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PROCEEDINGS OF THE FIRST CONFERENCE ON
COMPUTERIZED ADAPTIVE TESTING

" FOREWORD

The plan for 2 conference devoted to the state of rescarch in the Seld of cumputerized adapuve testing giew out of 2
suggestion made in late 1974 by Frederic M. Lord of Edwwational Testing Service. As one of the principal psychomeinc
architects of the latent tr2it theony of mental abilities, which undeslies the work being done in thy ficld, D1. Losd observed
that it was now time to bring together as many as posibl: of the peuple doing this sk, fur an overview of the swate of the
art It was then decided-that the appropriate sponsurs of such a wonference nere the Navy, whese Office of Naval Research
* funds computerized adaptive testing projects in military and educational organizations, and the U.S. Crl Service
Commission. where psychologists in the Personne] Research and Development Center have been wanying out research 1 the
asea for 2 number of years. Accordingly, representatives of these two offices met in March, 1975 to take the necessary steps
to organize the conference Members of the organizing committee were. Glenn L. Bryan, Disector, Office of Naval Research,
Marshall J Farr, Dicectos, Personnel and Trining Research Programs, ONR, Joseph L. Young, Assistant Director, PTRP,
ONR; William A. Gorham; Director, Personnel Rescarch and Developinent Center, U.S. Civil Service Commission, Richard H.

McKillip, Chief, Research Section, PRDC, Vem W. Urry, Frank L. Schmidt. and John F. Gugel, Peisonne} Rescarch -

Psychologists, PRDC. . -

The principal objectives of the conference werz defined as exchange of infurmation, discusson of theoretical and empincal
developments, and coordination of research effort. It was decided that the cunference should be wvitationzl, because of 515
highly technical subject matter. and that invitations would be sent tu those persuns knuwn tu be mieresied m the subject.
Nominations were then made of researchers who should be ashed tv present papers and tu act as discussants. From the hst of
nominations, the committee sele ted those nominees it believed would sepresent the broadest 1ange of effori from theory 10

- practical application and wuuld also represent osganizatiuns in the publiv, prvate, and militaty secturs. Di. Lord and Bert F.
Green, Jx. of Johins Hopkins University agreed to serve as discussants. -

Edmund F Fuchs was appointed conference coordinator tv implement these decisiuns, and the conference was held-as
planned  on June 12 and 13, 1975, in Washington, D.C. Sixty <ight psrsvhs attended. Fourteen papers were read, and the
discussants, who had studied the papers in advance, commented upon them.

Informal discussion during and after the cur.ference and replies to 4 shurt questivnnaite given to the attendees mdicated
that the objectives were successfully met. In general, attendees felt that a folluw-up cunference wuuld be desirable, 1o pursue
further the potential of computers for the measurement of human abilities. Twu annvuncements v=:c made a1 the wnference
sessions concerning way's of establishing a continuous exchange of information among researchers.

Cynthia L. Clark
Editor
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OPENING REMARKS

William A. Gorham, Director, Personnel Research )
- and Development Center. U.S. Civil Service Comunission

.

*

I'd'Iike to say first, a hearty welconie to you all. We are delighted to see this distinguished group assembled. To lead off
the first computenized adapine testing conference gives me 4 feeling of being, in the phrase Dean Acheson used as the title of
fus memows, “present at the creation.” Some of you may remember that the quotation is from the words of Alphonso X a
thurteenth century hing ot Span, who said, “Had | been present at the .eativn I would have given some useful hints for the
better ordenng of the umverse.” Well, T thimk that the prinapal value of this gathering is that we will have an oppurtunity to
give useful hints for the future of research m the field of computerized adaptive testing. Our immediate purpose is the
exchange of information, and of course ths 15 of benefit to all- concerned. Byt we hope the meeting will also result in the
greation of ways of achieving sume other ubjectives that we cunsider important to the future of our research. continuing
exchange ot mformation, 1dentfication of all peuple wurking ur computerized testing. continued discussion of both
theoretical and empincal developments, and the covrdination of research and development effort. T won’t elaborate upon
these objectt 2s nght now-—-by the end of the conference we will all be in a better position to cvaluate them and to devise
ways of accomplishing them. But [ would like to say that it seems to me that our essential task is to achieve an orderly
progress of researcht that will avord needless duplication of effort bet that will at the same time allow the widest possible e
range of effort-a system that will aid but not constrain the people who usc it, and that will be our common lc!snonsibilil,\""
The first step along the path to that achievement is the kind of exchange that will take place today and-tomofrow

I look forward to hearing contributions from all of you. -
i
i .
|
! o
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{
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i
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PAPERS PRESENTFD

GRADED RESPONSE MODEL OF THE LATENT TRAIT THEORY

AND TAILORED TESTING

INTRODUCTION

There will be no doubt-about the usefulness of the latent
trait theory in tailored testing, or the computer assisted
adaptive individual testing. This is a pilot study for actual
tailored testing, usuig full and partial information given by
a set of graded response items. The purpose of this study
is: 1) to find out how tailored testing “using mostly
dichotomous items can provide us with good estimates of
ability compared with non-adaptive testing in which we use
the full mformation given by the graded item respunses,
and 2) to find out possible branching effect of a graded
item when we use one as the initial item in tailored testing.
Actual data used in this study are: 1} the empirical-results
of paper-and-pencil tests, and 2) a hypothetical test with
response patterns calibrated by the Monte Carlo method.
The data analyses were partly made in such a way that we
treat the data as if they were collected in actual tailored
testing situations. For this reason, we call it simulated
tailored testing. Terminology will be used in the same way, (
as in. Samejima’s two Psychomcmka Monographs (cf
Samejima, 1969 and 1972).

RATIONALE

The consistency of the maximum likelihood estintator
when the likelihogd function is given by the product of
identical probability density functions or probability func-
tions has been proved by Wald (Wald, 1949) and the proof
has been shown in a simplified form by Kendall and Stuart
(Kendall and Stuart, 1961, Chapter 18). In the:latent trait
theory, this situation corresponds to the case where all.the
items are equivalent, jc.. when the sets of operating
characteristics of item response-categories are identical for
all the items, either on the dichotomous or graded response
level. This, of course, is a fairly restricted case, and, in
practice, we usually have to handle the sets of operating
characteristics which are not identical.

The proof can easily be expanded to the case in which
the probability density functions, or the probability fune-
tions, are not identical, but vbservations increase 1n number

i

) FUMIKO SAMEJIMA
University of Tennessee

.

following a relatively mild restriction. Let £, £5,...be a
set of independent random variables having identical distri.
bution with the mean . The strong law of large numbers,
which is used in the above proot, states that for any given
positive numbers € and 8, there exists an 4V such that

g-ul=e] <Sforeveryn>N. (2-1)

1
i

YRS

prob. [ ;II-

Let us define two pusitive integers, m and 7, and consider n
such that

' (2-2)

n=mr,

where 7 15 a fixed number. liowever large 1t may be. Let
Eviy E2y .., E'l” £23100ns Egr,... be a set of
mdependent random vanables, which are classified mto
disjoint subsets, A, = {2“. Erzr..-Eicp A2 = {21,
£22,... 22,}. .... Let us assume that within a-subsct Aj
the r random vanables are not necessunly identcally
distributed, but among the subsets we chn always corre-
spond, without overlapping, one random variible from each
subset A; G = 2,3,...) to eachelement of A; which has an
identical distribution with that of the element of A; with a
specified mean. Let g (k=1,2,... 1) be themean'of £,

If we define random variables such that

l I
G r Z (2-3)

then these random variables are indeper:dent and identically
distributed, with the mean such that

Bgp=} 5 b8
=|

24

Thus the strung law of large numbers is apphicable lor §,, 1f
not fur & - Using this nuld restriction, we van write
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lun prob, [lug L. ,,(6) “log Ly0)] =1 (2-3)
n--o .

wlhere 4 is the maximum likelihood estimator of the true
parameter § . which leads to the completion of the proof of
the consistency of the maximum likelihood estimator. The
samme  restriction cnables us to  prove the ultimate
umqueness of the maximum hkelihoud estimator, the
asymptotic efficiency and normality ot the meximum
likelihood estimator, with the asymptotie variance

2
{'E{z'?’z log Lp(0)]} ™" - (2-6)

. We notice that (2-6) is the reciprocal~“of the test
information function, 1(0). Thus if we can reasonabiy
assume that there are at most a finite number of non-iden-
tical sets of operating characteristies and the number of
items given to an examinee increases by sepeating r items
whose sets of operating characteristics are the same as these
sets. but possibly arrunged in different orders, the maxi-
mum likelihood estimator ultimately distributes normally
with the true value 0 as its mean and the reciprocal of the
tést information function as its variance For this reason,
when n is large. /(8) can be considered as a good measure of
accuracy-ol estimation.

Let us consider the meaning of the information function
when 1, is relatively small. In an extreme case where n =1,
the test information function /(8) equals the stem informa-
tion function 7,(8). It kas been shown thut, as long as the
model satisties the unique maximum eondition. like the

normal ogive or the logistic model,” the item response

information function [y (0) is positive for the entire range
of 8. except. at most; at cnumerable points of 0 (cf.
Samejima, 1973). Under that condition, the Dasic function
A,\.g( 0) such that

Axg(O) = aao log ng(o) (27)

is strictly decreasing m 6 . and the item response informa-
tion function is given by

1. (0)=- 9. A, (0).
5, 5 50

N
N,

(Y

Thus the tem information function, which is given s the
expectation of ng(o ). such that

Mg
I (0) P (8),
xg:o 14 £ -

1,00) =I;‘[ng(0)| = (2-9)

cn be considered as the expected steepness of the hasic
function Ay (8) for item g. I we consider the response
pattern information function. /-(9), such that

[pA0) = - 2 log Pp(0) = 2 (2-10)

P I\ g(lJ).

xgcl 3
this 1> ¢ measure of the steepness of the lett hand side of
the likelihood equation which is set equal to zero The item
response information function I, (0), theretore, is the
Share or contribution, of each respgnse Xg 10 the response
pattern ¥ of which X, ‘is an element, and the test
information function /(9), which can be written as

10) E[p(03) = X APyt0). (2] 1,

where E{'/ means the sum over all the possible response
patierns, 1s the expected stecpness of the left hand side of
the hikelihood, equation whith is set equal to zero. Since we
can interpret the steepness\of the left hand side of the
hkelihood equation as a meaSure of accuracy of estimation.
the test information function can be considered as a
measure of accuracy of estimation even if 1 is relatively
small. Following the same logic, the item information
function Ig(()) can be considered’ as the expected contribu-,
tion to the accuracy of estimation by adding item g to the
test. For this reason, the item information function will be
given an important role m ‘the selection of item-and-way-
of-dichotomization in the present study of behavior of
maximum likelihood estimates in a simulated. tailored
testing sitvatid>~.

Suppose that we have collected testing data of n items,
each of which is scored into graded categorizs, O through
m, 1), It has been shown that the item information
function assumes much greater values for a graded item
than a dichotomous item, and the problem of attenuation
paradox is ameliorated for a graded item (cf. Samejima.
1969, Chapter 6), Thus it is obvious that, if we rescore each
of the n items dichotomously, choosing one of the m,
category borders for dichotomization, then the accuracy of
estination of 0 will be lowered. A question will be raised
here. how much accuracy of estimation can we still
maintain if we tailor a set of # optimal dichotomized items
to an individual subject, instead” of giving a get of x
uniformly dichotomized items to all subjects? To find this
out. we can select an initial item out of all the n items more
or less arbitrarily, and treat it as if it had been presented
first. If we convert the initialsitem to a dichotomous item
by choosing une of the m,, bordzrs for dichotomization, the
examinees’ item scores for that item, which range O through
Mg, will be converted to either 0 or 1, depending on.the
category border used. Following the noimal ogive model of
the graded or dichotomous response level (cf._Samejima,
1969, Chaptes 93 1972), the first cstimate, 0y, will be
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obtained. If the stemi-svore 13 0, thend, willbe = sfst s
my on the graded 1espunse Jevei a1 1 on the drhutvous
response lexel, then 8, will be =, and, vtherwisz.at willbe 2
finita_ value. When 8, 1s acgative infinaty, the neat stem and
tlz*‘.vay of dichctomization will be chesen by searching the
least value of bxp_ ammg those of the remaming (n 1)
stems, and, when §; «s pusiive inlnity. the greatest bxz,,
searched and used. When §; 15 a finite value, then the stem
and border siuch make the stem mformatson function for
= the dichotonuzed item maxymum at 8 = B, 1s chosen aad
treated assthe second presentatyon. In this way, the second

- -esumate, 8, will be obtained, and the process will be

repeated until we get the nth estimaie, 6,,.

This ssmulated tailored testing sitvation s diffesent from
the actual tailored testigg situaniun, in the sense that the
selectson 1s more limited 1n fater presentations of stems. In
the ordinary case, we start with a large set of dichotomous
test items, z2nd the number of items s 1educed by vne afies
eah tailuted preseatation. In the present sumulated tailored

fesung situation, huwever, the numbesr ofiitems s reduced -
by myg, after the presentation of item g, and at t1d-Jast

presentation selectn 15 made only-out of my, pussibilities,
where h 1s the remaining stem. This will make the
esumauun mute inefficient 1n later prowesses. and shuuid be
kept 10 mind when observations aie inade for the iesults of
the data analysis.

x = -

S EMPIRICAL DATA AND THEIR ANALYSIS

A test -of 18 items was constructed for research
purposes, e2ch of which s to be scored in a graded way. It
consists of two subtests, figural (FGR) and aumerical
(NMB), the former having -ten items and the latter having
eight stems. The imual mstructions for each subtest, and
also a hypothetical NMB item, which was made for
illustrative purposes are shown in Appendix A.

The test was admuustered to 446 subjects, mostly
college and summer, school students in the United States
and Canada, in March through™July, 1974, to get the
complete data of 406 subjécts. In some sessions FGR was
presented first, and in some others NMB was presented
first. Eacli- session réquired approximately 90 minutes,

" including initial instructions and five minutes’ break be-

tween the two subjects. The number of subjects in each
session varied from one to0 36, but in many. cases it was less
than ten. A time Iimit is set for ech item, and is between 2

_znd 6 minutes, except for the Iast NMB item for whichitis

13 minutes. When thers is one mors minute left for each
item, the instructor czils, “One more minute to go.” The
full item.score, m,, is 3 for each of the FGR-items and also
for each of the i‘ st seven NMB.item., and it is 7 for the
eighth NMB item. For the FGR item.. 1 is given for the
completion of A and B, 2 for that of A Jirough D, and 3

for that of A throegh E (cf. Appeadix A). For the first
seven NMB items. the scote is given in aucordance with the
aumber of comtect answers in each item, 2nd for the last
item the score is given in 2 similar way 2s it Is for a FGR
item. .

It tumed out that tl-e tcnt"h item in FGR was too
difficult for most subjects. 2nd it was excluded in the
analysis of the data, to leave nine items for the subfest
FGR. It also tumed out that frequencies for some item
score categories were 100 smzll, 50 suitable recategoriza-
tions were made f0 leave three item score categoriés §or
items 4, 6, 7.and 8 in FGR, two for item 9 in FGR, and five
for item 8 in. NMB, making every frequeficy, at least, as
large as 18. For the 17 item varizbles, whick are assumed
behind the item scoses, the multivariate nommality was
assumzd, and' the polychoric correlation coefficient (cf.

JTallis, 1962) was computed for each pair of the item

varizbles. using Lieberman’s program (Lieberman, 1969)
The pnnapal factor solution was applied fur the resulting
wotielation mairix using the SPSS factor anJdysis program
with sterat.vely estimated communalities, tu obtain eigen-
values. 5.859, 1.757, 0902, G.745, 0.578, etc., which
. piove ihe existence of 2 strongly dominating first principal
_r fa.tor and a moderately dominating second factor. Several
afferent factor 1vtations were made, buth vrthcgonal and
oblique, for these two factofs, and the results unifermly
showed the two clusters, cne for éach of the two subsets of
items, i.e., figural and numerical. Table 1 shows the fesults
of both varimax and quartimax rotations, along with the
original factor lozdings for the two principal factors. For

this reason, each subset of items, i., F1 through F9, for
FGR or N1 through N8 for NMB, was analyzed SCparately,-

and the first principal factor for the figural set of items,
whose eigenvalue tumed out to be 3.029 0. 602% of the
total sum of communalities, was named the figural ability,
and the first principal factor for the numerical set, whose
cigenvalue was 4.132 or 79.5% of the total communalities,
was named the numerical ability. The item parameters for
the operating characteristics, which follow the normal ogive
model on the graded response level {¢f. Samejima, 1959 &
1972), were calculated, using the formulas:

op =p,ll1- p*] % G

and

1,2 (32

forxg =

b, = N (P
*g 7"xlp‘ 5

”

 where pg is the factor loadmg of item g and 7, is the
normal devxate corresponding to “the proportion” of the
subjects who got .the item score X, o1 greater. These




Factor Loading Matricesof the chmwcn Itexns for the First Txo Commnon Factors for the Original

. ) Prncipa! Factors, After They Weze Rotated Using Varimax 205 Quartimax Rotationt
. CWitroot” . Vasimax Quartimax
ftem Rotation Rotation Rotation
‘ Fist Second - Finst Sccond “First Second . -
Facter Faztor Facter "Fastor Fzctor Factor
F1 A8S 371 ) 106 1. - S el " 005
F2 - 612 ASS 0 * 143 J749- 762, 017
F3 £77 386 163 . 15 £92, 050.
F4 - 424 - 154 207 - 400 . 423 139
: FS 432 286 Ja2s 503 . 516 040
F6 433 321 102 525 539 013
F7 358 174 —~.146 / 370 380 = 083
F8 381 274 ti13 440 452 039
9 502 106 298 418 * 461 225 .
N1 683 -344 736 208 326 591 -
N2 7750 . -.165 . 664 386 490 | * 59 '
N3 - 589 ~346 662 138 . 245 - 630
© N4 776 ~193 - : .702 2383 ~ 493 630 -
Ns . - 524 - 410 LT, 63 - 052 .160 645 R
N6 . 581 -396 Lo 696 W02 7 215 669
N7 326 -.133 698 ‘a - 461 - 570 613
L. N8 *.537 086 337 ’ 426 A76. 262
[l kS == - -

r/ s - 4
parameter values are. presented as Tables 2 and 3 for the . {-0.1, 1.0], in which the values of the test information )
figural and the numerical abilities re.pectively. . function are fio less than 7, we let the computer search the

Since there is no way of knowing each exammee s true best possible way of dichotomization of each item, to make
2bility score, the maximum likelihood estimate, 0 was the test information as hrgc as_possible for this interval,
obtained from his response pattem-of graded item scores, and the mu‘lurg test informatiox function is drawn by.a
and was treated as the best possible estimate of his true dashed line in Figure 1. A similar trial was made for the
szhty score. Alsc the test information function, which is Jeast informative way of dlchotom:z.txon, and the rqu!tng -
given by Equation 2-11, was calculated for each subtest, and test information function is shown by a dotted line in the
. it tumed out that the subtest NMB is far mo-e informative same_figure. Selecting all the subjects whose 8 are loated in )
than the subtest FGR. Figure 1 presents the test informa- *  the above interval, the maximum likelihood estimate was -
tion funcuon of the subtest NMB. Taking the interval, calculated for each of these 138 subjects, using both -the
?-
P TABLE 2 - . .
‘ | . " - '
) N Item Parameters For the Subtest FGR =
Item ) Discrimination RS " Difficulty Indices b,
Index - ) . . .
¥ 4 - a, x‘=_l ) xg =2 X, = 3 ) }
’ 1 0.8972 -1.0042 -0.3356 0.0833 )
2 1.3196 -0.7468 -0.3532 -0.0465
3 1.0160 -1.2464 -05137. - 0.1476
-~ 4 0.5775 . -07984 0.1730
5 ! 05940 -1.1081 0.7169 0.9554 Y
6 0.6558 -0.0337 . T 3.1045 i <
7 04233 04722 3.2345 . . ~
. 8 0.5644 -0.7988 25673 .
-~ 9 05483 . 22
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TABLE 3

Ttem Paremeters For the Subtest NMB

ftem Discriminztion Difficoity Indicesb, -
z Index z
7S xx=1 xg=2 z‘=3 x‘=44

1 1.18738 -0.58387 0.02422 0.69302

2 127938 051160 121130 1.69291

3 090123 -1.97011 -151105 -0.87804

4 144248 0.06765 032693 024445

5 0.80989 -0.59294 -0.15721 1.00489 ~

3 093783 -048721 0.47268 171261 -
7 158894 002918 0.35308 : 072073 B

8 0.53530 0.13401 052872 - 190170 ~ 289123

must tlumative 2nd the Jeast infurmative ways of dichuto
mization, Figure Z shows the seis of these estimates plotted
against 8. We czn sce 2 substanual dfference between the
two scatter diagrams.

A question will be raised here. what will the scatter
diagram be if we tailor the way of dichotomuzatiun for each
mndividual subject? To answer thus, a progiam was wiitten
to treat the data as of these eight stenm had been presented

A9

ser

[-2-] A i L 1 -1 - 1

figure 1. Test mformation functions fur the subtest NMB, when

the graded scoring strategy is taken (—————), when the
most informative dichotomous scoring strategy is taken
for the interval {-0.1, 1.0} (~ - ~ - - ), and when the
least informative dichotomous scoring strategy is taken

for the interval [-0.1, 1.0} (----).

A\ d

1 tailuted tesung selecting buth item and nay of dichoto-
mzatin, as was described at the 2nd of the preceding
section. Using the most informative dichotomized item, N7
with the category border 2, the jeast informative dichoto-
mized item, N3 with the border 3, and 2 medium

informative item, N1 with the berder 2, the resulting

suattet dizgrams are_shown jn Figure 3. We_can see.that in
all these cases extremely scattered points are rare, com

15, - - 150

=G5} <5

LIt o Ba

T

-0} * .10} .

Figure 2. Maximum Iikelil. sod estimatcs obtained by dx:holommrp
NMB jtems for the interval [-0.1, 1.0}, plofted against &,
those oblained from the original response pattemns of
graded item scores for the 138 subjects whose 6arein the
interval I-O.l 1.0]. A. Using the most informative, way
of-dichotomization, B. Using the least informative way of
dichotomization.
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Faguse 3. Manrnum tikelthood estmates ubraned by simolated wailured testag, plotted azainst 8, those obtained from the original response
pattems of graded stem scores for the 133 subjects whose & are in the interral {-0.1, 1.0]. A. Using the most informative
dichotomized stems, N7 sith the category bordes 2, as the mital stem, B. Usin,, the least informative dichotomized jtem N3 with the

category berder 1 as the smtal stem, C. Using a-dichotomuzed-stem of medium information, N1.with the category border 2 asthe

initial item.

pared with Figure 2A, 1c., the case of the most informative
dichotomzation for the goup of these 138 subjects to say
nothing about the companson with Figure 2B. This can be
interpreted as a benefit-obtained by tailoring an individual
test for each examinee.

A second question will be raised here. is there any
substantial gain if we use a graded test item, instead of 2
dichotomous one, as the initial item in tailored testing?
Since the number of items is as small as eight, it will be of
benefit if the use of a graded item gives 2 substantial
branching effect at the beginning of tailored testing. To
find this out, using the most informative and the second
most informative graded items, N7 and N4, as the initial
items respectively, the same simulated tailored testing
procedure was applied to obtain the maximum likelihood
estimate for each individual subject. The results are shown
as Figure 4. To observe the possible branching effect, in the
first case the total' 138 subjects were divided into two
groups, one consisting of the subjects whose graded score
for N7 are either 3 or 0, i.e., best or worst, and the other
consisting of those who obtained either 2 or 1. ie,
intermediate scores. We can see an obvious branching effect
by comparing Figures 4A and 4B.

’ - 16
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Similar analysis was made for the other-subtest, FGR
and the results are presented as Appendix A. Since the
maximur test information for FGR is 2 little more thin 4
compared with that of NMB which ic almost 8, there is 2
general tendency that diagrams are more scattered, but,
other than that, similar tendencies as in NMB were
observed. The interval of ability taken for these observa-
tions was [-0.8, 0.1, there are 123 subjects whose 9 are in
this interval, and the test information function for this
interval is greater than 4, with an approximate maximum of
4251 at 6 =-03. The initial iterns used for the simulated
taflored testing are. F2 with the category bordés 2 (most
mformative), F6 with the category border 2 (Jeast informa-
tive), F3 with the category border 3 (medium), F2 (most
informative graded) and F3 (second most informative
graded). ’

Figute S presents two examples to illustrafe how the
maximum likelihood estimate converges in the simulated
tailored testing, for NMB, using the five different initial
items which were described in a previous paragraph. It may
be suggested that the number of items, cight, is not
sufficient for-all the. cases. It should be recalied, however,
that in the present study the selection of item-and-way-of-

d /
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bigare 4. Maasmum dkelitoud csusmates obrzmned By smuhies wiluied iesung plotied 2zzmst o, dux vblamed Jlom e viganal sesponse
pattcins of grzded stem scores, for the subjects whose 8 are i the sntesva® | 0.1, 1.0]. A. Using the most informatne graded jtem,
N7, as the szl stem, for subjects whose stem swores for N7 are eatreme, ce., eithzr 8 o1 3, B. Using the most mnformative graded
stem, N7, s the mitral stem, for subjeuts whose dtem swores for N7 2re intesmeduate, se., eithes 1 o1 2, C. Usinz the second most
informative graded item, N4, as the initial §tem.,

1

dichotomization 1s more and mure limited in later presenta- MONTE CARLO DATA AND THEIR ANALYSIS
tions of items. And yet each dichotomized respoase pattern
as a whole 1s a selection vut of the 8,748 possibilities. To make. further..observations in the present simulated

tailored testing, a hypothetical test of 24 items was used,
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fagure 5. Iwo eaamples to show how the marimum likefihivod esumates converge sn the sumulated tzilored testing. Initzal stems ar¢. N7, most

mformauve gaded stem (———), N4, second most informative graded item (- ), N7-2, most informative dichotomized item
(----- , N1-2, medium informative dichotomized item (- - - -), and N3-1, least informative dichotomized item (- - ).
- .
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\g following, the nomnud vgive model of graded response level.
The item parzmeters were ghen withun the sange of thuse
of NMB, so that thys hypothetaal iest van be comidesed &
2n expansion of NMB 11 a tuegh sense of the word. fatle 4
presents the ke parametess of these twenty-fomr hypo-
thetical 1tems, which have wvniformly four item score
categones each. The test informauion funuuun was obizned
following the formula {2-11), and s presented as Table 5.
As we can see from this i2ble, this hypothetical test is most
informative around 8 = -0.3. For this reason, one hundred
response patterns foi these twenty-fom test items were
canbrated by Monie Cardo methud vn 1o Jovel of ability,
and were used as those of one bundred hypothetical
sebjects. Figure o preseats the cumdlative frequency sativ
of § for these sespunse patierns. in compansua with the
nuimal distiibutiun fuaction withp = 03and o = 02128,
1., 1/\/22.081. We <an see that these two vonves are duse,
and thrs ndurates that the maxumum hikelihood cstimatc
with these paramcier salucs alicady dostubutes Amust au
mally for the 24 items. As before, the most informative and
least informatrve dichotomizations of the items wese
scarched, and the fesulting maximum likelihoud estimates
were computed fu: each of these onc hundied hyputhetiial
subjects. Figures 7A 2nd 7B present the cumulative fre
quency fativs of these estimates tugethes with the avimal
dustribunion functions with g - 0.3 and the values of the

standard deviaticn obtamed by 11+/f(-0.3), which tumed
out 1o be 0.2407 and 0.3685 respecuvely. Since mn the

eresent situstion the ability devel is Jixed at - 03. the
Jiffescn.e betwess the two standard deviations, 0.2128 and
D.2407, should be intarpreted 25 the minimized reduction
caused by adopting the dichotomous scoring strategy, and
the one belween 0.2407 2nd 0.2685 should be attributed to
the two different ways of dichotomization. It is ako
noticed that the diccrepancies petwezn the normal cune
and the cumulative freaeency ratio 2re more conspicuous in
these two dichoiumized cases compared with Figure 6.
Figure 8 shows the same cumulative frequency ratios
compzred with N(-03, 02128), for the maximum like
fihuod estimates obtained by the Smulated tallored testing.
with the five different initial items. (23 2). the most
informative dichotomous, (3 3). the least informative di-
<hotomous, (14-3), 2 medium informative dichotornious,
(Z4), the most informative graded, and (23), the second
most infui..ative graded, respectively. The mean square
crrors for these five cases are 0.064, 0.068. 0.055, 0056
and 0.058 respectively. If we take the square roots of these
values, they are 0.253, 0260, 0.234, 0.236 aad 0:240,
which are compareble to 0.2407, ie., 1/A/f{-03) for the
zesult of the most Informative dichotomization .ase. Thisis
understandable because in that case the dichotomization
was, indeed, tailored for the level of 8 = - 03. To find out
about the branching effect of the initial gracded items, four
more .ases werz added using four different dichotomized
initial items of various information levels, and the results
were arranged in Table 6 in the order of information levels

e

TABLES
ftem Pzrameters of 24 Hypothetical Test Items

fiem Discrimination Difficulty Indices b,
z Index £
2y X = 1 . Xg= 2 xg =
1 0.50000 -0.70000 -0.50000 0.20000
2 0.50000 -2.00000 -0.80000 -0.20000
3 0.60000 0.30000 0.80000 2.10000
4 0.60000 - D0 0.40000 1.30000
5 0.70000 -1.30000 -0.20000 0.40000
6 0.70000 020000 0.90000 2.00000
7 0.80600 -050000 0.80000 1.90060
8 0.80000 -1.10000 -0.90000 -0.10000 ,
9 0.90000 -0.20000 0.40000 0.60000 -
10 0.90000 -1.60000 -1.00000 020000
11 1.00000 -1.80600 -1.10000 -0.60000
12 1.00000 0.10000 1.40000 1.60000
13 1.10000 -0.10000 0.80000 ' 1.10000
14 N 1.10000 -1.00000 0350000 090 -

. 15 1.20000 -1.2000C -0.20000 0.80000
16 1.20000 -1.70000 -0.80000 -0.50000
17 1.30000 -0.30000 0.50000 1.40000
18 1.30000 -0.60000 0.40000 0.80000
19 1.40000° -0.90000 0.30000 1.10000
20 1.40000 -0.40000 -0.10000 0.60000
21 , 150000 ~1.90000 -1.60000 . -1.20000
22 T 150000 -1.50000 . -0.40000 096000
23 1.60000 -0.80000 -0A40000 0.80000
24 1.60000 -1.40000 -0.60000 0.40000
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of initial items. We can see from this 12ble that, with the ner =z
exception of (14-3), the values of the mean square errors -
are greater for the cases in which we used dichotomized P -

items as the initizl item, than those for the cases in which
graded iterns were used, although the differences are small.
To make 2 more detailed observation, two cases, in which
(24) and (14-3) were used as the initial item respectively,
were picked up, and these valuss were calculated for the
maximum likelihood estimates when 4,6, 8, 12, 16,20 2nd
34 items were used respectively in the simulated tailored
testing. The result is preseated as Figure 9, in the formof
the comparison of the cormresponding square roots of the
mean square errors. We can see that the branching effect is

.3

conspicuous for the cases of fewer items, namely, 4, 6 and . : _ A

8, and diszppears with the addition of more items. Thiscan - e -

be interpreted that when we add mose items the effect of I gure 6. Cumulatne frequency satio of maxemum bikelihood est-
the initial item becomes negligibly small. Note, howeves, mates oblained from the original response patteras of
that in. the present simulated tailored testing situation the f”d“‘ "“)" m"’:’:‘;cfz;: ,11?“0 ﬁ:igg"andd;bi(“‘;
selection of item-and-way-of-dichotomization becomes with the parameters ¢ =03 a0d o = 02128

more and mose limited in ater presentation of items.

-

TABLES . -

Test Information Function of the Hypothetical Test of )
24 Grzde Items P *

" ) j

Abifity Information
Function .
8 1(0) )
-15 16.317
-14 17.250 - =" 2 .
-13 18.119 - ” ¥ = ”
-12 18.915 ! -
-1.1 19.628 A
-10 20.252 oy et
0.9 20.784 — -
038 21.220 “

07 - 21.562 . 5
0.6 21.813

05 ) 21.979

04 22.065 of .
03 - 22.081

02 22.034 57 ) .

0.1 . 21.930 4
g? 51.776 /f; ' .
2 - 1.574 R _ -
02 21.326 . ’-/"'f . , : '
9.3 . 21.030 . & s = 5
04 20.681 . | .
05 20.273 .
0.6 : . 19.800 ) - B
07 4 19.256
08 . 18.636 Figure 7. Cumulative frequency ratio of maximum fikelihood esti-
- 0.9 - 17.938 mates obtained from converted response patterns:
1.0 17.164 A. Using most informative dichotomization of itcms at
1.1 . 16.318 8 =—0.3, for the 100 hypothesized subjects (. ) and
1.2 ) | 15.409 thé normal distribution with the parameters u = ~0.3 and
1.3 14 449 o = 0.2407 (- — =), B. Using least informative dichoto-
14 7 PR 13.452 mization of jtems at 8 = ~0.3 for the 100 hypothetical
1.5 B 12.435 subjects (— ) and the nommal distribution function. .

with the pifameters g = -0.3 2nd o = 0.3685 (— - -7
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F1gure 8, Lumulatne ticquenyy faliv 01 maagaum dikelthood cstmates obtaned by stmulated Lailured testing, for the 100 hypothetical
sabjects (— — —) 2nd the normal distnnbution with the parameters g = 0.3 and o = 0.2128 ( )- A. with the most informative
dichotomuzed sterm (23-2; a5 the -l stem, B. aith the keast infurmatave dxhotomized item (3 3), as the initial item, C. with 2
medium mtormatve dichotomized siem 114-3) as the 1fatial stem, D. with the most ifusmathe zraded item (24) as the initial item,
E. with the second most informative graded ite:n (23) as the initial item.

TABLEG6

Mean Square Esrors and Other Indices for the Variability of the Maximum Likelhood Estimates in
the Simulated Tailored Testing Using Different Initial Items in NMB.

Mean
faitial 1,(-0.3) Square JMSE 1/MSE
Item Emor ~ L

3-3 0.104 0.068 0.260 14.767

P 5-1 0.260 0.069 -0.263 14.120

: 10-3 0479 0.060 - 0245 16.723

Dichoto- 14-3 0.740 0.055 0.234 18.281

mous 18- 3 1.018 0.066 0.258 15.051
23-1 1287 0.063 0.250 15.938 .

23-2 1.615 0.064 0.253 15.5%0

Graded 23 2.074 0.058 0.240 17.332

’ pY} r - 227 0.056 0.236 17.980
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Figure 9. Comparison of the square 1oots of the mean square errors,
of the maximum bikelihood estimates 1n stmulated tas-
lored testing with the graded item (24), plotted with x
and the dichotomized 1tem ¢ 14-3), plotied with o, as the
itial 1em, calculated for 4, 6, 8, 12, 16, 20, and 24
items.

DISCUSSION AND CONCLUSION

Through the observations of two types of data, it has
been made clear that tailored testing, 1n which we use
dichotomous test -items only, can provide us with much
more accurate estimation of ability than non-adaptive
testing, 2nd that accuracy is almost comparable with that of

ERIC

Aruitoxt provided by Eic:

graded response level. We also have observed that the
branching effect-by using a graded item as the initial {tem is
conspicuous when we use a relatively small number of
items. When the number of items increases in failored
testing, however, the effect of the initial branching, or the
amount of information given by the initial item, seems to
have a less effect on the final estimation. On this point, we
need a further study by using a larger number of items in
the original set of items, and also-an item with mose score
categories as the initial item.
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‘ APPENDIX A

1. INSTRUCTIONS FOR THE FIGURAL SUBTEST *

There are 10 items in this part of the test. In cach 1tem, nine
fizures xre arranged in three rows and three volumas, tno of wbich
arz missing, as shown below, These figures are asranged sccording to
some sulc, and you must find that rulc by obscrving ihe seven
fizures shown in the asray.

R ® | L

Befow this array. twelve figures are ywiven, and you are to choose the
right figures for the missing ones in the above amray, A and B.

Neat, we add an additional colsmn as shown above. Youare to
choosc the right figurcs for C 2nd D out of the-same twelve choices.

After you have followed the above two steps, ther You are to
draw the right figurc fos E in the 2dditional column. This figure may
or may not be one of the twelve choices.

Don't turn the page until you are
io0ld to doso by the instzuctor.

2, INSTRUCTIONS FOR THE NUMERICAL SUBTEST

There arc 8-items in this part of the test. In cach item, a specific
rule is given, and you are to xcad the instruction carcfully so that
you_will understand and bc able to handle the sule. They are
numcrical items, and in all of them you must use calculations.

in cach 1tem, be sure that you undesstand the rule correctly. If
you have time, check {he caleulations, and be sure that the (positive
or negative} sign attached to your answer to cach problem is a
correct onc. Try tc solve cach problem correctly and as quickly as
possiblc.

Once you have started a caiculation, continuc the czJeulation
until you get the answer,"Don’t leave it unfinished and start another.

Are there any questions?

Don’t turn the page until you ase
told to do so by the instrtictor.

Aruitoxt provided by Eic:

3. ITEM 1 NUMERICAL SUBTEST

The tolloning square ar1ay of pumbers 15 pamed 1.

B

fisst column of E,

l ; !. is «lled e, . and its second column,
J iscatledc.. -

The
2

r

Each number 1n 2 column is c2lled an element. In the sbove
example. 1 and 3 are elements of the column «,. 2nd 2 2nd 4 are
elementsof the column ¢,.

The operator 2 indicates that you-should subtract from cach
clement of the column which comes ncxt 2o the operator the
corresponding element of the column which follows, squarc the
resulting value, and then multiply all the results.

Exemple: Steg e =(1-2) X (3~ 3)°

Consider the above example(s), and be sure that you understand
the opesction.

following thy fule, compute cach of the three numben shusn
on the next page for the square asray A, which is given below.,

3 5 -2
A= -4 g
6 -1 8
i) Na, a, =
(ii) ' fNa, a, =

i) Qa, a,

If you have alicady finished the above, confirm that you have
used the operation correctly. Also check the calculations, and be
sure that the (positive of negative) sign attached to your answer to
cach problem is comreet.

PDont turn the page until you are
told to do so by the instructor.




APPENDIX B

Scven Fagures for the Subtest FOGR. Conaponding to Fgufes 2
through 9 for the Subtest NMB. Intzad Jioms scd for Senulated
Tasiered Testing Are: §2-2 for Figure B FA-2 fur Farure B, K33
for Frzure BS, F2 for Fizure B6, Which Comesponds to the

Cormtenation of Tagares 7 wad 8 for NMB. 2nd ¥3 for bigure BO.
Thexe Values Ase Plottad for the 123 Subjeats Whose & Arc in the
Interval 0.8, 0.1,
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INCOMPLETE ORDERS AND COMPUTERIZED TESTING

A computenized sJaprive testing system has three main
aspects. and consequently it can differ in thre2 main ways
from a noncomputer systein. Firsi. there is the test item.
Full utilizatzon of a vomputer 2llows an enozmous broaden-
ing in the type of problem that can be presented to the
individual. Typing out objective questions 1o him is the .
most obvious thing 1o de. but it is far from the only thing.
and is perhaps far from the best thing. There is perhaps
even 2 greater extension of the possible types of examinice
response. as we can see not only from what is described
here but by borrowing from CAI techniques. Morcover, we
«an easily incurporate speed of respunse into the svoring.
we can determine not only whether the person can give the
answer. but whether he can give it ia ten seconds. But the
grestest difference between computerized adaptive testing
and ordinary testing 1s 12 the exten: and nature of the
decision process that goes on tgctwccn items.

It is with the latter aspect that I will be concerned here
today: the approach suggested here 15 quite different
corcepteally than uthers such as the brandung and the
Bayesian methods, su the paper will trace 1ts ongins. Tests
try to order persuns. so we will first consider the basie
nature of ordess and then how uiders can be constructed
from incomplete data. Testing will be shown 1o be a type of
ordening prucess which utilizes meomplete data. computer
1zed adapuve iesting develups orders frum hughly ncom-
plete data. W= will give a simple example of how a
computer program based on these cuncepts works. Finally,
some of the ways in winch these coneepts form the basis
for a test theory will be suggested.

