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Abstract

This study sought to determine the best itern

selection procedure to use in mastery testing situations

tarhere small examinee sampres exist. The item selection

procedures evaluated were (a) nodif ied crassical,

ut i l izing p-varues and point biseriar correlations;

(b) cri terion referenced, utir izing phi coeff icients i

(c) dornain sarnpling, uti l izing random item selection; and

(d)  Rasch nodel ,  u t i l iz ing i tem log i ts  (b-va lues) .

A computer program was used to create a data matrix

containing the simulated responses of Looo examinees to

24o items. From this matrix 1"2 sets of data were drawn. 
,,

Each data set contained the responses of 50 randomly 
'i "

serected examinees and their associated responses to arr

24o items. Three data sets were used for computing test

resurts and or i tem statist ics for each itern selection

procedure.

rtem serection procedures were evaluated in terrns of

test information, standard error of the estirnate,

misclassif ication rate, and accuracy of the domain

percentage correct score. Test informatj_on associated

with-each itern was computed according to a three parameter

t -1
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i tem response theory (IRT) model.

The results show that the classical and criterion

referenced procedures were effective at serecting itens

which, for a given cut-off score, would be identif ied by a

three parameter model as having high information.

However, since ability scores for a three parameter model

can not be generated from sample sizes of 50 there is no

way to effectively uti l ize the items identif ied with high

information. rndeed, al l  of the i tem selection procedures

(Rasch model included), which used statist ical indices as

a bases for i tem selection, produced biased estimates of

the domain percentage correct score. As a result of the

biased donain score estimates alr of the 'roptimal, i tem

selection procedures produced generally higher

misclassif ication rates and less accurate domain score

estimates than the random iten selectj.on procedure. For

this reason the random item selection procedure was

reconmended for mastery tests in which smarr examinee

samples exist.

r L L
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Chapter I

Introduction

The purpose of this study was to compare various item

selection methods in terms of their effectiveness in

maximizing test information at a cutoff score under

condi t ions involv ing smal l  examinee sample s izes ( i .e . ,

N  =  5O) .

In recent years there has been a prol i feration of

mastery testing programs in education, professional

l icensure, and personner selection. rn each of these

areas, the mastery/nonmastery classifications derived from

test scores have serious inpact on the 1ives of

examinees. For this reason it  is cri t ical that

classif ications be as accurate as possible.

The primary means of achieving accurate

crassif ications is to insure that the standard error of

estimate (sEE) around the cutoff point is as low as

possible. This is accomplished by selecting test

guestions which concentrate measurement inforrnation around

the cutoff score of interest (Novick, 1969; Birnbaum,

1958). There are many itern selection methods discussed j_n

the literature that can be used to focus measurement

j-nforrnation. Most of the techniques described are based
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on a statist ical index that assists the user in

identifying iterns which are optimal for the purpose of

providing measurement information. Further, each

statist ical index is associated with one of the four major

test development approaches and/or theoretical measurement

models commonly used today. These theoretical models

and/or test development approaches are; item response

theory, classical, cri terion referenced, and domain

referenced. One itern selection technique associated with

each of these test development approaches and/or

theoretical rnodels is investigated in the present study.

The objective of reducing the SEE around a cutoff can

be easily achieved if  an i tem response theory (IRT)

approach is used for test development and scoring. In the

sirnplest IRT model, a one parameter model, items are

selected which have diff iculty values close to the abil i ty

level (theta level) of the cutoff score. To maximize

measurement information at a cutoff score, a test should

be cornposed of test iterns that have difficurty values that

are identical to the ability level of the cutoff score.

However, it is unrealistic to generate itern pools

suff iciently large to enable the cornposit ion of tests made

up entirely of items with the same difficulty value.

Therefore, one t1pical ly selects i terns that are as crose

as possible to the cutoff point.

Item response models are we1l adapted to the task of

t
I
t
I
I

I
1
I
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item selection at the cutoff because they have, unrike

classical models, i tem statist ics that are reported on the

same scale as examinee abil i t ies. The disadvant,ages of an

rRT approach are that as the test length and sample size

decreases so does the precision of itern parameter

est imates (see t  e .g.  Hambreton & cook,  19g2) .  However ,

parameter estimates derived from smalr samples rnight

provide useful information for test construction purposes

even though they are not accurate enough for score

generating purposes.

The probrem of adeguate sampre size presents a rather

serious obstacle for many test deveropment apprications

because, while there is typically an adequate domain of

content from which to deverop a large poor of items, there

is not always a rarge pool of examinees from which to

estabrish accurat,e itern parameter estimates. This is the

case in many of the row examinee incidence areas in

education, professionar r icensure, and personnel testing.

rn these low incidence areas the number of examinees

t,ested per year may be less than 1OO.

Lord (1983) has shown that the one pararneter Rasch

noder (Rasch, 1960) is srightly superior to other rRT

moders for the purpose of estimating examineesr true score

for sample sizes between 1oo to 2oo. However, Lord offers

no recommendations about what rRT model to use, if any,

when examinee samples are below 100. The l i terature is
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silent with regard to whether the Rasch model may stirl be

useful for purposes of optirnal itern selection even though

abil i ty estinates rnight be unacceptable.

A second model for use in identifying optimal itens

for inclusion in tests is the classical mode1, which

includes iten statist ics such as i ten diff iculty, p, and

item discrimination, r. unfortunately, with crassical

statistics there is not a connection between the scales for

persons and items. Harnbleton and de Gruij ter (1993) argue

that for this reason crassical i tern statist ics are

trinappropriatert for selecting optirnar items from a given

poo1. However, i t  is believed that the term inappropriate \J' ' \

used by these authorsr may be too strong, and that ,non

optimal'  rnight be a better descriptor. That is, i f  a test

developer does not have access to rRT computer programs

then the use of classicar itern statistics would not be

entirery inappropriate. under most circumstances a

crassical approach will allow for more optirnal item

selection, for the purpose of focusing information around

the cutoff, than sinpry randomry selecting items. rndeed,

Hambreton and de Gruij ter stated rater that: ,crassical

item discrinination values have some usefurness in itern

selection. rn general, i tems with high itern test score

correlations (discriminations) were more useful than it ,ems

wi th low corre lat ion va luesr f  (p .356) .

