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1. Introduction PSS

m ZENO2 [0le = A2 Z (rectangular matrix)

«wd =

m “Z = X & (missing data or incomplete data)”

= 0O HE2 2 & g0l 2FLHX E2 32

1. Introduction PSS

WA R E E (Unit non-response): &2 A0l A & I Xl (unit) It
EHE S 0 JtXl OIRE AU S6HAl Z0tA 21 &2

El(Item non-response): St WA LHOIA Z Z 859

& & Al'& (Clinical trial to compare two treatmen)

m Randomize subjects to each treatment arm and take measurements
at ~-monthly clinical visits for each. But, some subjects drop out of
the clinical trial after ¢ < T visits (85 & & & (drop-our) L= 24
(attrition)) or miss some visits (2t & & & = (intermittent
missing)).
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2. Pattern of Missing Data SPss

m The missing data pattern: U|O|&H HZ A 0{HE 0|

=LA = K OLIH ZE=F0 X UEteE 2
m Example:
Univariate Monotone General
EEE) CES) (2
i YL, Y, v, Y v, L, Y, Y, Y v, Y, %

|

b I'E

o

3. Missing Data Mechanism SPss

m Z=XE 0l 3HLI S Missing data mechanism): 2= 10t OIO|E &8 ot
B2t 2.

10

Let Y= (y;) denote an rectangular data set without missing values, with ith
row wheré Yy 1s the value of variable Y for subject i. With missing data,
define the missing data indicator matrix R = (r;), such that

1, ify, is observed
.=
Y10, ify,; is missing

DO O — — —
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(Missing Completely at Random: MCAR)
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3. Missing Data Mechanism
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3. Missing Data Mechanism
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4. Example
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5. Complete Case Analysis

m  Listwise deletion analysisct
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6. Available Case Analysis SPss

m Pairwise Deletion Anaysisct 1) & StCt.

m 2 20 B4 HANA ALE Jiset itz

i

ols.

n ZE

UM OZ HE4= complete case analysis 2 Ch & Ct

MCAR JtEGHHA 2 =E X0 B0 He LMoHA ES.
n Y

HE 29 JIM(base)lt 2410FCHHSHL

2 FHA =stH 2N 25| & 8L

Ol ¥H=2 A EXH0IA RotH =&KX E=C.

7. Likelihood-based Inference PSS

m Likelihood based estimation

Maximum likelihood estimation (MLE), such as implemented by the
EM algorithm in the SPSS Missing Values option, applies MLE to the
inference for missing data without recourse to the simulation.

MLE makes fewer demands of the data in terms of statistical
assumptions and is generally considered superior to imputation by
multiple regression.

In SPSS the user can specify the data distribution assumptions to be
used by the EM algorithm: normal, mixed normal, and Student's t. For
a mixed normal assumption, the user can specify the proportion and the
standard deviation ratio. The user can also set the maximum number of
iterations attempted in the iterative MLE process used by the EM
algorithm (not recommended as the procedure may then stop even if
estimates have not yet converged). — More on later
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8. EM Algorithm

m A method for finding MLEs

either in presence of missing data
or when the model can be simplified by adding ‘latent
parameters’

m Selected References:

Hartley (1958) Biometrics, 14, 174-194 (available at
JSTOR)

Demster, Laird, and Rubin. (1977) JRSS B, 39, 1-38(They
used EM in the paper) (available at JSTOR)

McLachlan GJ and Krishnan T (1997) The EM algorithm
and extensions, Wiley (This is a book on EM)

8. EM Algorithm

m The EM algorithm works iteratively by alternatingly applying
two steps: Expectation step (E-step) and the Maximization step
(M-step).

E-step finds the conditional expectation of “missing data” given the
observed data and current estimated parameters, and substitutes thee
expectations for “missing data”.

