.generated consisting of responses of 2,000 examinees to a 35 item

model, the study primarily tested LOGIST's simultaneous estimation
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AN EXPLORATION OF THE ROBUSTNESS OF FOUR ?EST EQUATING MODELS
Gary Skaggs
Robert W. Liseitz
University of Maryland

3

The application‘of item response theory (IRT) to neny‘neaéurenent problems hes

been one of the Rajor ps?chonet:ic breakthroughs of the past twenty years. IRT

methodology is currently being used in many large standardized testing programs, and o

at the same tire, & great deal of research is being done to ovelunte the robustnoss
of the procedures under a _variety of éonaitions- One of the moat inportant
applications of this nodel is in the area of test equating.

The purpose of tes oquating is to determine the. rolationship between raw
s;oras on two tests that measure the same ability. 'Equating can ho horizontal.
batween tests of aquivalent difflculty and content,. or vorticcl. between tosts of
intentionally different difficulties.

. Most conventional aspproaches to test equating have been déncribna as either

linear or equipercentile rethods (see Angoff, 1971) in éontralt to using item

response theory (IRT) (Lord, 1980; Wright & Stone, f1979) and are now widely used.

"In thesé techniguea, arnatnenatical relationship between raw scores on teats is

modeled. This relationship is based on estimeates of item paraneters from two tastnp
and placerent of these estinetes°on the sare scale.

A number of equating studies using IRT methods havo eppcarod in rocont yours.

¢

A majority of these have dealt with the one-paraneter logistic, or Rasch, acdel.

This nodel is the simplest of the IRT models but ealso the nost demending one in

L

terms of ita assunptions.

=

Several studies have found the Rasch rodel to be useful and appropriate for
item celibration and linkiné (Tinsley & Dawis, 1975; Rentz & Bashaw, 1877; Guskey,
1881; Forsyth. Seisangjan, & Gilner. 1%81), On the other hand. a nunbar of

LN -
researchers have noticed problems with tho Resch model for vertical equating




(Whitely & Dawis, 1974; Slinde & Linn, 1978 197%, Loyd & Hoover, 1980: Holmes,

1982).

Some of the inconsistency can be attributed to different equatinéJﬁesicns.

a Lferent types of test; be;ng equated. and different procedures used to analyze the
results. Regardless of the cause, there are sonenénndanental concerns about the
'Resch model. Tha'nast fregquently posnnlatad argunanﬁs concern the failure of the
- model ;o accaunt for chance scoring.'unaqual discrimination, and
nulﬁidinansionality.a The last concern applies to more conplexVIRT nodels’as walla
ﬁeaaarch uiiné the three~-paraneter lagiatic and other models has not been as
plantifnl es with the Resch model, but it suggests the sene 1ntarpretati¢a.'
difficulties. MNost of the studies hava'exan{ned the'three-parancter nodel in the

context of horizontal aquating of general ability'tosts.' This work hes generally

supported the use of the three-parameter model (Marcho, Petersen,.& Stewart. 1879;

Kolan, 1981; Petersen. Cock, & Stock;ng. 1981). For vertical equating. results have
been more mixed with some”studies finding tha there parameter model. to be more.

effoctive than tha Rasch model (Harco et al.. 1579; Kolen, 1981). Howeyar. the

'comparisan between the nodels has baen shown to depend largely on the cantant of the ) ‘
' .iests being equated (Kolen, 1981; Pat.araan et al., 1981; Holmes & Doody-Bo_rgan..
1983, | | ' | |
with all of this conflicting rasearch. ié is very difficult to naka Qecisiona.
about.howato use IRT equating or whether to'uae ig at ell. The purpaaa ofithav |
present study is to explo:e how.teat equating results can na affacnad by ﬁhe A
parameters of the itena.;nat nake up the tests bain§ aqnated. j
Four methods of aguating wena’anoaan raﬁreaanting,papular versions of linear, S
equipefcentile. Resch nodel, and thr::-paranatar'n;del‘techniquoa. Data for two ' E

tests plua an external anchor test were generated from & threa-paranater model in

which mean test d;fferences in d;fficulty. discrimination, and lower asymptote wera
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manipulated. Fp; Rasch model.and linear eguating, thic study.is an exploration of
ropusiness when the model’s assumptions are violated. .Fos the threg-pareneter
prodel, this study amounté to an éxanination of the paraneter est;nat;on strategy.
For the eéuibercen tile equat;ng. this study explores ite effectzveness under a ’
‘ variety of test condztzons.‘

NETHOD

Data - , | | o -

Detg in this study vere generated from the three-parameter logistic model:

.
e
x

| p(uij =‘1/'g.ai.§_;ci5 e - <1-c1><i . exp<—1.7ozai<93-b,>>>'1, (1
The response to item i by person 3, a O or 1, was dotern;nod by comparing tho
probaba‘zty def;ned by equation 1 to a randon nusmber drawn fron a (0,1) uniforl
d;str;butxon. If the probab;l;ty of & corroct response exceeded the randon number,
the 1tel vas scored as cortect. Otherwise. the 1tem was scored as 1ncorroct. Tho
‘randon numbers were produced from the GGUBS (IMSL, 1980) generg;o:.

