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I. THEORY

rgﬁﬁxaéuctiﬁﬂ

useful for evaluating the fit f@ data of a certain class of probabilistic models.
These models appiy to sets of ﬁichatnmaus (0,1) responses for which there are

PﬁSltEd to exist a 1r;ar1 dependen;y structures. Examples of relevaﬂt types of

data are sucgess/faliuré patterns from Eiagetian tasks, learning hierarchies,
andwégmaingggféfgn;edx?gstsg‘agwwgil‘asragrée/disagrée res@&nges.ffam attitude

instruments.

Sumary of the Model

Using the notation from Dayton and Macready (1976), where the'madelris
developed in more detail, we assume K distinct t33ké eaéh of which can be
scored 0,1 for a sémple.af n individuals. Corresponding to an a priori degen&éncy
structure, a hypothetical set of 0,1 response patterns (true score pattérﬁs) exis%s‘
which would tyglfy an "1deai“ group of respaﬂdents (i. 2., a graup matchlng the
latent structure). We let

] R

(1) Rusd = DPRuglvsdey - T
be the PrDbabllltg éf an abserveﬂ rESPQnSE ‘vector, usﬂg ‘Wwhere there are q-
hypothetical true score p@ﬁternsg Vi 5 J = L1y.005Qs with relative fiequeng;es of -
occurrence, &5 ( ?:1(3 = 1). The conditional pﬁbabﬂities, P(us i;l) are
“rearultment" prnbabilitles which connect the observed response patterns to the

true score patterns. The general class of recruitment probabilities which are

- Qf interest take an the farm

K
(2) P(ug [vy) = ma, #4501 ~ o )Eijggij - ) i T

i=1l .
The parameters o, and B, are "error" prebabilities which are interpretable,
respecilvgly, as "intrusion" (e. g.g gu2551ﬂg) and "omission" (e.g., fﬂrgetiing)

error rates, while the caeffic;ents? a4 thraubh dii'are 0orl and are chasen

to correspond-to the particular us and v vectors iﬁFGlVEd-

.4



For example, with K = 3 and an a priori Guttmaﬁ scale, the 4 true score
patterns would be vy = (00 0)* , v2 = (10 0)", v3 =(110)", and v4 = (lni nt,
‘and the different possible observed vectors, Uy , are the 23 = § ordered sets of
0's and 1's: (0 0 0)"; (10 0)"; (0 10)%;5 (110)'5(001)"; (1L01)'s5(011)s
(1 11)*. Each of the & possible observed vectors may arise from any one of the
4 true score patterns by suitable choices for the coefficients aij-thraugh diq.

For simplicity, let Ei =1~ @a; and Ei = 1 - By ; then, the recruitment
probabilities, PQgsliﬁ)aréz

- Observed -+ - - - - Trye Score - Patterns - - -~
Pattern o0 o0 __ 1006 _I 30 111

000 @y ap o3 By a2 a3 By Bz a3 By B2 B3

100 ay ap O3 By az a3 " By Bz a3 By B2 B3

010 ay ap a3 Bl a2 o3 By By a3 By Bz B3

I

w|
Ko

@) ap a3 By a2 az -~ By Bp a3 By B2

@
)

0
1

101 o] az a3 By @2 ag By Eéﬂs - B1 B2
1

™|
M\
™}
L

0 @y ap o3 By @2 a3 By B2 a3 By |

33

L
o
Mw
|

111 @) ap o3 By @2 aj By B2 a3 B ¢

The total Prcbability for a given observed pattern is the weighted sum of the
appropriate recruitment probabilities using the weights, jS E.g.;
P(ug = (01 0)") = 01010203 + 02810203 + 03B182a3 + 04818283

Estimation Procedures

EIS.

Forn= I ngvgéspgndEﬁts, the likelihood for the sample ig--

s=1..

