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ABSTRACT In the United States, Black youth tend to grow up in remark ably less 
resourced neigh bor hoods than White youth. This study inves ti gates whether and to 
what extent Black youth are more over exposed to less resourced activ ity spaces beyond 
the home. We draw on GPS data from a large sam ple of urban youth in the Colum bus,  
Ohio–based Adolescent Health and Development in Context study (2014–2016) to 
exam ine to what extent Black youth expe ri ence non triv ial, dis pro por tion ate lev els 
of expo sure to more dis ad van taged and seg re gated con texts in their daily rou tines 
comparedwithsimilarlyresidentiallysituatedWhiteyouth.Specifically,weestimate
Black–White dif fer ences in non home expo sure to con cen trated dis ad van tage, racial 
segregation,collectiveefficacy,andviolentcrime.WefindthatBlackyouths’activ
ity spaces have sub stan tially higher rates of racial seg re ga tion and vio lent crime than 
thoseofWhiteyouth,andsubstantiallylowerlevelsofcollectiveefficacy—evenafter
accountingforahostofindividualandhomeneighborhood–levelcharacteristics.We
findmoremodestevidenceofdifferencesinexposuretosocioeconomicdisadvantage.
Thesefindingshaveimportantimplicationsforneighborhoodcenteredinterventions
focusedonyouthwellbeingandthecontextualeffectsandsegregationliteratures
more gen er ally.

KEYWORDS Activityspace • Collectiveefficacy • Exposuretoviolence • GPS • 
Segregation

Introduction

Despite declines in racial seg re ga tion, Black youth remain dis pro por tion ately 
exposed to socioeconomic disadvantage in their neighborhoods, with significant
implicationsforinequalitiesinwellbeing(ReardonandBischoff2011; Sharkey and 
Faber 2014).Indeed,highlydisadvantagedneighborhoodstendtobefurthercharac
terizedbyheightenedlevelsofhealthrelevantriskfactors,suchasviolentcrime,as
wellasareducedprevalenceofprotectivefactors,suchascollectiveefficacy—all
of which influence youth wellbeing (Sampson 2012; Sharkey 2018).An emerg
ing literature additionally calls attention to potential racial inequalities in youths’ 
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activ ity spaces beyond the neigh bor hood, with recent research underscoring that 
youth spend rel a tively lit tle time in the neigh bor hood out side their home (Browning, 
Calder et al. 2021; Zenk et al. 2019). Mounting evi dence sug gests that inequalities in 
activityspaceexposureshavesignificantconsequencesforpopulationhealth(Cagney 
et al. 2020), but lit tle research has exam ined whether Black and White youth nav i gate 
raciallysegregatedactivityspaces.Thisomission isparticularly importantconsid
eringthemixedsuccessofresidentialmobilityinterventionsfocusedonBlackado
lescents’developmentandwellbeing(Chettyetal.2016). To the extent that these 
youth are dis pro por tion ately drawn to more dis ad van taged activ ity spaces beyond the 
neigh bor hood, res i den tial neigh bor hood–cen tered inter ven tions may be exces sively 
optimisticregardingreturnsforBlackadolescents(ClampetLundquistetal.2011; 
Graif 2015).

This study exam ines Black–White dif fer ences in the com po si tion of activ ity spaces 
beyond the home using data from the Adolescent Health and Development in Con
text study, a rep re sen ta tive study of 1,405 youth aged 11–17 and their care giv ers in 
FranklinCounty,Ohio.FivedaysofsmartphonebasedGPSdatacorroboratedusing
a recallaided, space–timebudgetmethodologywereused toconstruct individual 
level mea sures of non home expo sure com po si tions based on cen sus block group 
aggre ga tions. We focus on expo sure to con cen trated dis ad van tage, racial seg re ga tion, 
collectiveefficacy,andviolentcrimegiventhemajorrelevanceoftheseprocessesto
youthwellbeing(SharkeyandFaber2014).

Background

Mirroring per va sive pat terns of racial res i den tial seg re ga tion in the United States, 
a grow ing lit er a ture on the demog ra phy of every day mobil ity points to poten tial 
racial inequalities in activ ity spaces. Some of this research aligns with expec ta tions 
of theprominent“geographic”or“social isolation”perspectiveonurbansegrega
tion,anticipatingthatactivityspacecompositionslargelyreflectcompositionsofres
idents’ neighborhoods (Wang et al.2018; Wilson 1987). Evidence is growing for
a more dynamic “com pelled mobil ity” per spec tive, how ever, dem on strat ing that 
urbanresidents—andparticularlythoseresidingindisadvantagedneighborhoods— 
expe ri ence far more het ero ge ne ity in expo sure to neigh bor hood char ac ter is tics than 
would be predicted by the social iso la tion approach (Browning et al. forth com ing). 
Althoughurbanexposuresare likelymorecomplexandheterogeneousthanprevi
ouslyacknowledged,mobilitydynamicsareneverthelessexpectedtobecharacter
ized by sub stan tial dis par ity in every day expo sures by race, even for Black and White 
youth resid ing in sim i lar neigh bor hoods.

A vari ety of fac tors are expected to account for these het ero ge neous but racially 
dis pa rate pat terns of expo sure, includ ing those that pull indi vid u als out of their 
neigh bor hoods toward set tings with resources and net work ties, as well as those 
that pushthemawayfromsomeareas,suchasareducedsenseofsafety.Pullfac
torsarerootedinthesegregationofpeopleandresourcescharacterizingmostcon
tem po rary U.S. cit ies. On one hand, activ ity loca tions are increas ingly clus tered 
within non res i den tial areas of cit ies, requir ing res i dents of both dis ad van taged 
and advan taged neigh bor hoods to leave their neigh bor hood to access resources  
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(Frumkin 2002; Tana et al. 2016). The out dated con cep tion of neigh bor hoods as 
thecenterofurbanlifeislikelyleastrelevantforresidentsofdisadvantagedneigh
bor hoods and those with a high pro por tion of Black res i dents, how ever (Browning, 
Calder et al. 2021).Suchneighborhoodstendtocontainfewerhealthrelatedorga
ni za tions (Anderson 2017), nonprofits (Crubaugh2021), schools (Owens 2020), 
and businesses (Small and McDermott 2006; Small et al. 2021), forc ing res i dents of 
disadvantagedneighborhoods,inparticular,totravelbeyondtheneighborhood—
oftentomoreadvantagedareas—toaccesstheseresources.Incontrast,racialseg
regation in network ties and institutional affiliations likely contributes to racial
segregation in activity space by driving youth to sameracedominated areas of
cit ies, regard less of home res i dence (Krysan and Crowder 2017; Small 2007; Small 
and Feldman 2012). Indeed, research has long acknowl edged the ten dency toward 
racial homophily in inter per sonal net work ties (McPherson et al. 2001; Small and 
Adler 2019). Krivo et al. (2013),forexample,foundthatadultBlackandLatino
residentsofLosAngelestendtohaveroutineactivitiesinmoredisadvantagedcen
sus tracts rel a tive to com pa ra ble White res i dents.

