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Applications of Latent Trait Theory to the Development
and Use of Criterion-Referenced Testsl»?,3

Ronald K. Hambleton
University of Massachusetts, Amherst

The success of competency based education will depend to a con-

siderable extent upon how effectively criterion-referenced tests are con-

structed, and how the test scores are used (1) to assess examinee per-
formance levels and (2) to make mastery/non-mastery decisions. It is

common to define a criterion-referenced test as a test which is designed

to provide examince data relative to well-defined objectives being measured
by a test (Popham, 1978). ''Well-defined” means that each objective is
stated in such a way that the relevant pocl of possible test items mea-
suring an objective is clear to anyonc who makes use of tﬁe test scores
or who becomes involved in the test development process (for example, item
writers and jtem reviewers).

Up until about five years ago there was a considerable amount of
energy being expended in the development of criterion-referenced tests and
in the use of criterion-referenced test scores. However, the potential of

these criterion-referenced testing programs was not often realized

IThe project was serformed pursuant to a contract {rom the United
States Air Force Office of Scientific Research. However, the opinions
expressed here do not nccessarily reflect their position or policy, and
oo official endorsement by the Air Torce should be inferred.

Ambherst, MA: School of Lducaticn, University of Massachusetls, 1979.

3a paper presented a*t aa AERA-NCME symposium entitled "Psychometric
Approaches to Domain-Referencad Testing,”" San TFrancisco, April 1979.




-2-

either because of poorly constructed tests or misinterpreted test scores »
or both. Undoubtedly such a state of affairs existed because of the Ez
shortage of technical guidelines to aid both test developers and test .;
score users. Often the test items did not measure the intended objectives,

too few test items were used in the tests, performance standards were set 3
without due consideration of the relevant issues and/or using proper )

N
methods, and so on.

Y
<
g

s B e

Fortunately, there is no reason for the proLlems to exist anymor..
There have been a large number of very useful contributions to a criterion-
referenced testing technology and you have heard about many of these from
the other presenters at this symposium (Brennan, Huynh, Subkovizk). Such
contributions are making it possible to develop better criterion~referenced
tests and to use the scores in more appropriatc ways (Popham, 1978; Hambleton,
Swaminathan, Algina, & Coulson, 1978). For example, much is known about
steps for developing criterion-referenced tests, assessing content validity,
assembling tests, setting performance standards and assessing test reliability.

Before I lull the reader into a state of euphoria, let me be quick to
point out that many very important problems remain. For one, what are the
best methods for obtaining more accurate es .. .tes of examinees' domaln scores
(level of performance scores relative to each  jective being tested) and for
decreasing the frequency of times cxaminees are misclassified (assigned to
"non-mastery' states when they are '"masters' and assigned to "mastery' states
when they are ''mon-masters')?

e+udent mastery of objectives in a unit or mndule is often detcrmined by
an administration of a criterion-referenced test. '"Masterv'" is inferred when
a student's test performance on a set of items measuring an objective exceeds

some minimum perfoc..io:z lovol, The —lndwem ;o fo-maace level for mactery

1

is often referred to as a cutting score or passing score.

.
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In theory, criterivn-referenced test scores can be made ¢s reliable
and valid as necessary by adding additional test jtems. Unfortunately,
making a mastery—non-mastery decision on each of the objectives measured
by a criterion-referenced test often requires a considerable amount of
testing time. Therefore, it is usually impractical to consider lengthening
tests, particularly to the length that would often be necessary to accom-
plish some desired goal for reliability and validity of test scores.

Some critics have argued there is already too much criterion-
referenced testing for instructional and program evaluation pufposes. On
the other hand) some increase 1in testing time can be defended on the
grounds that test response data is closely tied to the objectives defining
a curriculum and that the data are used to monitor student progress.
Nevertheless, it scewms clear that research is needed on procedures offering
potential for reducing testing time without reducing the quality of
decision-making from test score results,

The use of Bayesian statistical procedures represents one promising
method for reducing testing time and/or improving the quality of mastery
decisions (Hambleton & Novick, 1973; Novick & Jackson, 1974; Swaminathan,
Hambleton, & Algina, 1975). This method is particularly appealing
because it requires no change from the most common methods of test admin-
istration. Improvements in decision maliing are attributable to the wutil-
ization of information ignored by non-Bayesian procedures. Bayesian proc-

dures maj; use not only the direct information provided by an examince’s

test score, but they also wmake use of collateral information contained in

the data of other examinces and of prior information on othor relevant

datoe “hat ave available on the examince (e.g., test scores from other

SOt o """'JY'S(“).
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In one simulation study Hambleton, Hutten, snd Swaninathan (39/0)
compared several Bayesian estimation procedures with several classical
procedures for éssessing student mastery and making instructional deci-
sions. They reported modest gains from use of the Bayesian estimation
procedures. On the negative side, Bayesian statistical procedures are
based on restrictive assumptions, and robustness of the procedures has not
been studied extensively. Also, some individuals feel that the utiliza-
tion of group information to influence individual mastery estimates is a
contradiction of one of the fundamental postulates of objectives-based
instruction, that is, ecach student is judged on his/her own merits; thus,
mastery decisions should not depend on the performance of other students.

