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SUMMARY

This report was commissioned to address the question “How can advances in statistical
analysis be used to improve the design of surveys?’ The surveys of paramount interest are those
sponsored by the National Center for Education Statistics (NCES). The “advances,” as initially
conceived, include new approaches to analysis that have been invented by statisticians,
mathematicians, and methodol ogists.

Advance: Mathematical statisticians and methodologists, at times, remarkably improve the way we
analyze statistical data. But they rarely describe how their advances can improve the design of
surveys. Scholars who apply the new (or old) methods to NCES data, at times, speculate on how
NCES surveys might be improved and report their suggestionsin journal articles.

I mplications: First, NCES can encourage scholarswho invent new anal ytic approachesto educethe
implicationsof their advancesfor improving survey design. NCES should not expect to find explicit
implications absent such encouragement. Second, NCES can encourage scholarswho apply new (or
old) analytic approaches to NCES data to educe the implications of their results for better survey
design and to contribute more effectively to a common pool of implications. Third, NCES can
exploit mechanismsthat NCES and other federal agenciesalready depend onto build thisknowledge
pool, e.g., externa committees and internal staff. Fourth, NCES may exploit new technology to do
so, notably on the World Wide Web (see section on New Technology).

Cross-Design Synthesis

Advance: Recent work on cross-design synthesis suggeststhat, at times, survey-based studies of the
effect of national programs, based on probability samplesor administrativerecords, can becombined
withlocal controlled experimentson the programs’ effects so asto produce better national estimates
of the impact of the programs. In the long run, combining such information is arguably important
to advancing knowledge and to the efficient exploitation of resourcesin both the survey sector and
the experimentation/evaluation sector.

Implications: First, to foster good cross-design synthesis, NCES surveys can be designed so as to
permit linkage of the surveysto controlled experiments. Experiments at the local level, over which



NCES has no direct control, can be designed so as to permit linkage with NCES surveys. That is,
both the surveysand theindependently conducted experiments can be designed cooperatively so that
response variables, treatment variables, target populations, and propensity variables are measured
in the same way. Second, NCES can ask, or learn how to better ask, about propensity so as to
enhance analyses and synthesis. NCES can do so in ways that others have not, through cognitive
research and other approaches.

Hierarchical Models, Modelsin General, Theory, and the Design of NCES Surveys
Advance: Hierarchica models and associated models and analysis help to frame the way we look
at data that are generated at the national level, state level within nation, school district level within
state, classroom within school or district, and children within school s, and the way we examine data
on each child or classroom, and so on across atime frame. A notable advance liesin contemporary
software.

Implications: The claims made by the developers of hierarchical models are sufficiently broad as

to alow vague statements about how new NCES or any other surveys should be designed. A first
such implicationisthat NCES should collect multi-level data, asit hasinthe past. A second equally
vague implication is that the NCES effort ought to be expanded, invigorated, and made more
disciplined in the context of HM technology, e.g., figuring how whether and how to enlarge sample
Sizeat certainlevels. Although proponents of HM may merely identify general implications, at |east
somewho employ the approach aremore specific. A third set of implicationsisthat NAEP 1) should
measure socioeconomic status more directly or less indirectly than it now does; 2) should get at
teacher instruction variables better; 3) should elicit information from more teachers if indeed we
want to know about their influence; and 4) may have to sample more students within schools. A
fourth design implication for NCES is that investments have to be made in understanding how to
estimate sample size within each level in ahierarchical scenario. A fifth implication is that NCES
has to decide where HM-driven implications ought to be exploited, e.g., in designing NAEP versus
NEL S:88. Other simpler model sand anal ytic approachesmay bebetter and, in any case, theory ought
to drive some of this. NCES has to take theory into account somehow.

Advance: Meta-analysis, which can be construed in terms of hierarchical models, involves the
combination of multiple studies.

I mplications: NCES surveys can be designed so asto exploit the results of meta-anal ysesto design
asurvey. Thisrequires, in the design or modification of each survey, theinvention of amechanism
for linking the survey at hand to other related surveys or experiments (Sections 2 and 6).

Counting the Hard to Count, Measuring theHard to Measure

Advance: New developmentsin analyzing count datasuggest that asocial network-based estimator
of the incidence or rate of asensitive behavior can, at times, be informative. Such estimators avoid
certain privacy problemsin educational and social surveys, and avoid the appearance of problems.
That is, they are based on questions asked about unidentified people, not on questions about the
respondent’ s own potentially embarrassing behavior.
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Implications: When privacy is an issue but understanding the incidence of a sensitive behavior is
important, NCES can consider the design surveysthat exploit network-based estimators. A second
implicationisthat somebasic research, pilot work, and verification research are, asusual, necessary.

Advance: Cognitive approachesappear not to have been empl oyed often in test devel opment despite
their use in other survey areas. Full information matrix factor analysisis aleged to be arelatively
new way to get at the structure underlying test results. Neither analytic approach itself has obvious
implicationsfor NCESsurvey design. A Stanford group used these, together with other methods, and
applied them to mathematics and science dataand other information from NEL S:88. They produced
implications for design of NEL S:88 and perhaps other surveys.

I mplications: Mathematics reasoning and knowledge are two distinct latent factors underlying test
scoresgenerated in NEL S:88. They ought to betreated as such inasmuch astotal scoresare arguably
misleading. Science scoresare characterized by many different factors. Moreover, each type of factor
is influenced in theory and predicted empirically by different variables whose measurement in
NELS:88 can be improved. Some variables that may relate differently to each factor are not
measured at all, e.g., instructional practicessuch asdiscovery learning or reciprocal teaching. A main
implicationisthat NCES can exploit theory of how knowledge and reasoning are affected by various
factors. The theory and analyses can be used to drive NCES decisions about what to measure, how
deeply to measure, and why.

Small Area Estimators, and So On

Advance: Recent work on indirect estimators suggeststhat it is possible, at times, to develop good
small area estimators based on 1) datafrom a national probability sample, 2) information obtained
independent of the national sample, and 3) amodel that linksthetwo. “ Good” estimators here means
that they are more plausible than any alternatives.

Implications: NCES surveys can be designed so as to exploit new work in domain indirect, time
indirect, or time and domain indirect estimators. Time indirect estimators might be tested to
understand whether they suffice to permit reducing NCES annual data collection effortsto biennial
efforts, or to lengthening the time between points of measurement in NAEP and other periodic
surveys. Domainindirect or timeindirect estimators might now betested to determineif satisfactory
local areaestimators can be produced or if certain areasurveysnow producing direct estimators can
be reduced. Validation tests are possible because NCES now relies heavily on direct estimates.

Satellite Policy

Advance: NCES survey dataare at times used to sustain analyses of cause and effect. The problems
in doing so are complex, numerous, and have been discussed often and in numbing detail.

Implications: NCES surveys can, at times, be designed to facilitate local controlled experiments,

for example, by oversampling the subgroups that are targeted for experimental programs. This
requires survey designs that permit linkage between the surveys and experiments.
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Linking NCES Surveys and Data Sets from Other Sour ces

Advance: Multiple independent surveys are undertaken often, and with good reason, by NCES and
various other federal agencies. To judge from recent analytic work, the independence of surveys
mounted by different agencies or units within the Department means, however, that the results of
different surveys often cannot be easily integrated, compared, combined, or otherwiselinked. More
important, NCES has had substantial recent experience in the problem of integrating certain data
collection efforts, e.g., the CCD.

I mplications: NCES cantakealeadership roleinlearning how to run independent surveysor studies
more generally so that linkage, comparison, integration, or merger is possible despite their
independence. The task hinges on enhancing the extent to which maor factors are common to
different databases, e.g., variables, ways of measuring the variable, target population. It hinges on
the invention of ways to specify the lack of commonness, and on the invention of ways to induce
artificial commonness.

New Technology

Advance: The development of the Internet, especially the World Wide Web, does not fall into the
category of advances that concern us here. Nevertheless, it is too important to ignore.

Implications. There are a variety of tactics that might be exploited in interest of better design of
NCES surveys. They include Web-based surveys of data users and analysts to 1) elicit direct
information on questions, design characteristics, and so on; 2) build aregistry of users, uses, and
products; 3) distribute spreadsheet files; 4) track the emergence and development of new analytic
methods; 5) create electronic discussion groups among anaysts and designers; 6) post frequently
proposed questions and their answers;, and 7) exploit Adobe functions to better disseminate
information.

INTRODUCTION

Thisreport focuses on what new analytic methodsimply for thedesign of better surveys. The
surveys of special interest here are those conducted by the National Center for Education Statistics
(NCEY) (Davis and Sonnenberg 1993; Davis and Sonnenberg 1995).

The report’ s topic was determined jointly by the author, NCES, and an NCES contractor,
MPR Associates. It was chosen to assure that NCES could exploit new opportunities to enhance
survey design on education in the United Statesif indeed such opportunities are engendered by new
analysis methods (NCES 1995). The various parts of thisreport vary in their length, developmental
stage, and depth. Some are better thought out than others; someimplicationsare stronger than others.

The first section examines the broad question: “What are the implications of new analytic

methods for the design of NCES surveys?’ It describes why the answersto the question are hard to
produce. It also describes why and how implications can be produced.
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Thenext section concernsrecent work on cross-design synthesis. It arguesthat datagenerated
in surveys of the sort undertaken by NCES can be combined at times with controlled experiments
sponsored by other federal agencies or by private foundations. This combination of dataisin the
interest of better estimating the effects of federally sponsored education programs and policies.

Thethird section focuses on recent work on hierarchical modelsand other statistical models.
Someimplicationsare obvious, provided thereis some agreement that measuringindividual growth
trajectories, or estimating the effects of schoolsisimportant.

Counting the hard to count and measuring the hard to measure is considered in the fourth
section. We focus on network-based estimators and on recent analyses of NEL S:88. NCES cannot
always elicit information directly about the private behaviors of students, teachers, parents, and so
on. Thisisdespitethefact that these behaviors, such ascriminal or sexual or disruptiveactivity, may
be important on policy grounds. One new method, invented by a quantitative anthropologist and a
physicist, isreviewed here and theimplications arelaid out. A second section covers the product of
an interesting effort by Stanford scholars to learn how to improve NEL S:88.

Thefifth section of the report concernsindirect estimators, including small area estimators.
The object is to understand how NCES, whose efforts are routinely based on large scale periodic
national samples, can estimate the incidence of problemsin small geographic areas or can abstain
from one cycle of a national data collection effort. Achieving either object is not trivial, given
NCES's mission to produce data based on national probability surveys and the pressure to say
something at the subnational (small areq) level, and given the pressure to produce information on
aregular cycle, and given restricted resources.

Section six is entitled satellite policy. It argues that the NCES surveys and others ought to
be an unobtrusive platform for controlled experiments run by other technical agencies or private
foundations.

Section seven concerns the idea of linking surveys and data sets. Linkage, combination,
comparison, and rel ated ideasare considered briefly. Thisessay exploitsresearch that was sponsored
by the National Science Foundation and is relevant to NCES interests.

The last section of thisreport considers new technologies and how they might be exploited
to enhance the design of NCES surveys. The focus is on the Internet and how the “Net” can be
exploited in the interest of designing better NCES surveys.

EDUCING THE IMPLICATIONS OF NEW ANALYTIC METHODS
FOR THE DESIGN OF SURVEYS: SOME PECULIAR DIFFICULTIES

The question at hand is“What are the implications of new approachesto statistical analysis
for the design of surveys?’ Put another way: “How can surveys be improved, based on advancesin
analytic methods?’ A basic reason for posing the question is that it seems important. Or at |east
interesting.
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The presumption is that an agency, such as NCES, can exploit advances made by the
inventors of new ways to analyze data. A further presumption is that exploitation can enhance the
design of the National Assessment of Education Progress and other surveys. It seems then sensible
for theagency to do so. Intheabstract at | east, one might specul ate that advancesin analytic methods
might for example, lead to designs that enhance the precision, informativeness, or usefulness of
surveysor decreasetheir costsor difficulty. The phrase“intheabstract” isof courseimportant here.

A second reason for asking the question has to do with an early partial flop. A decade ago,
a Social Science Research Council Committee on Evaluating Longitudinal Surveys addressed the
question. Some good products were developed (Pearson and Boruch 1986; Boruch and Pearson
1988). However, the SSRC conversations on how new statistical models and methods could be
exploited to improve longitudinal surveys led nowhere.

Onesimpleway to uncover answersto the question isto examinethewritingsof statisticians
who invent new analysis methods. The presumptions are that these expertsare in agood position to
understand the implications of their work and, further, will have written about it. In the following
section, we pursue this line of thinking and examine what appeared initialy to be a promising
approach and examine the published literature, proceedings, journals, and books.

Proceedings of the American Statistical Association

To understand what new analytic methods imply for survey design, it seems sensible to
peruse the Proceedings of the American Satistical Association: Survey Methods Section. The 1993
edition was examined for papers describing new methods. These, in turn, were examined for a
sectionon“Implications’ or “Conclusions’ that might educate us about answersto the question. We
found none. (We did find implications in papers other than those dedicated to the mathematical
invention.)

One might surmise that ordinary sessions of the ASA are usually not oriented toward the
future. Rather, it may be more sensible to examine a source that islesstime constrained, such asthe
Proceedings of the Sesquicentennial Meeting of the American Satistical Association (Gail and
Johnson 1989). Boruch read each of the Sesquicentennial papers and looked for a sentence,
paragraph, or section onimplicationsand for conclusionsthat might haveimplicationsfor thedesign
of new surveys.

Withafew exceptions, no paper inthese specia Proceedingsdirected attention to thematter.
Oneof the exceptional papersdescribed interviewswith two abl e statisticians, Ron Gallant and John
Pratt. The interviewer elicited their expert opinions about the implications of statistical theory for
the design of a better census. Roughly speaking, both answered “I don’t know.”

Sending an e-mail inquiry to colleagues who are inventive about analytic methods seemed
asensible thing to do. So, afew of them were asked if they had written about the implications of
their work for designing better surveys. Each individual had made remarkable contributions to
analysis. Only one response is given here because it is instructive. It is from a colleague whom |
admire on account of hisinventiveness and industry.
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Thanks for your note. There's no doubt that better methods of analysis can lead to
better designs. That idea permeates so much of what | do, | don’t know exactly what
to send. So I’ ve decided to send you a CV and you can pick by interesting title. Also,
I’ll think harder to find particular appropriate articles.

We have depended on this scholar’ s work elsewhere in this report. His response reiterates
the notion that implications of invention areimportant. But for ableinventors, they cannot be drawn
plainly, or will not be drawn plainly for many reasons, including the fact that “the idea permeates.”

New Approachesto Analyzing Cohort Data: A Volume

Mason and Fienberg’ sedited volume (1985) handled advancesin analyzing cohort data. The
approaches to analyses are relevant to NCES surveys inasmuch as NCES sponsors surveys that
attend to different cohorts of studentsin different time periods. Understanding the differencesamong
cohorts and determining what may account for similarities or differences seemsimportant. None of
the papers in the Mason-Fienberg volume are explicit about how new analytic methods can be
employed to improve any surveys, much less NCES efforts.

Failing to identify an explicit discussion of implicationsin Mason and Fienberg should not
deter us, of course. Some implications may not be labeled as such. David Freedman’ s essay (1985)
in the volume begins with the announcement that “[r]egression models have not been so useful in
the social sciences” (p. 343). These models, for Freedman, includelogics, time-series, and LISREL.
His definition of social science includes education and psychology. His paper preceded recent
developmentsin hierarchical linear models (HLM), but it seems reasonableto include HLM in his
ambit.

Freedman argued that conventional statistical approaches to data analysis, as they are
conventionally applied, have not had muchyield. Moreimportant here, Freedman suggested that any
new advancesin statistical methods of analysisare likely to be uninteresting without major changes
in the way that we think about data and about educational research and the behavioral and social
sciences.

That is, the question posed earlier in thisreport, “ Do new models and analytic methods have
implications for better survey research design?’ would have little merit for Freedman. It is the
scientific thinking that underliesthe model sand methodsthat isimportant for him. Indeed, heargues
that many of the models and methods are not sustained by good thinking about the processes that
generate the observations in the first instance, i.e., asocial theory.

It may not be difficult to agree with Freedman. Agreement, however, impliesthat the topic
of this paper is misguided. Let us keep thisimplication in mind and resurrect it | ater.
TheJournal of Educational and Behavioral Statistics. A Special |ssueon Hierarchical Models

A recent issue of the Journal of Educational and Behavioral Statistics focused on
hierarchical models (Kreft 1995). The issue's contents were reviewed to understand whether its
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authors suggested how surveys could be improved, based on advances in the subtechnology of
hierarchical models. Only one author of an articleinthejournal stated that there areimplicationsfor
design survey. His statements were opague.

The Society of Industrial and Applied Mathematics

Curiosity and opportunity led us to ask about the topic of thisreport of afounding member
of the Society for Industrial and Applied Mathematics (SIAM). SIAM’ smembers, one might expect,
would at times educe the implications of new analytic approaches in mathematics, including
statistics for the better design of empirical research.

Theinterview with this scholar suggested that our mathematical colleagues are not inclined
to speculate about how their work can be used to enhance future research. That is, mathematicians
do not often educe the implications of their innovations for further work, at least not in print. The
disinclination may, of course, be influenced by proprietary interests. Some members of SIAM are
employed by profit-making corporations. University-based mathematicians who are a'so members
of SIAM presumably have atastefor applied work. They invent new solutionsto problems. But they
also appear to infrequently educe the implications of their work and to make the implications plain
in their published work.

The Journal of Educational Statistics: A Special 1ssueon Models

A specia issue of the Journal of Educational Statistics (Shaffer 1992) reviewed the “Role
of Modelsin Nonexperimental Social Science.” David Freedman and Howard Wainer wrote their
papers on structural models and on analyzing survey data, respectively. The commentaries and the
authors' responses to criticism are important additions.

Theauthorsdid draw implicationsthat bear at |east indirectly onthe design of somesurveys,
including perhaps NCES surveys. Freedman argued that “investigators need to think about the
underlying social processes, and look more closely at the data, without the distorting prism of
conventional (and largely irrelevant) stochastic models’ (p. 27).

In effect, this again suggests that we may have gotten off on the wrong foot in thisreport by
focusing on the implications of new analytic methods. That is, for those of uswho are interested in
science, the theory ought to drive the way a model is built. The model, in turn, drives analysis:
parameters that ought to be estimated, hypotheses that should be tested, and so on. Thisin turn can
perhapsimprovedesign of surveys, e.g., identifying assumptionswhosetenability might beinformed
by certain designs and this leads to new models and analyses.

Wainer's conclusion wasto “think hard” about nonresponse. In effect, this meansinventing
small theory whose elements might be informed by new data; he suggested that the new data are
essential in understanding the nonresponse. Criticsof the Freedman and Wainer papersargued along
similar lines. Hope, for example, concluded “[t]here is no methodol ogy that will write our theories
for us’ (p. 46).
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To put the implications of these analysts bluntly: better theory (thinking) iswarranted. This
may not seem much like guidance for improving NCES surveys. But it does introduce some
interesting choices for NCES that are discussed el sewhere in the report.

The M eaning of the Question at Hand

What was meant by “implications’ at the outset of this essay was not made clear. Finding
even afew implications reminds us to be more specific about what we seek. The word here means
that, as a consequence of anew analysis approach, we might better understand any of the following
(Exhibit 1):

1) What variablesto measure or not to measure;
2)  How to measure;
3)  Whom to measure;
4)  How many to sample;
5)  When and with what frequency of measurement;
6) With what periodicity;
7)  With what sample design characteristics (strata and so on);
8)  In connection with what other data collection;
9) Why; and
10) How to report.

Thislist accords with at |east some efforts to understand how to improve surveys generally.
Items concerning what variable to measure, when, and on whom, are embodied, for example, inthe
products of arecent NAS-IOM workshop on integrating federal statistics on children (Board on
Children and Families and Committee on National Statistics 1995). Thelist also accords with how
usersof new analytic approaches and datasets suggest improving survey design ontheoccasionsthat
they do so, for example (Boe and Gilford 1992).

Thelist seemspromising enoughto useasatemplatefor further work. Internet-basedfacilities
that are discussed in the light of this report are suggested as a device for orderly acquisition of
information on such items. Such afacility, alist server, for example, then provides a continuously
updated archive of possible improvements based on the experience of users of NCES and other
survey data

The phrase “new analytic methods” as used in the title question may seem clear to some, but
it is deceptive. Implicit in the phrase is the presumption that buried in any new method is a new
model. A further presumption isthat it is better to have explicit models to drive an analysis of data
than to have analysis driven by implicit models. Both approaches are functional, however, to judge
from the history of science including statistics. The former is regarded here as more functional.
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Further, a new model might or might not have to depend on substantive scientific (educational)
theory.

What can be regarded as“new,” of course, is not obvious. Hierarchical models, though new
to many users, are based on mathematical efforts that extend at least to Kempthorne and Cochran,
and Cox inthe 1940sand 1950s. So called network-based estimators are based in afundamenta way
on elementary ideas about the probability of independent events. Spiraling methods now used in
NAEP havetheir originsin balanced incomplete block designs devel oped over 30 years ago, and so
on. The point is that here, when we denominate a method, model, or approach as new, the
denomination is merely a convenient |label.

And, of course, what amodel or method is can be similarly complicated. Here, the focusis
on amodel that contains a stochastic error term and is suppose to represent reality—reality itself
being partly represented by survey data. The model sand methods examined hereincludehierarchical
models, indirect estimators, design synthesis, and projection models, among others.

Published Analyses of Specific Data Sets

A search of education journals for 1991-95 uncovered 31 reports of analyses of data from
NELS:88. Most of the authors employed conventional analytic methods such as OLS linear
regression; perhaps three employed newer methods. Disregarding the analysis method, 15 out of 25
papers that we were able to review contained some form of implication. Nine articles contained no
explicit statement of implications for better designing NEL S:88.

Two papers were direct in providing very broad implications and indeed were devel oped to
do so. These concerned the construction of math and science achievement tests so as to better
recognize the multidimensional character of such ability. Of the 13 remaining papers, most called
for new variables to be measured. Authors said that NCES should measure “global self-esteem”
(instead of academic self-esteem), ask about criteria for placement of students into ability groups
(instead of just asking whether students are grouped), ask how long students have lived in asingle
parent family (rather than just whether they do), dlicit information on parental education and
indicators of middle school philosophy (rather than just the existence of middie school). Thislistis
idiosyncratic. That is, the implication drawn by the data analyst depends heavily on the analyst’s
particular theoretical framework and objective. This varies dramatically across analyses.

Only a couple of papers suggested that samples of certain groups be “beefed up,” eg.,
Hispanic students. And of course, some papers reiterated the need to collect similar datain the next
wave of measurement, atactic that NCES examines routinely.

This evidence suggests to us that some orderly way of identifying implicationsis warranted.
The Terhanian Home Page model discussed later in thisreport isone option, away of summarizing
articles, implications, and anal ytic methods. It a so impliesthat some method for routinely screening
the published analysesis warranted; existing NCES advisory groups, for NEL S:88 for instance, are
an option.
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Conferences, Working Groups, and Other Integrative Instruments

NCESand other federal agenciesrely, fromtimeto time, on specially convened groupsto say
something sensible about its activity. The group may be appointed by a department, asin the case
of the NCES Advisory Council on Education Statistics, or the group may be appointed
independently, asin the case of a National Research Council Committee. These and other groups
might be expected to devel op theimplications of contemporary research for the future of the agency,
including perhaps the design of specific studies. Some groups do so.

For example, researchers at the Educational Testing Service have occasionally tried to learn
whether and how disparate databases that concern science could be used in combination. The Hilton
(1992) effort, sponsored by the National Science Foundation, was unsuccessful in afew respects,
it was successful in others. It employed rather than invented new methods or models. Surprisingly,
Hilton’ swork (1992) dedicated little attention to how their lack of success could berectified. That
is, not much was said about how the design of independent surveys could beimproved to foster their
combination (see section on Linking NCES Surveys and Data From Other Sources).

Two other groups, which neither directly employ nor invent new statistical analyses, werealso
examined. Both dealt with the problem of “linking” data sets, the first being on teacher supply and
demand (Boe and Gilford 1992) and the second concerning statistics on children (Board on Children
and Families/Committee on National Statistics 1995). Both contain what amount to implications of
prior empirical analyses and thinking, based on new methods and otherwise.

Teacher Supply, Demand, and Quality

Boe and Gilford's volume (1992) covers the NRC conference on this topic. Supported by
NCES, the group was convened in the interest of enhancing the teaching force in the United States
by focusing on major issues in the area and the information needed to understand them. This effort
entailed reviews of the datathat are produced, the datathat might be produced, and the models that
are used in forecasting supply or demand. The reviews perforce cover earlier analyses of the data,
analyses that employ new methods or old.

This paper dealswith “implications.” In a sense, the NRC Conference on TSDQ also did so.
It was* designed to reach aconsensus. . . to stimul ate suggestions concerning 1) information.. . . and
2) further development of projection models and databases’ (p. 3). The conference summary then
providesNCESwith another choice about how to characterize*implications.” It and the main report
are also interesting because they categorize the ideas/implications into two broad and arguably
instructive categories. “information needs’ and “suggestions.” The needs usually refer to what
variables ought to be measured. The suggestions focus on more specific implications. (Note that
none of these are “recommendations’; the conference was not empowered to make them. Thisisa
virtue in many respects.)

Exhibit 2 outlinesthe TSDQ Conference’ s summary of information needs. It isashort list of

what variables ought to be measured by NCES and other communities of scholars even if we do not
yet know how to measure them. We are told that we need, for instance, to measure teacher quality
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(Information Need 1). The rationale is to better inform decisions about quality-quantity trade-offs
and model-based forecasts of whether and how we might improve.

Implicit in some items is theory. Information need #3, for example, suggests that the
demographic mix of teachersought to be examined with respect to the demographic mix of students.
Are old white people teaching young Hispanic people? What kinds of people are teaching whom?
And, does it matter? Each question has an implicit, and rudimentary, theoretical basis. It seems
important to recognize this basis and NCES can do so.

Someof the TSDQ Conference suggestionsare outlined in Exhibit 3. Several pointsareworth
noting. First, all the suggestions can be categorized using the generic list of implicationsin Exhibit
1, which reinforces the notion that this list may be areasonable way to summarize such things. For
example, Suggestions 1 and 2 bear on research to inform the use and measurement of the variable
called teacher quality (Items 1 and 2 in Exhibit 1). Suggestions 18 and 19 bear on connections to
other data sets, e.g., linking SASS to state databases bears on Item 8 in the list.

A second point worth noting is that the TSDQ Conference suggestions are a matter of
collective judgement based partly on the expertise of participants and the papers commissioned for
the conference. Backtracking to the volume' s papers, we find most are based on rather simple but
informative analyses. Murnane (1992), for instance, argued that state licensing records on teachers
isavaluable resource and ought then to be linked somehow to the NCES effort, based on analyses
showing downward trendsin licensing and in licenses given to black college graduatesand in their
probability of returning to teaching having left the profession some time earlier, all from North
Carolinarecords. Murnane aso argued tersely for redesign of state record systems on account of
the great difficulty he and his colleagues had in exploiting them. He did not recognize the NCES
expertise in this area. But the crude implication we draw from this is that NCES' expertise on
design of data systems and linkage is amajor resource that might well be exploited in any effort to
better capitalize on state data.

Only one paper in the TSDQ Conference Proceedings focused on models, and using them
in the context of NCES surveys and state data. Barro’'s concerns (1992) lay solely with projection
models of different kinds and the data used to sustain their use. His paper isnonethelessinstructive
because of theimplicationsthat weredrawn fromit by Boeand Gilford (1992), such as Suggestions
18 and 19, and on account of Barro’s own thinking. Indeed, Barro’s entire paper can be regarded
asan exercisein drawing implications. For instance, he argued that the mechanical (demographic)
demand modelsin contemporary use arefar lessinformative than new behavioral modelsthat help
one address “what if” questions. Hisimplication isthat NCES ought to use the “what if” themeto
drive design; NCES' current projection models are of this variety (Gerald and Hussar 1992).
Improvements, according to Barro, lie partly in adding variables such as pupil-popul ation ratio and
teacher salaries. It lies partly in treating a measured variable, notably state aid to schools, not as
exogenousbut asavariablethat itself ought to beforecast from other (unspecified variables). Other
suggestionsliein frequency of measurement (Item 5 in the genericlist); morebeing better, inusing
state-level data to build more detailed and policy-relevant models (Item 8).

The idea he produced for better designs based on the supply side are sustained by simple
rather than elaborate models and findings from their application. His implications are numerous.
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Among other things, hereiteratesthe need to exploit SA SSto get better forecasts of teacher attrition
rate, especialy 1-year followups of subsamplesto get at turnover.

Many of the implicationsthat Barro drew seem important. They are certainly ample. About
one implication appeared every page and ahalf in the discussion on demand. One implication that
we draw from the way Barro approached histask and the TSDQ Conference Proceedingsis, again,
that the generic list in Exhibit 1 is helpful in classifying implications. A second, more important,
concern is the mechanisms available to NCES to uncover implications on new or old models and
their application. A conference was organized to do so. Third, when implications are ample, we
need to keep track of them and their bases. The generic list in Exhibit 1 helps the orderly
acquisition. Sharing such information beyond print would arguably help (see the section on New
Technology).

I ntegrating

The Board on Children and the Families and the Committee on National Statistics(1995) of
the NRC/IOM convened aworkshop “to examine the adequacy of federa statisticson children and
families’ (p. 1). Itsjoint sponsorship, by the Board and the Committee, and the topic itself led us
to expect “implications’ to be produced and indeed they were. Thefinal report, Integrating Federal
Satistics on Children (hereafter called Integrating), is plentiful in its supply of them.

The summary of Integrating outlines cross-cutting “suggestions” (p. 2) based on collective
expertise and commissioned papers, as in the Boe and Gilford (1992) effort. But the summary is
rather broader in its handling of them. We are told the following, for example:

Improvementsin dataare needed to understand the connections between resourcesand
child outcomes, as well as family and community processes that translate resources
into outcomes (p. 3).

Thisisrationalized by recognizing theavail ability of dataoninput variables(e.g., PSID) and
offering the opinion that “data on child outcomes are substantially more limited” (p. 3). This
“implication” does not recognize, much less exploit, the notion that children’s education
achievement is an outcome, that NCES routinely obtains such information and information that
bears on some resources. Two sub-implications were drawn: that data ought to be collected for
“more than purely descriptive purposes. . . ” and that the use of time by parents and childrenisa
major variablethat israrely measured. Thefirst itemisrelevant to NCESin that the agency isoften
confronted by the need to incorporate substantive theory into debates about design of surveys. The
second isrelevant inasmuch as NCES has asked questions about how timeis spent in some surveys,
e.g., time on teaching certain topics and time in watching TV. Again, this is unrecognized in
Integrating.

Integrating’ s summary is about what variables to measure, as in the example above; about
family relationships (e.g., biological, adoptive, step, and noncustodia parents); about the need for
service-related data at subnational levels; about new strategies (designs) for oversampling certain
groups; about “improved longitudinal data. . . to address. . . policy issues [on] changes in family
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resources, predictorsof successful development . . . precursorsof seriousproblems; .. .” and about
cross-agency planning and coordination.

Exhibit 1 catalogs the implications that are drawn in Integrating’s summary. The crude
enumeration suggests that the generic list of implications developed earlier seemsreasonable. Itis
important to note that the implications are not drawn directly from new analytic methods nor are
they drawn specifically from any method. They are drawn in unspecified ways from various and
often unspecified analyses. In other words, the coupling between “implication” and analysesisoften
loosely specified. Brooks-Gunn, Brown, Duncan, and Moore (1995), for example, recognized that
hierarchical modelscan beemployedto analyze NEL S.88 on account of thissurvey’ sdesign (p. 63).

Let us backtrack to the papers that were written for Integrating to understand more specific
implications for NCES surveys. What do we learn? First, Brooks-Gunn et al. (1995) admired
NELS:88 for the survey’ s attention to eliciting information from multiple sources, such as parents,
teachers, children, and school administrators to produce datathat help us to understand outcomes
and inputsand process overtime. Theonly implicationsdrawn by Brooks-Gunn et al. arethat 1) the
1996 wave of measurement of children who would bein the 20—24 age range ought to be done; and
2) NEL S:88 ought to be continued until the cohort is at the age of 28 or so (in the year 2003). The
rationale for the authors liesin their view that transitions, from late adolescence to adulthood for
example, are important. It is not based on identified data analyses or particular analytic models or
methods (p. 76).

Hoffreth’'s paper (1995) in the same volume focuses on transitions to school. She then
emphasizesthe need for an entirely new survey, the Early Childhood Longitudinal Survey, that has
been considered by NCES. The rationale is that we know less about entry to schools than we
should. Further (p. 114), the United States has no longitudinal study underway that begins prior to
entry to school. Hoffreth was attentiveto linkage among data coll ection efforts but did not mention
NCESin this context nor did she get much beyond the notion that data on mothersfrom the NLSY
ought to be coupled with other data.

The lmplications of Looking for Implications

This primitive review of scholarly published works that might have contained implications
itself hasimplications, of course. The zero point implication isthat the question posed at the outset
of thisessay was not put quiterightly. That is, getting beyond the initial question isimportant. We
cannot be content with: “What do new analytic methodsimply for NCES survey design?” We must
ask the further question, “What are the implications of employing new analyses or old ones for
design of NCES surveys?’ Also, what do we mean by implications? And who articul ates them?

First, we should not expect able scholars who invent new methods of analysisto educe and
state plainly the implications of their work for designing better surveys. Attention to such
implications is sparse in the current culture of mathematical statistics.

Second, we should expect fewer than half of the scholars who apply new or old methods to
real NCES data to make suggestions (implications) about improving survey design. Further, we
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should expect them to suggest: new variablesor degper/more sophi sticated measurement of existing
variables. Theneed to oversample certain groups or to measurethesameway is, at times, reiterated.

Third, when the implications are stated at all, they are diverse and depend heavily on the
analyst’s idiosyncratic interests and theoretical perspective. When the stated implications are
unclear, as some are, they can be perfectly uninformative and may require further action. The
diversity means that NCES might develop methods for orderly acquisition and screening using
vehicles that NCES has at its disposal (the Web, advisory groups, and so on). That is, many
implications, can be generated and thisis another peculiar problem. Some optionsfor handling the
problem viathe Internet are described in the last section of this report.

Fourth, mechanisms exist to foster statements about implications of new analytic methods
of employing new or old analytic methodsto NCES data. The mechanismsincludeinstitutionssuch
asNAS. Theyincludegrants, e.g., the Stanford group. They include professional organizationsand
journalsto which NCES professional s contribute pro bono. NCES can encourage its contractorsto
educetheimplications of their work for improving survey designs and can influence grant agencies
to encourage grantees to educe the survey design implications in their research.
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EXHIBIT 1

THE POSSIBLE DESIGN IMPLICATIONS OF A PARTICULAR
METHOD, MODEL, OR ANALYSIS*

1) What new variables should be measured and what variable ought not be measured?
2) How or what should we measure?

3) Whomto measure?

4) How many?

5) When and with what frequency?

6) With what periodicity?

7) With what broad design (e.g., strata, and so on)?

8) In connection/coordination/link with what other survey, database, or experiment?
9) How toreport?

10) Why for each of the above?

*For example, Mullis, Jenkins, and Johnson’s HM analyses of NAEP data (1994) suggest that NAEP should better
measure sets (Item 2), moreinstructional variables ought to be measured (Item 1), and information ought to be elicited
from more teachers (Items 3, 4) in the interest of understanding the relative effects of classroom/teacher (Item 10).

4-16



EXHIBIT 2

INFORMATION NEEDS: TEACHER SUPPLY,
DEMAND, AND QUALITY*

Information Need 1: Teacher quality indicators

Information Need 2: Teacher credentials

Information Need 3: Demographic matching

Information Need 4: Teacher professionalism

Information Need 5: Programs to improve practice

Information Need 6: Assessment of quality of teaching practice

*Excerpted from Boe and Gilford (1992).

4-17



EXHIBIT 3

SUGGESTIONS: TEACHER SUPPLY, DEMAND, AND QUALITY*

Suggestion 1. Teacher quality indications; Sustained research

Suggestion 2 Tested ability of teachers; Tests of knowledge

Suggestion 8: Reserve pool; Little is known; Survey applicantsin SASS

Suggestion 16:  Teacher demand data; NCES should develop a (better) model for teacher
demand projections

Suggestion 18:  Unused databases (e.g., NSY and Supply)

Suggestion 19:  Linking SASS and state DBS

Suggestion 23:  TSDQ Consortium

*Excerpted from Boe and Gilford (1992).
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EXHIBIT 4

THE IMPLICATIONS DRAWN BY THE NRC GROUP ON TEACHER
SUPPLY, AND SO ON (TSDQ)
THE NRC GROUP ON INTEGRATING FEDERAL STATISTICS*

Summary
TSDQ Integrating
1) Variables: New/deleted Yes/no Yes/no
2)  Measurement Yes
3) Sampleunits Yes
4) Samplesize: Yes/no
Increase/decrease
5 Time
6) Timing Yes
7)  Survey design Yes Yes
8) Links Yes Yes
9) Reports
10) Rationale Yes Yes/no

*For example, Integrating Federal Satistics on Children (Board 1995) educes implications from other research for
the design of new surveys. The implications cover sample size (e.g., oversampling Hispanics) and links (e.g., to state
databases). Some implications bear on NCES efforts and they are identified by a “yes’ in the column “Summary
Integrating.”
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CROSS-DESIGN SYNTHESIS: IMPLICATIONSFOR THE DESIGN OF
EDUCATIONAL SURVEYSAND CONTROLLED FIELD EXPERIMENTS

Background: Cross-Design Synthesis

Cross-design synthesisis astrategy for combining analyses of the datathat are generated in
controlled experimentswith analyses of datagenerated from surveysor from certain administrative
databases. For example, the national data obtained in a NCES probability sample survey on adult
literacy in the United States might be used in an analysis that purports to yield estimates of the
relative effects of certain literacy programs. The results would then be combined with evidence
generated by a dozen experiments on the relative effectiveness of local literacy programs.

The object of this combination of evidence isto produce valid and generalizable estimates
of the effect on certain social programs. The rationale for combining the different data sourcesis
that the combination exploits a benefit of controlled tests, notably an unbiased estimate of the
treatment effect in local settings, and further exploits a benefit of national probability sample
surveys of the kind that NCES executes, the capacity to make generalizations to a larger target
popul ation.

Inthe adult literacy case, controlled experimentsin particular sitesmay yield valid estimates
of theeffect of literacy programs. But the estimatesarelocal, e.g., of uncertain generalizability. The
national database or survey may yield estimatesof theeffect of programsat thenational level. These
latter estimates are suspect in that their validity is unclear; the survey or administrative database
involves no active control. Rather, analysis usually involves statistical control. A combination of
the two sources of evidence might be combined so as to justify inferences that are both valid and
generdizable.

The general approach to cross-design synthesisis described in a U.S. General Accounting
Office report (USGAO 1992) and in Droitcour, Silberman, and Chelimsky (1993). A more recent
report (USGA O 1995) describes the approach’ s application to the problem of estimating the effect
of breast conservation versus mastectomy on the 5-year survival rates of women with breast cancer.
Thisanalysisisbased on datafrom randomized clinical trialsand alarge database. In particular, six
studies serveastheevidencein therandomized tria category; they include single-siteand multisite
experiments undertaken in North America and Europe. The National Cancer Institute's
Surveillance, Epidemiology, and End Results (SEER) system constitutes the administrative
database. It provides data on breast cancer patients, their treatment, and prognosi s based on reports
from practicing physicians in alarge geographic region of the United States.

Objective and Assumptions
Recent reportson cross-design synthesishavefocused ontheanalysisof datafromtwokinds
of sources: controlled experiments and databases. Here, the focus is on how the thinking about

cross-design synthesis can improve the design of administrative databases and national surveys
sponsored by NCES.

4-20



To put theobjective bluntly, wewant to turn“ cross-design synthesis’ into avehiclefor better
design of studies, rather than to encourageits current use asaform of meta-analysis. Thisobjective
accordswith the theme of thisreport, i.e., educing the implications of new analytic approachesfor
better study design. It isalso distinctive; theinventors of thisanalytic approach did not develop this
implication (Droitcour and Chelimsky 1995; Boruch 1995).

A first assumptionisthat it isimportant to estimate the effects of education programsin the
United States. The second assumption is that NCES cannot or should not undertake formal
evaluations of the effects of such programs. Other federal agencies, for example, are responsible
for running controlled experimentson education programs. Third, weassumethat NCES can design
surveysthat accord with thefirst two assumptions. Finally, we assumethat, in 5 years, wewill have
to combine results from different sources to reach a conclusion about a program’ s effectiveness.

The object hereisto address the question: How can NCES exploit ideasin the cross-design
synthesis approach so as to design better surveys or databases?

Definitions

Survey here means an effort to elicit information from a probability sample of individuals
or ingtitutions who are members of (ideally) a well-defined target population. Such a survey
involves no active treatment or manipulation of respondents, apart from the act of eliciting
information. The survey may be cross-sectional, for example, the NCES 1991 National Adult
Literacy Survey. Or, the survey may be longitudinal, as in the case of the National Educational
Longitudina Study undertaken in 1988 (NEL S:88).

Administrative database here is defined as a set of administrative records on awell- defined
target population. For instance, transcriptson all studentsinajunior college, containinginformation
about the students' courses and grades, constitute a database. The records on all studentsin a
voluntary service organization’s program on literacy also constitute a “database.”

A database is a survey of a special kind. It usually includes the entire target population; no
sampleistaken. It isa“survey” to the extent that any set of administrative recordsis the product
of interviews of akind that are often done in survey research, abeit under different conditions.

Certain kinds of NCES data collections result in a database of administrative records for
eligible ingtitutions in a population. That is, the NCES effort is not based on a sample. The
population databases include the Common Core of Data (CCD), the Integrated Postsecondary
Education Data System (IPEDS), and the Library Statistics Program. In principle, analyses based
on data from any of these sources could be combined with results of controlled experimentsin a
cross-design synthesis.

A controlled field experiment isasetting inwhichindividuals (or other entities) areassigned
to program variations in accord with a plan designed to produce an unbiased estimate of the
differences among the program variations and a statistical statement bearing on one's certainty
about the results. For instance, one may design a study to compare certain approaches to teaching
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English as a second language so as to understand which approach works best, and under what
conditions. Individuals or entire organizations might then be randomly assigned to the different
program approaches, engaged in the relevant approach, and then measured with respect to their
English proficiency.

Because controlled experiments are difficult to mount, only afew are undertaken in avery
small number of sites. The results may be relatively unequivocal in the sense that one variation
appearstowork better than another in one or more of the sites. It will usually not be clear how these
results can be generalized. For instance, the experiment sites may include cities in the Northeast;
they may exclude the Northwest and Southwest.

An agency such as NCES is mandated to conduct observational surveys. It is not mandated
to execute controlled tests of education programs. Other agencies within the U.S. Department of
Education, such as the Planning and Evaluation Service, are mandated to conduct controlled
experiments to evaluate education programs. Further, private foundations and other government
agencies may exploit surveys or experiments or databases to further knowledge about programs or
about the educational state of the nation.