(3)

 _9where,£g is an observed 0,1 vector given by ng respondents. . With g a priori

true score patterns, there are 2K + q - 1 independent parameters to estimate

and problems arise from 2 sources: (1) the parameters may be ﬂ@ﬁ#idéﬁtifiablég




3

;"“””“”(II);?EE“sét"cf'partialhdezivatives of L with respect to the o47, ai,sgand,si{_i,;;;d
(the normal equations) are, in gencral, non-linear in the parameters. o
(1) Non—LdenﬁiE;able Models — consistent estimates ﬁill not be available
in this eircumstance égé ?ke»médei must be restricted suitably to permit
estimation. For example, with true score patterns of vy = (0 0 -.- 0)' and

v2 = (1 1 e« 1) only, the model is identifiable so long as K > 3. However,

£

with true score patterns typifying a linear hierarchy, the model is not
identifiable; the restrictions a; = a and By =B de,;ésﬁit in an identifiable model

'so long as K> 4.
- (1I1) Non-Iinear Normal Eéuatigns érsineé the data may be represented as

Affagﬁencies of occurrence, nsr, for the 2K possible 0,1 outcome pétternsg an

iterative maximum likelihood (HL) estimation scheme (Fisher's method of scoring)

can be employed (Rao, 1965). Computer programs written in FORTRAN IV have been

developed around this iterative ML algorithm for the following casesl:

MODEL3 ~ true score patterns are (0 0 «<s 0) and (1 1 «-« 1) only:.
@; =a , B; =B is assumed (this model is, simply, a
mixture of two binomials).

MODEL3G - true score patterns are (é 0 ««s 0) and (1 1 +-+ 1) only;

@, and B; are estimated per task (item).

MODELS ~ true score patterns may be any linear or branching
hierarchy; a; = « and B3 = 3 are assumed (optionally,

@y = B; = a can be imposed as a further restriction). s

Standard (Pearson) chi-square goodness-of-fit tests can be utilized by -

computing "expected" frequencies for each of the 2K possible respcnserpatterﬂs_
L] .

Let o

(4) P(ug) =

be found by substitutiﬁgNML estimatas-in.(l) and (2). Then, the axpecféd

~

P(ug [v4)* 8y

YS§ingle copies of program listings and a user's manual are available by writing
the authors at Department of Measurement & Statistics, Sollege of Education,
University of Maryland, College Park, Md. 20742, : '




" frequencies are given by

(5) ng = nef(ug).
and the Pearson c%issquare statistic is
9] .
(6) ¢p = th(ns - fig)?/fs]
S;

- vhich can be evaluated (for "large" n) as chi-square with degrees of freedom

under the model (e.g., q¢' = 3 in MODEL3; q' = 2K + 1 in MODEL3CG; g*'=q + 1 in

MODELS )

= f

) As an alternative to the’ Pearsﬂﬁ chi-square statistic, the flfted model’

can be compared to ihe Eest—fitting multlnamlal den31ty by a likélthGd ratio
test. The estimators for Plug) under the multinomial madel are Hs/n and the
likelihood ratioK*E

2
(7) A= [F(_S)/(ns/n)]

8=
where ﬁkgs) is as defined in (4). For "large" n, cj = -2log,A is a Ehissquarg
statistic with 2K - q' = 1 degrees of freedom (the Pearson and likelihood ratio

statistics are asymptotically eguivalent),

Comparisons among Models

Two different forms of the probabilistic model in (1) and (2)‘233 be
compared on the same set of data if one model can be derived from the other by
imposing linear restrictions on the parameters. For cxample, MODEL3 can be
derived from HDDEESG by sétting ay = g aﬁdg = Biﬁtﬁusg the relative fits of these
two models Eén be éampaiéd:m Similarly, there is great flexibility -in campar1ng '
differéﬁtbhieraréhic structures under MODELS. Models related in the abave
manner are dESLrled as exhibiting "subset inclusion" amang the parametérs. By
ac rﬁftEEtlﬂﬂ of the. 11kél1haad ratio iest far th in (7), we can compare maﬂels

obeying subset inclusion. Assume that the more complex model is based on



5
fitting rq parameters, while the less complex model in?@lves rg,{ ry parameters;
that is, r] - ry festricfians have been impased when ﬁériviﬁg the second model
from the first model. Let Aj and A, be likelihood ratias;derivédras in (7) for

: th’ respective models., Than, ¢y = sélagg(lg/Al) = ¢g - c¢1 is a chi-square

. statistic with ry - ¥y degrees of freedom and this statistic provides a basis for

é deciding whether or not the more restricted form of the model is a poorer fit to

