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Stroke is a leading cause of morbidity and mortality in the United States with 795,000
people experiencing a new or recurrent stroke every year. ldentifying modifiable risk
factors for stroke should therefore be considered a research priority. While
associations between ambient exposure to air pollution and other cardiovascular
diseases are well established in the literature, the evidence linking particulate matter
(PM) air pollution exposures to the risk of ischemic or hemorrhagic stroke remains
equivocal. Furthermore, the exact pathophysiologic mechanisms by which exposure
to PM may lead to cerebrovascular events are not yet fully understood. Hypothesized
pathways include the mediation of effects through a combination of inflammatory
responses, autonomic dysregulation, and/or vascular endothelial disturbances. This
dissertation addresses existing gaps in the literature in three separate studies. Two

time-stratified case-crossover studies examined the association between short-term

PM exposures and stroke risk, one in the Health Professionals Follow-up Study



(HPFS) and the other among a large database of Maryland stroke hospitalizations.
Conditional logistic regression models were used to examine associations by stroke
subtype, population subgroups, and clinically-relevant variables. Our third study took
place within the Nurses’ Health Study cohort. Multivariable linear regression models
were used to examine the associations between PM and residential distance to road
exposures and four inflammatory biomarkers (CRP, IL-6, fibrinogen, and ICAM-1).
We found positive significant associations between PMgand ischemic stroke events
in the HPFS cohort, and associations were elevated for nonsmokers, aspirin nonusers,
and those without a history of high cholesterol. Concentrations were elevated for both
CRP and IL-6 among participants who lived close to a major roadway, but no
significant results were found by estimated PM exposure. This work provides
additional evidence that PM exposure is associated with ischemic stroke and adds to
the current literature that those not currently taking aspirin and those without a history
of high cholesterol may be at elevated risk. Although the direct role of inflammatory
processes requires more investigation, this work does provide additional evidence that

proximity to traffic may influence cardiovascular-related inflammation.
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Chapter 1: Introduction

Dissertation Overview

Associations between ambient exposure to air pollution and cardiovascular mortality
and morbidity are well established in the literature. In fact, a recent scientific
statement from the American Heart Association based on a comprehensive review of
current evidence concluded exposure to fine particles (diameter <2.5 um, PM35)
represents a causal and modifiable risk factor for cardiovascular disease (Brook et al.
2010).

While studies focused on general cardiovascular outcomes date back decades, only
recently have studies demonstrated associations between ambient pollution and
increased stroke risk. A major focus of this research has been whether high transient
levels of air pollution lead to sudden stroke onset. To date, the evidence linking short-
term changes in PM to the risk of cerebrovascular events remains equivocal, with
some (Dominici et al. 2006; Wellenius GA et al. 2012; Zanobetti and Schwartz 2009)
but not all (Anderson et al. 2001; O’Donnell et al. 2011) studies finding evidence of
increased risk. As many of the existing studies of PM and stroke have used
administrative databases that may be subject to misclassification of outcome data, a
recent review (Ljungman and Mittleman 2014) has called for additional studies with
validated diagnostic criteria and studies which examine risk by stroke subtype
(ischemic, hemorrhagic). Additionally, few studies have been able to examine

potential effect modification by clinically-relevant individual-level variables or have



been conducted among study populations of sufficient size to examine differences in
risk by population subgroups.
The exact pathophysiologic mechanisms by which exposure to air pollution leads to
stroke are not yet fully understood. Hypothesized pathways for air pollution-related
stroke include increased systemic inflammation and oxidative stress leading to
thrombosis and vascular endothelial dysfunction (Mills et al. 2007). Though existing
literature is sparse, there is some evidence that air pollutants could induce an acute
systemic inflammatory response with an increased number of circulating fibrinogen,
C-reactive protein and proinflammatory cytokines (Pope 2001; van Eeden et al.
2001), which could result in increased blood coagulation and plaque destabilization
and rupture (Mills et al. 2007). Additional epidemiologic studies linking ambient
particulate matter exposure and subsequent markers of systemic and cardiovascular
inflammation are needed.
To address these research gaps the following aims are proposed:
Aim #1) Examine the association between ambient particulate matter exposures and
short-term stroke risk in the Health Professionals Follow-up Study

a) Examine risk of stroke from exposure to both PM;g and PM;5

b) Examine associations for each stroke subtype (ischemic, hemorrhagic)

c) Examine effect modification by BMI, smoking status, age categories,

hyperlipidemia, current aspirin use, and hypertension status

Aim #2) Examine the association between acute changes in particulate matter
concentrations and stroke hospital admissions in Maryland

a) Examine associations for each stroke subtype (ischemic, hemorrhagic)



b) Examine effects by season and among population subgroups (age, gender,

race/ethnicity)

Aim #3) Determine the association between ambient particulate matter exposures and
systemic and cardiovascular inflammatory markers, including C-reactive protein
(CRP), fibrinogen, soluble intercellular adhesion molecule type-1 (sICAM-1), and
interleukin-6 (IL-6) among individuals in the Nurses’ Health Study
a) Examine the association by particulate matter fraction (PMzs, PMyo,
PM25.10)
b) Examine association with various cumulative exposure averaging times (1,
3, 12 months)

c) Examine potential effect modification by smoking status

Background and Rationale

Significance
Stroke is a leading cause of morbidity and mortality in the United States with 795,000
people experiencing a new or recurrent stroke every year (Mozaffarian et al. 2015).
Of these strokes, approximately 130,000 result in mortality, making stroke the fifth
leading cause of death in the US (CDC 2016b; Mozaffarian et al. 2015). Case fatality
rates vary by stroke subtype. Ischemic strokes, which occur as a result of an
obstruction within a blood vessel, are the most frequently occurring stroke subtype
and comprise 87% of all stroke cases with 8 to 12% resulting in death within 30 days.
Though they only comprise 10% of all stroke cases, hemorrhagic strokes, which

occur when a weakened blood vessel in the brain ruptures, are significantly more



deadly (37% result in death within 30 days) (Mozaffarian et al. 2015; Rosamond et al.
1999). Age is the most significant risk factor for stroke, with risk approximately
doubling for each decade of life after age 55 (AHA 2015b). More women have
strokes than men and higher rates of stroke are also seen among African-Americans.
Modifiable risk factors for stroke include high blood pressure, smoking, diabetes,
atrial fibrillation, high blood cholesterol, poor diet, and obesity. Depending on the
severity and region of the brain affected, stroke can cause significant disability,
including paralysis, speech impairment, coma, or loss of memory and reasoning
ability (AHA 2015a). In 2011, the direct and indirect cost of stroke was $33.6 billion,
and between 2012 and 2030 the total direct medical stroke-related costs are expected
to triple (Mozaffarian et al. 2015; Ovbiagele et al. 2013).

Particulate matter (PM), or particle pollution, is the term used for a mixture of
solid particles and liquid droplets suspended in the air. Particles vary in their chemical
and physical compositions and originate from a variety of sources such as motor
vehicle combustion, brake & tire wear, power plants, wood or agricultural burning,
forest fires, or can be formed in the atmosphere from chemical reactions to gaseous
emissions. Particles are generally classified by size, or more specifically, their
aerodynamic diameter which correlates to the size of a sphere with the same
aerodynamic characteristics. It is useful to classify particles by their aerodynamic size
because aerodynamic size can dictate: (a) the transport of particles in the air; (b) their
deposition within the respiratory system and (c) the association with the particle’s
source and chemical composition (WHO 2003). Though airborne particles can range

in size from a few nanometers to tens of micrometers, the most commonly referred to



particulate size fractions in human health research are coarse particles (PMa5.10;
between 2.5um and 10um in aerodynamic diameter) and fine particles (PM;s; less
than 2.5um in aerodynamic diameter) [Note - the designation PMyj refers to both
coarse and fine particulates; all particles <10um]. Coarse particles are primarily
formed by abrasive mechanical processes that break-up larger particles. These
particles can include wind-blown dust from agricultural processes or uncovered soil
or abrasively-derived traffic-related particles (brake and tire wear). Coarse particles
from environmental sources include those from the evaporation of sea spray as well
as pollen grains and mold spores. Coarse particles are generally only suspended in the
air from minutes to hours and generally travel short distances (<10km) (US EPA
2003). Fine particulates differ from coarse particles both in their origin and chemistry.
These particles are formed by combustion, high-temperature processes, and
atmospheric reactions. They are composed of a variety of carbon and organic
compounds, sulfates, nitrates, and metals (Pb, Cd, V, Ni, Cu, Zn, Mn, and Fe).
Chemical and physical compositions vary by location, time of year, and weather. In
contrast to coarse particles, the lifetime for fine particles in the atmosphere can be
days to weeks and they can travel thousands of kilometers (US EPA 2003).

In the early to mid-twentieth century, the risks of air pollution on health
became readily apparent after several widely publicized acute episodes of increased
morbidity and mortality followed exceptionally high spikes in pollution levels as a
result of temperature inversions (Jun 2009). The most dramatic and infamous of these
episodes were in the Meuse Valley in Belgium in 1930, Donora, Pennsylvania in

1948, and London in 1952 (Firket 1936; Health 1954; Wexler and Schrenk 1949).



Each of these episodes demonstrated that severe air pollution can have dramatic and
immediate impact on population health. During the London Fog episode, for example,
approximately 4,000 to 12,000 excess deaths occurred, the greatest number of which
were related to cardiovascular disease (Bell et al. 2004a; Health 1954). Additionally,
a 10-year follow up of the exposed Donora population showed increased
cardiorespiratory morbidity and mortality years afterward among those who
complained of severe acute illness in 1948 (Ciocco and Thompson 1961). The
significant health outcomes from these episodes likely played a large role in
prompting many governments to initiate research on air pollution and health and
enact legislation aimed at reducing air pollution levels (Bell et al. 2004b).

The Clean Air Act (established 1970, last revised 1990) requires the
Environmental Protection Agency (EPA) to set National Ambient Air Quality
Standards (NAAQS) for pollutants considered harmful to public health and the
environment. Starting in 1971, the US EPA established the first PM standard as Total
Suspended Particulates (TSPs). However, in 1987, this standard was replaced with
PMy, as a decision to regulate only particles that penetrated to the thoracic region of
the respiratory tract (Greenbaum et al. 2001). In 1997, after reviewing scientific
studies showing differential health effects of particulates based on aerodynamic
diameter, the EPA established new standards for PM; s (Greenbaum et al. 2001).
Annual standards for PM, s concentrations were set at 15 ug/m3, and 24-h PM; 5
standards were set at 65pg/m>. The NAAQS were last revised in 2012 with a major
change being that annual PM 5 standards were divided into a primary (12 pg/m®) and

secondary (15pg/m?) standard (US EPA 2017c). Primary standards are meant to



provide public health protection to sensitive populations (asthmatics, children,
elderly), while secondary standards provide public welfare protection (decreased
visibility, damage to animals crops). Nonattainment areas are regions that do not meet
the NAAQS standards. As of February 13th, 2017 there were 20 counties within nine
states that were designated nonattainment areas by the EPA for PM; s, and an
estimated 23 million people live within these areas (US EPA 2017a). A total of 31
counties in 10 states encompassing over 9 million people are designated as non-

attainment areas based on the 1987 PMy, standard (US EPA 2017b).

