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Executive Summary

In computerized adaptive testing (CAT) an attempt is made to select items for individual test takers that are
appropriate for their ability level. This adaptation of the difficulty level of the test to the ability level of the test
taker is made possible through the application of item response theory (IRT). IRT is a mathematical model that
relates the probability that a test taker will answer a single test item (i.e., test question) correctly to the ability
level of the test taker and specific characteristics of the test item. In applying IRT, a formal assumption of local
item independence is made. This assumption states that once the ability level of the test taker is accounted for,
the responses of test takers to individual items on the test should be statistically independent.

In a test-taking situation, many circumstances arise that cause the local item independence assumption to be
violated to some degree. For instance, if a test section is especially difficult, fatigue may adversely affect the
performance of test takers on the items at the end of the section. In this case, the difficulty level of the items
found at the beginning of the section affect performance on later items, and so these items are said to exhibit
some degree of local item dependence (LID).

The impact of LID on various applications of IRT within the paper-and-pencil mode of testing has been
evaluated. Depending on the particular test design, a computerized test may rely more heavily upon IRT for
such procedures as item selection and ability estimation, and so the assumptions of the model become even more
important. This study represents a first evaluation of the impact of LID for IRT scoring in CAT. As such, the
most basic CAT design and a simplified design for simulating CAT item pools with various degrees of LID
were applied. The results indicate that, for certain types of scoring, an extreme amount of LID may adversely
impact the final score attained by the examinee (i.e., test taker). The estimated precision of the test was also
affected by the extreme LID level studied here. For the medium level of LID, structured to display the amount
of LID typically displayed by the LSAT, the effects of the LID were not troublesome.

Future research in this area should focus on some of the computerized testing designs that are currently being
evaluated for the LSAT. Also, future research should be carried out to evaluate LID levels that represent
situations likely to arise in building an item pool for computerized testing. For example, the effect of 100 items
displaying an extreme level of LID within a medium LID CAT pool should be evaluated.

Introduction

The local item independence assumption of item response theory (IRT) has generated a great deal of interest
among psychometric researchers (Ackerman & Spray, 1987; Ackerman, 1987; Andrich, 1978, 1985; Bell,
Pattison, & Withers, 1988; Chen & Thissen, 1997; Embretson, 1984; Goldstein, 1980; Jannarone, 1986, 1987,
1991a, 1991b, 1991c, 1994; Kelderman, 1984; Kempf, 1977; Lord, 1953; Masters, 1988; Pashley & Reese,
1999; Reese, 1995; Reese & Pashley, 1999; Rosenbaum, 1984; Spray & Ackerman, 1987; van den Wollenberg,
1982; Wainer & Kiely, 1987; Yen, 1984, 1993). Up to this point, however, research in this area has focused
primarily on the paper-and-pencil mode of testing. While some have alluded to the fact that local item
dependence (LID) is an issue that will need to be addressed within the computerized adaptive testing (CAT)
environment, little research has been carried out toward this end (one exception to this is Spray, Parshall, &
Thomas, 1997). One reassurance that has been cited with regard to the impact of LID within the paper-and-
pencil test is that the effects are somewhat equalized across examinees, since all are asked to respond to the
same set of items. The effects of LID within the CAT environment are somewhat more troublesome in that
examinees (i.c., test takers) respond to different sets of items, and any adverse impact may not be equalized
across examinees for this testing mode.

This research represents an initial study investigating the effects of LID within a CAT environment. A data
generation method that allows the LID among items to be defined was applied to generate five CAT item pools.
The LID exhibited by these item pools ranged from zero LID (complete local item independence) to extreme
LID. The effect of the various levels of LID on scoring outcomes within a standard maximum information CAT
were then evaluated.

The author wishes to acknowledge the valuable advice of Peter Pashley and Louis Roussos, the technical support of Jennifer Lawlor, and the support
of Deborah Schnipke in providing the program used to carry out these computerized adaptive testing simulations.



Methodology
Generation of CAT Pools

Five CAT item pools consisting of 500 items each were generated. These item pools were created to display
zero, low, medium, high, and extreme levels of LID. These levels of LID were defined based on analysis of
actual test data as described in Reese (1995). The zero LID level serves as the baseline for comparison, the low
LID level represents the lowest degree of LID observed in real data analyses, and the medium LID level
represents the LID typically observed for the LSAT. The extreme LID level represents the level of LID observed
for a highly dependent item set, and the high LID level was defined to fall exactly halfway between the medium
and extreme levels. These LID levels have been studied with regard to paper-and-pencil testing, and the impact
on various IRT outcomes in the paper-and-pencil testing environment has been evaluated (see Reese, 1995).
Simulating similar LID levels for the CAT pools will allow comparisons between these two modes of testing
with regard to the issue of LID.