In 211 simulation cases, an external anchor test désign'was used, Ir each

case, two data.sets were generated. Each date set consisted of the responses of

2,000 examinees to a 35 item test pluglen anchor test of 15 itens.” Each test
| -equating case wves compriéed o£*4.006“exenineel and 85 itens. This size: was chosen

to be large enough to provide stable paraneter estinates for both IRT nodols

o

(Lissak, Hul;n. & Drasgow, 1982). 1 : , S
Item and Ability Parameters |

The itan peramneters used to generata the data were determined by ;anipulating
lower asynptotes and mean test difficulty and discrininetion of the tests being
equated. For each reference. the two tests will be referred to as test A end test

- B.




. distributed across a range of «/- 2 logite.

vvalues were the game for all itemsz within a test. ' : '

\\ .
--
N

; Iter difficulty was studied at throe levelo: fll'BA =g = 0?\2);55
.5; and %) By = -1.0, D5 = 1.0. For each test, difficulties were unile
‘ Item discrimination was also exarined et tnroo levels: .l)'ia =
= .5, €8 ; 1.1; end 3)'35 z l.l;-ig s .5: In each test, discfininations were \\\
uniformly distributed across a'range of + - ll. Difficulties end discriminations
were randonly paired. 5"s"

\ . . to . .
Lower asymptote values were manipulated in four ways: 1) CAEcCp =0; 2) cp =

>

CB =‘.2:'3) CpAt 0, cp= .2. end 4) ca = .2, eg = 0. In each case, lower aoy:ptote

In this study, a conplete-ctoosing.of ell levels produced 36 cells, or cases,

of pairs of tests to be equated. All anchor test items had a mean difficulty of

zero &nd s mean discrilination of .8. For vertical cquating. ‘the anchor items

represented an overlap in difficulty between tosts A and B. Lower asynptote values _

~ were all zero except in the cese vhere tho values were .2 for both tests. In these

ceses, lower aaynp otes were .2 for the anchor test itenc.
These item oaraueters were chosen to reflect a typical test equating botwoen

tests of ezthar equal or unequal difficulty (to sznulatc horizontal or vcrtical

equating). The abilities of the exanineea was chosen to na.ch that of each ‘test’s

.difficulty. an . ideal aituation and one found connonly in achieverent tcsting. "Each

jE —

szmple of 2,000 exérinees was selected from & normal distribution with»a nean equal

to the mean difficulty "of the teatvand a standard"daviation of one. The GGNML

(INSL, 1980) generator vas used to generate ability parameters for each sarnple.

’ Equating Methods

ERIC

One lineear, one equipercentile, and two iten response thcory (IRT) aquating
nethods wvere chosen for this study on the basis of thoir popularity. In sll cases,

an external anchor test design was used, and Test B was eguated to Test A. That is,

(o)

b



for each raw score on Test B ‘an eguivalent was found on the raw score scale o‘ Test
A. For vertical equatzna, Tes‘ B was alwavs the more dz‘fzculty test.
The linear equatznc method has been descrzbed By Ango: f (1971) as Deszgn Ive-1

and is a proceaure derived by Levine (1935) for equally raliable tests.

Eguipercentile eguating was accomplished using Levine’s (1958) method which has been

,-describéd bf’Angoff as Design IVB. Cureton & Tukey'a (1251) rolling véightod

everegé'nethod waeg used to gnooth the cunulgtive distributions.

Ong of the IRT eéuating iethods is bésod'on the Rasch iodcl.. Item parameters
weré astinated‘ugingnBICAL“(Wrighgj Mead, & Bgll. 1980, ahdlthe-oquating was done
using procedures outlined by Wright & Stone (1979).

