Research Article Environmetrics

Received: 19 September 2014, Revised: 26 January 2015, Accepted: 27 January 2015, Published online in Wiley Online Library: 5 March 2015

(wileyonlinelibrary.com) DOI: 10.1002/env.2334

Impact of preferential sampling on exposure
prediction and health effect inference in the
context of air pollution epidemiology

A.Lee?, A. Szpiro?, S.Y. Kim*® and L. Sheppard®>*

Preferential sampling has been defined in the context of geostatistical modeling as the dependence between the sampling
locations and the process that describes the spatial structure of the data. It can occur when networks are designed to find
high values. For example, in networks based on the US Clean Air Act, monitors are sited to determine whether air quality
standards are exceeded. We study the impact of the design of monitor networks in the context of air pollution epidemiology
studies. The effect of preferential sampling has been illustrated in the literature by highlighting its impact on spatial
predictions. In this paper, we use these predictions as input in a second-stage analysis, and we assess how they affect health
effect inference. Our work is motivated by data from two US regulatory networks and health data from the Multi-Ethnic
Study of Atherosclerosis and Air Pollution. The two networks were designed to monitor air pollution in urban and rural
areas, and we found that the health analysis results based on the two networks can lead to different scientific conclusions.
We use preferential sampling to gain insight into these differences. We designed a simulation study and found that the
validity and reliability of the health effect estimate can be greatly affected by how we sample the monitor locations. To
better understand its effect on second-stage inference, we identify two components of preferential sampling that shed light
on how preferential sampling alters the properties of the health effect estimate. Copyright © 2015 John Wiley & Sons, Ltd.
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1. INTRODUCTION

When studying the association between long-term air pollution exposure and health outcomes, one typically has to rely on an existing
monitoring network to predict exposure for the subjects in the study. If the existing network is designed, say, to monitor compliance with
the US Clean Air Act, the network could be biased to sample areas with high concentrations more intensively. We describe such networks
as being preferentially sampled.

Preferential sampling (PS) has been defined in the context of geostatistical modeling as dependence between the sampling or monitor
locations and the process that describes the spatial structure in the data (Menezes, 2005; Diggle et al., 2010). In this paper, we study
preferential sampling in the context of air pollution epidemiology, and we use geostatistical methods to model the unknown exposure
surface. We assume a two-stage air pollution model. In the first stage, we sample the monitor locations and then measure exposure at the
monitor locations. The monitor and health study participant locations are misaligned, and kriging is used to predict exposure at participant
locations. The second-stage model describes the association between exposure and health. Because exposure is not observed directly at the
subject locations, the predicted rather than true exposure is used in the health analysis. This introduces measurement error. Many authors
(Bergen et al., 2013; Szpiro et al., 2011a,2011b; Kim et al., 2009; Gryparis et al., 2009) have studied the impact of measurement error on
health effect inference in the two-stage model framework. These authors treated the monitor locations as fixed. Szpiro and Paciorek (2013)
regard the monitor and subject locations to be random, and also model the unknown exposure surface as deterministic, rather than taking a
geostatistical approach.

The effect of preferential sampling has been illustrated in the literature most often by studying its impact on the fitted spatial model and
the resulting biases in prediction (Diggle et al., 2010; Gelfand et al., 2012; Pati et al., 2011; Lee et al., 2011). In this paper, we will illustrate
that preferential sampling can also have a large impact on the validity and reliability of the health effect estimate. We use a simulation study
based on data from two US regulatory monitoring networks to illustrate the impact that preferential sampling has on health effect estimation.
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We also expand the definition of preferential sampling proposed by Menezes (2005) and Diggle et al. (2010) and distinguish between
two types of preferential sampling: sampling based on known information, for example, population density (deterministic sampling) and
sampling based on spatial information that cannot be observed directly (stochastic sampling).

Diggle et al. (2010) illustrate the effect of preferential sampling on prediction using a simulation study. The authors show that preferential
sampling leads to biased empirical variograms. This results in biased estimates of the model covariance parameters, which, in turn, results
in the over-prediction or under-prediction of the spatial variable of interest. The authors proposed a model to adjust for the effect of
preferentially sampled monitoring networks, and they use lead concentration data from northern Spain to show that the model adjusts for the
fact that the northern half of the region, which has lower lead concentrations, was oversampled.

The examples used by Diggle e al. (2010) are based on the simplified assumption of a constant mean term. In air pollution exposure
modeling, it is typical to use a rich set of geographic covariates to model the spatial variation in the data (Hoek et al., 2008). In this paper,
we include covariates in our exposure model and also study the impact of informative sampling based on covariate information.

Gelfand et al. (2012) compared properties of predicted exposures under preferential sampling with the properties of exposures when
locations were selected under complete spatial randomness (CSR). Exposure surfaces were generated to be the sum of a geographic covari-
ate (based on distance to pollutant source or population density) and a spatially independent error term. They found that sampling under
CSR produces predictions that match the true surface the closest. Predicted exposures are biased when informative covariates (i.e., covari-
ates that both explain the variability in the exposure data and inform where monitors are sampled) are not included when fitting the
exposure model.

Loperfido and Guttorp (2008) used a closed skew-normal distribution to estimate the network bias that results from removing monitors
from a network at time #, based on these monitors having too low readings at time ¢ — 1. The authors looked at ozone data from the Washington
Department of Ecology and found that ozone concentrations at time ¢ are overestimated because of monitors being dropped based on
low readings.

It is important to recognize that the biases reported by the earlier authors are the result of not adjusting for the dependence between
the sampling locations and the measured response. Diggle et al. (2010) proposed that we model sampling locations as a log Gaussian
Cox process. They introduced dependence between the locations and measured response through a Gaussian random field that both the
measurements and sampled locations are dependent on. The authors use Monte Carlo maximum likelihood estimation to fit the model. Pati
et al. (2011) and Lee et al. (2011) use a similar model framework but follow a Bayesian approach.

In this paper, we want to study the effect of preferential sampling on our understanding of the association between health and exposure.
Szpiro and Sheppard (2010) designed a simulation study to compare the impact of different sampling schemes on health analyses. They
showed that the health effect estimate can be biased when sampling preferentially and that the magnitude of the bias increases when monitors
are more concentrated in areas where the underlying spatial process has higher values as opposed to areas where the spatial process shows
high spatial variability.

