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The Use of Item Statistics
in the Calibration of an Item Bank
Dato N. M. de Gruijter
University of Leyden

An IRT analysis based on p (proportion correct) and
r (item-test correlation) is proposed for a group of
tests having items in common. The procedure is a
generalization of a procedure proposed by De Gruijter
and Mooijaart (1983) which is related to procedures
for the factor analysis of dichotomous data. The pro-

cedure results in IRT item parameters using data from
examinee groups with subsets of common items; it is,
therefore, particularly appropriate for calibrating items
for use in small-scale item banks. Simulated data are
used to illustrate the procedure.

In many item banks the statistics p, item proportion correct, and r, item-test correlation, are stored
as item indices. The values of these statistics depend on the group which took the test. They are, therefore,
imperfect indices of item difficulty and item discriminating power.

In order to obtain indices which are independent of a specific group, an analysis based on an item
response theory (IRT) model is required. One such model is the three-parameter logistic model, in which
the probability of a correct response on item i given latent ability 0 equals
~ - - . ,

where bi is the difficulty parameter of item i,
ai is the item discrimination parameter,
ci is the pseudo-guessing parameter, and
D is a constant equal to 1.7.

The item parameters ai, bi, and ci (i = 1, ..., n) of the items in an rc-item test and the person parameters
0 (i.e., characteristics of the distribution of 0) are estimated from the observed item scores. The latent
scale has an interval scale characteristic: Values a* = x-la, b* = xb + y, and 0* = x0 + y satisfy Equa-
tion 1, as do the original values ca, b, and 0. Therefore, when the parameters must be estimated, two
restrictions on the parameters are needed in order to fix the latent scale. This can be done, for example,
by setting the mean 0 to 0 and the standard deviation to 1.

The item statistics p and r can be used in the estimation of the item parameters. Under the assumption
that 0 has a standard normal distribution, Urry (1974) gave formulas for the estimation of a and b from
p and r, with corrections for attenuation and spuriousness if needed, given a value for c. The estimates
of a, b, and c are used as starting values in estimation programs such as ANCILLES (Urry, 1976).
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The IRT analysis in ANCILLES is restricted to items in a single test form. ANCILLES shares this

restriction with most procedures for the estimation of item parameters. When several test forms have
been used, a procedure must be chosen which guarantees that the estimates i and b for all items are on
a common scale. When test forms have items in common, this goal can be achieved in various ways.
One possibility is to fix the b values in new analyses to the values obtained in a previous analysis. Other
procedures use the item characteristic curves (Haebara, 1980; Stocking & Lord, 1983). In an analysis by
Petersen, Cook, and Stocking (1983), these IRT procedures did not appear to be as efficient as concurrent
calibration, i.e., the simultaneous estimation of all parameters. This is not too surprising: It is doubtful
that the a and b estimates can be brought on a common scale when the value of c for an item may differ
from occasion to occasion, whereas fixing c may result in other problems when the fixed value does not
coincide with the true value.

Here, a concurrent analysis for the three-parameter logistic model with a common value for c is
proposed. The procedure uses only information residing in p and r, and is therefore suitable with item
banks in which these item statistics are stored. It is a generalization to more test forms of a procedure
suggested by De Gruijter and Mooijaart (1983).

De Gruijter and 1VI&reg;&reg;aj~~rl’s Proposal

De Gruijter and Mooijaart (1983) proposed to estimate item parameters from item proportion correct
pi and marginal proportions for item pairs p~~, where pij is the proportion of examinees with both i and j
correct. The procedure is related to factor analysis of dichotomous data (Christoffersson, 1975; Muthen,
1978).

Given a latent trait model for P; (0) , the model proportions correct p* and marginals for item pairs

where g(O) is the density of the latent ability distribution and rc is the test length. The density can be
approximated by a discrete distribution withy latent classes (Bock & Aitkin, 1981). The standard normal
distribution, for example, can be approximated by a discrete distribution withy values Ok and K relative
frequencies v, using Gaussian quadrature formulas (Stroud & Secrest, 1966). The proportions p*
and pL* can be rewritten as

De Guijter and Mooijaart proposed to obtain item parameters which minimize the differences between
observed values pi and pij and model proportions p* and PV’ They also considered the possibility of
estimating the discrete distribution of 0; in the present context the distribution is assumed to be fixed.

