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Abstract

In this article, five item calibration methods were compared in terms of the
recovery of item parameters for the two—parameter logistic model. All five meth-
ods employed the marginal maximum likelihood estimation method via EM al-
gorithm and consisted of three factors including specification of the ability distri-
bution (Normal and Empirical distributions), numerical integration (Midpoint
and Gauss—Hermite quadrature methods), and frame of reference for item pa-
rameters (Prior and Posterior ability distributions). Specifically, the five meth-
ods were Normal-Midpoint—Prior, Normal-Hermite—Prior, Normal-Midpoint—
Posterior, Normal-Hermite—Posterior, and Empirical-Midpoint—Prior. A sim-
ulation study was conducted to evaluate the five methods under 12 simulation
conditions, which were the combinations of two underlying ability distributions
(standard normal and skew normal distributions), two test lengths (30 and
49), and three sample sizes (500, 1,000, and 3,000). In addition, four differ-
ent numbers of quadrature points (11, 21, 31, and 41) were used to calibrate
item parameters under each simulation condition. The accuracy of the item
parameter estimates for the five methods were compared based on the bias and
root mean squared error statistics. The most important factor that affected the
accuracy of the item parameter estimates was the specification of the ability
distribution. Under the standard normal ability distribution, the Empirical—-
Midpoint—Prior method did not perform as accurately as the other methods in
recovering the item parameters when the sample size was small, but the accuracy
of the item parameter estimates improved as the sample size increased. When
the underlying distribution was the skew normal distribution, the Empirical—
Midpoint—Prior method produced item parameter estimates with less bias but
larger standard errors than the other four methods.
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1 Introduction

Most item response theory (IRT) computer packages used in practice employ the
marginal maximum likelihood estimation (MMLE) procedure implemented via
the EM algorithm (Bock & Aitkin, 1981) and the marginalized Bayesian estima-
tion procedure (Mislevy, 1986) to calibrate item parameters. The marginalized
Bayesian estimation procedure often is considered as an extension of MMLE—
EM because of their similarity in score functions (i.e., the first derivatives of
the log-likelihood with respect to the item parameters). However, within these
two frameworks, different IRT programs use different item calibration meth-
ods, which results in differences in item parameter estimates. Differences in
item parameter estimates might have an impact on subsequent stages such as
estimating latent traits or equating test forms.

A couple of studies exist that investigated the recovery of item parameters
under different factors. Seong (1990a) examined the sensitivity of item and abil-
ity parameters to the specification of the ability distribution. In this study, three
underlying ability distributions (normal, positively—, and negatively—skewed dis-
tributions) were used to generate response data under two sample—size condi-
tions (100 and 1,000), and the accuracy of item and ability parameter estimates
were compared for different specifications of the ability distribution. Using a
simulation study (five replications per condition), it turned out that item param-
eters were more accurately estimated when the ability distribution was correctly
specified and the sample size was large. Abilities were also more precisely es-
timated under the correct specification of the ability distribution even when
the sample size was small. Seong (1990b) compared the accuracy of item and
ability parameter estimates for two numerical integration methods: the mid-
point and Gauss—Hermite quadrature methods. Seong (1990b) found that the
midpoint method estimated item and ability estimates more accurately when a
small number of quadrature points were used for estimation; whereas no signifi-
cant differences were observed between the two methods when a large number of
quadrature points were chosen. However, the above studies focused on only one
factor (specification of the ability distribution or numerical integration method)
that affected the item parameter estimates without considering the interaction
among multiple factors. Moreover, the results were based on a single data set
or a small number of simulated data sets due to the limitation of the processing
power for computers at the time the studies were conducted.

