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ABSTRACT

Item response theory (IRT) offers many advantagesto researchers who need to quantify children's reading and writing abilities, and
for thisreason, IRT methods have been adopted in Statistics Canada's National Longitudina Survey for Children and Y outh. IRT
methods have along history in the field of psychometrics, and provide amodel based method for characterizing both test itemsand
subject abilities, and for generating predictions of individual abilities. For the most part, IRT methodsimplicitly assumeindependent
and identically distributed (i.i.d.) observations, so that the application of these methods to complex surveysraisesanumber of issues.
The paper will review basic IRT theory and provide arationalefor itsusein complex surveys. NLSCY datawill be used toillustrate
various | RT issues, including point and variance estimates of item parameters, the potential for bias dueto ignoring survey weights,
biases in the distribution of ability predictors, and the dependence of this bias on test length.

KEY WORDS: Item response theory; IRT; complex surveys; pseudo likelihood; ability predictions; EAP estimates; latent
distributions; attenuation.

RESUME

Lathéorie des & éments de réponse (IRT) offre beaucoup d'avantages aux chercheurs qui doivent mesurer les capacités delecture et
d'écriture des enfants, et pour cetteraison, lesméthodesrelativesal RT ont été adoptées dans|'enquételongitudinale sur lesenfants et
lajeunesse de Statistique Canada (NLSCY). Les méthodes d'IRT ont une longue histoire dans e domaine de la psychométrie, et
fourni ssent une méthode basée sur un modéle pour caractériser des éléments detest et des capacitésdu sujet al'éude, et pour produire
des prévisions concernant les capacités individuelles. La plupart du temps, les méthodes d'IRT assument implicitement des
observationsi.i.d., de sorte que I'application de ces méthodes aux enquétes complexes souléve un certain nombrede questions. Le
but de cet article est de passer en revue lathéorie de base de I'lRT et de fournir les raisons pour son utilisation dans |e contexte des
études complexes. Les données provenant de NLSCY seront utilisées pour illustrer les différents problémesreliésal'lRT, tels que
I'estimation de paramétres et de leur variance, le potentiel de biaislorgu'on netient pas compte des poids d'enquéte, le biaisdd ala

distribution des prédicteurs des compétences ainsi que la dépendance de ce biais sur le temps de complétude des évaluations.

MOTS CLE: Enquétes complexes, estimations EAP, IRT, lathéorie des & éments de réponse, prédictions des compétences.

1. INTRODUCTION

Item response theory (IRT) provides a set of techniques for
predicting the value of a trait or ability for one or more
individuals. The traits or abilities in question cannot be
directly measured, but must beinferred from each individual's
responses to a set of questions, or test items. IRT methods
alow for both the calibration of the test items and the
prediction of individua abilities, and are now used in
Statistics Canada's National Longitudinal Survey of Children
and Y outh (NLSCY). One of the goals of the NLSCY isto
track children's educational development, and in the most
recent administration of the survey (Cycle 3, 1998-99) both
reading ability and mathematical ability measures for each

child were directly predicted using IRT methods. These IRT
"scores' were subsequently added to the NLSCY datafilefor
subsequent aggregation and analysis.

IRT methods have along history dating back to Lord (1952)
and earlier, and are now well established in the field of
psychometrics, providing an alternative to the "classical test
theory" (CTT) which was used in the first NLSCY cycle to
construct tests of mathematical ability. IRT isamodel-based
approach that provides additional tools for measuring traits
and abilitiesby clearly separating test items, characterized by
individual item parameters, from the characteristics of
examinees. The purpose of this paper is to review the
practical and theoretical issues arising from the application to
complex surveys of IRT methods that were developed
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primarily under the assumption of independent observations.
It is hoped that the paper will be of interest to survey
statisticians who may not be familiar with IRT methods, and
to analysts who may be familiar with IRT methods, but less
familiar with the sampling literature. Specific issues will be
illustrated using data from the NLSCY .