For three-parameter no&el'oﬁuating. paraneter estimates were obtained-fron
LDGIST v’ (Uingersky. Barton. & Lord. 1982). Many verszons of this program exist.
For this study, a vcrsion adapted by ETS for s UNIVAC 1100 was used. For oach
equating case; item paranetera for both tests and the anchor test vere estinated

sznultaneously ‘by euploying LOGIST’; option £or not roachod itens. The oquating

\\\then followed Lord’s _(1980) esginated true score equating procodure. For'helov

" ERIC

f&hance:faw,scdres. Loré's.(1980. pP. 210) =method cfolinear extrapolatibn wvas used.

Anslysis Prqcédures - .

'Sinca the date were generated from a known £hro.-parénater rodel, these initial
iten parameters were used to develop a criterion for the test equating caies. This
criterion was eimply a peiring of raw scores corresponding to the same ability
estimates: : .
= X Pi(Q)v%,- ZPJ-

i A 3
This equating £unction was then conpared to the equating £unctions produced by

n (8

A

the four equatlng methods, Besidea plotting these results, two ;unnary statistics
were used to interpret the :e:ults. These statistics are very similer to nean

square erfor statistics used in other equating studies, (e.g. Marco, Petersen, &



tewart, 1979; Petersen, Cook, & Stocking, 1981). These indices are referred to

here as the weighted and unweignted mean square error (MSE) and can be stated as

A}

follows: k=1 k
. \ 2 2
weighted (MSE) =; f fi(xE - Lcrit) / ; fiSB

, k-1 -

unweighted (MSE) = ifl (Xg = xcxit)'/ss

where k equals the number of items on Test B, Si equals the raw score vorianoo for -
Test B, xcrit is the criterion test score equivalent on Test A for raw ooore ion
Test B, Xe ie the Test A equivalent for raw soore i thot is produced by one of the.

_ equatina methods, ond fi is the frequency of raw acore i on Teot B. The sulaation
is over rav'aoore volues, except that for the weighted MSE, the summeation is only

. across that part of the ooale where extrapolation was not necessary. Zero and

: perfect scores were excluded from all IRT equotinga. but included in both

5 conventioneal equotingo.

" RESULTS
R i

Raw score meens and §tahdard deviations for all date sets are shown in Teble 1.

Raw ocore reans ranged from approximately 17.5 to 21.3 and stendard deviations from

P
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5.0 to 7.7. By lobking at det; sets generated under similar item parameters, it is
clear that the generetion ﬁrocedﬁre produced very consistent results. An
examinztion of the frequency distributions *for each detz set also revealea a hzqn |
Gegree o‘ consigtency in the shapes of t;e distributions. This in turn suggests
that there was & high degree of stability in the eguatings.

As.expeC£ed, 8 higher degreé of. item discrimination in the generating item
perameters produced rore dispersion in the'fgw séoro.di;iiibutiohs. Thg reversé was
true for low discrimination. Non-zero lower asymptotes produced negatibely skewed
rew score distributions. I

Thg summeries of the two meé&n squere arro£ indices are presénted in Tﬁblos 2

and 3. The first case, where test difficulinS‘and discriuinations were equal and

lowar asynptotes were zero, was a situation where tho date fit the Rasch model.

: fFron a psychonetric point of view, too, this roprasentod an ideal (easy) oquat;ng

»

situation. ' The best result for all four methods, alnost perfect equating. vas
found in th;u situation. . The worst resuts for all methods occurrad wherc nean test
difficultxes and discriminations were unequel, where levels of chmnce scoring were
unegual, and where low discriminetiom was paired with non-zero lower esy:ptotes on '
the more difficult test.

In.general, the error indicas for the egquipercentile netﬁod were the iowest
across-ell ceses. This was followed by the three-parameter model. Vslues for the
Rasch-nodel end lineer equating tended, naturally, to be relatively large in

situations where their assunptions were violated,

-
-

To aid in the interpretation of Tables 2 and 3 , repested measures:
analyses-of-variance were.pcrfbryedron the two MSE indices. Thglrésults for the
weighted MSE eppear in Table 4 and for the unweidfited MSE in Table 5. All effects

involving & comparison of the four methods were Gignificant. Figures 1 to 4 show

cell plots of all means for the first and second order interactions between the four



eguating methods and independent verisbles. In each plot, the values shown nfe
. means'pooled across the varieble(s) not included in the plot. |

Finally, the'actual equeting functions for each case are ghown in Figure 3. In
each plot, the solid -line fepresents the criterion equéting based;on the initial
itenm parameters. The four brokén iines reprenent ;he resultigfrdm the four equeting
. proéédures. The criterion equating in most canea weé-;urvilinear. nnking linear -
equating clearly inappropriate; In nosi of the plots, Resch and linear eqnating Kk
vere the most deviant, while thevoquipercentilé equating line was closest to the
cfiterion. thus visually confirming the MSE values in Tebles 2 and.3. .

