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I. INTRODUCTION

Education researchers, practitioners, and policymakers alike are committed to
identifying interventions that teach students more effectively in a variety of areas. Their
search involves such questions as: What interventions offer the best reading curricular?
Which ones have the potential to improve academic performance in high-poverty schools?
How can school libraries be used more effectively? School-level data, such as the nationwide
School-Level Assessment Database (SSASD) now being assembled by the American
Institutes for Research for the Department of Education, can be used to address these types
of questions about the effects of school- or district-level interventions.

The SSASD contains assessment data on 80,000 public schools in nearly all states in the
country. This public-use dataset is available at http://www.schooldata.org and currently
contains data from 1993 through 2003, with the exact years available varying by state. The
data have also been merged with the Common Core of Data to provide other, more basic
information on the schools, such as the percentage of students eligible for free or reduced-
price school lunch. When used carefully, and particularly when supplemented with more
information on school characteristics, the SSASD is a rich and useful data set for estimating
the causal effects of educational interventions at the school level.

This paper presents the now-common framework of potential outcomes for estimating
causal effects, emphasizing the assumptions necessary to estimate these effects and how the
framework and assumptions relate to the SSASD. It also provides some examples of the
types of analyses now based on the SSASD.
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A. A FRAMEWORK FOR DEFINING CAUSAL EFFECTS

The framework presented here is based on a formulation by Neyman (1923) and Fisher
(1925) for randomized experiments, which was extended to observational studies by Rubin
(1974; 1978). In this framework, the three building blocks for defining causal effects are
treatments, units, and potential outcomes.

1. Treatment and Control Conditions

Like the studies using the SSASD considered in this paper, current education research is
largely intended to measure the effect of some intervention (the treatment) relative to a
different intervention or no intervention at all (the control). Although the treatment is
generally easily defined since that is the intervention of primary interest, the definition of the
control may be more elusive. For instance, in a study estimating the effect of a new reading
curriculum, to what do we want to compare that new curriculum? To the previous
curriculum? To a different new reading curriculum? To no instruction in reading? Each
study may define the control condition slightly differently, and so having a clear
understanding of the control condition of interest will assist both in designing and in
interpreting results from any study estimating causal effects.

2. ‘The Units

The units are “entities” to which a treatment is assigned. A new reading curriculum, for
example, may be assigned to an entire school, to certain classrooms within a school, or to
individual students. When the units are schools or school districts, the SSASD, because it
contains school-level data, can be used to estimate the causal effects of an intervention at the
school-level. Without student- or classroom-level data, the SSASD cannot be used to
estimate the effect of interventions applied at the student- or classroom-level.

Having a clear understanding of the appropriate unit of analysis prevents conclusions
being drawn at an incorrect level (e.g., at the student level, when schools were randomly
assigned to treatment conditions). In the SSASD, which has school-level data, the units
must be schools or other higher-level units such as districts. These school-level impacts
must be interpreted carefully in that researchers cannot assume that the relationships
observed at the school level also apply at the student level. The tendency to inappropriately
apply relationships observed at a higher level (e.g., results for schools) to a lower level (e.g.,
results for students) is known as the “ecological fallacy” or Simpson’s Paradox (see, for
example, Freedman 2001).

3. Potential Outcomes

The causal effect of an intervention on a particular unit is a comparison of two
“potential outcomes:” the outcome if the unit receives the treatment and the outcome if the
unit receives the control (Rubin 1974).  For instance, assume that the new reading
curriculum is assigned at the school level, and that the control is the existing reading
curriculum used throughout a state. The potential outcome under the treatment condition
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(the new reading curriculum), often denoted Y(1), is the outcome (for example, average test
scores) a school would experience if it were using the new reading curriculum. Likewise, the
potential outcome under the control condition, often denoted Y(0), is the average test scores
a school would experience were it using the existing reading curriculum. The “fundamental
problem of causal inference” (Holland 19806) is that, for each unit, we can observe only one
of these potential outcomes because each unit receives either treatment or control. Causal
inference is thus inherently a missing data problem, where at least half of the values of
interest (the potential outcomes) are missing.

