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ABSTRACT

Collecting information about the built environment is a challenging process and
often leads to measures of environmental exposures that are error-prone and thus
result in biased inference. While the use of GIS (Geographic Information System)
databases is growing exponentially in health research, there is little guidance on
strategies to handle erroneous exposure measures specific to built environment data.
Our motivating examples focus on the environmental exposure that is expressed as the
number of food outlets (e.g., fast food restaurants) within a circular buffer around the
subjects’ locations. Measurement error in the exposure can mislead inferences about
the impact of the availability of environmental features on health, which is the key
factor in place-based strategies or policies to improve public health. This dissertation
focuses on developing methods to address measurement challenges in studies of built
environment health effects, namely measurement error and data integration.

In Chapter II, we propose a split-combine simulation extrapolation (SC-SIMEX)
method that accommodates non-classical measurement error due to incorrect geocodes
without requiring external data. The standard SIMEX (Cook and Stefanski, 1994) is
widely used to correct the effect of measurement error on regression problems under
distributional assumptions on errors. However, the exposure measurement errors that
arise due to geocode coarsening have a novel distribution compared to the commonly
used distributions in existing measurement error literature. The proposed SC-SIMEX
relaxes the measurement error assumptions required for the standard SIMEX. The

utility of SC-SIMEX is demonstrated in a study of children’s obesity in California in

XV



relation to the junk food environment.

In Chapter III, we develop a multi-source measurement error model to effectively
integrate different data sources using external knowledge of source credibility. Sec-
ondary commercial lists often provide conflicting claims about the presence and lo-
cation of businesses. Consequently, disagreement among exposures collected from
different sources gives different inferences. Our work shows that bias in the naive re-
gression model is dependent upon the dispersion of true exposure and the source cred-
ibility. Knowing the reliability of databases from field validation studies, the proposed
measurement error model can derive complete information about latent true expo-
sures using incomplete data tables with partially known margins. Our method uses a
Bayesian nonparametric model that makes few distributional assumptions about the
counts of businesses in a region and handles the overdispersion in exposure counts.
The application assesses the association between children’s BMI in urban schools and
exposure to nearby convenience and grocery stores.

Chapter IV extends the data integration methodology in Chapter III to the time-
varying setting. For example, commercial business lists often provide annual business
listings, which enables us to compute time-varying exposures. We extend the method
described in Chapter III to flexibly model the latent time-dependences in true expo-
sures using integer-valued autoregressive process. We aim to estimate the dynamic
latent exposures and reduce bias in longitudinal analyses of the exposure health effect.

The dissertation concludes with a discussion of future work and the wider impli-
cations of the proposed methods. Our methods help future built-environment studies
where measurement errors are inevitable and their impacts are little known. This
dissertation contributes to improved understanding of measurement error properties
that need to be addressed when using built-environment databases and provides novel

methods to overcome the bias in epidemiologic analyses.

Xvi



CHAPTER I

Introduction

1.1 Motivation

The advance of Geographic Information Systems (GIS) technology has acceler-
ated public health research that evaluates the role of the built environment in human
health. GIS technology has been acknowledged as one of six innovations on the fron-
tier of social science research for its contribution to quantifying the built environment
(Butz and Torrey, 2006). GIS data are especially important in health sciences that
study the contextual attributes of neighborhoods in relation to physical and mental
health (Pearce et al., 2006; Thornton et al., 2011; D’Angelo et al., 2014; Fletcher-
Lartey and Caprarelli, 2016).

While primary data about built-environment features that are gathered by the
researcher offer the most accurate information about environmental characteristics
of the study area, the data collecting process is often expensive. Alternatively, the
majority of epidemiologic studies (Fleischhacker et al., 2013; Wong et al., 2018; Zhou
et al., 2021) rely on secondary GIS databases about built-environment features from
private providers such as InfoUSA (InfoUSA, 2021) and Dun and Bradstreet (Dun
and Bradstreet, 2021). These commercial databases collect nation-wide establish-
ments and their characteristics such as geocodes, addresses, outlet types, sales vol-

ume, number of employees, and years of opening and closing, and are updated on an



annual basis. Typically, business coordinates and business type classifications from
these databases are used to measure the density and proximity to built-environment
features around study subjects (Zhou et al., 2021). However, these commercial busi-
ness databases are primarily published on the purpose of economic analyses or mar-
keting tools, and are not designed for health research. Therefore, accuracy of the
data is a key factor to correctly quantify environmental exposures in order to use
such commercial databases in health studies. Prior research suggests that the sec-
ondary data have sufficient error to mislead inferences of analyses (Cummins and
Macintyre, 2009; Thornton et al., 2011; Jacquez, 2012). Despite these concerns, little
attention has been given to statistical measurement error corrections, in the context
of exposures to the built environment.

The effect of measurement errors in the predictors in regression problems is a long-
standing problem that has been studied by a variety of measurement error models.
Using mismeasured predictors is known to cause bias in the estimated regression coef-
ficients and raise a question about validity of inferences (Armstrong, 1985; Stefanski,
1985; Carroll et al., 2006). The identification and estimation of measurement error
models are generally based on distributional assumptions about the measurement er-
ror or availability of instrumental or reapeatedly measured data (Schennach, 2016; Yi,
2017). A large number of measurement error models have been developed around the
methods with distributional assumptions on the measurement error, known as clas-
sical additive measurement errors (Rosner et al., 1989; Carroll and Stefanski, 1990).
The measurement error, denoted as U, is classical when the error is independent of
the latent true variable X and additive when the error is assumed to be a difference
between the observed variable W and the true X (i.e., W = X + U) (Carroll et al.,
2006; Carroll, 1998). In general, this error term is assumed to be continuous and
normally distributed with zero mean and variance o2. Under classical additive mea-

surement error assumption, the ordinary least squares regression of Y on W for the



slope coefficient (3, in the simple linear regression Y = 3y + £,X + € yields an atten-
uated estimate. Using observed W in place of X produces the ordinary least squares
estimator Bx = %,@x This estimator underestimates the true coefficient value by
a factor (also known as reliability ratio) which is always less than 1 since o2 > 0.
There are also discrete types of errors, often named as misclassification errors, in
dichotomous or categorical data (Greenland, 1980; Spiegelman et al., 2000; Buonac-
corsi et al., 2005). General strategies for misclassifications are based on specifying
misclassification probabilities, namely Pr(WW = w|X = z). For binary data, logistic
regression models are used to characterize misclassifications with covariates. When a
discrete variable is measured with discrete error, the errors are often nonclassical and
have complex distributions. Zero-mean error is not possible due to the constrained
support of the error and the independence assumption between the errors and true val-
ues is violated (Greenland, 2000). Therefore, conventional measurement error models
are not suitable for discrete measurement errors. Schennach (2016) reviewed existing
studies to handle an effect of having misclassification errors in regressors or response
data. Among discrete type of measurement error, we focus on errors in count covari-
ates because built-environment health studies often use counting measures to quantify
exposures (e.g., number of junk food stores in the neighborhood).

For count type errors, dispersion in counts should be carefully considered when
making assumptions on conditional distribution of observed data given true values.
Li et al. (2004) provided corrected score equations for the regression coefficients when
a count surrogate W; during constant time L; is Poisson distributed with mean X;L;.
In this setting, E(W;|X;) = Var(W;|X;) = X;L;. Then, consistent estimators of
parameters 6 given observed W and a covariate Z can be obtained by maximizing
the “corrected” log-likelihood L*(0;Y, W, Z) such that E (L*(0;Y, W, 2)|Y, X, Z) =
L(6;Y, X, Z). The authors show that this unbiased log-likelihood includes a correction

term to adjust for the naive bias. This method only considers one surrogate and



requires Poisson assumption of W given X.

To allow smaller or larger variations in observed count than the true count, Osthus
et al. (2021) used the latent log normal distribution. The observed W; is defined as
discretized version of W that has a log normal distribution with mean X; and vari-
ance aX;, where « is a factor that deflates or inflates a standard deviation. Authors
applied this idea to repeated measurements by multiple observers and incorporated
Jjth observer’s bias 7; as a multiplicative error so that E(ﬁ/{lﬂXz) = X;v;. All param-
eters are estimated under Bayesian method and the deflation/inflation factor o was
assumed to be constant across all observed data.

Zero-inflated distributions are also widely used in ecological data to account for
the excess absence in observations (Martin et al., 2005; Wenger and Freeman, 2008;
Denes et al., 2015). In ecological studies, the detection of animal may fail and a false
absence is reported. In this case, modeling process involves the probability of presence
of species at ith site, denoted as p;, and the detection probability at a visit, denoted
as ¢. When the true occupancy at the ith site is X;, observed count abundance for
this site at the vth visit is expressed as W;, ~ Binom(N;, q), N; = I(presence;) X,
I(presence;) ~ Bern(p;) with X; ~ Pois();). This is an alternative representation
of zero-inflated Poisson model. Standard logistic regression or Bayesian approach
produces an estimate of occupancy probability p and the true site occupancy.

Despite these efforts to deal with mismeasured count covariates, many epidemi-
ologic analyses of the built environment using count exposure measures still rely on
resource-intensive data cleaning or field observations to directly reduce the measure-
ment error, or simply use oversimplified heuristics that measurement error attenuates
the regression coefficient estimates (van Smeden et al., 2020).

To address measurement errors in built-environment studies, this dissertation fo-
cuses on two sources of errors that are embedded in the secondary databases: lo-

cational errors (Liese et al., 2010; Boone et al., 2008) and inaccurate collection of



establishments, i.e., ascertainment errors (Powell et al., 2011; Jones et al., 2017; Liese
et al., 2010). Both types of errors in the database hamper exposure measurement

precision and affect the validity of analyses.

1.2 Sources of measurement error in built-environment stud-
ies
1.2.1 Geocode coarsening

When establishment data are collected by the commercial data companies, the
geocode of each business is obtained along with its accuracy level as part of an au-
tomated geocoding process. Coordinates of businesses with lower geocode accuracy
level are assigned to area-level coordinates such as centroids of census-tracts or ZIP
Codes (InfoUSA, 2021; Dun and Bradstreet, 2021). For example, businesses with the
highest geocode accuracy will have latitude and longitude at a street level whereas
businesses with the lowest geocode accuracy are matched to the centroid of their
ZIP Codes. Although most businesses have recently had accurate geocodes at the
street level, businesses that existed in the past are more subjective to the geocoding
errors (Kaufman et al., 2015a). This error-prone locational information produces er-
rors in exposure measurements. However, existing methods designed for data with
geocoding inaccuracies have not examined bias in health effect estimates of the built-
environment (Zimmerman, 2008; Zimmerman et al., 2010) or suggested significant
re-geocoding efforts (Sonderman et al., 2012) to reduce the prevalence of inaccurate

geocodes.

1.2.2 Faulty ascertainment of environment features

Ascertainment errors arise due to incomplete listings with mistaken or omitted fea-

tures. For example, commercial databases may list closed or non-existing businesses



or falsely omit truly existing businesses. Incorrect listings of businesses leads us to
undercount or overcount the prevalence of businesses in a given area. To tackle this
problem, researchers can verify the commercial data by validating the business list
using gold-standard data such as administrative data or ground observations (Powell
et al., 2011; Liese et al., 2013). Alternatively, manual data cleaning to remove faulty
listings or merging different databases are used to achieve a high agreement with
primary data (Jones et al., 2017; Caspi and Friebur, 2016). While these suggested
methods may produce better quality data, they are labor-intensive and not feasible

in retrospective studies that use historical databases.

1.3 Objectives

This dissertation aims to develop statistical methods to obtain valid inferences in
regression models that use count exposures that are measured with errors in the con-
text of built-environment studies. We examine the distributions of the integer-valued
measurement errors that are not standard in the existing measurement error litera-
ture. To our knowledge, there is no statistical and epidemiological studies that studied
the extent of bias in effect estimation when we have count measurement errors in re-
gressors. This dissertation quantifies how much bias we have if we ignore the measure-
ment errors and develops methods to correct the effect of measurement error. We fo-
cus on measurement errors from the two aforementioned sources: geocoding errors and
inaccurate ascertainment of features in large-scale built-environment databases. In
Chapter II, inspired by standard simulation-extrapolation method (Cook and Stefan-
ski, 1994), we propose a split-combine simulation extrapolation (SC-SIMEX) method
to solve this problem without requiring validation data or re-geocoding. With mo-
tivating examples that focus on childhood obesity and exposure to the nearby food
environment, we illustrate the pattern of naive coefficient estimates by degree of

geocoding errors in the database and how measurement error distribution can be de-



composed by the geographic location of the subject. Given our ability to replicate the
measurement error mechanism by the computer simulation, the SC-SIMEX method
addresses non-classical measurement errors due to incorrect geocodes and produces
a corrected inference. We show that the SC-SIMEX does not require parametric
distribution of latent true exposure or the distribution of measurement error.

In Chapter III and IV, we suggest a new approach to alleviate the ascertain-
ment error problem by combining multiple databases. In Chapter III, we develop a
joint model using multiple commercial databases to accomodate non-classical integer-
valued errors in the count exposures. Although true number of environment features
in the subject’s neighborhood is unknown, we have error-prone measures from mul-
tiple commercial databases. The key of this joint modeling is how we can integrate
disagreeing measures from different sources using external knowledge of their source
credibility. A trinomial distribution is used to construct a measurement error model
so that true positives, false negatives, and false positives can be simultaneously mod-
eled and the source credibility can be used to compute each cell probability. Under a
Poisson sampling framework, the trinomial distribution has a natural connection to
the Poisson distributed count exposure at a local geographic level. We then consider
varying expected value of true exposures by different subjects due to their unqiue
neighborhood characteristics. To model this heterogeneity of exposures without sup-
plemental information, a Bayesian nonparametric approach is introduced to model
the mixture of Poisson distributions across the geographic areas. Bayesian nonparam-
eteric modeling for latent count variable has been frequently used in ecological ap-
plications where animal abundance entails considerable heterogeneity (Dorazio et al.,
2008; Diana et al., 2018, 2020). The most popularly adopted Bayesian nonparametric
model is the Dirichlet Process mixture model that gives infinite number of mixture
components (Ferguson, 1973). Because the Dirichlet process prior learns information

about number, size, and parameters of mixture components from the data, we can



flexibly model the unobserved true exposures and account for the overdispersions of
count exposures. To the best of our knowledge, although many ecological studies
have showed the successful use of Bayesian nonparametric priors to produce correct
estimates of true exposure, there is no study that investigated its utility in bias reduc-
tion in regression analyses when the true exposure is used as a regressor. Therefore,
in Chapter III, we present a bias analysis to show how naive use of the secondary
commercial databases leads to biased estimates of regression coefficients and how the
proposed method can improve the results. The new model will be demonstrated with
a study that examines the association between school-level obesity and the preva-
lence of junk food stores around schools in 2008. In this example, we used exposures
computed from two commercial business listings that have different levels of source
credibility.

Chapter IV builds upon Chapter III to correct the effect of time-varying measure-
ment errors in longitudinal exposures. This extension can bring a considerable ben-
efits to retrospective studies where ground observation is not feasible. The proposed
model handles the time-dependencies in count exposures using an integer-valued au-
toregressive process (Alzaid and Al-Osh, 1988). Integer-valued autoregressive process
has been widely used to model count time series data (Aldor-Noiman et al., 2016;
Dail and Madsen, 2011) and this model fits our data well as the parameters have
intuitive interpretations of business dynamics such as business openings and clos-
ings over the years. Bayesian modeling also allows us to estimate historical source
qualities by using priors that are constructed with external information. Extending
the model from Chapter IV, Dirichlet process priors are used to flexibly model both
heterogeneous expected baseline exposures and exposure trajectories that can be ex-
pressed with the business dynamics around the subject’s neighborhood. Our method
is shown to reduce bias in the estimate of the association between time-varying latent

true exposures and time-varying health outcomes given the availability of historical



business databases. Our method is applied to an extended example of Chapter I1I

with a study time period between 2001 and 2008.



CHAPTER II

Split and Combine SIMEX Algorithm To Correct
Geocoding Coarsening of Built Environment

Exposures

2.1 Introduction

In built-environment health research, health outcomes are examined in relation
to exposure to characteristics of the physical environment. Relatively recent research
in this area focuses on whether the availability of specific amenities is detrimental or
supportive to health. In the project motivating this paper and detailed in Section
2.2, a question is whether the availability of junk food outlets near schools influences
child obesity. Amenities can be thought of as point-referenced built environment
features, and accuracy in their recorded location is required to obtain correct exposure
measures and estimate unbiased associations of interest. Large-scale databases of
environmental features, such as listings of commercial establishments, are widely used
to characterize exposure. However, such listings are known to have errors, including
inaccurate geocodes (Zimmerman, 2008).

Research into the impact of geocoding errors is especially important given the
prevalence of these errors and because the bias in health effect estimates arising from

geocoding errors is not always toward the null. Figure 2.1a shows the percent of food
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outlet locations in a database of business establishments where instead of the exact
latitude and longitude (lat-lon) of the business, the lat-lon of the centroid of the busi-
ness ZIP Code is recorded (ZIP centroid). Although accuracy has improved over time
or other technologies such as GPS could be used to characterize exposure, many lon-
gitudinal cohort studies, including MESA (Auchincloss et al., 2012; Diez Roux et al.,
2016), REGARDS (Kaufman et al., 2015a; Lovasi, 2015), CARDIA (Hirsch et al.,
2016), the Jackson Heart Study (Hickson et al., 2011), among others (Berger et al.,
2019), use historical records dating back to 1990 to quantify cumulative exposure.
Based on simulations, Figure 2.1b shows that the bias in estimated health effects
estimated via a naive linear regression that uses the observed exposure in place of
true exposure can be either toward or away from zero.

Prior research about the impact of geocoding accuracy on study results has been
divided into two broad types according to the type of geocoding error. One type of
error is called “positional error,” where the latitude and/or longitude may be off by
an unknown distance of often a few meters. Another type is area-level “coarsening,”
where the centroid of a ZIP Code (or other area-level units) is obtained as the output
of the geocoding software, instead of the lat-lon of the address. Existing literature
has explored the properties and impact of both of these geocoding errors on exposure
measures (Jacquez, 2012) . Positional geocoding errors tend to be spatially autocor-
related and the magnitude of the error is related to urban-rural gradients and local
street network characteristics (Zimmerman and Li, 2010; Zandbergen et al., 2012)
and can impact exposure measures (Healy and Gilliland, 2012; Zandbergen, 2007).
For area-level coarsening, Zimmerman (2008) developed methods to estimate the spa-
tial intensity of a point process by applying the coarsened-data methodology. While
geocoding errors that arise from automated (software-based) geocoding of addresses
could potentially be avoided by using global positioning system (GPS) devices (Gold-

berg, 2008; Zandbergen et al., 2012), use of GPS has several limitations: it would
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incur additional costs; it is likely to be feasible only in a subset of locations, i.e., a
validation sample; and it is impossible for both historical datasets and those covering
large geographical extents, like the cohorts described previously.

In this paper, we focus on the estimation of the health effect of environmental
exposures derived from point-referenced built environment features that are subject
to area-level coarsening, which has not been previously studied. We first examine the
measurement error structure in exposure counts associated with coarsened geocodes,
both analytically and via simulation. We demonstrate that the measurement error
leads to bias in the health effect estimates that can be away from or toward zero.
Second, we propose a simulation-extrapolation (SIMEX) approach to correct bias in
health effect estimates due to geocode coarsening. Our implementation of SIMEX
relies on readily available indicators about the coarsening level of individual ameni-
ties. Although bias in the naive estimate can be positive or negative (Figure 2.1b)
depending on the outlet, the bias of the naive estimator follows a predictable pattern
as a function of the percent of businesses with coarsened addresses, making SIMEX
feasible. Thus, our proposed method is a practical approach to correct for the spatial
imprecision in coordinates because it does not require external validation data, nor
does it impose distributional assumptions about the measurement error distribution
or assumes a known measurement error variance.

Originally developed to correct the bias in the regression coefficient of a contin-
uous regressor contaminated by zero-mean Gaussian measurement error (Cook and
Stefanski, 1994), the SIMEX method has now been extended in several directions. For
example, MC-SIMEX can be applied to misclassification in a categorical response or
categorical discrete regressors, or both. Before applying MC-SIMEX, misclassifica-
tion probabilities need to be estimated from independent validation data (Kiichenhoff
et al., 2006, 2007). Parveen et al. (2015) and Parveen et al. (2017) relax the assump-

tions of the measurement error distribution to include a covariate-dependent measure-
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Figure 2.1: (a) Annual percent of food retail outlets (standard industry codes 54 and
58) in California with coarsened addresses by year of entry into the National Estab-
lishment Time-Series (NETS) database; (b) Percent bias in health effect estimates
from naive regression depends on coarsening level and food outlet type. Bias is either
positive or negative since measurement error induced by coarsening is not classical
measurement error (see Section 2.4 for details about the simulation used to obtain
this figure); (c¢) For each outlet type, the average number of food outlets is shown
for schools overall (N=12,370 schools), and by whether schools have at least one ZIP
centroid within their buffers (N=4,348 schools).
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ment error with a non-zero mean. However, they require that the measurement error
variance be constant and known or that it be reliably estimated. Heteroskedasticity
of the measurement error variance has also been studied for SIMEX, and obtaining
a consistent SIMEX-based estimate was found to be difficult unless simulated errors
in the simulation-step matched the true errors closely in distribution (Lockwood and
McCalffrey, 2017). The SIMEX method has also been used in a spatial context to
correct bias in the health effect of air pollution exposure (Alexeeff et al., 2016). The
authors assumed the measurement error followed a multivariate Gaussian distribution
with a zero mean and a spatial covariance approximated by external validation data.

In Section 2.2, we use simulations, derivations, and data related to the location of
food outlets and public schools in the state of California to illustrate the structure of
the measurement error induced by geocode coarsening. In Section 2.3, we introduce
the notation and the newly proposed method. The results of simulations used to
evaluate the proposed method are included in Section 2.4, followed by the application
of the methodology to the motivating study data in Section 2.5. Final remarks are

given in Section 2.6.

2.2 Food environment data and measurement error structure

2.2.1 Food environment near California public schools

Several available data sources contain point-referenced data on commercial estab-
lishments (NETS, 2021; InfoUSA, 2021). One of these sources is the widely-used
National Establishment Time-Series (NETS) database (NETS, 2021) which contains
information on over 44.2 million unique US establishments updated annually between
1990 and the present. The NETS database is a compilation of annual data sets origi-
nally collected by Dun and Bradstreet (Short Hills, NJ) (Dun and Bradstreet, 2021).

The information collected includes company names, addresses, sales, and Standard
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Industrial Classification Codes (NAICS, 2019); this information is used to categorize
each entity (e.g., restaurant vs. convenience store).

Importantly, NETS also has the latitude and longitude of each establishment and a
categorical variable that indicates the accuracy level of the coordinates (e.g., whether
the lat-lon is coarsened to the ZIP centroid or not). This indicator variable is part
of the default output of geocoding software and is thus available in any geocoded
dataset. Changes in the geocoding practices of Dun and Bradstreet, as well as the
historical nature of the data, has resulted in varying degrees of geocoding coarsening
across time (Figure 2.1a). In this paper, we use two years of NETS data for different
purposes. For simulation experiments where the true geocodes are needed to produce
error-free exposures (Section 2.2-2.4), we use 2010 NETS data, which has very high
geocoding quality. In analyses for our motivating study (Section 2.5), however, we
use exposure measurements from 2000 NETS data, the year where child obesity data
is also available.

In our motivating study, specific food retail outlets are of interest: small grocery
stores (GRO), convenience stores (CON), bakeries (BAK), non-alcohol drinking places
(NAL), fast food restaurant chains (FFC), and non-chain fast food restaurants (FEN).
These food outlets are considered as a source of junk food more accessible for children,
and their availability near schools can influence children’s junk food consumption
directly through purchasing or indirectly through advertising, and eventually influence
childhood obesity. In 2010 in California, the most prevalent outlet type was small
grocery stores, 14,297 out of 50,627 food outlets, followed by bakeries and fast food
chain outlets (Figure 2.1c).

Data on school locations were downloaded from the California Department of
Education (CDE) website. Per these data, there were 12,370 public schools open in
California in 2010. As done in many built environment studies (e.g., Athens et al.

(2016)), we defined the neighborhood around a school as a one-mile radius circular
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buffer centered on each school location and obtained the number of each of the types
of food outlets within the buffer of each school. Using this circular buffer around each
school, Figure 2.1c¢ shows the availability of food stores by outlet type in the school
neighborhood. The relative prevalence of each of the food outlet types near schools

follows the total distribution of the businesses in California.

2.2.2 Exposure measure and measurement error distribution

Exposure measure For simplicity, first assume there is only one type of food outlet
of interest, and coordinates for both subjects and businesses are fully accurate. Let
X be an N x J matrix where N is the total number of subjects (e.g. schools) and J
is the number of food outlets. Define each element x;; of X as a binary indicator for
whether business j is inside the buffer around subject 7. Then, the true exposure of

the ith subject, denoted by X, is the sum of indicators x;;: X; = Z;-]:ffij )

Geocode coarsening The geocoding accuracy level for each establishment is given
as part of the automated geocoding process. In the NETS data, the coarsest geocode
is given as the lat-lon of the ZIP centroid for the business, instead of the lat-lon
of its street address. Let A; be an accuracy indicator for the jth establishment,
j =1,...,J, which takes a value 1 if the jth business’s geocode is accurate to the
street address level and 0 if the geocode is coarsened. Denote the observed proportion
of coarsened addresses as py = Z}'I=1 I(A; =0)/J. Values of py for NETS are given
in Figure 2.1a. Naturally, coarsened geocodes may introduce exposure measurement

error.

Measurement error To describe how the observed exposure is measured and de-
fine the measurement error, let YW(p) be an observed version of X when 100p% of
businesses have coarsened addresses. W (p) has entries w;; that indicate if the ob-

served (possibly coarsened) business geocode is within the buffer for subject i. The
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observed exposure for subject ¢ is then computed as W; = Z;}:lwij, and the mea-
surement error is U; = W; — X;. The measurement error is a count that, as shown
below and further detailed in the Appendix A.4, follows a mixture distribution and
violates all classical measurement error assumptions such as a zero mean, constant
variance, and independence from the true exposure.

To more rigorously describe the properties of the measurement error U; and enable
us to define an approach to correct the resulting bias, for the jth business in the

neighborhood of the ith subject, we define indicators of whether its corresponding w;;

matches x;;:
]iljo = lx;; = Lw;; = 0}, Iiojl = Ly = 0,w;; = 1}

When the jth business’s address has been accurately geocoded, i.e., A; = 1, then
the observed w;; will match x;;, and thus either ' or I}Y will be 1, depending on
the location of the school and business. However, when the business 7 has been
coarsened (A; = 0), then the possibility arises that ]%1 = 1 (when without coarsening
I} = 1), leading to the jth outlet being incorrectly included in W;. Similarly, if
without coarsening I;}" = 1, then the possibility arises that I}) = 1 with coarsening.
Whether or not Iilj0 or IZ-OJ-1 is 1 when the address is coarsened depends on the location
of the ZIP centroid for the ZIP Code corresponding to the jth business. The indicator
I%O may still be 1 if business j and its corresponding ZIP centroid both lie outside
the buffer of subject i. Likewise, I}jl may still be 1 if the ZIP centroid corresponding
to business 7 is located inside the ith subject’s buffer.