1.1 Complex Survey Applicationsof IRT and Associated
Literature

Probably the earliest large scale survey to use IRT methodsis
the National Assessment of Education Progress (NAEP), a
Congressionally mandated national assessment programin the
U.S., which has been in operation for nearly 30 years. The
methodology used in the NAEP differs in many important
respects from that used in the NLSCY. Rather than using
ability "scores' for subsequent aggregation, the NAEP obtains
aggregate measures of ability using the "plausible values'
(PV) methodol ogy, an adaptation of Rubin's (1987) multiple
imputation technique for missing data (the missing data here
being the latent ability scores). Aswill beseenlater, avoiding
the caculation of individua ability scores can be of
considerable advantage. Plausible values methodology has
now become widespread in the field of large-scae
educational testing. For example, it was used in the Third
International Mathematics and Science Study (TIMSS), a
large international survey with participation from 38
countries, conducted most recently by the Internationa
Association for the Evaluation of Educational Achievement
(IEA) in 1995. Another example is the Program for
International Student Assessment (PISA), designed to assess
the reading, math and science skills of 15 year olds, in which
Statistics Canada participates.

In the NAEP literature, in particular the specia issue of the
Journal of Educational Satistics (1992) and the most recent
technical report describing NAEP mathodology (Allen,
Carlson and Donoghue, 2001), there is no mention of the
survey design in connection with either item parameter
estimation or plausible value generation. The survey design
is mentioned only in conjunction with the variance of
aggregate statistics computed from the plausible values, in
which case the sampling component of the total variance is
estimated using design-based methods. A review of NAEP
methodology by Patz (1996) does provide an outline of the
use of survey weights during the plausible values generation
stage, though not at the stage of item parameter estimation.
Documentation and other information on TIMMS and PISA
are likewise silent on the issues of design complexity. The
IRT methodology used in the National Education
Longitudinal Study (NELS), sponsored by the U.S. National
Centrefor Education Statistics, wasvery similar to that of the
NLSCY. However, the NELS technica report by Rock,
Pollack and Quinn (1995) again fails to mention the survey
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design in connection with item parameter estimation or ability
prediction.

Itisclear from these examplesthat, at the very least, theissue
of survey design and IRT parameter estimation for large scale
surveys is poorly documented. This paper will attempt to
remedy that deficiency.

1.2 Organization of the Paper

Section 2 of the paper will provide an overview of IRT
models and corresponding estimation techniques designed for
samples of independent and identically distributed (i.i.d.)
observations. The focus will be on estimation of fixed
parameters, i.e., theitem parametersand the parameters of the
ability distribution. A rationale for the design-based (i.e.,
weighted) estimation of these parameterswill bedescribed in
Section 3, with particul ar referenceto the software used in the
NLSCY. Section 4 discusses the lack of consensus in the
educational testing community regarding the need to take
account of the survey design when estimating IRT
parameters, and providesan illustration of the need for design
weighted point estimation. Section 5 focuses on the methods
used in the NLSCY for predicting individual abilities, and
demonstrates the critical importance of test length using
NLSCY data. A summary isgiven in Section 6.

2. IRT MODELSAND ESTIMATION
TECHNIQUES

The key to IRT isamodel that links the characteristics of a
given item, and the latent ability of an individua subject, to
the probability that the subject will respond correctly to that
test item. IRT models for both binary and polytomous test
items have been devel oped, but sinceall testitemsused inthe
NLSCY arebinary, thisdiscussionwill be confined to models
of the binary logistic type.

2.1 The Three-Parameter Logistic M odéel

Consider a set of n binary test items, administered to a
sample of N individuals, with the aim of measuring the
latent ability of interest. Under the three-parameter logistic
response model, the probability of a correct response by the
i"th individual to thej'th binary item is modeled as

exp{ozj (2 —,Bj )}

P(6)=¢;+{1-¢)) expi; (6 - B;)}

2.1)

fori=1,...,N; ] =1,..,n,where 6, isthevalue of theability
of individua i. For specific values of a;, ,Bj and Ci,



P, (6,) isreferred to as an item response function. The ¢

parameter isreferred to astheitem discrimination parameter,
the location parameter £, is considered to represent item

difficulty, whilethethird parameter, c; , usualy referredto as

the guessing parameter, represents the observation that no
item ever has zero probability of acorrect response. Itisclear
from equation (2.1) that without some additional restrictions,
the item parameters and the abilities are not identified. The
usual way method of dealing with the linear indeterminacy is
to arbitrarily fix the location and scale of the 6 distribution.

