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1 Introduction

Dissatisfaction with the performance of the U.S. educational system, particularly in minority
urban school districts, has led to a surge in interest in and experimentation with a variety of
school choice programs. To assess the overall effect of any school choice program on educational
outcomes, one must address (at least) three questions. First, by how much do children who
exercise their option to switch schools benefit? Second, does increased competition lead schools
to improve? Third, will a choice program lure the best students away from current schools,
and if so, how large is the negative “cream skimming effect” on those who remain behind? The
same three issues are central to assessing the major types of choice programs: vouchers, charter
schools, and choice within the public school system.

There is a lot of research on the first question and some work on the second, but virtually
no work on measuring the cream skimming effect, which is the subject of our paper.! Quantify-
ing this effect is difficult. Starting from knowledge of who currently attends public school, one
must assess who will move in response to the program, estimate the consequences of peers for
outcomes, and then weight the change in the peers of public school students by the estimates of
the peer effect parameters. In fact, it is hard to conceive of a controlled experiment, let alone a
natural experiment, that could directly identify this effect. Even if one could randomize eligi-
bility for a choice plan across schools, one still would not know the counterfactual of who in the
control school would remain if they were eligible for the plan. One must combine experimental
or non-experimental variation with a model of school choice and outcomes.

The first contribution of the paper is to show that for a broad class of models of school
choice and peer effects, the cream skimming effect is determined by the covariance between the
relative probability that a student will move in response to the choice program with an index
of the differences between the student’s characteristics and the average characteristics of his
or her classmates. The weights of the index are the peer effect coefficients. The covariance is
increasing in the amount of heterogeneity within schools, the relative response of advantaged
students to the voucher, and the magnitude of the peer effect coefficients. To see the intuition,
note that the cream skimming effect will be zero under three separate conditions. The first is

zero heterogeneity within public schools, because then the leavers will be the same as the stayers.

"Much of the U.S. research on the direct benefits from private school attendance is in the context of Catholic
schools. The results are mixed, but studies by Evans and Schwab (1995), Neal (1997), Grogger and Neal (2000),
and Altonji, Elder and Taber (2005) suggests that students who attend Catholic schools perform substantially
better than they when he would have done in a public school. The evidence is strongest for urban minority
students, and the main effects appear to be on high school graduation and college attendance rates rather than
on achievement on standardized tests. Rouse and Barrow (2009) survey the evidence from a number of voucher
experiments on the achievement effects of private school attendance and conclude that they are small. They also
summarize the literature on effects of attending a charter school and on whether competition improves public
school performance. See also Hoxby (2003).



The second is the absense of a relationship between the probability that a student leaves and
student characteristics that affect classmates, because then the voucher will not change the
average values of relevant peer measure. Finally, the cream skimming effect will be zero if peer
effects on outcomes are zero.

Although our formula for the cream skimming effect could be applied to other school choice
programs, we focus on voucher programs because our data are much more informative about
selection into private schools. We consider both broad based voucher programs and programs
that are targeted to low income students or urban students and use high school graduation as
our main outcome of interest.

The cream skimming formula provides the structure for what amounts to a mix of formal
econometric analysis and sensitivity analysis. The formal econometric analysis uses data from
the National Education Longitudinal Survey of 1988 (NELS:88) and proceeds in three stages.
The first stage is to estimate the effect of a voucher on who attends public school. The second
is to estimate the effects of peers on outcomes. The final stage is to apply our formula and
compute the cream skimming effect.

In the first stage of our base case model we estimate a probit model for public school choice
that identifies the conditional probability that a student with specified observed characteristics
chooses public school, given the status quo of no voucher program. We model the voucher as
a shift in the index determining school choice for a given group of students. This allows us to
compute the relative probability that public school students will remain in public school given
the level of the voucher. Furthermore, the assumption implies the natural result that students
who are currently in private schools continue to attend them after a voucher is put into place.
This permits us to obtain the distribution of observed and unobserved characteristics of students
who will remain in public school by using the relative probabilities of continued public school
attendance to reweight the distribution for public school students under the status quo. By
comparing reweighted means to the means of public school students under the status quo one
obtains estimates of how mean family income, mean parental education, mean eighth grade test
scores and other characteristics of high school peers will change for those who remain in public
high schools. A big advantage of our approach is that we do not need variation in tuition or
voucher levels to estimate which students are likely to respond to the voucher program.

We work with several alternative specifications of the demand for public schools, including
a nested logit specification in which Catholic and non-Catholic private schools are treated as
separate alternatives, a case in which we fit the school choice model to the Milwaukee school
voucher experience, and the extreme assumption that the students who move in response to the
voucher come entirely from the top of the achievement distribution. The most interesting and

difficult case is a model in which peer quality influences school choice. To handle this case, we



develop and implement a new methodology for estimating binary consumer choice models when
demand depends on the characteristics of the other buyers and information on the characteristics
of the other buyers is only available to the researchers for those who choose the product. In
our case, the attractiveness of public school depends on the characteristics of the other public
school students. We have information on the potential public high school classmates of those
who choose public school but not of those who choose private schools. We show that with
data on a set of variables that are correlated with the characteristics of students in a high
school district, such as average family income and racial composition, one can simultaneously
estimate the distribution of the characteristics of the students who choose public high school,
with selection accounted for, while estimating the effects of student body characteristics on
the choice.? Our methodology could be applied in other situations in which consumer demand
depends the characteristics of other consumers, and consumer characertitics are correlated with
location, and sampling is choice based because of the costs of a random sample.

The second stage is to estimate the extent of peer effects on high school graduation. We start
with the standard procedure of regressing high school fixed effects for the outcome on observed
student body characteristics and address a number of econometric issues. The most difficult is
accounting for the effects of the voucher on unobserved peer characteristics. For example, the
usual school level parental background measures, such as average family income and average
parental education are only crude measures of the resources that parents provide to their chil-
dren. Roughly speaking, we use the school choice model to infer the mean for each high school
of the index of unobserved student characteristics that determine school choice. Observed and
unobserved characteristics that influence school choice need not be the only student charac-
teristics that influence peer outcomes, but, as we show below, student characteristics influence
the cream skimming effect only to the extent that they are related to school choice. In one
case, we calculate the cream skimming effect under a range of assumptions about the relative
size of the effect on school outcomes of the school averages of unobserved and observed student
body characteristics influence school choice. Our method of handling unobserved characteristics
might be useful in other contexts.

In the final stage, we use our estimates of the peer effects models and estimates of the shift in
both the observed and unobserved characteristics of the peers of students who remain in public
school to estimate the effect of the voucher program on the high school graduation rate of the
public school stayers. We report results for a number of different model specifications and also
investigate voucher programs that are targeted to low income families, low income schools, low

achieving schools, and urban areas. Overall, our results are robust and indicate that a large scale

2The problem is simpler if information is available for all students about the student body of the public high
school option. We do not know of a US data set that is nationally representative and provides such information.



voucher program would have small effects on the high school graduation probabilities of those
who remain in public school. One might expect the cream skimming problem to be even less
severe in other choice programs such as charter schools given the available evidence on selection
into charter schools. If this is the case we would conclude that the magnitude of this effect is
likely very small in those cases as well.

We do not know of another study that is directly comparable to ours, but the literature on
voucher programs in the US and elsewhere provides some evidence about who would take up
vouchers. Howell and Peterson (2002) examine several programs targeted to low income students
and conclude the the degree of positive selection in such programs is relatively small. There are
no universal voucher programs to study in the U.S., but Hsieh and Urquiola (2002) find that
Chile’s universal voucher program induced higher income and higher ability children to move to
private sector schools. Ladd (2002) finds that selection in New Zealand’s choice program worked
in a direction similar to the Chilean program and that “the expansion of choice in that country
exacerbated the problems of the schools at the bottom of the distribution and the reduced
the ability of those schools to provide an adequate education.” Given that the composition of
charter schools is heavily influenced by the specific areas in which they were introduced and
the missions of the schools, one cannot easily draw conclusions about a universal or a targeted
voucher program from aggregate statistics on the composition of charter schools. Nevertheless,
there is little indication that charter schools lead to a large exodus of the most advantaged
children from regular public schools, particularly when compared to private schools.?

Our work is also related to a few papers on the general equilibrium effects of voucher pro-
grams with peer effects, including Manski (1992), Epple and Romano (1998, 2002, 2003), Epple,
Newlon, and Romano (2002), and Caucutt (2002). Simulations of calibrated versions of the
models usually show cream skimming, although the magnitude varies with the details of the
model specification and assumed parameter values. Nechyba (1999, 2000, 2003) shows that mi-
gration can have a countervailing effect on low income households who remain in public school.
To our knowledge, the only paper that explicitly estimates and simulates the extent of peer
group effects with vouchers is Ferreyra (2007). She estimates her model using school district
data from several large metropolitan areas. She then simulates the effects of vouchers.

Ferreyra (2007) does not use data on school quality, but infers the production function for
it based on location and schooling decisions. This is an important limitation because peer
characteristics could influence school and location choices for a number of reasons, including:
a) the possibility that they affect school outcomes and parents care about the school outcomes,
b) the possibility that parent’s care about outcomes and think that peer effects are important

even though they may not be and c¢) the possibility that parents care about peer quality per se.

3See RPP International (2001), and Fisler (2002), Lacireno-Paquet et al (2002), and Zimmer et al (2009).



In contrast, we are the first to directly estimate the effects of peers on particular outcomes and
then simulate the effects of cream skimming on these outcome for public school students. Our
analysis is complementary with the general equilibrium papers.

The paper continues in Section 2, where we present our school choice model, define the
cream skimming parameter, and derive the key equation that determines the effect. In section
3 we discuss estimation in situations in which peer effects depend only on observed variables.
Sections 4 and 5 we discuss the NELS:88 data and provide descriptive statistics. In Section
6 we briefly discuss the estimates of our basic school choice model, estimates of the effects of
student characteristics and peer characteristics on high school graduation, and estimate the
cream skimming effect. In Section 7 we allow peer characteristics to affect school choice and in
Section 8 we allow for unobserved school characteristics that influence choice and for unobserved
peer characteristics. Sections 9 and 10 consider additional alternative assumptions about peer

effects and about school choice. We conclude in Section 11.

2 A Model of School Choice and Outcomes and a Definition
of the Cream Skimming Effect

In this section, we begin by presenting the basic model for school choice and classmate effects
on school outcomes that underlies our analysis of the effects of school choice on students who
remain in their original school. We then define our parameter of interest—the cream skimming

effect—and analyze the factors that determine it.

2.1 School Choice

Let S be the set of all public schools in the country. Each student i is assigned to a particular
school district and denote the public school in that district as S;. School choice programs are
indexed by 7. This could represent a program dictating a certain level of a voucher or entry of
a particular class of charter schools. The indicator variable P7 =1 if the student chooses their
default public school and 0 if the student chooses an alternative school under program 7. In
general, the choice P depends 7 both through direct effect of the program on the student and
through the effect of the program on the choices of other students. For most of the empirical
results in the paper, we focus on a universal voucher program that provides the same voucher
amount to all students. We denote the status quo as 7 = 0 and the corresponding choice as
P?. When we use the expression P/ = 1 as a conditioning argument, we are conditioning on i
choosing public school when the school choice program is 7. The conditioning argument P? = 1
means that ¢ chose a public school in the status quo (and this variable will be observable in the

data set).



Let V(X/,S;,7) be the difference in the utility of attending public school S; under choice
program 7 and the utility of the best alternative school option given ¢'s location, where X/ is
a vector that includes all variables, both observed and unobserved, that influence the relative

utility of private school. Thus P is determined by

(1) Pr=1(V(X},S;,7) > 0).

7

Note that the function V' allows school choice to depend on the specific school S;. This depen-
dence may arise through fixed school characteristics that would not be altered by 7, as well as

through peer effects that would be altered.

2.2 School Outcomes, School Quality, and Peer Effects

Let Y; (7) be an outcome that individual i would achieve if he or she attended .S; under choice
program 7. Examples of outcomes are test scores, high school completion, college attendance,

and earnings. Y; (7) is determined by
(2) Yi(r) = Xiy +0(5,7) + &,

where 0 (S;, ) is a school quality component that is common to all individuals who attend S;,
X, is a vector of observed characteristics of ¢ that influence the outcome and ¢g; is an index of
unobservable individual factors that is uncorrelated with X; and 6 (S;,7). The school effect
0 (S;, 7) depends on 7 through peer effects that change as different students attend public school.
Note that (2) rules out interactions between X; and , which could be added.

For any public school s € § and any voucher program 7, peer effects are a function of the

vector

Z(s,7)=FE(Z; | S; =s,P] =1),

where Z; is the vector of observed and unobserved student characteristics that influence other
students and Z (s, 7) is the average of Z; for students who choose S; given the voucher program
7. An important special case is Z; = X;.

Without much loss of generality given that Z; may include known nonlinear functions, we

assume that the school fixed-effect can be expressed as
(3) 0(s,7) = Z(s,7)6 + Q.Bg + &,

where the observed variables ()5 and the error component &, capture other determinants of
school quality that are not influenced by the voucher, such as the characteristics of the building,

the principal, and the teachers.?

