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Introduction

The mission of the National Center for Education Statistics (NCES) is
to collect “...statistics and information ... in order to promote and acceler-
ate the improvement of American education.” To help achieve this, over the
past 20 years NCES, as well as its predecessors, has greatly expanded its
collection of longitudinal data. As aresult, researchers have gained a better
understanding of educational practices and the underlying complex relation-
ships between students, schools, and teachers. In the absence of large-scale,
randomized experiments to determine the effectiveness of educational inter-
ventions and resources, analyses of nonexperimental data can provideinsights
that help policymakers allocate scarce resources and enable practitioners to
improve student achievement.

Analyses of NCES data have generated a large amount of literature fo-
cusing on the key determinants of student achievement and the effects of
programs and policies. Educational productivity studies have focused on the
overall effects of spending on schools and on the effectiveness of particular
educational inputs (Monk 1992). In particular, these studies examine how per
pupil expenditures and school, teacher, and class characteristics (e.g., school
demographics, teacher degree levels, and class size) affect student outcomes
such astest scores. Thisresearch has spawned what iscommonly referred to as
the “does money matter?’ debate. Much of this controversy has been shaped
by older studies cited in Hanushek (1986) that rely on cross-sectional and ag-
gregated data. Although theissueisnot yet settled, the availability of longitudinal
data, aswell asthe use of more sophisticated statistical methods, has advanced
our knowledge in the area. For example, earlier studies examining the impact
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of classsize on student outcomes used dataaggregated to the school and school
district levels. However, recent longitudinal data are specific enough to enable
researchersto use actual class sizesrather than school or district average pupil/
teacher ratios. Detailed longitudinal data have also allowed scholars to exam-
ine controversial educational reforms such as tracking and school choice.

In this paper commissioned by NCES,* we were asked to illustrate how
we have used recent NCES longitudinal databases in our own research to in-
vestigateissuesof “educational productivity,” broadly defined astherelationship
between school resources and educational practices and student achievement.?
Weargue that the National Educational Longitudinal Study of 1988 (NEL S:88)
represents a substantive improvement over previous longitudinal data collec-
tion efforts for research and policy purposes. These enhancements permit the
estimation of awider variety of statistical models of the determinants of stu-
dent achievement and allow researchers to test important hypotheses about
educational practicesthat haveimplicationsfor policy. In particular, the ability
tolink individual studentsto detailed background information about their teach-
ers proves critical to interpreting the results of standard education production
functions. As an example, our own research demonstrates (Brewer and
Goldhaber 1996; Goldhaber and Brewer 1997a, 1997b) that subject-specific
teacher background in mathematics and science is systematically related to
student achievement in these subjects, even though teachers’ higher degreesin
general are not. We suggest a number of further improvementsto future NCES
longitudinal data studies including collection of more refined information on
teacher characteristics and ability, increased frequency of follow-ups, and more
student-level observations per teacher.

The paper begins with a brief introduction to the education productivity
literature, followed by a discussion of some of the advantages of NEL S:88
over previous NCES data, focusing on the substantive findings on teacher sub-
ject-specific preparation. Next, we argue that these data have permitted the

1 This paper is based primarily on the author’s research on teacher qualifications previously
published in the Journal of Human Resources, Advances in Educational Productivity,
Developments in School Finance 1996, and Education Economics.

2 Hence we make no attempt to be comprehensive in reviewing other research here.
That is not the purpose of this paper.
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estimation of a broader set of statistical models, including hierarchical linear
models, fixed and random effect model s, and model s with selectivity. The con-
clusion makes a number of suggestions for future data collection.

School Resources and Student Achievement

The ultimate reason to collect dataisto influence public policy in aposi-
tive way. Thus, researchers are interested, among other things, in furnishing
policymakers with the information required to make prudent resource aloca
tion decisions and to understand which educational interventionswork. Dating
back to the 1966 “ Coleman report” (Coleman et al.1966), there have been nu-
merous studies on how investments in educational resources affect student
performance and labor market outcomes. This line of research falls under the
broad heading of “educational production functions.”®* Most educational pro-
duction function studies seek to explain variance in standardized test scores at
student, school, or school district level shby estimating multipleregression models
that regress student outcomes on individual and family background variables
and school inputs. The broad conclusion of this body of work isthat individual
and family traits explain the vast majority of variancein student test scoresand
that schools play a lesser role. Eric Hanushek notes that these studies as a
whole show that “differences in [school] quality do not seem to reflect varia-
tions in expenditures, class sizes, or other commonly measured attributes of
schools and teachers’ (Hanushek 1986, 1142).

He concludes that there is “no strong evidence that teacher-student ra-
tios, teacher education, or teacher experience have an expected positive effect
on student achievement” and that “there appears to be no strong or systematic
rel ationship between school expenditures and student performance” (Hanushek

8 The notion that there is an estimable education production function for a set of individu-
als within or across classes or teachers or schools or school districts is not unchallenged
(Monk 1992). Like any model, the education production function is certainly a simplifi-
cation of reality, but it isauseful tool. Thisis particularly true for policy purposes
because most applications focus on manipulable, measurable inputs rather than on
intangible variables or amorphous constructs like “ school climate’ that are difficult to
translate into practical recommendations.
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1986, 1162).4 Hanushek’s interpretation of the literature suggests that (public)
schools have asuboptimal allocation of resources (allocative inefficiency), that
they do not operate on the production possibility frontier (technical inefficiency),
or both. In these cases additional teacher inputs or smaller class sizes would
not necessarily imply higher output, ceteris paribus. Thisresult doesnot imply
that schooling resources never affect student achievement positively, simply
that, given the way public schools are organized, additional resources do not
make much systematic difference.

Theview that observable school inputs, and teachersin particular, do not
positively impact student achievement rests on somewhat shaky empirical
ground. Hanushek’s conclusion is based primarily on older work, and there are
good reasonsto believe that much educational productivity research completed
in the 1970s had major deficiencies. One problem islikely to be that key vari-
ables may have been omitted from estimated test score models, potentially
leading to biased coefficient estimates of the included variables.®* Missing in-
formation and crude proxiesfor many schooling inputsin older data make this
likely. For example, many early studieswere unableto control for prior achieve-
ment using a “pre-test” score to net out individual ability (Boardman and
Murnane 1979; Hanushek 1979; Hedges, Laine, and Greenwald 1994).

Additionally, schooling inputs—notably class size and expenditures per
pupil—are measured with some degree of error. Thiserror arises, in part, from
aggregation of variables to the school or district level (Hanushek, Rivkin, and
Taylor 1996). For instance, rather than class size, studies often utilize total
school enrollment divided by the total number of teachers (or professionals) as

4 Hanushek concluded that there is no systematic relationship between observable
schooling resources and student test scores, at least at current levels of resource utiliza-
tion, by noting the direction of estimated input effects (teacher/pupil ratio, teacher
education, teacher experience, teacher salary, per pupil expenditures, administrative
inputs, and facilities) on student achievement, along with whether they were statistically
significant, and simply tallying (“vote counting”) the number of statistically significant
positive and negative coefficients. A “meta-analysis’ by Hedges, Laine, and Greenwald
(1994) using the same set of studies reviewed by Hanushek reached a very different
conclusion. Their basic argument was that the pattern of estimated coefficients in these
studies suggested there were indeed systematic positive effects, although it is not clear
that the alternative interpretation gives any clearer guidance for policymakers.

5 Omitted variables and aggregation bias problems in the context of educational production
functions are discussed in a more formal fashion in Goldhaber and Brewer (1997b); see
also Hanushek (1979) and Hanushek, Rivkin, and Taylor (1996).
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an average pupil/teacher ratio. Thisis problematic given that thereis consider-
ablevariationin class size within schools aswell as between schools. Variables
representing school and teacher “quality” used in most production function
studiesaretypically very crude. For example, teacher degreelevel and years of
experience may be only weakly related to teaching skill. Degree alone does
not distinguish among diplomas given at high- and low-quality colleges or
when the degree was granted, nor doesit convey any information about college
major, certification requirements fulfilled, or subsequent professional devel-
opment. Teacher motivation, enthusiasm, and skill at presenting class material
influence students' achievement, but are difficult traits to accurately measure
and are, thus, omitted from standard regression analyses.

Recent Longitudinal Data: Reducing Omitted
Variables and Aggregation Bias

Advances in statistical techniques and the collection of two large-scale
longitudinal databases by NCES, High School and Beyond (HS& B) and the
National Educational Longitudinal Study of 1988 (NEL S:88), have allowed
researchers to learn more about how school resources impact students. In this
section we first review the advances in these data and introduce our work on
teacher subject-matter preparation, which reduces the omitted variables and
aggregation bias problemsinherent in earlier studies.

HS&B and NELS:88

High School and Beyond (HS& B) was one of the first large-scale longi-
tudinal databases. A cohort of students were tested in both tenth and twelfth
grades, permitting researchersto use a*“value-added” methodol ogy—examin-
ing how much students learned between two points in time (as measured by
standardized tests), using apre- and post-test. Unfortunately, teacher datawere
only collected in 1984, two years after the students had graduated and, there-
fore, could not belinked back to particular students. Hence, like previouswork,
statistical models estimated using individual level test scores had to rely on
school-level measures of variables such as class size and teacher experience
(Ehrenberg and Brewer 1994).

The NEL S:88 data represent a substantial improvement over HS& B be-
cause they include concurrent, detailed school and teacher data collected in
such away that researchers can link students to their particular teachers and
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classes. The NEL S:88 study isanationally representative survey of about 24,000
eighth grade students conducted in the spring of 1988, with follow-ups con-
ducted in 1990, 1992, and 1994. At the time of each survey, studentstook one
or more subject-based tests in math, science, English, or history. The tests
were carefully designed to avoid “floor” and “ ceiling” testing effects and were
put on acommon scale using Item Response Theory.® Linked student-teacher-
class data allow an investigation of the impacts of specific class size, teacher
characteristics, and peer effects on student achievement. NEL S:88 is constructed
in such away that students can be linked to data gathered in a separate teacher
survey that provides information on the teacher’s background and teaching
methods and curricula used in the particular class the tested student is taking.
This represents a major advance.

Of course, there are still some important deficiencies in the NEL S:88
design. For example, the study skips a year in sampling students so informa-
tion on the characteristics of schools, teachers, and classes is missing for the
ninth and the eleventh grades. Because information on the ninth and eleventh
grades is left out of the survey, studies that use the NEL S:88 may suffer from
omitted variables bias. The direction and magnitude of this bias depends on
the relationship between the tenth and/or twelfth grade characteristicsincluded
in the survey and those in the excluded grades. Further, in each follow-up to
the eighth grade base year, there are fewer students per class (i.e, thereisa
fanning out of the original set of eighth grade students to multiple teachers and
classes by the tenth grade). As aresult, in some cases there are as few as one
student per class and teacher in the follow-up surveys. This makes it more
difficult to distinguish between teacher and class effects.’

Several researchers have taken advantage of the ability to link studentsto
their classes and teachers. For example, the magnitude of the effects of class
size on student achievement haslong been debated, but thereis currently wide-
spread interest in class size-reduction policiesat federal and statelevels (Parrish
and Brewer 1998). In the absence of large-scale experimental data, such as

6 For more information on this methodol ogy, see Rock and Pollock (1991).

”  Thisisnot a problem for some kinds of statistical model (e.g., ordinary least squares,
random effect models). In all of our work we use tenth grade school, teacher, and class
variables, and in most cases impose no restrictions on the minimum number of student
observations per class or per teacher.
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Project STAR in Tennessee, nonexperimental production function type studies
will continue to be important, so it is hecessary to have data that allow for the
best possible test of the relationship between class size and student outcomes.

Many of the class size studies cited by Hanushek (1986) have found no
rel ationship between class size and student achievement. Some have even found
that achievement is higher in larger classes—this is clearly counterintuitive.
Using NEL S:88, Akerhielm (1995) shows that students are not randomly dis-
tributed across classes within schools. Low-achieving students tend to be
assigned to smaller classes. Without accounting for this nonrandom assign-
ment of studentsto classes, there appears to be a positive rel ationship between
class size and achievement. However, when statistical models incorporate this
nonrandom assignment, the rel ationship becomes negative (i.e., smaller classes
result in higher achievement) between class size and student achievement. Be-
cause NEL S:88 links students to a particular class, Akerhielm was able to
measure the actual class size rather than an aggregate pupil/teacher ratio.

Teacher Subject-specific Preparation

Theability tolink studentsto their particular teachers afforded by NEL S:88
has also allowed researchersto better understand how teachers affect students.
Ehrenberg, Goldhaber, and Brewer (1995) were able to shed some light on the
issue of “rolemodels’ in education by investigating whether the race-ethnicity
and gender of teachers impact student test scores.® Similarly, NELS:88 per-
mits an investigation of whether the subject-specific preparation of teachers
affects student achievement. The National Commission on Teaching and
America sFuturein 1996 reported that one-fourth of high school teacherslack
college training in their primary classroom subject. Underlying this concern
about out-of-field teaching is the assumption that teachers with degreesin the
subject that they teach are more effective. Although this may seem a
commonsense proposition, there is relatively little quantitative work on the
relationship between educational outcomes and teacher subject-specific

8 Thisresearch showsthat, on balance, teachers’ race-ethnicity and gender are more likely to
influence teachers' subjective evaluations of their students than to affect student achieve-
ment as measured by standardized tests. The important point here, however, is that this
research would not be possible without teacher data directly tied to individual students.



176 Dominic J. Brewer and Dan D. Goldhaber

preparation, because most data used for these analyses do not contain this
information.®

Using samples of students in four subjects,’® Goldhaber and Brewer
(1997a) estimated standard education production function models in which a
student’s tenth grade test score in a subject is regressed on (1) individual and
family background variables (e.g., sex, race-ethnicity, parental education, family
structure, family income, and eighth grade test score); (2) tenth grade school
level variables (e.g., urbanicity, regional dummies, school size, the percentage
of studentswho are white, the percentage of students from single-parent fami-
lies, and the percentage of teachers with at least a master’s degree); (3) tenth
grade teacher variables (e.g., sex, race-ethnicity, years of experience at the
secondary level, whether the teacher is certified, and his or her degree level);
(4) and tenth grade class-level variables (e.g., class size and percentage of mi-
nority students in the class). The results from these models demonstrate two
important things. First, school level aggregates, such asthe percentage of teach-
ersin a school with at least a master’s degree—the extent of information on
teachers available in previous data, are statistically insignificant in all esti-
mated statistical models regardless of subject.

Second, the ability to include subject-specific teacher degree and certifi-
cationinformationiscritical to interpreting the results of these statistical models.
Thisisillustrated intable 1. Columns (1), (3), (5), and (7) of thetable show the
estimated regression coefficients of the teacher variablesincluded in the model,
while columns (2), (4), (6), and (8) show the results when we include more
refined subject-specific teacher characteristics (whether the teacher is certified
in hisor her subject areaand whether the teacher has BA or MA degreesin his
or her subject areq). These variables allow us to distinguish between teachers
who have BA or MA mgjorsin the subject they teach, those who have certifi-
cation in the subjects they teach, and those who do not have subject-specific
training. Inthe models reported in columns (1), (3), (5) and (7), years of teach-
ing experienceis not astatistically significant item, nor iswhether the teacher

® Monk and King (1994) report that teacher subject matter preparation in mathematics and
science does have some positive impact on student achievement in those subjects. Again,
thisinsight is made possible only because the Longitudinal Survey of American Youth
(LSAY) datathat they used links students with individual teachers.

10 The sample sizes for the four subjects were 5,113 students in math; 4,357 studentsin
science; 6,196 students in English; and 2,943 students in history.
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has a master’s degree—implying that teachers with master’'s degrees are no
more (or less) effective than those without advanced degrees. The results for
teacher certification are similar in that we find the coefficient on teacher certi-
fication to be statistically insignificant (except in English, where teacher
certification is significant and negative). If these were the only variables avail-
able, one might erroneously conclude that teacher preparation does not matter.

By contrast, in math and science, teacher subject-specific training has a
statistically significant impact on student test scores in those subjects [col-
umns (2) and (4)]. A teacher with a BA or an MA in math has a statistically
significant positive impact on students’ achievement relative to teachers with
no advanced degrees or degreesin non-math subjects.** Further, thesefindings
appear to reflect subject-specific training rather than simply teacher ability.

Table 2 shows the estimated effects of model specification on predicted
tenth grade achievement scores in math and science (we do not show English
and history, because none of the subject-specific variables were statistically
significant). We can infer the magnitude of the effect of teacher training on
student achievement by examining the estimated coefficients in the models
that include subject-specific information. For example, the effect of ateacher’s
having an MA in math is the sum of the coefficients of MA and MA major in
math. We see the impact of model specification in math and science by com-
paring columns (1) and (2) for math and columns (3) and (4) for science. In
both math and science, a subject-specific BA degreeimproves student achieve-
ment; and the results are even more pronounced for math, where an MA in
math also has a statistically significant effect on achievement. In the model
with general teacher variables, we predict students (with average characteris-
tics) who have ateacher who is certified in math and hasboth aBA and an MA
in math to have a tenth grade math score of 44.06. However, these same stu-

11 See Goldhaber and Brewer (1997a, 1997b) for more details on various robustness checks
and statistical tests performed on these models. We find no evidence that certification or
subject-specific degrees have an effect on student achievement in English or history,
where the subject-specific variables were statistically insignificant.

2. Teacher math and science degrees may serve as proxies for teacher ability. To test this
hypothesis, we re-estimated all models, including whether a teacher has a math or
science degree in the English and history regressions. If math and science degrees serve
as proxies for teacher quality, we would expect the coefficients on these variables to be
significant and positive in all of the subject areas, including English and history. Thisis
not the case. Neither the math nor the science degree level variables are statistically
significant in the English and history regressions.
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dentsare predicted to have atenth grade math score of 44.69 when the subject-
specific specification of the model is used. The difference between these
predicted scores, .63, is about 5 percent of the tenth grade math test standard
deviation, arelatively small (but statistically significant) difference. Thisfind-
ing is important, because it suggests that student achievement in technical
subjects can be improved by requiring more in-subject teaching. The estima-
tion of statistical models that yield this finding is only made possible by the
linked and detailed data available in NEL S:88.

Recent Longitudinal Data: Permitting a Broader
Class of Statistical Models

In addition to reducing the omitted variables and aggregation biases in
earlier production function studies problems (Goldhaber and Brewer 1997b;
Hanushek, Rivkin, and Taylor 1996), the NEL S:88 data allow researchers to
estimate abroader class of statistical modelsthat may have useful implications
for understanding educational productivity.

Hierarchical Linear Models

One example of such a model type made possible by NELS:88 isillus-
trated by Lee and Smith (1997), who investigated the relationship between
school size and student achievement using atechnique called hierarchical lin-
ear modeling (HLM). The basic approach of HLM is to first estimate a
within-group model and use the estimated slope coefficients as the dependent
variablein asecond across-group stage. The HLM technique has becomewidely
used by educational researchers to model effects that are thought to corre-
spond to particular levelsor groupings. It may be argued that standard statistical
models(e.g., ordinary least squares) yield inefficient estimates of the effects of
some schooling variableswhen those variables affect groups of studentsjointly.
Thisisbecauseindividual level models, whichinclude higher-level effects(such
as school climate), may not adequately capture the contextual impact of these
higher-level effects. Thus, the NEL S:88 data permit these types of models be-
cause they contain multiple observations per class, teacher, and school. Several
researchers have taken advantage of this data structure to examine different
hypotheses.*?

18 For instance, see Lee, Smith, and Croninger (1997) for an investigation of how the social
and academic organization of high schools affect learning in math and science and
Gamoran (1996) for a comparison of public and private school achievement.
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Although HLM isintuitively appealing and may yield efficiency gains, it
isimportant to notethat, like any other statistical model, it requires aparticular
data structure and is predicated on a set of assumptions, such as the distribu-
tion of the error term. Further, it is only possible to estimate these models
when there are multiple observations at each contextual level .4

Thus, with the NEL S:88 data, HLM utilizes only a sub-sample of al the
potential studentsin the sample and someinformationislost. Additionally, the
choice over the level of the effect is somewhat arbitrary. For instance, Lee and
Smith (1997) specify the effect at the school level but ignore the potential for
class-level effects. Similarly, one might argue that the contextual effect is at
peer (small group) or neighborhood levels, both of which aretypically ignored.
Finally, HLM does not permit researchers to handle situations when the first-
level outcomesand second-level regressorsarejointly determined (endogenous)
(Mason 1995). For instance, school quality may play an important roleinin-
fluencing parental choice of school sector. Unless models explicitly account
for thistype of selection, they will yield biased coefficient estimates. The bot-
tom lineisthat although HLM may yield more efficient estimates of contextual
effects, it only addresses one of the many problems associated with using
nonexperimental data, such as omitted variables bias, sample selection bias,
and endogeneity.

Fixed- and Random-Effects Models

The NELS:88 data do allow researchers better opportunities to investi-
gate some of these issues. For example, Goldhaber and Brewer (1997b) usethe
datato test whether unobservabl e teacher characteristics cause systematic bias
in the estimated effects of observable variables. Thisis made possible because
the structure of the data permits the estimation of fixed- and random-effects
models. Theresults of thiswork suggest that unobservabl e teacher characteris-
tics such as motivation and skill are not systematically related to observable
teacher characteristics and that this does not cause biasin standard educational
production function studies.

In follow-up work, Goldhaber, Brewer, and Anderson (1999) calculate
the role of individual, family, school, teacher, and class characteristics in ex-

4 Itisnot clear, however, how many observations are required at each level to adequately
capture the contextual effects in question.
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plaining variance in student (math) test scores. In doing so, they distinguish
between the contributions of observable and unobservable factors. They find
the vast mgjority of varianceisexplained by individual and family background
characteristics (about 60 percent). Overall, school, teacher, and classvariables,
both observed (e.g., class size and teacher certification and degree level) and
unobserved (e.g., teacher motivation and parental involvement), account for
approximately 21 percent of the variance in student achievement. Of this 21
percent, only about 1 percentage point (or 4.8 percent) is explained by observ-
able educational variables, and the remaining 20 percentage points (or 95.2
percent) are made up of unobservable school, teacher, and class effects.

These unobservable effects may represent variables, such as the climate
in the schooal, the students’ peers, the ability of the teacher, or unobservable
family background characteristics that are not adequately controlled for in the
model.

Selectivity-Corrected Models

Theissue of student selection also often arises when researchers attempt
to understand how schools impact students. Student selection is another form
of omitted variables bias that occurs when individual characteristics not easily
quantified in data are associated with a choice made by those individuals. For
instance, one educational reform that has recently gained a great deal of atten-
tion is the use of educational vouchers (school choice). Proponents of choice
often point to student success in private schools as evidence of greater educa-
tional productivity in the private sector.™> However, private school s can establish
admissions criteria, such as minimum test scores, whereas public schoals, in
general, must accept al students. Private schools also tend to serve students
whose parents are more affluent and well educated. Thus, it isnot immediately
clear that differences in performance between public school students and pri-
vate school students are a direct result of the delivery of education or due to
differencesin their background.

Numerous studies have examined thisissue, notably an HS& B-based study
by Coleman et al. in 1981. Thiswork was widely criticized because it did not

5 On average, private schools have higher standardized test scores, graduation rates, and
college matricul ation rates than do public schools.
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adequately control for selection into school sector. Goldhaber (1996) and Figlio
and Stone (1997) both use the NEL S:88 datato tackle the selectionissuein the
context of public and private schools.’® They find little or no differencein the
effectiveness of public and private schools. Simulations of what would happen
if a student were to switch school sectors indicate that, holding all else equal,
the large difference between public and private schools in mean standardized
test scoresisaccounted for primarily by student background, school resources,
and student selection, rather than differences in how effectively schools use
the resources that they have.

Other data would permit asimulation of this type but would not account
for teacher- and class-level differences. A very similar procedure has also been
used in a series of studies examining the effectiveness of ability grouping
(tracking).*’

Conclusion: Further Improvements in the Data

In this paper we have argued that recent improvements in longitudinal
data collection permit researchersto better tackleimportant unresolved educa-
tional policy issues, such asthe effects of class size and teacher preparation on
student achievement and the effectiveness of private schools. The availability
of more detailed datawith students linked to teachers reduces the likelihood of
aggregation and omitted variables biases, and the design of NELS:88 with
student-, class-, teacher-, and school-level information permits the estimation
of a broader class of statistical models than has previously been possible. Al-
though large-scale controlled experiments are clearly preferable, we believe
that the advances made in nonexperimental data collection and methodol ogy
over the past decade represent a substantive improvement.

%6 This methodology uses a statistical procedure known as the Heckman two-step method
(Heckman 1979), which requires variables that affect choice of school sector but do not
affect student achievement. NEL S:88 contains aricher set of variables that potentially
fulfill this requirement. See Figlio and Stone (1997) for a detailed discussion of this
point.

17 Although a number of small-scale experiments have suggested that placing studentsin
classes of heterogeneous ability benefits all students, this conclusion is controversial.
Large-scale nonexperimental studies using NEL S:88 suggest the effects are not so
simple. See, for example, Brewer et al. (1995) and Argys et al. (1996).
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We believe a number of improvements could be made in future NCES
longitudinal data to further reduce the potential for omitted variables and ag-
gregation biases and allow for the estimation of more sophisticated statistical
models. For example, one problem with NELS:88 is that students are only
surveyed every two years. This means that data about the students' academic
and other experiences in the intervening year are lost.’® As noted above, this
creates the potential for bias in any model of student achievement growth.
Additionally, it would be useful for research purposes to have more detailed
class-level information, particularly on the socioeconomic status of the stu-
dents in each class. This is crucial to understanding peer effects. The ideal
would beto continueto collect data on teachers and classes and test scores that
correspond to the students’ exposure to particular teachers and classes.

Aswe have stressed in this paper, the link between students and teachers
isacritical addition to NEL S:88 and should be maintained. However, thislink
would be even more useful if additional data about teacher background were
available. For instance, the few studies that have had measures of teacher (ver-
bal) ability, for example, in the form of a teacher test score or selectivity of
undergraduate institution, have found it is related to student achievement
(Coleman et a.1966; Ehrenberg and Brewer 1995; Ferguson 1991). However,
collecting ateacher test score could be controversial. It would be necessary to
obtain information on standardized tests that teachers have taken in the past
(e.g., SAT, ACT, and NTE) either through transcript collection or by adminis-
tering new teststhat measure teacher knowledge and ability. Either option could
be costly and time-consuming. A third alternative that islikely to be useful, but
less costly, isto collect evaluations of individual teachers by the school princi-
pal (since the principal is already being surveyed).

Information on the year that teachers obtained their licensure and the
state from which they obtained their licenses would also be quite useful. This
would be a relatively low-cost addition—perhaps as little as one item on the
teacher survey—nbut it would allow researchersto better identify the effects of
state and institutional policies. This appears particularly important given that
policymakersin many states have recently overhauled (or are considering chang-
ing) their licensure and/or teacher preparation requirements.*®

8 Given budgetary constraints, one option would be to collect an abbreviated set of student
and teacher variables in the intervening years.

1 One possibility isto collect information in such away that future data can be linked to
the Schools and Staffing Survey, which contains these types of data.
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In considering possible additions to the data, we recognize that there are
constraints on the amount of information that can be collected. Thus, we would
de-emphasize the importance of collecting items relating to student, parent,
and teacher beliefs, attitudes, and feelings. We consider these to be intermedi-
ate variables that are, in many cases, byproducts of actual individual qualities
and institutional policies. Therationalefor thissuggestionisthat policymakers
can only indirectly influence beliefs, attitudes, and feelings through the incen-
tive structuresthey create (e.g., the structure of teacher compensation) through
policy levers.

A major cost saving could also be achieved by putting less stress on
collecting nationally representative samples. Sampling fewer schools with
more data on students and classes within a smaller number of schools is an
aternative.

We recognize that NCES has an obligation to provide national educa-
tional indicators; however, thisis less important for the kinds of multivariate
statistical models that researchers find most persuasive in tackling the most
important policy questions. The reason isthat, for statistical purposes, it is not
necessary to have a nationally representative sample to obtain accurate esti-
mates of the effects of the variables of interest.

Finally, one weakness of NEL S:88 is the limited number of student
observations per teacher and class. This limitation means that it is difficult to
separate teacher effects from class-level effects. The more student observa-
tions per class and the more classes per teacher, the more we can learn about
how teacher characteristics or behavior affects student outcomes and how these
factors are related to the types of students being taught. While our findings on
teacher preparation derived from the NEL S:88 study are important for policy,
future data collection could alow researchers to gain a more comprehensive
understanding of the complex relationships between students, teachers, and
schools.
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School-level Correlates of Reading and
Mathematics Achievement in Public
Schools

Donald McL aughlin and Gili Drori
American I nstitutes for Research

Introduction

The Schoolsand Staffing Survey (SASS) conducted by the National Center
for Education Statistics (NCES) offers the most comprehensive picture avail-
able of the education system in the United States. Initiated in 1987-88 and
repeated in 1990-91 and 1993-94, SASS consists of surveysof districts, schoals,
principals, and teachers that are associated with a national sample of schools.
It offers information on issues such as policies, programs, services, staffing,
and enrollment at both the district and the school levels, as well as the princi-
pals’ and teachers' background, training, experience, perceptions, and attitudes.
Given the broad reach of SASS, it can speak to a variety of important educa-
tional research and policy questions. The value of SASSwould be even greater,
however, if the relationship between these measures and the level of achieve-
ment in schoolswere known. As noted by others (Boruch and Terhanian 1996,
Kaufman 1996), combining this survey information with datafrom other sources
would allow SASS to more meaningfully inform debates over which factors
relate to school effectiveness and could contribute to a broad-based eval uation
of school improvement strategies.