M-step updates the parameter estimates by maximizing the expected
complete-data loglikelihood.
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Ol f SHE 28 = 0120t Xl &t (imputed value)= +*
SHCt

CHE UIXI ™ (Single Imputatlon)-

m Unconditional Mean Imputation

2% 2=YS WS PSS WROE WAIBCH

— BA=

Y1 o
0.419 0.556
1.235 2282 -
0756 [| 1102 Zyll
0422 [ | 0480 - g =0571
1909 | | 1867
0929 \| 0572
0378 0427
-1.321 1575 ~
-0.074 7~ ¥,=0.571
0.905 2
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9. &t XIS (Single Imputation s

m Conditional Mean Imputation (Regression Mean Imputation)
ZEUS M HLEUE HE-SH AHEHE & ZE9 O

= T = = T 2= |_ﬂ|_—|—E—|

g2 = XISt

p4! pe)
319 0356,

1.235 2282

0.756 1.102 —

0.422 0.480 . Vo =B+ By,

1.909 1.867 =0.287+1.073y,

-0.929 L0572

20378 0.427

1321 1.5 | 0.208 =0.287 +1.073x(~0.074) | 7,=0.603
00— 2 “]

0.905 ? ‘\| 1.259 =0.287 +1.073 x(0.905) |

19
9. &t LA (Single Imputation as

m Conditional Mean Imputation (Stochastic Regression Imputation)
2EUS 3HA M S Po2 =56 QXS Eot0 XIS
Ol S22 M tI=etel =tadS Nefdf = &= ACH

e B
0.419 0556\
1.235 2282 —
0.756 1.102 Vo =Byt By
o 0450 — =0.287+1.073y,
: . 52=0.214
1.909 1.867
-0.929 -0.572
20378 0.427 5o=0.
035520287 +1.073x(0.074 | 2 0.552
1321 1575 . +(0.147)
00— 2 4
0.905 5t | 0.594=0287+1.073x(0.905)
+(-0.665) i

10
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9. &t XIS (Single Imputation s

m Last Observation Carried Forward (LOCF)

A A& Xt 2 (longitudinal data) il M 2+ JH X LK
2O Z UiXIStCh.

S22 % ez 25
Time

Subject 1 2 3 4 5 6
1 2.3 3.2 4.5 7&45 ?7&45 ?7&45
2 1.3 1.5 2.4 1.5 7¢ 1.5 7¢ 1.5
3 2.1 2.0 33 3.5 29 35
B0 S 200 H=2EC

Ol &HHE ALEGHAl &&= 240l £C

21
Cl =~ H T I:l
9. &= LHXIE

H (Single Imputation s

m Hot Deck Imputation
=2 T2 X A9
HAS

Xlote Ol AHSE
H==S0l Hi<8 gtS JHXl J
SZ WXIStCH

m Cold Deck Imputation

OIFS EEXAINA 2 H2U Ct
o2 Hels

g NZ0lA Hi=st gt
5l 2=3tS Ul xBHCE

22
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9. &ta OH XI & & (Single Imputation e
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10. Ct= CHXIEHEH (Multiple Imputation)

io)
Ok
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|
ol

or

Imputation,
final results
24

POOLING

IMPUTATION
imputed data

incomplete data

n (S UHXIE2 MK EAHZ 2E 20 JULEH:
Analysis, and Pooling
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10. Ct= CHXI2E S (Multiple Imputation)

m [mputation
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m  SPSS/Missing Value Analysis(MVA) version 17.0 (available on Fall 2008)



11.Sequential Regression Multivariate Imputation &3

ol QUBHIHEIO| ZE TS0 A BI4S0l 012] FEH(O: A=, 018
B, EHE S S)0 2= O EIN

10

£ 9| Joint Posterior = XS 2ot HIIA CHXI
f&Ol AEgt 240/ 2Lt 2He= SEJtOE B

A

T

S
I
i
HI
Jis
8
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11.Sequential Regression Multivariate Imputation &3

m SRMI

X, X X Regr_ess X, on X, i and X; us%ng a proper regression
and impute missing values in X,.

Regress X; on X, and imputed X, using a proper
regression and impute missing values in Xj.

Repeat previous procedures until convergence
achieved

28
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m [VEWarect= Z2 18 = 0|E6t0 0| SRMIZEHS =&

n USS AMOENN RPEZ UHEE2E EE = U

11.Sequential Regression Multivariate Imputation &3

I

= AUCH

O

b
http://www.isr.umich.edu/src/smp/ive/

29

12. Missing Data in Longitudinal Studies e

m LOCF — not recommended

m  Mixed model for subject-specific trajectories

May assume linear trajectory

Use all available data

Valid under MAR assumption

In SPSS version 16.0, Analyze = Mixed Models > Linear

m  Marginal model

Not individual effect, but only population effect
Fitted by GEE

Use all available data

Valid only under MCAR assumption

If the assumption is not believed to be MCAR, imputation or weighting
methods should be used.

