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Applications of Latent Trait Theory to the Development
and Use of Criterion-Referenced Testsl,2,3

Ronald K. HYabZeton

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 examinee 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 pool of possible test items mea-

suring an objective is clear to anyone who makes use of the test scores

or who becomes involved in the test development process (for example, item

writers and item reviewers).

Up until about five years ago there was a considerable amount of

energy being expended in che 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 performed pursuant to a contract from the United
States Air Force Office of Scientific Research. However, the opinions
expressed here do not necessarily reflect their position or policy, and
n, official endorsement by the Air Force should be inferred.

2 Laboratory of P'svc hontric an(' Evaluative Research Report No. 91.
Amherst, M.: School of Education, Univeruiity of assachusetts, 1979.

3A paper present-d a an AER_-NCME synposium entitled "Psychometric
Approaches to Domain-Referenced Testing," San Francisco, April 1979.
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either because of poorly constructed tests or misinterpreted test scores

or both. Undoubtedly such a state of affairs existed because of the

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

without due consideration of the relevant issues and/or using proper

methods, and so on.

Fortunately, there is no reason for the problems to exist any-mor,.

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, Subkoviak). Sucil

contributions are making it possible to develop better criterion-referenced

tests and to use the scores in more appropriate ways (Popham, 1978; Hambleton,

Swaminathan, Algina, & Coulson, 1q78). 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 if 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 .es cf examinees' domain scorns

(level of performance scores relative to each jective being tested) and for

decreasing the frequency of times examinees are misclassified (assigned to

"non-mastery" states when they are "masters" ind assigned to "mastery" states

when they are "non-masters")?

'-4'ent mastery of objectives in a unit or module iq often r-.ermined by

an administration of a criterion-rtfeLenc' test. "Mastery" is inferred when

a student's test performance on a set of items measuring an objective excceds

somp minimum perf ,. ............. .....- -. cc -cvcl tor mactery

is often refcrred to as a cutting score or passing score.
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In theory, criterion-re fcrenced test ,corm coi, be i;i;ele zis reliable

and valid as necessary by adding additional test items. Unfortunately,

making a mastery-non-mastery decizion on each of the objectives measured

by a criterion--referenced test often r-quires 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 purposes. On

the other hand, some increase in 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 seems 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 (Hableton & Novick, 1973; Novick & Jackson, 1974; Swaminathan,

H1ambleton, & Algina, 1975). Thi5; method is particuliarly appealing

because it requires no change from the most common methods of test admin-

istration. Improvements in decision making are attributable to the itil-

ization of information ignored by non-Bayesian procedures. Bayesinn proc-

dures ma. use. not only the direct informati-on provided by an examine?'s

test score, but they also make ase of coJlatern. inlorma ion containled in

the data of other ex.aminees and of prior information on oth,r relevant

data rL ie avaiiale on the examinee (e.g., test scores from other

€;o , .,-. L L ' 
'

' r segt)
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In one simulation study 1ai:b] eton, HuL ten, : ,lid mJnthan ( 9/(.)

compared several Bayesian estimation procedures with several classical

procedures for assessing 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 itiliza-

tion of group information to influence individual mastery estimates is a

contradiction of one of the fundamental postulates of objectives-based

instruction, that is, each student is judged on his/her own merits; thus,

mastery decisions should not depend on the performance of other students.

There is a second solution to the problem sketched out earlier

(and other testing problems). This solution involves the use of latent

trait theory (Lord & Novick, 1968; Hambleton, S:aminathan, Cook, Eignor,

& Gifford, 1979). Considerable research has been done with latent trait

mode)]s and concepts and many applications to testing have been highly

successful but relatively little specific attention to criterion-

refereonced testing problems has been given. Specific attention is important

because norm-referenced tests and criterion-referenced tests are con-

structcd, analyzed, and test scores interpreted in fundamentally different

ways (norm-referenced tests are constructed to facilitate comparing one

person with another on the ability measured by a test; cri terion-refeienced

tests are construc ted to determine examinee level of performance relative

to the objectives measured by the test) and therefore latent trait theoretic

results a,,ich apply to norm-referenced tests will not neces;arily apply to

criterion-referenced tests. Unfortunately, mu'ii of the research and

de. cpment work has been done with respect to norm-reforenced te;ts (2e,

for example, .ork by Hambleton et al., 1979; Lord, in press; Weiss, 1978).
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Purposes of the Study

Two important 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 new criterion-

referenced testing programs are not achieving their full potential. The

second, latent traLt 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 exception.