Rationalein the NCES Context

Thefirst rationalefor focusing on cross-design synthesisisasfollows: Usersof NCESsurvey
data have often tried to use the data to estimate the relative effectiveness of different sorts of
education programs. It seems reasonabl e to expect these efforts to continue despite the ambiguity
in the interpretation of the data that is bound to occur because the survey is a passive instrument
rather than an active experiment. Insofar as cross-design synthesis carries a promise to combine
such survey datawith other datafrom experiments, so asto produce better information, itissensible
for NCES to exploit opportunities presented by cross-design synthesis.

A second rationale is more ambitious. It is that cross-design synthesis can be a vehicle for
the mutual education of survey researchersand experimentersand aproductive changein scientific
culture. Thoughtful survey researchers cannot always be well informed about controlled field
experiments. For example, Clifford Clogg (1989), asociologist and survey statistician, announced
that “experimentation of the classical variety is usually impossible, inconceivable, or difficult to
implement.” Economists and educational researchers, such as Henry Levin, and mathematical
economists, such as James Heckman, who rely heavily on observational survey of that sort that
NCES produces, have made similar claims. They rarely present empirical evidence (see Boruch
1994 and references therein).

Experimenters, on the other hand, depend in only alimited way on survey data of the kind
that NCES obtains. Their design of alocal controlled experiment on the relative effectiveness of
two compensatory literacy programs may, for example, depend on regional or state literacy rates
toinform the experiment’ sdesign. Asaconsequence, experimentersare at timesnot well informed
about surveys run by NCES or other statistical agencies. Few important controlled experimentsin
the United States rely heavily on surveys run by federal statistical agencies except at the
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experiment’ sdesign stage, where the experiment and design may recogni ze survey-based estimates
of the incidence of a problem.

A More General Rationale: Government Agencies

A broader reason for inverting the analytic idea of cross-design synthesis so as to focus on
design of surveys is that the approach can be a fine bridge between the members of the federal
statistics agencies on the one hand and the federal eval uative agencies and private foundations that
sponsor controlled experiments on the other. These include, for instance, the Bureau of Justice
Statistics responsible for the National Crime Victimization Surveys, and its sister agency, the
National Institute of Justice whichisresponsiblefor multisite controlled experiments on the police
handling of domestic violence, among other topics. It includes the Bureau of Labor Statistics, an
agency that continuesto runlarge-scal e probability sample surveyson employment and training and
the Department of Labor’s unit for large-scale experiments on residential Job Corps, the Job
Training Partnership, and others. The role of NCES as statistical agency is complemented by the
role of the Planning and Evaluation Service at the Office of the Undersecretary at USDE.

The gap between the statistical agenciesand the other unitsthat focus on analysisrepresents
a kind of intellectual travesty in this country, given that data from the former are often used to
estimate program effects, not just to describe them. The insulation of statistical agencies such as
NCES has considerable political justification, of course. Statistical data should be and, under
current laws, isrelatively free of political influences. Analysisunitsaremorevulnerableto thelatter
although some have a fine reputation for both independence and political sensitivity. The
institutions need to keep the two functions separate. But this does not vitiate the idea that as an
intellectual matter, the separation is unnecessary and arguably dysfunctional.

The gap between the statistical agencies and those responsible for analytic studies of
programs was recognized implicitly and explicitly in a NRC volume on integrating statistics on
children. Brooks-Gunn et al. (1995) and Hoffreth (1995), for instance, recognized the distinctive
role of the JOBS experiments and the Perry Pre-School Project in the context of NCES and other
surveysbut did not explore the matter deeply. Pallas (1995, p. 153) recognized the meritsof NCES
and other statistical systems and the distinctive role of experiments on dropout prevention
programs, and more importantly, expressed discomfort with the volume's heavy emphasis on
statistical systems. It is a discomfort that we share, discussed briefly in a paper on the future of
experiments (Boruch 1994), and explore here.

TheFirst lllustration in the NCES Context

TheNCEShasundertaken anational probability samplesurvey of adult literacy inthe United
States with augmentation for special subpopulations, e.g., prisoners. Reports on adult literacy are
available from Andrew Kolstad's Education Assessment Division at NCES (see Davis and
Sonnenberg [1995] and other NCES Programsand Plans). Supposethat the NCESwill run another
such survey and that the survey’s plan can be influenced.
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The U.S. Department of Education’s Planning and Evaluation Service, Office of the
Undersecretary, has had a responsibility for evaluating the effectiveness of certain adult literacy
programs. Suppose that another evaluation at multiple sites will be undertaken by this office.

Regard the NCES survey on adult literacy and any other information obtained by NCESfrom
administrative sources as a database. Regard the USDE/PES evaluation as a source of data
generated by controlled experiments.

Consider then the question: How can the cross-design synthesis approach inform the design
of new surveys or databases (and experiments) in the adult literacy arena so as to generate better
estimates of the effect of literacy programsin 5 years?

The GAO reports on cross-design synthesis approach suggest that in the survey and in
controlled experiments we attend to the following:

. Target population and its characteristics;
. Treatments,

. Outcomes; and

. Propensity scores.

Each is considered in the section that follows.

Implication: Target Population and Samples

Cross-design synthesis requires that the individuals who are targeted in controlled field
experiments are also represented in the survey sample or database.

A new NCES sample survey on adult literacy in the United States must then include
individuals who are targeted for literacy services. Attempts to estimate the effect of the services,
undertaken in local controlled experiments, must target similar individuals.

For instance, if programs make major efforts to serve illiterate immigrants from Bosnia,
Slovakia, Morocco, or other countries, then NCES must plan to include these in the target
population for anew NCES survey. This, in turn, requires that the local literacy agencies be able
to specify their main local targets. It impliesthat the federal agency responsiblefor support of adult
literacy programs, an agency different from NCES, be able to specify target population that is of
major interest in any controlled experiments that are undertaken to test the programs.

Implication: Treatments

To combine data in the cross-design synthesis approach, one must know what treatments
(programs) are delivered to whom and when. A new sample survey of literacy in the adult
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population undertaken by NCES then would have to ask individual s about the literacy programsin
whichthey have participated. Learning how to ask such aquestion so asto securereliableresponses
isdifficult, to be sure. Figuring out how to exploit local databases of literacy servicesthat maintain
such information is aso likely to be difficult. Nonetheless, NCES must do so if the object is to
produce a cross-design synthesisin 5 years, of who gets what literacy program and to what effect.

For afederal agency or privatefoundation that sponsorscontrolled experimentsontheeffects
of certain literacy programs, the implication is that the agency or foundation must record the
individual’ sprogram participation. Moreimportant, the method of recording must correspond with
how the NCES national survey asks about program participation. Questions about program
participation are framed in a survey and the way they are framed in local experiments must be
compatiblewith oneanother. Thelocal experimentswill usually depend on administrative program
records to establish an individual’s participation in a certain program. A survey usually involves
depending on an individual’ s self-report about participation in a program; it may also depend on
institutional records contained in databases.

To makethetwo kinds of information compatiblefor cross-design synthesis, several options
might be considered. Thelocal experiments might ask about participation in the same way that the
survey asks, permitting oneto correl ate self-reportswith administrative records. Or, both the survey
and the experiments might direct attention to local service providers and their clients, eliciting
records so as to reduce reliance on self-reports of individuals. In any case, small studies of the
matter are needed.

Implication: Outcomes

The impact of adult literacy programs can be registered partly by measuring an outcome
variable such as “literacy level” of each individual or of groups of individuals.

To accomplish a cross-design synthesis of the effects of literacy programs, a survey agency
such asNCES must cooperate with an eval uation agency such asUSDE/PESor aprivatefoundation
that sponsors evaluations in developing outcome measures. That is, the organizations must agree
on how literacy level isto be measured.

Cooperation of this sort is not easy across local literacy programs, much less across federal
agencies or private foundations. For instance, arecurring problem isthat local literacy programs,
regardless of their sponsorship, have not been able to agree on how to measure literacy. In the
absence of agreement, no surveys or experiments undertaken by the federal government are likely
to lead to a persuasive cross-design synthesis of whether and which programswork in what sense.

Implication: Propensity Scores

A controlled randomized experiment relieson randomi zation to producean unbiased estimate
of the difference between two or more groups. In such an experiment, individualswho are eligible
to be served by a literacy program and who are willing to avail themselves of the program are
randomly assigned to the program or to one of two or more variations of the program. Or, entire
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organizations might be allocated randomly to aternative service programs. In ordinary language,
the groups are “equivalent” apart from chance because they were randomly composed. A
comparison of the groups' performanceisthen fair. The differencein average literacy level of the
two groupsfollowing their engagement in the programs, or differencein rates of achievement then
provides a good estimate of the relative effectiveness of the program variations.

The NCES does not sponsor controlled randomized tests of literacy policies or programs.
NCES does, however, provide an observationa survey data platform for estimating effects.
Statistical analysts who rely on such a platform have usually developed strategies to approximate
theresults of acontrolled experiment, i.e., compensate for the absence of the randomized test. The
strategies vary. During the 1960s, for example, analysts employed OLS estimates of a program
effect that was based on asimple, single-stagelinear model and observational data(e.g., covariance
adjustment).

Thefocus here ison propensity scores as a device to produce analyses that approximate the
results of acontrolled test. Such scoreswere used, apparently to good effect, inthe GAO (1995 and
Appendix ) report on the differences between two approaches to treatment of breast cancer. The
recent work on propensity scores has the benefit of conscientious thinking about how to recognize
the fact that people, in ordinary circumstances, do not engage in programs randomly, and how to
incorporate this and related selection factorsinto analysis.

The GAO'’s application of cross-design synthesis to data on treatment of breast cancer
suggested the following were important in devel oping propensity scores:

1) Year at whichtheindividua is engaged in treatment;
2)  Geographic area of residence;

3)  Severity of the problem at baseline;

4)  Ageof theindividual,;

5)  Raceor ethnicity; and

6) Marita status.

How and why the variables were chosen is not made plain in the GAO’ sreport (1995).

These same variables seem relevant nonetheless to understanding the propensity of
individualsto engage in adult literacy programs. The access to such programs was greater in 1990
then it was in 1980, and the efforts to entrain clients has arguably been more vigorous in the past
few years. Y ear of engagement then is arguably important. The geographic area of residence and
ethnicity arerelated and theoristsarguethat it isimportant to recognize each. For example, Hmong
immigrants have clustered in only afew citiesin the west, midwest, and northeast United States.
Bosnian immigrants and others from the new independent states of the former USSR make their
homes elsewhere.
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Marital status may have no obviousinfluence on one' sinclination to become literate. But a
conscientious theorist might argue that if one examines the way families develop once marriage
occurs, the way adultsin the family behave in their children’sinterest and in their own economic
interest, the variable called “marital status’ may be a reasonable one to use in constructing a
propensity score.

Implication: Propensity Scores, | ntentions, and Reasons

Roughly speaking, apropensity scorereflectsthe predilection of individualsto belongto one
group rather than another, where the predilection is indicated by some observable characteristics
of theindividual. More specifically, it isthe conditional probability of being in a particular group
given avector of observed covariates (Rosenbaum and Rubin 1983).

For example, high school dropouts and high school stayers constitute two groups. The
probability of being in one group or the other can be characterized descriptively as a function of
variables such as daily school attendance rates, age, academic grades, and plans for higher
education. Similarly, the probability of entry to college or the work force can be characterized as
afunction of demographic and other variables.

The variablestypically used to estimate apropensity score usually include demographic and
contextual information. Over 30 such variables were used by Rosenbaum (1986) to estimate akind
of propensity scorefor school dropoutsand stayers. They included those identified in the paragraph
above.

The variables used to compute a propensity score are often “indirect” in the sense that they
indicate an individual’ s state, rather than capturing directly: 1) an intention to belong to one group
or another, or 2) the observabl e reasons for bel onging to one group or another. Education surveys,
with afew important exceptions, do not ask individuals why they dropped out of school or about
their intentions to do so.

An implication of the analytic work on propensity scores (and related analytic methods) is
that we should consider obtaining information on the individual’s intention or on the reasons for
membership in agroup or both. One rationale for obtaining such information isthat it appearsto
beamoredirect covariate of membershipthanlessdirect ones, such asdemographic characteristics.
The connection between anindividua’ sdeclaring that he or shewill drop out of school and actually
doing so appears more direct, less distant, from actual membership in the dropout group (i.e.,
becoming adropout) than, say, the connectedness between “age” in school at one point intimeand
becoming a dropout in another.

Usually, noformal educational theory underliesthe construction of propensity scores. Rather,
thejustificationfor their useliesin small and large sample statistical theory (Rosenbaum and Rubin
1983). A second rationalefor eliciting information about intentions or reasonsthen liesin the need
to construct better substantive theory in education. To the extent that the propensity approach can
beinformed by education theory and can hel p build the theory in acyclic way, thisseemsdesirable.
Better theory, for example, may promote propensity scores that are easier to compute or more
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interpretable. They may decrease the need for alarge reservoir of cases on which to match when
propensity scoresare used with matching. Thispromotion may hingeon elicitinginformation about
intentions or reasons.

Sensiblereaders can quarrel with theideathat information about reasons or intentions ought
to be elicited in surveys. Critics do so with considerable justification. Asking individuals about
intentions and reasons is difficult and, in any case, may not be useful. For instance, Rosenbaum’s
exploration (1986) of apropensity-scorelike approachin adropout study using NCES' High School
and Beyond data uncovered the fact that “the vast majority of studentswho eventually dropped out
saidintheir sophomoreyear that they expected to graduate” (p. 208). Wasthe question asked well?
We do not know. We do know that other “intentions’ question, about aspirations beyond high
school, was indeed useful to Rosenbaum in constructing the propensity score.

At least some scholarswould argue, based on good evidence, that the more general problem
isof understanding reveal ed preferencesand their useful nessin studiesbased on observational data.
Manski’s book (1995) has a chapter dedicated to this and related matters. The NCES' Nationa
Longitudina Study of theHigh School Classof 1972 (NLS—72) served asavehiclefor hisattempts
to understand how college enrollment rates would be affected by Pell Grants to needful students.
The variables he used as a surrogate for revealed preference included ability, income, and so on as
measured in NLS—72.

Recognizing the skepticism that economists have about self-reported preferences, Manski
argued persuasively for trying to measure the preferences directly. Part of the argument istied to
theory, notably theory about what variablesto usein an analysis. Economistsvary, for example, in
the variables they have included in studies of returns to schooling (p. 97). Manski’s argument is
based partly on empirical grounds. He provides citations to research in the arenas of consumer
buying intentions, fertility (based on Current Population Survey over the last 50 years), and voting
intentions, and to work by social psychologistsin the arenato justify hisargument that preferences
ought to be assessed more directly.

For Manski, one of theimplications of agreeing that information on preferencesisimportant
in that we must get beyond simple “yes’” and “no” answers, e.g., “Do you think you will drop out
of school?” He argues, on analytic and empirical grounds, for eliciting a probabilistic assessment
of behavior from eachindividual . To paraphrase hissamplequestion: “ Looking ahead, what percent
isthe chancethat you will drop out?’ Social psychologistsworking in the arenawould probably go
further to argue for eliciting preferences (self-predictions) at points in time that are close to the
event in question. Asking in September about students' perceived probability of dropping out is
arguably less useful than asking the question in November or December.

To summarize, propensity score approaches suggest that 1) we consider more seriously
whether to measure preference (self-declared propensity), and 2) how and when the preferencesare
measured seems important. But we need to do research on this.

Similarly, one may argue that to do a better job constructing propensity scores, one ought to

observe or elicit information on why or how people find their way into groups, e.g., into aliteracy
program or not. To return to the main illustrative context, NCES might then ask a question of the
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following sort: “Which of the following factors influenced your decision to enroll (or not enroll)
in the literacy program?”

Theresponsesto the question might then beincorporated into apropensity scorethat isbetter
than (say) one that relies solely on demographic information. Further, the responses may help to
develop asmall part of a substantive education theory that helps to understand processes by which
people enter programs or, more generally, a substantive theory that complements or augments
statistical theory for analysis of observational data.

A guestion of the sort proposed above appears not to have been asked in any large-scale
observational surveys, nor can we find concrete illustrations in the published reports on selection
modeling or propensity scores (e.g., Rosenbaum and Rubin 1983; Rosenbaum and Rubin 1984,
Rosenbaum 1989). Ways to frame such a question can be developed, based perhaps on NCES
expertise and cognitive research in alaboratory or field setting.

Implication: Measurement | ssues

In national probability sample surveys, we can often measure a variable using only one or
two questions or using an inventory with very few items. Learning about children’ s relations with
other children in asurvey might, for example, involve only afew questions about (say) how many
friendsthat the child saysheor shehas. A set of local experimentsdesigned to test waystoimprove
the ability of withdrawn or hostile children to relate to other children usually involves a more
elaborateinventory. It isnot clear how to link the datafrom sparse measuresmadein alarge sample
survey to the deeper measures made in the small sample experiments.

Similarly, learning about literacy level of individualsin alarge sample survey must contend
with respondent burden. Local experimentscan often depend oninventoriesthat demand moretime
of the individuals who participate, and do.

The problem herehasadeliciousanal oguein atmospheric weather research. Satelliteimaging
might be based on measures on grids that are 1,000 kilometersin width. Surface measures may be
obtained in far smaller grids, 100 kilometers across for example, yielding more precise local
measurement. The challenge lies partly in how to integrate these data across levels of resolution
(Draper et a. 1992).

Learning how to measure ssimply in large-sample surveys and how to measure roughly the
same construct with more precisioninlocal experimentsareimportant. Cross-design synthesisand
the problem of combining different sources of information generally, invitesusto learn how to link
the two sources.

Summary

NCES has taken aleadership role in arenas related to cross-design synthesis. This strength
suggests that it can succeed in work based on design orientation to cross-design synthesis. For
example, the Common Core of Data(CCD) isasubstantial product of NCES' effortsat the national
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level to develop agreement among the states about what ought to be measured and how what is
measured ought 1o be defined so that resultant data are interpretable.

This achievement is no small one. The experience in negotiating with different jurisdictions
and the product are valuable. Both can be capitalized in exploiting a cross-design synthesis approach.

A Second IMlustration: Ability Grouping

Schools often sort students by ability (homogeneously) in math classes, particularly in higher
grades. As Figure 1 shows, nationally representative data indicate that schools' grouped a
ﬂguﬁ::nnthr’ percentage of Bth grade students than 4th grade students by ability in 1990 and

Figure 1—Percentage of homogeneously-grouped 4th and 8th grade public school
math students in 1990 and 1992

E34th Grade Sudents
B &ith Grade Stadenis
I 95% Conflidence Inerval

AR EEREER:

Percentage Grouped Homogeneously

S
i

=
i

190 joaz
Year of NAEP Assessment

SOURCE: U.S. Depariment of Education, Mational Center for Education Statistics, NAEP Data on Disk: 1992 Almanac
Viewar,

Numerous propositions that atternpt 1o explain why ability grouping increases in higher grades
seermn plausible. Students of mixed ability, for example, may receive academic instruction in several
subjects from one teacher in elementary school (i.e., K-5), reducing the possibility of homogeneous
grouping. As students reach middle school (i.e., 6-8), however, they may receive instruction in
several subjects from several teachers. It may then become more convenient to group by ability; that
is, 10 reorganize heterogeneous groups of students into homogeneous ones. Or differences in
achievement may accumulate as students age, becoming more pronounced in later grades, thereby
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creating the perceived need for homogeneous grouping. Or schools may intentionally or otherwise
sort students by socioeconomic status, gender, and race, as some critics of ability grouping have
charged. Or decision makers may believe (perhaps on the basis of research evidence) that
comparable students, particularly older ones, learn better in homogeneous classes. Hereafter, this
paper will attend primarily to the latter two propositions.

The Concerns of Equal Opportunity Advocates

Advocatesfor equal opportunity often assert that two tracks—one leading to prosperity and
the other to poverty—exist in America s schools. That these tracks appear to reflect gender, racial,
and socioeconomic differencesis cause for alarm. “As aresult of the two track system,” Beatrix
Hamburg, president of theWilliam T. Grant Foundation, writes: “[ T]hereiseducational neglect and
underachievement that disproportionately afflicts girls, minorities, and the poor” (1993, p. 9). And
“what purpose has desegregation served,” Jay Heubert, an attorney and education professor at
Harvard University, adds “if resegregation takes place within desegregated schools?’ (persona
communication, November 1992). Ability grouping, from their collective perspective, may be
viewed as one vehicle through which differences along gender, racial, and socioeconomic linesare
bred and perpetuated. And indeed, some evidence supports this view. Oakes (1990), for instance,
has observed that

» Schools tend to disproportionately place black, non-Hispanic and Hispanic studentsin
lower ability groups;

» Ability groups tend to reflect socioeconomic status;

» Teachersof low ability groupstend to expose studentsto fewer, lessdemanding, topics
than do teachers of high ability groups; and

» Schoolstend to place their least qualified teachersin low ability classes and their most
qualified teachersin high ability classes.

Resear cher s Concer ned with Student Achievement

Those concerned with student achievement, meanwhile, often assert that ability grouping
either impedes or adds no value to overall math achievement. Understanding whether thisis so
suggests the use of experimentation. In question form: If a sample of students were randomly
assigned to homogeneous and heterogeneous instructional groups, which group would achieve at
ahigher level? Asking the question isthe easy part. M ounting randomized experiments has turned
out to be more difficult—there have been none since 1974—and there are only two on record. But
there have been several non-randomized (i.e., “matched” and “correlationa,” in Slavin's terms
[1993]) efforts to estimate the impact of homogeneous grouping on math achievement. Slavin
(1993) included 16 such studies, plus the two randomized experiments, in his “best evidence
synthesis.” Slavin found the mean effects of homogeneous grouping to be near zero for the 18
studies. Figure 2 displays each study’ s effect size estimate.
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Figure 2—Effect Size Estimates of Middle School Math Studies That Compared
Homogeneous and Heterogeneous Grouping
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But Do the Findings Generalize?

Some researchers (e.g., Elmore 1993) have questioned the potential of evidence from a “best
evidence synthesis” to inform practice. Implicit in this question is the notion that a “best-evidence
synthesis” (or meta-analysis) contains insufficient evidence to generalize to other settings. This
notion is not entirely accurate. Slavin, for instance, includes one analysis (Hoffer 1992) that made
use of data from the Longitudinal Study of American Youth (LSAY), a 4-year, large-scale study.
He also says that other such studies “provide important additional information not obtainable from
the typically smaller and shorter experimental studies” (Slavin 1993, p. 539). However, Slavin does
not discuss the premise underlying cross-design synthesis, namely, that evidence from experimental
studies and observational studies might be combined to generate more national estimates of effect.
. LSAY, however, may not be the ideal study for this purpose insofar as ability grouping is concerned.
Adequate data, for example, were available from only 1,800 8th grade math students. NAEP’s Trial
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State Assessment, in comparison, collected data from about 2,500 8th grade students from each
state.

What Does NAEP Reveal About Ability Grouping?

NAEP providesinformation on student achievement tolocal, state, and federal policymakers
on a biennia basis. It also provides background information on students, teachers, and school
administrators. Some NAEP information is demographic, while other information concerns
educational practices and policies. NAEP alows policymakers to know, for example, whether
student achievement is related to ability grouping. NAEP is an observational study, however.
Making statements of impact or effectiveness on the basis of NAEP dataistherefore inappropriate
without some adjustment. It isimprudent to assume, for example, that students who are grouped
by ability are comparablein all waysto those who are not. Schools, for example, may tend to group
higher achieving students by homogeneousability rather than heterogeneousability, thereby causing
an imbalance between groups that may bias achievement-based comparisons. Unadjusted NAEP
dataindicate, for example, that homogeneously grouped 8th grade (public school) math students
outperformed their heterogeneously grouped counterpartsin 34 of 37 jurisdictions (significantly in
27 0of 37)in 1990, in 43 of 44 jurisdictions (significantly in 34 of 44) in 1992, and nationally during
both testing years, as Figures 3, 4, and 5 show.

The Need to Adjust NAEP

If oneisto use NAEP data to estimate the effects of ability grouping, then one must first
employ asubstitute for the randomization of controlled experiments, i.e., to assure that the groups
do not differ systematically. Thefocus hereison a“propensity score”’ adjustment—atechniqueto
produce anal ysesthat approximatethe results of acontrolled experiment. Asapplied to theexample
of ability grouping, the analyst’ sfirst task would be to devel op a statistical model—on the basis of
theory, following the lead of others (e.g., see Hoffer 1992), possibly through stepwise logistic
regression, or through some combination of the three—to compute each student’s probability of
being grouped by ability (homogeneously); that is, to compute each student’ spropensity score. This
approach may benefit from recent advances in the statistical theory for estimating multilevel
models. Version 4 of Bryk and Raudenbush’s hierarchical linear modeling software, for example,
will enable analysts to model categorical dependent variables while taking into account the
multilevel nature of NCES data.

After deriving propensity scores, the analyst’ s next task would beto dividethe entire sample
into quintiles on the basis of these scores; that is, to subclassify students on the basis of their
propensity scores.® The anal yst could then compare the achievement levels of subclassed ability-
grouped (homogeneous) and non-ability-grouped (heterogeneous) students. In a sense, this
procedurewould generatefive estimatesof the effect of homogeneousgrouping. Anexampleof one
possible interpretation is as follows: With respect to students who were most likely to be grouped
by ability, no difference in achievement exists between those who wer e actually grouped by ability
(homogeneously) and those who wer e not. The analyst could then combine the estimates by taking
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Figure 3—Estimates of math proficiency for grade 8 students by type of instructional
grouping (i.e., homogeneous or heterogeneous) for each state or territory in
1990
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the average of the five effects, as in meta-analysis. This final estimate would be far more rustworthy
than any of those that were displayed in Figures 3, 4, and 5.

Combining Contradictory Evidence: A Potential Problem

How one might combine estimates of effect from experiments and one or more NAEP
analyses, particularly when the estimates are contradictory, is unclear. Although the GAO's
introduction {1992) to cross-design synthesis discusses the problem and presents several options,
it concludes that “many refinements are stll o be developed” (GAO 1992, p. 96). The lone
Hlustration (GAD 1995) of a cross-design synthesis, however, does not attempt to develop these
refinements. The meta-analytic literature, which merited considerable consideration in the GAO’s
introducton (1992), also merits consideration here.



Figure 4—Estimates of math proficiency for grade B students by type ol instructional
Grouping (i.e, homogeneous or heterogencous) for each state or territory in
1992
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Mera-Analyric Strategy

In meta-analysis (see Hedges and Olkin 1985; Hunter and Schmidt 1990), the analyst
computes one or more overall estimates of effect after 1) collecting, 2) coding, and then 3) weighting
each study's effect size by its sample size; that is, the analyst computes a weighted average. This
weighting scheme poses an analytic problem in the ability grouping example, however, on account
of the size and nature of the sample of studies available for analysis. Put into question form: Does
each adjusted NAEP state sample (of about 2,500 students) deserve to be weighted by 30 or so
more times more than the smallest (Ford 1974, n=82) experimental study? The answer is probably
not.

One approach to the problem is to divide the entire set of sudies by design category (i.e.,
abservational, randomized) prior o weighting studies within each category. After doing so, it then
seems sensible to follow Hedges' and Olkin's advice. The general strategy that they recommend, as
applied here, would be to do separate tests of homogeneity for the two sets—1) 44 se-level
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Figure 5—MNational estimates of math proficiency for grade 8 students by type of
instructional grouping (i.e., homogeneous or heterogeneous) in 1990 and
1992
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NAEP analyses for 1992, and 2) two randomized experiments—of effect sizes. If, for the NAEP
analyses, the null hypothesis of no difference is rejected (i.e., if significant random variaton exists
among the 44 effect size estimates), the analyst might then include additional covariates in the model
1o artempt 1o explain the variation. States with low teacher-student ratios, for example, may produce
a small positive effect for ability grouping while those with high ratios may produce a large, negative
effect. Teacher-student ratio (e.g., low or high) may therefore account for the variation beyond that
expected from sampling error alone among all state-level effect sizes. The analysis, then, would
generate two indices of effect for the NAEP analyses. Combining the two, however, would be
inappropriate. The analysis would also produce (at least hypothetically because there are only two
randomized studies) one or more estimates of effect for the experimental studies. This estimate or
these estimates will be distinct from that, or those, produced by the experimental studies,

In this framework, it would also be possible to include in the analysis additnonal observational
studies. Combining Hoffer's findings (1992) on the comparative effectiveness of homogeneous and
heterogeneous grouping with those from the potential NAEP analyses, for instance, is one
possibility. A reanalysis of Hoffer’s data may be in order, however. Although Hoffer makes use of
propensity scores, he does not use them to directly compare homogeneous and heterogencous
ETOUPS.
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To summarize, it may not be possibleto combine estimates of effect from experimentsand
oneor morestate-level NAEP analyseswhen the estimates contradi ct one another, particularly when
there are very few experimental studies available for synthesis. As the sample of available
experimental studies increases, however, the possibility of combining estimates across design
categories al'so increases.

Implications of Research on Grouping

Therearetwo broad implicationsof thisillustration. First, thereisan obvious need for more
randomized experiments. Second, wewill never know whether the apparent performancedifference
between homogeneousand heterogeneousgroupsisreal without deeper analysis. It seemsimportant
to carry out the analysis, however, because the percentage of 8th grade math students who were
grouped by ability decreased in 30 of 36 states (that participated in both NAEP Trial State
Assessments) between 1990 and 1992 (USDE 1993)—a decline that may or may not prove wise,
depending on the outcome of the proposed analysis.

HIERARCHICAL MODELS, MODELS MORE GENERALLY,
AND THEORY: IMPLICATIONS FOR DESIGN OF NCES SURVEYS

Background

Survey samples sponsored by the NCES have often obtained data on institutions, such as
schools, and simultaneously obtained dataon individual swithin the same school's, such as students.
These include the National Longitudina Study of the High School Class of 1972 (NLS—72), the
National Education Longitudinal Study of 8th gradersin 1988 (NELS:88), and High School and
Beyond (HS& B), which focused on the high school class of 1980 and emulated parts of NLS—72.

The data on institutions have been combined in analysis with the data on individuals at
times. Coleman, Hoffer, and Kilgore (1982) did do so, partly in the interest of discovering the
relative effects of public versus private schools on student performance. Mosteller and Moynihan
(1972) did so to understand the effectiveness of compensatory education programs. Theseillustrate
early attempts to recognize the hierarchical nature of the data. More recent examples are not hard
to identify, although Draper (1995) suggests that such analyses are the exception rather than the
rule.

Despitetheburst of recent attention to hierarchical data, technical advancesintheir anaysis
have been made for over 40 years (Draper et a. 1992). Work on the software that executes the
analyses has been especially inventive and industrious over the last few years (Bryk et al. 1989).
Thefact that National Center for Educational Statistics hasbeen collecting multilevel datafor over
2 decades suggeststhat NCES anticipated, rather thanlagged, advancesinthe softwareand analysis
of such data, at least incrementally.

Draper (1995) arguesthat recent devel opmentsin hierarchical models(HM) havethreeclear
advantages over earlier approaches to the statistical analysis of multilevel data:
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1) “anatura environment within which to express and compare theories about structural
relationships. . .

2) better calibrated uncertainty assessments in the presence of positive intracluster
correlations. . .

3) an explicit framework in order to combine information across units . . . to produce
accurate . . . predictions of observable outcomes.”

Some readers are doubtless aware that Benefit #1 has been claimed for other analytic
methods, such as LISREL. Boot strapping independent of HM arguably helps foster Virtue #2.

Hierarchical Scenarios, HM Models, and Analysis

The HM model we define here as a stochastic one that represents a setting in which units
at the lowest level of measurement, for example, “A,” are nested within units measured at a higher
level, called “B,” and these in turn may be nested in astill higher level of measurement unit called
“C,” and so on. Sampling and other random error isrecognized at each level inthemodel. A variety
of model s and associated anal yses can be regarded as special casesof ageneral hierarchical model.

So, for exampl e, students (A ) may be nested within classrooms(B) and classrooms may then
be nested within schools (C). Variations among students, among classrooms, and among schools
may be recognized in the random error terms and in other features of the model. Models that
represent this scenario and the analyses are described in Bryk et al. (1989). An application to the
data generated by the National Assessment of Educational Progress (NAEP) is given in Mullis,
Jenkins, and Johnson (1994).

Or, time points of measurement (A) may be nested within students (B) who themselves are
nested within classrooms. Some random coefficients model S/analyses for longitudinal datafit this
scenario. A related application to asizablelongitudinal study of participantsinBoy’sTownisgiven
in Osgood and Smith (1995).

Or, one may conceive of a set of independent studies as a scenario in which individualsin
(A) are nested within a given study (B) and various studies may be nested within (say) multiple
geographicregionsor ingtitutions(level C). Thisscenarioissimilar to those encounteredin attempts
to combine evidence from different sources. Such a combination falls under the rubric of meta-
analysis (Draper et al. 1992).

These scenarios and the associated analyses are considered in what follows. The emphasis
here, as elsewhere in this report, is on what the advances in HM analyses imply for improving
design of NCES surveys. Theimplications may concern: what units ought to be measured and how
many, how, when and with what frequency, and at what level in ahierarchical setting (see Exhibit
1).
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Hierarchical Models and Cross-Sectional Surveys

In principle, advances in hierarchical models (HM) invite one to analyze observationsin
contexts, e.g., students within classrooms, within school, within school districts, within states, and
so on. An obviousabstract implication of the avail ability of the HM technol ogy isthat NCES might
then collect data at these various levels. This data collection would bein the interest of exploiting
atechnology that purportsto help understand, for example, how students' academic performance
isinfluenced by classroom teachers, their schools, and the state education policies that influence
them. At least, one might exploit the HM technology to understand where interesting statistical
associations appear, evenif one cannot be confident of where and how theinfluencesare exercised,
and even if oneignorestime asavariable.

Theimplication just given isembarrassingly vague. It is also important. To get beyond the
vagueness, we need to get to specific data sets, and to understand features of the models and the
associated analyses and the data. Mullis, Jenkins, and Johnson (1994) did so. They tried out HM-
based approaches to analyzing NAEP data on mathematics achievement. Their object was to
identify “unusually effective schools’ (outliers) and to determine how and why such schools
differed from others. The basesfor understanding were HM analyses that helped to arrange data at
the student level within school and at the school level, so as to identify the predictable influences
on student performance and school performance. Schoolsthat departed from predictioninapositive
direction could be regarded as unusually effective.

Here, the concern lies not with the substantive results of the Mullis et al. (1994) paper,
which areinteresting. Rather, the concern liesin what the authors say about better design of NCES
surveys. The Mullis, Jenkins, and Johnson monograph, as one might expect from other sections of
thisreport, contains no section on “implications.” Drawing implicationsfor better design of NAEP
was not identified as an objective in the monograph.

Mullis, Jenkins, and Johnson did, however, construct a section entitled “Technical 1ssues
inthe Applicationof HLM to NAEP Data” (pp. 103—112). Itisaspringboard toimplications. Their
section taught us another small lesson: implicit in scholarly discussions of “issues’ are possible
implications. It invites us to encourage authors to write about issues rather than implications.

In short, what does the “technical issues’ section of the conscientious HM analysis by
Mullis, Jenkins, and Johnson imply for better design of NCES surveys?
What Should Be Measured: Implications

First, NAEP measures of socioeconomic status (SES) are imperfect. Mullis et a. (1994)
used what they could in aHM analysis based on NAEP. The imperfection in measuring SES are
greater in NAEP than in other surveys. The implications are that

1) NAEP might measure SES more directly, e.g., asking questions about family size
and income; or
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2) NAEP might be linked to other information that gets at SES information more
directly, e.g., SSA, IRS, and so on; or

3) NAEP might exploit imputation methods and/or indirect estimators to produce the
SES information on individual students.

None of these options may befeasiblefor NCES. Still other options, not identified, may be
more feasible. The raw implication is that analyses of NAEP data would be better if data on SES
in the NAEP samples were better.

Who and How Many of Them: Implications

The Mullis, Jenkins, and Johnson (1994) report says plainly that the number of teachers
within schools was not sufficient to sustain a HM analysis that could recognize the influence of
classrooms and teachers (p. 104, first full paragraph). The implication here, as elsewhere, is
conditional. If NCESanditsclientswant tolearn about how teachers(classrooms) influence student
behavior, having taken into account student-level variablessuch asfamily backgroundsand school -
level variables, then NAEP should be designed so asto get at thislevel. That is, more teachers per
school should be surveyed where multiple teachers per grade or classis the form.

TheMullis, Jenkins, and Johnson (1994) report al so recognizes that the number of students
within each school in NAEP may not be sufficient to estimate within school parameters (p. 104, last
paragraph). Roughly speaking, they recognize, as others do, that relying on a random sample of
15—20 students within aschool may not be sensibleif the object isto understand average 8th grade
students' performance within the school. But they also recognize that these data and estimates of
average performance are aggregated up to regional and national levels that are arguably reliable
because there are so many schools in the NAEP sample—1,500 schools in the aggregate.

We are aware of only one study of sample-size design based on HM that may be worth
building on, by MagdalenaM ok (1995). She chose asimulation scenario that isconcrete, but it may
not accord with scenarios in North America. Mok’s simulation approach is at least promising,
despite debatable relevance of the particular scenario.

This matter of numbers is controversial. The cautious implication is that NCES should
support an investigation of sample size at all levelsin the HM context. There appear to have been
no comprehensive studiesof statistical power/samplesizeissuesor at least nonesufficient toinform
adjudicate decisions at the design stage of NAEP.

Longitudinal Data Analysis
Studiesin education often explore how entities change over time. Analysis of such datahas
improved on account of analytical statistical advances in understanding growth curves, random

coefficient model s, event history, and so on. Analysisof longitudinal dataonindividualsisaspecial
case.
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Rogosa and Saner (1995) clarified approaches to analyzing such data and have compared
different analytic methods. Breslow’ spaper (1989), unlikethat of Rogosaand Saner (1995), stresses
the benefit of empirical Bayes estimates over OLSin the context of longitudinal study in biometry.
We depend here on the Rogosa work to lay out crude implications of the approach for the design
and improvement of NCES surveys.

The presumption is that understanding individual growth is important, inasmuch as
questionsabout growth precede and drive the expl oitation of random coefficients (or other models)
in analyzing the data. If NCES professional s, educational researchers, or other users of NCES data
declare that questions about growth are unimportant, then the implications drawn here are
unimportant.

The rudimentary individual growth model posits that the individual’s state at timet isa
simple linear function of time and random error. The individual’ s outcome state may be measured
with error. It is common to characterize measures of this outcome using a classical measurement
error model. Each individual in agroup is characterized by the individual’ s base intercept and his
or her growth parameter, i.e., alinear regression of outcomeson time. Themodel that describesthis
alsorecognizesrandom error. Thegroup of individual sisthen characterized by an overall mean and
amean growth parameter and some index of variability within the group over time.

This basic moddl is augmented, at times, by assuming that the individua’s growth is a
function of certain other variables. The individual’s participation in a compensatory education
program or the hours that the student spent studying are illustrations of such “control” variables.

Crude Implications

NCES should figure out when to measure each individual. Measure each individual’ s state
at each of the time points, e.g., achievement, record each time point, and measure exogenous
variables z that may influence growth parameters. These broad implications are obvious. Rogosa
and Saner (1995) and others raised questionsthat bear on more interesting implications of analytic
work on understanding growth.

Less Crude Implications: Sample Size

Empirica and simulation studies suggest that small samples lead to intolerably large
standard errors in estimating growth parameters. Sample sizes above 200 seem acceptable to
Rogosa and Saner, given the kinds of questions that they have explored. At the national and state
level, NCES routinely depends on larger samples.

How big should the sample size be, under what conditions and particular growth models,
and with what particular method of estimation? Asyet, there seemsto be no general answer to the
question. This question can have no specific answer absent a specific question about what needs
to be understood about a specific phenomenon. NCES may then chooseto wait for othersto address
this question before going further. It may sponsor special studies to address the question so as to
serve contemporary interest in growth curve analysis.
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Less Crude I mplications: How Often to Measure

Rogosa and Saner (1995) suggested that 4—6 time points for measurement is not
uncommon. But we have seen no substantial analytic, empirical, or theoretical handling of thetopic
of how an agency such as NCES should decide.

If education would be served well by research on individual growth curves, then the study
of when, how often, why, and how observations should be made is sensible. NCES might then
commission studies that lay out the issues and support pilot work that addresses them. Or, NCES
may wait for others to proceed further.

Hierarchical Models and Meta-Analysis

Draper (1995) considered briefly the link between hierarchical models and meta-analysis.
He cited the hierarchical model’ s ability to detect between-study variation as the main reason why
itis“anatural tool forimplementing [ameta-analysis]” (p. 133). Inthediscussion, Draper described
asix-study analysis (Goodman 1989) of the effect of aspirin onthe survival rate of patientswho had
survived aheart attack. Although the results of the meta-analysis suggest that treatment iseffective,
there was substantial between-study variation. Theresearcher who initially implemented the meta-
analysis, however, did not then “pose and [test] a series of linear modelsto explain the variation”
(Bryk and Raudenbush 1992, p. 156).

From Draper’ sperspective, thisconstitutesamisuse of thehierarchical model. He contends,
that “this can actually promote an antiscientific attitude of indifference to the cause of the study-
level discrepancies’ (p. 134). Theimplications of Draper’ s perspective “for allocation of research
effort and resources’ (p. 133) are to invest research time and money in discovering how and why
thestudy level characteristicsexplain the between-study variation beforerecommending treatment.
The implications of Draper’s perspective on meta-analysis for the design of NCES surveys,
however, are for the most part less clear.

Modeling and Analysis Generally

Clogg (1989) identified points of uncertainty in constructing models in the social and
behavioral sciences and education. Each point engendersdifficult choicesin analysis. Each choice
might be better informed through better survey design. Freedman (1985) assaulted conventional
approaches to modeling in the social sciences, including those in education. Freedman’'s
scientifically assaultive approach and Clogg's empirical approach have some of the same
implications.

Universe

Clogg maintained that data analysts who depend on survey data produced by statistical
agenciesneed better information about the universe that is sampl ed than they usually have. Because
so much analysis is directed toward making generalizations about the nation based on national
probability samples, he argues that the census must be improved. For instance, the census often is
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used as a benchmark for checking the quality of other surveys, including NCES surveys. If the
census universeisimperfectly specified, then the benchmark checkswill be misleading. Similarly,
if census figures are used to construct sampling frames but certain groups are undercounted, then
the frames will produce results that differ from what they should be.

The implication is that insofar as NCES relies on census figures to design its surveys,
improvements in the decennia census can help to improve NCES survey design and the analysis
of NCES data.

Measurement

Clogg (1989) believed that good measurement isfundamental to good analysisand praised
contemporary cognitive research on asking questions. Freedman (1995) argued that good
measurement is not common enough in the social sciences. He told usthat “ good models are hard
to build on bad data.” But, aside from criticism of factor analysis, Freedman told us nothing new.

Cognitive approaches to understanding how peopl e respond to questions can be regarded
asanew approach to analysis and to designing better surveys. They may be employed at the survey
design stage and, indeed, NCES does so. There is little published on the product of the effort
however. The approach might also be productively employed at the stage of statistical analysis. For
example, such research might reveal why nonresponserateisrelatively high for teachers’ responses
to questions about credentialsin the Schools and Staffing Survey; these may then lead to redesign
of the questions.

There are at least two implications with regard to cognitive research. First, publishing on
the lessons learned from earlier NCES investments in predesign work on cognitive aspects of
guestions seems sensible. This might be done through NCES Research and Devel opment reports
or other means. The product isarguably of potential value for all scholarswho seek to pattern local
surveys after NCES efforts. The second implication is that the cognitive research might be
undertaken after the survey is donein the interest of better understanding of the survey’s results.
NCES might encourage this at low cost to the agency through avariety of means—predoctora and
postdoctoral fellowship work, collaboration with university-based or institutional researchers,
reliance on able and thoughtful graduate students, and so on.

