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4 ‘-'l_ o ‘ : L ;.‘ ABSTRACT/\ | »-‘If-r:_"'.o.
D\ major them% of the» present study has - been.'lss‘Fs .{ﬁfQ

T vdetermlnlng t unldlmen51ona11ty generally,lvffand* : theffw

.comparab111ty§ of attltude lmeasures across j populat1ons,“

o A - :
L°spec1f1cally.j We addressed these 1ssues by the appllcat ]

ﬁj*;,h of both laten 'tralt and latent class sca11ng models to thelﬁd”"

u

= Lresponses to fseven abortlon 1tems in: the 1982 NORC GSS andﬁhw

_;West German AIWBUS comb1ned flles.-htk};x"j"" o

"-mLit”fnas fgemonstrated vhf}non%parametricAMokken;'
901nt _'ith,scaleﬂ-°'

——

evere restr1ct1ons on:f;‘

method /prov1d s ialf useful
g

constructlon s‘lnce lt does not ‘ Y

functlonal fOl‘m Of the 1tem _ trace llnes/ The

accompanylng Mokken Testf proved be a useful means for

u

'loplng equ1valent attltude scales.4 We- found that“ the ;'ff

s

ven-f1tems form .a unldl;en51onal scale 1n both countrles
. ..r wﬁ*";: ‘4_--/ , R 1
J hat four of these 1tems\ const}tute ca scale that isfj*

ro ust across the two populatlons A comparlson of Amer ans#

A .

}West Germans on th1s scale.Ashowed tha/, Amerlcans are-};ﬁ

_t “more acceptlng %f legallzed abortlon. We argued R

;; wlihat the two d1men51ona1 solutlon of ear%}¥; analySes 1s :an";d
2 P of the dlfferences in the dlfflculty of the 1tems.

: PR . °f tﬁ? parametrlc latent traltl‘analyses%'
;ﬁltﬁt}xthé -one parameter ﬁasch model Blrnbaum k-3 two~ arameuer
;51"f}m°del.ﬁ: EMCDOnald's harmonlc a"aIY51S)"wwere ' Qt]

DN ke /~

fﬂswa;’ shown that these scal1ng models are not7'

typlcal :art1tud1nal

L.
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AT Latenq class SCallqg models were 7halyzed for the four
_ A';frObUSt 1tems. The Proctor model augmented w1th an unscalablejJ -
’ .. - . I . . ‘ 'n

':;sﬂr classb provwded the best f1t for the Amerlcan data- whereasTﬁFr
"*;;‘rthea pure Goodman model was optlmal fﬁoﬂ‘jthe West German"

sample., Results 'f}:the okken'vtest 'and the Multl groupr;;jf

latent.class models were compared i G
RE 1f‘ﬁ~ Flnally, log~mu1t1p11cat1ve aSSOCiation1’methods4ﬁere_“l“;
RN BT : L
- used to a351gn a metrlc to the.'categorles uof* the) ordinal'"“”

robust Mokken scale. We concluded thlS study by show1ng howfh:
a cross populatlon LISREL 'model be' constnucted that e
treats the four 1tem metrlc scale ;asgfthed'nreferencef'

' llndgcatorl. Lo . o L

—

vi



BT would like to express my progound 1ndebtness to myf"“

v B

"ftsuperv1sor, ;Dfr M. W. G111esp1e,«9f hlS many helpful -

/

”comments he read the manuscript at several stages, h:sﬁf;;h

P .

1cont1nuous encouragement and good humor over the ;past,‘fewf’

.4years. | E e

I am grateful to the other members of my commlttee,'Dr

”ﬁ‘_L A Hayduk,. Dr._ Hr  Krahn, and Dr. P Johnston for the1r':'

RN

hﬂwa551stance and stlmulatlng contr1but10ns to thlS the51s. S

vlsh ’t thank Dr..T Taerﬁm of the Statlstlcal Consultantff_

-~

:SerV1ce for the help ‘inQﬁ

"/,.7'

'rogrammlng “the - scallng models.i

o :Margareth»-Klng who d1d _an- excellent ed1t1ng JOb Jos Ten‘ffr“

LH

= Vergert who klndly donated her t1me and talent to assist

";the research o£~some of the European l;terature.

Finally, I would 11ke to thank my. best fr1end Johannes_n

"~K1ngma. Hls5 upport -optlmlsm concern, and encouragement

“3E?dur1ng tryré@;t1mes~weré‘greatly apprec1ated

i . .
. - N AN
or
L N N
..
A .
V.
’ A ! 4
a -
\ .
| &
I
A
L4 .
i
\ . -
N
-,) ) i
. .a
v : L e D AT -




- : T _ ‘TabiefofmcontentsU ’v57i'“ T
- : v~ - i ) | - |

GENERAL NTRODUCTIO&--01-.\--o-ouueno-‘.---.-nea.c-tao..l_.‘_‘
1 1 The‘Need For Non-Llnear Models ...};..}....{..;;..3'

WH.T’j'J Introduct1on ..;.ft.;.t.{.;ﬁt...,4.7;§;;.};ﬂ3}LﬁU
};1 2 £1a551caL True Score Theory }}.....L?EQ.:...;.;;;ti$ .
RS The problem ...;;.}..{I{l.l;.}};;....;;....;..ﬂ.,;sf”j
R Justlflcatlon of Resear&h ...;;...;..t.....t..rj.js
"

SOME BACKGROUND TO LATENT STRUCTURE ANALYSIS ........181

2.1 The Concept Of Attltude .........;...............18‘ :
302 2 Iﬂass1cal Vlew of Measurement ............::.....20:
- o _ :

ZBTYpes of SCaleS ‘-oOc-"6.¢uo.-n..o;-oo----uoo--o 2T

)Uv'2 4 Index Measuf’hent ..........Q;....d.;@r;.,.,,;,..24-_UTU
o 2. 4 1 leert ScalesA;;;:.....f..;....L.;;:;..}..125;A‘_
' 2 4.2 Factor Analytlc Scales'.......gg...........QB~V‘;
2 5 Representat1onal Measurement ;..........}....:...29
12.5.1 ThurStone Scales ..;....g....;..‘..}.......31
2. 6 The Issue. of Un1d1men51onal1ty ..........r....;r.§%w -

'3.LAIASSUMPTIONS OF LATENT STRUCTURE-THEORY ..........%"...36
B 3 1 IntrOdUCtlon ......."..>‘;.;,.'.,..4....v_.‘;.;.‘..r‘;;.;.,.tss. .‘\."

o

'.,_3 2 Latent ClaSS Theory ...;.................‘.......37

BTN

‘}.3 3 Latent Tralt Theory ............;.....M;.......;;;s

\

3.3.0 Parametrlc Latent rait Theory ...iwe..:os:38°
KL ’ e . N . o
3 3 2 Nonparametrlc Latent Tralt Theory .........4T;

"3 4 Assumptlons of Latent Structure Analy51

D R U R A A IR SR
S SRR 2 & & SR T



. . : ; . S ) TR .
- B v . . ; e e LT i . e
T - o N

.4 1 Introductl ......‘.l......'l.l.....'.I.‘.l.....;".\4‘5.."‘-"

RS-

=

3 4 1 3 Item CharaCterlsttc Curve .........44

» AN

« !

:T-LATENT CLASS MODELS f..;....;.;L.;;.;......;;...;..;;45'*

4. 2 Determ1n1st1c Guttman Model .....;..J............47“'

4 3 General Latent Class\Model ...}....;..;.;;.,.;.,.48f{

[}

4 4 Restrlcted Latent Class Model,....}..;L'

4 4. 1 Response Error Mode{e ;;.;:??° ;;:,.;,..;S?E?_I
B h_4 4.1.1 The proctor Model,;;.ifi{.i{}:;t;,;52 -
FUEEEE 'i;4 4. 1 2 Item Spec1ch Error Rate Models ;{.§5ff“
- 1T4 4 1 3 Type Spec1f1c Error Rate Model 56ff'

- 4. 4 1. 4 False Posxtlve/False Negat1ve _':falh.n

v : -Error Models """"“'i""‘;"*'57 e

_ :4 4 1.5 Latent Dlstance Model - “l;.;QT.L,.séj_"

4.4.2 The Goodman Scale Model.;tt\....;f;:f:;lﬂfééi

| 4 4, 3 The Dayton Macready Model .........ﬂ..;f;..62=;

4.5 Hlerarchlcal Relatlons between the Lategt Class
M"dels ll‘..’....".‘.....II..I.......‘&

4. 6 Mult1 Group Laﬂ;nt Ciass Model ..........,.......65[
LATENT TRAIT MODELS .....\H...;.:..;.;...,..;l;.;.;.1675

- ,-f.‘

5.1 Int&oductlon }.....t............}.{.r:nr:.;tglgf.67:{’4
5.2 The Non- Parametrlc Mokken Model/it;:r.i:;;rr;:;:;GQf
- _5 2. 1\The Assumptlon of Double Monotony‘;tr...;..70n

'ﬁfs 2. 2 toeff1c1ents of Scalablllty~...........:,5;73T

- 5. 2.3 Test of Double Monotony'.......f...,.;.ff;.78'"'

5.2, 4 Cross= Populat1on Comparlsons of the

U X B

viei...500

MOkken TeSt'...."‘--.‘-...-............‘. ooo79"'

B }5.3‘Parametr1c Models- Normal versus LOglstIC Ogive 81'

‘5 3 1 Two Parameter Log1st1c Model»..............83g‘

K4

5. 3 2 Three Parameter Loglstlc Model ............86 .[t

Ax

-



5 3 3 One Parameter Loglst1c Model n;......f.....Bﬂ
5 3 4 ‘The; Rasch versus Mokken ModeIf.......t..{..SS_ o
,;”.;?'*-}.;"
5 4 Latent Glass Models and the Assumptlon of © Tilae s T
DOUble MonOtOhy coou--o-oao-l-o--\oooa-.----.o---96"'".-

5 5 Ksstgnlng a Metrxc to an Ordlnal SoZ£ey;;........97ﬂyf

" DATA AND 'METHODS ;;;:z;f;;;.f.,f,;;;;;,.;,;.:,;;,,2;105'

.A'6 1 The Data ...:.l:ttt.;IrL.,.,:;.;.,:.:{;}r,rL;QJtJOé< 2
e 2 Method ;}i;Iﬁgr..;l;.f.;f..,.;It.ii...;ﬂ;...;,.}doei.lr

6.3 Model F1t and Stat1st1cal %estlng ....,.Q.f; :.;110;l'

.,

f’6;4 Computer Programs Used for the Scale Analyses ..111 o

;-QE:ﬁIS Esti\atlon of Item and’ Person Parameters .......112l"'

A ¢ ADRN
o 6. 5 1 Jo1nt Mathum leel1hood Estlmatlon ......113?%}_

" 6.5, 2 Condltlonal Max1mum kael1hood Estlmatlon 115, .

~\ .

. '”"6~5 3 MOKKEN-Program .......;.;.,.,;,,;..,g;,.;,117fl:

‘ » ".:‘~no.o.‘:-~oo. oao;‘;n-a "...".'l'-..l:."'::l.i ..‘.‘.~.'.j.‘.....'11\A:\'\ i
_6 5.4 S T O _ B 2

"

6.15;'5 LOGIST o.oonoo.nl.--.--4"".t;<_.’oooo.ooc-oo.¢124"‘

5 Lo : -, el ,-“' \., .

1 6.5.6 NOHARM.....;,.J;,,.{;...I.,..w....;.......124'

- . ‘_ S n o . ’ S~ .
l‘.6vv.507 ANOASC LN 2 1 ..’-;.I ."-. ..DQIQIN.....IO '{..O...‘ 126

P . N ~o
RS . e s e

- 6.5.8 MLLSA-.}......................gzt.,..;;;.;127j
PRESULTS OF THE "NON PARAMETRIC ANALYSES" :?2;.......128
1_‘7 1 Results of..the Mokken Analyses .................128‘:f\
7.2 Results of the Latent Class Analyses ...........132
7.3 Results of- the ANOASC Analyses..................138

-7 4 American and West-German attltudes toward
abortlon 'I....."...........'.l.....ll'..I.....143.>£.>'

7 SCOnClLSIOD ..loQSon-o’o““oouc---‘n"i—oooa.’-o-’ouooo‘oooon-1’51 )’
RESULTS OF THE PARAMETRLC ANALYSES ....-............152 .

~»

8.1 Results of the Loglst Analyses ............;....170



8.3 ConcIusmn AR TR s

flfQ}VE;SUMMARY AND DISCUSSION ..{.{

A VRN 3

-oo--o“o’non'. .".,-;" 0.. --‘.;.179

9 1 Summary of Results 17-9

’

9 2 Dlscussmn " ..183

v

9. 3 Suggest13’ns for‘ Future Research '.‘-".~.\_.i .o :-.-, el 194

..

3 .Blbllography Ceeene e .';',.' ,.3 i p ERRIARGE .203
. ) “ R 2 cLe s .

APPENDIX £ el ST PO T 216

l".-..-..0-..i...'lc...o..o......l.-o

{ .

®@ ¢ 0 v 0 8 8 8 0 e 0 e b e

APPENDIX B.......{..;;.;.......f;.,;;f;}' e Teeieeeeiia217

e o -

: ARPENDIX Co et S S LrvL 2190

LR A R R B R I R R R R L B I S B T S I T O S

< . Lo - . . . : S~

- : : . N -.~'> oo .

8.2 Res‘_ults 'df,'ff,'f::ﬁ-e iNOHQRM"P:r.i‘abl_st‘es g B E e ;e 174 '

-"o I v e AR B Y ."-—‘f:', T eeeee s ..'.l.n.“. -0177 ‘

L4



47

4.

a0

o

'L1ST OF TABLES .

'ﬂﬁ-

Cond;tlonal Probab111ty of Poslthé Response

Model

for.

e

Four -

SN

ooi‘--o.o-oa.o-..
Lo L it

e

Cond1t1ona1 Probablllty of. P051t1ve Response

*

“f",for Four: Items, Given Membersh1p in-
f_gthe Five Latent Classes Proctor's: Stochastlc .
L N ] . *e & & 53 .

One .of

Items, Given Membership in One of

.the Five Latent Classes-

‘False- P051t1ve/False Negative

”*Rate Model

,‘..i'

olooo.

Item Spec1f1c ‘Error ,

-Eondltlonal Probabmllty of P051t1ve ResponSe; R

. for Four Items, Given Membershlp in;
the Five Latent Classes: Type- Spec1f1c Error
Rate Model.

for:
Five

‘Model

.Conditianal
Four:

“for
~the F

Model

‘4 6 «

The~Cross-Tabulation of T
/(

ive

h.oo.-oc.ooo.n‘oo.o-

-.-n-ootb.
Y .

A

Orie. "of:

0‘0.&......l...'o...-.oc.l-'...c.

~. Latent

\‘q .J
,Cond1t10nal Probabllmty of Pccitive Response

Brror

ooooot-o.---'o.ooob--o-u--uongo

" Four Items, Given-Membership in One.the

Classes:
Rate:

3

Probablllty .0f Positive Response

Items, Given Membership 1n One of .
Classes-

Latent,

Lratent

for Four Items, Given Membershlp in
"the Six Latent Classes:

Guttman s'Determ1n1st1c Model

.\‘, f'

’_.Q);

ki

‘Items.

" Distance R
'o;:o -60

Conditional Probablllty of P051t1ve Response

One of -
Goodman' s version of

..._'....
s

e e o ® .8 b'e o o

- Page '

...'59"

LN ) .vl‘62

Lio.73

ey



¥

- —

R I SRR SRR o "”a?f'
The Distr1but1on of the Abort1on Items for B
Amerlcans and West Germans.v..,........

| N
72 v o

The H Values, of “the Abortlon Items for

T F1

Tel g

'fMQ¥;: Amef1cans and West Germans. ,,,,,,_;;0,.,,,5;;,,,]31,f-?

LI e L,

' Impact 'of Dropplng Items on the. T Statlstlc
for the Mokken Test. .3........{_

7.8 - L

.chi—Square,Valubs ‘for Latent Class Models -
Applied to Four  Robust Abortion Items for' ,
Americans and West Germans.a.,.............:;.;..134’m

=3

o . .
7.5 Sl : R '
. Distribution of the Non-Metric and Metric
‘Scale  Scores for -“the .Americans and B
) West—G;rmanS. oo;oo.o.o.~oo.n.oo'-‘-‘onq-o.-.noeooa;o-..:.]44
- Estimated Scale Scores -for the. ’Abortlon
Attitude by Attitude on CHLDIDEL, CHLDNUM R
PREMARSEX XMARSEX and HOMOSEX. ...:. N £ Y

. 7.7.9’ o e e R TR
Results "of 'the T and F-Test . for the -
Instrumental . Variables - None,  CHLDNUM, . .. -
XMARSEX, and HOMOSEX PR 3

8.1 e -

Results from the Martin-Lof Test - and
-Andersen ‘- Test of the Seven Abortion Items

. for ‘the Americans. ....ccedinieriieeierneneneas 154

8.2 S S |

Results from the Martin-Lof Test . and |
Andersen Test of the Seven Abortion Items = : ‘
for EhEGermanS. ® e se ._o‘o.o‘.--ooo.o.‘o.va o_o‘ioootta.olIS.S» .

xiii

Gl el



: | 8 '."3"

Results from the Flscher and Scﬁle1beehnef“
‘Test - ‘of .the ‘Seven " Abortion Items ‘for. the -

Amerlcan h1gh/low score: groups.;..............;;.160ﬁ

¥

ReSults from the Flscher and Schlelbechner KR
. Test .of the Seven Abortion - Items for . the

e

“ Results ¥Yrom the Martin-Lof . Pest ,and
Andersen Test of the Five Abortion Items for .
the Amerlcans. '..........‘.l'l..ll'....l....'....16‘3)

: PR

. 8.6 : R X ol . _
.~ ‘Results ~ from the ' Martin-Lof Test and

Andersen Test of the Four Abortlon Items for

German hlgh/lou Score Groups.g..................;1605

®

the Germans. -oo-.oocn-o-oco-a-oovooooouo ....'...4--16\5/;-‘:‘

fons]

Item Parameter Estimates of the Five

Abortion Items for-the Amery;ans.,,.g..,........;168_'

B.t1 . et " ‘e

" The P and Py Matrlx'bf the S?ven < Abortion

Items for the Amerlcans.:................---...-..217'.“

The ‘P and  Pg Matrlx of the Seven Abortion .

Items for the West Germans. ,....................218'

N .
L S ' : kY '
c.1 . S o s T -
Latent Class Distribution Under the <Models .
in Table 7.4 for ‘the Americans. w.veiesoesngeeiea219

(\ . >

Latent Class Distributions Under the Models

“in Table 7.4. Tor the West-Germans. ..........%..220

~

.

Xiv.



. C.3

".‘n“. :

" . Results - of the BINO Test for the  Five = - S
&? ceees 226

e

Dlstrlbutlon of Guttman Response Patterns
Accordlng to Orderlng (ANY, NOMORE SINGLE,
- POOR, DEFECT, RAPE, HEALTH) for the
jAmericans, ...;;......................;...?

“ : Voo e

v

e Dlstn;butlon of Guttman- ReSponse ‘Patterns

caﬂdlng to Orderlng (ANY SINGLE, NOMORE,
- 'POOR,' 'RAPE, = DEFECT, HEALTH)J for the
" West- Germans. DRI S TP

oo
\

-n'--o.- “« e s e &

e R P A

"Results of the 'BINO test: Cof 'the Seven

Abort1on Items for Americans 1n PML.M....“

.\ L w

‘Results of ".the BINO Test for the Seven
Abort1on Items for the West- Germans 1n PML

‘Aborti ftems Yor Amerlcans in PML. ......
_C.8V

Te - of the Five:: Abortlon Items for the
1 ~a.ﬂ hlgh/low SCOl'e Groups- . o . v .&‘e .o .' e s 0. 0

Results of the BINO Test for' the Four
Abortlon Items for West Germans in PML. P

Résults from the Flscher and Schlelbechner,'

..:..224'

cee..228

Results . from ° the Fiseher,andOSehleibechnetz
" Test of the Four Abortion :Items for the:

. West-Germans high/low Score Groups. ........

- . R S e . o
’ .

_t,iq S A

Item and . Person Parameter Estimates of the
Eour Abortlon Items for
Canada (Males) _...Q.l........."....".I.I.

i - %

“the *West Germans.,'f. o
ce.li2290

.’H...0229’ N

&



a3 '\
¥ LOGIST Item Parameters and.

{_ S Jn‘gﬁ*' »‘ﬁfi ';g"-{ el
Person Parameter, Item‘ Parameter,,and‘t
Rasch’ Proba yility  of a ‘Positive Answer- ‘ L

. the Items RA E and POOR for the Amerlcans. :\c;;52303

N

tandard' 'Brrors

~

.of ‘the . Two- quameter Model

“of the.Seven - - &'

Abortlon Items fbr the Amerlqans.”...............230.fh'

SCL14 ‘ '
"LOGIS' and NOHARM Item‘ Parameter‘ Estlmates

.of . ¢t ef Two- Parameter Model  of - the Seven.
Abortion” Items for the Americans (N 702) and ,
the. We§t Germans (N= 1473) B Aty B |

Y
' I". .

-301'5 o AR . DR - . ,
NOHARM Item Parameter Estlmates of the One
“'Parameter Modei of the Seven Abortion ‘Items. v
for the Amerlcans. S S R Y -3

..Q_'rf

Xvi_

G ..



 Figure?®

SR |

fwm

e R B . . . . : LI

(cs 2.

.qu.LinearfModel;ICCs i e e et e b
' o : ' e RN

ICCs for Four Items that Meet the Assumptlon St
"~ of. Double Monotony. ceeesaceinsen et isesainan e .12
ST R G

“Nefmal and LOngtlc ICCs ....;.......;}Q};;.;¥#¢ﬂ.82"

| "Two-Parameter -Logistic, ICCS .uuurainrssvevunnessan
Three-Parameter Logistic ICCS, ....%..0ecevun’ians .88

o
4

. One-Parameter Logistic ICCS ......usisvunsriveeen 90
cs. 1 R TR T e ' e,-;‘ R
' Mod 1 w1th ABORT as reference varlable creqeasess233 0

. ' S

" re erence uarlable‘...,.....................;....233 ;

- fii

Cxvii



]
-

TR GENERAL INTRODUCTION_’," L / RERERE
. . : n s ‘&, e 1,.. ,-‘
- Two major- objectlves 'oﬁ sc1énce are descrlptlon and

e P ‘- . BN
L4 . | DR S ¢

: explanat1on.2As Torgerson states'7ﬂtrjf %33 lj__f,»- SRR
. ‘"the pr1nc1ple 3'of :af sc1ence,f«other than . the'
..descr1pt10n of emp1r1cal ‘'phenomena,- is tq, establish,
“through .laws’ ‘and theories, general pr’hc1ples by»
. means of. which the empirical - phenomena "can be
;'[explaLned, accounted for, and predlcted" (Torgerson,.hu
1958-1) ' : S 2 o _ R
In ‘soc1ology, .for,'ekample,’done?*could “introduce a .

B \

i“Const%uct att1tude and deflne it as a ' regpondentls) .
evaluatlon of .a soc1a1 51tuat10n. However, in order to make'
“the- construct more - tanglble,vone has to translate 1t 1nto

, :
set of 1tems,“1 e., ‘we have to operat10na11ze the construct

Sc1ence can: be thought of as con51st1ng of a theoryhh‘

‘f(constructs)" n ,the ‘one hand and data (operatlonallzat1onsi-

‘“of these constructs) on.gthez other.‘ Theory and data:fare o

(vllnked by means “of correspondeqij Pules (Torgerson,.1958'

-Nagel 1961). These rules "quado spondence sca”: also ebe'f'

PRI

con51dered as operatlonal deflnltlons of the constructs

In the less advanced sc1ences, such as soc1a1 sc1ences;‘

.conStructs,iare often only loosely 'connected w1th the1r’

! | \ oo

operationalizatiens. In these 51tuat10ns we have "a: wealth}

of obServables ~and certa1nly no lack of constructs. There_"‘

is, however, a rather serious .shortage of lmportantti
vépﬁneCtiéhs". (Torgerson, 1958:5). In’ soc1ology; Schuesslerf”“
.;(1982)' 'demonstrates ."the ;, preva111ng ’ chaos»~f ‘fn:
_operatlonallzatlon and measurement ‘of . the construct socialh‘b
'lrfe feelingg™ 5 Helfound that about 1000 1tems appeared 1]

over 100 "sCales» of social llfe\ feellngs (Schuessler,_

1 .

L : I



"'./

‘_a%e 1nvent1ons and ;are-'establlshed by
Y .

observ1ng that several 1nd1cators converge,. 1 e.,; covary
7

fh1sw 1mp11es that bn‘dellneatlng constructs, the researcher

i .

must already have some not1on concernlng the subject of her

"research : In} fact ‘a researcher f1rst dec1des eﬁzwhat k1nd
A S R
. of observat1ons to take and then selects certaln aspects of

~ .l
these o servatlons for ‘further ana1y51s._;The' analyses

‘o .

themsslves, hox\\er 'are not ductated by the observatlonsr_

.)

ThlS p01nt 1s empha51zed %y Coombs (1964), who makes a ,T'

dlstlnctgon between observatlons and data. Coombs argues:fﬂ

- .

l“that a.researcher has data only when he has. restruotured the'

7ﬁobservat1ons that

)

‘Wlll be analyzed LFor >1nstance, the\ o
.‘v'_.\\ . ' .

.present :study the 1answers to the items are: coBed yes" ;or

o “no and other 'responses suqh; as "don~t know - and
1gnored he-_ﬁyes" and nd" responses are
: . . 4> ‘ . e “

’nlnterpreted as dom1nance data, e, g., a respondent 1s sald to

\

f“domlnate 1tem whlch .e, angwers pos1t1ve1y (Coombs, o

used to represent the observatlons..r'ir«'.'

b t 1s assumed that -the construct ,i§

) -( IR R E BRI . oA .. .
" unbd1men51onal~ i. e.,fone constfuct domlnates the data. “This
i ’:' : L oo JY\ : '

;Qiassumptgon can be tested by a. serles ST un;dlmensxonal

v’scallng models w1thout changlng the structure -of the data.

s . ‘_,~ ‘

ff?wo central questlons can be ralsed then- f1rst\7- reﬁfthej;g
deata dom1nated by one latent tra1t or’ do they measure more
S ‘," . e "3 .

_:than a 51ngle dlmen51on' second wh1ch scallngatethnlque 7is
. R 4

. . . r‘ .
HEE R ‘ 2 ; . EERSCH ..*_M\ S L' <
- i . . 3

.-:‘-‘

-
i e
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1.1 The Need For Non-Linear Models T
1 1 1 Introductlon | [

..

Many of the recent developments 1n soc1ologlcal methodS*‘

ffocus on the use ofd multlple indlcators -(1tems) . ‘the‘j'

'measurement ;oﬁ~i constructs ._or latent_ varlables.‘ Thisfg4

: developments follows two ﬁradltlons whlch we term ClaSSIcth>.

_-spec1f1c assumptlons abgyt the data.

‘Tnue Scor'e Theory and Latef?t Stnuctune Theor-y

The~cr1t1cal bas1c assumptlon of these.ftwo-.trgditionS'

that:aa.fséfh,Of 1tems formlng an 1nstrument all measure e
'igust one- th1ng,1n common. Further, hit éiS' assumeg that ja?"
';mathemat1cal funct1on descrlbes the relatlonshlp between theth’
lhobserved varlables- (1tems) Land’:ﬁthef{>latent_‘ varlable;.'ﬁ
h:(construct) ‘ Th1sl relatlonshlp ?istua‘ brobabrllstrc“;one:f'n

‘because both models assume that error ‘is - 1nvolved in. “the"

o

_measurementjprocess of the latent varlable.

' For eacg;-tradltlon, hdwever, dlfferent mathematical“'7;

models.;QSé: used to descrlbe the relatlonshlp between thep

- observed »and .th latent var1able,‘:wh1ch ‘are based :on;~.‘

3

£

In the next sectlon, we shall 1ntrpduce ‘the classical

v:true score théory modelﬁ}and in the Chapters 3, 4;\andi5‘3w

L4

G « -

will examlne ‘the ‘theory and - 1091c of latent structure7° ”

"N

) mddels. Based on tke def1c1énces of the cla551cal true score

rd

,theory model’ we w111 argue that latent structure analysms

“ x froo
Vo . D T
B



;tis' r- more 3 approplate technlque ,to4f establlsh -the7f?5
12un1d1mens1onal1ty ofha set of dlchotgmous 1tems.:_"

31?1 2 C1a551cal True Score Theory ‘ffj*f;~jzl_,J;é",

Models based on Clas51cal True Score Theory (CTST) are?
;famost frequently used 1n the measurement 'f_ unobserved 76&_7“
E:latent varlables.-In partlcular in attltude measurement andh'7}
generally, these models have -galned 'w1despread

. pcceptance.

?“soc1ology
- ‘A"""c R . .
f]gr; CTST models are based on weak;mssumptlons,ithat 1s,‘the;
| assumptlons jca be met easaly by most data sets. Probably,;'”
because of the model s wiak assumpt1 ns and because jthef

model led to . ’thet formulat1on of - a number of 1mportant;

\\statlstncs (Lord & Nov1ck 1968) the‘CTST—model,becamerveryﬂ“}J

,-‘»\ .

popular 1n the soc1al sc1enes.o ‘kfg:

fo The\QTST model is a: very s1mp1e mathemat1cal model that“
',’ .

*

assumFsr a l ear rélatlonshlp between the observed and the.j7

\

labe%t varlabie (the true 'score)e;» It jis assumed that ”a:;f}

Person s score on anxltem is made up of two components- true\ .
oy

: iscorg and error., The true scgre and the error are percelved
> . . L

:ofas_ completely 1ndependent. The true- SCQre s v1ewed as1

'vunchanging_from one set of 1tems to a parallel set : y'l'..‘a

The 'verror 'is con51dered to be unlque to the spec1f1c

'measuremene-and to be: entlrely 1ndependept of the error that'»“

-

mlght!#equally be expected to appear on another measurement
dges1gned to assess ‘that same latent varlable of- a person:

| (AIlen and.Yeni,1979) The true score can never be dlrectly'g,

. S . . ':%} . o
el



o

“”abséfJeéffand f; estlmated by thg observed varlables. The .

"observed score serves as an 1mperfect estlmator of the "true

-

l'score because 1itﬂ'is assumed 1nclude error.}hmsj,a‘”

ihconsequence, CTST 1s a stochast1c model CTST. is concerzfd,

\

lw1th the rellablllty of measurements, and more spec1f1callyf

”cthh the standard error of measurement

‘j' Hambleton (1979' '1980)- and Hambleton and Swam*nathan%'

‘(1985) outllne the many shortcomlngs of CTST— 'Oneiﬁoff'lts‘

R

.most severe 11m1tat10ns 1s that the 1tem dlfflculty the the

[

7proport1on [IOfr respondents -'answerlng ]*_an.;; 1temAT
p051t1vely servesf as,-the ba51s for item analy51s..Because

:frtem d1ff1culty varies from group to. gro&p 1t ‘may be argued“,‘

" - Y - ) e o "

o Proportiong of” correct answers in‘ . group of

o examlnees 'is " not really a- measure of ~item

, d1ff1cu1ty "This proportion describes not’ Only the

.+ test - items but .also the: group tested" (Lord
©1980:35)., ’ ST

Anotheriwshortcoming of CTST is' that comparlsons of'

_respondents on a latent varlable measured by a set of 1tems

are llmlted- to ~51tuat10ns' in whlch respondents 'are

_-adm1n1stered the same\(or parallel) set of 1tems. Thus,'-thej

number p051t1vely answered 1tems is not 1nvar1ant from

"test to test and depends upon the partlcular ‘set ,of 1temsffw'

taken. In"comparatlve research_(the concern of'the‘éresentz
Study) : 1tem parameters that remain, 1nvar1ant aqrossig'

Tgsubpopulatlons R and:‘ populatlon -*parameterS' that Aremain

3:1nvar1ant across a set of ltems are extremely 1mportant.‘

‘/\

~0n1y~when these condltlons are 1 met can: the same set of 1tems_-

~° ,~.' -".‘



be used to compare subpopulatlons.p_ - n.;!f;c
A Y : -

“t{“\Q\turther def1c1ency of CTST 1s that conventlonal item"'
analysls does npt descrlbe how 1nferences from respondents
'71tem responseS\can be made about a respondent s pos1tlonloonnoﬁ

'the latent tralt. dej‘ _ o -;f L f'_':wf‘

‘ F1nally, varlants of CTST =are’ usually employed 50
.evaluate the. unldlmeh51onalmty of . set of——etems f rfof
T e ;/ T

:inStancé, 'linear factor4 angLy51s and leert s scalq\

'ana1y51s. nInf;the case '-chotomous 1tem responses (the
‘concern of the present study) thlS assumptlon of 11near1ty
‘may be v1olated because dlchotomous 1tems cannot ‘be’ llnearly
'related vto’ contlnuous latent varlables f and='>thls ’Ls 77
partlcularly the case when 1tems dlffer w1dely\1n dlfflculty -
levels (Hatt1e, 1985; McDonald 1982 McDonald and Ahlawaﬁ,h

. e

1974 Hulln et al., 1983)

: For 1nstance,‘con51der a’ d1chotomous 1tem‘and con51der
‘drawlng 9’ graph» o » the probab111ty of gettlng a p051t1ve
. answer as a functlon of a latent ‘'variable" such as attltudes Jf
toward j abort1?n (see, Flgure :111);5-we2‘expect this. -
__probabllrty to 1ncrease w1th t¥he respondent‘s p051t10n gn. |
i?the latent'attltude;varlable.;However, as Figure 1.1 shows,'
;S1nce the measure .is:'dTSCﬂéte' and 'the"iatent tra1t 5ts‘t
_:contlnuous we get probab111t1es less than O and greater than
unlty. As.a consequence, common factor analys1s w1ll yleld
.:both factor*s of content ~and factor-s of - cunvzl( inear-lty
'whereas the latter factors are mathematlcal art;facts‘, of

_the;v;olaﬂ1on of'the assumpt1on ofv11near;ty.(McDonaId,

LM
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_Probf‘a'bil_ity of a positive response Py(6) . .. -
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~ Two linear model ICCs*
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g 1985) o e
C1a551cal test'ztheory and assoc1§ted procedures have
fa1led to prov1de satlsfactory solutlons to the shortcom1ngs-f

.4ment1oned above.f Therefore, a good deal of 1nterest among

'theoretlclans and researchers has centered on latent class

and latent 'tra1t theory‘ 1n order to develop more
: approplat“‘theorles of the measurement of latent varlables.

Gettlns\ahead of the chapters 3 ','and 5 T“tent classe .

o models are used for ;the analys1s of dlscrete »‘latent :

var1ables, whereas latent trait ‘models can. be 'used*tof

examine cont1nuous latent varlagles. Lazarsfeld ‘refers ‘to*'"

J;the. 5tnoﬁ approaches .Jasv ‘"Latent Structure Analy51s

-

(Lazarsfeld 1950) Wlth respect to the four shortcom1ng of;f:

..‘

,th CTST model . latent. structure»'analys1s offers'fthe7:.
follow1ng alternatlves'_giwldﬂ.‘”_”" -”ﬂaﬂtf‘gfifﬂi}&j°
First, latent structure analy51s has the attractlve property

. ‘ N . - B ‘ .

of 1nvar1ant 1tem and peraon parameter est1mat10n .whlch 1s\n;\

gn' 1mportant ‘reason to wuse these models 1n comparatlve

W T

research 1nstead of CTST C _.' o v_!

p'atent structur% analyses prov1de Wnethods 'of

S 1nferr1ng a respondent s p051t1on “on thef latent varlable:.

o

v
.mr‘g{/

from a. set of 1tems.' - l»7l«" -r'xﬁﬁl
Th1rd | latent 'structure 'analyses enable us~}tojv'de{ine

mathematlcal functlons that a55ume nolelnear relat1onsh1ps5

between the observed and latent varlables. Therefore 1n theh_

-3

casé of dlchotomous varlables (the concern of the ptesent) :

stUdy), 1t is generalIy better ‘to employ such models 1nstead_j?



l_ofylinear ones. -E'*i o R - R

: S e .5) L
1 3 The Problem _ - | f, g AT
| There are four objectlves to the present study

(1), to 1nvestlgate (by us1ng several latent structure

“models) whether the seven 1tems on - abortaon, that have'

OA:"

appeared (in the .1982 NORC GSS and West German*ALLBﬁSh
combined'files; form one or twow dimensions; (2), ‘to 7Ceev
s

whether this Set_»of 1tems or a smaller subset compr1

-

scale that 1s robust across the populat1ons :under .study;7f¢

(3) compareu.th Amerlcans and' West Germans:onfthisd
L e g:": -': b wiA : : ' !
- .robust scale"(é) to show how the robust scale can be .used

"asflthe reference 1nd1cator »(or 1nd1cators) 1n ar LISREL;,P

model h;;{ 'p';_h»”fﬂfftr*Vdﬂ, - 5';u .

ST \ »,Qﬂ (t -~ { E ,....;
Theg;abortlon 1tems const1 ute a %artlcular y usefui;

'“Choice 6f.‘

)

' prev1ous ”research has not resolved the 1ssue of whether theflf
. \ :

'fafstudy on un1d1mens1onallty 51ncev,r

dlfferent condft1ons under whlch abortlon mlght be**usedf"

e

constltute 'a“ unldlmensxona& et of 1tems. The condltlonS'“‘

assoc1ated with the-1tems are° (a) a, strong chance :oi "a

serlous defect in’ the aby (DEFECT) (b) the woman is . marrled_ﬂ'

- and does not 'want any more chlldren (NOMQRE). i(c) .the:(T
woman‘ﬁ own health is ser1ously endangered by the pregnancy‘

(HEALTH) (d) the famlly has a very‘}ow -1ncome and cannot

' afford any more- ch1ldren (POOR) '(e)dfthg' woman became“f‘

pregnant|as a result of rape (RAPE) (£) the ‘woman ris‘ noti'

. marrled and does not want tofmarry the man (SINGLE), (g)‘thef7'



i

woman wants it for any reason (ANY) “jf

e

Studles that ' suggest that the 1temS'*form-Vtwo- scales;d~”

K(d1men51ons) rather' than; one, 1nterpret these scales -as:

i‘one made up of the three easy 1tems, DEFECT HEALTH d o

. / ’,
RAPE (abortlon for,,'medlcal" or "hard"‘reasons) and-the

other-scale made up of the’
:z(abortion for‘"soc{ai" or " oft" feasonS)

The‘major emp1r1cal dlfference between the \Ewo sets - of

s

:prtems- is. that the pfhportlon'of respondeabs‘:ho approve'ofy

:Qabortlon for medlcal reasons is substantlally greager than

fithe percentage who approve of !aortlon for soc1al reasons,lﬂp

" But whether thls dlfference jUStlfles the separatlon of Ehe?

»n-.

'151x 1tems into two dlfferent measures is another questlon.

< -

‘.'M'ORE,‘, ”polprz and SINGLE ltemsv'

The questlon of whether the six aBortlon 1tems are gy

'”dominated by a’ 51ngle undeﬁlylng dlmen51on has been attackedg_-

.dlrectly and 1nd1rectly by researchers u51ng a d1verse array'”y

qof methods. Some studles 1mp11c1tly assume un1d1men51ona11tyw

Ny n‘.

@th SlmplY summ1ng the p051t1ve responses to each of - the '1g?7~

\

'ﬁltems wnthout preSentlng any ev1dence of". scalablllty 4Coombsp'7

R

‘ and Welch 1982' Flnlay, 1985 Hall and Ferre, 1986) Othe& o

=dstud1es'vsubject theSe :1tems to ,a: Guttman (1950) scalef;:

.~

ianaly51s (Arney and Trescher, 1976; Ebaugh and Haney, 1980-'

' Granberg,'1978* Jones.and.Westhoff~'1973), All'theSe studles

. v

%report coeff1c1ents of reproduc1b111ty greater than 190 d

-conclude that 'thef 51x abortlon 1tems are domlnated by the o

' same dlmen51on. However, ohe can’ obtaln very hlgh values ~of :

fy‘The ANY 1tem was 1ntroduced to the GSS sAn 1982

" e



o _g;;, S "f~*zfﬁ. oS . sl ~ ERS ‘
lthe coeff1c1ents of reproduc1b111ty even thoUgh _the' 1temshvy
ﬂglack un1d1men51ona11tyg,(Clogg and Sawyer, 1981° Guttmangrff
'-i1950 Mokken, 1971°-Nunally, 1978) H1gh REP coeff1c1ents"{y
;c;aref not compelllng ev1dence of the un1d1men51ona11ty of the'
~ abortion 1tems.dv | | | e |
F ’thactor ana1y51s of the 51x abortlon 1tems‘separates the,
fmedlcal and soc1al 1tems 1nto two factors when Ione‘ adopts“”
'the; conventlon _of fextract1ng as many factors as. there are;
'e1genva1ues greater than (Arney and Trescher,: 1976A
Granberg,,l19$8) : However, .one could also 1nterpret these
results as.anvart;ﬁact of}the_differences_rn,.proportlon.;of
."respOndentsruwho endorses thevitems; More speclflcally, thé.
results of those factor analyses may be due to both -factors .

(=20
g of content and factors of curv1l1near1ty St

Papers w1th a more methodologlcal fbcus address !thé";:
1ssue of ,the':unldlmen51onal1ty of the abortlon 1tems mofe
.vdlrectly Clogg and Saqyer (1981) used a- varlety 1atent
',class models and concluded“that two dlmen51ons,jigther thantld
'lone,.underly these 1tems. They base th1s conclus1on 'on anj
Heleven class - "b1form" Q model mTen'- of vﬂgheﬂl classes
;gcorrespondend to the 5cale types of a. conventlonal Guttman;
scale analy51s,:and the'eleventh represqnts a re51dual class
of "intrinsically nnscalable',1nd1v1duals. Clogg and Sawyer»
" argue:;thatf the . ten scale types represent two orderlngs of
”the‘ items. -However, ~the dlfference between these :ftﬁo
’ ordErings l as_’.notq?ng in common with._the ,prev;ously
;dlSCUSSGd alternatlve to the undlmensionaf “interpretation:.
o ; : . o . S :

. L N \
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'ireasons.. Moreover,d the hlgh ’percentage d' l;cases in the

- compared

X A\

ST T LA . R SR LT e 12 .
NN _.,J,:.-“" ,fi‘, : . o .40 N RS - .' BT - T " N . T y u'h..

;,_,w ) *: ‘. D N o "“

uabortloﬁ for med1ca1 reasons and abortlon fbrAu socialf”

..

e M001Jaart (1982) analyzed flve of the sxx cond1t1ons by

L

: A

~1tems, lve,,:a llberal versus a. non llberal att1tude towards :

abort1on. o ' o 5'§§.: C T .

Flnally, "Muthen . (lQBZYn ‘analysis supponts bcftwo;7

4

d1men51onal conc1u51on- thev-easy. items. - measure attitudes . -

toward ‘th : use of abortlon for medlcal reasons,»wh%&e.thef

.\

abort1on for soc1al rasons.,Because Muthen s probxt ana1y51s

p051ts a non- llnear relat1onsh1 between the mltem and ‘he_f'

E

latfnt tra1t -1t representﬁ@gn 1mprove@ent over conventlonal

factor analy51s. Nonetheless, probit factor ana1y51s_imayﬂ7

fall ‘fo escape the consequences ‘of the w1dely d1Eferent
p values of the abortlon 1tems, because it may -notv capture

completely the d1fferences ;;n:_t' . degree‘ to. which the

"1tem tra1t relatlons depart from linearlty ‘As'cStinchombe

A\
(1983) ‘has po1nted out one can draw on an 1nf1n1tely large

fam1ly of -monotonic,- non- lanear relat1onsh1ps - model

oo Ky

. 1temrtra1t *relationships. In i1ne\w1th these arguments, by

. K
Spec1fy1ng a partlcular form of aa_nonzllnear; relat1onsh1p

-,

.unscala\le class of GoodAan s model presents a,fproblem fér;;
: comparat1ve reseanchers, since remov1ng these cases from the"

ﬁanaly51s obscures thef naturei’of ‘the’ populatlons belng -

means \Vof. latent class analles ‘and concluded~~that»_ah‘f

one d1mens1onal é&ructure can be postulated to -underly 'the”'

- . . o g ) o
more dlfflcult 1tems measure attltudes toward -the wuse . of
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’f-for all 1téms,.Muthen s problt 'ahaly51s -mayf,also:'produqel.

 'spur1ous factors. _ o . ST
In llght of the above d1scu$$1on, the Mokken method tbf
tscale ana1y51s may prov1de‘a useful method for asse551ng the,ﬁV

"un1d1men91ona11ty fltthe'.abort1oni 1tems (Mokken,:-1971-ﬂ
. g N ‘ "' : R o\ *
‘Klngma and Reuvekamp, 1986a; 1986b)...As a 1atent tralt N
”'method thea Mokken metho represents _ag; nonﬁ@arametr1cj1,
*stochastlc exten510n of. Guttman s method for scale :haly51s'

< . . v

jof 1tems within a s1ngle populatlon and; asf such placesn'”

less' str1ngent requ1rements on the ‘data than GUttman's o

method and. other parametrlc, scallng methods} ”JnStead' :it"“

'requ1res only that the relatlonshlp be monoton1c and that.f
the. tracellnes, whlch descr1be the relat;onshlp between 'tﬁeV
@§tem and latent wﬁrlable, do not 1ntersect Therefore,vthe"h

[y t . o
" Mokken method may\% prové f‘superlor “as a'_'ﬁest - for-

funldlmeﬂslonallty finfﬂfh :case foff d1chot§§0u5'itemﬁlyi£h:t&

&
wﬁdely d1fferent p- values.. _ _ .
';In .add1t1on 'tof thlS, nelther‘the latent class models:;-
‘nor. the other dlscussed modelshprov1de procedures e1ther for

reduc1ng h item pool to a set of 1tems that scales or for
‘further reduc1ng a set of scalable 1tems to a subsget that 1s'i“
. - \ . A .,l\ ’ :
urobust across the populatlons studled N

8 i

ThlS last feature,of the Mokken Methgds, ﬁhe' Mokkeﬁ?'

L% 3

‘k'

Test ;¢ is partlcularly 1mportant 51nce it allowsA the

~

"researcher to test the extent to wh1ch the hojg%enelty on a
set of 1tems is unlform across the pOpulatlons under study\

M{Niemoller et’ al.,‘1980, Klngma‘and Reuvekamp,lJSBGb)w. Th;stlt




; B TR
- 1ast-~test fmay prove .useful . ;\lfﬁéllbreSent 'study 'fof{'"
establlshlng\ a scale of attltudes towards abortlon that 1s
f'robust across the Amerlcan andeest German populatxons.'.

fi Desplte our comments ,regardla? the more restrlct1vev
model spec1f1cat1ons of the prev1ougly dlscussed parametr1c
:3;models, ve Want to empha51ze that the Mokkeg method and test
?vare rfgarded less as ‘a competltor of-'these"ether methodsilﬁ
githan as’ .8 prél1m1nary step 1n the construct10n4of equ1valent
scales. We§aw1ll show in the ,,present study that ﬁia a
particular lSet of 1tems Emeets the‘Mokkenzcrlterla»for a
frobust scale,f‘more restrlctlve techniéﬁes such Sy the
:lloglstlc _test models (Blrnbaum, 1968) can be used mn ordere
'rtoytsee whether othe- 1tems possess other-d pSychometrlc

.,‘. >

- properties that.are common acrosé the pOPU1at10ns.'3ﬂ§g.

rs

Flnally, s1nce the Mokken model assumes only an ordlnalf

f”dscale, the scale can be reflned by a551gn1ng a metrlc to thef"

‘categorles of the cross nat10na1 scale.,In the present study'n’

']thls w1ll be accompllshed by ugﬁng the log mult1pl1cat1vef

~ methods d1scussed by Clogg (1982-: 1984a,»‘1984b) Goodman C

2(1984- _19875 Clogg and Goodman (1986) as: well as by u51ngf~
jloglstlc test models (Blrnbaum,‘1968) ‘and McDonald s methgd
_;of\harmonlc analy51s (McDonald 1967‘ FraSer, 1980)

'Véased on the results of these analyses we _will dec1det'
which technlque(s) ‘is; most. useful in the establlshment of
‘jmetrrc_ cross-natlonal’.scales hforl:drchotomous data .wrth;

widely different difficulty levels. ¥ =~ —.

