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Abstract

Objectives—Although schools and neighborhoods influence health outcomes, little is known 

about their relative importance, or the influence of one context after accounting for the other. Our 

objective was to simultaneously examine the influence of each setting on levels of depressive 

symptoms among adolescents.

Methods—Analyzing cross-sectional data from the National Longitudinal Study of Adolescent 

Health (Add Health), we used cross-classified multilevel modeling (CCMM) to examine between-

level variation (random effects) and individual-, school-, and neighborhood-level predictors of 

adolescent depressive symptoms (fixed effects). We also compared CCMM results to results from 

a multilevel model (MLM) where either school or neighborhood was ignored.
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Results—In CCMMs examining each context simultaneously, the school-level random effect 

was statistically significant and more than three times the neighborhood-level random effect, even 

after accounting for individual-level characteristics. While individual-level indicators (e.g., race/

ethnicity, gender, socioeconomic status) were significantly associated with depressive symptoms, 

neither school- nor neighborhood-level fixed effects were. CCMM results showed that the 

between-level variance in depressive symptoms was driven largely by the school (ICC=3.0%) and 

not by the neighborhood (ICC=0.8%), as suggested by the school- (ICC=3.6%) and neighborhood-

only (ICC=3.2%) MLM.

Conclusions—Schools appear more salient than neighborhoods in explaining variation in 

depressive symptoms. However, the school-level demographic variables examined were not 

determinants of youth depression. Future work using CCMM is needed to better understand the 

relative effect of schools and neighborhoods on youth mental health. These findings also 

underscore the need for CCMM over MLM when youth are nested in more than one context.

Depression is one of the most serious public health problems among adolescents in the 

United States. Large epidemiological studies estimate that 12% of youth meet lifetime 

diagnostic criteria for major depression or dysthymia (1) and that 29% of high school 

students report feeling sad or hopeless nearly every day in the past two weeks (2). Given that 

adolescent-onset depression is associated with many short- and long-term consequences, 

including suicidal thoughts and behaviors (3, 4), cigarette, alcohol, and drug use (5–7), and 

recurrent episodes of depression in adulthood (8, 9), there is an urgent need to understand 

the etiology of depression in adolescence.

Interest in the social determinants of depression – or how features of the broader social 

context in which adolescents are embedded affect their risk for depression – has received 

increased attention in the past decade. Neighborhood social environments have been 

primarily examined to date (10–14). This research suggests the racial/ethnic and 

socioeconomic composition and culture of the neighborhood (e.g. levels of social cohesion; 

norms related to relationships between neighbors) are associated with individual mental 

health outcomes, even after accounting for individual-level factors. Though schools are 

gaining more interest by public health researchers (15, 16), research on the role of schools in 

depression is lacking outside of a small number of studies. These studies have primarily 

focused on school connectedness and school socioeconomic status and found that higher 

levels of each are associated with lower levels of depressive symptoms in students (17–25). 

Additionally, most school-related studies have focused on individual-level, rather than 

multilevel associations (26–32).

Not only are schools understudied on their own, but their role in relation to neighborhoods is 

also poorly understood (33). Studies using cross-classified multilevel modeling techniques 

(CCMM), which explicitly allow researchers to disentangle the unique impact of multiple 

non-nested contexts—such as school and neighborhood environments—on health (34, 35), 

are rare. This is especially true for mental health outcomes. As a result, it remains unclear 

whether each context is important independent of the other and, if so, whether schools or 

neighborhoods are equally important determinants of adolescent depression or one context is 

more salient than the other.
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A case could be made for the importance of either schools or neighborhoods. Schools are 

likely important determinants of depression because they serve more than 95% of the 

nation’s young people for approximately 6 hours per day (or upwards of 40% of student’s 

waking time during the school year) and at least 11 continuous years of their lives (36). 

Schools are also well-defined social institutions providing access to a range of supportive 

relationships that promote mental health (30, 37, 38). Neighborhoods, on the other hand, 

may be important because they are the setting where unstructured social activity occurs 

outside of school and during the summer (39, 40). Neighborhoods may also have a more 

direct influence on parents’ capacity to raise their children through shaping community 

norms, supervision/monitoring, collective efficacy, and reducing the burdens and stressors 

associated with caregiving (41, 42).

