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ABSTRACT

Temporal data mining is the activity of finding interesting
correlations or patterns in large temporal data sets. On the other
hand, utility mining aims at identifying the itemsets with high
utilities. In 2006, Tseng et al. introduced the temporal utility
mining which is extended from both temporal association rule
mining and utility mining. In this study, we investigated the
incremental utility mining which can identify all high temporal
utility itemsets in a specified time period on an incremental
transaction database. Two efficient algorithms, Incremental
Utility Mining (IUM) and Fast Incremental Utility Mining
(FIUM), were proposed. The experimental results also showed
that both algorithms are efficient.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications — data
mining.

General Terms
Algorithms, Performance, Experimentation, Theory.

Keywords

Temporal data mining, incremental mining, utility mining.

1. INTRODUCTION

In traditional association rule mining model, the products of
transactions are treated as items. Association rule mining
identifies relationship among a set of items frequently purchased
together. Apriori [1] is the most famous algorithm for finding
association rules. Some researchers continued to improve it
afterward, such as [2], [3], [4], [5], [6].

However, in many applications, mining temporal association
patterns from the most recent data is also important. The concept
of incremental mining was introduced by Cheung et al. [7] in
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1996. FUP Algorithm was proposed to solve such problem.
Afterward, there were many researches on incremental sequential
pattern mining aimed at the cases of incremental databases [8], [9],

[10], [11],[12], [13].

Utility mining [14] is the research which discusses the quantity of
items. Utility is defined as how useful or valuable an item is.
Utility mining identifies high utility itemsets that own a large
portion of the total utility in the transaction database. By
combining the concept of temporal data mining and utility mining,
Tseng et al. [15] introduced THUI-Mine algorithm for finding
temporal high utility itemsets from data streams.

In this paper, we investigated the incremental utility mining
which can identify all high temporal utility itemsets in a specified
time period on an incremental transaction database. This study
proposed two novel algorithms, Incremental Utility Mining (IUM)
Algorithm and Fast Incremental Utility Mining (FIUM)
Algorithm, which can discover all high temporal utility itemsets.

The rest of this paper is organized as follows. Section 2 overviews
the related works. Section 3 describes the proposed algorithms.
Performance studies are given in Section 4. Finally, we conclude
in Section 5 with a summary of our work.

2. RELATED WORKS

2.1 Utility Mining

Let I = {i}, iy, ..., i} be a set of all items, DB be a transaction
database. The external utility of item i, € I, s(i;), is the value
associated with item i in the utility table. The external utility
reflects how useful an item is. For example, in Table 1, the
external utility of item A, s(A), is 5.

Table 1. An example of utility table and transaction table

Ttem Profit( $ TD |A|BJ[C|D
A 5 T, oo [3][5
B 1 T, (L[ 2]0]o0
C 13 T, o3 [1]o
D 50 T, |[5]0]1]o0

Ts | L]0 o2
Te |00 [1]2
T, | 3] 1 [0]1
T, | 1] 0|33
T, 0] 5 ][00
Tw 0] 1 ]1]0

The utility of item i, € I in transaction T}, u(iy, T,), is the
quantitative measure of utility for item i in transaction 7). For



example, in Table 2, u(A,T,) = 5x5 = 25. Let u(X, T,) be the
utility of itemset X in transaction 7),. For example, u({ABD}, T;)
= 3x5 + 1x1 + 1x50 = 66. Let u(X) be the utility of itemset X,
which is the sum of the utilities of X in all transaction containing
X. For example, X = {A, B}, u(X) =u(X, T3) + u(X, T,) =25+ 16
=41.

Let u be the minimum threshold, the utility mining is to find all
itemset with utility will be greater than or equal to u. However,
the downward closure property does not hold for the utility
mining. That is, a high utility itemset may contain some low
utility itemsets. In Table 1, we assume that the minimum utility
threshold is 100. The itemset {ACD} is a high utility itemset,
because u({ACD}) = 194. The itemset {AC} is a sub-itemset of
{ACD}, and u({AC}) = 82. Therefore, it is a difficult work to
find efficiently all high utility itemsets, and it’s also a challenge
to restrict the size of the candidate set.

