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Abstract
Studies examining the relationship between neighborhood social disorder and health often rely on
multiple informants. Such studies assume interchangeability of the latent constructs derived from
multiple-informant data. Existing methods examining this assumption do not clearly delineate the
uncertainty at individual levels from that at neighborhood levels. We propose a multi-level
variance component factor model that allows this delineation. Data come from a survey of a
representative sample of children born between 1983 and 1985 in the inner city of Detroit and
nearby middle-class suburbs. Results indicate that the informant-level models tend to exaggerate
the effect of places due to differences between persons. Our evaluations of different
methodologies lead to the recommendation of the multi-level variance component factor model
whenever multiple-informant reports can be aggregated at a neighborhood level.
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1. Introduction
We examine the assumption that reports from multiple informants are interchangeable when
estimating a latent trait aggregated to a cluster level. Use of multiple informants to assess
outcome and suspected risk factors is common in many research areas [1]. The disagreement
between multiple-informant reports is not a problem when each informant can provide
distinct information about the targeted variable. For example, dissimilar reports of child
behaviors by parents and teachers may result from differences in how children behave at
home and at school [2]. In this case, each informant provides distinct information and a
separate analysis for each of the informants' reports may be appropriate. However, in many
cases, multiple informants report on a single trait. For instance, multiple respondents within
a neighborhood may be asked to report on their neighborhood's safety. In such cases,
multiple-informant reports are, in theory, interchangeable, i.e., measuring the same
underlying trait, and separate analyses are not ideal. In practice, discordance across reports
is common.
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Different methods for resolving discordance in this setting have been proposed. When the
informant data are used as predictors or outcomes directly, i.e., as manifest variables, a
number of ways of integrating reports has been reviewed by Horton et al.[3] among others.
When the targeted variable is a latent trait that cannot be directly measured or can only be
measured with error, the latent variable and measurement error models are more appropriate
[4]. Kraemer et al.[5] proposed an approach that identifies informants based on separating
the influence of contexts and perspectives from that of the true construct of the characteristic
of interest. Horton et al.[6] developed several models for multiple-informant data based on
item response theory (IRT). These methods are appropriate when the latent construct is
defined at the same level as the informants.

If the latent trait is defined at a different level of clustering than the reporting units, then the
validity of the interchangeability assumption should be examined at the appropriate cluster
level. We have not found publications that aimed at testing the interchangeability of reports
of a latent construct at a cluster level.

Our paper is motivated by the hypothesis of the neighborhood social disorder (NSD)
affecting youth behaviors, in which NSD is the latent construct that cannot be directly
measured. It is assessed by two informants, youth and one of their parents, with a 21-item
questionnaire. The informants are clustered in a neighborhood and the neighborhood-level
social disorder is the variable of interest. In the following sections we describe the
motivating question, notational conventions, the traditional and proposed analytic
approaches to examine the validity of the interchangeability assumption, and methods for
testing the hypothesis of interest incorporating multiple-informant data. An example is used
throughout the paper to illustrate and compare the proposed methods rather than to provide
conclusive substantive evidence. The final section discusses the pros and cons of different
methodologies and presents some recommendations.

2. Motivating Question, Data and Notations
2.1 Theory on Neighborhood Effects

In Great American City, Robert J. Sampson [7] recounts the intellectual history of
neighborhood effect research, from the social disorganization theory [8] to its descendents,
such as the exposure opportunity hypothesis and collective efficacy theory [9–13].
Constructs of neighborhood characteristics typically fall into two general categories.

The first category is broadly defined as neighborhood socioeconomic status, which is
usually characterized using aggregates of individual characteristics, typically from Census
data. Different studies have used a wide variety of such indicators including poverty, low
educational achievement, racial/ethnic diversity and residential instability. Observer/
respondent reports of the built and service environment, thought to reflect social
differentiation and stratification in a geographic area, have also been used.

The second category uses questionnaires or vignettes to ascertain aspects of social
organization, such as social capital/cohesion/control or social disorder. For example, the 13-
item Perceived Neighborhood Disorder (PND) scale [14] assesses the physical and social
disorder using questions such as “There are a lot of abandoned buildings in my
neighborhood” and “There is too much drug use in my neighborhood.” Crum et al. [9] used
an 18-item scale to measure exposure to drug and violence in the neighborhood. Because
many of these measures stem from the social disorganization theory, we broadly classify
them as NSD.
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2.2 Study Sample and Measure of NSD
The data came from a longitudinal study of neuropsychiatric sequelae of low-birthweight.
Random samples of low birthweight and normal birthweight children were drawn from the
1983 to 1985 newborn discharge lists of two major hospitals, one serving a disadvantaged
inner-city community in Detroit and the other serving a suburban middle-class community,
in southeast Michigan. For details on the sampling and data collection, see Breslau et al.[15–
17].