A third strategy for optimal item selection wourd be
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to use one of the discrinination indices associated with

criterion reference testing (cRT). shannon and cl iver

(1987) review four cri terion-referenced iten serection

procedures: (a) phi- the phi correlation between

exami.nees I itern and dichotonized test performance

outcomes- (b) B-index- the difference between item

di f f icur t ies ( i .e . ,  propor t ion correct )  o f  exaninees

passing and exaninees fai l ing the test. (c) phirzphi max-

a nodif ication of the phi index proposed by cureton (1959)

as a sorution to the restriction in range of phi resulting

from differences in rnarginal totals. This value is the

phi coefficient divided by the naxinum phi coefficient.

(d) agreement statistic- the probability of agreement

between outcomes on a given item and outcomes on a test as

a whole. rn this study the authors used iten information

functions derived through iteur response theory formulas as

the standard by which each cRT procedure was evaluated.

rtem infomation functions (rrFs) were first proposed

by Birnbaun (1969) and can be interpreted as the anount of

measurement info:mation provided by an iteur at a specific

ability (theta) leveI. The iten infor:mation functions are

particularly useful for measuring optirnal itern selection

strategies because they offer measures of itern

dj.scrirnination power at cut-of f scores. Hanrbreton and de

Gruij ter (1993) consider rrFs superior to conventional

indices for this reason.
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The results of the study by Shannon and Cliver (L987)

showed that some of the CRT statistics investigated

produced high correlations with the item information

function (IIF) used in i ten response theory. These

resurts indicate that cRT discrimination indices may be

reasonable substitutes for rfFrs when circumstances do not

alrow the use of rRT procedures. of the conventional

statistics compared, the phi coefficient produced the

highest median rank correlation with rrFs. This resurt

suggests that the phi coefficient may be the CRT

discrirnination index of choice for optirnal i tem selection.

Several studies, Hambleton and Cook (L979) and

Hanbreton and Arrasrnith (1987), investigated the amount of

measurement precision that can be gained through an rRT

based optirnal item selection strategy rerative to a

crassically based approach. A weakness of these studies

was the fa i rure to  use tests  of  rea l is t ic  s ize ( i .e . ,  50

i-tems or more) for purposes of comparing the various

optimal i tem selection procedures. rnslead, studies of

relatively short length, 20 to 30 itens were used. rt is

reasonabre to assume that most appried testing situations

do not require l irnit ing test sizes to 2o or 30 items. At

present there are not any studies comparing optirnal item

selection strategies in which realist ic test sizes were

used.

Another factor that has not been studied, whi.ch

I
I
I
I
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affects the measurement accuracy of optirnal itern selection

strategiies, is examinee sample size. This is a

particularly important area of investigation because it is

known that the stability of rRT iten parameter estimates

decreases as the subject sample size decreases.

Therefore, it is also important to detennine how an rRT

item selection strategy functions in relation to more

conventionar i tern selection techniques (e.g., classical

and criterion referenced) in situations where a smarr

( i . e . ,

rnformation gleaned from studies invorving realistic

test sizes and small examinee samples is needed to

complete the research base regarding the rerative

performance of optimar itern selection strategies.

Further, the resurts wir l  clearly be of assistance to test

developers who are weighinE the advantages and

disadvantages of switching from one test deveropnent

method to another.

A fourth i ten selection mode1, currentry being used,

is t'he domain sarnpling model. This model requires that

one sirnpry serect iterns in a random or stratified random

fashion from the content domain. rn this approach items

are pri-mari ly selected to represent important crasses of

behavior that make up the domain. Many researchers

(Popham and Husek, r-969; Harnbleton, swaminathan, Algina

and coulson, l97g; Nitko, 1984) have stated that in domai_n
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serecting an optirnal set of i tems would theoretical ly

weaken the int,erpretability of the domain score. By

serecting this model for item selection the test derTeroper

takes an inplicit position that accurate domain

representation is more important than the measurement

accuracy which is gained by optinal item serection. such a

position raises the question of how much measurement

accuracy is gained by optinal itern serection verses random

iten selection.

Several studies (de Gruij ter & Harnbleton, I9g3;

Hanbleton & de Grui j ter ,  1993;  Haladyna & Roid. ,  1983)

investigated this question in terms of test information at

a cut-off and misclassif ication rates for tests of various

s i zes  ( i . e . ,  B -2o  i t ems) .  Tes ts  fo r  t hese  s tud ies  were

constructed through both, optimar (rRT) iteur selection and

through random item selection. Although relatively smarl

tests  were used,  the subject  sample s izes used ( i .e . ,  N >

100) ltrere large enough to achieve relatively stable Rasch

parameter estimates. These studies did not address the

question of how the misclassif ication rate, domain score

accuracy, sEE and test information of a random itern

selection strategy compares to an optiural rRT strategy

under circumstances where exaninee samples are smaller

than 100. Because domain sarnpling moders are freguently

used in sett ings where examinee sample sizes are less than
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100 this research question needs to be addressed.

Of the studies reviewed thus far, in which

comparisons were made of the misclassif ication rates for

various itern selection proced.ures, the domain score

estimates for the rRT procedures were tlpicarly derived

using the test characteristic curve method. This method

described by Harnbleton and swaminathan (1984) produces a

domain score estimate that should appropriately be

interpreted relative to the latent ability domain being

tneasured by the IRT procedure.

This rRT dornain score estimate can be contrasted

with another version of the domain score associated with

the domain sanpling rnodel. rn this moder, the domain score

estimate, taken from the observed score, is an unbiased

estimate of the domain score when the obserrred score is

based on a random sample of items from the donnain. since

none of the studies reviewed utilized the ratter

definit ion of a domain score, r i t t le is known with regard

to how rRT procedures compare with other itern serection

procedures in terms of the accuracy of observed scores

( i .e .  domain score est imates)  to  domain scores.