In building an initial item pool for a CAT, testing programs are often forced to rely on item parameters
obtained from paper-and-pencil pretest calibrations. Therefore, item pools were generated for this study in a way
that emulates this process. Item responses were generated and calibrated for blocks of 100 items, a reasonable
number of items to yield from a typical paper-and-pencil test administration. Typical LSAT item parameters
were used as the generating item parameters. Responses were generated for 4000 standard normal ability values.
The simulated data were calibrated using BILOG (386 BILOG 3, Mislevy & Bock, 1990). The default scoring
method, number of quadrature points, and priors were utilized. To assure that the item and ability parameter
estimates for the true and generated data were on a common scale, the rescale option in BILOG was applied,
scaling the ability parameters from each calibration to have a mean of zero and a standard deviation of one. With
the item parameters on a common scale, five blocks of items were then pooled to create a CAT item pool of 500
items for each level of LID.

The CAT item pools were generated using a method described by Pashley and Reese (in press). This data
generation method is an improvement over other methods of simulating LID data in that the structure of the LID
among the items is defined, rather than the relationship among multiple abilities. The steps carried out in
applying this method are as follows.

1. Define a desired correlation structure among the test items.
Generate a vector x of multivariate random deviates according to the correlation structure
defined in step 1.

3. Using the inverse normal transformation, transform x to y, a vector of dependent uniform (0,1)
deviates.
4. Compare each uniform deviate to individual item correct probabilities in order to obtain 0 or 1

item responses.

CAT Simulation

For each of the five CAT item pools, responses to a fixed-length 25-item standard maximum information
CAT were generated for 1,000 standard normal ability (0) values. Items were selected for administration from
the five LID item pools based on the criterion of maximum information, with item information defined by the
equation
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where i represents the item number,

a represents the IRT discrimination parameter,

b represents the IRT difficulty parameter, and

¢ represents the IRT lower asymptote parameter
(see, e.g., Hambleton, Swaminathan, & Rogers, 1991).

To assure that the most informative items in the pool would not become overexposed, an exposure control
method described by Kingsbury and Zara (1989) was incorporated into the simulations. Applying this method,
the ten items with the highest information values at @ = 0 (the starting value for all simulated examinees) were
identified, and the first item to be administered to a simulated examinee was randomly selected from among
these ten items. The second item was randomly selected from the nine best items at the new estimate of 6. The
third item was randomly selected from the eight best items, and so on until, beginning with the tenth item, the
item with the highest information was selected. At each step of this process, if the selected item had already
been administered to the simulated examinee, the next best item was selected.

After each item was selected, the simulated examinee’s score (right/wrong) on the item was determined using
the true item parameters and their true 6. Their @ estimate was then updated based on the LID item parameters
using Owen's Bayesian sequential scoring (Owen, 1969). After all items were administered, a Bayesian modal
score (e.g., see Hambleton, Swaminathan, & Rogers, 1991) based on a standard normal prior was calculated and
used as the final 9 estimate.

In addition to ability estimates, an estimated true score was determined for each simulated examinee at each
LID level. Since each simulated examinee responded to a different set of items in the CAT simulation, an
estimated true score on a common set of items was determined for each simulated examinee. This technique has
been applied for some operational adaptive tests (Stocking, 1996). Here, for each simulated examinee’s
estimate derived from the CAT simulation, the corresponding estimated true score on a 101-item base LSAT
form was determined for each LID level. The estimated true score corresponding to each simulated examinee’s
true @ value was also determined and treated as the true value in evaluating the estimated true scores. In this
way, the estimated true scores for different simulated examinees at different LID levels could be compared.

For each ability estimate derived for each LID level, an estimate of the conditional standard error of
measurement (CSEMg,where the subscript E indicates that this is an estimate) was calculated. This was
accomplished by using the item parameters from the LID item pools and applying Equation 1 to calculate the
item information at the final ability estimate for each item administered to a simulated examinee. Item
information was then summed across the items administered to a simulated examinee and the square root of the
reciprocal of this value was used as the CSEME. In order to evaluate the CSEM, values, the CSEM was also
derived for each ability estimate by applying this same method described above using the true item parameters
for those items administered to the simulated examinee at each LID level. While this CSEM is not a “true”
CSEM in the strictest sense, it is denoted as CSEMr to indicate that the true item parameters were used in the
calculation.

Analyses
Root mean squared error. The root mean squared error (RMSE) between the true and estimated ability values
was studied at each level of LID in order to determine the degree to which the ability estimates depart from the

true ability parameters. The 0 estimates were first grouped based on true values of the 8 parameter. Within each
of these groupings, RMSE was calculated by applying the equation

RMSE =] éZ(truei -esti )} 7, )
i=1



where # is the number of simulated examinees,
true; represents the true f-parameter for examinee i, and

est; represents the f-parameter estimate for examinee i.

Equation 2 was also applied to calculate the RMSE statistic comparing the estimated true scores derived for
the five LID levels to the estimated true scores determined for the true & parameters.