Particulate Matter Exposures and Stroke

Recently, studies examining associations between ambient pollution and increased
stroke risk have gained more attention. A major focus of this research has been
whether high transient levels of air pollution may lead to sudden stroke onset. To
date, the evidence linking short-term changes in PM, s and PMyj to the risk of
cerebrovascular events remains equivocal. A review of previous studies which have
examined the association between short-term exposure to PM and total

cerebrovascular events, ischemic stroke, and hemorrhagic stroke follows.

Total Cerebrovascular Events and PM

Several studies have examined short-term effects of total cerebrovascular events
without distinguishing between the subset of ischemic, hemorrhagic, or other or
unclassified stroke subtypes (Alessandrini et al. 2013; Anderson et al. 2001; Bell et

al. 2008; Delfino et al. 2009a; Dominici et al. 2006; Halonen et al. 2009; Jalaludin et



al. 2006; Larrieu et al. 2007; Le Tertre et al. 2002; Lippmann et al. 2000; Nascimento
et al. 2012; Wong et al. 1999; Wordley et al. 1997; Zheng et al. 2013). Small but
significant positive associations have been noted in several studies. In the largest
study, Dominici et al. (2006) evaluated the association with hospital admission for
total cerebrovascular disease and PM, s among 11.5 million Medicare beneficiaries
residing in 204 US urban counties and found a statistically significant 0.8% (95% ClI
0.3% to 1.3%) higher risk per 10pg/m?® increase in PM,s (Dominici et al. 2006). In
their study of wildfire-related PM, 5 exposures in California, Delfino (2009) also
found significant increase in total daily hospital admissions for cerebrovascular
disease (RR=1.019; 95% CI:1.004-1.035) (Delfino et al. 2009a). Additionally, two
studies have found associations with cerebrovascular admissions and PMyy.
Nascimento et al (2012) used stroke hospital admissions from Sao Paulo State, Brazil
and found a positive significant association of stroke admission with PM;o (RR-
1.137; 95% ClI: 1.014-1.276). Similarly, Wordley et al. (1997) found a 2.1% increase
in risk of cerebrovascular admissions (95% CI: 0.1-4.1) per 10ug/m?® increase in PMyg
in Birmingham, UK (Wordley et al. 1997). Other studies of cerebrovascular
admissions and PM, 5 and PMy, have found mixed or no effects. A time-series study
of cerebrovascular hospitalizations in Rome found no association with PM; 5
(RR=0.978; 95% CI: 0.956-1.000) or PM1, (RR=1.005; 95% CI: 0.988-1.021)
(Alessandrini et al. 2013). In Taiwan, another study of cerebrovascular hospital
admissions found no association with PM, 5. They found a significant association
with PMy, but only for lag day 3 (% risk increase=2.64; 95% CI: 0.21-5.12) (Bell et

al. 2008). Anderson et al. (2001) used administrative data from the United Kingdom



and found non-significant associations with both PM3, (% change RR=-3.3; 95% ClI:
-7.9to 1.4) and PM;5 (% change = -1.6; 95% CI: -6.6 to 3.6) (Anderson et al. 2001)
Halonen et al. (2009) also found no suggestion of effect for PM, s (RR=0.997; 95%
C1: 0.969-1.026) in a study of hospital admissions in Finland (Halonen et al. 2009).
Two studies limited to admissions among the elderly (+65 years) found no
associations between stroke admissions and either PM, s or PMj in Detroit Michigan
(Lippmann et al. 2000) or Sydney, Australia (Jalaludin et al. 2006). Additional studies
examining only PM; exposures and cerebrovascular admissions have found no
significant associations (Larrieu et al. 2007; Le Tertre et al. 2002; Wong et al. 1999;

Zheng et al. 2013).

Ischemic Strokes and PM

A number of studies have specifically evaluated the association between PM; and
PM, 5 and the risk of ischemic stroke (Andersen et al. 2010; Chan et al. 2006;
Henrotin et al. 2007; Linn et al. 2000; Lisabeth et al. 2008; Low et al. 2006;
Mechtouff et al. 2012; O’Donnell et al. 2011; Szyszkowicz 2008; Tsai et al. 2003;
Vidale et al. 2010; Villeneuve et al. 2006; Wellenius GA et al. 2012; Wellenius et al.
2005). Some of these studies have found small positive significant associations
between PM and ischemic stroke. In their study of elderly Medicare beneficiaries in
nine US cities, Wellenius et al. (2005) reported a 1.03% (95% ClI, 0.04% to 2.04%)
increase in admissions on the same day per interquartile range increase in PMg
(Wellenius et al. 2005). In New York City, Low et al. (2006) reported a statistically

significant increase in ischemic stroke hospitalizations per 10 pg/m?® increase in PM;q



(Low et al. 2006). In Taiwan, Tsai et al. (2003) found a 5.9% (95% CI: 4.3-7.4, lag O-
2 days) excess risk of hospitalization for ischemic stroke per 10 pg/m?® increase in
PMy, after excluding days with mean daily temperature <20°C (Tsai et al. 2003). A
suggestion of effect was seen in a study by Chan et al. (2006) in another study in
Taiwan. The authors found a 3.0% (95% CI: -0.8 to 6.6, lag 3) and 1.6% (95% ClI: -
0.8 to 3.9, lag 3) excess risk per 10 ug/m3 increase in PM, 5 and PMy, respectively
(Chan et al. 2006). Several studies deserve increased attention due to the specificity
of stroke outcome definition. Wellenius et al. (2012) performed medical review of
1705 Boston area patients to confirm ischemic stroke events. They estimated the odds
ratio of ischemic stroke to be 1.11 (95% ClI: 1.03-1.20) (P=.006) per interquartile
range increase in PMa s levels (6.4 pg/m®) (Wellenius GA et al. 2012). They did not
find differences in risk by history of diabetes, atrial fibrillation or hypertension, but
found slightly higher associations among stroke cases greater than 75 years old
(Wellenius GA et al. 2012). Using data from the French Dijon Stroke Registry,
Henrotin et al. (2007) analyzed 1432 confirmed cases of ischemic stroke and found a
positive but non-significant increase 0.9% (95% CI: -7.0 to 9.4) per 10 pg/m® increase
in PMyo on the same day and a 1.1% (95% CI: -0.2 to 9.4) on the previous day (lag 1
day) (Henrotin et al. 2007). Lisabeth et al. (2008) used data on 2,350 confirmed cases
of ischemic stroke and 1,158 cases of transient ischemic attack from the Brain Attack
Surveillance in Corpus Christi Project (BASIC), a population-based stroke
surveillance project designed to capture all strokes in Nueces County, Texas. The
authors found borderline significant results on the same day (RR=1.03; 95% CI :

0.99-1.07) and previous day (RR=1.03; 95% CI : 1.00-1.07) for an interquartile range
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increase in PM s (Lisabeth et al. 2008). O’Donnell et al used data from a stroke
registry in Canada and found no association with PM among 9,202 ischemic stroke
cases (O’Donnell et al. 2011). However, there was some evidence to suggest that
associations differ among ischemic stroke etiologies. PM, s was positively associated
with strokes that were a result of small-vessel occlusions or large-artery
atherosclerosis, but negatively associated with strokes due to cardioembolism.
O’Donnell et al. also examined several effect modifiers of the PM stroke relationship.
Risk was elevated among those with a history of diabetes compared to those without
history of diabetes. They found no evidence that the associations differed by smoking
status or history of hypertension. Mechtouff performed a medical review on 376
ischemic stroke cases and also found no association per SD increase in PMyg
(OR=0.94; 95% CI: 0.80-1.10) or PM,5 (OR=0.97; 95% CI: 0.83-1.12) (Mechtouff
et al. 2012). Additionally, two studies examining emergency department visits for
acute ischemic stroke in Edmonton, Canada hospitals found no associations between

ischemic stroke and PM, s or PMyg (Szyszkowicz 2008; Villeneuve et al. 2006).

Hemorrhagic Strokes and PM

A subset of the studies examining effects of PM on ischemic stroke also looked at
associations with hemorrhagic stroke. Only one study, Tsai et al. (2003), found a
significant positive association between PM and hemorrhagic stroke. Among 4,359
hospital admissions, the authors of this study noted an OR of 1.54 (95% ClI: 1.31-
1.81) per IQR (66.3 pg/m®) increase in PMy, but only in days where the temperature

was >20°C (Tsai et al. 2003). In contrast, Wellenius et al. (2005) found no evidence

11



of association between ambient PMyq levels and risk of hemorrhagic stroke among
Medicare beneficiaries in nine U.S. cities (RR=0.997; 95% CI: 0.976-1.020)
(Wellenius et al. 2005). Similarly, in their study of 2,329 emergency department visits
for hemorrhagic stroke in Edmonton, Canada, Villeneuve et al. (2006) found no
evidence of an association with either PM, s (RR=0.984; 95% CI: 0.857-1.130) or
PMjo (RR=1.006; 95% CI: 0.943-1.073) (Villeneuve et al. 2006). Henrotin et al.
(2007) also found no evidence of an association between risk of hospitalization for
hemorrhagic stroke and PM;o (RR=0.901; 95% CI: 0.731-1.111) among 220 strokes
in a French stroke registry (Henrotin et al. 2007). Though Chan et al. found
suggestions of increased risk for ischemic stroke in their study in Taipei, Taiwan, the
same study found no evidence of association with hemorrhagic stroke hospitalizations
with either PM,5 (RR=0.990; 95% CI: 0.954-1.028) or PM;o (RR=0.994; 95% CI:

0.974-1.014) (Chan et al. 2006).

A recent meta-analysis summarized the literature to date and found summary
estimates of 1.4% (95% CI: 0.9-1.9) and 0.5% (95% CI: 0.3-0.7) higher risk for
cerebrovascular mortality per 10ug/m® of PM, s and PMg, respectively (Wang et al.
2014). Findings for ischemic stroke were suggestive, but the authors concluded that
the weight of the published evidence does not yet show a statistically significant
association (Wang et al. 2014). The authors also noted large heterogeneity between
studies and suggested a number of reasons for this including; exposure and outcome

misclassification, differing lag structures, varying methodologies in controlling for
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meteorological variables, geographic variability in PM constituency, and variation in

the demographic characteristics of study populations (Wang et al. 2014).