There is a sccond solution to the problem sketched out earlier
(and other testing problems). This solution involves the use of latent
trait theory (lord & Novick, 1968; Hanbleten, Swaminathen, Cook, Eisgnor,

& Cifford, 1979). Considerable research has been done with latent trait
models and concepts and many applications to testing have been high]y
successful but relatively little specific attention to criterion-

referenced testiug problems has been given. Specifiic attention is important
because norm~referenced tests and criterion-referenced tests are con-
structed, analyzed, and test scores interpreted in fundamentally diffcrent
wvays (norm-referenced tests are constructed to facilitate comparing onn
persun with another on the ability measured by a test; criterion-referenced
tests are constructed to determine examinee level of perforinance relative

to the objectives measured by the test) and therefore latent trait theoretic
results which apply to norm-referenced tests will not nccessarily apply to
criterion-referenced tests. Unfortunately, mucbh of the rescarch and
develcopmoent work has becen done with respect to norm-referenced tests (see,

for example, work by Hambleton et .al., 1979; Lord, in press; Weiss, 1978).

_



Purposes of the Study

Two impcortant technologies have emerged in the last ten years which
have considerable potential for improving the assessment of individuals.

The first, criterion-referenced testing technology, is the better known of
the two, and is being used throughout the country in a variety of ways

(for example screening of students, monitoring student progress in courses,
assigning student grades, and licensing and certification). Nevertheless,
many technological problems remain and therefore these mew criterion-
referenced testing programs are not achieving their full potential. The
second, latent trait theoretic technology, has developed more slowly,

but is now being used in many types of testing programs. A cursory glance
at the 1979 AERA and NCME annual meeting program will quickly substantiate
the extensive use of latent trait models. There is one notable excepticn.

It is not being used in any extensive way with criterion-referenced tests.
This is unfortunate because latent trait models and concepts have lead to
many important norm-referenced test developments (see, for example, Hambleton
& Cook, 1977), and appear to have the capability of resolving some of the
technological problems associated with the construction and uses of criterion-
referenced tests.

The goal of this paper is to consider latent trait theory as a frame-
work for resolving some of the technical problems associated with criterion-
referenced tests. Specifically, (1) a brief introduction to latent trait
models and concepts is offered, (2) features of latent trait models which
have special relevance to criterion-referenced testing are considered, (3)
several applications ol latent trait models arc introduced, and (4) con-
clusions and suggestions for further research are provided. The four

sections of the paper correspond to the four specific purposes outlined above.
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Brief Introduction to lLatent Trait Modcls and Concopts

A theory of latent traits supposes that, iv. testing situstione,
examinee perforuance on a test can be predicted (o1 explained) by
examinee characteristics, referred to as traits. Scores for examinees
on these truits arc estimated and used to predict or eyplain test per-
formance (Lord and Novick, 1968). Since the traits are not directly

measurable, they are referred to as latent traits or abilities. A

latent trait wmodel specifics a relationghip betwoen the obhservaule
examinee test perifornance and the unobcervable traits or abhilities as-
sumed to underlile performance on the test. The relationship Letween

the "observable" and the "unobservable'" quantities is described by a

matbematical function. The concept of a "latent trait,” and a "domain
score"” in thecontext of criterion-referenced measurement are the same, The
relationship is an algebraic one and is specified by the "test character-
istic curve,” a term which will be defined later.

When cclecting a perticular latent trait model to apply to one's
test data, it is necessary to consider whether the data satisfy the
assumptions of the model. If they do not, different test models shoulu
be considered. Alternately, some psychometricians (for example, Wright,
1968) have recomnended that test developers design their tests so as to
satisfy the assumptions of the particular latent trait model they are
interested in using. In this way, the advantages of the particular

latent trait wodcl of interest can be utilized.

The three fundamcntal assumptions underlying the most commonly used




latent trait models are: The unidimensionality of the test items, local
independence, and the mathematical form of the item characteristic curves.
Each of these assumptions will be discussed briefly. Two other importanc
topics will also be considered: Item and test information curves, and

efficiency.