Complex Sample Design

For Clogg (1989), “thefailureto take account of uncertainty produced by complex sampling
procedures is surely one of the most embarrassing problems we have at the moment. For at |east
some cases, reasonably tractabl e procedures are avail abl e, but the technol ogy available now seems
difficult to implement in the context of the forma models that we estimate routinely.”

In some respects, NCES has already invested productively in addressing Clogg’ s concern.
Scholarswho seek to analyze datafrom the Schools and Staffing Survey (SASS), for example, are
supported in effect by software (based on still other analyses) that characterize uncertainty in
estimates of parameters and in formal statistical tests of a conventional variety.

4-43



The implication is that NCES ought to continue to build more user-friendly and accurate
characterizations of uncertainty.

The Interface Between Theory and Models

For Clogg (1989, pp. 218—19), “the goal of analyzing socia statisticsisto explain how a
system of variables works.” The idea that theory isimportant isimplicit in his remarks. Zellner
(1989, p. 164), in discussing successful modeling of the sort that Clogg describes, says: “a good
deal depends on whether good, relevant statistical theory and subject matter theory are available.”
That is, without good subject matter theory, model ers areforced to be content with description and
exploratory work that may help to illuminate the structure underlying data and to make forecasts.

The immediate implication is that where subject matter theory is good, new analysis
methods and models that generate the methods can be used to explore the theory. The products of
this activity may have implications for better surveys.

The broader implication is that NCES should be aware of theories for which new analysis
methods are useful. This awareness might be achieved, asit is at times, through advisory groups
and consultants. It generaly is achieved through contractors only when the contractors contribute
to theory and to responses to an RFP (Coleman).

Subject matter theory in education in some areas is not sufficiently specific to determine
which models ought to be used. Thisforces usto think in terms of description and forecasting. The
less obvious and less certain implication is that designing better surveysrests heavily on deciding
what to describe and how to describe it, rather than on new analytic methods and models.

The Roles of Models

Suppose we consider surveys of the kind that NCES runs as “nonexperimental social
science.” Suppose we then consider “new models’ and the analyses they engender and ask: What
therole of such modelsisin nonexperimental social science?’ In fact, the question has been posed
and addressed, in a special issue of the Journal of Educational Satistics (Shaffer 1992). The
primary new models and methods reviewed in Shaffer (1992) include path analysis and structural
models. David Freedman provided the main criticism. Rejoinders and reactions were devel oped by
among others, David Rogosa, who is also not well disposed toward such models, and by Peter
Bentler, Herman Wold, and others who have tried to develop such models.

Direct Implications
The volume contains no direct discussion of how structural models, as represented by

LISREL or EQS, for instance, or of path models, should influence the design of observational
studies.
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Indirect and Very General Implications

The advocates of structural models argue that they are useful in devel oping parsimonious
description. In effect, oneis ableto characterize ameasure on any array of variables as unobserved
measures on afar fewer number of latent variables. Then one could construe an implication aswe
should assure that the number of variables is sufficient to identify the latent trait well. If one
believesthat “home environment” isimportant as an “unobservabletrait” of achild, there must be
a sufficient number of questionnaire itemsto get at it.

Conversely, one may have many questionnaire items and reduce their number rationally
through some approach related to structural models, e.g., factor analysis. How well one might do
thisdependsheavily on substantivetheory about how latent variablesarerelated among themsel ves,
andtothevariables(questionnaireitems) actually used. Freedman arguesthat good theory isabsent.
Further, LISREL and rel ated approachesare not theory construction methods. He and Rogosaargue
further that the scientific approaches are questionable at best.

More Direct I mplications That Are Negative

Rogosa argued that if understanding individual growth or change isamain objective, then
model 'methods such as path anal ysis and structural modelsareinappropriate. His“ messageisthat
the between-wave covariance matrix provides little information about change or growth” (p. 89).
Moretothepoint for science, “ covariance matricesarising fromvery different collectionsof growth
curves can be indistinguishable” (p. 93).

Thelongitudinal studies of NCES are developed, in part, to understand individual change.
Rogosa' s position suggests that because structural models are inappropriate for analysis of data
from observational studies, they are also an inappropriate resource for guiding the design of
observational studies. Such methods have no implicationsfor design because they areirrelevant to
sensible analysis.

Rogosa argued further that more transparent and defensible approaches to growth curve
anaysis are at hand. In particular, the good scientist and statistical analyst can model each
individual’s trajectories, estimating parameters within each individual. One then models the
differences among individuals.

Implication: Causal Structural and Path Models and Methods

Over the last decade, NCES has been advised not to undertake analyses that are causal in
their orientation. The advice has been rendered by one Advisory Council on Education Statistics,
notably by ACES Chairman Ellis Page during the 1980s. There was active opposition to such
analyses by USDE Undersecretary Chester Finnto NCES' conducting such work in the late 1980s.

The models considered here and related ones are regarded as important in some quarters,
e.g., among some education and sociological researchers. They are regarded as valuel ess, absent
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stronger theory, by some educational and sociological researchers. The controversy is sufficient to
justify educing that, exploiting the models and methods ought to be avoided, at least in official
reports on the state of education.

A second implication bears on advisory committees appointee to provide counsel on
surveys. In particular, NCES may exclude from its survey advisory groups scholarswhose special
interestsliein building structural models, path models, etc. on account of the controversiality of the
latter. Or, such individuals might be included provided the advisory group is augmented by those
who believethat such modelsare useless. Individualswith aninterest in structural modelsarguably
enhance the likelihood that variables regarded as important will be collected in an NCES survey.
The inclusion of opponents will temper that influence.

The excluson of structuralist fosters counsel based on a perspective that is more
prescriptive, e.g., how children grow or change, or how districts grow and change and what are the
covariatesof growth. Themodel sand methodsthen are arguably moretransparent. Theimplications
may be more obvious, e.g., focus on collecting dataat moretime pointsrather than fewer pointsand
more subnational data.

The implication then is complicated. To the extent that NCES regards its role as the
production of informative descriptive statistics (that are expl oited occasionally for causal analyses),
than relying on models, analyses, etc. that are not causal in their orientation isimportant. We can
understand a lot about growth and change by seriously observing growth and change, not only
through questionnaire/telephone surveys and administrative records, but through more direct
observation.

To the extent that NCES regards its role as fostering the opportunity for structural, path,
causal, analytical, and descriptive statistics, then relying on the more complex modelsis sensible.
Society is complex and models must presumably be more complex.

There may, in fact, be no real conflict between these optionsin at |east one sense. The data
produced on the basis of an orientation toward good description (e.g., Simple growth analysis) may
“satisfice” for the structural models who use NCES data. Learning whether thereisasatisfice and
whether there are major differencesin what each group regards as satisfactory suggeststhat NCES
bring the groups together.

Implication: Vernacular and Causal Models

The Human Genome Project has had the benefit of great talent and considerabl e resources.
Despite this, what ageneis, what “genome”’ means, and what the adjective “genetic” implies are
still subject to some debate (Science 1994, 1995). Just as the scientists and statisticians struggle
with vernacular differences and with remarkable efforts to understand what one means in the
genetic arena, NCES and others must confront ambiguities in the model-building arena.

It does not seem unreasonable for NCES or scholars outside NCES to be confused about
some stati stical model s and anal ytic methods. For example, “ structural models’ have been defined
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at times as model swhose parameters are invariant across some space, e.g., over timeor geographic
area. Structural models have also been defined, more or less, as model s that represent the “asiif by
experiment.” That is, they have come to be regarded as causal models.

Historicaly, “path models’ have been characterized as “causal models.” This
characterization isimportant. These models, and structural models that are conceived of as causal
models, are ways to develop a story. The story is one of plausible explanation of what influences
what. Some scholars, such as Rogosa, have grouped the path models with structural models at
times. Path and structural models have been lumped in with analytic methods whose underlying
models were not originally explicit, e.g., cross-legged panel analysis.

At least a few scholars have tried to make distinctions plainer. Freedman distinguished
between models that are helpful in summarizing data and those models that are born of more
ambitious objectives, e.g., structural models. Roughly speaking, the idea is that observations on
some “X”s are empirically related to observations on some “Y”s. Further and more important,
Freedman’s argument is that thisis good description, but does not necessarily meet standards for
agood structural model. The structural model is one that represents a good scientific theory.

The main point is that very able people, people who think, suffer the consequences of
vernacular. “ Structural models” for afine economist may/can mean something different for afine
statistician or psychologists. “ Causal models’ means something to those of uswhotry to encourage
controlled randomized experiments. It means the same, but it also means something different, to
those of uswho try to understand what variables (X) influencewhat variables (Y) inwhat istheory-
based and arrangement based on observational data.

Exploiting Theory That Drives Survey Design and M odel-Based Analyses

New analytic methods in statistics yield few specific implications for designing surveys.
Thisisdespitetheir usefulnessfor inter preting the datacollected on the basis of an explicit design.
Why is this? One can argue that we should not expect new analytic methods to imply anything
about designing research. After al, the new methods have a certain objective, e.g., developing an
estimate of aparameter that isbetter thanitscompetitors. Thefirst object isgenerally not to produce
a better design.

Suppose we take a step back and imagine that advances in substantive theory (or policy),
rather than the new analytic methods, are the drivers for improving both survey design and the
analytic methods. Consider a simple example. Gender, in theory, is important. This theory then
drives design of surveysthat permit one to say something about gender differences. The datafrom
such a survey permits one to analyze gender differences and to perhaps improve analysis.

This line of thinking may seem obvioudly true, at least, to atheoretician in the education
arena. It may not be obvious to others. Even if the line of thinking seems sensible, how do we
exploit thisin theinterest of better survey design?“ Theories’ arein ample supply in the education
arena. Merely saying that we ought to rely more on theory to advance survey design is gratuitous.
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It seems sensible to ask two questions: “Has a theory-based approach helped us to learn
about how to improve design? If so, how do we exploit theory better, given the abundant supply?’

Consider one example by way of addressing the first question: How has theory-based
analysis helped? Boe and his coll eagues have depended on the NCES Schools and Staffing Survey
(SASS) to understand the rel ation between teacher supply and demand, and the flow processesthat
underlietherelationship. Their analysesdepend partly on being ableto enumerate, from NCES data,
teacherswho arenot credentialed to teach, i.e., anybody who ispart of the actual supply of teachers.
Their analysescannot recognize aspecia sourcethat isarguably important ontheoretical and policy
grounds. Thissourceincludesindividua swho have been trained and employed in one professional
arena but who then move to another. Engineers and scientistsinvolved in the defense industry, for
example, have moved to other occupations on account of thereductionin size of theindustry. Some
of these peoplefind their way into the supply of teachersthrough federal programsthat foster their
transition. That is, thinking (theorizing) and finding out based on the thinking has an implication
for SASS: the survey ought to obtain information about how certain people find their way into the
teacher supply.

Suppose the reader is willing to grant that theory should have some influence on survey
design and the models and analyses that exploit the resulting datain turn improve theory, design,
and so forth. How might NCES be instrumental in tracking advances in theory so as to facilitate
advancesin design?

Implication #1
First, some framework for understanding advances can be invented. A simple one, based

onthegenericlist givenearlier for NCES' tracking advancesin analytic methods (Exhibit 1), might
simply list the things that new theory can address:

What (new) variable ought to be measured?

 How and at what level ought the variable be measured?

* Who (or what entity) should be measured?

*  When and with what frequency and periodicity should a variable be measured?

* What stratum (kinds of individuals, entities) should be observed?

» What statistical relationship need to be examined?

For example, some theorists have argued that we need to know more about family
environment to understand the nature of family and school influences on the children’ s education.
Thisimpliesthat NCES can measure morerel ated variables or measure them better in some NCES

surveysthat lend themselvesto analysis of thetopic. The NCESIongitudinal surveysarean obvious
option.
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Considering the matter of statistical relationships, some analysts of NCES datahave argued
on scientific grounds that survey variables that are unrelated to others are candidates for
abandonment. The argument is plausible.

In each of these cases, and others that can easily be constructed, theory playsarole. And a
simple framework for understanding progress in thinking seems important for NCES and perhaps
its sibling organizations. The mechanisms for tracking incremental advances on each front are
fragmented.

Implication #2

Tracking advancesin theory demandsthat NCES choose atarget. Identifying self-declared
theoristswould result in apopulation of informants, of course. If these scholars depend directly or
(more likely) indirectly on analyses of NCES data, then such an effort might be productive for
NCES in the short or interim term. It then seems sensible to be able to locate and make use of
individuals who actively capitalize on NCES data and individuals who depend on these data. The
basic mechanisms available to NCES for doing so include those that NCES already depends on:
using members of advisory groups for specific surveys, for projects undertaken by NCES
contractors or by the NAS list of users of NCES data, and so on.

Implication #3

Assuming that relevant scholars can be identified and that frameworks for tracking the
advancement in theory can be invented, then some method to facilitate the acquisition and sharing
of information isstill necessary. Conventional research journals, meetings of NCES data usersand
advisors are vehicles for doing so, that NCES already depends on. We might add to this the
possibility that NCES can take better advantage of the World Wide Web. Such options are
presented in the section on new technol ogy.

COUNTING THE HARD TO COUNT AND MEASURING THE HARD TO MEASURE

Two topics are considered here. The first concerns éliciting information from respondents
about asensitivetrait, state, or event. The second concernsthe measurement of mathematicsability
in NELS:88.

Background: Counting
At times, NCES has dlicited information from students and others that can be regarded as
sensitive. For example, NCES has asked students whether they have been victimized in an assault.

Asking a student member whether he or she provoked a fight or assaulted another student

would be regarded as more sensitive. Asking about their having stolen property, engaged in
unprotected sexual activity, and so forth may be regarded as extremely sensitive.
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The Congress has attempted to limit the extent to which sensitive information can be
required from studentsin surveyswithout the consent of their parents. Section 439(b) of the General
Education Provisions Act (20 U.S.C. 1232¢g) for example, was amended in 1995 to say the
following:

No student shall be required . . . to submit to asurvey, analysis, or evaluation that
revealsinformation concerning . . . mental and psychological problems potentially
embarrassing to the student or hisfamily . . . sex, behavior and attitudes. . . illegal,
anti-social, self incriminating behavior . . . income without prior consent of (adult
or emancipated minor) or . . . of parent (minor).

That many surveysrun by NCES are voluntary, rather than required of students, makesthis
statute a bit peculiar in its value. But recognize that the voluntariness of a survey may not be
understood. And in any case, the mere posing of questions to a student about the student himself
or herself may be offensive to some parents or teachers. Schools may decline to cooperate in
surveys because the information being elicited from an individual about the individual’s own
behavior isregarded as sensitive.

Suppose that in many cases, NCESwill not be ableor willing to elicit sensitive information
directly from students or others about their behavior. How then might one obtain information
sufficient to estimate the incidence of a sensitive characteristic or behavior?

Networ k-Based Estimates

One approach to the problem of eliciting sensitive information has been developed by
quantitative anthropol ogistsand otherswith aninterest in counting thehard to count: network-based
estimators. Roughly speaking, individuals in a sample are asked not about their own behavior.
Rather, they are asked about the behavior of unidentified acquaintancesin their socia network. For
instance, we may ask a student: “How many students do you know provoked a fight in the last
month?’ This question is proffered instead of: “Did you provoke afight during the last month?’

To estimate the total number of students who provoked fights, one also needs to dlicit
information from students about the size of students’ social networks. The estimate of network size
may be based on asurvey question or a separate side study. Data on provoking fights elicited from
studentsin the survey is combined with data on the average size of students’ social network and on
the size of the student population to produce an unbiased estimate of the total number of students
who provoke fights.

Understanding how to estimate the average size of a personal network isno easy matter. It
arguably depends on what kind of persons that one might encounter in a sample. For instance, a
probability sample of adults might include priests and mail deliverers whose acquaintanceship
network is larger than, e.g., a cloistered monk’s. The efforts to understand personal network size
inavariety of studiesarereported in Bernard et al. (1987, 1989, 1990), Killworth et a. (1990), and
others given in the reference list attached.
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Contributions in this arena lie partly on the design side of surveys, e.g., learning how to
elicit information. Part lies in analysis, including constructing estimates and understanding their
quality.

Prior Analytic Work: Empirical Studies

The network-based approach has developed in research over the last decade or so. One of
the more recent applicationsand atest of the approach isreported by Laumann, Gagnon, Michaels,
Michael, and Coleman (1989). Their object was to estimate the prevalence of AIDSin the U.S.
using the network approach. Thiswasdonepartly intheinterest of assessing the Centersfor Disease
Control’ sestimate of prevalence. Theauthors' vehiclefor judging the quality of the network-based
approach was a comparison of a network-based estimate of the distribution of homicide victims
made against the distribution yielded by the FBI’s Uniform Crime Reports and the PHS Vital
Statistics. Network-based questionswere embedded inthelarger context of the 1988 Genera Social
Survey, asurvey that isindependent of the FBI and PHS.

The results suggest that the network-based approach is trustworthy in producing homicide
rates that are close to those yielded by official crime statistics. If one then chooses to trust the
network-based estimates of AIDS prevalence, it appears then that the CDC data overestimate
prevalencein somecategories(e.g., inminority popul ations) and underestimate prevalencein others
(e.g., inthe Midwest).

The network-based approach hasbeen thetarget for other interesting empirical research. For
example, how to estimate average network sizeis crucial, and Bernard, Killsworth, and Johnsen
(1994) have reviewed recent work.

A Broad Implication

The broad implication for NCESisthis. If NCES wishesto estimate the number of people
who have a sensitive characteristic in ways that avoid direct knowledge of the individual, then
network-based estimators ought to be explored. In principle, the approach can beusedin any NCES
survey in which the size of the target population is known and a probability sample of the sample
isdrawn and the information about “ knowing otherswho did X" and network size can be obtai ned.
This then includes new waves of NELS:88, the National Household Education Survey, the birth
cohort survey being considered, the Beginning Postsecondary Students Longitudinal Study, and at
least some surveys mounted by the Fast Response Survey System.

Implication for the NCES National Household Education Survey

The Nationa Household Education Survey presents some opportunitiesto exploit network-
based estimators. NHES is based on a survey of a national probability sample of over 60,000
households. The sample and target population are well defined and over time (biennial roughly).

Assume that the target topic is sensitive, and that it would be difficult or impossible to get
at the topic directly. Such topics might bear on the following:
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* Indictment/conviction of school board members for wrongdoing;
* Indictment/conviction of teachers or staff who abuse children;

* Indictment/conviction of students;

e Parental abuse or neglect of students; and

*  Who has been raped.

For instance, asurvey of school board membersthat asks each individual whether he or she
hasbeen indicted or convicted of misuseof school funds, would arguably not be sensible. Obtaining
information about the matter may nonethel ess be desirable for some users of NCES data. Network-
based estimators might be helpful to meet those users' demands. Moreover, they doitin away that
avoids privacy problems, embarrassment for the respondent, or intimidation. That is, asking each
household respondent in asurvey how many school board membersthey know have been convicted
islikely to be more feasible than asking school board memberswhether they themselves have been
convicted.

Asking the household respondent how many school board members or people they know
also seems feasible. Similarly, understanding how many parents physically assault their children
seems important. But the understanding cannot be gotten at directly. Instead, NCES might ask
respondentsin the Fast Response Survey or other vehicles whether the respondent knows about an
assault, and about their network size (or independently, about network size in the target sample).

Background: Measuring theHard to Measure

Kupermintz et al. (1995) analyzed the datafrom NCES' National Educational Longitudinal
Study of 1988 (NEL S.88) to understand how we might enhancethe“ validity and usefulness’ of the
NEL S:88 measures of mathematics ability in the United States. Hamilton and colleagues (1995)
examined the NEL S:88 data on science also to understand how to enhance validity and reliability
of testing on science.

The paperswere generated as part of aseminar at Stanford. They aredistinctiveinthat their
objectivewasto enhancethe quality of aperiodic survey, notably NEL S:88, based on conscientious
analysis of data produced in earlier waves of the survey. Few published scholarly papers do so.
There are still fewer that exploit “ new analytic methods,” regardless of how this phraseis defined,
to do so.

M athematics and Sciencein NEL S: 88

The work depended on a combination of small-scale cognitive research on the tests,
conventional factor analysis, and new developmentsin full information-factor analysis. The latter
involvesemploying amultidimensional item response model and alatent factor structuremodel that
are, in conjunction, purported to yield estimates of item factor loadings on distinct abilities
measured by the test that are better than estimates produced in other ways (Bock, Gibbons, and
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Muraki 1988; Wilson, Wood, and Gibbons 1991). Theimplications of the latter are not obviousin
the absence of its application to data such as mathematicstestsin NEL S:88. Even then, therelative
contributions of specific analytic approaches used to yield the conclusions reached by the authors
are unclear.

Broad Implications

What can NCES and we |learn from this effort by our colleagues at Stanford? What are the
implications of their work? The first lesson is that some university scholarsindeed recognize that
analyses can produce implications for better, not necessarily more, surveys. Further, and more
important, they try to educe the implications. They are willing to embrace the challenge of doing
SO.

Second, the analyses are substantial, intriguing, and ecumenical. But the analyses occupy
far more spacein the published papersthan do the papers’ sectionson conclusions. For readerswho
are interested in implications, thisis not satisfying. The coverage is unbalanced, especialy if the
titles of the papers are taken seriously.

This perception of imbalance may be wrong, of course. An excellent implication based on
ferocioudly difficult and time-consuming analyses, described in agonizing detail, may not take up
much space. Theideathat E=M C?isaconclusion of this sort. Despite considerable work, good
conclusions that carry many implications can be astonishingly brief.

The analysts argued that the different dimensions of mathematical and science ability are
influenced by different processes. Roughly speaking, the student’s crystallized knowledge in
mathematicsisalleged to beinfluenced more by formal schooling; thefluid reasoningisinfluenced
more by home factors. This argument is based on theory and on empirical regressions of
mathematical factor scoreson independent variables. The specificimplicationisthat thetheory and
analyses ought to drive selection of variables and improvement of measures in NELS:88. For
instance, one might focus more deeply on better measures of home education processes or
characteristicsthat predict or explain fluid reasoning, keeping thisinitiative separate from attempts
to develop measures of classroom processes that influence such reasoning. More generally, the
implication that Kupermintz et al. (1995) draw isthat large-scal e assessments should certainly aim
to represent the cognitive and educational distinctions being made by cognitive psychol ogists, math
educators, and by the nation’ s education goals (p. 552).

That is, the theorists must be invited to contribute more to test development efforts and to
the devel opment of measures of potential influences on different abilities, especialy higher order
reasoning.

The Hamilton et al. (1995) results of analyzing science test scores from NELS:88 revedl
different factor structuresin 8th and 10th grades, and more factors than the math study revealed.
The reasoning/knowledge distinction that appears clearly in analyzing the math scores does not
appear in the science scores. Reasoning with knowledge appears as a factor distinct from science
reasoning. Theimplication for the authorsisthat the multidimensional character of the tests ought
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to be recognized in reporting and in comparisons, e.g., by state. Further, the authorsimply that the
way the science abilities are measured ought to be augmented by cognitive studies of the way
students respond to items; they believe these can inform test design.

Finally, Hamilton et al. (1995) reiterate the ideathat design of the NEL S:88 survey should
be“linked” with moredirect investigationsof the context inwhich instruction take place. Thismay
involve asking more questions about instructional practice, e.g., emphasison discovery learning or
reciprocal tutoring, or more likely, out-of-school activity that has theoretic and empirical relation
to factor scores.

Even Broader Implications

Consider first the possibility of improving the mathematics assessments in NELS:88.
Kupermintz et al. (1995) suggest that the current test is “multidimensional and should be treated
as such” (p. 550). The bottom line is that they provided good evidence to suggest that the
mathematics assessments currently in use get at both factual knowledge and reasoning or
crystallized and fluid knowledge. Further, they argue that the finding ought to be taken seriously
in improving new NCES surveys. Their implication isalittle unclear:

In general, future survey testing efforts should rethink intradomain distinctions
among such achievement dimensionsand their linksto theoretical formulationsand
empirical findings on the structure of cognitive abilities (p. 550).

That is, NCESisnot measuring one*“thing”—mathematics ability. NCES measures several
things that are tied up in mathematics ability. The recognition can come about through improved
design of the tests, reporting, or in other ways.

A second broad implication for NCES survey design and for university-based education
hinges on the way Dr. Richard Snow and his colleagues appear to have approached their task. The
Stanford seminar focused on a specific data set, NEL S:88, and a reasonably specific implications
topic, improving math and science measurement in NELS:88. Further, funding was available
through acompetitive peer review grant awarded by OERI to sustain the effort. This strategy isnot
common but has a good pedigree; recall that the Moynihan-Mosteller work on equality of
educational opportunity depended on a Harvard seminar series that engaged very able people.
Figuring out how to do thisright in the interest of NCES, students and professors, and the public
isnot easy. But the exampleis sufficiently instructive to encourage taking the time to think about
the strategy, its value for NCES and the public, and more interestingly, its value in advancing
science at large.

INDIRECT ESTIMATES, INCLUDING SMALL AREA ESTIMATORS
Background

Agencies such asthe National Center for Education Statistics (NCES) obtain databases on
national probability samples and generate statistics pertaining to the national level based on those
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data. For NCES and other statistical agencies, there hasbeen episodic pressureto generate statistics
at the subnational level, based on the national data. NCES also collects data at times at the
subnational level, e.g., from the states. NCES has been encouraged at timesto produce statistics at
the substate level, once data users have found that the state-level data are instructive.

National samples, unless specially designed, do not usually yield resultsthat are applicable
tothestatelevel. Thenational estimateof incidenceof classroom disorder developedin NCES' Fast
Response Survey of Public Schools on Safe, Disciplined, and Drug-Free Schools (1992) is not
necessarily the incidence in New Jersey, for example. Similarly, the data on NAEP collected by
NCES on students in Pennsylvania, for example, provides an estimate of mathematics ability for
studentsin the state. The state-level estimate may not be an accurate characterization of abilitiesin
local jurisdictions, such as Pittsburgh or Philadel phia.

The Question

Isit possibleto exploit the dataobtained at some aggregate-level dataand other information
so asto produce defensible estimates at the subaggregate level? Further, if it is possible, how can
we understand the validity of these estimates?

Partial answers to the questions have been developed through recent work on Indirect
Estimators. In what follows, we rely heavily on the Office of Management and Budget (OMB)
(1993) Satistical Policy Working Paper #21 and some other sources identified below.

The Approach: Indirect Estimators

Statistical agenciesusually rely on direct estimatorsfor reports. That is, the estimator, such
as amean number of assaults on studentsfor the nation, is computed for a particular time and only
from a sample of unitsin the population (or “domain”) of primary interest, e.g., the studentsin the
nation.

An indirect estimator is one that uses the design-based survey or a database for a direct
estimator and auxiliary datafrom a sample or population (or “domain”) or time period other than
theoneof initial primary interest. That is, auxiliary information iscombined withinformation based
on the data generated from the sampl e survey of the population and timethat wastheinitial primary
focus. The combination process usually depends on a statistical model that links the auxiliary
information with information obtained on the population of initial primary interest.

For exampl e, one might combineanational estimate of theincidence of student fights based
on aNCES Fast Response Survey with state data on variables that may be related to fighting, such
as urbanicity level, income, and so on. The combination would be based on a model of the
purported relationship among the variables. The result isasmall area estimator for the incidence
of fighting at the state level. It isa specia case of domain indirect estimators.
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Or, one'sinterest may lie in updating a survey indirectly, using atime indirect estimator.
For example, a survey run periodicaly, such as the Reading NAEP, might be combined with
auxiliary data, based on amodel of the relationship between the reading scores and auxiliary data,
to estimate reading ability in a future time point between two points at which primary data are
obtained and direct estimators are constructed. More specific definitions of domain indirect
estimators (such asasmall areaestimator) and timeindirect estimatorsare givenin theintroduction
to OMB'’s Satistical Policy Paper #21 (1993).

Precedent

NCES does not have a program to produce domain indirect estimates, time indirect
estimates, or time/domain indirect estimates. Apparently, the National Center for Health Statistics
(NCHS), Census, the Bureau of Labor Statistics (BLS), and the Department of Energy also have no
special program as of thiswriting.

NCES, however, hasbeen aggressivein building on and surpassing other statistical agencies
asthe need for a product appears and as resources change. Theinvention of licensing agreements,
the use of CD-ROM for distributing data, and the use of videotapes, among other related NCES
activity, illustratethetheme. Thus, it seemssensibleto consider that NCEStake advantage of recent
developments in indirect estimation, so as to improve its surveys.

Empirical Examples Apart from Education

Breslow’ s paper (1989) in the Sesquicentennial Proceedings and the OMB (1993) report
contain good illustrations of indirect estimators in various sectors, including health. Consider a
small example: the NCHS national surveys of health are not directly generalizable to states.
Nonethel ess, there has been pressure on NCHS to produce state estimators; no resources have been
provided for direct estimators. The NCHS hastried to develop reliableindirect estimators by doing
the following.

NCHS obtains nationally reliable health statistics for certain subpopulations. e.g., gender,
incomelevel, andrace. Statesper seare not in the subpopulationsdefined asimportant in the survey
design although the demographic variables are.

The U.S. Census Bureau produces mid-decade estimators of the number of people within
each state who belong to the subpopulations such as gender, income level, and race. The U.S.
Census information is, in effect, auxiliary data that can be used to construct a NCHS indirect
estimator of health characteristics for a state.

Combining the NCHS data with the auxiliary data from the Census Bureau’ s mid-decade
datarequires amodel. The form of the model used to produce an indirect estimator can vary. The
simplest form saysthat the state' s health is a simple summation of the proportion of peoplein the
state who are members of the subpopulation (i.e., female/male, high income/low income, and so
on from the Census) timesthe mean health state of the respective subpopul ation estimated from the
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national-level data(from NCHS). Thisestimator, asdescribed, isabasic synthetic estimator. Malec
(1993) describes it and others that are more complicated. The latter try to exploit auxiliary
information at higher or other levels of aggregation. Citationsare given for PHSreportson indirect
estimators for the states, on physician visits by the disabled, based on national and regional direct
estimates.

The basic synthetic estimator is being tried out by Folsom and Liu (1994) to produce state-
level substance used prevalence rates based on the National Household Survey of Drug Abuse
(NHSDA). NHSDA is a national probability sample survey in which it is possible to link an
individual’s response to characteristics of the area in which the individual lives. These include
censustract/block-level information within the county on, for example, median householdincome.
They include county-level information on arrest rates from the Uniform Crime Reports. Within a
state, then, individuals' dependence onillicit drugs, for example, is regarded as a function of the
block/tract level within the county and county-level auxiliary statistics and with person-level data
collected in the NHSDA. The model is based on Breslow and Clayton (1993).

The result is a predicted probability of dependency that takes into account the person, his
or her block/tract characteristics, and county characteristics. A probability for each arrangement of
characteristics(i.e., aperson) isthen computed. The prevalencerateisthe sum of probabilitieseach
being weighted by the number of individuals with those characteristics living in the block/tract,
county, and state. This number isitself aforecast based on the 1990 Census updated to 1992.

Evaluating Indirect Estimators

Thereare severa waysto evaluateindirect estimators, depending on the particular formand
function of the estimation. None are perfect of course; some are less ambiguous than others.

The most straightforward of these involves 1) pretending that certain dataare not available
when in fact they exist, 2) building an indirect estimator, and then 3) comparing the indirect
estimate to adirect estimate based on the actual data. For instance, the National Center for Health
Statistics has tried to construct domain indirect small area estimates of state-level mortality rates
for motor vehicle accidents. Thevalidation is against actual rates computed directly from universe
dataat the statelevel. Similarly, indirect estimates of work disability have been compared to direct
universe estimates from the 1970 Census (Malec 1993).

The basic ideaisthat the particular indirect estimator is judged against some known value
of the direct estimator. If the results agree, this fosters confidence in the indirect estimator as a
possible substitute for the direct estimator.

For instance, if NCES found that an indirect estimator can be shown to produce a good
estimatefor 1995, based on 1994 data, datacollection for asubsequent cycle(e.g., 1996) might then
be skipped. Resources could then be alocated elsewhere. Similarly, if a small area indirect
estimator of, for example, state-level mathematics ability works well over a 3-year period, relative
to the known value, one might then skip a 4th-year cycle of direct estimation and data collection
at the state level, produce the indirect estimate, and reallocate resources.
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Supposethat astraightforward direct estimator or known standard isnot avail able. How then
do we evaluate an indirect estimator? One may try to judge the latter’ s value in predicting some
known estimator, which itself is predictable from direct estimators. One may also try to construct
different indirect estimators and compare results. To judge from Malec’ s description (1993), it is
not clear how to do thisright if each of the different indirect estimators could be wrong in different
ways. Thiswarrants a bit more attention.

Malec (1993) al so suggeststhat when theindirect estimator ismodel -based, then examining
features of themodel can help toinform ajudgment about the quality of theindirect estimator. This
is sensible. But devel oping coherent theory that |eads to construction of a model whose elements
also aretestableisdifficult. Effort in thisdirection nonethel ess seemsjustified. Even small theories
ought to be better devel oped and integrated with statistical models, in thisarenaand elsewhere. To
the extent that different indirect estimators, based on different models and theories, invite deeper
thinking about evaluating the indirect estimators, is to the good.

To summarize and extend Malec’s treatment (1993), evaluating indirect estimators can
involve the following:

e Comparing indirect estimators to direct estimators;

» Comparing the ability of indirect estimatorsto predict related direct estimators;

* Comparing different indirect estimators; and

» Examining the models and theoriesthat underlie the modelsfor theindirect estimators.

NCES might exploit thefirst two approaches. Examplesare given el sewherein thissection.
With afew exceptions, the last two approaches have not been examined deeply. These are where
NCES might make a distinctive methodol ogical contribution.

General Implication: Time Indirect Estimators

Some NCESdatacollection effortsoccur annually. Examplesincludetheyearly acquisition
of school district fiscal dataand the NCESinvestment inthe Current Popul ation Survey Enrollment
Supplement. Often, NCES surveys are uniformly periodic, asis the Schools and Staffing Survey,
inthe sense of occurring every 3years. Or, they are nonuniformly periodic in that thetimeintervals
between surveysmay vary, the National Assessment of Educational Progressbeinganexample. The
calendars for NCES data collection provided in the NCES publication Programs and Plans are
particularly instructive.

Recall that atime indirect estimator exploits information from one time point to describe
what we know about another. Estimates of reading ability in one year, for instance, might then be
inferred from estimates of reading ability at another time. A time and domain indirect estimate of
reading ability may rely on reading ability data from earlier times and on other auxiliary data.
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In the abstract, time indirect estimation methods seem relevant to the NCES survey effort
in several respects. One may imagine, for example, that the annual data on school district fiscal
matters are not available. Rather, only datafor every 2 years are available. Timeindirect estimates
for the imagined absent years can be developed. If thetime indirect estimates accord well with the
actual data, then one might consider eliminating the intervening year’ sdatacollection. That is, one
reduces the burden on NCES and on the respondents. The reduction provides NCES with more
opportunity to do other work.

Theability tovalidatethetimeindirect estimateispossible only because NCES now collects
relevant data annually. If NCES adopts time indirect estimates so as to eliminate some data
collection efforts at a given time, it would still be necessary to validate the indirect estimates
periodically. Even if such estimators are deemed inappropriate now, knowing about their validity
seems important for the future.

The NCES Education Assessment calendar showsthat the surveyson reading have occurred
every 2 years. That is, we understand reading ability in the United States from 4 assessments over
an 8-year period. Imagine that in the future, NCES might conserve resources by doing the reading
assessment every 4 years, instead of every 2 years. Would it be possible to produce estimates for
the intermediate 3 years in which data were not collected? One way of thinking about thisis to
explore time indirect estimators. That is, having reliable direct estimates from NCES for 1990,
1992, and 1994, we imagine that the reading ability data are absent for 1990 and then exploit some
time indirect estimation method to produce an estimator of reading ability for 1992. The time
indirect estimator for 1992 might be based entirely on 1990 data alone or on auxiliary data in
combination with the 1990 data.

More generally, of course, one might explore how time indirect estimators might be
exploited in theinterest of estimating and justifying an estimator 4 years or more out using current
data. That is, if 2-year out data can be predicted well and the evidence for the quality of prediction
is good, then one can eliminate burden to respondents and NCES.

Theraw implication of al thisisthat the periodicity of some surveyscan be altered because
the results of such surveys can be characterized well. This may be possible because NCES has
invested resources in data collection that permit one to understand whether the results can be
characterized well.

Thetimeindirect estimation methods might be exploited in any NCES program that obtains
data annually. The annual efforts up to 1995 in the elementary and secondary arena include the
following:

* Public School Universe;

* Loca Education Agency Universe,

» State Aggregate Non-Fiscal Report;

o State Aggregate Fiscal Report;

e School Digtrict Fiscal Data; and

» CPS School Enrollment Supplement.
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Where a universe sample or censusis used to build a population frame, exploiting indirect
estimates to eliminate the universe sample will be dysfunctional at worst. The functions of each of
the annual efforts then need to be taken into account.

Time indirect estimation might also be exploited in reducing burden and expanding
opportunities in the postsecondary education arena. The relevant annual NCES efforts include
eliciting dataon

+ |nstitutional Characteristics;

Fall Enrollments;

Completions;
* Finances; and
e Doctorates.

Similarly, the NCES calendar for the Library Statistics Program involves annual data
collection efforts that might be reduced to surveys every 2 years, e.g., on public libraries. The
reporting burden and the burden to NCES might be reduced by exploiting timeindirect estimators.
Moreover, how well theindirect estimators perform can be evaluated because NCES has obtained
data on public libraries annually since 1988, and has obtained data on academic libraries every 2
years since 1988. Again, if the survey is used to build a population frame for subsequent surveys,
this would have to be taken into account.

The time indirect estimators might be also exploited in surveys and assessments that are
undertaken every 2 (or 3) years, intheinterest of reducing burden on NCES or respondents or both.
The NCES data collection efforts that have occurred routinely every 2 or 3 years, and that then
present an opportunity for evaluating the indirect estimators include, at the elementary and
secondary level:

e Schools (SASS, 3-year cycle);
e School Administrators (SASS, 3-year cycle); and

e Teachers (SASS, 3-year cycle), among others.

Implication: Cross-Agency Efforts

The OMB Statistical Report #21 represents asmall but noteworthy effort to pool expertise
from different federal statistical agencies. NCES was represented in the work, as was BLS and
others.

An implication of this NCES effort is that the cross-agency efforts can be important and
productive. Beyond this, thereisanother implication. Education-related data areimportant in some
effortsto produce dependabl e heal th statistics. County-level education data, for example, havebeen
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exploited to produce more preciseindirect estimatorsfor state rates of physician visits. Thisuse of
education data reiterates the idea that, theoretically and empirically, education variables are
important in characterizing health phenomena at national and state levels. NCES produces
education data. NCES cooperated and assists in this production by other agencies, such as the
Census Bureau. Theseroles are important to pursue in the interest of better design of surveys, i.e.,
surveys whose results can be used by other agencies.

Implicationsfor Specific NCES Surveys

In the following, the purpose is to educe the implications of developments in indirect
estimation, including small area estimation for specific NCES projects. However, the discussion
is not always well informed. The NCES Report on Programs and Plans was a sturdy source of
information. This section covers the following:

¢ National Household Education Survey;
e Schools and Staffing Survey;

e School District Mapping;

e Library Statistics Program; and

* Fast Response Survey.

National Household Education Survey

The National Household Education Survey (NHES) is undertaken (roughly) every 2 years
on a probability sample of households with children. Special topical supplements or components
have directed attention to adult’s participation in adult literacy programs, school safety and
discipline, and school readiness.

Time indirect estimators might be exploited to produce statistics on the years between the
biennial surveys. It isnot clear that there isimmediate need for such estimates. Still, learning how
to construct them and evaluate them can serve NCES well if 1) abiennial survey must be skipped
and the indirect estimators suffice; 2) learning about the performance of these time indirect
estimatorsisimportant for judging the quality of timein direct estimatorsin other contexts; and 3)
enhancing opportunitiesfor NCESto decrease coverage of somequestionsat littlecost andincrease
coverage of others.

It is not clear whether and how small area estimators might be exploited, based on the
NHES, auxiliary data, and models. The NCES Programs and Plans description, for instance, does
not tell whether the statistics produced on the basis of the NHES are subnational. For reporting on
sometopicsat thelocal or regional level, indirect estimators may be desirable. For instance, school
safety and discipline matters are arguably most interesting at the city level. If resources are
insufficient to provide direct estimates of, say, household encounters with school theft at the local
level, then indirect estimators might be used.
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Domain indirect estimates at the city level in the school safety and discipline arena might
then be based on NHES, and on auxiliary data from the Common Core of Data, the NCES
supplement to the Current Population Survey, or other information. It isnot clear what models can
be exploited to makethe linkage between national (or state or regional) dataand city-level data. Nor
isit clear that linkage is possible.

How to validate the small area estimators produced for school safety and discipline is not
clear. But there are interesting options. They include the NCES Fast Response Survey System
(FRSS), the FBI's Uniform Crime Reports (UCR), the Bureau of Justice Statistics National
Victimization Surveys, among others.

Schools and Staffing Survey

The Schools and Staffing Survey (SASS) involves a periodic nationa probability sample
of schools, interviewsbeing directed toward school -based respondents, subsampl es of teachers, and
at times, subsamplesof special interest. Thelatter included student records officesin 1993—94. The
teacher survey hasincluded a 1-year longitudinal followup of a subsample.

The NCES Common Core of Data provides the public school universe from which part of
the SASS sample is drawn. The NCES 1989—90 Private School Universe File served as the
population frame basis for the remainder of the sample.

The publication SASS by State provides statistics on public schools that are accurate at the
aggregate level for each state and for the nation. The statistics are direct estimators, based on a
sampledesign that permitstheir production. It seemsreasonabl e to supposethat state-level indirect
estimates might be produced using national-level data based on a smaller sample than is usually
drawn, information available from the Common Core of Data’'s universe of public schools, and
modelsto link thetwo. An alternativefeatureto exploring thisstrategy isthat theindirect estimators
can bevalidated because NCES does producedirect estimators against which theindirect estimators
can be compared. Beyond this, the exploration may help us to learn why an indirect estimator
cannot be produced or is inadeguate in this instance and perhaps in others, and if it is adequate,
NCES flexibility in future SASS surveys.

Similarly, given that state-level data are available and assuming that some states have an
interest in district or city-level estimates, NCES might explore the use of these estimators for this
lower level of aggregation. Although evaluation of such estimateswould be difficult, at |east some
validationispossibleif in some statesthe district-level samplesare sufficient for computing direct
estimates.

The Common Coreof Data(CCD) and perhapsother information supplied by the Decennial
Census, for example, may be used in any time indirect or domain indirect estimator. For instance,
the CCD might be exploited in attempts to build indirect estimates of supply and demand for
teachers, teacher characteristics and opinions, and so on a the substate level. Insofar as
municipalities, especially large cities, are concerned about the topics, the indirect indicators may
be sufficient to meet their needs.

