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Abstract

Database mining must capture the dynamics of data in the real-world. In other words, mining models would be able

to maintain all changed rules when a database is updated. This paper presents a new model of aggregating association

rules aimed at not only maintaining association rules in dynamical databases, but also aggregating association rules

from di�erent data sources. Indeed, this aggregation of association rules is useful for making decisions. Our experiments

show that this model is e�cient to aggregate rules from both of dynamical databases and di�erent data sourc-

es. Ó 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

The idea of maintenance of association rules in dynamical databases is not new and has been
around for many years [4±6]. However, our concept of maintenance of association rules in this
paper is di�erent from the previously proposed ones. It is based entirely on the idea of weighted
methods; the di�erence is that our model can be used to aggregate association rules from di�erent
sources. This aggregation of association rules is useful for making decisions. Actually, we will
build a generalized aggregation of association rules in some context.

1.1. Motivation

Most work in the ®eld of database mining [1,7] assumes that the goal pattern to be learnt is
stable over time. This means that its pattern description does not change while learning proceeds.
In real-world mining situations of database systems, however, pattern drift is a natural phe-
nomenon which must be accounted for by the mining model. When a database is updated, indeed,
some existing rules may no longer be consistent with the new database contents (see Fig. 1). The
most common approach to resolving this problem is built in [4,5]. In this paper, a weighted model
is proposed to match the change.
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On the other hand, a general company may have some subcompanies. The general company
heavily depends on the information from subcompanies to design its future development pro-
gram. Generally, a company can make her plan by collecting some useful information from
di�erent (unknown) databases of other companies (see Fig. 2). Hence, we often need to aggregate
much useful information so as to make an e�ective and e�cient decision, which are mined in
unknown databases. To aggregate rules, a new model is suggested in this paper.

Our work in this paper is focused on maintaining incremental databases and aggregating
general association rules.

1.2. Related work

Generally, data mining, also known as knowledge discovery in databases aims at the discovery
of useful information from large collections of data [1,3,9]. The discovered knowledge can be rules
describing properties of the data, frequently occurring patterns, clusterings of the objects in the
database and so on, which support various intelligent activities, such as decision-making, plan-
ning and problem-solving. Thus, it has been recognized as a potential new area for both database
and arti®cial intelligence.

Fig. 2. Aggregated model (GDB: the aggregated rule base; RBi: all rules in DBi; DBi: the ith data source or data subset).

Fig. 1. Incremental model (RB: rule base; DB: database; Update: data delete, append, . . .; new data: updated data).
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Mining association rules from large databases have received much attention recently [1,9].
Discovering association rules is to generate all rules in a given database, of the form A! B, where
A and B are disjoint sets of items (or A \ B � ;). However, most of them [1,7,9] presuppose that
the goal pattern to be learnt is stable over time. In the real world, a database is often updated.
Accordingly, some algorithms have recently been developed for the maintenance [4±6,10].

One possible approach to the update problem of association rules is to re-run the association
rule mining algorithms [1] on the whole updated database. This approach, though simple, has
some obvious disadvantages. All the computation done initially at ®nding the old large itemsets
are wasted and all large itemsets have to be computed again from scratch. An incremental
appproach for learning from databases is due to [6], which uses the maintaining ideas in machine
learning [10].

To capture the features of very large databases di�erent from the data set faced by machine
learning, a new maintenance model was proposed by Cheung et al. [4], called e�cient algorithm
FUP, that reused the information from the old large itemsets. This means, some old large itemsets
are required to be kept. To do so, they developed a method to determine the promising itemsets
and hopeless itemsets in the incremental portion and reduce the size of the candidate set to be
searched against the original large database. FUP is similar to the Aporiori [1] at using the fre-
quencies of itemsets to maintain association rules. The di�erence is that the FUP model needs
only to scan the new data set for generating all the candidates. But the Aporiori model needs to
scan the whole data set. To deal with more dynamics, the authors expand the FUP to FUP2 [5] for
general updating operations, such as insertion, deletion and modi®cation on databases.

The general researches are as follows. The work in the current literature is mainly focused on
discovering generalized association rules [8,9,11]; e�cient algorithms for mining association rules
[2]; measurements of interest [1,2,7]; mining negative association rules [2]; incremental techniques
[4,6]; mining based on query languages [11]; and parallel data mining for association rules [8]
There is an excellent survey [3] to review previous researches.