The Assumption of Unidimensionality

The assumption of a unidimensional set of test items is a common
one for test constructors, since they usually desire to construct uni-
dimensional tests so as to enhance the interpretability of a sct of test
scores (Lumsden, 1976). This is certainly the case with criterion-
referenced tests since a key characteristic of a good criterion-referenced
test is the interpretability of scores derived from the test.

Lumsden (19061) provided an excellent review of methods for construct-
iﬂg unidimensional tests. He concluded that the method of factor analvsis
held the most promise. Fifteen years later he reaffirmed his conviction
(Lumsden, 1976). Essentially, Lumsden recommends that & test constructor
generate an initial pool of test items selected on the basis of empirical
evidence and a priori grounds. In the jargon of criterion-refecrenced
mecasurcment, items are written to match domain specifications and arc dis-
carded when it can be determined that they are invalid for their intended
purposes. Such an item selection procedure will increase the likelihood
that a unidimensional set of test items within the pool of items can be
found. If test items are not presclected, the pool may be toeo heterogencous
for the unidimensional set of items in the item pool to emerge. In Lumsden's
method, a factor analysis is performed and items that arc not measuriag

the dominant factor cbtained in the factor solution are removed. The




remaining items are factor analyzed, and apain, "deviant' items are
removed. The process is repeated until a satisfactory solution is ob-
tained. Convergence is most likely when the initial item pool is
caretully selected to include only items that appear to he measuring a
common trait. Lumsden proposed that the ratio of first factor variance

to second factor variance te used as an

'index of unidimensionality.”
Rejected test items should be studied to datermine the possible basis

for their misfit. In some instances, it ray be necessary to rewrite

the domain specifications to reflect the test items whicn remain.

Local Indeperisnce

The second assuwptinn s that of Joczal jnaependeace.  The feouin.

tion ctates tuat the tesL item rosponacs of a given cvaminee ore ctatie-

tically Indeperndent,  Thie meaus that an exmnlrce's performance on one

item doco not offeect his or her pevfcrmince ou ather items it the test. I

result would be oblained if the test itcows ucasuie a single chiidity.,

Item Characteristic Curves

Au iter: characteristic curve is a wathenatical functdion that redoto.

I

the probablility of success on an item to the ability measured by the sct
contained io the test, There is nc concent couwparable to the

notlion of an itcw characteristic curve in  tandard test techuoology. A
primary distinction among diffcrent latent trait nodele i3 in the matlies
matical form cf the correcponding item characteristic curves, 3t g up
to the user to choose one of the many mathematical forms for the shape of
the item characteristic curves. In doing so, an ansurpllon ahoatr the

items is being made which cau be verifled later by tow well the chosen

model "explains'” obtained test results.

I

i
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Eacn item characteristic curve for a particular latent trait model
is a mewber of a family of curves of the same general form. The number
of parameters required to describe an item characteristic curve will

depend on the parricular latent trait model.

The mathematical expression for the three-paraneter logistic curve

is:
Da_ (8-b,)
Pg(e) =, * (l-cg) Lc"%??é%? , g=1, 2, ..., n,
l+e g &
wiere:
P (3) = the probability that an examinee with ability level ©
B answevrs item g correctly,
bg = the item difficulty parameter,
a, = the item discrimination parameter,
and
D = 1.7 (a scaling factor).
The paramater Cu is rhe lower asvopt-.tc of the item characteristic
cutve and repsresents the probability of exaninees with low ability

correctly answerine an item. The paramoter g is included in the model

to arcount {or test response data at the low end of the ability continuum,
whelre 2monz other things, guessing is a facter in test performance. 1t

is now common to rYeler to the paramcter g as the puseudo-chance Tevel
paramcter in tne wodel.

¢, assumes values that are smalier than the value that

would recu.t ir

.inees of low ability were to fucss randealv to the

v

item. As Lord (1%/.) has noted, this phenomenon can prodably be atori-

buted to the jngenuity of item writers in developing "attractive' but
. . s . . - N N 1 L
incorrect choices. For this reason, avoidance of the label "guussing

paramcter” to dewcribe the parameter ¢, is desirabic.
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The popular "Rasch model" or one-param:ster logistic test model can
be obtaincd from the three-parameter logistic model bty making two assump-
tions about *he test data: (1) the amount of guessing is minimal, and
(2) items included in a test are equally discriminating.

Itenm characteristic curves for several latent trait models are pre-

sented in Figure 1.

