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Abstract. The discovery of association relationship among the data in
a huge database has been known to be useful in selective marketing,
decision analysis, and business management. A significant amount of
research effort has been elaborated upon the development of efficient
algorithms for data mining. However, without fully considering the time-
variant characteristics of items and transactions, it is noted that some
discovered rules may be expired from users’ interest. In other words,
some discovered knowledge may be obsolete and of little use, especially
when we perform the mining schemes on a transaction database of short
life cycle products. This aspect is, however, rarely addressed in prior
studies.
To remedy this, we broaden in this paper the horizon of frequent pattern
mining by introducing a weighted model of transaction-weighted associ-
ation rules in a time-variant database. Specifically, we propose an effi-
cient Progressive Weighted Miner (abbreviatedly as PWM ) algorithm
to perform the mining for this problem as well as conduct the corre-
sponding performance studies. In algorithm PWM, the importance of
each transaction period is first reflected by a proper weight assigned by
the user. Then, PWM partitions the time-variant database in light of
weighted periods of transactions and performs weighted mining. Algo-
rithm PWM is designed to progressively accumulate the itemset counts
based on the intrinsic partitioning characteristics and employ a filtering
threshold in each partition to early prune out those cumulatively infre-
quent 2-itemsets. With this design, algorithm PWM is able to efficiently
produce weighted association rules for applications where different time
periods are assigned with different weights and lead to results of more
interest.

Index Terms: Data mining, time-constraint, time-variant, weighted associa-
tion rules
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1 Introduction

The discovery of association relationship among the data in a huge database has
been known to be useful in selective marketing, decision analysis, and business
management [6, 11]. A popular area of applications is the market basket analy-
sis, which studies the buying behaviors of customers by searching for sets of
items that are frequently purchased either together or in sequence. For a given
pair of confidence and support thresholds, the problem of mining association
rules is to identify all association rules that have confidence and support greater
than the corresponding minimum support threshold (denoted asmin_supp) and
minimum confidence threshold (denoted as min_conf). Association rule mining
algorithms [1] work in two steps: (1) generate all frequent itemsets that satisfy
min_supp; (2) generate all association rules that satisfy min_conf using the
frequent itemsets.
Note that the data mining process may produce thousands of rules, many

of which are uninteresting to users. Hence, several applications have called for
the use of constrained rule mining [4, 12, 13, 23]. Specifically, in constraint-based
mining, which is performed under the guidance of various of constraints provided
by the user. The constraints addressed in the prior works include the following:
(1) Knowledge type-constraints [20]; (2) Data constraints [4]; (3) Interestingness
constraints [13]; and (4) Rule constraints [19, 23]. Such constraints may be ex-
pressed as meta-rules (rule templates), as the maximum or minimum number
of predicates that can occur in the rule antecedent or consequent, or as rela-
tionships among attributes, attribute values, and/or aggregates. Recently, many
constraint-based mining works have focused on the use of rule constraints. This
form of constraint-based mining allows users of specifying the rules to be mined
according to their need, thereby leading to much more useful mining results.
According to our observation, these kinds of rule-constraint problems are based
on the concept of embedding a variety of item-constraints in the mining process.
On the other hand, a time-variant database, as shown in Figure 1, consists

of values or events varying with time. Time-variant databases are popular in
many applications, such as daily fluctuations of a stock market, traces of a
dynamic production process, scientific experiments, medical treatments, weather
records, to name a few. In our opinion, the existing model of the constraint-
based association rule mining is not able to efficiently handle the time-variant
database due to two fundamental problems, i.e., (1) lack of consideration of the
exhibition period of each individual transaction; (2) lack of an intelligent support
counting basis for each item. Note that the traditional mining process treats
transactions in different time periods indifferently and handles them along the
same procedure. However, since different transactions have different exhibition
periods in a time-variant database, only considering the occurrence count of each
item might not lead to interesting mining results. This problem can be further
explained by the example below.

