SiRSIMULTIPLE IMPUTATRGS

IMESTATION ALGORBHSIN

* The SPSS uses an MCMC algorithm known as fully conditional
specification (FCS) or chained equations imputation

* The basic idea is to impute incomplete variables one at a
time, using the filled-in variable from one step as a predictor in
all subsequent steps

* SPSS uses linear regression for continuous variables and
logistic regression for categorical variables




EEING DISORDER RISKEEZNES

* Questionnaire data from a study of eating disorder risk in a
sample of 500 college-aged women

* Variables:

* Body mass index (BMI), 7 questionnaire items measuring body
dissatisfaction, 6 questionnaire items measuring eating disorder
risk, binary indicator of past sexual abuse history (O = no abuse
history, | = abuse history)

- All questionnaire items measured on a /-point Likert scale

ANARESISEIMOI =L

* Multiple regression model that predicts eating disorder risk
(sum of 6 items) from abuse history and body dissatisfaction

(sum of / items)

Abuse

EDR
Scale

()

BD
Scale

B

edrscale = Bo + Bj(abuse) + By(bdscale) + ¢




DEFINING VARIABLES

* Incomplete variables must be defined as nominal or scale (i.e,,
continuous) prior to imputation

* SPSS applies linear imputation to scale variables and logistic
(or multinomial logistic) regression to categorical variables

* Define variables in the Variable View tab or with syntax

CATEGORICAL VARIABLES

+ A multinomial logistic regression model for a Likert outcome
has many parameters

* Imputation can be exceedingly slow (the ordinal imputation
model in Mplus is much faster)

* Treating ordinal scales as continuous is often fine, but rounding
imputed values to the nearest integer can introduce bias




VARIABLE VIEW TAB

/. ©.06 Untitled2 - IBM SPSS Statistics Data Editor

BHE M e~ BH=E R HE BAE 100 %

Name pe Width Decimals Label Values Mis: Colum Alig
2 bmi Numeric 8 2 None None = Right
3 bds1 Numeric 8 2 None None 10 = Right
4 bds2 Numeric 8 2 None None 10 = Right
5 bds3 Numeric 8 2 None None 10 = Right
6 bdsé Numeric 8 2 None None 10 = Right
7 bdss Numeric 8 2 None None 10 = Right
8 bs6 Numeric 8 2 None None 10 = Right
9 bds7 Numeric 8 2 None None 10 = Right
10 edrl Numeric 8 2 None None 10 = Right
1 edr2 Numeric 8 2 None None 10 = Right
12 edr3 Numeric 8 2 None None 10 = Right
13 edrd Numeric 8 2 None None 10 = Right
14 edrs Numeric 8 2 None None 10 = Right
15 edré Numeric 8 2 None None 10 = Right

[IBM SPSS Statistics Processor is ready | | |

EXPLORATORY ANALYSIS

* Prior to imputing the data, run an exploratory analysis to
assess MCMC convergence

* SPSS provides limited diagnostic information

* To implement my diagnostic macro program (described later),
specify imputations = 2 and iterations = 1000




