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Are Measured School Effects Just Sorting?
Identifying Causality in the National Education Longitudinal Survey*

David |. Levine and Gary Painter

Youth sharing a school and neighborhoods often have similar academic
achievement. This correlation between neighborhood quality and youth
achievement holds even when controlling for many observable features of a
family. Nevertheless, the correlation is not entirely causal because families and
youth are sorted into relatively homogeneous groups. Thus, the quality of the
school or neighborhood in part acts as a proxy for hard-to-measure attributes of
the family.

To enable separate estimation of sorting and school effects, we use the
characteristics of the high school students will attend as an additional indicator of
family background. When we compare youth who are at the same junior high
school, the above measure is an appropriate instrument to identify family
background separately from neighborhood and junior high school effects. Even
after this correction, the point estimate of school effects on student achievement
remains large and is statistically significant.

* The authors thank Julian Betts, Chaun Gho, Paul Gertler, Danid Levine, Rhiannon Paiterson,
Suzanne O’ Keefe, and Steve Raphadl and seminar participants a the 2000 APPAM meetings, the
Universty of Cdifornia, Berkeey, and Southern Methodist University for helpful comments and
suggestions.



Many families routindy pay tens and even hundreds of thousands of dollarsto locatein
desirable neighborhoods and near desirable schools. The features that make a school or neighborhood
desrable typicaly range from whether youth in the neighborhood study hard and avoid gangs to whether
adults in the neighborhood provide good role models and offer connections to vauable networks of
information and contacts. Conversdy, disadvantaged families are often clustered in neighborhoods
where many youth behave in ways that are not socidly accepted, with early drug use, frequent

pregnancy out of wedlock, high dropout rates, and low employment rates (Wilson 1987, 1996).

A key quegtion in the socid sciencesis the extent to which the corrdations within a
neighborhood are causdl. It is possible that the outcomes of youth are correlated merely because the
children of advantaged families live near each other. When the correlations are purely due to sorting,

then regardless of |ocation the children would do well due to their families= advantages.

The evidence asto the causa impact of neighborhood effectsis mixed. Severd careful
experiments with vouchers for public housing residents find important causa neighborhood effects for
some outcomes (see citations below). These experiments are important as they focus on the
disadvantaged segment of the population. At the sametime, in many cases, regression anayses that
include unusudly complete measures of family background or that use one of severd clever insrumentdl

vaiadblesfal to find gatisticaly sgnificant neighborhood results.

This study uses the Nationa Education Longitudind Survey (NELS) to identify the causa
portion of the corrdations. We follow a suggestion of Edward Glaeser (1996) to use information from
people who change nelghborhoods to help separate the causa from the merely correlationd portions of

estimated neighborhood effects. Our innovation isthat we use the qudity of afuture high school asan



additiond measure of family background. Because the characterigtics of a future high school cannot
cause 8" grade academic achievement, their ability to predict achievement in 8" grade is (under
conditions specified below) due to their correlation with measured and unmeasured family background.
Using this additiond measure of family background as an instrument permits an unbiased estimate of the
role of family background. This procedure will dso enable us to obtain estimates of school effects that

are not biased by their correlation with family background.
Theory and Literature Review

Y outh outcomes can be correlated to school and neighborhood characteristics for many
reasons. (Jencks and Peterson [1991], Cook and Goss [1996], and Duncan and Raudenbush [1999]
provide reviews.) As noted above, many of the links occur when classmates act as role models,
provide information, create norms, and enforce norms with peer pressure. At the sametime, adultsin a
neighborhood aso act as role models, provide information about schools, families and careers, and
cregte and enforce norms. In addition, advantaged neighborhoods typically have better infrastructure
such as schoal quality, in part due to parents= ability to spend time and money, and in part due to
greater political power.

Simple cross-sectiona regression analyses are unable to disentangle why youth outcomesin a
neighborhood are correlated (Manski, 1995). The estimated peer effect will be biased upward because
families sort across neighborhoods. Therefore, one needs to explicitly account for this sorting in order

to measure the effects of improving schools and neighborhoods.

The most convincing evidence that some of the disadvantages are a least partly causd, not

merely due to sorting, comes from experiments that moved a subset of disadvantaged families out of a



ghetto neighborhood and into the suburbs. In the Gatreaux experiment, the Chicago Housing Authority
provided rent vouchers that moved a number of centra-city Chicago public housing resdents into the
suburbs or esawherein the centrd city (Rosenbaum, 1995). Because the assgnment of familiesto
suburban or city gpartments was dmost completely random, the Gatreaux experience provided a natura
experiment for understanding the gains from housing desegregetion.

The children who moved to the suburbs had much better academic success than those staying in
the cities. When the children were gpproximately 18, those who moved to the suburbs had one-fourth
the high school dropout rate of their counterparts who moved within the poor neighborhoods of
Chicago (5 percent vs. 20 percent). Moreover, children who grew up in the suburbs were more than

twice aslikely to attend college

These efforts at deconcentration have been replicated in other cities. Preliminary evidence
suggests that movements away from high-crime areas lowers youths= involvement in some juvenile
crime, and improves adults= hedth, rates of crime victimization, and (in some studies) employment and
earnings (Ludwig, Duncan and Hirschfield, 1999; Ludwig, et a. 2000; Kdz, et d. 2000). At the same
time, these experimental populations are not representative of youth in genera because they focus on the

very poor and on those households that have chosen to participate.

