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Abstract

We use data from the National Longitudinal Study of Adoles¢¢ealth (Add
Health) to examine the effects of classmate charactesistieconomic and social
outcomes of students. The unique structure of the Add Hedlitkvs us to esti-
mate these effects using comparisons across cohorts wsithivols, and to exam-
ine a wider range of outcomes than other studies that havkthseidentification
strategy. This strategy yields variation in cohort composithat is uncorrelated
with student observables suggesting that our estimatewatgased by the selec-
tion of students into schools or grades based on classmataathristics. We find
that increases in the percent of classmates whose mothellege educated has
significant, desirable effects on educational attainmadtsaubstance use. We do
not find much evidence that the percent of classmates wholack br Hispanic
has significant effects on individual outcomes, on averaigditional analyses
suggest, however, that an increase in the percent blacksmaic may increase
dropout rates among black students and post-high scha@rleds among males.
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I. Introduction

Social scientists have long been interested ierdehing whether the characteristics of
one’s schoolmates influence important economic somclal outcomes. Policy developments
over the last 10 to 15 years have heightened stterethis question. Changes in the law
governing racial desegregation efforts and the gra¥ the school choice movement have led
many local school districts to replace studentgassient policies focused on promoting racial
integration with policies designed to expand paediscretion over what school their child
attends. Several studies suggest that such pdiiagges may increase the isolation of minority
students and the stratification of schools by messsuch as parental education and academic
achievement. Whether or not such changes can be expectedat®ebate social and economic
inequalities depends on how the student composati@school influences individual outcomes.

The fundamental problem facing studies of schot#naa peer effects is that individual
children or their parents choose the students’ peein higher education, several studies
including Carrell, Fullerton and West (2008), Fog2006), Kremer and Levy (2008), Li and Li
(In press), Lyle (2007), Sacerdote (2001), Siedfremd Gleason (2006), Stinebrickner and
Stinebrickner (2006), and Zimmerman (2003), use tiiedom assignment of students to
residential facilities to test for peer effects.r Fwimary education in the United States, the
opportunities to exploit random assignment to itigase peer effects has been much more

limited. In the only examples of which we are asyawWhitmore (2005) and Cascio and

! Since 1990, school segregation has declined nioveysthan neighborhood segregation, and the igmabf black
students in many areas has increased (Clotfel@¥4;2Vigdor & Ludwig, 2007). Clotfelter, Ladd, andgdor
(2006) provide evidence that federal court ruliyging the period have contributed to these tren&sveral
studies, including but not limited to Bifulco, Laddnd Ross (In press), Cullen, Jacob, and Lev20%2, and
Hastings, Kane, and Staiger (2006), indicate thatents with college educated parents and higteaels are more
likely than others to use expanded choice of schtmhvoid concentrations of educationally disativged students
and to enroll in schools with other educationalfivantaged students. Brunner, Imazeki, and RosBrgss) find
that voting patterns for a school choice prograr@aiifornia were consistent with increases in sthsegregation.
As a result many different types of school choioegpams can be expected to increase stratificatiaechools.



Schanzenbach (2007) both use random assignmenénne$see’s project STAR to examine
variation in the gender and age composition, respy.

In a recent innovation introduced by Hoxby (2000griation in student composition
across cohorts within schools has been used taifig¢ine effect of peers under the assumption
that parents and their children are not able td @omoss schools based on differences between
the demographic composition of the child’s cohortl 4he average composition of the school.
Recent studies applying this approach include Atgand Lang (2004), Friesen and Krauth
(2008), Gould, Lavy, and Passerman (2004), Hanysftaik, and Rivkin (2002), Hoxby (2000a,
2000b), Lavy and Schlosser (2007), Lavy, Passeranash, Schlosser (2008). However, because
this approach requires data on multiple cohortmaftbe same schools, studies that use it have
had to rely on state and local administrative d&ta which provide information on only a small
set of outcomes, usually limited to student testex. As a result our knowledge of the effects
of student composition on individual outcomes i gtiite limited.

In this study, we use data from the National Ltudjnal Study of Adolescent Health
(Add Health) to extend this line of research on #fects of school composition. The Add
Health is a longitudinal survey program that cdBeinformation on a wide range of individual
outcomes beginning during the teenage years. Uiy sample includes students from multiple
cohorts in a nationally representative set of sthodhese aspects of the Add-Health allow us to
use comparisons across cohorts within schools hyraltng for school fixed effects and trends
to estimate the effect of classmate characteristica much wider range of outcomes than have

previous studies.

2 Also see Boozer and Cacciola (2001) who examiaeffect of randomly assigned new entrants to SThRses
on student performance exploiting the empiricalesbation that these students appear to be lowguatity in
order to detect the influence of peers. In a dgial country context, see Duflo, Dupas, and Kre(2608).



Our analysis focuses on the effects of the pencenority and the percent with a college
educated mother among the students in one’s sdoboirt. Distinguishing the effects of school
racial composition from social class compositiopagentially important. Analysis by Reardon,
Yun, and Kurlaender (2006) demonstrate that pdit¢e promote integration by social class
might not significantly reduce racial integrati@nd vice versa. Estimates of the distinct effects
of racial composition and social class compositan inform choices about policy priorities.

Several diagnostic analyses support our use obsaccohort variation in student
composition to identify the effect of peers on stwidoutcomes. First, we run simulations to
examine how much within school variation in cohmyimposition would be expected if students
were assigned randomly to school-specific cohantsl, compare this amount of variation to the
amount we actually find in our sampleThe results of this comparison indicate thatatmunt
of variation across cohorts within schools thatoleerve in our sample is quite consistent with
random assignment. Second, as suggested by Sehéoss Lavy (2007), we conduct balancing
tests which examine whether across cohort variailonpeer composition can explain
predetermined student attributes; if not, theses tesply that students have not sorted on their
observables across cohorts within schools. THollowing Hoxby (2000b), we run placebo
tests in which we replace the actual cohort contjposmeasures for each student with measures
of the composition of a randomly selected coharimfrthe same school. In both the balancing
and placebo tests, we find no evidence of systemalationships above what would be expected
due to type | error, suggesting that our estimatesnot biased by either differences in students
across cohorts within schools or by school charatites which might be correlated with cohort
composition measures. Finally, we find that afeanoving school fixed effects and trends, the

residuals of share minority and share of studert®se& mother has a college degree are

% We thank Joe Altonji for this suggestion.



uncorrelated. This result provides further conéition that unobserved factors that influence
within school variation in both cohort compositiand student outcomes are not confounding
our effect estimates.

Our results indicate that a having a higher pesm of classmatéswith a college
educated mother decreases the likelihood of drgppirt of high school, increases the likelihood
of attending college, and reduces the likelihoodmbking cigarettes in high school and using
marijuana after high school. In addition, a highleare of minority classmates is associated with
a higher likelihood of using marijuana in high schand a lower likelihood of binge drinking.
The number of significant findings far exceed whaght be expected based on type | error
rates. We also decompose the sample by race/g¥hrparent education level, and gender.
While these later results are somewhat weak statilyt the findings are suggestive that having
a higher percentage of classmates with college atddcmothers decreases the likelihood of
dropping out primarily among white and Hispanic&nalyses also suggest that the effects of
classmates with college educated mothers on edunehi@ttainment are large and significant for
males, but negligible and insignificant for femal@shigher share of minority classmates also
appears to increase dropout rates among blackrdgided increase rates of post-high school
idleness among males.

The paper is organized as follows. Section Il fbrieeviews the prior research on the
effects of student composition. Section Il desesi the data we use, section IV explains our
identification strategy, and Section V providesdevice on the validity of this strategy. Section

VI presents our primary results, and Section VHgants extensions that investigate differences

* Throughout this paper we will use the term “claates” to refer to the students in an individuatbml specific
cohort.



in the effects of cohort composition across subgsouSection VI concludes by considering the
policy implications of our findings.
II. Prior Research

Early empirical work on the effects of classmdtaracteristics focused on the effects of
racially desegregated schools. These studies plynexamined outcomes related to academic
achievement and racial attitudes and focused hrgel the short-run effects of deliberately
moving students to less racially segregated schodd™mprehensive reviews of this early
research suggest that the results of desegregaéimnquite mixed, with some evidence of small,
positive effects on the academic achievement afilddéudents and little evidence of consistently
positive effects on racial attitudes (Cook, 1984h@&ield, 1995). Much of this literature is
based on comparisons of students who attended régsd¢gd schools with students who
remained in segregated schools, and has beenizardtidor failing to adequately control for
unobserved differences between these two groupstuafents. Also, Hanushek, Kain, and
Rivkin (2002) point out that desegregation effontere often accompanied by conflict and
resistance, and thus, estimates of the short fentsfof desegregation might be contaminated by
factors related to the desegregation process.