N, - o - L e e



1.4 Justification of Research

“of course, the qﬁestlons can ﬂbe'ﬁfaised,Q,VhY Lis it

15

'1mportant _*vt attempt o, resolve ftheﬂ;'lssue »;bf;»m_

j}unldlmen51ona11ty7 Why bother about mobust scales’__;

F1rst o many researchers ma1nta1n

~

fltems tap two att1tud1na1 dlmen51ons' attltudes toward vthe

"use¢ﬁof- abort1on for medlcal"Areasons and attltudes toward'*

the'USe-of'abortlon fon,"soc1al" reasonsq -When these ;two

the abortloni*

-isubscabes are produced by summlng the hard and soft 1tems~fg

&separately, the researcher w1ll llkely f1nd that' theh tno}

"fscaleS' will correlate 'somewhat dszerently w1th varlablesu

X

jbelleved to be related to abortaon -attltudes,»HIf 3thv:.tyo

subscales .measure d1fferent d1m8n51ons, ;such'differenCeslg:-

ralse substant1ve questlons that Warrant further emplrlcal'hf

!rresearch Why, for 1nstance, would attltudes toward abortlon‘

7for med1ca1 reasons :correlate- less"w1th schoollng than

‘attltudes,'toward abortlon for soc1al reasons7 on the other B

~hand,. iflthe twOf subscales measurerfa 51ngle_ dlmen51on;ﬂj}

'dlfferences “in the correlat1ons would represent an artlfact"

of dlfferences 1n the p-values of the items that comprlse.p

"the- scale. In thlS case, pursu1ng a subjtantlve explanat1onaff

_of the. d1fference 1n correlatlon would b

1 4

,r

1nd1v1dual populatlons to a core set of 1tems that -scalesﬁy

" a waste of t1me.-"

Second further reduc1ng a set of 1tems that scales 1n;t'd

across Athe dlfferent populat10ns may prov1de add1t10nal;ﬁ5

\

‘1ns1ght 1n¢o the latent varlable that the 1nd1v1dual scalef

;measure. For 1nstance,'wh1ch condltlons of abortlon comprlse



R}

o-'_

a nobust scale and why are other 1tems not robu%t across the

:gsubpopulatlohs_

fw,'f Thlrd the_ development of an equ1valent sca]e allows

~

.;the rese%;cher to separate hcrossfnatronal dlfferences 'rn
:5cores n.’.the latent : variableh7 from 'cross nat1onal
”d1fferences in the 1tem S. locatlon on. 'the' laten{ varlable

: when

e1ther __the‘p’non parametrlcf Mokken model .i.ther,m

a,one o) rameter Rasch model hf employed ‘ Moreover,--fby:l'

ev

enable the establlshment of robust scales, more lnS}ght Willf"“

_J.._

“jbe_ galned 1nto the usefulﬁess

‘;attltude measurement in. general B R

Fourth ‘,useful comparlson by means. of cross populatlon .
f’analys1s LISREL models requ1res that the* sloper offﬁthe?hn

7v“reference.1nd1cator 2'on the latent varlable 1s"1nVariantmwﬁ

(Blalock 1982 80 85)

B S

’VS1nce the unobserved varlable has no metrlc of 1ts o"-”[WeTf“

_may-'select ;onef;of-'the' measured 1nd1cators to supply 1ts

metrlc. The selectlon of ajfreference 1nd1cator, however

poses a vexlng problem for the. use of LISREL in comparatlve
&

research because va11d comparlsons requ1re that the slopes

“

( un1t of measurement)

.-same’ on the latent varlable. ThlS means that we.vneed to‘

——.—-—————-———_———a——

LA reference 1nd1cator is a varlable whose "load1ng or:
Tslope on the. latent variable is set equal to one. The term

_uatlng dlfferent un1d1men51onal scallng technlques thatf"

of chese’:technlquesg;in,h'

b (N

::} the referent 1nd1cators are the7‘“

"reference" 'is used because fixing the loading at one means .~

s-that the metrlc of the latent variable will ‘be. the same as
‘the metric of. the. reference variable, In'addltlon, ‘the

‘loading . of the other indicators which are estimated from‘the‘

" data also'will bé expressed in. terms of the metrzc of the.
,;reference 1nd1cator.« : . _

." e
A



:”deve‘op a robust~scale whoseif1ntervals- beiﬁeeh‘-the;“scaiee,v

\ . . \ N

scores are rhe same for both countrles. Only thd/ can real“l e

dlfferences 1n ;he effects of several predlctors oﬁ abortlon”~*

'1att1tude across research sett1ngs he studled
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2. SOME' BACKGROUND €O LATENT STRUCTURE ANALYSIS . :°

',f."

-fz 1 The Concept ot Att1tude

.'i"f In order ‘to understand how att1tudes can. be'pmeasured"“f

f1t 1s necessary :o examlne the concept of attltude. L1ke the33;
majorlty of conce {in - soc1a1 sc1ences, the7 theoretlcalf&/

deflnltlon fof the” concept att*tude 1s not well developed |
'_Campbell (;550) argues that SOClal sc1entlsts uéé elghtyh;}

”rtheoret1ca& deflnltlons fof- the concept of attltude. Qgese;17
e_elghty def1n1t1ons,: however share the_ same operatlonaljv'

;Vdeflnltlon.a‘51nce the present stugg is conCerned about the“,h

A ' i

*.meaSUPemenTT“ attltudes, ]w”‘:w1ll '-only . dlSCUSS the*v‘
f

-\ . n'.

’1ntegratlon

% the theoretlcal and operat10nal deflnltlonSJ-'

qof thlS concept.vorhff;*ngf7_;}.¥_‘ .'“{“j",'uhb ‘_,;f*

Accord1ng to Nead (1934) an att1tude 1s an 1nc1p1ent

';*act{ It represents che 1n1t1a1 stages “of behav1or.j If
'Q*conceptual1ze att:tude toward abortlon in Medlan terms u91ng?4»

fj%he abortlon ltems as our measure (dff operatlonallzatlon)

f»we env1slon women hav1ng.or not hav1ng abortlons as the need,/
,‘_\‘ " RN
arlses, ‘men ,upportlng or ,DOt supportlng that dec151on,__

p011t1aal actlon or 1nd1fference ‘toward moves to 1ncrease ore f

~

decrease access1b111ty of legal abortlon, etc.~

;;f‘ Another reasona for conce1v1ng an atgizzdé 1s the fact

\7 .
that socual ob]ects (attltudes) are more or leSS' general

B¢Peop1e ,respond both to these generallzed obJect and to the

N . | .
spec1rlc contexts 1n wh?%h these objects appear. ;For. bhls

reason, the abortlon 1tems are‘1nd1cators' i, e.,_the Qerson




.
L e

frespoﬁas to - both abortlon,_ﬂwhich‘ 1& the focus sof]fthejﬁj

e

'questlon, and the context.;‘ _ ‘ - » A
a Green (1954) developed thls argument further.d‘ﬁ?glaisofu_
'?argues that hef concept of axtltude does not refer to aﬁ§fﬁ:
M{rspec1f1c act or‘response oi a person,‘but that it is used to-F_
: descrlbe _'h oen51stency (or" covar1at1on) of a number of;::
'?:spec1f1c soc1al situatlons (e 9., the abortlon 1tems) of theffg
h$a¢é' general class (attltudes‘ toward. legal 'abortron).eff
” Therefore ’1t is assumed that when’ pefson A" has ﬁa“5lé£§-7:
’h;favorable'>att1tude toward legallza:tonf?“;f ahortlon tham
:f'person'él we’ mean that A s responses to a set of 1tems aboutj_"
g%gallzat1on EOf' abortlon ‘are con51stent1y less favourabled
. than are B's comparable responses._Indeed thls tran51t1v1tyfh
= holds 'onlys 1n the probablllstlc sense 'Pd 'more 1mportant,ff7
%1f the responses to the context of the 1tems are equ1valent

'%..

From a comparatlve point - of view, we empha51ze.the need}a
.to keep: seperate the dlfferencelgin'hthe mgene;a;v”att;tudeﬁhd
',measured by at set- ofh ‘items ~§rom j¢§§°drff§£eneg'ih"the
proport1on of respondents -who endorsesi:a' sbecftic' 1tems.v
Whlle dlfference in hthev proportlop oft respondents who
'endorses a spec1f1cA1tem represents an attltude change that
is soc1ologlcally 1nterestlng,‘1t nonetheless constltutes a
‘d1fferent k1nd of dlfference that most researchers have An
"mlnd»rwhen they talk _about drfferencesdrn attltudes. The
problem w1th u51ng ‘a 51ngle 1tem to measure d;fferences {h¢5’7
general attltudes, then,t'is _that 'responses- to‘the*itemv

;confound the general attitude ' with oBinions‘fabout ‘the

SN



grounds that deflne the general context in whlch the ;tem 1s
couched.,,T’;db.;,égr.4"Uif'sfj;.vwv-' | -

fin"_théu.”/".' xifattftudeq'fscaling.f technlques

(Thurstone,. 1927-7‘L1kert 1932, Guttman 1944) as well as )
< the more sophlstlcated Late&t Tra1t Technlques (Rasch 1961‘u“”
:; Blrnbaum, 1968 d Lord 1952- Clogg & Sayer 1981),response,*'

-'con51stency to a spec1f1c set .ofﬁjltems about thl5riatent"

v e
- varlable (attltude) must be demonstrated
2 2 Class1ca1 V1ew of Measurement - . g N

'fThe quant1f1cat10n qfi psychologlal .attributes '1&#25 f“
J.atti. des has been the subject of . much debate. Fromxithedh

eariy twentles ' 1940 Campbell S publlcatlons.(Campbell ‘

:f 1921; Campbell 1928) vere hlghlyﬂﬁnfluentlal in,'what has-“'

beeg | callga the cIaSSLEaI View of measurement | Thisu

*ﬁ;llcal view stems malnly from measurement 1n phy51cs.
”“ampbel; d15t1ngu1shed two klnds of measurement:

Fundamenral.and derlved‘(Campbell 1928 4) Fundamentalvgand

3

dineet - measurement are - only p0551b1e when_ addltlon" as af'ﬂ

mathematlcal OPeratlon can be show be }1somorph1c wiﬁﬁ’~1
operatlons on4 the emp1r1ca1 ob:::ts\ An. example is thev
g measumdment &g mass in whfgh he add1t1ve 'operation
{=cons1sﬁs o puttlng welghts together in a baignce.fOnly a

.few prppertles, such as we1ght and length, are measurable in
thls’ fundamental way In the f1e1d of soc1al sc1ences very

few varlables }'i, -aﬁy) e_ measured by a fundamentali

procedure 51nce most of these varlables are unobservable and



'ﬁfconsequently Jnot:'physiCal“orbempiriCal;QUantities'(Duncan;'"
"1984a) :
ok S ... f'=.= L
.Derlved measurements | -are '~'based - on - fundamental '
= . - ARSI S o
,,measurement,,l e. they are erlved by means ‘of,‘numerlcal-;
. laws relat1ng fundamen {al measurements.<fFor_ 1nstance,
Hden51ty 'is measure ,.by ‘";ratlo of mass* to volume.sud

’~4'
and necessarlly derlved measurement

: ~Fundamental measurem,
_result in ratlo orrvlanrval 'scales. Both , measurement

n_procedures are ‘ra; ely applied 1n soc1al sciences (Torgerson,

Saesey. o o

f213‘TypeSfot\Scales

During the 1940 s, social‘scientists"feltiﬂthat other

approaches ,to measurement Were needed whxch should not be
»llmlted_to fundamental and der1ved measurement sStevensut

(1951 1959) | broadened ith | deflnltlon‘1of; measuremenéﬁ’y
;tcon51derably by 1nc1ud1ng those emp1r1ca1 vrelations wh1ch~ﬁ'
‘lc' be quantlfled uﬂamblguously “He 1nterpreted measurement

."as: the a551gnment of numbers Lto quantltles E of‘: the;

e L

xn accordance w1th certain rules

properties of object

- In establlshlng these rules for the use of a partlcular
measurement »the,‘ only ‘ procedure excliuded - is random
‘La551§nment-ﬂ "if1'there is  no criterion,;for determ1n1ng

;fwhether a glven numeral should or should not: be a551gned it

4;is not m urement" (Stevens, 1959 24) SteVen 5 deflnltlbn
* of _measggkment has become very popular. and frequently
. .
appears 1n textbooks dealing with social measurement (see,

g s
.:



:Torgerson, 1958- Bohrnstedt 1983- Nunally,.fﬁgélzi“?ﬁ*.

Stevens ‘-1ntroduced four. types of scales, namelv,ﬁﬁfd

w]nomlnal ordlnal 1nterval and ratlo scales. In contrast to
R s ’ ’

.i_Campbell s 'restrlcted class' of «addltlve operatlons, -hefz'f

"1cla1med he_ range 7off trarsformationS' under ';wh1ch faf“'

. ;partlcular'fscale' is 1nvar1ant as relevant for measurement
" The adm1551ble transformatlons deflne the scale ,types nd
vconsequently there 'are .as‘.many scale types as classes of"

”adm1551ble tranformatlons..,p'
These transformatlons, however, are l;mlted by: the dataﬁ
*we~'are.”.1nvest1gat1ng, i.e., Fany” transformatlon .is

‘._permlssable'- that _ preserves . the emp1r1cal 1nformation:“'

_'vcontalned in the scale. Thus, a scale may be transformed Jin

..\.,n'

_any way that does _not . change any 1mpl1cat1ons about the

'.emplrlcal system it represents.,

-

Scallng then, “can‘ be deflned as the a551gnment of";
"'numbers to propertles of objects in such ai way’" thaty,the

' emp1r1cal””relat10ns between the objects are 1somorph1c w1th

rli

the comrespondlng relat1ons betweenithe numbers (Stokman and"

Verschuur,ﬁ 1980) 4~For example, 1nvthe case of the abortion

: 1tems we assume -a domlnancy relatlon between the 1tems Thlsf'

’:means' that when‘abortlon item 1 is. more often endorsed than"'
, - .
abortlon item 2, _this must be represented by the number Ny

-

larger than the number n,

———

", We call our model a’representatlon of the data,:1f the_

relat10nsh1ps among the 1tems are properly reflected by thev.h

_relatlonsh1ps among the numbers a551gned to them based upon’

. . . o °

a



.

agsed of rules (neasurenent mogel). That is, we have
© measured the property - (‘lat'veln't ‘-vzarj*ablé)_  we have established
a scale of meaafrement o k =

Stevens 1ntroduced four types of scales?

Nomlnal scales represent the ‘most unrestrlcted ass1gnment of‘

'numbers - groups of objects (1tems) ~The~number5~are used L

V- . ..‘, .

. IR e
. to represent categor1es in . a cla551f1catlon and- have ' no

-quantltatlve 1mpl1cat10ns.-:The Aadmissible‘tranSformations>

’are only 11m1ted by he rule' "Do not’ asﬁign“{the :same

numerals ;toﬁ dlfferent clasqes or d1fferent numerals to- the

same class >(Stevens, $951-26) Nomlnal scales are of greatyf

Ld »,
B A

"1mportance in soc1olog1cal researcb

. -

OPdlnaI scales arxse from the questlon ofnrank orderlng

»

Y W L
1and prov1de only 1nformat10n of the relatlve posxtlons of___w

1tems -w1th irespect to 7an attrlbuted Only 'the ordlnal.

* .
propert1es of the numbers are employad 1n méasurement.’_The

adm1551blev transformatlons for thfse scales are the set ofv

. .o S ~¢

'all order preserv1ng transformatlons. \Most of he scales”

.. A

used in -"the spclal .sclences haVe nord1nal propertles'

e
o ® -~

exclu51vely o T xﬁ' 1‘“ L ;

Intenval scales”“are based on an ordering of interval

wlth respect toa certaln property The differences ‘between

the '1tems (the 1ntervals) w1th respect to the attrlbute are
1]

. known, but no 1pforma%1on 15 ava11able about ‘th.~ absolute

?
»
o

magnltude of 'the 'property -of any subject There is no

knowledge of .af}"true"' zero' point. ‘The' scale ?=rema1ns
’See for cr1t1c1sm on Steveén's' deflnltzon of nomlnal §Eales
(Duncan 1984a' Torgerson, 1958) ‘ :

-4
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S

'frnyarlant after t
| “Ratio scale
' w1th respect to a
' succe551ve
dthe‘ scaler
af51m11ar1ty ‘tran
” typlcally found 1

In ,t

‘that assume ordlnal and 1nterval measurement levels

latent varlable,
‘In the'next_
r‘evaluated.'_by

_ representatlonal
',measurement ~i$”

'show'ithat repre

: evaluate the con

of the property measured .and_

‘1based on;the scali

2;4'Index’Measurement~

Index

the weakest forms

' lni\soc1a1 sc1enoes.
‘bé‘g@fined.bY:Vﬁéf _instance,

,'positive-
”;a651gnment of sca

.*latent \\arlable

XL

‘equal

Consequently,"

present

;respectlvely

often used in attltude measurement

measurement

responSes}f

24

R,

he llnear transformatlon y ax+b

e

s of 1nterval scale

*are a partlcular type

real zeto p01nt and the"determlnatlon‘

1ntervals beglnn;ng at .the zero point of

retlo ;SCales;;ailOW;.only; the

sformat1on y—ax.”Ratio; type . sCales':are .

n phy51cs.
study scallng models w111 be applled
'of;
sh’ how

two

section we w;ll scales ‘can

the*guse- of . measutement techn1ques~"

_ 2 T ‘
and 1ndex measurement.»ln rtlcular, 1ndex"

We nill'

sentat10nal measurement necesSary

51stency between the emplrlcal observatlons; f

-values

ve? numerlcal scale
1ng model;
. fujﬁﬂ
&Qasurement by fiat, is onefof'

of measurement and 1s very commonly ‘used

Indlces (scale vaers)

the*'respondent s number " f:'

HoweVer, thls rule whlch leads to the‘w

le values need’not

_be:conslstent w1th the

that is to be frepresentggyibecause‘

.. ,

be-”

to -

can arb1trar11yr4d

‘no.. ¥ -
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Aempirical-'evaluations - of the model are made.as part of the
:.measurement process (Yen,- 1986 Dawes, 1972) :In other‘ﬁ'
‘wd'@s, 1ndex measurement technlques are'somewhat ad hoc 1n;3

i fobta1n1ng scale values""the predict1on that hlgh totalu'
vrscores (e g., total number of 1tems endorsed) 1nd1cate morerfp
,favorable attltudes towards abortlon than lower scores must

'vbeztruer

dehé;'level :5£ hTeasurement‘hfreashéd " by .danp .indeﬁu:dr
-h measurement annot"he determlned since -the‘ comb1natlongr
procedures to. compute the 1nd1ces do not refer’ exp11c1t1y or
mﬁclearly ‘to the varlables that are to be presented -nor are
'they suggested by a '.spec1f1ed."relatlonshlp ’;otvrdthee
“observatlons to such varlables (Mokken 1971). There is only
-pa one way relatlonshrp between the emp1r1cal relatlons vandf
1 »the -numerlcal 'relatlons, and consequentTy, we. cannot test.
u(predlct) if our numbers represent our emp1r1ca1 relat1onal.
vfsystem (Andersen et al., 1983) :' . '.ffl‘-ig'. ‘";.n’Lﬁy
Index measurements are evaluated on the bas1s of their
,usefulness;r-lse.,. thelr relatronshrp. w1th _some externai
q,Qariable; leert "scales (Likert ‘:3T932) .rellab111ty
coefrfégents'(cronhaoh. 1951) and common - factor ana1y51s are .
examples of methods used to evaluate 1ndex measures.;

L

L

2.4.1 Likert Scales =

< .

., The Likert scale, also called "Summated rating'¢modefé
ﬁ_(Likert,171932) is ah c1a551c< i.“dthe{history»of ateitude.

measurement. The Likert scale was an alternative to the more

Al s, L.



gg%llcated Thurstone scale, belng e351er to 'construct nd:

ilfusually somewhat more rel1able than the Thurstone scales

ﬁmhe‘ leert‘*scale 's7'ma1nly used _ﬁb;i

the“ scallng '_of'f
1nd1v1duals. Because the procedure 1s very é:mple we' wlll

‘fdlSCUSS thls model brlefly and focus on the assumpt;onSgaofhgt'

A
Lt gF e o
g0 e

“the model

A set of 1tems is ~selected : each”- 1 'which rrEfiectsu"
ifae51red behaV1or w1th reSpect 7to a- partxcular attltude. o
dRespondents are. asked to 1nd1cate on a scd&e how much theydb

'agree or: dlsagree w1th each statemént Thev-i;son s attltude

‘score is. the sum of the scores on the separ ':1tems. nghfv7

_"total scgges‘ 1nd1catezyiavorable fatt]
N attltude‘ var1ab1e and low scores 'repreSent .unfavorablejf7

Ji?ﬁﬁ toward he.“‘

;attitudes. Subsequently, the f1nal scale can be subjectedftod'
E a varlety ft tests ‘by comput1ng the SCale7're11ab111tyi‘.
':(CronbaCh’ 1951) it..is assumed that fthe hlgher ndhepﬂf
_”rellablllty the more homogeneous the 1tegi;are regardlng the”
'attltude varlable. ' »

However,lthe basic. assumptlon of the leert scale';isv;
'Jrather strong“?itt_isﬁ assumed ghat. there is ag 11nearMpT

',relatlonshlp between each 1tem and the underlying attltude.;'

jériable; i.e., ~a more favorable attltude should produce a.

“higher expected score .on any partlcular :1tem. 155 washrr

demonstrated in section* (1.2), this aSsumptionf”js not

\ realistic*in the case of b1nary data.,-fféfi- .:MT: ip'
In' general fthe_ L1kert scale' and' the’ connected

B rellablllty coeff1c1ents are poor technlques to detect :the"[;




9 o

ﬁ.unidimensionaiity'ofia set*ﬂ’:;”itéms.. Partiéularly;w*theseg

"techn1gues are-problemat1c when b1nary data are used Hattlli_

;o(1985) Guttman (1950)_and‘Andr1ch (1985) argue that a h1ghfdv
rellablllty coeff1c1ent 7};-.ne1ther a suff1c1ent nor 1a,.h?
”neccessary condltlon for unldlmen51onal1ty : They conclude“h

_ that the chlef defect of theSe 1nd1ces are thelr tendency to‘j"

increase as the numbers of 1t :1nc ease._Conceptually, the

‘sun1d1mens1ona11ty of a set of 1t1“

should e 1ndependent of.

—

its test length ‘As Cronbach (1951) puts 1t-

kY : '
A gallon of homogenlzed milk .is: no more homogeneous
than a quart" (Cronbach 1951 325) y_ .

-

Another shortcomlng of rellablllty coeff1c1ents 1s that-

ﬁ‘they depend on the test as well as on the spec1f1c group of-

respondents. Samejlma (1977a' 1977b) notes that 1t is easy*f'*

'pto make a poor test look good "by u51ng a heterogen@us group‘i;j

:'of subjects and obtalnlng a large value of the rel1ab111ty;'pf

ﬁ.coeff}cxent‘r Slmllarly, we can make a good test look bad by -
u51ng ‘a: homogeneous - group beh subjects (Sa Jlma,'ﬁ

1977b 196) Thus, rellablllty coeff1c1ents are dependent'hon'

a' spec1f1c group of respondents and cannot be cons1dered as"

parameters that are 1ntr1n51c to the test.

In addltlon 't0' the_ rel1ab111ty coeff1c1ents, factor“

4,\& _

hanalytlc techn1ques are often u ed to find out whether'pthe

7assumpt1on Qot: unLd1men51ona11ty *_ v1orated or not “In the’

.next sectlon we w1ll show that common factor analy51s is not,

‘an - approplate technlque to establlsh the un1d1men51on§l;ty§fé“

of a set of 1tems.‘



ST

"2 4 2 Factor Analytxc Scales j” ' S
Factor analyt1c techn1ques are often used 1n assess1ng ‘5%
1.the un1d1men51ona11ty of a set :ofh 1tems. T/e' purpose of

‘:factor analy51s ,is vto' reduce a. Se- of 1ntercorrelated

ufvarlables to ‘a smaller set of unobserved factors or latent
»”varlables (Anderson et al., 1983) The researcher hopes that
, N

Jthe analy51s w1ll feveal the attltude d1mens1ons and how the L

fltems should be‘ welghted to compose the scales._Often the'

"'percentage of var1ance expla1ned by the'ﬁfarst prlnc1pa1

component is used as an 1ndex of un1d1men51onal1ty..

However desplte the attract1veness and popularlty f:;”‘

s
P

: thlS technlque, there are somé\qsneral problems w1th factor
_.analy51s. Hatt1e (1985) for example, argues that many of ...

g;the"lndlces} based on pr1nc1pal comaynent analy51s _d&j

"exploratory factor analy51s were shown to be_xlnapproprlate

/

'to: answer the questlon about un1d1men51onal1ty on a\VAQQety
&,

r

ﬁfof grounds. These grounds 1nclu§e the statlstlcal problems o
-encountered 1n dete;m1n1ng whether a correlatlon matrlx haS'

un1t rank 'whether to 5usef-component factor analy51s,f'

-determ1n1ng heu number of factors&and the way of measurlng

commupal1t1es (He1se,,1974) v ‘ _
‘ | Furthermore,' Stlnchombe (1983) McDonald (T§§1° 1985)
McDonald and Ahlawat (1974) and Hatt1e\\£1985) 1nd1cate-3f

N\
_‘problems ‘may occur whenxthe common fabtor method 1s used in -

Lf

-rthe case of dlchotomous 1tems. These problems concern :hé(=’-
Qassumptlon of a 11near rela£1oﬁsh1p betwe the Qachotomous'"
.1tems and the latent var1able. vFor. ,ﬁdrscuss1on; of thlS

._&r

e



' ,problem the reader is referred to section «b 2)
I.n":;,s'~ leert scale: analys1s, factor analy51s,-and

: rellab111ty coeff1c1ents are all problemat1c techn1ques

,»"

‘1théj'yassés$mént ?f the iunldlmen51ona11ty f:fa~fset3¢oﬁ s

B dichotomized:@“ Slnce they ”ar_f;all based ‘;the

' assumptlon: cla551Cal true score, they suffer from
'hthe same dréwbacks as dlscussed in sectlon (1 2)
2 5 Representat10nal Measurement"‘

To produce a scale whose level of measurement be

7.

determ1ned fit'iish,necessary to %mploy representat1onal:f7

j'measurement., Inv representatlonal measurement a 'two Way_vt

l;correspondence is establlshed betweenkemplrlcal observatlons,3~

.'of the property be1ng measured and relatlonsh1ps among the;;f

*iScale‘~values produced by the measurement or scallng model;;f

"-<Yen,.19se Dawes, 1972),:

ey

VfChang1ng the structure of the data.
An essentlal feature of representat10nal measurement is
*the evaluatlon of the measurement 'model in terms 'of vits

_1nternal o con51stency;“,that _is,_ the match between ‘the

emplrlcal observat1ons and the model predrctlons based ‘on;a.

.the-‘scale values.‘ These 3scale- valueS'varé based on. the

‘spec1f1c scal1ng model used to represent the observatlons. d"

“The th'“aY' _correspondence : necessary _fgfor’dv

A

representational measurement goccurs 1f ,;he observatlons X

-.’determine “the value on  the /mea5urementpscalecand lf_theflt

UsuallY,f?several scal1ng models:j?

'c» be used to represent the emplrlcal observatlons w1thout .



zfscale' yaers may in turn be used to make predlctlons about‘V‘
3.the measured object If the model 1s 1nternally cons1stent

, x

”;1 ‘e, 1f the models fltS the data, thlS f1t is cons1dered as

'hev1dence that a common latent varlable may be measured byi

'v_the observatlons. If the model does not f1t the data we havef:'

“:to change our theory and respec1fy the assumed relatlonshlp .

ebetween the 1atent varlable and the 1tems. e T

Only when representat1ona1 .measurement occurs ,is ”it

Lp0551b1e ::" determlne fthe“scale;htype (1 e.. 1eve1 fo-

,_measurement) of the measurement tha_«has been préduced by
--partlcular measurement model l Therefore, representat1onal.'
vmeasurement 1s a: much stronger' form Lof, measurement than -

tnlndex measurement 3'E '“-_' R s lg"‘fﬁ. ”‘f

v The concern for a'meaSurement scale that is. 1ndependentﬁ’

;jfotk_ythe “,sample ‘iofh persons measured yvjshared byh_;

Lflnvestlgators who developed scallng models accord1ng he7g%

vtechnuques_jof"representatlonal measurement For 1nstance,{

.

'bOth Thur5t°“e 5'~Palred‘ comparlsonz; scallng technlqueff.

;=;(Thurstone,. 1927) and Guttman s determlnlstlc scallng modelv“

“’f'f%"--._(Guttman,_ 1950) consider. fthé problem _. Of ‘invariance ‘v,°'-"f.f

’fparameter est1mates. HoweVer,'they d1d not[represent these

'1deas mathematlcally in the1r models. The models app11ed in:='

~gthe' present study are “all ”based ton7 the-‘pr1nc1ples'of =
'representatlonqg measurement | | : .‘ | : |

ninu: the - next secglon we [.nill_ﬂdemonstrate 7hoyi
-;representatlonal measurement works by discuss1ng{ThurStone'slff

}cla551c model of measurement



'd2 5 1 Thurstone Scales

Thurstone s un1d1men51onal scales for d1chotq@12ed datalf
IS

'were or;glnally developed to measure»attltudes (Thurstone;

.

1927) H1s ma1n concern was the. Search for ,a true' me;{ZC,ﬁ:'h

»i;e.J an att1tude scale w1th equal 1ntervals along a latent T

”varlable d1mens1on éls bas1c model hl produced by the '

vﬁ?technlque -of pa1red comparlson based the Law of_h
:compaﬁatlve Judgement ;f;.7,: P '»; f | .ﬂ-’_ﬁ"ﬁ
Accordlng ot thlS techniQUe each person judges allA-f

"p0551ble P of.statements and, for each pa1r iis” askedv

which -staygﬁent is .more’ ‘favorable “toward _th'_'aktltude

object, The Law of comparatibe judgement s‘ importantt'

'tvbecause it prov1ded a ratlonale foR‘plac1ng the statementsh

on a. psychologlcal contlnuum (Edwards, 1953). Thls.:lauf{gn

S, S

'assumes' that hth person s judgement 1s the outcome'of 5*'”
d1scr1m1nal process.‘ Thls ,PIOCESS 'refers -to » dlfferentf”
comparatlve Judgements' on 'SUCcesSive- occa51ons about theh
 same’ pair of stlmull. Consequently, the dlscrlmlnal .proces§>~
'1s not flxed due to random error._, o | | “
. The dmscr1m1nal process can be expressed in a so- called
_discr1m1nat1on.' d1str1but10n It vis-_assumed that4 these
dlstrihutions',ffor: ,thel‘ staﬁements' follow a = nornal
'distribution4 and' :must;pioyerlap.i The area of 'overlap
leepresents'a;"confusion" areaﬁbecause ;it conslsts Of:vﬁwo
‘statements _of' which. one itéﬁ 1s somet1mes called“norei}ﬂf
favorahle. taﬁa" sOmetimes ‘the \6Eher. A Because""thelik
discriminatlon_ processesv_are, normally distribﬁtéd, the

-
Ry



dlfferences w111 also be normal ;The- mean -Tf these

'ﬂfdrfferences is’ ‘the best estlmate of the scale value fOr ;tHEj':
l\ .

*:statements vand“;?csﬁﬁ,ebé. e'timated by lcalculat1ng ﬁe}.;”

gproportlon of t1mes statemeﬁt_

was' Judged greater 1than 't
Fia L L e U N, . .

':statement j.-..'n L ﬁf? R R ;-
‘ : , R \* .’*_‘_ . o J‘/,.

, “The Law of comparat1ve Judgement actuaily refers to. -
serles of jbdgements gofd.a SIngle observer.» Therefore,
’1451mp11fy1ng assumptlons are made. quordlng to Thurstone'

"it is probably safe to assume that the d1str1but10ns‘” L
of apparent weights for a group of  subjects,: each .  : -
.Subject .perceiving ‘the.: weight only once,‘is alsoV?:'f3
normal on the same- scale (Thurstone, 1927 52). SUe

v .:\

'Only H ;_values »and p051t10ns of the statements are the

e fccus of 1nteresto,and nostwt‘he 1n§1v1dualﬁd1fferences betwe.rr .

"theg subjects."%fter having obtalned scale vg}ues"or a set

”..

of statements, att1tude .5core5’.fori responde

';measured.

' Thurstone s effort to quantlfy attltudes by apply1ngrg3

',the' method of palred compar1son has beennlmportantfln the
h1stor1cal development of the f1e1d but Thurstone s scal1ng
~.1deas are not used a great deal in current work

I
-F;rik-

hthe' method of paired . compar1son " is too
cumbersome;

‘Second the ‘assumptions. of a. non- monotonous
».normal dlstrlbutlon for the 1tems w1ll often be' unreallstlc-:‘

‘in att1tude measurement because each 1tem rece1ves agreement
§,

-at only one zone of - the attltude contlnuum (Nunally, 1978.

Th1rd the assumptlon that the obta1ned scale values by

,,the__useﬂ~of Sudges and reSpondents are the same may be too

© W
z\"
L e



'7hstrong because Judges may thlnk 1n a dlfferent way about the~;_]
o " o
;dfstatements than the respondents whose attltudes ‘are to be."

'“measnred However by 1ntroduc1ng thlS assumptlon, Thurstoner}ﬁ.

“'reallzed alrea§? the slgn1f1cance of 1nvar1ance of relatlve"'

'”statement values across persons_ w1th d1fferent attltudesiay

: & A
‘(A"dFlch 1978" AndrlCh 1982, Duncan 1984a) 2In thlS ;

”fréspéct he made ‘the d15t1nct1on between the construct10n'7
yand the appllcat1on of a"scale. 1f the’ scale?fis to be*]
-regarded as val1d —e‘scale\values of the statements should

"'begaffected by the op1n16ns of ‘the people lwh help to

construct it. ThlS necessrty of be1ng able to estlmate,rcale'
‘@ | | . | E
‘walues ,1ndependently of ”_the“' characterlstlcs"'of~ the
L Rt B : _
Calibratlon sample was later mathematlcally formallzed 1n

h&" tent tra1t measurement models. In. sectlon 5 3 % we w11l

‘«present thls appranh based on the psychometr1c work of the Hb

LN

N\
Danlsh mathemat1d1an Georg Rasch (1966)
. \

2 6 The Issue of“Unldzmensxonal1ty

One of the most critical and ba51c 5assumptionsf of
measurement .theory is that‘7aﬁlset -of '1tems formlng an
1nstrument measures jUSt one th1ng in common (Lumsden, 1976°

De Gruyter and Van, der Kamp, 1984) Be51des be1ng the ba51s o

.of ‘most mathematlcal measurement models, there a'_-»severa},/‘\

'freasons why thrs ‘a5sumptlon» of *unldlmensionality is so -
cruc1al o
. v) o \'v

We ggree w1th Lumsden (1976) that measurement beglns

w1th the conceptlon of the measurable attr1bute. How can we



R S

;.:vl_j"ffjfiijfs34‘fﬂr
l_make any clalms to measure 1f our measurement 1nstrument haSV,f

. a7 number of dlfferent k1nds of 1tems based presumably on‘fl
R N~

'dlfferent attr;bute-_ concept10ns" 'Indeed thel, careful‘

'pconstruct1on,_0f‘;a unldlmen51onal set of 1tems prov1des thegf‘z
‘ : . . . .‘ .. \‘l

N

'Jba51s for most scal1ng models.

s

Un1d1men51ona11ty f ‘a set of 1tems 1s 1mportant whenhj

'relatlng varlables, order1ng pegsons o “oan | attr1bute,f3
';formlng groups on_pthe: bas1s of_ some var1ab1e or maklng.‘,

ﬁgcomments about dlfferences between 1nd1v1duals or groupf As_
't!w - ¥
McNemar puts - 1t' :ij-_ _ g ';if; 8 SR
’ “‘ "Measurement 1mpl1es that one_'characterl‘tlc at -a
time - is being quantified. The scores on an attitude
'scale are most meanlngful when it is known that only .
" -one contlnuum is - 1nvwlved..40nly ‘then - can: it be .
,clalmed th’t EWQ individuals with the same score Or .
' rank’ ' quantltatlvely and ‘within- limits, =
-~ Qua o B 51m11ar in their. attitude towards: a
'given *isSue.. an’’ mple - suppose a',test- of
tiberalism. con51sts of . tWo general sorts of  items, . .
' _-one " concerned  with' .economic. -and’ the other with -7 -
rellg1ous issues. Two ‘individuals c6uld thus: S arrive ..
at -the same numerical score by quite: different. -
routes.;.N w. it . may be ‘true . that ‘economic’t: SRR
L .rel1glous llberallsm are correlated the meaning of- =
, -score ed on such compos1te‘ s -questionable”
(quemar,'1946 368) ‘ . o

'-As; prev1ously mentloned the‘-*meaSUrement" models_

_dlscussed in the present study assume that a s1nqle latent )

{

variable underlles the 1tems. Un1d1men51onal1ty T def1ned-

";then, as the exlstence of one latent varlable underlylng thef-a

N w

data (Lord, 1981) Of course, ‘this assumpt1on cannot be met .. .

e

-,any StriCt. sense because there are’ always other latent'

T;yar1ables that 1nfluence a person S response . to ‘aﬁ-set-fof

L

-,

f;ltems._ However, itﬁ isﬁrequ1red for thlS assumptlon that a”'

domrnant latent var1able underlles the 1tems. Qld; add1t10n,fﬂ

4
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< .

'__wep note: that “thé unldlmen51onal1ty |assu%ﬁf1on must be5

r-checked carefully at each t1me p01nt because changlng socfal

c1rcumstances can affect the d1mens1onallty of a set of

A o ! o N

':.1tems (Schuessler, 1982) _' ' m w

S

Recently, there has been an upsurge of 1nterest in the

'topingoﬁ un1d1men51ona11ty due to the 1ncrease of 1nterest.

;n latent structure models As mentloned above, an. advantage

.o

of these models 1s that they ‘are (1n pr1nc1ple) fals1f1able.

ThlS meéﬁgkthat 1t is p0551ble to make predlctlons from theA
‘ qr\""ﬁ

model and then 'check w1th obServed data to see §Q‘these'
N~ ..L. S
, predlctlons are. approx1mately rlght. In the Chapters 5j'and

6,"we-'w1ll show that the assessment of the goodness of~ f1t
¢

“of these models 1s not w1thout problems. e



* 3., ASSUMPTIONS OF LATENT STRUCTURE-THEORY' = =

. o

f”3 1 Iﬂtroduct1on

R

Latent structure analys1s 1s based on two tradltlons-ﬂh

‘1_7atent claSs tH@ovy and (aten tralt theony L?Fent»":
| _structure models werq propdsed bo handle a\ number :ofh'.
"problems Wthh CTST has been unahle to solve\adequatelg

The formal roots of latent structure theory appear\fﬁf
fﬁnumber of pl:Les. Lazarsfeld (1950) who conducted .most'dpf”

‘o

his »research ,1n ‘the f;eld of tt1tude measurement . was the‘
laten

<

first to intrOduce ”the' term'. tralt Generally,, a"

_latentd trait or. unobserved varlable can ‘be 1dent1f1ed byl

t observed: or manlfest varlables. In latent structure analy51s
'Wla measurement model exp11c1t1y -deflnesv the relat1onsh1pva
between the lavgnt tra1t and the observable data.v' :
 The general notlon beh1nd these models 1s the pFInCIpIef#
Jof lecal mdepgndence (Lazarsfeld 1950 Lazarsid nd

Heqry,pr.1968)-" ThlS ba51c, concept _of' latent ucture:z

"analy51s means that any  £wo 1tems must- be flndidpndent for_p

.glven values of the latent varlable. Lord and N0v1ck (1968)

N

"glve the deflnltlon _of" local 1ndependence more concrete,h

Y

meanln:)by saylng that°

» "a 1nd1v1dual s performance ;depends “on - a single
' underlying trait if, given his value ‘on that'trait,_
‘nothing further .can‘ be: learned from him that -
‘contributes to the explanat1ons of his performance.-
The propos1t10n is that. the latent trait is the only.
1mportant factor and, once a person s value‘on the
trait is detetmined, the behavior i's' random, in ‘the
sense of statlst1cal 1ndependence (Lord and Nov1ck
L1968 538) - o .

“
.

36



Although the pr1nc1ple of local 1ndependence 1s veryif”
‘3 ' coet

B

.5exp11c1tly treated in. latent.structure models,_thls does not_'f'

'amply tha; 1t lS absent 1n the models assoc1ated to CTST ;inh.“

e

fappllcatlons of these latter models,,a weaker alternatlve tqgt*

the pr;nclple of local 1ndependence is. con51dered

The weaker form 1gnores moments beyond the second order'

'_,aha tests the' unldlmensionallty of t1tems uby assess1ng“““

[

3whether the res1dual .covarlances ’are zero., Slnce 'it' is

- p0551ble for tw_-lltems to be uncorrelated and yet not beffga

'fprlnc1ple that the res1duals be uncorrelated

~c0nt1nuous latent variables..ﬂowever, these models suffered-“

ffrom the same d1ff1cultLes as the llnear models dlscussed in .

”ent1rely statlstlcally 1ndependent (Hayduk 1987 11) ,thedu'

. S AT S
trong pr1nc1ple«15 moie strlngent than the factor analyt1c.'-

L

i
i

§ B e - . . ;'.. {,. %\‘ — ) B '* 1 B
3. 2 Latent Class Theory w

:'k'_{' In1t1ally,_ Lazarsfeld developed linear models p for»v:

’

- e

”Ehe ‘sect1ons 2 4 1 and 2 4 2,,_probab111t1es of a p051t1ve

[lrespohse less. than zero or greater than onej-would occur.

Therefore, Lazarsfeld subst1tuted 'the’ llnear model by a

K mathematlcally more tractable latent class model 5(;“

the latent claSS ymodel the d1str1butlon of the

late?t varlable is ‘assumed to be _discretev;rather ;than

contlnuous..“lnvAOtherFWOrds, the:latent’claSSfmodeIS-assume'

. R . . - .,

Qnominal latent variables'gand are’. often- referred to as

qualitative models. . It- 1s supposed that w1th1n each of . the

’}latent-bclaSSes"the g observed : varlables arel' mutuallytfd_

AN

o - , ) . ' \
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-stat1st1cally 1ndependent of one another. In erest in theSejh

Vmodels has ‘1ncreased w1th ;th development of est1mat1on.

¢

» methods. Of partlcular 1nterest far' thls study s theffﬁf

.~’i.‘,g' .

';-appl1catlon ofv these' methods t Guttman'-scallng (seegs-°

.hGoodman, 1975 Proctor, 1970 Clogg, 1979 Clogg and Sawyerif

'ﬂ'1981° Dayton and McReady, 1976 Clogg and Goodman, 1935),'.f

'w3}3'LatentiTraittTheoryM' .

'*3 3. 1 Parametr1c Latent Trait Theory o -

The cla531c work A TheOPy of Test SCOFeSh((Lord 1952)}h
vis generally regarded as the blrth of latent tra1t theory
"In it, Lord outllned a mathemat1ca1 model def1n1ng the'{r

jrelatlonsh1p between a observed 1tem and the underlylngﬂ

trait ,and developed methods for 1tem and person parameterf'fu

yest1mat1on..~Hls model termed- e normal 'oglve model
vfaassumes that the probab111t1es of respondlng p051t1vely-.to ?
an 1tem 1ncrease monotonlcally w1th(;ncrea51ng values on thehv 
'_latent tra1t Lord clalmed that hlS new'theory » |

‘_.>/' "i's -more powerful .....;than d1rect appl1catron of,
-/ the-classical- theory of ' errors startlng with the
' broad assumption ’‘that test score and "true score”

differ by normally distributed 1ndependent errors of
' measurement" (Lord 1952: v)

Progress 1n latent tra1t theory in the SOﬂsidand 60's
'was palnstaklng slow, probably due "o‘ 1ts mathematlcal

‘v‘\

‘.

'complex1ty and a lack of convenlent and effxczent computer‘bf

_programstz Moreover a lot of scept1c1sm ex1sted‘around th1s;j,

new teéchnique, -
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, ‘.fIn 1958 the appearance of Lord _ana’ ﬁéViék'é (1958);:“f
' "'?;;~;:f$t;a't~ist icéi Theomes of Mental Test Scor'es (Wlth four o
‘ngchapters_ by A Blrnbaum) had f major 1mpact ZCn%'fthQVV"

;fjdevelopment f latent tra1tﬁ.heory' The book d1scussesft

s

dﬁéffj;
,/stat15t1ca1 ‘theory 'of the loglstlc model extens1vely |
ﬂlLoglstlc model proved to be much 51mpler mathematacally than‘vi
hhtheA!Prmal oglve model ThlS relat1ve s1mpl1c1ty of :#hej;%e
5flog1st1c model arlses from the fact that the dlstr1but10n of

'tresponses belongs to the exponentlonal famlly

‘aln‘?the'~next ;sectlon, we w1ll dlscuss three dlfferent

tic':models.-,IfS these models ‘fitgfthe data,' equal';“
erval scales accordlng "tog,ftheh“'requlgement ;553_

‘ffrepresentat1onal measurement have been establlsh d 'Latentf

1tra1t analy51s has been strongly aduocated for the analy51s;;d
‘1of cognltzve and ab111ty tests The. appllcatlon of Iatent*v
ttralt theory ton attltude measurement lags .far behlnd
gﬁhowever, although such appllcat1on has been~ recommended

'fhthe” methodolog1cal llterature (Duncan 1984b 1985;”Reiser,
:~A§- prevaously mentloned latent structure models are"

_based “on. the strong{ notlon YA of _'"local _ stochast1c_m-

151ndependence : However) models ;bgsed on CTST are based on

t

: £ -
. the _weaker. form of thls .pr1nc1p1e, i e., the partlal

'”correlationS'uofP'a set of 1tems are all zero 1f ‘the' common

~factors are partlalled out McDonald (1981a, 1982 1985)»

‘.;clalms that models based on the weak form of the assumpt1on .
, ’ B .

better address the 1ssue of dlmen51onality than modéls based
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r,-on the strong assumptlon.vIn that reSpect he descrlbes tw osjm

I

“:;general approaches tol the estlmat1on ofﬁthe parameters offft

}latent tra1t models.,,fvﬂil5pﬁﬂj_gha B 4
The flrst th flxed tra1t approach 1sthased3on‘thex

qastrongg assumptlon -of local 1ndependence and ; estlmates;ff;

‘jOIDtlY n 1tem parameters and the N ab111ty parametersfjf

- of gghe] respondents by means off a maxrmum, llkellhood“°H

‘Vprocedure._ However, most computer programs wrzttenv to .

"1mplement thlS group of methods -do : g1ve fsuxtable;‘

‘-

[l'measures 'of the mlsflt of the model to the data (McDonald
’1985 210) (Thls problem ‘w1ll“ be d1s¢ussed further
Chapters 5 and 6. ) .gm_¥_ TR | :
The second the random tralts' approach 'dtreats thei?db

‘V.‘l

T:ablllty oﬁ/’Ehe examlnees as a random varlable and does not

'try to est1mate 1ts values 1n the sample.-It 1s assumed that

:;the' latent tralt has a normal dlstrlbutlon.AMcDonald (1967)A:£

fshowed that we may prox1mate thﬁ normal _oglve modelgmﬁ”"'w

'prev1ously mentloned th1s model 1s almost the Same as the

:'.loglstlc model) by . 'means d;{_a' poljnomlal serles, uszng$;;

v

f;?harmonlc analys1s.5 Fraser s program NOHARM--(Normal Og1ve '

'Harmon1c Analy51s 'Robust Methods)*--(Fraser,4*1980) sfl;
p‘developed -to £i thlS model McDonald clalms that a major_'

44 . .t # ‘- S
_vadvantage 1s th fact that th1s model y1elds re51dua1}‘“

L covar1ances’ of the 1tem _t can be con51dered as measures’

of the departure 1n the fof the assumpﬁhon of ‘local}'a

L4

- ‘1ndependence, in Vits‘ weak | correlatlonal sense. If the
' T ) " . -
”-re51duals are too large the assumpt;on of umldlmen51ona11$ /
e
. e e . ‘ o ‘ ' ‘ . . S . ._ ._‘.4‘_ - o |
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i;f3 3 2 Nonparametr1c Latent Tra1t Theory

The Mokken method (Mokken, 1971- Klngma ': Reuvekamp,ﬂ-.‘

‘d1986a) representslua nonparametrlc stochastlc exten51on ofpfﬁ“

.hGuttman s method for the scale analy51s of 1tems w1th1n
>’351ngle' populatlon '(Guttman, 1950) It 1s non parametrlc 1thdf
:fthe sense that itlemposes.-nJ? flxed form (for p1nstance'v
‘loglst1c) on the functlon of the relatlonshlp that llnks the"

jltem to the latent varlable. Instead _1t requ1res only thatv

"]‘the relatlonshlp be monotoan

'tﬂdescr1be th1s relatlonship do not 1ntersect.. in addltlon ;;

the' Mokken method prov1des grocedures for ;edue1ng an. 1teml
. pqpl to a set that scales "}}5{‘ ‘ | | 5

fh Developed some ten years later than the Mokken method
Tfthl Mokken test prov1des a stat;stlcal ba51s f dec1d1ng“

oy

vty

<

'dwhether‘t‘pise :;o 1Egms
’Mgkken s cr1ter1a, 1s rpbust across dlfferent populatlons-f

'(Nlemoller,eet al., 1980 Klngma and Reuvekamp, 1986b) From' '

,a:com r%t1ve p01nt of v1ewf (the cqncern 'of 7the present'

~study) thlSﬁ lasta test 1s extremely useful s1nce 1t w1ll
i” TN ' .
. %llow us to determlne whether the pattern Of relat1onsh1ps*

among 1tems holds across two or more populatlons.
.'\‘ 1 . » . .
o In l1ght of the above. dlscu581on 1t may Be argued thatJ

the Mokken model assumes onfy an ordlnal level of the latent

3and that the trace llnes wh1ch'a"

Y2 . ] N 5
i that »is scalable accordlng to_ﬂﬂi

.variables, the d1stance tha% separates the scale ‘score. of¥ o

intheffite@sv(plays no. rule in: the outcome of the Mokken test.f
I T T PO : ‘
" - ”'&‘“ c n .
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: However,vfthef ordlnal_ scale _can be ref1ned by assxgnlng aglff

N metrlc to the ordlnal scale values. Thls can be accompllshedfd5

: "bY u51ng e1ther the log multlpllcat1ve methods dlscussed byj-fj

© Clogg (1982; 1984a; 1984b) Goodman’ (1984- 1987)° ‘and smith

dandnf:arnler (1987) r' the models of, Rasch (Rasch‘ 1960;ﬁ

‘L;Duncan}‘1984b) "f.lfﬁg»b_hf'fh?1f9‘.'

Subst1tut10n hof metr1c values for the ord1na1 scalef:":

'

?-values would allow us to measure the d1ff€rences between the“'

_scale scores of the 1tems._}: B

© 3.4 Assumptions of Latenf'Structure Anmalysis

- 3. 4 1 Introduct1on o S
Latent structure models and CTST-models dlffer‘]in?ftheﬂ
assumptlons made. Latent‘ structure models re based onﬂ,u

.v_stronger assumptlons about the data; Whlch ;wxll lead

f:stronga‘ results 1f the model flts the data.‘By spec1fy1ng- .

fw;the asSumptlons one 'isb w1111ng to make';about th datal'

Wl:dlfferent : Latent structure models be formed AThe;b'~

-'~adequacy of tH% assumptlons can be checked for any data ‘set .

