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Abstract

Many large organizations have multiple databases distributed in different branches, and
therefore multi-database mining is an important task for data mining. To reduce the search cost
in the data from all databases, we need to identify which databases are most likely relevant to a
data mining application. This is referred to as database selection. For real-world applications,
database selection has to be carried out multiple times to identify relevant databases that meet
different applications. In particular, a mining task may be without reference to any specific
application. In this paper, we present an efficient approach for classifying multiple databases
based on their similarity between each other. Our approach is application-independent.

Keywords: database selection, classification, multi-database mining.

1 Introduction

If a large company is a comprehensive organization that has different types of businesses with different meta-
data structures, the databases within the company would have to be classified before the data is analyzed.
For example, if an inter-state company has 25 branches including five supermarkets, seven manufacturing
units, and 13 investment trusts, we cannot directly apply existing data mining techniques to the union of
the 25 databases from the 25 branches. We would need to classify them into three classes according to the
three types of businesses, and then mine the databases in each class.

Consider six databases Dy, D, ---, Dg as follows.
D, = {(A B,C,D);(B,C);(4,B,C);(A,0)}
Dy = {(B ¢, D) (A B,C); (B, C); (4, D)}
D5 = {(E FH J) ( ) (F,H,J);(E,J)}

where each database has several transactions, separated by semicolons (;), and each transaction contains
several items, separated by commas (,).
Let minsupp = 0.5. We have the frequent itemsets in each database as follows.



D, : A,B,C,AB,AC,BC,ABC
D, : A, B,C,AB

Ds: A,B,C,BC

Dy : F,H,FH

Dy : E,F H JEJ FH,FJ FHJ
Dg : E,F,H,I,J,EH,FH,HJ.

Now let us put the six databases into TD = D;UD>U- - -UDg, with 24 transactions. When minsupp = 0.5,
the frequent itemsets from each database are listed in Table 1.

Table 1 Frequent Itemsets from Each Database in T D

Ttemset Frequency > minsupp
A 9 no
B 10 no
C 10 no

AB 6 no
AC 6 no
BC 8 no
ABC 4 no
E 6 no
F 8 no
H 9 no
I 3 no

J 6 no
EH 4 no
EJ 3 no
FH 8 no
HJ 5 no
FHJ 4 no

From Table 1, there is no frequent itemset in TD when minsupp = 0.5.

If each database is large and the number of databases is greater than six, then the number of frequent
itemsets from each database may be so large that browsing them and finding interesting association rules can
be rather difficult. Therefore, it is hard to identify which of the frequent itemsets from individual databases
are useful.

The above six databases apparently belong to two different classes of applications. The first class of
application is relevant to items A, B, C', and D, and the second class is relevant to items E, F, G, H, I, and
J. If we classify the six databases into two classes as follows: T Dy = {D1, D2, D3} and T Dy = {D4, D5, Ds},
and mine T'D; and T' D, separately, we would get some interesting results.

Table 2 Frequent Itemsets from Each Database in T D,

Ttemsets Frequency > minsupp

A 9 yes

B 10 yes

c 10 yes
AB 6 no
AC 6 no
BC 8 yes
ABC 4 no

From Table 2, when minsupp = 0.5, A, B, C, and BC' are frequent itemsets.



Table 3 Frequent Itemsets from Each Database in T Dy

ITtemsets Frequency > minsupp
E 6 yes
F 8 yes
H 9 yes
I 3 no
J 6 yes

EH 4 no
EJ 3 no
FH 8 yes
HJ 5 no
FHJ 4 no

From Table 3, when minsupp = 0.5, E, F, H, J and FH are frequent itemsets.

The above observations motivate us to design an efficient database classification for multi-database
mining. We will attack two key problems in database classification: (i) how to effectively measure the
relevance of databases independent applications, and (ii) how to effectively search for the best classification.

The rest of this paper is organized as follows. In Section 2, we present an approach for classifying
databases by similarity. Section 3 designs an algorithm that searchs for the best classification. Section 4
evaluates the proposed approach by experiments, and we review related work in Section 5.

2 Classifying Multiple Databases

In this section, we present a classification scheme by similarity between different databases, and also construct
a criterion for evaluating different classifications.

2.1 Features in Databases

To classify multiple databases, we need to check what is used to evaluate the relevance between different
databases. Indexing databases by features is a common technique. Therefore, we can measure the relevance
between two databases by comparing their features.

There are different types of databases, such as relational databases, transaction databases, and text
databases. This paper focuses on transaction databases, and all items in a transaction database are used
as features to index the database. If two databases share a significant number of common items, the two
databases are relevant to each other. Classification will be based on the items in each database. If a large
transaction database has been mined for association rules, we can also use the discovered rules or all items
that occur in these rules to represent the database.

Selecting features in a database is not an easy task. Because databases in real-world applications are
often very large, it is costly to search all features in multiple databases. In this case, we can use sampling
techniques to sample each large database.

2.2 Similarity Measures

Let Dy, Ds,---,D,, be m databases from different branches of a large company, Items(D;) the set of items
in D; (i = 1,2,---,m), and S; the set of association rules from D; (i = 1,2,---,m). If we do not have
any other information about these databases, the items from these databases can be used to measure the
closeness of each pair of database objects. We denote this measure by sim;.

Definition 1 The similarity sim: between the items of two databases D; and D; is defined as follows.
_ |Items(D;) N Items(Dj)|
 |Items(D;) U Items(D;)|

where ‘N7 denotes set intersection, “U” denotes set union, and “|Items(D;) N Items(D;)|” is the number
of elements in set Items(D;) N Items(Dj).




In the above definition of function simy, we take the size of the intersection of a pair of database objects
to measure the closeness of the two databases. A large intersection corresponds to a high degree of similarity,
whereas two database objects with a small intersection are considered to be rather dissimilar.

We now illustrate the use of the above similarity by an example.

Example 1 Let Items(D;) = {a1,a2,a3} and Items(D3) = {a2,a3,bi,ba} be two sets of items of two
databases Dy and Do, respectively. The similarity between D1 and D is as follows.
|Items(D;1) N Items(D3)| 2

' D Doy — = - =04.
szml( 1, 2) |Items(D1)UItem3(D2)| 5

If sim1(D;, D;) = 1, it means that Items(D;) = Items(D;) or, D; and D; can completely belong to the
same class under measure simy. It does not mean D; = D; when sim;(D;, D;) = 1.

