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ABSTRACT

Although evidence indicates that neighborhoods affect educational outcomes, toketevedy

little research on the mechanisms thought to mediate these effects. This statigate®

wheter school poverty mediates the effect of neighborhood context on academic aehievem
during adolescenc&pecifically, it uses longitudinal data from the PSID together with
counterfactual methods to estimate the total, natural direct and indirect,rdralled direct

effects ofadolescenéxposure to advantaged rather than disadvantaged neighborhoods on
reading and mathematics abilities. Total effects estimated from regression thatletmtrol for
childhood measures of achievement, neighborhood context, and school poverty indicate that
exposure to an advantaged neighborhood during adolescence reduces subsequent exposure to
school poverty and improves academic achievement. Estimates of naturalrdirextieect

effects, however, indicate that the total effect of adolescent neighborhood ¢emiaixt
significantly mediated by school poverty because the differences in school coompiositiced

by moving to an advantaged neighborhood have only a minimal direct impact on aclnieveme
Similarly, estimate of controlled direct effects indicate that adolescent neighborhood context
would still significantly affect academic achievement even if schools wergrégs¢ed along
socioeconomic lines. These findings are highly robust to hypothetical patterns ofnnedbs
confounding and to alternative measures of school context, which suggests that neighborhood

effects, at least during adolescence, are largely due to mediating factors unoetateabls.



Why does living in an advantageather thardisadvantagedeighborhood improvacademic
achievemerit Although evidence frora variety ofdifferentstudy designgdicates that
neighborhood context affects educational outcomes (Aaronson 1998, Chetty, Hendren and Katz
2015, Harding 2003, Rosenbaum 1995, Wodtke, Harding and Elwert 2011), few studies
investigate the mechanisms thought to mediate these effestghborhood #ect mediation
refers to the causal process wherebgnges imeighborhood contex¢ad to changes in an
intermediate variable, known as a nadr, which in turn lead to changes in an outcome of
interest.A frequent criticism ofesearch on neighborhoeffects is thathe mediators of these
effects remain obscured in a “black b@&alster 2012, Jencks and Mayer 1990, Sampson,
Morenoff and Gannon-Rowley 2002}hat is, “research findings...are too scant to draw any
firm conclusions about the potential pathways through which neighborhood effects may be
transmitted”(Leventhal and Brooks-Gunn 2000:322).

Mediation analyses are essential for testimg) gefining theories of neighborhood effects.
For example, institutional resource theory contends that the quality of the schwbish
children have access an importanmediabr of neighborhood effects on educational outcomes
(Arum 2000, Jencks and Mayer 1990, Johnson 2012, Leventhal and Brooks-Gunn 2000, Wilson
1987). According to this perspective, neighborhood context directly affects tbhesmoomic
composition of schools because school assignment rules are based on residergral loca
Neighborhood context is also thought to affect school quality because schools composed
predominantly of students from pdamilies may havéewerhigh-quality teacherdower
funding levelsandfrequent classroom disruptions (Harris 2010, Willms 2010). Thus,
differences in school environments linked to differences in neighborhood coartexaspected

to significantly affect academic achievement



Mediation analyses are also esserftaldeveloping and evaluating policy interventions
to mitigate the harmful eftés of spatially concentrated poverty. For exampbasider the
Moving to Opportunity (MTO) demonstratigmmogram(Orr et al. 2003, Sanbonmatsu et al.
2011).TheMTO programissued rent vouchers through a random lottery to residents of high-
poverty public housing projects in order to help them move to new neighborhoods with lower
poverty levels. Contrary to expectations, children in the MTO experimental gropitedes
moving to neighborhoods with lower poverty rates, did not perform better acadertheally
children in the control group (Orr et al. 2003, Sanbonmatsu et al. Zxdijing institutional
resource theory, one plausible explanation for these findings is that childrerexptdrenental
group did not end up attending schools that were any better on common indicators of quality than
children in the control group (Ferryman et al. 2008, Sanbonmatsu et al. 2006). But without
detailed knowledge of the mechanisms that mediate neighborhood effectsaational
outcomesit is difficult to determine th reasons for various housing policy successes and
failures, and by extension, to design more effective interventions in the future.

Although it is commonly hypothesized thegighborhood effects are mediated by
schools, no prior study provides a formal mediation analysis that appropriatefggtses the
total effect of neighborhood context into an indirect component operating through the school
environment and a direct component operating through alternative pathwalesti&re are
several prior studiethat consider the joint effects of neighborhoods and scho@dwrational
outcomes, they aral limited by their reliance on measurements of neighborhood and school
contexts taken simultaneously rather than sequentially ove(Aimsworth 2002 Cardand
Rothstein 2007, Carlson and Cowen 2014, Cook et al. 2002, Goldsmith 2009, Owens 2010,

Rendon 2014)This limitation precludes a formal mediation analysis because the effect of



neighborhood context on subsequent exposure to the putative mediator—estctiext—cannot

be assessed, and thus the total effect of neighborhood context cannot be decomposed into direc
and indirect components (VanderWeele 2015). As Cook et al. (2002:1303-4) astutely note, it is
exceedingly difficulto evaluate whether “neighbdowods exercise their influence through their
effects on schools” without sequential measurements because any assumptidthabout
simultaneity of multiple causal relations is surely an oversimplification of rédhtyther

complicating their interpretan, results from theeprior studies are mixed, with some finding

mainly neighborhood effectinsworth 2002, Card and Rothstein 2007), some findiagly

school effectgGoldsmith 2009, Carlson and Cohen 2014, Cook et al. 2002), and others finding
both (Owens 2010, Rendon 2014).

This study investigates whether school poverty mediates the effects of adblesc

neighborhood context on academic achievement using counterfactual methods and hahgitudi
data that provide the requisite sequential measursnoétite treatment, mediator, and outcome.
It focuses on measures of reading and mathematics achievement because these agatcomes a
closely linked with other dimensions of social stratification among adults, siwedfuaational
attainment, income, and health (Auld and Sidhu 2005, Murnane and Levy RG66)ises on
school poverty because prior research suggests that the socioeconomic compositaents st
more closely related to child outcomes than any other s¢éwellfactor(Coleman et al. 1966),
although alternativeneasures of school context are also considered in ancillary analyses. The
focus on adolescence is driven by prior research indicating that neighborhood sontex
particularly consequential during this developmental stage (A&brdincoming, Wodtke 2013).

More specifically, this study investigates the following four researchtigumes. First,

what is the effect of adolescent exposure to an advantaged rather than disadvantage



neighborhood oacademic achieveméhSecond, what is effect of adolescent exposure to an
advantaged rather than disadvantaged neighborhoadaatemic achievemeiftsubjects are
subsequently exposed to the level of school poverty they would have experienced living in a
disadvantaged neighborhood? Third, whaheseffect of adolescent exposure to the level of
school poverty that subjects would experience living in an advantaged neighborhood rather than
the level of school poverty that they would experience living in a disadvantagédordigod?
And fourth, what is the effect of adolescent exposure to an advantaged ratherdtaardayed
neighborhood oacademic achievemeiifitsubjects are subsequently exposed to the school
poverty level that would prevail across all schools if they were socioeconbnuesdgregated?
These questions respectively refer to what are termed total, natural dataca) n
indirect, and controlled direct effects withiime counterfactual framewof&r causal inference
(VanderWeele 2015) o estimate these effects, | use sequeméasurements of neighborhood
context, school poverty, aratademic achievemetgken during childhood and adolescence
from subjects in the Panel Study of Income Dynamics (P3With these data, | estimate the
effects of neighborhood context on exposure to school poverty and academic achievemgnt duri
adolescence, while controlling for prior measures of achievement, neighborhood,amiex
school poverty taken during childhood. Short of conducting several different randomized
experimentsmediation analyses that control for prior levels of the treatment, mediator, and
outcome to estimate the effects of future levels of the treatment and mediattarrenevels of
the outcome provide the strongest grounds for causal infef@aad 2000, VanderWeel©5).
Nevertheless, mediation analyses still require strong assumptions about uedbser
confounding thahave not beeassessed in contextual effects research. Specificalbjased

estimation of the effects outlined previously requires the conventissamption thahe effect



of neighborhood context aacademic achievemeist unconfoundeds well aghe assumptions
thatthe effect of school poverty oacademic achievemeand the effect of neighborhood

context on exposure to school poverty are both unconfounded. Thus, | additionally provide a
formal sensitivity analysis that evaluates whether key findingsoarest to potential biases that
result from different violations of these assumptions in practice.

This study makeseveralcontributions to thery and research on contextual effeétsst,
substantively, it provides evidence that the school environment is not a particujaolyant
mediator of neighborhood effects on academic achievement during adolescence. Atttedugh t
effect estimates indate that adolescent exposure to an advantaged rather than disadvantaged
neighborhood reduces subsequent exposure to school poverty and improves academic
achievement, direct and indirect effect estimates indicate that the total effectereawnt is
not significantly mediated by school poverty because the differences in schqaissobom
induced by moving to an advantaged neighborhood have only a minimal impact on reading and
mathematics abilities. These findings are highly robust to hypothetical gadfeunobserved
confounding and to alternative measures of school context. Second, theoreticallsgesbise
suggest that institutional resource theory, at least as it relatesmedlaing role of schools
during adolescence, is in need of reconsideration or refinement. Third, methaalblothcs
study introduces counterfactual methods for mediamalysesand for evaluating the
assumptions on which these analyses are based.

In the sections that follow, | review prior research related to each of thegyattiwough
which neighborhood context is hypothesized to effect educational outcomes, focusing wk the li
between neighborhoods and schools. Next, | define a set of total, direct, and ifidictst e

using the counterfactual framework and explain the assumptions needed to idesgifgftaets



from observed data. Finally, | estimate these effects using regréssied procedures applied to

the PSID and assess their robustness with a formal sensitivity analysis.

NEIGHBORHOOD EFFECT MEDIATION BY SCHOOL POVERTY
Institutional resource theory highlights timediatingrole of schoolsn transmitting
neighborhoocffects oneducational outcomes (Arum 2000, Jencks and Mayer 1990, Johnson
2012 Leventhal and Brook&unn 2000, Wilson 1987RAccording tothis perspective,
differences in neighborhood contéead to differences in trechool environment to which
children are exposed by virtue of their residential location, which in turn lead eoetifes in
academic achievement

Neighborhood context directly affects the socioeconomic compositithe s€hools to
which children are exposeutimarily becausehe public schooling options available to residents
are, with some exceptions, geographically determined. In most U.S. digtubte schools have
designated attendance areas that restrict enroliment to residents from lacadt of
neighborhoods (National Center for Education Statistics 20TAage assignment rules
engender an important connection between neighborhood and school contexts: changes in
neighborhood composition due to residential mobility or turnover lead to changes in the pool of
eligible students from which local schools draw their enrollment. This indicatesxihasure to
an advantaged rather than disadvantaged neighborhood will tend to reduce the number of poor
students with whom a child attends school.

Although neighborhood context is directly linked with the socioeconomic composition of
schools, this link is not absolutéor example, some public schools may serve attendance areas

composed of different neighborhoods that vary in their socioeconomic composition. Moreover,



charter schools and intdistrict open enrollment policies provide many families with schooling
options beyond their immediate residential area. About 50 percent of urban resideris have
least some degree of school choice within their public school system, and of tleosé aff
least some choice, about 50 percent elect to enroll in a school outside of theittéockdrece
area(Carlson and Cowen 2014, National Center for Education Statistics 2Gbai)ies may
also choose to send their children to private schools, which tend to enroll substantedly fe
poor students than public schools because of the additional tuition costs. Private schools may
represena feasible option for higher income families living in disadvantaged neighborhoods or
for low-income families with access to school vouchers or targeted scholarships. s, w
moving to an advantaged rather than disadvantaged neighborhood is ekpeeteate the level
of school poverty to which children are exposed, it is not uncommon for children to attend
schools that are much more, or much less, advantaged than their neighborhoods (Saporito and
Sohoni 2007).

The differences in exposure to school poverty induced by neighborhood context are
commonly hypothesized to have significant effects on academic achievemenelsdad
poverty is linked with a number of educational deficiencies that may hamper deataintg
(Battistich et al. 1995, Choi et al. 2008, Coleman et al. 1966, Hetdge4994, Willms 1986).
First, the socioeconomic composition of schools may affect the quality of thealpa
environment. Schools with a large proportion of low-income students tend to disproporgionatel
enroll students with lower ability levels because family socioeconomigbamd is a strong
predictor of cognitive development, and these schools typically have a slowesfpastruction
and a less rigorous curriculum (Barr and Dreeben 1983, Willms 2Bd®@)ols with a large

proportion of high-ability students, by contrast, provide greater exposure to prensose



expansive vocabularies and advanced subject knowledge, which may diffuse through student
networks, heighten teacher expectations, and estalisishievemerdriented normative
environment (Kahlenberg 2001). In addition, because family socioeconomic background is also a
strong predictor of behavioral problems, schools with a large proportion of low-intodeats
tend to have more disorderly classrooms and greater absenteeism, which whiffi@gdtifor
teachers to maintain instructional continyBarr and Dreeben 1983, Kahlenberg 2001,
Raudenbush, Jean and Art 2011).

