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Summary. Air pollution epidemiology studies are trending towards a multipollutant approach.
In these studies, exposures at subject locations are unobserved and must be predicted by us-
ing observed exposures at misaligned monitoring locations. This induces measurement error,
which can bias the estimated health effects and affect standard error estimates. We charac-
terize this measurement error and develop an analytic bias correction when using penalized
regression splines to predict exposure. Our simulations show that bias from multipollutant mea-
surement error can be severe, and in opposite directions or simultaneously positive or negative.
Our analytic bias correction combined with a non-parametric bootstrap yields accurate cov-
erage of 95% confidence intervals. We apply our methodology to analyse the association of
systolic blood pressure with PM2:5 and NO2 levels in the National Institute of Environmental
Health Sciences Sister Study. We find that NO2 confounds the association of systolic blood
pressure with PM2:5 levels and vice versa. Elevated systolic blood pressure was significantly
associated with increased PM2:5 and decreased NO2 levels. Correcting for measurement error
bias strengthened these associations and widened 95% confidence intervals.

Keywords: Air pollution epidemiology; Measurement error bias; Multipollutant measurement;
Penalized regression splines

1. Introduction

Air pollution epidemiology is trending towards a multipollutant approach (Dominici et al., 2010;
Billionnet et al., 2012; Vedal and Kaufman, 2011). Dominici et al. (2010) argued that members
of long-term health cohorts are exposed to a complex mixture of pollutants that together affect
health outcomes. Understanding how health outcomes are associated with pollutant mixtures
is necessary to inform policy decisions that are aimed at managing multiple-pollutant levels
(Vedal and Kaufman, 2011).

One of the challenges of the multipollutant approach in long-term cohort studies is obtaining
multivariate pollutant predictions at health cohort locations, as the true values are usually un-
observed. For this a first-stage exposure model is often built using exposures that are observed
at misaligned monitoring locations. A subsequent challenge is characterizing and correcting
for measurement error when the predicted rather than the true exposures are used to estimate
health effects in a second-stage health model. Zeger et al. (2000) outlined some general con-
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clusions based on multivariate classical measurement error. They suggested that in general, the
more poorly a pollutant is measured, the more attenuated its effect estimate will be. Exceptions
to this may occur when the measurement errors are negatively correlated, in which case the
attenuation of a poorly measured pollutant’s health effect estimate may induce upward bias of a
well-measured pollutant’s effect estimate. Schwartz and Coull (2003) developed multipollutant
regression calibration to obtain unbiased health effect estimates under classical multivariate
measurement error, which Zeka and Schwartz (2004) applied to the National Morbidity and
Mortality Air Pollution Study and discovered a previously unobserved effect of carbon monox-
ide on daily death adjusted for PM10 levels. Strand et al. (2014) extended regression calibration
(Carroll, 2006) to estimate the association in asthmatic children of an inflammation biomarker
with an interactive form of smoking and PM2:5. However, these methodologies do not address
the spatial measurement error that dominates in air pollution epidemiology studies.

Much has been developed characterizing spatial measurement error for a single pollutant
(Madsen et al., 2008; Gryparis et al., 2009; Szpiro et al., 2011; Bergen et al., 2013; Lopiano et al.,
2013, 2014; Szpiro and Paciorek, 2013; Bergen and Szpiro, 2015). Such approaches characterize
the effect of measurement error in the second-stage health model by analysing the statistical
characteristics of the first-stage exposure model. Szpiro et al. (2011) developed the parametric
and parameter bootstraps which Bergen et al. (2013) applied in a case-study estimating the
health effects on carotid intima-media thickness of four PM2:5 components. This approach is
valid assuming that the exposure surface follows a universal kriging model and could be extended
to the multipollutant setting. However, one would need to specify a multivariate spatial random
effect correctly. This would require specifying cross-correlations in addition to the individual
spatial correlations, which is a daunting prospect. Furthermore Szpiro and Paciorek (2013)
reasoned that viewing the exposure surface as fixed and the monitoring and subject locations
as random is a more realistic paradigm, motivating modelling spatial structure with spatially
referenced geographic covariates and basis functions rather than spatially correlated random
effects. Bergen and Szpiro (2015) described how in this context universal kriging can be viewed
as a full rank penalized spline, which can be approximated with fixed rank penalized regression
splines (Ruppert et al., 2003; Wakefield, 2013). They developed an analytic bias calculation
that is useful for obtaining unbiased health effect estimation when modelling exposure with
penalized regression splines.

We extend the methods of Bergen and Szpiro (2015) to the multipollutant case, characterizing
multipollutant measurement error when using penalized regression splines to predict exposures
at health subject locations. Although our methods apply to a general class of penalized re-
gression models, our treatment focuses on fitting separate penalized regression models to each
pollutant. We develop our methodology in the context of analysing the association of systolic
blood pressure (SBP) with particulate matter 2.5 μg m−3 or smaller in diameter (PM2:5) and
nitrogen dioxide (NO2) in the Sister Study cohort (National Institute of Environmental Health
Sciences, 2013). Chan et al. (2015) previously analysed this association but did not account for
measurement error.

Our paper is organized as follows. In Section 2 we describe the Sister Study cohort that is used
for our case-study. In Section 3 we describe assumptions and modelling strategies. In Section 4
we decompose the error into Berkson- and classical-like components and derive an analytic bias
correction that accounts for both. In Section 5 we discuss bias estimation approaches, exposure
model selection and variance estimation. In Section 6 we perform simulations to investigate the
effect of measurement error under various scenarios and to demonstrate the effectiveness of our
bias correction in achieving well-calibrated inference. In Section 7 we apply our methodology to
analyse the joint association of PM2:5 and NO2 with SBP in the Sister Study cohort (National
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Institute of Environmental Health Sciences, 2013). We conclude with a discussion of our results
in Section 8.

The programs that were used to analyse the data can be obtained from

http://wileyonlinelibrary.com/journal/rss-datasets

2. Case-study: systolic blood pressure PM2:5 and NO2 in the National Institute
of Environmental Health Sciences Sister Study

We develop our methodology in the context of analysing the association of SBP with PM2:5 and
NO2 in the Sister Study of the National Institute of Environmental Health Sciences (National
Institute of Environmental Health Sciences, 2013). The Sister Study is a large nationwide (in-
cluding Puerto Rico) prospective cohort study of women between the ages of 35 and 74 years
who were enrolled between 2003 and 2009, where each participating woman was the sister of a
woman with breast cancer. The intent of the Sister Study is to identify genetic and environmental
risk factors of breast cancer and other diseases.

Previously, Chan et al. (2015) analysed the association between baseline SBP and predicted
annual 2006 average PM2:5 and NO2 levels in 43629 Sister Study participants in the continental
USA. PM2:5 predictions were derived from a regionalized universal kriging model (Sampson
et al., 2013) and NO2 predictions were derived from a national satellite-based land use regression
model (Novotny et al., 2011). Fitting separate health models they estimated a change of 1.4 mm
Hg in SBP for an increase of 10 μg m−3 in PM2:5 (95% confidence interval 0.6, 2.3; p < 0:001)
and a change of 0.2 mm Hg in SBP for an increase of 10 ppb in NO2 (95% confidence interval
0.0, 0.5; p = 0:10). These health models controlled for demographics (age and race), socio-
economic status (household income, education, marital status, working more than 20 h per
week outside the home, perceived stress score and SES z-score as described by Diez Roux
et al. (2001)); large-scale spatial structure (urban–rural continuum code and a 10 degrees of
freedom thin plate spline), cardio-vascular disease risk factors (body mass index, waist-to-hip
ratio, smoking status, alcohol use, self-reported history of diabetes and self-reported history of
hypercholesterolemia) and use of blood pressure medication. However, the correlation between
PM2:5 and NO2 in this analysis was 0.37. Modelling SBP on PM2:5 level without adjusting for
NO2 and vice versa could result in bias from residual confounding in the estimated health effects.
When modelling both exposures together as main effects in the health model, Chan et al. (2015)
estimated a change of 1.6 mm Hg in SBP for an increase of 10 μg m−3 in PM2:5 level holding
NO2 level constant (95% confidence interval 0.5, 2.6; p < 0:001) and a change of −0:1 mm Hg
in SBP for an increase of 10 ppb in NO2 holding PM2:5 constant (95% confidence interval −0:4,
0.3; p=0:65). These analyses did not account for measurement error and as a result may suffer
from bias and invalid standard error estimates.