In SPSS version 16.0, Analyze - Generalized Linear Models = Generalized
Estimating Equations

30
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13. SPSS/MVA (V.16.0) sPss

m  Create Higher-value Data and Build Better Models When You Estimate
Missing Data

m  Use SPSS Missing Value Analysis to make better decisions about your data prior to
analysis. With it, you can easily examine data using one of six diagnostic reports to
uncover missing data patterns. You can then estimate summary statistics and
impute missing values through regression or expectation maximization algorithms
(EM algorithms). SPSS Missing Value Analysis helps you to:

m  Diagnose if you have a serious missing data imputation problem

m  Replace missing values with estimates, for example, impute your missing data with
regression or EM algorithms

m  SPSS Missing Value Analysis, an SPSS add-on module, is a critical tool for anyone
concerned about data validity, including survey researchers, social scientists, data
miners, and market researchers.

13. SPSS/MVA (V.16.0) sPss

m Simulated Data
Y, and Y, are fully observed, but Y; is subject to
missing.
Y,, Y, ~ N(0, 1) independently
Y;~N(1+Y+Y,, 1)
E(Y;) =1
R ~ Bin(1, Pr(R=1))
Pr(R=1) = exp(Y,+Y,)/[1+exp(¥,+Y,)]: MAR
50% of data are missing.
Generate 1,000 data

32
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13. SPSS/MVA (V.16.0) sPss

ed3 [DataSet?] - SPSS Data Ed

File Edt ‘iew Data Transform Analyze Graphs  Uiities  Add-ons  Window  Help
=HE& b LEF A Al SEE 5O
1 1 Wisible: 7 of 7 Wariables
i v | 2 | 3 b ] y3mis
1 1 1869174995327 0766774291763 1579525603909 0.933264355352 1 1579525503909 ||
2 2 OA123774S00 1 BIOECROI6I00  SOZBARODIGOR  0.O033Z651078 1 s026RES2IGR M
3 3 0748270893772 DE3EOMETEIZA 0192391998094 0170306135639 0
4 4 O0DS7E2EI77 -1 GEODFE9STIO0  O.6B9BIO0070 0161891309321 0
5 5 OEOMIBASIH 0709483047104 2502161160045 0541526314203 0
& 6 09GU7IE5  0IEIPAE95135 0296771435209 0.209708778086 1 0288771436209
7 7 021MEATB0D 00SMAO04TFS 1 DRSADRONTORA 0539002415602 0
[ 8 1013497792060 1 OOG1EIDAIG99 4 19B3B2E0I7I4 0891742139810 1 2196362501714
9 9 -0.322815917854 1.756190907 184 1.895607081551 0.807426633578 1 1.895607081551
10 0 239 1 D3069R7EO2131 -1 3971GSSIBUIE 0111872402689 0
" 11 DE7EITIE20215 1156678942290  -1.098501446790  0.430525B0495 0
12 12 13E7IIUT 267IOT0OEIA0  AGROOISEIG07  0GRISEETS2420 1 49399191507
13 13 D1EOTOIOT3  DA7B269029026 0239899297843 0.350426048988 1 023990297843
14 14 D0BOATSADEZI  DSTIOTORSTIBN  241ESEDIOZS 073721090303 0
15 15 1GX7EBSBME  DADATOBDSANDS  30RI7EUSSNZE 0753250907608 0
16 16 D0I0DM4115439  225G1G7574685 22309996938 0.90431735829 1 2230999696348
7 17 DOSISEOSTII D23EOTI  DAOEIENNIZ  0EGITIADSNTIE 1 0379EIET2
1a 18 DOSE0252886 D090 I5GETOIBTIO  D.EEGBMTIETZG 1 2685705346719
13 19 10M0STISADN0 DSSATO7A1  30O0EZE0G7OS 0A3IIEISIET 1 3090662800750
20 ‘ 0 0f13936966093 -1 SRM0A0N241E0 17099751 9‘251 3 040457028 0 I ‘E
4 i »
Data View | ‘arishle View
SPES Processoris ready

33

13. SPSS/MVA (V.16.0) wss

Analysis using before deletion data (Y;, Y,, and Y;)

Descriptive Statistics
il Minimum | Maximum Mean Std. Deviation
1 1000 -3.004 310 -0.020 0.984
2 1000 -3.208 3729 0.042 0.9a3
¥3 1000 -4.410 6.700 1.063 1.783
Walid M (listwise) 1000
Correlations
1 2 3
¥l Pearson Correlation 1.000 0 A53
Sig. (2-tailed) A01 ooo
M 1000.000 1000 1000
Y2 Pearson Correlation o1 1.000 12
Sig. (2-tailed) 501 oon
N 1000 | 1000.000 1000
¥3 Pearson Correlation AR3 A13 1.000
Sig. (2-tailedy ooo ooo
M 1000 1000 | 1000.000

34



13. SPSS/MVA (V.16.0)

Missing Yalue Analysis

Guantitative Variables.