B. LEARNING ABOUT CAUSAL EFFECTS

Given that we can never observe both potential outcomes for a particular unit and thus
individual-level causal effects are never observed, how can we learn about causal effects?
Section A presented the framework for defining causal effects; this section discusses the
three key concepts required to estimate those effects: replication, stability, and the
assighment mechanism.

1. Replication

Replication means that there are multiple units for which we can observe one of the
potential outcomes. If there were only one unit (that received either treatment or control),
we would have no information on the missing potential outcome. However, with some
units assigned to treatment and others to control, we can use the treated units to learn about
the potential outcomes under treatment and the control units to learn about the potential
outcomes under control.

2. Stability

The “stability” assumption, also known as SUTVA (the “stable unit treatment value
assumption”), has two components. The first is that each unit’s potential outcomes are not
affected by the treatment assignment of any other units. In other words, there is no
interaction between units. This assumption is sometimes difficult to believe in educational
settings. For instance, if the units are classrooms and students in control classrooms interact
on the playground with students in treatment classrooms, the treatment may “spill over”
onto the control students, thus affecting their outcomes. We could see a similar spillover
effect in teaching methods across schools in the same districts if teachers delivering the
treatment curriculum interact with teachers delivering the control curriculum. A carefully
designed study can preclude the effects of this interaction, for example, by choosing
treatment and control schools in different districts or by otherwise preventing
communication between treatment and control units, although the implications of these
design choices must be carefully thought through. The second component of SUTVA is
that there are no “versions” of the treatment or of the control—i.e., the same treatment is
administered to all units in the treatment group (and likewise for the control group).
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3. The Assignment Mechanism

The “assighment mechanism” determines how units are assigned to the treatment and
control groups and thus which potential outcomes are observed. Random assignment is a
known assignment mechanism that is particularly useful because it ensures that the
covariates are balanced between the treatment and control groups. In other words, in large
randomized experiments the treatment and control groups will be only randomly different
from one another on all background covariates, observed and unobserved. Thus, any
difference in outcomes between the two groups can be attributed to the treatment itself, not
to pre-existing differences between the groups.

In observational studies, however, in which the treatment is not assigned randomly and
the true assignment mechanism is unknown, we must posit a hypothetical assignment
mechanism. A key assumption in observational studies is that of strongly ignorable
treatment assignment (Rosenbaum and Rubin 1983a), which implies that (1) treatment
assignment is independent of the potential outcomes given the observed covariates, and (2)
there is a positive probability of receiving each treatment for all values of the observed
covariates. Therefore, under this assumption, conditional on the observed covariates, there
are no differences between the treatment and control groups on unobserved covariates that
are correlated with the potential outcomes. Analyses of sensitivity of the results to this

assumption can, and should be, performed, for example, as described by Rosenbaum and
Rubin (1983b).

II. LORD’S PARADOX

A. The Importance of Thinking Clearly About Causal Effects: An Example

To illustrate the pitfalls of making statements about causal effects without considering
the fundamental concepts, we use an example originally posed by Frederick Lord in 1967.
This discussion has often been invoked in debates on the use of covariance adjustment
versus gain scores in educational research, although it perhaps more clearly shows the
fundamental importance of the assighment mechanism in causal inference. The discussion
here is based closely on Holland and Rubin (1983). Consider the following:

“A large university is interested in investigating the effects on the students of the
diet provided in the university dining halls and any sex differences in these effects.
Various types of data are gathered. In particular, the weight of each student at the
time of his arrival in September and his weight the following June are recorded.”

(Lord 1976, p. 304)

Lord goes on to say that the distribution of male weights is the same in September and
June, and the distribution of female weights is also the same in September and June. In
other words, the average weight for men is the same in September and June, and the
variance of the male weights is the same in September and June (and the same is true for the
women). Lord then posits two statisticians who come to two apparently contradictory
conclusions about the differential effects of the dining hall diet.
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Statistician 1 observes that there are no differences in the weight distributions between
the beginning and end of the school year for men or women, and so concludes that:

“...as far as these data are concerned, there is no evidence of any interesting effect of
diet (or of anything else) on student weights. In particular, there is no evidence of any
differential effect on the two sexes, since neither group shows any systematic change.”
(Lord 1967, p. 305)

Statistician 1, using the difference in mean weight gains for men and women as the estimated
differential causal effect, thus concludes that there is no differential causal effect since
neither group gains nor loses weight.