3. Analytic framework

3.1. Data-generating mechanisms
Our assumed data-generating mechanisms follow those described in Szpiro and Paciorek (2013)
and Bergen and Szpiro (2015). We describe our methodology in the context of our case-study,
emphasizing that extension to higher dimension pollutant vectors is easily accomplished at the
cost of notational simplicity. Let s1, : : : , sn denote n subject locations drawn independently from
an unknown spatial distribution function G.·/. In the context of our case-study, sk denotes the
residence of the kth Sister Study participant, and n = 43629. Given subject location, the true
unobserved exposures are xk ≡ .xk1, xk2/T, where xk1 and xk2 are the PM2:5 and NO2 exposures
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respectively, at the kth participant’s residence. We assume that the unobserved exposure vector
follows

xk =Φ.sk/+ηk:

Here Φ.sk/ ≡ .Φ1.sk/, Φ2.sk//T is a fixed function of space that denotes all characteristics of
PM2:5 and NO2 levels that can be modelled with geographic covariates (such as distances to a
road, population density and land use) as well as spatially referenced basis functions. As PM2:5
and NO2 levels are correlated across space, we assume that corr{Φ1.s/, Φ2.s/}∈ .−1, 1/. The
ηT

k ≡ .ηk1, ηk2/ are not spatially dependent, but rather represent unexplainable ‘white noise’ in
the pollutants.

To model exposure, we use nÅ =nÅ
0 +nÅ

1 +nÅ
2 monitoring locations where at least one pollutant

is observed. Let sÅ1 , : : : , sÅnÅ denote these locations, which are drawn independently of each other
and of the subject locations. It is possible for monitoring locations to exist at some subject
locations, and in fact this is so for some studies (Cohen et al., 2009). However, even in Cohen
et al. (2009) a great majority of subject locations are not collocated with a monitor. In the
Sister Study analysis, the monitoring locations are completely misaligned from the subject
locations. Here nÅ

j of the locations belong to set SÅ
j for j ∈ {0, 1, 2}. SÅ

0 denotes the set of
monitoring locations where both pollutants are observed, whereas for j ∈{1, 2} SÅ

j denotes the
set of monitoring locations where only pollutant j is observed. To model PM2:5 and NO2 in our
case-study, we used nÅ

0 =178 monitoring locations where both PM2:5 and NO2 were observed,
nÅ

1 =859 locations where only PM2:5 was observed and nÅ
2 =180 locations where NO2 alone was

observed. Let πÅ
j denote the probability that a randomly drawn monitoring location belongs to

set SÅ
j , and Hj.·/ the unknown distribution of monitoring locations in SÅ

j . In this paper we shall
assume that Hj.·/=G.·/ for all j. This is a strong assumption but we employ it for simplicity
and to focus on the measurement error methodology, discussing implications of violating this
assumption in Section 8.

Our methodology requires a non-zero number of locations where we observed both pollutants.
Accordingly we assume that πÅ

0 > 0, whereas πÅ
j may equal 0 for j =1 and/or j =2; this implies

that 0 < nÅ
0 �nÅ. As we describe in Section 5.1 this assumption is necessary to ensure that we

can estimate bias from measurement error. We denote xÅ
i =Φ.sÅi /+ηÅ

i as the complete (but not
necessarily completely observed) vector of exposures at monitoring location sÅi , for i=1, : : : , nÅ.

To model and predict exposure we have spatially referenced geographic covariates and basis
functions at each monitor and subject location. The following notation admits different covari-
ates and basis functions for modelling a specific pollutant. Let pj.sÅi / denote a pj ×1 vector of
geographic covariates such as distance to a road or land use features and qj.sÅi /T a qj ×1 vector
of spatial basis functions for j ∈ {1, 2}. Let rj.sÅi /T = {1.j = 1/p1.sÅi /T, 1.j = 1/q1.sÅi /T, 1.j =
2/p2.sÅi /T, 1.j = 2/q2.sÅi /T}, i.e. rj.sÅi / is a vector of length r = p1 + q1 + p2 + q2. Thus the
last p2 + q2 elements of r1 are all 0, and the first p1 + q1 elements of r2 are all 0. The vector
rj.sÅ/ is admittedly cumbersome but facilitates more concise representation of the exposure
model that is defined in Section 3.2.1. Finally, we define the r ×2 location-specific model matrix
R.sÅi /={r1.sÅi /, r2.sÅi /}. Analogously we define rj.sk/ and R.sk/ at subject locations; these are
the geographic covariates and spatial basis functions that we use to predict at subject locations
after building the exposure model by using monitoring locations.

Given true exposure at subject locations, we assume that SBP follows the linear health model

yk =β0 +βTxk +βT
Zzk + εk:

The εk are independent but not necessarily identically distributed random variables with mean 0



Multipollutant Measurement Error in Air Pollution Epidemiology Studies 735

and are also independent of the xk and zk. The εk could be heteroscedastic, and are not assumed
to be normally distributed. As in Szpiro and Paciorek (2013) and Bergen and Szpiro (2015), the
subject-specific covariates zk are defined as

zk =Θ.sk/+ζk,

where Θ.sk/ = .Θk1, : : : , Θkm/T represents the spatially structured components of the subject-
specific covariates (e.g. body mass index, socio-economic status or thin plate splines used to
adjust for unmeasured spatial confounding), and the ζk = .ζk1, : : : , ζkm/ are random m-vectors,
independent between subjects and independent of ηk, that do not depend on space. Interest lies
in estimating the vector of pollutant health effects β; as we do not directly observe exposure
this requires building a prediction model by using the xÅ

i and R.sÅi / and predicting at locations
sk by using R.sk/. The following section describes this exposure model.

3.2. Penalized regression exposure model
In our simulations and data analysis we fit separate penalized regression models for each pollu-
tant. These models are straightforward to fit and allow us to focus on measurement error instead
of exposure modelling. However, our methodology applies to a more general class of penalized
regression models. In what follows we define the general class of penalized regression models for
predicting multiple pollutants and describe how separate penalized regression models fall into
this class. In reality more sophisticated models that better exploit correlation between pollutants
may be desirable, but we defer treatment of such models to future work.

