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Depression is one of the most serious public
health problems among adolescents in the
United States. Large epidemiological studies
estimate that 12% of young people meet lifetime
diagnostic criteria for major depression or dys-
thymia1 and that 29% of high school students
report having felt sad or hopeless nearly every
day during the preceding 2 weeks.2 Given that
adolescent-onset depression is associated with
many short- and long-term consequences, in-
cluding suicidal thoughts and behaviors3,4; cig-
arette, alcohol, and drug use5---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 de-
pression—or how features of the broader social
context in which adolescents are embedded
affect their risk for depression—has increased in
the past decade. Neighborhood social environ-
ments have been primarily examined to date.10---14

Research in this area suggests that a neigh-
borhood’s racial/ethnic and socioeconomic
composition and culture (e.g., levels of social
cohesion, norms related to relationships be-
tween neighbors) are associated with individual
mental health outcomes, even after individual-
level factors have been taken into account.
Although schools are gaining more interest
from public health researchers,15,16 research on
the role of schools in depression is lacking
outside of a small number of studies. These
studies, which have primarily focused on
school connectedness and school socioeco-
nomic status (SES), have shown that higher
levels of each of these elements are associated
with lower levels of depressive symptoms
among students.17---25 In addition, 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 involving
cross-classified multilevel modeling techniques,
which explicitly allow researchers to disentangle
the unique effects on health of multiple non-
nested contexts (e.g., school and neighborhood
environments),34,35 are rare. This is especially
true for mental health outcomes. As a result, it
remains unclear whether each context is impor-
tant 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.

A case could be made for the importance of
both schools and neighborhoods. Schools are
likely to be important determinants of depres-
sion because they serve more than 95% of the
nation’s young people for approximately 6
hours per day (or upward of 40% of students’
waking time during the school year) and at least

11 continuous years of their lives.36 Schools
are also well-defined social institutions pro-
viding access to a range of supportive rela-
tionships that promote mental health.30,37,38

Neighborhoods, by contrast, may be important
because they are the setting where unstruc-
tured 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 of community norms, supervision and
monitoring, collective efficacy, and reductions
in the burdens and stressors associated with
caregiving.41,42

Studies that examine the salience of schools
relative to neighborhoods (and vice versa) are
needed, given that schools and neighborhoods
have increasingly become nonnested contexts
in the United States. Indeed, a growing number
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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, in the case of many young people, schools
and neighborhoods are no longer hierarchically
nested; for example, adolescents may attend non-
neighborhood-based schools that have demo-
graphic features different from those of their
neighborhood of residence.

Our objective was to address these gaps in
the literature by providing an understanding of
the relative importance of neighborhoods and
schools in levels of youth depressive symptoms.
Specifically, we set out to determine the unique
proportion of variance in depressive symptoms
attributable to schools and neighborhoods
(i.e., the random effects of each context) and
examine the association between youth depres-
sion and sociodemographic characteristics (e.g.,
SES, race/ethnicity) at the individual, school, and
neighborhood levels (i.e., fixed effects).

METHODS

Our data came from wave 1 of the National
Longitudinal Study of Adolescent Health (Add
Health), one of the few nationally representa-
tive longitudinal surveys of US adolescents that
examines health and health-related behaviors
and includes information about both school
and neighborhood environments.45 Adoles-
cents in grades 7 to 12 were recruited through
school-based sampling and were first inter-
viewed in 1994 to 1995 (wave 1).18 A sys-
tematic 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 90118 students. A random
sample of these students (as well as all students
who were eligible to complete the in-school
survey but were absent on the day of admin-
istration) were invited to complete a more de-
tailed in-home interview, and 20 745 students
did so (more than 75% of those asked to
participate). In addition, 17 670 caregivers (for
85% of in-home respondents) provided infor-
mation at wave 1.