The anthropologicd literature on very disadvantaged nelghborhoods aso provides evidence that
within-neighborhood correlations are at least partly causd. In the nation's worst neighborhoods, young
men are more likely to find gangs, not schooal, as the dominant inditution. In these settings, many
studerts percelve tha “playing by the rules’ by working hard in school and staying out of trouble with

the law does not pay; schools are often quite bad, and employment prospects even after graduating



from high school are poor. Moreover, youths are more likely to be punished by their peers than
rewarded for academic success. (Cook and Ludwig [1998] review the evidence for and againg this
clam.,)

Other methods provide less consstent evidence of causa neighborhood effects. Typicd
regressions attempt to control for family background using measurable characterigtics such as parentd
education and income. In many cases, subgtantia correlations among youth outcomes remain even after
contralling for many observable features of the family. Other sudies have found that the neighborhood
effects become much smdler and often lose satistical Sgnificance, suggesting that the correlations may
be largely noncausal (Brooks-Gunn, Duncan and Aber, 1997). Solon and Page (1999) note that much
of the estimated relationship between neighborhood and child outcomes is dependent on which
metropolitan area one comes from. Due to limited sample Sizes, their estimates among urban
neighborhoods and among rura neighborhoods are not precise, but are consstent with alow role for

neighborhoods.

Evans and his co-authors (1992) instrumented for neighborhood quality using metropolitanleve
variables. Under the assumption that parents choose neighborhoods, but not metropolitan aress, they
found no significant neighborhood effects. At the sametime, the validity of their instrumentsis open to
question. As Duncan and Raudenbush (2001) noted, the procedures require characteristics of the city
and metropolitan area must not influence youth outcomes. In addition, the procedure may lead to
biased reaults if families chose their metropolitan areain part based on average school or neighborhood
qudity.

Aaronson (1997) and Plotnick and Hoffman (2000) used the difference in neighborhoods that



ggerslived in to identify the portion of neighborhood effects not due to omitted family characteritics. In
some, but not al, specifications they found thet, in the PSID, a Sster who spent more of her lifeliving in
ardatively advantaged neighborhood had a higher rate of high school graduation. The difficulty with this
goproach isthat not that many familieslived in substantidly different neighborhoods while their children
are adolescents. Moreover, those families that do move to quite different neighborhoods are often
motivated by events such as divorce that have independent effects on youths= outcomes. Thus,

precision was often low, and results changed with modest changesin specification.

Aswith Aaronson (1997) and Plotnick and Hoffman (2000), we use information from school
changers to digtinguish the effects of family background from neighborhood. Like them, our sample for
identification includes only movers. In our procedure, “movers’ include both families that change
residence between junior high and high school and youth that did not attend the high school most of their

junior high classmates atend.

Our identification Strategy is the converse of Aaronson’'s (1997) and of Plotnick and Hoffman's
(2000). They usethe fact that neighborhood location partly is causa (and difference out family effects)
to identify the true effect of location. We use the fact that high school qudity partly is due to family
background (net of junior high effects) to identify the true effect of family background. Importantly, we
use information on the schools that youth do not yet attend, which implies high school quaity measures

only family background, not the causal effect of schools and neighborhoods?

In ardated study, Glaeser, et d. (1996), control for neighborhood fixed effects and look at
average differencesin youth behavior over time; we control for junior high school and neighborhood

fixed effects and look a individua changesin neighborhood and junior high surroundings.



Our identification strategy uses the same source of identifying variaion as Gaviria and Raphadl
(2000). Gaviriaand Raphad find that youth who move to anew high school report smoking, usng
drugs, and other behaviors at roughly smilar rates to students in the new high school (their Table 6).
They interpret this resut as mixed evidence of sorting (which they associate with a higher correlation for
movers than for those who stay). In contrast, we read their evidence as consstent with substantial
incrementa sorting between junior high school and high schoal, in that youth not yet atending a high

school dready resemble those who are not yet their peers.

Throughout this paper, we study the influence of school-based interactions on a sample of junior
high school students. In contrast, much of the literature on peer effects andyzes neighborhoods, often
measured for convenience by Censustracts. Schools are more natura units of andysis as young teens
spend many of their waking hours physicaly at school, and spend much of their free time with peers
who are dso classmates. For example, Gaviriaand Raphadl (2000) document the importance of
within-school friendshipsin the NELS dataset we study. To the extent that students who live near each
other atend different schoals, it islikely their parents= priorities and their own capabilities and
preferences are more Smilar to those of their classmates than to their neighbors. For example, a student
a an dite private school probably has more in common with and is more influenced by his or her
classmates than by neighbors. Moreover, hisor her parents probably have more in common with his or
her classmates=s parents than with neighbors. Below we refer to school and to neighborhood effects
interchangeably because school and neighborhood go together for the vast mgority of the sample; thus,

our measures cannot digtinguish the individua effects of the two sets of influences.