More recent research has focused on the relafprimtween student composition and
outcomes rather than on the effects of specifiegesyation efforts. This more recent research

has used two different approaches. The first apgrauses arguably exogenous variation across

®> Some recent studies have examined the effectessgiegation. Using variation in the timing of itaardered
desegregation, Guryan (2004) finds that desegrmyatans in the 1970s decreased black dropout aaigd$ udwig,
Lutz & Weiner (2007) find that desegregation deseegbhomicide victimization rates for both blackd arhites.



schools in student composition to identify effeatsd the other uses variation across cohorts
within schools>

Any study that draws on variation in student congms across schools must address the
fact that the composition of students in a schofiuénces parents’ decisions about whether or
not to enroll their child. As a result, studentsimtegrated schools are likely to differ from
students in less integrated schools in difficulobserve ways, and these differences are likely to
confound estimates of the effect of student comjosi Vigdor and Nechyba (in press)
illustrate the potential bias using data from Na@&rolina. They find evidence of strong peer
effects using methods that compare students wigh Bnd low achieving classmates, but no
evidence of peer effects using comparisons thalo@xgrguably exogenous changes in school
composition associated with administrative redistig.

To address the nonrandom choice of schools, desteidies have tried to use measures
of racial composition or segregation from higharels of aggregation to instrument for school
racial composition. Rivkin (2000) uses districtdevariation in exposure to whites, and finds
that racial composition has no effects on test essoeducational attainment or earnihgs.
Boozer, Krueger, and Wolken (1992) use variatiorosg time and states in school racial
composition, and find that high white enrolimentusds are associated with higher educational
and occupational attainment. Evans, Oates, and/&r1992) use metropolitan level measures
of socioeconomic well-being as instruments, and o relationship between the percent of
economically disadvantaged schoolmates and eilesrage pregnancy or drop-out rates. Cutler

and Glaeser (1997) and Card and Rothstein (208@)cdahw on metropolitan level variation and

® Most studies avoid examining variation in comgositacross classrooms due to concerns of non-random
assignment of students into classrooms. See VigddmMNechyba (2004) and Zabel (2008) for examplestempts
to examine peer effects within the classroom.

" Rivkin's effect estimates control for the academahievement gains made by students in the schdith of
course is one of the mechanisms through which dqdemrs can influence student outcomes.



find that residential segregation by race is asgedi with lower high school graduation rates,
lower wages, and higher rates of single parenttiootlacks and a larger black-white test score
gap, respectively.

Although these analyses do not require exogenelestson into schools, they are subject
to potential biases related to unobserved diffegsna students across districts, metropolitan
areas, or states. Another limitation of studiest tise metropolitan level variation is that they
often cannot distinguish between peer effects mosls and the effects of processes that occur in
the broader urban environment. Card and Rothgt20®7), for instance, find that more
segregated metropolitan areas have larger blactewtdst score gaps. However, after
controlling for residential segregation, schoolregation is unrelated to their measure of the test
score gap, and they cannot conclusively distingtiigheffects of school segregation from the
effects of residential segregatidn.

A second approach to estimating the effect ofstiete characteristics exploits variation
across cohorts within schools. These studies ate drawn from state or local administrative
sources to estimate models that control for schyedrade fixed effects. Such models arguably
isolate idiosyncratic variation in student compiositacross cohorts within a school. Focusing
on within school variation reduces concerns abautrandom selection across schools and also
helps to isolate the effects of student composiffom any aspects of school quality that are

constant across cohorts.

8 A recent study by Friesen and Krauth (2007) maiésts to address both of these limitations. |dsitata from
Alberta, Canada, they examine the relationship eetwsegregation across schools within a commumitly the
variance in high school test scores. To controltfie possibility that unobserved heterogeneity mgnstudents
within a community causes higher levels segregatiwey focus on the relationship between changdiseirtevel of
segregation and changes in test score variancezbetsixth and ninth grade, and use plausibly exagesources
of variation in changes in the level of segregatidrhey find that increases in sorting by parerioation level
increases variance in test scores, but increaseshimc and income segregation does not influeesé $core
variance.



Hoxby (2000b) pioneered this approach using data ffexas, and finds that elementary
students have lower test scores when they arehortowith a larger share of black students,
and that the negative effects are larger for btokients than other studentddanushek, Kain,
and Rivkin (2002), using similar data and methdits, that the negative effects of percent black
on test scores are significantly higher for highigtblack students than either low ability black
students or students from other ethnic groups. ri&hgnd Lang (2002) use data from the Boston
area’s Metco program, which allows minority studerfitom Boston to attend schools in
suburban districts. In contrast to the Texas stjdhey find only small effects of an increased
share of Metco students on the test scores of nettdvistudents--effects that are limited to
minority girls!® Other studies have used the cross cohort apptoastamine the effect of other
classmate characteristics. Using data from Isidagly and Schlosser (2007) find significant
effects of variation in gender composition on stid&est scores and Lavy, Schlosser, and
Passerman (2007) find significant effects of pdxlits. Friesen and Krauth (2008) find that the
home language spoken by peers influences acadearniarmance in British Columbia.

The composition of students in one’s school oslaight influence individual choices
and outcomes through a variety of mechanisms. t ,Fgshools with concentrations of
disadvantaged students might have difficulty gangeeducational resourcés.A second set of
mechanisms work through group dynamics, includiegcher expectations and motivation,

student achievement norms and motivation, pacensfruction, and levels of classroom

° Hoxby (2000a) uses this approach to examine tip@dtrof class size on student performance.

° The Metco students who transferred into suburtzoals were a select sample of Boston students ttaid
effects on group dynamics, may not be typical, Whitight account for differences between the Metetd Bexas
findings.

1 Several studies indicate that schools with conegiotis of minority and poor students are less abktract and
retain highly qualified teachers (Betts, ReuberD&nenberg, 2000; Clotfelter, Ladd, & Vigdor, 200ankford,
Loeb, & Wyckoff, 2002).



disruption. In addition, students from differernfily backgrounds might bring to school
different attitudes towards behaviors such as #eeaf alcohol or illicit drugs influencing school
norms. Finally, school composition might influenttee opportunity to make the personal
contacts or to develop the modes of behavior thett dre crucial for gaining access to jobs and
educational opportunities (Clotfelter, 2004; Well895). Unlike studies that use across school
variation, cohort studies only capture mechanishat tan operate through one time (cohort
specific) changes in student composition. Natyrafoup dynamics and student attitudes can
change from cohort to cohort and be captured iroddtudies, while other mechanism such as
school resources and culture, selection of teadh&ysschools, and community engagement are
less likely to be represented.

Our study employs this cross cohort approach, @md plausibly addresses biases
associated with self-selection into schools andviges estimates of the effects of classmate
characteristics that are clearly distinguished ftbm effects of residential segregation and other
metropolitan level processes. Unlike the studieg have used metropolitan level variation,
which have focused on a broad range of outcomesjqurs studies that have used the cross-
cohort approach have been limited to estimatingotffon test scores. We, however, are able to
estimate the effects of classmate characteristics lawroad range of outcomes including post high
school outcomes like college attendance or employm@®ur study is also the first to conduct
this type of analysis on a nationally representasiample of students.

[11. Data

The data for this study come from the restrictedsion of the National Longitudinal

Study of Adolescent Health (Add Health). The AdeaHh is a school-based, longitudinal study

of the health-related behaviors of adolescentstlagid outcomes in young adulthood. Beginning



with an in-school questionnaire administered tatomally representative sample of students in
grades 7 through 12 in 1994-95 (Wave 1), the stiadlpws up with a series of in-home
interviews of students approximately one year (W&vand then six years later (Wave 3). Other
sources of data include questionnaires for paresitdjngs, fellow students, and school
administrators. By design, the Add Health survegluded a sample stratified by region,
urbanicity, school type, ethnic mix, and sfZe.

Over 20,000 individuals completed the full, Wavesutvey. However, because we are
interested primarily in post-high school outcomes, drop the 6,000 students who were not in
grades 9-12 (grades 10-12 for three year high $shooiring Wave 1 and approximately 80
additional students who report still being in hegihool during Wave 3. The remaining students
range from 20 to 24 years old at the time of thev®/& survey. In addition, we drop
approximately 4,500 individuals who were not follkdvthrough Wave 3, and, because our
identification strategy depends upon having mutiglohorts within schools, we drop 500
students who are in schools that do not have ™ 1" and 12 grade. Finally, we drop
approximately 150 students who did not identifyntiselves as either white, black, Hispanic, or
Asian and 60 students in grades with fewer tharsdiple students. The samples restrictions
leave an analysis sample of approximately 9,50@destis in 75 high schools, although the
sample varies slightly by the outcome of interest.

Among these various sample edits, the approximadeb00 individuals who were
dropped because they were not followed through Waaaee of particular concern. If within-
school variation in cohort composition is systecwlly related to the probability of non-
response in Wave 3, then our estimates of theteftgacohort composition could be biased. To

test this possibility, we regressed an indicatowbé&ther or not a student was followed through

12 5ee Udry 2003 for full description of the Add Héealata set.
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Wave 3 on our cohort composition measures, thefsaintrol variables described below, school
fixed effects, and school specific trends. Theultesindicate that the cohort composition
measures are not related to probability of noneesp in Wave 3, and thus, dropping non-
responders should not introduce any bias into fiactestimates.

We create our cohort-level variables by using tems from the in-school sample of Add
Health at Wave 1. The in-school survey was adr@resl to over 90,000 students and asked a
limited amount of information, including race/etbity and maternal education, for (in principle)
a census of students in each sampled school. f@dtigre of the Add Health allows us to reduce
the error in our aggregate measures of classmatradieristics.