REETPLE IMPUTATION COMMA RIS

PSS st Edit _View Data Transform Analyze Direct Marketing _Graphs _Utilities Add-ons _Window _Help % O B 3 = 4 @F@27) Mon827PM Craig Enders Q
KoK - H O ———— >
Descnpnve Statistics »
ELLEY " . o Eiag n ,
] Compare Means »
Ceneral Linear Model > [Visible: 15 of 15 Variables
st ‘ m | bel | bd Linear Models ~ » [ b | e | en e e are e W w T =
Mlxed Models >
1 00 238 400 o0 300 400 300 400 30 400 40 a0
| | | Correlate [ gyl { ! | | | | ! !
7 E B34 500 i » 00 500 600 300 300 300 400 300 400
3 0 225 300 Loglinear » oo 300 300 ) 300 300 a0 1 300
. 00 i ] Neural Networks > o0 3.00 300 200 200 200 300 400 [
s | w7 a0 | Classify : > oo [ T S0 o0 i o) ) )
) 1768 300 Reduction > 0 300 300 ) 300 500 500 400
i [ z X Scale ) X 1 1 X T T T X
7 3 2086 300 ic Tests » 00 400 500 300 300 300 400 400 500
s 0 B a0 Forecasting » oo 500 500 ) 40 ] a0 300 0]
5 o0 284 400 Survival > oo 400 600 500 E 400 400 300 300
i 1 ~ Multiple Response » | 1 i 1 | | } |
10 3 E 300 00 300 300 500 300 400 300 400
Missing Value Analysis...
n ) 1943 490 Multiple Imputation [2 Analyze Patterns... S0 400 40 40 4%
12 | | 3% Complex Samples i1 Impute Missing Data Values... | S00| S0 S00] 400
= o 2031 30 Quality Control “"’f—"f_"?_""( ) 300 300 30 3%
7 . 776 20 EROC Curve... It 300 @00 300 @00 500 200 300 300
1 o 2276 500 7.00] 500] 7.00) 600 500 7.00 300 500 ] 400 ] 500
16 o0 220 a0 500 500 400 500 40 a0 500 40 600 600 500 600
1 E3 507 300 40 400 [ a0 300 300 300 400 300 300 300 300
18 00 2553 5.00 400 400 | 6.00 400 | 300 T T 400 5.00 400 e
19 0 501 300 300 300 200 300 300 300 200 300 300 300 300 300
2 %0 Ba 600 700 600 500 500 400 600 400 400 500 400 400 500
2 o0 2569 600/ 500/ 00| | 00| 600 400 400 B | 300/ 300/ 300 300
2 0 1872 a0 300 300 300 40 300 300 300 300 300 400 300 300
5 o0 B0 300 300 400 400 400 500 40 400 400 500 400 500 400
2 o0 203 a0 300 0] 300 300 400 E ) 300 40 a0 ] 500
2 E3 245 300 300 0] 400 500 300 300 ) 300 300 40 400 300
2% 00 2505 400 400 6.00 400 400 5.00 T 5.00 5.00 5.00 400 | 5.00
2 0 200 300 300 0] 400 300 500 E 40 40 300 300 a0 40
% o0 23 500 400 400 500 300 600 500 400 400 300 400 300 300
2 o0 1988 300/ 400 00| 300 00| 400 300/ 300 400 300/ 00| 300 400
0 E 1989 500 500 300 400 500 40 500 0 500 40 400 400 40
31 o0 253 500 500 500 500 500 7.00 40 500 500 400 500 500
2 o0 1824 200 300 300 300 300 40 300 300 300 300 300 300 200
3 £3 219 300 400 0] 500 300 40 300 ) E ] 400 300 500
3 00 2183 5.00 6.00 5.00 5.00 5.00 400 5.00 400 300 400 400 400 400
35 0 300 200 300 400 300 300 200 300 40 200
Variable View

VARIABLES
TAB

Select variables,
specify the number
of imputed data
sets, and specify a
file name for the
imputed data

To use the diagnostic
macro, specify
imputations = 2

K-XeXs)

| Missing Data Val

Method = Constraints | Outpul]

Variables:

Variables in Model

1
3

-

Analysis Weight:
[

Imputations:

2 [

Location of | d Data

() Create a new dataset

Dataset name:

I temp|

() Write to a new data file Browse... |

Statistics analysis procedures marked by the icon
for a complete list of supported analysis procedures.

After generating a dataset containing the imputed values, you can use ordinary SPSS

to analyze your data. See Help

[ Ganca | [0




M= OD
TAB

& slesitihic d[gonithm
(fully conditional
specification), and
specify the number
of between-
imputation rterations

* To use the diagnostic
macro, specify
iterations = 1000

Impute Missing Data Values

| Variables [RVEUTIE Constraints | Output |

ion Method
() Automatic
This option automatically chooses an imputation method based on a scan of your data.
(®) Custom

() Fully conditional specification (MCMC)
This method is suitable for data with an arbitrary pattern of missing values.

Maximum iterations: @

() Monotone

This method is appropriate when the data have a monotone pattern of missing values.
Note that the order of variables specified in the Variables tab will affect the result.

[_] Include two-way interactions among categorical predictors

Model type for scale variables: | Linear Regression 2]

Singularity tolerance: [(1E-012 3]

[ Gancel | [0k

@ Reset | | Paste

@R T
TAB

+ Checking the
Create iteration
history button saves
P-step means and
standard deviations

Sleolice the
diagnostic macro,
save the parameters
to a file named
parameters.sav

Impute Missing Data Values

| Variables | Method

Constraints Output

~Display
™ Imputation model

[_] Descriptive statistics for variables with imputed values

rIteration History
@ Create iteration history

(®) Create a new dataset

Dataset name: \ parameters|

Browse...