We used the questionnaire developed by Crum et al.[9] to measure NSD and added three
items related to problems of violence or crime. Data on NSD were gathered from 610
mother-youth pairs when the youths were 17 years of age. The 21-item questionnaire
includes 7 out of the 13-item PND scale [14], and 7 out of the 10-item NSD in Hill and
Angel [18]. (See Table 1 for the items.)

We created total scores, separately for parents and youths, based on the total number of
responses indicating disadvantaged neighborhood. The correlation of total scores between
the parent reports and youth reports was 0.50 (p<0.001). The mean score of parent-reports
was 2.62 with a standard deviation (SD) of 3.31, and the mean score of youth-reports was
4.54 (SD=4.38), i.e., youths perceiving living in a worse neighborhood than their parents.

Figure 1 displays the inter-rater agreement for parent and youth reports using Kappa, Yule's
Q and intraclass correlation coefficient for the overall, urban and suburban samples [19],
sorted by the overall Kappa. There were only 4 items for which all three statistics indicated
higher agreement in urban areas: item 3) “Every few weeks, some kids in my neighborhood
gets beat-up or mugged;” item 8) “Before or after school I often see drunken people on the
street in my neighborhood;” item 18) “The people who live in my neighborhood are the best
people in the world;” and item 19) “When coming or going from my neighborhood I have to
plan carefully to avoid being a victim of violence or crime.” These statistical measures are
informative, but they do not provide a global test for the interchangeability assumption.

2.3 Notations
In a sample of size N the outcome for the youth in the ith dyad of two informants is denoted
byYi, the latent construct, NSD, is denoted by unsd whose subscript is not denoted by i
intentionally, and Q covariates measured without error (with a constant in the first column to
simplify notations later) are zi = (1, zi1,…, ziQ)′, for i =1,…, N. For purposes of illustration
throughout the paper we use a binary indicator “ever smoking a cigarette by age 17” as the
outcome of interest. Some methods outlined below can be easily extended to multiple
outcomes. The covariates zi used in all analyses below included gender and race of the
youth, mother's marital status, and child-reported parental monitoring at age 11. Parental
monitoring was measured by the instrument in [20], adapted from [21]. Bohnert et al.[22]
found parental monitoring affected smoking behaviors in White children. Minority, urban
residents, single and less educated mothers were more likely to live in a disadvantaged
neighborhood.

The latent variable is assessed through responses to J items in the questionnaire, denoted by

 with superscript (s) denoting the specific informant, s=1 for youth and
s=2 for parent. Traditional approaches are usually based on the sum of all items, properly

coded for neighborhood disadvantage. For all S informants, let 

where  denotes the total score for the s-th informant.
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The outcome model relates Yi and unsd through a generalized linear model with a link
function g(·),

(1)

where μ = E(Yi | zi, unsd), β = (β0, β1,…, βQ)′ is a (Q + 1)×1 vector of unknown parameters
and βu is the parameter of interest. The notation βu should not be confused with the
component of the vector β. For binary outcomes, μi is the probability of success, Pr(Yi = 1|
zi,unsd) and the canonical link function of g(·) is the logit link,

(2)

The inverse of the logit link is sometimes called the expit function, f (·), with

(3)

Substituting unsd with the informant-specific total score  or a consensus between the
informant reports, wi without any superscript, into equation (1) leads to a substantively
different model,

(4)

where, with a slight abuse of notation, μI = E(Yi|zi,wi) and the parameter βw represents the

odds ratio of one unit increase in wi (or in  if it replaces wi in (4)). This parameter
isfundamentally different from βu because the two models have a different philosophical
underpinning. Methods and results for estimating βw are available upon request.

