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(Data Mining)

EM

(Data Mining)

163-180

20
91

80%

(Database)

* %

91

(Data Warehouse)
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(Patterns) (Associations)
(Changes) (Anomalies and Significant Structures)
(Han, 1999)
(Hand, 1998)
(Classification) (Trend analysis) (Clustering)
(Association) (Sequence Pattern) (Berry
and Linoff, 1997; Fu, 1997)
! (Cleaning)”
(Data Cleaning) (
) (
)
Allan & Wishart (1930)
Yates (1933)
; Laird & Rubin (1977) ‘EM’
EM’
(missing

data)
(analysis of variance)

(Data Mining)
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al., 1996)

(Cabenaet a., 1997; Fayyad et a., 1996; Chen et

Cabenaet a. (1997)

Berry and Linoff (1997)

Fayyad et a. (1996)
(knowledge discovery in database, KDD) Fayyad et a. (1996)

Fayyad et al. (1996)

Glymour

(Acquisition)
(integration and checking)
(Data cleaning)

(Model and hypothesis development)

(Testing and verification)

(Interpretation and use)
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(IBM, 1998)
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IBM (1998)

10%

(Chung and Gray, 1999)
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)
( )
( 30% )
A ( A B)
B
()
A” B
( ) (l'i st-wise)
(list-wise)
( )
List-wise
( )

(paire-wise)
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1
2.
3.
(@) ) (©) 4) (©) (6)
Lemhi 16.7000 | 13.4000 | 19.0000 | 20.6000 | 25.9000 | 20.5000
Norgold 15.0000 | 21.2000 | 14.3000 | 15.2000 | 17.1000 | 8.9000
Russet Burbank | 19.3000 | 15.1000 | 14.7000 | 13.6000 | 12.4000 | 13.7000
White Rose 17.5000 | 19.2000 | 23.4000 | 29.3000 | 26.8000 | 18.3000
1085 Cardinal 27.3000 | 29.6000 | 18.8000 | 24.5000 | 22.3000 | 18.2000
Lemhi 9.5100 | 8.2800 | 8.0200 | 8.1600 | 9.0400 | 7.3000
Norgold 6.2200 | 6.5600 | 5.5000 | 5.6000 | 7.3800 | 4.7800
Russet Burbank | 8.0000 | 8.1800 | 6.4000 | 6.6600 | 5.3000 | 7.6400
White Rose 14.2400 | 13.3200 | 14.0000 | 12.0800 | 10.8800 | 12.6000
Cardinal 13.9600 | 12.7800 | 11.3600 | 12.4200 | 11.7800 | 8.0000
Lemhi 18.5000 | 18.3000 | 19.8000 | 21.0000 | 17.2000 | 17.5000
Norgold 12.2000 | 11.1000 | 11.3000 | 11.5000 | 11.2000 | 12.1000
Russet Burbank | 15.8000 | 11.7000 | 14.3000 | 10.6000 | 13.7000 | 10.9000
White Rose 21.5000 | 24.2000 | 21.3000 | 17.8000 | 18.2000 | 20.2000
Cardinal 5.5000 [ 24.3000 | 23.5000 | 18.7000 | 20.4000 | 20.3000
1986 Lemhi 9.2000 | 17.2000 | 10.7000 | 10.8000 | 12.5000 | 16.1000
Norgold 17.8000 | 15.1000 | 17.0000 | 17.0000 | 17.7000 | 17.5000
Russet Burbank | 6.8000 | 12.6000 | 12.6000 | 12.6000 | 11.9000 | 10.8000
White Rose 23.2000 | 21.0000 | 21.0000 | 21.8000 | 21.3000 | 24.2000
Cardinal 19.2000 | 2.5000 | 22.5000 | 20.3000 | 21.2000 | 19.3000
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Lemhi

1985 1986

X; =H+T, +ﬂj +&;

1985 1986

i=1,2,...m

M=
=
I
o

a
N

(least squares method)

QO
Il

Ms

M=

(Xij _,[‘_ZA"

Q_ L9 g
R

mnd = an)Zn)x”
ﬁziinjx” /mn=X..