() Write to a new data file

@ | Reset | | Paste |

| Cancel | @




SIS SHANTTA K

*/ OPEN DATA */.

get file = 'c:\spss ex\eating risk data.sav'.
dataset name rawdata window = front.

*/ DEFINE MEASUREMENT SCALE */.

variable level bmi bdsl to bds7 edrl to edr6 (scale)
/abuse (nominal).

*/ PERFORM EXPLORATORY ANALYSIS */.
dataset activate rawdata.
multiple imputation bmi bdsl to bds7 edrl to edr6 abuse

/impute method = maxiter = 1000 nimputations = 2
/outfile imputations = temp fcsiterations = 'c:\spss ex\parameters.sav'.

- GINOS T1C INFORMATMEIR
E@RIACK TRERE@H

* SPSS provides limited diagnostic information

* The program saves P-step means and standard deviations to a
file but does not produce diagnostic information

* | wrote an SPSS macro that creates trace plots and computes
the potential scale reduction factor




BiE GNOSTIC MACES

» llet lfolder specifies the folder that contains parameters.sav

« llet Ivars specifies the variables in parameters.sav

define diagnosticmacro ()

*/ 'FOLDER = FILE PATH TO THE FOLDER CONTAINING THE PARAMETERS.SAV FILE */.
*/ 'VARS = VARIABLES IN THE PARAMETERS.SAV FILE */.

'let 'folder = 'c:\spss ex'
!let 'vars = 'bmi bdsl bds2 bds4 bds7 edr2 edr3 edr5'

iR CE PLOT OF [SESMl
MEAN

TRACE PLOT OF MEANS FOR VARIABLE BMI

24.007]

23.007]

22.00

Value BMI

21.007]

20.00]

T T T T T T T T T T T T T T T T T T T T
1 51 101151201251 301 351401451501 551601 651 701 751 801 851 901 951
Iteration Number




B CE PLOT OF TiSEtSill
STANDARD DEVIATION

TRACE PLOT OF STANDARD DEVIATIONS FOR VARIABLE BMI

Value BMI

IIIIIIIIIIIIIIIIIIII
1111111111111

FOTTSINERVANES(C 2 | -
REDWGIGIRCIN

* The macro computes the PSR for the P-step means and
standard deviations after every 100 iterations

* These parameters often converge quickly than covariances
(which SPSS does not provide)

* Be conservative when choosing the between-imputation
interval based on the PSR

* The macro displays the maximum PSR for all parameters in a
table and in a line graph




BINEGRAPH OF MAKIMIEN
FoIRALUIES

Maximum PSR Value by Between-Imputation Interval

||||||||||
wwwwwwww
oooooooooo
o o o o o o o o o S
o =3 o o =3 o o o ° g
o o o o o o o o o 8

FINAL IMPUTATION RUN

» After establishing convergence, run MCMC a second time to
generate the imputed data sets

* Imputation details for this example:
» 20 imputed data sets

» 200 iterations separating each imputed data set




VARIABLES TAB

Impute Missing Data Values

Method = Constraints

Variables in Model

& abuse

&> bmi

g bds1 s
bds2

Lffj & bds3

& bds4

& bdss

A e

Output |

Variables:

| ¢

Analysis Weight:

Imputations: | ¢ ‘@

Location of Imputed Data

(®) Create a new dataset

Dataset name:

[ imputed|

() Write to a new data file Browse...

After g ing a dataset ¢

g the imputed values, you can use ordinary SPSS
- Statistics analysis procedures marked by the icon

to analyze your data. See Help
for a complete list of supported analysis procedures.

@ | Reset | Paste |

Cancel | @

Mz SR A

800 Impute Missing Data Values
Redo a user action |
Variables Constraints = Output
p ion Method
() Automatic

This option automatically chooses an imputation method based on a scan of your data.
(®) Custom

(®) Fully conditional specification (MCMC)

This method is suitable for data with an arbitrary pattern of missing values.
Maximum iterations: | 200 \@

(") Monotone

This method is appropriate when the data have a monotone pattern of missing values.
Note that the order of variables specified in the Variables tab will affect the result.

