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Abstract

Dealing with very large databases is one of the de�ning challenges in data mining research and

development. Some databases are simply too large (e.g., with terabytes of data) to be processed

at one time, for e�ciency and space reasons, so splitting them into subsets for processing is a

necessary step. Also, some organizations have di�erent data sources (e.g., di�erent branches of a

large company), and while putting all data from di�erent sources might amass a huge database

for centralized processing, mining rules at di�erent data sources and forwarding the rules (rather

than the original raw data) to the centralized company headquarter provides a feasible way to

deal with very large database problems. This paper presents a model of aggregating association

rules from di�erent data sources. Each data source could also be a subset of a very large

database, and so the aggregation model is applicable to both dealing with very large databases

by splitting them into subsets, and processing data from di�erent data sources.

Keywords: Large databases, multiple data sources, association rules, aggregation.

1 Introduction

Rules are a common form to express database regularities. They are similar to the way that human experts

express their expertise and human users are comfortable with this way of expressing newly extracted knowl-

edge. This is an important consideration during expert validation of a large knowledge base which may

be discovered from di�erent data sources, during debugging of the knowledge base and in engendering user

acceptance of data mining results. Also, rules discovered from a database (or a subset of it) are generally

much more compact in volume than the original database so it is more convenient to share rules rather than

the original data when an organization has di�erent data sources and putting all data from di�erent sources

might amass a huge database for centralized processing.

When rules come from di�erent data sources or di�erent subsets of a very large database, they must be

appropriately aggregated. Figure 1 shows our aggregation model in which a database DBi (i = 1; :::; n) can

be a subset of a very large database or one of the data sources of a large organization.

The rest of this paper is organized as follows. In Section 2, we review the support-con�dence framework

for association rules. In Section 3, a model of weighted aggregation is presented, and in Section 4, a

generalized aggregation of association rules is described.

�The second author was supported by the Programme for Research in Intelligent Systems (PRIS), School of

Computing, the National University of Singapore.
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GDB: the aggregated rule base
RBi: all rules in DBi
DBi: the ith data source or data subset

Figure 1: Aggregated Model

2 The Support-Con�dence Framework for Association Rules

Data mining, also known as knowledge discovery in databases aims to discover useful information from

large collections of data [1, 3, 10]. 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 can be used to

support various intelligent activities, such as decision-making, planning, and problem-solving.

The data mining model adopted in this paper for association rules is the support-con�dence framework

established by Agrawal, Imielinski, and Swami [1].

Let I = fi1; i2; � � � ; iNg be a set of N distinct literals called items, and D a set of 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 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.

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 size) of the itemset. An itemset of some length k is referred to as a

k-itemset. 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 to s. A rule A! B has

a measure of strength called con�dence (denoted as conf) which is de�ned as the ratio supp(A[B)=supp(A).
The problem of mining association rules is to generate all rules A ! B that have both support and

con�dence greater than or equal to some user speci�ed thresholds, called minimum support (minsupp) and

minimum con�dence (minconf) respectively. For regular associations:

supp(A [B) � minsupp; conf(A! B) =
supp(A [B)
supp(A)

� minconf:

The problem can be decomposed into the following two subproblems.
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(1) Generate all itemsets that have support greater than or equal to the user speci�ed minimum support.

(2) Generate all rules that have their minimum con�dence in the following naive way: For every large

itemset X and any B � X, let A = X � B. If the rule A ! B has the minimum con�dence (or

supp(X)=supp(A) � 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 �ve transactions in a database, and 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.

3 Weight Aggregation

When the association rules are discovered from di�erent data sources, this section presents an aggregation

of these rules.

Let D1; D2; � � � ; Dm be m di�erent databases (see Figure 1), and Si the set of association rules from Di

(i = 1; 2; � � � ;m,). For a given rule X ! Y , suppose w1, w2, � � �, wm are the weights (see Section 3.1) of

D1; D2; � � � ; Dm respectively, the aggregation is de�ned as follows.

suppw(X [ Y ) = w1 � supp1(X [ Y ) + w2 � supp2(X [ Y ) + � � �+ wm � suppm(X [ Y );
confw(X ! Y ) = w1 � conf1(X ! Y ) + w2 � conf2(X ! Y ) + � � �+ wm � confm(X ! Y ):

3.1 Weights

In order to aggregate association rules from di�erent databases, we need to determine the weight for each

database. Intuitively, 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.