Statistician 2, in contrast, uses regression adjustment to compare the average June
weights of men and women with the same September weight. Statistician 2 uses the
following linear model: E(Y |X,G=i)=a, + bX, where Y is June weight, X is September
weight, and G is the gender of the student (1=male, 2=female). This model assumes that
the regressions of June weight on September weight for men and women are linear and
parallel to one another. Statistician 2 estimates the differential causal effect as a;-a, which is
the covariance adjusted mean difference in June weights. Statistician 2 thus concludes that,
because a man will weigh more in June than will a2 woman of the same initial weight (i.e.,
a,>a,), the diet must have a larger effect on men.

B. Resolving the Paradox

How can this apparent contradiction be resolved? Which statistician is correct? The
answer, described in detail in Holland and Rubin (1983), is that either statistician can be
correct: that it depends. In particular, it depends on what is assumed about the control
condition. As Lord originally posed the question, no control condition is described:
everyone in the school receives the school diet, so we do not observe any individuals under
the control condition. In fact, because we don’t even know what the control would be, any
assumption about the control condition is untestable. FEither statistician can therefore be
right, depending on what is assumed about the control.

Both statisticians assume that the potential outcome under control conditions is a linear
function of the September weight, Y;(0)=a+BX, but they make different assumptions about
the values of a and B. Statistician 1 assumes that a=0 and B=1: that each student’s June
weight under control is equal to his or her weight in September (Y;(0)=X)). Statistician 2, on
the other hand, assumes that the value of “a” depends on a student’s gender, but that B is
the same for men and women.  As stated by Holland and Rubin (1983), “Since [both
assumptions| cannot be tested with the available data, acceptance or criticism of [them] must
be based on intuition and/or subject-matter experience” (p. 11). While both statisticians’
analyses are correct as descriptive statements, neither is necessarily correct or incorrect as a
statement about causal effects: it depends on the assumptions made.
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C. Pre-post Studies in Educational Research

In the context of the SSASD, Lord’s paradox illustrates the importance of having a clear
understanding of the control condition, and observing some units under that condition.
One approach sometimes used to estimate causal effects is to do a pre-post design, where,
for example, test scores before a new curriculum is implemented are compared with test
scores in the academic year after the curriculum is implemented. However, as illustrated by
Lord’s Paradox, changes over time do not necessarily suggest that the curriculum had a
causal effect on test scores.

Like the approach taken by Statistician 1 in Lord’s Paradox, a standard pre-post
comparison implicitly assumes that the potential outcome under control is equal to the pre-
test score: Y(0)=X (or in a slightly more sophisticated analysis, as in Rand Corporation et al.
2004, that the trends in test scores would be the same pre- and post-treatment in the absence
of the intervention). Stated another way, a pre-post comparison assumes that, in the absence
of the treatment, test scores in any given year would be the same as those in the previous
year. This assumption should be assessed with care in each particular study and it should be
clear in any discussion of impacts that this assumption is driving the results. For example,
when the intervention is applied to individual students, is it reasonable to assume that,
absent the treatment, a student’s test score at the end of the year will be equal to his or her
test score at the beginning of the year? Will students not learn anything new if they are not
in the treatment group? Similarly, test scores may increase from one year to the next just
because students become more familiar with the type of test administered. Without a
comparison group, it is impossible to determine how much of the change is due to the
treatment itself and how much is due to other factors such as changes in time. In other
words, without a comparison group, it is impossible to estimate causal effects without
making strong, untestable assumptions about the potential outcomes under control.

ITI. DESIGNING OBSERVATIONAL STUDIES TO ESTIMATE CAUSAL EFFECTS

A. Replicating a Randomized Experiment

Although a well-designed random assignment study is the most desirable way to
estimate causal effects, it is not, for a variety of reasons, always possible in educational
research. Thus, educational researchers often analyze observational data, in which we simply
observe that some units received the treatment and others did not. If these two groups of
units are very different from one another, the potential outcomes under treatment for the
control group are predicted using information on the treated individuals, who look very
different from those in the control group. Likewise, the potential outcomes under control
for the treatment group are predicted using information on the control individuals, who look
very different from those in the treatment group.

