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Abstract: This paper introduces the notion of “fit” between
students and schools. Fit is a student-school pairing with re-
spect to intangible characteristics like culture, religion, or
educational focus. Using NLSY97 data, I attempt to identi-
fy effects of fit along one observable vector: religious affilia-
tion. I test whether students matched to schools of their own
religion have outcomes different from their un-matched
peers. OLS and I'V estimates of religious match-effects range
between +5 and +8 percentile points on standardized tests.
The IV analysis relies upon a relative distance instrument
previously unused in school studies. I discuss advantages
and limitations of the instrument.
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Choice-based school reforms have been promoted on two
grounds: first, on the supposition that school choice intro-
duces a market-like competitive mechanism which may
raise educational efficiency and productivity. Several stud-
ies, notably Hoxby (1994, 2000, and 2002) and Epple and
Romano (1998), have examined whether various types of
choice (intra- and inter-district, public or private) appear to
provide these benefits.

The second motivation for choice-based school reform
involves a common-sense notion of sorting according to
student and school characteristics. It is supposed that in a
given educational market there may be pairings of students
and schools which are more or less productive. Under this
assumption, efficiency gains can be made under constant
school quality simply by re-assigning students to more pro-
ductive pairings. The Utah legislature seemed to have had
this in mind when it argued that parents are “best informed
to make decisions for their children, including the educa-
tional setting that will best serve their children’s interests
and educational needs” (emphasis added).! Likewise, par-
ents who exercise school choice often use the language of
goodness of fit, or “good fit” when selecting a school.? This
second argument for school-choice, namely, that a good fit
has value for educational outcomes, has not been studied
explicitly.

There are two primary empirical questions: first, wheth-
er sorting according to “interests and needs” is productive
in itself, independently of school quality; second, whether
the magnitude of such an effect is sizeable enough to be of
importance for school-reform policy. In this paper I address
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these questions with respect to the most common type of sorting in the American school system—sorting
by religious affiliation.

l. WHAT IS A GOOD FIT?

What exactly does it mean for a school to be a good fit? Let “fit” be a multi-dimensional interaction effect
between students and schools. A good fit may occur along several vectors: educational focus, pedagogical
method, religious tradition, cultural values, racial and ethnic identity, behavioral identity, and individual-
ized personal characteristics. The following are some considerations regarding dimensions of fit:

1. Multiplicity.—A particular student-school pairing may exhibit a high quality of fit along some

vectors, and a lower quality along others.

2. Heterogeneity.—Some vectors of fit may be highly individualistic. Consider the case of ethnic iden-

tity. A high degree of ethnic fit may be very productive for some groups of students (such as mi-
norities) but not for others. On the other hand, some vectors may act upon all students with similar
effect.

Overall, it is important to identify some of the most common vectors along which productive pairings
are found (if any), and to see which ones might operate in common for many students. This will have impli-
cations for what kind of aggregation would be appropriate in measuring effects of fit.

Is a good fit productive per se, or is it orthogonal to outcomes of policy importance? To address this
question empirically, a few challenges in particular loom large. First, there is the difficulty posed by lim-
ited types of schools. The available stock of schools clearly does not represent all the types of schools which
could be conceived of as making good pairings with students along various vectors. For example, we ob-
serve schools which use the Montessori method, and those which don’t, but we may not observe schools
which use the Montessori method, are in the Catholic tradition, and are single-gender.

A second difficulty is generated by the fact that some of the most productive vectors of fit may be un-
observable, such as personality or self-identity. For example, consider the possibility that one aspect of a
good fit may be pedagogical method. Some parents may discover, experimentally, as it were, that their child
learns better in a Montessori program, but this knowledge is likely to be unobservable to policy makers and
researchers. Further, due to the nature and magnitude of the default public school system, many parents
will never observe that their children are better suited to a Montessori-method of instruction. Ultimately,
the nature of this problem is two-sided: among those children in Montessori schools, researchers cannot
distinguish between those who are there because their parents deemed it a better fit, and those who are
there for other reasons. Similarly, among those children in public or other private schools, researchers can-
not distinguish between those who are there because Montessori-method instruction was not a good fit for
them, and those who are there because they have never been able to try Montessori-method instruction.

A third difficulty is the familiar identification problem resulting from the process of selection into
good-fit schools. Correcting for this will involve many of the same techniques employed in the private and
Catholic schools literature. Additionally, fit effects would need to be distinguished from school effects. This
is highly doable given a rich data set and good instruments.

Il WHY RELIGIOUS MATCHING?

In this paper I pick just one vector of fit to test: religious afhiliation. I ask whether students matched to
schools by religion exhibit better outcomes than their unmatched peers.’ There are several reasons why this
is a good place to start. To begin, values-matching is correlated with positive outcomes in many situations
where relationships matter, such as counseling and prison programs (Hurst et al. 2008; LaVigne et al. 2007).
In psychotherapy, values-matching helps establish a so-called “therapeutic alliance” between clinicians and
patients (Bordin 1979; Horvath and Symonds 1991; Martin et al. 2000). Religious matching between stu-
dents and schools seems to be a valid analog to that sort of values “fit”.
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In addition to this, religious matching is a good vector of fit to test for many empirical reasons. First,
religion is observable in both students and schools; we can readily measure whether there is a match. Sec-
ond, religious affiliation is the most common form of sorting in the private school system—this allows for a
reasonably large number of matches even within random samples drawn from the general population. As
regards other types of matching (e.g. educational focus or pedagogy) we do not observe a meaningful supply
of types of schools, so it would be hard to observe actual sorting with respect to these vectors.

Third, religion itself is plausibly exogenous to academic outcomes. Parents choose (or inherit) religious
affiliation and typically affiliate their children with them; when children are young, affiliation is as if ran-
domly assigned. As such, it will be easier to identify match-effects without a very serious concern over con-
founding with academic outcomes. In contrast, note the empirical challenge to estimating the effect on
math scores of being matched to a math-science magnet school.

A fourth reason to study the effects of good fit through religious matching is that religious school at-
tendance is often likely to be a revealed-preference measure of a “good fit” that includes more than one vec-
tor. To see this, consider that religious schools are chosen over competing (and cheaper) alternatives (pub-
lic schools)—but more importantly, they are also chosen from among other possible religious or private
schools in a given region. So unless parents pick a school randomly solely on the basis of religious prefer-
ence, it is likely that religious matching may capture other types of fit that are less observable.

Fifth, for a large enough sample of students in religious schools we could isolate school-effects from
match-effects. This possibility arises due to the fact that virtually all religious schools admit students of dif-
ferent creeds. So there is a small but potentially significant portion of students in religious schools that are
not matched by religious affiliation (McDonald and Schultz 2008; Trivitt and Wolf 2011). The non-matched
subgroup of students in religious schools will turn out to be very helpful (indeed critical) for identifying
true match-effects and distinguishing them from school-quality.

Finally, and importantly, we know something about the supply of religious schools—at least enough to
think about some ways of correcting for the selection problem in identifying the effects of a match.