Our approach to 4 mudel for computensed tesiing has
its ongins n quite a different arca, tomputer-interaclive
judgment uicthuds. In urder to demonstrate the relatiun
between® testing and otdenng, let us consider fur a moment
a simple order. A simple vrder s defined, and please let e
use quueanformal language, as a sei whuse members display
a relation between clements wlich demonstrates aym-
metry and transiivity. Now what that means s that, if we
have a matnx which records the existence of the relativn as
a 1, ur 1ts non-cxistence as a 0, between a pair uf elements
of the sct, the mainx must display the toangular form
shown in the first figure. Paired.comparisons judgments of
some stimulus property of coursc often display a close
approximation to this form. For cxainple, supposc we uscd
the five indicated letiers, presented them in_pairs, and gsked
a child which came first in the alphabet. Then we record-his

" judgment as a | if he responds that the row leiter comes

‘

o

before the column letter and 2 O if hie says the reverse. [f he

* Preparation of this papcr‘\’vas supportcd in part by the-Officc of
Naval Rescarch, Centract No. 150-373.-

NORMAN CLIFF?
University of Svathern California
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knew the order cf the alphabet. then the data would be as
shown.

An interesting properly of such paired comparisons
matrices is that they nced not be complete. Suppose we do
not ask about all pairs, but do assume that the data is
asymumetric and transitive. Then we may be able to
complete the matrix by performing matrix algebra on the
clements which we do have. This is illustrated in the second
set of figures. The lefthand one shows an incomplete
dumusance mnatsix, one which incidentally would typically
be found by the Kind of interactive ordering progran we
developed, and the right one shows that-matrix multiplied
by itself. We sec that in this instance the square of the
ubtamned matrix shows exacily the same triangular form as
the complete matrix in Fig. 1. Actually, the data matrix
«uuld be even mure incomplete than this one and stitl yield
a womplete order. The necessary part of the matrix is the
suptadiagonal chain of ones which corresponds to the
judgments coneerning the letters which are next to each
other in the alphabet. As long as we have these, then the

matnx can be completed, we just have to raise. ig_uﬁahigh ’

cnuugh puwer. Of course, when dealing with h

an
judgments with theit inconsistency, we have to buil&'n\/

sumie safcguards and tedundancy in the process.
The reason for going through that excrcise 'is that the
mMmudel we propose fur cumputerized testing is exactly the
]

vV W X.Y Z vV W X"y 2 v W X Y 2
v - 1 11 v -~ 1 i v = 1 112
w0 - 1 i w - 1 w0 ~111
x 0 -1 x0 - 1 x 00 - 11
y O 0 -1 ¥ 0 - y 000 -1
z 00 0 - z 0 0 - z 0000 —-

Fig. 2. Suffivient sdjacency matrix Ap, 1ts squarc A7 and the sum A,
+ A7, showng that the latics has the same qualitative form as A.
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s::ms:? We ay it I oades people I what sense 1 that

0§ what sens o the selateon Botneon people wne whad
i agvmmetne and tranatne ! M sepoaticially Dy that
Woexamupess are given Jifferent soies. thea the relauun
between the scores is avy munetzic and taansitise. That i just
4 property of numbers, in fat the one whidh sened av o
madel for ordering in the st place But ot i o propety
which 15 just as true of the testees” ap~odes, ot then soaal
secutity numbers, or their foutball jorsey numbers, as 1t s
of theif 131 scores. What I it ahout 1o sotes that mahes
the wrder empirically mcaningful rathes than arbitrany

Test scores stat out from binas ry relationy between
peup!a. and items. How as it that we are alluwed to derive
from such selagions numbers which give us an order of
people. ia fiie samie sense that we wan asign numibers to
stimuli that give their order” Where is the sy mmetsic,
transitive relation?

A long e ago, Losis Guttman gave part of the answer
(Guuman, 1941). He said that itens order pessons if the
scare matnx displays the form we have come to wall the
Gutiman scale, but should more fairly oall the Guitman
Loevinger scale since she invented an alnost identical
concept and developed it in g superior way (Luevinger,
1947) Bwt (,umnans.:;_.g\u i nol comp luv.l» satisfactony
1o the formalist. The score matrix is rectangular, not
square; iteny esponses are defined as tight or wrong by fiat
and have no chance to he aither then aymumetne. The
transitwvity of a Guitman scale is indiredt,

The most important part of the answer to the questions
concerning the legitinmay of ftems o orderers of persons”
lies in the realization that the score matrix is only part of &
larger matrix of relations. The sclativns matrix s really
items-plus persons by ttems-plus-pessons. not just items by
pensons. We think of the sesporse of a person to an iten a
indicating a dominance relation between the person and

the stem. Habitually, We put a one in the score matriy if the

penson gets the jtem right and a zero if he gets it wrong. But
that is becamse. being people. we identify with the persons
dimension of the matrix. If wistead we were itemn, in Sume
lhmugh the lnukmg ghass world, we would use the uppusitc
notation, giving the irem a one if the person got 11 wrong
and a zero if the dumb thing sHowed itsell 1o be gotten
right by the pesson.

a b1 23 ah 1213
a 011 « 01
b 7 001 b 0O D
111 1 012
2 0 1 27 00 1
300 3 000D
S (X

Fig 3. Complete Ghowing nghits and wrongs seore matnis S for two
items a, B oand three persons, 1. 20 3 for salabh dota, and $?
showing item-ttem and peron-pesson donunanse,
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Taking the pomnt of view o fenther e nor penons
but zathier of 2est theutista, we must tahe alos Juam s
stareee and play Lut o wur scorcheeping. The swote mato 1
expanded In the expanded matma. ave gne a one 10 the
winges of ihe contest between stem and person and a zern
" to the loser, segardless of which s which. Such a matnx s
diven at the fest of Figuie 3. ln the fower felt comer of the
matnx we have the usval brary scote ptatai which shows
which ftems were defeated by whidi persuns. The matnx
hete s of the Guitman form. In the upper nght we have
the same matrix from the item punt of view, giving a one
cach tine an itenn defeats a person. Since the score mainx
is complete Tiere, the upper nght matnx 1s the transposed
vomplement of the lower right one.

Thete are two other sedions of this expanded score
matrix and these are left blank. These secttons correspond
to the item-item and person-person relations, which are not
vbserved diteutly. In the wse of pairwise judgnients, we
found above that an incomplete.matnx could be completed
by squaring the wbserved mainx. Let us do that 1n the
present case. The aesult 1s shown m the nght side of the
!Lguu It is two triangular matnees, vne for ems and one
ior peosons. Thus, trested 1n ths formal fashion, we sce
that g GL scale does give two asymmctie transitive
relatiuns, one_for itents and one for persons. We will retumn

- 1o these two order matisees m another conteat.

We wan put the two vrders together. This 1y illustrated 1n
Figure 4. the matrix on the leit s simply the sum of the
two matsives from Figure 3, that 15 S + S°. The matnx on
the right of Figure 4 containy exactly the same clements,
but th) have been reartanged. that 1s, pre- and postmuln-
plied by a permutation matnia P, o the order which 1s
implied here, o jomt order of persons 2nd mems. which 1s
seett o 10 faut be a simple order because of the rangular.
Le.. asymmetsie and transitive form of the matnx. This
answets thuse querulous questions about where the order 1s
in the case of test data, If the data are a Guitman scale,
then the score matrix. expanded and operated on in the
manner indiwated. dues indeed define an order 1n the rather
strict sense of the existence of a relation on a set, a relatton
which is transitive and asymmetne.

Let me say that for ilustrative purposes here the matnx
operations have been carried out in ordinary arithmetic.

a bt 23 1 a2b 3
a 0101 14 1 - 1112
b O GOODO 1 a 0o - 111
11101 2 200 -11
2 01 001 b 0D - 1
300000 30000

S+52 S+ S%)p

fig. 4.5 + S 1n sts ongnal segregated form defty) and reosdered
form (nght). the Jatter <howing qualilative asymmelry and transi
tivity hike a aimple order. .
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Because the sefations are bl ather than anthmeac. ae
should hae been doing the matnx multiphication with
Buolean anthmenc. The enly thing that chanzes i the
present context s that afl nusbern greater than vne 1 the
matnces should be st gqual to oz,

So Tar. we have aof relered directhy o thing haang
» do with “computenzed adapine tevung.” but the
relevance aof the ahome theoretical sketch o quite direet.
Just as the score mainx el » g kmd of meomplete
matrix of dominanee relatrens that can he completzd by
the powering operation. an even mwre moplete st of
relations is ol! that is really necessan Lo define the jeing

. e ]
s m . a4 1 72 3 3 s s b ¢ 4 1 2 3 3 5
4 \ TR B a R B LA
1
P - o no1 oy 0 b 0o o 1 FLI L
*
: i} wu 0 1 g* < 1] A 0 1 I*
- & " <
d Ge  0* 0y 1] 1 d . B LA (L i 1
111 . ; 7y 1 1 1 o
I o s 0 1 1 t* 0
3 o 1 i 3 0 o 1 i
3 0 1 4- 0 gr- 0 1 -
3 ] 3 6 o 0 -
A AA +p(2)

a B & d o1 23 4 5 a4 b ¢ 4 I 2 3 4. 5
a0 1 I 1 a 0 1 LI LI L4
bo® 0 1 1 ) b 9 p o0 1 1= 1
« 800 1 . < 6 o o 1 I*
d o 0 05 0 d o o0 o 0 1

. H

1 ] i 1 1 0 1 1 1 LBt
2 o a1 1 1 2 0 1 1 1*
3 ] - 6 o0 0 1 1 3 0 0 i 1 ]
4 9 o o o 1 4 o 00 0 1 ‘
5 o o 0 D 0 s 0 0 0¢ 0

AlA #1132 AlA + D)

Fiz S lllusl‘mmn of completion by powcnng. Starred entries arc denived by implication. -
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persontem order, 15 we happen 1o ok each peren wnly
the hardedt item he can answer corredtly and the sexe-t
item Bie wopld miss. these 20 relations 2otuadly. 20-2 1
covugh  are sulficient fe detine the complete joing vrdey o
items and persons. This subset of relations can juite smply
e shoun o corrapond to the relations hetween adpacent
clements 1n the order. the supradiagonal string of o1 Wy
saw in the incomplete prired compansons matrix of Fiz 2
In fact, it you Jook at the righthand matrix of Figure 4.1k
string of ones just above the diagonal there denutes exactly
this set of ftemepesson relations. In the 1973 Builctin antice
(CHIL, 1975) 1 Mustrated the wav in which sueh 3 set of




relations could be ased 1o recunstruct the cumplete siure
maisix. That provess Is seprotuced hese in Figuse S ahee
the matrix powering is carried out.

Unfortunately. there is a problem, we do not ‘know the
nght items to ask 2 person unil after wehave ashed them.
The routine by which the computer searches for the sight
ilems to ask I one of the two man aspects of the
processing part of computerized adaptive testing, the othe:
main aspect being how it damps out error. In cus researct,

*“what we are doing is carrying over some prindiples whilh

we have previously found 1o be effective in the paied
comparisons ordefing case.

The next set of figures Mustrate the operation of 2
prototype program of the kind we have in mind, wiitten by
Jerry Kehoe. First, the program asks each person two items
2t random. The entrics in the fefthand matrix of Figure 6
show the results of these prelimimary rounds and the
righthand one shows the powered matrix which contains
the implications of these responses a5 well as the responses
themselves. So far these are very few. The compuiet then
decides which items to ask which persons next by seeing
which are closest together in the order so far determined.
This process of presentation, powering, and selection would
£0 on for several rounds. The next figure shows the scure
matsix for 2n intermediate round on the isft and the
implications on the right. Now the powering prouess s
having som. effect. The next one shows the final score
matsix on the left and the implications un the nght where

we sce thal ot wily has the swuie matsn been -.umpk&cd
by smplication but these ate D wmplete sumple uzdcxs of
persons and iterms.

We inddentally degut have a pame fur thys method. We
wodd e to «all it Tie Extended Tiansiumty Sysiem, o1
ETS, but those initials have been preempied.

You can see that the savings are not very great in this -

mstanve, cach persun Mmusi be avaed must of the gems. Thes
impressvn &5 pnmardly a function- of the size of the data
matrix here. The savings are much, much greater with large
matrives. An appzt buund for the number of siem-person
relations that must be observed for 71 persodis and x items 3
loga(n # x)!. For 200 persons and 200 stems this numbe: is
abuut 2886. That means we would need to ash each person
only 15 items to got the complete aider, mureover, the
uppei buund 6, quite 2 genervus onz 1n the presenLnsianie,
2 couple fewer might well be sufficient.

Thus the mcthod’ will work if the responses form a
Guttman suak. It aorks surpusingly quihly and requires
surprisingly little space sn the compuier, pnmarily because
the programs tahe advantage of the bmnary natere of the
data to store sesponses s single bits-and then to arry out
many of the lwlations on whole woids, that 15, 32
elements at a time are pxm,cscd 1n rasing the matnx o the
next power.

It is really no surprise that it wurks with cnud data.
The crucial questions are huw well will 11 worl. wkh the
kind of in.onsistent itenms and persuns that the ical

T items persons ftems persons
a b c d e f g 1 2 3 4 5 6 2 b ¢ d ¢ f g 1 23 4 5 6
2 - 2 - —
b 0 b )
c N 0 0 rc 0 o
d 1 d 1 ~ 1
e 0 0 e -0 0 0
f ! 0 0 1 f 0 0 1
£ 0 0 1 £ 0 1
1 1 1 1 1 1 1-
2 1 1 2 1 1
3 1 1 3 1 1
4 0 1 ’ 4 0o 1
5 ‘ 1 1 5 1 1
6 0 o . 6 0 0 O
Eig 6. {Left) Initiad stem npunses matnia S, shuwing buth pasun dumnanies and Jlem duminances. Biank entrics mdnuu sicm-penon pax::
nol yet observed. (Right) S + S?, showing the implied item-item and person-person dominances. ¢
. I
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3 4 s 6_
1* 1 o101 :
1 T
1 o1e g
1 1+ I
0 1 1¢
o 0° 0 1
0 0° 0
1 1

- o o0 1 4 o0 6 0 i 1°1* 0 O
s o 1 1 s o0° 0 ¢* 0 1 1 0° 0° /a I U
6 0 0 0 6 0 0 0 008, U 0° 06 0

Eiz. 7. (Left) tiermednale stem sespome mana S, (Righiy S + 5174 50 4 5163 4 59Y Suarred (%) entraes 212 derived by indifect implication,
ie.. from SO, (4 or ().

a o . I

Fiz. 8. (Left) Final sesponse matna S, showmg 26 of the 42 stem:person combinations which were used. (Right) S+

' -/
2 b ¢ d4 e g 1 2~3 4 5 6 2 b c d e f g 1 2 3 4 5 6
2 11 a 11 1 1 1° 1110 10 1e 1
= T o 1 1 b 0 1 11 11 0 1 1 1 1°1
c 0 0 1 c 9 O 1 1 1 i 0 0 1 1 1°1°
. d f\()\ o 0 d 0 0 O 1 1*1*° 0 0 0 1 i* 1°
e o o e 0 0 0 O 11 000 0 0 1 3¢
f 0 £ 00 0 00 i_ 020" 0 0° 0 1
s 0 £ 0 0 9 0°0 0 0 0° 0 0° 0 0
1 0 - 1 0 1 1 1 1°1°1° " 1 1 1 1*1
2 0 1 2 0 0 1 1 1 10 11 1 10
3 1 3 000 ¢ 1 1 1 1 0O 1 1 1
4 1 4 0003 01 1°1P¢ o0 o0 -1 1°
5 0 5 0 6° 0 00 1 1 00 O O 1
6 0 0 6 0 0 0° 0° 0" 0 1° 0-0° 0 0 0

SGY 4 Y, 5fe) 4 5l5)

with starred (*) clements indicating those entered by indirect implication.
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faces us *ith, and what advantages duzs sl offes over vthe
approaches? The auswer to the first guestivn must aval
the opportunmy io Iest i finst sath anficg] stodhosta data
and thea with 21 daia. How well st will do in practice
relative o the othe: apptoaches thai have been seported
and which we are heanng abuut dunag these two dzys must
awzit even further data.

A priori, the methodulugy heie appears 1o offer atleast
ome potential advaniage, the avadanwe of extensve pre
testing to detenmine stem charadtenstics. Such pretesting
presented-problems, even to papzi and penal tesung. There
was the security proviem, the question of comparabilit of
populations, the differing conteats, the expense uselll Ia
the computenied sitwation, these all become morz acuiz.
The present process avoids preiesung snoe fiems and
persons are processed in parallel.

This method dogs require 2 substantial pumber of
persoas being tested simultaneously, however, but ths 1s
only initially true. Onice a substanzial-sel of persontem
relations has been buiit up, additional pefsons can be
processed individually as they appear, being fit nto the
previously determined order by means of their responses to
the items. Under that ‘mode of operation the amount of
additions] computer processing would be quite small.

It also seems to me thdt this way of thinking about
taflored testing muakes it easier to think of testing as
integrated into a total personnel process. Afier al, it could
be that the item selected fora person at a given point could
be something like, “You have been assigned to welders’
school. Come back when you have completed the course.”
The “iten”™ n that case 15 suwcessful completion of the
course.

But to.me, the most promising aspect of this method is
theoretical. 1t fumishes the basis for a test theory which |
think is more appropnate to the .omputerized testing
context. If what i wanted from u:su'xg is an order of

Ed
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persuns. anl porms zfter all just tell the smdividusk”

pusitons iclative tu some benhmark peosens, thea surely
we want the otder 10 be wonsistent znd complete. How do
you tell if the cordet is consistent 2nd complete? Yon lock
at the persun pesson selation matrix and see f it B
asymmetie zad transitive. It i easy to think of indices
which would zeflect the degreé t0 which that mitrix his
those properties. Indeed, I had intended to spend mj time
here today tallung about them, but the results of out study
are not quite ready foir presentztion yei. Suoch indices
furmsh andlogues of th: famiias Xude: Richardson for

mula which are centzal to Dasic test theon, and in fact are
related to them in the case of complele data. They have thie
additional propenty of being readily generalizzble 2o the
incomplete o7 compuzcx-zdapﬁvc case. Thus if we go about
computerized testing in the way described here, we can at
seast hdve appropriate cvaluzuonzl indices built into the
system. Other tailored tcstmg schemes rely on external
information from traditional modes of testing 10 get theiz
biserial comelations, stem difficulties, reliabilities, and so
on. Here, anzlogues of these indices will come out of the
interzctive process jtself.

-

CEAT, N. Compicte ofders from incomplete data: Interactive order-
ing and tailored testing. Pspchological BuZetin, 1975782,
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Guitman, L. The quantification of a dass of attributes. A theory
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Loevmnger, J. A systematic approach to the construction and
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ADAPTIVE TESTING RESEARCH AT MINNESOTA—
OVERVIEW, RECENT RESULTS AND FUTURE DIRECTIONS'

Adazptive Testing and Error Reduction

The general objective of ocur fesearch program on
adaptive testing i to view it from 2 penpeine whnh
identifies several soures of potential erur in test swores,
and v study adzptive testing a5 ameam fu redeang these
errors of measurement. -

The first general source of error that we have been
concerned with for some time & the error that results fium
the mismzich of stem Jifficulties tm 2n 2bility test sath the
individual’s ability. Obviougy, the testee’s zbiity & not
known at the starnt of tesung. But the different stsateges of
adaptive testing that have bzen proposed can be viewed as
different wzys of matching stean difficulues with tesiee
2bility 2nd sequentially estimating the iestec’s ability.
Conzequently, onc of our majot fovuses 15 1o determine the
best, or at Jeast better, ways of adzpting siem dfficulues o
individual 2bilities. -

We zre approaching this in two complementary ways.

First, we have been doing live computerized testing. Since
Iate 1972 we have testéd more than 5,600 subjpects on a
vsniety of strategies of adapive tesung. Bot live testusg
«annor provide the znswer {o all the questions conuerning
which strategies are best- under which cundituns, vecause
thzre are tvo many quesuns iv be answered. Thecfure, we
are using vomputes simulation tu supplement and eatend
the results that we gbtzin from live testing.
*  Our general straiegy 1 to smplement an adapuive testung
strategy in live testing fo obtain scme data with an
arbitarily strectuzed Iive adaptive test data suh &
charactenstics of swore  distributions  and  iest retest
reliabilities. Then, cur vlimate goal 18 to busld a computer
stmulaizon model which will accuiately geflect the sesults
that we obtamn from live testng. With the <umputes
stmulatzon model w= can then very fapidly study diffezent
vanations of the adapuve tesung strategy. The nexi siep 1
to verify the simulation results in five testing.

Thus far we have not yet develuped a sundlation model
withh completely rflects how five testees sespund, but we
are making piogress fuward that gual. The <umpute

-

1 Early development woik on this resezrch was supporied duning
1969 3d 1970 by grants from. tbe General Reseanch {und of the
Graduate School, Unverity of Minnesoia. Rexearch seported i this
paper was supposted since carly 1972 by Personnel and Training
Research  Programs. Office of Naval Rescarch, Contsact No.
NOOO14-67-A-0113-00Z9, NR 150-343. Specnal thanks arc due 10
John DeWitt, our project progrzmmet, withoul whom this sescarch

- would have been almost impossible.
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simulations are nectssary because of the rapidity with
which we can study various 2lternzatives. The live festing &
nscessary, obviously, bacause it’s people who 12ke tests and
not computers asing hypothetiual items o1 hypothetical
subjects. So it is pecessary to reverify the results of the
wmpaisl simelativns to make sure that they still reflect
what real people do given the variations we have made in
the strategies studied in the amulations.

The szcond main focus of our research is 2 wncem with
the psychological efiects of adaplive tesung Here we aze
wncemed with identifying jhe psychological aspects of
1esting 2nd the test environment which caa intioduce error
into test scores. These variables include guessing, test
anxiety, buredom, frustration, and sadal o1 ethni. group
eifects. -

Guessing can obviously artifically increase fest scotes,
frustiation, anxiety, motivation and vthe: factons can sesult
in 1est scores lower than true 2bility. All of these, therefore,
are sourues of error in fest scores which are due to the
psychological effects of testing.

We are also concemed with the psychological effects
that will result from the man-machine interface. This, from
oul capenciice, is going to be an important problem in
mputcrized adaptive testing. There are diffezent kinds of
wmputer systems on whith we can implement adaptive
te.ting and eah of thuse computer systems ha its positive
and nepative effects on testee behavios. Thers are different
kinds of termiinal deyvices for adaptive testing and ¢ h kind
of terminal device displays in different ways and at
different speeds. All-of these variations in the man mahine
interface are going to be new problems for us tu cunsider in
the years to (ome. Past research has demonstrated that
answet sheets-in paper and penuil testing sometimes had an
effect on test scores. Similarly, research in adaptive testing
will need to study different kinds of CRTs, different kinds
Jf cumputer systems and different display specds 2s part of
the psychological effects of computerized testing.

A third source of erro1 that we are concerned with has
been briefly discussed this moraing by Di. Samejima, this k
ertor that resuits from not extracting enough information
from a testee’s responsé to a test item. To date, most
psychometric research has been concemned with binary or
01 scoring. But, as Dz. Samszjima has indicated, we can get
mote mformation vut of a test response if we treat it as a
graded item. Our reséarch extends that reasoning to
continuous responses using the continuous case of latent
trait theory. The .continuous case is operationalized by
probabilistic responding. B




This aspect of ouz reseanch s concemned with integrating
probabilistic respoading with adaptive testing Probabilistic
sesponding, like adaptive testing, can result fa horizontal
information functions. This implies that if we put adaptive
testing and probabilistic responding together we wili have
extremely powerful methodd of redudag errors in Zes!
scores due 1o the incomplete use of test respenses.

The fourth source of emror ihat we are studying is the
error that results from deviztions from unidimensionality

“Latent trait theory, as it is usually used in testing, is based

on the assumption of unidimension2lity, zithough there are
multidimensional Iatent tr2it modeks being developed. But
dimensionality that is defined on a group, such a5 the
unidimensionality of latent tmit theory, dozs not
neces$anily hold true for an  indisidual. That &
dimeasionality defined by factor analy sis o1 othes methouds,
when applied te an individual, assumes that the individual Is
the typical o1 average member of the group on which the
dimensionality was defined. Thus, in the testing situation,
when a set of “unidimensiunal”™ items is 2dministered to 2
individual, th.2 resalt may be a set of responses that are not
unidimensionally determined.

Consequently, our research is concemed with
individualitem pudl intesactivns the interactivn of une
individual with 2 set of “‘unidimensional™ items. We e
studying item espunse prutowls of ths nature W
detemmme of meaningful deviativm from aeadimensivnality
do ovaut for spevific indmaduals. If they do, we will then
attempt to develup stiteractive tesing mudels ina will 1ahe
avwount of mtragndvidud mdudimensionaity o an
adapiive testing situation.

The focus of vui tescaih effuit, as you can see, s with
the individual, "We 2re concemed with identifying those
sounes of ertor an test scores which result in the vver- w1
under-estimation of cach indidual’s abihty.

Recent Results

Most of out fecent sesults are woncemed with the
psychometric effects of adaptive testing, or the comparison
of bran hing strategies. Thus far we have reported imual
results fium buth hive tesuing and cumpuiet sumulation vn o
simple twostage test {Bete & Wess, 1973, 1974, Latkin &
Weiss, 1975) and a py1amidal branching strategy (Larkin &
Werss, 1974, 1975). Beluw, I will report some results from a
flexilevel test (Betz & Weiss, 1975) and some data on 1.
stratfied alapuive test (Weiss, 1975). M:. MuBnde will
present some data wsing Owen’s (1975) Bayesian adaptive
testing strategy.

In general, the findings that we have to date show tha
adapuve tests have Jughar testrelest stabihties a very
piautieal and useful unienun when contiulled fur saumbes
of siems and memury effects. Adaptive tests also teud to
shuw, 1 simulation studies, better distnbutiuns of ability
estimates. That 1, ability estimates better reflect the

distribution of generated ability. And, in general, adaptive

7/
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tests gne mfomeatun funcuons whul ae les sanable

thuivughout the sbility gmege, n suppurt of Lord’s
theoretical findings (see Weiss & Setz, 19733,

Flexilevel zbility tesung. Figare 1 zhows the jtem
structore for Lord’s {19712,0) flexdlevel test. In ihos testing
suategy there 15 one stem 21 each of 2 sumber of diffiuulty
levels, stem 19 is the most difficult item 2and 1iem 18 the
st difficult stem. Everyone starts the fexilerel test with
an item of medizn defficulty. liems with odd sumbens
increase 1 difficulty a3 they dewate fiom the median, 2nd
sicms with even numbers decrease in difficulty.

Figure 2 shows the paths taken by three diffesent pevple
through a ten-stage flexilevel test. Starting with the first
sten, a correct sesponse leads to the pext more difficult
stem ahudi has pot yet been administered. An incomrect
respunse Jeads o the must-diffiwult of the vnadmunistered
casier stems. Figure 22 shows a high zbility testee going
through a flexlevel test, Fagure 2b is for an average ability
testee, and Figure 2c is for 2low ability testee.

Our hive-tesung study of flexilevel testing (Betz & Weiss
1975) used a flexilevel test in which ealh iestee wou!d

answer 40 ifems, requiring a 794tem structure. That test
and a conventional peaked paperiznd-pendl type test,
administesed on a computes to contio} fur puvelty effects,
was admnisiered to 130 individuals. The same tests were
then used in a computer simulation study. That study used
10,000 “'subjeuts” sampled frum 2 numad distributivn of
ability, and an additional 1600 subjects, 100 at each of 16
levels of ability. From these simulatior, data we caluulated
information functions, and testretest o1 parallel fomms
reliability. From the livetesting study we calculated”
test-retesi reliabilities, and other data describing score
distributions.

The major gesult from the live-testing study was that
flexilevel test.scores were no more stable on retest than
scores on the cenventional test; test-rezest stabilitics for the
two were virtually identical. The majorj result from the
simulztion study is shown in Figure 3, which displays
information functions for the conventional and flexTével
tests. Figure 3 shows two fi ndmgs w}uch were niof predicted
by test theory. -

First, test theory (c.g., Lord, l971c) predicts that the
wonyentivnal test will always result m higher levels of
information, i.c., better measurement, than any adaptive
test at the median of the ability distribution. Figure 3
shows tiat the flexdevel test had higher levels of the
mformation function at the median (6=0) of the ability
distsibution. The second prediction from test theory (Lord,
1971b) was that the flexilevel test shuuld yield a relatively
horizontal information function. Figure 3 shows an
mfoxmauun function for the flexilevel-test which is quite
divergent fiom horizontal. In faut, the standard deviations
of the information functions show that the flexilevel test
had a larger standard deviation than did the conventional
test, that means that the flexilevel test tended to be less
equi-precise than the conventional test, at different levels of
the ability distribution.
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Information functions from flexilevel and conventional tests

{N=100 at each of 16 levels of ability)

A comparison of the resylts from the computer
simulation study and the live-festing study showed
differences in the test-retest reliabiities. This result wazs
expected because of the memory effects in live testing.
There were also differences between the two studies in the
shapes of the gcncra(cd score distributions. These
differences demonstrated that the simulation model was
not yet adequate encugh to reflect the results of live testing
and that'it needs some revision so that it will enable us to
extrapolate from live testing through wmputcx simulation
and back to live testing,

Another interesting result from lhls simulation study
relates to the methodology of computer simulation itself.
The design of the study was one in which we repeated the

computations for a hundred samples of 2 hundred subjects.

each - order to study the sampling distribution of the
simuldtion results. This was done to examine the generality
of findings from computer simulation studies which use
100 or fewer simulated subjects (e.g., Jensema, 1974, Unry,
1971). We found that-estimates of validity, the correlation
of generated ability- with estimated ability, based on
samples of 100, ranged from .87 to .95, with a mean of .91.
r -

4

in centain interstrategy comparisuns different condusions
about the relative utility of a testng strategy might be

" drawn based on validities of 87 or .95. Thas, simulation
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studies should be based on samples of more than 100 in
order to arrive at stable conclusions.

Two-stage testing. Figure 4 shows a computer repost
from what we have called a continuous second-stage
two-stage test. This adaptive testing procedure was
developed-by Brad Sympson of our research staff, we Jater
discovered that Fred Lord had independently developed the
same testing procedure. In Fail 1975 we tested 2 number of
college students on this continuous second-stage test.

The major problem with two-stage tests as they have
been used in the past (Weiss, 1974) is that of routing errors
made in branching from the routing fest to the
measurement test because of errors of measurement in the
routing test. To solve this problem, we developed 2
measurement test stage which consists of 2 number of very
short measurement tests.- The example shown.in Figure 4
used 2 14-item routing test and 25 4-item measurement:
tests, each at a dxffcxcnt level of difficulty. Using this
adaptive_testing pxoccdurc, when an individual completes
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REPORT ON TWO-STAGE TEST .
the-routing test his score s determined and that score is measuzement tests 14 through 17 and 19 through 22, fora .
used to choose an appropriate measurement test. Then, to . total of 36 measurement test items. These itemis varied in
reduce routing errors, 2 number of measurement fests on difficulty from about .25 to 2.25 S.D.’s on the difficulty _
cither side of ‘the chosen measurement test are also continuum.
administered to the individual. In the example shown in Following a design that we have used in a number of
Figure 4, the individual's score on the routing test other studics, we did a test-retest Jive-testing study with this.
_ .estimated his ability at 14 standard deviations above the continuous second-siage iwostage test (in. which each

< mean. Consequently, the most appropriatc measurement testee completed 50 items) and a SO-item conventional
test was estimated to be number 18, which had.items at peaked test, over about a fiveweck period, with 104
difficulty about 1.4 standard. deviations aboye the mean. testees. To keep scoring method the same for both testing
But, to compensate for possible crrors of measurementin - strategies, maximum likelihood-scoring was used for both
the routing test, he was 2lso administered items in the two-stage and conventional test.
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The study was designed alsu 1o equate the wo io3ung
procedures fui 1) stemn dissammauuns, 2) memuny <fleees,
and 3) number of stems. Memuty cffects weie eynated by
fint determining the umbet of sems eah mdmdod
repeated on setest of the twostage test. Then the sctot of
the conventional test was streatured o have the same
number of repeated items by imserting the apprupriale
number of new items.

The test-retest cunelatiun was .93 fur the wntipuuuws
two-stage test and .66 fui the equivalent conventiunal test.
Since the difference 1n stabilizes was cumstderably Laget
than found in our previous studies of conventional ss.
adaptive testing strategies (c.g., Betz & Weiss, 1973, 1975
Larkin & Weiss, 1974), we carcfully examined the
distabutivn of comentond test swies Jenved fom the
maximum likelihvod sconng. Six testees were found with
very fow ability scores, apperently due to guessing on ths
conventivonal test. Data for these tesices were climnated
and the test-retest conelations were recaloulated. The
stability correlation for the two-stzge test was .93 and the
conventional test 89, Thrs result was amilar to that
obtained in other comparisons of conventional and adaptive
strategies, showing a hugher test-retest vonelation for the
adaptive test than fur the peahed cunvenuonad test. Tho
result was obtained when both testing strategies were
equated for item disuriminations and memory effects.

Stradapuve abiiy  testng. The stiadapuve testing
strategy (Weiss, 1973) ss based on a senes of peaked-tests,
cach one diffeting in terms of difficulty. Figure 5 shows the
distribution  of rtem  difficulties fur a hypothetnd
stradaptive test. In Figure S there are ninc sttata, each of
which 15 a peaked test peaked at a different level of
difficulty.

Figute 6 shows an example of an indmdual moving
thruugh a stradaptive test. Testing begins with an item at
some point on the difficulty conunuum, the entry puintis
estimated by prior information about the testee. The

individual shown in Figure 6 began with the fist item at

stratum S, an item of avetage difficulty. Since he ansv. ered
that item comectly, he was admiistered the first nem at

stratum 6, which consisted of slightly more difficult items.

Following the same branching rule 2 more difficult stem ss
administered followmng a comeut response, and a less
difficult tem following an ipcomect respunse the
stradaptive test contues unid the termmation cnitenon is
reached. The test is terminated when a suawm s identified
at which the individual 1s respunding at ur below chance
level (1.c., 20% or less curmrect) based un 2 mimmum of five
stems administered at that straium. The mdividual shown m
Figure 6 answered five items at stratum 8 and none of them

, were -answered  correctly.  Consequently the test was

termnated since further testing was jikely to provide fittle
additional information on the testee’s ability level.

Scoring of the stradaptive test results in both ability
level scores and consistency scores. Ability level scorss
reflect the individuals pusition on the abilny “sale,

— s

wwnsistenyy scores feficct the vanauon m item difficulties
cavountered o the individual gues thavugh the stiadaptive
1est. Fagure 7 shuws the stiadaptive test sespunse recuid for
an inwonsistent individual. This person statied the test with
a relatively difficull item at stratum 8 but answered some
easy items incorrectly (e.g., items 8 and 26) and some
difficult jtems worrectly {e.g., itéms 1 and 17). The resvit
was a response record which varied widely across six strata.
A comparisun of the consistency scores for Figure 7 with
thuse_of Figure 6 shuws the former to be anifonmly higher.
Thus, the testee depicted in Figure 7 was mute inconsistent
in his interaction with this item poo! than was the
individual in Figure 6.

Our live-testing testretest study of the stradaptive test
was based oa about 200 subjects. Over an average five -week
perivd the test retest reliability for the best method of

scoring the stradaptive test was .90, the test-refest

reliability for a conventional test using the aumber of items
administered on the averzge in the stradaptive test (28
ftems) was .86. This result showed about the same
difference in favor of the adaptive test as we have obtained
with other adaptive testing strategies.

I hid hypothesized earier (Weiss, 1973) that consistency
swures should reflect sumething about the dimensivnality
that results from an individual’s interaction with an jtem

. To extend this hypothesis, if an individual is
respunding unidimensivnally his scores should be mure
reliable than an individual whose interaction with an item
pool is multi-dimensional. In operationalizing this
hy pothesis, consistency scores were used as an indicator of
dimensionality, and test-retest siability as an estimate of
refiability. Specifically, testees were divided into five
sub-groups on the basis of their time 1 consistency scores,
and test-retest reliabilities were computed separately T
each of the five sub-groups. The results are shown in Table
1 for consistency score 11, lhc standaxd deviation of items
encountered.

As Table 1 shows, the highest test-retest stabilities were
vbserved fur the very high consistency group for all ten
methods of estimating ability within-the stradaptive test.
The Jlcarest pattern emerged for ability score 1. On that
swure, the stability for the highly consistent testees was .94,
and that for the very low censistency group was .65, with
stabilities for the intermediate groups decreasing with
decreasing cunsistency. The possible utility of consistengy
scores as a moderator variable is that it might permi. us to
make more stable predictions for sume groups of indivi-
duals (unsistent testces) than for others (inconsistent
testees). Particularly nuteworthy is the testretest reliability
of 98 for the very highly consistent testees on ability
scores 8 and 9.”

If these results can be replicated over longer periods of
time, the consistency s¢ore might prove to be a very useful
and powerful moderator varable derivable froffi a stradap-
tive testing response record. It appears to be powerful
becausg it also moderates.the test-retest reliability, but not

v
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as systematically, on- the conventiona! test administersd at
the same time. Table 1 shows a test-retest reliability of 979
on Uie conventional test for the highly consistent group
using the consistency scores derived from the stradaptive
test. But consistency scores are not derivable from a
<conventional test so it is necessary to implement this
finding within the framework of the stradaptive testing
strategy.

Figure 8 shows .a number of “subject characteristic
curves,” which are derivable from the stradaptive test.
Thesz wurves, which reflect the indmadual’s consistency of
interactivn with a strzdaptive test, are based un a plut of
propuriion correct fur cach mdmidudl at cach stratum i
the stradapuve test. For caanple, the plot for "William W™
shuws that he answeied 4l items woniectly ot buth stiatum
S and stialum 6, abuut half currect at stratum 7 and nun.
cultect at stiatum 8. Since propurtion cutreet decicases
munotuniuaily with increasing ttem difficully thes indiv
dual appears to be mieracting with this item puol snidimen
siunadlly, Wilbam W. 1s a highly cunsistent indiedud. By
way of contrast, the subject charactetistic curve fur “Carol
C.” docs not dectease monotonically, reflecting an inconsss-
tent individual whu answets items vorrectly at a varety of
difficulty levels.

Tou be useful, these subject charactenstic curves must be
stable actuss time. To svestigate theu stabdity aciuss an
average five-week retest snierval we cumputed canunieal
currelations between proputtiuns curreet at nstial test and
at retest. The wwumplete redundancy analysis showed that
67% of the vanance n 1ciest subject Charactenstic curves
.was predictable frum initial tesungaThe s equivalent tu a
squaied multiple correlation of .82 fur predicting mdividuat
pruportiun cofwct at Time 2 fium a best-weighted hinear
vombinatiun of prupurtiuns currect at Time L. These results
imply that subject Jharactenstic wumves are reasunably,
stable and that they may rcpicsent a stable trant of the
individual. But, certainly, more rescarch is needed.

——
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In addition 1o this hve testng, study of the stradaptive
test, we alsu have zome rewent data fiom a computer
simulation study. Items with cunstant dissnminations, and
difficultics 1ectangularly distbuted betneen nurmal vgive
difficulty valves of 3.33 and 3.33 and grouped nto nine
equally wide strata were used fur the stradaptive test. ltems
with constant discnminations and with difficuluzs rectan-
gularly distubuted between 33 and .33 (equnvalent tu the
middle stratum of the suadaptive test) were used fur the
wonventivnal test. 1000 Ss wete gencrated with abiities in
the given jnterval at cach of 13 mtervals of 0. Majur
findings are shown in Figure 9 and Table 2.