These pull fac tors sug gest that while Black and White youth are exposed to more 
het ero ge neous envi ron ments than pre vi ously thought, there will still be Black–White 
differencesinactivityspaceexposuresevenforyouthresidinginthesameneighbor
hood. For instance, a Black youth resid ing in a dis ad van taged neigh bor hood would be 
expected to spend a non triv ial amount of time in more advan taged areas as they seek 
orga ni za tional resources. However, a White youth resid ing in the same neigh bor hood 
likely spends more time in these advan taged con texts because of the pull of both 
orga ni za tional resources and net work ties. Similarly, White youth resid ing in more 
advan taged con texts may sat isfy most orga ni za tional and social needs in com pa ra bly 
advan taged neigh bor hoods, while Black youth liv ing in advan taged neigh bor hoods 
wouldexperiencethepullofsocialtiesandsomeinstitutionallinkagesinmoredis
ad van taged neigh bor hoods.

A com pelled mobil ity per spec tive fur ther acknowl edges that mobil ity pat terns are 
aproductnotjustofresourceseekingandnetworkties,butalsoofpush fac tors that 
lead youth to avoid cer tain envi ron ments. For exam ple, recent res i den tial seg re ga tion 
researchsuggeststhathousingselectionresultsfromconstrainedaccesstoinforma
tion and per cep tions of which neigh bor hoods may be less wel com ing (Krysan and 
Crowder 2017).Networksandresidentialhistoriescontributetoresidents’heuristics
ofplace,shapingwheremoversseektorelocatenetofinfluencesofsocioeconomic
resourcesandovertdiscrimination.Crucially,thisresearchunderscoresthecontribu
tion of tacit nonexclusionary dis crim i na tion1 and the antic i pa tion of dis crim i na tion 
againstminorityhomeseekersinshapingresidentialconsiderationsets(Krysanand
Crowder 2017).Thesignificanceofanticipateddiscriminationlikelyextendstothe
activitypatternsofminorityyouth,pushingthemandtheirparentsawayfrom—or
limiting their time in—some affluent areas in the course of their daily lives. For
instance, antiBlack hate crimes are most numerous in lowproportionminority
neighborhoodswithhighratesof informalsocialcontrol (Lyons2007), and Black 

1 Thisisdefinedas“actionsandpracticesthatoccurwithinanalreadyestablishedhousingarrangement
mostoftenentailingracialharassment,differentialtreatmentoftenants,ordisparateapplicationofcontrac
tualtermsandconditionsofresidency”(Roscignoetal.2009:52).
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urban ites are keenly aware of the height ened scru tiny and mis trust they are likely to 
encounterinaffluentareas(Anderson2015; Feagin 1991; Krysan and Farley 2002; 
Lee2000). Moreover, Black youth are fre quently overpoliced by law enforce ment 
andresidentswithinmoreaffluentcommunities(Anderson2015; Feagin 2010; Plant 
and Peruche 2005;),withconsequencesfortheirwellbeing(DeAngelis2022; Geller 
et al. 2014; Sewell et al. 2016; Young 2018).

Someevidencethatthesefactorsleadtosegregationinyouths’activityspaces
comes from the Moving to Opportunity res i den tial hous ing exper i ment (MTO), 
which randomizedBlack andHispanic residents of highpoverty neighborhoods
into treat ment and con trol groups, the for mer of which involved relo ca tion to lower 
pov erty neigh bor hoods (Briggs et al. 2010).Thoughbeneficialeffectswerefound
for par tic i pants who moved at youn ger ages, ado les cent par tic i pants expe ri enced 
slightly neg a tive effects early on and later in adult hood (Chetty et al. 2016; Schmidt 
et al. 2018).An important insighthasbeen that treatmentgroupadolescents fre
quently faced adversities in their advan taged neigh bor hoods and schools, often 
leading tomore time spent in (and relocation back to) disadvantaged neighbor
hoods (Briggs et al. 2008;ClampetLundquistetal.2011; Sampson 2008). Treat
ment group males were par tic u larly likely to strug gle, reporting a height ened sense 
of scru tiny in their res i den tial neigh bor hood, in addi tion to con tin ued reli ance on 
social ties tomore disadvantaged neighborhoods (Boyd andClampetLundquist
2019; Zuberi 2012). These obser va tions sug gest that, even when resid ing in more 
advantagedneighborhoods,Blackyouthmayattempttoavoidthesesettings,lead
ing to dis pro por tion ate expo sure to more dis ad van taged activ ity spaces com pared 
with sim i lar White youth.

The Present Study

This study exam ines Black–White dif fer ences in expo sure to dis ad van taged 
activ ity spaces. We hypoth e size that, com pared with White youth, Black youth 
willbeexposedtohigherlevelsofconcentrateddisadvantageandahigherpro
por tion of Black res i dents in their activ ity spaces net of dif fer ences in home 
neighborhoodconditions.WefurtherexpectBlackyouthwillbedisproportion
atelyexposedtoadversehealthrelatedriskfactors that typicallyclusterwithin
moredisadvantagedareas,focusingonlowercollectiveefficacyandhigherblock
group–level rates of vio lent crime (Sampson et al. 1997). This focus is con sis tent 
with research high light ing the rel e vance of these mea sures to delin quency and 
vic tim i za tion (Wikström et al. 2012) and phys i cal and men tal health (Ahern and 
Galea 2011) among youth.

We addi tion ally con sider whether inequalities in non home expo sures between 
BlackandWhiteadolescentsvarybyage,biologicalsex,levelsofconcentrateddis
advantage in one’s neighborhood, or having recentlymoved addresses.We do so
given the evi dence indi cat ing that par ents often allow older ado les cent males more 
lee way to tra verse neigh bor hoods than youn ger and female youth, and given the  
gender and agedependent findings from residentialmobility interventions (Graif
2015; Spilsbury 2005). We assess racial disparities by neigh bor hood dis ad van tage 
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andhavingrecentlymovedtoensurethatourfindingsaregeneralizableamongres
identsoflowdisadvantageareasandthosemoreestablishedintheirneighborhood.

Data and Measures

TheAdolescentHealth andDevelopment in Context (AHDC) study is a longitu
di nal data col lec tion effort focused on the con se quences of every day con texts for 
healthandwellbeing.Thestudywasconductedinanurbanandsuburbanareawithin
Interstate270—theFranklinCountyouterbelt,includingthemajorityofthecityof
Colum bus and numer ous inner sub urbs. Wave 1 of AHDC is a rep re sen ta tive sam ple 
ofstudyareapermanentresidenceswithyouthaged11–17andanEnglishspeaking 
care giver col lected between 2014 and 2016. The sam pling frame was based on a 
combination of a vendorprovided list of potentially eligible households and data
from pub lic school dis tricts representing house holds in the study area. The Amer i can 
AssociationforPublicOpinionResearchResponseRate3—ortheproportionofcon
tactedhouseholdsestimatedtobeeligibleforinclusionthatcompletedinterviews—
is 21.3%.2 The AHDC sam ple is approx i ma tely rep re sen ta tive of the pop u la tion of 
youth in the study area with respect to race and house hold income (Boettner et al. 
2019; Browning, Calder et al. 2021). The Colum bus area is roughly aver age on key 
indi ca tors of racial com po si tion and seg re ga tion for large U.S. met ro pol i tan areas: in 
arecentanalysisof51majormetropolitanareas,Columbushadadissimilarityindex
score com pa ra ble to the over all aver age (62.2 vs. 59.0) and Black prev a lence nearly 
equiv a lent to the mean (14.9% vs. 15.0%) (Frey 2018). For more infor ma tion on the 
AHDC sam pling design and study area, see Boettner et al. (2019) and Browning, 
Calder et al. (2021).3