3.2 Item Parameter Estimation

The most commonly adopted method for estimating IRT
parameters is marginal maximum likelihood (MML), based
on the work of Bock and Lieberman (1970) and Bock and
Aitkin (1981). Other estimation methods have been reviewed
by Baker (1992), and an MCM C approach has been described
by Patz and Junker (1999).

For MML estimation with i.i.d. observations, the margina
likelihood is

L=TT.[Pui16.5g@1de  (22)

where U; represents the data, consisting of binary test
responses Uj, ] = 1,..,n, £ denotes the set of item
parameters {a B¢ =1 n} and t is a vector of
parameters of the assumed distribution, g, of 8. Under local

independence of item responses, the first term under the
integral is given by

P 10.9=TT PO E-P @)} . @3

All versions of the MML algorithm for i.i.d. observations
begin by obtaining the derivatives of the marginal likelihood
(2.2) with respect to the set of item parameters
&=1\2;.B,.¢;, ] =1...,n}, with the IRT model defined by
equations (2.1) and (2.3). In the interests of brevity, the
following summary will be restricted to the two parameter
model, i.e., the model with all guessing parameters, ¢j, setto
zero. After someagebra, the likelihood equation for thej’th
discrimination parameter ¢; becomes:

alogL

=" [l -P@ko - 8)IP@1U, &)k

=0,

24)
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where P(6|U;,&,t) denotesthe posterior distribution of
6, namely

p(O|U £y - PE1V98@1)

. (25)
[P@1U;.&)g@17)de

For thej'th difficulty parameter £,
likelihood equation is

- Z:\ilj. [u

=0.

, the corresponding

dlogL

i —PO]P@|U, & 1) Ho 26

Most implementations of MML, e.g., the program BILOG-
MG used in the NLSCY, are variations on the approach of
Bock and Aitken (1981). Following Midlevy and Stocking
(1989), the @ distribution is represented in histogram form,
using equally spaced 6 nodes denoted X, k = 1,...,0, with
nodal weights A.. The A are chosen to represent a normal
distribution in the first iteration, but if the assumption of
normality is not tenable, the normality assumption can be
relaxed in which case the noda weights, Ay, become the
elements of the unknown parameter vector t, to be estimated
aong with the item parameters £. In quadrature form,

equations (2.5) and (2.6) reduceto:

Zzzl(xk _,Bj)[r_jk - kaj(xk)]zoand 27

Zzzl[rjk - fk Pj (xk)]: 0,

where f, =221P(Xk |U,,& 1) represents the expected

frequencies of examinees out of asample of size N expected

to have ability 0=X,, and where
N

=Y UiP(X, U;,8,7)

frequency of examinees having ability X, who correctly
answer item j. The posterior probability P(X, |U;,&,T)

featured in the expressions f, and I can bewritten as

Fix represents the expected

PO, 5 7) = ot (28)
DL (XOAC
hee LOWA =TT, 00" b-r0xf*™

Though the likelihood equations (2.7) resemble those for
logistic regression, the “frequencies’ fk and 1, are
functions of the unknown parameters £. However, these
expected frequencies can be regarded asthe E-step of an EM



algorithm, with the solution of the estimating equations (2.7)
comprising the M-step, yielding an easily implemented
iterative solution. For non-normal & distributions, the
guadrature weights, Ay, are modified at each iteration of the
EM algorithm using the scheme

L, (X, )AY

: 2.9
Zk =1 |(Xk)A1£l) ( )

A‘Et—l) 1 ZN:

i=1

3. APSEUDO-LIKELIHOOD MML-EM ALGORITHM
FOR COMPLEX SURVEY DATA

This section describes a rationale for the design-weighted
MML estimation used in the NLSCY, and implemented in
BILOG-MG, which is a straightforward application of the
approach of Binder (1983), Fuller (1975) and others. Details
are provided because many IRT analysts are unfamiliar with
complex survey dataanalysis, and since the rational e appears
not to have been presented in the psychometric literature.

