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The Effect of Anchor Length and Equating Method on the Accuracy of Test Equating:
Comparisons of Linear and IRT-Based Equating
Using Anchor-Item Design

Abstract

Multiple test forms or editions have long been used to satisfy the demand of test security and to
measure growth or trend. As a result, different equating methods have been frequéntly used to
generate comparable scores from different test forms. One popular approach is to embed a set of
common items in different forms. A practical issue in such design is the effects of particular equating
methods and the characteristics of the anchor on the accuracy of the derived equivalent scores. This
paper reports on a study that examined the influence of anchor length on the accuracy of equating.
The differences between the equating results yielded by Tucker's linear method and two IRT-based
methods were studied. The investigation focused on whether ‘equating accuracy improved with more
anchor items, whether the anchor effect depended on the particular equating method used, and the
adequacy of the inclusion of the guessing parameter for a test that had a negatively skewed
distribution of scores.

The data used was from the two forms of a minimum competency examination that contained 197 and
203 items, respectively. Equating was made possible by the 145 anchor items embedded in both of the
forms. Three pairs of shorter forms were created by simple random sampling of items, with a control on
the anchor length, and the pairs of the forms were equated separately. The total score on the 145 anchor
items was used as a criterion, the pseudo "true score”, to evaluate the accuracy of equating results. The
use of such pseudo “true score” made sense because the performance of all the examinees on the
"anchor universe” was attainable and the anchors in the test forms were representative subsets of the
universe. However, such criterion was only appropriate when the examinee population, the test items,
and the testing occasion were considered fixed. Though it was still a close approximation to the true
score, the criterion was conceptually superior than the other criteria and would not be biased in favor of

the IRT equating. The lower bound of IRT equating accuracy, hence, was estimated.

In addition to the Tucker's linear equating, the three parameter logistic IRT model of equating was
applied. The IRT two-stage method and the IRT fixed-b's method, were used operationally to
investigate the effect of IRT calibration on test equating. Lord's true score formula was applied to obtain
true score estimates, which were correlated to the pseudo "true score” to estimate the equating accuracy.

The PC version of BILOG 3 was used to estimate IRT item parameters and person ability.
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The results of the classical item analysis showed that the items had different item difficulties and
correlated moderately to the total test score. The equivalent ability scores yielded by the two IRT
methods were very similar. The correlation between the two sets of scores was almost perfect, showing
that the two IRT methods ordered individual examinees in an almost identical way. Regardless of the
differences in anchor length, the true score estimates based on the equating results of the two methods
also correlated in an expected manner, .999 over all the shortened tests. Overall, the results yielded by
all three equating methods were moderately accurate. For IRT equating, the correlation coefficient
between the pseudo "true scores” and the true score estimates ranged from .83 to .86 over pairs of forms.
For Tucker’s equating, it ranged from .80 to .83. Although the correlation coefficients did not differ
much, the IRT equating always yielded more accurate scores than Tucker's linear equating.

For IRT two-stage equating, when the number of anchor items increased from 12 to 20 to 30, the
correlation coefficient increased from .832 to .847 to .856. For IRT fixed-b equating, the coefficient
increased from .832 to .847 to .854. And for Tucker's equating, it increased from .802 to .823 to .832.
This pattern suggested that, no matter which equating method was used, the equating tended to be
more accurate when there were more anchor items. However, the improvement might not be
practically significant. If sufficiency and efficiency were of equal concem, it was desirable to have a
minimum of 20 anchor items, or at least 1/5 of the total test should be anchor items. Since the length of
the anchor might have substantial impacts on the results of equating, regardless of equating method, it
was important to include a sufficient number of anchor items.

To correct for the overestimation of the equating accuracy due to auto-correlation, the pseudo "true
scores” were correlated to the IRT true score estimates that based on only the non-anchor items for a
partial control over the auto-correlation. Although the auto-correlation could not be completely ruled
out, it provided a better picture for the goodness of equating methods. Moreover, the pseudo "true
scores” were correlated with the IRT true score estimates based on the anchor items only to investigate
the reliability of the anchor. The patterns of the correlation coefficients remained unchanged. The
strong correlation between the criterion and the anchor provided validity and reliability evidence for
the anchor. Given the valid and reliable equivalent scores, it was concluded that both IRT two-stage

and fixed-b methods were satisfactory in equating the minimum competency test forms.

With the above findings, it was concluded that the three parameter IRT model fit the data used in this
study. The inclusion of the guessing parameter was justified theoretically and empirically. It seemed

appropriate to include the guessing parameter when equating tests that had negatively skewed score
distributions.
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The Effect of Anchor Length and Equating Method on the Accuracy of

Test Equating: Comparisons of Linear and IRT-Based Equating
Using Anchor-Item Design

Introduction

In testing situations, often not all examinees take the same
test at the same occasion. To ensure test security, there is a
need for alternative test forms. To measure growth or trend,
interchangeable parallel forms are also needed so that test scores
are comparable. The need for various test editions or forms is
especially urgent for licensure exams and any other tests of which
the testing results inform critical decisions. Theoretically,
it 1is possible to obtain parallel test forms by carefully
constructing a test such that the items of alternative forms have
similar average difficulty and difficulty distribution. However,
the result of test constructioh is often not satisfactory because
the test forms are hardly parallel. It is hence necessary to
establish equivalent scores for scorés on different forms.

A variety of equating techniques have been developed to yield
comparable test scofes. They are primarily based on the
possibility of making statistical adjustment to approach testing
equivalency. From the perspective of transforming test scores
across forms, equating can be linear or non-linear. Equating can
also be categorized into <classical linear equating or item
response theory (IRT) application, of which the assumptions,
mathematical functions, and computational procedures are

substantially different.
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The selection of an equating model depends on the purpose of
equating, the underlying theory of equating, the feasibility and
accuracy of the model, as well as the characteristics of examinees
and test data. Classical 1linear equating methods have being

popular for years for their straightforward conceptual steps and

convenient computations. However, the equating results sometimes
do not meet all the needs. For example, the item calibration
varies across examinee groups and item samples. To overcome the

drawbacks of classical equating, equating models derived from item
response theory are increasingly applied to large-scale testing.
Nevertheless, there are still doubts about the accuracy of IRT
equating, its practical wvalue, and the claimed superiority over
classical equating methods.

With ‘respect to the need of better equating and the
controversies 1in practice, the current study sought to resolve
some important issues in both theoretical and empirical ways. A
comprehensive literature review of the underlying theories for
test equating and their applications was included. Pairs of test
forms, wvarying in anchor length, were calibrated and equated by
different methods using the anchor-item design. Comparisons among
the equating results vyielded by two IRT methods and Tucker’s
linear equating were presented. Discussions and suggestions were

made for future research and equating practice.



Research Purposes
To better understand the function of IRT equating, and to
evaluate the adequacy and the effectiveness of the IRT models, IRT
results should be compared with the results of classical equating,
against some unbiased criteria. Also, the effects of the
characteristics of anchor items should not be overlooked. This
study, therefore, has the following purposes:

1. To compare the equating results by various IRT methods.

2. To estimate, evaluate, and compare the equating accuracy of
the traditional linear equating and the IRT-based equating.

3. To investigate the effect of the test and item characteristics
on both linear and IRT equating. Specifically, the effect of
anchor length on equating accuracy would be examined.

4. To inform testing practice about the selection of equating
methods, based on the findings of the empirical study and
the literature review; and to propose useful suggestions on

research designs for future studies.

Research Questions and Limitation
The research questions of this study were shaped by both
personal interest and the particular context of the test data
under study. Because the test scores had already been collected
from non-equivalent groups with the anchor-item design, equating
based on anchor items was the only choice. The availability,
cost, and capacity of computer packages for IRT calibration also

set limits on the design of this study.
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Taking into account the research purposes and limitation, the

following research questions were raised:

1. Was there difference between the equating results of different
IRT methods, namely, the two-stage and the fixed-b equating?

2. To what extent that the IRT equating results agreed with the
linear equating results?

3. How adequate were the linear equating and the IRT equating, in
terms of the accuracy of equating?

4. What constituted a better criterion, for the particular test
data used in the study, for evaluating the equating accuracy?

5. Did the equating results depend on the length of the anchor?
Specifically, did the equating accuracy improve with the
increase in the number of anchor items? What was the most
efficient anchor, for the purpose of equating, that had minimum
but optimal number of item?

6. Was it appropriate to include the guessing parameter for a
minimum competence test, where the score distribution was

negatively skewed?

Literature Review
Underlying assumptions and necessary conditions of equating,
common equating designs and models, as well as applications of
equating in practice are reviewed in the following section.

Conditions of Equivalency

If test Y is to be equated to test X, no matter what equating
procedure is chosen, the following conditions must be satisfied to

conclude that the scores on test X and test Y are equivalent

Fe=b
O
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(Lord, 1980; angoff, 1984; Petersen, Kolen, & Hoover, 1989;
Dorans, 1990):

1. Both tests measure the same construct.

2. The equating achieves equity. That is, for individuals of
identical proficiency, the conditional frequency distributions of
scores on the two tests are equal.

3. The equating transformation is symmetric. That !is, the
equating of Y to X is the inverse of the equating of X to Y.

4. The equating transformation is invariant across sub-
populations of the population on which it is derived.

In addition to the above conditions, unidimensionality is
also a necessary requirement for the applications of IRT equating.

The conditions of equivalency are further explained below.

Same Construct

The requirement of the same construct is a matter of test
construction. It can be achieved by carefully selecting items
that measure the same construct during the test construction
process. When it is desired to compare tests measuring different
constructs, equating is achievable but meaningless, because it is
simply a problem of regression or prediction. Since equating is a
matter of transforming scores for the purpose of comparison, it
makes no sense for the forms of a test to measure different

constructs.
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Equity

The condition of equity requires that individuals of the same
proficiency obtain the same scores, no matter what tests are
taken. That is, at every ability level, the conditional frequency
distribution on one form is the same as that of another form. For
equivalent scores, the corresponding percentile ranks in any given
group should be equal. The proficiency of individuals téking two
different tests are usually estimated via their performance on the
common items or an anchor test.
Symmetry

The score transformation should be invertible to achieve
symmetry. To say that the scores on test X and test Y are
equivalent, regardless of equating from X to Y or Y to X, the same
score on one test should correspond to a given score on another.

Population Invariance

It is desired that the equating results be independent of the
unique characteristics of the examinee samples used in equating
process. No matter which groups of examinees are used, the
equating results should not change with the characteristics of the
particular examinee groups, except for the underlying construct
that the test is measuring. For all the examinees with the same
ability, IRT equating is expected to assign them the same
estimated ability level. The condition of population invariance
is one of the ultimate goals of test equating.

The condition of invariance can be assessed by examining the
relationship of equivalence across sub-groups. If population

invariance 1is not obtained, the tests or test forms may not
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measure the same construct. As a result, the test construction
procedures and test items should be scrutinized.

Unidimensionality for IRT Equating

Although unidimensionality is not explicitly recognized as a
condition of equating, it 1is, however, an underlying assumption
for equating based on item response theory. As a result, IRT
equating is more restrictive by requiring unidimensional test
items.

Overall Equating Guidelines

There is no absolutely superior criterion for the selection
of the equating design or method. Judgments and decisions based
on equating expertise and experience are needed through out the
process. Factors such as feasibility, cost, and the unique
testing context should be considered. Because decisions and
judgments were arbitrary, Brennan and Kolen (1987) provided a set
of guidelines for satisfactory equating.

For test structure, they argued that the test content and
statistical specifications for tests being equated ought to be
defined precisely and be stable over time. Item statistics should
be obtained from pretest or previous use of the test, in the
process of test construction. The test should be reasonably long,
with at least 35 items, and the scoring keys should be consistent.
The stems for common items, alternatives, and stimulus materials
should be identical for the form to be equated from and to.

Brennan and Kolen further 1listed ideal situations for
equating as follows: (a) Two sets of common items embedded in the

full-length test were desired; (b) The anchors should be at least
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1/5 of the tofal test in length and mirror the total test in
content specification and statistical characteristics; (c) At
least one link form was administered no earlier than one year in
the past, and at least one link form was administered in the same
month as the form to be equated; and (d) Each common item was in
approximately the same position in the two forms.

They also indicated that the characteristics of examinee
groups should be stable over time. The sizes of the groups should
be relatively large, roughly speaking, larger than 400. The
curriculum, training materials, and field of study should be
stable. The test items should be administered and secured under
standardized conditions.

Criteria for Selecting Eguating Methods

How shall we select or tailor an equating method to our
particular needs? For instance, 1if guessing 1s explicitly
encouraged for test takers and the effect cannot be neglected, a
fair equating should account for the factor of guessing. Suppose
the equivalent scores are expected to be highly accurate to
legitimate its use in certifying professionals, it is critical to
select an equating method that functions better for that
particular test.

There are three aspects, 1in general, to consider in the
selection of equating method. They are as follows: (1) Are the
underlying assumptions tenable? (2) Is the procedure practical?

and (3) How good is the equating result? (Crocker & Algina, 1986)

¥
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Tenability of Model Assumptions

The premise of a model application is that all the underlying
assumptions hold. Linear equating assumes that the tests being
equated have identical shapes for the score distributions. It is
therefore appropriate to be used when score distributions differ
in the means and/or standard deviations only. The derived
equivalents will have same percentile ranks due to the asshmption.

Equipercentile equating requires fewer assumptions and does
not assume the same shapes of score distributions. Thus it 1is
applicable even when the percentile ranks of the two examinee
groups are different. The equating procedure determines which
scores of different tests have the same percentile rank, instead
of assuming the similarity in the ranks. Compared to linear
equating, equipercentile method associates with larger errors and
the procedure is more complicated.

Both equipercentile equating and linear equating assume that
the tests being egquated measure the same trait with equal
reliability. If the assumption does not hold, the two equating
methods may lead to erroneous results. Nevertheless, given two
tests of different difficulty, the assumption of equal reliability
usually does not hold. In addition, the results of the two
methods depend on the particular test items used and fail to meet
the condition of equity for equating equivalency. Hambleton and
Swaminathan (1990) further indicated that the methods did not meet
the requirement for group invariance. Unlike the other methods,
IRT equating does not have the above drawbacks and may be a better

alternative.
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Feasibility of Design and Method

Current equating designs differ in terms of the need of
randomly selected groups, the administration of tests, and the use
of anchors. If random assignment is employed to form equating
groups or the groups take both tests in randomly assigned orders,
classical equating will be adequate. Otherwise, IRT-based methods
are more appropriate. '

Random assignment may save time or money for equating, but it
is not always practical or feasible because tests are usually
administered to convenient intact groups of examinees. One
solution is the use of anchor design, using either anchor items
embedded in both tests (the internal anchor) or administering a
third test to both examinee groups (the external anchor). Without
random assignment, the anchor score distributions for different
sub-populations may be markedly different. Thus the assumption of
equity is unlikely to hold (Crocker & Algina, 1986). If either
linear or equipercentile method is used, the result is unlikely to
be accurate. Methods based on latent trait theory are more costly
but tend to be more adequate when there is no random assignment.
Therefore, they are used most often in such design.

