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Abstract. MLMS (Multiple Level Minimum Supports) model which uses mul-
tiple level minimum supports to discover infrequent itemsets and frequent item-
sets simultaneously is proposed in our previous work. The reason to discover
infrequent itemsets is that there are many valued negative association rules in
them. However, some of the itemsets discovered by the MLMS model are not
interesting and ought to be pruned. In one of Xindong Wu'’s papers [1], a prun-
ing strategy (we call it Wu’s pruning strategy here) is used to prune uninterest-
ing itemsets. But the pruning strategy is only applied to single minimum
support. In this paper, we modify the Wu’s pruning strategy to adapt to the
MLMS model to prune uninteresting itemsets and we call the MLMS model
with the modified Wu’s pruning strategy IMLMS (Interesting MLMS) model.
Based on the IMLMS model, we design an algorithm to discover simultane-
ously both interesting frequent itemsets and interesting infrequent itemsets. The
experimental results show the validity of the model.

1 Introduction

Mining association rules in database has received much attention recently. Many
efforts have been devoted to design algorithms for efficiently discovering association
rules of the form A=B, whose support (s) and confidence (¢) meet a minimum sup-
port (ms) threshold and a minimum confidence (mc) respectively. This is the famous
support-confidence framework [2]. The rules of the form A=B have been studied
widely since then, while the rules of the form A=-B have only been attracted a little
attention until recently some papers proposed that the rules of the form A=-B could
play the same important roles as the rules of the form A=B. The rules of the form
A=-B, which suggests that a customer may not buy item B after the customer buys
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item A, together with the rules of the forms "A=B and ~A=-B, are called negative
association rules (NARs) and the rules of the form A= B positive association rules
(PARs) [1].

Discovering infrequent itemsets is one of the new problems that would occur when
we study NARs. The reason to discover infrequent itemsets is that there are many
valued negative association rules in them. How to discover infrequent itemsets, how-
ever, is still an open problem. Theoretically, infrequent itemsets are the complement
of frequent itemsets and the number of infrequent itemsets is too large to be mined
completely. So in real application, some constraints must be given so as to control the
number of infrequent itemsets in a moderate degree. The constraints to infrequent
itemsets in different applications are different. MLMS (Multiple Level Minimum
Supports) model [3], which is proposed in our previous work, can be used to discover
infrequent itemsets and frequent itemsets simultaneously. The details about the
MLMS model are mentioned in section 3.1.

Another new problem is how to prune uninteresting itemsets because some item-
sets are not interesting. In one of Xindong Wu’s papers [1], a pruning strategy (we
call it Wu’s pruning strategy here) which concerns the support, the confidence, and
interestingness of a rule A= B is used to prune uninteresting itemsets. But the Wu’s
pruning strategy is only applied to single minimum support. In this paper, we modify
the Wu’s pruning strategy to adapt to the MLMS model to prune uninteresting item-
sets and we call the MLMS model with the modified Wu’s pruning strategy IMLMS
(Interesting MLMS) model.

The main contributions of this paper are as follows:

We modify the Wu’s pruning strategy to adapt to the MLMS model.

. We design an algorithm Apriori_IMLMS to discover simultaneously both interest-
ing infrequent itemsets and interesting frequent itemsets based on the IMLMS
model.

DN =

The rest of the paper is organized as follows: Section 2 discusses the related works.
Section 3 discusses the modified Wu’s pruning strategy and the algorithm Apri-
ori_IMLMS. Experiments are discussed in section 4. Section 5 is conclusions and
future work.

2 Related Work

Negative relationships between two itemsets were first mentioned in [4]. [S] proposed
a new approach for discovering strong NARs. [6] proposed another approach based
on taxonomy for discovering PARs and NARs. In our previous work [7], we proposed
an approach that can discover PARs and NARSs by chi-squared test and multiple mini-
mum confidences. [8] proposed an approach to discover confined PARs and NARs. In
[9], a MMS (multiple minimum supports) model was proposed to discover frequent
itemsets using multiple minimum supports to solve the problems caused by a single
minimum support, [10] proposed an approach of mining multiple-level association
rules based on taxonomy information.