3. Analytic Approaches
3.1 Overview

The concept of interchangeability can be operationalized in two ways: first, there is one
underlying distribution of the latent variable of interest, and second, there is a unique effect
of the latent variable on the outcome. Thus, the empirical distribution of the latent variable
based on report from one informant should be the same as the one derived from another
informant; and the effect estimated based on one informant report should be the same as the
one estimated from another. Horton et al.[6] developed several models for multiple-
informant data based on the IRT. We extend their model and demonstrate step-by-step how
to (a) estimate the latent trait at a cluster level, and (b) estimate the effect of the latent trait
using different approaches. We then compare the empirical Bayes predictions of the latent
variable by multiple informants; and test the hypothesis that the impact of the latent variable
on the outcome is the same using either informant's report (see section 3.3.2 and 3.3.3).

Applying the measurement error model framework to multiple-informant data is reasonable
provided that appropriate distributional assumptions are made for the error and the
unobserved variable. In Figure 2, we see that the distributions of the total scores in urban
and suburban areas had different shapes and neither score can be satisfactorily transformed
to a normal distribution. The distribution of the total scores in inner city Detroit (urban) area
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is rather flat whereas in the middle-class suburban area the scores cluster near the lower end
of the scale. Nonparametric models for covariate measurement errors have been developed
for binary outcomes [23]. These models implicitly assume the two-informant reports are
replicates of sort (perhaps with a drift in means). We first review some analytic approaches
that allow the identification of βu under different assumptions.

3.2 Classical Measurement Error (CME) Model
We use the CME model as the starting point to illustrate how we relax the assumptions in
CME to allow non-normal distributions and the use of IRT to build a more theoretically
grounded model.

Let's assume equation (1) is a correctly specified model for the outcome, and  and 
are the two fallible measures (surrogates) for the underlying construct unsd and the

measurement errors are nondifferential, i.e., . The CME
model assumes

(5)

The measurement errors  are independently normally distributed with zero mean and

constant variance σ2. It is known that substituting  in equation (1) will lead to a biased
estimator of βu; and several approaches have been developed to correct this bias [4].

3.2.1 Regression Calibration (RC)—The RC method [24] is feasible when there are
either replicated surrogates (such as multiple-informant data), validation data or instrumental
variables. The essential step in RC is to substitute unsd in equation (1) by an estimate of
E(unsd | wi, zi)[25]. The resulting estimate of βu is consistent for linear models under the
nondifferential measurement error assumption; and it is inconsistent for logistic regression,
but usually with small bias ([4], pp. 90-92). The RC estimates of the underlying construct
NSD for smoking are shown in Table 2 column 1. The effect was not statistically significant
for urban areas (β̂u = 0.1). For suburban areas the odds ratio of NSD for smoking is exp(β̂u)
= 1.42(p<0.01). Note this estimate is greater than the estimated exp(β̂w) assuming no
measurement errors (results available upon request), consistent with the attenuation effect of
covariate measurement errors.

3.2.2 Simulation Extrapolation (SIMEX)—The SIMEX method [26] generates a scaled

measurement error with , typically θ = (0.5,1,1.5, 2), and estimates 
through a series of simulated samples, together with the naïve estimate under the assumption
θ = 0. These estimates will be used in an extrapolation function (typically a quadratic
function) to extrapolate to the case with no measurement error, i.e., θ = −1 to get an
unbiased estimate of βu[27]. The results using SIMEX are shown in Table 2 column 2. The
estimates are slightly smaller with smaller standard errors than the estimates using RC. The
conclusions however remain the same.

3.2.3 Instrumental Variables—In the absence of replication and validation data or when
the fallible measures are differential, estimation of the parameter of interest βu is still
feasible provided that the data contain an instrumental variable (IV), denoted by Ti (using
the vector Ti for multiple instruments), that satisfies certain assumptions. Essentially an IV
must be correlated to unsd, it must not be correlated with the residual Yi − E(Yi | zi,unsd), and
it must be not be correlated with the measurement error εi [28]. The advantage of the IV
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approach is that when  contains differential errors, such as the self-selection problem
(also known as the membership or endogeneity bias), the IV estimator is still consistent. For
example, youth with behavioral problems may underreport the neighborhood disadvantage
when unobserved factors that lead to behavioral problems also distort perception of the
youth, resulting in selection bias in conventional estimates.