Second, the socioeconomic composition of schools may affect the quality of instruction.
Schools with a large proportion of low-income students suffer from high ratesbétea
attrition, which makes it difficult for these schools to recruit, retain, and develbgbajity
teacher¢Borman and Dowling 2008, Boyd et al. 2005). As a result, students at high-poverty
schools may often receive less effective instruction than students-pol@sty schoolsin
addition, compared to low-income parents, higteme parents are more vigilant of lauality
teachers and tend to clos@hpnitor school personnel, which may put pressure on administrators
to install more effective teachers at schools with a large proportion of stficentsighincome
families. In general, higincome parents tend to be more engaged in their children’s education
than low-income parents and thus may provide financial, human, and social resourbesi® s
that have spillover benefits for all students (Ho and Willms 1996, Kahlenberg 2001, $teinber
1997).

Finally, the socioeconomic composition of schools may be linked to school financial
resources because public education funding is in part determined by local prayesty
Specifically, about 45 percent of public school revenues comes from local governniietew

additional 45 percent comes from stgtvernments and 10 percent comes from the federal



government (National Center for Education Statistics 2015). Because advantatpdrineiods
have a wealthier local tax base than disadvantaged neighborhoods, low-poverty schiogls ser
advantaged communes may be relatively better off financially, which would enable them to
invest more in their personnel, infrastructure, and program offerings. Statspeuibdy federal
funding, however, is often specifically targeted at high-poverty schools and #yus m
compensate for funding disparities linked to local tax revenues. For exanualejiag to a
study of school expenditures conducted by the U.S. Department of Education, 73 percdnt of hig
schools in the highest poverty quartile of their district speore per student than the average
school in the lowest poverty quartile (Heuer and Stullich 2011), indicating that the timéeoe
school poverty and school funding may be weaker than is often assumed in conteattsl eff
researcl{e.g., Sampson, Sharkey and Raudenbush 2008, Weidake011).

Despite these inconsistengi@sany prior studies suggest that exposure to a school with a
higher proportion of lowncome students has a negative effect on educatboeadmes
(Battistich et al. 1995, Choi et &008, Coleman et al. 1966, Willms 1986, Willms 2010). For
example, prior research documents negative associations betweenrlecbbpbverty rates and
academic expectations, aspirations, and test s(@atsstich et al. 1995, Willms 2010).
Similarly, other studies report positive associations between sefidelaverages of parental
socioeconomic status and individual student achievement (Choi et al. 2008, Willmsld986)
most cases, these associations are attenuated but still persist after cgifitnotlifferent
dimensions of a student’s family background. Moreover, in their seminal stgdha@dl effects,
Coleman et al(1966:325) find that “the social composition of the student body is more highly
related to achievement...than is any other scfaior,” including different characteristics of

the facilities, curriculum, and teachers.



Nevertheless, several studies suggest that school effects may be rathier sraefical
terms. For example, despite their conclusion that school compaosiindoits a relatively
stronger association with achievement than other measures of the school envirQuieeman
et al.(1966:325) also find that all of the school-level associations documented in theirsanalys
are small in practical terms and conclude teahoolsbring little influence to bear on a child's
achievementhat isindependent of his background and gensoalalcontext.” Consistent with
these findings, estimates of school effects from study designs that provieeefensible
grounds for causal inference, such as those that control for time-invariant undbserve
characteristics of students or for baseline measures of the outcome, aré/typical smaller
than those estimated from studies with less extensive controls, and in somé&eases
magnitude is substantively trividlauen and Gaddis 2013).

Furthermore, there are even several prior studies that document positive haather t
negative, effects of school poverty on educational outcomes for certain groupdenitst
(Attewell 2001, Crosnoe 2009, Davis 1966). According to relative deprivation theory, students
evaluate themselves, and are evaluated by others, relative to their schodllpeersay also
compete with their school peers over limited educational resources, such asaadeanced
placement courses. In this situation, attending school with mostlyifegme students might
actually depress academic sedteem, curricular placement, and other educational outcomes
because studentsespecially those from loamcome families—are evaluated and must compete
against peers who are, on average, better equipped to succeed in school. Consistest with t
perspective, several prior studies find that low-income students who attend schabvetter
proportion of highability or high-income peers tend to have lower academic achievement and

more psychosocial problems (Attewell 2001, Crosnoe 2009, Davis 1966).

10



In sum, although the school environment is commonly hypothesized to be an important
mechanism through which neighborhood eBemperatefindings fromprior studies that
separately examirtbe different pathways that comprise thisadercausal process are
somewhat ambiguouas are the mixed results from priesearctonthe joint effects of
neighborhood and school contextsasgredsimultaneously (e.gAinsworth 2002, Carlson and
Cowen 2014, Cook et al. 2002, Goldsmith 2009, Owens 2010, Renddn Phadthere is a
strong link between neighborhood context and the socioeconomic composition of schools seems
beyond dispute, but it remains unclear whether the effects of exposure to school poverty
academic achievement are large enough to represent a substantively importatmgnedi

pathway through which the effects of neighborhood context are transmitted.

NEIGHBORHOOD EFFECTSVIA ALTERNATIVE PATHWAYS
In addition to the school environment, theories of neighborhood effects also highlight a number
of other powerful mechanisms through which neighborhoods may influence educational
outcomes. This suggests that the direct effects of neighborhood context oparatigd t
mediators other than school poverty are potentially substantial.

Social isolationtheories of neighborhood effects posit that living in a disadvantaged
neighborhoodsolatesresidentchildren fom influential peerand role modelg/ho value
education, have ambitious educational aspirations, and discourage risky behaviéssgddnc
Mayer 1990, Wilson 1987). Infrequent contact with positive role models is thought to curb the
aspirations of children living in disadvagedneighborhoodand ultimately lead to
disengagement from schoélurthermore, social isolation may facilitate the development of

“ghetto-specific” (Wilson 1987), “oppositional” (Anderson 1999, Massey and Denton 1993), or

11



“heterogeneous(Harding 2010xultures amongeighborhood peer groupbhese alternative
subcultures are variously thought to devalue schooling and valorize risky behaviors, or to
confuse and overwhelm children with a wide array of conflicting messalje$ which may
lead to negative educatiomalitcomes.

Socialorganization theaes contendhatdisadvantagedeighborhoods engender lower
levels of collective efficacy than more advantagedjhborhoods and that this, in turn, hinders
academic progregSampson, Raudenbush and Earls 1997, Sampson. ZifliEctive efficacy
consists of “social cohesion among neighbors combined with a willingness to metenvdehalf
of the common good” (Sampsehal.1997:918) In disadvantagedeighborhoods with low
levels of collective efficacyasidents may have difficulty realizing their common values and
maintaining informal social control. As a result, youth in these neighborhoodsnc@aynéer
fewer obstacles to engaging in potentially harmful behaviors. Social disaganitheory also
corntends that the breakdown of informal social control in disadvantaged neighborhoods leads to
more violent crime, and exposure to violent crimagsociated with a variety of cognitive,
emotional, and behavioral problems (Sharkey 2010, Sharkey et al. 2012).

Environmental theories of neighborhood effects focutherdisparate health hazards
encountered in advantaged versus disadvantaged neighborhoods. Because of the poor physical
condition of disadvantaged neighborhoods together with their proximity tedyseand major
industrial centers, residents of these neighborhoods are more likely to be exposkdaotpol
toxins, and allergens than residents of more advantaged neighborhoods (Crowder and Downe
2010, Ponce et al. 2005, Rosenfeld et al. 2010), which may lead tdplsededucational
disparities.For example, living in a disadvantaged neighborhood, which is more likely to have

older and poorly maintained housing structures than an advantaged neighbotreages the
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risk of exposure to leadasel paint and lead-contaminated soil, and elevated blood lead levels
are in turn a major risk factor for developmental problémsimpede academic achievement
(Lanphear, Weitzman and Eberly 1996, Tong, von Schirnding and Prapamontol 2000).

Finally, althoudp institutional resource theory focuses largely on the mediating role of
schools, it also suggests that several other local institutions are importaryléonieg
neighborhood effects on academic achievement. For example, in addition tuhlgi-
sclools, advantaged neighborhoods are more likely than disadvantaged neighborhoods to have
stable, accessible, and enrichoigldcare centers; grocery stores with healthy food options; and
safe recreational facilities, all of which may promote posgighecaéional outcomes for children
(Bader et al. 2010, Johnson 2012, Weiss et al. 2011, Wilson 1987).

In sum, although the school environment is thought to be a particularly important
mediator of neighborhood effects on academic achievement, there are singrpbtentially
powerful pathways through which these effects may be transmitted, includilog&heulture,
violent crime, environmental health hazards, and other institutional resources. Toysattte
prior research additionalljuggest a signifigd direct impact of neighborhood context on

academic achievemetitat does not operate through the school environment.

METHODS

Data and Measures

To investigate whether neighborhood effect@oademic achievemeate mediated by the
socioeconomic composition of schools, | use data from the PSID (Panel Study o Incom
Dynamics 2014). The PSID is a multicomponent longitudinal study that began in 1968 with a

probability sample of about 4,800 households. From 1968 to 1997, the PSID main panel
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interviewed household members annually, and after 1997, interviews were conductealyienni
Detailed data on academic achievemarihe PSID come from the Child Development
Supplement (CDS). The CDS is a component of the PSID desigtragdkthe dynamic process
of humancapital formation among children. The CDS frstlected datan 1997for a sample of
3,563 childrenn the PSID main panel who were between the ages of 0 andcbletited
additional datdor this sample afollow-up wavesin 2002-2003 and in 2007.

Subjects in the CDS are matched to census tracts using the restsietgdocode file,
which contains tract identifiers for every wave of BfID main panel. Data on the composition
of census tracts come from the Geolytics Neighborhood Change Databaset(€3e2013).

This databaseontaingractlevel data from the 1970 to 2010 U.S. Censuses and from the 2006
to 2010 American Community Surveysith tract characteristics and boundaries defined
consistently over timéSubjects in the CDS are also matdho schools using the restrictese
school file, which contains school identifiers for each wave of the CDS. Informé&ion thee
schools comes from ti¢CESCommon Core of Data (CCD) and Private School Universe
Survey (PSS{National Center for Education Statistics 2014b, National Center for Education
Statistics 2014c)The CCD and PSS contain annual school-level measures of student and staff
characteristics from all public and private schools in the U.S., respectively.

The analytic sample for thisugly includes the 2,20éhildrenwho were interviewed at
the 199 Avaveof the CDS when they were between the ageésanfd 12. | focus on this subset
of children because it is the group for which | can obtain measures of key vadiattesboth
childhoodand adolescence. Using all available deden these subjects, | construct sequential

measures of neighborhood context, school compositiora@ademic achievemergeparately
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by developmental period. The time indels used to distinguish between measures taken during
childhood versus adolescence.

Treament in this study, denoted By;, is the socioeconomic composition of a subject’s
neighborhood. | use principal components analysis to generate a compuessigre of
neighborhood composition based on seven tract characteristics: the patethe
unemploymentate median household income, the proportion of households thizraate
headedaggregate levels @ducation (the proportion oésidents aga5 or older without a high
school diploma and the proportion of residents age 25 or older with a college degréeg, and
occupational structure (the proportion of residents age 25 or older in managerial @ignafes
occupations). This composite measisrecaled so that higher values represent more advantaged
neighborhoods and lower values represent more disadvantaged neighborhoods. Part A of the
Online Supplement describes the construction and properties of the treatmeng waudiidil.

The mediatoin this study, denoted hVy;;, is the socioeconomic composition of a
subject’s school. | measure the socioeconomic composition of schools using the proportion of
students who are eligible for a free lunch through the National School LunchrRrdgra
qualify for a free lunch, a student’s family must have an income at or below 130 prtrent
federal poverty threshold. Thus, the proportion of students eligible for a free lunch apgiesxi
a schoollevel poverty rate.n addition, | also conduct ancillary analyses using sé¢adternative
measures of school context, including the racial composition of students, the-auheatio,
perpupil expenditures, the avgalevel of work experience among teachers, the average
compensation level of teachers, and the proportideamhers with an advanced degireart B
of the Online Supplement presents results from these ancillary analyses ane substantively

similar to those based on school povérty.
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The outcome in this study, denotediy is academic achievement. | measure two
separate dimensions of academic achievement using thewetigiand applied problem tests
from the Woodcock-Johnson Psycbducational BattenRevisedWoodcock and Johnson
1989) which assess reading and mathematics abilities, respectiaiyalized scores from
each test reflect a subject’s abilities relative to the national average foeanlolidthe same age.
These testare widely used in studies of contextual effectacedemic achieveme(d.g.,
Levanthal and Brooks-Gunn 2004, Sanbonmatsu et al. 2006, Sharkey and Elwert 2011), and they
have excellent psychometric propertiesr example, their tesetest reliabilities consistently
exceed 0.90, and their correlations with alternative measures of achievenssteotly exceed
0.70,indicating a high degree of criterion validiyaForte, McGrew and Schrank 201#).all
multivariate analyses, measures of the treatment, mediator, and outcona@@aedsted to have
zero mean and unit variance.

