Counterfactuals, Causal Effect
Heterogeneity, and the
Catholic School Effect on Learning

Stephen L. Morgan
Cornell University

School-effects research in sociology cannot be separated from concerns about
causality. Purely descriptive modeling justifications are untenable. Focusing on
the Catholic school effect on learning, this article demonstrates an approach that
places regression modeling strategies within a specific and well-developed frame-
work for thinking about causality. While regression models should properly
remain the workhorse methodology for school-effects research, regression esti-
mates should more often be subject to exacting interpretations and presented
alongside alternative estimates of more specific parameters of interest. In this
demonstration, propensity-score matching estimates of the Catholic school effect
for the Catholic schooled are provided to supplement the estimates obtained by
regression models. Although subject to their own set of weaknesses, the match-
ing estimates suggest that the Catholic school effect is the strongest among those
Catholic school students who, according to their observed characteristics, are
least likely to attend Catholic schools. Four alternative explanations are offered for

this finding, each of which should be pursued in further research.

In a series of widely read research
reports, Coleman and his col-
leagues (Coleman and Hoffer
1987; Coleman, Hoffer, and Kilgore 1982;
Hoffer, Greeley, and Coleman 1985) pre-
sented evidence that Catholic schools con-
fer learning advantages on their students.
Although vigorously contested (see
Alexander and Pallas 1983, 1985;
Goldberger and Cain 1982; W. R. Morgan
1983; Noell 1982; Willms 1985), their
provocative findings inspired three strands
of subsequent survey research in the soci-
ology and economics of education: the
evaluation of market competition models
of school improvement (e.g., Chubb and

Moe 1990; Figlio and Stone 1997; Hoxby
1996; Neal 1997), effective schools
research (e.g., Lee and Smith 1993, 1995;
Lee, Smith, and Croninger 1997), and
social capital research (e.g., Carbonaro
1998; S. L. Morgan and Serensen 1999).
In most of this school-effects research
(and, to be fair, in my research as well), the
limitations of observational survey data are
acknowledged but rarely discussed in any
depth. Thus, although the possible exis-
tence of omitted variable bias is recog-
nized, the care with which the weaknesses
of survey data are discussed declines dra-
matically when the specter of hidden self-
selection bias arises. An important negative
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consequence of suppressing forthright discus-
sion of the specific weaknesses of available
data and the limited range of conclusions that
they can effectively sustain is that the need
for more informative data to resolve empirical
questions of theoretical and policy relevance
is not clearly articulated.

Although the primary goal of this article is
to demonstrate the utility for school-effects
research of the careful application of a highly
developed framework for thinking about
causality and the evaluation of treatment
effects, | also make a substantive contribution
to the school-effects literature. A range of
plausible estimates for the Catholic school
effect on learning is needed. The estimates
that currently inform policy debates on
school choice and voucher programs (see
Ladd 1996; Peterson and Hassel 1998; Rasell
and Rothstein 1993) rely too heavily on a lim-
ited set of estimates from past research (most
commonly, Chubb and Moe 1990). The
propensity-score matching estimates present-
ed in the last section of this article, although
not without their own set of weaknesses, rep-
resent a set of plausible estimates that fill in
the picture suggested by these controversial
but commonly cited regression estimates.

Most important for policy, however, is that
all these estimates—regression and propensi-
ty-score matching estimates—cannot tell us
in any straightforward way how much public
school students would benefit from attending
Catholic schools. The counterfactual frame-
work clearly demonstrates why this is the case
and can be used explicitly to justify an appeal
for the collection of more informative data.

In the remainder of the article, | first out-
line the basic regression strategy for the esti-
mation of the causal effect of Catholic school-
ing on learning. With more recent data, | then
estimate the regression models developed by
Hoffer et al. (1985). After | introduce the
counterfactual model of causality, | offer an
alternative set of propensity-score matching
estimates. In conclusion, | discuss implications
of the results for policy debates on school
choice and vouchers and for further research
on school effects in sociology. Sandwiched
between the empirical analyses, the main
thrust of the article is the core set of ideas dis-
cussed in the application of the counterfactu-

al model of causality, for these ideas suggest
powerful conclusions on their own without
reference to any specific estimates.

REGRESSION ESTIMATION OF
THE CATHOLIC SCHOOL EFFECT

Do high school students who attend Catholic
schools learn more than high school students
who attend public schools? One way to
answer to this question is to estimate a
regression equation of the form:

(1) Test12;= a + d(Cath) + e;

where i indexes sampled individuals and the
dependent variable Test12 represents a score
on a standardized cognitive test taken near
the end of the senior year of high school. The
sole independent variable, Cath, for Equation
1 is a dummy variable that equals 1 for stu-
dents who attend Catholic schools and 0 for
students who attend public schools. If Test12
adequately measures the cumulative amount
of material learned by a student, an estimate
of the intercept coefficient a is an estimate of
the achievement of public school students,
and an estimate of the coefficient d is an esti-
mate of the difference in achievement
between those who attend Catholic schools
and those who attend public schools.

In most research in the sociology of edu-
cation, it is assumed that learning is deter-
mined by family background characteristics
through a collection of mediating mecha-
nisms, only some of which are typically mea-
sured in large-scale surveys. If learning is
some function of family background and if
Catholic school students and public school
students, on average, differ in their family
background characteristics, then the achieve-
ment difference parameterized by the coeffi-
cient d in Equation 1 may not properly repre-
sent the Catholic school effect on learning.

The most common solution is to perform a
covariance adjustment by estimating a
regression equation of the form:

(2) Test1 2,' =a+ d(Cath,) + b,'X]i + ... +kaki
+€;
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where X; through X, are measured variables
for family background characteristics. In
almost all the research on the Catholic school
effect on achievement, it has also been
assumed that the variables X; through X,
should include more than just measures of
family background characteristics (see Noell
1982:124 for the basic argument). The incor-
poration of additional variables in X; through
X, is straightforward although not without
analytic cost, as is discussed later.!

One additional independent variable,
however, has received special analytic atten-
tion. Consider the inclusion of a variable for
prior test scores, as in a regression equation of
the form:

(3) Test12;=a + d(Cath;) + I(Test10)
+b|X|I' + ... +kaki + €

where the variable Test10 is a score from the
administration of the same standardized test
in the 10th grade. Test10 is best regarded as
a value on the dependent variable from an
earlier period. Except under extreme circum-
stances (e.g., when there is no measurement
error in Test10 and all determinants of Test10
that differ across Catholic school students and
public school students are included and prop-
erly specified as variables in X; through X),
Test10 will be correlated with the error term e
of Equation 3. As a result, estimates of the
parameter | may be biased and inconsistent.

As has been shown in many methodologi-
cal works (e.g., Allison 1990; Judd and Kenny
1981), bias in the lag coefficient / can induce
substantial bias in estimates of other coeffi-
cients, such as d, when there are systematic
differences across the two groups under com-
parison in the distribution of Test10. This
result can be seen by subtracting I(Test10)
from both sides of Equation 3:

(3a) Test12 - I(Test10;) = a + d(Cath))
+ b1X1i+ R kaki+ €;

If an estimate of |/, f, is attenuated by mea-
surement error or otherwise biased toward
zero, then Test12 will not be sufficiently
adjusted for the true difference in prior
achievements. This underadjustment induces
a correlation between Cath and the error

term, which upwardly biases an ordinary
least-squares (OLS) regression estimate of d.2
Although these potential problems are widely
recognized, it is often difficult to know how
severe the bias may be for any particular set
of estimates.

In sociology, the most common represen-
tation of Equation 3 is produced by subtract-
ing Test10 from both sides of Equation 3. The
resulting lagged change-score model

(3b) (Test12 - Test10); = a + d(Cath)) +
(I- 1)(Test10) + by Xq;+ . . . + b X + €;

yields the same estimate for the coefficient d
as the covariance adjustment model written
as either Equation 3 or Equation 3a. Equation
3b seems to be favored for presentation pur-
poses because it is easier to motivate a model
of learning with this specification (see S. L.
Morgan and Sgrensen 1999:Appendix B;
Sgrensen 1996).

Regression Estimates with NELS
Data

In this section, | present regression estimates
of the coefficient d from Equations 1, 2, and
3b. The three main goals of the analysis are to
(1) demonstrate the regression approach to
estimating the Catholic school effect based
on the approach adopted by Coleman and
his colleagues, (2) obtain regression estimates
of the Catholic school effect with the best
data currently available, and (3) set the stage
for an interpretation of the regression esti-
mates using the counterfactual model of
causality.

To obtain the following estimates, | first
extracted a set of variables and an analysis
sample from the National Education
Longitudinal Study (hereafter, NELS) that mir-
rors as closely as possible the variables and
sample from the High School and Beyond
(hereafter, HS&B) study that Coleman and his
colleagues modeled in the best of their arti-
cles (Hoffer et al. 1985). Appendix A presents
a description of the NELS data, a discussion of
their comparability with the HS&B data that
Hoffer et al. analyzed, basic summary statis-
tics of the variables analyzed in this article,
and an analysis of the consequences of differ-



344

Morgan

ent procedures for the handling of missing
data in both Hoffer et al. and in the regression
models | offer.

Table 1 presents regression estimates of
the Catholic school effect for both mathe-
matics and reading from models that employ
best-subset regression imputation of item-
specific missing values on the covariates X;
through X;. Model 1 estimates the simple
dummy variable regression equation present-
ed in Equation 1. The Catholic school coeffi-
cients listed in the first row of each panel cor-
respond to estimates of the coefficient d in
Equation 1 for the mathematics test and for
the reading test, respectively.

With the senior-year mathematics test
score as the outcome variable, the estimated
coefficient for the Catholic school variable is
5.78, indicating that Catholic school students
score almost six points higher on the test
than do public school students. Although the
magnitude of this effect is difficult to judge, it
represents approximately 40 percent of the
standard deviation of the senior-year test
score, 13.96 (reported, along with other
descriptive statistics in Appendix A, Table A1).
Likewise, with the senior-year reading test
score as the outcome variable, the estimated
coefficient is 3.98, which is also approximate-
ly 40 percent of its corresponding standard
deviation, 9.98. However, because measure-
ment error inflates the variances of the test
scores to an unknown degree, the true base-
line Catholic school effect on achievement is
most likely larger than 40 percent of the true
standard deviation of senior-year achieve-
ment.