Il RELATION TO OTHER WORK

This paper is related to a number of studies in the economic literature, most especially to the long line
of work on the effects of Catholic schools beginning with Coleman, Hoffer, and Kilgore (1982), Coleman
and Hofter (1987), and Hofter, Greeley, and Coleman (1985). These studies compared public and Catholic
schools, often finding that Catholic schools outperformed public schools, even with the inclusion of ex-
tensive controls. Related early studies in sociology include Noell (1982), Lee, Bryk and Holland (1993) and
Witte (1996).

Subsequent research in economics has aimed to clarify the character and magnitude of the effects of
Catholic schools. One line of research (Evans and Schwab 1995; Eide et al. 2004; Dee 2004) has tended to re-
locate the effect away from quantitative outcomes (such as scores) and onto more qualitative outcomes, such
as high school graduation, college matriculation, and civic participation. Another line has found quanti-
tative effects, but only in terms of interactions with certain sub-populations (Neal 1997; Figlio and Stone
1999; Grogger and Neal 2000). Notably, Neal (1997) found real effects for urban minority students, with lit-
tle to no effect for white suburban students. Given these idiosyncratic findings, it remains a puzzle whether
and how Catholic schools affect students differently from other schools, public and private.

This paper diverges from previous research in that I attempt to measure an interaction effect between
Catholic students and Catholic schools, but also between non-Catholic students and schools of their same
religion. Effectively, I am asking a distinct question from the Catholic schools literature: whether religious
schools have any special advantage for students of the same religion. If there is any sense in which this is
true, religious matching itself has been an important omitted variable in studies of Catholic schools.

The literature beginning with Neal (1997) which identifies quantitative effects of Catholic schools only
for certain sub-populations supports a generalized theory of “fit effects”. While it is clear that religious-fit is
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not driving Neal’s findings (since urban blacks are not typically Catholic), it is clear that Catholic schools
appear to affect different groups of students differently. It would not be hard to suppose that another kind of
fit may be identified as complementing, or competing with, interaction effects previously observed.

Regarding religious matching, the present investigation further complicates the question of how re-
ligious affiliation matters to studies of private schooling. First, there are those studies that take religious
affiliation as a kind of instrument to predict Catholic school attendance—presuming (the identifying as-
sumption) that religious affiliation matters more to attendance than to outcomes (Evans and Schwab 1995;
Kim 2011). Second, there are those which take the opposite view, namely that religious affiliation is essen-
tially endogenous to student outcomes and therefore useless as a reliable instrument (Altonji et al. 2005).
But whereas Altonji et al. find the fault to lie in the possibility that the instrument is correlated to other
variables which themselves effect outcomes, I raise the question here of whether religious affiliation as an
instrument is unreliable more directly, that is, if matching itself is productive.

The question underlying my study, and the corresponding critique of religious affiliation as an instru-
ment, share a basic intuition with Akerlof and Kranton (2002) in which a model of identity in schooling is
presented which is closely related to the idea of match or fit. They postulate that student utility increases
with proximity to a self-chosen social category. School administrators can try to influence social categories
within a school in order to change the prescriptions that follow from students’ chosen identities and con-
sequent behavior. In contrast, my notion of matching supposes that the administrator’s own categorization
(and the consequent culture of the school, or “ideal student”) is relevant to student outcomes. Despite this
difference, the concepts of identity and match share the insight that the student’s perception of familiarity
and fit with the school environment (either at the level of the social group or at the level of the school) may
have very strong influence over student outcomes—indeed possibly stronger than other traditionally stud-
ied variables. The critical intuition is to consider the student herself as a decision maker—whose choices
and responses depend upon her school environment.

The remainder of the paper is structured as follows. I first describe my methodology, including mea-
surement of the match variable, estimating equations, and presentation of the instrumental variables. In
section three, I describe the NLSY97 data used in this study. In section four I present my findings which in-
clude estimates of the effect of religious matching which have never before been estimated. Finally, I include
a discussion of the implications of the findings and directions for future research.

V. METHODOLOGY
a. Religious Matching as a 0-1 Proxy for Fit

Although “fit” as described above is a conceptually rich variable, I do not attempt to measure a continuous
level of religious matching, even though there may be “better” and “worse” matches with respect to this
vector. Rather, I allow religious matching to be a simple binary variable, and measure it in the most intui-
tive way possible. I define an ‘alpha’ (or ‘primary’) match when a student of any particular religious affili-
ation attends a school of the same religious denomination in the academic year prior to the outcome mea-
sure (standardized test). Students who fit this description are coded ‘I'—and all students, including public
school students, for whom the criteria fails are coded ‘0’.

I also define a second binary match variable, ‘beta’ (or ‘broad’) match, which includes all the alpha-
match students, plus additional students who attend a school with a religious outlook broadly similar to
their own religious affiliation. For example, Catholics in some Protestant schools and some Protestants in
Catholic schools are coded as matched under this variable. I determined similarity according to the de-
nominational family trees assembled by The Association of Religion Data Archives (www.thearda.com).
More students are matched by the beta classification than the alpha, though the strength of religious identi-
fication under the beta-match is likely to vary more widely.
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b. Empirical Strategy

I begin with the aim of estimating a standard linear outcomes production function (Equation 1) where y; is
test scores (age-adjusted), v; is the 0-1 match variable, X; is a vector of student characteristics, including de-
mographics, income, family structure, religious affiliation, parent’s education, and regional controls. 0, is
the coeflicient of interest.

Ym0+ 01vi+ O, X +e; 1

Interaction effects between students and schools, or between particular sub-groups of students and
types of schools, are suppressed here as I have only student-level data. In consequence, I am estimating a
single interaction effect: the interaction between students and schools of the same religious affiliation. The
coefficient of interest, 0, or the “match effect”, has never been estimated. For that reason, even the OLS esti-
mates presented in this paper have real significance. A biased estimate is preferable to no estimate.

c. Non-random Selection into Matched Schools and a New IV Strategy

Clearly, the match variable v; is somewhat troublesome as an explanatory variable. Students whose families
select a matched school may differ in unobserved ways from those whose parents did not select a matched
school, and these differences may correlate with outcomes (Altonji et al. 2005). For example, if families with
an especially high level of commitment to education are more likely to choose a matched school, we could
observe upward bias in the estimate.

Alternatively, estimates of matching could be biased downward for three important reasons: first, if
parents choose matched schools especially in the case where children are struggling in a local public school,
match effects could be biased downward. Second, families who choose a matched school may make other
(unobservable) sacrifices to do so, such as working a second job, or giving up other amenities in favor of
paying tuition. These sacrifices may have a negative effect on outcomes, offsetting the overall advantage
of the match. Finally, most matched schools are small church-based schools with low per-pupil budgets,
and inferior structures.* If school-quality is not well identified in a given data set, then estimated religious
match effects could be confounded with effects of school-quality.

In this study I use a new type of distance-based instrument—relative distance—which has been used in
studies of hospital quality under the name “differential distance” (McClellan et al. 1994; Sloan et al. 2001)
but never for private school studies. This instrument exploits variation in the relative distance between the
nearest matched school and the nearest unmatched (public) school. The relative distance instrument com-
pares an implicit cost of the good (travel distance) with the implicit cost of its substitute, and relies on
the insight that students are not equally positioned with respect to local public schools. It is thus designed
to be related to variation in whether students are matched, but plausibly unrelated to variation in student
outcomes. Smaller relative distances should correlate with an increased likelihood of attending a matched
school.