PM and Biomarkers of Cardiovascular Inflammation

Though current research suggests a link between cardiovascular outcomes and
exposure to air pollutants, biological mechanisms for this association have not yet
been fully explained. A clear understanding of these mechanisms is central to the
development of better clinical treatment and prevention strategies. Many mechanisms
and pathways have been proposed including: oxidative stress, changes in autonomic
function, and pulmonary inflammation leading to thrombosis and atherosclerosis
(Utell et al. 2002). Though exact mechanisms remain unclear, many hypothesize an
important role of inflammatory processes. Toxic substances present in fine PM (e.g.,
black carbon, primary and secondary aerosols, metals) can cross epithelium of the
airway following inhalation and induce the production of proinflammatory cytokines
and reactive oxygen species (O’Toole et al. 2009; Uzoigwe et al. 2013). The effects
produced by these air pollutants may then lead to hypertensive responses and changes
in autonomic cardiac control (Du et al. 2016). Establishing epidemiologic
associations between air pollutants and blood-borne markers of inflammation can
provide needed evidence to these potential mechanistic pathways and should be

considered a research priority.

The body of research exploring links between inflammatory markers and particulate
exposure had been relatively limited before 2005. However, in the last decade there

has been a growing interest in the field. While many of the studies have been limited
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to fewer than 100 participants (usually panel studies and experimental studies),
associations between inflammatory markers and air pollution exposures have also
been examined among a few well-characterized large cohorts. Markers examined in
these studies have included C-reactive protein, fibrinogen, homocysteine, IL-6, TNF-
a, vascular cell adhesion molecule-1, intercellular adhesion molecule-1 (ICAM-1),
soluble CD40 ligand, WBCs, and soluble adhesion molecules, but this review will

focus on associations with CRP, fibrinogen, IL-6, and ICAM-1.

Biomarkers

C-reactive protein is a protein produced by the liver and is considered one of the best
measures of the acute phase response to an infectious disease, tissue damage, or
inflammation (Gabay and Kushner 1999; Pope 2001). CRP has been shown in
multiple epidemiologic studies to predict incident myocardial infarction, stroke, and
sudden cardiac death (Ridker 2003) and it may also have a direct role in the

development of atherosclerosis (Libby 2002).

Fibrinogen is an essential blood-clotting glycoprotein. During the normal blood
coagulation cascade, the protease thrombin converts soluble fibrinogen into insoluble
fibrin strands which are cross-lined to form a blood clot. However, it has also been
shown that there are distinct connections between inflammatory markers and the
coagulation cascade, especially in regard to cardiovascular diseases (Demetz et al.

2012). A proinflammatory role for fibrinogen has been reported in stroke and
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epidemiological associations have been found between fibrinogen and both coronary
heart disease and myocardial infarction (Danesh et al. 1998; Davalos and Akassoglou

2012; Lind et al. 2001).

Interleukin 6 (IL-6) is a pro-inflammatory cytokine secreted by T cells and
macrophages at the site of injury and is integral to the inflammatory response.
Experimental studies have shown that human macrophages exposed to PMy release
numerous inflammatory cytokines, including IL-6 (Becker et al. 2005). Persistent
inflammation in the lung may invoke a general systemic inflammatory response as

pro-inflammatory cytokines diffuse into systemic circulation (Tamagawa et al. 2008).

Intracellular adhesion molecule-1 (ICAM-1) is a glycoprotein present on endothelial
cells that possesses binding sites for immune-associated molecules including
leukocytes and fibrinogen facilitating their migration to sites of inflammation
(Witkowska and Borawska 2004). Elevated ICAM-1 levels have been shown to be
associated with both cardiovascular risk factors such like hypertension and smoking
(Blann et al. 1997; Chae et al. 2001; Rohde et al. 1999) as well as myocardial

infarction and total acute coronary events (Haim et al. 2002; Ridker et al. 1998) .

Epidemiological Studies

Epidemiological studies linking associations between particulate matter exposures

and CRP, fibrinogen, IL-6 and/or SICAM-1 follow:
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Hajat et al (2015) examined 6,814 participants between 45 and 84 in the Multi-Ethnic
Study of Atherosclerosis (MESA) between 2002 and 2012 (Hajat et al. 2015). The
authors examined several day-long exposures and a cumulative 1 year exposure prior
to blood draw. After controlling for confounders, a 5pg/m?® increase in yearly PMy s
exposures was associated with 6% higher IL-6 (95% CI: 2 — 9%), but no associations
for year-long exposure to soluble ICAM-1, fibrinogen or CRP. However, short-term
PM, 5 exposures on the day of blood draw were associated with CRP and fibrinogen.
They also noted suggestion of effect modification with larger increases in IL-6 for
older individuals, smokers, and participants with hypertension (Hajat et al. 2015). In
another study of MESA participants, Diez-Roux et al examined whether CRP
increased in response to changes in prior day, prior week, prior 30 days, or prior 60
day concentrations of PM; s (Roux et al. 2006). In their study, the 30-day and 60-day
mean exposures showed positive, but not statistically significant increases in CRP per
10pug/m?® increase in PM, 5 (30day OR= 1.05, 95% CI: 0.98-1.29; 60 day OR=1.12,

95% CI: 0.96-1.32) (Roux et al. 2006).

In one of the largest studies to date, Hampel et al (2015) used 21,558 high-sensitivity
CRP (hs-CRP) measurements and 17,428 fibrinogen measurements from a total of
nine European cohorts as part of the ESCAPE multi-center project (Hampel et al.
2015). For hs-CRP they found a non-significant association with both PMy, (1.2 %
change; 95% ClI: -3.8 to 6.4) and PM;5 (2.4% change; 95% CI:-7.5 to 13.4). They
also found null results with the total pooled estimates for fibrinogen (PM10=0.1%

change; 95% Cl:-1.4 to 1.7; PM,5=0.5 % change; 95% CI:-1.1 to 2.0). However, the

16



authors of this study were able to also look at associations by individual PM
constituents. They found significant positive results between PM3 scopper and hs-CRP
and between PM s;inc and fibrinogen (Hampel et al. 2015). Results from this study
are important as they highlight that certain PM constituents may be the primary

drivers of PM-related inflammatory changes.

Using data from 4,814 participants 45-75 years of age from three large German cities,
Hoffman et al. examined changes in hs-CRP and fibrinogen in response to annual
PM, 5 exposures (Hoffmann et al. 2009). Per IQR increase in PM, s (3.91 pg/m®),
significant increases were seen for men but not women with both hs-CRP (men:
23.9% increase; 95% CI: 4.1 to 47.4; women: 1.0% decrease; 95% CI: -16.5t0 17.3)
and fibrinogen (men: 3.9% increase; 95% CI: 0.3 to 7.7; women: 1.5% increase; 95%
Cl: -1.9 to 5.1). The authors ran additional models and found that the inclusion of
short-term exposures to PM, s, 0zone, and temperature did not influence the results
markedly. Another study in the same cohort did not find associations with hs-CRP

and fibrinogen with year-long moving averages of PM, (Viehmann et al. 2015).

In Boston, Zeka et al. (2006) studied 710 elderly members of the VA Normative
Aging Study to examine changes in CRP and fibrinogen with acute changes in PM
concentrations in the previous 48 h, 1-wk, and 4-wk (Zeka et al. 2006a). Though
results were not statistically significant, they noted that associations were stronger for
longer averaging periods of four weeks. Per 1 standard deviation (SD) increase in

PM 5 for the 4-week period, they noted a 1.14 percent change in fibrinogen (95% ClI:
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-0.60 to 2.88) and a 4.36% change in CRP (95% CI: -3.25 to 11.96). They also
observed associations were elevated among subjects older than 78 years and among

the obese (Zeka et al. 2006a).

In another study examining association between CRP and PM, s, Ostro et al. included
a total of 2,849 women ages 42-52 from 6 metropolitan centers across the U.S. (Ostro
et al. 2014). The authors found overall that a 10pg/m?® increase in 12-month average
PM, 5 levels (estimated by closest monitor within 20km) was associated with a 25.5%
increase in CRP (95% CI: 10.2-42.9). They also noted that certain population groups
were more susceptible to increases in CRP. Increases were higher among older
individuals, diabetics, those with high BMI, and postmenopausal women. Results did

not differ by smoking categories.

Several other large cross-sectional studies have been performed. In a cross-sectional
study of 6,183 adults in Switzerland, Tsai (2012) found significant increases in 1L-6
per 10pg/m? increase in PMy (increase= 0.036 pg/mL; 95% CI: 0.015-0.057), but
found no association with CRP levels (Tsai et al. 2012). Using NHANES 111 (1988-
1994 only) data, Schwartz found that an IQR change in PMj resulted in an odds ratio
of 1.77 (95% CI: 1.26-2.49) for having a 90th percentile fibrinogen level (Schwartz
2001). In another large cross-sectional study of 3,659 individuals in Tel Aviv,
Steinvil et al. found no associations between CRP and PM;, (measured at local

monitors) either on the day of examination or 7 days prior (Steinvil et al. 2008).
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Biological Plausibility

The exact pathophysiologic mechanisms by which exposure to air pollution leads to
stroke and other cardiovascular outcomes are not yet fully understood. Hypothesized
pathways for air pollution-related stroke include increased systemic inflammation and
oxidative stress leading to procoagulant effects, autonomic irregularities, vascular
endothelial dysfunction, and thrombosis which could enhance the likelihood of an
ischemic event (Franchini and Mannucci 2007; Mills et al. 2007). Proposed
mechanisms on the inflammatory pathway involve the secretion of adhesion
molecules by damaged and inflamed pulmonary endothelial cells, which may result in
increased binding and activation of leukocytes and platelets and the subsequent
release of proinflammatory cytokines. Cytokines formed during tissue damage and
inflammation lead to tissue factor (TF) induction which in turn stimulates coagulation
following vascular injury (Choi et al. 2006). Complexes of TF on endothelial cell
surfaces initiate the extrinsic blood coagulation pathway and play a key role in
thrombin generation (Gilmour et al. 2005). Increased clotting may occur, as thrombin
catalyzes many coagulation-related reactions, such as converting soluble fibrinogen
into insoluble fibrin. Such mechanisms are supported by studies of animal models
showing links between lung inflammation and extent of thrombosis following
vascular injury (Nemmar et al. 2003) and the mediation of such effects through
platelet-leukocyte activation (Nemmar et al. 2007). Another proposed mechanism is
that particulate matter exposure can alter cardiac autonomic control of the heart
leading to acute elevations in blood pressure and changes in atherosclerotic plaque

stability (Franchini and Mannucci 2007; Wang et al. 2014). In one experimental study
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of normotensive, non-smoking healthy adults, exposure to high levels of PM, s rapidly

increased diastolic blood pressure (Urch et al. 2005).