Data were col lected in week long peri ods with day of study entry vary ing across 
respon dents. First, an entrance sur vey was admin is tered to both care giv ers and a 
focalyouthcoveringdemographicandsocioeconomicbackground,householdcom
po si tion, fam ily struc ture and mar i tal sta tus, employ ment and income, health, social 
support,behavior,mentalandphysicalhealth,schooling,familyconflict,andlegal
troubles.Thequestionnairesincludeseparatemodulesonthegeographiccoordina
tes of places to which the care giver and youth are reg u larly exposed (e.g., school, 
friends’houses).Theentrancesurveywasfollowedbyasevendaysmartphonebased
Geographically Explicit Ecological Momentary Assessment (GEMA) (Kirchner
and Shiffman 2016) period for the youth, com bin ing GPS track ing and eco log i cal 
momen tary assess ment to exam ine youth per cep tions, behav iors, and activ ity space 

2 This response rate is con sis tent with recent sur vey response trends (Ghandour et al. 2018; National 
ResearchCouncil2013).Research assessing the influenceof response ratesfinds little evidenceof an
associationbetweenresponseratesandresponsebias(CzajkaandBeyler2016), and effects of response 
bias in mul ti var i able mod els have been dem on strated to be lim ited when design var i ables are con trolled 
for (Amaya and Presser 2017;Rindfussetal.2015).
3 Table 1 in the online appendix displays racialethnic and incomedistributions forAHDCyouth and
2009–2013 Amer i can Community Survey (ACS) youth aged 11–17 resid ing in the study area. The AHDC 
and ACS dis tri bu tions are remark ably sim i lar, although the pro por tion of Black res i dents is some what 
higher for the AHDC than for the pop u la tion esti mate (37.9% vs. 31.9%).
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locationsacrossthestudyweek.Duringtheinhomeinterview,theinterviewerpro
videdaGPSenabledsmartphonetotheyouthwithinstructionstocarrythephone
continuouslyforthesevendayperiod.TheGPSfeatureofthestudyfacilitatedcol
lectionofinthemomentdataonlocationsatwhichyouthspendtimethroughcon
tinuoustracking(exceptduringinschoolhours).Thephoneappprioritizesspatial
data from more accu rate GPS sat el lites, log ging loca tion data every 30 sec onds when 
connected.IfnoGPSsatellitepositionhasbeensavedinthelast10minutes,loca
tion coor di na tes based on cell tower net work posi tion are col lected every 60 sec onds. 
If loca tion ser vices are turned off, the study appli ca tion sends a prompt to remind 
the par tic i pant to turn ser vices back on. The GPS data upload to secure serv ers  
every hour.

Attheendofthesevendayperiod,theinterviewerreturnedtotheyouth’shome
fora followupexit sur vey, dur ing which the ado les cent par tic i pant com pleted a 
recallaidedinteractivespace–timebudgetcoveringFriday,Saturday,Sunday,and
thetwomostrecentweekdays.Consistentwiththebroadertimeuseliterature,this
approach aims to ade quately cap ture mobil ity occur ring both dur ing the school 
week and on the week end when youth may have more spa tial auton omy (Hofferth 
2009). Prior to admin is ter ing the space–time bud get, the GPS data are processed 
usingaconvex,hullbasedbinningalgorithmthatsummarizesdatapointsintosta
tion ary and travel peri ods. The space–time bud get appli ca tion takes the out put of 
the con vex hull processing of the raw GPS data and dis plays esti mated loca tions to 
therespondent.Eachlocationiscombinedwithlabelsfromnearbyroutinelocation
selfreportsfromtheentrancesurveyalongwithGooglePlacessearchresults;the
respondentcanthenreportwhethereachstablelocationwasassociatedwitharou
tine loca tion or a Google Places result, write in other text, or change the loca tion 
coordinatesasneededforthecorrespondingfivedaysoflocationdataoftheGEMA
week.Our focusonfivedaysofcoveragealignswith recent researchvalidating
thataslittleas1–6dayssufficientlycapturesbetweenpersonvariabilityinactivity
spaces (Zenk et al. 2018).

Our analyses draw on theseGEMAdata tomeasure individuallevel nonhome
activ ity space com po si tions. We employ loca tion data from the space–time bud get, 
geocodingcoordinatesfromlocationsencounteredoverthefivedayperiodtocen
susblockgroups.Homecensus tract andnonhomeblockgroupcensus character
isticsareconstructedusingtheAmericanCommunitySurvey2009–2013fiveyear
file(Mansonetal.2021). Individual-level “non home” activ ity space mea sures are 
calculated by aggregating exposure data from the recallaided space–time budget
informationprovidedbytheyouthoverfivedaysoftheGEMA/GPSweek(Boettner
et al. 2019).Wedefine“nonhome” locations as those the respondent identifiedas
being sep a rate from the home address or those at least 30 meters away from the home 
addressininstancesinwhichtherespondentdidnotidentifyalocation.Wecalcu
latenonhomeindividuallevelmeanexposuretoblockgroupcharacteristicsacross
all locationswithin the studyareaof the I270Columbusouterbeltboundary for
the week, weighted by time spent in min utes at each loca tion dur ing wak ing hours.4 

4 Sensitivity ana ly ses in which non home expo sure to con cen trated dis ad van tage, pro por tion Black, and 
violentcrimeincludetimespentbeyondtheI270studyareaboundarybutwithinFranklinCountyyield
con clu sions iden ti cal to those discussed here.
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Home neigh bor hood mea sures are based on the cen sus tract char ac ter is tics for the 
respondent’sselfreportedprimaryaddress.5,6

Activity Space and Neighborhood Compositions

Concentrated dis ad van tage is a scale aver ag ing together the fol low ing block group–
levelcharacteristics:povertyrate,unemploymentrate,percentageoffemaleheaded
house holds, and per cent age of house holds receiv ing cash assis tance. These items 
are similarly combined at the census tract level to operationalize homeneighbor
hood con cen trated dis ad van tage. Both mea sures are zscorestandardized.Proportion 
Black is the pro por tion of block group or cen sus tract res i dents who are Black.

Collective effi cacy isbasedoncaregivers’reportsabouttheirneighborhoodand
theareassurroundingtheirroutineactivitylocations.Thus,incontrasttotheconven
tionalmeasuresofcollectiveefficacythatrelyexclusivelyonresidents’evaluations
of their neigh bor hood, AHDC addi tion ally draws on non res i dent vis i tors engaged 
in routine activities as collective efficacy informants.This approach is consistent
withmountingevidencefindingthatlevelsofcollectiveefficacyvarybylanduse,
high light ing the need for mea sure ment strat e gies incor po rat ing non res i den tial areas 
(Corcoran et al. 2018; Wickes et al. 2019). The entrance sur vey of care giv ers includes 
a“locationgenerator” thatprompts thecaregiver to reportonplaces theygodur
ingatypicalweek—includingweekends—withthefollowinglistofpossibleloca
tiontypes:workplace,caregiver’sschool/training,library,placeofworship,grocery
store,relative’shouse,friend’shouse,park/recreationcenter,restaurant,store/busi
ness, civic orga ni za tion, neigh bor hood orga ni za tion, and other. After selecting all  that 
apply, the inter viewer assists the care giver in geolocating each place using a Google 
Maps inter face embed ded in the sur vey soft ware; the inter viewer can search for names 
of estab lish ments or drop a pin to indi cate the cor rect loca tion. The addresses are then 
geocoded using the Google Maps appli ca tion pro gram ming inter face, and the Google 
address,latitude,andlongitudearesaved.Caregiverscanreportmorethanoneloca
tion per type. The most com monly reported loca tion types are gro cery stores (90% of 
caregiversreportatleastone),child’sschool(90%),workplace(67%),store/business
(51%),restaurant(44%),andplaceofworship(43%).Locationcoordinatesarethen
linkedtocensusunitsusingtheRsf: Simple Features pack age (Pebesma et al. 2019).

