
A New Framework for Itemset

Generation

Charu C. Aggarwal
Philip S. Yu

IBM T J Watson Research Center

August 10, 1998



Association Rules

(1) Identify the presence of one set of items implying the
presence of another set of items in a transaction
e.g. diaper ) beer

(2) Applications

{ Marekt basket analysis
{ Attached mailing in direct marketing
{ Department store oor/shelf planning
{ Internet sufring patterns
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Generation of Association Rules

(1) The support of a rule X ) Y is the fraction of the
rules which contain both the set of items X and Y .

(2) The con�dence of the rule X ) Y is the fraction of
the rules containing X which also contain Y .

(3) The traditional approach on association rule mining

{ �rst �nding all the large itemsets which have su�-
cient support, using large itemset generation algo-
rithms

{ then using them to generate all the rules with su�-
cient con�dence.

(4) The Apriori method works by

{ generating all potential large (k + 1) itemsets from
large k-itemsets using joins on the large k-itemsets,
and

{ then validating them against the database.
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Weaknesses of the large itemset

method

(1) The large itemset model works very well when the data
is sparse.

(2) When the data loses its sparse property, the large item-
set method breaks down.

(3) The method does not address the signi�cance of a rule
(relative to the assumption of statisitical independence
)

{ Generalizing Association Rules to Correlations
(SIGMOD 97), Brin, Motwani and Silverstein
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Example

(1) Consider the following example:
A retailer of breakfast cereal surveys 5000 students on
the activities that they engage in the morning. The
data shows that

{ 3000 students play basketball,
{ 3750 eat cereal, and
{ 2000 students both play basketball and eat cereal.

(2) Consider the following rule at 40% support and 60%
con�dence:
play basketball ) eat cereal

(3) This association rule is misleading, because the overall
percentage of students eating cereal is 75%, which is
even larger than 60%.

(4) The rule play basketball ) (not) eat cereal has
both lower con�dence and lower support than the rule
implying positive association.
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Another example

(1) Consider the following example:

X 1 1 1 1 0 0 0 0

Y 1 1 0 0 0 0 0 0

Z 0 1 1 1 1 1 1 1

Table 1: The base data

Rule Support Con�dence

X ) Y 25% 50%

X ) Z 37.5% 75%

Table 2: Corresponding support and con�dence

� The coe�cient of correlation between the itemsX and
Y is 0:577, while the coe�cient of correlation between
X and Z is is �0:378.
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The basic problems

� Spuriousness in itemset generation as illustrated by
the last few examples.

� Need to deal with dense data sets: how to set support
level

� Inability of �nd negative association rules: Too much
bias in favor of the absence of items as opposed to the
presence of items. We need to treat the presence or
absence of an item in a symmetric way.

� Data in which the di�erent attributes have widely
varying densities.
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Interest Measure

� The use of interest measure is an attempt to remove
itemsets which do not have statistical independence.

� An itemset is said to be R-interesting, if its presence is
R-times the expected presence based on the assump-
tion of statistical independance.
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Use of interest measures

� The use of interest measures (which were proposed by
Srikant et. al.) is useful in pruning away those rules
which are rendered uninteresting.

� As the basketball-cereal illustrates, so long as interest
is used as a postprocessing operator, either the user has
to set the support value low enough so as not to lose
any interesting rules in the output, or risk losing useful
rules. The former may not always be computationally
feasible.

� The interest measure does not normalize uniformly
with respect to dense or sparse data.

� For two items with perfect positive correlation,
and base density of 0.9 each the interest level is
0:9=(0:9)2 = 1:11, while for two items with perfect
positive stataistical correlation and base density of 0.1
each, the interest level is 10.
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The notion of collective strength

� Let I be an itemset.

� An itemset I is said to be violated if some items take
on the value of 0, while others take on the value of 1
in a transaction.

� Let v(I) be the fraction of violations. We have
E[v(I)] = 1� �i2Ipi � �i2I(1 � pi).

� Let A(I) be the fraction of agreements.
A(I) = 1� v(I).
Also we have E[A(I)] = 1� E[v(I)].
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Collective Strength

� The collective strength of an itemset is equal to the
agreement ratio divided by the violation ratio.