Example 1.1: In a transaction database as shown in Figure 2, the minimum
transaction support and confidence are assumed to be min_supp = 30% and
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data for 1/2001

data for 1/2002 Pj
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data for 1/1998 P1

Fig. 1. A time-variant
transaction database

Date TID Item Starting Date
Jan-02 t1 B D A Jan-98

P1 t2 A D W(P1) B Apr-99
t3 B C D C Jul-00
t4 B C D Aug-01

D Feb-02 t5 D E E Feb-02
P2 t6 A B C W(P2) F Mar-02

t7 B C E
t8 C D E

Mar-02 t9 A D

P3 t10 B D F W(P3)
t11 B C E F
t12 B F

Transaction Database Item Information
Itemset

Fig. 2. An illustrative transaction
database

min_conf = 75%, respectively. A set of time-variant database indicates the
transaction records from January 2002 to March 2002. The starting date of each
transaction item is also given. Based on the traditional mining techniques, the
support threshold is denoted as min_ST = d12 × 0.3e = 4 where 12 is the
size of transaction set D. It can be seen that only {B, C, D, E, BC} can be
termed as frequent itemsets since their occurrences in this transaction database
are all larger than the value of support threshold min_ST . Thus, rule C ⇒ B is
termed as a frequent association rule with support supp(C ∪ B) = 41.67% and
confidence conf(C ⇒ B) = 83.33%. However, it can be observed from Figure 2
that an early product intrinsically possesses a higher likelihood to be determined
as a frequent itemset. In addition, different transactions are usually of different
importance to the user. This aspect is not well explored by prior works.
Since the early work in [1], several efficient algorithms to mine association

rules have been developed. These studies cover a broad spectrum of topics in-
cluding: (1) fast algorithms based on the level-wise Apriori framework [2, 18],
partitioning [16], and FP-growth methods [10]; (2) incremental updating [9, 15];
(3) mining of generalized multi-dimensional [24] and multi-level rules [21]; (4)
constraint-based rule mining [13, 23]; and (5) temporal association rule discovery
[3, 5, 8, 14]; While these are important results toward enabling the integration of
association mining and fast searching algorithms, e.g., BFS and DFS which are
classified in [11], we note that these mining methods cannot effectively be ap-
plied to the problem of time-constraint mining on a time-variant database which
is of increasing importance. Note that one straightforward approach to address-
ing the above issues is to employ the item-constraints [13, 23] and/or multiple
supports strategies [17, 22], i.e., new coming items have higher weights for their
item occurrences. However, as noted in [17, 22] these approaches will encounter
another problem, i.e., there is no proper confidence threshold in such cases for
the corresponding rule generation.
Consequently, we broaden in this paper the horizon of frequent pattern

mining by introducing a weighted model of transaction-weighted association
rules (abbreviatedly as weighted association rules) in a time-variant database.
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Specifically, we propose an efficient Progressive Weighted Miner (abbreviat-
edly as PWM ) algorithm to perform the mining for this problem. In algo-
rithm PWM, the importance of each transaction period is first reflected by a
proper weight assigned by the user. Then, PWM partitions the time-variant
database in light of weighted periods of transactions and performs weighted
mining. Explicitly, algorithm PWM explores the mining of weighted associa-
tion rules, denoted by (X ⇒ Y )W , which is produced by two newly defined
concepts of weighted − support and weighted − confidence in light of the
corresponding weights in individual transactions. Basically, an association rule
X ⇒ Y is termed to be a frequent weighted association rule (X ⇒ Y )W if
and only if its weighted support is larger than minimum support required, i.e.,
suppW (X ∪ Y ) > min_supp, and the weighted confidence confW (X ⇒ Y ) is
larger than minimum confidence needed, i.e., confW (X ⇒ Y ) > min_conf . In-
stead of using the traditional support threshold min_ST = d|D|×min_suppe as
a minimum support threshold for each item, a weighted minimum support, de-
noted by min_SW = {Σ|Pi|×W (Pi)}×min_supp, is employed for the mining
of weighted association rules, where |Pi| andW (Pi) represent the amount of par-
tial transactions and their corresponding weight values by a weighting function
W (·) in the weighted period Pi of the database D. Let NPi(X) be the number
of transactions in partition Pi that contain itemset X. The support value of an
itemset X can then be formulated as SW (X) = ΣNPi(X)×W (Pi). As a result,

the weighted support ratio of an itemset X is suppW (X) = SW (X)
Σ|Pi|×W (Pi)

.