This study adjusts for an extensive set of covariates, denotéd, by control for
potential confounding of contextual effects on academic achievement. Theskeitiet race,
gender, and age of the subject; the age and education level of the subjeet’y paragiver; the
marital aml employment status of the family head; the net worth, income, homeowner status, and
size of the subject’s family; the regional location of the household; and the |lexgjrofive
stimulation provided within the househoRlaceis coded 1 for black and 0 for nonbladihe
nonblack category is composed predominantly of whites, but for parsimony, a small wéimber
Hispanicsand Asiars are pooled with whites in this categdrgcaus@nalyses based on more
disaggregate measures of race yield nearly idemtsalts. Gendds codedl for femaleand O
for male The age of both the subject and primary caregiver are measured in yeatBeas

education level of the primary caregiver. The masatad employmergtatusof the family head
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are both dummy coded:for marriedandO for unmarriedand 1 for employed and O for not
employed. A family’s net worth is equal to the value of all assets minus all déi¥sneasure
is expressed in cubeot real dollars to adjust for its extreme positive skew while also
acmmmodating negative values (i.e., net debtors). Family income is expressetine®meto-
needs ratio” equal to the family’s annual real income divided by the officieerty threshold.
Homeownershigtatusis expressed as a dumwariableindicating whetherthefamily owns
thar residenceFamily sizeis equal to theéotal number of peopleresenin the household.
Region is coded 1 for residence in a southern census division and 0 otherwise. Analyses based on
more disaggregate measures of region wely similar results. Finally, the level bbusehold
cognitive stimulation is measured using the CaldBe#idleyHOME inventory(Caldwell and
Bradley 1984)In all multivariate analyses, these covariates are centered at their sample mean.
Table 1 depid the longitudinal measurement strategy used to eapprepriate
temporal ordering of the treatment, mediatartcome, and covariateSpecifically, | first
construct childhood measures of these variables using data collected in the b&iDbtheai
panel and baseline waves of the CDS when subjects were 12 years old or younger. The
“baseline” wave of the CDS here refers to the wave at which subjects were 8 tosl@lget
childhood measures are indexed by the time subgcspd and are used only as control
variables to support the estimationcohtextualkeffects during adolescenddext, | construct
adolescent measures of treatment using residential data collected as maR®Iimain panel
surveys fielded in between the baseline wave and follow-up wave of the CDS. Toe-tipfl
wave of the CDS here refers to the wave fielded five years after baseline,ubfeaisswere 13
to 17 years old. Finally, | construct adolescent measures of the mediator and augocgrdata

collected at the foliv-up wave of the CDSor notational simplicity, all adolescent measures
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are indexed by the time subscript 1, even though these measures of the treatment, mediator,
and outcome are in fact sequentially ordeBstause residential information comes fram

period at least two years befdhe outcome is measured and because school information refers
to the academic year immediately preceding measurement of the outcome, theaeedtta h
following temporal structure(4;,, M;o, Yio, Cio, Ai1, M;1, Yi1}. Descriptive statistics for these
variables are summarized in Table 2.

Figure 1 presents a directed acyclic graph that describes the hypothesized causal
relationships outlined previously (Pearl 2000). The graph shows that adolescent exposure to
different neighborhood contexts directly affects subsequent exposure to school podeatso
academic achievemerit addition, it shows that exposure to school poverty directly affects
academic achievemenndicating that neighborhdceffects during adolescence are mediated, at

least in part, by the socioeconomic composition of schools.

Total, Direct, and I ndirect Effects of Neighborhood Context

To evaluate whether neighborhood effects on academic achievement are mediatedlby schoo
poverty, this study focuses on estimating total, natural direct and indirect, anulledrdirect
effects. Inthis section, | formally define these effects using potential outcomes and the
counterfactual frameworfRubin 1974, VanderWeele 2015).

First, let a, indicateexposure to a specific level of neighborhood advantage during
adolescence, and IBt (a,) denote the potential outcome for academic achievement under
exposure to these neighborhood conditions. More specifidally:,) is the achievement level
of subjecti had she previously been exposed to neighborhood conditions givgnInythe

counterfactual framework, each subject is conceived to have a set potential outcomes
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corresponding to all possible values of treatment, and contrasts between potergraksut
associated with different values of treatment define causal effects.if tiois framework,the
average total effect of neighborhood context is definétEas E (Y (a}) — Yi1(a;)), which is
theexpected difference in academic achievenmaat subjects previously been exposed to the
level of neighborhood advantage givendjy rather tham,, during adolescence.

Next, letM;; (a,) represent the adolescent level of school poverty to which subject
would subsequently be exposed under prior exposure to neighborhood conditions giyeimby
addition, letV;; (a;) = Yi;(ay, Mi;(a,)) denote the academic achievement level for subject
under adolescent egpure to a level of neighborhood advantage givea,lgnd, by extension,
under subsequent exposure to the level of school poverty this subject would encountsulas a re
of prior residence in these neighborhood conditions. Using this expanded notation for the

potentialoutcomes, the average total effect defined previously can be expressed as
E(Ya(a}) —Yiu(ay)) = E (Yil(a{,Mil(aI)) - Yil(al,Ml-l(al))) and then additively
decomposed as foIIowE:(Yil(a{,Ml-l(ai)) — Yiu(ay, Ml-l(al))) =E (Yl-l(ai, M1 (ay)) —
Via(ar, Min(a0)) ) + E (Yia (@i, Mix (@) = Y (a1, Mix (2))).

The first term in this decompiion represents the average natural direct efféRf, =
E (Yil(a{,Mil(al)) — Yiu(ay, Ml-l(al))), which is the expected difference in academic

achievement under adolescent exposure to the level of neighborhood advantage gjven by
rather tharu,, if each subject were subsequently exposed to the level of school poverty they
would have experienced under neighborhood conditions given.dyor example, witlw; >

a,, the average natural direct effeepresents the expected difference in academic achievement

linked toresidence ira more advantaged neighborhood, rather than a more disadvantaged
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neighborhood, if each subject were subsequently exposed to the level of school poverty they
would have experienced by virtue of residing in the more disadvantaged neighborhood.

The second term in the decomposition represents the average natural indicgct effe
NIE = E (Yil(a{,Ml-l(a;)) — Y1 (aj, Ml-l(al))), which is the expected difference in academic

achievement under exposure to a level of neighborhood advantage giwgif bsich subject

were subsequently exposed to the level of school poverty they would have experienced under
exposure to neighborhood conditions giverapyrather tharm;, during adolescenc€&or

example, witha] > a,, the average natural indirect effect represents the expaiffir@nce in
academic achievemergsulting from exposure to the level of school poverty that each subject
would have experienced had they lived in a more advantaged neighborhood rather thah the leve
of school poverty that they would have experienced had they lived in a more disadvantaged
neighborhood.

The natural indirect effect measures the effect of neighborhood contazademic
achievemenbperating only through subsequent exposure to school poverty, while the natural
direct effect measures the effef neighborhood context operating through all pathways other
than school poverty. For the natural direct effect, this is accomplished iy fhe mediator to
the level it would have “naturally” been for each subject under the referenceflénestoent,
which deactivates the component of the total effect mediated via the socioeconompsition
of schools. For the natural indirect effect, this is accomplished by holdingnénetatixed for
each subject, which deactivates all direct pathways, amdabmparing outcomes across the
differences in the mediator that would have occurred under exposure to differenéirtsa

Finally, letY;; (a;, m;) denote the academic achievement level for subjeat she lived

in a neighborhood with a level of socioeconomic advantage givep ayd had she attended a

20



school with a level of poverty given by, during adolescence. In this notation, the average
controlled direct effect is defined 89F (m,) = E(Y;1(aj, my) — Yi1(a;, my)), which is the
expected difference in academic achievement had subjects been exposed to the level of
neighborhood advantage given djy rather tham,, and had they all been exposed to schools
with the same level of povertyy,. For example, witlw; > a, andm, equal to its average value
in thepopulation, the controlled direct effect can be interpreted as the difference emécad
achievemenlinked to residence in a more advantaged neighborhood, rathernize a
disadvantaged neighborhood, if schools were desegregated by income.

In contrast to natural direct effects, where the mediator is set to what&wertwaould
have been for each subject under the reference level of treatment, contreli¢effiacts set the
mediator to the same level for every subject regardless of treaffhétubtle distinction has
several important implications. First, it implies that there cannot be a “controlleccinefiiect”
because setting the mediator to a specific value for all subjects precludes a chisegyenent
from inducing changes in the mediator. By extension, decomposition of the totalrgffect
direct and indirect components cannot be accomplished with the controlled direcertiept
under specialanditions discussed below. Second, this distinction implies that controlled direct
effects have a prescriptive interpretation, and that natural direct anecinefifects have a
descriptive interpretation. Controlled direct effects are prescriptive tithiya measure the
effect of treatment after prescribing a specific intervention on the mediatl swubjects,
whereas natural direct and indirect effects are descriptive in that they ddkeridausal process
by which differences in neighborhood conditions bring &ldterences in academic

achievemen(Pearl 2000, VanderWeele 2009).
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Despite these important distinctions, there are certain conditions when aatliral
controlled direct effects are equivalent. In particular, they are equivatent there is no
interaction between the effects of treatment and the mediator on the outcomesituétion,

the controlled direct effect of treatment is constant across all values of treaneshich
implies thatE(Yn(a;'mﬂ - Yi1(a1:m1)) =E (Yi1(ai:Mi1(a1)) - Yil(alrMil(al))) and that

the total effect can be decomposed into a controlled direct effect and a natveat eifiect.

Regression Estimation

In this section, | outline regressidiased estimation procedures for the causal effects defined
previously and explain the assumptions on which these procedures are based. For notational
simplicity, childhood measures of the treatment, mediator, and outcomd{i.&7;,, Y;,) are

here subsumed intg,, the vector of baseline controls.

The average total effect can be computed from the following observed dataioegress
model:

E(Yi11Cio, Air) = Bo + P1oCio + B114i1, 1)
whereTE = B;;1(aj — a;) under the assumption that there is no unobserved treatment-outcome
confounding and under the assumption that modd! €8y, | C;o, A;1) IS correctly speciéd
(VanderWeele 2015)Note that these assumptions only support a causal interpretation of the
coefficient associated with adolescent treatm@nt, The confounding assumption in this
context implies thatheremust not banyunobservedariablesthatjointly affectselection into
different neighborhoods aratademic achievemeduring adolescence. If this assumption is
violated, then the average total effect is not identified. The modeling assumptisdortext

implies that the effect of neiglbrhood advantage @tademic achievemedutrring adolescence
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must be linear; that this effect must not vary systematically across levels of ¢lirdbasntrols;
and that the partial associations between academic achievanaketiite baseline controls must
be linear and additive.

The average natural direct and indirect effects can be computed from therfglsat of
observed data regression models:

E(M;1|Cio, Air) = 6o + 610Cio + 6,144 and 2)

E(Yi1|Cio, Air, Mi1) = Ag + A10Cio + A114i1 + My (A21 + A3145), (3)
whereNDE = (A;1 + 4316y + A316011a,)(a] — ay) andNIE = (41,1011 + A31011a7)(a] — ay)
under the assumption that Equations 2 and 3 are both correctly specified and under the
assumption that there is no unobserved treatment-outcome confounding, no unobserved
mediatoroutcome confounding, no unobserved treatment-mediator confounding, and no
treatmentinduced mediator-outcome confounding (VanderWeele 2biiB)e that these
assumptions only support a causal interpretation for the coefficients aésdauith the
adolescentreatment and mediator (.64, 411, 121, A431)-

The confounding assumption in this context is rather complex. It implies that, during
adolescence, thermaust not benyunobservedariablesthat jointly affectneighborhood context
andacademic achievemerhat jointly affect school poverty armcademic achievemerdr that
jointly affect neighborhood context and school poverty. In addition, this assumption also
specifies that there must not be any treatamahiced mediator-outcome confounding. In other
words, there mst not be any variablesobserved or unobservedhat jointly affect school
poverty andacademic achievemerand that are affected by neighborhood context. Figure 2
depicts each of these patterns of confounding winegted acyclic graphs. If any of these

patterns are present in practice, then natural direct and indirect effects aentibed.
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The assumption of a correctly specified modelEOM;, |C;y, A;1) implies that the effect
of neighborhood context on subsequent exposusehial poverty must bénear andnust not
vary across thbaseline controldt also implies that the partial associations between adolescent
exposure to school poverty and baseline cosmitmist be linear and additive. The assumption of
a correctly specifiechodel forE (Y;;|C;o, Ai1, M;;) implies that the effect of neighborhood
context oracademic achievementust be linear within levels of school poverty; that the effect
of school poverty omcademic achievementust be linear within levels of neighthood
context;that the effects of neighborhood and school contexts must interact only with each othe
and that a change neighborhood composition must increment the effect of school poverty by a
constant amount; and finally, that the partial associatietween academic achievemamd
baseline controls must be linear and additive.