Our cross-sectional analyses were based on
an analytic sample of 16 172 students nested

in 128 schools (a median of 103.5 students per
school, ranging from 18 to 1018) and 2118
neighborhoods (a median of 2 students per
neighborhood, ranging from 1 to 262; neigh-
borhoods were defined according to census
tracts). This analytic sample was derived after
students from the sample that was not nation-
ally representative (i.e., students who attended
schools sampled for genetic analyses) and
students from schools that did not provide
demographic data had been eliminated
(n = 660). We also excluded adolescents who
were missing data on the outcome measure
(n = 38) or predictors and covariates
(n = 1404). We restricted our analysis to ado-
lescents 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
(less than 1% of the students were Native
American, 6% were Asian, and 6% were from
other racial/ethnic backgrounds).

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 2
as they did in wave 1 and because waves 3 and
4 were conducted when most respondents had
graduated from high school.

Measures

Our outcome measure was depressive
symptoms. Symptoms were assessed at wave 1
with a 19-item adaptation of the Center for
Epidemiological Studies Depression Scale
(CES-D),46 a widely used instrument that cap-
tures symptoms of depression. Adolescents
reported how often they had experienced each
symptom in the preceding week; responses
ranged from never or rarely to most or all of
the time. The adapted CES-D had good internal
consistency reliability in this sample (Cronbach
a=0.87). CES-D scores were slightly skewed
toward lower values; because skew (1.15) and
kurtosis (1.89) values were within reasonable
limits and linear regression is robust to minor
violations of normality,47,48 we did not conduct
any transformations of the data.

The first of our predictors was SES. Mea-
sures focusing on parent education and paren-
tal receipt of public assistance were used to
obtain data on SES at the individual, school,
and neighborhood levels. At the individual

level, we used items from the caregiver in-
terview (or, when this information was not
available, the in-home version of the youth
interview) to determine the highest level of
parent education (of the resident mother, res-
ident father, or resident stepfather or partner).
We used responses to these items to create
a binary variable (1 = at least 1 parent gradu-
ated from college, 0 = neither parent graduated
from college). We also determined parent re-
ceipt of public assistance at the individual level
from data available in either the in-school
youth or in-home caregiver survey (1 = parent
currently receives public assistance, 0 = no
current assistance).

We calculated school-level SES predictors
from the proportion of students within each
school with a parent receiving public assistance
and the proportion of students with at least
1 parent who had earned a college degree.
Because information on school-level SES
was not directly available, aggregation of
individual-level data was required. At the
neighborhood level, we used data from the
1990 US census to create SES measures in-
dicating the proportion of residents within each
neighborhood who had received public assis-
tance or had a college degree.

Our other predictor, race/ethnicity, was also
measured at the individual, school, and neigh-
borhood levels. 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 calcu-
lating the proportion of students within each
school who, according to data from the
in-school interview, were non-Hispanic White.
At the neighborhood level, 1990 census data
were used to create a measure of the pro-
portion of residents in the neighborhood who
were non-Hispanic White.

Finally, our adjusted models controlled for
the covariates of age (continuous) and gender
(male = 0, female = 1).

Analysis

Our analyses proceeded in 5 steps. Ini-
tially, we estimated 3 sets of null or random-
intercept-only multilevel models: a school-
only multilevel model (MLM) in which
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adolescents were clustered within schools,
a neighborhood-only MLM in which adoles-
cents were clustered within neighborhoods,
and a cross-classified multilevel model (CCMM)
in which adolescents were grouped simulta-
neously into both a school and a neighborhood.
These null models (models 1A---1C) allowed us
to partition the variance in depressive symp-
toms into within and between components and
to 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 differ-
ences across students). The coefficients in the
null CCMMs are as follows: b refers to the
overall mean outcome y across all schools and
neighborhoods, u0j refers to the random effect
for schools, u0k refers to the random effect for
neighborhoods, and u0ijk refers to the random
effect for the combination of j school and k
neighborhood. Similar to a traditional multi-
level model, the CCMM variance parameters
are assumed to be independent of each other
and normally distributed, with a mean of 0 and
a variance that is estimated.