In order to be able to analyze large tests, De Gruijter and Mooijaart chose ordinary least squares
(OLS) instead of generalized least squares. Muthén (1978) reported satisfactory results with OLS. Con-

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



233

sequently, the function to be minimized with respect to the item parameters is

where N is the number of examinees. De Gruijter and Mooijaart actually used a modification of ~’ in
Equation 6, but the modification is not relevant in the present context.

Simultaneous Estimation of Item Parameters With Several Test Forms

Assume that L > 1 test forms have been administered to L groups of examinees. The tests have items
in common. The examinee groups may differ, but it is assumed that the distributions of 0 have the same
form, that is,

The values 0, and v, are chosen in such a way as to approximate the standard normal distribution. The
[ts and crs must be estimated along with the item parameters. In order to fix the latent interval scale, two
restrictions are needed. For the sake of simplicity the following restrictions are used:

The item and distribution parameters can be obtained from the minimization of the function

where pi, is the proportion correct of the ith item in test t, the test administered to examinee group t ,
and sij, is the covariance of the ith and the jth items in test &euro;. ~’ in Equation 10 is a generalization to the
situation with more than one test form of F in Equation 6, with cross-products pij replaced by covariances
Sii. The generalization is similar to the analysis of covariance structures with structural means (S6rbom,
1982).

The procedure can be simplified by replacing the nf - covariances where item it is involved, by
their average

This allows the selection of

as the function to be minimized. The purpose of the simplification is twofold. First, it agrees with the

frequent use of p and r as item statistics in item banks. The average covariance si,, is easily obtained
from the item-total correlation of the ith item in test ~:

r i _ . wa
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wheres = p&dquo;2 ( 1 - d&dquo; t8) i/2 s (14)If if If,

sle is the standard deviation of total test scores on test f, and 
’

rtte is the item-total correlation of item in test ~.

Secondly, Equation 12 has fewer terms than Equation 10; the iterations in the estimation procedure can
therefore be performed more quickly. This is important when the use of microcomputers is considered.

The large reduction in terms reduces estimation accuracy. For this reason, only a common value for
c is estimated. Further, it is important that there are real differences between at least some examinee
groups, because when there are no group differences only two different statistics are available for each
item. This is enough to estimate the difficulty and discrimination parameters in the two-parameter model,
but insufficient when information on a third parameter in the three-parameter model is also needed.

Information on group differences is obtained in the noniterative procedure to obtain starting values, as
discussed below.

A further reduction of terms might be considered in some circumstances. In multiple-matrix sampling
where each examinee is administered only one item, covariances between items are not obtained. Mislevy
(1983) and Reiser (1983) proposed item response models for grouped data in such a sampling design,
where item parameter estimates are obtained from p. These authors proposed to use maximum likelihood
estimation. Notice, however, that only in some special cases can the grouped data models be related to
IRT models on the individual level (Mislevy, 1983).

Starting Values

There are several ways to obtain reasonable starting values for the three-parameter logistic model
with a common starting value c. One approach is first to choose a value c and to use formulas similar
to ~Jrry’s (1974) formulas for the normal ogive in order to obtain estimates £ and b for each test under
the assumption of a standard normal distribution of 0. Linear transformations of the latent scales of the
different tests are needed in order to obtain a common scale. The necessary transformations are

and

under the restrictions ~~e=0 and 2~===L.
The values IT (t = I , ... , and ¡.1f (~ =1, ... , L) must be chosen to ensure the similarity of the

multiple item parameter estimates of items which have been used in more than one test form. More
specifically, the values tor and ~L are chosen in such a way that the function

where

is minimized (De Gruijter, 1986). Index i in Equation 16 refers to item i, not to the ith item in test as
in the previous section. Set is the set of all items in test ~. This procedure can be viewed as a generalization
of the estimation of shifts in a web of tests (see Engelhard & Osberg, 1983).