3.2.1. General form
Given a monitoring data set consisting of observed pollutant exposures and covariates we
estimate penalized regression coefficients by minimizing the multipollutant analogue of the
penalized sum of squares. Specifically, given r × r penalty matrix Λ and 2×2 weighting matrix
Π, we obtain γ̂ where

γ̂ =arg min
θ

1
nÅ

nÅ∑
i=1

.xÅ
i −R.sÅi /Tθ/T W.sÅi /ΠW.sÅi /.xÅ

i −R.sÅi /Tθ/+θTΛθ: .1/

Conventionally, equation (1) is written without the 1=nÅ-term, which implies that the penalty
term is O.1=nÅ). However, we express the penalized sum of squares this way following Yu
and Ruppert (2002), to maintain the penalty as nÅ →∞. This facilitates defining asymptotic
penalized coefficients. Here,

W.sÅi /=
(

1.sÅi ∈SÅ
0 ∪SÅ

1 / 0
0 1.sÅi ∈SÅ

0 ∪SÅ
2 /

)
:

The effect of W.sÅi / is to remove contributions to the penalized sum of squares when only one
pollutant is observed at any given location. The penalty matrix Λ penalizes roughness of the
exposure model. It may be 0 everywhere, in which case equation (1) reduces to a weighted least
squares equation. The weighting matrix Π is fixed and may be diagonal. We emphasize that
Π and Λ are general weighting and penalty matrices respectively, with forms that may differ
according to the specifications of the exposure model being fitted. We describe below the explicit
form of Λ and Π when the exposure model is separate penalized regression splines.
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By the weak law of large numbers, as nÅ →∞, γ̂ →p γ where

γ =arg min
θ

2∑
j=0

πÅ
j

∫
.Φ.s/−R.s/Tθ/T W.s/ΠW.s/.Φ.s/−R.s/T θ/dHj.s/+θTΛθ:

We note that this convergence is conditional on a given Λ, which in practice must first be
estimated from the data. Having obtained penalized regression coefficients, we define predictions
at subject locations as ŵ.sk/=R.sk/Tγ̂. Analogously, let w.sk/=R.sk/Tγ denote the predictions
that we would make if we had infinite monitoring data to fit the exposure model, and β̂ the
estimate of β by using ŵ.sk/ and zk.

3.2.2. Separate penalized regression splines
When fitting separate penalized regression splines finding γ̂ reduces to minimizing the sum of
two individual penalized sums of squares. In this context Π is a 2 ×2 identity matrix, and Λ is
block diagonal with elements λjDj, where the Dj are .pj +qj/× .pj +qj/ square matrices with
penalty parameters λj penalizing the coefficients of {pj.·/, qj.·/} (see Bergen and Szpiro (2015)
for more details). Then γ̂ can be expressed as

γ̂ =arg min
θ

([ ∑
i:sÅ

i ∈SÅ
0∪SÅ

1

{xi1 − r1.sÅi /Tθ}2 +λ1θ
TD1θ

]

+
[ ∑

i:sÅ
i ∈SÅ

0∪SÅ
2

{xi2 − r2.sÅi /Tθ}2 +λ2θ
TD2θ

])

=arg min
θ

{SS1.θ/+SS2.θ/}:

Because of the form of the rj, minimizing this equation with respect to θ is equivalent to
separately minimizing SS1.θ/ with respect to the first p1 + q1 elements of θ and SS2.θ/ with
respect to the last p2 + q2 elements of θ. The resulting coefficient vector γ̂T is equivalent to
a vector {γ̂T

1 , γ̂T
2 } of separately fitted coefficients, and the jth element of ŵ.sk/ = r.sk/Tγ̂ is

equivalent to .pj.sk/T, qj.sk/T/Tγ̂j.
Low rank kriging (LRK) (Kammann and Wand, 2003) and thin plate regression splines

(Wood, 2003) are two examples of penalized regression models for modelling a single pollutant.
Bergen and Szpiro (2015) showed how each model yields definitions of the spatial bases and the
penalty matrices Dj and showed an explicit connection between penalized regression and mixed
effects models. This translation motivates selecting the λj via restricted maximum likelihood
(REML). A simple strategy when fitting separate penalized regression splines is to use REML
to choose the penalty parameters of each exposure model separately.

4. Measurement error

4.1. Decomposing the measurement error
Once equation (1) has been used to obtain γ̂ and predictions ŵ.si/ obtained at subject locations
we use them to estimate β. Doing so induces measurement error which we decompose as follows:

xk − ŵ.sk/={xk −w.sk/}+{w.sk/− ŵ.sk/}
=uB.sk/+uC.sk/:

Here uB.sk/ is multivariate Berkson-like error that arises from smoothing the exposure surfaces
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even when fitting the exposure model with infinite monitoring data. We term it ‘Berkson like’
as each element of w.sk/ is a smoothed version of its respective exposure surface, resulting in
predictions that are less variable than the true exposures. As we shall show it can bias the vector
of health effect estimates and impact its covariance matrix. In this way it differs from pure
Berkson error which does not induce bias. The multivariate classical-like error uC.sk/ is error
that arises from having finite monitoring data with which to estimate γ. It is similar to classical
error in that it introduces variability into the predicted exposures that is independent of the
health outcome. Accordingly it can induce bias as well as impact the covariance matrix of the
estimated health effects. It differs from pure classical error since its effect goes away with nÅ, as
we discuss below.

As in Bergen and Szpiro (2015), the penalty matrix Λ regulates the effect of each type of
error. For separate penalized regression splines, Λ is regulated by two penalty parameters λ1
and λ2. As the λj increase there is more Berkson-like error as the predicted exposure surfaces
are smoother. Simultaneously, classical-like error is reduced since γ̂ is less variable. In contrast,
if both λj are 0 classical-like error is at a maximum whereas Berkson-like error is mitigated since
the exposure model is as flexible as possible. See Bergen and Szpiro (2015) for more details.

4.2. Bias expression
In this section, we use a Taylor series expansion to derive an analytic bias expression that
accounts for bias from both multipollutant classical- and Berkson-like measurement error.

Lemma 1. Let r⊥
j .s/ contain elements rjk.s/ −Θ.s/Tϕk, where rjk is the kth element of rj

and ϕk =arg minω

∫ {rjk.s/−Θ.s/Tω}2 dG.s/ for k ∈{1, : : : , r}. Let R⊥.s/ denote the corres-
ponding r ×2 matrix created by binding the r⊥

j .s/, let w⊥.s/=R⊥.s/Tγ and ŵ⊥.s/=R⊥.s/Tγ̂.
Let M.γ̂/=∫

ŵ⊥ .s/ ŵ⊥.s/T dG.s/ and U.γ̂/= ∫
ŵ⊥.s/uB.s/T dG.s/. Then, with

f.γ̂/=M.γ̂/−1
{∫

ŵ⊥.s/w⊥.s/T dG.s/+U.γ̂/

}
,

we can show that β̂ = f.γ̂/Tβ. Let Δi denote the 2 × 2 matrix that is created by taking the
derivative of f.γ̂/ with respect to γ̂i and Δ2

ij the 2 × 2 matrix that is created by taking the
derivative of Δi with respect to γ̂j. Let δkl denote the .r × 1/-vector where δikl equals the
{k, l}th element of Δi, and Δ2

.kl/ the r × r matrix where the {i, j}th element equals the {k, l}th
element of Δ2

ij.

Then the bias that is attributable to Berkson-like and classical-like error is

E.β̂−β/= .ΨB +ΨC/β .2/

where ΨB =M.γ/−1U.γ/ is bias from Berkson-like error, and

ΨC = 1
nÅ

[(
δT

11E.γ̂ −γ/ δT
12E.γ̂ −γ/

δT
21E.γ̂ −γ/ δT

22E.γ̂ −γ/

)
+

(
tr{Δ2

.11/ cov.γ̂ −γ/} tr{Δ2
.12/ cov.γ̂ −γ/}

tr{Δ2
.21/ cov.γ̂ −γ/} tr{Δ2

.22/ cov.γ̂ −γ/}
)]

is bias from classical-like error.
See appendix A in the on-line supplementary material for a more rigorous statement and

proof of lemma 1. From here we can readily see that the bias from classical-like error vanishes
as nÅ →∞, since ΨC is of order 1=nÅ. Since ΨC also depends on cov.γ̂ −γ/, we see that ΨC

can be lessened by increasing penalization of the regression coefficients. Conversely, note that
ΨB induces bias from penalization, since U.γ/ is a zero matrix only when the predictions are
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uncorrelated with the Berkson-like error, which occurs if no penalty is used. Thus the bias
from Berkson-like error increases as Λ increases, whereas the bias from classical-like error
decreases.