We extend the work of Szpiro and Sheppard (2010) to obtain an in-depth understanding of how preferential sampling affects health effect
estimation. We do so by first designing a simulation study that highlights the exposure model settings for which preferential sampling has
a large impact on the validity and reliability of the health effect estimate. Second, we study how preferential sampling manifests in real
datasets by using national particulate matter (PM, 5) data from two regulatory networks.

In our simulation study, we compare the health analysis results for monitoring networks that are preferentially sampled with the results for
networks that are uniformly sampled. Uniform or complete spatial random sampling is used as a baseline for comparison because it represents
a situation in which the monitor locations and exposure are not dependent. In our simulation study, we sample networks preferentially by
placing more monitors in areas where the spatial process or covariates have high values. We will not consider other types of network designs
that could introduce dependence between monitor locations and exposure (Kanaroglou et al., 2005; Romary et al., 2011; Kumar et al., 2009).

We use national data for PM5 5 chemical components from two regulatory networks and health data from the Multi-Ethnic Study of
Atherosclerosis and Air Pollution (MESA Air) to study the impact of preferential sampling on our health analysis results. The moni-
toring data were collected from the Interagency Monitoring for Protected Visual Environments (IMPROVE) network and the Chemical
Speciation Network (CSN). The CSN and IMPROVE networks are intended to monitor air quality in urban and rural areas in USA,
respectively.

Exposure data from these networks are frequently used to study associations between PM» 5 chemical components and various health
outcomes (Bergen et al., 2013; Krall e al., 2013; Bell et al., 2007). Our analysis shows that the health effect estimate based on the IMPROVE
network can be very different (and in the opposite direction) from the health effect estimate based on the joint network (CSN and IMPROVE).
We study this discrepancy in results in the context of preferential sampling.

Our goal is to identify the properties of the health effect estimate that results from sampling monitor locations preferentially. We identify
two “components” of preferential sampling. These components highlight the role of exposure model parameter estimation and of monitor
locations in altering the properties of the health effect estimate when we sample preferentially rather than uniformly. We find that for the
component that looks at the impact of monitor locations, the predicted exposure introduces Berkson-like error, as defined by Szpiro et al.
(2011b), into the health model.

In the next section, we introduce the two-stage model and discuss the model that will be used to sample monitor locations. In Section 3,
we present our simulation study, followed by a data example in Section 4.

_________________________________________________________________________________________________|
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2. MODEL AND ANALYSIS FRAMEWORK

We assume a two-stage air pollution epidemiology model. In the first stage, we describe the models used to sample monitor locations and to
generate exposures at the monitor locations. The measured exposure concentrations are then used to predict exposure at subject locations. In
the second stage, we study the association between health and exposure.

2.1. Exposure model

Let X be an n x 1 vector of observed concentrations at locations sx 1, ...,5x 5. We assume that the i th concentration is the sum of a mean
component d &, a spatial random effect €, and a random error e,

X =djou+¢€ +e; 1)

Here, € = [€1,...,en] ~ N (0, 2Ry x (¢)), where 2 is the variance of the process, ¢ is the range parameter, and R is the correlation
matrix. The error terms are modeled as ¢; ~; ; 7. N(0,t2). The error variance 2 is often called the nugget and reflects variability in the
exposure due to measurement error. The mean component is a linear combination of p covariates and an intercept term. The (p + 1) x 1
vector d; denotes the covariates measured at location sy ;.

In our modeling framework, we assume that the subject and monitor locations are misaligned. To distinguish between these sets of
locations, we use the asterisk notation * to indicate that a random variable or covariate are associated with the monitor locations. That is,

X™* and d* indicate the concentrations and covariates, respectively, at the monitor locations s;( = {s X* 102 SX* ¥ }

2.2. Model for monitor and subject locations

We will consider the monitor locations to be a realization from an inhomogeneous Poisson process with intensity function

As = exp (y1dsa + y2es) 2)

Here, we assume that d o and € are, respectively, the mean component and random field of the exposure model, indexed over a set
of locations that covers the study area of interest. The € used in model (2) is the same one used in model (1). We define the locations
S = {s1,...,sn} as the superset of locations from which we sample. We assume that we can measure the covariates at all locations and
that the subject and monitor locations are sampled from this set of points.

We distinguish between two types of sampling methods:

1. Preferential sampling

a. y1 > 0 and y» = 0 (PS:Mean): Dependence between monitor locations and exposure is introduced through the covariates. In this
situation, we can account for preferential sampling by including the informative covariates in the exposure model (see discussions by
Scott, 2010; Fuentes, 2010; Rougier and Chen, 2010). Conditional on the covariates, s y« and X * are independent.

b. y1 = 0 and y» > 0 (PS:GaussianField): This specification agrees with the Diggle ef al. (2010) definition of preferential sampling.
Here, dependence is introduced through the spatial process €. Because we do not observe the process directly, we need to account for
this dependence when estimating the exposure model parameters.

2. Complete spatial random sampling
a. y1 = 0and Y2 = 0 (CSR): CSR does not introduce dependence between X * and s x .

In this paper, we define preferential sampling more broadly than Diggle er al. (2010), and we consider preferential sampling to occur when
we select monitor locations based on our knowledge of areas where the components of the exposure model (mean or spatial component)
have high or low values.

We assume that the subject locations s xy = [sx,1,...,Sx ] are misaligned with the monitor locations.

2.3. Exposure prediction

To study the association between ambient exposure and a health outcome, we need to predict the concentrations X at the subject locations
s x . Assuming model (1), we use kriging to predict the exposure at the participant locations. X and X * are jointly distributed as

()= () (£15)

with
€+e N 0 21 +02RSX(¢) 02RSx,SX* (@)
5* + e* 0)’ 02RS}(*,S}((¢) 1'—21 + GzRS}(* (¢)
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Here, Ry 5.+« (¢) is the correlation matrix for concentrations measured at locations s y and s y+. We predict the exposure at subject
locations s y as the expected value of the exposure at subject locations given the exposure measured at monitor locations,

-1
E(X |X*sx,sx+,0,0) = Da + 02 Ryy 510 () (121 +02Ry,. (¢)) (X* - D*a) 3)

2

The exposure model parameters o and § = (t2,02,¢) are estimated via maximum likelihood. The predicted exposures are then

calculated as
W= E(x ‘X*;sx,sx*,&,é) @)

When we sample preferentially (PS:GF), dependence is introduced between X ™ and s x«. It is important to recognize that we do not
account for this dependence when we derive the prediction formula (3) and that we assume that s y» is given.” In this paper, our aim is
to illustrate the impact that preferential sampling has on health effect inference when we make this assumption. We derive the marginal
distribution of X * |s y+ that should be used when X* and s x« are dependent in Supporting Information 1.