M ethods

We assume test scores in 8" grade (test;) depend on the academic ability of one's classmates
(as measured by their average test scores, Testy), on true family background (FB™ ), aswell as luck

and measurement error (g):
1. test =B, xTest,, +B, xFB +e .

Throughout, variables subscripted JH and HS refer to characteristics of the junior high and the high
school. Because we rely on average test scores as our measure of school and neighborhood qudlity, our
procedure will attribute to neighborhoods only the subset of attributes of a school or neighborhood that

correlate with average test scores.

We are concerned that family background is measured with error, so we observe an imperfect

proxy for true family background FB, where:
2. FB =FB +u,

Conceptudly, to correctly measure school and neighborhood effects requires the life history of
neighborhoods a child haslived in (Hanushek, 1986). Asiscommon in the literature, we measure
school and neighborhood qudity at asingle point in time. Correspondingly, our consistent estimates
(described below) of the effects of improved neighborhoods measure changes in lifetime neighborhood

quality, not merely contemporaneous changes.

Biasesfrom the“ standard regression.” Consder esimating equation 1 while ignoring

measurement efrror:

3. test, =b XTest,, +b, XFB +e.



Coefficient estimates from equation 3 are subject to two important problems. First, because
family background is measured with error, the coefficient b, is biased down. Second, family
background and school qudity are pogitively corrdlated. Thus, mismeasurement of family background
biases the coefficient on the average test scores upward. While acknowledging these important
problems, a number of scholars have estimated versions of equation 3 (e.g., Gaviriaand Raphael, 2000;

Brooks-Gunn, Duncan and Aber, 1997; many others have estimated versonsiin first-difference form).

Incremental sorting between 8" and 10" grades: Most youth continue on from ajunior high
school to the main high school it feeds. Other youth live in families that move between 8" and 10"
grades. Yet athird group do not move with their classmates to a junior high=s main high schoal, even
when their families remain in the same house. For example, some move from a public junior high schoal
to anearby private or specidized public high school, while others move from a private junior highto a
nearby public school. Our andysis sample conssts of youth who do not continue to the main high

schoal fed by each junior high schoal.

When families move, we assume that parents consider the academic qudifications of their
children in choosing anew home. In fact, a poor match between a youth=s achievement and that of his
or her classmates may have helped motivate some moves. We aso assume that the quality of the
student-school match contributes to the decision to start or stop paying for private school. At the same
time, we assume that many factors that led to imperfect matches continue to hold; for example, parents

with strong opinions about the importance of school quality will continue to hold those opinions.

These scenarios imply that on average youth who do not attend the main high school end up

with a better match between their true family background and their high school qudity than if they hed



continued to the main high school. Thus, high schoal qudity (Quality* s) is an average of true junior

high quality and family background, as wel as new shocks, vi;:
4. Quality,q =D, >Quality},, + D, XFB +V,.

| dentifying family background. Because many youth move to a high school thet fits their
characteristics more closdly than did ther junior high's main high school (asin equetion 5), high schoal
qudity isapotentid ingrument for family background.

To seethat our measure of high school qudity, Qualityys, is an gppropriate instrument, note that
it correlates with our measure of family background (FB;) under the assumption that families that do not
atend the high school of their junior high peers partialy sort themselvesin the years between 8" and
10" grade (equation 4). That is, families that appeared advantaged rdative to their junior high
classmates on average atend above-average high schools. We will show that this corrdation holdsin

the data.

High school quaity must aso correlate with true family background (FB';), but not messurement
error on family background (u;); thet is, asis assumed in equation 4, we need sorting to depend on true
family background, not merely the observable portion of it. Thisassumption is plausible, given the

positive correations of high school qudity and observable family background that we will report below.

Less obvioudy, we need Qualitys to be uncorrelated with academic ability thet is not due to
school qudlity or family background (e;). Thisassumption would not hold, for example, if high-
achieving students (given their observable characterigtics) were frequently accepted into and given

scholarships to sdective high schoals.

We performed two analyses that suggest this potentia problem isnot too serious. First, we



estimated the sorting equation (4) and included an estimate of e, (specificaly, the resdud from
estimating equation 3 using our index of observable family background, FB;). The coefficient on the
resdua was smdl and not sgnificant. Second, we reran dl anayses dropping students who attended
high schools that were most likely to be sdlective (specificdly, those private high schools that are not

Catholic schools). Thisredtriction never affected results.

Egtimating standard errors. The dataset has multiple observations within ajunior high
school. We estimated jackknifed standard errors that correct for the clustering of the data (Stata 2001
15).
M easur ement

Family background: Each of our congtructs such as family background consists of avast array
of attributes, including family income, parenta education, family sructure, and many others. To facilitate

estimation we create an index of family background equad to the best predictor of test scores. That is,

weran:

test; = C @X;,
where X was the vector including family income, parenta education, and so forth. The complete
variable list and results are listed in the Appendix (Table Al). The predicted vaue of test scores was
used asthe index of observable family background:

FB = c @X.

Junior high quality: When cdculating observable junior high school quality (Test ) for sudent

i we used the average test score of dl students other than student i.