Lemma 1 shows explicitly that the bias of β̂j depends on the entire vector β. Accordingly,
effect sizes of different magnitudes are more likely to lead to severe relative biases of the smaller
effect than if the effect sizes are similar. This follows since E.β̂j −βj/=c1jβ1 +c2jβ2, where c1j

and c2j comprise the jth row of ΨB +ΨC. If the cij (which depend on only the exposure model)
are of the same magnitude, the bias of β̂j could be aggravated if βj′ is of larger magnitude than βj.

5. Methods

5.1. Bias correction
Lemma 1 implies that E.β̂/=β+ΨBβ+ΨCβ. Once we obtain estimates Ψ̂

B
and Ψ̂

C
, it follows

that the bias-corrected estimate of β is β̂
+ = .I2 + Ψ̂

B + Ψ̂
C

/−1β̂. Appendix B details how to
estimate ΨB and ΨC, and hence how to obtain an estimate of β that is corrected for bias from
measurement error.

5.2. Standard error estimation
As described in Section 4.1, both uB and uC can affect the variance matrix of β̂. Correcting for
bias may have further impact on the standard errors of β̂

+
. We can account for all sources of vari-

ability by using a non-parametric bootstrap, sampling nÅ
j monitoring locations with replacement

from the sÅi ∈SÅ
j and n subject locations with replacement from the sk. For B bootstrap samples

we estimate the λj and fit the exposure model, predict at the bootstrapped subject locations,
estimate a bias correction and obtain uncorrected bootstrap estimates β̂Boot and bias-corrected
estimates β̂+,Boot. This accounts for all sources of variability: random selection of monitoring
locations; subsequent observed exposures, predicted surfaces and bias correction, and random
selection of health locations. See Szpiro and Paciorek (2013) and Bergen and Szpiro (2015) for
more details. We can then use the empirical standard deviations of the bootstrap estimates to
form 95% confidence intervals that account for variability both from random sampling and
from measurement error.

5.3. Model selection
When fitting separate penalized regression splines one must choose both λ1 and λ2. In single-
pollutant studies Bergen and Szpiro (2015) motivated choosing the penalty to minimize the
mean-squared error of the estimated health effect. It is not straightforward to extend this to the
multipollutant context, as the exposure model cannot be optimally chosen to mitigate relative
bias. This follows since E.β̂j −βj/=c1jβ1 +c2jβ2 as described in Section 4.2. Although we can
trade off ΨB and ΨC by choosing the λj, it is impossible to determine whether to minimize c1j

or c2j since β is unknown. Bergen and Szpiro (2015) also found that formulating the penalized
regression model as a mixed effects model and choosing the penalty parameter via REML
performed better than minimizing the generalized cross-validation criteria. Reiss and Ogden
(2009) also found that using generalized cross-validation could result in multiple local minima
of the criteria. We can easily apply REML in the multipollutant case to select the λj individually.

An alternative to REML is to choose the λj to control explicitly the total effective degrees of
freedom (EDF) in the exposure model. Equation (2) and our estimate of cov.γ̂ −γ/ are based
on asymptotics and are most valid when the EDF-to-monitor sample size ratio is not too large.
We note that only the nÅ

0 locations in SÅ
0 contribute to estimating the off-block diagonal matrices
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corresponding to E{.γ̂1 −γ1/.γ̂2 −γ2/T} and that we have two correlated observations at each
of these locations. This motivates controlling the ratio of EDF to 2nÅ

0 ={1 + corr.xÅ
1i, xÅ

2i/}; we
can heuristically think of 2nÅ

0 ={1 + corr.xÅ
1i, xÅ

2i/} as an ‘effective sample size’ for estimating
E{.γ̂1 −γ1/.γ̂2 −γ2/}T. If corr.xÅ

1i, xÅ
2i/=0 the effective sample size is 2nÅ

0 . If corr.xÅ
1i, xÅ

2i/=1
the effective sample size is nÅ

0 , implying that we do not gain any extra information to estimate
E{.γ̂1 −γ1/.γ̂2 −γ2/T} by having two observations at each sÅi ∈SÅ

0 . Weighting each observation
at each location by 1+ corr.xÅ

1i, xÅ
2i/ is motivated in Hanley et al. (2003) and corresponds to the

weighting that minimizes the variance of a sample mean of correlated data. We refer to selecting
the λj with REML and incrementally increasing them until the total EDF are 10% or less of
the effective sample size as the ‘EDF’ method of choosing the λj.

6. Simulations

6.1. Primary scenario
We performed simulations to investigate the effect of multipollutant measurement error and
to assess the efficacy of our bias correction under various scenarios. We considered a primary
simulation scenario in detail, and some sensitivity scenarios in less detail. In all scenarios the
monitoring and subject locations were sampled uniformly from a 4500 × 4500 grid. For all
simulation scenarios, the true exposure surface was

Φj.s/=ΦNS
j .s/+ c1j ΦS

1.s/+ c2j ΦS
2.s/: .3/

The ΦS
j .s/ were the spatial components of the exposure surface and were fixed realizations of

a spatially correlated Gaussian process generated by using the spectralGP package in R
(Paciorek, 2007) with ranges 5000 and 500, and variances both equal to 1. The different ranges
meant that Φ1.s/ was much smoother than Φ2.s/. The non-spatial part of the surface ΦNS

j .s/ was
generated as p.s/Tγp,j where at each s the p.s/ were three fixed realizations of N.0, 1/ random
variables.

For our primary scenario, we modified the parameters of this exposure surface to create a
two-dimensional exposure surface wherein

(a) the two pollutants had the same overall variability,
(b) the two surfaces were non-trivially correlated,
(c) a large proportion of the overall variability for each pollutant necessitated modelling by

spatial basis functions and
(d) one surface was smoother and thus easier to predict.

Of these four characteristics, the second and third are shared by our application. We wanted
condition (a) to make sure that any bias from measurement error was not unduly affected simply
by a difference in pollutant magnitude. We wanted condition (d) to investigate the measurement
error implications of having one surface more poorly predicted than the other, in the spirit of
Zeger et al. (2000). Accordingly, for our primary surface we set γT

p,1 = {0:578, 0:578, 0:578},
γT

p,2 ={−0:528, −0:528, 0:660}, {c11, c21}={3, 0} and {c12, c22}={2:3, 1:9}. Thus var{Φj.s/}
=10 and corr{Φ1.s/, Φ2.s/}=0:70 with about 10% of each surface’s variability attributable to
a non-spatial structure and about 90% attributable to a weighted average of shared spatially
structured surfaces. In each simulation we sampled 1000 subject locations and 200 monitor-
ing locations from SÅ

0 uniformly across the grid. The exposures at monitoring locations were
generated xÅ

ij =Φj.sÅi /+ηÅ
ij with the ηÅ

i1, ηÅ
i2 ∼IID N.0,

√
3/ whereas the unobserved exposures at

subject locations were generated xij =Φj.si/+ηij with ηi1, ηi2 ∼IID N.0, 1/. Given true exposures
the health outcomes were generated as
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yk =β0 +βTxk + εk, .4/

with β0 = 0 and εk ∼ N.0, 1/. We considered βT = {0:1, 0:5} and βT = {0:5, 0:1}, to be able
to investigate measurement error implications when the effect sizes are of different magni-
tudes. We used LRK to model each pollutant separately and considered exposure models
with four, eight, 12 or 16 spatial basis functions and no penalization as well as models with
10, 20, 30, 40, 60, 80 or 100 basis functions with penalization. The knots defining the LRK basis
functions were chosen by using a space filling algorithm over the 4500×4500 grid (Kammann
and Wand, 2003). For the penalized models we chose the λj by using REML or the EDF criteria
that were described in Section 5.3. Each model also included the p.s/ as covariates to model the
non-spatial part of the surface. In each simulation we assessed out-of-sample R2, correlation
between the predictions, relative biases and standard deviations of β̂ and β̂

+
, and actual cov-

erage of 95% Wald confidence intervals by using naive sandwich standard errors or standard
errors derived from 100 bootstrap samples.