Utilizing these indicators, we can write the true and observed exposure as X; =

J J J J
Zj:lxij = Zj:l(jiljo + Iiljl> and W; = ijlwij = ijl(fiojl + [iljl). Hence U; =

W, — X; = Z;.Izl(lzojl — 1) is a mixture of binary indicators. As discussed in the
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Appendix A.4, upon conditioning on the locations of schools, true addresses of busi-
nesses, the locations of ZIP centroids, and under the assumption of coarsening at
random (i.e., P(A; = 0) = p), the measurement error has F(U;) = (|8 — |S}°|)p
and Var(U;) = (|8 + |S°))p(1 — p), where S is a set of businesses that, when
coarsened, will be incorrectly included in the exposure count for subject i, and S}°
is a set of businesses that will be incorrectly excluded from the exposure count for
subject ¢ when coarsened, and | - | denotes set cardinality. In general, the cardinal-
ity of these sets is unknown since the true business locations are not known for all

businesses, thus the mean and variance of the measurement error are unknown.

Measurement error distribution depends on the location of ZIP centroids
near the subject The measurement error U; can also be seen as the difference
between the total number of businesses that newly “enter” the buffer, Z}]=1 I?jl, and

J
1

=1 1ij » due to the coarsening. This

the number of businesses that are “excluded”,
difference depends on whether or not the subject’s buffer area contains any ZIP cen-
troids. When there are no ZIP centroids within the subject’s buffer, businesses cannot
enter the buffer due to coarsening, i.e., ijl(lfjl) = 0, as depicted in Figure A.la.
Thus, the measurement error for subjects without ZIP centroids within their buffers
will be non-positive. Otherwise, when > 1 ZIP centroids are located inside the buffer,
there are more possibilities, depending on whether ZIP Code boundaries are cut across
the school buffer. The count can increase, decrease or stay the same (Figure A.1b,
c¢). Note also that multiple ZIP centroids can lie in the school buffer when the school
is located near ZIP Code boundaries, or when some ZIP Code polygons are smaller

than the buffer as may occur in dense urban areas.

Therefore, the measurement error can be formulated according to the presence of
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ZIP centroids in the subject’s buffer:

Zj:1(—]¢1jo) <0, no ZIP centroid within subject’s buffer
U=W;— X, = (2.1)

ijl([?jl —I10), ZIP centroid within the subject’s buffer.

From (2.1), regardless of a subject’s location, U; violates the classical measurement
error assumption that the measurement error is independent of the true value X;.
This is shown analytically in Appendix A.4 and illustrated empirically in Table 2.1.
In addition, Corr(U;, W;) # 0 thus the error is not Berkson error either. Moreover,
the measurement errors U; and U, for ¢ # r are also correlated when subjects are
geographically close to each other (see technical arguments in Appendix A.4).

In summary, the measurement error due to coarsening is a mixture of binomial
components; errors are spatially correlated across subjects and are correlated with
both the observed and true exposures. The measurement error distribution depends
on whether the subject’s buffer has a ZIP centroid within it and this complex mea-
surement error structure violates both the classical and Berkson measurement error

model assumptions.

Multivariate measurement error distribution: multiple outlet types The
extension to multiple types of food outlets is straightforward. Following the no-
tation above, suppose there are @) different types of food outlets (e.g., fast food
restaurants, convenience stores). Assuming each business type has m, establish-
ments for ¢g=1,...,Q), the grand total number of outlets is J = Zqul mg. Then, the
ith subject’s true exposure to the gth food outlet type is X! = ijl(liljo + I *
I(business j is of type ¢), while W;, = ijl(]?jl + I}i') * I(business j is of type ¢).
Therefore, the measurement error for the count of the qth business type for subject ¢

is Uiy = Wiy — Xy = Z;}:l([gjo — I})) * I(business j is of type g).
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It is possible that a correlation exists between measurement errors of different
business types (e.g., measurement error of exposure to fast food chains is correlated
with a measurement error of exposure to groceries). This relationship is due to the
potential similarity of business locations, as food outlets of different types are some-
times clustered. Hence, since true exposures are correlated, measurement errors will
be as well (Table 2.1). The correlations among the errors in multivariate exposures
result in either negative or positive bias in regression coefficients, even in the case of
classical measurement error (Carroll et al., 2006). Similarly, the pattern of bias may
also be different in our case when a single outlet type is considered in a regression
model compared to when multivariate exposures are considered (compare Figure 2.1b
and Figure A.2).

Carroll et al. (2006) emphasize that the error distribution is a key factor that
determines the effects of measurement error on coefficient estimation. In our case,
the measurement error due to geocode coarsening can have different distributions
not only between subjects, as shown in equation (2.1), but also across business cate-
gories. The measurement error distribution depends on more complex factors such as
the buffer radius and the spatial distribution of schools and /or businesses. The follow-
ing subsection empirically shows the distribution of the measurement error through

simulations.

2.2.3 Empirical illustration of measurement error distribution

We illustrate the distribution of the measurement error through simulations. In
order to make the simulations as realistic as possible, we base the simulations on the
actual spatial locations of schools and food outlets in California in 2010. While using
the actual spatial locations of schools and food outlets has the significant advantage
of making the simulation results more realistic, a small disadvantage is that there is a

small percentage of businesses that have coarsened geocodes. For California in 2010,
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3% of all food-related businesses have coarsened geocodes (Figure 2.1a), whereas there
were 1.5% ( 745 businesses) with coarsened geocodes among the six business types of
interest. Hence, in order to be able to calculate the ‘true’ exposure for all schools in
the simulations, we remove the businesses (1.5%) with coarsened geocodes (i.e., with
A; = 0). The true geocodes of the remaining 49,882 outlets are used to calculate
A& and the true exposure X; around each of the 12,370 schools. Given (1) and that
Figure 2.1c shows that schools that have one or more ZIP centroids within their one-
mile buffers have more food outlets near them, we examine measurement errors for
schools with and without ZIP centroids in their buffers.

To create samples of the measurement errors U;, we first create VW and then
calculate the observed exposure W;, by replacing a proportion py of accurate business
coordinates with their ZIP centroid coordinates. For each subject, the error is then
computed as the difference W; — X;. To investigate how the measurement error
distribution and resultant bias in the health outcome regression depend on the initial
coarsening proportion, pg, we vary it from py = 0% to 30%, in 5% increments. For
each proportion pg, businesses were coarsened-at-random. This process is repeated
50 times to stabilize the Monte Carlo error.

Figures 2.2a and 2.2b illustrate the overall mean of the measurement errors from
the simulations, showing that it differs according to whether the school has at least
one ZIP centroid nearby. As the proportion of coarsened businesses increases, the
overall mean of the measurement error for schools with at least one ZIP centroid in
their neighborhoods also increases, reflecting an ‘overcount’ compared to the truth
(i.e., averaging E(U;) among these schools). On the other hand, among schools with
no ZIP centroid nearby, the overall mean of the measurement error is negative, with
an increase in magnitude as more geocodes are contaminated—i.e., an under-count.
Figure A.4 shows histograms of E(U;) for schools with and without ZIP centroids

within their buffers.
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Figures 2.2c and 2.2(d) show the measurement error variance averaged across
schools. As expected, the variance of the measurement error also increases as the
proportion of coarsened businesses increases. This is an important finding because
the SIMEX procedure requires having an approach to replicate measurement error
with an increasing magnitude of measurement error variance. Since schools that have
a ZIP centroid in their neighborhood also have a higher number of businesses nearby
(Figure 2.1c¢), the variance of the measurement error is also higher among that subset
of schools (Figure 2.2d).

Measurement errors also have different distributions by food store type, and the
errors are correlated among different food store types. Figure 2.2 and Table 2.1 show
that the absolute magnitude of the measurement error means and variances follow the
prevalence of food store types. Groceries have the largest error variance, bakeries have
the second largest, and the least variance is for non-chain fast food restaurants. Table
2.1 also illustrates the previously described positive correlation among measurement
errors across different food store types, as well as non-zero covariance among the
measurement errors and the observed counts.

The question might arise as to whether the relationship between the presence or
absence of ZIP centroid and the measurement error distribution could be explained by
factors that increase the likelihood that a ZIP centroid is in the subject’s buffer and
also related to the overall true exposure, however, this is not the case. For instance,
urbanicity is arguably one of the most potent predictors of both of these. There is
both a greater availability of food outlets in urban areas and a greater number of
urban schools are likely to have ZIP centroid(s) in their one-mile buffer due to the
smaller size of urban ZIP Codes. However, the diverging pattern of the measurement
error distribution between absence and presence of the ZIP centroid in the school
buffer does not vanish even if we stratify the schools by whether they are in an urban

area or not (Figure 2.2e and f). Thus, although there may be other factors that
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impact the absolute magnitude of the mean and variance of the measurement errors,

such as urbanicity, the direction of the mean and variance of the measurement error

are driven by the presence or absence of ZIP centroid in the buffer.
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Figure 2.2: (a) - (d) Overall mean and variance of measurement errors by presence
or absence of ZIP centroid within 1 mile of school, and (e)-(f) mean of measurement
errors stratified by urbanization level. See Figure 2.1c for outlet abbreviations.



Table 2.1: Average of variances of measurement errors Uj, observed exposures, W;,
and true exposures, X;., for & = GRO, CON, BAK, NAL, FFC, FFN, and corre-
lations them, in the presence of 15% of geocode coarsening for each business type.
Values are based on 1,000 Monte Carlo simulations, among N=1,000 randomly se-
lected schools.

Food outlet type Var(Uy,) Corr(Uy, Uy)

GRO CON BAK NAL FFC FFN

Grocery (GRO) 3.66 1 041 050 0.38 040 0.38
Convenience store (CON) 0.61 0.41 1 037 027 036 0.29
Bakery (BAK) 190 050 037 1 042 046 0.40

Non-Alcohol drinking place (NAL) 0.78 0.38 0.27 042 1 0.37 0.35

Fast food chain (FFC) 1.45 0.40 036 046 0.37 1 0.36
Fast food non-chain (FFN) 0.59 0.38 029 040 035 0.36 1
Var(Wy) Corr(Wy, Uyr)

GRO CON BAK NAL FFC FFN

Grocery (GRO) 209.76  -0.12 -0.03 -0.05 -0.08 0.00 -0.05
Convenience store (CON) 10.21  -0.08 0.06 -0.01 -0.05 0.01 -0.03
Bakery (BAK) 60.98 -0.08 0.01 0.00 -0.07r 0.01 -0.03

Non-Alcohol drinking place (NAL)  37.59  -0.14 -0.03 -0.07 -0.09 -0.02 -0.07

Fast food chain (FFC) 2056  -0.05 0.01 -0.02 -0.04 0.02 -0.01
Fast food non-chain (FFN) 16.62  -0.13 -0.02 -0.06 -0.10 -0.01 -0.01
Var(Xk) COI‘I‘(X]C, Uk/)

GRO CON BAK NAL FFC FFN

Grocery (GRO) 220.14 -0.25 -0.08 -0.11 -0.13 -0.05 -0.10
Convenience store (CON) 10.52  -0.18 -0.18 -0.10 -0.12 -0.08 -0.10
Bakery (BAK) 62.71 -0.17 -0.05 -0.17 -0.15 -0.07 -0.10

Non-Alcohol drinking place (NAL)  39.36  -0.19 -0.06 -0.13 -0.23 -0.07 -0.12
Fast food chain (FFC) 21.76 -0.15 -0.08 -0.14 -0.14 -0.24 -0.11
Fast food non-chain (FFN) 1731 -0.20 -0.07 -0.14 -0.16 -0.07 -0.19
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2.3 Split-Combine SIMEX

2.3.1 Notation and assumptions

Let Y be a vector of continuous outcomes for N subjects, which can be modeled
with linear regression: Y = X3,+Z3.+€. The N x( exposure matrix X is a matrix
of true unmeasured exposure, where the gth column of X denotes subject’s exposures
to the gth environment feature, and X, is as described in Section 2.2.2. The Z is a
matrix of error-free covariates including an intercept and a corresponding parameter
is 3. The residual € = (ey,...,en)? is a vector of random errors with mean zero and
variance o2. We define 8 = (8L, B1)T and our primary interest is estimating 3., the
association between a continuous health outcome Y and unobserved count exposure
X.

In the presence of geocoding coarsening, we observe W instead of X', and thus the
analysis dataset will have observe data (Y, W, Z, A) instead of true data (Y, X, Z).
Here W = X + U with measurement error U, and A = (Ay,..., A;)T, where A;
denotes whether the geocode for food outlet j has been coarsened, as described in
Section 2.2. We propose a method to correct a bias in the estimation of 8, due to
measurement error U incurred by geocode coarsening. We briefly describe the classic
SIMEX method to enable us to draw analogies in the description of our proposed

method.

2.3.2 Brief review of classic SIMEX

The simulation-extrapolation (SIMEX) procedure consists of two steps (Cook and
Stefanski, 1994): First, in the simulation step, a computer-simulated error that mim-

ics the measurement error is added to the observed {W;}" ,, as follows. A grid of
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constants A\, s = 1,...,5 is chosen (typically 0 = Ay < \; < -+ < Ay = 2, Cook and
Stefanski (1994)) and used to progressively magnify the variance of the computer-
simulated error. Let Uj, represent the simulated error, then the simulated exposure
is Wip(As) = Wi + VAsUp. Uy is assumed to follow the same distribution as the
original measurement error distribution N (0,02), where o2 is assumed to be a known
and finite variance. For a given value of Ay, s = 1,...,5, the simulation is repeated
b=1,..., B times to reduce sampling variability. For each Ay and each b, the model
of interest is estimated using W;; as the exposure. For each A,, the estimated re-
gression coefficients are averaged across b = 1,..., B. Second, in the extrapolation
step, a trend between the averaged estimated regression coefficients and the values
of A is fitted. The fitted trend is used to predict the estimator for the case with no
measurement error (A = —1).

In the classic SIMEX method, the classical measurement error assumption en-
ables the expectation of simulated covariate W, ; to be the same as the expectation
of W;, and the assumption of known o2 enables the simulation of W; ;. Theoretically,
however, the SIMEX method is not limited to a known measurement error distribu-
tions. If we can replicate the measurement error process, we can still apply SIMEX

to correct bias in coefficient estimates (Carroll et al., 2006).

2.3.3 Proposed split-combine SIMEX method (SC-SIMEX) for geocode

coarsened data

Unlike assumptions used in the traditional SIMEX procedure, the measurement
error induced by geocode coarsening is a count that does not adhere to either classical
or Berkson measurement error assumptions. However, given available indicators A;,
we can replicate the geocoding coarsening process in order to generate exposure mea-
sures that have progressively larger measurement error. In contrast to typical SIMEX

that simulates pseudo-errors from the assumed measurement error distribution, we
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instead directly generate W(p) by simulating additional coarsening of individual busi-
ness addresses and use it to obtain more contaminated W. After this simulation step,
we stratify the subjects into two groups, defined by the presence of one or more ZIP
centroids in the subjects buffers, and run separate estimation steps. This is because,
as was shown in the prior section, the measurement error distribution depends on
the presence of ZIP centroids within the buffer of the subject, and in turn it has a
different impact on the bias of the estimated coefficients (Appendix A.4.1 and Section
2.4). Then, separate extrapolation steps produce two SIMEX estimates, B\SIMEXJ and
BSIMEXVQ, one for each strata, that are then combined to obtain the final estimates. Al-
though stratification does not make measurement errors satisfy classical or Berkson
error assumptions, within strata the naive estimates have a less complex and more

predictable pattern when plotted against the coarsening proportion facilitating the

extrapolation step.

2.3.3.1 Simulation step

We use the proportion (ps) of the coarsened businesses in place of As in the tradi-
tional SIMEX approach. We assume pgx 100% of each business type have coordinates
coarsened to their ZIP centroids, where py = Z‘jjzl I(A; =0)/J is the proportion of
coarsened geocodes in the observed data. Observed exposures for the ith school
W, = (Wi,...,W,qo) are computed with these data, using the observed matrix of
indicators W(py) as described in Section 2.2.2. In the simulation step, an indepen-
dent coarsening procedure replaces accurate geocodes with coarsened geocodes for
an additional (p, — po)% businesses, for a total of p,% coarsened business addresses.
The resulting simulated matrix of indicators W(p;), is used to obtain the pseudo-
covariates W ,(ps) = (Wir(ps), ..., Wig(ps)) at coarsening level p,. This preserves
the spatial dependence of measurement errors that may arise, for example, when a

coarsened business drops out of the buffer for one school and spuriously enters that
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of another. This process is repeated for s =1,...,5;0 < pg < p; < --- < pg, where
S denotes the number of coarsening levels to be simulated, and for b =1, ..., B repli-
cations within each level s to reduce Monte Carlo error. By increasing the number
of coarsened geocodes, W, (ps) will accordingly have greater amount of measure-
ment errors. After obtaining W, ,(ps), the observations (e.g., schools) are stratified
according to presence or absence of a ZIP centroid in the subject’s buffer for strata-
specific estimation and extrapolation steps. For simplicity of notation, we drop the
index for stratum. For each b and s, we fit the model Y = Wy (p,)B. + Z3. + €
within each stratum. The estimate of 3, using contaminated exposure Wj(p;) is
denoted by ﬁxb(ps). In each stratum, we compute the average of the estimates from

the B simulated pseudo-data for each proportion p;, B\(ps) = % Zszl B\b(ps), where
Bu(ps) = (B (ps), BL(ps))-

2.3.3.2 Weighted extrapolation step

For each stratum, we carry out the extrapolation step separately. First we plot
each element ¢ of the vector B(ps), s =1,...,5 against p, and fit an extrapolation
function f(p) using regression methods. The SIMEX estimator for the exposure
effect of the ¢th food outlet is obtained as the intercept of the extrapolation function,
ESIMEXq = fq(O), which provides an estimate for when the ideal case is available, i.e., no
geocode coarsening p = 0%. The extrapolation function can be any continuous curve,
although quadratic or cubic polynomials have been shown to work well in practice, as
in Apanasovich et al. (2009). In our simulations we explore both of these polynomials
as extrapolation functions. The same extrapolation procedure is repeated for each
element of the vector of coefficients for the error-free covariates Z, since they also
need bias correction when they are correlated with the true exposure.

To take the variability of estimates into account, we propose using weighted

quadratic or cubic regressions where the weight is the inverse of the empirical vari-
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ance of estimates at each coarsening level, i.e. 1/V;, where V, , = 55 ZbB:l<§q\,b(ps) -
BA[](pS))2. Naturally, an unweighted version of the extrapolation function can also be
fitted. However, as shown in the simulation section, the performance of the weighted
extrapolation function is better. This weighting takes into account the fact that as
ps increases, Vs, tends to increase as well.

For each stratum, the covariance matrix of Bynpx = (B;zMEX,B;;qEX)T can be
obtained by a standard bootstrap approach. We resample the subjects with re-
placement and repeat entire SIMEX procedure to obtain B\éﬁ)mx for k =1,....K

boostrapped samples. Thus, for each stratum, the boostrap variance estimator is

— ~ ~ — ~ =\ T
Var(Bsmmx) = ﬁ Z?:l (ﬁéﬁx)mx - Bsnvmx) <ﬁ§ﬁ)mx - IBSIMEX> .

2.3.3.3 Inverse-variance weighted combination of estimates

Since the strata defined by presence or absence of a ZIP centroid in the subject’s
neighborhood are independent, we propose using an inverse-variance weighted average

to combine ﬁSIMEX,l and IBSIMEX,Q:

ﬁSIMEX,combined =71 O ﬁSIMEX,l + 72 © IBSIMEX,Q- (22)

where @ denotes element-wise product operation, and ~; and -5 are ()-dimensional
weight vectors. Each element of the weight vector is proportional to the inverse
variance of the SIMEX estimator for each element of the regression coefficient vector

within each stratum. That is, the weights for the gth coefficient are

1 1
VG«"’(,/B\suxrlEx, 1q) Va?"(ésmmxﬂq)
,qu — 1 1 s ’qu = 1 1 . (2 3)
Var(ﬁsnm-:x,lq) Var(ﬁsm(-:xﬂq) VaT(ﬁSIMr:x,lq) VaT(ﬁSIMHX,Qq)

If 41 and “y are known, then
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~

@“ (/BSIMEX,COInbined) = diag (’792) @a (BSIMEX,I ) + diag (’792 ) ‘701\7‘ (B\SIMEX,Q) . (2-4)

The operation ©? denotes that each element of a vector is raised to the 2nd power,
and diag() turns a vector into a diagonal matrix. However, the variance of the SIMEX
estimator in each stratum is estimated empirically, using the standard bootstrap
method described in the previous section. Thus, weights 3 and <5 can be also
estimated by the empirical bootstrap variance of SIMEX estimates. Then, the Q-

dimensional vector of variances of combined SIMEX estimators can be estimated by

—

Va'/r(lé\SIMEX,combined) = diag(ﬁGZ)@"(B\smaxJ) + diag(%®2)@"(,§smmx,2)- (2-5)

We show in simulations that (2.5) is an adequate variance estimator.

2.4 Bias analysis and Simulation Study

In this section, we examine the bias of the naive estimator and evaluate the perfor-
mance of our proposed method through simulation, and compare it with alternative
methods. For both of these goals, we use a subset of data that has ‘true’ street-level
geocodes as described in Section 2.2.3 and then set 15% of the businesses to have ZIP
centroid geocodes. We considered a linear regression to generate the response variable
Y following assumptions in Section 2.3.1. We generated a subject-specific covariate
Z; using a Bernoulli distribution with probability %, we assume Q=6 distinct outlet
types within 1 mile from subject 7, and generated a standard normal residual error ¢;.
We let £y = 20, 8, = 2, and we use the same value of the coefficient, 5, = 3.2 for all
business types. In the regression model with multiple error-prone covariates, having

equal true coefficients for X enables us to identify the impact of the (potentially)
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different measurement error distributions across outlet types. With a constant coef-
ficient, any differences in the observed percent bias can be attributed to differences
in the measurement error distribution, not different coefficient values.

We generated a total of 1,000 datasets of size N=1,000, by sampling the locations
of 1,000 schools. Other simulation parameters for each dataset are B=20, K=100,

and S=30 levels of coarsening from py = 15% to pg = 50%.

2.4.1 Different patterns of bias by presence of ZIP centroid in the buffer

Figure 2.3 displays the different pattern of average estimates ,é;(ps) against each
coarsening level p, between subjects with and without ZIP centroids within one-mile
circular regions, illustrating the benefit of two independent SIMEX procedures instead
of single simulation and extrapolation steps. Compared with Figure 2.1b which is an
all-subject combined analysis, Figure 2.3 shows qualitatively different patterns of bias
after stratifying subjects. In the case of no ZIP centroid, estimates are inflated given
the systematic undercounting, whereas in the case of at least one ZIP centroid in the
buffer, the bias can be either positive or negative for a particular business. However,

in both strata, the bias remains in a consistent direction for each business type.
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Figure 2.3: Percent bias in health estimate against each coarsening level p,, stratified
by whether schools do not have a ZIP centroid within their buffers (a) or have at least
one (b). The naive estimates occur at pp= 15% in both strata. Additional coarsening
to original observed data magnifies bias, as expected. SIMEX estimators at p = 0%
are obtained by fitting the extrapolation curve (dashed curve) using weighted cubic
regression. Other simulation parameters for this experiment are S=30, B=20, and
1,000 Monte Carlo samples. Presented outlet types are: Grocery (GRO), Convenience
store (CON), Bakery (BAK), Non-Alcohol drinking place (NAL), Fast food chain
(FFC), Fast food non-chain (FFN).

To see the how the differences in the direction of bias arise, consider the ordinary
least square (OLS)-estimators. Omitting Z for simplicity, the estimate of 3, can
be derived as B, = S coo(W,Y) ~ Sy cov(W, X 8,) = Sy (Bx + Exp)Be =
[I— E;[}EWU] Be = [I —Q]B,. Attenuation or inflation in estimates is deter-
mined by [I —€Q]. As shown in Table 2.1, generally € can not be null because
Ywu(= Xxy + Xyp) is not zero. Furthermore, as Table 2.1 shows, there are non-zero
positive or negative covariances. The sign and magnitude of covariance matrices are
determined by spatial locations of subjects and businesses. Appendix A.4.1 shows
algebraic justifications for the varying directions of bias shown in Figure 2.3, for the

case of regressions with a single exposure.
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2.4.2 Comparison of methods

We compared our SC-SIMEX method with an adapted SIMEX that uses our newly
proposed simulation strategy as defined above but does not stratify the data (labeled
‘Traditional’), and a covariate-adjusted SIMEX that includes a binary indicator of
the presence of ZIP centroid within each subject’s buffer as a covariate in the outcome
model (‘Traditional + centroid’) but does not stratify. For the SIMEX extrapolation
functions, we use quadratic, weighed quadratic, cubic, and weighted cubic regression
due to the curvature in the pattern of the estimated health effect by coarsening level.

Table 2.2 presents the percent bias, coverage probabilities of their 95% Wald
confidence intervals (CI), and mean squared errorx100 (MSE) for the naive estimates,
and the SIMEX estimates that use a weighted cubic extrapolation function. The naive
estimates have a mix of attenuated and inflated estimates depending on the outlet
type. The estimates for bakeries and convenience stores are underestimated, while
those for fast food chains, groceries, fast food non-chains, and non-alcohol drink places
are overestimated. Compared with the naive estimate, corrected estimates using
traditional, adjusted SIMEX, and split-combine SIMEX all substantially reduced the
bias. However, in addition, the split-combine SIMEX has the lowest mean squared
error.

As shown in the literature (Carroll et al., 2006), the properties of the SIMEX
estimator depend on the extrapolation functions. As in prior work, we also note
that cubic regression works well in all cases, correcting for more bias than quadratic
regression (Table A.3). In Table 2.2, we have a wide confidence interval due to overly
conservative bootstrap standard errors of SIMEX methods. However, similar amount
of difference between the sample standard deviation of the estimates and the average
of bootstrapped standard error estimates has been generally shown in other SIMEX
literature (see for examples: Alexeeff et al. (2016); Mao et al. (2017)). Despite this

difference, SC-SIMEX produces smaller standard error estimates than other SIMEX
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methods (Table A.5). To increase the Monte Carlo precision, increasing B could be
helpful as recommended by Carroll et al. (2006), although it comes at a price of the
computational burden. In our simulations, we kept B relatively small (B=20) to

alleviate this computational burden, however, in the following data analysis, we use

B=100.