[_J Include two-way interactions among categorical predictors

Model type for scale variables: | Linear Regression

Singularity tolerance:

1E-012 4|

@ Reset Paste |

Cancel




ONARRGAE A 2

8 .00 Impute Missing Data Values

| Variables = Method = Constraints m

Display
@ Imputation model
|_| Descriptive statistics for variables with imputed values
Iteration History
[ ] Create iteration history
) Create a new dataset

Dataset name

Write to a new data file Browse...

‘\i’j | Reset | | paste | | Cancel | @

IMEOTATION OUNRSEEE

* SPSS stacks the imputed data sets into a single file
A variable named IMPUTATION __ differentiates the data sets

* The stacked file format is convenient because data
manipulation tasks (e.g., computing new variables, recoding,
etc.) need only be executed once

* The IMPUTATION_ variable plays an important role in the
subsequent analyses ...




IMIRCAREBID [

e~ Bl i H

ELE

[484 - imputation_ ‘ |Visible: 16 of 16 Variables | Original data ¢ (EH)
Imputation_ abuse ‘ bmi ] bds1 | bds2 [ bds3 l bds4 bdss ‘ bdsé ] bds7 | edrl edr2 l edr3 edrd ‘ edrS edré |
987 1 1.00 27.25 5.00 4.00 5.00 5.14 4.00 5.00 4.00 5.00| X . 4.00 4.00 4.00

1
1

4,00
4,00
5.00
5.00
3.00
3.00
3.00

8 58 8/ 85855

Variable View

[IBM SPSS Statistics Processor is ready | | [Split by Imputation_

W@ PUTING SCALE SCORES

6.0.6 Compute Variable
Target Variable: Numeric Expression:
‘ bodydis ] _ |bdsl + bds2 + bds3 + bds4 + bds5 + bds6 + bds7|
« Use the Type & Label...
COMPUTE ® —
& bmi unction group:
command once for 4 bi .
& bd:3 CDF & Noncentral CDF
o g e
o o e
% bds7
» Transformations A . Funcions and Special Varales:
are automatically g:iﬁ
. edrs
applied to every & cars
data set because
th e | m p Uted ﬂ |eS (optional case selection condition)

are stacked ® [owe ) [rase ] (el | (0GR




SRERFFILE COMIMANS

e 00 Split File
% Sp' |T.t| ﬂg -the ﬂ |e & abgse () Analyze all cases, do not create groups
by -the g Edmsll @ Compare groups
& bds2 () Organize output by groups
| M PUTAT' O N— g bds3 Groups Based on:
variable invokes % oiss @
the analysis and 4 oo
: & edrl (e) Sort the file by grouping variables

pOO| I ng . & edr2 () File is already sorted
p roced u reS, ”C Current Status: Compare:Imputation_
available

.\';7) | Reset | | Paste | | Cancel | [ OK |

SINAINY ZING MTERSE
IMIPUARE B DA A,

* Analyze the data as usual
* SPSS pools estimates for many common analyses, but not all

* The program is idiosyncratic in its application of the pooling
formulas (e.g, In a regression analysis, SPSS pools the
unstandardized coefficients but not the beta weights)

*» The B® icon denotes a procedure that can accommodate
multiply imputed data




S EPORITED PROCEDSRES

iPSS Statistics _File Edit View Data Transform Direct Marketing _Graphs _ Utilities Add-ons Window _Help
60606 Ll i s Reports » (ta Editor
E‘a . E Descriptive Statistics > a @l ‘ -
— H = g e~ Tables > ad @ %
. Compare Means >
147 : Imputation_ ‘ General Linear Model > lle: 16 of 16 Variables | Original data & @
Generalized Linear Models >
[lmpummn_ abuse | bmi l bds1 Mixed Models IS L bdss | bds6 bds7 edr:
993 1 00/ 1975 1 Correlate > 3.00/ 2.00 369
994 1 100 2094 [Z] Automatic Linear Modeling...
995 1 100 213 | Loglinear > B Linear... €
— 1 100 1764 Neural Networks » B Residual Heteroscedasticity Test...
= 1 = 1578 ] Classify . b Curve Estimation...
| Dimension Reduction > i Tobit Regression...
i ! 1o 240 Scale ¢ fod Robust Regression |
999 1 100 2051  Nonparametric Tests > T - |
F i , B Quantile Regression...
% 1 100 1938 i Forecasting 2 Parti
Survival S artial Least Squares...
1001 2 00 2238 .
Multiple Response > : . Pl
i Binary Logistic...
1002 2 = 2334 ' [ Missing Value Analysis... % .Ty 9 I Lo is(: P
1003 2 00 2125 ! Multiple Imputation > e gistic... €
2 w0 2357 i Complex Samples » dOrdinal..
R H [ Probit
1005 2 00 2673 ';'(')'Z: E"""‘" e
1006 2 .00 17.68 1 unlre“. , . ENonli
1007 2 00 20.86 3.00 400 6.00 so0 [ Weight Estimation...
1008 2 0 342 400 541 500 o0 [ 2-Stage Least Squares...
1009 2 -00 284 4.00 5.00 6.00 6.00 Optimal Scaling (CATREG)...
1010 2 0 229 3.00 4.00 4.00 5.00] 3.00] 3.00] 374
1011 2 .00 19.43 4.00 3.00 4.00 3.00 3.00 3.00 4.00
1012 2 00 1928 5.00 400 400 6.00 3.00 5.00 400
1013 2 00 2031 3.00 400 3.00 400 3.00 3.00 400
_ Variable View | |
[IBM SPSS Statistics Processor is ready| | | |  |Split by Imputation_|