Although the downward closure property does not hold in the
utility model. Liu et al. [16], [17] proposed the Two-Phase
algorithm to set up the transaction-weight utility which can
comply with the transaction-weight downward closure property.
The definition as follows: The transaction utility of transaction 7},
denoted as tu(7;), is the sum of utilities of all items in 7;. The
transaction-weighted utilization of an itemset X, denoted as
twu(X), is the sum of the transaction utilities of all the
transactions containing X.

Table 2. Transaction utility of the transaction database

TID Transaction TID Transaction
T, 289 Ts 113
T, 25 T, 66
T, 16 Ts 194
Ty 38 Ty 5
Ts 105 Tio 28

For example, in Table 2, twu(B) = tu(T,) + tu(T3) + tu(T;) + tu(Ty)
+ tu(T,p) = 140, twu(C) = tu(T;) + tu(T;) + tu(T,) + tu(Te) + tu(Ts)
+ tu(Typ) = 678 and twu({BC}) = tu(T;) + tu(T,o) = 44. If the
minimum threshold is 40, itemset {BC} becomes a high
transaction-weight utilization itemset. Its sub-itemset {B} and {C}
are also high transaction-weight utilization itemsets.

In addition, Li et al. [18] proposed the share framework to
develop FSM-algorithm which takes advantage of the level
closure property to discover all high share itemsets. And then Li
et al. [19] proposed an Enhanced FSM-algorithm to improve the
performance of FSM-algorithm. Li et al. also proposed the
ShFSM-algorithm to efficiently lower the number of useless
candidates.

2.2 Temporal Data Mining

Temporal data mining searches for interesting correlations
or patterns in large sets of temporal data. Chang et al. [18]
introduced research for temporal association rule mining.
Traditional association rule algorithms can’t find the
temporal association rules in the particular periods.
Temporal association rules mining doesn’t consider the utility of
every item. Temporal utility mining is a research which is
extended from temporal association rules mining and utility
mining. Tseng et al. [20] introduced an efficient algorithm, THUI-
Mine, to finding temporal high utility itemsets from data streams.
THUI-Mine was based on the principle of Two-Phase algorithm
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[21], and was extended by SWF-algorithm to be applicable in
incremental database. The method can effective reduce the
number of 2-itemset candidates, and used the same way to
generate k-itemset (k > 2) candidates.

3. PROPOSED ALGORITHMS

Let {i, i ..., im} be a set of all items, DB be the original
transaction database segmented into n partitions {P;, P,, ..., P,}.
Let u(X) bs the utility of itemset X. The transaction-weighted
utilization of an itemset X, denoted as twu(X), is the sum of the
transaction utilities of all the transactions containing X. The high
temporal utility itemsets are the itemsets with utilities greater than
or equal to a specified threshold in particular periods. That is, the
high temporal utility itemsets are the high utility itemsets for
particular periods. The incremental utility mining is to find all
high temporal utility itemsets. The definitions of other notations
used in this paper are given in Table 3.

Table 3. Definitions of notations

dbt1 | Partition database from P; to P;, where i<j.
s Utility threshold in each partition.
LU%T | High temporal utility itemsets in P; to P;.
RU High transaction-weight utility itemsets in partition k.
Ck]7 The candidate p-itemsets in partition .
Lu The utility of itemset /.
Ltwu | The transaction utility of itemset /.
pcoun The number of partitions.
Lstart | The starting partition when / was added to dp.
abt The added portion of an on-going transaction database.

3.1 IUM and FIUM Algorithms

In this section, the paper proposes two efficient algorithms,
Incremental Utility Mining (IUM) Algorithm and Fast
Incremental Utility Mining (FIUM) Algorithm, for incremental
utility mining. IUM-Algorithm is based on the Two-Phase
algorithm [17], [18] and FIUM-Algorithm is based on the
ShFSM-algorithm [19]. The detail of IUM-Algorithm is shown in
Figure 1.

In Figure 1, the IUM-Algorithm first finds the 1-itemset from the
first partition P; of the original transaction database, and then it
determines whether the utilities of the 1-itemsets or the
transaction-weight utilities of the 1-itemsets are greater than or
equal to the minimum utility threshold. If the transaction-weight
utilities of the 1-itemsets are greater than or equal to the minimum
utility threshold, those itemsets are saved in RU,. If the utilities
of the 1-itemsets are greater than or equal to the minimum utility
threshold, those itemsets are saved in LU™Y,. In fact, the
transaction-weight utility of an itemset is always greater than or
equal to its utility. Moreover we have that LU, € RU!; The 1-
itemsets in RU'; will be used to generate the level 2 candidates,
denoted as C’,, which are based on Candidate-gen Algorithm.
Like the previous steps, the 2-itemsets in C’, with high utilities
and high transaction-weight utilities will be saved in LU/, and
RU',, respectively. The process continues until no candidate is
generated in P;. LU will be saved and evaluated in the phase
of P 2.



