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Figure 8. True, chain, poststratification, and local equating transformations as well as their bias for a less
difficult anchor test
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Figure 9. True, chain, poststratification, and local equating transformations as well as their bias for
a more accurate anchor test
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Figure 10. True, chain, poststratification, and local equating transformations as well as their bias
for a less accurate anchor test
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Figure 11. True, chain, poststratification, and local equating transformations as well as their bias for
a 25% shorter anchor test (n = 30)
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of the individual test takers over a larger range of their true proficiencies than is desirable (see

above for a discussion of this topic). Consequently, the method has less opportunity to be local,

and its performance begins approximating that of the equating methods based on full marginal
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Figure 12. True, chain, poststratification, and local equating transformations as well as their bias for
a 50% shorter anchor test (n ¼ 20)
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Figure 13. Example of the RMSE functions for the three methods for the baseline equatings reported in
Figure 1
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observed-score distributions (see the last section for a recent empirical confirmation of this

explanation).

RMSE of equating. For completeness, this study also looked at the RMSE functions of the three

equating methods. For the chain and poststratification methods, these functions are just those in

Figures 2 through 12 with the negative part of the curves reflected about the horizontal axis. The

local method does have additional random error due to the sampling from A given y (see Equa-

tion 19). However, the error appeared to be entirely negligible relative to the systematic compo-

nent of the bias functions in Figures 2 through 12. Therefore only one example is given (Figure

13), which shows the RMSE function for the standard conditions in Figure 2.

Discussion

One conclusion from this evaluation study is general pessimism about the two traditional meth-

ods of anchor-test equating. Their results appeared to be considerably biased. Also, the shape

of their bias functions appeared to be dependent on the proficiency of the test taker, which

makes it generally difficult to correct the equatings for bias. Of these two methods, the chain

equating method performed consistently worse than the poststratification method, a fact

already attributed to the propagation of statistical error: Because of the chaining of four indi-

vidual transformations, each next transformation operates on the errors in the previous trans-

formations and it seems reasonable to expect an end result that involves accumulation of them.

The reason why these two traditional methods are biased is their one-size-fits-all approach to

equating. Rather than approximating the equating transformations dictated by the observed-score

distributions for the individual test takers, it produces a single transformation to compromise

between all of them. The result is bias in the equating of each test taker. The same size of

bias has been found under a variety of conditions in an earlier study of traditional equipercentile

equating with an equivalent-group design (van der Linden, 2006a). As the bias is due to a struc-

tural aspect of traditional equating, it can be expected to show up in equating for any type of

equating design; no matter how the equating population is defined, whether it is taken to be a sin-

gle existing population, a synthetic population (Braun & Holland, 1982), or a reconstruction of

a population based on matching (Dorans, 1990), the problem is just inherent in the notion of

a population of test takers itself.

Another conclusion is that the local method performs much better provided the observed

anchor-test scores meet certain minimum requirements as to their accuracy. If it does, it is prac-

tically bias free and the method clearly outperforms the two traditional methods in this respect.

Also, the method turns out to be robust with respect to changes in the difficulty or accuracy of the

test forms that are equated.

If the accuracy of the anchor test becomes too small, as when the size of the discrimination

parameters in the anchor tests was reduced to half of their empirical size (Figure 10) or the length

of the anchor test was halved (Figure 13), the anchor-test score loses its capability to identify the

observed-score distributions of the individual test takers that are to be equated. The conditional

distributions of X and Y given A ¼ a then no longer approximate these individual distributions

satisfactorily and begin to resemble the marginal distributions on which the two traditional meth-

ods in this study are based. Empirical evidence of this explanation is offered in a recent study by

Janssen, Magis, San Martin, and Del Pino (2009), who compared the local method in this article

with a version in which the equating transformations were conditioned on ability estimates cy
from the anchor test rather than its number-correct scores. Because of their higher accuracy,

the bys produced less bias. However, unlike the current method, this alternative requires the three

tests to jointly fit an IRT model.
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Of the two factors that determine the accuracy of the anchor test (the size of the discrimination

parameters of its items and its length), the former is an empirical issue beyond direct control of the

testing agency. For professionally constructed tests, however, discrimination parameters half the

size of those in the test forms used in this empirical study are expected to be unrealistic. The length

of the anchor test, though, is selected by the testing agency. For the larger reduction in this study,

the length of the anchor test (n ¼ 20) is exactly the lowest point of the range of 20 to 60 items

found in the reviews of the empirical studies referred to earlier and just above the earlier warning

against anchor tests shorter than 15 items by Fitzpatrick (2008). If traditional equating with anchor-

test designs is to be improved, it also seems to be just the point above which such improvements

become possible. A tradition of internal anchors in testing exists that seems to suggest using

smaller numbers of items. But statistically only the number of items and their quality counts,

not whether they are administered internally or externally.

It is interesting to note that the relative difficulty of the three test forms had no effect on the

quality of the equating by the local method. This finding suggests that it should perform well in

the context of vertical equating. The reason is no doubt its conditioning on the anchor-test score

as a proxy of the test taker’s position on the ability scale.

It might be possible to improve the quality of the scores on the anchor test as a proxy of the

proficiency measured by X and Y. As already indicated, one approach would be to adopt

weighted instead of simple number-correct scoring for the anchor test (although the use of

weighting in other contexts has seldom led to convincing results). Another approach would

be to use a regression technique to find the best common prediction of the anchor-test score

from the two test forms that are equated and to condition on these predictions.

Another useful line of research is the application of smoothing techniques to local equating.

The use of smoothing is common practice in all observed-score equating but has not yet been

explored for local equating. Several techniques of presmoothing of the sample distributions

are available, which could be applied directly to the distributions of X and Y given A ¼ a. A

theoretically attractive form of presmoothing is offered by the kernel method of test equating

(von Davier et al., 2004). If the sample distributions for the two tests differ mainly in their first

two moments, linear equating becomes an attractive type of smoothing because it would only

need data for the estimation of the conditional means and variances of X and Y given A ¼ a (Wi-

berg & van der Linden, 2009). A complete review of the current smoothing options for observed-

score equating is given in Kolen and Brennan (2004, Chapter 3).

Finally, observe that the 3PL response model was adopted here only for evaluation purposes

in the empirical study. It is not necessary to assume the model to hold in any real-world appli-

cation of the local equating method in this article. The only assumption made when using the

method is that A is a satisfactory proxy of the true proficiency measured by X and Y. Of course,

the use of the response model in this evaluation study does not allow generalizing the findings to

tests that do not fit it. But the restriction is expected to be not too dramatic because observed-

score equating makes sense only if the tests measure the same unidimensional proficiency,

and the 3PL model is one of the mainstream unidimensional models used to test this assumption

in an operational context.
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