_ assum1ng that N 1s suff1c1ently'large.
v‘Ih general three 1mportant assqut1bns‘ arlselhitp,‘
' connectlon w1th latent structure ana1y51ih*d1mens1ona11ty of_;
:the'“_latent,a'space,x local 1ndependence, g iﬂd i,1tem;k:
’characteristlc curve (Lord & Nov1ck ‘1968 ) Lord 1980
'"DeGruyter and Vﬂ'berxamp, 1984)

SR - T ¢



'}f:3 4.1 1 D1men51onafityo

Latent structure' analys1s assumes that one latentfof;

:ﬂtralt deflnes the latent space *i?éfl ‘. slngle latentf%fﬁ
| {htra1t explalns”'%or accounts" forla person 'S responsev"

d‘-probablllty to a set of 1tems.n s “ . | w: |
z*d?ﬂ Multldlmen51onal traltv models:'dol~ex1st but- theyvd

;é}have not yet been developed so as to be appllcable on'iaf“{

;'1arge scale ft r practlcal purposes. Mult1d1men51onaltq'

VLmodels havelbeen dlscussed by Samejlma (1974)

fal

Desp1te hhe‘, 1mportanCe.‘of 'the assumption ofh”

':?fun1d1men51onallty}in latent structure ana1y51s, there-ls-~
ff-p"not"’an’rfaCCeptedv" and - effect1ve 4 1ndex - of the._r

o unidimehéionality of a Set of 1tems : (Hattief ‘1981?2f

- For' a rev1ew of the varlous methods for determ1n1ng the

"Qun1dﬁmen51ona11ty of a~set of 1tems, yenrefer toH‘HattleQ

g o
.(1984; 1985); .

"!3r4'l f Local Independence %ﬁnei-rﬁifi:f

vAs dlscussed in Sectlons 3.0 and 3 1 !y,.thé.ﬁf‘
princjple ‘of local 1ndependence__uis : an-,_essentlal
_a55umption in latent-StrUcture analjSis.-Thls prlnc1ple

—_—

'states that . 1tem responses are condltlonally 1ndependentD

u

flven the samfe value on the latent varlable, so‘ that theb &g
"probablllty of Jo1nt response for persons with thgl samev
‘value equals the product of the1r marglnal probab111t1es;'
'h of response. In the case of, one latent varlable,-;ther

assumptlon "of 'local 1ndependence corresponds,fto~thelf'

nassumptloni.of,”an und1mens1ona1 ‘space (Lord, - 1980).



thHowever,_the converse 1s not true'“’th pr1nc1ple ‘alsbf-f'

'f;hholds for zero or more than one latent tra1t

ﬁﬁff3 4 1 3 Item Characterlstlc Curve'v”

) ny Al
<Al 1tem_ characterlstlc curve is. a mathemat1cal

jfunctlon that relates ;'" probablj' »‘Ofn”a p051t1ve

'ﬂresponse- onv an 1tem to the latent varlable measured by

."_a the 1tem set that contazns 1t To put 1t dlfferently,;>

th@ nonllnear regre551on functlon of the 1tem scone

a;atent tralt measured; The probab111ty_ of_“a

1

‘fespondent prov1d1ng ,a p051t1ve ‘answert

: depends only on the form of " thei'_tem.’character1st1c

_hcurve- therefore,, 1t as 1ndependentvof the d1str1but10n
of examlnee abil1ty in the populatlon ‘oﬁ examlnees ;of_ii
" flnterest" _‘Hambleton.iett al,,_”1978) Thls 1nvar1ance -la
'.property is Anél of “the eﬁsefui“'features ‘bff lat¢nt'_h
’hstructure;;vanaly51s.':tA huprev1ously dlscussed.i.h§gt‘
Srametric - latent" tra1t temodels.h_b%}ong;:ftayfhthef
'v1exponenti0nalfﬁ‘famiiy, ,tmh1s'"means:f{thatftthefﬁitemf'
;ehanaéteristie'cnfvehofhtthese.moéeisissharevtheytsame'_”

B 1egistic form. . - B



L“-qualltatlve: data. ThlS latter k1nd of technlque resulted in ¢

" 4. LATENT cmssv MopELS o

R

4.1 Introduct1on

,_,..-c L : 1

'Latent structure analy51s has been d]veloped follow1ngjf
ttwo d1fferent approaches' one 11ne wh1ch has resulted 1n theljf
'Ldevelopment of latent tra1t models (Lofd 1952 1953 1980ﬁ_d7

h: Rasch 1966)” and a second llne of 1nvestlgatlon wh1ch hasf7

stressed the appllcatlon of latent structure concepts, w1th_

o~

- the de& lopment of '"latent °class models (see -e.g.;'
: Laza:;;eza { 'f?';' Lazarsfeldl.and' Henry;w

‘1968;’.Goodman}_
19743, 1974b).;fnoae_is of this kind differ from the l‘at--'ent'f'f"

trait models 1nfthat,they'treat?the ent varlable as.. a set.

'of.discrete.classesirather'than‘as a contlnuous varlable On
the . other hand both approaches ar, un1f1ed by the fact that *\
both take local 1ndependence as the ba51s fpr measur1ng 'the

: : P . . o
latent varlable.a,"“]_ "‘ .f v 0 . . E

Latent class models offer a way to test ‘a w1de range ofh

: , e :

’ mhypotheses attempt1ng -to expla1n téexrelatlonshlp among a,

set of 1tems in terms 8f caﬁegorlﬁal latent varlables. Eor '

'1nstance, latent class models ,are used 1n strat1f1cat1on

research (Clogg; 4981) educatlonal researsm (Haer } 1984)

;i ) . ; . v'.‘-"‘l - 15 . @
| \ Yy w
Lategl class. models ;ean' be d1V1ded A&pto general

. CoRE.

and scale analyses (Clogg and Sawyer j19&1l

' 2
unrestrlcted latent class models"~ and nestrlcted Plﬂbnt .
*class models . In the former, va;1at1ons cén be produced by e

'%lterrng the number of latent classes whereas in the latter, y
45 S ' | RS

' o A



7lrestr1ct1ons can be placed on both the latent classa;

'ffthef condltlonal probab!r

"hypothe51s of 1nterest determlnes the restr1ct1ons that_hare};;:

-f71mp05ed on the parameter§ of the latent class model If thef#i

. model f1ts ythe» data' (1 e. 'ﬁh?ﬂi assumpt1on_'fof'3 localyf

"llndependence'.is'*not v1olated) the probablllty of a glven

) response on any one 1tem 1s 1ndependent of h probab111ty: X

b

5.
o .

72
latent class. To put it dlfferently, the relatlons

¢

e 45

of h general model Thejtv

t,

-: any glven resqfhse on any othnr 1tems WIthln any g1ven-*

s‘amongj,h

'th 1tems ;¢ be ,expla1ned byethe latent classes of thef

p_latent varlable. ”»”‘ i_-,‘p,7 333

s

In the follow1ng, we w1ll con51der latent class scallng

. modéls* that._ate:“zexp11c1tly : developed as. stochast1c':‘

"exten51ons _‘off' Guttman s determlnlstlc ' scallng 'model_u=

;‘(Guttman, 1950) For~thls reason, fw- ~beg1n 'wzth ﬁa brlef'jp

‘ﬁoverview . f Guttmanfs model Next we . con51der the General;ﬁj

\,.

dUnrestr1cted Latent Class | Model "and'J?thei. Restrlctedf

h-'Latent Class Model Aiter that we present the scal1ng models

;hthat ake used in the present study and wh1ch all belong ‘td

: the5;i egory of Restr1cted Latent Class Modelg F1nally, ‘h.

technlque of S1multane‘hs Latent Class JAnalyS1s w111 . be

.

.outl1ned ' In. these-‘ models the same crlterlon of

EN

.,unldlmens1ona11ty 1s used whlch Guttman (1950) adopted in
'fhls cla551c work .on the scal1ng of dlchotomous items; i. e;,'

endorsemenﬂfof an 1¢em‘ch .a. glven .level of d1£f1cul‘y'

,U

‘1mpl;es the_enddrsement of. less d1ff1&hlt 1tems.
D

1
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1 4. 2 Determ1n1st1c Guttman Model "'ff,pgi;f_ihiﬁ"'

F 4

‘ To 1llustrate the use of the models and methods ;to be

,..\

dlscussed Haih‘jthe -next sectlon w flrst con51der the"

R N

51tuatlon where there are four dlchotomous varlables, say,

LN

ES

‘”A,"B::"Cff and D and let (1, ],.; 1) denote.the response -

fﬁpzlevel ‘k, and D "is;

pattern where A 1s at level 1, B 15 at

:l¥1,0). Now assume that we use the 1tem marglnaLs (p-values)

wtof order th - ztems., Under. Guttman S determlnlstlc model

_‘evel rj, _C',is' at

_%t level 1 (for 1—l1-0°'j— 0°'k‘1u037'

(Guttman 1950) only;the‘follow;ngvset otrresponselpatternsp*

15 allowed

: Note thht although~the number of p0551ble response patternSV

: c1n T w1ll be called scale types aﬁd‘the numbers t¥¥%rg..,,5

'(i, j;'pk} 1) pertalnrng to the ]01nt varlable (A B, C D)

equals %*, the number of con51stent response patterns for ko

U

GUttman scalable 1tems equals k+1 These response patternS‘u

=correspond to the%e scale types. For 1nstance, t,-(1 1,1,

1), tz-(1 0) t,-(1 1,_'0, 0);'_ .-(1,‘”0;Jf05 QO);.

s=(0, 0, 40';'0).

Mttman's scale model assumes strict. ordlnallty of 'the&

items in terms of the marglnal distributions of yes/no

responses to the 1nd1v1dua1 1tems. The respondents.‘Can'_be

0

ordered in terms-of the number of positive responses. It is

\

SoEa

o
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’picontlngenCYi

assumed that

~

Toawd S e

research howevef* ,‘measurement‘ error fisg 1nvolved and}ic

response patterns other‘ than‘\Gpttman s uscalea_types wllljzf

' usually occur. 'V-fﬁf‘“ "ﬂifﬁ= | r'h

-

‘.eﬁor‘ 1ncon51stent v;or5.non scale type reSponses by

_f@fﬁgcuftman ‘scallng have‘ been developed whlch

re‘,onse pattepé@vlll be observed that 1s.p]

v‘_1ncon51stent w1th one*of the k+1 scale types.uﬁln.-emp1r1ca13'

Cifcumvéﬁt thls Pf°blem Varlous , pPobabrIrst}c”"*
N PRIV

Y

.1ncorpogatlné the concept of responsenerror . These modelsf

‘Lazarsfeld and Heni"“

:l
areéconsldened below.,
R I o

.
20
t:t‘-

4. B.General Latent éIaSs Model V.:ﬁf' o ':K‘z"
f_, Goodman

laten% structure L

assumptlon'% pr1nc1ple ‘of l.cal ~ndependence

: t

Goodman s mod l is deVeIoped for use linf

‘\

'pmore than one dlchotomous pb polytomous.'varlables. The

L

researcher tr1es tO(}flnd latent pvarlable(s) that can;*”

explaln “Fe relatlonshlp between the 1tems
A
o Con51der éagalnlghe case of the four manlfest varlables
IR FEEEE T N

‘%9743) SPECIfIEG general ; unrestricted“

;model developed by Lazarsfeld (see o

1968) that 1s bwd 'on‘\ only ‘one"
0

analy51s ‘ofv

ipables ‘1nvolv1ng jthe crOSS'@lasslflcatlon of E

.. A, B, Cv and D w1th,observed fré@uenc1es in: the ABCD taQ@e.~

fLet X -denote; Eb@ unobserved or latent 'varlable in a. -

.dpartlcular model

:"In the presen* study we w111 adopt the notatlon used by
Gdodman (f974a° 1974b) who developed maximum 11ke11hood

t

a respondeqs w1ll member of the t- th class of X.

_———————-————-p_——_

[

“let wx refer to the probablllty that,



‘Jh' Next let ngl £ denote the conditional probablllty that
. an 1nd1v1dual 1s 1n class i of var1able A, glven that she 1s

PR

“in. class of"varlable Xff and let u'the - condlt;onal

_:probablf*tles ﬂbjxt,__ ckxt, and ﬂdl £ be deflned 51m1larly |
(for;l=1,0; 3-1 0 k 1 0- 1=1, J0). (When':superscrlpts have
bothflbarred 'and unbarred symbols, the unbarred symboIS-'

: denote varlables on whose levels we condltlon)

Further we suppose that the latent varlable X w1th T

‘classes accounts for the orlglnal ABCD assoc1atlon that
the follow1ng relatlonshlps hold ;- I %1
~Z7A;B.C,D,X N

13kl i j k l L’

where

SRR e _ X @z’ bhx ‘cx _dx ‘ B
TABSOPLET T e T e T e Tk Ty 3)

Equation' (2) expresses the assumption that the probability

of response (i,5,k, 1) is obtained ‘by 'collapsing over the
:categorlqﬁgof the latent variable X Whlch is only 1nd1rectly
‘“observed in the ABCD .table. Expre551on (3) denoteﬂ; the

fvprobabxllty that a respondent w1ll be in cell (i,], k 1) of

— - - -

‘(cont'd) estimation procedur s for the parameters in*latent
¢lass: structures, and Clogg (?977) wvho has implemented these
procedures .in the MLLSA computer program. The presentation
of the Modgl restrictions is the way in wh1ch they are. -
1mplemented in MLLSA. '

LT



: and X (A B .C,D, x) Equatlon (3) state} : ﬂ;tﬁé. respondent'_

0 Ted .
PR X
I

‘,caﬁ' be. cla551f1ed 1nto T mutually exclusﬁfe.and exhangtiVe:

‘v

latent classes, each respondent gis -in ‘onef and only

latent <c1ass, and all respondents are 1n some class of X.
‘5 X
it is the cond1t10nal probablllty dﬂﬁ.’

For 1nstance, m
"jrespondent is. at. level i of varlable A, g1ven that she S in
”.class t of var1able x _;—“~'d o fj}'
; Note that equatlon (3) is based on the "pr1nc1ple of
local 1ndependence"- i, e., the varlables A, B, C, and D are
' condltlonally 1ndependent WIthln the t‘%h latent class of. x
Stated dlfferently, the latent varlable Tx, (w1th p0551bly
.many categorles) explalns fthe._relatlonshlps, between the
observed varlables A, B C, and D. Equatlons (2)_ and  (3) N

.deflne~‘the general latent class model (see Lazarsfeld and

Hemry, 1968; Clogg, 19815 c1ogg,‘1977)

.,_-

As noted above, var1at1ons in latent class models'?can

4“'.'.4'Restr'icted Latent Class Model

| »be prodUCed by both alter\ng the number of latent classes
Ry ‘_ : Lo
~and bycﬁmp051ng restrlctlons on the probabllxtles of' the

-

general " model. These_‘,restrlct}o '

1.

" can constrain' the -

probabllltles assoc1ated w;}»_ s_vbht; also the

condltlonal response probabﬂ *,f 3 associated with latent

classes. ‘The models consede{e,““ .-sent study d1ffer

in - two respects'ef(a) the str1ct1 ns placed on thé'

N
. cond1t1onal probab111t1es of re pogie, glVen membershlp in a

~



partlcu‘ar latent class; and (b) whether or not the modeltfi g
spec1f1es a clase of 1nherenth_unscalable 1nd1v1duals. 4 |

One feature of the use ;Of latent class modelsl.w1thh;
dlchotomous variables - 1s-that”a restrlctlon 1mposed on- one,’.
, condltlonal probabllﬁty automatlcally 1mposes a restrlctiﬁh:

onzithe other because condltlonal probabllltles have to sum.

to unltyf'The restr1ct10ns that can presently be cons1dered

_ wlth MLLS are of the folloW1ng types'
i

1, Equa11ty restr1ct10ns on the conditional probab111t1es'r;f77
‘§‘ fbr' 1nstance, . a xf = ﬁbix,. Since ‘the_-condltlonalf

probabllltles_ sum .to“‘unity, this reéﬁrlctzon.‘also AR

a X a %

lmplles the fOllowing‘ restrlctlons' wTe T =17 e
‘wbq?,—1 ﬂb.x;, we would also have ”a°x1_"box .and. so on.i

2. Restrlctlon'-.efe'.parameter to fixed COnstants~7 for .

@

-instance; 2, %,=1. Thi§ restrictlon rmp11c1t1y restr1¢tsu_”

a x _q-
T o 1=0.

V3. Equality restrictions on the latent class proportioaSr

pﬂﬁawo; _
4. Restrictionslthatfﬁorm a cemhiﬁateen of typé!1—3fr'" -
' (see c‘logg,"»-‘1977)‘.7' s o | >
In the follow1ng, we will descrlbe how ;V%rioust:model

spec1f1cat1ons can \be\\translated into constralnts on the
. . .";‘.

cond1t10na1 probabllltl 5. These constralnts must be, used in i'-’.
the computer program MLLSA for latent classes (Clogg, 1977)

in order 'te get parameter estimates fdr the. dlfferentj'

models.
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4 4 1 Response Error Models “ﬂ lf-'f
AL

"error> assumes that the entlre populatlon 1s 1ntr1ns1cally"¥:f

The flrst type of model that alkg%S forﬁ measurement_»7'm. ‘

t'Guttman scalable and that the cond1t1onal probabV;1t1es'“arevujfﬂ‘w

-i*restrlcted to reflect assumptlons about response error rates”-ﬁ-ﬂ

s

' for respondents 1n a partlcular class. In the follow1ng,. wep*
w111 d1scuss those response error models that are applled 1ni:'”
‘mthe present study. These models are ordered in the_ sequencei“

<

of 1mp051ng fewer restrlctlons on the response error rates.

4.4 1 1 The Proctor Model _;;”f S

-The : strlcﬁest and simpleSt form of -the-'typej;ph"

[

o d1scussed in thlS sectlon 1sgthat of Proctor- (1970) “Hig
e i .

.‘\'vv

to descr1be the condltlonal probablllty 'of'pa. pos1t1vejﬂ'l

gg/ model assumes that only oné error~.parameter-1s-needed_ Qf‘

response to an 1tem and thls parameter is’ 1ndependent offh“if};

the 1tems as well as . of the latent classes._,
Proctor s model :vassumeSv further that ,for,'anp

| analy51s of k- 1tems, k + 1‘“true"'types of 1nd1v1dua15‘

o Can' be d15t1ngu1shed that correspond‘to the Pure SCaléhV:

t317136‘53 under Guttman s determlnlstlc model An.lndfuidualr

1R the t- th latent class (or t- th scale type) ’S'assumedvp

to respond to each 1tem w1th probablllty a of error,bandjh -

thlS‘v response error -probablllty ls assumed to bemv
stat1st1cally 1ndependent of . the probab111ty of responsew
ﬁerror to any of the other 1tems. An 1nd1v1dual belong1ng
to the t th scale type can. therefore make~'j5 response

errors. (for 0= §s k) w1th p?%bab111§y (1- a)*”a‘ ”yth-*

TR



p‘ type ”Il repreSents the ,"hlghest"z,score tﬁf the latentf'_f’

'fvar1able and. sca““

Table 4rd presents the equal1ty restrlctlons used/.”ﬁ%

¢
r,/

i

e ‘ ,' .v 1?’

"‘through 4 where 1tem 1 1s least dlfflcult and itemﬂ? 1s‘

,/

dl

'type Vgthe>"lowest" é;t a *represent
. o r:j

]

‘a const;onalfpr babllzty that can range from between 0

Pl
° @

'hProctor mode}s is presented in Table 4. 1

...o‘o.

T iﬁﬁﬁ 1 Condltlonal ProbablLLty @i P051t1ve Response .

“for .Four Items, Giveh Membershlp in One of"

i °$“¢ ‘*-. -

)

. wgBecause ~ item  responses are = assumed . to be:

Q

'conditionally independent given latent: class, ' the
‘cbnditional probability of any pattern of correct or

incqrrect responses, given that the respondent_ is in-the

v1n the flVE‘ClaSS latent structures to deflne Proctor a» f
Zﬂ

: model fLetﬂlrows? one through four ‘represent i,em§ﬁ1;_;'f'

"most d1ff1cult Let columns one throuéh f1ve preﬁ%ht theﬁ*

’ rscale types I (1 1”1 1) through v (O 0,0, 0) whére scalev,~s.

: and D 5 Tﬁegconaltlonal probablllty q§ response for the?._;i'w

B! the Five Latent Clakses: Proctor s StochaStlc'.
L "Model . c"f%“fy& S N\ a7
AN [ 7 B B \;:‘(/ “;‘u ! . e P (‘". e ,‘ ¥ P
R O e -
° ( .‘4;' Scale'Type _
. -Itemg%:: 4;?1 o ;5 I TII | v R A
éa51est S feax o d-a e 1-a 1-a a
‘ J& oo T-a 1-a 1-a . a a
. 3 R g}?a. 1-a ‘a a a
4 ardest r-da L .2 ‘a . a . a
#% represenms a quantlty su hat 0 <. a <.5°



s :

- th latent .claSS,»QlSl just the; product .fifjthe;_j;i =

ﬁcond1tlonal probab111t1es of thelr separate occurences;

’f(1-a)’a= _‘ofht 91V1ng response pattern 'H(1,1,0}0)}

types. Consequently, the scalabll1ty¥(un1d1mensrona11ty)p:jj

':‘Thus, as 1s shown in Table 4 1, for a 4 1tem scale ;iﬂ;‘tfgf
’#1nd1v1dua1 that 1s 1ntr1n51cally a member of scale typei-;
tt,,‘w1th expected response pattern (1,1 1, 1);‘would hanh;f
_a probab1l1ty of | o _:l'l':p L .@;_?;

. ; . ‘ ‘; ; ’ :

v'g(1 a)‘ of glv1ng response pattern (1 “1;1);_ﬁ

(tr a) a" ;ofp, g1v1ng 1<response': pattern : (1;{54;@),#"'}

(t,.jo,l),.(1;o,4 1) or (0,1, 1)

(1,0,1,0), (1,0, 0 1) or (0,1,1,0); e “'._;'_ﬁf;”jjujff”fﬁ
,"_(1 a) a‘ of glv1ng rbsponse pattern(1 0,0, 0), (O,l}o{d), ‘ "‘ \
- (0,0,1,0) or (0,0,0,10% . Sl bx o R e
'va"of g1v1ng response pattern (0 0, 0 0) ﬂ:]%,“: ; .

¢ PR

'_ The exponent of a 1n each term refers to the number -

'of mod1f1cat1ons in the scale type response pattern that
‘are requlred to produce the qbseryednpattern{ When a 'is-:.’,'

‘ﬁhlgh 'it*'is_ doubtful. whetherf,every respondent ina

L

populatlon in fact belongs to onex-of the k+1f scale fﬁ;jf“'

of the: items can.be quest1oned When a-O» (nol~résﬁq5fepd-j}“”

‘error) Proctor's model equals Guttman s modeg;h

Proctor S model is: severely 'restrzcted ‘and thusv

‘-unl1kely _to' fit most data _sets very well £1logg and""

| p.hsawyer'(IQBTY' Dayton and Macready (1980) and Rlndskopf_i

'(T983) dlSCUSS several models that relax ‘the assumptlon;f'

o

-that response errors rates be 1dent1cal ‘for each sztem*fl'



: ‘,a'n-a_;. -eiacih la tent cla ss.

4 4 ? 2 Item—Spec1f1c Error Rate Models

m,ss.v.nn.y

Item spec1f1c error 2 ratei_‘models allow  the '  °

o condltlonal probab111t1es rtdy vary from-'item'to itemmn |

'l:, w1th1n scale type.' Thus,‘fthet error” rate 3-isﬁ*a' o

_ ’ 3 S
: dependent uBon:_th e item but does not vary across the .

scale types of 1nd1v1duals (the latent classes) Aga1n,{
'“;flt assumed that the cond1t10nal probablllty of response'
error to one 1tem 1s statlstlcally 1ndependent_rof"the_ﬂ

probablllty of response error to any of the other 1tems_>:

for members of the same scale type.--fhev restrlctlonsi“'

that deflne thls’ type of model are presentnd 1n Table{ o
'z 4;2:1-' ' ' ) ' B | |
L o ',t
7vTable 4 2‘ Cond1tlona1 Probab111ty of . P051t1ve Response

/. for:Four Items, Given’ Membersh1p in One“' :

o t_' in"_of the Five Latent Classes: ‘
I'tem-Specific Error Rate Model

Iz

: . highest‘_ :- o - ' ‘_‘.'j' loyest ‘
Item I IT 111 IV '
I'easieSt 1-a* 1-a = 1-a 1-a a .
2 ~ 1-b 1-b 1-b = b b.
o3 S l-el 1-c K] c . C
4 hardest » -4 a. a d a-
*a, b, ¢ and d represents a quantlty such’ that 0 < a,
b, c; d <.5. . _ ST '
P \JI
: \

B » .. N

I1, w1th expected response pattern (1 &n




vto the pr1nc1ple of local 1ndependencef,‘

‘q‘type II by 51mp1y multlplylng the 1tem mgrglnals. j“

'1fwhere a¢b¢c¢d 'ﬂlfd,tr -r‘.«]l

a -

‘

.I;i,‘ #ah--‘-u--;j

| a(1 bleti-ay e

Coove

R U

—_—2

Thus, 1t 1s expected that the 1teme'1'andf3:will be

‘an calculateﬁ_
o - 3 ' L
*_h probablllty that 1nd1v1dual :w&uld make’_the~‘

‘response pattern (O 1; 0 0) glven that she finf scaleg

"3‘ansnered 1ncorrectly and that the ;eéms~2 and 4'nill be ~*

.in Proctor s model these k parameters he[ assuMed

‘hvary w1th1n each scale type._'f f'i*”dhh’ ST *gf

'4 4 1H3 Type Spec1f1c Error ﬁagE‘Model

'“1n Table 4 3.

S

" .

,me,)_.

.

hlobserved correctly. Noté that under thlS model :ﬁ-'errer’h‘

~'rates ;areﬁ,to be estlmated (one £or each 1tem) and thatf

”have thef same:.value. If the 1tem spec1f;c error rate"
}model fltS the data, the error rates vary for each Cdtem: .

'and he‘ model parameters tell us to what extent theyfﬂ_’

4

[

Another response error model allows the cond1t1ona1'
' probab111t1es 'to vary for :each scale type and not by'

';'1tem ThlS type spec1f1c error rate model . is ,,presentedwﬂ'



"problem.

5Item.:;f._ RS S

.1-
1-

Table 4. 3 Condltlonal ﬁfobab111ty of Pos1t1ve Response

- for Four Items, Given. Membershlp in: One. of
‘the Five Latent :Classes: ..

Type—Spec1f1c Error Rate Model : .;3f:'~d{t f:f

SRR § & SERIRTINS & SRR

<

-

—l-—t{-—d
S R T | -
vooo.| .

'-IWeasiestﬁ.

v — o
B

3
-4 hardest

.nlwngy
|IRELE X

"'.*a, b, d and é represent quantltles such that 0 a,ab[.fw'
Cy d' €< .5 : S

-

For .1nstance,‘assume that a. respondent 1s a member o

- of scale type II (1 0) The probablllty of observ1ng

"'response pattern (0 1 0 0) under thlS models.ls-“'

| .nbn-bﬁ)_w)‘vu'—_b)., B

The :main 'proélem 'of the ‘type- spec1f1c error rate

'model is that ‘the error rates are the: same - f’ both

':'false p051t1ve and false-negative answers. The-modelj

d1scussed in ‘the next section will 'circumvent this

L B

4,4, 1 4 False P051t1ve/False Negative Error Models

Dayton and Macready (1976, 1980) cons1der models

that assume two different types of errors.,»;Thew,;'f

cew

t4



'”_yfalse p051t1ve type of error b occurs iif;,an’ observedt

'response .f}'yf ;1t1ve but the relevant scale type callsf,hf"

for a negafén"

occurs when a-?egatlve response has taken place but theﬁ'”
\ 4
ﬂcale type calls for a p051t1ve answer Elther the flrst_

'hen a respondent 1s careless 'cf* dlstracted
'",5ontext of. ab111ty test1ng the second type ofti7'

»7'error{urefersw to respondents that answer ;an‘f item

,;;the'-second type of error -may 'occur,. ford;<'

THpoSitiyely“que t guess1ng or~cheat1ng In thls case,v;5’:

'7the 1nterpretat10n of the false—p051t1ve type of errorh;f“V

"»f'lS s1m11ar to the 1nterpretat10n of the C‘parameter in a: -
'1';three parameter 1oglst1c model (See ,sectlon S 3. 2)

“dISCUSSIon °f the comparab111ty of the error parametersaf’

’f1n the Dayton and Macready models and the c parameter 1n"7 )

'ivthe three parameter- log1st1c model 1s prov1ded by Vang_
"der* L1nden (1978) fTh cond1t1onal probab111ty ;”bfj
vresponse ifor3 thef false pos1t1ve /false negatlve error
’model are presented 1n Table 4.4, '



A e e e R e
i “-“gfe,‘a;fmf B :5,_.':,;rg,vir';T.fj;*gz;:sstyfl

v'Table 4. 4 Cohd1t1ona1 Probablllty of P051t1ve Response
o : ‘,for Four Items, Given Membership in One of . .
the Five Latent Classes: False- P051t1ve/False ao

:—Negatlve Error Rate Model - e

Scale. Type

h1ghest\t R I lowest'p
' oI oTIn L 1v

H

:,»Item

:.(

.1 ea51est 1
2 - - R
3 I
4§$ardest 1

[P R

11

NS
fo

- %a, and b repreSent quant1t1es such that 0 ,“5'<'.5p

Lo

It ,‘ié- 'assumed ‘that " the probablllty £ oa
‘}ralse posltlve error b 1s constant across both 1tems and
"scale types (excludlng, of course,»scale type I where a‘if
',false p051t1ve' error is. by . deflnltlon _1mp0551ble)
-51m1larly"-for.valkfalse‘negat1ve-_error' a (which 'is
impossiblevin‘scale tYpe V). A . ‘7‘_}h' o b3 |
| For iﬁstancejraprespohdent'who ls.a member of scale{;f
typeollfwith.ékpeoted~response pgzterh*(1ﬁg,1,0),, woul§{5'
_Q‘fahave .an observed sespohse pattern-e(0;1}0,ol ,with'a,ff

Cprobab111ty

a(1-a) (@) (1=

4 8.1, .5 Latent D1stance Model _ : ‘
F1na11y,v the latent dlstance model (Lazarsfela andp5fix
Henry, 1968 Chapter 5) allows error rates to vary from,"-w

item 'to 1tem,'and also allows the faISe pOSlthe error



f.yiratesfl '-”differ from the false negatlve error rates.nu_"

jh(Note that 1n the former model the tvo error types ‘were‘.3-

‘“not allowed to dlffer across the 1tems)

Ll In order for th mbdel to be 1dent1f1ed Lazarsfeld -

féndlf Henry (1968) <%ssume that thei;error rates 'ofif

false p051t1ve and false negat1ve responses -a_'r equa17

i

'_for, the most extneme” 1tems (1 e., the ea51est and the .

\

" most dlfflcult 1tem)» These two 1tems serve as anchor
.ffor -the} scale.: Each§,1ntermed1ate 1ten, then,,has two
:error rates..one for then false pos1t1ve responses «andf'
'oﬁe_‘fbf. the- false negatgve responses.vTo descrlbe the:h:l‘
flatent dlstance - model” 7inv terms F-Of_.-condltronal“:~
_{probabllltles..*_ Gefine 'tﬁeﬂ following‘vrestrlotions:
h.deplcted in Table‘ 4 .5  £ descrlblng the  conaltional;fe£r

*probab111t1es of the latent d1stance model

Table 4 5 Condltlonal Probab1L1ty of P051t1ve ‘Response
for Four Items, leen Membership . in One of
the Five. Latent Classes. Latent Distance -

- Model = TR O
| L
; Scale Type f
S -highest N ‘ f‘ﬂ__.;,
I1tém- I 11 IIT R
'.J1:easiest' réa¢l 1¥a 1-a
A2 . +1-b 1-b . 1-b.
3 : Lo 1=d s 1-d e .
4 hardest 1-f £ £

*a, b, ¢, d, e 'and f represent quantltles:
0 =< a, b, c,»d, e,.f < .5 = '
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i '4 4 2 The Go‘ﬂnan geau Model R |
‘ Goodman (1975 1979a) develop9d a lateht ciass*’model*'
‘that o:v1des the . respondents 1nto two groups. a scalable—:»"

’and » intr1n51cally unscalable class. ft<.is‘ assumed that

A

_ resaonses of the scalable glg%s always confo 'm to the scale

» types expected under Guttman'“ftgsdel and
v N R
uns:alable vclass are those who respond to- the 1tems e1ther

randomly or who order the 1tems dlfferently “than . do the

majorlty of the respdhdents,

Note that Uuodman -8 model assumes- that there are k+2

latent classes,'”The; scale types constltute7 k+1 - latenfv
classes and the membets’of these 'classes are . assumed tp

respond oh each item. w1th a probablllty of one or. zero. . The
. 4 _
final class[represents the random’ component- the members of

. e - ‘ L
this class are deemed H"1nherently unscalable:,, - The
restrictions that define Goodman's model are presented.in

‘Table 4.6. R ' ' | ,

2

sGoodman (1975 1979a) used the qua51 %gdependence concept
when he 1ntroduced his scaling model. Th»s term ref s to-
the fact that only a subset of the 2% response patt s (the
non-scale type patterns) are assumed to be mutually E
independent. Usually,  quasi- independence is used as a !
‘basellne model in stratification research where the class of
"movers" is assumed to be statlst1cally 1ndependent of- the
.orlglnatlng class. :

N

2



.;!-tjﬂi_; . .:L--jif.{ g‘:_;g o lﬁ"“'iﬁfiﬁf?’a; L -‘.62__31~

,_Table‘4.6g Condltlonal Probablllty bf P051t1ve Response
0w rfor Four Items,. Given Memberéhl ne of
.. .= the Six Latent Classes:- Goodman" ‘#g§;51on
o : “*it-of Guttman s Determlnlstlc‘Mode

e . RN R‘. g
: —
o o Scale T}ppe

“Item . 0 11~ 111

1 easiest a 1.0 1.0

2 -~ b 1.0 1.0 '

3 : c -1.0 -0

4-hardest =, d 0 -0 o

*a;'b,'c, d}frep:egﬁft quant1t1es ‘such- that 0 < a, b,
' ) 3 . ;

- a_
< 1.0 - :

‘Table - 4. 6 shOws that ~ the restrlctlons on'-thef
»cond1t1onal probab111t1es of the latent classes I to " areuf

. thej‘same as those assoc1ated w1th the Guttman model Note
also that the cond@tlonal probab111t1es assoc1ated w1th the,

latent unscalable class, (latent class 0) are unrestrlcted

i

because th

'responses of the members of thlS class to the kl,

4'ewed as mutually 1ndependent.

4. 4 3 The Dayton—Macready Model

Dayton ~and Macready (1980) developed a mEdel‘that

combines the'features'of'the Gooamah'S'scale model and ,theﬂ"

Citem regﬁonse error models. The model assumes that a latent"

IE

. unscalable class exists (as in Goodman's model) but relaxes_
the_‘assumption that' members of the scalable class respond:
ertor;free. To descrlbe the error structure of the scalable_ee
class% in thlS model we can use the varlous-responSe medels.

b

i)
A,



»'descrlbed above.

Dayton and Macready (1980) akg%'

nece551ty for 1nclud1ng ah 1ntr1n ; { ly unscalable class 1n'

e e
:the' model and alternaplves '1ne'ud1ng error responses for

A

. scale types~ ﬂ%wfi~

'4 S Hlerarchlcal Relat1onf

R

Nested . or h1erarch1ca1 models ‘are stralghtforward

between the Latent Class ModeIs qu
"%m.

i.e., 'nestlng ,51mp1y 1mpl1es that one of the tested models..'

“is a subset cﬁ the other These subsumlngr relatlons amongy

¢

‘models 'are wreferred : as ,nested'or hierarchical'models'

BT
Ll Y.

ﬁ(Flenberg, 1983‘ Rindskopf %983) In nested or hletarchlcal
models, the chl square of the more restrlctlve model (Xk) 5$

.compared to the ch1 square of the less restrlctlve model

N 0

(x3 ) - Xk X* and has a ch1 square dlstr1but1on w1th degreesv

of . .freedom equal to dfk df

o fFor 1nstance, the, 1tem spec1f1c; error rate model isz’

léss restrucbﬁve than the Proctor modeI.;'bnder the latter

‘ model ,aone error rate for each 1tem'1s estlmated whereas in

the former model th1s error rate is assumed to be \the - same

for- each 1tem Because the 1tem spec1f1c error rate model
;prov1des more 1nformat10n for the est1mat1on procedure, ve
Jassume that the fit of the m%del to the data 1s better than
‘the more restr1ct1ve Proctor model To put this dlfﬁerently,

we assume to get a smaller chi- square for the former model

)

e

at a cost  of loSlng degrees of freedom., Thls drop in

’chi-square' of the less restrlctlve 1tem spec1f1c error rate

A

model relatlve to the loss of degrees of freedom can ea51ly



s
ot

f_be\tested for statlst1cal 51gn1f1cance.

However, researchers also compare vthe it ¥f models

that re not ‘nested or h1erarch1ca11y related The - ch01ce f"

-between these models must . be based .A'a' comparlson' of'

'»;ndlces:'of fit or other cr1ter1a because non hlerarchlcal

7

c1rcumstances,:»often the‘;chi-square statistic’ is used to

determlne the fit " of. a -latent' claSS _t0’4the data. For
/ s

1nstance,' the choice between the item- spec1f1c error rate.

‘model and the type spec1f \C - model cannot. be statlstlcally

determlned because' these models--are not . subsets of each

"other. Instead ;xﬁé ch1 square values'Bf these t\l models

models'“cannot . be compared statlstlcally ~ In these‘i

g

_may be comparedaso that the model w1th the lowest ch1 square A

: 1 . ' B
value relatlve to the degrees of freedom -suggest h " best

f1t to' the data. ‘"ﬁ, Joo -'\g‘_‘"

%
53 .

The hLerarchlcal relatlons between the lateht class

- S

models can be(summar;zed as follows:
—Proctor S . model and Goodman s model both are hierarchical

with respbb; t Guttman s model

-The Dayton-Macready hybrid models (plus unscalable class), °

'and Goodmaats. model_ are h1erarch1caIIY: w1th respect to

Guttman's model.

’

—The 1tem-spec1f1cW error "rate model the

model ahdtthe false- p051t1ve/false negatlve

the

~The latent dlstance model is h1erarch1cally ré&ated to

S . O . .
“In the case of hierarchical related models, we compére the -
likeélihood-ratio statistic L? instead of the Pearson x? °

statistic since the former can be part1t1oned exactly

(Flenberg, 1983:58).




'j1tem spec1f1c error rate model

h—The‘ Dayton Macready hybn1d models (plus unScalable class)

tngcare h1erarch1cal with. respect to each of the reSponse error [;'\v.
.ﬁ; models _ vv"f'-y'ng'“,; _a.f e l’fef-“-f‘ f' 1
Y“TB§i; S ﬁ?’ﬂf‘

At ' S

c“—Group,Latent Class Model . ,":il" - = [:‘

theT scal1ng -models co idered here are mu1t1p1e group
fgenlrallzatlons 56f<)£h precedlng scallng models. rThesef}
models enable us ,tc; compare statlstlcally scallng models
ffrom two or more groups by-a 51mu1taneous ,analy51s 'of the‘
Jfflatent structure of the data for the groups 1n questlon. The"ﬁyi
7cprocedure for 51multanéous' latent structuref'analys1s »iSi"
ldescrlbed by Clogg and Goodman (1984- 1985\ 1986) and the A
'331nterested reader is ,referred bl these sources ”for' thel'
7techn1cal detalls, ;. foru;the; s1ngle group latent class

models,.lt is assumed that the latent varlable 'rs -d1screte-

ff and'f- »assumpt1ons are made about the . dlstrlbutldn of the SIS

< a8

Tflatent varlable. _7f

.'iln osder' to compare the dlfferences between“parameter
T Tvalues across groups, we f1rst test whether the same type of
,;fmodel ;is' va11d for more thah one . group, separately If so,»wgffcf
e w1ll test whlch parameters are constant across groups by‘ i
;?'plac1ng 'varlous restrlctlons on.;th parameters _of;*the;: o
“;g multlple group models. Clogg an Goodman (1984 1985 1 {éséi*"”'

Sl dlSCUSS three ba51cf types 'of restr1ct10n5° w1th1n group

7r1restr1ctlons, across group restr1ctlons and comblnatlons off'
'mfthe two. W1th1n gfbup restr1ct10ns refer to any k1nd of

'l;fmestrlctlon 1mposed on the parameters of &he.model and .areif;;y;ﬁ

y.freferred to as samply nestrlctlons.;The models dulbussed'1n'f

o . »,-.
° . . o . vl
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' “the. present 'study.'uare.'fall restrlctlve, models. 3Thef1f
‘_across group restrlctlons refer to equallty restr1ct1ons,-off

the_ correspondlng parameters across the

hpjrestnﬁpt1ons' on the parameters (1 e., if we assum@
parameters are dlfferent for.”the groups ‘in questlon) Ca

l’moael of complete hetenogenelty is obtalned

Y

"FOr example, assume that\// generallze .”Proctor's
- 51ng1e group model a. . multlple group model First' ;
‘place the same restrlctlons on; ﬁhe cond1t1pnal probabllltles

r'of' each group, separately, a%;dlscussed above. Thls means

”"that the parameters of each model are- restr1cted"7' Ifilwenr-*

ext allow the error rate a to vary across groups, the ‘model

fls con51dered as heterogeneous in the response error rate.
. \ S f

f;'However,-'lf- we constraln the error response parameter a to~rw’

- be equal across groups (1 e.,.the 1tems are equally re11ableyﬁf:
/findlcators of the latent var1able in each group) thls model;
_'assumes homogenelty of the response error ‘rate._ Note :t.at_ff
th1s latter: model is a restr1tted model w1th a homogeneousV:h'
* ,latent structure.lﬂlf;:”jfgf' e
‘ In T the_: present'fi study, }i'ﬁej;h w1ll . comparedy_
rlrrestrlcted heterogeneous models w1th restrlcted homogeneous_
jmodels.: Thls ”aéhg easlly ge. done by checklng whether thes;v
'leJfferences. between ‘fthe ch1 squared ”Vvalues‘ of : 13 theh“i7
”'heterogenous ‘models dlffer. 51gn1f1cantly from models w1th‘”
Fnter group homogeneléy constralnts because the 1atter 'are’j;

h1erarcn1ca11y related to the former.;;ff'




5. LATENT TRAIT MODELS
5. 1 Introductaon - S |
In Chapter 3 we 1ntroduced two subclasses of latent :

.»structure models:‘v the -latent class “and’ the latent tralt,

models.-In ‘the previous.chapterv"we‘discussed scal1ng-models:3”

vthat are all spec1al cases of latent class analy51s. Here we';v

T

. . w1ll 1ntroduce,£}he mathematlcal models that def1ne 'thel -
‘var1ous latent tra1§ models. ’_ i ’ ;.' e
" ‘Latent tra1t Qodels and latent class methods:iUSeé?; .
'1?construct scallng models have some 1mportant smm11ar1t1es-§
_and dlfferences W&rst, both models assume. a one d1mens1onal'
order1ng fi;the 1tems and ‘the c&asses _of ”the latent
hvar1able. Second latent class_'models. as 'well as~ latenttp

ltralt omodels _assume a pPobablIlStIc relatlonsh1p between a

person s response glven her p051t;on on the latent varlable.t'

'.‘4

;.'In contrast to the determlnlstlc Guttman model these modelsgfft
'rfltake 1nto account the falct’ that ‘we_'can"never3 be sure avfiﬁ
' respondent 'w1ll' answer "ane.ltem pos1t1vely, whatever her;
ip051t1on on ‘the latent varlable. Thlrd both types of models:fft
:share inf common thelr rellance on *he pr1nc1ple of localifd
independence,” A e.,q 1tem ‘. responses are:; condltlonallyvf'
7‘lndependent .g1ven the same value on the latent varlable orf:5
'1n the same latent class. As a consequence, 1n both models’

h probablllty rof #tespondlng pos1t1vely f_ an 1tem is

”o-lndependent qi ei'other _?tems

:Fourth both analyses model data'f1t can be assessed by-':

»

;comparrng the observed and expected patterns of response'

i

: E'fr3993331¢5'1 in other words, the models are fa151f1able.4;-

I

T e T 57 i

included ‘in ,th scale{”;tj
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ZChapter 2 thlS feature was referred to as _represéntationar?,,;

measurement. _"f d S ; > ’:"_\_{f,h,‘“~‘jy.¥:':}§¥ -'-‘fi

- :
Desplte these 51m1lar1t1es, there is. one key d1ffevence

3

betgeen -the r’twol approaches. Latent class models assume af

fd1screte dlstr1butlon of the latent var1able whereas latentf fﬁ

."tralt . modeIS‘h view" respondents ;uas be1ng dlstrxbuted'

contlnuously over the underly1ng latent varlable Therefore,?ia.

the models dlffer in the1r spec1f1cat1on of the relatlonsh1p;¢:

sl

sbetween theiglatent var1able and hec probab111ty of &

e

(p051t1ve) response. In 1atent class models, both 1tems anng

'_persons are a551gned to one of the latent classes, and
4 N

'fth1s process,_ estlmates are obtalned of the proportlon of_

”'frespondents who are (mls)cla551f1ed based on the best fit tof:

s, -

A

the iata.v~Latent tra1t models spec1fy the fel&%;onshlpl;"

between a person s p051t1!k Ou the latent tra1t fthe'vltem-”*y

. and the observable response the1r 1nteractlon 1s>sqpposed ko

’produce.h Thus, rather than est1mat1ng proport1ons». of]yQ'

_re-‘ondents in- a certam class dlrectly, latent tra1t models’

: ﬁdescrlbe the probab111ty of a response as a’ ﬁ%nctlon ofd'aaf'

”-set of model parameters that represent locatlons of persons’

affand 1tems along a contlnuum.’

i In 't the present study, we cons1da& both non parametr1c
LT S’_ .

~.

V_dmassume that -a- respondent s chance for ‘a pos;t1ve answerﬂy~

517as well as parametrlc latent tra1t models." These modelsr:’?

“f;ncreases _w1th her: value 7' h latent varlable fbutf~t3

'-:;decreases : w1th item d1ff1culty.”* However, ' ;n’;»the;~f

-~non-parametr1c Mokken model no assumptlons -are’ made ‘about_"

-:%ltheA funct1ona1 form of the ICC s. It requ1res only that thed

.

*iiiltem trace l1nes are monotonlcally 1ncreas1ng and that they!flf

e

e T - . LA A



SRR IR
do not 1ntersect If the modeL fltS the data, th' _
,obdinalf

o' A 1

scale f scores 'and 1tem‘ d1fflcult1es constrtét_
values. In contrast the parametrlc models deflne exp11c1tlyf
:the functlonal form of the ICC s and as a consequence, wef
an.make measurements on an 1nterval level | ' ‘,

Q%Ensfthe next~ sectlons, ve. w111 f1rst dlscuss Mokken s‘h
| method of scale analy51s. After that that we ‘WIil presenti

three\aparametrlc latent tra1t models, usually referred to "

the one—' two—’and three parameter models. F1nally, a

e _comparlson between the two approaches w1ll be made.

ﬁ‘unldlmen51onaF set of

LR
LA

5 2 The Non Parametrlc Mokken Model ' } L

| ff”'The _Mokken model € a‘ stochastlc elaboratlon o@,
:hf Guttman s sdale analy515' (Mokken and Lew1s, 1982) It is
| applled to d1chotomous items for whﬁéh one or the other ﬁisg;'?
de51gnated as. p051tﬁVe 'w1th respect to the latent varxable B
of 1nterest (here attltude) The model treab ~‘the attltude
"aslra s1ngle &atent tra1t on whlch the person s Jocatlon 1s
represented by the parameter 6 apd the' item" s“locatlon PiS’i
'frepresented 7'byf"the' parameter 5 leenf'a reasonahly

_ ‘ '“Qi‘. . ARl

laﬂ&nt varlable_fmeasured he’ person parameter 6 can. be .

A

e estlmated by ‘the. number of 1tems to wh1ch a person respondsj

p051t1vely,{ and the 1tem parameter (8) can be estlmated by
the proportlon of peopleQ\?o responds p051t1vely. The former‘r[

”ils referred to as . the person s‘scale score and the latter as o

"U. .

"Note" that both Andr1ch (1985) and Schwartz (1986) argue oo
that ;the Rasch ‘model.is the. only probabilistic. analog of the
Guttman model. This belief -overlooks: the development of
Mokken scal1ng 1n the early sevent1es (Mokken, 1971)

ms, that 1s, one domlnated by theglg



~_:_1nterva1 or ratlo values.-' ’

the item difficulty.  *

\1 o :‘

A 55 2 1 The Assumpt1on of Double Monotony

R 20

"‘ h Mokken model Spec1f1es ‘the relatlon between the}*“

‘h1tem and latent tra1t 1n terms of gan '1tem character1stico%7

/

curve (or ICC) denoted by P(X.|6) as. the formal expreiglon-'

| 1nd1cates, thlS curve represents 7the probab111ty _of.

fjp051t1ve response"onﬁ an - 1tem ’ﬂ} glven respondent Jrs i

rtglocatlon 0 on: the ;atent tra1t. An 1mportant feature of 'the"

Mokken _model ;is_ that unllke {the parametrlc 1atent trait"-

R

'1models (see Sectlon 5 3) 1t makes no assumptlonv-about etheeff

ffunctlonal form of the 1cC, For thlS reason, we refer to thef;”

'Mokken_—gdgl as 'non parametrlc,~'and the result;ng, scale;

-.scores and 1tem d1ff1cu1t1es constltute ordlnal ratherjthanfgh

#

S SRR ' - "ﬁ__
Instead thew only constralnt the Mokken model puts on'}'.