Earlier distance-based instruments used in private school studies were absolute distances (Tyler 1994;
Neal 1997)—where the instrument measured the absolute distance between the home and the private
school. Others have examined absolute distance interacted with some other factor (Altonji et al. 2005). All
of these are, however, subject to a standard critique: that the choice of residence may be determined in part
by proximity to a desired school. Therefore, living close to a private school can’t be interpreted as a random
treatment which affects the likelihood of attending private school. Rather proximity may capture exactly
what one wishes to remove from the equation—the fact that a family chose the particular school in the first
place (for unobserved reasons).

But the relative distance instrument should survive this critique somewhat more easily than an abso-
lute distance instrument. Consider that if a family moves closer to a private school of choice, this may result
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in a smaller or larger relative distance, depending on the location and supply of public schools in a given re-
gion. The logical question can be broken into two parts. For some families, choice of residence is unrelated
to choice of schooling. For these families, both the relative and the absolute distance instruments should be
valid. For the remaining families who choose a home based on proximity to a public or private school, the
relative distance instrument should continue to be valid so long as we assume that public schools are ran-
domly distributed with respect to the residence choices of those families. (While regional differences in the
supply or density of public schools may moderate this assumption somewhat, district- or county-level con-
trols should clear the remaining doubt.) Importantly, for this latter group of families, the instrument will
have little to no meaning: for them, we cannot interpret large or small relative distances as influencing like-
lihood of matching. But this matters little—what matters is that these families will not generate systematic
spurious associations between relative distance and matching.

Having considered the two major criteria for a sound instrument—relevance and validity—there is ad-
ditionally the question of whether the instrument is plausibly monotonic (see Angrist and Krueger 2001;
Murray 2006; and Bound et al. 1995). Does the relative distance instrument predict matching equally well
for all subgroups? Given the strong existing differences between whites, blacks and Hispanics with respect
to religious affiliation, and the disproportionate supply of Catholic schools among religious schools, it is
worth questioning whether the relative distance instrument can perform equally well for these racial and
ethnic subgroups. This will have consequences for the interpretation of the IV estimates. In the results sec-
tion below I present some evidence on this question. Theoretically, however, the challenge here is unrelated
to the relative distance instrument per se. This critique applies to an absolute distance instrument as well.

Methodologically the relative distance instrument was created as follows: for a student of religion X in
zip code Y, I obtain the distance to the nearest matched school (of religion X) and the nearest unmatched
(public) school in zip code Y. I take the difference between these two distances and call this the “typical rel-
ative distance” (TRD): so-called “typical” since it will be the same differential for every student of religion
X in zip code Y. I would like to be able to use an “actual relative distance” (ARD) for each student—but with
only zip-code level specificity, many of the obtained differentials are just zero. For example, if a student lives
in the same zip-code as a local public school and a matched school, the TRD for this student-zip-code-reli-
gion combination is just zero. I show the incidence of the zero-TRDs below.

This lack of specificity, the zero-TRDs, is the chief limitation of the relative distance instrument em-
ployed in this paper. It generates plausible but imprecise IV-estimates, as I will show below. However, this
is a limitation entirely driven by the data in this sample. A better data set with more precise geo data could
overcome this problem quite easily. There are reasons to remain optimistic about the value and future use of
relative distance instruments in the private schools literature.

In this paper, I employ two instruments—the plain TRD described above, and the square of the TRD
which is meant to account for the exponential costs of very large relative distances.

Although the two stages are estimated simultaneously (to obtain the correct standard errors) Equa-
tions 2 and 3 below show the implied first- and second-stage regression equations, respectively.

First-stage equation
Vi=ﬂ0+H1Xi+HZZi+£i (2)
The variable v; is the match variable, X; is a vector of student demographic and geographic controls,
and Z; is the vector of excluded instruments.
Second-stage equation

yi= 0o+ 09:+0, X;+e; 3
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Here, y; is student scores, V; is the predicted probability of matching from the first stage, and X; is again
a vector of student demographic and geographic controls.

. DATA

I employ data from the 1997 National Longitudinal Survey of Youth (first round), together with some lim-
ited data from the associated School Survey Files, the restricted access zip code files, 1997 Geocode Data,
and the NCES Private School Universe Survey Data with the Common Core of Data. All the data is indexed
at the student level.

Table 1 presents summary statistics for my sample. The original NLSY97 sample contains data on 8984
students who entered the survey in 1997. I dropped those for whom religion or school religion was un-
known, for a total full sample of 8817 students. The 8817 students in my sample were 48.9% male, 52.0%
white, 25.9% black, 21.2% Hispanic.” 49.0% of the students in my sample lived in an MSA outside of the
central city area. 32.2% lived in an MSA in a center city, and 17.7% lived outside an MSA. Of the students in
my sample, 3.4% were matched to their school religion by the alpha-match indicator, and an additional 1.5%
were matched by the beta-match indicator, for a total of 4.9% matched at all. A full 95.1% were not matched.

The mean typical relative distance was 15.09 miles (indicating the nearest matched school was on aver-
age 15 miles further than the nearest public school). The standard deviation in relative distance was 19.77
miles. The relative distance was capped at 50 miles in each direction. 22.4% of the students in my sam-
ple have a zero ‘typical’ relative distance—which means that they share a zip code with both the nearest
matched and unmatched schools.

I have data from two standardized tests: the PIAT Math Percentile (updated) score (available for 5925
students), and an ASVAB Math-Verbal Composite Percentile score (available for 6963 students). Both sets of
scores are age-adjusted to 3-month intervals to control for the age at which the test was taken.
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Table 1
SUMMARY STATISTICS
) Typical Relative Mean Outcomes
Matching pristance (Percentile)
Full Alpha-  Beta- None Mean Proportion PIAT- ASVAB
Sample match match (in miles) Zero Math
N= 8817 302 430 8387 8817 1972 5925 6963
Full Sample
8817 1.00 0.034 0.049 0.951 15.09 0.224 37.55 45.43
(19.77) 27.37)  (29.18)
Sex
Male 4312 0.489 0.033 0.048  0.952 15.48 0.213 37.04 46.39
(20.03) (26.90) (28.57)
Female 4505 0.511 0.036 0.050  0.950 14.71 0.234 38.02 44.5
(19.51) (27.79) (29.74)
Race*
Black 2284  0.259 0.009 0.027 0973 13.52 0.175 26.37 28.64
(17.25) (23.85)  (23.77)
Hispanic 1866  0.212 0.025 0.030 0.970 8.47 0.271 29.68 35.60
(16.97) (23.89)  (25.79)
White 4587  0.520 0.051 0.067 0.933 18.61 0.228 46.33 56.52
(21.15) (27.31)  (27.59)
Geography*
Rural 1564 0.177 0.018 0.026  0.974 27.01 0.155 37.77 43.39
Not in MSA (20.12) (26.92)  (28.37)
Suburban 4322 0.490 0.039 0.054 0.946 13.34 0.220 40.72 50.17
MSA, not city (19.01) (27.88)  (29.25)
Urban 2838  0.322 0.038 0.055 0.945 11.29 0.265 32.77 39.45
MSA, city (18.29) (26.28)  (28.38)

Note. All statistics are sample or sub-sample means. Standard deviations are included in parentheses under
the statistic for quantitative variables. Starred sections have category Ns that do not sum to 8817 because
other categories are omitted.