In our data, street addresses of the families were obtained during each interview, and were
geocoded using geographic information system (GIS) ArcGIS 10.0 [29]. The geocoded
points were spatially joined to the appropriate 1990 or 2000 census tract boundary file [30]
that contained neighborhood sociodemographic characteristics. The 610 families
interviewed lived in 434 Census tracts (Figure 3) in the tri-county area in southeast
Michigan. In 138 Census tracts more than one family per tract participated in the study. In
296 Census tracts only one family participated in each tract. We can see more clustering in
some areas of the map. We chose the census variables that were most predictive of youth-
and parent-reported NSD (based on the adjusted R-square statistics) as IV's, including
percent of female-headed households, percent households with children age 5 to 18 years
below federal poverty line, percent population with less than high school education and
unemployment rates, and found β̂u = 0.04 in urban areas and β̂ u = 0.06 in suburban areas,
neither of which was statistically significant.

The CME model can also be estimated using maximum likelihood, quasi-maximum
likelihood and conditional score methods. The literature is too vast to be presented in the
current paper [4]. Models for continuous covariates measured with errors are far more
developed than for discrete cases. When the discrete covariate is dichotomous, the literature
for misclassification is in turn bigger than the polytomous or ordered discrete covariates
measured with errors. When a score is constructed from a few Likert-scale items, the
measurement is unlikely to be normally distributed. As seen in Figure 2, the distributions of
youth- and parent-reported scores have distinct shapes in urban and suburban areas. In this
situation the CME models might be inappropriate. We will present a latent variable
approach based on the IRT to uncover βu without relying on the summed scores.

3.3 Proposed Approach
Latent variable models constitute a suite of models for multivariate analyses. In essence,
latent variable models link observed continuous or categorical variables, i.e., manifest
variables, to unobserved variables or unmeasured constructs, i.e., latent variables. In our
study, to fully exploit the multilevel structure of the study we introduce some additional
notations. The items in the neighborhood questionnaire are indexed by j, and individual
subjects are indexed by i. In addition, consider the clustering of parent and youth in family k
and the nesting of families in Census tract l. Thus the superscript (s) in previous notation is
no longer needed to index different informants. Both informants i and i′ are nested in family
k. The advantage of this approach is that families with data from only one informant can be
incorporated in the analysis. For comparison purposes we continue using parent-youth pair
data.

The concept of social disorganization is defined as “the inability of a community to realize
the common values of its residents and maintain effective social control….These
neighborhood-level dynamics were thought to undermine personal ties, voluntary
associations, and local institutions, which in turn were hypothesized … eventually leading to
outcomes such as crime, delinquency, homelessness and educational dropout” [7]. Shevky
and Bell, using Census tracts as units of analysis, developed three constructs—social rank,
urbanization/family status and segregation—to reflect social stratification in industrial
society [31]. The point to be made is that the influence of neighborhood lies in
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characteristics of places rather than persons. Thus in our modeling framework, the latent
construct of NSD should be defined, and its influence estimated, at a level higher than the
individual-level.

3.3.1 Model Specifications—Denote the Q individual-level covariates by zikl = (1,zikl1,
…,ziklQ)′ for person i in family k in Census tract l, where i =1,2, k = 1,…,K, and l = 1,…,L.
Denote the 21 items in the neighborhood questionnaire by xikl = (x1ikl,…,xJikl)′ with J = 21

and the sum score . Let Yikl be the outcome of interest, e.g., in our study, youth
smoking a cigarette by age 17 in which case i = 1 and the notation simplifies to Ykl. At the
neighborhood-level the latent variable is denoted by ηl. The observed Census variables, such
as the configuration of education and occupation, single female headed households, and
racial/ethnic groups, are denoted by vl.

In our proposed models, the measurement model links the neighborhood latent factor ηl with
the questionnaire items xikl by a generalized Rasch model or a multilevel variance
component factor model [32–34].

To fix ideas, we first present the standard Rasch model, or the logistic one-parameter item
response model (IRM),

(6)

In the Rasch model, the parameters αj are called difficulty parameters as they represent the
level of difficulty of question j in standard tests, and θ ikl are treated as fixed-effects
parameters and interpreted as ability of person i. It is worth noting that in our context, these
parameters lose their interpretations as difficulty and ability parameters because there is no a
priori “correct” answer to the items in the questionnaire. Here θ ikl may represent each
informant's perception of NSD and we can estimate differential reporting biases by allowing
αj to vary by types of informant, i.e., estimating αji for i = 1,2.

The underlying factors can also be treated as random effects, typically normally distributed.
In Horton et al. [6], this factor is used as a regressor for the outcome model, e.g., their
correlated bivariate latent trait model assumes:

(7)

where (θ1kl, θ2kl) are jointly normally distributed; and only the youth's latent factor affects
the outcome. Horton's model can be modified to allow multiple random effects in (7), for
example,

(8)

where (βc,βP) represent the effects of NSD based on youth-report and parent-report,
respectively.