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 of latent trait models arc introduced, and (4) con-

clusion,; and suggestions for further research are provided. The four

section; of tle paper correspond to the four specific purposes outlined abov,'.
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Brief Irntroduction to Latent Trait .od,:] x.i (oc ,'ts

A theory ofi Iatent traits supposes that, i,: .est ing situton.;,

examinee perforuiance on a test can be predicted (or: explained) by

examinee characteristics, referred to as traits. Scofes for examinees

on these trAits aLc estimnated and used to predict or ez:piain test per-

formance (Lord and Novick, 1968). Since the traits are riot directly

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

late-it trait model specifies; a relationship bet.men the olser-vable

examinee test performance and the unobservable traits or abilities as-

sumed to underlic performance or, the test. The relation!;hip Lctvrween

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

mathematical function. The concept of a "latent trait," and a "domain

score" in the context 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 selecting a p1irticulai latent trait moidel to apply to on e 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 recommended 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 model of interest can be utilized.

The three fundamental assumptions underlying the most comnonly used
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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 set of test

scores (Lumsden, 1976). This is certainly the case with criterion-

referenced Cests since a key characteristic of a good criterion-referenced

test is the interpretability of scores derived from the test.

Lumsden (1961) provided an excellent review of methods for construct-

ing unidimensional tests. He concluded that the method of factor analysis

held the most promise. Fifteen years later he reaffirmed his conviction

(Lumsden, 1976). Essentially, Lumsden recommends that a 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-referenced

measurement, items are written to match domain specifications and are 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 preselected, the pool. may be too heterogeneoU 3

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 measuring

the dominant factor obtained in the factor solution are removed. The
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remaining items are factor analyzed, and again, "d ,viant" items are

removed. The process is repeated until a satisfactory solution is ob-

tained. Convergence is most likely when the initial item pool is

carefully selected to include only items that appear to he measuring a

common trait. Lumsden proposed that the ratio of fiist factor variance

to second factor variance bt used as an "index of unidimiensionality."

Rejected test items should be studied to dtermine the possible basis

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

the domain specifications to reflect the test jtcms -.'hich remain.

Local Inde7enernce

The secoid assuUtptirL I- thaL of local iichr,'n:'e, . ' ..

tion Ctats that the tent iterl rcrpon,:c, nf a givet- e.--,. e

tical3y ienrdcnt This niean, that a-, e.<'i-c' p rforn. r on one

it( i dce not offcct hiS or her pc rfc,: 20, flu c .hr tem)-s ir t'. t st. '

result wou!O Pc o1Lained if the test itc - u.eas,' a n'1g] ,i y.

Item Characteristic Curves

Art i terL. c-harac tc r s ti, curve i- a ; L L ,e:.,:2i a] fun ' t i t a

the probability of success on art itent to the a tiJjty irastr d by the 'Ct

contained in the test. There is nc concept co:;,parahe to the

not ion of an item characteristic cuive in tandard test tcclhole-gy. A

priamary distinct-on azong different latent trait Tc10dol,: is in the :atl ..

matical forr,, cf thc corresponding i tein charact £rst c curve!. t 1.t 11,

to the user to choose one of the many mathematical fo is for th1e shapc of

th( iten characteristic curves. In doing so, all .-. u:[t. o Oil, I t h1?

it ems is beirn made which ca;t be verified later by hn'c, wel] IOwi' cho.seon

model "explainti obtained test results.
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Each item characteristic curve for a particu L.r latent trait model

is a member of a family of curves of the sane general, form. The niumber

of parameters required to describe an item characteristic curve will

depend on the particular latent trait model.