C(I) =
1� v(I)

1� E[v(I)]
�
E[v(I)]

v(I)
(1)

� Another way of looking at collective strength:

C(I) =
Good Events

E[Good Events]
�
E[Bad Events]

Bad Events
(2)

� When there is perfect negative correlation among the
items, the collective strength is 0, else the collective
strength is 1.

� A collective strength of 1 is the breakeven point.

10



Application to previous examples

� Basketball-cereal example: 5000 people, 3000 play basketball, 3750

eat cereal, 2000 both play basketball and eat cereal.

Itemset Support Collective Strength

Play basketball, eat cereal 40% 0.67

Play basketball, (not)eat cereal 20% 1=0:67 = 1:49

X 1 1 1 1 0 0 0 0

Y 1 1 0 0 0 0 0 0

Z 0 1 1 1 1 1 1 1

Table 3: The base data

Itemset Support Statistical Correlation Collective St rength

X, Y 25% 0:577 3

X, Z 37:5% �0:378 0:6

Y, Z 12:5% �0:655 0:31
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Closure Property

� Suppose that the items fMilk;Breadg are closely cor-
related and similarly for the items fDiaper;Beerg.

� This will result in fMilk;Bread;Diaper;Beerg to have
high collective strength

{ fMilk;Breadg and fDiaper;Beerg are independent
{ Items in a set perfectly correlated (support 10%)

{ Collective strength: 0:12+0:92

0:14+0:94 �
1�(0:14+0:94)
1�(0:12+0:92)

� The closure property forces all subsets to be closely
correlated.

� An itemset I is is said to be strongly collective at level
K, if it satis�es the following propoerties:

{ The collective strength C(I) of the itemset I is at
least K.

{ Closure Property: The collective strength of
every subset J of I is at least K.
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Generating the strongly collective

baskets

� Let k0 be a number which is larger than 1. Consider
an itemset B of size n � 2. Suppose that all 2-subsets
of B have collective strength larger than k0. Then the
itemset B is highly likely to have collective strength
larger than k0.

� The following results can be proved for the 2 to 3 case:

{ Let I = fi1; i2; i3g be a 3-itemset. Suppose that
for every 2-subset of I the violation ratio is at most
� < 1. Then, it must also be the case that the
violation ratio of itemset I is at most �.

{ A similar result can be proved for the agreement
ratio.

� When the above two results are used in conjunction,
then the results for collective strength may be inferred.
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Algorithm for �nding itemsets with

collective strength

� Find all two itemsets with the appropriate collective
strength. Let us call this P2.

� Perform joins to �nd Pk+1 from Pk.

� Remove all those (k+1)-itemsets from Pk+1 such that
some k-subset of it is not included in Pk.

� Continue the process for increasing k, until Pk is
empty.

� Perform a pass over the transaction database in order
to remove any false itemsets in Pk for each k.

� Validating agaist the database is e�cient because of
the property discussed earlier.
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Empirical Results

� The synthetic data sets were generated in a method
similar to that discussed by Rakesh Agarwal for gen-
erting large itemsets.

� The �rst step is to generate L = 2000 maximal \po-
tentially large" itemsets.

� A transaction is generated as combination of these
maximal itemsets (after throwing away some of the
items from each itemset.)
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Empirical Results

� An extra set ofK corrupt items is added to each trans-
action. Each of these K corrupted items may occur
independantly in a transaction with a probability of
pc. This is called the corruption probability. This ad-
dition of uncorrelated corrupt items will be used to
test how each of the methods (large itemset method
and collective strength method) handle the data.

� We de�ne an itemset to be impure if it contains at
least one corrupt item.
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Impurity level with corruption

parameter (large itemset approach)
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Impurity level with number of

itemsets
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Summary

� New approach to generate large itemset based on col-
lective strength

{ Greater robustness and accuracy
{ Reduce number of passes over the data
{ Provide negative association rules

� Preliminary results indicate that the technique works
faster than the Apriori method.
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