Table 2.2: Simulation results comparing naive, traditional SIMEX, adjusted SIMEX,
and split-combine SIMEX; Weighted cubic regression is used for extrapolation f(-).
We used randomly sampled N=1,000 schools. The results are from 1,000 Monte
Carlo simulations with B=20, K=100, and S=30. True coefficient value is 3.2 for
all store types. Results are presented in the order of Bakery (BAK), Convenience

store (CON), Fast food non-chain (FFN), Grocery (GRO), Fast food chain (FFC),
Non-Alcohol drinking place (NAL).

Criteria / Method BAK CON FFN GRO FFC NAL

Estimate (Percent Bias)

Naive 2.80 (-12.6%) 2.79 (-12.7%) 3.28 (2.6%) 3.35 (4.6%) 3.38 (5.7%) 3.53 (10.3%)
Naive + centroid 3.21 (0.3%)  3.05 (-4.7%) 3.30 (3.2%) 3.40 (6.2%) 3.94 (23.2%) 3.28 (2.6%)
Traditional SIMEX 3.19 (-0.5%)  3.15 (-1.4%) 3.22 (1.1%) 3.23 (0.5%) 3.04 (-5.0%) 3.19 (-0.4%)
Traditional SIMEX+centroid  3.18 (-0.5%)  3.15 (-1.7%) 3.22 (-0.1%) 3.20 (0.5%) 3.15 (-1.5%)  3.21 (0.3%)
Split-combine SIMEX 3.16 (-1.1%)  3.17 (-0.9%) 3.19 (-0.4%) 3.17 (-0.9%) 3.13 (-2.3%) 3.17 (-0.8%)
Mean Squared Error x 100

Naive 18.1 22.4 5.1 2.6 4.9 12.5
Naive + centroid 1.6 7.1 4.9 4.3 56.4 2.2
Traditional SIMEX 3.7 10.3 8.3 1.1 6.1 3.3
Traditional SIMEX+-centroid 3.1 8.3 6.7 0.9 3.2 2.9
Split-combine SIMEX 1.6 4.6 3.9 0.5 1.9 1.8
Coverage Probability

Naive 25% 73% 98% 52% 88% 51%
Naive + centroid 96% 89% 93% 9% 0% 92%
Traditional SIMEX 100% 100% 100% 100% 97% 100%
Traditional SIMEX+-centroid 100% 100% 100% 100% 100% 100%
Split-combine SIMEX 99% 99% 100% 99% 98% 99%
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2.4.3 Impact of the spatial distribution of subjects and outlet locations

We examined the impact of the spatial distribution of subjects and businesses
on the performance of the split-combine SIMEX and other methods, in two ways.
First, we conducted simulations using 400 subjects uniformly distributed on a 10 x
10 grid, and 400 environment features. The ZIP centroids were assumed to be the
centroid of each 1 unit square on the grid. Even in this simple scenario, the split-
combine SIMEX has better MSE and lower bias compared to the other SIMEX-based
approaches. However, the differences among the methods are small as the other
methods also perform well in this simple scenario (results not shown).

We also used a more realistic alternate scenario for the distribution of study lo-
cations. Specifically, we considered only the location of 1,000 schools for 7th-grade
children. Children in 7th grade typically attend middle school, which typically con-
sists of grades 6-8. In contrast to elementary schools (grades 1-5) which often serve
a more localized residential neighborhood, middle schools draw from a larger geo-
graphical area and thus tend to have a different spatial distribution. The results of
this simulation (Table A.3 and Table A.3) show that the extent of the bias of the
naive approach depends on the spatial location of subjects. For instance, while the
bias for the naive estimate was positive for non-chain fast food (FFN) when consid-
ering all schools, the bias is negative when considering only the location of schools

for Tth-grade children.

2.5 Application to Fitnessgram Data

Data We implement our proposed method to investigate the association between
the availability of six types of food stores near schools (40,476 outlets) and the body
mass index of children who attended California public schools during 2001. On av-

erage, 7.2% of the food outlets were coarsened to their ZIP centroid. Grocery stores
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had the highest coarsening percentage (8.8%), followed by bakeries (8.1%), non-chain
fast food restaurants (7.4%), non-alcohol drinking places (6.9%), convenience stores
(5.4%), and fast food restaurant chains (5.1%).

Our outcome measure is child-level body mass index z-scores (BMIz) that were
collected using the Fitnessgram®assessment in California in 2001. Fitnessgram®is
a widely used youth fitness test; its use is state-mandated in California for grades
5, 7, and 9 in public schools as part of the state’s broader assessment and reporting
programs (California Department of Education, 2019). In contrast to adults where
adiposity is measured and BMI computed as weight in kilograms divided by height in
meters squared, age- and sex-specific BMIz scores are used to report given that they
are still growing. To obtain the BMIz, each child’s BMI is standardized according
to an age- and sex-specific reference distribution published by the US Center for
Disease Control (CDC) (Pietrobelli et al., 1998). In all analyses, we adjust for child
and school-level confounders. Specifically, in addition to child-level control variables
such as sex and age, we also adjusted for school characteristics, including the level of
urbanization near the school (Ingram and Franco, 2014), the proportion of adults with
a college degree or higher within the school’s census tract, median household income
of residents in the school census tract, the school’s enrollment by race/ethnicity, and
percent of students eligible for free and reduced-price meals.

We focus our analysis on BMIz scores for N=>53,239 Asian children in 5th, 7th, or
9th grade, who attended one of 1,166 schools. We focus the analysis on Asian chil-
dren because previous research had documented a counter-intuitive finding among
this population subgroup (Sénchez et al. (2012)). More specifically, prior research
showed a significant negative association between exposure to fast food restaurants
near schools and obesity among Asian children. We hypothesize that this counterin-
tuitive result is at least partly due to errors in measuring exposure due to geocode

coarsening.
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Given that children are nested in schools, we use a mixed model with a random
intercept of schools to examine the association between food outlets and child-level
BMIz. The SIMEX procedure is known to also perform well in linear mixed measure-
ment error models (Wang et al., 1998). Exposure to each outlet type was measured
by the count of businesses within a one-mile buffer around the school. Because initial
exploratory analysis revealed a lack of linearity in the association between exposure
to food outlets and BMIz, we use the log, transformation in our analysis (adding one
to all outlet counts to ensure inclusion of schools with 0 outlets nearby). Note that,
the use of the log, transformation does not create challenges for the SC-SIMEX ap-
proach, for several reasons. First, given its monotonicity, the logy transformation does
not fundamentally change the measurement error properties that motivates the SC-
SIMEX, such as non-positive mean and negative covariance between the measurement
error and the true exposure among subjects without ZIP centroids in their buffers.
Second, the SIMEX algorithm, more broadly, retains its bias-correction properties
for monotone transformations (Eckert et al., 1997). Third, given that our simulation
procedure directly generates W instead of measurement errors U in a conventional
SIMEX approach, changes to the distribution of U due to the logs transformation do
not impede the simulation step. Moreover, the transformation takes place at the es-
timation step once the error-prone count exposure W (p) has been simulated. Hence,
we take advantage of direct simulation of W to generate loga(W (p) + 1).

Our primary analysis runs separate ‘single outlet’” models for each food outlet
type since one of our goals was to examine if measurement error was a reason for
counterintuitive findings in previously published single outlet models. However, we
also present results from a model that simultaneously includes exposure to all outlet
types (i.e., six separate predictors) to highlight efficiency gains of SC-SIMEX when
multiple outlets are included, as demonstrated from the simulation study in Section

24.
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For each model, we compare the naive results with corrected estimates from tradi-
tional SIMEX, a traditional SIMEX adjusted for the presence of ZIP centroid within
the school buffer, and our proposed split-combine SIMEX. We use B = 100, K = 100,
and S = 10, and py is specific to the outlet type (as shown above) and ps = 50%.
Final inferences were derived by trimming the top and bottom 2% of the K bootstrap
samples to remove outliers. Given the simulation results, in this analysis, we only

used weighted cubic extrapolation functions.

Results Figure 2.4 shows coefficient estimates and confidence intervals of the as-
sociation between exposure to different food outlet types and children’s BMIz score,
estimated from models that included one store type at a time. The naive regression
analysis shows a negative association between BMIz and exposure to any one type of
food outlet, including replication of the prior finding of fast food restaurants. How-
ever, the corrected estimates obtained from the SIMEX methods do not support the
naive results. The corrected estimates for all outlet types show an overall attenuation
compared to the naive coefficients, and all confidence intervals include 0. The figure
thus demonstrates the usefulness of correction for geocode coarsening and points to
measurement, error as a possible explanation for the counter-intuitive effects shown
in prior research.

In addition to the primary analysis, Table 2.3 highlights that SC-SIMEX offers
an efficiency advantage for the multiple-store model, compared to other SIMEX ap-
proaches. The table shows that SC-SIMEX estimates have the lowest standard errors

for all outlet types.

2.6 Discussion

In this paper, we focused on two major objectives. First, we examined the

measurement error distribution and bias in estimating the health impact of point-
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Table 2.3: Multiple outlet model. Coefficient estimates and standard error (SE) of
the estimates from naive, traditional, covariate-adjusted, and SC-SIMEX approaches,
showing lower standard errors for the SC-SIMEX for all outlet types. The estimates
represent the difference in BMIz per each two-fold higher exposure to a given food
outlet type. Estimates and standard errors were multiplied by 100 to improve read-
ability. The results are from a single model that simultaneously includes all outlet
types, among a sample of Asian children attending California public schools. See
Figure 2.1 for outlet abbreviations.

Nalve Traditional Trad+Centroid SC-SIMEX

-~ ~ -~ ~

Outlet Type B(SE) B(SE) B(SE) B(SE)
GRO 20.96 (1.17) -0.20 (0.77) 20.20 (0.77) -0.14 (0.71)
CON 0.59 (1.05) -0.05 (0.71)  -0.04 (0.71)  0.06 (0.61)
BAK 0.18 (1.17)  0.06 (0.73) 0.06 (0.73) -0.07 (0.70)
NAL “1.92 (1.06) -0.14 (0.67) 0.14 (0.67)  0.21 (0.52)
FFC ~1.50 (1.09)  0.10 (0.69) 0.09 (0.69) -0.14 (0.58)
FFN 20.60 (1.16) -0.04 (0.79) 20.05 (0.79) -0.11 (0.66)

referenced built environment exposure that results from the presence of geocode
coarsening. We showed analytically and via simulation that measurement error that
occurs from inaccurate geocodes does not follow classical measurement assumptions
nor known parametric distributions. We also showed that bias in the estimation of
the health effect is not always towards the null. The second objective was to correct
the bias incurred by coarsened geocodes. Based on our finding that the measurement
error distribution is a mixture that can be decomposed by whether or not the loca-
tion of the subject had a ZIP centroid within a circular buffer, we proposed a new
split-combine SIMEX approach which takes the mixture of the measurement error
distributions into account. Our simulation for evaluating the method shows that the
SC-SIMEX reduces the bias considerably and is more efficient than traditional and
covariate-adjusted SIMEX methods. After we addressed our two objectives, we were
able to apply our new approach to Fitnessgram®data to estimate the association be-

tween food environment around schools and childhood BMI, and demonstrated that
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qualitative differences in study results could occur when we account for the measure-
ment error due to geocode coarsening.

One advantage of SIMEX is that it is a general methodology that can be adapted
to cases where the measurement error biases cannot be derived in closed-form (Carroll
et al., 2006). However, its applications were until now limited to parametric mea-
surement error distributions where estimated parameter values were available (e.g.,
measurement error variances). The split-combine SIMEX fits in the broader SIMEX
literature by extending the SIMEX to cases where the measurement errors have a
more complex, heteroscedastic distribution but are still replicable by computer sim-
ulations. In our case, replication of the measurement error distribution is achieved
by using an indicator of the accuracy of the geocodes, which is a readily available
by-product of the geocoding process.

While a large amount of measurement error literature has focused on continuous
measurement error and misclasification error, there has been much less attention for
mismeasurement of a count covariate and its effect on bias in regression coefficient
estimates. Error-prone count predictors are typically transformed so that their dis-
tributions are normalized (or at least more symmetric, see Carroll et al. (2006) for
examples) or a normal approximation is used when the count is large such as in
population estimation studies (Cheng et al., 2015). There are other works that use
Poisson regression models for count outcomes with continuous erroneous predictors
(Thamerus, 1997; Kukush et al., 2004). Other discrete error distributions such as
misclassification errors have been studied for categorical predictors (Gustafson and
Le Nhu, 2002; Buonaccorsi, 2010; Keogh et al., 2020). Our extension of SIMEX will
provide a method to tackle measurement errors in count exposure.

Our work points to several areas for future research of SC-SIMEX applications.
First, we suggest further investigation of different coarsening probabilities accord-

ing to covariates. Our work here considers that businesses are coarsened-at-random
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(CAR) so that we randomly sampled businesses to be coarsened during pseudo-error
generation. However, it may be possible to assign a different probability of being
coarsened according to the characteristics of business locations. For example, NETS
data for California shows that rural businesses have a 2 to 4 times higher proportion
of coarsening to ZIP centroids than urban businesses, depending on the year in which
the data are recorded. A straightforward extension is also possible to measurement
errors due to different types of geocode accuracy. In NETS database, there are five
different levels of geocode precision: block face (most accurate), street level, block
group, census-tract centroid, and ZIP code centroid (least accurate). As long as we
have the coordinates that businesses will be assigned to after coarsening, we can eas-
ily extend our method to different types of area-level precision. However, since there
are only few businesses that have either street level, block group, or census-tract cen-
troids (< 2%), we are not too concerned about these remaining levels of precision.
Another potential improvement can be achieved by partitioning samples into more
strata so that we can define homogeneous measurement error distribution within the
strata. If a subject’s buffer is fully contained by one large ZIP polygon and its cen-
troid is within the buffer, then the exposure of the subject will always be equal to
or overcounted compared to the true exposure. This type of location will only have
nonnegative measurement errors. Splitting subjects into more strata will improve the
performance, but it is also complicated because each stratum should have enough
sample size for consistent estimation. Additional research is needed to extend the
implementation of SC-SIMEX to different measures of exposures, such as distance to
establishments or density-based clustering.
Our proposed method of dividing the sample in this paper is motivated by studies
that use counts in a buffer which is one of the widely used exposure methods. There
are a large number of public health studies that use count exposures to investigate the

health effects of environmental features, for which the split-combine SIMEX provides
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one possible measurement error correction strategy which may be beneficial to correct

bias induced by geocoding coarsening and result in qualitatively different findings.
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Figure 2.4: Single outlet models. Coefficient estimates and 95% confidence intervals
from the naive, traditional, covariate-adjusted, and SC-SIMEX approaches, illustrat-
ing the impact of geocode coarsening on the naive regression. The estimates represent
the difference in BMIz per each two-fold higher exposure to a given food outlet type.
Each sub-panel represents the results of separate models, one for each food outlet
type, among a sample of Asian children attending California public schools. See
Figure 2.1 for outlet abbreviations.
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CHAPTER III

Integrating Multiple Built Environment Data

Sources

3.1 Introduction

Built environment and health studies focus on examining how the availability of
community amenities influences health outcomes; for instance how the availability
of junk food outlets near schools influences child obesity (Larson et al. (2009); Lee
(2012)). Many of these studies rely on available commercial business data such as
InfoUSA, Google Maps, Yelp, and others, to quantify the availability of food outlets.
A practical challenge in the field is that exposure measurements differ depending on
the food outlet data source, due to what is known as ascertainment error — i.e., data
sources have incomplete listings or list businesses that no longer exist. There is a
growing concern about the extent of bias in health effect estimates due to ascertain-
ment error (Lucan et al. (2013); Jones et al. (2017)), and resource intensive-strategies
have been recommended to minimize measurement error (Caspi and Friebur (2016)).
Yet, the impact of ascertainment error on health effect estimates has not been sys-
tematically investigated, is rarely quantified in practice, and is often explained with
simplified heuristics such as citing attenuation of regression coefficients (van Smeden

et al. (2020)). In this paper, we show that exposure ascertainment error introduces

44



biases with more complex patterns, beyond simplified heuristics, and propose meth-
ods to integrate exposure information from two popular commercial business lists
to construct more accurate school-level exposure measures and improved association
estimates.

A large amount of literature has proposed methods to combine information from
error-prone databases or multi-observer data. Among these, capture-recapture meth-
ods have been widely used for ecological population estimation and many extensions
of the original approach are available (Fienberg (1972b); Pollock and Otto (1983);
Manrique-Vallier (2016)). The key information required for capture-recapture meth-
ods is a capture history that identifies which list captured a particular entry. How-
ever, in our specific application, we do not know the capture histories for individual
business records unless we merge listings. Due to the proprietary nature of the com-
mercial databases and related data use agreements, business-level matching is not
permitted, thus standard capture-recapture methods cannot be applied. In our mo-
tivating study, we can compare the aggregated exposure metrics at a given subject’s
location, i.e., the number of available businesses within each school’s neighborhood.
Although matching the sources is not allowed, field validation studies of such sec-
ondary commercial data sources are available (e.g., Liese et al. (2013); Fleischhacker
et al. (2013)). External validation studies use direct field observations for a given ge-
ographic area, validate the listed businesses on databases, and publish validity scores
for each source. Given this reference about the source quality, latent truth models
can be one potential approach to improve exposure measures. Latent truth models
are popular for crowdsourcing problems where data providers have different levels of
credibility (Dong et al. (2009); Zhao et al. (2012)). This modeling approach uses the
user’s sensitivity and specificity to evaluate whether the claim or input from each user
(i.e., data source) is true or not. However, the latent truth model focuses on finding

the “correct” data entry among multiple observations. In our case, however, it is
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highly unlikely that true exposure values are captured by any one list or combination
thereof.

Our goal is to minimize the bias in estimating the health effect of food environment
exposure when direct observation or gold standard data are not available. After
describing the motivating study in Section 3.2, in Section 3.3 we propose a method
that accounts for errors in exposure measures derived from more than one business
database. Specifically, for each database, we consider a model that treats the business
counts as being obtained from the trivariate distribution of: observed true businesses,
falsely listed businesses that don’t exist, and unlisted but truly existing businesses.
The number of latent true businesses is assumed to be the same across databases.
A flexible Dirichlet process prior is used for the latent true exposure. The health
outcome is modeled jointly with a regression model with the latent true business total
as the primary predictor. Available estimates of the database’s credibility (sensitivity
and positive predictive value) allow for the identification of model parameters. Section
3.4 presents an estimation approach and Section 3.5 presents simulation studies to
its properties. Section 3.6 applies our method to estimate the effect of availability
of convenience stores and grocery stores near schools on BMI among children in

California. In Section 3.7, we discuss final remarks and possible future extensions.

3.2 Food exposure in multiple sources

Our motivating example investigates the association between the availability of
food outlets near schools and the bodyweight of 5th and 7th-grade children attending
2,651 urban public schools in California in 2008. Children’s weight and height are
collected as part of the state-mandated Fitnessgram test (California Department of
Education (2019)), and used to calculate body mass index z-scores (BMIz). BMIz
scores are obtained by standardizing BMI according to age and sex-specific reference

distributions, and ensure comparability of body weight across children of different
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ages since they are still growing (Must and Anderson (2006)). Our outcome variable
is school-level mean body mass index z-scores (BMIz) among children in these schools.
We use publicly available school-level characteristics as covariates (e.g., income), and
the schools’ latitude and longitude to assess the availability of outlets nearby.

Lists of food outlets are obtained from the two most popular commercial business
lists used in built environment studies in the United States: the National Estab-
lishment Time-Series (NETS) (NETS (2021)) and InfoUSA (InfoUSA (2021)). The
NETS is a longitudinal dataset produced by Walls & Associates, from annual Dun
& Bradstreet (D&B) establishment data. InfoUSA is an independent data vendor
(a competitor of D&B), that produces annual listings of businesses. Both databases
include information regarding business names, their locations (addresses and latitude-
longitude), dates of business openings and closings, and information on the goods or
services offered by the business as denoted by standard industrial classification (SIC)
codes. Validation studies show that these business lists have different validity and do
not always provide matching information for a given region (Liese et al. (2013); Jones
et al. (2017)).

Direct merging of these two databases at the business level (e.g., matching by
business name or address or other statistical matching algorithms) is not allowed due
to specifications in the data use agreements with the data providers. Instead, we
compare the school-level exposures, which are aggregated/derived quantities. We use
one of the popular choices to derive exposure measures, namely counting the number
of community resources within a one-mile radius circular buffer around each school
(Athens et al. (2016)). We focus on SIC codes that identify ‘convenience stores’
and separately, ‘grocery stores’, as defined in a field validation study (Powell et al.
(2011)). For convenience stores, establishments with SIC codes 541102 , 55410000 ,
55419901 , and 55419903 are used for NETS; establishments with SIC/NAICS codes
541103, 554101 , 554102 , and 554103 are used for InfoUSA. For grocery stores, SIC
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codes 541101, 541100, and 541199 are used for NETS; SIC/NAICS codes 541101,
541102, 541104, 541105, 541106, 541107, and 541108 are used for InfoUSA. The
exposure distributions of convenience stores and grocery stores are shown in Figure
3.1. The figure demonstrates the discordance between NETS and InfoUSA. For the
following sections, we take convenience store exposures to illustrate and compare the

distributions of the exposure data across the databases as well as overdispersion.
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Figure 3.1: Distributions of exposure to convenience stores and grocery stores from
different sources. Exposures are computed by counting the number of stores within
1 mile buffer around California public schools. Means and standard deviations are
presented in the legend.

With the growing use of readily available business databases in community envi-
ronment studies, there is a rich set of validation studies that compare the commercial
databases with ground observations from field studies, or from gold-standard data
such as local government databases (Powell et al. (2011); Liese et al. (2013); Lebel
et al. (2017)). The agreement between the true availability and listings on commer-
cial databases is measured by the number of correctly listed businesses (true posi-
tive), incorrectly omitted businesses (false negative), and incorrectly listed businesses

(false positive). These measures are used to construct two major validity scores: (1)
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sensitivity: the proportion of truly existing establishments that were listed in the
commercial database and (2) positive predictive value (PPV): the proportion of es-
tablishments listed in the commercial database that were also present on the ground.
The undercount (1-sensitivity) and overcount rates (1-PPV) are also commonly re-
ported.

Considering the similarity of urbanization level of the study region and the year
that data were collected, we use Powell et al.’s validity statistics as a reference for the
California establishment data in 2008. According to the authors, the sensitivity of
D&B and InfoUSA for convenience stores were 0.3769 and 0.5047, respectively, with
PPVs of 0.4812 (D&B) and 0.6182 (InfoUSA). For grocery stores, the sensitivities
were 0.4635 (D&B), 0.5414 (InfoUSA), and PPVs were 0.2880 (D&B), and 0.4446
(InfoUSA).

3.3 Modeling approach

3.3.1 Notation for measurement error model

Let X, denote the true, unobserved outlet count within a one mile radius buffer
of ith subject (e.g., school), and Y; be a continuous outcome for subject i = 1,--+ | n
. For simplicity, we assume a simple linear regression model: Y; = 8y + 6, X; + €
with ¢; ~ N(0,0), although inclusion of covariates is straightforward. Our primary

interest is estimating f,.

Table 3.1: Contingency tables comparing exposure measures between truth and claims
from two databases.

(a) Database 1

(b) Database 2

Listed Not Listed | Total Listed Not Listed | Total
Exist Nlll,i (77111) N121,i (7T112) X Exist NllZ,i (7T112) N122,¢(7T122) X
Not exist  Nojp; (mo11) - Not exist  Noja; (m212) -
Total Wii Total Wi
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Instead of true X;, contaminated measures Wy; and Ws; are derived from two
databases. Their relationship with X; is represented in Table 3.1. For database
s (s = 1,2), N1, denotes the number of outlets that are “correctly” captured (true
positives) within the buffer area of the ith subject; Njas; is the number of omitted
outlets (false negatives), and Najs; denotes the number of non-existing outlets that
are falsely listed (false positives). Since outlets that do not exist cannot be incorrectly
omitted from the databases, these tables have structural zeros. Each table has three
cell probabilities 75 = (7115, T12s, T215) Which sum to one. The tables share the row
margin X; = Ni11,;+Ni21; = Ni12;+Nioos; (true exposure), but have different column
margins Wy; = Nijp; + Nojp; and Wa = Nyja; + Nojoy (observed exposure). Since
the companies providing establishment data are competitors, we assume the two con-
tingency tables in Table 3.1 are conditionally independent given the row margin X;.
Thus, the data at each location can be represented as two conditionally independent
contingency tables with structural zeros. Note that we can easily extend our model
to more than two databases due to the conditional independence assumption.

To develop a modeling strategy for the contingency tables at any one location, we
rely on the Poisson sampling scheme for tables with structural zeros, where each cell
is assumed to be an independent Poisson variate (Fienberg (1972a); Levin (1981)).
Since the sum of independent Poisson random variables also has a Poisson distribution
with a sum of the mean parameters, the shared row margin X; is Poisson distributed.
We define X; ~ Pois();), with a location-specific mean number of stores within ith
subject’s buffer ;.

Let ¢1 = {seny,ppvi} and ¢ = {seny, ppvo} denote sensitivity and positive
predictive values for source s respectively for s = 1,2, which are available from
published literature as described in Section 3.2. Although ¢, and ¢, could be further
indexed by i, to reflect variation by school-level characteristics, for example, such

granular data about PPV and sensitivity would rarely be available. Validation studies
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report sensitivity and PPV as proportions calculated using the observed numbers of
businesses in a large study region (e.g., an entire city). To model ¢g; instead of
¢, we would need additional data or need to rely on stronger modeling assumption;
otherwise the model will not be identifiable. Furthermore, the majority of validation
studies that examined the association between the source quality and geographical
(e.g., urbanicity) or demographic characteristics (e.g., socio-economic status) of the
locations found no significant difference in sensitivity or PPV values across these
location characteristics (Lebel et al., 2017). Thus, we assume the agreement statistics
are constant over all subject locations (schools), and express them based on the

E(Ni1is,i

E(Ni1s
poe and ppos = S

expected counts: seng = BOV )) for i« = 1,...,n. Then, as
shown in Appendix B.1, each cell probability 7y, 7ry in Table 4.1 can be computed
from ¢ and ¢».

Since the shared row margin X; ~ Pois(};), the cell counts of database s follow:

. T11s .
Niiss ~ Pois Ai) = Pois(seng);),
He <7T113+7T123 ) ( )
. T12s .
Nigs; ~ Pois Ai) = Pois((1 — seng)\;),
t20s ~ Pois(—2— ) = Pois((1 = sen,) )
. T21s . ,,S€ENg
Nyis4 ~ Pois Ai) = Pois — seng)A;). 3.1
2t <7T1ls + T12s ) <(ppvs ) (31)

Consequently, the local expectations of W;; and Wy; are proportional to \;: E(Wy;) =

E(Nlll,i —f- NQlLZ‘) = S )‘i7 E(ng) = E(N1127Z‘ + Nglgﬂ‘) = 2 )\Z The measurement

ppv1 ppv2

sens

error does not follow classical zero mean assumption because E(Wy; — X;) = (5
S

1)E(X;) is typically non-zero unless sens = ppvs or the expected true exposure is
zero, which does not generally hold for count exposures.

