ABSTRACT

The Biostatistics Core will provide centralized statistical and analytical expertise to all Center
projects. The Core Faculty are drawn from the Environmental Statistics Program within the
Department of Biostatistics and the Exposure, Epidemiology, and Risk Program within the
Department of Environmental Health at the Harvard School of Public Health. Core members
bring expertise in the general statistical methods needed for the projects, such as linear
regression and ANOVA, correlated data analysis (including longitudinal and spatial data
analysis), measurement error, generalized additive models, meta-analysis, structural equation
models, and Bayesian data analysis.

The Biostatistics Core will provide: (1) support for statistical analysis for all five proposed
projects, including substantial design consultation and analytical work, and; (2) training for
investigators in both statistical issues involved in the data analysis as well as in SAS and Splus/R
software. In addition, the Core will (3) conduct mission-related methodological research when
existing methodology does not fully address the scientific question of interest.

A critical component in all of the projects is power and sample size calculations. Prospective
calculations allow project investigators to be confident that the Center projects will have high
power to detect meaningful differences. Core investigators have worked closely with Center
investigators to (1) determine effect sizes of interest and (2) calculate the number of samples
necessary to achieve a desired level of power, usually 80% or 90%.

To the extent allowable by design and outcome commonalities among the five projects, Core
investigators will ensure that a unified approach to data analysis, in terms of modeling strategy
and choice of data transformations, is applied to all Center data. Data analyses will apply good
exploratory data analysis techniques, such as univariate explorations of the data, distributional
checks, and outlier identification to data from all projects. For model building, residual analysis
and other model diagnostics to confirm model fit, identify possible nonlinear relationships
between predictors and outcomes, and identify highly influential data points will be routinely
employed as part of a sound data analysis strategy. Once the data have been checked and
modeling assumptions verified, primary analysis methods will include ANOVA and regression
techniques, with the particular form and correlation structure of the data dictating the particular
method. The main methods of analysis will be linear models/generalized linear models, multi-
way ANOVA, semi-parametric regression modeling, and mixed/multivariate models for
correlated responses.

Methods developed by Core investigators with support from the current Center will play a large
role in future Center investigations. These techniques include smoothing methods, distributed
lag models, exposure measurement error corrections, and case-crossover analyses. Future
methodological developments will focus on spatial modeling of pollution, methods to address
model uncertainty, and methods to assess the health effects of complex pollution mixtures.



1. OBJECTIVES

The Biostatistics Core will provide centralized statistical and analytical expertise to all projects.
The Core Faculty are drawn from the Environmental Statistics Program within the Department of
Biostatistics and the Exposure, Epidemiology, and Risk Program within the Department of
Environmental Health at the Harvard School of Public Health. Core members bring expertise in
the general statistical methods needed for the projects, such as linear regression and ANOVA,
correlated data analysis (including longitudinal and spatial data analysis), measurement error,
generalized additive models, meta-analysis, structural equation models, and Bayesian data
analysis. The Biostatistics Core will provide:

e Support for statistical analysis for all five proposed projects, including substantial design
consultation and analytical work;

e Training for graduate students and investigators in both statistical issues involved in the data
analysis as well as in SAS and Splus/R software, and;

e Mission-related methodological research when existing methodology does not fully address
the scientific question of interest.

2. INTRODUCTION

Over the last five years, current Center investigators Brent Coull, Joel Schwartz, and Antonella
Zanobetti have provided statistical support and addressed methodological issues arising from
challenging data analyses. As a result of these activities, a large spectrum of data analysis
approaches was applied and several new methodologies were developed. Because these
approaches and new tools will be employed by the proposed Center projects, a brief description
of these analytical techniques is presented below.

3. PROGRESS

3.1. Data Analysis: Because an important goal of the existing Center has been the investigation
of associations between biologic responses and exposures, the main thrust of data analysis has
been the use of regression techniques and extensions thereof. However, because the nature of
the outcomes, study design, and exposure characterization vary by study, analytical approaches
differ by project.

3.1.1. Exposure metrics of increasing sensitivity: Both the ongoing and the proposed animal
and human toxicological experiments use a partial factorial design. In these studies, subjects are
randomized to receive either control (particle-free air) or concentrated air particles (CAPs)
exposures, either within a straightforward factorial structure, or a more complicated cross-over
design. On a given exposure day, however, the Harvard Ambient Particulate Concentrator
(HAPC) produces essentially random CAPs exposures, both in terms of the particle mass levels
and composition. This presents statistical challenges above those encountered in classic
toxicology experiments of controlled exposures. To analyze these data, we have conducted
multiple analyses that use exposure metrics of increasing sensitivity. First, we begin by using
(potentially multi-way) ANOVA techniques that treat exposure as a treatment. That is, we assess
overall differences between CAPs and filtered air responses (i.e. a binary exposure covariate).
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Second, to assess univariate associations between CAPs mass levels or composition and health,
we conduct single-pollutant analyses in which a separate regression model is fitted using
biologic response as the dependent variable and either mass, particle number, or a single
elemental concentration as the exposure metric. Third, to confirm univariate findings, we
conduct multiple pollutant analyses to investigate joint effects of multiple pollution sources.
Toward this end we have linked biological outcomes to predictors such as: (1) multiple tracer
elements of previously defined pollution sources'??, or (2) factor scores obtained from source
apportionment factor analysis to represent multiple pollution sources in ambient exposures **.

As noted above, these random exposures are typically nested within a complex experimental
design, such as a cross-over or repeated measures design. Thus, although we refer to these three
levels of analysis as “ANOVA” and “regression”, this strategy of increasing the sensitivity of the
exposure metric is usually nested within regression extensions that respect the design of the
study and the correlation structure of the data. We briefly review the more commonly-used
extensions in Sections 3.1.2-3.1.6, which apply more generally across all areas of the Center
including: epidemiology, exposure assessment, and toxicology.