2.4. Health model

We assume a linear association between exposure and a continuous health outcome,

Yi=Bo+XjBx +&; ©)

Here, Bx is the health effect parameter of interest. The error term is modeled as £; ~; ; 4. N(O, 1?). Because of the spatial misalignment
between subject and monitor locations, we use the predicted exposure (4) instead of the true exposure when fitting the health model. We
use the notation By to emphasize that the health effect estimate is based on using W rather than X . This results in measurement error. We
will not correct for measurement error in our simulation study, the reason being that we want to assess the impact of the different sampling
methods on the validity and reliability of B w-

2.5. Impact of preferential sampling on health analysis

In this paper, our goal is to understand how preferential sampling impacts our understanding of the relationship between health and exposure.
One way of assessing this is to compare the properties of the health effect estimate Sy that results from sampling uniformly (CSR) with
the properties that results from sampling preferentially (PS:Mn and PS:GF). We will show that the sampling variability of the health effect
estimate typically increases under preferential sampling. The health effect estimate can also be biased.

We also do a more in-depth analysis on the impact of preferential sampling. This analysis focuses on the situation in which dependence
between the monitor locations and exposure is introduced through an unobserved mechanism (PS:GF sampling). We identify two ways in
which preferential sampling alters predicted exposures. First, the locations s y « are now dependent on the measurements X *, and this results
in X* being too high or too low on average. Second, the exposure model parameters are estimated from a model that is not adjusted for
preferential sampling, resulting in biased estimates of & and 6.

We study the impact of these two components by isolating them in the prediction formula (4). First, we isolate the impact of the monitors
being concentrated in areas with high or low exposure. To do this, we assume that o and 6 are known and predict the exposure at subject
locations using

WIDL‘ = E(X|X*;SXVSX*’(¥90)'

By plugging W, into the health model, we study the impact of preferentially sampled locations on health effect inference.
Second, we isolate the impact of the sampling distribution of exposure model parameter estimates & ps and 0 pg. Here, we use

W par = E<X|XESR: SX.SX* CSR-&PS. 0PS)

to predict exposures. W pq differs from W in that the measured exposure X Z sr Plugged into the prediction equation are now observed at
a set of locations that are uniformly sampled. The exposure model parameters, & pg and 6 pg, however, are estimated using measurements
X ’;, ¢ at preferentially sampled locations s x = ps. . .

We plug W, and W pq; into the health model (5) to derive health effect estimates Byy,,. and By, , respectively. Our goal is to see
how the sampling properties of By, and B, help explain the properties of By .

3. SIMULATION STUDY

To study the properties of the predictions and health effect estimates under different methods of sampling, we generate the data I times.
We use the generated data to fit the exposure model, predict exposure at subject locations, and fit the health model. In this section, we first
describe the data-generating mechanism and then describe how we specify the model parameters.

________________________________________________________________________________________________________________________|
TWe assume throughout this paper that X and s x are independent for data generation and analysis purposes.

_________________________________________________________________________________________________|
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3.1. Simulation study algorithm

Specify y1.y2.a,08,D*, D, Bo.Bx.n% and I. Let S be a set of grid points covering the study area. We sample the subject locations s x
uniformly and treat s x as fixed. Repeat the following steps / times.

Simulate a realization of the Gaussian random field € on S .

Sample n* monitor locations s x« from S

Generate exposure measurements X and X * at s y and s y« using the same realization of € as in (1).
Generate health outcomes Y using the true exposures X .

Fit the exposure model for measurements X * using (1) assuming that s x« is given.

Predict the exposure W using (4).

Fit the health model (5), replacing X with W, and estimate Sy and the naive standard error.

Nk w -~

Note that we specify n* in our simulation study prior to sampling the monitor locations. As a result, we cannot consider the monitor
networks that we sample based on model (2) to be realizations from an inhomogeneous Poisson process. We decided to fix the number of
monitors rather than sample them randomly, because we are interested in comparing results for different numbers of monitor locations.

In order to study the ways in which preferential sampling alters prediction, the algorithm can be adjusted as follows:

3.1.1.  Impact of preferentially sampled locations

Replace step (6) with the following step:

6. Use W, = E(X|X*;sx,sx+,a,0) instead of (4) to predict exposures.

3.1.2.  Impact of exposure model parameters estimated from a model that is not adjusted for preferential sampling

Alter the earlier algorithm as follows:

2. Sample s xy+ csg and s x+ ps.

3. Generate exposure measurements X, XESR’ and X’;S atsy, S x+ CSR»and s x«_pg, respectively.
5. Estimate the exposure model parameters using X ’;, S
6

. Set Wpar = E(X|XE‘SR;SX7sX*,CSR’&PS70PS .

3.2. Simulation study design

We design a simulation study based on data used by Bergen et al. (2013). The authors studied the association PM» 5 chemical components
and carotid intima-media thickness. The data are discussed in more detail in Section 4 for our data example. The authors fitted a universal
kriging model to 2009-2010 annual average elemental carbon (EC) concentrations at 255 monitoring sites. Approximately 600 geographic
information system covariates were available. PLS was used to find linear combinations of the original covariates that are maximally corre-
lated with the exposure data X *. In the following simulation study, we will use only the first PLS component. The model parameters used
in the simulation study were selected to match those fitted for the earlier health study. For ease of reporting the simulation study results
(avoiding too many decimal places), we increased the variance of the health and exposure models (o2 and 52) by a factor of 10, and we
increase the size of the health effect S .

Even though the model parameter values used for data generation were based on the exposure and health data used by Bergen ez al. (2013),
the monitor and subject locations used in the simulation study do not match the regulatory monitor locations or the health study participant
locations. The monitor and subject locations were sampled from a set of points that is a lattice approximation to the study area, the lower 48
states of the USA. The lattice points are 25 km apart, and a total of 12,501 lattice points make up the grid. We sample 1000 subject locations
uniformly. These locations are fixed for all runs of the simulation study.