Model 2 introduces, as variables X
through X, in Equation 2, the 15 variables list-
ed under the subhead family background and
other demographic characteristics in Table A1
(see Appendix A). The introduction of these
variables into the estimated regression equa-
tion reduces the estimate of the Catholic
school coefficient d by more than half for
both the mathematics test and the reading
test. The standard interpretation for this
decline is that the learning that is produced
by family background accounts for some of
the baseline observed Catholic school effect
on learning specified in Equation 1 and esti-
mated as Model 1 in Table 1.

Model 3 adds to the independent variables
of Model 2 the educational expectations and
parental involvement variables presented in
Table A1. The inclusion of these additional six
variables further reduces the estimate of the
Catholic school effect coefficient d. When it is
recognized, in the language of Coleman et al.
(1982:138) that these variables are “not
clearly prior to the student’s achievement,” it
is hard to know whether the estimated coeffi-
cient for d from Model 3 should be preferred
to the estimated coefficient d from the sim-
pler Model 2. If there is a true Catholic school
effect on learning, most sociological theory
would maintain that at least some portion of
this effect would be produced by increases in
students’ own educational expectations, the
expectations parents have of them, and the
involvement of parents in the lives of stu-
dents.

The first panel of Table 1 reports three
more models that include additional variables
in X; through X;. Because | felt especially
uncomfortable imputing values for the miss-
ing values on categorical course-taking vari-
ables, Model 4 simply reestimates Model 3 for
the subset of respondents who do not have
missing data on course-taking variables (e.g.,
for the mathematics tests, 10,003 of the
10,835 respondents for Model 3). The esti-
mated coefficient for the Catholic school
effect d is similar for Models 3 and 4, provid-
ing suggestive evidence that proceeding to
further analysis with the narrowed sample
does not introduce substantial bias into esti-
mates of d.

Adding the school climate, curriculum
track, and course-taking variables presented
in Table A1 to the independent variables
included in Model 4, Model 5 estimates an
even more comprehensive regression equa-
tion. For Model 5, these additional variables
reduce the Catholic school effect to a sub-
stantial negative value for the mathematics
test and to a value close to zero for the read-
ing test. Finally, adding a dummy variable for
whether the student attended a Catholic mid-
dle school in the eighth grade to the inde-
pendent variables included in Model 5,
Model 6 estimates a Catholic school effect on
senior-year achievement that is further
reduced, becoming substantially negative for
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both the mathematics test and the reading
test.
~ The second panel of Table 1 presents six
analogous models with the lagged variable
specification adopted by Hoffer et al. (1985)
in the second half of their article and as used
in the more widely read book by Coleman
and Hoffer (1987). Presented earlier as
Equation 3b, the difference between the
12th-grade and 10th-grade test scores is
regressed on the 10th-grade test score and
the independent variables included in the
analogous Models 1-6 reported in the first
panel of Table 1. For this model specification,
the Catholic school effect, as an estimate of
the coefficient din Equation 3b, declines from
1.31 to -.34 in mathematics as additional vari-
ables are added sequentially in Models 1-6.
Likewise, the estimated effect on reading
declines from .91 to .10. In comparison to the
regression estimates presented in the first
panel of Table 1, the estimated Catholic
school effect in the second panel is smaller
when few independent variables are included
(Models 1-3) and larger when more indepen-
dent variables are included (Models 5 and 6).
Taken together, the coefficient estimates in
both panels of Table 1 show that one can
obtain a wide range of estimates for the
Catholic school effect on learning. As | discuss
in the next section, without rigorous and
explicit theoretical models of the process of
learning and of how the Catholic school
effect is generated, it is difficult to choose a
preferred estimate from among the many
estimates reported in Table 1.

How Definitive Are the Regression
Estimates?

Regression techniques are the workhorse
methodology of quantitatively oriented socio-
logical research. Regression models, even the
simple OLS techniques just used, are remark-
ably robust to biases induced by all manner of
specification errors. As a result, regression
models effectively pick up all the strong rela-
tionships that are present in available data.
The weaknesses of regression approaches
emerge when effects are small and when
regression specifications are tortured because
the effects of interest are of paramount pub-

lic importance. In research on school effects,
both problems are present. School effects are
indeed small, and they are certainly subject to
intense public and political interest. For these
reasons, sociological research on school
effects could benefit from a less sanguine set
of standards for interpreting regression esti-
mates.

Why do regression estimates sometimes
give the wrong answer? For a regression
model to pick up a small effect, the model
specification and its implicit functional form
must be believable and trusted. The model
presented in Equation 2 implicitly assumes
that the amount of material learned by the
senior year is some linear additive function of
family background variables and an additive
shock provided by the school. No theory of
learning is so simple.

Classic behaviorist models of learning (see
Bush and Estes 1959) specify complex alter-
native mechanisms for sequences of respons-
es to learning trials. Mathematical models of
learning were known to Coleman from his
earliest involvement in educational research
(see Coleman 1964:38). And although
Coleman never specified a learning model
that justified the prediction of test scores from
a linear combination of family background
characteristics and school shocks (see
Serensen and Morgan 2000), he did, in
accordance with his early work on Markov
chains and his proposals for longitudinal data
analysis (Coleman 1964, 1981), provide an
underlying model for the lagged achievement
gain model in Equation 3b. Indeed, in Hoffer
et al. (1985:89-91), he and his colleagues
showed that (subject to restrictions on indi-
vidual heterogeneity) the lagged test score
model is a linearized reduced form model of
two underlying rates (learning and forget-
ting) for the movement between two states
(know and don’t know) for each item on the
cognitive test. Although plausible, Coleman’s
model is still limited by his desire to be able to
estimate it with simple regression techniques
(see Coleman 1981:8-9 for an explanation of
his modus operandi in such situations).

Formal models of learning that can be test-
ed with data are clearly needed (see Serensen
1996, Sgrensen and Hallinan 1977; Sgrensen
and Morgan 2000). For now, no such models
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are available that can be relied on to furnish a
theoretically grounded functional form for a
regression model that can be effectively
deployed in school-effects research. As a
result, regression techniques alone cannot be
relied on to recover unbiased estimates of
small effects, such as the Catholic school
effect on achievement.

In the absence of a fine-grained model of
the learning process, one would hope to be
able to rely on a relatively simple and robust
estimator. This hope, however, then leads to
two even more fundamental questions: What
is the simple quantity of interest that one
should attempt to estimate? Can the typical
survey data at our disposal provide a mean-
ingful estimate of it?

Most researchers have centered attention
on the estimation of a single Catholic school
effect, implicitly defined as )
(E1) The expected gain in achievement for a

randomly selected student from the
population if he or she was educated in
a Catholic school instead of a public
school.

Coleman and his colleagues focused atten--

tion on two more specific quantities of inter-
est, implicitly defined as
(E2) The expected gain in achievement for a
randomly selected public school student
if he or she was instead educated in a
Catholic school and
(E3) The expected gain in achievement that a
randomly selected Catholic school stu-
dent would forgo if he or she was
instead educated in a public school.
When estimated with a single population
regression model, such as those in Equations
1-3, estimates of E1, E2, and E3 are con-
strained to be equal. But when the effects of
the independent variables X; through X, and
Test10 are allowed to vary across school sec-
tor (e.g., when separate regression models
are estimated for each school sector), esti-
mates of these three quantities will differ.3
Unfortunately, if the separate regression
equations are not justified by an explicit
model of learning, there is no guarantee that
sector-specific regressions will yield estimates
that are any more easily interpretable than
the estimates yielded by a single population
model.

Even more ominous, perhaps, is that there
may be many more than three Catholic
school effects worthy of attention. Notice
that in Equations 1-3, the Catholic school
effect is parameterized by a constant d that is
not subscripted by i. This implicit constraint
can be relaxed in various ways to allow for the
estimation of Catholic school effects for sub-
groups of the population and hence for an
examination of the underlying heterogeneity
of effects even within the two school sectors.

Random coefficient models are used in
econometrics to allow for individual hetero-
geneity in regression coefficients. Accordingly,
the coefficient d is subscripted by i:

(4) Test12;= a+ d{(Cath) + bXjj+ ... + bX;
+e;,

and a coefficient d; is estimated that is con-
sidered to be the mean effect of Cath on the
test score (and suitable standard errors are
produced that reflect variation in the coeffi-
cient d over ). Multilevel models are full gen-
eralizations of these random coefficient mod-
els that allow researchers to model variation
in the effect d across individual-level charac-
teristics, school-level characteristics, and
interactions between the two. Taking this
approach, the effective- schools branch of fol-
low-up research on the Catholic school effect
has used such models to clarify which types of
private and public schools tend to generate
the largest measured school effects and to
probe for possible differential effects on learn-
ing within the two school sectors (see Bryk,
Lee, and Holland 1993; Lee and Smith 1993,
1995). Thus, examinations of the hetero-
geneity of effects can be accommodated in a
regression framework and elegantly in the
multilevel models often used in school-effects
research. In practice, however, the only het-
erogeneity that is explicitly discussed is that
which can be modeled with the data that are
available to serve as variables in X; through
Xi- The counterfactual model I invoke in the
next section starts with the assumption that
heterogeneity of effects is pervasive and can-
not necessarily be represented by a parsimo-
nious parametric model estimated with the
available data. The advantage of this
approach is that important quantities of inter-
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est can be defined carefully before the avail-
able data are consulted. As a result, qualita-
tive conclusions can be derived on the basis
of reasonable theoretical statements even
before any parameters are estimated.