Next, we estimated a CCMM that contained
individual-level predictors and covariates
(model 2) with the random effects of both
schools and neighborhoods simultaneously
taken into account. 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 charac-
teristics of individuals in a given school or
neighborhood). We then added to model 2
the school-level variables (model 3) and
neighborhood-level predictors (model 4). Fi-
nally, we fit a CCMM containing all individual-,
school-, and neighborhood-level variables of
interest (model 5).

We conducted all analyses in MLwiN ver-
sion 2.26 (Centre for Multilevel Modeling,
London, England) with Bayesian estimation
procedures, implemented via Markov chain
Monte Carlo methodology.49 Parameter esti-
mates and 95% credible intervals (the con-
fidence intervals generated with Bayesian
procedures) are presented for fixed-effect
parameters. For random-effect parameters, we
present variance estimates and 95% credible
intervals. We examined residual plots at each

level of analysis to evaluate model diagnostics
related to variance parameters; this enabled
us to test model assumptions and to detect
outliers and influence points related to model
fit. Two-tailed P values are presented for
fixed-effect parameters and 1-tailed values for
residual variance terms, given that values less
than zero are implausible.

We used unweighted data in conducting our
analyses, as weighting techniques for cross-
classified multilevel modeling have not been
established.50 A nonweighted analysis was ap-
propriate because our emphasis was on con-
ducting tests of association rather than deriving
nationally representative estimates, and we ad-
justed our analyses for sample characteristics and
thus reduced the heterogeneity of the sample.51

RESULTS

The sample was predominantly White
(58%), was balanced according to gender
(51% female), and consisted largely of re-
spondents in midadolescence (mean age = 15.6
years; SD=1.7). The sample was modestly
disadvantaged; 70% of adolescents had no
parent with a college degree, and 10% had at
least 1 parent who was receiving public assis-
tance. Adolescents’ average depression score
was 11.1 (SD=7.5; minimum=0, maxi-
mum=56). The average depressive symptom
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-specific
percentage of parents on public assistance was
10.4% (SD=9.4%; minimum=0%, maxi-
mum=45.4%), and the neighborhood-specific
percentage of residents on public assistance
was 10.7% (SD = 10.0%; minimum= 0%,
maximum= 67.5%). Similarly, the school-
specific percentage of parents who had less
than a college education was 68.3%
(SD = 16.9%; minimum = 8.8%, maxi-
mum = 94.5%), as compared with the
neighborhood-specific percentage of 76.6%
(SD=14.6%; minimum=17.5%, maxi-
mum=100%).

Table 1 presents the results of the school-
only and neighborhood-only MLMs and the

CCMM. In these null models, with schools
and neighborhoods examined in separate
MLMs (model 1), the random effects for
schools (r2u0j ¼ 2:05) and neighborhoods
(r2u0k ¼ 1:84) were similar. ICC values were
comparable at the school (3.6%) and neigh-
borhood (3.2%) levels. However, the CCMM
showed that the between-level variance in
depressive symptoms was driven largely by
schools (r2u0j ¼ 1:69) as opposed to neighbor-
hoods (r2u0k ¼ 0:45) (school ICC=3.0%,
neighborhood ICC=0.8%).

Adding individual-level covariates to the
CCMM (model 2) attenuated the between-
level variance for schools (r2u0j ¼ 0:70)
and neighborhoods (r2u0k ¼ 0:19), but the
individual-level residual variance was largely
unchanged (school ICC = 1.3%, neighborhood
ICC = 0.4%). This decline suggests that,
although the change was more striking in
neighborhoods, the between-level variation
in depressive symptoms was due largely to
compositional effects (i.e., characteristics of
adolescents in these contexts). The results
of this model also suggest that depressive
symptom scores were higher among female
students (b = 1.97), Black (b = 1.00) and His-
panic (b = 1.52) students, older students
(b = 0.40), students who had a parent on
public assistance (b = 1.70), and students with
at least 1 parent who had a college degree
(b = –1.46).