Ttem and Test Information Curves

Once a latent-treit rnoadel de speciii thr precicior vith wnirk
it egtivates eraminee abliity can be detervined,  Bisabaur (1963) defines

the votier of anformation as o quantiry Suves oy pro

ortionzl to the

squnred length of the coufidence “ntervetl oioond on ectinare of an exnaniced’

ahility. The standard error of estimate ¢f ohility d¢ equal to 1/ o e
Wacn infornation at an ability level is high, we have narrov coulidence
bunds avound cur estjuates. L infevuation s Yow, we ltieve wider confdi-

dence bLands, because the infarmation fouction variecws with gbiliny level,

it hae hec

Losuppeated that teot dnforwatioa covven ouph! Lo reprace the
usc of classical reliability estimates aud stindard evrove of veaturonent
in test scorc Interpretations.

Ju rathematicll termws, Birnboave (VC05) oves the dnformation curve

of & gilven sceiing formula by

. 2
(5 )
l,(@) -/

5 wipQ,

To the exprecsion above, Iy(e) ie the ancunt of inforwation at chility

level € prcvided by the scoring formula v, whare
1% ) & )

y - Z w Xy




Pg(08)

o

Pg{8)

0

Pg (G}

o)

Pg{8)}

o]

'T

-11-

Figure | Seven exomplse of itom chorocteristic curves.
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the variable Xg is 0 or 1 Jcepending on whether or not item g is answered

. correctly; Pg is the probability of a correct an-wer tou item g by an
examinee with ability level 6; Qg is equal to 1 - Pg: P' is the slope of
the item characteristic curve at ability level 8; and the item scoring

ey N

welights are wg, g =1, 2,

Birnbaum (1948} has showmn that the maxioum value of 1 (0), referrec
J

to as the test Information curve, is given by

n p'2 .
e = )1 G 1]
g=) £°8

The maximum value of the information curve of a pive:n scoring farmula

1s obtained wiaeu the scoring weights are chosen, such fhat

Pl
v = B

g Y
SQZ

The quantity Pé2/PgQg is the countribution of itew g to the
information function of the test and is referred to as the jtem
information function. Ttem information functions have an Jrportant
role in determining the accuracy with which ability is estimated al
difierent levels of 6. Each item information curve depends on the slope
of the particular item characteristic curve and the conditional variance
of test scores at each ability level 8. The higher the slope of the jtem
characteristic curve and thie smaller the cenditional variance, the higher
will be the item informatiou curve at that pavticular ability level.

The height of the item information curve at a particular ability level

{s a direct measure of the usefulness of the item for precisely measuring

ability at that level,
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1e informaticn function for the tect cemposed of the items iz ob-

tained by summing the ordinates of the item inforuation curves. Frow
Equation [1] it is clear that items contribute independently to the tesnt
information function. BRirnbaum (1968) has also shown that with hie

three-parameter model, an item provides maximum information at an ability

level 8, where

c 1 —
= crmem e O (1 - 1 £~ )
6 bg"1.7 g“"’cl/?‘ (14 1+ 82 ),

If guessing is minimal, then o = 0, and & = b |

Figures 2 to 5 show ten item characteristic curves and corresponding
item information curves. The influence of the pseudo-chance level parameter
is clear from the figures: When cg>0, (1) the lcwer asymptote of the item
characteristic curve is different from zero, (2) less information is
obtained, and (3) the point of maximum information is shifted to a some-
what higher ability level. Figure 8 shows the calculation of a test
information curve from five item information curves. In passing, perhaps
it should be noted that when item parameter estimates are used in place of
item parameters, test information curves are called '"score information

curves' by Lord (in press).
Efficiency

A concept closely related to test luformation is the concept. of
cfficiency. An efficiency curve is formed by calculating the ratio of two
information curves at different points on an ability continuum. The cf-

ficiency curve provides a measure of the relative effectiveness of two
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tests (each characterized by a different information curve) for measuring

ability. In test development work it is common to compare the efficiency

of different test designs (i.e., tests composed of different items) for
measuring ability at different locations on the ability continuum. Whereas

the shapes of test information curves depend on the metric chosen for

measuring ability, efficiency curves do nct, and therefore they are parti~

cularly useful in test development work.

The process of determining the relative efficiency of two tests
is emploved more often as part of the analysis of existing tests than
as a part of the test development process.

The distinction between test analysis and test development has been
made by Rentz and Bashaw (1977). Basically they define the test devel-~
opment process as one that allows items that do not fit the model to be
discarded, whereas in test analysis applications, 'tho wodel becomes
fixed and data arc in effect 'fitted' to it.'" The distinction made by
Rentz and Bashaw between test development and test analysis is a useful

one,

The Ability Scale and
Test Characteristic_Curves

If we were to administer two criterion-refcrenced tests, that
measured the same objective (or objectives), to the same group of examineces,
and the tests were not strictly parallel two different test scorc distri-

buticas would result. The extent of the differcnces between the two distri-

butions would depend, among other things, on the difference between the
difficulties of the two tests. Unfortunately, therc is no basis for pre-

- ferring one distribution over the other. What this example reveals is that,
in peueral, the test score distribution provides no information about the

distribution of ability scores.

