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Abstract We evaluate the precision of a model estimating
school prevalence of SED using a small area estimation
method based on readily-available predictors from arealevel census block data and school principal questionnaires.
Adolescents at 314 schools participated in the National
Comorbidity Supplement, a national survey of DSM-IV
disorders among adolescents. A multilevel model indicated
that predictors accounted for under half of the variance in
school-level SED and even less when considering blockgroup predictors or principal report alone. While Census
measures and principal questionnaires are significant predictors of individual-level SED, associations are too weak to
generate precise school-level predictions of SED prevalence.
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Introduction
To effectively address youth mental disorders in schools,
researchers are increasingly encouraging a public health
approach, which involves implementing school-wide programs, policies, and systems to monitor and respond to
student emotional and behavioral problems (Doll and
Cummings 2008; Dowdy et al. 2010; Horner et al. 2009;
Stiffman et al. 2010). Monitoring the prevalence of mental
disorders and adjusting service provision accordingly is a
cornerstone of this approach, however, few schools systematically engage in screenings for mental disorders
(Romer and McIntosh 2005). As a result, researchers have
developed a variety of less expensive and less intrusive
methods to generate estimates of school mental health
need.
The ‘‘synthetic estimation’’ methodology was first
applied to mental health epidemiology to estimate prevalence of serious mental illness (SMI) among adults and
serious emotional disturbance (SED) among youths at the
state and county levels. These analyses reweight national
survey data to match the distribution of socio-demographic
characteristics of smaller areas (Goldsmith et al. 1998;
Holzer et al. 1981; Hudson 2009; Konrad et al. 2009).
Decisions about resource allocation—for example, allotment of US Block Grant funds for community mental
health services—in the public service sector frequently rely
on synthetic estimation to identify areas of highest need.
This method is gaining popularity as publically-available
datasets with geographical information become more
accessible and their utility for public health assessment and
surveillance is recognized (Hudson and Abbott, 2013;
Tranmer et al. 2005; Zhang et al. 2013). For example, a
regression-synthetic estimation method was recently used
in England and Wales to develop PsyMaptic, an online tool
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designed to predict the incidence of psychotic disorders in
small regions, using area demographic information (Kirkbridge et al. 2013). Such online technology makes small
area estimates of mental disorders available to a wide range
of consumers and policymakers aiming to improve allocation of mental health resources.
The primary advantage of synthetic school-level estimates of SED from Census block-group (BG) data is that
data are easily accessible and free. Screening individuals’
mental health can be costly (Kuo et al. 2009) and have high
non-response rates (Husky et al. 2011), possibly because of
perceptions that data might be used to stigmatize or overidentify students. Further, a number of neighborhood
characteristics have been found consistently to predict
resident mental health in community epidemiological
studies of child-adolescent mental disorders (Dupéré et al.
2009; Mair et al. 2008; Pickett and Pearl 2001; Xue et al.
2005). However, the accuracy of small-area estimates of
mental illness based on small-area Census data has been
questioned, as the strength of associations between aggregate BG variables and the mental illness of residents is
often modest, resulting in imprecise small-area estimates of
prevalence (Hudson 2009; Kessler et al. 1999; Li and Zaslavsky 2010). Furthermore, synthetic estimation relies on
the assumption that the prevalence of disorders is constant
for demographic strata, so area prevalence depends only on
demographic composition; for example, low-income adolescent boys might be assumed to have the same rates of
SED in low- and high-poverty areas. Violations of these
assumptions might make synthetic estimates biased.
The current paper evaluates the feasibility of using Census
BG data to estimate school-level SED among adolescents at
314 schools that participated in the National Comorbidity
Survey Adolescent Supplement (NCS-A), a national survey
of the prevalence and correlates of DSM-IV disorders among
U.S. adolescents. We compare the utility of Census BG data
to a brief survey that asked school principals to estimate the
incidence of emotional/behavioral problems in their schools,
representing another source of data on school-level SED
entailing minimal cost and burden.

