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Multi-relational Multi-class Model for Imbalanced Data

YANG He-biao, WANG Jian

(School of Computer Sciencre and Telecommunication Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract This paper proposes a multi-relational model which is applied to the multi-class imbalanced data. In the preprocessing stage, each class
is assigned an Error Correcting Output Coding(ECOC). After setting up the virtual joins between the target and background relations, appropriate
aggregation functions are used for different features. On this condition, the data can be divided into training set and validation set. Sub-classifiers are
built on the training set in combination with One-vs-All classification method and CrossMine algorithm, and all the sub-classifiers are validated by
their AUC values. The ECOC of the target class is compared with the Hamming distance of the linked word produced by the sub-classifiers on the
validation set, and the class is chosen which has the shortest Hamming distance for the final result. The validity and effectiveness of the classifier by
experiments are shown on both synthetic and real datasets.

Key words multi-relational classification; imbalanced data; multi-class classification; Error Correcting Output Coding(ECOC); One-vs-All

classification
1 {Ti} ;] Ttargct Y

2

F(x) X Y=F(x,
Tiz o Tharge) X Tiarget
3 Auct?
CrossMine!'! AUC = 5o= n,(n, +1)/2
nOnl
( Ny Ny S =2,
) ri i
4 Toarget Bl Tt
B
) ( o o :11;2{{2', l\ Ii ;lliﬁ N T
SVM Target
B =min{{n‘ [i=12,---,K —1}}
SVM j:i+l,§2‘---,K nj
0<B<1
(BG2007028)
(09KJB52003)
2 (1960 )
1 R R={T;} | T;
Ti.kcy R '|'mrgct 2010-04-10 E-mail yhbjj@ujs.edu.cn



3 MMCID
MMCID 1 3

-
EES S

1 MMCID
3.1
Stepl Ttargct Ttargct Yi
freq(y) freq(y;)
<Y1.¥Y2, LYk Y1 Yk
Step2 (Error Correcting
Output Coding, ECOC)!! 2 )
)
K L IbK<L<2¥"-1
L=K-1 K>2 IbK<K-1<2€1-1
ECOC Vi L
gi(yi) <Y1i.Y2, Yk ECOC K
K-1 M Vi K-1
M=[g1(y1).92(¥2)s > Gk(YW]"
Step3 IDset
class label 2 (1) Trarget
Ti (2) Ti T;
/*Ti Tlarge[ TIA Tlarget.A */
If TiA®TieA
{
/5T t  IDset(t) t D
*/
IDset(t)= t Ti,l.A:Tlargel.AT[argel.key;
/* T; class label 1D, Tiarget v %
yo*l

Class label={21 Ti,l.A:Tlargel.A(yv=y1)> th Ti,t. A=Ttarget. A (}’v=yk)},
}

AT T.A TA ¥
If T.A®T.A
{
ST t  Tuge ID  IDset(t) T,
u T t  IDset ID T,
A t u*/

IDset(u)= ¢ Tita-ua IDset(t);
class label={Y tiia-ua(¥v=Y1), >2u Tita-ua (Yv=Yi)}
}

Step4 Ti A,(
Tikey ) (I)AI
P(A)  P(A) COUNT
2) Ai 6 Has(A)
SUM AVG MIN MAX STDDEV
COUNT
3.2
[5]

<Yi.Y2,  SYk>

CrossMine K-1 1
Fi(yryat) Yi Yi
i
Fi(yiyint)  1<i<k Vi
5
<C,,C4,C;5,C4,Cs> 1 C,
C C C GCs 2 C,
C; C4 Cs
AUC
3 AUC AUC
0.5 F;.S=0
ROC
0,00 (L,1) AUC 0.5
33
Fi(1<i<K-1) F=F, F,
F Fisl=0  F)=yi  F=l Fx)#yi  F=0
X
K-1 w W=§EM)
X Yi 1 0 K-1
K-1 W
w Vi gi(yi)