éthe data than the more complex model,

1Grass—Val1datlan Df Hadels

-The same form of the probabilistic model (e.g., linear hierarchy) may be
Egsitéa'fér samples which differ systematically (e.g., males and females).
Although some general procedures can be used to compare the consistency of
observed frequencies in different samples (chi-square or Kolmogorov-Smirnov
statisties), the comparability of parameter estlmates can be assesseﬂ by a double
cross-validation technique. That is, pa:ameter estimates for the relevant
parameters (O3 , @; , ete.) are derived from each-sampie separately and then
fitted to frequencies from the other sampleir Wwith appropriate modifications to
degrees of freedaﬁ (ZK ﬁrl rather thaﬁ oK . q! ~ l);_the cross~validation chi-
squares for goodness~-of-fit provide evidence fér the consistency of parameter
estimates aér@ss samples. | -

Significance Tests for Parameters

Inter-sample and intra-sample significance tests are a?ailaﬁlerfar iﬁdividual
parameters (assumlng large samplesy since thé lnteratlve ML estlmatign procedure -
yields asympiat;c sampling variance-covariarice- QStlmates‘ APPIDPILSfE 1ntra—5ample
hypotheses are 05 = Dy , &5 = Aj , or By = Bi y where ng'Aig and Bi are ordinarily
0, and the test statistics are ,

(8 = (05 - Dy 3%, 23 = (Em 8)/S, s ete.
If several such tests are canductgd for the same set af data and s;multanecus

“control, of ithe Type— error rate is ﬂeglred the Bonferroni (Flsher—Dunn) approach




is generally appropriate and involves merely the setting of the significance
" level per test at 1/m of the total desired Type I error rate (where m is the

number of statistical tests being conducted). In addition, it is possible to

A common example involves MODELS where the equality of intrusion and omission
error rates would imply the hypothesis « = 8. Since "large" sample estimates
of the relevant variances and covariances are available, the test can be set

up as

O z=@=B) S -2

' Simila:lyg inter-sample tests for hypotheses such as a;, = a,, are-

of the form

(10) z = ( q
. : , 12 ' 7 . '
where the sample is referenced by the second subscript (e.g., @;; is the estimate

for the "guessing' error rate on task i in sample 1).




IT1. APPLICATIONS OF MODELS
In this section of the paper two sets of data are used as the basis of
separate analyses in order to pr0V1dE examples of a variety of analytic procedures
that can be applled within the context of ihéimodels.rréjmw{“

Role Conflict Example

The first example is baseﬂ on the data from a study by Stouffer and Toby

(1951) ﬂeallnﬁ with _individuals role conflict in determlﬂlng "the proper thing

to do" in a moraliy canfllctlﬂg situation 1ﬂVDlV1ﬂg confllcts between obligations

Their data are based on two forms of a four itém questia;naire both of Whié?
were completed by 216 randomly assigned uﬁéergraﬂuaté'stﬁdents. |
For form I (Ego faces dilemma) of the questionnaire, the respondent was

faced with the following role confliets:

1. You are riding in a car driven by a close friend, and he hits a
a pedestrian. You know he was going at least 35 miles an hour in a
20-mile-an~-hour speed zone. There are no other witnesses.  His lawyer
says that if you testify under oath that the speed was only 20 miles
an hour, it may save him from serious consequences. "What do‘you
think you'd probably do in view of the obligations of a sworn witness
and the obligation to your friend?

Check one: ,
) Testify thal he was going 20 miles an hour
_ Not testify that he was going 20 miles an hauf.

2. You are a New York drama eritic, A close friend of yours has
sunk all his savings in a new Broadway play. You really think the
play is no good, Would you go easy on his play in your review in
- view of your obllgatluns to your readers and your obllgatlgn to
. your friend?
Check one:
Yes
No

3. You are a doctor for an insurance company. You examine a
close friend who needs more insurance. You find that he is in
. pretty good shape, but your are doubtful on one or two minor points
which are difficult to diagnose. Would you shade the doubts in
~his favor in view of your obligations to ihe insurance company
and your obligation to your friend?
Check one:
' Yes
"No

10

[ S el et



4. You have just come from a secret meeting of the baard Df

" directors of a company. You have a close friend who will be
ruined unless he can get out of the market before the board's
decision becemes known. You happen to be having dinner at that
friend's home this same evening. Would you tip him off in view
of your obligations to the company and your obligation to your

friend?
Check one:
Yes
ND

While for form II (Friend faces dilemna) of the guestiOnnairé the'st@riés were

rewritten so that a filend of the respgndent was faced wzth the same dllemmas.'