Figute 9 shows the infurmativn funcuons fur the
stradaptive and conventional tests at two different levels of
item discrimination. At both levels of item discimination,
the informatiun function fur the stradaptive test was n]\ﬁ
horizontal than that of the cunventional test. with 3l
difference mure pronvunced at the higher level of item
discrimination. In confirmativn of Lourd's theuretical pre
dictions, the <onventional test has a higher mnformation
functicn than the stradaptive test at the .enter of the
ability Jdistribution, but the 1ange of superiurity diminishes
with increasing item discriminations. However, the informa
tiun function fur the stradaptive test increases with ability
level, and for the lower discriminating items, the stradaptive
test at 022.5 yiclds a higher information fun.tion than the
highest value reached by the conventional test.
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Table 2 shows vahdities - vurrelations of ability estimate
and gencrated abihity - from the simulatiun data vn cumven
tional and stradapuve tests. Vahdity currelations aie shuwn
as a function of both item disunminations and number of
items, These results show a shight superiority in validitics
for the convenunal tests when stem discniminations ate low
(a=.5), and there «ic 40 ot fewer 1tems in both tests, a
similar result 1s found for 104tem tests compused of itenss
at 2=1.0. In all other conditions, the stradapteve tes® yields
higher vahdity, wuh suzable differences appearing as
num er of 1tems increases and discrnunations increase. For
60-itgm (’csts at a=2.0, the validity of the stradaptive test
was =989, while the unventional test validity was only
926. )

Thus,_ the data from both the live-testing study and the
simulation study of stradaptive tests show that the stradap-
tive test yields scores which are more cqm-pf:d across the
ability range, and have higher vahditics and 1abilitiss than
conventional tests under certamn conditions. Further, the
-stradaptive tcst consisiency scores appear to be powerful

moderator vanables which may have important practi.al

"applications in testing{individuals.

Q

Psychological effects of computerized adminstrativn.
One of the psychological vanables that has becn unsystem-
atically manipulated in computerized testing studies has
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TABLE 2

Scorc Ability Conclations of the Stsadsptive Bayesian Score and
the Comventiond Test Score for Tests of 10 1o 69 ftems, as 2
Furiuon of Item Discrimination

Discrimination {a)
No. ltcms 0s 1.0 2.0

10

Strat 689 840 019

Conv 703 851 888
20 ————

Strat 798 918 963

Conv 511 908 906
40

Strat 869 955 583

Conv * 887 938 9138
60 _—

Strat 920 971 989

Lony 917 950 926

A Y
been feedback or knowledge of results. In computerize
testing we now have the capability to tell an individ
whether his answer was correct or incorrect after cach §

of results might have an effect on test scores.
designed 2 pilot study to systematically manipulale feed-
back and study its effects on test scores.

We administered two tests on the computer to a group
of inner-city high school students. The group was racially
mixed, consisting of both whitc students and black stu-
dents. Buth a wonventional test and a pyramidal adaptive
test were administered to cach student, and half the group
teccived the conventional test first*and half reccived the
adaptive test first. In addition, half the group reccived
feedback after cach item and the other half received no
feedback after cacht test item. We analyzed the data for the
conventional test only thus, the dependent variable in this
analysis was number correct on the conventional test The
design was a 2x2x2 analysis of variance. The independent
variables were 1) race black and white; 2) feedback-
immediate or nonc, and 3) order conventional test admin-
istered first or second in.the pair. .

In order to make the feedback relevani to the high
school group, we had previously asked a subgroup of
students from the same school to generate a set of
statements which would, to them, indicate that they
answered an item correctly. We used six such statements, in
pscudorandom ordcr, including “rght on,” “that’s caol,
now try this one.” and “‘all right, how about this one ” This
was done on the hypothesis that feedback can have an
cffect only if it is meaningful or refevant to the testee

The results ‘for the three-way analysis of variance arc
shown in Table 3. The only significant main effcct was for
race. Mcan scores for the blacks was 17.74 and that for the
whites was 27.92, on the 40-item test. Neither order nor
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TABLE 2

Mean Tl Soares bor Blha a0 Whintes on tha $1h3t0m Test s T Orden and $ith and Wethous Laecdback

Tutal
Feedbach No Fecdback . Group
Group N Mean N Mean N }Sc:n
Blacks -Jarst 3 26.38 6 1383 13 21.00
Sezcond 7 13.86 6 13.07 13 13.23
Whites - Fiest 15 26.07 13 Eith/x] 29 2841
Sccend 15 30.00 i 19 2553 34 27.50
Blacks 15 2053 12 14.25 27 17.73
Whites n 2803 33 27.82 63 2792
First 23 26.17 20 2530 43 26.60
Second - 22 24.56 25 2292 47 23.83
Tor 45 3553 45 24.20 90 24.87
3 Way Anova
Source of Mean . } .
Variation DF Syuare ¥ Est. P
Order 1 105.76 1.36 28
Race 1 2.013.26 25.84 <00
Feedback 1 -81.74 1.05 L3
Race x Order 1 161.54 42.07 15
Order x Feedback , 1 28.74 .37 55
Race x Feedback 1 170.50 2.19 .14
Order x Race x Feedback H 599.46 7.69 - <01
. krror A 7792 '

feedback effects were sigmificant, nor were any of the
two-way interactions. The three-way order x race x
fecdback interaction was sigmficant at p<.01. M

Figure 10 shiows the- means for the lm nier-
action. As is indicated in Figure 10, under conditions of
ummediate feedback, when a convenuonal test was adminis-
tesed first, the mean of the black students (26.38) was not
significantly different from the mean of the white students
{26.0; who completed the conventional test under_the-same
set of conditions. This result implics, 1if it can be.replicated,
that race differences observed in iest scores may be a
function not of differences in ability but of differences in
the psychological cffects of the conditions of administra-
tivn. Althuugh these findings du not completely sephicate
thuse of Juhnsun & Milial (1973), they do suppurt then
general cunclusion that cunditions of 1est adminstiation
might afféLt motivativnal conditions, which in.tum reduce
rate group differences to nonsignificant fevels.

There is sume data in vut results which suggest that the
three way interactivn results might be due to motivatiunal
effects. In addition to analyzing test siores, we alsu

the two racial groups. These results showed that blacks
skipped more items than whites, in general, but-when the
conventional test .was administered first to the black
students and- they received feedback, they skipped-almost
no items. This is also the same set of conditions under *
which the test scores for the blacks were not significantly
different than those of the whites. This appears to be a
motivationial effect since whien the blacks are given feed
back the test becomes relevant to them; and when it
becomes relevant they can answer the questions just as well
as the whites.
[

Future Plans

Based un these prehminary findings we plan to continue
tv investigate the nature of feedback effects, and the effects
of uther psy cholugieal vanables, un test svures. We alsv plan
te continue tu study vanvus branching schemes mn an
attefpt tv develup optimal branching schemes which sesult
in maximum réduction in psy hometiie-crur at alf ability
levels. Out general goal, as I indicated carie, 1s 1o explore
all aspects of computerized ability tesung in an effort 1o

anlayzed the propurtion of items skipped on the conven =, make maximal usc of the cumputer as a vehicle for making

tional test under the two cxperimental cunlitions and for =

- /—>Ov
- .

cach individual’s test scure as errur-fiee as pussible.

.
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ADAPTIVE TESTING RESEARCH AT MINNESOTA —

Adspuve or tadored testung subsumes a number of
different strategies for adapting the diffioulty of test items
to the ability of the examinee. One of the most elegant of
such strategies is a Bayesjan scquentizﬁec;miquc proposed
by Owen (1969) and studied empirically by sevesal inves-
tigators including Wood (1969), Unry (1971) and Jenszmz

- (1972). . :

Owen’s technique is a general one for the sequential
design 21d the analysis of independent experiments with 2
dichotomous response. Its application in mental testing is
to the problem of estimating ability by means of sequential
selection, administfation 2ad scoring of dichotomous test
jtems. Thie mathematical details of the method arise out of
fatent trait theory, with the item characteristic curves all
assumed to take the tfom of the normal ogive. The
properties of the normal ogive item ~haracteristic funczion,
and its logistic 2pproximation, have oeen described by Lord
& Novick (1968) and Bimbaum (1968), respectively.

Owen’s procedure involves the individually tailored
sequential design of a fest by appropriate choice of
available item parameiers® (g, by, c,) and estimation of
ability viz a Bayesian-motivated approximation. At each
step m in ihe ability estimation sequence, 2 normal prior
distribution on ability {0) is zssumed, with parameters
(#,.0° ;). where m indicates the number of items already
administered in‘the sequence. A test jtem to be adminis-
tered at step m+1 1s-selected so as to minimize 2 quadratic
lossafunction on -6. With ¢,=0 (ie., no guessing) and
disgrimination perameters g, constant over items, the
appropriate item is the available one which minimizes the
absolute value of the difference (5,~1,). With ¢,.>0 the
optimal difference is somewlrat.negative, that is, optimal
difficulty is somewhat “casier” thun examinee’s ability.
Following item administration at step m+1, the parameters
By 0% of the pnior distribution are update® in accord

-

.3 Research reported herein was supported by the Personnel and
Training Research Programs, Psychological Sciences Division, Office
of Naval Research, under contract No. 006014-67-A-0113-0023, NR
No. 150-343. .

Portions of these results were prosented at the Spring meeting of
the Psychometsic Society in fowa City, fowa, Aprit 1975.

A complete report of thesc results is fn preparation (McBride &
Weiss, 19753). :

34s most commonly used, g
discrimination and difficulty pznm%tcrs of fhe normaf ogive model.
C’ is the guessing parameter, the probability that an txaminee will
réspond comectly to the item when he does rot know the answer.
The subscript £ indexes items.

and 5, respectively afe the

SOME PROPERTIES OF A BAYESIAN SEQUENTIAL ADAPTIVE
MENTAL TESTING. STRATEGY' - .
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with the examinee’s performance on the item. In the case
of a correct answer:

.
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In the above equations {taken from Owea, 1975)
&(D) is the normal probability density funclion

(D) is the cumulative normal distribution function, and
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N D:(b:—;zm) /ﬂ—% +—q;

A=c +(1-c) 4-D)




Bme; 20d 02y, the pzzzmeters of the Bzyes postenior
disiribution on 8 are used as the parameters of the next
step’s prior. At each step the pnor dsisHution 1 taken to
bt coffnal, an 2ssumption which 33 sot stnclly comrect aftes
the fisst item (Owen, 1975). Testing may be terminaied
when 0% ,, becomes arditrarily small or when m becomes
 asbitrarily farge, or when some other criterion has been
reached. At termination the lxiest 1, is the estixiator of 6,
and 0%, s a2 measute of ihe uncertainty of the estimate.
Urry (1971) and Jensema (1972, 1974) have intespreted

w25 the squared standard esror of estimate {S.EE) of

8,. Onn {1975) gives a theorem showing that 25 m =+ =,

# —+6.

Przcunny speaking, of course, the aumber of items
administered will neverapproach infinity, but if the pool of
available items is sufficiently large and appropriately
constituted, 6°,, wl diminish rapidly, permitting valid
estimation of- 6 in 2 very small number of items. Urry
(1971, 1974) has specified the requirements for a satisfzc-
tory item pool for implementing Owen’s testing procedure
and has shown in computer sirmlat:on studies that Owen’s
sequential test can achieve in ‘fronT™3 to 30 items the
validity of a much longer conventional test, with the
average number of items diminiching s their discriminatory
power increased.

Validity, i.e., the cormelation of test scorcs with the
stmlated underlying ability, 15 only ore criterion by which
1o evaluate a proposed adaptive tesung strategy. Since ae
Bayesian sequential test scores 2re actually estimates, in the
same metnc, of underlymng tratt level, the accuracy of the
estimates is also an interesting datum. By “accuracy™here
is meant the closeness of the estimates fo actual ability,
which may sary systematllly with ability Jevel. Ancother
interesting propesty of estimates is bias, o1 enor of central
tendency. Two kinds of bizs should be of some con
cern. 1) uncenditional bias, or group mean emor of
estimate, and 2) conditional bias, o1 mean erfo: of estimate
at a given level of the parameter bemng estimated. As a
matter of convention, then, in the following the ierm

“accuracy” will refer to mean absolute errur of estimate,
(1/N) Z 6-6;, “bias” wﬂl refer to mean algubrzic errer of
estimate (ll\‘) Z (0, 6,7, and “conditiona) bias™ will refer
to mean algebraic emor of estimate at 2 given value of 4,
(1/N) Z(G-816). 4

The purpose of the present paper 1s to report the results
of 2 series of simulation studies designed to investigate the
influence of itemn pool characteristics on somé properties of
the Bayesian sequential test other than the comelational
validity of the trait estimates. These properties will include
biis and-accuracy of the estimates, as well as -others
enumerated below.

The studies- reposted beJow were motivated by results
nbtained -with live testing of Owen's strategy. Using 2
329item- pool of vocabulary knowledge test items, 2
correlation of .80 was cbtained between estimated ability
and number of test itemns to termination (McBride & Weiss,
1975b). Simuh_tio:x studies designed to investigate the

L4

influence of the stem pool on that enexpectedfy large
correlation Jed to ome Ziscovery of systermatic nonlinear
buas in the Bayesun estimates of ability_ The aature of the
bias, znd some of its comrelates, are discussed below.

METHOD .

1. Dependent mbleg, of mterest included test Jeagth
{numbes of test stems ad, istered before the termination
cnierion wis re:ched), of estimate (6-9), biss of
estmate {mean over individuak of (6-6)), absolute value of
the estor 15-8), and validity of the estimates of 8, 3.

2. Indeperdent sariables of 1nterest included the effects
of guessing 1 both the response model. znd the scoring
algonithm, of item. discrimination, and the comelation of
difficulty and discrimination parameters zn the item pool,
and of different termination criteria.

3. Examinees for the first study were simulaied by
computer-generation of pseudorandom numbers (from a
nommai population with mean 0 and variance 1) which
represented the ability 9; of each examinee, i. For the
second study, 100 enmees were simulated at each of 31
points on the ability continuem.

4, Iten responses were simulated by comparing P*, ‘( )
for each item g 2nd examinee § with 2 random number e
from a rectangelar distrbution in the interval {0 1]1. A
score of 1 for examinee i on Kem g was zssigned if

1‘,( 6,)2¢g;- Otherwise 2 scorz of 0 assigned.

5. Itan pools were simulated nnd:x two different
conditions:

2. A perfect item pool wzth items of constant
discnmunation 4, and guessing parametes [ was s‘mulated.
Usnde: this condition, the oompum program <omputed the
optimal difficu'ty b,,,,, of the next item to administer, and
a simulated item wilh that difficulty value was made
available. This 1s referred to as a “perfect” irem pool
because 1n effect we have simulated-an item po>! in which
an-unlirnited number of items is available at any point on
the difficulty continuum. The estimated optimal difficulty
of an item to administer at stage m+l is equal to the
current abiity estimate, 8,,, when guessing 1s not a factor
(ie., when ¢;=0). Whenglmnguzf:ctor(c ), the
estimated othmaJ difficulty b, is smalles than
amount which is a_joint funcuon of a _and ¢, ’Iha‘ is,
shen €50 (b,-3,,)<0. (Actually, the frue opfimal it
culty is a ﬁmcuon ofa:, ¢gand the own parameter §.
The Bayesian sequential test groqed re only estimates 8
and herice- estimates .the optimal-item diffculty. At any
rate, the simylated.“perfect™ item pool makes available at
every step i an-item whose difficulty is exactly equal to
the ‘estimated opfimal item difficulty-based on ¢ 1> > andy
the. then current estimate of §).

b. Adifferentially discriminating 'pafect”mm pool
was simulated by -having unlimited jtem difficulties. b
available-(as in 2. above), but- varying item discrimination

systematioolly so that the mean 4,-could. be specified and’

-
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the regression of g, of stem difficulty b;con]dbe vaned. In
this way it was possible tc Smulate item pools &n which
more highly discrimenating items were available in some
regions of the 2bikity contguum then 0 others. The details
of this procedure 2re described =n Study 2, below.

6. The Bayesan sequentia] test was simuleted by 2
computer prograc. Input y2gabk: were 6;, the parameters
3 and 0% of thc mitial prior distribution on 6, ihe
number of items 10 be administered to 2ny examinee, the
constant discriminztion parameter g, of the perfect item
pool {or the mean dncrimination perameter of the dif-
ferentially discriminating perfeci iter poolj, aong with
wo guessing specifications. The first, ¢;, specified: the
propensity of the examinees 1o guess while the second, ¢,
specified whether guesung was to be accounted for m
scosing.

Study 1: The effects of guessing *

For this study the “perfect”™ item pool was used, with
two values of ¢poc= | 20, Pared with two values of the
personal guessing fendenicy ¢~ !;?0. Of the four possibje
pairwise combinations, only !hx;ee were used, resulting in

three sets of conditions =
€ g,
no guessing (; Og
uncorrected guessing 20 0
comrected guessing 20 20

In the first condition, no guessing tzkes place (¢;=0) and no )

correction for guessing enters into the scoring formula
{c,~0). In the second condition ¢=.20.(every individual §
has 2 random chance of correct response equal to 20), but
¢,=0 (guessing goes uncorrected in the scoring algorithm).
l-imall . in the third condition, the .20 guessing parameter
and the scoring correction for guessing take the same value
In each condition, the same 100 “examinees” (6;
sampled from a normal (0,1) population) were administered
14 simulated Bayesian sequential tests in which testing
terminated for an examines whenever the o*,,, the
estimated variance of the posterior distribution of 8, fell
below 0625 (this is equivalent to the Urry/Jensema
crterion of SEE <25). The 14 simulated tests in each
condition were experimentaily independert, and differed
from ezach othe: 1n the value of the a, parameter, which was
constant within a test, but whicﬁ‘ varied systematically
across tests. The 14 a, values werea, = 5,.6,.7, 8,.9,1.0,
1.25, 1.50, 1.75,2.08, 2.25,2.50, 275, 3.00.
For each test 1n each condition, the following variables
were observed:
2. mean and range of test Iength, X
b. errors of estimate, ¢;= (6;-9;)
c. test bias, (1/N) ? 6-6)
4. mean absolute error, (1/N) Z 1670
e: test validity rp5 t .
f, comelated errorrjp andrge =
- ‘g correlated test length 7oz and rgx

Study 2. The effecis of the configurazion of item param-
&lars in the item pool

Most simulation studies of Owen’s sequeatia] test have
used 2 constant item discrimination parameter within each
test. Typical item pools in actual vse, however, have varying
jtem discriminztions, with the potential effect of having
more disciminating items zvaillable’in some ranges of the
trait level than in others. In this study, different item pool
2,x b, configurations were simulated by using the differen-
tially discriminating “perfect” item pool. The approximate
correhation {7,z) between item discriminating power and
item difficulty was varied in order to ooserve its effect on
some propernties of the Bayesian test and of the resulting
scores.
Theee different values of 7,5 were simulated: 71, 0
and +71. With 7,3=71, more discriminzting items are
available, on the average, at higher leveis of 8.With 7,;=71
the more discriminating items were zvailable at the lower
Jevels of 8. And with 7,320, no level of 8 was favored in
terms of awailable discriminating power of the items,
although discriminating power was free to vary randomly.
In each “item pool” configuration, the mean item discrim-
ination 3, was set at 1.25. Additionally, 2 minimum £,
value of 80 was imposed, in accord with Uny’s (19745
recommendation. ‘

The item pool configuration was simulated by means of:

1) selecting the appropriate b, for the next item from
the perfect item pool s thoug.aﬁ g, were equal toz,; call
this b%, = (by ¥ p); .

2) clculitng 2 conditional ¢, value from 2 linear
transform of 5%~

. .D. -
6% = Top ﬁg"b'x*":

where S.D., is the standard deviation of the gp
parameters in the simulated pool

S.D.g 1s the stardard deviafion of the b, parameters
in the simulated pool . .

_@p, b%, 7,p, O ate as previously defined;
3) adding an error comporent, ¢, to the approximate
ag, so that for cach item administered @ % = a;1b%; +¢g
where 2%, is the simulated discfiminating power of
the item
ag*, is the approximate discrimination defined
zbove ’ B
eg is 2 r2ndom numbe; from a population normal in

(O;OQC)
o, = \F: -"-S.D.’A (l"f2 ‘b)%'
4) setting a": equal to .80 whenever it would otherwise
have 2 lower value.

“Examinees” for this study were 3100 simulated 8's,
100 at each of 31 equally spaced intervals between -3.0
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and 30, indusme. The comeied guessng condition
{c —c‘—.ZO) w2 i effect. The postenor vanance termmna
nm ciitzsion (0° 7 <0625) was wsed, with an arbitrary
30Htem maxmum izst Jength. At cach of the 31 6 leaels
the folluming ranables were observed fon cadh indmadual. o

2 test Ingth X;
b. test sbore, J; )
c. error of estimate, ¢; - 6;-0

Whie study ] examuned avérage characiensts of the
Bayesizn tesi and test scoses, Study 2 was <o ed with
certain properties of the procedure a5 2 function of uait
lesel, 8, and of the stem pool confizuration, 7, b Foi cach
oconfiguration, the regressions of £, ¢ and d cn § were
esumzied friom the means of the 100 mdmduzls at each
Ievel of 6.

Additionally, the data were used to calculate empineal
valves of the mformapon function /3{f) of the Bayesian
test scotes 8. The fformation at any level 6; may be
calculated as the square of the rato of the partial denvauve
with zespect to 9 of the regression of test scores 6 on 6, tv
the conditicnal standard deviatiori (0;44) of the test scores
at the given level of 8. This may be wiitten [3(6)=

2
[iii?—“;ﬂ@] {aftes Lord, 1970, p. 153). In eah
Bis
configuration for each of the 31 jevels of 8, the conditional
standard deviation was estimated as the observed S.D. of
the 100 test scores at that lerel. The numerator of ithe
equation was calculated for each 6 point from a third
degree polynomal equauion for the regression of 6 on 6,
esumated by least squares fit to the thuty-one mean 0%

observed undes each item pool configuration.

RESULTS .

Study 1

Tables 1: 2 and 3 and Figures 1, 2 and 3 contain the
sesuits of sequenual tesung vndes the three conditions of
guessing/comection for guessing, at cach of 14 item
discnmination levels. Sume noteworthy trends are.

a. Test length was constant at each a, fevel in the no
guessing (Tabje 1, Figure 1) and uncomected guessing
{Table 2; Figurs 2) conditions, with test length to termina-
tion dirumshing proportionately with the inverse of theg,
level

In the comected guessing condition (Table,3 and i.gure
3) test length vaned acoss mndividuals, while mean test
Izngth withun g, level behaved in the same mannes as dun
test length 1n the other two condiuuns. One datum of nute
is the behavior of test length as a function of a, fevel. in
order for all examinees to reach normal tcmunztwnm Tess
than 30 stems {in the comected guessing condition), the
item discnmnation value must exceed 1.25 (a‘>l.25).

Another result of interest 15 an expected one. the
corrected guessing condition required more 1tems to ternu-
nation than did the other conditions.

b. Errors of estimate, ¢, = (§,-6,). were_moderately
wrelated wath ability @ 2nd test swore ¢ under 2l
«onditsons, as revealed m Tables 1, 2 and 3. ¢, teads tobe
positive fo1  8,<0 and pegative fur 6,>0. This result was
wmssient, end flects a egressien effect caused by the
quadratic loss funciion employed in the’item selection
precedures.

¢. Test bizs, mezn absolute error, test walidity, come-
lated errors 2nd correlated test length vzlues for the no
guessing, uncomrected guessing 2nd corrected guessing con
ditions are listed in Table 1, 2 and 3, respectively
Additionally, F‘gum 1, 2 and 3 graph some of these values
as a function of a, level wnhm each condition. Noteworthy
in these data is ﬂ':gc sizezble bizs and mean absolute error in
the uncorrected guessing condition (Table 2; Figure 2), as
well as the tendency for bias and absolute efror L0 increase
at ag levels zbove 2.00 in the comrected guessing condition
(Tabic 3, Figure 3). Note also that i the uncorrected
guessing condition {Table 2), test validity, rg,, decreased at
a, levels beyond 2.00. Jensema (1972) observed this
phenomenon, which he termed “correlation drop-off.”

Study 2 N

Table 4 lists the observed mean values under each item

pool configuration of test score, test length, and error of
estimate for each value of §. Figures 4,5 and 6 depict these
data graphically.

a. Test length. Mean test length (Figure 4) did not vary
with 0 in the r,,0 configuration since the maximum of 30
items occurred at all levels. In the r,,- .71 configuration,
mean test length covaried positively and almost perfectly
with ability level. In the r,,+.71 configuration, test length
covasied inversely with trait Jevel, with more items required
at the lower trzit levels until the arbitrary 304tem imit was

reached.
b. Test scores. The regression of mean trait estimates, é

on 8 was virtually linear in all three configurations in the
interval [-1.5<6<2.0]. As can be seen from
Figure 3, the, Bayesian test scores tended to underestimate
6 at high trit levels, and to overestimate 0 at low trait
levels. The regression of 6 on 0 departed from a linear
regression at extreme levels of 8 (beyond 0 = £2.00) withi
the departure more noticeable in the lower extremes of the
seale.

<. Errors of estimate. The regression of mean ertors of
estimate on 8, scen in Figure 6, clearly illustrates a
tendency of thc Bayésian test scores to overestimate €
markedly and consistently at 8<-1.5 in all three item pool
<onfigurations. The tendency to underestimate high 8’s
also illustrated. In this dati the latter tendency was qune
strong with ry5-.71 but less so with r,,+.71.

lnfomzamn The estimated” values of the derivative

[E(OU)] the conditional standard deviation 034 and
% information at each level of 0, under each item pool
configuration, are listed in Table 5. Smoothed information
curves for all three configurations are plotted in Figure 7.

“Some noteworthy trends are pointed out here.
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Test Length, Mean Errors of Estimate, and Cemrelates of Ability 6 and Test Score #, 252

Function of Item Discrimination g, ia the Perlect 1tem Pool. No Guessing Condition leg=~c70).

O

RIC

Aruitoxt provided by Eic:

F 4
{1em Disgimination (g,
Property 5 6 o B 3 10 1235 15 335 2 228 25 235 30
Test Leagth
}'.99 160 7% 52 41 33 271 18 13 11 9 7 7 6 s
Mx:-.zgwm 10 73 Sz 41 33 27 1B 13 i1 9 7 7 3 s
Maximum 100 71 52 41 33 27 18 13 11 9 7 7 6 s
Ezrer of Estirmate
ssnn (Bias) H50-91 02 01 00 01 00 02 04 05 04 05 03 .04
Mesn Abzolvie Error J7 017 019 19 18 19 18 21 20 21 21 .20 21 22
Correlates
with error - _ ,
7, -35% -27 -31 -36 -39 -35 -37 -37 -39 -37 -39 -36 -32 -35
Toe -37 -G8 -10 16 -20 -315 =-17 -14 -07 -315 -16 -14 -09 -10
with testlenzth .
Tax eenC e iit ern ves mee mee wre mee see ame eee ses
r’k . wn e R P .;.- P - [ - rex  anea o oo P
E 4
rg4(validity) ‘nt 98 98 98 98 S8 98 98 97 97 97 97 97 - .97 97
a. Correlations not computed sisoe fest bength ££) was constant.
TABLE2
Obscrved Pmpc}tics of the Bayesian Sequential Test as 2 Function of Item
Discrimination in the Perfect Item Pool. Uncorrected Guessing (cg=0; =20
tem Discrimination (a‘)
Property 5 6 q B 9 10 125 15 175°20 225 25 235 30
Test Length -
Mean o0 71 S52 41 33 27 18 13 11 9 7 7 6 5
Minimum 160 71 52 41 33 27 18 13 11 9 7 7 6 5
Maximum 160 71 s2 41 33 27 18 13 11 9 7 7 5 s
Errors of Estimate
Mean {Bias) 57 48 47 A2 37 34 30 27 29 3% .32 31 2% 29
] Mean Absolute Error 58 48 48 46 42 3% 37 37 36 40 39 .38 37 .39
‘ Correlates
with error
Ty .51 -46 -49 -48 -48 -43 -44 -36 -31 -31 -32 -32 -32 -32
e -29 .23 -23 -19 -20 -3 -16 - 01 05 05 05 07 .2
with test length G
"ok L T
'ak LX) LE XY LR N 2 - LN LE XS -0 = L ) - LELN] LN -
rga(validi!y) 97 97.96 95 95 95 96 94 95 -93 93 .93 .92 91
2. Correlations not computed since test fength (k) was constant.
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TABLE3

Obscrved Propesties of the Bayesiza Sequential Test 25 2 Fnnction of ftem
Discrimination in the Perfect Item Pool. Corrected Guessing (c:xt,—*z«D}

ite:n!).ixn’m’muim(ag)
Propcty 5 6 3 8 9 10 135 15 175 20 2325 25 235 30

Test Length . ’ .

Mean 100 99 77 60 48 40 27 20 15 13 11 18 9 9

Minimum 100 93 66 52 <42 33 21 14 11 8 7 6 6 S

Maximum 100 100 88 69 S7 49 32 26 21 19 18 16 15- 14
Enorsof Estimate

Mean (Bias) 04 03 02 03 02 04 01 O 01 02 904 06 07 08

Mean Absolute Essor 22 18 .46 a8 19 19 .16 47 .9 20 .18 20 19 21
Correlates

Tae -39 -3§ -25 -39 -42 .35 .37 -37 .38 -39 -25 .37 -33 -33

Tée -17 -18 -09 -20 -23 -16 -19 -18 I8 -19 -14 -1 .10 -08

Tox ...% s+ ® 8 .18 81 81 82 85 88 85 .88 .90 58

3y .... 56 82 81 80 83 .82 84 .87 89 86 90 91 90

55 97 98 99 98 98 98 98 98 98 98 98 97 97 97

a Cosrelations not computed since test leagth {k) was constant,

items
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Aruitoxt provided by Eic:
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Figure 1. Some obscrved propertics of 2 Bayesian sequential test,
. as a function of jtem discrimination. No guessing; perfect
item pool; posterior variance fermination critesion.
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Figure 2. Somc observed propertics of a Bayesian sequential test,

- as a function of item discrimination. Uncosrccted .20
giessing; perfect item pool; posterior variance termina-
tion criterion,
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Figure 3. Some obscrved propertics of a Bayesian sequential test,
as a function of item discrimination. Comccted .20 /’%
guessing; perfect item pool; posterior varance termina-
tion criterion. o .
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- | 1

for Three Jtem Pool Configunations, 2t each of 31 Trat Levcis 19)

Mean Test Scores (3), Mean Test Leagth () and Mean Error of Estimate {e) |

12em Pool Configurations
_rab+.7l rab.o r ::b"u
N F) 5 k e g x £ F] x e
3.0 239 30 612 247 30 532 230 14 696
23 226 30. 548 229 30 513 220 14 601
2% 206 30 542 225 30 352 217 15 427
234 2060 30 404- 206 30 342 208 15 317
22 181 30 390 194 30 263 193 16 269
- 20 170 30 296 180 30 204 174 17 .263
18 2160 30 200 -166 30 141 165 18 146
-1.6 145 30 163 ‘145 30 151 148 18 .125
.14 424 30 .162 132 30 082 129 20 .110
-1.2 112 30 076 -1.12 30 .032 404 21 060
1.0 -93 30 073 -93 30 071 -98 22 018
. -8 -74 30 055 -34 30 055 -6 24 037
-6 -56 30 038 -59 30 .014 -58 26 015
-4 44 30 -040 -3¢ 30 004 -35 27 049
-2 -25 30 -046 .21 30 -010 -4 29 052
9 -06 130 -058 .05 30 046 02 30 021
2 20 30 -003 .16 30 -.039 A9 30 -£07
4 35 30- -053 34 30 -.056 35 30 -051
. 6 53029 -G68 61 30 .010 58 30 -015
8 a6 29 -044 a4 30 -058 81 30 o013
1.0 S5 28 -.051 89 30 -113 92 30 -.080
12 111 27 -091 116 30 -036 115 30 -047
14 137 26 -.034 133 30 -.068 125 36 -.150
16 153 26 -074 148 30 -117 146 30 -.140
1.8 173 25 -.070 168 30 -123 164 30 -.165
2.0 189 24 -113 188 30 -119 178 30 -224
22 209 24 -.107 205 30 -.146 198 30 -224
24 227 23 -132 222 39 -176 213 30 - -270
2, 247 23 -126 237 30 -230 233 30 -273
2.8 263 23 ..168 257 30 -230 243 " 30 -372
3.0 281 23 -.189 272 30 -282 257 30 -.426

ERIC

Aruitoxt provided by Eic:
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Figure 4. Mcan cstlmated ability () at thirty-one ability points (6)
for the simulated Baycsian sequential test under three
item pool configurations. i
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TABLE 5

Estimatad Valueuf the Papative :g. Conditiona) Standand
Deviation 23 5 and Valoe of the Infermation Function /59)
- tor Thies Item Pool Contizurations, a1 31 Ability Lowels10d

frem Posl Conliguration

ERIC

Aruitoxt provided by Eic:

Fopedl T8 _ Top=3
8 22 G 150) %’% %10 130) §% %o g0

-30 523 32 290 588  .336 258 450 353 1.63
-28 566  .353 257 629 333 357 511 308 278
-2.6 607 328 342 668 304 4.83 568 279 4.14
-24 545 .34 358 703 283 6.20 621 264 554
=22 £82 321 451 238 294 631 670 .268 6.26
-2 716 .330 471 7710 284 735 716 289 6.14
-1.8 748 324 5.33 799 228 12.29 758 289 687
-1.6 7718 .257 6.26 826  .266 9.64 7% 247 10.37
-1.4 783 .31 . 6.34 850 265 1029 830 230 13.01
-1.2 832 314 7.01 872 261 11.16 860 251 11.73
-1.0 .Bs5 278 9.46 892 275 1052 886 235 14.21
-.8 876 316 7.69 909 .278 10.70 908 244 13.86
-.6 895 .283 10.00 924 260 1263 927 244 14.44
-4 912 282 10.47 936 .288 1057 942 255 14.66
-2 927 .308 9.06 946 278 11.59 953 .284 13.26
0 9430 .305 9.50 954 249 14.68 960 257 13.96
2 946 253 1398 959 .248 14.96 963 284 1150
4 559 255 14.14 962 281 11.72 963 252 14.59
6 965 .287 11.29 962 .275 1225 958 285 11.31
8 965 269 12.86 960 248 15.00 950 276 11.85
1.0 971 .228 18.15 956 .250 14.62 938 .336 779
1.2 971 228 18.13 949 .250 14.42 922 294 9.84

1.4 968 .218 19.71 940 272 11.94 902 295 9.36 .
1.6 963 246 15.35 928 .259 1235 .879 .301 8.52
1.8 957 229 17.46° 914 292 9.81 851 317 7.21
290 948 263 - 13.00 898  .289 9.66 820 .296 7.67
22 937 230 16.56 879 260 T 1143 .85 321 598
2.4 924 210 19.35 858 .285 11.32 746 294 6445
26 808 227 16.00 834  .270 955 - ~.703 349 4.06
28 891 .258 16.69 808  .250 i046 - 657 332 391
3.0 .871 218 16.00 780 279 7.82 606 293 4.28
- |
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1) Under 2l three stem puad configuranons the mforma-
ton functions were very Juw m the Jow =nd of the 8
distdbution;

2) For 155171 the mioimaton salues wmfummly o
crezsed with increasing 9. ;

3) Fot 7,50 mfurmatun generelly murezsed sath 8. 1o
about 8 = 100, then deureased sumewhai,

4) For 7, - .71 mfurmation @uezsed shasply sath 8,40
abcul 8 = 0, then gust 2s shasply deureased.

DISCUSSION

*

Srydy 1

Test length, or number of items required fo satisfy the
posterior yariance termination ¢riterion, was shown to vary
inversely with item discriminatosy power, g,, whea the
latter is constant for ail items in a given test. Tgns result was

expecied, and cosroborates the findings df Jensema (1972, -

1974) who abo pomted out that if constant stem. dn
enmunatory puwers wese available it would be possitle tu
predict the vahdiry of the trast esumates from the aumbe:
of items admunstered, and wonversely to estimate the
number of stean requred fu achieve any given validity
Ievel. -

In the no-guessing and uncomected guessing conditions
(that s, 1n tests which assume no guessing) the test length
w2s vonstant fur any fiaed ap value. Thes result would nut
be bikely to vuamt math & fimte pudd of stems due to the
mewntabihity of imperfect 8 withstem ddficulty matihes.
1hat 15, with a finste dem pul sume vananee o test length
would likely vevus even o 20l stesms had equal dsenmina
non parameters. The faul that there waw no vananwe
testiength  (withun any given disunnunatun leves) with the
perfect stem puul mdietes ihat any vananwe n test kength
m a real, constant-disunmmanun, pu-guessing lest must be
due solely 1o mnadequauies mn the dstobuton of item
difficulty p2rameters n the finite item pool.

These results are perunent tu the use of Raschanudel
ability eshmativn in an adappive testing situation. Except
fui the speuficanun of the stem Jharectenstie function, the
Ras<h model 1s conceptually idential with the nu-guessing
model used m Study 1. Within each tést, item discrimina
ton paremeters wers constant (2 the Rasch mudel
assumes) and noguessing was assumed. Thus the major
difference between ths porion of Study 1 and a Rasch
model simulation would be in the definition of the item
response model. We assumed a one-parameter normal ogive
-response model, whereas the Rasch model uses a one
parametes logstic one (Bimbaum, 1968, p. 402). As
Bimbaum (1968, p. 399) has pumted wul, the two response’
mudels are very similai. Thus, the results of Study 1 fus the
nu-guessing condition shuuld be generalizable, tu adaptive
tests based on the Rasch model.

In the corrected guessing condition (Figure 3) there was
sume vanznce m test length [ur all g, values {exeept
ag = .50, where nv testees terminated 1n fewer than 100

59

items). Fu1 a1l g; levels above .50, test length § comelated
stsongly and positively with the trait estimate § (T2ble 3).
The test dength -8 correlation 75, equelled or exceeded 50
for 2l 2, values above 6. The correlation 7,, between test
Jength 2nd 2bJity § was of similar megnitude but always
smelles than rj,. It seems obvious that for the case of
constznt jtem discimination and nonzero guessing there s
a systematic relationship batween ability 8 o5 test score 6
2nd number of iterms administered. Ex>mination of the
partial correlations, however, shows thatz,, vanishes when
8 is statistically contrciled for. For instance, for ai: 10we
obsenved ry; = 81, r5; = .83, 7,5 = .98. Controlling for ]
2nd 8, respectively, yitids the following partizl cosrelations:

- Texp=-03 .

T3k =31

Asndyss of the curesponding partial correlations for the
othes g, levels would yield a amilar result. 7, gapproxi
mately-ze10, bt 1y, o postive and moderate. This suggests
that, at least fus the constant item discfimination case, the
tendenvy fui 755 to be pusitve 1s due tu some characteristic
of the trait estimation method using the guessing comec-
tion.

Anuthe: observation with regard to test length has 2
piactical abpucation. Where the postediui variance termina
ton cnitenon is to bz used, it is desirable that a1l or neardy
all examness rezch criterion {e.g., 6°,,< 0625 or some
vther arbitrary value) wathin a rezsonably smell number of
stems. Typically (e.g., Urry, Jensema), a 30-item maximum
test Jength hzs been imposed in conjun.tion with the

pustenui vananwe onitenun. If alarge numbes of examiness

seach the 304tem Lmit before attaining the postedor
vananee «riterion, the latter niay lose its usefulness as a
predictor of test validity. The data of Table 3 (and Figure
3) indicate that even with a “‘perfect” item pool, the
cunstant stem discrimination parameter must equal or
cacced ag = 1.25 i uider to insure test tepmination in
fewer than 30 sems fur the majurity of examinees when
guessing 15 a fatus. Although it is difficult to generalize this
finding tu the .asc of typical finite item pools, it is
seasunable tu expect that test termination via the posterior
vananee ontenton @ m<0625 will seldom owcur in fewer
than 30 stems n Bayesian sequential tests using item pools
whuse mean atem disunmination pasamete; is less than
1.25.