We want to identify model settings for which preferential sampling has a large impact on the validity and reliability of the health effect
estimate. To do this, we vary the following model components:

1. The proportion of variability explained by the spatial random field € of the exposure model (1). Note that we keep the total variability of
X constant for Models A through D but vary 62, a1, and 72 among the models.

a. Model A: € explains 20% of the variability in the exposure.
b. Model B: € explains 50% of the variability in the exposure.
c. Model C: € explains 91% of the variability in the exposure.
d. Model D: € explains 91% of the variability in the exposure; the mean term is constant.

2. The number of monitor locations n*.
3. The range parameter ¢.

We use four methods for sampling the monitor locations in the simulation study. First, we use CSR sampling (set y; = y2 = 01in (2)).
Second, we distinguish between PS:Mn High and PS:Mn Low sampling to sample the exposure surface in areas where the mean component

_________________________________________________________________________________________________|
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Table 1. Exposure model and health effect estimation results based on n* = 100 monitors
o & 52 @ EW) R bias(/s;V) SD(ffW) E (SE (ﬂ;y)) Cov

Model A

TRUE 0 0.59 1.8 413 0.02 (0.40) 0 0.018 0.018 0.95
CSR —0.02 (0.38) 0.59(0.03) 1.7 384 0.01 (0.41) 0 0.022 0.019 0.92
PS:Mn High —0.03(0.91) 0.59(0.03) 1.7 396 0.01 (0.92) 0 0.026 0.020 0.87
PS:MnLow —0.01(0.61) 0.59(0.11) 1.7 383 0.02 (0.63) 0.03 0.052 0.020 0.61
PS:GF 1.20 (0.44) 0.59(0.03) 1.3 297 1.19 (0.46) 0 0.024 0.020 0.90
Model B

TRUE 0 0.45 45 413 0.02 (0.64) 0 0.019 0.019 0.95
CSR 0(0.61) 0.45(0.05) 4.2 386 0.02 (0.66) 0.01 0.029 0.022 0.89
PS:Mn High 0.05(1.44) 045(0.05) 43 400 0.07 (1.46) 0.02 0.039 0.024 0.79
PS:Mn Low 0.04 (0.97) 0.45(0.17) 42 382 0.07 (1) 0.02 0.08 0.026 0.52
PS:GF 1.92(0.71) 0.45(0.04) 3.2 304 1.89 (0.73) 0.01 0.037 0.025 0.82
Model C

TRUE 0 0.14 9.0 413 0(0.89) 0 0.018 0.018 0.95
CSR —0.02 (0.86) 0.14(0.06) 8.6 393 —0.02(0.91) 0.02 0.041 0.028 0.83
PS:Mn High —0.05(2.02) 0.14(0.08) 846 395 —0.05(2.05) 0 0.06 0.034 0.76
PS:MnLow  —0.01 (1.37) 0.14(0.25) 8.4 384 0(1.41) —0.19 0.078 0.032 0.54
PS:GF 2.7(0.97) 0.14 (0.06) 6.5 304 2.63 (1.02) 0.1 0.066 0.041 0.77
Model D

TRUE 0 9.0 413 0(0.89) 0 0.018 0.018 0.95
CSR 0 (0.86) 8.6 393 0(0.94) 0.02 0.043 0.029 0.85
PS:GF 2.72 (0.99) 6.5 304 2.64 (1.04) 0.16 0.074 0.048 0.77
The first row of each section is used to report the true parameter values (used to simulate the data) and the results corresponding to
using the true rather than predicted exposures at subject locations. The following results are reported for the exposure model: intercept
a, slope a1, variance o2, range ¢, and the mean of the average exposure predicted at the subject locations. Standard deviations
(SDs) are reported in parentheses. The variability in the estimates of 62 and ¢ agrees well for the different methods of sampling, and
therefore, we do not report it in the table. For the health model, the relative bias in the health effect estimate (B ias (;3 174 / B X),
the SD of the health effect estimates, the average naive standard error (SE), and the coverage (Cov) probability for a 95% confidence
interval are reported.
CSR, complete spatial randomness; PS, preferential sampling; GF, Gaussian field.

has high and low values. For PS:Mn High sampling, we set y; = 1.7/var(Dea) and y» = 0 in (2). For PS:Mn Low sampling, we identify
areas where the mean component D« has low values on the superset of locations that we sample from. We sample 95% of the monitors
randomly in areas where the mean component is lower than its 20th percentile of D« and 5% of the monitors in areas where the mean
component is above its 20th percentile. The fourth method of sampling is PS:GF sampling for which we set y; = 0 and y = 1.7/02 in
(2). For sampling based on (2), we divide by the variance of the mean component or 62 to ensure that the level of preferential sampling is
similar for Models A, B, C, and D. The earlier settings result in a high degree of preferential sampling for PS:Mn and PS:GF sampling; that
is, most of the monitors will be placed in areas where the covariates or spatial process have high (or low) values.

Our main focus will be on comparing results for Models A, B, C, and D. As aforementioned, we will keep the total variability of X
constant by varying a1, 02, and t2 among the three models. For Models A, B, and C, 2 is small (e explains 5% or less of the variability
in the data). For Models D, e explains 9% of the variability in the data. The error variance is larger for Model D than for Model C because
the spatial field explains 91% of variability in both models, but the mean component does not explain any of the variability in Model D. We
set g = 0 and ¢ = 413, and we use an exponential correlation function to define the correlation matrix R, . We measure the distance
between two locations in kilometers and also interpret the range parameter in units of kilometers. The slope parameter oy and variance o2
are set equal to 0.59 and 1.8 in Model A, 0.45 and 4.5 in Model B, 0.14 and 9 in Model C, and 0 and 9 in Model D. The intercept of the
health model, By, is set equal to 0.1, and the health effect Sx equal to 0.25. The error variance n? is set equal to 3. We set the number of
iterations of the simulation study / equal to 3000 for each run of the simulation study.

By referencing the percentiles of the mean component, we can control the “degree” of preferential sampling more directly compared with when we sample based on
model (2). Note that we could use the same method to sample in areas where the mean has high values.

_________________________________________________________________________________________________|
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Our primary interest is in comparing results based on varying the proportion of variability explained by €. For these comparisons, we keep
the range fixed at 413. To study whether our results are sensitive to the value of the range parameter, we do additional simulation runs and
compare results based on setting ¢ = 100, 500, and 1000.

3.3. Results

We summarize the exposure and health model results in Table 1. The reported results are based on n* = 100 randomly sampled monitors.
We compare the results corresponding to using the true exposure at the subject locations (TRUE) with the results corresponding to uniform
(CSR) and preferential (PS:Mn and PS:GF) sampling.