Studies that examine the salience of schools compared to neighborhoods (and vice versa) are 

needed, as schools and neighborhoods have increasingly become non-nested contexts in the 

United States. Indeed, a growing number of young people are attending schools outside of 

their neighborhoods, as a result of the popularity of school choice (e.g., charter schools; 

federal vouchers to attend private school) and the desire to close low performing schools 

(43, 44). Thus, schools and neighborhoods are no longer hierarchically nested for many 

youth, leading youth to experience non-neighborhood based schools, which may have 

different demographic features relative to their neighborhood of residence.

The objective of our study was to address these gaps in the literature by understanding the 

relative importance of neighborhoods and schools in youth depression. Specifically, we set 

out to: (1) determine the unique proportion of variance in depressive symptoms attributable 

to schools and neighborhoods (i.e., random effects of each context); and (2) examine the 

association between sociodemographic characteristics (e.g., socioeconomic status, race/

ethnicity) at the individual-, school-, and neighborhood-level (i.e., fixed effects) on youth 

depression.

METHODS

Data

Data came from Wave I of the National Longitudinal Study of Adolescent Health (Add 

Health), one of the only nationally-representative longitudinal surveys of US adolescents 

that examines health and health-related behaviors and includes information about both 

school and neighborhood environments (45). Adolescents in grades 7–12 were recruited 

through school-based sampling and were first interviewed in 1994–1995 (Wave I) (18). A 

systematic random sample of high schools along with feeder schools (i.e., middle schools 

whose students matriculate at the selected high school) was selected. A total of 134 schools 

(79%) participated. An in-school survey was completed by 90,118 students. A random 

sample of these 90,118 students (as well as all students who were eligible to complete the in-

school survey, but were absent on the day of administration) was invited to complete a more 

detailed in-home interview. 20,745 students completed the in-home interview (over 75% of 

those asked to participate did so). In addition, 17,670 caregivers (for 85% of in-home 

respondents) provided information at Wave I.
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These cross-sectional analyses were based on an analytic sample of 16,172 students nested 

in 128 schools (median of 103.5 students per school ranging from 18 to 1,018) and 2,118 

neighborhoods (median of 2 students per neighborhood ranging from 1 to 262, defined by 

census-tracts). This analytic sample was derived after eliminating youth (n=660) in the non-

nationally-representative sample (i.e., who attended schools sampled for genetic analyses) or 

from schools that did not provide demographic data. We also excluded youth who were 

missing data on the outcome measure (n=38) or predictors and covariates (n=1,404). We 

restricted the analysis to youth who were White, Black, or Hispanic, given that students in 

other racial/ethnic groups were not sufficiently represented in Add Health to obtain robust 

group estimates (Native Americans n=105, <1%; Asians n=1189, 6%; Other n=1,177, 6%). 

Although Add Health is a longitudinal study, we pursued a cross-sectional analysis here 

because the majority of respondents resided in the same neighborhood and school in Wave 

II as they did in Wave I, and because Wave III and Wave IV were conducted when most 

respondents had graduated from high school.

Measures

Outcome: depressive symptoms—Depressive symptoms were assessed at Wave I 

using a 19-item adaptation of the Center for Epidemiological Studies of Depression Scale 

(CES-D) (46), a widely-used instrument to capture symptoms of depression. Youth reported 

how often they experienced each symptom in the past week, with responses ranging from 

“never or rarely” to “most or all of the time.” The adapted CES-D had good internal 

consistency reliability in this sample (Cronbach’s alpha=0.87). CES-D scores were slightly 

skewed towards lower values; as skew and kurtosis values were within reasonable limits 

(skew=1.15, kurtosis=1.89 (47)), and linear regression is robust to minor violations of 

normality (48), we did not conduct any transformations of the data.

We also examined the following predictors.