The aim of this paper isto show the potential value of alinkage between
the SA SS database and i nformati on on student academic achievement collected
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by individual states.! Most states currently collect state assessment data? on
their public schools and thus offer state-specific information on school perfor-
mance in terms of student test scores. Although many different assessment
instruments are used across the states, they all aim to provide an indication of
the reading and mathematics achievement levels of their schools. By trans-
forming each school’s score to a z score relative to other schools tested at the
same grade in a state, there is potential for pooling analytical results across
states to increase both power and generalizability.

While pooling information from individual states into a single database
can add substantial power to analyses identifying school-level correlates of
achievement in SASS schools, it does not capture between-state sources of
covariation with achievement. State policies and state demographicsfrequently
[imit the variation of education practicesin a state, so that within-state asso-
ciations with achievement are attenuated. To capture the full range of
achievement variation between schools across the nation, one must include
between-state variation. That variation is reported by State NAEP, the com-
ponent of the National Assessment of Educational Progress (NAEP) which
focuses on state-by-state achievement assessment. To eval uate whether com-
bining state assessment scoreswith State NAEP datawould increase the value

1 This paper is based in part on a project carried out by the authors for the National Center
for Education Statistics, through the Education Statistics Services Institute. The authors
wish to thank the project officer for that project, J. Michael Ross, for his thoughtful
suggestions and encouragement during the course of the work. We also wish to thank
Adam Gamoran, Robert Hauser, Valerie Lee, and Stephen Raudenbush for their thought-
ful reviews of an earlier draft. Nevertheless, the conclusions expressed in this paper are
solely those of the authors, and no endorsement of these conclusions by reviewers or by
the Center should be inferred.

We appreciate the help provided by the Center and 20 State Education Agenciesin
providing the data for this project, and we appreciate the work of staff of the American
Institutes for Research, including Mary Anne Arcilla, Grace Wu, Elizabeth Hartka, and
Inna Shapotina, in putting the database together. Finally, we recognize the thousands of
hours of time spent by the respondents to these surveys and assessments, who provided
information that can be used to improve education policies and practices.

2 1n1994-95, 45 U.S. states had a statewide assessment system; the remaining five states
either did not have a statewide system at all or had temporarily suspended their programs
(National Education Goals Panel 1996). In 1995-96, 46 states administered statewide
assessments (Roeber, Bond, and Braskamp 1997). In 1996-97, 45 states administered
statewide assessments (Roeber, Bond, and Connealy 1998). Some educational assessment
isdone in every state, and in most of the few states without statewide testing programs,
most districts use nationally standardized tests for assessment.
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of the linked database, this study focused on states which both conducted
statewide assessments in 1993-94 and participated in the 1994 State NAEP
fourth grade reading assessment. Thus, in each of the 20 states included in
this study, individual state assessment data are available for most or all pub-
lic schools, along with summary NAEP results based on approximately 2,500
students in 100 random schools in the state.

To assess the potential value of combining SASS with achievement data
at the school level requires three steps: (1) matching the schools on the 1993—
94 SASSfile with state reading and mathematics assessment scores for public
schools in 20 states; (2) creating a comparable achievement measure for the
matched schools from the combination of state assessment and State NAEP
information; and (3) carrying out analyses to test hypotheses by modeling the
relationship between a variety of SASS school-level responses and average
student assessment scores at the school level. The hypotheses selected for the
third step concern theidentification of school-level correlates of student achieve-
ment. Although analyses of school-level information collected at one point in
time cannot be used either to identify individual-level correlates of achieve-
ment or to draw direct causal inferences, they can potentially provide abasis of
evidence for addressing issues of strategies for school improvement.

Combining SASS and State Assessment Data

The linkage of state assessment data to the SASS file required access to
restricted information concerning the identification of SASS schools. NCES
has established clear criteria for acceptable procedures for storing and using
confidential information, and the American Institutes for Research (AIR) have
complied with these criteria. Although the linkage might have been possible
with information about schools’ names and addresses, it was greatly facilitated
by the use of an intermediate linkage of both SASS and state assessments
through the Common Core of Data (CCD). The 1991-92 CCD file, which
served as the sampling frame for SASS, identifies most of the 86,287 public
schoolsin the country by both their federal and their state identification codes.®

8 Information about CCD can be found on the NCES Web page: http://www.ed.gov/
NCES!.
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In most cases, school records on state assessment files included the state’s
identification code, which enabled an automated matching procedure.

These 20 states contained 3,785 of the 8,767 SASS public schools. Of
these 3,785 SASS public schools, 2,916 had students enrolled in grades corre-
sponding to the state assessment; and 2,628 were identified as having both
SASS and state assessment information.® Of these, 66 had no teacher data, and
one had erroneous mean achievement scores, so thefinal file used for analysis
contained 2,561 school records: 1,123 elementary schools, 496 middle schools,
595 secondary schools, and 347 combined-grade schools. The database in-
cludes at least 50 schoolsin each state and constitutes a broad sample of large
and small, urban and rural, affluent and impoverished public schools.

The coverage of therange of educational contextsin the United States by
the schools in the sample determines the extent to which inferences based on
analyses of the database can be expected to generalize to other schoolsin the
country. Although SASS includes both public and private schools, state as-
sessment data are collected for public schools only; hence, the SASS student
achievement subfile created for this report is limited to information on public
schools.

The 2,561 public schoolsincluded in the study are only slightly different
from the general population of American public schools on most measures
examined. Although 51 percent of the elementary, middle, and secondary
schoolsin the study sample were elementary schools, compared to 63 percent in

4 A few of the schools were identified “manually” by matching their state, city, or zip code,
either because the federal identification code was missing from the restricted SASSfile
or because the state identification code was not included on the assessment file. Details
of the file development process can be found in Wu, Royal, and McLaughlin (1997).

5 Of the other 288 SASS schools, 254 did not match with state assessment, and 34 merged
with state assessment files but did not have usable mean scores in both reading and
mathematics. In addition, 112 of the 254 nonmatching schools were special, aternative,
or vocational education schools, or schools that had an enrollment of fewer then 10 in the
grade assessed; and 86 were not included in one state's (Pennsylvania s) assessment
sample in 1993-94. As a measure of the success of the matching process, 2,662 of the
2,718 SASS public schools that were expected to have matching assessment scores were
matched, for a match rate of 97.9 percent.
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the nation®, the percentages of central city, urban fringe, and rura schoolsin the
study sample were each within one percent of the percentagesin the population.’

Results of analyses carried out separately for this sample of elementary,
middle, and high schools, while not quantitatively representative of public
schools in the nation, can suggest possible generalizations to other American
schools. In any case, separate analyses by gradelevel are essential in using the
SASS student achievement subfile, not only because different factors are re-
lated to achievement at different levels, but al so because different achievement
measures are used in each state at the different school levels

Finally, because the sample consists of a nonrandom subset of 20 states,
no claims can be made that estimates of effect-sizes are quantitatively repre-
sentative of the nation. The states included in the file are Alabama, California,
Delaware, Florida, Georgia, Hawaii, Kentucky, Louisiana, Maine, Massachu-
setts, Michigan, Montana, New Hampshire, New York, Pennsylvania, Rhode
Island, Tennessee, Texas, Utah, and Washington.

A School-level Measure of Student Achievement

Thefirst step in rendering state assessment scores comparableisto com-
pute each school’s score as it relates to other schools' scores in the state at the
same grade. That is, the (unweighted) mean score of the schools in the data-
base for the particular grade and state is subtracted from each of the scores to
create a score with amean of O at each state and grade; then these scores are
divided by the standard deviation of the school scoresto create a score with a
standard deviation of 1.0.

Using this measure, third grade reading scores in one state, fourth grade
reading scoresin another, and fifth grade reading scoresin athird are taken to
be comparable achievement measures for the purpose of computing within-
state correl ations across elementary schools with factors such as average class

6 The SASS student achievement subfile included 347 ungraded schools, or 14 percent of
the total, a much larger representation of ungraded schools than in the population (3
percent). However, ungraded schools were not included in the analyses reported in this
study.

7 Additional descriptive comparisons of the schools in the SASS student achievement
subfile with other public schools are reported by Wu, Royal, and McLaughlin (1997).
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size and school behavioral climate. All achievement differences between states
areremoved in thismeasure, so comparisonswith school characteristicswould
also need to remove between-state variation in school characteristics.

The second step is, therefore, to re-introduce between-state variation us-
ing acommon standard, State NAEP. |n aseparate study, the State NAEP schools
were linked to state assessment scores; and the means, standard deviations,
and correlations of State NAEP school means with state assessment school
means were computed. Those results were used in this study to create reading
and mathematics achievement measures that include (1) between-state varia-
tion in means, (2) between-school variation proportional to between-school
variation among State NAEP schools, and (3) afactor that attenuates within-
state variation for statesin which the assessment is only moderately correlated
with State NAEP. The effect of the third factor, multiplying by the correlation
between the NAEP and state reading assessment scores, “projects’ the state
assessment variation onto the NAEP scale, capturing that part of the state as-
sessment score that is like NAEP?®

Thus, this achievement score “ spreads schools apart” in states in which
(a) school NAEP scores are more varied and (b) the state assessment appears
to be measuring skillshighly related to NAEP. The effect of thisspreading isto
give greater weight to variations within these statesin the estimation of corre-
lations of achievement with SASS measures.

Important assumptions are needed to apply the NAEP adjustment to the
scores at grades other than fourth and to mathematics scores. The between-
state NA EP adjustment was based on the 1994 State NAEP grade 4 assessment
for reading and on the 1992 and 1996 State NAEP grades 4 and 8 assessments
for mathematics. Application of these adjustments to state assessment scores
in middle school (for reading) and high school is based on the assumption that
variation in achievement between statesis stable across grades. The 1992 and
1996 State NAEP mathematics assessment results support this assumption, in
that the correlations between the grade 4 and grade 8 state means are 0.95 and
0.92, respectively (Mullis, Campbell, and Farstrup 1993; Reese et al. 1997).

8 An alternative to projecting the scores onto the NAEP reading scale would be to omit the
third factor, treating each state's reading assessment as the relevant outcome for that state.
However, it would be more difficult to characterize an achievement measure that is based
on different scales across states.
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However, no information is available regarding State NAEP means at the high
school level.

The use of 1992 and 1996 State NAEP state means and standard devia-
tions to construct the 1994 mathematics adjustment assumes that state means
varied smoothly, if at al, from 1992 to 1994 to 1996. In fact, the correlations
of this study’s 20 State NAEP mathematics means between 1992 and 1996
were 0.91 for grade 4 and 0.93 for grade 8, suggesting that interpolating 1994
figures from 1992 and 1996 figures is reasonable.

Finally, the correlations used in the adjustments were based on grade 4
reading assessments. Use of these correlations in the adjustment of within-
state variation in math scores assumes that between-state variationsin reading
and math are highly correlated. Because state assessments usually combine
reading and math tests from the same publisher and in the same testing ses-
sion, it is plausible to assume that factors that would affect the reading
correlations in different states (e.g., the reliability of the state assessment in-
strument and distribution of state assessment scores) would also affect the math
correlations. The 1992 State NAEP assessmentsin reading and mathematicsin
grade 4 indirectly support thisassumption, in that the correlation between read-
ing and mathematics state meansis0.94 (Mulliset al. 1993). Nevertheless, the
guestion remains whether the results of substantive analyses will be dimin-
ished by the extrapolation of between-state variation in average achievement
from grade 4 to middle and high school variation. Comparative analyses of
NAEP-adjusted vs. pooled within-state findings across school levels (carried
out in this study) address this question.

Although State NAEP data were used to capture between-state varia-
tion in achievement, it would be highly misleading to interpret the SASS
student achievement measures as a surrogate of the school’s average NAEP
proficiency. First, State NAEP differs from individual state assessments in
student sampling (each student takes only a fraction of the NAEP test), ad-
ministration (a federal government contractor trains test administrators and
monitors many testing sessions), motivation (NAEP is a low-stakes assess-
ment with no individual student or school reporting), and item formats (NAEP
has a substantial portion of extended open-ended items). The achievement
measure devel oped for this study yields an unbiased estimate of school NAEP
means, but with different standard errors in each state. The measure is not
dependent on evidence that NAEP is equated to the various state assess-
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ments, and evidence that they might be “equatable” (i.e., parallel) was not
sought. In fact, it is highly unlikely that the states' individual assessments
are parallel to NAEP, due to differences in administration, item format, and
content frameworks. In other research, we have shown that it is feasible to
project state assessment results onto the NAEP scale without assuming that
the tests are parallel (McLaughlin 1998). Second, the correlations between
NAEP and state assessments differ substantially between states. Although
the median correlation in these states in 1994 was 0.70, the smallest three
correlationswere between 0.30 and 0.50 (Wu, Royal, and McLaughlin 1997).
Within-state variation of these synthetic NAEP school meanswill be smaller
than variation of actual NAEP school means, especially in states where as-
sessments are not highly correlated with NAEP.

School-level Correlates of Achievement

Student academic performance is shaped by multiple factors relating to
the school, teaching process, students’ social and family backgrounds, and com-
munity; also, aschool’ sreputation for academic performance can affect parents
decisions, students’ behavior, and teachers’ attitudes and decisions. We model
student achievement in American public schools as related to four types of
factors: (a) students' background, (b) four organizational features of the school,
(c) professional characteristics of the teachers, and (d) school behavior cli-
mate. While all these factors affect student academic success, they also interact
with each other; and organizational characteristics and teacher choices can be
affected by achievement at the school. We therefore conceptualize the interre-
lationships among the five categories in this model as a web of interactions.
Figure 1 graphically describes the general model.

The model shown in figure 1 refers to the school as a unit. Of course,
achievement is an individual student characteristic, and the majority of varia-
tion in achievement is among students in the same classroom and between
classroomsin the same school. Nevertheless, thereis substantial reliable varia-
tion in achievement between schools; and from a policy perspective, there may
be actions that can improve the overall achievement level in a school. While
analyses at the school level may not shed light on individual variationin learn-
ing, they can provide evidence on the correl ation between school reform policies
and achievement. Hierarchically structured data, with both individual student
data and schools and staffing data, such as collected in NAEP and NEL S:88,
facilitate understanding of the correlates of individual student achievement;
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Figure 1. School-level Correlates of Student Achievement:
General Model

Teacher's
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School Behavior
Climate

Student
Academic
Achievement

but these data are much more costly to collect on a school sample the size of
SASS than isthe construction of a synthetic achievement measure from exist-
ing NAEP and state assessment data. In any case, the existence of within-school
variability does not threaten the validity of analyses at the school level.

Using the SASS student achievement subfile, the model in figure 1 can
be further specified in a variety of ways, one of which is shown in figure 2.
The background category in the model is represented by three factors: (1)
percentages of students in poverty, (2) percentages with language barriers,
and (3) percentages in racial-ethnic minorities. The organizational category
isrepresented by four factors: (1) school size (total enrollment), (2) average
classsize, (3) teachers’ perceived influence, and (4) normative cohesion. The
aim of the analysesto be carried out isto test hypotheses about the relations
among these factors, either in terms of partial correlations or in terms of fits
of linear models, such as that represented graphically in figure 2. By testing
these models, inferences can be made about correl ates of achievement across
awide range of public schools, although the “arrows” cannot, in most cases,
be taken to indicate a direction of causality because of the alternative expla-
nations of many of the correlations.
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Figure 2. One Possible Path Model Relating Achievement and
School and Background Factors
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Each of the factors in the model, except school size, is represented by
multiple measures in SASS, as indicated in figure 3. In structural equation
terminology, figure 3 presents the measurement model corresponding to the
structural model infigure 2. The arrowsin figure 3 indicate assumptions about
the sources of variance in the observed measures. Each of the factorsin figure
2, except school size, is represented by at least two indicators, providing the
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Figure 3. Measurement Model for School-level
Correlates of Achievement
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capacity for estimating the contribution of measurement error to variance in
the indicators. Also indicated in figure 3 is a factor, teachers' attitudes and
opinions, representing acommon response pattern among five of the measures.
These measures may be more positively intercorrelated than other measures
because they all represent teachers' subjective opinions about their schools.

Thetwo indicators of school behavior climate are based on 20 items con-
cerning teachers' perceptions of problems in the school. The two parallel
measures were constructed by averaging balanced halves of these items. For
example, drug abuseisin one set, alcohol abuse in the other; student absentee-
ism in one and dropping out in the other; vandalism in one and robbery in the
other. Two topicsfor which there were multiple items, tardiness and attacks on
teachers, were included in both sets.

Determining the correlates separately for elementary, middle, and high
schools provides an opportunity to explore the patterns of changein the corre-
lations over the school years. Much like Herriot and Firestone's (1984)
arguments that the images of schools vary by level® and that each school level
operates differently,'® we anticipate that the relative importance of the various
factors to student academic achievement will vary by school level. For ex-
ample, we anticipate that the relationship between social background factors
and student performance will be found to be greater in elementary schools
than in secondary schools.

Student Background

Family background and socioeconomic status are consistently shown
to be related to student achievement (Coleman et al. 1966; Hanushek 1986).
While the major purpose of research on schoolsisto identify characteristics
of schoolsthat contribute to student achievement, it is essential to take back-
ground characteristics into account because they affect the intercorrelations
of school measures. For example, suppose that poor children were found to
be attending schools with chipping paint. We would expect to find a correla

9 Elementary schools are imagined to be more rational and bureaucratic, while high
schools are seen as more anarchic and envisioned to be aloosely coupled system.

10 In elementary schools, curriculum is more limited, while in high schools, curriculum is
broad. Also, the operations of elementary schools are more centralized and consensus-
driven, while those in high schools have high levels of complexity and differentiation.
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tion between chipping paint and test scores, but one should not infer from
that correlation that painting schools will improve test scores. It is the pat-
tern of correlates among schoolswith students with similar backgrounds that
is of interest. One need not address social issues about the sources of the
impact of background variations on achievement in school to realize the need
to control for these factors in modeling school processes.

It is particularly important to include background factorsin this study of
school-level factors, because the database does not contain longitudinal achieve-
ment data on individual students or student cohorts. School characteristics and
policies are more likely to be correlated with school-level variation in gainsin
achievement than with achievement differences measured at one point in a
student’s career. Including student background measures in the model serves
to control for much of the between-school variation in achievement potential
that students bring to school. Nevertheless, the lack of “pre” measures of
achievement underlines the need to interpret the results of analyses of SASS
data relevant to the model in figures 1 and 2 as causally indeterminate.

Differences in the family backgrounds of students in different schools
are reflected in three factors: (1) poverty, (2) English language proficiency,
and (3) racial-ethnic minority status. The level of poverty in a school is mea-
sured by two indicators available from the SASS database: (1) the percentage
of students who qualify for the national school lunch program and (2) teach-
ers identification of poverty as a problem. The level of English language
proficiency in the school is composed of two similar indicators: (1) the per-
centage of students identified as Limited English Proficient (LEP) and (2) the
percentage of students participating in the school’s English-as-a-Second-L an-
guage (ESL) program. Finally, the minority status of a school is measured by
(2) the percentage of white studentsin the school and (2) teachers’ identifica-
tion of racial tension as a problem.

A unique strength of the SASS database is that background factors can
be measured by an objective indicator, the percentage of students with the
corresponding characteristic, and by the perception of a sample of teachersin
the school that said factor is a source of problems in the school. For example,
the underlying factor of poverty is only imperfectly measured by the percent-
age of children who are eligible for the federal free lunch program, due to
differences in cost of living and in eligibility counting procedures between
school districts. Incorporating the perceptions of a sample of teachersin the
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school that poverty isaproblem in the school can eliminate some of the error
of measurement of poverty. Of course, there are different kinds of error in
teacher perceptions, ranging from different interpretations of survey items to
sampling error, but the combination of the two indicators can be expected to
have greater validity for the impact of poverty on learning in the school than
either separately. Because SASS has many related objective and subjective
measurements, one can control for measurement error associated with varia-
tioninteachers’ use of the response scale (e.g., some teachers mean something
more serious by “problem” than others do) by estimating the extent to which
each teacher tends to be a positive or negative responder to attitude and opin-
ion items.

Alternative indicators of a particular factor, such as subjective and
objective assessments of poverty, must be correlated, but they need not be
highly intercorrelated; however, alow intercorrelation islikely to limit the
power of the data to measure correlations with achievement. The
intercorrelations of the indicators included in each composite factor are
shown in appendix A following this paper. For example, for poverty, the
intercorrelations between the objective and subjective indicators are 0.55,
0.51, and 0.47 for elementary, middle, and secondary schools, respectively.**
These intercorrelations are themselves limited by the “reliability” of the
indicators that are based on averages of teachers’ responses. If different
teachers see the same school very differently, the average of their responses
cannot tell agreat deal about the school, per se. The percentage of variance
in school means that is attributable to between-school variation, whichisa
measure of this reliability, is also shown in appendix A. For the average
rating of whether poverty isamoderate or serious problem, thereliabilities
are0.73, 0.79, and 0.84 for teachersin elementary, middle, and high schools,
respectively.

School Organizational Features

Both objective features of a school’s organization such asits class sizes
and subjective features such asthe level of cooperation among its staff may be
correlated with achievement. However, unlike the social background factors,

1 The corresponding intercorrelations for the minority and language factors are approxi-
mately 0.45 and 0.75. The language factor, unlike the other background factors used
here, is defined by two objective indicators.
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these features are endogenous and, to a varying extent, under control of the
principals and teachers in the school. For example, a magnet school with a
reputation for attracting students with potential for careersin scienceislikely
to have higher test scores than other schools, purely as afunction of the back-
grounds of the students who enroll; and its magnet status may affect class
sizes, either enlarging them to respond to demand or lowering them as aresult
of special funding as amagnet school. Although the specific models presented
in this report focus on accounting for variation in achievement in terms of
variation in organizational characteristics, the direction of causality is not de-
termined in these data.

SASS has a wide range of information about schools obtained from the
principalsin the administrator and school questionnaire and from the teachers
in the teacher questionnaire. Four organizational features have been selected
for inclusion inthe model for thisreport: (1) school size, (2) average classsize,
(3) teachers' sense of their influence over school affairs, and (4) normative
cohesion of the school’s staff. A variety of other SASS organizational mea-
sures, such as organizational complexity asreflected in the number of different
kinds of positionsin the school, organizational goals as expressed by the prin-
cipal, perceptions of outside influence on decisions by state agencies and local
school boards, and staff diversity, might beincluded in amore elaborate model.

School size, as measured by total enrollment, has been shown to have a
significant effect on the school’s performance, yet the direction of the effect
has not been consistent. Because school size has different implications for in-
structional resources at the elementary and secondary level s, and because school
sizeishighly correlated with the sizes of classesin the school, the correlations
of school size and achievement measures vary with the type of schools studied
and the variables included in the study.

Class size, according to common sense, should have an effect on stu-
dents' academic performance. However, it has proven difficult to isolate and
demonstrate that effect. SASS has three indicators of a school’s average class
size: (1) average classsize asreported by the sampled teachers;*? (2) the school’s

2 For ateacher teaching a single self-contained classroom, class size is the total number of
students enrolled in the teacher’s class at the school. By contrast, for a teacher teaching
multiple departmentalized classrooms, class size is calcul ated as the average number of
students in the teacher’s classes.
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teacher/student ratio, calculated as the total number of students in school di-
vided by the sum of the full-timeteachersin the school and one-half the number
of part-time teachers in the school; and (3) the average of the sampled teach-
ers' ratings of satisfaction with the size of their classes.

As ameasure of the extent to which the classroomsin a school have too
many students for optimal learning, each of these has a different source of
measurement error, such as variation in staff counting methods, teacher sam-
pling variation, invisibility of classsizeremedies(e.g., teacher aides and parent
volunteers), and different criteriafor teachers' satisfaction. Although none of
these by itself is a perfect measure of a school’s class sizes, their combination
may provide amore valid measure of the impact of class size on student learn-
ing than any of them considered separately.®®

Teachers sense of influence, measured by the average of sampled teach-
ers responsesto SASS questions about their perceptionsthat they haveinfluence
over school policies* and over matters concerning their own class®, differen-
tiates schools with varying management styles and teacher roles. Although
this factor may not have a measurable direct effect on achievement, the sense
of efficacy represented by this factor may be related to the general climatein
the classroom, which in turn can affect learning.

Finally, normative cohesion of the staff refers to the cultural solidarity
among staff members in the school or the collective norms that govern staff
behavior in this organization and may also be correlated with the climate in
classroomsin the school. Normative cohesion can be measured by two SASS

3 Among elementary schools, the reliability estimate of teacher-reported class sizes as an
indicator of the school islow, 0.31, and the intercorrelations of that with the other class
sizeindicators are also low, 0.28 and 0.29. This may limit the potential elementary school
correlations of class size with achievement.

4 Included items refer to influence over school discipline policies, the content of inservice
programs, hiring new full-time teachers, deciding priorities in spending the school budget,
evaluating teachers, and establishing a curriculum. The reliability of the school mean is
about 0.62.

5 Included items refer to control in one's own classroom over selection of textbooks and
other instructional materials, selection of contents, topics, and skills to be taught, selection
of teaching techniques, evaluating and grading students, disciplining students, and
determining the amount of homework to be assigned. The reliability of the school mean
ranges from 0.36 at the elementary level to 0.50 at the secondary level.
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composite measures: (1) a score for the clarity of norms'® and (2) a score for
staff cooperation.t’

Teachers’ Qualifications

Common sense leads to the expectation that more qualified teachers cre-
ate more effective learning environments in their classrooms, so part of the
variation in achievement between schools may be due to teachers qualifica-
tions. In SASS, avariety of teachers' characteristics are recorded for samples
of five teachers per school, on average. Because level of education and amount
of teaching experience are widely used to determine the pay scales of teachers,
these form alogical basis for measuring teacher qualifications. In particular,
the school level measures are (1) average years of teaching experience and (2)
the percentage of teachers who acquired at |east a master’s degree.

Although teachers qualifications are included in the analysis, the factor
is relatively weak, compared to the other factors.®®* A wide variety of other
SASS measures of teacher qualifications should be included in a study focus-
ing particularly on teaching quality and achievement, including out-of-field
teaching, selectivity of the colleges the teachers attended, amount of inservice
training, hours spent on school -related activities, and training to teach Limited
English Proficient (LEP) students.

6 Calculated as the average of teachers’ responses to SASS questions about sharing beliefs
and values with colleagues in school, receiving support from parents, goals and priorities
in school being clear, rules being consistently enforced by all teachers, principal backing
up staff members, principal letting staff know what is expected of them, and principal
having a clear vision of the type of school wanted and communicating this model to staff.
The mean correlation among these seven measures is 0.42, and the reliability of the
school mean is about 0.57.

17 Calculated as the average teacher’s responses to SASS questions about getting coopera-
tive effort among staff members, making a conscious effort to coordinate course content
with other teachers, planning with media specialist or librarian an integration of their
specialty into teaching, and viewing the behavior of school administration as being
supportive and encouraging. The mean correlation among these four measures is 0.20,
and the reliability of the school mean is about 0.48.

8 Thereis substantial within-school variation in years of teaching experience (reliabilities
of 0.29, 0.30, and 0.37 at the three grade levels); correlations with the percent of
responding teachers with a master’s degree range from 0.14 to 0.27.
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The relation between a school’s averages of teachers' qualifications and
achievement is complex. It may reflect choices by teachers of where to teach
and of school districts asto how to allocate resources, as well as the impact of
experience and training on effective learning environments. As with school
organi zationa factors, the direction of causality of the relations between teacher
gualifications and achievement cannot be inferred directly from correlations,
but these correlations provide valuable evidence of relations that must be ex-
plained in some manner.

School Climate

Student achievement is difficult when the climate in a school reflects
factors such as drugs, violence, vandalism, truancy, lack of respect for teach-
ers, and lack of enthusiasm for learning. These characteristics are difficult to
measure in a uniform manner across a large sample of schools, but SASS has
attempted such a measurement by asking teachers to indicate which of two
dozen different types of potential problems are serious, moderate, minor, or
nonexistent in their schools. To assess the extent of measurement error in these
perceptions, two composite measures can be constructed by arbitrarily divid-
ing the problem ratings into halves.*®

Although a positive relationship between school climate and achieve-
ment can be expected, the direction of causality in thisrelation is particularly
ambiguous. There is likely to be a positive feedback between students' focus
on achievement and teachers' perceptions of their behaviors and demeanors.
Nevertheless, evidence about the significance of this correlation, and of its
mediating role in other relations with achievement in schools, is valuable.