1.3. Organization

The rest of this paper is organized as follows. In Section 2, we brie¯y present some needed
de®nitions. In Section 3, a model of weighted maintenance rules in incremental databases is
presented. A generalized aggregation of association rules is set up in Section 4. In Section 5, we
show the e�ciency of the proposed approach by experiments. A simple summary of this paper is
presented in the last section.

2. Data mining model

The early data mining model for association rules is the support-con®dence framework es-
tablished by Agrawal et al. [1]. For description, we simply present some well-known concepts
based on this framework used throughout this paper.

Let I � fi1; i2; . . . ; iNg be a set of N distinct literals called items. D is a set of variable length
transactions over I. Each transaction contains a set of items i1; i2; . . . ; ik 2 I. A transaction has an
associated unique identi®er called TID. An association rule is an implication of the form A) B
(or written as A! B), where A;B � I , and A \ B � ;. A is called the antecedent of the rule and B is
called the consequent of the rule.
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In general, a set of items (such as the antecedent or the consequent of a rule) is called an itemset.
The number of items in an itemset is the length (or the size) of an itemset. Itemsets of some length
k are referred to as a k-itemsets. For an itemset A � B, if B is an m-itemset then B is called an
m-extension of A.

Each itemset has an associated measure of statistical signi®cance called support, denoted as
supp. For an itemset A � I, supp�A� � s, if the fraction of transactions in D containing A equals s.
A rule A! B has a measure of its strength called con®dence (denoted as conf) de®ned as the ratio
supp�A [ B�=supp�A�.

De®nition 1 (support-confidence model). If an association rule A! B has both support and con®-
dence greater than or equal to some user speci®ed minimum support �minsupp� and minimum
con®dence �minconf � thresholds respectively, i.e. for regular associations:

supp�A [ B�P minsupp

conf �A! B� � supp�A [ B�
supp�A� P minconf

then A! B can be extracted as a valid rule.

Mining association rules can be decomposed into the following two subproblems:
1. All itemsets that have support greater than or equal to the user-speci®ed minimum support are

generated. That is, generating all large itemsets.
2. Generate all the rules that have minimum con®dence in the following naive way: For every

large itemset X and any B � X , let A � X ÿ B. If the rule A! B has the minimum con®dence
(or supp�X �=supp�A�P minconf ), then it is a valid rule.

Example 1. Let T1 � fA;B;Dg, T2 � fA;B;Dg, T3 � fB;C;Dg, T4 � fB;C;Dg and T5 � fA;Bg be
the only transactions in a database. Let the minimum support and minimum con®dence be 0.6
and 0.85, respectively. Then the large itemsets are the following: fAg, fBg, fDg, fA;Bg and fB;Dg.
The valid rules are A! B and D! B.

For comparison, we now present the FUP model [4]. Let D be a given database, D� the in-
cremental data set to D, A be an itemset that occurs in D, A� stands for A occurring in D�. Then A
is a large itemset in D [ D� only if the support of A is greater than or equal to minsupp. We now
de®ne the FUP model as follows.

De®nition 2 (FUP model). An association rule A! B can be extracted as a valid rule in D [ D� only if
it has both support and con®dence greater than or equal to minsupp and minconf, respectively. Or

supp�A [ B� � t�A [ B� � t�A� [ B��
c�D� � c�D�� P minsupp;

conf �A! B� � supp�A [ B�
supp�A� P minconf ;
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where c�D� and c�D�� are the cardinalities of D and D�, respectively; t�A� and t�A�� denote the
number of tuples that contain itemset A in D and the number of tuples that contain itemset A in
D�, respectively.

To solve the incremental problem, we establish a new model of maintaining association rules
based on weights in this paper.

3. Incremental model

A famous model on maintaining dynamical databases proposed by Cheung et al. [4] is called
e�cient algorithm FUP. And then an improved algorithm FUP2 was given in [5]. We will establish
a new model of maintaining association rules based on weight methods. For simplicity, here our
discussions are concentrated on incremental databases.

Let D be the given database, D� the incremental data set to D, A be an itemset that occurs in D,
A� stands for A occurring in D�, g�A� the support of A in D, g0�A�� the relative support of A in
D�. Then A is a large itemset only if the support of A in D [ D� is greater than or equal to
minsupp, or:

t�A� � t�A��
c�D� � c�D�� P minsupp;

where c�D� and c�D�� are the cardinalities of D and D�, respectively; t�A� and t�A�� denote the
number of tuples that contain itemset A in D and the number of tuples that contain itemset A in
D�, respectively. According to the con®dence-support framework, supp�A� � t�A�=c�D� and
supp0�A�� � t�A��=c�D��.