Socioeconomic Status (SES)—SES was obtained at the individual-, school-, and 

neighborhood-level using measures of parent education and parental receipt of public 

assistance. At the individual-level, highest level of parent education (defined as the highest 

level of education by the resident mother, resident father, or resident step-father/partner) was 

determined using items from the caregiver interview (or when missing, (in 12% of youth), 

the in-home version of the youth interview). We used responses to these items to create a 

binary variable (1=at least one parent graduated college; 0=neither parent graduated 

college). Parent receipt of public assistance at the individual-level was also determined from 

either the in-school youth or in-home caregiver surveys (1=either parent currently receiving 

public assistance; 0=not). The school-level SES predictors were calculated from the 

proportion of students within each school with a parent receiving public assistance and the 

proportion of students with at least one parent who had received a college degree. The 

aggregation of individual-level data was required as information about school-level SES was 

not directly available. At the neighborhood level, we used data from the 1990 Census to 

create neighborhood-level SES measures indicating the proportion of residents within each 

neighborhood who had received public assistance or had a college degree.
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Racial/Ethnic Composition—Race/ethnicity was measured at the individual-, school-, 

and neighborhood-level. At the individual-level, we used a self-reported measure of race/

ethnicity (1=non-Hispanic white; 2=non-Hispanic black; 3=Hispanic). We limited our 

analyses to these groups given the smaller number of participants from other racial/ethnic 

groups. We created a school-level measure by calculating the proportion of students within 

each school who were non-Hispanic white based on the in-school interview. At the 

neighborhood level, 1990 Census data were used to create a measure of the proportion of 

residents in the neighborhood who were non-Hispanic white.

Covariates—Adjusted models controlled for age (continuous) and sex (male=0; 

female=1).

Analysis

Our analyses proceeded in five steps. First, we estimated three sets of null or random 

intercept only multilevel models: (a) a school-only multilevel model (MLM), where 

adolescents were clustered in schools; (b) a neighborhood-only MLM, where adolescents 

were clustered in neighborhoods; and (c) a cross-classified multilevel model (CCMM), 

where adolescents simultaneously belong to both a school and neighborhood. These null 

models (Models 1A – 1C) allowed us to partition the variance in depressive symptoms into 

within and between components and estimate an intraclass correlation coefficient (ICC, i.e., 

the proportion of variation in the outcome that was due to differences across schools or 

neighborhoods, rather than differences across students). Second, we estimated a CCMM that 

contained individual-level predictors and covariates (Model 2) with the random effects of 

both schools and neighborhoods simultaneously accounted for. By including individual-

level variables, we were able to evaluate the extent to which the between-level variance 

estimates for both schools and neighborhoods (i.e., random effect parameters) were due to 

the observed composition (i.e., the characteristics of individuals in a given school or 

neighborhood). Next, we added to Model 2 the school-level variables (Model 3) and 

neighborhood-level predictors (Model 4). Fourth, we fit a CCMM containing all individual-, 

school-, and neighborhood-level variables of interest (Model 5).

All analyses were conducted in MLwiN version 2.26 with Bayesian estimation procedures 

as implemented via Markov Chain Monte Carlo (MCMC) methods using Metropolis-

Hastings algorithm (49). Parameter estimates (betas) and 95% confidence intervals (CI) are 

presented for fixed effect parameters. For random effect parameters, we present variance 

estimates and 95% CIs. We examined residual plots at each level of analysis to evaluate 

model diagnostics on the variance parameter; this enabled us to test model assumptions, 

detect outliers and influence points on model fit. Two-tailed p-values are presented for fixed 

effect parameters. One-tailed p-values are presented for residual variance terms, as values 

less than zero are implausible. Analyses were conducted using unweighted data, as 

weighting techniques for CCMM have not been established (50). A non-weighted analysis is 

appropriate as our emphasis was on tests of association, rather than deriving nationally 

representative estimates, and we adjusted our analyses for sample characteristics and thus 

reduced the heterogeneity in the sample (51).
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RESULTS

Descriptive Analyses

The sample was predominately white (58%), balanced by gender (51% female), and 

consisted largely of youth in mid-adolescence (mean age=15.6; SD=1.7). The sample was 

modestly disadvantaged, as 70% of adolescents had no parent with a college degree and 

10% had at least one parent who was currently receiving public assistance. Youth reported 

an average depression score of 11.1 (SD=7.5; minimum=0, maximum=56). The average 

depressive symptoms score was similar across neighborhoods (neighborhood mean=11.2; 

SD=6.1) and schools (school mean=10.8; SD=1.6) yet there was marked variation within 

schools and neighborhoods (Figure 1). Average SES was similar across schools and 

neighborhoods. Specifically, the school percentage of parents on public assistance was 

10.4% (SD=9.4; minimum=0; maximum=45.4%) and the neighborhood percentage of 

residents on public assistance was 10.7% (SD=10.0; minimum=0; maximum=67.5%). 