4We use the term “peer effects” to refer to the influence of the average values in a school of a variety of student



2.3 The Cream Skimming Effect 7”(7)

For individual 7 we define the treatment effect of vouchers conditional on staying in public school
as

() =Y (1) = Y;(0) = 0(S;,7) — 0(S;,0) = [Z(S;, 7) — Z (S;,0)]'6.

Our parameter of interest is the average value of this “cream skimming” effect for public school

stayers under a school choice program:

(4) ™ (7)

B (mi(r) | PT=1,P’ = 1)
= [E(Z(S,m) | PP =P =1)~ E(Z(5,0)| Ff = P’ =1)]'s.

Thus we need to identify 6, E (Z(S;,7) | Pf = P =1),and E (Z (S;,0) | PT = P! = 1) to iden-
tify the cream skimming effect. So far we have not made assumptions about what is observable
to the econometrician.

We now derive the formula for 77(7) that underlies our empirical investigation. The term
E(Z(5;,0) | Pf = P? = 1) involves P, which is not observed. However, P! is observed, and so
we can condition on P? = 1, the set of people currently in public school. Define x; = { X}, Z;, S; }.

Letting G represent a generic distribution, we can write

B(Z(5:0) | P =P =1) = [ Z(5,.0)dG (xi | PT = 0 = 1).
Bayes theorem implies that

Pr(PT = 1| PP = 1,x)dG (i | P* = 1)
Pr(Py = 1| PO = 1)

4G (| B =P/ =1) = = u(r)dG (i | PP = 1)

T 0__ .
where ;(1) = P;(ﬁ;:if;gi’ﬁl) is the relative probability of remaining in public school after the

voucher program 7 is put into effect, conditional on y;. Consequently,
B(Z(S0)| P =P =1) = [ Z(S.0/0(r)dG (5| P =1) = E(Z(5,0) s{r) | P2 = 1)

By the same line of reasoning,

E(Z ) | =P =1) = [Z(5.1d6 (x| Pr=1P=1)

::/7@”WWWwaW=n:m2@nwmnﬂew

body characteristics that are determined prior to high school. These include parental education and income,
race, gender, and performance in lower grades. We are side stepping the reflection problem discussed by Manski
(1993). It does not matter for our simulations whether peer effects operate through covariates or outcomes. One
can interpret J in (3) as the reduced form coefficients of a model with reflection. The reduced form is all that is
needed.



Using the above two equations and (4), we can write 7”(7) as

(5) (1) = E(i(T)[Z (Si, ) — Z (S, 0)]'8| P = 1).

The cream skimming formula simplifies further if the gain from choosing the default school,
V(X},S;, T), is monotone in 7, so that no student chooses to attend the default school under the
proposed choice policy if they would not under the status quo. (That is under monontonicity,
if P = (0 then P7 = 0). This is a very natural assumption in the case expansion of charter
schools or introduction of a voucher program although it would not make sense for an expansion

of choices within public schools.?

Under monotonicity, using the law of iterated expectations,

E(Z(S,7)| Pl =1P'=1) = E(Z(S,7)| Pl =1)=E(E(Z;|S;=S,,Pl =1)|P] =1)
= E(Z | Pl =1)=E(h(nZ| P =1).

Consequently, under monotonicity, (5) reduces to®

(6) (1) = cov(¥i(7), [Z; — Z (S;, 0) 8| P} = 1).

Equation (6) shows that the cream skimming effect 77 (7) is the covariance between ()
and [Z; — Z (S;,0)]'0. It easy to see that 7 (1) depends on three factors. The first is the extent
and the nature of the variation in ¢;(7) If ¥;(7) does not vary across i, then students who
move in response to 7 are more or less a random sample and the characteristics of the peers of
students who remain in public school do not change. If 1;(7) does vary but is unrelated to Z;,
there would be no cream skimming and the cream skimming effect would be 0. By the same
token, 7? (7) is more negative the greater degree to which v;(7) declines with characteristics
that benefit other students (i.e, characteristics that increase [Z; — Z (5;,0)]'6).

The second determinant of 7”(7) is the extent of heterogeneity in peer characteristics within
a school. 7 (1) will be zero if there is no heterogeneity in Z; within a school (eg., parental
background is identical). In this case Z; — Z (S;,0) would zero for all i and once again the
treatment effect would be identically zero. The more heterogeneity within a school, the more
negative the cream skimming effect could potentially be. Components of Z; matter for the

cream skimming effect only to the extent that they are correlated with 1;(7). This provides an

5While we estimate some models in which montonicity does not have to hold, in every case we present below
it does hold. The simplified version of (5) eases interpretation of the empirical work.

6Getting from the expectation to the covariance uses the additional fact that E(Z; | P} = 1) =
E(Z(S;,0)| P?=1).



important justification for the restrictions that we impose on the peer effects function Z(s, 7)d
below.

The third determinant is the magnitude of the peer effect coefficients §. #? (1) will be
identically zero if there are no peer group effects (6 = 0). More generally, the more peers matter
for school outcomes, the more important the cream skimming effect will be (assuming that
better and more advantaged students from a given school are more likely to move).

Thus one can see the importance of all three factors. The cream skimming effect will be 0
if any of the three channels are 0, not just if all three are 0. By the same logic, to get a large
value of 7P(7) all of the channels must be sizeable. We obtain small values for 77(7) below
because of the combination of factors, not a single one. When one plugs reasonable estimates

of the three channels into the formula, small estimates of 7?(7) come out.

3 Estimating the Cream Skim Effect

In the next subsections we present the econometric model of school choice that we use to
estimate 1;(7), discuss estimation of the school outcome model (2)-(3), and then discuss the
construction of 7% (7). In formula (6) note that 1;(7) is the only parameter that depends on the
particular choice program. The difference [Z; — Z (S;,0)] is just raw data that can be observed
(or approximated) directly. The peer effect parameter ¢ is difficult to estimate, but there is much
previous work on this. Thus the novel and challenging aspect of estimating 7P(7) is estimation
of 1;(7). If one were to investigate the cream skimming effect of a charter school program or
other types of school choice, one could use estimate ;(7) for that program and then plug it
into (6).” In this paper, we consider the voucher case using observational data on how people
select into private school to understand how people might react to different types of voucher
programs. We focus on a model in which students either remain in public school or attend a

private school.

3.1 An Econometric Model of Public School Attendance

In our baseline case, we estimate ;(7) from a probit model of public school attendance. Partition
X as {X;, u;},where X; is a vector of observed characteristics and the scalar u; is an index of
unobserved characteristics that influence the attractiveness of the public school S; relative to
private schools. wu; is assumed to be independent of X;. We assume that the utility gain from

attending public school S; under voucher program 7 is

"Note that without monotonicity that is no longer true. One would have to use the model to simulate Z(S;, )
as well, and then apply (5).



where ¢;(7) is the voucher that individual 7 is eligible for under voucher program 7. Note that
we are implicitly assuming that the voucher affects choices only through the direct effect and
through the public school peers (Z(SZ',T),(S), not by changing the characteristics of the private
schools options available to 7.8

The decision rule of student ¢ facing voucher program 7 boils down to
(8) Pl =1(X;B +¢pZ(S;,7)0 — t;(T) +u; > 0)

Because we do not have data on t;, we normalize var(u;) = 1. This implicitly defines the
scale of t; such that a unit change in ¢; has the same effect on school choice as a one standard
deviation change in the u;. We do not need to know the price elasticity of demand for private
schools.” We instead define the “size” of the voucher in terms of the number of people induced
to attend private school by the voucher. For our base case we choose 7 so that ¢;(7) = t induces

10% of public school students to move.

If u; is N(0,1) then

PI‘(P;- = 1,X7;, S@) = (I)(Xl/ﬁ + gOZ(S“ 7')/(5 — tz(T)),

where @ is the standard normal CDF. The ratio ¢;(7) of the probability that ¢ will stay in public
school if a voucher 7 is introduced relative to the probability that the student is in public school

under that status quo in which 7 is 0 may be written as

[@(X;ﬁwz(si,r)’é—ti(r))]
(X[B—Z(5:,0))
(9) wi(T) = % ——
(X!B+9Z(S;,m)/5—t:(7)) —
| =SmiezEays 4G 06l B = 1)

We construct 1&1(7') using many different versions of the school choice model. In our base
case specification, we ignore feedback effects of peers on school choice, and assume that ¢ = 0.

In this case, our estimator is

80Qur assumption is consistent with an expansion of the private school sector to accommodate increased
demand provided that attributes that influence choice do not change. We are assuming that any feedback from
voucher induced changes in the peer characteristics of public and private schools to school choice is of a second
order of importance. One can accommodate the likely possibility that average distance from private schools
would decrease in the wake of a large scale voucher program, with an effect on the demand for private schools.
To do so, one could redefine ¢;(7) = t to be an index capturing both the effect of the tuition subsidy and of
a uniform reduction in distance resulting from the private school expansion. In some sense, the reduction in
distance associated with private school entry acts as a multiplier on the effect of a voucher on demand for private
school. In practice however, one might expect the size of the distance reduction to depend on the existing stock
of private schools and to vary across households depending on precisely where they live. One could model this
but we have not done so.

9Dynarski, Gruber and Li (2008) use tuition discounts for number of children to estimate the price elasticity
of demand for Catholic primary schools. Their results suggest that lower SES families are more responsive to
the tuition. This would suggest that our estimates are an over-estimate of the cream skimming effect.

10



10 i = =
( ) () (7') CI)(X{B) Npo jPi—1

@(X;B—w»]/ Loy O(XIB — t(r))

where N,o is the number of sample members in public school.

In one set of cases we relax the assumption that peer effects have a negligible effect on the
public school decision by freely estimating ¢ at a major cost in terms of computational complex-
ity. In another case, we disaggregate Catholic and non-Catholic private schools using a nested
logit specification.!® We also experiment with alternative assumptions about unobservables. In
our base case we assume that there are no unobservable peer effects and no fixed unobservables
common to students assigned to 5; = s that influence school choice. Relaxing this assumption
is very difficult, as we discuss in Section 8 and Appendix 3, but has little effect on our basic

findings.

3.2 Estimation of the School Outcome Parameters

We estimate the coefficient vector « from (2) by OLS regression of Y;(0) on X; with public school
fixed effects. Although the estimates of v are not our main focus, bias in the estimator for + could
spill over into bias in the estimation of the link between 6(s,7) and Z(s, 7). Consequently, a
discussion is in order even though we do not have a way to address the issue. First, measurement
error is likely to lead to underestimation of « (in absolute value) and bias 5 in the opposite
direction to the extent that school level averages are less affected by measurement error and a
substantial component of the true variation in X; is across school. This is likely to lead to an
overestimate of the importance for high school performance of the average level of eighth grade
test scores (which have a random component to them), parental education, income, etc. Second,
within school variation in omitted factors that influence education outcomes and income and
are correlated with the within school variation in X; will also influence 4. The effect of this

latter source of bias on ¢ is harder to determine.

3.2.1 Estimation of the School Quality Parameter §

In our base case, we assume that all elements of Z; are observed. Because we only observe a
sample of students from each public school and thus only observe ?(Si, 0) with error, we use
the JIVE estimator discussed in Devereux (2005) to estimate J. Specifically, one may rewrite

(3) as

(11) 0(S;,0) = Z6 + Qs Bg + 2o

10The parameters of a trinomial probit are poorly identified in our data.
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where 0(S;,0) is the estimate of the school fixed effect for the school S; attended by person i and
the error term eg; = [Z (S;,0) — Z/]6 + & + [0 (S, 0) — 6(S;,0)]. We estimate § and Bg by TV
regression. The instruments are Qg, and the “i left out means” Zg_, consisting of the average
value of Z for sample members who attended i’s public school S;, with i excluded.!!

There are several sources of bias in d. Advantaged students tend to go to better schools,
suggesting a positive correlation between elements of Zg_, representing high socioeconomic sta-
tus and €p; (through &). This would lead the estimates of ¢ to be biased upward (away from
zero). We have already noted that bias in the ~ estimates could spill over into §, but the sign
is ambiguous. The fact that some high schools have more than one feeder school will bias our
estimates of § to the extent that the mean of Z; varies across feeder schools for a given high
school if the sample is not representative of the mix of students from the various feeder schools.
In practice, we usually only have students from one feeder school. In this situation, the compo-
nent [Z(S;,0) — Z;] will be negatively correlated with Zg, the sample average in the high school.
This effect biases the estimate of 6 downward. On the other hand, these students were peers
during eighth grade as well. Since ¢ is defined to be the effect of high school peers, J will be
biased upward to the extent that eighth grade peer effects continue to matter for high school.
Bias in § will bias the magnitude of 77(7) in the same direction. We suspect that the net effect
of the various biases in ¢ is positive, which would mean that our estimates can be viewed as
upper bounds for how large the treatment effect could be. However, we also experiment with
alternative values of 9.

As it turns out, when ¢ is unrestricted,d is poorly determined in the sample because there is
substantial collinearity among the 7572.. Consequently, we focus on models that impose index

restrictions on Z(s,7)'d. The first is
(12) Z(s,7)8 = c+ dxpX(s,7)B.

The above equation states that up to a factor of proportionality peer effects depend on average
student characteristics in the same way that the school choice does. Even if this restriction is
false, the fact that the cream skimming effect of the voucher has to work through XS + ¢;(7)
implies that one can think of (12) as a “reduced form” that is a first order approximation to

Z(s, 7).