When the bs have been obtained, the multiple values for items which have been used in more than
one test are averaged. Further, starting values ca, are obtained.
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A Simulation

In order to demonstrate the procedure, a simulation study was done with five hypothetical 50-item
tests, administered to five samples of 250 hypothetical examinees. The five tests were constructed to have
common subtests according to the design ABCDE, AFGHI, BFJKL, CGJMN and DHKMO, where each
letter stands for a different 10-item subtest. The items satisfied the three-parameter logistic model with
a common value for c equal to .25. The subtests were all equal with a values of .6, .6, .8, .8, 1.0, 1.0,
1.2, 1.2, 1.4, 1.4 and b values of -.4, .4, - .~, .~, 0.0, 0.0, - .~, .8, -.4, .4. The Os of the examinee

groups were sampled from normal distributions with means - .5, - .2, .1, .5, and .1 respectively, and
a common standard deviation equal to 1.

Starting values for the parameters cc; b, 1-1, and a were obtained from p and item-total correlations
corrected for attenuation and spuriousness, according to the procedure described in the previous section.
Nexts from Equation 12-with seven latent classes, chosen in order to approximate the normal distri-
bution-was minimized with a program run on a microcomputer. In this program the method of steepest
descent was used for the minimization of F with respect to the as and bs, next with respect to the pus
and as, and finally with respect to c. This process was repeated until the relative decrease in F was less
than 1%. This stopping rule was chosen in order to keep the time needed for the computation within
reasonable limits: The function decreases very slowly after the first iterations.

The final e was equal to .216. The estimated bs correlated .97 with the true values; the estimated
as correlated .74 with the true values. The latter correlation is disappointing, but Hulin, Lissak, and
Drasgow (1982) had already noticed that for accurate estimation of as, relatively large samples are needed
(see their Table 7, based on as with a somewhat smaller standard deviation than in the present study).

With the sample sizes in this study, individual item parameters are not accurately estimated, but
many applications of this procedure do not require such accuracy. One such application is to verify
whether items recently added to the item bank are relatively more or less difficult than the older items.
This can be investigated by comparing the relative true score on a group of old items (i.e., the true score
on these items divided by the number of items) with the relative true score on a group of recently added
items, for a range of 0 values. The &dquo;old&dquo; items from subtests A,B, and C and the more &dquo;recent&dquo; items

in subtests M, N, and 0 were compared in this manner; the results are presented in Figure 1. The
difference ~ABC - iMNO should be 0, as all subtests are equal. The obtained differences are quite small.

Discussion

A simple procedure has been suggested for the simultaneous estimation of item parameters when
there are several test forms. This procedure, which can be implemented on microcomputers, seems useful
under the following conditions:
1. The researcher is interested in the relation between test forms measuring the same instructional

objectives, and not in a detailed analysis of particular test forms.
2. Accurate item parameter estimates are not needed for the application in question.
3. The use of more sophisticated procedures is not indicated: A large computer is not available or too

expensive in view of small sample sizes, or the available data are insufficient, which is the case
when only indices such as p and r have been obtained.

The procedure seems especially suitable in connection with small scale item banking projects in educational
settings.

The results obtained with this procedure are reasonable. It might be argued, however, that the
procedure was tested under ideal conditions: All true c values were equal and all population distributions
were normal. The equality restriction on the cs seems not too troublesome, however. The estimation of
individual cs is difficult, and in programs like LOGIST, in which the individual cs can be estimated, a
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Figure 1

Plot of the Estimated Difference Between Relative True Scores
on Two Groups of Items

common value frequently is substituted for individual values because of low estimation accuracy. Of

course, when there are different item types, and the average c is likely to differ between item types, it

is possible to adapt the estimation procedure and to estimate a different c for each item type.
The normal distribution can be viewed as an approximation for distributions with low to moderate

degrees of skew that are frequently found in practice. When there is evidence of strong deviations from
normality, due to the existence of subgroups of varying ability, problems may arise. These can be avoided
by computing ps and rs for each of the subgroups separately.

Another potential threat to estimation accuracy is speededness. The ps of the last test items are
underestimates when a substantial number of examinees does not reach these items. In such a case it

might be better to eliminate the last items before performing an analysis of the type suggested here.
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