Analytical Method

The SASS student achievement database contains school-level statistics
on hundreds of measuresfor over 2,000 public schoolsin 20 states. The poten-
tial for analyses of thisdatabaseisenormous. In thisreport, we have constructed
a set of 18 composites of SASS items; and for a baseline demonstration of
analytical feasibility, the database has essentially been reduced to the
intercorrelation matrix of these 18 composites, along with two assessment

¥ Thereliabilities of the two climate composites range from 0.70 to 0.86 for the three
school levels, and their intercorrelation ranges from 0.50 to 0.72.
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scores, for schools at each of three grade levels, plus, for the purpose of stan-
dard error estimation, an indicator of the state in which each school resides.?
However, the raw correlations between the 18 composites and the two achieve-
ment measures do not provide meaningfully interpretableinformation, because
many of the apparent correlations are mere reflections of correlations among
other measures, and other “real” correlations are masked by confounding mea-
sures and can only be uncovered by controlling for those confounders. Thus,
the first meaningful stage of analysis is to examine partia correlations be-
tween achievement measures and SASS composite measures of school
organization and climate and teacher qualifications, controlling for social back-
ground factors.

Partial correlation analysis, as a method of testing for significant rela-
tions between school composites and achievement measures, hasthe advantage
that it is neutral with respect to causal ordering; but the picture of the corre-
lates of achievement provided by partial correlations is limited, in that
multivariate structure is not apparent. For example, the partial correlations of
both normative cohesion and school climate with achievement may be posi-
tive, but one cannot discern from them whether thisis due to acommon factor
in climate and cohesion or to independent factors. A form of multivariate re-
gression is needed to identify the more complex structure.

The simplest form of multivariate regression is ordinary least squares
(OLYS) linear regression. This methodology can reveal the multivariate struc-
ture when its assumptions are satisfied, but an important assumption in OLS
modeling that limits its value for educational research is that the “predictor”
measures are measured without error. With many databases, this assumptionis
untestable, because only a single measure of each construct is available. How-
ever, the SASS database with its multiple sources of information about
school -related constructs offersthe opportunity to take measurement error into
account when modeling the structural relations among factors. Structural equa-
tion modeling (SEM) jointly model sthe structural rel ations among latent factors
(asin figure 2), while simultaneously modeling measurement error (asin fig-

2 Although exploration of other functional forms may yield additional insights, estimation
purely in terms of linear modelsis an efficient initial step, because software packages are
readily available and most important relations among educational factors are monotonic
and therefore “visible” to linear analyses.
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ure 3). Computer programs such as LISREL, EQS, and SAS PROC CALIS
can be used to estimate the variance componentsin SEM (see Bollen and Bollen
1989). The primary analytical results presented in this report are SEM analy-
ses based on SAS PROC CALIS estimation.

SEM isparticularly helpful in specifying, estimating, and testing hypoth-
esi zed rel ationships among meaningful concepts, or factors,? by allowing such
concepts to be estimated from several indicators, or measures. In SEM, the
variance of alatent variable reflects the variation on the common factor among
indicatorsof that latent variable, as measured by their intercorrelations. In SASS,
the indicators themselves can be determined as composites of responses to
individual items. For this study the construction of indicators was based on
both judgment and factor analyses of items.

The structural model specifications for estimation of student achieve-
ment correlates corresponding to figure 2 are given by the following set of
equations. A complementary measurement model relates each of the latent
predictorsto multiple SASS measures with the exceptionsthat reading achieve-
ment, mathematics achievement, and school size are each based on a single
measure.

r]Reading :rll r]School climate + I_12 r]Tchr qualifications + r13 r]Teacher control + r14 r]School size
+ rlS r]CIassize-'- rlenNormcoh&sion+ r17ELangu@s+ rlSEPoverty + rlQERace + 6l

r]Mathematits :r21 r]School climate + I_22 r]Tchr qualifications + I_23 r]Teacher control + r24 r]School size
+ r25 r]CIassize-'- r26nNormcoh%ion+ r27ELanguage+ rzszPoveny + r29€Race + 62

r]School climate :r31 r]Tchr control +r32 r]School size + I_33 r]CIassize + I_34 r]Norm cohesion
+ r&’-’:ELanguage + r3GE'F’oveny + r37E'Race + 63

r]Tchr control :r41r]School sjze+ r42nNorm cohesion+ I_AG,ELanguage-'- rMEPoveny-'- I_ASERace+ 64
r]Tchr qualifications :r51 r]School size+ I_52 ELangu@e-'- I_53 E'Poverty + I_54 E'Ra(:e + 65
r]Norm cohesion :relr]School sjze+ I_62 E'Language + r63 EPoverly + r64 ERace + 66
Classsize = 71 " I'school size 72 MLanguage 73 Y Poverty 74 D Race 7
Nesse =T 2t Naootsze ™ T 72 Evmmue * M0 Eponey + T 21 Erwe* O

r]School size:r81ELangu@e + FSZEPOVth + r8SE'Race + 68

2 Technically referred to as latent variables, yet also known as unobserved or unmeasured
variables.
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Because the data are correlational, it should be pointed out that the
analysisisalso consistent with viewsthat characteristicslike school climate,
cohesive norms, cooperation, and satisfaction are affected by the kinds of
skills and attitudes that children bring to the school, which are best reflected
in achievement scores. For example, if the student peer norm isto focus on
class work, there is likely to be less of a problem with absenteeism, tardi-
ness, and class cuts. Likewise, a negative correlation between average class
size and average achievement may indicate that smaller classes facilitate
achievement, but it may also be due to a socioeconomic variation between
school communities that affects both class size and achievement. Neverthe-
less, the methodology for the analyses is a variant of linear modeling with
asymmetric “independent” and “dependent” variables. Therefore, although
the correlational results may appear to be couched in terms of “effects” of
some factors on others, these “ effects’ merely indicate the partitioning of the
variancein the“ dependent” factorsinto covarianceswith “independent” fac-
tors. This use of the term “effect” should not be confused with its use in the
description of causal relations. Without carefully controlled experimental stud-
ies, the direction of causality cannot be inferred, only conjectured.

In addition to SEM analyses and in order to verify the robustness of the
findings, we also carried out ordinary least squares (OLS) linear regression
analyses.??For these analyses, we created composites for poverty, English lan-
guage proficiency, racial -ethnic minority, teacher qualifications, school climate,
school size, classsize, teacher control, and normative cohesion, using the same
measures as in the SEM analyses. Separate regressions were performed for
elementary, middle, and secondary schools.

2 The mgjor difference between the two methodologiesisin how they treat measurement
error in predictive measures. The basic assumption of OLS linear regression is that
predictors are measured “without error.” That is, each estimated coefficient represents the
extent to which ameasure per se, not an underlying construct that it measures, accounts
for variation in the dependent variable. SEM analysis, on the other hand, accounts for
measurement error and allows for the specification of correlations among both the
constructs and the measurement errors. On the other hand, SEM’s greater flexibility must
be weighed not only against the additional computational complexity, but also against the
additional complexity of interpretation. Relations among latent variables do not have the
same simplicity as relations among observable variables. Therefore, our approach isto
examine and compare the results of both methodologies to identify robust patternsin the
correlates of school-level achievement.
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Finally, because this report was not focusing on differences in achieve-
ment correl ates between states, the powerful analytical technique of hierarchical
linear modeling (HLM) was not used. Hierarchical modeling would be a pow-
erful tool inthe use of these datato study the effects of state educational policies
on school factors and achievement.

The value of the SASS student achievement subfile depends on whether
meaningful patterns of statistically significant results emerge from analyses of
relations between SASS measures and achievement. Thus, assessment of sta-
tistical significance is central to the study. Unfortunately, the usual tests of
statistical significance available in common statistical packages are based on
the assumptions of simple random sampling, and the SASS student achieve-
ment subfile isfar from a simple random sample. Because of the similarity of
the unweighted school sample to the universe of American public schools,
unweighted analyses are appropriate.? However, the variance components
within and between states cannot be expected to be uniform. Therefore, to
provide valid estimates of the standard errors of statistical estimates, for the
purpose of statistical significance testing, another method is needed. For this
study, standard errorsfor all statistics were estimated by repeating each analy-
sis on 100 random half-samples of schools. The standard deviation of the
statistics computed for the various half-samples provided valid estimates of
the corresponding standard errors. Because there is systematic variance in
achievement measures between states (i.e., thereis significant variation among
NAEP mean state scores), it was necessary to select the random half-samples
by state. That is, each half-sample consists of all the schoolsin the database for
arandomly selected half of the 20 states. Although this method of standard
error estimation is not as computationally efficient as balanced repeated repli-
cations, it provides valid standard error estimates.

Results

The major question addressed by these analyses of the SASS student
achievement subfileis: Are organizational factors, teachers' qualifications, and

2 To support reporting state-by-state statistics, SASS purposely (proportionately)
oversamples schools in less popul ous states. As aresult, differential weights are needed to
estimate descriptive statistics for groups of states. Because the purpose of this study is
not to produce descriptive statistics and because differential weighting substantially
reduces the precision of estimates, differential weights are not used in this study.
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school behavioral climate correlates of school mean assessment scores? The
value of the SASS student achievement subfileistested by the answersit gives
to this question. Although the analyses reported here merely scratch the sur-
face of the potential for analyses of these data, they should provide evidence of
ameaningful pattern of relations between school-level factors and assessment
scores.

The starting point for this research is the assumption that there is mean-
ingful variation in assessment scores between schools. The choice of educational
policies depends on the extent to which that variation is attributable to factors
that are under alocal school system’s control, as compared to factors associ-
ated with the communities in which the schools are located. Estimation of the
relative correlations of background and school -based factors with achievement
is not straightforward, because background factors at least partially determine
the levels of school-level factors. If, for example, teacher qualifications are
correlated with student achievement, this may be due both to the fact that more
qualified teachers teach more effectively and to the fact that higher achieving
schoolscan attract more qualified teachers. Neverthel ess, any analyses of school-
based factors must control for background differences.

Three categories of school-based factors are included in these analyses:
(2) school behavior climate, based on teachers' perceptions of problemsin the
school, (2) teachers' qualifications (that is, their years of teaching experience
and attainment of a master’s degree), and (3) four organizational characteris-
tics—school and class sizes, normative cohesion, and teachers’ sense of control
and influence. As afirst step in exploring the relations between these factors
and achievement scores, partial correlations of the school-based SASS fac-
tors**with reading and math assessment scores and with each other are shown
in table 1. These partial correlations represent the bivariate relations among
the factors, partialing out the three background factors of poverty, language
barriers, and race-ethnicity.

Partial correlations reveal the contributions of the school-based factors
considered singly to achievement variance. However, they do not capture mul-
tivariate rel ations among the school -based factors. For example, arethe negative
partial correlations of school and class size with reading assessment scoresin

2 Each factor is defined as the average of the measures indicating the factor shown in figure
3, with measures scaled to equal standard deviations.
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Table 1. Partial Correlations of Mean Reading and Mathematics Scores
with School-Level Factors in Public Elementary, Middle, and Secondary
Schools, Controlling for Background Factors

Factor 1 Factor 2 Elementary Middle Secondary
(n = 1123) (n = 496) (n = 595)
Reading Math Reading Math Reading Math
Student

Achievement

in Reading &

Mathematics
School Size -0.10 -0.09 -0.18* -0.17 +0.11 -0.06
Class Size -0.10 -0.02 -0.26* -0.10 -0.12* -0.11**
Normative Cohesion -0.01 +0.01 +0.04 -0.06 -0.05 -0.09
Teachers’ Influence +0.03 +0.05 +0.09 +0.20* +0.07 +0.23*
Teachers’ Influence -0.02 -0.04 -0.05 -0.10 -0.08 -0.16*
Teachers’
Qualifications +0.04 +0.01 +0.12* +0.05 +0.08* +0.11*

School Climate
School Size -0.14* -0.26* -0.36*
Class Size -0.15 -0.24* -0.26*
Normative
Cohesion +0.34* +0.41* +0.44*
Teachers’ Influence +0.18* +0.20* +0.26*
Teachers’
Qualifications +0.00 +0.06 -0.08
Teachers’ Self-
Perceptions of Influence
School Size -0.13* -0.14* -0.22*
Class Size -0.09 -0.03 -0.14*
Normative
Cohesion +0.35* +0.27* +0.25*
Teachers’
Qualifications -0.10* —-0.06* -0.06
Normative Cohesion

School Size +0.02 -0.01 —0.09*
Class Size -0.07 -0.03 -0.07
Teachers’

Qualifications -0.01 -0.04 -0.03
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Table 1. Partial Correlations of Mean Reading and Mathematics Scores with School
level Factors in Public Elementary, Middle, and Secondary Schools, Controlling for
Background Factors (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)
Teachers’
Quialifications
School Size +0.11 +0.10 +0.24
Class Size +0.06 —-0.04 +0.11
Class Size
School Size +0.33* +0.48* +0.54*

NOTES: Table entries are partial correlations, partialing out poverty, language, and
race-ethnicity factors.

(*) p<.05 based on repeated half-sample standard deviations.

middle schoolsindependent effects, or isone of the correlations abyproduct of
the high intercorrelation between school and class size? Multiple regression
and structural egquation modeling (SEM) provide a more interpretable picture
of the interrelations among the factors.

Ordinary least squares (OLS) multiple regression is a second step in the
analysis of school-based correlates of achievement. Separate equations can be
modeled for reading and mathematics assessment scores and also for school
climate, normative cohesion, teachers’ influence, classsize, and teachers’ quali-
fications. Unlike partial correlations, multiple regression differentiates between
“predictor” and “dependent” variables, although the interpretation of equa-
tions remains merely that a combination of predictors is correlated with the
dependent variable. Estimates of standardized regression coefficients for the
equations indicated in figure 2 are shown in table 2.2

An important limitation of OLS regression isthat while variancein each
(intermediate) endogenous factor is partially accounted for by other factors,
each factor is assumed to be measured without error in predicting other fac-
tors. For survey measures, that assumption is not supportable; and apreferable
method of analysisis structural equation modeling (SEM), which takes mea-
surement error into account in estimating the proportions of variancein factors

% The same factor definitions are used in tables 1 and 2. Estimates of coefficients for
background factors are not shown in table 3 because the coefficients are not germane to
the exploration of school-based correlates of achievement
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Table 2. OLS Standardized Regression Weights for School-level Factors
Associated with Mean Reading and Mathematics Scores in Public
Elementary, Middle, and Secondary Schools

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Reading Math Reading Math Reading Math

Achievement

in Reading &
Student
Mathematics
School Size -—0.0 -0.07 -0.04 -0.08 +0.29* +0.11
Class Size -0.05 +0.01 -0.16* -0.04 -0.20* —-0.08*
Normative
Cohesion -0.02 +0.00 -0.00 -0.10 -0.11* -0.18*
Teachers’
Qualifications —-0.00 -0.02 -0.04 -0.06 -0.09 -0.12
Teachers’
Influence +0.01 +0.03 +0.04 +0.17* +0.08 +0.21*
School
Climate +0.02 -0.01 +0.05 +0.02 +0.16* +0.15*
r? 0.49 0.36 0.54 0.50 0.48 0.48
School Climate
School Size -0.09* -0.15* -0.23*
Class Size -0.06 -0.11 -0.06
Normative
Cohesion +0.25* +0.29* +0.31*
Teachers’
Influence +0.04 +0.05 +0.08
r? 0.51 0.58 0.57
Teachers’ Self-
Perceptions of
Influence
School Size -0.15* -0.15* -0.21*
Normative
Cohesion +0.36* +0.26* +0.22*
r? 0.18 0.15 0.20
Normative
Cohesion
School Size +0.02 -0.01 -0.10

r2 0.07 0.02 0.03
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Table 2. OLS Standardized Regression Weights for School-level Factors Associated with
Mean Reading and Mathematics Scores in Public Elementary, Middle, and Secondary
Schools (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)
Teachers’
Quialifications
School Size +0.12 +0.11 +0.27
2 0.03 0.03 0.09
Class Size
School Size +0.35* +0.51* +0.55*
2 0.14 0.14 0.38

NOTES: (*) p<.05 based on repeated half-sample standard deviations.

r2 values include effects of three background factors in addition to factors shown.

accounted for by other factors. Estimates of coefficients for the SEM corre-
sponding to the relations in figure 2 and the specified structural equations are
shown in table 3.2

If all of the school-based predictors in the OLS regression equations
were uncorrelated with each other after background factors were taken into
account, then the standardized regression weights displayed in table 2 would,
to afirst approximation, be the same as the partial correlations displayed in
table 1. Furthermore, if all of the indicators of each factor in the SEM analy-
sis were perfectly intercorrelated, then the results in table 3 should be
approximately the same as those in table 2. (The approximation would not
be exact because the SEM equations are estimated jointly, while the OLS
equations are estimated separately.) Thus, substantial differences in corre-
sponding coefficients between these tables demonstrate the impact of
measurement error and multivariate interactions.

Although SEM isthe preferred method of analysis for such analyses be-
cause it takes into account the measurement error in predictors, estimation of
SEM coefficients requires a large number of degrees of freedom, and the

% The corresponding structural equation coefficients for the background factors are not
shown in table 3 because they are not germane to the exploration of school-based
correlates of achievement. As expected, SEM analyses confirm that all measurement
variables are indeed significantly related with the corresponding factors, as indicated in
figure 3. See appendix A for results of SEM on the measurement level.
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Table 3. SEM Associations of Mean Reading and Mathematics Scores
with School-level Factors in Public Elementary, Middle, and Secondary
Schools

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Reading Math Reading Math Reading Math
Achievement

in Reading &
Student
Mathematics
School Size +0.10 +0.02 +0.07 -0.13 +0.50* +0.18
Class Size -0.34* -0.18 -0.37* -0.11 -0.53* -0.30
Normative
Cohesion -0.03 -0.00 +0.02 -0.14 +0.05 -0.06
Teachers’
Qualifications -0.02 -0.05 -0.14 -0.17
Teachers’
Influence +0.03 +0.08 +0.00 +0.18* -0.09 +0.16
School Climate -0.30* -0.30* -0.06 -0.04 -0.09 -0.14
r? 091 0.66 0.92 0.89 0.89 0.89
School Climate
School Size -0.09 -0.08 -0.33*
Class Size -0.12 -0.23 -0.001
Normative
Cohesion +0.24* +0.37* +0.34*
Teachers’
Influence +0.00 +0.11 +0.00
r? 0.66 0.698 0.71
Teachers’ Self-
Perceptions of Influence
School Size -0.11 -0.043 -0.21
Normative
Cohesion +0.39* +0.35*% +0.30
2 0.21 0.28 0.47
Normative Cohesion
School Size -0.02 -0.13 -0.19

r2 0.10 0.04 0.09
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Table 3. SEM Associations of Mean Reading and Mathematics Scores with School-level
Factors in Public Elementary, Middle, and Secondary Schools (continued)

Factor 1 Factor 2 Elementary Middle Secondary
(n =1123) (n = 496) (n = 595)

Teachers’

Qualifications

School Size +0.16 +0.04
2 0.09 0.11
School Size Class Size +0.54* +0.75* +0.70*
2 0.37 0.50 0.57
Statistical Summary Measures
GFI (AGFI) 0.95 (0.92) 0.92 (0.86) 0.94 (0.88)
P2 (d.f.) 547 (122) 473 (122) 400 (93)

NOTES: Entries in table are standardized gamma coefficients.

(*) p<.05 based on repeated half-sample standard deviations.

r? values include effects of three background factors in addition to factors shown.

resulting estimates can be sensitive to intercorrel ations between the indica-
tors of the various factors. Thus, to assess the robustness of the SEM results,
it is useful to compare the results from the three approaches. Where they are
in conflict, further study of thefit of the datato the assumptions of the method
is warranted.

SEM results must be interpreted carefully, however, because the appar-
entimplied causal directionintheregressionsisnot necessarily valid. Simple
interpretation of the results in table 3 requires that one assume that the ar-
rowsin the causal model showninfigure 2imply causality.2’Any significantly
positive or negative coefficient might also reflect a causal relation in the
opposite direction.?®

27 The selection of factors for exclusion from particular structural equations was based on
trial estimation runs in which the goodness of fit index was improved by their deletion.

% Table 3 does not include the coefficients for the measurement equations portrayed in
figure 3. These coefficients are presented in appendix A in this paper.

2 Parameter estimates for a variant of the model in figure 2, in which the positions of
school climate and achievement are reversed, are given in appendix B in this paper.
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A note is necessary concerning the apparently very high percentages of
variance accounted for in the reading assessment scores by the SEM analysis
(89 to 91 percent). This figure does not indicate the percentage of variance
accounted for in the observed assessment scores. Because only a single mea-
sure of reading assessment was available for each school, the selection of a
percentage for measurement error was somewhat arbitrary. However, estima-
tion of the SEM equationsdid not yield afeasible sol ution unless measurement
error was included and allowed to be correl ated between the mathematics and
reading scores. Only by setting the measurement error variance to a harrow
range of values could afeasible solution be obtained using SASPROC CALIS.
For example, for elementary schools, the measurement error variancesfor both
math and reading scores were set to 0.23. Thus, the school-level factors were
accounting for 89 to 91 percent of afactor that itself constitutes 77 percent of
the observed school mean reading score variance.* Finally, at the high school
level, it was necessary to omit the teacher qualifications equation to obtain a
convergent SEM solution.

Simultaneously, interpretation of the results presented in tables 1, 2, and
3 provides information about the school-based correlates of achievement and
about the extent to which measurement error and correlated predictors can
distort analytical results. Through these analyses, we address the following
guestion: “Are school climate, class size, school size, teachers' perceptions of
normative cohesion and sense of control, and teachers' experience and educa
tion level statistically significantly related to reading and mathematics
achievement, based on the SASS student achievement subfile?’3!

School Climate

The partial correlations in table 1 indicate that a positive school behav-
ioral climateisacorrelate of higher average achievement, but only at themiddle
(for reading) and secondary levels. The OL S regression resultsin table 2 con-
firmthisfinding, but at none of thelevelsdo the SEM resultsin table 3 indicate
apositive relation.

% A separate series of analyses not reported here explicitly defined achievement asasingle
factor contributing to two observed measures, reading and math school means.

81 For the purposes of inferring statistical significance, standard errors of the tabulated
estimates were estimated by replicating the analyses on 100 random half-samples of
states in the database.
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So is school climate a correlate of achievement in middle and secondary
schools? Should educators expect that improving school climate might con-
tribute to improved test scores? Examination of the correlates of school climate
intables 1, 2, and 3 sheds some light on thisissue. The results from all three
sets of analyses suggest that school behavior climates are better in schools
with high normative cohesion (i.e., where teachersfeel that they have common
goalsand cooperate) and in smaller schools, especially among studentsin higher
gradelevels. Although cohesion and climate are correl ated with each other, the
partial correlation of achievement with cohesion is smaller than its correlation
with climate, so in the secondary school OL Sregressions, cohesion becomes a
moderator, with a negative coefficient, magnifying the positive coefficient for
climate. Two factorsin the SEM model eliminate the effect, suggesting that it
isan artifact of OLS regression. First, the contribution of normative cohesion
to schoal climate is explicitly taken into account; and, second, the “method”
factor representing teachers' positive or negative response tendencies is in-
cluded.

The message from these analyses, based on the assumptions embodied
in figure 2, is that steps to increase normative cohesion among staff may go
hand-in-hand with improving school climate, but that these factors are not
strong correlates of assessment scores when measurement error is taken
into account.

Class Size

As predicted by most current research, reduced class size is related to
higher academic performance, but the significant relations are primarily lim-
ited to reading in this study; the relations with math scores are much weaker.
For reading, the partial correlations with class sizein table 1 are significant at
the middle and secondary school levels; the regression coefficientsin table 2 at
the middle and secondary level are significant; and the SEM coefficients in
table 3 are significant at all three grade levels.

It seems clear from these data that the class size factor is a correlate of
reading achievement among middle and secondary schools. At the elementary
level, on the other hand, the partial correlation coefficients and OL Sresults do
not corroborate the SEM results. This appears to be an instance where the
flexibility of the SEM method enablesit to uncover arelation that is hidden by
the imperfect relations between observed indicators and underlying factors.
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Even in the SEM results, however, class sizeisastronger correlate of reading
achievement in higher grades. Student/teacher ratios, reported class sizes, and
teachers' satisfaction with class sizes all tend to be more favorable in high
schoolswith higher reading (or verbal or language) scoresthan in high schools
with lower average scores.

School Size

The class size and school size factors are positively correlated with each
other at all three gradelevels, asshown intables 1, 2, and 3; but the patterns of
their correlations with achievement are different. At the secondary level, read-
ing scores are higher in schools with larger enrollments, but at the elementary
level there is no significant correlation.® The negative partial correlation for
middle schools, shown in table 1, is shown to be artifactual in tables 2 and 3:
higher reading scores arefound in smaller middle school s because those school s
have smaller classsizes. Acrossall threegradelevels, thereisatendency (shown
in table 3) for school size to be more positively (or less negatively) associated
with reading scores than with mathematics scores.

The relation between school size and climateisclearer: at al threelev-
els, the partial correlations and OL S regression resultsindicate better climates
in smaller schools; the SEM resultsare in the samedirection, although they are
only statistically significant at the secondary level. Whether smaller schools
happen to be in neighborhoods and communities where teachers perceive bet-
ter school climates or whether smaller schoolsfoster better climatesisanissue
for further study.

Teachers’ Perceptions of Normative Cohesion and Sense of
Control and Influence

Normative cohesion and the sense of having influence on school policies
and control over classroom decisions are positively related to each other at all
three grade levels. While the expectation is that the cultural cohesion estab-
lishes a stable foundation for performance, the resultsin tables 1, 2, and 3 do
not indicate that either of these factors is a significantly positive correlate of
achievement. In fact, there is a negative relation between normative cohesion

% The school size measure is the logarithm of total enrollment.
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and achievement in OL S regression at the secondary level, but thisis an arti-
fact of the close relation between the normative cohesion and school climate
composites. When measurement error in these constructsistaken into account,
by SEM analyses, the negative relation disappears, as does the positive rela-
tion of school climate to achievement.

Middle and secondary schoolsin which teachers perceive that they have
more than average control over classroom practices and influence on school
policies tend to be schools in which mathematics scores are higher. Further
study is needed to determine whether this phenomenon represents a specific
effect on mathematics teachers or ageneral “reform” factor (i.e., some school
administrators, more than others, recognize both the critical need for math
skills and the importance of empowering teachers). The relations among nor-
mative cohesion, sense of control, and school climate are consistent with
Ingersoll’s (1996) conclusion that teachers’ autonomy and influence “ make an
important difference for the amount of cooperation or conflict in schools” (p.
171). Relying on SASS 1987-88 data with very similar measures, he adds that
this relationship varies by the locus of teachers’ control: when locus is funda-
mentally social (i.e., “selection, maintenance, and transmission of behaviors
and norms’; p. 171), rather than concerned with curriculum and instruction
(i.e., “selection of textbooks, topics, materials, and teaching techniques’; p.
171), then the associ ation between teachers' |ack of power and conflict in school
is strongest.

Overdll, there is evidence in the SASS student achievement subfile that
organizational characteristics of schoolsare correlates of student achievement.
SASS offers an abundance of opportunity to assess organizational characteris-
ticsin American school s (see Baker 1996). Hence, whilethisreport focuses on
four organizational characteristics, future analyses of these datamight concen-
trate on such organizational features as organizational inertia(as, for example,
in regard to personnel tenure); organizational change (as, for example, in re-
gard to reform issues); or autonomy (as both an intra-organizational
feature—room for initiatives—and an inter-organizational feature—dominance
of the school district over major decisionmaking issues).

Teacher Qualifications

Thefinal potential correlate of achievement at the school level examined
in this study is the average of teachers’ qualifications, as represented by years
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of teaching experience and attainment of amaster’s degree. The SASS student
achievement subfile did not strongly support the investigation of this factor at
the school level, due both to the high level of within-school variance among
the responding teachers (i.e., low reliabilities) and to the low intercorrelation
between the two indicators (see appendix A in this paper). At the secondary
level, the SEM estimation procedure would not even easily converge when
these indicators were included. Therefore, the findings of insignificant rela-
tions between thisteacher qualification composite and reading and mathematics
achievement are not unexpected.

Unlike the factors based on teachers' perceptions (school climate, nor-
mative cohesion, and sense of control), which can have a communality based
on common perceptions of the school as a workplace environment, teachers
experience and education are naturally highly variable within aschool, as new
teachers are continually added to replace highly experienced teachers who re-
tire. Investigation of these indicators as correlates of achievement appears to
require achievement data at the individual classroom level.

It may bethat other teacher qualification factors availablein SASS, such
as matches of college major to teaching assignments and selectivity of the
teachers' undergraduate colleges, have sufficient communality within schools
to support school-level analyses. Otherwise, study designs such as NEL S:88
and NAEP (when specific teacher questionnaires were matched to specific stu-
dents performance) are more appropriate for assessing the correl ation between
teacher qualifications and achievement.

Conclusions

The objective of this report has been to demonstrate and evaluate the
strategy of combining alarge-scale national survey of schools (SASS), which
|acks measures of student achievement, with school-level assessment datafrom
alarge number of individual states. If application of this strategy yields new
insights about schools or identifies questions that lead to new avenues of re-
search, then its value is demonstrated. If the substantive findings are empty,
the strategy is less attractive.