Table 1 provides descriptive statistics for alltloé variables that we use in the analyses
that follow. The variables include those we use catcome measures, our key cohort
composition variables, a set of baseline contrb tnclude grade fixed effects and student
attributes directly related to the cohort variapkes extended set of controls that are unlikely to
be influenced by school experiences plus a tesesa®a measure of ability and an additional set
of family variables. Table 2 provides means arohé&rd deviations for the outcome variables
and our cohort composition variables for differeatial groups and for groups defined by the
level of mother’s education.

Black students, Hispanic students, and studeritslaiver levels of parental education do
worse on several outcome measures. Each havedjatigh dropout rates, low rates of college
attendance, low test score levels and high ratedlefiess. Black and Hispanic students also
attend schools with relatively high percentagesnofority students, and Hispanic students and
students with lower levels of parental educatiderat schools with low percentages of college

educated mothers. The key task of the analysé$ath@w is to determine whether any of these

11



relatively poor outcomes of students from disadagetl groups might be attributed to the

relatively high share of their classmates who deelbor Hispanic or whose mother’s lack a

college education. White students, for their pamrg more likely to report that they smoke, use
marijuana and binge drink than are other groupd,va@ are also interested in whether any of
those differences might be attributed to the grdupamics fostered by a higher percentage of
white classmates.

V. ldentification Strategy

To avoid issues of selection across schools andsdtate the effect of classmate
characteristics from other aspects of school quadir identification strategy relies on variation
across cohorts within schools. To implement thistegy we estimate regressions of the
following form:

Yie =0+ B+ O,C+ X 0+ PP + P + 6

YIS an outcome measure for individual i from scheand cohort cyr is cohort or grade
specific effect; 5,is a school fixed effectd.c is a school-specific time or cohort trend where
takes the value of O for the oldest cohort andeiases by 1 for each successive colok;, is a
vector of student level covariateB; is the percent of students in school s and caherith a
college educated motheR) is the percent of students in school s and caherho are either
black or Hispanic; and,, is a random error term which might be correlatedsg observations

from the same schodt.

13 All students are observed at the same pointsrig,tso referring to these are school-specific dofograde
trends is more accurate than referring to thenmas trends. However, in studies that use admatist data
variation across cohorts is often referred as tiariavithin schools over time, and so we use the tevyms
interchangeably.

1 Thus, for all our regressions we compute standenats that are robust to any type of clusterinthinischools.

12



We examine several different outcome measuresdima whether or not the individual
has dropped out of high school, has attended @llisgidle (i.e. neither working nor attending
school), uses cigarettes, uses marijuana or engadpsge drinking. Each of these variables is
measured using Wave 3 of the Add Health and thpiesent post-high school outcomes. We
also examine the individual’s post-high school P8t score as a measure of cognitive ability
and indicators of cigarette use, marijuana uses landge drinking from Wave 1 when the
individuals are still in high school.

Students from different cohorts are in differerddges during the initial wave of the Add

Health, and thus we include a cohort specific ¢ffec, to control for these differences in age
during the initial Wave 1 interview. Including sxdi fixed effectss,, ensures the estimation of

classmate effects is based on comparisons acrdsstsowithin a school, and controls for
unobserved differences in average student chaistateracross schools as well as for aspects of
school quality that are constant across cohortsinva school.

Although school fixed effects provide powerful tais for selection across schools,
differences in peer characteristics across coheitiin a school might be systematically
correlated with unobserved variables that affe¢tiem@ment. Schools that show systematic
trends in peer characteristics are of particularceon. For instance, parents might be able to
discern when the share minority in a school iseasmg over time, and as a result, students from
older cohorts who select into the school mightetifih systematic, but unobserved ways from
students in younger cohorts. Similarly, the qyadit teachers who can be attracted and retained

to teach younger cohorts might differ from thoseovelan be attracted and retained to teach the

!5 The Add Health Picture Vocabulary Test (AHPVT)gisomputerized, abridged version of the Peaboduufic
Vocabulary Test-Revised (PPVT-R). The AHPVT isst &f hearing vocabulary, designed for persons 2ge@ to

40 years old who can see and hear reasonably nelivdao understand standard English to some degjreetest
scores are standardized by age. Some psycholagistpret PVT scores as a measure of verbal Kforination on

the test is provided online at http://www.cpc.udcprojects/addhealth/files/w3cdbk/w3doc.zip.

13



older cohorts. In either case, unobserved diffegenin student and teacher quality across
cohorts within the same school could be correlatgt differences in the share minority, and
would confound estimates of the effect of shareamiiy on outcomes. To address this concern

we control for school specific linear trend§,c. As a result our effect estimates are based on

the correlation between deviations from the schspécific trend in a cohort's student
composition and deviations from school specifiati®in student outcomes.

The cohort fixed effects together with the schemécific linear trends also help address
another problem created by the structure of oua.d&tnlike school administrative data, we do
not observe multiple cohorts passing through tineesgrade, but rather observe all cohorts at the
same time in different grades. Therefore, we ctmenglicitly control for school-grade fixed
effects, and systematic changes in cohort variabt@ess grades might be correlated with
differences in outcomes across grades. For exam@btause minorities and those whose parents
have less education are more likely to drop outetone between grades 9 and 12, the cohorts
that are in later grades during Wave 1 will haverdp percentages of minority and higher
percentages of students with college educated mwotiwan cohorts in earlier grades during
Wave 1. Also, because the least motivated studemetsmore likely to dropout as they age,
students in the later grades during Wave 1 mighdyiséematically different than students in the
earlier grades on unobserved characteristics tiflaence outcomes. The average effect of any
systematic, unobserved differences between olderrt®and younger cohorts that arise because
of this type of attrition will be controlled for bhe cohort fixed effects. Because the effects of
dropouts on cohort composition and on unobservedesit characteristics are likely to be larger
in some schools than others, however, cohort figielcts may not be sufficient to eliminate

potential biases. If we assume, however, thatefifects of dropouts or other grade specific

14



effects on cohort composition and on unobservedestlicharacteristics are approximately linear
in grades in most schools, then school specifitdsevill break any correlation between the two
variables, and thus minimize any potential bias®ghile this limitation of our data requires
more assumptions than traditional applicationshef ¢tohort approach, it does not impact the
validity of our diagnostics for instrument exogeageiand therefore simply requires us to lean
more heavily on those diagnostics.

Deviations from school trends in student compositwhich are difficult for parents and
students to predict, are unlikely to influence theégcision to attend a school, and thus, such
deviations from trend are arguably idiosyncrationetheless, race and parents’ education are
likely to be correlated with several other factdhat influence outcomes. Thus, even if
deviations from school trends in cohort compositeme truly idiosyncratic, the students in
cohorts with higher than predicted percentages iobrity students or college educated parents
will differ from students in other cohorts in sysigtic and potentially important ways.
Including individual controls for race and parerdueation will prevent these systematic
differences from confounding our effect estimatédso, even if deviations from school trends
in student composition do not influence a studemtisal decision to attend a school, students
might systematically opt out of a school that thiyd unsatisfactory after their initial
experience, potentially introducing a source ofttedi variable bias into our school trend model.
Thus, we include a full set of controls for indival student characteristics measured during

Wave 1, x... To ensure that our results do not hinge on juslgm about which individual

controls to include, we estimate models with tidierent specifications of. .

15



Our baseline model only includes controls for thdividual students variables directly
related to the school cohort variables: race/ettylf and years of education for the parent who
responded to the parent sunf8yA second set of models include additional costfol clearly
exogenous student characteristics including geratpr, whether or not the responding parent
reports being born in the U.S., number of yearsfémily has lived in the U.S% a dummy
variable indicating whether the parent informatwas reported or imputed, plus the student’s
PVT test score during Wave 1 which, while potehtiaifluenced by cohort composition, is our
best available proxy for a student’s underlyingritige ability.® A third set of models adds an
extended set of family background variables ineigdiog of family income, a single parent
family indicator, an indicator of whether or nostadent lives with both biological parents, the
number of older siblings, and indicators of whetther student reports having discussed school
or grades with a parent in the last month, whetrer of the student’s parents report being a
member of a parent/teacher organization, and whétieeresponding parent reports that he/she
or the student’s other biological parent has altisho All these variables are measured during

Wave 1. These variables provide powerful protectgainst any potential omitted variables

' We include mutually exclusive and exhaustive oatieg of race and ethnicity, including non-Hispanihite,
non-Hispanic black, Hispanic, and Asian. Studevit® reported being multirace were designated askhifathe
races were white and black, and designated as Adiam races were Asian and white.

" vears of education of survey respondent is usedesit is our most error free measure of parerdaication
levels. In principle, we might have included dumrariables for mother’s educational attainment pelrag the
construction of the mother’'s education cohort y@da Models controlling for those variables insted parental
education yield results that are very similar te éstimates presented in the paper.