The one-parameter model (6) assumes that the effects of increasing ability is the same for all
items on the logit scale, an assumption that can be relaxed using the two-parameter IRM,
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(9)

where λj represents the extent to which item j discriminates between individuals of different
abilities. Usually we fix λ1= 1 for identification. To incorporate the indirect effect of a
person-level variable through neighborhood items, an interaction between item indicators
and the person-level variable can be added in the measurement models.

It is plausible there might be an “extreme circumstance” factor representing people's
additional inclination to regard the neighborhood to be unsafe when violent crimes are
involved. In other words, in model (10) below the parameters γj are constrained to zero for
all items except for items related to violent crimes (items 3, 4, 11, 19, 20 and 21). This will
lead to a two-parameter two-factor model

(10)

where φikl is the second factor.

Because parent and youth are clustered in family k, we can extend the one-parameter and
two-parameter models by adding a family-level latent variable, υkl,

(11)

(12)

where θikl represents the deviation of person i's perspective from the family mean υkl. For
identification the factor loading λj is assumed to be the same for individual and family latent
variables.

Finally, because we are interested in the neighborhood effects, our proposed approach
extends the above models to a multi-level variance component factor model by adding the
neighborhood factor ηl,

(13)

(14)

The interpretation of the latent variable ηl is the latent NSD. It is analogous to individual
ability in the Rasch model. The latent variable ηl can be modeled in addition by available
Census data, e.g.,

(15)

where ξl is the tract-level idiosyncratic error. Census variables, if their effects exist, will
affect the outcome only indirectly through ηl via equation (15). In our study the majority of
Census tracts (68%) had only one family in them. Thus it is likely that υkl cannot be
separately identified from ηl, reducing models (13) and (14) to
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(16)

(17)

Ideally, multiple-informant reports of the neighborhood trait should be interchangeable after
factoring out individual deviation θikl, i.e., there is a single latent factor ηl based on the data.

To test this assumption, we will extend models (16) and (17) to allow two latent factors, 
and , representing NSD based on parent's and youth's report, respectively. The empirical

Bayes predictions of  and  can be used to examine the interchangeability assumption.

The response model links Ykl with ηl and person-level covariates by

(18)

where μkl = E(Ykl|zkl, ηl) = Pr(Ykl = 1|zkl, ηl), and βu is the parameter of interest. If, after

factoring out individual deviation, there exist two neighborhood-level latent factors  and
 with different distributions, then we can test if the two factors influence the individual

outcome equally. The test can be carried out formally using the following model,

(19)

The null hypothesis  states that the effects of two latent variables are the same.
This, however, is not strictly speaking a direct test of the interchangeability assumption
because the null hypothesis only states two variables have the same impact. If the

interchangeability assumption holds in the data, then the two factors  and  should reduce
to one factor.

The measurement-models from (6), (9) to (17) assume that conditional on θikl,υkl, and/or ηl
all elements in xikl are independent. Thus the joint distribution of all items can be written as
a product of univariate probabilities,

(20)

where f is the expit function, which depends on the measurement model of choice in
equations (6), (9) to (17). For (14),

. Combining the measurement
model and the response model, the joint distribution of the neighborhood questionnaire
items and the outcome can be written as a product of univariate probabilities,

(21)

where xkl =(x1kl,x2kl) for two informants' reports.
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3.3.2. Estimation—We use a user written Stata program gllamm to carry out the latent
variable analyses with adaptive quadrature method for optimization of objective functions
[35]. In our study, the one-parameter IRM in (6) was estimated without difficulty, but the
two-parameter models in (9) and (10) led to very large condition numbers, defined as the
square root of the ratio of the largest to smallest eigenvalues of the Hessian matrix,
indicating that the two-parameter models were empirically unidentified. Note that the two-
parameter models in (9) have 21 more parameters than the Rasch model in (6). The
reduction in likelihood functions was not big enough to endorse the bigger model especially
considering the near singularity of the Hessian. Due to the difficulty in estimating the two-
parameter models in (9) and (10), we did not expect models (12), (14) and (17) to perform
well and they in fact did not converge.