Table 2 presents summary statistics on the type of school attended and religious affiliation of students
in my sample. Of the 8817 students in my sample, 92.2% attended public schools, 3.5% attended Catholic
school, 1.9% attended non-Catholic religious schools, and 0.8% attended other private schools with no reli-
gious affiliation.

Throughout the analyses I rely on student-reported religious preference, which allows me to have the
fullest possible sample (since only about half of the parents report on religion). Of the 8817 students in my
sample, 55.4% reported a Christian religion other than Catholic, 28.5% reported a Catholic religious affili-
ation, 3.2% reported another religious affiliation, including Jewish, Mormon, and various Eastern religions
(Hindu, Buddhist, etc.), and 12.9% reported no affiliation.
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V. RESULTS
a. Matching

Who is matched by religion and how do they compare to their unmatched peers? My first set of results aims
to characterize the matched population and highlight the differences between matched students and their
unmatched peers. I present the raw findings instead of moving straight to the regression analysis because
this is the first paper to examine religious matching directly. It is important to establish and characterize
the size of the raw “match” effect before seeking to fully identify the effect in an econometric sense.

How do matched students compare to their unmatched peers? Table 3 provides descriptive statistics com-
paring matched and unmatched students.

Table 3
MATCHED STUDENTS COMPARED TO THEIR UNMATCHED PEERS
(BoTH MATCH CLASSIFICATIONS)

Alpha-match  Unmatched Beta-match Unmatched
N=302 N=8515 N=430 N=8387
Demographics
Male 0.464 0.490 0.481 0.489
Black 0.070 0.266 0.142 0.265
Hispanic 0.152 0.214 0.133 0.216
White 0.768 0.511 0.714 0.510
Family Background
Mother’s Education (in years) 13.2 11.4 13.0 11.4
Gross Family Income 67,251 44,536 67,932 44,154
Both Biological Parents 0.712 0.482 0.698 0.479
Single Biological Mom 0.156 0.287 0.153 0.289
Two parents, but Only Bio. Mom 0.060 0.112 0.060 0.113
Religiosity (0-600) 403 377 412 376
Geography
Rural 0.093 0.180 0.095 0.182
Not in MSA
Suburban 0.553 0.488 0.540 0.488
MSA, not city
Urban 0.354 0.321 0.365 0.320
MSA, city
Typical Relative Distance 4.22 15.48 8.02 15.45
in miles
Outcomes
PIAT Math Percentile 51.82 37.03 51.31 36.85
ASVAB Math-Reading 64.26 44.71 63.05 44.48
HS Graduation 0.992 0.862 0.989 0.861
Delinquency (0-10) 0.94 1.35 0.93 1.35

Note. Bold denotes statistically significant differences at the 95% level or higher.
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There are several things to note in Table 3. First, matched students are more likely to be white and less
likely to be either black or Hispanic. However, Hispanics are about twice as likely as blacks to be alpha-
match students, while blacks and Hispanics are equally likely to be beta-match students. This is clearly be-
cause Hispanics are more likely to be Catholic, and most religious schools are Catholic.

Second, matched students of both classifications come from families with about 50% higher income
than unmatched peers, and are significantly more likely to reside in an intact family. Interestingly, matched
students are from families that are only moderately more religious than their unmatched peers.

Third, typical relative distance appears to correlate well with matching, which supports the relevance
of the instrument. Alpha-match students average about 4.22 miles relative distance between matched and
unmatched schools, while beta-match students average 8.02 miles relative distance. This means that for
alpha-match students, the nearest matched school is about 4.22 miles further than the nearest local public
school. For beta-match students the nearest matched school is 8.02 miles further than the nearest local pub-
lic school. Unmatched students, by comparison, have a matched school that is on average about 15.5 miles
further than the nearest local public school.

Finally, there is a significant raw “match effect”. For the PIAT, alpha-match students score about 14.8
percentile points higher than their unmatched peers, and beta-match students score about 14.5 points high-
er than their unmatched peers. For the ASVAB, alpha-match students score about 19.6 percentile points
higher than their unmatched peers, and beta-match students score about 18.6 points higher. These are about
one-half (PIAT) to two-thirds (ASVAB) of a standard deviation in scores respectively. This is the effect I am
interested in exploring—does it remain after controlling for all the other significant differences between
matched and unmatched students? In the tables that follow I try to put this effect in context, to see how it
compares with effects that are more familiar, such as the Catholic-schools effect, and the private school ef-
fect.

Is the raw match effect the same as the Catholic schools effect? Table 4 first shows the raw “Catholic schools
effect”, and then breaks this down to show the “match effect” within the Catholic schools effect.

WHAT GOOD IS A GOOD FIT? RELIGIOUS MATCHING AND EDUCATIONAL OUTCOMES
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Table 4
CATHOLIC SCHOOL EFFECTS COMPARED TO MATCH EFFECTS WITHIN CATHOLIC SCHOOLS

. Catholic School:
Catholic School Effects Matched vs. Unmatched
Catholic Non-Catholic Alpha-match ~ Unmatched
N=318 N=8499 N=251 N=67
Demographics
Male 0.462 0.490 0.454 0.493
Black 0.173 0.262 0.080 0.522
Hispanic 0.160 0.214 0.175 0.104
White 0.660 0.515 0.737 0.373
Family Background
Mother’s Education (in years) 12.97 11.43 13.1 12.6
Gross Family Income 65,637 44,554 66,546 62,234
Both Biological Parents 0.714 0.481 0.737 0.627
Single Biological Mom 0.151 0.287 0.143 0.179
Two parents, but Only Bio. Mom 0.066 0.112 0.056 0.104
Religiosity (0-600) 384.4 377.9 380.9 401.3
Geography
Rural 0.072 0.181 0.080 0.045
Not in MSA
Suburban 0.550 0.488 0.578 0.448
MSA, not city
Urban 0.377 0.320 0.343 0.507
MSA, city
Typical Relative Distance 4.47 15.48 2.12 13.25
in miles
Outcomes
PIAT Math Percentile 50.27 37.09 52.00 41.69
ASVAB Math-Reading 62.29 44.78 64.43 53.08
HS Graduation 0.996 0.862 0.995 1.000
Delinquency (0-10) 1.06 1.34 1.03 1.16

Note. Bold denotes statistically significant differences at the 95% level or higher.