3.1.2. Multilevel Random Effects Models for Longitudinal and Clustered Data: Throughout
the Center, data are often collected longitudinally within a subject or otherwise clustered (e.g. by
city). For example, in the exposure studies, both personal and ambient concentrations are
collected repeatedly over time®™®. In the animal studies, biologic outcomes are measured
repeatedly on the same animals under multiple exposures®, and in epidemiological studies,
researchers use panel study designs'®'' or data from multiple cities'>"*'*!*. In such cases, it is
important to account for the dependence among measurements taken on the same cluster. We
have used hierarchical models with random effects to account for repeated measures within a
longitudinal design and other forms of clustering. These regressions combine fixed effects,
which are the predictors in traditional regression models, with random effects that account for
correlation among observations from the same cluster'®'’. Specifically, let Yi; be the response
from subject i on day j. For concreteness, we consider the epidemiological bus study setting and
consider covariates pollution;;, gender;, age;, and temperature;, which include both time varying
(pollution, temperature) and between-subject (age, gender) covariates. The models apply for
repeated measures in the toxicological studies as well. We have relied heavily on models of the
form:

Y, =(B, +u,)+ pgender, + f,age, + fitemp; +...+(p, +v,) pollution + ...+ &, (1)

Here u; is a subject-specific intercept that reflects unexplained heterogeneity in subjects’ overall
level of outcome, and v; is a subject-specific slope that reflects heterogeneity in susceptibility to
pollution exposure. We make the standard assumptions that (u;, v;) are generated from a multi-
variate normal distribution with general variance covariance matrix, although we use newly
developed diagnostic methods to assess the validity of this assumption (See Section 3.2.5). Such
models for continuous outcomes can be easily fitted using standard software, such as PROC
MIXED in SAS and the Ime() function in S-plus/R.  Extensions to more than two levels of the
hierarchy (i.e. repeated measures within subject within city) are handled similarly, with the
model containing both subject-specific and city-specific random effects. For discrete responses,
such as dichotomous outcomes or counts, we use generalized linear mixed models (GLMM) as
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in Gold et al."" and use PROC NLMIXED in SAS to fit these models. This procedure has the
advantage over other GLMM macros that estimation is based on numerical integration of the
likelihood, which avoids bias associated with rougher approximations of the likelihood employed
by other procedures (i.e. SAS macro GLIMMIX). We have also used generalized estimating
equations (GEEs) for fitting longitudinal discrete responses’.

3.1.3. Susceptibility: We are also interested in whether effect modification by characteristics of
the subject, such as diabetes status and medication use, among others, accounts for some of the
unexplained heterogeneity in either the overall outcome level (1;) or pollution effect (v;)''. This
question is easily incorporated in the hierarchical framework by adding main effects for those
characteristics and interactions with pollution, respectively. For instance, in model (1), we
address this by specifying that the mean of the random slope terms varies according to this
subject characteristic: (S, + B p+1 modifier; +v;)*pollution;. These terms amount to pollution*®

modifier terms in the mixed models.

3.1.4. Generalized Additive Models: In many cases, the assumption of linearity between the
response and a covariate in a linear regression model is overly restrictive and may bias estimates
of exposure effects. Examples of how this assumption could be violated in Center settings
include complex confounding effects of temperature or season in epidemiological studies' and
non-linear profiles of animal cardiac and pulmonary parameters over an exposure period in the
animal studies'*?. If the functional forms of these relationships could be reliably determined,
one could reflect this in the model using variable transformation. However, these associations
are often complex nonlinear functions, and more flexible methods are necessary. An alternative
tool that accounts for this complexity is the Generalized Additive Model (GAM)*'. This
powerful modeling approach has become very popular in recent years due to the flexibility of
these models in capturing non-linear relationships between variables. Suppose Yi, i=1,...,n,
represent n independent observations, and let Xji,..., Xj, denote a corresponding set of p
covariates of interest. These covariates may represent one or more exposure measures as well as
potential confounders such as time or co-pollutants. A linear regression model for Y; is:

YiZBO'f'BlXi]‘F...‘FBpXip‘FSi 2)

where B is the overall intercept and (Bi,...,3p) represent the linear effects of the p covariates on
the response Y. The idea is to replace linear effects B; X;; in model (2) with an arbitrary smooth
function f(Xjj), which is then estimated from the data. We have used semiparametric regression,
which are GAMSs that contain both parametric terms f; Xj and smooth functions f(Xj),
extensively in daily mortality studies'® as well as for analyzing cardiac HRV and pulmonary data
from the animal studies'’. Dominici et al.*? noted that the most popular program for fitting
GAMs, Splus, reports incorrect results when more than one smooth term is included in the model
and the two curves are collinear. We have spent a great deal of time assessing the implications of
this discovery for results generated by the current Center. Specifically, we re-analyzed our 10
city mortality study, the Six City time series study, the Six City Source Apportionment Study,
our Hospital Admissions studies, and the long term distributed lag models from the APHEA
study using different convergence criteria and natural splines. In addition, we have developed
software that uses penalized splines™, an alternative approach that avoids the problems incurred
by Splus. We defer detailed discussion of this work until Section 3.2.2.
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3.1.5. Time to Event Data: Events, such as cardiovascular deaths, are treated as censored
survival time data using standard Cox regression models. With this approach, all individuals can
be included in the cohort, making complete use of the data, and their actual times of the events
(MI, death, etc.) can be analyzed in relation to risk factors measured at baseline (standard
cardiovascular risk factors, baseline measurements of intermediate endpoints, and air pollution).
To allow for the clustering of observations by community, we use the random effects Cox
model*, recently developed for the reanalysis of the Six Cities and ACS cohort studies of the
chronic effects of air pollution on mortality.