We have the following theorems.

Theorem 1. (1) It is possible that an old small itemset A becomes large in the updated database only if

supp0�A�� > minsupp:

(2) It is impossible that an old small itemset A becomes large in the updated database if

c�D��P c�D� � �minsupp ÿ supp�A��
1ÿ minsupp

:

It can be directly proven by the requirements of the support of a rule.

Theorem 2. (1) It is possible that an old large itemset A becomes small in the updated database only if

supp0�A�� < minsupp:

(2) It is impossible that an old large itemset A becomes small in the updated database if

c�D�� < c�D� � �minsupp ÿ supp�A��
1ÿ minsupp

:

It can be also proven by the requirements of the support of a rule.
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3.1. Maintenance plan

Let n0 be the given threshold of a database. The procedure of maintaining incremental data-
bases is as follows:

D1;D�11;D
�
12; . . . ;

D2;D�21;D
�
22; . . . ;

� � �
where D1 � D,

P
j�1 c�D�ij �P n0, i � 1; 2; . . . ; Di � Diÿ1 [ D��iÿ1�1 [ D��iÿ1�2 [ � � �

When
P

j�1 c�D�ij �P n0, we generally need to maintain the association rules. In order to re¯ect
the change of the support and con®dence of a rule with incremental data, a competitive set CS is
required such that for any A 2 CS, A is possible to become a large itemset if A is a small itemset.
Using the set of rules and CS, we can construct the model of maintaining association rules. For
convenience of computing, assume CS is the set of competitive rules, which with the support of
each rule satisfy the following theorem.

Theorem 3. A small itemset A is kept in PI if

supp�A� > minsupp � n0

c�D� �minsupp ÿ 1�:

It can also be proven by the requirements of the support of a rule.

3.1.1. Aggregation rules
We de®ne a weighted maintenance model of association rules as follows. Let w1 and w2 be the

weights of D and D�, respectively. Then for any association rule X ! Y , we de®ne its support and
con®dence as

suppw�X [ Y � �
X2

i�1

wi � suppi�X [ Y �;

confw�X ! Y � � suppw�X [ Y �
suppw�X � ;

where supp1�X [ Y � and supp2�X [ Y � are the supports of X ! Y in D and D�, respectively;
suppw�X [ Y � and confw�X ! Y � are the support and con®dence of X ! Y in D [ D�, which are
the aggregated results. Indeed, this weighted maintenance model is reasonable.

Example 2. Let c�D� � 100, c�D�� � 20, a rule X ! Y is with supp1�X [ Y � � 0:4 and
conf1�X ! Y � � 0:7 in D, and supp2�X [ Y � � 0:3 and conf1�X ! Y � � 0:8 in D�. Then we can
take weights as:

w1 � c�D�
c�D� � c�D�� �

100

100� 20
� 0:833;
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w2 � c�D��
c�D� � c�D�� �

20

100� 20
� 0:167:

So,

suppw�X [ Y � �
X2

i�1

wi � suppi�X [ Y �

� 0:833 � 0:4� 0:167 � 0:3 � 0:3733;

suppw�X � �
X2

i�1

wi � suppi�X [ Y �
confi�X ! Y � � 0:5383:

Hence

confw�X ! Y � � suppw�X [ Y �
suppw�X � � 0:3733

0:5383
� 0:6934:

Theorem 4. FUP model is a special case in the Weighted model.

Proof. It needs to be proved that supp and conf in FUP model are special cases of suppw and confw,
respectively. Certainly, we can take the assignment of weights as: w1 � c�D�=�c�D� � c�D��� for D
and w2 � c�D��=�c�D� � c�D��� for D�.

We ®rst prove that supp in FUP model is a special case of suppw. For X ! Y ,
supp1�X [ Y � � c1�X [ Y �=c�D� and supp2�X [ Y � � c2�X [ Y �=c�D��. According to the de®nition
of suppw we have

suppw�X [ Y � � w1 � supp1�X [ Y � � w2 � supp2�X [ Y �

� c�D�
c�D� � c�D��

c1�X [ Y �
c�D� � c�D��

c�D� � c�D��
c2�X [ Y �

c�D��
� c1�X [ Y � � c2�X [ Y �

c�D� � c�D�� :

This means that the weighted support suppw�X [ Y � is equal to the support of the rule X ! Y in
D [ D�. Hence, supp in FUP model is a special case of suppw.