DISCUSSION

v

From e statisticel viewpoint, the robustness with respect to violations of

assumptions weé tested in this study only for the linear and Rasch equating methods.
For equipercentile equating, the results showed how the method respénded to s
variety of conditions.“,ln the case  of the three-parameter model, this study was

primarily a test of LOGiST's sinultaneous estimation procedure.

Linear Equating

The‘assunptiqns of the linear ?quating nodel are violated whenever the shapes
of the rew score dintributions differ for the nwo tests being equated. This
occurred when fne negn test discrimination and/or level of lower asymptotes differed
between the two tests. The appfppriqtenegs nf linear equating could be gauged by
the dégree}of‘curvilinearity in the criterion equating function. The total error
for linear equating was the smallest for horizontal equating with'oquelly
digcrininating tésts. Chance scoring did not uffect.the equating in these cases
since nhe criterion equating‘function was still linear. Linear eduating was cleearly
inappropriate for all vérticnl equat}ng casés and for horizontal equating where mean

test discriminations were unequal.

L0
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Eouipercentile Eguating

- As can be seen in_Tablas 2 an¢ 3, egquating efror for egquipercentile eguaeting
was ‘generally the lowest of all four metho&s. All MSE values were-béldw .25.~and it
provided’the énallest velues~in’§b of the 36 ceses end in all ‘the vertical equating
cases. In the most extreme situatiéns. this néthod was‘;he 6nly one of the £oui to _
produce what we would consider acceptable results.. Perhaps one resson for th;sAas
that ;t is only one of the four approaches not based on a model. It is sinply the
best £it of the data at handi The issue of croas-validation might be important in
sone situations, but in this casc.‘our preiininary Qork (not }.portod here) -shows
thet the results arl very stable. “ u -

In this veréibn'of equiperceﬁtilo equatiné; a total group cunulativa
diétri&utien wvas &5 : mated for both tests based on the response of the conbined
.. sanples. to the enchor test 1tens. That thia estiration in’ con)qnction with a
;snoothing routine worked so well was somewhat :urpriqing;
Rasch Model Egquating RN | S # ] o .
An exzrinztion of the results in Tables 2 and 3 suggests that the Rasch model
was not very robust to vidlations’of its assumptions. The first cese in those
tables and in Figure 5 shows a situation whero the data £it the Rasch model for
,horizoqtal equa@xng. The Rasch model, as expected. perforzed extrenely well as did

the other three net_hqu. In the second case in the table; and ‘in Figure S, all

itens had a lower assymptote of .2. Yet, the equating was still quite good for all

1

nethods.

In subsequent cases, where the level SF chance scoring was unequal in the two

tests and vhere test discriminations were unequal, the Réach nodolxperforned very.

v
«

poorly. 1In s;tuations where low discrimination was peired with non-zero lower

s

’asynptotas the total error vas reletively large. An explanation for these results




_ , . . . . \
cen be ifound by looking at the estimation and linking procedure. When the BIGAL

progran iz faced with a desta set, & metric i; chosen so that mean difficulty equal
to zero anc all discriminations egual to one. When BICAL runs are done fq; two
test; vith different properiieg, the resulting metrics ‘are different, and estimated
iter difficulties f;% one test are more or‘lgss cdipressgd than thé? should-be. The
use of an equating constant does nbt glter the underlying metric, and & bias is
intfoduced into the equating. | | .

'k$hat,this bies can be severe can be seen in the next to last plot in Figure 5
in the case whets low discrilinetion and chanc; scoring ars bothvpresont in the more
difficult test. The BICAL estimates for this case revealed a range of difficulty of
-4.0 to 3.1 for\Test A. but for Test B, the range vas -1. 5 to 1. 2. Both tests were
‘generated with & range of +/-2 logits. Obviously the aetrics are quite'giffereht.A

l : data for eath test fit the “a“h iodei. Resgch

equating produced adequate results wharc the test difficulties differed by one’
lqgit. However. where tests differed by two logits in difficulty. the equating was'
not es good. One possible reason for this involves the anchoring procedure. Since
the anch;;;items.représented an overlap in the difficulty rangas of-both
tedts, these item; were very difficult for those taking Test A and very easy ior
those taking Test B. Consequently. estination vae not as accurate. An anchor test
with a wider range df difficulty (see Loyd. 1383 night have alleviated this A
problen.