3.1 ThePseudo-Likelihood Approach

The pseudo-likelihood approach (see Binder, 1983) can be
applied to the current problem by considering a margina
likelihood of the form (2.2) written for afinite population of
NP units. Thisfinite population will in turn be considered a
random realization from some super-popul ation for which the
IRT model isdefined. If thetest responsesfor al respondents
in the finite population were known, then equations (2.4) and
(2.6), with N replaced by NP, would comprise likelihood
equations for the super-population. Solutions to these
“census’ equationsdefinefinite population parameterstermed
“corresponding descriptive population quantities’ (CDPQS)
by Pfefferman (1993). Of course, only asampleof unitsfrom
the finite population is available. However, it can be seen
from equations (2.4) and (2.6), with N replaced by NP, that
each census equation features a population sum that can be
consstently estimated using the sample vaues and
corresponding weightsw;. Thus if the summations over NP
in the census equations are replaced by weighted sums over
the complex sample of size N, estimates of the census
likelihood equations are given by

> w [l -r@ke-8)IPEI1U, & DBo=0, B.1)

[l

Equations (3.1) and (3.2) comprise pseudo-likelihood
equations, or estimating equations, whose solutions will

P(a) [P(6|U,.&,1)HO=0. (3.2)
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provide design-consistent estimates of the finite population
analogues (the CDPQ'’s) of the item and ability distribution
parameters. When written in aform suitable for application
of the EM algorithm, the estimating equations for the item
parameters «; and £, are again given by equation (2.7),

with the posterior expectations fk and 1y, replaced by

f_k = Zi,\il

W P(X, |U;,&,7)
and
Mk Zzi,ilvviuij P(X, |U;.8,7),

respectively. The iteration scheme (2.9) for the “pseudo-
MLES’ of the parameters of the ability distribution can be
expressed similarly in terms of aweighted sum over the units
in the sample.

Finally, it will be assumed that the super-population and its
finite sample realization are structured so that the design-
based estimator of afinite population item parameter isalsoa
consistent estimator of the corresponding super-population
parameter (see, for example, Pfeffermann, 1993). This
provides the fina step in the rationale for applying IRT to
complex surveys.

3.2 Estimation in the NLSCY

All IRT estimation in the NLSCY is carried out using the
program BILOG-MG (Zimowski, Muraki, Midevy and
Bock, 1996). BILOG-MG alows for the specification of
design weights, and implements design weighted point
estimation of parameters consistent with the pseudo-
likelihood approach described above (R.D. Bock, private
communication). Experiencewiththe NLSCY has shown that
weighted estimates of item parametersand abilitiesmay differ
considerably from unweighted estimates, and weighted
estimation has therefore been adopted as the NLSCY
standard. Thus all item and latent distribution parametersin
the NLSCY are consistently estimated by a survey weighted
BILOG-MG analysis. It is important to note, however, that
BILOG-MG does not generate design-consistent variance
estimates when the weighted estimation option is selected.

Some preliminary efforts have been made to obtain bootstrap
variance estimates of theitem difficulty parameters, using the
bootstrap weights available on the NLSCY main datafile.
Resultsfor the Cycle 2 mathematicstest for Grade 5 boysare
shownin Table 1 for aselection of testitems. For thefull test,
the design effects, namely theratio of the bootstrap variances
to the BILOG-MG variances based on the assumption of



Table 1 - Bootstrap variance estimates of NLSCY item
parameters (Cycle 2, Grade 5 Mathematics Test, Boys)

Item Item BILOG B'strap  Deffs
Difficulty SE SE
3 -0.738 0.13 0.22 2.86
6 -0.225 0.126 0.209 2.75
9 -1.178 0.203 0.346 291
12 0.209 0.13 0.233 321
15 -0.273 0.089 0.162 331
18 0.147 0.115 0.216 3.53

independent observations, range from about two to four,
indicating a substantial clustering effect. Thisillustrates an
important point. Even if unweighted and weighted estimation
yields similar point estimates, the survey design till cannot
be ignored for purposes of inference.