6.2. Sensitivity scenarios
In addition to the primary scenario we considered three sensitivity scenarios that changed
different aspects of the data-generating mechanisms. Other than the change described all other
aspects of each sensitivity scenario were the same as the primary scenario.

(a) We increased the non-spatial proportion of the surface variability to about 50% which
decreased correlation between pollutants to 0.30, while keeping the variability of each
pollutant still equal at 10. For this scenario, γT

p,1 = {1:29, 1:29, 1:29}, γT
p,2 = {−1:18,

−1:18, 1:47}, {c11, c21}={2:24, 0} and {c12, c22}={1:73, 1:41}.
(b) We induced negative correlation between the pollutants by setting {c12, c22} = {−2:3,

−1:9}. For this scenario, corr{Φ1.s/, Φ2.s/}=−0:75.
(c) Some monitors observed only one pollutant. In addition to nÅ

0 =200 we separately sam-
pled nÅ

1 =300 and nÅ
2 =100 monitors uniformly from the grid.

For these scenarios we considered only unpenalized LRK models with 12 basis functions or
penalized LRK models with 30 basis functions. We assessed predictive accuracy, pollutant
correlation, bias, standard errors and actual coverage of nominal 95% confidence intervals, as
we did for the primary scenario.

6.3. Simulation results: primary scenario
Figs 1 and 2 show the simulation results when βT ={0:5, 0:1} and βT ={0:1, 0:5} respectively.
For all exposure models mean out-of-sample R2s were between 0.70 and 0.85 for xi1 whereas they
were never higher than 0.70 and as low as 0.50 for xi2. The predictions were highly correlated;
between 0.70 and 0.80 for all exposure models.

For the unpenalized and REML exposure models the biases were in opposite directions.
Fig. 1 shows that slight downward bias of β̂2 led to upward relative biases near 40% for β̂1
because β2 was of higher magnitude than β1. The bias correction greatly reduced the bias and
increased both estimates’ standard errors, notably so for the highly parameterized unpenalized
exposure models. Using naive sandwich standard errors led to drastic undercoverage of the 95%
confidence intervals. Applying the bootstrap without the bias correction was also not enough to
achieve accurate coverage. Fully accounting for measurement error by applying a bias correction
and using the bootstrap to estimate standard errors yielded accurate 95% confidence interval
coverage for both effect estimates. Using the EDF criteria to choose the λj led to strong upward
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Fig. 1. Primary simulation results with β1 D 0.1 and β2 D 0.5 (relative biases and standard deviations are
shown both with (+) and without (�) a bias correction; also shown are actual coverages of 95% confidence in-
tervals both with (+) and without (�) a bias correction, and with naive ( ) or non-parametric bootstrap stan-
dard errors ( ), and mean out-of-sample R2 .�, x1I 4, x2/ and predicted correlation corr(w1, w2/ .�/):
(a) no penalty; (b) REML; (c) EDF
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Fig. 2. Primary simulation results with β1 D 0.5 and β2 D 0.1 (relative biases and standard deviations are
shown both with (+) and without (�) a bias correction; also shown are actual coverages of 95% confidence in-
tervals both with (+) and without (�) a bias correction, and with naive ( ) or non-parametric bootstrap stan-
dard errors ( ), and mean out-of-sample R2 .�, x1I 4, x2/ and prediction correlation corr(w1, w2/ .�/):
(a) no penalty; (b) REML; (c) EDF
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Table 1. Sensitivity scenario†

Results for β1 =0.1 Results for β2 =0.5

RB SD SE Cov RB SD SE Cov

No penalty; R2(x1)=0.81; R2(x2)=0.70; corr(w1,w2)=0.27
No correction 0.02 0.30 0.15 0.66 −0:04 0.07 0.03 0.55
Bias correction only 0.01 0.33 0.15 0.63 0.01 0.07 0.03 0.59
Bootstrap SE only 0.02 0.30 0.32 0.96 −0:04 0.07 0.07 0.88
Bias correction + bootstrap 0.01 0.33 0.37 0.96 0.01 0.07 0.08 0.94

REML; R2(x1)=0.84; R2(x2)=0.73; corr(w1,w2)=0.25
No correction 0.11 0.30 0.14 0.64 0.00 0.07 0.03 0.61
Bias correction only 0.01 0.30 0.14 0.68 −0:01 0.07 0.03 0.60
Bootstrap SE only 0.11 0.30 0.30 0.93 0.00 0.07 0.07 0.93
Bias correction + bootstrap 0.01 0.30 0.31 0.94 −0:01 0.07 0.07 0.93

EDF; R2(x1)=0.83; R2(x2)=0.72; corr(w1,w2)=0.21
No correction 0.20 0.31 0.15 0.57 0.03 0.07 0.03 0.58
Bias correction only 0.01 0.30 0.15 0.67 −0:01 0.07 0.03 0.62
Bootstrap SE only 0.20 0.31 0.32 0.9 0.03 0.07 0.07 0.92
Bias correction + bootstrap 0.01 0.30 0.31 0.94 −0:01 0.07 0.06 0.92

Results for β1 =0.5 Results for β2 =0.1

No penalty; R2(x1)=0.81; R2(x2)=0.70; corr(w1,w2)=0.27
No correction −0:03 0.06 0.03 0.59 −0:02 0.30 0.14 0.64
Bias orrection only 0.00 0.06 0.03 0.62 0.01 0.32 0.14 0.61
Bootstrap SE only −0:03 0.06 0.06 0.92 −0:02 0.30 0.30 0.94
Bias correction + bootstrap 0.00 0.06 0.07 0.96 0.01 0.32 0.36 0.95

REML; R2(x1)=0.84; R2(x2)=0.73; corr(w1,w2)=0.25
No correction 0.00 0.05 0.03 0.64 0.10 0.29 0.14 0.64
Bias correction only −0:01 0.05 0.03 0.64 0.01 0.29 0.14 0.65
Bootstrap SE only 0.00 0.05 0.05 0.95 0.10 0.29 0.28 0.92
Bias correction + bootstrap −0:01 0.05 0.06 0.95 0.01 0.29 0.28 0.94

EDF; R2(x1)=0.83; R2(x2)=0.72; corr(w1,w2)=0.21
No correction 0.03 0.06 0.03 0.61 0.22 0.31 0.14 0.54
Bias correction only −0:01 0.06 0.03 0.64 0.01 0.30 0.14 0.66
Bootstrap SE only 0.03 0.06 0.06 0.92 0.22 0.31 0.30 0.89
Bias correction + bootstrap −0:01 0.06 0.05 0.95 0.01 0.30 0.29 0.94

†The proportion of explainable variability due to geographic covariates equals 50%, implying that
corr{Φ1.s/,Φ2.s/} = 0:30. ‘RB’ denotes relative bias; ‘SD’ denotes empirical relative standard deviations; ‘SE’
denotes relative mean estimated standard errors; ‘Cov’ denotes actual coverage of nominal 95% Wald confidence
intervals. For each penalization method, the mean out-of-sample R2s for each pollutant and mean correlation
between predictions is given.

biases for both effect estimates, which the bias correction greatly reduced. Fully accounting
for measurement error led to accurate 95% confidence interval coverage of β1 but not β2. This
was not due to poor standard error estimation, as the mean of the bootstrap standard errors
was identical to the actual standard error of β̂2. Density plots of the simulated z-scores for β̂2
revealed skewness in their distribution, leading to undercoverage of Wald confidence intervals.
We also investigated confidence intervals based on percentiles of the bootstrap samples, but
they did not perform any better than Wald intervals.

