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As more and more children in the United States participate 
in publicly funded preschool (Friedman-Krauss et al., 2019), 
the field of early childhood education has become increasing 
invested in studying preschool quality as a means of promot-
ing more positive and equitable outcomes for young children 
(Duncan & Magnuson, 2013). Much of this research has 
focused on identifying the characteristics within school 
walls that predict student learning and development, espe-
cially for low-income populations (Hanno et  al., 2021; La 
Paro et al., 2012; Sabol et al., 2013; Sabol & Pianta, 2015). 
However, relatively less is known about the environments 
surrounding schools and whether they may also shape young 
children’s outcomes.

In the current study, we introduce the internet-based School 
Neighborhood Assessment Protocol (iSNAP), a virtual sys-
tematic social observation approach for operationalizing the 

physical features of young children’s preschool communi-
ties using Google Street View. Specifically, we use the 
iSNAP to quantify levels of safety, care, order, and 
resources in both the grounds and neighborhoods sur-
rounding 291 preschools across nine U.S. cities. We then 
explore the extent to which these physical features of pre-
school communities measured by the iSNAP are associ-
ated with other neighborhood characteristics (i.e., poverty, 
density, crime), as well as with the learning and social-
emotional outcomes of 1,230 low-income preschoolers. In 
exploring these questions, we aim to more explicitly char-
acterize the experiences of low-income children outside of 
their school walls and, in doing so, push back against 
existing unidimensional and deficit-oriented portraits of 
low-income and minoritized neighborhood environments 
(Leventhal et al., 2015).
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Communities as Central Contexts for Children’s Learning 
and Development

Over the past several decades, research from sociology, 
public health, and psychology has highlighted the ways in 
which neighborhood processes shape children’s outcomes. 
This work—which has focused almost exclusively on resi-
dential communities—has found that neighborhood struc-
tural characteristics such as poverty, density, and crime are 
robust predictors of child and adolescent outcomes, includ-
ing higher rates of internalizing and externalizing symptoms, 
as well as lower prosocial behaviors, cognitive skills, and 
school achievement and attainment (Brooks-Gunn et  al., 
1993; Dubow et al., 1997; Dupéré et al., 2010; Elliott et al., 
1996; Kohen et al., 2008; Leventhal & Brooks-Gunn, 2000; 
McCoy et al., 2015; Sampson & Groves, 1989).

However, a major limitation of the existing literature on 
neighborhood structural characteristics is that it paints a 
largely unidimensional and deficit-oriented portrait of 
communities based on their sociodemographic composi-
tion (Leventhal et al., 2015) and often fails to acknowledge 
how these characteristics are inextricably bound to socio-
historical and current realities regarding race and racism. 
In the United States, segregationist housing and zoning 
policies; uneven and lower-quality investments in low-
income and racially minoritized neighborhoods; and dis-
criminatory financial, labor, and real estate practices have 
led to persistent spatial inequalities in the opportunities 
available to children and families across communities 
(Sharkey & Faber, 2014). By ignoring these broader mac-
rosystemic forces, research on neighborhood structural 
characteristics risks blaming low-income, racially minori-
tized residents for the challenges they face in their com-
munities. Furthermore, characterizing neighborhoods 
based on their structural characteristics alone may falsely 
imply that low-income environments are monoliths char-
acterized predominantly by high and homogenous levels 
of risk (Minh et al., 2017; Sharkey & Faber, 2014). In the 
present article, we attempt to move beyond the structural 
characteristics of children’s residential communities by 
considering a set of physical features emphasized in psy-
chological and sociological theories as being more proxi-
mally relevant to children’s lived experiences. In doing so, 
our goal is to better characterize the heterogeneity of posi-
tive and negative experiences that low-income preschool-
ers have in their school communities (Jencks & Mayer, 
1990; Leventhal & Brooks-Gunn, 2000; Shonkoff et  al., 
2000).

For the purposes of this study, we focus on two sets of 
physical characteristics that, although somewhat infre-
quently studied in the empirical literature, have been iden-
tified in neighborhood theory as relevant to children via 
their role in shaping social interactions (Leventhal & 

Dupéré, 2019). First, we build on social (dis)organizational 
models to consider neighborhood physical safety, care, and 
order as a set of factors that may enhance children’s sense 
of stability and security and minimize their exposure to 
environmental stressors (Bronfenbrenner & Morris, 1998; 
Evans, 2006; Ross & Mirowsky, 2001). Specifically, physi-
cal indicators of safety, care, and order have been shown to 
associate with neighborhood-level social processes that 
positively influence the moment-to-moment interactions 
that children have with adults, peers, and the physical envi-
ronment (Bronfenbrenner & Morris, 2006; Burton & 
Jarrett, 2000; Leventhal & Brooks-Gunn, 2000; Sampson 
et  al., 1997). Second, we build on neighborhood institu-
tional models to consider the role that physical resources 
for play like playgrounds might have for providing chil-
dren with positive spaces to learn and move (Duncan & 
Raudenbush, 1999; Jencks & Mayer, 1990; Leventhal & 
Brooks-Gunn, 2000). Indeed, video recordings have shown 
that availability of outdoor play resources (e.g., greens-
pace, playgrounds) can visibly enhance children’s social 
interactions and symbolic play and, in turn, their expres-
sive language, self-regulation, attention, and behavior 
(McCormick, 2017; Miller et al., 2017).

Beyond their likely role in shaping children’s develop-
ment, neighborhood physical characteristics are also more 
tangible compared to the structural characteristics often 
considered in neighborhood research (e.g., poverty, crime), 
making them potentially more modifiable targets for educa-
tional policy and intervention. Although it is increasingly 
clear that broader systemic changes are needed to more 
directly combat the root causes of spatial inequities (see, for 
example, Gennetian & Yoshikawa, 2021; Williams et  al., 
2019), place-based strategies that focus on physical features 
of communities are also gaining popularity as a narrower 
means for reducing opportunity gaps (C. Brown et al., 2019; 
Bustamante et al., 2019). The Urban95 initiative, for exam-
ple, aims to reimagine cities from the viewpoint of the aver-
age 3-year-old (i.e., 95 centimeters tall), targeting an array 
of physical characteristics to make urban environments 
around the world safer and more child-friendly (Vincelot, 
2019). Nevertheless, empirical evidence around which 
physical characteristics to prioritize in these interventions 
remains limited, potentially introducing inefficiencies in 
programmatic design. Indeed, officials interested in sup-
porting child-friendly cities are often encouraged to use 
“kitchen sink” approaches to simultaneously target multiple 
community processes (e.g., safety, cleanliness, access to 
parks/playgrounds, etc.) at high cost (C. Brown et al., 2019). 
Further evidence demarcating the specific community char-
acteristics that are most commonly observed in communi-
ties and/or linked with child outcomes could help to 
streamline these interventions, improving cost-benefit 
ratios and scalability.
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Existing Approaches to Measuring Neighborhood Physical 
Characteristics

To measure neighborhood physical characteristics, 
researchers have historically relied upon primary data 
collection strategies such as systematic social observa-
tions (SSOs), which were popularized by sociologists in 
the late 1990s. In their seminal papers introducing the 
SSO, Sampson and Raudenbush (1999) used observers 
riding in SUVs to code the presence or absence of graffiti, 
garbage, abandoned cars, and litter as indicators of “phys-
ical disorder” across Chicago. These observed character-
istics were found to correlate with residents’ perceptions 
of disorder and collective efficacy using survey data, as 
well as police-reported crime rates, even after controlling 
for community poverty (Raudenbush & Sampson, 1999; 
Sampson & Raudenbush, 1999). SSO research has since 
found additional associations between observed indica-
tors of physical disorder and individuals’ violent victim-
ization, fear of crime, reduced physical activity levels, 
and sexual risk taking (Molnar et  al., 2004; Sampson 
et al., 2002).