Studying the exposure model parameter estimates, we see that the regression coefficient estimates are relatively unbiased for CSR and
PS:Mn sampling and that the intercept parameter estimate is highly biased for PS:GF sampling (and the bias increases as we move from
Model A to Model D). Even though the regression coefficients are relatively unbiased for PS:Mn High and Low sampling, the intercept and
slope parameter estimates are far more variable than for CSR sampling (2.3 times more for the intercept for PS:Mn High and 4.2 times more
for the slope for PS:Mn Low, for Model C). We discuss these differences in variability in more detail in Appendix B.

Table 1 also shows that the average predicted exposure is relatively unbiased for PS:Mn and CSR sampling and is positively biased
for PS:GF sampling (reflecting the bias in the intercept estimate). The variability in the predicted exposures, on the other hand, reflects
the variability in the exposure model parameter estimates, and we see increased variability (relative to CSR sampling) for PS:Mn
sampling especially.

We interpret the health analysis results for PS:Mn sampling first. We see that PS:Mn sampling inflates the standard errors (SEs) relative
to CSR and, while generally unbiased, can attenuate the health effect estimate (PS:Mn Low sampling, Model C). These results agree with
those reported by Szpiro ez al. (2011a) for a simulation study in which one of the covariates in the exposure model is sampled over a limited
range of values.

The general trend that we see for PS:GF sampling in Table 1 is an increase in the bias and standard deviation of the health effect estimate
as the spatial process accounts for more of the variability in the exposure surface. For PS:GF sampling, we interpret the health analysis
results by also considering the two components of preferential sampling that we discussed in Section 2.5. In Table 2, we study the Model D
health analysis results based on W, W, and W pq,, for n* = 100 and n* = 300 monitor locations. Studying the mean of the average
exposures predicted at subject locations and the health effect estimate, we see that the positive bias in both can be attributed largely to the
impact of the preferentially sampled monitor locations (W ;,.). The properties of W;,, and W, and of /3 Wi, and ﬁ w » respectively, match
more closely as the number of monitors increase.

‘We also consider that impact that increasing the number of monitor locations and increasing spatial correlation could have on health effect
inference when sampling preferentially. These results are presented in Appendix C.

Table 2. Exposure model and health effect estimation results based on n* = 100 and n* = 300 monitors, for Model D

G 6% ¢ E(W) SD(W) Rel.bias(ﬁ;y) SD(,B;V) E(SE(ﬁ;V)) Cov

Model D, n* = 100

TRUE 0 9.0 413 0 0.90 0 0.018 0.018 0.95
CSR 0.00 8.6 393 0 0.94 0.02 0.043 0.029 0.85
PS:GF 272 6.5 304 2.64 1.04 0.16 0.074 0.048 0.77
PS:GF W, 0 9.0 413 1.99 0.80 0.08 0.055 0.035 0.77
PS:GF Wpar 272 6.5 304 0.54 1.04 0.06 0.048 0.032 0.84
Model D, n* = 300

TRUE 0 9.0 413 —0.01 0.90 0 0.019 0.018 0.95
CSR —0.01 8.8 404 —-0.01 0.90 0.01 0.026 0.024 0.92
PS:GF 205 7.1 359 1.92 0.96 0.16 0.049 0.035 0.73
PS:GF W, 0 9.0 413 1.67 0.86 0.13 0.043 0.032 0.76
PS:GF Wpar 205 7.1 359 0.08 0.90 0.03 0.027 0.025 0.92

The first row of each section is used to report the true parameter values (used to simulate the data) and the results corresponding
to using the true rather than predicted exposures at subject locations. PS:GF W, gives the results corresponding to using
W 14¢ in the health model, and PS:GF W p4, gives the results corresponding to W p4. The following results are reported for
the exposure model: intercept g, variance o2, range ¢, the mean of the average exposure predicted at the subject locations,
and the standard deviation (SD) of the average predicted exposure. For the health model, the relative bias in the health effect
estimate, the standard deviation of the health effect estimates, the average naive standard error (SE), and the coverage (Cov)
probability for a 95% confidence interval are reported.

CSR, complete spatial randomness; PS, preferential sampling; GF, Gaussian field.
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4. EXAMPLE
4.1. Data description

In this section, we use regulatory monitoring data and health data from MESA Air (Kaufman et al., 2012) to study the impact of preferential
sampling on our health analysis results. We use the same data that Bergen et al. (2013) used to study measurement error in the context
of two-stage air pollution epidemiology modeling. We replicate the authors’ naive health analysis results (i.e., the results obtained without
correcting for measurement error) and compare it with the results we obtain based on two subnetworks of the monitoring data used by
the authors.

Bergen et al. (2013) studied four chemical components of PM3 5: EC, organic carbon (OC), silicon (Si), and sulfur (S). In this example,
we focus on EC and S. Fitting the spatial model (1) for the four components, we find that EC and OC have similar properties as do Si and
S. For EC, most of the variability in the data is explained by the covariates (and 4% is explained by the spatial field). On the other hand, the
spatial random field explains 91% of the variability for S. The exposure model for EC agrees with how we set up Model A in the simulation
study, and the exposure model for S agrees with Model C.

We refer readers to Bergen et al. (2013) for a detailed description of the data used in this section. In the following, we give a brief
description of the monitoring, covariate, and health data. The exposure data were measured by two regulatory networks—the IMPROVE
network (Eldred ef al., 1988), which focuses on remote areas, and the CSN (US EPA, 2009), which samples urban areas more intensely. The
data were accessed from the Environmental Protection Agency (EPA) web server (US EPA, 2010). We refer to the networks jointly as the
national network. Annual averages were calculated for EC and S, and the averages are square root transformed prior to exposure modeling.

A large set of land use covariates were available for exposure modeling, and PLS was used to reduce the dimensionality of the covariate
space. The number of PLS components to include in the mean structure of the EC and S models was chosen by 10-fold cross-validation.
Following Bergen et al. (2013), we use three PLS components for EC and two for S.

Carotid intima-media thickness, a subclinical measure of atherosclerosis, was used as an endpoint in the health study. The health data
were collected from 5501 MESA Air participants who reside in six US cities: Los Angeles, St. Paul, Chicago, Winston-Salem, New York,
and Baltimore.