Obijectives and Research Questions

Study 1 examined short-term ambient exposure to particulate matter and risk of stroke
among participants of the Health Professionals Follow-up Study. Of major interest
was the determination of risk for each stroke subtype (ischemic, hemorrhagic) and
whether variables of clinical relevance modify the association between PM and
stroke. Study 2 examined the association between short-term area-level fine
particulate matter exposure and stroke hospitalization in Maryland. This study is of
sufficient size that effect modifiers (season, age, gender, race/ethnicity) could be
examined within both ischemic and hemorrhagic stroke hospitalizations. In both
studies 1 and 2, we were also interested in whether associations varied depending on
the timing of exposure prior to the stroke event, thus, multiple lag periods were
examined in separate models. The objective of study 3 was to examine the
relationship between particulate matter exposures and systemic and cardiovascular
inflammatory markers, including C-reactive protein (CRP), fibrinogen, intercellular
adhesion molecule type-1 (ICAM-1), and interleukin-6 (IL-6) using healthy controls
from four nested case-control studies in the Nurses’ Health Study cohort. Findings
from this third study have the potential to provide evidence for the role of PM-related
inflammation in cerebrovascular and other cardiovascular diseases. As part of study
3, we also examined whether there were differences in the associations by PM size

fraction, exposure averaging time, or by smoking status.

20



Innovation

This series of studies addresses several research gaps identified in the current
literature. A major strength of our HPFS study is the use of high quality outcome and
covariate data. Many prior studies of short-term PM exposure and stroke risk are
based on administrative data, where frequent misclassification of stroke events can
bias effect estimates towards the null (Johnsen et al. 2002; Reker et al. 2002).
Additionally, studies relying on administrative data rarely have access to information
on variables outside of age or gender that may modify the effect. Our study is one of
few to examine potential effect modification by clinically relevant variables. Another
major strength of this study is the use of a nationwide kriging model to estimate
exposure to ambient PM which may reduce exposure misclassification. Our second
study of Maryland hospitalizations has complementary strengths. While this study
was within a dataset of hospitalizations, the large number of cases in this study
allowed for sufficient examination of risk within population subgroups, even for
hemorrhagic stroke events, where previous analyses have often been under-powered.
Both studies examining the association between PM exposures and stroke control of
all time-invariant confounders through the case-crossover study design. While
individual characteristics like gender and age are perfectly matched and controlled
for, other factors such as obesity and hypertension are also controlled due to the
relatively short windows between case and control periods. Additionally, we have

selected a time-stratified design that controls for potential confounding by day of the
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week and seasonality. Our third study examines the association between PM
exposures and biomarkers of inflammation, which may shed light onto the
pathophysiologic mechanisms that lead from PM exposures to cerebrovascular or
other cardiovascular outcomes. Few previous studies have looked at associations
between PM exposures and biomarkers of inflammation in large cohorts with well-
characterized information on potential confounders. Reliable information on potential
confounding variables is critical in such studies as certain inflammatory biomarkers
of interest can be associated with cardiovascular risk factors outside of clinical
disease. Our use of robust and validated spatiotemporal statistical models may capture
more spatial variability in exposure estimates than the use of estimates from nearest
or central monitoring locations. Additionally, the use of a nationwide cohort and
exposure models extends the geographic scope of included subjects beyond studies

limited to small regions or individual cities.
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Chapter 2: Methods

This chapter serves as a supplement to the methods for Chapters 3-5

Study Design

Case-crossover Design

The study design for papers 1 and 2 was a time-stratified case-crossover
design. The case-crossover design was proposed in 1991 by Maclure to study short-
term transient effects on the risk of acute events (Maclure 1991). In this design, the
cases are the only participants and the exposure-disease effect estimate is determined
by comparing exposure just prior to the event during a “hazard’ or ‘case’ period to
exposure in a ‘control’ or ‘referent’ period. One major advantage to this study design
is the control-by-design of time invariant or time insensitive risk factors such as age,
gender, and socioeconomic status, since each case act as their own control. The
design was originally proposed with a unidirectional reference period — meaning that
the control or reference period always occurred before the hazard period. However, a
variety of exposures have subsequently been considered for use in case-crossover
studies, and other strategies have been developed to control for bias that might arise
due to the chosen reference strategy. Navidi noted that unidirectional control periods
can lead to bias under certain situations and proposed using bidirectional designs to
account for exposures with time trends (Navidi 1998). This design is possible when
the outcome does not affect subsequent exposure and theoretically sound when a

single event does not necessarily preclude the study subjects from an additional event
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(Bateson and Schwartz 1999). Sampling symmetrically from times before and after
the outcome also has the effect of expanding the temporal sampling frame while
keeping the distance between the control and hazard period the same (Fung et al.
2003). Typically, multiple referents are chosen per case which also increases study
power over a single unidirectional referent group. Simulation analyses have
demonstrated that symmetric bidirectional designs are more resistant to confounding
by time trends (Navidi 1998). Another reference strategy design that is used often is
the time-stratified bidirectional design. With this strategy, referent periods are chosen
from within predefined time-strata, but there are no set patterns in the placement of
referents around the case period. A month-long stratum length is often used, as this
allows multiple reference periods even after matching by day of the week. This
reference strategy has been used heavily in the air pollution literature (Carracedo-
Martinez et al. 2010).

We used the time-stratified case-crossover design to assess the association
between the risk of stroke onset and PM levels for studies 1 and 2. Control periods
were chosen using the time-stratified approach. Exposures during the case period
were compared to exposures on the same day of the week and in the same calendar
month as the case period (Levy et al. 2001; Lumley and Levy 2000). Since individual
events do not affect the distribution of future exposure in the overall population, the
use of control periods from both before and after the case occurrence is appropriate.
(Maclure and Mittleman 2008). This design has been shown to be effective in
controlling for seasonality, overall time-trends, as well as persistent and slow-varying

confounders (Bateson and Schwartz 1999).
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Nested Cohort

Our third study is a hybrid, non-classic design that uses controls from four nested
case-control studies within the Nurses’ Health Study cohort. Monthly PM exposure
estimates with cumulative exposures up to a year prior to the month of blood draw
were used in this retrospective analysis. As our exposure estimates occur before our
measured outcome variables (biomarkers) and we are using only a limited sample of
the full NHS cohort, the main study could best be considered a retrospective nested
cohort. Our distance to road analysis is most appropriately categorized as a cross-

sectional analysis.

Potential Biases

Selection Bias

We do not see selection bias as a major source of bias in our studies, but there are a
few key issues worth discussion. Both study 1 and study 3 take place within well-
defined cohorts of health professionals (HPFS, NHS, respectively). These
occupational cohorts had eligibility criteria based on age, and occupational
registration. One of the most limiting factors in the use of occupational cohorts is the
external validity or generalizability when comparing to general national population.
We discuss this further in the limitations section of this chapter. As we have used
nonstandard designs within these cohorts and rely upon modeled exposure levels
based on address (with high match rate), general problems of selection bias in cohort
studies (differential non-response or study attrition by exposure status) are not as

problematic as they might be otherwise. Our case-crossover study of MD
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hospitalizations may also have issues with external generalizability from case
selection as it does not capture fatal stroke cases. It such a scenario it is important that
we refer to hospitalization risk for stroke instead of total stroke risk. It is also not
perfectly reflective of stroke hospitalization for MD residents, as a small proportion
of residents may have been transferred to a hospital out of state. Another potential
issue related to selection bias for this study is the potential differentiation in stroke
hospitalizations by urbanicity (rural vs. urban). Persons afflicted with stroke in rural
areas may be less likely to be hospitalized after the stroke event due to increased risk
of death as a result of higher travel times (Moy 2017). We also expect a
differentiation in exposure levels and composition between rural and urban areas as
traffic-density and frequency of industrial point sources vary between urban and rural
areas (Kundu and Stone 2014). However, as this is a case-crossover design and
exposure during the case period of an individual from a rural area would be compared
to exposure during control periods of an individual from the same rural area, we
would not necessarily expect changes in the effect estimates. Instead, selection bias in

this manner further limits the geographic generalizability of the study.

Information Bias

Each of the three studies use modeled air pollution estimates as exposure variables.
This deserves some broader discussion as it relates to exposure error and information
bias. In each study, the models we have used estimate ambient pollution levels either
at the individual’s reported address or at the county-level where they reside.
However, an individual’s total exposure to PM includes their exposure to both

outdoor and indoor particles. If it were possible to easily capture, obtaining each
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individual’s total personal exposure levels would yield more accurate effect

estimates. However, assessing total personal exposure through the use of personal
monitors is impractical for most large study designs or for examining longer
exposures. Instead, most large epidemiological studies have relied on the use of
ambient pollution estimates, which have been shown to correlate relatively well with
personal exposures (Avery et al. 2010). Additionally, using ambient exposure levels
to study health effects can be informative as it relates to possible interventions, as
regulatory agencies, like the Environmental Protection Agency, set outdoor air quality

standards.

In addition to the measurement error corresponding to the difference between total
personal exposure and ambient exposure, it is also important to consider measurement
error between the measured and true ambient pollution concentrations. In general,
two types of error are usually discussed when discussing ambient pollution exposure
estimate errors (Armstrong 1998; Sheppard et al. 2004; Zeger et al. 2000). The first is
classical error, in which measurements vary about the true concentrations.
Measurement errors in ambient pollution monitors could be considered classical
error; as repeated individual measurements may vary slightly about the true
concentration. The second type of error is Berkson error, in which the same
approximate exposure is used for many subjects, and the true exposures vary about
this approximation but have a mean equal to it (Armstrong 1998). The distinction is
important. It has been shown that while classical error, if non-differential, has a

typical effect of biasing estimates towards the null, a purely Berkson error yields

27



unbiased effect estimates (Armstrong 1998). In reality, however, most estimates of
ambient pollution exposures have elements of both types of error, and they are often
quite difficult to disentangle (Zeger et al. 2000). For example, in our second study of
the association between stroke hospitalizations and PM; s, a modeled county-level
PM estimate was used as a proxy for individual ambient exposure. Assuming this
county-level estimate represented a perfect average of all residents in the county, we
might expect this exposure estimate to have a mostly Berkson-type error leading to
unbiased effect estimates. However, this assumption is unlikely to be true. Firstly,
some error in the modeled estimate is likely. Secondly, even if the county-level were
modeled to spatially represent a true average for the county, due to clustering in
residential communities, it is unlikely to represent an average for participants of the
county. Thus, the misclassification error in this study could be problematic and
exceed the error from the studies in which we used modeled estimates at a

participant’s reported address.

There are also concerns about information bias using ICD-9 coding framework for
stroke hospitalizations. Several studies have identified that coding of stroke cases and
subtypes by ICD-9 codes is not always reliable, as they depend both on the expertise
of the clerical staff and the accuracy of the medical records (Kokotailo and Hill 2005;
Reker et al. 2002). As we expect these errors to be non-differential with respect to
exposure, a bias towards the null would be expected. Another limitation is that we
were not able to separate first stroke hospitalizations from recurrent hospitalizations
in study 2. This is problematic if a patient had multiple stroke events in a short time

period, as reference or control periods at times before and after the event would no
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longer be appropriate. Another limitation of hospitalization data is the potential
misclassification in exposure that occurs due to the time differential between stroke
onset and hospitalization. This form of misclassification has also been shown to bias

effect estimates towards the null (Lokken et al. 2009).