‘;fthe ICC' if1s‘ referred to as"the .assumptqon of double5"'

'monotony.vah flrst requ1rement of th1s assumptlon is. that*
l_jfor any. 1tem 1n a Mokken scale,_the probablllty of p051t;ve}a."
‘reSponSe f 1ncreases asg.e; 1ncreases.:_ put thls moféaf

5d formally, for any tWO persons i and J, where 0, is’ less than‘..?

30, the probablllty of a p031t1ve response on any 1tem in. *hed

'j'scale 15 less for person i ThlS requ1rement is. referred ,to"'“

‘ﬂ[as:,monotone ;homogenelty (Mokken and LEWIS, 1982) and 1s ai-“

' inecessary requ1rement for unldlmen510nal :measurement ‘f&”ff

5"ﬂrespondents.;mag )

L '.

.;-

ﬁljfof 1tem dlfflcultaes'fh;

"é_ﬁany value of 9 thefvz

: ;ease w1th dlfflculty'x'
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»

fremaihs inVariaht'over the Valuesfof'b'ior put graphically,:r-

| ther ICC s do‘not 1ntersect. G1ven these two requ1rements of

ot

the assumpt1on of double monotony, it becomes »pOSSlble ;doa"
'fkldeflne unamblguously the dlgflculty of ag 1tem as the 9’ of.ai
_;person _whoo responds p051t1vely to the 1tem 'fw1th _15'-
- probabllity of 0.5. | | N .' e
F1gure 5. 1 graphlcally 1llustrates the propertles of ‘a

-Mokken scale. It conta1ns the ICC's. of four d1fferent 1tems.
. Item ¢ is the e§s1est followed by 1tem5'43, 'ZQiiahdc»Ttﬁih o
“vjorder »6:{ 1ncrea51ng d1ff1culty. -,he items satlsfy thef:;h

'fassumptlon of double monotony;-f' e_ 1cC ﬁpr each 1tem.t

‘,L;ncreases w1th  and none of the ICC's 1ntersect Note that~of;

;ﬁﬁthe value of s for each item is found by draw1ng a 11nleromd3
th ef ICC xthe »_:‘ax1s at the p01nt on. the ICC where thetf“”

~}probab111ty @f & p051t1ve response 1s O 5 »Also note} thatﬂ.V

E=2)
i

.ifthe ordlnal‘ scale scores are deflned terms of the*f"
T(unobserved) values Of 9 Flnally, note that f w1th1n .the;f;-
”lconstfalnt qf double monotony,_the fuﬂctlonal form of the\\

.;ICC S dlffer and that the ICC s do not 1ntersect.
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' 5 2 2 Coef£1c1ents of Scalab111ty 7"‘.ffi- -":35*“

‘are based on‘ the fassumptlon of local 1ndependence> Thelny;

’of- the scale 'aé .a ‘whole by aggregatlng f acrosS' he

_ assoc1at1on in the‘two by two . table: that obtalned by

'Tahle 5;i:‘ThefCrossfﬁahulationgoﬁfngjitemsx

" Ltem \ i
N dé\gtes_ pos1t1ve response, “0” denotes a negatzvq
.. respons N T LS o :

- To test the requ1rement of monotone homogenelty Mpkken/

developed three related coeff1c1ents of scalab111ty yhlchfgri

..

’flrst H.,, measu : ogenelty or assoc1ablon between

.0

each air of 1tems. Th’ secon H., measures the homoéenelt
P . y

~of' a partlcular 1tem wrth respect to ail otger 1tems and 15' 

_obLa1qfd by ‘aggregatlngi'aeross ‘the coeffrc1ents -ofﬂ;the'

" relevant 1tem palrs. The third, H, measures the homogenelty_f_

3. '
L

. . . e "v.,;o .,4
coeff1c1ents for the 1nd1v1dual 1tems. ‘

Accordlng to LoeV1nger (1948) the coefflc1ent for -theh

‘homogeneity . f-"anf 1tem aalr essentlally measures _the: ;o

vcross class1fy1ng the two 1tems. Table 5 1 1llustrates suchf

2 S

a table. In constructlng thlS table, ‘we assume that &tem L

: defdhes hthe' rows, and 1tem J 4 fjnes the Qolumns, and that,vh

1tem i is more dlfflcult than j

. . - ' v . Tt 7
o - o K : R

4 ]
A R I *'no\
(| . // A .

Response to ItEm Af /. “ T

j . _,!':/-. ' f(‘l )\) ,~\
s f(o,h) / ‘

’

5 T2 ! t

T

assumea to bé more dxfflchlt ‘than* 1tem ].;.,

.

4
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d°r Guttman R determlnlstlc model we would expect the‘"
"top».rlght hand cell _the- error cell to be empty, 1 e.,

U'f(140) 0 Under the model of statlstlcal 1ndependence (or no :

- assoc1at10n between i and J), we would expect the frequency_'-“

"of the error cell to equal the product of th

frequenc1es— d1v1ded by the sample srze,'1 e., e(1 0).would_j*y
“equal f(1,.)f(.,0)/f(.,. . As g;venlln (1), H.,,y;the_-lndex‘_l

ﬁofrf 1tem1 pa1r ~;homogeneity , measures the -proporticnai
difference3between cell. frequency of the error cell expected'r

. under independence and the actual’ cell frequency

A e (1,0) - £ (1,0).]

e (1,0), R o !

B whbre e(1 0) f(1,.)f(.,0)/f(.,. ‘
"f Readers fam111ar 'wzth thej convent1on'10f_'us1ng the
lettersma, b c, and d to represent the cell frequencxes :of”:

-a 2” X 2 table may f1nd the followlng formula for H., more

'convenlent. ,j", :.v_“. y..,v?‘~ e e I - N ¥

- arg1naluf§j

o : R

1315 ’1('§§'7Vbél),/ ( a'+'b ) {yb.f;aaj_ SN y,h;(2)v ey

“k.fTheY? also may‘notrce the sxmllarlty between thxs index and

-

"'other measures of*assoc1atxon for 2 xr tables. When 1tem51_fr

‘ : ":"1} . ._:',.' ‘
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P

'arevinﬂependentfﬁlevwill be zero; when the er:of' cell is:

emptyj Hy, will’equal unity.l

The coeff1c1ent of item homogenelty, H,,‘,is given in

3y, It'x‘s;mply aggregates the observed and expected

~fteqUencies for the error cell for'each 2 X 2. table that

cross class1f1es item_ i with the other 1tems in. ‘the scale.
H. is analogous to »the. item- total correlatlon used ;j

rellablllty analySeSg'(Nunally,.1978).'1t will ‘be zero when

' mtem i 1s-1ndependent of the other items used'in the scale.

It will attain a maximum value of unity when the error cell

' of the relevant 2 x 2 tables is empty.

- f‘ S 'Z*eij an? - S o

_'_j,=.l
‘where i#j. - . T S

In terms of formula (2), the’numeratot of (3) consfsts

_ofﬂ_th ‘sum 'of_”the dlfferences between the d1agona1 andj%'
Coff- d1agonal cross- product terms for the two by {two table.
h?The denom1nator' cf (3) sums the product of the approp1ate,'

- marglnals of these tables.,

g . The coefflcxent f _scale homogene1ty, , is- g1ven in .

7(4)} It aggregates the observed and expected frequenc1e57f

used to calculate H,, for aI) 1tem pa1rs.

. N
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Skl ko k1 ko,
) L 13 T Z - ) £y EEE
' k-l ko L |
Y ) 1
A=1, =i+l ‘
. where l=j+l; | | |
Again; in termsiof formﬁla (2), | the nuherator 'of'.(4)

consists of the sum of the d1fferences between the d1agona1
”5and off d1agona1 cross- product terms - for all two by :
v*Ttables, vthe‘ denomlnator (3). sums -the‘ productsh of the
1ﬁ4appropr1ate marglnals from these tables.. The coeff:§1ent¢_1s'
;fanalogous to measures of scale rellab111ty, e g.,»Cronbach s

' except- that '_a.' part1cular

' cross class1f1ca8§ ;of k,{an 1tem pa1r 1s used only once in
. o : .

the calculat1on'of ath@r than tw1ce as 1s ‘the case in €he

“salculatlon of Cr nbach s alpha. H will- be zero when all the

.1tem§m§kw¥€gp:' '1ndependent and w1ll attaln ~aA maxlmum

-‘valuebdof: unity;when the error cells for all the two by two.l
:tables are empty. | o
.,ﬁ Sample estlmates A and H.,k%an be obtalned by 1nsert1ng_'

&e sample relat1ve frequenc1es £(1,.)/f(.,.) and f (1, 1) ,in

“l7equat1on (3) and (4). Asymptot1c samp11ng theory for thesea’ .

?Aestlmates is completel& developed by ﬂ%;ken (1971- 157-160)
and 1ncludes the follow1ng results'" A ' B

e &R
K e o IR ’

Cwn Ay



1. One-sided tests for -a‘Tscale~‘(h-0 '§s§fin>o>;'ana for -
‘_1nd1v1dua1 1tems (H,—O vs. H, >0L, | L o
2; mConfldence 1ntervals for H and H, ; andg
3. Tests . of equallty, of H (and H,) for' differente"'
.POpulations..d o | ; | “
:It .ma} therefore be concluded that H seems to satlsfy_‘

fully four prerequ151te cr1ter1a for a: coefficient of

e

"SCalability proposed:‘ or1glnally by White 'and Saltz

‘(1957:82), {together 'w1th a fifth \dne_» extending  its.
_?usetulness: o i> L B
1. Its' theoretical >maxlmum is 1Aand’hence'innariant'OVer '
scales.._“ ’ o

2. Its theoretlcal minimum -islirpi‘ assuming “'monotone;
homogenelty and hence 1s 1nvar1ant over scales. o m
-:3. It is p0551ble to evaluate scales as %@@hole w1th H and"':
: n}also to evaluate the scalab111ty of _1nd1v1dual"1tems
with: the 1tem coeff1c1ent H.. | h L\d

4. it ,isd p0551ble to test 'theoretically‘finterestlﬁgAv
| hYPotheses about .H and H..- S | S
"S.EIIt ls possible to  construct approxggateg’confidencen

1ntervals for H. and H..

-

The coeff1c1ents of scale and item: homdgeneity; alIcW'

the researcher fto‘ judge the scale (or scdlable set) as a

whole and the scalab111ty of indlvidual items. uMckken (1971)

“has establ1shed a set of cr1ter1a fdrm u51ng all. three'

| o
coeff1c1ents to Judge the . homogenebty of 'a | scale. Flrst all ’

" .the H‘, should be greater than zero.:Second all_the H. and""

therefore, H should be greater than a predeter;uﬂ

(c) The follow1ng class1£1cat10n of scales was suggested

ed constantv“

&
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QSO < H: a strong scale'
A< H < .50: a med1um scale"and

PN

.30 s H < \40 a weakrscale.
.‘In practlce, when an 1tem does not. meet these crlterla 1t ‘is;
i_?,ellmlnated from the_ scale. The coeff1c1ents Hﬁ}and //are
‘then recomputed for :thej‘remaanlng subset 'ltems,f'thevl;
coeff1c1ents "are checked aga1nst the crlterla (e. g. c > |
30) -and the process -is repeated untll a. suff1c1ently
.strong 'Mokken scale 1ls obtalned The concept of a strong
scale corresponds to ‘the or1g1nal trong requ1rements for*“
" the Guttman sgale, w1th values near. un1ty 1nd1cat1ng nearly

}perfect scales." |

. -5 2 3 Test of Double Monotony o | : :xaﬂ--' )
, The coeff1c1ents of 5calab111ty,' H and QE.,_ and vthe_t.
“deflnltlon hoﬁ‘ scalab1l1ty are used  to- test the monotone
. homogenelty of the 1tems. To test the assumptlon of- double.?
Lmonotony add1t10na1 cr1ter1a,;are“-1ntroduced to test the'

AaSSumptlon that the ICC's do not 1ntersect.

Th1s test 1nvolves van' 1nspect1on» ot‘;the f? and Po
.whlch contaln the probabllltles of two pos1t1ve and
‘itﬁdﬂ negatlve responses, respectlvely,‘to all- p0551ble palﬁs
of 1tems. Accordlng to ‘the assumptlon of ‘double monotony,_;
11tem responses are/condltlonally 1ndependent given the“same'
tvalue of 9 so that the (condltlonal) probablllty d:v jolnt"
'fresponse for persons w1th E?ersame value of 6 equals the

_product of the1r1 marg1nal probab1l;t1es f, response., In

"fother' words, f test of double monotony is. based on éhe

T\
). . . TR TR o e v
[} .

V Doy
.“’ . . o



.-' . j:';\ : ‘, :
pg;faééumpticﬁ' oi local independenteewh1ch can be empzrlcally
Jv ".’. . . %

'”‘verlfled by . the obsenvable uncohdrtiohal‘ probqbllltles of

".\

ffeach ,1tem palr' in% the P a d Po matr1d%s; Slnce marglnaljp'
j.grlndependénce is assumed unGQﬁ the‘assumptkon of glven é?f?fﬁ
;'ﬁglvalue thé?wmweservable condlxidhal probpb111t1es 1mp1y the;f{;“
-7ﬁ:obserable “uvffmtronal:probaqgiltles."ﬁt ﬂ”;“f?“fFT;‘_"_ﬂ :‘11‘
{; e Thqs, when 1tems‘}( %fand 3 represen q§creas1ng leVelSt;;m{

‘of dlfflculty, the (condlfional) probablllty of /7 pait of_il

’ p051t1ve responses w1ll \be greatest for 1tems 2 and 3 f,p?

"followed by 1tems 1 and 3 and 1~"and “2 SJm1larly,y':he'ﬂ:‘
0 . P Do e T
'(condltlonal) probab111ty of 2 paf” of. negatlve responsesf"

'w1ll be greatest for 1 and 2 followedgby ﬂﬁand.B,.qnd:?éand°‘f
"'pp ,Thé ‘test of. double monotony,, t\en,=l 1nvolves_,pan"ﬂ
1nspectlon 'of P and Po: matr1ces When the rows and columns

'y

' are ordered from top ,tod bottom and from left to' rlght; e

accord1ng ‘to decrea51ng levels .of *1teml dlfflcu&ty,ush e

e

probab111ty °f a pair of 9051t1ve e sponses should 1ncrease;:"w

L.

“in the P matrlx, whlle the probablllty of a pa1r of negat;ve- L
: oA .
responses should decrease 1n the.Po matrlx.; Items that do IR

f1t .the pattern Bare“removed from 'tﬁél scale.j,The'
' stat1st1cal s;gn1f1cance of departures from th1s pattern can _"
'be tested by means of a 51mpie run test (Molenaar, 1983f

.iélegel, 7956)» - o S e '»];-,_:"v‘ﬁafe-;' '”13":{;?:“
SRR SRS e -':. ST
5.2. 4 Cross- Populat1on Comparxsons of the Mokken Pedt o

[}

Once the researcher flnds a scale, she'_can 'test ~the’g?

robussness x.of“ the scale across dlfferent populat1ons..r

Essentlally, thlS test 1nvolves compar1son o{ the values ‘offf7'

o

Y



i}H”forgdrfferent sampleS.agalnst an average er

of n Mokken has déveloped_the test, stamlst\ for testing. . !

R) age equaL"pqven ‘1n equatlon..(S)ﬂ

asymptotlcally dlstrfbuted as a ch1 square w1th b—1 degreemw

.,-.,

stat1st1c 1s 7}

S

ff'of freedoﬂl"here b 1s the number of groups) when ; h_ null'”"‘

fhypothe51s 1s true..Thus,'lf the researcher éccqpts the nuil{-d-»ﬁ

‘. 1

"7fhypothe51s, she can pool the groups and v1n effect, use “the.

'_hmean value .°§ H -fH to\estlmate a 51ngle varue for thes

o —— ~

::p"scale homogenelty that applles to all groups. ~;.,'-g f}."

P

" LA o

b)

»

“h where s2 denotes the varlance of the dlstr1but10n of. H (See;;h;}.

’ﬁleemoller,‘ } al., 1982 Klngma and Reuvekamp,v 1986b f°:,f:

. N E
7add1tlona1 dlscu5510n of the’ test) SRR AT, ~f-

R a
e

;;5#" In addatlon, the Mokken‘ Test pr9v1des jéf statlstlcalh""

4

- ba51s f deczdmg whethe’ the orderlng of a glven set of

vltems 1s 1nvar1ant across dlfferent subpopulatlons. Molenaarf~

-(1982) does thlS by d1v1d1ng h1s sample }nto two or more;_,r

:,strata us1ng a varlety of stratlfylng var1ables, such as{png

'f1ntermed1ate :values of. the respondent 'S scale score. If the'<

_,_' TR ”"‘

.ffassumptlon of doub;e monotony holds for a populatlon,. the:;’rth

"order Qf the’ 1tem d1ff1cult1es should remaln 1nvar1antfhf«!'

e . .

: 4 \ :
¢ A | R : e

. oo . ] ‘ 15.‘> - . ' » f)



1'“~c01nc1de§ w1th the normal oglve model (see Flgure,.s 2) The

; _ D N Ll
R populatlon, and 1f the model “holds for .8 pop latlon» of j
' 1tems,‘ the order oQ‘the respondents (based on scale scores)

’ht(sﬁbject 5dtdﬂdfsampiihgiz‘efrbr} “for any samg; ”:bﬁ[gtﬁe;;

: ﬁ‘wlll vemaln anarlhnt for dlfferept samples of 1tems (agalﬁ
3 ‘ Y ‘._.'..-

'sampllng error) This'- feature 1s referred‘to as

9{:‘:

ﬁfe”spec1f1c object1v1ty"\(Rasch 1966) _1 concept used q

vod ea "»' .

g{iconnectlon weth the RaSQh model dlscussed below

° R a

Y

?}5 3 Parametr1c Modebs. Normal versus Log1st1c ngve';ﬁtV“”ff'f?:“
‘"*ﬂvaIh sub~sect10n 3 3 1, in. wh1ch parametrlc latent tra1t

-ﬂ.models were,dlscussed,«xhe dlstlnctlon was made between uthe-f”f"

'ﬁnormal pg1ve model% amd the’loglstlc oglve models. In th1siﬂ¢gi

’sectlon the 1tem characterlst1c curves (ICC) of these models

,dw111 be dlscussed RN -f'*‘.?q ‘-t.f.'

o

' The log1st1c oglve model 1S a functlon wh1ch 'nearly

'“iloglstlc og1ve can be grltten as": y B ':"; > :h-;gﬁ‘;Hfﬂ““”
_ ,q". ST L | | I .1,  NI i

.\<z

. #
c L e

e exp(x v 1+exp(x n - 17(1+exp(x)) " (6)

A‘ -.‘ R
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”showed that' -
‘ |<I>(x\) #[(1 7x)]{<0 01 for all Ao, R

e , S e YT
"_ In words, the normal onge'é(x) and the loglstlc ogiVe;Q;1¥

| w(x) thh standard dev1at;on 1 7 do not dlffer mo e . than

¥

0 0] unlformly for all x. Molenaar (1974) showed that 1ndeed xS
;7f1x1ng he"scallng factor D}to 1.7 m1n1m1zes the max1mUm, :
nfd1fference’ between. the .f cumulat1ve curves.‘ Thds to.

L N
».l
] N

";maxlmlze agreement between tthe two functlons, we USUaIIY“ t

'pfta‘gfb Slnce the loglstlc oglve 1s mathematlcally far-""j
"b;s1mp1er than the nprmal ogbve, tpe flrst one can be used as
"J'an‘approx1matlon of the second one._.‘.ff:ﬂfb;h‘~’:hfg}g»ff“,‘?;g

'hi-ﬁhe popula;' models for unldlmen51onal latent tnalt

wtv

1 2

"dﬂ'odels are thé‘ one, two, and three parameter 1dg1st1c d;ﬁ
\ythough these mpdels have been developed prlmarllyfu"'

":models.-
1n connectrpn'W}th*abllr_x testlng, present .research showstf

ﬂf‘%hat -they m1gh' be- applled to other klnds of latent tralts:"“h'

: asf well such :'s‘ attltudes. The number or parameters;[“*,
fgrequred desCrlbe an ICC w1ll depend On the part1cularrffzz

vflatent tra1t model*‘Three parameter models are d15t1ngu1shed,

L

':accordxng to the number oé parameters.,one, two, or thn
o 5t3 1 Two PdT!meter LOngth Model b‘v R ’W. |
Blrnbaum (1968) proposed a 1atent tralt model 1n wh1ch_"

the ICC takes the form of a_two parameter lOngth functlon- L

Qﬁfﬁé; o f;.';‘-.fgi‘;j; ‘ b;h,,;};,9_=l"- ff*fri”;‘f Lo
S POl (T Re |

-,



'°*. P(O ) 1s the piébab111ty that ip respond¢nt ﬁithﬂflaténtfdv

tralt“score 9 answers 1tem i correctly,_rfp»}ff}?p :@hfthii'f
aT— fﬂthe dlscrlmlnatzon parameter, rh.h?€3h'fiirﬁtVflhax{fv:

» b,#fs'the 1tem d1ff1culty :ﬁVhpm(;f?$\;p '?p:@féﬂf‘iuf.;lh~;;'
hquW1th the.two parameten log1st1c mbdel _ICCs Vary nf7éiopeg;!fﬂp
‘ihgs-» well asffl 1tem d1ff1c ’{y._ That some :iteﬁgﬁﬁfh“

"ﬁdlscrlmlnate between responde ts w1th hlgh and Qowﬁlscaietﬂfff

. v

‘wﬁﬁscores better than. other'

F1gur; 5 3 s OwWs® two ICCs for the two parameter;,model

A

_dhxfhé;\parameter’ﬁ].represents the p01nt along’the ﬁ,contlnuum'v
'ffat whlch respondents have a 50 percent chance of respond1ng
_'fp051t1vely. Parameter by 1s a iocatlon parame&er, the morei;n
fdlff1cu1t the 1tem, the further the curve 'i's to;»ﬁﬁ - rlght #
'T;‘Parameter_ a controls fthe?'steepness oﬁ;,the_> ¢ and is fivg
hproportlonal to the slope of P (6) at the po1nt 6= b '.If thefiﬁff
-scal1ng factor D 1s set equal to ] 702 ‘1t can be shown that -

R o S .

‘the slope_,of the 1CcC 1s 42 55 percent of a. at 0 Joi 8 (Lord

e;f§30313). Note that the ‘ICCs for th1s model are: allowed ,AHx;?f
;{htérseCt and ﬁhat :i that case the set’ of 1tems s-ﬁ¢£7” o
3fdouble monotone (see Sectlon 5 2 1) 'fli¢v ‘H‘lw}:”-}hllif

| ?,fA consequence»; of . 1ntersect1ng | ICCS°‘ig, th;t a_7;sf”

o respondent s 6 value depends upon the part1cular pattern«fof L

1tem responses r AN than on the total score ( total number

?pf 1tems endorsid).“Thus, &nder thls model respondents w1th

the same total

,core could obtain’ dlfferent 6 values if they
P S _

E!Note that the'petters‘a and b mean the opposzte to thelr. :;9‘
‘use in ltnear regression where the former refers to the - b
.1ntercept and the latter to the slope of . the regre551on

- line. . : :

com o
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. - ¢
ORI Lo °

'answeied dlfferent 1tems p051tively. In plactlke, thls means7ﬁkif
' ‘« IR
‘that the researcher camnot reproduce a respondent s response

l'j pattern by means of her total score, a? feature that m1ght}fﬁw7

f'contradlct he;n wldespread bellef Uth "fundamentalﬁfi“f
”tfmeanlngfulness of an unwelghgpd su score“ :i,e respondentshf;}m

'3ﬁw1th the eame sumscore should recervehthe same 9 value.

. ,"

\
f"f35 3. 2 Three Parameter Lo 1st1c Model _f‘~77 e
'_f;_WThe three parameter log1st1c model (Blrnbaum, 1968) 1sfi
the ‘most. general of the three lOngtl » models. ThlS model:'e

- \—

5:¢paﬁr be 9bta1ned by addlng a thlrd parameter, denoted c,, to;

the ‘two parameter model he; mathemat1cal form of the,

/

three parameter loglstlc curve can be stated as- follows--l~

| P(8)=c,+(1<ci ) {1rexpl-1.7a; (o110 (8) TR

ulwhere c,_ls 1nterpreted as the gue551ng parameter 1n ab111tysf‘

‘intestlng‘sesearch The threemparameter logustlc model allowsf"
f¢_d1fferences between the 'slopesﬂ_of 'th ICCs .and . loner-_ _
d, asymptote. ThlS last feature off'the' Icc 'is partlcularlyf?rfd{
.vagproplate when respondents w1th low stand1ngs on the latent‘
trait- can occa51onally respond correctly to d1ff1cult 1tems;Qf
S However,. . th gue551ng parameter 1s de;iépped,. in' the
y

‘context of ablllty testlng and does not app.’;fto attitude

p.measurement for dlchotomously scored titems (as in the

 .present study),'51nce it seems unlikely' that ;responden;s

. .“
L

N



-
s

. really guessm the answers to the 1tems.w,'-

Flgure 5 4 prov1des two three parameter ICCs. Note that
the probablllty of gue551ng among Very low_'respondents

B assumed to be h1gher for 1tem 1. when there 1s gue551n9, the;;

. b; cornesponds to the.value of 8 at the 1nflect10n point. of'ft.;

.

y._"th ICC- that .i"ls,'v, b the ability level where .t'he'.A',f.

probablllty of a p051t1ve answer is halfway‘ between vcf]and‘r

‘f;j 0..a__ (1+c/2) In* Flgure 5 4, “item 1 1s endorsed lessp,,”

'p:_frequently than item 2. and therefore has a largerfﬂbzv;,:

parameter than ‘ltem 1 Parameter a,.of the three parameter;}p
o lOngth model is. (1- Ci )(D/@)a. when evaluated at 6<b’ -m,dfff'

'q;,as“a. consequence,._thef slope depends upon both a. ahd ci.;

‘7E'Note that the larger'the (o} parameter the lower the steepness,

lfﬁ,of',the, ICC th"t i, han-.1tem w1th a large c parameterfﬁr:ﬁ

:Th?dlst1ngu15hes les rplearly between_ those respondents w1thq
"fhlgh ‘and lOW4”'}ues on‘the,latent_trait'than an item w1thha7’1
I e A I e T

. lower/ cParamete,r‘i ° . ..,“ o

ugne-Parameter LOngth Modely"-

-

.;nally, the one- parameter or Rasch model,-named_fafter
a3 th Danlsh mathemat1c1an (Rasch 1966)' 'w i‘developedr

"‘1ndependently of other latent tra1t models and along qu1te_'
'fedlfferent llnes (Hambleton and Cooks 1977) ThlS model is a

Tt —_—-—_—-—_—__———-———

*If an acquiscent (or some other) response set occurs, one
~could interpret this third parameter as a measure of the
extent to which the iteln is subject to this response set. _
'° Barton and Lord: (1981) describe a’ four-parameter logistic -
- model. If this model .it is assumed: that respondents with a-

“high value on the latent variable ‘may not’ respond- pos1t1vely;5*(}

. to an‘item,. due. to’lack of . 1nterest,‘parelessness etc.vThe .
‘authors,- however, were :unable to find- any. pract;cal galns '
'that accrued from the use of the model L _ .
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P“fobabivlity, 'Q'f a po's_i'-t.iVe‘j respon's,é:E-r(Q ~
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'n,'spec1al case of h thqee—parameter 'loglstlc model that
ffresults from settlng c;-O and a.-1 for all 1tems. In WOrds,:
'_“pfirSt, 511 1tem€ are assumed to have‘ equal d15cr1m1nat1ng

:fpower,‘ and, second the c parameter 1s assumed to be zero.j

4

‘:Items are allowed to vary only in terms of thelr dlfflculty.

>

j;The form of the one parameter loglst1c model isi hﬁwp

SRR ".:'-' T p ”/h,_w\“{

T e

e R(8)=TreRpl-1.7(05) )

'Figure 5 5'represents two one- parameter ICCs. It.is easy to T

7_see that the tracel1nes parallel each other that ﬂls;- each

item has}.a' dlscrlmlnatlon parameter whlch is- flxed at a

\

value of 1 for all the 1tems An the set. as- a” consequence,\

respondents w1th thev same 'sumscore wlll_thaJn the same
6 value. As . 1n the two parameter loglstlc ‘model - th 5\\
"parameter dis - ‘point along h ‘6 contlnuum where the

1"probab&llty of a. p051t1ve response is ;2;

".ThQ one pﬁrameter lqgistlc 'model has many de51rable ;

features. The.Rasch model 1s the only log{stlc 'model that

hids sufflClent statlstlcs for ~per'son and r_gm parameters

’.

f,(Andersen, 1973) Th1s means that he Titem- totals ;a:ef

‘ ﬁsufflclent -statlstlcs for the 1tem parameters and ‘that the ;.

"fnumberr of -poS1t1vely responded‘ items 'is 'a suff1c1ent

'fﬁstablstlc for the” person parameter.i Thus the pattern of

N

"fp051t1ve\negat1ve responses does not provrde any addztlonal

';l1nformat10n. B L ll»w"_ B

. . . o . ) ' . . .v N .o
- Loea BN P . - . . A :
T . L . .
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L x,—O if 't negat1ve answer‘ is glven In other words the ;

s .
* BT "-"-.' :

v -,/ <

f:. valu€ of the suffldient statlstlc exhausts 'the xnfOfmathﬂ

where x,—1 1f the respondent answers the 1tem pos1t1ve1y and e

s contalned "mthe data about €he parameter.-lt 1s easy to;:

N show that for 1nstance, 1n the two paraﬂeter model there 1s'.f~7'

;o
<

3 \

no.ssyff1c1ent statlstlc for the person parameter' becaUsee-

the welghted sumscore contalns ,the unobservable 1fem

d;scr1m1nat1on parameter b,, and so 1s 1tself unobseréable
‘ - a.‘ ‘ " ) 'n,. ‘.'. g / .' . .'. ~ >. A.. 4
A

k | c ; t‘;"brx""l‘."’...-}.""bg)‘(k. )

,-_—' ~

“As a result there 1s no suff1c1ent statistic for the person'fw

~

‘parameter,' -and hence, no way ,,ellmlnate' the person‘=

parameters- from the est1mat1on of ~the 1tem parameters
(Fischer, 19747 Wrigh® and Masters, 1982 Schw?f"i 1986).
'No suff1c1ent statlstxc ex&sts for. the three parameter model

4 ‘ \
(Swamlnathan 1983) i , BT

Another property that follows from the Rasch model is

& F .
that _ of ”specrflc ObJeCtiVIty" (Rasch 1966- Flscher,
In the case’ of latent class analy51s, the number 05
positive responses is-not a- suff1c1ent stat1st1c for class
mémbershlp. Here the pattern- of responses is of eminent
‘importance and the frequenc1es“*f‘o curence of these
observed response. patterns serve as t e\sgff1c1ent
statlstlcs (Dayton and: MacReadyl 1980) e

-

AT i S 4
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fj that 1s based on’ Rasch -8 v1ew that sc

1974 ch 19) Spec1f1c ob]ect1v1ty 1s 2 phllosophlcal concept,_w

a ,

compar1son. Accordlng to Rasch ‘ sc1entr J ;statements in.

soc1a1 sc1ences deal w1th comparlsons,'and ;t ‘h comparisons
should be.,Lbjectlve,.'l e., 1ndepend nt. o the 1nstrument o

‘“EIn soc1al scfences, this ' means that he comparlson

L8

between two 1tems should be 1ndependent of Whlch partlcularpvi

"V“jnb1duals were 1nstrumental for ‘theb comparlson- ~and’

>

also be 1ndependent of whlgb\other 1tems w1th1n‘thej

f¢'c n51dered.set of elements were* Or' mlght also _bave Jbeenm‘*

b w; R .

Symmetrlcally;_iw comparlson betweenlltwo 1nd1v1duals

) should ‘be 1ndependent of the 1tems used for the comparlson-hém

" and 1t shouDd also be 1ndependent of wh1ch other 1nd1v1dualsd”

"were also -compared on tHe. K same or on other occa51onsv

© tae

)

Spec1f1c ob3ect1v1ty and estlmatlon suff1c1ency are two

(Rasch 1961'351-352)

"s1des of the same approach to»,lnference- i, e.,‘ that thet-

A

statlstlcal~ model .on whlch 1nference “is. to be based be:
seperable (faccorable) ‘in its parameters. As Andersen (1973)
shows, 51nce .the Resch model has the feature of suff1c1ent_.l

statistics; we can estlmate: the parameters separately by

conditioning the 11ke11hood of‘vthe data on the marglnal“wr

_totals (the suff1c1ent statlstlcs) for the parameters to bef

ellmlnated ThlS method of parameter estlmatlon 1s referrediv

‘v';; 4:’”'

to as the Condrt1onal Maxlmum Likelihood (CML) estlmatlon

%

-and7 is ‘also used in the log llnear representatlons of ;bef'

—————————————————— "&ﬁz:
“iNote | that Thurstone (1927) 'ready requ1red ‘measuring

instruments which are 1ndependeﬁt of the object of
measuremeng. (see also’ Sectlon 2.5. 1) L

N

i



P 83
. modei-.(See;o,Clogg; 1987;; Duncan,-1984a) “We w1ll dlSGUSS‘_

"'paraméterzestimation in Chapter 6 along w1th _the( avallable (;

' computer programs. 3 Q"hv_ ff"'ff”'_?*“"?f_eryf&>;ﬂ4;f;%%.

Further, since’ the model 'is 'thefhsimplest'_of ,the'

**toglst1c models,ﬁ itf-f : the_ ea51est model to. work with.

.--», ”

Flnally, 51nce the model 1nvplves fewer 1tem parqmeterstthehJ'

t-problems' w1th parameter estlmatlon are con51derably smaller(

than for the more general models (see Chapter 5) P
However the 51mple Eorm of this model may ‘be 1ts chlef
V‘wegkness when appl1ed to emp1r1cal data. The assumpt1on that;
‘all 1tem' d15cr1m1nat1on parameters. are equal is very
,réstract1ve and will, only -be ,appropriate {for carefully
_:pretested f'ana selected sets :of, 1tems. Therefore, ‘theg_
_ non- parameitlc \\kken model mlght provrde a useful tool for y

}researché@s. .WhO' 'want to avo1d thel strong parametrlc«,

T asspmptlonSyof the Rasch model or as a method for -selectlng L

1temsithat may fit the.Rasch model.
(’“ . 'Qt
: 5 3. 4 The RaSch versus Mokken Model

when we. 1nves;1gate the general propertles of the Rasch'
model'and.the Mokken model, it can~he shOwn that the former'

model is a spec1al case -of the latter. Both' models-assume

/o

double monotony which 1mp11es in the case of the Mokken

"model that™ the OPdePJng of the items is specifically

'Zobjectlve: in any group of subjects item i is more'difficulfh

- o

'? Wright and Panchapakesan (1969), Wright and Masters
(1981) refer to this principle .as sample free estimation”
wvhereas Andersen uses the- termlnology "estimation of: person o
(or item) parameters independent’ of - the actual ‘values of. thet
“item (or person) parameters" (See e. g, Andersen, 1913)

s



" than item j A(Moléh‘éa’r‘; 1982). 1n ~.the"pa'rfametfi'c”Rds'ch ‘model -

e

' Vthls-‘property corresponds to.the stronger requ1rement thatV-‘

.~ the. d1fference beﬁheen item dlfficulties must . be,. 1nvar1ant_%,]

"across samples.h Because both models assume double monotony o

:of the ICCs (1 e;, the ICCs are not allowed -to _1ﬂtersect) P

TVeach 1nd1v1dual S:.. .response pattern can be predlcted w1th a

"hxgh degree of certa nty frgﬁ her scale score.’fA Mokkenhl”“

r_(1971) po1nts out “the number of 1tems a respondent endorsesp
. R

prov1des the best estlmate oﬁ the person s _scale score . in'-

the Mokken model 'In the parametrlc Rasch model also,,the
vtotal score serves as the best est1matel of__th person s

v'scale score on the latent var1able, the 6 parameter, because

as a suff1c1ent statlstlc the sum score contaln_ all the= .

(probablllstlc) information ‘concernlng 6. Thusv,in} both .

’ T M
déels, the 1tem responses are- stoché§t1cally reproduc1ble
"from the sumscores w1th the Guttman patte{n most llkély

Further, in cross natlonal_'comparatlve research (the

concern . of the ,presentv study), the strogg parametrié’

measurements are of importance due to the invariance of item

‘and person parameter estimation across -subpopulations. In

. — b - : N : v
additﬂbn;va.Rasch,SCale is an interval scale which enables
the . researcher to compare dlfferences' in scale scores

.'between populatlons. 'With respect tO'fthe- non- parametr1c

Mokken model, the Mokken Test prov1des a mgthod for reduc1ng:

~a set. of scalable items. to. a subset that 'is robust -aCcross

populat1ons. ‘Since- the Mokken model assumes ‘only an ord1nal-

N

scale, the distance (intervals) that .separates ,the ‘scale .

score of the' items plays"no role in the outcome of the

Mokken Test. The  test is - sens1t1ve to cross populatlon'r

—



reversals °in. item. ordprlng\ 'and'. dlfferences 5inf”,theht .

y

.homogenelty between the 1tem and the resgﬂof the scale.-r

'In sum, the parametrlc Rasch model has qpe ;majorb’“
. ‘\

e;advantage 4over ;the, Mokken model- ‘the hlgher leveL offﬁ?f
ot e : Tt
,emeasurement Thls galn of 1nformat10n 1s bought at a certaﬂ%

rpr;ce 51nce the very strong assumptlons of the Rasch moael

‘fare,hard_to'meet:1n/ﬁbc1olog1cal research-where»Wthaveuon;y<~

3

A
Therefore~'

a,~1ow' level ”Bf knoWﬂedge eon;erning‘ 1tems and latent“a

" .variables. o
S "it__séems legltrmate to try to. find start;ng pomnts o
for scaling models which do not. rely ‘too heav11y}"

“upon specific parametric. assumptlons, as these lead .
to procedures of 1nference and estimation that are =

. too . pretentious: and- 1ntr1cate- for the level of .u
information and:the- prec1s1on that ~can.. be “claimed .
for the data used in. actual measurement. At the. same’ .
‘time we may want ‘these mogels and procedures ,to bear ¢
a- clear frelat19nsh1p, to the,»parametrlc models,
although the: former ‘ate -less  specific - . their.

~ assumptions and itore in harmony with our 11m1ted'

- knowlédge concerning ‘the  data. If we use these
‘Slmpler\ but  related. ‘models - primarily - for-
'1nvestlgat1ng the' scalab111ty of 'sets of items,

- their ' rela Lon t0. more .sophisticated - parametric -
“models -~may' N
$pecific parametrlc model in the more advanced"
stages of the‘research“ (Mokken, 1971-173)

. In 'the present study 'we' wlll start w1th the Mokken 

method as a preliminary' step ‘in  the development 'of a
, R

sross natlonal scale for the abort1on 1tems. If a-particUlar,

set of 1tems meet the Mokken cuaterla for ‘a robust scale, we

r AR

'nable to spéc1allze “them:. to.”af’Q*th?{

W111 apply more mestrlctlve technlques such as;Rasch.s model’ - .

¢ N *

or McDonald s>harmon1c analy51s.

~

o e . . . - “ . .
L - . o . . .. . .

W
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S 4 Latent class Models*_and7tthe ,Asspmptibn}T8i{fD0uble'-.T

Monotony _
o ’ ’ T ‘ LN
P As noted before, both the Rasch model 'and- t e ?Mo@Ken’“

e, )the\* -

‘model assume the assumptlon of double mono on
;6251ng funct1on

probab111ty4of a p051t1ve response 15 a dec
5“ofm the 1tem d1fflculty‘ and 2) an 1ncrea51qg functlon of a -

- person s p051t10n on “the latent tralt.,‘
. In terms of: latent class models, the firsthrequirement
ofq‘this ’assumptlon 1mp11es  fthe 5 following ineqﬁality'

constralnts QOD th condltlonal brobabilities of the item h
"spec1f1c error rate model (see Sect1on 4.4, 1. 2) ‘a < b‘< c <

’d, Note .further that ,the type- spec1f1c error rate model

%,
(see Sectlon 4 4 1\3) is. 1né§n51stent with the assumpt1on of
\.‘ .
double monotony ' When we ;%ply thlS assumptlpn to the
AR

LIENEN

¥
type- spec1f1c error model at 1mpL§es that a < b < ¢ < d but

\

also that - 1 b < 1-¢ < d <-1- e.‘Clearly, both assumptlons
T ~

_:cannot be" true.‘ ' - -‘f.’@gh'\\' E .o .] - | ;‘n\;.

‘A ‘main, problem with the applidation ofllatent classA€_
models-from the pefspeetive.“of the -assumpthn of“fdouble'
‘;monotony 'is that ;th;n existirg software\ for latent class
\\@odels does ‘not permit - the speciflcation'_of ineqnality

cohstraints~~on ‘the, estlm%tes of the_'error rates. This
l1m1tat10n makes a comparison between the results: of - the

latent class models and; the latent - trait models\vare

4 . >\~’
" complicated. s,
. ,\5 i -
‘ r b
. o
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_;dS 5 ASSIgning a Me fﬁan 0rd1na1 Scale *v'ff<""“"e<'777m:c

fundamentaﬁy problem 1n soc1al research 1s the often

hw1mp11c1tly accepted assumptxon of?' 1nvar1ance -*Of v the\

'trelatlonsh1p between 'thei 1nd1cator and -latent var1able

.
Ta ¢

across'subsamples in, for 1nstance, regress1on »and factor

'analysisf models.v hese‘ techn1ques clalm that the slope of

ﬂdthe regre551on llne 'at links *he latent var1able_ and EM{/

-1nd1cat r is- the same- ‘in. each subsample-_l e., there 1s no’

dlfferencéaln ‘the' unmeasured mechan15m, that produces; a
ﬂcertaln score on an 1tem. ‘ ST T f*';-&*f

However, there may be some reason‘ that:"forv}ah{g{wen_‘-

{measure (1tem) the - »slopes are» notf equal and,'~as ,a,7
. ‘( . o : . . -

consequence, general 1nterpretatlon§ of: the' slope w1ll be‘

‘m1slead1ng . For 1nstance, an . 1tem may be 1napprop1ate for a‘
K { ‘ . . '
culturally d1fferent group because %t ,shows;: a;_~lpwerv

correlatlon with” the ‘underlYIng‘ varlablel'"(I‘n-termsfof

. latent tralt models, the 1tem has a 51gn1f1cantly lower o

lfdlscrlmlnatlon para_eter jinf-that partlcular group5 Thés

-

-:d1fference betweenl rouﬁg*fin\ slopes may be prodqud by

varlables (for . instance, "bafkground var1ables ) wh1ch are,ﬂ

caésally relatad to the latent varlable.vBy ndt sgec1fy1ng

these . var1ables n the model ’changes '1n relat1onsh1ps

@

between the measu e (1tem) and certaln other varlables coul%g

,s1mply rgpresent 1fferences between the relat1onsh1p§of the'
A,~.|-U R ) )

atent ‘trait. )

measure and the'

_ln ‘this h'tudy we ‘are concerned about a&particulardh

aspect, of thj

"

s problem: the develbpment e?{\: refgrenceeff,

¢
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poe ! | St . 2 - e N
L - )

(8
w

:1nd1cators‘1n'latent structune models,ABlalock 1982) . Th1s
& be_ explalned as- follows, Slnce the latent varlable hasf;;i
_zgno metrlc of its own bwe have to*select one of the measured
flndlcators 'asi "reference . 1nd1cator . Th1s"reference74‘
-indicatorlgsla'varxable.uhose Fload1ng,{ or slope‘_onfftheffg
latentveuariable~ (attltude)_}is‘fseti'eQUal toh:one by ther:'f
t?es%archert The term "reference"’ls used because f1x1ng het"

°

Ibading at one means that the metrlc of the latent\varlable;;_f

will be the same as the metrlc of the)'ref;rence' 1nd1cator.mﬁmf
in add1t1on,' the' loadlngs of;.the -1nd1cators, which are }
-est1mated from the data will also.he expressed 1n termga;ofnj
the metrlc of the reference 1nd1cator. | N

In cross populatlon ana1y51s u51ng LISREL models, -the”:‘
i selectlon “oﬁvva reference 1nd1cator poses a’ vexlng problem;i

o,,' .

fs}nce.ualfd comparlson ‘requ1res .that the .slope fchthe_;-*
»referencé '1nd1cator ”énh the Iatent var(able is 1nuar1ant*7ﬁ
(Blalock, 1982:80-85). | L

h ; In contrast to the lOngth models, the scaies yleldedf
by bdth the latent class and Mokken vmethod aret ordlnall
i.e., we "do " knéw the jmetrlc of the scale‘handt
;.conseouently cannot assume comparablllty 1n the -metrlcs -of:.

*

the latent varlablet .

One of «the- purposes of theu preSent study is . the
ref1nement of an ord1na1 cross- nat1onal scale by a551gn1ng a.i.
metr1c to the categorles 6f the scale._.We w111 accompllsh d:
»thls by applylng the Rasch model although this model
'rtqu1res assumpt1ons that may d1ff1cu1t to satlsfy the‘ data‘

~

-
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e use 1n thls study. In addltlon to fthe' Rasch model

;‘con51der log muktlpllcatlve models dlscussed by Clogg (1982-
\

‘1984a' 1984b) and Goodman (1979b) Thls method avo1ds ‘the -

'istrong dssumpt1on 'qf the ~Rasch model by a351gn1ng metrlc

:Lscores to the ord;nal scale% values»dofa”thef cross natlonal

‘écale‘ basda on the (relatlvely weak) asspmptlon that %ﬁf
r

;lahent varlable 1s assoc1ate§ 'wlth another 1nstrumental"

.

-levarlabB! a s ec1f1ed matter. dIn'jaddltlon the model

enables us’to ;est the assumptloh of equal 1ntervals of the Do

. E \ [N
"scale scores across groups by constralnlng th1s assoc1atlon

_— ) . . a.

-

~ hto be equal 1n eqch populatlon.

foriow1ng ve wlll brlefly dlscuss how these

'
l

-ffso cafled" "condltlonal assoclat1on" »models have been

4

:Jiformulated.“;f§¢ a more‘detalled dlscus51on of these models}-

\ |

and clogg (1984a, 1984b‘) RN : : '

.A‘ - e

i

:'(attitude)h

-that-'underlmes the responses to a set of items,
KSecond assume that there 4 3tan "1nstrumental" (ariable“
-whldh _ assoc1ated W;th the latent var1ablé in a certain

‘form Thlrd assume a group varlable (e g countryr«or‘ sex)

a

and o constraln_ the X speC1f1ed assoc1at1on between‘ the_

*1nstrumentai'and the scale shores of the latent vargable .toil”

SF !. . -,‘

"b_é equal acrossw groups.' These assumptlons lead to the'

1

fOIIOW1ng-lqg mu1t1p11cat1ve assoc1at1on models._-}_",_' |
SUppose that _ dlscrete OPdlnaI 'var1able  witht.
'x 6_.“

‘ categorles ys cross cla551f1ed w1th an ordlnal varlable w1th

: I L

. . N 1 H P
A . P e ; . oA

“‘ﬂFlrst ‘ assume that there 15\; ‘a’ ; 1 tent  variable "

L
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J categorles;}for each of K’ groups. ‘Let f,jk denote_fthe;v?
'observed frequéncy in- the- (I J ) cell of ‘the kth table. and

let the corfespond1ng expected frequenc1es be denoted by

P . . ..,_u..Awf. '3“ _'. E
.flt' o NG o )
/ Fiywe for i=1,. .0 15 J=t, 00005 k=1, 000 K e

vaet' -
Qf}Q=(F{ijf4f!ifi'§)/?)lj{d1kawdwjrh); ‘d-(10)' 

cfor i=1,..54, 11 J 1,....J 1, k= 1,....K denote the. 'basic. .
. set of K(I 4)(J 1) cond1t10na1 odds ratlos. Thls ba51c set '

: of odds ratlos from 2x2 subtables formed from adjacent rows ff

(1 e.,[ rows 5] and l+1) and adjacent colums (1 é., columns J
l . }
‘of K- two- way tables contaln all ;the{.;

LIPS

Alnformatlon about the assoc1at10n betweeg the varlables and

:: ahd J+1) 1n a set

'hence‘an analy51s of assoc1at1on (ANOAS) apprOach be~

‘e

N,

applied Eto ‘expla1n 'the"varlab;lltyi,in; this set of odds_

'\ .

.raﬁfo;}v - N . . o
wi.Asf'*Goodmanv.(1979h)¢'and Clogg (19&2f Qshow,"tHese
assoc1at1ons canwhe analyzed 1n a manner 3analogods"to;'the~
usual “twor way analy51s of varlance framework by con51der1ng' <

models wh1ch allow the odds raties to depend-on an overall-‘

‘effect a row effect ‘a column effect,‘andfonjrdw'and column

s o
¢ »

1ntEract10n L . : :
. _ F o § Lot . .
The condltlonal log- multlpllcatlvq assocatlon model can )
. . '. ‘,' . ’., . . . 5
be desarlbed by, e .
3 | s L .
: - P o _ _
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The quantlty ¢k descrlbes the overall assocatxon between thel

-~

row (scale scores latent varlable) and column varzablef';
(scores 1nstrumenta1 varlable) for each group ThlS quantltyh :

is- mJltlplleﬁ by a factor (ui.,,k u;,k) wh1ch reflects the

(

'A?d1stance_ be ween th rth and the (r+1)th category of the

-row varlable'for each group The (v,4i,u vj,k) denote .thej"

a—

estlmates of the dlstances between the categorles J+1 and J'

i#;of the 1nstrumental varlablg‘ln the dlfferent gioups.;If the'ff

fiorder1ng~of the row varaablejas correct then u,,.; sul, and

. ‘d . .
. o the dlstances Miaq u+ w111 all be nonnegat1Ve1 w1th a
_similarj statement app4y1ng tofh\the Thev productt~:

~5

Cif “thef_correct\ orderlng of ~categor;es; is uSed‘for'each"}'

”_questlon. -

. \ .
'g'(u..,,k u.,“)(v]*,,k v,,k) w11l be nonnegat1ve 'everywhere,

.\»\

var%ablg in eath\g;bup. C ] s i . "; R ™

Note that s1nce the u;,k,and v,,k are regarded as. model“

'pparamet%rs, .thlS product 'defines 'a linear- by l1nearf

®
1nteractlon term (Haberman,‘ 1974) Further ,under the '

0

assumptlon that ‘the the model fltS the data, the_ parameters'
» u1,k1\can be v1ewed as scores (or locatlons) pertalnlng to-
ﬁthe ith- row category for each group and the parameterw.vf;uh"w

‘in thls, model can' be v1ewed 51m1larly for theﬁjth column_g

\’
cagfgory Thus, dependent upon the constralnts of the mbdel

0

"‘Note that in log- linear models, the u,,, and v,,k are ..

constants chosen a pr10r1 to deplct the category: scores 1n
. . B . -, ) . ‘IQ



‘ F

elther the u;,u or the v,,Q or both can be used to. scale theh-

- . . . . . T .