The raw Catholic schools effect is about 13 percentile points in the PIAT and 18 points in the ASVAB.
These are very similar to the raw match effect. This is no surprise since the set of Catholic school students
and the set of alpha-match students overlap significantly. Of the 318 Catholic school students, 79% are also
alpha-match students, and of 302 alpha-match students, 83% are also in Catholic schools. Much more in-
teresting are the outcome differences between alpha-match and unmatched students conditional upon being
in a Catholic school. If the match effect from Table 3 were simply a Catholic schools effect, then we should
not expect to see a large difference here. But in fact, conditional upon being in a Catholic school, there is a
remaining 10 point percentile advantage in the PIAT and 11 point percentile advantage in the ASVAB for
alpha-match students and these differences are statistically significant. Note also that there are almost no
other statistical differences between these groups, with the exception of the percent black and white stu-
dents. Income, parental education, religiosity and family structure variables are all highly similar. So, it
appears that there is some effect which is different from a so-called “Catholic schools effect”—and this ef-
fect is experienced by matched students in non-Catholic schools to the same degree as Catholic students in
Catholic schools.
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Is the raw match effect some other kind of Catholic effect? Table 5 compares Catholic students by matching
status, and then matched students by Catholic status.

The results here are quite striking. In the first two columns, we can observe the effect of matching con-
ditional upon being Catholic: 15 points (PIAT) and 19 points (ASVAB) respectively. Note that this is the
same as the “match effect for Catholic students”. Now consider the second pair of columns. The effect of be-
ing a Catholic student, conditional upon matching, is negligible. The difference is not even statistically sig-
nificant. Therefore, there is no “Catholic effect for matched students”.

Table 5
MatcH EFFECTS FOR CATHOLIC STUDENTS AND CATHOLIC EFFECTS FOR MATCHED STUDENTS

Catholic Students: Matched Students:
Matched vs. Unmatched Catholic vs. Non-Catholic
Catholic Non-Catholic
Alpha-match Unmatched Alpha-match Alpha-match
N=251 N=2261 N=251 N=51
Demographics
Male 0.454 0.468 0.454 0.510
Black 0.080 0.041 0.080 0.020
Hispanic 0.175 0.517 0.175 0.039
White 0.737 0.437 0.737 0.922
Family Background
Mother’s Education (in years) 13.1 10.7 13.1 13.6
Gross Family Income 66,546 43,439 66,546 70,723
Both Biological Parents 0.737 0.585 0.737 0.588
Single Biological Mom 0.143 0.243 0.143 0.216
Two parents, but Only Bio. Mom 0.056 0.081 0.056 0.078
Religiosity (0-600) 380.9 346.7 380.9 501.2
Geography
Rural 0.080 0.114 0.080 0.157
Not in MSA
Suburban 0.578 0.569 0.578 0.431
MSA, not city
Urban 0.343 0.312 0.343 0.412
MSA, city
Typical Relative Distance 2.12 7.29 2.12 14.52
in miles
Outcomes
PIAT Math Percentile 52.00 36.76 52.00 50.94
ASVAB Math-Reading 64.43 45.57 64.43 63.45
HS Graduation 0.995 0.853 0.995 0.976
Delinquency (0-10) 1.03 1.29 1.03 0.490

Note. Bold notes statistically significant differences at the 95% level or higher.

WHAT GOOD IS A GOOD FIT? RELIGIOUS MATCHING AND EDUCATIONAL OUTCOMES
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Table 6

PRrR1VATE ScHOOL EFFECTS COMPARED TO MATCH EFFECTS WITHIN PRIVATE SCHOOLS

Private School Effects

Private School:

Matched vs. Unmatched

Private Public Alpha-match* Beta-match*  Unmatched**
N=686 N=8131 N=302 N=430 N=256
Demographics
Male 0.490 0.489 0.464 0.481 0.504
Black 0.197 0.264 0.070 0.142 0.289
Hispanic 0.141 0.218 0.152 0.133 0. 156
White 0.647 0.510 0.768 0.714 0.535
Family Background
Mother’s Education (in years) 12.6 114 13.2 13.0 11.9
Gross Family Income 63,234 43,802 67,251 67,932 55,344
Lives with Both Biological Parents 0.622 0.479 0.712 0.698 0.496
Lives Only with Biological Mom 0.201 0.289 0.156 0.153 0.281
Has two parents, but Only 0.074 0.113 0.060 0.060 0.098
Bio. Mom
Religiosity (ranked 0-600) 399.7 376.2 402.7 411.7 377.6
Geography
Rural (Not in MSA) 0.121 0.182 0.093 0.095 0.164
Suburban (MSA, not city) 0.499 0.489 0.553 0.540 0.430
Urban (MSA, city) 0.369 0.318 0.354 0.365 0.375
Typical Relative Distance 9.88 15.53 4.22 8.02 13.01
(in miles)
Outcomes
PIAT Math Percentile 46.09 36.86 51.82 51.31 36.31
ASVAB Math-Reading Composite 57.81 44.36 64.26 63.05 48.33
HS Graduation 0.942 0.861 0.992 0.989 0.860
Delinquency (ranked 0-10) 1.22 1.34 0.94 0.93 1.72

Note. Bold notes statistically significant differences at the 95% level or higher. *Significance is as compared

to private school unmatched **Significance is as compared to private school beta-match

Is the raw match effect the same as the private schools effect? Finally, Table 6 presents descriptive statistics
for private school effects, and the match eftect conditional upon private school attendance. This is analogous

to table 4.

There are two especially interesting things to note here. First, the “raw” private schools effect is not as
big as the raw match effect. There is a 9 point advantage for private school students on the PIAT, and a 13.5
point advantage on the ASVAB. These are about 40 percent and 30 percent smaller than the match effects of
15 and 19 respectively. The second interesting thing is the match effect conditional upon being in a private
school. For alpha-match students, the effect is 16 percentile points on both outcomes, and for beta-match
students, the effect is 15 points on both outcomes. So, again, it does not seem that a “match” effect is the

same as a private schools effect.
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b. Match Effects: OLS Regressions

Full sample OLS findings Table 7 reports the OLS results for the alpha-match indicator (Panel A) and the
beta-match indicator (Panel B), respectively, in two specifications for each outcome variable for a total of
eight regressions. The categorical variables for race (white is baseline) are included to provide a reference for
the magnitude of the effects.