3.3.2 Modeling mixture distribution of the latent exposure counts

We assumed the true exposure is locally Poisson distributed with mean parameter

;. However, not imposing any structure on the \;’s leads estimation problems,
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while setting \;’s to a constant leads to an unrealistic marginal distribution for the
X’s (given the overdispersion seen in Figure 3.1). One approach is to model \; as
dependent on covariates for the 7th subject. However, our primary interest is on (,,
not identifying predictors of exposure. Moreover, misspecification of such model could
introduce bias in estimates of 3,. Thus, we aim to model \; flexibly, in order to reduce
the parameters estimated while maintaining robustness. Specifically, we consider a
Poisson mixture model, so that conditional on mixture component membership, the
results in Section 3.3.1 hold, without requiring that we know in advance the specific
mixture component to which a subject belongs.

Further, to avoid specifying the number of mixture components in advance, we
use a Dirichlet process prior on \; (Ferguson (1973)), which enables clustering of \;
based on shared information across sites and ultimately creates a flexible marginal
distribution for the latent exposures, X, effectively handling overdispersion. Although
this prior allows for infinitely many mixture components (clusters), in practical ap-
plications a finite number of clusters, K, is identified in a data-adaptive fashion.
The cluster allocation of \; is denoted as Z; € {1,---, K'}. Within the kth cluster,
subjects share the same value \; so that [X;|Z; = k] ~ Pois(\;). The model is:
X; ~ Pois(\); N\i ~ G; G ~ DP(aGy); Gy = Gamma(ag,by), where a denotes a
concentration parameter and G is a random measure on the parameter space. The
choice of a will be discussed in the following Section 3.4.

Under the Bayesian framework, we are interested in the posterior distribution of
latent X; given observed data, which will be used as the basis of Gibbs sampling in
Section 3.4. For each subject, we jointly model two independent trinomial distribu-
tions with known column margins (Wy;, Wo;) and unknown shared row margin Xj.
Using Table 3.1 with our outcome model defined in Section 3.3.1, we can model the

conditional distribution of X; given observed data, cluster membership, and a set of
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parameters as

[$i|yz‘,w1z',w2i,zi] X [yi|$i;5o,ﬁa:70] X [w1i|$i;¢1,)\k] X [w2i|$i§¢2,)\k] X [$Z|Zz = k§>\k]~

(3.2)
By definition of the conditional distribution,
wgs|zi: b A = [wis, 755 p1, M) D oy [P111,05 Wi, T @1,y Ak
1i|Liy P11y ANk — -
o [53 Ak] (253 Ak
gy, I ssena Agllzi—nann i (1—sena ) Al [wii —na11 i3 (G0t —sena) i
o (x| zi=F;Ak] ’

since each cell count is independent Poisson random variables. Thus, the log-likelihood

18

Ly~ o< logN (yi|5; Bo, Bz, 0)

+log (Z?Izlnl(j%,xi) Pois(nlu’i;senl)\k)Pois(zifnul’i;(1fsen1))\k)Pois(wannl,i;(%fsenl))\k) )

Pois(z;|zi=k; k)

+l an;:;’l:ﬁ)zl) Pois(nllgyisenQ)\k)Pois(mi—nllz,i;(l—senz))\k)POis(wgi—n112,i;(% —seng)A)
09 Pois(z;|zi=k; k)

+ logPois(x;|z; = k; \g). (3.3)

For the outcome model N (y;|x;; 5o, Bz, o), we assumed a non-differential measure-
ment error so that observed exposures are independent of the outcome given the
true data. Non-differential measurement error of exposure is most commonly used
assumption in measurement error models, since it enables regression coefficients to
be identifiable even when true covariates are not observable. When measurement
errors are differential, outcome status can influence the measurement errors in ex-
posure (e.g., case-control study with self-reported exposures) (Carroll, 1998). If we
assume the differential error, [wy;|z;; @1, k] X [wa;|zi; @2, Ak in equation (3.2) should

be replaced with [wy;|z;, yi; d1, Ak] X [wai|Ti, yi; @2, \e]. This modeling is practically
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not possible due to limited identification. Imai and Yamamoto (2010) suggests more
assumptions such as restricting bounds of parameters. Differential models with a
validation study that has (W3, W, Y, X) all observed are typically best analyzed by
techniques for handling missing data (Carroll, 1998). For example, Carroll et al.
(1993) proposed a pseudo-likelihood approach where parametric measurement error
model is chosen based on the validation dataset and marginal distribution of X is
estimated by empirical distribution from the complete data.

Although we could also estimate X; by maximizing the log likelihood in equa-
tion (3.3) by treating \; nuisance parameter, the estimation process was not stable
because we only have two observations (W;;, Wy;) per site. However, having a distri-
bution of X; in the model with clustered rate parameters showed more stable estima-
tion. Alternatively, the EM algorithm can be considered for a frequentist inference.
However, unlike the Dirichlet process mixture model, the EM algorithm requires a
fixed number of clusters, which is not desirable in our problem with unknown degree
of overdispersion in true exposure data. Also, the EM algorithm may suffer from the
multimodality of the model that typically arises with discrete-valued latent variable

(Bartolucci et al., 2022).

3.4 Estimation

We use a Bayesian approach for estimation. We chose a noninformative prior for

> and hyperparameters (ag,by) for the base

regression parameters w(f3y, Bz, 0) X 0
measure Gy are set to (1,1). Given that the Dirichlet process mixture (DPM) model
is used to model the distribution of the latent exposure, there is relatively little in-
formation in the data to identify the concentration parameter a. Thus, although
more recent applications of DPM models estimate «, we instead use a fixed value,

chosen as follows. Assuming that observed exposures have a similar shape of distri-

bution to the true exposure, we fit a DPM model to the observed exposures, W's,
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from each data source separately. In these models, we use a Gamma(1,1) prior for
a source-specific concentration parameter «,, and thus obtain a data-driven estimate
of a concentration parameter. We use 10,000 iterations for each model, and after
discarding the first half as a burn-in, each chain produces the posterior mean @; and
ap for source 1 and 2, respectively. We average the separate estimates and obtain
a = mean(ay,ds), which we plug into the model. This is a reasonable approach
because the observed exposures have information on the number of components and
mixing proportions that make up the mixture distribution for X;. Specifically, con-
sider that W; ~ Pois(fﬁ/\i) at 7th subject’s location and the A\; = Ay when the ith
subject belongs to kth cluster. Thus, the distribution of W,; has the same number of

components, although the mean parameters of the mixing components are multiplied

seng

by a nonzero scalar .
ppUs

We implement a Gibbs sampling algorithm to draw values from the posterior
distribution and use standard summaries of the draws for inference (see Appendix B.2
for details). Within the algorithm, we implement the DPM model for the latent
exposure model using the Chinese restaurant process (CRP) (Aldous (1985); Teh
et al. (2010)). Loosely speaking, the CRP finds a flexible number of clusters by
allowing observations to be assigned to new clusters as needed. The conditional
posterior probability of allocation to a new cluster is proportional to the concentration

parameter @ in the previous section.

3.5 Simulations and bias analysis

The measurement error in the exposure predictor leads to bias in the estima-
tion of regression coefficients. Here we describe algebraically the nature of the bias
in linear regression coefficients when a naive regression analysis that disregards the
measurement error is used. Having described the factors that drive the direction

and magnitude of the bias, we demonstrate our model’s estimation properties, under
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various data generation scenarios.

3.5.1 Bias in OLS

When exposure measures derived from a single source s are used as a predictor
in a linear regression model, and the observed exposures arise from the hypothesized
model (Table 3.1), the ordinary least squares (OLS) estimate of the target coefficient
is

Var(X) sen
. —(1—ppvs) (ppvs—1) E(X)+(1-305){Var(X)—-E(X)
pllm ﬂws - (sensE;\i(a).r(X) +(1_sens)/8$ - ( e

}
ppvs /" B(X) Ppvs EX)+(Ge{Var(X)-E(X)} + 1) Bz
(3.4)

(see Appendix B.2 for details). The scaling factor multiplying g, in (3.4), also known
as the reliability ratio in the measurement error literature, consists of source credibility
statistics and the dispersion of X relative to its mean, or, equivalently, the difference
between the mean and variance of X. Consequently, the direction and magnitude of

bias depend upon the source credibility and the true exposure distribution, as follows.

When seng > ppus, the term (ppv, — 1)E(X) + (1 — 25 ){Var(X) — E(X)} is
negative since {Var(X)— E(X)} > 0, and therefore j,, is always attenuated towards
zero. On the other hand, when sen, < ppuv,, either attenuation or inflation can occur,
depending on the amount of overdispersion. In the case X is marginally equidispersed
(e.g., A\; = X thus overall X has a simple Poisson distribution), the reliability ratio
simplifies to ppv,. Since 0 < ppv, < 1, the OLS estimate is always attenuated. In
this case, unbiasedness can only occur when there are no false positives (i.e., ppvs=1),
irrespective of sensitivity.

Given sens < ppuvs, the naive coefficient estimate is attenuated when Var(X) <
{% +1}E(X). Otherwise, an inflated coefficient f,, is obtained. Interest-

ingly, when the overdispersion is approximated by {’M + 1} E(X), the naive

PPUs—Sens

coefficient estimator is approximately unbiased. (Note that this is a special form of

o6



negative binomial overdispersion, where the mean of the prior gamma distribution
varies with shape and the scale remains constant — see (Nelder and Lee (1992))).
Considering the fact that WW; and W5 are independent given X, the average of the
two exposures could be used as a predictor. However, the resultant estimate will also
have a bias that depends on the combination of source credibility parameters, E(X),

and Var(X).

3.5.2 Simulation design

We used the analytical results from the previous section to design our simulation
study, which varies three factors: (i) the distribution of X, (ii) the ratio of sensitivity
to PPV, and (iii) the value of agreement statistics (i.e., high or low source quality).

We aimed to use a realistic distribution of the latent exposure, while at the same
time having a way to control the variance of X relative to its mean, given the de-
pendence of the bias of 8, on these moments of X (equation (3.4)). Our strategy
is to have E(X) fixed and investigate the effect of the magnitude of variance on the
amount of bias in the naive estimate of 3,. To be specific, we fixed E(X) = 5.71 and
created distributions of X with a varying degree of variance using mixture distribu-
tions (see Table 3.2). To obtain realistic mixture components from which to simulate
X, we fitted a Poisson mixture distribution to the observed exposures from the In-
foUSA data alone using a DPM model. The DPM was fitted using a concentration
parameter o« = 0.1 and a Gamma(1,1) base measure for the rate parameter. The
estimated median number of mixture components was four, with mixing probabilities
(0.23, 0.42, 0.33, 0.02) and mean parameters (1,4,10,25).

The mixtures were selected to have increasing variance to mimic various degrees of
overdispersion. This was achieved by setting ‘Mixture 1’ to be a simple Poisson(5.71).
The remaining mixtures had four components with mixing proportions (0.23, 0.42,

0.33, 0.02) with the mean parameters of the components given in Table 3.2.
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Table 3.2: Different distributions of X with the same expectation for the simulation
study.

Type E(X) Var(X) Components

Mixture 1 5.71  5.71 Pois(5.71)

Mixture 2 5.71  10.72 0.23Pois(3)+ 0.42Pois(5) + 0.33Pois(8) + 0.02Pois(14)
Mixture 3 5.71  25.56 0.23Pois(1)4 0.42Pois(4) + 0.33Pois(10) 4 0.02Pois(25)
Mixture 4 5.71 3598  0.23Pois(2)+ 0.42Pois(5) + 0.33Pois(7) + 0.02Pois(42)
(3) () (

Mixture 5 5.71  41.74 0.23Pois(3)+ 0.42Pois(5) + 0.33Pois(6) + 0.02Pois(47)

Source quality parameters

To select realistic values of source quality, we used Powell et al.’s agreement
statistics for convenience stores, namely sen; = 0.37, seny, = 0.5, ppv; = 0.48, and
ppuy = 0.62. However, since the ratio of sensitivity to PPV determines the direction
of bias in naive analysis (Section 3.5.1),we reversed the sensitivity and PPV values,
ie., sen; = 0.48, seny = 0.62, ppv; = 0.37, and ppv, = 0.5, to show the opposite
scenario. Although other scenarios such as (sen; > ppvy, sens < ppvs) can exist, we
found that the relative size of sensitivity to PPV is mostly consistent across different
data sources (see Lebel et al. (2017) for systematic review). The source credibility
reported for different food store type by different databases also suggest that it is
most likely to observe the dominating nature of undercount error so that sensitivities
are less than PPV (Powell et al., 2011; Liese et al., 2013). Hence, for practical im-
portance, we only present (sen; < ppuvi, seny < ppvg) or (seny > ppuy, seng > ppusg).
The extra simulation study with (sen; > ppvy, sens < ppv,) is available in Table B.3.

To investigate the extent to which bias varies with varying quality of the source, in
addition to the ‘realistic’ scenario, we also defined ‘extremely optimistic’, ‘optimistic’,
‘pessimistic’, and ‘extremely pessimistic’ scenarios for data sources by multiplying

the realistic sensitivity and PPV values by 1.5, 1.25, 0.75, and 0.5, respectively. For
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example, for the extremely pessimistic scenario we used sen; = 0.185, seny = 0.25,
ppv; = 0.24, and ppvs = 0.31. This range of source quality covers the values of
agreement statistics reported by field studies of various other business types, aside

from convenience and grocery stores considered here.

Data generation

For the single component model, all X; were generated from Poisson(5.71). For
the mixture component models, we first generated cluster assignments {Z;}" ; to
one of four mixture components from Multinomial distribution with given mixing
probabilities (0.23, 0.42, 0.33, 0.02). Then we generated X;|Z; = k from Poisson(\)
using a set of mean parameters defined for each mixture distribution in Table 3.2. For
each distribution of X, we generated 100 data sets of sample size n = 1,000. For each
subject in each data set, we simulated health outcome Y; from N(1.54+0.5X;,1.5). To
generate observed exposure value, Wy;, we first obtained Nj;,; from its conditional

distribution Ny, X; ~ Binom(X;, sens) to prevent drawing a value that is larger

than X;. For Ny, ;, we draw a value from Pois((2% —seny)\;) according to equation

ppv1

(3.1). Then Wj; is obtained by adding Ny1s; and Najs ;.

3.5.3 Simulation results for naive bias

The percent bias of the naive slope coefficient is shown in Figure 3.2. Given the
source quality, the naive estimates for the slope have the largest attenuation when
X has a simple Poisson distribution (‘Mixture 1’). When sensitivity is smaller than
PPV in both sources, Figure 3.2(a) shows that the bias of OLS estimators switch
from attenuation to inflation as Var(X) exceeds {% + 1}E(X) as described
in Section 3.5.1. On the other hand, as displayed in Figure 3.2(b), the bias of all

naive estimators are attenuated towards zero when the ratio of sensitivity to PPV >

1 in both sources.
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Figure 3.2: Percent bias of slope (/3,) estimates from naive regression models (“OLS,
source 17, “OLS, source 2”7, “OLS, average”) under the different X distribution,
the ratio of sensitivity to PPV, and the magnitude of agreement statistics. Values
for realistic (labeled as R in the legend) sensitivity and PPV are (a)sen; = 0.37,
seny = 0.5, ppu; = 0.48, ppvey = 0.62, and (b)sen; = 0.48, seny = 0.62, ppv; = 0.37,
ppve = 0.5.

Regarding the source quality, mean B\ws is larger with more optimistic sources. It
may seem counter-intuitive that we still observe biased naive estimates from high-

quality sources. However, this result is explained by equation (3.4) which shows that
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higher PPV results in higher point estimates when the ratio ;;—Zz stays the same. To
be more specific, the reliability ratio in equation 3.4 is a concave function with respect
to sens; when holding Var(X)/E(X) and ppvs constant (Figure B.1). The concavity
of reliability ratio with respect to sen, implies that we have smaller Bws as we have
higher sensitivity, given first two moments of X and the value of PPV. This counter-

intuitive result can be explained with probabilities that generate a contingency table

sens

in Table 3.1. Increasing oo

indicates higher probability of adding false stores in the
database (false positives) than the uncaptured true stores (false negatives) and this

overcounting leads to attenuated Bws. The ideal ratio that gives minimum bias is

ppYs (ppvs+Var(X)/E(X)—2)
Var(X)/E(X)-1

achieved when sen; = . Therefore, even though both sensitiv-

ity and PPV are high for source s, Bws can be biased depending on the values of %

and Var(X)/E(X). In our case, we simulated data while holding values of 2% at

0.77 (s = 1) and 0.81 (s = 2) for Figure 3.2(a); 1.30 (s = 1) and 1.24 (s = 2) for
Figure 3.2(b).

3.5.4 Evaluation of proposed model

We evaluated our model when the true exposures are simulated according to the
five mixture distributions in Section 3.5.2 and realistic values of sensitivity and PPV.
Our simulations take into account two aspects of the model. First, given our model’s
use of known values for sensitivity and PPV, we additionally evaluate the conse-
quences of misspecification of these values. In practice, the model misspecification
occurs when working credibility parameters, denoted as ¢] and ¢35, differ from the
true but unknown agreement statistics. In our case, given the observed exposures are
generated with realistic true source credibility, the model was evaluated under five
different sets of working parameters {7, ¢3}. The five sets of working parameters are
defined by multiplying the realistic sensitivity and PPV by (0.5, 0.75, 1, 1.25, 1.5) to

generate extremely pessimistic, pessimistic, realistic (correctly specified), optimistic,
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and extremely optimistic working models, respectively. Second, given that the model
relies on the estimation of parameters of the latent exposure distribution, we compare
the performance of the model when all parameters are estimated to the case when
the parameters of the distribution of X are known. This comparison shows the effect
of estimating A;’s on the estimation of regression parameters. Third, we show the
benefits of using Dirichlet process priors for A; by comparing our model results to
the model that uses a common Gamma(1,1) prior for all A;’s. Note that our main
goal of using the DP prior is nonparametric density estimation of X, not inference on
the number of components or cluster memberships. It is well known that the DPM
performs well for density estimation under general conditions (Ghosal (2010)). More-
over, using a DP prior generates a mixture of Poisson distributions for the underlying
X. A mixture of Poissons is a robust choice for modeling overdispersed count data
(Hougaard et al. (1997); Joe and Zhu (2005)) and is consistent with our observed
built-environment data. For each simulated dataset, we estimated @& for a concentra-
tion parameter as described in Section 3.4. For brevity, we present the results from

mixture 1,3, and 5 only.

3.5.4.1 Sensitivity < PPV in both sources

We first demonstrate the estimation properties of our model when complete in-
formation about true exposure distribution, namely cluster assignments and cluster
means, is given. Table 3.3 (middle) shows that having knowledge of the underlying
distribution of latent X is particularly helpful with overdispersed X (columns labeled
Mixture 3 and 5), as the model shows improved estimates of 3, compared to naive
approaches, even with extreme misspecifications of credibility parameters in either

direction.
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Table 3.3: (sen;<ppvy, seny<ppvy) Posterior summaries of the proposed model for
B, when true source credibility is sen; = 0.37, sens = 0.5, ppv; = 0.48, and ppvy =
0.62. True £,=0.5. The proposed model is evaluated with and without estimating X
distribution. The results shown are: average of point estimates, posterior standard
deviation (SD), and coverage probability (CP) from 100 replications

Method Mixture 1 Mixture 3 Mixture 5

Average Average Average

Naive Est. SD CP Naive Est. SD CP Naive Est. SD CP

(%Bias) (%Bias) (%Bias)
OLS, source 1 0.240 (-52.05%) 0.028 0%  0.540 (7.96%) 0.016 8%  0.580 (16.06%) 0.012 16%
OLS, source 2 0.313 (-37.40%) 0.026 0% 0.539 (7.86%) 0.014 8% 0.570 (14.04%) 0.011 14%
OLS, average 0.449 (-10.15%) 0.033 72% 0.602 (20.31%) 0.015 20% 0.614 (22.77%) 0.011 23%
Proposed Model
when X distribution known
Working credibility Average Average Average

Posterior Mean SD CP  Posterior Mean SD CP  Posterior Mean SD CP

(%Bias) (%Bias) (%Bias)
XP 0.706 (41.18%) 0.042 0%  0.516 (3.18%) 0.014 76%  0.523 (4.68%) 0.018 82%
P 0.607 (21.31%) 0.044 28% 0.510 (2.06%) 0.013 88%  0.513 (2.65%) 0.016 95%
R (Correctly specified)  0.506 (1.12%) 0.037 91% 0.503 (0.68%) 0.013 97%  0.502 (0.36%) 0.014 98%
O 0.442 (-11.59%) 0.032 58% 0.496 (-0.82%) 0.012 93%  0.493 (-1.38%) 0.013 91%
X0 0.391 (-21.76%) 0.029 7%  0.486 (-2.86%) 0.012 76% 0.486 (-2.79%) 0.011 76%
Proposed Model
when X distribution unknown
Working credibility Average Average Average

Posterior Mean SD CP  Posterior Mean SD CP  Posterior Mean. SD CP

(%Bias) (%Bias) (%Bias)
XP 0.709 (41.75%) 0.040 0%  0.651 (30.22%) 0.021 0%  0.632 (26.50%) 0.030 0%
P 0.605 (20.99%) 0.043 28% 0.576 (15.27%) 0.017 0%  0.558 (11.50%) 0.022 14%
R (Correctly specified)  0.504 (0.90%) 0.037 91% 0.532 (6.49%) 0.014 36%  0.521 (4.12%) 0.017 7%
0 0.441 (-11.71%)  0.032 56%  0.509 (1.76%) 0.013 91%  0.502 (0.41%) 0.014 97%
X0 0.401 (-19.81%) 0.028 16% 0.490 (-1.93%) 0.012 84% 0.491 (-1.87%) 0.012 81%

However, we typically do not have such information about the underlying distri-
bution of X. We need to estimate the X density with the DPM sampler as described
in Section 3.4. Table 3.3 (bottom) shows the posterior mean for the slope parameter

B when the DPM sampler estimates the distribution of X (results for gy are available
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in Table B.1). For Mixture 1 (Poisson X ), the model performance is similar to the
performance when X density is known since estimating density for the single cluster
Poisson distribution is easier than estimating complex distribution such as Mixture
3 or Mixture 5. For these mixture distributions, the result in Table 3.3 shows that
the optimistic working model has the smallest bias and a higher coverage rate. This
result is likely due to bias that arises from the X density estimation via DPM sam-
pler since the correctly specified model outperforms other misspecified models with
Poisson distributed X. Yet, the DPM model has a strong advantage over common
Gamma prior for \;’s by allowing flexible X distribution (Table B.2). Using common
prior assumes incorrect equidispersion and leads to more biased estimates than naive
models.

When the working credibility parameters are much worse compared to the true
values, the proposed model shows less correction, and sometimes results in estimates
with higher bias compared to OLS. That is, when data sources are assumed to be
much worse than they truly are, little can be gained from our proposed model. In
summary, when the working credibility is at least at the level of true sensitivity and
PPV, our model corrects bias (Table 3.3). With correctly specified values of working
sensitivity and PPV, standard error sometimes increase on bias correction (Mixture
1 and Mixture 5), which is not uncommon in measurement error literature. However,

the increase in variability is small compared to the reduction in bias.

3.5.4.2 Sensitivity > PPV in both sources

As shown in Section 3.5, the naive model can already attain nearly unbiased
estimation when sensitivity is less than PPV, depending on the distribution of the
latent X. This section evaluates our model when sensitivity is larger than PPV; that
is, when naive OLS estimator is attenuated towards zero regardless of X distribution.

The results from the previous subsection 3.5.4.1 imply that estimates from pessimistic
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and optimistic working models are in between the realistic and the two extreme cases,
so we only present the results of extremely pessimistic (XP), correctly specified (R),

and extremely optimistic (XO) misspecification.

Table 3.4: (seny>ppvy, seny>ppvs) Posterior summaries of the proposed model for 5,
when true source credibility is sen; = 0.48, seny = 0.62, ppv; = 0.37, and ppv, = 0.5.
True 5,=0.5.

Method Mixture 1 Mixture 3 Mixture 5

Average Average Average

Naive Est. SD CP Naive Est. SD CP Naive Est. SD CP

(%Bias) (%Bias) (%Bias)
OLS, source 1 0.186 (-62.87%) 0.021 0%  0.350 (-30.10%) 0.009 0%  0.366 (-26.84%) 0.007 0%
OLS, source 2 0.252 (-49.67%) 0.021 0%  0.375 (-25.07%) 0.009 0%  0.388 (-22.48%) 0.007 0%
OLS, average 0.353 (-29.32%) 0.026 0%  0.389 (-22.24%) 0.009 0%  0.393 (-21.42%) 0.007 0%

Proposed Model

when X distribution unknown

Working credibility Average Average Average
Posterior Mean  SD CP  Posterior Mean SD CP  Posterior Mean SD CP

(%Bias) (%Bias) (%Bias)
XP 0.695 (38.98%) 0.041 2%  0.600 (20.09%) 0.018 0%  0.600 (20.02%) 0.026 0%

R (Correctly specified)  0.504 (0.83%) 0.037 95%  0.509 (1.76%) 0.013 91%  0.510 (1.93%) 0.015 96%
XO 0.393 (-21.30%) 0.029 7%  0.481 (-3.74%) 0.012 66% 0.487 (-2.60%) 0.011 72%

Table 3.4 shows that all naive OLS estimators for the slope parameter are attenu-
ated, as shown in Section 3.5.1. With the correct specification of working credibility,
our model substantially reduces the bias and has a high coverage rate. Similar to
Table 3.3, simple Poisson X is more sensitive to the choice of working credibility
compared to the overdispersed X. However, as overdispersion is more common in
the real data, our model will produce less biased estimates with the belief that true

source credibility is similar to working credibility.
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3.6 Application to children’s BMI study in California

The influence of local convenience stores and grocery stores on obesity risk among
young children has been studied in many prior studies, using observed exposure es-
timates (IW’s), typically from one data source only (Grafova (2008); Howard et al.
(2011)). In this section, we use our model to obtain health effect estimates of the
association between these two markers of the food environment near schools on child-
hood obesity among children in grades 5 and 7 attending urban schools in California
(also see Section 3.2), in order to integrate information from both data sources and
correct for ascertainment error. We conducted a stratified analysis by sex and grade,
given that boys and girls have different obesity prevalence by age (Flegal et al., 2009),
and each grade has different age groups. Although our main analysis is based on the
stratification, we also performed a collapsed data analysis as well in order to compare
the results. Among urban public schools in California, 1,773 schools and 1,758 schools
provided BMI z-scores of male and female 5th graders, respectively. For 7th graders,
623 schools and 622 schools reported BMI z-scores of male and female students, re-
spectively. Separate analyses were conducted for exposures to convenience stores and
grocery stores.

Since the responses are mean BMI z-scores of schools and student sizes are different
by the school, our outcome model needs weighting to adjust for the heterogenous error
variance. In each stratum, a weighted linear model is used to regress school-level
mean BMI z-scores on the count of food stores of interest. For easier interpretation,
we divided the exposure variable by 10, so that ten stores become the unit used
to interpret regression coefficients. We also adjusted for school-level demographic
characteristics to the model, including schools’ percentage age groups, percentage of
children who meet different fitness standards, and percentage of children’s ethnicity.