‘var1ables 1n questlon.5

.An 1nteresfing property of the modeli'”s‘ that_”it’Vﬁggat

'1nvar1ant under sw1tches ln the categorles of*the row - and/or

icolumn categorles (Goodman, 1979) Thls 1nvar1an5e property

demonstrates that :only the -rathS‘:Off dlstanses between“

scores have any 1mportance for the model } !,Ff‘

atlons between the two varlables. In the follow1ng, we

1 : e

_ed on the general model (11) we can define varlous%’"

jht?‘the models that are used here in order to constructh‘ﬁ

'an equal 1fterval scale for the ord1na1 scale scores of the ff

he flrst model“c%n.be'yrltten as: {

. log9.;<m—1 (12)

 This model of conditional independence denote 'that the

'association between the scale scores of the latent var1able

(the row varlable)-and the 1nstrumental varlable (the column'

"var1able) is 1ndependent for each group. Oﬁ course, 1f thlsf

model fits the data we cannot estlmate the category scores

3 because‘ there is Ny '1nformat10n avallable w1th”yhichﬂto"

- estlmate these scores.
The heterogeneous column, row-column effects model is

the Eﬁcond model of 1nterest and can be obtalned when-

7



- .‘\\\ lo_g'el i = (‘l_l P T Y 1rkTV gk ) (13) o

0
A

~

This model"allows the overall assoc1atlon between the ro@'”

‘varlable and the Qplumn Varlable to. dlffer across grOUps 'asﬁ

° )

~}well uas the assoc1at10n} depend on the level of thej;

,.«4 .

» T .
1nstrumental varlable (V,.1hu ﬁ?,h) 1n dlfferent ‘ways for -

the_ groups. However, the - ; effects are assumed ‘to; beﬁﬁ“”

» b"
v homogeneous under th1s model 1.e.,. :

MJ,(1)=#r(zy=u|(k) for al1‘~ R

The heterogeneous row- column, row column effect»°model

.

relaxes the' assumptlon-fof homogeneous row effects on the

assoc1at10n and is obtalned when°

‘~:ldgeil(ﬁ)%¢(k)(uﬂ+l(k)“—ﬂ(k})(vj¢I(k)—vjlkl)’-014)_»

.

It is easy to wsee‘~that both the 'distancestfbetween' the

'10'

categor1es :f+1 and l df ‘the’ row varlgble and ‘the d1stancesr'"t

N

between the categorles J+1 and j of the column varlable are

allowed 'to ‘differ across groups. If. th1s model 1nd%cates aﬂl

s1gn1f1cant 1mprovement in fit compared to the former model

the scores of the row varlable Gthe latent varlable) cannottfj

be conS1dered as the same across the groups. S 1
_ ~ s

F1nally,4 the heterogeneous column effect model 1s usedv.

to test the hypothesls of equal 1ntervals between the scores

. of the latent var1able,‘Th1s model can- be wr1tten ‘as:



S IR e
P ’ » ; Lo
. _ . . - 104
.o _ -, logé, j(:_kb)=v¢(k)’.(Vjfi'(k:)_é'.l:"vj-'(‘k‘))‘.}(‘21_5) _»
. The model constralns the response 'categorles Oﬁ;_the' row .

,varlable to be egually spaced (u|*1(u> uipk))=6 If the flt}
V of thlS model 1ndlcates a- 51gn1f1cant '1mprovement compqred

the -second model We accegt the hypothe51s of equal
\ ~

‘ 3Etervals and, as-a- consequence, can apply /mjgels,,to‘ thls ’

.‘.

4

! scale that - assume equal spa



- . ' 6. DATA AND METHODS =,

b4

\\6 1 The Data

\\\Eh: data ye”.analyzel%'n' thlS paper . come7“£ﬁcm?5£he;.l'
k‘comblne weflles of th General Soc1a1 Survey (GSS) pﬁujﬁf

_Amerlcansﬂc e ucted by the Natlonal Oplnlon Research Centre

IINORC) Cand theu,1982 General Soc1al Survey of west Germans;;'
(ALLBUS) conducted by the Zentrum' fuer Umfragen - Methoden -
' and Analyses (ZUMA) Both surveys used strat1f1ed multlstage-

‘area probab111ty sampllng des1gns.;

The ~NORC sample unlverse cons1sts of Engllsh speak1ng‘

persqns 18 years "Of ‘age  and’ older, 11v1ng ' ‘n

R B

non 1nst1tut1onal arrangements w1th1n the contlnental Unltedv

Statest 'At7'the .flrst ‘stage .of Selectlon, Ehe prlmaryf?

sampllng units (PSU s)‘Employed were. Standard Metropol1tan

Ky [-' i
Stat15t1ca1 Areas and nonmetropolltan countles selected in

NORC' s Master Sample. These PSU's were . based on fzgures and‘“ -

other demographlc 1nformat10n obta1ned from 197b’aCensus

Reports."- The' stat1st1cal arqas and“_countlesv;had' been -

stratlfled by regionL or _race (or both);ﬁbefore being";:

selected. -
The un1ts of selectlon of the second stage of gatherlng

S

L?the NORC sample were census block groups or- enumeratlon
‘ ~

d&strlcts w1th1n Standard Metropol1tan Statlstzcal Areas 'or

)

" counties. Beforeﬂselectlon, the block groups and enumeratlong»f

d1str1cts were strat1f1ed accordlng to reglon race . “and

hy

1ncome. Block groups . and enumeratlon dlstrlcts were ‘then



L selected w1th probabllltles proportlonate to the block size. _:t

F,Measuresj of?'the‘ size- of the blocks were obtalned by f:é}d ;b]
countlng} i, et, llStS of seperate households were ‘eltherr

.lmade by the field. personnel or obtalned from- d1rector1es.:f”:'
| At the block level households were :selected by fulld~
: probab111ty sampling- methods.»Each household had a known andl
-equal chance of belng selected To glve any adult a known

fprobab111ty» of belng 1nterv1ewed w1th1nvi household

ﬁ respondent select1on key was used that, w1th two ellglblllty_‘

-,questlons, telLs the 1nterv1ewer whom to 1nterv1ew in each‘jV“

7Thousehold The Amerlcan sample con51sts of 1 506 cases.

1

The' German ALLBUS sample. un1verse con51sts of the-g.t

& . e

bnon 1nst1tdtlonallzed populatlon of the Federal Republlc ’df;~ff

fﬂGermany, 1nclud1ng West Berl1n. Selectlon of respondents wasz

. Srobabite e
agalso by mu1t1 level area probabll ty sampilng At the_:flrst_ <

fllevel 301 electoral ::h:”m"“ﬁ

fwere randomly drawn fromr

"y N
~ v

"l1st 1nclud1ng all the electoral ‘
The - probablllgof selectlon was proportlonal to t,he number

‘of pr1vate households 1n the prec1nct At the second level

synthetlc prec1ncts.iﬂw"

households,' were randomly selected from‘ the electoral["

‘prec1ncts. FLnally, " -\ngle respondent was. randomly_'

> selected from the elected hOUSehold by means of a. randomudwf

< k ; .
number key employed by the._1nterv1ewer. ThlS; selectlon

'procedure led';o a representatlve saﬂple of households 51ncel

'“each 1nd1v1dual household has appr0x1mately the same chance,;
i . .
belng selected Slnce the probablllty of a person 11v1ngﬂ

;Nln a household belng selected iz, 1nversely related to ;hedf



, ag:fjny”vdJ?Vﬁdf;:;ﬁ‘xd_'?’fﬁfﬁfr' .

'"fconta1n we1ghts to ad]ust for sampllng error._However, these

| welghts are not used 1n the ourrent study The West German_

fsample_'conshsts of 2 991 ca;es (Dav1s_,and Smlth, qgag;i.”

Peterson, 1985) .

fBeoause; of' the collab
_ , o .

éenters,"bothl:surveys ~share” a subset 5bf common Itemsf""

’e(Pexerson _1985)"'The. common 1tems we analyze con51st of‘

jiseven questlons ;about ;,th 55respondent"ﬁ‘\\epproval 'or;'
f'dlsapproval of legal abortlon'hnder dlfferent cond1tfbns. We. -
ivreproduce both the Engllsh vand erman ver51ons of. theseh;

questions - ;in Appendlx A.f Slx 1tems have been part of the'

Wi

s
'.. *

‘NORCigGSS '51nce jits 1ncept1on 'in” 1972. The pond1t1ons

'_aSSOdiated with ' thej_ltems vare°*,(a)'ha,_strong chanqe of

_ﬂy(HEALTH) (d) ‘et famlly

-‘.

'.fmarraed and does_ not want any more chlldren (NOMORE), (e)?

;v'numbef‘ofzpersons.iin' that household hthe German igmple,;fn

mt1on between the two research'_"'

ffser1ous defect in hthe: baby (DEFECT) (b) t-heG woman- isij'

;}the woman s health 1s serlously endangered by the pregnancy_wf
,_as:a very 1ow 1ncome and cannot“:f*
f?fafford any ;more' chlldren (POOR) (')f;thel-woman became;f"

":‘pregnant vas”' result of rape (RAPE) and (f) the woman 15?"

“not marrled and does not . want to marry the man (SINGLE) The :

Y

- seventh 1tem,7 1ntroduced ‘to the GSS 1n 1982 asks whether"

the respondent approves qr legal abo 1on if. the woman wants-

Use the mnemonlcs to refer to these 1tems._fwe. l1m1t ;our’

' analy51s to ]USt those respondents who gave valld responses B

it for any reason (ANY) Wor the remalnder of th1s study, Qe'“

-(Yes“or,No),touall.seven‘1temsr-Th1s;restr1ct;on reduces the,j;ﬁ,
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-@number of cases analyzed to. 1 290 Amerlcans and 2 068 West

R

ngermans.‘fd'fth'f; ';ﬂd]gqy 3h‘l€fy o .t.f «f
56 2 Method o R '-'*:.jf

Recently,:there have been two promlslng developments 1n
jfthetuse of multlple '1tems Qin 'thep measurement of latent

varlables.,'The, fIrst fis.,th appleat1on of latent class

]models to scale analy51s and,the second is. tk development

'-of latent tra1t models'to attltude data.

For the purposes of thlS 'study ,ve; f1rst apply _some

f»latent tra1t exten51ons of the Guttman model to the Sevenr

'_abortlon 1tems._Start1ng W1th the 51mplest and most general
nénwparametr1c ‘Mokken model &f wxll ’ try go find |

" “

_unldlmen51ona4 scales for each country, seperately bnce ve'
‘"flnd a unidlmen51onal scale for the (sub)set of abort1on1”'

ltems,nwe‘wlll'perform'a_ Mokken test 1nvestlgate the

L
--¢,,-'.

erobustness pf. thlS scale across thf two~populat10ns.

After the Mokken analy51s, ,\we w111 use _varlou!g%latent'

A ..
.fclass scallng models whrch presented ‘as- stochast1c“;

'

extens1ons of the Guttman scale model ‘A problem w1th these“"

C e

. g a -
umodels is, however, that they ‘are 1mpract1cal to use for the =

analy51s of . more than four 1tems. For thlS &eason, <it w1ll>

become d1ff1cult to. apply the 1atent class scallng models to,
tthe seven abortlon 1tems. To ‘c1rcumvent th1s problem,t we

. w1ll. apply the latent class models to the partlcular set- oﬁ“
pltems that meets the crlferla for__a frobUSt hon- parametrlc'

sca;e; . p\_ e - N .

ﬁ%ﬁ " ';t-: fﬁ"\.j).*'
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:Flrst' wej,w1ll compare the Respdnse Error Models and

V3

Intr1hs1cally Unscalablef ass versus Response Error Models ;;9
w1thout ‘an' unscalable c

ss; Th1s test w1ll show the .
nece551c1ty for 1nclud1ng an unscalable class in the model

Second we w1ll compare Proctor s model to the other*

Responséimrror Models.,Th1s test g1ves us 1nformat1on- about'

the \varlety OI-Aerrortostrnctqres"relatlve to‘»Proctor‘SI
unlform_\error_;model ,tor;?theilabortlon ';temsz"in‘_*bbth'

countr1es.'k o . : AR

fv,;._ Th1rd we will compare S the " ﬂref7-Goodman" modelf

thhrid latent class models that comblne the response error:

©. type of models w1th ”anf addltaonal class 'of;,unscadablev

respondents. Th1s test w111' prov1de us 1nformat1on ‘sbout

.-whether~or7_not .response errors are-'neccessary for.gﬁhe

scale typE‘respondents.\ f;vff#ﬁiv> ‘fizv:'“'“'dft

Flnally, we will apply the "”Multi-Groﬁpr‘Latent Class'

model “to _the ;scallng model tggt f1ts best to the robustt*

;abortron 1tems-fin both couﬁggles.d Th1s model glves uS

'1nd1cators of- the latent varlable 1n each _group.

insight “ine khe dlfferences between the rellabﬁﬂltles of the

-

¥

Returnlng - to oneltof<'the - main questlons . f thls
. . e

research ‘the establlshment of a un1d1men51onal metrlc scale

“_f the abortlon*1tems for Germany\and the Unlted States,'wef

'f aSS1gn a metrmco‘to the ord1nal Mokken scaleJ For thls'f

N
’ . ¥ . ®

purpose,'we use the log multlpllcat1ve assoc1at10n methods. e

?

Next we w1ll try to £1t the one-Barameter Rasch model

Th1s parametr1c latent tra1t model 1s a spec1f1cat10n of the'

Com
SRS



'f-*J.“"ﬁpvf3j?"'l f‘-f*’-”}ﬂj**ﬁ\§~f : f{ v-ﬂjf»_- {9;1110ﬁ
Mokken model and as such 1s used 1n'the construct1on of a

'rmore reflned scale of attltudes toward abortlon.’ Since {thei_;‘

’;tondltlonal ' max1mum llkellhood“"estmmatlon procedure'hisfﬁd

—_—

f,super1or to- uncondltlonal max1mum 11kel1hood procedures, we
- ' . " . ‘. \
WIll " use thé PML~computer program wh1ch \provldes thlS

. procedure of estlmatlon."‘ -..g.';';,-“;; , f“_f;}

| “Should .thm one parameter mode%/prove to be 1n;deguate;Mv
e w1ll move on to- tﬁé more complex two- parameter model ilan};
the case of dthe“ two- parameter model we w1ll USeﬁhtwo
;compet1ng and wldely avallable computer programs' LOGIST and
'NOHARM xThe comparablllty of. goodness of-fit of both models
.wlll be 1nvest1gated ['d_d T - "_. v w_ ) ,?. ;f;?"

- -Flnally, . we - will" deVeiop“.'a LISREL model that

“\11 ustrates how the researcher can use the scale produced 1n
he \_“ .

'the .course of the scale analy51s as a reference~1nd1cator~

" in cross populatlon JEE , “g:_-. . el

.3

6. 3 Model F1t and Statasflcal Testlng
In add1t1on to*the chi- square as statlstléal measure of
goodness _of fit, we w1ll often use other measures of f1t in 3

comparing'~measurement models. As is 'well—known ' from
L Y ,\ 4

_statistics, a'large sample ‘size 1mp11es a 1ncreased power of
G

-.the test so that small dev1at10ns from the model predlctlons

€ause already szgnlflcant' valuesA'ofj the tesi'"tat1st1c,-;

result1ng in stat15t1ca1 reject1on of the model Thls 1s théﬁ
vclass1c s1tuat10n of the cho1ce between type 1 and’ type II ™

_ferrors in StatlStlcal testlng When a is chosen to be small,
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lthe probabtllty ‘B of accept1ng the Ho (the latent class fb¢;4,ﬁ
llatent tra1t model) though 1t is false 1s gets larger and
‘as a consequence,: th . power ro? the test ,ﬁ1:B); becomes f'

smaller. Slnce both 'thei=American~<:nd West German samplef:f

T;s1zes are relatlvely large (N 1290 ahd N 2066 respectlvely)

;;ln‘mth present study we w1ll often look at‘bther crlterla:#

.for.evakuatlng a model (latent class as well as’ latent tralt:
“models) In partlcular »if a model does not f1t the datau

statlstlcallgilwe w1ll look for addltlonal cr1ter1a in osggr

il -

“to evaluate the f1t of the model. For example,i1nspect1on ofa,g

> : S Lo S
the re51duals glves A1nformatlon about the“ specaflc}1

v

: ddlscrepanc1es" between-”ﬁhep observed and model generated .

vy

'quantltles (e: g.,, cell frequenc1es

"fchecklng the- 51gn1£1cance .of the parameter values ofgapchf5'

«Q? covar1ances) =0T byp i

“model we can detect wh1ch model prov1des the bestv-solut1on-."

'bﬁforcrtheﬁ.research problem lat| hand In Chaptér 7 we wlll/{-r

L dlSCUSS the reSults of our compara§;ve- analyses for- both,f

hlerarchlcal and non- h1erarch1cal models. B

- 6. 4 Computer Programs Used for the Scale Analyses}-ﬁiu
k\‘ As mentloned before, one of the advantages of latent”
,'tralt mpdels is’ that they can be fa151f1ed We' will “shéw

’that 1ndeed for most of ‘the latent tra1t models goodness—u

o ot

of- f1t ‘tests have been developed These’ tests compare_‘the",g

observed data w1th the quant1t1es pred1cted fro_-
< .
A w1dely used f1rst order 1nd1cator of m1sf1t of the tel

aw le is the chi- square statlstlc._"
A . o R A&

‘e

he model fuﬁ"



'f51gn1f1cance level for rejectlonE'of, a: measurement_ modek,ul

v:»Because lwefvuse‘ relat1ve1y large samples' 1n the present;?'”

'ﬂgresearch hlgh ValueS'fof"gth test fstal"”'

;—

‘facceptable finf c1rcumstances» where the test statlstlc aoesl

e ”

;grepresent a large systematlc departure from the model : For.'.v

M (vﬁ, . 4

- this reason we w1ll also‘ use exploratory technlques, 1£

. prov1ded by the computer programs, to detect the sources fofdg_ﬁ

|
dev1at10n of the measurement models.h !3 o

N . ” R

":Ihc_the'_next sedt1on,'>wef Will first ‘discuss  two ' .

éstimation‘v

,the 1tem and p'rson parameters of_"the' parametrlc latent:,ﬁﬁ

he uncond1t10nal or. 301nt m&x1mum 11kel1hood

-

“trart 'models,'
-methdﬁ‘ and the' condltlonal vmaxlmum\'l;kel;hoodv method

1‘jrespect1ve1y

N2

A

~AS argued earl:eﬁ, we w111 not con51der some arbrltaryg.f‘

could bef

chn1QUes commonly vused*forftheeestimation»offf"

Subsequently, ve w1ll dzscuss the computer programSgt

that are used for the assessment of the un1d1men51onal1ty offfhf

the seven abortlon 1tems for the" Amerlcans and West - Germans.
”The' dlscu551on w1ll,'be; focussed on- the avaalab111ty'of
.;goodness-of—flt tests 'and other d1agnost1c ;‘instruments
: offered by the dlfferent computer programs.. L

» . oo - Lo~ T : ' L }
. .. > N ) i N i

6 5 Est1mat1on of Item and Person Parameters

¢ . . .

Th parameters of'_the latent tralt model cannot bevﬁ

estlmated . w1thout. : various . assumptlons - such A.as'

‘

N

:un1d1men51ona11ty and local 1ndependence have been made and -

'the form of the ICC is speczfxed based on the model that “is'
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s_ehosen;.gh“athe follow1ng SeCthDS w1ll dlscuss{stwo“ﬁf

f]estimatiOn procedures,_,tﬁéf

ncond1t10na1 br Joxnt Maxlmumﬂ
-}leellhood Method and het Cond1t10na1 Maxlmum 'L1kel1hood,
'-;Method .' will demonstrate that the propertles of these
.m*:tem. parameter’\\Stlmatlon procedures‘h are_ 1nextr1cab1y’?“
'a1ntertw1ned w1th ’the'409mputgr programs used to 1mplementﬂj'

b

‘svthem.,fﬂ'

”116 5 1 Jo1nt ,ax1mum L1ke11hood Estxmat1on ] o

In pr1nc1ple, ,thé; est1mat10n "f parameters by ,the.bl

PP : T

:fmethod “of' maxlmum llkellhood 1s stralghtforward What 1sj"“

' requ1red by ‘th belmum llkellhOOd method s vthatf'the,

l1ke11hood functlon be maxlmlzed

Howeverf the maxlmum llkellhood estlmatlon method falls;

—

for SImultaneous estlmatlon of 1tem and person parameters 1nf
’ latent tralt models. The f1rst set of parameters are- callede»

}f th structural"'parameters because they are common to Sets:'

o of observatlon whlle ‘ he‘ person parameters aref'called
-_1nc1dental —parameters ' because they .1ncrease' with the .

number of observatlons (Neyman and Scott 1948)
&

Neyman't§anaf°.5cott (;948),, Andersen (1973) (see-

Hambleton and Swamlnathan,'.@95513275 'point 'opt ‘that 'the;f

presence_“of_.structural parameters affects the estlmates of.
. . t_‘. .

- .

“fthe" person epapameter. They showed that : the max1mum'm_t
5;11ke11hood :of'_the structural or 1tem parameters do not
'?feonverge'to the1r true parameter values as the sample gets/
2/&arger and large:7.¥fe.,_the estlmates are not con51stent.o*i.

. v s .
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This', lack®, of con51steht' estlmators _i partlcularlyp_ﬂ

problemat1c when the number of respondents 1ncreases because
add1ng _new respondents changes the number of parameters to_:g{

be estlmated For 1nstance, when N r_spondents take 7a test_f“

that has Kk xtems, the number of pa,ameters to be estlmat%d‘;;m
p»>s 2k 1tem parameters and N person parameters 1nfthe caSe of'?g‘

the tw0rparameter models,_ and- 3k 1tem parameters and N

person parameters 1n the case’ of the three parameter models.v
Hence, ,a; total number oi, .respectlvely, 2k+N and 3k+Ng“

parameters must’ be est1mated ..7ﬂv.;_;.];Q{Vr“p;

[N

flAﬂﬂ problem ar1ses‘ at\\th1s ?§o£n£;, Slnce vtpé, ;temv;,pf

:'parameters and person parameters are unobservable, there’~1sd‘

car certa1n degree' of 1ndeterm1nacy 1n the model In recentf
T T B _

1_years *thls | 1ndeterm1nacy , .héSQf been -'(called fd”theﬂl:’i

1dentf%3catlon ; problem.n In the two— and three parameterjfﬁ;

¥

| loglstlc models this 1ndeth?m1nacy concerns the .orlg1n andf“ .

' unst\bof the scale of the parameter estlmates whereas in the'wg

“4Rasch model there is only an 1ndeterm1nacy ?n the or1g1n of

: , o e '.f SR . ";'3 B ’k
the scale. , - R EEER NN .'r_H,.; g‘

Although many d1fferent schemes' could be used the

R

LOGIST computer program (W1ngersky, Barton, and Lord »1982)

ke By

_ solves the 1dent1§lcatlon problem by f1x1ng the Q\ean of the§.

person paramete values at zero and the, standard dev1at1on

Y

eto one. Consequently, 1n the two— and three parameter models

there are Nﬁ?k 2 and N+3k-2 free parameters to be est1mated
N _ ,

~

‘respectlvely.%
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I Jadd1t1on ".to,'__' the statlstlcal problems ; of -

"rbyh?:'ﬁf???tpff“ﬁfjisyf

;1‘slmultaneously est1mat1ng the parameters, numerlcal problems_7

\arlse that have to do w1t the fact that the -ICC s ,of;tthe:ffo

.
.-

1n the 11ke11hood equatlons belng nonllnear and solvnng

'system of non&1neg{ equatlons needs very complex est1matlon\

’ -

'log1st1ca modelsA are non 11near. ThlS hon llnearlty results o

_ Pprocedures (SWam1nathan, 1983) The numef?cal methods 'usedahv

o Y

f‘may-,proygde ’local m;nlma; 1nstead",f,-the;‘absolute-: one .=

‘d(Sameiama;u1973),

)

'In"the'VcaSe*-of_,thep'one parameter Rasch model ‘the

est1mat10n~procedure 1s much 51mpler s1nce the total 'numberf
" oivwltemsafendorsed 1s a suf£1c1ent StatlSth for estlmat1ngf

the person parameter and the proportlon of’ 1thel respondents“7ff

LY
K

1

'sunblasedness 1s assured (Andersen 1 1977). 'ThlS so called

s condrt;oﬁal maX1mum llkellhood (CML) - approach Wi

“ discussed in the nextpsect1ont
‘ .44','5 R \ i . -~ Ly DU

«B6 5 2 Condit10na1 Maxrmum kaelxhood Estlmatlon

~

i . N
LA

5,jolntly,f we'can estimate:the"item’parameters only. °Andersén?.ﬂﬂ
3 . B . .

(1972~~1973) developed a maxlmum lrkellhood procedure that;

7 Ll

' yuelas conSIstent estlmates pf. the 1tem parameters hy~

?endorsed the ’1tem 1fspha: suff1c1ent statlstlc fo?"

lﬂof ,-the e Jtem parameters only," and con51stency fahd

‘& Instead 'o'f" estl;matmg .1.t'em and_— per-son,. parameters

?

*5-est1mat1ng Ltem dxfflculty.:Therefore,‘ by cond1t10n1ng 'onjj;i
fyﬁth total numher of 1tems endorsed the l1ke11hood functioa_f

vwfoq,estlmat1ng the 1tem parameters can be expressed 1n terms‘ﬂi



cgg e i:fghfif*h;*fda-.;q~;
t‘zy'ﬂrwﬂ*f;’_h ;ff,-"';;Zb }'1'h'?fﬁf”'ﬁ Thijné'jﬁf

';employlng a cond1t10na1 estlmatlon procedure. Under dﬁas CMLQ‘c

;;vprocedure, the llkellhood funct1on for estlmatlng h;f 1temjfif

:fjparameters 1s only expressed 1n terms of the 1tem parametersiﬂif

v*'by cond1t1on1ng on the total scores. ThlS procedure ,ca bef i

f;used only w1th the one paraméter Rasch model because only kpdth;

+ ¥

mfth1s model 15 the total score “al_suff1c1ent statlst1C’;for;7v*

,h’lestlmatlng the person parameter._., ~ T O ST

In contrast to the 301nt max1mum llkellh‘Qd procedure,

ﬁﬂfhé CML method prov1des estlmates thatn%re rounded on the -

'pr1nc1ple ‘ff:vspeCIflc ‘object1v1ty"° Ci. e.,'ffthe 1temu'

5

fmetqrs _ are'f estlmated sepanately from the' person}t'V

Parameters and v1ce versa..Under the model the total number\?h

f parameters to be estlmated is 2(k—1) The model ‘sets the
'\plt of” measurement .at .1_ (b—l)* and the 1deg!1f1catlon
problem 1nvolves only the orlgln of. the scale.zTherefore, at' |

the most k-1 1tem parameters have to be estlmated under ~_'tf._.l;x"e:f

Rasch ‘model “In thlS study we wzll use the computer programv_'

VPML (Ghstaffson, 1979) to estlmate the parameter' values of

: the' Rasch model for the seven abort;on 1tems. In PML the”'
;orlglnrof the scale is determlned by f1x1ng the average item )

parameter 'value Aat Zero Regard1ng the: person parameters,

;‘the model” estlmates k 1 person parameters,rforf»respondents

. 3 \ . .
N

who endorsed a total number of 1tems between 1 and k- 1

‘sMaxlmum 11ke11hood estimation - falls when a perfect score.

- or a’zero score is encountered because the maximum:

~likelihood estimators for these cases are, plus or minus

infinity, respectively. As a consequence, these cases are

. left out of the" analysis. Bayesian estimation of item -

parameters (Swaminathan and Gifford, 1982) and Marginal

Maximum Likelihood Estimation procedures (Thissen,\1982) are

two methods that do not. e11m1nate perfect response patterns.

“a.,
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_Note that 1n the Rasch mohel any new Item changes the number,v-l

« o . 'n’..

'T4of parameters to be estlmated ‘Note. further, that addlng newii‘ﬁ
a:respondents doesv not change the number of parameters Eo bef7f'
:;estlmated _ (assuang that each EZtal‘ score group ‘_iSTi.'
;frepresented in:mthe“orlglnal sample)_"because the total fgk
:number of 1tems endorsed is.a suff1c1ent7 estlmator;*oﬁt'thef
v v
:T7person parameter.‘Only the CML.procedure ylelds estlmates of‘
tthe 1tem parameters (A#Eersen 1973) (Flscher, 1974) “thatff”
'fare knogn to be con51stent. ' | ”
_ In addltlon to con51stent estlmatlon Gustaffson (1980)x¥

; argueslﬁhst there is a more 1mportant dlfference between the
. two approgbhes-" . .'”"‘_, | o _
fﬁé.'ffOn the ba51s of the CML . approagh it is p0551ble to

~ devise.efficient statlstlﬂkl tests of fit with known
‘t;tatIStical properties, while -under the UML approach -

O Y approx1mat statisticaY tests ~have © been
iﬂ};Ulated" (Gustaffson, 1980:210) . :

Gustaffson (1980) madef this procedure*'practical for

Amsetsaﬂw1th- : many as 80 to 100 items;‘In'additio 1 he

gdeveibped’ the _computer program PML :(Gustaffson, 1979;
Molenaar 1981) whidh 1s sultable fon\CML éstlmatlon 1n the

one- parameter model i : o ‘ﬂ$\\\
oW o N
6 5 3 Moxz@N Program | |

"In the present study, we begin: wlth the construct1on of
. . ‘ T 5'-.~_~; )
-.a stochastlc Mokken scale""of the abortion _1tems for -

____________z_;.__ .o \\ .
h“(cont 'd) For & dlscu551on of these two alternatlve :
‘approaches. we refer to. Hambleton and Swaminathan (1985)
‘'¢Standalone program written in FORTRAN 77 both for _
-mainframe and micro computers 1s descrlbed by Klngma and~
Taerum (1n press, a, b ) . :

C o



Germany and the Unzted States, separately

In thisi respect’

'h Mokken program prov1des a ‘non- panametﬂlc procedure forof**

testlng the unldimen51onal1 y of thlS 'set‘i

X [
i 3

6fi 1tems.v‘The f

Mokken method ‘uses Loev1nger's (1948) H 1ndex to assess the"'

un1d1men51ona11ty of &he utems both forf,th‘i

whole jsetﬂ-of'

_1tems and 'f r“each ;?Eh seperately (See sectlon 5. 2)[

Stat1st1cally based search procedures have

been' developed_

foraaddlng or deletlng items from a. putatlve Mokken scale by .

maxlmlzatlon of the scal coeff1c1ent H.
Another feature of the Mokken methods,

allows the researcher to assess the goodnes

Mokken model - By .« test1ng t nhll hypothe51s

pattern of relat10nsh1ps among items holds-
-more'. populatlons, we-pcan ntest the ‘ro
scale"’ Moreover ﬂ the Mokken test ¢an be
’set of scalable 1tems to a subset that is r

populat1ons stud1ed de these reasons, the

prove very useful to the}present study sinc

us to determine whether'a 5ca1e or scales
.;robUSt'acroSS‘the two countrles studled

.ftThe Mokken test prov1des various s
' e Q. v
whole stale and the 1nd1v1dual 1tems.;

3!

compar1son of the values of H and H, for

"Note, that the Mokken’ Test parallels the
dlscussed Andersen test -

7 :"» . . ’ N c ,

.

agaxnst qg% average or pooled value_‘ofd

previ uSlv

khe Mokken test, ‘f%

s of f1t va‘ the

;that the o
‘agross ?tqo or

bustnessfhofidth?.‘
used to reduce a;f?f

obust across the :f:
Mokken test wlll

e it . will allowv'

we construct are

tat1st1cs for the
Itv 1nvolves the

dlfferent samples.

N



across the subpopulat1ons studled If we fall to reject thef,'“

L

null hypothes1s,-we can 1nfer that-the Mokken model fits theig“'

data and use the average or pooled values of the 1ndexesa to’

produae.iaj's1ngle“ value that applles‘ to all groups.dThegv

T statlstlc has a chi- square dlstrlbutlon..w1th degrees' Off

freedom equal to the number of groups mlnus one.

)

6 5 4 PML - L

As outllned above,_only CML y1elds con51stent estlmates.»
of ther 1tem parameters._In addltlon the‘ CML method allowsf

-'for the constructlonapf goodness,of fit tests whlch have .at .

least asymptotlcally «known dlstrlbutlons. The f computer

program’ PML (Gustafsson,_1979 Molenaar 1981) employs the

CML algorlthm for est1mat1ng the 1tem parametersr of thej

" : -

ﬁ Rasch model and has 1ncorporated d1fferent goodness of f1t:-

T‘tests. Most of the tests concentrate g'h{"h property 'oﬁ :

"spec1f1c t'object1v1ty ;]'ahd“ are ‘ developed to detect

' v1olat10ns from<the four ba51c axlqms

t

(see Flscher, 1974-194)’-

‘151‘Monoton1c1ty, ‘the . probablllty of a p051t1ve response on;

‘-~

~an item™is a strlctly monotone funct1on ﬁln:-the latentv

tra1t 9' V};;“»”'

ﬂ?z. D1mens1onal1ty the 1tems measure the same latent tra1t°fv“

.

J3r,]Loéal 1ndependence-' glven the respowdents posltlonjon'

the latent variable, 'the probab111t1es of positivgly

,lanswerlng the 1tems are 1ndependent- - e

L S oA
4. Sufflclency of ‘the total 'score. the total number of

- : ’ i ")
. —‘“’\

13

the Rasch model'
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A

.are part1t1oned accordlng to external crltekla other than

o

‘parameter. o Lo o T e e T

;ﬁhE; condltional llkellhood ratlo test ,Kof‘ model : fit

1ntroduced ~by Andersen (1973) In th1s ‘test procedure, theﬂ_:

total sample of persons 1s grouped accordlng te~total score.:l

-

In the present research e, will partltlon both the Amer1can
and the German sample accordlngato théj 1nternal_ cr1ter10n

high and 1ow total score groups. . ; ,':d~ T

' To,compute the Andersen test the 1tem parameters..are

ol

‘items:‘endorsed (ls-sufficient~for‘estlmating'the_personf

Jf‘4knonn- statlstlcal test of the Rasch model 1sip

estimated ‘hithin the' Jtotal, group of respondents, and also .

\\.
(

w1th1n at least two subg;oup9~o$ respondents. The test iss“

sen51t1ve o, v1olat%ons of the assumptlons of suff1c1ency

»

and monoton1c1ty When the fodel’ holds, the 1tem parameter

est1mates -oﬁ every subsample must be the ‘same w1th1n random o

fluctuatlons.‘If the model does nq; hold alternatlve models

2

& -
that allow for dlffegences in the slopes of the IQC s’ (for

Jnstance; 'the tw and- three- parameter models) can:-fbe

e, b

_1nvest1gated slnce the= llkel1hébd ratlo test procedure

computes 1tem parameger est@mates'“for‘ eacht subgroup,»

!

reasonably large sample is needed Thls, however, is’ not

problem 1n the present stud; where the number of . respondents'

®

for both the Amerlcans and the §ermans is reasonably hlgh
k

' The Andersen éest can also be applled to_§ubgroups that

)

? t

total score such as, sex, age or country In such;cases,.theg

% . 5 o R .
test s .sen51t;ve'tto v&olatluns rof the assumption ' of

a
b»
S

a,

f



s unldlmen51onalzty (Gustaffson, 1980) 51nce v1olat1ons wouId]Ht

Vf9fleCt the varlatlon ;bf' 1tem parameters »across- groups.}~.

Accord1ng ' tolh the' assumptlon of local 1ndependence,fn'

lrespondents who endorse the same total number of 1tems will

“geth_the” same 6 value on the latent varlable. jf ‘howeVer;

- the set of items _measures more than one d1men51on 'the items

'~w111 : be"lndependent and both the assumptlons of 1oca1

1ndependence and unldlmen51ona11ty are violated. fln this

L]

study, ' w1ll- partltlon -the»vAmerlcan_.and_‘German ’sample

-accordlng to the cr1ter10n sex.~-

Mart1n LOf (1973) 1ntroduced' another test statistié*

wh1ch s sen51t1ve to heterogeneous siopes of the ICC 5. Asi

S in the Andersen test the sample is d1v1d!! 1nto k 1 score

groups. However, thlS test 1s computatlonally very dlfferent ff

bcompared to the' Andersen test (Gustaffson 1979) The'f

.uMartln Lof test ' u°ed in this’ study because it glves us.

'ngobal 1nformat10n about 'thet contrlbutlon of . each’ '5core.1

,‘groups to the overall mlsflt of the Rasch model to the data.f7"

Another test that wlll prove useful in the present_

<

:study is a :"test. of ;homogeneity of two sets of 1tems '

(Martin—Lof, 1973; GUstaffsoh 1979). This test prov1desf*a‘

'L'test ofi the hypothe51s that two d15301nt groups of 1temsm'ij

- measure ‘the same ‘latent varlable. To compute th1s test . theu

items: 1St be ordered prlorl accordlng to a certain
o criteriog. The seven abortlon a1tems wlll ;be d1v1ded

p“ Van Den Wollenberg (1979 ch 3) and Gustaffson (19802
argue\t that when the correlations betw n the grouplng

criterlon and the subsamples differ"the detection ‘of’

e mult1d1men51ona11ty by the llkel1hood ratno test fa1ls. :

R



‘accordlng to the follow1ng cr1ter1a- abortion for medlcal or.
'harg reasons (RAPE HEALTH DEFECT) and abort1on for soc1alf‘i
t or. ;%ft reasons (NOMORE POOR SINGLE and ANY) ﬁhis"w1ll"?
{glve fusﬁ_lns1ght 'iny the. valldlty of the commonly found )
'two dlmens1onal presentatlon of the seven *abortlon '1tems;v

The test is developed to detect v1olat10ns of the assumptlonf

. of un1d1men51ona11ty because the person parameters must be

-

1nvar1ant. for any subset of 1tems that meet the cr1ter1a of
the Rasch Model . g - .vl~ | | o
Flnally, Flscher and Schlelbechner (1970) 1ntroduced a
pairvise T—test that provides 1nformatlon on the_frtv of_sanf
individual..item ~in hthe SCale. 'Thishtest-lS‘sensitlve‘to'
Hviolatlbns of 'the assumption of  invariance b*o£~h item
.‘diserimlnation }parameters; The - .test compareS-fthet“item";
.”:parameters ‘torh'thé ‘low and’ high vraw_ scoreh groups by:’
blcomputing a-:statEStic ‘T, for eaeh 1tem Although the Tﬁ’
' statlStic‘,suffers from 'some', problems : (see vVan ~'den‘
lWOllenberg, 1979 31 -39), the test is useful as a heuristic . -
- device for detectlng m1sf1tt1ng items. . |
- 'ihe test statlstlcs der;ved 4from',the, previouslyf‘
-discussed goodness of f1t tests all follow "-‘chi—squarex
d15tr1but1on.; As noted earller, the use of only first- ordnrl

Q

1nd1cators of mlelt may prove to be problemat1c‘ in tha‘.

_.—_-_____.-—___—_-._

~ "*Van den Wollenberg (1982a and B) demonstrated that the
. test statistics discussed above, may be insensitive to o
-'violations of the unidimensionality axiom ‘under certaln r

circumstances. He developed. two new tést statistics.for lack.

of invariance of item discrimination parameters and’
: unldlmen51ona11ty. Unfortunately, these statlstlcs ;are not
available. 1n PML . .



"~T3f; o y}fl-fwﬂu_ﬁ'hf”.'h"'f: R if”yd 'v:m_;r23:v
present because the chi square tesb rs almost certa1n to be% .

B -7 \

; 51gn1f1cant 'w1th large samples.. Consequently,_.th e null

-:'hypothe51s ~of local 1ndependence,“ﬂﬂand:* therefore gthegiu

’fun1d1men51ona11ty of the set of 1tems,; s almost certa1n to tg
. . _\".' ":. ', ‘ol
be rejected Second 1f any outllers are ‘in the sample,- the

e dev1at1on of the observed values from those predlcted by thef’

*~wthe model are not normally d1str1buted anymore. In add1tron

N

boutllers can also affect the tests of mlsflt of the models

Therefore, 1n order to judge th%‘.unldldﬁn51ona11ty of

% g

thel seven abortlon 1tems for the Un1ted Statilz'.d Germany,v‘.

we rw1ll 'also con51der more 1 exploratory dala analytlc
i T ‘
approaches, “En . particulat gtaph&cal methods (Gustaffson,f

"1980 Molenaar,.1983) and slobe tests for each item ‘w1th1n
each score groups.,In thls respect‘ PNL prov1des a graphlcal
procedure deVeloped by Gustaffson (1980’ wh;ch plots the*

- observed proportlon of posrt1ve answers for each score group

aga1nst the correspond1ng predlcted pr.po‘ilon. For'~each

1tem and for each score group, PML computes - a b1nom1a1 test .

A

‘of the dlfference between observed aqﬂ predlcted frequenc1es

'f p051t1ve answers,'lncludlng 'z~ scores and one 31dgd tests ,
.2
«,comblned across score gr0ups (Molenaar, 1983). _

In sum, the results of the. Andersen test and Mart1n Lof
_tests will be used as general measures for the (mls)flt ‘of

;ﬁthe_ Rasch model 'to‘ the ,abortlon data. We ‘use add1t1ona1"

L
v e

yrtepts f1rst because the 51ze of tth Amerlcan .and German _;
u;;sample makes lthel_tests very powerful and second these

ffwtests do not prov1de any 1nformatxon about the (mls)f1t of a




'f1nstruments E wlll ’be employed .*to get more specrflcf
'Rasch model of each of the seven abortlon items.?
. '6.5.5 LOGIST

-'5case the Rasch Model falls to descr1

. L.\'
S

RS

' 1nformat10n about the nature . of thef‘ViolatiOns from 'the'

- . "‘»‘_

' The LOGIST program w'ill"-zbe ey oy% in’ thls research in
.Y v
?e the abortlon data.‘

One 1mportant reason for the misfit of the Rasch moééi may

be the var1at1ons of the slopes of: the 1tem~trace11nes. Th1s'f.

“hypothes1s' can' be tested by ¥1rnbaum s fwo parameter model

wh1ch allows for dlfferences zn the slopes of the item trace

"computer programs for est1mat1ng th one-"*vtuo-,“”and'“'
three- parameter models. The program °is; based on"wthe UML-
estlmatlon : procedure ,“Fandu, doeS‘ ,not' prov1deq%%§ny;

'goodness of f1t tests..The model parameters are estimated

—v\

€

.IBM PC computer program for- f1tt1ng both unldlmen51onal and

llnes.ﬁ;

";Spec1flc 1tem 1n jth scale.- These addltlonal d1agng§tic"b

In North Amerlca, LOGIST is one of the most w1dely used,'

TN

.

1terat1vely (glven some start1ng value) unt11 satlsfactory_'

convergence is obtained. For detalls of LOGIST we refer t%_

‘the user manual (Wlngersky, Barton and. Lord, 1982)

\{’

6 5 6 NOHARM

NOHARM (Normal Harmonlc Analy51s Robust Method) 1s an:

'&“

%)

! .

2°Duncan (1984b),<Clogg (1987) and Kelderman (1984) present
the Rasch model as a log-linear model for -an ih omplete
table. This model can be estimated by u51ng SPS x

:-19

R



.lﬂiés,'

? multmd1mens1onal‘normal oglve models and latent tra1t models:_
' lto. blnary data (Fraser, 1980) f In thls study, NOHARM w1llﬁyd
h_be used for a test of.the two parameter model est1maees'~ast:
“jprov1ded by the computer program LOGIST . R
!. EE .
*éstimates ,forg=the'_one- two— ,and three parameter' mod%lsf

S » v
founded on a. conceptually appeallng approach .»As d1scussed»

-

'.jThe computer program NOHARM fac1l1tates* parameter;f,

rfin chapter '5; NOHARM 1s based on’ a” method to . f1t latent;.”

At

Ao

o tra1t models by the analy51s of covarlance fstructures.*ﬂfhe-
".program NOHARM computes esquates of parameters of the model
by f1tt1ng ‘ther polynomlal cu ve tos‘the .normal oglve,‘”d
»'.welghted by -the normal den51ty functlon._Thégloss functlon'
(ﬁeast squares functlon)‘ ﬁ mlnlmlzed u51ng conjugates
grad1ents m1n1m1zat1on algorlthm wh1ch ég%t1nues\1terat1ng¥fﬁ

. 4

SO long as ‘the funct1on value contlnues to decrease and 4&?

magn1tude is Iarger than some .small value whlch 1s set]}f

i .

.‘pltrally-(McDonald 1982 McDonald 1967)

F b M,,,\._ ‘-
Th program computes the\re51dual covarlances of theg

' 1té/s, after f1tt1ng the model anda glves ‘theb root ~meanﬁ

square of these as an overall measure of mlsfltiofﬂthe model"f

o the data (Fraser 1980) The magn1tﬁdés of the

:nP51duals_;'f

'fglve'_an. 1nd1cat10n of how well the data 1s\approx1mated byypjf

Iy the un1d1mens1

R Su
the root mean

3

standardjer. £ of the re51dua155

' //’The hame . of the program refers to: the robusgggss of the
program agalnst violations of the. normallty assumpt1on of
/ ‘the latent ‘trait (Mchnald 1982).; o v
i 5 . T e

et

(hal normal ogrve model (MCanaldﬁ1981) '"If._;
puare re51dual is. in the order of the typlcald_:'

(ﬁour t1me5r the recrprpcal-f5i



of the square root of the _sample ‘size) ) "have fa_ rough:-"

:'dlnd1catlon that am reflned test of s1gn1f1cance Qould not’

i

hreject heh hypothe51zed model f.exam1natlon ;of- fthen'

're51dua1 matrlx fo’lqlusters of large re51duals may 1nd1cateA

',fgroups of 1temp“h t do not f1t the model and _suggest a“

.means-'to mod‘Lyilt in order to 1mprove the model"'(Fraser,_pfl
1'l980f2) Second-‘or hlgher order 1nd1cators of .mISflt (forj
lhstanée, thef res1dual ,covarlances) may bepioue' of thef’ﬁ
exploratory techniques that offer an - alternatlve route _touAi
- asse551ng the unldlmenéionallty .ot# the abortxon 1tems by;
,means of the ch1 square stat15t1c (McDonald ‘1981-‘ Hattlej

- 1985; Van Den Wollenberg, 1982 a, b) ‘;{:iz

6 5.7 ANOASC

- . . .

Chapter 5 we con51dered a ser1es of models that_bah..ﬂf

be - used to estlmate metr igiscale scores _for}’thed"ordihal"
‘;.Mokk%n sca1e= values. We accompllsh thls analy51s by u51ng:”f
.Athe computer program ANOASC (A Computer Program for ther

~Analy51s of - Assoc1atlon -in a Set of K I by J Condltlonal‘

a

1 B X

| Tables) wrltten by Shockey and Clogg (Shockey' and Clogg, o
l1983) 'The program ANOASC is based 'oh' an exten51on ofv i_
'Goodman 5 jalgorlthm (Goodman{Q 1979b° Clogg, _11982)x -
'multaway oross¥olassificatiods7 havihgd-ordered categorles;ii
all the log mu1t1p11cat1Ve éssoc1at10n models dlScussedr in

'chapter 5 can be f1t u51ng ANOASC



FRET AN

'6,5.8'MLLSA % o _
d ]Inf}the_ presentfvStndy' the ~"omputer program - MLLSA
.'(Maxlmum ‘ leellhopd Latent Structure' Analys1s) (Clogg,

1977) .w1ll be used to test the latent class scallng models

”dlscussed in Chapter 4 The restrlctlons that can presently

.:be con51dered with MLLSA are of the follow1ng types*fv~

-

'i. Equallty restrlctlons on, the condltnonal probab111t1es-
ﬂfor 1nstance, ”a‘x '='w§jx{;ﬁ

_vz.':Restrictions”fof fparametéﬁsmtg#fﬁ,e constants; ”éi*adFT:”bf
N e L e

*13,‘,EQUality;restrictions-on the latent class proportions; -

o »l‘n"' = TMWas

p@?"aRestrlctlons that form'a“ omblnatlon of type 1= 3.h m:;l ”
L A maximim 11kellhood procedureaffbf ‘estimating 3ﬁﬁeld
pgparameters of the general latent class model is descrlbea bY
'fEGoodman (ﬂ974a) and Clogg (1977)..has 1mp1emented ‘these
jjfmethodS"ln MLLSA The latest ver51on of MLLSA also prov1des'h
Gtamprocedure"f' determlnlng the 1dent1f1ab111tY f “théy

parameter estlmates ThlS problem;of 1dent1f1ab1l1ty refers

. to'a dependency among /he parameter estlmateswfwhlch means-

“?that _more thanr one set of parameters can account for the

- i

'data. This. 1ndeterm1nacy g1ves rlse to d1ff1cult1es.:int ther
'.1nterpretatlon o@ the model parameters and the program may
)itake con51derable t1me to converge. The latest ve§s1on .of‘

fMLLSA enables the reSearcher to tesc latent strbcture models=b

across groups.vvw

¥



' gGermans. Follow1ng M0013a

O; d1ff1culty 'Jtems a

- 7. RESULTS OF THE "NON-PARAMETRIC ANALYSES"_
. - o 5 . i ::‘ '. .' : ‘.“.::“ . .