To demonstrate the strategy, aset of 18 composites of SASSdata, includ-
ing student background information, organizational information, teachers
gualifications, and school climate perceptions, were constructed and merged
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with school reading and mathematics mean scores. The resulting data were
analyzed using correlational, multiple regression, and structural equation model
analyses. These analyses only begin to tap the richness of the SASS database:
selection of other subsets of the SASS data or other analytical methods could
add to the evaluation of the strategy.

Substantive Findings

The clearest result with respect to correlates of achievement isthat read-
ing scores are higher in schools with smaller class sizes. This result, obtained
from structural equation modeling using both state assessment dataand NAEP
adjustments for between-state variance in achievement, is consistent across
grade levels (see table 3). While there are alternative causal explanations for
thisfinding, such afinding in alarge sample of public schoolsin 20 statesisan
important corroboration of the controlled research results that indicate that
class size makes a difference.

The positive relation between small classes and reading scores was stron-
ger for secondary schools than for elementary schools. In secondary schools,
the positive association with reading included both large schools and small
classes. The relation between class size and achievement was specific to read-
ing scores; it was much weaker for mathematics.

Substantive findings were not limited to class size. Teachers' perceptions
that they had control of classroom practices and influence on school policies
tended to be greater in middle schools, and possibly in high schools, in which
mathematics scores were higher. The analyses carried out do not provide a
causal explanation for this relation, but its statistical significance suggests a
potentially fruitful areafor both additional studies of SASS measures and con-
trolled research.

Because the data are not longitudinal, causal inferences must be treated
much moretentatively than conclusions based on data on the achievement gains
of aspecified set of studentsover time. Also, because the data are school means,
they cannot address the factors that differentialy affect the achievement of
different students in the same school. Nevertheless, findings from analyses of
the SASS student achievement subfile, based on over 2,000 schoolsin 20 states,
can contribute to the overall educational policy database.
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Methodological Findings

The primary conclusion reached in this study isthat because the data are
readily available, the strategy of matching school-level assessment scoresto a
national survey isfeasible, and not costly, and leads to valid and reliable con-
clusions about correlates of public school achievement across much of the
United States. The additional step of linking the database to State NAEP to
capture between-state achievement variation provides additional informational
value and is also feasible and not costly. In a separate report (McLaughlin and
Drori 1999), a comparison between analyses that include the State NAEP ad-
justment and simple pooled within-state aggregations indicated that some
correlates were stronger (e.g., between class size and achievement) when the
State NAEP adjustment was used.

A positive methodol ogi cal finding wasthe generalizability of the between-
state achievement measures across grade levels. Although state assessment
scores were available for grades from 3 to 11, NAEP reading scores for indi-
vidual stateswereonly availablefor grade4. If the ordering of statesinreading
achievement changed substantially from grade 4 to grades 8 and 11, then the
results of overall analyses of middle school and high school data would be
diluted by linkage error.

The extension of the NAEP adjustment proved valid, in that the findings
for secondary schools are as meaningful asthe findingsfor elementary schools.
Thisconclusionisnot surprising, given the very high correlation of State NAEP
means in different grades and subjects, but its support in this study may sug-
gest new uses of State NAEP datain conjunction with state assessment data.

A limitation on the validity of aggregating teacher data for school level
analyses became apparent in the findings concerning teacher qualifications
(average years of teaching experience and percent having a master’s degree).
These measures, unlike the teachers’ responses to questions about school poli-
cies and school behavioral climate, had very low reliability as measures of the
school, because there was relatively little systematic between-school varia-
tion: most of the variation was between teachers at the same school. This
problem was manifest in the low intercorrel ation between these measures; asa
result, the analytical findings concerning the relations of thisteacher qualifica-
tionsfactor were uninterpretable. In fact, the SEM software had difficulty even
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converging to a solution when this teachers’ qualification factor was included
in structural equations.

Finally, the procedure of examining ordinary least squares regressions
and partial correlation coefficientsto understand the results of structural equa-
tion model analyses proved valuable, in that it suggested explanations for
unusual findings, such as the negative coefficient for normative cohesion in
predicting middle school achievement. Although the data are purely correla
tional, therearelogical constraints, such asthat school factors probably do not
cause differencesin student background characteristicsin the short term (“white
flight” notwithstanding). Interpretation of the results of structural equation
modeling in terms of hypothetical path models, such as those shown in fig-
ure 2, can lead to fruitful suggestions for avenues of research and policy
development.

Future Research

Two broad areas of research stemming from this study appear to be fruit-
ful: development of ameasure of aschool’s achievement gains over timewhich
can be associated with SASS measures and further refinement of the linkage
functions between state assessments and NAEP.

Every school addresses the needs of a different student population with
different resources, and it istherefore unfair to hold all schools accountable to
the same achievement standard. However, a number of states are turning to
reform criteria that base decision-making on measures of gains in achieve-
ment over years. Although SASS cannot easily add longitudinal student growth
data, it is certainly feasible to add other years' school-level achievement data
to the subfile. Specifically, the addition of 1997—98 reading scores, linked to
the 1998 grades four and eight State NAEP reading assessment and CCD data
on changing enrollment patterns and resources over theintervening years, would
provide the basis for identifying SASS factors (measured in 1994) that are
predictive of gains in achievement. For example, one wonders whether staff
turnover rates would portend gains, other things equal. Of course, states con-
tinue to develop and refine assessment systems, and the state assessment test
scores for a school in 1998 may not be equivalent to scores obtained in 1994,
so linkage of measures of achievement gains over time to repetitions of State
NAEP is an essential requirement for the development of alongitudinal data-
base.
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The power of the database for longitudinal analyses can be greatly en-
hanced with the addition of the next cohort of SASS. If a subsample of schools
included in SASSin 1994 are also included in 1999-2000, then using the 2000
State NAEP assessment for adjustment of mathematics scores would enable
the matching of longitudinal changesin SASS school-based factors with lon-
gitudinal changesin achievement, controlling for longitudinal changesin student
background factors.

A second line of research would focus on improving the achievement
measuresincluded in the SASS student achievement subfile. The linkages used
for the analyses presented in this report were based entirely on the means,
standard deviations, and correlations between State NAEP and state assess-
ment school means. The errorsin these linkages can be diminished significantly
by more detailed analysis of the relations among the scores. In particular, cur-
rent research for the National Center for Education Statistics has found that
linkages to NAEP can be improved by considering nonlinear terms and by
including demographic indicators. For example, all state reading assessments
are sensitive to racial-ethnic differences, but some are more sensitive than oth-
ers. Their sensitivities could be matched to NAEP's measurement of the
distribution of racial-ethnic achievement differences by explicitly including
that matching factor in the NAEP adjustment step in constructing the SASS
school-level achievement score. The result would be increased comparability
of within-state variation in the achievement measure across states.



School-level Correlates of Reading and Mathematics Achievement in Public Schools 227

References

Baker, D. P. (1996). Towards an Organizational Database on America’'s Schools: A
Proposal for the Future of SASS, with Comments on School Reform, Gover-
nance, and Finance. InJ. Mullen and D. Kasprzyk (Eds.), The Schools and Staff-
ing Survey: Recommendations for the Future (NCES 97-596) (pp.19-37). U.S.
Department of Education. Washington, DC: U.S. Government Printing Office.

Bollen, K. A., and Bollen, W. (1989). Structural Equations with Latent Variables.
New York: John Wiley & Sons.

Boruch, R. F., and Terhanian, G. (1996). So What? The Implications of New Analytic
Methods for Designing NCES Surveys. In G. Hoachlander, J. Griffiths, and J.
Ralph (Eds.), From Data to Information—New Directions for the National Cen-
ter for Education Satistics (NCES 96-901). U.S. Department of Education.
Washington, DC: U.S. Government Printing Office.

Coleman, J. S., Campbell, E. Q., Hobson, C. J., McPartland, J., Mood, A. M., Weinfeld,
F.D.,andYork, R. L. (1966). Equality of Educational Opportunity. Washington,
DC: Government Printing Office.

Hanushek, E. A. (1986). The Economics of Schooling: Production and Efficiency in
Public Schools. Journal of Economic Literature 24:1141-1177.

Herriot, R. F.,, and Firestone, W. A. (1984). Two Images of Schools as Organizations:
A Refinement and an Elaboration. Educational Administration Quarterly
20(4):41-58.

Ingersoll, R. M. (1996). Teachers’ Decision-making Power and School Conflict. Soci-
ology of Education 69(2):159-176.

Kaufman, P. (1996). Linking Student Datato SASS: Why, When, How. In J. Mullens
and D. Kasprzyk (Eds.), The Schools and Saffing Survey: Recommendations
for the Future (pp. 53-65). U.S. Department of Education. Washington, DC:
U.S. Government Printing Office.

McLaughlin, D. H. (forthcoming). Sudy of the Linkages of 1996 NAEP and Sate
Mathematics Assessments in Four States (NCES 2000—461). National Center
for Education Statistics. Washington, DC: U.S. Government Printing Office.

McLaughlin, D. H., and Drori, G. (forthcoming). School-level Correlates of Academic
Achievement: Sudent Assessment Scoresin SASS Public Schools (NCES 2000~
303). National Center for Education Statistics. Washington, DC: U.S. Govern-
ment Printing Office.



228 Donald McLaughlin and Gili Drori

Mullis, I. V. S., Campbell, J. R., and Farstrup, A. E. (1993). NAEP 1992 Reading
Report Card for the Nation and the Sates. (No. 23-ST06). U.S. Department of
Education, National Center for Education Statistics. Washington, DC: U.S. Gov-
ernment Printing Office.

Mullis, 1. V. S., Dossey, J. A., Owen, E. H., and Phillips, G. W. (1993). NAEP 1992
Mathematics Report Card for the Nation and the Sates (No. 23-ST02). U.S.
Department of Education, National Center for Education Statistics. Washing-
ton, DC: U.S. Government Printing Office.

National Education Goals Panel. (1996, June). Profile of 1994-95 Sate Assessment
Systems and Reported Results. Washington, DC: Author.

Reese, C. M., Miller, K. E., Mazzeo, J., and Dossey, J. A. (1997). NAEP 1996 Math-
ematics Report Card for the Nation and the States (NCES 97-488). U.S. De-
partment of Education, National Center for Education Statistics. Washington,
DC: U.S. Government Printing Office.

Roeber, E., Bond, L., and Braskamp, D. (1997). Annual Survey of State Sudent As-
sessment Programs. Fall 1996. Washington, DC: Council of Chief State School
Officers.

Roeber, E., Bond, L., and Connealy, S. (1998). Annual Survey of Sate Student Assess-
ment Programs: Fall 1997. Washington, DC: Council of Chief State School
Officers.

Wu, G., Royal, M., and McLaughlin, D. (1997). Working Paper: Development of a
SASS School-level Student Achievement Subfile, Using Existing State Assess-
ment and State NAEP Information (NCES 97-44). U.S. Department of Educa-
tion, National Center for Education Statistics. Washington, DC: U.S. Government
Printing Office.



School-level Correlates of Reading and Mathematics Achievement in Public Schools 229

Appendix A
Results of SEM: Measurement Level

A measurement model isrequired to link the latent variablesin the struc-
tural equation model to SASS measures. Four tables provide the information
necessary for understanding the latent variables.

Table A displays the indicators of each latent trait and the SASS vari-
ablesused inits computation. For example, poverty ismeasured by the ratio of
the reported number of free-lunch eligible students (S1655 and S1660) to the
total enrollment (S0255), and by the average of teachers’ responsesto theitem
asking whether poverty isaslight, moderate, or serious problem at the school
(T1165).

Table B gives areliability estimate for the teacher-based indicators, that
is, ameasure of the tendency of teachers at the same school to give the same
responses. The estimate is one minus the ratio of (a) the sum of within-school
variances, divided by the total number of teachers responding, to (b) the vari-
ance of school means. Values substantially less than 0.5 (such as average class
size, classroom control perceptions, and years of experience) indicate that more
of the variance in the indicator is within schools than between schools, and
aternative indicators should be given greater weight in the model.

Table C gives intercorrelations between the indicators. For example, the
lowest intercorrelations (0.28 and 0.29) are for the average class size with the
other two indicators of the class size factor and between average years of teach-
ers experience and percent of teachers with a master’s degree, all at the
elementary school level. These intercorrelations need not be substantial for
SEM analyses, because the estimation procedure should identify the weight-
ing of the indicators that most effectively accounts for variance in other
measures. Nevertheless, values substantially less than 0.50 indicate that most
of the variance in the indicators is not in common across the latent trait.

Table D containsthe SEM measurement parameter estimates which were
obtained simultaneously with the structural equation parameter estimates. For
example, the latent poverty variable is set to be in the same units as the free-
lunch eligible fraction by presetting its coefficient to 1.0; at the elementary
school level, 0.65% or 42 percent of the variance in the free-lunch-eligible frac-
tion is attributed to the latent poverty trait.
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Table B. Reliability Coefficients for Teacher-based Components of
School-level Factors, by School Level (Estimated fraction of sample
mean variance that is between schools)

All
Elementary Middle Secondary Schools
Class Size Average .31 .37 A4 42
Satisfied? .45 A7 .54 .51
Climate Climate 1 .70 74 77 .82
Climate 2 .78 .78 .86 .85
Normative Cooperation 51 46 A7 .50
Cohesion Clear Norms .54 .55 .61 .60
Teacher Classroom
Control Control .36 .38 .50 41
Influence on
School
Policies .61 .62 .62 .63
Teacher Years
Qualifications Experience .26 .14 .27 .24
Masters 41 .39 44 41
Poverty Problem? .82 .79 .82 .80

Minority Conflicts Problem? .73 .79 .84 .80
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Table C. Intercorrelations of Components of School-level
Factors, by Level

All
Elementary Middle Secondary Schools

Class Size Factor
Average Class Student/
Size Teacher Ratio .28 .50 57 45
Average Class Class Size
Size Satisfaction .29 45 .49 .40
Student/ Class Size
Teacher Ratio Satisfaction 43 42 .55 .48
Climate Factor
Climate 1 Climate 2 .61 72 .50 72
Normative Cohesiveness
Cooperation Clear Norms .66 .67 .66 .69
Teacher Control and Influence
Classroom School Policy
Control Influence .50 .49 .49 .48
Teacher Qualifications
Years Experience Masters .29 .30 .37 .32
Poverty
Pct. Free-Lunch Poverty a
Eligible Problem .55 .51 A7 .49
Racial/Ethnic Minorities
Pct. Minority Race Conflicts

a Problem .49 .45 43 .45

Language Minorities

Pct. Limited Pctin ESL
English Classes .80 .75 .70 77




Donald McLaughlin and Gili Drori

234

a0, +azis'sselD  (2L) 0°'T=

808" +ozis'ssed (197 0'T=

az6' +azis'sse|d (6€7) 0'T=

9zIs sse|o abelany

80" +9zIS°100Yos  (0'T) 0°'T=

80" +9zIS°|00Yyds  (0'T) 0'T=

80" +8zIS°|00YdS (0'T) 0°'T=

9zIs |00YyoS

8G/" +louodL £(29) 06'=

895" +/0nuoD’L «(€8°) 6€°T=

867" +/01U0D°L £(/8°) TS'T=

aouanpul Aaljod paniadlad

889" +/0U0D'L  (¥2) 0°'T=

808" +l0huodl (6S) 0'T=

878’ +lonuod’l  (857) 0'T=

]0J]U0D WO0ISSB|D PaAIddIad

989" HIeNO'L «(€L7) 2v'1=

96" +iend'L «(L€) 9v'=

898" +Hiend'L  «(15°) 06'=

9a.16ap sIaIseN

998" HiendL  (15) 0'1=

909" +iendL (08) 0 1=

azg+yendL  (L8)0'1=

aoualadxs Buiyoea) siean

arg +1send” L «(TT"-) LT-
a0ey «(vS) ¥9'=

919" +1sand L «(29™-)
TO'T-9%8d  «(0G) 29'=

a1, #1sand L (0g-) 8¥'-
aoey  «(£97)9L'=

wa|qoJid B uoIsual [eloel 89S slayoeal

895" +30ey (€87 0'T=

ozg +doey (68 0'T=

28g" +ooey  (18)0'T=

Auouiw 104

a5 +abenbuet (28" 86'=

agg +abenbue (18°) v6'=

sy +abenbue «(06°) GO'T=

uononJsul 1S3 ul 10d

agg’ +abenbue (58 0'T=

a9y +abenbue (687 0'T=

o6 +abenbue  (187) 0'T=

jua1o1old ysibu3 panwit ‘10d

805" +1send L (£0-) TT -
Ausnod «(98°) 8€'T=

9,6 +1send L «(€¥-) 0L~
Ausnod «(027) €T'T=

avg +1sand L «(¢2-) ve-
Kuienod «(187) 92°1=

wa|qo.id e Alianod aas siayoea)

86/, +Allsnod (197) 0°'T=

8G/ +A1enod (99°) 0'T=

89/" +Al1Bnod (597) 0°'T=

a|qibi|a youn| 881} 19d

Alepuooss

SIPPIN

Areluawa|g

Jo1e901pu|

S81BWI1ST [9POW 1UBWSINSEN WIS :S1010eH [9A8]-|00YdS ‘q 3|geL



235

School-level Correlates of Reading and Mathematics Achievement in Public Schools

‘lapow 8y Ajnuapi 01 18pJo Ul anfeA sy 0} 189S
8JoM (0" JO SWI9) J04IT SI0JedIpul 80uUalajal 8yl a1e 0T Jo Buipeo| J101oe) pazipJepueisun ue Yim SI0Jedipu| "Widl Jolle Jo apniubew pue ‘suwreu
10108} ‘|2Aa] aoueaiubis (Buipeo) 1010B) J0 JUBIDIS0D pazipiepuels) Buipeo| 1010e) 10 1UBIDI80D pazipJepueisun :apnjoul a|gel Ul ered :S310N

agg +1sand 1 «(8T°-) L2'-
alew!D’|00Yds  «(167)16'=

ayg  +1sand 1« (05-) 61°-
arewlD’jooyds  «(6L°) €6'=

aTe +1sanQ L« (€2-) G-
arewID’ooYds  «(26) 86'=

Z 91ewWl|o [eloiAeyaq |00YyoS

8Tz +1sand L «(TT°) 8T~
arewlo’jooyds (L6 0'1=

8/T  +1sand L «(6v7) 8-
arewlojooyds  (s8) 0'T=

agz" Hsend 1 «(T127) €€~
slewlo’looyds  (¥67) 0'T=

T 8lewWId [eloireyaq |00ydS

89/ +00'WION  «(59°) G9'=

89/" +0Q'WION  «(597) 99'=

89/ +00'WION «(59°) G9'=

uonesadoo)d

80" +0D"WION 01 071=

80" +0D"WION (01)071=

80" +0Q'wioN  (0°'T) 0'T=

swiou Jo Qe

gy +1send L (¥97) 0°T +
azig'sselD  «(€97) 98'=

8T/ +1send 1 (¥S) O'T +
azig'sselD  «(G¥') L8'=

arg +1send 1(19) 0T +
azig'sselD «(85) €5'T=

Kiojoejsnes se
97IS sse|d 99s sIayoea]

965" +92IS'sse|D «(187) ¢T'T=

809" +92Is'sse|D «(087) TE'T=

8T/, +3z1s'sse|0 «(027) 82°T=

olel Jsyoealuspns

Arepuooss

SIPPIN

Areluawa|g

101001pU|

(penunuog) se1ewnsy [9PON JUBWLINSEa NTS :SJ010eH [9A8]-|00Y9dS 'd 3|geL



236 Donald McLaughlin and Gili Drori

Appendix B
Factors Associated with School Climate and
Achievement in Public Schools, Reversing the
Causal Order between These Two Factors:
Results from SEM Analyses

A separate SEM analysis was carried out in which the school climate
trait was omitted from the equation for achievement and the school achieve-
ment trait was included in the equation for school climate. (This analysis was

carried out using a single school achievement trait, measured by the two indi-
cators of average reading and mathematics scores.)

Independent Dependent Elementary Middle Secondary
Factor Factor (n=1124) (n = 496) (n = 595)
Student Achievement
School Size +0.10 +0.01 +0.39*
Class Size —0.25* -0.27 -0.37*
Normative Cohesion —0.09* —-0.02 —-0.00
Teachers’ Qualifications -0.01 -0.13 -0.12
Teachers’ Influence +0.02 +0.02 -0.05
I 0.69 0.85 0.81
School Size
School Climate —-0.05 —-0.06 —-0.22*
Class Size -0.20 -0.26 —-0.09
Normative Cohesion +0.22* +0.37* +0.34*
Teachers’ Influence +0.01 +0.11 +0.02
Student Achievement -0.29 -0.03 -0.11
2 0.68 0.75 0.70
Statistical Summary Measures
GFI (AGFI) 0.95 (0.92) 0.91 (0.85) 0.93 (0.88)
P2 (d.f.) 606 (130) 552 (130) 506 (130)

NOTES: Entries in table are standardized gamma coefficients.

(*) p<.05 based on repeated half-sample standard deviations. The same factors and equations
were included as represented in table 6, except for the reversal of achievement and school
climate.

r? values include effects of three background factors in addition to factors shown.
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Response: Opportunitiesfor Design
Changes

ValerieE. Lee
University of Michigan

I have had much experience in the statistical analysis of NCES data sets,
particularly those with alongitudinal design. | feel very grateful to NCES for
collecting these excellent data and making them avail ableto researchers. Imag-
ine the cost if we had to collect such data ourselves! However, in conducting
many studies, it is not unusual for researchers to discover many difficulties—
and to want to change future data collections to avoid such difficulties.

Thus, | am using this conference, and my participation here, as a public
opportunity to encourage NCES to consider some changesin their data collec-
tiondesigns. | believethat theimplementation of these suggested changeswould
help researchers address policy-rel evant questions about education more accu-
rately and reliably. | use my comments about the papers in this session as a
“launching pad” for making these suggestions.t

Comments on the Brewer and Goldhaber Paper

The Brewer and Goldhaber paper, “ Improving Longitudinal Dataon Stu-
dent Achievement: Some Lessons from Recent Research Using NELS:88,” is
asolid, even classic, example of how economists conduct educational produc-
tion function research. The dependent variable these researchers explore is a
measure of learning, which they conceptualize as the change in students
achievement over atwo-year period—the first two years of high school. The
authors focus on achievement gains in the four subjects that were tested in
NELS. | agree with the approach that uses gains in achievement in individual
subjects as measures of learning.

1 The opinions expressed in this paper are those of the author. Address any comments to
Professor Valerie Lee, School of Education, University of Michigan, 610 East University
Avenue, Room 4220, Ann Arbor, M| 48109.
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The Research Focus

Brewer and Goldhaber’s research focuses on estimating achievement gains
asfunctionsof classroom conditionsand qualifications of teachers. Their analy-
ses take typical control variables into account. The researchers capitalize on
the NEL S data collection strategy, in which data collected from two of each
student’s teachers may be matched directly to each student in the subject in
which the teacher has taught the student in hisor her tenth grade year. Intheir
analyses, these researchers use a single unit of analysis—the student—and
they useordinary least squares (OL S) regression astheir major analytic method.
From my vantage point, the research described by Brewer and Goldhaber is
characterized by afew methodological difficulties, some of which the authors
could not have avoided. As stated, | use these difficulties to highlight some
shortcomings of NELS data collection designs. | recognize that economists,
such as these authors, may have severa differences of opinions with sociolo-
gistsof education like me. Nonetheless, let me spell out two major difficulties.

Design Difficulty Number One

By intent, the NELS data are not designed so that several students are
“nested” within each teacher. Moreover, evenif severa NEL S studentsdo have
the same teacher for the same subject at tenth grade (i.e., they are matched to
the same teacher in this data set), the students are not necessarily in the same
classes even when they have the same teacher. To me, the most logical mecha-
nism through which a teacher’s qualifications might be linked to a student’s
learning would be that the teacher’s qualifications would somehow influence
how he or she teaches, i.e., through instruction. To oversimply this mecha-
nism, let us assume that instruction isto be broken down into two components.
One component is related to the content the teacher imparts. Content would
take place at the level of the individual class, and teachers would vary their
content depending on the class they were teaching (and the students in the
class). The second component is the teacher’s expertise. This component is
onethat the teacher would “carry” with him or her regardless of the classbeing
taught; it might be constant across the students (and classes) taught. In the
analyses described by Brewer and Goldhaber, and fundamental to the structure
of the NEL S data, we must focus only on the second component of qualifica-
tions: subject matter expertise. Thefirst component, pedagogical or instructional
variation by class, must be ignored.
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Therefore, with NEL S, we are unable to differentiate between the sort of
instruction teachers actually use and the expertise they bring to the subject.
With this data structure, where there are very few teachers per student and not
all the students taught by asingle NEL Steacher are actually in the same class,
weare unableto either theoretically specify or empirically differentiate whether
teachers' qualifications—a major independent construct in this research—ac-
tually influence student learning through what material is taught, i.e., content,
or how material istaught, i.e., expertise level. To me, education is fundamen-
tally about such things. However, the structure of NEL S datalimitsresearchers
ability to tease out the differences between content expertise and pedagogical
expertisewithin the construct of “teachers' qualifications.” | do not think there
isasingle thing Brewer and Goldhaber could do to solve this vexing problem.
| suggest, however, that they could have recognized it in their paper.

Solution to Design Difficulty Number One

| believethereisasolution to thisproblem, and it hasto do with changing
the basic data collection design. If more students were sampled per school,
even at the cost of sampling fewer schools, this important problem would be
solved. With such adesign, we could recognize that studentsarein fact “ nested”
both within classrooms as well as within teachers, and that teachers' basic
instruction does change across the classes they teach. Thisis not the first time
| have made this suggestion to staff at the National Center for Education Sta-
tistics. However, | do not want to lose this golden opportunity to say it once
again—that NCES should actually include multiple studentsin particular class-
rooms as part of their sampling strategy. In this way, we researchers would be
abletoinvestigate the nested nature of schooling at threelevels: students, nested
in classrooms, which arein turn nested in schools. That is, we would be able to
tease out these important levels of variability in the nature of schooling.

Design Difficulty Number Two

The achievement outcome that these researchers use—change over time
on the same test—has been used by many of usvery frequently. As mentioned,
| see this as a measure of learning, specifically growth in achievement in par-
ticular subject areas between the eighth and the tenth grades. This way of
measuring learning capitalizes on the value of longitudinal research, some-
thing that is surely not lost on the participants in this conference. It is hard to
think of anyone who would not laud this feature of NCES databases as cru-
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cially valuable. Despite the value of longitudinal data, there is a basic design
flaw endemic in this type of research. Brewer and Goldhaber link learning
between eighth and tenth grade—a two-year period—to the qualifications of
the teachersto whom the students were exposed in tenth grade only. The obvi-
ous problem remains: What happened in the ninth grade? At one level, one
could conclude from this paper that Brewer and Goldhaber’s findings prob-
ably represent an underestimate of relationships that might actually be there,
simply because the authors were looking at only part of the students' educa-
tional experiences over the two-year time period captured by the achievement
gain. Further, high schools students could actually have been in these teach-
ers classesfor only asingle semester.

Solution to Design Difficulty Number Two

The obvious solutionisto collect achievement and instructional informa-
tion every year. That is, if we want to link instruction to learning using NCES
data, we need to match the data collection period to the instructional period;
such amatch represents a basic issue of construct validity. If we wish to inves-
tigate links between the character of instruction and students' learning as a
result of that instruction—a fairly basic question in educational research—
then we need an appropriate data structure to be able to do so. The NELS
structure, with biennial data collection, does not allow us to be able to do so.
Unfortunately, this design meansthat most of the research conducted with NELS
data does not really look at instructional effects. One possibility for research-
ersisto capitalize on the fact that many school districts in the United States
test al students annually. For example, | have conducted a couple of studies
using an excellent data set collected in Chicago, where the district tests every
student every year. These district data are linked to data collected through pe-
riodic surveys conducted by the Consortium for Chicago School Research.
The excellent cooperation between the Consortium and the Chicago Public
Schools has allowed researchers to link survey data to annual test data. As a
result, analysts may measure change in achievement over one year on the same
test, and these achievement gains may be linked to survey data from students
and teachers about students' educational experiences during the same year.
The Consortium didn’t have to collect achievement data themselves; it was a
major political accomplishment to be able to combine data of thistype. | sug-
gest that if thishasalready been accomplished in Chicago, perhapsit can happen
at the national level. Rather than constantly collecting new data, we should at
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least think about how to capitalize on existing test data (and equate scores
across different tests), asthere is surely enough testing going on in the world.