The mathematical expression for the three-parameter logistic curve

is:

eDag (0-bg)Pg(-9) =cg + (1-cg) ~~g-lO- g" , g1l, 2,..,n

g g l+e Da (&be,)

where:

P (6) = the prolbability that an examinee with ability levelg
answeis item g correctly,

b = the item difficulty parameter,

a,, = the item discrimination parameter,

and

D = 1.7 (a scaling, factor).

Th e para:notor ( is rhe lower asyrmpt tc of thc item characfcristic

cuive and represents the prrbablity of exar,,neps with low ability

corruct, answer inn an item. The parameter c- is included in tc model

to o'cmunt for tz'- response data at t oe low end of the ability cOntinuum,

Wwir- ::n'.a oter things, guessing it a factor in t c t perfo -. a.. o it

is now common to re: 2r to thc parameter c as the :,ndo-ch-anceovel

paramz, t c r in t:c ,7r, c I.

T,picalily, c, assum es .alue, that are c:aii er than the value thit

would ro t it , nes of 1 c' ab lity ,.:'ere to ;?uc,;s rando:.lv to th

item. As Lord ( o, ) has noted, this :'.) no rI-, cat prt ablD a b atr

buted o the gecui ty of i tem writers in deveiryin;- LnttractIv'.," hut

inrorrect choicc. For thi, reaston, avoidance of t ,l e "euc:.*Lng

parameter' to ceo--rilhc the para:neter c, is d(sirabi.
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The :o)u] ar "Rasch model" or one-parn::, lo;i..tic test 'model can

be obtained from the three-parameter logistic model hy making two assump-

tions about 'he test data: (1) the awount of guessing is minimal, and

(2) items included in a test are equally discriminating.

Item characteristic curves for several latent trait models are pre-

sented in Figure 1.

Item and Test Infornation Curves

Once 1 1 ,_ten t- I i.-a t odC1 is spa if;.. ;.9rpcc c r )-r ; c

it co .iiatcn e.±.amincc abil ity can bc dcct:.Y, i,.., ,u t (191Ci cc-f e

tlo,- .-otir. of A afo t icm a. q',nt i, I , ' ,ryof.ior, ]. to th

s', -':rcd lc, th of the coeffidcace :nt .'v;,L :, , , ti wa. of ni e -;.; .

)ilI i ty, 7he standac.r6 eiior of estit,,ite .cti i. 1c eq ual to 14/ -7 jorai-:. .

i i, ' o. t:: - .3 o a t ir, abili t ev'a) is hj ,I 'I ;v n:c, v C o.; ,f d e3e

arc:uc~o cut es t . iates If Jnfou:atio i , 1ow, 1..'' avc 7i.dc- r rc f j-

dence bands. Because the irtfariition fuiict i, ar c, v, t abil , 1 ve

It Las 1,rcn 'upi'e-.t'e: th:t~ tc .t irmfoa tL-O-t c. 9 (,,v'C- xh () ."i tO iL-].:. t. h

wtc of clacW cal r:.i ab 1)i t y ea t.mates and t-.dard e.c,;c of 1 e11u c:cvt

ii test scorc interprctLations.

It 1 oLnc'o.tic . t P:lt, , , Ti ,:v. (1(: ) ' 3'... the r!Tc. i .i i ruvc-

of i. giver, scc,,ing formirla by

B P,,

In the expression obove Iy (6) i- tc aai.t of -infori:.Atini, at Li13ty

level C pro.vidod by the scoring formula y, wlcie

Y " > wX,:
I-1



Figuart, 1. Seven~ examplv: of itorn, chcoruclerif,1ic CAirve,.

Pq (O) Itrl 2 PgW) I~~
Item 2

0 0

(a) Partoec Sceait cujrves Wb tlent dislonce curvyes

Ite Ieo

I e en

Wc lalcri? linacr curves (d) ocpororrCter
logistic curve,,

Item I
Itemn I

Pq (01,Ite 2 P ()ie

o 0
(P) two - Paromee M1 thre - paramneter

logistic curves logistic curves

(ci) item response curv'es
(single item, 3 choices)
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the variable X is 0 - :, .pending on whether or not item g is answered
g

correctly; P is the probability of a correct Pn:'er tu item g by afn
g

examinee with ability level 6; Q is equal to 1 - P Z P' is the slope of
g g' g

the item characteristic curve at ability level 0; and the item scoring

weights are Wg, g = 1, 2, ..., n.