4-62



To judge from the 1995 NCES publication Programs and Plans, private school data
generated by SASS is direct estimator based at the national and regional level, but not at the state
level. The 1989—90 NCES Private Universe File may be capitalized as auxiliary variables in
constructing state-level statistics for private schools or for regiona statistics beyond the four
censuses now used. The 1990 census data, or less likely NCES' supplements to the Current
Population Survey, might be similarly capitalized. Insofar as voucher system or relative financial
supports for education are state-based and that private schools have an interest in vouchers, the
indirect estimators may be of value to the users of NCES data.

SASS has been planned for 5-year intervals. Wethen have direct estimatesevery 5 yearson
topicsthat areregarded asimportant by the users of NCES data. Suppose that estimates of statistics
on theinterviewing yearswould occasionally be valuabl e to states, municipalities, or the Congress
or to other admiring users of NCES data.

Estimates of statistics on each year in the 5-year interval between SASS might be based on
time indirect or domain indirect estimators. Suppose, for instance, that a new administration’s
interest liesin the best estimate possible of how many teacherswill quit their jobs and form anew
business, or how many teachers here engagein anew businesswhilethey maintain theteachingjob.
It is conceivablethat indirect estimators can be constructed. Again, their defensibility isnot clear.

Finally, consider the question: “Is it possible to generate indirect estimators for the state
level?’ Becausedirect estimatorsareavailable, theindirect estimates can be eval uated agai nst them.
The question may be worth addressing in a program of research on indirect estimators partly to
better understand their general performance. It may be worth addressing so as to provide more
flexibility inthedesign of SASS. That is, indirect estimators may be adequate for some parameters;
and direct estimators may be essential for others. Learning which is which seems important.

School District Mapping

Regarding School District Mapping, the NCES (1995) publication Programsand Planstells
us that the U.S. Census identified blocks and has mapped them onto local and state education
jurisdictionsin 1970, 1980, and 1990. This mapping project is, in principle, important for indirect
estimation at the loca level. It provides a deterministic geographic link among
jurisdictions—national, state, substate. The information however, may not be sufficient for small
areaestimation. Programs and Planstellsuslittle about what statistics at any geographic level are
produced on the basis of the mapping project, despitetheimport in principle, of the project. It does
tell us that “NCES will provide 200 tabulations of state and district totals to each of 16,000
education agencies and each state.”

Library Statistics Program

TheNCESLibrary Statistics Programisdirected at public libraries, academic libraries, and
school-based libraries and media centers. Public Library statistics are based on annual reports on
a universe of nearly 9,000 libraries since 1988. Reports have been channeled through State
Coordinators. The reporting is automated through the DECPLUS system.
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NCES obtains Academic Library data on the universe of accredited institutions and
unaccredited 4-year institutions every 2 years. The beginning year was 1988. The reporting,
exploiting the software system IDEALS and state level coordinator, is done every 2 years in
coordination with IPEDS. The school-based library stetistics are gathered primarily through the
national probability sample-based Schools and Staffing Survey. Data are available from 1991 and
1994, plans for the future are not yet accessible.

Consider first the annual public library statistics program. The implication of analytic
developmentsin timeindirect estimatorsisthat thelibrary statistics need not be obtained annually.
That is, the library data might be obtained every 2 years, rather than each year. This reduces the
reporting burden on respondents and the burden of processing reports for NCES staff. If time
indirect estimators are adequate, the reduction in burden isnot complete. A small burden would be
shifted to those responsible for producing the time indirect estimators and for producing evidence
that the estimators are credible relative to some standard.

Whether it isvaluableto anyoneto reducethe burden of reporting for publiclibrary statistics
is debatable. NCES and the states have done a remarkable job to generate a low cost reporting
system.

Despite this success, exploring the use of time indirect estimators may be warranted on
accounts. First, the time dedicated to reporting each year for the annual public library data may be
dedicated differently every other year without real damage to annual datathat are based on direct
and indirect methods every 2 years.

The alternative years might be dedicated to special surveys; for instance, we might like to
understand the frequency of users of the public libraries, based on library card use. Now, we might
liketo understand periodically which books, in alist of 100, are most exploited based on check-out
lists. The point isthat the time dedicated to an annual report might be adjusted. The routine report
may be madeevery 2 years. A report on special interest may be madefor each intervening year. The
statistics on intervening years may be generated through the year in direct estimators.

Fast Response Survey

TheFast Response Survey System (FRSS) isusually based onanational probability sample.
The members of the sample are asked for information by mail or telephone.

The sample design, in some cases, is such that regional-level estimators (i.e., subnational)
are possible. Further, the surveys, at times, obtain substantial demographic information on
individuals or the institutions on whose behalf individuals report.

The FRSS data collected at the national level can, in theory, be combined with other NCES
data obtained at state or regional level in the interest of producing local area statistics that are of
interest. For example, FRSS does not produce state or substate statistics on criminal and
noncriminal disorder in schools. It produces national and regional statistics. Statisticson citiesare
often deemed important by Congress and by the states. Statistics at the state level are often deemed
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important. The subtechnology of small area estimators might be brought to bear to provide those
statistics. The objective seems feasible for state rather than substate levels, but both seem worth
exploring.

ADJOINING RANDOMIZED EXPERIMENTSTO OBSERVATIONAL SURVEYS:
SATELLITE POLICY

I ntroduction

There are a variety of ways to enhance the usefulness of surveys. In this essay, one such
strategy is considered. The ideais to attach controlled randomized field experiments periodically
to ongoing NCES surveys.

Research policy that encourages coupling thetwo approaches, experimentsand surveys, will
make both survey dataand experimental datamore useful for socia science and public policy, and
decrease the artificial separation of the sample survey and experimentation traditions. The
expectation isthat linkage will occasionally reduce unnecessary debates over policy-relevant data
analyses. In short, a policy that invites coupling of surveys and experiments would combine the
strengths of each approach while compensating for their respective analytical and administrative
weaknesses.

The following section provides excerpts of work by Blumstein et a. (1986), Farrington
(1988), Fienberg and Tanur (1986), Boruch and Pearson (1988), Boruch (1975), and others. It also
presents some new ideas.

Definitions

Longitudinal surveys are defined here as repeated observations of the same persons or
organizations or other entitiesin theinterest of documenting growth and change. A major purpose
of such studiesis to understand how individuals (or organizations, and so on) change over time.
Interest may, for example, lie in the growth of children’s intellective achievement and how that
growth accel erates rapidly during some periods (e.g., early childhood) and accelerates less rapidly
in other periods. Or, the interest may lie in variations in level of delinquent activity over some
period. When based on well-designed national probability samples, such surveys are the best
possible approach to statistical characterization of individuals growth, development, and
engagement in various educational and social systems. Compendiaof national longitudinal surveys
are given in Taeuber and Rockwell (1982) and in Verdonik and Sherrod (1984).

Randomized experiments are defined as settings in which individual s (or organizations, or
other units of study) are randomly assigned to one of two alternative regimens. The object of the
experiment isto estimatetherel ative differencesamong regimensin away that isunbiased, and that
permits formal probabilistic statements to be made about one’s confidence about the estimates.
Interest in long-term differences between what are frequently referred to as “treatment” and
“control” groups are often of interest and may engender the repeated observationsthat characterize
longitudinal or panel research designs. Collections of field experiments are listed by Boruch et al.
(1978), Riecken et a. (1974), and others.
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The statistical models used to analyze each kind of data usualy differ. Heckman and
Singer’s edited monograph (1985), for instance, reviews methods of analysis but not the design of
such studies. But one can devel op anal ysesthat simultaneously exploit contemporary experimental
design models and models designed for common panel or longitudinal data (e.g., Boruch 1975;
Fienberg and Tanur 1986, 1987b).

A Proposal for Satellite Policy

The proposal for joining experimental studies to ongoing NCES surveys may be stated as
follows (amended from Boruch and Pearson 1988).

Any NCES survey study should be designed so that independently designed experimental
studies can be adjoined to the survey so long as 1) the experiment is compatible with the mission
of the NCES longitudinal survey; 2) the risks of disruption to the NCES survey can be managed,
especialy in regard to the time frame, respondent’s burden, and institutional cooperation; 3)
designated contractors are responsible for oversight of the process; and 4) the experiment involves
no appreciable cost to NCES.

This proposal is analogous to the policies on satellite use that have been used in
astrophysics. Thesatellite, likealongitudinal survey, hasaprimary monitoring missionand requires
considerable resources to place and maintain. Further, scientists can obtain access to part of the
satellite periodicaly for limited, temporary investigation of important scientific questions (i.e.,
experimentations).

The strategy proposed here allows the research to depend on the infrastructure of the
ongoing survey as a vehicle for conducting prospective experimental studies. The proposal also
extends ascientific tradition of “datasharing” in the social and behaviora sciences and education
research (Fienberg et al. 1985). In particular, it requiresthat resources be shared: populationlistings
and sampling frames, the organizational vehiclesfor longitudinal surveys, and so on, not just data.

Adjoining experiments to ongoing longitudina surveysislikely to be feasible. However,
this may occur for only for a few projects, perhaps only one every year or two, because of the
difficulty of coupling a specia study to an already complex survey.

Justificationsfor a Satellite Policy

Thereare several kinds of justification for adding controlled teststo such astudy design, as
described next.

Scientific and Statistical Rationale

The mathematical conditions under which longitudinal (nonrandomized) study will fail to
yield an unbiased estimate of relative program effects are well understood. Rubin (1987) provides
abasic description in the context; Campbell’ sand Boruch’ streatment (1975) is more rudimentary.
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Heckman and Robb (1985) provide el aborate description for analysisof bothlongitudinal and cross-
sectional datain an economic context.

Despite advances in the mathematical aspects of the topic, the problem of assuring that
mathemati cal assumptionsaretenableremains. Even determining whether assumptionsare met can
be difficult or often impossible, especially where theory is not adequate. All approaches to
estimating the effects of intervention based on longitudinal nonrandomized data depend heavily on
the assumption that performance of individualsin the absence of the intervention can be estimated
accurately.

The assumption is patently suspect to judge from empirical comparisons of evaluations
based onlongitudinal against eval uationsbased on randomized eval uations. Lal onde (1986), Fraker
and Maynard (1987), and Maynard (1987) show how estimates of program effect based on the
former have been demonstrably wide of the mark in evaluation of manpower programs.

Theeconomist’ swork isrecent. Early research on nonrandomized clinical testsin medicine
and on randomized clinical trials showed differences in results between the two. Boruch and
Riecken (1975) gave relevant illustrations.

Work by Gray-Donald and Kramer (1988), for instance, reiterates the point for research in
pediatrics. Observational studieshavetypically shown adefinite association between infant formula
supplementationin hospital settingsand lower subsequent breast-feeding by mothers. Theinference
has been that supplementation then has an important potentially negative effect. Controlled
randomized tests show no such difference, reducing pediatricians' concerns about supplemental
feedingsin hospitals.

The point of this and other illustrations is though longitudinal studies may be useful for
description of growth and change, they cannot be relied on for accurate estimates of the effects of
new intervention programs, at least not in the absence of strong theory.

Theimplicationsfor Chapter | evaluations based solely on longitudinal study aredirect and
have identified been by Smith (1988). The law’s demand that Chapter | effects be estimated using
only longitudinal study cannot be met without heroic assumptions about children’ s behavior in the
absence of such programs. Such assumptions may be tolerable politically. But they are often
indefensible scientifically. The implications for longitudinal study of the Program on Human
Development and Criminal Behavior arerelated if indeed the program seeksto determinehow onset
of delinquent behavior and resistance can be affected by intervention. They are reiterated by
Farrington (1988) and Farrington, Ohlin, and Wilson (1986) among others.

A second justification for adjoining experimentsto longitudinal study isthat the scienceand
technology of randomized field tests of projects has developed more or less independent of the
technology of longitudinal surveys. The intellective separation is often sufficient to prevent
researchers from thinking about both in designing tests of new programs or in designing
longitudinal studies of important topics. There are good scientific reasons to avoid intellective
parochialism here and to understand the union of approaches when the opportunity arises.
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A third scientific justification stems from the observation of Fienberg et al. (1985) that
although major experiments involve collecting longitudinal data, their analysis is often based on
dynamic model sthat were not incorporated into the design of theexperiment. Thefailuretoinvolve
these models in design of the survey, they suggest, ultimately leads to less defensible analyses of
experimental results. The argument seems sensible. But little formal research on therelative gains
and costs of basing designs on analytical models appears to have been undertaken.

The scientific justification for coupling experiments and longitudinal surveys is then to
capitalize on the strongest merits of each. That is, one obtains both the information produced by
national probability samples—often conducted over a considerable length of time—and the
information produced by smaller comparative experiments in which causal inferences are more
appropriately deduced. Insofar as the experiments can be adjoined systematically to surveys, their
generalizability will be enhanced.

Economic Rationale: Less Costly Policy Experiments

It takes considerable effort to mount high-quality surveys. It also takes considerable effort
to mount randomized tests of policy relevant programs, more effort if we recognize the difficulty
of maintaining control over selection of individual sinto programsand over program operations. To
the extent that an experiment can capitalize on the resources and data of a survey, the experiment
becomes aless costly enterprise.

Experiments undertaken by the Broward County School Board' s Department of Research
(1987) are acasein point. Their experimental tests of the AIM project for youth at high academic
risk capitalizes heavily on aregular system of standardized testing using lowa Achievement Tests
(i.e., aperiodic survey) and the infrastructure to which regular testing was based to execute the
experiments. Theinfrastructure was especially useful in tracking the large number of children who
migrated from the origina 6 schools to 18 schools (Carey Sutton, Personal Communication,
November 11, 1988). In alongitudinal study, for instance, we might reasonably expect the adjoined
experiment to exploit one or more of the following elements of the basic survey-based study:

* Interviewer cadre, the investmentsin their training, supervision, and quality control;
* Questionnaire and interview design;

» Information generated in the longitudinal study about local institutional, political, and
managerial constraints and stakeholders; and

» Knowledge emanating from the survey about the structure and quality of administrative
records, e.g., police records, education records.

Two kinds of local statistical datagenerated in surveys are often crucial to awell-executed
experiment: estimatesof the number of individual srelevant to aparticul ar experimental project and
estimates of the tempora flow of such individuals through various systems. So, for instance, a
longitudinal study that included attention to youthful co-offenders might generate good information
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on their number, their geographic stability and their general geographic location or locatability.
Such pipeline studies could arguably help to avoid the problem of some experimental testsin police
handling of domestic violence and others (Project Review Team 1988). Such information is basic
to a pipeline study that would inform the design of a experiment dedicated to preventing illegal
activity by co-offenders.

It would, of course, be amistake to depend on a survey system to inform all aspects of the
design of experiments. It usually cannot help much, if at al, in understanding the ethical or legal
propriety of experimental tests, for instance. Nor would a survey help to understand the obstacles
to implementing a new regimen in the experiment.

Theimplicationisthat field experiments can exploit surveys donein the areasin which the
experiment will beemplaced, to decreasethe cost of experiments. Thereduction in cost stemsfrom
capitalization on human and statistical resources and savingsin time.

Prophylactic Rationale

Cross-sectional and longitudinal surveysare often used to produce evidence that they often
cannot support as, for example, in addressing questions in the socia sciences and public policy
about theimpact of social programs. The Continuous L ongitudinal Manpower Survey, for instance,
has been and is supported primarily on grounds that it isimportant for understanding the changing
nature of the pool of human resources available to society.

A second justification for the Continuous Longitudinal Manpower Survey isthat it isuseful
to understand the effect of special programs in youth employment and job training. The second
justification may be useful for rhetorical purposes (e.g., to gain political and fiscal support for the
survey). But it is not always appropriate and is counterproductive insofar as the claim is
exaggerated. That is, longitudinal surveys aone are usually not sufficient to estimate the effects of
programs designed, say, to affect the earnings of individuals, some of whom happen to participate
in the survey. Nor are these designs sufficient for making causal statements about the effects of
programs in the health, crimina justice, and other areas. See the earlier remarks on scientific
justifications and the reference to the Fraker and Maynard (1985; 1987) and LalLonde (1987)
comparisons of program effects based on randomized experiments against effects based on data,
notably the CLM S and the Current Population Survey (CPS).

In the case of evaluating Chapter | programs or others in elementary and secondary
education, relying on alongitudinal study will merely continue a practicethat isknown to berisky.
Theestimates of program effect, if onefollowstheinstruction of law, will be ambiguousat best and
misleading at worst. To the extent that randomized experiments are a prophylactic to such resullts,
and have been recognized as such in medicine and education since the early 1970s (Campbel| and
Boruch 1975), then such experiments ought to be considered seriousdly.

The Program in Human Devel opment and Criminal Behavior has grappled with thisissue
(Farrington, Ohlin, and Wilson 1986) and continues to do so.
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Calibration Rationale

An engineering justification for joining experimentsto ongoing longitudinal surveysisthat
onemay usethe experimentsto calibrate estimates of program effectsthat arederived entirely from
thelongitudinal survey (Boruch 1976). That is, the biasesin estimates of program intervention that
are based on longitudinal data can be assessed, and periodicaly corrected, through controlled
experiments. Longitudinal studies are then likely to be more policy-relevant and less ambiguous
with respect to biases in estimating program effects. Experiments are likely to benefit from their
greater generalizability, lower costs, and more manageable administration.

As a practica matter, systematic calibration is a couple of decades in the future.
Nonethel ess, one can devel op rude comparisons of resultsfrom both kinds of study. Inthework on
comparing estimates in supported-work manpower training programs, for instance, the biases
engendered by relying on alongitudinal survey differ depending on whether one considers youth
or recipientsof Aidto Familieswith Dependent Children. For instance, the estimatesfor theimpact
onyouthin 1979 was near zero for the experiments and minus $1,200 for the nonrandomi zed study.
Estimates for AFDC women do not differ appreciably.

It isespecially appealing to consider calibration in the case of Chapter | programs because
the better parts of the Chapter | Reporting and Information System and infrastructure might be
exploited. (See Reisner et al. [1982] for work up to 1981.) The comparison of estimates of program
effect based on grade equivalents against estimates based on randomized tests may reveal that the
former does well under certain conditions, e.g., for 2nd graders. The accumulation of experience
about when each type of estimateisin accord can help us to understand when experiments are not
needed.

Methodological Rationale: Better Methods and Data

Some of the methodological reasons for joining experiments to longitudinal studies are
implicit in the earlier remarks. The economic rationale, for instance, carries the implication that
experiments can be better designed so they cost less. The statistical and calibration justifications
also accord with methodological interests.

Themethodological rationalefor joining experimentsto longitudinal study can be narrowly
construed, and oftenis, to understanding how to reduce measurement error in tests and interviews.
Understanding how to elicit accurateinformation from peopleintheface of poor memory, difficulty
inunderstanding questions, and rel uctanceto provide responses seemsimportant. The problem has,
at times, prompted the design of experiments in the general context of longitudinal studies.

Malvin and Moskowitz (1983), for example, undertook randomized experiments to
understand how to better elicit information from junior high school students on their drug use and
attitudes. The work involved comparing completely anonymous responses to ones in which
identification was elicited but privacy assured by the substitute teachers responsible for
administration of questionnaires. The biases reported in identified questionnaires appear to the
authors to be very small except for current use of drugs.
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The Wels (1987) review of research on reliability of reports on delinquent and criminal
behavior suggests that new methods of eliciting information do often not work better than high
guality conventional ones. The paper is persuasive on this account. Still, need to improve quality
invites attention to better controlled tests. Some of the tests can be adjoined to longitudinal study.

Mathiowetz (1987), for instance, mounted studiesto understand how to better ask questions
about the unemployment spells of employees of alarge company partly to improve quality of data
in the Panel Study of Income Dynamics (Mathiowetz and Duncan 1984). Her object was to ask
guestionsintwo different waysto determinewhichyielded morevalidresults: validity standard and
available company employee records. Although in this case the same sample was asked both kinds
of guestions, an experiment could have been designed to achieve related ends.

Policy and Political Rationale
A longitudinal study’s usefulness to policy lies partly in its capacity to show change. A
national shift in school truancy level may, for instance, direct attention to the problem.

Consider then that the scholarly and policy use of longitudinal datais high soon after afirst
wave of measurement. The use tapers off rapidly until the next wave. Consider further, severd
waves of measurement may be characterized by little change in the phenomenon of interest.

The implication is that “surprises’ in the sense of new understanding over time will be
infrequent and will decay. If they occur at al, they will be tied to frequency of measurement and
frequent change. To the extent that thisis true, one might choose to measure frequently. This may
make possible results that show, for instance, that only 10 percent of the individualsinvolved in
high crime commission ratesin oneyear areinvolved inlow or zero ratein asubsequent year. This
finding hasimplicationsfor policy: the high rate individuals are not durable in their enterprise and
S0 perhaps one ought to invest in prevention rather than punishment.

It is safe to assume that such surprises will be infrequent. And the longitudinal study may
have to be refreshed, in the interest of generating understanding that is not obvious.

Torefresh and invigorate thelongitudinal study, it seemsintellectually justified to consider
joining policy experimentsto theenterprise. That is, one guarantees surprises—new understanding
of apolicy-relevant kind—by doing controlled experimentsthat are designed to inform policy. The
regimens tested are, of course, unknown with respect to their effectiveness. On this account they
also assure new understanding.

Consider, for example, Chapter | program evaluations. The expectation of some observers,
tojudge by P.L. 100-297, isthat such programswill indeed affect truancy. A national longitudinal
study may detect no effect of aprogram on truancy simply because anational study cannot measure
asspecifically, frequently, and reliably asisdesirable; nor isit reasonabl e to expect that despite the
enormous variation in such programs all will be directed toward truancy. Controlled tests of
programs that replicate what appear to be the best of the existing programs might then be
undertaken in sites that do not have such programs.
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In the case of the Program in Human Development and Crimina Behavior, one might also
refresh the longitudinal study periodically by undertaking experiments. For instance, handling of
students at risk of further truancy varies a great deal. Ethnographic studies of the sort implied by
Cooley (1988) may help to identify how most schools handle the matter and how the most
conscientious do so. Designing formal programs based on what appears to be the best and testing
these in avariety of settingsis likely to be at least as important, more important perhaps, and as
newsworthy asalongitudinal finding that “truancy is associated with delinquency and subsequent
crime.”

Related Resear ch Policiesand Origins

Precedents exist for coupling prospective methodol ogical experimentsto ongoing surveys.
The Bureau of the Census, the Social Security Administration’s Office of Research and Statistics,
and other agencies have undertaken experiments to assess the validity of information reported to
them. Measurement error and validity studies have, for example, preceded or been adjoined to the
National Longitudinal Study of the Class of 1972 and the Adult Literacy Survey. In the social
scientificcommunity, thegeneral Socia Survey, whichregularly employssplit-half designsto study
such phenomenon as the effects of question ordering.

More pertinent hereisarecent effort to eval uate the USD E-sponsored Even Start programs.
The program directs attention to family literacy and support services for preschoolers. Robert St.
Pierre (1993) and his colleagues executed randomized experimentsin five purposely selected sites
to assesstherel ativeeffectsof the programs. Alongsideitseffort, aNational Evaluation Information
System (NEIS) wasexploited to provideinformation on each of amuch larger number of Even Start
sites to provide another estimate of program effects. Estimates, incidentally, differ on outcome
measure and reasons for the differences are being explored.

Earlier precedentsexist. Fraker and Maynard (1987), for exampl e, reported on comparisons
between controlled experiments and sel ection model-based analyses of survey datain evaluations
of manpower training programs.

The proposal adjoining experiments to longitudinal surveys is related, of course, to
piggybacking in observational surveys, i.e., adding questionsto aquestionnaire to meet the special
needs of sponsors or the public. It isrelated also to the common practice of augmenting samples
toinvestigate special groupsthat cannot be explored in aconventional national probability sample.
The sample augmentation procedure of the National Assessment of Educational Progress, for
example, permits states to add respondents within their states so that confident statements can be
made about the state’'s students' achievement test scores, statements that would have not been
possible with the survey’ s national sample design.

The satellite policy proposed here differs from earlier policies and precedents in that it
suggests that the studies adjoined to the survey be prospective randomized tests of programs,
substantive program variations, or their components. Such studies are not designed primarily to
inform the methodologist; that aim is important but secondary here. Rather, they are designed to
hel p understand what worksbetter. Thedistinctionisanimportant oneinsofar associal experiments
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engender problems that are not encountered (or are encountered in less extreme forms) in
methodological experiments.

The proposal for joining experiments to ongoing longitudinal surveys has origins in the
debate among scholars and bureaucrat-scholars about how much one can depend on longitudinal
data. It shares an interest with those who have discussed the issue of combining experimental and
sampling structures (Fienberg and Tanur 1986; 1987b). There is no doubt about the need for such
data for understanding change. The debate lies in whether these data can be used sensibly to
understand the causes of change.

Making comparisons between results of controlled tests is sufficiently important to
evaluation policy in AIDS prevention that the National Academy of Sciences urged that agencies
such as the National Science Foundation sponsor research on the topic (Coyle et al. 1991).

The National Research Council’s Panel on Criminal Careers makes longitudinal study
paramount in its proposed research agenda (Blumstein, Cohen, Roth, and Visher 1986).
Randomized field experiments are considered generally in the context of longitudinal study as a
device to test hypotheses emerging from such study and to test projects in prevention, criminal
career modification, and selective incapacitation. Specific linkages between each approach to
understanding are implied but not discussed in detail.

Similarly, theNational Academy of Sciences Committeeon 'Y outh Employment Programs
examined major studies to understand whether one could draw firm conclusions about program
effects from earlier research (Betsey et a. 1985). The committee concluded, among other things,
that longitudinal surveys are no substitute for randomized experiments when the object is to
estimate the effectiveness of new youth employment programs. M oreover, the committee urged the
use of randomized experimentsfor this purpose; asatellite policy isdiscussed in an appendix toits
report.

The proposed guidelinefor coupling randomized design to longitudinal surveyscan also be
traced to a technical advisory committee for employment program evaluation appointed by the
Department of Labor. The DOL sought to learn whether analyses of manpower programs based on
conventional longitudinal surveys against estimates based on randomized trials. The conclusion of
this exercise was that the two estimates are not always in accord. Indeed, they differ remarkably.

The justification for the coupling of longitudinal, cross-sectional and other surveys with
randomized experiments appeared in the early 1970s. In particular, the Social Science Research
Council’s Committee on Experimentation as a Method for Planning and Evaluating Social
Interventions devoted considerable attention to the problem of generalizing from experiments.

The Committee produced two state-of-the-art monographs: Riecken et al. (1974) and Boruch
and Riecken (1975), aswell as avariety of papers. One of these papers concerned the coupling of
randomized experimentsto “ approximationsto experiments,” such aslongitudinal surveysand the
models used to underpin their analyses (Boruch 1975).
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Proposals for adjoining experimentsto longitudinal and some cross-sectional studies have
sincethisearly work been presented formally to policy boards responsible for enhancing databases
and their utility. The groups include the Policy Advisory Board of the National Center for
Educational Statistics(1982), thePolicy Advisory Board of theNational Assessment of Educational
Progress (Boruch and Sebring 1983), the National Science Foundation’ sHuman ResourcesDivision
(1982), and others.

Examples of the Contextsto Which the Satellite Policy | s Relevant

Toillustratethekinds of setting to which the proposal is pertinent consider some examples.
In what follows, different longitudinal studies and different experiments are considered. The
settings bear on out-of-school youth and young adults, high school students, and children in early
grades who are at risk.

Chapter | Evaluation

Consider Broward County’s AIM project as a possible model. The project was targeted at
2nd graders at risk of academic failure. Risk was determined by the students' performance below
the 26th percentile on the lowa Test of Basic Skills. The AIM program involved random selection
and assignment of these students to all-day programs in small classrooms, with an emphasis on
basic skills; the classes were being taught by specially selected teachers.

The project was undertaken in a district that has considerable standardized testing and a
Research Department that is active. The experimental field test of the AIM project exploited the
testing and research infrastructure in several ways that can be emulated in evaluating Chapter |
programs.

» Candidatesfor theprogramwereidentified onthebasisof regular testing, i.e., low ITBS
SCOores,;

» Impact of the program was based on the ITBS administered to project participants and
comparison students,

* Routinely collected administrative records on absences and behavior problems were
used to understand implementation and outcome;

» Specialty testsweredevel oped to capturelocalized differences between therandomized
AIM and non-AIM students; and

* Theadministrative system for tracking students was used too.

Not all school districts are interested in improving programs in ways that are testable, of
course. Not all schoolshave sufficient numbersof studentsat risk to justify theinvestment in either
program innovation or formal test. Broward County School District is, for instance, the largest in
the country.

The implication is that not all districts with Chapter | programs are capable, much less
willing, to emulate such tests. Nonethel ess, the Broward experience can help to inform the work
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of others, and to inform the way we think about coupling experiments to surveys and to routine
administrative and academic information systems.

Multicohort-Multicity Longitudinal Studies of Delinquent Behavior

Consider surveys currently being designed by the Program on Human Development and
Criminal Behavior. Thesesurveysarerelevant to proposalsfor Chapter | evaluationinthesensethat
both studies are longitudinal in character, are likely to focus on at least some common outcome
variables such as truancy, and will be national in scope.

Itisnot hard to identify potentially interesting experiments that might effectively exploit a
longitudinal study infrastructure and be worth doing. In fact, the number of optionsis sufficiently
great to make choicedifficult. Thefeasibility of any option may then bethe determiningfactor, e.g.,
willingness of the site's public service agencies, such as police departments or courts or
community-based organizations to cooperate.

For exampl e, relatively innocuous and small but useful side experiments might be adjoined
in al longitudina studies to determine which methods are most effective locally in eliciting
cooperation inthe main longitudinal study or inimproving the accuracy of reporting on delinquent
or criminal activity. A strategy that comports with this am might simply replicate and improve
earlier experimental tests of such methods, such as the following:

* Malvin and Moskowitz (1983) on drug attitudes and use among junior high school
students;

» Goodstadt and Grusen and others on the use of randomized response and other methods
for eiciting sensitive information (Boruch and Cecil 1979);

» Bradburn and Sudman (1981) and others on alternative methods of interviewing and
guestionnaire design to improve data quality; and

» Potentially useful experimental tests are implicit in Weis (1987).

For adolescent or in-school cohorts, it may be desirable and feasible to design and test
programs based on a variety of theoretical perspectives. Differential association theory (Ohlin
1988), for instance, suggeststhat association of target adolescents with otherswho are more or less
delinquent will affect the targets' delinquent behavior. To the extent that school-based programs
(e.g., that focus on unacceptable social behavior) or programs that attract individual s who are out
of school into employment or other programs are worth testing, the longitudinal infrastructure will
facilitate such testing. The extent to which shiftsin association can be controlled at all seemsworth
testing in a controlled education, sociological, and training context.

Takingthisideafurther, Reiss(1986) reviewed avail abl e research on co-offendersgenerally.

He endorses the idea put forward by Klein and Crawford that external sources of cohesiveness of
gangs, if eliminated, would lead to gang dissolution or degraded cohesion. He recognizes that
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conventiona approaches, e.g., incapacitation and social work attention, do not reduce internal
cohesion and, on the contrary, may increase it. The options that are explicit in the Reiss paper and
that lend themselves to experimentation include the following:

» Court-oriented efforts to sanction co-offenders in ways that are different from
sanctioning individuals (to increase sense of risk), e.g., early sanctions to all co-
offenders,

* Interventions designed to reduce external sources of cohesiveness (e.g., threats from
gangs, revenues from drug sales); and

* Intervention designed to disrupt recruitment of co-offenders.

Consider now adifferent kind of coupling, onethat involvesarandomizedtest, atime-series
analysis, and longitudina study. The idea of combining these has precedent in at |east one major
economic effort: the Experimental Housing Allowance Program. In EHAP, poor families with
certain cities were randomly assigned to various kinds and levels of housing allowance (e.g., for
homerepairs). In other citiesinvolved in so-called saturation experiments, the providersof housing
were given federally subsidized support to understand how to enlarge the supply of quality housing
for the poor; the estimated effect in these projects was based on time-series analyses.

Related kinds of couplings have been planned but not executed in Wisconsin. Irv Garfinkle
and hiscolleagues have begun randomized experiments on better waysto extract child support from
delinquent fathers. And to understand how communitywide interventions affect such payment,
saturation tests have been designed for county-level implementation. It is conceivable that similar
randomized tests and nonrandomized time series or panel analyses can be executed in other areas,
in the interest of understanding how to assure that young, out-of-home fathers provide financial
support to their children.

Alex Weiss(1988) has considered the merits and shortcomings of randomized experiments
on police handling of crime. His stress on the use of time-series approaches suggests a coupling of
the approaches. So, for instance, if the general effects of delinquency deterrence are plausibleat all
they ought to emerge from communitywide programs that focus on norms, associations, handlers,
sanctions, and so on. And in some geographic areas, pertinent saturation experiments that exploit
time-seriesor longitudinal datamay befeasible. Elsewhere, deterrent effortsthat focuson offenders
and co-offenders might be designed and tested in randomized experiments that aso include long-
term (longitudinal) followup.

Consider the NLS—72, HS& B, and NEL S:88. These surveys are costly and widely used by
the educational research and policy community. They are sponsored by NCES and have led to a
variety of provocative reports, e.g., Coleman et al. (1982).

There are avariety of reasons why such studies are relevant to proposals for a Program on
Human Development and Criminal Behavior. Totheextent that the Program or Chapter | evaluation
will involve study of the onset and resistance of delinquency among in-school children, the NCES
longitudinal studies might be augmented to focus on the high risk geographic areas and peoplethat
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are of primary interest. Questions might be added to ordinary questionnaires to add to the fund of
knowledge.

Moretothepoint, consider that the Programin Human Devel opment and Criminal Behavior
may bein aposition to augment not itsown longitudinal survey, but future NCES surveys or waves
of measurement. That is, if the program invents, extends, or facilitates the invention of programs
that reduce delinquency among high school students, then the Program’ s interest in testing them
could drive the tests beyond its own borders. The drive may stem from inadequacy or irrelevance
of its own target samples, or from simple interest in better use of institutional resources.

For instance, differential association theory explored by Ohlin suggeststhat anindividual's
resistance to crime results in part from a change in associations, notably a change from criminal
associations to noncriminal. Inducing and maintaining such a change may involve jobs, military
service, or other specia handling methods. Programs designed to do the job should take account
of history inlocations, number of those at risk, level of risk, and so on. Information about these are
availableor can be collected at marginal cost from target areasin anational NCES survey. Further,
the relations between the survey and local sites are sufficiently good to consider providing
opportunities to do side experiments on effectiveness of such programs.

The example implies alink between delinquency research and educational research. Why
would afederal office of educational research and statistics benefit from an explicit satellite policy
more generally? There are several reasons. First, issues of data and resource sharing have emerged
often during meetings of advisory committees for HS&B and NLS, and it seems reasonable to
expect their reoccurrence. It then seems sensible to develop a program of joining experimental
studiesto these surveysthat would help such committees and their staff understand how to respond
to these issues equitably and efficiently.

Beyond this, it is not difficult to identify major survey-based studies and related multisite
controlled field experiments. For instance, NELS:88 is being used to try to assess the effects of
precollege programs, such as Upward Bound, on persistence in school, college applications, and
so on. A series of controlled experiments on Upward Bound (Trio more generally) are being run
independent of this. NLS—72 and NEL S:88 have been used to study the effect of various factors
on dropping out. There are over adozen controlled experimentsin thefield designed to understand
whether USDE dropout demonstration projects work.

Employment and Training

L et us suppose that randomized trials of employment and training programs are not always
appropriate or feasible. Suppose further that there is some interest in learning from such trials,
especialy through using longitudinal surveysasavehiclefor their implementation. How might such
experimentsbe carried out? Severa strategiesmay be appropriate, and werereflected, for example,
inearly plansto evaluate programsof the Job Training and Partnership Act (Bloom et al. 1987). All
of the following discussion assumes that experiments can be conducted in away that permits one
to take advantage of the longitudinal data and the organization structure used for its collection
without disrupting that process.
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Specific componentsof full programsmay warrant testing. For example, weknow very little
about when, why, and how different varieties of job counseling “work.” Mounting experimentsin
aselection of sitesto assessthe effects of the components of an employment and training program
will often be more feasible and perhaps more appropriate than national trials on full-blown
programs. See, for example, Bickman (1985) on assessing preschool programs for children in
Tennessee.

Augmenting the existing employment and training regimens may be feasiblein some sites.
For example, how “residential” doesresidential training haveto be?Weknow that someresidential
programs work (e.g., the Job Corps). We do not know how brief the residential experience can be
while continuing to be effective (see, for example, Betsey et al. [1985] on such programs).

There is little good evidence to help answer the question “Does it ‘pay’ to treat the most
needy, rather than the least needy?’ The most “trainable” people (i.e., those most likely to benefit
from training) often lie at the margin of need. And this margin often defines apopulation for which
randomized trials are likely to be most feasible. Randomization at the margin can be coupled with
other designs as well, e.g., regression-discontinuity (Riecken et al. 1974).

Selecting only the best of an array of research sites that are capable and willing to conduct
experimentswill not givefair estimates of theimpact of programs. But such siteswill demonstrate
the best that can be done, thus providing evidence that may be sufficient for purposes of making
policy and producing research that is heuristically rich for the social sciences.

Probable I ssues and Options

Theideaof adjoining field experiments periodically to longitudinal surveysisnot new. But
it has not emerged often and thisaccounts perhapsfor the scarcity of thoughtful paperson thetopic.
Another reason for this scarcity may be the difficulties of executing the idea.

Some of the difficulties are resolvable given the current ability of research managers and
manager researchers. Others require more thinking and perhaps pilot tests.

Thefollowing considersissues and optionsthat are generadl, i.e., not depending on whether
the experiments are adjoined to an existing longitudinal study or to a proposed study. Respondent
burden isimportant regardless of design for example. It also treats issues that depend on whether
the experiment is adjoined to an existing study, e.g., proprietary interests, or to a proposed one.

Standards for Joining Field Experiments to Ongoing Surveys

The proposal put forward earlier suggested that adjoining experiments to a longitudinal
study be regarded as alegitimate research aslong as

1) the experiment is compatible with the mission of the longitudina survey;

2) therisks of disruption to the survey can be managed;
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3) designated contractors are responsible for oversight of the process; and

4) theexperiment engenders no appreciable cost to the agency supporting the longitudinal
research.

Adhering to these standards is likely to reduce or eliminate obvious problems.

Still, one must decide which of a variety of potential experiments should and can be
adjoined to the longitudinal study. Greenwood’ s draft paper (1988) lays out five criteriathat help
in making a choice. Paraphrased, the criteriainclude the following:

1) theoretical importance of the program(s) proposed for experimentation;
2) empirica evidence for the worth of the program(s);

3) “amount of difference’ between proposed regimens and current practice;
4) compatibility with the longitudinal design; and

5) political feasibility.

Thefourth item of courseis part of the Boruch-Pearson (1988) proposals. Discussions and
criteriafor understanding political and managerial feasibility areimportant and have beengivenin,
among others, Chelimsky’ sedited volume (1985) onevaluation at local, regional, and federal levels
of government, and in Riecken et a. (1974) on managerial, ethical, and institutional and political
issues, engendered by social experiments.

Greenwood’s second criterion implies that evidence ought to be available from quasi-
experimental or other randomized experiments. It seemssensible, giventhelikely cost of mounting
new experiments, the need to anticipate outcomes, and the need in most field experimentsto rely
on earlier pilot testing of randomization procedures, measures, and negotiation strategies (Boruch
and Wothke 1985).

Criterion number threeisinteresting in part because one can easily argue two sides. To the
extent adifference between proposed regimensand existing control regimenissmall, then detecting
adifference in outcome will probably be difficult and perhaps not worth the effort. On the other
hand, asmall changeislikely to be politically and managerially more feasible than alarge one.

Similarly, to the extent that the difference between proposed regimen and existing control
regimen is large, differences in outcome are likely to be more detectable and the product may be
useful on policy and theory ground. But the managerial problems may be difficult. The handling
of this matter by Riecken et al. (1978) isto encourage some testing of extreme program levels, the
reasoning being that most interventionsare weaker than they are predicted to beand that effectsare,
if the variation is effective, more detectable (pp. 33—34).

Adjoining Experiments to Existing Surveys
Proprietary interests of researchers are important, of course. The principal investigatorsin
alongitudinal study such as a Chapter | evaluation may be disinclined to permit another research
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group, such as the Program on Human Development and Criminal Behavior, to augment Chapter
| samples or questionnaires because thiswould capitalize on the Chapter | infrastructure, expertise
or ideas. It would yield no obvious benefit to the Chapter | researchers. Similarly, the major sponsor
for a Chapter | evaluation, the U.S. Department of Education, may see no benefit in sharing credit
for an important survey by cooperating with another federal agency, e.g., the National Institute of
Justice.

Some ways, quid pro quos, to meet proprietary interests then must be developed to make
satellite policy possible. The National Opinion Research Center, for instance, operates HS& B and
IS under no obligation to cooperate with organizations responsible for surveys or experimentsin
another area. Moreover, devel oping such an obligation through contract and negotiated agreements
may bedifficult. Therearefew precedentsfor interorganizational cooperativeresearchinpolicy and
social science research. There are none for the satellite research of the kind proposed here.

Adjoining Experiments Regardless of Longitudinal Study Type

Respondent burden isand will continue to be important. For example, if an experiment on
effects of Chapter | program variations asks a substantial fraction of childrenin early gradesin a
set of school districts to respond to a questionnaire and a separate study of delinguent behavior
directs other questions to the same individual s, the burden on the respondents and their guardians
(who must provide consent) may be increased and be notable.

Monetary payments may offset the burden. Indeed, the experience in at |east some studies
of adolescents suggests that payment leads to not only good cooperation of the target sample
members but to requests to cooperate from those outside the sample (Howard et al. 1988).

Monetary incentives areirrelevant if thereis competition for respondentsin any real sense.
That is, if local rule or custom dictates that the respondent can participate in only one study, then
payment by a second aspiring researcher will not be relevant.

Further, monetary paymentsto respondentsought not berelevant if the experiment adjoined
to the ongoing survey can disrupt the survey. In this case, augmenting the basic sampletargeted for
survey may be the only way to obtain additional information for the experiment.

Similarly, and more important, an experiment adjoined to a survey will disrupt the results
of asurvey in a special sense. For example, the survey researcher requires that members of the
sample encounter “ordinary” conditions. The experiment will perforce introduce an extraordinary
condition, albeit for asmall fraction of the sample. Theexperimental regimenwill, if effective, then
affect the estimates of prevalencefor incidencethat areimportant to thelongitudinal study. Again,
the only resolution to this problem appearsto be augmenting the sampletargeted in thelongitudinal

study.

Augmentation of atargeted sampleto reduceindividual respondents’ burden then may help
to resolve one problem but it generates another. If acentral federal, state, or local agency dictates
the permissible total number of respondents, then the tactic does not help. Paying additional
respondents may do so, as might other tactics.
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Feasibility and Appropriateness of Experiments

Conducting controlled experimentsto plan and eval uate new programs, program variation,
or components is no easy matter. This is regardless of whether the experiment is coupled to a
longitudinal study.

Thestandardsfor judging their appropriatenessand feasibility havebeenlaid out e sewhere,
e.g., Boruch (1985). Put briefly, appropriateness hinges on answers to questions such as the
following:

* Does current practice need improvement?
» Isthere important uncertainty about the proposed innovation?

* Will methods other than randomized experiments yield good estimates of relative
effectiveness?

»  Will results of the experiment be used?

These are closely linked to standards for ethical propriety of experiments.
The standards for feasibility hinge on answers to the following questions:
» Have standards for appropriateness and propriety been met?

» Aretechnical and financial and human resources sufficient?