The average controlled direct effect can be computed from the regresgiehim
Equation 3. Moreover, this can be accomplished under a weaker set of assumptions than is
required for natural direct and indirect effects. Specific8lyE (m,) = (111 + A3ymy)(aj —
a,) under the assumption that Equation 3 is correctly specified and under the assumption that
there is no unobserved treatmentcome or madtor-outcome confoundinfVanderWeele
2015)? In contrast to natural direct and indire¢tects, estimation of controlled direct effects
does not require assumptions about unobserved treameeh&tor confounding or about
treatmentinduced mediator-outcome confounding, nor does it require a model for adolescent
exposure to school poverty.

| estimate Equations 1 to 3 by ordinary least squares and then use them to construct point
estimates for the total, natural direct and indirect, and controlled difectseof neighborhood

context on academic achievement during adolescence. Under the assumptions outlined
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previously, this estimation procedure is unbiased. Because several studiesrapmpar
observational with experimental estimates of contextual effiedisate that analyses controlling
for prior measures of the outcome largely mitigate potential biases due toonwlaf these
assumptiongn practice(e.g., Chetty, Friedman and Rockoff 2014, Deming 2014), this study,
which controls not only for prior easures of the outcome but alspprior measures of the
treatment, mediator, and an extensive set of covariates, provides strong goowadsal
inference. Nevertheless, | also investigate the sensitivity of effect essitaahypothetical
violations of the confounding and modeling assumptions on which they are based.

In the results section below, | focus on total, natural direct, and natural ireffiests
that contrast adolescent exposure to neighborhoods at'theeBfentile of the nationalgatment
distribution with exposure to neighborhoods at th& @ércentile The ontrast between the 80
versus the 2Dpercentile returnthe effects of living in an advantaged neighborhood with low
poverty and unemployment, few female-headed households, and many highly educ#ted adul
versus living in a disadvantaged neighborhood with high poverty and unemployment, many
femaleheadedouseholds, and few wedducated adultSimilarly, for thecontrolled direct
effect, | focus on contrasketween advaaged neighborhoods at the"gfercentile and
disadvantaged neighborhoods at th& gércentile of the national treatment distribution while
setting the level of school poverty to its national average, which approsithatéevel that
would prevall if €hools were desegregated by income.

Standard errors for these effect estimates are computed from 500 bcsastEes
(Efron and Tibshirani 199%)And to adjust for the uncertainty associated with missing data, |
combine estimates across 100 completastds with missing values for all variables simulated

via multiple imputatior(Royston 2005, Rubin 1987)n addition, because the PSID
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oversampled lowncome families, weights may be required to generate representative estimates.
Part C of the Online Supplement presents results based on the weighted sampleain teetm

| focus on unweighted descriptive statistics in order to document that the mediaticesuda

not heavily rely on out-of-sample extrapolation, and | also present unweightaedestirom the
mediation analyss becausérmal design tests indicate thide regression models described
previously control foall relevant aspects of the sample deslgrthis situation, unweighted
estimates are preferred because theypatierepresentative and more effici€feffermann

1993, Winship and Radbill 1994).

RESULTS

Neighborhood and School Exposures during Adolescence

Table 3 describes the joint distribution of the treatment and mediator during adoéesce
Specifically, it shows a crosabulation of school poverty with neighborhood advantage, where
both variables are grouped by quintile. Overall, this table confirms a straegpoandence
between neighborhood and school composition. For example, among subjects in the most
advantaged fth quintile of neighborhoods, 68 percent attend schools in the first quintile of the
school poverty distribution. Similarly, among subjects in the most disadvantagepliintile of
neighborhoods, 65 percent attend schootstimerthe fourthor fifth quintiles of the school

poverty distribution. Despite this strong correspondence, Table 3 also documents thait it
uncommon for children in disadvantaged neighborhoods to attend lower poverty schools and for
children in advantaged neighborhoods to attend higher poverty schools. For example, among
subjects in the most disadvantaged first quintile of neighborhoods, 8 percent attendisdheols

first quintile and 10 percent attend schools in the second quintile of the school poverty
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distribution And among subjects in the most advantaged fifth quintile of neighborhoods, about
12 percent attend schools in the third, fourth, and fifth quintiles of the school poverty
distribution. Furthermore, among residents of “middle class” neighborhoods in the seadnd, thi
and fourth quintile®f the national treatment distributiotmere are a nontrivial number of

subjects attending schools acrossahgrerange of theschool poverty distribution. In sum,

Table 3confirmsa strong association betweitre socioeconomic composition of the
neighborhoodand schools to which subjects are exposed during adolescence, but it also
indicates that most combinations of neighborhood and school enviroramenteltrepresented

in the analytic sample.

Total, Direct, and Indirect Effects of Adolescent Neighborhood Context

Table 4 presents results from the mediation analysis of neighborhood effectBc&pecthe
upper panel of Table 4 presents estimates of the causal parameters in EquatnsHilé the
lower panel presds estimates of the total, natural direct and indirect, and controlled direct
effects outlined previously. Total effect estimates, which are presentieel first row of the
lower panel in Table 4, suggest that exposure to different neighborhood ctiaieatsnodest
impact onreading achievemeiind a large impact on mathematics achieverdenng
adolescencespecifically, the estimated total effect of neighborhood context on letter-wor
scores indicates that adolescent exposure to an advantaged neighborhoodapenecdtile of
the national treatment distribution, rather than a disadvantaged neighborhood &t the 20
percentile, increases reading achievement by just under one-tenth of adsthaviktion (i.e.,
TEM = 0.079). This effect is rodest in substantive terms and fails to reach conventional

significance thresholds. The estimated total effect of neighborhood context adgppllem
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scores, by contrast, is substantively large and statistically significamt@tth0.001 level. It
indicates that adolescent exposure to an advantaged neighborhood &tpikec8atile of the
national treatment distribution, rather than a disadvantaged neighborhood &t pezczitile,
increases mathematics achievergnabout one-sixth of a standard deviation (TE4F =
0.161). This effect is comparable in magnitude to the cogngaias associated with one
additional year of schooling (Winship and Korenman 1997).

Natural direct and indirect effect estimates, which are presented in the middlefrthe
lower panel in Table 4, indicate that the total effects of neighborhood context on academic
achievement are not mediated to any significant degree by the socioeconomic tompbsi
schools. For example, the estimated natural direct effect of neighborhood contexieuh appl
problem scores indicates that if subjects were exposed to an advantaged neighboheo®d at t
percentile of the national treatment distribution, rather than a disadvami@getdorhood at the
20" percentile, and then were subsequently exposed to the level of school poverty they would
have experienced in the disadvantaged neighborhood, their mathematics atuilitekstill
increase bybout one-seventh of a standard deviation fZBE4? = 0.147). This effect is
substantivelyarge, statistically significant at tlee= 0.01 level, and nearly equivalent to the
total effectdiscussed previously. In other words, even with the pathway that operates via school
poverty fully deactivated, differences in neighborhood context still exémbragsinfluence on
academic achievemedtiring adolescence

By extension, the estimated natural indirect effect of neighborhood context ordapplie
problem scores indicates that if subjects were first exposed to an advantghednheod at the
80" percentile of the national treatment distribution and then were subsequently exypibsed t

level of school poverty they would experience under these neighborhood conditiongheather
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the level they would experience under exposure to a disadvantaged neighborhood't the 20
percentile of the national treatment distribution, their mathematics abilities woylthordase
by about ondiftieth of a standard deviation (i.eVJE4F = 0.019). This effect imot significant
at conventional thresholds aminegligible in substantive terms. A similar pattern of natural
direct and indirect effects are observed for letterd scores (i.eNDE*YW = 0.071, NIEXW =
0.008), although the point estimates are smallerragither are significant at caventional
thresholds.

In addition to estimates of natural direct and indirect effects, Table 4 plsdsa
measure of the “proportion mediated,” which is equal to the ratio of the natural iredfest to
the total effec{VanderWeele 2015)his measure captures the degree to which the pathway
through school poverty can explain the effects of neighborhood context on academic
achievement. The estimated proportion of the total neighborhood effect mediated by school
poverty is only 1(percent for letteword scores and only 12 percent for applied problem scores,
indicating that the socioeconomic composition of schools is not a particularly impoatAway
through which neighborhoods affeetademic achievemedutiring adolescence.

Estimates of the caugaarameters in Equation 3 illuminate why school poverty is not a
particularly important mediator of neighborhood effects. Specifically, théiseagss indicate
that the socioeconomic composition of schools plays only a minimal mediatingiroéeily
because school poverty does not have a very large effect on academic achievenggnt duri
adolescence. For example, according to these estimates, a one standard devietisa in the
level of school poverty to which subjects are exposed during adolessdimged to a decrease
in applied problem scores of only about one-twentieth of a standard deviation, given thas subje

were previously exposed to a neighborhood at the mean of the national treatménotidistri
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(i.e., 5P = —0.044). This effect is not statistically significant at conventional thresholdsitand
is only about half as large as the analogous neighborhood effect. A similan patts in the
model for letterwords scores.

Results from Equation 2, by contrast, indicate that the effect of neighborhood context on
subsequent exposure to school poverty is substantively large and highly significanic&lyecif
the point estimate of the causal parameter in this equation indicates that adolqsrsaint ¢o
an advantaged neighborhood at th®& gércentile of the national treatment distribution, rather
than a disadvantaged neighborhood at tef0centile, would reduce subsequent exposure to
school poverty by nearly one-third of a standard deviation §i.e(1.5) = —0.195(1.5) =
—0.293).8 To put this effect in context, a one-third standard deviation reduction in the school
povertyrateis equal to about 10 percentage poimtsus, the parameter estimafesm
Equations 2 and 3 together indicate that neighborhood effects are not medsdaphifocant
degree by the socioeconomic composition of schools because even the substargevely lar
reduction in exposure to school poverty induced by moving from a more disadvantaged to a
more advantaged neighborhood has only a minimal effeatademic achievement

Finally, thecontrolled direct effect estimateshich are presented in the bottom rows of
the lower panel in Table, 4ndicate that changes in neighborhood context during adolescence
would still effect significant changes scademic achievemeaven if all subjects were exposed
to schools with poverty levels equivalent to the national aveFageexample, the estimated
controlled direct effect on applied problem scores indicates that if subjesewposed to an
advantaged neighborhood at thé'§@rcentile of the national treatment distribution, rather than
a disadvantaged neighborhood at th& @ércentile, and then were subsequently exposed to the

average level of school poverty in the UtBeir mathematics abilities would still increase by
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about one-seventh of a standard deviation (COE4” = 0.153). This effect is statistically
significant at thex = 0.01 level, and it is comparable to both the total and natural direct effects
discussed previously.

The last row in Table 4 reports a measure of the “proportion eliminated,” wregas
to the difference between the total effect and controlled direct effect dividée bytal effect
(VanderWeele 2015)his measure capturestdegree to which neighborhood effects can be
mitigated via some schotdvel intervention that would desegregate students by income. The
estimated proportion of the total neighborhood effect that would be eliminated by such an
intervention is only 9 percentifletterword scores and only 5 percent for applied problem
scores, which suggests that the effects of neighborhood context cannot be overcome by

equalizing the socioeconomic composition of schools.

Sengitivity Analyses

The estimates presented praisty only have a causal interpretation under a number of strong
assumptions about unobserved confounding and correct model specification. This section
investigates the sensitivity of results to potential violations of these assusatiasensitivity

of the total effect to unobserved treatmentcome confounding is assessed by computing a bias
term and then subtracting it from the point estimate and both limits of the confidemealinte

The bias term in this contextis= y&§, wherey = E(Y;1|U;jo = 1, Ci, A1) — E(Y;1|Ujo =

0, Cip, A;1) is the mean difference in academic achievement associated with a unit change in a
hypothetical treatmergutcome confoundet];,, conditional on the observed treatment and
baseline ontrols, and = E (U;y|Cig, Ai1 = a3) — E(Uj|Ci0, Ai1 = a4) is the mean difference in

the hypothetical confounder for those exposed to neighborhood conditions giegrréther
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thana,, conditional on baseline contrqanderWeele 2015). If inferences about the total effect
are invariant across a range of substantively reasonable valyearfdd, this suggests that they
are robust to unobserved confounding.