Similarly, the school percentage of parents who had less than a college degree was 68.3% 

(SD=16.9; minimum=8.8; maximum=94.5%) and the neighborhood percentage of parents 

who had less than a college degree was 76.6% (SD=14.6; minimum=17.5; 

maximum=100%).

Multilevel-Cross Classified Models

Table 1 presents the results of the school-only and neighborhood-only MLM, and CCMM. 

In these null models with schools and neighborhoods examined in separate MLM (Model 1), 

the random effect for the school ( ) and neighborhood ( ) were similar. 

ICC values were comparable for the school (3.6%) and neighborhood (3.2%). However, the 

CCMM showed that the between-level variance in depressive symptoms was driven largely 

by the school ( ) and not by the neighborhood ( ) (ICC school=3.0%; 

ICC neighborhood=0.8%). Adding individual-level covariates to the CCMM (Model 2) 

attenuated the between-level variance for schools ( ) and neighborhoods 

( ), though the individual-level residual variance was largely unchanged (ICC 

school=1.3%; ICC neighborhood=0.4%). This decline suggests that the between-level 

variation in depressive symptoms was due largely to compositional effects (i.e., 

characteristics of adolescents in these contexts) though this was more striking in 

neighborhoods. Results of this model also suggest that depressive symptom scores were 

higher among females (β=1.97), both Black (β=1.00) and Hispanic adolescents (β=1.52), 

students of an older age (β=0.40), students who had a parent on public assistance (β=1.70), 

and students for whom at least one parent completed a college degree (β=−1.46).

Table 2 presents the results of the CCMM including school- and neighborhood-level 

predictors. In Model 3, which introduced the school-level covariates into Model 2, the 

residual variance terms for the school ( ), neighborhood ( ), and 

student-level ( ) were largely unchanged. Consistent with this finding, we also 

detected no statistically significant fixed effects for the percentage of students in the school 

with a parent receiving public assistance (β=0.02), the percentage of students with at least 
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one parent with a college degree (β=−0.01), or the percentage of students in the school who 

were white (β=−0.01).

Model 4, which introduced the neighborhood-level covariates into Model 2, was similar to 

Model 3. The residual variance terms for the school ( ), neighborhood 

( ), and student-level ( ) were largely unchanged. Similarly, no 

statistically significant fixed effects were detected for the percentage of residents in the 

neighborhood who received public assistance (β=0.02), the percentage of residents in the 

neighborhood who had a college degree (β=−0.01), or the percentage of residents in the 

neighborhood who were white (β=−0.01). Results of Model 5, which contained all 

individual, school, and neighborhood factors, were similar to previous models, with only 

individual fixed effects being significant and the school random effect remaining significant.

DISCUSSION

This study used CCMM to disentangle the effect of schools from neighborhoods on 

adolescent risk for depression. Three major findings emerged from this research. First, we 

found that schools appeared to drive the between-level variance in depressive symptoms 

more than neighborhoods. After accounting for individual-level (or compositional) 

characteristics, the school-level random effect was statistically significant and more than 

three times the neighborhood-level random effect. These findings suggest that schools may 

be more salient than neighborhoods for influencing depressive symptoms in youth. Although 

the magnitude of these school effects (e.g., ICC estimates) is small, with the majority of 

variation in depressive symptoms being due to differences between adolescents, our findings 

suggest that schools appear to contribute to variation in levels of depressive symptoms. 

Therefore, schools may be an important context for reducing the population-level burden of 

depression by targeting school-level predictors, including school-based interventions. These 

findings also underscore the need to use CCMM, as these findings would have been missed 

had we used traditional MLM (34, 52).

Second, we found that only student-level factors (i.e., sex, race/ethnicity, age, parental SES) 

were significantly associated with depressive symptoms. We did not find that any of the 

school-level predictors (% on public assistance, % of students with at least one parent with a 

college degree, and % White) or neighborhood-level predictors (% on public assistance, % 

of residents without a college degree, % White) were associated with depressive symptoms 

in any of the models. Our results did differ from previous findings (10–14), including 

studies using Add Health that examined either the school- or neighborhood context alone 

using a multilevel model (24, 53–56). These differences were unsurprising given that there 

have been substantially different approaches used to tests these questions in Add Health and 

other datasets (e.g., different predictors, covariates, samples). However, even after running 

additional CCMM analyses to more closely mimic prior work in Add Health, for example, 

focusing on income as the measure of socioeconomic status, we still reached the same 

substantive conclusions (results available from the author). Future studies are therefore 

needed to replicate and extend these findings, focusing especially on comparing the results 

of analyses focusing on MLM to CCMM. Future studies are also needed to understand what 
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aspects of the school may contribute to between-school variation in adolescent depression, 

as none of the variables we examined here appeared to be large contributors.