é“w

&2 >
¥3 =4
rd]
yanmis Categorical Variables

WMaximum Categories:

form | Analyze  Graphs  Ufities  Add-ons  Window
S- E Reports »
= »
:,— Tables »
i i Compare Means » 91753 1£
2 General Linsar Model ] beies 5C
3 Generslized Linssr Mocels 13 51174 0
Mized Models »
4 —_— N 57350 0.E
5 Regression > 47104 25
3 Loginear y 51365 0.z
7 Classity D477 -1.C
3 Deta Reduction » H1898 41
3 Scale y D714 1E
] Monparametric Tests 13 52131 1=
1 Time Series » @220 1L
2 = 56230 45
3 Missing Value Analysis.. pa026 0z
4 uliple Response v 657361 24
5 Complex Samples » 54009 3£
3 Quslity Control b [746ES 2z
7 97332 I
3 (0.957601252688 -0.309223573503 3£

Yariables

Case Labels

L |

[+]

Estitati

[ Listwise
[ pairwise
CJem

[ Regression

‘ Yariahles.

I

| Remression.. |

[ ox

|| Paste H Resst H Cancel H

Help ]

13. SPSS/MVA (V.16.0)

Missing Value Analysis

Quzntitative Variables:

& &
& v3 &
P & yanis
Fo

Categorical Yariskles.

35

Patterns

Descriptives

Maximum Categories:

Caze Lapels:

1

egrezsion

A [rabulsted cases, grouped by missing value patierns]

Omit patterns with less than

% of cases

e Sort variables by missing value pattern

[] Cases with missing values, sorted by missing value patterns
Sott variables by missing value pattern

[T] &1l cases, optionally sorted by selected variakle

[ “ariables ]

Miszing Patterns for:

Agitional Information for:

EM...

Regression...

Ok ” Paste H Reset H Cancal “ Help I

yl
- [+
y3mis -
. Sorthy
> ———
rSort Order
(®) Ascending
() Dezcending
Continue ” Cancel ” Helpp

36
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13. SPSS/MVA (V.16.0) sPss

m  The MVAR module in SPSS displays three types of 'indicator variable statistics'
under its 'Descriptives' options, where the indicator variable is a dichotomous
variable SPSS creates to flag whether or not the value of a given variable is present
or missing.

m  Crosstabulations: For each categorical variable, a table is generated showing for
each category of the categorical variable the frequency and percent of nonmissing
values for other variables.

m  Percent mismatch: For each pair of variables, the percentage of cases in which one
variable has a missing value and the other variable has a nonmissing value is
displayed. This means also that the diagonal element in the table contains the
percent of missing values for a single given variable.

m 7 tests : The means of the two groups formed by indicator variables are compared
for each quantitative variable. The t statistic, degrees of freedom, counts of missing
and nonmissing values, and means of the two groups are displayed. By default,
indicator variables with fewer than 5% missing are not displayed, but the user may
set this percentage under Descriptives. The probability of t tells the researcher
whether the means of a given variable are different for the two groups formed by
present vs missing values on a second variable. SPSS computers t and the
corresponding df, but does not compute the p value.

37

13. SPSS/MVA (V.16.0) sPss

m Note
Listwise, pairwise, and regression estimation depend on the
assumption of MCAR.

Therefore, all methods (including the EM method) for
estimation give consistent and unbiased estimates of the
correlations and covariances when the data are MCAR.
Violation of the MCAR assumption can lead to biased
estimates produced by the listwise, pairwise, and regression
methods.

If the data are not MCAR, you need to use EM estimation.
Data can be categorical or quantitative (scale or
continuous). However, you can estimate statistics and
impute missing data only for the quantitative variables.