The upper panel of Table 5 presents bias-adjusted point estimates and confidence
intervals for the total effect of neighborhood context on applied problem s$€dmethis
analysis, the hypothetical treatmenitcome confounder is assumed to have a positive
association with exposure to neighborhood advantage(i>e Q) and a positive partial effect on
academic achievement (i.¢.> 0). An example of such @onfounder might be parental skill—
that is, skilled parents may be more likely to live in advantaged neighborhoods and teepromot
the academic achievemenfttheir childrenTo facilitate interpretation of the sensitivity
parameters, the valuesptre scaled to equal multiples of the conditional mean difference in
academic achievement associated with a one standard deviation increase in parentat.educatio
Similarly, the values ob are scaled to equaiultiples of the conditional mean difference in
parental education associated with living in an advantaged neighborhood &f lee@htile of
the national treatment distribution rather than a disadvantaged neighborhood &t the 20
percentile. Results indicate that the estimated total effect of neighborhoedtcamapplied
problem scores is highly robust to unobserved treatment-outcome confouByukagically, the
biasadjusted estimates remanbstantivly large and statisticallgignificantexcept under the
most extreme scenarios where treatrmritome confounding is two or three times as large as
that due to parental education. Given that parental education is perhaps the mosi pmnterf
predictorof academic achievemeand neighborhood attainment, this level of treatment-

outcome confounding is unlikely.
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The sensitivity of controlled direct effects to unobserved treatment-outconaindirfg
is assessed using the same procedures described previously except the areanatifthat
compose the bias term are now also made conditional on the meMigtorhat is,B = ;6.
wherey,, = E(Y;1|Ujo = 1, Ci, Aj1, Mj1) — E(Y;1|Ujp = 0, Cyo, A1, M;3, ) is the mean difference
in academic achievement associated with a unit change in the hypothetical treattoeme
confounder conditional on the observed treatment, mediator, and baseline contréls,=and
E(U;|Cio, Aix = ai, M;1) — E(Uy|Cio, Ai1 = a4, M) is the mean difference in the hypothetical
confounder for those exposed to neighborhood conditions givep, bgther tham,,
conditional on the mediator and baseline controls (VanderWeele 2015). The first rows in the
lower panel of Table 5 present estimatéthe controlled direct effecn applied problem scores
that are adjusted for unobserved treatment-outcome confounding. As before, the vglues of
andé,, are scaled to be multiples of the analogous mean differences associated witl parent
education. Results indicate that corizdldirect effect estimates remain significant and
substantively large except under extreme levels of unobserved treamenme confounding.

The sensitivity of controlled direct effects to unobserved mediator-outcome confounding
is assessed using thesect same procedures but witly now reeonceptualized as a mediator
outcome confounder, rather than a treatment-outcome confounder, which has important
implications for the specification @f,,. Unobserved mediatayutcome confounding is
problematic in analyses of controlled direct effects because conditioning orethator would
lead to collidesstratification bias—that is, setting the level of the mediator to some fixed value
would induce an association between treatment and the meebateome confounder even
though these two variables may be unconditionally independent. In this situationettiewliof

the induced association is determined by the effect of the unobserved confounder on ttoe media
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and by the effect of the treatment on the mediator. As documentedysigyithe effect of
neighborhood advantage on subsequent exposure to school poverty is negative, and given that
U;o is assumed to have a positive effect on academic achievement, the only plassibietias

about its effect on the mediator, school poverty, is that this effect is also netyattieer

words,U;, is assumed to be an unobserved variable that reduces exposure to school poverty and
increases academic achievemet example of such a confounder might be the educational
values of parents, where those who highly value formal education may be moreoligesure

their children attend low-poverty schools and to pronactelemic achievemeat home.

When the common causes of an outcome have effects that operate in the same direction,
conditioning on that outcome induces a negative association between its common causes. To
better appreciate this pattern in the present context, consider the followlhgdxgggerated
example: suppose that subjects only attend a low-poverty school if either theydive i
advantaged neighborhood or they have parents that highly value formal educatia. In t
contrived situation, subjects attending a low-poverty school and living in an advantaged
neighborhood must have parents who do not value formal education, while subjects attending a
low-poverty school and living in a disadvantaged neighborhoods must have parents who do
value formal education. Thus, among subjects attendingptoxgrty schools, there is a perfect
inverse association between neighborhood advantage and the educational values of parents
association between educational values and neighborhood context induced by conditioning on
school poverty would tend to suppress the positive controlled direct effect of neighborhood
advantage oacademic achievemehecause this effect would be based on a comparison of
subjects in advantaged neighborhoods who have parents that do not value education with

subjects in disadvantaged neighborhoods who have parents that do value education.
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To assess the sgitivity of controlled direct effects to unobserved mediator-outcome
confounding, | therefore use the negatio,gfin the computation for the bias term, which
reflects the assumed inverse association between treatment and the roglathebserved
confounder. The bottom rows in the lower panel of Table 5 present point estimates and
confidence intervals for the ntrolled direct effect that are adjusted for this type of confounding.
These results indicate that estimates of the controlled direct @ffe highly robust to plausible
patterns of mediator-outcome confounding. In fact, this type of confounding works to suppres
rather than inflate, estimates of controlled direct effects.

The sensitivity of natural direct effects to unobserved treatment-outcome aradanedi
outcome confounding can be assessed using the same procedures for controlledediect ef
under the assumption thisere is no interaction between the effects of treatment and the
mediator on the outcomBecause all treatmentedator interactions in models of academic
achievement are substantively small and not statistically significant, thimpissn appears
reasonable in the present analysis. The upper panel of Table 6 presents biadestjosites
for the natural direct &fct of neighborhood context on applied problem scores. These results
indicate that estimates of the natural direct effect are also highly robusatiméntoutcome and
mediatoroutcome confounding.he lower panel of Table 6 presents kaaljusted estiates for
the natural indirect effect, which is only sensitive to unobserved mediator-outcorioeinding.
These estimates are obtained by computing the same bias term used to asats=oniedme
confounding for the controlled and natural direct effects, but this term is then addedthan
subtracted, to compute a biadjusted estimate of the natural indirect effect (VanderWeele
2015) Results indicate that natural indirect effect estimakesdistinguishable from zero

under modest levels ofiediatoroutcome confounding.
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The sensitivity of natural direct and indirect effects to unobserved treatnaeimtor
confounding is assessed by first computing lidisisted estimates 6§, the effect of
neighborhood advantage on subsequent exposure to school poverty, and then substituting these
estimates in equations for the natural direct and indirect effects. The biasté&mis given by
B = k6, whered is defined exactly as before and= E(M;|U;o = 1, Cjo, Aj1) —
E(My|U;y = 0, Cy, A1) is the mean difference in exposure to school poverty associated with a
unit change in a hypothetical treatmemediator confounder, conditional on thesehved
treatment and baseline contrdlable 7 presents biagljusted estimatdsr thenatural direct
and indirecieffects of neighborhood context on applied problem scanethis analysis,he
treatmentmediator confounder is assumecdhtve a negative partial effect on subsequent
exposure to school poverty (i.e.< 0), where the specific values pfare scaled to equal
multiples of theconditional mean difference in exposure to school poverty associated with a one
standard deviation increase in parental education. These results inditastithates of natural
direct and indirect effects are also highly robust to potential treatmeh&tmeconfounding.

In addition to unobserved confounding, measurement error in the mediator can also lead
to bias in estimates of direct and indirect effects. This is concebeirauise measurement error
in the mediator tends to inflate estimates of natural direct effects and deflate¢essbfaatural
indirect effects, which could potentially obscure an important mediatingaogeiools in the
present study. Furthermore, this study measures the socioeconomic campdsichools with
just a single indicator of student poverty, but it measures the socioeconomic ¢mmmdsi
neighborhoods with a composite index based on multiple differewtcteristics of residents.

Thus, this study adopts a measure of school context that is arguably Idde eglchmore prone
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to error than its measure of neighborhood context, which amplifies concerns abalutebias
measurement error in the mediator.

Under the assumption of no treatmemgdiator interaction, the sensitivity of natural
direct and indirect effects to random measurement error can be assessed lingdrgsu
adjusted estimates @f; andA,,, the coefficients associated with neighborhood advantage and
school povey in models of academic achievement, and then substituting these estimates in

equations for the natural direct and indirect effects. Specificallyaopsted estimates of these
. dj _ 1 adj _ 1 .
parameters are given B’ = 1,; — 15,64, (E — 1) and A,;” = 1y 3 whee ¢ is the

proportion of variance in the mismeasured mediator explained by the trueonediat
(VanderWeele 2015). Table 8 presdnitssadjustedestimategor natural direct and indirect
effectson applied problem scores under different values, afhere lower values indicate
greater measurement erféThe biasadjusted estimates of the natutakct effect remain
substantively large and statistically significant, while the-bdjssted estimates of the natural
indirect effect remain substantively small and statistically insignificant, evesr extteme
levels of measurement error in the mediator.

Finally, causal inferences about direct and indirect effects are also based on the
assumption that the functional form of Equations 2 and 3 is correctly specified. &fatieD
Online Supplement reports results from a variety of specifications for ribg®ssion equations,
including several that permit extensive nonlinearities and several otheirscthde treatment
and mediator interactions with baseline controls. Results from these dipemifications
indicate that the reported estimates are highly robust. In sum, the centriaiston of this
analysis—that the socioeconomic composition of schools is nottecpkarly important mediator

of neighborhood effects aacademic achievemedtiring adolesceneewithstands many
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differentviolations of the confounding, modeling, and measurement assumptions on which it is

based.

DISCUSSION
Although theeducational effestof neighborhood context are extensively studibdre is
relatively little research on the mechanisms commonly hypothesized to medsatefieets.
This study investigates whether the socioeconomic composition of schools médiatedts
of neighlmrhood context on academic achievement during adolescence. Using appropriate
sequential measurements of the treatment, mediator, outcome, and controls tagether w
counterfactual methods, it finds that adolescent exposure to an advantaged mather tha
disadvantaged neighborhood reduces subsequent exposure to school poverty and improves
academic achievement; however, because the differences in school poverty inducadgea ch
in neighborhood context have only a minimal direct impact on academic achievement, the
socioeconomic composition of schools does not appear to be a very important mediator of
neighborhood effects during adolescence. By extension, this study also finds tlifacthe e
neighborhood context on academic achievernanhot be mitigatedyban intervention that
would equalize the socioeconomic composition of students across schools. An extereye batt
of sensitivity analyses indicates that these results are highly robusetdiglotiolations of the
assumptions on which they are based.

Taken together, these findings are difficult to reconcile with institutional resdoeory,
at least as it relates to the mediating role of schools in transmitting neighborfexts! @
academic achievement during adolescence. Although results iniaataoving from a

disadvantaged neighborhood to an advantaged neighborhood would substantially reduce
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subsequent exposure to school poverty, the differences in school composition induced by this
type of neighborhood mobility would have only a minimakdirimpact on academic
achievementThis suggests that neighborhood effects during adolescence are primarily due to
mediating factors not directly linked to sch@oimposition such as neighborhood subcultures,
collective efficacy, violent crime, or envinmental hazards.

A potentially important policy implication of these findings is that interventions nedig
to reduce the socioeconomic segregation of students across schools may noarsiiynifi
attenuate the educational effects of socioeconomic sagye@cross neighborhoods. While this
type of school-level intervention can certainly be motivated on alternative grandds
implemented to achieve alternative goals, this study suggests that policggedds mitigate
the effects of neighborhood segationon academic achievememnty not be very effective if
they focus primarily on the local school environment. In other words, overcomingebts eff
socioeconomic segregation across neighborhowdaequire placebasedrather than school-
basedjnterventions that focus primarily on local neighborhood environments, such as targeted
investments in infrastructure and housing, community policing, and soaé-residential
mobility programgSharkey 2013). Without additional, corroborating medrainalyseshat
focus on other educational outcomes and other developmental periods, hoegyaicy
implications of the present studgmain preliminary and somewhat speculative

The results of this analysis are also inconsistent, at least invigarseveralprior studies
that attempt to estimate joint effects of neighborhood and school conditions on academic
achievement. For example, Cook et al. (2002:1305) report that “neigidabcoefficients were
regularlysmaller than the other context ch@entsand werenot even systematically reliable in

models that included other contexts,” such as schools. Similarly, Carlson and Cowen (2014:48)
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find that “for one-year test score gains, the school a stademds is more important than the
neighborhood in which the student residasd that heighborhood disadvantage can be more
than offset by attendance at a hignality school.” By contrast, this study suggests that
neighborhood effects are substantively large, statistically signifiaashtyighlyreliable during
adolescence and that they cannot be explained in terms of school effects,revisichséantively
small, statistically insignificant, and generally unreliable during this dpuetatal period.

There are a variety of possible explanations for these differences. Forlextimap
studies mentioned previously use data representative of single citieshathénre national
population; adopt different measures of neighborhood context, school contextaalednic
achievementand rely on concuent rather than sequential measures of these variables, making it
difficult to determine causal prioritygut two possible explanations for these differences stand
out as particularly important. First, compared to these prior studies, the predgsisastimates
adolescent contextual effects while controlling for a more extensive setative confounders,
including baseline measures of the treatment, mediator, and outResearch suggests that
inferences about school effects are extremely sensitithee extent to which the study design
controls for confounding (Lauen and Gaddis 208ecifically, findings indicate that study
designs with less rigorous controls yiéddge estimates of schoelfects, whilealternative
designs with more rigorousatrols yield small estimates that are substantively trivial. Results
from the present study resonate with these findings, and in ancillary analysegarnted here, |
also find that estimated school effects become larger and statistically sighifimmodels that
include a less extensive set of controls.

Second, these prior studies focus on an earlier developmental period than is considered in

the present analysis. Research suggests that neighborhood effects are more gutahoiunrg
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adolescence wheandividuals become especially sensitive to local pé&ushor Forthcoming,
Wodtke 2013), while several other studies suggest that school effects may be stariges
during childhood when individuals are especially sensitive to instru@tieckman ad Krueger
2004, Heckman 2006). Thus, neighborhood and school effects may operate during different
developmental periods, and the purportedly weaker effects of neighborhood context during
childhood may be mediated entirely by the school environment tdwhitdren are exposed at
this stage of development.