18 As reported by the student, the variable is setiketp the age of the parent if the student was bothe U.S.

19 with the exception of the model for Wave 3 tesirss (where estimates are insignificant anyway) es$timates
on cohort variables are nearly identical whethenairthe set of controls for student attributedudes Wave 1 test
scores. While including test score has no substamifects on our estimates, in principle, inclgdthis variable
changes the interpretation of our estimates siighilhe baseline models can be interpreted as &stigithe total
effect of changes in classmate characteristics dpatate through dynamics that vary across cohwittin the
school. The models that include the Wave 1 testesgive us estimates of the effects of classmiadeacteristics
that operate through dynamics that vary acrossrt®mathin a school and independently of any effemt cognitive
development through Wave 1.
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bias. Many of them, however, might be influencgdabstudent’s experiences in school and by
the student’s behavior, and thus we do not incthden in our baseline models.
Our variables of interest are measures of stuckemiposition for each cohort within each

school. We focus on the percent disadvantaged ritypnevhich is the percent black plus the

percent Hispanic, in the school specific cohdt}; , and the percent of students in the cohort

who have a college educated moth@f,. The racial composition of schools has been difga

policy concern dating back to the Supreme Cousdisdimark ruling in Brown v. Board of
Education (1954), and much of the literature oneffects of student composition has focused
on racial compositiof? It is also important, however, to focus on segtiem by other family
background characteristics, and particularly palestiucation. Evidence from a wide range of
school choice programs indicates that students &pagents have higher levels of education are
more likely than other parents to use expanded dictgp options to avoid schools with
concentrations of disadvantaged students and tendattschools with higher levels of
achievement. Thus, the growth of student assighmaicies that emphasize parental choice is
likely to increase stratification of schools byééwv of parental education. Also, it is importamt t
distinguish the effects of racial composition frafass composition because policies to decrease
segregation by class will not necessarily decreageegation by race, and vice-versa.

As mentioned above, some of the mechanisms thradmgth student composition might
influence individual outcomes are constant acrasisods within schools. For instance, a
school’s ability to garner resources is likely t® tletermined largely by the composition of the

school as a whole and may not vary across cohoittinwthe school. Similarly, teacher

2 We also ran models that use percent black ratt@r percent black or Hispanic. In most casesgettinated
effects of percent black were similar to the estedaeffects of percent black or Hispanic. An intpat exception
for models predicting marijuana use in high schealoted below.
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expectations and motivation might be influencedmasch by the composition of preceding
cohorts as by the composition of the current cohoBy relying on within school variation in
cohort composition, however, our estimates willsrasy effect that the student composition of
the school as a whole has on student outcomes.s, Mml will interpret our estimates as the
effects of cohort composition that operate throtigh mechanisms of cohort specific group
dynamics, holding other aspects of school qualdgstant. It is important to realize that this
effect may be only part of the total effect that@al composition has on student outcomes.

In order to interpret our estimates as the effé@soperate through cohort specific group
dynamics, the variation in cohort composition ths use to derive our estimates must be
uncorrelated with other aspects of school quakigted to teachers, resources or other factors
within schools. School fixed effects and trendsutt ensure that this condition is met. To
verify this assumption, we run a placebo test facheof our regressions. Following Hoxby
(2000b), our placebo test replaces the measuretudent composition for student i's actual
cohort with the same measures for a randomly salepbunger or older cohort from the same
school. The composition of a cohort other thartualent’'s own should not have any causal
effect on the student. Thus, if controlling foheol fixed effects and trends successfully breaks
the correlation between the composition of a sttideohort and other aspects of school quality,
then the composition of other cohorts in the sao®al should not show any effect on student
outcomes in these placebo regressfons.

V. Evidence on the I dentification Strategy
As Lavy and Schlosser (2007) point out in a Eimanalysis of gender composition

effects, the success of our identification strateggts on two things. First, in order to obtain

% This placebo test also helps to diagnose smalpkabias. Our data consists of 75 schools with éminorts each,
and we use two degrees of freedom per school imast school specific trends. If we have any itssditiven by
small sample bias, these should show up in theeptacegressions as well.
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precise estimates, we need sufficient variationour cohort composition measures after

controlling for school fixed effects and trendsec8nd, in order to make causal interpretations of
our effect estimates plausible, deviations fromostispecific trends in student composition must

be uncorrelated with differences in student charetics across cohorts. In this section we
investigate whether or not these conditions are met

Table 3 examines the extent of variation in coleorhposition that is left after removing
school fixed effects and trends. As we would expewst of the variation in our student
composition measures is across schools rather whnin schools. Removing school fixed
effects and trends reduces the standard deviaiorthie percent of students with college
educated mothers by nearly 80 percent and the atartkviation in percent black or Hispanic
by more than 90 percent. Thus, our effect estismate based on small, marginal changes in
student composition, and cannot tell us about tfexts of moving an individual student across
schools with very different student compositions.

Table 3 does, however, suggest that we have muftigariation to estimate the effects of
small changes in cohort composition with reasongbéeision. The precision of our estimates
depends on our sample size and on the absoluteitondgof the variation we use. The variation
in our data in the percent of mothers with collegel the percent black or Hispanic after
removing school fixed effects and trends is 20 @op&rcent greater than the within school
variation in gender composition reported by Lavy échlosser (2007), which was enough
variation for those authors to obtain statisticalgnificant estimates of gender composition
effects. It is fortunate that we have greater iwitbchool variation in our student composition
measures than Lavy and Schlosser, because ouhaat@ughly one-third as many schools and

thus fewer school-specific-cohorts than they dactvineduces the precision of our estimates.
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Our identification strategy assumes that variatiostudent composition across cohorts
within a school is generated randomly. To test thiaethe amount of variation observed in
Table 3 is consistent with random assignment alestts across school specific cohorts we ran a
series of simulations. In each simulation, we camly match students in our sample to the
school and grade specific slots in our sample,umedthe resulting distribution of students across
schools and cohorts to compute standard deviatmribe cohort composition variables. Across
50 simulations of this kind, the average standadadion for percent of students with college
educated mothers in the same school and cohor0was and for percent of black or Hispanic
the average standard deviation was 0.025, whiclyaite similar to the standard deviations of
0.031 and 0.025 reported in Tablé?3These results indicate that the amount of vanagicross
cohorts within schools that we observe in our sanphuite consistent with random assignment
of students.

Further, any systematic selection process that tmggnerate variation in cohort
composition measures would be expected to haveasieffects on the percent minority and the
percent of students with college educated mothdisus, variation across schools in race and
parent education are often highly correlated. @hentification strategy, however, assumes
exogenous variation in student composition acro$®its within a school, after controlling for
school specific trends. Thus, we expect the \vanatn percent of students with college
educated parents and the variation in the perdaoklor Hispanic isolated by our regressions to
be uncorrelated. Therefore, the correlation betwtbe residuals of our two cohort composition

measures, after removing school fixed effects aewlds, provides another, informal test of our

%2 The standard deviation around the mean standaddtiten for percent with college educated motheas @.002
and for percent minority was 0.001 placing the alkcstandard deviations well within the 95% confidemtervals.
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key identifying assumption. The correlation betwégese residuals is -0.01, which confirms the
expectations associated with exogenous cohortti@ria

Another informal test of our key identifying assurop can be conducted by checking
whether deviations from school specific trendsun @aohort composition measures are correlated
with deviations from school specific trends for ariety of student background characteristics
(balancing tests). If these deviations are untated, the analysis supports the premise that
school trends capture any systematic selection {dueither sorting or attrition) on student
observables. Further, if one uses the degreel@ttsmn on observables as a guide to the degree
of selection on unobservables as suggested by jAltider and Tabor (2005), null results on
the balancing tests would support the assumptianatr model specification identifies variation
in cohort composition unrelated to unobservablas dietermine student outconfés.

We performed this check by regressing differentieht background characteristics on
our measures of cohort composition controlling ¢ohort fixed effects, school fixed effects,
school trends, the student’s race and the eductgia of the student’s mother. If deviations
from school trends in parent education levels andent composition are truly idiosyncratic,
then once we control for the student’'s own race paueent’'s education level, any correlation
between deviations from school trends in the cobomposition variables and deviations from
school trends in other student background chatiatitsr should be removed.

Table 4 presents the results of these balancists.te The results of 11 separate
regressions and a total of 22 coefficient estimaes presented. In the absence of any
systematic selection of students, we would expect to three of these coefficients to be

significantly different than zero at the 0.10 cdefice level and one to be statistically significant

2 Similar logic has been used in recent studiesafhiborhood effects by Grinblatt, Keloharju, andHkimo
(2008) and Bayer, Ross, and Topa (In press) thairdent no sorting on unobservables over space tiamali on
their models.
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at the 0.05 level due merely to chance. On thelevtiee results from our t-tests are equivocal.
Four coefficients are significantly different thaaro at the 0.10 level, which is more than we
would expect, but none are significantly differénoim zero at the 0.05 level, which is less than
we would expect. Tests using t-statistics from Hame regression, however, are not
independent. More telling are F-tests for the tj@iignificance of the two cohort variables in
each regression. Only one of the eleven F-stadiséiported is significantly different than zero at
the 10 percent level and that one has a p-valuedlese to 0.10. One rejection of the null at the
0.10 level in eleven tests is just what we woulgext if the variation of cohort composition
measures were in fact idiosyncratic. The baland¢ewgs, then, provide general evidence that
school specific trends are sufficient to isolateat#gon in cohort composition that is unrelated to
student observables, and thus, there is littleoeds suspect that differences in unobserved
student characteristics across cohorts within addwre biasing our effect estimates.