3.1.6. Meta-Analyses of Multiple Studies: Some Center analyses'>'>'*** pool data from several
locations or several existing studies to assess the weight of evidence across multiple settings. We
have used the hierarchical two—stage approach of Berkey et al.?® for this purpose. In the first
stage, we fit identical models for the outcome measures from the different locations/studies.
These city-specific models can be complex, possibly including random effects to account for
correlated data or spline terms for non-linear effects. In the second stage, we pool the slopes
from the different studies to examine effect modification. That is, do city-specific particle effects
vary systematically according to measured characteristics of the city, such as region of the
country. Specifically, the second stage model is:

Bi=ay+a,*w, +6, +¢,, 3)

where ,Bl. is the estimated PM slope in study 1, oo is the estimated effect of PM in the absence of

the effect modifier wj, a1 is the change in effect of PM in the presence of the effect modifier, d;
is a random error term with known variance equal to the estimated variance of the parameter
estimates obtained from the first stage of the model, and ¢; is a random error term with unknown
but estimable variance. This meta-analytic framework is a flexible way to summarize the
regression coefficients for each outcome. If the effect modifier term is left out of the model, the
meta-analysis amounts to calculating an overall estimate that pools information from all of the
studies.

3.2. Methodological Development: As part of the current Center (in addition to providing study
design and data analysis support) we have developed new statistical methodology for situations
for which existing methods inadequately address the scientific question of interest. These
developments are summarized below.

3.2.1. Measurement Error: In addition to the current Center’s individual exposure assessment
studies that address the extent of measurement error in PM epidemiology®’?’, we have focused
on measurement error from a methodological perspective as well. In doing so, we have
developed new methods to correct for measurement error in hierarchical models'*. We showed
that existing standard two-stage estimators will be biased in the presence of exposure
measurement error, and that this bias can be away from the null hypothesis of no effect. We
proposed two alternative methods, termed an intercept estimate and a slope estimate, for
estimating the independent effects of two predictors in a hierarchical model. We showed both
analytically and via simulation that the slope estimate gives essentially unbiased estimates even
in the presence of measurement error, at the price of a moderate reduction in power. We applied
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the new methodology to show that the estimated effect of fine particles on daily deaths,
independent of coarse particles, was biased downward by measurement error in an original
analysis that did not correct for measurement error. In a second application of the model, we
used published data on the association between airborne particles and daily deaths in 10 US
cities to estimate the effect of gaseous air pollutants on daily deaths. The resulting effect size
estimates were very small and the confidence intervals included zero. We have also applied this
approach to a reanalysis of the NMMAPS mortality study conducted by researchers at Johns
Hopkins University. A paper reporting this NMMAPS re-analysis is now under review”". Finally,
we have conducted a simulation study (manuscript in progress) to assess the amount and pattern
of bias in health effect estimates if the personal-ambient relationships followed those reported in
several individual exposure studies conducted in Boston and Baltimore as part of the current
Center’?"*. Results provide evidence that the gaseous pollutants are unlikely confounders of
PM health risk estimates for these locations.

3.2.2. Generalized Additive Mixed Models: As noted in Section 3.1.2, mixed models represent
an important tool for determining whether individuals with certain characteristics are more
susceptible to the effects of airborne particles. However, classic mixed regression models are
linear models, whereas we know that the effects of season and weather on health are often
nonlinear. To enhance our ability to assess sensitivity while maintaining good covariate control,
we have developed additive mixed models, which combine the hierarchical structure of model
(1) with the nonparametric regression techniques of Section 3.1.4°°.  Specifically, consider
covariate X; and let ki, k=1,...,K, be a set of K distinct values within the range of X. For a
smooth function f(X;), the mixed model formulation of a penalized spline model for the curve
specifies a piecewise polynomial fit:

K

f(x[)=ﬂ1x1+...+ﬂpxp+2uk(xl—/ck)p+, 4)
k=1

where, (x, —x,), 1s defined as

X, =K, X, > K,
0, otherwise

and the truncated polynomial coefficients u; are independent normally distributed random effects
with unknown variance qu 3 Asa result, we can simultaneously estimate nonlinear effects in
the presence of a multilevel structure by specifying a single mixed model with both cluster-
specific and smoothing random effects. We have recently applied this approach to estimate the
association between PM;y and mortality. We have also conducted methodological research on
effective computational strategies for fitting semiparametric mixed models. We have been part of
the development team of Semipar, an Splus/R module for fitting a wide variety of
semiparametric regression models based on penalized splines®?, and have conducted a systematic
investigation of Bayesian approaches to fitting generalized additive mixed models™.