Algorithm: ITUM
INPUT: {P,,P,,...,P,} = database D, s = utility threshold in each
partition
OUTPUT: LU™ = High temporal utility itemsets in P, to P,,.
01 LUM, =¢, forp=1,2,....,n
02 for each P, k=12,...,n
03 {
04 C*, = 1-item sets in Py
05 LUM™ =¢1ecq-Lu™", | Tu>s} U {I € LU
| Lu>sx (pcount — Lstart + 1) } //
search 1-items with high utility.
06 RUY ={1€ C-LUMY | | Ltwu>s}
//search 1-items with high twu.
07 for (p =2, RUS, #¢, p++)
08 {
09 Ckp = Candidate-gen(RUkp,l) //generate candidate
10 ct,=cf U Lut™iy
11 LUt = (1€ c\- LU | LuzsiU {1 €
LU | Lu>s x (pcount — Lstart + 1) }
//search k-itemsets(k > 2) with high utility.
12 RUS, = {1 € C,— LU | Ltwu>s}
//search k-itemsets(k > 2) with high twu.
13
14 LUM™=U LU, //output high utility itemset in P, to P,.
15 }

Figure 1. The procedure of IUM-Algorithm

In the temporal database db'" which is the union of the
partitions P; and P,, the threshold for itemsets carried out from
the previous phase (that is, the itemsets in LU/ ) is thresholdx2
and for newly identified itemsets is original threshold. In the same
way, the algorithm will find thel-itemset from the partition P,,
and then it determines whether the utilities of the 1-itemsets or the
transaction-weight utilities of the 1-itemsets are greater than or
equal to the minimum utility threshold. If the transaction-weight
utilities of the 1-itemsets are greater than or equal to the minimum
utility threshold, those itemsets are saved in RU?,. If the utilities
of the 1-itemsets are greater than or equal to the minimum utility
threshold, those itemsets are saved in LU!'?|. Consequently, the
algorithm will find the results of LU"¥ and RU”.

Repeating the process for all partitions, finally, the algorithm will
output the result of LU/ which is the set of all high temporal
utility itemsets in db!"". If the value of Lstart of itemset / in
LU is k, we also have that 7 is a high utility itemset for db™"/
which is the partition database from Py to P,. If we want to know
which itemsets are also high utility in the original transaction
database D, we just need to calculate the utility values of itemsets
in LU . That is, the itemsets in LU are the candidates of
high utility itemsets in D.

The procedure of FIUM-Algorithm is similar to [IUM-Algorithm.
The difference between two algorithms is the generation of
candidates. FIUM-Algorithm also used the transaction-weight
downward closure property to prune the candidates. In the step of
the candidate generation for p-itemsets, IUM-Algorithm joins two
candidates of RUkp_l, but FIUM-Algorithm joins the itemsets of
RUF, and RUkp_l. For example, consider (p-1)-itemset candidate X;
€ RUkp_l . said X[ :{il, l.2,m’l.p_1}, and Xze RUkl, said XZ ={iq}.
If i,> i, then X = {i\, iy, ..., ip.1, iq } iS a p-itemset candidate. In
IUM-Algorithm, the time complexity of the C"p generation is

231

O(n2p'2), where n is the number of RUkp_,. However, the time
complexity of FIUM-Algorithm generation is diminished to O(nP).

3.2 An Example for Incremental Utility
Mining Algorithm

To illustrate how IUM-Algorithm works, we use the sample
database in Table 4. In Table 4 (A), the database is first divided
into three partitions {P;, P, P;}. Every partition has three
transactions. The utility of each item is listed in Table 4 (B).
Table 4 (C) lists the transaction-weight utility of each transaction.