CAUSAL EFFECT HETEROGENEITY

The Counterfactual Model of
Causality

An extensive literature exists on the develop-
ment within statistics and econometrics of
notions of counterfactual causality.4 In this
presentation, | follow the structure and nota-
tion of Winship and Morgan (1999). | first
introduce the main elements of the counter-
factual model—the potential outcomes that
are observable only on mutually exclusive
subsets of a population. After | define an indi-
vidual-level causal effect, | define the average
causal effect and show why attempts to esti-
mate it effectively with observational data
often fail. | then emphasize the main value of
the framework—its ability to motivate an
analysis of patterns of causal effect hetero-
geneity that can clarify the meaning of stan-
dard regression estimates and suggest alter-
native semiparametric estimates of explicitly
defined quantities of interest.

Potential Outcomes The counterfactual
model presupposes that students have two
theoretical scores on achievement tests—one
that would be observed if they were educat-
ed in Catholic schools and one that would be
observed if they were educated in public
schools. (For now, assume that with respect
to their effects on learning, all public schools
are identical and all Catholic schools are iden-
tical.) Defining these potential outcomes
respectively as Y and Y?, the individual-level
causal effect of Catholic schooling on
achievement is then defined as

(5) §=Yi-Y.

Because only one of the potential outcomes
can be realized and observed for each stu-
dent, we cannot calculate the individual-level
causal effect for any student.

If we have at our disposal a data set,
{Y, C}/-;, that is a simple random sample of
size n from the population of high school stu-
dents and where the variables Y; and C; are
analogous, respectively, to Test12; and Cath;
in Equations 1-4, then individual observa-
tions on the achievement test, Y;, follow the
simple observation rule:

©) Yi=C¥i+(1- .

Thus, the distribution of the observed Y; con-
tains only half the information contained in
the distributions of the theoretical potential
outcome variables. And as a result, we cannot
use the observed variables Y; and C; to identi-
f);7 the population distributions of either Y; or
Yr.

Average Effects and the Standard
Estimator Because we cannot calculate indi-
vidual-level causal effects, we often focus
attention on estimation of the average causal
effect, defined as

7)&=Ye-¥p,

where Yc and Yp are population-level means
of the corresponding individual-level poten-
tial outcomes. The average causal effect in
Equation 7 is the most basic quantity of inter-
est in studies of the Catholic school effect on
achievement, defined earlier as E1, the
expected learning gain that would be
observed if a randomly selected student were
educated in a Catholic school instead of a
public school.

To understand how difficult it can be to
estimate the average causal effect, consider
the mechanism that generates the observable
partition of students across the two school
sectors. Students and their parents choose
their schools, both within and between sec-
tors, and their choices are subject to their
preferences, financial constraints, and beliefs
about the prospects of benefiting from
Catholic schooling. Likewise, Catholic schools
admit only some of the students from among
their pools of applicants, after determining
their own constraints and then estimating
whom they expect will benefit most from
attending Catholic schooling.
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To represent these potential choice pat-
terns more formally, assume that the popula-
tion of students can be partitioned into two
abstract sets of students C and P that can be
substantively characterized as sets of students
who are placed or who place themselves in
alternative states defined as “attend Catholic
school” and “attend public school.” There are
many potential partitions of the population
across the two sets C and P, and the observa-
tional survey data that we typically analyze
represent only one sample of students drawn
from one possible population partition that
the collective behavior of students, parents,
and schools could generate.

For any partition across the sets C and P,
two condltlonal population means exist: Yiec
and Yfp . Each of these conditional popula-
tion means could, in theory, be calculated by
a census of the entire population of students.
The standard estimator of the average causal
effect is formed by taking the difference
between sample analog estimates of these
conditional population means:

(8) § = Yiec - Y

Thus, the standard estimate for a given data
set is simply the observed difference between
the sample means of the achievement test
scores of Catholic school students and of
public school students. In the regression
framework presented earlier, an estimate of
the parameter d in Equatjon 1 yields the same
point-value estimate as § in Equation 8.
When does the standard estimator in
Equation 8 yield a consistent estimate of the
true average causal effect in Equation 77 If we
could randomly assign students to the two
alternative school sectors, then we could jus-
tify the standard estimator as a consistent
estimator of the true average causal effect. In
essence, by manipulating the school-sector
selection process, we would generate a parti-
tion in a set of students drawn from the pop-
ulation and then simply assert that for this
partition, Yiec = Yand Yfep = YP. As in most
other school-effects research, such a random-
ization scheme is infeasible. Instead, students,
parents, and schools generate the partition of
the population over the sets C and P, and we
can draw subjects only from a partitioned

population to estimate the relevant condi-
tional population means.

To understand why the standard estimator
of the average causal effect may be poor
when randomization is impossible, decom-
pose the true average causal effect across
those quantities that can be observed and
those that cannot. While Vicc and Viép are
theoretically observable populatlon means,
their counterfactual analogs, Yicp and Viéc,
are inherently unobservable. These latter
quantities are characterized as counterfactual
because they exist in theory but cannot be
verified through observation. The first coun-
terfactual mean is the average outcome in the
state “attend Catholic school” for those who,
if sampled, would be observed to attend a
public school. The second counterfactual
mean is the average outcome in the state
“attend public school” for those who, if sam-
pled, would be observed to attend a Catholic
school.

As in the case of randomization, the stan-
dard estimator yields a consistent estimate of
the true average causal effect when Viec = Y¢
and when Vicp = YP. By definition, these
equalltles will hold only if Yiec = Yiep and ViEp

Y/c. Thus, with any set of data, randomized
or observational, to justify the standard esti-
mator as a consistent estimator of the true
average causal effect, we must be able to
assume that, on average, students who
attend Catholic schools would have received
the same scores on the test as those who
attend public schools if those who attend
Catholic schools had instead attended public
schools (and vice versa).

Heterogeneity of the Causal Effect The
causal effect of Catholic schooling may vary
over individuals in the population, as sug-
gested in the regression context by Equation
4. Most important, on average the causal
effect of Catholic schooling may vary across
the partition of those who choose (or who are
chosen) to attend the alternative school sec-
tors.>

To see why an explicit accounting of this
heterogeneity is important, consider the fol-
lowing decomposition of the average causal
effect defined earlier. First, let = equal the true
proportion of the population that has chosen
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to attend a Catholic school. The average
causal effect can then be decomposed into a
weighted average of the average causal effect
of attending a Catholic school for those who
attend Catholic schools and the average
causal effect of attending a Catholic school
for those who attend public schools:

9 §=Y-YP

=[nVec+Q-m Ve ]-[rnVic+
(1-m) Yip
=n(Yic-YE) + (1 =m)(Ysp—Yip)

= nsiec +(1- TC)SiGP

Manipulating this decomposition, Winship
and Morgan (1999) noted that there are two
distinct sources of bias in the standard esti-
mator of the average causal effect. For this
application, they are the average difference
between those who attend Catholic schools
and those who attend public schools in (1)
the baseline level of achievement that would
exist if both groups of students attended pub-
lic schools and (2) the average gain in
achievement that would result if both groups
of students attended Catholic schools instead
of public schools. In particular,

(10) Yic-VYEp=8+ (YEc=Yip) +(1-m)
(Bicc — diep)-

The second source of bias is especially likely to
be present if students self-select on the causal
effect itself, as would be the case if the stu-
dents who are more likely to benefit from
attending a Catholic school recognize this
potential gain and are disproportionately like-
ly to enroll in a Catholic school.6

If there is self-selection on the causal effect
itself, the best that we can hope to do is to
estimate effectively the causal effect of
Catholic schooling for those who typically
choose to attend Catholic schools:

(1) Sec = Yic - Yie,

which was defined earlier as the effect E3 esti-
mated by Coleman and his colleagues. If this
is the only causal effect that we can effective-

ly estimate, then we cannot effectively esti-
mate either E1 or E2 because we cannot
effectively estimate what the effect of
Catholic schooling would be for those who
typically attend public schools.

Stability of the Causal Effect Although | have
referred to the Catholic school effect as a causal
effect, much of the literature on counterfactual
causality would refer to it as a treatment effect.
An important assumption about the way in
which a treatment effect is generated must be
maintained to preserve the simplicity and
power of the counterfactual framework. The
stable unit treatment value assumption
(SUTVA) requires that the potential outcomes
of individuals would be unaffected by potential
changes in the treatment statuses of other indi-
viduals. As a result, there can be no interference
across treatments, and the treatment effect
cannot depend on the number of individuals
who are exposed to the treatment.

In this context, maintenance of SUTVA (also
known as a no-macroeffect assumption)
requires that the effectiveness of Catholic
schooling not be a function of the number of
students who enter the Catholic school sector.
Is this assumption reasonable? For most school-
effects researchers, | suspect not. For a variety of
reasons—endogenous peer effects, capacity
constraints, and so forth—most researchers
would expect that the Catholic school effect
would erode if a large number of public school
students entered the Catholic school sector.

As a result, since there are good theoretical
reasons to believe that macroeffects would
emerge if Catholic school enrollments bal-
looned, it may be that we can estimate the
causal effect of Catholic schooling only for
those who would choose to attend Catholic
schools, as in Equation 11, but also subject to
the constraint that the proportion and compo-
sition of students who are educated in Catholic
schools remains relatively constant. We may
therefore be able only to estimate effectively:

(12) §jec = Sjec! SUTVA,

and this limitation is crucial for the policy rel-
evance of estimates of the Catholic school
effect on achievement, as is discussed in the
Conclusions section.
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Matching Estimates for Catholic
School Students

The counterfactual model of causality, even
though it highlights the severe limitations of
observational survey data, suggests that for
the Catholic school effect on achievement,
we may be able to estimate successfully some
important quantities of interest. In particular,
even if school sector choices are based on stu-
dents’, parents’, and schools’ accurate per-
ceptions of the potential benefits (or lack of
benefits) of Catholic schooling, we may still
be able to estimate the Catholic school effect
for students who typically choose to attend
Catholic schools (i.e., estimate & icc from
Equation 12). This is a theoretlcally important
quantity, for if there is no Catholic school
effect for Catholic school students, then most
reasonable theoretical arguments would
maintain that it is unlikely that there would be
a Catholic school effect for students who typ-
ically attend public schools. And if policy
interest was focused on whether Catholic
schooling is beneficial for Catholic school stu-
dents (and thus, for example, whether public
support of transportation to Catholic schools
is a benevolent government expenditure),
then the Catholic school effect for Catholic
school students is precisely the quantity we
would want to estimate.