The simy measure is useful to estimate the similarity between two large transaction databases because
getting more information such as the amount of an item purchased by customers from the databases is often
expensive.

In the meanwhile, the similarity between two databases D; and D; can be approximated by the intersec-
tion of their two interesting items, where, for a database Dy, the interesting items are the items that occur
in the rule set Sy from Dy (k =1, j).

Definition 2 We construct similarity sims by the interesting items in S1,S2,- -+, Sm as follows.

_ |Items(S;) N Items(S;)|
 |Items(S;) U Items(S;)]

Simz(Di, D])
where “Items(Sy)” stands for the set of all items that occur in the association rules from Sy.

Let S = {S1,S2,---,Sm}. Then function simy : Items(S) x Items(S) — [0,1]. We take the size of
the intersection of the interesting items of a pair of database objects to measure the closeness of the two
databases. We illustrate the use of sims by an example below.

Example 2 Let S; = {il Ntz — io,09 —> 14,13 — is} and Sy = {il N i3 — t4,03 — 15,0l —> i7} be two
sets of association rules from two databases D1 and Da, respectively. Then Items(S1) = {i1,42,%3,%4,%5}
and Items(S2) = {i1,13,14,15,06,97} are the two sets of interesting items of Dy and Da, respectively. The
similarity between D1 and Dy on the interesting items is as follows.

_ |Items(S1) N Items(Sa)|

4
. Dq,D5) = A
simz (D1, Ds) |Ttems(S1) U Items(Sa)| 7 o

In the above example, if Items(D;) = Items(Ds2) = {i1,is,- - ,is}, then simq (D1, Dy) = 1 although
sima (D1, D) = 0.556. In fact, sims only approximates the degree of the similarity between these items.

We have defined two functions for measuring the similarity of a pair of database objects. The two
measure functions have some properties as follows.

Property 1 simy(D;, D;) (k= 1,2) satisfy that
(1) 0 < simy(D;,D;) <1;
(2) simy(D;,D;) = simy(Dj, D;);
(3) simg(D;,D;) = 1.
Proof: For (1), because
0 = |0| < |Ttems(D;) N Items(D;)| < [Items(D;) U Items(D;)],

0 < |Items(D;) N Items(D;)|/|Items(D;) N Items(Dj)| < 1,
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and

Also, we have
0 < Simz(Di,Dj) < 1.

(2) and (3) can be obtained directly from their definitions.

2.3 Relevance of Databases and Database Classification

Definition 3 A database D; is a-relevant to D; under measure simy if simy(D;, D;) > a, where o (> 0)
is a given threshold.

Let @ = 0.4. Consider the data in Example 2. Because sim1 (D1, D2) = 0.556 > a = 0.4, the database
D is 0.4-relevant to Ds.

Definition 4 Let D be a set of m databases Dy, Do, ---,D,,. The similarity of database D; under measure
simq, denoted as D.similarity(D;, sim,a), returns the following databases:

D.similarity(D;, simy,a) = {d € D|d is a-relevant to D;}.
Consider the six databases in Section 1. Let D be the set of 6 databases Dy, D, ---, Dg. Then we have,

D .similarity(D1, sim1,0.5) = {D, D3}
={Dy, D3}

D .similarity(Da2, simq,0.5
={D1, D>}
D .similarity(Dy, sim1,0.5) = {Ds, D¢}

( )
(D2 )
D.similarity(Ds, simq,0.5)
(D4 )
( )

D .similarity(Ds, simq,0.5) = {D4, D¢}
D .similarity(Dg, simy,0.5) = {Dy4, D5}

Our similarity in this example provides a good classification of the six databases independent of specific
applications.

Definition 5 Let D be a set of m databases D1,Ds,---,Dp,. A class class® of D under measure sim, is
defined as

class® = {d € D|Vd' € class*(d is a-relevant to d')}.

The above definition of a class specifies that any two of the database objects in the class are a-relevant
to each other.

Definition 6 Let D be a set of m databases D1, Do, - -+, Dy,. class(D, sim,a) = {class},classs, - - -, classd}
is a classification of D1, Ds,---, D,, under measure simy if

1) class§ Uclass§ U---Uclass® = D;
1 2 n

(2) for any two databases D; and D; in classy, sim(D;,D;) > «;

This definition allows a database to belong to more than one class. We now show a classification for
multiple databases by an example below.



Example 3 Suppose S1,S52,---,S10 are the sets of association rules from 10 databases
D13D23 e 5D103

respectively, where Items(S;) = {a1,a2,a3,a4,b;} for i = 1,2,3,4, Items(Say;) = {b1,b2,b3,bs,¢;} for
J=1,2,3,4, Items(Ss4x) = {c1,¢,¢3,¢4,di } for k=1,2, and a = 0.4. Then
classy"* = {D1,Ds, D3, D4},
classy™* = {Ds, D¢, D7, Ds},
classy* = {Dy, D1o}

are a classification of Dy, Ds,-- -, D1y.

2.4 Complete Classifications and Their Goodness

By Definition 6, we may get different classifications with different a values. Generally speaking, a good
classification is determined by the structures and distributions of data in the given databases.

Definition 7 Let class(D, simy,a) = {class$,classg,---,class®} be a classification of m databases D1,
Ds, -+, Dy, under measure simy. The classification is complete if

(1) for any two classes classy and class$ , classy Nclass} =0 for i # j;

(2) for any two databases D; in classy* and D; in classy, if | # h, simi(D;, D;) < a.

Clearly, when a = 1, we can obtain a complete classification for a set of given databases. Also, when
a = 0, we can obtain another complete classification for a set of given databases. These two classifications
are called trivial classifications. In real-world applications, multiple databases from the same organization
can be divided into classes (such as business types) that are non-trivial classifications, but in practice, we
do not always have such non-trivial classifications on the available databases. We illustrate this argument
by an example below.

