
Chapter 1

Introduction

The computerized adaptive testing (CAT) has received a lot attentions over the last

two decades. It becomes increasingly important and has been applied to many stan-

dardized testing recently, such as the graduate record examination (GRE), the grad-

uate management admission test (GMAT), the test of English as a foreign language

(TOEFL), etc. In a conventional paper-and-pencil testing, all examinees are pre-

sented with the same set of items. In an adaptive testing, an individual set of test

items, rather than a set common test items, will be given to a particular examinee.

That is, in adaptive tests, items are selected from an item pool for a particular exam-

inee according to the information of the ability of the examinee obtained during the

testing process, and the test will last until some information criterions are satisfied.

This kind of test scheme can usually be implemented by a computer-based testing,

which administers the test items on computer and examinees will give his/her answer

through computer, rather than use paper and pencil in traditional test. In a CAT,

responses of examinees will be recorded quickly, and the latent trait of examinees

can be estimated speedily. Hence, we can adaptively select items with assistance of

high speed computing technology according to some optimal criterion for estimating

the latent trait levels of the examinee. It can provide more efficient estimates of

examinees’ latent trait levels by saving testing time while still maintains increasing

estimate precision. For further details, please see, for example, Lord (1970), Wainer
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(2000), Sands, Waters and McBride (1999); van der Linden and Glas (2000).

The most commonly used theory in standardized testing is known as the item

response theory (IRT). IRT is a psychometric model describing the item characteristic

curve (ICC), which is the probability of answering a particular item correctly of an

examinee, with a given latent trait level and parameters of the item. Several IRT

models have been developed in psychological and educational measurements, such as

latent linear model (Lazarsfeld and Henry, 1968), normal ogive model (Lord, 1952),

logistic model (Birnbaum, 1957, 1958, 1968; Lord and Novick, 1968; Rasch, 1960),

etc. Among these models, the three-parameter logistic model is most often used.

A item pool for a CAT is a collection of items, which have been calibrated so

that examinees can be tested routinely. The choices of items for an examinee in

CAT is adaptively based on the responses of the examinee in previously administered

items. That is, items are selected sequentially during the course of test. Some item

selection procedures can yield more accuracy estimates and are more efficient than

random selection in terms of testing time (test length), and many item selection

procedures have been proposed. For example, see van der Linden (1998), Chang

and Ying (1999) and Eggen (1999). Empirical studies show that the item selection

procedures maximizing Fisher information would yield overexposure of items with

high discrimination and underexposure of those lower discrimination (McBride and

Martin, 1983; Weiss and McBride, 1984). Since examinees in CAT are presented with

different set of items drawn from an item pool, the speed of attrition in items will

be very fast contrast to traditional test. So, item pool replenishing is a necessary for

maintaining an item pool, and essential in CAT. To replace them with new items, it

would be necessary to calibrate the item parameters of new items. The problem of

item calibration is occurred, which is to estimate item parameters based on the item

response models before adding them to the item pool. The problem then become how

to select examinees for the new items, which will usually be an very expensive and
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time-consuming process.

Online calibration in CAT refers to estimating the parameters of new items through

the active testing by presenting it to examinees during the course of test for estimat-

ing their ability. In other words, the latent trait levels used for calibrating new items

are selected and estimated during an operational test. Wainer and Mislevy (2000)

consider a process, in which uncalibrated items are introduced into the pool by em-

bedding them in operational tests.

There are many estimation methods of latent trait levels under different regu-

larization conditions discussed in the literature. They often show that the estimate

converges to true latent trait almost surely as the number of items goes to infinitely.

But in practice, we can only use finite items to estimate the latent trait level of an

examinee. Under this condition, the estimate of latent trait of an examinee is usually

subject to estimating errors. That’s one of the reason why in dealing with online

calibration problem, we have to face the measurement error phenomenons. In addi-

tion, if the nonlinear model is used for describing ICC, then we have to deal with the

nonlinear design problems, too.

There are several optimal criteria have been proposed in the literature, for example

A-, D- and E-optimality. For linear models, optimal designs are independent of the

parameters of interest (see Silvey (1980), St. John and Draper (1975) and Atkinson

(1982)), but for nonlinear models, the optimal designs will usually depend on the

unknown parameters (See Fedorov (1972), Silvey (1980), St. John and Draper (1975)

and Atkinson (1982)). To solve the difficulty situation of not knowing the item

parameters, a sequential or a multi-stage procedures can be used. These kinds of

sequential designs have been proposed by Abdelbasit and Plackett (1983), Wu (1985),

Kalish and Rosenberger (1978) and Minkin (1987), etc.

The most commonly used models for IRT are logistic model — 1-PL, 2-PL and

3-PL, where number 1,2,3 refers to the number of parameters used to describe the
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ICC’s of items. In online calibration, Berger (1994) adopt a sequential D-optimal

design procedure for the 2-PL model, while to account for the estimation error in

latent trait estimates, Jones and Jin (1994) propose using full functional maximum

likelihood estimates of the item parameters. Buyske (1998) uses the criterion based

on minimizing the information loss for latent trait that occurs due to estimation errors

in the item parameters. When there are more than one item to be calibrated at the

same time, Jones, Chiang and Jin (1997) consider it as a network-flow problem.

In particular, Jones and Jin (1994) propose a sequential designs for online item

calibration under 2-PL model setup, and claim that the estimates of item parameters

are consistent by applying Stefanski and Carroll’s (1985) results. But in Stefanski and

Carroll (1985), measurement errors are assumed to be iid. In the sequential setting,

data are obtained sequentially, and the designs are determined by the information

from data accumulated upto the current stage. The iid assumption cannot holds in

this situation. In this dissertation, we will incorporate the methods of measurement

error model to solve this problem.

In online calibration, the latent traits are usually unknown and have to be esti-

mated in real time. In this dissertation, we consider an online calibration procedure

under a variable length CAT setup, and evaluate several sequential design procedures

by comparing their performances in terms of efficiency (number of examinee required)

as well as the precision of item parameters estimation.

The problem of measurement error models have been studied by many researchers.

For linear models, see Fuller (1980) and Gleser (1981). For nonlinear models, see

Clerk (1982), Carroll, Spiegelman, Lan, Bailey and Abbott (1984) and Stefanski and

Carroll (1985). It is known that when the independent variables of regression model

are subject to measurement errors, the naive maximum likelihood estimates will be

asymptotically biased (Clerk, 1982; Michalik and Tripathi, 1980). Therefore, some

bias correction procedures are required to make the estimate to be consistent (Stefan-
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ski and Carroll, 1985). Unfortunately, the bias-correction procedures proposed in the

literature are mostly based on iid. Thus, technically speaking, in this dissertation,

we study the estimation problem under nonlinear adaptive design case.

The rest of dissertation is organized as following. A review of design in regression

is given in Chapter 2. Chapter 3 presents results of estimation of logistic regres-

sion model with measurement error. Some details about the D-optimal designs for

two-parameter logistic models under CAT setup are presented in Chapter 4. Empir-

ical results and simulation studies are summarized in Chapter 5, and is followed by

Chapter 6 — conclusion remarks and discussions of possible further studies.
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