In this section, | use multlvarlate matching
techniques to estimate Y icc. A full introduc-
tion to matching is beyond the scope of this
article. (For an accessible but nuanced intro-
duction, see Smith 1997. For a full presenta-
tion, see Rubin and Thomas 1996, 2000 and
Heckman, Ichimura, and Todd 1997, 1998).

I nonetheless offer a justification and skele-
tal outline of the specific procedure—match-
ing with replacement on the estimated logit
of the propensity score—that | used to gener-
ate the estimates presented later in Tables 4
and 5. The resulting estimates are not neces-
sarily better than those offered by regression
techniques. Their main value, from my per-
spective, is that they are more narrowly
focused on specific quantities of interest. And
they are more messy, in the sense that they
reveal how much heterogeneity there really is
in the data we typically analyze.

The Motivation for Multivariate Matching
Techniques If we could observe the individ-
ual-level causal effect of Catholic schooling in
Equation 5 for each_ Cathollc school student,
then estimation of &, iec would be trivial. We
could simply take the mean across Catholic
school students of these individual-level
causal effects. Instead, with observational sur-
vey data, we can observe for each Catholic
school student only a single value on the test
score, Y,-. By Equation 6, we know that for
Catholic school students, the observed test
scores on average correspond to values for
Y. Multivariate matching techniques identify
those public school students who are most
similar to each Catholic school student, with
respect to observable characteristics, in a
global attempt to use the test scores of pub-
lic school students to form estimates for each
Catholic school student’s unobservable Y;".

Matching estimators are feasible and most
easily defendable in applications in which
treatment selection is nondeterministic. For
Catholic school attendance, such an assump-
tion is reasonable, and | therefore maintain
that decisions on the selection of school sec-
tor are fundamentally stochastic. In other
words, conditional upon all observable pre-
dictors of the selection of school sector, the
decision to attend a Catholic school is a ran-
dom draw (e.g., from a Bernoulli distribu-
tion). A direct implication of this assumption
is that each observed student, even though
observed attending school in only one school
sector, has complementary nonzero predic-
tive probabilities of attending both a Catholic
school and a public school. The goal of the
form of matching that | used is to match to
each Catholic school student one or more
public school students with the same predic-
tive probability of attending a Catholic
school.

To launch a matching routine, one must
first assemble a set of variables, §; through
S that predict school sector selection. These
variables are not thought of as determinants
of learning, although they may be those as
well. With NELS data, only some of the vari-
ables utilized in the regression models, such
as family background and basic demographic
characteristics, naturally belong among the
variables §; through S,,. | would argue that
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other variables, such as educational expecta-
tions and academic climate measured in the
10th grade, are not reasonable candidate
variables for $; through §,, because they are
influenced to an unknown degree by Catholic
school attendance itself (see Lieberson 1985;
Rosenbaum 1984a). This position is, of
course, debatable.

For notational convenience, situate these

“pretreatment” variables §; through S, in
individual-specific row vectors, S;. If, as a set
of predictor variables, S; is sufficiently exhaus-
tive of determinants (other than anticipation
of the potential causal effect itself) of sector
selection, then it may be permissible to con-
dition on values of S; and declare that
(A1) Ykc 1S;=(Y1C=0,$).
Assumption A1 asserts that for every subpop-
ulation of students with a distinct set of values
for the variables $; through S, the observ-
able mean test score (¥;) of public school stu-
dents (those for whom it would be observed
that C;= 0) is equal to the unobservable coun-
terfactual mean of test scores (Y&c) for
Catholic school students if they had instead
attended public schools.”

If Assumption A1l is valid, then we can
define a consistent estimator of 8’ which is
conditioned on distinct combinations of val-
ues on the variables in S;:

(M1)§%ec!Si= (V,éc Yeo IS;
—(Y/EC |S,) ( eClS/)
=(Y;1G=15)-(Y;1G=0,S).

We can then average over estimates within
these strata to form a consistent estimate of
6’,fec when necessary. The goal of multivariate
matching is thus to stratify the sample along
a set of predictors of school-sector selection
that can justify Estimator M1 as a consistent
estimator of a stratified version of 8.

Matching on the Propensity Score The
practical problem that emerges with this
approach is known as the curse of dimen-
sionality. If we need many variables in §; to
characterize sector selection and if we have a

finite sample (as we always do), it is unlikely
that we will be able to find at least one pub-
lic school student who has the exactly equiv-
alent row vector S; of each Catholic school
student.8

One potential solution is to match on a sin-
gle dimension that has a claim to be an opti-
mally weighted function of the variables in S,
Following Rosenbaum and Rubin (1983), the
favored single dimension in the matching lit-
erature is known as the propensity score.? In
this context, it is defined as the predictive
probability of attending a Catholic school,
given the variables that predict sector selec-
tion:

(13) P(S) = P(ie C I S).

The definition in Equation 13 states that the
propensity score P(S) is the true predictive
probability (between O and 1) that a student
with characteristics S; would choose or would
be chosen to enroll in a Catholic school (i € C).
Collectively, the propensity score values are a
set of true predictive probability values that do
not necessarily trace any familiar probability
density function.

The logic of the propensity-score
approach—as a potentially feasible simplifica-
tion of the more general multivariate matching
approach justified by Assumption A1 and exe-
cuted in Estimator M1—is that Catholic school
students and public school students with the
same propensity score can be treated as if they
are equivalent in all other respects relevant for
estimating the Catholic school effect for
Catholic school students.’® Rosenbaum and
Rubin (1983) showed that the goal of all
matching techniques is to balance the distribu-
tions of all relevant pretreatment variables S;
across the two groups under comparison. They
showed that one can match on the propensity
score, P(S) instead of S; itself, so that in this
context while maintaining Assumption A1, one
can execute the following estimator:

(M2) 5,ec|P(S) —(Y/ec Y,ec)|P(5,)
—(Y,ec”’(Sl)) (Y:eCIP(Si))
= (Y,IC;= 1, P(S)) -

(?,.lci =0, P(S)).
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They then offered a proof that matching on
the propensity score, as in Estimator M2,
rather than simultaneously on all variables in
S, as in Estimator M1, is all that is necessary
to provide balance on the dimensions of S;.11
To implement a perfect propensity-score
matching estimator, one must have access to
the propensity score, P(S)). Unfortunately, the
propensity score is, by definition, an
unknown true quantity that must be estimat-
ed. Although any parametric or nonparamet-
ric estimator of the propensity score is possi-
ble, a generic logit model is usually chosen:

exp($;0)
1 + exp(S;9).

(14) PriG;=1IS] =

In the following analysis, | adopt this conven-
tion. Moreover, | also follow convention and
match on the index of the logit model (i.e.,
the logit of the predicted probability), e(S;) =
S,~qA>, which is a monotonic transformation of
the propensity score that avoids the compres-
sion of the probability scale near 0 and 1.
Although this approach to estimating the
propensity score is consistent with tradition,
there are few guidelines to assess how much
bias may result from reliance on the logit
functional form (see Rubin and Thomas
2000). The specific assumption that | invoke
to estimate &’ is therefore that

(A2) (Y7 cle(S)) = (¥;1C;= 0,e(S)),

which differs from Assumption A1 in that e(S;)
is both an estimated quantity and a single
dimension.

With this approach, there are several reasons
for caution. First, because e(S)) is an estimated
quantity, Assumption A2 can be true in expec-
tation only over repeated samples. Thus, one
could replace e(S)) in Assumption A2 with its
expectation over repeated sample estimates,
E(e(S)), but such manipulation is a formalist
evasion of a potentially serious practical prob-
lem. Instead, | assess the sensitivity of the
matching estimators to this possible single-
sample threat using pooled within-strata
regression adjustments, just as an experimen-
talist would adjust for chance differences in the
distributions of important covariates across ran-
domized treatment and control groups.12

Second, although propensity-score meth-
ods avoid the need for an explicit model of
learning, the true functional dependence of
learning on S; is not irrelevant. Although not
widely appreciated in the 1980s, when the
propensity-score literature was first develop-
ing, it is now more generally recognized that
propensity-score matching tends only to bal-
ance the means of the variables in S;. This lim-
itation can be a problem. For example, if the
propensity score is a function of §; (or, in the
case here, the logit of the propensity score is
a linear function of §;), but learning is a qua-
dratic function of §, then propensity-score
methods tend to balance cases on the mean
of §; but not on the mean of the square of §;.

. Third, Assumption A2 may not be valid
because the variables in S; may not character-
ize sector selection completely enough to jus-
tify the equality even in the less restrictive
Assumption A1. With the data analyzed later,
this is a distinct possibility, especially since |
include in S; only variables (or functions of
variables) also used by Hoffer et al. (1985).
For this article, | restrict S;in this way for three
reasons: (1) to enable a direct assessment of
the contribution of an alternative technique,
(2) to show how matching techniques can be
used alongside regression techniques to
assess whether there is interpretable causal
effect heterogeneity beneath a regression
estimate, and (3) because there simply are
few other plausible variables within the NELS
data set that could reliably serve as sector-
selection predictors.

As | discuss later, matching estimates that
utilize more extensive sets of sector-selection
predictors will be needed to resolve the pat-
terns documented in the next section. My
sense is that great leaps forward will be possi-
ble only when more informative data are
available. Given these qualifications and limi-
tations, in many ways no less stringent than
those that afflict regression models, the effort
to generate propensity-score matching esti-
mates seems worthwhile to place the regres-
sion estimates within a more broad set of pos-
sible estimates.