38
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13. SPSS/MVA (V.16.0)

% Missing Yalue Analysis: EM E]

Distribution

() Mixed normal

) Budert's t

Maximum iterstions:

Save completed data

() Create a new dataset

() White & nevw data file

Cortinue J| Cancel H Help

13. SPSS/MVA (V.16.0)

issing Value Analysis: Begres... @

Estimation Adjustment
(3) Residuals
() Wormeal varistes

() Student's t varistes

() Mone:

[ ] Mactimum number of predictors:

[[] Save completed data

Continue H Cancel || Help

EM Estimation Options

Using an iterative process, the EM method estimates the
means, the covariance matrix, and the correlation of
guantitative (scale) variables with missing values.

Distribution. EM makes inferences based on the likelihood
under the specified distribution. By default, a normal
distribution is assumed. If you know that the tails of the
distribution are longer than those of a normal distribution,
you can request that the procedure constructs the
likelihood function from a Student's t distribution with n
degrees of freedom. The mixed normal distribution also
provides a distribution with longer tails. Specify the ratio of
the standard deviations of the mixed normal distribution
and the mixture proportion of the two distributions. The
mixed normal distribution assumes that only the standard
deviations of the distributions differ. The means must be
the same.

Maximum iterations. Sets the maximum number of iterations
to estimate the true covariance. The procedure stops when
this number of iterations is reached, even if the estimates
have not converged.

39

» SPSS regression estimation is different from the
regression imputation | explained before.

» SPSS regression estimation is only valid when
missing is MCAR since the regression parameters
are derived using pairwise deletion.

Regression Estimation Options

The regression method estimates missing values
using multiple linear regression. The means, the
covariance matrix, and the correlation matrix of
the predicted variables are displayed.

Estimation Adjustment. The regression method
can add a random component to regression
estimates. You can select residuals, normal
variates, Student's t variates, or no adjustment.
Maximum number of predictors. Sets a maximum
limit on the number of predictor (independent)
variables used in the estimation process.

40
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13. SPSS/MVA (V.16.0)

Univariate Statistics
Missing Mo. of Exremes?
M Mean Stel. Deviation Count Percent Loy High
¥l 1000 |-2.042E-2 0 ] 3 2
¥2 1000 - 0 i} 8 4
¥3mis 500 |1.7327E0 |1.63983525E0 500 50.0 g 2
a. Number of cases outside the range (@1 - 1.57GR, @3 + 1.571Q0R)
Summary of Estimated Means Summary of Estimated Standard Deviations
El i
= 2 E = 2 E
2 53
Listwise 1.7327E0 Listwise 1.6398E0
Alivalues  L20426e-2 | 216082 [1.7327E0 Allvalues [ gg3ge-1 | 9.833E-1 [1.6398E0
EM -2.042E-2 | 4.160E-2 |1.0169EQ EM 9.838E-1 | 9.833E-1 [1.8261E0
Regression |3 042E-2 | 4.160E-2 |1.4893E0 Regression | 8.838E-1_| 9.833E-1 |1 6369EQ

Tabulated Patterns

Missing Patterns
a
=
@ )
Murm = [~) £ =
ber = = < =
of = E
Case a
500 ¥ v2 ¥3mis 400
500 his 1000

Patterns with less than 1% cases {10 or fewer) are not displayed.

b. Mumber of complete cases if variables missing in that pattern {marked with X are not used

13. SPSS/MVA (V.16.0

Listwise and Pairwise Statistics

Listwise Means

Pairwise Frequencies

Pairwise Correlations

@ @ @
@ B =S £ = < £
8 w = =
= = = & ¥l 1000 ¥l 1000
E ¥z 1000 | 1000 ¥2 021 | 1000
= y3mis 500 a00 a00 yamis 475 4841 1.000
500 1. 7327ED o
Pairwise Means
Listwise Covariances )
= = £
o =
= = s ¥l 204262 | 4160E-2 |1 7327ED
" ¥2 -2.042E-2 | 4160E-2 |1.7327ED
¥3mis | 3.030E1 | 2.826E-1 [1.7327E0
¥2 F1.277E-1 | 2.399E-1
Mean of gquantitative variable when other variable is present.
y3mis | 709381 | 8127E-1 |2.6830ED
Listwise Correlations Pairwise Standard Deviations
N @
< o E = k=) DE;
T
i I 1 1.6398E0
2 183 1000 ¥2 9.838E-1 | 8.833E-1 [1.6398E0
vamis o a1 1000 ¥3mis | g.115E-1 | 81B4E-1 [1.6398E0
Standard deviation of guantitative variable when other variable is present 42
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13. SPSS/MVA (V.16.0) sPss

Regression Estimated Statistics

Regression Means®

— o
= =

y3amis

F2.043E-2 | 4160E-2 [1.4893E0
a. Random normal variate is added to each estimate.