For each reported rou tine loca tion and neigh bor hood,7 respon dents were asked to 
report how much they agree with the fol low ing state ments: (1) whether peo ple on 

5 Respondentswerealsoabletoreportadditionalplacesofresidence,suchasanotherparentorgrand
parent’shouse;171BlackorWhiterespondentsreportedasecondresidence.Toensurethattimespentat
asecondhomedoesnotinfluenceourresults,wereplicatedallpresentedanalyseswhendroppingmulti
homed respon dents, yield ing sub stan tive con clu sions iden ti cal to those discussed later.
6 Weoperationalizehomeneighborhoodsusingcensus tracts toalignwith longheldconvention in the
neigh bor hood effects lit er a ture (Arcaya et al. 2016). Nonhome expo sure com po si tions are operationalized 
usingblockgroupstomorepreciselycaptureexposuretoresidentialpopulationssurroundingactivityloca
tions. Analyses in which both neigh bor hoods and non home expo sure mea sures are based on cen sus tracts 
arediscussedlater,however,andyieldfindingscomparablewiththosepresentedhere.
7 Respondentswereaskedtoprovidefourstreetintersectionsorlandmarksthey“thinkofasthebound
aries of [their] neigh bor hood” (Pinchak et al. 2021), and to report on per cep tions of trust, mon i tor ing, and 
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the streets can be trusted (“trust”), (2) whether peo ple are watching what is hap pen-
ing on the streets (“mon i tor ing”), and (3) whether peo ple would come to the defense 
of oth ersbeingthreatened(“normstowardintervention”).Responseoptionsranged
from 1 (“strongly dis agree”) to 5 (“strongly agree”), with items coded so that higher 
valuessignifyhigher levelsof informalsocialcontrol.Respondentswereaskedto
report on their res i den tial neigh bor hood both dur ing the day and at night but pro vided 
sum mary eval u a tions for all  other loca tions. We then esti mate a block group–level 
aggre gated mea sure com bin ing reported trust (respon dent n = 1,258; report n = 5,974; 
block group n = 565), mon i tor ing (respon dent n = 1,308; report n = 7,699; block group 
n = 578), and norms toward inter ven tion (respon dent n = 1,303; report n = 7,738; block 
group n =577)usingacrossclassified linearmodel inwhich reports areclustered
withinrespondentsandwithinblockgroups(RaudenbushandBryk2002) using the 
lme4packageinR(Batesetal.2015:4).8 A block group–level ran dom effect is then 
recov ered from this model for all  block groups with at least one nonmissing report 
of mon i tor ing, trust, or norms toward inter ven tion (respon dent n = 1,340; report 
n = 21,411; block group n = 580). To obtain cor re spond ing esti ma tes for unob served 
block groups, this block group–level ran dom effect is spa tially smoothed across the 
study area using a conditional autoregressivemodel proposed byLeroux (Leroux
et al. 2000),implementedinRusingtheCARBayespackage(Lee2013, 2020). This 
processyieldsourmeasureofcollectiveefficacyforall615Columbusblockgroups
within the outer belt boundary.The correlation coefficient for the smoothedmea
surewiththeestimatedrandomeffectsfromthecrossclassifiedmultilevelmodels
exceeds 0.99, indi cat ing that our approach does not spa tially smooth the esti mated 
ran dom effect, except in block groups with out loca tion reports. This fea ture is desired 
as we did not want to spa tially smooth across block groups with reports and blur real 
discontinuitiesinthecollectiveefficacyprocess.Inareaswithlimiteddata,however,
spatialsmoothingallowsthecollectiveefficacymeasuretobeestimated.Wereplicate
this pro ce dure at the census tract level to gen er ate a mea sure of home neigh bor hood 
collectiveefficacy,andthefinalmeasuresarezscorestandardized.

Exposuretovio lent crime is based on reported crime inci dents in the Ohio Inci
dentBasedReportingSystembetween2014and2016.Incidentsweregeocodedto
block groups based on x–y coor di na tes. These were then used to cre ate counts at the 
day level for each block group, resulting in a day–block group–level obser va tion 
filethatprovidedthetotalcountofcrimesthatoccurredatblockgroupj on day t. 
Usingthisfile,wethengenerateda180dayrollingaverageforeachblockgroup.
For exam ple, the crime rate for block group j at day t would be equal to the sum of 
crimes that occurred at block group j between day t and day t – 180, divided by the 

interventionnormsforthisarea.Toensureconsistencywiththelargercollectiveefficacyliterature,we
geocodethesereportsof“neighborhood”perceptionstorespondents’censustractsofresidence.
8 TheCronbach’salphaforresponsestothethreecollectiveefficacycomponentsis.67whenaggregatedto
the indi vid ual level and .66 when aggre gated to the block group level. The mean num ber of reports given 
per block group is 31.0 (SD = 42.0). The mean num ber of respon dents giv ing reports per block group is 
9.6 (SD =13.5).Theblockgroup–levelintraclasscorrelation—ortheratiooftheblockgrouplevelvar
i ance (.124, p < .05) to the sum of the var i ance com po nents at the block group, respon dent (.192), and 
reportlevels(.682)—indicatesthat12.4%ofthevarianceincollectiveefficacyisbetweenblockgroups.
This pro por tion is not unlike those from other stud ies of neigh bor hood social pro cesses. For exam ple, 
thebetweenneighborhoodvarianceininformalsocialcontrolintheProjectonHumanDevelopmentin 
ChicagoNeighborhoodsstudyis13%(RaudenbushandSampson1999).
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1771Racial Segregation in Activity Space

total pop u la tion for block group j.Wethenusedthis180dayrollingwindowtocal
culatetimeweightedexposurestocrimeonagivendayonthebasisofthepropor
tion of time a par tic i pant spent in each loca tion block group on that day. The vio lent 
crimeratecombineshomicide,robbery,aggravatedassault,andrape.Weeklevel
measuresofexposuretocrimewerethencreatedforeachrespondent.Homeneigh
bor hood vio lent crime is mea sured using the 2014–2016 aver age vio lent crime rate, 
again com bin ing inci dents of homi cide, rob bery, aggra vated assault, and rape.9 
Block group–level pop u la tion den sityisbasedonACSlinkedcensusdata.

