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Research on Dealing with Missing Data Based on
Clustering and Association Rule

Fang Kuangnan & Xie Bangchang

Abstract:This paper proposed a new method of dealing with missing data based on clustering and association rule.
Firstly we divided the original data set into several parts by clustering method and then use the improved association rule
to investigate useful rules between the variables on those child data sets and use these rules to fill the missing data. We
found that this method has a good result on handling massive data sets with missing data by empirical study.

Key words: Clustering; Association Rule; Missing Data

o ( ) :
(single
imputation) ( multiple imputation) o
N (hot deck) N (cold deck)
( . 2009) . °
(imputation )

”(09AZD0345)



* 88 ° 2011 2

( N 2009) . .
( )
( ) o
o Quinlan (2003)
S={UQ VS
S (
(shen 2.007;H0ng and Wu 2009 ; Wu and Chou Yy U ( ) {x,
2004 ;Bashir ~ 2006) v, o x}on ( )
U 0 =CVD ( )
° {a, o " 4.} Q c
D ( ) ;
D=0;V=U,.,Y,
° qgeQ S UxQ V
ffUxQ—>V
fx q) eV, x q
U ( ) o
° S geQweV (q0v)
S v,
. C )
° 1
S U 20
° U=A{x x, xzo} 6
’ Q=99 ¢}ty ={ABCDEF}
. F 0 A
g {01237} ? .
g g Ux(Q >V
’ f(xl A) =2 f(xll C) =2,
1
1D A B C D E F 1D A B C D E F
1 2 3 1 ? 0 ? 11 1 1 2 1 0 2
2 0 2 2 2 0 3 12 2 6 2 3 0 3
3 2 4 2 3 0 1 13 3 2 4 ? 0 3
4 0 3 1 1 0 1 14 3 4 1 1 1 3
5 2 | 2 2 1 1 15 3 4 4 2 0 1
6 0 6 2 4 0 0 16 3 2 2 ? 0 3
7 2 6 2 3 0 1 17 0 ? 2 4 0 1
8 3 4 1 1 0 2 18 0 4 2 2 0 3
9 2 5 4 4 0 3 19 2 4 1 1 0 3
10 ? 5 3 4 ? 1 20 3 6 2 2 0 2




¢ 80 o

28 2
1 : S={UQV
S /3 Q =49 ¢ " ¢}y U =A% = - x}
n(v) =n 9, J n,
q; q; J
; ni T; n!
n —n, j=1 n —n,
. Ti q; o
1
20 7 6 A.B.C.D.E.F.
. A 1 0.1.2.3
5.1.7.6 A
5 1 7 6
0.1.2.3 —_ = — —
. 19 19 19 19
0.1+
5 1 7
° 2.3 5 —/111 1 —/111 7 —/111
19 19 19
6
. 6 —/111.
19
Agrawal 1993
grawa ( ) 2. (min-sup) -
S={vUQ Vs u x
T TCQ.
A T ACT x )
Ao :A—B
A B ACQ BCQ ANB-=ao.
A 43 ”» B “ ”O
(support) « (confidence) ’
2 (min-sup) - S ={U
Q VI Q:{q, ¢, = ¢} U = {x, x, =
x,} V= {1/1 o Uiri} q; T, q;
1) 9
T;
j 2 nl(j) =n
o j=1
i !
¢ SUp i, = min[ n(";l) n("Z’)]
1 (support) » n n
m; i m;-1 i
U s% A B s 2 n(]:) =)= 2 m N
A—B .S(A —> B)o j=1 TLL j=1 TLL
P(A N B). 1
70% o A 0123



¢« 90

70%
20% -
B.C.D.E 10% 25% 20% -
85% 35%
B 10% o
3. (socre) .

appl(Xj': = X;) = {

Wi

appl(t) = 2 (Lppl(X; X;)

j=1

appl(t)
Wi

Uift(X — V)

score(t) =

Wt
x sup(X —> Y) =

X j i
(item) ;appl(X; = X/l)
1
0 appl(X; = X;) Wi
“W;V# L Lifi(X — V)
X—-Y ; n
Wi
n
k
Dl
; my]
appl(X; = X)) = ¢ ,
5(0.5)’ —
U p=k-1
k
appl
(0.5)" P k-1 o

2011 2
)
S={URYVf}
S"={U RV [},
S MOS.
2 S
S, S,
© S,
3:fori = 1tok do
S; {4,
—B,}t =1L, L, i S,
End do
4 if then
Else if then
; Else if
then Else if
then ko (k=k+1)
5 4
3 -
4,
6:
1
15% 46
25
A,.B,.C, E,
D F A.B.
C E D F
A.B.C.E
D F o
A, B,.C.E, D F