Example 4 Let Items; = {1,2,3}, Itemsy, = {2,3,4}, Itemss = {3,4,5} and Itemsy = {4,5,6} be four
sets of items from four data sources D1, Dy, D3, and Dy, respectively. Then,

_ [Ttems, N Items,| _ 2
Dy, D,) = "1
simy (D1, D2) |[Ttems; U Itemsy| 4

=0.5,

|[Items; N Itemss| 1
= =-=0.2,
|[Items; U Itemss| 5

simy (D1, D3)

) [Items; N Itemsy| 0
imy (D1, Dy) = =—-=0.
sim(D1, Da) |[Items; U Itemsy| 6

| trems, 0 Ttems] _ 2
Do Du) — =-=05
sim1 (D, D3) |[Itemss U Itemss| 4 ,
. [Ttemss N Ttemss| _ 1
Da. D) = =-=0.2,
simy (D2, D4) |[Itemss U Itemss| 5
Tt It 2
simy (D3, Dy) = [Ttemsg 0 Ttemsa| _ 2 _ 0.5

 |ITtemss U Ttemsy| 4

Therefore, there is no non-trivial complete classification for the four databases.

From the above definitions, we can get the following theorems.



Theorem 1 If a classification class(D, simy,a) = {class$, classy,- -, class®} of m databases D1, Dy, -+, Dy,
under measure simy is complete, simy(D;, D;) > a and simi(Dj, D;) > «, then

simq(D;, D) > a.

Proof: By Definition 7, D; and D; belong to a class classf* and, D; and Dy, belong to a class classy,.
Since the classification class(D, simq, @) is complete, if | # k, then class*Nclassy = 0. Given D; € classy
and Dj € classy we have classy N classy # 0, and | = k. Therefore,

siml(Di, Dl) Z Q.
O

Theorem 2 If a classification class(D, simy, a) = {class$, classg, - -, class®} of m databases D1, Da,---, Dy,
under measure simy is complete, then for any two databases D; and Dj, simqi(D;, D;) > o if and only if
there is a classy, such that classy contains both D; and D;.

Proof: (1) “=: if sim(D;, D;) > a, then there is a class;, such that classy contains both D; and D;.”
This can be confirmed by the definitions of similarity and complete classification.
(2) “«<: if a classy, contains both D; and Dj, then sim1(D;, D;) > a.”
This can be observed from the definition of complete classification.
O

To evaluate a complete classification, we define a goodness measure, Goodness, below. The goodness of
a complete classification is estimated by the sum of distances between each pair of databases in the classes
of the classification.

Definition 8 Let class® be a class of m given databases. The sum of the distances of each pair of the
databases in class® under measure sim;y is defined as follows:

iy
Value(class®) = Z (1 — simy(D;, Dj))
D;,Djeclass>

1 — sim1(D;, D;) here is the distance between two databases D; and D; (because traditional similarity
between database objects is expressed by a distance function such that a low distance corresponds to a
high degree of similarity, whereas two database objects with a large distance are considered to be rather
dissimilar).

Property 2 For a class class® of given multiple databases, we have

0 < Value(class®) < |class®|* — |class®|

where |class®| denotes the number of elements in class® under measure sim;.

Proof: Because 0 < sim1(D;,D;) <1,0<1-simi(D;,D;) <1, and Value(class®) > 0.

There are |class®|? distance values for class®. The distances between D; and D; are 0 when i = j and
the other |class®|?> — |class®| distances may not be 0. Hence, the |class®|? — |class®| distances need to be
added up. Because 1 — simq(D;, D;) < 1, we have,

Value(class®) < |class®|* — |class®|

O
Using all sums of distances between each pair of databases, we can define the goodness of a classification
as follows.



Definition 9 Let class(D, sim, o) = {class{, classg,-- -, class®} be a classification of m databases Dy, Do,
-+, Dy, under measure simy. The goodness of the class classification is defined as follows.

Goodness(class, o) = Z Value(classy).

i=1

Property 3 Let Goodness(class,a) be the goodness of a complete classification class(D, sim, ), which is
{class{, classg, ---, class®} for m databases under measure simy. Then

0 < Goodness(class,a) < m? —m

Proof: Because Value(class®) > 0, Goodness(class,a) > 0. According to Property 2,

Goodness(class,a) < (|class$|? —|class$|) + (|classy|?
+ o+ (|class?|? — |class®))
= |class$|® + |classS|* + - - - + |class® |

(Iclass$| + |classs| + - - - + |classy])

— |classg])

Also, because class(D, simy,«) is a complete classification,

m = |class$| + |class§| + - - - + |class?|.
On the other hand,

m? > |class$|® + |class$ | + - - - + |class®|*.

Therefore,

m? —m > |cass?|® +|classg* + -+ - + |class2|?

—  (|class$| + |class§| + - - + |class])
and,

Goodness(class,a) < m? —m.

a
The number (|class|) of elements in a classification class is also related to a. To demonstrate the
relationships among |class|, Goodness, and a, we use an example below.

Example 5 Consider siz databases Dy, Ds, ---, Dg, where I[tems(D1) = {A,B,C,D,E}, Items(D3) =
{4, B,C}, Items(D3) = {A, B, D}, Items(D4) = {F,G,H,I,J}, Items(Ds) = {F,G, H}, and Items(Dg) =
{F,G,I}.

We use similarity function simi to show the changes of the number of classes and the Goodness when
a is changed. The similarity between each pair of the sixz databases is illustrated in the following table.

Table 4 The similarity between siz databases

sim1 .D1 D2 D3 _D4 D5 D6
D, 1 06 06 0 0 0
Dy, |06 1 05 0 0 0
Ds |06 05 1 0 0 0
Dy 0 0 0 1 06 06
Dy 0 0 0 06 1 05
Dg 0 0 0 06 05 1




(1) When a =0, |class| = 1 with

class = {{D1,Ds,---,Dg¢}}
Goodness(class,0) = 2(4(1 — 0.6) +2(1 — 0.5) + 9) = 23.2
(2) When 0 < a <0.5, |class| = 2 with

class = {{Dl, DQ, Dg}; {D4, D5, DG}}
Goodness(class,0) = 4(2(1 — 0.6) + (1 — 0.5)) = 5.2

(8) When 0.5 < a < 0.6, there is no non-trivial complete classification. This interval is different from
06<a<l.