N

7,

|_ﬁj)2 Q

ai _Ej)zo

|

Norgold Russet Burbank White Rose Cardinal
1985

j=12,...,n
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j b,
B =%, ~%X.=b,
Xj = 1+T, +ﬂj
X; = X..+1; +Db;
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X; = X.

A+t +b,

1985

17.1538

SSE

D
(2
SSE

(SSE)

334.478

17.1538
20.3632
328.436

(

2)

1)

(2)

D)

1)

2)
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( 1) 1942
( 2) 15.48
( 3) 1482
( 4) 2222
( 5 2438
SSE  312.294
1985 I p-value= 0.0033
Duncan’s multiple range (
) D E B
D E
Duncan
Duncan Grouping Mean N TREAT
A 23.450 6 E
A 22.417 6 D
B A 19.350 6 A
B 15.283 6 B
B 14.800 6 C

**Means with the same letter are not significantly different

F —value=5.37> Fyq 410
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Duncan
Duncan Grouping Mean N TREAT
A 23.450 6 E
A 22.417 6 D
B A 19.350 6 A
B 15.292 6 B
B 14.800 6 C
**Means with the same letter are not significantly different
C ) 1) (
F-value=4.90> F;, 5
Duncan
Duncan Grouping Mean N TREAT
A 23.450 6 E
A 21.911 6 D
B A 19.350 6 A
B 15.318 6 B
B 14.800 6 C

**Means with the same letter are not significantly different

F —value=4.97> Fyp 15

Duncan
Duncan Grouping Mean N TREAT
A 24.380 6 E
A 22.220 6 D
B A 19.420 6 A
B 15.480 6 B
B 14.820 6 C

**Means with the same letter are not significantly different
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1999 3
1989
SAS 1989 9
2001 4

2000
9

Allan, F.E. & Wishart, J, "A Method of Estimating the Yield of Missing plot in field Experimental
Work", J. Agric Sci. 20, 1930, pp.399-406.
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A. P. Dempster, N. M. Laird and D. B. Rubin, "Maximum Likelihood from Incomplete Data via the
EM Algorithm", J. R. Statist. Soc. B 39, 1977, pp.1-38.

Yates, F., "The Analysis of Replicated Experiments when the field Results are Incomplete”, Emp. J.
Exp. Agric. 1, 1933, pp.129-142.

OPTIONS NODATE;
DATA ARRO3;
INFILE "B:\RCBD";
INPUT P1-P6 Q1-Q6 R1-R6 S1-S6 Z1-Z6;
ARRAY A{5} A1-A5;
ARRAY B{6} B1-B6;
ARRAY C{5,6} P1-P6 Q1-Q6 R1-R6 S1-S6 Z1-Z6;
ARRAY D{5,6} D1-D30;
ARRAY E{5,6} E1-E30;
ARRAY H{5,6} F1-F30;
ARRAY V{5} V1-V5;
ARRAY W{6} W1-W6;
ARRAY X{5} X1-X5;
ARRAY Y{6} Y1-Y6;
M=5;
N=6;
DOI=1TOM;
DOJX1TON;
D{1,J}=0;
E{1,3}=0;
END;
END;
L=0:
DOI=1TOM;
X{1}=N;
DOJ1TON;
IF C{I,J}=. THEN X{1}=X{1}-1;
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END;

END;
DOJ1TON;

Y{J}=M;

DOI=1TOM;

IFC{1,}=. THEN Y{J}=Y{J}-1;
END;

END;
DOI=1TOM;

DOJX1TON;

IFC{1,J}=. THEN L=L+1,

IFC{1,J}=. THEN C{I,J}=0;
END;

END;
DOI=1TOM;

V{I}=0;

DOJF1TON;
U1=U1+C{l,J};
u2=U2+C{I,3}*c{1,3};
VR =v{I}+C{1.3};

END;

U3=U3+(V{I}*V{I})/X{l1};

END;
DOJ1TON;

W{J}=0;

DOI=1TO M;