3.2.3. Mortality Displacement (Harvesting): We have developed new methodology for
assessing the “mortality-displacement”, or “harvesting” effect, of particulate pollution, which
corresponds to the hypothesis that observed associations with mortality are due solely to the
deaths of frail individuals. The smoothed distributed lag model’* estimates the net effect of air
pollution on daily deaths, which includes short-term rebounds due to mortality displacement as
well as any longer-term lagged effect. Let B be the effect of PM at time lag 1, 1=0,1,...,q. The
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model specifies a smooth structure for P; by placing a penalized spline structure on these
coefficients:

B :ir_/lj +§Uk(l_’{k)f (5)

In addition, the model allows for non-linear effects of other confounding variables, such as
temperature. Let z; denote a set of confounder variables modeled linearly, let s;; denote a set of
variables to be modeled with a smooth function, and let x,; denote pollution concentration, all
collected at time t. The full generalized additive distributed lag model is

d q
glEG)=a+y'z,+D fi(s,)+ . Bx it =q+1...T, (6)
j=1 =0

where fj is also estimated using penalized splines. We applied the model to data on the
relationship between pollution and daily deaths in Milan, Italy**. This paper confirmed that, far
from reducing effects, “harvesting resistant” estimates are higher by a factor of two. More
recently, we used the distributed lag approach to examine the potential harvesting effect in 10
European cities. The findings from this study and others conducted within the current Center
also provided no evidence to support a harvesting effect® %%,

3.2.4. Case—Crossover Analyses: The case-crossover design, introduced by Maclure®, is a
method for investigating the acute effects of an exposure. In the case-crossover approach, a case—
control study is conducted in which each person who had an event is matched with
herself/himself at a nearby time period during which she/he did not have the event. The subject’s
characteristics and exposures at the time of the case event are compared with control periods in
which the event did not occur. Each risk set consists of one individual as that individual crosses
over between different exposure levels in the case and control time periods. These matched pairs
may be analyzed using conditional logistic regression. Multiple control periods may be used. In
recent years, this approach has been applied to the analysis of the acute effects of environmental
exposures, especially air pollution. Applied to the association of air pollution with risk of death,
the approach presents several advantages. Because each subject serves as her/his own control,
the use of a nearby day as the control period means that all covariates that change slowly over
time, such as smoking history, age, body mass index, usual diet, and diabetes are controlled for
by matching. Therefore, the case-crossover design controls for seasonal variation, time trends,
and slowly time varying confounders by design, because the case and control periods in each risk
set are separated by a relatively small interval of time. In particular, season and time trends are
controlled by matching. Bateson and Schwartz**' demonstrated that, by choosing control days
close to event days, even very strong confounding of exposure by seasonal patterns could be
controlled by design in the case control approach. While it is straightforward to sample control
days in a manner that removes seasonal confounding, there can be a subtle selection bias in these
analyses. Several approaches have been shown to address this problem, including the time
stratified approach of Lumley and Levy*>. We have recently applied this approach to the issue
of confounding by gaseous co-pollutants, in an analysis of 14 cities where control days were
matched4§)n the level of the co-pollutant. Significant associations with PM;o were seen in all
analyses™.

3.2.5. Diagnostics for Multilevel Random Effects Models: An important assumption in the use
of linear mixed effects models is the normality of the random effects and the errors. For
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instance, in random slopes models that assess population heterogeneity in susceptibility to
pollution exposure (a National Research Council defined critical need), the distributional
assumption of normality for susceptibility serves to pool information on the pollution slopes
across subjects and shrink individual estimates toward the overall mean susceptibility.
However, if the distribution of susceptibility is skewed such that a small subset of subjects are
highly susceptible to exposure, the normality assumption results in excessive shrinkage of large
estimated slopes toward the overall mean***’, leading to underestimated effects for these
subjects.  With support from the current Center, we developed diagnostic graphics and
hypothesis tests to assess the validity of distributional assumptions in linear mixed models***".
Houseman, Coull, and Ryan® used these tests to conclude that three subjects in a study of the
effects of PM;y on pulmonary function in Utah Valley schoolchildren exhibited significantly

higher susceptibility than the rest of the cohort.
4. RESEARCH METHODS

4.1. Study Design: Core members haved worked closely with Center investigators to develop
the study design for each proposed project. A critical component in all of the projects is power
and sample size calculations. Prospective calculations allow project investigators to be confident
that the Center projects will have high power to detect meaningful differences. We have worked
closely with Center investigators to (1) determine effect sizes of interest and (2) calculate the
number of samples necessary to achieve a desired level of power, usually 80% or 90%. Specific
power and sample size calculations for the proposed experiments can be found in the individual
project proposals. In general, we take the following approaches. For standard models such as
ANOVA and linear regression, we use standard variance formulas for estimates to compute
sample sizes and power for effect sizes observed in previous studies and pilot data. Power
calculations for hierarchical models use variance formulas for linear regression and the fact that
the mixed model can be expressed as a series of such regressions'®. Thus, for a given effect size
and assumed values for the within-subject and between-subject residual variances, we can carry
forward the uncertainty of the estimated coefficients at each level of the model to obtain overall
variances of the effect estimates of interest. For events, we use the equivalence between survival
models and Poisson regression®, and use a simulation-based approach to assess power for a
multilevel Poisson model. For input into the power calculations, we use estimates of the within-
person and between-person variability obtained from previous studies for each endpoint, most of
which were conducted by investigators in this Center. We also use existing data to provide
estimates of the amount of variability of exposure. In general we consider only the temporal
component of exposure variability. For pollutants with large spatial components of variability,
these power estimates would be conservative for the spatio-temporal methods outlined in Section
4.3.2. All power calculations are based on two-sided tests at the 0.05 level.

4.2. Data Analysis: We will apply good exploratory data analysis techniques, such as univariate
explorations of the data, distributional checks, and outlier identification to data from all projects.
For model building, we will employ residual analysis and other model diagnostics to confirm
model fit, identify possible nonlinear relationships between predictors and outcomes, and
identify highly influential data points. Once the data have been checked and modeling
assumptions verified, we will apply ANOVA and regression techniques to Center data, with the
particular form and correlation structure of the data dictating the particular method. The main
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methods of analysis will continue to be linear models/generalized linear models, multi-way
ANOVA, semi-parametric modeling, and mixed/multivariate models for correlated responses
(For a full description of nonstandard techniques, see Sections 3.1.1-3.1.6). In addition, we also
anticipate that statistical tools developed as part of our mission-related statistical research (see
Section 4.3) will become staples of our toolbox for the analysis of Center data. We now give
more detail for data analyses in each project.