Purpose of Study

The present research study focuses on settings

involv ing low examinee inc idence ( i .e . ,  N 's  < LOO)

similar to those encountered in teacher content area

cert i f ication, professional l icensure, and personnel

€
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testing. The test size and the size of the i tem pool used

for  the s tudy are:  (a)  a  test  o f  reasonable s ize (e.g. ,

50 i tens) ,  (b)  an i tern pool  o f  24O i tems.

The following questions were addressed.:

L. What range of p-values and point biserial

correlations should be used for selecting items to focus

infonnation at a specif ied cut-off score with a given

underlying ability distribution?

2.  Given a srnal l  examinee sample s ize (n = 50) ,  what

are the differences in the sEE, test information

functions, accuracy of dornain score estimates and

classification accuracy for test development strategies

such as classical, cri terion referenced., domain sampring,

and the Rasch model?

3, How do the results found in number 2 (above)

compare with resurts derived from tests in whieh the item

statistics, used to select itens, hrere derived through the

use of large examj_nee samples.

4. How does focusing test inforrnation through

optimal i tem selection affect the misclassif ication rate

and accuracy of domain percentage correct score estimates?
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Chapter II

Review of the Literature

This study resurts fron the need to know more about how

to increase measurement information in mastery test using

conventional i ten statist ics. Addit ionally, there is a

need to know which itern selection procedures, IRT,

classical, CRT, or d.omain sampling, are best to use in a

situation where small samples exist. This study begins with

a review of the literature dealing with the following

topics: mastery testing, rel iabi l i ty of classif ication

decisions, test size and classif ication accurdcy, using

conventional statistics to focus measurement information,

using criterion referenced discrimination indices to focus

measurement information, itern and test inforrnation curves,

strengths and weaknesses of conventional and rRT optinal

iteur selection strategies, and interpretation of domain

score estimates. This was fol lowed by a more detai led

review of studies comparing rRT to other test development

procedures.

Masterv Testing

As Berk (1983) points out i t  i-s not uncommon to f ind

terms l ike domain-referenced test, objectives-referenced

L L
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test, competency-based test, proficiency test, mastery

test, and criterion-referenced test used interchangeably

in the .literature. 
Because there rnay be some guestion as

to the meaning of the terrn mastery testing the definition

used for the purposes of this study is as fol lows:

rrMastery tesLing is a subtype of criterion-referenced.

testing in which only one score is important, a cut-off or

mastery score above which one is regarded as successful

and below which he is regarded as fairing. The other score

revels donrt teII us what the person can do except that he

is not above the mastery score. we wil l  cal l  test of this

type nastery tests to keep them separate from the more

informative but much more difficult to create criterion-

referenced tests t '  (Hi l ls ,  1981,  p.  97 l r  .

The general term rfcriterion-referenced testingr which

encompasses mastery testing was defined as: rr a test

deriberately constructed to yield measurements, that are

d5-rectly interpretable in terms of specified performance

s tandards r r  (G lase r  &  N i t ko ,  L97L ,  p .  653 ) .

Reliabi l i tv of l{asterv Decisions

There are more than a dozen different statist ics for

measuring rel iabi l i ty of cri terion referenced tests. Each

fal ls into one of three categories of reriabi l i ty, (a)

threshord loss, (b) squared-error lossr or (c) donain seore

estimation. Each index has its own associated advantages

and disadvantages and appropriate applications.
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The threshold loss function assumes that a

dichotornous quali tat ive classif ication of mastery or

nonmastery of an objective based on a cutoff score exists.

It  usually assumes the losses associated with al l

misclassif ications (false mastery and false nonmastery)

are equalry serious regardless of size. An example of

this type of function is the po index (Hanbleton &

Novick, L973). This index reflects the percentage of the

examinees taking a test who were correctly classified

( i . e . ,  pass  o r  f a i l )  .

The squared error 1oss approach is based on the

squared devi-ations of individual scores from the cutoff

score. The sguared deviations reflect the degree of

mastery or nonmastery along the score continuum. rn

contrast to the threshold loss approach, this approach

deals with the consistency of measurenent, and assurnes

that losses associated with farse mastery and nonmastery

decisions are not equally serious. The statist ics

associated with this approach are most useful in

instructional situations where the teacher is concerned

with the degree of mastery-nonmastery for each student

along a score continuum. rn l icensure and cert i f ication

.tests typically there is not a concern with degrees of

mastery-nonmastery, however, the statistic does offer

another perspective on the score precision.

The dornain score estiuration statistics deal with
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estiraating the proportion of iterns within a domain which

are known independent of any cut off score or mastery

standard. Domain score adequacy statistics can be broken

d.own into two categori.es, individuar specif ic and group

specif ic. The individual specif ic statist ics are

estirnates of standard error that can be used to form

confidence intenrals around each ind,ividuals obsenred

score. The group specific statistics are averages of the

individual specif ic statist ics calculated over al l

individuals tested.

since true domain scores are rarely available, one of

the procedures nentioned above is t1pically needed, for

naking estirnates of the accuracy of observred scores.

Hoi*ever, progress has been nade in specifying content

donai.ns to the extent that some finite item domai.ns are

specif iable (Roid & Haladyna, 1982). rn this regrard,

researchers can sinurate large but finite study domains

through the use of computers. From a finite domain,

smaller sub-sampres of simulated item responses can be

drawn to produce dourain score estimates. By using this

technique the scores on the total domain ( i .e., domain

scores) can be calculated as well as differences between

population and sarnple domain scores. For example, the

misclassif ication can be obtained by sinply summing the

instances where exarn ineesr  crass i f icat ion (pass/ fa i l ) ,

based on their obserrred score, differs fron their true

I
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classification based on their donain score. simirarty the

accuracy of the observed scores (expressed as percentage

correct) can be evaluated by surnming the absorute

deviations of obsenred scores from the domain score, and,

then taking an average.

Test Size and Classi f icat ion Aqcuracy

when using a mastery test the matter of determining a

test length i,s directly related to the number of

classification errors that are tolerable to test users.

obviousry very low probabirit ies of urisclassification can

be achieved if the size of the test is very 1arge.

Ilowever, most appried mastery testing situations involve

the reality of specified tirne parameters which set the

upper linit on test size. practicar experience suggests

that the lengths of most of the tests in teacher

certif ication, personner selection, and occupational

l icensing, faI1 within the range of 50 to 200 itens. very

few tests within these realms will contain ress than 5o

items simply because of the difficulty of generating

acceptable test reliabil i t ies with fewer than 50 items.