—:--------IlIllllllllllllIlllIIlllIIllllIIIIIllllllllllllllllllllllllllllllll
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The problem occurs because the rav-seore coits Droa coch e o
unequal and different. On the other hand, the scalec oun which ability
scores are measured is one on which examinees will have the same ability
score across non-parallel tests measuring a common ability. Thus, cven
though an examinece's test scores will vary across won-parallel forms of
a tcst weasuring an  ability, the expectcd»abiljty for an
exaninee will be the same on each form.

Most measurement specialists are familiar with the concept of domain
score, the expected test score (on a sample of test items) for an examinee.

What is the relationship between domain scores and ability scores? The

the ICC's, provides the relationship. This is easily seen from the follow-

ing argument. Consider the proportion-correct score, 2 %_. Then
n
E(Z]0) =& £ P _(0), (2]
n g
g=1
1, - '
Var(z|6) = 52 I P_(8) Q,(8). [3]
g=1 g g

E(Z{8) is the test characteristic curve (scaled by 1/n) introduced ecarlier.
It is the sum of item characteristic curves for items included in the test.
Suppose next we lengthen the test by adding an infinite number of parallel-
forms. By definition, E(Z!G) = 1, the domain score. Also Var (E}&)» 0,

as n + =, and so ™ and 6 will be related by a monotonic increasing trans-

formation which is the test characteristic curve. Clearly then, the two

concepts, 7 and 6, are the same, except for the scale of measuremcnt used
to describe each. One important diffcrence is that domain score is defincd
on thz interval [0, n] or [0, 1] whercas ability scores are usually defined

on the interval [~», +=],




“
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There are other differences between doumain scores und ability scores.
A domain score is defined for each sample of test items. It is the ex-

pected test score for an examinee. An examinee's domain score will vary

across non-parallel measures of the same ability. On the other hand,
ability score is defined for a "pool" or "universe" of items measuring a
single ability. An examinee's domain score in different samples of items
would (in general) vary. However, ability score is defined in terms of
the "pool" of items from which the sample was drawn. Latent trait models
specify relationships between examinee item performance and ability, and
so it is always possible to "transform' examinee performance on a parti-
cular sample of items (defining a test) onto an ability scale defined for
the large "pool" of test items. Thus, while an examinece would have (in
general) a different domain score for each sawmple of items drawn from the
pool and would obtain different test scorces in each sample of items, the
expected estimate of examinec ability from cach sample of test items would
be the same. More will be said about this important relationship later.
Ability scores can be used with item characteristic curve param-
eters for items included in a test to estimate examinee test perf{ormance,

Recall,

Thus, ability ccores provide a basis for content-referenced interpretotions
of exaninee test scorcs. When the quantities in Yquation [4) arce scaled
by 1/n, u(x/n!o) represenis the expected b:oportion of ditems in a test

that an c;amincv will answer correctly and this iaterpretotion will have

- meaning repardless of the test performance of other examinces. Of course,

ability scores provide a basis for norm-referenced interpsretations as well.
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Spcecial Features of Latent Traii MNodels

When latent trait models fit particular data sets, three advantages
are obtained. Perhaps the most important advantage of latent trait models
is that, given a set of test items that have been fitted to a latent trait
model (that is, item parameters are known), it is possible to estimate an
examince's ability on the same ability scale from any subset of items in
the domain of items that have been fitted to the model. (0Of cource, the
domain of items nceds to be homogencous in the sense of measuring a single
ability. 1If the domain of items is too hoterogencous, the ability estimates
will have little meaning.) In fact, regardless of the number of items
administered (as lony as the number is not too small) or the statistical char-
acteristics of the items, the ability estimate for each examinee will be
an asymptotically unbiased estimate of true ability, provided the latent
trait model holds. Ability estimation jindependent of the particular
choice (and number) of items represents one of the major advantages of
latent trait models. Hence, latent trait models provide a way of comparing
examinees even though they may have taken quitce different subsets of test
items. In latent trait models, the difficulty of items is accounted for
by the model and reflected in the ability estimates. Thus, two students,
who receive identical scores on an easy and difficult subset of the test
items, respectively, will differ in their ability estimates (the second
student will receive a higher estimated score than the first).

Another advantage of latent trait models is that item paramcters
are invariant across sub-groups of examirces chosen from an exanined popu-
lation. 1In principle, item paramecters should remain the same, regardiess ol
the subgroup tested. Invariant item parameters have been sought bv measurern.
specialists for a long time; their advantages are obvious for test develop-

ment work. Certainly classical iten statistics, such as item difficulty

S RIRIRNNN__———— |
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will vary from group to group, depcending upon the averare auility of the
group being tested. This invariance property is shown graphically in
Figure 6.