Table 7
RELIGIOUS MATCHING AND EDUCATIONAL OUTCOMES
ORDINARY LEAST SQUARES

fi:;::f;om{ Dependent Variable: PIAT-Math Dependent Variable: ASVAB
Panel A 1) ) (3) )
Alpha-match 5.662%* 5.730** 8.766*** 5.983**
(1.987) (2.665) (1.721) (2.309)
Private school (dummy) --- -0.071 --- 2.937%
(1.854) (0.593)
Black -12.994** -12.995%** -17.740*** -17.734°*
(1.087) (1.088) (1.014) (1.013)
Hispanic -8.900*** -8.901** -11.821%%* -11.8170%*
(1.141) 1.141) (1.089) (1.089)
R? 0234 02394 0.3299 03303
Root mean square error 24.177 24.148 24.143
Observations 5920 6958 6958
Panel B (5) (6) @) ®)
Beta-match 6.457** 10.285%** 8.632%%* 8.077***
(1.629) (2.758) (1.428) (2.320)
Private School (dummy) --- -3.973* --- 0.577
(2.304) (1.941)
Black -12.9720* -12.998*** -17.763** -17.760*
(1.086) (1.086) (1.012) (1.012)
Hispanic -8.840*** -8.877** 11.790*** -11.792%%*
(1.139) (1.140) (1.087) (1.087)
R 02404 02410 03308 03308
Root mean square error 24.161 24.157 24.131 24.133
Observations 5920 5920 6958 6958

Note. Huber robust standard errors are in parentheses. Regression errors are clustered at the household level.
Student-level controls include gender, religion, MSA, household income, family structure, mother’s educa-
tion. Other controls include Census Bureau region, county, and rural/suburban/urban designation. *, **, ***=

significant at the 90, 95%, and 99% level or higher, respectively.
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The first two results of interest are the top coeflicients in columns (1) and (3). These present the match
effect for the alpha-match indicator for a specification that includes a full set of controls except a private
school dummy. The match effect for alpha-match is +5.7 for the PIAT and +8.8 for the ASVAB. These are
statistically significant at the 99% level, and large in magnitude—1/5 and 1/3 of a standard deviation in
scores respectively. To put these in context, they are on the order of half the size of the black-white test
score gap for this data. For the beta-match, which includes both the alpha-match students and 128 ad-
ditional students who are matched to schools with very similar religious affiliations, columns (5) and (7)
show that the match effects are +6.5 percentile points and +8.6 for the two outcomes respectively. These
are, again, highly statistically significant.

In specifications (2) and (4) respectively, I include a private school control. For the PIAT test, the pri-
vate school variable has no statistical significance, and is small in magnitude. For the ASVAB, the private
school variable is positive and significant, on the order of +3 points, diminishing the match effect by a simi-
lar amount. I do not attempt a control for Catholic schools since it would be so highly correlated with the
alpha-match variable. In the corresponding regressions for the beta-match, (6) and (8), the private school
dummy has the opposite effect—it strengthens the match effect for the PIAT outcomes, and has no signifi-
cant effect on the ASVAB scores. The conflicting findings for the private school dummy result, most likely,
from the high degree of overlap between private and matched schools in my sample. These estimates are
probably not trustworthy. This underscores the need to replicate this study in a much larger sample of pri-
vate and religious schools where school-type effects can be identified more easily. However—with or with-
out the private school control—both alpha- and beta-matches appear beneficial to scores to have a large and
significant effect, by either match specification.
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OLS Results by Racial Subgroups A good question, examining these results, is whether the effect observed
is really driven by the interaction effects identified earlier by Neal (1997), namely by large effects for urban
minorities in Catholic schools. While my data are not rich enough to provide a full econometric answer to
this question, Table 8 should provide some evidence to the contrary. Here I present OLS regressions identi-
cal to those in Table 7, but with the full sample omitting black students, and then for black, Hispanic, and
white students separately. The coeflicients on the separate race regressions, columns (3)-(5), can be inter-
preted as a proxy for the interaction effect between race and matching.

What we observe here is that the large and significant match effects are not driven by minority effects.
For the PIAT the match effects are large and significant for the full sample without blacks (+5.4 for the al-
pha-match, +6.2 for the beta-match) and also for whites without black or Hispanic students (+5.1 for the al-
pha-match and +6.3 for the beta-match). A similar pattern obtains for the ASVAB. We do see that the point
estimates for blacks are generally larger than for whites. That they lack significance under the alpha-match
is entirely a function of the very small number of alpha-matched black students (only 21). There are three
times as many black students who are beta-matched (61), and thus the beta-match coefficients are estimated
more precisely. While these coefficients may not completely settle the question—they provide very strong
evidence that the match effects identified in Table 7 are not minority interaction effects masquerading as a
match.

c. Match Effects: IV Results

First stage results Table 9 presents evidence on the relation between the relative distance instrument and
the likelihood of matching. The first-stage regresses the 0-1 match variable upon the instrument(s) in order
to establish relevance. The first three regressions, columns (1), (2) and (3), show the results for the alpha-
match indicator. The first column shows that the instruments jointly have significance for the probabil-
ity of a match in the absence of controls. Regressions (2) and (3) include the full set of controls: regression
(2) shows that the TRD instrument alone performs worse than it does with the second instrument, TRD?,
which is presented in the third regression. A similar finding obtains for the beta-match indicator. We learn
here that the instruments are consistently significant at the highest possible level, but the coeflicients are
small in magnitude. This suggests a weak instrument problem (Bound et al. 1995; Murray 2006)—no sur-
prise given the major limitation of the instrument mentioned above, which is a high percentage of zero-
value instruments. The usual diagnostic for the first-stage (Stock, Wright, and Yogo 2002) is an implied F-
statistic for the first stage. These are presented along with the IV regressions in table 11. (All are above 20.)
Based on the R* and the coefficients the first-stage results suggest using both instruments.
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Table 9
RELATIVE DISTANCE AND RELIGIOUS MATCHING (First-Stage)

Ordinary Least Squares Ordinary Least Squares
EXPLANATORY Dependent Variable: Alpha-match Dependent Variable: Beta-match
VARIABLE
1) @ ©) 4) ®) (6)

Typical relative distance -0.003*** -0.0010% -0.003*** -0.003*** -0.0010% -0.004%%%

(0.000) (0.000) (0.000) (0.001) (0.000) (0.001)
Typical relative distance? -0.000%** --- 0.000** 0.000** --- 0.000**

(0.000) (0.000) (0.000) (0.000)
Control variables No Yes Yes No Yes Yes
R? 0.0139 0.1001 0.1028 0.0079 0.0892 0.0912
Root mean square error 0.181 0.173 0.173 0.215 0.206 0.206
Observations 8809 8809 8809 8809 8809 8809

Note. Huber robust standard errors are in parentheses. Regression errors are clustered at the household level.
Student-level controls include gender, religion, MSA, household income, family structure, mother’s educa-
tion. Other controls include Census Bureau region and rural/suburban/urban designation. *, **, **= signifi-

cant at the 90, 95%, and 99% level or higher, respectively.

Reduced form results Table 10 presents the reduced-form results: OLS regression of the scores on the rela-
tive distance instruments. This provides statistical support for the exclusion restriction. Regressions (1) and
(2) show that the TRD and TRD? have no explanatory power for PIAT scores after the standard controls are
included. The same pattern is observed for the ASVAB scores—the instruments have no predictive power in
the presence of full controls.
Table 10
RELATIVE DISTANCE AND EDUCATIONAL OUuTCcOMES (Reduced-Form)

Ordinary Least Squares Ordinary Least Squares

EXPLANATORY Dependent Variable: PIAT-Math Dependent Variable: ASVAB
VARIABLE
) ) ©) @

Typical relative distance -0.203* -0.025 -0.263*** -0.010

(0.113) (0.110) (0.094) (0.084)
Typical relative distance? 0.007*** 0.000 0.008*** 0.000

(0.002) (0.002) (0.002) (0.002)
Control variables No Yes No Yes
R? 0.0066 0.2043 0.0082 0.3029
Root mean square error 34.284 30.777 29.069 24.432
Observations 5922 5922 6958 6958

Note. Huber robust standard errors are in parentheses. Regression errors are clustered at the household level.