SIS SHANTA X

*/ PERFORM MULTIPLE IMPUTATION ANALYSIS */.

dataset activate rawdata.

multiple imputation bmi bdsl to bds7 edrl to edr6 abuse
/impute method = fcs maxiter = 200 nimputations = 20
/outfile imputations = imputed.

*/ COMPUTE SCALE SCORES WITHIN EACH DATA SET */

dataset activate imputed.

sum(bdsl to bds7).
sum(edrl to edré6).

compute bodydis
compute eatrisk
exe.

*/ SPLIT THE FILE BY VARIABLE IMPUTATION_ */

sort cases by imputation_.
split file layered by imputation_.
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* SPSS reports the analysis results separately for each imputed
data set even when it does not pool the estimates

* The pooled estimates and standard errors appear at the
bottom of each table, when available

* Some estimates get pooled, some do not ...

DIESERIFEINES

1.©.0 0 Output3 [Document3] - IBM SPSS Statistics Viewer | 1.©.0 6 Output3 [Document3] - IBM SPSS Statistics Viewer " |

ECEERELEREEE ELEERCLIESS
€% +=- BB BPa €% += B8 202

Regression bodydis | 28.9529 5.45153 500
abuse 11500 135743 500
[imputed] 14 catrisk | 24.8066 362466 500
bodydis | 28.9368 5.46576 500
Descriptive Statistics abuse :1500 35743 500
P : 15 catrisk | 24.7773 758167 500
N ol . ‘ bodydis | 28.9156 5.42186 500
[imputation Number can b 11560 136322 500
Original data _eatrisk | 23.1540 7.68048 248 ; — :a"‘::k = — -
:::::'5 Zs'i::; S'gz:; ::: ‘ bodydis | 28.9371 5.47706 500
- - - abuse .1560 .36322 500
! :::'s:is ;43.;:;: ;':;gzz :gg 7 catrisk | 24.7669 760453 500
abu:’e 6o a2 <00 bodydis | 28.8638 5.45536 500
- - - abuse .1580 .36511 500
2 :::Isdkis i;';ggi :zg;:g :gg 18 catrisk | 24.7599 757010 500
abu:’e leso posed <00 bodydis | 28.9290 5.51051 500
: : abuse 11540 36131 500

3 wisk | 24.7995 256278 500
:):sdis o170 < 47700 <00 19 catrisk | 24.7519 355780 500
abu:’e 600 607 <00 bodydis | 28.9106 5.40586 500
: : abuse 11580 136511 500

7 wisk | 24.7382 256847 500
:):sdis e e91s < s0408 <00 20 catrisk | 24.8054 760314 500
abu:’e eso Ges1t <00 bodydis | 28.9254 5.48522 500
: : 1600 | 36697 500
5 catrisk | 24.7495 755242 500 = :a;f:k = =
bodydis | 28.9191 5.46124 500 ( poits | 369319 <00
abuse 1580 36511 500 \ abu:e eea 00
3 catrisk | 24.7399 454664 500 — : — L

[IBM SPSS Statistics Processor is ready| | | [ [IBM SPSS Statistics Processor is ready | |
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1006 __Output3 [Document3] - IBM SPSS Statistics