Summary of Comments on the Brewer and
Goldhaber Paper

| agree with these authors on threeissues and disagree with them on three
other issues. First, | agree with the authors that NCES decisionsto collect data
from teachers that can actually be linked to students are a real advance over
previous NCES data collection efforts in NELS. | would like to think of that
advance as the first stage in a data collection design that could actually be
vastly improved. Thefirst stageis surely important. Second, these authors and
| also agree on the need for a better sampling design. In their paper, they argue
that having more students sampled per school, and possibly sampling by class-
room, would be useful. Third, | also agree with them about the potential
usefulness of being ableto link datathat are collected from SASSwith NELS
(SASS is a cross-sectional NCES data collection effort.) SASS has informa-
tion about so many schools and teachers. At present, we cannot link these two
datasets, because each has sampled different sets of schoals. In the future, it
would be useful to have the longitudinal data collections occur in schools that
are also part of SASS.

| disagree with Brewer and Goldhaber on three other issues. The first is
their use of asingle unit of analysisand amethodol ogy restricted to single-unit
analyses. OLS regression. That would be acceptable if we knew that a very
low proportion of variability in the outcome occurred anywhere but between
students. However, other researchers have shown that with the NEL S achieve-
ment tests, perhaps 25 to 30 percent of the total variability in these test scores
lies systematically between schools. The authors ignored this. Therefore, they
assumed that there was no variability between schools. Thisis a serious over-
sight to me. | teach courses in hierarchical linear modeling (HLM), a
methodol ogy that is meant to address the multilevel nature of educational data.
| feel a strong need to state what may seem obvious: multilevel questions call
for multilevel methods.

A third issue about which | disagree with Brewer and Goldhaber istheir
lack of attention, in their paper and in their brief summary statement in their
presentation, to comparisons between public and private schools in other re-
search they have done. | found the simple mention of this type of comparison,
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without giving much detail about it, to be quite problematic. | have, with sev-
eral colleagues, conducted a substantial amount of research on cross-sector
comparisons. | would like to have seen what they did, and | would like to have
been able to comment on it. Presenting findingsin avery summary form, with-
out making them transparent enough so that readers can figure out the analyses
from which those summary findings have come, presents a problem. In papers
like this one, authors should provide sufficient detail for the benefit of inter-
ested readers. | suggest that otherwise such issuesdon’t get raised at al. Some
guestions that come to mind include: “There are different types of private
schools, but did the authors take that into account?’ and “What about the so-
cial distribution of achievement—ameasure of social equity in schools?’ These
are questions | have examined in some detail in research comparing public and
private schools. Other researchers have done this type of research as well.

Comments on the McLaughlin and Drori Paper

The second paper in this session, “School-level Correlates of Reading
and Mathematics Achievement in Public Schools,” isthe work of McLaughlin
and Drori. Asl seeit, the major purpose of the research described in this paper
is to demonstrate to the research community that it is possible to merge data
from different sources, collected for different designs and for different purposes,
into asingle data source.

Two Ways to View This Paper

Although it was not exactly clear how McLaughlin and Drori would like
readers to view their paper, there are two rather different ways that readers
could actually make use of thiswork. In one approach, readers would regard
the analyses heuristically. Viewed through this lens, the authors would like us
to see their work as an example of what could be done, i.e., how different
NCES data sets could be linked. A major research question taking the heuristic
approach might be as follows: “Can researchers really make use of data that
are merged in this way?’ Using a second lens, readers would consider the
paper’s substantive analyses and findings. This lens would result in research
guestions of the following type: “In which types of school do students achieve
at higher levels?’ Personally, | am more comfortable with the heuristic ap-
proach. Given the methodological and conceptual difficulties, | am cautious
about the validity of findingsand any substantive conclusionsdrawn from them.
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A Problem of External Validity

Both in the presentation and in the paper on which it was based, Don
McLaughlin provided much detail about the sample and the methodol ogy used
for linkage. Therefore, those details do not need repeating. There are, however,
afew issues | would like to mention. One issue is the potentially differential
weighting of data by state. For example, the number of sampled schools per
state ranged widely: between 50 and 335. Moreover, these numbers are not
always proportional to the population. Given that the analyses are at the school
level, that kind of between-state variation leads to weighting some states up
considerably, whileweighting down others. As| seeit, thisdifferential weight-
ing arisesfrom two sources: (1) the differential correlations of some state-level
information with data from NAEP and (2) the fact that the researchers have a
substantial amount of information from some states and very little from other
states. Without taking the systematic differences in data quality by state into
account, it isrisky to generalize these results even to the 20 states for which
dataareavailable. Let usconsider the outcome variable: school average achieve-
ment. The authors first created within-state school averages of students
standardized test scoresin several subjects, and they then introduced between-
state adjustments using information from NAEP. As McLaughlin mentioned,
the authors also weighted these scores by the degree to which the state
assessmentswere correlated with NAEP. Theweighting varied considerably—
between 0.37 and 0.86. This resulted in schools average achievement scores
in some states (e.g., Kentucky) being weighted down quite substantially. | am
not trying to dwell on the specifics here. Rather, | am raising an issue of
external validity. For whom, really, are the results to be generalized?

Unit of Analysis, Revisited

In discussing the Brewer and Goldhaber paper, | raised the issue of the
appropriate unit of analysis. In that paper, the researcher used a single-level
analysis at the level of students to attempt to assess how teacher quality influ-
ences students’ learning. | suggested that such issues are more appropriately
addressed with multilevel methods such as HLM. This same issue—deciding
on the appropriate unit (or units) of analysis—isal so relevant for the McLaughlin
and Drori paper. Whereas Brewer and Goldhaber assumed in their analysis
that al of the variance in achievement was between students (although we
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know that 25 to 30 percent of the variance in achievement lies systematically
between schools), McLaughlin and Drori have, by conducting school-level
analyses, assumed that all of the variance lies between schoals, i.e., they have
ignored the large proportion of variance that lies between studentsin the same
schools. In moretechnical terms, thefirst set of authors assumed an intra-class
correlation in the dependent variable of 0, and the second set of authors have
assumed that the intra-class correlation in school achievement is 1. Neither
assumption is correct. Brewer and Goldhaber, as | mentioned, had systemati-
cally ignored the 25 to 30 percent of the variancein test scoresthat was between
schools. On the other hand, McLaughlin and Drori have ignored the 70 to 75
percent of the variability that is between students within schools.

A Few Other Issues

A few other issues about the McLaughlin and Drori paper relate to the
difficulty in drawing substantive conclusions from their results. One issue re-
lates to aggregation bias. These authors have used only school-level variables,
many of which they have created through aggregating student-level data. Quite
simply, aggregated variables do not typicaly have the same meaning as the
individual variablesfrom which they are created. For example, school average
SES may measure the types of students who attend a school, but it also mea-
sures resource availability in the school. Yet it doesn’t measure the social
homogeneity of the student body (which the individual-level measure would
capture). Another relevant issue is model specification. The origina model
with which the authors introduced the paper was very broad. Moreover, there
were multiple variables introduced to operationalize each of the constructs
they wished to examine. In my opinion, the original model wastoo broad. The
fact that alarge number of variableswereintroduced into the analysis, but only
afew “survived,” suggested an approach typified by thefollowing: “Well, let's
seewhat counts?’ | prefer causal modelsthat are derived theoretically, that are
more focused in scope. | admit that each of the constructs was discussed in a
theoretical context in the early part of the paper. Still, the model wastoo broad.

A final issuel would liketo discussrelatesto drawing causal conclusions
from cross-sectional data. The authors were, in fact, quite careful throughout
the paper to introduce multiple disclaimers about not conducting causal analy-
sis. However, by its very nature, the type of analysis conducted hereis causal.
The authors selected a dependent variabl e (average school achievement) and a
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large number of independent variables. | believe that we arein fact conducting
causal analyses whenever we employ typical general linear model methods,
regardless of the disclaimers we introduce. The findings, moreover, were not
always stable. Some independent variables were statistically associated with
school average achievement using one analysistechnique, e.g., structural equa-
tion modeling, but not with another technique, e.g., OL Sregression. Which set
of results should we believe?

A Contradictory Conclusion

The authors of these papers surely did not expect that the two papers
would be compared. However, comparison seems almost inevitable, sincel’ve
been asked to comment on both of them. Again, theissueisasfollows: “Which
results do we believe?’ Both sets of authors investigated whether teachers
qualificationsinfluence student learning. In their paper, Brewer and Goldhaber
concluded that teachers' qualifications count. Although McLaughlin didn’t men-
tion it in his oral presentation, in his paper he reached the conclusion that
teacher qualifications do not count. | realize that the two papers used different
data, used different approaches, and examined the question at different units of
analysis. Yet both used data that are at least meant to be nationally representa-
tive, and both addressed the same overarching research question. As readers
interested in drawing substantive policy conclusionsfrom quantitative research,
what are we supposed to learn from two papers with divergent conclusions?

Final Words

Let me end by briefly summarizing the issues | wish to emphasize. Both
papers have posed what are essentially multilevel questions, but neither has used
multilevel methods. Both are essentially posing questions about school effects:
“How do characteristics of schools and the classrooms in them influence the
learning of students educated in those schools and classrooms?” Such questions
require the use of multilevel methods. A second magjor issue is how we should
measure the effects of instruction on learning. | have offered some suggestions
here about more appropriate designs for data collection. If we want to link data
on teachers and teaching to student achievement and learning, we need data on
more students in each school, probably a sampling design where students are
systematically nested within teachers and classrooms. Thisis important. In my
opinion, the“action” in education really isright there in the classroom. So let us
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get good data so that we can actually explore education at this level. | do not
mean to be ungrateful to NCES; they have been helpful to me. Nonetheless, in
the spirit of thisconference, | think improvements can be made, our methods can
be done better, so that iswhat | am saying. Let us do them better.
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Assessment Trendsin a
Contemporary Policy Context

Marshall S. Smith

Under Secretary of Education

Acting Deputy Secretary of Education
U.S. Department of Education
Washington, DC

For the last 30 years, the “gap” between the scores of African American
and white students on standardized tests of reading and mathematics has been
athorny and controversial issue. Efforts to understand—and reduce—the gap
have highlighted the challenge of simultaneously making progress toward the
two co-equal guiding goals of American public education: educational excel-
lence and educational equality.

In terms of both methodology and research perspectives, the papers pre-
sented in this seminar book make thoughtful contributionsto our understanding
of the achievement gap. These papers, along with thosein the Jencksand Phillips
(1998) volume, enrich our understanding of policies and programs that will
raise overall student achievement while, at the same time, helping to close the
achievement gap between black and white students.

Putting such policies in place is a primary focus of the legisative pro-
posal that President Clinton sent to Congress for the reauthorization of the
Elementary and Secondary Education Act (ESEA), atask that the Congressis
undertaking during the 1999-2000 session.* The proposal is based on power-
ful evidencethat all of our children canlearn to far more challenging standards
than we have hitherto understood, aswell asabelief that accessto high-quality

1 At the time of the seminar, | was serving as Under Secretary of Education and Acting
Deputy Secretary of Education at the U.S. Department of Education. In February 2000, |
moved to Stanford University as a Professor of Education, having previously served on
the faculties of Harvard University and the University of Wisconsin and also as Dean of
the Graduate School of Education at Stanford University.
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education resources is a fundamental right for all children.?2 Our work on the
ESEA proposal has been, and will continue to be, informed by effortsto iden-
tify and understand interventionsthat promote both educational excellence and
educational equality.

The search for such interventions is not new. During the late 1960s and
early 1970s, | was one of a small group of researchers who spent months ex-
amining hundreds of computer printout pages, searching for explanations of
black-white test score differences. Typically, the data on those printouts were
fromthe“ Equality of Educational Opportunity Survey” (Coleman et al. 1966).
Those cross-sectional data were not as powerful for our purposes as the longi-
tudinal datanow availablein the High School and Beyond (HS& B) survey and
its successor longitudinal surveys, such as the National Education Longitudi-
nal Study (NELS), or as the trend data now available from the National
Assessment of Educational Progress (NAEP). Researchers have obtained a
clearer picture of trends in achievement and of the nature of the achievement
gap as we have gradually accumulated more national and state NAEP assess-
ment data over time. The clearer picture and the trend data are invaluable in
enlightening our efforts; still, we face many challenges in both understanding
and reducing the gap. These challenges are, of course, the reasons for conven-
ing this seminar.

In this paper, | will first examine some plausible hypotheses for the nar-
rowing of the gap that occurred between 1971 and 1988. Second, | will consider
reasons why the gap did not continue reducing after 1988 and will examine
NAEP trend data for 1990-1996, with a special focus on 1990. Third, | will
propose the argument that reformsin the education system from 1992—1999in
many states are leading, at present, to improvements in teaching and learning
and will lead eventually to improvements in student achievement. Moreover, |
believethat, if well implemented, these changes will lead to further reductions
in the gap. Then | will review 1990-1998 NAEP data from assessments that
are more extensive than the NAEP trend assessments. These new data indicate
that the reforms may already be supporting overall increases in test scores for
both African Americans and whites. Finally, | will comment on the use of ex-
perimental methodol ogy in education research and raise some questions about
how to measure student achievement.

2 See O'Day and Smith (1993) for a discussion of the impact of standards-based reforms
on equality of educational opportunity.
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The Achievement Gap Narrows: 1971-1988

In 1990, Jennifer O’ Day and | (19914a) examined the achievement results
on NAEP trend assessments administered from 1971 through 1988. Over that
17-year time period, the NAEP trend data show that the gap in test scores
between African American and white students narrowed substantially for both
reading and mathematics achievement. Our analysis considered a number of
plausible hypotheses for this reduction in the black-white achievement gap
between 1971 and 1988. What we saw—and tried to explain—was a pattern of
consistent and substantial increases in African American achievement and al-
most no change in white scores. The increases in black scores and the relative
stability of white scores, taken together, produced a reduction in the gap be-
tween the reading scores of black and white students—in less than two
decades—of approximately 33 percent for 9-year-olds and over 50 percent for
13- and 17-year-olds. For math, the reductions ranged between 25 and 40 per-
cent over thethree agelevels. Put in another metric, on the reading assessments
administered in 1971 and 1988, the original four grade-level difference be-
tween 17-year-old African American and white students in reading narrowed
by well over two grade levels.

There was, however, a cloud on this otherwise bright horizon. In our pa-
per, O’ Day and | (1991a) suggested that the factorsthat we believed contributed
to the reduction in the gap in the past might have run their course and that other
factors were appearing that could lead to a widening of the gap. Two years
later, in the context of a paper on educational equality and standards-based
reform, O'Day and | (1993) returned to consider the black-white test score
gap. To our dismay we found, in the 1990 test score data, preliminary evidence
on reading achievement for our hunch. | will address this issue later in this

paper.

Now, let us examine the trend data where the reductions in the gap be-
came clear. Table 1 showsthe NAEP long-term trend reading scoresfor whites
and blacks at three age levelsfor test administrationsfrom 1971 to 1996. Table
2 displays the NAEP long-term trend mathematics scores for the same three
age levels for test administrations for a shorter period of time, from 1973 to
1996. 3

8 Tables 1 and 2 in this paper are taken from NAEP Trends in Academic Progress, 1996,
rather than from Smith and O’ Day (1991a).
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For both tables 1 and 2, a step-wise dashed line separates the data from
before and after 1990; therefore, the reduction in the achievement gap that
occurred between 1971 and 1988 can be revealed more clearly; and the “ cloud
on the horizon” represented by the 1990 data can be seen asit first appeared.
One way of interpreting these tables is to think of 10 scale points as being
roughly equal to agradelevel. (A more precise estimateisthat agrade level of
growth between 9- and 13-year-olds is equivalent to about 12 scale points,
while between 13- and 17-year-oldsagradelevel isabout 8-10 points.) A brief
review of these findings indicates extraordinary changes, as noted here:

[ Inreading, over aperiod of 17 years from 1971 to 1988, the scores for
black students tested at 9 years of age increased by 18 scale points.
Scores for black 13-year-olds increased by 20 points. Both increases
represent an improvement of roughly 1.5 gradelevels. During the same
period, the scores for white students increased only slightly. Thus, the
gap between black and white scores was reduced by almost 1.5 grade
levels. Over the same years, scores for 17-year-old black students
increased by substantially morethan 3 grade levels, and the gap reduced
from 53 to 20 points.

[ In math, over a period of only 13 years from 1973 to 1986, the scores
for 9-year-old black students gained 1.5 grade levels, and the gap
narrowed by 0.5 grade levels. The 13-year-old black studentsimproved
by almost 22 points, over 1.7 grade levels, and the gap narrowed by
amost 2 grade levels. Black 17-year-olds increased their scores by
approximately 1 gradelevel, and the gap narrowed by 1.5 grade levels*

Another way of looking at these data is to consider what happens to a
group, or birth cohort, of students who are born in a certain year, in other
words, to understand the context of their schooling. Fortunately, the NAEP
trend data give us the opportunity to review data for several birth cohorts of
students. For example, we have datafor students bornin 1971 for all three age
levels that were administered the NAEP reading assessments:. the 9-year-olds
took the test in 1980, the 13-year-olds in 1984, and the 17-year-olds in 1988.
Looking at these databy cohort gives usthe chance to examine whether changes
in the test scores and in the gap occurred in the early or later years of school-

4 Seeadlso the discussion in Smith and O’ Day (19914).
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ing. Table 1 displaysreading scores by cohort.> Looking above the dashed line,
what do we see in table 1 for data collected prior to 1990? Two points seem
important. First, following the progress of the cohorts, we see the gap clearly
closing. But we also see that the changes did not happen only during the years
from 1971 to 1988. The changes stretch from 1962 to 1988. The 9-year-olds
tested in 1971 were born in 1962. This reminds us that, when we explore pos-
sible ideas about the causes of changes in scores, we need to think about the
time periods the students lived through as they were growing up.

Second, these data on reading achievement give us insights about the
effects of schooling on students. The data for the youngest group, the 9-year-
olds, may be viewed asreflecting acombination of student background factors
(family status, preschool attendance, etc.) and the early years of schooling
(e.0., grades K—4). The reading scores of 9-year-old black students from the
1962 cohort to the 1971 cohort show an increase of morethan 1.5 grade levels.
Recall that these 9-year-olds were tested at the beginning and the end of the
1970s, a period that included the maturing of both Head Start and Title|. The
scores for black 9-year-oldsin the latter two cohorts (1975 and 1979) showed
no increases. White 9-year-olds showed a slow increase over the five cohorts.
This resulted in areduction in the size of the gap, suggesting that, during the
early years of this period of time, there were substantial relative improvements
in preschool and early elementary school opportunitiesfor black students. And
the test score increases from this early period were sustained.

But what happens during the periods from 9- to 13- and from 13- to 17-
years-old across the cohorts? Of particular interest is that black students
generaly “grew” more than whites during the 9- to 13-year age period on the
reading test. In this age period, for each of the cohorts, the growth in reading
achievement for blacks (about 53 points on the average) exceeded that of whites
(about 45 points on the average) with a striking difference of 14 pointsin the
1975 cohort. The picture is more complicated when the 13- to 17-year-old
growth estimates are examined. One fact that stands out isthat, in these years,
the growth for both groupsis, on average, only about 30 scale points or about
60 percent of the average growth for the 9- to 13-year-olds. Thus, there is
greater growth on these tests for young adol escents than for ol der adol escents.

5 Note that for some of the cohorts we took the liberty of using immediately adjacent
years. For example, in the 1962—63 combined cohort, both the 9- and the 13-year-olds
who were given the test were born in 1962, while the 17-year-olds were born in 1963.
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Another feature of these dataisthat, in the 1958 and 1962 cohorts, the growth
for whites was far greater than the growth for blacks. This changed dramati-
cally to no difference in growth in the 1966 and the 1971 cohorts, perhaps
indicating some equalization of opportunity in secondary schools.

Plausible Explanations for These Changes

The essay O’ Day and | (1991a) wrote was not the end product of acom-
prehensive research project, but amore general academic overview of education
reform. Rather than a detailed statistical analysis, we set out to write a pro-
vocative analysisthat reviewed broad trendsin education policy over theyears
and related them to changes in test scores.® O’ Day and | were writing almost
25 years after Equality of Educational Opportunity (Coleman et al. 1966) was
published, so we framed our text according to that report. Coleman and his
colleagues had separated their “explanatory” variables into four clusters: (1)
background and home environment; (2) school context including the social
classand racial composition of the school; (3) teacher characteristics; and (4)
school resourcesincluding curriculum, libraries, and other items. For our analy-
sis, we combined the third and fourth clusters into one large school resource
category, leaving us with three clusters.

Our approach was simple. We reviewed the status of and trendsin anum-
ber of key explanatory variables within the three clusters and then looked at
the scores in the NAEP trend data; we then attempted to relate the two sets of
trendsto each other. Naturally we were interested in explanatory variablesthat
showed a relationship to student achievement and had a track record in the
research literature. We were particularly interested in variables that showed a
positive trend or change for blacks, positive in the sense that they indicated
that black achievement might rise due to changes in the environment or condi-
tions that were measured by the variable. We wanted to explain the substantial
increases in black achievement that the NAEP trend data revealed. To refine
our search even more, we also were interested in the same variables showing
only aneutral or negative change for whites, because we wanted to be able to
understand why white achievement did not increase. Here | will simply sum-
marize afew of our central conclusions.

6 Seven years later David Grissmer and his colleagues devel oped what now stands as the
definitive quantitative work on NAEP data and the test score gap (Grissmer, Flanagan,
and Williamson 1998; Grissmer et al. 1998; Grissmer and Flanagan 1998).
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Background Factors

Consider again the period of timefrom 1962 to 1988. This eraspansthe
period from the beginning of the “Great Society” to the end of the Reagan
Presidency. The early years of this period, in particular, witnessed substan-
tial stridesin economic well-being for families of African American children,
with asmaller improvement for white students. The percentage of black chil-
dren living in families below the poverty line fell from 65 percent in 1960 to
42 percent in 1980 (Smith and O’ Day 1991a). Poverty rates al so diminished
for families of white children; but a substantially smaller percentage of whites
were affected, at least in part because the white percentage in poverty was
(and still is) much lower. Given the consistent relationship between poverty
and achievement, it is reasonabl e to identify these changes in economic con-
ditions as contributing to improvements in the achievement of both groups,
but to alarger extent for black students.

Another related devel opment occurred between 1970 and 1988. The per-
centage of mothers of black elementary school children who had completed 12
or more years of schooling nearly doubled, moving from 36 percent to 69
percent, while changing only slightly for white mothers (Smith and O’ Day
1991a). Studies of academic achievement consistently find the educational at-
tainment of mothers to have a clear and strong relationship to their children’s
educational achievement.

Finally, preschool attendance is another factor that is moderately related
to student achievement, particularly in the early grades. From 1960 to 1980,
preschool attendance increased substantially for low-income children (Smith
and O’ Day 19914a). Because there was ahigher proportion of low-income black
families, theincreasein preschool attendance gave proportionally greater edu-
cational opportunities to black children.

Yet the demographic picture was not entirely positive. During the same
period, a few other factors related to poverty and to achievement increased
substantially morefor blacks than for whites, such as the percentage of single-
parent families. Other factors held level for blacks while declining for whites,
such as the number of low-birthweight babies (Smith and O’ Day 19914).

Social Context

Two important factors that influenced African American children posi-
tively from 1962 to 1988 were rural-to-urban migration and desegregation.
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From 1960 through the early 1980s, large numbers of African Americansfrom
the rural South migrated to urban communitiesin the South and the North. For
those who remained in the South, the rapid devel opment of metropolitan areas
and widespread economic recovery during the 1970s and 1980s were signifi-
cant forces of change that created important opportunities related to improved
academic achievement (Smith and O’ Day 19914).

Second, from 1969-1972 most Southern states experienced large-scale
desegregation of their schools. Desegregation had powerful effects on the ra-
cial and social class composition of schools, improving conditions that are
generally positively related to student achievement for blacks and whites, though
more so for low-income students. And desegregation affected more than just
the composition of the schools. In the South, particularly, there were dramatic
improvements in the characteristics of the new schools that black students at-
tended, as they moved from segregated all-black schools into newly
desegregated, formerly all-white schools. In sum, educational opportunities
increased, especially for black students in the South (Schofield 1991).

Table 3 reflects some of these changes. It showsthat the reading gainsfor
blacks across the NA EP assessments from 1971 to 1988 were much stronger in
the South and border states than in the Northeast and Midwest states, reflect-
ing the forces of rural-to-urban migration, desegregation, and economic
recovery. The scores for white students in the South and border states also
increased more than in the Northeast and Midwest, especially for 9- and 13-
year olds, but their gains were nowhere near as large as the gains for blacks;
and consequently, the gap shrunk by alarge amount.

Again, however, the picture was not completely positive. During the late
1970s, the 1980s, and into the 1990s, concentrations of urban poverty and the
racial isolation of African American studentsincreased especially inthe North.
Considerable research indicates that these factors have a negative effect on
student achievement (Smith and O’ Day 1991a).

School Characteristics

In our analysis, O’ Day and | (1991a) considered a variety of school fac-
tors. Two factors, beyond the effects of desegregation in the South, deserve
mention in thisreview. The first was an increased focus across the country on
supplemental or compensatory education for children from low-income fami-
lies between 1966 and the early 1980s. The policy emphasis started with the
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Great Society and eventually characterized much of the federal education ef-
fort. Titlel of the Elementary and Secondary Education Act wasthe cornerstone
program of this effort, providing supplemental assistance to millions of stu-
dents. Title| programs provided substantial resources and focused attention on
the need, particularly in high-poverty schools, to provide low-achieving stu-
dents with the kinds of support that they needed to learn the “ basics.”

It isdifficult to disentangle the effects of Title | from the effects of other
programs, primarily because the program served the universe of high-poverty
elementary schools. There are no data setsthat show large, specific effectsfor
the Title | program during this period; nevertheless, the program put substan-
tial supplemental educational resources into schools, helped in many districts
to lower class sizes, and emphasized the basics of reading and mathematics
(Kaestle and Smith, 1982). Perhaps more important, Title | served as a na-
tional stimulus and symbol to focus attention on the needs of low-income
students. Many Title | students were African American. In my view, it was no
coincidence that the growth and expansion of Title| and of “the national idea’”
of supplemental education support came at the same time as substantial in-
creases in African American scores on NAEP reading and mathematics
assessments at the 9- and 13-year-old levels.

These changes in curriculum and in schooling were largely confined to
the elementary and middle school levels; however, substantial decreasesin the
achievement gap between black and white students also occurred at the sec-
ondary level from the mid-1970s through the late 1980s. O’ Day and | (1991a)
argued that this happened, in part, because many secondary schools were also
focused on compensatory education. The stimulusin this case came from mini-
mum competency exams. By the mid-1980s, 33 states required passage of a
minimum competency test of basic skills as a criterion for graduation (Office
of Technology Assessment 1992). We believed that the use of minimum com-
petency assessments had a powerful ameliorative influence on the achievement
gap. The instructional emphasis on basic skills, combined with high-stakes
testing, produced a greater degree of focus and coherence in the core curricu-
lum of many secondary schools, which might have been lacking in prior years.

Notethat, at both elementary and secondary levels, the school-based poli-
cies that appear to have affected the gap were focused on basic rather than
advanced skills. This focus is consistent with the effects on achievement re-
sults during this time period. In summary, the effects were generally positive
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for most students who started the erawith relatively low scores and neutral for
students who started with higher scores. Further, these results are also consis-
tent with the character of the NAEP trend assessment instrument, which itself
measures basic skills primarily rather than more complex intellectual abilities.

The Gap Ceases to Narrow: Beyond 1988

Through the 1988 test administration, the NAEP trend data for reading
and mathematics achievement showed a powerful and consistent reduction in
the gap between the scores of African American and white studentsat all three
agelevels. From observation of these achievement data, there was no reason to
believethat thistrend would not continue. Yet O’ Day and | (19914) argued that
the gap would stop narrowing unless some new policies were quickly put into
place.

Our argument then was based on three points. First, each of the variables
that we believed contributed to the reduction of the gap in black and white
achievement had changed by 1990. For example, poverty was slightly increas-
ing during the late 1980s for black families, rather than decreasing. Rising
poverty rates would tend to reduce rather than increase average black achieve-
ment. Another exampleisthat desegregation and the migration of black families
North and to the cities was over; and the concentration of poverty in the North-
ern inner cities probably was making a negative, rather than positive,
contribution to reducing the gap. Finally, the number of states using minimum
competency tests as a graduation requirement had stopped increasing.

Our second point was that during the 1980s the national idea of assisting
the poor through government programs was under attack. The focus on equal-
ity had diminished and had given way to a new focus on quality. The 1983
report, A Nation at Risk, had revealed the inadequate performance of Ameri-
can students compared to their international peers (National Commission on
Excellence in Education 1983). This report stimulated the already growing
interest among the states, especially in the South, in reforming the schools
through such measures as increasing the number of hours in a school day,
adding to the number of days in a school year, and encouraging students to
take tougher courses.

While an overall increase in quality would support children from low-
incomeaswell asaffluent families, two observationsindicated that these reforms
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would not reduce the gap. One observation is that for years the United States
had condoned a curriculum and a quality of instruction in low-income inner-
city and rural schools that are shallow and insufficient compared to those
available to their suburban and well-to-do peers. There was little in the new
quality reforms that would redress this inequality in opportunity. Another ob-
servation is that O'Day and | realized that, even if there were significant
improvementsin curriculum and instruction, they would take considerabletime
to implement and, further, that schoolsin inner cities and poor rural areas lag
their counterpartsin the suburbsin carrying out such changes. Thus, even though
we hoped we were incorrect, we suggested that poor and minority students
were less likely to benefit from the new focus on higher quality, at least in the
short run.