Control Variables

Respondentandfamilycontrolvariablesarebasedonselfreportedsurveydata.For
this study, youth’s raceisabinaryindicatorofnonHispanicWhite(reference)and
nonHispanicBlack.Youth’s for eign-born sta tus is a binary indi ca tor for whether the 
respon dent was born in (ref er ence) or out side the United States. Youth’s and care-
giver’s bio log i cal sex are binary mea sures for which female is the ref er ence cat e gory. 
Youth’s and care giver’s agearecontinuousmeasuresofselfreportedage.Household 
size is the caregiver’s reportednumberofoccupants in thehousehold.Household 
incomeisbasedoncaregiverselfreporteddata,withcategoriesincludinglessthan
$30,000 (ref er ence), $30,001–$60,000, and more than $60,000. Caregiver’s mar i tal 
sta tus includes four categories: mar ried (ref er ence), cohabiting, sin gle, and other. 
Caregiver’s edu ca tion includesfiveselfreportedcategories: less thanhighschool,
highschool/GED,somecollege,bachelor’sdegree,andgraduate/professionaldegree.
Home own er shipisabinaryindicatorofwhetherthecaregiverownstheplaceofresi
dence. Years in neigh bor hoodisaselfreportedcontinuousmeasureofthenumberof
years the care giver has lived in their neigh bor hood (see foot note 8). Moved in the past 
two yearsisabinarycaregiverreportedindicator.Seasonisafourcategorymeasure
of the sea son dur ing which the youth par tic i pated in the study, with win ter as the 
ref er ence. In addi tion, we con trol for the total num ber of min utes that a respon dent 
spent out side the homeoverthecourseofthestudyweek.Lastly,wecreatedathree
categoryvariablecapturingthenumberofweekenddayscoveredintheGEMAdata
by each respon dent (0, 1, or 2).10

Analytic Strategy

First,weuselinearregressionmodelstoassessmeandifferencesinnonhomeexpo
suretoconcentrateddisadvantage,proportionBlack,collectiveefficacy,andvio
lent crime between all  Black and White AHDC youth (n = 1,180) net of con trols 
only for respon dent age and sex. For each depen dent var i able, the sec ond model 

9 Crimeratesreflectthetrue180dayrateformorethan96%ofrespondents.Forthosewhoenteredthe
study prior to July 2014, expo sure to crime inci dents occurs after the time of the ini tial inter view.
10 Weconsideredcontrolvariablesfortransportationaccess,replicatingallpresentedmodelswhencon
trol ling for (1) a binary indi ca tor of ever hav ing car access to get to school (mean =.47)and(2)acontinu
ous mea sure of the pro por tion of trips taken dur ing the study week with a car (mean = .64; SD = .32). These 
ana ly ses yielded con clu sions iden ti cal to those drawn from our presented mod els.
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adds all previouslymentioned individuallevel controls for demographic factors
and cen sus tract char ac ter is tics. The third mod els then assess mean dif fer ences 
among Black and White AHDC par tic i pant youth who live in cen sus tracts with 
par tic i pants of the other race (i.e., Black or White, n =674),andthefourthmod
els assess Black–White dif fer ences for youth liv ing in the same cen sus tract by 
controllingforhomecensustractfixedeffects.Wethenturntomodelsassessing
whether Black–White dif fer ences in non home expo sures vary sys tem at i cally by 
home neigh bor hood dis ad van tage, bio log i cal sex, age, or hav ing recently moved 
(i.e., through sta tis ti cal inter ac tion). For each non home expo sure com po si tion, we 
control forhomeneighborhoodconcentrateddisadvantagegiven thesignificance
of this mea sure within the neigh bor hood effects lit er a ture, as well as the respec tive 
censustract–levelmeasureoftheoutcome(i.e.,controllingforhometractcollec
tiveefficacywhenpredictingnonhomecollectiveefficacy).Wedonotattemptto
discernwhetheranyobservedBlack–Whitedifferencesinagivennonhomeexpo
sure mea sure are due to Black–White dif fer ences in another home tract or non home 
expo sure mea sure, as these are all  highly inter re lated and likely to lead to prob lems 
of multicollinearity.11 All presented regres sion mod els use clus ter robust stan dard 
errors to account for clus ter ing of respon dents in cen sus tracts of res i dence. An 
exception ismade formodels assessingcrosslevel interactionsbetween respon
dent race and home neigh bor hood dis ad van tage, for which we use mul ti level lin ear 
modelswithrespondentsclusteredwithincensustractstoincludeatractlevelran
dom slope for respon dent race (Heisig and Schaeffer 2019).12

Results

Ofthe1,405youthinWaveIofAHDC,1,258selfidentifyaseithernonHispanic
WhiteornonHispanicBlack.From this sample,wedrop70 respondentswithno
non home time for the study week and an addi tional eight with no non home time 
within the Colum bus study area (n = 1,180). We retain respon dents miss ing data 
on con trol var i ables (driven mainly by missingness for house hold income; n = 81) 
usingmultiple imputationbychainedequationsprocedureswithfiveimputeddata
setsinStata15,bringingourfinalanalyticsampleto1,180youth(StataCorp2017;  
von Hippel 2020).Intotal,theseyouthhaveprimaryaddressesin178ofthe197cen
sus tracts within the Colum bus study area.

Table 1 dis plays descrip tive sta tis tics for study var i ables among the full sam ple of 
BlackandWhiteAHDCyouthandthoseinthe“fixedeffectssample,”orrespondents
who live in a cen sus tract with at least one respon dent of the other race. Distribu
tions of home neigh bor hood con cen trated dis ad van tage by race for both the full and 
fixedeffectssamplesaredisplayedinonlineappendixFigures1and2,respectively.

11 Specifically, theCronbach’salphais .85forall thenonhomeexposurecompositions(withcollective
efficacybeingreversecoded),.81forallhometractcompositionstogether,and.91forallhometractand
non home com po si tions together.
12 To ensure robust ness of our con clu sions to choice of stan dard error, all  ana ly ses were rep li cated using 
HC2andHC3standarderrorsratherthanclusteredstandarderrors.Resultsfromtheseanalysesyielded
sub stan tive con clu sions iden ti cal to those discussed here.
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1773Racial Segregation in Activity Space

Table 1 Means and pro por tions for study var i ables, by ana lytic sam ple

Full Sample
FixedEffects

Sample

Variable Mean/% SD Mean/% SD Min. Max.

Home Neighborhood Measures
 Tract con cen trated 

dis ad van tage 0.00 1.00 0.02 0.79 −1.15 3.07
 Tract pro por tion Black .32 .30 .31 .26 0.00 0.91
 Tractcollectiveefficacy 0.00 1.00 −0.12 0.86 −2.51 1.73
 Tract vio lent crime rate 18.88 18.90 20.43 18.48 0.00 94.72
 Block group pop u la tion 

den sity 5,241.90 2,933.05 5,523.58 2,940.54 323.58 17,947.28
NonhomeExposureMeasures
 Nonhome con cen trated 

dis ad van tage 0.00 1.00 0.09 0.97 −1.58 4.49
 Nonhome pro por tion Black .25 .24 .26 .22 0.00 0.94
 Nonhomecollectiveefficacy 0.00 1.00 −0.14 0.93 −2.88 2.24
 Nonhome vio lent crime rate 6.67 6.49 7.38 6.15 0.00 47.96
Adolescent Measures
 Total non home time 

(min utes) 1,758.91 930.42 1,707.94 940.52 2 5,318
 Black (vs. White) .48 .51 0 1
 Foreignborn .02 .02 0 1
 Age 14.30 1.86 14.20 1.85 11 17
 Male .46 .46 0 1
Family Controls
 Household size 4.65 1.61 4.63 1.60 2 16
 Parent age 45.43 8.55 44.84 8.86 18 81
 Parent male .12 .12 0 1
Household Income
 ≤$30,000 .37 .40 0 1
 $30,001–$60,000 .24 .26 0 1
 ≥$60,001 .40 .34 0 1
ParentEducation
 <High school .05 .06 0 1
 Highschool/GED .16 .17 0 1
 Some col lege .36 .42 0 1
 College degree .25 .21 0 1
 Graduate/professionaldegree .18 .15 0 1
Parent Marital Status
 Married .53 .49 0 1
 Cohabiting .10 .12 0 1
 Single .20 .21 0 1
 Other .17 .18 0 1
ResidenceOwned(vs.rented) .61 .57 0 1
YearsLivedinCurrent