Birljaur, (198) has shoi.-n that the r.lxi-mum xaiu o 1, (0), cf erre-d

to as the test inforr.viazion curve., is given by

n p,2

g=. g'g

The maxiium value of the information curve of a give, ,,coring for]iila

Is obtained when the scoring weights are ehosen, !-uch that

P1

g PgQg

The quantity Pg 2 /PgQg is the cotrihutin of 1t-c, g t( thL

information function of the test and is referred to as the item

info-rmation function. Item information functions haVw n T.ort. ,

role in deteririnng the accuracy with which ability ji; estin,atc:("

different levels of 0. Each ite-i infonation curve deperds or, the slope

of the partsicular ite::n characteristic curve and the ronditiornnl .aI anc:e

of test scores at eacli ability level 6. The higher the slope of the item

characteristic curve and the smaller the conditional varinrce, the higher

will be the item inforriatio-n curve at that particular ability level.

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

is a direct measure of the usefulness of the item for precisely measurinp,

ability at that level.
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The information function for the test composed of the iter is ob-

tained by sun-lring the ordinates of the it~e information curves. Froi,,

Equation Il it is clear that items contribute indcpcndcnt)y to thr tent

information function, Birnbaum (1968) has also shown that with hji.,

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

level 6, where

1

0 = b -i log 1/2 (1 ib9 1.7 a iog C/ (i9f . .-)
g

If guessing is minimal, then c = 0, and 6 -b .
g g

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 c >0, (1) the lower asymptote of the itemg

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 informatiu

curves" by Lord (in press).

Efficiency

A concept closel.y related to test information is the concept. of

efficiency. An efficiency curve is forMed by calculating the rat-io of two

information curves at different points on an ability continuum. The ef-

ficiency curve provides a measure of the relative effectiveness of two
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10 1. 1 2.C I)
II -1.5 .9 .20
13 -0.1 1,6 .16
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Figure 8. Infornation curves .'irated for five iteLs
and a five-item test. The itc'os are fron the
verbal section of the SAT. This ficure is
reproduced by permission fron Lord (1968).
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tests (each characterized b', a different infor.-aLion 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 infor-mation curves depend on the metric chosen for

measuring ability, efficiency curves do not, and therefore they are parti-

cularly useful in test development work.

The process of determining the relative efficiency of two tests

is employed 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-

opmcnt process as one that allows items that do not fit the model to be

discarded, whereas in test analysis applications, "rhz iaodel becomes

fixed and data arc in effect !fitted' to it." The distinction made by

Kentz 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-referenced tests, that

measured the same objective (or objectives), to the same group of examinees,

and the tests were not strictly parallel two different test score distri-

butics would result. The extent of the differences between the two distri-

butions would depend, among other things, on the difference between the

difficulties of the two tests. Unfortunately, there is no basis for pre-

ferring one distribution over the other. What this example reveals is that,

in general, the test score distribution provides no information about 
the

distribution of ability scores.
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The prob Icm occur; b(ICu, Ith r,w-:Uco t -.

unequal and different. On the other hand, the scale on wiLch ability

scores are measured is one on which examinees will have the same ability

score across non-parallel tests measuring a comaon abiliLy. Thus, even

though an examinee's test scores will vary across non-parallel forms of

a test 'easur'ng an ability, the expected ability for an

examinee will be the sane on each form.

Most measurement specialists are familiar with tLe concept of domain

score, the expected test score (on a sample of test items) far an examinee.

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

test characteristic curve, which is obtained by su::'iin ,, the ordinates of

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

ing argument. Consider the proportion-correct score, = x_ . Then
n

n

E(Zj 0 ) I E z P (0), [2]
g=l

n
Var(ZI0) -12 E P (e) Q (6). [31

g=l

E(gZG) is the test characteristic curve (scaled by I/n) introduced earlier.