Equating Accuracy

A major concern for test equating 1is to what extent the
equated scores are equivalent. The accuracy of equating depends
on the conditions of equivalency (same construct, equity,
symmetry, and group invariance).

Since the true score cannot be known and can only be

estimated from the observed score, perfect equivalency can never

16
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be determined. Consequently, there is no absolute criterion for
equating accuracy, so the degree of accuracy is often studied by
comparing the equating result against arbitrarily sound criteria.
Equating accuracy is therefore an estimate that depends on the
nature of the arbitrary criteria used.

It is 'unreasonable to compare all equating results against
one single criterion because different equating vary' in the
characteristics of the particular test forms, model assumptions,
and equating procedures. There are several ways for selecting
criterion for equating accuracy. The equivalent scores derived
from conventional equating methods that function well or have been
applied for some time can be used as the criterion. The test
itself may also form a criterion, particularly in the study of
scale drift where a test is equated to itself. Based on empirical
studies, IRT-based equating results seem to be more accurate.
However, whether the criteria of accuracy is unbiased should
remain under scrutiny. Commonly used criteria for equating
accuracy is discussed later with other issues on equating

accuracy.

Tucker's Linear Egquating

Linear equating is appealing for its requirement of a simple
linear transformation of raw to scaled scores. Among many the
linear equating methods, the popular Tucker's linear equating is
employed in this study to compare to the results from IRT
equating.

Kolen and Brennan (1987) formulated Tucker's linear equating

by emphasizing the notion of a synthetic population, a combination

17
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of the proportionally weighted populations of examinees taking
*different test forms. Given the total score (X) on one test form,

the total score (Y) on another test form, and the total score (V)

on the set of anchor items, Tucker's equating makes strong

statistical assumptions as follows:

1. The linear regression function {(slope and intercept) for the
régression of X on V is the same for the two populations. A
similar assumption is made for Y and V. !

2. The variance of X given V is the same for the two populations.
Similarly, the variance of Y given V is the same for the two
populations.

Wwith the assumptions oh the variance and regression functions
in relation to the two populations, Tucker's linear equating is
more accurate when groups are similar. As a consequence, the
linearly transformed séores on one form have the same mean and

standard deviation as scores on another test form.

Though equally reliable test forms are often needed for Tucker's
equating, Kolen and Brennan (1987) argued that if the tests were
designed to be as similar as possible in content and statistical
characteristics and to be equal in length, small differences 1in
reliability between the test forms were not 1likely to have

negative influence on the equating results.

Advantages of IRT Equating

Traditional equating method can yield good results if the
test forms are sufficiently parallel (Lord, 1980). However, when
the tests to be equated differ in difficulties, IRT methods are
considered better than classical linear methods. Major advantages

of IRT equating are summarized as follows:

18
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Curvilinear Equating

IRT methods are capable of modeling either a linear or
curvilinear relationship between raw scores on two editions of a
test. It makes no assumption of equal reliability or identical
observed score distributions (Cook & Eignor, 1983; Kolen, 1981).
The result of IRT equating often agrees with linear equating to a
surprising degree. One possible explanation is that the test
construction has already produced considerably similar tests
(Berk, 1982).

Item-Free & Person-Independent Measures

The most prominent advantage of the IRT method 1is the
possibility of getting "item-free" estimates for persons and
“person-free" item characteristics (Loxd, 1977). Ideally,
examinees of same ability will get the same ability score, no
matter which items are taken. The IRT method can automatically
equaté different tests or tests forms while calibrating the test
items on the same scale.

In addition, IRT models provide estimated error of
measurement for ability estimation at each ability 1level, while
classical equating methods only yield a single standard error of
measurement for all examinees. Green, Yen, and Burket (1989)
suggested that the IRT method would yield equivalent ability
estimates for item sets differing in difficulty and/or
discrimination, although the equivalent estimates might associate

with different standard errors of measurement.
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Practical Appeals

IRT equating also have the following practical advantages:

(1) It provides better equating at the upper end of the score
scale, where important decisions are often made.

(2) It improves the flexibility in choosing editions of a
test, once the editions are placed on the same scale.

(3) If re-equating is necessary, usually after aading or
dropping certain items, it is easier to obtain the true score
estimates.

(4) It enables pre-equating, which derives the relationship
between the test editions before they are administered
operationally, when pretest data are available (Cook & Eignor,
1983).

(5) For test forms across years that differ somewhat in
content and length, bias or scale drift in equating chains of
circular-equating paradigm may be reduced, and the stability of
the scales near the extreme values will increase. (Petersen, Cook,
& Stocking, 1983; Hills, Subhiyah, & Hirsch, 1988).

Based on the above arguments, IRT-based equating methods seem
to be superior than the classical methods. However, the relative

efficacy of IRT application remains uncertain for the lack of an

absolute criterion for equating adequacy. Many Questions are
await to be answered. For example, how shall the efficacy of
equating be estimated? Is the equating result sensitive to

various item characteristic curves, given its arbitrary nature in
the origin and the scale? If different iterative procedures were

used, would the results agree?

20
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Green, Yen, and Burket (1989) noted that it was not safe to

say that the IRT method would yield equivalent ability estimates

if the item sets were different in cdntent coverage. On the other

hand, it was shown that content wvariations had subétantially

smaller effects on ability estimates thaﬂ it had on item

parameters (Yen, 1980). The effects of content variations on

ability estimates is not clear when the content differs

substantially. Therefore, content equivalency should be achieved
before equating.

IRT Equating Methods

IRT equating depends heavily on the particular calibration
process. The following section provides an overview of IRT
equating methods and the role that calibration plays in equating.
Generally, IRT equating involves four steps (Hambleton and
Swaminathan, 1990):

(1) Choose appropriate equating design with respect to the
nature of the test and the group of examinees.

(2) Determine appropriate item response model and assessing
model-data fit by broadly gathering goodness-of-fit measures,
including statistical tests of significance and checks of model
assumptions.

(3) Establish a common metric for ability and item parameters
by determining the equating constants for relating either ability
parameters or item parameters.

(4) Make decisions on the scale to report theAtest scores;
either ability scores, estimated true scores, or observed scores

may be used.
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The commonly used IRT methods are introduced below.

Two-stage Method

The two-stage IRT method applies to the anchor test or anchor
item design. First, both test forms are calibrated separately.
Then the forms are equated using the information based on the
anchor items. The following steps are generally involved:

(1) Assume that all items, including the anchor items,
measure the same latent trait. Estimate the item difficulties
(b's) for the items on the two forms (Book-A and Book-B) of the
test separately, using all the items including the anchor items.
In the process of calibration, fix the average ability score to
zero to set the scale for the item estimates.

(2) Using the anchor items only, compute respectively the
average item difficulties for Book-A and Book-B.

(3) Compute the difference of the mean anchor item
difficulties by subtracting the mean anchor item difficulty of
Book-B from that of Book-A.

(4) For subjects taking Book-A and Book-B, estimate their
abilities separately. These estimated ability scores are
expressed on two different scales. Since the two scales are
expressions of the same latent trait, the scales must be related
by the equation ©O; = O, + m, where O, is the scale for the group of
examinees taking Book-A, O, is the group of examinees taking Book-
B, and m is the mean difference of item difficulty.

(5) Add the mean difference of item difficulty (m) to the
ability estimates of subjects taking Book-B. The rationale is

that since the numeric value of item difficulty is a value on the
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ability scale, if ©; = @, + m, then b; = b, +m. By adding m to the
ability score on the scale for the group taking Book-B, the
ability scores of the examinees taking Book-B are transformed to
the scale of Book-A (Crocker & Algina, 1986; Hambleton &
Swaminathan, 1990).

Fixed-b Method

The fixed-b method sequentially calibrates the test items by

the following steps:

(1) Estimate b's and other item parameters for the Book-A items;

(2} Calibrate Book-B items by fixing b's of the anchor items at
the values obtained from the previous step;

(3) Book-B scale is then fixed on to the scale of Book-A
(Petersen, Cook, & Stocking, 1983; Hills, Subhiyah, & Hirsch,
1988) .

True Score Egquating

The values on the © scale may be transformed to their
corresponding true score values when reporting O is not preferred.
The true score of an examinee with ability ©® on a test is the sum
of the conditional probabilities of correct responses across the
item characteristic curves. It is defined as follows (Lord, 1980;

Crocker and Algina, 1986):

True score (&) = P; (O);

- Mo

where © is the ability and n is the number of items.

Theoretically, it is possible to equate the true scores on
two tests. Suppose the ability level of an examinee on test X 1is

O, and &, is the corresponding true score, and the ability level of
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the same examinee on test Y is ©, and the true score is §,. Then,

éx =ZP1(@X), and
£, =X P;(0,) =2 Py (@ O + B );

where Oy = O, + 8 depicts the linear relationship between ©, and
ex-

Therefore, for a given value 0O, the pair of true scores
(€x,&) on the tests X and Y 1is determined (Hambleton &
Swaminathan, 1990).

To emphasize the IRT model and data fit, Hambleton,

Swaminathan, and Rogers (1991) substituted & with T and rewrote the

n
equation as follows: 1@ = X P;(©). The T is called test
1

characteristic curve (TCC) for it is the sum of the item

characteristic curves. Since each P;(®) is an increasing function
of ©, t and O are monotonically related. The larger the O, the
larger the corresponding T. The range of T is between 0 and n, and
it is on the same scale as the number-right scale. Lord (1980)
indicated that true score & and ability © are the same thing
expressed on different scales of measurement. The difference is
that the scale for £ depends on the number of items on the test;
the scale for O is independent of the number of items on the test.
Therefore, © is more useful than § for comparison purposes.
Guessing occurs frequently for multiple choice tests. The
probability of guessing an item right depends on the number of the
alternative options for that item. Taking into account the number
of alternatives for each item, the true formula score can be
defined with the following equation and the test characteristic

curves for Book-A and Book-B can be formed:
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n
True score (&) = Z {[(ky+1)/kiy] Pi(O) - 1/kyi};
1

where n is the number of test items, and (kij+l) is the number of
choices for item i (Petersen, Cook, & Stocking, 1983).

Concurrent Calibration Method

Using LOGIST, an IRT <calibration computer program bn
mainframes, the item and ability parameters can be estimated
simultaneously in the following manner:

(1) Treat examinees taking Book-A and Book-B as one sample.
Treat data as if all the examinees have taken a test consisting
all the items from both Book-A and Book-B.

(2) Since the examinees taking Book-A do not respond to the
items on Book-B, code the scores for Book-B items as "not reached*
for the examinees taking Book-A. Treat the scores for Book-A
items for the examinees taking Book-B similarly.

(3) cCalibrate in a single LOGIST run for the ability
parameters for all the examinees and the item parameters for all
the items. The ability estimates for the examinees taking either
Book-A or Book-B are automatically put on the same scale. No
further step is needed (Hambleton & Swaminathan, 1990).

Conceptually, the concurrent calibration method is expected
to yield more stable equating results because it does not make any
assumptions about the relationship between the item parameter
scales for separate calibration runs (Petersen, Cook, & Stocking,
1983; Hills, Subhiyah, & Hirsch, 1988).

Characteristic Curve Transformation (Formula Method)

The steps of the characteristic curve transformation method
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are as follows:

(1) Book-A and Book-B are analyzed separately to obtain two sets
of item parameters.

(2) For each form of the test, calculate the mean and standard
deviation of the b's for the anchor items.

{3) To put the parameters of Book-B on the scale of Book-A,
linearly transform the Book-B item parameters using the following
formulas (Stocking & Lord, 1984; Hambleton & Swaminathan, 1990,
p.205, 222):

by = abx + gl
ay = ay / O;

where o = S,/Sy and £ =y - 0x, y and X are means, and S, and
Sy are standard deviation of b-values for the common items.

The basis for the linear transformation is that, in anchor
test design, the difficulty and discrimination parameters for the
common items are linearly related between the two tests, assuming
item and people invariance. (Petersen, Cook, & Stocking, 1983;
Hills, Subhiyah, & Hirsch, 1988).

IRT Pre-equating

Item pre-equating design establishes equating conversions
between a new test edition and a previous one prior to
administering the new edition. It depends on adequate pre-testing
of a pool of items where the new edition is assembled. The pre-
testing 1is conducted while the editions already equated are
operationally administered. Item statistics obtained are used to
equate scores on the new edition to desired scale (Cook & Eignor,

1983). To better pre-equate, items must behave similarly in
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pretest and operational contexts, especially for item position and
influential context effects. It was found that pre-equating
method associated with substantially larger bias and errors (Kolen
& Harris, 1990).

The Use of IRT Edquating Coefficients

The IRT equating transforms the wvalues of the item and
examinee parameters on one metric into those of the other or a
base metric. Therefore, the slope and intercept coefficients of
the appropriate linear transformation of the parameter estimates
must be obtained. For examinee parameters, the basic

transformation equation is as follows (Baker & Al-Karni, 1991):

*

® =20 + K

where A is the slope, K is the intercept, © is the examinee's

ability parameter in the metric to be equated, and @ is the
converted © on the target metric.

For the item parameters, the transformation can be done as
follows:

a = a/A
b*= Ab+K

Sampling Effects on Egquating Results

Sample invariance is a desirable property of equating method.
Ideally, we would like to obtain equating independent of ability
level for any sub-population. Although it was argued that
equating results were consistent across sub-populations of
different ability in general, Lawrence and Dorans (1990) noted
that the results relied on the examinee samples of approximately
equal ability. They suggested that population independence should

be investigated under circumstances that the examinee samples
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differed in ability. The suggestion 1is relevant because, in
reality, examinee groups are more than likely to have different
ability. |

Effect of Ability Difference

Ability difference between examinee samples may have serious
impacts on equating results (Cook, Eignor, & Schmitt, 1988).
Theoretically, the <closer the groups in the abiliﬁy being
measured, the more accurate the equating will be. That is, the
ability estimate will be closer to the true ability score, and
examinees with the same ability will get the same score.

To overcome the threat of ability discrepancy between sample
groups, particular sampling strategies are employed from time to
time to draw samples of similar ability. It is intriguing to
learn what combination of sampling procedure and equating method
works best, since sampling effect may vary with equating methods.
Literature generally recommended the use of representative sample
instead of matched sample.