A major limitation of traditional SSOs is that they are 
time- and resource-intensive to implement, limiting their 
utility in large-scale social science research. Fortunately, 
recent technological innovations have been used to 
“modernize” SSO methods, with several efforts in health 
and sociology using Google Street View as an unobtru-
sive, cost-effective replacement for in-person data col-
lection (e.g., Bader et al., 2015; Kelly et al., 2012). For 
example, Odgers and colleagues (2012) used a virtual 
SSO in Google Street View to identify positive associa-
tions between residential neighborhood physical disorder 
(e.g., presence of garbage, abandoned cars) and 12-year-
old British children’s antisocial behavior. Importantly, 
this virtual SSO also incorporated coders’ global ratings 
of neighborhood danger (i.e., whether they felt the neigh-
borhood was overall “a safe place to live” or “somewhere 
they would feel safe walking at night”), which were 
found to predict local resident surveys of neighborhood 
problems/dangerousness and child antisocial behavior as 
or more strongly than observed indicators of disorder and 
decay. These early findings suggest that virtual SSOs 
may be a useful, scalable means for capturing both tradi-
tional, granular indicators of neighborhood physical 
characteristics, as well as the types of global ratings of 
neighborhoods previously used in community survey 
methods (Morenoff et  al., 2001; Sampson et  al., 1997). 
At the same time, this work also comes with the chal-
lenge of ensuring that such global ratings—which are 
inherently subjective in nature—are reliably able to cap-
ture neighborhood characteristics as opposed to the 
biases of individual coders who may not be from the 
communities they are rating.

Need for Measures of Preschool Communities

In the present study, we create a new virtual SSO to 
understand the physical characteristics of preschool commu-
nities, specifically. As more American children receive care 
outside of their homes (National Survey of Early Care and 
Education Project Team, 2016), preschool communities—
including both the property on schools’ grounds, as well as 
the neighborhoods around them—are becoming increasingly 
salient contexts for learning and development (Dowda et al., 
2009; Määttä et al., 2019). Nevertheless, school communi-
ties have historically been ignored in both the neighborhood 
literature (which has focused almost exclusively on residen-
tial communities) and in the early childhood education lit-
erature (which has focused almost exclusively on 
classrooms). Responding to this gap in understanding—as 
well as recent calls to understand and improve preschool 
quality in the United States (Barnett, 2013; Weiland, 2016)—
the present study aims to extend the literature on residential 
neighborhoods to consider whether the physical characteris-
tics of children’s school communities could provide as com-
plementary indicators of preschool quality.

To date, only a handful of studies have explored pre-
school neighborhood structural characteristics (e.g., McCoy 
et al., 2015, 2021; Vaden-Kiernan et al., 2010; W. Wei et al., 
2021), and even fewer have studied physical characteristics. 
A notable exception is work using the Early Childhood 
Environmental Rating Scale (ECERS; Harms et al., 1998), 
which includes several items about outdoor space and mate-
rials to support play. Although evidence on the links between 
the ECERS total score and child outcomes is weak at best 
(see Brunsek et  al., 2017, for a review), prior work has 
shown that greater availability and size of playground equip-
ment as measured by individual ECERS items may be asso-
ciated with higher physical activity levels in young children, 
albeit with modest effect sizes (Dowda et  al., 2009). 
Nevertheless, other important dimensions of school 
grounds—including levels of physical safety, care, and 
order—have not yet been systematically studied.

The Present Study

The present study builds upon recent developments in 
neighborhood measurement to introduce the iSNAP, a vir-
tual SSO for measuring theoretically salient but understud-
ied physical dimensions of young children’s preschool 
communities, including both their school grounds (i.e., the 
school building and its surrounding land) and school neigh-
borhoods (i.e., the block encircling the school). We use the 
iSNAP to code the presence and absence of physical indica-
tors (e.g., litter, landscaping, playground equipment, open 
fields) alongside coders’ global ratings of community char-
acteristics within 291 preschool communities across nine 
U.S. cities from the National Center for Research on Early 
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Childhood Education’s Professional Development Study 
(NCRECE PDS). After using factor analysis to confirm the 
structure of the iSNAP subscales, we test their interrater 
reliability, internal consistency, and concurrent validity 
relative to an established set of neighborhood structural 
measures, including Census poverty and population den-
sity, as well as police-reported homicide rates (Aim 1). 
Finally, using data from 1,230 low-income preschoolers 
participating in the NCRECE PDS, we test the extent to 
which iSNAP school community characteristics are predic-
tive of young children’s end-of-year language and literacy, 
self-regulation, and approaches to learning outcomes, 
while controlling for a set of observed child- and neighbor-
hood-level covariates (Aim 2).

By exploring these descriptive aims, we view this work 
as making several contributions to the existing literatures on 
education and neighborhoods. First, we introduce the iSNAP 
as a proof of concept for how education researchers might 
leverage freely available geospatial technology like Google 
Street View to produce more cost-effective and scalable 
measures of children’s learning environments, broadly 
defined. In particular, building on work from the ECERS, 
we expand existing models of early educational “quality” to 
quantify features of the environments outside of school 
walls that theory suggests may be relevant for children’s 
interactions and well-being. Second, we address recent calls 
in the neighborhood literature (e.g., Leventhal & Dupéré, 
2019) to move beyond the structural characteristics of chil-
dren’s residential communities to consider the physical 
characteristics of children’s preschool environments, 
which—despite their theoretical grounding and potential 
sensitivity to intervention—remain relatively understudied 
in the empirical literature. Unlike prior work that has largely 
considered low-income children’s neighborhoods as mono-
liths of risk, we also consider multiple physical characteris-
tics (i.e., safety, care, order, resources) and settings (i.e., 
school grounds, school neighborhoods) simultaneously. In 
doing so, we aim to characterize children’s preschool envi-
ronments more comprehensively and precisely, laying the 
foundation for future work that can causally identify the 
most cost-effective targets for place-based interventions.

Methods

Sample and Procedures

School address and child outcome data were drawn from 
the NCRECE PDS (Pianta & Burchinal, 2007–2011), a mul-
tiphase randomized control trial of two professional devel-
opment interventions (a course and coaching) for early 
childhood teachers from nine U.S. cities across two cohorts 
beginning in 2008. To validate the iSNAP (Aim 1), we used 
the addresses of all standalone preschools and public ele-
mentary schools in which at least one NCRECE PDS teacher 

worked. For analyses predicting child outcomes (Aim 2), we 
focused only on schools participating in Phase II of the 
NCRECE PDS (the coaching phase), as this was the first 
phase in which child outcome data were available. (The 
NCRECE PDS did not collect child outcome data during 
Phase I, the course phase.)

Child outcomes were reported by teachers or collected by 
trained data collectors in quiet settings within children’s 
schools in either English or Spanish at the end of Phase II, 
which corresponded to the spring of either the 2009 or 2010 
school year, depending on cohort. School addresses were 
geocoded using ArcGIS software (version 10.5; ArcGIS, 
2017). School community physical characteristics were 
coded using the iSNAP at the level of the school, as each 
school was considered to have its own school community 
(i.e., school grounds & school neighborhood). School 
addresses were also matched with neighborhood structural 
characteristics based on their Census tract.

A total of 291 schools with teachers who participated at 
any point in the NCRECE PDS were used to validate the 
iSNAP (Aim 1). Schools in our sample predominantly 
served low-income children from nine midsized, sociode-
mographically diverse U.S. cities (M number of schools 
per city = 32.33; SD = 17.10; range = 11 to 67): New 
York City, NY, Hartford, CT, Chicago, IL, Stockton, CA, 
Dayton, OH, Columbus, OH, Memphis, TN, Charlotte, 
NC, and Providence, RI. Schools were embedded in 260 
Census tracts with an average household poverty rate of 
30.39 percent (SD = 15.07; range = 2.40 to 70.50), an 
average population density of 19,182.66 people per square 
mile (SD = 27,624.02; range = 0.46 to 144,200.00), and 
an average annual crime rate of 25.13 homicides per 
100,000 people (SD = 28.27; range = 0 to 150.83). The 
majority of participating schools were Head Start pro-
grams (59.23%), whereas 39.83 percent were located in 
public elementary schools.