Example 1.2: Let us follow Example 1.1 with the given min_supp = 30% and
min_conf = 75%. Consider W (P1) =0.5, W (P2) = 1, and W (P3) = 2, we have
this newly defined support threshold as min_SW = {4× 0.5 + 4× 1 + 4× 2} ×
0.3 = 4.2 , we have weighted association rules, i.e., (C ⇒ B)W with relative
weighted support suppW (C ∪ B) = 35.7% and confidence confW (C ⇒ B) =
suppW (C

S
B)

suppW (C) = 83.3% and (F ⇒ B)W with relative weighted support suppW

(F ∪B) = 42.8% and confidence confW (F ⇒ B) = 100%. More details can be
found in a complete example in Section 3.2.

Explicitly, PWM first partitions the transaction database in light of weighted
periods of transactions and then progressively accumulates the occurrence count
of each candidate 2-itemset based on the intrinsic partitioning characteristics.
With this design, algorithm PWM is able to efficiently produce weighted as-
sociation rules for applications where different time periods are assigned with
different weights. Algorithm PWM is also designed to employ a filtering thresh-
old in each partition to early prune out those cumulatively infrequent 2-itemsets.
The feature that the number of candidate 2-itemsets generated by PWM is very
close to the actual number of frequent 2-itemsets allows us of employing the scan
reduction technique by generating Cks from C2 directly to effectively reduce the
number of database scans. In fact, the number of the candidate itemsets Cks
generated by PWM approaches to its theoretical minimum, i.e., the number of
actual frequent k-itemsets, as the value of the minimal support increases. Specif-



Automatic Information Extraction for Multiple Singular Web Pages 5

ically, the execution time of PWM is, in orders of magnitude, smaller than those
required by AprioriW .
Note that those constraint-based rule mining methods that allow users of

deriving rules of interest by providing meta-rules and item-constraints [13, 23]
are not applicable to solving the weighted mining problem addressed in this
paper since the constraints we consider are on individual transactions rather
than on items. Indeed, the problem of mining weighted association rules will be
degenerated to the traditional one of mining association rules if the weighting
function is assigned to be W (·) = 1, meaning that the model we consider can be
viewed as a general framework of prior studies. In this paper, we not only explore
the new model of weighted association rules in a time-variant database, but also
propose an efficient Progressive Weighted Miner methodology to perform the
mining for this problem. These features distinguish this paper from others.
The rest of this paper is organized as follows. Problem description is given

in Section 2. Algorithm PWM is described in Section 3. This paper concludes
with Section 4.

2 Problem Description

Let n be the number of partitions with a time granularity, e.g., business-week,
month, quarter, year, etc., in database D. In the model considered, Pi denotes
the part of the transaction database where Pi ⊆ D. Explicitly, we explore in
this paper the mining of transaction-weighted association rules (abbreviatedly
as weighted association rules), i.e., (X ⇒ Y )W , where X ⇒ Y is produced
by the concepts of weighted − support and weighted − confidence. Further,
instead of using the traditional support threshold min_ST = d|D|×min_suppe
as a minimum support threshold for each item in Figure 2, a weighted minimum
support for mining an association rules is determined by min_SW = {Σ|Pi| ×
W (Pi)} × min_supp where |Pi| and W (Pi) represent the amount of partial
transactions and their corresponding weight values by a weighting function W (·)
in the weighted period Pi of the database D. Formally, we have the following
definitions.

Definition 1: Let NPi(X) be the number of transactions in partition Pi that
contain itemset X. Consequently, the weighted support value of an itemset X
can be formulated as SW (X) = ΣNPi(X) ×W (Pi). As a result, the weighted

support ratio of an itemset X is suppW (X) = SW (X)
Σ|Pi|×W (Pi)

.