Despite our appeal to type | error, one mightdrecerned about the specific rejections of
the null hypothesis in our balancing tests. Tdrass this concern we estimate models with and
without the variables examined in the balancing. tééhe first specification includes only the
covariates also used as controls in our balanests tthe second specification adds a substantial
number of controls including three of the contrtiat fail the balancing test at the 0.10 level,
and the third specification includes all remaintwyariates including one additional variable
that failed the balancing tests. If our identifioa strategy is working, adding these control
variables should have no influence on the estimatefficients for our cohort composition
variables. Again following the intuition behindtahji, Elder and Tabor (2005), the impact of

including observable student attributes on peegceféstimates likely provide a good indication
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of the potential bias from unobservables, and salding observable controls has little impact on
estimates it is reasonable to presume that thditdesbias from student unobservables.
VI. Primary Results

Table 5 presents estimates of the effects of @inod composition variables on ten
different outcomes. All of the estimates presentedable 5 are from regressions that include
controls for cohort fixed effects, school fixedefts, and school trends. For each outcome, we
present estimates from regressions that includedbkeline set of student covariates listed above,
the baseline set of covariates plus extended catearithat include the Wave 1 PVT test score,
and the extended set of covariates plus a set diti@hl family background controls. The
estimates on our cohort composition variables amgegstable across each specification of
student covariates. The robustness of our estanaith respect to choice of student covariates
provides additional support for the results oflaéancing tests presented in Table 4.

As seen in Table 5, the percent of students ircdi®rt with a college educated mother
shows significant effects on the decisions to dvopof high school, to attend college, to smoke
during high school, and to use marijuana post-Bigfftool. Most would consider the direction of
these significant effects desirable. The poininesties imply that a 1 percentage point increase
in the percent of students whose parents are ebegcated is associated with a decrease in the
likelihood of dropping out of about 0.3 percentgm@nts, an increase in the likelihood of
attending college of between 0.4 to 0.5 percentagets, and decreases in the likelihoods of
smoking during high school and of using marijuaftarahigh school of about 0.4 percentage

points each?

% We also estimated alternative versions of thegeessions using the average years of mother’s édnda the

cohort instead of percent of students with a celleducated mother. For all of our findings, thexpestimates on
this variable were in the same direction and inthé&ects of a similar magnitude as the coefficiemtpercent with
college educated mothers. However, the levelaifssical significance fell for drop-out and coléegttendance. In
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To help think about the magnitude of these eféstimates, we can estimate how much
reducing disparities in exposure to classmates witlege educated mothers would reduce
disparities in dropout and college attendance ralée figures in Table 2 indicate that the
percent of college educated mothers among thenskiss of students whose own parents are
college graduates is 11.1 percentage points hitpaerthat of students whose own mothers have
no college experience. Also, among individualoour sample, those whose own parents are
college educated are 12.3 percentage points lesly o drop out of high school than students
whose mothers do not have any college. The effganates in Table 5 imply that reducing the
gap in exposure to classmates with college eduaatatthers by half (5.5 percentage points),
would decrease the gap in dropout rates nearlyetdept (from 12.3 to 10.6 percentage points).
Similar calculations indicate that reducing the gapexposure to classmates with college
educated mothers by half, would decrease the gamliege attendance between individuals
whose own parents are college graduates and indildvhose own parents have no college by
nearly 7 percent (from 34.7 to 32.2 percentagetppin

Higher shares of students who are black or Higpania cohort are associated with a
greater likelihood of using marijuana in high schaond a smaller likelihood of binge drinking
after high school. A one percentage point increagbhe percent minority is associated with an
increase in the likelihood of using marijuana dgrimgh school of about 0.4 percentage points
and a decrease in binge drinking after high sclbdaohore than 0.5 percentage points. That
increases in the percent minority increase marguase is somewhat surprising given that black
students are less likely than whites to report guisimarijuana in high school (see Table 2).

Hispanic students, however, report a higher ratmafijuana use than other groups during the

addition, higher average years of mother's edunatioassociated with significantly lower likelihoaf using
marijuana in high school while the estimates basegercent of college educated mothers are smdlstatistically
insignificant on this outcome.
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high school years, and when we estimate the etfegtercent black and percent Hispanic in
separate regressions, we find that the estimatedte$ more than three times larger for percent
Hispanic than for percent black, and is only sigalfit for percent Hispanic (results not shown).
Just as noteworthy as these significant effectsulrstance use, the estimated effects of minority
share on educational attainment, post-high schest scores, and idleness are small and
statistically insignificant.

In general, then, the results in Table 5 sugdest the percent of classmates whose
mother’s are college educated can have signifieffiects on educational attainment, and both
percent of college educated mothers and the shHarkassmates who are black or Hispanic can
have significant effects on substance use. Hidbeeels of parent education among one’s
classmates generally have desirable effects, wigleer levels of minorities have mixed effects.
Interestingly, the level of parental education me@ cohort has no lasting influence on cognitive
development as indicated by the PVT test score,thns, the potentially important effects of
school cohort composition on individuals would béssed by studies focused solely on test
score measures.

Table 6 presents the results of our placebo tegigsh are coefficient estimates from
regressions that replace the actual cohort comgpositneasures for a student with the
composition measures for another randomly selectddrt in the same school. Across the 10
outcomes, 30 regressions and 60 coefficient estgratesented in Table 5, only two coefficients
are significantly different than zero at the 0.20dl or lower, only one of these is significant at
the 0.05 level, well less than the number of sigaiit coefficients that we would expect to
emerge by chance. Both significant coefficients @n the percent black plus percent Hispanic

variable in models that have post-high school bidgeking as the outcome. Therefore, with
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two cohort variables and ten outcomes, significaordg occurs for one variable on one outcome
with the finding ranging between insignificant asignificant at the 0.05 level across the three
specifications. These results stand in stark eshtwith the causal estimates in Table 5 where
out of 10 outcome variables the estimated effemtswo different outcomes are significant near
or above the 0.01 level across the three specditsit estimated effects on three additional
outcomes are significant at the 0.05 level, andmeséd effects on one more outcome is
significant at the 0.10 level.

The negative and statistically significant coe#itis on percent black plus percent
Hispanic in the post-high school binge drinkinggelao regressions is not unexpected. Recall
that the variables in the regressions in TablestbGare deviations from school specific trends,
and thus, since we cannot randomly assign a cabatself, we expect a negative correlation
between the actual cohort composition measuresiasgable 5 and the cohort compositions of
randomly selected different cohorts from the sawmi®sl used in Table 6. This correlation
combined with the strong, positive relationshipwesdn the percent black or Hispanic in the
student’s actual cohort and post-high school buhgeking (see last row of Table 5) is the most
likely explanation for the smaller, negative coa#nt with marginal statistical significance in
our placebo regressidn. Overall, then, the results in Table 6 providesty evidence that the
estimated effects of the actual cohort compositiasures presented in Table 5 are not biased
by selection across schools or omitted school cheratics.

By definition, exceptionally large deviations frasohool trends are unlikely to arise by

chance, and one might suspect that non-randomréathat cause large changes in cohort

% Bayer, Ross, and Topa (2008) find a similar ssathple bias whey then test whether block averagbuies
correlate with the attributes of individual resitiehecause each individual is excluded from catimraof the block
means for their own block. Bayer, Ross, and Tdgain consistent estimates of the correlation lmggang only
one person from each block, but they have thousahbecks in their sample. In our applicatioristhtrategy
would provide a placebo test with very low powee do the smaller number of within school cohorts.
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compositions within a school can simultaneouslyseathanges in the unobserved characteristics
of students in the school. For instance, if theridit a school is located in adopts a school @oic
program sometime between when the twelfth gradeigfee ninth graders in our sample entered
high school, that could simultaneously cause diffees in student composition and unobserved
student “quality” across cohorts within a schodio test the sensitivity of our results to the
inclusion of cases with large deviations of indiadlcohort compositions from school trends, we
identified cases of large deviations, dropped thieom our sample, and reestimated our
regressions. The results from these alternatigeessions were very similar to the results in
Table 5%
VII. Results by Subgroups

In this section we examine whether the effectscolfiort composition vary across
racial/ethnic groups, groups based on mother’s a&dutg and student gender. Admittedly, the
estimates based on these subsamples are fairly. nicaging the results presented in Tables 7
through 9 as a whole, we find four rejections &t Shpercent level or better and a total of eight
rejections at the 10 percent level or better out@ftests. We would expect three and six
rejections at the 5 percent and 10 percent levelspectively, based just on type | error.
Therefore, these findings should be interpretesuggestive.

First, we estimated our regression models sepgrtte black students, white students,

Hispanic students, and Asian studefitsThe results of these regressions are present€dhite

26 Specifically, we regressed the student’s cohortmasition measures on a set of school fixed effaents trends,
and if the residual from this regression for aipatar observation was more than three times thedstrd deviation
of all such residuals, we dropped that observati@enerally, the significant effect estimates Ineealightly larger
and slightly less precise when cases of large temmwere dropped. In no cases, did the restilitsference tests
change.