Enors of estimate were moderately and negatively
wirelated wath 0 1n all three conditions, with the strongest
wielapuns vbserved i the uncoireuted guessing situation.
That 1s, with constant item discrimination and a perfect
poul of item difficulties, larger emors of estimate (@ #)
tended to occur as 8 decreased. This tendency can be
viewed as a regression effect. As is typical with lineas
regressiun estimates for ail three conditions the estimates 0
tended to be closer to the mean than the actual values 6.




_ The correlation 73, betweea trait estirates § nd enon
"(6-6) was consisteatly of the same sign but lowes mag
tude than 7., with the no guessing 2nd comrected guessing
conditions. -
. The mean ervor of estimate, ot bias, was sirtoafly zeru in
the no guessing condition, untl 2, became large (Table 1;
Figure 1). For 0,150 there was a tendency for positive
bias to occur. Similady, mean absolute emor was quite
constant untl a5=150, than becamne larges. In the comected
guessing condition (Tabk 3, Figure 3) mean absolute enton
was fairly constant agoss g, levels, but bias was pusitive at
low a, values, diminished virtually to zero at mntermediate
feveks, and begen to increase steadily 2 8y inwreased buve

Study 2

Test Iength. The data Flustrate Jeardy the effeci of dem
pool configunation on the curmrelation of test Jength ath §
{or 5} The correlztion i stiong and its ssgn was opposite
that of the 1), correlativn 1 the smulated stem poul. (Fut
the 7,,0 configuration there was no vanance 1a test length,
due 1o the arbitrary 3Catem Lmit. The precedmg three
studies have shown, huwevel, that with constant a,odest
length vanes directly wath 8. Presumably that selahunshsp
would hold for the 7,,0 configuration of test Jength-was
free to exceed 30 items). We have already aliuded to thz
inverse relationstup between test length and the rate of
redection in the Bayes postenor vapance. Thus, 5t should
be lear that the configuration of difficulty and discnimena-
tion parameters m the stem posl, which an be-roughly
described by the comelanon of the discnminaton and
difiiculty parameters {r,;), effectively dictates the rate of
posterior vanance reduction at any level of the trant 6.
Furthermore, if a maximum test Izngth 1s arbitranly
estzblished (such as the 3041tem it used by us, and by
Urry, 1974, and Jensema, 1972) that iimat, 1n conjunction
with the item poo! configuration, may dictate regions of
the 8 continuum 1n which satsfactory convergence of the
trait estimates will seldom cccur.

Errors of estimate. Stedy 1 found very lugh vahdites of
the trait estmates 0, mdicating that the Bayesian sequenual
test 15 capable of ordenng simulatea examinees from 2
normal population quite well with respect to the vanable,
0, underlying the 1tem responses. Study 2 wasmotvated by
an intesestin the accumcy of the esamates of 8, rathet than
the correctress of ordenng, as a funcuon of 8 siself. The
,data showed clearly that the Bayesian estimaies behaved in
a manner sutular to hinear regression, except aj the exiremes
of the ngrmal dstribution (<~ 1.5 and 822.0). Typically,
linear regression undesestumates the cntenon vanable above
the mean, and overestimates it for values below the meer.
Such was the case for ilie Bayesian sequential estimates,
except that the underestimates became faitly sizeabk
(around .20) on the average for 6.0, and uverestimates
became severe (Jarger than 5) in the Juwes levels of the
traif. Furthermore, it was shuwn that the behaviui of the
trait estimates varies as a function of the item pool

wxfiguratiun. Thos, by woudling the siem poul confrusa
tnon for a bvedesting stem pwd A shuudd be pussible 1o
nttod the 2ccuracy of the Bayesan test scores 2
estimators of the actual $r23t fevel of the examinees. Other
Atemnatives ary pruve osefud m the egaid. Same of these
wiil be discussed below. ’

Information. For the configuration 7,,t.71, the m-
fomatien of the trait estimaies appean tu snucaw Locady
with 8, at least i the mtenval [-3.0<8<3.0]. Thas 15 what
w2 aught expect, smee atem &scammativn maeased with 8
m ths configuration. Note (Tzble 4) that mezn test length
m this configusation was 30 stems fo: 386,204 then
decreased lineady with for <6, seaching a mean.of 23
itemsat18 =30,

- For the 7,30 configwation the information function
zppeared to tzke the shape of an inverted (and rather
zsymmettic) shaliom dish, with maumal mformation
atiained in the mterval [0<8<1.5]. Ths should approxs-
mate, at least i its form, the information structure
resulting from applying the Bayesun sequential test with a
se2l jtem pool whose configuration is based on Umy's
(1974) prescription. Jt should be apparent that some
efficienicy of measurement will be lost in the extrames of
the 8 distributiun, especially in the lowe: eatremes. Note
that for these data, test Jength was a constant 30 stems at

all Jevels. -

For the 5,5-.71 configuration the information curve
does not take the shape one would assume intuitively.
From knowledge of the distribution of the discrimination
parameters it would seem that thecurve should mirror that
of the r,;+71 information but with maximal information
at 0=3.90. Instead it rather emphatically takes the convex
form. The test is maximally efficient in the interval
{-1<8<0}, and rapidly loses efficiency elsewhere. Thisis a
remarkably different result from what one -would expect.
The highest item discrimination parameters were available
at the low end of the 0 scale, yet information was as low
there [-2<8<-15] "as it was where the lowest item
discrimination values occurred {1.5<0<3.0]. The low levels
of information in th= low 6 region are due in part to the
small numbzr of items administered there. As Table 4
reveals, the posterior variance termination criterion resulted
in mean test length of 14 items at §=-3.0; 17 items at
0=-2.0; 22 items at 6=-1.0 The information values ob-
tzined with these test lengths could be adjusted statistically
to estimate the information yalues for constant 30 item test
length. Such an adjustment would still show an efficiency

loss at 8< 2.0 for this item pool configuration, despite the

high average item discrimination in that region. We will
address this problem fusther in the discussion to follow

Implications. These results were obiamned by simulating
a “perfect” item pool, 1e., 2 pool in which unlimited
numbers of tems of any difficulty kevel were availebk. This
should resuit in data, which, within the imits of samphng
erol, approximate the best posable results obtanable using
tne sequential festing procedure as speafied by Owen
(1369), under the conditions studied.
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We have found, 2s &3 Uary (1971, 1974) 20d Jenserm
(1972, 1974) before ws, that the procedure has the
polental 10 yreld trait esumaices having very hugh vabdities
s7th great economy m iest Jength, piviided that tughly
discnmmating test stems, fedtzngularly distrbuted on
difficulty, cunsitute the stem podl. We have 2lso found that
there may be a tendenyy of the method lo overestimate
goup mezn san level, shea item discriminztion parz
meters ate sery hogh, even when (he tr2it estimation model
exactly conforms to the siem sesponse model. When Lhe
esumation modal 8 auvt wagivent asth the stem sespunse
model (25 10 the ancorrected guessing wonditien of study 1)
we have found that rather sizable bizs of estimate may
occur, accompamed by diminiched salidity.

Lord (1970, p. 152) made the point that evzluating 2
tailored 1est by means of a group statiste (such 2 our
validity coefficient r,3) presumes some knowiedge of the
group’s distribution oa the trzit being measured, 2nd
ignores information relevant to the accuracy of 1rzit
estimates at any one level of the trait. The validity of the
Bayesian sequential test trait estimates was, 25 we have
seen, quite hugh under the conditions used 11 out simulation
studies. The accuracy of the estimates was also favorable &y
what corresponds to the muddle ranges of 2 nonmal
distribution on 8, but was found to be less favorable in the
extremes, especially the lower extreme. Similady, the
information functions of the trait esimates showed that
the effectiveness of measurement under the Bayesian
- hailoring procedure varied systematically as a function of

the configuration of the item parameters constituting the
jtem pool, but in all three configurations measurement
effectiveness was very low in the low ranges of the trail.
‘The observed loss of accuracy and information in the
extremes of the “typscal™ range of 8 are disturbing, since
the advantage of tailored testing over convelitional testing is
the former’s supposed potental for superios measurement
accuracy and-effectiveness 1 those extremes. From cur
data it is apparsnt that with the exception of the 7,,+.71
configuration, the sequential test scores are behaving much
iike conventional test scores, at least :n terms of the shapes
of their information funcuions. And even for the 7;-.71
configuraion measurement effectiveness was relatively
poor 1n the lower extremes of 8. The utility of the Bzyesian
adaptive testing strategy may be dimmished considerably
by results bike those reported for Study 2, sf they prove to
be general. | .
The problems revealed in Study 2 (of bias nondinear in
8, 2nd of convex mformation structures of the trait
estirates) have causes which may be amenable to impruve
mene. At the heart of the problem 15 the effect of guessing,
which generally operaies to reduce measurement effidency
at al} uat levels, and especally at low trait levels. Also at
the core of the psoblem ss the Bayesian procedure stself. As
we have pointed out earlier, the Bayesian trait estimates
behave ke regression estmates. Extreme values of § are
systemaucally regressed toward the mitial prior esti-
mate. the assumption of a nonna} pnor distribution of 0

|
|

ensuses this tendency. Now, the mone extremz £ is for zay
mdividual, the larger w3l be the regresson effect. on the
average. Revall that the item selection procedure selects 2n
stem wath &ifficdlty b, sumeshat ezsies than the current §
esumate. But for fugh 8 the Lument estimate i 2lmost
dways tou Jon. Henoe the difficeldty of the selected jtem
w1} Zimost always be too easy for extremely 2bie exam
mees. Curmdated oves, say 30 items, ghe effecks of thi
nappiopriate item stlection will be several

1) mean proportion corect will tend toincease as 2
fundioa of 8, despite the explicit 2ttempt of the tziloring
procedure to make it constant at 21l Jevels of 0,

2) 8 will tend to be undesestimated for high § duz 1o
the inappiopriate difficdty of the test jtems 2dministered;

3) information Jozs will occur at high 6 due to the
shallowing slope of the segression of § or §.

For low 8 the initial prior is 2n overestimate. Hence, the
fist item selected will generally be too difficult
[(b‘-8)>0], vet the examinee has 2 nonzero chance of
answering it comecly. A comsct answer, of course, will
cause amrincrease of § 2nd thus result in 2nother inappropsi-
ate choice of item difficulty. Furthermore, 2s Samnelima
(1973) has shown, there may 2ctually be negative informa-
tion in 2 correct response to an item whose difficulty b
exceeds 2n examinee’s zctval trait level & by 2 falidy smaﬁ
incement, when guessing is a factor. We suggest that
examinees in the low extremes of 8 are rather consistently
being 2dministered overdy difficult items [(bx-8)>0] with
sevesal systemnatic results:

1) mean proportion correct tends to decrease with 8
despite the tailosing process; ’

2) posterior variance reduction tends to be more rapid ~
for individuals of low irzit levels, due largely to their
sub-optimal proportion of comect responses, resulting in
shorter mean test Jength;

3)-the shorter the fest length, the less opportunity the
Bayesian estimation procedure has to converge to extreme
trait level estimates;

4) non-convergence combines with negative information
in some correct responses to diminish severely the effective-.
ness of measurement in the low regions of the trait.

Some of the conclusions just stated are speculative
Specifically, we have not looked at proportion cofrect asa
function of 8, nor at the quantity (bg-ﬂ), both of which
bear on the appropriateness of the tailoring process Future
simulation studies will be necessary to examine these
vanables. -

One goal of adaptive testing should be to achieve a
constant high level of measurement effectiveness at all
levels of 0. This desideratum i equivalent to a high,
horizontal information function. We have found that the

_ Bayesian sequential test failed to achieve this goal despite

an unrealistically favorable set of circumstances the-per-
fect item pool, errorfree item parameters, and 2 scoring
model perfectly congruent with the item response model
We have attributed the shortcomings of the Bayesian trait
estimates to the segression-like tendency of the sequeptial
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esumates themmelves, akuh @ tum esdl o mapprupnaic
item selection for inéhidumels whose tr2it evels are sex-
tremely high or low.

There are 2l keast iwo method of aboating thus
prublem, buth of shah shndd, to sumz eatent, Jessen the
bias of estimate at the eatremes and inug. ot the mforma
tion structure of the trit estimates. The fist method
mvolves the zssumption of a revznpdar athes than a
nomal pno: &strbution of 8. The sswwund method would
mvohe eplaumng the present stem selection proedure with
a mechanial branchmg proedire whoch would be Jess
senanve to lasge crivis i the current Bat cstmaie m ity
chowee of the aext stem to aZunsster. Needless o say, both

-

of these alternatives du wnsidewsble sivlence fo Owen's
¢lezznt procedure.

If the praciioner is committed 10 the procedure 25 it
was originzlly proposed, it would seem that the best course
of autivn aould be to fake great care in assembiing the jtem
pwl, 2nd to admunister 2 constant aumber of items (say
30) 1o each exammee. If no stiong commitment tv Owen’s
s «edure 15 involved, the practitioner may be well 2dvised
tu ust ancther adaptive strategy, such 2 Weiss™ stradaptive
test (Wess, 1974), Lord’s (1974) maxumum likelihood
proedure, 1 2 similar procedure bemg investigated-ty.
Semepme (1975). Systematie mvestigztion of sume of these
strategzes, winch will peomat them to be compared with the
Bayesian sequential iest, are currently in progress.

REFERENCES

Bimbaam, A. Some btent wal mofeh 8 bhas sx @ nfemog 2n
examinoe’s abifity. In Lord, . M. and Nowck, M R, Stenispcel!
theories of mental test scores. Reading, Mase: Addison-Wesley,
1968 (Chaptess 17-20).

Jeasema, C. J. An apphiation of latent trait mental test theory to

© the Washington Procollsge Testing Program. Unpublshed doc-
toral dssertation., University of Wahmgion, 1972,

Jeasema, C 5. The validsty of By esun taduied testing. Edinationa!
end Psychological Measurement, 1974, 34, 757-766.

Lerd, F_ M. Some 1est theory for tailored tesung. In Holeman, B.
1. {(Kd.), Computer assisted instruction, testing, and gudarice
New York: Harper & Row, 1970 (Chapter 8).

Lord, I. M. A bioedgange test of verbal abibty. Restasch Bullean
75-S. Princeton, N. 5.. Educational Testing Semvice, 1975.

Lord F. M. & Nowck, M. R. Statisticcl theones of mental test
scores. Reading, Mass.: Addison-Wedley, 1568.

McBnde, J. R & Weiss, D. J. Simulabon studies of Bayestan
adaptive ability testing, 1975 2. {In preparation.)

McBride, J. R. & Wess, D. J. An empinal study of Bayessan
computenized testing, 19755, (In preparation.)

Owen, R L. A Bayesian appivach to talored wsung. Rescarch
Bullein 6992, Princeton, N. J.. Educational Testmng Service,
1969.

Aruitoxt provided by Eic:

53

»

vatn, R.J. A Baycsuan sequental proceduse for quania! sespease m
the context of adaptive mental-testing. Jowrnel of the American
Statizticel Association, 1975, in press.

Sameiima, F. A comment on Bjmbaum’s three-parameter logistic
model ;m the Lteat trait theory. Peyckometrika 1973,38(2),
221-233. -

Sznejima, F. Behavior of the maximum likelfhood estimate in a
amulated tadlored testing sitvation. Pape:r presented 2t the
meeting of the Psychometric Society, lowa City. Apsnl 1975.

Ly, V. W. Indviduakized testing by Bayesan cctimation. Reseanh
Bulletin 0171-177. Scatde. Bureau of Testing, Univemsity of
Washington, 1971,

Umy, V. W. Computer assisted testing. the calibration and evalua
tion of the verbal ability bank. Technical study 74-3. Washing
ton, D.C.. US. Cnil Service Commission, Personnel Researcn
and Development Centes, December 1974.

Veiss, D. J. The staatified adaptive computesized ability fest
Research Report 73-3, Psychometsic Methods Progrem, Depart-
ment of Psychology, Univenity of Minnesota, MMinneapolis,
1973. )

Wood, £.. Compu‘crized 2daptive scquential festing. Unpubfished
doctoral dissestation. Universiy of Chicago, 1971.

-




AN EMPIRICAL INVESTIGATION OF WEISS

STRADAPTIVE TESTING MODEL

This study' mvestigated the validity and wtility of the
stratified adaplive (“stradaptive™) computerized tesling
model proposed by Wess and colleagues an the Psycho
meuic Methods Programn, University of Minnesota. Werss
and his assoctates have teporied the theotetical develup-
ment of the stradapuve model (Wesss, 1973, DeWitt and
Weiss, 1973; McBride z2zd Weiss, 1973) iacluding some
exampiss of individual results. To date, no full empirical
studies of the mods! have been published.

The Stradaptive Testing Model

Lurd’s theuietnal analysis of adaptive testing versus
wnvenuonal testing makes une puint very Jear. a peaked
test provdes mute prease measwrement than an adaptive
test of the szme length whe: the 1estee’s ability is at the
punt a1 which the cunventional test is peaked At some
punt un the abibty wnlinuum, gensially beyond 2 5
standard destations fiom the mean. the adaptive test
sequues fewes stems fur wwmpaable measurement effi
cency.

Loid sugessts that an “ideal™ tesung stiategy would
present a sataple of stems tu each subject comprising a
peaked test with a S0 probability of a correct answer for
cxamunees of the paruedlar subjedt’s tree ability (P, = S0)
The «atch. of wuise, 1s that the true ability of the subjectis
unknuwn, the estmation of which is, in fact, the desired
outcome of the measurement procedure.

Traditionally. this problem has been drcumvented by
peaking the test at P_ = 50 for the hypothetical average
ability level subject. This procedute worked well for
examunees neat the center of the ability continuum, but less
efficiently near the extremes.

Weiss” suadaptive model extends the Binet zativnale to
wmputer-based ability measuiement. A lzige item pool is
newessaty . with slem patameter estimates based upon a large
sample of subjects frum the same pupulation as potentiai
examunees. ftems are sualed into peaked levels (strata)
according tu item difficulty . A subject’s initial item is based
upon a previvusly ubtained ability estimate or the subjects
own estimatirn of hus abihity vn the dimensiun being
assessed. -

"This paper s based on the zutho's doctoral dissertation
conducied at Flonda State Lnwversity under the duection of D1
Howard W. Sioke1. Requests for cupies of the dissertation should be
sent 1o the author c/o AFHRL/FT, Williams AFB, AZ 85224.

-

BRIAN K. WATERS
US. Air Force Humzn Resources Laboratory

Figure 1 depicts a nine-strata distribution of items in 2
hypothetical stradaptive item pool.

As in the Binet, the subject’s basal and ceiling strata are
defined, with testing ceasing when the ceiling strztum has
been determined. A subject’s score is 2 function of the
difficulty of the items answered correctiy, utilizing various
scoring strategies {Weiss, 1973).

The ftem Bank -

Verbal analogy test items were used in this study -
selected from the SCAT Series 11.2 This test series provided
2 singleformzt, unidimensional test with extensively
nurmed item parameter estimates. The item format was
easily stored in a compute: item file, bzing short and
standard for all 244 items. ; .

ftem pool data received from Edulationzl Testing
Service contained five 504tem verbal analogy tests, Forms
1A, 1B, 1C, 24 and 2B of the SCAT Series !l examinations.
These tests had been nationally normed on a sampie 3133
twelfth grade students in October 1966. P-values and

~ biserial correlations on 249 items were provided by ETS.
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These values were transformed into normzl ogive item
parameters.

Table 1 shows the actual distribution of 1tems used in
this expenment. The final poul snduded 244 stems grouped
into 9 strata accerding to normal ogive 1tem difficulty
parameters as shown in Table-1.

The aine str. fa in Table § are essentially nine peaxed
tests, varying in average difficulty from Z2.12 to +1.91.
Stratum 9, the most difficult peaked test, fur example, was
composed of 19 items ranging from b, =1.27 to
b,=3.68. In this study, items were randomly ordered
withun stiata, unhke in Weiss” model, in order to permit an
alternate furms relability weffiaent to be alolated fur
stradagtive examunees. As s typral in educational and
psy holugial research, the oncentiation of mure difficalt
items _ontains the lower discumination values. A comela
tion between bg andag of 31 reflects this problem.

Subject Povl One hundred-and twi inwoming fieshmen
to Florida State University were tested in late July 1974,
Ninety-nine of the subjects had Florida Twelfth Grade

*Test materials from SCAT Series H Vesbal Ability tests were
2dapted and used with the permission of Education Testing Service.
The author of this paper gratefally acknowledzes the help of ETS in
the pursuit of this resezrch.




(12V) Verbal Scores o1 12V esnmates denved from ACT o
CEEB verbal swores 1o serve as cntema fou the validity
investigation of the stradaplive test scores.

Table 2 depts hincar vs suiadapine goup test slatists
on the 12V scores.

As an be seen in Table 2, the randum asugnment of
subjects to linear or stradaptive testing groups did-a good
job in equating the groups on the zbility continuum as
presented.

Testing continued untd a subpect’s ceiling stratum was
sdentsfied. for thus stady, the vatling stiatum was defined 23
the lowest stratum in which 25% or less of the items

mezsured by the Florida 12th Grace Verbal test

Since SCAT V -published resalts had shown sigaficendy
different difficulty Jewels between the five forms, linear
subtest suores were sormalized witain their separate diste®
butions and.then pooled into 2 lirear total score distribu-
t:on for comparison with stradaptive results.

CRT Testing

A wmpute: progiam described by DeWitt and Weiss
(1973) was adagpied to fit the FSU Cuntrol Datz Corpora
tion 6500 computer.
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Figure 1. Distsibution of items, by difficulty level, in a Stradaptive Test




TABLE 1 .
Hem Difficoltics (b) and Discriminztions {2), Bascd 03 Normal Ogive

Parameier Estimates, for the Stradaptive Test item Pool
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Comparison of Distributions of Linear and ,
Stradaptive Group Florida 12th Grade Verbal Scores
GROUP #SUBJECT MEAN STDDEV STD ERR KURTOSIS SKEWNESS
LINEAR 46 33.26 5.30: 855 . 44 .70
STRADAPTIVE 53 34.06 6.12 841 .36 -.03
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Tesnng Sequence. The subjects estunated theis ability .
vsing the procedures described in DeWitt and Werss. The
first stem that the siradaptive subject severved was the finst
stem1n the stratum cemmensurate sath hus abihty esumate.
The subject was then branched to the first item an the neat
hugher o1 fuwer stratum depending upun whethes the sninal
1esponse was curreet wi muorrect. If the subject entered a
question mark (2), the next item in the same stiatum was
presented.

Testing cuntinued ontil 2 subject’s ceiling stratum was
sdentified. For this study, the ceihing stiatum was defined as
the lowest stratum :n which 25% o1 less of the items
attempied were answered cuttectly, with 2 cunstiaint that
at least S items be taken in the ceiling stratum. The 25%
figure reflects the probability of getting an item right by
random guessing on a $-optivn multiple chuice test. Once 2
subject’s ceiling stratum was defined, the program luoped
back to the examnee’s ability estimate stsatum and
commenced 2 second stradaptive test with item selection
continuing down the 1tem matnx fiom where the first test
ended. Since stems were srandumly pusitivned within cach
sttatum, paralle], altemate fuims wneie taken by all subsects
#ho reached termination citenun v the first test.

A ruximum of 120 stems per subject was established, as
piestady tnal tesung suggested that subgecis beame
saturated deyond this point.

Termination Rules. Weiss had two versions of his
sttadapuive tesuing computer plugiem Versiun uie, whah
was used 1n ths study, presented anothes .tem sn the same
stratum when a subject skipped an 1tem.

The author of this study was unaware of the existence of
the sewond branvhing strategy prugram pnot to «wmpletion
of data wllectiun. Huwevel, Wenss™ progilam procedare of
1gnunng skapped stenns 1 detetsmining test termination was
quesuvned. It appzated that valuable mfurmativn was being
lost when the Weiss procedure was followed.

It was reasunable to eapect that a subject would umut an
stem only when he felt he had nu.real knuwledge of the
correct answesr. Thus, investigation of test termunation
based upon omuis vounted as wiong answers was judged
appropriate.

Weiss had set 5 iteris in the cellmg stratum 3s the
minimum constraint upon termination. A secondary goal of
the piesent study was to determine what effect the
reduction of this constr2int to 4 would havs upon the
effectiveness of the stradaptive strategy. -

These two questions of the handling of omits and the
variation in the constramnt on the termination of testing
created the following three methods for comparnisons.

Termination Method 1:
Omite ignored/constraint = 5 items .
Termination Method 2:
Omits = wrong/coastraint = 5 stems
Termination Method 3:
Omits = wrong/constraint = 4 items

Detz was wollected wusing Tenmination Method 1 2nd
then rescored wsing Methods 2 and 3. This was possible
smee no mdicabun of the tesminatior. of the first test was
@ven to the subed and since items were sandumly ordeted
within strata. Once test terpmnation was reached using
Teimunation Method 2 u 3, the next item taken by the
subject 1n his entsy point stratum acted as the start of a
paiallel forms test under the termination rule used.

. Of course, Method 2 required fewer items than Method
1 and Method 3 consierably fewer than Method 2. The
thiust of ths mvestigation, then, was to determine the
selative efficiency of the thiee methods in comparison with
une another and with Laear testing after eyualizing test
length using the Spea: ... Brown prophecy formula.

Stradapnye Test Oui, 1. Figure 2 provides an example
of a stradaptive test report from this cxpcnmcnt A e
next to an.item indicates a comect response, 2 “ 7, an
incorrect response, and “2™ shows that the subject omitted
the item.

The examinee in Figure 2 estimated her ability as
Hence, her first item was the first itesp in the Sth stratuns.
She coirectly answered this question but mussed her second
item, and after responding somewhat snconsistently for the
first mine items, “settled down™ with a_very constant
pattemn for items 10 thiough 19 when.she 1cached stopping
rule criterion and her first fest terminated.

The testing algorithm then selected the 6th item in
stzatam S (ner ability estimate) tv commence hes sewond
test. (The subject was totally unaware of thus oweurrence as
no noticeable time delay occurred between her 19th and
20th items).

At the conclusion of her 31st item, this subsect reached
termunation .riterion for her sewond test, was thanked for
her help in this research project, and given_her score of 15
wftect answers out of 31 questivns with a percentage
comrect of 48.4%. .

The scores for this subject are shown for both tests. The
interested reader may gain a more thorough understanding
of the scoring methods used in-this model by tracing this
subject’s ability estimate scores through Table 1.

“: L1

- RESULTS AND DISCUSSION

Test theory suggests that measurement efficiency is
maximized at P, =.50 for a given test group. It was
nypothesized that the stradaptivé test strategy would more
nearly approach this standard than-the conventional linear
test, indicating an improved selection of items for the
stradaptive subject. Table 3 shows the result of this
comparison. It clearly indicates significantly different distri-
butions of test difficulty. The stradaptive test was far more
difficult than the linear test, with 2 smalles variance.




REPORT 01 STPADAPTIVE TEST 1
1DEBER- 263258070 DATE TESTED- 74107129

{DIFFIOUT) senpEs O8N STRADKFTIVE TEST 1
7 8 g
1. DIFFICRTY OF MOSY DIFFICILT STEM CORPECT=.2¢

{ersy)
STRATUMN- 1 2

O
. 2 2. DIFFICOLTY OF THE %+ TH 1T« 11
n" .
s‘/u . 3. SIFFICULTY OF HIGHEST NON-GIARCE ITDN CORMZCTe. 24
DTG \: 4. DIFFICLLTY OF HIGHEST STRATIM ¥ITH A CCORECT
. . TS SNSWERS .04
-
.. \‘gz 5. DIFFICULTY CF THE Xo1 TH STAATUMe.O¢
- - L4
. . . >n- 6. DIFFICIRTY OF HIGHEST MOM-GUNCE STAATUN=_O4
. . -
. . . >13- 7. INTERPIRATED STRATLM DIFFICULTYe.06
- - 144 - -
- . 1§o>15- 8. MEAY DIFFICULTY OF ALL CORRECT ITDMSe -.09
I T 9. ‘MEAY DIFFICLLTY OF CORRECT ITDNS BETWEDN
- - 154\1- CEILING AAD SASAL STRATA® -.02 r
. . P ]
. 10. MEAX DIFFICULTY OF JTEMS COSRECT -
PAGP. CORR: .00 .13 .71 0.00 AT HIGAIST MOW-CHANCE STRATLM= 03
TOTAL PPOPORTION CORRECT= ,
&4

PEPORT 04 STRADAPTIVE TEST 2

IDMUMBER- 263354070 DATE JESTED- 74/07/29
SCOPES ON STRADAPTIVE TEST 2
{EasT) (DIFFI-CL!J) 1. DIFFICULTY OF MOST DIFFICULT ITEM SORRECT» -.10
STPATUM ] 2 ] 5 6 7 3 3

2. DIFFICTY OF THE X¢1 TH 1TEn= .34

zz~>21' 3. DIFFICULTY OF HIGHEST NON-CHMCE ITEM CORPECT= -.11
s g o |
- /24:5-/ Z?' 5. DIFFICULTY OF THE N*1 TH STAATUMe -.25 ‘
. \zag\zé_ 6. DIFFICILTY OF HIGHEST NON-CHANCE STRATUM- -.25

o 7. INTERPOLATED STRATUM DIFFICULIY» ~.18

.00 .83 0.9 8. MEAN DIFFICULTY OF ALL CORPECT ITEMS= -.26
TOTAL PROPORTION CORRECT= .500 -
9. MEAN DIFFICLETY OF COPRECT ITEMS BETWEEN
CEILING AMD BASAL STMATA* -.2]

10. MEAX DIFFICULTY OF ITEMS CORMECT AT
HIGHEST NON-CHMMCE STRATUMe -.21

Figure 2. Example of stradaptive testing report.

TABLE3

Comparison of Difficulty Distributions (P,) .
for Lincar and Stradaptive Groups - N

GROUP # SUBJECTS *,) STD DEV STD ERR KURTOSIS SKEWNESS
LINEAR 471- 752 123 .018 -87 -39
STRADAPTIVE ss 584 .084 011 si4 197 . .

4 'P, (Str =y Lin) = <.0001

*4P (o* Str=¢* Lin) = <.05
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Linear Test Relrabuits. Makuny ihe standard 2ssumplivns
underlying the one fautun gandum effecis analysss of
watanee (ANOVA). the esumated relabdaty woeffiaent of
the total scotes s shuwn m Table 4 for G e
examinees. .

The intemal consistency reliability estinmte for the
linear test was . 776 fur a test of an average of 48 4 items 1
Iength. Steppedup 1o S0 stemn wa the Speasman-Bivwn
Prophesy formulz, this esumate becomes ..82. The ic
ported sehability o the vugnal SCATV tests was 87,
Uﬁng Fcldt.s ( 1965) ‘CSI, h (p’ca[ =p[“1’ = < .05.

it an be assumed that the difference between these
sehabihities was caused by one vi mute of thiee factus.

1. Testing mode {CRT vs papes and pendl)

2. Himination of 6 of the 250 stems from the otignal

item pool. i

3. Restriction of range in subject podd fui this expen

. ment.
The fatter factur must lkels auwsed the deuease in the
seliability of the test scores. The homogeneity of the
subjects would Yield a relatively sinall amount of between
person variznce. which would lower the reliability estimate.
ft might also be mentioned that Stanley noted that
intraclass item correlation is a luwer bound to the reliability
of the average item.

L

Stradaptise  Tutal Test Relability. Using  Stanley’s
(19711 piocdute, 1t was pussible to esimute the mntemal
whoostendy selubility of the porsun by atem stiadaptive test
matnax. Of the 244 items in the stradaptive pool, only 133
items were actually preseated to the subject pool in this
experiment.

Weiss' Swonng Methud 8 provided the only set of
suadaplive test swutes wheren a persun’s tutal test score
was a hineat funcuon of his item scores. Henee, this scoring
method was used tu estimate mternal vonsistenyy reliabil
ity. Table 5 summarizes these results.

Table 6 shuws the parallel furms and AR 20 schability
esumates fur the thiee termunauun rules ased i this study.
Direct compansons «2n be made between the stradaptive
KR-20 values and the 782 hnear KR-20 estimate. Accord-
ing to Feldt's (1965) approximation of the distribution of
KR-20, all of the esumates of the stiadaptive test reliability
z2re significantly (p =< .05) better than the linear KR-20
estimate privr tu being steppzd-up by the Speaiman-Brown
formula Pr (675 < pyo < .858) = .95. Thus, the 19, 26,
and 31 sniem stiadapive tests ali pi  €d muie seliable than
the 48 item linear test.

A wmpanson of the fireas internai-wnsistency reliabil-
ity woeffiaents {7;,) and the stradaptive parallel-forms
reliability estimates (r,,) in Table 6 must be considered

TABLE 4
Analysis of Variance for Linear Test Person by Item Matrix

SOURCE af SUM OF SQUARES MEAN SQUARES
Persons 46 37.57 817
brror 2229 40855 .183
Total 2275 446.12
T T T T T T iy 7 1- 1831817 =776 ‘
. k4
* TABLES
Analysis of Variance of Scoring Method 8
of Stradaptive Test Person-By-Item Matrix
SOURCE ar SUM OF SQUARES MEAN SQUARES
T Persons 54 191.941 3.555
E 1 Ertor 1675 588.253 351
R Total 1729 (-, = 901
M
I R Persons 54 178.870 3.312
NU 2 Ertor 1401 470.442 .336
é L Total 1455 (r,y = -899)
| I #
I Persans 53 155.841 2.886
o 3 Emor 1001 366.447 366
N Total 1055 (ryg = .873)
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only teatauvely since they are different kunds of estimates
of the itue rehability. The sampling distnbution of 7, is
known and that of 7, has been approximated by felat
(1965). Cleary & Linn (1969) wmpaied standard emors of
both indives with geneiated data of hnown p. They fuund
the standard errur of KR 20 to bz somewhat smaller than
that of the parallel test cotrelation (approximately 03 v
.04 in the range of reliabilities, number of subjects. and
number of items involved in this expeniment.)

Linear Test Valuiity. The cutrelatun of ubtained linear

swores with the Flonda 12th Grade Scures was 477, which
was significantly lower than the published SCAT V.SAT »
correlation of .83 (p =< .01). As with the linear reliability,
this difference moust hikely fesulied frum subject humugene
ity.
_ Stradaptive Test Valuliy. The vabdity wwoeffivents of
the stradaptive scoring under the three termination rules is
shuwn :n Table 7. Vahdity sas estumated by the curtelatiun
between the t2st scores and 12V scures. None of the
vahidity wefficients m Table 7 were significantly different
from the hinear validity cocfficient of 477, although
stradapuive vahdity weffiuents were wonsistently hugher
than the linear indices.

Aumber of Items. Table 8 shows the difference in
rumber of items presented fur the lineai and the three
termunativn methods of the stadaptive test. The Loasis
tendy m.average number of stems presented per subject was
sutpnsingly cunstant vves the two pasallel tests of termina
uon methods 1 and 3. Method 2 did show a significant
0 = < 05) drop mn the average number of items un the
second test, possibly-due to the 60-item limit.

Item Latency. It was hypothesized that mean item
iatency would be hugher fur siradaptive subjects since they
would have to “think™ about each item as 1t was near the
Limat of then ability. Table 9 reflects the results of this
comparison. -

The hy puthesss of no differences between stem latencies
was tejected.. For the subjects in this experiment, the
average stradapuive ttem required approximately 11% Jonger

_than the average linear item.

Testing Costs. No fuil cost analysis was planned for this
study. However, computer costs were available for the
thuce-day data wollection. A total of $89.00 was spent over
the entire period on the CDC 6500 computer. This total
induded core memory (CM), cenfral processor (CP), per
manent file Storage (MS), data transmittal between the

TABLE 6 N

Comgarison of Scoring Method 8 Parallel Form Relizbility

with KR-20 Reliability Over Three Termination Rules Stepped Up to S0 [tems

TERMINATION RULES
¢ 1 2 3

- N=12) N=28) N =38)

Parallel o {raw) 892 688 132

Forms Ty (5D 929 .06 903

(N =55) N =55 N =55)

KR-20 P3ol1aw) 901 .899 .873

P3e(50) . 935 .943 847

‘ K, =3145 K, =26.47 K, =192

K; = average number of items under termination sule 1.

TABLE7

Comparison of Validity Ceelficients of Sconng
Method 8 under Three Termination Rules .
Termination Rule - N r, Tex'
i . 64 %6 585
2 80 .536 693
3 91 499 626

rey = Corrclation between criterion measurc (12VY)

* . 1
r.* =1, cormected for attenuation
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CRT's and the computer, line punting (LP). and pun.h card
output for 102 subjects. Data files were punched-out as
they were created to assure that data would not be lost in

ase of hardware malfunction.
In the present study. 6 CRT's were hept on and tied to

the comptter continuously for 14 hours a day for 3 daysin
order 10 be ready for subject-volunteers whenever they
arrived. In any institutional implementation of computer-
testing outside the experimental situation, exam time
would be scheduled. thus minimizing telephune line trans
mittal costs. :

The cost of actually tesing each individual Lame tu less
than 2¢ per subject for CM. CP, MS 2nd LP ime_ The vast
majority of the wsty Jdted abuve involve 42 hours un
continual ticin to the computer, the “vnnecessary ™ punch
ing out of all data, and the extensive file munipulations
done by the author because direct access space became
critically short during data collection. The latter factor
required restorage of data files from direct o indirect file
space.

This <ost approximation «ould be compared with'testing
<osts {rom the reader’s experience. Without trying to define
conventional testing costs per se. there is stil] little Joubt
that computerbased testing Losts less than comentional

testang wath the paper and pencdd mode for any laige-s.aie
t2siing program.

CONCLUSIONS AND IMPLICATIONS FOR
FUTURE RESEARCH

The 1esults of tus study favor furiher investigation-of
the stradaptive testng mudel. The model produced consis-
tendly higher validity coefficients than conventional testing
with a signifivant reductivn in the number-of stems-from 48
1o 31, 25 and 19 fur the three stradaptive tesmunation rules
snvestigated 1n the study. The internal consistency reliabil-
sty fur the best stiadapuve sconng methods was signti-
wantly higher than the wnventional KR-20 esumate., and
the stradaptive parallelfurms relabihiiy estmates were
wonsistently hughes than conventional KR-20 estimates.

No pnior rescarch was fuund showing a companson of
stem latency data between adaptive and conventional
testing mudes. Results 1 dhis study dearly sdicate that
subjects 1ake sigmiicantly longes to answer stems adapied
to themr abthty level, about ! 15% iongeran the present study.
This 15 an 1mporiant sesult, as 1t indicates that future

TABLE 8

TG ompanson of Average Number of Items for Lincar Test and Three Termination
Methods of Alternate-form Stradaptive Tests

AVG = STD DEV AVG = STDDEV .
= SUBJECTS ITEMS = ITEMS # SUBJECTS ITEMS £ITEMS
LINEAR 47 48.43 .99
TEST | TEST 2
AVG = STD DEV AVG # STDDEV
# SUBJECTS ITEMS # ITEMS =#SUBJECTS ITEMS £1TEMS
STRADAPTIVE
Method 1 58 31.46 18.03 38 30.92 12.54
Method 2 55 26.94 16.76 41 21.98 13.10
Method 3 55 19.20 14.06 47 18.19 11.34
’ i TABLE9
Comparison of Distributions of Item
Latency Between Lincar and Stradaptive Groups
T GROUP #I1TEMS MEAN #SEC/ITEM STD DEV
’ LINEAR . 2276 35.999 12.062
STRADAPTIVE 1730 40,047 13.219

Priustr=ulin) =< .,00]

Prostr = alin} = < .00t
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research mnto ada?uw: iest:ng of any kind should take this
variable 120 congderation when evaluating an adaptive test
strategy. Thenet gain of the adaptive mogel 15 2 function of
the tesung ume needed to adequately measure a subject’s
ability, not the aumber of items presented to the subjesi.
All prior fesearch rewiewed tautly assumed that stews
latency was consistent actoss lestng strategies. Tha study
indicated shis assumption iv be false.
1t 1s recommended that futare stradaptive expenimental
, stugrds should wonsider buth stradaptave branching models
wath € comparson of results flom vanation in the mnimum
number of ttems in the ceiing stiatun. A somparison
between varable numbes of stage stiategies -and fixed
nomber of stage strategies 1s desirable.
As suggested in previvus tescarch, adaplive lestng may
reach “peak” efficency at between 15 and 20 gems. A
companson of stiadaptive ltest-statsties fur example wath
- k=40, 15, 20 and 25 items with linear testing should
fvesuigate thus hypothesis. Once the siradaptive data s
“collected under the wvanable strategy, the fixed item
statistis «an be determned by grading-the stizdaptive test
after “K” ttems and then “starting” the subject’s sevond
test at the first stem of the entey point level.
Following the same logic which l2d to tetmnativon of 2
subject’s tesung when five ttems m a tow in the hughest
- stratum had-been correctly answered, the missing of five
sems 1n 2 row of any stiatum should privade immediate
cetling stratum definttion. The probability of this oucu
rence would be less than .05 for a propeily normed item
pool. In the case of the present study, 13 of the 55
stradaptive subjects would have ‘ternunated a stradaptive
test an average of 12.1 umes carher than termination
method 1, with no effect upon the other 42 subjects. The
resuiting: stradaptive test statistics obtamed from. the
1mplementation of this suggestion have not been calculated,
except that the change would have reduced the average
number of items presented under termination method ! to
28.4 from 31 45 (9.752).