SHEeR & M e ~
H«-» += Bl 2=

__ Output3 [Document3] - IBM SPSS Statistics Viewer

SHER & M L
||4--> += Bl EhH=

4]

C Pearson Correlation  eatrisk 1.000 648 309
orrelations
bodydis .648 1.000 348
Imputation Number eatrisk | bodydis | abuse abuse .309 348 | 1.000
Original data  Pearson Correlation  eatrisk 1.000 484 272 Sig. (1-tailed) eatrisk " 000 000
B bodydis 484 | 1.000 .246 bodydis 000 ) 000
g abuse 272 246 | 1.000 abuse 000 000 )
@ Sig. (1-tailed) ea(nsk' . .000 .000 N eatrisk 500 500 500
o bodydis | 000 - 000 bodydis 500 500 500
i abuse -000 -000 : abuse 500 500 500
(=) N eatisk 448 448 448 20 Pearson Correlation eatrisk 1.000 .642 316
bodydis 448 448 448 bodydis 642 | 1.000 345
abuse 448 448 448 abuse 316 | 345 | 1.000
1 Pearson Correlation  eatrisk 1.000 638 301 Sig. (1-tailed) eatrisk " 000 000
bodydis .638 | 1.000 338 bodydis 000 . 000
- abuse 301 338 | 1.000 - abuse 000 000
Sig. (1-tailed) eatrisk B .000 .000 N eatrisk 500 500
bodydis .000 . .000 podyd sa0 500
abuse .000 .000 . abuse )
N eatrisk 500 500 500 Pooled Pearson Correlation eatrisk 1.000 637
bodydis 500 500 500 < bodydis 637 | 1000
abuse 500 500 500 abuse 317 328
2 Pearson Correlation  eatrisk 1.000 641 347 tailed) eatrisk
bodydis .641 1.000 318 odydrs
abuse 347 318 1.000 abuse 000 .000
Sig. (1-tailed) eatrisk . .000 .000 N eatrisk 500 500 500
bodydis -000 : -000 bodydis 500 500 500
abuse 000 | -000 abuse 500 500 500
N eatrisk 500 500
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Y - ____ Output3 [Document3] - IBM SPSS Statistics Viewer

ECEELIEREFEIEEL)
e += B I

_ Output3 [Document3] - IBM SPSS St:

IH--} += 0L =20s

bodydis .505 .031 598 | 1
Coefficients® " abuse 1.217 474 094
Standardized 5 14 1 (Constant) 9.999 879 1
dized Coefficients | Coefficients bodydis 504 031 595 | 1
&8 Imputation Number odel B Std. Error Beta ) abuse 1.564 467 121
@ Original data (Constant) 12.490 984 1 W 15 1 (Constant) 10.080 .869 1
] bodydis 391 .037 444 | ] ") bodydis 498 .030 590 | 1
fﬁ abuse 2.170 .563 .162 m abuse 1.871 451 .148
L 1 1 (Constant) 10.031 .870 1 & 16 1 (Constant) 10.128 .860 1
8 bodydis .504 .030 .605 1 8 bodydis 496 .030 596 | 1
abuse 1.211 459 .096 abuse 1.615 451 129
2 1 (Constant) 9.966 .867 1 17 1 (Constant) 9.827 .863 1
bodydis .501 .030 .590 | 1 bodydis .508 .030 602 1
abuse 2.001 447 159 abuse 1.734 451 138
i 3 1 (Constant) 10.189 .862 1 I 18 1 (Constant) 10.107 870 1
bodydis 496 .030 595 1 bodydis .500 .030 603 | 1
abuse 1.681 449 135 abuse 1.155 462 .091
4 1 (Constant) 10.347 .868 1 19 1 (Constant) 9.572 873 1
bodydis 490 .030 .590 | 1 bodydis 519 .030 615 1
abuse 1.547 456 124 abuse 1.193 452 096
5 1 (Constant) 9.958 .858 1 20 1 (Constant) 9.912 874 1
bodydis .503 .030 .604 | 1 L e 307 | .DSQ;‘\ .605 1
abuse 1.502 446 .120 abuse 1.347 456 |7 —107
6 1 (Constant) 9.960 .849 1 Pooled 1 (Constant) 10.058 .892
bodydis .503 .029 .605 1 bodydis .500 .031
abuse 1.643 454 128 abuse 1.507 516 /
7 T (Comstny 10.139 857 i m
bodydis 499 .030 .604 | 1
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