The second and perhaps more natural assumption is that
(13) Z(s,7)'6 = 6x, X (s,7).

The restriction states that up to a factor of proportionality, peer effects depend on the school

mean of X; in the same way the outcome Y; depends on Xj.

1 Because we must deal with sampling error in our measures of peer characteristics, the use of nonlinear
alternatives to the linear probability model with fixed effects would greatly complicate that analysis.
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We estimate dx:5 by JIVE which involves regressing 6(.S;,0) on X/ and Q using 7/373 as
an excluded instrumental variable for XZ’B We estimate dx, analogously by regressing é(Si, 0)
on X4 and Qg, using YISFﬁ as the excluded instrumental variable for X/7.

To evaluate (6), we use the fact that Zg . is an unbiased estimator of Z (.S;, 0) to rewrite (6)

ale

149 w(r) = Bau(n|Z — Z (S, 08| = 1) = B(uu(r)[Z: — Zs_ 6|0 = 1).

In the case of the X’y index model, we obtain a consistent estimator 7? (1) by replacing the

right hand side of (14) with its sample analogue

1

(15) R = o X GG s
{i: PZ.0=1}
(16) - 5o X GG~ KL )ibe,

{i: PP=1}

In the case of the model with index X3,

(1) =5 2 B =X ) B
{i: PP=1}

4 Data

NELS:88 is a National Center for Education Statistics (NCES) survey that began in the Spring
of 1988. A total of 1032 schools contributed as many as 26 eighth grade students to the base
year survey, resulting in 24,599 eighth graders participating.'® Subsamples of these individuals
were reinterviewed in 1990, 1992, 1994 and 2000. The NCES only attempted to contact 20,062
base-year respondents in the first and second follow-ups, and only 14,041 in the 1994 survey.
Additional observations are lost due to attrition. A subsample consisting of 15,623 individuals
were re-interviewed in 2000, when most respondents were 26 years old. We use information on
income from this wave. Our analysis is based primarily on the restricted use version of NELS:88,
to which we have merged characteristics of the geographic area and school district.

Parent, student, and teacher surveys in the base year provide information on family and
individual background and as well as a very rich set of pre-high school achievement and behav-

iors. Each student was also administered a series of cognitive tests in the 1988, 1990, and 1992

12We leave Z; out because random variation in Z across students from the same high school makes the
correlation between Z; and the mean including Z; stronger than the correlation between Z; and Z(P;,0).
13This description draws heavily from Altonji, Elder and Taber (2003).
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surveys to ascertain aptitude and achievement in math, science, reading, and history. We use
the behavior measures and 8th grade test scores as person specific control variables and peer
measures. They have the advantage of being determined prior to high school.

Our main outcome measure is high school graduation (HS;). H.S; is one if the respondent
graduated high school by the date of the 1994 survey, and zero otherwise. The school choice
variables P;, C'H;, NC; are mutually exclusive indicators for whether the current or last school
in which the individual was enrolled as of 1990 (two years after the eighth grade year) was a pub-
lic high school, and Catholic high school, or a non-Catholic private high school, respectively. '
Unless noted otherwise, the results in the paper are weighted.'® Definitions of variables are
provided in Appendix 1. In the empirical analysis missing values for key explanatory variables
are replaced by their respective unweighted average values and we include missing value dum-
mies in the school choice and outcome models for a few variables as indicated in the tables. '®
Observations with missing values of the school 1D or the school type are dropped. The school
choice sample contains 16,483 observations, of whom 14,193 chose a public high school, 1,354
chose a Catholic school, and 936 chose a non-Catholic private school.

Because of the complexity of the estimator of nP(7) and its components, we use a block
bootstrap method to compute standard errors, confidence intervals, and bias corrections for
most of the parameters. The blocks allow for correlation in the error terms among students
who attend the same eighth grade and among the students who attend the same high school.
The blocks consist of students from each set of eighth grades who sent at least one student to a
common high school. See the Appendix 1 for more detail. The distribution of Ny, the number
of sample members in each high school, is concentrated between 6 and 18 observations in our

effective sample.

14 A student who started in a private high school and transferred to a public school prior to the tenth grade
survey would be coded as attending a public high school (P = 0). In the case of Catholic schools Altonji, Elder
and Taber (2003) present evidence that is a minor issue.

15The sampling scheme in the NELS:88 is complicated. See the NELS Base Year Sample Design Report and the
National Education Longitudinal Study: 1988-1994 Methodology Report for details. The weights depend in part
on school choice and on outcomes, so it is important to weight. We use the 3rd follow-up panel weights (f3pnlwt)
for all analyses involving high school graduation. For the school choice models we use the first follow-up panel
weights (flpnlwt). Weighting is particularly tricky when peer effects and/or unobserved school characteristics
influence school choice, because the appropriate weights depend upon the behavior of the group NELS:88 eighth
graders who are assigned to a particular public high school. =~ We discuss the issues in Appendix 2 and 3,
respectively, but do not provide a full solution.

16 After the paper was essentially complete, we discovered a coding error in the “Lack of effort index” that we
used in the analysis. This has little effect on the estimates of the choice and outcome equations and will be fixed
in a later version. The descriptive statistics are for the correctly coded variable.
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5 Descriptive Statistics

5.1 Student Outcome and Characteristics

Table 1 presents weighted means and standard deviations for the variables we use in the analysis,
with imputed values excluded. The main point to be made from the table is that children who
attend either Catholic high school or other private high schools are advantaged relative to
students in public schools. For example, they come from families with substantially higher
incomes, have better educated parents, are more likely to have both father and mother present,
and have higher 8th grade achievement scores. They also have a 0.63 advantage in log income
(10.84 versus 10.21). Using the estimates of the standard deviation of the school specific and
student specific components of log family income (not reported) one may calculate that the
income gap of 0.63 is equal to a 1.466 standard deviation (unweighted) shift in the component
of parental income that varies across public high schools and to a 0.7037 standard deviation
shift in the student specific component of family income. The gap in eighth grade math scores
between private high school students and public high school students is 0.39 standard deviations.
The gap amounts to 0.896 of standard deviation of the public high school specific component of
this variable.

Table 1 also shows that private high school students tend to look stronger on a number of
measures of 8th grade behavior. For example, they score lower on an index of delinquency, are
less likely to have gotten into fights with other students, and are less likely to have behavior
problems. The fraction of students who rarely complete homework is lower, they are much less
likely to have repeated at least one grade between 4th and 8th grade, and they score much lower
on a composite measure of the risk of dropping out. The large gap between private high school
student and public school students on a broad range of observed characteristics that are relevant
for school achievement is part of the cause for concern that vouchers will lead more advantaged
students to leave public schools.

Turning to outcomes, students who attend private high schools are much more likely to
graduate from high school than public high school students (0.942 versus 0.863) and more likely
to be attending a four year college two years after the normal high school graduation year (0.584

versus 0.297).

6 Results for the Basic Model

In this section we present cream skimming estimates for our baseline specification. In this
case, we exclude peer effects (¢ = 0) and unobserved school district specific attributes from

the school choice model (8). We also assume that only observed peer characteristics matter
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for school quality. We begin with a discussion of the school choice estimates and the effects
of a student’s own characteristics on outcomes. We then turn to the effects of student body
characteristics on outcomes. Finally, we present estimates of the effects of a voucher program

on the characteristics of those who remain in public school as well as estimates of 77(7).

6.1 Estimates of the Basic School Choice Model

Appendix Table A1 presents MLE-probit estimates of § for the basic school choice model (1)
for the full sample. The dependent variable P! is one if the student attended public school and
zero if the student attended a private high school.

We have chosen a rich set of regressors rather than a parsimonious specification to ensure that
our estimates of peer effects are not contaminated by failure to control for the direct effects of a
student’s own characteristics and to ensure that the indices X5 and Xy are strong predictors
of preference for public school and of high school graduation. In addition to Catholic, which
is 1 if the parents are Catholic, the equation contains gender, and race/ethnicity dummies,
region dummies, and urban and suburban dummies. It also contains multiple measures of
parental background (both parents present, father’s education, mother’s education, and log
income), multiple measures of aptitude and achievement, including grades and 8th grade reading,
math, science and history tests, and multiple behavioral and student performance measures.
Consequently, individual variables are hard to interpret and most are statistically insignificant,
although the variables are collectively highly significant and the pseudo R? of the model is 0.22

A few results are worth highlighting. Students with better-educated mothers and fathers
are less likely to attend public school. Parental income is negative and significant. The effects
are not large however. A four year increase in both father’s education and mother’s education
accompanied by an increase in log family income of 0.4 would lead to a decline in the public school
probability of about 0.084. Of course, these estimates hold the cognitive and behavior measures
constant. Reading enters with a statistically signficant negative coefficient but coefficients on
the other tests vary in sign and are not significant. All the behavioral measures that have a
statistically significant negative association with high school graduation are positively associated
with public school attendance, although typically not statistically significant. Students in urban
areas are much less likely to attend public school. The same is true of suburban students. These
results are probably influenced by the fact that private schools, particularly Catholic schools,
are concentrated in urban and suburban areas.

Given the prevalence of Catholic high schools, the large negative coefficient on Catholic is not
surprising. Because religious preference has very special role in the decision to attend a Catholic
high school, Catholic is set to 0 when we evaluate the indices X/ and Xy for the purpose of

imposing index restrictions on the peer effect parameters 6. Under a voucher program, the
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fraction of private high schools that are Catholic would probably decline.

In results that are available from the authors on request, the marginal effects derivatives are
typically higher for the urban subsample than the full sample, often by a factor of two or three.
This is not surprising as families with high socioeconomic characteristics who live in the suburbs

are more likely to send their children to public schools.

6.2 The Effect of a Student’s Own Characteristics on High School
Graduation

Appendix Table A2 presents estimates of ~, the effect of student’s own characteristics on high
school graduation, holding high school characteristics common to all students constant. Estima-
tion is based on the public high school sample. The estimates are the coefficients from a linear
probability model with high school fixed effects included. Block bootstrap confidence intervals
are included in parentheses. We are well aware of the limitations of the linear probability model
with fixed effects, but fixed effects probit or logit estimators are unattractive for a variety of
reasons.

Because we work with a very rich model, the estimates for specific family background vari-
ables, 8th grade test score and achievement measures, and behavioral measures are hard to
interpret and are not of central interest for our study. The results for most of the variables
are consistent with the literature. We obtain positive coefficients on father’s education and
family income and they are significant. Not surprisingly, the math test score enters positively.
The positive coefficient on Black is consistent with other studies of educational attainment that
control for test scores and family background. The graduation probability is 0.148 lower for
students who repeat a grade, 0.167 lower for students who are frequently absent, and .091 lower

for students who rarely complete homework.

6.3 Effects of Student Body Characteristics on Outcomes

In Table 2 we report JIVE estimates of the effects of student body characteristics on outcomes
with the restrictions (12) or (13) imposed on (11). The table reports dx/5 and dyi. 95%
confidence intervals are in parentheses. These are based upon 1000 bootstrap replications. The
vector (Qg consists of the region indicators, urban and suburban indicators, and a quadratic in
distance from a Catholic school (coefficients not shown).

When we impose the restriction (12) that § is proportional to 3, our estimate of the coefficient
dxrp on )_('B is -0.0453 with a confidence interval from -0.095 to 0.003. To give some sense of
the magnitude, a change in the X'B of 0.3 would change the probability of attending a public
school by roughly five percentage points. If we compare two high schools where )_(’B differed by
0.3, the peers at the high school with a lower average propensity to attend public school would
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induce an increase in graduation of roughly 0.3 x 0.0453 = 0.014 in the graduation probability.
If instead we impose the restriction (13), dxs is 0.36. Given that X (s,7)’3 and Y are in the
same units, the point estimate says that the contribution of an increase in X/ equal to AX/5
for student 7 in a high school to the graduation rate of that high school is the sum of AX/v, the
direct effect of X/4 on i plus 0.36AX/y. Consequently the fraction 0.265 = 0.36/(0.36 + 1) of
the effect of X! on the graduation rate for a given high school operates through peer effects.
This is a substantial externality. The estimate of B X 1s statistically distinct from zero, but the

the 95% confidence interval is fairly wide: (0.029, 0.617).

6.4 The Effects of the Voucher Program on the Characteristics of Who
Attends Public School

We begin by comparing the mean characteristics of public school stayers and movers for our
base model and a universal voucher t;(7) = t. For each bootstrap replication, the value of ¢ is
set to a level that is sufficient to induce 10% of the public school students to switch to private
school. This point estimate of ¢ is 0.5356, which can be interpreted as equivalent to a 0.5356
standard deviation change in the index of unobservables that determines school choice.

Point estimates and 95% confidence interval estimates of the means of selected elements of
X; are displayed for stayers and for movers in columns (1) and (2) of Table 3. The results
show that the mean for movers is larger for two parents present, father’s education, mother’s
education, log income, and all four test scores. Note that the sign, relative size and statistical
significance of the differences between movers and stayers in the means of the elements of X; are
only weakly related to the sign, size and significance of the corresponding elements of B despite
the key role of B in determining the relative odds that an individual will remain in public school
in response to a voucher. For example, the mover-stayer difference in means is 1.26 for father’s
education and 0.94 for mother’s education. The stayer-mover difference for a particular variable
is affected by how it is correlated with other variables that influence school choice.