Based on these intuitive understandings, the weight for the ith database is de�ned as follows.

wi =

P
Rk2Si

NRkPm
j=1

P
Rh2Sj

NRh

;

where, i = 1; 2; � � � ;m.

Example 2 Let minsupp = 0:2, minconf = 0:3, and the following rule sets are generated from three

databases.

(1) S1 the set of association rules from 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 from 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 from database D3:

A ^B ! C with supp = 0:5; conf = 0:82;

A! D with supp = 0:25; conf = 0:62;
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In the above rule sets, there are a total of four rules:

R1 A ^B ! C

R2 A! D

R3 B ! E

R4 B ! C

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;

w2 =

P
Rk2S2

NRkP3

j=1

P
Rh2Sj

NRh

=
1 + 2 + 3

(2 + 3 + 2) + (1 + 2 + 3) + (2 + 3)
= 0:3333;

w3 =

P
Rk2S3

NRkP3

j=1

P
Rh2Sj

NRh

=
2 + 3

(2 + 3 + 2) + (1 + 2 + 3) + (2 + 3)
= 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:

For rule R2: A! D,

supp(A [D) = w1 � supp1(A [D) + w2 � supp2(A [D)w3 � supp3(A [D)

= 0:3889 � 0:3 + 0:3333 � 0:36 + 0:2778 � 0:25 = 0:306108;

conf(A! D) = w1 � conf1(A! D) + w2 � conf2(A! D) + w3 � conf3(A! D)

= 0:3889 � 0:64 + 0:3333 � 0:7 + 0:2778 � 0:62 = 0:654463:

For rule R3: B ! E,

supp(B [E) = w1 � supp1(B [ E) + w2 � supp2(B [ E)
= 0:3889 � 0:34 + 0:3333 � 0:4 = 0:265546;

conf(B ! E) = w1 � conf1(B ! E) + w2 � conf2(B ! E)

= 0:3889 � 0:7 + 0:3333 � 0:6 = 0:47222:

For rule R4: B ! C,

supp(B [ C) = w2 � supp2(B [ C) = 0:3333 � 0:45 = 0:149985;

conf(B ! C) = w2 � conf2(B ! C) = 0:3333 � 0:87 = 0:289971:

The above indicates that R1, R2, R3 and R4 are all valid rules.
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3.2 Algorithm Design

Let D1; D2; � � � ; Dm bem databases, Si the set of association rules from Di (i = 1; 2; � � � ;m), suppi and confi
the supports and con�dences of rules in Si, and minsupp, minconf , mincruc the threshold values given by

the user, where mincruc is the crucial value that a small itemset can become a large one in a system. Our

weight aggregation algorithm for association rules in di�erent databases is designed as follows.

Algorithm 1 Weightaggregation

Input: S1; S2; � � � ; Sm: rule sets; minsupp, minconf , mincruc: threshold values;

Output: X ! Y : aggregated association rules;

(1) let S  S1 [ S2 [ � � � [ Sm; CS  ;;
(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
NRkP

m

j=1

P
Rh2Sj

NRh
;

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

let suppw  w1 � supp1 + w2 � supp2 + � � �+ wm � suppm;
let confw  w1 � conf1 + w2 � conf2 + � � �+ wm � confm;

(5) for each rule X ! Y 2 S do

if suppw � minsupp and confw � minconf then

output X ! Y as a valid rule;

else CS  CS[ the rule X ! Y ;

(6) for each rule X ! Y 2 CS do

if its supp(X [ Y ) � mincruc then

let CS  CS � fX ! Y g;

4 Relative Aggregation

The number of rules can be very large when they are collected from di�erence data sources. Therefore, we

construct another aggregation for these rules. For an itemset X, it has a 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 following aggregation operators to aggregate the given rules.

(1) Maximum aggregation operator

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

a� b =
1

2
(a+ b)

Example 3 Suppose we have the following rules from di�erent data sources.