WL =W{ 3} +C{1.J};
END;
U4=U4+(W{J}*W{J})/Y{J};

END;

T=0;

DOI=1TO M;
A{1}=0;
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DOJ1TON;
T=T+C{l,J};
A{1}=A{1}+C{1,J};

END;

A{1}=A{I1}/X{1};

END;
DOJ1TON;

B{J}=0;

DOI=1TOM;
B{J}=B{J}+C{1.J};

END;

B{J}=B{J}/Y{J};

END;
T=T/(M*N-L);
DOI=1TOM;
A{1}=A{1}-T;
END;
DOJ1TON;

B{J}=B{J}-T;

END;
DOI=1TOM;
DOJ1TON;
IF C{1,J}=0 THEN F{1,J} =T+A{1}+B{J};
IF C{1,J}=0 THEN C{1,J3} =F{1,J};
END;
END;
T=0;
K=0;
DOI=1TOM;
A{1}=0;
END;
DOJ1TON;

B{J}=0;
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END;
DO UNTIL (K>=L);

K=0;

DOI=1TO M;
DOJF1TON;

D{I,J}=T+A{1}+B{J};

END;

END;

T=0;

DOI=1TO M;
A{I1}=0;

DO JX1TON;
T=T+C{1,J};
A{1}=A{1}+C{I,J};

END;

A{1}=A{I}/N;

END;

T=T/(M*N);

DO JF1TON;
B{J}=0;
DOI=1TO M;

B{J}=B{}+C{1.J};

END;

B{J}=B{J}/M;

END;

DOI=1TO M;
A{1}=A{1}-T;

END;

DO JF1TON;
B{J}=B{J}-T;

END;

DOI=1TO M;
DO JX1TON;
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E{I,}=T+A{1}+B{J};
END;

END;

DOI=1TO M;
DOJX1TON;

IFC{1,}=F1,J3} THEN C{I,J}=E{1,J};
IFC{1,}=D{I,J} THEN C{I,J=E{I,J};
END;

END;

DOI=1TO M;

DO JX1TON;

IFC{1,}=E{I,J} AND ABS(D{I,J}-E{1,J})<0.1 THEN K=K+1,
END;
END;

END;
U1=0;
u2=0;
U3=0;
U4=0;
DOI=1TO M;

V{I1}=0;

END;
DOI=1TO M;

DO JX1TON;
U1=U1+C{I,J;
u2=U2+C{1,B}*C{1,J};
V{I1}=V{I1}+C{I,J};

END;

U3=U3+(V{I}*V{I})/N;

END;

DOJX1TON;
W{J}=0;
DOI=1TO M;
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WL =W{J}+C{1.J};

END;
U4=U4+(W{ T *W{ J})/M;
END;
G=(U1*U1)/(M*N);
H1=U2-G; [* SST */
H2=U3-G; [* SSt*/
H3=U4-G; [* SSB */
H4=H1-H2-H3; [* SSE */
PROC PRINT;
VAR Q5 S3 H1-H4;

RUN;

Imputing Missing Data in Analysis of
Variance In Data Mining

Sunc-SHUN WENG?*, Te-Hsin LIANG**

* |nformation Management Department, Fu-Jen Catholic University

** Department of Statistics and Information Science, Fu-Jen Catholic University

ABSTRACT

In agricultural experiment, it happens that the accidental causes such as natural disaster or pest diseases
will make the field data incomplete. If this kind of data was analyzed by the ordinary procedures of the
analysis of variance, then the results obtained might not be reliable. Allan and Wishart (1930) gave an
approach to compute one missing value and constructed the concept of estimating missing data. Yates (1933)
extended the approach of Allan & Wishart to several missing values by solving several equations
simultaneously. Laird & Rubin presented a general approach to iterative computation of maximum-likelihood
estimates when the observations can be viewed as missing data-EM algorithm. This article follows'EM
algorithm’ to estimate missing value(s), and to be analyzed by the ordinary analysis of variance for the potato
yield of 5 different varieties in Taiwan.

Keywords: missing data, EM algorithm