Methods
Sample
Between February 2001 and January 2004, adolescents
aged 13–17 were interviewed face-to-face in dual-frame
household and school samples selected to be representative
of the US population (Kessler et al. 2009a, b; Merikangas
et al. 2009). A representative sample of schools was drawn
in the counties selected for the survey. Sample selection
began by targeting 289 schools, however, initially only 81
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agreed to participate. Schools primarily refused to participate because they were reluctant to release student information. As a result, recruitment efforts were expanded and
replacement schools were targeted for schools that declined
to participate and were matched in terms of school size,
geographic area, and demographic characteristics. The
expansion of these recruitment efforts resulted in a final
sample of 314 schools. A comparison of household sample
respondents who attended nonparticipating schools with
school sample respondents from replacement schools found
no evidence of bias in estimates of either the prevalence of
either mental disorders or treatment (Kessler et al. 2009a).
The school sample included 9,244 adolescents at 314
schools, with a 74.7 % response rate (9,244/12,380) conditional on school participation. In addition, one parent or
guardian was asked to complete a self-administered questionnaire (SAQ) about the participating adolescent’s
developmental history and mental health. The SAQ
response rate, conditional on adolescent participation, was
83.7 % in the school sample (7,739/9,244). This report
focuses on the 5,940 adolescent-parent pairs in the school
sample for whom complete data were available from both
adolescent interviews and parent SAQs. Incomplete parent
data were taken into consideration by weighting procedures
that are described elsewhere (Kessler et al. 2009a, b).
After a complete description of the study was provided to
parents or guardians, written informed consent was obtained
before adolescents were approached. Written assent was then
obtained from adolescents before either adolescents or parents-guardians were surveyed. Each respondent received $50
for participation. Recruitment and consent procedures were
approved by the Human Subjects Committees of both Harvard
Medical School and the University of Michigan. The completed survey data were weighted for residual discrepancies
between sample and population socio-demographic and geographic distributions, as detailed elsewhere (Kessler et al.
2009a). The weighted socio-demographic distributions of the
sample closely approximate those of the Census population.
The principal of each participating school was asked to
complete a survey about the school’s resources and policies
related to mental health services and its level of need for
services. Data on need for services are used as predictors in
our models along with small-area Census BG data on the
assumption that it would be relatively easy to obtain
comparable principal questionnaire data in any future effort
to estimate school-level prevalence of SED.
Measures
Individual-level SED
Adolescents were administered a modified version of the
Composite International Diagnostic Interview (CIDI), a
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fully-structured interview designed for use by trained lay
interviewers (Merikangas et al. 2009). Diagnoses assessed
include: mood disorders (major depressive disorder [MDD]
or dysthymia, and bipolar I-II disorder), anxiety disorders
(panic disorder with or without agoraphobia, agoraphobia
without history of panic disorder, social phobia, specific
phobia, generalized anxiety disorder, post-traumatic stress
disorder, and separation anxiety disorder), behavior disorders (attention-deficit/hyperactivity disorder [ADHD],
oppositional-defiant disorder [ODD], conduct disorder
[CD], and intermittent explosive disorder), and substance
disorders (alcohol and drug abuse, alcohol and drug
dependence with abuse). In addition, parents completed a
self-administered questionnaire (SAQ) to provide diagnostic information about MDD/dysthymia, ADHD, ODD,
and CD, the disorders for which parent reports have previously been shown to play the largest part in diagnosis
(Braaten et al. 2001; Grills and Ollendick 2002). All but
two diagnoses were made using DSM-IV diagnostic hierarchy rules. The exceptions were ODD, which was defined
with or without CD, and substance abuse, which was
defined with or without dependence. The current report
focuses on disorders that were present in the 12 months
prior to the interview.
The NCS-A included a clinical reappraisal study
(n = 347), which blindly re-interviewed a subsample of
respondents with the Schedule for Affective Disorders and
Schizophrenia for School-Age Children Lifetime Version
(K-SADS) (Kaufman et al. 1997). As detailed elsewhere
(Kessler et al. 2009c), the results of this study indicated
that parent and adolescent report were best combined using
the ‘‘or’’ rule, under which a symptom was considered
present if it was endorsed by either respondent. One
exception was for a diagnosis of ADHD, which was best
estimated using parent-report only (Green et al. 2010a).
Concordance between lifetime CIDI/SAQ and K-SADS
diagnoses was good, with area under the receiver operating
characteristic curve (AUC) of 0.86–1.0 for mood disorders,
0.79–0.94 for anxiety disorders, 0.78–0.98 for behavior
disorders, and 0.87 for any disorder.
Consistent with the US substance abuse and mental
health services administration (SAMHSA) definition of
serious emotional disturbance (SED; Substance Abuse and
Mental Health Services Administration 1993), the NCS-A
estimated SED by requiring a DSM-IV diagnosis significantly interfering with children’s functioning in family,
school, or community activities. This SAMHSA definition
differs from that provided in the Individuals with Disabilities in Education Act (IDEA), which specifically requires
disorders to adversely affect educational performance (U.S.
Department of Education 2004). In the NCS-A K-SADS
clinical reappraisal study, clinician-assessed 12-month
SED was defined as having one or more 12-month DSM-IV