Further research is recommended into adaptive testing in
which both the number of stages and step-size are variabie.
The Bayesian strategies and Urry’s model (1970) are
examples of this category of adaptive measuremeni and
further mode} development seems appropriate.

Research is indicated with comparisons between adap-
tive models as well as the traditional design of comparing
adaptive methods with conventional methods. Weiss® on-
going research is beginning this work, but more is needed
The traditional comparison assumes that conveational- test
statistics are the criterion that an adaptive testing procedure
should try to duplicate. Lord, Green, Weiss and others have
argued that improved measurement of the individual at all
ability levels muy be hidden by the use of classical test
statistics such as validity and even reliability .

One objective of this study was the attempt to estimate
the degree to which the violation of the assumptions of the
onefavtor ANOVA model affected KR 20 reliability esti-
mates. The assumption that items are independent of one
anuther is Jdearly violated in any adaptive testing pro-
cedure. The estent of the ‘effect this violation causes is
unknown, yet must previous research in adaptive testing has
only considered ANOVA KR-20 estimates.

The results from this study do not permit definitive
statesnents on this question. Nevertheless, the three KR 20
estimates were «onsistently higher than the 3 parallel forms
rehabiliies. Cleary & Linn's (1969) Monte Carlo study
indicated that r,o provided better parameter estimation
than paraliel-forms reliability estimates, so one must ques-
tin whether the higher p estimates are not the result of the
dependency between items. Perhaps the only way this
question can be validly investigated is through a Monte
Carlo study of adaptive testing with p known and the two
methods compared, for estimating ,,.

Green (1970) stated that the computer-has only begun

tv-enter the testing businéss, and that as experience with
«omputer-controlled testing grows, important changes in
the technology of testing will occur. He predicted that
“most of the changes lic in the future . in the inevitable
comiputer conquest of tesiing.”>

The stradaptive testing medel appears to be cne such
important change.

3Green, B.F.. J1., In Holtzman (£d.), p. 194.
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USING COMPUTERIZED TESTS FO MEASURE NEW
DIMENSIONS OF ABILITIES: AN EXPLORATORY ST UDY

N

Because most of the research with computer-assisted fést
admiristration hes been concerned with tailering ifem
difficulties 1o test takers, what appear to be importznt
chatactensies of wmputenzed eguipment fui eapanding
dimensionzlity of measurement appear to have been lasgely
ignored. Since paper-and-pencil tests 2re limited in terms of
stmulus wontiol and respunse mwde, the pear exdusive
reliance on them for personnel selection has imposed
restrictions o the types of abilities which can be measured.
For example, using conventional paper-and-pencil tests, it is
difficult if not mmpossible to present 2 moving stimulus,
obtain measures of tracking pzrformance, control item
exposure time, record response latences, or sequence stems
as a function of prior responses. Computer terminals of the
type ordinanly used for programmed nstruction do have
these capacities.

The battery of tests developed for the present research
has béea especially desizned to exploit the special
capabilities of computer termunals fur pictonal display and
movemeat and has thus been desgnated the Graphic
Informanon Processing (GRIP) series. A major interest of
the research was in finding abibties which are smpoztant fot
onqob performnwe which computenzed tests could
measure accurately but paper-and-pencil tests could not.

As a starting pont for the mvestigation, five traits.of
“real world” significance as defined by Mecham and
McCormmuch (1969) were selecied. They were_Short Term
Memory, Perceptual Speed, Petrceptual Clusure, Muvement
Dztection, and Dezling wath Concepts/Information. Empin-
cal data on the relative importance of these attsibutes for
work performance 1s available from Mecham and
McCormack (1969). The study was designed io provide
compansens of computerized and paperand-pendl tests
designed to measure these attributes and to compase the
computenized measures and the operational varizbles in
terms of dimensionality and vahdity for jub performance
criteria.

The equipment used for the research consisted of the
IBM 1500 system .plus 2 cathode ray tube (CRT) display
unit and a screen for film presentanon hinked ondimne to an
{BM 1130 computer. Subjects responded to visual sumuh
presented on the CRT by touchinga target with a ight pen,
or by entengg a respbnse mto the typewrites keyboard.
Programiiing was carried out in Coursewriter.
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Navy Personnel Research and Developmeni Center

The GRIP Tesis ) -

The GRIP. battery consisted of cight computer-
admumistered tests, each designed to measure a major aspect
of one or more of the five job elements.

- -

. Hiustrative stems frum ezch of the GRIP tests ase shown
in the Appendix.
’ - . - -

1. Memory for Qbjects. Fmr.:s.shm-ing line drawings
of common objcts with simple one word names were
flashed on the screen at an average exposure time of about
one-half second per object per framé. Number of objects
per frame ranged from three to nine. After the exposure
period, subjects typed in the ndines of 2ll of the objects
remembered. P

2. Memory for Words The test was identical in
intention and ammangement to the Memory for Objects, but
with words substituted for the pictures. Of course the
object of this test was to compare the recall of words given
with the recall of words generated by the cendidates’
secognition and labeling processes. Words were of two
lengths: 3dettérs and Sdetters.

3. Viual Memory for Numbers Test. This is a digit-span
test using the same type of methodology as was used for
the two preceding tests but having digits as stimuli About
50 percent of the digits werze presented sequentially and the
other 50 percent were presented all at once, a5 2 single
stimulus.

4. Comparing Figures. The frames of this computerized
measure of perceptual speed contain sets of squares or
circles presented as rows, vertical columns, and right and
le.t slant columns. Three to six stimulus pairs are shown on
the screen at a time. Each stimulus has a crossbar, orignted
either vertically or horizontally. Subjects are asked to
record as true-false answers whether or not all crossbars of
corresponding pairs in a set have the same orientations.

5. Recognizing Objects. For. this computerized closure
test partially bloited-out pictures of common oObjects are
presented. The first presentation shows 10 percent of the
area and more area is added in random increments of 10 per

| unit until 90 percent of the picture is exposed. Subjects

enter the namss of the stimuli on the keyboard.

T -
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6. Memory for Pattans. A icst $esigned to meascre
movement delection 2brities. in which patterns aie formed
by sequenuatly binking dots. Subjects are asked to sepin
whether of not two consecuuve gattems are sdentaal and
for other items they are asked to regroduce gven pattemns
on the CRT witha light pzn.

7. Twebre Questions A 1est shuch resembles the
Twenty Questions game 1 that subjects are ashed to guess
the name of an object based vn yes-nu znsaers supplied by
the compuier io questions. It differs from Twenty
Questions 1 that the questions are supplied in the test
father than being pused by the subgct. The subpedt’s
objectives are 1o szlect thuse quesiuns wluch provade the
quickest sdentfication of the objeit and to avnd quesGuns
which are redundant v wseless. Swores aze sums of cunedt
responses weighied by number and Jhatavterstis o the
dues received. -

8. Password. A test whuh resembles the regula
“Password™ game m ihat sets of wuids ate shuwa on the

CRT which suggest a target word. Five separate wunds ase

shown as Jues. After the fint two Juss and cad
succeeding one, the ngme of the objedt may be typed on
the keyboard. Scores are sums of correci respunses
weighted by number of clues received. ¥

9. Latency and Accuracy Varizbles. In additicn to
duect measures of the personal attubutes, latenyy measores
were vomputed for speed of respoase for the Memuny fux
Words and the Cumpanng Figwes tests and latenyy of
Recognizing Objects sesponses (speed of dosure). In
additon a measure of the total extent to which the
sesporse patterns faled to duphcate the sumuli in Memory
for Patterns, frée response was created (PAT-ERR).

Poper-and-Pencil Experimental Tests, Biographical Vari-
ables, and Operational Tests -

Together with the GRIP battery, eight paper-and-pencil

,tests lasgely drawn from the ETS Kit of Refzrence Tests of

Cognitive Fattors (French et al., 1963), and 2 motion
picture test {Drift-Direction by Gibson, 1947) composed
the set of experimental tests.'In addition, data for each man
were obtained for txo biographical variables and for the
nine tests which are routinely administered and used for

Navy personnel decisions.
Scmples é ¥
’J L

The expenmental battery was admims"t‘;red io stedents
at the Navy Traning Center, San Dicgo, dunng May and

Juge of 1972. Subjects were chosen from personnel in the —
first two weeks of technical training for three ratings having
widely vaned duties. Also tested in oider to increase the
sample size were recruits 1n thex final week of raming who
were school cligible but had not yet recelved postrecruit
assignments.

i
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Ten to cleven months subsequent to the testing, after

the subjects had served on jobs in the Fleet for several
munths, supetvisury fatings covering both globa! and job
clement aspects of vnjub performance were collected by
mailout questionnzire.

The questionnaire vsed was zn 2daptation of the
Position Analysis Que: Joanzire, 3 broad-based empirically
Zenved instrument developed by E. 3. McCormick and tus
associates which has been extensively wsed for job
Jdassification  research (McCormick, Jeanneret, and
Mecham, 1972). The adapied questionnaire was used to
wollect ratings on global performance gs well as perfomance
on a1l of the 42 job elements which were judged by 2 pancl
of Chief Petty Officers to be relevant to the positions

After a preliminary review of the uestionnaire returas,
the 22 jub elements heving the largest representaticn in the
sample were selected for 2nalysis. These 22 job elements
together with the sample size for ezch rating for each job
element are shown i Table 1. For instance, the first rating,
Fleutnaan’s Mate, invulved Manuzl Contiol Non precision
Touls, Asscmbling Disassembling, Hand Arm Manipulation!
Cuuidination, etc. In contrast the Personnelman rating
required Using Written Materials, Compiling Data, Oper
ating Keyboard Desices, Persuading/Influencing Others,
et.., and the Somar Technidan rating required Using
Pictorial Materials, Using Visual Displays, Adjusting
Machines;Equipment, etc. The last group consisted of
personnel in endifferentiated ratings, largely apprenticeship
satings. Major aspects of the assignments of this group
involved Using Spoken Verbal Communication, Manual
Control Non-precision Tools, Attention to Detils
Completing Work, Working with Distractions, etc.

For each Tating separately, zero-order velidities of the
tests for, supervisors’ marks of the job elements wese
computed and comparisons were made to identify the
predictability pattemns of attributes for job elements and to
comparz the operational, experimental paper-and-pencil,
and experimental computerized tests as measures of these
job elements. Similar types of statistics were computed and
compariscns carried out for the ratings of global job
performznce. ’

RESULTS

. Most of the statistically significant zero-order validities
of the operational variables were found for the 12 job
elements which are shown in Table 2. The predicior
variables on the left are the Armed Forces Qualification
Test, GCT a test of vocabulary and verbal seasoning, ARl a
test of arithmetic reasoning, MECH, a test of basic
mechanical knowledge and principles, CLER, pereeptual
speed, SONR and RADIO, memory for pitches and sound
patterns, ETST, electrical knowledge and mathematics,
SHOP, Tool Knowledge, and lastly years of education.




TABLE 1
» Szmple Sizes for the Twenty-Two Most Cormmen Job Elements
3ob Element EM PN ST : va
Using Written Materials . 48 30 _ 71
Using Pictoria] Materials 20 32
Visual Displays 3s 66
Using Spoken Verbal Conxnumanon 20 52 35 92
Using Non-verbal Sounds 31
Analyzing Isformation 20
Conmpiling Data 49
Mainual Contro-Noa-precision Tools . 27 £0
Manzal Control-Precision Tools 23
Operating Keyboard Devices 53
Adjusting Machines/Equipment 23 29 .
Assembling-Disassembling rz)
Hand-Arm ManipulationfCoordinstion 22
Hand-Ear Coordination 3z
Permaading Influencing Others 40
Exchangiag Routine Informztion 51 69
Urusually Good Precision 29 63
Attention to Details, Completing Work 25 51 36 102
Vigilar.ce-Continually Changing Detzils 20
. Coping with Time Pressure - 22 49 78
Working with Distractions 48 _ ) 84
Keeping up to Date 52 30 36
. TABLE2
Significant Zeso-Oxder Validities of the Operaticna] Varisbles
for Tsvelve Comtmon Job Elements
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Only the staustically sigmificant coefficients are shuwn.
The evel of sigmificance 15 indicated by a single undeddine
fox the five percent level and double underiines for the one
percent fevel Blank cells mdicate nonsignificant validities
and double dashes indicated that the A's were too srmail for
validity coefficents to be wmputed. Rows for sndividual
raungs which did not have any statstall) significant
validities have been omitted.

Cperational variables were generally not effective for
predicung performance on yob elements in the technical
ratings, and where effecive did not secem to bz assouated
sth underlying relationships o1 constructs. For instance,

the writing 2bilities of ST's do not appear to be fogically
related to scores on ARI and RADIO, but they were
significantly comrelated with them Simdarly, the reascas
fa the sgnificant relationships between RADIO and
Pictorial Materizls, SHOP and Verbal Communication
abilities, ARI and Communicating Routine Information
MECH and Influeacing Others, 2nd CLER with writing and
verbal communication skills were.not clear. Yet all of these
relationships were found.  ~

On the other hand interpretation of thr significant
predita jub element validities is much more logical 20d
cunsistent for the éxperimentz] tests (Table 3)

TABLE3

Significant Zero-Order V2Editics of the Experimental Variables
for Twzlve Common Job Elements
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The first five tests are shunt taam shemury tests sath the
first test being the ETS Kit test of Associative Memory, the
ncxt three baing computenced mersury tests and the last as
auditorily admunnstered measure of gt span. Interestingly
the memon tests shown cunssient aegative wnclations
with jub elements fur Heutnuan's Mate and the Appien
ficeship group and pusitive curtclativns fur Suna Tehm
can and Persunnclman. The conelanuns fur PNs are fus
Writing and Verbal Communication Skills, two job elements
for which it would be logical to expect pusiive corela
tioas.

The. next two tests, Counting Numbers and Comparsing
Figures, are respectively paper-and-pencil and computenzed
tests of perceptual speed. Both tests discriminate primzanly
for Personnelmen and the Apprenticeships ratings and the
pattemns of validities of the two tests were very similar.

The next three tests, together with CLO-LAT, mezsure
perceptual closere, Gestalt Completion and Hidden Patterns
were from the ETS battery, and Recognizing Objects and
CLOLAT were computerized measures. The tests have
negative validities for ‘Electrician’s Mate and positive validi
ties for Sonar Technician, with primarily visual types of
eléments being predicted for the latter rating

Ths neat test was sepaiate paits of the cumputenzed
test designed to measuse muvement Jdetectsun. It had
significant validities for Sonar Technician and also had

significant sabidiues fus Pesonnelmen and the Appreatice
ship rating group. .

Nunsense SyBugisms and Infeienwe, incasures of spllo
gstn seasomung fium the ETS battery, and the neat tan
iests, 12 Quesuons erd Paswuid, 2re computesized sai
ables hy puthesized tu measurz the same type of 2bility. For
Persunnielmen buth Inference and 12 Questivns were
signficantly selated to gub perfurmance and the patterns of
sig:ﬁﬁcam validities were very similar,

The four special varizbles at the bottom of Table 3
comrelated with visual skills and with job e!emcnts involving
accuracy and precision.

These relationships are summarized in Tablc 4 which
shows the number of significant validities of the opera-
tional, experimental paper-and-pencil, and expcnmcntal
computerized variables for the job elements in each rating
in which they were present.

Major arezs 1n which the computenzed measures wese
useful prediciors were Adpusting Equipmen: for Electn-
cran’s Mates, Wnting and Working with Distractions for
Personnelmen, and Visual Displays for- Sonar Technicians.
In addrion computenized measures were useful supple-
mental predictors of communication and nterpersonal
telationships skills for Personnelmen. Thus, the computer-
ized tests predicted-jub elements which would be expected
to be central to global"performance for the Personnelman
and Sonar Technician ratings.

- TABLE4

Significant Zero-Order Validitics of Operational and Experimental
Varsiables for Twelve Common Job Elements

£ ™ ST vA
¢ fapo  Lageri  Opentwg  Expers  Exper  Openteg  Eaper-  Dapok Opentig Eperr  Eapess
Varuble mental sweatsd Vagable mental mentsd Vasable meatsd meatal Vasable ment:l
JOBLLIRENTS Papa- Comput- Papet- Coxput- Paycs- Compzt- hm Compit-
and- crized and- esired and crired and- esired
Peacd Feoc2 Peacit Pencil
SuE Wnting = 2 4 2 - 4 2 - 1
Fxctonal Matcriads - 1 1 1
Viswal Driplays 1 - 2 - - -
Verbal Commusiation - 2 3 3 1 - - s - 1
Nomprecinon Tocds 2 1 - 1
Adjuting Eqaipment - . 2 = - ]
Inflscaciog Otbers - 2 : 2
Routinc 1afcemation - 1 1 4 - -
Good Precisica - - 3 = 2
Aftention - Detads 1 4 1 1 - 1 1 - - 3 3 3
Work Distractions - - 3 - - ]
Keéep Up toDate 2 2 3 1 2 3 3 - 3
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TABLES

Zeso-Osder Validsties of Experimenta) Variables for Global Performanee

Validity
EM PN ST vA
Predictor N=27) (V=54) =37) w=111)
Short Tesm Memory
Ohbject Number -2 43 -03 -01
Memory for Objects -16 -03 -05 ~07
Memory for Words -33 20 13 K}
Memory for Nombzrs(\) 15 20 38 -01
Memory for NumberdA ) ~15 A7 22 L3
} Percepteal Speed
Counting Numbers 45 04 42 05
Comparing Figuses, Machine-paced L2 —-.10 07 ~06
Comparing Figures, Self-paced 06 o7 21 08
Closure ’
Gestalt Completion -28 -26"° 28 05
Concealkd Words -37 -14 A3, ~.10
Hidden Patterns ~ .23 33 - A1
Recognizing Objects - ~11 -06 25 -05
Movement Detection .
Drift Direction =29 07 02 06
Memory for Pattemns. True-false 15 - =07 42 07
Memory fos Pattems, Free Response 19 21 23, .19
Dealing with Conceptsf/information
Nonsense Syllogisms -30 01 .30 -.06
Inference .18 .19 00 13
Twelve Questions ~.20 228 21 .11
Password 08 13 233 04
Special Variables

WORD-LAT -24 - -.05 -.11
CLO-LAT 05 02 -24 -11
FIG-LAT - 00 s 02 04
PAT-ERR -.24 -17 -26 -13
sSiznificant at p < 05 .

Zeto-utder sabidities A the expenmental vanables fur
the glubzl sating of jub perfuimance aie shuan i Table I,
Nine of the 22 validiy cueffivients (10 pereent) were
suatstially significant. Of the sune, five were fu1 compulter
wed tests. Must of the sgnifivent vahdities were fur Sunal
Technicwans. In compansus, five of 35 vabdiies of dhe
uperativnal tests were statistically sgmificant (Table 6, of
which three were for the UA group.

Thus, vanables in the opzrational battery were best for
piedictng global perfurmance in apprenticeship ratings
whereas those 1n the experimental battery were more useful
fu predicung perforrmance in technica! ratings, and were
paiticularly good for predicting the pesformance of Scnar
Techniaans. Personal zttnibutes having the highest numbers
of siguficant vabidities were Movement Detection and
Dealing with Concepts/Information.
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TABLE 6

Zero-Order Validities of Operational
Varables for Global Performance
Predictor Rating Group
B o] st v
\=21) v=31* '=35) =109)%
AFQT - -09 as -2 13
GCT 01 24 a1, 07,
ARl -20 .10 38 25
MECH 04 23 —04 J2,
CLER 21 - A1 .
SONR -.08 A5 -08 -03
RADO - -05 a1 a5 as,,
ETST A6 31 - - 33
SHOP 20 38 -21 17
YRBI —-12 06 01 =11,
YRED A1 o9 - -02 - 22
Complete data wese not available for some of the tests. ’ .
*Significant 2t p. < .05.
*sSignificant 2t p < .01. ) .
TABLE7 -
Optimal Predictive Composites for Global Performance cf Electrician’s Mates
* R -
L Y
. Weight Expected Cross . Beta Weight in
Predictor Set Determination Validation Predictor Final Composite il
Operational -
Classification 21 00 . CLER 21
Test Scofes
~Complete Set of 37 .00 Concealed Word * —40
Experimental and 49 .20 CLER 39
Optrational 58 28 Drift Direction —28
Variables .65 34 . PAT-ERR -=50 27
1 40 Memory for Words -40
8 - 53 YiBi . =36

Multiple regression statishes for optimal sets of the
operational and expenmental vanables for He.tndan’s
Mate are shown in Table 7.

The first super row shows statistics for the optimal
predictive compostte for the eleven operational scores and
the same type of statistes for the complete battery of
operational and expenmental vanables are shywn in the
second supe1 ruw. The second column contains the shrunken
validity coefficient for each predictor selection step. Addi-
tion of the expenimental tests-to the battery increased the
expected cross valdity substantially although the sample
size is so small that these figures should be interpreted with
caution. The negative beta weights for PAT-ERR and YiBi
are artifacts of the direction of scaling fur those variables.

The same type of finding was characteristic of the
predictive composite for Personnelman (Table 8). Again the
negative validity of WORD-LAT was an artifact of direction
of scaling.

For Sonar Technicians (Table 9) inclusion of the
expenmental tests in the battery added 38 points to the
shiunken multiple correlation. All of the variables selected
fur the complete set were measures of perceptual types of
abilities. .

On the other hand, the experimental variables added
almust no mnuement 1o the expected aoss velidation for
the Apprenticeship group (Table 10).

The usefulness of this type of expansion of coverage- of
the battery may be illustrated by reference to the abilities

E




TABLE S
Optimal Predictive Composites for Global Performance of Personnelmen

R =
. . Weight Expected Cross Beta Weight in
Predictor Set Determination Vatidation Predictor Finzl Composite N
Operstion2l
Classification 38 A2 3 SHOP ) 38 30
Test Scores
A8 A2 SHOP 22
Complete Set of A7 20 Gest21t Completion -1.19
Experimental 2nd A 46 GCT 1.40
Operztional g1 52 FIG-LAT .69 30
Varizbles .80 35 WORD-LAT -40
86 74 Mem. for Pattams, tf. 37
TABLE 9
Optimal Predictive Composites for Global Performance of Sonar Technicians
R
. Weight Expected Cross . Beta Weight in
Predictor Set Determinzticn Validation Predictor Final Composite N
Operational - =
Classification 38 . 22 ARI .38 37
Test Scores
Complete Sct of 42 .28 Counting Nos. .33
Experimental and 54 490 Mem. for Patterns, t.f. .32
Opzrational .61 A5 Nonsense Syls. — . 29 37
Varizbles .66 .50 Recoz. Objs. .33
- kS .58 Gestalt Completion 32 )
TABLE 10 )
Ox;umal Predictive Composites for Global Performance of the Apprenticeship Group
R .
. Weight Expected Cross . Beta Wci'ghl in
Predictor Set Detesmination Validation: Predictor Final Composite il
Operational - ’
Classification .33 .28 ETST .33 111
Test Scotes
Complete Set of .33 28 EIST 33
Experimental and 37 29 CLER 21 111
Operational A1 32 Conccaled Word -.19
Varizbles
71
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which are being measuted by the elements m each of the
four predictor wmpusites selected. Thus. for EM to the
Perceptual Speed measure in the operational battery were
added Closure, Movenent Detecuon, Memuty, and
Accuragy of Spatial Perception fion the expenimental
battery. For Personnelman, tu the Tedhanal Knuwiledge
component, which pronded the pnmsy predictiveness in
the operational battery, were added measures of Closuze,
Speed of- Response and Memory from the experimental
battery. For Sonar Technician, to the general mentai ability
comporent 1n the opesatiunal battery were added measures
for the Movement Detecnion and Clusure componeats frum
the expenmental battery. And for the UA group to the
measutes of Technical Knuwledge and Perccptual Speed
from the operativnal battery was added a measure of
Closure trom the expenmental battery . With the exoeption
of the Clusute measures, sume of whnch were paper and
penal, must dsunctive predictive alidities frum  the
expenmental battery wete supplied by ~umputer adminis
tered tests. .

DISCUSSION AND CONCLUSIONS

it 15 clear that the expenmental battery represents an
increase in the breadth of abilities covered beyond those in
the operational Navy battery, a considerable amount of
which 15 attnbutable to the GRIP tests. Computer tests
apparently provided measures of several attributes which
were different from those mieasured by paper-and-pencil
- tests. Furthermore, the measurcment cxpansions of the
expenmental battery served to supplement the measures of
the operational battery to produce substanual increases in
global-validities.
The dmique measurement charactensucs of the GRIP
tests appear to be as follows:
1. Computer adrmmstraton of tests of short term recall

using a variety “of stimuli,is feasible, and appears to offer

advantages in ease of data collection and processing over
paper-and-pencil tests measuring the same attributes. Fur-
thermore, usc of computerized tests to climinate the
expensive and time consuniing hand scoring required by
paper-and-pencil tests of short term memory would make it
feasible to routincly measure these skills during personnel
dassification testing. Cumputerized measures of this attri
bute were found to have sigmficant pusitive validities fur
several job elements, particularly for thosc dealing with
communication. It is probable that use of the tests for
other vwupativns would identify adGitional relationships
which are useful for personnel classification.

2. Computerized administration of perceptual speed, as
carried out in the GRIP battery, was only marginally
different frum paper-and-pencil measures of perceptual
speed. Since these measures did not offer any substantial

improvements in validities over paper and pencil measures,
the initial judzment on their usefulness would be negative

3. Further research will be required to clarify the
selativnships between computerized and paper and pencil
measures of Closure. Hidden Pattemns, the best of the
paper-and pencil tests, had significant validities for Electri
cian’s Mates, Personnelmen, and Sonar Technicians. The
pattern of validities of Hidden Patterns for Sonar Techni
cians was duplicated by CLO LAT, 2 measure which can be
administered and scored automatically.

4. The two experimental tests designed to measure
Muvement Detection were not cosely related to one
another and therefore did not provide evidence of a
Muvement Detection factor. Instead these- tests loaded on
memoty factors, Perceptual Speed, and perceptual Closure
On the other hand, of the measures, Memory for Patterns
proved to be very useful particularly as a predictor for both
speufic and generalized performance of Sonar Technidians
Fui the Hedndan’s Mate and Personnelman ratings it
proved to be useful at a somewhat lower level.

5. Facility in Sequential Reasoning was apparenty an
ability which was uniqusly measurable by computer-
administered tests. These tests demonstrated widespread

- and generalized validity for Personnelman and incremented

the predictability of communication ‘and interpersonal
relations skills over that available from paper-and-pencil
tests: - - B

It is believed that the initial results with this technique
are promising and that further developrent along these
lines is warranted, particularly for jobs which require
attention to scopss. Consequently, research to be carried
out during Fiscal Year 1976 will be concerned with refining
measures of Movement Detection, Sequential Reasoning
Perceptual Closure, response latencies, and accuracy of
spatial perception, together with the construction of tests
for other abilities which appear to be potentially useful for

personnel selection. Also, we hope to convert one or more -

of the tests to a branching mode designed to tailor item
difficulties to candidates.
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ATPENDIX

ILLUSTRATIVE ITEMS FROM TIL EIGHT COMNPUTERIZED TESTS

1. MEMCRY FOR CRJECTS

—

T esE
f X

2. VYEMORY FOR WORDS
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3. VISUAL MEMORY FOR NUMBERS TEST
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RECOGK1ZING ORIECTS

6. MEMORY FOR PATTERNS

x x x x £ x x x x x X X X L x 8 x & x ¢
x x x :\\‘\f x x x x x X x X ?’x/x x x\\x =
X X x x X x"' x x x x X X x ? x g x x Ax
x x x x x x’x x x x x :)\x x x*x ’-ox-ol-:.
- x x x x X J! x x x x “'x x 8 ‘/x x ; x x X
X x X x x,’t x Q x x 3 ‘v:'x x T x X ; x x x
x x x xd x x c%w% x® x x x X x @ x x x

7. COMPUTERIZED 12 AQUESTIONS

-

Minerzl
Frequently larger than a glove

1, Is it often used ss clothing? 11, Is it sometimes used by magicians?

2, Is it made of a soft material? 12. Do men and women use it equslly often?

3, Is it often used at meals? . 13. Is it often used before a person goes out?
4. Do people often wear it? 14, Can one use it with his eyss closed?

5. Does it have moving parts? 15, Must one touch it to use it?

6. Does it have a hard surfsce?

7. Is it always found on an auto? 16. Does it appear dark in the light?

8. Is it nade at least partly of zlass? 17. Can it bs used to send messages?

9. Doss it have more than one use? 18, Can it improve one's sppearance? 1\

10, Does it use electricity?

(Mirror)

»

8. COMPUTERIZED PASSWORD

Metal Circl
Finger O Shiny Wsdding (Ring)

Soaring Feath Tar?
Erb e athers Large Bald (Tapla)
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A BROAD-RANGE TAILORED TEST OF VERBAL ABILITY

This report descnibes briefly a broad-range tailured test
of verbal ability. appropriate at any level from fifth grade
upwards. through graduate school. The test score places
evervone at all [&vels directly on the same score suale.

In a tailured test. the stems adminstered to an mdividual
are chosen for theu effectiveness fui measunng hum. Items
admunustered later in the test aic selected by computer,
according to some rule based on the individual’s
performance on the items admunstered to him ealier.
Improved measurement is obtained 1) by matching item
difficulty to the ability lesel of the indiadual and 2) by
wsing the mure disunmmating items i the available item
pool. The matching of test difficulty to the mdividuals
abihity- level 15 .advantagevus and desuable fur psycholugical
reasons. Fur rcferences on tailured testing, see Wood
(1973). Also Clff (1975), Jensema (19742, 1974b),
Killcross (1974), Mussiv (1973), Spinetr and Hambleton
(1975). Urry (1974a, 1974b), Waters (1974), Betz and
Weiss (1974), DeWitt and Weiss (1974), Larkin and Weiss

FREDERIC M.LORD
Educational Testing Service

(1974). McBride and Weiss (1974). Weiss (1973, 1974),
Veiss and Beiz (1973).

The broad-range test consists of 182 verbal items These
wete chosen from all levels of Cooperative Tests’ SCAT and
STEP, fium the College Entrance Examination Board's
Preliminary Scholastic Aptitude Test, and from the
Giaduate Record Examumatiun. The chuice was made solely
on the basis of item type and difficulty level. There was no
attempt to secure the best items by selecting on item
discriminating power.

Two parallel forms of this 18‘ item tailored test were
constructed. Only one of these forms is considered here.

Idedlly there should be only one item type in each row,
sv that all examinees would take the same number of items
of cach type. The arrangement of Table 1 is an attempt to
approximate this ideal using the items available. (Few if any
hard stems of types a and ¢ were in the total pool, also few
if any easy items of types b and ¢. Types a and b, also types
cand e, seem fairly similar.)

TABLE 1

Bmad Range Verbal Test ltems Arranged by Difficulty Level and Serial Number.
fa, b, c. d, ¢ represent different verbal item types.)

{tem (casy)<——————Item Difficuity Level ——————~(hard}
Serial e
No. Grade Level: IV \' vi Vi vili X
1 2 a a a a’ b
2 [ ¢ [ € c
3 d d d d d d
4 [ [ ¢ ] c c
5 d d d d d d
6 a a a a b b
7 [3 3 [ e c
8 d d d d d d
9 ¢ ¢ ¢ c c c
10 d d d d d d
11 a a a a b b b b
12 ¢ c ¢ c c c c
13 d d d d d d
14 ¢ ¢ e ¢ c c c c
15 d d d d d d d
i6 a a a b b b b b
17 c c c c c c c c
18 d d d d d d d d
19 ¢ [ c c ¢ < c v
20 d d d d d d d d d d
21 a a a b b b b b
22 [3 ¢ c c c c ! [ ¢ c c
23 d d d d od d d d d
24 ¢ c e c c ¢ c c c ¢
25 d d d d «  d d d d d
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The 182 atems mn a single form of e test are
represented in Table 1. where they are antanged in columns
by difficulty level. An mdivdual answets gust une acm m
cach tow of the tabx a tutal of just 25 stems. There are
five verbal stem types. densted by a.b.o.d.e. Withun zach
item type, the items in cack wlumn a1 ananged in uides
of discnminating puwct with the best siems at the top.

The exammnee staits with an stem in the first 1on. The
difficulty level of this siem s detesmined by the examunee’s
grade level, ur sume uther rough estsmate of his ability. If
he answers the firststem cutiectly. he next takes an stem in
the second 1uw that ss hardes than (1o the nght of) the fist
item. If he answers the first item incorrectly, he next takes
an stem 10 the sceond 1ow that s casier than (tu the left of)
the first item.

He may cuntinue with the third and subsequent fows,
muving tu the nght aftes cach conicctanswer, ol to the lefi
after each ncurrect answer, until he has at least une nght
answer and at least une wrung answes. At this pumnt, the
computer uses item hara.teristic curve theory to wumpute
the maximum likeihood estimate_of the examinee’s, ability
level. In effect, the cumputer asks. Four what ability level is
the likelihood of the ubserved pattern of sesponses at a
maximum, taking into account the difficul’y and othes
<haracteristics of -the items administered up to this point?
The ability level that maximizes this Likelihuud is the
current estimate of the examinee’s ability.

From this puint un, the next item tv be adminstered
will be of the same item type as the stem 1n the next 1w
that best inatches m difficulty the esamnec™s estimated
ability level. Given thus item type., we survey all stems of

thus type and administer next the item that gves the ma:t
information at his estimated ability level. .

Aftes cach new respunse by the examinee, his abdity i
seesimated. The stem type of the pextsiem 1s determined,
2y abuve, and the best ttem (not ahieady used) of that type
is Jhosen and adminsstered. This contimues uentil he has
answesed 25 stems, one fur each ruw of the table. The
maximum likelihoud estimate of has ability detormuned
from Lis respunses (o all 25.items is his final verbal ability
swie. Acwrding to the item Jharacteristic curve model. il
such swuies, fur varivus examinecs, are automatically on the
same ability s.ale, regardless of which set of items was
administered.

Abuut thurty different designs for a brvad 1ange tailured
test of verbal ability were tried out on the computer,
admunistenng each une tu a thvusand o1 su simulated
exammunees. The final design was recently chusen and-has
nui yet been implemented on the computer fur
admunistration to real flesh-and-blood ¢xammees.

Cunsider first the effect of the difficulty level of the fist

—stem. adminstered. The vertical dimensiup 1n Figuie 1
scpresents the standard ertor of measuiement of vbtamned
test scuze un the bruad-rangs tailured test, cumputed by a
Mounte Carly study. Each symbol shows how the standard
enur of measurement vanes with abiity level (hunzuntal
axis). The foui- symbuls represent the results ubtained with
four different starting points. The points maiked + were
vbtained when the difficulty level of the first item
admmistesed was near -1.0 un the hunsuntal scale-abuut
fifth grade level. The small duts represent the results when
the difficulty level of the first stem was near O-about
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svel. Fur the hexaguns, i1 aas near 0.75 neas
the average jerbal ability level of collzgs ap~licants faking
the College Entrance Exzmmation Buard's Scholastic Apts
tude Test. For the points marked by an x, it was near 1.5.
For any given ability level, the standard emor of
measurement varies surprisingly lttle, considenng the
extreme variation in starting item difficulty.

Vanous designs were also tned gut math mure «olumns
o1 with fewes than the 10 columas shown m Tabk 1. A test
with 20 columns, spanmng roughly the same difficclyy
sange a5 Table 1 but requinng 363 stems, was found to b2

_at least twice as good as the 10-column 1824tem test of
Tabke 1. The reason for this 1s not that the.columns m
Table 1 are too far apart, but mamnly that alecung the bes:
stems (best for 2 particular indmdeal) frum 2 3634tem puvi
will gve 2 much betier 25tem test than sckecting the same
aumbe;s dfutems from a smaller, 182 atem puoul. Stll bette:
tests could be produced by using still Jarger tiem pouls,
even though only 25 items 2re adminisiered 1o each
examinee.

It is important to compare the broad-range tailored test
with a conventional test. Let us compare our broad-range
tailored verbal test with the Preliminary Scholastic
Aptitude Test of the College Entrance Examination Board.
Figure 2 shows the mformation function for the Verbal
sccre on each of three forms of the PSAT adjusted tv a test
length of just 25 stems. Also the mfurmatiun funcuon fu
the Verbal score on the broad-range tailored test, which
administers jUSl 25 items to eaca examinee. The tailored
test shown in Figure 2 coresponds to the hexagons of
Figure 1,since they sepresent the results obtained when the
first item- administered is at 2 difficulty level 2ppropnate
for average college applicants. The PSAT information
fanctions are computed from estimated item parameters.

_For points spaced along the ability scale, the tadured test

ninth-grade

[~
&

mfvamation funtion b estimated fivm e st zespunses
of simulated examinzes!

It 5 encvureging but nut sutpnsing to find that the
taslored test ss at least twice as good as 2 2Sdtem
wonventional PSAT at almost all ability levels. Aftes 2ll. at
the same tume that we are tailonng the test fo fit the
mndividual, we are taking advantage of the lasge item pool,
asing, the best 28 jtems available within certam sestactions
already mentiuned unweoung stem type. It would, of
wuise, be dessable to conifirm this evaluation by extensive
test  admnsstiations, usiig fleshand blovd eaaminees
instezd of simulated examinees.

In «onduson, the writes would like to make an offer
that shuuld enable reseirch workers and graduate students
iv wnseuently desgn and build actual tailured tests and
edmmstes them to seal examinees. On witten request from
suitably quahfied indinduals, he will picside estimated
slem patameters for the verbal stems in any o1 all of the
following Cooperative Tests:

SCAT 11, Forms 1A, 24, 2B, 3A, 3B, 4A (50 items
each);

STEP i, Rcadmg Test, Part 1 only, Forms 24, "B 3A,
3B, 4A (30 items each);

SCAT I, Forms 24, 2B, 3A, 3B (60 items each).

This represents 2 pool of 690 calibrated verbal items
availabls for research o1 other purposes. (This offerexpires
when better methods foi estimating item parameters have
been developed very soon, it is to be hoped.)

-
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SOME LIKELIHOOD FUNCTIONS FOUND IN TAILORED

TESTING

This bref note discusses some peculiar likelihoud
fun.tivns envountered while admunsteing the Bruad Range
Tailuted Test of Verbal Abilty tu simulated cxamuncc.
Other wourkess have duubtless envounteied simier prob
lems,

Samejima (1973) shows that when the stem paiametess
are known, there may be nu fimte ability level G that
maximizes the likelihoud fun tivn. Also, that the lkelihunl
function may have more than cn {local) maximum.

Barnett {1966) states “Given a single sample of
observations [r}egulzdify conditions ... are po
guarantze that 2 smglc root of the likelihood equation will
exist for this sample. In fact, there will often exist multiple
rools, comesponding to multiple relative maxima of the
likelihood function, cven if the mgulantv conditions are
satisfied.”

Huzurbazar (see Kendall & Stuart, 1973, sectioas
18.11-18.12) showed under regularity conditions that

ultimately. as the number of observations becomes large,

there is a unigue consistent maximum likelihood estimator.
His regulanty conditions would apply if the test were
composed of items with identical ICC. His conditions
would be violated otherwise, but it should be possible to
extend his proof to cower a reasonable set of regularity
conditions for the present problem.