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(Zle) = T, the domain score. Also Var ( ) 1,

as n - -, and so ,T and 0 will be related by a monotonic increasing tran.-

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

concepts, i and e, are the same, except for the scale of measurement used

to describe each. One important difference is that domain score is define!d

on the interval [0, n] or [0, 1] whereas ability scores are usual>y defined

on the interval [-', -o]
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There are other differences between domain scores ind ability ,cores.

A domain score is defined for each sample of tcst items. It is the ex-

pected test score for an examinee. An examninee'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 w.as 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 examinee would have (in

general) a different domain score for each sample of items drawn from the

pool and would obtain different test scores jn each sOmole of ite;'s, the

expected estimate of examinee ability from each 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 performance.

Recall,

n
,(,O) = >: P 9(0). [A]

g=j

Thu , ability scores provide a bas.is for cntnt-rf.red iteri-et'nq

of exani.nee test scores. When the quantities in Equation [4] are sc;;]ed

by I/n, E(X/n C) rcpresents thc expected proportion of items in a test

that an examinee will answer correctly and this iLterpret ioa %:ill l. ve

meaning reuiardless of the test performance of other examinees. Of course,

ability scores provide a basis for norn-referenced inteernrLtnt ions aseli
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Special Features of Latent Tr-mi L 11oJ6 's

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

examinee's ability on the same ability scale from any subset of items in

the domain of items that have been fitted to the model. (Of course, the

domain of items needs to be homogencous in the sense of measuring a single

ability. If the domain of items is too heterogeneous, the ability estimates

will have little meaning.) In fact, regardless of th: number of items

administered (as long 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 esti-mate of true ability, provided the latent

trait model holds. Ability estimation independent of the particular

choice (and number) of items represents one of the major advantagus of

latent trait models. Hence, latent trait models provide a way of coomparing

examinees even though they may have taken quite different subsets of test

items. In latent trait models, the difficulty of items is accounted for

by the model and reflected ii, 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 paramcttrs

are invariant across sub-groups of examinees chosen from an examinee popu-

lation. In principle, item parameters should remain the same, refiardless of

the subgroup tested. Invariant item parameters have been sought by meisiire:

specialists for a long time; their advantages are obvious for test develop-

munt work. CertainIy classical item statistics, suc h as item difficulty
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will vary fron group Lo group, depending upon the averagc I'ility 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 separate estimates of error for each examinee or for each ability

level.

Exainee-freo itemr statistic, are especially useful in "item

banking" and criterion-referenced test development. Item-free ability

estim~ate permit the "tailoring" of tests to individuals a:nd situations.

The concepts of informr .atiun and Uffic4ency are useful in both test

duvclopnoent wsrk and dcterm.iinarion -1: precision of ability score estiiiites.

Some of the anlitat o: s will be con;idercd in the next section of thl

pa p a - r.

But also, it is now time to consider the price which must be paid

fur the "e&," which are "delivered" via latent trait models. FirsL,

th, p. e:i l features " , Il only be obtained when there is a reasontblv

c iO. match between the researcher's latent trait model anJ his/her d.ita.

how close? That question is currentily under study by many rcsearchers.

Seo ond, it is un like y thu t the features will be obtained with "sh ort"

t osts. Hard figures are difficult tLo come by but it would appear tnui:t

t:atsof 15 or more itcms; are required. Also, sample sizes of 200 or

more examinck_,s will bo required t. produce st;ihle item st,.tistics w.itii

the one-paramuter model and somcw'Kut larger samples are re,,i-Ired with the

two- and three-parameter logistic t est models (Swaminathan & Gifford, 1979).
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Other i rac t ical probIcm inc ude (.) the tir :: C. I T pa C' L tio ners t o us u

these models, aud (2) the handling of examinlecs who get "rejected" he-

cause their test scor'-s are too high or too low.

APDlications

Item Banking

The development of criterion-referenced testing technology has

resulted in the increasing importance of item banking (Choppin, 1976).