On the basis of a Guttman scalagram analy31s Stouffer & Iaby (1951) p351te

-:f:that there may e : a llnear scale underlYlng “their lnstrumEﬁt.—'Tﬁey state*;'

This fusion of variables in our 51tuat10n does seem to generate
a unidimensional scale, the dimension involved being the degree -
of strength of a latent tendency to be loyal to a friend even -
at the cost of other principles. The rank groupings would

"~ 7 represent ordered degrees of probability of taklng the friend's
-51&& in a role conflict p. 400, _ o

" The Guktman scalogram anaiy51s5 for both questiéﬂnaires>resulteﬂ in the following

D;ier of items: 4, 3, 2, 1 where all preceding 1tems are EGﬁSIdETEd to be
conditional prerequisites for responding 9331t1v31y to an 1tem. ThlS DIdEIlﬁg
resulted in reprédueibility coefficients of .92 and _ngyresﬁectively, for

forms I and II. These values are both larger than the minimally sufficient value

of 90 suggested by Guttman as necessaxy for a llnear ‘seale (Targerson, 1958).

Huwever, as Stouffer & Toby Po;nt Dut, thére are twa response patterns (11 0 l
and 10 1 0 for items 4 thraugh l, respectively, where a "l" 1nd1cates a yeg ‘
response to an item and a "g" indicates a no response to an 1tem) w1th Ielatlvely
hlgh frequenales of occurrence whlch are not EOmPatlblE Wlth the 11near scale
(see Tables I & II). |

If these two respgnse patterns are added as '"true score' responsé paftérﬁs “

to these true score patterns fbr a linear scale (EEE fbatnctes iD Tablés I and II)

a ultlng "branching hlerarchy" (as descrlbed in Hacready; 1975) is Dbtalned in-

Fhich the same conditional relations are Presentﬂas for'the-pogited'11nearfscaler73; -




Table T

Response Frequencies and Tests of Model Fit for Role Conflict Data-Form I

Response Observed Expected
‘Patterns Frequencies , ] Frequencies

Linear Branching
321 - ~ Model ___Hierarchy

.

Ltems:

- 41,057 ' 41,400
24,102 28,443
8,248 5.903
.. 5.640 - 6,138
'1.899 1.742
22,169 24,002
14,117 25,214
2.567 : - 2.565
13,608 7.335
2.058 1,973
1.974 .899
41.909 37.573
6.249 9.947
5.990 4,417
5.974 3.813 .o
18.441 19.637

0@ b
0
o .
1 .
ob
1
0
1

a

OO\ 00N I O Oy O

HOMRHMHOOOHRHKHOOOMO
je
]
8
o
e ]

HFHOMMHOMKHOOKMOOKOO
HHNHOMHONRONHOOROOO

o
el

Reproducibility Coefficient .92

Chi Square Tests A
" Goodness of Fit . ' 18.5657 02,7684
Difference in Fit B 15.7973. :
Degrees of Freedom ' 9 -2 7 -
P-Value .029 .000 v .906

4True score response patterns for the linear scale model.
bTrue score response patterns for the branching hierarchy model. -




' Table IT

Response Frequenclea and Tests Df’Madel Flt for Ra;e Conf 1ét;Dété%férm_iiffufif’1J

RESPGHSE" :f, Dbserved f,'f °,i" 5"4 Exgected
Patternsf - jusneies L Frequencles

Llnear Q?—,f?r:;Branching =
Model ‘T*'Hlerarchy o

N
LRI
i T
‘F—J‘ : .

0&b. 37 ff29,783J;j EE a7, ozsg
b 31 - - 81,679 . - - 30.688 .
' 11,821 e 6,810
C 6,629 o 405200
- 5,948 . ..02.2700 0
82,895 - ... 27,570 -
© 70,2090 o - 16.281
65918 7 5,111
64251 .. o B.256 -
2,960 ;,:4;243{ Tl
25,9757 . - 25,673 .
10,064 . 20,701 e
5,653 4,580

.“u“ . .
o e ‘\
Il

o
|
i
00 s GO C1 RO 08 Ov i L1 O B 0N Cn

Howywuobwgwodawpﬂ<f

HHOHHOHHOOKO OO O
MHHOHRNOKROMHOOHROOO

1
. 1. , 7 4,530 .
1 , 4,884 . 4,094
18,b 20 22,783 . 20:178
' VlREPerﬂclblllty Gﬂeff;c;ent w91