Child outcome data were available for 1,230 children 
within 195 of the 291 NCRECE PDS schools (67.01%). This 
sample was used for analyses using iSNAP scores to predict 
child outcomes (Aim 2). On average, the 1,230 children 
included in this sample were 4.18 years old (SD = 0.46; 
range = 2.65 to 5.10) at the start of the academic year 
(September 1), and just under half (49.19%) were male. A 
total of 46.12 percent of children were Black, 34.46 percent 
were Latino/a, 11.16 percent were White, and 8.26 percent 
were categorized as representing another racial/ethnic group. 
Children’s average income-to-needs ratio was 1.11 (SD = 
1.00; range = 0.06 to 5.07), indicating that most children 
were from poor or low-income households. Table 1 includes 
additional descriptive statistics on sample neighborhoods, 
schools, and children. Table S1 in the online supplemental 
material (OSM) includes details about the differences 
between schools with and without child outcome data.
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Measures

iSNAP
Development.  We developed a preliminary version the 

iSNAP using three item sources. First, we drew from exist-
ing literature to identify neighborhood physical features that 
have been previously linked with children’s development. 
For example, given the prevalence of literature on physical 
order, we included items targeting physical indicators such 
as graffiti or presence of pedestrian crosswalks (Leventhal & 
Brooks-Gunn, 2000; Odgers et al., 2009; Perkins & Taylor, 
1996; Sampson & Raudenbush, 1999). Second, we included 
items from the virtual SSO by Odgers and colleagues (2012), 
which we adapted to enhance relevance for the U.S. context 
(e.g., removing reference to “pubs” or “council estates”) and 
school communities (e.g., expanding global ratings to ask 
whether the coder would send his/her child to the school). 
Third, after conducting hundreds of exploratory “virtual 
walks” in Google Street View, we generated novel items 
reflecting school community features that we thought may 
be salient for children and that we observed to vary across 
communities (e.g., the presence of playground equipment, 
content of billboards).

We piloted these initial items in a small set of NCRECE 
PDS school communities, reviewing data on interrater reli-
ability for individual items across five study coders. After 
this pilot, we revised and added new items to improve inter-
nal consistency, relevance, objectivity, conceptual breadth 
and depth, and item variability. For example, consistent with 
best practices in the field (e.g., AERA et  al., 2014), to 

improve internal consistency we added new items that used 
different terminology or approaches to target similar phe-
nomena (e.g., items on both small pieces of litter and larger 
abandoned materials).

Items.  Table S2 in the OSM shows the final set of iSNAP 
items coded in the present study. Items were divided into 
four sections. The first included 15 global rating questions 
that coders answered following a single walk around the 
neighborhood and viewing of the school grounds. These 
items asked coders about their overall impressions (e.g., “the 
school neighborhood appears well cared for”; “I would send 
my child to this school”). The second section included 38 
items targeting the school grounds (e.g., presence/absence 
of student work in school windows, playing fields, graffiti, 
murals; general condition of structures). The third section 
included 36 items on the school neighborhood (e.g., pres-
ence/absence of pedestrian crosswalks, abandoned cars, bill-
boards; quality and upkeep of buildings, yards, sidewalks). 
The final section included 11 administrative questions (e.g., 
year of Google Street View observation used). iSNAP items 
differed in their response scale, with most using either 0/1 
(e.g., absent/present) or Likert-type scales (e.g., 1–5).

Training.  iSNAP coders included 11 undergraduate and 
graduate students recruited to represent different disciplin-
ary, geographic, and sociodemographic backgrounds. Cod-
ers were trained over two sessions totaling 5 hours. During 
Session 1, coders were introduced to the concept of an SSO 

Table 1
Descriptive Statistics of Analytic Sample

Total N % missing Mean or % SD Range

Neighborhood/school (N = 291)
  School neighborhood poverty rate 288 1.03% 30.39 15.07 2.40–70.50
  School neighborhood population density  

(individuals per square mile)
291 0.00% 19,182.66 27,624.02 0.46–144,200.00

  School neighborhood homicide rate (per 100,000 people) 154 47.08% 25.13 28.27 0.00–150.83
  Head Start 233 19.93% 59.23%  
  Public school 231 20.62% 39.83%  
Child (N = 1,230)
  Mother’s years of education 1,197 2.68% 12.75 2.04 8.00–20.00
  Household income-to-needs ratio 1,119 9.02% 1.11 1.00 0.06–5.07
  Speaks English at home 1,228 0.16% 86.89%  
  Age (years) 1,230 0.00% 4.18 0.46 2.65–5.10
  Sex: Male 1,230 0.00% 49.19%  
  Race/ethnicity: Black 1,210 1.63% 46.12%  
  Race/ethnicity: Latino/a 1,210 1.63% 34.46%  
  Race/ethnicity: White 1,210 1.63% 11.16%  
  Language and literacy score 1,202 2.28% –0.01 0.81 –3.12–2.59
  Self-regulation score 1,195 2.85% 0.64 0.33 0.00–1.00
  Approaches to learning score 988 19.67% 38.35 7.88 8.00–48.00
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and to the iSNAP’s school grounds codebook and items. In 
Session 2, coders were introduced to the iSNAP’s school 
neighborhood codebook and items. All coders practice 
coded five school communities, with around 80% agreement 
between the ratings of the trainees and the master coder.

Coding.  As noted above, the iSNAP includes items tar-
geting school grounds—the school building and surrounding 
land belonging to the school (e.g., athletic fields, play-
grounds, parking lots, temporary classrooms)—and school 
neighborhoods—all property (excluding the school grounds) 
that can be observed from the streets in the one-block perim-
eter surrounding the school. Coders were provided with 

PDF maps tracing the school grounds and neighborhood 
(see Figure 1), which were developed independently by a 
single research coordinator to ensure consistency. All iSNAP 
items were independently coded for each school community 
by two randomly assigned coders, which allowed for explo-
ration of interrater reliability while helping to ensure that 
error introduced by individual coders’ biases was randomly 
distributed across the dataset.

To begin, coders input the school’s address into Google 
Street View and placed themselves in front of the school 
entrance. They then used the historical feature to go back to 
the time point closest to 2007, which marked the year prior 
to the start of the NCRECE PDS study. Coders circled and 

Figure 1.  Screen shots and maps of school communities.
Source. Google.
Note. Screen shots (top row) show images of two different school grounds. Maps (bottom row) show outline of the corresponding school grounds (dotted 
lines) and school neighborhoods (solid lines).
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zoomed in Google Street View as much as needed to provide 
a comprehensive view of the school grounds and neighbor-
hood. Coding of each school community took approximately 
one hour. All materials necessary for coding the iSNAP (e.g., 
user guide, codebook, sample codes) are included in 
Appendices A through D of the OSM.

Child outcomes
Language/literacy.  Four tasks measured children’s lan-

guage and literacy outcomes: the Peabody Picture Vocabu-
lary Test of receptive vocabulary (Dunn & Dunn, 1997); the 
Woodcock-Johnson-III Picture Vocabulary task of expres-
sive vocabulary (Woodcock et  al., 2001); the Test of Pre-
school Early Literacy (TOPEL) Phonological Awareness 
task of word elision and blending ability; and the TOPEL 
Print Knowledge task of alphabetic knowledge, written lan-
guage conventions, and writing skills (Lonigan et al., 2007). 
Each of these four measures was standardized and aver-
aged into a single score representing children’s aggregate 
language and literacy skills (α = .80). Confirmatory factor 
analysis confirmed the goodness of fit and factor loadings 
of a four-indicator model of language and literacy. (Contact 
first author for details.)

Self-regulation.  Self-regulation was assessed using the 
Pencil Tap (Smith-Donald et  al., 2007), which captures 
inhibitory control by asking children to tap a pencil once 
when the assessor taps twice and vice versa. Scores on the 
Pencil Tap represented the proportion of correct responses 
out of 16 trials (α = .92).

Approaches to learning.  Approaches to learning were 
reported by teachers using the 29-item Preschool Learning 
Behaviors Scale (PLBS; McDermott et  al., 2000), which 
reflects children’s competence motivation, attention per-
sistence, and attitude toward learning. Items were scored 
using a 0 (doesn’t apply) to 2 (most often applies) scale and 
summed such that higher scores represented more positive 
approaches to learning (α = .85).

Neighborhood structural characteristics.  School neigh-
borhood poverty was represented by the proportion of 
households within the school’s Census tract that fell below 
the U.S. poverty threshold using averaged data from the 
2005 to 2009 American Community Survey (ACS; U.S. 
Census Bureau, 2009). The 2010 Decennial Census was 
used to capture school Census tract population density 
(individuals per square mile; U.S. Census Bureau, 2010). 
School neighborhood crime was measured using the  
Washington Post’s crime database, which includes police-
reported homicide data for 55 U.S. cities (Washington Post, 
2018). We geocoded the location of all homicides that 
occurred between 2007 and 2009 in the five NCRECE PDS 
cities with available data: Charlotte, Chicago, Columbus, 

Memphis, and Stockton. Homicide rates were calculated 
by dividing the average number of annual homicides that 
occurred within the school’s Census tract during this 3-year 
period by the total population (in units of 100,000) accord-
ing to ACS estimates.

Child-level covariates.  Child-level covariates were reported 
by the primary caregiver and included children’s age, sex, 
race/ethnicity, household income-to-needs ratio, and whether 
or not the child spoke English at home.