Results of Propensity-Score Matching To
obtain the logit of the estimated predictive
probability of attending a Catholic school, |
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_ first estimated logit models separately for the
mathematics and reading tests (because
slightly different samples of students have
nonmissing values on both the 10th- and
12th-grade tests). The models contained 62
parameters: a constant, main effects for the
family background and basic demographic
variables listed in Table A1, the first follow-up
sample weight (F1QWT), and two-way inter-
actions between each of the race dummy
variables with all other variables, socioeco-
nomic status (SES) with all other variables,
and the weight with all other variables. For a
second set of matching estimates—parallel to
the strategy in regression analysis of moving
from the specification in Model 2 to the more
exhaustive specification in Model 3—I then
reestimated these logit models to obtain even
more precisely estimated propensity scores,
specifying the respective 10th-grade test
scores as a variable in S,

In line with the guidance of Rubin and
Thomas (1996), statistical significance of the
logit coefficients was not an important criteri-
on in settling on the specification of higher-
order interaction terms (or in deciding not to
use higher-order polynomial terms). Instead,
achieving the best possible balance on the
means and standard deviations of the family
background and demographic characteristics
was the main criterion for selecting the spec-
ification. Moreover, because no NELS
Catholic schools were designated as rural, |
effectively performed a perfect match on
nonrural status by dropping all public school
students who attended rural schools before |
estimated the logit models.

Table 2 presents selected quantiles of the
distributions of e(S), separately for public
school students and Catholic school students
(and for specific samples that correspond to
the four sets of models presented later in the
four panels of Tables 4 and 5). Although there
is considerable overlap in the range of e(S)
across public school students and Catholic
school students, the distribution for Catholic
school students is, of course, shifted to the
right of that of public school students. For
example, the Catholic school student at the
median value of e(S)) for Catholic school stu-
dents has a value for e(S)) that is greater than
the corresponding value of e(S)) for the pub-

lic school student at the 80th percentile of the
public school students’ distribution. Note
that there are some public school students
who have values for e(S)) that are smaller than
the minimum value estimated for all Catholic
school students. Because | attempted to esti-
mate the Catholic school effect for Catholic
school students only, the existence of this
group of public school students presented no
problems. However, also notice that a few
Catholic school students have values for e(S)
that are greater than the maximum value esti-
mated for all public school students. As |
show later, the presence of these students
complicates estimation of the Catholic school
effect for all Catholic school students, for
there are simply no public school students
who are similarly prone to Catholic school
attendance as are these students.

With e(S) in hand, a matching algorithm
must be invoked to take each Catholic school
student and match to that student all public
school students who are similar with respect
to e(S;). Because more than one public school
student may be matched to each Catholic
school student, this type of multiple match-
ing is sometimes referred to as stratification
on the propensity score, with each Catholic
school student and his or her matched public
school students forming unique strata. | used
two related matching algorithms, both of
which are summarized in Table 3, alongside
descriptions of two types of estimation proce-
dures used for Tables 4 and 5.

The complete match described in the first
panel of Table 3 ensures that all Catholic
school students are matched to at least one
public school student, even though some of
the matches may be poor in the sense that for
each additional forced singleton match (Step
2) the distance between e(S)) for the Catholic
school student and his or her matched public
school student may not be as small as is
desired.

In contrast, the common-support match
ensures that only close matches are utilized.
But with this alternative matching algorithm,
Catholic school students who do not have at
least one close match are dropped from the
resulting stratified data set, and inference for
estimates produced from analysis of the strat-
ified data set must be restricted to Catholic
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Table 2. Distributions of the Estimated Logit of the Propensity Score for Attending Catholic School

st 20th 40th 60th 80th 99th
Specification of Propensity Score N Minimum Percentile ~ Percentile  Percentile ~ Median Percentile Percentile  Percentile Maximum
For Mathematics Achievement
Family background and demographics
Public school students 6,197 -41.103 -8.561 -4.519 -3.517 -3.168 -2.875  -2.033 -.062 1.780
Catholic school students 719 -9.083 -5.357 -2.264 -1.234 -.832 -.575 -195 .601 2870
Family background and demographics
and 10th-grade test score
Public school students 6,197 -41.089 -8.660 -4.560 -3.564 -3.196 -2.895  -2.057 .018  1.611
Catholic School Students 719 -8.887  -5.539 -2.261 -1.198 -.853 -.578 -.186 776  2.673
For Reading Achievement
Family background and demographics
Public school students 6,210 -41.269 -8.529 -4.536 -3.527 -3.172 -2.880  -2.042 -.069  1.590
Catholic school students 716 -8.926 -5.331 -2.290 -1.237 -.833 -.567 -.200 611 2913
Family background and demographics
and 10th-grade test score
Public school students 6,210 -40.412 -8.598 -4.548 -3.570 -3.202 -2.892  -2.044 -014  1.620
Catholic school students 716 -8.740 -5.368 -2.286 -1.234 -.882 -.583 -179 732 3.126

Note: Because no Catholic schools are designated as rural schools, all public school students who attend rural schools were dropped from the analysis before the logit

models were estimated.
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Table 4. Propensity-Score Matching Estimates of the Catholic School Effect for Catholic School Students

Complete Match Common Support Match
(Caliper match with additional forced singleton matching) (Caliper match)
Regression Regression
Adjusted Adjusted
Unadjusted Within Strata Unadjusted Within Strata
Catholic Catholic Catholic Catholic
School School True Inflated School School True Inflated
Effect SE Effect SE N N Effect SE Effect SE N N

Mathematics

All strata 3.650 917 3.345 817 4,430 11,169 3.116 941 3.019 836 4,398 11,117

1st quintile 3.207 1.567 2.710 1.367 2,429 4,709 3.025 1.612 2.379 1.403 2,425 4,705

2nd quintile 5977 2.026 5.698 1.830 833 2,071 5.977 2.026 5.698 1.830 833 2,071

3rd quintile 3.593 2.629 3.380 2.553 525 1,750 3.593 2.629 3.380 2.553 525 1,750

4th quintile 394 3.087 944 2.884 375 1,835 394 1.139 944 2.884 375 1,835

5th quintile 6.130 3.090 4.319 2.805 268 804 2.589 1.154 3.182 1.241 240 756
1st-3rd

quintiles 4.078 1.062 3.723 942 3,787 8,530 4.033 1.073 3.632 950 3,783 8,526
4th-5th

quintiles 2.825 2.267 2.779 2.096 643 2,639 1.151 918 1.737 2.193 615 2,591

Reading

All strata 2.208 .630 1.911 .580 4,514 11,225 1.647 642 1.527 .589 4,489 11,183

1st quintile 2.234 1.067 1.748 991 2,508 4,643 2.234 1.067 1.748 991 2,508 4,643

2nd quintile 2.100 1.495 2.023 1.363 838 2,135 2.100 1.495 2.023 1.363 838 2,135

3rd quintile 1.499 1.781 2.661 1.689 544 1,820 1.499 1.781 2.661 1.689 544 1,820

4th quintile 2.064 2172 2.695 2.057 360 1,806 2.064 2172 2.695 2.056 360 1,806

5th quintile 3.629 2.180 3.019 2.194 264 821 -.713 1.028 .381 2.260 239 779
1st-3rd

quintiles 1.921 733 1.626 672 3,890 8,598 1.921 733 1.626 .672 3,890 8,598
4th-5th

quintiles 2.756 1.573 2.898 1.486 624 2,627 1.051 1.658 1.674 1.549 599 2,585

Note: Because public school students who attend rural schools were dropped from the analysis sample before the propensity score was estimated, the students are per-
fectly matched on rural-nonrural, although not necessarily perfectly matched on urban-suburban. Standard errors are only approximate because they are not adjusted for
the clustering of students within schools. The strata are weighted by the weight (F1QWT) attached to each Catholic school student in that strata.
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school students who have comparable coun-
terparts among public school students.

Given the variables used in §; to estimate
the logit of the propensity score, it is most
natural to compare the four sets of matching
estimates presented in Tables 4 and 5 to the
regression coefficient estimates from Model 2
in Table 1. Even though | make such compar-
isons, it should be noted that the propensity-
score-matching estimates stand on their own
as viable estimates. The matching estimates
are not, therefore, corrected regression esti-
mates; instead, they are alternative estimates
that are themselves subject to their own set of
weaknesses.

Consider first the complete-match esti-
mates for all strata. For these estimates of
d%cc, the unadjusted estimates are larger—
20-50 percent larger—than the correspond-
ing regression estimates. When these esti-
mates are regression adjusted through a
pooled within-strata estimator, the estimates
decline but remain larger than the regression
estimates reported in Table 1.

Now consider the common-support-
match estimates for all strata. For these esti-
mates (as reflected in the column for the
number of respondents), Catholic school stu-
dents without good matches are dropped
from the analysis, and most but not all these
students are in the top quintile of the distrib-
ution of e(S;). These omitted students tend to
score very well on the achievement tests, for
by all standards they are from advantaged
social origins, and this may be why the com-
mon-support-match estimates are smaller
than the complete-match estimates.

Which set of matching estimates should
we consider more worthy? Assuming that the
variables in S; are exhaustive enough to justi-
fy Assumption A1, the complete-match esti-
mates should be regarded as upper-bound
estimates of 8%, and the common-support-
match estimates should be regarded as lower-
bound estimates of & . With this interpreta-
tion, the common support-match estimates
are at least as large as the simple regression
estimates (and usually larger), and the com-
plete-match estimates are considerably larger
than the regression estimates. With a larger
sample of data, | would therefore expect that
a more complete propensity-score matching

scheme (i.e., one for which the common-sup-
port and complete-match samples are exact-
ly equivalent) would yield an estimate some-
where between the complete match and
common-support match estimates reported
in Tables 4 and 5.13

Perhaps even more interesting are the esti-
mates for quintiles of the distribution of stra-
ta, based on the ranking of Catholic school
students by e(S;). Standard regression estima-
tors do not reveal such quantities and imply
that without further parameterization, there
would be no interpretable pattern to the vari-
ation in their estimates if the analytic sample
were subdivided in any way.

In contrast, for the propensity-score
matching estimators in Tables 4 and 5, there
is considerable variation in estimates of the
average causal effect for Catholic school stu-
dents with different propensities for attend-
ing Catholic schools. Beneath the noise that
represents sampling error, it appears as if the
Catholic students who are least likely to be
enrolled in Catholic schools (as predicted by
the variables in S)), are the most likely to ben-
efit from having attended a Catholic school.
This pattern is more convincing when (1) it is
recognized that the high level of the average
effect estimate for the fifth quintile in the
complete match is likely biased by the pres-
ence of relatively poorly matched public
school students and (2) sampling noise is
diminished by collapsing the first through
third quintiles and the fourth and fifth quin-
tiles into only two groups, as in the bottom
two lines of each panel in Tables 4 and 5.