113

mental disorders and either a children’s global assessment
scale (CGAS) (Shaffer et al. 1983) score B 50, bipolar I
disorder (regardless of CGAS score), or a suicide attempt
in the last 12 months (again, regardless of CGAS score).
Previously, an approximation of this clinical assessment in
the full NCS-A sample was developed using forward
stepwise logistic regression analysis in the clinical reappraisal sample to predict SED from information available
in the CIDI (Kessler et al. 2012). The predictors included
12-month DSM-IV/CIDI diagnoses of all Axis I disorders
other than substance disorders, summary measures of total
number of disorders, self-reports in the NCS-A interview
about suicidality (ideation, plans, attempts), scores on the
Sheehan Disability Scale, (Leon et al. 1997) responses to
the K6 scale, (Kessler et al. 2002) responses to questions
about the number of days out of 365 in the past year when
the adolescent was completely unable to carry out his or
her usual daily activities because of specific disorders,
information about overnight hospitalization for emotional
or behavior problems in the past 12-months, and information about intensity of outpatient treatment for emotional
and behavior problem in the past 12-months. Concordance
in the clinical reappraisal sample of the predicted probability of SED from this model with the clinician-defined
assessment of SED was good, as indicated by an AUC of
0.85. The same equation was used to predict the probability
of SED for adolescents in the NCS-A school sample
(Kessler et al. 2009c). The dichotomous SED variable was
then imputed for NCS-A respondents who did not participate in the clinical reappraisal study (Kessler et al. 2012).
All analyses were conducted using these imputed dichotomous SED values.
Neighborhood Characteristics
Census data on neighborhood characteristics were extracted from the Geolytics 2000 Census BG dataset (www.
geolytics.com) for each NCS-A participant. We used
Census BG data for the neighborhoods in which the
school’s enrolled students reside, calculated as an average
of BG statistics weighted by the proportion of students in
each BG. We conducted a review of literature on the
effects of neighborhood characteristics on health and
mental health (Krieger et al. 2002; Morenoff et al. 2007;
Pickett and Pearl 2001). Based on this review, we selected
twenty-two Census BG predictors that were used in these
prior studies and associated with key outcomes. General
constructs assessed by these predictors were neighborhood
income, residential employment, family structure, education, racial/ethnic composition, and age composition.
Variables selected were the percentages of: families with
income \$10,000, families with income [$50,000, families with incomes below 1.5 times the official federal
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poverty line, families receiving public assistance, residents
unemployed, families with a female head of household,
never married residents, adult residents completing
\12 years of education, adult residents completing
C 16 years of education, residents in a professional or
managerial occupation, residents who are non-Hispanic
black, residents who are Hispanic, residents who are foreign-born, residents who are homeowners, residents who
have been in the same residence for the past 5 years, and
six population age categories (% 0–17, 18–29, 30–39,
40–49, 50–69, 70?). Census data were also used to define
Census region (Northeast, Midwest, South, West) and
urbanicity (major metropolitan area, other urban, rural) of
the adolescents.
Principal Questionnaire
The school principal questionnaire asked ‘‘About how
many times during a typical school year do you have each
of the following types of problems in your school?’’ with
respect to 6 internalizing problems (e.g., a student is