Analytic Plan

Validating the iSNAP (Aim 1).  We used several steps to 
examine the factor structure, reliability, and validity of the 
focal iSNAP subscales. First, we eliminated items showing 
little variability (i.e., items in which the target object was 
identified in <2% of schools) or selective missingness 
(i.e., items that were missing or not observable for >10% 
of schools). Second, we used a Q-sort procedure with three 
to six research team members to group iSNAP items into 
theoretically motivated constructs (Nahm et  al., 2002), 
eliminating items that did not fall into these construct 
groupings. Third, we conducted confirmatory factor analy-
ses (CFAs) in Mplus (version 8.1; Muthén & Muthén, 
1998–2017) to confirm the factor structure of the subscales 
generated by the Q-sort. Because all iSNAP items were 
double coded, we created two separate datasets by ran-
domly selecting one coder’s scores for each. We used 
results of a CFA in the first dataset to modify our models 
(e.g., drop items with standardized factor loadings <.30, 
include error covariances based on modification indices 
when conceptually appropriate) and refit these modified 
models in the second dataset. Model fit was considered 
appropriate if the root mean square error of approximation 
(RMSEA) was less than .08, the comparative fit index 
(CFI) and Tucker Lewis index (TLI) were .90 or greater, 
and the standardized root mean square residual (SRMR) 
was less than .08 (Hu & Bentler, 1999). (For models with 
binary indicators, we evaluated the weighted root mean 
square residual, or WRMR, instead of the SRMR.)

Fourth, we rescaled individual items within each subscale 
to be on the same response scale (e.g., rescaling Likert scale 
items so that they ranged from 0 to 1) and to ensure that 
higher scores reflected more positive characteristics, and 
then averaged items across coders and within subscales 
within the full dataset. We chose to use item averages given 
their interpretability and ease of replicability in future 
research. Nevertheless, we note that our observed subscale 
average scores were highly correlated (r > .90) with the fac-
tor scores generated through CFA. Results of sensitivity 
analyses using observed factor scores were also highly simi-
lar to primary results (see Tables S3 and S4 in the OSM for 
details).
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Fifth, we examined the interrater reliability and internal 
consistency of the newly created subscales. Interrater reli-
ability was examined using bivariate correlations between 
observed subscale scores across coders and unconditional 
intraclass correlations (ICCs) representing the proportion of 
total variance in subscale scores between groups (school 
communities). ICCs of <.50 were considered poor reliabil-
ity, .50 to .75 were considered moderate, .75 to .90 were con-
sidered good, and >.90 were considered excellent (Koo & 
Li, 2016). Internal consistency was examined using 
Cronbach’s alpha for each subscale.

Finally, we assessed concurrent validity within the full 
dataset by examining the bivariate correlations between the 
observed scores of the iSNAP subscales and existing neigh-
borhood structural measures (i.e., poverty, density, homi-
cide). These analyses were conducted in Stata (version 15; 
StataCorp, 2017).

Using the iSNAP to predict child outcome (Aim 2).  To 
examine whether the iSNAP subscales predicted child out-
comes, we used a series of two-level linear regression mod-
els with children nested in schools. These models also 
included city fixed effects. (See Table S5 in the OSM for the 
ICCs of child outcomes within schools and cities.) In the 
first of these models, children’s outcome scores at spring of 
their preschool year were regressed one by one on their 
school communities’ iSNAP subscale scores. Although 
causal inference is notoriously difficult to establish in neigh-
borhood research (see Leventhal & Dupéré, 2019, for a dis-
cussion), our second set of models attempted to minimize 
omitted variable biases by controlling for neighborhood-
level structural characteristics (poverty, density, homicide), 
child-level covariates (age, sex, race/ethnicity, mother’s 
years of education, household income-to-needs ratio, home 
language), and teachers’ treatment status in the NCRECE 
PDS (i.e., a binary indicator for whether the child’s teacher 
participated in the course and/or coaching interventions). 
Despite the inclusion of these covariates, we acknowledge 
that the results of our Aim 2 analyses are descriptive in 
nature, as they likely fail to account for other important con-
founds (e.g., residential neighborhood characteristics, sys-
tematic discrimination). These analyses were also conducted 
in Stata.

Missing Data

Table 1 shows the rates of missing data in the sample. No 
schools were missing data on the iSNAP. Missingness rates 
for child-level covariates ranged from 0 to 9.02 percent. No 
neighborhoods were missing data on density, and 1.03 per-
cent of neighborhoods were missing data on poverty. 
Neighborhood crime had a particularly high rate of missing-
ness (47.04%) due to the availability of these data in only 
five of the study’s nine cities. To handle missing covariates 

in Aim 1 analyses examining concurrent validity, we used 
listwise deletion. For Aim 2, we used multiple imputation by 
chained equations (MICE) to create 20 datasets with com-
plete covariate information. Children’s outcome information 
was not imputed. Because children were nested within 
school neighborhoods, we first imputed school/neighbor-
hood variables so that each observation represented one of 
the 195 schools with child outcome information. We then 
imputed missing child-level covariates at the child level. 
These school- and child-level datasets were merged for Aim 
2 analyses. Results of Aim 2 analyses using complete case 
analysis (i.e., listwise deletion of cases with missing values) 
were largely consistent with the main findings (see Table S6 
in the OSM).

Results

Validating the iSNAP (Aim 1)

Descriptive statistics showed low levels of variability for 
three iSNAP items (e.g., no schools had broken windows) 
and high levels of systematic missingness for an additional 
10 items (e.g., specific playground features were frequently 
missing since many schools did not have visible play-
grounds). These 13 items were therefore removed from fur-
ther consideration in the Q-sort process, which revealed the 
emergence of constructs related to safety, care, order, and 
recreational resources in the remaining items. Specifically, 
using the Q-sort process, 36 iSNAP items were grouped into 
five different subscales, three of which reflected characteris-
tics on the school grounds and two of which focused on the 
school neighborhood. Building from work by Odgers and 
colleagues (2012), global ratings of safety and care captured 
coders’ overall impressions of both the school grounds (e.g., 
“I would send my child to this school”) and the school neigh-
borhood (e.g., “the proximal neighborhood appears well 
cared for”) after a single walk around the school community. 
In line with previous research on neighborhood (dis)order 
(Evans, 2006; Leventhal & Brooks-Gunn, 2000; Ross & 
Mirowsky, 2001), indicators of physical order included 
items representing the presence/absence and quality of vari-
ous positive and negative features (e.g., litter, landscaping, 
bars on windows, graffiti) in both the school grounds and the 
school neighborhood. Finally, resources for outdoor play 
focused on the availability of spaces and materials for play 
(e.g., playground, open field, paved area) on the school 
grounds only. Items not reflecting these core constructs (e.g., 
neighborhood land use, neighborhood businesses and 
resources, messaging/advertisements, etc.) were excluded 
from further consideration in the present study.

To explore the fit of these subscales to our data, we began 
with a CFA in a dataset formed by randomly selecting one of 
the two coder scores for each item, which showed mixed 
evidence for model fit. After dropping poorly loading items 
and including error correlations amongst a select set of items 
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that shared likely sources of variance unrelated to the latent 
construct of interest (e.g., amongst items with similar word-
ings; T. Brown, 2015), model fit improved. (Contact first 
author for full results of these split-half CFAs.) Results of 
the final set of CFAs within the dataset formed by averag-
ing coders’ scores are shown in Table 2. CFAs in this over-
all dataset revealed adequate standardized factor loadings 
(all >.30) and, with some exceptions (e.g., a somewhat 
elevated RMSEA in the school neighborhood subscales), 
adequate model fit.

After generating observed scores for each iSNAP sub-
scale, we then explored evidence for different forms of reli-
ability, which are detailed at the bottom of Table 2. iSNAP 
subscale correlations ranged across coders from .77 (for 
resources for outdoor play in the school grounds) to .85 (for 
indicators of physical order in the school grounds), indicat-
ing relatively strong agreement. ICCs at the subscale level 
were moderate, ranging from .53 (for global ratings of safety 
and care in the school grounds) to .66 (for indicators of 
physical order in the school grounds). In general, ICCs were 
somewhat lower for the more subjective global ratings of 
safety and care (M ICC = .55) than they were for the more 
objective indicators of physical order and resources for out-
door play (M ICC = .63), although correlations amongst 
coder scores were generally similar across these categories 
(M r = .80 vs. .81, respectively). Finally, internal consis-
tency was acceptable for all subscales, ranging from .71 (for 
resources for outdoor play) to .94 (for global ratings of 
safety and care in the school neighborhood).