The measures of high school quality used asinstruments. Wetypicaly have only one test



score for youth who move to a non-standard high school. Thus, we use the characterigtics of that high
school to create an index of quality. Thelist of characteristics includes the proportion of students
recelving subsidized school lunches, proportion minority, and proportion living in Single-parent families.
Tables A2 include the complete variable list. The school characteristics are measured when the youth is

in 10" grade.
Data

The Nationa Education Longitudina Study of 1988 (NELS) is sponsored by the National
Center for Education Statistics and carried out by the National Opinion Research Center. NELSis
designed to provide trend data about critica transtions experienced by young people as they develop,
attend school, and embark on their careers. The base year (1988) survey was a multifaceted study with
guestionnaires for students, teachers, parents, and the schoal.

Sampling was firgt conducted at the school level and then at the student level within schools.
The data were drawn from a sample of 1,000 schools (800 public schools and 200 private schools,
including parochid indtitutions). The three follow-ups revisited (most of) the same sample of sudentsin
1990, 1992, and 1994; that is, when the respondents were typicaly in the tenth grade, in the twelfth
grade, and roughly two years after high school graduation. We use data from the 1988 and 1990
surveys, and obtain asample of approximately 14,000 students. After dropping students for which
there are too few students per junior high school, a sample of 11,939 are used for the anaysis.®

Defining the Movers Sample: The NELS sample started with an average sample of 25
students per junior high school, sampled in 8" grade in 1988. Matching between youth and schools (as

best we can observe) isimperfect in 1988. Moreover, junior high schools contain substantia



heterogeneity. Thus, in aworld of no transaction or moving costs, it gppears that many youth could
improve their matches by choosing distinct high schools.  Nevertheless, in the 1990 survey, the mgority
of sudents from each junior high attended a common high school. Many forces ranging from the
transaction costs of sdlling ahome to the costs of job changing for parents to the socid disruption
parents and children suffer lead most parents to stay a a single house during the years when the foca
youthisin 8" to 10" grade, even if the family-school match isimperfect. Thus, we restrict our sample

to “movers” those youths who did not attend the main high schoal.

Wefird identified junior high schoolsin which a plurdity attended a single high school, yet a
least one student attended a different high school.* We termed the first high school, the main high
school. From these junior highs, our sample is comprised of the youth who did not atend the main high
school.  In addition, we dropped junior highs with less than 8 students because we may not be able to

identify correctly the main and dternative high schoolsin this sample.

Socioeconomic Status and Family Background: In the congtruction of the index of family
background, a number of variables are used that previous research has determined are an important
predictor of youth’s educationd attainment and behavior. The NELS s beneficid in that it contains
multiple measures of family background and family involvement in education that many studies lack.

The measures of socioeconomic status are created from both the parent and student
questionnaires. The et of variablesincludes occupationd status (usng Duncan’sindex), parental
education, and family income. These variables are converted into z scores with mean zero and standard
deviaion equd to one. When there are missing values for parenta education because of amissng

parent, these are given a z-score of 0 and categoricd variables are included to note these missing



vaues. We ds0 included indicators of whether in eghth grade the youth lived in an intact family, asngle
parent family with the biologica mother, a Sngle-parent family with the father present, stepfamilies with
ether the biological mother or father present, and those families with no biologica parent present.

From the student questionnaire, we aso included the youth’ s sex, whether aforeign languageis
spoken in the home, whether the mother or father is foreign born, the number of sblings, and whether
the home has alibrary card, magazines, and many books.

From the parentd questionnaire, indicators include whether the family was one of five rdigions,
and any of four levds of religious observance. These variables proxy for how cosdy afamily isknit as
well as proxy for the socid capitd availlable to the children. We dso controlled for whether the mother
had been a teen when the student was born.

Three variables partidly capture parents= involvement in the sudent=slife and educeation:
whether the parent belonged to a parent-teacher association or related organization, or volunteered at
school; whether the parent helps the child with homework; and whether the child had participated in
clubs such as Boy or Girl Scouts during dementary schoal.

Dependent variable: The dependent variable is the sudent’ s test score, aggregated from a set
of cognitive math and reading tests taken in eighth grade (see Levine and Painter, 1999, for afull
description of the cognitivetests). Thetests have high reliabilities. The religbility of each subscore
(measured as 1 minustheratio of the average measurement error variance to the tota variance) was
greater than 0.80, and often near 0.90 (Rock and Pollach, 1995: 67). We use the sum of the reading

and math subscores, further increasing rdiability.



Results

Means and summary dtatistics are presented in Table 1. We andyze data on 11,939 studentsin
total, but focus on the 886 who do not attend the main high schoal of ther junior high. In tota we

andyze movers from 265 junior high schools who attended 321 high schools.

Who moves? Our identification strategy depends on the accuracy of our mode of changing
schools (equation 4). Thus, we examine these moves in some detail.

Eighty percent of the entire sample went to public school in both 8th and 10th grade. In
contrast, among our sample of school changers, roughly haf went to public school in both 8th and 10th
grades. Corresponding to the higher rate of atendance at private schoals, family incomes (though not
parental education) are significantly above average (.2 standard deviations) for school changers.®
Below we discuss how well our results are likely to hold for the overdl population.