To our knowledge, only one previous study used CCMM to examine the simultaneous 

contribution of neighborhoods and schools on adolescent self-reported wellbeing. In a study 

of 9107 high school students in New Zealand, Aminzadeh and colleagues found that 1.16% 

of the variance in wellbeing was attributed to neighborhoods after accounting for schools, 

compared to only 0.14% for schools after accounting for neighborhoods (57). The 

differences in results between our study and the Aminzadeh study is interesting, particularly 

as both studies sampled students using school-based sampling approaches. These differences 

could be due to numerous factors, including differences in school and neighborhood salience 

between the United States and New Zealand and differences in school and neighborhood 

salience between outcomes. Given the lack of prior research on CCMM, additional studies 

are needed to disentangle the unique impact of school and neighborhood environments. 

Knowledge generated from such studies can help guide policymakers in determining where 

to apply limited funds to most effectively shape youth development and reduce risk for 

mental health problems like depression.

Why might schools be more important than neighborhoods for shaping adolescent’s risk for 

depression? First, schools are the one setting where students spend a majority of time 

outside of their home and where there are high levels of adult monitoring of student 

behavior during the day. Second, schools are no longer solely formal educational 

institutions, but instead are the settings where numerous health- and development-promoting 

interventions take place (58–60) and student’s acquire knowledge and learn health-

promoting skills in both cognitive and social-emotional domains (e.g., problem-solving, 

coping, cognitive restructuring) (61–63). Moreover, schools also have formal opportunities, 

through mental health screening, health services, and educational mandates, to monitor 

youth behavior and intervene with those at-risk (64, 65). Thus, schools may be contributing 

more to the variance in depressive symptoms because they are the setting where students are 

exposed to a range of possible risk or protective factors that influence the onset of 

depressive symptoms or are a setting for addressing depressive symptoms once they emerge. 

Examination of these types of characteristics, along with other social characteristics of 

schools (e.g., social climate of the school; levels of student connectedness to the school) 

may be important to better understand the effect of schools on youth risk for depression.

Our study had several limitations that must be noted when interpreting the results. First, and 

most importantly, the analyses are based on a nationally representative sample of 

adolescents who were selected using school-based sampling. Whether our findings are an 

artifact of the sampling strategy remains unknown. It is possible our results reflect the 

greater number of individuals per school rather than neighborhood. We think this is unlikely, 

however, as preliminary analyses we conducted in Add Health using CCMM to examine 

other health outcomes did find meaningful effects for neighborhoods; neighborhoods 

contributed more than schools to the variance in female body mass index for example. 

Moreover, when we conducted sensitivity analyses to eliminate neighborhoods with less 

than 5 respondents, our results were similar (results available from the author). Although 

these findings are reassuring, simulation studies and studies using CCMM in the context of 
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neighborhood-based sampling designs are needed to determine the extent to which sampling 

influences cross-classified results. Second, Add Health Wave I data were collected almost 

twenty years ago. Although these data are older, Add Health remains the only nationally 

representative sample of adolescents in the US and thus is one of the only large-scale studies 

available to test our research questions. Third, our outcome measure was based on 

symptoms of depression during the past week, rather than a diagnostic interview or 

depressive symptoms measured over a longer period of time. However, the current measure 

has been widely used in epidemiological studies and demonstrates good reliability and 

validity (46). Fourth, our use of binary indicators, particularly of socioeconomic status, may 

result in some possible misclassification of respondents and therefore residual confounding. 

However, when we ran these analyses using continuous measures the results were similar. 