How do these Catholic school students dif-
fer in their underlying distributions across the
variables in S;? Table 6 presents means for
these variables and for the mathematics
achievement test for two groups of Catholic
school students: those below the 60th per-
centile of the distribution of the propensity
score for Catholic school students and those
above the 60th percentile.

Several patterns are clear. Although stu-
dents who are the least likely to attend Catholic
schools are the most likely to benefit from hav-
ing done so, on an absolute scale of achieve-
ment, the students who are more likely to
attend Catholic schools tend to score higher on
the mathematics test in both their sophomore
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Table 6. Means for Catholic School Students by Propensity to Attend a Catholic School (for a Selected

Model of Mathematics Achievement)

1st-3rd Quintiles

4th and 5th Quintiles

(N =431) (N = 288)
Achievement Test Scores
1992 Mathematics (IRT scaled) 52.783 57.910
1990 Mathematics (IRT scaled) 47.243 52.531
Family Background and Other

Demographic Characteristics

Socioeconomic status 253 .550
Urban 721 .999
Suburban .279 .001
Northeast .264 364
North Central .226 458
South 319 .049
West 191 129
Number of siblings 2132 2,278
Have own bedroom .828 .730
Two-parent family .786 950
White .704 .811
Asian .038 102
Hispanic 150 .043
Black .100 044
American Indian .008 .000
Learning or physical disability .074 .056

Note: Relevant sample is the Complete Match sample for the mathematics model with the 10th-grade test
score as a predictor in the propensity score (i.e., those in the fourth line of Table 4 and in the Mathematics,
Complete Match panel in Table 7). Data are weighted by the first follow-up questionnaire weight (F1QWT).

and senior years. Considering the means of the
other variables in Table 6, this baseline achieve-
ment difference is not surprising. Students from
the fourth and fifth quintiles of the propensity-
score distribution are more likely to have been
raised in families with two parents and with
high levels of SES. More members of this group
of students are also white and Asian.
Nonetheless, this pattern means that those stu-
dents who most benefit from Catholic school-
ing tend to be low-SES students who are dis-
proportionately likely to identify themselves as
black or Hispanic.

With the imposition of a patterned inter-
pretation on the heterogeneity across quin-
tiles in the matching estimates presented in
Tables 4 and 5, a dose of honesty is in order.
The findings are perhaps still too cloudy to
justify the clean accounting that | have given

them. In particular, there is not as much con-
sistency across mathematics and reading
achievement as one might hope in order to
have more confidence that the modeled
propensity score is on target. And, even more
deeply, it is simply hard to know whether
departures from the basic story can be
explained away as sampling error. If either of
these two sources of potential noise is found
in future research to be an important part of
the heterogeneity of the estimates | offer
here, then the explanatory narratives | offer in
the Conclusions will be less convincing,
including the argument of other researchers
that Catholic schools now more commonly
approach the model of a common school
than do public schools.
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CONCLUSIONS

By focusing attention on the potential perva-
siveness of causal effect heterogeneity, the
counterfactual model of causality clearly
demonstrates some of the limitations of
observational data. More optimistically, how-
ever, the counterfactual model also demon-
strates that some important quantities of
interest can be effectively estimated with
observational survey data.

Under the reasonable theoretical assump-
tion that students, parents, and schools make
school enrollment decisions partly on the
basis of the prospects for each student’s learn-
ing, then it may be impossible to use obser-
vational data to provide a consistent estimate
of what the Catholic school effect would be
for students who typically attend public
schools. Nonetheless, this impossibility does
not mean that one cannot estimate what the
Catholic school effect is for those who typi-
cally choose to attend Catholic schools or
that this quantity is not worth estimating.

With a propensity-score-matching estimator,
| provided estimates of this “treatment effect
for the treated” parameter, which suggest that
the Catholic school effect for Catholic school
students is larger than is suggested by the stan-
dard constant-coefficient, single-population
regression model offered in the first portion of
the article. Moreover, by using the propensity-
score-matching estimator, | was able to exam-
ine whether patterns of causal effect hetero-
geneity have any interpretable relationship with
the propensity to attend Catholic school.
Indeed, it appears more likely than not that
there is interpretable variation, suggesting that
students who are the least likely to attend
Catholic schools on the basis of their observed
characteristics are the most likely to benefit
from having done so.

This evidence of patterned heterogeneity
of the average causal effect is supportive of at
least one of four different underlying narra-
tives:

1. For the common-school narrative, the effect
of Catholic schools may indeed vary, and it
may vary in ways that are typically consid-
ered to be virtuous. In particular, students
from disadvantaged social backgrounds—
black and Hispanic students from low-SES

families— are most likely to have benefited
from having attended Catholic schools.
Thus, Catholic schools may be common
schools that distribute opportunities for
learning more equitably than do public
schools, as stressed by Coleman and his
colleagues and more completely by Bryk et
al. (1993).

2. For the differential-sacrifice narrative, disad-
vantaged Catholic school students may
resolve to work harder than their relatively
advantaged peers simply because they are
more motivated by knowing that they and
their parents are making a genuine sacri-
fice.

3. The better-alternatives narrative stresses a
demographic reality, not the apparent
equity of achievement that is produced by
Catholic schools or a behavioral response
to differential sacrifice. Catholic schooling
is particularly beneficial to students who
have poor public schooling alternatives,
especially students from families who are
not able to afford to live in public school
districts with the best public schools (see
Neal 1997).

4. For the binding-constraint narrative, it may
be that there is no genuine heterogeneity
whatsoever or, at least, no heterogeneity in
a true effect that is related to the propensi-
ty to attend a Catholic school. Instead, it
may be that there is differential responsive-
ness to selection on an accurate perception
of a student’s likely benefit from Catholic
schooling (e.g., some direct function of
Ys - YP). For some low-SES families for
whom tuition at a Catholic school repre-
sents a genuine financial sacrifice, the only
students who enroll in Catholic schooling
may be those who are especially likely to
benefit from enrolling. In contrast, among
high-SES families for whom tuition is not a
substantial financial sacrifice, even students
who are not likely to benefit from attend-
ing Catholic schooling may enroll in a
Catholic school.

Sorting out the relative plausibility of these

four narratives should be the next goal of

research on the Catholic school effect on
achievement.

As for the public policy relevance of the
estimates, it should first be stipulated that the
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Catholic school effect on achievement is soci-
ologically interesting and worthy of careful
study, regardless of its apparent policy rele-
vance. Learning how and why different types
of schools generate different outcomes is
intellectually satisfying, as has been demon-
strated in many of Coleman’s novel essays on
functional and value communities and in his
proposal that intergenerational closure
should be seen as a form of social capital. But
given all the complications inherent in the
analysis of observational data, do estimates of
the Catholic school effect from survey data
have great policy relevance, as proponents of
school choice and voucher programs often
claim?

Completely apart from empirical analysis,
the counterfactual model reveals important
policy implications. With available survey data
but without a trusted model of learning; there
is almost no way to provide a consistent esti-
mate of how well public school students
would perform on standardized tests if they
were instead enrolled in existing Catholic
schools. If there is self-selection to an
unknown degree on the causal effect itself
(and it seems almost undeniable that there
should be at least some self-selection), then
even if we can identify strata of observation-
ally equivalent public school students and
Catholic school students, we will be able to
estimate effectively only the Catholic school
effect for the Catholic school students.

Even if we could generate consistent esti-
mates of the Catholic school effect for public
school students if they had been educated in
the current Catholic school sector, the avail-
able survey data cannot tell us how Catholic
schools would respond to an influx of former
public school students, armed with vouchers
or not. Thus, we would (or at least should)
have little confidence in our ability to use any
such seemingly perfect estimates to infer
whether or not the Catholic school effect on
achievement would persist for a new distribu-
tion of students across school sectors, as
would be the outcome of any substantial pol-
icy intervention.

From a relatively objective policy perspec-
tive, the main implication of all past research
on the Catholic school effect should be this:
While there is evidence that there is a

Catholic school effect on achievement for stu-
dents who chose or who were chosen to
attend Catholic schools in the past, this evi-
dence has little bearing on policy debates
about how students who are currently edu-
cated in public schools should be educated in
the future.

APPENDIX A

Details of the Data and of the
Regression Modeling Strategy

The goal of the regression models partially
reported in Table 1 is to obtain a set of esti-
mates that matches those that | suppose
Hoffer et al. would have obtained if they had
analyzed the NELS data with the same basic
procedures adopted for their 1985 article. In
this appendix, | present the particulars of the
regression models | offer and some basic
descriptive comparisons of differences in the
test scores recorded for HS&B in the early
1980s and for NELS in the early 1990s. In the
final section of the appendix, | assess the con-
sequences of alternative procedures for han-
dling missing data—in Hoffer et al. (1985), in
the research of those who challenged
Coleman and his colleagues, and in the
regression models that | offer in this article.

Comparability of Data Like its predecessor
HS&B, NELS (National Center for Education
Statistics 1996) is a two-stage stratified ran-
dom sample of students nested within
schools. The NELS, however, is based on a
substantially more complicated longitudinal
design. As a result, there may be important
differences between the HS&B and NELS
samples that should prevent the reader from
considering the analysis reported here as any
indication of whether Hoffer et al. (1985)
obtained reasonable estimates from their
analysis of HS&B. Moreover, since there may
also have been substantial changes in enroll-
ment patterns in Catholic schools between
1980 and 1990 (see Bryk et al. 1993), any
attempt to use NELS to evaluate the specific
parameter estimates of Hoffer et al. would be
misdirected.
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Analysis Sample, Variables, and Basic
Descriptive Statistics | initially selected
NELS respondents who were enrolled as
sophomores in 1990 in either a public or a
Catholic school and who were also enrolled
as seniors in a public or a Catholic school in
1992. | therefore excluded from the analysis
all NELS students who were enrolled in other
types of private schools, sophomores who
were not enrolled as seniors in 1992 (either
because they graduated early or dropped out
of school between 1990 and 1992), and
seniors who were added to the sample as
freshened students in 1992. From this theo-
retical analysis sample, | dropped an addi-
tional 118 respondents who transferred
between the public school and Catholic
school sectors between their sophomore and
senior years.14 :

| selected variables from the NELS data set
that match those used by Hoffer et al. (1985)
as closely as possible. Because of the similari-
ties of the questionnaires in the two surveys,
both of which were sponsored by the
National Center for Education Statistics, this
selection was feasible.’5 The means and stan-
dard deviations of the variables used are pre-
sented in Table A1, along with the NELS
source variable and item-specific valid num-
bers of cases.