Lastly, Table S7 in the OSM shows child-level correla-
tions between iSNAP school community characteristics and 
other key study variables. Figure 2 and Table S8 in the OSM 
show the neighborhood-level correlations between iSNAP 
subscales and neighborhood structural measures, including 
Census tract poverty rates, population density, and homi-
cide rates. Neighborhood poverty was moderately and neg-
atively associated with both global ratings of safety and 
care and indicators of physical order in the school neighbor-
hood (r = −.44 and −.43, respectively, p < .001). 
Associations between neighborhood poverty and school 
grounds characteristics were less strong, at −.27 (p < .001) 
for global ratings of safety and care, −.20 (p < .001) for 
indicators of physical order, and just −.03 (p = ns) for 
resources for outdoor play. Population density was moder-
ately negatively correlated with global ratings of safety and 
care and indicators of physical order in both the school 
grounds and neighborhood (r = −.42 to −.57, p < .001). We 
observed a smaller negative correlation between population 
density and resources for outdoor play (r = −.22, p < .001). 
Finally, homicide rates were less strongly associated with 
the iSNAP subscales than either neighborhood poverty or 
density, with correlations ranging from −.07 (p = ns) for 
resources for outdoor play to −.22 (p < .01) for indicators 
of physical order in the school neighborhood.

Using the iSNAP to Predict Child Outcomes (Aim 2)

Table 3 presents the results of multilevel regression mod-
els predicting child outcomes as a function of school com-
munity characteristics measured by the iSNAP. Each cell in 
Table 3 represents the coefficient of an iSNAP subscale 
score from a different regression model, accounting for 
covariates or not. We focus here on the results of our models 
that include child- and neighborhood-level covariates given 
that they are somewhat less prone to selection bias. Of the 15 
associations tested (5 iSNAP subscales × 3 child outcomes), 
just three statistically significant findings (p < .10) were 
observed. In particular, global ratings of safety and care in 
both the school grounds and the school neighborhood were 
positively and significantly associated with children’s 
approaches to learning. In particular, each one-unit increment 
(out of five) in the global rating of either the school grounds 
or neighborhood was associated with 0.15 SDs higher scores 
in children’s approaches to learning. We also observed a posi-
tive, marginally significant relation between resources for 
outdoor play in school grounds and children’s self-regulation. 
For these results, children attending schools with all mea-
sured resources for play were expected, on average, to score 
approximately 0.19 SDs higher in self-regulation than their 
peers from schools with no resources. No other statistically 
significant associations between iSNAP subscales and child 
outcomes were observed in the models with covariates. 
Furthermore, pseudo-R2 values calculated as the difference in 
school-level variance explained before and after including 
the iSNAP subscales were small across all models (range = 
.00−.08). Pseudo-R2 values calculated from the fully con-
trolled and unadjusted models indicated covariates accounted 
for a sizable proportion of between-school variation in child 
outcomes (range = .31−.91).

Discussion

In this study, we present a new virtual tool for quantifying 
the physical features of young children’s school community 
contexts—including both the grounds and neighborhoods 
immediately surrounding their school buildings—and link 
these characteristics with both the structural characteristics 
of school neighborhoods and low-income preschoolers’ lan-
guage and literacy, self-regulation, and approaches to learn-
ing outcomes. In doing so, this descriptive work is intended 
to set the stage for a new body of research that can reliably 
measure children’s school communities as additional key 
contexts for interaction, learning, and development.

Our results suggest that the iSNAP may serve as a reliable 
and valid means for measuring several physical dimensions 
of school communities that are currently underrepresented 
in the neighborhood and educational literatures. First, simi-
lar to prior SSO approaches in residential contexts, we used 
the iSNAP to capture indicators of physical order in both 
school grounds and neighborhoods using items targeting the 



10

Table





 2
C

on
fi

rm
at

or
y 

F
ac

to
r 

A
na

ly
si

s,
 R

el
ia

bi
li

ty
 A

na
ly

si
s,

 a
nd

 D
es

cr
ip

ti
ve

 S
ta

ti
st

ic
s 

fo
r 

iS
N

A
P

 S
ub

sc
al

es
 (

N
 =

 2
91

 S
ch

oo
l C

om
m

un
it

ie
s)

S
ch

oo
l g

ro
un

ds
S

ch
oo

l n
ei

gh
bo

rh
oo

d

G
lo

ba
l r

at
in

gs
  

of
 s

af
et

y 
an

d 
ca

re
In

di
ca

to
rs

 o
f 

 
ph

ys
ic

al
 o

rd
er

R
es

ou
rc

es
 f

or
  

ou
td

oo
r 

pl
ay

G
lo

ba
l r

at
in

gs
 o

f 
 

sa
fe

ty
 a

nd
 c

ar
e

In
di

ca
to

rs
 o

f 
 

ph
ys

ic
al

 o
rd

er

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

I 
w

ou
ld

 s
en

d 
m

y 
ch

il
d 

to
 th

is
 

sc
ho

ol
 (

1–
5)

.8
9

A
re

 th
er

e 
an

y 
ba

rs
 o

n 
th

e 
w

in
do

w
s 

of
 th

e 
sc

ho
ol

 
bu

il
di

ng
? 

(0
–1

) 
(r

)

.5
2

Is
 th

er
e 

an
 o

pe
n 

fi
el

d 
on

 th
e 

sc
ho

ol
 

gr
ou

nd
s?

 (
0–

1)

.3
3

T
hi

s 
is

 a
 s

af
e 

pl
ac

e 
to

 li
ve

 (
1–

5)
.9

0
W

ha
t i

s 
th

e 
ge

ne
ra

l l
ev

el
 o

f 
li

tt
er

 
of

 th
e 

pr
ox

im
al

 n
ei

gh
bo

rh
oo

d?
 

(1
–3

) 
(r

)

.7
9

T
he

 s
ch

oo
l g

ro
un

ds
 a

pp
ea

r 
to

 b
e 

w
el

l t
ak

en
 c

ar
e 

of
 

(1
–5

)

.8
7

Is
 th

er
e 

an
y 

li
tt

er
 o

n 
th

e 
sc

ho
ol

 g
ro

un
ds

? 
(1

–3
) 

(r
)

.4
6

Is
 th

er
e 

a 
pa

ve
d 

pl
ay

 
ar

ea
 o

ut
si

de
 o

n 
th

e 
sc

ho
ol

 g
ro

un
ds

? 
(0

–1
)

.9
2

I 
w

ou
ld

 f
ee

l s
af

e 
w

al
ki

ng
 in

 th
is

 
ne

ig
hb

or
ho

od
 a

t 
ni

gh
t (

1–
5)

.8
6

A
re

 th
er

e 
an

y 
pi

ec
es

 o
f 

ab
an

do
ne

d 
tr

as
h 

in
 th

e 
pr

ox
im

al
 

ne
ig

hb
or

ho
od

? 
(0

–1
) 

(r
)

.5
8

T
he

 s
ch

oo
l g

ro
un

ds
 a

pp
ea

r 
to

 b
e 

sa
fe

 f
or

 c
hi

ld
re

n 
(1

–5
)

.9
3

O
n 

av
er

ag
e 

ac
ro

ss
 th

e 
sc

ho
ol

 g
ro

un
ds

, h
ow

 
w

ou
ld

 y
ou

 d
es

cr
ib

e 
th

e 
li

tt
er

 le
ve

l?
 (

1–
5)

 (
r)

.5
4

D
oe

s 
th

e 
gr

as
s 

or
 

pa
ve

d 
co

ur
ty

ar
d 

ha
ve

 li
ne

s 
fo

r 
ga

m
es

 o
r 

ch
al

k 
m

ar
ks

? 
(0

–1
)

.8
0

T
hi

s 
is

 a
 

ne
ig

hb
or

ho
od

 I
 

co
ul

d 
li

ve
 in

 (
1–

5)

.8
9

W
ha

t p
ro

po
rt

io
n 

of
 th

e 
re

si
de

nt
ia

l 
un

it
s 

ha
ve

 w
el

l-
m

an
ic

ur
ed

 
la

w
ns

/l
aw

n 
or

na
m

en
ts

/p
ot

te
d 

pl
an

ts
/l

an
ds

ca
pi

ng
? 