We now prove that conf in FUP model is a special case of confw. For X ! Y ,
conf1�X [ Y � � supp1�X [ Y �=supp1�X � and conf2�X [ Y � � supp2�X [ Y �=supp2�X �. According to
the de®nition of confw we have

confw�X ! Y � � suppw�X [ Y �
suppw�X �

� c1�X [ Y � � c2�X [ Y �
c�D� � c�D��

� ��
c1�X � � c2�X �
c�D� � c�D��

� �
� c1�X [ Y � � c2�X [ Y �

c1�X � � c2�X � :
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This means that the weighted con®dence confw�X ! Y � is equal to the con®dence of the rule
X ! Y in D [ D�. Or conf in FUP model is a special case of confw. Hence, FUP model is a special
case of Weight model. �

Note that the above weights gave a consideration to the sizes of database and its incremental
data set. In fact, we can also consider other cases such as the new or old of data to assign weights.

Directly, for any association rules X ! Y , we de®ne its support and con®dence as

suppw�X [ Y � �
X2

i�1

wi � suppi�X [ Y �;

confw�X ! Y � �
X2

i�1

wi � confi�X ! Y �;

where conf1�X ! Y � and conf2�X ! Y � are the con®dences of X ! Y in D and D�, respectively.
For the previous example, confw�X ! Y � � w1 � conf1�X ! Y � � w2 � conf2�X ! Y � � 0:833
� 0:7� 0:167 � 0:8 � 0:7169:

Generally, for D, D1; . . . ;Dn with weights w1;w2; . . . ;wn�1, we de®ne the weighted suppw�X [ Y �
and confw�X ! Y � for a rule X ! Y as follows:

suppw�X [ Y � �
Xn

i�1

wi � suppi�X [ Y �; �1�

confw�X ! Y � �
Xn

i�1

wi � confi�X ! Y �; �2�

where supp1�X [ Y �; . . . ; suppn�X [ Y � are the the supports of the rule X ! Y in D1; . . . ;Dn, re-
spectively; conf1�X ! Y �; . . . ; confn�X ! Y � are the con®dences of the rule X ! Y in D1; . . . ;Dn,
respectively.

3.1.2. Valid rules and competitive set
The problem of maintenance association rules is to generate all valid rules and a competitive set

CS. Here each valid rule A! B has both support and con®dence greater than or equal to some
user-speci®ed minimum support (minsupp) and minimum con®dence (minconf) thresholds re-
spectively, i.e. for regular associations: suppw�A [ B�P minsupp and confw�A! B�P minconf :

Each rule in CS is an invalid rule but it may be competitive in next time aggregation of rules.
Hence, they would be kept in systems. This maintenance can be decomposed into the following
two subproblems:
1. Aggregate all association rules to generate the new support and con®dence for each rule.
2. If a rule A! B has both support and con®dence greater than or equal to minsupp and minconf

respectively, then it is a valid rule; else, to append this rule into CS.

3.2. Algorithm

Let D be the given database, D� the incremental data set, supp and conf the support and
con®dence functions of rules in D, supp� and conf � the support and con®dence functions of rules
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in D�, minsupp, minconf, mincruc: threshold values given by user, where mincruc is the crucial
value that a small itemset can become a large itemset in a system. Our weight maintaining al-
gorithm for association rules in dynamical databases is as follows.

Algorithm 1. Maintainrules
Input: D;D�: databases;

minsupp, minconf, mincruc: threshold values;
Output: X ! Y : aggregated association rule;
(1) let RD  all rules mined in D;
(2) let CSD  all competitive rules in D;
(3) let RD�  all rules mined in D�;
(4) let CSD�  all competitive rules in D�;
(5) input w1  the weight of D;
(6) input w2  the weight of D�;
(7) for each rule X ! Y 2 RD [ CSD do

let supp w1 � supp � w2 � supp�;
let conf  w1 � conf � w2 � conf�;
let RD� [ CSD�  RD� [ CSD� ÿ fX ! Y g;
if supp P minsupp and conf P minconf then
output X ! Y as a valid rule;
else let CS  the rule X ! Y ;

(8) if RD� [ CSD� 6� ; then
(9) for each rule X ! Y 2 RD� [ CSD� do

let supp w2 � supp�;
let conf  w2 � conf�;
let CS  the rule X ! Y ;

(10) for each rule X ! Y 2 CS do
if its supp�X [ Y �6mincruc then
let CS  CS ÿ fX ! Y g;

4. The general aggregation

Recalling the mentioned association rules from di�erent data sources, there are two kinds of
rules. One is that we know which rules are mined from the same database though the database is
unknown; another is we do not know where a rule is from. This section presents the aggregation
of these rules.