* Isthe process of the new program or variation understood, described, and capable of
replication?

* Isthetarget group and context well understood?

Methods for addressing these questions and enhancing feasibility are discussed in Bloom
et a. (1987), Betsey et al. (1985), Boruch and Wothke (1985), Riecken et a. (1974), Boruch and
Riecken (1975), among others.

The human resources are perhaps most important in assuring quality and feasibility of
controlled experiments. For Chapter | evaluations, it seems clear from precedent that some school
districts have relevant capacity, e.g., Broward County, Florida; and Austin, Texas. Some, not all,
of the Chapter Technical Assistance Centers are likely to have the expertise necessary to provide
counsel to school districts on the use of randomized tests for program improvements (Reisner,
Turnbull, and David 1988). Indeed, directors of TACs, such as Echternacht, constitute a resource
that can be capitalized nicely in this arena.

Summary

e Longitudina surveys based on well-designed probability samples are the best possible
approach available to describing growth of individualsand change at the national level.
Such surveys often do not yield defensible estimates of the effect of intervention, e.g.,
Chapter | programs.
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Controlled randomi zed experimentsarethe best possible approach to estimating relative
effectsof interventions, program variations, and so on. They are often not feasible at the
national level, however.

Coupling controlled randomized tests to longitudinal study can provide both
understandings of growth or change and unbiased estimates of what works better in
more local contexts.

A formal policy for coupling experiments to longitudina study then seems sensible.
Such a policy is analogous to research policy in satellite use. The maor vehicle for
generating information, the satellite, is periodically reoriented and partly dedicated to
specia experiments and is analogous to the longitudinal study system.

The main justification for the proposed satellite policy for Chapter | is scientific and
policy relevant: better data to inform policy about how to improve programs. The
secondary reasons include: economic ones, e.g., local experiments capitalize well on
longitudinal infrastructure; methodol ogical reasons, e.g., learning about how toimprove
dataquality generally; political reasons, notably permitting answersto severa questions.

Selection of interventions for experimentation should be guided by severd criteria:
theoretical import of the intervention, empirical support for its promise, propriety of a
test, feasibility of implementing both the interventions and the randomized experiment.

In Chapter |, replication of exemplary projects may meet all these criteria. The
experiments may for example test new ways of sustaining parental involvement,
reducing dropout rates, decreasing low grades and failures, tutoring, and so on.

Executing controlled experimentsin Chapter | projectsrequiresresources: well- trained
researchers and practitioners and support for both. Failure of some projects is likely
because learning how to improve and generating evidence on it is difficult. Assuming
afailurerateof 20 percent for executing the experiment (regardless of program success)
isreasonable.

Statistical characterization of the target groups (who is eligible, who gets service, and
so on) is essential for design of the experiments, as is careful literal and statistical
description of the processes engendered by the program, e.g., time in Chapter |
variation, nature of variation. Both can be generated at least crudely by longitudinal

study.

Theory will beimportant inthelongitudinal study to estimate effectsat the macro-level.
The experimental programs will, if based on similar theory, help to adjust statistical
vulnerability of the longitudinal work.

A major legislative implication of this perspective is that mandates for longitudinal

study must also authorize demonstrations, i.e., implementations of new programs,
variations, and components.
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LINKING NCES SURVEYSAND DATA FROM OTHER SOURCES

Thisessay concernslinking different datasets. The main vehiclesfor understanding in what
followsareavolumeedited by Hilton (1992); Using National Databasesin Educational Research;
a paper on the analysis of multiple surveys by Hedges and Nowell (1995); material generated by
NCES for the NCES Advisory Council on Education Statistics; reports generated by scholarly
groups such as Boe and Gilford (1992); Board on Children and Families (1995); and others. The
purposeisto educe theimplications of analyses undertaken on multiple data sets, in the interest of
improving the design of NCES surveys.

The minutes of the NCES Advisory Council on Education Statistics (ACES) havereflected
periodicinterest in linking or integrating NCES-sponsored surveys. Recall, for instance, Griffith's
presentation (1992) to the ACES. The agency has also sponsored scholarly work that depends
implicitly on acapacity to link datain avariety of senses. Scheuren (1995), for instance, devel oped
avariety of provocative ideas whose value hinges on linking records, record sets, or statistical data
sets. The presumption here is that the general topic will continue to be of continuing interest to
NCES.

Background

The Hilton (1992) book’s origin lies in a project undertaken by the Educational Testing
Service to understand whether different sources of statistical information, each based on national
samples, could be combined to produce a*“ comprehensive unified database” of science indicators
for the United States. Sponsored by the National Science Foundation, the project’ sgeneral goal was
to improve the way we capitalize on data that bear on educating scientists, mathematicians, and
engineers. Thebook’ simplications, inadvertent and otherwise, arearguably important for designing
NCES surveys.

Twenty-four education databases were reviewed by the project. They included the Survey
of Doctoral Recipients, National Teacher Examinations, and at least four massive longitudinal
studies of high school students undertaken with NCES support. Of the 24 ostensibly related
databases, only 8 were deemed worthy of deeper examination. That is, they could be “linked,” in
some sense, given the resources available. They included the NCES NLS—72 and NEL S:88, the
Equality of Opportunity Surveys (1960s), cross-sectional efforts such as the SAT, and the NCES
National Assessment of Educational Progress (NAEP).

AsHiltonmade plaininthebook’ spreface, the project was* not feasible.” Put morebluntly,
the ETS effort to combine data sets was a flop despite competent and thoughtful efforts. The
databases that were chosen for examination could not be used for the purpose considered, i.e., to
produce a comprehensive science database. It was nonetheless a project noble in aspiration and
diligent in execution.

The questions that were posed about the available databases and which are relevant to

linking any data sets, seem important for designing new NCES surveys. Put in modified term, the
guestions are as follows:
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1) What variables are common to various databases?

2) What ways of measuring the variables, ways of sampling, and administration are
common, making comparison (or linkage) among data sets easy?

3) What differencesinwaysof measuring, administration, and sampling make comparison
(or linkages) dubious or difficult?

4) What can be done to fix different data sets so they are “comparable” (or linkable) in
some way and therefore make it sensible to put them together?

The Hilton book contained no detailed catalog of why the databases failed to meet one or
more of the criteriaimplied by the questions.

Hedges and Nowell (1995) attacked a different but related topic, understanding sex
differencesin tests of mental activities of various kinds based on disparate surveys. They chose to
depend only on studies based on samples of roughly the same target populations and that
purportedly measured the same abilities, e.g., reading. They selected only studies that approached
guestions 1) and 2) abovein similar ways. Their group of studiesincluded NCES-sponsored work,
notably NELS:88, NLS—72, HS& B, and NAEP (trend data only), and Project Talent and the
National Longitudinal Y outh Survey sponsored by the Department of Labor.

There was sufficient commonality in what was measured on whom in the Hedges-Nowell
ambit to produce an informative analysis. It is a fine illustration of combining data sets in the
interest of how males and females differ on mental abilities. Moreover, the dependence on well-
defined national probability samples avoided the inferential problems in earlier studies, notably
depending on self-selected samples (asin SAT/ACT testing), idiosyncratic samples (for example,
in test norming), and distributional assumptions (to get at characteristics of extreme scores).

Questions That Have Been Addr essed

What plausibly accounts for a decline over a decade in Scholastic Aptitude Test (SAT)
scores? In the Hilton's (1992) book, Beaton, Hilton, and Scharder take the 1960—72 decline
seriously, based on combining SAT cross-sectional data. Their analyses suggest that a decline on
account of real reduction in student ability aone is unlikely. Over the period, the number and
heterogeneity of youth who took the test (from 2 to 3 million) increased. There were increasesin
the number of youth at the bottom of the test score distribution (from 2,000 to 54,000).

What might account for cross-sectional declines in the mean visual-spatial test scores
achieved by high school seniorsin 1960 and seniors in 19807 Hilton argues that a portion of the
decline is not attributable to any real change in ability. Rather, he maintains that it is attributable
at least partly to increasesin high school completion rates during the period (from 67 percent to 74
percent) and related demographic changes. The available data evidently were insufficient to
illuminate competing explanations such as changesin curriculum. Oddly, Hilton ends al thiswith
anon sequitur. He said that differencesin sampling method and administration are such that “ what

4-84



the net effect of all these may have been impossible to say. The conservative position is that they
balanced each other.”

Arethetestsgivento largenumbersof students measuring roughly the samething over long
stretches of time? Based on factor analyses of test scores of 1972 and 1980 senior high school
cohorts, and of scoresfrom longitudinal testing, Rock (1992) maintainsthat there has been no real
change in factor structure despite (unspecified) changes in ways that tests were administered and
characteristics of students.

Isit possible to say much about the persistence of a youth cohort’ sinterest in science over
a 2-year period and about whether cohorts born a decade apart are similar in their persistence?
Vaerie Lee' s (1992) analyses were based on NLS—72 and afollowup of them, and on HS& B, a
longitudinal study that includes a cohort of 1982 seniors. There were radical changes across the
cohorts. both above-average and below-average students, in more recent years, leaned toward
science and mathematics. Within the cohorts, the rate of declaring science, math, and engineering
as a course of study dropped remarkably regardless of racial/ethnic category.

The analyses in the Hilton book dedicate much attention to the methodol ogical problems
of exploiting two or more databases in combination rather than to substantive research results.
Consider the following:

Even in studies designed as longitudinal efforts, the structure of a question’s bearing on a
particular topic may changedramatically over time. Thismeansthat thelongitudinal changesinthe
trait that is targeted by the question will be difficult or impossible to discern. Lee’s paper in the
Hilton book was instructive on this account.

Lee suggested that one could in principle construct a question addressed to high school
students about their planned major course of study and a parallel question addressed to the same
studentswhen they reach collegelevel about their actual major course of study. TojudgefromLee's
work, the investigation of persistence of students’ interest in science is thwarted by remarkable
differencesin the way the relevant question has been handled. Multiple-response categoriesin one
round of alongitudinal survey have been followed by open-ended questionswith not clearly related
coding categoriesin the next.

Similar changes in question format, in repeated rounds of alongitudinal survey or across
different surveys, affect measures of achievement across time (unless special provisions are made
for equating tests that are not comparable), attitudes toward science, and so on.

Lessobviously, skip and detour patternsin otherwise similar questionnairesmay differ. The
result can be (and for certain studies has been) the elimination of information from one target
sample/database and the production of information in another. For instance, studentswho said that
they were oriented toward vocational education in a high school level survey were then asked to
skip ablock of questions bearing on college. Some of these students changed in their interest and
went on to college. The loss of the block of questionnaire items on those who changed their
orientation isimportant initsown right. Further, information available on them from alater survey
round differs from that on college students who did express an early interest in college.
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Whether to survey individuals who dropped out of school has differed across longitudinal
surveys. Following dropoutsismore common now. But the noncomparability meansthat some data
must then beignored, i.e., ondropouts. Thismeansthat some anal yses cannot be done, for instance,
on what happened to dropouts from high school in the 1960s versus the dropouts of the 1970s or
1980s.

The Hedges and Nowell study (1995) was less ambitious in some sense than the Hilton
project, but no less instructive. Their focus on national probability samples helped grestly to
“simplify” thetask of summarizing theresultsof multiplestudiesin order to learn wheremen differ
from women in mental abilities. Further, focusing on certain abilities that were measured in each
study, regardless of how they were measured, advanced our understanding. Exhibit 1illustratesthe
simplification.

There was sufficient commonality in what was measured to produce comparisons. Reading
ability was assessed in al six studiesin the Hedges-Nowell compass, for example. This permitted
the authors to recognize that differences in mean performance level between men and women are
reliable but small (women surpass men) and variance across gender differsat alow level (menare
more variable than women). Mathematics ability was measured in four of the six studies. Results
suggest areliable but small mean difference favoring males and again, more variance among males
than females. Despite“small” differencesin mean ability and variance, of course, large percentage
differencescan appear betweenthesexes. That is, remarkably more malesrel ativeto femal esappear
inthe upper tailsof distributions. Further, NAEP trend data suggest that theratio of male-to-female
variance has not changed appreciably over time.

Such results run counter to small-scale studies reporting declining difference between the
sexesin ability level. Independent research show high male-to-femal e ratios among selected “very
talented” samples. The Hedges-Nowell work suggests that the ratios are plausibly attributable to
small mean and variance differences, apart from “differential selection by sex” (p. 45).

The Pedigree of Effortsto Put Different Databases Together

The idea underlying any linkage study undertaken by NCES or by othersis that putting
together datafrom different sources can help usto learn something new. The combination can help
to learn something that cannot be learned from individual sources.

Theideahas afine pedigree. Alexander Graham Bell, for instance, exploited the notion in
his study of genetic transmission of deafness. He depended, in thelate 1880s, on completed Census
Bureau interview forms found strewn in a government building basement and on genealogical
records from other sources (Bruce 1973).

The pedigree of linkage studiesis also reflected in contemporary efforts to evaluate socia
programs. In studies of manpower training, it has become common to link the employment records
on specified individuals to their program records, and to link these data to research records on the
individuals (Rosen 1974). In agriculture, health, and taxation, there have been fine studies of why
and how one ought to couple data from different sources in a variety of ways (Kilss and Alvey
1985). From papers by Scheuren (1985) and others, we may learn about contemporary history of
record linkage algorithms (e.g., developed by Tepping and Felligi-Sunter), the construction of
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matching rules and the information exploited in matches, the idea of linkage documentation, and
various approaches to adjusting for mismatches. We can learn about the role of privacy issues and
statistical analysisimplicationsfrom arelated body of work, e.g., Cox and Boruch (1988). Welearn
about appraising the benefits and costs of linkage of administrative records, or the difficulty of
doing so on account of sloppy practice, from aggressive investigatory agencies such as the U.S.
General Accounting Office (1986a and 1986b).

Scheuren’ s paper (1995) for the NCES Conference on the Future of Data Collection hasa
different but related pedigree line. It focused on better exploitation of administrative records in
NCES survey contexts, and conscientiously exploited such records more generally. One can trace
the theme to John Graunt’s efforts in the 17th century to learn how to use recordsin the Crown’s
interest. Graunt exhorted the Crown to learn about the kingdom through a lens consisting of
compilations of recordsin statistical form, on the counts of soldiers-at-arms, for instance, and the
numbersof births, deaths, and so on. Scheuren, similarly thoughtful and exhortative, generatesideas
and reiterates others’ ideas about how to augment the administrative records and understand them
better through surveys.

Thetitleof Hilton’ sbook, Using National Databases, may suggest to somereadersthat they
can learn something about whether, why, and how massive studies are combined and used. This
belief will be born of recognizing recent work on how to enhance the usefulness of statistical data.
Such work hasbeen economically oriented, e.g., Spencer’ swork (1980) on benefit-cost analysis of
dataused to allocate resources and the follow-up papers by Moses, Spencer, and others. It hasbeen
based on scholarly interest in why and how social research data, including educational and health
research data, are used; Kruskal’s volume (1982) is a gem on this account. The work has been
deepened by serious attention to how statistical data and results are misused.

The analyses contained in the Hilton book are not burdened by thisknowledge. They failed
to put the ETS linkage studies into the larger context of such studies or the still larger context of
design and exploitation of databases and survey. Welearn about attemptsto link the Armed Forces
Aptitude Battery to tests given in the longitudinal HS& B survey and to SATs. But we are not told
about how this would enhance science indicators or inform decisions or, most important, improve
the design of surveys.

Similarly, the Hedges and Nowell paper does not consider the implication of the work for
the design of better surveysthat can be linked in any sense. Thisis despite the fact that the authors
are sensitive to the implications of their work on other accounts.

Building on Effortsto Put Data Sets Together

Despite the Hilton project’s considerable investment in figuring out how to put different
databases together, and despite the conclusion, that the databases at hand could not be put together
sensibly intheinterest of science-related knowledge, the book offered little counsel on how matters
might be improved. Hedges and Nowell (1995) offered no counsel either, despite what can be
regarded as a successful attempt to put different data sets together to advance our understanding.
Scheuren’ swork (1995) bears naturally on linkage, but the word and synonymsfor it do not appear
inthispaper asit doesin other products of thinking. Despite the fact that the Board on Children and
Families (1995) focused on “integrating federal statistics,” there is no substantial examination of
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what integration means and its relationship with coupling, merging, pooling, and so forth. This
presents something of a challenge.

Vernacular and Definitions

TheHilton book’ svernacular issufficiently different fromtechnical parlanceinrelated areas
to confuse some readers. For instance, there are repeated referencesto “linking” and “merging” of
different databases. But these terms are undefined. The reader should be aware that the terms have
not been defined here either. Further, the book’s use of them is, at times, not the same as is
customary in contemporary statistical work of the sort, e.g., linkage being defined as combining
micro-records based on a single common identifier. At times, the book’ s use of theword “link” is
to imply an intention to “put together.” At other times, the word “link” means to stratify the units
in each database in the same way (e.g., high ability, Hispanic, and so on) in order to look at how
frequenciesinthese stratachange over time on adimension such aspersistencein studying science.
Theword “merge” is used to describe putting different records together that may or may not have
acommon source.

The phrase “pooling data” was used by Hilton and has been used by others, in the sense of
doing a side-by-side comparison of statistical results from each of severa different datasets. This
use of the phrase is not as some readers would expect. Pooling data for some anaysts means
combining the datafrom two or more samples of the same population into one that can be analyzed
as acomplete sample. For others, pooling means combining the results from samples of different
populations.

One of the implications of this vernacular problem for NCES is that discussion, analysis,
and agreement on terminology are in order. Because there has been little standardization in
educational research, NCES has, in recent years, played aleadership rolein getting state education
agencies to agree to common standards and definitions in statistical reporting. NCES can play a
related role here, and to refresh the roles taken by the IRS Statistics of Income division, the Census
Bureau’ s methods division, and others. That is, NCES can help to make plain what we mean by

« “Combining” data sets or surveys;
« “Linking” data sets or surveys,

* “Merging’ datasetsor surveys;

e “Pooling” data sets or surveys; and
* “Integrating” surveys.

Absent explicit definitions, reaching mutual understandingsinthestatistical community will
bedifficult or impossible. And most important, designing surveys so they can belinked, compared,
merged, and so on will be impossible. NCES can be a leading agency in this effort.
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Questions

The Hilton book provides ample evidence that questions about economic status or
race/ethnicity or other important topics are asked differently across surveys and data sets.
Differences prevent straightforward comparison. There are, however, no recommendations about
whether and how to standardize such questions. There is no discussion of how directing two or
more varieties of the“same”’ question to respondentsin asurvey can help to equate or calibrate the
different questions across surveys. Thereis no serious exploration of whether and how imputation
methods can help in doing so. Y et, we know that embedding different forms of the same question
in aquestionnaire, for asubsample at least, is adecent vehicle for learning about relations among
guestions. Moregeneral tacticsmight beinvented, based perhaps on thetest-equating strategiesthat
have been explored by Holland and Rubin (1992), among others. Certainly the matter is pertinent
toNCES' investmentsinlearning how tointegrate (and in what sensestointegrate) thelongitudinal
and cross-sectional surveys that it sponsors (Griffith 1992).

Animplication of thisisthat survey questions need to be designed with linkage in mind.
NCES often does thisimplicitly, and in an ad hoc fashion. We are unaware of an explicitly written
standard for doing so as part of NCES survey design strategy. Nor does there appear to be a
systematic program of empirical side studies or pilot work by NCES that regularly takes linkage
serioudly.

Analyses

In the Hilton book, there are few substantial referencesto multipleindependent analyses of
the same data sets. Hedges and Nowell are more conscientious on this account. For example, there
areno referencesin the Hilton work to other analyses that are suspect or arguably wrong. This can
be regarded as a shortcoming. It is also symptomatic of the lack of good registry for tracking who
analyzed what data set.

No federal agency or private foundation, including NCES, has an excellent system for
tracking theresearch usestowhichitsdatasetsareput. Thismakesthe eval uation andimprovement
of any given survey difficult. It makes development of better statistical design very difficult.

An implication is that constructing registries of analyses is one option that NCES might
consider in the interest of improving NCES surveys. More conscientious efforts by authors and
journal editorsto assurethe proper citation of datasetsisanother. A third option, related to thefirst
two, involves better exploitation of contemporary Internet capabilities to build an informative
registry of analyses of NCES data sets in the interest of improving survey design. It is described
later under the topic of new technology.

It isimportant to maintain a sense of history in this. Three of the Hilton (1992) chapters
were excerpted from reports produced in 1975, 1977, and 1983. The chapters contained no
discernible updating. One concernsthe declinesin mean reading test score based on data generated
in 1960 and 1972. There was no attempt to relate the data or the analyses to more recent arguments
about test scoredeclines. Thislacunaisastounding given that President Bush and President Clinton

4-89



stressed an education agenda based on what were claimed to be declines in student performance,
declines found to be misleading by these analysts.

Documentation

The Hilton book recognizes the investment that statistical analysts must make in learning
the “ponderous user’ s manuas’ for complex datafiles. But the book presents no deep thinking or
dataon the matter. Hedges and Nowell are also silent on the matter. Thisisageneral and nontrivial
issue. Learning how to learn easily about complex files and how to teach well about complex data
files seems important.

Some attention is being dedicated to the topic, if weinterpret properly the current efforts of
NCES. The NCES has generated and issued Read Only Memory diskettes (CD-ROM) that
introduce complex datalessformidably than theway public usetapeshavebeenintroduced. Beyond
this, itisnot clear whether and how NCES investsresourcesin making datafile documentation less
difficult to deal with.

It seems sensible to expect those who have made distinctive contributions to the quality of
documentation (for instance, ICPSR) to collaboratewith statisticiansin thistask. At least onemajor
contractor to NCES, the American Institutes for Research, actually does research on the topic of
“readability” of documents. Work of this sort might be exploited by NCES to enhance the ease of
use of documentation on its data files.

Naming Surveys

It may not seem difficult for somereadersto keep in mind the eight studiesthat areused in
the Hilton book. But it is for this writer. The difficulty lies partly in the disconnectedness of the
book’ s chapters. The difficulty goes well beyond the book, and is partly numerical. The multiple
pieces of any given survey must be kept in mind. One or more of five pointsintimeinthe NLS—72
may be afocus of study. Any one or more of three points might be exploited in the NCES HS& B
surveys.

Part of the difficulty may aso lie in our predilection to name rather than to number. It is
more pleasing, perhaps, to talk about “High School and Beyond” or HS& B than about survey #8.2,
just asit isfor our Chinese colleagues to refer informally to the “Red Flower” factory instead of
Factory #26.

The implications of this “naming” problem for NCES are not clear. There is sufficient
opportunity for confusion or difficulty to arguethat aname such as“NLS—72" ismoreinformative
to many potential users of datathan “High School and Beyond.” It seems reasonable to argue that
“Wave 2" isan important amendment to study, e.g., NLS—72: Wave 2. Perhapsthisisasfar aswe
can go.

4-90



Missing Data

Missing dataareignored by analystsin Hilton’ sbook, chapter one, by ValerieLee. Nor was
the topic mentioned in works that are at least as important, by Hedges and Nowell (1995), Board
on Children and Families (1995), and Boe and Gilford (1995).

This is despite the fact that reasons for missing data and the models that might be used to
impute the missing data can differ across databases, just as definitions, sampling methods, survey
conditions, and so forth differ across databases. More to the point of some analyses, missing data
or differencesin thereasonsfor it are not considered in understanding whether datafrom different
sources can be sensibly compared. See, for instance, Little and Rubin (1987) and Rubin (1987) on
imputation. At bottom, this suggests that another criterion be used by NCES to make judgments
about the possibility of linkages among databases. missing data.

Major Factors

Variouschaptersof the Hilton book remind thereader to takeinto account both obviousand
subtle factors in using the results from different surveys that might be thought comparable:
differencesin the definition of the target population, sampling frame, selection of organizational
units, selection of individuals within units, cooperation rates, conditions of administration, coding
of open-ended responses, multiple response categories, and timing of measures. Three major
multimillion dollar surveys, arguably more, have differed notably in all respects, making
comparison very difficult. Y et the book offers no advice on how to better structure the portfolio of
longitudinal or cross-sectional surveys sponsored by the federal government.

Understanding how to design aportfolio of longitudinal and cross-sectional studies so that
they can be put together (compared, linked, coupled, yoked, or otherwise used) goes well beyond
what the book’ s authorstried to accomplish. With the exception of achapter by William Turnbull,
a statesman in the educational measurement arena, and one by the editor, Hilton, they confined
themselves to the tasks at hand. Since the time that they engaged in the enterprise, NCES appears
to have tried to make progress along related lines.

NCES sponsors an astonishing variety of longitudinal and cross-sectional surveys, at least
four of which are exploited by the ETS Project. The agency began to collect longitudinal datain
1972, initiated six longitudinal studiesafterward, has been asked by the Congressfor more, and has
supported alarge number of cross-sectional surveys. The problems of how to develop anintegrated
portfolio of studies, and what integration means, how to integrate, in the face of disparate demands
from Congress and the educational research community, and others under the influence of severe
limitations on staff size, and other factors, are formidable.

In a sense, the Hilton book helps to understand and to justify what NCES has done to
integrate studies (in the NCES vernacular) if not to create “unified databases’ (the ETS parlance).
One NCES.iinitiative, for instance, focused on identifying rationales and settling on arationale for
integration, and for shaping therel ationsamong longitudinal surveysand therel ation between these
and cross-sectional surveys (Griffith 1992). This does not differ in spirit from the book’ sfocuson
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longitudinal study as avehicle for aunified database but gets well beyond it. The NCES focus, to
judge from Griffith (1992), is on universe and sampling frames and on how to devel op agreement
on each, intheinterest of integration, for the design of new surveys. Hilton and his colleagues make
plain that their difficulty in developing a unified database on science indications was attributable
to differencesin each factor.

The Hilton book alludesto factors beyond sampling that may influence the construction of
unified or integrated databases. But there is no pursuit. For contemporary work at NCES and
perhaps other statistical agencies, the questions are numerous and the search for answers serious.
Which particular surveys are sensible targets for integration out of the portfolio of all surveysthat
have or might be done? How do we decide? For education surveys undertaken by NCES and others,
what should be the grade span of surveys, the time between rounds, the survey’slifetime, thetime
between initiating new cohorts, the starting grades of cohorts (Boe and Gilford 1992) What
rational e based on integration can inform the choices? How can an integration standard influence
surveys on the allegedly crucial transition periods from kindergarten to preschool, middle school,
and so on and durable policy issues such as the supply of science-oriented students and teachers?

Thesequestionsdeservewider attention from the stati stical methodsand policy communities
and the disciplinary communities with which they collaborate. Here again, there appearsto befine
opportunity for thinking at the National Center for Education Statistics and other federal agencies
(not just statistical ones) and groups that advise them, such as the National Academy of Sciences
and the Social Science Research Council.
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EXHIBIT FROM HEDGES AND NOWELL (1995)

Table 1—Summary of the characteristics of the six data sets

Characteristics NLS—7 NLSY HS& B NELS:88 NAEP
2

Y ear of 1960 1972 1980 1980 1992 1971—

assessment 92

Sample size 73,425 16,860 11,914 25,069 24,599 Varies

Popul ation All 15- 12th grade Non- 12th 8th 17-
year- students institution- grade grade year-
olds alized 15- students students  oldsin

to 22-year- as of school
olds 1988

Abilitiesmeasured

Reading L 4 4 L 4 L 4 L 4 L 4

comprehension

Vocabulary 4 4 4 4

Mathematics L 4 4 L 4 L 4 4 4

Perceptual 4 4 L 2 4

Science L 4 L 4 L 4 4

Social studies 4 4

Nonverbal L 4 4

reasoning

Associative 4 4 4

memory

Spatial ability L 4

Mechanical L 4 L 4

reasoning

Electronics L 4

information

Auto and shop 4

information

Writing 4
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NEW TECHNOLOGY

Introduction

The object hereisto describe how NCES might use the Internet and the World Wide Web
(Web), the Internet’ s graphical component, to improve the design of surveys. The main vehicle of
illustration is George Terhanian’s Home Page (HTTP://www.dolphin.upenn.edu/~terhania&/). It
relies on subtechnol ogies availableto NCESthat canin turn be exploited to improve NCES survey
design.

Definitions; What Does |t All Mean?

The Internet and the Web have spawned a large, somewhat confusing, vocabulary. It is
necessary, therefore, tofirst providedefinitionsof several termsbefore describing how NCES might
better exploit the Internet and the Web. Providing definitions that are precise is a challenge,
however, because new terms continue to emerge, and the meaningsof old termscontinueto evolve,
astheInternet and Web expand. Consider, for example, how the meaning of “ server” has changed.
A few years ago, “information and file provider” would have sufficed; e.g., a server provides
information and filesto clients. Today, this definition seems too narrow—it does not account for
the capacity of aserver to receive, process, and store information (e.g., responses to questionnaire
items) that clients might send.

The lack of an official Internet dictionary, no matter how inchoate some terms may seem,
also makesproviding definitionsdifficult. “ Electronic mail,” “bulletin board,” * discussion group,”
“listserv,” and “newsgroup,” for example, al refer to dightly different methods of sharing
information. But discovering how these methods differ requiresperseverance: acall to acomputer-
literate friend, a trip to the library or bookstore, an on-line database search, and so forth. These
gualifications aside, the definitions (e.g., see Howe 1995; Raisch 1994) are asfollows:

Electronic Mail: A system of sending information and files to anyone who has access to the
Internet through an e-mail account. M essages are automatically passed from one computer user to
another, often through computer networks and/or via modems over telephone lines.

Bulletin Board: A message database where any user may submit or read any message in public
areas. Itisalso possibleto post (i.e., to place for public perusal) other types of files(e.g., statistical
software) on bulletin boards.

Discussion Group: A mail system through which members exchange messages. Membership in
particular groups is often based on a common interest (e.g., hierarchical models) or affiliation.
Separate messages are sent individually to each member.

Listserv: A mailing list server on Bitnet, an academic and research computer network. Listserv is
Bitnet’ s version of a discussion group.
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Newsgroup: A combination bulletin board/discussion group. Messages are placed in a central
location, for example, like a bulletin board. However, like a discussion group, access to these
messages is generally restricted to the particular newsgroup’s members.

Protocol: A standard, or set of formal rules, that defines the method of communication (i.e., how
to transmit data across a network) among computers. There are a variety of protocols. The more
popular onesinclude Gopher, FTP, Telnet, and HTTP.

Gopher: A user-friendly protocol that relies on hierarchically linked menus. One limitation of
Gopher systemsisthat the client may have to work through several layers of menus beforelocating
adesiredfile.

Filetransfer protocol (FTP): A protocol that allowsfor the transfer of filesfrom server to client.
Although menus may exist, those that do generally lack the detail of Gopher menus.

Anonymous FTP: A variation of FTP. An interactive service provided by many Internet servers
allowing any user (i.e., those who do not possess accounts) to transfer files.

Telnet: A protocol that may permit aremote client to log on to another server. This method does
not permit the client to retrieve actua files, however.

Networ k: Computers that use the same protocol to exchange information.
Internet: The network of networks.
World Wide Web (WWW or Web): Computers that communicate viathe Hypertext Transfer.

Protocol (HTTP): HTTP differs from other protocols in two important respects. 1) it enables
clients to view graphics, and 2) it relies on hypertext links. Hypertext or “text that is not
constrained to belinear” (Magid, Matthews, and Jones 1995, p. 8) indicates areference to another
document or filetypelocated el sewhere. Toretrievethereferenced document, oneneed only “click”
on boldfaced and/or underlined hypertext.

Uniform Resource Locator (URL): A unique address that specifies the target (i.e., areferenced
document or file type) of a hypertext link.

Hypertext Markup Language (HTML): The language of HTTP and the Web. HTML requires
authors to insert a variety of formatting information or “tags’ on a page of text to indicate, for
example, italics, underlining, new paragraphs, links to other documents, and electronic mail
addresses.

Graphical User Interface (GUI): Theuseof picturesrather than just wordsto represent the input

and output of acomputer program. Popular Web browsers (e.g., Netscape and M osaic) and popul ar
computer operating systems (e.g., Microsoft Windows) make use of GUIs.
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Multipurpose Internet Mail Extension (MIME): A systematic method of categorizing
transportable (via the Internet) file types. A file extension (e.g., .au for sound, .xIs for Excel
spreadsheet file, and so on) indicates the specific file type. Transportable types of files include
images, sounds, motion pictures, word processing documents, and so forth.

How Does NCES Now Usethe Internet?

Aside from sending and receiving el ectronic mail, NCES now uses the Internet primarily
to disseminate general information, reports, and raw data. It ispossible, for example, toretrieveany
number of NCES-produced items through the ED Gopher server. NCES asks that users not access
its servers through the “somewhat cryptic” (Davis and Sonnenberg 1995, p. 136) File Transfer
Protocol (FTP) method, and denies access to those who use the Telnet protocol to accessits site.
Until recently, NCES used the World Wide Web only to display and describe several publications
(e.g., The Condition of Education, The Digest of Education Satistics, and so on) available through
the ED Gopher. Since mid-November, however, hypertext versions of some of these publications
have also been made available on the Web.

How Might NCES Usethe Internet to Improve Survey Design?

NCES might want to consider exploiting theflexibility of the Internet, particularly the Web,
to create and strengthen tiesin avariety of wayswith those who analyze NCES data. Therationae
is that a deeper understanding of the experiences of those who analyze survey data might help
NCESto design better surveys. In addition, NCES might also usethe Internet and the Web to elicit,
exchange, and access information from numerous sources in order to educe the implications, or at
least track the devel opment, of new analytic methods for the design of surveys.

Why Focus on the World Wide Web?

The Web possesses at least five attributes that make it an attractive vehicle for dliciting,
exchanging, accessing, and distributing information. First, it enables different types of computers
(e.g., IBM, Macintosh) to communicate through a common protocol (HTTP). Second, Web
graphical browsers (e.g., Netscape, Mosaic, and so on) are available at no or low cost for most
popular operating systems. Third, these browsers are relatively easy to use (because of their
graphical interface), flexible, and powerful. They can interpret documents written in HTML, for
instance, aswell as several types of graphicsfiles. Moreover, in many senses, browsers transcend
protocolsthrough their ability to accessHTTP, Telnet, Gopher, and FTP servers. Fourth, the latest
release of HTML allows authors to create fill-out forms (e.g., questionnaires). Fill-out forms, in
particular, exploit the capacity of Web serversto receive, process, and store responses. Finally, the
Web isgrowing rapidly—by more than 500 percent in the past year (WebCrawler 1995). Thereare
now more than 40,000 Web servers and about 10 million daily Web users (Netscape
Communications Corporation 1995). The estimates are crude, however, because the Web, for the
most part, is unregulated. No official registry of servers exists and many server administrators
choose not to track usage (e.g., the number of visits to a home page or the number of downloads
of a particular document), although they could do so easily.
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What Might NCES Do? Strategiesto Elicit, Exchange, Access, and Distribute I nfor mation

This section describes several strategies, some of which are related, that NCES might
implement to elicit, exchange, and access information from numerous sources. It also describes
strategies to disseminate information. For an illustration, readers are again encouraged to visit
Terhanian’s home page at: HT TP://www.dol phin.upenn.edu/~terhania/.

Strategy 1. Elicit Information Through Fill-Out Forms and Electronic Mail

NCES might want to consider eliciting information through graphical fill-out formsand e-
mail fromthosewho areactually analyzing NCESdata(e.g., licensed users). Theimplicationisthat
datausersarean underexpl oited, though val uabl e, resource. Questionsthat NCES might ask include
the following:

* What methods do you employ when analyzing survey data?
* What problems pertaining to the design of NCES surveys have arisen?
» Haveany journals published your work?

Analystsarenot theonly onesfromwhom NCESmight elicitinformation. NCESisobliged,
at times, to ask questionsof thegeneral public that bear on datause. The commissioner of education
statistics, for exampl e, is* responsiblefor providing continuing reviewsincluding validation studies
and solicitation of public comment on NAEP sconduct and usefulness’ (White 1994). NCESmight
therefore provide aWeb window (e.g., fill-out form) through which the public might either ask or
answer questions about NAEP and other surveys.

Although the ability to post questions on Web pages and the capacity of Web serversto
collect, process, and store responses may have direct implications for the administration of future
NAEPsurveys, we havefocused here, and throughout, on strategiesthat might influence the content
of surveys no matter how they are administered.

Strategy 2: Distribute Spreadsheet Files Through the Web

NCESgenerally distributesraw dataand finished productsviatheInternet; that is, seedsand
mature trees. There is an opportunity for NCES to distribute saplings as well. This strategy
recognizes and relies on the ability of spreadsheet software, notably the most recent versions of
Lotus, Quattro Pro, and Excel, to hold al phanumeric data, and graphical displaysbased on thisdata,
in different sections or pages of one file. By using a mouse to click on reference tabs (i.e., links)
within a spreadsheet file, the user can move from page to page.

This strategy aso recognizes and relies on the ability of Web browsersto configure helper
applications to interpret spreadsheet files. For instance, after the user clicks on a Microsoft Excel
spreadsheet file (.xIs extension) located on a Web, Gopher, or FTP server, the Web browser (e.g.,
Netscape), because it does not recognize the .xls file extension, will ask the user how he or she
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wishesto handlethefile. The user may instruct the browser either to savethefile or to open alocal
viewer, i.e., the particular application (e.g., Microsoft Excel). The user may also instruct the
browser to thereafter open the particular helper application automatically whenever afile with an
XIsextension is selected.

Spreadsheet files are a natural home for information that NCES might receive from data
analysts. Depending on the questionsthat NCES decidesto ask, thefile might reveal what analytic
methods researchershave applied to the NCES data, names of journalsthat have published articles,
titles of published articles, years of publication, and the like. NCES, through this method, can then
count publications, create displays, for instance, of NELS:88 publications by year, and sort the
information however it chooses. Periodically, NCES might al so post the updated file on aWeb page
to provide others with access. This information might help current and potentia researchers to
shape their analyses and it might also lead to the exchange of information. “Why isn’'t my article
there?’ or “Here’ sanother,” researchers might say to themselves. And they might then send NCES
areferencefor their own particular article or for others of which they areaware. Or they might send
an updated spreadsheet file to NCES, thereby eliminating much of NCES's data entry work.

NCES will have to choose which type or types of spreadsheet filesto distribute. Although
we recommend any of the most recent versions of Windows software because of their widespread
use and hypertext-like tab features, it is not possible at this time to open, say, an Excdl file with
Lotus software because the tabs pose conversion problems. Nor is it possible to use Macintosh
software to open a Windows spreadsheet file. NCES might therefore consider distributing a more
generic type of spreadsheet file (e.g., an Excel 4.0 file) aswell.

Strategy 3: Track the Emergence and Devel opment of New Analytic Methods Through the Web

Itisnot alwaysclear how advancesin statistical theory or technol ogy might affect thedesign
of future NAEP surveys. But the question is important enough to warrant attention. NCES might
then also use the Web to track such advances. NCES might post references on aWeb page, or links
when appropriate, tojournal articlesand booksthat describe or use new analytic methods, including
multilevel modeling, meta-analysis and cross-design synthesis. NCES might also provide a Web
window through which Web usersreport additional references and the Web addresses of informative
home pages. The home page (HTTP./mww.ioce.ac.uk/hgoldsn/homehtml) of the Multilevel Models
Project (MMP) that isbased in the United Kingdom, for instance, isan example of onetype of free
information source upon which NCES might rely. Among the many resources that the MMP
provide are a description of multilevel models and their applications, an invitation to join a
discussion group (i.e., listserv list), and references to recent articles that use multilevel models.

Strategy 4. Create Electronic Discussion Groups (or Listserv Lists)

It seems sensible for NCES to use the Internet to connect through discussion groups or
listserv lists those who share common interests (e.g., licensed data users of SASS) or constitute
particular technical review panels (e.g., the SASS data user’ s group). Whatever communications
transpire among members of such data analysis groups might then be made availabl e to those who
design NCES surveys. Providing the designers with this information exploits the capability of
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electronic mailing list serversto permanently record all messages. Thereis precedent for creating
discussion groups at NCES as well. The Advisory Council on Education Statistics (ACES), for
example, makes use of alistserv, one form of adiscussion group.

Strategy 5: Most Frequently Asked Questions and Relevant Literature on the Web

NCES data users may frequently ask NCES numerous questions about the data and its
analysis. Posting these questions (and their answers) on the Web then seems sensible inasmuch as
it may prevent those who respond to the questions from repeating themselves incessantly. The
strategy complements NCES' s emplaced effort to provide instruction to researchers who aspire to
analyze NCES data. NCES, for example, holds seminars during the summers “to provide young
scholars and researchers with opportunities to gain access’ to NCES surveys (NCES 1994).
Knowledge of the types of questions that data users frequently ask, moreover, might prove useful
to those who design NCES surveys. For example, if a preponderance of questions were to pertain
to the techniques required to model the measurement error that results from NAEP's use of
plausible values, then survey designers might want to consider avariety of options for the design
of future assessments, including use of a different method of estimating proficiency.

At times, NCES might also post entire documents “to make things easier for interested
partiesintermsof their hunt for relevant literature” (Maline 1993, p. iii) It may be, for instance, that
dataanalystsfrequently request aparticular document, say, the annotated bibliography of NLS—72
studies. To accommodate such interested parties, NCES might convert this document either to an
HTML or .pdf file, then make it available through the Web.

Strategy 6: Consider Using Adobe Acrobat to Disseminate | nformation

Posting Adobe’s portable document files (.pdf) on the Web is a particularly attractive
alternative for organizations that wish to disseminate information through the Web but resist the
intensive editing that HTML requires. The US Genera Accounting Office, for example, makes
available .pdf filesfor dissemination viathe Web. NCES might do the same. If the original NCES
document were aWordPerfect of Microsoft Word file that included several graphical figures(e.g.,
adata user’s manual), NCES, after purchasing the reasonably priced Adobe Acrobat, would only
haveto issue a print command to create a.pdf file. The software has additional featuresthat NCES
might find attractive, aswell. It is possible, for example, to include hypertext links (e.g., from the
table of contents to the conclusion) within .pdf documents. Future versions of the software,
moreover, will enable authorsto include hypertext links from within .pdf documentsto other Web
locations (e.g., NCES' s home page). Finally the Adobe Acrobat Reader, the application required
to read .pdf files, operates almost seamlessly with Web browsers, particularly Netscape, and is
available through the Internet at no cost for many operating systems.

Implementing the Strategies: How Difficult IsIt?

M aking judgments about which strategies to implement and in what order boils down to a
cost-benefit analysis that NCES will have to do. What we can provide, however, are some final

4-99



thoughts. We base our thoughts in large part on the effort required to create this document’s
illustrative Web home page at HT TP://www.dol phin.upenn.edu/~terhania/l.
Strategy 1: Elicit Information Through Fill-Out Forms and Electronic Mail

Setting up a Web server to receive, process, and store information (e.g., responses to
questionnaires) is straightforward, although it does require some tinkering on the server end (e.g.,
see Magid, Matthews, and Jones 1995). The necessary resources are in place, however, because
NCES has already begun to use the Web.

Developing Web pages through HTML requires some expertise. Nevertheless, it isfairly
easy to capitalize on the work of others. The HTML code that underlies the creation of each file
posted on the Web is available at no cost; that is, prototypical Web pages are readily available.
Strategy 2: Distribute Spreadsheet Files Through the Web

Someone at NCES must do the work. It is possible to capitalize on the work of others,
however. Thisis one object of creating Web windows.