In Table 2 we present the rates of trangitions between different types of junior high and high
schools. We divide schools into public, Catholic religious, other rdligious, or other private categories,
and we tabulate the results separately for families that moved residence and those that did not.

For those students who started in public junior high schools in 8" grade, 93 percent remained in
public schools. HAlf of those in Cathalic junior highs and 60 percent of those in other private reigious
schools ended up in public high schools.  Among those who attended private nont-reigious schoolsin
8" grade, alower rate (about a third) switched to a public high school.

Testing the selection model: Our mode of school selection assumes that for youth who do
not go to the main high school, their junior high and family characteridtics, but not their idiosyncretic

academic ability conditiond on those two factors, determine their high school. This assumption is safest



for the one fourth of school changes that took place in families that changed residence between 8th and
10th grades (218 out of 886).

One test of whether our sorting mode! is gppropriate examinesif estimated idiosyncratic test
scores (conditiona on observed family background and junior high qudity) are useful in predicting
eventud high school qudity. If the correlation between idiosyncratic test scores and the resdua from
the sorting equation 4 is positive, youth may move partly based on their academic success. Such a
selection rule might bias up the estimated effect of family background when using eventud high school
qudity as an ingtrument for family background.

Both observed junior high qudity and observed family background predict later high school
qudity, condstent with equation 4. We reran this regresson for each cell of the trangtion matrix with at
least 20 observations and results were qualitatively smilar (results available on request). Moreover, in
amog dl of the trandtions, idiosyncratic test scores (conditiona on observed family background and
junior high qudity) are not useful in predicting eventud high school qudity. The exception isfor those
moving from a private Cathalic junior high to a public high school. As arobustness check, we reran dl
results below (in results avallable on request) omitting youth who moved from private Catholic junior
high to a public high schoal; results were unchanged.

Onefind concern istha some youth moved from private junior high schools to public high schools
to take advantage of the public schools larger Size and, thus, higher number of advanced classes. For
example, even if the mean test score of a public high schoal is the same or lower than the corresponding
private high schoadl, if the public school islarger its upper tall may have even higher test scores than the
private school, and advanced classes for this upper tail. Such sorting would cal into doubt our one-

dimensond metric of school quality, as students with different academic backgrounds might have very



different experiences at one large high schoal. In contrast to this hypothes's, students were no more
likely to move to aschool that had more advanced placement classes.

The Effects of School Quality

Results from a standard version of equation 3 are presented in Table 3, using family background
and school quality to predict test scores. Column 1 uses the entire sample, while column 2 presents
results using the sample of students who will not atend the main high schoal; this smdler sampleis used
inthe andyssbelow. Both the index of family background and the average test score a ajunior high
school strongly predict sudent achievement.  (Recall the average test score omits the score of the focal
gudent.) Inthe sample of movers, the coefficient on junior high quality equas 0.52 and the family

background coefficient is 0.64.

As noted above, the estimated effect of junior high qudity is biased up by mismeasurement of
family background, which permits some of the true effect of family background to load onto the junior
high effect. The next column presents the main results of the paper. We address measurement error on

family background by using our messures of high school qudity as instruments for family background.

Table A2 presents the first tage estimates predicting the index of family background with junior
high average test scores and the list of high school characteridics. The inclusion of the full ingrument ligt
passes standard tests of over-identification, and results are largdly invariant to the choice of instruments.
Moreover, the insrumenta variables had an F Satistic of 15.91, P < .001 (after including junior high

average test scores), suggesting sufficient fit for useful esimates.



When we ingrument for family background, the coefficient on family background rises from
0.64100.82 (Table 2, col. 3). Although thisincreaseis not Satigticaly significant, itsdirection is

consstent with our prior beliefs about the importance of measurement error on family background.

Because family background is correlated with junior high test scores, akey question is whether
this larger effect for family background diminates the effect of school quality. The answer is“No.”
When we ingtrument for family background, the coefficient on average junior high test scores declines
from 0.52 to 0.42. Although this declineis substantid they are not datidticaly sgnificant and the

mgority of the estimated effect of school qudity remains.

The coefficient on average test scores of 0.42 is both economicaly large and Satistically
ggnificant. That is, itisrationa for parents who grew up in an average neighborhood to pay a
substantid sum so that their children are surrounded by peers who have test scores one standard
deviation above average (roughly atwo standard deviation increase in neighborhood average test
scores). Our results imply such a move would raise their children’s academic achievement by 0.42 of
the test’s tandard deviation.

We now turn to consder severd potential weaknesses of these findings.

Are Results from Movers Representative?

An important concern when studying just the population of moversis that they might be quite
different from the population of those who continued on to the main high school. For example, consider
a population where 10% move every other year, and 90% rardly move. For the frequent movers,
current school characteristics are poor proxies for the schools and neighborhoods they have lived in

their whole lives. For this group, more than for the geographicaly stable group, family background is



proxying for past peer effects. Thus, when estimating equation 3, the estimated family background
effect should be larger and the current school effect should be smaler for the frequent movers.
Moreover, if we look at moves after 10" grade (for example, between 10" and 12" grades), those who
moved between 8" and 10™ grade will be far more likely to move than thase who did not move in the

previous 2 years.