However,  a l l  of  the studies (e.g. ,  Hanbleton & Cook, LgTg

Hanbleton & de Gruijter, 1983) investigating optinral itern

serection methods for mastery testj.ng have utilized, tests

of less than 30 i.tems. rt is believed that future studi_es

shourd uti l ize test sizes that are more realistic in terms

of applied testing situations.



I
I
I
I
I
I
I
I
t
t
I
T
I
I
I
I
I
I
I

L 6

Item and Test Infonnation Curves

Birnbaum (1969) defined the notion of infornation as a

quantity j.nversely proportionar to the squared rength of

the confidence interval around an estimate of an

examineets abi l i ty .

Generally, tests vary from one another in terms of

where information is focused within the test. rn this

regdrd the test information currre within a single test

varies with the abirity level measured by the test.

Because the information varies from one point on the test

scale to the next, it has been suggested that test

informati.on curves should replace the use of classical

reliability estimates and standard errors of measurement

in test score interpretation.

stated mathematically, the test information currre

appears as follows:

n
I (O)  =  Pg '2

g=L PgQg

rn this expression the amount, of information at an

abi l i ty  level  is  expressed as I (O) and pg is the

probabil ity of a correct answer to itern g by an examinee

with abi l i ty  revel  or  eg is egual  to l -pg;  and p'g is the
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slope of the item characteristic curve at abil ity revel o.

The guantity which is sumrned in the equation

presented represents the infornation that item g

contributes to the total inforrnat,ion at a given abirity

level. The prot of the information contributed. by an itern

at all abil i ty levels is referred to as the item

information curve. when the information curves are sum:ned.

and plotted for alr test items, the resulting plot is

called the test information curve. The itern infornation

curves, and the resulting test information curves alrow

one to detenrtine the accuracy with which each abirity

level is estimated. specifically, one can directly

measure test items for a given ability level by sirnply

measuring the height of the test infornration at a given

ability level. with the two and three paraneter nod.ers,

the item i.nformation curltre d,epends on the slope of the

particular itern characteristic curve and the cond.itional

variance of test scores at each abirity level. However,

in the one parameter mod.er the items are considered to be

equally discriminating, and therefore the height of the

test informati.on curve at a cut-off is dependent on the

number of items with diff iculty varues crose to the cut-

off. The test information curve and the particular type

of test information it provides is particularly useful in

the construction of mastery tests where measurement

information must be focused. Many excerlent discussions
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of information curves can be found (Hambleton &

Swarn j .na than,  1985;  Lord ,  I98O;  Lord ,1977;  Wr igh t ,  L977 i

B i rnbaurn ,  196g) .

The procedure for usi.ng the test information curve to

focus measurement infornation is fairly sinple and

involves four basic steps (Lord, 1977) z

1. Describe the shape of the desired test

informat ion funct ion.  Lord (Lg77) cal1s th is the. target

infornration function.

2- select items with iten information functions that

will fill up the hard to filr areas under the t,arget

informati.on function.

3. After each item is added to the test, carcurate

the test information function for the serected test iterns.

4- continue selecting test items unti l the test

information function approximates the target information

function to a satisfactory degree.

rt should be noted that, iterns which are optinal

( i -e. ,  h ighest in infonnat, ion) for  a given cut-of f  can be

generally identified or estimated without using the item

infonnation data. The rerationships of item parameters

and information have been shown by nany researchers (see

e.9. ,  Hambleton & Swaminathan, L986).  Al though the

procedures for iten serection wil l vary for the one, two

and three parameter models the basic concepts are the

same. rn all three moders the b-value estimates the point
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on the abil ity scale where an item is maximally

discriminating. However, for the two and three parameter

moders the addition of the a-value provides for an

estinate of the arnount of discrimination which is focused

at the b-value. For exampre, in a two parameter nodel, to

choose items which are optirnal for a given cut-off ability

one would select items with b-values at that ability and

which have the highest a-varues. The c-value which is

added with the three parameter moder tend.s to distort the

properti.es of the a-value and the b-value when the c-value

rises above zeto. However, the item selection procedures

would remain basically the same.

A function related to the test information is the

standard error of the abil ity estimation (sEE). This

function is egual to r/square root of the information.

The sEE is the expected standard deviation of errors of

estimated abirity. For exarnple, if one were to give a

test to a group of examinees with identical Ors, and use

the test to estimate their 0,s, the standard deviation of

those estimates would be the SEE.

since r(0) var ies arong the o scaler so wi l l  the sEE.

As t 'he inforrnation increases, the sEE decreases. This

concept of sEE in rRT (Hanbleton & swaminathan, 1983) is a

more viabre alternative to the crassical function:
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oe :  ox  [Pxx  (1 -pxx t11L/2

This function represents the standard errors averaged

over the abil ity levels. sarnejirna (L977), concludes that

the act of averaging errors and assurning the ind.epend,ence

of true and error scores is unreasonabre, and that itrs

coefficient, and the classical standard, error of

measurement are unpalatable.

using Tradif; ionar rtem statistics to Focus Measurenent

Infonqation

Richardson (i.936) showed that if one wants to
differentiate examinees below a given abirity level from

those above it, without rnaking distinctions among

examinees in the two groups, alr the items in the test

should be of a difficulty level such that they are rnarked

correctly by half the examinees at the ability level of

interest. rn other words if a test developer wants to

build an exam to discrininate between examinees capable of

passing items of thirty percent difficulty helshe wourd

build a test composed of items which have a thirty percent

diff iculty lever. since it witl be unlikely to have

enough items of precisely the desired lever, the test

developer will have to use some items above and below the

desired di f icul ty revel .  other authors (e.g. ,  Davis,

196L; Henrysson, L97L) have arso discussed the subject of

item serection to focus measurement information. The
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basic procedure offered by these sources is to use p-

values to select items that focus information at the area

of interest. Then, of the items fall ing in the area of

interest serecting those with the best discrimination

(e .9 . ,  h igh  po in t  b iser ia l  cor re la t ions) .