Representative vs. Matched Sampling

Dorans, Livingston, Wright, and Lawrence (1990) found that
"matched sampling*, stratifying samples on the anchor test, was
useful in abridging the disagreement among equating methods. When
populations differed in ability, however, matched sampling was not
only complicated but also yielded little improvement for equating.
Schmitt, Cook, Dorans, and Eignor (1990) also had a similar
finding after investigating the sensitivity of equating results to
different sampling strategies. Eignor, Stocking, and Cook (1990)

recommended that the "matched" samples should not be used with 3PL
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IRT equating procedures, because it introduced more errors in the
estimates of item difficulty than representative samples.

Equating Tests with Skewed Distributions

Practitioners or researchers are usually interested in
equating large scale achievement tests that have approximately
symmetrical and bell-shaped score distributions. However, we are
often required to equate tests that have highly skewed score
distributions such as minimum-competency tests or licensure exams
with high passing standards. In addition, especially for
licensure and certification programs, test forms are often equated
with special interest on a particular cut-off score or range of
scores to inform decision making. In this case, the equating
procedure itself is not relevant to the procedure of determining
the cut-off criterion. To maximize the precision of the decision,
it is reasonable to direct more attention to equating in the
cutting score region, even at the expense of poorer equating at
other scores (Brennan & Kolen, 1987).

Hills, Subhiyah, and Hirsch (1988) equated the scores of a
minimum-competency test, the Florida Statewide Student Assessment
test, to the scores of an early version that was administered two
years before. The test items were from the same content domain,
item difficulty were similar, and the examinees were essentially
from the same population. It was found that almost all the five
equating methods wused in the study yielded similar results.
Hills, Subhiyah, and Hirsch concluded that IRT equating methods
could be used for minimum-competency tests of extremely skewed

distributions and yielded reasonable results.
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Assessing Equating Adegquacy

Equating effect can be evaluated in terms of accuracy, sample
invariance, or scale stability. Sample invariance, a desirable
result for equating tests, can be assessed by examining the
similarity of the equating results obtained from diverse groups,
which can be different in ability, socio-economic status, race, or
other characteristics. As sample invariance has been discussed
previously, in this section, only equating accuracy and scale
stability will be reviewed.

Measures of Equating Accuracy

The purpose of equating is to obtain comparable scores that
well estimate the underling true score, therefore, a relevant
question is: How good are the true score estimates and to what
extent the equated scores are comparable? It was argued that IRT
methods was superior for its capacity to equate both parallel and
non-parallel tests or forms (Kolen, 1981). Green, Yen, and Burket
{(1989) found that IRT-based procedures were effective for both
inter-level and inter-form equating. Unfortunately, the findings
are tentative because the accuracy measure can only be determined
with an arbitrary criterion,

This section focuses on how a criterion equating is selected
in practice and how the evaluation on equating accuracy can be
done. Brief description of the commonly used accuracy measures
for equating is included.

Selection of criterion eguating.

If certain conventional equating methods are known: to

function well or have been in existence for some time, the results

O
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of the conventional methods may be used as a criterion against
which the IRT equating is evaluated. For example, in a
comparative study, Livingston, Dorans, and Wright (1990) made an
assumption that the true equating relationship was the
equipercentile relationship in the target population because the.
true scores could be precisely estimated. Yen (1985) also
suggested the use of the equipercentile equating as the target
equating for its equal accuracy to the IRT methods.

Equating to self.

In other situations, the test . itself may form a criterion
accuracy. For example, a test is equated to itself in a typical
design for studying scale drift. Skaggs and Lissitz (1986)
concluded that the best situation for research purposes occurred
when a test could be equated with itself through intervening
forms. Yet one must be cautious when interpreting the results,
because time has elapsed between test administrations and equating
error could be confounded with other types of measurement errors.

Estimated RMSD and BIAS.

A common overall accuracy measure for equating is root-mean-
squared deviation (RMSD), also called root-mean-squared error of
equating (RMSE). It is based on the residual of the equated
scores from the criterion accuracy measure for the fﬁll sub-
population. The criterion accuracy measure is .obtained from a
criterion equating or the corresponding raw score (Klein &
Jarjoura; Livingston, Dorans, and Wright 1990, 1985). Suppose

Form-B of a test is equated to Form-A, then

o
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N

y
RMSD = {( [ £Zn, ( x, - %, ) 1 / Zn, )} Y* ,

y=1

where n, is the number of examinees with raw score y on Form-B;

Xy is the corresponding exact scaled score on Form-A as

N

determined by the criterion equating; and x, is the corresponding

exact scaled score on Form-A as determined by the equating that is
to be evaluated. The summation is over the raw-score levels on

]

Form-B.

A
The formula can be rewritten as: RMSD= { [ Z(x;-%;) 21 / n )} 2
Klein and Jarjoura (1985) estimated the mean equating error,
the bias that contributes to the RMSD, with the following formula:
BIAS = X - X';

where X 1is the mean of the criterion scores and X! is
the mean of the equivalents.

Livingston, Dorans, and Wright (1990) computed a variation of
the bias statistic to diagnose for a large RMSD. The statistic is
a weighted mean difference for the new-form population as shown

below:

A

Bias = X [n, ( %X, - %, )] / Zny

It is noted that the bias measure is not good at evaluating an
equating unless all the equated scores were too high or too low.
However, it describes the tendency to produce equated scores that
were systematically too high or too low.

Marco, Petersen, and Stewart (1983) investigated the adequacy
of a wvariety of curvilinear score equating models on verbal
portion of the SAT. The criterion equating was the test score

itself, when a test was equated to itself. In the cases where
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tests were equated to a different test, two criteria were
established: a. equipercentile equating of observed scores (the
direct equipercentile criterion); and b. equipercentile equating
of estimated true scores derived from the 3PL model (the IRT
equipercentile criterion). Because the IRT equipercentile
criterion might be biased in favor of the IRT equating methods,
the direct equipercentile criterion was adopted.

TwWO discrepancy indices were used to evaluate the
effectiveness of the models in the study of Marco, Petersen, and
Stewart (1983): the standardized weighted mean square difference
(or the total error) that gave the greatest weight to those values
most likely to occur, and squared bias.

Marco, Petersen, and Stewart (1983) warned for the
tentativeness of equating results based on arbitrary criterion of
equating accuracy. However, they found that if the anchor test
mirrored the content and the difficulty level of the total test,
the sample differences had relatively small and unsystematic
effects on the quality of the eguating results. They also found
that internal anchor, the common items embedded in the tests being
equated, resulted in less total error than external anchor, which
was a third test given to both of the exéminee groups. They
attributed it to the possible difference between the external

anchor and the total test.

Scale Stability

Though stability is different from accuracy, it is sometimes

used to compare the adequacy of different equating methods. The
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research findings of scale stability are briefly summarized below,
since this study does not focus on scale stability.
| Kolen (1981) investigated the stability of equating results
across stratified random samples via a cross-validation design
using nine equating methods, including classical method and IRT
models. The cross-validation criterion used was a mean-sqguare-
difference index, of which a smaller wvalue reflected greater
consistency. He also computed Friedman statistic to conduct an
overall significance test for differences among wvarious equating
methods. Kolen concluded that the one parameter IRT models were
inadequate possibly because the prevalence of guessing by the
examinees. In addition, the 3PL IRT model seemed adequate, so was
the equipercentile method. However, Kolen noted that these
conclusions were tentative because the sampling distribution of
the cross-validation statistic was unknown and the consistency
among the methods was only a relative measure of stability. The
complex interaction between item content, difficulty level, and
the equating model may make the results of the cross-validation

statistic even harder to interpret (Skaggs and Lissitz, 1986).

If the result of directly equating the new edition of a test
to its o0ld edition is not the same as the result of equating the
new edition to the o0ld edition through intervening edition(s),
there is scale drift due to equating method (model fit problems)
and/or sampling errors. Scale drift often indicates the
inadequacy of equating methods. Brennan and Kolen (1987)
indicated that equating procedures estimating only one or two
moments tended to be more appealing than the procedures estimating

many moments. In addition, if arbitrary test forms were chosen to
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be equated to itself wusing the circular equating paradigm, the
equating results might be different. They attributed the
difference to the circular equating paradigm, but not the merits
of different equating methods.

The weighted mean square difference was used by Petersen,
Cook, and Stocking (1983) as a summary index for evaluating the
effectiveness of the various equating models. The measure gave
greater weights to those values that were most likely to 6ccur and

represented larger discrepancies, as shown in the following

formula:
T, f5d° / n = I £ (@, - &2 / n + az?;
(Total error ) (Variance of Difference) (Squared Bias)
where
(1) dj = t'5 - t43; t'y is the estimated scaled score for raw score

x5, and ty is the initial or criterion scaled score for xj;
(2) f; is the frequency of xj;
(3) n= Z;fy; and

(4) a= Zj fjdj/n.

The summation is over that range of x where extrapolation is
unnecessary (Petersen, Cook, and Stocking, 1983).

Overall, it was found that the IRT conversions had less
discrepancy from the initial scale than the other equating
methods. Methods based on the three-parameter logistic IRT model
resulted 1in greater stability of equating when tests differed
somewhat in content and length (Petersen, Cook, & Stocking,

1983).

Assumption of Dimensionality

The robustness of IRT models to violation of assumptions is a

major concern of the IRT test equating application. Among them,

crt
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multidimensionality affects the fit of an IRT model most. It is
especially true for achievement tests where several different
types of content are tested.

Effect of Dimensionality

In practice, test scores are most meaningful when all the
items depend on a single trait. If the IRT assumption of
unidimensionality holds, 1local independence should be observed;
that is, for fixed ©, the item characteristic functions for any
pair of items i and j are independent (Lord, 1982). If the
probability for a given response to the given items i and j are
not independent for fixed ©, the responses to items i and j depend
on some trait other than the © shared by the two items. Then
there is a violation of unidimensionality.

Robustness of Unidimensionality Assumption

The study of Dorans and Kingston (1985) showed that violation
of unidimensionality might have an impact on equating, but the
effect might not be substantial. The influence may depend on how
the violation of unidimensionality is formulated. It was found
that dimensionality influenced the magnitude of item
discrimination parameter estimates, thch caused an asymmetry of
equating. However, given the similar equating obtained from tests
with varyving dimensionality, IRT equating might be sufficiently
robust to the dimensionality violation. Dorans and Kingston
suggested that it was reasonable to think that an overall ability,
the total verbal ability in their case, could be thought of as a
weighted composite of the separate component abilities (the verbal

and reading comprehension abilities).

D
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Reckase, Ackerman, and Carlson (1988) also advocated that the
unidimensionality assumption was robust by arguing that
unidimensionality only required items of a test to measure the
same composite of abilities, rather than a single ability. Yen's
suggestion is to hypothesize that the unidimensional model chooses
a combination of underlying traits as its unidimensional trait
(Yen, 1984). If a test involve independent traits that influence
only a few items, the traits can be ignored in the definition of
the unidimensional three-parameter trait.
Moreover, Dorans (1990) argued ﬁhat the tests being equated
did not have to be composed of unidimensional items, although they
had to measure the same construct. The tests should contain the
same content mix of items, and sets of items could be selected to
meet the unidimensionality assumption for most IRT models, even
when more than one ability was required to give a correct
response. Reckase, Ackerman, and Carlson (1988) demonstrated
theoretically and empirically that sets of items measuring the
same weighted composite of abilities could be selected to meet the

unidimensionality assumption for most IRT models.

Characteristics of Anchor items

It is agreed that the characteristics of anchor items are
influential to equating results. Consequently, it is crucial to
adequately select anchor items. Both content representativeness
and anchor length are important characteristics of the test anchor
and deserve to be studied. However, because of the focus and page

limit of this paper, the issue of content representativeness would
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only be skimmed in the following paragraph, and only the issue of
anchor length would be reviewed extensively.

Content Representativeness

Whether the anchor items are representative to the overall
items of the tests being equated, in terms of content and
statistical properties (Cook & Petersen, 1987) is especially
important when groups vary in ability. Budescu (1985) pointed out
that the magnitude of the correlation between the anchor test and
the unique components of each test form was the single most
important determinant of the efficiency of the equating process.
Brennan and Kolen (1987) further indicated that any substantial
content changes entailed a re-scaling and re-norming of the test
with a new "origin" form to which subsequent forms were equated.

Length of Anchor

If efficiency is considered, it is natural to expect an
anchor to be shorter in length but yield better equating result.
The reason not to have too many anchor items is to preserve the
flexibility in selecting non-anchor test items to reflect the
content domain being tested.

Although there is no absolute standard for appropriate length
of an anchor, a rule of thumb is given by Angoff (1984) as
follows: At least 20 items or 20% of the total number of items in
a test, whichever is larger. Several studies suggested, however,
that as few as five or six carefully chosen items could perform as
satisfactory anchors in IRT equating when the item parameters of
both tests were estimated in a single analysis using IRT

concurrent method (Raju, Edwards, & Osberg, 1983; Wingersky &
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Lord, 1984; Raju, Bode, Larsen, & Steinhaus, 1988; Hills,
Subhiyah, & Hirsch, 1988).

It is impossible to offer universal guidelines for selecting
the length of the anchor. For its specific purposes, each testing
program needs to take into account the time, cost, and context
constraints as well as the particular index of efficiency when
determine the length of the anchor (Budescu, 1985).

Hills, Subhiyah, and Hirsch (1988) studied the effect of
anchor test length and found that five randomly chosen anchor
items of a mathematics test was not sufficient to produce
satisfactory equating result. However, an anchor of ten items
were found satisfactorily sufficient when IRT concurrent method
was used.

Precaution: Limits of Equating

Test equating cannot solve problems originated in rough and
improper test construction. It should be used, conversely, to
overcome the insufficiency of a fair test construction that fails
to yield parallel forms.

Both classical and IRT equating are primarily designed for
minor differences in difficulty between test forms. Cook and
Eignor (1991) indicated that no equating method could
satisfactorily equate tests that were markedly different in
difficulty, reliability or test content. From this perspective,
the practicality of vertical equating, which transforms scores
across levels of achievement (usually school grades) onto a single
scale, is in question. Theoretically and operationally, vertical

equating is much more difficult to accomplish than horizontal
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equating. vskaggs and Lissitz (1988) suggested that
multidimensionality might account for a lack of test equating
invariance of vertical equating.

Equal reliability is wusually assumed for equating. Both
linear and equipercentile equating require equally reliable tests.
Due to floor and ceiling effects, however, tests differing in
difficulty are not 1likely to be equally reliable for all sub-
groups of examinees, and the relationship between the tests is
nonlinear (Skaggs & Lissitz, 1986). It is implied that observed
scores on tests of different difficulty cannot be equated.
Equating is, in fact, done in its loose sense. From a pragmatic
point of view, equating is to arrive at a conversion equation that
approximates an ideal equating. Despite its limitation by nature,
test equating is still of great use in comparing scores on test
forms of minor differences.

The focus of this study is horizontal equating, a permissible
and frequently used equating.- The tesﬁ forms being equated were

constructed to be parallel.