Table 2 presents the results of the CCMMs
including school- and neighborhood-level pre-
dictors. In model 3, which added the school-
level covariates to model 2, the residual vari-
ance terms at the school (r2u0j ¼ 0:65),
neighborhood (r2u0k ¼ 0:20), and student
(r2u0ijk ¼ 52:82) levels were largely unchanged.
Consistent with this finding, we also did not
detect any statistically significant fixed effects
for the school-specific percentage of students
with a parent receiving public assistance
(b = 0.02), the percentage with at least 1
parent who had a college degree (b = –0.01),
or the percentage who were White (b =–0.01).

The results for model 4, which added
the neighborhood-level covariates to model
2, were similar to those of model 3. The
residual variance terms at the school
(r2u0j ¼ 0:73), neighborhood (r2u0k ¼ 0:15),
and student (r2u0ijk ¼ 52:80) levels were
largely unchanged. Similarly, no statistically
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significant fixed effects were detected for
the neighborhood-specific percentage of
residents who received public assistance
(b = 0.02), the percentage who had a college
degree (b = –0.01), or the percentage who
were White (b = –0.00). The results of model

5, which contained all of the individual,
school, and neighborhood factors, were sim-
ilar to the results of the previous models, with
only individual fixed effects being significant
and the school random effect remaining sig-
nificant.

DISCUSSION

In this study, we used cross-classified multi-
level modeling to disentangle the effects of
schools and neighborhoods on adolescents’ risk
for depression. Two major findings emerged
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Note. Dots represent the mean within-school total depression scores. Ninety-five percent bounds around the means (based on the standard deviations of within-school total depression scores) are

also presented; these values are excluded for neighborhoods owing 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 symptom scores across schools ranged from 6.2 to 14.8. Average depressive symptoms scores across neighborhoods ranged from 0 to 56.

FIGURE 1—Distribution of depressive symptoms within and between (a) schools (n = 128) and (b) neighborhoods (n = 2118): National

Longitudinal Study of Adolescent Health, 1994–1995.
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from our investigation. First, we found that
schools appeared to drive the between-level
variance in depressive symptoms more than
neighborhoods. After individual-level (or com-
positional) characteristics had been taken into
account, the school-level random effect was
statistically significant and more than 3 times the
neighborhood-level random effect. These find-
ings suggest that schools may be more salient
than neighborhoods with respect to influencing
depressive symptoms among adolescents.

Although the magnitude of these school
effects (e.g., ICC estimates) was small, with the
majority of the variation in depressive symp-
toms being due to differences between adoles-
cents, our findings suggest that schools con-
tribute to variations in levels of depressive
symptoms. Therefore, schools, including
school-level predictors (e.g., school-based in-
terventions), may be an important context for
reducing the population-level burden of

depression. Our findings also underscore the
need to use cross-classified multilevel model-
ing, as the results we uncovered would have
been missed had we used traditional multilevel
modeling.34,52

Second, we found that only student-level
factors (i.e., gender, race/ethnicity, age, parental
SES) were significantly associated with depres-
sive symptoms. None of the school-level pre-
dictors (the percentage of students with a parent
receiving public assistance, the percentage with
at least 1 parent who had a college degree,
and the percentage who were White) or
neighborhood-level predictors (the percentage of
residents on public assistance, the percentage
without a college degree, and the percentage
who were White) were associated with depres-
sive symptoms in any of our models.

Our results differed from previous find-
ings,10---14 including studies in which Add
Health data were used to examine either the

school or neighborhood context alone via
a multilevel model.24,53---56 These differences
are unsurprising given that substantially dif-
ferent approaches have been used to assess
such questions in Add Health and other data
sets (e.g., different predictors, covariates, and
samples). However, even after conducting ad-
ditional cross-classified multilevel modeling
analyses to more closely mimic prior AddHealth
work (e.g., focusing on income as the measure of
SES), we still reached the same substantive
conclusions (results are available from the au-
thors). Future studies are therefore needed to
replicate and extend our findings, with a specific
emphasis on comparing the results of MLM
analyses with those of CCMM analyses. Future
studies are also needed to understand the
school-related aspects that may contribute to
between-school variation in adolescent depres-
sion, given that none of the variables we exam-
ined appeared to be large contributors.