In the verticel equating cases, the errof introduced by gnequal mean
discrimination'and chance écoring was even more pronounéed. Even where the sane
~degree of chince-~scoring bﬁcurrod on the fwo,tests. Rasch §quating‘was clearly
inadequate, These results thereforevcorroborata from a different rethodological

perspective, enmpirical results that advise against usin§ the Resch model to equate

vertically whenever chance scoring is & pogsibility. These results also advise

-
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' . egeinst using the Rasch model in eny situetion when wean test discriminations are

. .
. , o
unequal. ‘ . s

+ These problems would be especially diff 1cult to over-one when one is

const*uct;ng alternate forme from an item bahk.» To ensure that all tects formed

M

fron the bank had the game mean discrinination, ell items in the bank would have to

€ S Y

heve the game discrimination, or n,cokplicatod algorithm for item selection be

.
P

programnmed. Siqilarly,:chgncz'scoring vould not be a ﬁroblom only if all items had

“

the same degree of chance scoring and the forms to be oénated vere of comperable

<

difficulty. This is a difficult task for any test developer.

Three parameter Model Eguetinq '

S;nce the data were generatad from a threo*parenoter noiel. one would expoct
three-pasramster model ost;nation and equating to be quite accuruto. An oxanination
of -the values in Tebles 2 and 3 indicates that this was not slways the case:

The .plots in Figures 1 to>4 suggeet that thr‘e-paranetir iquatinq vasg |

relatively unaffected by levels of test difficulty or chance scoring. However, the

equating was affected by unaqual diserimination. There was also an interaction

N '

between unéqual discrininqtion and test difficulty and chance scoring. Thﬁlgreatest
errors occurred where.the;uore difficult test als;'had the lowver diiéri;ination and
where a higher degree P?YLhanée séor;ﬁg was'baired vith lower discriminatien.

Since the datea acth:ilf fit th‘ lod&l. tho'LOGIST estimation procedure as
programmed should be held responsible for the success of the oquating. In this

€
study. sinultaneous estination vas used. g single LOGIST run was used for each test

= eqdating by employing the “"not reached™ option. In every case for this study, the

LOGISf estimation converged. However, for unequél discrimination and chance

sqoriﬁg. the ‘program typically took et least 25 stages to converge (For practical

'l

'!’
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reasons, it was decided to extend the’linit on the number of stsges ¥ether than
produce conéinuation runs). - e

That LéGIST was unabie to recover the initial -etric can be illustratec: by
iooking at {he parameter estinates from one of the cases. For the situati;n wvhere
the/;nxtzaligeraneters for tests A end B were as follows: Da=-.5, :A=1 1. cAt.b and
b5=.5. aa- $ cg-.z- the we;ghtod and%unue;ghted MSE’s were .616 and .563.

respectively For Test A, the LOGIST d;fficulty estimates ranged from -3.14 to

1472, wh;la the or;ginal d;fficulties ranged fron -2 S to 1.8. Howover. by linearly

transforniqg»the\;DGIST estinates to the original metric, the estimetions ranged
froi -4.03;to 2.52. The'LOGIST discriminations for Test A ranged from .8 to 1.3
compared to the original 1.0 to 1.2. After transformation, the range becomes .6 to

lgl

- For Test B, the LOGIST difficulties after transformation ranged from -1.37 to

o

" 2.55. The original span wes from -1.5 to 2.5. However, the difficulties vere

poorly estimated for the easiest half of the test. The LOGiST discriminations after
transformation réhged from .5 to 1.0, the originsl range being .4 to .6.
Ironically, the lower asynptctes vere estinéted reasonably well. The  default

options were used, and default values were obtained fot the easiest items on both’

tests. Yet, no 1ten hed a c“value _greater than .1 on Test A, and only six itens on

Test B had ¢ values less than .1.

Another peculiarity was observed in the LOGIST results across all cases. . On

each test, parameters for a few items (one to three out of 35) were estimated

extrerely poorly. These'tended to occur more freguently 6n tests with weaker

discriminatiohs. No aspparent reason for these outliers could be found as all item

responses were generated from the seme function. Still, an erroneous decision on

the quality of an item could be made from these results. ’

I 4
P
. -
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Clearly, in ceses of unequal discrimination, LOGIST was unabie to reproduce the

original metric, and equating was therefore bissed. The differences in

-

discrimination were quite severe in this study, and it is not known how well LOGIST

would respond to milder differences. On the other hand, the parameters for this
study -- sarple size, test length, and ability distribution -- were ehosén'to vield