(4) When 0.6 < a <1, |class| = 6 with

class = {{D1};{D2}; {Ds}; {Da}; {Ds}; {De}}
Goodness(class,0) =6(1—1) =0

This example illustrates the fact that we can obtain a good classification when the distance between n
and Goodness gets the smallest value for o € [0,1]. We now define a function to judge the goodness of a
classification.

Definition 10 Let class(D, sim,a) = {class{,classy,---,class®} be a classification of m databases D1,
Ds, ---, Dy, under measure simyi. The absolute of the difference between the Goodness and |class|, called
distancel, ;... for a € [0,1], is defined as follows,

distancegoodness(class,a) = |Goodness(class, ) — |class||.

For any given |class| and Goodness with respect to a different «, we can obtain a different distanceéoo dness

from a complete classification of the given multiple databases. We now illustrate the use of distanceéoo dness
by an example below.

Example 6 Consider the six databases in Example 5.

(1) When a =0,

class = {{D1, Da,---,Dg}},
dz'stancegoodmss(class,0) =|23.2-1|=22.2.
(2) When 0 < a <0.5,

class = {{D1, D3, D3}; {D4, D5, D} };
distanceéoodness(class,a) =|5.2-2|=3.2.

(8) When 0.5 < a < 0.6, there is no non-trivial complete classification.
(4) When0.6<a<1,

class = {{D1};{Da}; {D3}; {Da}; {Ds}; {Ds}},

distanceéoodmss(class,a) =|0-6|=6.

distanceéoo dness 138 a polar-point for a set of given databases. In this example, distancegoodmss =32is
the minimal value for a € (0,0.5] which corresponds to the best classification. We will search for the best

classification for given multiple databases under distanceéood"ess in Section 3.



3 Searching for the Best Classification

To search for the best classification from the given multiple databases, we propose a two-step approach in
this section. The first step designs a procedure that generates a classification for a given a. The second step
develops an algorithm that searchs for the best classification by distanceéoo dness"

3.1 The First Step: Generate A Classification

For m given databases D;, D», ---, D,,, we can use a measure of similarity such as sim; to build a relation
table of similarity between the databases as follows.

Table 5 The relation table of similarity

sim1 D1 D2 Dm
D1 siml(Dl,Dl) Siml(Dl,Dg) s siml(Dl,Dm)
D2 sim1 (DQ,Dl) sim1 (DQ,DQ) s siml(Dg,Dm)
D,, | simi(Dp,D1) simi(Dpm,Ds) --- simi(Dpy, Dp)

When « is assigned a particular value, we can generate a corresponding classification class for the
databases according to the relation table of similarity. The procedure GreedyClass for generating a classi-
fication is designed in Procedure 1.

Procedure 1 GreedyClass

begin
Input: D; (1 <i<m): databases, «: threshold value;

Output: Class®: set of classes consisting of a-relevant databases;

(1) construct the relation table of similarity by sim;
(2) let Class® «+ {};
(3) fori:=1tom do
begin
(3.1) let a « false;

(3.2) for any class ¢ in Class®* do
begin
let b « true;
if —a then
for any database d in ¢ do
if b and (simy(D;,d) < a) then
let b « false;
if b then
begin
let ¢+ cU{D;};
let a + true;
end
end
(3.3) if —a then
begin
create a new class {D;};
let Class® < Class® U{D;};
end

10



end

(4) output the classification Class®;
end;

Procedure GreedyClass generates a classification Class* for m given databases under similarity sim,
when the threshold « is assigned. Steps (1) and (2) perform initialization.

Step (3) consists of three sub-steps, and places database D; in a class. Step (3.1) designs a logical
variable a and assigns it false to indicate that D; does not yet belong to any class. Step (3.2) checks if D;
can be placed in an existing class ¢. If simy(D;,d) > a for any database d in ¢, D; is placed in class ¢, and
a is assigned true to indicate that D; has been placed in a class of Class®. Step (3.3) generates a class for
D; if D; is not placed in any existing class of Class®, and the new class is appended to Class®.

Step (4) outputs the classification Class®.

We now illustrate the performance of the above procedure by Example 5.

Example 7 The relation table of similarity between the siz databases is constructed in Table 4. Let a = 0.4.

When i = 1 in the loop of Step (3), there is no class in Class®*. So, class {D;} is generated and appended
to Class®*. When i = 2, it checks if Do belongs to any class in Class®*. Because simi(Dy, D) > 0.4 for
the only class with the only element Dy, D2 is placed in the same class. When i = 3, it checks if D3 belongs
to any existing class in Class®*. Because sim, (D3, D) > 0.4 and simy(Ds3, Dy) > 0.4, D3 is also placed in
the same class.

When i = 4, because simy (D4, D1) < 0.4, Dy cannot be placed in the class. A new class {D4} is generated
and appended to Class®*.

When i = 5, because simq(Ds,D1) < 0.4, D5 cannot be placed in the class, and because simy(Ds, Dy) >
0.4, D5 is placed in the second class. Similarly, when i = 6, Dg is placed in the second class, and the loop in
Step (3) is stopped.

Class®* = {{Dy, D2, D3}; {D4, D5, D¢ }}

is output in Step (4).
The above procedure has generated a complete classification Class®* for a = 0.4. Similarly, when
a = 0.52, the procedure will generate a classification

Class®® = {{D1, D2}; {Ds};{D4, D5 }; {Ds}},
which is not a complete classification.

Theorem 3 Procedure GreedyClass works correctly.

Proof: From Steps (3) and (4), a classification of databases is generated and output for a given a. We
need to show that all given databases are contained by classes of the classification Class®, and each database
belongs to only one of the classes.

For any unclassified database D; (1 < ¢ < m), if D; is a-relevant to all databases in a class, it is added
to the class in Step (3.2); or else a new class is generated for D; in Step (3.3). This means that all given
databases are contained by classes of the classification Class®.

On the other hand, in the loop in Step (3), each database is handled once and the database is classified
into either an existing class (in Step (3.2)), or a new class (in Step (3.3)). This means that each database
belongs to only one of the classes.