In accordance with Definition 1, an itemset X is termed to be frequent when
the weighted occurrence frequency of X is larger than the value of min_supp
required, i.e., suppW (X) > min_supp, in transaction set D. The weighted con-
fidence of a weighted association rule (X ⇒ Y )W is then defined below.

Definition 2: confW (X ⇒ Y ) = suppW (X
S
Y )

suppW (X) .

Definition 3: An association rule X ⇒ Y is termed a frequent weighted as-
sociation rule (X ⇒ Y )W if and only if its weighted support is larger than
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minimum support required, i.e., suppW (X ∪ Y ) > min_supp, and the weighted
confidence confW (X ⇒ Y ) is larger than minimum confidence needed, i.e.,
confW (X ⇒ Y ) > min_conf .

Example 2.1: Recall the illustrative weighted association rules, e.g., (F ⇒
B)W with relative weighted support suppW (F ∪ B) = 42.8% and confidence
confW (F ⇒ B) = 100%, in Example 1.2. In accordance with Definition 3, the
implication (F ⇒ B)W is termed as a frequent weighted association rule if and
only if suppW (F ∪ B) > min_supp and confW (F ⇒ B) > min_conf . Con-
sequently, we have to determine if suppW (F ) > min_supp and suppW (FB) >
min_supp for discovering the newly identified association rule (F ⇒ B)W .
Note that with this weighted association rule (F ⇒ B)W , we are able to

discover that a new coming product, e.g., a high resolution digital camera, may
promote the selling of an existing product, e.g., a color printer. This important
information, as pointed out earlier, will not be discovered by the traditional
mining schemes, showing the usefulness of this novel model of weighted asso-
ciation rule mining. Once, FW = { X ⊆ I | X is frequent}, the set of all
frequent itemsets together with their support values is known, deriving the de-
sired weighted association rules is straightforward. For every X ∈ FW , one
can simply check the confidence of all rules (X ⇒ Y )W and drop those whose
suppW (X

S
Y )

suppW (X) < min_conf for rule generation. Therefore, in the rest of this
paper we concentrate our discussion on the algorithms for mining frequent item-
sets.
It is worth mentioning that there is no restriction imposed on the weighting

functions assigned by users. In fact, in addition to the time periods of trans-
actions, other attributes of transactions, such as ownership, transaction length,
etc., can also be incorporated into the determination of weights for individual
transactions.

3 Progressive Weighted Mining

It is noted that most of the previous studies, including those in [1, 9, 18], belong to
Apriori-like approaches. Basically, an Apriori-like approach is based on an anti-
monotone Apriori heuristic [1], i.e., if any itemset of length k is not frequent
in the database, its length (k + 1) super-itemset will never be frequent. The
essential idea is to iteratively generate the set of candidate itemsets of length
(k + 1) from the set of frequent itemsets of length k (for k ≥ 1), and to check
their corresponding occurrence frequencies in the database. As a result, if the
largest frequent itemset is a j-itemset, then an Apriori-like algorithm may need
to scan the database up to (j+1) times. This is the basic concept of an extended
version of Apriori-based algorithm, referred to as AprioriW .
In [7], the technique of scan-reduction was proposed and shown to result in

prominent performance improvement. By scan reduction, Ck is generated from
Ck−1 Ck−1 instead of from Lk−1 Lk−1. Clearly, a C 03 generated from C2 C2,
instead of from L2 L2, will have a size greater than |C3| where C3 is generated
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from L2 L2. However, if |C03| is not much larger than |C3|, and both C2 and C3
can be stored in main memory, we can find L2 and L3 together when the next
scan of the database is performed, thereby saving one round of database scan. It
can be seen that using this concept, one can determine all Lks by as few as two
scans of the database (i.e., one initial scan to determine L1 and a final scan to
determine all other frequent itemsets), assuming that C0k for k ≥ 3 is generated
from C 0k−1 and all C

0
k for k > 2 can be kept in the memory.