Finally, given that we defined neighborhoods based on Census Tract, it is also possible that 

there was misclassification of individuals by neighborhoods. Although Census Tracts are an 

imperfect measure to define “neighborhoods”, they are most commonly used in multilevel 

research (66). Future studies may wish to expand upon traditional boundaries of 

neighborhoods, as well as schools, to focus comparisons on “activity spaces,” or the spaces 

where students travel during the course of their day-to-day activities (67). Despite these 

limitations, these results suggest that schools might have a unique potential to affect, at a 

population-level, the prevalence of depression among youth. Further, this study provides a 

good demonstration of the ability of CCMM to answer questions related to differential 

effects of schools and neighborhoods, which are sorely needed given the dearth of studies 

using CCMM. Future studies using CCMM are needed to guide the investment of limited 

public health resources and identify in which settings (schools, neighborhoods, or both) 

public health policies and interventions can have the greatest impacts.
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Figure 1. Distribution of Depressive Symptoms Within and Between Schools (N=128) and 
Neighborhoods (N=2,118)
Dots represent the mean total depression score within the school. 95% bounds around the 

mean based on the standard deviation (SD) of total depression score in the school are also 

presented; these values are excluded for the neighborhood due to the high number of 

neighborhoods present in the data. Values are sorted from left to right by lowest school or 

neighborhood mean. Average depressive symptoms scores across schools ranged from 6.2 to 

14.8. Average depressive symptoms scores across neighborhoods ranged from 0 to 56.
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Table 2

Nested Cross-Classified Multilevel Models (CCMM) Describing Association Between Predictors and 

Depressive Symptoms in the National Longitudinal Study of Adolescent Health (N=16,172)

Fixed Effect Estimates
Model 3 (School-Level 

Predictors)
Model 4 (Neighborhood-Level 

Predictors)
Model 5 (School- and 

Neighborhood-Level Predictors

Intercept (SE) 3.91 (0.8)* 4.01 (0.8)* 3.98 (0.9)*

Individual-level

Age 0.40 (0.33, 0.48)* 0.39 (0.32, 0.47)* 0.40 (0.32, 0.48)*

Female 1.97 (1.74, 2.20)* 1.97 (1.74, 2.20)* 1.97 (1.75, 2.20)*

Public Assistance 1.63 (1.23, 2.04)* 1.60 (1.19, 2.00)* 1.57 (1.17, 1.97)*

College degree (parent) −1.41 (−1.68, −1.14)* −1.37 (−1.64, −1.09)* −1.36 (−1.62, −1.09)*

Race

 White Ref. Ref. Ref.

 Black 0.84 (0.46, 1.22)* 0.72 (0.30, 1.13)* 0.68 (0.27, 1.09)*

 Hispanic 1.37 (0.95, 1.79)* 1.41 (1.02, 1.81)* 1.33 (0.92, 1.74)*

School-level

% Public Assistance 0.02 (−0.02, 0.05) - 0.01 (−0.03, 0.04)

% College degree −0.01 (−0.02, 0.01) - 0.00 (−0.02, 0.02)

% White −0.01 (−0.02, 0.00) - −0.01 (−0.02, 0.01)

Neighborhood-level

% Public Assistance - 0.02 (0.00, 0.05) 0.02 (−0.01, 0.05)

% College degree - −0.01 (−0.02, 0.00) −0.01 (−0.03, 0.00)

% White - 0.00 (0.00, 0.01) 0.00 (−0.01, 0.01)

Random Effect Estimates

U3 neighborhood (95% CI) 0.20 (−0.02, 0.42)* 0.15 (−0.03, 0.33) 0.15 (−0.02, 0.31)

U2 school (95% CI) 0.65 (0.33, 0.96)* 0.73 (0.40, 1.05)* 0.73 (0.38, 1.08)*

U1 individual (95% CI) 52.82 (51.6, 54.0)* 52.80 (51.62, 53.98)* 52.80 (51.63, 53.98)*

Fit Statistics

DIC 110168 110157 110158

ICC estimates

Neighborhood 0.4% 0.3% 0.3%

School 1.2% 1.4% 1.4%

For the fixed effect estimates, cell entries are parameter (beta) estimates and confidence intervals. All other entries are estimates and confidence 
intervals. DIC refers to Deviance Information Criterion, a measure of model fit and is only reported for the cross-classified models. Higher DIC 
values indicate a poorer fitting model. Two-sided tests were performed for fixed effects while one-sided tests were performed for random effects 
(as negative variance estimates are not plausible). Significant fixed and random effects are indicated by * (p<0.05).
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