Description of Data
The test data used in this study were the scores on the two
forms, Book-A and Book-B, of a 1993 in-training examination taken
by the candidates of a medical specialty. The candidates took the
test, while participating in various in-training programs located
at different sites ‘(usually in hospitals), to prepare for the
board certification examination. No absolute score was used to

determine pass or fail. The passing standard was 75% of the total
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test items being correctly answered.

To become board-certified, the candidates were strongly
motivated to participate in the in-training programs for the
preparation of the certification exams. Since the in-training
test provided candidates valuable opportunities to get familiar
with the formal certification exams, it was assumed that the
candidates had taken the test as serious as when the forﬁal exams
ware taken.

Test Content and Format

The test forms were comprised of five-alternative multiple-
choice items, and the content of all the items were emergency-
medicine-related. The item responses were all scored as right or
wrong (coded as 1 or 0). Book-A had 203 items, of which 58 items
were unigue to Book-A. There were 52 unigue items in Book-B, and
the total number of items was 197. There were totally 145 anchor
items, and the anchors were identically embedded in both forms in
terms of wording and location.

Examinee Groups

A total of 2,242 candidates took the in-training test. After
screening the data, a case that had apparently guessed throughout
the entire test was deleted from the analysis to secure the
validity of scoring. aAmong the 2,241 subjects, 1,092 took Book-A
and the rest of 1,149 took Book-B.

The examinee group taking Book-B scored higher in average on
the anchor items, therefore it was likely that this group of
examinees had higher ability. Nonetheless Lord (1981) mentioned,

the difference in ability 1level would not influence equating
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result, given anchor-test design was employed. In addition, the
group taking Book-B had a lower mean score on the unreduced full-
length test. This implied that the unique items in Book-B had
higher difficulty in average.

The test forms generally met the equating requirements that
were mentioned earlier in the review of equating guidelines.
Specifically, the test was reasonably long and all the iéems were
from one single item pool. The anchor items constituted the major
part of the total test. Some of the items were administered in
thé previous year under the same standardized testing situations.
The size of the examinee groups, over 2,200 subjects, were
reasonably large. In addition, the scoring key was clear and the
test results appeared to be stable, given the preliminary analyses

based on the classical test equating.

Research Qesign

All the equating in this study were based on non-equivalent
populations, random sampling of items, and the internal anchor-
item design. The following variables, anchor length and equating
model, delineated the entire study. The equating results of IRT-
based models were compared against the results of linear equating,
with a raw-score-based criterion of equating accuracy. The number
of anchor items was systematically manipulated to reflect the
common suggestions for the anchor length. FIGURE 1 illustrated

the basic design of research in this study.
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Anchor Item Design of Equating

The two examinee groups taking different test forms were not
formed by random assignment. The test forms were constructed with
embedded common items so that the test scores could be made
comparable. The internal anchor items were representative to the
full-length test, and was embedded in both forms in the same

fashion (same wordings and same location).

Random Sampling of Items

The test items fell into 23 sub-areas of a single content
domain. Following the research design, subsets of items were
randomly drawn from the item pool controlling for the number of
anchor items.

The item sampling scheme rendered an opportunity for the
study of the anchor length effects. The total number of items
drawn for each of the reduced test forms also reflected the common
test length in testing practice. The random sampling of items
also extended the scope of the study on equating accuracy. As a
result, the examinee’'s performance on the complete set of 145
common items, from the original full-length test, formed a
legitimate criterion for equating accuracy.

Specifically, equating results were compared against the
total raw score on the complete anchor set. The total raw score
was the pseudo "true-score" in the sense that the anchor mirrored

the item population and the scores were available for all the

examinees. It was indeed the “true score” if the population and
the occasion were considered fixed. To evaluate the adequacy of
equating results, the estimated true scores of different
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procedures were correlated with the pseudo “true score”. The
Pearson’s product moment correlation coefficients were computed as
the index of equating accuracy.

The item sampling schemes, the sampling procedures, and the
resulted three pairs of reduced test forms were described in
APPENDIX 1. In summary, the three item samples that differed in
anchor length were drawn from the single ‘item pooi. The
underlying assumption was that all the items were wfitten for a
single content domain. The numbers of common items for the three
reduced tests were fixed at 30, 20, and 12 respectively. These
figufes reflected a considerably long anchor and two anchors of
minimal length. The minimum lengths were chosen based on the
recommendation that an anchor should have at least 20 items or 20%
of the total test items. By using such minimum numbers of anchor
items, fewer items from one test to another test were repeated,
thus test security could be enhanced (Hills, Subhiyah, & Hirsch,
1988).

It should be noted that, although, from the previous research
it was found that five or six carefully chosen anchor items would
yield good equating results. For the current research, the study
on the effects of a smaller anchor was not feasible. It was
because most of the 255 test items were common items and not

sbread evenly across the 23 content areas.

Equating Methods

In addition to the Tucker's 1linear equating, the three

parameter logistic IRT model was also applied to account for the

N
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guessing factor. Since the test was comprised of multiple-choice
items, it was highly likely that the examinees had guessed on some
difficult items. Two IRT equating techniques, the two-stage
method and the fix-b's method, were wused operationally to
investigate the effects of IRT calibration on test equating.
Although various item samples were created in this study, when
comparing equating results of different egquating methods, the same

set of items was always used for the comparison.

Research Tool

The program used to obtain IRT estimates for item parameter
and person ability was the PC version BILOG 3. There were other
IRT-based programs, such as LOGIST and ASCAL, that could also be
used to calibrate the test items. A comparison between BILOG 3
and LOGIST illustrated why BILOG 3 was used in this study.

BILOG 3 vyielded marginal maximum likelihood (MML) estimates,
whereas LOGIST simultaneously maximized the Jjoint 1likelihood
function (JML) for the estimates of item and examinee parameters.
The JML estimates were likely to become inconsistent when the
numbers of examinees or items increased (Mislevy & Stocking, 1989;
Baker, 1990). The number of parameters estimated with MML did not
increase with the increase 1in the number of examinees.
Consequently, BILOG 3 would yield more consistent results. The
marginal maximum likelihood was the probability of making a
correct response by an examinee randomly selected from a
population with a certain ability distribution. Yen (1987) also

found that BILOG always yielded more precise estimates of

4'¢
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individual item parameters. For shorter test with ten items,
BILOG excelled LOGIST in estimating item and test characteristic
functions. For longer tests with 20 to 40 items, however, the two
programs yvielded similar estimates.

LOGIST constrained extreme item parameter estimates by
imposing specified upper and lower limits. The boundary wvalues
affected © estimates, even though the effect may be minimal.
Based on a Bayesian framework, BILOG implemented prior
distributions on all item parameters in the 3PL model. The ©
estimates obtained depend on the characteristics of other items in
the test. If the prior informatioﬁ is not appropriate for the
data, item parameter estimates would be biased (Baker, 1990).
When the tests were longer, samples were larger, and some items
were omitted or not reached, LOGIST and BILOG would yield similar
item parameter estimates. In this case, BILOG was still more
appealing for its cost and statistical properties. If the tests
were shorter or the samples are smaller, BILOG had the advantage
of yielding more reasonable results (Mislevy & Stocking, 1989).

Unless linear transformation was applied, IRT parameter
estimates were not unique when specifying a © trait scale metric.
The PC-BILOG used the estimated posterior © distribution to
establish the location and metric for the © scale, as a solution
to the identification problem. Baker (1990) indicated that the PC
BILOG preserved the variability of true distributions that had
smaller variances, but it standardized the variability of the true

distributions when the variances were larger.
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Results and Discussion

The results of the classical item analysis showed that the
items had various item difficulty and correlated moderately to
the total test score. The results were summarized in APPENDIX 2.
Descriptive statistics and correlation coefficients for the common
and unique items, mainly for the application of Tucker's linear
equating, of each of the test forms were included in APPﬁNDIX 3.
Descriptive statistics for IRT calibration for the three pairs of
reduced forms were presented in TABLE 2 for both the two-stage and
fixed-b methods. The correlation coefficients presented in TABLE
4 described the equating accuracy of different equating methods
over various item samples by using the scores on the complete set

of 145 anchor items as the accuracy criteria, the "true scores".

Test Homogeneity & Content Representativeness

For the complete test forms and the reduced forms, the anchor
and the unique items were significantly correlated. They also
correlated significantly with the whole test forms respectively,
regardless of the differences in anchor length (see APPENDIX 3).
It showed that the anchor reasonably mirrored the test form, in
relation to the content. Therefore, the use of the anchor in
equating the test forms seemed appropriate.

It should be noted that, however, the magnitude of the
correlation coefficient between the anchor and the whole test was
inflated by auto-correlation because the anchor was embedded in
the test. The artifact of the auto-correlation was evidenced by

the decreasing magnitude of the correlation coefficient when the

43
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size of the anchor decreased. The coefficient decreased from .861
to .797 to .729 for Book-A and from .863 to .787 to .696 for Book-
B when the number of anchor items decreased from 30 to 20 to 12.
Thus the content representativeness of an anchor could not be
solely determined by the magnitude of the correlation coefficient.
The number of anchor items also played a critical role.
The size of the anchor, therefore, might have substantial
impact on test equating. This was discussed later with the IRT
equating results.

Preliminary Study on the Raw Scores

Generally, the average raw scores of people taking different
test forms did not differ substantially. With the evidence of
item homogeneity and content representativeness, the test forms
seemed to be pretty parallel. Upon closer inspection, however, it
was found that the examinees taking Book-B scored slightly higher
on both anchor items and unique items across the three reduced
item samples. The average raw scores was divided by the number of
items in the form to vyield comparable percentage values. The
percentages were summarized in TABLE 1.

The figures in TABLE 1 indicated higher ability of the
examinees taking Book-B over thé three pairs of reduced test
forms, perhaps caused by the non-random selection of the
examinees. Despite the ability difference between examinee
groups, equating results should not be affected because of the

anchor-item design.
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Estimation of Item Parameters

The IRT equating in this study were done by incorporating the
two-stage and the fixed-b methods with the three parameter
logistic IRT model for item calibration. The summary statistics
for the estimated item and ability parameters were presented in
TABLE 2. The distributions of the item parameter estimates
generally showed the items from different test forms had different
item difficulty but similar item discrimination. It suggested the
item sampling effect on test content and was consistent with the
pattern found in the average item difficulty based on raw scores.
Since Book-B was equated to Book-A, only the estimated parameters

for Book-A were used in computing the estimated true scores later.

Equating the Estimated Ability Scores

The average anchor item difficulty of the form being equated
to (Book-A), yielded by the two-stage calibration, was used to
adjust for the ability estimates from the form being equated
(Book-B) . Since the fixed-b method resulted in estimates that
were already on the same ability scale, no adjustment was needed.

The equivalent ability scores yielded by the two IRT methods
were very Similar. The correlation coefficients betweén the two
sets Qf equivalent ability scores were computed for various
reduced forms. The significant high correlation, .999 for all the
reduced forms (see APPENDIX 4), showed that the two-stage and the
fixed-b equating methods yielded almost identical equating results

in terms of individual examinees' standings in the examinee group.

o3



TABLE 2: Summary of IRT Calibration

50
Simple Random Sample
Book-A Total # of items 60 60 60
(n=1092) # of anchor items 30 20 12
Estimated a mean 0.340 0.365 0.356
s.d. 0.173 0.179 0.179
Estimated b mean -0.884 -0.54 -0.761
s.d. 2.239 2.290 2.540
Estimated ¢ mean 0.252 0259 0.249
s.d. 0.046 0.050 0.050
Mean anchor item
difficulty -1.340 -0.620 0.420
. | Ability estimates mean 0.003 0.004 0.004
s.d. 0.851 0.864 0.860
Book-B Total # of items 60 60 60
(n=1149) # of anchor items 30 20 12
Two-stage |Estimated a mean 0.377 0.421 0.409
Method s.d. 0.165 0.193 0.194
Estimated b mean -1.008 -0.628 -0.531
s.d. 1.891 1.969 2.141
Estimated ¢ mean 0.241 0.279 0.277
s.d. 0.034 0.057 0.057
Mean anchor item
difficulty -1.450 -0.800 -0.540
Ability estimates mean 0.003 0.005 0.005
s.d. 0.868 0.876 0.871
Fixed-b Estimated a mean 0.400 0.429 0.406
Method s.d. 0.164 0.173 0.176
Estimated b mean -0.591 -0.073 -0.079
s.d. 1.951 1.999 2418
Estimated ¢ mean 0.311 0.353 0.341
s.d. 0.053 0.070 0.068
Ability estimates mean 0.059 0.176 0.174
s.d. 0.880 0.910 0.906

<Note> a = Discrimination Parameter
b = Item Difficulty Parameter
¢ = Guessing Parameter

54
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Estimation of the True Scores

With item parameter estimates and equivalent ability
estimates for both examinee groups, the true score estimates on

Book-A for all the 2,241 examinees were obtained by using the

following formula (Lord, 1980):

n
Estimated true score (T) = X P;(O)

1
n
= % {cy+(l-cy)/{1+Exp[-1.7a; (O®-by)1} };

i=1

where © is the examinee’s ability and n is the number of items.
The correlation between the estimated true scores resulted from
the two-stage and the fixed-b eguating methods was significantly

high, as expected, across all set of test forms.

Tucker's Linear Egquating Results

Tucker's linear equating was applied to all the reduced test

forms. The results were summarized in TABLE 3.




TABLE 3: Summary of Tucker's Linear Equating Results
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For the test forms with 30 anchor items:

o (AlV)=1.5236 & pg(A)=41.6151 & ©°s(A)=32.7416
oy (BIV)=1.5925 & pg(B)=41.8546 & ©°5(B)=36.0471

Equating equation: 1(b)=.9530(b-41.8546)+41.6151

For the test forms with 20 anchor items:

ax(AlV)=1.8270 &  Hs(A)=41.0976 & ©°(A)=34.9185
o (BIV)=1.8605 & Wg(B)=41.7714 & ©°5(B)=37.3508

Equating equation: 1(b)=.9669(b-41.7714)+41.0976

For the test forms with 12 anchor items:

ap(AlV)=2.1554 & pg(A)=41.1826 & ©°5(A)=32.6102
a5 (BIV)=2.2419 &  pg(B)=41.2470 & ©°5(B)=37.1640

Equating equation: 1(b)=.9367(b-41.2470)+41.1826

A= Tegt Form "Book-A" & ,= Population taking Book-A
B= Test Form "Book-B" & = Population taking Book-B
V= Common Items

s= the Synthetic Population

Wpr= the Weight for Population A
W= the Weight for Population B
0= regression coefficient

b= the observed score on Book-B

.4873
.5127
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Accuracy of Equating

The examinees' total raw scores on the 145 common items from
the complete test forms were computed and used as the "true score"
to study the accuracy of equating, because all the anchors in the
reduced test forms were sampled from the 145 common items. The
. IRT true score estimates yielded by the two IRT equating  methods,
as well as the scaled scores obtained by Tucker's linear equating,
for all the reduced test forms were correlated to the ‘true

score". The correlation analyses were summarized in TABLE 4.