Figure 1 in Bergen et al. (2013) shows the predicted EC and S concentrations across USA, overlaid with the locations of the CSN and
IMPROVE monitoring sites. The figure shows that for EC, the concentrations are higher in urban areas and that for S, the concentrations
are typically high for the eastern and midwestern states and low in the western half of the country. It appears that the CSN and IMPROVE
networks are preferentially sampled for EC and S. The CSN monitors are more concentrated in areas where EC and S have higher values,
and the IMPROVE monitors are concentrated in areas where EC and S have lower values.

4.2. Comparing results for IMPROVE and CSN networks

In this section, we compare the health analysis results obtained by Bergen et al. (2013) (based on the national network) with the health
analysis results we obtain when fitting the exposure model to CSN and IMPROVE networks separately. These results are reported in Table 3.
We report the estimated coefficient for the first PLS score only, because the second and third (for EC) and the second (for S) PLS components
explain a very small percentage of the variability for EC and S. We see that the national network and the CSN network results lead to the
same scientific conclusions. For the IMPROVE network, however, the health effect estimates for EC and S are smaller than the lower bound
of the 95% confidence intervals for the health effect estimates based on the national network. Furthermore, the 95% confidence intervals for
S from the national and IMPROVE networks do not overlap.

To interpret the results in Table 3, we regard the national network as the gold standard (i.e., indicative of the results we would obtain
under non-preferential sampling). Our simulation studies showed that CSR sampling gives relatively unbiased estimates of the health effect.
If we regard the national network estimate as being unbiased (or relatively unbiased) for the underlying health effect, then comparison of the
health effect estimates suggests that the IMPROVE network has a large negative bias and that the CSN network has a smaller bias.

CSN IMPROVE

e e

\ .
P

® Monitors selection

S Predictions
- High : 0.95

Low: 0.5 %

Figure 1. Predicted exposure surface in the greater Los Angeles area. Sulfur predictions are based on fitting the exposure model to the Chemical Speciation
Network (CSN) and Interagency Monitoring for Protected Visual Environments IMPROVE) networks
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Table 3. Exposure model and health effect estimation results for EC and S based on the national network and the
IMPROVE and CSN networks

n* a1 62t ) w ﬂ;;;z SE (,BI,AVz) p-values
EC
National network 255 0.55 0.032 0.3 413 0.86 0.001 (—0.027, 0.029) 0.014 0.95
CSN 98 0.69 0.015 05 616  0.85 —0.008 (—0.036, 0.02) 0.014 0.57
IMPROVE 157 054 0.033 03 549  0.88 —0.030(—0.055, —0.005) 0.013 0.02
S
National network 240 0.71 0.008 2.5 2145 0.88 0.055 (0.022, 0.088) 0.017 0
CSN 89 071 0.005 29 2415 0.89 0.074 (0.04, 0.107) 0.017 0.00
IMPROVE 155 071 0.008 2.2 2145 0.88 —0.032 (—0.06, —0.004) 0.014 0.02

The following results are reported for the exposure model: intercept ag, slope a1, variance o2, range ¢, and the average

exposure predicted at the subject locations. For the health model, the health effect estimates, the naive standard errors (SE),
and the p-values are reported.

+ indicates multiply by 1072,

EC, elemental carbon; CSN, Chemical Speciation Network; IMPROVE, Interagency Monitoring for Protected Visual
Environments.

Our interest in this section is to see whether we can explain the disagreement between the IMPROVE and CSN results in the context of
preferential sampling. We found that this can be carried out for S but that the interpretation of the EC results are not as straightforward. As
aforementioned, the S surface is characterized by large-scale variability, and concentrations are typically high for the eastern and midwestern
states and low in the western half of the country. This large-scale variability is modeled by the spatial component € of the exposure model.
Because the IMPROVE monitors are fairly evenly distributed across the study area, we expect the network to predict exposure accurately. In
fact, the out-of-sample R? is 0.86 (for predictions at CSN monitor locations). It is surprising then that the bias in the health effect estimate
is so large.

We found that the large bias is due to smaller scale variability in the exposure surface in areas where the subjects are located. The
IMPROVE network does not cover these areas and cannot pick up this small-scale variability as a result. Figure 1 gives the predicted
exposure surfaces for S around Los Angeles based on fitting the exposure model to the CSN and IMPROVE networks, respectively. We see
that the predicted exposure in the Los Angeles metropolitan area is higher for the CSN network than for the IMPROVE network. The mean
component of the IMPROVE network picks up some of the small-scale variability in Los Angeles. However, the smoothing component
does not pick up on this variability because the IMPROVE monitors that are closest to Los Angeles are located in areas where the exposure
surface has low values. As a result, concentrations are underpredicted in the Los Angeles metropolitan area.

Although we do not illustrate this here, we see a similar pattern in the Chicago area. The IMPROVE monitors closest to Chicago are
in areas where concentrations are higher than what they are in Chicago, based on the full network. As a result, concentrations are over-
predicted in Chicago. We find that the over-prediction and under-prediction of S concentrations in Los Angeles and Chicago, respectively,
are what drives the discrepany between the IMPROVE and national network results. Of the participants in the health study, 38% are located
in Chicago and Los Angeles. Excluding the Chicago and Los Angeles participants from the health analysis, we obtain an effect estimate of
0.06(0.01,0.11) for the IMPROVE network. This estimate agrees well with the results reported for the national network in Table 3.5

For EC, we find that out-of-sample R? for both the CSN and IMPROVE networks is low (0 and 0.12, respectively), whereas the in-
sample RZs are high (0.74 and 0.87, respectively).! This indicates that when the exposure model is optimized for either urban or rural areas,
concentrations are predicted with low accuracy in other areas. In case of EC, the mean component explains most of variability in the exposure
surface (comparable with the Model A specification of our simulation study). This suggests that the mean component of the exposure model
could be misspecified. In this paper, we assume that the exposure model and specifically the mean component are correctly specified (in our
simulation studies and when interpreting data example results). As a result, it is not straightforward how to interpret the EC results in the
context that we use to study preferential sampling.

4.3. Interpreting the S results in the context of the simulation study

It is important to recognize that we cannot compare the data example results in Table 3 directly with the simulation study in Section 3. The
main reason for this is that the subject locations are clustered in six cities for the data analysis but uniformly sampled for the simulation study.
We adjust the simulation study algorithm given in Section 3.1 to align more closely with the data analysis by sampling subject locations

¥Excluding the Chicago and Los Angeles participants from the health analysis for the CSN network, we obtain an effect estimate of 0.07(0.03, 0.10), similar to the
CSN results reported in Table 3.