The fourth column of the table also reports the change in the average value of peer characteristics—
the average value of Z of the peers of those who stay in public schools. This comes from the

formula

N 2 W(Zi=Zs).

Given the values in the fourth column, all we need to do to obtain the overall treatment effect
is to multiply by d. The changes are small. For example, there is little change in race/ethnic
composition of peers. The prevalence of two-parent households drops by only -0.01. Father’s
and mother’s education drop by -0.07 and -0.05, respectively and the log of parental income

drops by -.025. The math test score declines by -0.12, which is only 0.012 standard deviations
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at the individual level.'” Thus one can already see that it will take large peer group coefficients
to lead to large overall cream skimming effect on outcomes.

A good way to summarize change in composition is compare the values of X!y and X/ for
movers and stayers. The bottom panel of Table 3 presents the point estimates and the 95%
confidence intervals for the school means of the indices X!, X, X/, and X,y by mobility
group status. We exclude Catholic from X; when computing X!y and X/5. Overall, the results
suggest that a universal voucher program of the magnitude that we consider is unlikely to have
a very large effect on the peers of the children who remain in public school. Consequently, unless
outcomes are very sensitive to peers, the voucher program is not likely to have a substantial
negative effect on how public school stayers do. However, in thinking about magnitudes one
needs to compare the impact on the stayers to the gain of the movers. Since only 10% of the
students move, the stayers are nine times more numerous than the movers. We will return to

this issue momentarily.

6.5 Base Case Estimates of the Cream Skimming Effect 77(7)

Table 4 presents a variety of estimates of the main parameter of interest— the cream skimming
effect 77(7). Row 1 presents results for the base cases, for which the school choice model is
column 1 of Table A1l and the estimates of v are in Table A2. Keep in mind that the base
case assumes that there is no school specific component in the school choice error term and that
there is no peer interaction in the school choice model (¢ = 0). It also assumes that peer effects
depend on observed characteristics only. We consider alternative cases below.

In the column labeled “ X’ index” we impose the restriction (12). The point estimate of
7P(7) is -0.0011 and the confidence interval is tight: -0.0017 to 0.0001. The lower bound estimate
implies a small negative effect on stayers.'®

In the column labeled “ X’y Index” we impose (13). The point estimate of the change in
the peer effect for stayers is -0.0013 and the lower bound to the confidence interval is -0.0023. 1
To put these numbers in perspective, it is helpful compare the direct benefits to students who

are induced to move to the harm for students who are left behind after weighting by the size

of the groups. Suppose that moving from public school to private school leads to an increase

1"Not surprisingly, the means for movers of urban and suburban are larger than the means for stayers. In part,
this reflects the fact that Catholic schools are much more prevalent in urban and suburban areas. Movers are
more likely to be in the Northeast and somewhat less likely to be in the South, North Central and West regions.
Movers also live closer to a Catholic school. Note that the “change in peers for stayers” for these variables reflect
compositional shifts across schools. These variables are fixed for a given school, of course.

18Note that this effect can be calculated from numbers we discussed earlier. In particular 7P(7) =

[N%go >0 poi i (T)(X!8 — Y’Sﬂﬂ)} Sxrp = (0.0244) x (—0.0453) = 0.0011 where the first number comes from
the second to last row of Table 3 and the second number comes from the first row of Table 2.

19As in the previous footnote, we can calculate this as (—0.0037) x (0.3614) = —0.0013 where the numbers
come from the last row of Table 3 and the first row of Table 4.
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in the graduation rate by 0.06 for those who move. This estimate is in the range of what one
obtains using single equation methods based on NELS:88 and is in the range of the lower bound
estimates that Altonji, Elder and Taber (2005) obtain for Catholic high schools when they
address the problem of selection on unobservables. The voucher program induces 10% of public
school students to move, leaving 9 students in public school for everyone who moves. The point
estimate of -0.0013 for the X'+ index model implies that for each student who moves to private
school the overall graduation rate for students who were in public school prior to the voucher
rises by 0.06 — 0.0013 x 9 = 0.048. The gain of 0.06 for each student who moves is partially
offset by a decline of 0.012 in the expected number of graduates among students who remain,
an offset of about 20% of the direct benefit received by the child who switches to private school.
Using the lower bound estimate of -0.0023, the negative impact on the number of stayers who
graduates is 0.021 and the expected number of graduates among the pool of students who were
in public school rises by 0.039 for each student who take up the voucher.

Although our focus is on high school graduation, during the process of our work we estimated
the cream skimming effect using the alternative outcomes college enrollment in 1994 and the
log of labor income in the year 2000 for full time workers. The estimates of 77(7) are small for

these outcomes as well

7 Allowing School Choice to Depend on Peer Quality

In this section, we relax the assumption that the coefficient o on the peer quality index Z(S;, 7)d
in the school choice model (8) is 0. Doing so dramatically complicates that analysis for a number
of reasons. The most important is that Zg . is not observed for students who do not attend
public school. Consequently, it must be simulated as part of the model estimation procedure.
To the best of our knowledge, we are the first to estimate a demand model in which the choice
of a consumer depends on characteristics of the other agents who choose it, and the relevant
agent characteristics are only observed for those who choose the good. Our approach requires
data on a set of observables at the district characteristic level, W, that shift the unconditional
distribution of X!3 and Z!v. The latter variables influence peer quality.’
Assume that

Xig = /vbi(@') +n; Xy = M?(i) + 07

20Bayer et al’s (2007) model of housing and location demand is one of the few studies in which characteristics
of other agents influence consumer choice. They have data on neighborhood characteristics for all consumers,
which simplifies the analysis substantially. On the other hand, they consider location choice as well as housing
choice and solve for equilibrium house prices, while we do not. Their model and estimation methodology builds
on Berry et al (1994) and is very different from ours. Ferriera (2007) also estimates a model that allows for peers
to affect choices. The style of estimation is also very different from ours.
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where s(7) is the school and i is the individual. We will usually suppress the dependence of s
on 7. Unconditionally, by which we mean prior to conditioning on the school choice decisions
of those assigned to s, (n},n?) is defined to have mean 0 and is uncorrelated with (!, u?). We
assume that W, partially determines ! and p? through the equations

(18) py = Wi +e;
py = Wiz +e;

s

where (e}, €?) is N(0,3,). Similarly we assume that (n},7?) is N(0,%,). Some but not all of the
elements of Wy may be part of @) and affect school quality (s, 7) and/or have a direct effect
on school choice holding X/ constant.

We estimate versions of the model analogous to the two cases discussed above. The case
(13) assumes that effects of peers on school quality (0) are proportional to v while the case (12)
assumes 0 is proportional to 8. To save space, we focus on the more complicated ~ case in the
text, but describe both the v and the § case in Appendix 2. To simplify the expressions below

define the conditional expectation
1 (7 gy 13) = B (Xiy | PT =1, g, 113) -

Throughout this section we consider universal vouchers, so t;(7) = t(7) for all i. Keep in mind
that we denote the absence of a voucher program as 7 = 0, with ¢;(0) = 0.

Using the above equations and normality we may write 7% (7, ul, u?) as

(19) 1 (7o g, 1) = w5+ E0F | g +nj + oi® (7, 45, p12) — (1) +u; > 0)

_p ey covtim?) (s = 0T+ o (g i)
) 1+ var(n;) 1+ var(n})

where A is the inverse Mill’s ratio (¢(-)/®(-)). Since there is no closed form solution for
7% (7, pul, p1?), we have to solve for it numerically. Multiple equilibrium are possible because
the demand for public school depends on the choices of other students. Fortunately, we have
not found this to be a problem in practice.

We can estimate the treatment effect using our formula above with

f':b /B“"(PﬁQ(T :U'sn“s) ( ))dF(:u'snule/ﬂ) 7,7’ s(z))
fq)(XIB+50 (0 /‘anLL ))dF(}LS,/,ﬂ‘X,B, ’L’Y?WS( ))

e J f 'B e ) UDAE (XIS XDWew) g, 7, 0 1PO = 1)
X! B+ (0,ub,12))dF (b 12| X18,X 17, Wiy ) ir YVs(d)

The estimation procedure is complicated, and so we relegate the details to Appendix 1. Here
is a rough description. For the observed data, 7 = 0 and ¢(0) = 0, taking values of (a1, ag, £, 3e)
and 12 (0, !, pu?) as given, we estimate 3 and ¢ using the probit likelihood function for school
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choice and estimate v from Eq. (2) using OLS. Given the estimates of (3, v, and ¢, we use OLS
and (18) to estimate a; and ay. We then estimate X, and X, from the likelihood function for
X, and X~ treating o, ag, B, and «y as known. Finally, taking oy, o, 8, ¢, £, and 3, as given,
for each s we update 1 (7, ul, u?) as the fixed point of (19). We iterate on this procedure until
we find a fixed point.

The vector W, consists of the average of the demographic characteristics for the zip code in
which an eighth grade is located.?’ The characteristics are based on the 1990 Census and consist
of percent black, percent Hispanic, an indicator for whether percent black is missing, median
income, the percent of the population below the poverty line, and percent of the population with
income more than double the poverty line. These variables explain an additional 11.96 percent
of the cross high school variance in X/ and 13.68 percent of the cross high school variance in
X/~ conditional on other area characteristics that we control for, which include census region,
urbanicity and distance from the nearest Catholic high school.??

When (12) is imposed, ¢ is -0.3695 and the coefficients on the other variables in the choice
equation are similar to those for the base model in Appendix Table A1l. This says that a 0.1
increase in peer quality as measured by the index 7/6 governing the propensity to attend public
school lowers the probability of attending by about 37% as much as a 0.1 increase in X[ raises
it. As can be seen in Table 2, the estimate of the school quality coefficient dx/z is -0.0412, which
is very close to the estimate without ¢. To give some sense of the magnitude, as in the base
model, a change in the )_(’B of 0.3 would change the proability of attending a public school by
roughly five percentage points. If we compare two high schools where the index differs by 0.3,
the peers at the high school with a lower propensity to attend public school would induce an
increase of roughly 0.3 x 0.0412 = 0.012 in the graduation probability.

In the case of peer model v, ¢ is 4.68 and dx/, is 0.3614. ¢ is significant at the 10% level
but not the 5% level.? The estimates of ¢ and 5;2/7 imply that the peer effect of a shift of
0.1 in X,4' raises the graduation rate by 0.036 and shifts the latent variable for public school
attendance by about the same amount as the combined effect of an additional four more years
of both mother’s education and father’s education. Of course, it is possible that peers affect
the demand for public schools through other aspects of preferences in addition to the academic

quality of the high school, as we mentioned earlier in our discussion of Ferreyra (2007). Note

2LTf public high school in NELS:88 receives sample members from NELS:88 eighth grades that are in different
zip codes, we assign the average of the census characteristics for the different zip codes to students from all of
eight grades. Our reasoning is that that the average will provide a better measure of the characteristics of the
public high school option.

22These estimates are unweighted and based on an analysis of variance estimator. Catholic is excluded from
both indices.

23The 90% confidence interval for this paramter is (0.2774,10.3294). The 90% confidence interval for the “ X' /3"
includes zero. It is (-0.6116,0.0486).
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also that a difference across schools of 0.1 in X4’ would be associated with a difference of 0.1
+ 0.036 in the graduate rate for the high school. Families may choose schools based on average
graduate rates rather than school quality per se.

The point estimates of the cream skimming effect for the two specifications are -0.0012 and
-0.0014, respectively (Panel 2 of Table 4). These values are very close to the base case results
with ¢ set to 0. We conclude that while peers play a role in school choice, they do not have much
influence on the size of the cream skimming effect.?* To provide intuition for this result, note
first that our analysis already assumes that the students on the margin of attending are the most
likely to to be affected by a voucher. We have already shown that the students who leave are
advantaged relative to those who stay. The influence of peers on demand serves as a multiplier
for the demand response to the voucher. This will influence the fraction of students who move
as the result of a voucher of a given size. However, it does not change the mix of students
who move by very much. If one were to allow for interactions between peer characteristics and
student characteristics, then accounting for peers in the school choice model might make a bigger
difference. We leave this extension to future research.

Given that our basic results are not sensitive to allowing peer characteristics to influence

school choice and given the complexity of allowing for them, we set ¢ to 0 in what follows.

8 Unobservable Peer Characteristics

In this section and in Appendix 3 we present a methodology for estimating the cream skimming
effect in the presence of both unobservable peer effects and unobservable school and community
characteristics that influence school choice but do not depend on the voucher.

Using notation analogous to Section 7, define
u(s,7) = Ew|S; =sP =1); &(s,7)=E(g;|S;=s,Pl =1)

where, as a reminder, u; is the error term in the selection equation (1), ; is the error term in the
outcome equation and (s, 7) and (s, 7) are the means of u; and ¢; among students assigned
to school s who attend public school when the voucher program is 7. In what follows, partition

Z; into the observables X; and an index of unobservables v; and write the peer effect as
Z(5,7)6 =X (5,7) 6, +0(s,7)

where 0(s,7) = E(v;|S; = s, PT = 1). In the case of the § restriction (12), (s,7) = 0 and

X (5,7) 0, = 6x5X (5,7) 8. A natural generalization of this model is to assume that peer

24We also estimated a model in which the peer effect on school choice operates through X/ while the peer
effect on the outcome operates through X/~ and a model in which the peer effect in the decision operates through
X/~ but the peer effect in the outcome operates through X/5. These results give very similar results to those
already provided.
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quality depends upon the unobservable student characteristics that influence school choice, as

(20) Z(s,7)'0 = bx5 [X(s,7)B + gu(s, )]

where (s, 7) enters with the coefficient gdx/5.%° Analogously the natural extension of the peer

specification (13) is

(21) Z(s,7)0 = Ox7y W(S,T)’v + g (s, 7')} .