“"Chi- Square Tests - . AR B
T e Goodness of Fit - : 27,9201 - ' 5.3686
T - Difference in Fit ' ot 22,5515 - L
A " Degrees of" Preedc)m R « R AT 2 e R o E e S
: P—Value : , B .001 ,000  .615 .~

aTrue score response Patterns for the 11near scale mgdel R
bTrue score response patterns fhr the branchlnﬁ hAEvarchy madel;,;




: except that
(a) ;tem 3 is th a candlilmnal prerequlslte for Itéﬁxii}éhﬂﬁ’-

(b) 1tem 2 1s'nat a cﬂndlticnal preregu1blte fbr ltém 1"

TfAlt is ESSEmEd thﬂt a, =@ anﬂ B = B f@r i= (1 E 23, 4) then both the linear f;? e

f' HEAe

madel and the branchlng hle:archy dESEIlQEd abave are spec1al cases foz Model 5
| “  descrlbed in part I of this gaper. The resultlng expected f%equencies fbr the ;szf‘,.;

ri;ii;ésgonse patterns (based on Maxlmum leellhogd parameter est;mates) under each
[af the above madels are p:esented in Tables I & II; fﬁr questlannalre fgrms I &
CII resgectlvely. Note that the accuracy of the estlmated frequenc;es fbr ther; ;?i;
wiibranchlng hlerarchy in most cases pzov;des clmser approxlmatlcns tD the observedi;ld
“frequencles than thase obtalned under tﬁg linear model “As mlght be. expected ,ilffi':;
“chiésqﬁare’tasts cf fit for éach test form WLth*ievelfaf 51gnliicance set at QS-?‘f fi?
%:;;,;resu;ted in "acceptable fl*" only fcr the branchlng h;erarchy. Tn addltlana thezf

7 branchlng hlerarchy mmdel was “found to Prov;de s;gnlficant;y better flt than ;’*f‘.;ﬂf5*

”7': was Prov;ded by the llnear madel (see Tables T & II)
Equallty between QO¥IESPDﬂﬂlﬂg paraméters under the branchiﬂg hlerarchy
“7f; mﬂﬂel fbr the twagguestlonnalre forms were slmultanéousiy tested via a dauble

 EIOSS=VElldat10ﬂ Prﬂcedure. Th;s ana1y51s, the results of whlch are. gresenfed

"; 1n Table III: led fo the IEjEEthH of the hvpoth251s of equailty when a .05 level;l

«17~¢f:5¢51gn1flcance was- used ThlS is. supportlve ev1denze fb: :eparate post nac c:"“

rzparlsons testlng equallty Df valu3a far Each Pazameie: fhun& unﬂer the two fbrm5,1

”'”?}”Dauble Cross—valldatlﬂn fbl the Hlerarchlc Moﬂel across Forms gf Questlannalre

QuestlaﬁnalrewEgrm '§£;' ;P;?éiuéfl,*

”Paraﬁ;eter Fitted ,

estimates - data e 7 o S

4 b soe o1 oo
:B‘  V%ifzarA: ;—7, 1 26-305f ,»v.; f";,  15 : V;ﬁ;éSS':'f




S j.' - Table IV

Maxlmum leellhaad Parameier Estlmates and t591z Standard Errars fur Rale Gonfllct Data ”;fi  ; ¥ff7; i

“&mlfi ,fﬂﬂ’f; W \%mil : JJf %%ﬁmmuehmPamﬁgi
. .7 | N CDmParlscns for Hierarchi
M@del

f"3Tfﬁe‘SgGré,f'f”f' 71Linear 'Hj.  HigI§r¢hig3:m,f,' Llnear :f} | Hlerafchic

. .

o L 9Sté?ﬁ:*Paféméféf7?3fds;-~‘}Paramefer Stl“ Paramater sf&li;ﬁ U htailed
IIEEE&_j%ji}%;;-] sty Bvor . est, emvor et Errnrr est | errér z sccres P=Values

S R TN RN I R RS ,‘:9042:_ ;;__@49'r~-7a;;6z.-:;

L8006 L0BTL 0L 2019 L0 I3 L087 S-L03 30
B AL A S CRE RS S L
o 095,088 67 06 6Ll 040 A4 040 L LS 1
oo lITL 8T 08 e 08 18505 2809 1;o%7~-,: SR RN
L0 e BB e e 08 L2
e X101 e e 0460 024 n"ea -£‘é%“l\.EE?‘uéﬁ3ﬁj!215,,T¢%§;¢