IRT True Score Estimates & Tucker's Scaled Scores

Overall, the results of the IRT two-stage and fixed-b
equating were moderately accurate. The correlation coefficients
between the "true scores" and the true score estimates ranged from
.832 to .856, over the three sets of reduced forms. The
correlation coefficients for Tucker's linear equating ranged from
.802 to .832, which also indicated moderate accuracy. The
correlation analyses showed that the equating, regardless of the
equating method, generally ordered the examinees in a way
consistent to their standings based on their true scores.

Although the magnitude of the correlation coefficients were
similar, the IRT equating always had higher correlation
coefficients. It sgemed that the two IRT equating methods always
resulted in more accurate scores than Tucker's linear equating.
TABLE 4 also showed that the true score estimates yvielded by the

two IRT methods correlated almost perfectly, .999, over various
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reduced forms. It was then concluded that there was no difference
in the results of the two IRT equating methods.

Anchor Effect

For IRT two-stage equating, the correlation coefficient
increased from .832 to .847 to .856, when the number of anchor
items increased from 12 to 20 to 30. For IRT fixed-b equating,
the coefficient increased from .832 to .847 to .854, and for
Tucker's equating it increased from .802 to .823 to .832. The
patterns generally suggested that equating would be improved given
more anchor items, no matter which of the three equating methods
was used. Nevertheless, it should be noted that the improvement
might not be practically significant.

The above findings suggested that, if both the sufficiency
and efficiency of an anchor were concerned in equating tests, test
forms that had at least 20 anchor items or 12 items (1/5 of the
total test in length) were desirable. In summary, anchor length
seemed to have substantial impacts on test equating, regardless of
the method of equating. It was important to include enough number
of anchor items in equating practice.

IRT Estimates For Unigque Items

There was a concern that the correlation between the true
scores and the true score estimates based on the entire reduced
forms might have been inflated by auto-correlation. Therefore,
the "true scores" were also correlated with the IRT true score
estimates for various reduced forms that did not include any

anchor items (see APPENDIX 5). The same correlation analysis,

60
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however, was not done for Tucker's linear equating results
because the method was based on the observed test scores as a
whole. In addition, the scaled scores based on only the unique
items could not be computed for Tucker’s linear equating results.
It had been shown that IRT methods were more flexible in computing
the scaled scores, after equating, if certain items were ,added or
dropped.

The auto-correlation of concern was due to the overlapped
anchor items in the reduced forms and the complete 145 anchor set.
By correlating the true scores with the true score estimates using
unique items only, the auto-correlation still could not be totally
eliminated. It was because the IRT estimation for the unique
items was still influenced by the characteristics of the anchors,
especially for the study using common-item design. However, by
controlling for pért of the auto-correlation, the correlation
analysis results presented in APPENDIX 5 at least provided a
better picture to for understanding the goodness of different
equating methods.

The patterns of the correlation coefficients, discovered in
the previous section of anchor effect, were expected to have some
changes. It was because different numbers of anchor items (12,
20, or 30) were excluded from the correlation analysis. The
results in APPENDIX 5 showed that, despite the slight decrease in
the magnitude of the coefficients, the general patterns did not
chénge. Therefore, the anchor length effect and the similarity of

the two IRT equating methods, in terms of the equating results,
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were retained.

Another possible explanation for the unchanged patterns was
that the anchor and the unique items in the three pairs of reduced
forms were homogeneous. As a result, the differences in the
correlétion coefficients were minimal when the anchor items were
excluded. The correlation analysis for the raw scores had a
similar results. Furthermore, the decrease in the magnitude of
the coefficients could be attributed to the smaller number of
items used .in computing the correlation coefficients, after
excluding 12, 20, or 30 common items.

IRT Estimates For Anchor Items

To further investigate the goodness of IRT equating, as well
as the reliability of the anchor, the "true scores" were also
correlated with the IRT true score estimates obtained by using the
anchor items only. The results of the correlation analysis was
summarized in APPENDIX 6.

As before, the patterns of the coefficients still suggested
substantial effect of anchor length. The longer the anchor length
was, the better the equating result would be. The magnitude of
the correlation coefficients did not change much, after excluding
the unique items from the correlation analysis. In addition, the
results of the two IRT equating methods weré close as discovered
previously. As before, the reduction in the magnitude of the
coefficients might due to the smaller number of items used in

computing the coefficients.
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In relation to the true score estimates based on the anchor
items only, the “true score” obtained from the 145 anchor items
was regarded as a similar but more reliable measure. It was
because the “true score” was computed using more items. As a
consequence, the “true score” could be used as the criterion
measure to study the concurrent wvalidity of the anchor.
Generally, the high correlation coefficients between the “true

score” and various true scoré estimates, shown in APPENDIX &6,

provided evidence of high wvalidity for the three anchors. In
average, the coefficient for the 12-item anchor was .832. For the
20-item anchor, it was .847. And for the 30-item anchor, it was

higher, .856.

From the perspective of correlating an ability measure and
its corresponding true score, the coefficients in APPENDIX 6 might
also be regarded as reliability measures. The coefficients, then,
suggested that the anchors ware considerably reliable. Given the
adequate wvalidity and reliability, along with the more accurate
equating results, both IRT two-stage method and fixed-b method

were considered satisfactory.

Critiques on the Criteria of Equating Accuracy

The "true score" obtained from the complete 145 anchor items
was used as a criterion for equating accuracy, because it could be
regarded as the item population from which the common items in the

pairs of the reduced forms were drawn. Nevertheless, this
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criterion was only appropriate when the examinee population and
the testing occasion were fixed.

Despite all the nice features of being longer and thus more
reliable, taken by both of the examinee groups, as well as the
content similarity to the forms being equated, the criterion was
at most a convenient but close approximation to the true score.
Because it was the raw-score total of the zero/one (wrong/right)
coded items, it could not escape from the common drawbacks of raw-
score-based measures. For instance, the characteristics of the
items were not "person-free" and the scores were not "item-free".

Nevertheless, the 145 items <constituted a conceptually
reasonable item population, and all the items were taken by the
entire examinee population. As a result, this raw-score-based
criterion was Dblameless for not being "person-free" or “item-
free".

Alternatively, an IRT estimated score could be computed using
the 145 common items to serve as a criterion of equating accuracy.
Nonetheless, the IRT-based criterion might be biased in favor of
the IRT equating methods. For Tucker's linear equating, which was
quite different for IRT equating, the IRT-based criterion could
underestimate its equating accuracy. Taking into account the
issues, the raw-score-based criterion was used in this study to
obtain a conservative estimate of equating accuracy for IRT

eqguating.
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Adequacy of the Guessing Parameter

With the above findings on item calibration and equating
accuracy, it was concluded that the thfee parameter IRT model fit
the minimum competence test data that was used in thié study. The
inclusion of the guessing parameter was reasonable because of the
chance of guessing on difficult items, due to the nature of the
multiple-choice format, as well as the strong motive of the
examinees to obtain higher scores. It was also justified by the
empirical results of equating. Therefore, it seemed appropriate
to include the guessing parameter when equating tests or test

forms that had negatively skewed score distributions.

Suggestions

In addition to the current research, another study can be
done to investigate the function of wvarious equating methods, when
the test forms become 1longer or the number of anchor items are
increased. If the test data of different years are available,
cross-year equating can be done to study the effects of test and
examinee characteristics over time. Validation study could be
conducted to further determine the adeguacy of egquating, if the
examinees’ performances on the formal 1licensure exams were
available.

Equating accuracy could be better studied if certain unbiased
criteria were identified. Due to the restrictions on the current
research design and the nature of the test items, test forms that

had very short but adequate anchors were not studied. If such

oA

PRI NN R AT L DA Ah ER
3..3:3:%."‘?::"‘-‘}!‘}' U

65



61
short anchors were available in the future, efficiency of the
anchor could be further studied. Only the three parameter
logistic IRT model was applied in this study, because of the
possibility of examinee’s guessing on the difficult items.
However, for a minimum competency test, if guessing is not a majof
concern, the two parameter IRT model or the Rasch model might as
well fit the data. Further investigation are needed for the fit
of different IRT models to reduce the cost in the actual equating
process.

For test forms used in personnel selection or certification,
usually a cut-off score is arbitrarily established. It will be
useful to know how the results of equating function with the
arbitrary cut-off standard. For example, it would be interesting
to learn about the influence of the IRT equating on the hit and
miss rates, under the impact of an arbitrary criterion éuch as
"the top 75% of the examinees".

An interesting variation of the current study is to examine
the effect of content mix and equating method on the accuracy of
test equating by comparing the linear and IRT EqQquating results,
following the same anchor item design of this study. The
manipulation of the content of the test forms is reasonable
because the 255 test items falls into 23 content sub-areas.
Assuming substantial differences among the content areas, from the
big item pool, items could be sampled by different schemes to
obtain reduced test forms that are different in terms of content

mix. In a separate study, four pairs of shorter forms were
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created using various sampling schemes, including simple random
sampling, equal weight domain random sampling, proportional weight
domain random sampling, and purposeful sampling. The results
supported that equating accuracy depended on the content

representativeness of the anchor items.



Reference

Angoff, W. H. (1984). Scales, norms. and equivalent scores.
Princeton, N.J.: Educational Testing Service.

Baker, F. B. (1990). Some observations o the metric of PC-BILOG
results. Applied psvchological measurement, 14, 139-150.

Baker, F. B., & Al-Karni, A. (1991). A comparison of two procedures

for computing IRT equating coefficients. Journal of educational

measurement, 28, 147-162.

Berk, R. H. (1982). Discussion of item response theory. In
P. Holland & D. B. Rubin (Eds.), Test egquating. New York:

Academic Press.

Brennan, R. L., & Kolen, M. J. (1987). Some practical issues in

equating. AQ2lAgQ_9gxshglgggsgl_m_gggzgmgni 11, 279-290.

Budescu, D. (1985). Efficiency of linear equating as a function
of the length of the anchor test. Journal of educational

measurement, 22, 13-20.

Coock, L. L., & Eignor, D. R. (1983). Practical considerations
regardlng the use of item response theory to equate tests. In
R. K. Hambleton (Ed.), Applications of item response theory
(pp.175-195) . Vancouver, British Columbia: Educational Research
Institute of British Columbia.

Cook, L. L., & Eignor, D. R. (1991). An NCME instructional module
on IRT equating methods. Educational measurement: Issues and

Practice, 10, 37-45.

Cook, L. L., & Petersen, N. S. (1987). Problems related to the use
of conventional and item response theory equating methods in
less than optimal circumstances. ied ps ologica

measurement, 1l, 225-244.

Cook, L. L., Eignor, D. R., & Schmitt, A. P. (1988). The effects on

IRT and conventional achievement test eguating results of using

equating samples matched on abilitvy (Research Rep. No. RR-88
-52). Princeton, NJ: Educational Testing Service.

Crocker, L., & Algina, J. (1986). Introduction to classical and
modern test theorv. Chicago: Holt, Rinehart and Winston, Inc.

Dorans, N. J. (1990). Equating methods and sampling designs.
Applied measurement in education, 3, 3-17.

Dorans, N. J., & Kingston, N. M. (1985). The effects of violations
of unidimensionality on the estimation of item and ability
parameters and on item response theory equating of the GRE
verbal scale. Journal of educational measurement, 22, 249-262.

Eignor, D. R., Stocking, M. L., & Cook, L. L. (1990). Simulation
results of effects on linear and curvilinear observed- and true
-score equating procedures of matching on a fallible criterion.
Applied measurement in education, 3, 37-52.

=

O

ERIC 583

63



64

Green, D. R., Yen, W. M., & Burket, G. R. (1989). Experiences in
the application of item response theory in test construction.
Applied measurement in education, 2, 297-312.

Hambleton, R. K., & Cook, L. L. (1977). Latent trait models and
their use in the analysis of educatiocnal test data. Journal of
educational measurement, 14, 75-96.

Hambleton, R. K., & Swaminathan, H. (1990). Item Reswvonse Theorv:
Principles and Applications. Boston: Kluwer-Nijhoff Publishing.

Hambleton, R. K., Swaminathan, H., & Rogers, H. J. (1991). :
Fundamentals of Item Response Theorv. Newbury Park, CA: Sage.

Hills, J. R., Subhiyah, R. G., & Hirsch, T. M. (1988). Equating
minimum-competency tests: Comparisons of methods. Journal of

educational measurement, 25, 221-231.

Klein, L. W., & Jarjoura, D. (1985). The importance of content
representation for common-item equating with nonrandom groups.

Jouxrnal of educational measurement, 22, 197-206.

Kolen, M. J. (1981). Comparison of traditional and item response

theory methods for equating tests. Journal of educational
measurement, 18, 1-10.

Kolen, M. J., & Brennan, R. L. (1987). Linear equating models for
the common item nonequivalent-populations design. Applied

psychological measurement, 11, 263-277.

Kolen, M. J., & Harris, D. J. (1990). Comparison of Item
preequatlng and random groups equating using IRT and

equipercentile methods. Jouxnal of educational measurement, 27,
27-39.

Lawrence, I. M., & Dorans, N. J. (1990). Effect on equating results
of matching samples on an anchor test. Applied measurement in
education, 3, 19-36.

Livingston, S. A., Dorans, N. J., & Wright, N. K. (1990). What
combination of sampling and equating methods works best?

Applied measurement in education, 3, 73-95.
Lord, F. M. (1977). Practical applications of item characteristic
curve theory. Journal of educational measurement, 14, 117-138.

Lord, F. M. (1980). QApplications of item response theory to
practical testindg problems. Hillsdale, N.J.: Lawrence Erlbaum

Associates, Inc.

Lord, F. M. (1982). Item response theory and equating -- A
technical summary. In P. Holland & D. B. Rubin (Eds.), Test
equating. New York: Academic Press.

Marco, G. L., Petersen, N. C., & Stewart, E. E. (1983). A test of

the adequacy of curvilinear score equating models. 1In D. J.
Weiss (Ed.), New horizons in testing: Latent trait theoxrv and
computerized adaptive testing. New York: Academic Press.

63

ERIC

Aruitoxt provided by Eic:



O

ERIC

Aruitoxt provided by Eic:

Mislevy, R. J., & Bock, R. D. (1990). Bilog 3: Item analvysis and
test scoring with binaxrv logistic models. Mooresville, I.N.:

Scientific Software.

Mislevy, R. J., & Stocking, M. L. (1989). A consumer's guide to
LOGIST and BILOG. Applied psvychological measurement, 13, 57-75.