4.1. Weight aggregation

Let D1;D2; . . . ;Dm be m (may be unknown) databases, Si the set of association rules in Di for
i � 1; 2; . . . ;m (called as rule set). For any rule X ! Y , suppose w1;w2; � � � ;wm are the weights of
D1;D2; . . . ;Dm respectively, the aggregation can be de®ned as Eqs. (1) and (2). Therefore, the key
task is how to determine the weight for each database.
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4.1.1. Weights
In some context, the more the number of databases that contain the same rule, the larger the

belief of the rule should be. Let NRi be the number of databases supporting rule Ri, then the larger
NRi is, the larger the belief of Ri should be. In the meanwhile, if a database supports a larger
number of high-belief rules, the weight of the database should also be higher.

wi �
P

Rk2Si
NRkPm

j�1

P
Rh2Sj

NRh

;

where, i � 1; 2; . . . ;m.

Example 3. Let minsupp � 0:2, minconf � 0:3, and the following three group of data be given as
(1) S1 the set of association rules in database D1:

A ^ B! C with supp � 0:4; conf � 0:72;
A! D with supp � 0:3; conf � 0:64;
B! E with supp � 0:34; conf � 0:7;

(2) S2 the set of association rules in database D2:
B! C with supp � 0:45; conf � 0:87;
A! D with supp � 0:36; conf � 0:7;
B! E with supp � 0:4; conf � 0:6;

(3) S3 the set of association rules in database D3:
A ^ B! C with supp � 0:5; conf � 0:82;
A! D with supp � 0:25; conf � 0:62;

In these databases, there are four rules as: R1: A ^ B! C, R2: A! D, R3: B! E and R4: B! C
and NR1

� 2;NR2
� 3;NR3

� 2;NR4
� 1. According to the above de®nition, we have

w1 �
P

Rk2S1
NRkP3

j�1

P
Rh2Sj

NRh

� 2� 3� 2

�2� 3� 2� � �1� 2� 3� � �2� 3�
� 0:3889

and w2 � 0:3333 and w3 � 0:2778.
For rule R1: A ^ B! C,

supp�A [ B [ C� � w1 � supp1�A [ B [ C�
� w3 � supp3�A [ B [ C�

� 0:3889 � 0:4� 0:2778 � 0:5

� 0:29446;

conf �A ^ B! C� � w1 � conf1�A ^ B! C�
� w3 � conf3�A ^ B! C�

� 0:3889 � 0:72� 0:2778 � 0:82

� 0:5078:
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Also, for rule R2: A! D, supp�A [ D� � 0:306108, conf �A! D� � 0:654463; for rule R3:
B! E, supp�B [ E� � 0:265546, conf �B! E� � 0:47222; and for rule R4: B! C, supp�B [ C� �
0:149985, conf �B! C� � 0:289971.

This means that R1, R2, R3 and R4 are all valid rules.

4.1.2. Algorithm
Let D1;D2; . . . ;Dm be m (may be unknown) databases, Si the set of association rules in Di for

i � 1; 2; . . . ;m, suppi and confi the support and con®dence functions of rules in Si. Our weight
aggregation algorithm for association rules in di�erent databases is as follows.