Surprisingly, the sample of movers and stayers were not very different in terms of future
mohbility. Familiesthat moved from 1988 to 1990 were dightly less likely to move again between 1990
and 1992 than were others (difference not gatisticaly significant). Moreover, the effects of observed
average junior high school test scores and family background in predicting test scores (equation 3) were

smilar for movers and stayers (Table 2, columns 1 and 2).

It is possible that the rdative importance of family vs. school and neighborhood effects differs
for those who did and did not attend the junior high=s main high schoadl. It is plausible that those most
concerned about neighborhood quality leave low-qudity neighborhoods. Conversdly, those families that
do not expect their children to be affected by a neighborhood, may choose relaively disadvantaged
neighborhoods (Duncan and Raudenbush 1998). If so, neighborhood effects are largest for the sample

of movers, and our results over-gate the typica youth=s neighborhood effects.

In short, while sdlection bias remains a concern, the sample we andyze does not appear to self-

sdlect vishly in away that would lead to unrepresentative coefficients.
Robustness tests

We restricted our sample to only junior high schools with larger samples (10 or 12 per junior

high, instead of a cutoff point & 8). As noted above, we redtricted the sample to students who did not



attend sglective high schools (oecificdly, we diminated private schools unless they were Cathalic).

Again, results were unchanged.

The junior high average test scores were from a sample of sudents, not the population. This
sampling error can attenuate the bias on the coefficient on average test scores. Using the mean from haf
the sample to instrument for the mean test score from the other haf can resolve the problem. Results

were amost unchanged.

A youth's test scores and his or her junior high’ s average test scores can be correlated due to
common measure bias. For example, a high-quadity school may de-emphasize skills measured with
paper-and-pencil tests. In that case, both a student’ s scores and that of his or her peerswill
mideadingly show low scores (given family background), and the coefficient on average test scoresin a
junior high can be biased down. Working in the other direction, the average test scoreis from asample

within each school, and sampling error tends causes a downward attenuation bias.

It is possible to solve both problems if we use characterigtics of the junior high schoal (the
proportion poor, with sngle-parent families, etc.) asingruments for average test scores. Unfortunately,
using these ingtruments can introduce new biasesif characterigtics of the junior high correlate with
unmeasured family background. Inthat case, the ingruments will be imperfect, and a modest amount of
falure of the assumptions of ingrumenta variable estimation can lead to large biases (Bound, et d.
1995). In any case, results were unchanged using alist of characterigtics of the junior high school to

instrument for average test scores.

As we described above, some school changes between 8" and 10" grades may be due to

students achievement in 8" grade; for example, entry into sdlective high schools. This selection should



be less important if family changes such as divorce or getting anew job led to the move. Perhgps due
to our limited sample size of movers, results were not satisticaly distinguishable when we divided the
sample by the distance of the move (same city vs. new city) or by the cause of the move (when we

could identify divorce, job change or job 10ss).

We repeated this analysis on a number of other youth outcomes, such as having behaviord
problems reported by teachers or parents, and sdf-reported cigarette smoking and drug use. We
found the same methodology that we agpplied to test scores did not apply for any of these outcomes.
While the coefficient on the school-wide average of each behavior was satigticaly sgnificant, the
coefficient on the index of family background was not. This result suggests that sorting is not important
for these outcomes. These results support Gaviria and Raphadl’ s (2000) interpretation of their finding
that youth engaging in anumber of undesirable behaviorsin 10" grade tended to be found in the same
school. That is, if observable family background does not predict these behaviors, then unobserved
family background probably has aweak rdationship aswel. Thus, athough Gaviriaand Raphael did

not explicitly account for sorting based on family background, their results are not substantialy biased.
Discussion

Controlling for a good measure of family background, a one stlandard deviation increase in
school test scores raises a student=s test scores by 0.52 standard deviations (Table 3, cal. 2). This
esimate is biased up to the extent the effects of unmeasured family background “load onto” the measure

of neighborhood qudity. Importantly, most causd theories of neighborhood effects imply thisbiasis

guaranteed to be present, as the true school effects are due largdly to the sorting of families.



Studies that have controlled for this endogeneity using naturd experiments such as Gatreaux and
the Moving to Opportunity experiments usudly find important causal neighborhood effects (Rosenbaum,
1995; Ludwig et d. 1999; Ludwig et d. 2000; Katz, et d., 2000). As the scholars describing these
experiments note, each sudy has problems with imperfect randomization, sample attrition, and the fact
that the subject pool volunteered to participate in arelocation experiment. Moreover, results vary by
outcome and (at best) apply to the disadvantaged segment of the population. In contrast, other sudies
using clever identification strategies gpplied to more representative samples usudly have faled to find
gatigticaly sgnificant causd neighborhood effects. (Evanset d. 1992; Plotnick and Hoffman,
forthcoming; Aaronson 1998). At the sametime, the power of these tests are usudly low, results
continue to differ by outcome and specification, and each identification Strategy (as the various authors

note) is subject to concerns about exogenelty.