O

In Procedure GreedyClass, m databases are required to be input for simplicity. In fact, it only requires
the sets of features (items) of the databases. (For large databases, we can use the sampling techniques in [?]
to obtain items.) Hence, we need

|Ttems(D1)| + |Items(D2)| + - - - + |Items(Dy,)|
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units to save all items, which is less than, or equal to, n, where n is the maximum among |Items(D1)|,
|Items(Ds)|, - -+, |Items(D,,)|.- For Step (1) of GreedyClass, we need m? units to save the similarities.
Consequently, the space complexity of GreedyClass is O(n? + m?) = O(n?) for n > m (O(m?) if n < m).

Obviously, the time complexity of GreedyClass is dominated by the loop in Steps (1) and (3). Therefore,
we have the following theorem.

Theorem 4 The time complezity of GreedyClass is O(n>m? + m*), where n is the mazimum among
|Items(D1)|, |Items(D2)|, - -+, [Items(Dy,)|, and m is the number of given databases.

Proof: For Step (1), there are m?/2 similarities that need to be computed according to sim; and
Property 3.1. Each similarity needs, at most, n? comparisons. Therefore, the time complexity of Step (1) is
O(n’m?).

For Step (3), there are m databases that need to be classified. For each database, Step (3.2) dictates
the complexity by a twice-loop. No matter how the databases are distributed, at most ¢ — 1 comparisons are
needed to classify the ith database, although Step (3.2) is a twice-loop. Each comparison is used to access
the m x m relation table of similarity. Hence, the time complexity of Step (3) is O(m*).

Accordingly, the time complexity of GreedyClass is O(n?*m? + m*).

O

Note that Step (1) is included in GreedyClass for the purpose of description. Actually, Step (1) is taken
as a procedure in applications, and is only called once for generating the relation table of similarity. This
means that the time complexity of GreedyClass is really O(m*), by taking away Step (1).

As we have seen, database classification is time-consuming. It is obvious that, when m (the number of
databases) is very large, the time complexity becomes severe. To face this problem, there are many mature
techniques available in Information Retrieval and Pattern Analysis. A commonly used method is firstly to
divide a large set of databases into several smaller sets and then merge classes from the smaller sets. Thus,
GreedyClass can be optimized by resizing in Information Retrieval and Pattern Analysis when m is large.

3.2 The Second Step: Search for the Best Classification

|class| = n = f(a) is an increasing function for complete classifications. That is, for oy < as in [0, 1], we
have f(a1) < f(as). Goodness(class,a) is a decreasing function for complete classifications. That is, for
ay < ap in [0, 1], we have,

Goodness(class,ay) > Goodness(class, as).

However, the absolute of the difference between the Goodness and |class|

distancel,, , .. (class,a) = |Goodness(class, ) — f(a)|

is a function for complete classifications, and is with an unique polar-point: minimum distanceéoo dness\class, ag).
That is, for oy € [0, 1], we have,

distancel,, , . (class,ap) < distancel, . . (class,ay).

Also, distanceéoo dness 18 @ jumping function. There is a neighborhood of ag: [a,b] C [0,1] such that

; f — i f
distances, .55 (class, oan) = distanceg,, ;... (class, ag)

for Va; € [a,b].
Accordingly, distanceéoo dness 18 @ decreasing function for « in [0,a]. That is, for oy < ay in [0,a], we
have,

; f ; f
distances, .55 (class, an) > distanceg,, ;... (class, az)

and distanceéoo dness 18 an increasing function in [b, 1]. That is, for a; < a in [b, 1], we have,

distancel,, ;. .. (class,a1) < distancel, . . (class,as).
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By the above properties of dz'stanceéoo dness(class, a) for complete classifications, we design an algorithm
below to search for the best classification from m given databases.

Algorithm 1 BestClassification

begin
Input: D; (1 <i<m): databases; \: the size of step of a;

Output: Class: set of classes consisting of a-relevant databases;

(1) let a3 < 1;t + 0;
(2) call procedure GreedyClass for as;
let z1 < temp + distanceéoodness(Class,al);
(3) let as < a1 — )\;
(4) call the procedure GreedyClass for as;
let x5 distanceéoodness(Class,a2);
if Class®? is not a complete classification then
begin
let as < a proper value;
go to Step (4);
end
(5) if 21 > z2 then
begin
let a; < ao;
let 1 + x9;
let as +— a1 — A;
go to Step (4);
end
(6) else
begin
(6.1) let a3z « (a1 + as)/2;
(6.2) call the procedure GreedyClass for as;
if Class®? is a complete classification then
let 3 + distancel,, ;. ...(Class,as);
else if Class®? is not a complete classification then
begin
let a3 + a proper value in (as, a;);
go to Step (6.2);
end
(6.3) if (x; > x3) and (z2 > z3) then
begin
let o + Qas;
let T < I3,
go to Step (5.1);
end
(6.4) else if (z; < z3) and (z2 > z3) then
begin
let as + Qas;
let Ty < I3,
go to Step (6.1);
end

13



(6.5) else if (z; = z3) and (z3 = z3) then
begin
let class + Class®3;
go to Step (7);
end
(6.6) else
begin
let class «+ x1;
go to Step (7);
end

end

(7) output the classification class;
end;

Algorithm BestClassi fication searches for the best classification from possible classifications of m given
databases. Step (1) performs initialization. The search begins with a call to the procedure GreedyClass for
a1 = 11in Step (2). Step (3) selects the next threshold as by a1 and the step size A.

Step (4) calls the procedure GreedyClass for as. If the classification Class®? is not a complete classi-
fication, we need to select a proper value in [0, 1] for ay and repeat Step (4). The “proper value” means to
assign a new value to as.

If Class®2 is a complete classification, we compare

z1 = distancel,, , .. (Class,ay)

and
zy = distancel, . ...(Class, o)

in Step (5). If z1 > z2, we take an as a; and go to Step (4).

If z; < =y, it means that the best classification can be found in [a;,as), and the search in [a,as) is
done in Step (6). For example, the middle point (a; + a3)/2 can be taken as a new threshold a3 to check
which half of [a;, @) contains the best classification.

Step (7) outputs the best classification class.