Whenβ1 >β2, Fig. 2 shows that the unpenalized or REML exposure models led to upward bias
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Table 2. Sensitivity scenario†

Results for β1 =0.1 Results for β2 =0.5

RB SD SE Cov RB SD SE Cov

No penalty; R2(x1)=0.75; R2(x2)=0.57; corr(w1,w2)=−0.81
No correction −0:67 0.54 0.27 0.37 −0:17 0.12 0.06 0.28
Bias correction only 0.20 1.07 0.27 0.47 0.05 0.24 0.06 0.47
Bootstrap SE only −0:67 0.54 0.53 0.71 −0:17 0.12 0.11 0.62
Bias correction + bootstrap 0.20 1.07 8.91 0.94 0.05 0.24 2.92 0.94

REML; R2(x1)=0.81; R2(x2)=0.62; corr(w1,w2)=−0.81
No correction −0:61 0.51 0.26 0.38 −0:12 0.11 0.06 0.42
Bias correction only 0.01 0.81 0.26 0.5 0.01 0.18 0.06 0.49
Bootstrap SE only −0:61 0.51 0.47 0.68 −0:12 0.11 0.10 0.73
Bias correction + bootstrap 0.01 0.81 0.67 0.9 0.01 0.18 0.15 0.9

EDF; R2(x1)=0.74; R2(x2)=0.54; corr(w1,w2)=−0.81
No correction −0:24 0.8 0.33 0.55 0.10 0.19 0.08 0.58
Bias correction only −0:14 0.73 0.33 0.61 −0:03 0.17 0.08 0.62
Bootstrap SE only −0:24 0.8 0.74 0.89 0.10 0.19 0.17 0.93
Bias correction + bootstrap −0:14 0.73 0.65 0.9 −0:03 0.17 0.15 0.89

Results for β1 =0.5 Results for β2 =0.1

No penalty; R2(x1)=0.75; R2(x2)=0.57; corr(w1,w2)=−0.81
No correction −0:11 0.10 0.05 0.41 −0:48 0.49 0.25 0.48
Bias correction only 0.03 0.17 0.05 0.51 0.14 0.87 0.25 0.49
Bootstrap SE only −0:11 0.10 0.10 0.75 −0:48 0.49 0.51 0.8
Bias correction + bootstrap 0.03 0.17 0.32 0.94 0.14 0.87 2.01 0.95

REML; R2(x1)=0.81; R2(x2)=0.62; corr(w1,w2)=−0.81
No correction −0:09 0.08 0.04 0.43 −0:54 0.44 0.24 0.42
Bias correction only −0:01 0.12 0.04 0.54 −0:03 0.65 0.24 0.53
Bootstrap SE only −0:09 0.08 0.08 0.75 −0:54 0.44 0.42 0.69
Bias correction + bootstrap −0:01 0.12 0.11 0.92 −0:03 0.65 0.58 0.92

EDF; R2(x1)=0.74; R2(x2)=0.54; corr(w1,w2)=−0.81
No correction 0.04 0.12 0.06 0.62 −0:59 0.68 0.32 0.45
Bias correction only −0:03 0.11 0.06 0.64 −0:16 0.62 0.32 0.65
Bootstrap SE only 0.04 0.12 0.12 0.95 −0:59 0.68 0.67 0.81
Bias correction + bootstrap −0:03 0.11 0.11 0.90 −0:16 0.62 0.59 0.91

†corr{Φ1.s/,Φ2.s/}=−0:75. ‘RB’ denotes relative bias; ‘SD’ denotes empirical relative standard deviations; ‘SE’
denotes relative mean estimated standard errors and ‘Cov’ denotes actual coverage of nominal 95% Wald confi-
dence intervals. For each penalization method, the mean out-of-sample R2s for each pollutant and mean correlation
between predictions is given.

of the poorer measured pollutant’s effect and downward bias of the better measured pollutant’s
effect. Applying the bias correction eliminated this bias and when used in conjunction with the
bootstrap led to accurate 95% confidence interval coverage. Using EDF to penalize the exposure
models again led to drastic upward bias of both effect estimates. Applying the bias correction
and using the bootstrap led to accurate 95% confidence interval coverage of both β1 and β2.

Our results indicate that increasing predictive accuracy does not necessarily reduce bias. This
is most clearly seen for the unpenalized and REML models in Fig. 2, where increasing the
number of exposure model basis functions improves out-of-sample R2 but worsens the biases of
both health effect estimates. Our results also advocate the use of REML to penalize the exposure
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Table 3. Sensitivity scenario†

Results for β1 =0.1 Results for β2 =0.5

RB SD SE Cov RB SD SE Cov

No penalty; R2(x1)=0.77; R2(x2)=0.58; corr(w1,w2)=0.77
No correction 0.28 0.45 0.26 0.64 −0:08 0.10 0.05 0.53
Bias correction only −0:10 0.72 0.26 0.52 0.02 0.15 0.05 0.55
Bootstrap SE only 0.28 0.45 0.46 0.89 −0:08 0.10 0.10 0.82
Bias correction + bootstrap −0:10 0.72 3.07 0.96 0.02 0.15 0.79 0.96

REML; R2(x1)=0.84; R2(x2)=0.64; corr(w1,w2)=0.76
No correction 0.29 0.42 0.24 0.62 −0:05 0.09 0.05 0.63
Bias correction only −0:05 0.64 0.24 0.51 0.01 0.13 0.05 0.57
Bootstrap SE only 0.29 0.42 0.40 0.85 −0:05 0.09 0.09 0.89
Bias correction + bootstrap −0:05 0.64 0.58 0.93 0.01 0.13 0.12 0.94

EDF; R2(x1)=0.77; R2(x2)=0.54; corr(w1,w2)=0.74
No correction 0.57 0.59 0.29 0.44 0.15 0.15 0.07 0.48
Bias correction only 0.01 0.73 0.29 0.56 −0:01 0.15 0.07 0.64
Bootstrap SE only 0.57 0.59 0.58 0.78 0.15 0.15 0.15 0.87
Bias correction + bootstrap 0.01 0.73 0.93 0.94 −0:01 0.15 0.20 0.94

Results for β1 =0.5 Results for β2 =0.1

No penalty; R2(x1)=0.77; R2(x2)=0.58; corr(w1,w2)=0.77
No correction −0:02 0.07 0.05 0.79 0.01 0.37 0.24 0.78
Bias correction only 0.01 0.12 0.05 0.59 −0:08 0.74 0.24 0.50
Bootstrap SE only −0:02 0.07 0.07 0.94 0.01 0.37 0.38 0.95
Bias correction + bootstrap 0.01 0.12 0.18 0.96 −0:08 0.74 1.15 0.96

REML; R2(x1)=0.84; R2(x2)=0.64; corr(w1,w2)=0.76
No correction −0:02 0.06 0.04 0.77 0.12 0.33 0.22 0.77
Bias correction only 0.00 0.10 0.04 0.61 −0:04 0.59 0.22 0.55
Bootstrap SE only −0:02 0.06 0.06 0.95 0.12 0.33 0.33 0.93
Bias correction + bootstrap 0.00 0.10 0.09 0.93 −0:04 0.59 0.53 0.93

EDF; R2(x1)=0.77; R2(x2)=0.54; corr(w1,w2)=0.74
No correction 0.10 0.08 0.05 0.45 0.54 0.51 0.29 0.51
Bias correction only 0.00 0.12 0.05 0.65 −0:06 0.73 0.29 0.62
Bootstrap SE only 0.10 0.08 0.09 0.79 0.54 0.51 0.52 0.82
Bias correction + bootstrap 0.00 0.12 0.15 0.96 −0:06 0.73 0.89 0.96

†nÅ
C = 200; nÅ

1 = 300; nÅ
2 = 100. ‘RB’ denotes relative bias; ‘SD’ denotes empirical relative standard deviations;

‘SE’ denotes relative mean estimated standard errors and ‘Cov’ denotes actual coverage of nominal 95% Wald
confidence intervals. For each penalization method, the mean out-of-sample R2s for each pollutant and mean
correlation between predictions is given.

model. The REML models yield the best efficiency and 95% confidence interval coverage even
when using many basis functions to model exposure.

