then mark ?BÍ
restrictedandlet R È Î³�¡R È6Ð %£R È Î
(8) else R È Î³���ÃR È6Ð .;�"© È Î Â ©p#�#w%£R È Î
(9) if ?BÍ is restrictedand RGÈ6Îu�Ñ) , removenode
? Í

Wegeneratethe �"¼ ¹ �f# -layercandidatesfrom the ¼ layer
nodes.Firstly, wecombineapairof siblingnodesandinsert
theircombinationasanew nodein thenext layer. Secondly,
if any of its ¼ -sub itemsetcannotget enoughsupportthen
we remove the node. If an item is not qualifiedto be the
targetof a rule includedin theinformativeruleset,thenwe
removethetargetfrom thepotentialtargetset.

Pleasenote that in line 6, not only a superset of an
infrequent itemset is removed, but also a superset of a
frequentitemsetof a deadnodeis removed. The former
caseis commonin associationrule mining, and the latter
caseis uniquefor theinformativerulemining. A deadnode
is removed in line 9. Accordingly, in the informative rule



mining,we neednot to generateall frequentitemsets.

Function: Pruning
(1) for each?wÆCy8� ÁÓÒ q
(2) if ����� �P©SÈ:Ét#N¿}À , removenode?wÆ andreturn
(3) if ? Æ is not restrictednode,do
(4) if

� ? Ë y®� Á for ©rÈ Ì ]E©SÈ:É such that
����� �P© È|Ì #V�¡�����1�"© È Ét#

then mark ? Æ restricted and let
RGÈ:ÉG��RVÈ:ÉX%8RVÈ Ì // Lemma4
(5) for eachdUy'R È É
(6) if

� ? Ë yL� Á for �"©rÈ Ì Â d�#']��P©SÈ:É Â d�# such
that ����� �5�"©rÈ Ì Â d�#X.YhCd�#V�¡����� �5�"©rÈ:É Â d�#�.8hCd�#

then R Æ �ÑR Æ Â d . // Lemma5
(7) if ?wÆ is restrictedand RGÈ:ÉG�±) , removenode?wÆ

We prune a rule candidatefrom two aspects,the fre-
quency requirementfor associationrulesandthequalifica-
tion requirementfor the informative rule set. The method
for pruninginfrequentrulesis thesameasthatof a general
associationrule mining algorithm. As for the methodin
pruningunqualifiedcandidatesfor the informative rule set,
we restrictthepossibletargetsin thepotentialtargetsetof
a node(a possibletarget is equivalentto a rule candidate)
andremovea restrictednodewhenits potentialtargetsetis
empty.

5.3 Corr ectnessand efficiency

Lemma 6 Thealgorithmgeneratestheinformativerule set
properly.

It is very hardto give a closedform of efficiency for the
algorithm. However, we expectcertainimprovementsover
otherassociationrule mining algorithmsbasedon the fol-
lowing reasons. Firstly, it doesnot generateall frequent
itemsets,becausesomefrequent itemsetscannotcontain
rulesbeingincludedin the informative rule set. Secondly,
it doesnot testall possiblerulesin everygeneratedfrequent
itemsetbecausesomeitemsin an itemsetarenot qualified
asconsequencesfor rulesbeingincludedin theinformative
ruleset.

The phasesof scanninga databaseis boundedby the
lengthof longestrule in theinformativeruleset.

6 Experimental results

In this section,we show that the informative rule set
is muchsmallerthanboth the associationrule setandthe
non-redundantassociationrule set. We furthershow that it
canbe generatedmoreefficiently with lessnumberof in-
teractionswith a database.Finally, we show that the effi-
ciency improvementgainsfrom the fact that the proposed
algorithmfor theinformativerule setaccessesthedatabase

fewertimesandgeneratesfewercandidatesthanApriori for
theassociationrule set.

Sincetheinformativerule setcontainsonly singletarget
rules,for a fair comparison,theassociationrule setandthe
non-redundantrule set in this sectioncontainonly single
targetrulesaswell. Thereasonfor thecomparisonwith the
non-redundantrulesetis thatthenon-redundantrulesetcan
make thesamepredictionstheassociationrule set.