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;
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R5 A! D with supp = 0:25; conf = 0:62;

For rule A ^B ! C, according to the maximum aggregation operator we have

supp =Maxf0:4; 0:5g = 0:5;

conf =Maxf0:72; 0:82g = 0:82:

According to the average aggregation operator we have

supp =
1

2
(0:4 + 0:5) = 0:45;

conf =
1

2
(0:72 + 0:82) = 0:77:

4.1 Normal Distribution

Suppose a rule X ! Y has the following supports and con�dences in di�erent databases:

supp1; conf1,

supp2; conf2,

� � �
suppn; confn,

If these con�dences are unregularly distributed, we can apply one of the above models to aggregate them,

but the aggregation is rather rough. However, if these con�dences are in a normal distribution, we can take

an interval as the con�dence and a corresponding interval as the support. In other words, for 0 � a � b � 1,

let m be the number of con�dences belonging to interval [a; b]. If m=n � �, then these con�dences are in

a normal distribution, where 0 < � � 1 is a threshold given by human experts. This means that [a; b] can

be taken as the con�dence of rule A ! B. For the corresponding supports, we can estimate an interval as

the support of the rule. In other words, suppose we have a random variable X � N(�; �2) and we need the

probability

Pfa � X � bg = 1

�
p
2�

Z b

a

e
�(x��)2=2�2

dx

to satisfy Pfa � X � bg � � and, jb� aj � �, where � is a threshold given by experts.

For conf1; conf2; � � � ; confn, let ci;j = 1�jconfi�confj j be the closeness value between confi and confj ,
the closeness value between any two con�dences is given below.

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

We can use clustering technology to obtain this normal [a; b]. To determine the relationship between

con�dences, a closeness degree measure is required. The measure calculates the closeness degree between

two con�dences by closeness values. We de�ne a simple closeness degree measure as follows:

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
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in a resultant \n" by \n" matrix, called a con�dence-con�dence matrix. This simple formula is re
exive so

that the generated matrix is symmetric.

For example, let � = 0:7, � = 0:08, minconf = 0:65, an aggregated rule X ! Y with con�dences

conf1 = 0:7, conf2 = 0:72, conf3 = 0:68, conf4 = 0:5, conf5 = 0:71, conf6 = 0:69, conf7 = 0:7, and

conf8 = 0:91, and the closeness value between any two con�dences is given below.

Table 2 The distance relation table
conf1 conf2 conf3 conf4 conf5 conf6 conf7 conf8

conf1 1 0.98 0.98 0.8 0.99 0.99 1 0.79

conf2 0.98 1 0.96 0.78 0.99 0.97 0.98 0.81

conf3 0.98 0.96 1 0.82 0.97 0.99 0.98 0.77

conf4 0.8 0.78 0.82 1 0.79 0.81 0.8 0.59

conf5 0.99 0.99 0.97 0.79 1 0.98 0.99 0.8

conf6 0.99 0.97 0.99 0.81 0.98 1 0.99 0.78

conf7 1 0.98 0.98 0.8 0.99 0.99 1 0.79

conf8 0.79 0.81 0.77 0.59 0.8 0.78 0.79 1

Its con�dence-con�dence matrix is shown as follows.

Table 3 Con�dence-Con�dence matrix
conf1 conf2 conf3 conf4 conf5 conf6 conf7 conf8

conf1 7.0459 7.0855 6.0181 7.125 7.1252 7.1451 5.9546

conf2 7.0459 7.0247 5.9609 7.0664 7.0646 7.0851 5.9164

conf3 7.0855 7.0247 5.9793 7.0648 7.067 7.0936 5.898

conf4 6.0181 5.9609 5.9793 5.9974 6.0068 6.0181 4.971

conf5 7.125 7.0664 7.0648 5.9974 7.1047 7.125 5.9435

conf6 7.141 7.0646 7.067 6.0068 7.1047 7.1252 5.9341

conf7 7.1451 7.0851 7.0936 6.0181 7.125 7.1252 5.9546

conf8 5.9546 5.9164 5.898 4.971 5.9435 5.9341 5.9546

There are no values on the diagonal since that represents the auto-correlation of a con�dence to itself.