di=h(W, gi(y:)
FO)={yilmin{h(W, gi(y))} }

2
A TTHx
A 4
(7]
A 4 A 4 A
Fx)y= ipimin (W g(y);
2
1 MMCID
DB:{TlargelsT]aTZx 9Tn} {<Xia Yi>} Tlarge&
Xi X, ¥ Y(X Y )
F

Sort(Y)—<yi,y2, ¥k

Foryi <yny» ,yx> do g(y)=ECOC(y);
End

M=[gi(y1).g2(y2), &y’
Propagate(Turge, {Ti} | );
Aggregate({Ti} | );
Train(TtargeU {T,} ;‘ )_){Fl} :(7]



If AUC({Fi} )<0.5 F:.8=0;

k-l
W=3E(X); 2_AUC
= ) CrossMine CrossMine-IM
For gi(y)) M do di=h(W, gi(y:)); End AUC i AUC i
F(X): Min{di|i=1,2, k-1}-vy;
(X) { ‘ =y R10T1000 0.128 4 0.485 13.08 0.732 18.26
4 R10T3000 0.096 5 0.422 16.04 0.722 19.38
MMCID R10T6000 0.210 6 0.522 15.32 0.842 20.35
) R10T10000 0.288 8 0.536 18.38 0.878 22.66
CrossMine MMCID R15T1000 0.144 9 0.496 17.24 0.792 22.86
R20T1000 0.088 10 0.366 20.46 0.703 24.26
4.1 Average 0.159 7 0.471 16.75 0.778 21.30
(1] 1
|B| Cmin Cmax 3 10 4 5
RxTyFz AUC
1 25 CrossMine
£ 20
R| X S E 15
< CrossMine :m; 10
T y w0
E ; T 0t T T T
0.0 0.1 02 0.3 0.0 0.1 02 03
Cunin 3 EIE a3 TR
Con 10 4 AUC 5
] 0.12
4.3
AUC AUC
3 Student Slevel 2
CrossMine AUC
7 6 878
500 3 CrossMine
Student(% 4 3%)
PK |sid 5
Sno Log_Test(fRITRR)
Sname > "
Ssex PK | LTid
v Sdept T4
— Shirth B ime
SCOEAE A Seneciaty T | Tresul
PK |Sid Slevel - M
PK | Cid - Qid
A
Grade r
(22 33 3] . . . . . . . .
[ Log_Study(¥ Jie %) [1] Yin Xiaoxin, Han Jiawei, Yang Jiong, et al. CrossMine: Efficient
Pk | LSid Question( H) Classification Across Multiple Database Relations[C]//Proc. of the
Course(BRE23) Z‘ime PK | Oid 20th International Conference on Data Engineering. Boston, USA:
> . T
PK | Cid sid Qname [s. n.], 2004: 172-795.
Kid QType . . L
Cno i Qanswerl [2] Hand D J, Till R J. A Simple Generalization of the Area Under the
Cname swer2
Cperiod 82::12:3 ROC Curve for Multiple Class Classification Problems[J]. Machine
Coredit , Qanswerd Learning, 2001, 45(2): 171-186.
Cpno Konwledge(AliR £ 3) Qkonwledge
PK | Kid Qdifficulty [3] Murphey Y L, Wang Haoxing, Ou Guobin, et al. OAHO: An
— distinguis!
N gg:e:;gum Effective Algorithm for Multi-class Learning from Imbalanced
no .
Kname S:L%ZL;in:m Data[C]//Proc. of IEEE International Joint Conference on Neural
E]c::;?t Networks. Orlando, USA: [s. n.], 2007.
E,‘;“o [4] Dietterich T G, Bakiri G. Solving Multiclass Learning Problems via
1
Error-correcting Output Codes[J]. Journal of Artificial Intelligence
3 Research, 1994, 2(1): 263-286.
4.2 [5] Rifkin R, Klautau A. In Defense of One-vs-All Classification[J]. The
90% Journal of Machine Learning Research, 2004, 5(12): 101-141.
10% 2 6

— 54—