Example 8 We now illustrate the performance of the above algorithm with Example 5. Let X = 0.05.
Firstly, o1 =1 and 21 = distanceéoodmss(Class, 1) = 6. Because distanceéoodmss((]lass,a) =6 for

the points: 0.95, 0.8, ---, 0.6, we get oy = 0.6 and 1 = distanceéoodmss(Class,0.6) = 6 after repeating

Step (4) and (5).
When as = a; — 0.05 = 0.55, Class®-5% is not a complete classification in Step (4). We need to select a

proper value for as. For example, ay = as —0.05 = 0.5, and we get x5 = distanceéoodness(Class, 0.5) = 3.2.
Because 1 > z2, we get oy = 0.5 and 1 = distanceéoodness(Class,0.5) = 3.2. Steps (4) and (5) are
repeated until oy = 0.05 and x; = distanceéoodmss (Class,0.05) = 3.2.

Now, az = ay — 0.05 = 0 and x2 = distanceéoodness(Class,0) = 22.2. Because 1 < T2, we find
that the best classification can be found when a is in (0,0.05]. We take az = (a1 + a2)/2 = 0.025 and
T3 = distanceéoodness(Class, 0.025) = 3.2.

Because the condition of Step (6.4) is satisfied, as = az = 0.025 and z2 = distancegoodmss(C’lass, 0.025) =
3.2. This means that we find that the best classification can be found when « is in (0.025,0.05]. We take
az = (a1 + a)/2 = 0.0375 and =3 = distancel,, , .. (Class,0.0375) = 3.2.

Because the condition of Step (6.5) is satisfied,

Class®%"™{{Dy, D>, Ds};{D4, D5, Dg}}

is output as the best classification in Step (7).

14



We have a theorem for the BestClassi fication algorithm as follows.
Theorem 5 Algorithm BestClassification works correctly.

Proof: Steps (6) and (7) search for the best classification. We need to show that if there is a best
classification for the given databases, the best classification can be found, and if there is no such a best
classification for these databases, a trivial best classification is reported.

For m given databases, there are at most m?/2 different similarities according to sim; and Property
3.1. The similarities can divide [0, 1] into m?/2 — 1 subsets. For each subset, distanceéoodness(class, a)is a
constant. This means that distanceéoo dness(Class, @) can get at most m?/2 — 1 different values for a € [0, 1]
and there are at most m?/2 — 1 different classifications for these databases. In particular, a classification for
the databases is best when distanceéoo dness(Class, @) gets the minimal value among the m?/2 — 1 different
values. Therefore, if it is in existence, the polar-point of distancegoodness(class, o) can be obtained in Step
(6) by, at most, Maz{m?/2 — 1,Int(1/\)} comparisons, where Int(1/)) is an integer function and A is
the size of the step of searching. This means that if there is a best classification for the databases, the
classification can be found by BestClassification.

If there is no non-trivial best classification, the value of class is not changed, and class = Class! is
output in Step (7). This means that the trivial best classification Class! is reported by BestClassi fication.
(Note that Class' < Class®.)

O

In the algorithm BestClassi fication, the procedure GreedyClass is called in. The space complexity of
BestClassi fication is approximately equal to the space complexity of GreedyClass.

The time complexity of BestClassi fication is dominated by the loop from Step (3) to Step (6). The body
of the loop is performed, at most, Int(1/)\) times. The procedure GreedyClass is called, at most, Int(1/)\)
times during looping. So, the time complexity of BestClassification is O(hm*), where h = Int(1/)\) and
O(m*) is the time complexity of GreedyClass, by taking away the step for generating the relation table of
similarity.

4 Experiments

To study the effectiveness of our proposed approach, we have performed several experiments. The BestClassi fication
algorithm in Section 4 is implemented on Dell using Java.

4.1 Evaluation of Database Classification Measures

To obtain multiple possibly-relevant databases, we adopted some techniques in [7, 8, 20]. We vertically
partition a database into a number of subsets, each of which contains a certain number of attributes.
It is hoped that some databases obtained this way are relevant to each other in classes. In our ex-
periments, multiple databases are generated from the Synthetic Classification Data Sets on the Internet
(http://www.kdnuggets.com/). We report our results on four databases from the above website. The main
properties of the four databases are the following. There are |R| = 1000 attributes, and the average number
T of attributes per row is 5, 6, 7, and 8 respectively. The number |r| of rows is approximately 3000. The
average size I of maximal frequent itemsets is 4. The databases are vertically partitioned into 3, 4, 5, and 6
subsets, respectively. Table 6 summarizes these parameters.

Table 6 Synthetic data set characteristics
| Data set name || |[R| | T | [|r] | subset |
T5.14.D100K 1000 2969 T551,T552,T553
T6.1,.D100K 1000 2983 T6S1,---,T6S5/
T7.14.D100K 1000 3024 T751,---,T755
T8.14.D100K 1000 3101 T8S1,---,T856

SRS

15



For a given set D of m databases, the number n (or |class|) of elements (classes) in class(D, simy, @)
is relative to a. It can be described by point-pairs in a function n = f(a), where, 1 < n < m, a € [0,1].
The relationship between the number of classes and « for complete classifications is illustrated in Figure 1
as follows.

alpha

OO0

n=f(x)

=D OO

Figure 1: The relationship between |class| and « for complete classifications

In Figure 1, we use a sequence of “C”s to replace a line segment for describing |class| (the number of
elements in the class) when a < a < b. For the two trivial complete classifications, n = 1 when a = 0; n
is generally asymptotic to m when « ~ 1. The relation n = f(a) is a jumping function in the rectangle
enclosed by the n axis and three lines, n =1, a =1, and n = m.

f(a) is a jumping function because the number of the elements in a class is an integer.

On the other hand, for a different «, we have obtained a different Goodness from complete classifications
for the given databases. The relationship between Goodness and a for complete classifications is sketched
in Figure 2.

In Figure 2, we use a sequence of “X”s to replace a line segment for describing the value of Goodness
when a belongs to a small interval in [0,1]. For the two trivial complete classifications, Goodness = 0 when
a =1, and Goodness gets the maximum value when a = 0. Goodness is a jumping function in the rectangle
enclosed by the n axis, the alpha axis, and two lines, alpha = 1 and n = m2 —m.