In analyzing data from an observational study, we will conceptualize a hypothetical
randomized experiment and try to replicate its design with the observational data, with the
aim of comparing units that look similar before random assignment. The full design of an
observational study should thus include not only the pre-specification of the outcome
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models that will be run, but also the careful selection of the units that will be used in the
outcome analysis. As discussed by Rubin (2001), observational studies all too often consist
simply of running models with a treatment indicator and a set of covariates as predictors.
Instead, observational studies should be designed as randomized experiments are designed—
without access to the outcome data and with a clear understanding of the treatment and
control conditions. This approach involves investigating the extent to which the treatment
and comparison groups are similar in terms of background covariates and then using
methods such as matching or subclassification to ensure that the treatment effects are
estimated through the use of samples that look similar to each other before the treatment is
received.

B. Matching Methods

Matching methods such as propensity score matching are becoming more and more
popular as a way to estimate causal effects using observational data. These methods, which
select subsets of the original treatment and control units who are the most similar on the
observed covariates, can be conceived as a way to replicate a randomized experiment by
selecting treatment and control units that look only randomly different from one another on
all of the observed covariates.

Propensity score matching or subclassification is particularly useful for selecting units
that are similar to one another on a large set of covariates. The propensity score
(Rosenbaum and Rubin 1983a) collapses the full set of multidimensional covariates into a
scalar summary that is the most important for selecting matched samples: the probability of
receiving the treatment, conditional on the covariates. The matching can then be done on
this scalar summary rather than on the full set of multidimensional covariates. The intuition
behind this is that if two units have the same propensity score but are in different treatment
groups, which unit received treatment and which received control was determined randomly.
Thus, within a small range of values of the propensity score, the distribution of covariates
should be the same in the treatment and control groups. We do not have space here to go
into the details of matching methods; some of the complexities include the choice of
covariates to include in the matching, the number of matches to select, whether to match
“with replacement”, and how to define the distance between two units. Theoretical results
regarding the propensity score and reviews and examples of the methods can be found in
Rosenbaum and Rubin 1983 and Imbens 2004.

C. Dangers of Regression Adjustment on the Full Samples and the Benefits of
Matching

Once matches or subclasses have been formed, the outcome analysis can proceed.
Because the covariate distributions are selected to be similar, the impact estimates will be less
dependent on the modeling assumptions than are regression estimates based on the full
sample. Intuitively, a regression analysis based on the full original data sets assumes that the
relationship between the covariates and the outcome is linear across the entire space of the
covariates. Consider a situation where there is little overlap in the covariate distributions of
the treatment and control groups and we would like to impute the missing potential
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outcomes under control for the treatment group. While a linear model might be a good fit
for the observed potential outcomes under control, we cannot know whether the linearity
still holds in the space of the treated units’ covariate values if the treatment units have a very
different distribution of covariates as compared with the control group. Moreover, because
few control units are observed in that space, there are no regression diagnostics that can be
done to assess the model fit there. In contrast, regression modeling on matched samples
relies on an assumption of linearity across a smaller range of the covariates (and in a space
where there is overlap in the covariate distributions of the two groups), which is much more
likely to be reasonable.

The extrapolation required when the treatment and control groups have very different
covariate distributions can lead to large biases if the wrong outcome model is used. For
example, Cochran and Rubin (1973) show that linear regression adjustment [i.c., ordinary
least squares (OLS)] can actually increase bias in the outcome when the true relationship
between the covariate and outcome is even moderately nonlinear, especially when the initial
covariate bias and variance differences between the groups are large, as is often the case with
observational data.  Rubin (2001) gives three conditions for regression analysis to be
“trustworthy” “If any of these conditions is not satisfied, the differences between the
distributions of covariates in the two groups must be regarded as substantial, and regression
adjustment will be unreliable and cannot be trusted. These conditions are:

1. The difference in means of the propensity score in the two groups being compared
must be small (e.g., the means must be less than half a standard deviation apart),
unless the situation is benign in the sense that: (a) the distributions of the covariates
in both groups are nearly symmetric, (b) the distributions of the covariates in both
groups have nearly the same variances, and (c) the sample sizes are approximately
the same.

2. 'The ratio of the variances of the propensity score in the two groups must be close
to one (e.g., /2 or 2 are far too extreme).