T o ) -

stable, reproduceable'estiuetes. The results suggest therefore that the use of the .
sinultaneous ast;metzon procedure of LOGIST is. questzoneble in czreunstances such as
these. Some other method for transforlzng estimates to the game sceale should be

considered,

. : ) .
Connents on _Analysis Procedures

A re!ie!epf published equating studies reveals a wide variety of evaluetxon
procedures aﬂd summary statistics. The degree to which nethodology affected
conclusions -is not known in these studies. In this study, the weighted Q;;n square
error statistic was chosen because it has appeared frequesntly in the literaturo
{(e.g. Marco et al., 1959: Petersen et al.,-1981$. When the'reehlte from these
statistics were compared to graphs of the equating functions (Figure 5). the

weighted HSE values did not seem to represent some of the cesee accurately. This

was because there were relatively few persons in the raw score ranges where the .

greatest equating errors oceurred, at the lower end of the dietributioh.,’
.Beceuse of this, the Enweighted HSE‘was also computed. Because each raw score

counted equelly with this statistic, the values tended to be higher than £or the
weighted stetistics. In Figures 1 to 4, the weighted MSE values eppeer~on the left
- hand side and the unweighted values on the‘right. A comparison of the tgo-sete of

*

plots suggests thet the two sets of ¥SE values turned out to be very siniier'for

equipercentile and three-perameter model methods. For Linear and Resch nodel

equating, quite different results appeared in some of the plote.
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bther abnormalities appear when looking at the piots in Figuresvl To 4, ‘For
eganéle.,in Figure 1, the symmetry in the study’s design does not appear in th MS: :
vaiues fo:'levels of the discrimination‘gnd lower esymptoie independent G;:iable.
Tests A and B alternaté Setween meéan digcriminations of .5 and 1.1 and lowe; : -
asymptotes of 0 and .2. Yet, the higher MSE valpes occuf when Test A hag ihe higher *
discrimination. The same thing occurs when there is more chance scoring on.Teﬁt B
ihan on Test A. If one examines symmetrical desiéns (third, fourth.;f;fth. and
ninth ﬁlots) in Figure S, ? plots appear to be nirror‘iné;os of one another.

The peradox can be ex:agined by iho féct~that th; MSE statistic gsésvvgrtical
distances from the plots. If hérizontal distances were used ;i.o. Test A equated io
Test B), the pattern of results would be reversed. This analysis céils into .
guestion the use of MSE statisﬁiés for thi; purpose. A great deal of thearcﬁi;;I
statisticel work is needed in the area of proper error indexing.

s

CONCLUSIONS

The purpose of this study was to examine how four commonly used test equating

procedures would respond to situations in which the properties of the two tests
¥ . ]

.being equated were different. The resufts indicated that equipercentile equating

was very stable across the cases studied. Linear and Rasch model equating were very

sensitive to violations éf their models’ assumptions. Rasch model equating showed

- robustness only for horizontal eguating where the degree of chance scoring was the

sane for both tests.
When<déta fit the Reasch model, three-paraneté} rodel equating and Rasch
equating achieved comparable and a;curate‘rosults. In all other ceases,

three-paraneter equating was fer better than the Rasch model but generally not as *

good as equipercentile equating. The results for three-parameter nodel equating

«

" were disappoinfing since the data were generated from a three-parameter model.

ERIC
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Simultaneous estimestion ueing LOGIST seemed unable to_recdvér the original metric,
éspecially when mean test discriminations were.unequal.' |

All of the e@uatihg nerhods were affected’by &one situetigns. Where £he teste
beipg eguated- differed in difficulty,‘yeén’diacrinination, aqd in their.deéree of
cheance scoring, thé'equeting,error wes.the largest for all four aethodr. This
suggests that equating tests should not be’ attenpted under such extreme conditions. - e
Kone of the equating aethods could conpletely overcono the eiioct of such divergence
in item type. . -

The use of the MSE statistics produced several paradoxes in tho results.
Thesa could be resolved by exanznzng the equating funct;ons thenselves. Corte;nly.\
nore stctzst;cal work aeeds to be done in the conparzson of tost churacterist;c
curves.

Finally, all of the data for this "study were écneratod fron & unidizensional
three-puraneter nodel. ‘Real -data’ do not exactly confor: to this nodel, although it
seens reasonablo in & wide veriety of situations. How these methods would respond ._ '{

to nultidinenlional data is not known. but problens for both IRT methods were

L uncovered in the unidimensional case:

This study supported othe;~¥e5eurch findings that found the Rasch nodel
inapprOPriate for use in.verticel eéuating situations. The three-parameter model

procedure used here elso did not generslly produce accepteable fesults in more

complex situations whero we might have expected it to do so. The besat advice at ’//,,/””’/
i :

test items. If the tests differ very much in their properties, then classic

equipercentile equating is suggested. ) .
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Test A

[-N-N-X-) oococo o

-1.0 8
-1.0 8
<10 8
-1.0 8

1.0
1.0 S
-1.0 8

=1.0 5 .