Recall that Z(s, )0 represents the peer effect and so directly affects the output 6.

Conditional on (, which is identified from the school choice equation, ¢ is identified under
our functional form assumptions. However, we do not rely on the functional form assumptions
and instead produce results for a range of values of g. The special case g = 1 corresponds to the
assumption that “the unobservables are like observables” in that in (20), the coefficient relating
6 (s,7) to the school mean of the index of observed variables that determines school choice,
7(3,7)'5, is the same as coefficient on the school mean of the error in the choice equation,
u (s, 7). Altonji, Elder, and Taber (2003, 2005) provide a model that can be used to justify
g = 1 under some very strong assumptions. However, we do not impose only this value but
instead consider the cases g = .5, g =1, and g = 1.5.

To proceed, we first must define some new notation. As in the previous section, we decompose

X/ and X7, into
XiB = eyt Xy = pg + 00,

where s is the school level and 7 is the individual level. Analogously we decompose u; and ¢;

into
1 1. 2 2
Ui = Uy ‘+w; ;&= A + wj.

We assume that (n},n?) and (w},w?) are both jointly normal. The terms (u, u?) may depend

on Wy through (18), in which case we assume further that (Wl!aq, W!las) is jointly normal.

However, we do not need to make use of the decomposition (18) and thus do not incorporate

W, and estimation of oy and as into the analysis.

Let 3,,%,,%,, and X, be the variance covariance matrices of (ul,u?), (v, v?), (nH,n?) and

CRENE]

(w}, w?) respectively. We use another “observables are like the unobservables” assumption which

states that there is a single scalar a such that

ZEquation (20) imposes the restrictions 6, = dx/g3 and v(s,7) = géx/gu(s, 7).
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Xy = aXy,

and
var(w;)  cov(w;,w?) | _ Q| var (n)  cov(ni,n7) L1100
cov(w!,w?)  var(w?) - cov(nt,n?)  wvar(n?) 0 Vo |’

Since var(w?) does not play a role in the analysis, we do not need to restrict this parameter.
The restrictions say that relative variances and the covariance of the unobservable cross
district components on school choice and the outcome are the same as those of the observable
components. The same is true of the student specific error components, with the exception of
2

var (w;

) which is not relevant in our approach. Estimation of 3, and 3, is analogous to the

endogenous peer quality model in the previous section and we discuss it in the appendix.

First consider the model in which the peer effect depends on the expected value of X8+ gu;
of public school peers. As in the previous section we will consider the change from no vouchers
(t;(0) = 0) to universal vouchers (¢;(7) = t). The cream skimming effect of the new voucher
program on those who remain in a public school from a school district with characteristics pl, v}
is

w 1 1 —t 1 1
(22) o (mid, o)) = by Tt 9% [A (L) ) (&)]
VOt + 0uwii Vi1 + 0ui1 VOpi1 + 011

Note that term p!+gv! drops out of the difference in conditional expectations because p! and v!
are school district specific rather than student specific. Consequently, they are not affected by
the voucher. However, u! and v! do influence the set of students who choose public school both
before and after the voucher.?

When the peer effect is proportional to the expectation of Xy + ge; conditional on public
school attendance, the cream-skimming effect is

y 1 - 1 1
(23) P (T;M;,U;) = Oxy Tnt2 + §9w12 [)\( Hs + U ) -\ <—MS+US )} )
VOn11 + Ouwi1 VOop11 + 0u11 Vo1 + 0wt

To use (22) or (23) to identify the cream skimming effects for the § and ~ specification of

peer effects, we have to address a new issue. We do not observe (u!,v!), which are arguments
of cream skimming effect functions. We solve this problem by using Bayes theorem to infer the

conditional distribution of (u!,v!) given the characteristics of the other students who choose the

26For example, unobservables such as the skill of a district in marketing the public high school, the safety of the
neighborhood immediately surrounding the high school, the attractiveness of the buildings, the characteristics
of the local private school options, as well the district mean of unobserved family characteristics that influence
school choice are all determinants of ug, the district average of u;. These are not directly influenced by the
voucher, and our analysis takes this fact into account. However, the fact most of the elements of X; are student
level might lead one to question the restriction “unobservables are like the observables restriction.” One could
explore sensitivity of the results to allowing the proportionality factor a to differ in the two restrictions, although
we have not done so.
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public school, with selection taken into account. We then integrate (u!,v!) out and identify the
average of of P (7; ul, v!) over the distribution of ul, v! of those who stay in public school. The
details are in Appendix 2.

In Table 2, 3X/ﬂ is 0.0169 when g = 0.5, 0.0157 when g = 1, and 0.0139 when g = 1.5,, which
is close to the value of -0.045 in the base case. The estimates of dx, are 0.0314 when g = 0.5,
0.0321 when g = 1, and 0.0328 when g = 1.5, which are are substantially lower and more precise
than the effect for the base model.

The estimates of the cream skimming effect are in the third panel of Table 4. Regardless
of the assumption about g, the estimates of cream skimming effect are slightly positive when
we use the X’/ index model. The estimates for the X'+ model are about -0.0002. All of the

estimates are close to zero and precisely estimated.

9 Sensitivity to Alternative Assumptions about the Effects
of Peers on Outcomes

In the fifth panel of Table 4, we present estimates for alternative assumptions about the effects of
peers on outcomes. In the first two rows of the panel we examine the sensitivity of our estimates
of m to the coefficient dx, relating § to X (s,7)y. As noted earlier, our point estimate of §x,
is 0.3614 when we exclude unobservable peer effects (Table 4, column 2, row 1) When we set
dxr to 0.5, the estimate of the cream skimming effect is -0.0018. If we set dx/, to 1, about 3
times our point estimate, the cream skimming effect is -0.0037, with a confidence interval from
-0.0050 to -0.0023. On one hand, the decline of -0.0037 in the graduation rate is relative small
in an absolute sense. However, since it is large enough to cancel out almost 2/3rds of the direct
positive effect of moving 1 out of 10 students to private schools, assuming a private school effect
of 0.06. On the other hand, a value of 1 seems extreme. It says that the indirect effect that X!~y
has on the graduate rate of a high school operating through X (s,7)"y is as large as the direct
effect on the graduate rate of person 1.

Discussions of cream skimming often give special emphasis to negative consequences of iso-
lation within public schools of children from low income families or racial minorities. In Table
4, Panel 5, we report results based on estimation of (3) restricting Z; to consist only of average
family income. This specification will tend to maximize the estimated impact of average family
income on school outcomes. We obtain -0.0011, which is similar to our base case estimates. The
next row of Table 4 is based on restricting Z; to consist of only fraction African American. For
this specification the estimate of the cream skimming effect is essentially 0. Note that from Table
3, the fraction of public school students who are African American increases by only 0.0035.

Finally, fifth panel also reports estimates under the assumption that peer effects are a linear
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combination of average test scores. In the “X’f index” column we use test score coefficients
from the school choice equation to form the index. In the “X’y index” column the test score
coefficients are from outcome equation. Both of the estimates of 7 are very close to zero Finally,
in the last row we assume peer effects operate only through father’s education. The estimate

of the cream skimming effect is only -0.0008.

10 Alternative School Choice Models

10.1 Treating Catholic and non-Catholic Private Schools as Distinct
Options

Since preferences over Catholic and non-Catholic schools are likely to differ we explore the
sensitivity to treating them as distinct choices. Table 4, Panel 4, reports estimates of the cream
skimming effect using a nested logit specification. Catholic and non-Catholic private schools are
in one nest and public school is in the other. Distinguishing private school type makes very
little difference.?”

We also consider a simpler case in which vouchers are only used for Catholic schools. The

estimates in Panel 4 of Tables 6 are very similar to the base case and to the nested logit estimates.

10.2 School Choice Depends Only on X'~y

To guage the sensitivity of our results to possible mispecification of our models of school choice,
we performed a simulation in which we assume that sorting into new voucher schools is de-
termined ezclusively by X!v. To accomplish this, we rank public school students by X/¥ and
assume that the top 10% will move. Under this assumption, the average value of X/~ for the
movers is 0.5451 and the average value for the stayers is 0.3531. The average change in X (s, 7)"y
for stayers is -0.0163. Using (13) as the peer effects specification, we obtain -0.0059—0.3614 x (-
0.0163) as the estimate of 7P(7). This is a substantial effect relative to the private benefit of
attending private school, but the assumption that the response to the voucher will be based
entirely on the same index that determines peer effects is extreme. To see this point, contrast
these results with the final row of table 3. When we freely estimate the school choice model the

mean of X/ for movers is only 0.4144 and the change in the peers for stayers is only —0.0037.

2T In the case of the peer effects specification (12) we use the index of coefficients that determine whether
public school is chosen over the two alternatives. Our base model without unobservables and our models with
unobservable peer effects generalize to the trinomial probit model in a natural way. However, we experienced
numerical difficulties in estimating the trinomial choice model, which precluded the use of bootstrap methods
to compute confidence intervals. The point estimates are generally consistent with the results that we obtained
using a binomial choice model for a wide range of cases that we considered. Due to computational complexity,
we have not tried the trivariate probit model when there are unobservable peer effects and unobserved school
choice components that are specific to s or when peer quality influences demand.
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Clearly the decision to attend public school depends on a lot more than just Xv, but one can
also see that with more selection one can obtain larger effects.

In the final panel of Table 4 we combine this experiment with setting dx, = 1. This
essentially makes two of the three factors in the cream skimming effect formula large selection
into private school is chosen to be as large as possible and the peer group effect is set to a very
high value. This makes a large difference as we now obtain an estimate of 7”(7) which is an

order of magnitude higher than our original result.

10.3 Approximating School choice using the Milwaukee experience.

We also replace our school choice model with a model estimated with data from the Milwaukee
voucher experience. We use data obtained from the Milwaukee Parental Choice Program data
set (obtained from www.disc.wisc.edu). We restrict ourselves to the set of covariates that are
similar in both the Milwaukee data sets and the NELS:88. This leaves us with Catholic religion,
gender, race, a dummy variable for parent’s present, father and mother’s education, log of family
income, and reading and math test scores (standardized). We estimate the choice parameters
(B) using the data from Milwaukee only, but then estimate the outcome and peer effects from
the NELS:88. In this case we obtain a small positive estimate of the cream skimming effect
for both peer effect specifications. Thus when we compare our framework to an actual voucher

program, it seems that if anything we are overstating the negative consequences.

10.4 Programs Targetted to Urban Students or to Low Income Stu-
dents

We consider the cream-skimming effect of vouchers targetted to urban families after re-estimating
our base model on the urban sample. The point estimates of the change in peer characteristics
of stayers under an urban voucher program are very similar to those for a universal voucher and
are small. The point estimates of 7P(7) for the X’ index and X'y index are 0.0071 and 0.0026
respectively (Table 4, Panel 4, row 3). However, the estimates are noisy for the (12) case, with
a lower bound estimate of -0.0053, which is substantial.

Next we consider a program that limits eligibility to families whose incomes are in the lowest
20% of our sample. We again calculate the value of the voucher that would induce 10% of the
eligible population to move to private school. The results are qualitatively similar to those for a
universal voucher program in the sense that effects are small. However, because of the targeting,
the peers of stayers become slightly more advantaged as a result of the voucher. For this reason,

the point estimate of the cream skimming effect is 0.0001, which is positive but close to 0.2

281t is important to emphasize that we are estimating the effects on the full population of public school stayers
of a voucher that moves 10% of the eligible population. This is only 2% of the full population. In this case if one
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Programs that target all students in low income school districts regardless of income would
have a different selection effect. We investigated this by re-estimating the base models on the
subsample of schools in zipcodes with poverty rates above 16%, which is about 25% of the full
sample. When peer effects depend on X’ the point estimate and is identical to the base case
-0.0013, but the confidence interval is considerably wider. When peer effects depend on X'/,

the point estimate is -0.0018 but is very imprecise.?’

11 Conclusion

The first contribution of the paper is to provide a simple formula showing that for a broad
class of models of school choice and peer effects, the cream skimming effect is determined by
the covariance between the relative probability that a student will move to private school in
response to the voucher with an index of the differences between the student’s characteristics
and the average characteristics of his or her classmates. The index is weighted by the coefficients
relating outcomes to peer characteristics. The formula for the cream skimming effect provides
the structure for our empirical investigation.

We rely primarily on formal econometric analysis to estimate the school choice and school
outcome parameters using several alternative models but we also perform a sensitivity analysis
to alternative assumptions about school choice and the effects of peers on outcomes. We provide
a method for allowing school choice to depend on peer characteristics even when peers are not
directly observed for those who do not choose a public high school. We also provide a way
to allow for both unobserved fixed characteristics of schools that influence school choice and
for unobserved characteristics of peers that influence outcomes. Both methods may have other
applications.