(1
–4

)

.5
6

I 
w

ou
ld

 f
ee

l s
af

e 
le

tt
in

g 
m

y 
ch

il
d 

ri
de

 th
ei

r 
bi

ke
 o

n 
th

e 
st

re
et

/s
id

ew
al

k 
in

 f
ro

nt
 o

f 
th

e 
sc

ho
ol

 (
1–

5)

.7
4

A
re

 th
er

e 
an

y 
pi

ec
es

 o
f 

ab
an

do
ne

d 
tr

as
h 

on
 

th
e 

sc
ho

ol
 g

ro
un

ds
? 

(0
–1

) 
(r

)

.3
0

Is
 th

er
e 

a 
pl

ay
gr

ou
nd

/p
la

y 
st

ru
ct

ur
e 

vi
si

bl
e 

on
 th

e 
sc

ho
ol

 
pr

op
er

ty
? 

(0
-1

)

.4
7

T
he

 p
ro

xi
m

al
 

ne
ig

hb
or

ho
od

 
ap

pe
ar

s 
w

el
l t

ak
en

 
ca

re
 o

f 
(1

–5
)

.9
3

H
ow

 w
ou

ld
 y

ou
 r

at
e 

th
e 

av
er

ag
e 

qu
al

it
y 

of
 th

e 
re

si
de

nt
ia

l u
ni

ts
 

in
 th

e 
ne

ig
hb

or
ho

od
? 

(1
–4

)

.7
4

I 
w

ou
ld

 f
ee

l s
af

e 
le

tt
in

g 
a 

10
-y

ea
r-

ol
d 

ch
il

d 
w

al
k 

al
on

e 
on

 th
e 

st
re

et
/s

id
ew

al
k 

in
 f

ro
nt

 o
f 

th
e 

sc
ho

ol
 (

1–
5)

.7
2

Is
 th

er
e 

an
y 

la
nd

sc
ap

in
g 

pr
es

en
t o

n 
th

e 
sc

ho
ol

 
gr

ou
nd

s?
 (

0–
1)

.4
9

T
he

 p
ro

xi
m

al
 

ne
ig

hb
or

ho
od

 
ap

pe
ar

s 
di

so
rd

er
ly

 
(1

–5
) 

(r
)

.7
8

Is
 th

er
e 

an
y 

ty
pe

 o
f 

gr
af

fi
ti

 
pr

es
en

t?
 (

0–
1)

 (
r)

.6
0

T
he

 s
ch

oo
l g

ro
un

ds
 a

pp
ea

r 
di

so
rd

er
ly

 (
1–

5)
 (

r)
.6

7
W

ha
t i

s 
th

e 
ge

ne
ra

l 
co

nd
it

io
n 

of
 th

e 
st

ru
ct

ur
es

 o
f 

th
e 

sc
ho

ol
 

gr
ou

nd
s?

 (
1–

4)

.7
8

T
he

 p
ro

xi
m

al
 

ne
ig

hb
or

ho
od

 
ap

pe
ar

s 
ch

ao
ti

c 
(1

–5
) 

(r
)

.7
5

Is
 th

er
e 

an
y 

ev
id

en
ce

 o
f 

pa
in

te
d 

ov
er

 g
ra

ff
it

i i
n 

th
e 

ne
ig

hb
or

ho
od

? 
(0

–1
) 

(r
)

.4
2

T
he

 s
ch

oo
l g

ro
un

ds
 a

pp
ea

r 
ch

ao
ti

c 
(1

–5
) 

(r
)

.6
2

Is
 th

er
e 

gr
af

fi
ti

 p
re

se
nt

 
an

yw
he

re
 o

n 
th

e 
sc

ho
ol

 
gr

ou
nd

s?
 (

0–
1)

 (
r)

.3
4

D
o 

an
y 

of
 th

e 
bu

il
di

ng
s 

in
 th

e 
pr

ox
im

al
 n

ei
gh

bo
rh

oo
d 

ha
ve

 
pe

rm
an

en
t b

ar
s?

 (
0–

1)
 (

r)

.5
5

(c
on

ti
nu

ed
)



11

S
ch

oo
l g

ro
un

ds
S

ch
oo

l n
ei

gh
bo

rh
oo

d

G
lo

ba
l r

at
in

gs
  

of
 s

af
et

y 
an

d 
ca

re
In

di
ca

to
rs

 o
f 

 
ph

ys
ic

al
 o

rd
er

R
es

ou
rc

es
 f

or
  

ou
td

oo
r 

pl
ay

G
lo

ba
l r

at
in

gs
 o

f 
 

sa
fe

ty
 a

nd
 c

ar
e

In
di

ca
to

rs
 o

f 
 

ph
ys

ic
al

 o
rd

er

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

It
em

F
ac

to
r 

lo
ad

in
g

 
Is

 th
er

e 
ev

id
en

ce
 th

at
 

gr
af

fi
ti

 o
n 

th
e 

sc
ho

ol
 

bu
il

di
ng

 h
as

 b
ee

n 
pa

in
te

d 
ov

er
? 

(0
–1

) 
(r

)

.3
2

D
o 

an
y 

of
 th

e 
ca

rs
 a

pp
ea

r 
to

 
be

 a
ba

nd
on

ed
, h

av
e 

br
ok

en
 

w
in

do
w

s,
 b

ul
le

t h
ol

es
, o

r 
fl

at
 

ti
re

s?
 (

0–
1)

 (
r)

.3
4

 
H

ow
 w

el
co

m
in

g 
is

 th
e 

sc
ho

ol
 e

nt
ra

nc
e?

 (
1–

4)
.6

6
In

 g
en

er
al

, h
ow

 w
ou

ld
 y

ou
 r

at
e 

th
e 

co
nd

it
io

n 
of

 m
os

t c
ar

s 
in

 th
e 

pr
ox

im
al

 n
ei

gh
bo

rh
oo

d?
 (

1–
4)

.6
4

 
D

o 
an

y 
of

 th
e 

re
si

de
nc

es
 a

pp
ea

r 
ab

an
do

ne
d?

 (
0–

1)
 (

r)
.4

3

C
ov

ar
ia

nc
e 

te
rm

s 
in

cl
ud

ed
 b

et
w

ee
n 

it
em

s:
 2

&
6,

 4
&

5,
 6

&
7

C
ov

ar
ia

nc
e 

te
rm

s 
in

cl
ud

ed
 

be
tw

ee
n 

it
em

s:
 2

&
3

N
o 

co
va

ri
an

ce
 te

rm
s 

in
cl

ud
ed

C
ov

ar
ia

nc
e 

te
rm

s 
in

cl
ud

ed
 

be
tw

ee
n 

it
em

s:
 1

&
2,

 5
&

6
C

ov
ar

ia
nc

e 
te

rm
s 

in
cl

ud
ed

 b
et

w
ee

n 
it

em
s:

 
3&

4,
 5

&
6

χ2 (1
1)

 =
 2

2.
77

, p
 =

 .0
2;

 R
M

S
E

A
 

=
 .0

6;
 C

F
I 
=

 .9
9;

 T
L

I 
=

 .9
9;

 
S

R
M

R
 =

.0
2

χ2 (2
6)

 =
 7

1.
25

 p
 <

 .0
01

; 
R

M
S

E
A

 =
 .0

8;
 C

F
I 
=

 .9
4;

 T
L

I 
=

 .9
2;

 S
R

M
R

 =
.0

6

χ2 (2
) 
=

 3
.6

8,
 p

 =
.1

6;
 R

M
S

E
A

 
=

 .0
5;

 C
F

I 
=

 1
.0

0;
 T

L
I 
=

 
.9

8;
 S

R
M

R
 =

.0
2

χ2 (7
) 
=

 3
8.