Table 4. The sample database for IUM-Algorithm

(A) B)
A| B| C| D|E Item Profit( $ /unit)
T, 2101311 A 3
P T, 0] 1[5]0]2 B 5
T, 3[210[1]0 C 15
T, 0[2]1]8]0 D 1
P, Ts 1{0]0[2]0 E 10
Ts 21310 7]4
T, oj[oj1]1]0
P; Tg 0]2[4|5]3
Ty 512]1]0]1
©
TID Transaction TID Transaction
T, 62 T, 25
T, 100 Ty 105
T, 34 Ty 50
T, 33 Tio 16
Ts 23 Ty 62
Ts 68 Ty 23

Table 5. High temporal utility itemsets generated from
database by IUM-Algorithm

dp'!! dp'?! dp'!

item |[start|utility| twu item |start|utility| twu item |start|utility| twu
A 1 15| @9%|[ A 2 9| 91 A 3 15| €50
B 1 15/@134|| B 2|  25[@l101 B 3 20[/@155
C 1| k120|@162| | C 1/ k135|®195]| C 1| 4225|375
D 1 16| ®%|| D 2| 3s5|e124]| D 3] 15]/@130
E 1| 30/e162|| E 2| 40| @68|| E 2| %80|#223
AB 1 19| 34|| AB 2| 21| @68|| AB 3| 25] @50
AC 1| *51| @62|| AC 1 51 62| | AC 3] 30| @50
AD 1| 31| @96|| AD 2| 36| @91 AD 3 0 0
AE 1 16| @62|| AE 2| k46| @68|| AE 271|118
BC 1| %80|4100| | BC 1[ %105/ @133| [ BC 1| %200| @288
BD 1| 25| 34|[ BD 2| %40/4101| | BD 2| 554206
BE 1|  25|#100|| BE 2| %55| @68|| BE 2[ k1159223
CcD 1| %46| €62|| CD 1| 69 @95/| cD 3] %90/ @130
CE 1| *55| @62|| CE 1| 55| 62| CE 3|k 115| @155
DE 1 11| @62|| DE 2| %47| #68|| DE 2| *82|@173
ACD 1| %52| @62|| ABE 2| %61| @68|| ABC 3| 40| @50
ACE 1| %61| ®62|| ABD 2| 28] #68| [ ABE 2| 96| @118
ADE 1 17| ®62| | ADE 2| %53| @68|| ACE 3| 40| @50
BCE 1] %100 ®100| | BCD 2| 33| 33| | ADE 2| 53] 68
CDE 1| %56| @62|| BCE 1[%100{@100| [ BCD 3| 75| @105
ACDE| 1| 62| 62| | BDE 2| k62| @68| | BCE 1[%200| 205
CDE 1| 56| 56||BDE 2 k107 @173
ACD 1| 52| 62||CDE 3| 95| @105
ACE 1| 61| 62| [ABCE| 3| %50] €50
ABDE| 2| %68 68| |BCDE| 3|%105| 4105

ACDE| 1] 62 62

Table 5 lists the high temporal utility itemsets and high
transaction-weight utility itemsets of the temporal database. In
Partition P,, 1-itemsets {A, B, C, D, E} are found in Table 4(A).
The utility value and transaction-weight utility (twu) are



calculated for each candidate itemset. We assume that minimum
utility threshold is 120. Since there are three partitions, the utility
threshold for Py is 120/3 = 40. In P; (or denoted as db[”]), I.start
= 1 for each itemset. Itemsets with utility or twu greater then 40
are selected. We can find LU ={C} marked by “x”, RU' =
{A,B,C.D,E} = C!; marked by “e”. C', can be generated from the
items in RU’;, so C',= {AB, AC, AD, AE, BC, BD, BE, CD, CE,
DE}. Similarly, we can find LU"" = {AC, BC, CD, CE}, RU', =
{AC, AD, AE, BC, BE, CD, CE, DE}. C13 can be generated from
the items in RU’,, for example, itemset {ACDY} is joined by {AC}
and {AD}, and itemset {BCE} is joined by {BC} and {BE}. So
C';= {ACD, ACE, ADE, BCE, CDE}. By calculating utility and
twu for the itemsets in C’ 3, We have Lyt = {ACD, ACE, BCE,
CDE}, RU'; = {ACD, ACE, BCE, CDE}. Consequently, we get
C' = {ACDE}, LU = {ACDE}, RU'; = {ACDE}. In the phase
of Py, LU = {C, AC, BC, CD, CE, ACD, ACE, BCE, CDE,
ACDE} will be saved and evaluated in the phase of P,.