Strategy 3: Track the Emergence and Development of New Analytic Methods and Their
I mplications Through the Web

A template for acquiring and consolidating such information might be based on the list of
“implication” categories given earlier in this report. The categories, put into question form, are:
What are the implications of the new analysis method or its application for deciding

1) What variables to measure;

2) How to measure;

3) Whom to measure;

4) How many respondents to sample;

5) When to measure;

6) With what sample design characteristics;

7) In connection with what other data collection;

8) Why; and

9) With what reporting strategy (e.g., CD-ROM, and so on).
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Strategy 4. Create Electronic Discussion Groups (or Listserv Lists)

NCEShasalist of al licensed datausers. Membership of NCES stechnical review panels,
moreover, ispublicinformation. Further, thereisprecedent for using mailing list serversto connect
membersof particular panelsor groups. Creating additional discussion groups, therefore, isalogical
next step. The listserv of the Advisory Council on Education Statistics is a prototype.

Strategy 5: Post Frequently Asked Questions and Relevant Literature on the Web

Posting those questions that data users frequently ask and relevant literature on the Web
requires some effort. Nevertheless, many may benefit through the work of few. Moreover, NCES
might capitalize on thework of othershereaswell. One question that NCES and its contractors may
frequently field, for example, relates to the appropriate statistical procedures that must be applied
to obtain accurate variance estimates with NCES surveys, e.g., SASS. These, we presume, arethe
“reasonably tractable procedures’ to which Clogg (1989) refers. We know, for example, that SASS
analysts use, among other software, a package developed at Westat called WesVarPC to apply the
procedures. We know, as well, that Westat provides documentation that includes an introduction
toreplication methodsin portable document format (.pdf). NCES, with Westat’ spermission, might
make thisfile available to analysts.

Strategy 6: Consider Using Adobe Acrobat to Disseminate | nformation

Using Adobe's portable document format (.pdf) does not force NCES to decide among
software packages. Creating a .pdf file is as simple asissuing a print command.
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NOTES
1. All datafrom the National Center for Education Statistics that are used here apply only
to public schools (and public school students).

2. “Significantly,” as used here and throughout the paper, refersto a mean difference of at
least two standard deviations.

3. Alternatively, the analyst might simply use the propensity score as a covariate in an
analysis of covariance—e.g., see Rosenbaum and Rubin (1983).
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Discussant Comments

FREDERICK MOSTELLER

| am extremely impressed with the paper by Bob Boruch and George Terhanian, partly
becausein several instancesthey address matterstotally new to me. | anticipatethat their paper will
repay study by the staff of NCES for along time. | shall comment on only afew of the many issues
they treat.

What makes their paper especially effective is the way it appreciates problems of
methodol ogy aswell as substance and, as Emerson Elliott recommended i n hisopening speech, how
it blurs the distinction between statistics and research and between retrieval and dissemination.
Their ability to make connections between different fields and to suggest enterprises that have
interest for multiple agencies enhances the opportunities to serve the public by informing
Americans about the state of various problemsin education. And Boruch and Terhanian have also
a beneficial, insightful capacity to see what sorts of activities will engage the attention of an
administration, a Congress, or a public proceeding down the information highway.

For example, encouraging peopleto interpret their own analytic contributions and those of
othersin order to improvethe design of sample surveysiscertainly good advice. | had not formerly
thought about such a move.

Droitcour and Silberman of the GAO have given usagreat challengein developing theidea
of cross-design synthesis. It is especially appropriate to think of its possibilities as a way of using
sample surveys to strengthen inferences from experimentation. Their general idea is to let
weaknesses from one form of investigation be buttressed by strength from another method, for
example, by balancing biases. This good idea needs extensive devel opment.

In order to achieve this goal, we need many investigators to carry out practical examples.
From acollection of such examples, we may be ableto sieve out principlesthat can be used in other
circumstances. So far, we do not have many examples.

With so few examples of applications, we cannot yet speak of cross-design synthesisas a
working method, but when the examples grow in number, we will have anew technique. It will be
useful to have NCES encouraging the use of sample surveys to broaden the variety of devices
available for cross-design synthesis.

NCES can aso develop the ideas mentioned by Boruch and Terhanian that would
additionally help link ideas between experiments and surveys. This requires knowing what
experiments are being carried out and which ones might be usefully linked to one another by
suitable future surveys. For example, can local experimental treatmentsincrease performanceina
region? Can surveys measure improvementsin aregion flowing from local programs of education
or of health, such as disease prevention?
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Boruch and Terhanian discuss what | like to call “skill grouping,” rather than “ability
grouping,” where classes with different skill levels are put into homogeneous classes rather than
heterogeneous ones. Presumably the hope is that students in homogeneous classes will learn more
than those in heterogeneous groupings. They present NAEP data that implies that students in
homogeneous classes perform better in 8th grade arithmetic than those in heterogeneous classesin
most jurisdictionsin 1990 and 1992.

In the 10 randomized (or nearly randomized) experiments my colleagues found to review
(not restricted to arithmetic), the average performance over different subjects was about equal for
the skill-grouped (homogeneous) and the whol e-class (heterogeneous) instruction. Although the
variationin outcome from study to study was substantial, the reporting was often inadequate. There
was also no real way to appreciate whether the studentsin the studies represented the nation in any
reasonable sense. Moreover, no experiment lasted more than 1 year (at least in the most popular
form of skill grouping), and each experiment represented only one school.

The contrast between the outcomesin the sampl e survey and the experiment deserves more
explanation. Thisis an example of anissue whose study might be aided by a compilation by topic
of investigation of experiments, surveys, and demonstration programs. | do not mean to include
analysis, however, which is merely a map of the territory. Most investigators would like their
studies included in such a list. Consequently, making such a collection may be feasible.
Investigators such as myself would find such information very useful.

The only substantial educational experiment | have come across like this has been the
Tennessee Class Size experiment. | have concluded that we need more such experiments.

One might hope that even though schooling is primarily run by the states that some
organi zation could bring together groups of districtsregionally or evenin anational sampleto carry
out experiments that would have more than asingle state participating. A compendium of surveys,
experiments, and demonstrations might help school districts and states think of opportunities to
cooperate in such ventures.

In the fourth section of their paper, Boruch and Terhanian discusswork on people who are
hard to count and on measurements that are hard to make. They suggest special methods of
guestioning. With respect to guessing unknown numbers, | have discussed the possibility of trying
to estimate the unknown numbers by independently using several different approaches. | call this
process “triangulation.” To accomplish this, essentially one sets up severa different models, and
by guessing or knowing parametersof the model s, onetriesto construct estimatesfrom each model.
If the models differ in structure but produce similar outcomes, this seems to give some evidence
favoring the resulting estimates. | suggest that adding the idea of several approaches to these
difficult measurement and counting problems may help to develop new methods of assessment.

When faced with such a plethora of suggestions as Boruch and Terhanian supply, oneis
tempted to try to prioritize the list. But as Elliott suggested, much of what will be feasible in the
near future will depend on the accidents of perceived joint interests of otherwise independent
organizations, and so trying to prioritize these suggestions would not be very profitable, as
compared with having it done by someonewho ismorefamiliar with the current goal s of the Center
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and itsinteractionswith other organizations. It would be valuable to have individuals at the Center
who arewell prepared to work cooperatively, and this paper and others presented here certainly are
making major contributions to that end.
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I ncor porating Experimental DesignsInto New NCES
Data Collection M ethodologies

CharlesE. Metcalf

ABSTRACT

This paper considers some potential methods of accommodating policy evaluationsusing a
formal experimental design—that is, with randomized treatment and control groups—within NCES
national datacollection efforts. The paper first addresses somelimitationsin using national data sets
for selecting comparison groupsfor policy evaluations, and then expl ores the following approaches
to integrating experimental designsinto ongoing longitudinal databases:

® Designing a specific experiment for implementation at the initiation of the longitudinal
survey, using a within-survey treatment group that receives the policy intervention;

® Designing alongitudinal survey to accommodate as-yet-unspecified future experiments;

® Augmenting a survey with supplemental sampling units that receive an experimental
intervention, or expanding the longitudinal sample to incorporate separately defined
demonstration treatment and control groups for common data collection efforts; and

® Providing a sample frame for the random selection of schools to test school-based
innovations.

The paper draws the following five conclusions:

1) Becausethe descriptivevalue of NCES national datasetsfor framing policy issues ought
not to be minimized, precautions should be taken so that efforts to accommodate policy
experiments do not dilute this value.

2) Attempts to improve the attractiveness of national data sets as genera-purpose
(nonrandomized) comparison groups would not be warranted, because the intrinsic
weakness of comparison groups relative to randomized control groups makesthis effort
an unpromising investment.

3) Experiments are difficult to incorporate into a national longitudinal sample, unless the
timing of ademonstration implementation converges fortuitously with the initiation of a
longitudinal survey that hasacompatible age cohort. Thereispotential for improving the
efficiency and comparability of longitudinal data collection, however, and for moving
such experimentsin the direction of using representati ve sample frames compatiblewith
national data frames.
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4) Attempts to append an experiment to a longitudinal survey after the survey's initiation
point would be fraught with difficulties, unless supplemental samples are drawn for the
demonstration treatment and control groups.

5) The potential for implementing demonstrations with across-school random assignment
appears to have been severely underestimated, both for student- and school-targeted
initiatives.

BACKGROUND ON THE USE OF EXPERIMENTAL DESIGNS

Sincethefirst income maintenance experimentsinthelate 1960s, experimental methodsthat
involve the random assignment of atarget population to treatment and control groups have proved
to be both feasible and extremely valuable for evaluating social programs and policy interventions.
This approach has been established as the most defensible method for determining the extent to
which specific policy interventions affect behavior or outcomes of interest.

Randomized experiments have been used to test interventions in such areas as welfare
reform, employment and training, food stamp benefit cashout, health care delivery, long-term care,
medical treatment, offender rehabilitation, domestic violence, and family preservation services.
Evaluations of the Upward Bound program (funded by the U.S. Department of Education[ED]) and
the Job Corps program (funded by the U.S. Department of Labor [DOL]) have broken new ground
in measuring the impacts of existing broad-based programs by diverting nationally representative
samples of program applicantsinto randomized control groups. In addition to Upward Bound, ED
has funded other recent randomized studies, including evaluations of the Dropout Demonstration
Assistance Program, Dropout Prevention and Reentry projects in vocationa education, the Even
Start program, and Workplace Literacy programs.

While program evaluation methodology was evolving, the National Center for Education
Statistics (NCEYS) initiated a series of longitudinal studies “to provide ongoing, descriptive
information about what isoccurring at thevariouslevel sof education and the major transition phases
of students' lives,” beginning withtheNational Longitudinal Study of 1972 (NLS-72) (NCES1995).
Similarly, other large-scale data sets, such as the Survey of Income and Program Participation
(SIPP), the Panel Study of Income Dynamics (PSID), and the National Longitudinal Survey—Y outh
Cohort (NLSY)) track representative samples of some of the same popul ationstargeted by programs
subject to demonstration eval uations.?

Yet amost invariably, program evaluations based on control group or nonrandomized
comparison group methodol ogies have involved independent data collection efforts, usually using
samples and demonstrations sites that are not nationally representative.® These evaluations do not
take advantage of the existing array of continuing large-scale data collection efforts that might
include representative samples of the potentialy relevant target population of interest, except
possibly for limited benchmark purposes.

Why isthis? Arethere deficienciesin national data setsthat can be remedied, from apolicy
impact evaluation perspective, without compromising the primary focus of these data sets? If
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program eval uations could use general -purpose databases effectively, this seemingly inefficient use
of data collection resources could be rectified.

In judging the efficacy of national data sets for the evaluation of education policy, | should
stress that the NCES national data sets are used for both descriptive and evaluation purposes. They
areavailableto awidevariety of potential usersasdatasetsfor evaluating both education policy and
the dynamics of educational processes and student behavior. Accurate, representative descriptions
are essential for understanding an economic or policy sector: providing incontrovertible evidence
of what is happening isalegitimate and primary focus of national data collection effortsthat should
not be compromised. In my experience, some of the greatest revelations of research projects have
involved description and documentation of facts that turned out to be controversial, rather than
sophisticated evaluation of policy demonstrations or experiments.

This paper considers some potential methods of accommodating policy evaluationsusing a
formal experimental design—that is, with randomized treatment and control groups—within NCES
national data collection efforts. Examples of these methods might include the following:

® Designing a specific experiment for implementation at the initiation of the longitudinal
survey, using awithin-survey treatment group that receives the policy intervention;

® Designing alongitudina survey to accommodate as-yet-unspecified experimentsin the
future;

® Augmenting a survey with supplemental sampling units that receive an experimental
intervention, or expanding the longitudinal sample to incorporate separately defined
demonstration treatment and control groups for common data collection efforts; and

® Providing a sample frame for the random selection of schools to test school-based
innovations.*

The next section of this paper addresses some limitations in using national data sets for
sel ecting comparison groupsfor policy evaluations. Thethird section exploresmethodsfor adapting
national data sets to accommodate formal policy experiments. The paper concludes with a brief
reality assessment of approaches showing the most promise.

Using National Data Setsto Select Comparison Groupsfor Policy Evaluations

Longitudinal and repeated cross-sectional datasets permit many insightful analysesof causal
relationshipsand policy impacts, but their usefalls short of conventional experimental standardsfor
measuring program impacts. They are often proposed, and sometimes used, to create comparison
groups for demonstrations of a policy implemented with a separate sample of students and/or
schools. But repeatedly these data sets are rejected in favor of independently collected data setsfor
control or comparison groups.®

When considering the use of an existing data set as a comparison group, designers of
demonstrations and policy evaluations are confronted with a major cost advantage over the use of
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an independent control or comparison group and its associated data collection costs. They are a'so
confronted with two major classes of disadvantages from a methodological standpoint. These
disadvantages are associated with 1) characteristics of specific data sets relative to those of an
independently tail ored comparison group, and 2) general deficiencies of comparison groupsrelative
to randomly selected control groups.

Criteria for Evaluating Existing Data Sets as Comparison Groups

Asidefrom general problemsassociated with nonrandomized compari son groups, an existing
data collection vehiclewould have to meet several basic requirementsto be a suitable substitute for
an independently defined comparison group:

® The sample must contain an identifiable subgroup that is comparable to the group
receiving the demonstration treatment;

® The subsample meeting target group requirements must be large enough to meet the
statistical precision requirements of the planned evaluation;

® The survey should have alongitudinal structure for tracking individual outcomes for a
period comparablein length to that used for tracking the demonstration treatment group,
ideally for the same period in chronological time;® and

® The survey database must contain comparable data elements, both for measuring
background characteristics of sample members and for defining outcome measures.

To provide a concrete example of how these criteria were applied, the following describes
the process by which existing longitudinal surveys were considered for use as a comparison group
for the Job Corps evaluation that is currently under way. | chose this example because of my
firsthand involvement in the design effort, even though Job Corpsisfunded by DOL rather than by
ED.

The Job Corps program provides a range of education, vocational training, and support
servicesin apredominantly residential setting to disadvantaged youths between the ages of 16 and
24.” Approximately 60,000 new enrolleesare served each year. In 1993, DOL initiated an evaluation
of the program that eventually adopted arandomized design in which approximately 8 percent of al
eligible Job Corps applicants were assigned to a control group. Sample intake began in November
1994 and is scheduled to end in early 1996.

Before adopting a randomized design, we considered using an independently constructed
comparison group (not discussed here) and severa existing surveys—the National Education
Longitudinal Study (NELS), SIPP, PSID, NLSY, and the Current Population Survey (CPS). Tofulfill
the criteria discussed earlier for the requirements of the Job Corps evaluation, an existing survey
would have to provide a comparison group with the following characteristics:

® A representative sample of youths aged 16 to 24 in 1995, who meet specific definitions
of being disadvantaged and having limited employment opportunities;
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® A longitudinal structure providing outcome data for 36 to 48 months after the 1995
enrollment window; and

® QOutcome measures of employment and education experience, transfer receipts, and
criminal activities.?

None of the considered data sets could have identified eligible youths in a manner strictly
comparableto the criteriaapplied in the Job Corps recruitment process, but all could have provided
acceptable approximations of the relevant population. The NELS sample, which started as a cohort
of 1988 8th graders, would have provided a sample of about 2,000 Job Corps eligibles aged 20 to
21in 1994, but it would not have covered the full age span of eligibles. The planned 1998 NELS
survey would have provided detail ed education and training outcome measures 36 months after the
enrollment window for the Job Corps sample, but incomplete information on labor market
experience and no information on criminal activities or transfer receipts. Finaly, the baseline data
would have been defined for 1994 (1 year before the data collected for the treatment sample) for a
sample that had already experienced 6 years of attrition, thus threatening the representativeness of
the sample.

The other data sets under consideration also had disadvantages sufficient for their
disgualification. The SIPP and CPS data sets included the full age span of Job Corps eligibles, but
the sample sizeswereinadequate (fewer than 1,000 each). Furthermore, these data sets provided no
longitudinal datafor 36 months or later and no information on criminal activities.® The PSID also
included a sample of fewer than 1,000 eligible youths and provided only limited information on
those who were not heads of households. Finally, the NLSY provided detailed information on a
cohort of 4,000-5,000 youths. Unfortunately, these youths were aged 14 to 21 in 1978 and would
have been a promising comparison group for Job Corps applicantsin 1981: by 1995, however, they
were aged 31 to 38.

Other difficultieswith using existing surveysfor comparison groups are worthy of mention.
These difficultiesrel ate to demonstration treatment samplesthat are not nationally representative or
that measure outcomes in idiosyncratic ways (which may reflect limitations of the demonstration
rather than the potential comparison sample):

® |n recent years, the number of state-based policy evaluations, particularly in the area of
welfare reform, has been increasing; similarly, a demonstration of a school reform
initiative might be concentrated in one or a small number of states. Existing national
databases may lack alarge enough sampleinthe statesof interest; furthermore, somedata
sets may not provide state identifiersin their public use data files.*

® Many demonstrations take place in ajudgmental (that is, not randomly selected) sample
of sites that may not be representative of the national target population for a policy
initiative. These demonstrations must confront a methodological tension between
identifying a comparison group that is as similar as possible to the treatment population
(to promoteinternal validity of the results) and extrapolating findingsto anational target
population. To the extent that both variants of acomparison population can beidentified
in a national data set and their differences measured, use of a national database as a
comparison reference, rather than an independent but nonrepresentative comparison
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group, could enhance our ability to draw policy implications from demonstrations not
conducted with a representative sample.

® Designers of demonstration evaluations often complain that national data sets do not
measure potential outcomevariablesinamanner appropriatefor assessing policy impacts
of interest. This criticism cuts both ways, however. To the extent possible, program
evaluators should attempt to expresstheir findingsin terms of broadly available outcome
measures in order to promote the interpretability of their results. On the other hand,
although certain types of information involving such subjects as criminal activity, drug
use, or sexua activity may be inappropriate for broad-based longitudinal data sets,
designers of survey instruments for future longitudinal data sets should attempt to
incorporate the information required to construct variables that are widely usable as
outcome measures for policy evaluations.

The discussion here about the deficiencies of specific data setsrelative to an independently
taillored comparison group may be moot in an evaluation that rejects a “well-constructed”
comparison group infavor of arandomized control group. Most of theseissueswill remainrelevant,
however, when discussing the possibility of defining future longitudinal data sets that incorporate
or can accommodate aformal experimental design.

Deficiencies of Comparison Groups Relative to Randomly Selected Control Groups™

The classical statistica methodology underlying randomized experiments requires that we
compare two independent random samples—one that receives the intervention of interest—drawn
from the same population. When this condition is met, simple statistical tests reveal the likelihood
that any observed differences could be due to chance rather than to systematic differences created
by the intervention.

Random assignment fulfills this condition proactively, if neither the sample selection and
randomization process nor the method of introducing the intervention creates contaminating effects
that could be confused with theintervention'simpact. Comparison group methods, ontheother hand,
use assumptions, measurement of other sources of differences, and statistical models to eliminate
differencesthat could derive from reasons other than theintervention. If these effortsare successful,
aresidual differencecan beidentified asresulting from theintervention, perhapswith some measure
of statistical confidence.

Continuing debate about whether nonexperimental comparison groupscan beusedto provide
convincing measures of program impacts has been fuel ed by anumber of studies comparingimpacts
estimates based on control and comparison groups.*> The debate has also been advanced by an
increasingly rich econometric literature about methodsto deal with the problem of “selection bias,”
which results from sources of unmeasured or unmeasurable differences between treatment and
comparison groups.*®

Successful use of nonrandomized comparison groupsrequiresthat we beableto measureand
control for all systematic differences (other than the intervention) between the samples. Even if all
differences can be measured and controlled for, we must keep in mind that the correction process
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“uses up” statistical power that is no longer available for testing the intervention's primary impact.
Time and time again, statistical tests appropriate for randomized experiments are misapplied to
nonrandomized comparison groups, with aresulting vast overstatement of the strength of theresults.

Similar problems exist with the statistical methods available to test for the presence of and
correct for selection bias. Testsfor selection biasproducethree possible outcomes: 1) biasispresent,
but we lack an acceptable method to correct for it or perhaps even to detect it; 2) biasis present, and
available methodspermit usto correct for it; and 3) no systematic bias appearsto exist. Each of these
outcomes poses problems:

® |n the first case, internally valid estimates of impacts cannot be obtained, and the
researcher must seek alternative datasets. Thisisauseful result for researcherseval uating
aternative secondary data sets, but scarce comfort for those who have just completed a
demonstration with a primary data collection effort.

® |nthe second case, increasingly sophisticated statistical methods have been devel oped to
correct for the source of bias. However, they typically requirethe availability of measures
for both the treatment and comparison groups that are correlated with program
participation but not with program impacts, and tend to produce unstable, nondefinitive
results. Even when successful, they absorb statistical power in the correction processand
often produce standard errorsof impact estimatesthat are approximately threetimesthose
produced with demonstrations using control groups. When this happens, sample sizesfor
a comparison group design have to be as much as nine times larger to measure program
impacts with the same statistical precision as with a properly designed randomized
experiment.

® Only in the last case can we proceed with no statistical correction for bias. Again,
however, using the full sample as if random assignment had occurred implies not only
that “we have failed to detect evidence of selection bias,” but also that “we know with
certainty that it is absent.”

In any event, we would not know which case applies until a demonstration has been
completed and the data have been collected.

The current array of methods available to measure program impacts with nonexperimental
data are extremely valuable when time, resources, or other circumstances prevent the design and
execution of arandomized experimental design for testing anew policy intervention or an existing
program. They are also important for helping to counteract the inevitable imperfectionsin formal
experiments implemented in actual demonstration or program environments.** Y et, nonrandom
comparison groups—whether “made to order” or drawn from currently available or future
longitudinal data sets—are unlikely to return as the methodology of choice for maor impact
evaluations that place priority on obtaining convincing results. Thus, future longitudinal data sets
are unlikely to play a prominent role in impact evaluations unless they can be adapted to
accommodate aformal experimental structure for program evaluation purposes. The next section
looks at this topic.



Adapting National Data Setsto Accommodate Formal Policy Experiments

If national data sets can be adapted to accommodate formal policy experiments, they could
contribute a vital element commonly absent from such experiments: a nationally representative
context in which to test apolicy.

Internal validity and external validity are two concepts central to sound evaluation design.
Internal validity addresses whether what we observe isin fact caused by an intervention. External
validity involves whether observed demonstration impacts would be replicated if implemented in
broader settings and/or on alarger scale. Although both concepts are crucial for policymakers, itis
intherealm of internal validity where well-designed randomized experiments have established their
clear superiority over comparison group methodol ogies. Experiments astypically implemented fall
short of standards of external validity, leaving the analyst to engage in nonexperimental, often
judgmental methods to establish policy relevance.

An implicit but mgor controversy in the evaluation community exists between those who
focuson establishinganinternally valid experimental setting—often by creatingan artificial program
in an analytically precise environment in one or a small number of nonrepresentative sites—and
those who are willing to sacrifice “design rigor” for evaluating a program in amore representative
setting. Frequently, researchers face the tension between asking the right question with a weak
methodology and asking the wrong question with a sound methodology.

Only recently have there been any significant attempts to place randomized designsin a
nationally representative operational setting. The Upward Bound and Job Corps evaluations are
prominent examples of these efforts. By providing a national context—or a well-defined target
group, such asinner-city studentsor rural schools—future national databases may provide avehicle
for implementing policy experimentswith apresumptiveclaim of external aswell asinternal validity
for evaluation results.

In the introductory section, | suggested ways in which experimental designs might be
integrated into ongoing longitudinal databases: 1) implementing a specific experiment with the
initiation of alongitudinal survey; 2) designing alongitudinal survey to accommodate one or more
as-yet-unspecified future experiments; 3) augmenting asurvey with supplemental sampling unitsthat
will receive an experimental intervention, or expanding a longitudinal sample to incorporate
separately defined demonstration treatment and control groups for common data collection efforts;
and 4) providing a sample frame for the random selection of schools for testing school-based
innovations. This section provides examplestoillustrate the potential and the drawbacks of each of
these approaches.

I mplementing a Specific Experiment With the I nitiation of a Longitudinal Survey

Supposewewishto test anew approach to enhance reading skills, beginning in the 8th grade
for studentsin inner city schools, and that we are prepared to implement atest of this method that
coincideswith theinitiation of anew NEL S-type survey—that is, alongitudinal survey of arandom
sample of 8th-grade students drawn from a first-stage representative sample of perhaps 1,000
schools. Combining these two initiatives could provide four distinct advantages to the evaluation:
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1) With a random sample of students from inner city schools from the NELS frame, the
evaluation results could be interpreted directly in terms of the target population (external
validity);

2) With common datacollected from both studentsin the demonstration schoolsand thefull
sample, the performance of targeted students could be compared with that of their
designated control group and that of all students nationwide;

3) With continued tracking of the sample on alongitudinal basis, long-term impacts of the
demonstration could be measured beyond the initial evaluation effort; and

4) Theincremental cost of the demonstrationislikely to be lower than that of astand-alone
study.

The experiment could take one of two general forms—uwithin-school versus across-school
random assignment—each with distinct methodological and operational implications. A
demonstration with within-school random assignment of students to treatment and control groups
(or more broadly, within-site randomized demonstrations) is the most common design for a policy
experiment. A less frequently observed design—»but very promising in many contexts in my
judgment—invol vesthe random sel ection of treatment and control schools, with al eligiblestudents
in the respective groups of schools constituting the treatment and control samples of students.

Demonstrations using within-school random assignment requirethat the scale of the program
intervention in each site be smaller than the potentially eligible population. They also require that
the nature of the intervention be such that none of its benefits “ spills over” onto the control group,
such as when instructional methods for the control group are affected by what teachers learn from
the demonstration, or when innovations or reforms are schoolwide in their potential impact.

Within-school designsal so requireovercoming school resistanceto denying program services
to some eligible students on a random basis. This resistance increases if there is arisk that some
program slots may remain vacant because some applicants are diverted to a control group. The
Upward Bound demonstration dealt with this problem by assigning some of the control group (on
arandom basis) to awaiting list, from which students could be selected to fill vacant dots.

An advantage of using across-school random assignment is that treatment-group schools
would not haveto deal with the mechanics of random assignment. Control schoolswould betreated
like al othersin the longitudinal sample, except to the extent that specialized data collection or an
increased sample of studentsis required.”™

Innovations tested with this approach must be applied either to the entire eligible student
population, however, or to subsets of the popul ation identified by student characteristicsthat can be
readily measured in data collected for students in the control schools. Interventions targeted at a
small number of volunteer applicants from a larger, nominaly eligible group—such as Upward
Bound—would not be well suited for this approach, because attempts to identify the comparable
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group of students in the control schools would suffer from the same selection bias problems that
plague nonrandomized comparison groups.*® Furthermore, the across-school approach could not be
used for evaluating existing programs, which arelikely to be present already in the control schools.

Finally, insituationsfor which either design would be methodol ogically appropriate, across-
school designs would typically require larger sample sizes than within-school designs for equal
statistical precision, because both individual and school characteristics would vary randomly
between the treatment and control groups. Within-school random assignment, on the other hand,
eliminates variations in school characteristics between the treatment and control group.*’

The issues discussed here involving the choice between within-school and across-school
randomized designs are relevant whether or not a demonstration is integrated into a longitudinal
survey. Specia problems to be considered when integrating either approach into a longitudinal
survey include the following:

® We must have identified the experiment of interest in time for implementation at the
beginning of the longitudinal survey. More importantly, the target age cohort for the
experiment must coincide with a cohort included in the survey. If the survey is tracking
a cohort of 8th graders, for example, a demonstration targeting that group could be
included, but not one focusing on 10th graders.

® Planners of demonstrations typically solicit applications from schools or siteswilling to
participate. The strategy discussed here requires approaching arandom sampl e of schools
andinviting themto participate. Thisapproachisfeasibleonly if the offer of participation
is sufficiently attractive to achieve high participation rates.

® Thenumber of students per school in an NEL S-type survey isunlikely to belarge enough
to support the sample-size requirements of ademonstration. Thus, the sample of students
would have to be augmented in the treatment school s and probably in the control schools
(in the across-school design) as well.

® The content of thelongitudinal survey may haveto be modified to ensure that it includes
appropriate outcome measuresfor evaluating thelong-term impact of theintervention. In
addition, supplemental data collection may be required for the demonstration (for
example, if achievement test scores are desired).

® Students in the treatment sample, by virtue of their receipt of the program innovation,
would no longer be representative of their cohort. Thus, the size of the longitudinal
sample, excluding the demonstration sample, would have to be large enough to servethe
general purposes of the longitudinal survey.

Designing a Longitudinal Survey to Accommodate Future Experiments

Simultaneous initiation of a randomized demonstration and alongitudinal survey requires
that an uncomfortably large number of planets be in proper alignment. The increased flexibility of
alongitudinal survey that could accommodate one or more experiments after itsinitiation would be
desirable. For example, wemay want to test an initiative targeted at 10th-grade students 2 years after
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the beginning of thelongitudinal survey, or we may not yet have settled on apolicy initiative worthy
of experimentation.

What characteristics must the survey sample have to offer this flexibility, and what special
problems would have to be resolved in designing subsequent evaluations? For the purposes of this
discussion, assume that the longitudinal survey would track a cohort of 8th-grade students, with
follow-up interviews scheduled every 5 years.

Severa general issues would have to receive special attention in the design of the
longitudinal sampleto accommodate future experiments, some of them already identified. First, the
guestionnaire content might have to be examined in terms of its measurement of student
characteristics and outcome variables likely to be important for evaluating future policy
demonstrations. If the demonstrations require supplemental data collection, especialy on a
continuing longitudinal basis, much of the advantage of attempting to integrate the demonstration
with the survey would be vitiated.

Second, we would have to consider the available sample sizes for all potential evaluation
target groups, both for potential demonstrations and for the remaining sample available for general
usersof thelongitudinal database. Realistically, most strategiesfor appending ademonstrationwould
involve adding supplemental samples (both school sampling units and students within schools) to
the survey at the time the demonstration is implemented.

Third, a survey like NELS, restricted to a single-grade cohort, would be particularly
restrictive in terms of the future timing and range of potential demonstrations. For example, a
longitudinal sampleof 8th graderscould beintegrated with apolicy initiative directed at high school
sophomores after 2 years, but not at any other time. A survey with more than one cohort would be
more flexible in terms of its potential accommodation of future demonstrations.

Finally, if inclusion in the longitudinal sample places schools or students “at risk” of
inclusion in a future demonstration, there may be issues of informed consent to consider. (Thisis
more likely to be a problem for demonstrations calling for within-school random assignment than
for the across-school approach, if responding to an interview increases an individual's exposure to
future selection for participation in an experiment.) Such consent, if required, could lower response
rates in the longitudinal survey, a problem that compounds in subsequent waves of the survey.
Again, this problem is mitigated if we think in terms of supplemental samples for demonstration
implementation.

Returning to the example of testing apolicy initiative targeted at high school sophomores 2
years after alongitudinal survey of 8th graders has been initiated, the designer of the demonstration
would face several obstacles:

® Timingiseverything, asalready suggested. Two yearsafter theinitiation of alongitudinal
survey focused exclusively on an 8th-grade cohort is the only time a demonstration
targeted at 10th graders could be implemented.

® |n this example, baseline data are 2 years old and would not exist for any augmented
sample required for the demonstration. If baseline datain addition to student records are
required, a supplemental baseline survey would have to be implemented.*®
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® During a 2-year period, students in the longitudinal sample may have dispersed to
different high schoolsin their districts, moved out of the area, dropped out of school, or
otherwise disappeared from the sample. Sample students remaining in the same school
districts would not be representative of all students in those districts, because students
who changed districts in the past 2 years would be excluded from the sample. These
factorswould severely complicate attemptsto implement ademonstration using students
already included in the sample, even if samplesizesavailablefor the demonstration were
adequate.

® |f a supplemental sample is drawn for a demonstration treatment group, the above
complications could compromise the suitability of using the regular longitudinal sample
in aselected set of schools asacontrol group. A potential solution to this problem might
include adding a supplemental sample of control students who arrived in the sampled
schools since the definition of the longitudinal frame.

® Demonstrations that combine the “new” and “origina” sample would have to deal with
potential differential sampleattrition over time, resulting from thedifferent “longitudinal
ages’ of the two portions of the sample.

Theseconsiderationsarelikely to make separately drawn treatment and control samplesmore
attractive to program evaluators than designs relying heavily on the “original” sample from a
previoudly initiated longitudinal sample. The question is whether these samples should retain a
structural link to the longitudinal survey, or whether the current practice of implementing
randomized demonstrations independently of national longitudinal samples should continue.

Augmenting a Survey With Supplemental Sampling Units to Receive an Experimental
Intervention, or Expanding a Longitudinal Sample to Incorporate Separately Defined
Demonstration Treatment and Control Groups for Common Data Collection Efforts

The discussion here has implicitly moved us in the direction of a more limited integration
of randomized demonstrations with longitudinal data sets. Three possibilities come to mind:

1) Augmenting the longitudinal sample with supplemental sampling units—selected in the
same manner as schools forming the basis of the longitudinal survey—to receive the
program intervention being evaluated, and using the longitudinal sample as a control

group,

2) Choosing supplemental sampling units (in the same manner) for both the treatment and
control groups, but integrating the demonstration into the longitudinal data collection
sample; and

3) Defining a demonstration sample by procedures not related to the longitudinal frame, as
is currently done, and limiting the link to common longitudinal data collection.
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The first approach forces the treatment sample to be nationally representative of the target
groupinguestion, amgjor advantage over most contemporaneous randomized demonstrations. This
approach would aso be viable as a variant of the first scenario described in this section, in which
a demonstration is implemented at the same time the longitudinal survey is initiated. When the
demonstration isinitiated after the longitudinal baseline, however, anumber of issuesrelated to the
comparability of the treatment and control groups (discussed earlier) could compromise the
experiment's validity.

The second approach would utilize supplemental, representative sampling unitsfor both the
treatment and control groups. Although not using the longitudinal sample in a literal sense, this
approach combines the advantages of providing a nationally representative test of the program
intervention on a sample defined in the same manner as that used to track students nationally, with
the economic advantages and the interpretative consistency of commonly collected data for
demonstration participants and the general student population. This approach could strengthen
program evaluation methodology significantly and is an option worth pursuing where feasible.

The third option leaves demonstration designers free to define independent treatment and
control groups, whileretai ning the advantages of common datacollection efforts. Thisapproach may
be animprovement over current practice, but | would find it to have arather disappointing outcome:
guiding randomized demonstrations in the direction of nationally representative rather than
pragmeati c implementation venues, which would be achieved by the previous option, isan important
priority for the evolution of program evaluations.

Providing a Sample Frame for the Random Selection of Schools for Testing School-Based
I nnovations

All the design options discussed here have been “ school-based” but focused on measuring
outcomesthrough longitudinal datacollection efforts patterned after NEL S, with schools serving as
the primary sampling unit for selecting students and as the venue for implementing the
demonstrations. The tested policies were viewed as affecting specific students enrolled in the
demonstrations, rather than as broader school reforms that might have schoolwide impacts.

Here, the discussion expands to include experiments in which the school isthe target of the
innovation, and the design is clearly across-school in character. Measured outcomes might take the
form of longitudina observations of students, as before, or repeated outcome measures for
successive cohorts of students in a longitudinal sample of schools. In the latter case, measured
outcomes could be based on administrative records, test scores, or aggregate measures for each
school, aswell as student interviews.

The design objective hereisto use existing survey sample framesto select random samples

of schoolsfor testing areform or innovation in aformal experiment, rather than to follow the more
traditional approach of comparing judgmental treatment and comparison samples of schools.
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For example, suppose we wish to test the effect on mathematics achievement or other
outcomes of making personal computers readily available to studentsin rural schools.*® In order to
implement such ademonstration, wewould select arandom sample of rural schoolsfromthe NCES
Schoolsand Staffing Survey (SASS) frame (or augment the sampleif there are not enough school s)
and invite these schoolsto participatein the demonstration.® Rural schools not selected for the offer
of participation would constitute the control group and could be augmented by an additional sample
of schools, if necessary. Outcomes could be measured with supplemental data collection effortsin
conjunction with future waves of SASS.

In order for experiments of this sort to be effective, certain conditionswould have to be met:

® The SASS design would have to be modified to be more longitudinal in character. (Itis
my understanding that such amodificationisunder consideration.) Furthermore, it would
be desirableto investigate the possibility of adding summary outcome measures relevant
for arange of potential school innovationsand reformsto limit the extent of supplemental
data collection efforts.

® Asnoted, thetested initiatives would have to be attractive enough that alarge proportion
of the selected schoolswould agree to participate, because the treatment group would be
properly defined as all who are offered participation (not just participants). Furthermore,
nonparticipants would dilute the power of the experiment.

® The potential impacts of the intervention would have to be schoolwide or serve a high
fraction of identifiably eligible students. The impacts would also have to be measurable
in tangible terms that could be measured consistently across schools.

® |f all relevant output measures could be obtained from standard survey data, there would
be no need to obtain any special consent from the control schools. Agreement of control
schoolsto participate in supplemental data collection efforts would have to be solicited,
but they would not have to be involved in the demonstration in any other material way.

® [f theinitiativeiswidely publicized, inexpensive, and easy to implement, thereistherisk
that control schools will implement asimilar program on their own. If this happens too
quickly, the outside world will “catch up” to the innovation before its impacts can be
measured. The demonstration is more likely to be successful in measuring impactsif the
innovation requires significant resources and/or technical assistance to implement, and
if premature publicity surrounding the demonstration is kept to a minimum.

SASS may be less promising (in terms of its structure and traditional content) than
longitudinal student samples as avehicle for collecting required outcome measures, increasing the
likelihood that specialized datacollection effortswould haveto beimplemented in conjunction with
randomized demonstrations. Even if supplemental data collectionisrequired, however, | place high
priority on the possibility of executing randomized tests of school-based interventions within the
standardized framework that a nationally representative database can provide.
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CONCLUSIONS: A REALITY ASSESSMENT

In the discussion here, | reviewed a range of reasons why demonstrations and policy
evaluations have not made significant use of existing national data sets, and considered a number
of ways in which these data sets might be adapted to alter the conduct of future evaluations. My
conclusions are as follows:

® Thedescriptivevalueof well-structured national datasetsfor framing policy issuesought
not to be minimized, and precautions should be taken so that efforts to accommodate
policy experiments do not dilute this value.

® Attempting to improve the attractiveness of national data sets as general-purpose
(nonrandomized) comparison groupswould not be, in my opinion, anobleobjective. The
intrinsic weaknessof comparison groupsrel ativeto randomized control groups makesthis
effort an unpromising investment.

® Experimentswithwithin-sitetreatment and control groupsaredifficulttoincorporateinto
a national longitudinal sample, unless timing of a demonstration implementation
converges fortuitously with initiating a longitudinal survey that has a compatible age
cohort. Thereis potential for improving the efficiency and comparability of longitudinal
data collection, however, and for moving such experiments in the direction of using
representative sample frames compatible with national data frames.

® Attempts to append an experiment to a longitudinal survey after the survey'sinitiation
point would be fraught with difficulties, unless supplemental samples are drawn for the
demonstration treatment and control groups.

® The potentia for implementing demonstrations with across-school random assignment
appears to have been severely underestimated, both for student- and school-targeted
initiatives. Coordinating the design of such evaluations with the representative frames of
national surveys and engaging in integrated data collection activities, where possible,
could produce significant improvements in both the methodology and the efficiency of
future policy experiments.
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NOTES

1. The evaluation strategies for both Upward Bound and Job Corps depended on pools of
potential eligibles that exceeded the available number of program slots.

2. SIPP utilizes an overlapping panel design rather than a strict longitudinal design; the
Current Population Survey, another widely used continuing data set, utilizes overlapping panels of
household locations. The NCES Schoolsand Staffing Survey, which will be considered later inthis
paper along with the NCES longitudinal studiesfor adaptation to experimental evaluations, utilizes
repeated cross-sections with an approximate 30 percent overlap of schools between successive
interview waves.

3. This paper defines a “control group” as a sample selected through random assignment
between treatment and control students or schools, and a*“comparison group” as one chosen to be
as similar as possible to atreatment group, but without random assignment.

4. An additional potential focus for incorporating experiments into NCES national data
collection efforts—not the subject of this paper—would involve testing alternative data collection
methodologies. Designing these experiments would involve substantive issues related to the data
collection methodol ogies being tested, but the sampling and experimental design issues would be
relatively straightforward.

5. For example, theinitial design for the ED's eval uation (conducted by Mathematica Policy
Research) of the tech-prep educational program called for using data from the National Education
Longitudina Study as a comparison group, but this approach was abandoned after critical
examination by both Office of Management and Budget and project staff. NELS was one of several
longitudinal data sets considered for creating a comparison group for DOL's Job Corps evaluation
before a randomized design was chosen as a superior approach.

6. School-based interventionswould require longitudinal samples of schools, but associated
samples of students might appropriately be repeated cross-sections, depending on the evaluation.

7. The upper age limit was increased from 21 to 24 in 1993.

8. A previous evaluation of Job Corps completed in 1982 (Thornton et al. 1982) identified
areduction in criminal activities as a prominent benefit of the program.

9. The rotation pattern of the SIPP panels provided longitudinal datafor 30 months or less;
the CPS utilizes rotating panels based on household location and provides no actual longitudinal
data.

10. NCES usually maintains both public use and restricted use datafiles. The restricted use
files may permit identification of states and other locations.

11. Portions of the following discussion are adapted from Metcalf and Thornton (1991).
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12. See Ashenfelter and Card (1985), Lalonde (1986), Lalonde and Maynard (1987), and
Fraker and Maynard (1987).

13. For example, see Maddala and Lee (1976), Heckman (1979), and Heckman and Hotz
(1989). For discussions of effectiveuse of testsand correctionsfor sel ection biasin nonexperimental
data, see Heckman and Robb (1985) and Heckman et a. (1987).

14. For example, the potential presence of selection bias must be dealt with when 1) fewer
than 100 percent of theindividual s selected for atreatment group chooseto participatein aprogram;
2) separate impact estimates are desired for different program elements provided to nonrandom
subsets of the treatment population; and 3) longitudinal data collection efforts produce differential
attrition rates for the treatment and control groups.

15. Inthelimiting case, al schoolsin the longitudinal samplewith the characteristics of the
treatment schools—in this example all inner-city schools—would be part of the control group by
virtue of their inclusion in the longitudinal sample. The control group schools have no specia
knowledge about the existence of the demonstration in the treatment schools.