Regression Covariances® Regression Correlations®
[0} @
= = E B E £
z - - 2
¥l - vl 1.000
¥2 y2 021 1.000
yamis - - [26794ED yarnis 4BE 492 1.000
a. Randam normal variate is added to each estimate. a. Random normal variate is added 1o each estimate.
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13. SPSS/MVA (V.16.0) sPss

EM Estimated Statistics

EM Means=®
o
= o E
2
-2.042E-2 | 4160E-2 [1.0168E0

a. Little's MCAR test: Chi-Square = 224164, DF = 2, Sig. = .000
b. The EM algotithm failed to converge in 25 iterations.

EM Covariances®" EM Correlations™°
] o
= = o~
= o r}g{ = ) 05
¥l ¥l 1.000
¥z ¥2 021 1.000
¥IMIs |1.0164E0 |1.107SED |3.3348E0 yamis 566 B17 1.000
a. Little's MCAR test Chi-Square = 224.1684, DF = 2, Sig. = .000 a. Little's MCAR test: Chi-Bquare= 224164, DF = 2, Bin. = .000
b. The EM algorithmm failed to converge in 25 iterations. b. The EM algotithin failed to converge in 25 iterations.
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13. SPSS/MVA (V.16.0) s

m Data on Physical Fitness

These measurements were made on men involved
in a physical fitness course at N.C. State
University. Only selected variables of Oxygen
(oxygen intake, ml per kg body weight per minute),
Runtime (time to run 1.5 miles in minutes), and
RunPulse (heart rate while running) are used.
Certain values were changed to missing for the
analysis.
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13. SPSS/MVA (V.16.0) wss

£ fitmiss.sav [DataSetl] - SPSS Data Editor

file Edt View Data TIrensform  Analyze Graphs  Utiies  Add-ons  Window

cHE B o0 =k A dd E6F %00

1: Oxygen 44609
‘ Oxygen RunTime | RunPulse | ‘

1 44 B0Y 11.37 178
2 45313 10.07 185
E 54297 865 156
4 88571

5 45874 922

& 4481 11.63 176
7 11.95 176
8 10.85

9 39.442 13.08 174
10 60.055 8.63 170
i 50.641 .

12 37.388 14.03 186
13 44.754 11.12 176
14 47.273
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13. SPSS/MVA (V.16.0) sPss

Univariate Statistics

Missing Mo, of Extrarnes?

I Mean Std. Deviation Count Percent Lowy High
Oxygen 28 | 4711618 5.413047 3 a7 o 2
RunTire 28 | 10.6882 1.37888 3 a7 0 0
RunPulse 22 171.88 10143 9 2.0 1 a

a. Number of cases outside the range (@1 - 1. 5*QR, A3 + 1 5*10R)

Tabulated Patterns

Missing Patterns

c 2 b} =

£ = 9

Mum s = Bl 2

ber g E 5 2

of © I z £

Case &
2 Oxygen RunTime | RunFulse 21
4 X 25
3 % X 28
2 % X 28
1 X 22

b Mumber of complete cases ifvariables missing in that pattern (marked with ) are not used
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13. SPSS/MVA (V.16.0) sPss

Summary of Estimated Means Summary of Estimated Standard Deviations

@ @

5 5 : 5 £ :

E i £ E i £

g E E © & &
Listwize 4635381 | 108085 | 17167 Listwize 5477839 | 1.47277 | 10.351
Allvalues 4711618 | 10.6882 171.86 Allvalues 5413047 | 1.37888 10143
EM 4710418 | 10.5550 | 171.38 EM 5361870 | 1.44380 | 10113
Regression | 47.04135 | 10.5476 | 171.97 Regression | 5280996 | 1.43901 | 10.001
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13. SPSS/MVA (V.16.0) sPss

m Limitation

Only single imputation (EM) = underestimated
variance

Ver. 17.0 incorporates multiple imputation
Available Fall 2008

49

14. Conclusion PSS

| = HES 2% -0l 22U AIHEX
A2 U2 UE YESE =ME. (0l: Weighting method)

i

m ZF2HIS0 HZ0AM =2 B3R Z8A2H2 M40 E2.
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