An item bank is a collection of test items, "stored" with known item

characteristics 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 beun employed for this purpose, they are of limited 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 consequent]y are of

much -reater use in describing test items in an item bank (Choppin, 1976;

Wright, ]977). The vainne property of the latent trait item parameters

makes it possible to obtain item statistics that are comparable across

dissimilar groups. Let us assume that we are interested in describing

items using the two-parameter logistic test model. The single draw'back

is that because the mean and s3tandard deviation of the ability scores are

arbitrarily establisiud, the ability score metric is different for each

group. Since the itrlr parametcrs depend on the abi!L ty scale, it is ,oct

possible to directly compare latent trait item param:eters derived from
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different groups of examinees until the abil ty c>:le. are quateu 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 parameters can be obtained by form ng two separate bivariate

plots, one establishing the relationship between the estimates of the item

discrimination parameters for the two groups, and the second, the relation-

ship between the estimates of the item difficulty parameters.. 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 fir,;t group. In this

way, all item parameters can be equated to a common group of examinees

and corresponding ability scal.

Test Development

The important differences between developing tests using standard

methods and methods based on latent trait theory occiir during the follow-

ing steps: (1) Item analysis, (b) selection of test items, and (c) reli--

ability assessment.

Item analysis techniques involve (1) the charact-erization of test

items and (2) the use of statistical information for revising and/or

deleting test items. The major problem with item statistics (item diffi-

culty anu discrimination) derived from standard item analyses is that

they are sample di.pondent. This problem is overcome by characterizing

items in teLms of latent trait parameters.
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Latent trait theory not only providc; Lije tCsL developer with sr.:pJ .

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 features 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 qontribution

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 Birnbaum

(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 infornation curve.

Lord (1977) Lalls this the target inforration curve.

2. Select items with item information curves that will fill up

the hard--to-fill areas 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 inforn;ation curve

appro>:ximates the target information curve to a satisfactory

degree.



Examples of the application of this technique to the development of tests

for differing ranges of ability (based on sin-Llted t it) ,re gifven 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 that Lhe 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, LnC item information curves depend only on

the difficulty parameters.

iI latent trait theory test information curves replace the

familiar concepts, reliability and standard error of measuremennt. The

use of the test information curve as a measure of accuracy of estimation

is appealiiig 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 measurem,,ent at each ability level.

Te;t Score Interpretations

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

est!r-ate of no examinee's level of wastcry (or "ability") on an objective.

Thus, a straightforward application of one of the latent trait models

(the assumption of unidimcnsionality would not likely be a problem) would

produce examinec ability scores. Among the advantnges of this applica-

tion would be that itcris could he sampled (for example, at random) from

an iLtem pool for each examinee, and all exa:niee abilitY estimates would

he on a comrmon scale.
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Since ite:.) parameters ire invariant ac,:- gioups o 1xalinee.;,

would be possible to construct criterion-refercnced tests to "discri.oat.'

at different levels of the ability continuum. Thus, a test developer

might select an "easier" set of test items for a pretest than a pusvtt

and still be able to measure "examinee growth" by estimating exai,2ince

ability at each test occasion on the same ability scale. T1his cannot

be done with classical approaches to test development and test score

interpretation. If we had a good idea of the likely range of ability

scores for the examinces, test items could bc selected so as to Taxii:20

the test information in the region of ability for the exmces heis

tested. The opti;.um selection of test iteMs 1:ould contribute suhsta-:t.

to the precision .ith which ability scores were e -.timated. ]II the c o:., 0,

criterion-referenced tests, it is cownnon to obse .rve lo,7er tect perfcr. 1-,C

on a pretest than ol a posttest; therefore, the teait constructor (oulu

select the easier test items from the domain of ite-:s measuring an ob-

jective for the pretest and more difficult items could be sclected for

the posttest. This would enable the test constructor to maxim.,ize tvro

precision of measurement of each test in the region of ability where tl,-

cxa::iiees would most likely be located. Of course, if the nsssumpticen

about the location of ability scores was not accurate, gains in precJr,;-)

of m-easurement would not be obtained.