Neighborhood 12.10 10.23 11.34 9.69 0 62
MovedinLastTwoYears .16 .16 0 1
Season
 Winter (Decem ber–Feb ru ary) .23 .24 0 1
 Spring (March–May) .23 .22 0 1
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Average Racial Inequalities

Table 2displaysresultsfromlinearregressionmodelswithtractlevelclusterrobust
stan dard errors for the four non home expo sure com po si tion out comes. We pres ent 
reducedmodelsfocusedontheBlack(vs.White)coefficientof interest,but thefull
tables are displayed in online appen dix Tables 2–9. Model 1 for zscorestandardized,
non home con cen trated dis ad van tage indi cates that, net of respon dent sex and age, 
Black youth have an expected 0.902 (p < .001) stan dard devi a tions higher con cen trated 
dis ad van tage in their non home activ ity space than White youth. Model 2 adds all  the 
individuallevel control variables and home census tract concentrated disadvantage.
This model indi cates that Black youth have an expected 0.166 (p <.05)standarddevi
a tions higher con cen trated dis ad van tage in their non home activ ity space than White 
youth. The third model reduces the ana lytic sam ple to White and Black respon dents 
wholiveinacensustractwithAHDCyouthoftheotherrace,withthecoefficientfor
respon dent Black (vs. White) race remaining pos i tive (b =0.117),butstatisticallynon
significant.Controllingforcensustractfixedeffectstocompareyouthwholiveinthe
samecensustractinModel4,thecoefficientforrespondentBlackraceremainsstatis
ticallynonsignificant.

The second set offittedmodels are for thenonhomeproportionBlack as the
out come (rang ing from 0 to 1). Net of respon dent age and sex, Model 1 indi cates 
that respon dent Black race is asso ci ated with a 0.305 increase (p < .001) in expected 
nonhomeactivityspaceproportionBlack.Model2addsallindividualleveldemo
graphiccontrolsandhomeneighborhood–levelconcentrateddisadvantageandpro
portionBlack.RelativetoWhiteyouth,Blackyouthareexpectedtohaveactivity
spaces that are 0.090 (p <.001)higher inproportionBlack.Selectingon respon
dents who live in a cen sus tract with a respon dent of the other race in Model 3, 
respon dent Black race is sim i larly asso ci ated with an expected 0.094 increase 
(p < .001) in activ ity space pro por tion Black. The fourth model includ ing cen sus 
tractfixedeffectsagainindicatesthat,relativetoresidentiallycomparableWhite
youth, Black youth have an expected higher expo sure to pro por tion Black activ ity 
spaces (b = 0.091; p < .001).

Full Sample
FixedEffects

Sample

Variable Mean/% SD Mean/% SD Min. Max.

 Summer (June–August) .29 .28 0 1
 Autumn 

(Sep tem ber–Novem ber) .26 .26 0 1
Number of Weekend Days
 0 .02 .02 0 1
 1 .03 .04 0 1
 2 .95 .95 0 1
N:IndividualLevel 1,180 674

Table 1 (continued)
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The third set of mod els are for zscorestandardizednonhomeexposure to col
lective efficacy. The firstmodel indicates that Black respondents are expected to
beexposedto1.062standarddeviationslowercollectiveefficacy(p < .001) in their 
activ ity spaces than White youth when con trol ling for respon dent age and sex. The 
magnitudeofthiscoefficientdropsto−0.286 (p <.001)inModel2,netofindividual
level demo graphic con trols and home neigh bor hood–level con cen trated dis ad van tage 
andcollectiveefficacy.Selectingonyouthresidingincensustractswithrespondents
of theother race inModel3, thecoefficient forBlackraceremainssimilarlypro
nouncedandisstatisticallysignificant(b = −0.277; p < .001). The fourth model adds 
censustractfixedeffectstocontrolforalltimeinvariantdifferencesbetweencensus
tracts of residence,with the coefficient forBlack race indicating that these youth
are expected to be exposed to 0.228 standard deviations lower collective efficacy
(p < .01) than are White youth.

Finally, the fourth model set dis plays results for non home expo sure to vio lent 
crime on its nat u ral log scale because of heavy pos i tive skew in this mea sure. Net 
ofrespondentrace,sex,andage,thefirstmodelindicatesthatBlackyouthhavean
expected expo sure of 320% (exp(1.435) = (4.20 – 1) × 100 = 320; p < .001) higher 
vio lent crime in their non home activ ity space than White youth. Model 2 adds all  
the sociodemographic variables and natural log of violent crime in respondents’
home cen sus tracts, indi cat ing that Black youth are exposed to 28.3% more vio lent 
crime than White youth, net of these con trols. Model 3 reduces the ana lytic sam ple to 
respondentslivingincensustractswithAHDCyouthoftheotherrace,andthecoef
ficientforBlack(vs.White)raceindicatesthattheseyouth,onaverage,areexposed
to25.4%moreviolentcrimeintheiractivityspace.Model4addscensustractfixed
effectstoexplicitlycompareyouthwholiveinthesamecensustract,withthecoeffi
cient for Black race indi cat ing that Black youth are expected to be exposed to 18.7% 
more vio lent crime than White youth.

Figure 1providesavisualsummaryofthemagnitudeofcoefficientsforBlack(vs.
White) race from the fore go ing Models 2–4 for non home expo sures, now with each 
out come hav ing been zscorestandardized(mean= 0, SD = 1). For each out come, the  
firstbarcorrespondstothefullsampleofBlackandWhiteAHDCyouthinModel
2.Thesecondbarcorrespondstomodelsselectingonthe“fixedeffects”sampleof
youth,andthethirdbarcorrespondstothemodelscontrollingforcensustractfixed
effects. For exam ple, racial inequalities in non home expo sure to pro por tion Black are 
par tic u larly siz able, with the sec ond panel indi cat ing that Black youth are exposed to 
about a 0.4 stan dard devi a tion higher level of pro por tion Black than White youth, on 
average.ReplicationsoffiguresfornonhomeproportionBlackandthenaturalloga
rithm of the vio lent crime rate in their orig i nal, nonstandardized met rics are presented 
in Figure 3 of the online appen dix.

Racial Inequality Interactions

We next exam ine whether racial inequalities in activ ity space expo sures vary across 
the dis tri bu tion of home neigh bor hood con cen trated dis ad van tage, bio log i cal sex, 
age, and whether the respon dent moved in the past two years given the impor tance 
of these mod er a tors to res i den tial mobil ity inter ven tions and neigh bor hood effects 
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research more gen er ally. Table 3displaysresultsfromlinearmodelsforthefullsam
pleofBlackandWhiteyouth,aswellasyouthinthefixedeffectssample,nowwith
each model includ ing a respec tive inter ac tion between respon dent Black race and 
neigh bor hood dis ad van tage, bio log i cal sex, age, or hav ing recently moved. For each 
outcome,fittedmodelsforthelatterthreeinteractionsarelinearregressionmodels
with clus ter robust stan dard errors, while mod els for the inter ac tion between Black 
andneighborhooddisadvantagearetwolevelmodelsincludingarandomslopefor
Black race (Heisig and Schaeffer 2019). Across these mod els, the only sta tis ti cally 
significantinteractiontermisbetweenrespondentBlackraceandagewithnonhome
collectiveefficacy(b = 0.043; p < .05) as an out come, indi cat ing that expected racial 
inequalities in this out come are lower for older ado les cents.