Finally, the third point was that, while black students had shown striking
increases in their scores between 1971 and 1988, there was reason to believe
that many of the gains on the assessments that could be achieved from across-
the-board emphases on the basics and minimum competencies had already
been achieved by the late 1980s. Thus, in the future, closing the gap would
require greater attention to higher-order skills such as reading comprehension
and problem solving than poorly performing students had received in the past.

On the basis of these conjectures, O’ Day and | questioned whether the
gap would continue to reduce in size over the decade of the 1990s (Smith and
O’ Day 19914). We suggested that it would not continue to narrow unless three
vigorous steps were taken to differentially improve the quality of educational
opportunity for African Americans. In particular, we argued that, in the ab-
senceof an effective policy to alleviate poverty, the country needed an aggressive
effort to support low-income families with children and to prepare al children
for school by improving their accessto quality health services and early child-
hood education.

Outside of schools, we advocated increasing the opportunitiesfor school-
and community-based after-school programsfor studentsininner-city and poor
rural areas, in order to provide safe and academically stimulating environments
beyond the six-hour school days. Within schools, we argued for rapid move-
ment toward state standards-based reform, arelatively new idea then, though
well understood now.” Our argument then centered on the need to eliminate the

7 See Smith and O’ Day (1991b) for additional details.
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decades-long practice of giving our neediest students in the highest poverty
schools the | east-trained teachers and a “ watered-down” curriculum. The cur-
riculum and the quality of instruction needed to be upgraded throughout many
schools, but the need was greatest in high poverty areas. | will return to these
policies in my discussion of how to address the achievement gap, in the last
section of the paper.

Now, what happened after 19887 In 1992, O’ Day and | wrote a second
paper in which we specifically examined the results of the 1990 assessment
(O'Day and Smith 1993). To understand what happened to the achievement
gap in 1990, we need to refer once again to table 1 (p. 252). The most dramatic
changes happened in reading achievement. For the 17-year-olds in the 1971
cohort, who were tested in 1988, the test score difference between African
American and white students was 20 points, down 32 points compared to 1971.
Then, suddenly, in 1990 the gap enlarged to 29 points. For 9-year-olds the gap
increased by 6 points, and for 13-year-olds by only 2 points. For mathematics
achievement at the 9- and 13-year-old levels there was little change in the gap
from 1986 to 1990, while for the 17-year-olds the gap narrowed somewhat.
Now, of course, this was only one new point in time, and one data point is
clearly insufficient for making strong inferences about changesin along-term
trend. Still, for reading achievement, the 1990 assessment revealed sudden,
substantial changes in the size of the achievement gap in precisely the direc-
tion that we feared. Further, for two of the age levels in mathematics, the gap
remained fairly constant between 1986 and 1990 (see table 2, p. 253).

We now have the luxury of looking over alonger period of time. As a
number of authorsin Jencks and Phillips (1998) suggest, the NAEP longitudi-
nal trend data from 1990 through 1996 do not show a clear pattern of growth
for either African American or white studentsin either reading or mathematics
achievement. Conseguently, for these trend data there is no clear pattern of
change in the gap during the early and middle 1990s. It seems clear that the
gap had ceased to reduce, at | east as measured by the NAEP trend data. But the
NAEP trend data may not be telling the entire story.

The 1990s: Standards-Based Reform

During the decade of the 1990s, the nation’s focus on educational im-
provement and reform was unprecedented. Federal, state, and local governments
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made education their top priority. At the federal level, three fundamental ob-
jectives guided investment strategies in K—12 education, as follows:

1. Create economic and health care environments as stable and livable as
possible for al families with children.

2. Expand opportunities for all students to participate in engaging and
educationally rich activities beyond the traditional school hours. These
opportunities include high-quality preschool and after-school
opportunities, particularly for children from the least affluent families.

3. Stimulate and support state and local standards-based reform strategies
to improve the quality of schools for all students.

For each of the objectives, substantial progress has been made by the
Administration, Congress, and the states, though there continues to be consid-
erabledistance between current conditionsand the fulfillment of these ambitious
goals. For thefirst objective, sustained economic growth throughout the middle
and late 1990s created over 10 million new jobs, and the unemployment rate
has dropped to record lows. In addition, the Earned Income Tax Credit (EITC)
provided millions of low-income families with children additional income to
lift them above the official poverty level; and the Children’s Health Insurance
Plan (CHIP) makes it possible for every child in alow-income family to have
adequate health care.

The second objective has seen the development of education standards
for the Head Start curriculum and the expansion of Head Start enrollment,
which has brought 72,000 children into the program since the reauthorization
in 1994.2 |n addition, the Administration has dramatically expanded the 21
Century After-School Program, from a $1 million program in FY 1996 to a
$450 million program in FY 2000 that will serve well over half a million stu-
dents during the school year 1999-2000. Both of these programs are targeted
to provide services to low-income students who would not otherwise have ei-
ther preschool or after-school educational opportunities.

Finally, the nation’s standards-based reform movement is based on the
principle of establishing coherent and fair policies at the state and local levels
to improve student learning (Smith and O’ Day 1991b). Standards-based re-

8 See www?2.acf.dhhs.gov/programs/hsb.
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form has taken on a life of its own and is now the dominant reform in most
states—it has become a national idea. There are four fundamental elements of
this reform:

1. Establish challenging state content and performance standards for all
students.

2. Align all parts of the education system to assist al studentsto learn the
content, skills, and strategies set out in the state standards. The
curriculum, teacher training, technical assistance, and assessments
should all be based on the state content and performance standards.

3. Provideloca school districts and school swith sufficient fiscal resources
and at the same time grant sufficient flexibility, autonomy, and
responsibility to the districtsto usetheir resourcesto maximize students
opportunities to achieve to the standards.

4. Develop and implement accountability systems that use student
performance measures to demonstrate to the public that schools and
districtsare meeting their obligationsto teach all studentsto challenging
content standards.

This reform strategy has shaped federal and state education policies
throughout the decade. At the federal level, Goals 2000, a separate program
proposed by the Clinton Administration and passed in 1994, provides support
to states to develop and implement standards-based reforms. The core federal
programs in education (including Title I, the program for supplemental ser-
vices for low-achieving students) were reauthorized and modified to support
the state reforms. Beginning in 1994, Title | legislation required that all stu-
dentseligiblefor Title| services betaught to the same challenging state standards
asall other childreninthe state—thisrequirement focuses specifically on closing
the gap. This standards-based reform strategy has provided afocus for a vari-
ety of other supportive interventions, including the use of technology in the
schools, the professional development of teachers, and even the stimulation of
charter schools.®

In 1993, few states had any type of coherent content standards. In 1998,
44 states had content standardsin at | east three subjects (Education \Week 1998).

9 Secretary of Education Richard Riley, in his State of American Education Address
(February 22, 2000), stated the number of charter schools as about 1,700. See

www.ed.gov.
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Most states have their assessments aligned with these content standards (Edu-
cation Week 1998). In most districts, the curriculum and the textbooks are
examined and selected based upon their alignment to the state standards. A
substantial number of states are also establishing programs of teacher training
and teacher professional development designed to prepare teachersto teach to
these new content and performance standards. Though it may take several years
to achieve full implementation in many states, | believe that the cumulative
force of such coherent strategies and policiesin so many statesis already hav-
ing positive effects on student achievement.

New Assessment Data from NAEP:
Three Policy Perspectives

To help explore this belief, | want to introduce a new set of NAEP data
into the conversation—datafrom the “main” NAEP. The NAEP trend datapre-
sented in the previous sections of this paper came from a supplemental
assessment that has been administered since 1971 strictly for the purpose of
maintaining longitudinal trends. This NAEP trend assessment has undergone
few changes in format or content since 1971. As a consequence it does not
measure some of the concepts, knowledge, and skills that have been intro-
duced into the curriculum in more recent years.

Another NAEP assessment—called the main NAEP—serves now as the
primary measure of the achievement of the nation’s students. Since 1990, the
main NAEP has measured awider range of skillsand knowledge with abroader
repertoire of item types than the trend NAEP. The 1990 version is adminis-
tered on aregular schedule at the national level and also on a voluntary basis
by many states. The main NAEP data show promising signs of the effective-
ness of the state standards-based reform movement. Three views of datafrom
the main NAEP areillustrated in tables 4, 5, and 6 below.

Reading Achievement

Table 4 sets out national results for reading at three grade levels (fourth,
eighth, and twelfth) for whites, African Americans, and Hispanic Americans.
Reading scores were collected in each of three years: 1992, 1994, and 1998.
During the period 1992-1994 the effects are generally negative; with one ex-
ception the scores dropped over those years, and the losses were greater for
African Americans and Hispanic Americans than for whites.
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However, from 1994 to 1998 the reading scores for all groups increased;
and the increases were dlightly larger for African Americans and Hispanic
Americansthan for whites. Why isthere achange in direction of these scores?
Onehypothesisisthat the 1994 test administration isan anomaly—that it some-
how represents amismeasurement—and that we should therefore overlook the
results and simply note the difference between the 1992 and the 1998 results.
For grades fourth and eighth, this comparison reveals some slight increases
over the 6 years, except for fourth grade Hispanic Americans; and for grade
12, slight decreases.

There is a second possibility. Since Goals 2000 did not pass until 1994
and many states did not begin their reforms until then, one could argue that
1994 is a better baseline year than 1992 for estimating the effects of the new
state reforms. The gainsfrom 1994 to 1998 arelargefor all groupsat all grades,
suggesting that the reforms may be having apositive effect. Whatever the case,
the scores are now moving in the right direction. Note, however, that there is
no evidence of the black-white gap’s closing.

Mathematics Achievement

The overall pictureismore optimistic for mathematics, asseenintableb.
These data show strong gains in achievement for all but one of the compari-
sons from 1990 to 1992 and from 1992 to 1996. Unfortunately, we do not have
1994 or 1998 data for mathematics achievement. Thusthereisno true baseline
data point to measure the effects of the reforms. Overall, from 1990 to 1996,
the gains are more than 1.0 grade levels for all but three of the nine compari-
sonsin table 5; for those three, they are between 0.5 and 1.0 grade levels. The
effects here are difficult to attribute to standards-based reform because of the
lack of agood baseline, but they are consistent with the possibility of apositive
effect from the reforms.

Thus, the picturefor the main NAEP datafor the 1990s indicates a poten-
tially positive effect of the state standards-based reforms on both reading and
mathematics achievement. These data by no means present an ironclad argu-
ment, but they are suggestive. Again, thereisno sign of areduction in the gap.

State Trends

A second perspective viewsthe resultsfrom the state NAEP as additional
support for the argument concerning the effectiveness of the reforms. David
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Table 4. Reading Achievement: NAEP National Data by Year, Grade,
and Racial-Ethnic Group

1992 1994 1998 Difference in Scale Scores

1994-1992 1998-1994

4" Grade
White 225 224 227 -1 +3
African American 193 187 194 -6 +7
Hispanic 201 191 196 -10 +5
8" Grade
White 267 268 272 +1 +4
African American 238 237 243 -1 +6
Hispanic 241 240 244 -1 +4
12" Grade
White 298 294 298 -4 +4
African American 273 265 270 -8 +5
Hispanic 278 270 275 -8 +5

NOTE: Includes both private and public school students.

SOURCE: National Center for Education Statistics, National Assessment of Educational
Progress (NAEP), 1992, 1994, and 1998 Reading Assessments.

Table 5. Mathematics Achievement: NAEP National Data by Year, Grade,
and Racial-Ethnic Group

1990 1992 1996 Difference in Scale Scores
1992-1990 1996-1992

4" Grade
White 220 228 232 +8 +4
African American 189 193 200 +4 +7
Hispanic 198 202 206 +4 +4
8" Grade
White 270 278 282 +8 +4
African American 238 238 243 0 +5
Hispanic 244 247 251 +3 +4
12" Grade
White 301 306 311 +5 +5
African American 268 276 280 +8 +4
Hispanic 276 284 287 +8 +3

NOTE: Includes both private and public school students.

SOURCE: National Center for Education Statistics, National Assessment of Educational
Progress (NAEP), 1990, 1992, and 1996 Math Assessments.
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Grissmer of RAND was asked by the National Goals Panel to look behind the
results of state NAEP and to try to explain why North Carolina and Texas
performed better compared to other states during the 1990s (Grissmer and
Flanagan 1998). Grissmer and his colleague, Ann Flanagan, found, among other
things, that both North Carolinaand Texas have implemented standards-based
reformsin several subject areas over the last few years. These states maintain
consistent policiesthat emphasizerelatively challenging standards, require cur-
riculum-aligned tests, provide for accountability at the school level, offer
extensive teacher training, and focus special efforts on low-scoring students.
In addition to the focus on teaching and learning, Grissmer and Flanagan found
that the financial support and committed involvement of the business commu-
nity and the sustained focus on education in government, despite partisan shifts
inthe political leadership, were also positive influences on the eff ectiveness of
the reforms.

To illustrate the effects of such coherent policies, table 6 presents state
NAEP data on fourth graders from the 1992 and 1996 mathematics assess-
ments at two achievement performance levels, making possible comparisons
between state-level and nationwide data. Nationwide, the percentage of white
students who scored at or above the Basic (the first level) performance level
increased from 69 percent in 1992 to 74 percent in 1996. For blacks nation-
wide, the percentage of students scoring at or above Basic increased from 22
percent in 1992 to 32 percent in 1996. For Hispanic American students nation-
wide, theincrease in students scoring at or above Basic wasfrom 33 percentin
1992 to 40 percent in 1996. In other words, each group improved; and, on this
measure, minority fourth graders across the country may be once again begin-
ning to close the achievement gap, though thereis still along way to go.

Table 6 shows clearly the difference between the results in Texas and
North Carolina compared to the national results and aso to student perfor-
mancein three other statesthat serve asrough benchmarks—California, Florida,
and New York. In Texas, which has focused intense efforts on improving per-
formancein low-scoring schools, white fourth graders scoring at or above Basic
moved up from 72 percent in 1992 to 85 percent in 1996. For blacks, the in-
crease at or above Basic was from 29 percent to 47 percent. For Hispanic
American students, the percentage increase was from 43 percent to 55 percent.
The data for North Carolinareveal similar increases for both black and white
students. For whites, the percentage achieving at or above the Basic level went
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Table 6. 1992 and 1996 Mathematics National Assessment, Percentage
of Students at At Or Above Basic Achievement Level by Race-Ethnicity,
Grade 4 Public School Students

White Black Hispanic
1992 1996 1992 1996 1992 1996
Texas 72 85 29 47 43 55
North Carolina 65 77 24 37 35 43
California 61 63 21 18 27 29
Florida 66 70 22 26 27 29
New York 71 80 31 37 33 40
Nation 69 74 22 32 33 40

SOURCE: These scores are from the main NAEP assessments, not from long-term NAEP
trend assessments.

from 65in 1992 to 77 in 1996; for blacks, the percent scoring at or above Basic
increased from 24 in 1992 to 37 in 1996.

In contrast to North Carolina and Texas, California had a comparatively
incoherent and weak strategy for school reform during the early and middle
years of the 1990s, and the numbersin table 6 seem to track that incoherence.
For white students, the percentage achieving at or above the Basic level in
California barely moved upward from 61 in 1992 to 63 in 1996. For black
students, the percentage dropped from 21 to 18, and for Hispanic students, the
percentage moved up asmall amount, from 27 to 29. A comparison of the data
between California and Texas (which is somewhat similar to Californiain the
size and diversity of its student population) underscores the fact that, for one
reason or another, some states did well in their efforts to improve student out-
comes, while others did not.

State Reform Rankings and State NAEP Data

A third and admittedly speculative perspective on examining the effects
of the reforms uses the state NAEP data for reading for 1994 and 1998. The
trade newspaper, Education Week, published an analysis of the progress of the
various states on standards-based reform as a stand-alone insert to its publica-
tion (Education Week 1998). As part of itsanalysis, Education Week ranked the
quality of the state reforms according to a number of criteriathat represented
whether they had achieved certain components of the reform up to that time.
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| hypothesized that, if the rankings were valid and the reforms were hav-
ing an effect on achievement, then the ranking of the reforms should correlate
with the gains that the states made on NAEP. | used fourth grade reading gains
by state over the period 1994-1998. Because only 33 states had administered
the state NAEP in both 1994 and 1998, the sample was somewhat constrained.
Nonetheless, after controlling for differences in state per pupil expenditures,
the partial correlation between the rankings and the gain scores was +0.43;
after controlling for state poverty levels, the partial correlation was +0.46. In
each case the partial correlation was statistically significant at the .05 level on
aone-tailed test of significance.

Final Remarks: Research Priorities and
Methodological Issues

A major purpose of this conference isto examine methodol ogical issues
and their inter-relationship with the capability of education research to under-
stand the perplexing questions regarding the test score gap. The importance of
theseissuesisintensified because the dynamics of schooling, and possibly the
causes of the achievement gap, are changing. The extraordinary developments
in information technology, a new and demanding market economy, the con-
centration of sustained poverty among a large percentage of families with
children (particularly African American and Hispanic American families), and
a wide variety of immigrants speaking many different languages are trans-
forming both our expectations and our requirements for schooling.

In this context, | would like to explore themes in two areas. The first
theme is the use of experiments to provide more reliable and valid research
information about how to help close the achievement gap. The second areahas
to do with measurement concerns that emerge in thinking about the achieve-
ment gap, such as how we measure performance against a standard. Making
progress in each of these areas isimportant to creating a strong foundation of
evidence upon which solid policy can be built.

The Use of Experiments

Two general points areimportant when eval uating research. First, agood
model grounded in theory should facilitate explanations of results, and care-
fully designed measures should provide clear understanding of the datain any
study. The second point isthat every methodol ogy has weaknesses and strengths
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and that, further, it isimportant to understand these weaknesses and strengths
in order to select either a single methodology or a combination of different
methodol ogies to examine the research question. The use of true experiments
should be a significant part of the repertoire of federal evaluation programs.
Random assignment and deliberate intervention, taken together, provide ause-
ful tool to test hypotheses and estimate effects, whether a theory is strong or
weak. When they are appropriate, and if carefully designed and implemented,
controlled field experiments can often demonstrate powerful and persuasive
evidence.

The potential strength and authority of experimental field trials has been
demonstrated by two sets of studies. The first is the set of Tennessee STAR
(Student Teacher Achievement Ratio) studies (Finn and Achilles 1999; Word,
Johnston, and Bain 1990). The Tennessee class size reduction study in the
early grades, initiated over a decade ago, yielded findings that have had an
enormous impact on policy debates across the nation. In addition to recent
federal legislation (that funds the hiring of additional teachers), several states
and local districts are moving toward smaller classes, particularly in the early
grades. Nearly all of these legidlative initiatives are motivated, at least in part,
by the findings of the Tennessee experiments. The fact that this study included
randomization of studentsto classes of different sizes contributed greatly toits
influence on policy discussions. Its acceptance was also enhanced by the large
number of schoolsinvolved in the experiment and by the commonsense nature
of thetreatment (small classsizein the early gradesto improve student achieve-
ment). Further, the reputation and importance of the STAR study were enhanced
by follow-up studiesthat showed that theinitial positive results were sustained
in the middle and high school years (Nye et al. 1994).

Another example of the use of experimental methodology can be found
in the series of studies on early reading acquisition conducted by the Na-
tional Institute of Child Health and Human Development (NICHD) under
the direction of Reid Lyon (Moats and Lyon 1997; Snow, Burns, and Griffin
1998). These studies consisted of interlocking experiments, conducted over
a 10-year period, that examined a set of theoretical hypotheses related to
word recognition and reading in young children. The experiments were de-
veloped in such a manner that the findings from one study were linked to
related hypothesesin other studies. Just aswith the STAR study, the fact that
the studies were experiments added to their credibility with Congress. The
reputation of the NICHD as a more “scientific” agency, rightly or wrongly,
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was another factor in the credibility accorded this work. Credibility is often
a necessary first step, but it is not enough to ensure that the findings are
utilized. The NICHD researchers buttressed their credibility with a
commonsense approach and detailed descriptions of their findings in a co-
herent and compelling fashion. Their story is about how their related set of
experiments provided quality insights that can improve the chances of many
young children to learn to read. These two examples demonstrate both the
feasibility of field experiments and their potential influence in the
policymaking process.

As we consider a research agenda for OERI and NCES in the future,
several straightforward recommendations from this research seminar for ex-
perimental studies could be productive in the clarification of programmatic
interventions that can narrow the achievement gap. For example, in the area of
promoting better quality in the preparation of students for school, one possi-
bility would be to conduct experiments that address different approaches for
training parents to use new understandings of the development of cognitive
processesto help their own children. Within schools, the NICHD studies could
be extended to cover large and more diverse settings to determine the strength
of the reading interventions in less controlled environments. Along the same
line, athoughtful set of experimentsthat exploretheimplications of the NICHD
research for Limited English Proficient (LEP) children could be important. In
an emerging area, literally dozens of potentialy powerful field experiments
need to be conducted on some of the promising new ways of using technology
in classrooms and for distance learning. In this arena, we will need to learn
how to carry out experimentsin the*“real time” necessitated by the rapid changes
in the nature of technology. Finally we need experimental data on the effects
on students of summer school and after-school programs. Early experimentsin
the 1970s found few effects for summer schools—these questions need to be
revisited as summer schools become more and more a method of expanding
students' opportunitiesto learn.

Methodological Issues in the Measurement of the Gap

Finally, let me suggest two important methodological issues in the mea-
surement of the gap in performance between white and minority students. First,
OERI and NCES need to develop a research agenda aimed at understanding
what the two types of NAEP assessments (trend and main) actually measure.
In other words, current efforts to assess student achievement would benefit
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from carefully conducted construct validity studies. The data from the two
assessments reveal quite different results during the 1990s—it would be nice
to know why.

Second, at the present time, various states are struggling toward a set of
more sophisticated assessments. These assessments should be aligned with
state content standardsthat set out the skills and knowledge that students should
know and be able to do. Also, the assessments should be designed with perfor-
mance standards or levels that indicate how well a student has learned the
skills and knowledge. For example, where a content standard might specify
that a student should be able to write a short persuasive essay, performance
standards would provide away of measuring the quality of the persuasive es-
say. If donewell, performance standards would not be established by selecting
cut scores on norm-referenced assessments as the NAEP achievement levels
are now defined. As assessments improve, performance standards should be-
come real in some sense. For example, reading at or above the Basic level
could be validated to show that a student can read and comprehend a well-
defined set of books and passages. Similarly, more demanding performance
items could define and assess other more challenging levels beyond Basic.

Well-constructed content and performance standards would be the prod-
ucts of the intersection of reasonable theories of the content area, human
development, human learning, and pedagogy. Growth through performance
levels might be discontinuous rather than smooth. For example, achieving a
Basic level of reading in the fourth grade may require effective word attack
skills, while achieving ahigher level may require mastery of strategies of com-
prehension. That is, adifferent dimension of mastery may berequiredto achieve
a higher level, one involving a qualitatively different set of skills and knowl-
edge. This would have substantial implications for the curriculum, as well as
for theinterpretation of group differences. In these circumstances, the achieve-
ment gap would no longer be measured by a scale score difference, but by
differences in the percentages of students achieving to the different perfor-
mancelevels. Measurement of the gap becomes more complicated conceptually
and methodologically because there are multiple comparisons related to the
different performancelevels. The problemsare aready apparent when thetrends
from the new NAEP assessments and the results of some state assessments are
interpreted.
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Until we have content and performance standards established on the ba-
sis of reasonable theory, we will continue to have political and educational
problems with how to set them. A current political issue has to do with how
challenging is “challenging,” or how do we determine where to set perfor-
mance levels so that they positively rather than negatively motivate students
and educators to succeed? A goal considered impossibleto attain by students,
teachers, and parents may undermine the credibility of the reforms. Moreover,
the size of the achievement gap, as measured using a performance level, may
be determined in part by how high the bar is set, that is, by the degree of
difficulty of the performance standard. A bar or performance standard that is
set relatively low will have higher percentages of students passing and, there-
fore, will typically result in a smaller gap between groups that have different
levels of command of the tested content and skills. Conversely, a bar set very
high may make it practically impossible to have high percentages of students
pass and may exaggerate the magnitude of differences among groups. Thisis
not an academic issue. In the past the tendency has been to lower the bar to
minimize failure. This approach, however, fails to meet the purpose of the
reforms to challenge al students to meet rigorous standards. But, now, there
also areanumber of key states, including New York and Massachusetts, where
thoughtful analysts believe that the bar hasinitialy been set too high, and this
policy may jeopardize support for the reforms.

Conclusion

Educational excellence and educational equality—again | emphasize that
these are the nation’s co-equal guiding goals. These are the overarching ideals
that researchers and policymakers must continuously keep in mind in their
consideration of such important issues aswhich interventions most effectively
enhance student learning, which state systemic structures support achievement
in a cost-effective manner, and which collaborations and partnerships can
achieve strong public and parental support, while advancing overall improve-
ment in schools in the long term. My hope is that, in the deliberations of this
seminar, we will find that we have begun to chart a course of recommended
research directions and policy alternatives that will, both sooner and later, as-
sist us in solving the remaining challenges, increase our commitment to the
goals, and eventually help in the attainment of those national ideals.
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Educational Research and Educational
Policy: An Historical Perspective

Christopher Jencks
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When | began doing quantitative research on education in the mid-1960s,
most of what socia scientists thought they knew about the effects of educa-
tional policies was based on experiments. There were not many experiments,
and they did not all reach consistent conclusions, but they were about all we
had to go on.! School administrators and teachers paid thisresearch very little
heed. When they thought about the effects of different educational policies,
they based their judgments on personal experience. Educators who had spent
yearsin the schools mostly had strong views about what worked and what did
not. Of course, educators often disagreed with one another about what lessons
experience taught, but these disagreements seldom led to self-doubt. Nor did
educators who disagreed seek to resolve their disagreements by reading edu-
cational research.

Although educators seldom sought researchers’ advice, researchers con-
tinued to offer it. They ran small experiments that tried to assess the accuracy
of educators' beliefs about such matters as class size, ability grouping, and the
best way to teach reading. More often than not, researchers interpreted their
findings as showing that educators' beliefs were wrong. As a result, educa-
tional researchers tended to feel superior to those who staffed the schools.

The 1960s: Misinterpreting Insignificant Coefficients

Although educational researchers often felt superior, educators seldom
felt inferior. Faced with a study showing, let us say, that children’s spelling

1 The opinions expressed in this paper are those of the author. Address any comments to
Professor Christopher Jencks, John F. Kennedy School of Government, Malcolm Wiener
Center for Social Policy, Harvard University, 79 John F. Kennedy Street, Cambridge, MA
02138.



280 Christopher Jencks

skills did not improve over the long run if teachers handed out alist of words
every Monday and gave a spelling test every Friday, most educators simply
dismissed the findings asimplausible. Likewise, when studies seemed to show
that children learned no morein small classesthan in large classes, few educa-
tors considered the possibility that the studies might be right. In most cases
educators did not even bother to dismiss such results as implausible. They
simply ignored educational research entirely. Legislators did the same thing.

Educators' indifference to research results convinced many researchers
that the people who staffed the nation’s schools were unscientific traditional -
ists, unwilling to consider the possibility that their prejudiceswereill founded.
In retrospect, however, the educators’ indifference to educational research seems
largely justified.

Then as now, educational experimentstypically assessed policiesby com-
paring outcomes for students who had had different educational experiences.
Sometimes these comparisons involved small experiments in which students
wererandomly assigned to different treatments. Sometimesthey involved “ natu-
ral experiments,” in which students had different educational experiences
because school boards, principals, or teachersfollowed different practices. Since
there were no national or statewide testing programs that allowed researchers
to link students’ achievement to past experiences, most of these comparisons
were based on small samples. As aresult, the sampling errors of the estimates
were usually quite large, and the difference between those who had had differ-
ent experienceswas often lessthan twice its sampling error. Researchers almost
always interpreted this finding as supporting the “null hypothesis,” namely
that the experience in question made no difference.

With the wisdom of hindsight, this interpretation of insignificant coeffi-
cients looks foolish (though it is still disturbingly common). Every first-year
statistics student learns that data analysts can make two different sorts of er-
rors. “Type One” errors occur when the analyst accepts a false hypothesis as
true. “Type Two” errors occur when the analyst rejects a true hypothesis as
false. Social scientists havetraditionally been far more concerned about avoid-
ing Type Onethan Type Two errors. This bias makes sensewhen socia scientists
are testing their own theories. It may aso make sense when social scientists
are testing theories of interest only to other social scientists, since most such
theories are too simple to be useful and reducing intellectual clutter is always
ahigh priority in science.
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In the policy arena, however, most data analysts are testing hypotheses
that are widely accepted in thereal world, not hypothesesthat come from some
theorist’sfevered imagination. Thisreality meansthat when samples are small
and measurement imprecise, policy researchers who emphasize significance
tests are far more likely to reject a true hypothesis than to accept a false hy-
pothesis. If practitioners were to take such researchers’ conclusions seriously,
they would often be led badly astray.