4.2.1. NAS Study (Project 1): Analyses of the NAS Project 1 data will use linear regression,
semi-parametric regression, Cox proportional hazard models for analyzing events and, for
outcomes measured during two rounds of the NAS study, longitudinal models. Responses of
interest will include heart rate variability (HRV), blood pressure, fibrinogen, measures of
inflammation (CRP, ICAM, and VCAM), lung function, and events such as heart attacks. We
will investigate genetic susceptibility in the above models by including interaction terms for
pollution and an indicator of the GSMT1 or HO-1 polymorphisms in the models, as outlined in
Section 3.1.3.

Because subject residences will be geocoded, we will also use spatial regression models to
account for potential spatial correlation among outcomes. We can build spatial relationships into
the proposed statistical framework in two different ways. First, we can assume the residual errors
exhibit spatial correlation, with this correlation being a function of the distance between two
observations. Such analyses of continuous outcomes can be implemented using the sp(exp)
syntax in PROC MIXED. Second, we can accommodate any potential residual spatial patterning
of an outcome within the Boston area using geoadditive models*’, which specify that the mean
response depends on exposure, other covariates, and a two-dimensional function of location.
This approach is essentially a two-dimensional version of the nonparametric regression models
discussed in subsection Section 3.1.4 of this Core. As in the one-dimensional case, we will use a
penalized spline formulation for this surface, allowing us to incorporate the spatial structure in
the mixed model framework™. Finally, we will also use spatial-temporal models for refining
estimates of exposure for pollutants exhibiting large amounts of spatial variability, such as black
carbon as a marker of traffic pollution. We defer a detailed description of this approach until
Section 4.3.2.

4.2.2. Bus Study (Project 2): We will consider repeated measures (and as an extension,
multilevel) mixed models for assessing pollution effects and effect modification on biologic
outcomes of interest within a cross-over design. Outcomes of interest in the bus study will
include exhaled NO, HRV, markers of systemic inflammation in the blood (CRP, ICAM,
VCAM, IL-6), and blood pressure. For cases in which responses are recorded semi-continuously
(such as five minute HRV measures) within an exposure period, with exposures repeated on each
subject (such as in the proposed cross-over design), the data represent multiple levels of nesting
with time nested within exposure, and exposure nested within animal. In such cases, we will
employ multilevel versions of the hierarchical models described in Section 3.1.2. We will use
standard model building procedures to arrive at a model that specifies an appropriate correlation
structure among responses at each level of the hierarchy. For instance, in our previous analyses
of cross-over concentrator data'’?’, we specified a serial correlation structure for HRV
observations recorded within the same six hour exposure in combination with animal effects to
account for correlations among observations taken on the same animal but during different
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exposure periods. Furthermore, the similarities between the animal and the bus cross-over study
designs will allow us to use the same multi-tiered strategy that uses exposure metrics of
increasing sensitivity in this project. That is, we will first use (potentially multi-way) ANOVA
techniques that treat pollution exposure as a binary treatment (traffic particles plus gases versus
gases only). Second, to assess how these differences vary according to the amount and chemical
properties of traffic particles exposure, we will conduct univariate analyses in which a separate
regression model is fitted using biologic response as the dependent variable and univariate
pollution concentrations as the exposure metric. Third, to confirm univariate findings, we will
conduct multiple regression analyses to investigate joint effects of multiple pollutants. One
unique feature of the bus study will be the measurement of continuous biological outcomes and
pollution concentrations, which makes it possible to examine the lag structure between exposure
and response. Our previous work indicates that the temporal relation between cumulative
exposure and cardiac outcome may be shorter for some outcomes (e.g. HRV) than for others
(e.g. blood pressure). Lagged associations will be examined using polynomial distributed lag
models®*, which do not require multiple comparisons at different lags. Furthermore, continuous
exposure assessments will enable us to address collinearity problems, since associations among
pollutants are well-known to have strong diurnal patterns, with some associations reversing
direction throughout the course of a day. We will use multi-pollutant generalized additive
distributed lag models in these settings, in which the time-course of effects for each pollutant
follows the distributed lag structure described in Section 3.2.3.

4.2.3. Human Concentrator Studies (Project 3): Statistical analysis for the human exposure
studies will follow a multi-tiered strategy that successively uses exposure metrics of increasing
sensitivity. The first stage will employ repeated measures ANOVA models containing a random
effect for subject and a categorical variable for exposure group (filtered air, ultrafine, fine,
coarse), to assess differences among groups. Standard multiple comparisons procedures, such as
Dunnett’s and Scheffe’s procedures, will be employed to adjust for comparisons of multiple
exposure groups. Second, to assess the effects of PM composition on measured outcomes, single
pollutant dose-response analyses will be conducted in which a separate linear mixed regression
model is fitted using biologic response as the dependent variable, subject as a random effect, and
either mass, particle number, or a single elemental concentration as the exposure metric in the
model. Third, to assess the relative contributions of multiple pollution sources on health, multiple
pollutant regression analyses will be conducted using exposure metrics. For outcomes recorded
semi-continuously within an exposure, hierarchical linear models will be developed to account
for the multiple levels (time within exposure within subject) of data. Such techniques allow
assessment of differences among within-exposure slopes across exposure groups.