The main purpose of this study is to extend the scope of the previous studies
and compare the recovery of item parameters for five item calibration methods.
The five methods are combinations of the following three factors:

1. Specification of the ability distribution

(a) fixed at the standard normal distribution (N)

(b) estimated concurrently with item parameters (E)

2. Numerical integration
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(a) midpoint method (M)
(b) Gauss—Hermite quadrature method (H)

3. Frame of reference for item parameters

(a) prior ability distribution (Pr)
(b) posterior ability distribution (Po)

Among all possible combinations of the three factors, NMPr, NHPr, NMPo,
NHPo, and EMPr are considered in the present study. The reason for com-
paring these five methods among eight possible combinations is that they are
the methods that are implemented by at least one of the following four com-
monly used IRT computer packages: BILOG-MG (Zimowski, Muraki, Mislevy,
& Bock, 2003), PARSCALE (Muraki & Bock, 2003), flexMIRT (Cai, 2013), and
ICL (Hanson, 2002). The specific objectives are:

1. to provide an in—depth description of the three factors considered in this
study;

2. to compare the four IRT computer programs in terms of their default
settings and options; and

3. to compare the recovery of item parameters for the two—parameter logistic
model (2PL) under five item calibration methods.

2 Description of the Three Factors
This section provides an in—depth description of the three factors that are con-
sidered in this study. As mentioned previously, the three factors are specification

of the ability distribution, numerical integration, and frame of reference for item
parameters.

2.1 Specification of the Ability Distribution

For the MMLE-EM procedure, the marginal likelihood of the item parameters
L(A) is computed as

N
LA) = PWUIA) =[] P4
N N =1
= H/ P(ui| A, 0,)h(0;) do;

N co N
= H/_ HP(uij|6ja9i)h(9i)d9i; (1)
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and under the marginalized Bayesian estimation procedure, the posterior dis-
tribution of the item parameters w(A|U) is obtained by

N

T(AlU) P(U|A)7T(A):HP(uZ—|A)7r(A)
. _ =1

- 11 /_ Plus | A, 0,)h(0:)(A) db;

N 00 n
= H/ 1 P(uij 165, 6:)n(6:)m(5;) 6, (2)
i=1Y 7% j=1

where N is the number of examinees; n is the number of items; u; is a vector
of length n containing the response data for examinee i; U = (uy, -+ ,un)?
is a N x n response data matrix; J; is a vector of size v (the number of
item parameters in the model) containing the item parameters for item j;
A = (61,09,...,6,)T is a n x v item parameter matrix; 7(A) is the prior distri-
bution of the item parameters; and h(6;) is the ability distribution for examinee
i. For the 2PL model, if examinee ¢ (whose ability is ;) correctly responds to
item 7, then P(uij ‘5]',91') is

61~70«j(9i*b]’)
P(Uij:1|5ja9i):W7 (3)

and

otherwise, where a; and b; are the item discrimination and difficulty parameters
of item j, respectively. As can be seen from Equations 1 and 2, the ability dis-
tribution h(6;) needs to be specified to evaluate the marginal likelihood L(A) or
the posterior distribution f(A |U). In many cases, h(6;) is fixed at the standard
normal distribution for every examinee 4, which implies that examinees’ abilities
are a random sample from the standard normal distribution. Thus, the index 4
in g(;) can be dropped. Alternatively, the ability distribution h(#) can be esti-
mated concurrently with the item parameters at the M—step of each EM cycle
by estimating the quadrature weight at each quadrature point. For iteration s
of the EM algorithm, the new weights w(SH) (
the following equation:

qg=1,...,Q) are estimated by

(s) (s)
9+1 _ |A xq) q (5)
i NZZQ, | Plui | A®), 2wl

where A®) and the Q values of wés) are the item parameter estimates and
quadrature weights obtained from the previous iteration, respectively. Equa-
tion 5 is the same as the one presented in Bock and Aitkin (1981).
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2.2 Numerical Integration

Most IRT calibration programs employ the midpoint method, which is often
called the Mislevy’s histogram solution in the IRT literature, for evaluating the
marginal likelihood or joint posterior distribution of the item parameters. The
midpoint method approximates a definite integral by a collection of rectangles
whose heights are the values of the integrand at the quadrature points that
are equally spaced. If ) quadrature points (x1, ..., zg) are used to discretize
the probability distribution of a continuous ability variable 8, the mathematical
form of the midpoint method is

b Q
/ P(u| 5, 0)h(60) d0 = 3 P(u| A, ) hg) A, (6)
a g=1
where a and b can be any real numbers (including —oo and co) and Az is the
length of every subinterval (note that no indices are used in Az since all the
subintervals have an equal length).