reported because of depression) and 9 externalizing problems (e.g., physical attack or fight with a weapon). Openended numerical estimates were divided by the number of
students in the school to estimate the proportion of students
in the school with each problem. In some schools, these
proportions summed to greater than 100 %, indicating that
principals could have counted the same student(s) multiple
times because they either presented with more than one of
the problems listed or with a problem on more than one
occasion. A factor analysis supported a two-factor structure
that corresponded to internalizing and externalizing problems. We calculated internalizing and externalizing summary scores.
Analysis Methods
We first developed a model for predicting school SED rates
from Census BG variables in three steps: (1) we conducted
a factor analysis of Census BG variables to create factorweighted composite predictors, (2) we used those composite predictors to predict individual-level SED, and (3)
the best-fitting individual-level model was re-estimated to
predict school-level SED. We then assessed and compared
the predictive power of three models respectively using
both Census BG data and principal report, Census BG data
only, and principal report only. These steps are described in
more detail below.
First, factor analysis of the Census BG variables was
conducted (Appendix 1). Results identified factors consistent with those used in previous studies of health and mental
health (Hull et al. 2008; Lantz and Pritchard 2010; Morenoff et al. 2007). Weighted factor scores derived from this
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analysis were used to create composite Census BG predictors. Second, we entered these Census BG factor scores into
logistic regression models to predict individual-level SED
with standard errors adjusted for clustering by school, using
PROC SURVEYLOGISTIC (SAS 9.1.3). In addition to the
census BG composites, candidate predictors in our models
included squares of the census BG composites, responses
from principal questionnaires, region of the country, urbanicity, and interactions of the BG factors with region and
with principal reports. Models were estimated first with
main effects of factor scores, region, and urbanicity. Next,
we added the squared factor scores, as well as the remaining
predictors. We finally added interactions of predictors. At
each stage we eliminated non-significant predictors, with
the final model including only statistically significant predictors (based on a Wald v2 test) of SED.
Third, to estimate the variance of school-level prevalence, the best-fitting model identified from the preliminary
logistic regression was re-estimated with a multilevel random effects logistic regression model using PROC
GLIMMIX (SAS 9.1.3). This step was needed because the
small sample sizes per school (mean = 5,940/314 & 19)
caused sample estimates of prevalence to be over-dispersed
relative to actual school-level prevalence. An estimate of
the squared correlation between predicted and population
prevalence on the logit scale was calculated from model
parameter estimates (see Appendix 2).
Finally, to explore the implications of our fitted models
for identifying high-SED-prevalence schools, we calculated the distribution of the rankings of NCS-A SED
prevalence for schools at the 95th, 90th, and 80th percentiles of predicted SED prevalence, under the fitted normal
random-effects model and assuming the approximately
normal distribution of the fixed-effects linear predictor (see
Appendix 2). We performed similar calculations for groups
of schools with top-ranking predictions of prevalence,
focusing on those in the top 5, 10 and 20 % of predicted
values. These analyses were repeated using the full predictive model (Census BG and principal report), Census
BG only, and principal report only.