For the databases in Table 6, we applied sim; to measure the similarity as follows.

(1) sim1(T551,T552) = 0.76, sim1(T551,T553) = 0.831, sim(T'551,TiSj) = 0 for other datasets;
sim(T552,T553) = 0.785, sim1(1'552,T4S5) = 0 for other datasets; and sim1(7'553,T4S5) = 0 for
other datasets (i # 5).

(2) simy(T6S1,T652) = 0.804, sim1(T6S1,T6S3) = 0.783, sim1 (T6S1,T6S4) = 0.83, simy (T6S1, TiS5)
= 0 for other datasets; sim,(7652,7653) = 0.773, sim1(7652,7654) = 0.693, sim,(7652,TiSj)
= 0 for other datasets; sim1(7653,7654) = 0.715, sim(7653,TiSj) = 0 for other datasets; and
sim1(T6S4,TiSj) = 0 for other datasets (i # 6).

(3) simq(T7S1,T752) = 0.701, sim (T'7S1,T7S3) = 0.73, simy (T'7S1,T7S4) = 0.743, sim, (T'7S1, T7S5)
= 0.63, sim1(T751,TiSj) = 0 for other datasets; simy(T752,T753) = 0.711, sim,(T752,T754)
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Figure 2: The relationship between the Goodness and « for complete classifications

= 0.652, sim1(T752,T755) = 0.68, sim(T752,TiSj) = 0 for other datasets; simq(T753,T754)
= 0.67, sim1(T7S3,T755) = 0.71, sim1(T753,TiSj) = 0 for other datasets; sim;(T754,T755)
= 0.75, sim1(T754,TiSj) = 0 for other datasets; and sim(7755,T4iSj) = 0 for other datasets
(i #£7).

(4) sim; (T8S1,T8S2) = 0.661, sim: (T'8S1, T8S3) = 0.673, simy (T8S1, T8S4) = 0.802, sim, (I'8S1, T8S5)
= 0.672, sim1(7851,T856) = 0.661, sim;(T'851,TiSj) = 0 for other datasets; sim,(1852,T853) =
0.721, sim, (T8S2, T8S4) = 0.706, sim: (T'8S52, T8S5) = 0.724, sim, (T8S2, T8S6) = 0.761, sim, (T8S2,
TiSj) = 0 for other datasets; simy(7T853,7854) = 0.715, sim;(T853,T8S5) = 0.63, sim(T8S3,
T856) = 0.71, simy(T8S53,TiSj) = 0 for other datasets; sim(T854,T8S5) = 0.686, sim; (7854,
T8S56) = 0.651, simy(T854,TiSj) = 0 for other datasets; sim(1855,7856) = 0.712, sim,(T8S5,
TiSj) = 0 for other datasets; and sim;(7'856,T4Sj) = 0 for other datasets (i # 8).

For Table 6, the relationship between |class| and « and, the relationship between the Goodness and «
for complete classifications are illustrated in Figure 3.

In Figure 3, when a belongs to a small interval in [0, 1], we use a sequence of “C”s to replace a line
segment for describing the number of the elements in class and, a sequence of “X”s to replace a line segment
for describing the value of Goodness. For the two trivial complete classifications, n = 18 and Goodness =0
when a = 1; and n = 1 and Goodness gets the maximum value 257.128 when « = 0. In particular, there is
no non-trivial complete classification when o € (0.63,0.831].

This example illustrates the fact that we can obtain the best classification when the distance between n
and Goodness gets the smallest value for a € [0, 1].

Also, the relationship between distanceéoo dness and a for complete classifications is sketched in Figure
4.

In Figure 4, we use a sequence of “d”s to replace a line segment for describing the value of distancegoo dness
when a belongs to a small interval in [0, 1]. For the two trivial complete classifications, Goodness = 0 when
o = 1; and Goodness gets the maximum value when a = 0. Goodness is a jumping function in the rectangle
enclosed by the n axis, the alpha axis, and two lines, alpha = 1 and n = m2 —m.

For Table 6, the absolute of the difference between |class| and Goodness by « is illustrated in Figure 5.
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Figure 3: |class|, Goodness and « for complete classifications

In Figure 5, we use a sequence of “d”s to replace a line segment for describing the value of distanceéoo dness
when a belongs to a small interval in [0, 1] for datasets in Table 6.

4.2 Effectiveness of Database Classification

To assess the effectiveness of our proposed approach, we report two sets of experiments using both synthetic
and real-world databases.

Firstly, we generate four databases: DBy, DBy, DB3 and DBy, from the Synthetic Classification Data
Sets. There are |R| = 1000 attributes, and the average number T of attributes per row is 5. The number |r|
of rows is approximately 10000. The results are listed in Tables 7 and 8.

Table 7 The effectiveness of BestClassification with Sim;
| || DB | DB, | DB; | DB, |

DB, 1 0.538 | 0.429 0
DB, || 0.538 1 0.667 | 0.176
DB; || 0.429 | 0.667 1 0.250
DB, 0 0.176 | 0.250 1

In Table 7, when a = 0.429, the best classification is {{DBy, DBy, DBs},{DB4}}.

Table 8 The effectiveness of BestClassi fication with Simsg
| | DB, | DB, | DBs | DB; |

DB, 1 0.221 0.287 0
DB, 0.221 1 0.157 0.089
DBs; 0.287 0.157 1 0.006
DB, 0 0.089 0.006 1

In Table 8, minsupp = 0.005 for identifying itemsets of interest. When a = 0.287, the best classification
is {{DBl, DB3}7 {DBQ}, {DB4}}
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Secondly, we generate six databases: DBy, DBy, DBs, DBy, DB5 and DBg, from the Synthetic Clas-
sification Data Sets. There are |R| = 1000 attributes, and the average number T' of attributes per row is 6.
The number |r| of rows is approximately 10000. The results are listed in Tables 9 and 10.

Table 9 The effectiveness of BestClassification with Sim;,
| | DB, | DB, | DBs | DBy | DBs | DBs |

DB, 1 0.667 0.429 0.338 0 0.111
DB, 0.667 1 0.667 0.333 0 0
DB; 0.429 0.667 1 0.538 0 0
DBy 0.333 0.333 0.538 1 0 0
DBy 0 0 0 0 1 0.333
DB 0.111 0 0 0 0.333 1

In Table 9, when a = 0.333, the best classification is {{ DBy, DB2, DBs, DBy}, {DBs,DBg}}.