To have a !arg: aumbe7 of observations, we would need -

to zdminister a“large nmumber of test items. When the
number of items is not large, and especially if the testis too
hard for some individuals, we may expect G,=- o
ogcasionally. An examinee who makes unlucky gucsses and
scores below the chance levahs not unreasonably, likely to
“get an estimated ability of 8= - e. Such an estimate would
presumably be corrected if 2 suffi iciently large numbes of
additional test items were-administered te-him.

In the study on 2 Broad-Range Tailored Test of Verbal
Ability! many tens of thousands of simulated“examinecs
took various <imulated tailored tests. Items with known

ICC were admuarstered one at a time to each mndisidual -

examunec. After each stem was admmsuered an approxnia-
tion to the maximum hkelihood estimate 8 of his.abshiy
was computed, based on all fifs responses vp to that point.
- When lhc examiniee has wrong answers but no right
answers, 8= o, When he has nght answers but no wiong

‘Research reported 1n this paper has buea supported by grant
GB-41999 from National Science Foundation.
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znswers, 5= 4%, When he has both nght and wion

answess, thete o esually no-dufficalty . lindmg a firute é
An owanwunal dffiudty resulves itself as.mure stems are
admumstered. It is very 1are to have any probiem after the

first ten or fifteen items, since by then the item difficulty is

usually 1olerably well wailered to the examinee’s ability.

The present study investigates the case of simulated
cexamunee 194 ful g.\hum there were unusual Jifficulties 1n
vbtaming -a finute 6. Tzble 1 describes the first 23 temns
administered to him, shows his response to each item
(1 = nght, 0 = wiong), 2nd gives §, the maximum likelihood
esumate of his ability based on hus respunses to stems
already administered.

Examinee T94 s really a very low ability exammee—his
true 6 15 actually -29. Furthermore, the first stems
administered to him were very. diffizult items (b; > 1.35}
which he would have no chance at all of answering
correctly except by guessing. By lucky guessing, he
nevertheless got 6 stems night out of the first 12.

If ¢; were .20 for e3ch of these stems, the chance of a
score 2s good or better than 6 solely by guessing 1s less than
02. The maximum likelihood estumates of the examunee’s
abuity based on hus performance on these first twelve stems
range from 1.6 to 2.2, as shown in the last column of the
table.

His guessing on the next seven stems was uraformly
cnsuccessful. All items throughstem 17 were difficuit, with
b ‘> 135. His performance on these 17 difficult stems
czmed him an ability estimate of P=12

Item 18 was an easier stem, by s = .65. I suggest that the
following rationalizations provide a correct explanation of
the 8 subsequently obtained. -~ .

The examinee has answered correctly € items with
b; >1.35 and has failed 12 items mcludmg one with
bl"‘ 65. The last failure suggests that 6 is low and that
earlier correct responses were dus to Iucky guessing. If 8 is
low, all iteras so far administered 2re too difficult for the
examinee znd are of no use, even for p.icmg alower bound
on his ability level. When an examinee has given only wrong
responses ia\nd lucky random guesses, his estimatad 2bility
should be 8 =- o=,

When the examfiinee answers item 20 (b0 = - .83)
correctly, it is now plausible to assume that his ability lies
between <83 and .65 (.65 being the difficulty level of jtem

* 18, which he 2nswered™ meonectly) The maximum

hkﬂhhood estimate tums out to be 8=~ 4.
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TABLE 1
- Successive Estimates of Ability for Exarmines T94
Cuopve 1tem Paametless Number - W %
. iem 20.1m &'s of right Exelihood® shifity®

0. T Fie. 1 a b < sesponte 2n5wess 2t 2
1 61 220 19 0 0 -
2 205 1.74 .18 1 1 22
3 148 251 17 0 1 19
3 189 195 20 0 1 15
5 193 1.89 24 1 2 18
. 6 221 1.73 21 1 3 20
7 1.57 1.76 o7 0 3 18
8 1.68 1.40 R 1 4 18
9 1.2 136 13 0 4 17
10 1.27 1.6 28 1 s 17
11 1.56 149 19 0 s h 1.6
12 1 %34 154 .19 1 6 -2.3 16
13 2 1.07 152 20 0 6 "-87 15
14 3 131 189 03 0 6 2 14
15 4 93 135 20 0 6 ~-10.1 14
16 5 1.02 * 198 21 0 6 -10.7 14
17 6 1.03 1.38 3 0 - 6 -~11.1 12
18 7 1.24 65 20 0 6 -11.7 -
i9 8 200 127 10 0 6 -11.8~" —

20 9 88 —83 33 1 7 -12.3 -
21 10 2.10 05 2 0 7 -12.6 -8
22 1 1.37 ~149 JAs 0 7 -13.3 -6
23 12 1.10 2384 . 24 0 7 -136 -

*Not computed Jorn< 12.

**Forn - 23... .11 the listed B o an approamate salue dercrmned numennally. § 10 . 31, the histed was 8 was read from values of the

log likelihood tabulated at intervals of .2 along the @ scale.

Subsequent failures on items 21 and 22 1dwer this
estimate to -8 and then to -2.6. When the examines
finally fails"an item with b, . 2.84.it now appears that Jll
eariier correct answers were dae to Iulky guessing and that
all items su far administered were tuv difficult fur this
examinece. The situatiun is much the same as the steatavn
after the answer to item 18, alreadv discussed. Agam, not
unreasonably, G =- oo,

In this tesfing, only the very last item was of zppxopnatc
difficulty for the cxaminee, whose true ability was
6=-29. All but the last two items were very much too
hard. He znswered both the last two items incorrectly.
Thus, it is only to be expected that his final ability estimate
is 8 = - o. Administration of further items of appropriate
difficulty would quickly correct this estimate.

The likelihood functions used to obtan most of the
successive 0 discussed above are shown in F‘gure 1. The
code numbers identifying the curves are given in Table 1. In
order to get-them all on the same graph, each likelihood

P

-1

81

function 15 divided by 1ts maxymum value, so that the
maxima of the normahzed .curves all fall on the top
boundary of the figure. These curves, together with the
discussiun » gven sbuwe, seem to explain the anomalous
values of B. When envugh sespunses havc been obtamned to
mdicate a Jower hinut to the examnee’s ability, then fuite
ability estimates will be obtained.
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BéYESIAN TAILORED TESTING

AND THE INFLUENCE OF ITEM BANK CHARACTERISTICS '

Conventional tzsts are gencrally consiructed to dis-
critrinate over a rather wide range of examinee 2bility. One
of the consequences of this approach is that 2 conventional

test usually contzins many items which are not appropriate

for a particular level of ability. Psychometricians have long
been awzre of this and in recent years they have increas-
ingly tumed their attention to the pessibility of program-
ming computers to design and 2dminister tests.

Of the many computerized testing méthods which have
been proposed, the Bayesian process developed by Owen
(1969) seems to be the most elegant 2nd intuitively 2ppeal-
ing method. It assumes locally independent binarily scored
items and 2 nommal ogive model {Lord and Novick, 1968,
Ch. 16) in which the probability of passing a fzee response
itemn g at ability level 8 isexpressed as

’

a(0-5,) _2
Px(a)=ﬁ?‘ ; #exp [T dr
—co 1)

If the item is not of the free response type and ¢, is the
probability of guessing correctly, the probability o!x passing
becomes

o

1 2
R O)=F )+ [1- P O)]
(2)

The derivation of Owen’s Bayesian iailoring process has
been described several times in the literature (Owen, 1969;
Urry, 1971: Jensema, 1974a). We will briefly run through
the fundamental formulas here for the sake of complete-
ness.

Suppose N(05.09%) expresses our knowledge of an ex-
aminee having ability 6. If we administer free response item
g, which has discrimination and difficulty parameters g and
b, and 1f the exarmince responds currectly, Bayes™ theviem
specifies that the information available is

2
2(»0

P(OI)=k P, ()27 0y) " exp[(:_(_a_:oL)z]
&)
[ 3Ne »

where Pg(O) is defined by (1) and k is such that

PO11)d8 = 1.
_Lren @

IThis seseas~ == pported by the Office of Demographic
Studies, Gzllaudet College, Washington, D. C., 20002.

CARL J.JENSEMA

- Gallsudet College

The solution is

k71 =12(1- e D)
)

where erf D is the error function

eif D ='37"—.? exp(~1*)dt
e ©)
and
S

V2@ 2 +0,%)
P @

The expectation of the posterior mean is
2
V2o,

V(a2 +g,?)

E(011)=6, + exp(-D*) (1- erfD):'
(8)

and the variance is

/o~ 2D exp{D?} (1 - esf D)

wr(oll)=al | 1--
? VA +a7%0,72) (exp(D?) (1 - erf D)?

-(9)

Sinularly, Jf the ¢xaminee gives a wrong response to item g
we have

k -0-6,)
P(8I0)=——(1- P, (8)) WZ70,}"" exp |——F—| -
k-1 2002

(10)

\,/2005
Vi@ to,%)

E(6i10)=6,~ exp(- D?) (1 #erf D),
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VE+DexpiDy Ll v i D

wis0ivo ? N - -
Vel 22 %0, “vtapiD'r v ed D1y

(12)

To expand this discussion 2 litile further assume that
item g is a0t a free response item and that it has a2 probabil-
ity C, of gusssing correctly. If the examinee gives a correct
response we have

-(6-6,)
P'(O1)=2P[(0) V27 0,) " exp .

N
2g,°

(13)
E'(0i1)=8,+(1- C)k™'2S,
(14)
and
var " (011)=0,% - (1- C k™ 28> (1- G, 1)
(15)

where the prime is used to signify the effect of guessing,
Px (0) is defined by (2), and we take

-1 _ - -1
AT =G (- kT,

(16)
S=ko,expi- D*) 2u(1 +a~2g,"2) "%
7
t=1-2+/rk ' Dexp(D?).
(18)

If the examinee gives a wrung respense the formulas in
(10), (11), and (12) hold, sir... our infoismation, that the
examinee does not know the .utrect answer, is the same as
in the free response case.

Now assume we have 11 items and want to select the best
one for administtation. The expzcted puster vananwe of
9 after administration of a particular item is

Etvn(Ba =6, 9, RO EBD) - Py IEBL)P

-

1- - .
=l ra 39, Frexp 2D (2 (e DY)

[
$ﬂ
[ |

. (19)

when items 2re of the free response type and

U-gnasga-xhy

E'tasitup=o,* 3
o 22(1+g, a2y (1 - £~ *)exp(2D?)

(20)

when the items are affected by guessing. In (19) and (20)
refers 1o the correctaess of the examinee’s sesponse and is
taken as 1 or 0. The item which leads to the smallest ex-
pected posterior variance is the most desirable one to ad-
minister. It is sufficient to select the item with the smallest
value & where

a=(a"? +5,%) (1~ (erf D)*) exp (2D?)

@n
for free response jtems and
, 1
a’ =( ) (1+0,72a72) (1- k™ 1)A"" exp (2D2).
1-C, .
(22
when guessing is present.

If we have a pool of n1tems and estimates of the normal
ogive model parameters for each item, we may use 2
Bayesian scquential procedure 10 select items for adminis-
tration to a pasticular examinee. Let 8, j and ’52{,,, be an
estimate of the examinee’s ability and its variance where m
indicates the number of items administered. Assume the
population has ability distributed as N(0,1) and take'8,)
and 0%, as 0 and 1. Calculate a; values for all (unused)
sems, 1=1,2,..... , (n~m), using (22). (We will assume
that the .tems are not free-sesponse.) The examnee 1s ad-
ministered the item with the smallest o; value. If an incor-
fect response s given, 8 and G° (41, are calculated
from (11)and (12).If th&"’rcsl;?onsc 1s correct, (14) and (15)
are used. This cycle is repeated until G,y 1s within some




pre-selected limit. The selection of 2 0, ,value for termi
nation is, of course. arbitrary. It is usually selected to yield
some expected level of validity according to

rgp= S - (m

. (23)

The characieristics of an item bank used for tzilored
testing are very important to the efficiency and accuracy of
the process. There aze four basic requirements for 2 good
jtem bank. These have been mentioned in whole or partina
number of publications (ie. Unry, 1970, 1971. 1971b,
1974; Jensema. 1972. 1974a, 1974b; etc.) and may be sum-
masized as follows:

1) ltem discrimination should be as high as possible and

should not be less than 8.

2) Item guessing probabilities should be 2s low as pos-

sible.

3) The item bank must consist of a sufficicatly large

. number of items. -
4) Item difficulties should have a rectangular distribu-
tion.
The remainder of this paper will concentrate on demon-
strating the smportance of each of these four requitements.

Assume that an infinitely large item bank exists and that
all items have the same discnnunatory power and the same
probability of guessing correctly. The assumption of an
mfintely large 1tem bank allows the selecuon of an item {
having a difficulty level exactly equal tu any given estimate
of ability. When this can be done many of the furmulas
may be greatly simplified since we have.

D;-p (24)
and
eif D, =0. (25)

The equations for 0%, + 1y for corect and mcorrect
responses become

24 (1 - C,-\’-l

i + 1 =5 1-
)~ Ym) ~
7,(1_"‘_)’2

(26)

2.
2;
Jo—

~2 =2
O(m + 1) = %m)

(27

where /m 1s the number of stems previvusly admunsstered.
An item s difficulty 1s the pomnt at which the probabil-

ity of knowing the correct asswer 1s exactly .5. If guezsing

i 1n effect the probability of responding correctly 15 equal

N,

N

1v the probability of }2uning the answer plus the probaba
ity of guessing wonectly. Thea 3’(,,,”, may be expected
10 be the sum of (26) and (27) weighted by the probabili
tizs of a2 correct or incorrect response:

2u-CF bj
ESy 1. Fmy [mu.;; o Jesa G {t—
L {1+ Gy E

(28)
A little algebraic manipulation reduces this to
. 21,’(1 - Ci)
EG{m +1)=%m) I-— (29)
L 7(1+C)

-

Inserting appropriate values for g; and ¢; in cquation
{29) and plotiing the results against the number of items
admnstered demunstrates the influence of item discrimina-
tion and guessing probability on the tailoring process
Figurs 1plots the expected standard error of the 2stimate
€Bym+3) DY the number of items administered for five
levels of disurimination when guessing probabiiity is zero
and an infinite number of items are available Notice the
sharp difference in the number of items needed at different
lewels of discrimination. For example, if the items have dis-
criminatory powess of 2.5 only 4 or 5 items are needed 10
reach $=standard error of the estimate of .30 while 17 or 18
items are needed to reach this level when item discrimina-
tion is only 1.0. -

Now suppose we take item discrimination o be 1.0,2
rather Jow value which is casily obtained. Figure 2 plots the
expected standard error of the estimate for various guessing
velues by the number of items administered. The guessing
values range from .S (i.c. true-false items) to 0.0 (i.e. free
response items.) The greater the probability of guessing, the
more items required to reach a specific standard error of
the estimate.

To give 2 clear example of the combined effects of dis-
crimination and guessing on the tailoring process, supposc
we have three item banks which, for convenience, are
referred to as I, II, and II1. Assume Bank'[ items have dis-
crimination and guessing paramenters of S and .33. Bank
IP’s parameters are 1.0 and .25 while Bank 11 has parameter
values of 2.0 and 20. These banks may be roughly
classified as unacceptable, fair, and excellent for tailored
testing purposes. Assuming that each bank has an infinite
number of items and plotting the expected standard error
of the estimate against the number of items administered,
the three curves in Figure 3 are obtained.

In Figure 3, notice that Bank I would give unacceptable
results. Aftgr 30 items the expected standard error of the

“
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Figure 1. Expected standard error of the estimate according to
number of items administered at five Ievels of item discrimination.
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number of items administered at six guessing probzbilitics.
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Figure 3. Expected standard error of the estimate for three item
banks according to number of items administcred.
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estimate is only .56 {1.c. reliability = .69, validity = .83).In
contrast an excellent item bank, such as Bank IH, would
reach this level after only 3 o1 4 stems. The advantage of
high disunmunation and Juw gucsaing pivbabiity 0 af et
bank is obvious.

Up to this punt we have discussed the behaviu of
Bayesian tatlored tesing when the stem bank is assumed tv
be of unlimuted size. The ubvivus question whuch follows 1
what happens when item bank sizes are within practial
hmts? To answer this question, Munte-Carlo data fur 200
stems are genesated fur each of 100 “sxamunees™ using
Urnry's (1970) “LOGIST” progrsm. The parameters fur
discrimination {1.0) and guessing {.25) were the same as for
Bank I mentivned eailies. Light scts of 25 difficulty values
(-24, -22, ..., 00, .._, 2.2, 24) were employed.
Bayesian tasluied testing was simulated wath thus data using
50, 75, 100, 150, and 200 items m the bark. Since
difficulty had been speufied :n sets of 25 values, the steis

TABLE 1

Validity (raf\) Obtained With Diffezent Size 1tem Banks
(\!omc-Cano Datz,N=100, A=1.0, C=.25) -

banks had 2, 3, 4, 6, and 8 i1tems at each of the 25
difficulty Ievels respectively.

Fut cach of the five item banks and for'each of the 100
caanunees, tadusing was simulated un..l 30 stems had been

“administered”. As each item was “administered”™ the new
sstimate of ability was recorded. Since the data was
randumly generated, true ability (distributed as N(0,1) was
knuwn and could be .orrelated with estimated ability.
Table I gives the validity (correlation between true and
estmated ability) for ez h item bank by the numbes of
items “adnunistered™. The last column m Table I gives the
expected vahdities for an item bank of infinite size as
calculated from equation (32) and (23).

The Monte-Carlo data abuve represents jiems which are
passable but not especially good for tailored testing. To see
huw item bank size would influence validity wh .. the bank
was composed of excellent jtems, the Monte-Carlo data
tatluring simulation was repeated with higher discrimination

TABLE2

Vahdity (7479 Obtained With Different Item Bank Sizes
(Montc-C:ulo Data, N=100, A=2.0, C=.2)

ITEMS IN BANK * ITEMS IN BANK
ftems -- - Items .
Adminis- 50 75 100 150 200 o Adminis-
tered - - = = tered SO 75 100 10 200 -t
1 53 .53 .53 .83 .53 A4 1 . .66 66 66 .66 66 .58
2 .59 59 .59 .59 .59 57 “2 .75 75 75 75 75 74
3 .65 .65 .65 .65 .65 .66 3 .84 .84 .84 .84 .84 .82
_4 72 72 72 72 72 72 4 .89 .89 .89 .89 .89 .86
"5 .78 .78 .78 .78 .78 .76 5 92 92 92 92 92 90
6 .81 .80 .80 .80 .80 .79 6 93 93 93 93 93 91
7 .83 .82 .82 .82 .82 .81 7 .94 94 94 94 94 .93
8 84 . .84 .84 .84 .84 .83 3 95 95 95 95 95 .94
9 *85 . .85 .54 .84 .84 .85 9 96 95 95 95 95 95
10 .86 86 .86 .85 .85 .86 10 96 .96 96 96 .96 96
86 .87 .88 .87 .87 .87 11 97 96 96 .96 96 96
.87 .87 .89 .87 .87 .88 12 97 96 96 . 96 97 96
.89 .89 .89 .87 .88 .89 13 97 97 97 97 97 .97
90 I1 .90 .88 .88 .90 14 97 97 97 .97 97 97
I 9t 91 .90 90 91 15 97 97 98 97 98 .97
91 92 92 91 91 91 16 97 98 98 98 98 _ 98
17 97

92 5 92 92 92 91 92
92 92 93 92 92 92
92 92 93 92 .92 .93
93 93 - .93 93 93 .93
93 93 93 93 93 .93
93 94 94 94 93 94
93 94 94 94 94 94
93 94 94 94 94 94
93 94 95 94 94 94

[SRX) B B B Nl b bt bt b b
SQRRARURENBEzIanREGT

94 95 .95 94 .94 95

94 95 T 959495 95

<28 94 95 95 95 95 95
29 94 95 95 95 95 .95

30 94 95 95 95 95 95

.93 98 98 98 98

18 98 98 .98 98 .98
19 98 98 98 98 98 .98
20 98 98 98 98 98 -98
21 98 98 -.98 98 98 98
22 98 ° .98 99 98 98 98
23 98 98 99 98 98 .98
24 98 98 99 .98 98 .98
25 98 98 99 99 L9 .98
26 98 98 .99 99 99 99
-- 27— -798— - <98—99--~ .99 99 99
28 98 98 99 99 99 99

29 98 98 99 99 99 99
30 > 98 98 99 99 99 99

*Lapected validities caleulated from eyuations (32 and (23) for an
imaginary bank having an infinitc number of items.

i
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*J.apeeted vahditics caleulated from cquations (32) and (23) for an
imaginary bank having an infinite number of items.
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(20) and lower guessing (.20) parameter values. These
configurations correspund tv Bank HI mentivned cadlicr.
The results of the simulated tailuring with th.s new data are
given in Table 2

For pmcucal application it is appatent lh.:l a very l.ugv.
number of items is nut a critical item bank charactenste of
the bank is good in other respects. In buth Table 1 and
Table 2 the Monte Carlo data validitics ubtuined fur the five
banks closely match each other and they alsu parallel the
valid. sies to be expected frum a correspunding item bank of
infinite size. However, it must be remembered that this was
Monte-Carlo data and the tailoring simulation used known
parameter  values for discrimination, difficulty, and
guessing. With real data involving imprecise parameter
estimates and a possible non-uniform distribution of
difficulty, it would be wise to be a bit cautious if 2 bank
had, say, fewer than 75 itemns. In connectivn with th,
there are some practical problemis which arise if an item
bank is too large. A large bank has morc items available for
administration, but the storage requirements and the
increased computer processing needed for item selection
also siow things duwn while adding tu overall computer
costs. (Some good cost-cfficiency slud:cs are nceded on
this!) -

The last item bank requirement is uniform distributiun
of difficulty. The cxact results of wivlating this rule are
difficult to predict, since they would necessarily depend on
the actual distribution of item difficulty, the discrimination
and guessing parameter values, the number of items in the
bank, and the criteria used to terminate the talonng
process. The essenuial pont to remember 1s that the
Bayesian tailoring procedure attempts to select for
administration the item which will yicld the most
information. If, at a particular level oﬁf difficulty, there are

~
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nu items available, the Bayesian provess wall be fuieed tu
select an stem which is put apprupnate and whach will yicld
Jess than an optimal amuunt of infurmztion.

To summarize, this paper has outlined a Bayesian
appivach to item selection fur tailured testing. Four basic
equirements of a goud stem bank fur tus process have
buen discussed. If these requizements are met, Bayesian
taluied testing will yield excellent results. The hey tu the
process lics in waicful construction of item banks. If
attention js @ven {u thes, the Bayesian tadonng process
gves ws a fundamental tuol for practical apphcation of
latent trait mental test theory.
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REFLECTIONS ON ADAPTIVE TESTING

. The purpose of ihis paper will be to reflect on vanuus
aspects of the adaptive testing ficld. Budding fiom ow privl
Memphis State Umiversity and Air Toree worh 1n the arca.
the vanous 1ssues, altematives. prionittes and ultimate styles
of research for adapuive testing will be placed in the conteat
of empirical findings and institutional requirements. The
rationale for proposing such a pontifical and extremely
challenging task 1s twofeld. First, all our substantive .nd
empincal work was recently reported (Hansen, 1975) and 1t
would seem superfluous to rewnte vl try to extend this
tescarch pnor_ to, more cffort. therefore, only the major
questions and findings will be summanged i this paper.
Secondly, the vanous charactenstics of the adaptive testing
fiedd will be reflected on 1n temms of reseatch productivity
and institutional requiremenss. Having by scholarly
necessity been forced to read extensively 1in this dumain
over the past five ycars and. n many instances, to take a
pencil in hand to follow a varicty of formal derivations, |
think 1t appropnate tor ni to comment abou( vanous
purposes and styles of research. This 1s not done-to criticize
any of these models but rather to senously address the
question, “Arc we mowing in the most pruﬁtaﬁ; direction
and using the most expeditious procedures?”

MSU Adapiive Testing

Generic to anry rescarch i adaptive testing or that
relating to the whole cducational enterpnse 1s a clear
understanding of 1ts purpose. For our group, the purpusc is
that of facilitating achicvement or mastery testing. Within
industry and mulitary traming 1t 1s common to find that
tesung tme and managenal demands, especially for
individualized techmiques, are now taking upwards of 20
percent of the total traiming time. Such a training
commitment becomes Sizable and the systems managers
must inevitably ask the question, *‘Is there a more cfficient
and effective way of going about it?” For example, the Air
Force Advanced Instructional System will ultimately have
700 students aboard for any given training shift (2,100
students per day). If one considers that their day consists of
six hours of instruction and that approximately 20 percent.
of this will be given over to testing, one can sec that 72
munutes are being allocated on the average for cach
student’s evalution per day. If such testing time can be
reduced by 50 percent, an adaptive testing goal set fur vur
efforts, then effectively 1.5+ mullion dollars worth of
salaned money can be ganed by shortening the training
ume for the 2,100 manpower units flowing 1n this system.
It 1s preaisely this type of monetary achievement that
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impresses our representatives in Congress conceming the
impurtance  of research ideas applicd to significant
educational problems. As will be suggested later, such
specific, uperational goals, while unachieved to date, give
the best rativnale for continued rescarch support in this
area. ‘

As a corollary to the efficiency issue, an accompganying
objective concems the efficieng application. of &ofnputer
technology to the testing pr:htss. In essence, one can
demonstrate that adaptive testing falls closer to the dill
and practice end of the computer usage continuum
(Hansen, ct. al., 1973) and cerntainly is orders of magnitude
less demanding on a computer than CAI or simulated
training. Ous cxperiences and computer algorithms can be
offered to youfor your consideration. These document an
cfficient use of computers, tools which are fast becoming
integral to the educational processes within our human
institutions.

Tinally, adaptive testing should be considered within the
<ontext of a total systems cffort. Ff)r our group, adaptive
testing is just one component within an dverall adaptive
instructional system. As onc significantly alters the
environment and the scquence of educational clements so
as to foster or optimize lcamning outcomes for a given

individual, one can sce that testing becomes just one 1more -

component in such a stream of events. One should look at
it, though, in terms of its coniributions to the individual
and the institution, be this increasing levels of competency
or the cducational system itself. Thus, one can contend that
theoretical models have little or no valuc unless placed
within such a system context since it is the context which
will mold and determine the criteria, values, and operation
by which its characteristics shall be judged. Let us tum

‘then, to the specifics of the MSU adaptive testing model

MSU Adaptive Tgsting Model

Our adaptive testing approach involves thrce com-
ponents, namely, the cntry of a student into the test,
tailoring the test items for the student, and adaptive scoring
procedure. Each of these will be discussed in turn In
reference to the entry and test composition processes, a
student is cntered at a level commensurate with our
prediction of his ultimate performance. Thercfore, using
lincar regression techniques mostly composed of variables
from prior test performances, a student is placed into a
monotonically arranged test. Such a procedure scems to
work quite successfully and has an additional advantage of
reducing the number of test items to be presented fof any

1 9\;'




Zvea student. (How this is dore shuld be obvio: sien s
understanding of the flexilevel 2igorithm.}

While we have very limited data conceming the efficzcy
of this procedure, entry to final score correlations 3:2nd to
e in the low 30 range. Th:se are Smilar to cor elztica
cocificients reported by Cleary at the Unive sily of
Wisconsin for students who were placed in a2 bronch test
according to 2 predicted ocutcome level (a personal
communication 2t 2n AERA conference in 1969). Thus, the
adaptive entry of a student seems to be a positive step
forward and should be t2ken into 2ccount by any model
working within this field. -

In reference to test com sost1on, it can be specafied that
each student, based on his entry profile, will have 2

a'specully developed set of compesed siems. These composed
items may reflect information concemung the student’s
prior performance on various objectives which form the
achievement test. Therefore, if one has information about a
student’s achievement of these objectives, there s no
sationale for presenung the item. It ss precasely this concept
of test composition that appears so advantageous, aithough
1t has not been empirically pursued. One can anticipate that
sometime within the next year one «: the military trzining
systems will pursue it in greater depth.

Tailored Testing of items B

As mndicated, Lotd’s flexileve] algonthm s unlized fur
taloning the presentation of test.items. For achievement
testing, this approach wvioletes the assumplions as to
aormmality as axiomatically represented within this modei,
but 1t can empincally be countered that cur findings justify
the utilization of the algontkm from a student and systems
pomnt of view. Thes adaptation is precisely the 2bility to
move between very difficult and sery easy items while at
the same time adjusting cutoff ontena where considered
appropnate (up to this puint our group always used end of
test item cutoff wprocedures but others could be
considered). Achievemsnt and mastery testing, especially in
2 ftechnical training environment, always tend to yield
asymmetric performance score distributions. Such distribu-
tions, if better understood, could be more readily adapted
to flexilevel testing and yield cptimal algorithms.
Obwiously, no attempt 1o prove such an assertion has been
made at this point.

Scoring

Qur views on sconng represent an attempt to remain
consistent wiih the traditional procedures of 2dding up all
correct responses and giving weights to those items that are
most difficult. Therefore, we have used the Green
procedure (Green, 1970), that is, an averaging of the
correct item difficulties achieved by a student. Using the
flexilevel algorithm and this scoring process, the overall
reliability and validity of the adaptive testing procedure

seems feasenzbly sausfadtony as 4 yalds cosfficent, that
vzry betwesn .6 znd 8 {ie., lpha coefficients and parallel
test coeflicients).

In addition, we are making plens to conirast two
2ddittonal adaptive routines so as fo sesolve what we
pereewve o a critical probl.a, namely, the critical zone
performet. In any gven traming situation, there is a critical
cntenon zone, typically being between the 70th and 90th
pereent Ievel.winch 15 stpulated as a requarement for the
attainng -of course mastery. if a student scores close or
witlun ths leve]l (consides 5t bemng bounded by the standard
erros of m:asummen!), then oae should collect more
infe:mation prior to judging this student as having achieved
the objectives or in need of fusther remed:znon. At least
two approachcs,an be considered to resolve this problem.
The first is an oxmous approach simply involving the

" presentation of an additional $et of itesms for this zone; this
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is simildt to a branching test. A more promising one,
especiaily given the role of the computer, is Bozk’s (1972)
procedure for item latent structure which makes use of the
mnformation contained 1n wrong alternative answers. The
Bock model appear. 1o us to be 2 far more preferable
procedure 1n terms of ongoing jaree flow training situations
and it shall be evaluated during the coming year within the
AFJAIS context.

Datz relating to reduction in testing time indicates that
only approximately 31 percent of the items are utilized if
mndwvidualized entry and adaptive techniques 2re pmployed.
This yields 2 150 percent savings in testing time. The
samples unfortunately, were extremely small and our group
locks forward to 2 much more extensive validation study in
the AIS military training situation. Similar savings are
reported by Tam {1973) in his study of afféctive adaptive
testing although modest ones were reported by Hed! (1971)
in his mtell_gcnce testing. All in all, the results are
sufficiently promising to extend the validation for these
approaches as well as explore zltemative designs within
realistic training situations. These alternztives form the
substance of the remainder of the paper.

Issues in Adaptive Testing i

As an active reader and investigator in the adaptive
testing arez over the last eight years, one general
observation comes to mind, namely, a classical psycho-
metric approach emphasizing those cherished characteristics
of excellence, improved reliability, validity, and conse-
quential individual description, is limited In jts systems and
institutional view. In essence, our eforts have been to
describe 2ack and every individual in reliable, finegrain
terms while recognizing the needs to improve the testing
system. Given these breader insights, the purpose of this
section will be to raise issues and possible altemnatives as
reflected by priorities concerning objectives for adaptive
testing. There are three arcas to be considered as zeflected




by these quences. (1) What are the possible purposes for
adsptive testing? (2) What types of formal models might
best be pussued for 2dzpuave tesung? and (3) How canow
theoretical and procedurz! methods best be evzluaied?

FPurposes for Adaptive Testing

The tradiion wathin psychomeine tesearch as well
test developmeat has foused un desuniplions and decisions
concerning  individuals. On the other hand, many
mnstututions bebeve group diffesences in the testing process
should be stressed sinue 1t 15 gloup data that form the basis
of deason mzkung. For example, in the cusrent
conttowersy concemang the wonttibutivn of schovls 2nd
cuinculum effects, Rakow (1974) argued that iests have
been consitucted 1o massmuce on adnadua! disciiminations
ard to smunsmze goup differences. Therefore it B8 no!
surpnsing that une finds av statsucally significant group
effccts for schools o1 cumcslums. the Coleman study
11968) o1 the Jencks folluw-un study (1972) represent this
type of outcome. Rakow argues ghat if one utilizes
inter-lass corelational techmgues, one «an find highly
significant selatonships of a subset of items which
distingish among gloups. For adaptive tests that attempt
to suppert iarge human oiganizations sech as military
uvammng. this amphes that Jassifying an  individual
conceming group membership and the characieristics of
this group 15 of a high pnunty. This adaptive testing
zpproach would unhze 2 brandhing stem lechnigue su as to
fead 1o rehable altemative gioup classifications fur an
mdividual. Having aduzved this, then the muze conven
uonal individuzl disunmunation  techniques could be
applied. Obviously, the utithzation of a flexilevel aigurithm
based on appropnaie mdindual placement would be
preferable. The pomnt of such a twostage model is to
provide for more effective adapiation for group placement
and ultimately for maxsmuang on mstitutional critene
rather than mdmidual cntena alone. Simply, might it be
better to find the correct group for 2n individual rather
than know his “true score™ on some 2bility dimension?

In tum, one can look at training systems and recognize
that there is a trade-off between training load vs. standard
error effects. In essence, as the training load 2bsorbs more
and more of the readily available zesources, an improvs-
ment in the testing process with an associated reduction in
standard error 1s superfluous since all the remaining
individuals will have the same minimal treatment. In
essence, each student 1s likely to spend long waiting times
and not be able to pursue any kind of optimum course of
mstruction. Under such carcumstances, it is therefore
cntically important to deatify those individuals who can
pursue self-study where appropriate. Moreoves, it might
also be highly smportant to have adaptive tests that bettes
detect those mdividuzls who seem to have aptitudes for
transfer, so that when branched forward or back for review
withia a normal sequence of instruction, they will receive
facilitating effects rather than negative ones.

In tum. 2s the training load on resources diminishes, one
should expect the test kagth 1o increase so 2s to seduce
emrors of mezsurement. Thus, one can see that a systems
approach to 2daplive testing tends to sefiect 2 far more
dynamic .- scedure which might change the criteris, the
test length, 2nd the 2lgorithms depeading on the state of
the 1raining sysiem.

Finally, to be optimally adaptive. one should recognize
that vur clientele and their institution basically do aot
anderstand the concepts, methods, or models of adaptive
testing. To them, the quantification, especially as
representcd by owr psychometric models, tends to defy
vaderstanding. Allow me to iliustrate. MSU has been
tcz hing 2 measurement course on base at NAS, Memphis
Two of the students were commending officers of Navy
techmcal tammg schouls and have direct resporsibility for
superasing the measurement processes within thes: schools
After completing 2n cight-week course, each volunteered
that they had, prio1 to the course, never understood any of
the quanttative test stem statistics or reports othzr than
those conceming students passing or failing, the all
smporiznt attritivn 1ate. To be adaptive the system should
pronde the cummending officers, instructors, students, and
other wonemed people with verbal reports rather than
quantitative feports, thus, a clientoriented product
appivech would vastly enhance the acceptance of 2daptive
tesing. The work of Fowler (1969) with the MMPI
sunessfully demonstrates that psychiatrists readily desire
and understen.d verbal interpretations rather-than quantita-
uve sepurts of the 13 MMPI subsceles. These observations
abuut institutional effects hopefully will stimulate your
1nterest in thinking 2bout your clizntele as well as your
mudel when yeu formulate some of your priosities for
futore research. As cited in the introduction, adaptive
testing research must be scholarly, diligent, and of the
highest quality while reflecting 2 form of institutional
adaptation which can be appreciated and supported by the
ientele who provide the resource support for all rescarch

Psychometric Models for Adaptive Testing

Within the tradition of adaptive testing sesearch, one
reads numerous reports that focus on the comparative
merits of aliemative psychometsic models for adaptive
testing. It shall be the thesis of this section that pursuit of
an optimal adaptive testing model is likely to be ineffective
and the adaptive testing domain needs a strategy for
identifying selection criteria that chooses among the many
existing models. Optimization studies, especially from 2
formal point of view, have been pursued for the last 30
years in different contexts with surprisingly similar
indifferent results. For example, during the 1940’s many
statisticians pursued within analysis of variance models the
issue of optimal @ posteriori mean difference tests. After
better than a decade and a half of effort, John Tukey
(1962) observed that one could not really argue for the one
best a posteriori test because each varies according to the
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decision critenza of ihe mwestizator. In esseace, at is the
characiensiic of the rescarch such detesmnes shuch one
of the many tests s the most 2ppropriaie.

In tum, he area of mathematical eamng models offers
a similar finding. Within the context of research on the
all-or-none 35. increments) Jeaming processes during the
ezrly 1960's, one notes a flurry of reseazch, 21l of which
ended witk the condlusion (Atkinson, et. 21, 1965) that
e2ch mathematical leaming modei has 2 set of fask
chanacienstics which allows it to be opumal previded that
the a priori task chzractenisties 21e sufficently matched.

Recently 2 great deal of effort has gone into the
investigaion of adaptive mstructionz2l models from an
opumzation poiit of view. Generaiized 2pproaches indude
vznous regressica models. While these regression models are
dealy non-optymal, they hawe proven significantly
sucoessful 1n facitating the process. On the othe: hand,
fauly specific models, be these Markoff processes o1
dynamic programming structures, provide an elegant
theoretical explanation (fansen, et. 21, 1973) but rarely fit
the data or facilitate jeamng. Thus, one is led 1o the view
that an array of models for the instructional afca will be
necessary in ordes to fit the rather diverse nature of the
leaming process.

Based on these examples, the proliferation of psycho-
meric models for adaptive testing is likely to have limited
productmity. Our efforts to focus on the criteria to be used
for the selection of 2 given adaptive testing model and a
better description of how to test the model’s fit with the
gven behavioral phenomena would scem to be 2 more
desirable dizection in which to move,

Validation Procedures

As-has been observed by each of the reviewers in this
area, the amouat of empirical work is modest at best. If one
considers cntical topics, namely, sample size and design
techniques, one 1s even further impressed by our modest
beginnngs. For example, in reference io s2mple-size therce
are those such as Bock (personal communication) who
would advocate that at least for hs jatent item structure
model, 2 sample size of 2,000 students would be required.
While pursuing some of the test data for the Air Force with
a sample of 1,000 plus airmen, the groups were divided into
samples of 200-each and then the usual reliability and

v2lidity znalysis was performed. In 2ddition, each szmple
was progressively sgeregated into the nxxt It is faily dear
that the pzrameter ooavergeace process was still t2king
plzce sfter the sample size had jncrezcsd to 800. Therelore,
it c2n be argued that it is important to consider maximizing
on sample size 2nd 2o develop techniques by which both
jtem 2nd test parameiers converge on their zpproprizte
group 2nd individual values.

In turn, our sesiew of the designs for velidation is
consistent with that propesed by Tam (1973), namely, that
one has to consider 2 within-test as well as 2 befween-test
validation procedure. This can be zchieved simultaneously
if one notes that oae can present adaptive testing as 2
yzriztion within total iest procedure. In tum, this can be
contrasted with a parallel form prescatation. The two
statistics, comrelation between the two adsptive znd total
test scores 2nd the comelations between the two parallel
forms, yitld 2 comprehensive representation of the validity.
While this may seem excessive tc some, such validation
procedures provide more substantial empirical results which
cleady indicate the justification for reducing total test
items. *

Summery

This review and reflection has run on in a rather
extensive manner. Furthermore, it seems inzppropriate to
have geflections on reflections. Therefore, this summary
will state a final point of view, namely, adaptive testing is
sufficiently dynamic that multiple concepts and hypotheses
can be incorporated in 2 design sequentially so as to
determine their effect on the efficiency and effectiveness of
the assessment process: This extensive review of a2 number
of neglected topics should not be taken as a set of
imperatives for research, Rather, these topics and
suggestions can best be considered as potential vasiations
within experimental designs of the future. They are offered
to you under the assumption of collegial productivity and a
firm commitment to the human 2nd societal benefits from
adaptive testing. Of all the evaluational techniques available
to us at this time, adaptive testing offers that chance to
huranize our assessment processes. Such an eventuality,
especially in terms of shortening high-stress situations
commonly found in festing, cannot be minimized in terms
of its benefits.
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COMPUTER ASSISTED TESTING: AN ORDERLY TRANSYI' ION

FROM THEORY TO PRACTICE

The United States Gvd Senie Commussion s
sesponsitile for examuning appliants fur Fedesal subs
throughout the world. It examines 2lmost two million
persons and makes zbout 200,900 plavements anaually.