IThis can be contrasted with the high out-of-sample R? for S for the CSN and IMPROVE networks (0.89 and 0.86, respectively). The in-sample R2 is 1 for
both networks.
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in the six cities where the MESA Air participants are located.!l The results of the adjusted simulation study are reported in Table S1 in
Supporting Information 1. We report only the results for the simulation study modeled on the S data (this agrees with our Model C setting,
because most of the variability in the exposure surface is explained by the spatial component).

We compare the IMPROVE and CSN results with PS:Mn Low and PS:Mn High sampling, respectively. The reason for this is that the
mean component used in the simulation study distinguishes well between urban and rural areas (i.e., it has high values in urban areas and
low values in rural areas). As a result, for PS:Mn Low sampling, the monitors will be sampled in rural areas, whereas monitors are sampled
in urban areas for PS:Mn High sampling.”"

Table S1 shows that the effect of the clustered subject locations is expressed as increased variability in the health effect estimate. The SE
is inflated far more for PS:Mn Low sampling than for PS:Mn High and CSR sampling. We attribute this to the misalignment between subject
and monitor locations and to concentrations being predicted with low precision because of the importance of spatial smoothing.

S. DISCUSSION

In this paper, we illustrated the impact that preferential sampling has on exposure prediction and health effect estimation. We studied
preferential sampling in a geostatistical context and used a two-stage air pollution epidemiology model to estimate the association between
exposure and health. We use a broader definition of preferential sampling than Diggle et al. (2010) and distinguish between preferen-
tial sampling based on the mean component (deterministic sampling) and the Gaussian field component (stochastic sampling) of the
exposure model.

We used simulation studies to identify the exposure model settings for which preferential sampling has a large impact on the validity and
reliability of the health effect estimate. To do so, we designed our simulation study to have the following features. First, we assumed that the
fitting model is known, and we used the same model for data generation and fitting. This can be contrasted to the simulation study used by
Gelfand er al. (2012) in which the simulation and fitting models do not necessarily agree. Second, we assumed that the subject locations are
given. And, finally, we plugged the predicted exposures directly into the health model without accounting for measurement error.

Given these features of the simulation study, we obtain insight into how our health analysis results can be affected when we use a two-
stage geostatistical modeling framework in which we do not correct for measurement error and assume that the monitor locations are given.
We contrasted health analysis results for different methods of sampling the monitor locations and found that we can typically estimate our
health effect estimate with greater accuracy for CSR sampling. We also found that the efficiency with which we estimate the health effect
decreases as the proportion of the variability explained by the spatial field component increases. A sensitivity analysis showed that our results
are also sensitive to the spatial range of the exposure model.

It is important to recognize that by plugging in the predicted exposures into our second-stage analysis, we do not account for the variability
in the distribution of the predicted exposures or for the variability with which we estimate the exposure model parameters. Methods have
been proposed to correct for measurement error (Szpiro et al., 2011b; Gryparis et al., 2009). However, these methods have been developed
based on the assumption that we can consider the monitor locations to be fixed. This assumption is not valid when we sample preferentially
based on the spatial field.

We identified two components of preferential sampling and illustrated how they alter the properties of the predicted exposure and the
health effect estimate for PS:GF sampling. The first component isolates the impact of preferentially sampled locations, which results in the
concentrations used to predict exposures being too high or too low. The second component captures the impact of using exposure model
parameters that were estimated from a model that is not adjusted for preferential sampling. We expect these parameter estimates to be biased.
When using predicted exposures that reflect only the preferentially sampled locations in the health model, the properties of the corresponding
health effect estimate By, match the properties of the preferentially sampled health effect estimate Sy closely, and more so as the number
of monitors increase. This shows that, even if we have reason to believe that our exposure model parameters are estimated precisely, the
validity and reliability of our health effect estimate could still be affected greatly by the locations where we sample the exposure surface.

Using Wj, in our health model agrees with the Berkson-like error as defined by Szpiro et al. (2011b). Our simulation study showed that
the Berkson-like error can introduce bias in the health effect estimate when a large proportion of the variability in the exposure surface is
explained by the process that describes the spatial structure in the data. We contrast this with the result by Szpiro et al. (2011b) that the
Berkson-like error does not introduce bias in the health effect estimate. We showed in Appendix A that their result holds when the monitor
locations and the exposure are independent; this condition is violated under preferential sampling.

In our data analysis, we used monitoring data from two US regulatory networks and health data from MESA Air. Our goal was to determine
whether we could use preferential sampling to explain the disagreement in health analysis results based on the two regulatory networks. For
S, we identified four factors that contribute to the large bias for the IMPROVE network: the small-scale variability in the exposure surface
in some of the urban areas where subjects are located, the clustering of a large percentage of the subjects in these areas, the preferential
sampling of monitors in rural areas, and the spatial component of the exposure model capturing most of the variability in the exposure
surface. We modeled a simulation study on the S data, and we used the study to highlight that in order to assess the effect of preferential
sampling on health analysis results, we cannot consider the monitor locations alone. We have to take into account where the subjects are in
relation to the monitors. The simulation study showed that when the subject and monitor locations are misaligned and when the subjects are
clustered in a few distinct locations, the SE of the health effect estimate could be greatly inflated.

In addition, we model the health outcome as a linear function of the squared exposure to match the data example.

"We could also compare the IMPROVE network with PS:GF sampling, because most of the variability in the fitted exposure surface is explained by the spatial process
for S. However, new realizations of the spatial field € have high values in different locations. Because we consider our subject locations to be fixed, we cannot guarantee
that our monitor and subject locations are misaligned.

_________________________________________________________________________________________________|
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For the CSN network, the monitors are concentrated in urban areas and are, as a result, well aligned with the subject locations. Our simu-
lation study modeled on the S data showed that we can estimate the health effect with greater efficiency when the monitors are concentrated
in areas where the subjects are located. This highlights the importance of covariates that are likely to be informative of where the health
study participants are located, for example, population density. Sampling monitor networks conditional on this covariate information should
have a positive impact on health effect estimation.