3.1 Algorithm of PWM

In general, databases are too large to be held in main memory. Thus, the data
mining techniques applied to very large databases have to be highly scalable for
efficient execution. As mentioned above, by partitioning a transaction database
into several partitions, algorithm PWM is devised to employ a progressive filter-
ing scheme in each partition to deal with the candidate itemset generation and
process one partition at a time. For ease of exposition, the processing of a parti-
tion is termed a phase of processing. Under PWM, the cumulative information
in the prior phases is selectively carried over toward the generation of candidate
itemsets in the subsequent phases. After the processing of a phase, algorithm
PWM outputs a progressive candidate set of itemsets, their occurrence counts
and the corresponding partial supports required.
The procedure of algorithm PWM is outlined below, where algorithm PWM

is decomposed into four sub-procedures for ease of description. C2 is the set of
progressive candidate 2-itemsets generated by database D. Recall that NPi(X)
is the number of transactions in partition Pi that contain itemset X and W (Pi)
is the corresponding weight of partition Pi.

Algorithm PWM (n, min_supp)
Procedure I:InitialPartition
1. |D| =Pi=1,n |P i|;
Procedure II: Candidate 2-Itemset Generation
1. begin for i = 1 to n // 1st scan of D
2. begin for each 2-itemset X2∈ P i

3. if ( X2 /∈ C2 )
4. X2.count = NPi(X2)×W (P i);
5. X2.start = i;
6. if ( X2.count ≥ min_supp× |P i| ×W (P i) )
7. C2= C2∪X2;
8. if ( X2∈ C2 )
9. X2.count = X2.count+NPi(X2)×W (P i);
10. if (X2.count<min_supp× P

m=X2.start,i
(|Pm| ×W (Pm)))

11. C2= C2−X2;
12. end
13. end

Procedure III: Candidate k-Itemset Generation
1. begin while (Ck 6= ∅ & k ≥ 2)
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2. Ck+1= Ck Ck;
3. k = k + 1;
4. end

Procedure IV: Frequent Itemset Generation
1. begin for i = 1 to n
2. begin for each itemset Xk∈ Ck

3. Xk.count = Xk.count+NPi(Xk)×W (P i);
4. end
5. begin for each itemset Xk∈ Ck

6. if (Xk.count ≥ min_supp× P
m=1,n

(|Pm| ×W (Pm)))

7. Lk= Lk∪Xk;
8. end
9. return Lk;

Procedure II (Candidate 2-Itemset Generation) first scans partition Pi, for
i = 1 to n, to find the set of all local frequent 2-itemsets in Pi. Note that C2 is a
superset of the set of all frequent 2-itemsets in D. Algorithm PWM constructs
C2 incrementally by adding candidate 2-itemsets to C2 as well as counting the
number of occurrences for each candidate 2-itemset X2 in C2. If the cumulative
occurrences of a candidate 2-itemset X2 does not meet the partial minimum
support, X2 is removed from the progressive C2. In Procedure II (Candidate 2-
Itemset Generation), algorithm PWM processes one partition at a time for all
partitions. The number of occurrences of an itemset X2 and its starting partition
which keeps its first occurrence in C2 are recorded in X2.count and X2.start,
respectively. As such, in the end of processing Pi, an itemset X2 will be kept
in C2 only if X2.count > min_supp ×Pm=X2.start,i

(|Pm|×W (Pm)). Next, in
Procedure III (Candidate k-Itemset Generation), with the scan reduction scheme
[18], C2 produced by the first scan of database is employed to generate Cks in
main memory.
Then, from Procedure IV (Frequent Itemset Generation) we begin the sec-

ond database scan to calculate the support of each itemset in Ck and to find
out which candidate itemsets are really frequent itemsets in database D. As a
result, those itemsets whose Xk.count ≥ min_supp ×Pm=1,n(|Pm|×W (Pm))
are the frequent itemsets Lks. Finally, according to these output Lks in Step 9,
all kinds of weighted association rules implied in database D can be generated
in a straightforward manner.
Note that PWM is able to filter out false candidate itemsets in Pi with a

hash table. Same as in [18], using a hash table to prune candidate 2-itemsets,
i.e., C2, in each accumulative ongoing partition set Pi of transaction database,
the CPU and memory overhead of PWM can be further reduced. Owing to the
small number of candidate sets generated, the scan reduction technique can be
applied efficiently. As a result, only two scans of the database are required.