3. The ratio of the variances of the residuals of the covariates after adjusting for the
propensity score must be close to one (e.g., /2 or 2 are far too extreme).”

When matching has been used to select similar units, these conditions are much more likely
to be satisfied. Consistent with this, matching methods combined with regression have been
shown to yield less biased estimates of treatment effects, as compared with regression
adjustment alone (e.g., Rubin 1973a,b; Dehejia and Wahba 1999; Ho et al. 2005).

In addition to reducing dependence of the impact estimates on the model specification,
matching methods have two other benefits. First, they highlight data sets or analyses in
which units that are very different from each other would be compared. Whereas standard
regression diagnostics do not warn the analyst about the extent of extrapolation required for
inferences, matching methods can both provide this information and ensure that the analysis
is done on comparable units. Even if matching is not used to select the comparison group,
the process of attempting to choose matches will highlight the extreme extrapolations that
may be required. The second benefit of matching is that the outcome variable is not used in
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the matching process. In standard analyses of observational data, however, each time
multiple outcome models are run, the analyst sees the estimated treatment effect. Setting up
the design first and then selecting comparable units to reduce model sensitivity prevents bias,
or even the appearance of bias, that might result from selecting a set of matched units to
yield a desired result.

IV. ESTIMATING SCHOOL-LEVEL CAUSAL EFFECTS USING THE SSASD

This section reviews some of the current work in which the SSASD has been used to
estimate causal effects (see, for example, Moss et al. 2004; U.S. Department of Education
2004a,b). The interventions, or treatments, considered in this work include comprehensive
school reform (CSR), Reading First, and increasing school choice. Because the SSASD is a
school-level data set, the units are restricted to be schools or other higher-level units such as
districts. Finally, the potential outcomes in any analysis based on the SSASD are likely to be
school-level test scores under treatment and control.

A. Selecting a Comparison Group

Although the SSASD essentially dictates the units and the outcome of interest for any
study in which it is used, because data is observed on such a large number of schools, it can
be used to investigate the effects of a variety of interventions. The treated schools are those
that received the intervention. Because the interventions of interest were rarely randomly
assigned to a set of schools, defining the control condition and identifying comparison
schools is sometimes more difficult to do. Indeed, one of the most common problems
faced in the studies based on the SSASD was finding an appropriate comparison group.
Although most of these studies do have some sort of comparison group, the adequacy of
this group varies in terms of its comparability with the treated schools. Of the ten studies
distributed for this symposium that use the SSASD to estimate school-level causal effects,
two did not use any comparison group, three used all other schools in the state as a
comparison group (and did not illustrate that the comparison and treatment groups were
similar on any covariates), and one did not specify how the comparison schools were
selected. Only four studies chose a comparison group based on pre-treatment similarity to
the treatment group, with two studies choosing a comparison group using only one covariate
(school poverty level), and only two selected a comparison group using more than one
covariate (school poverty level, previous test scores, and racial distribution).

The SSASD data raises two main challenges in identifying an appropriate comparison
group. The first is finding control schools that look like the treatment schools, and the
second is having enough information to even be able to determine whether schools are
similar.

1. Selecting Appropriate Comparison Schools

The studies considered in this paper indicate that it is difficult to select appropriate
comparison schools from the SSASD either because there are not enough comparison
schools available in the data set, or more generally, because there are no good matches in the
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population. For example, in the Longitudinal Assessment of the Comprehensive School
Reform (CSR) Program (U.S. Department of Education 2004b), the authors use a matched
pairs analysis, but because schools were chosen to be in the program because they had
particularly low test scores, the non-CSR schools had, by definition, slightly higher baseline
achievement than did the CSR schools. The authors therefore selected the “best available
matches given the requirements,” but Exhibit B-5 in that report illustrates that there were
large pre-existing differences between the CSR schools and the non-CSR comparison
schools.

In the Reading First Implementation Final Study Design, Moss et al. (2004) faced a
similar problem. Because of the criteria used to determine which schools receive funding, it
is difficult to identify untreated schools that are similar to the treatment schools and
therefore suitable as a comparison group. The authors addressed this limitation by making it
clear that they were not measuring the “effect” of Reading First (RF) programs, in particular,
“This design will not attempt to explicitly measure differences in between RF and non-RF
schools” (p. 12). As the authors suggest, it is sometimes necessary to conclude that it is not
possible to estimate causal effects given the available data because the treatment and control
schools are too different on too many variables to be able to accurately identify the effect of
the intervention.