Root mean squared difference. A root mean squared difference (RMSD) statistic was studied to compare the
CSEMg values to the CSEM; values for each LID level. Simulated examinees were also grouped by their true 6
values for these analyses. The equation for this statistic is given by

RMSD = [%Z (CSEMr - CSEMz )* J™. 3)

i=1

Bias statistic: The bias statistic comparing the ability estimates and estimated true scores was calculated in a
similar manner to the RMSE by applying the equation

] n
Bias =— Z (true - est). 4)
nis
The bias in SEMg relative to CSEMr was studied by applying the equation
. I3
Bias == (CSEMr - CSEMp). (5)
ey

Like the RMSE and RMSD analyses, simulated examinees were grouped by their true 6 values in these bias
analyses.

Results
0 and Estimated True Score

The RMSE and bias analyses of the ability estimate for each LID level are presented in Figures 1 and 2,
respectively. Note that for these figures and all subsequent figures of their kind, the x-axis points represent the
midpoint of a range of 0 values. Figure 1 indicates that @ was estimated with roughly equal precision at the
center of the ability scale for the five LID levels studied. However, for ability values lower than —1 and higher
than .5, the high and extreme LID levels begin to depart from the other LID levels, displaying more error. Figure
2 reveals that while there is a slight tendency at the zero through medium LID levels to overestimate low scores
and underestimate high scores (a consequence of Bayes modal scoring), this effect is intensified for the high and
extreme LID levels.
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Figures 3 and 4 present the results for the estimated true score for each LID level. Recall that the estimated
true scores were derived by converting the 8 estimates obtained from the CAT simulations to an estimated true
score on a 101-item base LSAT paper-and-pencil form. These figures reveal the same pattern of results observed
for the 6 scale. This is to be expected given the way in which these estimated true scores were derived.
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FIGURE 3. RMSE statistic for the estimated true score grouped by true 6
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FIGURE 4. Bias statistic for the estimated true score grouped by true 6 parameters

Conditional Standard Error of Measurement

While the precision of the & estimates and estimated true scores are important outcomes in CAT, our estimate
of the precision with which we are estimating ability throughout the testing session is also important. For this



reason, the impact of the LID induced here on the estimation of the CSEM was evaluated. The RMSD analyses
displayed in Figure 5 indicate that the zero, low, and medium LID levels display a similar amount of error in
CSEM estimation for the entire @ scale. For the high and extreme LID levels, the CSEM is estimated less
precisely for most of the range of the 8 scale. One exception to this is the high LID level at the lowest extreme
of the ability scale. It would appear that the CSEM is estimated with more precision at the high LID level than at
the other four LID levels for this portion of the ability scale. There are few examinees in this region of the
ability scale, so this result is probably due to some instability in the estimation of this measure. Bias analyses
presented in Figure 6 show a tendency toward underestimating the CSEM for the extreme LID level. With the
exception of the highest extreme of the ability scale, the high LID level also shows a tendency toward
underestimating the CSEM, but to a lesser degree than the extreme LID level. These results suggest that our
assessment of the precision of the § estimate is impacted by the LID induced here.
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FIGURE 5. RMSD statistic for the CSEM grouped by true @ parameters
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Discussion

The results of this study indicate that ability estimation is adversely impacted by the high and extreme LID
levels simulated here. Lower values of § are overestimated and higher values of § are underestimated. Figure 7,
taken from Reese (1995), provides some explanation for this result. This figure overlays test characteristic
curves for a 101-item paper-and-pencil test for the zero and extreme LID levels simulated for this study. Since
the LID causes the c-parameter values to be underestimated and the a-parameter values to be inflated, a steeper
test characteristic curve is produced. The steepness of this curve results in more 6 estimates being concentrated
in the center of the ability scale. This effect resulted in the bias of § estimation presented in Figure 2.
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While 6 estimates were studied here, it is unlikely that & estimates would be reported to examinees since this
measure has very little meaning to them. For this reason, 0 estimates were converted to an estimated true score
on a base form, and this scoring outcome was evaluated. The results observed for the estimated true score were
very similar to those results observed for €. This is to be expected given the way in which these estimates were
derived. Figure 7 reveals that the effect on the estimated true score as it is calculated from the item parameters is
quite different from the results observed here. However, directly calculating the estimated true score would not
be appropriate within a testing environment wherein examinees respond to different sets of items.

In addition to ability estimation, the impact of LID on the estimation of the CSEM was studied here. The
results presented indicate that the CSEM tends to be underestimated for much of the ability scale for the high
and extreme LID levels. Based on previous research (Reese, 1995; Yen, 1993) this result is not surprising. As
Figure 8, taken from Reese (1995), shows, the extreme LID level causes information to be overestimated for
much of the ability scale. Since the CSEM is the reciprocal of information, the under-estimation of this measure
is expected. At the highest extreme of the ability scale, Figure 8§ shows that there is a slight tendency for
information to be underestimated, which may account for the results observed here for the high LID level. A
fixed-length adaptive test was simulated for this study, but the impact of this CSEM under-estimation would be
problematic within a variable-length test wherein the CSEM could be used as the termination criterion. For a
high and extreme level of LID, testing could be terminated too soon since the precision of the test would be
overestimated. In itself, the over-estimation of information could result in the examinee responding to a different
set of items than would have been selected with locally independent data.