This study uses an identification strategy and instrument that alows a more precise estimate of
family background than have previous studies. This technique leads us to our preferred estimate that the
true effect of a one standard deviation increase in peer test scoresisabout 0.42 (Table 2, col. 3). On
the one hand, this effect is subgtantialy smdler thanthe 0.52 estimated in col. 2. On the other hand, the
edimate is subgtantively large and suggests neighborhoods do matter, if somewhat |ess than sandard

OLS egimates indicate.

Many readers will aready have made important decisons based on the intuition underlying this
result. For example, many parents paid substantial amounts to locate in a neighborhood with
advantaged neighbors. The higher real estate costs were, presumably, purchasing better schools, better

peers, and better role models for one=s children. If the estimated neighborhood effects were



completdly non-causa, such amenities are vaueless, that is, the children=s expected outcomes would
be unchanged if they grew up in a much less advantaged neighborhood. Moreover, urban policies such
as the Moving to Opportunity program focusing on deconcentrating the poor are not ussful in helping
poor youth (seethe citationsin Ludwig et a. 2000 and Katz, et d. 2000 for descriptions of this
program).

The results here indicate readers (and others) who pay extra to locate near educated neighbors
are buying vauable improvements in their children’s education. Moreover, the concerns of urban
policy-makers that the government warehouses the poor in massive housing projects are smilarly well

grounded.

It isimportant to distinguish what we have not identified in this sudy. Even if schools and
neighborhoods maitter, these results tell us nothing about the causa mechanisms. A youth=s school or
neighborhood could matter because peers influence each other. In such amodd, interventions to stop
one child from drinking (for example) have multiplier effects throughout the peer group. In contradt, if a
youth=s neighborhood matters because nearby adults provide role models or because indtitutions are
better, socia multipliers for youth interventions are absent. (Manks, 1993, eaborates on these
digtinctions.) Findly, schools can matter due to school and parenta policies and ingtitutions. Our
estimated school effect captures the sum of these forces. It isleft for future research to measure the

importance of each channd and to identify cogt-effective policies to improve the lives of dl youth.
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Table 1: Describing the Data

Table 1A: Sample sizes

Number of students per junior

Number of movers from junior high

high school school
Minimum 8 1
Median 15 3
Mean 15.3 3.3
Maximum 54 21
Standard deviation 7.0 4.5
Tota students 11939 886 movers

# of junior high schools 781

265 (with at least one mover)

Note: Sample = schools with at least one mover and at least 8 students per junior high.



Table 1B: Summary Statistics
N = 886 youth who moved.

Mean Standard
Devidtion

8" grade test score (Test;). This variable was zscored to mean zero
and s.d. = 1 for the entire NEL S sample. 0138 0991
Index of family background (Detailsin Appendix Table Al) (FB) 0117 0531
Junior high average test score (excluding the focd individud, Testy,) 0143 0514
High School Characteristics
Percent of School that receives Reduced Price Lunches 1.262 0.876
Percent of School that is non-Minority? 3.186 1.420
Percent of School that come from Single Parent Households 1.644 0.698
Percent of School that has English as a second language” 1.411 1.211
Percent of Last Year's 12" Grade Class that Dropped out 7.183 9.863
Percent of Last Year's Graduating Classin a4 year College 53.952 28.767
Percent of Last Year's Graduating Classin a2 year College 18.568 13.751

Q This variable is measured on a0-3 scale (0 = none, 1 = 0-10%, 2 = 11-50%, 3 = 51-100%).

2 This variable is measured on a 1-5 scale (1 = 0-25%, 2 = 26-50%, 3 = 51-75%, 4 = 76-90%, 5 =
91-100%).

" Thisvarigble is measured on a0-5 scale (0 = none, 1 = 1-24%, 2 = 25-49%, 3 = 50-74%, 4 = 75-
99%, 5 = 100%).

” Thisvaridble ismeasured on a0-5 scale (0 = none, 1 = 1-9%, 2 = 10-19%, 3 = 20-29%, 4 = 30-
39, 5 = 40-100%).



Table 2: Transition matrix for the sample of School Changers

School in 10th grade

School in 8th grade Public Catholic Private-Religious Private-Non religious
Public 456 28 6 3
Catholic 114 144 0 1
Private-Religious 33 7 7 5
Private-Non religious 28 10 9 35

Moved Residence
School in 10th grade

School in 8th grade Public Catholic Private-Religious Private-Non religious
Public 145 1 1 0
Catholic 21 23 0 0
Private-Religious 8 5 0 1
Private-Non religious 6 0 1 6

Did not Move Residence
School in 10th grade

School in 8th grade Public Catholic Private-Religious Private-Non religious
Public 311 27 5 3
Catholic 93 121 0 1
Private-Religious 25 2 7 4
Private-Non religious 22 10 8 29



Table 3: Models of School Effects

Dependent Variable = OLS OLS Instrumenting for Family
test scoresin 8" grade ) @) Background
(Test) ©)

Sample Full Sample Movers Sample Movers Sample
Average test scores, 0.444 0.523 0.428

Testy (0.016) (0.054) (0.095)

Family background 0.783 0.636 0.828

index, FB (0.015) (0.056) (0.137)
Adjusted R? 0.318 0.343 0.335
Instruments High school qudity measures

listed below.

