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Abstract

Most of today s structured data is stored in
relational databases. Multiple relations in a relational
database have to be connected via entity/relationship
model. Recently multi-relational classification has
been widely applied in many aspects, such as

financial decision making, medical research etc..

Although a lot of multi-relational data mining

classifiers have been proposed, such as TILDE, FOIL,

and CrossMine etc., but they are unable to accurately

classify minority data (positive data) when the
datasets are imbalanced. In this thesis, we propose a
Multi-relational G-mean decision Tree algorithm,
called Mr.G-Tree, to solve these problems mentioned
above. Finally, as shown in the experiment,
Mr.G-Tree can accurately classify multi-relational

imbalanced dataset.

Keywords: Multi-relational Data Mining,

Classification, Imbalance, G-mean
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Loan
Order

loan-id order-id
account-id — > account-id

amount type
payment
class label

Order
order-id account-id type
21 124 insurance
22 79 insurance
23 108 insurance
24 45 insurance
25 60 loan
26 60 loan
27 111 loan
28 111 loan
29 95 loan
Loan
loan-id account-id amount payment class
1 135 <3000 > 40 +
2 30 <3000 > 40 +
3 124 > 3000 <40 —
4 124 > 3000 <40 —
5 124 > 3000 <40 —
6 124 > 3000 <40 —
7 124 > 3000 <40 —
8 124 > 3000 <40 —
9 124 > 3000 <40 —
10 79 > 3000 <40 +
11 108 > 3000 <40 +
12 45 > 3000 <40 +
13 60 > 3000 <40 +
14 111 > 3000 <40 +
15 111 > 3000 <40 —
16 60 > 3000 <40 —
17 95 > 3000 <40 —
18 95 > 3000 <40 —
19 95 > 3000 <40 —
20 95 > 3000 <40 —

%22 Tuple ID Propagation S5 [197# A

Order
order- account- class
id id wpe s labels
21 124 insurance 3,4,5,6,7,8,9 0+,7—
22 79 insurance 10 1+,0—
23 108 insurance 11 1+,0—
24 45 insurance 12 1+,0—
25 60 loan 13, 16 1+, 1—
26 60 loan 13,16 1+, 1—
27 111 loan 14, 15 1+,1—
28 111 loan 14, 15 1+, 1—
29 95 loan 17,18, 19, 20 0+,4—
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Class:
RID | age | income | student | credit_rating buys_computer
1 20 100000 yes high yes
2 45 150000 yes middle yes
3 56 200000 no middle no
4 22 30000 yes high no
5 26 45000 no high no
6 30 28000 yes high no
7 31 176000 no high no
8 39 220000 yes low yes
9 47 143000 no low yes
10 58 35000 yes middle no
11 43 80000 yes high no
12 16 26000 yes high no
13 28 63200 no low no
14 24 33000 yes middle no
15 41 43000 yes low no
16 62 26400 no middle no
17 64 20000 yes low no
18 60 | 218000 no high no
19 55 34000 no middle no
20 18 51200 yes middle no
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SF(1)=0 SF(1)<0

yes t 4 yes: 0
no : 0 no : 1
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Procedure GTIP(n)
Begin o
for each relation R

{ _
for each primary key/foreign-key k of R
{

if R can join to some relation R with R .k
then o
propagate IDs and class labels from R to R

} _
for each tuple of relation R /* {ST-E 2RV F US| *
if target classes of the ruple; are all Positive or Negative

then

classify fuple; as Positive or Negative
else

classify ruplei as Positive and

P + CN
CN .

———— Negative

CP + CN
}
return new target class to each tuple

end
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25 60 loan 13,16 12+, 12—
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27 111 loan 14,15 12+, 12—
28 111 loan 14,15 172+, 12—
29 95 loan 17,18, 19, 20 O+, 1—
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Procedure Leaf_Node(n)

begin
for each leaf node ~ /* 7%%%”7]@? N
{
if nNp < NN x TP then
TN

the target class of this node is

Negative
else
the target class of this node is Positive
}
end
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procedure NUMERIC(n)
begin
for each numeric attribute i

{
call GTIP(n)
sort all examples according the value of this attribute
for each minority example j

{

calculate the interval
[1/2(a,, + mina,),1/2(a,, + maxa,)]
calculate the g; of the interval

}

select the best interval whose g; is the maximal.
if the value of g; of this attribute i < 0.5 then
discard this attribute
elseif g;=1 then
w;=1
else

=log(g; (1-g,))

end if
return the best interval and its corresponding
weight w;

end

Bl 3.5 Mr.G-Tree chlic & B+ 2 % 5 i

procedure CATEGORY ()
begin
for the categorical attribute 7, building the corresponding
power set.
{
call GTIP(n)
for each subset
{
classify all examples to the corresponding set by
their class
calculate the g; of this subset
}
select the best subset whose g; is the maximal
if the value of g; of this attribute i < 0.5 then
discard this attribute
elseif g;=1 then

w; =1
else
=log(g; /(1-g,))
end if
return the best subset and its corresponding
weight w;

end
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4.2 TILDE -~ CrossMine ~ Mr.G-Tree 2. §
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