Based on exact match agreement statistics by Powell et al., both NETS and In-

foUSA have sensitivity less than PPV for convenience stores (see Section 3.2 for source
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credibilities of both sources). Hence the naive estimators of the effect of convenience
stores on childhood BMI could be either attenuated, inflated, or even approximately
unbiased. For supermarket/grocery stores, both databases have sensitivity > PPV
(Section 3.2). Therefore, the naive estimators of the effect of supermarket/grocery
stores on BMI should be attenuated (we use the term ‘grocery stores’ to broadly
include both supermarkets and grocery stores).

By following the SIC and NAICS codes chosen to compute the reference statistics
(Powell et al. (2011)), 5th-grade schools had on average 4.56 (SD 3.55) convenience
stores within 1 mile around school according to NETS in 2008. However, InfoUSA
claims the mean convenience store exposure for these schools is 7.36 (4.12). Similarly,
7th-grade schools had mean exposure of 4.47 (3.38) according to NETS and 7.18 (3.93)
according to InfoUSA. For supermarket/grocery stores, the mean exposure for 5th-
grade schools is 19.98 (22.42) by NETS and 14.22 (16.86) by InfoUSA. Grade 7 had
a mean exposure of 18.71 (18.84) by NETS and 13.15 (13.96) by InfoUSA.

Figure 3.3 shows the corrected results from our model and the naive estimates for
the effect of additional ten food stores on the school’s mean BMIz. In addition to
reference values for working credibility, we present results from our model that use
1.25 x reference values for working credibility (defined as optimistic misspecification
in Table 3.3), based on simulation results in Table 3.3. The correction under optimistic
credibility shows lower point estimates as we could expect from the simulation results
in Table 3.3 and Table 3.4. The graphical posterior predictive checks shows that the
replicated W’s from both of our working models approximate the observed exposures,
suggesting that our models fit the data well (Figure B.2).

The results from our approach are qualitatively similar to the naive analyses.
Strong positive associations are found between exposure to convenience stores and
school-level obesity risk, except for the female students in 7th grade. For the effect

of grocery stores, we expect that naive estimates are attenuated in all strata, given
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the ratio of source credibilities. The corrected estimates from our model that use
reference values for working credibility indicate that naive use of secondary databases
may fail to capture the meaningful association, as shown in the result from 7th-grade
male students. For both working models, the proposed method finds a higher effect
size for availability to grocery stores on 5th graders’ obesity.

When we use all students without stratification, Figure 3.4 shows positive associa-
tion between exposure and school-level BMIz for both convenience stores and grocery
stores. Due to large sample size, all estimates have narrower confidence intervals.
While stratified analyses in Figure 3.3 show weak differences in exposure effects by
strata, collapsed analyses have not found significant effects of interactions between

exposure and stratum factors from all naive and proposed methods.
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Figure 3.3: Comparison of naive OLS estimators for 5, and posterior mean of 3, from
the proposed model under different misspecification. For naive approaches, “OLS,
InfoUSA” and ‘OLS, NETS” denote OLS estimators for simple linear regression that
use wyusa and wygrs, respectively. “OLS, average” denotes an OLS estimator for
a regression using average of w; and w,. For the proposed model, reference values
(denoted as “Proposed”) and reference values x 1.25 (denoted as “Proposedx1.25”)
are used for working credibility. Plotted are the naive estimates with 95% confidence
interval (black unfilled dots) and the posterior means with 95% credible intervals from
our proposed model with reference values (red filled dot), and with 1.25 x reference

values (black filled dot).
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Figure 3.4: Comparison of naive OLS estimators for 5, and posterior mean of 3, from
the proposed model without data stratification. See caption of Figure 3.3 for details
of each model.

3.7 Discussion

In this paper, we proposed a data integration method for cases when multiple

exposure sources (e.g., business lists) yield different exposure measures of an otherwise
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unobservable true exposure count. We also analytically and empirically showed the
extent of bias in linear regression parameter estimates when a mismeasured exposure
predictor is used. The bias in naive estimates is linked to the unknown true exposure
density in addition to the source quality measures. One advantage of our approach is
that we can obtain a correct estimate of the health effect of exposure from multiple
erroneous sources, without requiring gold-standard data.

Although our proposed method showed substantial bias correction, there are sev-
eral shortcomings. First, the choice of working sensitivity and positive predictive
value is critical. While the simulation study showed that the modest misspecification
of source credibility still produces corrected estimates, we suggest finding validity
measures for the same businesses with similar geographical and time contexts. As
there are many validation studies available, obtaining a good reference for source
credibility should not be extremely difficult. Our data example used source quality
parameters from a single validation study that matched the type of location (urban)
and time period. If multiple validation studies were available for the study location
and time, it would be useful to extend our approach to incorporate source quality
parameters from multiple validation studies. Furthermore, as confidence intervals of
the sensitivity and PPV are also reported in the validation studies, researchers are
recommended to use the upper and lower bound of the intervals to conduct sensitivity
analyses in practice. Second, our method uses a fixed concentration parameter that
is obtained from the observed exposures for the DPM model. Although we used a
plug-in value for the concentration parameter, our assumption can be relaxed in our
Bayesian method by proposing a prior distribution for «, for example, basing the
mean and variance as a function of ay,a,. However, from our sensitivity analyses
that tried drawing a from its posterior distribution with different priors for «, we
found negligible gain in the correction of regression parameters (result not shown).

Finally, our model relies on the conditional independence of the two sources, a com-
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mon assumption in the measurement error literature (Richardson and Gilks, 1993a,b).
However, this is a reasonable assumption in our data since the data vendors are com-
petitors. When more data are available, it may be possible to relax the conditional
independence assumption (Wang et al., 1996), though this would need to be addressed
in future research.

Even with the limitations, our method has contributions to measurement error
studies and built environment research. Unlike the existing measurement error lit-
erature, we incorporate the measurement error into the model without specifying a
parametric model for the error variable. From a view of missing data problem, we
showed that we can construct an identifiable model given the source credibility, al-
though true exposure X is completely missing. Furthermore, our model specifies the
marginal distribution of X in a data-adaptive way. Our work is one of few applications
that use the DPM model for latent Poisson data (Dorazio et al. (2008)). The DPM
model is well-suited for nonparametric Bayesian density estimation and it makes our
model more generalizable by approximating overdispersed count data using Poisson
mixtures. Our model may struggle with underdispersed X distributions, but this is
unlikely to happen in built-environment studies. We anticipate that our work pro-
vides a guidance to handle a complicated count exposure variable that is prone to
error.

We suggest some future directions of the proposed method. First, our outcome
model can be extended with random effects or non-normal residual errors, although
we used school-level responses with normality assumption for ecological analysis in
this paper. These extensions require different Gibbs samplers and more complex com-
putation, but conceptually, more general outcome models can be fitted. Second, there
may be some situations where it may be desirable to infer subjects’ cluster member-
ship. Although not required in the context of our current approach, which only relies

on the marginal distribution of the latent X, correctly identifying clusters would
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require modifications for the prior on );. Existing literature shows the traditional
DPM has limitations for making inferences about clusters, and emerging approaches
address this issue (Miller and Harrison (2014, 2018)). Third, our model can easily
incorporate three or more lists. By adding one more source (even of medium quality),
simulation studies show our model provides lower bias and higher efficiency (result
not shown). As an increasing number of commercial lists provide point-referenced
data of built environment features, our model would improve the inference with more
sources.

We note that the practical concern about varying source quality by location. In
our motivating example of urban schools, we assumed the source credibility stays
constant for all school locations. This assumption was based on the inconsistent
conclusion regarding a systematic relationship between source quality and area-level
characteristics (Fleischhacker et al. (2013), Lebel et al. (2017), Powell et al. (2011),
Liese et al. (2010), Bader et al. (2010)). Although there are mixed findings in source
validity across different urbanization levels, high density areas are found to have
slightly higher agreement (see Fleischhacker et al. (2013) and Lebel et al. (2017) for
systematic reviews). For example, the metropolitan Chicago study by Powell et al.
found convenience store and supermarket /grocery agreement were similar in rural and
urban areas in Dun & Bradstreet, while convenience stores agreement by InfoUSA
was lower in rural areas. Other validation study in South Carolina reported greater
sensitivity of Dun & Bradstreet and InfoUSA in urban than rural areas (Liese et al.,
2010). However, as we only used urban schools in this chapter, the agreement statis-
tics should be roughly same for all schools. Another aspect of location-specific validity
is neighborhood characteristics. A number of validation studies that investigated the
association between database accuracy and neighborhood socio-economic factors or
race/ethnicity composition have found little evidence for the different validity across

neighborhood characteristics (Liese et al., 2010; Powell et al., 2011; Bader et al., 2010;
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Cummins and Macintyre, 2009).
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CHAPTER IV

Estimating the Effect of Latent Time-Varying

Count Exposures Using Multiple Lists

4.1 Introduction

The majority of longitudinal built-environment health studies contextualize the
population health within the neighborhood’s health-relevant resources over time. Re-
cent studies have taken advantage of retrospective study designs with the benefit of
having longer follow-up periods that typically rely on historical data on the busi-
ness establishments provided by private data vendors (Zenk et al., 2018; Wang et al.,
2019). For example, the association between obesity status of individuals with avail-
ability of food outlets that influence dietary choices is of interest. Although such
secondary commercial databases often provide longitudinal point-referenced data,
preceding studies raised concerns about measurement error when quantifying envi-
ronmental influences with secondary commercial lists (Kaufman et al., 2015b; Hirsch
et al., 2020). Counting the number of built environments within the neighborhood
around subjects is one of the most widely used tools to quantify the environmental
exposure (Berke et al., 2007; Rutt and Coleman, 2005). Imperfect listings of busi-
nesses in the commercial databases such as false listings of non-existing businesses or

falsely omitted businesses yield undercount or overcount of exposures.
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Ignoring the measurement error in exposures are well known to impair the esti-
mation of exposure-outcome association (Greenland, 1980; Song and Huang, 2006).
However, we often cannot remove the measurement error by directly correcting the
databases as it is expensive to obtain primary data about true point-referenced envi-
ronment features. Also, matching the business information across different databases
is not permitted as they are proprietary data. Instead, we use aggregated level of
information (counting measure). Then, we have replicated and error-prone measures
of exposures from different databases. Figure 4.1 shows that the distribution of ob-
served exposures differs between the databases and Figure 4.2 shows the disagreeing
exposure measurements over time because one of the databases shows more change
from year to year. Two figures indicate that the inference about exposure-outcome
association can be inconsistent by the choice of database. As source quality of each
listing can be found by external field validation studies (Powell et al., 2011; Liese
et al., 2013; Fleischhacker et al., 2012), we suggest integrating the multiple observed
exposures based on prior information about source quality in order to estimate unbi-
ased association between the true exposures and time-varying health outcomes. Here,
challenges arise with unknown temporal dependencies in true count exposures and
time-varying measurement error mechanisms because source qualities are likely to
change over years.

In the existing measurement error literature, methods for measurement errors in
time-varying covariates have been developed with survival data models (Liao et al.,
2011; Huang and Wang, 2000; Thomas, 2009). Integrating time-varying information
from different sources has also been studied in the field of official statistics when
multiple annual surveys produce conflicting estimates for the same quantity (Cheng
et al., 2015; Lohr and Raghunathan, 2017). However, most of these studies use
classical error assumption that comes with normality of measurement errors. This is

not desirable in our case because we have time-varying count exposures and integer-
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valued errors. Conceptually similar to misclassification errors in discrete covariates
(Spiegelman et al., 2000; Greenland, 2000), we use trinomial distribution to model
the relationship between observed and true exposures, and we allow cell probabilities
vary over time to address the time-dependent measurement error mechanism.

Models for imperfect count data for a given period of follow-up have been devel-
oped in ecological studies that aim to estimate the abundance of species using the
count of detected animals from repeated visits to multiple sites (Royle, 2004). To
address this estimation problem, N-mixture models have been developed as an al-
ternative to expensive abundance estimation tools such as capture-recapture (Royle,
2004; Dail and Madsen, 2011; Martin et al., 2011). Animal detection can be trans-
lated to business detection in our problem. Although the framework of using temporal
‘observed’ count to estimate latent true count data is similar to the N-mixture, the
major differences between our work and the N-mixture model lie in (1) the goal of
the model, (2) the modeling assumptions, and (3) the availability of data. While the
N-mixture model is interested in accurate estimation of latent count data, we are
further interested in estimating the association between the latent count and health
outcomes. Also, the traditional N-mixture model assumes a closed population, i.e.,
abundance at each location does not change over time, and the absence of false pos-
itives, i.e., no false detection of ‘phantom’ animals. In contrast, we have dynamic
population sizes (opening and closing businesses) and false positive listings. Further-
more, unlike the N-mixture model that uses a single observation for each location
and time, we have multiple observations from different sources, health outcomes, and
external information about the source quality.

In this study, we propose joint modeling of health outcomes, observed exposures,
and latent exposures that incorporates source quality to integrate multiple longitudi-
nal databases and provides a better estimate of health effects associated with changes

in exposure to the nearby food environment. Bayesian framework is used to effectively
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incorporate external information into the model and to deal with the heterogeneity
in expected exposures and business dynamics by different subject locations. For
flexible modeling of such heterogeneity in the data, we use Bayesian nonparametric
approach. Having introduced the data in Section 4.2, we further describe our model
in Section 4.3 and evaluate the proposed model in Section 4.4 with simulation studies.
Our method is demonstrated with childhood obesity data in California from 2001 to

2008 in Section 4.5.

4.2 Exposure measurements using commercial lists

Our motivating example aims to estimate the association of childhood obesity
with school neighborhoods’ dynamic food environments, using convenience stores as
an exposure marker. To compute school-level exposures, we count the number of
convenience stores within 1-mile radius buffer around the school separately each year
from 2001 to 2008. We also have the mean BMI z-scores at school-level that are calcu-
lated from cross-sectionally collected children’s fitness data (California Department of
Education, 2019).

We calculate the count exposure by using geocodes (latitude, longitude) of urban
public schools in California (N=1,834) and geocodes of convenience stores listed in
the National Establishment Time-Series (NETS) database and InfoUSA. The NETS
database is a product derived from Dun & Bradstreet’s (D&B) for longitudinal anal-
ysis. Both NETS and InfoUSA are commonly used secondary retail food outlet data
sources that offer an annual register of business information. Two databases are de-
signed to collect entire establishments each year, and both data companies provide
business names, service types such as standard industrial classification (SIC) codes,
as well as geographic locations.

The discrepancy between the two databases is easily shown in Figure 4.1 and

Figure 4.2. Figure 4.1 presents the overlay of annual exposure density from 2001 to

78



2008. In both sources, exposure density shifts to the right from the baseline (red to
blue), implying increased availability of convenience stores in many schools although
the NETS database shows less amount change than InfoUSA. Figure 4.2 shows the
discrepancy between two sources for the school-level trajectory of exposures in a given
period of time. By taking five randomly sampled schools as an example, the figure
implies that the conflict between exposures from two databases occurs almost every
year.

The incompleteness of commercial databases is one major reason for the discor-
dance in exposure measurements between data sources. A rich amount of validation
studies compare the commercial databases with ground observations from field stud-
ies, or from gold-standard data such as local government databases (Powell et al.
(2011); Liese et al. (2013)). The agreement between the true availability and listings
on commercial databases is measured by the number of correctly listed businesses
(true positive), incorrectly omitted businesses (false negative), and incorrectly listed
businesses (false positive). These measures are used to calculate agreement statistics:
(1) sensitivity: the proportion of ground-truthed establishments that were also listed
in the commercial database and (2) positive predictive value (PPV): the proportion
of establishments listed in the commercial database that were also observed on the
ground. In the following section, we describe our model to integrate these conflicting
exposures using source credibilities to obtain a valid inference for the health effect of

latent historical true exposures.
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Figure 4.1: Annual distribution of exposure to convenience stores between the cal-
endar year 2001 to 2008, for N=1,834 urban schools in California, using NETS and
InfoUSA.
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Figure 4.2: The number of convenience stores within 1-mile buffer by year, for ran-
domly sampled five schools. Each school is represented by a colored line. The
convenience store is defined as establishments with SIC code 541102 (convenience
stores), 55410000 (gasoline service stations), 55419901 (filling stations, gasoline), and
55419903 (truck stops) are treated as convenience stores in the NETS database. For
the InfoUSA database, convenience stores are defined as establishments that have
NAICS codes 541103 (convenience stores), 554101 (service stations—gasoline and
oil), 554102 (gas—diesel), and 554103 (truck stops and plazas).

4.3 Modeling strategy

For each school i = 1,...,n, we observe continuous health outcome {Y;;} and

observed exposures {WA} and {W2} from source A and source B, respectively, for

80



equally spaced measurement times ¢t = 1,...,7T. Let X;; denote the true, unobserved
outlet count within a one mile radius buffer of ith subject (e.g., school) at time ¢. Here
we interchange the term subject and site, as the subject stays at the fixed location.
For simplicity of outcome model, we assume a simple multivariate linear regression
model: Yy = By + 5. X + €1 with (€;1,...€67) ~ MV Np(0,%;). In the real data
application in Section 4.5, we assumed >; = X with the autoregressive covariance
structure of order 1 (AR(1)) with a standard deviation ¢ and a correlation parameter
p. We will use this covariance assumption for the rest of this section as well. Our

primary interest is in estimation of [,.

4.3.1 Measurement error model

Table 4.1: Contingency tables comparing truth and observed exposures from two
databases (s = A, B) for subject i at time ¢t. Each table has T'P; (true positive of
subject 7 at time ¢ from source s), F'Nj (false negative), F'P; (false positive), and
corresponding cell probabilities (07,,, 05y, 05,)-

(a) Database 1 (b) Database 2

Listed Not Listed | Total Listed Not Listed | Total
Exist TP} (6%,) FNg (0,) | Xu Exist TP} (07,) FNZ(O%) | X
Not exist F P (04, - Not exist FPE (68,) -
Total Wi Total Wi

At each location at time ¢, we can model (W3, W2, X;;) with two trinomial con-
tingency tables with structural zeros that are not observable by the study design.
Since two data vendors collect business data independently, we assume conditional
independence of the two contingency tables in Table 4.1 given the true exposure Xj;.
We allow the sensitivity and PPV of each data source change over time, but are
not site-specific, i.e., sen;; = seny, ppvy = ppvy. Although one might consider that

different source quality by the subjects due to geographic characteristics, there is

inconsistent findings about association between the source quality and neighborhood
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characteristics such as census-tract level socio-economic status or urbanicity (Lebel
et al., 2017). Therefore, we let sensitivity and PPV values are shared across all indi-

viduals. Then, the cell probabilities in each table at time t for any one location can

. . . s 1 s
be written as a function of sen; and ppvy: 07, = (lfppvf)/ppvar(lfsenf)/seanrl’91215 =

(1—senf)/sen; s (1—ppv;)/ppv;
(1—ppue)® /ppvi+(1—sens)/senf+17 721t (1—ppvy)/ppvi+(1—seni)/sen;+1

where the superscript s
stands for source (s = A or B).

The role of source quality in the relationship between the W and X;, can be
explained by the familiar measurement error framework. Under additive error as-
sumption, W5 = X, + (FP; — FN;,) where (FP; — FN;,) is a measurement error.
Consider Poisson sampling framework for contingency tables in Table 4.1 and let
Xt ~ Pois(\i). Since F P and FN}, are independent Poisson random variables,
the error has Skellam distribution. The Skellam distribution is the discrete prob-
ability distribution of the difference of two independent Poisson random variables
with mean m; and ms. The probability mass function of Skellam distribution is

k/2
p(k;mq,mg) = exp{—(mq + ms)} <m> It (2\/mimz),where the Ij(-) is the modi-

fied Bessel function and the support of kis {...,—2,—1,0,1,2,...} (Skellam, 1946).
The mean and variance of Skellam distribution are (m; +ms) and (m; —ms), respec-
tively. The error F'Pj; — F'N}, follows Skellam distribution with mean (%ﬁ — 1)t

and variance (;;’Zﬁ — 1+ 2(1 — senf)) it
t

Therefore, if sen; < ppvy, measurement error is negative on average and under-
count is more likely. On the other hand, when senj > ppv;, the observed count
exposure likely overcounts the true exposure. When sen; = ppvy, E(W35|Xi) = X;
and the observed count is unbiased for the true count due to false positive and false
negative counts canceling on average.

Note that this measurement error model violates the classical independence as-
sumption between the measurement error and the truth, and thus we cannot apply

traditional measurement error models. Instead, we can specify the joint distribution
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of (Wi, X;;) as a bivariate Poisson. The conditional distribution of W} given Xj; is

then specified by integrating out the true positive:

min{ X+, W} }
Al A A _ , Al A
FWs X, seny, ppuyt, M) = E Binom(TP;'; Xy, seny') X
TP4=0

Pois | Wi — TP sen — senit | \; (4.1)
it it ppUA t it | - :

t

For source B, f(WE; Xy, sen?, ppvB, \iy) can be similarly constructed. If there

was no false positive in the listings so that W;; = T'P;;, our problem resembles the as-

it
sumed data in Royle’s N-mixture model. Although the false positives makes our data
more complicated by adding either positive or negative measurement errors, we have
multiple databases which will help correct for the consequences of the measurement
errors. With the conditional independence assumption between observed measure-

ments given the true exposures, we can model observed exposures given the truth

as

f(VVl?, V[/zl?v X’it7 SGTLtA,ppU?, Sen1]€37ppv11337 )\Zt) :f(VVz?’ Xit7 SentA7ppUtA7 )\’Lt> X

FWES: Xir, sen, ppu2, Air) (4.2)

for subject ¢ at time t.

4.3.2 Dependencies in true exposures

We aim to model both heterogeneity of latent longitudinal count data X; =
(Xi1, ..., Xir) across different subjects and serial correlations within the count series.
We define y;, X;, A\, wi, w? as length-T vectors of observed outcomes, latent true
exposures, expected true exposures, and observed exposures of ith school during the

time t = 1,...,7T. Using the measurement error model described in the previous
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section, the school-specific full likelihood is given as:

L(X;, B, 0, p, senit, ppvy*, sen, ppug, Ai| Vi, Wi W)

T
:f(Y;a Xia ﬁv g, p) (H f(wfz?a Xita sentA,ppv;A, Alt)f(Wzl? Xita sen?,ppv?, Azt)) X

t=1

(X A). (4.3)

Instead of independent exposures, f(X;; A;) = Hthl Pois(Xi; Air), we need to model

time dependencies of true exposures because X, is likely dependent to the past expo-
sure X;;_1. A class of Poisson autoregressive models can be one potential approach
for time series of counts (Brandt and Williams, 2001; Held et al., 2006; Fokianos and
Tjostheim, 2011). We extend the integer-valued Poisson autoregressive model, first
introduced by (Alzaid and Al-Osh, 1988), as it was effectively used in modeling mul-
tiple time-series counts data (Bockenholt, 1998; Aldor-Noiman et al., 2016) and the
conceptually similar migration decomposition approach was used for an open popu-
lation in the generalized N-mixture model to allow birth and immigrants (Dail and
Madsen, 2011).

We specify the conditional distribution X;; given X;;_; after the baseline as

Xil ~ POiS()\il),
Xit| Xit-1 =po Xy—1 + ey, > 1,

eir ~ Pois(p;). (4.4)

The p o X;;_1 in equation (4.4) models dependencies between past and present
exposures by the binomial thinning operator o. The binomial thinning operation
gives po X;; 1 = Bin(X;_1;p) where p represents the probability of business sur-
vival from ¢ — 1 to ¢ and p € [0,1]. Another part, e;, is a Poisson random variable

with rate p; which reflects the rate at which new stores open near site ¢ since time
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t — 1 (hereafter we refer to this as store opening rate). Here, we assume the inde-
pendence between the new arrivals e;; and X;;_;. Then, combined with our assump-
tion about the baseline f(X;1; A1) ~ Pois(A\;1), the marginal distribution of Xj; is
Poisson distribution because of additivity of Poisson distribution and the fact that
Poisson distribution is invariant to binomial thinning (Puig and Valero, 2007). The

mean parameter of marginal X;; can be written as iy = p'~ ' i1 + i wi for t > 1

1—pt=

1-p
(Proof available in Appendix C.1). The Markov assumption leads to f(Xj; i, A, p) =
f( X1 Ai1) HtT:2 f(Xi; X1, p, ;) and the f(X;; Xi—1,p, ;) is a discrete convolution
of Binomial and Poisson: Zzg{x“’x”*l} Bin(x;; — e;xy-1,p)Pois(e; p;). Unlike the
classic INAR(1) process, we allow non-stationarity of the series so that the mean and
variance are changing over time as we could see the changing exposure distribution
from Figure 4.1.

In addition to time dependencies within a school’s exposures over time, we need a
flexible modeling of expected baseline exposure \;; and arrival rate p; instead of using
simple Poisson distribution with A\;; = A and u; = p. To allow heterogeneity of school-
specific expected baseline exposure, we impose the Dirichlet process (DP) prior on the
i1 (Ferguson, 1973). The Dirichlet process, DP(«, Gy), with baseline distribution
Gy and concentration parameter o provides a distribution over countably infinite
probability measures (Teh et al., 2010). The resulting Dirichlet process mixture model
can be considered as a limit of a finite mixture model (Neal, 2000). The DP prior
groups the schools according to their corresponding \;; into an unknown number of
clusters and schools with same group have a common value of )\;;. Although Dirichlet
process mixture models are popularly used for clustering problems, our model uses
DP priors to estimate density nonparametrically, not to find true clusters.

We also separately model the heterogeneity of arrival rate p; with a similar man-
ner. Independent processes are assumed for \;; and p; because we do not have any

prior knowledge about the relationship between the two parameters. However, when
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the arrival rate is assumed to be dependent on the initial expected exposure, we can
consider modeling p; as a function of \;; or use site-specific covariates as in animal
population research (Dail and Madsen, 2011). The DP prior for y; has been previ-
ously studied to estimate the location-specific crime rates in crime event time-series
data and it is shown to well perform in different values of rates (Aldor-Noiman et al.,
2016). The DP priors allow nonparametric formulation of business dynamics given

survival rate p. The two independent DP priors are given as follows.

Xil ~ POiS()\il), )\il ~ G, G ~ DP(O(, Go), (45)

ei ~ Pois(u;), pi ~ G',G' ~ DP(d, GY). (4.6)

The Dirichlet process requires the specification of a base measure and a concentra-
tion parameter. We choose base measures Gy = Gamma(1,1) and G, = Gamma(1,1)
for the conjugacy. Prior of concentration parameters o and o' are specified as
Gamma(ag, by) and Gamma(ay, by) as suggested by Escobar and West (1995). In par-
ticular, we assume exposures are overdispersed across the schools, but fewer unique
patterns in exposure trends are found. Hence, we set ay =af, = 1, by = 1, and by=10.
The computational algorithm is based on the Chinese restaurant process (CRP) and
detailed steps are available in Appendix C.2 (Teh et al., 2010; Neal, 2000).