These works, however, do not concentrate on discovering infrequent itemsets.
There are many mature techniques to discover frequent itemsets, while few papers
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study the approach of how to discover infrequent itemsets. In our previous work [11],
a 2LS (2-Level Supports) model was proposed to discover infrequent itemsets and
frequent itemsets, however, the 2LS model only used the same two constraints to
divide the infrequent itemsets and frequent itemsets and did not prune uninteresting
itemsets. In [1], the Wu’s pruning strategy was used to prune uninteresting itemsets,
however, the constrains to infrequent itemsets and frequent itemsets are still a single
minimum support.

3 Mining Interesting Infrequent and Frequent Itemsets

3.1 Review of the MLMS Model

Let I={i}, i,,..., i,} be a set of n distinct literals called items, and 7D a transaction
database of variable-length transactions over /, and the number of transactions in 7D
is denoted as ITDI. Each transaction contains a set of item iy, i,...,i,,€ I and each trans-
action is associated with a unique identifier TID. A set of distinct items from [/ is
called an itemset. The number of items in an itemset A is the length of the itemset,
denoted by length(A). An itemset of length k are referred to as k-itemset. Each itemset
has an associated statistical measure called support, denoted by s. For an itemset AC/,
s(A)=A.count / ITD|, where A.count is the number of transactions containing itemsets
A in TD. The support of a rule A=B is denoted as s(A U B) or s(A =B), where A, B C
I ,and AN B =®. The confidence of the rule A=B is defined as the ratio of s(A U B)
over s(A), i.e., c(A=B) =s(AUB) /s(A).

In the MLMS model, different minimum supports are assigned to itemsets with dif-
ferent lengths. Let ms(k) be the minimum support of k-itemsets (k=1,2,...,n), ms(0) be
a threshold for infrequent itemsets, ms(1)2ms(2)2,..., 2ms(n) = ms(0)>0, for any
itemset A,

if s(A) >ms(length(A)), then A is a frequent itemset; and
if s(A) < ms(length(A)) and s(A) > ms(0), then A is an infrequent itemset.

The MLMS model allows users to control the number of frequent and infrequent
itemsets easily. The value of ms(k) can be given by users or experts.

3.2 The Modified Wu’s Pruning Strategy

The Wu’s pruning strategy uses different methods to prune uninteresting itemsets
from frequent and infrequent itemsets. The following equations are used to prune
uninteresting frequent itemsets.

M is a frequent itemset of potential interest if

fipi(M) = s(M) > ms A (A, B: AU B=M) A fipis(A, B), (1)
where  fipis(A, B) =(ANB)=® A f(A,B, ms, mc, mi)=1, 2)

f (A, B, ms, mc, mi) 3)
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_ S(AU B)+c(A = B) +interest(A, B) — (ms +mc +mi) +1
Is(AUB)—ms|+1c(A= B)—mc|+linterest(A,B)—mil+1 ’

where interest(A,B) is a interestingness measure and interest(A,B)=Is(AUB) -
s(A)s(B)l, mi is a minimum interestingness threshold given by users or experts, and f ()
is a constraint function concerning the support, confidence, and interestingness of
A=B.

Since c(A=B) is used to mine association rules after discovering frequent itemsets
and infrequent itemsets, here we replace f (A,B, ms, mc, mi) with f (A,B, ms, mi) as [1]
did.

From the equations 1-3 we can see that the Wu’s pruning strategy is only applied
to single minimum support ms. Considering that there are different minimum support
s ms(k) for k-itemsets in the MLMS model, we must modify the Wu’s pruning strat-
egy by replacing corresponding variables as follows.

M is a frequent itemset of potential interest in the MLMS model if

fipi(M) = s(M) > ms(length(M)) A (3A, B: A UB =M ) A fipis(A, B) , S

where fipis(A, B)= ANB=® A f(A,B, ms(length(AUB)), mi) =1, 5)

f(A, B, ms(length(AUB)), mi)

_ s(AuB)+interest(A, B) — (ms(length(AU B)) + mi) +1
| s(AU B) —ms(length(A U B)) | + | interest(A, B)—mi | +1

(6)

Equations 4-6 can be used to prune uninteresting frequent itemsets in the MLMS
model. As for pruning uninteresting infrequent itemsets in the MLMS model, we can
not use the methods of pruning uninteresting infrequent itemsets in the Wu’s prun-
ing strategy because the constraints to infrequent itemsets in the MLMS model and in
[1] are different. Fortunately, according to the above discussion, we can get the fol-
lowing equations by modifying the equations 4-6.