Confounding

Our two case-crossover studies control for time-invariant confounders by design. All
personal characteristics that might be related to exposure and stroke are controlled by
matching case and control periods by the individual within a single-month timeframe
(the strata). However, variables that could vary over the course of the month and are
associated with both PM and stroke should be considered potential confounders.
Weather-related covariates are most likely to fit this description. Most studies have
considered ambient temperature as a potential confounding variable in the association
between transient levels PM and stroke. Treatment as a confounder is justified as
prior studies have shown relationships between ambient temperature and PM and
between temperature and stroke (Lian et al. 2015; Tai et al. 2010). Several studies
have looked in detail at associations between ambient temperature and short-term
stroke risks. A recent meta-analysis and review concluded that there was enough
evidence to conclude that short-term changes in both low and high temperatures had
significant results on cerebrovascular events (Lian et al. 2015). The overall pooled
results from 20 studies showed for hot temperatures (defined as 75"-99" range of
temperatures), a 1 degree increase resulted in a 1.13 percent increase in risk of stroke
(95% CI: 0.58-1.68). In the range of cold temperatures (1*-25" distribution), a 1

degree Celsius decrease resulted in a 1.20% increase (95% CI: 0.84-1.57) in stroke
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(Lian et al. 2015). We controlled for temperature with non-linear spline regression to

account for these non-linear associations.

In our third study, potential confounding variables included variables matched by the
individual nested case-control studies as well as other variables chosen a priori.
Potential confounders included: meteorological season, age (months), BMI (kg/m?) ,
smoking status (never, past, current), pack-years smoked, physical activity (missing,
<3, 3 to <18, >18 metabolic equivalent hours/week), hypertensive status (yes or no
self-response to physician diagnosis), use of postmenopausal hormones (nonuser,
current user, premenopausal, unknown), census tract median household income,
alcohol consumption (missing, Og/day, >0.1 g/day), family history of myocardial
infarction (yes or no), and diet (measured by Alternate Healthy Eating Index (Chiuve
et al. 2012)). Although we have controlled for an extensive set of variables that may
act as confounders in this study, minor errors in the self-reporting of these variables
could contribute to residual confounding. Though we cannot definitely rule out error
of this type, we expect any residual confounding to be minimal as self-reporting of
health-related conditions in this cohort have been shown to be quite accurate (Colditz
et al. 1986). For example, 99% and 85.7% of a sample of self-reports of hypertension,
and high cholesterol in this cohort were validated in a previous study (Colditz et al.

1986).
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Statistical Approach

Case-crossover analysis
This section briefly outlines the statistical approach for testing the proposed
hypotheses in order to inform this supplemental methods chapter. A more detailed
methodology is described in the chapter for each study. Though the variables differ,
the statistical approach for both case-crossover studies was similar. Conditional
logistic regression models were used to obtain estimates of odds ratios (ORs) and
95% confidence intervals (Cls) associated with an interquartile range (IQR) increase
in PM2s0r PMyo. PM exposures on the day of the stroke event (lag 0), as well as
exposures from 1 to 3 days previous to the stroke event (lag 1 to lag 3) were
considered in separate models. Stratified models by each of the potential effect

modifiers were also conducted.

Linear regression analysis

Multivariable linear regression models were used to test the hypothesis that PM
exposures are associated with inflammatory biomarkers. Potential confounding
variables were incorporated into the models in two stages. First crude models (basic)
adjusted for variables which were matched in the individual nested case-control
studies. Next, other established confounders and potential confounders were added to
fully adjusted models. Results from linear regression analyses of the PM fraction
models were presented per IQR in PM and as percent difference for each biomarker
along with the corresponding 95% confidence interval. The presentation of linear

regression effect estimates as percent difference was done to ease interpretation and
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provide consistency across multiple biomarkers. Since the biomarker values have
been log-transformed, percent difference was calculated by exponentiating both sides
of the linear regression equation, so that the exponentiated regression coefficient
represents the ratio change of the biomarker on the unlogged scale per IQR increase
in PM. Basic and fully adjusted distance to road models included two exposure terms
corresponding to nearest distance to a major roadway (0-49m, and 50-199m). Thus,
results from distance to road models are presented as percent difference in the
biomarker concentration in comparison to concentrations among those living greater
than 200m from a major road. In order to test for effect modification by smoking,
interaction terms for each smoking category (never, former, current, missing) were

included in separate regression models.

Assessment of Effect Modification

Effect Modification in the Case-crossover studies
Personal characteristics are controlled for in a case-crossover study by design. With
our month-long strata, any variable that does not change within a short time period (a
single month) is matched by the selection of case and control exposure periods.
However, effect modification by these variables can be examined. Though interaction
terms can be used, most previous case-crossover studies have assessed effect
modification of time-invariant variables with stratified models. As noted by Zanobetti
et al., one reason to use stratification over interaction terms is the possibility that the
effect modifier could modify associations with other covariates in addition to the

exposure variable (Zanobetti and Schwartz 2005). A stratified analysis controls for
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this. To test for the significance of effect modification with stratified models, we used
chi-square tests of heterogeneity for testing significance between the model estimates
as done by several previous studies (Montresor-Lopez et al. 2015; Zanobetti and

Schwartz 2005). To do this, we used the formula:

[logi BR.)- .i'm:rRR_.f
Tar: [log( RR.)]

H= Tu [log( #r:) - fﬂC’RRj E

Where: log (RR;) is the natural log of the stratum-specific OR for stratum i, and log
(RR) is the natural log of the overall adjusted OR when the data are pooled. Var
(log(RRy)) is the variance of the stratum-specifc log(OR) for stratum i. The test

statistic is distributed as a Chi-square on i-1 degrees of freedom.

Effect Modification in the Nested Cohort
We tested for effect modification by smoking status in our third study by the use of
interaction terms in our multivariable linear regression models. The smoking
categories used were never smoker, former smoker, current smoker, and missing
status. Thus, testing for effect modification by smoking status required the inclusion
of 3 interaction terms. Significance testing was then determined by likelihood ratio
tests between interaction and non-interaction models. For this study, we found no
evidence of effect modification by smoking status. Because of this, the results from

stratified models were not presented.
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Model Specification

Study 1
Conditional logistic regression models were used to test the association between
short-term PM exposures and stroke for study 1. All models controlled for mean daily
temperature and were repeated for lag 0, 1, 2, 3 lag days as well as an average of
exposure from lag day 0 to lag day 3. The model sets proceeded as follows: 1) overall
stroke 2) stratified by ischemic or hemorrhagic stroke 3) stratified by non-fatal and
fatal stroke outcome 4) limited to ischemic strokes and stratified by either age
category, BMI category, smoking category, hypertension status, high cholesterol
status, or current regular aspirin use 5) a sensitivity analysis limited to ischemic

strokes and stratified by meteorological season (winter, spring, summer, fall).

Study 2
A series of stratified conditional logistic regression models were conducted for study
2 to test the association between short-term PM; s exposure and stroke
hospitalizations. All models controlled for maximum daily temperature and were
repeated for lag 0, 1, 2, and 3 lag days. The model sets proceeded as follows: 1)
overall cerebrovascular hospitalizations 2) stratified by ischemic, hemorrhagic, or
‘other’ stroke subtype 3) stratified by stroke subtype and cold (Oct-Apr) or warm
(May-Sep) season 4) stratified by stroke subtype and either age category, gender,
race/ethnicity 5) a sensitivity analysis stratified by stroke subtype and meteorological

season (winter, spring, summer, fall).
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Study 3
Multivariable linear regression models were used for study 3 to test the associations
between PM exposures and inflammatory biomarkers. Separate models were
conducted for each of the 4 biomarkers and each of the three PM exposure averaging
times and three PM size fractions. Potential confounding variables were incorporated
into the models in two stages. First crude models (basic) adjusted for variables which
were matched in the individual nested case-control studies and included:
meteorological season, age (months), BMI (kg/m?) , smoking status (never, past,
current), pack-years smoked, physical activity (missing, <3, 3 to <18, >18 metabolic
equivalent hours/week), hypertensive status (yes or no self-response to physician
diagnosis), use of postmenopausal hormones (nonuser, current user, premenopausal,
unknown), census tract median household income, alcohol consumption (missing,
Og/day, >0.1 g/day), family history of myocardial infarction (MI) (yes or no), and diet
(measured by Alternate Healthy Eating Index (Chiuve et al. 2012)). Continuous terms
were used for PM (exposure), age, BMI, median household income, and pack-years
smoked. Binary (2 categories) or dummy variables (more than 2 categories) were
used for the other confounders and distance to road variables. Interaction terms were
included in initial PM models and distance to road models, but removed in final

models, as tests of effect modification were non-significant.

Model Assumptions

Logistic Regression and Splines

Our first two papers use conditional logistic regression models to test the hypotheses.

One of the main assumptions of logistic regression models is the linearity of
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independent variables and log odds. If the independent variables are not linearly
related to the log odds, the test may underestimate the strength of the relationship and
the relationship could be falsely rejected as non-significant. As a preliminary step to
these models, we verified the assumption of linearity in the PM and temperature
variables (the two continuous independent variables) by using likelihood ratio tests
between models with linear continuous variables as well as models using nonlinear
restricted cubic splines. No significant nonlinear relationships were found (p>0.05,

data not shown).

Multivariable Linear Regression
Multivariable linear regression has several assumptions that need consideration
during the modeling process. Variables must be normally distributed. The biomarker
measurements used in this study, and generally in most similar studies, were right-
skewed. To correct for non-normality, we log-transformed the biomarker
distributions. Improvements in normality of the distributions of biomarkers were

apparent (See Figure 1 for Example of CRP).
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Figure 1. Histograms, box-plots, and normal quantile plots of unlogged CRP (left) and log-transformed
CRP (right) distributions. The log-transformed distribution showed a higher degree of normality.

We next examined regression models for points of undue influence (outliers). We
chose to address this through the use of quantile regression. This technique plots the
regression coefficients by the chosen quantiles of the dependent variable (biomarker
measurements). If the parameter estimate were not unduly influenced by certain
biomarker values compared to others, we would expect the parameter estimates to be
equivalent for each quantile. In this examination, we found deviations in the
parameter estimates among high levels of biomarker values. Among the highest
quantiles of biomarker distributions (~95%), parameter estimates for PM were
depressed and had wide confidence intervals. This finding was used as justification to
trim the upper tail of the biomarker distributions. As an example, a comparison of

quantile regression plots before and after the outlier removal is presented as Figure 2.
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Figure 2. Quantile regression plot of parameter estimates for 12-month PMy, by logged IL-6 quantile
both before (left) and after (right) upper-tail outlier removal (less movement in the parameter estimate
indicates more appropriate model — note differences in scale)

Another assumption of multivariable linear regression is that independent variables
are not highly correlated with each other. We tested for multicollinearity using the
Variance Inflation Factor (VIF) statistic in SAS. Though we found high VIF values
among the smoking category variables and the pack-yrs smoked variable, no other
variable pairs showed VIFs of concern. None of the control variables showed high

VIFs with the exposure variable.
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Chapter 3: Case-crossover Analysis of Short-term Particulate
Matter Exposures and Stroke in the Health Professionals
Follow-up Study
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Abstract
Background: Stroke is a leading cause of morbidity and mortality in the United

States. Associations between short-term particulate matter (PM) air pollution
exposure and stroke are inconsistent. Many prior studies have used administrative and
hospitalization databases where outcome misclassification is frequent and
problematic.