TABLE 1—Nested Models Showing the Associations Between Predictors and Depressive Symptoms: National Longitudinal Study of Adolescent

Health, 1994–1995

Model 1

School-Only MLM Neighborhood-Only MLM CCMM Model 2: CCMM

Fixed-effect estimates

Intercept (SE) 11.2* (0.09) 11.1* (0.08) 10.8* (0.14) 3.6* (0.61)

Individual-level predictor

Age . . . . . . . . . 0.40* (0.32, 0.47)

Female . . . . . . . . . 1.97* (1.74, 2.21)

Public assistance . . . . . . . . . 1.70* (1.31, 2.09)

College degree (parent) . . . . . . . . . –1.46* (-1.72, –1.20)

White (Ref) . . . . . . . . . 1.00

Black . . . . . . . . . 1.00* (0.66, 1.35)

Hispanic . . . . . . . . . 1.52* (1.13, 1.91)

Random-effect estimates

Neighborhood (95% CI) . . . 1.84* (1.32, 2.37) 0.45* (0.10, 0.79) 0.19* (-0.02, 0.39)

School (95% CI) 2.05* (1.5, 2.61) . . . 1.69* (1.10, 2.28) 0.70* (0.37, 1.02)

Individual (95% CI) 54.65* (53.43, 55.86) 55.04* (53.81, 56.27) 54.68* (53.48, 55.89) 52.81* (51.64, 53.99)

Fit statistics

Deviance information criteriona . . . . . . 110 788 110 169

Intraclass correlation coefficientb estimates, %

Neighborhood . . . 3.2 0.8 0.4

School 3.6 . . . 3.0 1.3

Note. CCMM = cross-classified multilevel model; CI = credible interval; MLM = multilevel model. The sample size was n = 16 172. For fixed-effect estimates, entries are parameter estimates (b) and
credible intervals. All other entries are estimates (of variance) and credible intervals.
aA measure of model fit reported only for cross-classified multilevel models. Higher values indicate a poorer fitting model.
bProportion of variance in the outcome attributable to neighborhoods (after adjustment for schools) or to schools (after adjustment for neighborhoods).
*P < .05.
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To our knowledge, only 1 group of re-
searchers have used cross-classified multilevel
modeling to examine the simultaneous influ-
ence of neighborhoods and schools on adoles-
cents’ self-reported well-being. In a study of
9107 high school students in New Zealand,
Aminzadeh et al. found that 1.16% of the
variance in well-being was attributed to neigh-
borhoods after schools had been taken into
account, as compared with only 0.14% for
schools after neighborhoods had been taken
into account.57 The differences in results be-
tween our study and the Aminzadeh et al.
study are interesting, particularly given that

both studies sampled students via school-based
sampling approaches. These differences could
be due to numerous factors, including differ-
ences 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 involving
cross-classified multilevel modeling, additional
studies are needed to disentangle the unique
effects of school and neighborhood environ-
ments. Knowledge generated from such studies
can help guide policymakers in determining
where to apply limited funds to most effectively

shape young people’s development and reduce
their risk for mental health problems such as
depression.

Why might schools be more important than
neighborhoods in shaping adolescent’s risk for
depression? First, students spend a majority of
time outside of their home in schools, and
schools involve high levels of adult monitoring
of student behavior during the day. Second,
schools are no longer solely formal educational
institutions; instead, they are settings in which
numerous health- and development-promoting
interventions take place58---60 and students
acquire knowledge and learn health-promoting

TABLE 2—Nested Cross-Classified Multilevel Models Showing the Associations Between Predictors and Depressive Symptoms: National

Longitudinal Study of Adolescent Health, 1994–1995

Model 3 (School-Level Predictors) Model 4 (Neighborhood-Level Predictors) Model 5 (School- and Neighborhood-Level Predictors)

Fixed-effect estimates

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

Individual-level predictor

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)

White (Ref) 1.00 1.00 1.00

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 predictor

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 predictor

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

Neighborhood (95% CI) 0.20* (–0.02, 0.42) 0.15 (–0.03, 0.33) 0.15 (–0.02, 0.31)

