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Application of SOLAS to the Multiple Imputation
for Missing Data
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Abstract

When we analyze incomplete data, i.e., data with missing values, we
need treatment for the missing values. A common way to deal with this
problem is to delete the cases with missing values. Various other methods
have been developed. Among them are EM algorithm and regression
algorithm which can estimate missing values and impute the missing
elements with the estimated values. In this paper, we introduce multiple
imputation software SOLAS which generates multiple data sets and
imputes with them.
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W thes 2

3 3.1 Sweat Data

X X X3
Individual Sweat rate  Sodium Potassium

1 3.7 485 9.3
2 5.7 65.1 8.0
3 3.8 472 10.9
4 3.2 53.2 12.0
5 3.1 555 9.7
6 4.6 36.1 79
7 24" 24.8" 14
8 72 33.1 76
9 6.7 474 85
10 54 54.1 11.3
11 3.9 36.9 12.7
12 45" 58.8" 12.3
13 35 27.8 9.8
14 4.5 40.2 8.4
15 15 135 10.1
16 85 56.4 7.1
17 4.5 71.6 8.2
18 6.5 52.8 10.9
19 4.1 441 11.2
20 55 409 9.4

Source : Johnson and Wichern(1992),
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hot-deck 173.84
Hi gk A 170.40
EM 179.15
SOLAS 175.38
AZzk o] BE FAE Aye AAA 9(2001)S Farstr] npgoh
e A5 o] AFgAR 1A AFFE SOLASo9] o] v xE S/Wel CAT,
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