- Response
CRrers s T ii}*"*'e'i",', N T e
SR R R ERON - - IR IR B | FRET 1 S ER
B L I AR




The maximum Likelihood parameter estimates and their corresponding -

'-eefimeted standard errors obtained under eeeﬁwef the'deeeeibeé quelelfbr‘
J*;[,fb:me i & II are presented in Table IV, Note thet;unier the hierarchie model, - -

-'jiethere'ere "mederete" (Ieletivevt@ethe etendefﬁuerr@re) differeneee,fbuad between

-,f.

”';'the fbrm estimates of eerreepondlng PIGPOILLDHQ fcr some ef the true score o

IeEPDnee patterns (namely l 000, 1 l 1 05 1 0 l 0 end l l D 1)_ 1Hawever,

elgﬁlfieent dlfferenee between the eetimated pfoportlene aeeured enly 1n the‘ie
"eaee of reePenee pettern 11 G 1. On the ether hand eerreependlng eetlmeiee
rl;ref eeeh of the error paxemeters show Extremely emall differeneee. Theee comblned j
findiﬂge prav1de support fbg;the e0n+entlen ihjt d;ffereneee thet do exlet for 7 '

~”the two proeeduree ef teetlng, do not effeet ¥ T0r ratee" buf do aifeet the

p;epartloﬂ of individuals found WLihln each of the true eeere re:penee Patterne.

'.The specific neture of this effeet is, hewever3 at beet vague.

Baeed on ihe ﬂ:ffereneee undexr fhe hﬁerarehle medel in the eetimated true

kL
=

':‘;eeare proporticne ef’indlviduele who "should" reegend'geeitlvely'te itemevl

riﬂfi thrgugh 4, fbr forms I & II (thESE ﬂlffélenﬂé% afé IESPEQt1VElY = 093 + 13

i ~.DS anﬂ —VDS) the follow1ng eongeeture ‘seems EPPIDEIIEtE inﬂi#iddele‘underyi

:guestlonne;;e fﬂrm I tend te Eroduee more elmultaneoue Eae;tlve reepoﬂeee on fi”“'“:’v”

"'elteme 1 enﬂ .3, which are in one breneh of fhe POSltEd hlerezehy; wfile 1nd1v1dua;e
Trunder gueetlonnelre form II tend to produee more poeltlve Ieepeﬁ es fe,;tem 23—:,"”

’.Lwhieh.ieuetzthe,end Df:ether branch of the hiererehyi'e

‘:?eiDemaln Referenced Teetlng Eeemgle

The eeeond exemple is beeed on the dete fiom a etudy ky Meereedy end Deyton;gséﬁ

f?'xf;Refereneed Teet (DRT)5 were 1nveeilgeted This demein eenta;ne 1teme 1nvolv1ﬂgv o

beif41nteger multlpileetlen in- wbleh (e) tne mﬂlthllEI1haSia ﬁlgltS; (b) the mulilpileen;

7 hae eliner Kl or 4 dlglte and (e) there is at 1eaet DﬂE "earry" QpeIeLleﬂ ibr eeeh ki'¥'h

.

;_;:ﬂigee ;n_the meltiglier. The SEElelE deta can&!&tfed ;e beeed on dlcetomue 1tem




'VVDtth than all zeros Dr all @nes oceurs 13 due t@ guess;ng or fbrgettlng errcr% '

7y Tablﬂ V)" The data for the rema;nlng 142 students here used as a crags—valldatlan f:

ffﬁgfva;ues_ In fact; ay ‘15 the Dnly guese error: Parameker that differs 51gﬂ1flcantlyr

. tha LDnStTUCtlDﬂ and rev1s;an af ;tem ﬂama;ns be base& Dn the hamegene;ty cf»