4.2.4. Animal Concentrator Studies (Project 4): We will continue to apply ANOVA and
regression techniques to data generated from the animal concentrator studies, with the particular
form and correlation structure of the data dictating the use of a particular method (See Section 3
for a full description). Such models will take advantage of the partial factorial experimental
designs for the concentrator studies. The main methods of analysis will continue to be linear
models, generalized linear models, multi-way ANOVA, semi-parametric models, and
mixed/multivariate models for correlated outcomes. Responses of interest will include
hypertension, blood pressure, BUXCO outcomes, chemiluminensce, and BAL outcomes. All of
these models can now be fit in standard software, such as PROC MIXED in SAS or Splus/R. As
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in Projects 2 and 3, we will continue to use the multi-tiered strategy that successively
incorporates more refined measures of exposure to assess the relative contribution of different
sources to observed effects

4.2.5. TERESA Study (Project 5): Project 5 will involve animal exposure studies in which rats
are randomly divided into treatment groups, with all rats from a given group receiving a given
exposure scenario (i.e. filtered air sham, primary gas and particle emissions, primary plus
secondary particles—with and without neutralization by ammonia, secondary without primary
particles) of a given pollution source (traffic emissions). In addition, this protocol will be
replicated for different strains of rats (healthy and spontaneously hypertensive rats). Outcomes of
interest on each animal will include chemiluminescence, bronchoalveolar lavage (BAL),
BUXCO pulmonary measures, blood parameters, and EKG recordings. We will use multi-way
ANOVA to assess differences among groups defined by type and source of pollution, as well as
rat type. We will use PROC GLM in SAS to first assess overall differences among levels for
each factor, and then use multiple comparisons procedures, such as Scheffe’s multiple
comparison procedure for cohort groups or Dunnett’s procedure when interest focuses on making
comparisons against the filtered air control, to assess differences between pairs of factor levels
and to examine which treatments/rat cohorts are significantly different from others for a given
outcome. Although there is a target dose of pollution for each exposure, there will be some
variability in these levels across experimental runs. If there is significant dose variability, we
will also extend the multi-way ANOVA analyses to the regression setting to assess dose-
response slopes for each exposure treatment and rat group. Such analyses will enable researchers
to assess the toxicity of each treatment combination in each cohort.

4.3. Methodological Research: Through our work with current Center investigators, we have
identified several areas that will require methodological advances for the fullest use of the data
from the proposed Center during the next five years.

4.3.1. Structural Equations Models (SEMs): We will investigate the use of Structural Equation
Models (SEMs) to investigate relationships among multiple exposures and multiple health
outcomes. SEMs are a class of covariance structure models that can be used to show path
diagrams and to simultaneously model multiple surrogates of both exposure and outcome. Used
extensively in social sciences and, more recently, in environmental epidemiology to investigate
the health effects of lead’’ and methylmercury’®, SEMs reduce the number of multiple
comparisons made on multiple outcomes and adjust for covariate measurement error. The
models are often represented as path diagrams, allowing one to fit models that specify outcomes
as lying on a causal pathway between exposure and other outcomes. The models also allow for
the specification of multiple surrogates of exposure on these pathways. In this framework, we
will obtain estimates and hypothesis tests for coefficients corresponding to each pathway. We
will also investigate the appropriateness of several structural equations models for the NAS
outcomes. First, we will fit a model that considers the joint effects of short- and long-term
exposure on EKG pattern via blood pressure and an alternative pathway. In this model, we will
specify short-term exposure as having a direct influence on BP. Results will allow us to
distinguish between short- and long-term exposure, and potentially suggest that observed EKG
changes can be attributed to effects on BP, with other pathways contributing little. We have
successfully used this approach to separate out the effects of recent and longer-term exposure in
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a study of health effects of lead exposure™. We will also fit a structural equation model that
specifies an association between air pollution exposure and multiple blood markers thought to
represent systemic inflammation. In particular, we will fit a model that specifies a single latent
variable underlying the multiple outcomes CRP, ICAM-1, VCAM-1, and homocysteine, and
estimate the association between PM exposure and this latent variable. Because these outcomes
are considered surrogates for systemic inflammation, the model allows us to avoid the multiple
testing involved in fitting a model to each outcome separately, while gaining power by pooling
information across multiple surrogates of the same underlying state. Finally, we will apply
models that consider different potential mechanisms (vascular, autonomic, and inflammatory)
simultaneously. This model will allow us to investigate whether pollution is associated with one
outcome (say vascular) via another (say, autonomic effects). All of these structural equations
models will contain multiple surrogates of exposure to reduce the effects of exposure
measurement error. For example, both Black Carbon and particle number are dominated by
mobile source emissions, and can be considered surrogates for a latent variable defined as traffic
exposure. By assuming that these surrogates reflect some underlying, latent exposure, we
assume a factor model which partitions the variance-covariance matrix of the exposures into that
explained by the common factor and that explained by measurement error associated with each
surrogate. The latent biologic variables are subsequently modeled as a function of the common
exposure, thereby adjusting out the measurement error associated with the individual exposure
measures. Because such error in multi-pollutant studies typically biases effect estimates
downward, and on rare occasions biases them upward, such adjustment may be important in
assessing possible health effects associated with particles. We will fit all structural equations
models with the commercial software M-plu554.

4.3.2. Spatial-Temporal Modeling: An important component of this Center proposal is the
focus on assessing health effects of different sources of pollution. In the NAS study, health
effects will be observed on subjects living throughout Eastern Massachusetts. Because different
chemical species have different spatial distributions, with regional pollutants being more
homogeneous over space and local sources demonstrating higher spatial variability, investigation
of the local pollutant spatial variability can be an important strategy for separating health effects
from the different sources. To that end, in addition to baseline analyses that use measurements
from central-site and indoor/personal monitors, we will use spatial-temporal modeling of
spatially-varying exposures, such as traffic pollution. We will then geocode the location of the
study participants’ residence, and use exposure estimates as predictors in the health effects
analyses.