Table A2 presents mean test scores in
mathematics and reading for Catholic school
students and public school students. The first
two rows are drawn from Hoffer et al. and
present test score means of HS&B sopho-
mores in 1980, test score means of HS&B
seniors in 1982, and mean achievement gains
between the sophomore and senior years. For
a baseline comparison with Hoffer et al.’s
findings, the third and fourth rows present
analogous test score means and mean
achievement gains for NELS sophomores in
1990 and NELS seniors in 1992.

For both HS&B and NELS, the means of
the test scores are higher for students who
attend Catholic schools, in both the sopho-
more and senior years. Furthermore, the
mean achievement gain between the sopho-
more and senior years is higher for those who
attend Catholic schools.

The seventh column of the table shows the
expected additional raw achievement gain

associated with Catholic school attendance.
For example, HS&B Catholic school students,
on average, gain 1.24 more points on the
mathematics test between their sophomore
and senior years than do HS&B public school
students (i.e., 2.70 - 1.46 = 1.24). While the
corresponding baseline Catholic school effect
on achievement gains in mathematics is simi-
lar for NELS students (i.e., 5.48 -4.37=1.11),
this correspondence is misleading because
there are many more items on the NELS
tests.16

Hoffer et al. (1985) interpreted the
Catholic school effect on achievement gains
as grade-equivalent gains in achievement. |
did not adopt this metric for presenting the
regression models, but | included such calcu-
lations in Table A2 to provide a rough com-
parison of the raw test score differences
between Hoffer et al.’s HS&B results and the
NELS results in this article.

For Hoffer et al., the grade-equivalent gain
measure of the Catholic school effect on
achievement gains is simply the ratio of the
raw Catholic school effect on achievement
gains to half the average public school
achievement gain (i.e., for HS&B mathemat-
ics 1.24/(.5*1.46) = 1.7). As shown in the last
three columns of the table, when measured in
grade-equivalent gains, the Catholic school
effect on achievement gains appears to have
declined substantially between the early
1980s and the early 1990s. It is hard to know
how to interpret this measured decline, given
that the compatibility of the tests is unknown
even though both sets of tests were designed
by the Educational Testing Service.

Nonetheless, the main story from Table A2
on which | focus in the article is consistency
between the early 1980s and the early 1990s.
In both the sophomore and senior years,
Catholic school students score higher on tests
of achievement in mathematics and reading
than do public school students. In addition,
Catholic school students increase their rela-
tive test performance advantage over public
school students between the sophomore and
senior years.

Consequences of Alternative Procedures
for Handling Missing Data The coefficient
estimates presented in Table 1 were estimat-



364 Morgan

Table A1. Means and Standard Deviations of Variables Used in the Analysis

NELS
Source Variable Mean SD N
Achievement Test Scores
1990 Mathematics (IRT scaled) F12XMIRR 44.23 13.48 13,593
1992 Mathematics (IRT scaled) F22XMIRR 49.12 13.96 11,145
1990 Reading (IRT scaled) F12XRIRR 30.90 9.84 13,608
1992 Reading (IRT scaled) F22XRIRR 33.49 9.98 11,141
Catholic School Attendance
Attended Catholic school in both G10CTRL2,
the 10th and 12th grades G12CTRL2 0.06 0.24 14,139
Attended Catholic school in the G8CTRL2 0.09 0.28 13,723
8th grade
Family Background-and Other
Demographic Characteristics
Socioeconomic Status F2SES3 0.08 0.75 11,681
Urban G10URBAN 0.26 0.44 14,139
Rural G10URBAN 0.32 0.46 14,139
Northeast G10REGO 0.19 0.39 14,139
North Central "~ G10REGO 0.27 0.44 14,139
South G10REGO 0.34 0.47 14,139
Number of siblings F1S90A-B 2.43 2.04 14,139
Have own bedroom BYS35P, FIN21P 0.83 0.38 13,503
Two-parent family F192A-F 0.77 0.42 14,061
Asian F2RACE1 0.04 0.19 14,118
Hispanic F2RACE1 0.09 0.29 14,118
Black F2RACE1 0.12 0.32 14,118
American Indian F2RACET1 0.01 0.10 14,118
Learning or physical disability BYP47A-G 0.11 0.31 12,460
Educational Expectations and
Parental Involvement
Dad expects student to go to college F1548A 0.81 0.39 12,732
Mom expects student to go to college F15488B 0.81 0.39 11,960
Student plans to go to a 4-year college
immediately after high school F1549, F1551 0.52 0.50 13,696
Student expected to go to college
in the 8th grade BYS45 0.71 0.45 13,033
Parent volunteers at school F1S106D 0.26 0.44 12,612
Time spent with parents F1544K 2.86 0.97 13,637
School Climate, School Track,
and Individual Course Taking
School climate F1C95A-L 2.23 0.57 11,810
Academic track FTHSPROG 0.39 0.49 12,896
Hours of homework per week F1S36A1-2 7.25 5.09 13,507
Number of advanced mathematics F2RAL1_C, F2RGEO_C,
courses taken F2RAL2_C, F2RTRI_C 1.70 1.23 14,139
Number of advanced science F2RBIO_C, F2RCHE_C
courses taken F2RPHY_C 1.39 1.01 14,139
Number of semesters of English
since the sophomore year F1S24A, F2RENG_C 4.37 1.31 12,115

Note: Reference categories for race, urbanicity, and region are white non-Hispanic, suburban, and West. Data
are weighted by the first follow-up questionnaire weight (F1QWT).
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ed from models that use best-subset regres-
sion imputation of missing data. Hoffer et al.
(1985) instead used pairwise deletion of miss-
ing data, as in earlier rounds of their research
(e.g., Coleman et al. 1982). Critics of their
research argued that pairwise deletion may
have artificially inflated estimates of the
Catholic school effect (Noell 1982; Willms
1985). In retrospect, as | show later, it
appears that such concerns were overempha-
sized.

In this appendix, three alternative sets of
coefficient estimates are presented in Tables
A3 and A4.17 The first set of estimates (col-
umn 1 of Tables A3 and A4) is generated with
the procedure adopted by Hoffer et al.—pair-
wise deletion of missing data. With this pro-
cedure, the covariance matrix of the variables
that is used for regression estimation is calcu-
lated element by element, such that the
covariance between each pair of variables is
calculated for all students with nonmissing
data on both variables. As a result, individuals
only contribute to the portion of the covari-
ance matrix for which they have valid data.
Pairwise deletion of missing data is generally
considered to be unacceptable in current
research because the covariance matrix does
not apply to any single identifiable sample,
and this lack of correction between the sam-
ple and the covariance matrix results in both
conceptual difficulties for the computation of
standard errors (there is no single N for all
coefficients) and related technical problems
(the covariance matrix may not be invertible).

The second set of estimates (column 4 of
Tables A3 and A4) is calculated using listwise
deletion of missing data. With this procedure,
individuals who have missing values on any of
the variables used for any of the models are
dropped from the estimation sample.
Although listwise deletion of cases is the most
common alternative to pairwise deletion, it is
defensible only in rare circumstances, such as
when the data are missing completely at ran-
dom.

The third set of estimates (column 7 of
Tables A3 and A4) is calculated using best-
subset regression imputation for missing val-
ues. With this procedure, missing values for
the independent variables of a regression

model are imputed as a function of whatever
nonmissing data are available on the other
independent variables in the model. All indi-
viduals with at least some nonmissing data
are therefore included in the model. Among
the three missing data procedures utilized
here, best-subset regression imputation is
most easily defendable.18

As shown in Tables A3 and A4, regression
estimates from models produced with pair-
wise deletion are similar to those produced
with best-subset regression imputation. From
this similarity, | conclude (with implicit refer-
ence to the similarity of the HS&B and NELS
surveys) that there is little reason to question
the estimates of Coleman and his colleagues
simply because they used pairwise deletion of
missing data. Moreover, because the esti-
mates from models produced with listwise
deletion are substantially different from those
produced by either of the other methods,
there may be reason to question the research
on the Catholic school effect that embraces
alternative listwise deletion procedures (e.g.,
Noell 1982).

Although | do not present the results here,
it can be shown that students from disadvan-
taged families and students with low test
scores are more likely to have missing data.
Since these students are also more likely to
attend public schools, listwise deletion artifi-
cially decreases estimates of the Catholic
school effect because dropping respondents
with any missing data increases the average
test scores of public school students relative
to the average test scores of Catholic school
students.

Because | regard the best-subset regression
imputation models as the models that use the
most reliable procedure for handling missing
data, | confine the discussion in the text to
the regression estimates of the Catholic
school effects that are presented in column 7
of Tables A3 and A4. However, one should
note that the estimates from the pairwise
deletion models, which most closely corre-
spond to Hoffer et al.’s models, are similar to
the estimates from the best-subset regression
imputation models.
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APPENDIX B

Connections with the Econometric
Treatment Self-Selection Model

The fundamental principles of the counterfac-
tual model of causality are closely related
(indeed, by some accounts, exactly equiva-
lent) to those of econometric self-selection
bias models. For readers who are familiar with
the econometric literature, this appendix
demonstrates the connections between these
complementary frameworks.