The results reported in Tables I to 4 show clearly thet advdn to,

of "tailoring" a test to the ability level of a group. Of course, thl

potential improvcments dc pend on tho validity of a te(,st devoinpcr's

assuMption about the eXamiince abilit'y distribution. If he or she us

incorrect prior distribution as a basis for designing a test, the rose

test ;ill certainly not have r.he de.-sired characteristics.
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A second importanL use of criterion-referenced tests is to prL.duce

examinee test scores that can be used to obtain "domain score estimates."

Much has already been made of the "item-free" ability estimates which are

derivable fro:m latent trait models. However, while ability estimates

have the definite advantage of being "item-free," ability scores are

measured on a scale which appears to be far less useful to practitioners

than the domain score scale. After all, what does it mean to say, = 1.5?

Do.!ain scores can be defined on the interval [0, 1] and provide infor:.la-

tion about exa: inee levels of performance (proportions of content ma!uLcered)

relative to Lhe objectives (described by domain specifications) mcasiied

on the test. As long as the test items are a repre-sentative sample of

test items from the domain of items from the doi.a in of itcms measuring

an objective, the associated "test characteristic curve" (or more corrctLy,

the. "score c"aracteristic curve") can be used to obtain dc.ain score

estimates fro:.i ability score estimates. 'When a non-representative 'et

oC test ite.s is inclided in a test, ex.aminen pr -formance on the set of

test itens is ou. ed to estimate ex:aruee ability and the score information

curve for the total pool of calibrated test itemIs measuring an objective

is Wsed to estimate domain scores fro::) ability scores.

Figure 9 provides a graphical representation of the procectire

outlined.
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1 will hrief I', introduce one additional1 criterion-

refereced to~stirrgl problema which probabl y can be icsolvt-d by using

l atent trait rrodol:5 anid concepts. it is comuniun for instructors

to(: 1hng hoir test,- from one group of exaiininees to t he ilext. Th i s

is of teon done to imirov the t es t *- toL ins ture tes t se cu ri t y, to( re fl to

muor ad mustments in Courses iarid so on. Ilit' probicri is to insunre thstiL

tire s t.d,1rds of pa u :0nerqui red Of St ses ts a; C r0!;!- the (11ffc'rerIt

vers ions of a te-st areL th Tho fnart that a c-iid i datre rrust i'kitv

a test sreOf (sa1y) AjQ% on eithler test to receive t pa;ssli l"; FCoccL r(%Ites

nI r e the, e (- uiva lence of the two t o!3s s Fo o C .: :arple it ira y

turn out thrat oco test is so::icyr !at easier thaai the oth'er. Reqriircecl i

i re -t :od f or ''oqurt i i<' scores from one test 1o 1noher tq r i ,, o I os

SCCor.es Wi~ ', Imre io usalb i I ity of tire der i ved scu rses f or ind iv : imr

int r r ta Insand cnir;e uva brt itons. Equat inrg of ts Sco rs Oil

norrmi-~-cfi. c2d tests- lics occupied a great deal of attent ion a1nd r.111'11

t~;efr11n ~, brjri cn Current'tl',, muist test 'score equat'ineg is! is

don~ i 2 t11 L; 0f I .it -rt trit m-odels (the one- anld ircprsr

Inistijr, Lli' ~esa~.te matpupular). In fact, there is evkieiaceo

to sira;e t lat en t trait riode 1 app roaciuo~c to equc tlug are oftenr far

s ucerior 1( cia ;;i len -t-hod:,;. 1iuvevei witlh c-ritericrrr-rofercnic(d 1(t

We of ten 11 Ive relat L's L shur tes;ts and ratnumber'; of C:-ami eos anfid

thi-rfor', 1tent tri it rrdlCpirrit iii- ,,,(, rods neen to I,, dvlopt{I foir

11"t, in '1i: s pec! -,l te>tn fitrrst:ion . I'o date, equriti:rgsude lv

oftenr bt-en d]one H Jtih rath~er ai gr ruh:rs. of ex: :minecs arid test it ems-
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Coniclus ions

The cxploration of latent trait models ard their application to

educatin)nal testing and measure,.iclt probicteis has been unicr Study' for

about ten years now. Certainly there are miany problems re. 4 uirin-

resolution but enough is k:'o .- about latent trait modiel s to use themI~

successiully in solving m-.any testing prolulems;. With respect to L e

field of criterion-referenced testing, the tosk as I sce it is one of

identifying these problems %:hieh ran be hand led by latent tra it 7.odel.

tecchno logy ra t her tha:n whe t *:,,r or not the tischnologv should bIe useCP.