28 2 . « 9] e

- 4
’
Suduku 9 1 767 191 958
° Chess 36 1 2557 639 3196
( German 20 13 1 800 200 1000
7
0%)
° ° : http=//
3. archive. ics. uci. edu/ml/ .
2 1 (CAR)
1 Ag—C,y 17 Cy—E, 33 B,D,—C, (AR) \SMV
2 A, E, 18 D, —E, 34 B,C, >E, FRCAR
3 D,—A, 19 D,—E, 35 B.E,—C,
4 A, —E, 20 D,—E, 36 C,D,—E, ° :
5 A;—E, 21 D,—E, 37 C,E,—D, 5
6 B, > E, 22 F,—E, 38 D, E,—C,
7 BZA>F3 23 F2~>E0 39 C2D2~>E0 s
8 B, —E, 24 F,—E, 40 D,E,—C, CAR
9 By—C, 25 A C,—E, 41 C,D;—E, S
10 Bs—E, 26 A(>E<)"Cz 42 D3E<1"Cz AR
11 Cl—rl_)1 27 A2D3—>ED 43 C2D3—>E0 Mode
12 D, —C, 28 D,E,—A, 44 D,E,—C, SMV SMV
13 ] Ci—=Be | 29 | AF—E, | 45 CoF = E, FRCAR shen FRCAR
14 Dz"(\‘z 30 B3 EO~>F3 46 (12 FB*)EO
15 D3—>C2 31 BZFS_’EU (CAR)
16 C,—E, 32 | B,C,—D, Kohonen
3 1
1D A B C D E F
1 2 3 1 1 0 3
10 2 5 3 4 0 1
13 3 2 4 1 0 3 °
16 3 2 2 2 0 3 4
17 0 4 2 4 0 1
5% 10% 15%  20% 12 o
Suduku . Chess German 3 o 6 .
80% 6
20% (CAR)
(AR)
° 4. (Mode) o
6 (%)
Suduku German Chess
(%) 5 10 15 20 5 10 15 20 5 10 15 20
CAR 42.11 48.77 44. 62 46. 18 43. 66 45.26 42.08 44.29 75. 80 74.49 74.76 73.12
AR 37.11 43.50 41.09 42.56 41.15 41.75 41.99 41. 89 70. 66 68. 68 70. 86 70.76
Mode 29. 34 35.84 37.18 37.00 38.09 37.30 35.36 38.71 64.42 61.20 67.77 65. 47
SMV 34.34 41.93 40. 67 41.32 38.35 36.27 35.07 39.00 68. 03 62.28 68.78 66.73
FRCAR 36. 05 43.91 41. 30 42.63 37.95 37.65 38. 14 39.52 70.55 66. 49 70. 60 70. 30




« 02 .

2011 2

13

47 -53.

2 .
.2009(1).

3 R

.2006(4) 1102 - 104.

10

11

12

13

14

15

2001(5):

- J

.2001(01) =59 -62.
Baraldi A. N. Enders C. K. An introduction to modern missing data
analyses J . Journal of School Psychology.2010(48) :5 -37
Angiulli F. Tanni G. Palopoli L. On the complexity of inducing
categorical and quantitative association rules J . Theoretical
Computer Science. 2004 (314) :217 -249.
Huang C. C. A Case - Based Reasoning Model for Supporting
Feature Weight and Missing Value Completion J Industrial and
Information Management NCKU. 2005.
Gustavo E. A. P. A. Batista and Maria Carolina Monard An
Analysis of Four Missing Data Treatment Methods for Supervised
Learning J  Applied Artificial Intelligence 2003 (17): 519 -
533.
Liu W.Z White A.P. Thompson S.G. and Bramer M. A.
Techniques for Dealing with Missing Values in Classification J
International Symposium on intelligent Data Analysis 1997:527 -
536.
Liang T. H.  Wang C. Y. and Yang Y. H. A study of
Imputation Missing Data for Household Income J  Journal of Data
Analysis  2006(4) =75 - 101.
Agrawal R. and Srikant R. Fast Algorithm for Mining
Association Rules C Proc. 20th Int1 Conf. Very Large Data
Bases Santiago Chile 1994. 487 —499.
Shen J.J. Chang C. C. and Li Y. C. Combined association rules
for dealing with missing values J  Journal of Information Science
2007 ( 33) : 468 -480.
Hong T. P. and Wu C. W. Data Mining from an Incomplete
Data Set C  The 14th Conference on Artificial Intelligence and
Application 2009.
Wu C.H. Wun C.H. Chou H.J. Using Association Rules
for Completing Missing Data C Proceeding of the Fourth
International Conference on Hybrid Intelligent System 2004.
Shariq B.  Saad R. Umer M. Sonya T. A. Rauf B. Using
Association Rules for Better Treatment of Missing Value C . 10"

WSEAS Conference on Communication & Compute 2006.

27 2010

48 1991