Yet another advantage is that they provide a measure of the precision
of ability estimation at each ability level. Thus, instead of providing a

single standard error of measurement that applies to all examinees,

regardless of their test scores, latent trait models make it possible to
provide scparate estimates of error for each examinee or for each ability
level.

Examinee~frec item statistics are especially useful in "item
banking' and criterion-referenced test developrent. ltem-free ability
estimates permit the "'tailoring' of tests to individuals and situations.
The concepts of information and efficiency are useful in both test
development work and determinacion of precision of ability score estimates.
Seme of tne applications will be considered in the next section of the
paper.

But also, it is now time to consider the price which must be paid
for the Ypends' which are "delivervd" via latent trait models. First,

the specicl features will only be cohtained when there is a reasonihly

6s5e match belween the researcher's latent trait model and his/her datas.

9}
—

How close?  That questicn is currently under study by many researchers.
Second, it is unlikelw that the fcaturcs will be obtained with "short"

tosts.  Hard figures are difficult to come by but it would appear that
& h. Pl

re

tests of 15 or more items are requircd. Also, sample sizes of 200 or
more evaminees will be rvequired to produce stable item statistics with

the one-paramcter model and somewnat larger samples are required with the

two- and threc-parameter logistic test models (Swaminathan & Gifford, 1979).
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Other practical problems include (1) the training ¢ practitioners to use
these models, aud (2) the handling of examinces who get ''rejected" he-

cause their test scorws are too high or too low.

Applications

Item Banking

The developrnent of criterion-referenced testing technology has
resulted in the increasing importance of item banking (Choppin, 1976).

"stored" with known item

An item bank is a collection of test items,
characrerisrics and made available to test constructors. Depending on the
intended purpose of the test, items with described characteristics can be
drawn from the bank and used to construct a test with known properties.
Although classical item statistics (item difficulty and discrimination)
have been empleyed for this purpose, they arc of liwmited value for de-
scribing the items in a bank because these statistics are dependent on the
particular group used in the item‘calibration process. Latent trait item
paraneters, however, do not have this limitation, and consequently are of
much greater use in describing test items in an item bank (Choppin, 1976;
Wright, 1977). The invariznce preperty of the latent trait item parameters
makes it possible to obtain item statistics that are comparable across
dissimilar groups. Let us assume that we arc interested in dcscribing
items using the two-parameter logistic test model. The single drawback

is that because the mean and staundard deviation of the ability scores are
arbitrarily establishied, the abiiiLy score metric is different for each
group., Since the ite¢rn pararmeters depend on the ability scale, it is ot

possiblc to directly compare latent trait item parameters derived from
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difierent groups of examineces uantil the ability sceles are cquatea in

some way. Fortunately, the problem is not too hard to resolve since Lord
and Novick (1968) have shown that the item parameters in the two groups
are linearly related. Thus, if a subset of calibrated items is admin-
istered to both groups, the linear relationship between the estimates of
the item paramcters can be obtained by forming two scparate bivariate
plots, one establishing the relationship between thc estimates of the item
discrimination parameters for the two groups, and the second, the relation-
ship between the estimates of the item difficulty paramcters. Having
established the linear relationship between item parameters common to the
two groups, a prediction equation can then be used to predict item
parameters for these items not administered to the first group. In this
way, all item paramecters can be equated to a common group of cxamineces

and corresponding ability scale.

Test Development

The important differences betwecen developing tests using standard
methods and methods based on latent trait theory occur during the {ollow-
ing steps: (1) Item analysis, (b) selection of test items, and (c) reli-
ability assessment.

Item analysis techniques involve (1) the characterization of test
items and (2) the usc of statistical information for revising and/or
deleting test items. The major problem with item statistics (item diffi-
culty and discrimination) derived from standard item analyses is that
they arc sample dependent.  This problem is overcome by characterizing

items in torms of latent trait parameters.
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Latent trait theory not cnly provides the test developer with sauple
invariant item parameters but also with a far more powerful method of item
selection (Birnbaum, 1968). This method involves the use of information
curves, i.e., items are selected depending upon the amount of information
they contribute to the total amount of information supplied by the test.
One of the useful fecatures of item information curves is that the contri-~
bution of each item to the test information function can be determined
without knowledge of the other items in the test. When standard testing
technology is applied the situation is very different. The contribution
of any item to such statistics as test reliability cannot be determined
independently of the characteristics of all the other items in the test.