'7 1 Results of the Mokken Analyses

%T ‘ proportlon of\ respondents ‘who endorse abortlon'*'

'funder the seven condltlons are. g&ven for Amerlcans and West

'_Germans ,ine Table 7\1 _ Three features ff these results‘

warraht'our-attention° Flrst the 1tems fall 1nto two g;oups

'of,.loW-vand medlum dlfflculty for both Amerlcans and Westv

6,

AY

: abortlontfor .medlcal".reasons (ﬂﬁﬁfTH,

DEFECT, . and RAPE) ‘ahd the medium, difficulty items as

vt (1982) . ;refer, to the low;

'fabortlon for soc1al" reasons (POOR\ SINGLE NOMORE andi

,ZANY) The dlfflculty of the medical 1tems ranges from 85'f:

EO(DEFECT) to (HEALTH) for Amerlcans and Erom 91 (RAEEﬁﬁ!'“

.94 (HEALTH) for West Germans"ﬁthé- dlfflculty of the .

Tsoolal items. ranges from .4 (ANY) .to .54 (POOR) for

‘Ameficans and from .32 (ANY) to .53 (POOR) for West Germans

The .question these results ralse is whether the soc1al and _

hédical‘itemSnrepresent one or two d1mensmons.

Second although Amer1cans and West Germans generally;‘

- produce the same 1tem orderlngs, there are',two reversals"

‘ one_:for' RAPE and DEFmCT"the other for SINGLE and NOMQRE

:fWhereas ‘the DEFECT 1tem is sllghtlysmore d}ff1cult than RAPE

for Amerlcans ( 85 versus 87) it is sllghtly less |

,dlfflcult for West Germans ( 93 versus .91). sWhereas the

NOMORE 1tem is sllghtlyl more difficult -than SINGLE for

_ AmericanS'(lSO versus .51), it is much less difficult for

128

D~



fTable\7@ﬁf"The DlStrlbUthn of the Abort1on Items for . .
SRR Amer1cans and West Germans v :
: 'ltem_i' ”ffs“f D1ff1culty Leve&*: 4;f ;H' L
oA o Amerlcans " Germans L R
ANY. Coudwm .32,' e T
 SINGLE - 51) 234 Lo
- NOMORE 50 Lo T 45 PR
"POOR - : BN A - +..537 .
DEFECT ; .85 o 93._-‘ ,
RAPE - : '.87 T .,..9‘11 . .
“HEALTH 91 . .94 L e e
. N= 1 2904,;r,_ N=2 068M L o SRR

< -

*Proport1on of respondents who endorse the abortlon 1tem\

=,

‘o

R ) :

\"

West 'Germans ( 45 versus 34) These r:eversals raise the"*

<

g
questlon of whether the scale (or scales) that Jeh

separate Mokken analyses of these 1tems for the Amu

'Z West German samples wlll~“be;‘robust ”_across:.

sllghtly

2

populat1ons. n.f o ”ﬁf. e g-ielh':f.'ffgf‘
’ Th1 rd when we: compare Amerlcan and West German i‘
attltudeS' toward abortlon, 1t-appears thatﬁAmerlcans hold a<“f

more 11beral v1ew with respect to the ,soc1al -1tems but da~

ﬂpre conservat1ve view w1th respect to the medlcal

1tems. The pmoblem with 1nteroret1ng these results, however,

is thet

'.compar1sons of the 1tem marglnals confoundsf

dlffefences between.Amer1cans and West Germans general

scales)

att1tudes,

_ w1th “the’ cross nat1onal dlfferences between the

d1ff1culty of speciflc 1fems. If we can f1nd oa- scale (or_ﬁ{

»that _1s robust for. the two populatlons, we can’ use¥f5”

<1t to make a more _stra1ghtforward ,ComparJSQn ~bfa abOrt1on:_;

, attltudes.

S
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': '.“:

Loy

c

},A‘ When we apply the Mokfbn method separately to Amerlcan”

L

B and West Genmumé?ems, we f£ind’ the follow1ng.,F1rst "thef;ij'”

and Po‘ matrlces support the assumptlon of double monotony;f'r'

/f/ese matrlces are g1ven 1n Tables 1 B and 2 Bv 1n' Appendlxn

-B Slnce none of the comparlsons among the cell entrles in

N

o the :matrlces Y1eld dlfferences OPP051te to.f{the?f ones;'
predlcted by the Mokken model and the 1tem dlfflcultles, we‘

regard these results as an- 1nd1catlon that the seven ,1tems'

~
. mea ure a 51ngle d1men51on 1n both countrles.

J

RECT - to 89 for ANY for the Amerlcan sample, and irom 73

- "'-

:>_ ;r ‘RAPE to .79 :for' POOR for . the- West Germans. As a .

co sequence, the H- coeff1c1ent of homogenelty for the entlre‘

[

7}set of 1tems 1s'.846 for the Amerlcan sample and .773° for

the' West German} sample@ When ,we test these coeff1c1ent8;v'

',e results for Loev1nger s (1945) index of homogenelty
‘are presented ‘1n' Tﬁble _ The coefflcnents H; for all@;-:

;j-seven 1tems are alI quite h1gh They frange from .82 for -

”statistiCally,,wextind, f)rst} that . all .are 51gn1f1cantlyu

S S : . :
greater than zerotﬁ Thus; we “can. reject the - (weak) null -

hypothe51s that the seven abortlon 1tems are 1ndependent In

S

that Mokken_ (1971~185) uses to d15t1ngu1sh "strong from__

E% medlum Mokken scales. Thus, these results answer the f1rst
questlon ralsed above by 1nd1cat1ng that the seven abortlon
\1tems form a un1d1mens1onal scale in_ both countrles.

”We' complete 9

add)tlon we ‘balso f1nd that - the. coeff1c1ents 'are'

_oUr- scale analy51s by looklng _at the.

n1f1cant1y greater than ;60, the strlngent cutoff fvalué"'

[T

results of the Mokken test we used to see whether the Seveh':

. items form'_Va;,’scale 'that;-;'ﬁ»robust_ aCross _the two’

e . . N . . S



g I R 131”j§
rbdpulations;f-Table 7 3 contalns the T stat1st1c, which has

r B MRV
an appr031mate chi square d1str1but1on w1th one degree of?

freedom for seven, 51x, f1ve and four 1tem scales along w1th‘

..'\

the 1tem deleted from the scale.\ o "v‘” '«\f

Table 7 2 The Hi Values of the Abortlon Items for
y mericans and West Germans o,

.

Hy * o

.?_#‘~g . Americans .. West. Germans . -

ANY . " - .89 .78
SINGLE: . ' .84 o .78

" NOMORE =~ = = :84 , R £ S
'POOR S .83 g . .79 -

.© . DEFECT .. < .82 S 2 3

.\ - RAPE A es - 840 B Y A T

HEAu{ng 87 . i

. Table 7.3: Impact of Dropp1ng Items on the T- Statzstlc SRS
o ‘ - for the Mokke Test : ‘ . R LM,{,~”ﬂ'

S .. Items Dropped ~ T-statistic
: - From the Scale - of Robustness

. N8Re ' ' 20.20
ANY o . 9.89 N
ANY, HEALTH ' T 6.03 . ‘ e ‘
'ANY, HEALTH, RAPE o134~

L



W;::_' , “7-‘_‘3:"-
: After try1ng d1fferent p0551ble comblnatlons of scales,
: tue settled vonfjthe four*ltem scale §1nce the value of thef
‘,hT gtatlst1c 1s " 34 - ~which, fof"“gne degree,{gf ‘freedgm,
'5represents an- excellent degree of fit. In contrast,'asmTable
:7 3 shows, nelther ‘the f1ve-, six-, or sevenritem scales are
as robust Thus,‘ although all seven items scale when both
_samples are analyzed separately, the results of our Mokken..
-test showtaggtnaespale whlch 1s eguivalent or robust across.
vthe two populatlons is a four- 1tem scale whlch contalns ‘the &
items DEFEC'I: POOR, - NOMORE and SINGLE. | P |
Sipce the four 1tem scale is robust across the American
’and West German populat1ons, we can obtaln better estimates
-of the scale s characterlstlcs by co%@§n1ng the Amerlcan and'j/ﬁ
: West German samples 1nto a 51ngle grdup When we do thls, ve
ikhf1nd that the 1tem dlffICUlt1Q§ are 41 .47, .53, and ;QQ'
"’f-;fo:; SINGLE, NOMORE ~ POOR; :and DEFECT, respecti‘ve_ly.'._ The
'1fhombgene1ty coeff1c1ents H, for these 1tems are."80 \78,

.:\79 and 86 and the coeff1c1ent for the scale as a whole/,‘-e

is .80, 1) - o )
Y S 2
7.2 Results of.the Latent Class Analyses -

In thlS study, the applications of ‘a var1ety of latent
'class models should be regaéﬁed as a complementary analy51s
'to the latent tra1t analyses. In th1s respect, we deflned

four tests:

1.~_Proctor's -uniformﬁ“error model verSus response_errOr'
O ' 2
models whlch have. aovarxety of error structure5°
2. Response error models and’ 1ntr1ns1cally unscalable class=

. versus 'response error models w1th0ut an unscalable



. . ‘. T
_ c1ass-" .

‘.;3}v,The pure Goodman model versus the Dayton and Macready'»b

-type models' ang

.

-

,“*4,f<Whether the latent dlstrlbutlon o& the -latent' Qariable

L S S
téSt whether the error rates ‘are’ the‘_same for- bqth 5

5

count:1es % d‘ - R - V“fgﬁd
. .,' The chi-sguared StatlSthS of the latent class _scaliﬁgﬁ
.J.models for Amer1cans and West Germgni\are glven in the Table:‘
7.4. Note that the f1t for the models Wlthout an unscalable
‘class (model My, M3, M5, M, and Mg) 1s quite: poor for both:
the Amerlcan and West German sample and that ,the latent-

\

,_d1str1butlons are pretty much the same, regardless of which

is .the. same .for both countr1es. In addltlon, we wlll'

response error model is chosen. Moreover the percentage of .

-respondents in the scaIe/types 11 and III is very small (see,f

Table C.1, inm Appdhdlx c).

These models are all general1zat10ns of Proctor .od_ézl?

and allow for a variety of S error- structures. Ma is the?'

.1tem spec1f1c-error rate model wh1ch allows the cond1t1oégl.'

probab111t1es to vary from 1tem to item w1th1n a. scale type.
"Maz appl1ed to the four robust abortlon 1tems yleld a L? of
27. 6>on 7 degrees of freedom for the’ Ametlcans. In order 'tb;'
' answer- thef f1rst questlon ralsed above, we: compare the fit
of Proctor s model to the fit of the, response 'error model
M,, ‘Ms, M7, and Mg,for both countr1es. It is easy to seev

that the- d1fferences in- ch1 square stat1st1cs are h;ghly

51gn1f1cant for the Amerlcans and the West Germans.
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o Table 7. 4 ‘Chi- Squa{e Values f0r Latent Class Models
' * "Applied to- Four Robust Abortion Items

e - for Amer;pans and West Germans,%u
. v a ”‘.4.‘ e 5 |
. . . I L

»f@i UNITPD STATEs T WEST GERMANY

tMOdel :eDE‘fef'.1L1ke11hood Ratlog leellhood Rat;o

eXE

. o ehi ‘SquaTe . . Chi* square
M, 10 53.6 - . 1192077
M, 6 lole . 118
M, 7% 26 . .. - B0.6 .
: Mg .3 3’:.0 \\ ’ s 26.0 ST s
M 7 2di5. . .95l .
M., 3 T2 Lo TiTle
M 9 4200 - 107130
My 4 . 1007w T 11l8°
Mg SR 26.5 .  : 27.9
- Myo S o 3.0 . : ... 5.4
. 7 o ‘1 S0 11,8
- My g e 5. &\/ | SR
L i . ) "7.19 ’ P » e fro i : L, ) .' ”,l‘;"
jExplanatién'of models:- ° o
M, Proctor's Model -
My Proctor's Model and Unscalable Class (uc) o

M, /Iltem-Specific Error Rate Model
My " Item-Specific Error- Rate - Moﬁe{ and"’ UC
‘Ms  Type- Specific Error Rate Model
Ms - Type-Specific” Error Rate Model and UC. ..
M, - False- P051t1ve/False Negatlve Error Model
- Mg ..False-Positive/False- Negat1ve Error Model and UC
‘Mg Latent ‘Distance Model . . ° - . ‘ ;
‘My,o- Latent-Distance Model and ucC -
:M,, Goodﬁ%n 3 model T S f

For 1nstance,‘the type spec1f1c error rate model §1elds

.tne greatest,llmprovement in ,flt ompared to the f1t of'

Proctor S model (53. 6 24, 5= 29 1 which wlth 10- 7 3 degrees_ ofs

freedom is h1gh1y 51gn1f1cant) for the Amerlcans. For thel
West Germans the latent dlstaqge model M, appears to result_
in the greatest improvement - of fit (119 0-27. .9=91, 1’witn

10 5=5" degrees of freedom which iS' h1ghly. 51gn1f1cant) |
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-Thus, these results 1nducate that desplte the fact that none

:t,of H:the ' responsee[ error B models f have : £1t th data”
.fsatlsfactorlly, the f1t of the restrlctive Proctor model can'ﬂ
ﬂbe 1mproved by allOW1ng the error rates to .vary.
Turnlng to the second test we try to 1mprove_fthe:t£;t?[
_Qf;'the models by relax1ng he assumptlon of populat1on5”
:'homogenelty By assumlng the ex1stence’of hvlntr1n51cally1;
: unscalable class whose 'members _are; v1ewed as respondlng s
grandomly or’ else 1n *erms of 1tem orderlngs that dlffer fromﬁl
-sthe% dom1nant 'one,.'wes test ‘the response error models plusz
lunscalable class versus response error' models only. Tabletu
7.4 ‘present . the . extended models for the Unlted States and--
- West*éermany, respectlvely It 1s obv1ous that the: extendedf_
;{mOdels Mﬁ;i'Mg’. Ms, Mg, and M,; for the Amerlcans, and the |
models Mz, Ms, ﬁa; and M,o for;fthe Germans prov1de |
. 51gn1f1cantly better f1t to the data relat1ve to the sameh*
.“models but wrthout an unscalable class (see Table 7 4)
o Further, when fh look at the correspondlng L values~
oidfor the models Mz, M;, Ms, and M,o 1n Table 7 4 we see~that:?
chese‘ models descrlbe v'he data very adequately for theid
_ﬂAmer1can sample (p>. 05) Slnce we prefer the type‘_'t" model#
,bwhxch | strlkes : a. balance between goodness of f1t ‘and
L_par51mony,; we select . M3 ‘as belng vthe' best model :lor'
_representlng ‘.he;'abortlon data. Th1s 51mple model prov1des;_
an. excellent fit (L2 10 9) ~and 1n terms of- par51mony, Mz has"
more degrees gf, freedom than the other f1tt1ng models M.fh
”Ms, and M,o. Moreover,c,under ‘this model _thei estlmatede
: proport1on lof'.cases cla551f1ed as unscalable is. re!at1velyh_

‘llow. We £1nd that.'16 percent vof»stbe._Amerxcans-vcahf_bgfv

5



regarded as . hav1ng response patterns that are vintrinsicallyi

1i$5un5calable and that therefore the un1d1men51onal1ty of the-

.ﬁfour abortlon 1tems holds for ’af reasonable part jof 'thef
w?jAmerlcan populat1on. Further, when we look at Table C 1.,:we g
.fsee that the proport1on est1mated under flrst scale_”typeﬁg
.:’(1 1L/, is. 43 percent f “_the Amer1cans wh1ch
“tfrelatly‘ﬂy hlgh and may be ilndlcatlve-dfort 1deologlcaL¢~

Fﬂiapproval of abortlon (Duncan 1982) FlnallY,:the response

'“uferror rate a for each 1tem 1s estlmated at .01 wh1ch means

s

r

that -

}ven latent class,.the probab111ty of response error”
A ext jwe_ con51der' the German sample 1n Table 7.4. The
’results show that that only model Mz and M11' flte\khe . he

'abortlon 1tems accordlng to the conventaonal stat15t1ca1

; 3Cf1ter1°“ of P> 05 (L’-11 8 w1th 6 degrees of freedom daﬁk

"iest1mated error rate under Model Mz 1s 0.0. ThlS' 1nd1cates

.L’-11 8 ‘WIth 7 degrees of freedom ‘respect1vely) Thus both

:ffmodels descrlbe the data adequately, however M,, is. more

'"”par51mon1ous 1in fitsV number _of parameters. Further, the g

lthat Proctor s’ model apd 'unscalable class 1s reduced to
’=hGoodman 5 model M,, where no response error is- expected to
_occur 1n the responses of tée scal;ble class. T _d_

v; The estlmated proportiontfor thi‘ynscalable part of the_

populatlons 1s glven 1n the last COlomn of Table C. 2. We see

B §

e e e et o e e

‘”"Ideologlcal"vrespondents are persons who con51stently

::endorse or reject ‘any item. that pertain to the attitude.

- being measured. For ‘instance, ‘ideological respondents would
endorse or- reject -legal abortion, regardless:of:-the’ grounds@t
offered for its justification.: In another study, we try. 26
" seperate these respondents from those wltb less extreme .

‘ Posxtlons. . Si e T . el

3

¥



-ﬁunldlmen51onal scale for the’

o e IR .hffgfff':fﬁi”ittffiﬁ
S 1mmed1ately that fornnboth models Mz and M1|<30 per‘"'

1,the populatlon belong to the unscalable claSS’and that;;thhsff

if'percentage does’ not dlffer very muchdfor the hybrld latentf

‘f_class model M“, Ms, and Ma., Thesej results mean that h.f;

'Q

'lrresponses to” the four abortlon 1tems are 1ndependent for adh

*)psubstantlal part of the populatlon and that this proportlonl‘

".does han drop when we relax the asSumptlon that members of[

‘~gthe scalable classes response accord1ng Guttman s perfect.f

‘Qscallng model Further when we look at the percentage oﬂﬁ*

x-

. respondents .Vhoh respond p051t1vely fto" all four . abortlon?.

fﬁéltems in Table p.1 (scale type I),‘-wxﬁﬂsee that these l

vpercentages .”are"[ much ;'lower--than_rfor,Tthe* Amer1cans.=”

u"Therefore,~3it_wiss very llkely ‘ thatfﬁuthef number' &off

1 . R “ . v
1deolog1cal“ respondents “is . much hlgher in the Amerlcan
'sample relatlve to that o£ the West Germans *\

These‘

by 1nd1cat1ng that for' ‘both the' a?erzcans and
f@jGermans the flt of the models has been Improved b 3*

jnoan 1ntr1ns1cally unscalable cl ss in the models.
‘ : 2

-results ’Fnswer the second questlon ralsed above

"Turnlng to the: th1rd questlon, Table 7.4, shows that for'”

‘ wthe Amer1can sample Goodman s model (M,,) does not f1t -thef

- “‘data’ in a reasonable way (L?=15.8 w1th 7 degrees pf freedomv

. which is 51gn1f1cant p< 05). Slnce model M1§ not

A~

"demonstrably superlor ‘to Mz we conclude that Proctor s modelf

and unscalable Lclass
a S .

he fouf 1tems do form a

——_..—-__'_——_—.q'--—.-

‘3”Slnce ‘we already suspect

indicate that the error stpuctures, ‘as defined in the latent-

L class models" are not flexible enough. ,That: is, &he program’ f

does not allow us to . spec:fy unequallty constrafhts on thq.
-ﬁcondltlonal probab111t1es. ) : .

:ents %the_ abortlon ,data,;

est Germans, these" results mayf‘

&

f



_h]adequately

the case of the West Germansr both model Mz and M,,lf
i:;flt the abort1on data very well However,,51nce M11IIS mostf

"par51mon1ous and because the error rate 1s 0 0 under Mz, thet
pure Goodman model 1s an approplate scallng model for fthe;:

‘four abort1on 1tems.;‘» J

| Answerlng the flrst part of ﬁguestlon four,’”w'h-first

h;thave to“ dec1de Onwva scale model wh1ch 1s va11d for bothf
| countrles.yf ' havei shown abov _ that Proctor s. modelﬁ;
;y;represents _ai very acceptable fit for both the Amerlcan and:l
thWest German samples.v(Note thaé%&or the' Germans,;'y treat:f
.¢1Goodman s model as a Proctor model plus an unscalable class-
:fwfth an. error” “rate _of; 0. 0 W we 1mposed ‘ homogene1ty
5jconsgrafnts nfdtﬁev latent class proport1ons, that 1s,vwe'
'.assumed that the_error rates do not depend on- country. Thls;»
'ﬁresttlcted homogenous model does not f1t the data (L’-27 Sdr
‘jbn i degrees of . freedom) mWﬂlch slgn1f1es that fﬂthenf
'1_d1str1butlon' of the laté#t var;able is not constant acrossfy
"the 6n1ted States and West Germany L | .

B . e ’ ' he

ot ; fﬂ" L
'-7 3 Resulfs of the ANOASC Analyses

gf_As we have; seen,. %he resultS‘ ofifthe Mokken_ Test

md’ucate that  the items  DEFECT, POOR, NOMORE, and SINGLE

xform a four 1tem scale f attltuées toward abort1on that Cis

"robust across the Ame 1canl and West German populatlon.‘

>

e .
Latent class analy51s pr v1ded some - convergent ev1dence of“
'the un1d1men51ona11ty of the fbur abortlon 1tem5° the robust
'Jscale items- flt‘the Guttg;n type models ‘well -although the

~'t"-.'proportlon #of respondents 1n the unscalable class is very d

ks E - : L
e - % ) & : .

k3



m‘f_"frequency of church attendence

Ch13g

.ﬂlarge ” é:m the German ‘Saﬁéig::tiﬁd the follow1ng,ﬁwe wlll_i;T
Cl reflne the four 1tem robust scale by developlng mEtrlc Scaleii;
| DlsCUSSIng the 1°9 mUltlpllcatlve assoc1at10n modek hinn,,ﬁ

'_Chapter 43 ‘we ment1oned the 1mpor¢ance of - ‘any 1nstrumenta1n“cw
.'varlable for the estlmatlon of the cat:gorles of the :scale.-A

h?I“:'ﬁh present research he_ varlable church attendence;ﬁ”
dt(CHATTEND) is. used as cr1ter1%n varlable,‘partlally becauset!”

'Hchurch attendence 1s the only varlable that correlates w1th fﬁ

'7_both Amerlcan and West German attltudes tOWa:d abortlon

41@ both 'countrles,fT

e e .'r',\

_x; a- scale rang1ng £rom: o

never~'(0) to -more than once a week (8) for the Amerlcans;'
. e _

YT

,hurch attende ce was measured by;f,v

and from more than once a week (1) to  never (6) for :fheff;*

PR T _'1 o,
Germans.,r . Lo T




"eAmericans

2

3.
Yy

5

*ij1“

. 2 tlmes a. yearﬂf5f7”f

never

1 year

several tlmes a year
once a month
2= 3 t1mes a month

nearly every week

every week

kmore~than\oncega'week

kWest Germans

We recoded the American and West -

few tlmes a year-
seldom .
. B

ineyeri. » 3;'C ,’.'_fJV.A %

more than once a- week

Qonde a week

;1 3 t1mes a month

B

A

‘.

_the following way: =«

Rec’:odeﬂ'..

Seldom

Americans
i A

German

—

- West Germans ;.

never | 0=1
1,2,3=2
often -4,5¥3

very'oftenjg6,7,8=4

4, 5 2

'6=1

3 3 /f'

1 2= 4

e

H'%T40{




o

The model of cond1t1onal 1ndependence (attltude tOward;,fr

-

abortlon v1ndependent of CHATTEND for each country) y1elds;4

2)5L=-642 88 w1th 24 degrees f freedom,. wh1ch '153 a’ very,ff

'i51gn1f1cant result. Slnce thls model does not f1t the data,53-'

d'{ we can fPSe;”thel varlable CHATTEND 'as }};1nstr ;entj:téﬁéfv

mlcal1brate the varlaﬁle att1tudes toward abortlon

"The heterogeneous column,“ row—column:'effects modelmule

'(church attemdence attltudes

")ddepends on theﬂwérequency of CHATTEND b t':thef attatude'

ztiward abortlon 'scale 5cores are _n_,{ allowed to: dlffer;f

across. the Amerlcans and th West Germans) presents ahl

b
-

14 3 .w1th 15 degrees of freedom The goodness of f1t of.

. the’ latter model compared to the goodness of - f1t 'ofu;the;'”

"-heterogeneous row column, row column effect (L?—11 9 w1th 12”
Tdegrees of freedom) g1ves us an 1dea of the homogenelty ;or"'
4~;pe, scale scores f'.th» attltude toward abortlon scaled"

...

'across the two countrles. Slnce th1s latter model does »nottf'

provide ' s1gn1f cant klmprovement ‘in fit coﬁbared to thed
"t;heterogeneous‘<:jc:lumn, - row—column -?h?effects f modelu

:(L’=14 3- 11 9=2.4 w1th 15- 12 3 degrees of freedom), there‘1s;

: no reasondto reject the model WIth homogeneous‘ abort1on"

»

- scale scores across the;countr1es. Thus 51nce the estlmates_,

ﬂuoward -abort1on 'assoc1at10n?§ﬂ

of the parameters for'.scoresv on”'the'_ att;tudeSg towardn}*‘

- - abortion scale” e ¢uare constrained ftoaﬁhé equal.for'the

 Americans j"and" West . Germans, “the ; estimated dlfferences'f_r

between the)scale"scoreszo"' :2}j3,‘and 4 are also assumed
to be equal under the model The est1mated category scores'i)
&, for the metric scale are, - 75 17 .o-7fj, , 26, and .58,

"respectlvely, whereas the dlstances betweentithef 1ntervals,,*



'-fcompared to those in. fhe m1ddle categor1es._T

_Thei estlmated dlfference between the scale categorxes 0 and.

Lo 1s about“;two~land ‘a half t1mes vthe. dlstance between

;1pcategor1es é-andﬂ1'6'5§/'23;2 52) the dlstance between thepj.”

categories 2. and~1 1s about the same: uas that between- the
T N

-.~the categor1esx‘ “

.betweenppthe categorles 3 and 2 ( 32/ 20 1. 6) Thus, the

jdifferences between-7the9 extreme 1tems vare much larger]

what we- should expect if ;a.'un1d1men51onal

‘;constructed i. e., there are only a few respondents who w111

s is exaCtlyﬁ

ale '1s well.

Wi

o ,categories' 3 and 2 (. 23/ 20 1 15) and the dlstﬂnce between"ls

3 1s about one and half thé dlstance.f.'

’ answer the ea51est 1tem (DEFECT) negatlvefy and- the hardest .

P

"1tem (SINGLE) p051t1ve1y (Taylor, 1983)

Flnally, the hypothes1s of- equal 1n<ervals bet%een ,theﬁ'

"_scores Ofw“thef "attltuée toward #abortlon : scalei g1ves"

L’—39 15 with 18 degrees of freedom. The dlfference between

L’39 15-L*14.30= L’24 85 ,on 3 degrees

statlst1cally 51gn1f'cant Th1s resglt

,,ratlo s -of ejstances, as presented abovJ warefsig% f i

dlfferent*?rom one. In sum, the’ results of J%he’ﬁANOAaCQ

~

analyses 1ndrcate that we can ref1ne our equ1vplent Mokken

thaf preServe the ratlo of dlstances anestlmated under the

heterogeneous column row- column EffELt$ model
, : . o

 \ : ~ i :

°

AR scale by a551gn1ng any scores to the ordlnal ,scale 'scores,o



Y
’-'.West German att1tudes on the reflned metrlc four 1tem scale

’53~The mean of the recal1brated scale;

‘con51der these ai ffrences in item marglnals as. eyldence forl

- the b1 dlmen51o

',toward the use of abortlon for social’ reasons. However the”f

. variable.

’presented 1n the Tables

y o

cp

Referrlng to the th1rd qnestlon ralsed at’ the beg1nn1ngfi

R RE s A
_ 4,Bmer1can and West-Germaanttlt“des toward ab°rt1°“ T

”of thlS chapter, ﬁe;jﬁow' dan _comparel_the' Amer1can fanﬁﬂﬁi?

cores for Amer1cans fisf"'

13 _whlle the mean for West Germans 1s 10.gThus,~Amer1canS'f_"

‘are. sllghtly more llkely o' approve fof: legal abOrtlon
g ‘ .

',However, thlS d1fferencéf (mot statistlcally 51gn1f1canth:v>
(p>.05). In the case' ofg‘the F- test, we flnd that 'h‘f.*'

'varianCes of the abort1on varlable 51gn1f1captly d1ffer f"

;the Amerlcans and West Germ%ns (p< 01) These varlances‘ are’
_.22 _d .14 ,pfor :.theﬁ‘ Amerlcans AandK.WeSt-Germans,g

ovrespectlvely

-~

_proport1onally more Ame

These f f1nd1ngs »_canﬂ_be‘ explalned by the,ﬁresdlt%

7. 5 ’I‘able 7.1 ‘shows, - "tha‘t'-

;gans hold\ 11beral v1ew wlth__‘

'respect to“the soc1a1"items' hht*ﬁ ro: ort1onall more‘”
_ DU P p Y

West Germans hold a mone conse}yatlve v1ew w1th respect to7“

4

¢
t

o toward the use of abortlon for medlcal reasons and attltudesf

. 5

"results of- the comparlson of the scale scores suggest that

b K>

y o , S kX :
thls conclu51$n 1s-zan art1fact of_ ~the confoundzng

'ahdlfferences bétween h'the Amerrcansﬂ'fandftWesthermansvh'

'solutlo 'of the abortlon 1tems- attltudes.

the{lmed1cal 1tems. :As, noted before, many : researchers;w

p051t1ons on the latent varlablefuwithv'ghe 'crbsg4naﬁi5na1hﬂf

d}fferences between, the item's hpositions; on the latent_'

0
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‘Table 7.5: Dlstrlbutlon of the NoﬂLMetrlc and Metrlc Scale
SR B scores for. the Amerlcans and West Germans.___ _SN

~

R RIS
L Ty

.g‘it%ﬁbn;Met:ictsééﬂe scores;nzo;;n.;” 15 f%Ah;é:”  Mp§..t‘w 4 :'>

“Metric sca1g,§¢¢rés:' =75 =a17

AMERICANS (N 1290)

T "';Fifr 175" 342 11 iz 553 .
R S E NS '26.5 . 8.6 8.7 42. 5

-

- wssreerRmANSu(Nezosa)h

7138 701 - 335 - -308 ° 586  °
_6,7Nrf 33;9h_-~r16,2. - 14.9 . 28.3 ..

o R | S
Table:7,5gshows_'theﬂ'dlstrlbutlon* of fthe~~non metrlc -and |

'metric"Vscale scores . for the Amerlcans ‘and West: Germans of

'the four ‘abortion ltems, DEFECT POOR NOMORE and SINGLE "]
o ) \ \
Note the dlfferences : in ) varlatlon_ between the-- two ..

gi.opulatlons' i, e., the percentage of cases 1n both eg%reme Jf'

3categor1es :is greaber fo r{ﬁthe Ameracans than for ‘the -

West Germans s ;‘}a*3&' : ?"

Furthermore sinee'%he distances between 'the‘ extremev
'scale &ggres are larges than the dlstances of the 1ntervals

"between the ‘1ntermed1ate ‘scale scores, - and glven.:‘tMe_'~
distribution. of the scalev fore.both~,popu1atlons, .the_

24 The F max test is used to test the. hypothe51s of = .
homogeneity of variance (Winer, 1970:99). The result :
indicates that the value of the F-max statlst1c 1s not
51gn1f1cant (p>. 10)



ﬁ dlfferences between the means are not s1gn1f1cant anymore fﬁ-l
Thus, the dlfference betweenathe var1ab111ty of he?'scores_:¢'

iiltl and He fact that we use recallbrated scales explalns thel'ﬁ?
o results obtalned by the T- and F test o ' |

LA o 'A. : ' : -

Of %course,bhltf' be' argued that our metrlc scalélﬁ.h

; 323;6nlithef partlcular 1nstrumenta1 ‘ var1able{f'

hf;& ANOASC scaLb anélxses by the use of d1fferent 1nstrumentalﬁ*

'var1ab&es.v Unfortunatelyﬁ sultable :1nstrument "rableghﬁg

.fam1ly td

_-Therer has*been.a A a4 morals

ur T ff.
befor5~marr1age, do”
always wrong,_wrong~
‘?OT not wrong at all’ (PREMARSEX)

r

Bﬁve' any (more) chxldren7 How many*tﬁ‘

4L What is your ;&pinios;fabout a marrledr person<‘havingf

sexual relat1ons w1th someone other than the marr1ageé? ﬂ

1.

rpartner-'— 1s 1t,§}wgys wrong, almost wrong, wrong “only

sometlmes, or not

| f g at all? (XMARSEX) |

.v;S;'gWhat abo%§ sex vi-latlons between two adults of the

: same sex-- do you -think : /is' always ?wrong, almost*
always wrong; wrong only sometlmes, or not wrong at all7‘

“+

,(HOMOSEX)



Table 7 6 presemts the metrlc scale scores of the flve

ey

“-rordlnal ,abort1on rsoale values for- the Amerloan sample. The,Tf

i“model to be tesu%g_was that 'thE» assoc1atlon_ between ;;ﬁéﬁ
hwarlable attltude toward abortlon and the 1nstrumenta1
hvarlable(s) exh1b1ts 11near by llnear 1nteract10n. Note that 

thls' model }is; thev Same as . model §13)'19-Chepter‘5 butiff

w1thOUt the group varlablet"country

Table 7. 6 shows that the model prov1des an excellentu"‘

fit for-;the. flve 1nstrumental ‘ var1ables,> QﬁLDIDEL;

‘ PREMARSEX CHLDN,UM XMARSEX - and HOMOSEX



Table 7 6 Estlmated Scale Scores for~tl3f,mﬁ?;'
L. % Attitude by ‘Attitude on CHLDIDER,¥C
'=PREMARSEX XMARSEX and HOMOSEX 2

* CHLDIDEL

-Abort1on Att1tude_.'Metr1C' o b?ifferencés3.‘iw
Scale Scores RN Scale Scores’ ui571u1,1fﬁf” .

o .+ “es . .44

1Tl S las
2. s g0 SRS T

3T e s .
4 N o o SR
L

L= 21.9 on 12 df. .

~ 'PREMARSEX

y'Abort1on Attitude EMetrzc : - leferences

T_ 'Scale Scores e ‘,'Scale Scorq; u;:.‘u..1 u.

o -.27 ‘ .50

' . .23 v
<12 o .80
.62 . A

HewNn oo | -

225.7 on- 6 d.f.

' CHLDNUM

o
l-.\ \

LAbortlon Attltqde ‘Metrice S leferences
'Scale Scofes - - ScalQ Scores By g u.

L0 . =69 I &1
RS o - ’ -.34 W35
2 : .01 2
3 ST . . .28 . , -~ .38
i | Toe6 i
L’-6.31 ‘on 9 d. f : o '
- Tabl?:chtinued“

\



| e 'f*hf[148,ft°
®: S Tty
" XMARSEX - -
ﬁsAbortion Attitude_?.Metric _“-h " D1fferences '.“' ﬂi;
~ Scale ‘Scores o Scalewchres.unz' o=y Lo '
: o*»!.__ S e =62 v 30
B R S, me32 .36
2 o 04 018
3 o L W22 - .46
4 * . *o ] .68 FN .- "
L#7.063 on 6 df. .
» - - HOMOSEX -
Abortlon Att1tude -Metric - . leferences
, Scale Scores S _ Scale Scores u._ b=y
o . -es . s
1. -.20 0 24 é; 3
2, ;04, T - T
3 22 0 s
4 :: . . .66 ) o
"L*=5,26 on 6 gf. o ‘ , ‘

. Note: 'that ‘the“‘instrunental varlables CHLDIDEL and”

“iPREMARSE& nave reversals in the scale categogles 73f and 2

f( .13, 4nd ’f.11, respectively) and ‘ag a conseqnence, may

anot be* con51dered as su1table 1nstrumental varlables. These

{,reversals ’ however, ,may . be ‘attributed ‘to correlated

measurement error because CHILDIDEL and ‘PREMARSEX ‘both
relate to' specific items in Ehe scale: NOMORE ‘and SINGLE,

. ) . . B
respectlvely. , "‘, C o : ‘ e o

The results of the recallbratldn of the abortlon scale

scores by CHLDNUM XMARSEX and HOMOSEX show that for _

i —\’\ '
,XMARSEX mthe d1stance between the soade scores 2 and 1 is .

t .

larger than the dlstance between the scale scores O and 1,

.'whereas for CHATTEND, the reverse is ‘true. A more 1mportant

'finding ‘is, howezen,mthat the extreme dlfference between tﬁev



e L

scale scores 0 and 1 no longer occurs. Therefore, we want tof'-

¥ -
-examlne v1f th d1fferences inz attltuées égward abortlon

1between the Amerlcans and West Germans are ;aq, artlfact‘ of
_tthe partlcular cal1bratlon CHATTEND o 3':.H1vr B ,;;[;
Flrst' we assume that the 1ntervals are. che_Jsamé#:for

s

.e.both ' Amerlcans 'and f West Germans~ 'thez‘equal ‘1nterval

"spec1f1catlon (uncallbrated scores) Subsequently,-we assumel
5chat the 1ntervals between"the categorles - of: the; the
'recal1brated abortlon scores by the - 1nstrumental variables'
>£CHLDNUM XMARSEX and  HOMOSEX .are;bthel‘same for  both

icountrles.’s Table 7. 7 presents the results for :the T- ana-_v
. . ) ’ ]
F- test\nof"the comparlson$ w1th respect to the ch01ce of

_dlfferent 1nstrumental varlables. T
‘ _ @

'Table 7 7. Results ‘Gf the T and F-Test for the _
’ ‘ Instruymental Varlables none, CHLDNUM XMARSEX
,and-HOMOSEX. ﬂ |

Instrumental D1fference Between Differéncenéetneen

Variable Means (T-test)*' Variances (F-Test). '
None . h" 1.33¢ . - ¢ : 3.21% |
CLDNUM < -  1.35% = . 3.36% -
XMARSEX - 3.89%.. L 1.35%
HOMOSEX | 3.08% ‘ _ : 3.08%. <
. ’ {’ : g . ’ -
* p < 0.00

For all callbratlons both the means and the" variances
-51gn1f1cant1y d1ffer for~.both countrles.vIn all cases, we
flnd that-the means as nell as,theA variances are somewhat
25 Unfortunately, other 1nstrumental varlables than CHATTEND' ,

f<were not available for the West-Germans grherefore, we use .
. the Amerlcan callbrat1ons for the West- Germans.; I jyﬁ“

. .»_._. TR Cd "v';‘ﬁv.f"' | ; ,sz*



h1gher for the Amerlcans When we compare these f:ndlngs to‘;f?“

the results _of the comparlson dlscussed in Sectlon 7. 3

. ‘ !ﬁ'y ' »
L may conclude that the varlatlon 1n attitude toward vabortlonﬁfg,

o ‘ A A

" is ‘greater for the Amerlcans than for the West Germans;qfﬁ”

addition. thlS result does ﬁn depend on /the' part%ﬁﬁlar_5g'f

-~

1nstrumenta1 rvar1able chosen._Except for the cal1bra¥ﬁon by
LR

*\1' .
9 CHATTEND we find. ev1dence for the dlfference begieen ‘the

‘means of the scale scqres*-”

Amerlcans are_gglghtly more

llberal in; the1r attltudes toward abort1on.iﬁfd L

st g P
However,’"the °estrmates aof “the d1stances between the

. e
callbrated scale'scores by CHATTEND appear not‘to be robust-

i i. e., _the} xtreme dlfference between the categorles O and 1

'. for the:ro;ust metr&c scale WIth CHATTENDbfas .1nstrumental

L4

varlabLeﬁk does ;ngt@ exlst ,fo P hga callbratrpns ~og _thef;f

e ’ Coowl ( 3

abortmon scale scores by non metric gcores, CHLNUM XMARSE&=
or HOMOSEX i As,,aA«consequence, lthe means do not.dlffer
51gn1f1cantly “for /the reéallbrated scale' by CHATTEND,
#f" whereas fogm.th . other' recallbratlons the means differ

4' gglflcahtly for botﬁ populatlons.

e .

i J' Wef conclude by emphasizing that only a comparlson of
Scale §cores suggest that both the\:aiiances and: the means

Y
4.of the abortlon~§scale scores differ for the Amerlcans and
K .'6 s 1‘ r' )
WESt Ger mg s @gooklmg 4t individual items do not, prov1de

]“hat matlon ‘51nce it confoud§§/the d1fference in the

$
egeral aqutude toward abortlon measured by a set of 1tems

w:th the d1fference in the d1ff1cu1ty of specific 1tems. For
thlS reason, the two- dlmens1onal solutlon ‘of the abortlon
,ntems is an artlfact of the dlfferences in varlatlons in

: abortlon attltudes for Amerlcans and West Germans.




_"developed a four 1tem scale of attltudes tOward abort1on}¢jjﬁ”h

'7l57Conc1usiontr.-

E3

s1ng hef Mokken method and.'Mokken fTest,"we'havejff?3.7

that : is - robust -across the: Amer1can and West Germanlf B

~_populatlons.,

Latent 3class'_sca11ng models are analyzed for the four’
S

robust 1tems. The Proctor model augmented with an unscalable'f-;b

;class' prov1ded the best f1t for the Amerlcans, whereas thej

I"

_lGoodman model optlmal for the West- German sampf%

. Multl—group latent class analyses showed 'that_the errorj.

[y

"rates of the 1tems depend on country ot e e

4 e B . . ";"

o Subsequently, log-multlpl1cat1ve' assoc1atlon methods'xh;f‘

were’ used to ass1gn¢a metrlc to the categor1es of the robust.ﬁ

Mokken , scale., Compar1ng scale f’results of dlffereptl:‘"

recallbrablons,-:We. concluded that- Amerlcans are. more

,;1ibéral-_3in_ their att1tudes towards ‘ abort1on «-@hann““”

West- German5°'Var1at1on in att1tude is greater for AmerlcansluJ

than for. West Germans. Valldatlon. of‘ hee recallbrated

. abortion scale scores oy CHATTEﬁD ’ revealed that f the -

Y

T gest1mates of the dlstances between the scale scores were not-

Zirob;st aga1nst the cho1ce\ of the .. ther 1nstrumental‘

- g [}

variables: CHLDNUM, XMARSEX, and HOMOSEX respectwely.

‘i
kA



| 8 RESULTS OF THE PARAMETRIC ANALYSES

é

“Before d1scu551ng the . results of the Rasch analy51s, we wlll” ,flf'

"f1rst deal Wlth one/of the l1m1tatuons of max1mum llkellhood'v'”

'-est1mat1on: pr0cedures wh1ch was encountered 1n the dataset Ce

"we use for th1s study.' Max1mum llkellhood est1mators :arefv

« ﬂonly c0n51stent é¥f1c1ent and suff1c1ent 1f they aref
© 2 R
f1n1te However the person parameters for- respondents who

¢

,endorse; all or none of the seven abortlon 1tems 1s p051t1ve

'-fjor negatlve 1nf1n1te, -respect1vely. hTo' cope w1th thls'

‘f,problem, most 'of the computer programs whlch estlmate the__ve

-fparameters .of the one- and two parameter models, remove»-'

'those~ respondents from Uth dataset before ~estimating the

odel parameters (see footnote 14 Chapter 6) e
7 .

Clearly, thls s not de51rable in practlcal 51tuatlons'

's1nce every respondent should recelve ‘a f1nite ‘score 50 thatp_;'l

sheﬂ‘can, be 1ncluded in the stat1st1cal analyses of these-

{.

scores. In  the - present research . thlS artlfact of | the

'maxihuml l1ke11hood est1matlon procedure means that for the
VAmerlcans at least 88+500 588 respondents are left- out ‘of
the analyses whereas for the Germans this number is at least.
73+522= 595 (see Tables C.3 and c.4), 'respec;1vely) It. is
needless' to 'say,‘ that the effect of deletlng such a large“
“number of respondents may obscure the nature of the results.
K In partlcular 1n attltude measurement zero and srfect_

responses will, often occur for at least two reasons-' f1rst

.the_ number of items- 1n attitude survey research 1s often.

”

.small WhICh 51mply 1ncreases the chance. on avléklpf*ﬁfnt s
approval or dl,sapproval. Of all the qu,estlon“S' bf{ ; . B
- second, in attitude measurement it will '

e
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”‘fscallng analy51st

"lltems, and Lucke and Schuessler (1987) found that 39 % of

Cn T e e e ' ‘7§h“ o f:4
,,IeSpondents'-“either ’endOrse'_or con51stent1y fg%ectyuallf_ﬁ
hattltude 1tems due to the1r geologlcal" pos1tﬂons’:on‘fthedﬁ:d
'»attltude' belng measured Wh11e ‘may be justlfled to&‘:
‘ exclude~the ' 1dep]oglcal"' respondents from the anaryses};afﬁ‘
..becauSe they do ;no prov1de 1nﬁh%mat1on on. the degree of‘h
:conv1ctlon f it H :é; doubtful 'practlce to delete every::
: respondent Wlth zero or perfect response pattern from _the.l“
Turnlng to the dlscuss1on of the gfsch results ot ourfl
analyses,<lwe w1ll focus- on the the varlous gOOdﬂESSWQf flt
”tests that are.currently avallable in the computer programpfr
pPML ‘ In Chapter 6 we notlced that most of these tests are
xpased on a partltlonlng of the dataset accordlng -to,ithe3ﬁ
cr1terloni number of 1tems endorsed": We argued there, tﬁat{d
if the pr1nc1p1e of spec1f1c ob3ect1v1ty holds, ’théﬂlltemﬁ.
-parameter' estlmates of the subsamples and the total sampleTu
must be ~equal w1th1n chance 11m1ts..In the follow1ng ve w1ll_ﬁ';”.
dlscuss 'the, results of the Rasch analyses of the seven. ;;~'
;aborﬁlon 1tems for the . Amerlcans and qut Germans based on - 3
the follow1ng goodness of tests* N |
1,? Andersen and Martln Lo tests to get a global idea of'

the f1t of the Rasch model to the abort1on 1tems-‘,' » *

*

26 These hlgh percentages of zero and perfect responses are
*not typical for the abortion items, For 1nstance, 30% of
~ the responses to the "civil liberty items" in the G5S
-1972-1984 - survey were.zero or perfect responses; in the
Quality of American Life. (1978) Survey, 26 % of the.

‘" respondents endorsed ‘all or none of the. "self- feeling”

.fthe1r German sample agreed or glsagreed w1th all £1ve N A
soc1al life feelings™ items. - g L
27 The omission of corner cells is con51stent wrth the 1dea '
o of the quasi- 19dependence‘model hence the s1m11ar1ty of ’
f'Rasch scal1ng and log 11near aha1y51s (Duncan, 1977).

. . .“



‘iz,a‘The~ b1nom1al testf BINO per 1tem scoregroup to detect.v- '

ﬂspec1f1c 1tems that v1olate the aSSumptlons of the Rasch ;

RN

.mOdel . . . . . . . :
ns;anolenaar‘s ;U{ test rstatistic 'wh1cp clrcumvents the —ff_'f
| .problem of dlfferences in power of the score groups. 0 | 1
4. The Flscher Schle1becher test is used _as_ complementary:
'1nstrument to'the blnomlal test BINO ins order to- 51ngle» -we;f
:out items that badly f1t the Rasch model ( S -
Table 8 1 preSentS',tne ;results ‘of,the Andersen-andt
Mart1n L6f tests of ﬁtﬁe» seven : abortion .1tems'd£or uthe"
American. . sample (x’~32'b9 on' 6 aegrees of freedom) The
sample is- leldEd into a low: (Sum scores 1 to 4) and a hlgh-
':(sum score 5 to 6) 'scoregroup, in such a. way, that an’
’"rasymptotlcally ch1 square dlstrlbuted test statlstzc can _bet

formed, = L R ?, ~

]

-<Table 8.1: Results from . the Martin- Lof Test and Andersen
' - Test ©of the Seven: Abort1on Items for the o
Amerlcans..

1Martin-L6f?Test~.

Score Group .~ Number of Observations Contribution
L1 40 . 1.94
2 9s . . . 5.14
3. 292 . T 5011 T
g - 92 8.18 :
5 97 - 4 18.04 PR
6

\ . R . 87 . - 119.54 -
T=157.95, 'df=30, p—.OO o ' . :
Results from Andersen Test of equal1ty of the. "'4"§-
item-parameters for low and hlgh score gro ps' -
X*=3%.09, df=6, p=,00

Table 8.1 also prov1des the results of ‘the .Martin-Lof -

test. The results 1nd1cate that score group 6 (contaYnlngtt

those respondents who endorse six abortlon 1tems) contr buteA
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jéff T= 157 94 w1th :EOT"“’

-'1oate that the 1tem parameters arer;nqt
‘hiﬁVéi ?t for the subgroups aﬁ deflned by the tests. and’ that

"Qei need to lod

.assumptlons ogm;the Rasch model For the Germans, Table B. 2

prov1des the re--lts of both tests.

'Tablev8«2' Results from the Mart1n Lof Test "-‘J” '
o ~and. Andersen Test of the Seven Abortlon Items tor
West Germans ’ _ . .