- respEﬂtlvely guess and fﬁrget errcrs) and Hgdel 3 (whlch is a Spec;a; case of

‘ Méﬂél 3G in whlch gi =a and Bi = ﬂ fbr all 1) are angrcprlafe mcdels fbr the

R

dcmaln fbr 284 faurth g:ade stLGEHts,

Macready aﬂ' HElen (1973) as weli ‘as Har:;s (1974) have suggestéé fhat

ltem.cantent anﬂ ihé 1nterna1 can31sten§y af}exam;nee s 1tam respaﬂses SD that
1t is maré reasanahle to assuma that a SPEElfiEd 1n61V1dual 21ther haa acqulred
the necessary concepts aﬂd/ar skllls to respand cgrféctly ta (a) all 1tem5 fﬁ[ -
Wlthlﬂ the d@ma;ﬂ or (b) nﬂne gf the Items w1thin the d@maln. If this klﬂd Qf

relatlan hclﬂs fbr the 1tems w1th1n a damaln thén the Dnly trué scgze resgmrse

Eafﬁerns are 00 D-a-D and 1 l l---l (; 5.3 the anly reasan why a réspanse;pattern_

an Qne or m@re Df the *tems) Thus Madel 3G (1n wh;eh the Dnly true sca:e E ﬁ't'

Eatterns are [0 0 D"'D] and [1 1 1-.;1] and fbr each 1tem " ;i and Bi are

assessment af fhe ﬁature aﬂd relatlans amang LtEmS w1th1n doma;ns.ii_ff
the Drlglnal sampla of 284 were. used ta generate maxlmum llkElthDd estlmates Df 7

the’ Parametérs and ‘their Standard errors. under baih Mﬂdels3 and 3¢ (presengéd 1n

Sample. -

R the Lhat the esilmated a srg under bcth madelsg are Ielat;vely Smai* ;ﬂ

magnitLde (e&cegt 38 ) when campared to the;r standard errcrs and the cDrrespondlnd

ifromvgera This aufcéme‘wasrexpected g;;gerthe items were Eresgnted"ln free

IESPDTISE farmat s ,,_7 , R .- - e R j - -____




Table V .
- Maximum Likelihood Parameter Estimates aﬁd'their,Staﬁdarﬂfgrféfé<fbrVDET:Qati_;;;g!;gi

. - . - N T ] 5]

_Model 3¢ ModelL 8

R AR 1

S ?afamétér. _k - Estimated std., -[.Parameter'  ‘1’EStimated E Std;‘A_r e
. _value _ ewvor _ _ valie  emor

s e e 0 a0 .0e8
R S E N A « —va;?as f'vi}, _,§a5}"
w07 062 o 1
ag. .02 029

ey .05 .08 o,

8y .25 089 8 . .34
e, . .22 062 .
:'sé 5T f  063

e a9 oes

= e
= =




Table VI .

;;1»7,7;:;v,1 j - Response Frequencies and Tests of Model Fit for DRT Data

SRR ObS%rVeﬂ Freq. - 7' EKPEC‘!:E;& :EI':E,,CIV- - :
“Response .. . Validation  Cross-val. . = - .. ——

Pattern = sample ~sample " - ° - Model 3G Model 3
0000 41 4] 41,04 41,07
1000 13 12 12,91 - - 5,95
0100 - 6 10 5.62 5,95
0010 1 8 1.30 . 6.95"
0001 4 8 4,04 - . 8.95
1100 7 "8 8,92 4,68
L1010 3 1. £ 1,93 - 4,68 ..
1001 6 2 . 6.18 4,68

0110 2 2 2,08 . 4,68
0101 5 © 5 6.61 4,68

0011 4 1 1.42 4,68

1110 7 g 6.19 832 .
1101 23 -16 19;74 ST 8,320 A
1011 1 4 4,22 832

w0111 4 6 . 490 - - 8,32 -
711110 15 120 14,95 . 15.82




; ebselute and relative flt provided by Medeie 3 end 3G, Ghl—equare reeuiie o

Erequene;ee eerleepondinﬂ ta eaeh of the 16 PDSSlblE reepenee patterne were

generated - These expeeted f:equenelee eleng W1Lh the ebeerVed ffequenelee

fbr boih the velidetlen and eroee—valldatlen eamplee are Ereeented 1n Tab;e Vl..A:,rI §

Theee frequenelee were used in the etetletleel eeeeeement of f1t prevlded by

' the modele, L

Iable VII preeente reeulis ef ehl—squere iee ts used in eeseeeiﬁg~beth

Ielated to medel validation and ereee—vaildatlen euggeet reeeonehle abeelute
frt only for Model 3G. | H - 7 | 7