This study focuses squarely on paimtime effects of neighborhood and school contexts
measured during adolescence, and it does not attempt to estimate total,rdindaect effects
of time-varying contextual exposures throughout childhood and adolescence. Although this
aspect of the research design provides considerable protection against confousdins mat
without limitations. In particular, given that contextual effects likely demerttie timing of
exposure during the course of development, the results from this analysis canncdpmdadzt
to other developmental periods. An important direction for future research wallitreetstigate
neighborhood effect mediation during both childhood and adolescence usingatiyimeg
contextual measures. Unfortunately, the development of tractable estimatiedyyescfor
mediation analyses in the tiavarying setting is still in its infancfanderWeele 2015)

Another limitation of the preséstudy is that it focuses on a single dimension of school
context—the socioeconomic composition of students. Although prior research on school effects
indicates that this dimension tends to exhibit the strongest association with sitfdenément
it remains possible that other measures of the school environment play a more important
mediating role in transmitting neighborhood effects. To address this limitatongducted

ancillary analyses with a variety of different schtslel measures, includirtge racial
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composition of students, the teacher-pupil ratio, per-pupil expenditures, and aggeegiate
measures of teacher human capf®asults from this analysis provide no evidence that any of
these school characteristics, taken individually or jointly, mediate thasfieneighborhood
context (see Part B of the Online Supplement for details). Nevertheless,regaarch should
investigate the mediating role of school characteristics that are not cedsid¢his study and
that may be more ately linked with neighborhood context amchdemic achievemersuch as
the school social climate or-sthool violence (e.g., Burdick-Will 2013).

Finally, this studyis limited by its narrowWocuson achievement test scorédthough test
scores are correlated with a variety of otingportant outcomes, such as high school graduation
andcollege attendancé,remains possible that teeotheroutcomes are more sensitive to
adolescent differences in school environments, and by extension, that schoolsptay a
important role in mediatinthe effects of neighborhood contexttbese otheoutcomesFor
example, there is considerable evidence that differences in school resources, teache
characteristics, anstudent composition have large effects on celletjendance and criminal
behavior (Deming 203 Deming et al. 2014). Future research should investigagtherschool
characteristicenediate neighborhood effects otiherdevelopmental outcoméisat are also
important determinants of economic, sociakl @hysical welbeing

These limitations notwithstanding, the weight of the evidence indicates that
neighborhood effects on academic achievement during adolescence are primegswithef
mediating factors unrelated to the school environment. This suggests that ungaeKirigak
box” through which neighborhood effects are transmitted will likely require a eshéwus on
alternative pathways, such as those related to local subcultures or violent-tantiag 2009,

Harding 2011)among a varietyfather possibilities. Although this study fails to confirm an
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important role for one commonly hypothesized pathway, it directs the focus @& fatgarch
toward alternative pathways and introduces powerful counterfactual methtbdshigh they

can be evaluated.

ENDNOTES

1. For intercensal years, tract characteristics are imputed using linepoliatien.

2. 1 do not employ a composite measure of school composition similar to that used for
neighborhood composition because the different sclevel-measures outlined here are only
weakly correlated with one another, which means that any composite medishase low

reliability (see Appendix B for details).

3. The expression for the average total effect comes #6M |C;y = E(Cip), 4;1 = aj) —

E(Y;11Cio = E(Cio), Aix = a1) = (Bo + B11a7) — (Bo + P11a1) = Br1(a; — aq).

4. The expression for the average natural direct effect comesEf(@’m Cio = E(Cyp),Aj1 =
aj, M;; = E(Mj;|Cio = E(Cip),Aiz = a1)) - E(Yi1|Cio = E(Cip),Aiy = a1, My; =

E(Mi|Cio = E(Cip), Ain = a1)) = (Ao + 105 + (8p + 011a1)(Az1 + A31a))) —

(/10 + 41101 + (0 + 011a1) (A1 + /131a1)) = (M1 + 23160 + A31011a4)(a] — ay). Similarly,
the expression for the average natural indirect effect comesEf((n’m Cio = E(Cyp),Aj; =

aj, My = E(My|Cyo = E(Cyo), Ay = a})) — E(Yi1|Cio = E(Cyo), Ay = aj, My =

E(M;11Cio = E(Cyio), Aix = al)) = (/10 + 41107 + (6 + 011a7) (A1 + /131ai)) -

(/10 + A1a1 + (6 + 011a1) (A1 + /131ai)) = (421011 + A31011a7)(a] — ay).
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5. Theexpression for the controlled direct effect comes fE(, |C;o = E(C;o), Ai1 =
aj, My = my) — E(Yi1|Cio = E(Cio), Ay = a1, My =my) = (Ao + 11105 + my (A1 +

/131a{)) - (/10 + A0 + my(Ag; + /131a1)) = (411 + A3my)(ai — ap).

6. Specifically, | use the cluster bootstrap, which resamples at the te¢kelmrimary sampling
unit rather than the individual observations, to adjust for the clustering of childiren wit

families in the PSID.

7. Missing values in the PSID are primarily due to sample attrition and, to adegsee, item-
specific nonresponse. In addition, because the PSS does not include information on free lunch
eligibility, subjects attending private schools, who compose between 6 to 9 pertent of

analytic ample at each wave, are also missing data on the mediator of interests lgootipi, |

use measures of school racial composition, which are included in the PSS, alonbothitr al

variables outlined in the data and measures section to impute schedlpates.
8. The contrast between neighborhoods at tfev@@sus the 2Dpercentile of the national
treatment distribution is roughly equivalent to a one andnatfestandard deviation difference

on the composite measure ofgidorhood advantage.

9. Note that this approach to sensitivity analysis assumes that the partiabeffgconY;; does

not vary across;, or 4;;.
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10. | focus on results for applied problem scores throughout the sensitivity abakysise this
is themeasuref academic achievemefdr which there is evidence of a significant

neighborhood effect.

11. To put these values in perspective, the proportion of variation in the single measure of
neighborhood poverty explained by the composite measure of neighborhood advantage is about
0.80 in the analytic sample used in this study. Thus, valugs©010.80 for the socioeconomic

composition of schools seem implausible.
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TABLES

Table 1. Longitudinal measurement strategy

Time
1995 1997 1999 2001-03 2005 2007
Main survey PSID95 PSID97 PSID99  PSID01/03  PSIDO5 PSIDO07
CDS survey - CDS97 - CDS02 - CDS07
Analytic sample
8-12 year olds at CDS97 Ao Mo, Yo, Co A1 Mi, Y1 - -
Age 6-10 8-12 10-14 13-17 - -
3-7year olds at CDS/ - - Ao Mo, Yo, Co A1 M, Y1
Age - - 6-10 8-12 11-15 13-17




Table 2. Sample characteristics

Variables Mean SD
Childhood measures (baseline controls)
Prior treatment and mediator
Neighborhood advantage index -0.81 2.31
School poverty rate 40 .30
Prior test scores
Letterword test score 104.02 18.62
Applied problem test score 105.71 16.74
Subject characteristics
Black 43 49
Female 49 .50
Age at baseline 10.00 1.41
Family characteristics
PCG age at baseline 37.65 7.08
PCG education 12.84 2.44
Wealth (cubeoot real dollars) 29.40 29.35
Incometo-needs ratio 3.01 2.48
Southern residence 46 .50
Household cognitive stim. score 10.22 2.03
Family size 4.26 1.33
Family owns home .65 48
Head is married .64 48
Head is employed .83 .38
Adolescent measures
Focal treatment and mediator
Neighborhood advantage index -0.53 2.35
School poverty rate .32 27
Focal test scores
Letterword test score 100.41 19.30
Applied problem test score 100.17 15.61

Notes: Sample includes respondents who weesviewed at
the 1997 wave of the CDS between age 3 andR&8ults are
combined estimates from 100 imputations.
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Table 3. Joint treatmemtediator distributiorduring adolescence

" School poverty gintile

row
cell 1 2 3 4 5 Total
54 69 123 224 234 704
1 .08 10 17 32 33
.02 .03 .06 10 11
© 72 104 101 92 69 438
g 2 .16 24 23 21 .16
> .03 .05 .05 .04 .03
o
£ 101 115 69 36 31 352
_g 3 29 33 20 10 .09
@ .05 .05 .03 .02 01
3
£ 148 79 46 33 15 321
2 4 46 25 14 10 .05
2 .07 .04 .02 .02 01
Z
266 77 26 17 6 392
5 .68 20 .07 .04 01
12 .03 .01 .01 .00
Total 641 444 366 403 355 2208

Notes:Sample includes respondents who waterviewed athe 1997 wave of
the CDSbetween age 3 and 12. Results are combined estimates from 100
imputations.



Table4. Total, direct, and indirect effects of neighborhood contexocaemic achievemeduriing adolescence

School poverty

Letterword scores

Applied problem scores

Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage -.195 <.001 .053 .100 .048 .140 107  .001 100 .002
(.052) (.032) (.032) (.032) (.032)
School poverty -.026 .336 -.044 .076
(.027) (.025)
Nhood x school —-.001 .959 -.019 .310
(.019) (.019)
Tot. effect 079 .092 161 .001
(.047) (.049)
Nat. direct effect 071 129 147 .003
(.047) (.050)
Nat. indirect effect .008 .504 019 122
(.012) (.012)
Prop. mediated .10 A2
Ctrl. direct effect 071 131 153 .002
(.048) (.050)
Prop. eliminated .09 .05

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 12. Re
are combined estimates from 100 imputations. Models control for prior measuresreatimeent, mediator, and
outcome, as well asthercharacteristics of the subject and his/her family. Téatinent, mediator, and outcome are
standardized tbave zero mean and unit variance. Standard errors are reported in parenihakes &e from two
sided ztests of no effect.
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Table5. Sensitivity of total and controlled direct effects on applied problem scores tdétypait
patterns of treatmesutcome and mediator-outcome confounding

gamma
Effect/type 1 2 3
est ci est ci est ci

Total effect
. g o 151  (.054, .248) 141 (.044, .238) 131 (.034, .228)
<TC “E g 141 (.044, .238) 121 (.024, .218) 101 (.004, .198)

3 131 (.034, .228) 101 (.004, .198) .071 (-.026, .168)
Ctrl. direct effect
o g & 143 (.045, .241) 133  (.035, .231) 123 (.025, .221)
J: qg § 133  (.035, .231) 113 (.015, .211) .093 (-.005, .191)

3 123 (.025, .221) .093 (-.005, .191) .063 (-.035, .161)
v __g’ & -3 .183 (.085, .281) 213 (.115, .311) 243 (.145, .341)
T qg S -2 173 (.075, .271) 193 (.095, .291) 213 (.115, .311)
= 3 ° -1 163 (.065, .261) A73 (075, .271) 183  (.085, .281)

Notes: Gammaepresents the conditional mean diffaxem the outcome associated with a unit
difference in the unobserved confounder. Delta represents the conditional meanckfia the
unobserved confounder associated with a unit difference in treatment.

61



Table6. Sensitivity of natural direct and indirect effects on applied problem scorggdthatical patterns of
treatmertoutcome and mediat@mutcome confounding

gamma
Effect/type 1 2 3
est Ci est Ci est Ci
Nat. direct effect
. _g’ & 137 (.040, .234) 127 (.030, .224) 117 (.020, .214)
<TC ,E § 127 (.030, .224) 107  (.010, .204) .087 (-.010, .184)
3 117 (.020, .214) .087 (-.010, .184) .057 (-.040, .154)
v _g’ & -3 177 (.080, .274) 207 (110, .304) 237  (.140, .334)
T qg S -2 167  (.070, .264) 187  (.090, .284) 207  (.110, .304)
> 3 © -1 157  (.060, .254) 167  (.070, .264) A77  (.080, .274)
Nat. indirect effect
o _g’ & -3 -.011 (-.035,.012) —-.041 (-.065, -.018) -.071 (-.095, —.048)
T qg S -2 -.001 (-.025,.022) —.021 (-.045, .002) —-.041 (-.065, -.018)
= 3 ° -1 .009 (-.015, .032) -.001 (-.025,.022) -.011 (-.035,.012)

Notes: Gammaepresents theonditional mean difference in the outcome associated with a unit differenc
the unobserved confounder. Delta represents the conditional mean difference in thevadaosdounder
associated with a unit difference in treatment.
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Table7. Sensitivityof natural direct and indirect effects on applied problem scores to hypothetieahpa

of treatmerimediator confounding

kappa
Effect/type -3 -2 -1
est ci est ci est ci

Nat. direct effect
= g’ o 147  (.050, .244) 147 (.050, .244) 147  (.050, .244)
<Tt qg § 148  (.051, .245) 148  (.050, .245) 147  (.050, .244)

3 148  (.051, .245) 148  (.051, .245) 147 (.050, .244)
Nat. indrect effect
S g . 1 .016 (-.005,.037) .017 (-.005, .038) .018 (-.005, .040)
J: ug § .013 (-.005, .031) .015 (-.005, .035) .017 (-.005, .038)