Algorithm 2. Weightaggregaterules
Input: S1; S2; . . . ; Sm: rule sets;

minsupp, minconf, mincruc: threshold values;
Output: X ! Y : aggregated association rule;
(1) let S  S1 [ S2 [ � � � [ Sm;
(2) for each rule R in S do

let NR  the number of rule sets that contain rule R;
(3) for i � 1 to m do

let

wi  
P

Rk2Si
NRkPm

j�1

P
Rh2Sj

NRh

;

(4) for each rule X ! Y 2 S do
let suppw  

Pm
i�1 wi � suppi;

let confw  
Pm

i�1 wi � confi;
(5) for each rule X ! Y 2 S do

if suppw P minsupp and confw P minconf then
output X ! Y as a valid rule;
else let CS  the rule X ! Y ;

(6) for each rule X ! Y 2 CS do
if its supp�X [ Y �6mincruc then
let CS  CS ÿ fX ! Y g;

4.2. Relative aggregation

Sometimes, we can collect many rules from di�erent sources. However, we do not know which
rules are discovered in a certain database. Therefore, we construct another aggregation for these
rules. For an itemset X, it has an amount suppm�X � that supports X. Then for rule X ! Y , its
con®dence confm�X ! Y � is the ratio of suppm�X [ Y � and suppm�X �. We can use one of the fol-
lowing aggregation operators to aggregate the given rules.

(1) Maximum aggregation operator

a� b �Maxfa; bg:
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(2) Average aggregation operator

a� b � 1

2
�a� b�

(3) Weighted aggregation operator

a� b � w1 � a� w2 � b

Example 4. Let the following three groups of data be given:
R1 A ^ B! C with supp � 0:4; conf � 0:72;
R2 A! D with supp � 0:3; conf � 0:64;
R3 A! D with supp � 0:36; conf � 0:7;
R4 A ^ B! C with supp � 0:5; conf � 0:82;
R5 A! D with supp � 0:25; conf � 0:62.
For rule A ^ B! C, according to Maximum aggregation operator we have

supp �Maxf0:4; 0:5g � 0:5;

conf �Maxf0:72; 0:82g � 0:82:

Again, according to average aggregation operator we have: supp � 1
2
�0:4� 0:5� � 0:45,

conf � 1
2
�0:72� 0:82� � 0:77; according to weighted aggregation operator we have (assume

w1 � 0:3 and w1 � 0:7): supp � 0:3 � 0:4� 0:7 � 0:5 � 0:47, conf � 0:3 � 0:72� 0:7 � 0:82 � 0:79.

4.2.1. Normal distribution
Generally, a aggregated rule A! B can be collected with the following supports and con®-

dences:

supp1; conf1; supp2; conf2; . . . ; suppn; confn:

If these con®dences are irregularly distributed, we can apply one of the above models to ag-
gregate them. These aggregations are very rough. However, if these con®dences are normal dis-
tribution, we can take an interval as the con®dence and a corresponding interval as the support. In
other words, for 06 a6 b6 1, let m be the number of con®dences belonging to interval �a; b�. If
m=n P k, then these con®dences are normal distribution, where 0 < k6 1 is a threshold given by
experts. This means that �a; b� can be taken as the con®dence of rule A! B. For the corre-
sponding supports, we can estimate an interval as the support of the rule. In other words, suppose
that we have the random variables X � N�l; r2� and we need the probability

Pfa6X 6 bg � 1

r
p

2p

Z b

a
eÿ�xÿl�2=2r2

dx

to satisfy Pfa6X 6 bgP k and jbÿ aj6 a, where a is a threshold given by experts.
For conf1; conf2; . . . ; confn, let ci;j � 1ÿ jconfi ÿ confjj be the close degree between confi and

confj, then the close value between any two con®dences is given in Table 1.
We can use clustering technology to obtain this normal �a; b�. To determine the relationship

between con®dences, a close degree measure is required. The measure calculates the close degree
between two con®dences by close values. We de®ne a simple close degree measure as follows:
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Close�confi; confj� �
X
�ck;i � ck;j�;

where ``k'' is summed across the set of all con®dences. In e�ect the formula takes the two columns
of the two con®dences being analyzed, multiplying and accumulating the values in each row. The
results can be paced in a resultant ``n'' by ``n'' matrix, called a Con®dence±Con®dence Matrix.
This simple formula is re¯exive so that the matrix that is generated is symmetric. The method-
ology to create the clusters using Con®dence±Con®dence Matrix is as follows.

Procedure 1. Cluster
Input: confi: confidence, k: threshold values;
Output: Class: class set of close confidences;
(1) let i � 1;
(2) select confi and place it in a new class;
(3) start with confi where r � k � i� 1;
(4) validate if confk is within the threshold of all terms within the current class;
(5) if not, let k � k � 1;
(6) if k > n (number of con®dences) then r � r � 1;

if r � m then go to (7) else k � r;
create a new class with confi in it;
go to (4);

(7) if current class only has confi in it and there are other classes with confi in them then
delete current class;
else i � i� 1;

(8) if i � n� 1 then go to (9) else go to (2);
(9) eliminate any classes that duplicate or are subsets of other classes.