3.2 An illustrative example of PWM

Recall the transaction database shown in Figure 2 where the transaction data-
base D is assumed to be segmented into three partitions P1, P2 and P3, which
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Partition database based
on weighted periods Produce C2

Use C2 to
produce Ck

Generate Lk (X=>Y)W

2nd Scan
database

1st Scan
database

W(Pi)

Procedure II

W(Pi)

Procedure III

Procedure I

Procedure IV

Fig. 3. The flowchart of PWM

correspond to the three time granularities from January 2001 to March 2001.
Suppose that min_supp = 30% and min_conf = 75%. In addition, the weight
value of each partition is given as follows: W (P1) = 0.5, W (P2) = 1, and
W (P3) = 2. The operation of algorithm PWM can be best understood by an
illustrative example described below. The flowchart of PWM is given in Figure
3.
Specifically, each partition is scanned sequentially for the generation of can-

didate 2-itemsets in the first scan of the database D. After scanning the first
segment of 4 transactions, i.e., partition P1, 2-itemsets {BD,BC,CD,AD} are
sequentially generated as shown in Figure 4. In addition, each potential can-
didate itemset c ∈ C2 has two attributes: (1) c.start which contains the par-
tition number of the corresponding starting partition when c was added to
C2, and (2) c.count which contains the number of weighted occurrences of c.
Since there are four transactions in P1, the partial weighted minimal support is
min_SW (P1) = 4 × 0.3 × 0.5 = 0.6. Such a partial weighted minimal support
is called the filtering threshold. Itemsets whose occurrence counts are below the
filtering threshold are removed. Then, as shown in Figure 4, only {BD,BC},
marked by “°”, remain as candidate itemsets whose information is then carried
over to the next phase P2 of processing.
Similarly, after scanning partition P2, the occurrence counts of potential can-

didate 2-itemsets are recorded. From Figure 4, it is noted that since there are also
4 transactions in P2, the filtering threshold of those itemsets carried out from
the previous phase is min_SW (P1 +P2) = 4× 0.3× 0.5+ 4× 0.3× 1 = 1.8 and
that of newly identified candidate itemsets is min_SW (P2) = 4× 0.3× 1 = 1.2.
It can be seen that we have 3 candidate itemsets in C2 after the processing of
partition P2.
Finally, partition P3 is processed by algorithm PWM. The resulting candidate

2-itemsets are C2 = {BC,CE,BF} as shown in Figure 4. Note that though
appearing in the previous phase P2, itemset {DE} is removed from C2 once P3 is
taken into account since its occurrence count does not meet the filtering threshold
then, i.e., 2 < 3.6. Consequently, we have 3 candidate 2-itemsets generated by
PWM. Note that only 3 candidate 2-itemsets are generated by PWM.
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C2 start NW(X) count C2 start NW(X)
AD 1 1*0.5=0.5 AB 2 1*1=1 C2 start NW(X)

O BC 1 2*0.5=1 AC 2 1*1=1 AD 3 1*2=2
O BD 1 2*0.5=1 O BC 1 1+2*1=3 O BC 1 3+1*2=5

CD 1 1*0.5=0.5 BD 1 1+0*1=1 BD 3 1*2=2
BE 2 1*1=1 BE 3 1*2=2
CD 2 1*1=1 O BF 3 3*2=6

O CE 2 2*1=2 O CE 2 2+1*2=4
O DE 2 2*1=2 CF 3 1*2=2

DE 2 2+0*2=2
DF 3 1*2=2
EF 3 1*2=2

NW(X) count
3*0.5+2*1+3*2=9.5 NW(X)