To date there have not been any studies investigating

what specific ranges of p-values and point bi-serials to

use in order to maximize the measurement information at a

given cut score. Hambleton and de Gruijter (19g3) point

out that there is not a relationship between the underling

scale of the domain scores and the p-values. They

conclude that, for this reason, crassical statistics are

inappropriate as an optirnar itern serection method.

However in two other studies, Hambreton and cook (Lg7g)

and Hambleton and Arrasmith (!gg7) | the authors used a

specified range of p-values and point biserial

correlations to select test items. Arthough it was not

discussed by the authors the apparent intent of using a

particular range of p-values was to focus test information

at a particular cut-off point. rntuit ion would suggest

that there is some relationship between the p-value and

the dornain abirity score albeit not a mathematicarry

direct  re lat ionship.

rn the next section of this study a mathematical

relat,ionship will be shown between another conventional

itern statistic, the phi coefficient and the rRT test
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inforrnation function at the cut-off score. Arthough a

similar relationship with test information can not be

established for the p-value and point biserial

correlation, these conventionar statistics are related to

other IRT statistical concepts.

Schnidt (1,977) shows that the b parameter is

related to the p-value in the following way:

yz (1-c)  KR-20

dpq

where

d = d-value, the point biserial item-test

correlation

p = p-value, the proportion of examinees correctly

answering the item

g= l -p

K.R. 20 = Kuder-Richardson formula 20 reliabil i ty

y = the height of  the N(OrL) curve at  the z score

that cuts pr proport ion of  the area under the N(0,1,)

frequency function

z = the z-score that cuts off pr proportion in

the upper portion of the area under the N(0r1) frequency

function

b
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c = the c-va1ue (itern pseudo chance level)

p  '=  p  -  c

1

Schmidt shows that the

biserial correlation in

a parameter is

the following

related to the

complex way:

point

dpq
a

(KR-20) ( t  -c)  2y2-a2pq

These formulas demonstrate that there is a

mathematical relationship between conventional statistical

measures of diff iculty (p-value) and discrimination (point

biserial correration) and the rRT corollaries of

di f f icul ty (b-value) and discr in inat ion (a-value).  Given

these mathematical rerationships it is berieved that an

empir ical  re lat ionship (e.g. ,  correlat ional)  between i tern

infonnation and these statistical measures can be shown.

rf this assumption is true then the p-value and point

biserial could be used in a manner sirnilar to the b-value

and the a-value in identifying itens that wirl focus

informatj.on at a given cut-off score.
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The theoretical work by Richardson (l_93G) clearly

shows that measurement information can be focused through

the use of classical statistics to make item selections.

The question that rernains is whether there are ways to

maximize the effectiveness of these itern statistics for the

purpose of focusing information at a cut score.

Because there has not, been any research into ways to

maximize the effectiveness of using p-values and point

biseriar values for the purpose of maximizing test

information it is believed that research regarding this

qtrestion is warranted.

while the relation of p-varues and point biserials to

the item informat,ion function is at present unknown, there

are other traditional item statistics in which an

empirical or mathematicar relationship has been shown

(Harr is & Subkoviak,  j .9g6i  van der Linden, Lggt) .  A study

in L987 by shannon and criver evaruated, four conventionar

itern discrinination indices, phi, B index, phi over phi

max, and the agreement statistic, using item information

functions (rrr) as criterion of effectiveness. of the

indices reviewed the one with the highest rank

correlat ion,  wi th the rrF's (median r=.96) was the phi

coeffj,cient. The authors posturated. this finding based on

the fact that the phi coefficient is approxirnately

proportional to the rrF. This approximate rerationship

was explained by first relat,ing rrF to the B index and the
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phi coeff ic ient .

IIF approximately 82
and

PiQi

where Pi = the proportion of examinees who answer item

i correctly and ei = 1 - p.

fIF approximately O

rn this context represents a proportional relation.

This was acconprished. by derineating the covariance

relations between the binary itern and test scores

expressed as, oi and u1 : Cov (ui , uT ) = piT - pipt. The

variance of ut = p1eg, so B can be expressed as:

_ cov (ui ,  u1')
l =

var (ur)

This equation represents the slope of the regression

line predicting u1 from the binary abiJ-ity measure uT.

The nurnerator of the information function in the

equation below is defined by Birnbaum (i-968) as the

squared derivative of the item response function with

respect to abil ity.
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I IO ,u1J  :
IP ' i  (o )  ]  2

P i (o)  [L  -  P i (o)J

since P1(o) is the regression of the itern score on

the continuous ability measure o, the numerator in the

equation above is the squared slope of the item ability

regression. Therefore the squared slope for the

information can be replaced with 82 and p1 can be

subst i tuted as an est imate of  p i (O).

The rrF can then be related to phi because phi and B

are related:

82=02

PiQt PrQr

then beeause Prer is constant for all items in a

tes t :

82

PiQi

02
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therefore: the fIF approximately 02.

The mathenatically direct and empirically strong

relationship between the phi coefficient and the rrr.

suggest that the phi coefficient wourd perform well for

the purpose of serecting optimal test items. However, at

present there have not been any studies confirming thaL

tests developed through the use of the phi coefficient are

comparable in measurement precision to those developed.

through rRT procedures. specificalry, there have not been

any studies that compared the crassification accuracy,

standard error of the estirnate and t,est inforrnation of

tests produced through the use of IRT and phi

coeff ic ients.

Strengths and Weaknesses of Conventional and

fRT Optinal ltem Selection Strateoies

The concepts of strong and weak are relative and

their use must be accompanied by a reference point from

which a comparison can be made. rn the case of rRT the

reference point for comparison is the standard testing

technology, sometimes referred to as crassical theory,

which dominated the applied world of testing through the

1970fs  and perhaps  s t i l l  dominates  the  L980rs .  Br ie f ry ,

the weaknesses of conventional itern statistics commonry

cited are, group dependent itern statistics, test dependent
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abil ity estimates, and a single statistic for representing

measurement error exi.sting in a test (Lord & Novick, IgGg;

Marco, 1977; Harnbleton, Swaminathan, Cook, Eignor &

Gif ford,  L979).  The use of  an rRT moder al lows the user to

avoid these pitfalls by generating itern and sample free

statistics and measures of the precision of abil ity

estimation at different abil ity levels.

rRT is especially usefur for this task because the

contribution of each iten to the test information function

can be deterrni.ned independentry of the other test items.

with classical testing technology, the exact contribution

of any item to test reliabil i ty or the error of

measurement can not be determined independently of alr the

other items in the test. However, the concept of focusing

test information at a cut off point is not alien to the

classical measurement philosophy. rndeed, the use of p-

values and discrirnination index were being used to focus

test information long before rRT was popular (Richardson,

r .e36) .