%" Differences in the effects of marginal changestiment composition across different types of sth@also
potentially interesting. However, with only 75 edls in our sample and relatively small amounts/afiation
across cohorts within schools, the power we hawdigiinguish differences in effects across schgpés is limited.
We did run estimates in which we split the sampld&alf and into thirds based on the percent ofegaleducated
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7. These results are from models with the cohamposition variables entered singly, and thus
each coefficient reported in Table 7 is from a saf@aregression. Each regression includes
controls for cohort fixed effects, school fixedezfts, and school trends as well as the full set of
individual and family covariate$. The last column presents the results of a Walt far the
joint null hypotheses that the coefficients areatql

As indicated in the top panel of Table 7, thie@t of cohort composition on the decision
to drop out vary considerably across ethnic anakgcoups. On average, across all groups, the
level of parent education among one’s classmatesahaegative, statistically significant effect
on the likelihood of dropping out (see Table 5h Tlable 7, we see that this negative effect is
driven by moderate effects on whites and largecteffen Hispanic students, and the Wald test
rejects equality at nearly the 1 percent level.e Point estimates in the top panel of Table 7
indicate that a 1.0 point increase in the percdnstodents with a college educated mother
reduces dropout rates among Hispanics by nearlypéréentage points, much more than for
white and Asian students. This result is imporganen the high dropout rates among Hispanics

While just missing statistical significance at th@ percent level, differences in the
effects of cohort racial composition on the dropmates are sizable and potentially important.
While an increase in the percent black or Hispaldes not have a significant effect on the
likelihood of dropping out on average, a 1.0 petdearease in the percent minority increases
the likelihood of dropping out among black studdmys0.8 percentage points, a result which is

substantively large and statistically significanThis result is consistent with findings from

mothers or percent disadvantaged minority in theost Given the imprecision of our estimates, hesve we
typically could not reject the null hypotheses ofdifferences in effects across schools.

%8 Because our identification strategy successfuilyirates any correlation between percent withemel educated
mothers and percent black or Hispanic, enteringttie variables jointly or singly provides very slari results.
Using different specifications of the student casias also did not substantially change the estidhaffects.

2 We ran placebo tests for each separate samplg tigrsame procedure that we used for the pooleglea The
placebo regressions confirm that that the estimaffstts of the actual cohort composition measpresented in
Tables 8 and 9 are not biased by omitted schoahcleristics.
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Guryan (2004) that desegregation efforts in theOXddecreased drop rates among African
Americans®® The estimated impact of exposure to minoritiesHispanic drop out rates is
statistically insignificant, but the magnitude bkteffect is similar to the substantial negative
effect on black students while literally no effecbbserved for whites or Asians.

The estimated effects of classmate characteristicsmoking and marijuana use also
vary significantly across racial/ethnic groups. gkneral these differences highlight the fact that
even when classmate composition measures do net ahyp effects on average, they can have
significant effects on subgroups. For instancéjoaigh an increase in the percent black or
Hispanic does not have significant effects on smgkon average (see Table 5), it does
significantly decrease the likelihood of post-higthool smoking among Asians. In general,
however, while the effects of peers on smoking aratijuana use appear to be concentrated
among Asians and Hispanics, the differences acgyssips in the effects of classmate
composition on these outcomes are difficult to akpl

We also estimated the same set of regressionernegsin Table 7 for four different
groups defined by the mother’s level of educatidrhe results are presented in Table 8. The
only statistically significant differences in eftecbetween groups is that an increase in the
percent of students with college educated motheneases rates of idleness of students whose
own mothers do not have a college education ancedses rates of idleness among those whose
mothers have at least some college. Perhaps, mbenof their classmates come from educated

families, an accelerated pace of instruction ofialifties competing academically discourage

%0 Guryan reports that implementation of desegregatlans in the 1970s increased black exposure i@svan
average of 15 points and estimates that theseteflecreased black dropout rates 2 to 3 perceptaiges. The
estimate in Table 7 implies that a 15 percent im®edn black exposure to whites would decreasé loleapout rates
several times more than Guryan estimates. Thenatgiin Table 7, however, is fairly imprecise. Fmtance, the
hypothesis that a 15 percent increase in exposumites would reduce black dropout rates by 2 graris well
within the 95 percent confidence interval of théreate in Table 7. Also, given that our estimaies based on
relatively small changes in percent minority, potidg the impacts of a 15 percent increase in exgoequires
extrapolation well beyond the variation availableur data.
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children with less educated parents, underminingir titognitive development or their
aspirations.

Finally, Table 9 presents the results from estimgabur models separately for males and
females. The upper portion of Table 9 indicated #ffects of classmates are stronger for males
than for females. The estimated effect of a changee percent of classmates with college
educated mothers on dropouts is three times as fargnales as for females and the estimated
effect on college attendance is 16 times as laogenfales as for females. Only the latter
difference is statistically significant. Perhaps most interesting result in Table 9 concerns the
effect of percent black or Hispanic on post-highat idleness. The estimates from Table 5
indicate that on average changes in the percediastmates who are black or Hispanic has no
influence on rates of idleness. Here we see, hekyehat the effect of black or Hispanic
classmates on the idleness rates for males isfisgmtly different both from the effect on
females and from zero. The exceptionally high grudving rates of idleness among black males
is a growing policy concern (Edelman, Holzer, anfin€, 2006; Mincy, 2006). Thus, the
finding that increasing the percentage of minocigssmates can significantly affect the rates of
idleness among males is potentially important.

Table 9 also indicates that increases in the perakeclassmates with college educated
mothers significantly increases post-high schoabldng among females. This result suggests
that while classmates may be more influential inedeining educational attainment and
employment outcomes for males than for femalesafesnmight be more susceptible to the
influence of classmates than are males when it soimeother kinds of choices. Also, this
finding suggests that the influence of classmatiéls eollege educated parents is not universally

positive.

30



VIII. Conclusions

Our analyses use data from the Add-Health to egtintae effects of classmate
characteristics on a range of student choices amcbmes. The unique structure of the Add-
Health allows us to estimate these effects usimgpawisons across cohorts within schools, and
to examine a wider range of outcomes than othedietuthat have used this identification
strategy.

We find evidence that classmate characteristicsnddter for potentially important
individual outcomes. Most importantly, we find thatreases in the percent of students with a
college educated mother in one’s cohort have skdesarable affects on individual outcomes.
Specifically, higher levels of parent education agone’s classmates is associated with higher
rates of college attendance and lower rates ofpiingpout of high school, smoking in high
school and using marijuana after high school. Adslulitional analyses suggest that increases in
the average education level of classmates’ pamasigts in substantial reductions in dropout
rates among Hispanic students and more moderatetreds among whites. These are effects
that would have been missed by studies focusirgjysoh test scores as outcome measures.

We do not find much evidence that the share afesits from disadvantaged minority
groups negatively affects student outcomes, onageer An increase in the percent of black or
Hispanic classmates does increase the likelihoagioig marijuana in high school, but not post-
high school, and actually decreases rates of bingegking post-high school. The percent of
minority classmates might, however, have imporédfgcts for subgroups of students. Although
the statistical evidence is weak, increases irpdreent black or Hispanic appear associated with
an increase dropout rates among black studentso, Aln increase in the percent black or

Hispanic classmates significantly increases rat@®st-high school idleness among males.
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The primary policy implication of these findings ithat programs that decrease
stratification across schools by parent educatienlikely to decrease disparities in educational
attainment. Likewise, programs that increaseifitration of this kind, including many types of
school choice programs, are likely to exacerbasgpatities in educational attainment. Our
findings also suggest that programs that decrdaseasblation of black students may help to
decrease dropout rates among black students ameladecrates of idleness among black males.

A crucial caveat to all our findings is that owstimates only capture the effects of
classmate characteristics that operate througmtehanisms we have referred to collectively as
group dynamics. Any effects that operate through 4chool’s ability to attract resources are
missed. Also, any effects of student compositioat toperate schoolwide, such as, perhaps,
effects on teacher expectations, are not captuyeduip estimates. Thus, our results might
underestimate the total effect of classmate charatts on individual outcomes. Nonetheless,
our results provide evidence that classmate chaatits may well play a role in explaining
disparities in outcomes across groups, and argaiepblicies that influence the grouping of
students into schools may, therefore, have impbdasts and benefits.
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Table 1. Sample Descriptives

Outcome Variables

Drop Out of High School

Attend College

Post High School Test Score
Idleness Post High School

High School Smoking

Post High School Smoking

High School Marijuana Use
Post High School Marijuana Use
High School Binge Drinking

Post High School Binge Drinking
Cohort Variables

Percent black or Hispanic in cohort
Percent with college educated mother in cohort

Baseline Controls
Black

Hispanic

Asian

Parent Education
Grade 10 Indicator
Grade 11 Indicator

Grade 12 Indicator
Extended Controls

Male

Age

Parent Age

Parent Native Born

Parent Years in US

Parent Information Missing
PVT Score

Additional Family Controls
Log Family Income

Single Parent

Live with Both Parents
Number Older Siblings
Talk about School with Parents
Parent Involvement
Parent Alcoholic

Standard
N Mean Deviation

9398 0.136 0.343
9043 0.586 0.493
9051 0.144 0.873
9052 0.130 0.336
9350 0.312 0.463
9361 0.338 0.473
9244 0.170 0.376
9371 0.211 0.408
9372 0.345 0.475
9356 0.517 0.500
9398 30.4 29.4

9398 28.8 14.0

9398 0.163 0.370
9398 0.119 0.323
9398 0.048 0.207
9398 13.62 2.27

9398 0.255 0.436
9398 0.239 0.426
9398 0.256 0.436
9398 0.505 0.500
9398 16.95 1.25

9398 42.59 5.82

9398 0.872 0.302
9398 35.70 13.09
9398 0.335 0.472
8953 0.180 0.926
9398 0.358 0.209
9398 0.264 0.405
9398 0.573 0.456
9385 0.834 1.179
9398 0.638 0.464
9398 0.310 0.426
9398 0.149 0.328
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Table 2: Student Outcomes and Cohort Composition, b