Results
Factor Analysis of Census BG Data
Principal axis factor analysis yielded five unrotated factors
with eigenvalues greater than 1.0 (unrotated eigenvalues = 6.3, 2.8, 2.5, 1.6, 1.2). Inspection of standardized
partial regression coefficients of items on factor scores
showed that the four factor solution closely represented
dimensions found in previous research (Morenoff et al. 2007)
for socioeconomic disadvantage, affluence-gentrification,
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Fig. 1 Histogram of SED predicted prevalence across 314 NCS-A
schools. Histogram excludes outliers (two schools with sample
prevalences of SED [ 40 %)

racial-ethnic composition, and older age composition. We
therefore calculated four standardized factor-weighted scores
based on the four-factor promax-rotated solution.

Associations of Census Data and Principal Ratings
with Individual and School SED
The best-fitting multilevel model for the associations of
Census BG and principal reports with student individuallevel SED included the four Census BG factors, region,
urbanicity, and principal reports of externalizing problems,
as well as interactions of the four Census BG factors both
with the four regions of the country and with principal
reports of externalizing problems. Parameters from this
best fitting model were used to estimate the predicted
prevalence of SED in each school and its prediction
interval with 80 % coverage probability.
The mean predicted prevalence of SED across schools
was 7.3 %. A histogram of predicted prevalence had a
positive skew, with most predicted prevalence below 10 %
and almost all (95 %) below 26 % (Fig. 1). Two schools
with substantially higher sample prevalence of SED
(45–53 %) also had high predicted prevalence (over 55 %),
with elevated principal reports of externalizing behaviors.
We estimated R2 with and without these two outliers.
When all schools were included, R2 was 0.49, indicating
that the predictive value of Census BG variables and
principal ratings accounted for less than half of the variability in school-level SED. Excluding the two outliers, R2
was 0.45, suggesting that these outliers had a minimal
impact on the predictive accuracy of the model. We repeated this analysis with Census BG data alone (without
principal ratings) and found that R2 dropped to 0.40. When
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we considered principal ratings alone (without Census BG
data), R2 dropped further to 0.21.
We next examined the predictive median prevalence and
80 % prediction intervals for several values of SED predicted probability to determine the accuracy of model
estimation at various points along the predicted probability
continuum, again assuming our normal-logistic random
effects model and estimates of model parameters. For the
full model (Census BG and principal reports), a hypothetical school predicted to be in the 50th percentile of prevalence had a predicted median SED prevalence of 6.9 and
80 % prediction interval of 5.0–9.4 %, an interval much
too large to provide useful estimates of school SED. At the
95th percentile, median SED prevalence was 10.5 % and
the 80 % prediction interval was 7.7–14.2 %, illustrating
the near-proportional widening of prediction intervals for
prevalence at higher levels engendered by the inverse-logit
transformation (Table 1). Prediction intervals based on
Census BG data only or principal data only were slightly
wider as expected given the lower R2 of these models.
Finally, under the same model assumptions we estimated the percent of schools with predicted SED prevalence in the top percentile intervals whose actual SED
prevalence would be in each of those intervals, to further
illustrate predictive accuracy. Of the schools predicted to
be in the top 10 % of SED prevalence by the full model,
just under half (49.3 %, interpretable as positive predictive
power and also equal to sensitivity, under our model) were
actually in the top 10 % of observed SED prevalence and a
little over two-thirds (71.9 %) were in the top 20 % of
observed prevalence (Table 2). At the high end of the
continuum, of those schools predicted to be in the top 5 %,
approximately 41.9 % were actually in the top 5 %, over
half (61.5 %) in the top 10 %, and almost all (98.1 %) in
the top 50 %.