Another numerical integration method that is not widely used but provided
by some IRT calibration programs is the Gauss—Hermite quadrature method.
This method is used to integrate a polynomial function f that has the form
fz) = g(x)e_mz. There are three major differences between the Gauss—Hermite
quadrature and midpoint methods. First, instead of using equally spaced quadra-
ture points, the Gauss—Hermite quadrature method uses unequally spaced points,
which are the roots of one of the polynomials belonging to the family of Hermite
polynomials. For example, in order to use ) quadrature points for this method,
the roots of the Qth degree Hermite polynomial need be found. Second, the def-
inite integral is always evaluated between —oo and co. In order words, unlike
the midpoint method, the lower and upper limits of the definite integral cannot
be specified. Finally, when @ quadrature points are used, the Gauss—Hermite
quadrature method yields an exact result for any definite integral of a polyno-
mial function of degree 2Q) — 1 or less (if a function can be approximated by a
polynomial, then the method produces an approximate result).

The quadrature points and weights of the Gauss—Hermite quadrature method
can be obtained using the gauss.quad function in R (R Core Team, 2014),
which is included in the statmod package (Smyth, Hu, Dunn, Phipson, & Chen,
2014). However, when the standard normal distribution is used as the ability
distribution, the quadrature points and weights obtained from the gauss.quad
function need to be modified by multipling v/2 to the quadrature points (z,
..., zg) and dividing /7 from the weights (w1, ..., wg). This is because the
Gauss—Hermite quadrature method cannot be directly applied to the function
P(u|A,0)h(0), where h(0) is the standard normal density (note that the kernel
—6%/2

of the standard normal density is e not 6_92, which is required to apply
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the Gauss—Hermite quadrature method). That is,

/ P(u| A, 0)h(0)do / P(u| A,e)\/%e—f’z/zde
— 00 — 00 ™

1 .
= P(u|A,0)——e@/V27" g
o0 V

2
1

V2r
| i
_ ﬁ/ Plu| A, vV2t)e " dt

e_tzx/idt

/_ZP(u|A,\/§t)

Q

1 Q
ZP(U | Av \@xq)wq

Q
= Y Pul A,ﬂm% (7)

where t = 0//2.

2.3 Frame of Reference for Item Parameters

Within the IRT framework, the origin and unit of measurement of the ability
scale are not fixed, which is referred to as scale indeterminacy. This issue
occurs because two linearly related ability scales produce the same probability
of correctly responding to an item as long as the item parameters are also
linearly related the same way. To be more specific, the probability of correctly
responding to an item given ability 6 and item parameters a and b is equivalent
to that given ability 6* = Af + B and item parameters a* = a/A and b* =
Ab + B, where A and B are constants. Equation 8 shows this relationship
mathematically for the 2PL model:
el 7a” (0-b")
Plu=1|a",b*,0") = T e @)

o1-7(a/A)[(A0+B)—(Ab+B))]
1 + el-7(a/A)[(A0+B)—(Ab+B)]

el.?a(a—b)

1+ el.7a(0-b)
= Plu=1]a,b,0). (8)

In general, the issue of scale indeterminacy is solved by fixing the mean and
standard deviation of the ability distribution at some specific values (e.g., a
mean of 0 and a standard deviation of 1). However, because some IRT calibra-
tion programs produce more than one ability distribution, finding the frame of
reference for the item parameters is not always straightforward. For instance,
both BILOG-MG and PARSCALE produce two different ability distributions
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by default, which are called the prior and posterior distributions and the item
parameter estimates can be expressed on either scale (this issue will be dis-
cussed in more detail in the following section). It is important to identify the
ability distribution that is used as the frame of reference for the item parame-
ters because the correct distribution needs to be used with the item parameter
estimates in subsequent stages such as estimating abilities or conducting IRT
equating.