6.4. Simulation results: sensitivity scenarios
Results of the sensitivity scenarios that were described in Section 6.2 are shown in Tables 1–3. In
general these results were similar to the primary scenario: strong biases in opposite directions by
using unpenalized and REML exposure models, reduced bias after applying a bias correction
and strongly anticonservative 95% confidence interval coverage if we do not apply both the
bias correction and the bootstrap. We see the same tendency for the EDF criteria to lead to
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undercoverage even when applying both bias correction and the bootstrap, most notably in
Table 2.

However, there are some interesting differences between the primary and sensitivity results.
When 50% of the exposure surface was explained by the non-spatial component Table 1 shows
that the correlation between the predictions was much lower than in the primary scenario.
This appeared to mitigate the biases of the uncorrected health effect estimates to the extent
that most of the exposure models achieved accurate 95% confidence interval coverage even
without the bias correction. Table 2 shows that when the pollutants were negatively correl-
ated the unpenalized and REML models yielded downward biases of both effect estimates
whereas the EDF models yielded biases that were in opposite directions. Of all the REML
modelling scenarios this one yielded the worst biases if no correction was used (as high as
61%) and poorest 95% confidence interval coverage (as low as 68%) if we did not fully account
for measurement error. The results in Table 3 are similar to the primary results and illustrate
the effectiveness of our bias correction when neither pollutant is observed at all monitoring
locations.

7. Measurement error correction in the Sister Study analysis

7.1. Exposure models
For our analysis we modelled annual 2006 average exposure as measured by 859 monitors that
measured only PM2:5, 180 monitors that measured only NO2 and 178 monitors that measured
both, implying that we had 1037 total PM2:5 observations and 358 total NO2 observations.
155 of the PM2:5-only monitors were of the ‘Interagency monitoring for protected visual envi-
ronnments’ network, mostly in rural areas. All other monitors belonged to the Environmental
Protection Agency’s air quality system.

As a secondary analysis, we also analysed the association of SBP with PM2:5 and NO2
restricted to the nine north-eastern states of Maine, New Hampshire, Vermont, Massachusetts,
Rhode Island, Connecticut, New Jersey, New York and Pennsylvania. We wanted to see whether
the results of the national analysis held in this region, where spatial confounding was less of a
concern because of the reduced spatial structure in SBP. In these nine states we had 106 PM2:5-
only monitors, 20 NO2-only monitors and 39 monitors that measured both pollutants. Fig. 3
shows the monitoring locations across the continental USA and the north-eastern regions.

We modelled each pollutant separately by using national LRK models with 100 basis func-
tions and penalty parameters chosen by REML. In the north-eastern region, we modelled each
pollutant with 15 basis functions. These levels of parameterization well modelled the exposure
surfaces without overparameterizing. We selected spatial knots by using a space filling algo-
rithm over a grid of 25 km×25 km cells, and LRK basis functions used a range parameter
of 6363 km for the national models and 1285 km in the north-eastern region. These corres-
ponded to the maximum distance between any 25 km×25 km grid cell over the respective
region. Our exposure models also included two partial least squares components to capture
information efficiently from over 300 geographic covariates such as distances to a road, popu-
lation density and land use variables (Abdi, 2003; Sampson et al., 2013; Bergen et al., 2013). We
assessed the accuracy of prediction of these models via tenfold cross-validation (Hastie et al.,
2001).

7.2. Health models
Once we had obtained predicted PM2:5 and NO2 exposures at subject residences, we used them
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Fig. 3. Map of monitoring and Sister Study participant locations, both for (a) the entire nation and for (b) the
nine upper north-eastern states that were used in the sensitivity analysis: , both PM2:5 and NO2; +, PM2:5
only; , NO2 only; �, participant

to estimate health effects on SBP. We used the same 43629 participants as Chan et al. (2015)
in the primary national analysis and 7427 participants residing in the nine north-eastern states
for the sensitivity analysis. To adjust for large-scale spatial structure we used a 10 degrees of
freedom thin plate spline, like Chan et al. (2015) did. Spatial confounding is less of a concern in
the north-eastern region because of greater spatial homogeneity of SBP so we did not include
thin plate regression splines in the sensitivity analyses. The other adjustment variables that were
listed in Section 2 were included in all the models.

We modelled univariate and jointly additive associations of SBP with PM2:5 and NO2. We
corrected for bias from measurement error in all these models and compared 95% confidence
intervals from naive sandwich standard errors with 95% confidence intervals that were derived
by using the median absolute deviation of bootstrap samples. We used the median absolute
deviation instead of the standard deviation to estimate standard errors as the standard deviation
was highly sensitive to outliers in the bootstrap samples.

We also investigated the interactive association of SBP with PM2:5 and NO2. We fitted this
interaction to investigate the counterintuitive direction of the NO2 effect (which is discussed
below), rather than for inferential purposes. Thus we did not perform measurement error cor-
rection on the interaction term.

7.3. Sensitivity analyses
As sensitivity analyses, we also considered national exposure models with 50 and 150 basis
functions, and north-eastern exposure models with 10 and 20 basis functions. We also considered
health models with five and 15 basis functions to adjust for spatial confounding on the national
scale. The results of these analyses are described in appendix C in the on-line supplementary
material.

7.4. Results
The tenfold cross-validated R2 was 0.77 for PM2:5 and 0.78 for NO2 on the national scale, and
0.83 for PM2:5 and 0.89 for NO2 in the north-eastern region. The predictions were moderately
correlated on the national scale (0.42) and more correlated in the north-eastern region (0.72).
Correlations between our LRK PM2:5 predictions and those used by Chan et al. (2015) were
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Fig. 4. Estimated difference in SBP (millimetres of mercury) for an increase of 10 μg m�3 in PM2:5 level
and for an increase of 10 ppb in NO2 level (‘separate’ refers to modelling the association of SBP with an
individual pollutant, whereas ‘joint’ refers to modelling SBP jointly with PM2:5 and NO2; both bias-corrected
(+) and uncorrected (–�–) estimates are shown along with naive sandwich and bootstrap standard errors
(-�-)): (a) national analysis; (b) north-eastern analysis

between 0.94 and 0.96, whereas correlations between our LRK NO2 predictions and those used
by Chan et al. (2015) were between 0.86 and 0.88.

Estimated associations of SBP with pollution exposure are shown in Fig. 4. We focus first
on the national results. When modelled separately, there was a slightly significant association
of SBP with PM2:5, and no significant association of SBP with NO2. There was no meaningful
estimated bias from measurement error and the bootstrap standard error estimates were very
similar to the naive sandwich standard error estimates.

We saw very different results when the pollutants were modelled jointly. There was a much
stronger association of SBP with PM2:5 when controlling for NO2, and a strong and significant
negative association between SBP and NO2 when controlling for PM2:5. All associations were
much stronger than those described by Chan et al. (2015). Unlike the univariate analyses, there
was notable estimated downward bias from measurement error in both effect estimates, and
bias-corrected estimates were stronger than their uncorrected counterparts. 95% confidence
intervals that accounted for all sources of variability, including the bias correction, were wider
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Fig. 5. SBP partial residuals ( ) as a smooth function of PM2:5 and NO2 levels: the predicted exposures
shown were by using 100 degrees of freedom in the exposure model

than confidence intervals that were derived from naive sandwich standard error estimates or
bootstrap standard error estimates without the bias correction.