Supplemental Analyses

Nonschool Exposures

Sensitivity ana ly ses were conducted to ensure the robust ness of these results. First, 
all  ana ly ses were rep li cated with non home expo sure depen dent var i ables that exclude 
timespentatschool.Weconductedtheseanalysesbecauseofthetendencyforado
lescents’ nonhome time to be dominated by time spent at school or engaged in
schoolbasedactivities(Hofferth2009; Hofferth and Sandberg 2001), and thus the 
poten tial for this time to also dom i nate our non home expo sure mea sures. Indeed, 

S
co
re

Fig. 1 The effect of respondent Black (vs. White) race on zscorestandardizednonhomeexposureout
comesacrossmodels.ThefirstbarcorrespondstothefullsampleofAHDCyouth,thesecondbarcor
respondstomodelsselectingonthe“fixedeffects”sample,andthethirdbarcorrespondstothemodels
controllingforcensustractfixedeffects.Whiskerboxesrepresent95%confidenceintervals.
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AHDC youth spent an aver age of 44% of their non home wak ing time at school (SD 
= 0.35).ResultsfromreplicatedModels2–4ofTable 2 for each non home expo sure 
mea sure exclud ing school time are displayed in Table 10 of the online appen dix. 
Similarly, results from rep li cated inter ac tion mod els in Table 3 for non home expo sure 
mea sures exclud ing school time are displayed in online appen dix Tables 11–14. Two 
findingsthatcontrastwiththepresentedresultsareevident.First,thereisconsistent
evi dence that Black youth are exposed to more con cen trated dis ad van tage in their 
nonhome/nonschooltimethanWhiteyouth.Themostconservativeestimateofthis
differencecomesfromthemodelcontrollingforhometractfixedeffects,indicating
that Black youth are exposed to 0.218 stan dard devi a tions (p <.01)higherconcen
trated dis ad van tage. Second, there is some evi dence that the Black–White dif fer ence 
innonhome/nonschoolexposuretoconcentrateddisadvantageislargestamongyouth
residinginneighborhoodswithlowerconcentrateddisadvantage(seeonlineappen
dixTable11).Specifically,theinteractionbetweenrespondentBlackraceandhome
tractconcentrateddisadvantageisnegativeandstatisticallysignificant(p < .05) when 
predictingnonhome/schoolexposuretoconcentrateddisadvantage.

Census Tract Exposures

Oursecondsetofsensitivityanalysesreplicatespresentedmodelsfornonhomeexpo
sure toconcentrateddisadvantage,proportionBlack,andcollectiveefficacybased
onexposuretocensustract–levelfeatures,ratherthancensusblockgroup–levelfea
tures.13ResultsfromreplicationsoftheanalysespresentedinTable 2 are presented 
inonlineappendixTable15.Resultsfromreplicationsoftheinteractionanalysesin
Table 3arepresentedinonlineappendixTables16–18.Twofindingsemergefrom
these ana ly ses that con trast with results presented here. First, there is again evi dence 
of Black–White inequalities in non home expo sure to con cen trated dis ad van tage, 
with the most con ser va tive esti mate of this dif fer ence indi cat ing that Black youth are 
exposed to 0.182 stan dard devi a tions higher con cen trated dis ad van tage (p < .05). Sec
ond,thereisagainsomeevidencethatBlack–Whitedifferencesinnonhomeexpo
sures are most evi dent among youth resid ing in neigh bor hoods lower in con cen trated 
disadvantage.Specifically,theinteractionbetweenBlackraceandtractconcentrated
disadvantage isnegative andmarginally significant (p <.10)whenpredictingnon
homeexposuretoconcentrateddisadvantage,andpositiveandstatisticallysignificant
(p <.001)whenpredictingnonhomeexposuretocollectiveefficacy.

Resident-Based Collective Efficacy

Ourfinalsetofsensitivityanalysesreplicatethepresentedmodelsfornonhomecol
lectiveefficacy,butnowmeasuringcollectiveefficacyonlywithrespondents’reports

13 Census tract–based rep li ca tions were not conducted for non home expo sure to vio lent crime because of 
thewelldocumentedtendencyforcrimetoconcentrateinhighlyspecificareasofneighborhoods,making
aggre ga tions beyond the block group level less infor ma tive for the pur poses of our study (Weisburd et al. 
2016).
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1783Racial Segregation in Activity Space

about their home neigh bor hoods, and not about their rou tine activ ity loca tions. The 
correlationbetweencollectiveefficacymeasuresbasedonallreportsandonlyhome
neighborhoodsis0.79attheblockgroupleveland0.86attheindividuallevel,how
ever, indicating notable consistency.Results from these analyses are displayed in
online appen dix Table 19. Consistent with the mod els discussed here, these results 
indicatethatBlackyouthareexposedtolowerlevelsofcollectiveefficacyintheir
activ ity spaces than White youth. There is addi tion ally evi dence that this Black–
White dif fer ence is larger among youn ger youth.

Discussion

Although research on immi gra tion and res i den tial mobil ity are cor ner stones of 
demo graphic inquiry, the demog ra phy of every day mobil ity remains in its infancy  
(Browning, Pinchak, and Calder 2021; Cagney et al. 2020).Agrowingliteraturefinds
evi dence of racial seg re ga tion in activ ity spaces beyond the home among urban adults, 
but lit tle research has exam ined whether or to what extent these pat terns are appar ent 
among ado les cents (Jones and Pebley 2014; Krivo et al. 2013).Researchsuggeststhat
seg re ga tion in activ ity space resources is con se quen tial for pop u la tion health inequal
itiesaboveandbeyondeffectsofone’sneighborhood(Cagneyetal.2020; Sharp and 
Kimbro 2021) and may more over shed light on why Black youth relocating from  
hightolowpovertyneighborhoodsexperiencesomeadverseoutcomes(Graif2015; 
Schmidt et al. 2018).DrawingonextensivesmartphonebasedGPSdatafromalarge
sampleofurbanyouth,thepresentstudyexamineddemographicandresourcecom
po si tions in nat u rally occur ring mobil ity pat terns. We found robust evi dence that, 
rel a tive to com pa ra ble White ado les cents, Black ado les cents are dis pro por tion ately 
exposedtoactivityspaceswithlowerlevelsofcollectiveefficacyandhigherlevels
ofracialsegregation,violentcrime,and—toalessconsistentdegree—concentrated
socio eco nomic dis ad van tage. We addi tion ally con sid ered whether racial inequalities 
inactivityspacecompositionsvarybyadolescentage,biologicalsex,homeneigh
borhoodconcentrateddisadvantage,orhavingrecentlymoved,butfoundlittleevi
dence of this sys tem atic var i a tion.