The benefits of using an rRT approach d,o not come

without some disadvantages. The four most comnonly cited

disadvantages according to Hambleton and swaminathan

(L985) are;  meet ing dirnensional i ty assumptions,

identifying the model that best f its the data, rneeting the

needs for large samples, using conplicated computer

prograns, securing highly trained technical staff to
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interpret the results, and explaining results to lay

indiv iduals.

The disadvantages associated with an rRT approach to

optinal item serection in general do not apply to the

statistical procedures utirized in the crassical and

criterion referenced approaches. rndeed, it is the

dj.sadvantages associated with the rRT approach that makes

the more conventionar statistical approaches appealing.

The following are four advantages that conventional (i.e.,

classicar and criteri.on referenced) approaches offer which

are conceptually pararlel to the four disadvantages

associated with the rRT approach. (a) The conventionar

approaches do not require complex statistical analysis to

prove the data is unidimensionar. (b) The conventional

model that is chosen is determined by the purposes of the

test rather than the nature of the candidate response

data. For exampre, from an rRT perspective if candidate

response data indicates that extensive guessing is

occurring then a three parameter model is warranted.

(c) srnall sample sizes do not present as serious a probrem

for conventionar approaches. The point biserial and phi

coefficient could be calculated for three bivariate pairs

of numbers. rn contrast, it is reconmended (Lord, 19go)

that at least looo subjects and 30 items be used for the rRT

computer prograrn LoGrsr for carculating itern and abitity

parameters. (d) The general public and test deveropers
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have more farniliarity with conventional procedures for

computing iten statistics and total scores.

Interpretation of Domain Score Estirnates

rn L969 Popham and Husek published an article titred
rrlmplications of Criterion Referenced Measurenentrt. In this

articre they discussed the distinctions between norm

referenced and criterion referenced approaches to testing.

The authors point out that one of the central differences

is the use of score variabil ity. For the norm referenced

procedure, score variability is very inportant because the

test constructor wants to be able to evaluate an

exanineets performance in relation to all other exarninees.

rn this case the amount and the type of discriminations an

item makes becomes important. Therefore, certain

stat ist ical  indices are used (e.g.  point  b iser iar

correrations) in order to evaluate the d,iscrimnation power

each item exhibits.

rn the case of criterion referenced measurement, test

are typicarly constructed by selecting a subset of items

from a large pool of items that represent a dornain of task

or instuctional rnaterial. Each items I irnportance to the

measurement accuary of the test is deterrnined by the

importance of the instuctional naterial or task it

represents and not the amount, and the type of

discriminations it produces. Therefore the use of item

discrinination indices, to increase score variabil ity, nay
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reduce the interpretabirity of the test scores. This

would occur if the items chosen through itern anarysis were

not representative of the rarger item group (dornain).

This position is supported by other researchers, (e.g.

Hanbleton; Swaminathan; Algina & Coulson, LgTg; Berk,

r -e80)  .

Early in the L98Ors researchers (Harnbleton &

deGrui j ter ,  1983; Haladyna & Roid,  19g3) began

investigating how rRT procedures might, be used to evaluate

item performance on criterion referenced tests. They

compared several traditional item discrimination indices

to item response theory item inforrnation indices for the

purpose of focusing measurement infornation at a cut-off

score- As a resurt of their research findings, these

researehers proposed the use of rRT measures of item

inforrnation to improve measurement accuracy.

The question that arises is how can rRT procedures,

and more specifically rRT procedures which depend on score

variabil ity, be used for selecting test items without

destroying the interpretability of the test scores. A

review of the riterature reveals that apparently this

question has yet to be directly addressed and debated.

Perhaps the question has been lost in the confusion that

has typically surrounded criterion referenced testing and

the related i l l-defined terminology. rt is believed,

however, that the reasoning behind the suggested use of
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iteur information to make item selections is based on the

definit ion of a rrdomain scoret as it is normally used in

IRT applications t,o criterion refereneed tests.

specifically, rRT arlows one to estimate a proportion

correct score (d.ornain score) on a large or infinite domain

of iterns from a smalr subset of items which have been

selected to provide optimal discrimination. Harnbreton and

Swamj.nathan, (t-994) state the following:

when the test items incruded in the test area are a

representative sample of test items from the domain

of items measuring the abil ity, the associated test

characteristic function transforms the abirity score

estimates into meaningful domain score estimates. A

problern arises, however, if a non-representative

sample of test items is drawn from a pool of test

itenrs measuring an ability of interest. Such a

sample may be drawn to, for exampre, irnprove decision

naking accuracy in some region of interest on the

abil ity scale. The test characteristic function

derived from such a non-representative sample of test

items does provide a way for converting ability score

estimates to domain score estimates. whire abil ity

estimates do not depend upon the choice of items, the

domain score estimates wilr be biased due to the non-

representative serection of test items. However, if

the test characteristic function for the total pool
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random or stratified random selection of items from a

larger pool of i"tems. The score resulting is not

conpretely unambiguous. rf an exarninee earned a score of

90 percent correct one does not know which items the

examinee missed. However, if the i_tems were a

representative sample of the larger d.omain of items,

representing the desired knowredge domain, then one d.oes

have an unbiased estimate of the percent of the knowredge

domain the subject has mastered.. rt is with this second

type of cRT test where an rRT derived domain ability score

estimate would appear to diverge from the domain

percentage correct Ecore offered by popham and Husek.

rt is diff icult to specify just what interpretation

a user rnay give to a d,omain ability score estirnate,

derived from a typical "l icensure and or certif ication

test. The abitity aimJnsion which the items define is one

which is etherear and diff icult to interpret,. rf the

items are drawn out of a single narrowly defined set of

subject matter, for example, anatomy of the foot, then the

abirity dimension would probably have some relation to the

level of the items in terms of some taxonomic schema like

that of Gagne or Bloom. Howeverr 65 the number of subject

areas is increased then the meaning of the abil ity

dimension becomes more complex because certain subject

areas night be systematicarly more complex than other

areas and by chance produce items with p-values all
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centered at a particular abil ity lever. rf this occurs it

would be diff ieult to imagine how an abil ity score could

be directly interpretable in terms of any specified

performance standards.