16. Interventions that require voluntary enrollment could be tested if the participation rate
is high (for example, 70 percent or greater). The defined treatment and control groups, however,
would include al eligibles, inclusive of nonparticipants. The presence of nonparticipants would
dilute the precision of measured impacts by a factor proportional to (1/P?), where P is the
participation rate.

17. By eliminating this major component of variance, within-school random assignment
improvesthestatistical precision of internally valid estimated impactsfor the demonstration schools.
Extrapolations to national estimates would still have to account for design effects due to the
clustering of the student sample into a small number of schools, but a within-school design would
retain its statistical advantage for extrapolations as well.

18. In principle, baseline dataare not required for comparing treatment and control outcome
datainaproperly constructed experiment. Baselinedata, however, can beused to reducethevariance
of impact measures by controlling for student characteristics, and can beinvaluablefor interpreting
future problems of sample attrition. Student records might serve some of this purpose, if informed
consent issues can be resolved.

19. Alan Hershey of Mathematica Policy Research suggested this example. Recently it has
come to my attention that a similar program already exists.

20. Alternatively, one might choose schools serving as primary sampling units in a
longitudinal student survey, but this approach would provide relevant student data only if the
demonstration were implemented at the initiation of the longitudina survey, and only if the survey
included a broad enough age span of students to encompass the intended target of the reform.
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Discussant Comments

DONALD B. RUBIN

| congratulate Chuck Metcalf for writing a clear and direct article advocating the increased
use of randomized experiments in educational research, apoint with which | fully agree. Heisaso
to be congratulated for providing alist of good recommendations on how to conduct such studies
(e.g., by imbedding them in longitudinal studies and doing treatment assignment at an appropriate
level to avoid issuesof interfering units). It isespecially rewarding to see adistinguished, practically
experienced economist strongly eschew the naive application of simple OLS models, structural
equations methods, and instrumental variables techniques that have been advocated by many in
economics (e.g., Heckman 1979, and other more recent references cited by Metcalf).

| am particularly interested in his citation of LaLonde (1986) to support his advocacy of
randomized experiments because that article has become a focal point in a course on “Causal
Inference,” which | have been teaching with Professor Guido Imbens in the Department of
Economics at Harvard University. Specificaly, the LalLonde article shows that the standard
techniquestypically used by statisticians and economistswith nonrandomi zed datacannot betrusted
to provide the “correct” answer, where correct is defined by the answer provided in arandomized
experiment. In this study, the treated group, consisting of about 200 from arandomized experiment
concerning a job training program, was considered as the treated group in an observational study,
whereas the comparison group was to be derived, as typical in such observational studies, from a
large-scale database (e.g., either the CPS or the PSID). Estimates of the treatment effect were then
obtained using the standard array of econometric/statistical modeling toolsontheactual treated units
and the observational comparison units. Thesetools provided answersthat were typically wild, and
often absurd, when compared to the benchwork estimate availablefrom the randomized experiment.
The conclusion, whichis| believe consistent with Metcalf's position, isthat this documentsthe fact
that such observational studies cannot be trusted to produce honest policy-relevant estimates of
treatments.

When Imbens and | presented this examplein class, it was in the context of already having
warned the students of the extreme extrapol ation often implicit in estimates based on such methods,
and of already having exposed them to propensity score methods (Rosenbaum and Rubin 1983,
1984, and 1985; Rubin and Thomas 1992a, 1992b, 1996), which avoid such extrapolation.
Propensity score methods can also directly lead to the conclusion that, despite the apparent wealth
of comparison information available in large databases such as the CPS and PSID, the treated and
comparison groups may be so far apart that there are no trustworthy conclusions possible. Two
economics students, Sadek Wahba and Rajeev Dehgjia, pointed out that the conclusion from
Lal onde, to the effect that such studies are hopelessly unreliable, should be decomposed into two
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crisper issues. First, arethe data from studies such as Lalonde's hopel essly unreliable? Second, are
the standard methods used to analyze such data hopelessly unreliable? We al seem to agreethat the
latter is true, but what would happen if LalLonde's data were reanalyzed using the far more
appropriate propensity score methodol ogy, now very popular in much of social science and medical
research (e.g., U.S. GAO Report, “Breast Conservation Versus Mastectomy,” 1994).

Lalonde graciously supplied the data, and Sadek and Rajeev went to work. Despite the
thousands of potential control units in these large-scale data sets, only about 200 or fewer were
similar enough to the treated groups, with respect to their propensity scores, to be considered to
constitute a reasonable comparison group for the treated. Adjustment then took place using special
versions of either subclassification (Rosenbaum and Rubin 1983) or matching (Rosenbaum and
Rubin 1985) on the propensity scores, with possibly some simple OLS regression for minor
adjustments. Of great importance, the resultsbased on the propensity scoretechnology tracked those
from the randomized experiment, even with respect to interactions between treatment and some
background characteristics. Aninitial reference for this project is Wahba and Dehejia (1996).

Certainly this work does not show that using propensity score techniques in observationa
studies will aways either 1) conclude the treated and comparison groups are too far apart, or 2)
provide an estimatelikethat from arandomized experiment. But Wahbaand Dehejia (1996) provide
an important “ existence theorem,” showing that propensity score technology, because it inherently
addresses problems of extrapolation, can produce acceptably accurate estimates of causal effects
from observational datain cases where the standard OLS or selection model methods fail to do so.

My conclusions, therefore, are atempered version of Metcalf's. That is, we should push for
randomized experiments whenever possible, but because observational datawill nearly aways be
cheaper to obtain and more readily available, we should be willing to analyze nonrandomized data,
but with great care, using appropriate propensity score methods and avoi ding unreliable model -based
extrapol ationsempl oying standard statistical or econometric models. Thesemodelshavetheir place,
and the ideas underlying some of them can be extremely useful in some contexts (e.g., see Angrist,
Imbens, and Rubin 1996); however, they must be used insightfully and not be used, as often
advocated, as off-the-shelf solutions to the problems of possible “selection bias’ in observational
studies.
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Tracking the Costs and Benefits of Postsecondary
Education: Implications for National Surveys

Michael S. M cPherson
Morton O. Schapiro

INTRODUCTION

Our assignment isto advise NCES on ways their data collection activities could help shed
more light on understanding the costs and benefits of higher education. This paper begins with a
discussion of how educational impacts are identified and valued and then goes on to distinguish
between the immediate and long-run consequences of educational investments. Thisdiscussionis
followed by an explanation of what we mean by “high quality” datain arguing for the importance
of certain types of longitudinal data sets. The next section addresses the role of “educational
treatments’ in identifying how educational efforts and resources trand ate into impacts on students
learning and concludes with a discussion of the usefulness of simple cost/benefit measures in
international comparisons of educational “productivity.”

CAUSAL VERSUSEVALUATIVE ISSUES

Appraising the costs and benefits of postsecondary education requires knowledge of the
impacts of such education—a problem of identifying causation—and knowledge of the valuesto be
placed on those impacts.

Difficultiesin Identifying Causal | mpacts

It isoften relatively easy to identify differences between people who have and who have not
attended college, or even among those who have had different types of postsecondary experience.
But it is much harder to identify the causes of these observed differences among, for example,
college graduates and high school graduates.

Two major statistical problemsthat make causal analysisin thisareadifficult arematuration
effects and selection effects. Maturation effects create an important hazard for individuals who try
to reflect on how their college experience affects their own lives. Looking back, it may be easy to
identify ways in which one was different after college than before attending college. But to some
unknown extent, those differences, rather than being caused by the college experience, may have
been ssimply a result of aging. In studying individuals, it is hard to surmount this problem of
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distinguishing the effect of the coll ege experience from the simpl e effect of the passage of time. This
isone basic reason for attempting to assessthe effects of college by comparing college-goersto non-
college-goers, rather than simply looking at changes occurring in thelives of peoplewho did attend
college.

But comparing college-goers to non-college-goers raises the problem of selection effects.
These arise because the processes that determine who goesto college, aswell aswho goesto which
college, arefar fromrandom. A great deal of evidence showsthat college-goersdiffer systematically
at time of entrance from non-college-goers. College-goerscomefrom familieswith higher incomes;
they score higher on average on aptitude tests; they are more likely to have parents who attended
college, and so on. An important advantage of rich longitudinal databases tracking individual life
histories—such as the National Longitudinal Study of 1972 (NLS-72), High School and Beyond
(HS&B), and the National Education Longitudinal Study of 1988 (NEL S:88)—isthat they allow us
to observe and statistically control for many of these differencesin estimating statistically theimpact
of college experiences on later life.

Unfortunately, however, no data set is rich enough to enable us to observe all the waysin
which college-goers differ from non-college-goers (or the ways in which people with different
postsecondary education experiencesdiffer from oneanother). To the extent that these unobservable
differences between college-goers and non-college-goers themsel veslead to differencesin what we
observe about people in their later lives, we are at risk of mistakenly attributing these later
differencesto the college experience, rather than to the unobservable differencesthat led one group
to attend college while another did not. Econometricians have spent considerable energy and
imagination in finding waysto allow statistically for these selection effects, and much progress has
been made. Still, selection effects remain a great obstacle to sorting out the causal impacts of
college-going.

Even moredifficult than measuring the effects of collegeisunderstanding why or how those
effects occur. Better knowledge of the effects of college on peopl€'s later lives might help guide
decisions by individuals about whether to attend college or by governments about whether to
encourage college attendance. But knowing what features of a college experience lead to particul ar
outcomeswould be of great help in permitting collegesto improvetheir operations. Clearly to study
such problemsrequiresamuch morefine-grained measurement of variousdimensionsof the college
experience than most existing data sets permit.

Difficultiesin Evaluating Outcomes

Cost-benefit analysisrequires not only theidentification of outcomes but also the evaluation
of those outcomes, and of the inputs that produce them in systematic and preferably quantitative

ways.

Benefitsof postsecondary education appear partly inlabor markets. Itiscommonly believed
that postsecondary education equips people with skills and knowledge that make them more
productive. Such higher productivity may then turn up in higher wages, so that the wage differences
between, say, college graduates and high school graduates are an index of the socia benefits of
higher education. But even when the focus is limited to labor market effects, thisanalysisis not so
simple. First, of course, selection effects like those just noted imply that differences in wages
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between high school and college graduates are probably not all dueto the effects of college. Indeed,
it is possible to develop a coherent economic model of college in which the economic function of
higher education is to sort out more and less productive individuals, rather than adding to their
individual productivity. But even when wage differences result from changes in individual
productivity caused by college, these wage differences may either understate or overstate theimpact
of college on economic productivity, ssmply because wages may understate (e.g., school teachers,
public defenders) or overstate (e.g., investment bankers, deans) the social contributionsof particular
jobs.

Quite apart from labor market effects, higher education may make people more valuablein
other ways, as by making them more politically active or more community minded. These effects
are hard to measure in a causal sense, and even harder to measure in a cost-benefit sense, since
putting dollar valuations on such effects is difficult.

It is also important to note in passing that higher education makes major contributions to
socia productivity through its contributions to knowledge accumulation and basic research.
Examining ways to improve measurement of these benefits and of the cost of producing them is
beyond our scope here.

Unlike the measurement of benefits, the measurement of costs may appear straightforward.
But it is actualy more difficult than it may appear. One difficulty is that of attributing costs to
particular activities and hence to particular outcomes. It is, for example, quite difficult to separate
the costs of graduate and undergraduate education in most existing data sets. (There are, of course,
conceptual problems in trying to allocate those university costs that contribute jointly to
undergraduate and graduate education, but even simple measures, like the number of graduate and
undergraduate courses taught by faculty members, are quite hard to come by.)

Another difficulty issorting out private and social costsand being clear about who pays. The
pricecharged at most colleges, and especially at public colleges, iswell bel ow the cost of production.
At private colleges, gifts from alumni (often accumulated in endowments) and at public colleges,
appropriations from state governments, keep the price to families down. Thus, the calculus of
whether college pays in a cost-benefit sense for the family is quite different from the question of
whether it pays for society.

It is also important in measuring private costs to gain clarity about what the student and
family actually pay. Because of the importance of financial aid, both grants and loans, the actual
costs of attending a particular school may be quite different for different individuals. Further, the
most important cost of college for most peopleis not the out-of-pocket price paid to the school, but
rather the opportunity cost of student time—the earnings forgone by reducing or eliminating work
hours to attend school.

What istherole of NCESin contributing to these eval uative questions? Wewould underline
the importance of NCES recognizing the limitations imposed on it by its role as a government
statistics-gathering agency. Actually putting dollar values on various benefits (and to alesser extent
on costs) is ultimately a political decision—a public decision about values. The job of NCESisto
provide the information to support that public decision. So, for example, it would be a contribution
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if NCES studies could shed light on the impact of postsecondary education attendance on the
likelihood of one's participation in volunteer public service activities; it would not be smart for
NCES to attempt to put adollar valuation on the worth of such service contributions.

THINKING THROUGH IMPACTS OF POSTSECONDARY EDUCATION

In studying the impacts of higher education on individuals, it is important to distinguish
relatively direct and immediate educational impactsfromthelong-run effectson earningsand quality
of life that are the ultimate payoffs of higher education.

Immediate Educational | mpacts

Typically studiesof educationa assessment and educational production functionsassumethat
education aims at certain impacts on knowledge and cognitive capacities that are thought to be
directly related to educational inputs. NCES has strengths and weaknesses in developing data for
these kinds of studies.

The basic strategy of such studies is to relate variation in educational inputs to available
outcome measures. Abstractly, the ideal framework for such a study is an experiment: introducing
planned variation in an input of interest, while applying different levels of the input randomly to a
set of students. Thefact is, however, that experimental studies of thiskind arerelatively rare. Much
more common are “natural experiments,” where naturally occurring variations in inputs of interest
are related to corresponding variations in outcomes.

The principal strength of NCES for such studies lies in its ability to develop reliable
comparative datafor different institutions. Having comparative data acrossinstitutionsis valuable
because it alows for more variation in both inputs and outputs than one islikely to observe within
asingleinstitution or anarrowly confined set of institutions. NCES longitudinal surveyslike High
School and Beyond have enough reach to incorporate institutions with widely varying input
levels—large versus small average class size, rich versus meager library resources, and so on.

The principal weakness of NCES hereisthe counterpart of itsstrength: theimpracticality of
generating in-depth data for individual institutions. Two different students at the same institution
may have sharply different educational experiences. Without being able to track such variations
internal to institutions, educational production function or outcome studies will inevitably involve
averaging over both the input levels and the outcomes experienced by different students.

If oneconsiderstheexistinglongitudinal surveys(NLS-72, HS& B, and NEL S:88), itisclear
that they are richer in their information about individual students than in their descriptions of
educational environmentsandinputsat the postsecondary level. Thus, these surveysreport theresults
of student performance on abattery of tests at high school completion and in later yearsand provide
some dataon the quality of performance in college—GPA and the like. Information on the learning
environment—class size, pedagogical techniques employed, characteristics of faculty—are not a
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focus of study, and can beinferred, if at all, mostly through linking the survey data to information
from the IPEDS financial statistics survey, which itself tracks only very general institutional
characteristics, such as spending, in broad categories. And as noted, these surveys do not permit any
tracking of differences among students within a school on the educational inputs directed toward
individual students.

Theselimitationsarenot surprising, and imply no criticism of theexisting surveys. Thebasic
fact is that the longitudinal surveys have not been designed principally with the goal of studying
direct educational impacts at the postsecondary level. It isimportant to appreciate that, as aresullt,
they are poor instruments for this purpose. And because thisimposes area gap in our knowledge
of the causal consequences of postsecondary education, it also limits the value of these surveysin
studying the costs and benefits of higher education. The discussion below will focus on what kinds
of efforts NCES could make to address these limitations.

L ong-Run Consequences of Educational Investments

We have just been noting limitations on the ability of existing surveysto shed light on what
actually happens to students as a direct consequence of their educational experiences. Fortunately
or unfortunately, much economic analysis of the long-run effects of college attempts to measure
these effects while sidestepping compl etely the question of how those effects are produced. Thisis
of coursethe model of the classic “human capital” study, which attempts to measurethe private and
socia returns to education while treating the educational treatment itself as a“black box.”

Many studies of the returns to education have treated the basic unit of education as the
“year,” and have viewed thereturnsto an added year of education simply in dollar terms, comparing
the earnings of those with more and less schooling. This formulation makes the educational input
a homogeneous commodity, the “year,” and makes the educational output another homogeneous
commodity, “the dollar earned.” Much has been learned from models that employ such radical
simplifications, but plainly much is aso omitted. In particular, such studies are worthless from the
standpoint of asking how to improve education—whether one type of education or one way of
“doing education” is more valuable than another.

More recent studies have added complexity to thissimple model of educational effects. On
the input side, there are attempts to recognize that educational inputs differ in their intensity
(measured, for example, by dollars spent per student on instruction), as well as their duration
(measured by years of school). Researchers have attempted al so to measure the returnsto different
typesof schooling—public versus private, community college versus proprietary vocational school.
Studiesof thiskind are potentially of great importancein guiding decisionsabout publicinvestment,
which of course raises the stakes in ensuring that such studies can be conducted reliably. On the
output side, there are efforts to recognize that the impact of college experience may show up in
places other than the paycheck—in choice of vocation and in the various non-pecuniary dimensions
discussed above.

Plainly attempts to move in these directions, recognizing the multidimensionality of both
educational inputs and outputs, raise data demands rapidly. On the input side, one runs into the
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problem discussed in the previous section that existing longitudinal surveys have only quite gross
measures of educational characteristics of institutions and provide virtually no information on
differencesinthe educational inputs applied to different students. On the output side, the surveysare
richer, since they include significant attention to attitudinal questions and to activities outside the
workplace. It isour sensethat these dimensions of the datain the existing national surveysmay have
been underexploited. (Wethink thisisclearly true of work by economists, but arelesswell informed
about work done with these data in other academic specialties.)

A magjor question hereisthat of the pathways through which college experiences influence
activities in later life. Consider, for example, evidence that college graduates are more likely to
participate in community service activities. This could just be a sel ection effect—that people who
are more likely to engage in public service are a'so more likely to attend college. But even if the
result is not spuriousin thisway, interpreting it remains a complex matter. Is this because college
has changed their attitudes—increasing the value they attach to public service; changed their
capacities—so that they are asked to do more because they do it more effectively; or changed their
opportunities—so that they are offered more interesting or rewarding service opportunities owing
to their higher status as college graduates? It is far from clear that survey data can help much in
answering these questions, but they are certainly important ones to keep in mind in evaluating
research findings.

THE NEED FOR GOOD LONGITUDINAL DATA

As noted earlier, the ideal way to study both short- and long-term effects of college
experiences would be through conducting experiments involving random assignment of subjects.
Without discounting the possibility of doing thisin some settings, it is clear that most knowledge
about college effects will not come from this source. Rather, we are thrown back on the “natural
experiments’ generated by the educational system.

We can make no moreimportant point than that high-quality longitudinal dataisan essential
component of reliable studies of college effects in non-experimental settings.

Thispoint appliesto studies of immediate effects of college experience on student attributes
aswell asonlong-run studiesof educational impactson life outcomes. For the study of direct effects
of college, longitudinal data provide benchmark information on student attributes before or at the
timeof collegeentry in order to examine how college changesthese attributes. It isfurther necessary
to make comparisonsbetween the changes experienced by thosewith and without college experience
to distinguish college effects from maturation effects.

More subtle distortions can al so be corrected with adequate longitudinal data. Suppose, for
example, that a group of students enter college with scores on cognitive tests equal to those of a
group of non-college-bound students, and 4 years later the college students have improved their
scoresmorethan the non-college-bound. Sincewedo have pre-treatment data, can we safely attribute
the difference to the college experience? Not necessarily, for the non-college-bound, even with the
same test scores, may differ from the college-bound in ways that are not picked up in the test score
data. They may, for example, attend college because they are more motivated, or because they have
reason to believethey will learn faster, and so on. A rich longitudinal dataset that tracks pre-college
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differences among youth may provide measures of variables that correlate with unobserved
differenceslikethosejust noted, allowing statistical control for these differencesthat will otherwise
confound results. Ultimately, there is no sure cure for such unmeasured effects except random
assignment, but good longitudinal data are helpful.

In studiesof long-run effectsof college, pre-college dataare needed for all the samereasons.
Post-college data are quite valuable as well. Obviously, one must have data for that point at which
the long-run effects of college are measured. And indeed, one can do good work limiting one's data
to such “end-point” information. In such work, one is lumping together all the very different kinds
of effects college may have on life outcomes, and all the different pathways through which these
effects may operate. Thissort of “reduced form” or “black box” approach islegitimate, but limited.
With good data, much can be added by amore* sequential” approach. Thus, for example, aparticular
type of college experience may increase aperson'slikelihood of attending aprofessional school after
college, thereby influencing future vocational choice and career opportunities and ultimately
earnings. Sorting out such causal pathways can be instructive in ways that simple bottom-line
assessments of the impact of college are not.

What is“ Good” Longitudinal Data?

Several times we have referred to the value of “good” longitudinal data. This section
concludes by being more specific about what we mean by good data in this context.

Obvious statistical requirementsinclude sample sizesthat are adequateto thelevelsof detall
in the analyses that are contemplated and high, preferably uniformly high, response rates among
popul ation subgroups. Wewould al so stressthree desideratathat are more speciaizedtolongitudinal
surveys.

First, itisvery helpful to minimizerelianceonrecall. For pre-collegeinformation, thispoints
to the advantage of beginning surveys when subjects are young, so that contemporaneous
information ontheir background, environment, and characteristicscan be collected. For post-college
information, this points to the advantage of reasonably frequent resurveys in order to minimize
reliance on recall to fill in the gaps. The reason for avoiding reliance on recall is obvious. recall is
not just imperfect but frequently biased, as the hundreds of thousands of people who claim to have
seen Don Larsen's World Series perfect game in person would, unfortunately, not attest.

Second, it is important where possible to cross-check individually reported data against
administrative records. One striking illustration of this point is provided by the Postsecondary
Educational Transcript Study, which recovered data from colleges on the educational records of
students in the NLS-72 study. The re-study turned up large inaccuracies in student reports of their
transcripts. The NPSAS studies of student aid do an excellent job of this kind, by corroborating
student and parent reports of college financing arrangements against college student aid records.

Our third desideratum for alongitudinal survey isalong span of years, both pre- and post-
college. Owing to the problem of selection effects, good data on pre-college background and
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experience, extending even asfar as early childhood, can be of enormous value. Following a cohort
well into the post-college years is also of great value, since it is very plausible that the effects of
college are long-lasting, and some may take along time to manifest themsel ves. Peopl e often do not
attend college immediately after high school, even those who graduate from college typically now
take more than 4 years to complete, and many people obtain post-collegiate education. After
education is complete, there is often a period of job experimentation and search that may last 3 to
5 years or more. For many people along-term career profile does not begin to jell until they arein
their early 30s.

These long time spans are obviously quite frustrating for two reasons. Oneis the perennial
desirefor prompt answersto urgent questions. The other isthe worry that the world changes so fast
that data obtained about the college experiences of people now in their 40s may beirrelevant to the
educational experiencesof thosein school now. In practical terms, and given limited budgets, at any
particular timethis question comes down to two more focused choices: should we do another round
of an “old” longitudinal survey, or should we use those resources to start a new one? And, should
anew longitudinal survey start with early childhood, or pick up people at apoint closer to maturity?
Although the answer is always a matter of judgment, we would express a preference for the long
view, based on the suspicion that the system will always tend to be biased in favor of a short-run
view. Our reasoning isthis: wereally should view work in this area as “basic research.” The socid
sciencecommunity isfar away from having reliableknowledge about the effects of collegeor of how
those effects are brought about. One of the advantages of adeeper understanding would be an ability
to explain how differences in the educational system influence educational outcomes from one
decadeto the next. Investing now inthe datacollection effortsthat will eventually bear thisfruit, and
summoning the patience to await the maturing of those data sets, seems to us the more sensible
course.

THE NEED FOR BETTER DATA ON EDUCATIONAL TREATMENTS

One of the mgjor lessons of thisreview isthe high potential payoff from datathat get closer
to the actual educational “treatment” than existing national data sets do. Unfortunately, another
lessonisthegreat difficulty of getting such datain areliableform, and at reasonabl e cost. The appeal
of such data, as should be clear from our earlier discussion, is the opportunity they would provide
to get aclearer fix on how educational efforts and resources get trandated into impacts on students
learning and hence on their later lives. Such data would help overcome two major limitations on
existing work on higher education based on national data sets. First, available datawill often fail to
detect what may belargedifferencesintheeducational treatmentsrecei ved by students. For example,
two institutions may have identical levels of instructional spending per student, or of numbers of
library volumes, while offering very different instructional or library experiencesto their students.
Although thisfact will not introduce any econometric biasinto studiesthat ignore these differences,
it will reduce, perhaps substantially, the precision of any findings. Second, existing studies average
over educationa experiences that, quite likely, vary substantially across students in the same
ingtitution. Ignoringthisvariation will also reducethe precision of estimates. But, moresignificantly,
unmeasured variation in the educational treatments applied to different students may be a source of
bias. If differences in such student characteristics as socia background, academic ability, or
motivation influence the educational treatments those students receive, there will be atendency to
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overestimate the impact of these background variables on educational results, and to underestimate
the impact of educational resources.

Better measurement of educational “treatments’ would be of great value in estimating
educational production functions, in assessing the returns to different types of education, and in
studying the cost-effectiveness of different educational strategies.

As mentioned above, in existing longitudinal studies information about the educational
environment of the colleges attended by a student in the sampleis provided principally by linking
the survey datato Integrated Postsecondary Education Data System (IPEDS) data on theinstitution.
IPEDS, an institutionwide survey, provides no information on differences in educational resources
provided to different individuals in the same school, or even to different groups of students (such
as graduate and undergraduate students) within the school. Moreover, even the information on the
resources applied to the average student are limited. IPEDS, afinance and enrollment survey, does
not describe physical inputs, but rather only the dollar amounts spent in broad categories. It isaso
difficult in some cases to distinguish dollars spent on educational purposes from dollars spent for
other institutional purposesinthelPEDSdata. Finally, oneimportant educational input—thequality
of other students—is not measured at all in the IPEDS data.

Improving this situation would be a great help inimproving understanding of the costs and
benefits of higher education, and especially in helping learn about the relative costs and benefits of
different types of or approachesto higher education. Two rather different kinds of improvementsin
dataon higher education inputs should be distinguished. First isbetter measurement of actual inputs,
rather than simply dollars. Thus, dataon classsizes, oninstructional methods employed, on therole
of graduateassi stantsversusfaculty inteaching, and so on, could be enormously helpful. Ideally, one
would have data individualized to students (such as the sizes of classes experienced by a given
student in alongitudinal sample). More realistically, one might hope for such data by classes of
students (freshmen, sophomores, and so on) But even to have such data for the average student in
aschool would be area improvement.

The second type of data improvement would be more refined measures of costs. Thus, for
example, it would be very helpful to be able to distinguish costs of graduate and undergraduate
education in the IPEDS data. Refinements of some expenditure categories in the IPEDS survey
would also bewel come—afavorite exampleisincluding the costs of theadmissionsofficein student
services.

Conceivably, some refinements of the latter sort might be introduced in future generations
of theIPEDS survey. However, asasurvey intended to be acensus of all postsecondary institutions,
it would be unreasonabl e to expect IPEDSto be avehiclefor collecting detailed data on educational
treatments. Several strategies are offered here that may be worth considering to enable NCES to
make progress on this front.

First, NCES might consider doing a “long-form” IPEDS for a sample of institutions,

analogous to the Population Census long forms. For example, if 5 percent of postsecondary
institutions were selected for more intensive treatment, that would amount to about 160 public and
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private not-for-profit institutions, and a somewhat larger number of proprietary institutions. Ideally
such along form should be administered at random (as the Popul ation Census does), but even if the
institutions had to be selected on avoluntary basis, the effort might be worthwhile. 1t would also be
reasonablefor NCESto reimburseinstitutionsfor the expense of undertakingamorethorough study.

A variation on this idea would be to link an intensive effort to measure institutions’
educational practices to the participation of those institutions in alongitudinal survey. It would be
reasonablein such aframework to include fewer institutions in the study, with more students from
each ingtitution. The trade-off is that one would have less variation among institutions but more
information about each one. If it were possible in the context of such a study to measure actual
variation in the educational resources provided to different students, being able to include thiskind
of variation would probably more than make up for having fewer institutions in the sample.

Finally, NCES might consider ways of approaching getting these data through cooperation
with institutions that areinterested in doing such studiesinternally. Someinstitutions are interested
in gathering detailed dataon their internal educational practices, and in using those datato improve
their practices. For theindividual institution, the inability to make comparisonsto other institutions
isareal drawback. NCES might have some opportunity to help to support individual institutionsin
making such efforts, and might be ableto hel p standardizethe effortsof differentinstitutionsin order
to facilitate comparisons. The loss of randomization implied by this strategy is a significant
drawback, but the advantages of having institutions as enthusiastic partners in the effort would be
considerable.

We offer all these suggestions tentatively. We recognize that any of these efforts would be
expensive and would challenge a general reluctance of colleges and universities to make detailed
information about their internal practices known. Yet the potential gains in understanding are
considerable.

MAKING INTERNATIONAL COMPARISONS

M oreand more countrieshave been attempting to measurethe performance and effectiveness
of their higher education industries, giving rise to the obvious question of whether there are
particular indicators that would be of use in making international comparisons. If so, it would be
important to make sure that NCES data sets include such information.

A recent monograph (Gaither, Nedwek, and Neal 1994) reviews some of this literature,
dividing performance indicatorsinto three types: input measures (test scores and secondary school
performance of entering students, prestige of programs from which faculty received Ph.D. degrees,
and so on); process indicators (library use, meetings with faculty advisors, and so on); and output
measures (number of degreesawarded, graduation rates, faculty publications, percentage of students
going to graduate school, and so on).

In their discussion of performance indicators in Britain, they point out that most of the

indicators are input rather than process or output measures. Key measures include admittance rates
and entry scoresfor undergraduates, their subsequent graduati on ratesand postgraduate empl oyment
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experiences, andfor faculty, research grantsand publications. Intermsof cost measures, staff/student
ratios, unit costs, and institutional revenue and expenditures data are all used, although the authors
report that difficultiesin cost allocation procedures have made it very hard to evaluate efficiency.

Indicator systems in Canada aso center on ssimple input and outcome measures, with
relatively little on the process side. Popular indicators include time to degree, degrees granted, and
various expenditure types. Typical indicators used in Australia are graduation rates, class size, and
aseriesof “destination outcomes,” including post-graduation employment, study, and salary. Again,
process measures are neglected. The Netherlands concentrates on such teaching indicators as the
number of students and their length of study, while Finland relies on similar aggregate measures.
Sweden also concentrates on basic student enrollment and graduation indicators. Denmark
supplementsthissort of datawith“ customer satisfaction” information gathered frominterviewswith
students, graduates, and employers.

In summarizing the indicators used in the seven countries they examine, Gaither, Nedwek,
and Neal conclude that certain simple input and output measures—with some variation—are
commonly used by educators and government officials in a variety of contexts. This raises two
questions: do existing data sets in the United States allow us to compute these measures; and are
these measures really of use in comparing the costs and benefits of higher education across the
world?

The answer to thefirst questionis“yes.” It isnot very difficult to collect information on the
number of degrees awarded or total educational expenditures. In fact, variables of this type were
mentioned in our earlier discussion. But, for example, in an analysis of the cost effectiveness of
public higher education expenditures in the United States, we would hesitate to simply divide the
number of degrees by state spending and compare that “productivity” measure across states. There
IS no reason to expect that the educational quality issimilar enough to give any real meaning to this
ratio, and the same can certainly be said for comparisons across countries.

Wearetherefore rather skeptical that datacould be devel oped that would permit meaningful
international comparisons of the relative costs and benefits of America's postsecondary education
enterprise. However, the recommendations we have made here concerning data collection and
analysiscould help usincrease our understanding of the costsand benefits of higher educationwithin
our country. The payoff would be considerable, both from the standpoint of individual studentsand
colleges and from the nation as awhole.
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Special Issuesin Postsecondary
Education and Lifelong Learning

David W. Breneman
Fred J. Galloway

ABSTRACT

In an effort to improve the data collection abilities of NCES, this paper identifies six
emerging research areas in postsecondary education and lifelong learning: institutional finance,
postsecondary assessment, loans and student indebtedness, the school-to-work transition,
technological change and distance learning, and the proprietary sector. For each of these emerging
issues, we provide both a contextual discussion and areview of the extent to which existing NCES
databases can respond to these emerging issues.

Recommendationsareprovided for both datacoll ection and data dissemination activitiesand
are ordered by our perception of where “the biggest bang for the NCES buck” might be. These
include increases in the proposed coverage and sampling frame of several of the data sets; the
establishment of agreementswith outside agenciesto provide information that was previously self-
reported; the creation of a new database that surveys high school graduates each year; an increase
in the frequency with which the National Postsecondary Student Aid Study (NPSAYS) is
administered; an increasein the number of analysisreportsissued each year; and an increasein both
the coverage and availability of the public access versions of several of the data sets.

INTRODUCTION

Few areasof social policy aredevoid of turmoil and disagreement regarding futuredirections,
and theworld of postsecondary education isno exception. Indeed, during thefirst yearsof the 1990s,
higher education funding from state governments wasthe one area of broad state responsibility that
saw a percentage decline in support. As a consequence, tuition levelsincreased sharply, access for
low-income students was reduced, and worries about college affordability increased for middle and
even upper income families. Adding to the dilemma of families and students is the pivotal role of
postsecondary education as the gateway to challenging and remunerative employment, coupled,
however, with agrowing dispersion of opportunitiesand earnings, even among the college-educated.
As higher education becomes essential, its economic payoff appears more like a lottery, with big
winners and losers. The recent explosion of debt financing adds further tension to this relationship
between investment in college and economic return.
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Broad social and economic devel opments such asthe above are beyond the power of any data
collection exercise to anticipate or influence; nonetheless, as the scale of costs and benefits to
students and to society expands, it is incumbent on the National Center for Education Statistics
(NCES) to monitor and help policymakers and others interpret trends in the industry. Many of the
data sets currently collected on postsecondary education and its students perform that function
effectively, but webelievethat cost-effectiveimprovementsarepossible. Our discussionisorganized
around six emerging research issues, described in the next section. Following a brief discussion of
each issue, the paper examines the current state of data collection in each area. The paper then
concludes with recommendations for modifications and enhancements of NCES data collection
practices.

EMERGING RESEARCH ISSUES
I nstitutional Finance

Asone considersthe last four decades, the overriding picture of postsecondary education is
of an expanding, growing industry, with increasing enrollments, growth in the number and size of
ingtitutions, employment, and resources. Only recently have these patterns begun to shift toward
stasis, with a focus on retrenchment, doing more with less, and growth by substitution. No one
knows for certain whether this recent trend will continue, but no key revenue source seems poised
for sharp increase. As noted in the Introduction, state support has slowed, and federal dollars for
student financial aid and for research are under similar budgetary stress. Tuition increases of recent
years have slowed, as private colleges and universities fear that they are pricing themselves out of
reach, while political reaction to public tuition increases has forced a slow down. Philanthropy
appearsto be the source most emphasized, as both private and public institutions step up their fund-
raising efforts. Sufficeit to say, however, that the resource outlook for most collegesand universities
isas cloudy today asit ever has been.

Among the responses of colleges and universities, two will serve as examples of the sharp
changes under way. In the private, nonprofit sector, institutions are engaging in calculated price
discrimination in the form of student aid discounting to fill their classes and to attract students of
particular quality. This tendency toward discounting has accelerated in recent years, as colleges
literally fight, in some cases, for survival. The economics of discounting in this sector is only
beginning to be understood, and the Integrated Postsecondary Education Data System (IPEDS)
database is only partially adequate for analysis tasks. In particular, that database does not
differentiate between typesof discounting, and isnot sufficient for monitoringinstitutional financial
stressin arapidly changing environment.

In the public sector, talk isincreasing of privatization in some form, with state universities
becoming state-assisted institutions, relying more on tuition and private fund raising than on state
support. The extent to which thistrend is occurring isamatter of conjecture, because databases are
not clearly focused on such issues. In both this and the prior example, higher education could be
better served by improvementsinfinancial datacollecting, and our suggestionsfor change are noted
in the next section.
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Assessment

As the private and social costs of postsecondary education have grown, it isnot surprising
that both families and policymakers have sought more information about the benefits of higher
learning. We think of the “assessment movement” as a rational response to the need for better
measures of educational outcomes, thereby permitting individuals and society to calculate rough
cost-benefit ratios. As postsecondary education has evolved from an elite to a mass phenomenon,
more sophisticated measures of educational results have become necessary, responding to the
diversity of students and reasons for enrollment.

Economic rate of return calculations, first developed in the 1960s, hel ped to fuel the growth
of collegeenrollment, asthe basic messagewasthat collegewasagood investment. Today, however,
many guestion whether the country has moved too far, with growing numbers of students enrolled
in remedial courses and not completing their degrees. Some argue that we have too limited arange
of postsecondary learning options, pointing to German apprenti ceships as a better model. And how
does one evaluate the many students who begin but do not finish programs? Should such students
beviewed as“wastage,” with the focus turned to retention, or have they gained something of value,
and is concern misplaced? These are among the important policy questionsthat NCES longitudinal
data sets can help to answer, provided certain changes are made.

L oans and Student Indebtedness

One of the most dramatic shiftsin college financein recent years has been the growing share
of economic costs borne by students, financed primarily through increased student loans. While
much of the policy focus has been on aspects of |oan repayment—default rates, income-contingent
options, and so forth—more fundamental, long-term issues of human behavior are involved. High
levels of student debt may affect career choice, marriage, and child-bearing decisions, as well as
patterns of saving and consumption over the life cycle. While many have speculated about such
issues, very little empirical information has been available to analysts seeking to understand these
relationships more clearly. The growth of student debt appears unstoppable; thus, it behoovesusto
begin to collect data that can help us understand the long-term implications of this social choice.

School-to-Work Transition

Asthelabor market grows ever more complex, the old verities about high school transitions
to work, or high school transitions to college and then to work, are increasingly inaccurate. High
school graduates today face alimited, and for the most part, unappealing set of choices—dead end
jobs, the military, unemployment, crime, or college. Not surprisingly, college appearsto be the best
choice, but then there is the issue of which college, which magjor, and at what price. After college
graduation, the choice of work or graduate school comes up, and throughout one's career, the
decisiontoreturnfull or part timefor further education isacontinuing dilemma. In short, theworlds
of formal education and of work are no longer clearly segmented by age or employment situation.
Thisblurring of circumstance yields aneed to know more about the choicesfacing people at severa
stagesin life, and the realistic options open at each stage. Modifications of the several longitudinal
files maintained by NCES is the obvious way to enhance our knowledge in this area.
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Technological Change and Distance L earning

Perhaps the greatest imponderable in our current situation is the prospect of technology for
transforming the way we deliver education. One can hear the voices of prophets proclaiming a new
millennium, in which education aswe have known it will diminish, even vanish, from the scene. No
longer will physical places called “colleges’ or “universities’ be necessary because anyone will be
able to tap the resources of electronic information systems and video texts. New suppliers are
expected to enter the market, providing education at much lower cost because they are not freighted
down with either the physical plant or the outmoded traditions of academia. In thisview, all that
saves colleges and universitiesisthe near monopoly on credential's, atoo fragile reed to survive the
onslaught of technological advance.

Others see the new technol ogy as the salvation of college and university education, because
at last away may be found to escape the “ cost disease,” the tendency for unit costs to rise annually
by about 3 percent above inflation. And still others dismiss the talk about technological revolution
as yet the latest over-promoted fad, analogous to the promises made in an earlier generation for
educational television. Much rideson which visionisthe accurate one, and information about trends
isclearly crucia to the evaluation of claims and promises. NCES can play akey rolein helping to
shed light on thisimportant, but vexing, topic.

Proprietary Institutions

Much of theterrain of traditional, non-profit higher education iswell-mapped by the various
NCES databases, but the burgeoning universe of profit-making schools and collegesisonly lightly
covered by existing surveys. These schoolsarethelargely hidden world of postsecondary education,
having grown dramatically in response to digibility for federal grants and loans by their students.
Claimsand counterclaimsabout their effectivenessare |l obbed back and forth by educatorsand policy
analysts, reflecting largely newspaper accounts and anecdotal information rather than hard data. The
simple fact is that we do not know how many are doing a good job and how many are simply
exploiting our most vulnerable young people. NCES would do society a great service by focusing
on this group of schools and devel oping a systematic data collection effort that could be effectively
implemented.

CURRENT STATE OF DATA COLLECTION

Using the above six categories of emerging issues, this section of the paper discusses the
extent to which existing NCES and other databases are able to respond to the questions raised in
each area. Thisdiscussion leads, in turn, both to modest suggestions for incremental change and to
asmall number of recommendations for substantial new surveys.
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Institutional Finance

In an effort to maintain enrollment levels and ensure a diverse student population, many
institutions have dramatically increased their contribution to the student's financial aid package.
Although this growth has occurred among all types of institutions, the biggest increase has been at
private, 4-year colleges and universities that either use institutional aid to meet enrollment targets,
or asaform of merit aid to attract academic stars. Thisleadsto two sets of research questions: first,
what effect doesthisincreasing reliance oninstitutional aid have oninstitutional health; and second,
how doesthegrowthininstitutional aid affect such student outcomesasenrollment and persi stence?

Unfortunately, current NCES databasesprovidelittleif any helpin addressing theseresearch
guestions. For example, oneimportant bit of information needed to address both research questions
isthe ability to distinguish among institutions that use institutional aid to meet enrollment targets
versus those schools that use it solely to attract stars. Without the ability to discern institutiona
motive in the awarding of aid, it becomesincreasingly difficult to apply the appropriate standard of
ingtitutional health. For example, for institutions seeking to diversify their student population, net
tuition revenue (gross tuition revenue minus institutionally provided aid) seems an inappropriate
metric, yet for those institutions trying to meet enrollment targets, it may well be the appropriate
measure of institutional health.

Currently, IPEDS collectsinformation on institutional characteristics, including enrollment
and financial statistics. However, the categories used to collect the information provide only gross
measures, nothing approaching the context required to differentiate institutional motive in the
awarding of this particular kind of aid.* Even those measures that might provide some hint of
administrative context get “scrubbed” by the state higher education associations before arriving at
NCES, further reducing potentially interesting variation across institutions. When combined with
the other well-known limitations of IPEDS, one wonders if this data set could be successfully
reconfigured to address these issues, or if some “student aid management” survey needs to be
created.

The limitations embedded in the IPEDS system also extend to the student-based research
guestions involving enrollment and persistence. Even if IPEDS allowed us to differentiate among
institutional motivein the awarding of thistype of aid, the measurement of student-based outcomes
would most likely occur through NPSASS, where enough financial aid information is collected on
individual studentsto effectively address the second research question. To do this, however, would
requirethat IPEDS and NPSA S belinked, so that the characteristics of IPEDS institutionswould be
matched withindividual studentsin NPSAS. Evenwith thislinkage, however, the NPSA Ssampling
frame would probably need to be increased so that there would be enough studentsin the sampleto
providean adequate statistical test for the various student-based propositionsconcerninginstitutional
aid. Andif theinformationisto be used for policy decisions, then it needsto beavailableinatimely
manner, something that is currently unavailable within the 3-year cycle under which NPSAS
operates.
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Assessment

As more students return to school for just a few skill-specific courses, the quality of
instruction and amount of learning that takes place in postsecondary classrooms becomes
increasingly important. To address effectively the growing importance of assessment in
postsecondary education, several important modifications must be made both in terms of the
information collected and the way in which it is collected.