33
, p

 <
 .0

01
; 

R
M

S
E

A
 =

 .1
2;

 C
F

I 
=

 .9
8;

 
T

L
I 
=

 .9
6;

 S
R

M
R

 =
.0

2

χ2 (3
3)

 =
 1

23
.8

7,
 p

 <
 .0

01
; 

R
M

S
E

A
 =

 
.1

0;
 C

F
I 
=

 .9
0;

 T
L

I 
=

 .8
7;

  
S

R
M

R
 =

.0
5

r 
ac

ro
ss

 c
od

er
s

.7
8

r 
ac

ro
ss

 c
od

er
s

.8
5

r 
ac

ro
ss

 c
od

er
s

.7
7

r 
ac

ro
ss

 c
od

er
s

.8
1

r 
ac

ro
ss

 c
od

er
s

.8
1

IC
C

.5
3

IC
C

.6
6

IC
C

.6
2

IC
C

.5
7

IC
C

.6
0

A
lp

ha
.9

2
A

lp
ha

.7
3

A
lp

ha
.7

1
A

lp
ha

.9
4

A
lp

ha
.8

2

N
ot

e.
 F

ul
l i

te
m

 w
or

di
ng

 a
va

il
ab

le
 in

 T
ab

le
 S

2 
in

 th
e 

O
S

M
. O

ri
gi

na
l i

te
m

 s
ca

le
 n

ot
ed

 in
 p

ar
en

th
es

es
 a

ft
er

 it
em

 d
es

cr
ip

ti
on

; (
r)

 in
di

ca
te

s 
it

em
 th

at
 h

as
 b

ee
n 

re
ve

rs
e 

co
de

d 
so

 th
at

 h
ig

he
r 

sc
or

es
 r

ep
re

se
nt

 a
 

m
or

e 
po

si
ti

ve
 s

co
re

. I
n 

ca
lc

ul
at

in
g 

su
m

 s
co

re
s 

fo
r 

th
e 

iS
N

A
P

 c
on

st
ru

ct
s,

 a
ll

 s
co

re
s 

w
er

e 
re

sc
al

ed
 to

 0
–1

 f
or

 th
e 

In
di

ca
to

rs
 o

f 
P

hy
si

ca
l O

rd
er

 s
ub

sc
al

es
. R

M
S

E
A

 =
 r

oo
t m

ea
n 

sq
ua

re
 e

rr
or

 o
f 

ap
pr

ox
im

at
io

n;
 

C
F

I 
=

 c
on

fi
rm

at
or

y 
fi

t i
nd

ex
; T

L
I 
=

 T
uc

ke
r-

L
ew

is
 in

de
x;

 S
R

M
R

 =
 s

ta
nd

ar
di

ze
d 

ro
ot

 m
ea

n 
sq

ua
re

 r
es

id
ua

l;
 I

C
C

 =
 in

tr
ac

la
ss

 c
or

re
la

ti
on

.

Table





 2
 (

continued











)



12

Figure 2.  Correlations between iSNAP school community characteristics and neighborhood structural measures (N = 291 school 
communities).
Note. Homicide rates available for a subset of n = 154 communities in the following cities: Charlotte, Chicago, Columbus, Memphis, and Stockton.
+p < .10. *p < .05. **p < .01. ***p < .001.

Table 3
Results of Multilevel Linear Regression Models Predicting Child Outcomes from iSNAP School Community Characteristics (N = 1,230)

Language and literacy  
(n = 1,202)

Self-regulation  
(n = 1,195)

Approaches to learning  
(n = 988)

Unstandardized coefficients
  School grounds
    Global ratings of safety and care 0.003

(0.060)
0.012

(0.044)
0.040+

(0.022)
0.026

(0.018)
0.942

(0.611)
1.100+

(0.621)
    Indicators of physical order 0.434

(0.300)
0.252

(0.209)
0.139

(0.109)
0.123

(0.089)
1.954

(3.070)
2.371

(3.020)
    Resources for outdoor play −0.014

(0.118)
−0.005
(0.085)

0.104*
(0.043)

0.071+

(0.037)
1.128

(1.226)
1.276

(1.239)
  School neighborhood
    Global ratings of safety and care 0.043

(0.051)
0.043

(0.040)
0.023

(0.019)
0.022

(0.017)
0.809

(0.519)
1.214*

(0.576)
    Indicators of physical order 0.496*

(0.230)
0.151

(0.186)
0.162+

(0.083)
0.107

(0.079)
2.828

(2.352)
4.033

(2.677)
Standardized coefficients
  School grounds
    Global ratings of safety and care 0.004

(0.075)
0.015

(0.054)
0.122+

(0.066)
0.081

(0.056)
0.120

(0.078)
0.140+

(0.079)
    Indicators of physical order 0.539

(0.373)
0.313

(0.259)
0.423

(0.332)
0.376

(0.272)
0.248

(0.390)
0.301

(0.383)
    Resources for outdoor play −0.017

(0.147)
−0.006
(0.106)

0.316*
(0.131)

0.218+

(0.112)
0.143

(0.156)
0.162

(0.157)

(continued)
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presence of positive characteristics like landscaping, the 
absence of negative characteristics like graffiti and litter, and 
the general condition of buildings. Our results show that 
coders were able to reliably identify these indicators of 
physical order in school communities using the online plat-
form of Google Street View in ways that were related to—
but ultimately distinct from—established measures of 
neighborhood structural characteristics (i.e., poverty rates, 
population density, and homicide rates). As such, the iSNAP 
may provide as a relatively scalable and easy-to-use alterna-
tive to traditional SSO methods for characterizing heteroge-
neity in the indicators of physical order that prior work in 
residential communities has linked with community-level 
social interactions (e.g., Odgers et al., 2012; Raudenbush & 
Sampson, 1999; Sampson & Raudenbush, 1999).

Importantly, however, after controlling for a basic set of 
child- and neighborhood-level covariates, we did not find 
that the indicators of physical order captured by the iSNAP 
were predictive of any of the three child outcomes studied. 
These findings convey a different story than the extant litera-
ture on residential neighborhood physical (dis)order, which 
has previously shown links with adolescent behavior, risk 
taking, and health (Furr-Holden et al., 2012; Hill & Angel, 
2005; Milam et al., 2012). On one hand, it is possible that 
indicators of physical order are less salient in school versus 
residential neighborhoods, for academic and social-emo-
tional versus health outcomes, or for young children versus 
adolescents or adults. On the other hand, it is also possible 
that the existing evidence base on physical (dis)order has 
overestimated its association with individual outcomes 
through failing to account for potential confounding charac-
teristics (Leventhal & Brooks-Gunn, 2000). Indeed, this 
hypothesis is consistent with the fact that we do observe 
associations between indicators of physical order and chil-
dren’s language/literacy and self-regulation outcomes in our 

uncontrolled models, just not our controlled ones. Future 
research combining more internally valid study designs with 
a wider range of data is needed to understand the robustness 
of associations between physical order and children’s learn-
ing, as well as with more proximal outcomes such as adult-
child interactions, child exploration and play, and community 
social processes.

Second, we also found evidence for the reliability and 
validity of a set of items capturing available resources for 
outdoor play on school grounds, including the presence of 
playgrounds, open fields, and paved play areas. Prior 
research has demonstrated that the availability of play-
related equipment is positively associated with preschoolers’ 
physical activity (Määttä et al., 2019). In turn, active play 
has been shown to strengthen regions of the brain that are 
associated both with motor coordination and cognitive con-
trol (Becker et al., 2014; Best, 2010; Burdette & Whitaker, 
2005). Consistent with these findings, the present study 
identified significant positive associations between the 
resources for outdoor play on school grounds and preschool-
ers’ performance on a self-regulation task of inhibitory con-
trol at the end of the school year. Collectively, these results 
highlight the provision of outdoor resources for play as one 
potential means of supporting self-regulation during the 
developmentally sensitive preschool period, as well as the 
importance of considering play-related equipment on school 
grounds as a potential marker of educational quality. 
Nevertheless, given the descriptive nature of this study and 
the lack of robust associations between resources for out-
door play and other child outcomes, further research is 
needed to establish these links before making explicit  
practice-related recommendations.

Finally, building on community survey methods and a 
virtual SSO by Odgers and colleagues (2012), we took a 
broader view of neighborhood conditions by asking coders 

Language and literacy  
(n = 1,202)

Self-regulation  
(n = 1,195)

Approaches to learning  
(n = 988)

  School neighborhood
    Global ratings of safety and care 0.053

(0.063)
0.054

(0.050)
0.070

(0.056)
0.068

(0.052)
0.103

(0.066)
0.154*

(0.073)
    Indicators of physical order 0.615*

(0.285)
0.187

(0.231)
0.494+

(0.254)
0.325

(0.241)
0.359

(0.299)
0.512

(0.340)
Neighborhood covariates X X X
Child covariates X X X

Note. Standard errors in parentheses. Standardized coefficients represent the association between standardized outcomes and unstandardized predictors; Each 
cell represents the results of a different multilevel regression as each iSNAP score was tested independently with the child outcome of interest. Neighborhood 
covariates include Census tract population density, homicide rate, and poverty rate. Child covariates include age, sex, race/ethnicity, household income-to-
needs ratio, and whether or not the child speaks English at home. Models with covariates also include an indicator for the child’s teacher’s treatment status 
in the parent study; All models include city fixed effects and a school-level random intercept. Bold values indicate those that are statistically significant at 
p < .10
+p < .10. *p < .05.