Assume that 6.9 is the threshold that determines if two con�dences are considered close enough to each

other to be in the same class. This produces a new binary matrix called the con�dence relationship matrix

as follows.

Table 4 Con�dence closeness relationship matrix
conf1 conf2 conf3 conf4 conf5 conf6 conf7 conf8

conf1 1 1 0 1 1 1 0

conf2 1 1 0 1 1 1 0

conf3 1 1 0 1 1 1 0

conf4 0 0 0 0 0 0 0

conf5 1 1 1 0 1 1 0

conf6 1 1 1 0 1 1 0

conf7 1 1 1 0 1 1 0

conf8 0 0 0 0 0 0 0

Cliques require all con�dences in a cluster to be within the threshold of all other con�dences. The

methodology to create the clusters using cliques is as follows.

Procedure 1 Cluster

Input: confi: con�dence, �: threshold values;

Output: Class: class set of closeness con�dences;

(1) let i=1;
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(2) select confi and place it in a new class;

(3) 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 the current class only has confi in it and there are other classes with confi in them then

delete the 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.

Applying the above procedure to the above example, the following classes are created:

Class 1: conf1, conf2, conf3, conf5, conf6, conf7

Class 2: conf4

Class 3: conf8

For Class 1, a = 0:68, b = 0:72. Hence,

jb� aj = j0:72� 0:68j = 0:04 < � = 0:08;

Pfa � X � bg = 6=8 = 0:75 > � = 0:7;

and

b > a > minconf = 0:65:

For Class 2, a = 0:5, b = 0:5. Hence,

jb� aj = j0:5� 0:5j = 0 < � = 0:08;

Pfa � X � bg = 1=8 = 0:125 < � = 0:7;

and

b = a < minconf = 0:65:

For Class 3, a = 0:91, b = 0:91. Hence,

jb� aj = j0:91� 0:91j = 0 < � = 0:08;

Pfa � X � bg = 1=8 = 0:125 < � = 0:7;

and

b = a > minconf = 0:65:

Therefore, [0:68; 0:72] can be taken as the interval of the con�dence of rule A! B.

We can also aggregate the corresponding support of a rule into an interval in the same way. For simplicity,

we can also take the minimum of supports corresponding to a class as its support.
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4.2 Algorithm Design

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

collected in n di�erent data sources, and minsupp, minconf , mincruc the threshold values given by the

user, where mincruc is the crucial value that a small itemset can become a large itemset in a system. For

simplicity, � is required to be larger than 0.5. Under this assumption, there is only one class of con�dences

at most that satisfy all conditions. Our aggregation algorithm for association rules in di�erent data sources

is designed as follows.

Algorithm 2 Maintainrules

Input: A! B: rule;

supp1; supp2; � � � ; suppn: the supports of the rule;

conf1; conf2; � � � ; confn: the con�dences of the rule;

minsupp, minconf , mincruc, �, �: 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  jb� aj;
let PCfa � X � bg  jCj=n;
end;

(3) for all classes do

if there is a class C satisfying dC � �, PC � � and a � minconf then

begin

let supp the minimum of supports 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 � minsupp and conf � minconf then

output A! B as a valid rule

with support supp and con�dence conf ;

end;
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5 Conclusions

Most research e�orts on dealing with large databases in data mining have concentrated on scaling up inductive

algorithms [9]. These e�orts include the design of fast induction algorithms, data partitioning, and using

relational representations. Our new approach presented in this paper is suitable when data is partitioned or

comes from di�erent sources.

Di�erent from bagging and boosting, our approach can take natural data sources or partitioned data

subsets, and aggregate the rules from di�erent data sources or partitions into a centralized knowledge base.

Our approach di�ers from incremental batch learning [6] and multi-layer induction [14] in that we can process

data subsets concurrently, and the sequentiality of subsets is not important.

Our aggregation model is also di�erent from stacked generalization [13, 11] and hierarchical meta-learning

[2], because the original data (from di�erent data sources or partitions) are not required in the aggregation

model.
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