4. WEIGHTED VERSUSUNWEIGHTED
ESTIMATION OF IRT PARAMETERS

Though survey statisticians would likely agree that the
design-based strategy described above is the logical way to
handle parameter estimation in the NLSCY and similar
complex surveys, some members of the educational testing
community still claim that survey weights can beignored and
that IRT parameters can be estimated from complex survey
data using standard unweighted methods. One source of this
belief is the IRT concept of invariance (see, for example,
Hambleton and Swaminathan, 1985) which states
tautologically that, if the IRT model is correct, the item
parameters will be invariant to (or consistent with) whatever
subset of examinees that is selected, and examinee abilities
will be invariant to (or consistent with) whatever subset of
pre-calibrated items are included in the test. Some of the
conclusionsin Midevy and Sheehan’ s(1989) examination of
the use of collateral information in IRT estimation may also
contribute to this belief in unweighted analyses. These
authors used a model-based likelihood argument to show
(among other things) that unequal stratum probabilitiesin a
dtratified SRS sample can be ignored without biasing item
parameter estimates. The key assumption in both these
examples is that the IRT model is correct. However, itisa
truism that no modd ever fits perfectly. Theissueisadways
whether departures from the model are sufficiently seriousto
overcome the benefits of a parsimonious description of the
data, a principle that applies to all data modeling tasks
including IRT. Inthe NAEP context, for example, Midevy,
Johnson and Muraki (1992) stated that “ The IRT summary is
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expected not to capture al meaningful variation in item
response data but to reflect distributions of overal
proficiency . ..”. In other words, the NAEP analysts did not
assume that the model was correct, only that it was realistic
enough to provide a good overal summary of the main
featuresof interest. Thusany discussion of theimportance of
the survey design in IRT estimation should consider the
possibility of model mis-specification, and its effect on
unweighted analyses. It will be argued below that model mis-
specification can lead to severely biased parameter estimates
if the design weights are ignored and that the most practica
protection against local model failure is provided by design
weighted point estimation.

When IRT models are used with large complex surveys, one
model failure that islikely to be encountered is differential
itemfunctioning (DIF). DIF involvesthe IRT analysisof two
or more sub-populations, and means that one (or more than
one item) ismore (or less) difficult for one of them. In other
words, separate IRT anayses within the two sub-popul ations
or domains would yield different item difficulty parameter

values, A and B for the offending variable (the j’th,

say). In the context of alarge national sample such as the
NLSCY, it is not practical to search for and remove items
exhibiting DIF in al possible sub-populations that may
subsequently be of interest to researchers. Thusit is likely
that DIF effects are hidden in the NLSCY data, and the IRT
model P(U, |8,&) must therefore beregarded asatypically

fallible model that provides agood overall description of test
outcomes and student abilities. Further, if any of the sub-
populations or domains exhibiting DIF effects have different
average weights, it is clear that the estimates of the item
difficulty parameters exhibiting DIF will differ depending on
whether or not weights are used in the analysis. As noted
earlier, point estimates of item parameters in the NLSCY
have been found to differ considerably depending on the use
or otherwise of survey-weighted estimation, particularly when
the sampleincludesrare domainsfeaturing large weights due
to non-response adjustments. A likely explanation of this
observation isthat the basic IRT model assumption has been
violated by DIF, with itsimpact magnified by interaction with
specific domains having large weights.

This explanation has been reinforced by a numerical
experiment involving the NLSCY Cycle 2 mathematics test
for Grade 5 students.  Separate difficulty parameters were
obtained for boys and girls using the BILOG-MG DIF
procedure, and those items exhibiting DIF were then
identified by testing parameter differencesagaingt zero, using
bootstrapped standard errors. The potentia effect of an
interaction between DIF and sub-popul ation weightsonitem
difficulty parameters was then ssimulated by comparing the
item difficulties for the combined sample of boysand girlsto



a modified sample of boys and girls formed by first
multiplying the weights of the girls by afactor of 10. For the
three test items exhibiting DIF, it was predicted that the
increased weighting for the girls would cause a shift in the
difficulty parameters based on the modified sample towards
the values estimated for the girls alone, and this prediction
washborneout. The shiftswerein the predicted direction, and
dtatistically significant. This confirmsthe earlier suggestion
that differential item functioning can result in weight
dependent item parameter estimates when the sub-groups
exhibiting DIF have different average weights.  Besides
hidden DIF, other potential model violationsinclude DIF-like
effects for the discrimination and guessing parameters of the
standard three-parameter model (Bock, 1993), as well as
violations of the assumption of essential unidimensionality
(Stout, 1987), which again might have specific subgroup
interactions. Finadly, it should be noted that the conclusions
of studies such as Midlevy and Shehan’'s (1989) should be
extrapolated to complex surveys with considerable caution,
because ssimplified likelihood analyses do not generally allow
for the dependence among observations caused by clustering,
or for other complex design festures such as post-stratification
and non-response weight adjustments.