Student-level controls include gender, religion, MSA, household income, family structure, mother’s educa-

tion. Other controls include Census Bureau region and rural/suburban/urban designation. *, **, ***= signifi-

cant at the 90, 95%, and 99% level or higher, respectively.
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Second-stage IV results Table 11 presents the main IV results for the match effects. For the two separate
outcomes, PIAT and ASVAB, I present four regressions for each match indicator, for a total of 16 regres-
sions. The first regression in each quadrant is simply the OLS regression from the relevant columns of table
7. These are provided for ease of comparison with the IV results. The second regression provides the results
for the preferred IV-2SLS specification which includes both instruments. The third regression replicates the
second but with a LIML estimation (Angrist and Pischke 2008). The fourth presents the results for a just-
identified specification using only the TRD instrument (Angrist and Pischke 2008; Murray 2006).

The upper panel presents the findings for the alpha-match indicator and the lower panel presents the
findings for the beta-match indicator. As for the OLS regressions, black and Hispanic categorical indicators
(white is baseline) are included to provide a point of comparison for the magnitude of the effects.

Columns (2) and (3) show a pattern of IV coefficients that is repeated in the four quadrants of the table.
The magnitude and direction of the IV alpha-match effects are fairly similar to the magnitude and direction
of the OLS coefficients: +7.1 (IV-2SLS) compared to +5.7 (OLS). However, the standard errors on the IV es-
timates are large, and so the coeflicients lack statistical significance. In general, the IV-LIML coefficients are
very similar to the IV-2SLS which is comforting since LIML estimation is less biased, and provides a cross-
check on the IV-2SLS estimate. Finally, the coefficient in column (4) is what results from the just-identified
regression using only the TRD instrument, and not the TRD?. The fact that this coefficient (+15) is so much
larger than that in column (2) is somewhat troubling. We expect that the just-identified regression is least
biased if there is at least one strong IV—however, the first-stage regressions show that the I'Vs perform much
better together. Since they are relatively weak, the results from this just-identified regression are not prefer-
able to the ones in columns (2) and (3).

The implied first-stage F-statistic is 21.105 for these regressions, comfortably above 10 [Stock, Wright
and Yogo, 2002]. Finally, the Hansen statistic is small, which means the hypothesis that the instruments
are jointly valid can’t be rejected. This depends upon the assumption that at least one of the instruments is
valid [Murray, 2006].

The IV findings for the alpha-match effect on the ASVAB are similar in spirit: +14.5 (IV-2SLS) com-
pared to +8.8 (OLS). For the beta-match indicator: PIAT is +7.0 (IV-2SLS) compared to +6.5 (OLS), and AS-
VAB is +14.8 (IV-2SLS) compared to +8.6 (OLS).

The F-statistics are in general better for the ASVAB regressions, as high as 44.8 for the alpha-match,
which means that the instruments are not hopelessly weak in spite of being somewhat meaningless for a
large portion of my sample.
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What can we conclude from Table 11? It would be difficult to argue that the point estimates for the IV
match-effects have much meaning given the size of the standard errors. However, if we think about the IV
coefficients as a check on the underlying bias of the OLS findings resulting from endogeneity or selection ef-
fects, then a plausible story here is that the IV results support the direction and magnitude of the OLS find-
ings.

The I'V-diagnostics are generally good—the instrument performs well in the first- and second-stages,
but since the instrument has a zero-value so often, as does the match variable (0-1 with only a small por-
tion of students having a 1), there is an inherent difficulty in predicting 0-1 matches with a variable which
lacks specificity. In fact, given these limitations, it is somewhat surprising that the TRD performs as well as
it does. This means that a second lesson from the IV results is that the relative distance instrument should
be considered as having some promise for future school studies, and should be tried with more precise geo-
data.

Monotonicity of the Instrument Table 12 presents evidence on whether the instrument performs equally
well for the various racial subgroups. This is motivated by the fact that religious matching itself is a function
of religious affiliation and the supply of religious schools—both of which are experienced by racial groups
quite differently. The regressions in Table 12 essentially reproduce the first-stage regressions from Table 9
but for blacks, Hispanics and whites separately. The results confirm what might be suspected—that the rela-
tive distance instrument predicts matching for Hispanics and whites fairly well, but not well at all for the
black population in my sample. Considering, however, that so few black students are matched at all in this
sample (21 and 61 respectively) it is not clear that the lack of monotonicity arises from the failure of the in-
strument per se, or from the limitations of the data (little variation in matching for blacks, and many zero-
TRDs).

It should be reassuring, on the other hand, that the instrument performs fairly consistently for both
whites and Hispanics. While it is a better predictor for whites, the differences between them are first-order
and not second-order. Overall, Table 12 provides some evidence that the IV is plausibly monotonic. We al-
ready knew that the IV estimates for this sample lack precision, so this finding of non-monotonicity cannot
add much to our caution about the IV coefficients. However, there is enough in Table 12 to suppose that the
relative distance instrument could perform better with more specific data, and should not be abandoned
too easily.
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VI. DISCUSSION
a. Contributions and Limitations of the Present Study

This paper finds large and significant effects of religious matching on student outcomes using NLSY97 data.
These effects are on the order of +5 to +8 percentile points in standardized tests. These estimates—even
from the OLS—are important because they have never been estimated before. Issues of bias are likely to
plague the question of religious match effects, as they do the entire class of related private and Catholic
schools literature. But the new instrument used here, relative distance, can be improved upon with more
accurate geo data. The data used here were significantly limited due to the lack of finer address data. Many
students lived in the same zip code as both the nearest matched and unmatched school—rendering a rela-
tive distance of “zero”. Better data is attainable in theory, and represents a realistic future research plan.
In spite of this, the IV estimates are similar in direction and magnitude to the OLS estimates, and provide
some formal support for the direction and magnitude of the OLS effects.

b. Believability of the Estimates

The match effects identified here are large—ranging between 1/5 and 1/3 of a standard deviation in test
scores—or about ¥ the size of the black-white test score gap in this data. How much should we trust these
estimates? Are they believable?

In the first place, to what extent do we expect the OLS estimates to suffer from self-selection bias? This
question cannot be answered directly. But it is worth pointing out that the match-effects in OLS should
suffer less from self-selection bias than in the estimate of a general Catholic schools effect, or a general pri-
vate schools effect. In these cases, one readily sees that families may choose a Catholic or private school for
brand reasons, or a general sense that these schools are “better” than public alternatives (Trivitt and Wolf
2011). But the sort of selection effect that would plague the findings in this paper would depend upon a
story about parents believing that a “religiously-matched” school would be better for scores. This is dubi-
ous and seems to run contrary to common sense. Therefore, the OLS findings should stand a little firmer
against concerns about selection bias than OLS findings for general Catholic or private schools. (This does
not rule out other kinds of bias, though, such as those listed in section 2.3.)