To understand theimportance of the particul ar information that needsto be collected, it may
be helpful to classify students into one of three groups: degree earners, those with some college
experience, and those who just enroll in afew specific courses. Although the later group may be
growing the fastest, each group faces its own unigue assessment needs. For those with college
degrees, typical measuresof societal assessment includethedegreeitself, the school attended, annual
earnings, cumul ative grade point average (GPA), aswell as scores on such standardized tests asthe
Scholastic Aptitude Test (SAT), the American College Test (ACT), and the Graduate Record Exam
(GRE). Currently, most of this information is collected by NCES in NPSAS, Beginning
Postsecondary Students (BPS), and Baccalaureate and Beyond (B&B), so little additional
information is needed for this group of students.

For thoseindividual swith some college experience, the most important assessment measure
may be the number of credits earned, the school attended, and annual earnings. Fortunately, most of
thisinformation is also collected by NCES. However, for those students who just enroll in afew
postsecondary courses, two important pieces of information need to be collected. The first, and
perhaps most important, concerns the motivation of the returning student. It seems that if the
individual istakingthe coursefor entertainment or personal enrichment, it makeslittle senseto apply
any tools of assessment to the student's performance in the class. However, if the returning student
istaking the course for ajob-related reason, then some sort of value-added assessment measure is
appropriate. The selection of appropriate assessment measures for these students, however, isquite
controversial. Short of requiring both pre- and post-tests for this group, traditional measures such
as the grade in the course, the quality of the instructor, or any increase in earnings may have to
suffice. To the extent that this information is not currently collected, it should be added to the
student-based NCES data sets.

Perhaps even more important, however, isthereliability of the information currently being
collected. Although much of the relevant assessment information collected in NPSAS is done
through transcripts, some of the information is self-reported. As demonstrated by numerous
researchers, such self-reported data as annual earnings, test scores, GPAs, and years of education
tend to besignificantly overstated, introducing enough measurement error into the variablesto make
them virtually unusablein any statistical analysis. Since thisinformation isalready being collected,
it makes sense for NCES to go straight to the source wherever possible. For example, test score
information could be gathered from the College Board, and income and earnings information from
theInternal Revenue Service, rather than relying on any self-reporting. Infact, if such amatch could
be accomplished, fewer questions would have to be asked in the surveys, thereby freeing up
additional resources either to expand the sampling frame or to solicit additional pertinent
information.
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L oans and Student | ndebtedness

Inthelast few years, students have becomeincreasingly reliant on loansto help financetheir
postsecondary education. Since increases in student indebtedness have implications for future
patterns of domestic consumption, an emerging issue concerns both the extent of the problem
(exactly what is the combined debt load of postsecondary graduates) and how these higher debt
levels influence acquiring such major items as automobiles and new homes.

Although the lack of up-to-date information on indebtedness has been a maor problemin
fighting to save subsidized student loans during the recent federal budgetary debate, the timing of
this information is more of an issue than its ultimate acquisition. As currently configured,
information on student indebtednessis availablefor both undergraduates and graduate/professional
students through NPSAS, and will be available in the future through BPS and B& B. However, the
3-year cyclethat drivesNPSA Smeansthat to get information from the 1992—93 academic year, one
needs to wait roughly 3 years. Given the rapidly changing nature of financial aid programsin this
country, the 3-year cycle means that analysts are aways behind the curve, forced to speculate on
emerging patterns or to conduct their own surveys. Moving NPSAS to a 2-year cycle would help
ameliorate this problem.

To alarge extent, the same timing issues are relevant in the discussion of BPS and B&B.
Originally designed to alternate with each other as a companion to NPSAS, these data sets contain
important information on overall student debt levels, but suffer from the same long-cycle problems
asNPSAS. Even moreimportant, however, isthe need for these surveysto follow studentswell into
their careers, so that the full effects of their postsecondary financing decisions can be documented.
Given the standard 10-year repayment period for most student loans, it would seem that individuals
would need to betracked for at least 10 years, and probably more, to capture the behavioral changes
that occur astheir student debt isfinally retired. Assuch, we strongly advocate both shorter cycles
and more follow-ups for the surveys to become truly effective tools for both researchers and
policymakers.

School-to-Work Transition

Given the rapidly changing nature of work in this country, today's high school and college
graduates face an uncertain future in terms of job availability and rapidly changing skill
requirements. To help them plan for thistransition, more information is needed on the career paths
of recent graduates, as well as intertemporal changes in the distribution of job offers for recent
graduates.

To address these issues, contemporary information is needed on two sets of graduates, high
school and college. For college graduates (both undergraduate and graduate), the amount of
information currently collected by NCES may have to be expanded to include more information on
job offers, search strategies, and starting salaries, but the larger issueisthe frequency with which the
data are collected. Since most of the pertinent information is contained in B& B (which alternates
with BPSin NPSAYS), theresulting 6-year cycle providesinformation that isof little practical value
to the ultimate consumers of such information—researchers and recent graduates.
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Additional support for this proposition comes from both the National Academy of Sciences
(NAS) and Tom Mortenson's* Postsecondary Education Opportunity Research Letter.” Asdescribed
in the NAS publication Reshaping the Graduate Education of Scientists and Engineers, members
of the Committee on Science, Engineering, and Public Policy argue:

Graduate scientists and engineers and their advisors should receive more up-to-date,
accurate, and accessi ble information to make informed decisions about professional
careers. Werecommend that a national database on employment options and trends
be established (National Academy of Sciences 1995).

Ironically, their recommendation comes at a time when the most reliable source of
undergraduate starting salary information has recently been discontinued. In writing about the
termination of the Endicott survey on starting salaries of college graduates, Tom Mortenson writes:

Currently, several of the data sources that reveal the condition of educational
opportunity in the United States are under assault. The Endicott survey data on
starting salaries of college graduates . . . that was collected and reported by
Northwestern University since 1947 wasended in 1994. A 48-year time seriesof data
used in numerous econometric studies of student demand for education has been
terminated (Mortenson 1995).

To provide this information in a more timely manner, we recommend that B& B be either
included in every NPSAS survey, or that B& B continue to aternate with BPS, but that NPSAS be
moved to a2-year cycle. In this manner, the requisite information would be available every 3 years
under our first option, or every 4 years if the second option were adopted.

While our recommendations for improving the timeliness of information on recent college
graduates may be resolved by simply changing the cycle on which several databases operate, amore
seriousstructural problem existsfor high school graduates, themost overlooked group of individual s
in the NCES sampling universe. Although information is collected every 3 years (through NPSAYS)
for those high school graduates who enroll in college, no information is collected on those who
directly enter thework force. For theseindividuals, anational “black hole€”’ currently existsinterms
of up-to-dateinformation on starting salariesand potential career paths. To generatethisinformation,
we recommend ashort longitudinal study, conducted every year, of our nation's graduating seniors,
with at least one 2-year follow-up survey. In this manner, contemporary salary and career
information could be gathered and made available in atimely manner for thislong-neglected group
of individuals.

Creating such anational database would al so provide awealth of information on accessand
choice for those graduating seniors who elect to continue on to postsecondary education.
Surprisingly, thisinformation has been collected only four timesin thelast 35 years, in 1972, 1980,
1982, and 1992, through the National Longitudinal Study (NLS), High School and Beyond (HS& B),
and the National Education Longitudinal Study (NEL S) databases. Given that accessand choice are
two of the main reasons for the very existence of financial aid, it is truly shocking that this
information is not collected regularly by NCES. In fact, if such adatabase were created, it could be
linked up with the Common Core of Data (CCD), Schools and Staffing Survey (SASS), and IPEDS
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data sets, so that from an information perspective, the entire transition from high school to college
(including the characteristics of the high school, the college application process, and the college
eventually selected) would be seamless.

Technological Change and Distance L earning

As information technologies continue to revolutionize the way individuals both work and
learn, an increasing number of studentswill spend timein “nontraditional” classrooms. To evaluate
the effectiveness of these new modes of teaching and learning, information must be gathered not
only on the methods of delivery but also on avariety of student-based outcome measures.

In collecting this sort of information, there are several issues that NCES needs to address.
Thefirst involves from which end of the delivery system the data should be collected—the user or
the institution. To provide overlapping coverage, we recommend that the data be collected at both
ends. In thismanner, questions could be added to NPSA S and BPS that measure the avail ability and
frequency of thistypeof learning at the student level, and similar questions could beadded to IPEDS
and the National Survey of Postsecondary Faculty (NSOPF) at the faculty and institutional level. In
this manner, emerging trends could be identified at both the provider and consumer level, instead
of lumping them together into the lessinteresting “user” level.

Another important issue is the timing of the data collection. Although the NSOPF appears
to be on at least a 5-year cycle, the annual nature of IPEDS makes it a useful vehicle for collecting
and reporting thissort of information. At the student-level, however, thetiming problemspreviously
discussed with NPSA Sand BPS areagain rel evant. To remedy these problems, we encourage NCES
to move NPSAS to a 2-year cycle, thereby providing consumer-based information on distance
learning in atimely manner.

Perhaps the most important issue, however, is the ability of NCES to go “where the action
iIS’—in this case, the proprietary sector. Although distance learning is occurring across all
institutional types, NCES must be able to gather information from this sector or risk misstating the
extent of this emerging technological innovation. Unfortunately, the ability of NCES to adequately
measure anything in this sector isrel atively weak—due largely to therefusal of many schoolsinthis
sector to share any information for fear of increased federal regulation. Although no simple solution
seems apparent, NCES must increase their coverage of this sector, or risk relying on student-based
information to capture this emerging and important trend.

Proprietary Institutions

As described in the last section, the coverage of the proprietary sector by NCES must be
increased if the effectiveness of thesefor-profit institutionsisto be debated publicly. Although both
IPEDS and NPSAS provide some sectoral coverage, the lower response rates typical of schoolsin
this sector make statistical inference an increasingly difficult task. When combined with the large
numbers of schools regularly entering and exiting, even the notion of a*“ steady state” in this sector
becomes somewhat meaningless.
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To address these issues, NCES needs to find a way to increase institutional participation
among for-profit institutions. If such amethod were devised, theinstitutional sampling frameinthe
NPSAS and IPEDS databases could be increased, and inferences regarding this sector made more
robust. Furthermore, by matching these institutions with their Internal Revenue Service records,
financia information could be taken directly from their tax records, effectively solving the “self-
reporting” problem. In thismanner, both the quality and quantity of datafrom the proprietary sector
would be significantly improved.

RECOMMENDATIONS

In this section of the paper, our recommendations for NCES will be presented. They flow
logically from the previous discussion, and are divided into two groups: those dealing with the data
collection processitself, and those dealing with the dissemination of information derived from this
process. Within each group, the recommendations are ordered by our perception of where the
“biggest bang for the NCES buck” might be.

Data Collection

Recommendation #1: Add the following information to the IPEDS, NPSAS, NSOPF, and BPS
databases:

Although many of the changes recommended here represent only marginal additions to
existing NCES data sets, we believe that their value added greatly exceeds the costs of
implementation. For example, the IPEDS database could be made more useful in at |east three ways:
by adding a set of contextual questions designed to determine institutional motive in the awarding
of various types of aid; by including a set of questions designed to solicit information on
technological change and distance learning; and by expanding the sampling frame to include more
proprietary institutions. In a similar manner, the NPSAS database could be improved by also
expanding its sampling frame (which would make a potential linkage between IPEDS and NPSAS
even easier), and by including questions on technol ogical change and distancelearning. Finally, both
the NSOPF and BPS data sets coul d al so be expanded to i nclude questions on technol ogical change
and distance learning.

Recommendation #2: Enter into an agreement with theInternal Revenue Service, the CollegeBoard,
and Educational Testing Service to provide some of the information currently collected through
NCES surveys.

Although establishing such a linkage might require a substantial expenditure of political
capital, the rewards would be enormous. For starters, such previously self-reported information as
income, earnings, and some scores on standardized tests would be made substantially morereliable.
In addition to the obvious benefitsfor both the consumers and practitioners of educational research,
this would also mean that fewer questions would be asked in NPSAS, BPS, and B&B, thereby
freeing resources either to increase the sampling frame in these databases or to ask other policy-
relevant questions. By any measure, such alinkagewouldincrease both thereliability of thedataand
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subsequent analyses, in addition to either cutting programmatic costs or increasing the scope of the
overall coverage.

Recommendation #3: Create a new database that surveys high school graduates every year, with at
least one 2-year follow-up survey.

Creating such a database would allow researchers to address intertemporal issues of access
and persistence among those high school graduates applying for college, as well as provide salary
and career information on those students who enter the work force directly. Since thisinformation
has been collected for only 4 years out of the last 35, it would help researchers identify emerging
trends among high school graduates, and could help current high school students decide on an
appropriate career path. The data set itself could be linked with the CCD, SASS, and IPEDS
databases to provide maximum information for the educational researcher and could be relatively
“short and sweet,” limited to perhaps as few as 8,000 high school graduates annually.

Recommendation #4: Move NPSAS from its current 3-year cycle to a 2-year one.

If NPSAS were administered every 2 years instead of 3, the timeliness of the resulting
information and anal yseswould be greatly improved. Given the dynamics of postsecondary finance,
this information needs to be collected at least every 2 yearsiif researchers and policymakers are to
stay reasonably ahead of the curve. Furthermore, since BPS and B&B alternate with each
administration of NPSAS, the timeliness of their information would also be improved.

Data Dissemination

Recommendation #1. Produce more Postsecondary Education Descriptive Analysis Reports
(PEDAR) reports.

Although many NCES usershaverestricted-accessversions of the NCES data setsand many
more use the DAS table-generating software, the PEDAR reports have perhaps the widest usage
among consumers of educational research. Currently, five of these reports are produced each year,
with topics ranging from the packaging of institutional aid to minority representation in higher
education. Since the selection process involves a dozen or so proposed topics, it makes sense to
produce at least a couple more reports a year, given the dependence of the research community on
the reports. Furthermore, if the scope and coverage of some of the NCES databases are increased,
then this should naturally be accompanied by the increased
dissemination of analyses.
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Recommendation #2: More public access versions of NCES databases.

As described in the above recommendation, those individuals without a restricted-access
version of a particular NCES database are forced to rely on the PEDAR reports or to use the DAS
software. Since this software limits the user to simple crosstabs and correlation coefficients on a
subset of the variables, the question arises as to how much information the public should be able to
access. At the least, we think that there should be public access versions of all the main NCES data
sets, and if time and money permit, these public access versions should allow analysis on as many
variables as possible. In this manner, the data that NCES worked long and hard to gather and clean
would be made available to as many researchers as possible.
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APPENDI X

To help identify the databases referenced in this paper, the following descriptions are
provided by the National Data Resource Center:

Schools and Staffing Survey (SASS)

The SASSisanintegrated sample survey of public and private schools; school districts; and
principals and teachers. SASS was first administered during the 1987-88 school year, and againin
1990-91 and 1993-94. It will beconducted againin 1997-98. SASS consistsof eight questionnaires:
Public and Private School Administrator; Public School; Public School Teacher; Public School
District Teacher Demand/Shortage; and Teacher Follow-up Survey. The following questionnaires
were added for the 1993-94 school year: Public and Private School Library Media Center; Public
and Private School Library Media Specialist/Librarian; and Public and Private School Student.

National Survey of Postsecondary Faculty (NSOPF)

The NSOPF is a survey of faculty in postsecondary institutions. The survey was initially
conducted during the 1987-88 school year and was repeated during the 1992-93 school year. It
consists of the following surveys: Institutional, Faculty, and Department Chair.

Common Core of Data (CCD)

The CCD isaset of five surveys sent to state education departmentsto collect dataabout all
U.S. public elementary and secondary schools, local education agencies, and state education
agencies. CCD containsthree categories of information: general descriptiveinformation on schools
and school districts; data on students and staff; and fiscal data. The descriptiveinformationincludes
name, address, phone number, and type of local e; the dataon studentsand staff include demographic
characteristics; and the fiscal data cover revenues and current expenditures.

High School and Beyond (HS& B)

The HS& B describes the activities of seniors and sophomores as they progressed through
high school, postsecondary education, and into the workplace. The data span from the years 1980
through 1992 and include parent, teacher, high school transcript, student financial aid records, and
college transcripts, as well as student questionnaires.

National Postsecondary Student Aid Study (NPSAS)

The NPSA S describesall types of postsecondary enrollees, ranging from full- and part-time
students who attend private, for-profit (proprietary) institutions to those in prestigious public
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universities. Administrative records, with exceptional detail concerning student financial aid, are
coupled with student interviews and data from a subsample of parents. Data are available from
academic years 1986-87, 198990, and 1992-93.

National Longitudinal Study (NLS)

The NLS describes the transition of young adults from high school through postsecondary
education and the workplace. The data span from the years 1972 through 1986 and include college
transcripts.

National Education Longitudinal Study (NELS)

Beginning with an 8th-grade cohort in 1988, NELS provides trend data about critical
transitions young people experience as they develop, attend school, and embark on their careers.
Data were collected from students and their parents, teachers, and high school principals and from
existing school records such as high school transcripts. Cognitive tests (math, science, reading, and
history) were administered during the base year (1988), first follow-up (1990), second follow-up
(1992), and third follow-up (1994). All dropouts were retained in the study.

Integrated Postsecondary Education Data System (IPEDYS)

The IPEDS surveys most postsecondary institutions, including universities and colleges, as
well asinstitutions offering technical and vocational education beyond the high school level. IPEDS
began in 1986, replacing the Higher Education General Education Information Survey (HEGIS),
which began in 1966. The components of IPEDS include Institutional Characteristics; Fall
Enrollment; Salaries; Tenure and Fringe Benefits of Full-Time Faculty; Financial Statistics; Staff;
and Academic Libraries.

Baccalaureate and Beyond (B& B)

Formally known as the Survey of Recent College Graduates (RCG), B&B is designed to
analyze the occupational outcomes and educational experiences of bachelor's and master's degree
reci pientswho graduated from collegesand universitiesin the continental United States. Thesurvey
was taken during the 1985-86, 198990, and 199394 academic years.

Beginning Postsecondary Students (BPS)

TheBPSfollowedfirst-timebeginning studentsfrom the 1989-90 NPSA S. NPSA S:90 asked
additional questions of studentseligiblefor BPS concerning background and experiencesrelated to
completion of postsecondary education. The BPS:90/92 datafurther describethe experiencesduring
and transitions through postsecondary education and into the labor force, as well as provide
information about family formation. Transfers, persisters, stopouts/dropouts, and vocational
completers were among those who completed interviewsin the first follow-up conducted in 1992.
In the second follow-up, conducted in 1994, many will have completed a bachel or's degree as well.
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NOTES

1. In response to recommendations of the Financial Accounting Standards Board, a
committee made up of members of NCES and NACUBO (the National Association of College and
University Business Officers) isworking on changesto college and university financial statements,
which will go along way toward meeting these objectives.
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Discussant Comments

JAMIE MERISOTIS

Let me begin by saying that NCES deserves agreat deal of credit for what it accomplishes.
As an agency that has been plagued by chronic underfunding, which operates with the federal
procurement albatross permanently affixed to its neck and has had to fend off occasional attempts
to politicize the Center's agenda and data collection vehicles, | have tremendous respect for the
content and the quality of the work that NCES does. This conference, with expert guidance from
MPR Associates, Inc., isagood example of the foresight and professionalism exhibited by NCES.
| am delighted to be here and am honored by the invitation to participate.

The task before us today is to explore issues related to the national collection of data
regarding postsecondary education over the next 5 to 10 years. This suggests that we need to have
some sense, at least from a national policy perspective, of what the most important issues will be.
So in beginning my comments about the two excellent papers from David Breneman and Fred
Galloway and from Michael McPherson and Morton Schapiro, | would like to attempt to predict
what those key issueswill be. Because of the limited time we have, | will focus on just those issues
that concern the federal government's interest in and influence on national data collection in
postsecondary education.

First, it seemsclear to methat the federal rolein higher education will be aprominent if not
dominant topic of discussioninthe next decade. Undergirding thisdiscussion of thefederal rolewill
be the central question of who pays for and who benefits from investment in postsecondary
education. The personal, social, and economic benefits of postsecondary education will need to be
clearly delineated and understood in the policy world in order to constructively engage in this
conversation. The federal government already has attempted to address thistopic at the K—12 level
with the National Education Goals effort. In higher education, | think we will be examining how or
if the federal government should play arolein setting goals for higher education; how those goals
should be measured; and what happens if those goals are not achieved. | also think that the federal
rolein defining or delineating the distinctions among coll egiate education, remedial instruction, and
work force training will be important components of this discussion.

Second, thelevel of support that thefederal government should be providingto pay for higher
education will aso be an important topic. What is the appropriate level of investment in
postsecondary education from thefederal perspective? What should the relationship be between the
federa and state investmentsin higher education? What linkages, if any, should there be between
federal support levels and institutional pricing? These are the kinds of questions that are posed in
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both papers and will form the core of the debate about federal support levels in the next several
years.

Third, theissue of programintegrity alsowill becritical. By program integrity | do not mean
the current Higher Education Act usage of that phrase, which seemsto confuse concerns about fraud
and abuse in federal programs with what are the desired educational outcomes of those programs.
Instead, | mean that the integrity of what the programs are supposed to do to influence the
educational attainment of students—ranging from accessto program compl etion—uwill bediscussed.

Fourth, the appropriate methods for regulating or deregulating the federal government's
interactionswith higher education alsowill beessential. Thisistheflip side of the program integrity
issue, and is related to determining what aspects of federal regulation might be eliminated without
negatively affecting the federal government's legitimate interest in stemming fraud and abuse.
Because NCES does not play adirect role in program management, thisissue will be put aside for
the purposes of this discussion.

Thus, in analyzing these two excellent papersin relation to what will be the most prominent
issues of policy discussion inthe next several years, | think we have two complementary pieces. the
McPherson and Schapiro paper provides a road map for tracking the costs and benefits of
postsecondary education over the next several years, which is key to determining what the federal
role should be; and the Breneman and Galloway paper providesuswith thekey stopsaong theroad,
thereby helping to define what information we will need in setting federal support levels, and how
we can track program integrity by deciding which outcomes of postsecondary education should be
measured.

With respect to the particulars of the two papers, | am most compelled by M cPherson and
Schapiro's clear argumentsfor good longitudinal data. Asthe paper carefully pointsout, longitudinal
data provide benchmarks on student attributes in order to examine how college changes the
attributes. That analysis is critical to the task of determining who benefits from postsecondary
education, which in turn will shape how we define the federal role.

Two specific points contained in the McPherson and Schapiro paper deserve careful
consideration. First, | very much agree with the idea of creating a “long-form” IPEDS survey to
collect detailed data on educational treatments, for the very reasons described in the paper.
Participating institutions must be compensated for this extra effort, however. Second, | share the
authors observations regarding the utility of NCES data for making valid comparisons of higher
education internationally. In this age of global economic and socia systems, the inability to make
reasonably precise comparisons represents one of our greatest shortcomings in national data
collection.

The Breneman and Galloway paper contains many excellent suggestions regarding
information that should be collected but currently is not. At the same time, however, | am wary of
adding to the NCES burden in the absence of new resources. Simply put, | don't believe NCES is
capabl e of doing morewith less—that iswhat they have already been doing for more than a decade.
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If new resourcesare available, | believethat the authors proposal for alongitudinal database
of high school graduates is an excellent idea. This should be a priority in any environment where
new resources are available, since this database would allow us to conduct the kinds of seamless
analyses of access, persistence, and work force performance of college graduates that we have
attempted in the past using multiple, often incompatible, data sets. Such a database would take us
along way toward deciding what is the appropriate level of support from the federal government,
and in assessing the integrity of programs with respect to influencing the educational attainment of
students.

The recommendation by Breneman and Galloway for more published reports is important.
If | have a criticism, though, it is that the reports currently produced under NCES supervision are
unnecessarily dull. When every report appearsto use the same adjectives—taken, no doubt, froman
approved list—and when every report is similarly formatted and printed, a kind of mind-numbing
effect can sometimes occur. In my office, we argue about which NCES publication contains certain
information. These disagreements often end in frustration, since it is virtually impossible to
distinguish among them. (“1 think it was the blue book” is a sure-fire way to frustrate an opponent
in such arguments.)

Theonly priority that the authors haveidentified with which | do not agree concernsresearch
on proprietary institutions. Having spent several years during the 1980s conducting such research,
| sharethe authors frustration about thelack of reliable, consistent data. Unfortunately, | believethat
expanding the sampling frame of various NCES surveys would be a day late and a dollar short.
Given that the concept of “institution” is about to be radically transformed as a result of
technol ogical changesin pedagogy and educational delivery, focusing on 1980s-era concerns about
proprietary schools seems misplaced.

Overadl, | believe these two papers provide us with atemplate for future data collection and
analysis, and are extremely valuable in informing key policy discussions over the coming decade.
| appreciate the opportunity to comment on the papers and urge NCES to take the authors
recommendations seriously.

JIM MCKENNEY

Historically, postsecondary data collection has focused on traditional college-age students
and the structures and procedures of the traditional 4-year college/university environment. As
American community collegeshaveevolved, thosehistorical definitionsof postsecondary education
have been assessed asincreasingly dysfunctional by the 2-year college sector. Y et those definitions
persist with surprising tenacity, which is surprising, since the size and growth of the community
college enterprise would seem to inherently require a more customized approach. The national
network of community colleges today numbers approximately 1,100 institutions in every state. In
1992, these colleges enrolled 5.7 million credit students and conservatively another 5 million non-
credit students. The colleges enroll 44 percent of the nation's undergraduates and 49 percent of al
first-timefreshmen. Theaverage age of acommunity college student is29, with femal es constituting
58 percent of the college enrollment. About 47 percent of all minoritiesin college attend community
colleges, and more than half of higher education students with disabilities attend public community
colleges.

6-31



It is with that perspective and skepticism that this discussant reviewed the papers by
M cPherson and Schapiro and Breneman and Galloway. One can almost appreciate that researchers
may have chosen to cling to the traditional definitions out of sheer fear of the complexity of the 2-
year college sector. By comparison, community colleges may appear to be the moral equivalent to
the Balkans for many postsecondary researchers. There is no separate typology for community
colleges. Thus, everything is lumped together, undercutting substantially the ability to make finite
distinctions. Usingthetradition-bound National Center for Education Statistics(NCES) datasources,
McPherson and Schapiro assessed the usefulness of these data in tracking the cost/benefit of
postsecondary education. These authors argued persuasively that a direct correlation between cost
benefits of postsecondary education and classroom activities is impossible to frame—especialy,
using the national data sets as they are presently constituted.

Under the tight parameters of traditional social research, McPherson and Schapiro suggest
that you cannot tease out all of the other possible behavioral explanations for post-graduate
performance. They are right, of course. And, their suggestions for merging data sets and seeking
voluntary research contributionsfromindividual institutionsare great ideas—ideasthat would seem
to have merit due to the ability of volunteersto drive research to greater detail and at no great cost
to NCES. Again the researchers point out the difficulties that come with merging existing data
sets—sets that were created for different purposes. Thus, voluntary contributions from institutions
or state systems might provide a better picture of the connections between certain desirable causes
and effects. We might not have a national picture, but we would have alimited one. This reviewer
would only add that such an endeavor should not be attempted without a substantial effort to enlist
a respectable sampling of community colleges. Such states as Florida, California, North Carolina,
and Illinois have historically maintained extensive data on their 2-year college systems.

A final point needs to be made about the McPherson and Schapiro paper and the concern
regarding the uneven fit of traditional research approachesto higher education. During most of the
discussion regarding theeconomic benefitsof higher education, onewasleft withtheimpression that
theresearchershad in mind traditional liberal artsmgjors. What about the measurement of economic
benefits that might correspond to graduates of occupational and technical programs at community
colleges? For that matter, one could ask the same question about graduates of the professional
programs at the university level. One would think that there would be a great payoff in looking at
these questions with engineers, nurses, electronics technicians, and accountants. Also, while the
authors speak of merging IPEDS and NPSAS, they have given no thought to the potential use of the
National Assessment of VVocational Education (NAVE). Again, therailroad tracks might not make
an even match, but these data are aimed at assessing occupational education at the secondary and
postsecondary level. Therejust may be somevaluein looking beyond the traditional college student
when it comes to seeking correlations between causes and effects.

Breneman and Galloway have attempted to improvethe datacollection abilities of NCES by
focusing attention onthefollowing six issues: institutional finance, postsecondary assessment, loans
and student i ndebtedness, the school -to-work transition, technological change and distancelearning,
and the proprietary sector. Again, we have avery compelling argument for new ways of looking at
data with an eye to cost effectiveness. For example, the suggestion is made again that IPEDS and
NPSAS be connected and that NCES attempt a shorter 2-year cycle.

6-32



Theauthorsmakethe casethat i nstitutions of higher education are under substantial financial
stress with growth essentially being flat. There isthe stated concern that this circumstance has led
private institutions to engage in price discrimination through student aid discounting. Thus, private
institutions have found away through public student financial aid to defray their escalating costsin
aflat market. This may be okay, but it isa public policy issue that can only be massaged with the
existence of confirming data. Alternately, the case is made that financia duress has led the public
sector to movetoward varying formsof privatization, such asheavier reliance ontuition and private
fund raising. It would seemto thisreader that thisissuch afundamental issuewith respect to thetrue
intent of financial aid use and misuse that NCES could hardly ignore the challenge. Heretofore, all
of the attention has been focused on student abuse of aid, but the authors are raising a more subtle,
but equally important issue.

On the other hand, it is doubtful that financial aid will be a good gauge for financial stress
in community colleges. Thisis not to say that this sector is beyond economic duress. Rather, low
tuition and high numbers of part-time students will mean that student aid will be a less robust
intervening variable. Community colleges react to economic stress by lowering the full-time/part-
timefaculty ratio, cutting marginal curriculum/courses, seekinglocal bond market relief, and seeking
infrequent and modest tuition increases. Of course, some community college students will seek
recourse in some form of financial aid. The more likely student reaction will be reduced course
loads, increased working hours, and the extension of yearsin college. Hence, the community college
and the non-traditional student behave in very different ways from their 4-year counterparts.

Theargument is proffered that thereisaneed for better outcome measuresin order to permit
individuals and society the ability to calculate rough cost-benefit ratios in making educational
selections. The point is made that NCES does a good job in collecting data on degree earners and
those with some college experience. However, the data are inadequate for those students enrolling
for just afew postsecondary courses. The authors correctly point out that those coursestaken for job-
related reasons do have aval ue-added component that i snot presently captured. From the standpoint
of community colleges, Breneman and Galloway are beginning to spotlight a very large area of
concerns surrounding the mapping of community college impact—the tracking of the growing
number of non-traditional students, most of them adults, that drop in and out of college asif 2-year
ingtitutions were convenience stores. These students, some already having a degree, attend the
college for the purpose of attending one or a series of classesin order to achieve a particular skill.
Some of these students may achieve adegree over time, but rarely in 2 years and many never intend
to earn a degree. Yet, they are there using these ingtitutions in a value-added manner. Hence,
community colleges and the night programs at 4-year institutions are becoming as important to the
burgeoning number of adult students as they are to traditional college-age students. It seems that
NCES must find a better way to map thisterrain or forego the ability to comment with authority on
this major growth sector of higher education.

Breneman and Galloway make astrong pleathat the rising costs of higher education and the
concomitant riseinloansand student indebtedness haveimplicationsfor thelarger economy and for
student choices. The concern israised that increasing levels of educational debt mean that students
will likely defer other lifetime purchases and that they may, in fact, alter their occupational choices
or lifetime goals as aresult of debt incurred as students. It is pointed out that the dataissue hereis
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one of timing rather than that of an information vacuum. On the other hand, the authors suggest that
the rapid changing nature of work calls for the development of more precise information on career
path selection and on follow-up data with both college graduates and high school students moving
directly into the work world. In short, the nature of the school-to-work transition has become the
subject of suchincreased concern that NCES should not ignore the need to enhance the database for
this purpose.

Thepointisvalid asfar asthe authorstakeit. Community college professionalswould point
out the additional need to track the work-to-school behavior of adults. For these students, starting
salary isless relevant than salary increases or job and occupation movement. For that matter, job
retention may depend upon the acquisition of anew set of skills. Breneman and Galloway are correct
in suggesting better follow-up datafor working high school students and college graduates. But, the
major story in higher education may be the work-to-school transition of the 25- to 40-year-old
cohort.

Breneman and Galloway raise the specter that technological change and distance learning
loom on the horizon with major implicationsfor thedelivery of instruction, thequality of instruction,
and the financing of education. Ironically, it is the speed with which technology is influencing our
world and the rapid response of consumers that raises questions about policy making that is
dependent on NCES data collection. As stated, it is true that there is a need to assess quality and
effectiveness among new modes of delivery, but thisreader had the sinking feeling that we were all
watching an avalanche in process and no one was sure what to do to avoid being run over.

Finally, theissue of the paucity of data surrounding the * burgeoning” world of thefor-profit
collegesisof major concern. The authors suggest that these institutions owe much of their financial
success to the existence of federal student financial aid, but that these same institutions are not
always very forthcoming with the requested information on their effectiveness. Asin their earlier
point about student aid discounting and privatization, Breneman and Galloway have rai sed another
major policy issue with respect to the complex web of growing interdependence between financial
aid and higher education. Federal policymakerscannot begin to addressthisissueeffectively without
better data from NCES. It would seem to this reader that this ought to receive the highest priority
from NCES as student financial aid is the major federal investment in higher education.

The authors are to be congratulated for their penetrating look at the data sets and their
suggestionsregarding the applicability of these datato futureissuesin higher education. Clearly, the
issuessurrounding student financial aid arecritical given budgetary constraints. Moreover, it appears
that both papers call for a merging of data sets and a more user friendly timing of data access. All
researchers were mindful that the desire to measure the benefit of higher education must be
contrasted to the finite resources of NCES. Thus, most suggestions were made with an eye toward
activitiesthat sought economies of scale aswell as new datayields. Thisreviewer thinksthat NCES
has received excellent suggestions from both sets of researchers. The magjor caveat is areservation
about the applicability of data generalizations to community colleges.
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PAULA KNEPPER

| would like to thank the authors of these two papers for providing very thoughtful and
complementary perspectivesonimproving NCES datain the areaof postsecondary education. Mike
McPherson and Morty Schapiro have presented a very thoughtful and expansive view of the need
for longitudinal data at the postsecondary level and beyond. They have suggested severa areasin
which more information is needed about the college experience itself. They point out that it is
necessary to illuminate the “black box” experience in order to more accurately relate education to
outcome measures. However, their primary emphasi s has been on the need for longer studies of any
single cohort, and on the need for “good” longitudinal data.

Similarly, Dave Breneman and Fred Galloway have pointed out six specific areas where
additional information is needed concerning postsecondary education. As in the McPherson and
Schapiro paper, many of their data needs can only be met with additional longitudinal information.
Breneman and Galloway have also provided a set of recommendations on how to achieve much of
what is needed with limited resources.

As was mentioned yesterday, education is a very complex process at the K—12 level.
Postsecondary education is even more complex; although it serves fewer people, it provides many
more diverse experiences and serves a much more diverse population in terms of age and past
experiences. Many people continue directly from high school and simply see it as more schooling.
These are typically thought of as traditional students. But others continue after a hiatus from
education only when they have perceived the need for additional education for avariety of reasons,
not the least of which is to enhance their ability to acquire a better job. Some return because they
want additiona education, though not directly tied to obtaining a specific job. Still others do not
complete degrees in the traditional order. For instance, they may return after completion of a
bachelor's degree for vocational training of some type, often at the local community college or a
private trade school. Others complete a second bachelor's degree instead of, before, or even after
completingamaster'sdegree or higher. And these non-traditional studentsareincreasingin number.

Postsecondary education itself also has a split personality of sorts—vocational schools
emphasize getting the skills required for a specific job, while collegiate education emphasizes
expansion of knowledge not directly tied to a specific job. Galloway pointed this out in his
presentation, and it was further emphasized by Jim McKenney in his discussion. The majority of
postsecondary studentsattend either aprivatetrade school or acommunity college sometimeintheir
educational careers, but not necessarily asthe first institution asis so often thought. As Breneman
and Galloway have also pointed out, the transition from education and work is no longer neat and
clean. McPherson and Schapiro further complicate the picture by pointing out that people in
postsecondary education are for the most part there voluntarily, not because the state requires that
they attend until a certain age.

These non-traditional patterns are not new—early in my professional career, | hired a
programmer who had just completed work for a computer programming certificate at a proprietary
vocational school in Northern Virginia. The previous spring, he had completed a bachel or's degree
magna cum laude in psychology at a prominent state university, but had not found job prospects
particularly promising. Several years after that, he started work on a master's degree in computer
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science, and when that was finished, he moved on to become one of the chief developers of the
computerized database system used by one of the national grocery chains. This clearly was not the
traditional path through postsecondary education, even though he started college right after high
school. As a statistics agency, we cannot ignore these different paths through education and work.

We have been encouraged to think in broad terms without regard to money or other
constraints. Both of these papers stress the importance of long-term longitudinal data, and both
recommend that there be more longitudinal surveyswith morefrequent re-interviews, and that these
be conducted over longer periods of time and include more subjects. But | think our real challenge
isto consider the broad data needs and how we might begin to meet them within realistic resources.
The suggestion to follow multiple high school or earlier cohorts more often and further through all
of the possible education paths is unrealistic—sample size alone would be prohibitive when you
think how many 8th graders, for example, you would need to sample to ensure that you had a
representative sample of people taking each of the diverse paths through high school and later into
and through postsecondary education, some asfar asaPh.D. or similar degree. Evenin High School
and Beyond, the numbers aretoo small for reliable analysis even into, much lessthrough, the Ph.D.
levels. Thus, it becomes clear that there are two real challengesto NCES:

1) Wemust keep in mind that even though we think of education asacontinuum, in reality,
K-12 is very different from postsecondary education in terms of both the *black box”
process and in terms of goals and purposes. These differences must be reflected in the
datawetry to collect, how we collect them, and how we evaluate these data. Completing
one level of postsecondary education no longer leadsjust to either the work force or the
next higher level on the education continuum.

2) We must find ways to do more with less. Thisincludes finding ways to reduce the time
lag between data collection and data availability, while at the same time ensuring
accuracy and completeness.

In order to enhance our surveys, we need to continually be aware of the changes that are
rapidly occurring, several of which have been pointed out specificaly by Breneman and
Galloway—e.g., distance learning, increasing use of and capabilities of PCs, the ever faster
expanding knowledge base and related curriculum concerns of what to teach in the time available.
New issues are emerging almost daily. Because of these rapid changes, as several speakers pointed
out yesterday, information is now also needed by others more quickly if it is to be useful. As a
statistical agency, NCES provides data. But we need to make sure we do so in a manner that is
consistent enough to evaluate change over time, yet isflexible enough toinclude new emerging areas
and to provide information on their impact.

One way to do this is to be more imaginative in the use of technology. We saw a short
demonstration yesterday of how the Web could be used. Whilethishasobviously been put into effect
in limited areas, how many of us have thought about its use in these or similar terms?

It has been suggested that we link into databases such as IRS for both student and
institutional financial information. Thishasconsiderable appea and could greatly reduce burden and
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cost to NCES. In this case, the link would be relatively easy; although the legal hurdles are higher,
they are not insurmountable. A minor change in the laws governing IRS release of data and
interagency cooperation could makethisdoabl eat reasonable cost. However, againwecannotignore
reality—the major impetusto changetheselawswill haveto comefrom outside of NCES. But doing
so would free up time and resources for other data collection and dissemination efforts. A similar
case can be madefor linkage with other databases, and infact we do link to IPEDS for institutional
information, and to ED Student Aid records for student aid and loan information. As other relevant
databasesareidentified, thefeasibility of linkagesfor datacollection efficiency and accuracy should
be investigated and implemented as appropriate.

In the area of longitudinal data collection, two seemingly opposing strategies have been
suggested: fewer cohortsover longer time periods, and more frequent and overlapping cohorts. Both
suggest more frequent re-survey intervals. Thislater point is the key to obtaining what M cPherson
and Schapiro refer to as “good” data. Asthey indicate, longer term surveys provide what no other
type of surveys can, an indication of the impacts of experiences over longer time periods. However,
given the redlity of constant change and the non-homogeneity of postsecondary education, this
approach can lead to misinformation aswell as*“old” information not seen as useful by thetime it
is available (years after the actual experience of interest). Part of the problem is the constricted
sample of postsecondary attenders (a single age cohort rather than the full age mix of postsecondary
attenders). The other problem with a longer term study starting in or before high school is that it
cannot provide the sample size necessary for accurate evauation of the various postsecondary
experiences, a problem exacerbated by the continual reduction in participation at each higher level.
However, this type of survey does help to tie the pieces of more segmented surveys together (as
suggested by Breneman and Galloway).

Overlapping surveys, as recommended by Breneman and Galloway, while not providing
long-term background information about individuals, would include all types of students at each
level. However, this puts much more of a burden on NCES to develop sample designs that allow
linkages between the unique surveys. For instance, arelatively small high school graduate sasmple
with a 2-year followup could provide good access and choice information for immediate entrants,
but would betoo small asamplefor postsecondary progress, completion, and postsecondary outcome
information. However, acoordinated beginning postsecondary student survey such as BPSincludes
recent high school graduates as well as late entrants, and provides a full range of undergraduates
(both traditional and non-traditional) and information on the undergraduate education. Again,
however, too few will continue on to postbaccalaureate education to provide good information
concerning education and outcomes at that level. Therefore, a new sample of only recent degree
completers, asin Baccalaureate and Beyond, isnecessary to provide asufficient number of students
who continue their education in order to obtain information about their experiences and outcomes.

For a system such asthisto be useful, however, there needs to be a continuing commitment
to conduct these various surveys on an appropriate schedul e that, in fact, allows these comparisons
between overlapping data collections. In addition, these overlapping surveys need to continue for
sufficient time to make outcome comparisons, as M cPherson and Schapiro suggest. However, at the
frequency recommended by Breneman and Galloway, the data at each stage would be recent enough
to not be considered “old,” and the more frequent comparison cohorts would provide useful
information concerning change.
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Also, Breneman and Galloway have madeit clear once again that NPSASisvital and should
be more, not less, frequent if it is to be useful to policymakers. They also recommend that the
number of students within an institution be increased so that the data could provide useful
information at the institution level aswell as at the sector and national levels. Currently, only very
gross statistics (such as the percentage receiving student aid or a student distribution by family
income) can be calculated at theinstitution level, and not at all institutions. (NCES standardsrequire
each calculation be based on at least 30 individuals.) To be able to accurately cal culate something
like aid packages by classlevel within aninstitution would indeed result in asignificant increasein
student sample size. However, if structured properly, it could also allow both a BPS and a B&B
cohort off of the same base-year survey, which they also recommended.

The larger samples that would be required by the recommendations of both sets of authors
may not be as onerous as they appear on first blush. With current advances in technology,
institutional computer assisted dataentry (CADE), department record merges, and so on, thisshould
become easier and less costly. In the same vein, | hope that the next Postsecondary Education
Transcript Study (PETS) can be done more electronically than has been the case for the previous
ones, and as aresult will be more thorough and less costly.

To summarize briefly, these two papers have given NCES a great deal of guidance for the
postsecondary longitudinal studies program. Though we have been working toward their suggested
goals to some degree, they do provide additional support and guidance in terms of importance,
frequency, size, length, content, and use. It is up to us to keep these goals in mind as we refine our
data collection activities, and to creatively determine ways to make this set of surveysas useful and
timely as has been suggested in these papers.
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