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Statistical Methods for Multivariate Missing Data
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Missing observations are common in medical research and health survey research.
Several statistical methods to handle the missing data problem have been proposed.
The EM algorithm (Expectation-Maximization algorithm) is one of the ways of ef-
ficiently handling the missing data problem based on sufficient statistics. In this pap-
er, we developed statistical models and methods for survey data with multivariate mis-
sing observations. Especially, we adopted the EM algorithm to handle the multivariate
missing observations. We assume that the multivariate observations follow a multiv-
ariate normal distribution, where the mean vector and the covariance matrix are pri-
marily of interest. We applied the proposed statistical method to analyze data from a
health survey. The data set we used came from a physician survey on Resource-Based
Relative Value Scale(RBRVS). In addition to the EM algorithm, we applied the com-
plete case analysis, which uses only completely observed cases, and the available case
analysis, which utilizes all available information. The residual and normal probability
plots were evaluated to access the assumption of normality. We found that the re-
sidual sum of squares from the EM algorithm was smaller than those of the

complete-case and the available-case analyses.

2 AFE 19979 sttt 314) 2 F 9 78] (No : KOSEF 971-0105-026-1) o] F0]H L.

—875—


lee dong young



Key words : Missing data; Multivariate normal data; EM algorithm; Biostatistics; Resource-Ras-

ed Relative Value Scale

I.M = olg{gt A9 thx¥ietez AZEX]o tigt 4=

717+ XM (imputation method)& FHOZEF W

BURANETY BA F shvke A7l de] 540] g gejol] thall o]F-olA sirt. olejgt 718 A&
1 oJAE goske doltt. o] & $lste E3] ARg-3) Dempster 5(1976)2] EM algorithmoll ©J3)] ©=¢ &
T e AR Al ols) dEAIRE o] A& g ALY 4 B8 TAVIE
Ax Zolt}. o]eidt RAlATAz) AlFg waict % & (variance component models)} 22NEA 5 A
T RE SR 3RS o] AEst d4F el H A7) de] #g5o] gtrHDempster &, 1976, Lit-
9 257 SRS Wk opet Aurzt sk Al tle and Rubin, 1987). Little(1992)2 3|78 M =
W7 B _2._’5] & (complete abservation)%] glgo] 22327} 2l& 720l EM algorithm®] A&
olof gt} Ty RARAATAME FET 49 of thaf F3tA2M, Kim¥} Taylor(1995)= ©] EM

Gl el AY BEE BAG BRAID AL agorim® HRSRS @ A2 SEET
Qo opich. wakd AE7} BAUSA Bamcom B TR Bkl i} Ase

plete observation){¢] FEZOE ZHZX|(missing o] ATNE HAFARATY AZXE §Z37)
value)7} GoiA & 247} B} A BAEH WS A SR} S} E3] EM al-
Eﬁ?ﬁ*}‘”‘?ﬁ]ﬂ AZA) 9 FAHe &3] 2AYst gorithm®] A E ol GHFAZXE YIS B
T $83% FAYAE E7381 o)E A A% AogtzApg o] FAEHE BAd 248 Wtk E
;3{-43."] SATA & e SdaA A3 g AA BAZRAL A7l H 8t 1 AR §
Z3It. 1 olfre ASXE ZAEE o] gt A szt gt
g SAISE EAg A4817171 SolshA] E3t
7) whgolc}. I.xlz o vy
AF7HA Y] BRAZAIA A M= AEX]7] U2
o] Qo A=A7} xd AMGS Alst Al 1. CRH2 AEX 22l o
dhd o) tial ShdsAl BAE gdRkE AME-Ste
A o] Wl AR Al B e 23kE S01997)S ol n s AEHvHA A
Ao 2 et Fdx e HiHo] A BEA) gho]] A3 FARES AES AL S RFol gy
£ XS s AAeE Yehvhe BETTRS 5 I=BEAARETE FU7EAS] el
Za 5ol mE BAEE A3 e 2%F3Hloss of pow- A ATE BT 018 Sl 74 HEHEEE 9
er) 217} she 4 W BHE 2T FP X (par- B9 Aud A WEHPFHE AR 718 =Y,
ameter estimate)©] H9](bias), ¥l E-&4(inefficiency) AXNA &, g AEY A9 32| thsle] A&
59 BAl= olv] del 4#iA ArHBeale and Little, A AAled 8% 74 29 shve ¢
1975; Little and Rubin, 1986). go] @1 259 7)YEL wri= Holr} (X 1)L

—876—



B 1. EUZAIRTOIM SEZEe| AThi7ix|of
B3 2t P SETA 22
X, X, X, X, X X X
1 2176 2789 2653 269 2653 2342 2447
2 * * 2398 2477 2477 2301 *
302342 2.845 2415 2602 2477 2477 2699
4 2 * 2255 2447 * 2207  2.274
5 * * 2322 2.362 * 2.23 2.255
6 2255 * 2279 2362 2362 2255 2255
7 * 2519 2322 2398 2398 1.845 1.903
8 2 * 2.531 2602 2602 230F 2398
9 1699 2681 2519 2699 274 2,602 2653
10 =x * 2415 * 1.903 2079 2301
11 * * 2.544 * 2.602 * 2.477
12 3 * 2544 2,602 2477 2301 2477

13 1.699 2477 2477 2602 2602 2477 2477
14 * 2398  2.362 2477 2.447 2398 2398
15 2477 2724 2699 2771 2778 2602 2.903

16 * * * 2,447 2447 230} *
17 2477 2653 2602 2699 2699 2477 2477
18 * 2322 2362 * 2.176 *

19 * 2,519 2322 2398 2398 1.845 1.903
20 * 2519 2322 2398 2398 1.845 1.903
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H2 MIKIMEES i Y EEHRIQ| FHX|
N EM algorithm g EN 7Pt Rpg R
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X4 2516 0.139 2679 1.170 0.066 —0.529 2.522 0.049 0.137 —0.016
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