The pres ent study cor rob o rates emerg ing evi dence indi cat ing that reli ance on the 
residentialcensustracttoapproximateurbanadolescents’nonhomeexposureswill
lead to biased esti ma tes, espe cially in stud ies focused on Black youth (Browning, 
Calder et al. 2021; Kwan 2009). Our results sug gest that this cri tique may extend 
to hous ing mobil ity pro grams focused solely on the com po si tion of the imme di ate 
neighborhoodarea(ClampetLundquistandMassey2008).Thoughneighborhood 
cen tered inter ven tions are no doubt impor tant to reduc ing racial disparities in 
wellbeing, the anticipated returns to these programs may be inflated without
atten tion to the daily mobil ity pat terns and acces si bil ity of resources expe ri enced 
by disadvantaged racialminority residents (Boyd andClampetLundquist2019;  
ClampetLundquistetal.2011).Forexample,extensiveresearchdocumentsheight
ened rates of adverse expe ri ences faced by Black youth when nav i gat ing more 
affluentneighborhoods,pushingthemawayfromtheseareas(Feagin1991;Lyons
2007; Sewell et al. 2016). Spatial pat terns of racially seg re gated inter per sonal and 
orga ni za tional net work ties likely also dis pro por tion ately pull Black youth toward 
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more dis ad van taged neigh bor hoods (Krysan and Crowder 2017; Small and Adler 
2019; Small and McDermott 2006).

These seg re ga tion mech a nisms moti vated our expec ta tion of racial seg re ga tion in 
activityspace,butaninvestigationofhowtheycomparativelyexplainourfindings
is beyond the scope of this study. To this end, we urge research ers to con sider how 
the spa tial dis tri bu tion of orga ni za tional resources, net work ties, and dis crim i na tory 
processesmaydifferentially shape racial segregation in exposure to specific loca
tion types (e.g., schools,workplaces) or specific sections of cities (e.g., shopping
dis tricts). For exam ple, racial seg re ga tion in expo sure to com mer cial areas may be 
drivenbypersonalornetworkmediatedreportsofexperienceswithdiscrimination
(Krysan and Crowder 2017), while racial seg re ga tion in school atten dance may be 
moreattributabletoinequalitiesinavailableschoolingoptions(BurdickWilletal.
2020).14Theinfluenceoftheseprocessesmayfurthermorevaryacrosscities,moti
vatingadditionalresearchconsideringhowcitylevelsocialprocessesaffectsegre
ga tion in activ ity space com po si tions and every day pat terns of mobil ity (Fenelon 
and Boudreaux 2019; Massey and Denton 1993).Lastly, thoughwefound limited
evi dence that racial dif fer ences in activ ity space expo sures vary by age, sex, home 
neigh bor hood dis ad van tage, or hav ing recently moved, these inter ac tions may yet 
beimportantforinvestigationsofothereverydaymobilityprocesses—suchashow
Blackyouths’strategiesforsafelynavigatingadvantagedneighborhoodsmaydepend
on gender—and deserve continued investigation (Browning, Pinchak, and Calder
2021;ClampetLundquistetal.2011).

ThisstudydrawsonextensiveGPSderivedmobilitydatainalargecontemporary
sam ple of urban youth but is not with out meth od o log i cal lim i ta tions. Importantly, 
whilethepresentstudyismotivatedinpartbyfindingsfromtheMTOexperiment,
our data are not cap tur ing activ ity space disparities in the con text of exper i men tally 
inducedmoves.Evenso,examiningthesepatternsastheynaturallyoccurshedslight
onneighborhoodeffectsresearchfindingsandhasimplicationsforunderstandingand
implementinginterventionsfocusedonadolescents’residentialneighborhoodenvi
ron ment. In addi tion, though GPS data make pos si ble unprec e dented exam i na tions 
ofyouths’everydayexposures,thesedataarestillsubjecttoerrorandambiguityin
the pre cise deter mi na tion of loca tion (Boettner et al. 2019; Browning, Pinchak, and 
Calder 2021). Our focus on GPS cov er age span ning the week end and three week days 
isbolsteredbyresearchfindingthatbetweenpersonvariabilityinactivityspacescan
be ade quately cap tured with 1–6 days of GPS data (Zenk et al. 2018). Nevertheless, 
fivedaysofcoverageareevidently lesssuited tocapturewithin-per son var i abil ity 
in activ ity spaces and, thus, mobil ity data col lected over lon ger peri ods of time may 
benecessarytomakeclaimsregardingracialinequalitiesinmobilityatmorefine
grained lev els (Zenk et al. 2018).Thedataanalyzedherearealsocrosssectional,
rather than lon gi tu di nal, and thus we urge future stud ies to con sider how inequalities 
in activ ity space resources may change over time.

14 For exam ple, res i dents of Colum bus are afforded numer ous school choice options through char ter 
schools and a Colum bus City Schools school choice lot tery. Student par tic i pa tion in these pro grams may 
influence activity space compositionalmeasures evenwhen excluding time spent at school, especially
foryouthwhosechosenschoolisfartherfromhomethantheirdefaultassignedschool(Richetal.2021).
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It isalso important tonote thatourmeasuresofnonhomeexposure toconcen
trated dis ad van tage and pro por tion Black are cap tur ing expo sure to res i den tial rather 
than ambi ent pop u la tions, such as to the com po si tion of res i dents and vis i tors in an 
area simul ta neously (Hall et al. 2019; Vallée 2018). This focus is con sis tent with a 
voluminous literaturefinding that exposure toneighborhoodsofdiffering residen
tial compositions is consequential to wellbeing, particularly among Black youth
(Anderson 2015;Lyons2007; Winkler 2012).Nonhomeexposuresbasedonambi
ent populationsmaynevertheless contrastwith the present findings and, thus,we
urge research ers to assess this, as well as how ambi ent and res i den tial pop u la tion 
processesmaydifferentiallyshapeyouthwellbeing.Inequalitiesinpublicandper
sonal transportationaccessor inroutinedistancetraveledbeyondthehome—such
astoworkplacesorschools—werenotconsideredinthisstudy,butmayilluminate
the observed results and war rant more atten tion in the every day mobil ity lit er a ture 
(Anderson and Galaskiewicz 2021; Tana et al. 2016).15Finally,althoughrecentstud
ies indi cate that the Colum bus study area is rep re sen ta tive of U.S. metro areas with 
respect to racial seg re ga tion (Frey 2018; Hess et al. 2019), we acknowl edge that our 
resultsmaynotbereflectiveofyouthresidinginothercitiesoramongyouthfacing
hous ing insta bil ity. Thus, mobil ity data col lec tion efforts span ning mul ti ple cit ies and 
countries and targeting more res i den tially mobile respon dents remain nec es sary to 
fully inform the gen er al iz abil ity of this study.

This study has impli ca tions for the grow ing lit er a ture on activ ity spaces and the 
studyof“contextualeffects”moregenerally.Ourresultssuggestthatdisproportion
ately “dis ad van taged” activ ity space expo sures among Black youth may con trib ute 
toracialdisparitiesinlifecoursewellbeing.However,theliteratureunderscoresthat
not all ecological resources necessarily benefitBlack youth, in particular. Indeed,
neigh bor hood rates of infor mal social con trol can be pos i tively asso ci ated with racial 
hatecrimes(Lyons2007).Someresearchadditionallyfindsevidenceforecological
rel a tive dep ri va tion pro cesses (DeAngelis 2022; Pinchak and Swisher 2022; Sharp 
et al. 2015), suggesting that height ened expo sure to “advan taged” areas may con fer 
someadverseconsequencesfordisadvantagedyouth.Thesefindingsurgeresearchers
toconsiderhowneighborhoodandactivityspaceresourcesadditivelyandmultiplica
tivelyworktogethertoshapeyouthwellbeing.■
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