The item characteristic curves based on the one-parameter model for urban parent, urban
youth, suburban parent and suburban youth for select items were constructed (available upon
request). The differences in the shape and endorsed items in these curves suggest that parent
and youth had different difficulty parameters, which was confirmed by increases in
likelihoods when parent- and youth-specific difficulty parameters were added. In urban
areas, the log-likelihood was −4940.2 for the model with the same difficulty parameter
between parents and youths, and it was −4863.0 for the model with distinct difficulty
parameters. Similarly, in the suburban areas, the log-likelihood increased from −3559.8 in
the former to −3496.1 in the latter. Thus the rest of the analyses allowed different difficulty
parameters.

Selection of variance component factor models in equations (11), (13) and (16) can be based
on the likelihood ratio comparison but the test statistic is not asymptotically Chi-square
distributed under the null hypothesis because of the parameter lies on the boundary of the
parameter space. A solution is to use a 50:50 mixture of a point mass at zero and a Chi-
square distribution with degrees of freedom equal to the number of extra parameters
between two nested models. Compared to models with only a level-1 factor, models with

both individual and informant specific Census tract latent factors,  and  in equation (16),
led to further improvement in likelihood (for urban areas, the log-likelihood increased to
−4855.2; for suburban areas, the log-likelihood increased to −3455.5).

The coefficients for the individual latent factors θ1kl and θ2kl in the response model (8), are
reported in column 4 of Table 2; and the coefficients for the Census tract-level latent factors

 and , based on model (19), are reported in column 5 of Table 2 (for Stata and SAS
codes, see Appendix A and B). Comparing the estimates, we found that using the person-
level random effects led to much smaller estimates in suburban areas, potentially leading to
a type I error in the effect of NSD. Using the Census tract-level random effects, only the
youth-reported NSD is significantly associated with the outcome of ever smoking a cigarette

by age 17 . For the suburban areas, using the Census tract-level factor model the
test of  leads to a Chi-squared statistic of 2.77 (df=1, p-value=0.096); whereas
using the person-level factor model the Chi-squared statistic is 10.01 (df=1, p-value=0.002).
These results suggest any difference between the two informants' reports lies in personal
perceptions but not in their environments.

3.3.3 Model Prediction—We point out two types of prediction of the proposed model
(19) — predictions of response probabilities and prediction of random effects; and we focus
on the latter. Even though there are different approaches to predicting random effects, the
empirical Bayes prediction is the most widely used method for assigning values to random
effects [36].
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In the context of evaluating the impact of NSD, the random effect of interest is ηl in (18),
rather than the informant-level latent variables θikl. In a non-fully Bayesian approach,

inference regarding ηl for Census tract l is based on the posterior distribution 
of η1 given the data and with the model parameters treated as known and equal to the

estimates  The empirical Bayes prediction of ηl is thus:

(22)

It is usually referred to as “expected a posteriori” estimation in IRM and as the “regression
method” for factor scoring in factor analysis. Comparative standard errors of the empirical
Bayes prediction can be used for making comparisons between clusters if the empirical
Bayes predictions have approximately normal sampling distributions. Diagnostic standard
errors are the marginal sampling covariance of the empirical Bayes predictions under
repeated sampling. They can be used to detect clusters that appear inconsistent with the
model.

We selected 12 Census tracts in suburban areas with large, small and intermediate values of
the empirical Bayes predictions based on multilevel variance component factor model (19).
Table 3 gives the Census tract identifier, cluster size (number of household in each tract),
empirical Bayes predictions based on parent-report ηl,p and youth-report ηl,c and the
corresponding comparative and diagnostic standard errors. The posterior SD (comparative
standard error) is lower than the estimated prior SD (1.07 for ηl,p and 1.08 for ηl,c) and it is
smaller for larger cluster size, indicating increasing accuracy of the prediction.

Figure 4 displays the empirical Bayes predictions of person-level θikl (two panels on the left)
in model (8) and Census tract-level ηl (two panels on the right) in model (19). The
distributions of the underlying factors at the Census-tract level based on parent-reports and
youth-reports (curves on the right) are more similar to each other as compared to the
distributions of the underlying factors at the person-level (curves on the left).

4. Discussion
Ecological studies aim at evaluating the effect of aggregated economic indicators of
communities or NSD on individual outcomes such as crime, delinquency and health.
Various survey instruments have been created to ascertain NSD based on individuals'
reports.