3 .010 (-.006, .026) .013 (-.005, .031) .016 (-.005, .037)

Notes: Kappa represeritse conditional mean difference in the mediator associated with a unit ditfarer
the unobserved confounder. Delta represents the conditional mean difference in thevadauwsdounder

associated with a unit difference in treatment.
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Table 8. Sensitivity of natural direct and
indirect effects on applied problem scores to
measurement error in the mediator

Effect est ci

Nat. direct effect

Phi
0.9 149  (.052, .247)
0.8 148  (.050, .245)
0.7 146 (.048, .244)
0.6 143 (.045, .242)

Nat. indirect effect

Phi
0.9 012  (-.004, .028)
0.8 013  (-.005, .032)
0.7 015  (-.006, .036)
0.6 018  (-.006, .042)

Notes: Phi represents the proportion of variar
in the mismeasured mediator explaifgcthe
true mediatorThese estimates are based on
models ofacademic achievemetitat exclude
the treatmenmediator interaction term.
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FIGURES
Figure 1. Directed acyclic graph depicting the hypothesized causabmelaips between neighborhood context, school poverty, and

academic achievement

{Aﬁ" MQ' C{}" Y{}‘}

AI \:f/i YI

Notes:A; = neighborhood advantagd, = school poverty(; = covariates, an#f, = academic achievement
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Figure 2. Directed acyclic graphs depicting patterns of unobserved confoundingtidiead to bias in mediation analyses of

neighborhood effects

A. Treatment-outcome confounding B. Mediator-outcome confounding

{A(}J Ma’ C{?’ Y{?} {Ag’ Mg’ Cg, Yg} N‘

C. Treatment-mediator confounding D. Treatment-induced mediator-outcome confounding

{AO’ MO’ CO’ YO} {A0’ MO’ CO’ YO}
‘\\
4, M, ——— ¥, 4, M, ——— ¥,
A
u U

Notes:A; = neighborhood advantagd, = school poverty(; = covariatesy; = academic achievement, atid= a hypothetical

unobserved covariate.



ONLINE SUPPLEMENT
Part A: The Composite Measure of Neighborhood Advantage
This section describes the composite measure of neighborhood advantage. TablesAtg pres
bivariate correlations between the different neighborhood characterisgtt$ougenerate this
composite measure:dipovertyrate theunemploymentate median household inconthe
proportion of households that deenaleheadedthe proportion of residents age 25 or older
without a high school diploma, the proportion of residents age @ler with a college degee
and the proportion of residents age 25 or older in managerial or professional occupations. All of
these characteristics are highly correlateih absolute values of the bivariate correlations
consistently excedag 0.50.

Table A.2 presents results from a principal components analysis (PCA) of tteese da
PCA is a dimension reduction technique that converts adiigbnsional set of correlated
variables into a low-dimensional set of linearly uncorrelated “principal conmpginender the
constraint that each successive component accounts for as much variability i the dat
possible. Specifically, principal components are weighted linear combinatitims iofput
variables, with weights given by an eigen decomposition of the correlatiox.nfable A.2
shows the weights used to construct the first principal component as well as the gmagahe
total variance explained by this component. The first principal component idiakg@ simple
average of the different neighborhood characteristits tdisadvantaged” characteristics (e.g.,
the poverty rate) receiving positive weight and “advantaged” chardicte(is.g., the proportion
of residents age 25 or older with a college degree) receiving negative Wteagicbunts for 65

percent of the t@al variation in the data.
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The composite measure of neighborhood advantage usedradilitionanalyses is
equal to the negation of this first principal component. Negating the component simaptes
that higher values are associated with more adgadtaeighborhoods and that lower values are
associated with more disadvantaged neighborhoods. Table A.3 presents descrijstivs §ba
each neighborhood characteristic, separately by quintiles of this compesiseire. In the first
quintile of neighborhoods, which are highly disadvantaged, about 30 percent of households are
below the poverty line; 13 percent of resident adults are unemployed; and nearlgetQ per
resident adults have not earned a high school diploma. By contrast, in the fiftle qfin
neighborhoods, which are highly advantaged, only 4 percent of households are below the poverty
line; 4 percent of resident adults are unemployed; and just 6 percent of residesnhadeihot

earned a high school diploma.
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Table A.1. Correlation matrix for neighborhood socioeconomic characteristics

Variables (1) (2) (3) (4) (5) (6) (7)
(1) Percent mgr/prof workers 1.00

(2) Median income .73 1.00

(3) Percent college graduates .93 72 1.00

(4) Percent without high school diploma -.73 —-.63 =71 1.00

(5) Percent femalbaeaded households -41 -.54 -.39 46 1.00

(6) Percent in poverty -.52 —-.65 -.44 .69 .70 1.00

(7) Percent unemployed —44 —.46 -41 .54 .62 T2 1.00

Notes: Results based on all U.S. census tract-years pooled across 1995 to 2007.
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Table A.2. Weights from principal component analysis
(PCA) of neighborhood socioeconomic characteristics

, 1st PC
Variables Weight
Percent mgr/prof workers —.400
Median income -394
Percent college graduates —-.386
Percent wthout high school diplom: .398
Percent femaldeaded households 334
Percent in poverty .388
Percent unemployed 341
Component variance 4.568
Proportion total variance explainec .653

Notes: Results based on all U.S. census yaats
pooled across 1995 to 2007. PCA is based on the
correlation matrix.
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Table A.3. Neighborhood socioeconomic characteristics by advantage index guintile

Neighborhood advantage index

Variable 1st quintile 2nd quintile 3rd quintile 4th quintile 5th quintile

Mean Mean Mean Mean Mean

Percent mgr/prof workers .18 24 .29 37 52
Median income ($1,000) 25.94 34.90 41.98 52.36 77.69
Percent college graduates .09 14 19 .29 .50
Percent without high school diploma .38 24 A7 12 .06
Percent femaldeaded households 43 .28 22 19 13
Percent in poverty .30 .16 .10 .07 .04
Percent unemployed 13 .08 .06 .05 .04

Notes: Results based on all U.S. census tract-years pooled across 1995 to 2007.
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Part B: Parallel Analyseswith Alternative Measures of School Context

This section reports estimatesm parallel analyses based on alternative measures of school
context. Table B.1 presents bivariate correlations between the compositeerasdas
neighborhood advantage, school poverty, and then several other measures of school context
obtained from the CCD and PSS, including the percentage of a school’s student body who
identify as black, the school’'s teachmipil ratio, and the log of the school district’s per-pupil
expenditures. Several patterns are evident in these data. First, asidesfisrhdopoverty rate

and school racial composition, none of the other school characteristics are verycbrgslgted
with the composite measure of neighborhood advantage. For example, the bivarddat @o
between neighborhood advantage and school powerf56, but the bivariate correlation
between neighborhood advantage and per-pupil expenditures is only 0.12. The weakassociati
between neighborhood context and alternative measures of school context at thie bavalia
suggest that these schoohchcteristics are unlikely to be very important mediators of
neighborhood effects.

Second, aside from the school poverty rate and school racial composition, the pairwise
correlations between school characteristics in Table B.1 are also notreagy 8thile the
correlation between the school poverty rate and the percentage of a school’sisidgiento
identify as black is 0.54, none of the other pairwise correlations between schodleststies
exceed 0.25, and several are close to zero. The weak associations between these alternat
measures of school context preclude the construction of a composite measure of school
advantage similar to the composite measure of neighborhood advantage describadlpre
Any composite measure based on weakly tated input characteristics will have low reliability

and will not account for a sufficient proportion of variance in the multivariateldison.
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Tables B.2, B.3, and B.4 present total, natural direct and indirect, and controlled direct
effect estimatebased on measures of school racial composition, the teacher-pupil ratio, and per-
pupil expenditures, respectively. None of the effect estimates provide argtimalithat these
alternative measures of school context mediate neighborhood effects oniacdeavement.
Across all of these analyses, the estimated direct effects are substantivelstédigiesally
significant, and comparable to the total effect of neighborhood context, whildithated
natural indirect effects are close to zero aatigtically insignificant. Furthermore, controlled
direct effects estimated from models that jointly control for school powsatyol racial
composition, theeachespupil ratio, and per-pupil expenditures also provide little evidence that
these school characteristics mediate neighborhood effects when considerdéghsiously rather
than separately (results not shown, available upon request).

Table B.5 presents bivariate correlations between the composite measure of
neighborhood advantage, school poverty, and then several other measures of school context
obtained from the 2007 NCES Teacher Compensation Survey (TCS), includireg¢beggeof
teachers with graduate degrees, the average number of years of workreogpamong teachers,
and the average base salary of teachers. The TCS is a relatively new pilptisatveas only
conducted in 16 participating states. The participating states include Arzolmaado, Florida,
Idaho, lowa, Kansas, Kentucky, Louisiana, Maine, Minnesota, Mississippi, MisSebraska,
Oklahoma, South Carolina, and Texas. Thus, sclevel- measures from the TCS can only be
matched to the subset of respondeviie werel3 to 17 years old at the 20@ave of the CDS
and who were living in one of these states. Although this subsample includes2st7
subjects, analyses based on the TCS can still shed some light on whether teache&abiiaia

is an important mediator of neighborhood effects during adolescence.
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The bivariate correlations in Table B.5 indicate that the association betweesr teach
human capital and neighborhood advantage is fairly weak. For example, the bivareltgion
between neighborhood advantage and the percentage of teachers with graduatésgegrees
0.13. The strongest of these correlations is between the composite measure ofinexghb
advantage and average teacher base salary, which registers at orBy@@tparison, the
bivariate correlation between neighborhood advantage and school poverty in this subsample is
0.68. As before, the rather weak bivariate associations between neighborhoodasmhtext
aggregate measures of teacher human capital suggest that these alternative actobetistics
are unlikely to be especially important mediators of neighborhood effects. Mortéw/e
correlations between different aggregate measures of teacher human capitatandectiom
0.13to 0.32, are also insufficiently strong to support the construction of a composite méasure
school advantage.

Tables B.6, B.7, and B.8 present total, natural direct and indirect, and controlled direct
effect estimates based on the peragatf teachers with graduatkegreesaverage teacher work
experience, and average teacher base salary, respectively. Because these anagsssarab
substantially smallesample than those presented in the main text, the regression models from
which effect estimates are computed must be simplified considerably. Rathexdjast for all
of the baseline controls outlined in the main text, these models control only fondapea
measures of academic achievement. This approach accommodates the relatiVelyrsber of
respondents who can be matched to the TCS while still providing some protection against
confounding bias. The effect estimates in Tables B.6 to B.8dwdittle evidence that any of
these alternative schoeldvel measuremediate neighborhood effects academic achievement

during adolescenc@lthough all of these estimates are relatively imprecise owing to the small
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sample size, thestimated directfeects on applied problem scores are generally large,
marginally significant, and comparable to the total effect, while the estimatedlnadirect
effects are close to zero and do not even approach conventional significance thrébleskls.

results a@ highly consistent with those presented in the main text.
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TableB.1. Correlation matrix for neighborhood advantage and alternative measures ofcectiexi
from the NCES Common Core of Dateeasured during adolescence

Variables (2) (2) (3) 4) (5)
(1) Neighborhood advantage index 1.00

(2) School poverty -.56 1.00

(3) School percent black -.48 54 1.00

(4) School teachgoupil ratio -.02 -.02 -.13 1.00

(5) District perpupil expenditures (log) 12 -.05 .08 -.23 1.00

Notes: Sample ifades respondents who wenterviewed athe 1997 wave of the CO&tween age
3 and 12 Results are combined estimates from 100 imputations.
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TableB.2. Effects of neighborhood conteddring adolescences mediated by school racial composition (BLK)

School BLK Letterword scores Applied problem scores
Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage -.030 .312 072 .025 072 .025 113 .001 114 .001
(.030) (.032) (.032) (.033) (.033)
School BLK -.029 .467 -.095 .007
(.039) (.035)
Nhood x school -.008 .680 -.033 .084
(.018) (.019)
Tot. effect 108 .021 169  .001
(.047) (.050)
Nat. direct effect 108  .022 171 .001
(.047) (.051)
Nat. indirect effect .002 491 .006 .357
(.003) (.006)
Prop. mediated .01 .03
Ctrl. direct effect 108  .022 171 .001
(.047) (.051)
Prop. eliminated .00 -.01

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 12. Re

are combine@stimates from 100 imputations. Treatment, mediator, and outcome are standardaexizero mean
and unit variance. Standard errors are reported in parenthesdaeB-are from twsided ztests of no effect.
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TableB.3. Effects of neighborhood c@xt during adolescencas mediated by the school teacpapil ratio (TPR)

School TPR Letterword scores Applied problem scores
Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage -.115 .013 072 .022 072 .022 122 <.001 120 <.001
(.047) (.031) (.031) (.032) (.032)
School TPR .003 .881 -.013 .529
(.022) (.021)
Nhood x school 012 .456 -.006 .711
(.017) (.016)
Tot. effect 107 .019 182 <.001
(.046) (.050)
Nat. direct effect 109 .018 180 <.001
(.046) (.050)
Nat. indirect effect -.003 .611 .003 544
(.005) (.005)
Prop. mediated -.03 .02
Ctrl. direct effect 107 .019 180 <.001
(.046) (.050)
Prop. eliminated .00 .01

Notes:Sample includes respondents who wererinewed athe 1997 wave of the CDS between age 3 and 12. Re
are combined estimates from 100 imputations. Treatment, mediator, and outcotardaelized to have zero mean

and unit variance. Standard errors are reported in parenthesdaeR-ardrom two-sided ztests of no effect.
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TableB.4. Effects of neighborhood contekiring adolescencas mediated by district p@upil expenditures (EXP)

D'St(rllgé)EXP Letterword scores Applied problem scores
Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage .035 315 072 .022 .074 .019 121 <.001 124 <.001
(.035) (.031) (.031) (.032) (.032)
District EXP (log) .019 .586 -.008 .814
(.035) (.033)
Nhood x district -.015 .316 -.010 .438
(.015) (.013)
Tot. effect 107 .019 182 <.001
(.046) (.049)
Nat. direct effect 111 .016 186 <.001
(.046) (.050)
Nat. indirect effect .000 931 -.001 .714
(.003) (.003)
Prop. mediated .00 -.01
Ctrl. direct effect 110 .017 185 <.001
(.046) (.050)
Prop. eliminated -.03 -.02

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 12. Res
are combined estimates from 100 imputations. Treatment, mediator, and outcotardaelzed to have zero mean
and unit variance. Standard errors are reported in parenthesdaeB-are from twsided ztests of no effect.