N is an infrequent itemset of potential interest if
iipi(N) = s(N) < ms(length(N)) A s(N) > ms(0) A
(3A, B: AU B=N) Aiipis(A, B), )

where iipis(A, B) = ANB =DA f(A,B, ms(0), mi) =1, (8)

£(A, B, ms(0), mi) = AL B Finterest(A, B) = (ms(0) + mi) +1 .
o , " Is(AUB)—ms(0) | + | interest(A, B)—mi | +1 ©)

The IMLMS model is to use equation 4 -9 to prune the uninteresting frequent item-
sets and the uninteresting infrequent itemsets discovered by the MLMS model.
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3.3 Algorithm Design

Algorithm Apriori_ IMLMS
Input: TD: Transaction Database; ms (k) (k=0,1,..,n):
minimum support threshold;
Output: FIS: set of interesting frequent itemsets; inFIS:
set of interesting infrequent itemsets;
(1) FIS=®; inFIS=®;
(2) temp; = {A|Ael-itemsets,s(A)2ms(0)};
FIS, = {A|Actemp; As(A)2ms(1)};
inFIS, = temp,-FIS;;
(3) for (k=2;tempy ,#@;k++) do
begin
(3.1) Cx = apriori_gen(tempyn, ms(0));
(3.2) for each transaction teTD do
begin
/*scan transaction database TD*/
Ci=subset (Cy, t);
for each candidate ¢ € C;
c.count++;
end
(3.3) tempy = {c|ceCy (c.count/|TD|)2ms(0)};
FIS, = {A|Actemp, AA.count/|TD|2ms(k)};
InFIS, = temp, — FISy;
(3.4) /*prune all uninteresting k-itemsets in FISy */
for each itemset M in FIS, do
if NOT (fipi(M)) then
FIS, =FIS, — { M }
(3.5)/*prune all uninteresting k-itemsets in inFIS, */
for each itemset N in inFIS, do
if NOT (iipi(N)) then
InFIS, =inFIS, - { N }
end
(4) FIS = UFISy; 1nFIS = UInFISk;
(5) return FIS and 1InFIS;

The algorithm Apriori IMLMS is used to generate all interesting frequent and in-
teresting infrequent itemsets in a given database 7D, where FIS is the set of all inter-
esting frequent itemsets, and inFIS is the set of all interesting infrequent itemsets.
There are four kinds of sets: FISy, inFIS;, temp, and C;. Temp, contains the itemsets
whose support meets the constraint ms(0). C; contains the itemsets generated by the
procedure apriori_gen. The procedure apriori_gen is the same as the procedure in
traditional Apriori [2] and is omitted here. The main steps of the algorithm Apri-
ori_IMLMS are the same as the Apriori_MLMS except steps (3.4) and (3.5).

In step (3.4), if an itemset M in FIS; does not meet fipi(M), then M is an uninterest-
ing frequent itemset, and is removed from FIS; . In step (3.5), if an itemset N in inFIS;
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does not meet iipi(N), then N is an uninteresting infrequent itemset, and is removed

from inFIS;

3.4 An Example

The sample data is shown in Table 1.

ms(4)=0.2 and ms=0.15. FIS,, FIS,, inFIS,, and inFIS, generated by the MLMS model
are shown in Table 2, where the itemsets with gray background are infrequent item-

Let ms(1)=0.5, ms(2)=0.4, ms(3)=0.3,

sets with non background are frequent itemsets and the itemsets.

Table 1. Sample Data
TID

itemsets

Table 2. FIS,, FIS,,inFIS,, and inFIS, gener-
ated by the MLMS model from the data in

table 1
T, A,B,D
T, A, B,C,D 1-itemsets 2- itemsets
T; B,D s(*) s(*) s(*)
T, B,C,D,E A 0S5 BD 0.6 CD 03
Ts A, C E B 0.7 BC 0.4 CF 03
Ts B,D, F C 0.6 AB 03 AE 02
T; AE F D 06 AC 03 AF 02
Ty C F E 03 AD 0.3 CE 0.2
Ty B,C,F F 05 BF 0.3 DF 0.2
To A,B,CD,F

Take FIS, ={ BD, BC }and inFIS,=

example. Suppose mi=0.05. The results are shown in Fig. 1.