C1 2*0.5+3*1+1*2=6 9.5
3*1+1*2=5 L1 6

3*2=6 5
2*0.5+2*1+1*2=5 6

C2 3*2=6 L2 5
2*1+1*2=4 6

After 2nd scan database D, we have candidate itemsets: {B}, {C}, {E}, {F}, {BC}, {BF}

{BC}
{BF}

{B}
{C}
{E}
{F}

{CE}
{BF}

{E}
{F}

{BC}

{B}
{C}

min_SW(P1)=0.6 min_SW(P1+P2)=1.8, min_SW(P2)=1.2 min_SW(P1+P2+P3)=4.2,

Frequent Itemsets

After 1st scan database D, we have candidate itemsets: {B}, {C}, {E}, {F}, {BC}, {BF}, {CE}

Pruning

min_SW(P2+P3)=3.6, min_SW(P3)=2.4

min_SW(D)=4.2
Candidates

Fig. 4. Frequent itemsets generation for mining weighted association rules by PWM

After generating C2 from the first scan of database D, we employ the scan
reduction technique [18] and use C2 to generate Ck. As discussed earlier, since
the |C2| generated by PWM is very close to the theoretical minimum, i.e., |L2|,
the |C03| is not much larger than |C3|. Similarly, the |C0k| is close to |Ck|. Since
C2 = {BC,CE,BF}, no candidate k-itemset is generated in this example for
k ≥ 3. Thus, C01 = {B,C,E,F} and C02 = {BC,CE,BF}, where all C0ks can be
stored in main memory. Then, we can find Lks (k = 1, 2, ...,m) together when
the second scan of the database D is performed. Finally we get L2 = {BC,BF}
in Figure 4.

It is important to note that if we adopt single min_supp = 30% by Apriori,
then the itemset {BF} will not be large since its occurrence in this transaction
database is 3 which is smaller than min_ST = d12×0.3e = 4. However, itemset
{BF} appears very frequently in the most recent partition of the database of
which the weight is relatively large, thus discovering more desirable information.
It can be seen that the algorithm Apriori is not able to discover the information
behind the new coming data in the transaction database.

Note that since there is no candidate k-itemset (k ≥ 2) containing A or
D in this example, A and D are not necessary taken as potential itemsets for
generating weighted association rules. In other words, we can skip them from
the set of candidate itemsets C0ks. Finally, all occurrence counts of C

0
ks can be

calculated by the second database scan. As shown in Figure 5, after all frequent
k-itemsets are identified, the corresponding weighted association rules can be
derived in a straightforward manner. Explicitly, the weighted association rule of
(X ⇒ Y )W holds if confW (X ⇒ Y ) ≥ min_conf .
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Pruning C => B 35.7% 83.3%
F => B 42.8% 100.0%

Rules Support Confidence

F => B 6/(4*0.5+4*1+4*2)=42.8% 6/6=100%

B => F
C => B

6/(4*0.5+4*1+4*2)=42.8% 6/9.5=63.1%
5/(4*0.5+4*1+4*2)=35.7% 5/6=83.3%

B => C
Support Confidence

5/(4*0.5+4*1+4*2)=35.7% 5/9.5=52.6%
Rules

Fig. 5. The weighted association rule generation from frequent itemsets

4 Conclusion

In this paper, we explored a new model of mining weighted association rules,
i.e., (X ⇒ Y )W , in a transaction database and developed algorithm PWM to
generate the weighted association rules as well as conducted related performance
studies. In algorithm PWM, the importance of each transaction period was first
reflected by a proper weight assigned by the user. Then, PWM partitioned the
time-variant database in light of weighted periods of transactions and performed
weighted mining. Algorithm PWM was designed to progressively accumulate the
itemset counts based on the intrinsic partitioning characteristics and employed
a filtering threshold in each partition to early prune out those cumulatively
infrequent 2-itemsets. With this design, algorithm PWM was able to efficiently
produce weighted association rules for applications where different time periods
were assigned with different weights, leading to more interesting results.
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