Discordance among respondents living within the same neighborhood raises a question
about the interchangeability, and hence the validity, of individual NSD assessments. In
particular, when the interchangeability assumption is made at the cluster level – consistent
with the theoretical requirement for examining the impact of NSD – it is important to use
multiple-informant data to estimate the latent construct of NSD at the cluster level. We
present models that distinguish cluster level latent variables from informant level latent
variables.

To model the impact of the latent construct of NSD with multiple-informant reports, one can
use the classical measurement error approaches (e.g., regression calibration, simulation
extrapolation and instrumental variables) or the Rasch model based on the IRT. However,
these models assume the latent variables at the level of the informants. We propose using a
multi-level variance component factor (MVCF) model consistent with the prediction of NSD
theories because the model differentiates heterogeneity of the persons from the
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heterogeneity of the places. As previously stated, the model does not rely on the IRT,
because it can simply be viewed as hierarchical latent variables model.

In this model we can examine the interchangeability assumption in two ways. First, we can
compare the empirical Bayes predictions of the latent variable at the cluster level based on
different informants' reports. Second, we can test the hypothesis that the effects of the latent
variables on the outcome are the same when multiple reports are used. The advantage of the
first approach is that it is a direct translation of the interchangeability assumption into a
distributional statement of the underlying latent variable, but the disadvantage is that it is not
a formal statistical test. The disadvantage of the second approach is that it is at best an
indirect test of the interchangeability assumption based on the hypothesized impact of the
latent variable on the outcome under study. When the effects of the latent variable are the
same the multiple informant data can be combined to estimate the effect of one latent trait.

In our application, in the first approach, the distributions of the empirical Bayes predictions
of the latent variable at the informant level, compared with the empirical Bayes predictions
of the latent variable at the cluster level, are less similar between parent- and youth-reports
in the suburban area. In the second approach, results of informant-level Rasch model
showed significant differences between effects of the latent NSD at the informant level
between parent reports and youth reports; however, the results of the MVCF model found no
significant difference in the effect of the latent NSD at the cluster level. Although combining
the two latent variables into a single one was not a viable option in this application, the
approach may be an important strategy to pursue in similar settings.

Compared with the one-parameter IRM, the more flexible two-parameter model at the
informant level added 20 more parameters but did not achieve much gain in log likelihood.
When we combine the informant and cluster-level (family and/or tract) factors together, the
two-parameter models cannot be estimated empirically possibly because the difference
between parent and youth within a family is not big enough to identify the factors separately
and the number of families within a Census tract is typically small. In a different application
with more distinctions between informants and more number of informant per cluster it is
possible that the more flexible models can be estimated..

There is a limitation of the MVCF model for this application. The prior distributions of the
latent variable in the informant level Rasch model and the MVCF model are both normal.
However, the shapes of the empirical Bayes predictions in Figure 4 suggest that there is
dispersion of the latent variable in the former for suburban clusters. The normal assumption
does not allow dispersion as large as the observed outcomes exhibited in Figure 2. It is
unknown how much the underlying construct is dispersed. The normal assumption of the
latent variable can be relaxed [23]. Since we are not employing a fully Bayesian approach,
evaluating the impact of different prior distributions is beyond the scope of the manuscript.

Our evaluations of different methodologies lead to the recommendation of the MVCF model
whenever multiple-informant reports can be aggregated at a cluster level. The results suggest
that the informant-level models tend to exaggerate the effect of the places due to differences
of the persons. “The fault, dear Brutus, lies not in our stars, but in ourselves”-Shakespeare,
Julius Caesar.

Acknowledgments
Funding: This work was supported by National Institute of Mental Health grant R01MH44586 (Breslau) and
RC4MH092737 (Luo). We thank Dr. Sue Grady at Michigan State University for geocoding the data. We thank the
two anonymous referees for their incisive comments and suggestions for improvement.