The two testing transaction databases,
T10.I6.D100K.N2K and T20.I6.D100K.N2K, are gen-
eratedby thesyntheticdatageneratorfrom QUESTof IBM
Almadenresearchcenter. Both databaseshave 1000items
andcontain100,000transactions.We chosethe minimum
supportin therangesuchthat70%to 80%of all itemsare
frequent,andfixedtheminimumconfidenceas0.5.
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Figure 2. Sizes of different rule sets

Sizesof different rule setsare listed in Figure 2. It is
clearthattheinformativerulesetis muchsmallerthanboth
theassociationrule setandthenon-redundantrule set.The
sizedifferencebetweenaninformativerulesetandanasso-
ciation rule setbecomesmoreevident whenthe minimum
supportdecreases,andasdoesthesizedifferencebetween
aninformativerulesetandanon-redundantruleset.This is
becausethelengthof rulesbecomeslongerwhenthemini-



mumsupportdecreases,andlongrulesaremorelikely to be
excludedby theinformativerule setthanshortrules.There
is little differencein sizebetweenanassociationrulesetand
anon-redundantrule set.So,in thefollowing comparisons,
we only comparethe informative rule setwith theassocia-
tion ruleset.

Now, we will comparegeneratingefficiency of the in-
formative rule setandthe associationrule set. We imple-
mentedApriori on thesamedatastructureastheproposed
algorithmandgeneratedonly singletargetassociationrules.
Our experimentswereconductedon a Sunserver with two
200MHz UltraSPARC CPUs.
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Figure 3. Generating time for different rule
sets

The generatingtime for associationrule setsandinfor-
mative rule setsis listed in the Figure3. We canseethat
mininganinformativerulesetis moreefficient thanmining
a singletargetassociationrule set. This is becausethe in-
formativeruleminerdoesnotgenerateall frequentitemsets,
anddoesnot testall itemsastargetsin a frequentitemset.
Theimprovementof efficiency becomesmoreevidentwhen
theminimumsupportdecreases.This is consistentwith the
deductionof rulesbeingexcludedfrom anassociationrule

setasshown in Figure2.
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Figure 4. The number of times for scanning
the database

Further, thenumberof timesof scanninga databasefor
generatinganinformativerulesetis smallerthanthatfor an
associationrule set,asshowedin Figure4. This is because
the proposedalgorithm avoids generatingmany long fre-
quentitemsetsthatcontainnorulesincludedin aninforma-
tive rule set.Fromtheresults,we alsoknow thatlong rules
are easierto be excludedby an informative rule set than
short rules. Clearly, this numberis significantly smaller
than the numberof differentantecedentsin the generated
rulesetwhichareneededto scanadatabasein aotherdirect
algorithm.

To betterunderstandof improvementof efficiency of the
algorithmfor mining the informative rule setover that for
the associationrule set, we list the numberof nodesin a
candidatetree for both rule setsin Figure5. They areall
frequent itemsetsfor the associationrule set and partial
frequentitemsetssearchedby mining the informative rule
set. We canseethat in mining the informative rule set,the
searcheditemsetsis lessthanall frequentitemsetsfor form-
ingassociationrules.So,thisis thereasonfor efficiency im-
provementandreductionin numberof scanningadatabase.

7 Conclusions

We have defineda new, informative, rule setthatgener-
atespredictionsequencesequalto thosegeneratedby the
associationrule setby the confidencepriority. The infor-
mative rule setis significantlysmallerthanthe association
ruleset,especiallywhentheminimumsupportis small.We
have studiedthe upward closedpropertiesof informative
rule setfor omissionof unnecessaryrulesfrom theset,and
presentedadirectalgorithmto efficiently minetheinforma-
tive rule set without generatingall frequentitemsetsfirst.
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Figure 5. The number of candidate nodes

The experimentalresultsconfirm that the informative rule
setis significantlysmallerthanboththeassociationruleset
andthenon-redundantassociationrule set,thatcanbegen-
eratedmore efficiently than the associationrule set. The
experimentalresultsalsoshow thatthisefficiency improve-
mentresultsfrom thatthegenerationof theinformativerule
setneedsfewer candidatesanddatabaseaccessesthanthat
of theassociationruleset.Thenumberof databaseaccesses
of theproposedalgorithmis muchsmallerthanotherdirect
methodsfor generatingunconstrainedassociationrule sets.

Althoughtheinformativerulesetprovidesthesamepre-
dictionsequenceastheassociationrule set,theremayexist
other definitionsof “interesting” in differentapplications.
How to usetheinformativerulesetto makepredictionsun-
dersuchdifferentcriteriaremainsa subjectof futurework.
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