With the wisdom born of hindsight, one can see that policy researchers
had several better alternatives. Bayesian theory suggests, for example, that re-
searchersshould start out by formulating “priors’ that describetheir best guesses
about how the world works. As they accumulate additional evidence, either
from experiments or other sources, they should update their priorsto incorpo-
rate this new information. Had educational researcherstried to proceed in this
fashion, their priorsabout policy questionswould presumably have been shaped
by two considerations, as follows:

1. If most educators think that a policy enhances student achievement,
and if thereis no other evidence about the policy’simpact, areasonable
person should assumethat practitioners are somewhat more likely to be
right than wrong.

2. If an educational policy had very large effects, thiswould be obviousto
everyone, and we would not be doing research on the policy’s impact.
Thus, if we are doing research on apolicy’s effect, the effect isnot only
likely to be positive, but also likely to be relatively modest.

If researchers had reasoned in thisway, they would hardly ever have started
out with the null hypothesis—the theory that a popular policy has no effect
whatever. Thus, when they generated new data showing that a policy’simpact
was quite uncertain, they would not have raised the possibility that the policy
had no effect. Instead, they would have concentrated on estimating the actual
size of the effect.

For educational researchers who had no prior expectations about how
large an impact a policy was likely to have, traditional statistical methods of-
fered another attractive option. Researchers could just have reported the odds
that apolicy had a positive rather than anegative effect. Suppose, for example,
that an investigator had randomly assigned first graders to one of two reading
classes: aclassof 15 and aclass of 25. Suppose, too, that at the end of the year
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the children in the smaller class scored 0.3 standard deviations higher on the
investigator’s reading test than the children in thelarger class, but the sampling
error of thisdifference was also 0.3 standard deviations. The 95 percent confi-
dence interval for the effect of being in a reading class of 15 rather than 25
therefore runs from —0.3 standard deviations to +0.9 standard deviations.

The most frequent interpretation of such a result is that since the confi-
denceinterval includes 0, we cannot reject the hypothesisthat class size hasno
effect on reading achievement. A more plausible conclusion, | would argue, is
that since five-sixths of valuesin the confidence interval are positive, the odds
are5to 1 that small classes raise reading achievement rather than lowering it.
If researchers have strong priors, of course, the odds that small classes raise
reading achievement are even higher. The odds that class size has an impact of
exactly O are, in contrast, vanishingly small.

Thirty years ago, however, researchers aimost always emphasized statis-
tical significance when formulating their conclusions. Even today, educational
researchers who get statistically insignificant coefficients are more likely to
suggest that the variable in question has no effect than to conclude that their
sample was too small to justify any firm conclusions. Under these circum-
stances, | think that educators’ skepticism about educational research waslargely
justified. Unfortunately, educators seldom had enough statistical expertise to
explain their skepticism in atechnically compelling way. So they just ignored
educational research or dismissed it asirrelevant to classroom practice.

The Coleman Report

Educators' refusal to take educational research seriously faced its first
important challenge in 1966, when the U.S. Office of Education released a
report by James Coleman et al. analyzing the determinants of student achieve-
ment in some 4,000 school s throughout the country. Coleman and his colleagues
found awesak relationship between many popular educational policiesand stu-
dent achievement, which was nothing new. But Coleman’sreport differed from
earlier studiesin several crucial respects. First, Coleman was a distinguished
sociologist, whom the Office of Education had selected to carry out aCongres-
sionally mandated study. Second, his analyses covered far more schools and
studentsthan any earlier study, so the results could not be dismissed asafluke.
Third, Coleman’s work appeared at a time when the federal government was
beginning to play an expanded role in educational agenda-setting and when
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policymakers were more attentive to the findings of social science than they
had been in earlier periods. Fourth, when other socia scientists reanalyzed
Coleman’s data, as many did over the ensuing years, they often faulted his
methods, but usually came to broadly similar substantive conclusions.?

If educational researchers had been committed Bayesians, they might
once again have said: “Well, the estimated effects of educators' preferred
policies may be statistically insignificant, but the standard errors of the esti-
mates are so large that we should not draw any strong policy conclusions
from them.” But we did not say that. | myself oncetried to go down that road,
and it was a dead end.

My first paper on the relationship between school policy and student
achievement was a reanalysis of the Coleman data (Jencks 1971). In it, | re-
ported the confidence interval for each estimated effect. Asfar as| know, nobody
read this paper except the editors of the volumein which it appeared. Certainly
no educational researcher concluded that thiswas agood way to present statis-
tical findings. Nobody wants to read a paper reporting that many different
policies could have fairly sizable positive effects, no effect, or amodest nega
tive effect. Papers claiming that popular policies have “insignificant” effects
may be politically unwelcome, but editors still prefer the message “nothing
works” to the message “everything is uncertain.”

By the early 1970s, most social scientists had concluded that if America's
goal was to raise student achievement, the policies that most educators fa-
vored—smaller classes, better equipment, higher salaries, more extensive
teacher training—would not do much good. The bottom line seemed to be that
“money doesn’'t matter.” Yet, despite the accumulation of evidence that seemed
to point in this direction, neither parents nor educators believed the message.
Educators kept asking for more money, legislators kept giving it to them, and
the voters mostly went along.

Eventually, educational researcherstired of delivering amessage that no-
body wanted to hear. Some (including me) turned to other topics. Graduate
studentsin education turned away from quantitative research and began doing
gualitative studies, which reduced the risk of finding evidence at odds with

2 See, for example, the assessments in Mosteller and Moynihan (1971).
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their prior beliefs about the world. Quantitative educational research did not
disappear, but it was marginalized in most schools of education.

The Impact of Meta-analysis

Quantitative educational researchers took along time to dig themselves
out of this hole. The first step was the invention of meta-analysis, which al-
lowed quantitative researchersto pool results from many different studiesin a
statistically efficient way. When analysts did this, their view of the world
changed drastically. Instead of seeing a world in which most studies yielded
“statistically insignificant” coefficients, they saw aworld in which most small
studies yielded coefficients with the expected sign and in which the average
coefficient was large enough to be educationally important.

Gene Glass and his colleagues (1982) showed, for example, that when
they pooled results from all the available studies of class size, smaller classes
were associated with quite large gains in achievement. This was true despite
the fact that most of the original studies had reported an “insignificant” rela-
tionship between class size and achievement. Once Glass and his colleagues
pooled the data, moreover, the relationship was clearly “significant,” in the
sense that the confidenceinterval did not include O. The trouble with the origi-
nal studies was that they had been too small to provide reliable information
about the size of the effect. Meta-analysis of studies assessing the impact of
school desegregation told a similar story, at least for elementary school read-
ing achievement (Cook et al. 1984). So did meta-analysis of studies assessing
the impact of most other educational policies (Lipsey and Wilson 1993).

Thesewereall classic cases of Type Two error, where earlier analystshad
mistakenly rejected the hypothesis that policies had a positive effect. Students
had, of course, learned about Type Two errors for generations. But it was not
until the advent of meta-analysis that we began to appreciate both the likeli-
hood and the potential costs of such errors.

Indeed, among some quantitative researchers, meta-analysisled to adra-
matic paradigm shift. Instead of assuming that “ nothing works,” they now began
to assume that “ everything works.” But that too was an oversimplification, for
several reasons.

Meta-analysisisfeasible only when apolicy hasbeen studied many times.
Thus, the policy has to remain sufficiently popular over along enough period
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to generate numerous studies of its effectiveness. Following Bayesian logic,
we would expect policies that have been studied dozens of times to be some-
what more effective than those that have only been studied afew times.

Meta-analysis also highlighted a serious shortcoming of most past edu-
cational research. Even when meta-analysts found dozens of studies assessing
aparticular policy, they seldom found more than ahandful of studiesthat mea-
sured the policy’s long-term impact. When researchers had done long-term
follow-ups, moreover, thelong-term impact almost always|ooked smaller than
the short-term impact. Among skeptics, therefore, theideathat “ nothing works”
was gradually replaced by the ideathat “everything worksin the short run, but
benefits usually fade away in the long run.”

Theideathat achievement gains fade over time may, however, be another
artifact of social scientists' statistical conventions. Ever since the invention of
|Q tests early in the 20" century, psychometricians have tended to standardize
test results. Initially, their goal was to ensure that |Q tests had the same mean
and standard deviation at all ages. Standardizing test scores aso made it much
easier to compare results derived from different tests. But age standardization
also abscuresacrucial fact about children’s cognitive skills, which isthat their
varianceincreases with age. If you ask 4-year-oldsto do 10 two-digit multipli-
cation problems, their scores are likely to be very similar, because none of the
children will be able to do any of the problems. If you ask 14-year-olds to do
the same problems, some will get them all right, while others will still get
amost al of them wrong. The same logic applies to vocabulary words. The
vocabulary of 14-year-olds is more variable than the vocabulary of 4-year-
olds.

While this fanning out of academic achievement as children age is well
known, meta-analysts usually ignore it. If meta-analysts want to describe the
effect of preschool programs at age 4, they will report that those who attended
a preschool scored, let us say, 0.30 standard deviations above those who did
not attend. If they want to describe the effect five years later, they will report
that the gap has shrunk from 0.30 standard deviations to, say, 0.15 standard
deviations. They hardly ever ask whether a disparity of 0.15 standard devia-
tionsat age 9islarger or smaller than adisparity of 0.30 standard deviations at

age 4.
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Meta-analysis has other limitations that curtail its usefulness to
policymakers. First, meta-analysts cannot compensate for measurement errors
in the studies they pool unless the magnitude of these errors is known. This
fact tendsto bias estimates of policy impact downward. Second, meta-analysts
cannot compensate for the fact that researchers seldom do true experiments, in
which randomly selected students are assigned to “treatment” and “control”
groups. So-called “natural” experiments, in which students or their parents
have a choice about the education they receive, tend to exaggerate the impact
of educational policy per se.

Most of the data available to ameta-analyst comesfrom surveysinwhich
an analyst had identified students affected by some policy of interest, con-
trolled some of the factors correlated with the presence of this policy, and
treated any remaining association between the policy and student outcomes as
causal. Since analysts can seldom measure al the factors that lead students to
have different educational experiences, studies of thiskind are likely to suffer
fromwhat we once called “ omitted variablebias’ and now call “ selection bias”

Although thereisno certain way of eliminating selection bias, better data
can often help alot. The struggle to make quantitative educational research
useful to policymakersis critically dependent on these improvements. Fortu-
nately, funders have recognized this. More and more educational surveys now
track students over substantial periods of time, measuring both treatments and
outcomes on numerous occasions. This strategy provides better estimates of
measurement error. It also alows analysts to adjust for the effects of stable
unmeasured differences between students. As a result, researchers have been
able to generate results that are far more persuasive than those derived a gen-
eration ago from the Coleman data or other cross-sectional surveys.

Recent results from analyses of this kind also fit practitioners expecta-
tions better than earlier results did. If this trend continues, researchers may
find themselves concluding that conventional wisdom among educators was
not as misguided as earlier researchers thought. If researchers can then move
ontoidentifying the most effective strategies for improving achievement, quan-
titative research may eventually prove quite useful.

The Need for Experiments

Despiteall theimprovementsin survey dataand analytic methods, how-
ever, there is still one huge problem. Educational researchers used to do
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experimentsin which studentswere randomly assigned to treatment and con-
trol groups. Today, that isextremely rare. To see why the dearth of experiments
poses a problem, consider the debate over ability grouping in elementary
schools. Thisisan intensely controversial issue, especially inracially mixed
schools. Yet much of the controversy is about facts that would be easy to
ascertain using conventional experimental methods. Suppose we ask the fol-
lowing two questions:

1. Do children who have learned little in the past learn more when they
are al assigned to heterogeneous classrooms or when classrooms are
segregated on the basis of past academic performance?

2. If students who have learned little in the past are assigned to
heterogeneous classrooms, do they learn more when the teacher groups
them by skill level or when the teacher treats the entire class as a
homogenous group?

If studentswere randomly assigned to different grouping schemes, it would
be fairly simple to see which of these schemes was best for which students.
But while experiments of thiskind are technically feasible, they are no longer
done. When Mosteller, Light, and Sachs (1996) surveyed ability grouping ex-
periments done in elementary schools, they found only one study published
after 1980. In politics, data that are more than 20 years old carry little weight.

Nor isit clear that such data should carry much weight. Mosteller, Light,
and Sachs also found only one experiment that dealt with within-classroom
grouping, which is more common and more flexible that between-classroom
grouping, at least at the elementary school level. They also found that existing
experiments dealt exclusively with mathematics. They found no experiments
that reported long-term effects. And while they found little evidence that as-
signing students to classrooms on the basis of past achievement affected the
amount learned when all students were taught the same thing, the question that
looms largest in today’s debates is what happens when students in “faster”
classes cover more material each week, so that they start algebra, geometry,
and cal culus sooner than they otherwise would.

In theory, it might be possible to answer questions of this kind by com-
paring school systemsthat pursue different policiesor by following the progress
of students who move from one kind of school system to another. In practice,
studies of that kind would not belikely to convince skeptics. Experienced school
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administrators, board members, and legislators know that when a researcher
reports results based on complex multivariate statistics, some other researcher
will soon come to the opposite conclusion. Complex statistical analyses re-
quire dozens of methodological choices that cannot be made by following a
generally accepted rule. In afield as politicized as education, the existence of
such choices typically guarantees that nonexperimental data will have many
possible interpretations.

Those who analyze experiments are also far more likely to agree about
what they show. A legislator or aschool board member can follow the logic of
the Tennessee class size experiment, understand how the results were evalu-
ated, and see why these results mean what researchers say they mean. Of course,
legislators do not understand exactly what happened. Nor do they understand
all the ways in which the experiment may have been contaminated. Least of
all, do they understand the limitations of the findings—that the Tennessee re-
sults tell us nothing about the benefits of small classes after third grade, for
example. But the structure of the argument is still intuitively obvious to almost
everyone.

Given these political advantages, why are randomized experiments so
rare? The proximate causeisclear: any randomized experiment disrupts school
routines, so educators will participate in one only if they think randomization
is absolutely crucial to learning something important. To convince educators
that experiments are crucial, researchers must be nearly unanimous in sup-
porting the method. Since 1970, such unanimity has vanished. Surprisingly
few educational researchers now see experiments asagood way of going about
their business. Indeed, few educational researchers have had any experience
with randomized experiments.

One reason most researchers are skeptical about experimentsis that they
seldom really care whether Policy A is better than Policy B. Most researchers
care about why Policy A is better than Policy B. It takes a whole series of
carefully crafted experiments, each of which rules out one or more alternative
explanations, to show why something happens. And even after dozens of ex-
periments, there is always the possibility that the experimenter has failed to
test a plausible aternative to his or her preferred explanation.

Experiments also have a bad reputation because of the way they were
once analyzed. The fact that experiments often seemed to show that all kinds
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of policies did not work has inevitably made educators skeptical about the
method. We now know that this pattern was partly traceable to the way we
analyzed the data and the way we thought about statistical significance. But
even today experiments are politically risky, especially when—as is often the
case—they are underfunded and therefore too small to detect small effects.

Still, the shortage of experimentsis a huge political problem for anyone
who thinks that educational policy should be based on evidence. The fact that
the Tennessee class size experiment was funded by the state of Tennessee, not
thefederal government, isindicative of Washington'sfailurein thisarea. When
the state that brought us the Scopes Trial funds research more useful than that
funded by the federal government, something isterribly wrong in Washington.

Recommendations for Future Data Collection

Although | think we ought to be putting far more resources into experi-
ments, that does not mean we should stop doing surveys. It would be asfoolish
to stop doing surveys and rely exclusively on experiments as it was to stop
doing experiments and rely exclusively on surveys, aswe did ageneration ago.
The two methods are complementary.

If we keep doing surveys, as we surely should, we need to think more
carefully than we have about what kinds of datawe should collect. Brewer and
Goldhaber’s (1998) list isagood starting point. Some people may be shocked
to hear me say this, becausetheirsisan economist’slist, and | am asociologist.
Nonetheless, | like their list.

Collecting Longitudinal Data

First, longitudinal data is definitely better than cross-sectional data. Of
course, all researchers think longitudinal data is better as long as they do not
have to pay the bill. But | am making a stronger argument, namely that longi-
tudinal data yields more knowledge per dollar than cross-sectional data.

But whilelongitudinal datais better than cross-sectional data, itisnot clear
that many years of longitudina data are better than three or four years. If we
want to address problems of measurement error and fadeout, we have to follow
students for three or four years. But if surveys keep losing 5 percent of their
casesevery year because studentstransfer from one school to another and cannot
befollowed, at |east half the samplewill be gone after 12 years. In urban systems
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where transfers are more common, attrition will be even higher. Furthermore, if
aresearcher has no findings about older students until her panel of kindergart-
ners has reached college, her funding may dry up in the meantime.

Linking Students to Teachers

Brewer and Goldhaber (1998) are also right about the potential value of
linking students to their classroom teachers. If we want to link students to
teachersin any meaningful way, however, we also have to collect datain both
the fall and the spring, as Meredith Phillips (1998b) argued in her paper for
this conference. In addition, we need to ensure that fall and spring testing brack-
etsthe school year in a satisfactory way. Testing studentsin October and April
may be convenient, but the school year is more than six months long.

Collecting More Data on Teachers

Brewer and Goldhaber (1998) are also right that collecting more data on
teachersis crucial. It is particularly important to gather evidence on the ra-
cialy charged issue of whether teachers’ test scores have abigimpact on student
achievement, as Ron Ferguson and others have argued (1998). Survey research-
ers will, of course, have great difficulty testing teachers in today’s political
environment. That means we need to explore ways of linking our surveys to
state records that include teachers’ scores on various exams (McLaughlin and
Drori 1998).

Domains That Can Be Limited

If we are going to do all this, we also need to identify domainsin which
we can afford to do less. Surveys planned by committees always have diffi-
culty deciding what to leave out. The committee almost inevitably represents
many different interest groups. Indeed, that isusually its main purpose. Such a
committee amost inevitably generatesasurvey instrument that measures many
things badly rather than measuring a few things well. As aresult, we learn a
little about alot but not much about anything.

That was probably a defensible strategy for the first few national sur-
veys. It is probably not the right strategy for the next century, at least at the
secondary level. The broad outlines of what happensin secondary school are
now fairly clear. If we are going to collect more data from high school stu-
dents, we should probably concentrate on one or two topics per survey. At
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the elementary level, which has been seriously neglected in the past, we may
still need several surveys that tell us a little about a lot before we turn to
more focused data collection.

Attitudinal Measures

If we have to cut back on certain kinds of survey items, my suggestions
would again be similar to Brewer and Goldhaber’s (1998). We have collected
many attitudinal measures from students over the past generation. | do not
think we have learned much as a result. Students' statements about whether
they plan to go to college or have a baby out of wedlock do have some predic-
tive power, which means that people’s plans are somewhat stable from one
year to the next. But that is hardly news. School-to-school differencesin stu-
dents' average responses to attitudinal questions may be a bit more useful,
since they may tell us something about school “climate.” But aggregating be-
havioral measures probably tells us far more. What we really want to know is
whether policies that seek to change attitudes have a long-term effect. Past
surveys have seldom tried to determine what schools were doing to change
attitudes.

Sampling Strategies

Another crucial issue iswhether to sample more students per classroom.
Meredith Phillips' (1998a) analysis of the Prospects data indicates that sam-
pling more students per classroom is probably sensible if the researcher wants
to study teacher effects, but not for the study of anything else. At least in Pros-
pects, studentsin the same classroom turn out to be rather similar, so drawing
a large sample drawn from a small number of classrooms yields results with
large standard errors.

The Question of Representative Samples

| also agree with the Brewer and Goldhaber (1998) that representative
sampleshave been oversold. Itiscertainly crucial to have representative samples
for some purposes, but not for all purposes. We should think more carefully
about the division of labor in data collection. We need occasiona national
surveys that gather data on large representative samples, perhaps covering a
limited number of domainsin depth. But we should be ableto do alot of causal
modeling with state and local data that are not perfectly representative of any
well-defined universe.



292 Christopher Jencks

The data that state testing programs now collect is of limited interest to
most researchers, because states do not gather much background information
from students or much program information from schools. But if we could
match state data on school achievement to survey data on a subset of students
in each school, the result might be ideal for researchers interested in causal
modeling. Imagine having the kind of data that Texas collects on individual
students linked to the kind of data that NELS collects. Since Texas collects
dataover astudent’s entire school career, at least aslong asthe student staysin
Texas, researchers could use such data to answer all kinds of questions they
cannot answer now.

Unresolved Problems

| want to close by posing some questions that | think we still need to
address if we are to make educational research more relevant to educational

policy.

What Can We Learn from Differences between States?

For nearly 100 years, progressive policymakers have claimed that decen-
tralized decision-making gave America an unusual opportunity to learn about
the effects of different policies. The states, we were constantly told, were the
“laboratories of democracy.” In education, however, variations in state policy
have taught us surprisingly little. We did learn one thing from the American
states' diverse educational experiences in the 20™ century, which was that de
jure racial segregation had terrible consequences. But we eliminated de jure
segregation a generation ago.

Since 1970, the 50 American states have continued to pursue 50 different
setsof policies. Asfar as| cantell, we have learned nothing from this diversity.
In part, this is because we have not collected good information about what
policies stateswere really pursuing. In part it is because we have not collected
good information about how educational outcomes differed from state to state.
Primarily, however, our failure to learn from states' experiences reflects the
fact that learning from such experiences would require detailed data linking
year-to-year changesin educational policy to changesin subsequent outcomes.
We simply do not have such information.

The papers that David Grissmer (1998) and Steve Raudenbush (1998)
presented this morning suggest that NAEP may now provide state-level out-
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come measures that can offer useful policy guidance. Grissmer certainly drew
someinteresting lessonsfrom North Carolinaand Texas. But Raudenbush found
that a handful of variables explain almost all state-to-state differencesin stu-
dent achievement. If that istrue, theselaboratories of democracy may berather
like achild's chemistry set that includes only ahandful of different chemicals.
Thisdoes not imply that educational policy isunimportant. But it doesimply
that states may be so internally heterogeneous in the policies their schools
pursue that state means on the policy variables that matter are relatively simi-
lar. Thisissue requires further exploration.

How Should We Define and Measure School Achievement?

Educatorstry to teach specific skills and information. If we want to make
research useful to educators, we have to measure the skills and information
that educatorstry to teach. We al so have to measure skills and information on
scalesthat allow usto say how much students have | earned between one period
and the next. That requirestwo major changesin theway educational researchers
go about their business.

First, we probably have to stop equating the quality of a test with its
reliability. The way to get high reliability is to choose items that are highly
correlated with one another. But in aworld with diverse schools, teachers, and
curriculums, testswith high inter-item correl ations almost always end up mea-
suring general ability, not the specific skills and information that educatorsin
particular places have tried to impart.

The other far-reaching change wewill have to makeisto stop standardiz-
ing tests to predetermined means and variances. | do not think we will ever
make much progress in measuring learning if we keep thinking about achieve-
ment in exclusively relative terms, as we mostly have for the past 100 years.

To see how misleading relative rankings can be, consider the Tennessee
class size experiment. Tennessee assigned children to either large or small
classesfrom kindergarten through the end of third grade. The children assigned
to smaller classes did better at the end of kindergarten. They preserved, but did
not widen, their advantage over the next three years. Many people have been
puzzled by the fact that smaller classes did not seem to yield any further ben-
efit after the first year of the experiment. Skeptics like Eric Hanushek (1999)
have interpreted thisfinding as evidence that only thefirst year inasmall class
yields measurable benefits. But, as Jeremy Finn pointed out in the discussion
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today, this picture reflects the fact that those who analyzed the Tennessee data
reported treatment effects at different ages as a percentage of the standard de-
viation at that age.® When one looks at unstandardized treatment effects, they
increase as time goes on.

How Can Educational Research Serve Non-policy Goals?

Uptothispoint | have discussed educational research asif itsonly legiti-
mate purposewasto improve educationa policy by helping policymakersdecide
whether small classes are worth the extra cost, whether to group students on
the basis of their past achievement, and so on. But educational research has
another function as well. It tells us something about how we are doing as a
people and as anation. It helps us compare our performance both to our ideals
and to the performance of other democratic societies. As a result, it plays a
significant role in our judgments about whether we live in a just or an unjust
society, whether opportunity is more equal in our society than in other societ-
ies, and whether things were really better a generation ago, when most of us
were growing up. These are not policy questions in any ordinary sense. But
how we answer these questions has an important impact on how wethink about
ourselves and what policies we favor or oppose.

If American students|earn less math than Japanese students, for example,
itisnot at all clear what policy implications this fact should have. But we still
want to know the fact. Similarly, when the black-white test score gap fals
dramatically, asit apparently did during the 1980s, this brute fact does not tell
us anything about why the gap fell or what policies might further reduce it in
the future.* But even when facts of thiskind have no clear policy implications,
they tell us something about what is happening to our country that we should—
and do—care about.

If | am right in claiming that one major goal of educational researchisto
tell ordinary citizens how well their country is doing in various domains, we
need to report such information in aform that most citizens can understand. |
have already argued that comprehensibility isamajor argument for preferring
randomized experiments to multivariate statistics. The need for comprehensi-

8 Comments from Jeremy Finn during the discussion period of the seminar, November 9,
1998.

4 See Grismer, Flanagan, and Williamson (1998).
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bility should also play a central role in the way we report data on states and
school districts. One example must suffice. Researchers often report mean scores
for states or school districts that have been adjusted statistically to eliminate
the effects of demographic differences between states or districts. Thiskind of
adjustment poses many statistical problems. But its most serious defect may
bethat it isvery hard to explain. Thus, wherever possible, it is probably better
to present separate means for different kinds of students: those whose parents
have had different amounts of schooling, for example, or those from different
racial and ethnic groups. Readers can then see for themselves how each group
faresin different states.

Can We Predict the Future?

If anyone had asked me in the late 1960s what educational researchers
would learn over the next 15 years, | would have predicted far more progress
than actually occurred. It is stunning how little progress we really made be-
tween the late 1960s and the early 1980s. But if anyone had repeated the
question in the early 1980s, | would again have been wrong. It would never
have occurred to me that after 15 years of spinning our wheels, we were about
to make progress at an unprecedented rate. Yet that is what happened. The
papers presented at this seminar are, | think, much better than anyone would
have predicted 15 years ago.

We should all reflect on this history and try to use it to identify the pre-
conditions for intellectual progress. Why, after an apparently promising start
in the 1960s, did we accomplish so little in the next 15 years? Why did things
go so much better over the next 15 years? | have my own hunches. Meta-
analysis forced us to rethink our approach to significance tests. NCES began
collecting better data. Econometricians pushed usto adopt more rigorous stan-
dards of proof. But these are speculations. A careful intellectual history of
guantitative educational research remains atask for the future.



296 Christopher Jencks

References

Brewer, D. J., and Goldhaber, D. D. (1998). Improving Longitudinal Data on Student
Achievement: Some L essons from Recent Research Using NEL S:88. In D. W.
Grissmer and J. M. Ross (Eds.), Analytic Issues in the Assessment of Student
Achievement (NCES 2000-050) (pp. 169-188). U.S. Department of Education,
National Center for Education Statistics. Washington, DC: U.S. Government
Printing Office.

Coleman, J. S., Campbell, E. Q., Hobson, C. J., McPartland, J., Mood, A. M., Weinfeld,
F.D.,andYork, R. L. (1966). Equality of Educational Opportunity. Washington,
DC: U.S. Government Printing Office.

Cook, T.,Armor, D., Crain, R., Miller, N., Stephan, W., Walberg, H., and Wortman, P.
(1984). School Desegregation and Black Achievement. U.S. Department of Edu-
cation, Office of Educational Research and Improvement. Washington, DC:
National Institute of Education.

Ferguson, R. F,, and Brown, J. (1998). Certification Test Scores, Teacher Quality, and
Student Achievement. In D. W. Grissmer and J. M. Ross (Eds.), Analytic | ssues
in the Assessment of Student Achievement (NCES 2000-050) (pp. 133-156).
U.S. Department of Education, National Center for Education Statistics. Wash-
ington, DC: U.S. Government Printing Office.

Glass, G., Cahen, L., Smith, M. L., and Filby, N. (1982). School Class Sze. Thousand
Oaks, CA: Sage Publications.

Grissmer, D. W., and Flanagan, A. (1999). Moving Educational Research toward Sci-
entific Consensus. In D. W. Grissmer and J. M. Ross (Eds.), Analytic Issuesin
the Assessment of Sudent Achievement (NCES 2000-050) (pp. 43-90). U.S.
Department of Education, National Center for Education Statistics. Washing-
ton, DC: U.S. Government Printing Office.

Grissmer, D.W., Flanagan, A., and Williamson, S. (1998). Why Did the Black-White
Test Score Gap Narrow in the 1970s and 1980s? In C. Jencks and M. Phillips
(Eds.), The Black-White Test Score Gap (pp. 182—228). Washington, DC:
Brookings Institution Press.

Hanushek, E. A. (1999). The Evidenceon Class Size. In S. E. Mayer and P. E. Peterson
(Eds.) Earning and Learning: How Schools Matter. Washington, DC: Brookings
Institution Press.