Attainment

y Race and Mother's Educational

Drop Out of High School

Attend College

Post High School Test Score
Idleness Post High School

High School Smoking

Post High School Smoking

High School Marijuana Use
Post High School Marijuana Use
High School Binge Drinking

Post High School Binge Drinking

Percent black or Hispanic in
cohort

Percent with college educated
mother in cohort

Sample Size

Drop Out of High School

Attend College

Post High School Test Score
Idleness Post High School

High School Smoking

Post High School Smoking

High School Marijuana Use
Post High School Marijuana Use
High School Binge Drinking

Post High School Binge Drinking

Percent black or Hispanic in
cohort

Percent with college educated
mother in cohort

Sample Size

White Students Black Students

Hispanic
Students

Asian Students

0.121 (0.326)
0.607 (0.488)
0.344 (0.682)
0.116 (0.320)
0.370 (0.483)
0.390 (0.488)
0.173 (0.379)
0.229 (0.420)
0.389 (0.487)
0.599 (0.490)

0.159 (0.366)
0.519 (0.500)
-0.399 (1.024)
0.194 (0.395)
0.155 (0.362)
0.204 (0.403)
0.160 (0.367)
0.181 (0.385)
0.200 (0.400)
0.253 (0.435)

0.206 (0.404)
0.489 (0.500)
-0.184 (1.103)
0.140 (0.347)
0.237 (0.425)
0.260 (0.439)
0.180 (0.384)
0.184 (0.387)
0.350 (0.477)
0.460 (0.498)

0.097 (0.296)
0.764 (0.425)
-0.028 (1.003)
0.100 (0.300)
0.202 (0.402)
0.254 (0.435)
0.132 (0.338)
0.131 (0.338)
0.211 (0.408)
0.390 (0.488)

17.0 (17.9) 62.6 (29.1) 57.9 (29.7) 41.7 (23.0)
28.5 (13.8) 29.6 (14.0) 26.4 (13.1) 37.2 (14.9)
4920 1921 1701 856
High School High School College

Drop-Out Graduate Some College Graduate

0.250 (0.433)
0.356 (0.479)
-0.297 (1.026)
0.185 (0.388)
0.290 (0.454)
0.295 (0.456)
0.160 (0.367)
0.147 (0.354)
0.333 (0.471)
0.377 (0.485)
44.0 (32.9)

23.4 (10.5)

1657

0.143 (0.350)
0.518 (0.500)
0.111 (0.793)
0.139 (0.346)
0.341 (0.474)
0.376 (0.484)
0.172 (0.378)
0.214 (0.410)
0.343 (0.475)
0.528 (0.499)
27.2 (28.0)

26.1 (11.8)

3083

0.127 (0.264)
0.620 (0.485)
0.240 (0.835)
0.126 (0.332)
0.317 (0.465)
0.347 (0.476)
0.179 (0.384)
0.229 (0.420)
0.373 (0.484)
0.528 (0.499)
28.1 (27.7)

29.1 (12.3)

2189

0.057 (0.232)
0.808 (0.394)
0.398 (0.792)
0.085 (0.278)
0.278 (0.448)
0.303 (0.460)
0.165 (0.371)
0.235 (0.424)
0.330 (0.470)
0.583 (0.493)
28.2 (28.1)

36.3 (17.2)

2469

Means and standard deviations in parentheses.
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Table 3: Variation in cohort composition measures after removing school fixed effects and trends.

Raw cohort variables

Full Sample N Mean Std Dev Min Max
Percent mothers with college 9384 0.302 0.139 0.000 0.877
Percent black or Hispanic 9398 0.377 0.312 0.000 1.000

Residuals after removing school fixed effects and trends

Full Sample Mean Std Dev Min Max
Percent mothers with college 9384 0.000 0.026 -0.159 0.143
Percent black or Hispanic 9398 0.000 0.030 -0.203 0.122
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Table 4: Balancing tests for cohort composition mea sures

% black or % with college F-
Dependent Variable Hispanic educated mother statistic
Male -0.431* (0.231)  -0.151 (0.200)  1.980
Age (in years) -0.120 (0.312)  -0.076 (0.273)  0.113
Parent's age (in years) -3.918 (4.012) 3.908* (2.044) 2.025
Parent born in the U.S. -0.174* (0.101)  -0.074 (0.085) 1.856
Missing parent information 0.260 (0.257) -0.105 (0.262) 0.675
PVT test score 9.923 (6.652) 0.668 (5.497) 1.123
Log of family income 0.095 (0.094) 0.139 (0.096) 1.655
Single parent family 0.396 (0.270) 0.007 (0.219) 1.117
Live w/both biological parents -0.218 (0.247) 0.442* (0.259) 2.396*
Number of older siblings -0.251 (0.638) -0.167 (0.398) 0.193
Parent alcoholism reported 0.039 (0.120) -0.113 (0.178) 0.322

The figures in each row are coefficients from regressions that include in addition
to the cohort composition measures controls for cohort fixed effects, school fixed
effects, school trends, the student's race, and the student's mother's years of
education. All variables are measured using Wave 1 of the Add Health. Figures
in parentheses are standard errors robust to clustering at school level. The F-
statistics is for the joint effect of percent black or Hispanic and percent with
college educated mothers. * designates significantly different from zero at 0.10 or
an F-Statistics greater than 2.303.
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Table 5. Estimated impacts of cohort composition o

n student outcomes

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

Baseline +
Extended
Baseline + Controls+

Baseline +
Extended
Baseline + Controls+

Baseline Extended Additional | Baseline Extended Additional
Controls  Controls Family Controls  Controls Family
Drop Out of High School Attend College
-0.327*  -0.312**  -0.299*** | 0.515* 0.504** 0.439**
(0.131) (0.106) (0.112) (0.223) (0.210) (0.189)
0.080 0.104 0.064 0.034 0.027 0.060
(0.188) (0.169) (0.166) (0.296) (0.273) (0.267)
Post High School Test Score Idleness Post High School
0.239 0.210 0.232 0.039 0.020 0.042
(0.322) (0.249) (0.257) (0.130) (0.136) (0.137)
0.591* 0.342 0.327 0.085 0.123 0.118
(0.334) (0.229) (0.222) (0.160) (0.147) (0.150)
High School Smoking Post High School Smoking
-0.452* -0.410 -0.399* 0.126 0.215 0.248
(0.259) (0.256) (0.235) (0.190) (0.196) (0.197)
0.128 0.159 0.136 0.311 0.295 0.269
(0.289) (0.279) (0.272) (0.250) (0.237) (0.237)
High School Marijuana Use Post High School Marijuana Use
-0.272 -0.240 -0.239 -0.474**  .0.435** -0.422**
(0.169) (0.179) (0.170) (0.166) (0.172) (0.169)
0.395** 0.428** 0.412** 0.267 0.254 0.218
(0.166) (0.173) (0.177) (0.195) (0.205) (0.204)
High School Binge Drinking Post High School Binge Drinking
-0.118 -0.184 -0.181 -0.205 -0.096 -0.116
(0.258) (0.261) (0.248) (0.213) (0.208) (0.209)
0.060 -0.069 -0.085 -0.452 -0.578** -0.599**
(0.265) (0.258) (0.251) (0.276) (0.291) (0.294)

All regressions include controls for cohort fixed effects, school fixed effects, and school trends as well as
the individual student covariates related to the cohort variables. Figures in parentheses are standard
errors robust to clustering at the school level. * designates significantly different from zero at 0.10, **
significantly different than zero at 0.05 level, and *** significantly different from zero at 0.01 level.
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Table 6: Results of Placebo Regressions

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

Baseline +
Extended
Baseline + Controls+

Baseline +
Extended
Baseline + Controls+

Baseline Extended Additional | Baseline Extended Additional
Controls  Controls Family Controls  Controls Family
Drop Out of High School Attend College
-0.043 -0.009 0.003 -0.153 -0.123 -0.144
(0.103) (0.103) (0.098) (0.164) (0.168) (0.146)
-0.068 -0.099 -0.091 -0.191 -0.110 -0.102
(0.085) (0.088) (0.087) (0.141) (0.128) (0.129)
Post High School Test Score Idleness Post High School
0.247 0.163 0.156 0.037 0.098 0.098
(0.336) (0.213) (0.213) (0.070) (0.072) (0.073)
-0.030 -0.126 -0.085 0.032 0.011 -0.002
(0.221) (0.192) (0.134) (0.080) (0.078) (0.078)
High School Smoking Post High School Smoking
-0.120 -0.133 -0.107 0.050 0.018 0.036
(0.172) (0.186) (0.172) (0.153) (0.151) (0.160)
0.022 0.050 0.047 -0.040 -0.004 -0.009
(0.163) (0.170) (0.167) (0.130) (0.143) (0.139)
High School Marijuana Use Post High School Marijuana Use
-0.036 -0.053 -0.043 -0.152 -0.135 -0.105
(0.1112) (0.120) (0.114) (0.159) (0.169) (0.166)
-0.062 -0.107 -0.105 -0.139 -0.121 -0.117
(0.103) (0.101) (0.103) (0.099) (0.105) (0.107)
High School Binge Drinking Post High School Binge Drinking
-0.103 -0.012 0.023 0.213 0.138 0.142
(0.199) (0.213) (0.192) (0.143) (0.163) (0.163)
-0.088 -0.034 -0.025 0.158 0.267* 0.285**
(0.158) (0.155) (0.158) (0.153) (0.137) (0.138)