1,013
«x.014
-1.01d
-1s013

Mean -
1’ '“

- .08

17.7
a.2s

7.5
<0.99
17:.79

2085 500

17 .48
” '.’
17.62
n '8

17.5¢
20.92
17.87

- .04 .

17.63
2.6

C17.64

20.97
2.8

u 'o’ '

17.49
20.88

*.
7.
20.84
17.26
a.a -

u .‘, ’
21.00
17.43
a4 .34

17.69
20.98

-17.58

$.0.

7.3
5.89
732

$.93 -
€.13 -

7.58
6.36
7.62

6.36
’.o. .

5.9
’ 'a
$.87

‘5.9

$.07
6.04

$.10

Table 1

Raw Score Means and Standard Devistions for Geperated Data
- 5 /e

»

!‘qot 3 ,'
B.3 ¢ pan gp.
0 3.0 “17.38 9.2
0 8.2 2.5 ¢ga0
0 3.2 29% g0
0 3.0 17.¢7 6.9
. b *
0 11 .0 1736 997
0 Ll :.04 ¢,
—"7778 11 .2 A.08 ¢.a8
0 13 .0 ‘178 750
T 0. 5.0 17.66 ¢.03
0. 5.2 n.ae¢ g0
0 5.2 2.9 543
0 5.0 1763 s.90
S B0 1742 3,08
S 8.2 2.9 5,96
S 8.2 .01 g.94
S B0 17.39 3.3
.5 1-1 -‘ 1’.‘1 7.‘0
S 10 .2 298 g 39
S 1d..2 A6 g7 -
$ 1a.0 1755 9.9
3 °.8 0 1105. 6.07
S 8.2 207 4.9
S 8.2 0.6 g3
S S0 1739 gl
1.0 8.0 17.37 9.3y
T 1.0 ..8.2 2081 ¢.02
1.0 - 8.2 .04 g8
1.0 3.0 . 1763 708
1.0 13 .0 1768 7.9
1.0 1a°.2 2.7 ¢ 32
1.0 13 .0 1760 9.9
1.0 5.0 17.63 s.9s
1.0 S5.2 2097 g5
1.0 5.2 22.0¢ 5.0
10 S0 1740 g0