The specific parameter estimates vary with the details of the econometric specification and
the voucher program specified. However, the point estimates and the lower bounds to the
confidence interval estimates of the cream skimming effect of a voucher program on high school
graduation rates are typically small in absolute value. The results suggest that the effects of
vouchers on the productivity of public schools, either through a positive or negative response to

competitive pressure or through an effect on the financial resources available in public schools,

wishes to compare the private gain in the high school graduation of those who take up the voucher to the losses
of those who stay behind, one should multiply the cream skimming effect by 49 rather than the value of 9 that
we used previously. However, given the small positive point estimate, even after taking this product, one is left
with a small number, and it is positive rather than negative. One would like to know the effect of the targeted
voucher on the targeted population. Unfortunately, it is not straightforward to use our approach to estimate the
impact on members of the targeted subgroup, such as low income students, who remain in public schools unless
there is no heterogeneity in the targeted group within schools or the samples of students from each public high
school are large.

29The estimates are somewhat sensitive to the poverty rate cut off we choose, which is to be expected given
the sampling error.
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may be more important than the cream skimming effect.

Extrapolating to other types of choice programs is speculative since we do not examine them
explicitly. However, our cream skimming effect formula would be identical. Under montonicity,
the only difference would come from the relative probability of remaining in the default school,
1;(7). In order for the overall effect to be sizeable, one would need the amount of cream skimming
to be more severe than what we have simulated for voucher programs. The evidence to date
on selection into Charter schools suggests that this is unlikely for the Charter school programs

that have been introduced so far.
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Appendix 1: Data

A1.1 Sample Sizes By High School and Eighth Grade

Because of the complexity of the estimator of 77(7) and its components, we use a block bootstrap
method to compute standard errors, confidence intervals, and bias corrections for most of the
parameters. The methods accounts for correlation in the error terms among students who attend
the same eighth grade and among the students who attend the same high school. The blocks
consist of students from each set of eighth grades who sent at least one student to a common
high school. For example, suppose that eighth grade A sent students to high school 1, 2, and
3, eighth grade B sent students to high school 1 and 3, and no other eighth grades represented
in NELS:88 sent students to high school 1, 2, or 3. Then the students from eighth grade A and
eight grade B constitute a block for purposes of constructing bootstrap replication samples.

About 86% of the high schools have students from only 1 eighth grade. This is to be expected
because base year survey used eighth grade schools as strata. Among 39,000 schools containing
the eighth grade in the U.S.; 1,052 schools were selected. Since students usually go to a nearby
high school, it is not very common in the sample for students from different eighth-grade schools
to attend the same high school. About 58% of the eighth grades have sample students in only
1 high school. About 28% have sample students in 2 high schools and 10% in 3 high schools,
with a small fraction sending sample members to 4 or more high schools. The distribution of
observations per resampling block is concentrated between 6 and 30, but there are a few blocks
with larger numbers of students. The largest block contains 965 students, and 7 blocks contain
more than 100 students. We chose break up the blocks of more than 60 students into a separate
block for each high school involved on pragmatic grounds, although doing so did not make much
difference in the cases we checked. In practice, we also obtained similar confidence interval
estimates if we treat students from each high school as a block.

The distribution of N, the number of sample students in each high school is concentrated

between 6 and 18 observations.

A1.2 Description of Variables

NELS:88 variables used in the creation of the measures are shown in italics. This section draws
upon Altonji, Elder, and Taber (2002)

Demographic Variables: These include indicators for female, hispanic, black, and whether
catholic, which is created from parental responses concerning religion (byp29 ).

School Sector: Eighth Grade Sector (g8ctril) High School Sector (CH) (g10ctri1)

Family Background Measures:

Catholic: 0-1 indicator for whether parents are Catholic (byp29).
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Household composition: 0-1 indicator for whether the student lives with his/her mother and
father in the base year. Created from (byfcomp).

Log family income : Continuous variable created using the midpoints of the ranges of the
categorical variable base year variable byfaminc and $230,000 if families with income above
$200,000 (the top category)

Missing value treatment: All family background variables are set equal to the sample mean
when missing. 0-1 indicators for missing values are created for some of original variables as
indicated in the tables.

Geographic Variables:

Region indicators and the Urban and Suburban indicators: Constructed from g8&region and
g8urban and refer to location of the 8th grade school the student attended. Missing values were
dropped.

Distance to the nearest Catholic high school: This variable was constructed from the pop-
ulation weighted center of the zipcode of the 8th grade school and the population weighted
centers of the zipcodes of all the Catholic high schools reported in Ganley’s Catholic Schools in
America, 1988 addition. See Altonji, Elder and Taber (2005). The units are 100,000 meters. A
missing value indicator is included in the school choice equation.

Fraction black (p008002 /p001001), fraction Hispanic (p0100001/p0010001), an indicator
for whether fraction black is missing, median income, the fraction of the population below the
poverty line ((p1210001-+p1210002+p1210003)/p0010001), and the fraction of the population
with income more than double the poverty line (p1210009 /p0010001) are from the 1990 Census
for the zipcode of the high school. Missing values were set to the sample mean.

Eighth Grade Test Score Measures:

We use the Item Response Theory scaled scores for reading, math, science, and history,
civics and geography—by2zrstd, by2rzmstd, by2zsstd, and by2zhstd. Missing values are set to the
sample mean, and an indicator that is one when all of the tests are is included in the models.
(With a few exceptions, the tests are either all missing or all available.)

Eighth Grade Behavioral and Performance-in-School Measures:

Delinquency Index: This variable is the sum of two variables and ranges from 0 to 4. The
first is (bysb5a), which is 1 if the student reports being sent to the office once or twice and 2 if
sent more then 2 times. The second is bysd5e, which is 1 if the student reports that his parents
were contacted once or twice because of a behavior problem and 2 if they were contacted more
than twice. It ranges from 0-4.

Student got in a fight: Created from student self-reported variable bys55f: 0 (never) 1 (once
or twice) and 2 (more than twice) in the past semester.

Student performs below ability: 0-1 indicator variable taken from teacher surveys (byt1 2
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and byt 2).

Student rarely completes homework: 0-1 indicator variable taken from teacher surveys
(byt1 3 and byt) 3).

Student frequently absent: 0-1 indicator variable taken from teacher surveys (byt! 4 and
byts_4).

Student inattentive in class: 0-1 indicator variable taken from teacher surveys (byt! 6 and
byts 6).

Student frequently disruptive in class: 0-1 indicator variable taken from teacher surveys
(byt1 8 and byt) 8).

Student Behavior Variables Missing: 0-1 indicator for whether any of the previous 5 variables
are missing.

Trouble-Maker: 0-1 indicator variable created from bysd6e, and coded as 1 if the student
report indicates that other students see the respondent as a "very big" trouble-maker.

Behavior problem: 0-1 indicator variable created from byp50, regarding whether the parent
considers their child to have a behavior problem in school.

Parents Contacted About Behavior: Created from byp57e, which measures the number of
times parents report being contacted about behavior problems in the past school year. The
values are 0 (never), 1 (once or twice), 2 (three or four time) and 3 (more than four times).

Limited English Proficiency Composite: 0-1 indicator variable (bylep). The NELS composite
variable is based on student and teacher reports.

Repeated Grade: 0-1 indicator of whether a student repeated any grade 4-8, taken as the
maximum of the student (bys74e-bys74i) and parent (byp46e-byp46i) reports.

Lack of Effort index: The base year student variable bys75 measures “How many days of
school did you miss over the past four weeks? The values are 0 (none) 1 (1 to 2) 2 (3 or 4) 3
(5 to 10) 4 (more than 10). bys76 measures “How often do you cut or skip classes?” 0 (0) 1 (<
once per week), 2 ( at least once per week), 3 (daily). bys77 is the response to “how many times
were you late for school over the past four weeks?”: 0 (0), 1 ( 1 or 2 days) 2 ( 3 or 4) 3 (5-10)
4 (more than 10). bys78a, bys78b and bys78c are responses to “How often do you come to class
without pencil or paper when needed?””, “How often do you come to class without books”, and
“How often do you come to class without homework. Each is coded as 3 (usually), 2 (often), 1
(seldom), 0 (never). The index is the sum of the 6 variables and ranges from 0 to 20.

Dropout risk index: This is NELS composite variable byrisk, ranging from 0-6. It is the
sum of binary indicators for risk factors for dropout risk. The indicators are based on byfcomp,
bypared, byp6, bys41, bylep, and byfaminc.

Grade Index: Based on bygrads, ranging from 0-4.

Gifted: 0-1 indicator for parent report of whether the student is currently enrolled in a
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gifted /talented program (byp51).

Missing values of all variables were set to the sample mean.

Outcome Measures:

High School Graduation: 0-1 indicator for whether received high school diploma as of the
third follow-up. One if hsstat—1.

College Attendance: 0-1 indicator for whether enrolled in a 4-year college as of April 1994.
One if enrl0494—15 or 16.

Missing values are dropped.

Appendix 2: Estimation with Peer Effects in the School
Choice Equation.

In this appendix we describe the estimation of the model when peer effects influence school
choice, which is considered in Section 7. We first discuss estimation of the model when peers
affect demand through the F(X/v) index, and then explain how the F(X/3) index case differs.
We estimate ~ using the fixed effect for the base model. The data comes from the “no voucher”
regime, and we suppress the indicator for the voucher program regime unless it is needed for

clarity

A.2.1 The X'y Case

Partition the rest of the parameters that affect school choice into three subsets,
e Jand ¢
e o and
e ), and X,.

We estimate the model by iterating on the following procedure. In each iteration we update the
parameters in the following steps, taking parameters from the previous step as given.

Step 1: Given an estimate of (aq, az, Xy, 3, 3) and 722 (0, pl, 4?) from the previous iteration,
we estimate  and ¢ using the likelihood for private and public schools. The log likelihood for
individual 7 is
(24)

L; =Pw;log (

J @ (X8 +op® (0, ul, 12)) ¢ (X[ — put, X[y — p; 2, )dfb(ui,u?;Ws,Ze))
[ (X[B* — pl, X}y — p2:5,) d(ul, p2; Wi, Be)
J @ (X(B+ o (0, g, p12)) o (XiB* — pi, Xiy — i 5y )d¢(u1,u§;Ws,Ee))
[ (Xip* — pl, X}y — p2;5,) d®(ul, p2; W, e)

+ (1= P)w,log (1 -
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where w; is the sample weight for individual ¢ and ® is the cdf of a standard normal. We
treat public and private school students symmetrically and do not use the data on peers to help
update [ in this step. Instead, we fix * in the above equation at the value B from the previous
iteration rather than letting it change as we maximize the above likelihood function with respect
to B and ¢. This means that the update for B is chosen to maximize the likelihood of the school
choice model rather than to make the X/ distribution look approximately normal.

To see the intution behind Step 1, note that if we knew 72 (0, u}, u2) we would just run a
probit of public school on X; and 7% (0, i}, u2) . Because we do not know it, we have to use the
model to integrate out its conditional distribution given the data we have.

Step 2: Given 3 and v, we estimate a; and ay by regressing X/ and X[y on W).

Step 3: Taking (5,7, p, a1, as) as given, we estimate 3, and X, using the likelihood for
public students only:

(25)

/ —2 12 1311 X2 14 72 12
S Tpsy | 200 O o0 Xinmsim) | | g, (M) 4D, 2 W, 5

o plt+en2(0,ul,12) 1+var(n})

£ . 1/1+'ua7‘(ni1)
’ L Ok a2) .
j‘(b (%) dcb(ﬂ;#gawsaze)

14wvar(n;)

To see where the above equation comes from, one must consider the NELS sampling frame.

pt+en?(0,ul,12)
1+var(y})

simplifying assumption that the NELS sampling frame fixes the number of interviews at each

In particular schools with larger values of ® tend to be bigger. We make the
public high school independent of the size of the school, but then oversamples bigger schools.
In this case, L, should be the likelihood of observing a particular realization of the vectors of
values of X/f and X[+ for a particular sample of students from the school. Then, being loose

with notation, the likelihood for a particular school takes the form

L, = / [T FX8, X0 | Po= 1l p2) | s (ped il | W) dpipe?
{i:5(i)=s}
where g, is the probability density given the sampling scheme.
Then using Bayes theorem
Pr(fy = 1| XiB, Xiv, ps, p) F(X08, Xivy | s, 125)
Pr(P =11, 12)
O (X718 + o (0, pi5, 112)) ¢ (XiB — g, Xiv — p33 5y)

P [ Hiter(Opin2)
\/ 14var(n})

FXIB, Xy | Pr=1,pul, p4?) =
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and

gs (s p2 | W) = g (s, p2 | We, P = 1)
Pr(Py=1| W, puy, 13) g (pg, 13 | W)

Pr (P, =1|Wy)
o pttem? (0,ut,u2) L2V Y,
(M0 ) g o, )

L% (0, 1i2) . '
o (M) dag, 20,5,

14wvar(n;})

In reality, NELS:88 follows 8th grade sample members into high schools, and so the number
plen? (0,pl,p2)
1+var(y})

to a sample size of 11, the probability that s is included at all is increasing in the number

of students sampled from high school s will depend on & . Furthermore, up

of NELS:88 8th graders who start at the high school. Consequently, the probability that a
plten? (0.ul.n2)
1+var(y})

address this. However, we use the average of the sample weights for the students who attend s

particular student is followed depends on the ® of other students. We do not

to weight the value of L;.