All regressions include controls for cohort fixed effects, school fixed effects, and school trends as well as
the individual student covariates related to the cohort variables. Figures in parentheses are standard
errors robust to clustering at the school level. * designates significantly different from zero at 0.10, **
significantly different than zero at 0.05 level, and *** significantly different from zero at 0.01 level.
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Table 7: Estimated impacts of cohort composition o n student outcomes, by race

Black White Hispanic Asian
Students  Students  Students  Students F-Statistic

Drop Out of High School

% College Educated Mother 0.283 -0.297%  -1.648%*  -0.222  3.642*
(0.365)  (0.128)  (0.466)  (0.465)

% black + % Hispanic 0.823** -0.166 0.932 0.100 2.064
(0.393) (0.186) (0.905) (0.292)

Attend College

% College Educated Mother 0.311 0.536** 1.113 -0.197 0.495
(0.577) (0.215) (0.823) (0.782)

% black + % Hispanic 0.076 0.185 -1.029 0.132 0.465
(0.497) (0.266) (0.994) (0.743)

Post High School Test Score

% College Educated Mother -0.134 0.406 -2.603* -0.675 1.843
(0.570) (0.265) (1.318) (1.845)

% black + % Hispanic -0.220 0.181 0.956 -0.399 0.295
(0.583) (0.389) (1.222) (1.645)

Idleness Post High School

% College Educated Mother 0.308 0.023 0.072 -0.524 0.341
(0.466) (0.161) (0.456) (0.683)

% black + % Hispanic 0.921 0.135 0.479 0.981** 1.405
(0.580) (0.163) (0.608) (0.484)

High School Smoking

% College Educated Mother -0.025 -0.573* -0.200 0.241 0.656
(0.355) (0.285) (0.813) (0.817)

% black + % Hispanic 0.070 0.310 0.314 -1.313 1.148
(0.636)  (0.304)  (0.512)  (0.838)

Post High School Smoking

% College Educated Mother 0.344 0.192 0.809 1.756%** 1.999
(0.552) (0.261) (0.746) (0.599)

% black + % Hispanic 1.014 0.246 -0.097  -1.437%  2.674*
(0.781)  (0.321)  (0.858)  (0.600)

High School Marijuana Use

% College Educated Mother -0.043 -0.163  -1.576%  -1.537%*  3.499%
(0.372)  (0.207)  (0.704)  (0.485)

% black + % Hispanic 0.469 0.271 1.332* 0.507 0.686
(0.477)  (0.169)  (0.752)  (0.582)
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% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

-1.198***

(0.406)

-0.510
(0.571)

-0.125
(0.444)

-0.650
(0.663)

-0.703
(0.519)

-0.862
(0.728)

Post High School Marijuana Use

-0.364* -0.655 -0.211
(0.211)  (0.651)  (0.352)

0.242 1.369%*  0.951*
(0.260)  (0.491)  (0.547)

High School Binge Drinking

-0.190 -0.862 1.207*
(0.304)  (0.772)  (0.578)
0.019 0.075 -1.531%*

(0.331)  (0.669)  (0.743)

Post High School Binge Drinking

-0.067 -0.505 0.746
(0.258)  (0.699)  (0.854)
-0.577 -0.547 -1.269

(0.390)  (0.791)  (0.855)

1.362

2.599*

2.021

1.411

0.864

0.210

Each figure reported is a coefficient from a separate regression. All regressions include controls
for cohort fixed effects, school fixed effects, school trends, and the extended set of individual
student and additional family covariates. Figures in parentheses are standard errors robust to
clustering at the school level. F-statistic is based on a Wald test with three degrees of freedom
for the joint hypotheses that coefficients obtained using each sample are equal. * designates

significantly different from zero at 0.10 or an F statistic greater than 2.084, ** significantly

different than zero at 0.05 level or an F of 2.605, and *** significantly different from zero at 0.01

level or an F of 3.782.
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Table 8: Estimated impacts of cohort composition o

by mother's education level

n student outcomes,

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

Mother's Education

High School High School ~ Some College
Drop-Out  Graduate College Graduate F-Statistic
Drop Out of High School
-0.381 -0.534** -0.144 -0.278* 0.359
(0.698) (0.244) (0.363) (0.156)
0.877 -0.141 0.004 0.085 0.925
(0.559) (0.261) (0.299) (0.217)
Attend College
0.920* 0.323 0.413 0.395 0.353
(0.514) (0.287) (0.431) (0.346)
-0.183 0.173 -0.683 0.494 1.215
(0.554) (0.387) (0.430) (0.520)
Post High School Test Score
-1.487 0.399 0.183 0.360 1.199
(0.945) (0.425) (0.518) (0.486)
0.412 0.231 1.083* -0.382 1471
(0.889) (0.586) (0.609) (0.380)
Idleness Post High School
0.904 0.443** -0.732** -0.244 3.441**
(0.703) (0.209) (0.361) (0.342)
0.326 0.362 0.058 -0.144 0.312
(0.733) (0.318) (0.241) (0.548)
High School Smoking
-0.377 -0.5638* -0.344 -0.355 0.061
(0.709) (0.308) (0.538) (0.411)
0.430 0.231 0.147 0.136 0.060
(0.643) (0.507) (0.348) (0.464)
Post High School Smoking
-0.672 0.128 0.126 0.525 0.685
(0.689) (0.509) (0.410) (0.472)
0.421 0.602 0.472 -0.212 0.487
(0.616) (0.450) (0.336) (0.555)
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High School Marijuana Use
% College Educated Mother -0.330 -0.180 -0.565 -0.052  0.409
(0.459) (0.372) (0.367)  (0.304)

% black + % Hispanic 1.018** 0.292 0.214 0.317 0.698
(0.474) (0.340) (0.382) (0.348)

Post High School Marijuana Use

% College Educated Mother -0.443 -0.837*** -0.371 -0.049 0.831
(0.508) (0.297) (0.506) (0.422)

% black + % Hispanic 0.542 -0.106 0129 0562 0.338
(0.624) (0.417)  (0.400)  (0.840)

High School Binge Drinking

% College Educated Mother -0.466 -0.619* 0.437 0.237 1.130
(0.567) (0.338) (0.660)  (0.493)
% black + % Hispanic 0.416 0.019 -0.032 -0.897 0.774

(0.469) (0.609)  (0.299)  (0.727)

Post High School Binge Drinking

% College Educated Mother -0.157 -0.329 0.164 0.589 0.898
(0.634) (0.330) (0.432) (0.482)
% black + % Hispanic -1.368** -0.580 -0.008  -1.105* 1.220

(0.669) (0.403)  (0.448)  (0.655)

Each figure reported is a coefficient from a separate regression. All regressions include controls
for cohort fixed effects, school fixed effects, school trends, and the extended set of individual
student and additional family covariates. Figures in parentheses are standard errors robust to
clustering at the school level. F-statistic is based on a Wald test with three degrees of freedom
for the joint hypotheses that coefficients obtained using each sample are equal. * designates
significantly different from zero at 0.10 or an F statistic greater than 2.084, ** significantly
different than zero at 0.05 level or an F of 2.605, and *** significantly different from zero at 0.01
level or an F of 3.782.
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Table 9: Estimated impacts of cohort composition o

n student outcomes, by gender

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

% College Educated Mother

% black + % Hispanic

Males Females t-statistic

Males Females t-statistic

Drop Out of High School
-0.487*** -0.166 1.42
(0.174) (0.144)

0.118 -0.056 0.56
(0.252)  (0.185)

Post High School Test Score

0.118 0.200 0.14
(0.455)  (0.337)
0.276 0.550 0.45

(0.355)  (0.491)

High School Smoking

-0.392 -0.480 0.20
(0.295)  (0.324)
0.007 0.107 0.18

(0.383)  (0.389)

High School Marijuana Use

-0.249 -0.303 0.17
(0.250)  (0.202)
0.505* 0.301 0.55

(0.289)  (0.228)

High School Binge Drinking

0.064 -0.387 1.27
(0.259)  (0.243)
0.266 0.052 0.48

(0.332)  (0.220)

Attend College

0.811**  0.051 1.67*
(0.265)  (0.370)
-0.282 0.396 1.38

(0.404)  (0.282)

Idleness Post High School
-0.202 0.301 1.93*
(0.173) (0.195)

0.505%*  -0.165  2.09*
(0.224)  (0.230)

Post High School Smoking
-0.245 0.553** 1.79*
(0.343) (0.252)

0.182 0.194 0.03
(0.374)  (0.284)

Post High School Marijuana Use

-0.629*  -0.227 1.25
(0.248)  (0.205)
0.264 0.089 0.44

(0.264)  (0.292)

Post High School Binge Drinking

-0.261  -0.000 0.66
(0.292)  (0.268)
-0.690*  -0.788* 0.18

(0.291)  (0.462)

All regressions include controls for cohort fixed effects, school fixed effects, and school trends as well as
the individual student covariates related to the cohort variables. Figures in parentheses are standard
errors robust to clustering at the school level. t-statistics are for the difference between parameter
estimates for males and females. * designates significantly different from zero at 0.10, ** significantly
different than zero at 0.05 level, and *** significantly different from zero at 0.01 level.
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