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

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

Fit statistics

Deviance information criteriona 110 168 110 157 110 158

Intraclass correlation coefficientb estimates, %

Neighborhood 0.4 0.3 0.3

School 1.2 1.4 1.4

Note. CI = credible interval. The sample size was n = 16 172. For fixed-effect estimates, entries are parameter estimates (b) and credible intervals. All other entries are estimates (variance) and
credible intervals.
aA measure of model fit reported only for cross-classified multilevel models. Higher values indicate a poorer fitting model.
bProportion of variance in the outcome attributable to neighborhoods (after adjustment for schools) or to schools (after adjustment for neighborhoods).
*P < .05.
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skills in both cognitive and social---emotional
domains (e.g., problem solving, coping, cogni-
tive restructuring).61---63

Third, schools have formal opportunities,
through mental health screening, health ser-
vices, and educational mandates, to monitor
youth behavior and intervene with those at
risk.64,65 Thus, schools may contribute more
than neighborhoods to the variance in depres-
sive symptoms because students are exposed to
a range of possible risk or protective factors in
school that influence the onset of depressive
symptoms. Moreover, schools are one of the
settings in which depressive symptoms can be
more easily addressed once they emerge, as
a result of school-based mental health services.
Examination of a range of school characteris-
tics, including school-level resources and social
climate (e.g., levels of student connectedness to
the school), will be important to better un-
derstand the impact of schools on adolescents’
risk for depression.

Limitations

Our study had several limitations that must
be noted when interpreting the results. First,
and most important, our analyses were based
on a nationally representative sample of ado-
lescents selected via school-based sampling.
Whether our findings are an artifact of the
sampling strategy remains unknown. It is pos-
sible that our results reflect the greater number
of individuals per school than per neighbor-
hood. We believe that this is unlikely, however,
given that preliminary CCMM analyses we
conducted in Add Health to examine other
health outcomes did show meaningful effects
for neighborhoods (results are available from
the authors). Moreover, when we conducted
sensitivity analyses in which neighborhoods
with fewer than 5 respondents were elimi-
nated, our findings were similar (results are
available from the authors). Although these
findings are reassuring, simulation studies
and studies in which cross-classified multi-
level modeling is used in the context of
neighborhood-based sampling designs are
needed to determine the extent to which
sampling influences cross-classified results.

Second, Add Health wave 1 data were
collected almost 20 years ago. Although these
data are older, Add Health remains the only
nationally representative sample of adolescents

in the United States and thus was one of the
only large-scale studies available to test our
research questions. Third, our outcome mea-
sure was based on symptoms of depression
during the preceding week rather than diag-
nostic interviews or depressive symptoms
measured over a longer period of time. How-
ever, this measure has been widely used in
epidemiological studies and has demonstrated
good reliability and validity.46

Fourth, our use of binary indicators, partic-
ularly of SES, may have resulted in some
degree of misclassification of respondents and,
therefore, residual confounding. However,
when we conducted our analyses with contin-
uous measures, the results were similar. Finally,
given that we defined neighborhoods accord-
ing to census tracts, individuals’ neighborhoods
may have been misclassified. Although census
tracts are an imperfect measure to define
neighborhoods, they are commonly used in
multilevel research.66 Future studies may
wish to expand on traditional neighborhood
boundaries and school boundaries and focus
their comparisons on activity spaces, or the
spaces where students travel during the course
of their day-to-day activities.67

Conclusions

Despite the limitations just described, our
results suggest that schools may have a unique
potential to affect, at a population level, the
prevalence of depression among adolescents.
Furthermore, our study provides a good dem-
onstration of how cross-classified multilevel
modeling can answer questions related to dif-
ferential effects of schools and neighborhoods.
Such studies are sorely needed given the dearth
of research involving these types of models.
Future studies incorporating cross-classified
multilevel modeling are necessary to guide
investments of limited public health resources
and identify in which settings (schools, neigh-
borhoods, or both) public health policies and
interventions can have the greatest impact. j
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