This approach will yield more accurate exposure measures of spatially heterogeneous pollutants
than central site monitoring, and will allow assessment of chronic exposures. This approach can
decrease the amount of measurement error associated with the central-site measurements and in
turn yield more powerful tests of health effects. To build our model, we will use data from
existing individual exposure studies conducted as part of the current EPA PM Center and data
from approximately 20 ambient monitoring sites located in the greater Boston area. Collectively,
we currently have data from approximately 100 Boston locations during the time period from
April 1999 to present. The data currently consist of over 4,300 observations from more than
1,600 unique exposure days. Using these data, we will build and validate models for traffic
exposures. Predictions will be based on meteorological conditions and other characteristics of a
particular day (e.g. weekday/weekend), as well as measures of the amount of traffic activity (e.g.
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GIS-based measures of cumulative traffic density within 100 meters, population density, distance
to nearest major roadway, percent urbanization, etc.) at a given location. We will use the readings
from the HSPH central site (described in the Particle Technology and Monitoring Core, section
4.1.1) as a predictor. We will use the nonparametric regression methods outlined in Section 3.1.4
to allow these factors to affect exposure levels in a potentially nonlinear way. Finally, we will use
a two-dimensional extension of nonparametric regression terms, thin-plate splines, as a function
of longitude and latitude to estimate additional spatial variability unaccounted for after including
all relevant spatial predictors in the model. Taken together, the model represents a geoadditive
model as outlined by Kammann and Wand*’. As an example of this approach, we have done
preliminary modeling investigating the suitability of such a model for black carbon levels in
Boston. Let Y;j be the log-transformed black carbon concentration for the i™ location on day i.
The best model based on the above set of predictors expresses black carbon concentration as a
function of year, weekday, black carbon (BC) levels from the HSPH monitoring site,
meteorological conditions, cumulative traffic density within one-hundred meters, and a
nonparametric function of longitude and latitude. The model is:

Y, =B, + B,Year2000, +...+ B,Year2003, + fsMonday, + ...+ B, Saturday, + ,,bc. HSPH,
+ fi(Temp,) + f,(R-Hum,) + f;(Yearday,) + f,(Wind,) + f(C.ADT,) + g(lat,long) , + &; (7)

Results suggest that
there exists significant
spatial  variability in
these concentrations in
the Boston area.

Figure 1 shows the
estimated residual
surface as a function of
longitude and latitude
over the study area. The
figure shows that, as
expected, the concen-
trations are highest in
the downtown Boston
area as well as in the
industrial corridor to the
northwest. The range of
variability is over a
factor of three. Note
that this spatial surface
is after controlling for
local traffic counts.
Preliminary results also
suggest that we have
enough data to refine
the model to obtain
season-specific  spatial
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Figure 1: Estimated Spatial Effect in Boston Area BC Levels from Model (7)




smooths, and that these differ. The adjusted R* for this model was 0.81, suggesting that it
explains the observed data well. Because primary interest focuses on prediction of levels for
locations in which no measurements are taken, we investigated the prediction performance of the
model by calculating cross-validation correlations between observed and predicted bc levels
(rather than focusing on R” values). That is, we repeatedly re-fit the model after removing the
data from each individual residential location and calculated the correlation between the
observed levels and those predicted from the fit obtained after deleting that location. The
resulting cross-validation correlation was 0.57, again suggesting that the model can be useful in
refining estimates of traffic exposure across the Boston area. We are currently working on
improving this fit. For instance, season-specific fits yield a cross-validation correlation of 0.60.
This compares favorably to the model that uses only the HSPH central-site monitor to predict
location-specific exposures, which results in a correlation of 0.31. In addition to outdoor black
carbon concentrations, our spatial database of exposures also contains measurements of other
surrogates of traffic exposure, such as PM; s and NO,. Because locations often have only two of
the three surrogates measured (in various combinations), a multipollutant model for all three
surrogates will have greater spatial coverage than a univariate strategy that describes the spatial
variability of each pollutant separately. As a result, we will build latent variable models for traffic
particles using outdoor black carbon and NO, to increase our spatial coverage and hence the
predictive performance of the models. This latent variable formulation represents a spatial
extension of smooth latent variable models for multivariate curve data™. It should be noted that
the proposed models for exposure do not yield perfect measures of exposure for each study
location, but rather improve the naive estimates provided by the central site monitor. As such, an
important consideration for the health effects analyses that use these predictions as covariates
will be to statistically adjust for the fact that the exposure metrics are now estimated rather than
measured. Several approaches for this adjustment exist. One can use a fully Bayesian approach
to jointly model the smoothed exposure surface and the health data. However, this approach
induces some “feedback™ from the health data to inform the exposure modeling, which is not
desirable. An alternative approach is to use an error-in-variables approach in which the pollution
estimates and standard errors are used to inform a measurement error model. We will employ
this approach, which does not allow for health feedback, but does acknowledge the uncertainty in
the exposure estimates from the first stage of the model®.