Many rRT theorists rnight argue that the second type of

CRT tests would tend to violate unidimensionality

assumptions underlying rRT theories, thus contraindicating

the use of rRT procedures. However, it is likery that rRT

procedures will continue to be used on cRT test of the

second type and thus open the way for mis-interpretation of

the domain score estirnates.

The difference in the percentage correct and abirity

interpretations that can be given to a domain score has

importance for the purposes of this study. specificarry,

this study focuses on increasing measurement accuracy at a

cut-off point in testing situations where smalr examinee

samples exist  ( i .e.  n = 50).  The smal l  samples used

eliminate from consideration the use of rRT estimat,es of

domain abil it ies. Therefore, the d,omain score estimates

must necessarily be derived from percentage correct

observed scores. rn this way information wilr be greaned

regarding the effect that focusing measurement information

at a cut-off point has on the accuracy of a domain score

estirnate calculated from the percentage correct obserrred

score. As previously mentioned, this can be accomplished

because with simulated data a rarge subject by iteur poll
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can be created and smaller samples of subjects and items

can be drawn for estimating the known population

parameters. The accuracy of the domain score estimate can

be evaluated both in terms of classification accuracy.

(pass/fail), and absorute deviation from the donain score

( i .e .  score  on  the  i tem poo l ) .

The information gai,ned from this analysis will be

especially irnportant in right of the study by shannon and

cliver (1987). rn their stud,y the authors reconmend the

use of the phi coefficient to identify items that wourd

have a high correlation with itern i.nformation (from a

three parameter rRT perspective) when rRT procedures are

not feasible ( i .e.  srnal l  sample s izes).  The authors

recommend (personal conversation May 6, 19gg) using a

number correct score as the estimate of the dornain score.

since a test characteristic cun/e would not be available

to estimate domain ability score the domain score wourd

have to be reported in terrns of the percentage of the

items in the domain which could be answered correctly.

once again the importance of the present study wirl be in

determining what effect focusing measurement aecuracy has

on the classification accuracy of domain score estimates

when the estimates are interpreted as an estimate of the

percentage of items examinees wourd answer correctry if

they were to given aIl items in the item pool.
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Studies Comparingr IRT to Other Test Development procedures

studies contrasting the measurernent accuracy of an

IRT item selection strategy to classical, domain

referenced and other item selection strategies are

rimited. rn L979 Harnbleton and cook used sirnulated data

for 200 items and 200 subjects to compare five item

selectj.on techniques. Tests were compared in terms of

score information at f ive abil ity levers. The item

selection strategies selected were (a) Random- items

serected totarry at random; (b) standard- items with

di f f icul t ies between .30 and .20 were serected. of  the

items within this range, only items with the highest item

discriminations pararreters were choseni (c) Middle

difficulty- the thirty test items that provided the

maxj.mum amount of inforrnation at an abirity level of o. o

were selected from the pool; (d) up and down- this method

invorved a three step process. First an item was serected

that provided the maximum amount of information at an

abil ity lever of -r.0. Then an item was selected that

provided the maximum information at o.o. level. The third

step was to select an iten at +r.0 and then go to step

one. This was repeated unti l thirty itens were selected.

(e) Maximum Information- involved averaging the

i-nformation provided by each of the items in the pool

across  th ree  ab i l i t y  leve ls  l .0 ,  0 .0 ,  and.  r .0 .  The i tems



I
I
I
I
I
I
T
I
I
I
I
I
I
I
I
I
I
I
I

39

with the highest average across the three abil ity levers

were selected.

In the results of this study, the randorn method, not

surprisingly, produced the smallest amount of infornation

at the abil ity levels of interest. The standard/classical

nethod provided maximum information for abirities at the

center  o f  ab i l i t y  d is t r ibu t ion  ( i .e . ,  .o ) .  A  re f lec t ion

of the roughly normal distributional shape of the item

pool. Interestingly this approach provided as much

information as the maximum infonnation at the center of

the distribution and at the upper revels of the ability

Ievels of interest. In fact, the only method that

presented information that surpassed. the standard method

for abil ity revel 0.0 was the rniddre diff iculty method.

All procedures surpassed the classical method at revers

below -L.0. The rniddle diff icurty rnethod in addition to

providing the greatest amount of information at the cutoff

also provided appreciabre amounts of inforrration at the

two adjacent ability revels. The up and down method

provided the least amount of information at 0.0, with the

exception of the random method. However, this method

surpassed all other methods at abirity revels of -i-.0 and

+1-.0 - The rrmaximum informationrr rnethod provided

information at almost the same revel as the up and down

method at the revers of .-L and *l- but was egual to the

classicar and surpassed by the middle diff icurty rnethod
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for  the  leve l  o f  O.O.

In summdry, the random method, which would most

closery correspond to the d,omain referenced.approach,

fared poorly at the theta levels studied. The crassical

approach did surprisingly wel1, egual to or better than

the two rRT based approaches at the center revel of o.o

and was surpassed only by the rnid,dre difficulty procedure.

The difference at the level of 0.0 was five test

information points with a value of 40 for the rniddre

approach and 35 for the classical approach.

rn light of this study comparing alternative it,ern

selection strategies, there are a few questions a

researcher night ask which are rerevant to the purposes of

this study. They are:

1-. Given the fact that at the center ability lever

the crassical approach was only surpassed in information

by one rRT based approach ( i .e. ,  rn iddle di f f icul ty) ,  what

wourd the difference in infor:nation have been had the test

lengths been set at 50 or 60 it,ens?