' Mart1n Lof Test

Score Group o Number of'Observat1ons_ Contribution
e Y 3.55. -
2 o122 16072
5 Cose7 o . 161
4 2316 24,18 e
"5 257 .. - 39.10. - ¢
6 SR

o 146 - 6.25
T=100.48, df=30, p=.00 . - Lol e

: Results from . Andersen - Test . off' equallty of the;
- 1tem parameters’ for males and females' x=—30 73, df =6, p—;54

o
|

'1The4valuéﬁof”30‘73.for x? wﬁzh 6 degreeshof £reedom'forl the
'tprfhndersen Test, and the T value of 100 48 w1th 30 degrees of
freedom for the Martln Lof test isg—in both cases hlghly
,3T 51gn1£1cant } Thus "the. results ' og' these two ~globa1d'
;ﬁ_ ;goodnessof f1t tests lndlcate for both countrles that‘ theln
RN IR EREIEN :
Lo

,,éiddeﬁfhed by the tests. Even Lf we takef7'he relatlve large
@ _

" *ﬁsa es o£” the 5mer1cans£ and (1n part1cu ar) the Germans
& .

F ﬁ‘ %ntq_account the test results are not satisfactory. B

..’,
'

. .

k['forQ spec1f1c 1tems that v1olate .the Q“

& "«rtéh ,parameters are not 1nvar1ant for the subgroups as
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Seoo00F

As mentloned 1n chapter 6 ijtgeh computer program PML
-.prov1de§ a’ graph1cal representatlon for each 1tems of the
veobserved proportlon of p051t1ve responses for each score‘L:‘

fjvgroup, aga1nst hef correspondlng predlcted proportlon. If
d'the 1tems fit. the Rasch model the po1nts in the scatterplot

.are »evenly d1str1buted around ;the7 ma1n d1agonal of the

graph.’ If dhe observed proportlon of respondents is larger,ﬂ

f_than ‘the predlcted proport1on for the lower score groups 1s

‘_smaller than the predlcted proport1on for the hlgher score .

.f]groups, the‘ slope of the 1tem trade l1ne may be relat1vely

steep; i.e., the dlscrlmlnatlon power of thev 1tem lis tOo” .
‘h1gh relatlve to the other 1tems.'If the opp051te pattern is R
‘_observed vthe slope of the 1tem,trace could be relatlvely ;:j
.flat and therefore{vthe d1scr1m1nat10n power of the - 1tem is | N
low relatlve 7to_'the' other . '1tems (Molenaar, 1982) ‘ ML
prov1des (for ‘each score group) and each item a b1nom1al§
-‘test of the dlfference between the observed »and "~ the
‘ predicted frequency ' | % o
: ‘Table C.5 presents the results of 'the bingmial test
BINO ..0of the seven abortlon items for the Amer1cans. The
-resultg)of the one-sidled binomial test are presented in ‘thé_g':fff;

last ~column of this- table. For the item DEFECTH

proport1on of respondents who endorse thasﬁ-
than ,the predlcted proportion in the low score groups 2: and 7
3. (.49 versus .45, and .96 versus .94,' respectlvely)c,=>
whereas for the high score groups 4, 5, and 6 the reversefis=,dhé;
true (.96-versus'.98;“ﬁ96'versus ;99,'and‘.98:-versus YLQQ)f ‘
The HEALTH item, basically,»'behaves the same as DE?ECT,fﬂF

i.e., the predicted proportion is higher than expected LQ'



7

S
)
A

A, L

f*the low score groups 1 and 2 : whereaS'uinf,the hlgh scoreff

groups the observed proportlons are smaller than expectedf

"The 1ast column of Table c.5 presents the“ results _of_ theT

.pt;one s1ded b1nom1al test.‘ &é see that. for the 1tems DEFECT

l,and HEALTH some of the d1f§erences between the observed andf

o

1,

S

predlcted proportlons reach the oner 51ded 51gn1f1cance level

of 0. 025 Slnce the dlfﬁerencesv between’ the’ observed d

predlcted proportlons: are. syitematlc (pcs1t1Ve dlfferencesr

1n 1ow score groups and negatlyé,dlfferences 1n hlgh ‘score

KRN | "

group) these results ‘may. 1ndlcate%that the two items DEFECT

and HEALTH do not dlscr1m1nate enough compared to the other
: v : g :
:1tems in the analy51s. . f_ “ . ‘-!

| When we. turn to the second and th1rd page of table C. 5,h‘

| we see"that for..thej RAPE NOMORE POOR SINGLE and ANY
1tems the d1fferences between the observed and predlcted‘;
show a more or less random pattern. Thls 1s conflrmed by the -

»results of the b1nom1al test for the flve ﬁtigs wh1ch exceed’

. ¥
all the one- 51ded 51gn1f1cance level 0. QQSW B
,ertems RAPE,

conclude that there is no reason to excludéﬁth
. '\«r.

z :
*NOMO%E POOR SINGLE, and nNY from a. tentatf _(putat1ve);_

RgSch scalé

‘,D/ ke Table C. 6' shows the results of the blnoA; 'tests of
the seven abortlon 1tems for the Germans. It is e,- ) 'see
that for ‘the DEFECT, HEALTH, 'RAPE, 'NOMORE, and | items

several b1nom1al tests’ -are. statlstlcally

};jp (p<,Q3), whereas for the.1tems SINGLE and ANY no dlfferenced

between the observed—‘and predlcted proport1ons ~ reach ,thls
level ofd significance. . For instance, .the'results'of the

binomial test for the item NOMORE show wsignificant results

157

far, we may



| for the score. groups 2,:r4;r and”lS} The pattern -oftﬁtheﬂ
d1fferenoes between the observeé- and predlcted proportlonS‘?
lfor th s 1tem shows that ‘the obs.rved proport1on is . smaller
v than : he predlcted proportlon %n*th% lower sco e' groups, » and_
for t=e higher" score groups thegreverse is true. ~ris result
-1nd1Cate that. NOMORE drscrzmenatesumore.than the other's1x“
.abortion items. For}thepDEFBCT; HEAﬁTH,_RnPE; and éQOR items

the deviations - betwesan the'”‘ohservedw' and predicted

s

proportions are not,syStematic-and ' a consequence, are !
more 'difficult to interpret. However, when we place these: '

N [RI

results in the_context'of‘ our discussion model fit ”an
stetistical ,testing" (see section 4.5)' the 51gn1f1cant —uAp
_biﬁo—test’results ‘of these_ four itemsA may. be well be,
battiibuted' to .the relatlve large 51ze of the German sample
‘which makes the test very" powerful for some score groups.y'

e . We complete the Rasch scale analysis for the Amer1cans

(4

hy looking at Molenaar s U; test stat;stlc-,whmch is’
presented for “each item 1n-Table?C.5; This statistic tries
to circumvent the problem of different power 'of the score i
9roﬁps, :that 'is, the difference in the size of the score . .
-gronps. Molenaar part1t1Qned the sample a priori into three
groups: two extreme high- and low score groups and -into a “
middle class where no.‘relation' between the observedl“andv
predicted proportion is preditted (see Molenéarkg1983-60)

oh&érvedi

proportion of positive responses systematlcally dev1ates

" Thus the U, tests. the extent to which the

from the predicted proportion (Molenaar 1993.63). The tést
StatlSth U, has an approx ate standard normal distribution
@

‘under the null hypothesis that the item oonforms to the



-

RN : f 3 . ‘v‘x

wRasch model Large pos1t1ve values of Uk,vlndlcate that

~the U, statlst1c ﬁgﬂ?h

'-2 11, (RAPE

‘,5

Citem trace‘ llge that is relatlvély flat'“ife; unrelated gﬁ’“ii

- . . . ‘f”xgb

h_negat1Vely rela%ed to the remalnlngw 1tems. Large peﬁaglve

'values vof Ukv are an 1nd1ca§§bn that the 1tem measures the

r

l'same latent tra1t but with a steeper trace 11ne than ~the-

other items, - oA A e

When we turn to TabE%jC.S,-we.see that the :resu1ts“fofe

he American' conflrms ‘our earlier

conclusions: *For thé“'items. DEFECT and’ HEALTH, the U, .
statistic has a value of 3, 19 and 6.65, respectlvely,-which

'is siénif1cantuat the pf.Qd level In other wdrds, the“_item

trace 'lines of these"items do not d15cr1m1nate. For the -

1tems RAPE NOMORE POOR SINGLE and ANY the values of - the -
:Uk statlstlc are not s1gn1f1cant and as a consequence, may“

‘be good candldates fg@ a putatlve Rasch scale

Table C. 7 shows the values of the U," statlst1c of thef'

'seven 1tems for the German sample. The Uk—values range from

1.81 (HEALTH) which indicates that, (except
for the RAPEl;temf; the U values of the remalnlng ‘items are
not nstatlstlcally s1gn1f1cant "Thus we decidew‘iirst to
1mprove the" general fit of the Rasch model to the ‘German”
data by delet1ng the RAPE item from the analyses

The resylts of the Fischer- and Schlelbechner test. of

the seven abortlon 1tems for the Amerlcans aré presented in

Table 8.3, .

'3159;;"
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. . . . . ¥ 3 p“)p ‘:‘) “‘ 0 . i
fTable 8.3: Results from the Frscher and SChIEIbQthéyg
: ', Test of the Seven ‘AbortioHirt mswior the R
S Amerlcan h1gh/low Scoregrqpp e
. . . N ._ ;’4. 1' ‘ » ‘ . : Q:‘:, .
Pa1r wise T Tests of the equablty of item ! T -f;? '
. parameaers ‘Q;,., - e Mo e
Variable'*~ | A -Item Parameters i:‘ D1fference . )
- Svngow 7 High . low-high ‘ e gg}
. Defect & . -2.29 - ~1.10 -3.17. L A
* Healtha v : -4.22 S=-1.807 -4.60 ... . . o
‘Rape .- ’ . —2.57. =2.90 . .0.38 =L 4
"Nomore e 2.40 - 1,08 ©5.380, N 8
Poor © W .47+ - .1,03 ~ . 2,03 . oo
- Single : Lo 2.07 . 1.20 ~3.80 - 7% K
~Any e 3.15 0 2,48 2.33 . R
- L L TP | I _ - .

Table 8.4% _Results, from the Fischer and Schlelbechner BRI
D ... Test 0f the Seven Abortion Items- for the

Germah: hlgh/low Scoregroups.

o ' 4
Palr w1se T- Tests of the equallty ©of 1tem

B , Parameters S .
Variable ' o ~Item~Parameters leference
o : 7 low . ‘high . = flow hlgh u
Defect . -3.21 ~ -3.29 _ P
Health - -3.54 -2.21 ' -2.83 N
Rape - -2.71 -1.70 A 2.76 ‘ '
Nomére 2 24 1.11 S 7.13
Poor : .13 0.69 . 2.83
Single - 10 2,60 T .2.83
Any . 2 98 2.81. : 1.01 .

‘This _gnarwxse ana1y51s of the item parameter estlmates
shows that the 1tems DEFECT HEALTH, NOMORE and SINGLE vary

cons;derably over the low and. hlgh score groups. Since we
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:;decided 'earlier to . 1nterpret _the results ' of

Flscher Schlelbechner test w1th some cautlon, we. w111 flrst

ltry ‘to - fit the' Rasch model wlthout the 1tems DEFECT and

the;

jHEALTH When we 1ook at Table 8. 4 , Wwe see. the ‘results from l

the Fischer and Schlelbechner test for the German -sample.

The results of the t- test show 51gn1f1cant values - for the

r1tems HEALTH - RAPE, ‘NOMORE, POORv and SINGLE Again, hecausé_

we do not only rely on ‘the results vot' the Flscher and

Schlelbechner test we dec1de ‘to improve the general f1t of -

”mthe Rasch model to the German data by deletlng the RAPE item

: L Lo\ -
from the scale. oy o T .

In. sum, the results o@ the f1rst Rasch analy51s of  the

seven . abortlon 1tems for’ the Amer1cans reveaT'cleatly that

| e :.,

the items DEFECT ahd HEALTH v1olqte the assumptlons of the

Rasch “model for. the Amerlcans. One - 1mportant reason for the .

'mlsflt of these two items—is their low d1scr1m1nat10n power

i /
in relatjon to the other items (see also Table 7.1.). For

the German sample, h&weveﬁ,\it is not quite clear how we. can
improve the - general fit of the model. The results of the

'Andersen test and MartT‘“Lof test reveal 51gn1f1cant results

but ‘the non-significant results of most of the the binomial

tests and U, values, 1: not prévide much'information on how '

. to improve the fit ot he Rasch mddel.' \

However, this }esultvdoes not neCcesSarilyl i%ﬁlY»'that
the hypothesis ‘of the un1d1mens1onal1ty of :the sevgn
abortlon items should be rejected ‘When we refer to-the four
axioms -of the Rasch model, the suff;c;ency axiom is clearly

violated (the discriminating powers of the items are not

invariant across subgroups). However, 51nce the suff1c1ency

.

P
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Ly axiom is vaolated the ax1om ~of, monoton1c1ty isf alSOj

S

“"yiolated' 1 €.y the testspbased on a partltlbnlng of the ‘sum -

.scores (Andersen Test Martin: Lof and BINO) do noE reveal a

-

'str1ctly 1ncrease of the probablllty of a p051t1ve a'swer onf

éhy 1tem fas ‘8 1ncreases- as spec1f1ed by the lOngth'f”;

funcglon the 1tem trace- llne.: Thus va._ 1nterest1ng'
‘~"a1ternat1ve hypoth sig for v1olat10n of these two ax1oms 1s
tne two parameter lOngth models that allows for a we1ghtedt'

sumscores ‘as a suff1c1ent statlstlc for the person parameter

(see chapter 5).

;_JJ-h. Befbre turn1ng to the two- parameter model ve: complete.”"

our scale analys1s for the Amerlcans by looklng ‘at ptﬂé‘ f1t"

_of the Rasch model to the f1ve rema1n1ng abortlon 1tems forfp'

‘?: " and Martan' Lof tests of* the abort1on items RAPE NGMORE
‘QOOR SINGLE and;ANY for the Zmerlcan‘ sample.i Both test;hl
statlstrcs show acceptable test results (T 27. 63 wmth df 121A‘5
‘ﬂfﬂand X2=7, 63 w1th qf 4 _respectlvely) and thus' do Eh‘ g1ve; :
| 7-any reasqp ‘tof reject the Rasch model for the f1ve 1tems,_,l
fr_hiTable C.7 shows the results of the b1nom1al tests for- eash;;fi
pf‘\ ‘1tem and for each score’ group _f_hdi;’lik\; : ‘ e
Y i

the Amerlcans. Table 8. 5 reports the results of the Andersenl o



"f‘Flscher Schle1bechner teSE

"Table 8. 5: Re5ults from the Martln Lof Test and :
: : -Andersen Test of the. Five Abort1on Items
for the Amerlcans.s_

'“.f1§3'

o ;
D ‘Martin-Lof-Test - {ARET
s¢onﬁ;grbﬁp->” _T4qNumberfof;Qbservations;TCohtrf§ﬁﬁ§gh~f
FE S 33 8.7
2 .98 L 5.68 ‘
3 B o ales
.T 27.63, df—12 p=.01 .. e T
. Results: ‘Andersen Test of equallty of the f;vev,, U
S item parameters for low -and h1qh score groups n Coa
- X*=7.63 df=¢, p=. 11 . . : S

w;ﬂWe see flrst, that none of the p- values of -the ”flve ’items'h“

"ﬂﬂav smaller_ than- f025 (last column) wh1ch 1nd1cates that

'"chere are: no systematlc dev1at10ns betWeen the observed and

:predlcted proport1ons by the Rasch model Thefe results are;sp
*]fcpnflrmed by ,th non 51gn1f1cant valueS'v_ini'fheo Utl:“
"Hkrest StatlStICS. wh1ch range from=—1 83" ‘for. the item NOMORE_h:l
l”tto 1. 58 for the POOR 1tem._<F1“811Y. .éhé; reSU1t5-5°f »thefh:

5”rand ANY do not dlffer 51gn1f1cantly across the low- ang hlgh{
hscore groups, The NOMORE 1tem seems :to vary acros§ the*'

“r:subgroups _ (T 2 74) accord1ng to stat1st1cal cr1ter1a.~ﬁeﬁ

{;ﬁowever,lwe Mlll 0. ellmate th1s 1tem from the scale; i

- B - n"

'Q because flrst ‘ the results of the Andersen- and‘Mart1n Lofjfﬁ

Vo

L%,

,1 Table C.8 1ndacate that, the -
‘:"°1tem parameter est1mates of the 1tems RAPE.: POOR -SINGLE-“tf



ol
&

tests show a reasonably good £1t- second the results of the i

T b1nom1al tests and the U test statht1c do‘:not g1ve>»any

reason 'v delete the NOMORE 1tem from the scale and thlrd

51nce there are some problems w1th¢the F1scher Schlelbechnera:”

"_ftest thev results - of these,test do,not:seem;suﬁfrcrent.oniw

thlS basls. P ‘ o
den wOllenberg (1979) argues that tests based on affv
_ran score part1t10$1n% are’ sen51t1ve to'_the ax1oms of't_
?monoton1c1ty and :suff1c1ency but in certain c1rcumstances»
,.are‘v1nsen51t1ye‘_top_°the,. axiom of unldrmen51onallty.r”
'_*Therefore, -ne'valsou"tested‘_the.unidimensionalrty axiom hylvf
using’ the Andersen Test In this.respeot; thefdgrouping”‘uaszﬁ

'lmade7accordintho=the’eXternal'oriterion'of sex. The'reSUltS:in

?,.of these tests’ support very clearly our conclu51on that thei -

1tems : RAPE | NOMORE ; POOR : SINGLE, and ANY form'“at

:ﬁ]unldlmen51onal Rasch scale ‘for the Amerlcan sample (Andersenh"f

. .V’ .

5hTest 5 4 w1th 4 df)

For thL German sample,z'we trled dlfferent p0551ble}'

l’comblnatlons‘ of scales and settled on a ﬁour 1tem*scalen-"

L whlch made up- of DEFEC'F»T RAPE SINGLE and ANY - Table BLE

P

lfprov1des the-j results fOf the Andersen Test aﬁd the Martlnl

)

fLof Test for the four 1tems. )

~
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f,‘.Table 8.6r Results from the Martin-L&f- Test’ ang | }ggiﬂ 7iﬁk'{

L ’ Andersen -Test of the Four’ Abortlon Items AR
~for the, Germans : O

‘Martin- Lof Test S R f;ff:,‘igxg-

- Score Group - Number“Of Observations ' Contribution”

L4 N
o
t

S138 ey '
) s

1017 0 a0 1,27
268 . 10.74

W —

R T 13 62 df 6 p- 04 o

“"Results. Andersen Test of equal1ty of the five '
» i.1tem parameters for low and high score groups:.
L x‘z -df=3 ,p—,09) _ _

-
[

Ve e

\‘(‘,<‘ E .,.' - . ‘ . : )»( . ‘;..

-“‘Both «stafistics -give statlstlcally acceptableju,resyltS'x“j
v(X’—G 5-with 3 degrees of - frd.dom and T 13 62 w1th 6 deg?ﬁeshf
j_of freedom) whlch 1nd1cates,a con51derably 1mprovement flf

T the degree of overall f1t of the Rasch model compared to the‘ﬁ

g test riiults of all seven 1tems. The results of the blnomlal-dT?

test “are’ presented in. Table C 9. for each 1tem aqﬁ for eachi:f'

score group. The p"values 1n*the last column of_’the7 tableh:'“

. -.,

flnd1cate that for.all four 1tems,'the dlfference between thei:*“

'”‘-Tobserved— and predlcted proport1ons are not, 51gn1f1cant 'fp

1:[;> 025)‘ In add1t1on:'}thej values of the test stat1st1c Uklrft

'range from - 051 for the 1tem DEFECT to 1 949 for_{dh RAPEﬁffP

item whlch represents {a_ excellent f1t ri he_Germa“ﬁﬁf

u'fsample._The results of the Flscher and Schlelbechner Test‘ﬂ”“

“f(see\ Table C 10) show that for the 1tems RAPE SINGLE andffg{

- ANY-, the pa1r wxse t test Ashow values wthh _Onﬂ;thég;s

”,]fborderl1ne of 51gn1f1cance.;For reasons ment1oned above,, e



'fgreasons)

"”Lparametgr -estlmates 1nto$“v

“~1w111= not ’con51der these results as ev1dence for a

mlelt of the Rasch model to‘eth four abortlon 1tems.w

~[F1nally, ‘as:ﬂforl:the Amerlcan sample, w;malso tested the

'un1d1men51ona11ty of the DEFECT RAPE SINGLE and~AN¥e;temS'

‘. hby% emgloylng : Andersen Test l Agaln,.;Fhe"ekternal

.hcrlterlon ‘sex was used and the results strongly 1nd1cate the

:f'unldlmens1ona11ty of_-th four 1tems for the*German sample

% x*=1.54 with 3 degrees of freedom) *Note ,that for fthe f_

American. as"well as- for the German sample, the f1na1 Rasch
o0

iscales contain both a least “one-'"medlcal"i 1tem. Thesel-'
1resu1ts' clearly dor not support 'the‘ conclu51on drawn 1n 1f_

earlier3 research that, theh_abortlon yltems measure ;1two5’i

{

"-p€1fferent d1men51on5ﬂ an scale made -up Z-f ‘th four

4.

‘~.h"d1ff1cult" items: POOR NOMORE SINGLE *and‘.ANY (abortlon

'for soc1al reasons) and the other scalehmade up of- the three

easy" 1tems HEALTH DEFECT and RAPE (abortlon for med1calk

: Hav1ng establlshed the un1d1men51ona11ty of a subSet of "

‘-,._ther seven abortlon: 1tems, an’ 1mportant practlcal questlon

_fis: how can we translate tF

:Vresults of the 1tem— and person
ﬂ .

probablllty for~a p051trve

-;response accordlng to the Rasch model’ Flrst note that 1f

)

.*ﬂ;thef Rasch model f1ts h data, w have establlshed an

:'1nterva1 scale. The mathemat1ca1 un ts ;forkfthppeltem and

7

."5_~person parameter estlmates eflned by the Rasch model are

hl;called "1oglts" These unlts flow dlrectly from the loglstlc

__——-._—__-—_.__—___

?.j" We - also tried- to compute *he Andersen Te t for the’.

_overlapplng items RAPE SINGLE, and ANY of: both scales" uslng
country" as. grouplpg varlable._Howeve' the program could -

“hot compute ' this test due to zero or: perfPCt item scores im Jf,ﬁ

:t]the grOUps.¢3 e

.
"o

rs E



» : : o S
model whlch spec1f1es fthehiest1mated probabllltles eof} a e
B pos1t1ve ;response ]as deflned ‘in equatlon (9) -of: sectlon‘ |
5,3.3. When we rewrlte (5 1) the probablllty of ag correct e
ﬁ.response by person j to item k becomes. _ ig.‘i'.s
Pixeexp(6;-8.)/Livexp(6,=8,)]1 . ¢
where 9. 1s the estlmated person'parameter for respondent 49
'jand ék 1s the estlmated dlfflculty parameter of 1tem K. It}'
follows that the odds gor a pos1t1ve response are dl-"
plk/(1 p;k) exp(9.-6 ) S _” o B . 3
from'iwhlch the natural log odds’ (to ‘the ’ base e=2. 718) for a-
p051t1ve response becomgs~;
ln[p.k/(1 p,k)] (91—5 )

These log odds are called "loglts and so” th dlfferencesd'

: among 1tems and persons are 1n1t1ally 1n log1t unlts..‘

To see the usefulness of th1s result suppose that lo:,
respondents'_have a value on the latent»varlable of 9,,'and;fh
62, respectlvely Then for 1tem k the log odds are
1n o,,_e,-5, e _*-gtf f;:p"f -'{f”"
n‘anda-'_’? T R C S
for the two respondents,.respectlvely On SUhstnaetihg{{;hej'].

I

obta1n,

ln 011 ln Oi2—91 93,3‘-; v
Or ln (OI1/Oi2) 91 Qz--'

.

If the values of the latent varlable dlffer h§'fonednpointg~_fﬁ

i, e-,fG 92 1 then P S - }

1n (Ol 1/Oiz) 1 2 ‘ " * " \ 5
df‘? 5:',df g
A S

Ce



| tThﬁs ;a»tdifferehoé',§fj-0. Hlp01nt on the scale of the3it
latent var1able, forfkequlvalently, pthe' log odds : scale,"
corresponds"mapprox1mately to a\factor of 2 72 in’ odds for a;
pos1t1ve answer S ‘

Fondllnstance, 'Table' 8.7 shows the.ltem parameters ofv

\the f1ve 1tems for the Amerlcans. It is easy to see that the -

“,RAPE 1tem is, the ea51est one ( 3. 88) and the 1tem ANY 1s the”:‘

most d1ff1@ul% (2 00) As mentloned before, the probabllltyf"l7

' pf _ -,pos*txve response 1n the Rasch model 1s a ﬁanctlon of;r

e i

Table 8. 7' &tem Parameter Estimates of the F1ve
Abort@on Items for the Amerlcans.

O A L —_— Lo

Variable D1ff1culty

“CRape’ T 0. -3.BB L o
Nomorée - r,-~"'_.,'0 80 . L M
‘Poor - A : T 0.34 g SR
. Single .7 0475 § A S
CoAnyts ot D 00 &

" ’ ! B S

Table C. 12 'giwes examples -'f how these dlfferences"ﬁh

result 1n varlous probab111t1es on a p051t1ve answer for the f”

u"1tems RAPE and POOR Note that the~ more the person sih"

(l

parameter surpasses the 1te% d1ff1culty, fth greater th1s‘ﬁ¢

pos1t1¥a d1fference and hei closer the probablllty of a
e -
: p051t1Ve answer comes to one. For 1nstance, h probablllty

that a respondent w1th a person parameter value of 2 16 (sum




vu'rffparameter value -3 88) 1s°vexp(2 16+3 88)/{1+exp(2 16+3 88)]

“"ni;and the 1tem parameter 1srsma114 the nearer the probabllrty

., .. . . Y “ - . LR . .t,"'.". v
! . I R . : - PO

' ..Score ‘of' 4). w111 posztlvely answer the ztem RAPE (1tem_‘fp

1 00 Further note that when a atem 1s too "hard" for a.“'
:

‘f“;frespondent"the person pa;ametér w1ll be less thad

fthb 1tem

‘Q[parameter value, therr dlffere'ce f negatlve and 'thé;fi

L.

'fh;person 5 probablllty of a p051t1ve an wer '1s less than,ra'ﬁyj

b'_f half e For= 1nstance, when we turn to Table C 12 1t-cfn”bé.w‘
seen that the POOR 1tem 1s ,too dlfflCUlt for*‘respondents

w1th . sum score of L. the person parameter for respOndents

w1th a raw score of 1% s ~2 29 and the 1tem pa ameter of the z[ﬁ

-’.

"".'

'f'g;thej, probablllty f:‘of;‘ff_ pos1t1ve ;,{
-fexp( 2 29— 34)/[1+exp6 2. 29 34)]*-07 & F1na11y,

Zershows, that when the dafference between the person parameter

t

x’;of a p081t1ve response comes tO“one half Of course,':thef

:'&ffi.other R@%ch results presenteﬂ thlS studY iéé be
?;ﬁlnterpreaed 1n exactly’the same way-nhttiﬁfgnﬁfoffﬁVéﬁ;3.~ a
. 4vh In‘ sum,‘?th,.f:esults of the Rasch analyses 5b°;'€5§££s€5
'J*fRApE POOR, NéMORE SINGLE and ANY formﬁ;aw unldlmensiona;}:?:

PR

'WfRasch scale for ‘th Amer1can sample, whereas f”£-;ts€szlu
. . A B - k4 4 . _'.(
'7Germans, thlS scale contaln the 1tems DEFECT, RAEE SINGLE

7fand ANY Slnce both scales compr1Se both soelal itims and at

w'ffuleast ohe med1ca1 1tem convergent ev1dencé has been found

f'ffor the un1d1men51onalhtghof the abortlon 1tems (even though
”i?the 1tems dlffer from those ylelded by the “Mokken test)

:5_fUnfortunately,“m av dﬁrect comparlson F of gAmerlcan'ﬁand}ﬂlj

'1:West German att1tude_ toward abortlon”\ & hambered by h

_»(." ®

cales do not contaff

.'ﬁﬁfact that the Rasch ithe’same 1tems for rﬁi



‘~;“two garameter LOGIST analyses {%Pr'¥l

"fc'establlshment of ' equ1éaient unddlmen51onal scale 0

L
¢

both-countries and, as a consequence, are:not comparable. .’

8 1 Results of the Loggst Analyses

R
b

fAs- mentloned earl1er,.the Mokken and Rasch moders are'

: the only. scallng models that possess><th feature, uof

"spédific“ object1v1ty ;‘In partlcular in the present study, '

4

_ : K o .
‘the prop%ftles derlved fremra"spec1f1c objedt1v1ty ‘are..”

o8

?_1mportant because val1d comparlsons of Amerlcan and German"ﬁ

'abort1on attltudes requ1re that the measures of ,abortlon
/ R . /"
Aattltudes are comparable across the two populatlons.c‘~

B

However ,in Nth two parameter model there~ sffan'.m

fsuff1c1ent stat;stlc for 'thef person parameter because a'“i"

‘f‘welghted sum rather than a 51mle sum of the 1tem ,responses

*‘Therefore, the 1tem responses’cannot be reproduced from the

3sta1e sbores 'S1nce a respondent S. 9'va1ue dep@hds upon the

g . . o . . /_

“"'prov1des. 'the‘i-lnformatron : for ~the subject parameter. ];

partlcular pattern ofkltem responses 'rather than ,thefjrad*7

[N

vscore.- Thus, respondents w1th the same sum score can obta1n

"‘fdlfferent 6-'values 1f Jthey endorse) dlfferent | 1tems

) o ’ - wﬂ\ . L. . (
',. po51t;vely. ,Thls 1s hlghly 1mpraqt}ca} 11n_ the_ case of
1comparatiﬁe- research ﬂbr thlS\ reaSOn,,t" ﬂlscuss Jthe

i) !

“ 2

fllustrat?be. purposes

hd?rather than for the ma1n pu po e, of th present‘ study:v}
‘ g BT :

v : s 13

In the follow1ng, we cons1der the reSults obtalned from

'ith Jo1nt max1mum llkellhOOd e;tlmates x[ot }"the<; 1tem

7ggparameters under the two parameter lOngtlc models for the

.

‘V?;Amerlcams. By means f thlS 'ana1y51s, ?Ws'itén test fth¢~d’”

. ‘.‘»” *

rl?;jabortlon 1tems for the Unlted States and Germany. 5,'Lf'7”ft.:5

N -
‘v.7,
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hypothe51s that 'the dlscr1m1natlon lpower of - ‘the geveﬁ'
abortlon items dlffer. ‘ o '_;‘ ‘v_ :. | ‘ L
o l7' B Eh Table. C 13, e_ present ; thel:'results of ' the -
o two parameter. model for _the seven abortlon 1tems for the_
Amer1can 'sample.?’ The flrst column of thlS table shows the‘
g;’ dlscrlmlnatlon parameters 7f the seven 1tems. “The NOMORE'
| 1tem dlscrlmlnates the most between respondents with liberal
and .more"conservatlve attltudesp toward ‘abortlon (2, 4)
~'awhereas the‘ dlscr1m1natlon »power of zthe"HEhLTH 1tem 15?}”
‘:eXtremely. low; (0 39) ﬁThe' th1rd column of Table c. 13hv
’presents _the’ d1ff1culty parameter values 5 for the sevenf'

- 1tems. It can be seen that the HEALTH 1tem' 1s ‘the ea81estf
1tem‘\( 5.47) - followed by . hel-1tems RAPE- (-1 41), DEFECTT
(--‘1"38) "poon (76) ' SINGLE (89) ana_ .ANY' (1 76)- ”
Furthermore, Table C 13 also show the standard errors of the“':

dlscrlmlnatlon parameters (second column) and he standard ad

"esrors Lof . t dlfflculty parameters (fourth column) _
'=Immed1ately, the very h1gh standard errorS"of both :the
dtscrlmlnat1on and dlff1culty parameters of the HEALTH 1tem

./ wart

ant our attentlon ( 4, and 31 2, respectlwely)

result 1s 1n close agreement w1th the f1nd1ng ofe'q

"Thissenlfnd Wa1ner (1983) who state that the standard error.
Tof thv-dlfflculty parameter 1ncreases as the 1tem gets more

extreme.:Thls problem arlses when the sample ,51ze ;sf;notiid

A ;large ' enough to glve acceptable estlmates for these“"

B

' -extremely located 1tems. Furthermore, they p01nt that‘
: The 1ncrease in th% crzterlon funct1on between two steps.7
~fwas ‘less than . 2% whlbh means: that the procedure converged

.. and: that the total change for all parameters approached
]gzero.» B . S o :



a ' - -~ : : " : ) o‘
standard errors of the dlscr1m1natlon parameters gets larger,-
as slopes become more gradual.‘ '

Returning to Table C. 13 we see that the dlscrlmlnatlon

parameter of ‘the HEALTH item is the lowest compared to the

other d1scr1m1natlon parameters and that, 1ndeed Cits
l,standard error is relatlvely hlgh (0 4), For the rema1n1ng
:items, the standard errors are till too hlgh'-when-»we
_ttolerate a max1mum value of the standard erron of .1 vhich
1s reasonable con51der1ng the size of{ the Amerlcan Sample
,(Thlssen and Walner, 11983). ; T . :i h .- |
| _Based on these results. (and other "not ‘ reported
'j;analyses) veb'conclude that, in order to get aoeurate
parameter estimates of the 'abortloﬁ 1tems under ‘pthe

two-barame%er loglstlc model' both the Amer1can and Westf

German samples are not large enough (To get best results,?

: have to delete the‘ easy 1tems DEFE(,T HEALTH ~and RABE
) %iom the scale..However such a decision vould not be baSedeb

,”

Ef?%n' 1mportant goodneSs of- f1t cr1ter1a but ‘only_ on ‘the
O - A .
J drawbacks of the complex1ty of ‘the est1matlon' procedure ‘of
‘? -'the two parameter lOngth- model -Moreover | addition of -

1tems to the seven mlght 1ncrease the number of ‘reSpondents

o 3t the extremeS) a e

T .".(:)." ,_ -

As we have mentioned earl1er lthehwgsen of the.fLOéiSTn
g;program v“is .bnot>.1w1thout : problems,r One.}oﬁ fthe-'main
jd1ff1cu1t1es of the program is that dth ”;joint‘:maxlmum:
l1ke11hood estlmatlon i procedure’ oan‘ yleld parameter‘j
estlmates w1th large b1ases and large standard errors-hof‘"
'estlmates -even' for a dataset of the 51ze we use in the}

,-‘ﬂpresent study. A p0551ble reason why th:s occurs 1s that .Wef,i



’j,do not know whether the 1tem-' and ab1lnky parameters 'a:éf"
con51stent and as a consequence, ‘we can only assume that 1t'
s possible to obtain standard ‘errors ‘of “the maximum
‘llkellhood estlmators of 1tem and person parameters. _
Another problem is, that the LOGIST program does Vnotv
provide the - user w1th an overall measure of ‘the.
'~goodness of f1t of the two parameter model or w1th a measure
of . 'the goodness of - fit" for each lltem (for' rnstance,
graph1cal methods) Therefore, there is not much evidence
accumulated 'in‘ 'LOGIST to help ‘the, researcher judge whether:u
or not the seven. items form a un1d1men51onal scale accordlng
'to the assumptlons of the two parameter lOngth model
, In sum ‘we may conclude that the two parameter loglstlc
_model _may be theoretlcally _a imore reallst1c ,modgg for.
asse551ng the un1d1mens1ona11ty of a set of att1tud1nal data

%g._ﬁ'than 'the] more strlngent .-one- parameter model However,_in:;

,‘u'order to get accurat, : ates, the two parameter model'

Qgrequ1res Aa data- ba ﬁytha&zls larger than those typlcally

@Qynd in. survey resear_ ,_ﬁat 1s, most surveys conta1n

) meet the cr1ter1a of the two parameter_

o ”j-model but the',u g ,f 1tems requ1red is much larger‘ than

most survey researcher would tolerate. Moreover the.lack of
'any goodness of ~ flt 1ndex graph1ca1 method or . ch1 square
'{test makes 1t d1ff1cult to Judge the un1d1men51ona11ty of a

%,

“set of 1tems by the use of the LOGIST program.

. . . o - . . . i o

+
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:l8 2 Results of the NOHARM Analyses

; ‘As' ‘mentioned . earlier, MacDonald '(1980a;-,l980bf and
l:Hattiéx(1981)fhave suggested the use' of non- llnear_ffactor .
.analysis and 5the: analy51sv of res1duals as an alternatlve
" approach for’ assessing».model data fit. They argue vthat
evidence'pof“»multidimensionality, should _be sought .in  a
second- or higher?order-‘indicator of 'misfit:“ln this
respect, the ‘magnltudes ”of the resldUal \Tdter-ltem .
.covarianoe matriX'seem to ‘offer ‘a rational basis ffor'»a'

dec151on as to dlmen51ona11ty. | v_ ‘

Table C 14 presents the results of the. item parameter‘“
est1mates for the two- parameter model accordlng to LOGIST,.«
and NOHARM for both samples. -In vorder to.‘g{'A comparable'
results, the analyses are based on- subsampleséélthout those:_
jrespondents who cgnslstently reject 'Or ‘endorse all seven
items. The f1rst two, oolums .of table C.14 presents thef*“
LOGIST estimates'and the third and fourth colum of the same'

table show the NOHARM_HeStimates, It can be seen that the

’parameter‘values obtained by ‘the program LGGIST d1ffer

rsubstantially from those obtained by ‘NOHARM ‘%r‘ both
_samples. For instance, <the discrimination ‘parameters a of
the items in the first column estlmated by LOGIST have all
Ihlgher values than those estimated _bx the‘.NOHARM:-method
(thlrd column). l ‘ ‘ | o B

| Furthermore, the results “for the- Amerlcans show 'fbr'

both programs that the d1scr1matlon power of the i

/‘, N .
is the hlghest while the item HEALTH doesn t dlscr1m1nate’,<*
very: well, Note,_' however . .that ~ the value of‘ the .

d1scr1m1nat10n parameter of the POOR 1tem by LOQJST is lower
) - «! , , . : , R .

. -
A



"1-.

s
A :

Co11s

-

than the value/bf ‘this parameter for the' RAPE item (1 '60-t

: versus 1 72)

POOR d1scr1mates better than RAPE® (1 06 versus A 02) Thei:‘

i'

SN
Md15cr1m1nat1on
Jﬁ

‘whereas t

parameter

he estlmates by NOHARM - suggest thatf

estlmated by LOGIST show that

RS

same can be sa1d for the 1tems ANY and DEFECT whereas the

DEFECT dlscrlmlnates better than ANY (1, 16 versus 1. 06) it

is less dlscrlmlnatlng accordlng to _the' estlmates b] the'

~ NOHARM method

( 54 versus

52)

oy Table C 14 also shows that for the German ~sample, the:

1tem dlscr1mi

natlon par

ameter of HEALTH 1s the hlghest by“

LOGIST followed by the 1tems RAPE and ANY, whereas the 1temlTri

d15cr1m1nat1on

parameter‘

_Qf ANY is the highest by NOHARM

. followed by HEALTH and RAPE

o Furthermore, comparlson‘of the dwfflculty parameters of

oo

both methods for both" subsamples reveal that for the 1tems'.

DEFECT HEALTH,’

LOGIST progra

I

for, both countrles than the - NOHARM. method'r HEALTH RAPE, .

m--(second»

and RA?E,_;the estlmates obtalned by the

column) ‘are hlgher than - those "

program LOGIST prov1des a sllghtly dlfferent item ordering

i DEFECT POOR SINGLE NOMORE and ANY by’ LOGLST and HEALTH

DEFECT RAPE POOR SINGLE NOMORE and AWY by NOHARM

The d1ff

erences _in

the two programs as well as. the reversals 1n 1tem dlfflculty

orderlng and d1scr1m4nat10n pow€¥ of the. 1tems, ralse the

questlon of
mentloned bef

‘not very,rella

n

whether_‘thei estlmates 'are.vcomparable. ' Asi

ore, 5the

ble., Theﬁe

L estlmated by the use of NOHARM,‘whereas the converse is true

@

for the 1tems NOMORE POOR SINGLE vand ANY.’ Moreover, the o
;‘)

1tem parameter values producéﬁhby,V”

~ ._i

estlmates by the LOGIST program aref

fore, we have;“toi 11&erpret itsj:u



4

b‘y'larSE”;residuais as %ell

covarlance 'matrlces.f Howetez,_ 51nce thei’ d15cr1m1nat1on

:as'theﬁroot nfan Square oI these

o

N

._"CONS1detab1Y lower than the standard er:or of the re51duals.f7
:ffor the one parameter model the root mean square re51dual lsff

0 001 and the standard error i. ".15*'wherea9' for 'the_

"ameasure'~og m1sf1t oﬁkthe model to the data} revealed thatld”

jﬁdata.,yowever,.the same 1s true ﬁor the one parameter modelj'

o 'F“ both models h_jgroot mean square ':re51ddals'ﬂ areﬂt

'"_re51dual covprlances of‘ tha °1tems (whlch 1s n] overall_i*

"°the two parameter model reersents an*excellent f1t ‘..theg&:'

two—parameter model the root mean resrdual is 0 0005 andvtheffﬁ"

- ,"/ m

standard error 1s also .15 Inspectlonxof the resﬁduals of:;fJ

systematlc'» dev1at1ons' betweeng theﬂiobserved and i}tted“

G

"Vboth the one— and two parameter model dld'~not reVeal ygi'“

parameters 'd1ffer under the two parameter model (see Table*:ff

C 14), 1t 1s from a theoretlcal 'p01nt f v1ew 1mposs1blef*'

that the seven abortlon 1tems f1t the Rasch model asjrell as;'

the two parameter model Second S1nCe there r reversali,

cine the orderlngs of the d1ff1culty levels est1mates prov1ded
-»Mby LOGIST and NOHARM (of course, the 1tem ordethg based‘\on

pp*values .should be the same as’ the 1tem orderang based on

'lthe d1ffftulty parameters 8) NOHARM may prov1de

hpsu1tab1e scal1ng method for the abortlon data.:Thzrd NOHARM

';does not d1rect1y estamate the @ values of h nespondents

"[u_1n the“ samples _to wh1ch they are fltted because 1t treats

'?]“the latent tra1t (actltude) as a random varlable.:yifff o

a4 '»" . . .“'“

[



{;iilghgﬁ‘. Aq‘.dvantage of the NOHARM method 1s that 1t supplles a
llSZ'; measure of the gogdness of f1t of the model in the: famellar

0

el fOfm“'Fg;a re51dual 'matrlx, and the sum of squares of 1tsrg

elements. However, an obv1ous 11m1tat1on(of the method

1ts 'assumpt1on ehat fth latent tra has?ja normal )

]

/
dlstrlbut;on. Vlolatlon of thlS strong assumptlon may be the

"'r ma1n explanatlon for the amblguous results we obtalned by ;

“the' use/o/ thlS method However,i51nce thlS method is. st1ll

.’”1n thel.exploratory stage of development cons1derably more.u

’

A o
\

res1duals 715 ,robust agalnst n

. R A
. g A

’fa latent varlable.,._fu;

In sum, hthe; parametrlc latent tralt models do_ not

prov1dnﬁ;

T Y
of attltudes toward aﬂbrtlon of Amerlcans an

The Ras h model in PML 1s preferable glven the problems wlth
LOGIST However,.the results of \the Rasch analyses yleld

.q

scales wh1ch are not robust across the two countrles, i, e.,~

. ’ . ..

the Rasch scales do not contaln ;th Same ‘1tems ’§¢:'=fhe*g

Amerlcans and he; West Germans.‘In addlthn, both PML and
2
LOGIST do not provzde est1mates for respondents who endorse

'Qﬂ}~jorf reject all seven abortlon 1tems. For thlS reason,}the

Amerlcan sample 1s reduced by 45% respondents,_ whereas f'r;w

———.——————-—-—ﬂ———; ". R

'5'h‘°Table C.15." shows the d1fference between 1tem parameters ;

. _estimates of .the one- parametér model .with (N= 1290) ‘and’
Cg- . without (N= 702) the -"zero" ,and. perfect" response patterns.
" The.matn effect of lea ng those respondents-in the: analy51s
ds that. the scale. shr*s due to the decreasing d1ff1cu1ty
bof thefltems.-(Note,;t t there are considerably more - .. ..
respondents who approve- all 1tems compared to.those who
dlsapprove all 1temsL. DRI L .

P RN

A

F&fQ reseach 1s needed to assess whether :‘he.-sum of absolpte?f

‘:normal d1str1but1on of the |

”satlsfactory SOlUthD for a meanrng?ul compar1son'"

tWest Germans.yw



'-ifparameter estlmates f't”fthﬂ_ whole’ sample‘; However% theia

'Af 1nformat10n abo&t ﬁhlch“model best f1ts the abortmon data

such a Iarge numbér

\

The‘:NOHARM method has the advantage of prov1d1ng 1tem7f

Sy

Lmethod lacks good cr1ter10n for comparlng nested modeih

YfThat 15, a comparlson of the sum of ‘,él absolute ,resxdualsf7

i?f thé one and two—paramete:. model does not prov1de anyff

...__..-.

« RS TOR S - S
' Y : J



R co'monly used latent structure models to the seven abort10n3

:*z1tefs 1n the 1982 NORC GSS and West.German Allbus comblned;”

"ﬁ flles. The research questlons were°“ First d‘{jthe seven~i

Tabort1on 1tems—const1tute a un1d1mens1onal set of 1tems for

'“fitems :orf a, imaller subSet comprlse a scale that As robust
or i

across the popu at1ons under study.' Thlrd :ilf e,vf1nd ~a

* : '\'

'“?‘robust SCale'orbscale(s) wh1cﬁ‘country 1s_morefaccept1ng of
”,legallzed abortlon,v the=&Un1ted States or“ : , ermany
?;F1nally,_how we can use the metrlc scale(s) developed in’ the

R IR PENEL B LR
_’_lyslszﬁas,ra reference 1nd1cator Sln

-»5

i

7*convergent

brf analys1s showed :'>7

lfnthe abortaon 1tems':b)

lvﬁthan West Germans) in:f

their-g attltude toward abortlon'” and c) var1at1op 1nlf

attztudesf1s gr"ater for Ameuacans than.gor WestrGermans.,

TN

Convergent evidehce]§o un:dlmenszona11ty of the abqrtton\

4:3‘_1

.l< oty v-,.‘ .‘ . '“.“.~ . : . .. «; EE T,
1tems e e e
'$

o

We used several methods to assess the un1d1mens1ona11ty

st .

e

,Qof the seven abortrpn 1tems 1n Both countrles,h‘Rspectrvely,f”
‘l7;Th Mokken scalev"na1y51s, latent class analysls, the Raschf;
o o 4 "."\\ . :

B model and B1rnbaum s twoh arameter model“ All these models'_
o prov1ded some- convergent evudence pf the unnd1men51ona11ty'“
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’=°f the abort1°n 1tems-:HOweVer( the number of 1tems hthat

compr1ses the un1d1men51onal scales appeared to be dependent ff:'

";the pecularztles of the spec1f1c model 'flgif.;ﬂff'i,iq;1f§5f

;Uslng the non parametr;c Mokken methods, wejfound that

the seven abortlon 1tems com§t1tute a -un1d1men51onal scale"'”

v

both countrles and that' the 1tems DEFECT pooa, NonohE
@ K T
anduSINGLE form a scale that fis robust acrOSS'Qt'h.f- '

. .l
¥ L

L/ppulataons,“f_pi;gy- f;t”&f7\iVﬁﬁﬁil

"\ By employlng the}_ latent f class models, o

furt er

.h‘
[

::\~-convergent ev1éence of the'hn1d1mens1ona11ty was found
I R e ..0'

the four rebust Mokken 1tems.tGood:;n type models pro”

ad.x
f1t the data’very well for both countn;es.gfﬁ- __,'TH
”rpi;r:.5;; A§Xt fwe' cons1dered s’t:he parametr1c Rasch; mOdel

| detett

fmore Specxflc measurement propertles of the aboftloanEf
s g .

ﬂ c0untr1es.:The results of these analyses by;f:

{"

the comput' 3 program -PML. reve.\fed «that the ’h:ems RAPE “POOR, "

NOMORE SINGLE and ANY formed-a un1d1mens1onal Raseh Scale?{

for the Ameflcan sample whereas for the;Germans, thlS scale;

vlcbm_talned the 1tems D FECT RAPE SINGLE and ANY‘.Q';;',Z" Lo,

Both the Rasch and Mokken mode_h:ftlsfy eagh 1n 1ts ownju3}

"_;way,"theyfcrlter1on f spec1f1c object1v1ty (the mostfpi'
@mportant property Qof’ soc1al measurement) However,'the?”