3 IRT Calibration Program Comparison

The midpoint method is the default numerical integration method for all four
computer packages mentioned previously, but with different numbers of quadra-
ture points and ranges. For a single group calibration, BILOG-MG, PARSCALE,
and ICL use 10, 30, and 40 quadrature points, respectively, over the range of -4
and 4, and flexMIRT uses 49 quadrature points over the range of -6 and 6. How-
ever, each program has an option to change these default values. In contrast,
the Gauss—Hermite quadrature method is only implemented in PARSCALE as
an option. In PARSCALE, the DIST = n keyword in the CALIB command de-
termines the numerical integration method and if n = 3, the quadrature points
and weights are obtained from the Gauss—Hermite quadrature method (the de-
fault value is n = 2, which is the midpoint method). BILOG-MG does not
provide this method internally, but can be implemented by entering the Gauss—
Hermite quadrature points and weights manually. In order to do so, the value
n of the IDIST = n keyword in the CALIB command needs to be set to 2 and
the quadrature points and weights have to be specified in the QUAD command.

For all four programs, the standard normal distribution is used by default as
the initial (prior) ability distribution, which is unchanged during the EM algo-
rithm, for calibrating item parameters. However, the frame of reference for the
item parameter estimates are not the same for the four programs. PARSCALE,
flexMIRT, and ICL use the prior ability distribution to deal with the issue of
scale indeterminacy. Therefore, the frame of reference for the item parameter
estimates is the standard normal distribution for these programs. BILOG-MG
employs a slightly different approach compared to the other three programs. Af-
ter the final EM cycle, the prior ability distribution is updated using the item pa-
rameter estimates obtained from the last iteration of the EM algorithm and then
standardized to have a mean of 0 and a standard deviation of 1 (this updated
distribution is called the posterior ability distribution). Then the item parame-
ter estimates obtained from the last EM cycle are rescaled based on the posterior
distribution, and, thus, the posterior distribution is the frame of reference for
the item parameters. In order to deal with the issue of scale indeterminacy
using the prior distribution in BILOG-MG, the NOADJUST keyword can be
used in the CALIB command. This keyword prevents the posterior distribution
from being standardized, and as a result, the item parameter estimates remain
unchanged. Thus, the prior distribution is the frame of reference for the item
parameter estimates. Standardizing this posterior distribution and applying the
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same transformation to the item parameter estimates results in the same pos-
terior distribution and item parameter estimates obtained with BILOG-MG’s
default setting. As mentioned previously, PARSCALE also provides the poste-
rior distribution. However, based on empirical evidences, it seems that the item
parameter estimates obtained from the last EM cycle are not rescaled using
this distribution. Finally, when the ability distribution is estimated along with
the item parameters at each iteration of the EM algorithm, the issue of scale
indeterminacy is solved by standardizing the estimated distribution obtained at
each M—step (this distribution is often called the empirical ability distribution).
In this case, the final item parameter estimates are on the scale of the empir-
ical distribution that is used as the prior distribution at the last EM cycle to
estimate the item parameters.

Table 1 summarizes the default item calibration methods among the five
methods considered in this study for the four IRT programs and the options each
program provides. The NMPo method is the default method for BILOG-MG
and the NMPr method is the default method for PARSCALE, flexMIRT, and
ICL. In addition, the EMPr method can be implemented with all four programs
by using the keywords that are inside the parentheses in the row labelled Ability
Distribution.