Asnoted by Pfeffermann (1993), aprimary benefit of design-
based estimation is that it provides protection against mis-
specification of the modédl, in the sense that it yields design
consistent estimates of descriptive population quantities that
areclearly defined. IntheIRT context, the pseudo-likelihood
approach provides design-consistent estimates of the finite
population IRT parameters defined by the census likelihood
equations, and hence provides protection in a population
averaged sense against the model violations discussed. Thus
analyses that ignore the survey weights cannot be justified
when IRT models are applied to data from large complex
surveys. Design-based parameter estimation using the
pseudo-likelihood approach of Section 3 should be used,
together with appropriate design-based variance estimation.

5. ABILITY PREDICTION IN THE NLSCY

A variety of methods have been proposed for predicting the
value of the latent ability, &, , for a given subject, given the

subject’s test outcomes U; = U;. These methods include
maximum likelihood estimates (MLE'’s), obtained by treating
6, as a fixed parameter and maximizing the “likelihood”

(2.3) in which the locally independent items play the role of
independent observations. Theweighted likelihood estimator
(WLE; Warm, 1989) is closely related to the MLE but has
better conditional bias properties as n— <, where n is the
number of test items. Estimators can aso be obtained from
the posterior distribution of &, given by equations (2.5) and
(2.8). For example, the posterior mean has been adopted as
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the ability predictor inthe NLSCY , whileinthe NEL S survey
mentioned earlier, ability predictions were based on the
posterior mode (Rock et d., 1995). It is standard practice to
first estimate the item and ability parameters £ andz, and

then treat them as fixed for purposes of ability estimation.
For complex surveys, these parameters should be estimated
using the design-consistent methods described in Section 3.
The posterior mean used inthe NLSCY can thus be regarded

as an empirical Bayes predictor, 6 , expressed as

68 =j9P(e|ui,é,%)de

IR AL
L LI(X)A

(5.1)

where 9%%° denotesthe discrete approximation to 9=

provided by BILOG-MG. Note that psychometricians
often refer to these predictors as“ expected aposteriori”

(EAP) estimators.

5.1 Characteristics of the Empirical Bayes Predictor

The large sample performance of the empirical Bayes
predictor asafunction of test length, n, will be similar to that
of the Bayes predictor corresponding to known item and
ability parameters £ andz . In this section, these will be
considered super-population (rather than finite population)
parameters. It is well known that the sample mean of the
Bayes predictor is an unbiased estimator of the mean of the

ability distribution, 9_=j6g(6|r)d6. Itisalsowell known
that the unconditional variance of the Bayes predictor,
o2 (6®) , isan underestimate of the unconditional variance of
the latent ability distribution, o?(6) . This can be easily
demonstrated by re-expressing o?(6)
notation as

in an obvious

0'2(6) =Vye =Ey [Va @] U)]+Vu [Ee @] U)]

) N (5.2)
=MSE(6°®) +o?(6°).

Thevarianceof 8 isthusunderestimated by an amount equa
to the mean sgquared error of the Bayes predictor, which is of
order O(n'™%), n being the number of test items. The extent of
this bias in the variance of the population distribution of
examinee predictions will be investigated below using a
subset of NLSCY data.



5.2 Under-Estimation of Ability Variancein theNL SCY

The distribution of abilities can be obtained without
evaluating individual predictors, simply by aggregating
individual posterior distributions over the population, i.e.,
[P(61U,&,)h(U)dU = [ P(U|6,8)g(6| 7)d6
=9(@|7),

(5.3)

where h(U)=jP(U|49,§)g(49|r)d49is the  marginal

distribution of an individual test response. For i.i.d. samples,
the corresponding estimate of the ability distribution is
obtained by averaging the posteriors over the sample, in
practice using the discrete form (2.8). For acomplex survey
such as the NLSCY, the estimation will involve the design
weights, and will generate acons stent estimate of the discrete
verson of the population ability distribution given by
g(X, |T={A}), provided there are sufficient casesin each
of the ability categories, X. Recall that we are assuming that
adesign-consistent estimate of afinite population parameter
will aso be aconsistent estimate of the corresponding super-
population parameter. Formally, from eguations (2.8) and
(5.3), we get