2- Assuming that the test lengths remained at 30

items, what would happen to the differences between the

rRT based procedures and the crassicarly based procedures

if the parameter estimates had been based on sample sizes

of less than LOO?

rn L983 Hambl-eton and de Gruijter conducted a similar

study with three prinary objectives. First, to consider
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the inappropriateness of crassical iten statistics in

criterion referenced test itern selection. second, to

clarify the rRT itern selection procedure. Finally, to

offer two exanples that highlight the ad.vantages of an rRT

method.

The authors point out that the primary disadvantage

to a classical approach is that the item diff iculty index,

p-value, is on a different scale from domain scores. To

illustrate, the authors provide a sinple example using

three i terns at  three di f ferent di f f icul ty revels 1.0,  .80,

.60 and five groups of twenty subjects each. rn the

example the p-value at the correct cut-off level does not

produce accurate domai.n score estimates. The example is

effective in demonstrating that the dornain score estimate

and the p-values are not on the same scale. what the

exarnple fails to show with regard to classical statistics

is that there is a relationship between rRT diff iculty

index (b-pararneter) and classicar diff icurty index (p-

value). Further, it does not show that there is a

relationship between the rRT discrimination index (a-

parameter) and the classicar discrirnination index (point

biser iar) .  Finar ly the authors fa i l  to point  out  that

although there is not an exact relationship between the

domain score scale and the item diff iculty scale the

rerationship is such that classical itern statistics can be

useful in selecting optirnar items. rn fact, the results
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of a L979 study by Hambleton and cook, previously cited,

show this quite c1ear1y. The Harnbleton and de Gruj-jter

(1983) art ic le does not ment ion the resul ts of  the L97g

study. rn fact the authors did not generate probabil it ies

of misclassificat,ions for optinal item selection data for

a crassical approach. rnstead the authors only compared a

randorn itern selection strategy with an rRT optimal item

selection strategy using simulated data. As would be

expected the resurts showed the one parameter rRT approach

to  be  super io r  fo r  tes ts  o f  var ious  s izes  ( i .e . ,  g -20

i tens) and at  several  d i f ferent cut-of f  scores ( i .e. ,  .65,

-75, and .80) when itern poors are homogeneous with regard

t'o discrimination. The conclusion one can derive from

this study is that an rRT strategy is ideal when it is

important to produce the shortest test possible which

still meets certain preset criteria regarding

misclassifications as derived from an abirity score scaLe.

A similar study was conducted by the same authors in

the same year (i-983). The study differed from the

previous stud.y in that simulated data was used and

therefore the true probabil it ies of misclassification

could be computed. This study differed also in that itern

parameters were estimated, thus rnaking the study more

realistic. The results errere generalry congruent with those

of the previous study.

A third study was conducted in i.983 by Haladyna and
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Roid, which was very simirar to the other two studies

reviewed. rn this study the authors used, a one parameter

model (Rasch Moder) to focus information at a cut-off

score for a criterion referenced test on dentar health.

once again a random sarnpling moder was used for comparison

purposes. This study differed from the other studies

cited in that an ad,ditional measure of measurement

accuracy was carculated for the domain score estirnates

derived. This measure was the average absorute deviation

(AAD) of the domain score estimate from the domain score.

The domain score for this study was defined as a large

poor of items created for the study. The study uti l ized a

ratio of the AAD to the sD of the deviations in order to

compare the one parameter model to the randorn sanpling

rnodel. The authors felt that through this procedure the

relative accuracy of the domain score estimates from the

Rasch and the random procedures could be judged. However,

the present, author believes that this type of comparison

is inappropriate because of the conceptual differences

t'hat exist between a dornain ability score and a domain

percentage correct score.

In 1985, Hambleton and Arrasmith, carried the

research in this area ohe step further by comparing

several test development strategies based on items taken

from a rear test. using procedures similar to some of the

previous studies in this area, the researchers defined a
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finite domain of items (itern pool) and then deveroped

a smarrer test by selecting items from the poor. As with

the previous studies the random method and the crassical

approach were compared to several rRT based strategies.

However, the rRT approaches included a nehr approach carled
rr content optiural. rl

The content optirnal approach was created by the

authors to deal with the problem of content validity which

may arise when items are selected based. upon statisticar,

rather than content consideration. For this procedure

items were selected which provided. maximum information at

the cut-off score subject to the constraint that the final

version of the exam must follow the content specifications

approved by a content committee.

This study was the first to address the possibil i ty

of low content representation when using rRT procedures to

focus information. However, the authors did not mention

the reason for increasing the content representation,

which is t,o increase the accuracy of the domain percentage

correct score estimate. rndeed, there was no anarysis of

the differences between the percent correct observed

scores (dornain score estimates) and the domain percent

correct scores for the finite popurat,ion defined. As was

the case in previous studies, the authors choose to

evaluate crassification accuracy in terms of an rRT domain

score perspective.
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The classiqal approach involved selecting j,tems that

had (a) p-values between .40 and .BO; and (b) the highest

avai-1ab1e classicar iten discrimination index (point

biser ia l  correlat ions).  Addi t ionar ly,  the exam had to be

in cornpliance with the test blueprint.

For this study tests of only twenty items were used.

The authors stated that the exam length was kept short to

ninirnize the overlap with the criterion test. The

criterion test contained 249 items distributed across Lz

different sub-areas within the nursing fierd. Despite

the large nurnber of different subtests, suggesting the

possibil i ty of more than one dirnension, alr rRT moders

( i .e. ,  one , two and three) f i t  wel l  based on analysis of

the standardized residuals. The authors chose to use the

three parameter model for the stud.y because it did produce

a slightly better f it. The cut-off scores selected for

this study were Gs?, 7az and 75t. The distributional

shape of the examinee popuration was not nentioned.

The findings of this study were sirnilar to previous

studies in that optirnal exams provided three to four times

more i.nformation than the rand.om exams and resulted in

practically significant improvement in crassification

accuracy based on domain abirity scores. classical exams

produced decision accuracy comparable to rRT based exams

when cut-off scores were near the center of the

distribution. However, they fared less werr when cut-off