Table 10 The effectiveness of BestClassification with Sims
| | DBi | DB, | DB; | DBy | DBs | DBs |

DB, 1 0.585 0.370 0.299 0 0.102
DB, 0.585 1 0.569 0.297 0 0
DB; 0.370 0.569 1 0.462 0 0
DBy 0.299 0.297 0.462 1 0 0
DBy 0 0 0 0 1 0.296
DBg 0.102 0 0 0 0.296 1

In Table 10, minsupp = 0.005 for identifying itemsets of interest. When a = 0.296, the best classification
is {{DBl, DBQ, DB3, DB4}, {DB5, DBg}}

Finally, we generate six databases from real-world data sets at
http://bbs.nju.edu.cn/vd134894/main.html
ftp://pami.sjtu.edu.cn/

Two of them are DB; and DB, generated from Zoo, and four of them are DB3, DBy, DB and DBg
generated from Mushroom. The results are listed in Tables 11 and 12.
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Figure 5: The difference of |class| and Goodness for complete classifications

Table 11 The effectiveness of BestClassification with Sim,
| | DB, | DB, | DBs | DBy | DB; | DBs |

DB, 1 0.952 0 0 0 0
DB, || 0.952 1 0 0 0 0
DBs; 0 0 1 0.813 | 0.584 | 0.468
DB, 0 0 0.813 1 0.727 | 0.5{4
DBs 0 0 0.587 | 0.727 1 0.652
DB, 0 0 0486 | 0.574 | 0.652 1

In Table 11, when a = 0.486, the best classification is {{DBy, DB2},{DBs, DB, DB5, DBs}}.

Table 12 The effectiveness of BestClassification with Sims
| | DB, | DB, | DBs | DBy | DB; | DBs |

DB, 1 0.895 0 0 0 0
DB, || 0.89 1 0 0 0 0
DB; 0 0 1 0493 | 0486 | 0.384
DB, 0 0 0.493 1 0.613 | 0.492
DBs 0 0 0486 | 0.613 1 0.603
DBy 0 0 0.38/ | 0.492 | 0.603 1

In Table 12, minsupp = 0.1 for identifying itemsets of interest. When a = 0.613, the best classification
is {{DB1,DB>},{DB3},{DB4s,DBs},{DBg}}. This classification has shown that interesting itemsets in
Mushroom are irregularly distributed.

The above experiments have confirmed that DB; and DBs in Zoo are irrelevant to DBs, DBy, DBs
and D Bg in Mushroom.

5 Related Work

To mine multiple databases, the first method (mono-database mining technique) is to put all the data
together from multiple databases to create a huge mono-dataset. There are various problems with this
approach [21].

In order to confront the size of datasets, Liu, Lu and Yao have proposed an alternative multi-database
mining technique that selects relevant databases and searches only the set of all relevant databases [7, 8].
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Their work has focused on the identification of databases that are most relevant to an application. A relevance
measure was thus proposed to identify relevant databases for mining with an objective to find patterns or
regularity within certain attributes. This can overcome the drawbacks that are the result of forcedly joining
all databases into a single huge database upon which existing data mining techniques or tools are applied.
This approach is effective in reducing search costs for a given application.

Identifying relevant databases in [7, 8] is referred to as database selection. In real-world applications,
database selection needs, however, multiple times to identify relevant databases to meet different applications.
In particular, the users may need to mine their multiple databases without specifying any application, and
in this case, the database selection approach does not work. The database selection approach is application-
dependent.

While data mining techniques have been successfully used in many diverse applications, multi-database
mining has only been recently recognized as an important research topic in the data mining community. Yao
and Liu have proposed a means of searching for interesting knowledge in multiple databases according to
a user query. The process involves selecting all interesting information from many databases by retrieval.
Mining only works on the selected data [20].

Zhong et al have proposed a way of mining peculiarity patterns from multiple statistical and transaction
databases based on previous work [22]. A peculiarity pattern is discovered from the peculiar data by searching
the relevance among the peculiar data. Roughly speaking, a data item is peculiar if it represents a peculiar
case described by a relatively small number of objects and is very different from other objects in a data set.

A related research effort is distributed data mining (DDM) that deals with different possibilities of data
distribution. A famous effort is hierarchical meta-learning [9] which has a similar goal of efficiently processing
large amounts of data. Meta-learning starts with a distributed database or a set of data subsets of an original
database, concurrently runs a learning algorithm (or different learning algorithms) on each of the subsets,
and combines the predictions from classifiers learned from these subsets by recursively learning ’combiner’
and ’arbiter’ models in a bottom-up tree manner [9]. The focus of meta-learning is to combine the predictions
of learned models from the partitioned data subsets in a parallel and distributed environment.

There are also other related research efforts. Wu and Zhang have advocated an approach for identifying
patterns in multi-database by weighting [19]. Ribeiro, Kaufman and Kerschberg have described a way of
extending the INLEN system for multi-database mining by incorporating primary and foreign keys, as well
as developing and processing knowledge segments [11]. Wrobel has extended the concept of foreign keys
to include foreign links, since multi-database mining also involves accessing non-key attributes [17]. Aronis
et al. introduced a system called WoRLD that uses spreading activation to enable inductive learning from
multiple tables in multiple databases spread across the network [1]. Kargupta et al. have built a collective
mining technique for distributed data [6]. Grossman et al. have built a system, known as Papyrus, for
distributed data mining [4, 14]. Existing parallel mining techniques can also be used to deal with multiple
databases [2, 3, 9, 10, 13].

The above efforts have provided good insights into multi-database mining. However, they are inadequate
for the 2-step database classification situation we have addressed in this paper.

6 Conclusions

The development of effective database classification techniques is one of the key issues in the design of multi-
database mining systems. The classification strategy developed in this paper provides a way for designing
multi-database mining systems that are application independent, and improves the performance of multi-
database mining systems because of the reduction of the search cost. Our experiments have shown that our
proposed approach is effective and promising.
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