TableB.5. Correlation matrix for neighborhood advantage and alternative measures ofcectiexi

from the TCSmeasured during adolescence

Variables (2) (2) (3) 4) (5)
(1) Neighborhood advantage index 1.00

(2) School poverty —.68 1.00

(3) Percent of teachers with grad. degrees 13 -.09 1.00

(4) Average years of teacher experience 13 -.18 .32 1.00

(5) Average teacher base salary 21 -.25 .18 13 1.00

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CO&tween age 3

and 7 and who could be matched to a school in the 2007 TCS when they were between age 13 and 17.
Resultsare combined estimates from 100 imputations.
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TableB.6. Effects of neighborhood conteddring adolescencas mediated by the progion of teachers with a graduate

degree (GRDEG)

School GRDEG

Letterword scores

Applied problem sores

Variable/estimand Eqg.2 Eqg.1 Eqg.3 Eq.1 Eqg.3
est pval est pval est pval est pval est pval
Nhood advantage 132 118 .050 .368 .050 .390 .093 .062 102 .042
(.084) (.055) (.058) (.049) (.050)
School GRDEG .005 .908 -.019 .615
(.046) (.038)
Nhood x school -.004 .929 -.049 .140
(.048) (.033)
Tot. effect 075 .390 139 .054
(.087) (.072)
Nat. direct effect 075 415 159  .034
(.092) (.075)
Nat. indirect effect .000 .986 -.014 317
(.019) (.014)
Prop. mediated .00 -.10
Ctrl. direct effect .074  .409 154 .037
(.090) (.074)
Prop. eliminated .00 -11

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 7 and wt

could be matched to a school in the 2007 TR&sults are combined estimates frbd® imputations. Models control for

race and prior measures of the outcome only. Treatment, mediator, and outcoedareliged to have zero mean and
unit variance. Standard errors are reported in parenthesakid3-are from twsided z-tests of ndfect.



TableB.7. Effects of neighborhood contekiring adolescencas mediated by school average teacher experience (T

School TEXP Letterword scores Applied problem scores
Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval ed pval est pval est pval est pval
Nhood advantage .054 470 .050 .368 .049  .375 .093 .062 .095 .051
(.075) (.055) (.056) (.049) (.049)
School TEXP .047  .265 .033 .388
(.042) (.038)
Nhood x school .025 .566 .036  .393
(.044) (:042)
Tot. effect 075 .390 139  .054
(.087) (.072)
Nat. direct effect 073 .400 142 .046
(.087) (.071)
Nat. indirect effect .006 .670 .005 .647
(.013) (.011)
Prop. mediated .08 .04
Ctrl. direct effect 074  .398 143 .044
(.088) (.072)
Prop. eliminated .01 -.03

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 7 and wr

could be matched to a school in the 2007 TCS. Results are combined estimates from 10@mspMiadiels control for

race and prior measurestbe outcome only. Treatment, mediator, and outcome are standardized to have zero mean and
unit variance. Standard errors are reported in parenthesakid®-are from twasided ztests of no effect.
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TableB.8. Effects of neighborhood context during ldeenceas mediated by school average teacher salary (TSAL)

School TSAL Letterword scores Applied problem scores
Variable/estimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage 219 012 .050 .368 .033 .540 .093 .062 094  .065
(.087) (.055) (.054) (.049) (.051)
School TSAL .098 .018 065 .119
(.041) (.042)
Nhood x school -.014 .668 -.053 .142
(.034) (.036)
Tot. effect 075 .390 139 .054
(.087) (.072)
Nat. direct effect 052 551 150 .048
(.088) (.076)
Nat. indirect effect .027 .236 .005 .831
(.023) (.021)
Prop. mediated .36 .03
Ctrl. direct effect .050 .565 141 .061
(.087) (.075)
Prop. eliminated .33 -.02

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 and 7 and wr
could be matched to a school in the 2007 TCS. Results are combined estimates from 10@mspMiadiels control for
race and prior measures of the outcome only. Treatment, mediator, and outcoredareligzed to have zero mean and
unit variance. Standard errors are reported in parenthesakid®-are from twasided ztests of no effect.



Part C: Weighted Estimates

This section reports estimates that are weighted to adjust for the overgpaiptiwincome
families inthe PSID analso fornonrandomattrition. Tables C.1 to C.2 report weighted
descriptive statistics analogous to those reported in the main text that appeqamalation
distributions for the target cohort of children. Table C.3 repogighted estimates of the causal
parameters in Equations 1 to 3. These estimates are very similar to the unwestjhtates
reported in the main text, which suggests that the regression models sufficiently fooratll
relevant aspects of the samplaida without the use of weights. Standard errors for the
weighted estimates are larger than those for the unweighted estimatesteftbath the
inefficiency of additionally using weights to adjust for features of the gudesign for which

the regressin model already adjusts directly (Winship and Radbill 1994). Table C.3 also
contains results from “design ignorability tests” that evaluate the null hggisthat the
weighted and unweighted estimators converge in probafififgffermann 1993)These tests are
performed by conducting conventional heteroscedastigliyst Ftests to evaluate the joint
significance of interaction terms between the covariates and the weights weighted
regression model. Palues from these tests show that the nglidthesis is not rejected in any of
these models at conventional significance thresholds, indicating that the veaights safely

ignored in the mediation analysis.
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Table C.1. Weighted sample characteristics

Variables Mean SD

Childhood measures
Prior treatment and mediator

Neighborhood advantage score -.38 2.25
School poverty rate .35 .29
Prior test scores
Letterword test score 106.93 19.04
Applied problem test score 108.70 16.83
Subject characteristics
Black 18 .38
Female .50 .50
Age at baseline 10.05 1.42
Family characteristics
PCG age at baseline 38.10 6.56
PCG education 12.95 2.73
Wealth (cubeoot real dollars) 34.44 30.46
Incometo-needs ratio 3.33 2.63
Southern residence 34 48
Household cognitive stim. score 10.41 2.02
Family size 4.41 1.31
Family owns home 72 45
Head is married 73 44
Head is employed .86 .35

Adolescent measures
Focal treatment and mediator

Neighborhood advantage score -.10 2.30

School poverty rate .28 .25
Focal test scores

Letter-word test score 103.62 19.43

Applied problem test score 103.39 15.83

Notes:Sample includes respondents who were interviewed at tt

1997 wave of the CDS between age 3 and 12. Results are combined
estimates from 100 imputations and weighted to adjushé&®

PSID-CDS complex sampling design.



TableC.2. Weighted joint treatmemmbediator distributiorduring adolescence

" School poverty quintile

row
cell 1 2 3 4 5 Total
41 51 89 175 149 504
1 .08 10 18 35 30
.02 .02 .04 .08 .07
© 81 116 113 74 56 440
g 2 .18 .26 .26 17 13
> .04 .05 .05 .03 .03
o
£ 130 141 73 40 31 415
_g 3 31 34 18 10 .08
@ .06 .06 .03 .02 01
3
£ 171 91 50 32 13 357
2 4 48 25 14 .09 .04
2 .08 .04 .02 .01 01
Z
348 91 30 18 6 493
5 71 19 .06 .04 01
16 .04 .01 .01 .00
Total 770 490 354 339 255 2208

Notes:Sample includes respondents who waterviewed athe 1997 wave of
the CDSbetween age 3 and JResults are aobined estimates from 100
imputations and weighted to adjust for the PSID-CDS complex sampling design.



TableC.3. Weighted estimates of causal parameters in models of exposure to schoo) |etesrtyord scores, and applie
problem scores

School Poverty Letterword scores Applied problem scores
Variabldestimand Eq.2 Eq.1 Eq.3 Eq.1 Eq.3
est pval est pval est pval est pval est pval
Nhood advantage -.203 .002 073  .129 .067 .169 134 .005 123 .010
(.064) (.048) (.049) (.047) (.048)
School poverty -.032 .353 -.045 .187
(.034) (.034)
Nhood x school .005 .838 -.018 .510
(.026) (.027)
Design ignorability test .654 .993 961 .658 922

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CDS between age 3 andR&&ults are
combined estimates from 100 imputatiohgeatment, mediator, and outcome st@ndardized to have zero mean and unit
variance. Standard errors are reported in parenthesedués are from twasided z-tests of no effect. The design
ignorability tests evaluate the null hypothesis that the weighted and unweigtitegters converge in probability.
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Part D: Regression Model Specification Checks

Regression estimation of direct and indirect effects requires correctlyispecodels for
E(M;1|Cio, A;1) andE (Y;1|Cio, Ai1, M;1). This section exples several more flexible
specifications for these models than are considered in the main text. Througheattion, |
use the term “causal function” to refer to those components of the model that invadie the
of treatment or the mediator duriagolescence, and the term “nuisance function” to refer to
those components of the model that involve only the baseline controls. Note that unbiased
regression estimation of direct and indirect effects requires that bothutbed ead nuisance
functions n these models are correctly specified.

Table D.1 presents parameter estimates from models with more flexible cagtahfin
that allow the effects of treatment and the mediator to vary across levels @il s¢iver control
variables in the model, inaling race, gender, and family income. In general, there is little
evidence of effect heterogeneity across levels of these controls. The coefatiacited to the
race, gender, and income interactions with treatment and the mediator are atitstddgsmall
and do not reach conventional significance thresholds. Table D.2 presents estntages f
causal parameters of interest from models with more flexible nuisance furtb@bmsclude
cubic polynomials for all continuous control variables or theltide all possible twavay
interactions between control variables. Estimates of the causal parametetisefsermore
flexible models are nearly identical to those reported in the mainTegéther, these ancillary
resultssuggest that key findingsom the mediation analys are robust to alternative

specifications bthe regression models on whitttey arebased.
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TableD.1. Causal function specification checks

Applied problem scores

School poverty

Variable Model A Model B

Model C Model D

est se pval est se pval

est se pval est se pval

(A) Nhood advantage 103 (.034) .003 .098 (.034) .004

(B) School poverty -.042 (.026) .111 -.047 (.026) .070
(C) Nhood x school —-.018 (.023) .435 -.025 (.023) .267
black x (A) -.028 (.052) .587
black x (B) -.013 (.047) .783
black x (C) .002 (.046) .962
female x (A) —-.020 (.039) .607
female x (B) -.014 (.042) .741
female x (C) .027 (.035) .452
family income x (A) —-.017 (.023) .464
family income x (B) —.006 (.028) .840
family income x (C) .000 (.018) .993

~.189 (.052) <.001 —.192 (.052) <.001

~.052 (.053) .321

—.030 (.040) .459

.030 (.020) .120

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CO&tween age 3 arf®. Results are
combined estimates from 100 imputations. Treatment, mediator, and outcomes anelizi@thdo have zero mean and unit

variance. Pralues are from twasided ztests of no effect.
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TableD.2. Nuisance function specification checks

Applied problem scores

School poverty

Variable Model E Model F Model G Model H
est pval est pval est pval est pval
Nhood advantage .097 .003 .093 .006 —-.202 <.001 -.218 <.001
(.033) (.034) (.052) (.053)
School poverty —-.042 .090 —-.044 .087
(.025) (.026)
Nhood x school -.017 .422 -.019 .413
(.021) (.023)

Nuisance function
description

base model +
cubic poly-
nomials

base model +
two-way
interactions

base model +
cubic poly-
nomials

base model +
two-way
interactions

Notes:Sample includes respondents who waterviewed athe 1997 wave of the CO&tween age <

and 12. Results are combined estimates from 100 imputations. Treatment, mediator,candsoate
standardized to have zero mean and unit variance. Standard errors are repar@ulieses.-Ralues
are from twesided ztests of no effect.
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