Step 4: Taking all parameters as given, solve 12 (0, !, u?) as a fixed point for the equation

1 (0, by 1i2) =pi2 + E (0 | s +mf + om” (0, pd, 112) + > 0, o, o)

ey covtnimp) o\ ps el (0, 1)
B 1+ var(n}) 1+ var(n})

We iterate on this four-step procedure until we find a fixed point estimate of 3. Each iteration
is time consuming, in part because we must compute 2 (0, ul, u?) for each value of W, in the
data. However, the parameter estimates converge fairly quickly.

We then use the model estimates to simulate the effects of the voucher policy. The key to this
is the construction of the weights );, which are a function of the probability that P, = 1 under
both the current regime and the alternative (7) regime. The crucial element in this calculation

18

Pr(P, =1 |W;, X8, Zlvy;7) = /<I> (X8 — ti(1) + oi® (7, pa, 12)) dF (pl, 12 | Weay, X1B, X[7)

S XIB—U(r) + o (7, 1, 12)) 9 (XiB — pig, Xy — s 5) d@(pg, 15 Wiy, 2e)
f ¢ (Xz/ﬁ - :u; Xz/fy - /Lga 277) dq)(/l,;, /Jlga Ws(i)u Ee)

We then construct

Pr(P=1|Wy;),X;8,X;]7;7)

7

wZ(T) = P 7 7
r(Pizllws(i)’XiB’Xi')’?T) o
PrP=IW. ) X25.x0) 4G (Wato, XiB, Xiy [ B = 1)
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A.2.2 The X' Case

We use the same iterative procedure for the X8 model, but the equations are simpler. In this

case define
it (rops) = E(X(B| P =1,p).

Given our model and distribution assumptions,

i (ropd) = pi+E (| ph+n —tr)+en' (1) + & >0)

_op o vartd) =t F el ()
"V tvar() T var(i)

The analogue of likelihoods (24) and (25) in the X'f case are simpler than in the X'y case.
They take on the forms

J®(X[B+ op' (0, 1)) ¢ (X[ — pa;var(n})) d®(ul; Wi, Var(ei)))
[ o (X[6* — plivar(n})) d®(pt; Wy, Var(el))
[ @ (X8 + it (0, 1)) ¢ (XI5* — plsvar(n})) d®(ul; Wy, Var(el))
1= Bjuslog (1 - T o (X5 — ik voar(s)) d (s Wi, Var(cl)) ) ’

L; =Pw; log (

and
(X B+em (0d) ) (X (6" —pisvar(n})) phromt (0.1) 5 1
/ H{i:S(i):s} @(Mﬁwl(ws)) o o) d®(py; W, Var(e,))
£ . \/1+uar(n.1)

1+var(n})

o (EAEO ) a0, Var(el).

The final piece is

Pr(P = 1|W;, X/B;7) = /‘P (X{B—t(r) +m" (1, 12)) dF (} | Wigay, X[ B)

_JOXiB—t(7) + i (1, 1)) ¢ (X{B* — pig; var () dP(pg; W), Var (ey))
J o (XiB* — pdsvar(n})) d@(ul; W), Var(ef)) ’

and again
Pr(P;=1W,;),X;B8,Z{T)
Pr(P;=1{Wy;),X!8,27;0)

%(7') - P —
(B 1|Wogo) X B, Z077)
J Pr(P=1W,;, XﬂZ’V dG (W), XiB, Ziv | P = 1)

Appendix 3: Unobservable School Effects and Unobservable
Peer Characteristics

In this appendix we discuss estimation of the unobservable peer effect model we describe in
the text. In practice there are two complicated issues: estimation of the variance/covariance

components of the model and estimation of J. Estimation of the variance/covariance model is
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quite similar to the case discussed in Appendix 2, so we do not go into great detail. However,
estimation of ¢ is different than in the other models. The difference results from the need to
infer the expected value of the unobservables from the observables. Basically, we do this using

Bayes theorem, although the expression is quite involved. Our procedure is as follows.
1. We obtain § from a standard probit model for public school choice.

2. We estimate v using fixed effects regression on the public school sample, but we correct
for sample selection by including the inverse Mills-ratio term for public school choice in

the regression.

3. Given 8 and taking the variance of ui(i) and e} and o = var (e; + n;) as known we use a
likelihood function analogous to step 2 of Appendix 2. That is, we only use public schools
and the likelihood is

X(B+v1
10.78 d)(Xl{B_.U'ivXZ{'V_I"g:ET]) 14,1
JJ T {Hsy=s ) o ® (ﬁ) d® (v3) d®(pug, 13 2y)
® /021+Uil

L=

FIT () do 2 dna i)

4. Given ¥, and ¥,, we calculate a,,, Var(w;), and Cov(w},w?) using the restrictions of
the model.
5. Next we estimate dx/g and dx/,

Let X _; the matrix of values of X} for a random sample of individuals j who actually attend
school (i), j # i. We will let f,,1 denote the density of (ul, u2,v!) conditional on X7 =
(X8, X v, P’ =1,X[3,X!v) and let f,s, denote the likelihood of XZ»B7 conditional on

(pl,u? vl). Then using Bayes theorem
f,uvl (:ui(z)v :us (3)» s(z | X/B’Y)
B Jasn (Xi i Mi(i)’ U;(i)>¢(ﬂi(i)7ﬂi(i); Su)o (U;(i); 031>
S S farn (Xf’y | /@(1)’U;(i)W(Niu):ﬂg(i)% Xu)o (”;(z) ) dﬂs(z dﬂ d“

where the definition of X ;3 and X ;v implies that

JES; Twl JES;

XB+U57,
H (I)( ———u > H (b(Xﬁ ,U/s X;V—Mz(i)azn>

fmﬂ”f(XiB,Y | ,ui,,ug,v;) -

g )
e (7

j#
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We use fui(uh, 0! | X7) to denote the conditional density of (ul,v!) where X/ =
(Xfiﬁvf)io = 17Xz/ﬁ) '30

. Using this density we know that
B (X6 + gu | X7)
— [ [ Bt a0+ ] [hod) oGk o} | XD)didder

_|_ w 1 + 1
= [ [ (it TR () ot Xl
Vo1 + 0u11 VOn11 T ou11

By running a regression of Y — X'+ on this we can get a consistent estimate of dx/4. In prac-

tice we use the sample analogue of this expression with Gauss-Quadrature to approximate

the integrals.

In the case of the X'y index restriction (21), we use the same procedure to first estimate
K (XZ{’Y + 9¢i | Xﬁ)
= /E (12 + 7 + g [02 4w | 2, 08) Fuor (pdy 2, 08 | XPV)dppbdpiZdo!

:/ 2 | gOu120; n Onz + gowi2 )\( s + gus

2
O VOopi1 +0u11 \\/Op11 + 0wt

) Fuor (s 13, 03 | X ) dprdpi vy,
and then obtain dx/, from the analogous regression.

. Finally we calculate the treatment effect. In the text we derive # (7;pul, v!) for each
model. We need to integrate across this. In either model the average value of the cream

skimming effect may be written as

E [ (75 u5,03) | BT = 1]
_En? (75 py,vg) P
-~ Prip=1]
.1 01 (I)((Xz{ﬁfti(T)Jr'U;(i))/lel)
:f’ﬂ'p (T7MS7/US> @((Xgﬁ-i—v;(i))/awn)

f <I>((X{ﬂ*ti(T)JFUi(i))/g“’”)
(Xl ) foon)

f,ulvl(,uiavi | Xf»d,ll;dU;dG (X—lﬁsz,B | f’io = 1)

fror (3, vg | Xiﬁ)dﬂidvidG (X8, X8| PP =1)

where we use normality in the last line. Again we approximate with sample analogues.

300ur assumption that in the school attended by 7, data on a random set of students are available and the
number of students is not related to the school choice probability. We account for selection in who choses to
attend the public school. However, in practice the number of students available depends on public school choice.
This is because NELS:88 follows eighth graders into high schools and does not draw a random sample in high
school. Furthermore, the probability that a high school attended by NELS:88 eighth graders is included in the
first followup survey is increasing in the number who attend up until a school sample of 11. Consequently, the
probability that student ¢ is sampled depends on the choices of the other NELS:88 sample members from the
same eight grade, which depend on ui(i). This is not accounted for in the expression for fwl(u;(i),ui(i), v;(i) |

Xfi, P, = 1,X;). However, we use the average of the sample weights for the students who attend s to weight
the value of L.
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Table 1: Descriptive Statistics: Full Sample By High School Type

Variables All Schools Public Schools All Private  Catholic Private  Other Private

Demographics

male 0.50 0.50 0.53 0.54 0.50
asian 0.04 0.03 0.06 0.05 0.07
hispanic 0.10 0.10 0.08 0.10 0.05
black 0.13 0.13 0.08 0.11 0.02
Geographic Variables and Zipcode Characteristics
Northeast 0.20 0.18 0.31 0.32 0.29
North Central 0.26 0.27 0.22 0.28 0.13
South 0.35 0.35 0.30 0.25 0.39
Urban 0.25 0.23 0.45 0.48 0.40
Suburban 0.44 0.43 0.47 0.49 0.45
Distance from Cath HS 0.32 0.34 0.11 0.05 0.21
(100s of kilo+A84meters) (0.49) (0.50) (0.26) (0.07) (0.39)
Fraction black 0.11 0.11 0.13 0.13 0.11
(0.20) (0.20) (0.20) (0.21) (0.17)
Fraction Hispanic 0.08 0.08 0.08 0.09 0.06
(0.17) (0.17) (0.14) (0.16) (0.09)
Median income 3.12 3.06 3.62 3.56 3.70
(1.26) (1.20) (1.60) (1.61) (1.57)
Fraction under poverty line 0.13 0.13 0.12 0.12 0.12
(0.09) (0.09) (0.10) (0.10) (0.11)
Fraction over 2 times 0.67 0.66 0.71 0.71 0.70
poverty line (0.16) (0.16) (0.16) (0.16) (0.17)
Parental Background
Father/mother present 0.66 0.65 0.80 0.79 0.81
Father's education 13.45 13.24 15.19 14.55 16.13
(2.88) (2.81) (2.90) (2.74) (2.89)
Mother's education 12.97 12.84 14.08 13.73 14.61
(2.29) (2.27) (2.17) (2.12) (2.14)
Log (family inc) 1987 10.27 10.21 10.84 10.71 11.02
(0.90) (0.88) (0.80) (0.80) (0.76)
Limited English proficiency
composite 0.02 0.02 0.01 0.01 0.02
Parents Catholic 0.31 0.28 0.53 0.79 0.14
8th Test Scores and Academic Performance
reading score 50.84 50.38 54.89 54.42 55.60
(9.96) (9.86) (9.93) (9.54) (10.50)
math score 50.94 50.54 54.40 53.91 55.16
(9.94) (9.90) (9.59) (9.03) (10.34)
science score 50.85 50.56 53.38 52.89 54.14
(9.93) (9.92) (9.75) (9.08) (10.64)
history/cit/geog 50.92 50.47 54.87 54.53 55.37
(9.90) (9.77) 1(0.17) (9.28) (11.37)
delinquency index 0.63 0.65 0.53 0.52 0.53
(1.06) (1.08) (0.91) (0.93) (0.88)

continued on next page



Table 1 (continued)

All Schools Public Schools All Private Catholic Private Other Private
Grades composite 2.94 2.92 3.11 3.13 3.07
(0.73) (0.74) (0.66) (0.62) (0.70)

grade trouble index 0.53 0.54 0.48 0.46 0.50
(from student, 0-4) (0.82) (0.83) (0.79) (0.83) (0.72)

student got into fight 0.25 0.25 0.22 0.22 0.22
with other student

student performs 0.25 0.25 0.20 0.15 0.27
below ability

student rarely 0.19 0.20 0.13 0.09 0.18
completes homework

student frequently 0.09 0.10 0.06 0.07 0.05
absent

student inattentive 0.20 0.20 0.17 0.12 0.24
in class

students in class seen 0.05 0.05 0.03 0.03 0.03
as troublemaker

child ever had 0.08 0.09 0.05 0.04 0.07
behavioral problems

Parents contacted about 1.41 1.41 1.38 1.36 1.42
school behavior 1-4 (0.75) (0.75) (0.70) (0.67) (0.73)

Repeated Grade 4-8 0.06 0.06 0.03 0.02 0.04

Risk of dropping out of 0.66 0.70 0.30 0.36 0.21
school (0.93) (0.95) (0.54) (0.59) (0.44)

Lack of Effort index (0-21) 4.03 4.03 3.81 3.49 4.3

(2.73) (2.72) (2.82) (2.63) (3.02)

Enrolled in gifted program 0.14 0.14 0.12 0.10 0.15

Outcomes

High School Graduation 0.871 0.863 0.942 0.976 0.887

Attend Four Year College 0.325 0.297 0.584 0,582 0.587

Missing Value Indicators

Family Income Missing 0.092 0.089 0.122 0.055 0.099

Tests Missing 0.032 0.033 0.022 0.023 0.02

Student Behavior Missing 0.058 0.054 0.091 0.087 0.096

Distance Missing 0.056 0.053 0.084 0.055 0.123

N 16,483 14193 2,290 936 1354

Notes: Means for individual variables and standard deviations (n parentheses) exclude missing cases, which were
assigned the sample means when the variables are used in the school choice and outcome equations. Sample sizes
refer to the school choice sample, and the number of nonmissing cases varies across variable. Sample sizes for the
outcome variables are smaller. Explanatory Variables are weighted using the base year through first followup panel
weights. High School graduation and Attend Four Year College are weighted using base year through third followup

panel weights.