Methods: In this case-crossover study, we used a nationwide kriging model to
examine short-term ambient exposure to PMy, and PM3 5 and risk of ischemic and
hemorrhagic stroke among participants of the Health Professionals Follow-up Study.
Conditional logistic regression models were used to obtain estimates of odds ratios
and 95% confidence intervals associated with an interquartile range increase in PMz 5
or PMyo. PM exposures from 0 to 3 lag days as well as a 4-day average of PM
exposure were examined.

Results: We found positive significant associations between PM, and ischemic
stroke events in the HPFS cohort (ORjago-3=1.27; 95% CI: 1.03-1.56 per 14.58pg/m®
increase), and associations were elevated for nonsmokers, aspirin nonusers, and those
having never had a diagnosis of high cholesterol. In contrast, we found no evidence of
a positive association between short-term exposure to PM and hemorrhagic stroke or
between PM; s and ischemic stroke in this cohort. Findings were relatively consistent
across lag periods.

Conclusions: Our study provides evidence that ischemic and hemorrhagic strokes are
heterogeneous outcomes and should be treated as such in analyses related to air
pollution. Our study also adds to previous results that show PM exposure may

increase the risk of ischemic stroke and adds the finding that those of previously
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unidentified cardiovascular risk may be at elevated risk for acute PM-related ischemic

stroke events.

Target Journals: 1) Environmental Health Perspectives 2) Environmental Health 3)

Science of the Total Environment

Keywords: Particulate matter, stroke, air pollution, case-crossover
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Introduction

Stroke is a leading cause of morbidity and mortality in the United States with 795,000
people experiencing a new or recurrent stroke every year (Benjamin et al. 2017). Of
these, approximately 130,000 result in death, making stroke the fifth leading cause of

death in the United States (Benjamin et al. 2017; CDC 2016b).

While a large and growing body of research has established the role of ambient
exposure to air pollution and cardiovascular mortality and morbidity (Brook et al.
2010), the evidence linking particulate matter (PM) air pollution exposures to the risk
of stroke remains equivocal (Ljungman and Mittleman 2014). In the epidemiologic
literature, there have been two approaches to examine this relationship: studies of
long-term PM exposure as a contributor to higher incidence of stroke and studies of
short-term PM exposure as an acute trigger of stroke (Ljungman and Mittleman 2014;
Maheswaran 2016). Prior studies of short-term PM exposure and stroke have
provided inconsistent results, with some (Dominici et al. 2006; Wellenius GA et al.
2012; Zanobetti and Schwartz 2009) but not all (Anderson et al. 2001; O’Donnell et

al. 2011) studies finding evidence of increased risk.

A major limitation of much of the prior research in this domain has been the reliance
on administrative and hospitalization databases where outcome misclassification is
frequent and problematic (Reker et al. 2002) and where ischemic and hemorrhagic
strokes are often combined as a single outcome, despite differing pathophysiological

pathways (Ljungman and Mittleman 2014). Additionally, exposure misclassification
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in analyses relying on administrative databases can bias the results towards the null
by up to 60%, as the timing of the event and the hospitalization are not always
congruent (Lokken et al. 2009). For these reasons, a recent review has urged for
additional studies using cohort or registry data with well-classified and medically-

reviewed outcome data (Wang et al. 2014).

In this case-crossover study, we used a nationwide kriging model to examine short-
term ambient exposure to PMj, and PM; s and risk of ischemic and hemorrhagic
stroke among participants of the Health Professionals Follow-up Study (HPFS)
cohort. Reported strokes were medically-reviewed to ensure accuracy and to obtain
the exact date of the stroke event. Effect modification by several clinically-relevant

variables was also examined.

Methods

Study population
The HPFS is an ongoing, prospective cohort study of 51,529 men who were 40-75
years of age at baseline in 1986 (HPFS 2011). Participants were dentists, pharmacists,
optometrists, osteopath physicians, podiatrists, or veterinarians at the time of
enrollment. Study participants receive mailed questionnaires with questions about
disease, medical history, and health-related risks and behaviors every two years.
Mailing addresses were primarily residential, but some occupational addresses were
included as mailing addresses for the cohort. Response rates to questionnaires are

generally greater than 90%. Our case-crossover study population included all
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participants who experienced a stroke between 1999 and 2010, the dates which PM
and temperature data were available. Cases were included if both an exact date of the
stroke event was known and the participant’s addresses on the questionnaire
immediately before the stroke event was in the conterminous US. The HPFS is
sponsored by the Harvard School of Public Health and is funded by the National
Cancer Institute and was approved by the Harvard School of Public Health IRB.

Outcome Assessment
Self-reported strokes were adjudicated by trained study physicians reviewing medical
records using a standardized approach. Strokes were confirmed when medical records
documented a neurologic deficit with sudden or rapid onset persisting for >24 hours
without evidence for other causes, unless death supervenes or there is a demonstrable
lesion compatible with acute stroke on brain imaging studies. Strokes were classified
as ischemic, hemorrhagic, or of undetermined type and the exact date of the stroke
event was noted. Death events were ascertained via communication with proxy
respondents and/or National Death Index searches.

Exposure Assessment
Previously, validated national-scale, log-normal ordinary kriging models for PM;s
and PM, have been attached to the addresses of all HPFS participants. These models
are explained in detail elsewhere (Liao et al. 2006). Briefly, all ambient PM data
recorded at monitors operating in the contiguous United States during the study
period, 1999-2010 were obtained from the U.S. Environmental Protection Agency Air
Quiality System (AQS) for PMy, and PM, 5. The authors used a semiautomated

program built on ArcView GIS (version 8.3) software and its Geostatistical Analyst
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extension (ESRI, Inc. Redlands, CA) to produce kriging-estimated daily mean
concentrations at each geocoded participant address. The program relied on a
spherical model to perform log-normal ordinary kriging at national-scale and the
weighted least-squares method to estimate semivariograms. From these models, PM; 5
and PMy, estimates were available for each day from January 1, 1999 to December
31, 2010.

Covariates
Temperature was considered as a potential confounder in this analysis, and daily
mean temperature values were attached to each HPFS participant’s geocoded address
from 1999 to 2010. Data on air temperature were obtained from the Modern Era
Retrospective-analysis for Research and Applications (MERRA) project (NASA
2017). MERRA data are available hourly on a grid across the continental US with an
approximately 55 km cell size. Hourly gridded data were assigned local time and date
based on the time zone of each grid point’s location and then averaged by day. The
daily averages were included in spatially-smoothed generalized additive models
(GAMs) which were then used for space-time prediction of daily temperature values

at any location in the conterminous United States.

Several variables which may modify the relationship between PM exposures and
stroke were assessed as potential effect modifiers. These variables included: age (<70,
>70 years old), body mass index (BMI) (< 25.0, < 30.0, or > 30.0 kg/m2), smoking
status (current, former, never), hypertensive status (‘yes’ or ‘no’ as to ever having

been diagnosed by health professional), hypercholesterolemia (‘yes’ or ‘no’ as to ever
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having been diagnosed by health professional), and current aspirin use (‘yes’ as 2+
tablets per week; ‘no’ otherwise). Responses were obtained from the most recent

HPFS questionnaire prior to the stroke event.

Statistical Analysis
A time-stratified case-crossover study design was used in this study to analyze the
association between exposure to ambient particulate matter and stroke events.
Proposed by Maclure, the case-crossover design has increasingly been used to
examine transient effects on the risk of acute events (Maclure 1991). With this
design, each case’s exposure just prior to the event is compared to exposure at other
referent periods. In this way, each case serves as his/her own control, and
confounding by invariant and slowly changing risk factors is controlled.
In order to prevent time-trend bias and to ensure unbiased conditional logistic
regression estimates, we used a time-stratified approach for referent period selection
(Janes et al. 2005). Month-long strata were used, and exposures during the case
period (day of or days previous to stroke event) were compared to exposures on the

same day of the week and in the same calendar month as the case period.

Using SAS 9.4 (SAS Institute Inc., Cary, NC), conditional logistic regression models
were used to obtain estimates of odds ratios (ORs) and 95% confidence intervals

(Cls) associated with an interquartile range increase in PM, s or PM1o. PM exposures
on the day of the stroke event (lag 0), as well as exposures from 1 to 3 days previous

to the stroke event (lag 1 to lag 3) were considered in separate models. Additionally, a
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4-day average of PM exposures (lag 0 to lag 3) was included to represent the total
exposure to PM in the 4-day period. Days with missing estimates for PM
concentrations were excluded from analysis.

Linear terms for mean daily temperature (°C) were included in each model as a
control variable. Effect modification of the relationship between PM and ischemic
stroke was examined by age, BMI, smoking status, hypercholesterolemia,
hypertensive status, and regular aspirin use through stratified conditional logistic
models. Significance testing between the stratified estimates was assessed using chi-
square tests of model heterogeneity. Sensitivity analyses included the examination of
effect by season, adjustment by temperature using restricted cubic splines, and the

extension of lag days to 6 days before the stroke event.

Results

A total of 724 stroke cases were medically-reviewed and had a complete record of the
date of event; 716 of these also had addresses in the conterminous US and were
geocoded. Of the 716 cases used in this study, 537 (75.0%) were ischemic strokes,
127 (17.7%) were hemorrhagic stokes, and 58 (8.1%) were of undetermined type.
Additionally, of the 716 stroke events, 162 were determined to be fatal and 553 were

non-fatal.

PM exposures on the day of the event as well as descriptive characteristics are
presented by total, ischemic, and hemorrhagic stroke cases in Table 1. Exposures to
PM and outdoor ambient temperature were lower on the day of the event for

hemorrhagic stroke than for ischemic stroke using two-sample independent t-tests
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(p<0.01). A higher proportion of cases with ischemic stroke were slightly younger,
had higher BMls, and were more likely to be current or former smokers, though none
of these differences between ischemic and hemorrhagic stroke cases were statistically
significant. Stroke events were more often fatal among hemorrhagic strokes (48.8%)
than among ischemic strokes (10.4%). Over half of the total stroke cases reported
having ever had hypertension (63.4%), having ever had high cholesterol (59.6%), or
were regularly taking aspirin at the last survey before the stroke (59.2%). Proportions
were similar between stroke subtypes for having ever reported having hypertension or
being a current regular aspirin user. However, a higher proportion of ischemic stroke
cases reported having ever had high cholesterol (61.6%) compared to reports from

hemorrhagic stroke cases (49.6%).