Lord (1977) outlined a procedure, originally presented by Birnbaun
(1968), for the use of item information curves building a test to meet
any desired set of specifications. The procedure employs a pool of cali-
brated items, with accompanying information curves, such as might be ob-
tained from the item banking methods previously described. The procedure
outlined by Lord consists of the following steps:

1. Decide on the shape of the desired test information curve.

Lord (1977) calls this the target information curve.

2. Select items with item information curves that will fill up
the havd--to-fill aveas under the target information curve.

3. After each item is added to the test, calculate the test
information curve for the selected test items.

4. Continue selecting test items until the test infermation curve
approximates the target information curve to a satisfactory

degrec.




Examples of the application of this technique to the development of tests
for differing ranges of ability (based on simulnted dita) are given by
Cook and Hambleton (1979). Some results from their study are reported

in Figure 7.

An excellent discussion of item selection, as it pertains to tests
developed according to Rasch model procedures, is presented by Wright
and Douglas (1975) and Wright (1977). The item selection procedure
basically consists of specifying the ability distribution of the group
for whom the test is intended and then choosing items such thar the dis-
tribution of item difficulties matches the distribution of abilities.
This procedure is equivalent to that originally introduced by Birnbaum
(1968), since in this case, .ne item information curves depend only on
the difficulty parameters.

In latent trait theory test information curves replace the
familiar concepts, reliability and standard error of measurcment. The
use of the test information curve as a measure of accuracy of estimation
is appealing for at least two reasons: (1) Its shape depends only on
the items included in the test, and (2) it provides an estimate of the

error of measurement at each ability level.

Test Score Interpretations

One primarv use of a criterion-referenced test is to obtain an

~f an examinee's level of wastery (or "ability™) on an objective.

ectirat

33

Thus, a straightforward application of one of the latent trait models
(the assumption of unidimensionality would not likely be a prohlem) would
produce examinee ability scores. Among the advantages of this applica-
tioa would be that items could be sampled (for cxample, at random) from
an item pool for cach cxaminee, and all exaninec ability estimates would

be on a common scale.
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Since iteun parameters are invariant acrovs groups o1 cieninees, i
would be possible to construct criterion-refercenced tests to "discriminave™
at different levels of the ability continuum. Thus, a test developer
might select an "easier" set of test items for a pretest than a posttest,
and still be able to measure "examince growth' by estimating cxamince
ability at each test occasion on the same ability scale. This cannot
be done with classical approaches to test development and test score
interpretation. If we had a good idea of the likely range of abilitwy
scores for the examinces, test items could be sclected so as to maximize
the test information in the region of ability for the examinees being
tested. The optimum selection of test items vould contribute substantinily
to the precision with which ability scores were cstimated. Jn the cavn of
criterion-refercnced tests, it is cowaon to observe lower test perficricvee
on a pretest than on a posttest; thercfore, the test constructor could
select the easier test items from the domain of items measuring an ob-
jective for the prctest and more difficult items could be sclected fov
the posttest. This would enable the test constructor to maximize tho
precision of measurement of each test in the region of ability where thue
cxaniueces would most likelv be located. Of course, i{ the assumprica
about the location of ability scores was not accurate, gains in precision
of measurement would not be obtained.

The results reported in Tables 1 to 4 show clearly the advantaos
of "tailoring" a test to the ability level of a group. Of course, the
potential iuwprovements depend on the validity of a test deveioper's
assunption about the examince ability distribution. If he er she usces aa
incorrect prior distribution as a basis for designing a test, the resuiting

test will certainly not have the desired characteristics.
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A second important use of criterion-referenced tests is to produce
examinee test scores that can be used to obtain "domain score estimates.”

Al

Much has already been made of the "item-free'" ability estimates which are
derivable from latent trait models. However, while ability estimates

have the definite advantage of belng "item-frece," ability scores are
neasured on a scale which appears to be far less useful to practitioncrs
than the domain score scale. After all, what does it mean to say, & = 1.5?
Domain scores can be defined on the interval [0, 1] and provide inforna-

tion about examinee levels of performance (proportions of content mastered)

relative to the objectives (described by domain specifications) measuied

aea)

on the test. As long as the test items arc a representative sample o
test items from the domain of items from the donaiu of itects measuring
an objective, the associated "test characteristic curve' (or more correctly,
the "score characteristic curve'") can be used to obtain dcnain score
estimates {roun ability score estimates. When a non-represcentative set
of test iterns is incleded in a test, cwaminec performance on the set of
test items is used to estimate examince ability and the score information
curve for the total pool of calibrated test items measuriug an objecrive
is used to estimate domaln scores from ability scores.