A second question related to believability is whether we know that the match effect here is not really
some other effect previously identified as being important in Catholic schools—especially, the interaction
effect for minorities in urban areas (Neal 1997). Table 8 presents my best possible answer to this question.
When the OLS findings have been broken down by minority group, match effects, though largest for black
students, remain large and statistically significant for white and Hispanic students as well. This augurs
against the hypothesis that the match-effects are merely driven by minority students in urban Catholic
schools.

A final question of importance related to believability is whether the match effects here are really Cath-
olic school effects, or private school effects. Although I cannot isolate these effects from the match effect
in this paper since there is too little variation in matches apart from Catholic schools, I have shown that
thinking about students in religious schools as treated with a “religious-match” (or not) may be as fruitful
as thinking about them as treated with a “catholic school”. Put differently, my results really flip the question
around: although I can’t reject that hypothesis that the match effect is really a Catholic school effect, there
is enough evidence here to suggest that previous studies identifying a Catholic school effect may have really
identified a match effect. My results suggest that matching should be taken seriously as a new way of think-
ing about who is being treated with what in the analysis of private and religious schools.

What about the objection that previously identified Catholic schools effects are especially observable
for black and Hispanic urban students, only some of which (Hispanics) are typically Catholic? This would
seem problematic if we think in terms of the alpha-match indicator which requires strict matching in re-
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ligious creed. But if we think about the beta-match indicator things get more interesting. American blacks
have long been characterized by greater religiosity than whites (Taylor et al. 1996; Taylor et al. 1999). It may
well be that urban black families, though Protestant, are more religiously “identified” with Catholic schools
than previously thought. This may be especially true in an era (post-Vatican II) when Catholic schools ex-
hibit fewer of the traditional accoutrements of Catholic schools, such as the presence of religious sisters, and
have come to reflect a more mainstream American “Christianity”. There is more to uncover in the literature
on the sociology of religion which is highly relevant to the question of fit and match in the sense of religious
tradition. See especially Chaves (1994) on religiosity and authority, and Woodberry et al. (2012) on the mea-
surement of American religious traditions.

Ultimately, the OLS estimates presented here are a starting place for future research, though I make no
claim to have exhausted all the possible ways to make this effect disappear.

c. Intriguing Questions Raised by the Present Study

This paper and its findings raise the intriguing question of what it is that schools actually do. What is the
mechanism by which schools generate or promote academic growth in students? Consider two models, or
analogies, for schooling. The first, a factory model, or black box, supposes that schools act upon students in
the manner of producing something from raw materials. The second, a garden model, supposes that schools
provide an environment for the mind to develop naturally, according to its own pace and progress, as the
soil for a plant. If the factory model gets something right, then a good school can be identified in part by the
objective quality of various inputs (teachers, curriculum, physical plant, and even the quality of the peers).
However, if the garden model gets something right, the effectiveness of a school may vary tremendously by
student, and this variation may depend upon how comfortable various students feel—and how nurturing
the environment might be for specific students. While the factory model helps to illuminate the importance
of certain oft-studied objective measures (class size, teacher quality, etc...), the garden model helps to ex-
plain others, such as the importance of minority teachers for minority students (Hess and Leal 1997; Dee
2004). The garden model is consistent with potentially large effects of fit when properly identified and mea-
sured; importantly, it can also provide a framework for understanding why some students make large aca-
demic gains in non-traditional school settings, such as home-education.

d. Relation to policy and future research

With respect to policy, it is important to know what benefit, if any, accrues to parents and students when
they aim to get a “good fit”. Research has implicitly treated the question of fit as a matter of taste or individ-
ual utility. But if a good fit between student and schools by itself raises outcomes—independently of many
other school or student characteristics, then the state too would reap the benefit of a good fit.

Studies of choice to date have not been able to distinguish between whether choice improves outcomes
through competitive markets or through sorting. For example, Hoxby (2000) found that increased school
choice improves student outcomes and lowers per pupil costs, thereby increasing overall efficiency. But her
data do not allow her to back-out estimates of student-school interaction effects that would be needed to
make a judgment about fit effects. Further, since her sample is limited to public schools, it’s hard to think
about meaningful student-school pairings in this setting. Without doubt there is some kind of sorting ac-
cording to student-school interaction that occurs within and across residential districts; and if Tiebout
(1956) is correct, this sorting will be efficient. But this sorting has been understood to have more to do with
preferences for expenditures and not “fit” in the personal sense, as described in this paper.

Identifying the effects of a good fit in education ultimately calls for at least three new avenues for re-
search. First, it would be of great value to attempt to replicate these findings in better data, and to tease
out the differences between school-effects and fit-effects (student-school specific). The findings in this pa-
per support the general spirit of earlier findings which see particular effects for particular student-school
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groupings. At the same time, more attention needs to be paid in understanding the mechanisms behind
certain interaction effects. Why do Catholic schools appear to confer greater benefits on some students than
on others? Answering that question may help identify more general effects which may be repeatable outside
of the Catholic school setting.

Second, alternative ways of observing and measuring fit might be explored—especially models of fit
which allow for gradients instead of the binary measure used here. Recent work on models of peer effects
may provide a platform for thinking about variable degrees of fit (Hoxby and Weingarth 2005). Certainly,
peer effects models help answer what degree of fit between a student and her peers is most beneficial to
growth in scores. One generalization from this work is that students do seem to benefit from a healthy dose
of “sameness” or “fit”. Too much diversity in scores—large differences between the top and the bottom—
seems to have deleterious effects.

Finally, future work may obviously extend the logic of this paper to other publicly provided social ser-
vices for which a “good fit” might matter—such as health care, welfare, job training, substance abuse pro-
grams, and the broader class of public goods which may be characterized as social investments into human
persons. The basic question remains the same: whether goods that aim to form (or transform) human be-
ings can be expected to perform equally well for all human beings. While most would say that such goods
have an objective component and a subjective component, it is clear that for reasons of expediency research
has been almost entirely focused on identifying the objective component and its covariates. These findings,
however, and all those which have found significant interaction effects, suggest that the subjective compo-
nents may be much larger than previously thought. But this is good news: effects of any sort that are larger
than expected means that better reforms may be within reach.

NOTES

Paragraph 53A-1a-802 of Utah 2007 H.B. 148

2 According to one reporter describing the Obamas choice of school in Washington, D.C., “A number of great
schools were considered. In the end, the Obamas selected the school that was the best fit for what their daughters
need right now.” (Leiby 2008)

3 This paper uses the language of “fit” and “match” somewhat interchangeably, but in general, “fit” is conceived as
the true continuous variable, and “match” is conceived of as a binary approximation of fit.

4  Tables 35 and 71 from the 2012 NCES Digest of Education Statistics reports that in 2007-8 the average tuition for
a Catholic school student was $6,018, and for a non-Catholic religious school student the same figure was $7,117.
Meanwhile, the average tuition at a non-sectarian private school was $17,316, and public schools spent on average
$12,759 per pupil (NCES 2012).

5  Note that the NLSY97 oversampled minority populations. I do not use weights in any of my analyses, since I do
not make proportional claims from my analysis to the general population.
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