Selected 1tems that form the unld;men51onal scale réﬁ N

o Notwlthstandzngighese d1fferences, ‘ﬁhe results Stlll
| upport ‘the un1d1mens1ona11qy of the abort1on 1tems. S1nde,'“ B
e fff«regardless of the method used the d1fferent scales. conta1n

@
both 'medlcal and soc1a1 1tems. Nwd;{ect compar1son between
L ,, :.k‘ . . .
the resultlng Mokken scale and Rasch scales hampered

- g et



{'TPgiset oi'xtems.;ﬂ37

‘;ianaly§1s revealed that the t’o parameter model may*not bey'

?f”good oalternatlve‘ to th
"‘wg_goodness ~of- f1t
'flmethod‘ghowed that both the one and two parameter model--flt
'ff*fh data very well Due to lack of proper god&ness of f1t
":Ek]Erlterlaq the results of the LOGIST and NOHARM‘;nalyses §eem

;f”un1d1men51onal scale for Lhe seven abort;on 1tems.,

jAmer1cans are~"more l1beral nfffhéiif;ﬁttitﬁdé

‘diabortlon thad West Germans fhi;rﬂf 5;,*

'TjMokken scale h s been assessed w1th the log mult}p11cat1vevf;;f

' 'f?fmethod ANQASC ﬂ The 1tem "church attendence proved to be a-r

nscores for both countries. A comparlson of Amer1cans fand_

&flnvestlgated wheﬁher the tWo parameter model would be- more

’greal1st1c, than ‘1ts one pa ameter counterpart. The LOGIST

Con e

nsflf?flthhef metr1c -of heffnewly establlshqd unldlmensmﬁnal

e

applled LOGIST’ and

o,

As an alternatlve strategy,

LR

one parameter model sxnce .;he

P

vstandard errors were v ry largei and no cr1ter10n B of

prov;ded.7‘Appllcatlon of the NOHARM

be"lnapproplate for the estahllshment of a: well_founded

s . 2 . )
. . Do el

Lo P
R .

f;su1table j1nstrumenta1 varlable w1th th1ch we": could

5successfu11y recallbrate the bﬁdlnal abortlon attltude scale

_somewhat more acceptlng of legallzed abortlon. Valﬁdat1on of

thls result by the use of dlfferent 1nstrumental var1ables

. “‘, E

"Gfbecause ga,Mokken and Rasch scaf‘ do not yleld the same o

A

'-l

'e{fNOHkRM to the abortlon 1tems to assess un1d1mensxpnal1ty, We ‘5

o

fﬂprov1ded convergent ev1 ence of the d1f£erence between the'%

4

'-Vmeans of“‘thé¢ abortlon scale ‘scorés’ for the Amerlcans and

s . g S . L8 . LT

",EWest-Germans on thls metrlc scale showed that Amer1cans are o

I

P



P
cTive .,

o {3 s : ‘. L

“7'W95t Germaig ci-&., Ameri 3?“5 are sllghtly more
‘ eéé’l"v".aho'r‘t.;i Qﬁ R e ‘
] 3*}‘,fcg;;r'; F

s
R

“'variation’

attltu&es 1% greater for Amerxcans than fot

feffWest-German'~*

Result.&f‘mv hd1fferences between the

;:fvar1anCes o the callbrated, scores show that the ;s:t

-avarrance ‘1§ greater for ‘Amerlcansf

;f(p< ﬂ_) F*rst Amer1cahs 4held prop 2

l1bera1 v1ew“=w1th respec ‘_toc1al 1tems whereas

both extreme fcategor1es i‘

£ scales by CHATTBND gr ter comparedlfto the

ces‘ betmeen the 1ntermed1ate scale scores £or both

l

vgrEhte ?in} varlatlon

and West Gegpans i e.,\the varlat1on 1n attltudé

ngxeaten foruthe Amer1cans than °F;‘ﬁh¢s3E:

scale

‘ scores d1ffer fdri}:?hd' Amer1cans ﬁ@fxf”'

e,
. :



NRRLE S

prov1de _f}&
lnformatlon»3 51nce 55‘£mparrson vbfugltem marglnals e

'confoundg drfferences bﬁhween mericans’ _and West Germans

Ty

:?\j'7 p051txons ;oﬁj~ h latent 'var1able w1th the eross natlonal d .

d1fferences between‘ the: ltems p051t10ns onh{ h latent

-\

;7 varlable$ For th1s reason,_we argue that the Emo‘dlmen51onal-'v

\

‘solut1on of‘ the abortlon 1tems is3 anﬁfartlfact 'ofi”the'

difference 1n var1at1on of attltu}es toward abortlon for the

,\'

Amerléans and West Germans.ﬁhffv,r:_”
*»:tg-" - | i

9 2 stcuss1on ffuﬁﬁfiff:

”ﬂﬁbféf Rev1ew of the l1terature revealed th t opln;ons on fthefrf}f
| seven j abortlon ke 1tems dlffer i' both he,isubstant1Ve A
1% terature on abortloﬂﬁ and the methodologlcal llterature'f?gi

7

- that uses these 1tems to dlSCUSS unldlmen51ona11ty. At 1ssue L

15 whether the seven ftems const1tute one or two dlmen51ons'

'?fwhlch contalns the medical or “hard"-reasons (HEALTH

. DEFECT and‘RAPE) the other wh1ch contains the "soc1al"" r T
L V : e
| soft"‘reasons (POOR SINGLE ' NOMORE, and ANY) R

‘yh'\:‘h”' The major emp1r1cal d(tference between the two Sets eafrttr;
_ 1tems ;15; that the percentage of respondents who ﬁPPrOVe ot |

Sﬁbortion for medlcal reasons 1s substan lly greater than _

_:;_‘:the; percezéége Who .approve of abortlon for soc1al reasons.\g_r,

Put anothe ay,.: the medlcal 1tems are less "dlfflcult" than-'liﬁ

Y P
the soe1a1 1tems. However, whether thlS dlfference Justlfles.' -

1.]thef separatlon. of _the sevenn ;tems_,;ntor two dlfferent

measures is: another questlon.'vfﬁf': e , :
Wlth regard to the comparlson of!'abortionh attltudes h‘”~
between v thé[ﬂ-twof countrlﬁf noted the‘ problem t fjt:ﬁ.

. . P AR . . . . . . ‘-. - r .
Sy e R R . [



xﬁ,i-éépéfatiﬂé the d1fference in. general attltudes as measured 'a

. by 1 _ m:from the dlfference %f d1ff1culty o
"“36]; speCJflc items.pIn terms ‘of Berry S (1980) dlscu581on of }A}
measurement 1n cross cultugal sett1ngs 1t 1s poss1ble that 8
]f“ﬁfw_ghéj abortlon 1tems lack psychometﬁlc equ1va1ence across the
“ ”lAmer1can and West German populat1on.,;Fbrf thlS reason,.71t

becomes 1mportant to decade whether the scalablllty of a set ;j»“

-nv_' s

z:fﬁf; of 1tems 1s the same fom. dlfferent populatlons.rliff other

. »

words,' we need to develop unldlmen51onal measures oi the

‘s

fﬁ 11m1ts of abortlon approval and to keep dlfference 1n scale

L L ._-.. . CEE [ Y
: un1d1men51onal ty: :;and.x dlfference 1_{ 1tem<>d1ff1culty

seperate. Only then we' can make ‘valld comparlsons between

‘fttltudes of the Amerlcans and West Germans.

_ n ’reseat study; we approached these* problems fthikh

"i.un1d1mens1 nallty and’ comparab1l1ty by the appllcatlon of- f:?

B ot! .!”z vﬁtralt and latent -class mode15'd; the seven ﬁ;;h

-,abortlon 1tems.» Based io the' results f the d1fferent
Kﬁethods, we trled to f1nd convergent ev1dence that thep; _

‘,llabortlon 1tems constltute a s:ngle d1mens1oh.‘1h add1t10n,{§fih

"7hy us1ng thls varlety of modeli, we were ‘able’ to. exam1ne the

uiappllcablllty of these methods to a typ1ca1 attltudlnal data_”‘]f

- _.":,. ‘:: ,.-_:'Set. . ‘ | | } o RN S ' o
hh 'h.f r d15cuss1ng the models, ryéf w111 focus 7¢nfff7ﬁ:'
folloving issues: 1. assumprions of the  models; 2.

.‘?assessment of goodness of flt crﬁterla"and 3., sampleihti

,St 1mates i

'?jvneeded to get accurate paramete‘p




'j:sc1ence research For thﬁs_reason,”

k:;'one pa am ter model

“W-fffspec1flc object1V1ty._, fhf“__ifffla} ;tf' h*_iuﬁvlg‘”

unkordermﬂg of the 1tems 1s Specrflcally ob3ect1ve The latentfzi
'Lclass model can also be con51dered as a. non parametr1c model d]
fibecause 1t does not 1mpd$e a functgonal form thg 1temiff
htrace 11nes,:_ﬁ_ does the model require the assumptron offﬁ%
f.normallty fy,“h latent varlable._frThe latent d classt”h
| prbbab111t1e9¥ and the cond1t10nal probabllltles are the twod”

vfundamental parameters of the model ;”,;f""’”f“s ;:gﬂv*-

'g'astrong assumptlons about th functlonal form V“ofsu;the'

-;1tem4tra1t reltt1on. W1th rESpect to the one parameter Rasch

v

d15cr1m1nat10n power. The as

Lf{hlghly .restrlct1ve and ‘appear

@ﬁfor varyang dlscrlmlnatlon power f”'ghEV;1tems. As” ,a?,»t

‘:‘i_ consequence., the model d0es not ‘%ave 7;h Qroperty f?afl'

~ The ﬂbn parametrlc Mokken model makes no assumpt1°“f{'t‘

about the funct1onal form of the 1tem t aé% llnes. For thls:f*'

T . ,q

~reason, a[e;:refer to thls model as non parametrac, and ahe S

4

}resultlng scale scores iand 1tem d1ff1cult1es constitute}f“r
fordlnal .scale _scores._The only constra1nts that the Mokkenﬁf}#f
ﬁmodel puts on the 1tem trace line was geferred és{fthé: o

,fassumptlon.rof_ double monotony,“ which _1mp11ed that the j-h,;

A

Instead the parametrlc latent trazt models make rather .

: model the model Vis. spec1f1ed by one parameter loglstlc

functlon. j It i f"'assumed that all 1Fems have equal.r',,
,ﬁﬁptlons of ‘the gasch model are;'*?;

tO be rareiy- TR

is- con51dered by ma

-eSt£JCtIvev than the one—paramefer model in. that it allowsffﬁ*‘



Flnally, the,NOHARM method is used to estlmate the '66&7?

: and two parameter:'models.: In contrast to the other 1atent3“* -

‘IH‘ tralt‘and late t class models; thé NOHARM method ~assumes::hr

k?l-: that*the latent tralt has a normal dlstrrhution.35 S e
. Assessment of goodness of £1t cr1ter1a o IR

the researcher to judge the f1t of the model By means | ftf
these tests we can,.flrst test the null hypothe51s that theﬁif*

population values of the "coeff1c1ents ‘of scﬂlablllty

’?Fh.-5>_ The Mokken model prov1des stat15t1cal tests whlch allow;?ﬁx

equal '.-zero or some larger cutoff value.,Second,rpne canfh"pf

{sﬂ use a statlst1cally based procedure for addlng‘ ox dEIet1ng: L

1tems from a’ putat1ve Mokken scale. Flnally,,one can test.*i'

the null hypothe51s thét the pattern of relatlonshkg\ amondrif'"

.;\\5[ the 1tems Holds across two or more populat1ons. W1th respect&%uff

1

v by the computer progtaffi
fly models can be\tested w1th the ch1-square test statrstlc.diﬁvﬁ"
ach;pep Turnlng to the parametr1c models, the RaSCh model

PML allows -tp der1vat1on 'of th »stat1st1cs wlth known{f}

bo the latent class models,:max1mum llkellhood estlmators oﬁ.ﬁfﬁa
ff,the7 cond1t1onal and. latent class S?o%ablllties are prov1ded”'m"

fLSA The f1t of .the - latent classﬁf.ff

d1str1but10na1 propertles sﬂ%h as, the Andersen test and thecsie‘

':*}@iMartln—Lof test The CML procedure employed 1n PML, uses the-fﬁi7

"P

fest1mat1on o} the parameters of the two para eter model by

.1'

ujhthe computer prog LOGIST Th1s procedure mar-p

*:;§qonsxsts0t- parameters | estlmates due to s:multaneously

e T . ket et

;gtotal score ‘fai suff1c1entq‘statlst1c._ Therefore,ulltemff |
?parameters ;fcan7fThef' est1mated 1ndependently of personﬂhg_}

1parameters._Lnstead the uML: procedure s used f'rﬁffhéaf

prov1de L



S

\’\

est1matesl:~

estlmatlon ofqrtheV'ltem and person parameters.hTherefore, C

~—..

f1tt1ng the tyo- paraneter mode} has‘ presented; problems ”offtfi

estlmatlon for Whlch ,; clear and un1versally acceptedz
solutlons Qave been found LOGIST does not prov1de the user‘ .

w1th any measure of the goodness of f1t of the 1tems t the'

data.":f!;id'fv1{_1:"1d ff'f- ””_;.",.f SRR _ o
| 'Thei NOHARM method prov1des the root mean square of thefdfff
re51dual EBVarlances of the 1tems as an overall measurefaég"“
the f1t of the model to the data. However,‘thls 1ndex cannotw;_ul
be used to compare nested models'"l e., the select1on of thei};

best f}ttlng model by NOHARM 1s almost 1mposSlble.

. . . \ . ’ N
. B4 2 . . . R Tt - ~
e SRR ""_ - - . . 5 L e ~

'Sample 51ze»_needed' in order to /get, accurate ~parameter

.

B N '-):"
TS -

The Mokken method 1s successff}ly used 1n researchf oﬁff““'
_'the:f'un1d1men51ona11ty of psychologlcal | Varlables '393

expenqments that conta1n2.6”ltoﬁ 13 measﬂ%es ;~of ch1ld-;-

development and 22 to 178 subjects (K1ngma, 1984- Klngma &g'f
Loth 1985 K1ngma & Reuvekamp, 1984 Klngma & Ten. Vergert?

_1985) Thus, the .Mokken' methods is an @dequate latent tra1t'_"77

model for most att1tud1nal data where‘the number of 1tems is
often not ‘more- than,: say,. 10‘ W1th regard to the latent7

class models, moderately 51zed 1tem pools (4 1tems) and veryzt”‘

large sample 51zes are needed to av01d too many empty cells.ﬁ? 2

An advantage of - the condltlonal max1mum' llkellhood' in”

o

BMB» 1s that the"method does not need a large number off~r

1tems. Howewer, the model tests.used 1n PML requ1re large'lff

sample 51ze5°rIf the model f1ts, parameters obtalned 1n oneﬁ

subgroup wrll be the same as those obta1ned 19.:3“Y' other

- .



] R ' 4-‘..'.',.._1_1-1':
I TR e ;it;
ce .
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subgroup. However, these tests are rather unstable when .héﬁ‘”ﬁ‘

'",'fnumber 'of, respondents inQTad subgroup is low.-slnce mostff]f?

’ »

\

‘jattltude surveys contaln enough respondents vto 'meet ‘thlsdj~ff

11requ1rementqfﬂ and s;nce nthe number :of 1te25 '15 often"ﬁ-_-

.‘.\ “," - ‘ -

:-wﬂrelat1vely small the computer program PML is "811 able”

Y

’

v”larger B than -usua11y | found 1n§‘5urvey research When\

'_evaluatlng "the flt" of the abortlon 1tems,'rwe found ~that

Qfeh standard errors of,/theL parameter estlmates were too\\

.». e

fﬁeobef Wlth vattltudlnal data. In contrast, “the two parameter,i;ﬂt

:??f7model estlmated by LOGIST requ1res data baSes that are mUCthNTT

1™

"?}ﬂiklarge to prov1de accurate est1mates of the 1tems parameters_f“ X

.under the model The/maln reason why th1s‘bccurred was thatdjffd

fthe°effect1ve 51ze oﬁ both ethe: Amerlcan and West GermanQ‘d:'

’?*sample was too small to prov1de acceptable\\stlmates for the@

Jextremely located 1tems. Of course,V thrs problemj 15 also'f;f“

[

'related Ep vfhe' populatlon dlstrlbutions of the abortlon}ﬁtﬁ

"1tems in both c0untr1es. "A » o ;p_va_

&

Flnaily, due to +he newness of NOHARM research on the if

robustness- of _the' method s lacklng wh';h makes':nxhe.»;

5 evaluatlon of thl' method qlfflcult*,e

17Our*-evaluat10n ?df: thef appllcatlon tpfﬂithef Mokken;d[_’

¢ : .

.fmethods,_ the Rasch model and Blrnbaum s two parameter modelf;iff

“{_to the seven abortlon 1tems was focussed on four 1ssues that~

. & /

'.icaused ~serlous problems n _the course of this study 'Tneﬁﬁ" .

_ ”Mokken methods 1ntroduced in; th1s study dnas‘ able to dealltf"

.".n\\ . v

.?vfwell w1th all these 1s§EE§77~ rst, 1t 1s not drlven by‘thef-”‘

!

:’*often unreallstlc

flparametrlc models, e,

‘7o5 latent varlable as 1n the NOHARM methods. Second the,Mokkenﬁ'

i

'lstrong assumptlons of : th logxst1c_”

or ”the’ assumptlon»‘of nor\al1ty of theb4ﬂ-f
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i:.,r scale ana1y51s' prov1des ', sound statlstlcal ba51s -.tocvf”‘

*

h“},of:'flt derlved from the;

;g_sound test "of f1t.; However, 1t became clear that none of

“powerful “to ”*ﬁa»

R

.ot,~model For thls reason, other’cr1ter1af1n,'evaluat1ng model'm
.f1t zwere used in’ addltlon to the stat1st1ca1 tests. Becausefﬁtfh?
h.the computer program PML prov1des both stat15t1ca1 tests asd
"lwell as: other goodness of- f1t 1nd§§es (for 1nstance, graphs,‘
»BINO—tests and re51duals) this program’-iSf’superlor to'

A'”ﬁiprograms -llke'i»LOGIST and BICAL‘ vith »respect 'to the*'

’~assessment of f1t for the one parameter model Fourth heﬁ_

z_’ﬂ

RS

from the scale ana1y51s by he :programs LOGIST and _ PML,
robscured the nature_-of the sample and as a consequence,;
generallzatlons to the populat1ons cannot be made. We argLed

‘ V,bhae* although most research reports onfatt1tude measurementi

¢’ .

_do not refer rxo, thlS problem, : h hlgh proport1on ofh;,

ro %

j neral.‘

atyp1cal for survey research in

Flfth“} 1n»~contrast to the lOngth models, the Mokken47

9“" |

method (and probably the NOHARM method) does. not reqU1rev-a_iT

4~data base that = is larger than those typlcally foupd Ain

survey,research In part1cu1ar, the number of items requ1red'

"‘%’;“

E i

cond1t10nal . xlmum l1xe11hood?'”

‘procedure for the @ne parameter model prov1de statlstlcally”

,ese statlstlcal testsa of f;t ;wereq alone suff1c1ent1y fr

L%beﬂ*conclu51on that the ‘data’ f1t thebf

respondents who approved or. dlsapproved all se&%n abortion'

4 - items. thlS study showed deletlon of those respondentsf'

' }frespondents who rejected or accgpted all seven 1tems was g'tfg_=

:7‘dete£m1ne sHe unldlmensionallty and robustness of aset: °fj-‘d

“TW1th respect to the parametrlc models,j?ﬂy-the testsd"'-

}Mokken»‘ model | and the NOHARM method both retalnv the,ff.
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" -.is much larger than most survey researchers would tolerate. -
Latent class analyses . ‘fiji}:j'-v': S - AT
~In ;t present research“' d1st1nct10n dw drawn'

between <=twovu dlfferent tradltlons in, /}atent structure'”

“'anagy51s wh1ch We termed latent traltv and latent ‘class.t'
ana1y51s. _It was moted that both trad1t10ns were un1f1ed by_.
the fact that both take local 1ndependence as the ba51s forh'”

o measur1ng the, latent varlable.,So far, our dlscu551on hasQ‘V"'

been focussed on the appllcat1ons an& results of the latentff

tra1t an’ﬂyses. In the fOIIOW1ng we w111 dlSCUSS thé use of

the latent class scallng models to the tour robust -abort1on'

.ﬁi1tems for. both c0untr1es.. v" _h "b" RN | '"

) Alth°U9h ¢én- flnd 'substantlve appl1Catlons:‘ofﬁtx*'

%ﬁ 1atent/tlass mode;s 1n stratlflcatlon research the1r use 1nfd;f :
‘ scale analys1s *”s: largely 11m1ted to methods papers.lrf‘

Therefore, ’we cqns1dered 1mportant ‘to ? examlne ‘theh~

applmcablllty,of the ‘latent 'class -scal1ng models to“a-

‘o

typlcal attitudinal data set wh1ch has ‘been used in

f,dlfferent substant1ve['inquiries;' Another purpose~t.th,the];ﬁ |

\present stuay was,l to’ compare the results of the latenta;f“

I”tralt and laten 1ass analyses of the same abort1on data 1nﬁﬂ;3"”

v

constltute a. s1ngle scale. ;wh‘PJVa'

Th1s questlon"fjsfj 1mportant, s1nce' there isf~"'

"*,morder -to flnd convergent ev1dence that the seven 1tems;"a

fundamental d1fference between the two methods wh1ch. stemsf{

lfrom'~the way 1n whlch the models express the reﬂatlonshlp o
-,between the response“probab1l1t1es and the latent var1able.fhf”h;

. fThe f1t of the rour 1tems to the latent tzalt Mokken mode13_gjl



’ ;wa 1“terpreted as ev1dence that these 1tems could together;

e o

 be* con51dered ‘as domlnated by 51ngle dimen51on.hjin}t”‘

;?°contra5“5f3tﬁ§; llteﬂ& ___lass models do teSt th,i“

vrelatlonsh1p between the responsev probab111t1es and hefffﬂtq

fjlateﬂt= varxable._ That is the model a551gns proportlons offdf"f

respondents to the laﬂbnt classes whlch glve best f1t to the

,datai but does not test the assumptlon that the. latent tralg.fw'

"1s dlstrlbuted on ]USt these few p01nts or that -_h latent'

"classes are ordered on a 11ne.‘

‘In add1t1on, latent tra1t models- dlfferf from latent\

~7c1ass models:;in- that the former p051t a contlnuous latentg'
5B

o varlable, whlle the latter p051t a dlscrete latent var1ab1e.

,Furthermore,y an 1mportan§ technlcal,dlfferenge between theyff

two tradltlons 1s that ‘mast latent tra1t analyses requlre";”

l'only the b1var1ate cross class;f1cat1ons o? the 1tems or the

71tem vérlances and cov§r1ances, wh1le latent cIass analys's’_-“

“_typlcally requ1re the full n- way table, i. €., hlghec °rder.hhh'

'mgments (M001jaart 1982) Our study remealedtfhat, 1n order

.to vav01d too many empty cells, a. very moderately 51zed 1temj_l.

pool and a very large sample 51ze were needed Even thh thej,i”'

'relatlvely large sample 51zes- and the moderate number of -

items we used'in-the'preSent study, there' were too- many,

empty' cells to compute the f1t of the models. ? Due to. ﬁhleﬁ.'

" ‘problem, we deCldEd-tOv analyze the"latent class sszllngﬁfgif;
NO

.. models _for, the nfour robust 1tems (DEFECT POOR ORE

'.SINGLE) and to compare the results of these analyses w1th‘,:ﬂr£

" the results of the Mokken test. Thus know1ng that the 1temsf'

—_—_—_-_———_——.————

- For the same %easons, log lmear Rasch is h1ghly
1mpract1cal for the analysxs of more than four items
(Duncan, 1984b ‘Keldermar, - 1984) ‘
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unxd1mens1onal and equlvalent scale, "eﬂQSedﬁthef?"

'*responses\to these iour 1tems to a551gn respondents g&. the -
5] o

“t-late“t‘°1asses of the Scallng models.a ;f':f *.fx.*'”:_ "ng S
As mentzon’q before, the results of thg latent Class_m}“
3

L,analysesi fevealéd that Proctor s model and Unscalable classff _

r_represented the data very weﬂl for 'the Amerlcans, whereas-‘*“.“

.th : pure Goodman model-yas an’ ap op1ate scallng model f°f‘;lt]i
4ffhthe Qest German sample. By means of the 51multaneous 1atent.
:-structure models we were able to test the dlfference between

'the dlstrlbutlons of the 1 tent var1able. .The; results f'fm;ht*f

_ 'fthls t st revealed,' thgt the d1str1but1ons of the latent

S var1ab e-'attltudes toward abortlon ‘was not the same acwoss'“‘ o
’jthe Unuted States and West- Germany. ‘.'_l -lf7~5=ftff=d_‘§%%_*°ff

.;gﬁ* : Another 1ssue we want to vd1scuss 1sL that for bothﬁjﬁjff
‘ '¢countr1es, he percentage of: members of the unscalable class,fihf?
.‘_could hardly be reduced by the 1ntroductlon of mbre flexlble k
-error rate models and unscalable»lclass..S1nce ve already:ff’tf
“jsuspect that he’ four 1tems do form a robust un1d1men51onal‘
‘-scale,ﬂi thlq flndlng : may be ayn 1nd1cat10n that theytgf'd
;p0531b111t1es of mode111ng the error .structures n latentf
':iclass scal1ng models 1s not flex;ble enough In add1t10n,ff

AN

thé: prqgram does \not wallow us’. to iSpec1fy Tlnequal1tY3hrm

-.;constralnts on the error rates These 1nequal1ty contraantsf,fff”
1phfollow from the assumpt1on of. double monotony for. the Mokkeanfﬁ_f
" and Rasch _models.» Nevertheless, we suggest that it shouldé;.itﬁ

“"fapply to the cond1tronal probab111t1es‘3f the latent classesw

- form 'a h‘51"gle scale. F1"311Y: hthe models fdfé_ Oftenf

f'under1dent1f1ed when the probab111t1es of .a false-p051t1velfq¢*V

and a false ne at1Ve ar al’owed to dlffer £ ch 1tem -fik?
g Bttty Q»f;ﬁﬂ



5"metric to ‘the categorles of the Mokken scale accordlng to:

‘("latent dlstance type restrlctlons) TheSe 11m1tat1o§s off;i,”:

S >~ Ry

,'the method make model data ,flt extra dlfflcult d,‘E;n
ff'addltlon, make 7'ﬁé' comparlson between _th 1atent claSSyiﬁ.f'
proceduresxand latent tralt technlques mdre complex p~1~_df,7b"

N e
L}

.Assxgn1ng a metr1c to. ordxhal scale scores

We reflned*the ordlnal robust scale, by a551gn1ng
‘%D _‘a\ ‘" -

(3

A

: the log multlpllcat1%e assoc1at10n method dlscussed by Clogg;‘,f“f
(1982 1984a, 1984b) fand Goodman (1984, 1987) ClOgg ‘(1982 ,
. 1984b) asslgned\a ‘metri mto both the Guttma? scale tYpes vasfgf*fi

\ ST
‘ well as to the. category oi\respondents whos%kresponses wereﬁl;eﬁs
N o R

not in accordance wlth the s ale’ types Because the Guttman_f
R )

,-

w:model makes fnoo allowancenfor measurement error, 1ogg was;’fﬁff
-forced to,develop ah ad hoc prQCedure' by conden51mg the
error‘ response patterns 1n€b one\category However ;tkmaf

. be" argued that asSlgnlng scale scores to a class or categoPy

'of”'respondents who do not respond conEorm the Guttman scale

s-s

'types 1s dUbIOUS because, accord1ng to the Guttman model

' 'the responses Qf the members of th15 category are assumed toﬂi°“d.
; hu : - 4.
»be not scalable. As ‘a consequence, they do . not “do not-

contaln useful '1nformat10n for the‘ conStﬂ&stQOn fofg;an_'

un1dlmen51ona1 scale or the establ1shment of a metr&c scale.,'

Iq the present study, we have trled to C1rcumven§*these
: problems py extendlng Clogg s method of ass1gn1ng a metr1c

deterQ1nlst1c' Guttman type scales to unldlmen513hal"“
'.scales selected u51ng Mokken s non parametrlc latent tralt\\‘ B
‘\ . .m

.‘ - .
- model’. vTﬁ’ Mokken model (as well ‘as the other latent tralt
”.4models) trY to select those 1€ems on’ whxchg~the WhOIS, :
- S._ 2 . | . . . ’ - :
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Y

populatlonn 1s scalable.ﬂhin contrast the detgrm1n1st1c;f~=

models 'u the entlre set of ,1tems 1ﬁ‘the ana1y51s andf“”
: ) . £

a551gns error to cases that do not satlsfy the Guttman scalei'

types.“ Because the Mokken model 1s a. stochastlc model }he_.vf7

ppSS1b111ty of meaSurement error 1s bUIlt into the model by;;aﬂ:‘

poghtlng an probablllstlc relat1on between the values of the;i

latent varlable and the probablllty of a pos1t1ve;'response‘,f |

/

to the 1tem.r As a consequence, our approach avoads the;

problem of ass1gn1ng respondents to;fan } error category_.d'?fﬂt

Moveover because lv substltuted metr1c values °for thep*la

t. \Jbrdlnal scale values of the robust scale,'we felt conf1dentaf
' that ho 1tems were 1ncluded that mlght not be robust acro'

th¢ populatlons bemg compared f'

By u51ng more than 6ne 1nstrument var1able, we weresz

~

’.fhmeracan sampld

able to test vthe;_robustnessvjof .thv rescalxng for 'thé;;“lxv

Zf'ThédeeSUIts of these tests 1nd1cate that7f":}

’;rthe estlmates of - the distances‘ depend the.-1nstrumentjl::

varlableq choien.wf How ver,,; we 5 Stlll accept Clogg s57' -

1), conclu51on "th t these methods are a clea5.1mprovement— overjf-ﬂlt

poﬁular {iethod"of assum1ng that ordznal Varlables are"d:gs“

nterval leveu thh equal intervals" (Clogg,- 1984 222)

thls :study s_ows, the assumpt1on of equal 1ntervals bgbweenf'iuf

“the scale va'-ues of the equ1va1ent scale would E:e ent1rely{;_:-*.;“‘_ -ﬂ,:

1napprop1at‘
-933-Snggéf’ ons for Future Research "f ce e
S "_r.h',e

v

1rtues of latent tra1t theory and the potent1al 1tjlgfi'

holds ﬁor SOlV1ng h1therto unsolvable problems 1n théﬁ areaf;ﬁf\ﬁ

of att1tude measurement makes th1s approach 1nvaluab1e tofjgfff

’ ‘,' e Tty o Lo N T R .. [N
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I soc1a1 researChers; ‘The 7basfc' concept1on of latent tra1t“ﬂ
| \ i - c 0 q . ",
: -i}theory 1s that the‘ measurement features of ‘: 1tem are-.a

"cdef1ned bY 1ts v1tem ,characterlst1c functlon and that theff

.imeasurement scale must not depend on the 1nd1v1dua1 or grbupf3

f‘easured However,‘1t would be 1mproper to leave thev_'

o

-belng
eade “the. 1mpre551on that latent tra1t theory Lsifaff

'?measurement

C -

_panacea. tAsl thlS study showed to: enjoy the,:
' Y \aJ B

advantages of‘the theory, we must be ready to pay. e _131{‘7”
e N S N

"'jMostf l tent - tra1t = models based dn strong*,,

‘ SR o .

' assumptlons that forces US'AtQ follow -certaln statlstlcalj

'constralnts _wh1ch in the end may 1nval1date the results.:Int,?'

'fuvthls respect the5 largesti hurdle 'inv the_ appllcatlon of:f

-

“.*.latent tra1t models to' attltudlnal data ,1s to test the ;;TV“

“'n"valldlty of those assumptlons.u

o~

."'

o . T . : v

T Y
: The Mokken method as screen1ng method o

, . R e _
A suggestlon for» future ’researchp 1s to 'use' the,ﬂ

2 L
-vnon parametrlc Mokken method as a pre11m1nary=step 1 the.'

construct1on of un1d1men51onal scales and the 'accompanylng ST

Mokken test ‘as a means for developlng equﬁvaLent att1tuded74'

'scales. The Mokken method of scale analy51s prov1des a testarv

Qof un1d1mens1ona11ty that 1ncorporates the stochastlc nature”}tmkf

of soc1al measurement as part of the measurement model rItfi"

‘1'a150 provldes aa' test for asse551ng the equlvalence of“the f,»f‘

scale scores across dlfferent t1me perlods and cultu

...fSettlng. F1nallx,vPit :also can be used to see whether newt

n1tems are un1d1men51onal w1th respect tb some '1dent;f;ed

fscale.
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| 5?3”“ ’ However.' the maln advantage of the Mokken method 0ver

the other latent tra1t methods is fth balanée it str;kes’f”_
betwggh flex1b111ty and rlgour. On the hand it prov1des a fﬁfl{
d15t1nct 1mprovement ovgr the éd hoc construct1on of leert
s%?lef“e\or.mapproplate 9?? Of:factor analy51s that abound 1n’vihnﬁ

prev1ous studles of. abort1 q att1tudes. On the otherv hand ?wt'

'1t 1s morerpractlcal to use than the other parametrlc latent

tralt models. o K 4
: T Ly
- S 4
_Another sugqestxon for future research 1s the need- i;
: ] . l‘. R 9 3

: ,‘A‘_-‘{"'I P |

questlons.- In ‘partlcular,f.ln measurlng
: L ‘ S '

»abortlon attltudes e need 1tems that are’ more dlffzcult., :
':The;31ntroductlon> 1nto 1982 NORé GSS s of the ANY 1tem 1s a.‘?ff;
R -2t Wi s R . t

step’ln thls. d1rédt1on. Anoth‘r p0581b111ty ,15': to -ask fg-:_

add1tlon of new 1tems to an exlstlng scale poses 15 whethes?'

"F?dhese new 1tems destroy the unldlmen51ona11ty of the- scale.~if:3

mwe} note agaln the value of the Mokkenf
flnqe 1t prov1qes procedureS'bioh addre551ng thrsf;};g”
L | While_ﬁké need to de51gn better questuonna1res 1§ﬁf7f:a
'ﬁ??‘flmooﬁtant 7lt dnojetheless does not garantee that the 1tem
difflcultles ar'féth same across populatzons. From ‘ha;ifhmt
comparatlve p01n% ff v1ew,.\ emphasxs the need to keepdj@if¥

'seperate dlfferences 1n 1tem d1f£1culty of speclfzc-/ztemsf:n'”

' apd dafferences / the average value of the 1atent tra1t.»i“;73
’*_Q,The flrst presents ehange_pln_,the respondent s laverage o
”J"*; \ Ll ' R R : L . .

o



‘gabortlonvq.dthé” w1111ngness people ‘t‘: support legaltt;f:

uof all people to support legal abort1on on the spec1f1c,f;“

‘ grounds stated by the 1tems, regardless rofzpth generalf;”,'

’1as - the i'avallabrl;ty rdbf~ computer programs and ;1oca1*3 S

I

.{need scallng methods to seperate the two.

s-The need for standard1zat1on of computer programs

Latent ‘tra1t theoret1c procedures are mathematlcally'df'”'

o4

eof models is often: based on pract1cal cons1deratlons, such

i

,ﬁexpert1?f ‘g, N )', G .jngf_'_ k ;,.~:@,

'software that 1mplements the estlmatlon procedure. For*fv5$

' 1nstance, the LOGIST’and BICAL programs have melemented thevfﬁ*n'

an, 1nte5related -issue here is that the atem parameterv'“7”'

procedures are 1nextr1cably 1ntertw1ned 'wlth the' computeryin .

-

JML . procedure, the PML program the CML«pr0cedure, NOHARM the"‘

Lo

A
gets' more complex, the number of ana1y51s optlons 1ncreases

"ﬂp051t10n on the 'latent tralt measﬁreaia w1th respect fb};"“

“7_abortron oﬁ any concelvable grounds, whether covered by he;g'
-1tems ," the scale., The} second repreSents change 1n thel;‘;"

ﬂ'fpos1t1on of theiltems on’ the latent tralt" the W1111ngnessﬁ;flﬁf

.att1tude_ toward abort1on.. These two sources of dlfferenceflh'f;

»can opatate relatlvely 1ndépendently of one another and~ weli)gﬁ

,v;complex and 1ts appllcab111ty 1s almost totally dependent P

vthe‘ avallab111ty of large computers._Therefore,_the ch01ce~p

‘least squares methdﬁs, and the program BILOG 1s su1table forb-ﬁf

cmarglnal max1mum 11ke11hood est1mat1on and Bayes1§n modalgf o

ceeT

vestlmatlon of the 1tem,parameters‘lkoreover, ‘as the °program_'_j,-

.

“which also 1nfluence the manner 1n wh1ch ”the analysxs are'

;‘performed ‘ahd;-hence 'the results. The same . 1s true for therlhlﬂ

Tq
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”:;differenceS““between the metracs of the parameter est1mates:
l}f!{kwhlch make a rout1nely compar1son 'o parameter e%t1matesf: |
‘ "1across studres extra d1ff1cult.1!A. suggestlon for future;,{bf“

EﬂfjlreSearch is- that each paper should spec1fy the optlons used{?f‘ﬁ

.,%W7i.n each computer program employed he’ metrlcv7of ‘the”
- 'parameter estlmates, and the parameter est1mat1onﬁ procedureffw'ﬂ

'"-u:1mplemented in. the prqgram. | S 5 - | o
Another probLem 1s,:fhat 'many a§;1cles deallng w1thi Lo
.:'fflatent tra1t models.employ computer programs that have not.gt_;f

’ igeen released for general use,'or that %fe st1ll _jfh§¥l"'

iﬂ"fflnltlal ;*stages fof1 débelopmént As ;a consequence,~fthefff 3

) dgeumentatlon for general dlstrlbutlon about these programsﬁ

qjls "o{ten not .acce551ble. Due | the sh1ft toward’microf S
. \ s LT

2 2 . LT
‘;cbmputers, thlS tendency d1ver51f1catlon ;_f d1fferenta;~

programs a;d\algorlthms w1ll be greatly enlarg\d Therefore);ffrrh
o .. : -
'?1n futureqresearch we suggest that he4 llst1ngs of: the};

iiprograms used are attached as an append1x to the artlcles

."’:-‘-

fSu h’ & publlshlng ~apprd!ch _may results ;.inﬂffaﬂf'wlder

i, - e 5.
/
/

.appl1catlon of these*computer programs and w111 1mpr0ve the t;;v“
d1scuss1on about the algorlthms uSed. }- . : L
Assessment of goodness—of f1t.___,' ' ' , Lo

gi At present, there are only stat1st1c1ally JUStlflable

‘gggfprocedures forvthe assessment of model f1t are ava11able for .
tffh"Aﬁasch model ,when conditional estxmators 1f o 1tem
’7e?parameters<farei obtalned . noted before by Lord local ST

fr1ndependence follows automat1cally from unldémen51ona11tyifffﬁf?

Tf;ﬂowever,viwhat to take as ev1dence for multldlmens1ona11ty,v..'A
LfV‘1n part1cular 1n the case of the two-;,and three parameter

Y e - P ‘.‘_ .- -. Lo \ . *.. _;»._-,: " o
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‘.jdl§95wr?ga

© models is hot clear yet: . :
li‘.Ath SUQQEStlon "fb}‘*futufé*:féseafch could Fﬁeg]ﬂtﬂéfm;il.
';develooment of- a” second order statlstlc (lzke iééﬁfﬁéé“maffﬁt
"tWollenberg s Qz 6E the one parameter model) for the téo?f%7’f”
T,and three parameter model Thls statzstlc 'could c1rcumventi;5

%'fhé problems'joffgt ‘ flrst order 1nd1cators of mlelt andf;ﬂff;

¢

“g:seems to’ offer.fa 'ratlonal bas1s for’ ~a dec151on-*a5”‘t6[e

lf}d1men51ona11ty ]The” potentlally promls1ng method’ NOHARM 1smg];~

-ffifone_"

',pel most approplate programs rto ‘ 1mplement thls,”

':;sec‘nd order 1nd1cator of mlsf1t
L | v'fS o _
4rlLISREL model w1th d1chotomous and contxnu us varzables;-
T'fvlllustrate the value of the metrlc scale for. use 1n-
‘Cross- naﬁhonal LISREL models, we attempted toﬁ;analyze “the
'f”model as’ shown in Flgure Cc8. 1 ' DR N o

The ba51c 1dea was to use the metric‘ scale_vas 'thef

-‘reference varlable ABORT. By. d01ng th1s, the metrlc of this

'scale would estab11sh the metric of the latent varlable. In

-,

"‘v.addltlon, the estlmates of the factor loadlngs of the otherﬁ o
p

;1tems HEALTH RAPE and ANY would also be expressed 1n termsf

of the reference varlable ABORT._In order to f1nd converge £
.

;;{hev1dence that the means and var1ances d1ffer between

ﬁthn1ted States and West GermanY; ﬁ“: INte"ded to exam\ge';yj

"'f“fwo countrzes us1ng the LiSREL model 'i : "”“, -

51m11ar1t1es and dlfferences in means and varlances %f['the

;ik :'started by . comput;ng the . polyser1al 3-3@3{:fe
' tetrachoriCal cOrrelat1ons- flrst because the appllcatlon,bgj;h
of factor analys‘f to the dxchotomous ‘1tems may lead to};;tt%

'\dlffxculty factors (see Sectlon 1 2) and second,,because'

LN
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L B R . Lo . o ,".if”ﬁ v" ST
'vthe_; model ‘\cons1sts in,a, mlxture of~ d1chotomous and
- contlnuous 1tems._Assum1ng that the observed d1cho%omous and
[ contlnuous var1ables are manlfestatlons of underLyrng latent

N

varlables Whlch are. normally dlStleuféa the ponserlal $1T*

correlatlon- coefj1c1ent i;?the:(iauent) correlat1on betWesn ”f

a palr of latent responscvto ”the:-marlable- (Muthen,w 1983—““
Recent ver51ons of the LISREL computer program fncihdeﬁj
fobaigorlthms for f computlng 'tetrachor*é : and polyserial

'-‘f correlatlons. However, 't program’ does fan prov1de

LTy, .
SUOE

procedures to handle thlS feathre 1n"comb1nat10n Klth
stacked models. The problem 1s that the latent varlable :1§
bxﬂ standardlzed and so, the metrlc is lost._As a consequence,f":ﬁ;
the questlon reoccured whether the slope,h_fj;the referencelkiphﬁ

_«\\ varlable ABORT is 1nvar1ant across ‘the two countr1es."' |

) One suggestlon to c1rcumvent th1s problem to uéég,

'f only contlnuous var1ables fqg the use of cross nat1onal fpjigl
LISREL models and to analyze_ thelr ,covarzance matr1x.‘ An.H"hm
example “how th;s-:c “be accompl1shed is glven in. Fzgureiﬂtiff
Cs8. 2 Agaln“thef 1tem ABORT .1s used _,”thef reference

ig; i varlable., However, 'th 1tems SUICIDE and EUTHENASIA are :
) vassumed to\be cont1nuous.:By means of thzs model }cant”fﬁfi

ex 1ne whether the attltudes toward abortlon ane art of a
20 P

ig-mori.general concept e g.,- prol;fe“ att1tude.

‘ -\ analyzlng _the covar1ance. matrlx the scale of the ‘

,?iaténtf'varlab}e ndﬂfvthe‘ observed | var1able'7_fsff;nof,ft;if
standard1zed Thls means that the reference var1ab1e ABORT
w111 prove useful in establlsh1ng the 'metrzc j‘f both the

latent var1able and the other var1ables for the Amer1cans

Lt 60
- - . "



'7and West Germans. As a consequence, meanlhgful comparlsohﬁ_?

;1;can be made between the means of the. latent varlable for the;?

o two: countr;es.- Unfortunately,'we were not able to test thex,,_fb

ﬁ”latter model to the data because the German data does~?“
'~not prov1de the varlables that were relevant for the model

Another solutron for the problem mentloned abpve, m1ght'

thT'thei- of the"c mputer program LISCOMP (Muthen,.1987)h

which - is_ espec1all h‘wellv su1ted__fo categorlcal "ana,}»

Le

L ;lNon 11near factor analys1sb .

| future research non I&near factor analyt1c methods

;7'should be: examlned ‘These methods have ‘been: developed f ';h?ﬁfl

‘,_dlchotomous 1tems and assume that _th latent tralt 1s;

“fnormally -distributed. Slnce these methods prov1de promlslqg“:
i1nd1ces . that 5'Céhn. be;'used .as” d§t151on cr1ter1a for;7

»“fdeterm1n1ng un1d1menS1ona11ty,,resea¥ch on the robustness of

"fthese' methods (partlcularly when' there 'lsc a_non.normal.

‘_dlstrlbutlon of the latent tralt) 1s needed

W0

" Latent Class 'nethod;""_* L e |
: of - latent class ana1y51s and latent tralt models,thhe
latter strlkes .us as most promlslng fing the context of;'H‘
‘attltude measurement\~However latent class scallng models -
'have f yet been app11ed on .a broad scale 1n the area of :
‘attltude measurement and therefore, constltute.a less well

ffdeveloped alternat1ve to the latent traIt models Moreoever,;

\e is not much 1nformat1on about the relat1onsh1p between:_‘-~*

-

'“.-rclassf and latent tra1t models (eucept1ons are Clogg,@ﬁpfﬂ'*




y b -

-»

Fa)

":[1987- . Van der Llnden, 1978) Research needs to be done tof,"“

*'th1s\P

, *and para
. +

: fAnother suggestlon for future research ng: the development‘

:7;deal Wlth restrlctlons on response probabllltles so that the E

, terv- est1mat10n for underldentlefled 'models.a'

‘ts of both apprOaches are ea51er to compare. Of C°Ursef}..wm

,earch 1nvolves the problems of model 1dent1f1catloﬁ‘; f

'wof approplate data ana1y51s procedures for handllng moderatepl'”

'-21tem .sets.ﬂ Researchers‘\that attack thls vproblem e w1llh st

"*survey résearch e -va “mafﬁ

"r"ffac1l1tate the ,use"'f latent class models 1n the area of“'"
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| _APPENDIX A

-

' Engiish'andiGermaﬁlverSions'Of:thefAbortionhItemsikr?'f..

:daENGLISH VERSION OF THEAQUESTIONS' o ”_L;V- : ﬂ7_{’y*

'Please tell me whether “in your oplnlon a’ woman should have a:
" legal r1ght to an abortlon....._

*,1.:,1f there'. _1s strong chance of serrous defect 1n the"“

baby.
_chlldren.‘
. pregnancy..

- more: chlldren, ' -
if the woman. became pregnant as a resultlof rape.._“

.;ﬂthe father of the child.
v 1f the woman wants 1t for any reason.

-GERMAN“VERSION'O#”THE- UESTlons-a'?"f""" S

. if ‘the woman is marrled and does not want any morent¥;;f
;',1f the woman 's. health 1s serlously endangered by theﬁff_bu

. if. the’ famlrf has a low 1ncome. and cannot afford ianyff”~“

. if “the -wbman is not: marrled and does ot want ‘to marry.;j'jf

. Bitte sagen Sie mir, ‘es Ihrer ' Meinung nach einer " Frau

rgesetzlil "moglich -.sein” *sollte - oder. . n1cht,‘v.einen:.
=.¢Schwangerschaftsabruch vornehmen zu lassen....... L
a : Baby mlt_‘_ he
‘.Jernsthafte Schad1gung ‘haben
. “wenn. die  Frau verhelraﬁé
~haben- gochte. ' ' SRS
dile Gesundhelt der Frau'dbrch d1e Schwangerschaft;
1aft gefahrdet ist.: '

~upd . sich keine Kinder mehr: leisten kann.

nicht helraten mochte.

Grund sie dafur hat - 3

’eine'fti”“

L_und ke1ne K1nder mehr;"

amilie nur: uber'ein ger1nges Elnkommen verfugt.f1[h,

wenn die Schwangerschaft Folge einer Vergewaltzgung 1Str;~'fﬂ
denn'dle Frau ‘unverheiratet . 1st und der Vater des- Klndesa L

'"vWe““ die: Frau  es’ "wlll unabhanglg davon, welchen;a””°”
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' Table B 2 The P and Po matrlx of the Seven Abortlon
Sl Items for the West Germans. '
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» :Table C 1 Latent Class Dlstrlbutlons Under the Models 1n _f'
' Table 7. 4 for the Amerlcans P A -

?

.. UNITED STATES

"Vf'ubde11*j~' : :f Scale Type Probabllltles

 high approval ", .. low approval . .
'-,,I- 11 ITI \ﬁly v . uc R

My _“~.5o~j.01>;“;03~; .32
Mg . . .43 .01 .0 .02 -1 o.24
M, .51 ,00-. .03 .32
Mg - . - .4F .01 .00 .24
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M o .43 .01 .06 - .24
M, . ,49 .02 . .03 - .32
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" Note: - refers to. parameter not - 1ncluded in given model.
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‘ *f}Tabié C;Zé Latent Class D1str1bdtlonSNUnder the Models in
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Table C 8z Results from the Flscher and Schle1bechner Testte_ffw

/7“m4“ N 5" ‘of the- Fivye: Abort1on Items for the Amer;can

hlgh/low Scoregroups

e”Varlable o

Item Parameters’
h1gh"‘v‘“-x

low

.;. Pa1r WISe T Tests of the equal1ty of 1tem parameters;j'fu

Daﬁﬁenepqe h;gh;lowff

tiRape B
,“Nomore';‘

"*—BQT‘
Com1.0
J21

.81
185

= 41"
o271
.48
1580

- 2 74"
- )\{‘ - ?_0 . 29




'L Table C 9 Results of the BINO Test for the Four S%“V
cE Abortlon Items for West Germans\in PML

Score frqu _ pos1t1ve 'Cbserved . pred1cted One~sxded
group lj;-,f_j answers proport1on proport1on b1no

=]

'?’DEFECT'"

1;_ 134 082 - R e r.63'< T 36

2 1017 10120 5_v1~xﬂ;,99n;_ w99 19
. 3. 0268 267 0 L0099 0 o 99 0 ey
Mo%enaars s Uy= S 2 S P APRRIE PR

c el

o "‘

S 0,99 e 89 L g8

S I NGLE

N L o S .
, o -ﬂ§

134 1 - 00‘1 s

N o9 ”;_,-.ooafﬁv

. 3..°.268 7 146 S -1- S
Molenaar s Uk- 92 ' B

[\ JS=Y
-
o=l
ary

~}

\0

\ . - L o i
. . :

1 131, ~*\-/ o” s 000 LT .00

“f Molenaar s Uk -0. 22 - A i T H__: S

2 e SRR 00, T ,~o1 o f’[‘_1:445"'f5;§-
g%B o 127 . ' 47. AT L ‘;45~.~.‘*"

e Sy , N



,,Variébléffﬂfjﬁ,]fﬁpifiicultngar-aj: ;Peréon Paﬁémeterf

RAPE DR
SINGLé oo gt 55

Tablé C 10 Results from the Flscher and 5ch1e1bechner Tegt
.. .~ of the Four Abortion Items for the West German

.

Palr.w1se T- Tests of the equa11ty of 1tem parametersv;

;" Varlable - ‘°=5,"'e Item Parameters  _Drﬁference-hlgh—loweffvf

DEFEﬁ g“** .«-.-2;97-5 -~2.7,8».: . -0"26 : E
TANy " S 2v76 2016 ',-3.':..3,3 -

3 ., o T <

'Table C 11- Item and Person Parameter Estlmates of the,
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FIGURE C8 1s Model w:Lth dlchotanous varlables and ABORT
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