ORs and 95% Cls between short-term PM exposures and total stroke, stroke subtype,
and stroke outcome are presented in Table 2. On the day of the stroke event, the
association between PM, s and total stroke was OR=1.01 (95% CI: 0.90, 1.13), and
between PM;g and total stroke, the association was OR=1.08 (95% CI: 0.95, 1.23).
When all stroke events were considered, no significant associations were found
between the PM exposures and total stroke for each of the 4 lag days or the 4-day

cumulative lag period.

We found a significant positive association between PM, and ischemic stroke using

the 4-day cumulative lag exposure (ORago 3-1.27; 95% CI: 1.03-1.56), as well as

suggestive positive associations on the day of (ORag0=1.14; 95% CI: 0.99-1.31) and
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day prior (ORag1=1.14; 95% CI: 0.99-1.31) to the stroke event. Significant
associations were also found between PM1o and the subset of nonfatal strokes on the
day of stroke event (ORag0=1.16; 95% CI: 1.01-1.34) and the 4-day cumulative lag
period (ORago 3=1.27; 95% CI: 1.03-1.56). We found significantly negative results
for PM,s (OR=0.71; 95% CI: 0.51 — 0.99) and PM;o (OR=0.55; 95% CI: 0.37 — 0.82)
in the subset of hemorrhagic stroke cases for lag day 1. Likewise, associations for
fatal stroke in the same lag period were also negative, as over 50% of fatal outcomes
were from hemorrhagic stroke events. No significant positive associations with PM; 5
exposures were found by stroke subtype or stroke outcome. ORs for both PM, 5 and
PMjo were higher for ischemic strokes compared to hemorrhagic strokes and higher
among nonfatal strokes compared to fatal strokes. However, in tests of heterogeneity,
only associations for PM, exposures by stroke subtype reached statistical
significance in lag 1 models (ORjsc=1.14; 95% CI: 0.99-1.31 vs ORpem=0.55; 95% CI:
0.37 -0.82; p<0.01) and lag0_3 models (ORjs.=1.27; 95% CI: 1.03-1.56 vs

ORpem=0.68; 95% CI: 0.42 -1.10; p=0.02).

ORs and 95% Cls between short-term PM exposures and ischemic stroke by age,
BMI, and smoking status are presented in Table 3. No significant differences were
found by age strata or by BMI categorizations for either PM;o or PM, 5 exposures.
Associations between PM and ischemic stroke were higher among nonsmokers than
among former or never smokers. On lag day 0, the ORs for nonsmokers for both
PMjo (OR=1.23; 95% CI: 0.98-1.55) and PM,5 (OR=1.20; 95% CI: 0.96-1.51) were

elevated when compared to the ORs for former smokers (ORpm10=1.08; 95% CI:
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0.88-1.32; ORpm25=0.98; 95% CI: 0.81-1.18) or never smokers (ORpnm10=0.92; 95%
Cl: 0.52-1.65; ORpm25=0.69; 95% CI: 0.37-1.28). Though tests of heterogeneity did
not reach statistical significance, this finding was consistent for both PM fractions

and across all lag days, with the exception of PMy lag day 1.

ORs and 95% Cls between short-term PM exposures and stroke by self-reported
current or past hypertensive or hypercholesterolemia status and regular aspirin use are
presented in Table 4. No significant differences were found by hypertension strata for
either PMyy or PM, 5 exposures. Elevated ORs were found among those that reported
having never received a diagnosis of high cholesterol compared to those that had
received a diagnosis. Differences were significant in the lag0-3 models for both PMyg
(ORvyEs=1.10; 95% ClI: 0.84-1.43 vs. ORno=1.60; 95% CI: 1.15-2.23; p=0.03) and
PM,5 (ORves=0.89; 95% CI: 0.72-1.11 vs. ORno=1.22; 95% CI: 0.91-1.63; p =0.04)
models. Among those having reported no current regular aspirin usage, there was a
significantly positive association between PM;, exposure and risk of stroke 3 days
previous to the stroke event (OR=1.37; 95% CI: 1.06-1.76) and using the 4-day
cumulative exposure (OR=1.56; 95% CI: 1.12-2.17). No significant associations
between PM; s and stroke were found among aspirin users or nonusers. However, the
ORs for both PM3pand PM, s were higher for nonusers compared to users across all
lag periods, and these results reached statistical significance (p<0.05) in tests of
heterogeneity for both PM fractions in the lag 3 and lag0-3 models. In sensitivity

analyses, associations between PM;o or PM; s and total stroke did not significantly
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differ by season (Supplemental Table 1) or by the use of restricted cubic splines to

control for temperature (Supplemental Table 2).

Discussion

We found positive significant associations between PMy, and ischemic and nonfatal
stroke events. In contrast, we found no evidence of a positive association between
short-term exposure to PM and hemorrhagic stroke or between PM; s and ischemic
stroke in this cohort. Associations between PM and ischemic stroke were elevated for
nonsmokers, aspirin nonusers, and those having never had a diagnosis of high

cholesterol. Findings were relatively consistent across lag periods.

While many studies have examined total cerebrovascular hospital admissions or
mortality with PM, relatively few studies have examined the relationship between
short-term PM exposure and ischemic and hemorrhagic strokes, specifically
(Ljungman and Mittleman 2014; Wang et al. 2014). Our finding of a positive
association between short-term PMj exposure and ischemic stroke is consistent with
several studies (Tsai et al. 2003; Wellenius et al. 2005; Wordley et al. 1997).
Wellenius et al. examined a database of Medicare recipients in 9 U.S. cities. They
found a small, but significant, increase in ischemic stroke admissions with increased
city-wide PMyo concentrations on the day of admission (1.03% increase per
interquartile range increase [23.0pg/m®]; 95% CI: 0.04-2.04) (Wellenius et al. 2005).
As in our study, they did not find positive associations between PMj exposure and
hemorrhagic stroke (Wellenius et al. 2005). Another study by Tsai et al of stroke

admissions in Taiwan, found that on days of >20°C, an interquartile range increase
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(66.3pg/m>) in PMy, was associated with both ischemic (OR=1.46; 95% Cl: 1.32-
1.61) and hemorrhagic (OR=1.54; 95% CI: 1.31-1.81) stroke admissions (Tsai et al.
2003). The evidence between short-term exposure to PMyo and ischemic stroke is not
consistent, however. Other studies have found no evidence of a relationship
(Andersen et al. 2010; Chan et al. 2006; Henrotin et al. 2007; Mechtouff et al. 2012;

Villeneuve et al. 2006).

Similarly, the existing literature for an association between PM, s and stroke has been
mixed, with some studies (Delfino et al. 2009a; Dominici et al. 2006; Lisabeth et al.
2008; Wellenius GA et al. 2012) but not others (Lippmann et al. 2000; Mechtouff et
al. 2012; O’Donnell et al. 2011; Villeneuve et al. 2006) finding positive associations.
Of these studies, only a few used medically reviewed stroke cases. Wellenius et al.
(2012) performed medical review of 1,705 Boston area patient records to confirm
ischemic stroke events. They estimated the OR of ischemic stroke to be 1.11 (95%
Cl: 1.03-1.20) (P=0.006) per interquartile range increase in PMys levels (6.4 ug/m°)
(Wellenius GA et al. 2012). In a multicenter cohort study in Lyon, France, Mechtouff
et al. used a case-crossover design on 376 medically-reviewed stroke patients. The
found no association between ischemic stroke and PM, 5 (OR=0.97; 95% CI: 0.83-
1.12 per SD [10.4pg/m®] increase) (Mechtouff et al. 2012). Likewise, O’Donnell et al
used data from a stroke registry in Canada and found no association with PM, 5

among 9,202 ischemic stroke cases (O’Donnell et al. 2011).
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Our findings of significantly negative results between PM and hemorrhagic stroke on
the day prior to the stroke event were unexpected. Though a few prior studies have
also reported significant negative associations between PM and stroke (Jalaludin et al.
2006; Talbott et al. 2014), such findings have been limited to certain lag periods,
locations, seasons, or other subcategory of total stroke events. Our findings for
hemorrhagic stroke were not consistent across lag periods and the sample of cases
(n=121) was too small to effectively examine the relationship by other variables.

These results require more investigation.

As most existing studies examining the short-term associations between stroke and
particulate matter air pollution have been studies of administrative datasets, few have
been able to examine individual clinical variables as potential effect modifiers of the
relationship. Such findings are important as they may identify individuals who are
more vulnerable to the effects of air pollution mediated stroke. Of the covariates we
examined in this study, only age, which is available in many administrative datasets,
has been tested widely as a potential effect modifier. Similar to our study, most of
these studies found no substantial difference in the PM/stroke association by age
group (Anderson et al. 2001; Barnett et al. 2006; Delfino et al. 2009a; Larrieu et al.
2007; Linn et al. 2000). Though our results did not reach statistical significance in
tests of heterogeneity, we found consistently elevated ORs for both PM3y and PM3 5
among nonsmokers. Only a few studies have examined smoking status as a potential

effect modifier of the relationship between short-term PM exposure and stroke; each
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finding no differences by smoking status strata (O’Donnell et al. 2011; Oudin et al.

2010).

To our knowledge, our study is also the first to demonstrate effect modification by
current aspirin usage on the PM ischemic stroke relationship. Aspirin is an
antiplatelet medication often given to those at elevated cardiovascular risk and is
known to reduce the risk of ischemic stroke (Lei et al. 2016). In this study, we found
elevated ORs for aspirin nonusers compared to users across all lag periods and both
PM fractions, with several of those differences reaching statistical significance in
heterogeneity tests. While we are unaware of other studies of aspirin as an effect
modifier for PM and stroke, Villenauvue et al examined both current antiplatelet and
anticoagulant medication use (medications unnamed) in an analysis of short-term
NO, exposure and stroke (Villeneuve et al. 2012). They found no differences by
antiplatelet use or nonuse, but found a significant association between NO, exposure
and ischemic stroke when limited to anti-coagulant nonusers (Villeneuve et al. 2012).
As aspirin is more likely to be taken regularly among those with higher levels of
cardiovascular risk, our findings of potential effect modification by past diagnosis of
high cholesterol is consistent with these results. Among ischemic stroke cases in our
study, 69% and 72% of aspirin users reported having been diagnosed with high
cholesterol and hypertension, respectively. Whether these results are evidence of a
higher risk from PM-related stroke among those with little previously known
cardiovascular risk, or whether potential medication use may lower or eliminate PM-

related ischemic stroke risk is difficult to disentangle.
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Our findings of elevated associations between PM and ischemic stroke among several
subgroups not only helps to identify those potentially most vulnerable to PM-related
stroke, but the findings may also shed light on pathophysiologic mechanisms by
which exposure to PM may lead to stroke. Though the exact mechanisms are not yet
fully understood, commonly hypothesized pathways include increased systemic
inflammation and oxidative stress leading to procoagulant effects, autonomic
irregularities, vascular endothelial dysfunction, and thrombosis which could enhance
the likelihood of an ischemic event (Franchini and Mannucci 2007; Mills et al. 2007).
Our finding of reduced associations among smokers might be understood in this
context, as cigarette smoke influences and may saturate these same pathways
(Barnoya and Glantz 2005). The specific role of platelet activation as a key
mechanism of action has achieved recent attention with several studies showing an
association between increased PM exposure and markers of platelet activation (Rich
DQ et al. 2012; Wu et al. 2012). Of major interest to our study is a recent finding by
Bacarerra et al (2016) that some of the effects of increased ambient PM on platelet

function were mitigated when subjects were taking aspirin (Becerra et al. 2016).