We also tried an additional DP prior for the site-specific p;, but the model was
unstable due to an identifiability issue. Conditional on unknown Xj;,_;, distinction
among different representations of p; o X;;_; is difficult without a common site effect
governing their mean (Barker et al., 2018). To alleviate this issue, we instead fixed
the autocorrelation p across locations while allowing location-specific p;’s as in the
generalized N-mixture model (Dail and Madsen, 2011). However, a logit model for p;
can be considered to model additional spatial variation when site-specific covariates

are available (Bockenholt, 1998; Kery et al., 2009).
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4.3.3 Model for time-varying source quality

Given the historical nature of the data, it is sensible to assume the different quality
of commercial lists over time. A practical concern arises as not all values of sensitivity
and PPV throughout the study time period are provided by external field studies.
Instead, we have partial knowledge of agreement statistics for a few time points. In
this paper, we assume the source agreement statistics are available for the last year
T of the study period (i.e., estimates for seny, ppur are available).

Although partial knowledge of the multinomial cell entries such as Table 4.1 causes
a problem in identifiability (Swartz et al., 2004; Neath and Samaniego, 1997), Bayesian
approaches with an introduction of the prior information are shown to rectify the
nonidentifiability problem and make a reasonable inference (Neath and Samaniego,
1997; Gustafson, 2005). Therefore, under the Bayesian framework, we construct a
prior distribution for (senf,ppvi),t = 1,...,T. Here, note that by including T, we
assume that true values of last year’s source quality can be different from reference
values because those values are not from our direct observation. However, the last
year’s reference values help us model informative priors instead of flat priors. We
use the identical and independent prior distributions for each year’s source quality
using the last year’s reference values because we believe that historical source qualities
are not largely deviated from the last year’s value and we do not know underlying
trends in sensitivity or PPV. One might also extend the prior with constraints such as
strictly increasing sensitivity or PPV (e.g., sen; < seny < ... < senr). As discussed
in Chapter III, however, the information about changes in source quality is not known
as there is no field studies that examined annual source quality for the same or similar
geographic area (Fleischhacker et al., 2013; Lebel et al., 2017). Therefore, we assumed

independence between annual source qualities to have flexibility in the scope of this

paper.

Both sensitivity and PPV share the 6f,, because sen; = 911(35 and ppv; =
11t 12t
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9{'1(531(35” by definition. Therefore, we consider the joint prior distribution 7(605,,, 65,,, 05;,)
instead of independent priors for sensitivity and PPV. To model the joint prior, we use
reparameterization of a Dirichlet distribution into Gamma distribution (Narayanan,
1990). We define three independent standard Gamma variables U}, ~ Gamma(vj,;, 1) =
Gamma(~;, 1),k = 1,2, 3 for each cell in Table 4.1. As previously described, we use
identical prior distribution for all time points, so that v}, = v} for £ = 1,2,3. Then,

(0514, 0594, 051,) = (U3, /Re, Us, /Ry, U3, Ry) where R, = Y, U, follows Dirichlet distri-

. . . . . . Us
bution with parameters (7,73, 73). This reparameterization gives sen{ = o7, itUZt ~
Us .
Beta(vy;,~s) and ppv; = o7, +1§J§t ~ Beta(v;,~5). Since we can have reference values

for sensitivity and PPV of year T, we can obtain (7{,75,~5) by matching the mean
and standard errors of the reference values. Choosing hyperparameters that match
the prior guess is one recommended strategy for nonidentifiable models (Gustafson
et al., 2001). Sampling of (senf, ppv{) is then fairly straightforward using Metropolis-

Hastings algorithm (Details available in Appendix C.2).

4.4 Simulation study

We conducted a simulation study to evaluate the ability of our proposed method
to reduce the bias in exposure effect estimation due to the presence of measurement
errors. The simulation used a full factorial design with two different effect sizes for
[, two values for the number of follow-ups, T, three different values for the business
survival probability p, and two different settings of the relative size of sensitivities to
PPVs, giving 24 different scenarios.

True exposure data are simulated with N = 300 subjects, T = {4, 8} longitudinal
observations per subject, and with different survival rate values p = {0.5,0.8,0.99}.
In all scenarios, we use two mixture components to generate baseline exposure, i.e.,
A1 taking the value of either 5 or 15, with mixing probability 0.9 and 0.1. Store

opening rates are fixed to either of two realistic values, p; = (0.5,1.5) with equal
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mixing probabilities. For example, u; = 0.5 represents one new store is expected
to open every two years within the subject’s 1-mile buffer area. Therefore, we have
total four different combinations of (\;1, ;) for individual exposure trajectory for each
scenario. True exposure trends with different business survival probabilities, p, are
shown in Appendix C.1. Continuous outcome data are then generated according to
the model in Section 4.3 with 8y = 0.85, 8, = {0.05,0.5}, p = 0.5, and o = 0.35,
with AR(1) correlation within the repeated measurements.

Source credibilities at time T are set to (sen4, ppvs, sen2, ppvB) = (0.38, 0.48,
0.5, 0.62) based on published sensitivity and PPV values of NETS and InfoUSA
for convenience stores in 2008 (Powell et al., 2011). The remaining 7" — 1 years’
sensitivities and PPVs are randomly sampled from Beta distributions with the mean
centered around (sen?,ppv#, sen® ppvZ) and standard deviations that match the
standard errors of sample proportions. Observed exposures are then generated from
the trinomial distributions in Table 4.1.

Although sen < ppv is dominant according to validation studies (Lebel et al.,
2017), we also investigate the impact of having more false positives than false nega-
tives. Another set of observed exposures are generated with sensitivities and PPVs
that are sampled with reversed values, i.e., (sen?, ppvs, senB, ppvB) = (0.48, 0.38,
0.62, 0.5). Reversing sensitivity and PPV values exchanges the probability of false
positives and false negatives, while maintaining the probability for true positives.
Other scenarios with conflicting agreement such as (sen* < ppvt®, sen? > ppvB) can
exist, but we found that the relative size of sensitivity to PPV is mostly consistent
across different data sources (Lebel et al., 2017; Powell et al., 2011). Hence, we only
present (senfy < ppvg, sen < ppvB) or (senpy > ppuy, sent > ppul).

Additionally, a natural concern may arise with prior misspecification, especially
when the true source qualities take values different than expected by the exter-

nal information. Therefore, we run correctly and incorrectly specified priors for
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source credibility for each of the 24 scenarios. Correctly specified priors use true
(senk, ppui, sen® ppv2) to construct priors, whereas incorrectly specified models use
values that are 20% higher or lower than the truth so that (seny x 1.2, ppvy x
0.8, sen? x 0.8, ppv? x 1.2) are used to calculate hyperparameters for priors. True
sensitivities and PPVs with prior densities from correct and incorrect information are
displayed in Appendix C.2.

The model performance was evaluated by comparing root mean square error
(RMSE) for our target coefficient g, based on 50 simulated dataset each scenario.
Estimates for (3, are obtained from the proposed methods and naive generalized least
square methods using either a single-sourced exposure predictor (only source 1 is
presented) or an averaged exposure predictor. Using the Gelman-Rubin convergence
diagnostic (Gelman and Rubin, 1992), multivariate potential scale reduction factors
were all near 1.1 after 200,000 iterations based on five independent Markov chains
with random starting values, indicating convergence. The convergence was checked

for a subset of scenarios (8, = 0.05, T'=8). Simulation results from 24 scenarios are

summarized in Table 4.2.
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4.4.1 Simulation results

Table 4.2: Summaries of the sampling distribution of £, based on 50 simulated data
sets. Root mean square error (RMSE), percent bias, and coverage probability (CP)
are presented for each scenario. N=300 sites, T={4,8}, and business dynamics p
= {0.99, 0.8, 0.5}, p; = (0.5,1.5), and A\;; = (5,15). Regression parameters are
Bo = 0.85, B, = {0.05,0.5} ¢ = 0.35, and p = 0.5.

Be T p Naive: source 1 Naive: averaged W | Correctly specified prior Misspecified prior

RMSE %Bias CP | RMSE %Bias CP | RMSE %Bias CP | RMSE %Bias CP

sen<ppv 0.05 4 0.5 | 0.0154 -29.8% 4% | 0.0044 1.3% 96% | 0.0042 -1.5% 98% | 0.0064 -10.2% 92%
sen<ppv 0.05 4 0.8 |0.0273 -54.0% 0% | 0.0122 -22.8% 24% | 0.0073  10.0% 88% | 0.0052 2.5% 96%
sen<ppv 0.05 4 0.99 | 0.0248 -49.3% 0% | 0.010 -18.9% 20% | 0.0039  -4.6% 92% | 0.0046 -6.9% 92%
sen<ppv 0.05 8 0.5 | 0.0205 -40.4% 0% | 0.0065 -10.3% 76% | 0.0053 6.6% 92% | 0.0042 -3.4% 94%
sen<ppv 0.05 8 0.8 | 0.0317 -63.2% 0% | 0.0164 -32.3% 0% | 0.0059 8.4% 88% | 0.0039 1.4% 96%
sen<ppv 0.05 8 0.99| 0.0292 -58.3% 0% | 0.0131 -25.6% 0% | 0.0030 3.4% 94% | 0.0025 -1.5% 95%
sen<ppv 0.5 4 0.5 | 0.1414 -27.8% 0% | 0.0439 7.6% 20% | 0.0476 9.1% 15% | 0.0220 3.4% 88%
sen<ppv 0.5 4 0.8 | 0.3945 -78.9% 0% | 0.2547 -50.8% 0% | 0.0459 8.8% 18% | 0.0217 3.4% 84%
sen<ppv 0.5 4 0.99 | 04132 -82.6% 0% | 0.3225 -64.4% 0% | 0.0162 1.6% 922% | 0.0174 -2.1% 88%
sen<ppv 0.5 8 0.5 | 0.2092 -41.7% 0% | 0.0187 -2.2% 60% | 0.0185 2.9% 4% | 0.0152  -22% 82%
sen<ppv 0.5 8 0.8 | 04159 -83.2% 0% | 0.3044 -60.8% 0% | 0.0230 4.1% 58% | 0.0104 -0.7% 98%
sen<ppv 0.5 8 0.99 | 0.4413 -88.3% 0% | 0.3790 -75.8% 0% | 0.0179 2.6% 66% | 0.0134 -1.5% 83%

sen>ppv  0.05 4 0.5 | 0.0230 -45.6% 0% | 0.0150 -29.6% 0% | 0.0047 -4.2% 92% | 0.0061 -9.1% 88%
sen>ppv  0.05 4 0.8 | 0.0310 -61.7% 0% | 0.0201 -39.6% 0% | 0.0055 -6.3% 92% | 0.0068 -10.7% T76%
sen>ppv  0.05 4 0.99 | 0.0293 -58.5% 0% | 0.0197 -39.1% 0% | 0.0036  -0.3% 98% | 0.0047  -5.7% 94%
sen>ppv  0.05 8 0.5 | 0.0258 -51.3% 0% | 0.0154 -30.1% 0% | 0.0046 -1.7% 92% | 0.0057 -7.3% 82%
sen>ppv  0.05 8 0.8 | 0.0346 -69.1% 0% | 0.0236 -46.8% 0% | 0.0068 -10.9% 60% | 0.0085 -152% 42%

sen>ppv  0.05 8 0.99 | 0.0317 -63.3% 0% | 0.021 -41.8% 0% | 0.0041 -6.0% 70% | 0.0063 -11.4% 40%
sen>ppv 0.5 4 0.5 | 02151 -42.9% 0% | 0.1369 -27.3% 0% | 0.0493  -9.6% 6% | 0.0626 -12.2% 0%
sen>ppv 0.5 4 0.8 | 04039 -80.7% 0% | 0.2710 -54.0% 0% | 0.0478  -9.2% 12% | 0.0665 -13.1% 0%

sen>ppv 0.5 4 0.99 | 04151 -83.0% 0% | 0.3307 -66.1% 0% | 0.0420 -7.9% 28% | 0.0626 -122% 0%
sen>ppv 0.5 8 0.5 | 0.2495 -49.8% 0% | 0.1367 -27.3% 0% | 0.0559 -11.0% 0% | 0.0731 -145% 0%
sen>ppv 0.5 8 0.8 | 04281 -85.6% 0% | 0.3306 -66.1% 0% | 0.0731 -14.5% 0% | 0.0917 -182% 0%
sen>ppv 0.5 8 0.99 | 0.4470 -89.4% 0% | 0.3874 -77.5% 0% | 0.0645 -12.7% 0% | 0.0852 -16.9% 0%

Naive results show that RMSE is larger when we have a higher true effect size for 3,
as it makes the model more sensitive to errors in exposures. Our model performance
such as coverage probability is also limited by the large effect size, but we are not

too concerned about this finding because the effect size is likely to be very small in
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the real data (< 0.05). Longer T" and higher autocorrelation p generally increases
naive RMSE, as successive measurement errors for a longer sequence are more likely
to make observed exposure trajectory far from the true data and thus result in biased
estimation of 3.

When sensitivity is smaller than PPV, this simulation study presents attenuated
coefficient estimates when a single source is used and mixed direction of bias when
exposures are averaged. However, we should recall the findings from Chapter III that
the direction and size of bias are dependent on dispersion of true exposures when
we have more undercount errors (sensitivity < PPV). The relationship between the
bias and the distribution of latent true exposure is more complicated in longitudinal
design, but findings from Chapter III implies that both attenuation and inflation can
occur with time-varying measurement errors as well. We should also note that naive
methods show negative bias with larger magnitude and larger RMSE when sensitivity
is greater than PPV. This is consistent to the simulation results from Chapter III that
bias is always negative when sensitivity > PPV. When this occurs, there are relatively
more incorrectly included businesses than incorrectly omitted business, which creates
a noisier exposure measure than the scenario when sensitivity is lower than PPV.
Formally, recall that the measurement error variance is (;%;g —1+2(1—- senf)) Ait-
This variance increases when sen; > ppv; thus producing more biased estimates be-
cause errors with higher variability are added to the true exposures compared to the
scenario with sen; < ppv{. Despite more erroneous observed exposure, our model
greatly reduces bias and RMSE compared to naive models. Our model provides ap-
proximately correct coverage for [, when sensitivity is smaller than PPV and the
effect size is small (0.05). In this setting, performance of our model is robust to the
mild prior misspecification. However, the model is more sensitive to the misspecifi-
cation in the opposite case (sensitivity > PPV). As the sen; < ppv} with small effect

size is the most plausible scenarios in the built-environment studies, we can expect
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that our proposed model will well perform with the real data application.

4.5 Childhood BMI study in California from 2001 to 2008

In this section, our proposed model is applied to find the association between
the changing availability of convenience stores near schools and the changes in body
weight of Hth and 7th-grade children attending urban public schools in California
from 2001 to 2008 (also see Section 4.2) using two available commercial databases.
Children’s weight and height are collected by repeated cross-sectional Fitnessgram
test (California Department of Education (2019)). Body mass index z-scores (BMIz)
were then calculated by standardizing BMI according to age and sex-specific reference
distributions because children have varying development of body compositions by age
and sex (Must and Anderson (2006)). For the same reason, we also considered a
stratified analysis by grade and sex. Our outcome variable is school-level average
body mass index z-scores (BMIz) among children in urban public schools for T = 8
years. There were 1,369 schools and 1,341 schools that provided 8 years of BMI
z-scores of male and female Hth-grade students, respectively. For 7th graders, 397
schools and 394 schools reported 8 years of BMI z-scores of male and female students,
respectively. Other covariates such as publicly available school-level characteristics
as covariates (e.g., income, ethnicity) were adjusted in the regression model.

To allow the nonlinear effect of one store increase in the school neighborhood,
we used logo(1 + x;;) as an exposure predictor that copes with zero values in a count
variable. Then the regression coefficient is interpreted as the difference in the outcome
associated with a doubling in exposure. The model for each stratum is specified as

follows.

Yii = 50 + @:5092(1%‘1: + 1) + ﬁtTimeit + ﬁsp(Timeit - 5)+ + Z;@z + 'Uz/‘tﬁv + €5t (4-7)
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where Corr(e;, ers) = p® for all t and s. To weight different number of students

each year when averaging BMI-z scores on the school level, we assume Var(e;) = La

nit
where n;; is the number of children in the 7th school at time t at a given grade and
sex. Time variable takes a numeric value between 1 (year 2001) to 8 (year 2008) and
we added a linear spline knot at Twme;; = 5 as there was a new school nutrition policy
introduced in year 2005 (Ortiz, 2003). The bill prohibited the sale of sugar-added
beverages and certain snacks in elementary schools.

We also adjusted for time-invariant school-level demographic characteristics z;
such as baseline community household income, and baseline community education
level. Time-varying covariates v; include schools’ percentage ethnicity and school’s
enrollment size at time t¢.

Considering the similarity of urbanization level of the study region and the year
that data were collected, Powell et al.’s validity statistics for Chicago metropolitan
area in 2009 are used as reference for the California establishment data in 2008. Ac-
cording to the authors, the sensitivity of D&B and InfoUSA for convenience stores
were 0.3769 (SE: 0.0263) and 0.5047 (SE: 0.0271), respectively, with PPVs of 0.4812
(SE: 0.0313, D&B) and PPV 0.6182 (SE: 0.0286, InfoUSA). Therefore, the prior distri-

NETS NETS) and ( InfoUSA,

. InfoUSA
bution for (sen, ">, ppy, sen; ¢ )

ppv for t < 8 were constructed

using these external information. For example, hyperparameter calculation by match-
ing moments according to Section 4.3.3 gives us (y{reUSA 4foUSA) — (171.3,168.1)

from sensitivity and (yReUSA InfoUSA) — (177.8 109.8) from PPV. The value of

InfoUSA
1

7y computed with sensitivity and PPV are slightly different due to potential

measurement errors in data, but we simply take an average of these two values and fi-

nally gain (y{rioUSA, onfoUSA [ nfoUSA) — (LTLSHITES 1768.1,109.8). Then, the prior dis-

tribution ﬂ.(@{rllgoUSA7 Q{ggoUSA7 eénéOUSA) — DiTiChth(’y%nfOUSA, ,yénfoUSA7 ,Y:gnfoUSA)' Simi-

larly, (yNETS ANETS ANETS) — (124.9,210.9,131.7). We investigated the benefit of

estimating source qualities instead of using fixed values for annual source qualities.
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By comparing graphical posterior checks of replicated W’s (Appendix C.3), the model
that estimates each year’s source quality has a better model fit than the model that
simply plugs in the reference values for all years. Therefore, this comparison empha-
sizes that the values of historical sensitivity and PPV are varying over time and we
should estimate them.

Figure 4.3 shows the corrected results from our model and the naive estimates
for the effect of doubling convenience stores on the school’s mean BMIz. The results
shows that the naive use of data give smaller magnitude of effect size compared to
our approach. Stronger positive associations between exposure to convenience stores
and school-level obesity risk are found by our proposed model and the model with
the averaged predictor. The length of intervals is shortest in the proposed model and
shorter for 5th grader data due to the larger sample size. The effect of adjusted co-
variates implied that schools with a higher percentage of Hispanic and Black students
have significantly higher mean BMIz. Also, all strata showed a significant positive
time effect with a negative spline effect, indicating the effect of policy intervention
on school-level obesity. Posterior summaries of other covariates are available in Ap-

pendix C.1.

95



5th, Female 5th, Male
T T
} }
Proposed : l—.—' : l—.—'
[} [}
1 1
vers| o p—a— A
1 1
1 1
1 1
InfoUSA | 1 l—A—' 1 l—A—'
1 1
1 1
Avera | l A | | l A l
ge ! | ]! | |
1 1
] 1 1
o
<
= 7th, Female 7th, Male
T T
= L | ' | |
Proposed : | @ | : | L |
[} [}
1 1
NETS II A } ! } A }
1 1
1 1
. | o |
InfoUSA | 1| A | 1 | A |
1 1
1 1
! | | ! | |
Average | 1 | A | ! | A |
1 1
} T T T } T T T
0.00 0.01 0.02 0.03 0.00 0.01 0.02 0.03

Mean (95% ClI)

Figure 4.3: Comparison of estimated change in mean standardized BMI per dou-
bling convenience stores around 1-mile buffer from a school between 2001 and 2008
after fitting the proposed model, naive model with single-sourced exposure (NETS,
InfoUSA), and naive model with averaged exposure (Average). Stratified analyses
are conducted by grade (5th, 7th) and sex. Plotted are posterior means (filled circle
dots) with 95% credible intervals for the proposed model, and generalized least square
estimates (open triangle dots) with 95% confidence intervals for naive models.

In addition to stratified analyses, we also conducted an unstratified analysis using
all subjects together and adjusting for stratum-factors in the regression model. When
using all subjects combined, we found a differential effect of doubling exposure on
school-level BMIz by grade. Increased exposure to conveniences stores had stronger
influence for fifth graders and this is also shown in Figure 4.3 from stratified analyses.
This implies that nearby convenience stores around schools are more detrimental to

younger students.
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Figure 4.4: Estimated difference in mean standardized BMI per doubling convenience
stores around schools between 2001 and 2008, using unstratified analysis. See caption
of Figure 4.3 for the description of methods.

4.6 Discussion

By accounting for business dynamics in latent time-varying exposures, the pro-
posed method showed that we can significantly reduce the bias of health effect esti-
mates. Our method takes advantage of additional information about source quality
that is reported from field studies and can limit costly data cleaning or data matching.
Another attractive feature of the presented model is its parsimonious structure about
sources of dependencies without requiring site- or time-dependent covariates. While
this may sound appealing, it is important to carefully consider the assumption of the
data generation mechanism and the availability of external source agreement statis-
tics before applications of the model. Fortunately, the presented Bayesian framework
greatly facilitates estimations of target parameters and reduces considerable bias in

the naive inference that can be misleading due to measurement errors.
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One straightforward extension is a different outcome model f(y;|x;) although
derivation and estimation of posterior may not be simple. Another practical consid-
eration centers around the choice of the prior distribution for sensitivity and PPV.
Considering the amount of field studies, having a good reference for one or more years
will not be extremely difficult. However, in practice, one might carry out the analysis
for several different priors for sensitivity analyses.

Further investigation about measurement errors due to imputed data, specifically
for the longitudinal databases such as NETS, can be another future direction. Some
information in NETS is known to be imputed based on the past year’s database for
the purpose of longitudinal use (Barnatchez et al., 2017). However, there is limited
information about the mechanism of missing information and imputation of data in
NETS, leading to ignoring the ‘smoothness’ of observed exposures in the scope of our
paper. If we want to extend our model to introduce an extra layer of smoothness on
observed exposures, we can use multivariate Poisson distributions or copulas (Joe,
2014) to model temporally dependent false positives.

We have suggested and shown the benefits of our model relative to the naive use of
commercial business databases in retrospective longitudinal environmental epidemi-
ologic studies. While the issue of the incompleteness of data lists is often raised as a
concern, there has been only sporadic attention in the literature to develop methods
to reduce the bias without tedious and resource-consuming cleaning of data. Our
model provides one promising approach to using count data in imperfect listings and

provide valid inferences for regression coefficients.
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CHAPTER V

Discussion and Future Work

With growing availability of secondary commercial databases, comprehensive in-
formation about community resources can be easily obtained for a large-scale geo-
graphic area and for a long follow-up time period. Based on this digitized built-
environment information, a variety of observational health research could be con-
ducted. Food-environment health research is one of the field that actively use the
secondary commercial databases. Given documented inaccuracies in these databases,
this dissertation has explored measurement errors that arise in using commercial
databases and their effect on regression coefficient estimates. Each chapter proposed
measurement error model to correct the biased inference, particularly for built food
environment studies that use the secondary data sources. While the applications
of each model were illustrated with food environment and obesity outcomes, the
proposed models can be used to any built-environment research that use secondary
commercial databases.

This dissertation focused on measurement errors from geocoding errors and as-
certainment errors in the commercial databases. In Chapter II, we extended classical
SIMEX by Cook and Stefanski to address complex measurement error due to geocod-
ing coarsening. Key features of the method are that it does not assume a parametric

form of measurement error and that it can accommodate a stratified error process, in
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our case differences in the effects of geocode coarsening depending on whether or not
a ZIP code centroid is near a school location. The SC-SIMEX is not just restricted
to handle measurement errors from coarsened geocodes, but this method can be used
to any count measurement errors whose distribution can be decomposed into several
components. Chapter III and IV focused on the other critical source of error: faulty
records in the databases. In Chapter III, joint modeling of outcomes, observed expo-
sures, and latent exposures is proposed for a single time point. Chapter IV extends
Chapter III for the longitudinal problem where exposures are varying over time. Both
Chapter IIT and Chapter IV use external information about source credibility which
can be found by existing validation studies. Having prior knowledge about source
credibility led us to a Bayesian framework. We have shown that we can effectively
use the prior source agreement statistics to reconcile the disagreeing multiple sources.
Considering the availability of business listings provided by private sectors and the
resource constraints of most epidemiologic studies, our proposed joint model can be
easily applied to tackle erroneous exposures due to ascertainment errors.

This dissertation has practical and scientific contributions to future investigators
who confront integer-valued measurement errors in count exposures. Even in the
recent epidemiologic research with error-prone exposures (Shaw et al., 2018), only
vague discussions are given for the exposure measurement errors because the origin
and impact of the errors are not known. We hope this dissertation may serve as
a guidance on the source and structure of measurement error, size and direction of
bias on estimated associations, and methods to handle these issues. While only a
mismeasured regressor with classical measurement error in a simple regression model
leads to bias of regression coefficients toward the null, there is a perhaps oversimplified
misconception that nearly all measurement error leads to an attenuated coefficient
estimate (van Smeden et al., 2020). This thesis reminds that measurement error due

to misclassification of count data is not necessarily symmetric and random.
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All three chapters have shown that the direction and the magnitude of bias cannot
be simplified by a few simple factors. Each of methods proposed in this dissertation
also has contribution in wider class of measurement error literature by providing new
modeling frameworks to non-classical count measurement errors. Historical measure-
ment error models have been heavily focused on continuous measurement errors with
distributional assumptions on measurement error. Errors in latent count variable is
complicated due to its nature of discreteness when modeling mean and variance. Pre-
sented methods in this dissertation do not require specific distributional assumption
on measurement error term and allows flexible modeling with count data.

In the future research, we hope our methods to be extended to other regression
problems with different link functions in the outcome models. Although we demon-
strated our methods with motivating examples that use continuous BMI scores as
outcome data, all three models in this dissertation can be extended to different out-
come types. Also, modeling additional dependencies is deserving of future investi-
gation. The dependencies can include spatial dependencies of geocode accuracies,
or time-dependence in the change of source quality over years. This extension will

require extra data or strong modeling assumptions.
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APPENDIX A

Chapter II Supplementary Materials

Al

Additional measurement error and bias analysis

Figure A.1: Hlustration of measurement error mechanism for subjects with and with-
out ZIP centroid within their buffer

A
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A \\\_ _______ e
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ZIP centroid
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(a) Absence of ZIP-code centroid
in a buffer zone and the buffer is
contained in a ZIP polygon: If all
the businesses (triangular dots)
are coarsened, a subject (circular
dot) loses four businesses.