In the temporal database db!"?, which is the union of the
partitions P; and P,, the threshold for itemsets carried out from
the previous phase is 40+40 = 80 and for newly identified
itemsets is 40. For example, LU = {C, AC, BC, CD, CE, ACD,
ACE, BCE, CDE, ACDE} is held in db/"7, and the threshold for
itemsets in LU is 80. Ttem C has C.start = 1, utility = 120+15 =
135, and twu = 162+33 = 195. Both utility and twu of C are
greater than 80. Therefore, C is a high temporal utility itemset and
a high transaction-weight utility itemset in db/"¥.

On the other hand, we find that item A has A.start = 2, utility =9,
and twu = 91. Since item A does not occur in LU and the twu
of A is greater than the threshold 40, A is a high transaction-
weight utility itemset in db/"¥. We can find LU"Y ={C, E},
RU°={A, B, C, D, E}. C°, can be generated from the items in
RU?,, so CP= {AB, AC, AD, AE, BC, BD, BE, CD, CE, DE}.
Consequently, we can find LU = {AE, BC, BD, BE, DE},
RU?, = {AB, AE, BC, BD, BE, CD, DE}, LU/"¥ = {ABE, ADE,
BCE, BDE}, RU?, = {ABE, ABD, ADE, BCE, BDE}, LU"¥ =
{ABDE}, and RU*; = {ABDE}. Therefore, LU!'*! = {C, E, AE,
BC, BD, BE, DE, ABE, ADE, BCE, BDE, ABDE!.

In the temporal database db'"¥ which is the union of db/"? and
partition P;, the thresholds for itemsets carried out from partition
P; and P, are 40+40+40 =120 and 40+40 = 80, respectively. The
threshold for newly identified itemsets is 40. In conclusion, we
can discover the final result LU/ = {C, E, BC, BE, CD, CE, DE,
ABC, ABE, ACE, BCD, BCE, BDE, CDE, ABCE, BCDE}.

4. EXPERIMENTAL STUDIES

4.1 Experimental environment

All experiments were performed on a Pentium IV 3.40GHz CPU
with 2 GB RAM and Microsoft Windows XP PC. IUM-
Algorithm and FIUM-Algorithm were coded in Microsoft Visual
C++ 6.0 and the experiment datasets were generated by IBM Data
Generator [20]. The parameters of datasets were shown in Table 6.

Table 6. Parameters of datasets

Number of Average Number of
Dataset transactions transaction items
(ntrans) length (slen) (nitems)
data.ntrans_10.nitems_0.0 10000 10 20
2
data.ntrans_10.nitems_0.1 10000 10 100
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4.2 Performance on IUM-Algorithm and
FIUM-Algorithm

In this section, the experiments first performed on the two
datasets by IUM-Algorithm and FIUM-Algorithm. Tables 7
shows the generation of candidates for two algorithms in two
datasets with different utility threshold #, where u = o X the total
utility value of Partition 1. The number of candidates of IUM-
Algorithm and FIUM-Algorithm are the same in every partition.
The right 3 columns of Table 7(A) and Table 7(B) list the
numbers of the temporal high utility itemsets which start in each
partition. Some temporal high utility itemsets generated from
Partition 1 and some generated from Partition 2 and Partition 3.
Because of the utilities of candidates which were generated from
Partition 1 can not accumulate enough values to rise to transcend
the minimum partition threshold, those candidates will be pruned
in the first partition. Some new high temporal itemsets were
generated from Partition 2 and Partition 3, because the utilities of
those itemsets were greater than or equal to the minimum partition
thresholds in Partition 2 and Partition 3. Another reason is that
there are some new items which never occur in Partition 1, but the
utilities of these new itemsets were greater than or equal to the
minimum partition threshold.

Table 7. The number of candidate itemsets generated by [IUM-
Algorithm and FIUM-Algorithm