Table 1: IRT program comparison based on the three factors considered in the
present study

BILOG-MG PARSCALE flexMIRT ICL
Default Setting NMPo NMPr NMPr NMPr
Integration Method
Midpoint (M) Default Default Default Default
Hermite (H) Option
(DIST = 3)
Ability Distribution
N(0, 1) (N) Default Default Default Default
Empirical (E) Option Option Option Option
(EMPIRICAL) (FREE) (EmpHist=YES) (estim.dist)
Frame of Reference
Prior (Pr) Option Default Default Default
(NOADJUST)
Posterior (Po) Default

4 Simulation Method

A simulation study was conducted to compare the five calibration methods in
terms of the recovery of item parameters. To generate the data sets used in this
study, large—scale high school computation and social studies assessments that
consisted of 30 and 49 multiple—choice items, respectively, were first calibrated
using BILOG-MG with the default settings except that no prior distributions
were employed for the item discrimination parameters (BILOG-MG uses a log—
normal prior by default) and that 41 quadrature points were used instead of 10.
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These item parameter estimates were assumed to be the true item parameters.
The means and standard deviations of the item discrimination and difficulty
parameters for both tests are provided in Table 2. Then ability values of size 500,

Table 2: First two moments of the item parameter estimates

30—-item test 49—-item test
Moment a b a b
Mean 0.7535 0.0607 0.6410 0.2594
SD 0.2205 0.8331 0.2026 0.6342

1,000, and 3,000 were sampled from each of two underlying ability distributions:
the standard normal distribution and a skew normal distribution with a location
parameter £ = 0, a scale parameter w = 1, and a shape parameter o = 4. The
probability density function of this skew normal distribution is

L w22 i —t%/2
fz) = —€" e dt, (9)
™ — 00
which has a mean of 0.77, a standard deviation of 0.63, and a skewness of 0.78.
For the skew normal distribution, the sampled ability values were standardized
so that the origin and unit of measurement of the ability scale were 0 and 1,
respectively (hereafter, this distribution is referred to as SN(0, 1, 4)). Figure 1
depicts the probability density function of SN(0, 1, 4). Using both the values

Figure 1: Probability density function of SN(0, 1, 4)

0.7

Density
0.2 0.4 0.5
|

0.1

0.0

of the item and ability parameters, the probability P(u;; = 1|aj,b;,6;) was
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computed for each simulee ¢ and item j. Then, a random number was sampled
from a uniform distribution between 0 and 1. If P(u;; = 1]|a;,b;,6;) was larger
than the random number, the response to the item was coded 1 and 0 otherwise.
This process was repeated 100 times under all 12 conditions (combinations of
two test lengths, three sample sizes, and two underlying ability distributions).

All the data sets were calibrated with the five item calibration methods using
a series of quadrature points (11, 21, 31, and 41) over the range of -4 and 4 for
the midpoint method and over the range of —oco and oo for the Gauss—Hermite
quadrature method using a program written in R for this study. The purpose
for writing an R program instead of using one of the IRT computer packages
mentioned previously was not only to take full control of the program but also
to control all the other factors that were not considered in this study but might
affect the item parameter estimates. The maximum number of EM cycles was set
to 1,000 with a convergence criterion of 0.001. In addition, no prior distributions
were employed for the item parameters. There were no convergence issues during
the estimation process.

The recovery of the item parameters for the five item calibration methods
was compared using two measures of accuracy: the absolute bias (BIAS) and
root mean squared error (RMSE) statistics. BIAS for item j is defined as

1 100 R
10 2% =
r=1

where 5j and ¢; denote the estimated and true item parameters (either discrim-
ination or difficulty), respectively. A small value of BIAS indicates that the
mean value of an estimator is not systematically different from the true value.
However, BIAS does not provide any indication of variability. RMSE takes into
account both bias and standard error of an estimator and is computed as follows
(for item j):

BIAS; = , (10)

100
1 .
MSE; = | — Y (§;r — 6;)2 1

RaSE; = 1303 66 )
Under each condition, values of BIAS and RMSE of the item discrimination
and difficulty parameter estimates were first computed for each item and the
average of all the values of BIAS (ABIAS) and the average of all the values of
RMSE (ARMSE) were computed for ease of comparison.

5 Results

Tables 3 and 4 display results of the accuracy of item parameters under the
N(0, 1) ability distribution. The values of ABIAS and ARMSE for the item dis-
crimination parameters are given below the columns a—ABIAS and a—ARMSE,
respectively, and those for the item difficulty parameters are provided respec-
tively below the columns b-ABIAS and b-ARMSE. Similarly, results of the
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accuracy of item parameter estimates under the SN(0, 1, 4) ability distribution
are summarized in Tables 5 and 6.