Petersen, N. S., Cook, L. L., & Stocking, M. L. (1983). IRT versus
conventional equating methods: A comparative study of scale

stability. Journal of educational statistics, 8, 137-156.

Petersen, N. S., Kolen, M. J., & Hoover, H. D. (1989). Scaling,
Norming, and Equating. In R. L. Linn (Ed.), Educational

Measurement. New York: ACE/Macmillan.

Raju, N. S., Bode, R. K., Larsen, V. S., & Steinhaus, S. (1986,
April). Anchor-test size and horizontal edquatinag with the Rasch
and three-parameter models. Paper presented at the annual meeting
of the National Council on Measurement in Education, San
Francisco.

Raju, N. S., Edwards, J. E., & Osberg, D. W. (1983, April).
The effect of anchor test size in vertical equating with the
Rasch and three-parameter models. Paper presented at the annual
meeting of the National Council on Measurement in Education,
Montreal.

Reckase, M. D., Ackerman, T. A., & Carlson, J. E. (1988). Building
a unidimensional test using multidimensional items. Journal of

Educational measurement, 25, 193-203.

Schmitt, A. P., Cook, L. L., Dorans, N. J., & Eignor, D. R. (1990).
Sensitivity of equating results to different sampling
strategies. Applied Measurement in Education, 3, 53-71.

=1

Skaggs, G., & Lissitz, R. W. (1986). IRT test equating: Relevant
issues and a review of recent research. Review of educational
research, 56, 495-529.

Skaggs, G., & Lissitz, R. W. (1988). Effect of examinee ability on

test equating invariance. Applied psycholoagical measurement,
69-82.

Stocking, M. L., & Lord, F. M. (1982). Developing a common metric
in item rggg nse theorv (Research report RR-82-5-ONR).

Princeton, N.J.: Educational Testing Service.

Wingersky, M. S., & Lord, F. M. (1984). An investigation of methods
for reducing sampling error in certain IRT procedures. Applied

psvcholodical measurement, 8, 347-364.

Wingersky, M. S., & Barton, M. A. (1982). Logist user' ide;
Logist 5, Vexsion 1.0. Princeton, N.J.: Educational Testing
Service.

Yen, W. M. (1980). The extent, causes and importance of context

effects on item parameters for two latent trait models. Journal
of educational measurement, 17, 297-311.

SEST COPY AVAILABLE
P? O



O

ERIC

Aruitoxt provided by Eic:

Yen, W. M. (1984). Effects of local item dependence on the fit and
equating performance of the three-parameter logistic model.

Applied psvchological measurement, 8, 125-145.
Yen, W. M. (1985). Tau eqgquivalence of vertical equating using

three-parameter item response theorv and Thurstonian procedures.

Paper presented at the meeting of the American Educational
Research Association, Chicago.

Yen, W. M. (1987). A comparison of the efficiency and accuracy of

BILOG and LOGIST. Psvchometrika, 52, 275-291.

66



Appendix 1: Item Sampling Scheme for the Reduced Forms

Simple Random Sampling

Assumption: There is no substantial differences among the items
from the 23 content sub-areas, since all the items are
from a single item pool for emergency medicine.

Method: Mix the items from the 23 content areas and randomly
sample from the pool using a random number table.

Results: Three pairs of reduced test forms.
There are 60 items in each form.

Special design:

The control for the anchor length is incorporated with the simple
random sampling of the test items to study the effect of the
anchor length.

Taking into account the recommended anchor lengths from previous
research findings, three samples consisting 30, 20, and 12 anchor
items are drawn respectively.

The scenarios of the recommendation for the appropriate anchor
length are as follows:

1. at least 20 anchor items, or

2. at least 20% of the total test (Angoff, 1984); and
3. 5 or 6 carefully chosen items may suffice.

Results: Three Pairs of Reduced Test Forms

Items randomly selected for the samples of--

30 anchor and 30 unique items:
Book-A: Length=60 (items)
Book-B: Length=60

20 énchor and 40 unique items:
Book-A: Length=60
Book-B: Length=60

12 anchor and 48 unique items:

Book-A: LENGTH=60
Book-B: LENGTH=60
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Appendix 2: Item Difficulty & Item-Total Correlation for the Items in the Reduced Test Forms
Simple Random Sample with 30 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-A

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL
1 0001 1092.0 776.0 .711 .53 .109 .144
2 0002 1092.0 1016.0 .930 1.53 .167 .318
3 0003 1092.0 813.0 .745 .63 .170 .231
4 0004 1092.0 998.0 .914 1.39 .220 .392
S 0005 1092.0 826.0 .756 .67 -.020 -.027
6 0006 1092.0 945.0 .865 1.09 .091 o .143
7 0007 1092.0 554.0 .507 .02 .080 .101
8 0008 1092.0 527.0 .483 -.04 .311 .390
) 0009 1092.0 839.0 .768 .71 -.001 -.001
10 0010 1092.0 982.0 .899 1.29 .144 .246
11 0011 1092.0 699.0 .640 .34 .003 .004
12 0012 1092.0 950.0 .870 1.12 .074 <117
13 0013 1092.0 456.0 .418 -.20 .109 .137
14 0014 1092.0 883.0 .809 .85 .353 .509
15 0015 1092.0 907.0 .831 .94 .099 . 147
16 0016 1092.0 928.0 .850 1.02 .192 .294
17 0017 1092.0 718.0 .658 .38 .281 -.363
18 0018 1092.0 768.0 .703 .51 .075 .099
19 0019 1092.0 840.0 .769 .71 .198 .274
20 0020 1092.0 727.0 .666 .41 .108 .139
21 0021 1092.0 655.0 .600 .24 .135 .171
22 0022 1092.0 795.0 .728 .58 .133 .178
23 0023 1092.0 785.0 .719 .55 .112 .150
24 0024 1092.0 832.0 .762 .68 .131 .180
25 0025 1092.0 605.0 .554 .13 .120 .151
26 0026 1092.0 970.0 .888 1.22 .207 .344
27 0027 1092.0 534.0 .489 -.03 .191 .239
28 0028 1092.0 973.0 .891 1.24 .110 .184
29 0029 1092.0 531.0 .486 -.03 .285 .357
30 0030 1092.0 826.0 .756 .67 .204 .279
31 0031 1092.0 720.0 .659 .39 .208 .269
32 0032 1092.0 961.0 .880 1.17 .043 .070
33 0033 1092.0 501.0 .459 -.10 .137 .171
34 0034 1092.0 544.0 .498 .00 .181 .226
35 0035 1092.0 743.0 .680 .44 127 .166
36 0036 1092.0 769.0 .704 .51 .098 .130
37 0037 1092.0 802.0 .734 .60 .085 .114
38 0038 1092.0 1000.0 .916 1.40 .153 .276
39 0039 1092.0 738.0 .676 .43 .005 .006
40 0040 1092.0 610.0 .559 .14 -.044 -.055
41 0041 1092.0 716.0 .656 .38 .309 .399
42 0042 1092.0 1015.0 .929 1.52 .088 .167
43 0043 1092.0 656.0 .601 .24 .306 .388
44 0044 1092.0 658.0 .603 .24 .201 .255
45 0045 1092.0 801.0 .734 .60 .100 .135
46 0046 1092.0 748.0 .685 .46 .230 .301
47 0047 1092.0 369.0 .338 -.40 . 147 .190
48 0048 1092.0 613.0 .561 .15 .041 .052
49 0049 1092.0 1060.0 .971 2.06 .082 .205
50 0050 1092.0 720.0 .659 .39 .102 .132
51 0051 1092.0 713.0 .653 .37 .170 .220
52 0052 1092.0 971.0 .889 1.23 .263 .437
53 0053 1092.0 470.0 .430 -.16 177 .223
54 0054 1092.0 584.0 .535 .08 .096 .121
55 0055 1092.0 528.0 .484 -.04 .128 .160
56 0056 1092.0 635.0 .582 .19 .152 .192
57 0057 1092.0 559.0 .512 .03 .121 .151
58 0058 1092.0 764.0 .700 .50 .137 .181
59 0059 1092.0 795.0 .728 .58 .163 .218
60 0060 1092.0 661.0 .605 .25

.141 .179
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Simple Random Sample with 30 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-B

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL

1 0001 1149.0 861.0 749 64 .101 137
2 0002 1149.0 1085.0 944 1.66 .148 302
3 0003 1149.0 898.0 782 75 .142 199
4 0004 1149.0 1038.0 903 1.32 .252 435
5 0005 1149.0 901.0 784 76 .031 044
6 0006 1149.0 998.0 869 1.11 .150 237
7 0007 1149.0 595.0 518 04 .132 165
8 0008 1149.0 591.0 514 03 .217 272
9 0009 1149.0 872.0 759 67 .006 008
10 0010 1149.0 1047.0 911 1.37 .148 262
11 0011 1149.0 722.0 628 .31 .123 157
12 0012 1149.0 984.0 856 1.05 060 093
13 0013 1149.0 495.0 431 -.16 202 255
14 0014 1149.0 998.0 869 1.11 333 528
15 0015 1149.0 987.0 859 1.06 123 192
16 0016 1149.0 1006.0 876 1.15 .158 254
17 0017 1149.0 786.0 684 45 .351 459
18 0018 1149.0 762.0 663 40 .053 069
19 0019 1149.0 913.0 795 80 .173 245
20 0020 1149.0 789.0 687 46 .132 173
21 0021 1149.0 714.0 621 29 .167 213
22 0022 1149.0 810.0 705 51 .194 256
23 0023 1149.0 859.0 748 64 .210 286
24 0024 1149.0 876.0 762 69 .136 188
25 0025 1149.0 622.0 541 10 .063 079
26 0026 1149.0 999.0 869 1.12 .273 434
27 0027 1149.0 612.0 533 08 .192 241
28 0028 1149.0 1034.0 900 1.29 .163 279
29 0029 1149.0 609.0 530 07 .285 358
30 0030 1149.0 917.0 798 81 .165 235
31 0031 1149.0 907.0 789 78 .229 324
32 0032 1149.0 736.0 641 .34 .182 234
33 0033 1149.0 633.0 .551 .12 .211 .265
34 0034 1149.0 621.0 .540 .10 .274 .344
35 0035 1149.0 623.0 .542 .10 .160 .201
36 0036 1149.0 861.0 .749 .64 .149 .202
37 0037 1149.0 801.0 .697 .49 .175 .230
38 0038 1149.0 946.0 .823 .91 .192 .282
39 0039 1149.0 594.0 .517 .04 .207 .260
40 0040 1149.0 562.0 .489 -.03 .256 .321
41 0041 1149.0 544.0 .473 -.06 .157 .197
42 0042 1149.0 958.0 .834 .95 .054 .081
43 0043 1149.0 951.0 .828 .92 .289 .427
44 0044 1149.0 724.0 .630 .31 .252 .322
45 0045 1149.0 1017.0 .885 1.20 .124 .204
46 0046 1149.0 677.0 .589 .21 .043 .054
47 0047 1149.0 1032.0 .898 1.28 .126 .215
48 0048 1149.0 914.0 .795 .80 .192 .273
49 0049 1149.0 538.0 .468 -.07 .063 .079
50 0050 1149.0 469.0 .408 -.22 .160 .203
51 0051 1149.0 993.0 .864 1.09 .2717 .435
52 0052 1149.0 711.0 .619 .28 .336 .429
53 0053 1149.0 511.0 .445 -.13 .142 .179
54 0054 1149.0 939.0 .817 .88 .090 .131
55 0055 1149.0 536.0 .466 -.08 .111 .139
56 0056 1149.0 1054.0 .917 1.42 .190 .344
57 0057 1149.0 672.0 .585 .20 .051 .064
58 0058 1149.0 912.0 .794 .79 .085 .121
59 0059 1149.0 803.0 .699 .50 .237 .312
60 0060 1149.0 850.0 .740 .61 .164 .221




Simple Random Sample with 20 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-A

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL

1 0001 1092.0 776.0 711 53 .104 138
2 0002 1092.0 813.0 745 63 .163 222
3 0003 1092.0 998.0 914 1.39 .228 407
4 0004 1092.0 826.0 756 67 -.031 -.043
5 0005 1092.0 554.0 507 02 .090 112
6 0006 1092.0 527.0 483 -.04 .336 421
7 0007 1092.0 982.0 899 1.29 .154 263
8 0008 1092.0 699.0 640 34 .009 011
o 0009 1092.0 456.0 418 -.20 .098 124
10 0010 1092.0 883.0 809 85 .354 511
11 0011 1092.0 928.0 850 1.02 .212 324
12 0012 1092.0 718.0 658 38 .292 377
13 0013 1092.0 840.0 769 71 .219 303
14 0014 1092.0 727.0 666 41 .108 141
15 0015 1092.0 655.0 600 24 .140 177
16 0016 1092.0 795.0 728 58 .122 163
17 0017 1092.0 832.0 762 68 .139 192
18 0018 1092.0 605.0 554 13 .101 127
19 0019 1092.0 534.0 489 -.03 .216 271
20 0020 1092.0 826.0 756 67 .211 289
21 0021 1092.0 632.0 579 19 .174 220
22 0022 1092.0 720.0 659 39 .212 274
23 0023 1092.0 702.0 643 35 .115 148
24 0024 1092.0 961.0 880 17 .042 068
25 0025 1092.0 501.0 459 -.10 .147 185
26 0026 1092.0 544.0 498 00 .185 232
27 0027 1092.0 743.0 680 44 .133 173
28 0028 1092.0 769.0 704 51 .110 146
29 0029 1092.0 802.0 734 60 - .070 094
30 0030 1092.0 1000.0 916 1.40 .168 303
31 0031 1092.0 738.0 676 43 -.005 -.006
32 0032 1092.0 866.0 793 79 .345 489
33 0033 1092.0 610.0 559 14 -.021 -.027
34 0034 1092.0 716.0 656 38 .324 418
35 0035 1092.0 1015.0 929 1.52 .082 156
36 0036 1092.0 656.0 601 24 .309 391
37 0037 1092.0 658.0 603 24 .187 237
38 0038 1092.0 800.0 733 59 .229 308
39 0039 1092.0 801.0 734 60 .089 119
40 0040 1092.0 770.0 705 51 .149 197
41 0041 1092.0 748.0 685 46 .228 299
42 0042 1092.0 369.0 338 -.40 .149 193
43 0043 1092.0 613.0 561 15 .036 045
44 0044 1092.0 738.0 676 43 .028 036
45 0045 1092.0 925.0 847 1.01 053 081
46 0046 1092.0 952.0 872 1.13 218 349
47 0047 1092.0 1060.0 971 2.06 .074 184
48 0048 1092.0 720.0 659 39 .099 128
49 0049 1092.0 829.0 759 68 .253 347
50 0050 1092.0 971.0 889 1.23 .270 449
51 0051 1092.0 470.0 430 -.16 .179 226
52 0052 1092.0 427.0 3901 -.26 -.010 -.013
53 0053 1092.0 627.0 574 18 .186 234
54 0054 1092.0 528.0 484 -.04 .141 176
55 0055 1092.0 635.0 582 19 .138 175
56 0056 1092.0 1004.0 919 1.43 .172 313
57 0057 1092.0 559.0 512 03 .132 165
58 0058 1092.0 764.0 700 50 .157 207
59 0059 1092.0 913.0 836 96 .187 280
60 0060 1092.0 661.0 605 25 .151 192