The ehlsequare test related to relailve flt Pronde by the twe medele o B
reeulte& in-eiﬁnifieently betterrfit fef Hodel SGib Thie mey be 1nterpreted ee”-eiii

eV1denee supportive ef the eententien that ay Fal eed/er B #B for all i velues

The large eet;mated value for B3 appeere tO be a 10g12811y unreasonable eet1mete5v""'”

: thls euggeete the EOSSlblE need for eubd;v;dlng or etherWiee reet:uefur;ﬁg thie :.',ﬂ{fi

demaln.
Nete that it may be de51reb1e te elaeelf? examlneee obtelﬁlng eaeh reepenee
pei-tezn "3 " in eueh a way that mleelaeelfleatmn of the 't’Wc: true seore "1:yPee“ LT

(D 00 D end 11 l 1 which could be dubbed reegeetlvely "non=m35ters" end

-} “maeters") is m;nlm;eed

leen that the models are’ "adequete" repreeeﬁletlene ef the bEhEVlDI belng
a@eeesed Pleeemenf mey be 1mpiemented by eomgaring the IElEthE magnltudee

of the eet;mated joint regortiens fbr each res Dnee atterﬁ i B ﬁlth eaeh true .
p E P J O

 score type (l E'avP(JﬂDOOD) end P(Zﬂllll) whlch are presented in Teble ViiI R

B aﬁd elaee;fylng exem;neee obtelnlﬁﬁ reePenee pattern 3 as:

Vrlﬁ an exPEéted Prﬂpertlen of’m;eelaeelfied examlneee ef 0703,, For Hodel 3

(e) “meete::e", if ]?(31‘10000) < P(;Jnlul)

b (bjﬂ “nonamasters" 1f P(jAODOD) > (Jﬂllll)

Uﬂder thls etraiegy fbr Mbdel EG, the reegoeee Petterns deelgnetlng "non— e

maetery" Staiue are: 0 0 0 0, l 0 D 0 01 0 0, D 0 1 0 and 0 0 01 whleh results




- TableiViI

Mgdel Valldatlcn

P-value .49 . L000

- Model . - L i
. GIQSSEValidatigna,, : T

s+ Chi=Square 12,997 84,173 - o

Degrees of Freednm s » 7 15
:PéValue o 1 S .608 003"

”garlscn of
Models:.

Chi-Square . 52,643
| Eégreesigf Freedom o 6
S  Pvalue 000

~ ¥Model cross-validation was based on £it. provided by

" the original’ expected frequencies to the observed

frequencies obtained from the- 142 siudents not used '

_ in parameter ES‘ElﬂlﬂtlDH-A o

r
S

A sessment : . ; , MQdEl?(} Ht:!rdielé B

Chi-Square 9,459 51,758

Degrees of Freedom . 6 . . .?,12'  aw.;]}fif




... Estimated Joint ?rapc:rtians of Response Patterns and Masiery States -for DRT. Data ~ e

" Pable VITI

" Response
Pattern

0
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T

=

M R o
o FH + o©

=

000

000

1
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0

i

I

0
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o

=
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____._Model 3G ___

B(j0000)

.2837

,0748

.0208

0082

L0156
,0055

.0014

. .0041

,0004
.0011 -
.0003

.0001

- ,0003 .-

~.,0001

.0000

.0000 .

.0053
.0161
.0188
10040
,0128
.0573
.0123
" ,0391
L0142
0454
0097
,0435- '
- .1387
.0297
'-.oaééﬂ

1053

ot e wmg e e n

_ Modeld -

. B(inoo0o) -

~.2808
0259
L0250
L0359

L0259

1 .0024

.0024
.0024
.0024
.0024
,0024 -
L0002
.0002
.0002
L0002+

.0000

' 7523fofgﬁy;ena~"**"




Tf]the same ciass;f;eat;gn declslans are reached as abgve, hawever the expceted

. ."Ernpartlgn gf m;sclass;f;;d ‘examinces is .0876
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. Macready; G. B. & Dayton; C M. The use Df PIDbablllStlc m@dels in the o

‘ Macready, G. B.. & Merwin, dJ. C. Homagene;ty Wlthlﬂ item’ fnrms ‘in domaln

: Rac,::g C. R, Linear statistical 1nference and its aEEllcatloﬁs. ‘New York:
_ Stouffer, .S, A. & Toby, J. . Role cnnfllct and personality.’ Thégﬁmg;iégngf-'%éjff
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