The Commission s investment 1 computesized a2daplve
testing research and developmeat is a significant one. This
exciting -and innovative program is cumenty budgeied 2t
2lmost $200000 per year. This expenditure comes at 2
time when Federal agencies” budgets are most ausiere and
when resources are sorely nzeded to respond to the
increasing challenges faced by comeational ekamining
methods.

The Commission’s investment in computerized adaptive
testing is based primarilly on the potential payofl in
improwed employee selection and placement. The large
aumbers of examinations and applicants mzkes com-
puterized adaptive testing 2n economical, practical vehicle

for improved measurement. The answer 1o 2ttacks on tests >

in the employment sitvation is complex; the economic and
social, implications of this problem are enormous.
Ungquestionably, however, the yreatest benefit-both to the
employer-and to the employee lies in better measurement,
not in less measursment. Every improvement in the
selection 2nd placement processes should contsibute to the™
economic hezlth of the employer, the psychological well
being of the affected individual, ard the welfare of society.
Computer technology offers not only an opportunity to
make significant improvements in employment decisions
but also a better means of assessing the effects of such
improvements.

While there are problems yet to be solved, computerized
adaptive testing is well on the way to implementation.

As conventional approaches to test coastruction are
modified in Eght of developments in latent trait theory,
computerized adapuve testing becomes more and more
feasible. The Rasch Model showed capabilities for
computenzed adaptive testing in the special case where all
stems discriminated equally and were unaffected by
guessing. This special case was simply not practical to
expect in available test items (Urry, 1970). Since stem
requirements fui three-paremetes logistic o1 normal ogive
mudels can be met with existing items (Lord, 1970),
computerized adaptive testing can- be implemented. The
implementation can be cost effective (i.e., the number of
test stems admumstesed 1s substantially reduced visavis
conventional testing) when certain rigorous item bank

RICHARD H. MCKILLIP
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specifications can be met (Jeasema, 1975). The determina-

tion that the item bank speafications can be met with
existing items is contingent upon 2 new look at
wonventional 1tem statistics and then relatonshup to model
parameters. §t has become apparent that the distortions
caused by guessing result in severe wnderestimates,
particularly of item discriminatery powers (Uny, 1975).
Relizbls estimates of parameters can now be made (Gugel,
et al, 1975). An algorithm exists that will allow ondine
computerinteractive item calibration (Schmidt & Uny,
1975).

Problems remain in tailoring -test batteries to specific
occupational requirements and in adequate coverage of
jobrelated abilities. Of serious concern are the time and
dollar respources that are needed for comprehensive
measursment. The improved medium of preseniation
inherent in the hardware will facilitate resolution of these
problems; for example, new item types and audio input
possibilities. -

Application of computerized zdaptive testing in civil
service examining Has several desirable features.

Job relatedness. With multivariate test item banks, it is
feasible to interpret scores on specific abilities in terms of
differential occupational reguirements. This then enables
the employer to test 2 large number of abilities and to
weight these abiiities in accordance with their importance
Tor success in specific jobs. The employer can array
applicants zacross a large number of jobs and select in terms
of priority, thus maximizing the utility of the selection
process.

Standardized Examination Administration. Individval
differences among administrators under cenventional
testing make error varance due to unstandardized
2dministration largely unavoidable. Since administration
procedures can be programmed wunder individualized
testing, standard conditions can be better maintained.

Compromise of Examinafion Matericls. Under com-
puterized adaptive testing, examination questions are
located in a central computei. No test booklets are used,
therefore none can be tsken from the examination room.
As a result, the security of tests and test questions can be
mamntained more easily. Different individuals will receive
different sequences of items, reducing the likelihood of
cheating. ]

Improved Administrative Procedures. Test booklet
pnnting, storage, and distribution costs becume invonse-
quential.

5
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Examirgtion Scheduling. Tests car: be administered on 2
walkin basis since different tests can bz administered
simultanecusly. The shortened testing time makes possible
the administration of a multiple abilities battery in the time

now required to examine for a single ability. Further, if

selection is specific to a given position, individualized
testing for the required abilities can be accomplithed in 2
manner that minimizes- the time of testing while
maximizing the job relitedness of a final weighted score.

Power Conditions of Examination. Tests of ability
should be power tests. However, due to administrative
considerations, ie., scheduiing, space restrictions, e¢tc.,
conventional tests of ability are usually speeded to 2 certain
degrée. Under computerized adaptive testing, the power
conditions requireC by this tpe of test can be easured.

Test-Taking Motivazion. Test-taking motivation and,
consequantly, test performance may be impaired when the
level of difficulty of the examination material is
inappropriate to the lewel of ability of the examinee. In
conventional testing, the examination is constructed for an
entire- population. This method of construction necessarily
leads to inappropriate question difficulties when a
conventional test is presented 1o a2 givei xaminee. In
computesized adaptive testing, the difficulty Jevel of the
questions is matched to the level of ability of the examinee.

Improving Examinations. The cument conventional
testing technology is the product of more than fiffy vears
of research and development. Substantial improvements
have been less frequent with the passage of time. This calls
for a rether dramatic change in testing procedure. At
present, the appropriate change would be towards an
individualized testing technology- Certainiy greater experi-
mental control and a thorough smonitoring of the
measurement process is made possible through the aid of
this new medium.

Improsing Personnel Decisions. When a computer
interactive network has been established for “individualized
testing, one has 1eoemrﬂy established a vast data accession
network to-effect immediate evaluation of the personnel
decision makmg process. Optimizationt in the decision-
making process is the natural extension of events when
many sources of information are available to a central
computer and are readily accessible for analysis by the
personnel researcher and personnel specialist.

It appears, at this fime, that computerized adaptive
testing research has progressed to the point where
implementatice will be feasible. In Fiscal Year 1576, a
comprehensive cost analysis will be undertaken. Preliminary
estimates are favorable. For example, computer connect
e in testing in one ability area now costs Jess than forty
cents per examiuee. It is reasonable to expect that cost to
drop as the program progresses. Current-plans call for fully -
operational computerized adaptive testing by 1980. At that
time, it is expected ihat the examinadon for most
eatry-devel professional and administrative jobs will include
a test battery adéministcred in the computerized adaptive
system. Approximately 200,000 applicanits currenty file
for these jobs. It will take until 1980 to get ready for an
examination of this scope and number of participants.

Mjoolkagxdusmoxmngullzddmssomeofﬂne
progress we have made in solving technical problems
associated with the program.
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A FIVEYYEAR QUEST:

IS COMPUTERIZED ADAPTIVE TESTING FEASIBLE?

Five years of sesearch on the feasibility of computer
assisted testing has attempted to answer fous extremely
significant questions: (1) What types of items are required
for effective computerized adaptive testing? (2) Do these
types of items exist in sufficient number {0 measurs
impoctant abilities adequateiy? (3) Can estimates of the
item parimeters be obtained that arc sufficiently reliable to
be used successfully in a2 computerized adaptive testing
a!gonthm" and (4) Is there an efficient and accurate
adaptive algosithm for computerized testing?

In answer to the first question, “What types of items are
sequired for effective computerized adaptive testing?”, the
development of specifications for effective item banks or
item pools for computerized adaptive testing was begun
about five years ago (Urry, 1970). These specifications were
written with reference to the three parameters of the
normal ogive model (Lord & Noyick, 1968) and the logistic
niodel (Bimbaum, 1968). At that time, they included
requirements for a minimum of 100 items with item
discriminatory powers (the ;) of at least .80, with.item
difficulties (the b;) evenly distributed on the interval from
~2.00 to 2,00, and with item cocfficients of guessing (the
¢;) of 25 as a2 maximum. Some research was later
completed (Jensema, 1974; Urry, 19745) indicating that
the maximum value for the ¢; could be set as high as .30
with item bank cffectiveness still mzaintained.

In these studies, an-item bank was adjudged effective
when computerized adaptive testing required fewer items
than conventiona! paper and pencil testing to attain the
same level of reliability. The specifications were arrived at
through model sampling and simulation techniques. The
concern was the capability of the 3-parameter models for
the specific purpose of computerized adaptive testing. After
model capabilities were adequately explored, there
semained the empirical question, Do these types of items.
exist in sufficient number to measure important abilities
adequately?”

At first glance, it might have appeared that the
requirement for item discriminatory powers of .8 or greater
was unreasonably high given the usual test itém because an
item_discriminatory power of .8 comesponds to 2 biserial
correlation of .62 between the item and latent ability. In
the experience of most psychometricians this would seem
an impossible specification to meet, because the usual
item-test biserial correlations tend to be much lower, than
this specified value. However, the impossibility. exists oniy
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if the attenuating effects. of guessing on conventional
indicants of item discriminatory power, are not fully
understood. These effects mask the true discriminatory
power of multiple-choice items to-2 marked degree, and
they are still largely unappreciated.

In order to illustrate these effects, equations were
derived for the point-biserial (Urry, 19744) and the biserial
(Urry, 1975) correlations between multiplechoice items
and laient ability. The équation for thc pomt-blscml
correlation was derived 2s

(- ) pr 6G)
vP; 0/

(Urty, 19744, eq. 15); (1)

p:'a =

and the derivation of the biserial correlation resulted in

, d-¢)pp0(n)
Prg =
()

(Uny, 1975, 9. 6). (2)

In these equations, a prime was used to indicate that the
given term was affected by guessing. Definitions-were as
follows: )

¢;  the item coefficient of guessing, is the Jower
asymptote of the regression of the binary item
on latent ability;

Prg is the biserial comelation, unaffected by
guessing, between the bmary item and latent
ability;

7;  is the baseline value of the item dxstnbuum
N(O 1) above which the- probability of (or
proporuon) knowing the comect respome
occrs;

¢(7,) is the height of the ordinate at-y;;

P/ is the probability of (or proportion) passing a
muluple-chowe i

Qf or I'- Py isthe probabihty of (or proportion)

missing a multiple-choice item;




77 1 the bastline salue on the distnbution A(G,1)
aboyc which the probzbility of (o1 prpportion)

passing, viz. #}, occurs:
(7)) is the height of the ordinate aty,.
The difference between the probebility of {or proportion)
knowing the comect respense toan item, viz..

1 o -£ |
27 74 2

and the probability of (or proportion) passing 2
multiplz-choice item, siz.,

Pi=c;+(1-c)F, C))

is to be duly noted. As 2 consequence, it is known that ; s
equal to v; only when ¢; is zero. When guessing is effective
(or. synonomouwsly, c; is not zero), neither 7; and 7 nor
"¥7;) and (7)) are equal. Further, when guessing is
effective, ¥/, as a baseline value, is unlike 7; which divides
the item distribution meaningfully on the l'nsis of success
on the item. Notice that for ¢; equal to z¢ro, equation (2)
indicates the eauality of pgj and py,- Otherwise the
distinction between these two cosfficients s to be kept
clearly in mind. Since item discriminatory power i< defined
by the normal ogive modei as
N &)
JI - p lzg ’
it is totally inapprepriate to substitute estimates of py, for
Prg .in equation (5) to estimate g;. When guessing is
effective or when the items are of 2 multiplehoice variety,
this procedural error adversely affects computerized
adaptive testing.

The derived equations-for the point-biserial and biserial
correlations were used to illustrate the attenuating effects
of guessing on these conventional indicants of item
discriminatory power. In the procedure, the item-
coefficient of guessing is_usually set at some meaningful
value, say, the reciprocal of the number of alternatives for a
multiple-choice question; and for this fixed value of ¢, the
equations are evaluated to map the levels of 2; and b; onto
the planes defined by -the coordinates, the point-biserial
correlation and the p-value, or the biserial correlation and
the p-value. In Figure 1, the levels of @, viz., 8,10, 1.2,
14,1.6,20,and 2 0,and the levels of b, viz., 2.0, 1.6, . . .,
-2.00, have been mapped onto the plane defined by the
population point-biserial correlation- and the population
proportion passing or p-valuz for ¢ equal to .20. When c is
fixed at 20, the effectiveness of "guessing is roughly

a5
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egzivalent to the level typical of S-altemnative items. Snce
the biserial comeiation (unaffected by guessing) between
the item 2nd latent 2bility is defined as

g )
ViFag

in the nomal ogive model, the levels of g portrayed in
Figure 1, viz, 8,1.0,1.2,1.4,1.6,2.0and 3.0, correspond
to item ability -biserials of .62, .71, .77, .81, .85, 89, and
95. Notice then the apparent paradox. For example, an
itemn which has an item-test point-biserial correlation of .11
with 2 pvalue of 22 is indicated to have an item -
discriminatory power, g;, of 3.00 or 2 P, .of 95. The
astonishing paradox is due to the attenuating effect of
guessing. In Figure 2, identical levels of 2 and & have been
mapped onto the plane defined by the population biserial
cormrelation and the population proportion passing or
pvalue, again, for ¢ fixed at .20. While the attenuating
effect is Jess proncunced for the biserial corelation relative
to the point-biserial comrelation, it is most severe for
difficult items. For example, 2 five-alternative multiple-
choice item with an jtem-test biserial correlation of .17 and
2 palue of 22 is indicative of an item discriminatory
power of 3.0 or an item-ability biserial of .95 and aa item
difficulty -of 2.00. What would happen if the procedural
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error alludéd to earlier were cenmitted in conaection with
this interesting case? It will be recalled that the crror
involved the misuse of pj, in equation (5). In this
instance, a; would have been erroneously estimated as 17
when the true value was 3.00. Obviously, gross errors of
this nature render computerized adaptive testing less
efficient than it should normally be. If the data point
defined by the item-test point-biserial or biserial correlation
and the pvalue is plotted on one of thesc maps or charts,
the corresponding values of a; and b; for the given item can
be interpolated from the grid system that identifies the
vasious levels of a; and b;. For reliable total tests' and large
samples, the interpolated values of g; and b; approximate
the true parameters and allow the researcher (1) to identify
itens appropriate for the purpose of computerizéd adaptive
testing and (2) to assess the efficacy of a given set of
appropriate items for the purpose of computerized adaptive
testing by comparing the obtained interpolated values with
the specifications for item bank effectiveness. When the
specifications are met, improved reliability per item.used is
assured for computerized adaptive tests relative to
conwentional tests. However, the number of items required
in computerized adaptive testing relative to conventional
testing can be markedly reduced when the g; appreciably

31 As total test rcliability decreascs, the approximations for the
parametersag systematically underestimate the true values ofay.

exceed the minimum value of .80, the b; are widely and
evenly distnbuted, and the ¢; are maintained at low values.

Experience has shown (Jensema, 1972; Urry, 1974b)
that roughly one-thid of the items in the usual aptitude or
ability test survive this screening for appropriateness.
Moreover, item discriminatory powers have been frequently
found to excesd 2.0 in value.,

After it was ascertained that sets of items could be
found that would satisfy the specifications for effective
item banks, there remained the important question, “Can
estimates of the item paraméters be obtained that are
sufficiently reliable to be used successfully in 2
computerized adaptive testing algorithm?” In answer to this
question, a relatively rapid and inexpensive item-analytic
procedure was developed (Urry, in press—a). It has been
programmed and is curréntly available for use on several
computers. The output of the program is an item analysis
yielding - ancillary estimates for g;, item discrimiriatory
power; b;, item difficulty; and ¢;, item coefficient of
guessing. ’ ~

Estimates of the parameters a;, b;, and ¢; are obtained by -

an iterative, minimum x-square procedure. The procedure
consists of two stages that differ only with respect to the
particular measure used for manifest ability. In the first
stage, the distribution of manifest ability is represented by
corrected raw scores where the item being parameterized is
omitted from the sconng. In the second stage, the
distribution of manifest ability is represented by Bayesian
modal estimates of ability (Samejima, 1969). Generally,
Bayesian inodal estimates of ability more closely
approximate the distribution of latent ability than does the
distribution of corrected raw scores. Therefore, the second
stage constitutes a refinement on the first stage. In both
stages the procedure iterates item by item through values of
¢; to obtain pairs of 4; and b; consistent with large sample
estimates of the item-manifest ability point-biserial
correlation and the item p-value. This allows the generation
of various item characteristic curves (ICC’s): The ICC’s are
then compared with the regression of the binary item on
manifest ability. The ICC that best fits this regression, as
indicated by the minif%'um x-s%uare, is given by the set of
approximations — %}, ¢, and ;. The approximations are
then corrected for characteristics of the particular sample
of items being parameterized to obtain “ancillary
estimates” — %}, B;, and €. Ancillary estimation as a generic
method was developed by Fisher (1950). The ancillary
corrections improve the efficiency of. the estimates.

The procedure has been evaluated through model |
sampling and simulation techniques. In ‘particular, two

. parameterization -samples, one-of 2,000 and one of 3,000

cases, werc generated from -the logistic model using

specified, and “hence known, item paramefers. The data !

were then analyzed by the procedure, and the resulting
estimates were compared to the known parameters for each
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of the samples. Specifically, roct mean square errors
(RMSE’s),ie. -

.

(B,- 5 m™"} %, and
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! -, were obtained. These measures of
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deviation are given in Table 1 for the two parameterization
samples and stages. Notice that the particular RMSE
indicated by a given equation tends to decrease with stafes.
This is an indication of improved efficiency
due to -ancillary corrections. For the final  stage ancillary
estimates, -these” deviation measures were .242, .123 and
.056,for the 2000 case sample, and .228, .148, and .056 for
the 3000 case sample. For 100-item parameterization tests,
these data indicated that 2,000 cases were sufficient for the
effective uss of the procedure. Correlations were also
computed bet.veerr the estimates and the known para-
meters, ie., rp,,
provided in Table 2 for the two parameterization samples
and stages. Notice that there is a tendency for each
correlation to increase with stages as predictcd given that

Py, and rp,. These correlations are

the ancillary corrections improve efficiency of cstimation. _
For the final stage ancillary estimates, the correlations wer;
915, 996, and .764 for the 2 ,000 case sample, and .918,
997, and .760 for the 3,600 case sample. Since the ranges
of the a; and ¢; were somewhat restricted, these correlations |
arc very respectable, The fesults of these comparisons
between the estimates and the known parameters indicated
the merit of the item-analytic procedare..

Thie ancillary estimation procedure was further evaluated
using simulation techniques. In -particular, testipg was
conducted using a Bayesian algorithm developed by Owen
(1969). Samples of 100 cases each were generated for
computerized adaptlve testing using 100 items with known
item parameters. In the generation process, values of 8, the
ability parameter, are sampled randomly from N(0,1) and
are also known. As a result, estimates of .the abxlxty .
obtained under computerized adaplive testing could be:
correlated with known ability. Comparisons of correlations,
Tgg, were made across thrée conditions of computerized
adaptive testing where (1) the known item parameters, (2)
the ancillary estimates of the item parameters based on the
2,000 case sample, and (3) the ancillary estimates of-item
parameters based on the 3,000 case sample were used in the
algorithm. The appropriateness of the use of the ancillary,. .
estimates could be evaluated, therefore, by comparing the
rtesults obtained for the last two condmons with those )

B
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TABLE 1 - )
Root Mean Squarc Ergors f or Estimates by Parameterization
| Samples and Stages o
4
Sample Size Paramcterizatiox'i Stage . Root Mean Square Error " N
i m m Y
i 2{3 _a}zqu /] {b b}’m“ 2 2{0 c} -)./z
/ ’ (i:l -1 f 1:1 "~ i=1 i ¢
' » . . . . -
2000 Corrected Raw Scorc T <"
Approximation 309 181 ; ©.077
Ancillary Estimate 283 120 . .06{7
’ Bayesian Modak: - P —
Approximation 269 50 061 .
Ancillary Estimate 242 123 056 L7
3000 - ) Corrected Raw-Score: ! o )
’ Approximation .308 TTTTTTTI39 \ .081
; Ancillary Estimate, 253 a3s5 073
t ) , - ’ * . 1
. . Bayesian Modal: - . -t
‘ . Approximation 252 2109 .059 .
Ancillary Estimate 228 148 , 056 .
" 100 ’
» <
. a f 106 - .




¢ - and Stages
B . g
" -.Sample Size 4 Parameterization Stage Correlation
: Tda - Y7 . T
v . 2000 . Corrected Raw Score: : . i
. A_pproxima’tion , ..876 . A 996 o 651
¥ ) ' . Ancillary Estimate - 873 - 996 668
T , Bayesian Modal:
Approximation 509 996 754
. Ancillary Estimate 915 996 164
3000 . Corrected Raw Score: "
. Appioximation .884 996 611
. Ancillary Estimate 895 ° . 996 616
Bayesian Modal:
Approximation 914 . 997 152
) . Ancillary Estimate 918 997 760
obtained for the first. In Table -3, the results are validity. Therefore, thc concern was not only with the
summarized for each of the conditions of testing. validity obtained but also with the economy in items
Further explanation, however, is in order before observed in obtaining the given validity. Control over-the
proceeding to an interpretation of these results. When validity of computerized-adaptive testing is direct. When an
compared with conventional testing procedures, comput- individual is being evaluated, the standard eirof of the
- enzed adaptive testing can lead to a substantial reduction in estimate of ability is available at any stage in'the sequence. ’
the number of items required to obtain a given degree of Validity, over individuals, is controlled by terminating the
TABII.E 3
Validity Coefficients (rgg), and Average Number of ¢
. Items (72) Required for Tailored Testing to
- _ Virious Termination Rules Where the Item ’
Parameters Were Known or Estimated
Termination Rules - . .
Item Parameters Estimated in -
o a Sample of: -
. . .
- # Gc p’ﬁg PJG + -
7 Parameters Known 2,000 Cases 3,000 Cases
' ) A rdo [ 5o 7
1 - .57 70 84 84 27 83 20 84 23
2 .5000 75 87 85 32 .86 27 . .86 .26
P -3 4472 .80 .89 | :89 39 .89 34 - .88 32
- 4 - .3873 85, 92 91 4.7 ‘ .90 4.0 90 4.0
5 .3162 .90 95 94 6.6 b9 5.4 93. 5.6
6 » .2828 92 96 96 8.2 94 6.7 93 g0
T .244$ 94 97 96 10.8 95 9.1 94 9.6
8 .2236 95 “97 96 13.3 95 11.1 95 119
. A 101 |
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individual sequences at-2 common value for the standard
» error of the estimate of ability. In the study, eight such
termination rules were designated. These rules are identified
in columns 1 and 2 of Table 3 and specify that the standard
. - crror of the estimate of ability, g,, was equal to or less than
(1) 5477, (2) 5000, (3) 4472 (4) 3873, (5) .3162, (6)
. 2828, (7) 2449 and (8) .2236, respectively, oyer all
individuals. Given o, for any termination rule, synonomous

rules may be gcnerated through

-

d <

' pdy =1-o? Y]
and , '
; Pge =\/1- of )]

for the expected reliability and validity, respectively. These
synonomous rules are given 1 column 3 and 4. The
validities of column 4 may then be comparcd with obtained

1 vilidities. Eight estimates .of ability satisfying these rules
were obtained for all cases. Obtained validities were
indexed by the correlations between known ability and
estimated ability 75y, for specified termination rules as
‘appropriate to the tcsnng condition. As the termination
rule becomes more stringent, the obtained validities given in
columns 5, 7, and'9 increase and compare very closely with
lexpected vahdmes given in- column 4. Addmonally, the
average numbers of items required, the 7, given in columns
6, 8, and 10 also increase as the termination rule becomes
more stringent. Notice that the 77 at each termination rile
differ only slightly across testing conditions. Since- the
* results were almost identical across testing conditiofs, the
item-analytic procedure appeared very appropriate in
computerized adaptive testing applications. Consequently,

4 ancillary estimates of the item parameters based on more

" than 2,000 cases and 100 items were strongly recom-
mended for use in computerized adaptive testing. :

Further research in evaluating the item-analytic pro-
cedure has been accomplished for varying numbers of cases
and items (Gugel et al, 1975), and more ‘detailed
recommedations regarding the use of the procedure will be
given later in the conference.

As it turned out, the last signi.icant question, “Is there
an efficient and accurate adaptive algorithm for comput.
zrized ‘testing?” could  have been answered in the
affirmative as early as-1969. The important event was the
‘publication of an Educational Testing Service rcscarch
_bulletin, “A Bayesian Approach to Tailored Testing”, by *,
Roger J. Owen. Subsequent research (Urry, 1971, l974b in '
pressg; - Jensema, 1972, 1974, 1975) has. shown the
efficiency and accuracy of the algorithm. For example, it is
possible to construct some 2,000 computerized adaptive ,
tests in some } 7 minutes of central processor-unit time, and

B lC ) . . o ‘ ,
o 3 z 4]
L V0O .
. . . by

the precision of measurement can be accurately controlled
With termination rules.

In summary, we now find that. (1) the specifications for
effective item banks have been developed, (2) these
specifications- can be met for a number of significant
abilities, (3) efficient procedures exist for the .reliable
estimation of parameters, and (4) an efficient computerized
adaptive testing algorithm is available tc conduct the actual
testing. All the necessary prerequisites for the success of*
commputerized adaptive testing are therefore now in-
evidence. At this juncture, the feasibility of computerized
adaptive testing can ‘be reahsucally assessed, and this
realistic assessment  is decidedly and rcsoundmgly affirma.
tive in nature. At present, computerized adaptive. testing
appears to have a future without parallel in the literature of
psychological measurcment
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FFFECTIVENESS OF THE ANCILLARY ESTIMATION

PROCEDURE '

JOHN F.GUGEL, FRANK L. SCHMIDT, AND VERN W. URRY

Uy (19742 has presented a2 graphse methud to
provide approximations for the item parameters of the
normual ogive and Bimbauny logistic three-parameter lz2tent
trait models. This method has since been further developed
(Unry, 1975) to provide 3 more accurate computztional
procedure for estimating the three parameters, g; (item
disciiminatory power), b; (item difficulty), and ¢ (item
coefficient of guessing). Programmed for the computer, this
technique produces - parameter estimates quickly and
inexpensively.

[nitial studies of this procedure employcd large samplk
sizes (V22000 and 3000 cases) and 2 relatively large
number of items {#=100). Under these conditions, the
procedure produces very accurate parameter estimates
(Unry, 1975). We are now in a position to examine the
effects of reduced numbers of cases and items on error in
the parameter estimates and on the accunacy of tailored

testing using those estimates. It is known a prioyi, of course,.

that reduction in either the number of cases or the number
of items will, other things being constant, texd to increase
estimation errors. But it is not known at present how large
or practically significant such increasss would be. The
pressnt study, exploratory in nature, is 2ddressed to these
questions.

METHOD

Based on suggestions by Lord (1968, p._1016) and the
results of the previous study by Urry (1975). it was decided
to allow the number of items to vary from 50 to 100 and
the number of cases to range from 500 to 2000. The initial
1004tem bank, from which the smaller banis were later
selected, was characterized by & values ranging uniformly
from .80 to 2.20, b; values distributed uniformly from -19
to +1.9, and ¢; values from .02 to .24, also uxiform in

distribution. These parameter values aie not different from
_ what one might reasonably expect to find empirically given
prescreening of items (Urry, 1974a; Jensemz, 972). In the
reduced itein samples, the g; values were chosen in equal
steps from .80 to 2.29. For example, there were five levels
of g; for the 50item test and ten for the 100-item test. Ten
values of b; in_equal steps between -19 and 1.9, inclusive,

¢

3 Computer processing for this study was done at the University of
! Computer Science Center in conjunction with graduate
work by John Gugel. Arrangements for computer time were made
by Professor Charles Johnson of the Department of Measurement
and Statistics, College of Education, University of Maryland.
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were arranged within each Jevel of g,. (an exception was the
5Sitem test, which had eleven values of b, in equal steps
between -19 and 19, indusive, within each of its g;
v2lues.) For different levels of g,, items were matched on b,
values. The ¢, vaiues ranged from .02 to 24 in equal steps,
irrespective of g, and b,. Values of 8, representing simulated
subjects, were sampled randomly from N(0,1). Then for
each 8, the simulation procedure described by Urry (1975
was used 10 generate_a vector of responses (1 = comrect; 0=
incorrect) -for the item bank in question using the known
item parameters. Parumeter estimation was then carried out
using thicsimulated data.

Two indices were used to evaluate the parameter
estimates relative to the known parameters. First, the root
mean square error (RMSE) was computed for the ¢stimated
paramezters. The formula for this statistic, is,

RMSE = .’*:’((p —'"p)’) % [6))
N7

R

where the p = known values of g;, §;, ¢;, o1 pyg, 21d
n = number of itzms avolved in the particular
analyses. )

Szcond, Pearson correlations between the known and

estimated parameters were computed, ie., Ipp-

To illustrate the effects of error in the parameter
esumates on the accuracy of tailored testing, Owen’s
(1968) algonthm was employed. Specifically, tailored
tesung was carnied out on 100 simulated subpcts using first
the known ttem parameters and then item parameter
estimates obtained on 1000-cases and 60 items. To increase
the number of items used in tailored testing to 2 more
realistic level, another identical set of 60 items was
parametenzed on a separate, independent group of 1000
simulated subjects, and these “items” were combined with
the original 60 to produce a bank with 120 items. In the
case of the known..parameters, both 60-item.sets were
entered into the tailored testing bank. The known
parameters 1n this bank were used to generate the respornse
vectors of the 100 simulated subjects, and these vectors in
tum, weie used in the tailored testing. Correlations between
estimated and actual 6 were computed at each of sight
termination rukes for each condition of testing. This
allowed a comparison of correlations across the conditions
of testing, ie., where (1) known or (2) estimated item
parameters were used in the tailoring process. .

-
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RESULTS AND DISCUSSION

Results produced by the parameterization proceduse fer
varying combinations of sample size 2ad number of items
are shown in Tables 1 and 2. In'both tables, “Raw Score
Estimates™ refer o the parametsr estimates prior fo
application of the ancillary correction procedure, and the
columns headed “Final Estimates™ refer to estimates after
application of the corrections. Table 1 includes the S.E. for
Pre» the correlation between the continuum underlying the
item and 0, as well as for g;, b;, and ¢;. “Lost items™ 2re
those for which the cstmnuon procedure did not converge

because of insufficient cases in the tails of the distribution.
Looking at the S.E.’s for the final estimates in Table 1, it

can be se~n that, in general, decreasing both samplc size and
number of items resuits-in increased RMSE’s. This effect
appears to be more pronounced for 4; than for the cther
parameters. Moving from 50 to 60 “tems (sample size
constant) appears to produce marked .reductions in errer
for a;, but beyond this, improvements in accuracy with
increases in number of items are sinaller. The &; and ¢; were
estimated rather accurately threughout the range of both
independent variables, although variztion in sample size
and number of items did have the expected effect. The Jast
column in Table 1-Teweals 2 tendency for items to begin to

size is dropped as low as 500. Sample size appears more
crucial in this respect than number of items. Correlations
between final parameter estimates anc actual parameters,
shown in Table 2, also pattern themselves as expected,
within the limits of sampling error. In examining these
correlations, one should bear in mind that in the case of
2;and to 2 Jesser.extent &, restriction in range is operating
to lower the tabled wvalves. The items pirameterized
contzined no values of @; lower than .80. This value of ¢;
corsesponds to a biseria! cormrelation of .62 between -the
item and latent ability. Past studies (Jensema, 1972; Ty,
1974b) have shown that only about one third of the
items in conwenitional tests have ¢; values this Jarge. No ¢;
greater than 24 were included; in practice ¢; does exceed
24, although the range restriction here is probably less
severe than in the case of a;.

Results of simulated taflored testing wusing known~
paramelers and parameters estimated on a sample of 1000
with 60 items are shown in Table 3. The eight termination
rules, expressed as the standard error of estimate (o;) are
seea in column 2. Column 3 translates thése vzlms to
reliability coefficients for é\ based on the relationship

fail to converge during parameter estimation when sample Pig=1-0g;? (03]
TABLE 1
Root Mean Square Errors (RMSE)
Before and After ali Corrections
Raw Score Estimates Final Estimatcs
RMSE RMSE Lost
Items Cases ﬂi b‘- CI ﬂlo ﬂl bl Ci p]g Items
50 2000 283 124 086 3 395 137 064 053 0
50 1000 292 193 097 053 - 7% 209 078 059 1
50 500 370 164 097 067 A.2 259 077 064 ]
55 2000 385 195 091 061 308 .150 057 053 0
‘55 1000 352 194 101 050 315 124 071 050 0
55 - 500 281 185 098 054 403 227 086  .06% 4
60 2000 321 204 091 056 253 .140 065 040 0
€0 1000: 343 231 089 059 322 144 062 044 0
60 . 500 2360 J9%4 . 080 070 342 179 068 052 . 0
70 2000 212 131 095 041 225 .66 067 040 1
70 1000 324 .189 095 054 273 174 074 045 -1
70 500 386 197 09% 072 351 .187 083 058 4
80 . 2000 266 141 092 046 214 .150 072 039 i
8C 1000 259 178 092 048 261 166 073 047 1
80 500 319 224 091 063 311 229 “.079 048 6
90 2000 297 .180 094 049 244 .149 069 036 0
%0 1000 7 341 171 089 051 . 304 .140 072 044 0
90 500 316 .184 094 056 283 144 086 049 2
100 .~ 2000 290 132 085 049 223 131 ‘.056 036 0
100 1000 286 137 088 052 240 162 062 039 .0
100 500 As4 189 100 661 276 161 083 047 S
B 104
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TABLE2

Correlstions—-Koown Parameiess vi. Estimsied Pannmnetess

Belors zad After All Comrections
Raxw Score Estimaies Finsl Estimates

Iterms Cases .z s 1 Iz 7% 12
50 2000 - 246 999 59 843 997 636
S0 1000 288 992 4B 908 990 492
50 500 745 993 428 80 G989  AS4
55 2000 31 955  As8 891 995 646
55 - 1000 758 995 428 B30 995 546
ss 500 B0 992 387 824 99 376
60 2000 528 99  A91 899 997 630
€0 1000 Jii 998 546 842 995 588
60 500 768 99 526 301 995 668
70 2060 534 997 471 922 997 632
70 1000 a2 99 468 828 9% 521
70 500 JI5 893 A5% 813 995 449
80 2000 873 9% 535 815 397 - 574
0 1000 850 994 465 £79 993 550
80 500 239 991 410 - 823 989 <02
90 2000 861 936 - 483 871 996 558
90 1000 57 995 518 847 995 547
90 500 804 995 447 874 993 413
100 2000 837 997 539 871 998

100 1000 843 996 470 363 996  .627
100 500 41 993 344 X324 994 420

The souare root of thus value is pge, the correlation
between the latent ability estimates (8) and actual latent
ability (8). Validity coefficients of this sort zre given in
colurms 4, 5, and 7. Those in column 4 are theoretical
validities based solely on the termination rule chosen,
Those in column S5 were obtained by correlating the

-

produced using the known item parameters with known 8.

As expected they are essentially identical-to-the predicted
theoretical validities. Those in column 7 were obtained by
comrelating the § produced using the parameter estimates

-with the known 8. As expected, they are somewhat Jower

than those in columns 4 and 5, butit can be noted that, as

-

TABLE 3

*

Validity Cocfficients (rgg), 2nd Average Number of Items (77) Required for
Tailored Testing to Various Termination Rules Where the Item
Parametess Were Known or Estimated

»

16} {2) . (3) 4)
Terminazion Rules

# % 35 P35

1 5477 70 34
2 .5000 s 87
3 A472 .80 29
4 3873 35 92
5 3162 90 95
6 2828 92 96
7 22449 54 97
8 2236 95 57

5) §) ) (8)

Parameters Known Parameters Esumzwg

7 m 789 n

864 243 792 2,26
904 3.31 821 2.39
932 4.00 821 2.39
935 491 864 3.70
958 7.03 895 5.30
962 8.17 ¢ 921 657
969 1177 542 891
975 1451 952 iLI1z2
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the termination rule becomes more stringent, the

_discrepancy decreases. At the most stringent tzrmnation
rule, the validity of the § desived using the parameier
esumates s only 023 lowe: than that based on the koown
parameters. The reliabilities of the two & at this termina-
tion rule are .95 and 91, respectively.

Why are the termination sules noj_fully attained when
the parameter estimates are used? Tne-tailoring algosithm
capitalizes on errors in the parameter estimates. As 2
consequence, talored testing using the estimated para-
meters termipates prior to actually reaching the preset
termination rule. That is, because of capitatization on erroz
in parameter estimates during the process of item selzction,
the reljability lewels implied by the Owen algorthm at
any stage during the tailoring process are somewhat
inflated. This Jeads to a too termination of tailored
testing, and, when the obtained 8 are correlated with 8, it
becomes evident that the preset seliability level for
termination has not been smet. In the present example, an
average of 14.51 ifems was 2dministered when the known-
parameters were used but only 11.12 when the parameter

estimates were used. This shrinkage problem can be
overcome by seiting the relizbility tzrmination rule higher
than that actually required. In our present exampie, the
sermanztion rule should be set at 95 in order to obtain 8 of

-srelizbility 9i.
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ITEM PARAMETERIZATION PROCEDURES FOR THE FUTURE

Failure 1o appreciate the :mpuitani psyhometnic ke
played by guessing :n conventional multiple choiwe tests
prevented until recently practical apphication of fatent trat
theory to tailored tesung. When this problem was properly
addressed, it was found ihat the solufion could be
expanded to produce an inexpensive and highly accurate
stem parametenzation procedure. Combined with Owen’s
(1969) elegant Bayesian zlgorithm and availadle CRT
hardware, these dewlopments made computer-assisted
tailored testing feasible from a practical point of view.

The capacity to. parameterize new items for possible
Later inclusion in the item bank during routine operation of
the computer-assisted testing system would be a significant
step in the direction of even greater practicality {Killcross,
1974). Such a procedure would eliminate the necessity for
periodic application of the full parameterization process
described by Urry (19752, 1975b). The Umy ancillary
estimation procedure can be modified to provide the
capability to parameterize items in the environment of
a live, largescale, computerinteractive tailored testing
system or network. It can thus provide 2 convenient
technology for updating and expanding item banks in
ongoing tailored testing systems.

The parameterization procedure is as follows: In addi-
tion to the items that are part of his tailored test, each
exarmnee receives a group of additional experimental items.
Online ancillary parametenzation can begin for any of
4hiese 1tems 2s soon as a sufficient number of examinees
have responded to it. For each item, pg is computed
against the umformly reliable Bayeszn 0 from the Owen
algonthm. (Notice that the item docs noi enter in any way
_ mto the determinatson of 6.) P; 1s estimated in the usual
way using sample data. The 9 are next grouped into &
ntervels. Provistonal values for ¢; are assumed, and the
mummum X procedure 1s apphed to obtzin approxunatxons
of g;, b; and c;. These procedures have been outlined in
Urry (l9756)and are descnbed in full in Unry (1975a).