Note: Standard errors are in parentheses. They are estimated taking into account the complex sampling

structure of the data

In column 3, mesasures of (future) high school quality are used as instruments for family background.
Thefirgt stage is presented in Appendix A2. The instruments are categoricd variables that measure the
proportion of the high school receiving a free lunch, non-minority, from asingle parent household, and
gpeaking English as a second language, and the proportion of last year’s 12th grade class that dropped
out, entered a4 year college, or entered a 2 year college.



Table Al: Predicting 8" Grade Test Scores with Family Characteristics

Dependent Variable = Test; Mean  Coefficient

Femal e Headed household in 8" grade (Omitted family typeistwo biological parents) 0.127 -0.069 **

Male Headed household in 8" grade 0.017 -0.086
Stepfather family in 8" grade 0.083 -0.044
Stepmother family in 8" grade 0.018 -0.128 *
Resided with no Biological Parentsin 8" grade 0.081  -0.151 **
Female Student 0.520 0.048 **
Father foreign born 0.190 0.132 **
Mother foreign born 0.189 -0.023
Oldest child 0.306 0.062 **
M other was a teen when this student was born 0.103 -0.056 *
Father's education (z) 0.015 0.189 **
Mother's education (z) 0.041 0.121 **
Father's occupational status{z} 0.015 0.052 **
Father unemployed 0.059 0.029
Religious affiliation - Baptist (Omitted religion is other Protestant) 0.184 -0.222 **
Religious affiliation— Catholic 0.317 -0.113 **
Religious affiliation— Other religion 0.152 -0.049
Religious affiliation - Missing religion 0.036 -0.054
Religious affiliation - No religion 0.025 0.079
Religiosity - very religious (Omitted religiosity isANot at all religious) 0.435 0.1471 **
Religiosity — religious 0.164 0.096 **
Religiosity - somewhat religious 0.173 0.115 **
Number of siblings 2.220 -0.031
More than 50 booksin home 0.892 0.210 **
Has at |east one magazine subscription 0.762 0.186 **
Family has apublic library card 0.773 0.254 **
Mother's occupation status{ z} 0.021 0.042 **
Mother unemployed 0.267 0.036 *
Family Income (2) 0.067 0.133 **
Parental Involvement in Education 0.518 -0.007
Parents and children areinvolved in child-oriented clubs 0.839 0.058 *
Parents help with homework 0.394 -0.335 **
R 0.284

Notes: ** and * represent statistically significantly different from zero at the 1 and 5 percent levels.
Variables marked (z) are z-scored to have a mean of zero and standard deviation of one.
FB; isthe predicted value from this regression, an index of family background.



Table A2: Predicting Family Background with High School Characteristics
Variables are measured when the student is in tenth grade.

Dependent Variable = FB; Coefficient ~ Std. Error
Average test scores, Testy 0.347 ** 0.030
Percent of School that receives Reduced Price Lunches © -0.059 * 0.026
Percent of School that is non-Minority? 0.032 * 0.015
Percent of School that come from Single Parent Households -0.003 0.024
Percent of School that has Engllish as a second language” -0.027 * 0.016
Percent of Last Year's 12" Grade Class that Dropped out 0.001 0.002
Percent of Last Year's Graduating Classin a4 year College 0.004 ** 0.001
Percent of Last Year's Graduating Classin a2 year College 0.001 0.001
Constant -0.167 0.119
Adjusted R 0.345

Incremental RZ of high school characteristics after including Testy 0.075
F-Statistic on high school characterigtics after including Testy, F(7,877)= P<0.0001
15.9

Notes: These estimates the first stage from the insrumenta variables esimation in Table 3.

** represents different from zero at the 1 percent leve.

* represents different from zero at the 5 percent levd.

Q This variable is measured on a0-3 scale (0 = none, 1 = 0-10%, 2 = 11-50%, 3 = 51-100%).

2 This varigble is measured on a 1-5 scale (1 = 0-25%, 2 = 26-50%, 3 = 51-75%, 4 = 76-90%, 5 =
91-100%).

" Thisvarigble is measured on a0-5 scale (0 = none, 1 = 1-24%, 2 = 25-49%, 3 = 50-74%, 4 = 75-
99%, 5 = 100%).

” Thisvaridbleis measured on a0-5 scae (0 = none, 1 = 1-9%, 2 = 10-19%, 3 = 20-29%, 4 = 30-
39, 5 = 40-100%).



Notes:

* Jencks and Peterson aso note that youth may aso be harmed by having advantaged surroundings
when the youth may suffer from fedings of relaive deprivation, or when successis partly due to rdative
performance such as grading on a curve or awards based on classrank (1991). Nevertheless, the net
result is a high correlation among the behaviors of asingle youth and of his or her neighboring youth and
adults (Case and Katz, 1991; NCES 1997).

2 While we do not directly control for how family disruptions such asjob loss or divorce may
smultaneoudy affect both neighborhood changes and youth outcomes, we do compare outcomes
across groups.

% The NELS sample was stratified and clustered, and over-sampled rare groups. The NELS provides
sampling weights to control for the effects of sampling design. While the primary andyssis performed
using unweighted estimates, the results do not change when using weighted estimates.

*  Results were unchanged when we used a majority rule to define the main high school.

® These tables are available upon request.