(b) Presence of ZIP-code centroid
in a buffer zone and the buffer is
contained in ZIP polygon: If all
the businesses are coarsened, a
subject gains three more
businesses.
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(c) Presence of ZIP-code centroid
in a buffer zone and ZIP
boundary (long dashed line)
crosses the buffer: If all the
businesses are coarsened, a
subject gains two more business
and loses one business.




Figure A.2: Percent bias in health effect estimates from naive multiple linear regres-
sion by coarsening level and food outlet type. Error-prone exposures to six outlet
types are regressed in the same regression model. True effect size in the simulation
is 3.2 for all outlet types.
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Figure A.4: Sample mean of individual level measurement error variance by coarsen-
ing level, for a single randomly selected school. Error variance on each subject was
estimated from 50 replications.
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A.2 Additional data analysis results

Table A.1: Number of schools by urbanicity and number of ZIP centroids within 1 mile
of the school. The majority of the schools do not have any ZIP centroids within their
1 mile circular buffer. Presence of at least one ZIP centroid within the buffer around
school implies that school is likely to be located in urbanized area. However, absence
of ZIP centroid does not necessarily imply rurality. Therefore, urbanization level
and number of ZIP centroids within 1 mile buffer of school are not interchangeable
characteristics of school location, although they are moderately correlated.

Number of ZIP centroids within 1 mile buffer of school

Urbanization Level 0 1 2 or more
Rural 2,571 270 0
Second city 1,836 372 1
Sub-Urban 1,691 645 13
Urban 1,924 2,562 485
Total 8,022 3,849 499
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A.3 Additional simulation results

Table A.2: Extension of Table 2.2, showing the performance of different extrapolation
functions: Quadratic (Quad), weighted quadratic (Quad (wt)), and cubic regressions
are used for extrapolation f(-) for the SIMEX-based approaches. N=1,000 schools
are randomly sampled. Results are from 1,000 Monte Carlo simulations with B=20,

K=100, and S=30.

Criteria/ Method f@) BAK CON FFN GRO FFC NAL
Percent Bias
Nalve -12.6%  -12.7%  2.6%  4.6% 5.7% 10.3%
Naive + centroid 03% -4.7% 32% 62% 232% 2.6%
Traditional SIMEX Quad 6.4% 14.9% 3.3% -41% 82% -4.5%
Quad (wt) 4.0% 9.0% 2.5% -2.9% 3. 7% -3.2%
Cubic -04%  -11% 21% 05% -6.8% -0.7%
Traditional SIMEX Quad -2.0% 1.4%  4.2% -1.6% -13.3% -0.5%
+centroid Quad (wt) -1.5%  03% 2.7% -1.0% -94% -0.3%
Cubic -0.9%  -25% 02% 0.7% -29% 0.5%
Split-combine SIMEX Quad 4.8% 4.7%  2.6% 2.7"% 83%  0.6%
Quad (wt) 2.8% 2.8% 1.6% 1.8% 4.7%  0.2%
Cubic -1.7%  -1.3%  -04% -12%  -34% -1.1%
Mean Squared Error x 100
Naive 18.1 22.4 5.1 2.6 4.9 12.5
Naive + centroid 1.6 7.1 4.9 4.3 56.4 2.2
Traditional SIMEX Quad 8.9 37.4 12.5 2.8 12.3 7.0
Quad (wt) 49 186 86 1.7 49 48
Cubic 4.8 16.9 11.7 1.2 5.2 5.1
Traditional SIMEX Quad 4.6 12.5 11.8 1.2 22.5 4.6
~+centroid Quad (wt) 3.3 9.2 8.1 0.9 12.1 3.6
Cubic 4.5 15.5 11.2 1.1 4.8 4.9
Split-combine SIMEX Quad 3.8 6.7 4.6 1.2 8.4 1.8
Quad (wt) 2.2 50 41 0.8 3.6 1.8
Cubic 1.8 5.3 4.1 0.6 2.7 2.0
Coverage
Naive 25% 3%  98%  52% 88% 51%
Naive + centroid 96% 89%  93% 9% 0%  92%
Traditional SIMEX Quad 86% 67%  98% 2% 83% 94%
Quad (wt) 84% 3%  94% 5% 91% 92%
Cubic 100%  100% 100% 100%  100%  100%
Traditional SIMEX Quad 98% 99%  96%  94% 25% 99%
~+centroid Quad (wt) 94% 93%  93%  93% 32% 97%
Cubic 100%  100% 100% 100%  100%  100%
Split-combine SIMEX Quad 83% 91%  96%  81% 55% 98%
Quad (wt) 85% 89%  92%  82% 73% 94%
Cubic 100%  100% 100% 100%  100%  100%
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Table A.3: Simulation results comparing naive, traditional SIMEX, adjusted SIMEX,
and split-combine SIMEX; weighted cubic regression is used for extrapolation f(-).
Compared to Table 2.2, this table includes a large sample size consisting of all schools
(N=12,370); results from 1,000 Monte Carlo simulations with B=20, K=30, and S=30.

Criteria / Method BAK CON FFN GRO FFC NAL

Percent Bias

Naive -15.1%  -9.2% 9.9% 5.5% 1.7% 11.0%
Naive + centroid 1.0% 3.1% 14.4% 57% 14.4% 1.8%
Traditional SIMEX 0.3% -2.1% 1.0%  04% -54% -0.2%

Traditional SIMEX+centroid -1.1% -2.3% 02% 0.9% -14% 0.6%
Split-combine SIMEX -1.2%  -09%  -1.2% -1.0% -2.0% -0.2%

Mean Squared Error x 100

Naive 23.9 10.6 11.9 3.3 0.8 12.8
Naive + centroid 0.7 2.8 22.7 3.5 21.8 0.8
Traditional SIMEX 1.5 4.7 4.2 0.5 4.3 1.3
Traditional SIMEX+-centroid 1.6 4.3 3.7 0.5 1.4 1.3
Split-combine SIMEX 1.0 3.1 2.7 0.2 1.7 0.7

Coverage Probability

Naive 0%  15% 9% 0% 68% 0%
Naive + centroid 63%  49% 1% 0% 0% 55%
Traditional SIMEX 99% 97% 98% 99% 64% 98%

Traditional SIMEX+-centroid 98%  95% 98% 9% 98% 98%
Split-combine SIMEX 9%5%  93% 9%  95% 90% 98%
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Table A.4: Simulation results comparing naive, traditional SIMEX, adjusted SIMEX,
and split-combine SIMEX; weighted cubic regression is used for extrapolation f(-).
Compared to Table 2.2, the schools in this simulation are a random sample (N=1,000)
of 7th grade schools. The comparison of Table 2 and this table illustrates that the
direction and magnitude of bias in health effect estimate depends on the spatial
distribution of study locations. Results are from 1,000 Monte Carlo simulations with

B=20, K=30, and S=30.

Criteria / Method BAK CON FFN GRO FFC NAL
Percent Bias

Naive -0.2% -0.1% -10.7% -22% -0.8% 7.3%
Naive + centroid 11.3% 11.1% 0.4% 04% 9.6% 6.2%
Traditional SIMEX -0.3%  -2.8% 1.5% 05% -5.0% -0.8%
Traditional SIMEX+centroid -0.4% -1.6%  1.0% 0.3% -5.0% -0.2%
Split-combine SIMEX -1.6% -1.1% -1.2% -0.6% -2.7% -0.4%
Mean Squared Error x 100

Naive 1.9 5.1 174 0.9 1.4 7.4
Naive + centroid 30.7 10.2 7.0 0.4 2.5 BHL.7
Traditional SIMEX 1.2 4.4 3.7 0.3 3.6 1.7
Traditional SIMEX+-centroid 1.4 4.5 3.9 0.4 3.7 1.8
Split-combine SIMEX 1.4 3.4 3.6 0.4 1.2 1.5
Coverage Probability

Naive 9%  99% 8% 9%  99%  T9%
Naive + centroid 0%  79% 8%  95% 8% 0%
Traditional SIMEX 100% 100%  100% 100%  98% 100%
Traditional SIMEX+-centroid 100%  100%  100% 100%  97%  99%
Split-combine SIMEX 100% 100%  100% 100% 100% 100%
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Table A.5: Sample standard deviation of the estimates (SE) and the average of boot-
strapped standard error estimates (ESE) of SIMEX methods in Table 2.2. Considering
that all SIMEX methods that are presented in our paper generate pseudo-data di-
rectly without generating random measurement errors from any specified distribution,
it is expected to observe ESE larger than SE.

SE BAK CON FFN GRO FFC NAL

Traditional SIMEX 0.193 0.318 0.286 0.104 0.189 0.181

Traditional SIMEX
0.176 0.282 0.259 0.096 0.173 0.170

+ centroid
SC-SIMEX 0.121 0.213 0.196 0.066 0.116 0.133
ESE BAK CON FFN GRO FFC NAL

Traditional SIMEX 0.211 0.368 0.333 0.106 0.207 0.211

Traditional SIMEX
0.198 0.334 0.307 0.099 0.192 0.201

+ centroid

SC-SIMEX 0.157 0.261 0.249 0.088 0.159 0.172
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A.4 Derivation of measurement error properties

For each school i, define four mutually exclusive sets of businesses according to whether
or not businesses are included in subject ¢’s buffer when their addresses are coarsened:
SH (always correctly included), S (correctly excluded), SI° (incorrectly excluded), S
(incorrectly included).

Conditioning on whether a business address is coarsened or not and taking into ac-
count that businesses belong to only one of the above sets, the number of outlets that are

incorrectly excluded from the exposure count of school i is

J J
U= 1) = {Iy = 1wy =0)
j=1 j=1

J

= Z{I(XU = 1,wij = O|A] = 1)I(Aj = 1)
j=1

=Y I(4;=0)
jeS}o

Similarly, U = Zjesiol I(A; = 0). Since coarsening is assumed to occur at random,
the indicators I(A; = 0) are iid Bernoulli random variables with probability p equal to
the probability of coarsening. Thus, UZ-10 and UZ-01 follow Binomial distributions: U}O ~
Bin(|S}°|,p) and similarly U ~ Bin(|SP!|,p). Moreover, these two binomial random
variables are independent, given the coarsening at random assumption and that the sets
are mutually exclusive. If coarsening is not equally likely for all businesses, UZ-01 and Ui10
will have mixture of Bernoulli distributions, instead of Binomial distributions, making the
derivations that follow more complex, but the overall concepts apply to this more general
scenario as well.

Thus, we have py, = E(U;) = E(UY — U!Y) = p(|S?] + |S}19]) and 02, = Var(U;) =
Var(UN — U = Var(UM) + Var(UL%) — 2Cov(UY,U) = p(1 — p)Cy; where Cy; =
(|SM| + |S#°]). Let py denote the vector of measurement error means for all subjects,

and Xy denote the variance-covariance matrix of measurement errors, with diagonal entries
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equal to O'?Li.
The remaining entries of 3 can be derived by considering the intersections of the union
of sets of businesses that can introduce errors U; and U, in the exposure measures for two

different subjects, ¢ and r:

(87 US) N (ST US) = (8 NS U S NSO U (SON ST U (SN S)

_ 01,01 01,10 10,01 10,10
- Sir U Sir U Sir U Sir )

where 82}’01 is the set of businesses that can incorrectly enter the buffers for subject @
and subject r simultaneously, when coarsened; 831’10 is the set of businesses that can in-
correctly enter the i¢th subject’s buffer, but incorrectly leave the rth subject’s buffer; and

analogously for ‘S'ilro’01 and S?jl’m. Let Ugj(l_m)’l(l_”

represents a random variable con-
nected to {Sg(km)’l(kl)},m,l € {0,1}, i.e., Uzm(lfm)’l(l*l) ~ Bz’nom(!S{?(l*m)’l(l*l)|,p).
Businesses that belong to any of these sets could give correlation among U; and U,., as these

businesses introduce errors for both subjects. Therefore,

Cov(U;, Uy) = Cov(UPT = U, UM — U)
= Cov(UM",UJ") = Cov(UPY, UY) = Cov (U, UM) + Cov(U}°, U}?)
= Var(Ug,l’Ol) — Var(Ug,l’lO) — Var(Uilro’Ol) + Var(Uilro’lo)
=p(1=p)US;" = 1S5 = 1857+ 18571

=p(1 —p)Ci, (A1)

where G, = {|S020!] - [SOM10] — |S1001] 4 |51y,

Naturally, the sizes of these sets, and therefore the correlation among measurement
errors, depend on the overlap of their respective buffers which is related to their spatial
proximity. In particular, the sets are empty for subjects whose buffers do not intersect with
each other, nor with the same ZIP polygons; correspondingly the correlation is zero for
those pairs of subjects. Thus, in large geographical extents, such as the state-wide analysis

in the motivating data, 3y will be a sparse matrix.
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In summary, 3, = p(1—p)C, with the entries of C given above. Given 3’s dependence
on p, it is clear that replicating the coarsening process with increasing p (within the interval

(0,0.5)) simulates measurement error with inflated variance, even though we do not know

2

;- Also, even when
k)

the value of the measurement error variance for any one subject, o
manipulating only the coarsening proportion p, the heteroscedasticity of the measurement
error variance will be preserved, since C' is a constant. Clearly p — 0 implies Xy — 0.
Figure A.4 shows the measurement error variance &12«1' for each store type, for a single
randomly selected school, whereas Figure 2.2¢,d showed the total variance of measurement
error (02(p), defined below).

Following analogous computations of the intersections of sets, the entries of the covari-

ance matrix between the measurement errors and the true exposure, Yy, can be shown to

be:

Cov(U;, Xi) =—-p(1—p)E;

CO’U(UZ‘,XT) = —p(l _p>Ei7"

Hence, ¥yx = —p(1 — p)E where E is a square matrix with E; = |S!Y| in diagonal and
10,10 10,11 01,10 01,11y - .
E, ={S, | +1S, | —|S;, | —1S;,7 |} in off-diagonal.
Because the measurement errors are heteroskedastic, it is also useful to define the follow-

ing total variances and covariances, o2(p) and o2,(p). Let U be the vector of measurement
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errors for all subjects, and uw = %1%U be the mean of the error across subjects. Then:

(N = 1)ou(p) = E[(U - 1y0) " (U — 1yu)] (A.2)
= E[UT AU, where A =1 — %11T
= tr{AZy} + pg Apy
=p(1 — p)tr{AC} + p*d* Ad
where d is a N-dimensional vector with ith entry |SP!| — |S}?|
=p(1 = p)er +plea.
Similarly,

(N = 1)ou:(p) = E[(X — 157)" (U — 157)] = E[XT AU (A.3)
= tr{AZux} + pg Ay
= —p(1 — p)tr{AE} + pul Ad

where py is a N-dimensional vector with ith entry |S}t| + S|

= —p(1 — p)es + pey.

The quantity (N — 1)0uw(p) = E[(U — 1x%)" (W — 1yw)] can similarly be shown to equal

(N - 1)[0'5@9) + Jum(p)]'

A.4.1 Bias in nalve estimate

We use a simple linear regression model to analytically illustrate that bias can be positive

or negative. Suppose the model of interest is

where ¢; is independent of X; and the measurement error U; is independent of Y; given X;.

Instead of unobservable true exposure X;, we have W; = X; + U;. Then,

‘792: + oz (p)

U% + 01%(17) + 20z (p) Pe: (4.5)

plimgw (p) =
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2

2(p) and o,,(p) as defined above. The total variance of X is similarly

with the quantities o
written as (N — 1)o2 = E[(x — 1y%)"(x — 157)]. Given the quadratic nature of the
dependence of o2(p) and oy, (p) on p, it is obvious that o2(p) — 0 and ou.(p) — 0 as
p — 0, and that plimgw (p) is a continuous, differentiable function of p. Therefore, the naive
estimates will follow a predictable pattern that can be fitted with a smooth extrapolation
curve. When evaluated at p = 0, the extrapolation will yield an unbiased estimate of the
Ba-

Equation (A.5) shows that the direction of bias in the naive coefficient estimate can be

positive or negative. Whereas in the classical error assumption the independence between

the measurement error and the true covariate makes the reliability ratio <1, in our case the

U:%Jro'uz (p)
03+05(p)+20uz(p)’

reliability ratio, can be greater or less than one due to non-zero o,.(p).
The reliability ratio is greater than 1 (i.e., bias away from the null) when o, (p) = o2(p) +
ouz(p) < 0, and less than 1 otherwise (attenuation bias). Whether the inequality o2(p) +
ouz(p) < 0 is satisfied depends on p (which can vary), and the constants ci,..., ¢4, which are
fixed. Thus, in general, the direction of bias could be different for different values of p, as
shown for three of the outlets in Figure 2.1(b) where the bias changes direction from first
being positive and subsequently negative. However, when stratifying subjects according to
the presence of ZIP centroids in the subject’s buffers, the reliability ratio in (A.5) has a
more predictable pattern as a function of p, as shown empirically in Figure 2.3.

For the strata without ZIP centroids in their buffer, the bias is always away from the

null independent of p. This is because when subject ¢ and r do not have ZIP centroids in

the buffer, S, S, 8%, and S} are empty sets. Thus,

Q
I

|Si10|a Cir — ‘S;HOJOL
di = _|Sz'10|’ Hxi = |Sz'10|’

Eii — |3210|’ Ei'r — |S;”0,10|‘
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From this, it can be shown that, ¢; = c3, ¢co > 0 and ¢4 = —co. Thus,

(N = 1)(02(p) + uz(p)) = (c1 — e3)p(1 — p) + cap” + cap

=plp—1ea<0for0<p<1.

Therefore, the naive coefficient estimate is inflated when subjects do not have any ZIP
centroids in their buffers. Moreover, it can be shown that the reliability ratio is monotonic
increasing in p. Specifically, the first derivative of the reliability ratio evaluated at p = 0 is
positive, thus the reliability ratio is increasing for at least small values of p. In addition,
it can be shown that the derivative of the reliability ratio is a quotient with a quadratic
polynomial in the numerator, which has roots at p = £1. Thus, the derivative of the

reliability ratio is positive for 0 < p < 1.
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APPENDIX B

Chapter III Supplementary Materials

B.1 Detailed proof for Section 3.3

E(Ni1s,) T11s
seng = e B.1
° E(X;) T11s + T12s (B-1)
E(Nlls,i) o T11s

PPV, = =
° E(Ws;) T11s + T21s

. : __ l—seng _ 1-ppus ;
Equation (B.1) and (B.2) result in 7195 = oM and 15 = oo TLs, respectively.

: 1
Since 115 + Ti2s + T21s = 1, T115 = T—sens ; T=ppvs 1

seng PPUs

B.2 Detailed estimation steps for Section 3.4

B.2.1 Prior and Initial Values

We use a noninformative prior for regression parameters ., 0) x o2 and set
0 )

initial values (Béo), Aéo), &(0)) to the estimates from ordinary least square for the regression
using the average of w; and ws as a predictor. We initialize the true exposure values with
~(0)

z;’ = maz([ppviwi;], [ppraws;]) for all i, where [a] defines the smallest integer that is not

smaller than a. Initial cluster means are set to A(©) = W, where W denotes an total mean
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of observed exposures from all sources. Hyperparameters (ag, by) for the base measure G
are set to (1,1). The initial clustering of marginal model begins with a single cluster so that

z=(1,1,..,1).

B.2.2 Details of Dirichlet Process Mixture model

In each MCMC step, two key steps of CRP are

1. Update z; by multinomial sampling with

nTo’:l Pois(xi|\g) if k<K,

Pr(z = klz—i, z;, A) x

ata—y J Pois(zil\)Go(d\) k=K +1

where ng —; = >_,,; I(z; = k) and K is the number of distinct z_;’s. The details of

computed probabilities are as follow.

(a) The probability that a z; falls into one of the active cluster k with parameter

Ak is derived as follows.

p(zi = k| X, 25, { M }32)

=p(zi = klzi, 0,24, Ag)

=p(zi = klo,z—i, \i)p(wi|zi =k, a, 24, Ag)
= p(zi = klo, z—i)p(xi| Ar)

Ng,—i )
= ﬁ“il])ozs(xi])\k)

X Ny, —i Pois(xi|Ay).

ny denotes the size of cluster which is the number of observations assigned to the
kth cluster. Note that the cluster disappears on the next cycle if ith observation
is the only element of the cluster and the number of cluster varies across the

samples.

(b) The probability that z; gets a new value of cluster index K + 1 where already
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K clusters are active,

p(zi = K +1|x,0,2_4,a9,bo)
=p(zi = K + 1|zj, 0, 24, ag, by)
=p(zi = K+ 1|, z2_4,a0,b0)p(zi|z = K + 1, 0,24, a9, bp)

=p(z = K + 1|, z—;)p(xi]ag, bo)

(8%
= —— P y .
n+a—1/ ois(x:|\)Go(Aag, bo)dX

)\:Ei e)\ boao )\aoflefbo)\
e / 2! T(ao)

dA

b0 1 F(ao + SCZ)

> oo + Daotai 2l T(ao)

2. Update A\, with

Go(dN) [ L;.,.—p Pois(zi; Ap) if k<K,
Ak|zi = k] '
Pois(z; k) Go(dA) _
J Pois(zi;A,)Go(dN) k=K+1.

The cluster mean parameter A is sampled from Gamma(ag + Y5y T i, bo + ny). Here,
z; represents the index of the cluster chosen for the data x;. In our case, since x; is not

observable, we replace z; with T; that is sampled from its posterior distribution.

B.2.3 Algorithm outline

Gibbs sampling at tth iteration proceeds as follows:

1. Sample x given other random variables

For each school location, we sample $Z(t+1) from histogram sampling by computing
equation (3.3) for possible support of ;. The support of true exposure can be different
by the urbanicity of the subject’s location. We assume that observed exposures
w14, wo; reflect some level of urbanicity of ith location so that we build the support

to be [0 : MAX(MAX (w14, ws;) * 3,10)]. This support avoids a degenerate case when
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wy; = we; = 0 where all databases failed to capture the real existing businesses. Here
we assume the support [0:10] covers the plausible value of falsely omitted x;, when
w14 Zﬁwgi::o.

Once we have sampled values &) = (igtﬂ), . ,QESH)), we draw the parameter of

interest. Then, we also update cluster assignment z and draw distinct cluster mean

A for the kth cluster from the DPM sampler.

2. Draw a sample for o2, 3 from
62(t+1)|§3(t+1), y ~ IanQ(n —p, ﬁ(y _ ﬁi(t+1)[§(t)),(y _ i(t—&-l)ﬂf(t)))
B(t+l)‘:i(t+1)7y N N2((:ﬁ(t+1)T:i(t+1))flzﬁ(tJrl)Ty’ &2(t+1)(:i(t+1)T:ﬁ(t+l))fl>.
3. Draw a sample for the cluster index z; for all ¢ with

N Non
p(zi =k, k < K®) oc k=t Pois(:f:gt+1)|)\g))) and

n+a—1
() 00 A%ier ppoAt0—lemboA 4y bo% 1 T(ao+zy)
plzi = KW+ 1) oca fo 251 Ta) 9 = Gor1)e0s &l T(ao)

if a new cluster is formed, K¢+ = K 4 1.

4. Draw a sample for the cluster mean \; from k=1 to maximum number of active

clusters K #+1D clusters is as below where n,(;H) denotes the size of the kth cluster,

(t41)
Ar2HD ~ Gamma(ag + 30, :i‘,(:jl), bo + n,(fﬂ)).

5. Save B+ F2(t+D) [C(t+D) Z(t+1) X;(tﬂ) and go back to step 1.

Estimation and inferences are straightforward using conventional MCMC methods. We
generated a chain length of 20,000 and discarded the first half as a burn-in. We implemented
the model in R (version 4.0.4) and we computed the Brooks-Gelman-Rubin convergence
diagnostic (Gelman and Rubin, 1992) using the output from the five chains of random
starting values. The diagnostic statistic was less than 1.05 for all parameters of the model

which indicates the convergence.
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B.3 Detailed proof for Section 3.5

The mixture model that we consider for the predictor X is a K-component mixture

Poisson distribution.

Z ~ Multinom(wi, . .., wk) (B.3)

X|Z =k ~ Poisson(\g) (B.4)

Within kth cluster, X follows a simple Poisson distribution with A\; so that E(X|Z) =
Var(X|Z) = S5 I(Z = k).
For simple linear regression, the slope estimate Bwl using OLS is

Cov(W1,Y)

Var(iW7) (B-5)

plim By, =

We want to write (B.5) in terms of true coefficient S, to explore the direction and magnitude
of bias when we use W7 in place of X in the outcome model. Similar argument is possible

for Ws.

e Cov(W,Y)

Cov(W1,Y) = E{Cov(W1,Y|X)} + Cov{ E(W1|X), E(W1|X)} (B.6)
by law of total covariance

=0+ Cov{E(W1|X),Bo + BzX} by surrogacy: W L Y|X (B.7)

Using Tower property,

B(Wi|X) = B{E(W1|X, 2)|X} (B.3)
= E{E(N111 + Na11|X, Z)| X } since W1 = Ni11 + Nois (B.9)
:E{E(NHl’X,Z)—}—E(NglﬂX, Z)‘X} (BlO)

Here, note that Ny11|X = x ~ Binom(x, seny) regardless of cluster membership Z.
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Therefore, E(N111|X, Z) = E(N111|X)

For E(N211|X, Z), recall that we have three independent cells

N111|Z = k ~ Pois(seniA),

Ni21|Z = k ~ Pois((1 — seny) ),

Noui|Z = k ~ Pois((2
ppu1

— seny)Ag)

within kth cluster. Therefore, we have Naj3 L X (= Ni11 + Ni21) given Z, and this

leads to F(No211|X, Z) = E(N211|2).