Table 2

Estimation of Peer Effects Model for Public High School Graduation (§)

(95% Confidence Intervals in Parenthesis)

Model Specification X' Index

X'~ Index

Base Case:
Probit -0.0453
(-0.0949,0.0032 )

0.3614
(0.0289,0.6170 )

Unobservable Peer Effects:

Unobservables like observables (g=1) 0.0157
(-0.0071,0.0371)

g=0.5 0.0169
(-0.0072,0.0394)

g=2.0 0.0139

(-0.0067,0.0348)

0.0321
(-0.0226,0.0983)
0.0315
(-0.0224,0.0977)
0.0328
(-0.0229,0.0990)

Alternative School Demand:

Allowing for Peer Interactions (X’ index) -0.0412
(-0.0822,0.0003)
Allowing for Peer Interactions (X'+ index) NA

NA

0.3614
(0.0344,0.5773)




Table 3

Effect of Voucher Program on Selected Peer Characteritics, X' and X'~
Basic School Choice Model (¢ = 0), No unobservable School Characteristics or Peer Characteristics
(95% Confidence Intervals in Parenthesis)

mean pub mean peer change in change in
school mean stayers peer for mean for
stayers movers (before) stayers pub school
Catholic 0.2780 0.4353 0.2895 -0.0115 -0.0156
( 0.2554, 0.2990) ( 0.3856, 0.4892) ( 0.2668, 0.3108) ( -0.0160, -0.0072)  ( -0.0210, -0.0107)
Male 0.4919 0.5068 0.4939 -0.0020 -0.0015
( 0.4812, 0.5031) ( 0.4696, 0.5382) (10.4838, 0.5042) ( -0.0058, 0.0025)  ( -0.0048, 0.0026)
Hispanic 0.1056 0.0898 0.1064 -0.0008 0.0016
(10.0828, 0.1307) ( 0.0572, 0.1186) ( 0.0830, 0.1317) (-0.0032, 0.0017)  ( -0.0011, 0.0049)
Black 0.1276 0.0928 0.1240 0.0035 0.0035
(10.1057, 0.1485) ( 0.0607, 0.1208) ( 0.1036, 0.1439) ( 0.0006, 0.0068) ( 0.0002, 0.0070)
Parents Present 0.6606 0.7775 0.6718 -0.0112 -0.0116
(10.6486, 0.6735) (10.7488, 0.8066) ( 0.6608, 0.6845) (-0.0150, -0.0078)  ( -0.0148, -0.0086)
Father’s Education 13.1550 14.4130 13.2247 -0.0696 -0.1251
(13.0189, 13.2819) ( 14.1205, 14.6765) ( 13.0911, 13.3413) ( -0.0948, -0.0455)  ( -0.1544, -0.0955)
Mother’s Education 12.7661 13.7035 12.8182 -0.0521 -0.0932
( 12.6664, 12.8566) ( 13.5190, 13.8718) ( 12.7140, 12.9050) ( -0.0677, -0.0345) ( -0.1098, -0.0743)
log Family Income 1987 10.1844 10.5954 10.2096 -0.0252 -0.0409
( 10.1510, 10.2180)  ( 10.5326, 10.6475) ( 10.1785, 10.2401)  ( -0.0318, -0.0179)  ( -0.0469, -0.0335)
Reading Score 50.2633 53.1864 50.4609 -0.1976 -0.2907
(149.9118, 50.6556) ( 52.2368, 54.0456) ( 50.1259, 50.8114) ( -0.2790, -0.1050)  ( -0.3831, -0.1908)
Math Score 50.4692 53.0302 50.5914 -0.1222 -0.2547
( 50.0875, 50.8268) ( 52.1919, 53.9161) ( 50.2488, 50.9401) ( -0.1981, -0.0433) ( -0.3576, -0.1606)
Science Score 50.5874 52.5289 50.7145 -0.1272 -0.1931
( 50.2154, 50.9960) ( 51.7007, 53.3522) ( 50.3547, 51.0720) ( -0.2160, -0.0339) ( -0.2888, -0.0935)
History Score 50.3366 53.1312 50.4650 -0.1284 -0.2779
(149.9890, 50.7166) ( 52.1221, 54.0374) ( 50.1281, 50.8234) ( -0.2181, -0.0375) ( -0.3760, -0.1665)
Xp 1.9545 1.3358 1.9301 0.0244 0.0615
(11.8324, 2.3478) ( 1.1658, 1.5206) ( 1.8070, 2.3132) ( 0.0213, 0.0378) (10.0529, 0.0991)
X~ 0.3673 0.4144 0.3710 -0.0037 -0.0047

(10.2047, 0.5242)

(10.2498, 0.5719)

(10.2082, 0.5283)

(-0.0050, -0.0023)

( -0.0061, -0.0034)




Table 4

Estimates of Effects of Voucher on Public Schools Students
(95% Confidence Intervals in Parenthesis)

Model Specification X' Index X'~ Index
1-Base Case:
Probit -0.0011 -0.0013

(-0.0017,0.001)

(-0.0023,-0.0001)

2:Peers Affect School Choice : ¢ # 0

Peers Affect School Choice (X’ index) -0.0012 NA
(-0.0023,-0.0006)

Peers Affect School Choice (X’v index) NA -0.0014

(-0.0021,-0.0001)
3:Unobservable Peer Effects:

Unobservables like observables (g=1) 0.0006 -0.0002
(-0.0002,0.0016) (-0.0006,0.0001)

g=0.5 0.0005 -0.0001
(-0.0002,0.0012) (-0.0004,0.0001)

g=1.5 0.0007 -0.0003

(-0.0004,0.0019)

(-0.0007,0.0002)

4:Alternative School Demand:

Peer effects only operate through test score index

Peer effects only operate through Father’s Education

Catholic School is only Alternative -0.0010 -0.0013
(-0.0031,0.0005) (-0.0022,-0.0001)
Targeted toward Low Income Families -0.0010 -0.0013
(-0.0023,-0.0001)  (-0.0022,-0.0002)
Targeted toward Urban Districts 0.0071 0.0026
(-0.0053,0.0634) ( -0.0012,0.0070)
Targeted toward Low Income Neighborhoods -0.0018 -0.0013
(-0.0091,0.0058) (-0.0037,0.0038)
Nested Logit -0.0011 -0.0014
(-0.0030,0.0014) (-0.0023,-0.0002)
Callibrated to Milwaukee 0.0021 0.0019
(-0.0016,0.0060) (-0.0011,0.0051)
Selection on X'+ only NA -0.0059
(-0.0098,-0.0003)
5’Alt. Assumptions. About Peer Effects on Outcomes:
Peers same as direct effect (6 = 1) NA -0.0037
(-0.0050,-0.0023 )
Peers half of direct effect (6§ = 0.5) NA -0.0018
(-0.0025, -0.0011)
Peer effects only operate through Family Income -0.0011
(-0.0025,0.0006 )
Peer effects only operate through African American -0.0002

( -0.0005,0.0001 )

-0.0005
(-0.0019,0.0005)

-0.0008

(-0.0015,0.0001 )

-0.0008
(-0.0020,-0.0004 )

6- Alternative Peer Effects and demand systems:

0 = 1 and choice only on X'~

0 = 1 and Milwaukee Callibration

NA

NA

-0.0163
(-0.181,-0.0146)
0.0044
(0.0017,0.0074)




Appendix Table Al

Probit Model for Public School Attendance, Full Sample

Constant

Male

Hispanic

Black

Parental Background
Catholic

Both parents present
Father's education
Mother's education
log income 1987

Limited English proficiency (0,1)

8th Grade Tests and Grades
reading score

math score

science score

history score

Grades Composite (0-4)

Probit Coef
(1)
7.200
-0.094
0.222
0.093

-0.517
-0.217
-0.051
-0.048
-0.288
-0.275

-0.016
0.002
0.009

-0.009
0.034

95% Confidence

Interval

Marginal
Effect on
Pr(Public=

LBound UBound 1)

()
5.544
-0.218
-0.066
-0.193

-0.717
-0.357
-0.086
-0.075
-0.393
-0.893

-0.026
-0.009

0.000
-0.019
-0.103

8th Grade Behavior and Performance in School Measures

Delinquency Index 0.014
Student got into a fight 0.019
Student performs below ability -0.154
student rarely completes homework 0.335
Student frequently absent 0.127
Student inattentive in class -0.149
Student frequently disruptive -0.217
Parent believes child has a

behavioral problem in school 0.180
Repeated a grade 4-8 (0,1) 0.173
Dropout Risk Composite (0-6) 0.037
Lack of Effort Index -0.024
Enrolled in Gifted Program 0.381
Location Measures

North East -0.123
North Central 0.103
south -0.165
urban -0.721
suburban -0.278
Distance 0.893
Distance Squared -0.173

-0.071
-0.123
-0.402

0.035
-0.238
-0.409
-0.491

-0.088
-0.143
-0.047
-0.060

0.031

-0.478
-0.287
-0.525
-1.052
-0.542

0.288
-0.691

(3)
8.644
0.047
0.621
0.476

-0.344
-0.076
-0.017
-0.018
-0.169

0.758

-0.006
0.011
0.020
0.002
0.194

0.108
0.152
0.117
0.685
0.532
0.133
0.143

0.513
0.565
0.153
0.009
0.818

0.253
0.444
0.142
-0.419
-0.018
2.556
-0.058

(4)

-0.017
0.039
0.016

-0.091
-0.038
-0.009
-0.008
-0.051
-0.049

-0.003
0.000
0.002

-0.002
0.006

0.003
0.003
-0.027
0.059
0.022
-0.026
-0.038

0.032
0.031
0.007
-0.004
0.067

-0.022

0.018
-0.029
-0.127
-0.049

0.158
-0.031



Notes. The sample size is 16483. Column 1 reports MLE probit coefficient estimates. Columns 2 and 3 report bootstrap estimates
of the lower and upper bound of the 95% confidence interval. The estimates account for correlation across students who attended
the same 8th grades and/or high schools. They are based on 500 bootstrap replications. The fourth column reports marginal effects
on the probability of attending public high school when X'Beta is 1.27588, which corresponds the the value at which the probability
of attending public high school equals the weighted mean (.899). The model also contains missing indicators for Distance, log
family income in 1987 and an indicator that is one if all test scores are missing. There is one indicator for missing data on Student
performs below ability, Student rarely completes homework, Student frequently absent, student inattentive in class, and/or
Student frequently disruptive. NELS:88 base-year to third year follow-up panel weights are used.



Table A2 )

Effects of Students Own Characteristics on Public High School Graduation (Y)
Linear Probability Models with HS Fixed Effects

95% Conf. interval

Regression Lower Upper

Coef (1) Bound (2) Bound (3)
Male 0.0207 0.0066 0.0367
Hispanic 0.0079 -0.0243 0.0428
Black 0.0646 0.0258 0.096
Parental Background
Catholic 0.0298 0.0131 0.0454
Both parents present 0.012 -0.0086 0.0325
Father's education 0.0044 0.001 0.0078
Mother's education 0.0008 -0.0028 0.0046
log income 1987 0.0193 0.0036 0.0353
limited English proficiency (0,1) 0.0829 0.0291 0.1352
8th Test Scores and Grades
reading score 0.0003 -0.0008 0.0014
math score 0.0009 -0.0001 0.002
science score 0.0004 -0.0007 0.0015
history/civics/geog. score 0.0003 -0.0007 0.0015
Grades Composite (8th grade, 0-4) 0.036 0.0212 0.0513
Eighth Grade Behavioral and Performance In School Measures
delinquency index -0.0175 -0.029 -0.0059
student got into a fight -0.0181 -0.0402 0.0033
student performs below ability -0.0259 -0.0618 0.0122
student rarely completes homework -0.0912 -0.1445 -0.0412
student frequently absent -0.1666 -0.2154 -0.1186
student inattentive in class -0.0319 -0.0723 0.0111
student frequently disruptive -0.0211 -0.0664 0.0261
Parent believes child has a behavioral problem in school -0.0429 -0.0793 -0.0035
repeated a grade 4-8 -0.1477 -0.1895 -0.1041
Dropout risk composite -0.0241 -0.0371 -0.0113
Lack of Effort index -0.0032 -0.0073 0.0009
Enrolled in Gifted Program 0.0131 -0.005 0.0304

Note: Column 1 of the table reports weighted least squares estimates from a regression of high school graduation with
high school fixed effects included. Columns 2 and 3 report the lower and upper bounds of the 95 percent confidence
interval. They are calculated from 1000 bootstrap replications. The model also includes three missing data indicators---
see the note to Table Al. The sample is restricted to public high school students, and the sample size used in the
calculation is 9260. Schools with only one sampled student are dropped. NELS:88 base-year to 3rd follow-up panel
weights are used.