Discussion
Consistent with the results of several previous studies that
documented associations of neighborhood socio-demographic characteristics with individual-level risk of SED/
SMI, (Dupéré et al. 2009; Mair et al. 2008; Pickett and
Pearl 2001; Xue et al. 2005) we found significant associations of both BG-level characteristics and principal
reports with individual-level SED in the NCS-A sample.
Nonetheless, predictions based on these models were too
imprecise to be useful for policy planning or funding
allocation purposes.
This result is consistent with the conclusions of two
previous studies that evaluated the precision of estimates of
SMI and/or SED based on associations between small-area
Census BG data and individual-level prevalence estimates
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Table 1 Prediction intervals
(PI) illustrating precision of
Census BG- and principal
report-based predictors at
different percentile points of
predicted SED

Table 2 Percent of schools
with predicted SED prevalence
in highest Q % range of
predictions whose actual SED
prevalence could be expected to
be in top P % of schools
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Predicted percentile

Census BG & Principal

Census BG only

Principal only

Median

Median

80 % PI

Median

80 % PI

5

4.4

(3.2–6.1)

4.4

(3.0–6.3)

5.3

(3.5–7.8)

10

4.9

(3.5–6.7)

4.8

(3.3–7.0)

5.6

(3.7–8.3)

25

5.7

(4.1–7.9)

5.7

(3.9–8.2)

6.2

(4.1–9.1)

50

6.9

(5.0–9.4)

6.8

(4.7–9.7)

6.9

(4.6–10.2)

75

8.2

(6.0–11.2)

8.1

(5.6–11.6)

7.7

(5.2–11.3)

90

9.6

(7.0–13.0)

9.5

(6.6–13.4)

8.5

(5.7–12.4)

95

10.5

(7.7–14.2)

10.4

(7.3–14.7)

9.0

(6.1–13.1)

Predicted
range Q

Observed interval
Census BG & Principal

Census BG only

P = 50

20

10

P = 50

20

10

5

P = 50

20

10

50

76.0

36.5

19.2

9.8

73.8

35.4

18.8

9.7

65.5

30.6

16.4

20

91.2

58.6

35.9

20.4

88.5

55

33.6

19.1

76.4

41.8

24.5

13.9

10

95.9

71.9

49.3

30.7

93.8

67.1

45.2

28

81.8

49.0

30.5

18.1

5

98.1

81.6

61.5

41.9

96.6

76.5

56

37.5

85.8

55.4

36.2

22.5

(Kessler et al. 1999; Li et al. 2010). The proportion of
variance explained by our best model was modest
(R2 = 0.49) and even lower for models relying only on
Census BG data (R2 = 0.40) or on principal data alone
(R2 = 0.21). Consequently, identification of schools with
the highest prevalence could only be accomplished with
moderate sensitivity and positive predictive power.
While it is possible that we could have found stronger
associations using different Census variables, the ones we
used include all those that have been found to be important
in previous studies of the associations between Censusbased neighborhood characteristics and mental health.
Similarly, it is possible that we could have asked different
questions of principals that would have yielded stronger
predictions of individual-level SED, but we are aware of no
data documenting such associations. The more plausible
conclusion in light of these observations is that accurate
estimation of school-level SED prevalence cannot be
obtained from estimation using easily-accessible sociodemographic data of the sort we used in this exercise. The
prediction intervals from our estimates alone indicate that
estimates would be too imprecise to be valuable to district
administrators and others allocating mental health resources to use for planning.
In contrast, a prior study examined the extent to which
the K6 (Kessler et al., 2002, 2003), a 6-item measure of
emotional distress, could be used to estimate school-level
SED in this same NCS-A population (Green et al. 2010b;
Li et al. 2010). Although the K6 had only fair concordance
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80 % PI