Again, we can aggregate the corresponding support of a rule into an interval. For simplicity, we
can also take the minimum of supports corresponding to a class as its support.

4.2.2. Algorithm
Let A! B be a rule, supp1; conf1; supp2; conf2; . . . ; suppn; confn the supports and con®dences of

the rule collected in n times. For simplicity, k is required to be large then 0.5 so as to restrict only
at most one class of con®dences satisfying all conditions of valid. Our general aggregation al-
gorithm for association rules in unknown data sources is as follows.

Table 1

The distance relation table

conf1 conf2 � � � confn

conf1 c1;1 c1;2 � � � c1;n

conf2 c2;1 c2;2 � � � c2;n

� � � � � � � � � � � �
confn cn;1 cn;2 � � � cn;n
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Algorithm 3. Maintainrules
Input: A! B: rule;

supp1; supp2; . . . ; suppn: the supports;
conf1; conf2; . . . ; confn: the confidences;
minsupp, minconf, k, a: threshold values;

Output: A! B: aggregated association rule;
(1) for the con®dences of A! B do

call Cluster;
(2) for each class C do

begin
let a the minimum of values in C;
let b the maximum of values in C;
let dC  jbÿ aj;
let PCfa6X 6 bg  jCj=n;
end;

(3) for all classes do
if there is a class C satisfying dC 6 a, PC P k and a P minconf then
begin
let supp the minimum support corresponding to C;
output A! B as a valid rule
with support supp and con®dence interval �a; b�;
end;

(4) if there are no class satisfying the conditions then
begin
let supp 1

n �supp1 � supp2 � � � � � suppn�;
let conf  1

n �conf1 � conf2 � � � � � confn�;
if supp P minsupp and conf P minconf then
output A! B as a valid rule
with support supp and con®dence conf;
end;

5. Experiments

To evaluate the proposed approach, we have done some experiments using synthetic databases
in the Internet. For simplicity, we choose the UCI database BreastCancer which contains 699
records. For maintenance, the set of the ®rst 499 records is taken as the initial data set. And the set
of each next 50 records is viewed as an incremental new data set. There are four incremental new
data sets. And they will be appended into the database one by one. It needs to maintain the
association rules once a new data set is appended into. The parameters of experiment databases
are summarized in Table 2.

5.1. On e�ciency

We compare the large itemsets mining time with the Apriori and FUP. We expect the Apriori
algorithm to be least e�cient because it needs to scan for the candidate items in the old and new
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databases. The FUP is slightly more e�cient. It scans the candidate items in the new database,
and it needs to scan the old database only when the item is in the old large itemset but not in the
new itemset, or in the new itemset but not in the old itemset. But our algorithm only needs to scan
the new database, making it the most e�cient. Our experimental results shown in Fig. 3 con®rm
these observations.

Because Cheung's FUP algorithm also scans the old database, which saves some cost by re-
ducing the candidate number in old database, it generates the same large itemsets as Apriori. Our
algorithm gets a signi®cant improvement by only scanning the new database.

6. Conclusions

Change is the nature of databases in the real world. Consequently, maintaining association
rules is one of the imperative tasks in data mining and knowledge discovery. Recently, there has
been considerable interest in tackling incremental data in [4±6]. The most successful model is built
by Cheung et al. [5]. They consider some update activities such as delete data and append data.
And present a fast maintenance algorithm FUP.

Table 2

Experiment databases

Record number Attribute number

Old database 499 10

New database 1 50 10

New database 2 50 10

New database 3 50 10

New database 4 50 10

Fig. 3. The large itemset mining time cost comparison.
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Here we advocated a new model of maintaining association rules in dynamical databases. Our
concept of maintenance of association rules based entirely on the idea of weighted methods is
di�erent from the previously proposed ones. Our experiments show the results in our model are
the same in the algorithm FUP when the weights only consider the sizes of databases. Apparently,
our model can synthesize many possible factors to estimate reasonable weights so as to obtain a
comprehensive result. In particular, this aggregation model can be used to aggregate association
rules from di�erent data sources. It is useful for making e�ective and e�cient decisions of com-
panies.
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