On the positive side,

1 . Latent trai t. m.odels appear to provide an e-Xcellent basis
for eqziating non-parallel. forms of comn'petelicy tests at
the districtL and state level.

2. Several us-ful computer program,,s exist to carry out: re-
quired anlaly'ses.

3. Several nc-e, tc-:tbLouks and articles are now: alailabie tn
the interestedl pracLi tiLoner (Haiii')cton, Lor, h gh,

Stne, and h~arm, to inamei four).

4. Other pro:,is ing appl icat ions of laitent trait models are in
the area,-; of adaptive testing, item bias, test cieveio'yaont,
and tes.t score interpretations. I-or exa,.,le, 1-eisc aind
his coil eaguws at the Universi tv of 11neso % le .

impressive cesuits on the effectFs Of ada2St>0 tI in :ahe

area of criterion-refer*nced testing. Bob IPen-tz and 1--s

colleagocis atL Georgia State Univers.-ity are' dloing soe'" ex-
celentv.'r~on the study of test score rc-dertin.- 'stem,;.

On the otec2r hand,

1. 1 see little reason to recormend the use Of la1tent. trait
modiels in du L v lsrommal-ln":.aa t of students. Latent
traiit models will of fer lit tlu l..ur than a he~ceto
clas;sroomi teachers. Because (1) cr1 t2rion--r.0;cr>'ncc.d
tests are typical lv s hort, (2) op1 size" oIre smiall
(although ite-i banks--- ris,\ reduce the imp r tancc of th~ n
factor) , (3) the rcqui ro-d time for trainin,' of toacleets
in a new.. sy',stem of w snr .%utvuld be axed' ,nd,

(4) any ga inn in ;soeasur.-,ent preris ion that :: i;,h 1t arcr;

w.ould be ilang inal , I cannot rtco7--end applicaitions in thi!;
particular area.
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2. No data t will cvr be fit perlu ].
Vhat is not known is how much misfit can bne tolerated
by a model and still have any advantages of the model
hold in practice. Latent trait models are strong,
i.e., based on restrictive assumptions, and therefore
this general area requires consiserably more research.

The viability of latent trait models for Lest development work

is clear but more effective implementation could be achieved if several

questions were satisfactorily answered:

1. The choice of a model is one question. At the test devel-
opment stage, the proctitioner has the option of developing
items to fit a specific latent trait rmodel. It would greatly
facilitate the test development process, if practical guide-
lines existed that provided a logical basis for making this
choice.

2. A second question concerns the reason for item misfit. At
the present level of technical. sophistica tion, the test
deve]oe., faced with a misfittlO k item, con do little more
than subjectivelv ex.iine thc item and hope that the rea.'on
for misfit will be apparent.

3. The problem of determining w.hethcr or not a pool of items can
be considered unudi:enional in in importont one. Factor
analytical techniques are often used for this purpose but
there are problems (finbleton et al., 1979; Lord & Novick, 1968).

4. One Drea of current interest involves the euating of a
cr1tcrion-referenced test to a norm-referenced test so tlhat
CRT scores can be reported in terms of a norm-referenced
framc .ork without actually carrying out a national norming
study. Such an equating study is often discussed within the
context of Title I evaiuatlons. I.egal isou',s aside, how best
to do the equating is not clear (for examole, how large Lnd
represenLttive a sample of examinees is needed?) nor is the
minimum size of the correlation between the tw¢o suts of ;cores
which is needed to insure a stable equatii,, know1n.

Numerous test developers are nay considering the, use of latent trait

models in their wox. Hopefully this paper will provide some ne,:cumzers to

the area w,:ith a suitL,1le introduction to the topic.
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