Table 3 (continued)
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to report on their global ratings of safety and care of school 
communities, such as whether they might feel safe letting a 
child walk alone in the environment or the extent to which 
the school neighborhood is well cared for. Although we 
acknowledge the subjectivity of these ratings (and subse-
quent potential for observer biases to introduce error into 
estimates), our results showed that coders were able to pro-
vide global ratings of safety and care that were relatively 
similar in their reliability to the more objective indicators of 
physical order and resources for outdoor play. Furthermore, 
we found that children attending schools whose grounds and 
surrounding neighborhoods were scored by coders as high in 
overall safety and care tended to be rated by their teachers as 
showing greater approaches to learning, including their 
motivation, attention persistence, and attitudes toward learn-
ing. This finding is similar to prior research from the resi-
dential SSO literature, which has shown that children living 
in communities perceived to be low in safety were rated by 
parents and teachers to have higher levels of antisocial 
behavior (Odgers et al., 2012). Future research is needed to 
examine the biological and social mechanisms that may 
explain these associations. Work is also needed to under-
stand why coders’ more holistic impressions appear to con-
tribute different information than that provided by more 
objective coding of specific physical indicators, as well as 
whether coders’ perceptions align with those of actual neigh-
borhood residents (Ndjila et al., 2019).

Overall, it is important to note that the majority of asso-
ciations tested between the iSNAP and children’s outcomes 
were null. On the one hand, this general lack of differences 
in child outcomes could suggest that the school community 
characteristics measured by the iSNAP are not salient— 
or, at the very least, less salient than other contextual  
factors—for promoting children’s language and literacy, 
self-regulation, and approaches to learning outcomes. On 
the other hand, it is possible that the present study was 
underpowered to capture the likely small associations 
between children’s school community experiences and out-
comes. Indeed, Leventhal and Dupéré (2019) concluded in 
their recent review of the literature that the role of neighbor-
hoods in shaping child outcomes is “quite modest” (p. 160), 
with neighborhood socioeconomic status typically account-
ing for less than 10% of the variation in children’s outcomes. 
This conclusion is also consistent with research using SSOs 
in residential neighborhoods, which has shown bivariate 
associations between neighborhood characteristics and child 
outcomes of around .10 or below (Odgers et  al., 2012). 
Although research using larger and more representative 
samples is needed to test these competing hypotheses, it is 
clear from our results that the direct role of school commu-
nity physical characteristics for shaping child outcomes is 
indeed modest at best.

Even absent robust links with child outcomes, however, 
we argue that measures like the iSNAP can provide 

important information regarding the characteristics of the 
learning environments in which an increasing percentage of 
young children spend their time. For example, our analyses 
of concurrent validity suggested that schools embedded in 
high-poverty, densely populated, and/or high-crime Census 
tracts on average showed lower levels of order, safety, and 
care than their counterparts in more affluent, sparsely popu-
lated, and/or safe neighborhoods, findings consistent with 
prior research from sociology and public health (Ross, 2000; 
E. Wei et  al., 2005). Overall, however, these associations 
were small to moderate in size, indicating that the iSNAP is 
likely to capture features of school communities that are ulti-
mately distinct from those represented by the Census and 
other administrative sources. In other words, our results sug-
gest that there is likely to be relatively large heterogeneity in 
the levels of order, safety, care, and resources for play that 
are found within school neighborhoods categorized as “at 
risk” based on structural characteristics, reinforcing the 
diversity of low-income communities and the importance of 
avoiding monolithic conceptualizations of low-income envi-
ronments and one-size-fits-all approaches to intervention in 
these settings.

Furthermore, we found that neighborhood poverty and 
homicide rates were generally more strongly related to phys-
ical features of the neighborhood surrounding schools than 
they were to the characteristics of the school grounds them-
selves. In particular, resources for play in the school grounds 
were not significantly correlated with neighborhood poverty 
or homicide rates. This finding suggests that school 
grounds—which are likely maintained by the school and 
regulated by higher-level entities—may represent a funda-
mentally different context than the neighborhood environ-
ments surrounding them. Future research is needed to 
understand the extent to which characteristics of school 
grounds relate to levels of quality observed within school 
walls, including the dimensions of classroom structural and 
process quality that are frequently cited as mechanisms for 
reducing opportunity gaps (Howes et al., 2008).

Limitations

This study is limited in several important ways. First, 
although Google Street View allows for virtual observations 
of geographically distant settings for coders, it does not rep-
licate the experience and detail of in-person observation and 
therefore may introduce error into assessment. Second, 
although we made multiple efforts to establish interrater reli-
ability and minimize measurement error (e.g., recruiting 
coders from diverse backgrounds, randomly pairing coders 
and randomly assigning them to different school communi-
ties, averaging coder scores for analysis), iSNAP scores—
particularly global ratings—may have been systematically 
biased. Like other observer ratings, iSNAP scores reflect 
outsiders’ perceptions of the built environment and fail to 
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consider the lived experiences of (often low-income and/or 
racially minoritized) community members. Future work 
using triangulated and participatory methods (e.g., chil-
dren’s narratives or photos of their everyday experiences in 
their school neighborhoods, local community members’ rat-
ings of care and safety) is needed to understand the ecologi-
cal validity of the iSNAP and to ensure that the voices of 
community members are appropriately reflected by empiri-
cal data (Burton & Jarrett, 2000; Dennis et al., 2009; Loebach 
& Gilliland, 2010). Work to explicitly untangle the effects of 
coders on iSNAP scores is also needed, for example, by 
intentionally pairing coders from different backgrounds to 
document the extent of rater biases.

Third, children and families do not randomly select into 
school communities (Sampson & Sharkey, 2008). As such, by 
failing to account for unobserved characteristics that are asso-
ciated with both school communities and child outcomes 
(e.g., characteristics of children’s residential neighborhoods 
or family environments), we may be overestimating the rela-
tions between these variables. Future work using more inter-
nally valid approaches for linking the iSNAP and other 
neighborhood processes with child outcomes is needed 
(Leventhal & Dupéré, 2019). Fourth, because our sample was 
drawn from predominantly low-income communities in nine 
cities and focused on a relatively narrow set of preschool out-
comes using data more than a decade old, the generalizability 
of our results to the full U.S. population, to a broader range of 
child outcomes (e.g., math skills, health, behavior problems), 
to different ages, and to modern preschool contexts is limited. 
In particular, results of our CFAs should be replicated in more 
recent samples to ensure that the factor structure of the iSNAP 
identified in this study is appropriate in various contemporary 
contexts. It would also be useful to explore whether the asso-
ciations between iSNAP characteristics and child outcomes 
are consistent across different settings and time.

Lastly, our measure attempts move beyond sociodemo-
graphic characteristics as proxies for children’s everyday 
experiences, which have been widely criticized in the litera-
ture (e.g., Leventhal & Brooks-Gunn, 2004) and may contrib-
ute to the broader invisibility of nondominant groups in the 
psychological and educational sciences (Brady et  al., 2018; 
Vélez-Agosto et al., 2017). Yet we by no means capture the 
sociohistorical realities of persistent and systematic discrimi-
nation (e.g., racism) that lead to many geospatial inequalities, 
including in indicators of disorder or underinvestment in 
neighborhood maintenance. Future work is needed to more 
systematically acknowledge, study, and intervene upon the 
broader macrosystemic forces that continue to shape these 
inequities. Furthermore, although the iSNAP focuses on more 
malleable dimensions of neighborhoods that could serve as 
targets for intervention, it does not supplant the need for com-
prehensive antiracist policies, including equal housing oppor-
tunities and investments in neighborhood infrastructure.

Conclusions and Implications

These results highlight the potential of technologically-
based tools like the iSNAP for leveraging existing geospa-
tial resources to operationalize the characteristics of 
educational settings in novel ways. In particular, although 
the iSNAP is likely to be a more resource-intensive method 
for measuring school neighborhood environments than, for 
example, Census data on poverty, it is substantially more 
scalable than classic SSO approaches that have been previ-
ously used to measure physical characteristics (e.g., 
Sampson & Raudenbush, 1999). Indeed, when applied to 
additional contexts, populations, and data sources, tools 
like the iSNAP hold promise for both hypothesis testing and 
discovery generation, helping us to understand how existing 
approaches for improving the quality of resources and inter-
actions within school walls may benefit from complemen-
tary programs and policies that target features outside of 
these environments.
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