








Example 3.3. For the 3-itemset I3 = {B, C, D} in
Figure 1 and the utility table in Figure 2, we have
supmin = min{sup(BC), sup(BD), sup(CD)} =
min{0.1, 0.1, 0.5}= 0.1 and

u′(BCD) = supmin
3−1 × ( u(BC)

sup(BC) +
u(BD)

sup(BD) +
u(CD)

sup(CD) )

= 0.1
2 × (150+10

0.1 + 150+10
0.1 + 24+24+31+23+20

0.5 )

= 0.1
2 × (160

0.1 + 160
0.1 + 122

0.5 ) = 172.2

We can directly obtain u(BCD) = 1 × 150 + 1 ×
10 + 10× 1 = 170 from Figure 1 and Figure 2.

Equation 3.7 requires that the utilities of all
subsets of size (k − 1) take part in calculation, which
leads to inefficiencies in algorithms. Next, we relax this
constraint.

Definition 3.4. If I is an itemset with utility u(I)
such that u(I) ≥ minutil, where minutil is the utility
threshold, then itemset I is called a high utility itemset;
otherwise I is called a low utility itemset.

The following theorem guarantees that only the high
utility itemsets at level (k−1) are required to estimate
the utility of a k−itemset.

Theorem 3.5. Let u′(Ik) be the expected utility of Ik

as described in Equation 3.7, and let u(Ik−1
1 ), u(Ik−1

2 ),
. . . u(Ik−1

k ) be the k utility values of all subsets of Ik of
size (k − 1). Suppose, Ik−1

i (1 ≤ i ≤ m) are high utility
itemsets, and Ik−1

i (m + 1 < i ≤ k) are low utility
itemsets. Then

u′(Ik) ≤ supmin′

k − 1

m∑

i=1

u(Ik−1
i )

sup(Ik−1
i )

+
k − m

k − 1
× minutil

where

supmin′ = min
Ik−1

i
⊂Ik,(1≤i≤m)

{sup(Ik−1
i )}(3.9)

Proof: since u(Ik−1
i ) ≤ minutil when m+1 < i ≤ k, we

can substitute minutil for each u(Ik−1
i ) term (m+1 <

i ≤ k) in Equation 3.7, obtaining the desired result.

Example 3.4. For the 3-itemset I3 = {B, C, D} in
Figure 1 and the the utility table in Figure 2, suppose
minutil = 130. Since u(CD) = 122 < minutil,
then supmin′ = min{sup(BC), sup(BD)} =
min{0.1, 0.1} = 0.1. The estimated utility of
BCD is calculated as follows

u′(BCD) ≤ supmin′

3−1 ( u(BC)
sup(BC) +

u(BD)
sup(BD) ) +

3−2
3−1minutil

= 0.1
2 × (150+10

0.1 ) + 150+10
0.1 ) + 1

2 × 130

= 0.1
2 × (160

0.1 + 160
0.1 ) +

1
2 × 130 = 225

Theorem 3.5 is the mathematical model of utility
mining that we will use to design an algorithm to
estimate the expected utility of a k−itemset from the
known utilities of its high utility itemsets of size (k−1).

4 Conclusions

In this paper, we defined the problem of utility min-
ing. By analyzing the utility relationships among item-
sets, we identified the utility bound property and the
support bound property. Furthermore, we defined the
mathematical model of utility mining based on these
properties. In the future, we will design an algorithm
and compare it to other itemset mining algorithms.
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