f(B, D, ms(length(BUD)), mi)
= 0.6+0.18—-(04+0.05+1 =1
10.6-0.41+1(0.18—0.051+1

f (B, C, ms(length(BUC)), mi)
= 04+0.02—-(04+0.05)+1 <]
10.4-0.414+10.02-0.051+1

F(A, B, ms(0), mi)=_0.3+0.05-(0.2+0.05)+1 =]
10.3-0.21+10.05-0.051+1
f(A, C, ms(0), mi)=_03+0-(02+0.05)+1 <]
10.3-0.21+10-0.051+1
f(A, D, ms(0), mi)= 0.3+0-(0.24+0.05)+1 <1
10.3-0.21+10-0.051+1
F(B, F, ms(0), mi)=_03+0.05-(02+0.05)+1 =]
10.3-0.21+10.05-0.051+1
£(C, D, ms(0), mi)=_03+006—(02+005)+1 =]
10.3-021+10.06—0.051+1

f(C, F,ms(0), mi)=_0.3+0-(0.2+0.05)+1 <1
10.3-0.21+10-0.051+1
f(A, E, ms(0), mi) = 02+005-(02+0.05)+1 =1
102-0.21+10.05-0.051+1
f(A, F, ms(0), mi) = _02+005-(02+0.05)+1 =1
102-0.21+10.05-0.051+1
F(C, E, ms(0), mi) =_02+0.02-(02+0.05)+1 <]
102-0.21+10.02-0.051+1
f(D, F, ms(0), mi)=_0.2+0.1-(0.2+0.05)+1 =1
10.2-0.21+10.1-0.051+1

Fig. 1. The results of calculation for the itemsets in FIS2 and inFIS2

BC is not interesting, and therefore is removed from FIS,. AC, AD, CF, CE are not
interesting, and therefore are removed from inFIS,. Other itemsets can be analyzed in

the same way.

449

{AB,AC.AD,BF,CD,CF,AE,AF,CE,DF} for
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4 Experiments

The real dataset records areas of www.microsoft.com that each user visited in a one-
week timeframe in February 1998. Summary statistical information of the dataset is:
32711 training instances, 5000 testing instances, 294 attributes and the mean area
visits per case is 3.0 (http://www.cse.ohio-state.edu/~yanghu /CIS788_dm_proj.htm#
datasets).

Table 3. The number of the interesting inFISand
the interesting FIS with different mi.(ms(1) & 100
=0.025, ms(2)=0.02, ms(3)=0.017, ms(4)=0.013, o ol
ms(0)=0.01) = \
: =0 ——Total inFTS
0 FIS - 37 24 3 64 150 =
inFIS - 43 40 3 86 =2
FIS - 30 24 3 57 2 ‘ \
0.005 . 119 0 M
inFIS - 21 38 3 62 00005001 0015
0.01 FIS - 23 21 3 47 63 mininterest
inFIS - 7 8 1 16
0,015 FIS - 20 13 1 34 14 . _
. mFIS - 0 0 0 0 Fig. 2. The changes of total inFIS

and total FIS with different mi

Table 3 shows the number of the interesting infrequent itemsets and the interesting
frequent itemsets with different mi when ms(1)=0.025, ms(2)=0.02, ms(3)=0.017,
ms(4)=0.013, and ms(0)=0.01. From table 3 we can see that the total number of FIS is
64,57,47,34, and total number of inFIS is 86,62,16,0 when mi=0, 0.005, 0.01, 0.015
respectively. With mi increasing, the total number decreases obviously. Figure 2 illus-
trates these changes. Table 3 also gives the number of FIS and inFIS in different k.
These data show that fipi(M) and iipi(N) can efficiently prune the uninteresting item-
sets in the IMLMS model, i.e., the modified Wu’s pruning strategy can efficiently
work on the MLMS model.

5 Conclusions and Future Work

When we study negative association rules, infrequent itemsets become very important
because there are many valued negative association rules in them. In our previous
work, a MLMS model is proposed to discover both infrequent itemsets and frequent
itemsets. Some of the itemsets, however, are not interesting and ought to be pruned.
In this paper, a new model IMLMS is proposed by modifying the Wu’s pruning strat-
egy to adapt to the MLMS model to prune the uninteresting itemsets. An algorithm
Apriori_IMLMS is also proposed to discover simultaneously both interesting frequent
itemsets and interesting infrequent itemsets based on the IMLMS model. The experi-
mental results show the validity of the model.
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For future work, we will work on finding interesting infrequent itemsets with some

new measures and use some better algorithms than Apriori, FP-growth, for example,
to discover infrequent itemsets and frequent itemsets.
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