One approach to selecting comparison schools is to use all untreated schools as a
comparison group; two of the ten studies distributed for this symposium used this approach.
However, many of those schools may not be comparable to the treated schools. For
example, if a large set of low-poverty schools were included in a study of a program for
high-poverty schools simply because they were “untreated,” it would be impossible to say
whether a difference in the outcomes between the treatment and the comparison schools
was a function of the treatment alone or of other characteristics exhibited by the comparison
schools but not by the treatment schools.

One example of a study that uses all untreated schools as a comparison group is the
evaluation of the Comprehensive School Reform Demonstration (U.S. Department of
Education 2004a), in which the authors state that they considered selecting comparison
schools but that “there were concerns about whether the methods used to select these
comparison schools actually resulted in a truly comparable comparison group.” If the
authors do feel that the full group of untreated schools forms a better comparison group
than would a smaller sample of matched schools, it would be helpful to show diagnostics of
this, for example, by comparing the means of baseline characteristics of the groups. The
authors also state that they did not choose a comparison group “. . . because the choice of a
comparison group could bias results in favor of finding an effect...” (p. A-10). However,
when matching is used to select a comparison group solely on the basis of pre-treatment
covariates, and when the analyst choosing the matches has no access to the outcome variable
the results will not be biased in one direction or the other. That is, if comparison schools are
very similar to the treated schools before treatment assignment, then it is likely that the
resulting impact estimates will be less biased than if the full set of untreated schools is used
(see, e.g., Dehejia and Wahba 1999).
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2. Identifying Appropriate Comparison Schools

The second problem in using the SSASD data is that it is difficult to determine whether
two or more schools look alike because the covariate data on schools in the data set are
limited. To attribute differences in the outcome to the intervention, researchers have to
assume that the schools were only randomly different from one another on all background
covariates before the treatment was assigned. In other words, that treatment assignment was
random, conditional on the observed covariates (unconfounded treatment assignment;
Rubin 1978). As discussed earlier, most current studies using the SSASD match on only 0,
1, 2, or 3 covariates, implying that there may still be large differences in the pre-treatment
distributions of many covariates. If there is extensive background information on school-
level factors that may affect the outcome of interest—test scores, poverty level, school size,
etc.—and if close matches are found on all of the observed covariates, then the assumption
of unconfounded treatment assignment may be fairly believable. However, if the
information on the schools is limited, the assumption may be less credible.

Fortunately, the problem of identifying comparison schools is more easily solved than is
the problem of selecting appropriate comparison schools. With regard to the latter, good
comparison schools may simply not exist. In terms of the former, however, the covariate
information (i.e., the data to identify good matches) can be obtained either from other
datasets and merging these files with the SSASD or by collecting more data from the
schools. For example, McLaughlin et al. (2000) show the feasibility of linking the SSASD
with the Schools and Staffing Survey. Census data also can be merged with the SSASD to
provide community-level demographic information. In addition, more extensive test score
data collected from schools, for example standard scores or percentiles rather than simply
the percentage of students proficient at various levels, can round out the picture of
achievement before treatment assignment.

B. Models of the Outcome

This section describes some of the common outcome models used to estimate
treatment effects in analyses of education data. Because these studies are generally based on
observational data, the discussion emphasizes the underlying hypothetical randomized
experiments, with particular attention on what is being assumed about or imputed as the
potential outcome under control for the treatment units. The outcome of interest is
assumed to be school-level test scores; scores measured after the intervention was
implemented are referred to as “post-test” scores, and test scores measured before the
intervention was implemented are referred to as “pre-test” scores.

1. Compare Post-Treatment Test Scores

A simple (and perhaps naive) estimate of the treatment effect can be obtained simply by
taking the difference in means of the outcome (e.g., test scores at the end of the school year)
between treatment and control schools:
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where 7 is the estimated treatment effect, ), is the average outcome (the average of the
average test scores) in the treated group, and ), is the average outcome in the control group.

In this case, the potential outcome under control is effectively being imputed for each
treated unit as .