Jencks, C. (1971). The Coleman Report and the Conventional Wisdom. InF. Mosteller
and D. P. Moynihan (Eds.), On Equality of Educational Opportunity (pp. 69—
115). New York: Random House.



Educational Research and Educational Policy: An Historical Perspective 297

Lipsey, M., and Wilson, D. (1993). The Efficacy of Psychological, Educational, and
Behavioral Treatment: Confirmation from Meta-analysis. American Psycholo-
gist 48(12): 1181-1209.

McLaughlin, D., and Drori, G. (1999). School-level Correlates of Reading and Math-
ematicsAchievement in Public Schools. InD. W. Grissmer and J. M. Ross (Eds.),
Analytic Issues in the Assessment of Student Achievement (NCES 2000-050)
(pp. 189-236). U.S. Department of Education. National Center for Education
Statistics. Washington, DC:

Mosteller, F., Light, R., and Sachs, J. (1996). Sustained Inquiry in Education: Lessons
from Skill Grouping and Class Size. Harvard Educational Review 66: 797-842.

Mosteller, F., and Moynihan, D. P. (Eds.) (1971). On Equality of Educational Oppor-
tunity. New York: Random House.

Phillips, M. (1998). Do African-American and Latino Children Learn More in Pre-
dominantly White Schools? Unpublished manuscript, School of Public Policy
and Socia Research, University of California, Los Angeles.

Phillips, M. (1999). Understanding Ethnic Differencesin Academic Achievement: Em-
pirical Lessons from National Data. In D. W. Grissmer and J. M. Ross (Eds.),
Analytic Issues in the Assessment of Student Achievement (NCES 2000-050)
(pp. 103-132). (U.S. Department of Education, National Center for Education
Statistics. Washington, DC: U.S. Government Printing Office.

Raudenbush, S. W. (1999). Synthesizing Results from the NAEP Trial State Assess-
ment. In D. W. Grissmer and J. M. Ross (Eds.), Analytic Issues in the Assess-
ment of Student Achievement (NCES 2000-050) (pp. 3-42). U.S. Department of
Education, National Center for Education Statistics. Washington, DC: U.S. Gov-
ernment Printing Office.






299

| mproving Research and Data Collection
on Student Achievement?

Brenda J. Turnbull, Policy Study Associates;
David W. Grissmer, RAND; and J. Michael Ross,
National Center for Education Statistics

This seminar brought together a diverse group of people linked by their
motivation to understand and improve student achievement. Participantsin the
seminar included researchers whose work has focused on analyzing student
achievement, policymakers instrumental in designing policies to improve stu-
dent performance, and government officials who design and manage the
collection of major data sets used by researchers and policymakers. The semi-
nar sought to lower the inevitable communication barriers existing within this
community: between researchers and policymakers, between those designing
and collecting data and those who useit; and among researchers from different
disciplines analyzing different data sets with different models and estimation
techniques. From the divergent perspectives, we sought to identify directions
for future research and data collections, and perhaps a common conceptual
framework encompassing research and data collection on achievement.

Here we summarize the recommendations made by participantsfor more
sophisticated data collection strategies, new directions for future research, and
collaborative forumsfor communication of research results. These recommen-
dations fall into two broad categories. The first category includes a variety of
smaller incremental changes focusing on improving nonexperimental results,
while the second category includes more radical departures from current di-
rectionsin federal statistical agencies. Finally, we focus on a different topic of
discussion at the seminar—communication of results—and provide some con-
cluding remarks on future directions.

1 The authors are grateful to Martin Orland, John Ralph, Joseph Conaty, and Daniel
Kasprzyk for an early discussion of the implications that could emerge from this seminar.
However, the opinions expressed herein are those of the authors; and no endorsement by
the National Center for Education Statistics, the Office of Educational Research and
Improvement, or RAND should be inferred.
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Improving Nonexperimental Research and
Data Collection

Improving longitudinal surveyswasthe focusof many recommendations.
The National Center for Education Statistics (NCES) and the Department of
Education fund several key longitudinal surveys, such asthe National Educa-
tion Longitudinal Survey (NELS:88) and the Early Childhood Longitudinal
Studies (ECLS). Since achievement tests are included in their designs, during
thelast 20 yearsthese surveys have supported a significant amount of research
on achievement. Seminar participants could—and did—disagree over the ad-
vantages of specific analytic procedures, but none questioned the essential value
of having and expanding the collection of longitudinal data. The recommenda-
tions for improving existing longitudinal studies centered on the inevitable
competing priorities for specific topics and survey questions, the frequency of
data collection, more stratified sampling plans, and the importance of
prekindergarten baseline measures, as well as a more structured process for
the design of all surveys. Dominic Brewer and Dan Goldhaber presented alist
of specific recommendationsthat also received support from Christopher Jencks;
indeed, most participants contributed recommendationsin this area.

One key issue in survey design was highlighted by an exchange from the
floor. Jeremy Finn suggested that a survey should focus on only six to twelve
well-specified constructs. Jencks countered that a government agency cannot
make such adraconian selection, becauseit isanswerable to many constituen-
cies. Jencks did suggest, though, that NCES could take a retrospective ook at
the actual uses made of particular variables and particular items, saying that
this kind of analysis would support the selective deletion of less productive
items from repeated surveys. This inductive procedure would be quite differ-
ent from the deductive one proposed by Finn, where a clear and bounded
conceptual framework would drive the construction of survey items. These
remarks reflect the reality that a large-scale survey qualifies both as research
and as a political undertaking, because the data ultimately are used for many
purposes. However, scientific constructs can improve the items devoted to re-
search issues and at the same time perhaps constrain the usually high demand
for items devoted to nonresearch issues.

An dlied issue is the discontinuation of past survey items in order to
include new items. From time to time during the day, a participant would sug-
gest ways of trimming the length of surveys by deleting specific items.
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Generally, another participant would swiftly object, arguing for the theoretical
or practical significance of those items. An example was the suggestion by
Brewer and Goldhaber that “school climate” measures could be substantially
reduced, which was followed by a rejoinder from Valerie Lee that these mea-
sures are integral to an assessment of school quality. Such disagreements over
items partly reflect the still unresolved disciplinary preferences for the impor-
tance of certain variables and modes of analysis. These disagreements suggest
that design teams should include researchers and scholars from different disci-
plinesinsofar asthey can engage in productive dialogue over these issuesfrom
their different perspectives.

Suggestions were al so made concerning the frequency and timing of col-
lecting longitudinal data. Collecting data each year rather than every two years
when following acohort through school was mentioned, but theincreased costs
or trade-offs with other survey design parameters would certainly need to be
considered. Meredith Phillips made a compelling case for shifting the annual
testing of students to testing in both fall and spring. Although burdensome in
implementation, this change would permit analysis and comparison of stu-
dents' learning trajectories during the regular school year and the summer. The
importance of this issue was demonstrated in Phillips’ analysis, which con-
firmsthat the test score gap between black and white students widened during
the summer time period. Her recommendation was echoed by Smith, Jencks,
and, from the floor, Adam Gamoran.

Recommendations were also made with respect to sampling strategies
relevant to classroom-within-school effects. Brewer and Goldhaber and Lee
supported nested samples with more students per classroom. Lee suggested
that more students per class could be efficiently traded off for fewer schoolsin
longitudinal samples. In addition, Brewer and Goldhaber, along with Ron
Ferguson and Jordana Brown, suggested sampling more teachers per school.
Realigtically, these changeswould increase costs and burden, but their endorse-
ment by researchers does suggest that these trade-offs should at least be given
serious consideration in the design of future samples.

Several presenters emphasized the desirability—as well as the chal-
lenges—of finding out “what teachers know.” Stephen Raudenbush mentioned
the importance of measuring teachers' subject matter preparation and content
knowledge in their assigned teaching fields. For Ferguson and Brown, teach-
ers scoreson testssuch asthe ACT are also important data, although Ferguson
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said that NCES should “ probably not” try to collect such dataitself, but should
instead play afacilitating and convening role with private sector organizations
that already collect such data. Brewer and Goldhaber suggested such possible
measures as administering a written assessment to teachers or asking princi-
pals to assess teacher quality.

Finally, David Grissmer and Ann Flanagan suggested that longitudinal
surveys need to begin at school entry in order to capture the variables needed
for accurate estimation of both short- and long-term effects in student learn-
ing. They suggest that production function methodologies that utilize only a
previoustest score asaproxy for earlier schooling variables are challenged by
the results of the Tennessee experiment. They observe that these results sug-
gest amultiyear effect from class size reductions, and these multiyear effects
cannot be controlled for by asingle-year previoustest score. Therefore, survey
resources should be shifted to earlier years, and the value of surveys started at
later grades would be diminished.

Improving NAEP Data

Datafrom the National Assessment of Educational Progress (NAEP) pro-
vide the only achievement data with representative samples of U.S. students.
NAEP has been administered to samples of studentsat ages 9, 13, and 17 since
1969 in severa subjects. While the trend results from these data have been
often used and cited in many studies, research explaining the trends is more
recent. The NAEP data remain the most reliable information for assessing the
changing gap between minority and white students, and also for facilitating
inquiriesinto the question of whether educational and social policies directed
toward minority and low-income families and students have raised student
achievement test scores. The expansion of NAEP, since 1990, to state samples
also provides the only comparative achievement scores across states with rep-
resentative sampleswithin each state. Several recommendationsfor improving
the NAEP data emerge from the research presented in the seminar.

Grissmer and Flanagan observe that the most serious weakness of NAEP
can befound in the student-reported family characteristics. They suggest imple-
menting a simple parental survey as one means of collecting better data.
However, they also suggest testing empirically whether student-reported sur-
rogate measures such as*“ booksin the home” can provide adequate substitutes
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for parent-collected data. They also suggest using state-level Census data to
supplement NAEP family data.

However, any significant addition to the NAEP data collection such as a
parent survey may have significant opportunity costs. Sylvia Johnson and Gary
Phillips mentioned the current press to speed up and simplify NAEP, pointing
out that thisworks against the more complex data collection that would permit
us, in Johnson’swords, to “ better understand the whys and hows of improving
student achievement.”

Johnson, as well as Grissmer and Flanagan, made the more radical sug-
gestion of changing the sampling plan from school samples to school district
samples. Several advantages might accrue from a district-based sample, al-
though the more complex sampling would increase costs. A district-based
samplewould allow comparing and expl aining achievement differences across
major urban school systems relative to smaller, more homogeneous suburban
districts. Urban school systems encompass a significant part of the nation’s
education problems, but we currently have no adeguate comparative measures
of performance across these urban systems. Johnson observed that the change
to school district sampling could help spur improvement in learning because it
would heighten public scrutiny of districts' results. However, if costs were
kept constant, such sampling would probably mean fewer students per school,
allowing more variance in measurement of school characteristics.

Recommendations for Changing Directions

Pointing to the near universal credibility enjoyed by Tennessee's experi-
ment with reduced class size, several presenters called for more experiments
(randomized field trials) to evaluate education programs. Deputy Secretary
Marshall Smith characterized the policy impact of the Tennessee experiment
as“instantaneous’ and “incredibly powerful in Congress.” Compared with con-
ventional surveys, he said, such experimental trials provide more robust and
probably more valid estimates of program effects. Also emphasizing the power
of experiments to communicate, Jencks credited experiments with producing
results that are easy to understand, saying “The structure of the argument is
intuitively obvious.” Grissmer and Flanagan argued that research consensusis
more likely to emerge when a well-designed, -implemented, and -analyzed
experiment has taken place and when the analysis can show little sensitivity to
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the inevitable deviations from ideal design specifications. Although
nonexperimental studies can be filtered through the scrutiny of meta-analysis
and expert panels, they observed that this process often does not lead to
CONsensus.

Recognizing the high costs and the limits of experiments, several speak-
ers also addressed strategies for accumulating evidence over time through a
series of inter-related investigations. Smith cited the studies related to the ac-
quisition of reading skills supported by the National Institute of Child Health
and Human Development (NICHD), which he described as “not a single ex-
periment, but a series of interlocking studiestesting hypotheses about reading.”
These studies enabled NICHD to “tell a very coherent story about reading,
with immense power” in policy circles, and thus they have paved the way for
the appropriations needed to further experimental studies. Jencks, in answer to
a question from the floor, endorsed the idea of embedding small experiments
within more conventional survey designs.

Deputy Secretary of Education Smith proposed several topicswhichwould
benefit from experimental investigations, each representing an area in which
thereisatheoretical and an evidentiary base upon which to design randomized
trials, aswell as strong policy interest:

[ After-school and summer programs. Therationa efor offering extended
learning timeis clear, but little or no good evidence is yet available on
the effects of well-designed programsthat provide students with a safe
environment and adult tutoring beyond the typical school day and year.

Ll Training in parenting skills. Such training could be combined with
adult education in an experimental trial.

] Education-focused preschool programs. Evidence now indicates that
children benefit from acquiring particular skills and concepts before
they enter school, such as knowing the alphabet, knowing that one reads
from left to right, knowing the concepts of before and after, up and
down, and the like. The effects of such instruction could be studied
experimentally.

[1 Research-based interventionsin school reform. David Cohen of the
University of Michigan is launching a magjor study of schoolwide
reforms. Hismethodsinvolve detailed survey and observational methods
rather than an experimental test of the policy that encourages schoolsto
implement well-specified programs under the guidance of outside
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experts. Despite the current enthusiasm for schoolwide reforms, they
have not been well studied in either education or business.

What could not be explored in much depth in the discussions, however,
was the place that experiments might occupy in an overall portfolio of support
for research and how decisions would be made concerning such a portfolio of
experiments. Jencks noted that the Tennessee experiment was launched by the
state of Tennessee without federal help, and the state of Wisconsin has also
initiated a quasi-experiment with student-teacher ratios. Both NCES and the
Office of Educational Research and Improvement (OERI) could face uphill
struggles, for somewhat different reasons, if they wereto try to sponsor experi-
ments. For astatistical agency to takethelead ininitiating an experiment would
be unusual and might jeopardize the stability of its role and mission, at least
according to some observers. A well-funded research agency can include ex-
perimentsinitsportfolio, but OERI currently lacksthe discretionary resources
to launch such costly investigations. This dilemma suggests the need for an
innovative federal -state partnership in the organization and implementation of
an experimental agenda.

Inthelast 10 years, state testing programs have become the major source
of achievement data in the nation. Virtually every state is now committed to
more frequent testing of its students statewide in avariety of subjects across a
variety of grades. Thelargest representative sample collected in national achieve-
ment data is approximately 25,000 students, and the largest state samples
collected by NCES (NAEP Trial State Assessment) usually test around 2,500
students per state. Samples for state-administered tests include nearly all stu-
dents with the exception of certain IEP (Individual Education Program) and
LEP (Limited English Proficient) students who are excluded, so sample sizes
can be over one million students in several states. National tests are typically
given every four years, while state testing often occurs on an annua basis
within certain grade ranges. Moreover, in some states, individual student scores
can be tracked across grades and linked to specific teachers, thereby allowing
even richer longitudinal and contextual analysis.

This explosion of achievement testing in many states suggests a new di-
rection for federal data collection effort; namely, using state achievement data
as a platform for research and experimentation. The McLaughlin and Drori
study provides an example of linking this state assessment data at the school
level with federal data such as the Schools and Staffing Survey (SASS). State
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achievement data can also be supplemented with state teacher data, more de-
tailed information on resources, and facility information. The Ferguson and
Brown analysisillustrates the power of linking these data with teacher charac-
teristicsand other dataavailablein Texas. Their paper drew from state databases
that permit analysis of teacher test performance in relation to student perfor-
mance at the district level in Texas. Ferguson recommended more such work,
but observed that NCES would not have to administer teststo teachersin order
to obtain data. Instead, Ferguson suggested that the federal government play a
more active role of leadership in convening and coordinating research efforts
with organizations such as Educational Testing Service (ETS) and perhapswith
state agencies through the exchange of data with appropriate protections for
individual confidentiality.

Yet the potential for a richer “universe” as sources of data may lie in
evaluating planned interventions and experimentation. Many statesalready have
many ongoing education reformsthat could be better eval uated with these data
sets. However, afederal leadership role would encourage both random assign-
ment of schools or districts by states in the initial phase of program
implementation and then the funding of high quality program eval uations con-
ducted by national experts.

Both controlled field trials and longitudinal studies are usually seen as
intrinsically complex and costly endeavors. However, such research can range
from small to large scale. Departing from the general endorsement of |oading
more complexity onto one large multipurpose study, Robert Hauser suggested
that an alternative would be the more frequent initiation of smaller longitudi-
nal studies, such astheWisconsin Longitudinal Study. Thesewould differ from
the “larger, one-time-only or once-per-decade surveys’ that have been cus-
tomary in education. He elaborated:

We ought to be initiating cohort surveys close to birth every
year—or every other year—as a means of improving our “who,
what, when?” understanding. Such surveys should be stratified by
ethnic origin, differentially sampled. And they should provide op-
portunity for experimentation with alternative test (and
questionnaire) content and observational designs, as well as for
core content stable enough to permit aggregation of findingsacross
cohortsto yield greater statistical power.
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Such small-scale but in-depth studies can lead to better model specifica-
tionsin larger studies, even if they are not totally representative of the entire
population. Hauser arguesthat it is hard to successfully model achievement in
large samples, until we understand more precisely the development of indi-
vidual studentsin different contexts. Such smaller scale studies, if focused on
testing the assumptions usually made in larger scale research studies, could
probably contribute significantly to the devel opment of more coherent research
findings.

Small-scale experiments are also possible, given that achievement data
are usually already collected across many different states. Different types of
interventions are occurring in schools, and early development models may be
easily turned toward at least a quasi-experimentation orientation in the early
stages of implementation. Universitiesin each state could become centers for
initiating intervention research and experimentation that builds on current as-
sessment data. In discussing research on existing databases, Ferguson and
Brown, based upon their experience in Texas and Alabama, emphasized the
value of working with researchers who are based in a state and have a long-
term career interest in working with that state’'s database. Again, the federal
role would be to convene researchers around a shared knowledge-building
agenda, rather than simply to supply data.

Communicating Research Results

The seminar’s recurring emphasis on the communication of new findings
often challenged conventional assumptions and served as a reminder that sta-
tistical and explanatory presentationsare anintegral part of more sophisticated
methods of data collection and advances in data analysis techniques. Further,
decisions about the specific form of apresentation can make adifferencein the
persuasive power and ultimate value of data and research for policymakers.

Smith described the power of the Tennessee experiment to influence
policymakers—a result Jencks attributed to the transparency of experimental
results. Jencks noted the quite different implications that are often communi-
cated by displaying aggregate achievement data versus the same data when it
is disaggregated into different demographic groups. For instance, the display
of aggregate NAEP trends has often been used to imply that no gains have
occurred in achievement over the last 25 years, while the display of minority
trends shows significant gains in achievement, at least up to 1988.
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Communicating nonexperimental results is more difficult due to the
nontransparency of the analysis. However, Raudenbush’s paper providesacom-
pelling example of how a display of nonexperimental results illustrates the
varying factorsrelated to achievement differences between states. The graphi-
cal display of achievement differences across states illustrates the differential
resources and opportunities across states. | n both previous and the current work,
Raudenbush has also advocated “value-added” models of achievement when
evaluation of schools or teachersisinvolved. Separating the impact of family
and socia capital from specific schooling effects is a part of being able to
effectively partition the components of achievement differencesand effectively
communicate results.

Some other participants also addressed the topic of communication.
Grissmer advocated more emphasis on support for professional consensus ac-
tivities through conferences, National Research Council panels, and the
preparation of edited booksfocused on specific topics.? Support for consensus
panels, which are common in health research, was expressed, the intent being
to provide a more formal basis to study, form consensus, and communicate
important research conclusions.

Concluding Remarks

Reviewing the seminar papersin their totality, we are encouraged by the
large and increasing amount of achievement data being collected—some lon-
gitudinal, some cross-sectional—and we are quite optimistic that some persistent
and perplexing research questions are now empirically answerable. Besides
the data collected by NAEP and the combination of main and State NAER, itis
now possible to determine the relative variations between states and between
schools within states. In addition, the research is now beginning to examinein
more detail the resource differences associated with these outcome measures.
In addition, some states have collected longitudinal databases at the student
level for all schools and districts, therefore permitting researchers to measure
grade-specific changesin student performance over their yearsin school. Many
of these new databases al so allow the statistical examination of multilevel fac-
tors (such as school - and district-level factors) and social context factors, where
the performance of certain types of students may be quite different depending

2 Examples of recent books include the following: Ladd 1996; Burtless 1996; Jencks and
Phillips 1998; Ladd, Chalk, and Hansen 1999; and Ladd, Chalk, and Hansen 2000.
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upon the social and racial composition of the school. On the horizon, datawill
be available for a new longitudinal cohort of students beginning in kindergar-
ten and extending through fifth grade, which are coupled with parent, teacher,
and administrator surveys;, these new data sets should fill in many gapsin our
knowledge concerning instructional practices and the relative importance of
family and out-of-school social factors. Finally, we are optimistic that, in the
near future, new governance arrangements will expand opportunities for state
and federal researchersto link and analyze new databases, thereby generating
more refined statistical estimates of these factors.

The accurate and valid measurement of student achievement and perfor-
mance will increase in importance over time. Not only is “testing” becoming
more “high stakes” in some states, but research on these issues is al'so becom-
ing “high stakes” For better or worse, student achievement is increasingly
being used to measure the effectiveness of schools in some states, as well as
the overall effectiveness of the resources committed to education change. The
federal government, state legislatures, and district policymakers increasingly
utilize the findings from this research to guide and justify their policies; and
research findings are commonly utilized in equity and adequacy lawsuits be-
ing pursued in many states. Likewise, the*quality of education” ranks near the
top of voters' concerns in national, state, and local elections; and, unfortu-
nately, candidatesfor public office are tempted to utilize achievement test scores
as evidence for the success or failure of new reform policies. Significant in-
creasesin educational spending areacommon part of the agendaof both political
parties, and these increases are now often linked to accountability for produc-
ing higher achievement.

Although the findings from education research are being cited and uti-
lized more frequently by policymakers, a wide range of inconsistent, and at
times contradictory, research results are often put forth. Researchers have many
different explanations for why findings are inconsistent. One explanation at-
tributes theinconsistency to the actual difference in the effects across different
contexts. This explanation trusts the modeling processto accurately estimate a
“real” effect, but expects the results to differ due to the different contexts. For
instance, two measurements of the effects of per pupil expenditure might dif-
fer because the money may be allocated more effectively in some cases, and
the inconsistency isinterpreted as reflecting a public school system that lacks
incentives to utilize money well.
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A second explanation attributes the inconsistent results to flaws in the
modeling process, and not to “real” differencesin effects. It assumes that the
inconsistent findings reflect imprecise modeling methods that do not fully re-
flect the complexity of the process being measured. Previous modelsarerarely
comparable, because different data sets are used with varying quality of data
or different model specifications or different estimation methods. In this case,
widely varied findings are interpreted as inconclusive, and conclusions are not
drawn from these models about the efficiency or effectiveness of school
systems.

Itisdifficult to determine how much of theinconsistency isduetoimpre-
cision in modeling versus real contextual variation in the actual effect when
we rely primarily on nonexperimental measurements, but several directions
for research can be helpful. Thefirst isto use similar model specifications and
estimation across a variety of large data sets to eliminate certain sources of
variance—different specifications and estimation methods.® A second direc-
tion is to utilize data sets with the most complete sets of variables to explore
the sensitivity of variable coefficients to less complete variable sets.* (For in-
stance, many databases contain few family background variables, often just
race-ethnicity and a measure of income obtained at one point in time, such as
qualifying for free and reduced price lunch. Data sets containing amuch richer
set of family resource variables can be used to explore which schooling vari-
ables are affected by less complete sets of family variables and how much
sensitivity exists.) A third direction isfor literature reviews to address directly
the question of why many findings differ across studiesrather than simply note
that findings are widely dispersed.> A fourth direction isto use different esti-
mation techni ques across the same data setswith similar variablesto determine
how sensitive these measures are to different estimation methods. A fifth di-
rection is to empirically test directly some of the major assumptions used in

8 One example of thisis Hedges and Nowell (1998). They fit models with similar family
variables across a variety of data sets that have achievement and family variables.

4 An example of thisis Goldhaber and Brewer (1997).

5 A recent example of thisis Krueger (1999). Krueger takes the findings from each study
used in Hanushek, Rivkin, and Taylor (1996) and tests whether the conclusions are
sensitive to the criteria used for measurement inclusion and level of aggregation. Other
examples include Greenwald, Hedges, and Laine (1996) and Hanushek (1996), where the
sensitivity of results to output measures, specification, time of publication, school level,
and level of aggregation are tested. Grissmer et al. (forthcoming) also try to explain the
pattern of different results of previous measurements by level of aggregation.
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nonexperimental analysis.® There are examplesin theliterature of each of these
five types of analysis, but there is not a coherent effort to improve our
nonexperimental analysis based upon these studies.

Focusing on why nonexperimental measurements produce different find-
ings and discovering the underlying hypothesis that explains the pattern of
variance can be helpful, but it isdoubtful whether research consensus can emerge
from this process alone. There are simply too many different possibilities that
might explain why nonexperimental measurements differ and current data sets
have significant limitations in their ability to support such analysis. However,
two complementary directions—experimentation and micro-process theory
building—may eventually provide decisive evidence that can explain the vari-
ance in nonexperimental analysis and lead to a convergence of evidence from
which scientific consensus can emerge. Well-designed, -implemented, and
-analyzed experimental datathat show little sensitivity to the inevitable devia-
tions from ideal design can serve two purposes. First, more reliable
measurements can serve as benchmarks for evaluating results from
nonexperimental models. Second, experimental data can serve to calibrate
nonexperimental models by identifying specifications and estimations that can
predict experimental results. Thus, experimental data can contribute to our un-
derstanding of why inconsistent findings exist in nonexperimental measurements
and why convergence between experimental and nonexperimental evidence
may eventually emerge.

Still, finding consistency across experimental and nhonexperimental evi-
dence leaves out one important element from which scientific consensus
develops. The power of theoriesisthat they can successfully explain past em-
pirical results and predict future empirical results and ultimately provide the
authority from which scientific consensus emerges. Theories that successfully
predict how teachers and students will change behavior in smaller classrooms,
and how that changed behavior leadsto higher achievement, and why there are
different behavior changesin classes with high and low SES begin to generate
the authority for consensus. The ultimate test, however, is for the theory to
generate new constructs and operational definitions and subsequently to pre-
dict their effects on achievement outcomes.

6 An example of thisis Heckmaan, Layne-Farrar, and Todd (1996).
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Theory building does not receive much emphasis in education research,
partly becauseit is difficult terrain to negotiate. Theory building is necessarily
multidisciplinary because the building blocks come from psychology, child
development, cognitive science, economics, and sociology. Further, it involves
human behavior as well as developmental processes. However, theory build-
ing can begin with much simpler goals, such as predicting how achievement
changes when resources or teachers change by linking changes in classroom
and home behavior when resources change. Successful theories are not only
an ultimate goal of good scientific research, but also can be very effective
communication tools since they tell “stories” of why resource changes affect
achievement.’

Theory development requires a coordinated research agenda and more
comprehensive data collections. The Tennessee class size experiment, with its
associated collection of classroom data, was a good beginning for the 1980s.
But this experiment could have collected better data aimed at explaining why
achievement was sustained after students left the smaller classesin later years
in school. What behavior or developmental pattern changed to sustain these
results through eighth grade, and why did those students in small classes for
only one to two years not sustain gains as compared to those in small classes
for threeto four years? More detailed classroom and home observations, more
information concerning peer and family relationships, and eventually brain
processing patterns in early and later grades for students in small and large
classes can help explain such effects, and provide the basisfor theory building.

Reflecting on the presentations, discussions during the seminar, and the
revised papersin this book, we are hopeful that the deliberations have enabled
federal researchersand other policymakersto take stock of innovative research,
and especially of achievement research, as areas of empirical inquiry. This
process of rethinking basic assumptions should facilitate new understandings
of where education research has been in the past and, more importantly, where
new challenging research opportunities may be presenting themselves in the
future. Thus, our effortsto ensure richer quality of information from our data
sources, improved methods of empirical inquiry, and more informative theory
building should be enhanced by an occasion when different groups come to-
gether to exchange ideas and present written summaries of their findings. It s,

7 See Educational Evaluation and Policy Analysis 20(2) (1999, summer) on class size for
an example of linking research together to support theory building.
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for example, gratifying to realize the abundance of data now available, com-
pared to the skimpy information prior to the publication of “the Coleman report”
in 1966. Further, it is encouraging to recognize the expanding applications to
education policy that are the results of utilizing federal and state data collec-
tions. For the diverse research community encompassed in the seminar,
intellectual challenges remain: fine-tuning existing data collection strategies,
exploring linkages and connections between federal and state data sources,
improvementsin specifications within statistical models, and building relevant
and useful theories of education processes. Thoughtful consideration of se-
lected recommendations contained in thisreport should |ead to amore coherent
and productive research agenda for federal statistical agencies and state re-
search organizations; to promising partnerships between these researchers and
independent entities such as ETS; and eventually to an expansion of knowl-
edge that facilitates and promotes student learning in schools.
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