Regardless of the test length and the underlying ability distribution, the val-
ues of ARMSE decreased as the sample size increased. This result was expected
since more stable item parameter estimates would be obtained with larger sam-
ple sizes. However, the values of ABIAS showed different patterns for the two
underlying ability distributions. Under the N(0, 1) ability distribution, the
values of ABIAS decreased as the sample size increased for all five calibration
methods, while under the SN(0, 1, 4) ability distribution, only the values of
ABIAS for the EMPr method decreased as the sample size increased.

5.1 N(0, 1) Underlying Ability Distribution

For the 30—-item test, the NMPr, NHPr, NMPo, and NHPo methods that as-
sumed a fixed standard normal ability distribution (hereafter, these four meth-
ods are referred to as methods in Group 1) during the EM algorithm produced
similar values of ABIAS and ARMSE when more than 11 quadrature points
were used for any sample—size condition. This indicates that the two numerical
integration methods, two frames of reference for the item parameters, and num-
ber of quadrature points barely affect the recovery of item parameters when the
ability distribution is fixed at N(0, 1) during the estimation process and a mod-
erate to large number of quadrature points is used. In addition, these values
were smaller than those of the EMPr method for the 500 and 1,000 sample—
size conditions, especially for the item discrimination parameters. However, the
differences in the values of the four criteria for the two groups of methods de-
creased as the sample size increased, and they became almost identical at the
3,000 sample-size condition.

There were three noteworthy observations for the 49-item test that were
different from the results observed for the 30-item test. First, when the ability
distribution was fixed at N(0, 1) during the estimation process, the methods
using the posterior distribution (NMPo and NHPo) as the frame of reference for
the item parameters produced smaller values of b—~ABIAS than those using the
prior distribution (NMPr and NHPr). Despite of these differences in the values
of b-ABIAS, the values of b~ARMSE were almost identical. The second finding
was that the EMPr method estimated item parameters as accurately as the
other four methods even for the 1,000 sample—size condition. Also, for the 500
sample—size condition, the values of the four criteria for the methods in Group
1 were still smaller than those of the EMPr method, but the differences were
much smaller than the ones observed for the 30-item test. Finally, the values
of all four criteria except a—ARMSE for the NHPr method started to increase
at the 21 quadrature—point condition, while the values of the same criteria for
the other four methods increased at the 11 quadrature—point condition.

10
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5.2 SN(0, 1, 4) Underlying Ability Distribution

Similar to the 30-item test under the N(0, 1) ability distribution, the four meth-
ods in Group 1 produced similar values of ABIAS and ARMSE for the 30-item
test. However, the values of ABIAS for the methods in Group 1 were now
larger than those of the EMPr method across most of the conditions, and the
largest differences were observed at the 3,000 sample—size condition. In con-
trast, the EMPr method did not consistently perform more accurately than the
other methods in terms of ARMSE. As can be seen from Table 5, the methods
in Group 1 estimated item parameters with less overall estimation error than
the EMPr method in spite of the larger values of ABIAS for the 500 and 1,000
sample—size conditions. This result implies that, when the true ability distribu-
tion departs from N(0, 1), using the empirical ability distribution introduces less
bias but more standard errors than the methods fixing the ability distribution
at N(0, 1). Although this was also true for the 3,000 sample-size condition,
the EMPr method still resulted in the smallest values of ARMSE because of
the relatively large differences in the values of ABIAS. Similar results were ob-
tained for the 49-item test, but the differences of the four criteria between the
two groups of methods were much smaller than those observed for the 30—-item
test. In addition, opposite to the results observed for the 49-item test under
the N(0, 1) ability distribution, the values of b—ABIAS for the methods fixing
the ability distribution at N(0, 1) and using the posterior distribution as the
frame of reference for the item parameters (NMPo and NHPo methods) were
larger than those for the methods using the prior distribution as the frame of
reference (NMPr and NMPr methods).