Simple Random Sample with 20 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-B

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL

1 0001 1149.0 861.0 749 64 .096 131
2 0002 1149.0 898.0 782 75 .151 212
3 0003 1149.0 1038.0 903 1.32 .235 405
4 0004 1149.0 901.0 784 76 .019 027
5 0005 1149.0 595.0 518 04 .123 154
6 0006 1149.0 591.0 514 03 .232 290
7 0007 1149.0 1047.0 911 1.37 .142 251
8 0008 1149.0 722.0 628 31 .116 149
9 0009 1149.0 495.0 431 -.16 .186 235
10 0010 1149.0 998.0 869 1.11 .333 527
11 0011 1149.0 1006.0 876 1.15 .173 278
12 0012 1149.0 786.0 684 45 .361 471
13 0013 1149.0 913.0 795 80 .164 233
14 0014 1149.0 789.0 687 46 .138 181
15 0015 1149.0 714.0 621 29 .148 189
16 0016 1149.0 810.0 705 51 .206 272
17 0017 1149.0 876.0 762 69 .133 183
18 0018 1149.0 622.0 541 10 .078 098
19 0019 1149.0 612.0 533 08 .176 221
20 0020 1149.0 917.0 798 81 .181 257
21 0021 1149.0 907.0 789 78 .250 354
22 0022 1149.0 736.0 641 34 177 228
23 0023 1149.0 633.0 551 12 .209 263
24 0024 1149.0 621.0 540 10 .280 351
25 0025 1149.0 623.0 542 10 .164 206
26 0026 1149.0 643.0 560 14 -.007 -.009
27 0027 1149.0 861.0 749 64 .160 219
28 0028 1149.0 801.0 697 49 .182 240
29 0029 1149.0 894.0 778 74 .036 050
30 0030 1149.0 646.0 562 15 .179 225
31 0031 1149.0 946.0 823 91 .212 312
32 0032 1149.0 594.0 517 04 .202 253
33 0033 1149.0 562.0 489 -.03 .247 310
34 0034 1149.0 966.0 841 98 .189 286
35 0035 1149.0 544.0 473 -.06 .146 183
36 0036 1149.0 986.0 858 06 .257 399
37 0037 1149.0 951.0 828 92 .298 442
38 0038 1149.0 724.0 630 31 .258 330
39 0039 1149.0 1017.0 885 1.20 .139 229
40 0040 1149.0 679.0 591 22 .045 057
41 0041 1149.0 565.0 492 -.02 .005 006
42 0042 1149.0 995.0 866 10 .280 442
43 0043 1149.0 563.0 490 -.02 .218 273
44 0044 1149.0 726.0 632 32 .228 292
45 0045 1149.0 1032.0 898 1.28 .133 226
46 0046 1149.0 914.0 795 80 .172 245
47 0047 1149.0 469.0 408 -.22 .164 207
48 0048 1149.0 1111.0 967 1.99 232 559
49 0049 1149.0 993.0 864 1.09 .271 426
50 0050 1149.0 711.0 619 28 .342 436
51 0051 1149.0 939.0 817 88 .091 133
52 0052 1149.0 922.0 802 82 -.001 -.001
53 0053 1149.0 536.0 466 -.08 .108 136
54 0054 1149.0 942.0 820 89 .217 318
55 0055 1149.0 1054.0 917 1.42 .175 316
56 0056 1149.0 672.0 585 20 .056 070
57 0057 1149.0 934.0 813 86 .121 176
58 0058 1149.0 912.0 794 79 .059 084
59 0059 1149.0 1025.0 892 1.24 .322 539
60 0060 1149.0 850.0 740 61 .179 242

<>? "47:



Simple Random Sample with 12 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-A

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL

1 0001 1092.0 776.0 711 53 .115 152
2 0002 1092.0 813.0 745 63 .168 228
3 0003 1092.0 554.0 507 02 .099 124
4 0004 1092.0 527.0 483 -.04 .330 414
5 0005 1092.0 982.0 899 1.29 .154 263
6 0006 1092.0 883.0 809 85 .353 509
7 0007 1092.0 718.0 658 38 .289 373
8 0008 1092.0 727.0 666 41 .114 148
9 0009 1092.0 795.0 728 58 .121 162
10 0010 1092.0 605.0 554 13 .089 112
11 0011 1092.0 534.0 489 -.03 .215 269
12 0012 1092.0 826.0 756 67 .220 301
13 0013 1092.0 632.0 579 19 .166 210
14 0014 1092.0 720.0 659 39 .202 262
15 0015 1092.0 702.0 643 35 .103 133
16 0016 1092.0 961.0 880 1.17 .034 056
17 0017 1092.0 501.0 459 -.10 .141 177
18 0018 1092.0 544.0 498 00 .164 206
19 0019 1092.0 743.0 680 44 .137 179
20 0020 1092.0 769.0 704 51 .112 148
21 0021 1092.0 802.0 734 60 .071 095
22 0022 1092.0 1000.0 916 1.40 .158 283
23 0023 1092.0 900.0 824 91 .037 054
24 0024 1092.0 738.0 676 43 -.005 -.006
25 0025 1092.0 866.0 793 79 .357 506
26 0026 1092.0 610.0 559 14 -.034 -.043
27 0027 1092.0 716.0 656 38 .317 409
28 0028 1092.0 1015.0 929 1.52 .080 152
29 0029 1092.0 656.0 601 24 .296 375
30 0030 1092.0 1036.0 949 1.72 .078 162
31 0031 1092.0 658.0 603 24 .187 237
32 0032 1092.0 800.0 733 59 .204 274
33 0033 1092.0 801.0 734 60 .087 117
34 0034 1092.0 770.0 705 51 .160 211
35 0035 1092.0 748.0 685 46 .223 292
36 0036 1092.0 369.0 338 -.40 .152 197
37 0037 1092.0 613.0 561 15 .052 066
38 0038 1092.0 812.0 744 63 .070 095
39 0039 1092.0 738.0 676 43 .016 020
40 0040 1092.0 925.0 847 1.01 068 104
41 0041 1092.0 952.0 872 1.13 .213 340
42 0042 1092.0 1060.0 971 2.06 .082 205
43 0043 1092.0 720.0 659 39 .096 124
44 0044 1092.0 1003.0 918 1.42 111 202
45 0045 1092.0 829.0 759 68 .252 346
46 0046 1092.0 773.0 708 52 -.011 -.014
47 0047 1092.0 971.0 889 23 .271 449
48 0048 1092.0 470.0 430 -.16 .198 250
49 0049 1092.0 427.0 391 -.26 -.011 -.013
50 0050 1092.0 627.0 574 18 .173 218
51 0051 1092.0 528.0 484 -.04 .132 165
52 0052 1092.0 635.0 582 19 .134 169
53 0053 1092.0 1004.0 919 1.43 .178 323
54 0054 1092.0 559.0 512 03 .149 187
55 0055 1092.0 465.0 426 -.18 .119 150
56 0056 1092.0 975.0 893 1.25 .104 174
57 0057 1092.0 764.0 700 50 .154 203
58 0058 1092.0 913.0 836 96 .200 300
59 0059 1092.0 404.0 370 -.31 .236 302
60 0060 1092.0 661.0 605 25 .163 207
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Simple Random Sample with 12 Anchor Items
CLASSICAL ITEM STATISTICS FOR SUBTEST Book-B

NUMBER NUMBER ITEM*TEST CORRELATION
ITEM NAME TRIED RIGHT PERCENT LOGIT/1.7 PEARSON BISERIAL

1 0001 1149.0 861.0 749 64 .083 112
2 0002 1149.0 898.0 782 75 .147 206
3 0003 1149.0 595.0 518 04 .121 151
4 0004 1149.0 591.0 514 03 .231 290
5 0005 1149.0 1047.0 911 1.37 .154 273
6 0006 1149.0 998.0 869 1.11 .318 504
7 0007 1149.0 786.0 684 45 .342 447
8 0008 1149.0 789.0 687 46 .138 180
9 0009 1149.0 810.0 705 51 .190 251
10 0010 1149.0 622.0 541 10 .072 090
11 0011 1149.0 612.0 533 08 .173 217
12 0012 1149.0 917.0 798 81 .180 257
13 0013 1149.0 907.0 789 78 .269 380
14 0014 1149.0 736.0 641 34 .1le4 210
15 0015 1149.0 633.0 551 12 .205 258
16 0016 1149.0 621.0 540 10 .296 371
17 0017 1149.0 623.0 542 10 .158 199
18 0018 1149.0 643.0 560 14 -.012 -.015
19 0019 1149.0 801.0 697 49 .190 250
20 0020 1149.0 894.0 778 74 .043 060
21 0021 1149.0 646.0 562 15 .159 201
22 0022 1149.0 946.0 823 91 .199 293
23 0023 1149.0 594.0 517 04 .201 252
24 0024 1149.0 562.0 489 -.03 .237 297
25 0025 1149.0 966.0 841 98 .198 298
26 0026 1149.0 544.0 473 -.06 .155 194
27 0027 1149.0 986.0 858 1.06 .262 407
28 0028 1149.0 958.0 834 95 .064 095
29 0029 1149.0 951.0 828 92 .301 445
30 0030 1149.0 724.0 630 31 .263 336
31 0031 1149.0 1017.0 885 1.20 .134 221
32 0032 1149.0 679.0 591 22 .063 080
33 0033 1149.0 995.0 866 1.10 .278 439
34 0034 1149.0 677.0 589 21 .030 038
35 0035 1149.0 563.0 490 -.02 .196 246
36 0036 1149.0 726.0 632 32 .245 313
37 0037 1149.0 1032.0 898 1.28 .136 231
38 0038 1149.0 914.0 795 80 .179 255
39 0039 1149.0 610.0 531 07 .209 262
40 0040 1149.0 538.0 468 -.07 .072 090
41 0041 1149.0 469.0 408 -.22 .160 203
42 0042 1149.0 1111.0 967 1.99 .235 565
43 0043 1149.0 993.0 864 1.09 .278 436
44 0044 1149.0 711.0 619 28 .330 421
45 0045 1149.0 511.0 445 -.13 .135 170
46 0046 1149.0 939.0 817 88 .080 117
47 0047 1149.0 1104.0 961 88 .132 300
48 0048 1149.0 546.0 475 -.06 .054 067
49 0049 1149.0 922.0 802 82 -.004 -.006
50 0050 1149.0 536.0 466 -.08 .093 116
51 0051 1149.0 1054.0 917 1.42 .187 338
52 0052 1149.0 1034.0 900 1.29 .174 297
53 0053 1149.0 672.0 585 20 .045 057
54 0054 1149.0 793.0 690 47 .108 142
55 0055 1149.0 934.0 813 86 .134 194
56 0056 1149.0 912.0 794 79 .075 107
57 0057 1149.0 681.0 593 22 .213 269
58 0058 1149.0 1025.0 892 1.24 .316 529
59 0059 1149.0 944.0 822 90 .090 131
60 0060 1149.0 850.0 740 61 .177 240
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Appendix 3: Descriptive Statistics and Correlation Analyses

for the Full Test Forms a

<Note> A= Items for Book-A
UA= Items unique to Book-A
Z= Common items to both bo

All Items In Book-A

nd the Reduced Test Forms

B= Items for Book-B
UB= Items unique to Book-B
oks

Variable Cases Mean std Dev
A 1092 145.1575 18.0890
Z 1092 105.4570 13.7665
UAa 1092 39.7005 5.2857
Variables Cases Cross-Prod Dev Variance-Covar
A Z 1092 266634.4029 244.3945
A ua 1092 90352.5055 82.8162
Z UA 1092 59871.4258 54.8776
- - Correlation Coefficients - -
A Z UaA
A 1.0000 .9814** .8662**
Z .9814*~* 1.0000 .7542**
UA .8662** .7542** 1.0000
* - Signif. LE .05 ** - Signif. LE .01 (2-tailed)
All Items 1in Book-B
Variable Cases Mean std Dev
B 1149 143.7502 17.3289
Z 1149 107.7206 13.1129
UB 1149 36.0296 5.2337
Variables Cases Cross-Prod Dev Variance-Covar
B Z 1149 255342.8198 222.4241
B UB 1149 89392.4926 77.8680
Z UB 1149 57947.4987 50.4769
- - Correlation Coefficients - -
B Z UB
B 1.0000 .9788** .8586**
Z .9788** 1.0000 .7355**
UB .8586** .7355** 1.0000
Simple Random Sample with 30 Anchor Items-- For examinees taking Book-A
Variable Cases Mean Std Dev
A 1092 41.2839 5.6591
Z 1092 21.6648 3.1982
UA 1092 19.6190 3.3297
Variables Cases Cross-Prod Dev Variance-Covar
A Z 1092 17001.9011 15.5838
A Uua 1092 17938.0952 16.4419
Z 173 1092 5842.5714 5.3552
- - Correlation Coefficients - -
A Z Ua
A 1.0000 .8610** .8726**
Z .8610** 1.0000 .5029**
UA .8726** .5029** 1.0000
* - Signif. LE .05 ** - gignif. LE .01 (2-tailed)
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Simple Random Sample with 30 Anchor Items-- For examinees taking Book-B

Variable Cases Mean Std Dev
B 1149 42.1836 6.0472
VA : 1149 22.0888 3.2776
UB 1149 20.0949 3.6187
Variables Cases Cross-Prod Dev Variance-Covar
B Z 1149 19640.2689 17.1082
B UB 1149 22339.9835 19.4599"
VA UB 1149 7307.3238 6.3653
- - Correlation Coefficients - -
B Z UB
B 1.0000 .8632** .8893**
VA .8632** 1.0000 .5367**
UB .8893** .5367** 1.0000
* - Signif. LE .05 ** - Signif. LE .01 (2-tailed)
Simple Random Sample with 20 Anchor Items-- For examinees taking Book-A
Variable Cases Mean Std Dev
A 1092 40.7427 5.8903
VA 1092 13.7125 2.5710
UA 1092 27.0302 4.1416
Variables Cases Cross-Prod Dev Variance-Covar
A VA 1092 13175.1996 12.0763
A UA 1092 24677.4918 22.6191
VA UA 1092 5963.4890 5.4661
- - Correlation Coefficients - -
A Z UA
A 1.0000 .7974** .9272**
VA L7974 *~* 1.0000 .5133**
UA L9272** .5133** 1.0000
* - Signif. LE .05 ** - Gignif. LE .01 (2-tailed)
Simple Random Sample with 20 Anchor Items-- For examinees taking Book-B
Variable Cases Mean Std Dev
B 1149 42.1149 6.1097
VA 1149 14.0914 2.5827
UB 1149 28.0235 4.3793
Variables Cases Cross-Prod Dev Variance-Covar
B VA 1149 14246.9373 12.4102
B UB 1149 28605.8982 24.9180
VA UB 1149 6589.5326 5.7400
- - Correlation Coefficients - -
B Z UB
B 1.0000 .7865** .9313**
VA .7865** 1.0000 .5075**
UB .9313** .5075** 1.0000
* - Signif. LE .05 ** - Signif. LE .01 (2-tailed)