The purpose of this study was to evzluate the ondine
ancillary parameterization process using model sampling
and simulation techniques. The one hundred items to be
parameterized were those used in the earlier Gugel study,
and are shown in Table 1. (In practice, 2 much smaller
number of items would typically be pgnmuﬁud,but for
evaluation purposes a larger number is desirable.)
Dependmt variables in this study were also the same as
thase in Gugel's study. correlations between known and
estimated parameters and the square root of mean squared

FRANK L.SCHMIDT AND VERN W. GRRY
U.S. Givil Service Commission

deviations of estimated fiom known pzrametess. Inde
pendent vanables are Mlustrated in Figure 1. Two éifferent
banks were used in tailored testing to produce the Owen 6,
designated as the Verbal Ability Bank and the ideal Bank
The Vesbal Ability Bank of this study consists of the 103

most frequently used items (based on counts from previous
simulation studies) from the Commission’s 200<tem Verbal
Ability Bank. The Commission’s bank in tum, is made of
the best 200 itemns out of 700 verbal sbility items calibrated
by Uny (1974). Calibration was carried out on large
samples and the final 200 items were chosen to provide 2
wide distribution of 5; values, high g; values, and low
(below 30) ¢; values. The 103 itern bank used here thus
sepresents a currently attained~though improvable -Jevel of
quality. The Ideal Bank is the same 100 items being
parametenzedI(See Table 1). Three different termination
rules were examined for the Ideal Bank; for the Verbal
Ability Bank, the most stringent rule (.95) was omitted as
impractical. Sample sizes of 1000, 1500, and 2000 were
examined. Simulated subjects (6°s) were sampled and their
response vectors generated as in the Gugel stedy. (This
procedure is described in full in Usry [1974a]).

RESULTS AND DISCUSSION

The obtained standazd emors for the Ideal and Verbal
Ability banks are shown in Tables 2 and 4, respectively.
Tables 3 2nd 5 present the correlations between actual and
estimated item parameters. In most cases, changes
associated with variation in the independent variables were
in the hypothesized direction. Increasing the number of
subjects and the reliabilities required for termination of
tailored testing usually resuited in lower standard errors and
higher comelations between known and-estimated para-
meters. Some deviation from this pattem occurred because
of sampling ervor. (For each bank, a different sample of
simulated subjects was used for each termination fule-and
sample size examined.) The same is true of the ancillary
corrections: the:efiect was generally to decrease standard
errors and increase correlations, but because of simpling
error this was not always the case.

Ia examining the correlations between known and
estimated parameters, one_should bear in mind that in the
case of d;,-and to a Jesser extent &, restriction in range is
operating to lower the tabled values. The “items
parameterized (See Table 2) contained no values of ¢; lower
than .80. This value of ¢; comresponds to 2 biserial




E

Q

RIC

Aruitoxt provided by Eic:

TABLE 1

True Pazzmeters of the 103 liems Parameterized

Viz the On-Line Prooedure
tem Parameless ftem Parzmiicss
{1 LA B, < fi} o b; »Cf
1 A0 -1.95 a3 51 160 19 .18
2 B0 -130 06 2 160 30 21
3 B0 -150 09 53 1.60 50 24
4 80 -1.38 12 54 160 {1} 27
S £0 -1.10 15 55 1.60 90 03
6 p:1] -90 8 56 1.60 1.10 06
7 B0 =70 21 57 1.60 130 09
8 20 -£ 24 58 1.60 1350 12
9 B0 -30 27 59 1.60 .70 A5
10 30 =10 93 &0 1.60 1.90 18
11 80 A0 05 61 260 -1.90 .21
12 80 30 09 62 2 -1.30 24
13 80 30 12 o3 200 -1.50 27
14 B0 a0 15 64 2060 -130 03
15 B0 59 .i8 65 2.00 -1.30 06
16 .88 i.10 21 66 200 -9 09
17 20 - 130 24 67 200 -3 A2
13 80 1.50 27 68 2 -50 15
19 B0 130 03 69 200 -30 18
20 B0 i90 05 70 200 ~10 21
21 .25 -190 o9 71 2.00 10 24
22 i2n -1.70 32 72 290 230 27
23 1.26 -1.50 5 3 2060 50 03
24 1.29 -1.30 A8 73 200 .70 06
25 1.29 -1.10 21 75 200 80 09
26 1.20 -90 24 6 200 1.10 12
27 1.20 -9 27 77 2.00 1.30 15
28 1.20 -50 03 7 2.00 1.50 A8
29 1.20 =30 05 79 200 1.70 21
30 1.20 -.10 09 80 200 1.90 24
31 1.20 A0 12 81. 240 -1.90 27
32 1.26 30 15 82 240 -1.70 03
33 1.20 30 18 83 240 -1.50 06
34 1.20 0 21 84 240 -130 09
35 120 50 24 85 240 -1.10 A2
36 1.20 i19 27 o 86 240 -90 15
37 120 1.30 28 87 240 =70 .18
38 1.20 1.50 06 £8 249 -50 21
39 1.20 1.7 09 89 240 -30 24
41 1.20 190 12 90 240 -.10 27
41 1.60 -180 A8, 91 - 240 .10 03
42 1.60 -1.76 .18 92 240 30 06
43 160 -1.50 21 93 240 S0 09
44 1.60 -1.30 24 5S4 240 70 .12
45 - 1.6n -1.10 217 95 240 80 A5
46 1.60 -9 03 96 240 1.10 18
47 160 =70 06 97 2.40 130 21
48 1.60 -50 09 58 240 1.50 24
49 160 -30 12 99 240 1.70 27
50 i 1.60 - 10 15 100 ’ 2.40 1.90 03

conrclation of .62 between the stem and latent ability . Past
studies (Jensema, 1972, Urry, 1974) have shown that only
about one-thud of the stems i wnventiond tests have g,

b 24

values this laige. No ¢, gieates than .27 were snduded, in

pratie ¢ does exceed .27, although the range restriction
hese is probably not as great as in the case of g;.

The sather high gy values among the itewns parametenzed
st be cunsidered also 1n evaluating the rout mean square

'
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*Reliability wzlues for termination sules.

Figure 1. Experimental Dedgn. Independent Varables

ertors for g;. Emrors 1n @y are much larges for high g; than
low g;, since when g; is high, small errorsin g;, Jead to farge
errors in @;. For example, if p;o = .90,a; = 2.01. If gz =
.88, a; = 1.85, a difference of .16. Butif gz = .50,4;= .58.
Then if pzg = .48, 3j = .55, a difference of only .03.

The real test of the usef..aess of the online parameteri-
zation process lies in the performance of the parameter
estimates in tailored testing. The better the estimates, the
closer they will come to equaling the performance of the
known parameters. The parameter estimates obfained in
this study have not yet been used in simulated tailored
testing, but an idea of how well they would perform can be
obtained by examining the performance of parameter
estimates from Gugel et al. (1975) with roughly equivalent
errors. Table 6 compares root mean square errors and
correlations between known and estimated parameters from
the present study for the Verbal Ability Bank with 2000
cases and rehiability cut-off of .93 with the results obtained
by Gugel et al. (1975) using 1000 cases and 60 items with
the full parametenzation process. Except for the standard
error of b (which 1s lower) and r;,, (which is also lowes), his
results zre essentially equivalent. Using a reliability cut-off
of .95, Gugel et al. conducted simulated tailcred testing
vsing both the known and the estimated parameters.
Known parameters produced 75, = .9752, exactly ‘corre-
sponding to the termiinaticn rule (iec., {.9752]% = .95).

i

4

With the parameter estimates, 75, was .9516, corresponding
1o an obtained reliability of S044.

Because the tailoring 2lgorithm capitalizes on chance
esrors in the parameter estimates, tailored testing using the
estimated paramelers is terminated prior to actually
seaching the pre-se} termination rule That is, because of
capitalization on error in parameter estinnates during the
process of item selection, the reliability levels computed by
the Owen zlgorithm at any stage during the tailosing
process are somewhat iaflated. This leads to a-too cardy
termination of tailored testing, and, when the obtained
B are cosrelated with 8, it becomes evident that the pre-set
relizbility level for termination has not been met. In the
present example, zn average of 14.57 items was
administered when the known parameters were used but
only 11.12 when the parameter estimates were used. This
shrinkage problem cn be owercome by setting the
relizbility termination rule higher than that actually
srequired. In our present example, the termination rule
should be set at .95 in order to obtain 6 of reliability .90.
Simulation studies provide a convenient—and perhaps the
only—method of deternuning in advance of actual use the
amount of shrinkage to -be expected when items are
parameterized on given sample sizes and with given
numbers of items. The. shrinkage problem here is thus
somewhat different from that.characterizing, say, multiple
regression, in that “its- €ffects” can be cancelled out by
appropriate selection, of deimination rules. Two points,
however, should be noted here:

1. Parameterizing on Jarge sample sizes (both numbers
of items and numbers of cases), and thus obtaining
more accurate initial parameter estimates, is prefer-
able where feasible to adjusting termination sules to
allow-for-shrinkage.

2. For cemtzin tailored testing usages—for example,
battery tailoring or multivariate tailored testing—the
advantages of parameter estimates that can fully meet
pre-set termination rules become substantial. That is,
adjustment of termination rules to allow for shrink-
age becomes, at best, inconveniznt and awkward.

In Tight of these facts, an important question is whether
or not the online parameterization process can produce
estimates with errors low enough to reduce shrinkage to
negligible levels. An imporiant consideration, of course, is
the quality of the item bank on which the original § are
derived. By parameterizing and adding to the-Verbal Ability
Bank those items which were erroneously rejected earlier
on the basis of low point-biserial. and biserial item-total
indices, it will probably be possible to make the Verbal
Ability Bank equivalent to the Ideal Bank used in this
study. By increasing the number of -cases to 3000, or
perhaps beyond 3000, it-should be possible to reduce the
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TABLE2

Root Mean Squzte* For 11em Parameter Estimates And
B1g Using the 1deal Bank

Uncorsected

a; bi C, i
68 226 089
480 227 095
418 202 093
A81 189 5386
467 202 091
A45 193 095
506 232 091
477 218 30
454 209 090

where p = pazameters
r = number of items
TABLE 3

Conrelations Between Known and Estimated
Parameters—1deal Bank

Lnceorrected

Cut-offs g B;
9 807 995
93 780 994
95 876 994
91 844 996
93 861 995
95 857 995
91 883 995
93 - 892 .99
95 . - 883 7 996

TABLE 4

Root Mean Square Errors® For Item Parameter Estimates And
Prg Using the Verbal Ability Bank

Uncorrected

Cut-offs ; b; <
91 2259, 093
93 285 093
91 208 090
93 286 082
91 217 087
93 257 .086

JRPAN -
*RMSE = z(p’,—p‘.)" where p = parameter,
n = number of jtenis.

n
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TABLES

Correlations Betweoen Known And Estimsted
Panameters—Verbal Ability Bank

Uncomected Corrected

Subject cql@f fs a b‘ < o bl <
93 786 933 524 .780 933 S50
1000 93 521 993 S10 807 993 515
91 875 953 565 875 994 594
1500 93 871 993 614 870 993 0624
91 836 996 622 319 995 £55
2000 93 B78 998 562 879 996 591

i
TABLE6
Compariton of Gugel Resuits with Present Study Results
Root Mean Squase Errors Corrclafions (r;,p)

i i G P10 g, 65, Tag
Guzel (1975)° 322 140 062 044 2 995 588
Present Study<*® 2331 250 072 045 879 = 996 591

* = 1000, 60 items; full parametesization procedure.
**Vertal Ability Bank, ¥ =2000, Rehibility cut-off = 93.

root mean square errors shown mn Table 2 (2000 cases, cut
off at .95) to levels comparable to those obtained by Utry
(1975) with the full parametenzation process (2000 cases,

106 1tems). Urry's root mean square errors were -242, . 123,

and 056 for aj, bj, and &, respectively. At this Jevel of
accuracy, hittle shnnkage was mn evidence. It should be
bome m mind that, i the case of the ondine parameteri-
zation process, the number of cases can be increased at
Iittle or no cost. Also, as the quality of the bank is
mcreasés, more stnngent termination sules can be intro-
duced, further mcreasng accuracy of the on-line parameter
estimates.

A final modification of the on-line parameterization
process can be made which should further reduce estima-
tion errors. As the parameterization procedure is presently
set up, thosc examinees whose § do not attain the
termination rule reliability within 30 items are dropped
from the sample. Because covesage of ‘0 is weakest in the

Verbal Ability Bank in the low rariges, . the dropped

subjects tend to be concentrated in the low end of the
distribution. This creates a2 paucity of information in a
range in which-many ¢; values are determined, leading to
higher c; -errors. Also, when the truncated distribution is
restandardized, the result is a displacement of the 3,- values
In the case of the Ideal Bank, no subjects were dropped at
the 91 and .93 termination rules. Even at the 95

termination rule few examinees failed to reach the criterion
(10 at N = 1000, 8 at & = 1500, and 9 at N = 2000). In’
the Verbal Ability Bank, no subjects were dropped at 91,
but at .93, 23 were dropped-at N = 1000, 53 at N = 1500,
and 40 at N =2000. Thus, up to 3.5% were eliminated. This
probably explains- to a great extent the failure of the 93
termination rule “to produce noticeably better estimates
than the 91 rufe (Tables 4 and 5). Estimates would
probably be improved by retaining in the sample those
subjects who il to reach the termination rule within 30
items. Although these 8 are less reliable, they probably
provide information at low 8 which is useful for paameter-
jzation purposes. .
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INVITED DISCUSSION

DR.FREDERIC M. LORD
Educational Testing Service:

It 15 appropnate that my discussion should be expressed
1 ihe fisst persun singalas to cununeally remind you tha,
1 am gving my vwn opiions, which may be biased, since
am not a disinteresied party here. There have been many,
many important points made dunng these sessiuns. | have
chosen 14 points to emphasize 1n my discussion.

1. Chff (Note 1) wates. Itis felt that vus formulatsun
will provide the framework fur a test theory which 1s more
approprate to the mteractive case than erther the Jassial
or traceline theones are.” 1 am sure he would not want this
challenge to ICC theory 1o go unanswered. Cliff propuses
that the appropnate model for the itent scapunses 15 the
Guttman scale. . .

Since the Guttman scale is a special case of the more
general logistic or normal ogive item charactenstic curve, |
cannot see how the Guitman scale car be called a more
appropriate model than the logistic of normal ogive. If the
Guttman scale were the correct model, the fitted logistic or
normal trace lines would come out 1 the Guttman form.

The Guttman scale assumes that the tetrachonc correla-
tion between any two items 1s 1.00. This value may be
approximated for certan attitude test data, but for
aptitude and achievement test data typical tetrachoric item
intercorrelations are usually less than 0.3S. This is so very
different from 1.00 that I cannot see how the Guttman
model can be considered acceptable for aptitude and
uchievement tests.

2. Consider the problem of testing and assigning new
armed forces recruits. Onc recruit, perhaps, should take a
complete battery of tests to determune his suitability fur
officer tramning school. The next recrut, however, should
be quickly extnicated from this battery of tests and peshaps
given a battery of mechamal aptstude tests. How can we
use adaptive testing tu route a aew recrundy through many
such battentes of tests efficiently, with 4 minimum waste of
time? Glenn Bryan raised this important question with. me
some ycars ago. It seeins-as if adapuive testing should be an
excellent way 10 deal with this problem. Yet the situation 15
so muitidimensional that current theury dues not tell us
how to proceed. Here 15 a very important unselved
proolem.

3. Waters has pointed out and documented something
that some of us had overlooked—that an adaptive test
should be expected to take Jonger to administer than a
conventional test with the same number of mems. The
reason is that-the conventional test contains items that are
too hard or too easy for each examinee—items that he can
answer {or omit) without need for lengthy consideration.
Studies of adaptive testing will have to take testing time
into account. .
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4. There is une situation in which adaptive testing (or
sume other unwunventivnal proceduse) is seally indispens
able. Suppuse it is necessary tu have guud measurement
over an unusually wide range of ability. As a first step, one
might build a conventional type of test with extia easy
items added.at one end-and extra hard items at the other,
50 as to have some items that are appropriate in difficuliy
for each ability level. Of course, the £asy items are 2 waste
of time for the high level examinees, but that is not the
serious problem. The hard items are not merely 2 waste of
time for the low-level examinees. The guessing of low-level
examinees on the hard items 2dds so much noise that the
measurement provided by the easy items isnearly drowned
in random error, . }

In such situations, it can be shown thiat the test would
be much improved as a measuring instrument for low-level
examinees if we simply threw away (or refused to score)
the more difficult half or two-thirds of the test. The
situation cannot be remadied simply by adding more easy
items. If we wish to obtain good measurement at low as
well as at high ability levels, some kind of tailoring is
aecessary so that hard items are -not administered to
low-level examinees. - -

S. If total testing time is held fixed, adaptive testing
leads ‘to better measurement for some examinees. If
accuracy of measurement is held fixed, adaptive testing
leads to reduced testing time for some examinees. These
two alternatives are not basically different. )

Keeping the standard error of measurement fixed across
cxaminees would be simple if the test were very long or if
we knew the true parameter values, and if ali items had
identical characteristic curves. Otherwise there may be
difficulty in finding a good small sample theory and
method. Gugel and Schmidt have given empirical evidence
of this. This is a problem in sequential estimation (Wald,
1951, Robbins, 1959, Bickel & Yahav, 1968). Except
perhaps for Bayesians, methods of sequential estimation are
nut as well settled as are methods of sequential hypothesis
testing. Even sequential hypothesis testing poses unsolved
problems when the items do not all have identical charac-
teristic curves. ’

6. It is undoubtedly significant that most of the
speakers here are using two- or three-parameter item
characteristic curve models. No one fere has urged that
adaptive testing be limited to the one parameter Rasch
model. - o ’

I is sometimes asserted that the Rasch model is the only ~
one that allows us_to estimaté exzmince ability independ-
ently of the items administered. I would -argue that-all ICC
models allow-us to do this. The uniquevirtue of the Rasch
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mudel is that it provides a suffi.ient statistic foz estimating
exzminee ability. Sufficient statistics are desirable, but they
are oot common In statistical work, outside of the usual
nérmal-curve theory. Statistival inferenve still proveeds vesy
effectively in the absence of sufficient statistivs.

The objection usually cited against the Rasch model is
that it assumes all items to"he.of equal discriminating
. powrr. I suspect that an’even more serious objection is that

it assumes there is no guessing. Any attempt to modify the
Rasch model tg take guessing into account would necessar
ily destroy the sufficiency properties of the Rasch model
that make it attractive.

7. This brings us face to face with the guestion whether
to use 2 two- or a three-parameéter ICC model. Waters used a
two-parameter normal-ogive model and the assumption that
ability is normally distributed to estimate the a parameters
(discriminating power) of the 50-verbal items in Form 2B
of SCAT il. By chance, I had available estimates of the
same parameterf based on the three-parameter logistic
model, computed by a program c:zllcd LOGIST (available
on request).

I have plotted Watess® values agamst the LOGIST values
m Figure 1. Each puintis s shuwn as a diit representing item
difficulty. The larger the digit, the niure diffivult the wem
and the more the examinees’ respunses aie, affected by
guessing. Agreement is guud unly fur the easy 1items where
there is no-guessing.

Many studies cumpanng different estmativn methuds
shuuld be camned vut. Sume shuuid use real data, suine
should use artificial data, where the true parameters are
known. I should be glad tv ;un un LOGIST any suntable set
of data that someune here may wish to use for making su k.
comparisons.

$. In the three paramster mudels, the ICC's have the
form ¢; + (1 - ¢))F[e{(0 - b;)] . This mathematical form is
not beyond challenge, as Samejima has_pointed out, but it
is relatively easy to defend as a vessatile form that fits the
datd, so long as we do not suggest that examinces eithe:
know the answer to the item ur else guess with probability
of success ¢,. We all know that examinces do not respond
this way. if JCC theory were based on the dichotomy,
knowledge or random guessing, it would not be credible.
For this reason, it may be best ndt to sefer to ¢, as a
"guessing parameter.” (I confess to vivlating this guod
advice.)

9. When working with real answer sheets, it becomes
necessary to deal with the problem of omitted responses. If
we require the examinee to answer all items, swe are
purposcly introducing random error into our data. In
addition, we are forang an éxaminee who has;demonstrated
3 certain level of performance-by-his responses to gamblc
on some possibily random events, which may, if he is
unlucky, destroy all the positive evidence of ability that he

. has displayed. .

If we .permit. the examinee to ommucms, we¢ cannot

properly treat such responses as wrung. Tu do so would

. penahize the exammnee whou umits, in cumpatssun to the
examinee who guesses.

It seems at first thought that we might ssimply tseat
umitted stems as of they had not been adminwstered at all.
This cannot be comect, however. If we ignore omitted
items, an examince could win a very high estimate of ability
stmply by answesing 1tems only when he was compleiely
sure of his answer.

The fact that an examinee has omitted an item carnies
mformation zbout his Jevel that cannot be sgnored. A
methud for using this informauon efficiendy, under certain
assumptivns, ts outlined 1n a Psydzomemka paper (Lord
1974). . .

10. 1 want to take this opportunity to make a comec-
tion. In 2 1968 paper (Lord, 1970), I wrote.

1f a, = 0.333, under the assumptions already made [thel
relizbility for a 60-item test will be 0.80; if g, = 0.5, this
reliability will be 0.90; if a; = 1.0, this reliability vuﬂ be 0.97.
in view of this, we shall choosc a; = 0.5 a5 a typical value +nd
shall address most of our zucnnon toit.

After seven years of experience with the 2 parameter, .

these rehabilities sound high. Actually, they are correct,
but, as the -assumptions stated, they are fur free response,
aut multiple choice items. Urry made this same point this
musning. Since most of the cited paper dealt with multiple-
hoice items, it was 2 mistake to suggest g, = .50 as a typical
value. Although the diagrams presented in that paper
required the reader to supply his own values of a,, the
general impressivn given was une of only limited enthusi-
asm for adaptive testing.

Curzent results show that when g, = 0.9, a peaked test
composed of 40 five-choice items should have a KR

reliability of .90. When a; is 0.9, the conclusions supplied .

by the.diagrams in the cited paper are quite encouraging for
the future of adaptive testing.
11. The purpose of the cited paper was to evaluate

adaptive tests 1n companson to conventional tests. To do_

this, the situation considered had-to be a simple one. This
was the reason for the use of a fixed-stepsizc up-and-down
branching procedure. Such a procedure is not to be
recommended for practical testing.

When the item parameters have been éstimated and a
computer is available for making the calculations, the

choice of the item to be admunistered next should be made

by checking all unused items (perhaps within a specified
item type) and selecting the item that is expected to give
the most information about the examinee.

If a Bayesian prior distribution of ability 1s being used,
and if this,distsibution is normal, this 1s Qwen’s (in press)
procedure, frequently used today. In such a procedurc,
except for certain approximations each step is locally
optmal We cannot expect local optimality to produce
oyerall global optimality, but the difference may. not be of
great importance.

12. When we select the aext item to be administered on

other considerations besidgs stem difficulty, we no longer

h}
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have an up-and-duwn bianchung proveduse. The neat sigm
administered after a vonrect :cspunsc rught be an easic
item, not a harder item.

. The recommended proccdure means that items with high

a, will be used very frequendy and stems with Jua g, will be

. stems will probably, mute than duuble the gain frum any
proedure. such as the up and duwn pruieduic, that selects
items solely on item difticulty.

Furthermure, the larges the item poul, the greater the
gun. This 15 not surpnsing. We always hnew that if we

used seldum o1 not at all. The gain from this use of lhc best
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selected the best items from ten tests, we could build a
single test that would be much more reliable than any of
the original tests.

13. My last point coricerns the use of Bayesian inference
in adaptive testing. When we are testing large numbers of
examinees all coming from a single source, we are in a really
exceptionally good: position fo obtain and use a prior
distribution describing the examinees. It would seem
negligent not to obtain and use such a readily available
prior distribution, *

On the other hand, I would like to make a simple point
not -often expressed. Bayesian inference based on a prior
distsibution will give comect results when the prior corre-
sponds in some sense, to reality. It is llkcly to give
incorrect results if the prior itself is incorrect.

. In most Bayesian work, it is usually not practicable to
determine whether the prior ss correct or incorrect. In our
work, on the cositrary, it.1s fairfly easy to do so. We need

- * - ~
- - *
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estimates will not be spoiled.by an incorrect prior distribu-
tion of atility provided the test administered is long
enough.

This is not the whole story, however. The assumption of
a normal distribution of ability, if false, may lead to
unsatisfactory estimates of item parameters. The usual

formula for biserial r can give absurd results if the

continuous variable, in this case examinee ability, unknown
to the statistician, is far from nomally distributed. Unliks

'some other effects of Bayesian priors, this-difficulty does

not diminish as sample size becomes large.

Two different estimates of the distribution of examinee
ability =for cne set of data are shown in Figure 2,
reproduced here from Lord (1974). The asreement between
the two estimates, obtained from very different assump-
tions, gives me some confidence in these results. My
empirical results from other sets of data (incleding
[epresentative sixth-grade group) are -similar. ‘When the

o

~
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-0
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Figure 2. Distribution of estimated 8 (histogram) and estimated

distribution of 8 (curve). Reproduced from Lord (1974) -
with permission of Psychometrika. .

only estimaté the ability of each. person tested and then
- look at the distribution of estimated abilities.

If we were testing unselected school children in grade
school, a. norm;j -distribution of ability might- posszbly be
found. When we are te;tmg highly selected groups in"college
or elsewhere, jt seems: unlikely that-we wﬂl find 2 normal
distnbut»on' ‘

"Bayesians point out that the effect of-an assumed, prior
~ becomes- unimpostant as the number of observations
bccomes htge ‘In_our context, this means that our abihty

ability scale is chosen so that all item characteristic curves,

are three-parameter normal ogives, or IG’g:Eﬁc ‘curves, it -

turns out, for my data, that ability is not. normally
distributed.

14. Although-I-an not-a market zna!yst I will'without
much risk venture two assertions. Computer. costs—if they

-have not, already done so-will come down to the point.

where. cognputqr-tmgd adaptive testing is economical. Whea
this happens, adaptive testing-will comeinto wide use, The
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McKillip and Usry pzper pruvides impurtant details on thes
subject.
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DR.BERT-F. GREEN_JR.
Jokns Hapkins University:*

Tailored testing has been talked zbuut fo1 many yean s
academic cirdles. In this conference #e have heard firm
plans for action. The promise of tailored testng is
becoming real. Numberless smulated examinees have taken
tailored tests and a substaniizl, though smalles, numbes of
rea! people have also had the experience. The use of
tailored tests will provide substantially improved efficien.y
and will have 2 number of beneficial side effects, as
mentioned by McKiilip and Weiss, among others. Tesung
conditions will be mere nearly standardized, the test will
hold the taker’s interest because each item will be 2
challehgs, possibly there will be less test anxiety, feedback
may decrease racial bias. (Weiss; Johnson, 1973)“

There will als0 be some harmful side effects, that we
may as well face. People will have trouble understanding
the system, and complaints will be frequent. Two people
with widely d&ifferent abilities will both experience getting
about half the items rights, yet get very different scores;
one will be accepted, the other rejected. If these two people
compare notes, they may be confused. The anti-testing
forces are also for the most part anti-computer, so negative
voices will be raised. Security is at least as difficult with 2
computer system as with a paper and pencil system. But
these are operationzl problems, and now is not the time to
worry about them. They will all be solved, somehow. I
merely list them to couater the tendency to believe that the
millenium is upon us.

Now iet me make one thing perfectly clear. I am 2bout
to criticize aspects of the work reported at this conl'cr nce
That is my job. But the one most importafit fagyf that
outweighs all criticism, is this. The operstional use of
tailored testing is a glant step forward in personnel
2valuation. Evidence indi.ates as much asa 2 to 1 gain in

. efficiency, and possibly some very important side benefits
I am completely convinced that this is an important stey to
take. My comments 2r¢ of two kinds suggestions for °
clarifying-and improving the thecretical basis for this big
step, and impatience at our not yet having planned further
giant steps. These steps should be justified not in terms of
‘saving money, which Hansen claims, but in terms of doing 2
better job.

Let us now consider some of the technical problems in a
computer-based system. We have heard two plans for item
analysis “on-the-fly™, as they say in the computer trade. A
~uestion arises about some of the item analysis procedures

"This work was done with support from Grant GB37520 from
the National Saence ¥ oundation. The authos 18 itndebted to Warren
S. Torgerson for many fruitful discussions of computer applications
in testing and personnel decision.

3Throughout, refesences 10 other papers i this conference are
by author only, otha: references are followed by publiation yea.
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{Ursy, Jensemz) ahuk still seem 1o be budt on-the biserial
worrelation of the stem with the ability sizle, and the
overzll proportion of correct 2nswers. These raw daia are
repmametenzed (to use zn eghy word that should be
banned from cvilized discourse) but the basic data are p,,
2nd P;. Both of these indices depend on the aotion of 2
populauen of tesi takers. Yet one purpuse of tailored
testing is 1o avoid the notion of_ population. What, for
cazmple, 1s the population for Lord’s broad-range fiexilevel
test-of verbal ability? Everycns from fifth grade to coliepe?
In taflored testing, it would seem that the jtem pzrameters
must be bzsed oa the regression of the item on the ability
scale. This sounds a little circular—peshaps it-is. Some sort
of iterative optimization process would be needed at the
start, 10 ever get the ability scale in the first place. CIff
described cne such procedure for his ordinz scale model,
an equivalent procedurz could easily be devised for the
metric model. -

Cliff's procedure also depends on a population. He goes
so far 25 to say that the purpose of a test is to rank order
the population of examinees. Sometimes it 15, but often it is
nol. Often the purpose is to categorize the exzminee a5
qualified or not qualified fur a particular job. Or even
betier, to give 2 quanutative index of the degres of
qualification. The only population we are really interested
in is the population of successful jub holders.

There are other technical probiems with Cliff’s scheme,
which he promises o solve. For example, he did not
describe what happens when a person’s stemn sesponses have
contradictory implications for other cells 1n his matrix.
Indeed his system probably tnes to avaid asking yuestions
that might provide contradictory information.

The main reservation I have 2bout the technical side of
tadured testing 1s the commitment to laten? trait theory.
The concept of a jatent ability scale is a great smprovement
over the concept of a true score. The true score model was
never a very gocd tdea, rather, it was a ssimple model that
worked pretty well But are we sure that the latent ability

“score is much better? Does the fatent trait model fit the

tests for which it is used? Is the assumption of local
independence really tenable? Suppose, for example, that
there are secondary factors in commoun among subsets of
items. How much difference would that make? Nobody
knows. )

The point ss that latent trait theory is a theory, just as
any other behavioral theory, and it needs verification.
Empisical work is needed to show that latent ability scores
work as the theory predicts. Simulated examinees will not
do studies are nceded with real people. Are the scores
ivariant oves item selections, or over samples of individ-
uals? Dces the precision of measurement really work the
way the information variable says it does? What about the
relation of validity to test length or information” Empirical
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work has been presented by Watess and othess, but whether
it supports the theory is not clear.

Classical test theory bas a curious status. most psycholo
gists and educators belizve that it is fact, not theory.
Nowhere in Lord & NovicK's treatise is these 2 saction oa
empirical verification of the theory. Actually, test theory is
a self-consistent, much-claborated theory that seems to
work pretty well For example, the Spearman-Brown
formula uswally works. Some people look upon the
Spearman-Brown formula as 2 fact. It is a fact only in the
sense that it is a logical consequence of the basic assump-
tions of the theory. So far 2s I kaow, aeither true score
theory nor latent trait thecry has been put 1o a critica! test,
as have most other mathematical theories of behavier

One final theoretical issue needs danification. The
Lterature contains resuits {e.g., Lord, 1970) indicating that
2 taZlored test is not much more effective than an ordinary
test with a peaked item difficulty distribution. The advan-
tage lies mainly in the extremes. But the theoretical and
empirical results presented in this conference indicate thata
tailored test is smuch better even in the mid-range. Wosk is
necded to clarify when a taflored test will fielp and when it
won't.

One final point about technical terminology. in the
simulation studies of Jensemna, Waters, McBride, and others,
the estimated ability U, which Is the test score in tailofed
testing, is supposed tc be neasly 6. The closeness of §'10 8
is measured both by {(Z(6 - 8)°N)%, which was called the
“standard emror™ and by rp3. which was called the
“validity™. In engineering, the former measure Is commonly
called the root-mean-square error, or RM.S. error, it is not,
after all, a standard emor, since it’s not 2 standard
deviation. Mean square error includes both error variance
and squared bias. Thus the measure is very 2ppropriate, but
it is misnzmed. To call 755 the “validity™ is much worse, it
is downright sinful. This use of the term goes back, I'm
told, to Ledyard Tucker and Hubert Brogden, but that only
proves that people in high places make mistzkes. A
different word must be used. “‘Validity™ is seriously
misleading, and has even been misinterpreted at this
conference. My own candidaie for a name for ry5 is
“fidelity™. 1 hope the in-group eithe: uses “fidelity™ or
finds another word.

Next Steps,

Now that tailored testing is about to become opera-
tional, perhaps it is time to take 2 longer-range pesspective.
Do the present developments really exploit the power of an
Interactive computer? Many scientists, in their first en-
counter with a cemputer, use the computer mainly to do
faster and peater what they were already doing before
computers, It is as if the horse and buggy industry’s
reaction to internal combustion engines had been to build
mechanicai horse. Statistical computation is a2 good case in

+ point. To a very large extent, statistics is still at the,

-
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mechaniczl horse stage 1n its uase of computers. The
statistical program packeges 2re fast sways to do old
things znalysis of variance, regression, factos 2n2lyss. Even
the few new ilings, such 2s noametsic scaling 2nd clustes-
inz, hai thels roots in precomputer ideas. Interactive
strtistical enzthods are still in theis infancy. Mostly,
interaction means replacing the control cards 11 an input
deck by questicns printed by the machine and answered by
the user on the spol. No subtle interplay of human
judgment and computer speed 3s implied.

The mechanical horse stage in computerized testing
would be an automatic test production system. Given the
chanacteristic of 2 population, the computer would select
the most appropriate items from its jtem files and wonld
print 2 sujtable test. I naively thought testing had avoided
this typical first stzge, but appareatly such systems were
built, some years2go.

Tailored testing is one step beyond the mechanical horse
stage. To be sure, the up-and-down method had seldom
besn used in mental testing, barring Binet, who didn"t do it
right, but the upand-down method is an cld standby
in psychophysics, and in seasitivity iesting generally, dating
from World War If 2ad earlier. Also, test theoreticiaas knew
that measurement was best when the itemns were ali
sufficiently difficult that the examinee got about half of
them- correct. (Actuzlly about 68% for 5-altemnative items,

Fred Lord reminds me, because of guessing) This is one -

part of the theery that none of the operational people
believed, but the theory was there. So the adaptive test was
2 patural next step in computer involvement in testing.
Still, the only use of the computer in taflored testing, apart
from the tiivial use in presenting the items «a a terminal, is
in stlecting the next item and computing ihe zbility score:
The same S-choice items are being csed, the 1iem is scored
either right or wrong, the same kinds of “traits are being
measured. Now is the time to move on, in research at any
sate, 1o better things.

Many more opportunities exist. Some have been men-
tioned at this conference. Samejima proposes that we use
the particular wrong choice of an item as partial informa-
tion. Some wrong choices zre better than others. Item
response weighting has minimal utility in_standard tests,
primarily because of the test Jength. Weighting becomes
more useful with fewer items, which is just what tailored
testing provides. In addition o Samejima’s proposal, even
more information could be obtained, when-the response is
wrong, by asking for a second try. The procedure of trying
aiternatives unti] getting the right answer goes back to the
1940’s or earlies. In those days, Science Reseasch Associ-
ates sold 2 punch board on which answers were punched
opt. Instructions were to punch out-altemnatives until the
red dot appeared, signalling the right choice. The item score
was the number of unpunched choices, except ihat omits
got a negative score. § am-told that. test scores based-on
these jtem scores were consister:tly more reliable and more
valid than scoses based on a 1-0 item scoring. The computer
terminal is an elegant punch-board! Another- possibility is
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to have_the examinee rank or sziz the 2ltermtives for
suitability. The probability assignment proposal of Shuford
et. 2L, (1966) now being tried by Weiss and his coworkersis
equivalent; though the restriction that the ratings must 2dd
to-on¢, Like probabilities, is an unfortunate compliczion
that is likely 10 have adverse operational cozseguences.
Ratings o7 rankings would be betzer.

The computer permits the use of constructed re-
sponses—fill in the blanks—rather than multiple choice.
Computer processing of constructed respoases has been
worked on in compuler assisted instruction; these tech-
niques could be adapted to the testing situation. Most. of
our present item types have evohed in 2 multiple choice
eavironment, and constructed respoases would be no help.
For example, some verbal analogies items would not work
a5 constructed responses — eg., “Brick is to building as
Jeather s o .” Others would work: “Shoe s to
foot as helmet isto_____ " The difficulty of vocabu-
lary items is controlled aimost entirely by the distractors,
so asking the examinec to construct 2 synonym would
markedly alter the item. But there is nio season why new
item types cannot evcive in the new context. Verbal
fluency is 2 natural for the computer to test, and virtually
impossitle in the multipk choice context. }

Of even more interest is the possibility of new types of
items, 2nd new types of traits. The GRIP tests of Cory are
especialiy interesting, as are Some of the items briefly
mentioned by Weiss, such as his conceptual maze. Many of
these types. can be tried on present day alphanumeric
terminals, others need graphic terminals, which ase at
present too ccstly, but which may soon be relatively
inexpersive.
~ ¥ am convinced that the potential fof new styles of
items, or contingent sets of items, is the next important
contribution of the computer. After all, we already know
how to.measure verbal 2bility and quantitative ability. The
computer merely gives us efficiency. What we need is more
information.

The computer could also be immensely helpful if we
placed less emphasis on measurement and.more on ihe

_ decision process. Instead of pmvidinﬁ a test batlery, we

could provide a decision system. Many yearsago Cronbach
& Gleser (1965) argued for the necessity of coupling the
decision process with the testing process. The computer,
and computer assisted testing, have provided an unpiral-
leled opportunity to do this. Hansen, McKiillip, & Lord have
mentioned this.

Consider the simple example of selecting among appli-
cants for a particular job or for entry o 2 particular college.
The -test’s job is to label each taker as qualified or not
qualified. This implies a cut-off'score, or at least a cut-off
region. The very well qualified and' the very poody
qualified pérsons can probably be identified relatively
quickly; most of the effort should be spent on the
_bordesline cases. To be sure, we must beware of Lord’s
Tucky “guesses, and Weiss” Iow consistency scorer, but with

’

cate, 2 efficient system can be devised that does not
measure 2ccurately at 2l evels, but oaly where it counts.

A one-dimensiona] case is cnly the beginning. Both Weiss
and Hansen have suggesied that additional savings can be
mzde when there are several relevant dimensions. Here,
progress sequires that the decision process be coupled with
the testing process to tulld a complete system. -~ i

There are many different spproaches 1o 2 persoanel
decision system. One model would treat jobs as regionsin a
space whose dimensions are specific job requirements,
specific abilities, or chzracteristics needed for the job. A

. person-is 2 point in this space, the testing problem is to

pinpoint the person’s position sufliciently accurately to be
able to list the jobs for which be is qualified, and possibly
to list these-in rank-order from the ones for which he is
most qualified 2o the ones for which he is barely qualified:
The dimensions of the job space might be abilities, or they
might not. And individual items might serve to Jocate 2
person on oniy one dimension, or items might help to
Iocaie a person in the total space. At least, there isno 2
priori reason for discarding impure multidimensional items.
Indeed such items might be especially yseful in a decision
system. .

Five years ago at a similar confesence {Green, 1970) X
said that the computer had a great future in testing. Today,
happily, it has 2 present as well as 2 future. Operational
versions of tailored tests represent a great technical achieve-
ment. Furthermore, the computer plays a central role in the
entesprise. Still, the potential of the computer has barely

been tapped. The future Les zhead.
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ANNOUNCEMENTS ..

Dr. Robert-J. Gettelfinger of Educational Testing Service
announced that-organization’s willingness to edit 2 news-
Jetter on the subject of computer-assisted testing. He asked
for suggestions as to the content of the newsletter, and for-




the opinions of the cenferees as to what subject mattes
should be covered and 2s 10 whether coniributions sherld
be entirely voluntary or should be obtained by assigning
p2pers. .

Dr David J Weiss of the Usiversity of Minnesola
announced that he will edit a2 aew joumal, Applied

Psydwlogical Measaremnent, thar sill publish empinca
sesearch on the zpplicatvn of techmgues of psychviopca
measarement Lo substanine problems @ all areas of
psychology z2nd selated disciplines such as sodology 2nd
political science. He imvited conference participanis to
submit thei1 papers 2nd piumised to send further dotadls to
all perticipants.
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