The results from the north-eastern states analysis were very similar to the national analysis.
The univariate estimated associations between SBP and PM2:5 level were positive and signifi-
cant, whereas as in the national models the estimated associations between SBP and NO2 level
were essentially null. As in the national models, accounting for measurement error did not qual-
itatively alter the inference for the univariate models. The joint associations were qualitatively
very similar to those from the national models, though the estimated biases from measurement
error were not as large and were slightly away from the null.

Fig. 5 shows the national interactive association of SBP with PM2:5 and NO2. Although
the p-value for the interaction was 0.01, Fig. 5 suggests that the association between SBP and
pollution exposure does not drastically differ from additive. This is most easily explored by
travelling horizontally across Fig. 5 and noting that, where most of the data are, the horizontal
distance between the contours does not drastically change depending on where we are with
respect to the NO2 level axis. This implies that the necessary change in PM2:5 for a 1-unit
change in the SBP partial residuals is roughly the same regardless of NO2 level. To confirm this
we estimated the association of SBP with PM2:5 at the quartiles of NO2 levels, and vice versa,
and we found no qualitative difference between associations that allow for interaction and those
estimated by using main effects.

8. Discussion

We have developed a holistic framework for multipollutant analyses in air pollution epidemiol-



750 S. Bergen, L. Sheppard, J. D. Kaufman and A. A. Szpiro

ogy. Measurement error from using predictions derived from misaligned monitoring locations
is often an inevitability in these studies and needs to be accounted for. Penalized regression
splines offer a viable way highly parameterizing the exposure models to model each surface
accurately while ensuring regularity through penalization. Our methodology provides a way of
characterizing and correcting for measurement error when using these flexible, commonly used
exposure models. Although we have focused on the simple strategy of modelling each pollutant
separately, our paradigm seamlessly admits more sophisticated models as long as they follow
the general form that is specified by equation (1).

As we saw in our simulations and data analysis, multipollutant measurement error can in-
duce severe biases even when one or both pollutants are well measured. Our simulations showed
that the directions and magnitudes of these biases are unpredictable and depend on the degree
of model penalization, signs of the true health effects, pollutant correlation and relative sizes
of the health effects. Not applying the bias correction can lead to undercoverage of 95% con-
fidence intervals even if the bootstrap is employed, whereas if REML is used to choose the
penalty parameters we achieve accurate coverage if we combine the bias correction and boot-
strap.

The measurement error methodology that we developed was essential in the Sister Study data
analysis. We saw clear evidence of NO2 confounding the association between SBP and PM2:5,
and vice versa. To estimate these associations accurately we needed to adjust for both pollutants,
which in turn induced multipollutant measurement error. Our simulations demonstrated that
this error can severely bias the health effect estimates, and we saw that in the joint health analysis
we estimated much larger biases than those estimated in the univariate analyses, resulting in
corrected point estimates that were stronger than the naive estimates. Although 95% confidence
intervals that accounted for bias correction were notably wider, resulting in p-values that were
similar to the results of naive analysis, they are more likely to cover the true health effects as
our simulations demonstrated.

The large biases and corresponding need for bias correction in our simulations and data
analysis are quite unique to the multipollutant context. Bergen and Szpiro (2015) saw only slight
undercoverage without bias correction in their univariate simulations to accompany relative
biases that never exceeded 15%. The out-of-sample R2 from their models that were needed
to elicit these biases were between 0.40 and 0.50, which are much lower than those from our
simulations. Parametric univariate methods also tend to yield negligible biases (Szpiro et al.,
2011; Bergen et al., 2013). In the multipollutant setting we cannot rely on prediction accuracy
to achieve negligible bias. Our simulations showed that, not only does drastic bias exist even
when exposure models well predict exposure, but also that improving prediction accuracy by
increasing the number of exposure model basis functions can actually improve the out-of-sample
R2 while increasing bias.

An unexpected result of our data analysis is the negative association of SBP with NO2 level.
We performed a series of sensitivity analyses (which are not shown) to test the robustness of
our results. First we restricted the monitoring data that were used to model exposure to the
178 locations that measured both PM2:5 and NO2 levels, to see whether differences between
monitoring data distributions were responsible for our results. Second we adjusted for the time
of blood pressure examination as a potential confounder, as the time of examination is spatially
structured and blood pressure exhibits seasonal patterns. Third we modelled NOX levels instead
of NO2. All three analyses yielded qualitatively identical results to those in Section 7.4. One
possibility is that there is still unmeasured confounding which is responsible for our results. NO2
is typically considered a traffic-related pollutant that is especially prominent in the near-road
environment, but nearly all the NO2 monitors were sited far from roadways by direction of
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the Environmental Protection Agency. Progress is being made towards locating more monitors
closer to roads (Environmental Protection Agency, 2015), but in the mean time traffic-sourced
NO2 level may represent a ‘third’ surface that, when omitted from the health model, induces
residual confounding in our observed ambient NO2 health effect.

Throughout this paper, we have assumed a linear health effect of exposure. Most air pollution
epidemiology studies to date have utilized linear or generalized linear modelling frameworks.
Violation of linear modelling assumptions may have important implications, especially for un-
derstanding the effects of air pollution at relatively low doses, and this is a subject of active
research (Burnett et al., 2014). Although estimating non-linear dose responses is beyond the
scope of this paper, our multipollutant methods lay the groundwork for studying non-linear
dose responses by using fixed rank approximations such as regression splines. One possibility is
to model each spline basis function as a separate ‘pollutant’ and to adapt the methods in this
paper to estimate a measurement-error-corrected non-linear dose response. In our application,
we considered modelling SBP with quadratic PM2:5 and NO2 health model terms (without ap-
plying measurement error correction) as a sensitivity analysis. There was no statistical evidence
that SBP had a quadratic association with either of these pollutants.

We acknowledge two limitations of our methodology. First, we note that throughout we
have assumed that Hj.·/ = G.·/ for j = 0, 1, 2. In reality the Hj.·/ are unlikely to be equal,
and furthermore each Hj.·/ probably differs from the distribution of subject locations. If the
monitoring and subject locations are drawn from different distributions, our bias correction
may worsen or fail to eliminate bias completely. In appendix D of the on-line supplementary
material we present results from a simulation study when this assumption is violated, and find
that this is indeed so. It is possible to relax this assumption to follow condition 1 from Szpiro
and Paciorek (2013), namely that the R.s/ have the same distribution regardless of whether s is
sampled from H.·/ or G.·/, although to simplify the exposition we have not undertaken this in
the present paper. An additional implication is that we cannot estimate U.γ/ by summing over
the empirical distributions of monitoring locations (as described in appendix B), as they do not
approximate G.·/. Instead we must reweight observations inSÅ

j by an estimate ofg.·/=hj.·/ which
we could do via for example propensity score methods. This requires that the ratio g.·/=hj.·/ is
everywhere defined; hence we can weaken the assumption of identically distributed subject and
monitoring locations by assuming that the support of Hj.·/ contains the support of G.·/ for
j =0, 1, 2. Second, a subtle assumption that is necessary for estimation of the bias from Berkson-
like error, ΨB, is that Θ.·/ (the spatially structured components of the subject-specific covariates
included in the health model) be defined at monitoring locations. In practice, this assumption is
likely to be violated. In appendix B we discuss this assumption in further detail, its implications
and ideas for accounting for its violation. Future work will extend our methodology to scenarios
where these assumptions are violated and will develop suitable methodology to account for such
violations.
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