BEST COPY AVAILABLE
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Simple Random Sample with 12 Anchor Items-- For examinees taking Book-A

Variable Cases
A 1092
VA 1092
UA 1092
Variables
A Z
A Ua
Z Ua

A
A 1.0000
VA L7293 %%

Mean S
40.8654
8.0037
32.8617
Cases Cross-Prod Dev
1092 8953.5385
1092 27325.6731
1092 4799 .5531
- Correlation Coeff
Z UA
L7293 ** .9559%*
1.0000 .4962%*
.4962** 1.0000

** - Signif. LE .01

td Dev
5.7666
1.9513
4.5439

Variance-Covar

8.2067
25.0464
4.3992
icients - -
(2-tailed)

Simple Random Sample with 12 Anchor Items-- For examinees taking Book-B

Variable Cases
B 1149
VA 1149
UB 1149
Variables
B Z
B UB
Z UB

B
B 1.0000
VA .6958**
UB .9619**
t 3

- Signif. LE .05

Mean std Dev
41.5605 6.0250
8.2907 1.8701
33.2698 4.9109
Cases Cross-Prod Dev Variance-Covar
1149 9000.7972 7.8404
1149 32672.2489 28.4601
1149 4985.8869 4.3431
- Correlation Coefficients - -
Z UB
.6958** .9619**
1.0000 LA4729%*
LA4729%* 1.0000
*%* - Signif. LE .01 (2-tailed)



APPENDIX 4: Correlation Between Estimates of Ability Scores on Book-B,
given by IRT Two-Stage and Fixed-b Equating,
for the Three Reduced Item Samples

<Note>
B_ABIL = the ability score yielded by two-stage equating

FB_ABIL= the ability score yielded by fixed-b equating
The estimates on Book-B are equivalent to the scores on Book-A.

Simple Random Sample with 30 Common Items

Simple Statistics

Variable N Mean Std Dev Sum Minimum Maximum
B_ABIL 1149 0.1134 0.8687 130.2400 -2.4600 2.5010
FB_ABIL 1149 0.0588 0.8800 67.5220 -2.5650 2.4810

Pearson Correlation Coefficients / Prob > |R| under Ho: Rho=0 / N = 1149

B_ABIL FB_ABIL
B_ABIL 1.00000 0.99985

0.0 0.0001
FB_ABIL 0.99985 1.00000

0.0001 0.0

Simple Random Sample with 20 Common Items

Simple Statistics

Rho=0 / N

Maximum
2.6440
2.6560

1149

Variable N Mean std Dev Sum
B_ABIL 1149 0.1852 0.8764 212.7530
FB_ABIL 1149 0.1755 0.9101 201.6550
Pearson Correlation Coefficients / Prob > |R| under Ho:
B_ABIL FB_ABIL
B_ABIL 1.00000 0.99964
0.0 0.0001
FB_ABIL 0.999¢64 1.00000
0.0001 0.0

Simple Random Sample with 12 Common Items

Variable N
B_ABIL 1149
FB_ABIL 1149

Simple Statistics

std Dev Sum
0.8718
0.9062

143.3110
200.1360

Maximum
2.3830
2.4640

Pearson Correlation Coefficients / Prob > |R| under Ho:

B_ABIL
B_ABIL 1.00000

0.0
FB_ABIL 0.99956

0.0001

FB_ABIL

0.99956
0.0001

1.00000
0.0
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APPENDIX 5: For Unique Items Only--
Correlation between the “true scores” and various true score estimates,

for the three reduced item samples

<Note>
TSCORE = True score
Estimated True Score yielded by Two-stage Equating for Unique Items Only
USIMP12 = Estimates for the simple random sample with 12 common items
USIMP20 = Estimates for the simple random sample with 20 common items
USIMP30 = Estimates for the simple random sample with 30 common items
Estimated True Score yielded by Fixed-b equating for Unique Items Only
UFSIMP12 = Estimates for the simple random sample with 12 common items
UFSIMP20 = Estimates for the simple random sample with 20 common items
UFSIMP30 = Estimates for the simple random sample with 30 common items
Simple Statistics '
Variable N Mean Std Dev Sum Minimum Maximum
TSCORE 2241 106.6176 13.4799 238930 44.0000 136.0000
USIMP12 2241 33.1168 3.2176 74215 22.1991 40.5889
USIMP20 2241 27.3623 2.8840 61319 18.3461 34.2786
USIMP30 2241 19.7641 2.1050 44291 13.7153 25.0766
UFSIMP12 2241 33.2057 3.2823 74414 22.2598 40.7793
UFSIMP20 2241 27.3424 2.9387 61274 18.3461 34.3009
UFSIMP30 2241 19.6963 2.1169 44139 13.7153 25.0436
Correlation
Analysis
: / Pearson Correlation Coefficients / Prob > |R| under Ho: Rho = 0 / N = 2241
TSCORE USIMP12 USIMP20 USIMP30 UFSIMP12 UFSIMP20 UFSIMP30
TSCORE 1.0000 0.8318 0.8470 0.8537 0.8317 0.8467 0.8522
0.0000 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
USIMP12 0.8318 1.0000 0.9773 0.9265 0.9993 0.9768 0.9253
0.0001 0.0000 0.0001 0.0001 0.0001 0.0001 0.0001
USIMP20 0.8470 0.9773 1.0000 0.9465 0.9779 0.9996 0.9446
0.0001 0.0001 0.0000 0.0001 0.0001 0.0001 0.0001
USIMP30 0.8537 0.9265 0.9465- 1.0000 0.9260 0.9463 0.9994
0.0001 0.0001 0.0001 0.0000 0.0001 0.0001 0.0001
UFSIMP12 0.8317 0.9993 0.9779 0.9260 1.0000 0.9778 0.9243
0.0001 0.0001 0.0001 0.0001 0.0000 0.0001 0.0001
UFSIMP20 0.8467 0.9768 0.999%6 0.9463 0.9778 1.0000 0.9449
0.0001 0.0001 0.0001 0.0001 0.0001 0.0000 0.0001
UFSIMP30 0.8522 0.9253 0.9446 0.9994 0.9243 0.9449 1.0000
0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0000
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APPENDIX 6: For Common Items Only--
Correlation between the “true scores” and various true score estimates,
for the three reduced item samples

«<Note>

TSCORE = True score

Estimated True Score yielded by Two-stage Equating for Common Items Only
CSIMP12 Estimates for the simple random sample with 12 common items
CSIMP20 Estimates for the simple random sample with 20 common items
CSIMP30 = Estimates for the simple random sample with 30 common items
Estimated True Score yielded by Fixed-b equating for common Items Only
CFSIMP12 Estimates for the simple random sample with 12 common items

CFSIMP20 = Estimates for the simple random sample with 20 common items
CFSIMP30 = Estimates for the simple random sample with 30 common items
Simple Statistics '

Variable N Mean sStd Dev Sum Minimum Maximum
TSCORE 2241 106.6176 13.4799 238930 44.0000 136.0000
CSIMP12 2241 8.0957 1.1063 18142 4.6514 10.4574
CSIMP20 2241 13.8994 1.5741 31149 8.9312 17.4499
CSIMP30 2241 21.8360 2.0762 48934 15.1866 26.4787
CFSIMP12 2241 8.1256 1.1265 18209 4.6663 10.5060
CFSIMP20 2241 13.8877 1.6041 31122 8.9312 17.4601
CFSIMP30 2241 21.7685 2.0946 48783 15.1866 26.4546

Correlation Analysis
/Pearson Correlation Coefficients /Prob>|R| under Ho: Rho=0 /N=2241

TSCORE CSIMP12 CSIMP20 CSIMP30 CFSIMP12 CFSIMP20 CFSIMP30

TSCORE 1.0000 0.8315 0.8474 0.8568 0.8315 0.8471 0.8552
0.0000 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001
CSIMP12 0.8315 1.0000 0.9773 0.9267 0.9993 0.9769 0.9255
0.0001 0.0000 0.0001 0.0001 0.0001 0.0001 0.0001
CSIMP20 0.8474 0.9773 1.0000 0.9468 0.9778 0.9996 0.9449
0.0001 0.0001 0.0000 0.0001 0.0001 0.0001 0.0001
CSIMP30 _ 0.8568 0.9267 0.9468 1.0000 0.9264 0.9468 0.9994
0.0001 0.0001 0.0001 0.0000 0.0001 0.0001 0.0001
CFSIMP12 0.8315 0.9993 0.9778 0.9264 1.0000 0.9778 0.9247
0.0001 0.0001 0.0001 0.0001 0.0000 0.0001 0.0001
CFSIMP20 0.8471 0.9769 0.9996 0.9468 0.9778 1.0000 0.9454
0.0001 0.0001 0.0001 0.0001 0.0001 0.0000 0.0001
CFSIMP30 0.8552 0.9255 0.9449 0.9994 0.9247 0.9454 1.0000

0.0001 0.0001 0.0001 0.0001 0.0001 0.0001 0.0000

54



RA April 8-12, 1996

U.S. DEPARTMENT OF EDUCATION v

Office of Educational Research and Improvement (OERI) Enlc
Educatlonal Resources Information Center (ERIC)

REPRODUCTION RELEASE

(Specific Document)

L DOCUMENT IDENTIFICATION:

Te: 77e Effect of Anchorlepgih and Gpiting Methad oz the Aecerncy of st
ggmﬁcy : Comparrsons 9[’ L hear and ZET- LBasarx ﬁ:gguo.é?fy é{g‘g:y Arctor-
-L&L_Qz.&gﬂ/

Aumor(s)//en- Ling Yang & Excharc 7o fdweerra

Corporate Source: (4 g 4 Publicalion Date:

/W)‘e/fr‘i%aﬂ- State éézék)éf:s'z‘:ﬁj/ L A e oL

L. REPRODUCTION RELEASE:

In order to disseminate as widely as possible timely and significant materials of interest to the educational community, documents
announced in the monthly abstract journal of the ERIC system, Resources in Education (RIE), are usually made available to users
in microfiche, reproduced paper copy, and electronic/optical media, and sold through the ERIC Document Reproduction Service
(EDRS) or other ERIC vendors. Credit is given o the source of each document, and, if reproduction release is granted, one of
the following notices is affixed to the document.

If permission is granted to reproduce the identitied document, please CHECK ONE of the following options and sign the release
below. '

X . Sample sticker to be affixed to document  Sample sticker to be affixed to document .

Check here| 'PERMISSION TO REPRODUCE THIS " PERMISSION TO REPRODUCE THIS or here
Permitting MATERIAL HAS BEEN GRANTED BY MATERIAL IN OTHER THAN PAPER

microfiche COPY HAS BEEN GRANTED BY Permitting
@4"x 6" film), ,Q\G \e reproduction
paper copy, Sﬂrm - «\Q in other than
electronic. | 10 THE EDUCATIONAL RESOURCES W Paper copy.
and optical media INFORMATION CENTER (ERIC)." TO THE EDUCATIONAL RESOURCES

reproduction INFORMATION CENTER (ERIC)."

LOVOI 1 Level 2

Sign Here, Please

Documents will be processed as indicated provided reproduction quality permits. If permission to reproduce is granted, but
neither box is checked, documents will be processed at Level 1.

““| hereby grant to the Educational Resources Information Center (ERIC) nonexclusive permission to reproduce this document as
indicated above. Reproduction from the ERIC microfiche or electronic/optical media by persons other than ERIC employees and its
system contractors requires permission from the copyright holder. Exception is made for non-profit reproduction by libraries and other
service agencies to satisfy information needs of educators in response to discrete inquiries.”

Signalure:/a A % 5 Position: /Dé‘p J'&(éénj_/%zmém(e_ 4%)’2‘?«—7/
=< Y o7

Printed Name: Organization:

Lifon-2.ing Yarg DepT. o LELSE, M ichigan Seall £ A4rs7E,

Address: Jd 7 Telephone Numbeér: 174

(632 T Sparten Ullage - (77 265 SPST ) 22077,
Q N 14 Date: 4 ~
ERIC | 835 Loy mz adfoss72€ |™ gy - 294

Aruitoxt provided by Eic:



CUA

THE CATHOLIC UNIVERSITY OF AMERICA
Department of Education, O’Boyle Hall
Washington, DC 20064
202 319-5120

February 27, 1996
Dear AERA Presenter,

Congratulations on being a presenter at AERA'. The ERIC Clearinghouse on Assessment and
Evaluation invites you to contribute to the ERIC database by providing us with a written copy of
your presentation.

Abstracts of papers accepted by ERIC appear in Resources in Education (RIE) and are announced
to over 5,000 organizations. The inclusion of your work makes it readily available to other
researchers, provides a permanent archive, and enhances the quality of RIE. Abstracts of your
contribution will be accessible through the printed and electronic versions of RIE. The paper will
be available through the microfiche collections that are housed at libraries around the world and
through the ERIC Document Reproduction Service.

We are gathering all the papers from the AERA Conference. We will route your paper to the
appropriate clearinghouse. You will be notified if your paper meets ERIC's criteria for inclusion
in RIE: contribution to education, timeliness, relevance, methodology, effectiveness of
presentation, and reproduction quality.

Please sign the Reproduction Release Form on the back of this letter and include it with two copies
of your paper. The Release Form gives ERIC permission to make and distribute copies of your
paper. It does not preclude you from publishing your work. You can drop off the copies of your
paper and Reproduction Release Form at the ERIC booth (23) or mail to our attention at the
address below. Please feel free to copy the form for future or additional submissions.

Mail to: AERA 1996/ERIC Acquisitions
The Catholic University of America
O'Boyle Hall, Room 210
Washington, DC 20064

This year ERIC/AE is making a Searchable Conference Program available on the AERA web
page (http://tikkun.ed.asu.edu/aera/). Check it out!

Sincerely,

ﬁec/% udner, Ph.D.

Director, ERIC/AE

'If you are an AERA chair or discussant, please save this form for future use.

®

Clearinghouse on Assessment and Evaluation