5

Principal only
5
8.6

with SED at the individual level, K6 scores could be used
to generate highly accurate estimates of school-level SED
prevalence (Li and Zaslavsky 2010). This result suggests
that it may be productive to continue research to refine very
short measures, like the K6, to allow school-level SED to
be estimated from information about the distribution of
responses to very short screening scales (Green et al.
2010b). A number of student survey instruments have been
developed for this purpose (Levitt et al. 2007). However,
many of these instruments are quite long (Achenbach
1991) and shorter scales often focus on only a single disorder or class of disorders (Garrison et al. 1991; Levitt
et al. 2007). There is consequently increasing interest in
brief but broad measures that schools can feasibly use both
to estimate the prevalence of SED and to identify individual students for referral to mental health services. The
Strengths and Difficulties Questionnaire (Goodman 2001),
BASC-2 Behavioral Emotional Screening System Student
Form (Dowdy et al. 2011), and Brief Problem Checklist
(Chorpita et al. 2010) are three relatively brief (12–30
item) scales that appear promising for this purpose.
The finding that reports from principals contributed to
SED prediction, albeit only marginally, also raises questions about whether other data could be collected easily
from individual schools to more effectively estimate SED.
For example, many schools use administrative data (e.g.,
suspensions, absences, failures) to identify students
requiring support services (Horner et al. 2009). The
advantage of these data is their accessibility and direct
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relevance to the educational mission of schools. However,
their contribution to predicting school-level SED is untested and, by their nature, they will be better at estimating
disorders associated with externalizing rather than internalizing symptoms.
The current study has several limitations. First, the initial response rate of NCS-A schools was quite low. However, analyses comparing selected schools with matched
replacements found no evidence of bias (Kessler et al.
2009a). In addition, adolescents whose parents did not
complete the survey or had missing data were excluded
from analyses. Data were re-weighted to account for
missing parent data, but it is possible that there were systematic biases associated with these missing data. Second,
the NCS-A excluded homeless adolescents and non-English speakers, limiting the generalizability of study findings
and potentially weakening the associations of NCS-A SED
with Census variables. Third, limitations of the NCS-A
measure of SED may have introduced error in measurement. NCS-A disorder severity was imputed based on a
clinical reappraisal study that relied on telephone (rather
than in-person) clinical interviews (Kessler et al. 2009c).
This and other limitations of these interviews suggest
caution in interpreting results despite good concordance
between gold standard clinician diagnoses of SED and
imputed SED values. Fourth, principal reports of internalizing and externalizing problems were limited by possible
reporting bias by principals (e.g., under-reporting if they
were unaware of incidences, under-reporting of internalizing problems, over-reporting if the same student was
counted in multiple categories or for the same behavior on
multiple occasions). Fifth, Census block groups include
many non-adolescents and many families whose adolescents likely attended schools that did not participate in the
current study, potentially attenuating predictive associations. Sixth, we analyzed accuracy of identification of highprevalence schools nationally, but our data did not enable
us to evaluate accuracy of discrimination within a state or
school district, which might be lower if schools tend to be
more homogenous within a district than nationally. Finally,
our calculation of the distribution of predicted SED prevalence for schools relied on statistical assumptions of
normality of random effects and linear predictors, of which
only the latter could be verified from our data.
Our analyses accounted for individual-level covariates,
but did not include school-level covariates, including
variations in school provision of mental health services.
Results from a prior study of national trends in schoolbased services for students with SED suggest that students
identified under IDEA as having an emotional or behavioral disorder generally attend larger schools that are
comprised of a higher proportion of students receiving
special education services than the national average
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(Wagner et al. 2006). This might be the result of districts
‘‘clustering’’ students with disabilities in a single school.
Findings that students with emotional and behavioral disorders disproportionately attend schools outside of their
neighborhood, and are more likely to change schools
because of re-assignment, support this suggestion (Wagner
et al. 2005; Wagner et al. 2006). Although we were unable
to explicitly examine this trend in the current study, future
research on school-level SED would benefit from including
questions about school policies in this regard and comparing schools within a single district to identify trends in
school-level SED relative to the local population.
Despite these limitations, the results reported here suggest that regression estimation methods are insufficient to
obtain precise small-area estimation of school-level SED.
For schools seeking to estimate SED prevalence, more
promising methods are emerging that involve using very
brief scales. This type of brief scale, if found to provide
accurate estimates of school-level SED, could have considerable potential as an addition to ongoing health and
mental health surveillance efforts, such as the Youth Risk
Behavior Surveillance Survey conducted biennially by the
Centers for Disease Control. This could be an important
development given the fact that accurate estimation of
school-level SED prevalence can improve the ability of
schools to monitor the needs of students and inform allocation of limited resources for addressing unmet need for
treatment of serious emotional disturbance.
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Appendices
Appendix 1
See Table 3.
Table 3 Rotated (promax)
tetrachoric factor analysis
(standardized regression
coefficients) of Census BG
variables in NCS-A counties
(n = 314 schools)