Figure 9 provides a graphical represcntation of the procedure

outlined.
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I will briefly introduce one additional criterion-

refercnced testing problem which prebably can be resolved by using
Jatent trait models @nd concepts. It is common for instructoers

to change their tests {rom one group of cexaminees to the next, This

is often done to improve the tests, to insure test securjty, to reflect
minor adiustments in courses and so on. The problem is to insure that
the staudards of performance required of students across the different
versions of a test ave the sore. The {act that a candidate must achiove
a test score of (say) Y0% on either test to receive a passing scorve does
not guarantee the equivalence of the two tests.  For exawple, 1t may
turn out that onc test is somewnat easicr than the other., Required is
arethod [or "equating” scoves freom one test Lo another. Equating ol toest
scorgs will improve the usability of the derived scores for individuad
interpretations and course evaluations., Equating of test scores on
norm-ro{erenced tests hias occupicd a great deal of sttention and much
useful work has been done. Currently, most test scorce equating is heing

3
!

done via the use of latent trait models (the one- and tnrce—-paranetnr

logiatic test models are the most popular). In fact, there is evidence
to suppest that latent trait wodel approaches to equating are often far
superior to classical rerhods.  However, with eriterion-refevenced tosts
we often have relatively short tests cad modest numbers of examinees and
therefore latent tiait nodel equating wethods neced to be developed for

use in thin specinl testing situstion. 7o date, equating studiecs have

often been done with rather lTavyy: wushers of exanminecs and test itoms.
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The exploration of latent trait models ard their application to
educational testing and measurcucent problems has been under study for
about ten years now. Certainly there are many problems requiring
resolution but enough is kunown about latent trait models to use then
successiully in solving many testing prollems. With respect to the
field of criterivon-referenced testing, the task as I sce it is one cf
identifying those problems which can be handled by latent trait nodel
technolopv rather than wihetnur or not the technelogy should te used.

On the positive side,

1. Latent trait nodels appear to provide an ¢xcellent basis

for equating non-parallel forms of competcncv tests at

the district and state level.

2. Several useful computer programs exist to carry out re-
quired analyses.

3. Secveral now textbooks and articles are now available to
the interested practitioner (Hanbleton, Lord, Wright &

Stone, and Warm, to nanc four).

4. Other prondsing applications of latent trait models are in
the areas of adaptive testing, item bias, test developreut,
and test score 1interpretations. For example, Weiss and
his colleaguers at the University of Minnesota have some
impressive results on the effecte of adaptive testing in rhe
arca of criterion-refersnced testing. bob Rentz and hiis
colleagues at Geurgia State University are doing some ex-
cellent work on the study of test <core reporting systems.

Oa the otuer hand,

1. I see little reason to recommend the use of latenrn trait
models in doilv classroonm managorent of students. Latent
trait models will offer Little iiove than a heacdache to
classroon teachers. Because (1) criterion-reicronced
tests are typicallvy short, (2) sarple sizes are small
(although item banks mav reduce the inmportance of this
factor), (3) the rcquired time for trainines of teachers
in a new gystem of morosurcement would be oxteasive, and
(4) any gains in measurcment precision that might accrue
would be marginal, T cannot recorond applicaticas in this
particular area.
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2. No data sot will cver be fit pericoity B0 model,
What is not known is how much misrit can be tolerated
by a model and still have any advantages of the model
hold in practice. Latent trait rodels are strong,
i.e., based on restrictive assumptions, and therefore
this general area requires considerably more research.

The viability of latent trait models for i{est development work
is clear but more effective implementation could be achieved if secverzl
questions were satisfactorily answered:

1. The choice of a modcl is one question. At the test devel-
opment stage, the practitioner has the option of developing
items to fit a spccific latent trait model. It would greatly
facilitate the test developrent process, il practical guide-
lines existed that provided a logical basis {for making this
choice.

2. A sccond question concerns the rcason for item misfit. At
the present level of technical sophistication, the test
developer, faced with a misfitting item, can do little more
than subjectively examine the item and hope that the reavon
for misfit will be apparent.

3. The prodlem of determining whether or not a pool of itecuws can
be considercd unidiwensional in sn iwmportsnt one. Tactor
analytical techniques are often used for this purpose but
there arec problems (Hambleton et al., 1979; Lord & Novick, 1968).

4. One areca of current interest inwvolves Lhe equating of a
criterion-raferenced test to a norm-referenced test so that
CRT scores can be reported in terms of a norm-referenced
francwork without actually carrying out & national norming
study. Such an equating study is often discussed within the
context of Title I evaluations. Legal is:sues aside, how best
to do the equacing is not clecar {(for example, how large ond
represenlative a sample of examinees is necded?) nor is the
minimum size of the correlaticon between the two scts of scores
which is neecded to insure a stable eguating known.

Hunerous test developers arce now considering the use of latent trait
models in their work. Hopefullv this paper will provide some newconmers to

the arca with a suitable introduction to the topic.
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