(A) (B)

data.ntrans_10.nitems_0.02 (o= 8%) data.ntrans_10.nitems_0.1 (a¢ = 0.6%)
Candidate] TUM |FIUM| LU Start Candidate] IUM | FIUM| LU start
dpt! 1 2 3 db't! 1 2 3
C, 171 71 20]20] 0] o C, 4371 | 4371 [ 395]395] 0 ] 0
C, 810 | 8l0 | 82] 8] 0] 0 C, 47568 | 47568 | 2351 235] 0 | 0
C, 2033 | 2033 | 143] 143] 0 | 0 C, 20476 [ 29476 12 [ 12 o ] o
Cs 2281 | 2281 | 114] 114] 0 | 0 Cs 2104 [ 2104 0 JoJo]o
Cq 1385 | 1385 [ 4444 ] 0] 0 Cq 51 st JoJoJo]o
C; 362 362 8] 8] of o C; 0 o JoJoJoJo
Cy 39 39 fofoJo]o ap'? 1]2]3
Cy 0 0o JoJofofJo C, 4753 | 4753 [ 445]395] 50| 0
TN 1213 C, 88926 | 88926 [ 300[235[ 65| 0
C, 190 [ 190 23] 20] 3] 0 C,  |234453|234453 o[ 12 7] 0
C 936 | 936 | 99| 82 ] 17] o Cs 68654 [ 68654] o [ o o] o
C, 3240 | 3240 | 167] 143] 24| 0 Cs 4020 | 4020 o JoJo]o
Cs 8254 | 8254 | 133] 114] 19] 0 G 214 | 214 JoJoJo]o
Cq 134301 13430] 51 [ 44 [ 7] 0 Cy 31 3. JoJoJofo
C; 13887]13887] 9 | 8 | 1 ]| o Cy 3 3 olJoJo]o
Cy 90290 ] 9029] o J oJo] o Cig 0 0 fJoJofloJo
C, 3319|339 o] oJo] o ap'™ 1]2]3
[ 584 | ssa ]l o] ofo] o C, 4851 | 4851 | 608] 395] 50 | 163
Cyy 33 133 JoJofJo]o C; | 108669] 108669] 602 ] 235 | 65 | 302
Ciy 0 o JoJoJofo C, _|571774] 571774 129] 12| 7 [ 110
ap'™ 11213 Cs 387832387832l o f o f o] o
C, 190 | 190 [ 23] 20 0 Cs 49057 J490s7] 0 J o] o] o
C 984 | 984 [212] 82 | 17] 113 G 2345 [ 2345 o JoJ o] o
C, 3466 | 3466 | 352] 143 ] 24 | 185 Cy 235 | 235 JoJoJo]o
Cs 8599 | 8599 | 327] 114 ] 19| 194 Cy 30 30 JoJofJo]o
Cs 14176] 14176] 193] 44 | 7 | 142 Cio 2 2 ofofoJo
G 15831] 15831] 57| 8 | 1] 48 Cy 0 0o JoJofJoJo
Cy 11461 11461] 221 0 | 0 | 22
Cy 5199|519 o] oJo] o
Cig 12811281 oJoJo] o
Ciy nsJusfofoJofo
Ciy 0 0o JoJofJofJo
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Figure 2. Execution time for [UM-Algorithm and FIUM-
Algorithm with various minimum utility thresholds in two
datasets

Figure 2 shows that the performance in the execution times of
IUM-Algorithm and FIUM-Algorithm on two datasets with
various minimum utility thresholds. The FIUM-Algorithm is
more efficiently than IUM-Algorithm by the experimental result.
Because of FIUM-Algorithm spends less time in joining
candidate itemsets than [IUM-Algorithm does.

5. CONCLUSIONS

The study proposed novel incremental utility mining methods,
IUM-Algorithm, and FIUM-Algorithm, which can discover
temporal high utility itemsets. The algorithms can efficiently
identify all high temporal utility itemsets that users will be
interested in particular periods when the new transaction data are
added into the original transaction database. The algorithm not
only can find the temporal high utility itemsets for particular time
periods, but also can find the high utility itemsets for the entire
transaction database. In fact, the high temporal utility itemsets are
the candidates of high utility itemsets.

Incremental utility mining strives for finding high temporal utility
itemsets that drive large portions of utility in a particular period.
However, it does not indicate how often such itemsets appear in
the period. In the future, the temporal utility-frequent mining can
be more investigated.

6. REFERENCES

[1] Agrawal, R. and Srikant, R. 1994. Fast Algorithms for
Mining Association Rules. In Proceedings of the 20th VLDB
Conference (Santiago, Chile). 487-499.

233

[2] Park, J.S., Chen, M. S., and Yu, P. S. 1995. An Effective
Hash-based Algorithm for Mining Association Rules. In
Proceedings of ACM SIGMOD Conf. on Management of

Data. 175-186.