Consider first the usual characterization of
generic omitted variable bias with reference
to Equations 1 and 2. If the “long” regression
in Equation 2 is the true model, then the
“short” regression in Equation 1 is misspeci-
fied. As a result, estimates of the coefficient d
from Equation 1 will be biased and inconsis-
tent. Traditionally, the bias is described by first
noting that the error term of Equation 1 col-
lectively represents all omitted variables that
determine the scores on the 12th-grade test
(including idiosyncratic individual-level deter-
minants and random measurement error).
Thus, for the model in Equation 1, the vari-
ables X; through X are omitted variables that
are embedded in its error term. If, on aver-
age, there are differences between Catholic
school students and public school students
on the family background variables X
through X,, as is always shown to be the case
in empirical research, then for Equation 1, the
dummy variable Cath is correlated with the
error term e, and the standard OLS regression
estimator of d yields biased and inconsistent
estimates.

Suppose that we now have a data set {Y,
C, X, Z}?_;, where Y, is an observed test
score, C; is a dummy variable for Catholic
school attendance, X;is a 1 by k row vector of
the variables X; through X, of determinants of
learning (which may also be determinants of
school sector decisions), and Z;is a row vec-
tor of exogenous variables that determine
school sector decisions but do not determine
learning. Thus, we now have access to a set of
observed variables in Z; that predict sector
selection, and we also think of some of our
learning determinants in X; as predictors of
sector selection.

The most common representation of the
selection bias model is the linear two-equa-
tion selection model for treatment evaluation
(see Heckman and Robb 1985). For a simpli-
fied (and pure) version of this model, first
write the potential outcomes introduced in
the main text of the article as deviations from
their unconditional population means:Y{ = Y¢
+uf and Y’ = ¥? + uf. Then, substitute these
expressions into the observation rule in
Equation 6 and re-arrange terms to write the
observed Y; as

B1) Y=Y+ GV -V + {ul + G (uf -uD)},

where the term in braces is analogous to a
conventional error term and represents indi-
vidual-level departures from the relevant pop-
ulation means of the potential outcomes.
The selection model is then specified by
introducing a latent continuous variable for
selection into the Catholic school sector:

(BZ) C; = S,'(X. +V;

where G;=1if /20, C; =0if C; <0, and S;
is a row vector of variables that determine
selection into the Catholic school sector (and
therefore includes all elements of Z; and pos-
sibly some elements of X;) through effects
summarized by the parameter vector a. The
mean-zero error term, v, represents for each
individual the combined effects of unob-
served and completely random effects on
school sector selection. The explicit specifica-
tion of a separable error term, v;, in Equation
B2 is the most important feature that distin-
guishes the selection equation from the
propensity score defined in Equation 13.

If some of the variables in X; are included
in S, then there is said to be “selection on the
observables” because the index function §;
will be correlated with the error term in the
braces in Equation B1. If, in addition, v;, is
purely idiosyncratic, or otherwise mean inde-
pendent of the error term in braces in
Equation B1, then an analysis of covariance
model or a propensity score matching esti-
mator (if properly specified) can be used to
eliminate the selection bias.

If some variables that are embedded in v;
can also be considered predictors of learning
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- (i.e., additional unobserved variables X;,;...X)
or if accurately perceived potential learning
gains (i.e., Y/ - YF) determine sector selection,
then there is said to be “selection on the
unobservables” because v; will be correlated
with the error term in braces in Equation B1.
In this case, a perfect implementation of
analysis of covariance or propensity-score
matching methods with available data will be
able to recover only an estimate of the causal
effect of Catholic schooling for those who
typically attend Catholic schools, as in
Equations 11 and 12.

NOTES

1. See Lieberson (1985) for one of the
most cogent and extended criticisms of this
general research strategy.

2. This is only one particular way in which
the lagged variable regression model can go
wrong. As  Winship and Morgan
(1999:698-700) showed, there are circum-
stances in which it is likely that estimates of
the lag coefficient / are too large and thus
that the estimation of Equation 3 will instead
underestimate the true treatment effect.
Indeed, the only strong justification for the
use of Equation 3 to estimate d requires
(among other things, including parallel linear
regressions) that Test710 be a true pretest and
for attendance at a Catholic school in the
11th and 12th grades to be a function of
Test10 (see, Holland and Rubin 1983; Rubin
1977). In this case, the analysis of covariance
correctly adjusts for regression to the mean.

3. When the regression coefficients on X;
through X, are permitted to vary across
school sectors by estimating sector-specific
regression models, E1, E2, and E3 are calcu-
lated by plugging the mean values of X;
through X, (respectively, for the whole sam-
ple, for the sample of public school students,
and for the sample of Catholic school stu-
dents) into the sector-specific regression
models. See Murnane, Newstead, and Olsen
(1985) for a further discussion.

4. See Sobel (1996) and Winship and
Morgan (1999) for reviews of this literature
written for sociologists.

5. See Heckman, Smith, and Clements

(1997) for a general discussion of causal
effect heterogeneity.

6. For researchers who are familiar with the
literature on econometric selection bias,
which addresses these issues in a slightly dif-
ferent manner (as reviewed for sociologists in
Winship and Mare 1992), Appendix B pro-
vides the explicit connections between that
framework and the ideas presented in this
section. In current research, especially in the
work of Heckman and his colleagues (e.g.,
Heckman, LalLonde, and Smith 1999), the
two frameworks are the same.

7. Notice that through omission in the
argument that follows, | have implicitly ruled
out the possibility that conditioning on pre-
treatment variables would allow us to assert
that (Y;cplS) = (Y/G = 1,5). | have therefore
assumed that the Catholic school effect varies
across the population partition, such that stu-
dents who are enrolled in Catholic schools
would be more likely than those who are not
to benefit from Catholic schooling. Even
more subtly, |1 have also implicitly assumed
that those students who attend Catholic
schools would not perform substantially
worse than observationally equivalent public
school students if they were instead educated
in public schools. These auxiliary assumptions
are based on a notion of behavioral self-inter-
est, would be categorized as positive self-
selection on unobservables in only one direc-
tion (in the framework of Appendix B), and
are certainly worthy of extended evaluation.

8. Regression methods attempt to solve a
related curse of dimensionality through
model-based extrapolation across the dimen-
sions of S, Unfortunately, when the true
model of learning is not known, regression-
based extrapolation can go wrong, as is
shown in many places, especially well for such
models as Equations 2 and 3 in Holland and
Rubin (1983).

9. To their credit, Hoffer et al. (1985) used
a rough propensity-score technique in a latter
portion of their article, stratifying the entire
HS&B sample into quintiles of the propensity
score. The inexactness of this match surely
contributes to the fluctuation in their esti-
mates across the quintiles. Thus, to give cred-
it where it is due, the matching estimates |
offer here can be read as a refinement of a
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technique first adopted by Coleman and his
colleagues (even before the methodological
literature on propensity score matching had
fully developed).

10. In more ambitious propensity-score
approaches in which the ignorability of treat-
ment assignment is invoked, it is sometimes
assumed that students with the same propen-
sity score are completely exchangeable (i.e.,
equivalent in all respects relevant for estima-
tion of the Catholic school effect for all stu-
dents). See note 11 for a further discussion of
this issue.

11. If treatment assignment is ignorable
(see Rosenbaum 1984b; Rosenbaum and
Rubin 1983, 1985)—an assumption | do not
invoke here but that is prominent in the early
matching literature—one can extend the
inferential reach of the propensity-score
matching estimator by removing the condi-
tioning on inclusion in the set C on the left
side of Estimator M2. In that case, Estimator
M2 would yield a consistent estimate of the
average causal effect of Catholic schooling in
Equation 7 (subject to the usual maintenance
of SUTVA).

12. | use the same linear specifications
employed for the regression models. Given
the criticism | offered for such specifications,
this may seem to be disingenuous. Ideally, in
sensitivity analysis mode, one would perform
alternative adjustments with alternative spec-
ifications. Space constraints do not permit
such an exhaustive analysis. Nonetheless,
since the adjustments are performed within
matched strata of respondents, specification
bias is minimized.

13. It is not necessarily the case that a larg-
er data set would yield closely matched pub-
lic school students for all Catholic school stu-
dents. It may be the case, as in the JTPA eval-
uation of Heckman et al. (1999), that there
are regions of nonoverlapping support in the
population of self-selecting treatment and
control cases.

14. Since | focus in this article mostly on
the 12th-grade scores of students who are
likely to graduate from high school, | did not
estimate the possible impact of differential
dropout patterns and school transfer patterns
on gains in test scores. Arguments in the lit-
erature on the potential biases produced by

the changing compositions of the students in
the two school sectors are contradictory and
must, at some point in the future, be recon-
ciled in further research. On the one hand,
explicitly modeling dropout patterns may
show that the Catholic school effect is typi-
cally underestimated because Catholic
schools are more likely to retain their worst
students. On the other hand, explicitly mod-
eling both dropout patterns and school trans-
fer patterns may show that the Catholic
school effect is typically overestimated
because public schools often absorb the stu-
dents who would otherwise be seen as
dropouts from Catholic schools if public
schools did not exist for them to drop into.

15. The only variable that did not have an
acceptable counterpart in NELS is “mother
working or not working when respondent
was young” (Hoffer et al. 1985:note 4),
derived from HS&B BB037b-c.

16. The NELS test scores are only “estimat-
ed number right” scores because the tests
were designed to be scaled with item
response theory (see Rock and Pollack 1995
for details).

17. Because of space limitations, | not dis-
cuss the standard errors of the estimates in
the following presentation. It should be
noted, however, that the standard errors for
the models with pairwise deletion are too
small because they were estimated with SPSS
and not corrected in any way to account for
the clustering of students within schools.
Because the concept of a standard error in an
OLS model that uses pairwise deletion is
problematic anyway (since there is no single
N for the estimation sample), there seemed to
be little value in using a design effect to
adjust the standard errors, as Hoffer et al. did.
However, for both the listwise deleted models
and best-subset regression imputation mod-
els (and thus for the models presented in the
article), the standard errors are robust stan-
dard errors, calculated with STATA's imple-
mentation of White’s sandwich variance esti-
mator, which is modified also to adjust for
clustering within schools.

18. Multiple imputation methods are the
most sophisticated alternative. In essence, a
set of values are imputed for each missing
value, and the variances of these imputed sets
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are explicitly incorporated into the standard
errors of resulting parameter estimates (see
Little and Rubin 1987).
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