% C 16 years education
% \ 12 years education
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Factor 2
Affluence/
Gentrification

Factor 3
Older age
composition

-0.89

0.32

0.07

Factor 4
Ethnic/Racial
composition
-0.10

0.83

-0.07

-0.05

0.32

% Professional/managerial occupation

-0.82

0.19

0.10

-0.12

% Families with income [ $50 K

-0.82

-0.10

-0.27

0.01

% Families with income \ $10 K

0.73

0.24

0.19

-0.19

% Families in poverty

0.73

0.34

0.00

-0.08
-0.04

% Families with public assistance

0.63

0.18

-0.18

% Unemployed in civilian labor force

0.45

0.28

-0.17

-0.13

% Never married

0.14

0.81

-0.05

-0.09

-0.01

0.77

0.10

0.06

0.13

-0.74

-0.05

-0.19

% Homeowners

-0.25

-0.72

-0.23

-0.17

% 50–69 years old

-0.06

-0.61

0.32

-0.15

% 30–39 years old

-0.32

0.37

-0.30

0.22

% Families female householder
% 0–17 years old

-0.05
0.30

0.28
-0.09

0.79
-0.77

-0.08
0.01

0.15

-0.44

0.76

0.02

-0.30

-0.19

-0.35

-0.21

0.23

0.13

-0.12

0.78

-0.05

0.29

0.00

0.77

0.47

0.23

-0.20

-0.50

% In same residence in 1995

Correlations among factors: F1F2: 0.27; F1-F3: -0.03; F1-F4:
0.10; F2-F3: 0.05; F2-F4: 0.04;
F3-F4: -0.12

In our multilevel logistic model, the linear predictor
including the random effect is logit P(SED) = x0 b ? d,
where d * N(0,r2) and r2 is the random-effects variance.
We assume that the distribution of the fixed-effects linear
predictor across schools is approximately normal, x0 b =
z * N(l, S2x ), where S2x is the variance across schools of
the mean linear predictor x0 b, estimated by the sample
variance of the school means. An estimate of the squared
correlation between predicted and population prevalence
on the logit scale was calculated from model parameter
estimates as R2 = S2x /(S2x ? r2), the fraction of SED variance among schools explained by the model.
A school at the q quantile of the predictor distribution
has x0 b = z0 = l ? Sx U-1(q). The predictive distribution
of the linear predictor including the random effect d is then
x0 b ? d * N(z0, r2) with (1 - p)-level prediction interval
(z0 - U-1(1 - p/2)r, z0 ? U-1(1 - p/2)r); these bounds
can then be transformed to probabilities through the inverse
logit transformation.To estimate probabilities of exceeding
the p quantile of prevalence for the population of schools
at or above the q quantile of predicted prevalence, we
note that this is a conditional probability Pðz þ d [ l þ
p
U1 ðpÞ ðS2x þ r2 Þ j z [ lþ U1 ðqÞSx Þwhere z and d have
the unconditional normal distributions given above. The
Factor 1
Socioeconomic
disadvantage

% 18–29 years old

Primary factor loadings are
italicized

Appendix 2: Technical Appendix

% 70 ? years old
% 40–49 years old
% Hispanic
% Foreign born
% Non-hispanic black
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denominator is 1 - q and the numerator can be expressed
as the probability of a quadrant of a bivariate normal
distribution.
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