In a randomized experiment where each unit has the same probability of receiving the
treatment, this difference in means is an unbiased estimate of the true average treatment
effect. However, in the absence of randomization, the difference is a biased estimate of the
treatment effect if the treatment and control groups are not comparable (e.g., if smaller
schools tend to be in the treated group and larger schools tend to be in the control group).
If close matches obtained in an observational study are such that the covariate distributions
are the same in the two groups, this estimator can provide a good estimate of the treatment
effect. However, it is generally better to use one of the regression methods described below,
which control for small differences in the covariate distributions between the treatment and
control groups (see, e.g., Imbens 2004).

2. Regression Adjustment

Regression adjustment fits a model of the outcome conditional on the covariates. A
common procedure is to estimate a linear regression model (OLS) with the treatment
indicator and covariates as predictors of the outcome of interest: E(Y | T,X)=a+[1*T+BX +
e, where 7 is taken as the estimated treatment effect. The missing potential outcomes under
control are effectively being imputed as Y,(0)=a+BX.

3. Comparing Gain Scores

Another common approach for estimating the effect of an educational intervention is to
compare the treated and control schools in terms of gain scores. The gain score is defined
as the change in scores over time, for example, between the beginning and end of the school
year or from one year to the next. These methods are also sometimes called “difference-in-
difference” models because they take the difference (between treated and control groups) of
the difference (change) in test scores pre- and post-intervention. This is very similar in
concept to comparing outcome test scores. In fact, if the intervention is assigned randomly,
in expectation the two methods estimate the same quantity:

r:E((?l _371)_()_/0 _)_CO)):E(yl _)_/0)

because in a randomized experiment, E(X,)=E(X,). Thetrefore, because estimates based

on post-test scores or on gain scores both provide unbiased an unbiased estimate of the
treatment effect in a randomized experiment, gain scores do not help to reduce bias in
randomized experiments as compared with simply analyzing post-test scores. However, if
the pre- and post-test scores are correlated, as would be expected, using gain scores can yield
more efficient estimates. Regressing the covariates on the gain in test scores is also a special
case of regressing the covariates, including the pre-test score, on the post-test score, where
the coefficient on the pre-test score is set equal to one. Thus, the efficiency gained by
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analyzing gain scores instead of post-test scores is also a special case of the efficiency
achieved by including covariates in regression models in randomized experiments, as
discussed by Bloom, Richburg-Hayes, and Black (2005).

The approach of selecting well-matched units and then comparing gain scores is used in
the study of improving literacy through school libraries (Paper 10) and in the National
Longitudinal Study of No Child Left Behind (Rand Corporation et al. 2004), which
compares gain scores in a set of treated schools and a set of matched comparison schools.
That paper also includes a nice description of the methodology and the underlying
assumptions. McLaughlin et al. (2002) also compare gain scores in Title I schools to the
gain scores in non-Title I schools, and the U.S. Department of Education (2004) compares
gain scores between CSR and non-CSR schools.

4. Interrupted Time Series Design

An interrupted time series design models trends in time and compares the outcome
predicted from those trends with the outcome actually observed. For example, if 10 years of
pre-treatment test scores are available, a model is fit to those 10 years of data, and the
outcome at year t+1 is predicted on the basis of that model, where t is the year of treatment
assignment. Deviations from that prediction are interpreted as the effect of the treatment
administered in year t. Thus, the potential outcome under control is assumed to be the
prediction for the year of interest obtained from a model of the trend in scores estimated in
the years prior to the treatment.

Although intuitively appealing, these interrupted time series designs are highly
dependent on the modeling assumptions. For example, although both a linear and a
nonlinear baseline trend may fit the observed data fairly well, they can also result in very
different estimates of the treatment effect because of the extrapolation required: the
outcome at a future point in time is predicted only on the basis of data from before that time
period. It is therefore very important to assess sensitivity to the model by using several
models of the outcome, as done in Bloom (2001).  In addition, like Lord’s Paradox, these
designs use as a control the treated schools at an earlier point in time, rather than using a set
of comparison schools that did not receive the intervention. And without a control group, it
is impossible to know if deviations from the trend are a result of the treatment itself or other
factors that change over time.

