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Many important issues have been discussed thus far. | will focus on one that has not
received as much attention as it might have. That is, how do we create an improved data
source using the datathat are currently available as the basis? To do this, | will draw on
methods that have been developed over the past three decades to handle missing and
incomplete data, including work in Holland and Rubin (1982) on Test-Equating. My
approach could be called an “active” one because | propose that we should collect some
new data, in contrast to the current discussions, which could be called “passive’ in that
they deal entirely with how to use the datawe already have. Thus, | propose considering

an approach for enriching the current data sets.

The conceptual starting point for this brief discussion is: What are “all” the datathat we
wish we had from all the state-level assessments? | believe that the “ideal” data set,
more than we could ever hope to have, can be described in the following way. Let al the

kidsin all the states form the rows of a giant “complete-data” matrix, where the kids from
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the same states are adjacent, thereby creating 50 groups of rows, in alphabetical order by
state, for example. Each states' test items form the columns of this giant data matrix,
where the items from each state are adjacent, thereby creating 50 groups of columns. The
complete-data matrix is thus a 50 by 50 matrix of blocks, where within each of the 50
row groups are distinct rows for individual kids, perhaps grouped further by school, and
within each of the 50 column groups are distinct columns for individual test items,
perhaps grouped further by sections of each test. The entry in each cell of this giant
complete-data matrix gives the score that kid would make on that item if that kid could
took that gate test first, that is unpracticed by taking any of the other sates' tests. Thus,
this complete-data matrix is totally hypothetical, and could never be directly observed,
although any entry of it could be. Currently, each state provides data on some sample of
kidsin its state but only on itstest: statei provides dataonly on test Yi, and maybe some
other test such as NAEP. Asaresult, the observed dataon the Y s essentially form a
block diagonal matrix. Each state produces dataon itstest for its kids, unpracticed by

tests from the other states.

In fact, however, this entire complete-data matrix can be estimated from observable data,
although only very poorly from the datathat we currently have observed, because at
present, no kids take any tests from states other than their own. But if we did have the
giant complete-data set as just described, we could compare students and states on any
subset of test items from any of the statestests, even with respect to hypothetical tests

that were never in fact given to anyone. For an example, a 50 section test created by
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selecting one section from each state' s test could be used to compare performance of the
kids. Therefore, estimating this complete-data matrix must, in some sense, be our actual
immediate objective, and how to do thisisthe thrust of this brief discussion. Having data
on covariates, like NAEP, that are currently at least partially observed in every state, can
be very helpful for estimating the joint distribution of the Y's (e.g., see Rubin and Thayer,

1978), but that is not the focus of this proposal.

The crucial ideaisto have some kids from each state take, in addition to their own states
test, some portion of one or two other states' tests. The basic ideais described in
Holland and Rubin (1982) and is called “ section pre-equating”. It can be done in such a
way 0 as to account, under certain assumptions, for practice effects, by imbedding the
other states' sections in their own states' test for a sample of kids. The details about the
actual design are entirely beyond the scope of this brief discussion, but are discussed in a
variety of places, including Holland and Wightman (1984) in Holland and Rubin (1982),

Raghunathan and Grizzle (1995), Raessler (2002), etc.

Aslong as each test item (or section) from one state appears with each test item (or
section) from another state on a reasonable-sized subsample of kids in each state, the
within-state means, variances, and correlations can be uniquely estimated, and under an
assumption of joint normality for all sections of the tests, the entire distribution can be
estimated. Normality is often a reasonable assumption when test scores are averages

across many items. In fact, more general ellipsoidally symmetric distributions can be fit
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with some more computational effort (e.g., see Liu and Rubin, 1998). The missing tests
scores for each states sections would then be multiply imputed (Rubin 1987, 2004), just

as“missing” test scores are multiply-imputed in NAEP.

From this multiply-imputed ideal data set, all inferencesthat could be drawn from the
ideal complete-data set described earlier can be drawn. Of course, there will be
additional uncertainly with the multiply-imputed data set relative to the ideal data set
because of the missing datathat are created by the sampling scheme used to collect the
data on out-of-state test  sections, but this extra variance is reflected by the variance
across the multiply-imputed data sets. And of course, the inferences will be somewhat
reliant on the normal or ellipsoidal models used to create the multiple imputations, but
the same caveats apply, for example, to NAEP itself, and a tremendous amount of

statistical evidence supports the propriety of the approach (e.g., see Rubin, 1996).

The payoff, if this approach is used, is the ability to address very complex questions with
awonderfully rich data base. The expense to create this multiply-imputed data set is
nearly all in designing the extratests and giving them to the kids. But perhapsthe
benefits could be worth the extra expense of data collection. | hope so, but | amin no
position to assess these trade offs, and so | leave those decisions to others. Inany case, |
hope that this brief presentation of ideas provides food for thought for those more

knowledgeable about implementation issues than | am.
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