In our simulation study modeled on the S data, we sampled monitor locations based on the mean component to ensure misalignment
between the monitor and subject locations. We found that our consideration of preferential sampling based on the mean component is very
much tied to a discussion of measurement error. In fact, what we referred to as PS:Mn sampling in this paper has been discussed purely
in the context of measurement error by others (e.g., Szpiro et al. (2011a)). Following Szpiro et al. (2011b), we distinguish between two
types of measurement error: classical-like measurement error, which is due to the uncertainty with which the exposure model parameters
are estimated, and Berkson-like error, which reflects the variability in the true exposure surface that cannot be captured by the model.
Szpiro et al. (2011a) illustrated in their simulation study that sampling covariates of the exposure model over a limited range of values could
result in substantial classical-like measurement error. Our simulation study illustrates that the Berkson-like error could also play a role when
sampling based on the mean component. This is reflected in the large increase in the SE of the health effect estimate when subject locations
are highly misaligned with monitor locations, compared with when subject locations are uniformly sampled over the study area.

We can also interpret our data example result using the framework proposed by Szpiro and Paciorek (2013) in which the unknown exposure
surface is considered to be deterministic, and the monitor and subject locations are random. The authors study bias in the health effect
estimate in the light of Berkson-like and classical-like error, and they state the conditions under which the Berkson-like error does not induce
bias in the health effect estimate (asymptotically, as the number of subjects goes to infinity). One of these conditions is that the subject and
monitor locations are sampled from the same distribution. This condition is certainly not met by the IMPROVE network, suggesting that the
Berkson-like error plays a role in the discrepancy between the IMPROVE and CSN results.

Our broadened definition of preferential sampling also allows for comparisons between our results and the work carried out by Gelfand
et al. (2012). These authors use a land use regression (LUR) framework to study preferential sampling. The LUR framework agrees with
our Model A setting in which the mean component accounts for most of the variability in the exposure surface. Gelfand et al. (2012) studied
how preferential sampling affects predictions, but they did not consider the impact of preferential sampling on a second-stage analysis.
Preferential sampling has also been discussed in the framework of marked point processes (Ho and Stoyan, 2008; Myllymaéki, 2009).

In summary, we not only defined preferential sampling in a geostatistical context in this paper but also considered how our work relates to
measurement error and to other frameworks, for example, LUR modeling and semi-parametric modeling. We did an in-depth study on how
preferential sampling could alter the properties of the health effect estimate and identified two components of preferential sampling for this
purpose. Our aim was to make the reader aware of how misleading inferences can be when predictions derived from preferentially sampled
spatial surfaces are used in second-stage analyses. This was highlighted in our data example, in which we found that different scientific
conclusions can be reached depending on which regulatory network we used in our first-stage analysis.
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APPENDIX A. CONDITION FOR ﬁ wroc TO BE UNBIASED

In the following, we show that if X™* and s y+ are independent, then the estimate ﬁ Wi, 18 unbiased.

We assume that Bquc is an OLS estimate of 8 based on replacing X with W, in the health model (5). Rewriting the expected value
of Yas MB + (X — W)Bx, where M = [1 W] and B = [Bo Bx] , it will suffice to show that if X* and s x« are independent, then
E(X-W|W)=0.

We find that

E[X—W|W;sX,sX*,a,0]=f(X—W)p(X|W;sX,sX*,a,0)dX
X
:/(X—W)p(X |X*:sx.sx+.«.0)dX (A1)
X
:[ Xp(X ’X*;sX,sX*,aﬂ)dX—W
X

Then, if X™* and s y« are independent, the integral term in line (A.1) equals W and E(X — W |W) = 0.

As mentioned earlier, using W, in our health model introduces Berkson-like error into our health analysis. Szpiro et al. (2011b) showed
that the Berkson-like error is unbiased. Although the authors did not state it explicitly, their result is based on the assumption that X * and
s x+ are independent.

APPENDIX B. VARIABILITY OF REGRESSION COEFFICIENT PARAMETER ESTIMATES
FOR MEAN COMPONENT SAMPLING

In Table 1, we saw that even though the regression coefficients are relatively unbiased for PS:Mn High and Low sampling, the intercept
and slope parameter estimates are far more variable than for CSR sampling (2.3 times more for the intercept for PS:Mn High and 4.2 times
more for the slope for PS:Mn Low, for Model C). These differences in the sampling distributions can be explained by the distribution of the
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Figure B1. The density function of the first PLS component fitted for the elemental carbon data
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Figure C1. The relative bias in the health effect estimate and the coverage probability for 95% confidence interval for increasing number of monitor locations
and increasing spatial correlation. The results correspond to Model D

mean component of the exposure model. Figure B1 shows that the mean component is fairly symmetrically distributed around 0, except for
a long tail to the right. For PS:Mn High sampling, we sample in the long right tail, and, as a result, we observe the mean component over
a larger range of values compared with CSR sampling (interquartile range (IQR) is 3 times larger for PS:Mn High sampling than for CSR
sampling). For PS:Mn Low sampling, we sample over a much smaller range of values (IQR is 1/4 times that for CSR sampling), because the
left tail of the distribution of the mean component is short. Sampling over a limited range of values increases the variability of the regression
coefficient estimates.

APPENDIX C. IMPACT OF SPATIAL RANGE AND INCREASING NUMBER OF MONITOR
LOCATIONS ON HEALTH ANALYSIS RESULTS

Here, we consider the impact that increasing the number of monitor locations and increasing spatial correlation could have on health
effect inference when sampling preferentially. By comparing the results for PS:GF with those for CSR in Table 2, we notice opposing trends
in the properties of the health effect estimate as the number of monitors increase. For CSR sampling, the bias decreases and the coverage
increases towards the nominal coverage as the number of monitors increase. For PS:GF sampling, however, the bias does not change and the
coverage decreases.

‘We summarize the impact of the spatial range parameter on the health effect estimate and coverage in Figure C1. We let ¢ range from 100
to 1000 and the number of monitors from 50 to 300. We observe that for CSR sampling, the bias decreases as the range increases and as the
number of monitors increases. Additionally, the coverage increases towards the nominal level as n* increases. The results for CSR sampling
agree with our intuition that we can interpolate a smoother exposure surface with greater accuracy. Also, we expect the predicted exposure
to match the true exposure more closely as the number of monitors increases. The results for PS:GF sampling are less intuitive. The bias in
the health effect estimate typically increases as the range parameter increases, and the bias increases or decreases as the number of monitors
increases, depending on the value of the range parameter. Coverage is poor for ¢ = 500 and 1000, even as n™* increases. The low coverage
is mostly driven by the large bias in the health effect estimate.

SUPPORTING INFORMATION

Additional supporting information may be found in the online version of this article at the publisher’s web site.
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