Equation (B.10) becomes

(B.10) = E{E(N111|X) + E(N211|Z)| X } (B.11)
K
= B{sem X|X} + B{Y_I(Z = k)" — seny) A\l X} (B.12)
1 ppu1
K
= = sem — sen .
= sem X + ;I(Z = k)(ppv1 D\ (B.13)
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Let p denotes (520

5 _ gemy). Finally, equation (B.7) can be written as

K
= Cov{sen1 X + Z I(Z = k)pAg, Bo + Bz X} (B.14)
k=1
K
= sen1 B, Var(X) + pp.Cov Z I(Z =k) e, X (B.15)
k=1
= sen1 By Var(X) + ppCov(E(X|Z), X) by definition of E(X|Z) (B.16)
= sen1 B, Var(X)+

pB{ E{Cov(E(X|2), X|2)} + Cov E(E(X|2)|2), E(X|2)}}
by law of total covariance (B.17)
= sen1 B, Var(X)+

PP E{E(E(X|2)X|Z) — E(E(X|Z)|Z2)E(X|2)} + Cov{ E(X|Z), E(X|Z)}}

using definition of covariance (B.18)
= seny P, Var(X)+
= pB.{E{E(X|Z2)E(X|Z) — E(X|Z)E(X|2)} + Var{E(X|Z)}} (B.19)

= senyf,Var(X) —}-pﬁr{E{O} + Var{E(X|Z)}}
= seni B, Var(X) + pBy{Var(X) — E(X)}
since Var(X) = E(Var(X|2)) + Var(E(X|Z)) (B.20)

= (semVar(X) + p{Var(X) — E(X)})5s. (B.21)
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e Var(Wy)

Var(Wy) = E{Var(W1|2)} + Var{ E(W1|2)} (B.22)
= E{Var(Ni11 + N2o1112)} + Var{E(Ni11 + Non1|Z)} (B.23)
= E{VGT(N111’Z) + VCW’(NQH‘Z)} + V(ZT{E(N111|Z) + E(Nzll‘Z)},

by independence between cells (B.24)

= E{Z I(Z = k)seni \p + Z I(Z = k)p i }+

k=1
K K
Var{ZI (Z = k)seni A\, + ZI (Z = k)pAi} (B.25)
k=1 k=1
K
= (sen1 +p)E(X) + Var( Z[ (Z = k)(sen1 + p) i) (B.26)
k=1
= (seny + p)E(X) + (sent + p)*Var(E(X|Z)) (B.27)
= (seny 4+ p)E(X) + (seny + p)*{Var(X) — E(X)}. (B.28)

Therefore, plimf3,, in equation (B.5) is (sem(frggg(g (JrX()szyzlol{Kg)r({V)arE(X)}E(X)} 8.
(sen1Var(X)+p{Var(X)—E(X)})

When the factor Gen+p) E(X)+(semi +p)2 (Var (X)—E(X

T denoted as f, is greater than 1,
then the na ive estimate for S, is inflated. On the other hand, when the factor is less

than 1, we have attenuation.

e Simple Poisson X
When X has simple Poisson distribution with mean parameter A\, then E(X) =

Var(X) = A. The factor is written as

seniVar(X)

B.2
seny E(X) ( 9)
ppUL
= ppv < L. (B.30)

e Overdispersed X

When X is overdispersed, Var(X) > E(X), so that {Var(X) — E(X)} > 0. In this
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case, the factor f is written as

(seniVar(X) +p{Var(X) — E(X)})

(sem + P)E(X) + (sem 1 p)2(Var(X) - B(X)} (B:31)
B (semVar(X) + (5504 — sen){Var(X) — E(X)}) (B.32)
(IO B(X) + (S22 {Var(X) — B(X)] ‘

(seni{Var(X) — E(X)} + sen1 E(X) + (322 — seni){Var(X) — E(X)})

ppu1

(Gper) B(X) + (55 {Var(X) — E(X)}

(B.33)
_ (semB(X) + (5o {Var(X) — E(X)}) (B.34)
(S E(X) + (5o01)*{Var(X) — E(X)} '
_ (ppui E(X) +{Var(X) - E(X)}) (B.35)
E(X) + (o Var(X) — E(X)} ‘
_ (ppr1 —1)EX) + E(X) +{Var(X) - E(X)}
E(X) + (5o {Var(X) — E(X)}
(o {Var(X) — E(X)} — (550 ){Var(X) — E(X)} (B.36)
E(X) + (o {Var(X) — E(X)} '
_ (ppor = E(X) + (1 = 35 ){Var(X) — E(X)}+
E(X) + (o {Var(X) — E(X)}
_ EBX)+ GH{Var(X) - E(X)}
= EX) 1 ) Var(X) - B(X)} (B.31)
Therefore, the attenuation occurs when
F<1=(ppor — DE(X) + (1 — ;;Zi WVar(X) — E(X)} <0 (B.38)
ppY] — seny senq
PPTVW(X) <(1- P + 1 —ppn)E(X) (B.39)
ppor — sem ppv1 — seny + ppui (1 — ppur)
T Var(X) < ( o VE(X) (B.40)
Var(x) < (PPL=PP0) |y oy, (B.41)
ppu1 — seny
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B.4 Relationship between naive bias and Sensitivity/ PPV

Figure B.1: Percent bias of slope (f3,) estimates from single-source naive regression
models OLS;, s = 1 by the ratio of sensitivity to PPV, and the magnitude of agree-
ment statistics. Grayscale lines represent different X distributions that are defined in
Section 3.5.2 For each X distribution, source is created with different values of sen,
holding ppvs at 0.8, 0.5, or 0.2. Note that when sensitivity is greater than PPV (i.e.,
;;?—Zz > 1), naive estimate for the slope is always attenuated as described in Section
3.5.4 and displayed in Figure 3.2(b), regardless of values of agreement statistics and
X distribution. When X is equidispersed (Mixture 1), naive bias only depends on

the value of PPV (Section 3.5).
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B.5 Model evaluation for (5,

Table B.1: (senl < ppvl, sen2 < ppv2) Posterior summaries of the proposed model
for By when true source reliability is sen; = 0.37, seny = 0.4, ppv; = 0.48, and ppv, =
0.62. True By=1.5. The proposed model is evaluated with and without estimating X
distribution. The results shown are: average of point estimates, posterior standard
deviation (SD), and coverage probability (CP) from 100 replications

Method Mixture 1 Mixture 3 Mixture 5
Average Average Average
Coverage Coverage Coverage
Naive Est. SD Naive Est. SD Naive Est. SD
Probability Probability Probability
(%Bias) (%Bias) (%Bias)
OLS, source 1 3.30 (120%)  0.14 0% 1.98 (32%) 0.09 0% 1.81 (21%) 0.08 9%
OLS, source 2 291 (94%)  0.13 0% 1.87 (25%)  0.09 1% 1.74 (16%)  0.08 22%
OLS, average 2.33 (55%) 0.16 0% 5 (10%) 0.09 58% 1.60 (7%) 0.08 70%
Proposed Model
when X distribution known
Average Average Average
. . Coverage Coverage Coverage
Working credibility =~ Posterior Mean —SD Posterior Mean ~ SD Posterior Mean ~ SD
Probability Probability Probability
(%Bias) (%Bias) (%Bias)
XP 0.35 (-76.57%) 0.24 0% 1.43 (-4.36%)  0.08 89% 1.40 (-6.98%)  0.10 82%
P 0.91 (-39.59%) 0.25 34% 1.46 (-2.78%)  0.08 92% 1.45 (-3.64%) 0.10 91%
R 147 (-1.77%)  0.22 94% 1.49 (-0.63%)  0.08 95% 1.50 (0.26%)  0.09 98%
1.83 (22.06%) 0.19 62% 1.53 (1.72%)  0.08 95% 1.55 (3.17%)  0.09 92%
X0 2.11 (40.45%) 0.18 % 1.57 (4.36%)  0.09 87% 1.57 (4.70%)  0.08 %
Proposed Model
when X distribution unknown
Average Average Average
) . Coverage Coverage Coverage
Working credibility Posterior Mean ~SD Posterior Mean ~ SD Posterior Mean ~ SD
Probability Probability Probability
(%Bias) (%Bias) (%Bias)
XP 0.36 (-75.92%) 0.23 1% 0.62 (-58.46%) 0.12 0% 0.82 (-45.20%) 0.17 0%
0.93 (-38.30%) 0.25 35% 1.06 (-29.20%) 0.10 0% 1.21 (-19.23%) 0.12 31%
1.48 (-1.20%) 0.21 94% 1.32 (-12.27%) 0.09 45% 1.41 (-6.31%)  0.10 87%
1.83 (22.26%) 0.19 56% 1.45 (-3.11%)  0.09 92% 1.50 (0.16%)  0.09 95%
XO 2.05 (36.90%) 0.17 16% 1.54 (2.83%)  0.09 91% 1.55 (3.13%)  0.08 84%
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B.6 Results of the model with single Gamma prior for \;

Table B.2: (Same data as Table 3.3) Posterior summaries of the proposed model for
B when Gamma(1,1) prior is assumed for all \; = X instead of Dirichlet process
prior. True 5,=0.5 and the true source credibility is sen; = 0.37, seny = 0.5, ppv, =
0.48, and ppvs = 0.62. The results shown are: average of point estimates, posterior
standard deviation (SD), and coverage probability (CP) from 100 replications

Method Mixture 1 Mixture 3 Mixture 5
Average Average Average
Naive Est. Sh Cp Naive Est. sb Cp Naive Est. sb ¢p
(%Bias) (%Bias) (%Bias)
OLS, source 1 0.240 (-52.05%) 0.028 0% 0.540 (7.96%) 0.016 8% 0.580 (16.06%) 0.012 16%
OLS, source 2 0.313 (-37.40%) 0.026 0% 0.539 (7.86%) 0.014 8% 0.570 (14.04%) 0.011 14%
OLS, average 0.449 (-10.15%) 0.033 72% 0.602 (20.31%) 0.015 20% 0.614 (22.77%) 0.011  23%
Proposed Model
when X distribution unknown and assumed simple Poisson
Average Average Average Average Average Average
Working credibility ~ Posterior Mean ~ SD CP  Posterior Mean Posterior Mean ~ SD CP  Posterior Mean Posterior Mean ~ SD CP  Posterior Mean
B, (%Bias) A B.(%Bias) A B, (%Bias) A
XP 0.70 (39.81%)  0.02 0% 5.67 0.91 (81.65%) 0.01 0% 5.57 0.86 (72.76%) 0.01 0% 5.55
P 0.60 (20.04%)  0.02 0% 5.68 0.79 (57.01%) 0.01 0% 5.55 0.75 (49.12%)  0.01 0% 5.55
R 0.50 (0.49%) 0.02  95% 5.70 0.67 (33.29%)  0.01 0% 5.53 0.65 (30.82%)  0.01 0% 5.55
O 0.44 (-11.99%) 0.01 0% 5.73 0.59 (18.83%)  0.01 0% 5.54 0.60 (20.64%) 0.01 0% 5.59
XO 0.39 (-22.01%) 0.01 0% 5.81 0.55 (9.21%) 0.01 0% 5.63 0.57 (14.05%)  0.01 0% 5.69
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B.7 Results of the model with (sen; > ppvy, seny < ppvo)

Table B.3: (sen; > ppuvy, sena<ppvy) Posterior summaries of the proposed model
for B, when true source credibility is sen; = 0.48, sen, = 0.5, ppv; = 0.37, and
ppvy = 0.62. True [,=0.5. The proposed model is evaluated with unknown X
distribution. The results shown are: average of point estimates, posterior standard
deviation (SD), and coverage probability (CP) from 100 replications

Method Mixture 1 Mixture 3 Mixture 5
Average Average Average
Naive Est. SD CP Naive Est. SD CP Naive Est. SD CP
(%Bias) (%Bias) (%Bias)
OLS, source 1 0.186 (-62.87%) 0.022 0% 0.349 (-7.96%) 0.011 0% 0.365 (-27.10%) 0.013 0%
OLS, source 2 0.313 (-37.40%) 0.028 0%  0.539 (7.86%) 0.014 8% 0.571 (14.04%) 0.011 0%
OLS, average 0.382 (-23.61%) 0.031 2% 0.462 (20.31%) 0.012 5%  0.468 (-6.35%) 0.014 14%
Proposed model
when X distribution unknown
Working credibility Average Average Average
Posterior SD CP Posterior SD CP Posterior SD CP
Mean Mean Mean
(%Bias) (%Bias) (%Bias)
XP 0.700 (40.08%) 0.037 0% 0.617 (23.45%) 0.014 0% 0.612 (22.50%) 0.022 0%
0.602 (20.46%) 0.044 34% 0.554 (10.84%) 0.013 3%  0.547 (9.48%) 0.020 28%
0.506 (1.27%) 0.041 88% 0.520 (3.99%) 0.011 64% 0.513 (2.64%) 0.016 86%
0.442 (-11.53%) 0.032 60% 0.502 (0.308%) 0.013 99%  0.499 (-0.20%) 0.013 91%
X0 0.394 (-21.19%) 0.033 6%  0.487 (-2.53%) 0.011 80% 0.489 (-2.19%) 0.014 81%
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B.8 Graphical posterior predictive check of Section 3.6

Figure B.2: Distribution of observed exposures W;(NETS) and Ws(InfoUSA), and
density of 500 replicated Ws from a fitted model (lightblue lines). Subfigures (a-
d) show exposures to convenience stores for 5th and 7th-grade schools; (e-h) show
exposures to grocery stores. Subfigures (a, b, e, f) are from our proposed model with
the reference values and (c, d, g, h) are from our proposed model with reference values
x 1.25. See Section 3.6 and Figure 3.3 for reference values of agreement statistics.
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(b) Grade 7 male, Convenience stores
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(Figure B.2 continued) Distribution of observed exposures W;(NETS) and
W5(InfoUSA), and density of 500 replicated W's from a fitted model (lightblue lines).
Subfigures (a-d) show exposures to convenience stores for 5th and 7th-grade schools;
(e-h) show exposures to grocery stores. Subfigures (a, b, e, f) are from our proposed
model with the reference values and (c, d, g, h) are from our proposed model with ref-
erence values x 1.25. See Section 3.6 and Figure 3.3 for reference values of agreement

statistics.
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(f) Grade 7 male, Grocery stores
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APPENDIX C

Chapter IV Supplementary Materials

C.1 Proof of marginal distribution of X;

In this proof, the subscript ¢ as a subject indicator is suppressed. Let ¢g denote the
characteristic function of a random variable S. If S = p o X, where X; is a nonnegative
interger-valued random variable, then (g(t) = E(pe® + 1 —p)** (Bourguignon et al., 2016).
If X1 ~ Pois(\1), then pg(u) = exp{pA1(e® —1)}. By the uniqueness of the characteristic
function and the assumption €, ~ Pois(u) for t > 1, ox, = @pox; - Per = exp{pAi(e™ —

1) }Yexp{u(e™ —1)} = exp{(pA1 + p)(e™® —1)}. Thus, Xo ~ Pois(pAi + u). With the similar

l_ptfl
1-p

arguments, X;; ~ Pois(pt~ 1\ + w) for t > 1.

C.2 The Markov chain Monte Carlo sampler

In Bayesian measurement error model, we treat latent true exposure as missing values
and fill in {X;;} given observed data {Yj, Wi/?, WZ]?} and current values of the parameters.
Then, we sample other random variables by Gibbs sampler. The sketch of the estimation

process is as follows.
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Prior distributions:

ﬂ-(ﬁ) & 1,7T(l09(0')) ~ N(Oa ].),71'([)) ~ UTL’Lf(—l, 1)
m(p) ~ Beta(1,1)
W(eﬁn 91A2t7 9?11&) ~ Dirichlet(vﬁ,y@,yﬁ)

71—(0]131t7 9?215’ eglt) ~ DZT’ZChl@t("}/?, 7;37 FY?)

Ait ~ G,G ~ DP(a,Gy), Gy ~ Gamma(a,b) (C.1)
wi ~G' G ~ DP(d,GY)), Gl ~ Gamma(d', V) (C.2)
a ~ Gammal(ag, by),’ ~ Gammal(ag, by) (C.3)

Initial values:

Initial values for regression parameters are set to BO) ~ N(0, I), o0 = 0.5, p(o) = 0.7.
We also initialize the true exposure values with Ty = max([ppvi Wi, [ppvaWa;]) for all
i, where [a| defines the smallest integer that is not smaller than a. Initial cluster means
. (0) _ WH+WE

for baseline exposure are set to \;;” = —“5—, the total mean of observed exposures from
two sources. Let Z; be a group indicator for A;; and ZZ{ be a group indicator for u;. Initial

cluster means for arrival rate )\E?) is set to 1. The base measures are G = Gamma(1,1)
and G’ = Gamma(1,5). We start with a single cluster for A\;; and p; so that z; = 2/ = 1
for all 7. Hyperparameter for priors for concentration parameters, o and o', are Prior of
concentration parameters a and o' are specified as Gamma(1,1) and Gamma(1,10) as

described in Section 4.3.2.

1. Fort = 1,...,nand t = 1,...,T, sample X;; given the current values of other
variables. For the possible range of support, we compute the complete likelihood
(4.3.2) and draw a value for X;; by histogram sampling. For computational pur-
pose, instead of using the range [0 : oo), we define the support of X;; to be [0 :
MAX(MAX (W14, Wayt) % 2,10)]. Note that this support handles a degenerate case
when Wiy = Wa; = 0. We made an assumption that [0:10] covers the possible values

of the true exposures when observed exposures have low counts < 5.
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2. Sample {\i1} and « given current {X;;}. The Chinese restaurant process (CRP)

iteratively samples the subject-specific ;1 as follows.

(a) Draw a sample for the cluster index z; for all ¢ with

p(zi =k, k< I?) o ng,—; Pois(X;1|Ax) and

b 1 I'(a+Xi1)
(b+1)(e+Xi1) X! T(a)

pzi=K+1) xa
If a new cluster is formed, K=K+1.
(b) Draw a sample for the cluster mean \; from k=1 to maximum number of active

clusters K clusters is as below where ny, denotes the size of the kth cluster,

MNel{Xi1}, zi = k ~ Gamma(a + >_*% Xi1, b+ ny).

(¢) The concentration parameter « is sampled according to Escobar and West.

3. Fort=2,...,Tand i = 1,...,n, sample innovation e;; from its conditional distribu-
tion
1 Mz D cit
peit| Xie, Xit—1,p, i, 2;) x ( - > X
(€t Xit, Xiemr,p, 11, ) eit! (Xt — eit) (Xi—1 — (Xir —eir))! \ (1 —p)

]l[max(O,Xit—Xit_l),Xit] (eit)'

Although innovations are not of our interest and collapsed in other steps, the sampled

innovations are used to draw u; and p in the following steps.

4. Sample {u;} and o’ given other variables using the Chinese restaurant process (CRP).

Detailed derivation is given by Aldor-Noiman et al..

(a) Draw a sample for the cluster index z] for all ¢ given {e;;} with
plzl =k K < K') Ny, [1}—y Pois(ei| ) and
5 b/a/ T 1 F(a'—}—ZT: €; )
Pz = Kt 1) oca oo i (67) S R

If a new cluster is formed, K =K +1.

(b) Draw a sample for the cluster mean py from k'=1 to K’ clusters as below

pxl{ei}, 2, = k' ~ Gamma(a’ + Zie{i:z;:k/} ST e, b+ ni (T —1)).

136



(¢) The concentration parameter o is sampled according to Escobar and West.

5. Sample the thinning parameter p from

plrest o< Beta(37; 31— o(Xit — €i) + 1,301 Sro(Xit—1 — (Xit — ) + 1).

6. Sample o, p using the separation strategy that separates out the standard devia-
tions and correlations from the covariance (Barnard et al., 2000). Since X(o,p) =
diag(o) R(p) diag(o), where (o, p) is the matrix obtained by the values of o and
p, we draw each component ¢ and p one at time in a Gibbs sampler. We as-
sume log normal prior distribution for standard deviation and sample ¢ from
Metropolis-Hastings algorithm using N(log(c“*""), 1) as a proposal distribution where

o denotes current value of o. We accept this candidate with the probability

[1; f(giszi,B,0°" % p)g(c | )
1 f(yi;zi,8,0°9T, p)g(ocand[geurr)

where ¢(+) is a probability density function of proposal

distribution.

Then, given updated value for o, we need to sample p with a requirement of the
positive definite R. Since |R(p)| > 0 is a sufficient condition for R(p) to be positive
definite, we sample a candidate p* from Unif(—1,1) that satisfies |R(p)| > 0. We

e cand
accept this candidate with the probability 11:[[7; ?EZZ?ZZZ_’Z mm;.

7. Sample 8 from

n — — n — n _ —1
ﬁ’{yit}v {Xit}v 2(07 p) ~ N ((Zz’:l a:zTE lwi) ! Zi:l CCIZTE lyi’ (Zi:l szE 1.’13,‘) ) :

8 Fort=1,...,T, sample (sen?,ppvf, sentB,ppvtB). We simultaneously sample sensi-
tivity and PPV wvalues of two sources by Metropolist-Hastings algorithm. We draw
candidates (sentA* , ppv,;A*, senp*, ppup*) each from truncated normal distribution with
lower truncation at 0, upper truncation at 1, current values as mean, and standard
deviation 0.1. The truncation is to bound the values sen,ppv; € (0,1). Then, the
straightforward transformation yields (045, 055, 0575, 055, 055, 08%). We accept the

set of candidates with the probability

[, fWA @i, sen* ppoi*) f(WE B, senP* ppol*) (00 v ) 7 (2% 7 P)

[, FWAZie,sen, ™ ppot ) FWEB @i, sent ™) ppoP w0 iy A ) (07 14B)
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h(seni(r) ,ppvtl(r) ,SentB(T) ,ppv?(r) ;seni* ppui* senP* ppuB*)

h(sen* ppoi* senB* ppuB*;seny " ppo ") sent ) ppoy )

where 6; denotes (0114, 012¢, 021¢) and h(-) denotes the density of proposal distribution.

C.3 Simulation details

Figure C.1: Simulated true exposure { X} fort = 1,...,8 and N = 300 with different
scenarios of p. The value of individual expected baseline exposure is either \;; = 5
or \;; = 15 with the probability 0.9 and 0.1, respectively. Exposures of subjects with
Ai1 = b are light gray curves and exposures of subjects with \;; = 15 are colored
in dark gray. Arrival rate u; takes a value of 0.5 or 1.5, with equal probabilities.
Magenta line shows the curve of annual sample mean of X;; by the combination of
arrival rate and expected baseline exposure.

(a) p=0.5 (b) p=0.8 (c) p=0.9
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Figure C.2: True sensitivities and PPVs (red vertical lines) when 7' = 8. Prior with
correct information (seny, ppvs, sen®, ppv2) matches the data generating distribution
(black curve). Misspecified prior (blue curve) shows incorrect prior beliefs about
source qualities.

(a) seni < ppvf, seny’ < ppop

o o W
z b g 7
5 o 5w
] ] = B
E = 5 -
o o =
T T T T T T T T T T T
0.0 02 04 0.6 038 1.0 0.0 0.2 04 06 08 1.0
sent ppvl
o o
z P
Z o § o
] i ]
5 =] 7
£ T T 7
o o
T T T T T T T T T T T
00 02 04 06 08 10 00 02 04 06 08 10
sen2 ppv2
A A B B
(b) seni* > ppui*, seny > ppu;
z 2 T
= = -
S o 5 o
g ] = ]
a T o T
o - a il o -
T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.3 1.0 0.0 0.2 04 0.6 0.8 1.0
senl ppvl
o o ]
- = 4
= a =
5 @ - S w
S < B
k] i K]
a T a T
o o o 1t
T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.3 1.0 0.0 0.2 04 06 08 1.0
sen2 ppv2

139



C.4 Application results

Table C.1: Posterior summaries of variables from Childhood BMI study in Section
4.5.

Grade 5, Female Grade 5, Male Grade 5, Female Grade 5, Female

Mean SD 2.50% 97.50% | Mean SD 2.50% 97.50% | Mean SD 2.50% 97.50% | Mean SD 2.50% 97.50%

P 0.998 0.001  0.996 0.999 | 0.998 0.001 0.997 0.999 | 0.994 0.002 0.990 0.997 | 0.994 0.002  0.990 0.997
Intercept 0.349 0.028 0.295 0.402 | 0.478 0.026 0.428 0.528 | 0.390 0.034 0.324 0.456 | 0.387 0.030 0.329 0.448
log2(exp+1) 0.025 0.004 0.017  0.033 | 0.024 0.004 0.016 0.031 | 0.016 0.006  0.005 0.028 | 0.018 0.005 0.008 0.028
Year 0.008 0.002  0.004 0.013 | 0.015 0.002 0.011 0.019 | 0.012 0.003 0.007  0.017 | 0.015 0.003 0.010 0.020
Spline -0.017  0.004 -0.026  -0.009 | -0.022 0.004 -0.030 -0.013 | -0.023 0.005 -0.033 -0.012|-0.028 0.005 -0.038 -0.017
% Others 0.420 0.054 0.313 0.524 | 0.561 0.050 0.462 0.659 | 0.214 0.071 0.076 0.352 | 0.227 0.063  0.105 0.350
% Asian -0.266  0.028 -0.320  -0.213 | -0.030 0.026 -0.080 0.020 | -0.223  0.038 -0.297  -0.150 | -0.032 0.034 -0.099 0.037
% Black non-Hispanic 0.522 0.027  0.468 0.575 | 0.266 0.026 0.215 0.317 | 0.690 0.040 0.613 0.769 | 0.413 0.036 0.345 0.483
% Hispanic 0.664 0.021 0.623 0.705 | 0.684 0.020 0.645 0.723 | 0.584 0.027 0.530 0.638 | 0.609 0.024 0.561 0.656
School Size -0.006 0.001 -0.008 -0.004 | -0.003 0.001 -0.005 -0.002|-0.005 0.001 -0.006 -0.003 |-0.002 0.001 -0.004 -0.001

Census tract
-0.001  0.000 -0.001 0.000 | -0.001 0.000 -0.002 -0.001 | 0.000 0.000 -0.001 0.001 | 0.000 0.000 -0.001 0.001

median household income
Census tract

-0.177 0.037 -0.249  -0.106 | -0.055 0.035 -0.124  0.015 | -0.186 0.047 -0.277  -0.093 | -0.160 0.041 -0.240 -0.081
education level
P 0.252  0.010 0.232 0.271 | 0.231 0.010 0.211 0.251 | 0.457 0.017 0.423 0.489 | 0.374 0.017 0.342 0.407

o 1.634 0.012 1.612 1.657 | 1.627 0.011 1.605 1.649 | 2.060 0.031 1.998 2.121 | 1.997 0.029 1.938 2.058
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Figure C.3: Annual distribution of observed exposures to convenience stores from 2001
to 2008 using NETS and InfoUSA, for 5th grade female students who attend urban
schools in California. Black curve is an empirical density of observed exposures, which
approximates the true density function using density () in R. Red curves are empirical
density of posterior predictive W’s the proposed model that we estimate sen; and
ppvf for t = 1,...,T, s = A,B as described in Section 4.3. Blue curves represent
the empirical density of posterior predictive W’s from the model that fixed sen;

and ppv; to the reference values without any updates so that (senN=TS ppyNETS) =

(0.3769,0.4812) and (senMeUSA ppylnfeUSA) — (().5047,0.6182) for all t. This figure
shows the need of estimating source credibility for historical data.
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(Figure C.3 continued) Annual distribution of observed exposures to convenience
stores from 2001 to 2008 using NETS and InfoUSA, for 5th grade female students
who attend urban schools in California. Black curve is an empirical density of ob-
served exposures, which approximates the true density function using density() in
R. Red curves are empirical density of posterior predictive W’s the proposed model
that we estimate sen; and ppv; for t = 1,...,7, s = A,B as described in Section
4.3. Blue curves represent the empirical density of posterior predictive W’s from the
model that fixed sen; and ppv; to the reference values without any updates so that
(senNETS  ppuNETS) = (0.3769,0.4812) and (senPUSA ppymfeUSA)Y — ((.5047,0.6182)
for all . This figure shows the need of estimating source credibility for historical
data.
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