Bloom (2001) uses an interrupted time series design in the evaluation of Accelerated
Schools, providing a nice description of the method and its assumptions. He also mentions
the possibility of combining this method with a comparison group design, an approach that
should certainly be pursued. In the Reading Excellence Act and School Implementation and
Impact Study, Moss et al. (2003) do this, using an interrupted time series design in
combination with a set of comparison schools, in which test scores in schools not receiving
Reading Excellence Act (REA) funds are modeled over time, and the values predicted from
that model are compared with the outcomes observed in the REA-funded schools. A
relevant question not answered in that report is how well the model predicted future scores
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for non-REA schools. That information could provide a diagnostic for how well the model
predicts the score under control for the REA-funded schools.

5. Regression Discontinuity Designs

Regression discontinuity designs take advantage of the way some programs are
administered, relying on a discrete eligibility cut-off in a variable such as test scores or the
school poverty rate. Units below the cut-off do (or do not) receive the treatment, while
units above the cut-off do not (or do). Because units just below and just above the cut-off
are assumed to be very similar to one another before the treatment is assigned (at least on
this measure of academic performance), jumps in performance at the cut-off are attributed to
the treatment. The potential outcome under control for units just above (or below) the cut-
off, that received the treatment, is assumed to be similar to the outcome observed for the
units just below (or above) the cut-off, that did not receive the treatment.

As is the case for all of the regression methods discussed, because this method depends
heavily on the “correctness” of the model assumptions, the control schools used to model
the trends must be similar to the treatment schools. In addition, as discussed by Todd et al.
(2001), the treatment effect is only identified for units (schools) with a pretreatment value at
the cut-off. Estimating effects for schools with other covariate values requires even more
model assumptions.

These designs may hold promise as a means to estimate the effects of particular
interventions, but it is sometimes difficult to identify an appropriate cut-off and believe the
underlying model assumptions. The National Longitudinal Study of No Child Left Behind
(Rand Corporation 2004) describes a complex use of a regression discontinuity design,
identifying some of the complications and assumptions in doing so.

V. CONCLUSIONS AND SUGGESTIONS FOR FUTURE USE OF THE SSASD

The SSASD has a place in both randomized experiments and observational studies. In
the former, it can be used in the design phase as either a sampling frame or as a tool for
selecting specific schools for use in the study. Moreover, because it includes school-level
data, it can also save resources that would otherwise be devoted to data collection. In
observational studies, the SSASD provides a large set of potential comparison schools.
However, the key to drawing accurate causal inferences from the data is to compare
treatment and control groups with similar distributions of the covariates so that any
difference in the outcome can be attributed to the treatment, not to pre-existing differences
between the groups. The following suggestions for researchers and developers of the
SSASD are intended to maximize the use of this rich and promising database.

Suggestions for Researchers

1. When the SSASD is used in observational studies to estimate causal effects,
researchers should first posit the wunderlying hypothetical randomized
experiment that could have been conducted and then attempt to replicate that
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experiment with the SSASD data. In designing the analysis and interpreting the
results, researchers should be very clear about the control condition to avoid
Lord’s Paradox, in which a change over time is inappropriately interpreted as a
causal effect without being clear about the underlying assumptions.

2. The set of treatment and control schools in an SSASD-based observational
study should be very similar on all covariates related to the outcome of interest
before the treatment is assigned. Matching methods such as propensity scores
can be used to help to determine which schools look most alike.

3. In reporting on their findings, researchers should demonstrate to their readers
that the treatment and control groups were similar before the treatment was
assigned. For example, reports should include a comparison of the means in the
two groups on a set of important covariates that are believed to affect the
outcome and for subgroups of interest for comparison. Few current reports
provide this type of information, and those that do use only a small set of
covariates.

Suggestions for SSASD Developers

1. To enable researchers to assess the comparability of treated and control
schools, SSASD developers should continue to include data on school
characteristics or allowing a straightforward way to obtain that information
from other databases, and should consider collecting more extensive
information from schools.

2. Average standard scores, rather than just the percentage of students proficient at
various levels, should be collected. Pre-treatment achievement levels are often
the most important variable that dictates the choice of comparison schools, but
shifting standards make it difficult to use information from several years when
the only information available is the percentage of students meeting a particular
standard.
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