6 Summary and Discussion

This paper provided an in—depth description of three factors that affect the
accuracy of item parameter estimates as well as the default settings and options
of four IRT computer packages (BILOG-MG, PARSCALE, flexMIRT, and ICL)
associated with those factors. Furthermore, five item calibration methods that
were combinations of the three factors were compared under various simulation
conditions.

As expected, the values of ARMSE decreased as the sample size increased
for all five methods regardless of the underlying ability distribution and test
length. However, ABIAS for the five methods showed different patterns un-
der the two underlying ability distributions. Specifically, the values of ABIAS
for all five methods decreased as the sample size increased under the N(0, 1)
ability distribution, while the method using the empirical distribution showed
a decreasing pattern when the underlying ability distribution was SN(0, 1, 4).

In general, for both the 30— and 49-item tests, the numerical integration
method, frame of reference for item parameters, and number of quadrature
points barely had any impact on the recovery of item parameters when fixing the
ability distribution at N(0, 1) during the estimation process and using 21 or more
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quadrature points. However, there were two exceptions. First, for the 49—item
test, the values of a~ARMSE for the NHPr method started to increase at the
21 quadrature—point condition. The other exception was also observed for the
49-item test where the values of b-~ABIAS between the methods using the prior
and posterior distributions as the frame of reference for the item parameters
showed some differences. To be more specific, the methods using the posterior
distribution as the frame of reference for the item parameters produced smaller
values of b-ABIAS under the N(0, 1) ability distribution, while the opposite
result was observed under the SN(0, 1, 4) ability distribution.

As described earlier, for the two underlying ability distributions, methods us-
ing different specifications of the ability distribution produced different results.
Under the N(0, 1) ability distribution, the methods fixing the ability distribu-
tion at N(0, 1) during the estimation process estimated item parameters more
accurately than the method using the empirical ability distribution when the
sample size was small. However, the EMPr method performed as accurately
as the other methods in recovering the item parameters for the 3,000 sample—
size condition and even for the 1,000 sample—size condition for the 49—item test.
When the underlying distribution was SN(0, 1, 4), the EMPr method introduced
less bias but more standard errors than the other four methods, which resulted
in larger values of ARMSE for the 500 and 1,000 sample—size conditions. For
the 3,000 sample-size condition, the values of ARMSE for the EMPr method
were still the smallest because of the relatively large differences in the values of
ABIAS.

The above results suggest that the specification of the ability distribution
has the greatest impact on the accuracy of item parameter estimates among the
three factors considered in the present study. Therefore, it seems important to
specify the ability distribution correctly using theoretical or empirical evidence
when calibrating item parameters. When no information about the underlying
ability distribution is available, the distribution can be selected based on the
sample size of the test. With small sample sizes, using the standard normal
distribution during the estimation process produces more accurate item param-
eter estimates than using the empirical distribution; whereas using the empirical
distribution is a better choice with large sample sizes. Note that this sugges-
tion only applies when more than 20 quadrature points are used during the
estimation process. As mentioned previously, most IRT computer programs use
more than 20 quadrature points when conducting a single group item parameter
calibration. However, BILOG-MG uses only 10 quadrature points by default.
Thus, when using BILOG-MG for item parameter calibration, users are advised
to increase the number of quadrature points to at least 20.

There are some limitations on generalizing the findings of the present study
to more general cases because of the following three reasons: (1) this study
compared the recovery of item parameters for only the 2PL model under five
item calibration methods; (2) only one non—normal ability distribution (with
a specific skewness value) was considered; and (3) a single group calibration
was used only, as opposed to multiple group calibration. These restrictions will
be addressed in a future study by examining the performance of the five item
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calibration methods under other dichotomous and polytomous IRT models and
considering multiple non—normal ability distributions with different skewness
values. In addition, another interesting future study would be to examine the
impact of the three factors considered in this study on the recovery of item
parameters for multiple group calibration.
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