!
j
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Table 2

nnneiﬂtcd Mean Sguare Ezéor for Test Bouttng Cases

*' . t‘- ga - °.° . ) . I
- Test 4  Test 3 ' _ease—
s Iog 7 LINEAR RO R IIE mASCE  s.mama
8 .0 .8 .0 000 000  .000  .000
8 .2 . .8 .2 -.003 004 .000 .001
8 .0 .8 .2 .088 010 231 .04S
8 .2 .8 .0 ' .003 016  .172 .037
5 .0 1.1 .0 .07 063 503 Ll
S .2 1,1 .2 _ . .086 036 309 .133
.5 .0 1.1 .2 v 061 042 140 .083
5 .27 1.1 .0 .028 .03% 890 .204
1.1 0 .s L0 094 0% .85 27
1.1 .2 s .2 .19s 079 422 .2
1.1 .0 .5 .2 . 708 132 1,958 . s63
11 .2 .8 o .060 041 158 J11
?‘-0.5; :'- .3
. - L% .
8 .0 .8 .0 .227 .009 .08 050
8 .2 .8 L2 . 369 .085 :195 043
£ 0 & .2 .391 .023 826 - .120
.8 .2 .8 .0 .183 008 . .120 .05
S5 .0 11 .0 . J160 . .040 49 -199
.5- .2 1.1 .2 479 . .069 210 13
S5 0 11 2 .387 .078 370 -187
S 2 1.1 .0 .128 .036 .596  -210
1.1 .0 .5 .0 .608 T.107° g4 .288
.1 .2 .5 .2 %27 +095 . og2 .27
1.1 .0 .5 2 819 175 2,817 - .563
1.1 .2 .5 .0 426 .040 352 A
By = -1.0; B = 1.0 o '
8 .0 .8 .0 | 1.326 0L 161 1ay
8. .2 .: .2 1.693 072 L6712 L1462
£ .0 8 .2 2.383 12 1,787 228
B .2 .8 .0 1.109 .013 '.183 117
S5 .0 1.1 .0 .916 -059 a3 218
#5 .2 11 .2 . 1,386 179 £L20 0 -182
5 .0 1 .2 - 1.807 <090y 49, 230
S5 .2 11 .0 o 740 039 k2 .22
1.1 .0 .5 .0 " 3,099 2122 1.288 U
1.1 .2 .8 .2 2.455 .107-  2.000 477
1.1 .0 .5 .2 3.967 223 4,588 478
1.1 .2 .5 .0 2.168 .032 .807 .216
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B Table 3
e T : - Waighted Mean Square Prror for Test :qun:inﬁ Costs
: ' TaeTye 0.0 ' .
SESTA  mEsre - . - {
i ¢ 3 ¢ LINEAR EQA JIF RASCR  3-mAWA |
. 4 0 8 0 .000 ° 000 000 000
4 2 08 2 001 .002 .000  .001
s 0 8 2 004 004 JA32 o
4 2 8 D 002 - .00  .066 -.005
. - ' s 0 11 9 £3% 023 382 - .04
| : : S .2 11 .2 . 02 023 256 319
| . S 0 11 .2 036 022 J2 073
- - S 2 11 W : 019 019 . S2 097
‘ 11 0 8 0 : 086 .08 632, 2% :
o . 14 2 8 .2 081 068 390 .204
x . 5 11 0 5 .2 B % JASL 1430 .S60 -
' 11 .2 S0 ) 040 029 128 .101 ;
‘ Bae-Siye s '
4 0 8 0 © .08 .010 058  .062 . .
S 2 08 .2 , 213 .002 096 .09 R
s 0 8 .2 198 014 .25 109 Lo
S .2 8 0 - ...106 008 344 057
S 0 11 .0 a2 031 WYVRER T
S 2 13 .2 .100 028 2713 26
S .0 11 .2 a .039 358 193
. S 2 11 0 S, au 024 96 160
11 0 5 0 J83 067 496 .58 -
1d, .2 5 .2 290 . 039 - s12  .us .
11 0 8 .2 417 J66 1,013 626
i 14 .2 5 .0 X S A 03 - .21 114
» » ' ' By = -1.0; ;. = 1.0 .
. $,0 3 .0 . 470 014 240 as1
‘ .2 8 .2 a7 008 J94  ass
8 0 8 .2 1.486 028 466 .226 B
s 2 8 0 : a1 013 230 an
_ D ,
v B T T Y% 830 048 . 564 376
; S22 1 .2 587 .028 358 .
S 0 11 .2 : 1.047 .036 792 .40
S .2 11 w0 T 038 480  .272
11 0 S5 w0 . 1317 036 . .30 265
12 .2 5 .2 1.001 033 43 a3
-1 0 5 .2 2.136 093 | 1342 488

1.1 .2+ 8 .0 960 014 . <387 «157 ’ °




Within Ss
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Table 4

%

c

Analysis of Variance of Unweighted Mean Sguare Error

. Source

Among Ss

Difficulty (DI)

Discrimination (DS)

Lower Asymptote (L)
DI x DS

DI x L

DS x L )

DI xDS x L

i

Method (m)
DI x m

DS x m
Lxm

DI x DS xm
DI x L xm
DSxLxm

DI x DS xLxm

ms

&

5.9676

3.6789

1.7128
4874
.3305
.5190
.0019

5.2413
2.3454
.7985
4800
.2033
L1141
.2231
0144

23

¥

3140.842
1936.263
901.474
261.789
173.947
273.158
132

363.97%

162.875
-55.451
33.333

... 14.118

7.924
15.493




| : : |  Table 5

| Anaiysis of Variance of weighted mean square-error

/' , Source af MS F :
L/
g Among Ss
s pisticusy on) 2 1.345 © 336.657**
S Discrimination (DS). 2 $712 : 174 510%*
Lower Asymptote (L) 3 412 100 .980**
‘DI x DS 4 .002 -450
DI x L 6 034 8.333%» .
DS x L 6 .156 38,235
DI xDSxL 12 .004 '

Within Ss

Method ' (m) 3 1.178 136.028** |
DI xm 6 762 87 .99 %> - 4
DS xm 6 ‘ 124 - 14 .319%> : .
Lxm o -9 . .085 6.351we -

DI x DS xm 12 N ".041 L 4.734r

DI XL xm 8. - 026 3.002%+

.DS XL xm 18 A .030 3.464*» s

DS xDI XL xm - 36 .009

v
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Figure §
tquating functions fét four equating methods
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