4.3.3. Quantifying Model Uncertainty in Hierarchical Models: Existing PM epidemiologic
analyses have been criticized because multiple sources of uncertainty are involved in obtaining
health effect estimates. One key uncertainty is the shape of the concentration-response
relationship. Another is estimating how long one would have to wait after reducing pollution
before achieving health improvements. That is, are the associations with twenty—year average
exposures, which will change slowly, or are they with recent exposures? Existing approaches for
addressing these two questions have limitations. For concentration—response curves, they either
assume a parametric form for the relationship, or chose the best fitting model from a set of
parametric forms. Alternatively, some have attempted to estimate the relation
nonparametrically’’. These approaches treat all cut-points (knots) where the shape of the
relationship can change equally, and require a choice of smoothing parameter. Again, this is
usually chosen based on some fitting criteria. Unfortunately, alternatives that fit almost as well
might have substantially different shapes. While standard methods report uncertainties in
parameters or curves given the model that has been chosen, they do not incorporate uncertainties
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about the choice of models. Similarly, distributed lag models allow one to examine the issue of
latency between exposure and response, as well as cumulative effects®’. While models exist to
examine these relations, they depend on assumptions, such as how long a lag to examine. Again,
goodness of fit criterion is often invoked to answer this question. But this provides no assurance
that choices that fit almost as well may yield very different results. We propose to explore
Bayesian model averaging as a way of addressing these two forms of model uncertainty in
assessing the effect of dose and the timing of dose on survival in the Six Cities Study. This
approach does not rely upon effect estimates from a single " 'final" model, which ignores
uncertainty associated with model choice and thus can underestimate the variability associated
with these effect estimates, but rather, it takes a weighted average of estimates from a range of
plausible models. Because the number of person—years in the Six Cities Study is large and a fully
Bayesian approach would be computationally prohibitive, we will take a two-stage approach. In
the first stage, we will fit a Cox proportional hazards model containing all confounders of
interest, plus a dummy variable for each year of follow-up in each city. In the second stage, each
candidate model will regress the dummy variables in a linear regression against the annual
average PM, s exposure in that city, in that year. We will fit several candidate models that vary
according to the shape of the dose-response relationships and the timing in lags at this second
stage, and then implement Bayesian model averaging software for linear regression, which is
available in Splus®®. This approach reports the posterior probability of the each candidate model
My, k=1,..,K, which is given by:

m(Y |M,)p(M,)

Y lmy M) pM )]
where, m(Y | M ,) = I pY | 4M,)p(3|M,)d$ is the marginal distribution of the data given the

model, and p(My) is the prior probability mass assigned to model k. The estimated lagged
concentration—response curve is simply the weighted average of the estimates from each model,
using these posterior probabilities as weights.

P(M, |Y)= (8)

4.3.4. Methods for Linking PM Effects of Pollution Sources: Methods such as source
apportionment and multivariate receptor modeling, specific rotation factor analysis™, positive
matrix factorization (PMF)® and the methods implemented in the EPA program UNMIX®' are
well studied for purposes of investigating sources of particles. However, only a few studies have
used these source apportionment techniques to link the different source classes to health
effects®®. In the past we have used a two-stage approach to estimate source-specific health
effects. First we performed a source apportionment and then used the resulting calculated source
contributions in the health effects model*>. This work, which is supported by the current EPA
Center, is straightforward to implement; however, it does not account for the uncertainty in the
source composition profiles. Previous statistical research has shown that, in simpler models,
measurement error associated with estimated latent variables can lead to bias in the subsequent
regression coefficient estimates™*®. We propose to quantify this bias in the source-
apportionment context, and develop methods that account for this uncertainty. Our first step will
be to assess the statistical properties of the two-stage estimates of health effects based on
estimated source contributions. We will do this by conducting simulations to obtain Monte
Carlo estimates of the distributions of the health effects estimates for a known mixture of source-
specific pollution and known health effect. In order to make our findings most relevant to
Harvard research interests, we will use a large existing PM Center dataset of Boston daily
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elemental concentrations to obtain reasonable settings for all parameters in the simulation. For
each simulated dataset, we will apply the two-stage approach as well as the tracer approach (See
Section 3.1.1) and assess the performance of each. We will also derive analytical expressions of
the bias in the health effects estimates under the two-stage approach, along the lines of the
formulas presented by Roberts, Ryan, and Wright® for a simpler latent variable setting. Next, we
will develop new methodology to estimate the health effects of source-specific components of air
pollution based on the full likelihood for exposures and outcome®’. This essentially
corresponds to a structural equations approach to the problem. Potential estimation strategies for
the health effects in this general framework include maximum likelihood and Bayesian
approaches.

5. EXPECTED RESULTS

Many of the tools developed by our Biostatistics group have been essential for our efforts to
address key scientific issues pertaining to PM health effects including measurement error,
harvesting, identification of susceptible populations, linking between effects and specific
sources, and assessing the effects of gaseous co-pollutants. Much of this work has been included
in the recent PM Criteria Document and has been of importance in our efforts to assess the
validity of epidemiological studies. This Core will continue to apply state-of-the-art analytical
tools to our epidemiological, toxicological and exposure data and continue to develop new
statistical approaches to investigate PM effects. As in the past, the proposed Center will share
these new tools with other researchers in the PM field.

6. GENERAL PROJECT INFORMATION

The Core will be led by Dr. Brent Coull, who will be assisted by Core Co-Leader Dr. Joel
Schwartz and Co-Investigator Dr. Antonella Zanobetti. These investigators have worked closely
together for over five years and have co-authored many papers, as discussed above. In addition,
they have worked closely with the epidemiologists, exposure assessors, and toxicologists of the
current Center and these collaborations have produced many interdisciplinary peer-reviewed
publications.

This Core will provide study design and data analysis support for all five projects of the
proposed Center. Core members will assist project investigators in the design of the proposed
studies and will participate in data analysis. To the extent allowable by design and outcome
commonalities among the five projects, core investigators will ensure that a unified approach to
data analysis, in terms of modeling strategy and choice of data transformations, is applied to all
Center data.
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