Luo et al. Page 12

Stat Med. Author manuscript; available in PMC 2015 February 10.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Appendix A. Stata Codes for Model (19)
//Prepare the data in vertical format where outcome and informant-reported //response to the 21 items are stacked
together, named “nb”

//Create indicators for response types label def type3 0 “Outcome” 1 “parent response” 2 “youth response” label val
type type3

gen byte d1 = type==0

gen byte d2 = type>0

//Create dummy variables for the 21 items for patient and child foreach n of num 1/21 {

gen byte i ｀ n' = [i==｀ n' & type==1]

}

foreach n of num 1/21 {

 gen byte ic ｀ n' = [i==｀ n' & type==2]

 }

//Since model adjust for child sex, race, mother's marital status and parental monitoring, these variables are crossed with
outcome indicator. foreach x of var male black m_status dm_monitor {

gen d1_｀ x' = d1*｀ x'

}

gen byte cons = 1

gen byte parent = [type==1]

gen byte youth = [type==2]

gen _reg = type+1

//Person ID: pid; Census Tract ID: cid

*** final model for suburban areas

eq d2 : d2

eq prt : parent d1

eq yth : youth d1

eq f1: fh_pct asstab_pct chd_bp_pct median_hou lshscl_pct

keep if detr17==0

eststo: gllamm nb d1 d1_male d1_black d1_m_status i1-i21 ic1-ic21, nocons

 i(pid cid) nrf(1 2) link(logit logit logit) fam(bin bin bin) fv(_reg)

 lv(_reg) eqs(d2 prt yth) adapt nip(10)

est save suburban_eversmk_adpt_corr, replace

Appendix B. SAS Codes for Model (8)
/* Data are prepared similarly as above */

PROC NLMIXED DATA=sub outq=n.suburbqpoint QPOINTS=7;

PARMS alpha0=−1.9 alpha1=1.3 alpha2=−0.6 alpha3=0.2 alpha4=−1.7 alpha5=0.9

alpha6=−0.05

betam1=2.4 betam2=4.1 betam3=6.3 betam4=5.6 betam5=3.9 betam6=4.6

betam7=2.5 betam8=4.7 betam9=4.9 betam10=3.9 betam11=4.4 betam12=5.1

betam13=2.4 betam14=4.2 betam15=4.9 betam16=4.8 betam17=1.8 betam18=0.7

betam19=5.3 betam20=4.8 betam21=5.8

betak1=1.8 betak2=2.1 betak3=2.2 betak4=3.3 betak5=2.2 betak6=2.8

betak7=1 betak8=4.4 betak9=4.1 betak10=3.8 betak11=3.9 betak12=3.3

betak13=1.3 betak14=3.7 betak15=3.9 betak16=4.2 betak17=0.9 betak18=-0.8
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betak19=4.1 betak20=4.2 betak21=4.5

rho=0.65 sigmak=1.8 sigmam=2.1;

if type=0 then plogit = alpha0 + alpha1*thetak + alpha2*thetam + alpha3*male + alpha4*black + alpha5*m_status +
alpha6*dm_monitor ;

if type=1 then plogit = thetam − p1*betam1 − p2*betam2 - p3*betam3 − p4*betam4 − p5*betam5 −p6*betam6
−p7*betam7 −p8*betam8 −p9*betam9 − p10*betam10 − p11*betam11 −p12*betam12 −p13*betam13 −p14*betam14
−p15*betam15 −p16*betam16 −p17*betam17 − p18*betam18 −p19*betam19 −p20*betam20 − p21*betam21 ;

if type=2 then plogit = thetak − q1*betak1 − q2*betak2 − q3*betak3 −q4*betak4 − q5*betak5 −q6*betak6 −q7*betak7
−q8*betak8 −q9*betak9 −q10*betak10 − q11*betak11 −q12*betak12 −q13*betak13 −q14*betak14 −q15*betak15
−q16*betak16 −q17*betak17 − q18*betak18 −q19*betak19 −q20*betak20 −q21*betak21 ;

prob = 1/(1+exp(−plogit));

sigmakm=rho*sqrt(sigmak*sigmam);

random thetak thetam ∼ normal([0,0],[sigmak,sigmakm,sigmam]) subject=idnum;

model resp ∼ bern(prob);

predict prob out=suburbpred_p;

RUN;
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Figure 1.
Agreement between parent and youth, overall (connected lines) and in urban (labeled “U”)
and suburban (labeled “S”) areas, measured by Kappa, intraclass correlation coefficient, and
Yule's Q. Agreement is higher in suburban areas in general (U is to the left of S).
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Figure 2. Distribution of the total scores based on parent- and youth-reported 21 items in the
questionnaire of neighborhood social disorder
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Figure 3.
Families in Study Sample: Census tracts labeled [0,0] have no observations, tracts labeled
(0, 1] have one family per tract (n=296) and tracts labeled (1,5] have two to five families per
tract (n=138).
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Figure 4. Empirical Bayes predictions of neighborhood social disorder based on parent- and
youth-reported questionnaires
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