LX) A

IX JT={AN =D W
2 Yo L(X)A

(5.4)

This estimate of thelatent ability distribution isautomatically
generated by BILOG-MG. It depends only on the item and
ability parameter estimates and isthusfree of any biasarising
from prediction of individual abilities. Therefore, comparing

the histogram (5.4) to a histogram of individua 6%°
predictions, again obtained using design weighted
aggregation, will yield a direct assessment of the biasin the
population distribution of the ability predictions. The
comparison of the two histograms will be based on their
means and their variance.

Thefollowing empirical resultsrelateto the 20 item reading
test administered to Grade 4 students in Cycle 2 of the
NLSCY. The indeterminacy in the ability measure was
resolved by setting the mean and the variance corresponding
to the estimated latent distribution (5.4) to 225 and 625,
respectively. Table 5.1 displays the mean (emean) and
standard deviation (estd) of the distribution of the empirical
Bayes predictions of individual ability, for thefull test and for
two subsets of test items containing 13 and 6 items,
respectively.
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Table2 -A Comparison of the Latent Distribution to
the Distribution of Ability Estimates

Items(n)  emean(d)  estd(8) ¢
20 225.63 21.53 0.74
13 225.09 19.73 0.62
6 225.76 17.2 0.47

Note: 8 =225,0(0) =25

It can be seen from column two of the table that the mean of
the empirical distribution is close to that of the latent
distribution (i.e., 225) irrespective of the number of items, as
expected. It can also be seen that the standard error of the
distribution of ability predictors is an underestimate of the
latent distribution standard error (i.e., 25), again aspredicted.
The extent of the underestimate is summarized in the last
column of Table2 intermsof aprediction effect, ¢, whichis

similar in concept to the familiar design effect (deff) used to
summarize the variance distortion arising from design
complexity. For these data it is defined as

Q= evar(é) /625 It can be seen that the prediction effect

increases (i.e., the degree of under-estimation increases) as
the total number of items per test decreases, again as
expected. For the full test of 20 items, the ratio of the
empirical distribution varianceto thelatent varianceis0.74, a
modest distortion. However, for a short test of 6 items, a
larger distortion isobserved, namely ¢ = 0.47 . Theresult for

13 items isintermediate between these extremes.

It is not immediately clear what impact the above latent
variance distortion will have when the EAP scores are used
directly in subsequent analyses. Some preliminary results
based on ani.i.d. simulation (Thomas, Lu and Zumbo, 2003)
suggest that adegree of distortion consistent with the 20 item
scalesused inthe NLSCY will resultin parameter attenuation
of approximately 20% for a latent regression featuring one
explanatory variable.

6. SUMMARY AND CONCLUSIONS

This paper has provided a summary of item response theory
and considered its application in large complex surveys. In
particular, a rationale for design-based estimation has been
described. It has been shown that ignoring survey features,
the weights in particular, can cause serious biases in point
estimates of item parameters when the IRT model is mis-
specified. Evenif unweighted estimates are free of bias, their
estimated variances will be serioudly distorted unless design
features such as clustering are accounted for. Preliminary



bootstrap estimates of parameter variances suggest that
variance estimates obtained using standard software may
underestimate item parameter variances by a factor of
between two and four. Techniquesfor predicting individual
abilities have also been described, and the divergence
between the true latent distribution and the distribution of
predicted abilities has been estimated using NLSCY data.
For 20 item NLSCY tests, the true latent variance is
underestimated by about 25%. More recent work (Thomaset
al., 2003) suggeststhat this degree of distortion may resultin
regression parameter attenuation of approximately 20%.
Clearly, test length is a critical issue whenever ability
estimates are to be directly used in later analyses. The
plausible values methodology used in the NAEP survey
avoids this source of bias, but at the cost of a mgor
investment in data processing at the data production stage.
Further research is needed to identify methods for analyzing
latent variables in complex surveys that avoid both the bias
inherent in using predicted scores and the heavy data
processing requirements of the plausible values approach.
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