Savasere, A., Oiecinski, E., and Navathe, S. 1995. An
Efficient Algorithm for Mining Association Rules in Large
Databases. In Proceedings of the 20th Int. Conf. on Very
Large Data Bases. 432-444.

Agrawal, R. and Srikant, R. 1996. Parallel Mining of
Association Rules. IEEE Transactions on Knowledge and
Data Engineering. 8, 6, 962-969.

Agrawal, R. and Shim, K. 1996. Developing Tightly-
Coupled Data Mining Applications on a Relational Database
System. In Proceedings of the 2nd Int. Conf. on Knowledge
Discovery in Databases and Data Mining (Portland, Oregon).
287-290.

Agrawal, R., Srikant, R., and Vu, Q. 1997. Mining
Association Rules with Item Constraints. In Proceedings of
the 3rd Int. Conf. on Knowledge Discovery in Database and
Data Mining (Newport Beach, California). 67-73.

Cheung, D., Han, J., Ng V., and Wong, C. Y. 1996.
Maintenance of Discovered Association Rules in Large
Databases: An Incremental Updating Technique. In
Proceedings of the 12th Int. Conf. on Data Engineering
(ICDE96). 106-114.

Cheung, D., Lee, S.D., and Kao, B. 1997. A General
Incremental Technique for Updating Discovered Association
Rules. In Proceedings of Int. Conf. on Database Systems for
Advanced Applications. 185-194.

Hong, T. P., Wang, C. Y., and Tao, Y. H. 2000. Incremental
Data Mining Based on Two Support Thresholds. In
Proceedings of the 4th Int. Conf. on Knowledge-Based
Intelligent Engineering Systems and Allied Technologies.
436-439.

[10] Lee, C. H., Lin, C. R., and Chen, M. S. 2001. Sliding-
Window Filtering: An Efficient Algorithm for Incremental
Mining. In Proceedings of the 10th Int. Conf. on Information
and Knowledge Management. 263-270.

[11] Chang, C. H., Lin, C. R., and Chen, M. S. 2001. On Mining
General Temporal Association Rules in A Publication
Database. In Proceedings of 2001 IEEE Int. Conf. on Data
Mining. 337-344.

[12] Masseglia, F., Poncelet, P., and Teisseire, M. 2003.

Incremental Mining of Sequential Patterns in Large
Databases. Data & Knowledge Engineering. 46. 97-121.

[13] Cheng, H., Yang, X., and Han, J. 2004. IncSpan: Incremental
Mining of Sequential Patterns in Large Database. In
Proceedings of the 10th ACM SIGKDD Int. Conf. on
Knowledge Discovery and Data Mining. 527-532.

[14] Yao, H., Hamilton, H. J., and Butz, C. J. 2004. A
Foundational Approach to Mining Itemset Utilities from
Databases. In Proceedings of the 4th SIAM Int. Conf. on
Data Mining. 428-486.

[15] Tseng, V. S., Chu, C. J., and Liang, T. 2006. Efficient
Mining of Temporal High Utility Itemsets from Data



Streams. In Proceedings of ACM KDD Workshop on Utility-
Based Data Mining.

[16] Liu, Y., Liao W. K., and Choudhary, A. 2005. A Fast High
Utility Itemsets Mining Algorithm. In Proceedings of the
11th ACM SIGKDD Workshop on Utility-Based Data
Mining.

[17] Liu, Y., Liao, W. K., and Choudhary, A. 2005. A Two-Phase
Algorithm for Fast Discovery of High Utility Itemsets.
LECTURE NOTES IN COMPUTER SCIENCE 3518,
Springer-Verlag, Berlin Heidelberg. 689-695.

[18] Li, Y. C., Yeh, J. S., and Chang, C. C. 2005. A Fast
Algorithm for Mining Share-Frequent Itemsets. In

234

Proceedings of the 7th Asia Pacific Web Conference,
Springer-Verlag, Germany. 417-428.

[19] Li, Y. C., Yeh, J. S, and Chang, C. C. 2005. Efficient
Algorithm for Mining Share-Frequent Itemsets. In
Proceedings of Fuzzy Logic, Soft Computing and
Computational Intelligence (IFSA 2005), Springer Tsinghua,
China. 534-539.

[20] IBM Almaden Research Center,
http://www.almaden.ibm.com/cs/projects/iis/hdb/Projects/dat
a_mining/mining.shtml




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