A major strength of this study is the use of high quality outcome and covariate data
from HPFS. Many prior studies of short-term PM exposure and stroke risk are based
on administrative data, where frequent misclassification of stroke events can bias
effect estimates towards the null (Johnsen et al. 2002; Reker et al. 2002).

Additionally, studies relying on administrative data rarely have access to information
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on variables outside of age or gender that may modify the effect. Our study is one of
few to examine potential effect modification by clinically relevant variables. Another
major strength of this study is the use of a nationwide kriging model to estimate

exposure to ambient PM which may reduce exposure misclassification.

This study also has several limitations. First, although studies have shown ambient
concentrations of PM correlate relatively well with personal exposures (Avery et al.
2010), it should also be noted that an individual’s total exposure to PM represents the
sum of their exposure to particles both of outdoor origin as well as particles of indoor
origin. Thus, some exposure misclassification is unavoidable. Second, the timing of
the stroke event compared to the timing of hospitalization or death is not always
congruent. Though we examined potential effects over multiple lag periods, this
source of misclassification has been shown to bias effect estimates towards the null
(Lokken et al. 2009). Third, although these data came from a large cohort, low sample
sizes in this case-only study for hemorrhagic stroke, and for several categories of
effect modifiers were limiting. Finally, results of this study in the HPFS cohort may
not be generalizable to younger men, women, those of non-Caucasian descent, or to a

wide range of socioeconomic levels.

Conclusion
Our study provides more evidence that ischemic and hemorrhagic strokes are
heterogeneous outcomes and should be treated as such in analyses related to air

pollution. Our study also adds to previous results that show PM exposure may
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increase the risk of ischemic stroke and adds the finding that those of previously
unidentified cardiovascular risk may be at elevated risk for acute PM-related ischemic
stroke events. Whether this is by means of managed risk by medication use or another
mechanism requires more investigation. Findings from this study are in agreement
with the last comprehensive review and assessment by the Environmental Procetion
Agency that exposure to particulate matter is associated with stroke and other
cardiovascular outcomes (US EPA 2009). As US EPA re-evaluates regulations on the
criteria pollutants every five years under The Clean Air Act, results from these studies

may directly contribute to future policy actions.
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Tables

Table 1. Characteristics and event day exposures of participants with total, ischemic, and hemorrhagic

stroke from 1999 to 2010 in the Health Professionals Follow-up Study

Total Stroke
(n=716)

mean = SD or N

(%)

Ischemic Stroke

(n=537)

mean = SD or N

(%)

Hemorrhagic
Stroke
(n=121)

mean = SD or N
(%)

Stroke Outcome

Fatal 126 (17.6%) 56 (10.4%)

Non-fatal 590 (82.4%) 481 (89.6%)
Age (years) 76.1+8.4 75.1+8.3
BMI (kg/m?)

<25 275 (38.4 %) 189 (35.2 %)

>25to <30 340 (47.5 %) 268 (49.9 %)

>30 98 (13.7 %) 77 (14.3%)

Smoking status

59 (48.8%)"
62 (51.2%)
77380

54 (44.6 %)
52 (43.0 %)
15 (12.4 %)

51 (42.1%)"
45 (37.2%)
4 (3.3%)
21 (17.4%)
75 (62.0%)

Never 255(35.6%) 188 (35.0%)
Former 343(47.9%) 272 (50.7%)
Current 40 (5.6%) 32 (6.0%)
Missing 78 (10.9%) 45 (8.4%)
Ever Hypertension “Yes” ? 454 (63.4%) 345 (64.3%)
Ever High Cholesterol “Yes” ? 427 (59.6%) 331 (61.6%)
e Regular Aspirin Use 424 (59.2%) 321 (59.8%)
PM, 5 (ug/m®)° 129 +75 13.1+76
PMyo (ug/m®)° 26.3+12.3 26.8+12.7
Temperature (C)° 124 +104 12.9+10.3

60 (49.6%)"
71 (58.7%)

119+6.7

23.6+10.2

10.1+11.2"

& Self-report from biennial questionnaire : Have you had a physician tell you that you have high blood
pressure?”; “Have you had a physician tell you that you have high cholesterol?”; "Do you regularly

take aspirin?”, (“Yes” defined as 2+ tablets /week)
® Daily estimate on the day of the stroke event

“ Denotes significance (p<0.05) between ischemic and hemorrhagic strokes in two-sample t-tests or

Chi-square tests
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Table 2. Odds Ratios and 95% Confidence Intervals of the Association of Short-term Particulate Matter Exposure with Total Stroke, Stroke Subtype, and Stroke

Outcome in the Health Professionals Follow-up Study

N

Lag 0
OR (95% CI)*

Lag 1
OR (95% CI)*

Lag 2
OR (95% CI)*

Lag 3
OR (95% CI)*

Lag 0-3 (Avg)
OR (95% CI)*

Total Stroke
PM;5
PMyo

716

1.01 (0.90, 1.13)
1.08 (0.95, 1.23)

0.93 (0.83, 1.05)
1.05 (0.93, 1.19)

0.93 (0.83, 1.05)
1.06 (0.93, 1.20)

1.01 (0.90, 1.13)
1.10 (0.96, 1.25)

0.95 (0.81, 1.11)
1.15 (0.96, 1.38)

Ischemic Stroke
PM;5
PMyo

Hemorrhagic Stroke

PM: s
PMyo

537

121

1.02 (0.89, 1.16)
1.14 (0.99, 1.31)

0.88 (0.65, 1.20)
0.84 (0.60, 1.18)

0.98 (0.87, 1.12)
1.14 (0.99, 1.31)

0.71 (0.51, 0.99)
0.55 (0.37, 0.82)

0.95 (0.83, 1.09)
1.11 (0.96, 1.28)

1.01(0.77, 1.32)
0.85 (0.61, 1.19)

1.02 (0.90, 1.16)
1.11 (0.95, 1.29)

1.06 (0.81, 1.39)
1.09 (0.80, 1.48)

1.00 (0.84, 1.19)
1.27 (1.03, 1.56)

0.84 (0.55, 1.26)
0.68 (0.42, 1.10)

Nonfatal Stroke
PMy5

PMio

Fatal Stroke
PM;5

563

153

1.06 (0.93, 1.20)
1.16 (1.01, 1.34)

0.86 (0.66, 1.11)
0.80 (0.60, 1.07)

0.98 (0.86, 1.11)
1.12 (0.98, 1.29)

0.74 (0.56, 0.99)
0.80 (0.59, 1.07)

0.98 (0.86, 1.12)
1.11 (0.96, 1.28)

0.77 (0.59, 1.00)
0.89 (0.67, 1.19)

1.04 (0.92, 1.19)
1.10 (0.95, 1.28)

0.89 (0.69, 1.15)
1.07 (0.81, 1.43)

1.04 (0.87, 1.24)
1.27 (1.04, 1.56)

0.70 (0.49, 1.01)
0.79 (0.53, 1.19)

*ORs calculated from conditional logistic regression models and presented by change in PM IQR (PM,5i0r =8.73; PMigigr = 14.58). All ORs control for mean

daily temperature.



Table 3. Odds Ratios and 95% Confidence Intervals of the Association between Short-term Particulate Matter Exposure and Ischemic Stroke by Age, BMI, and
Smoking Status Categories in the Health Professionals Follow-up Study

N

Lag 0

OR (95% CI)?

Lag 1

OR (95% CI)®

Lag 2

OR (95% CI)®

Lag 3

OR (95% CI)?

Lag0-3 (Avg)
OR (95% CI)?

PM2s

Age <70
Age >70
p-value®
PMio

Age <70
Age >70
p-value”

250
287

250
287

0.98 (0.81, 1.20)
1.05 (0.87, 1.25)
0.65

1.18 (0.96, 1.47)
1.10 (0.91, 1.33)
0.62

0.96 (0.79, 1.16)
1.00 (0.85, 1.19)
0.51

1.15 (0.93, 1.41)
1.13(0.94, 1.38)
0.92

1.00 (0.81, 1.22)
0.92 (0.77, 1.10)
0.46

1.20 (0.97, 1.48)
1.04 (0.85, 1.27)
0.30

1.07 (0.89, 1.29)
0.98 (0.82, 1.18)
0.20

1.13 (0.92, 1.40)
1.08 (0.87, 1.34)
0.75

1.02 (0.78, 1.33)
0.98 (0.78, 1.24)
0.55

1.38(1.01, 1.88)
1.18 (0.90, 1.56)
0.14

PM_s

BMI < 25

BMI > 25 to <30
BMI > 30
p-value®

BMI < 25

BMI > 25 to < 30
BMI > 30
p-value”

189
268

77

189
268
77

1.01 (0.82, 1.26)
1.04 (0.85, 1.26)

0.92 (0.65, 1.31)
0.85

1.07 (0.85, 1.36)
1.21(0.99, 1.47)
0.96 (0.65, 1.43)

0.53

0.95 (0.78, 1.15)
1.05 (0.86, 1.29)

0.91 (0.67, 1.24)
0.67

1.02 (0.79, 1.31)
1.26 (1.03, 1.54)
1.04(0.75, 1.44)

0.35

0.89 (0.72, 1.10)
1.01(0.82, 1.24)

0.95 (0.69, 1.32)
0.70

1.07 (0.83, 1.38)
1.18 (0.97, 1.43)
0.96 (0.66, 1.40)

0.62

0.96 (0.77, 1.19)
1.02 (0.84, 1.23)

1.17 (0.84, 1.64)
0.60

1.05 (0.81, 1.36)
1.08 (0.87, 1.35)
1.35 (0.94, 1.95)

051

0.93 (0.70, 1.22)
1.05 (0.80, 1.38)

0.98 (0.64, 1.50)
0.81

1.14(0.79, 1.64)
1.38 (1.03, 1.84)
1.15 (0.69, 1.92)

0.68

PMy5

Never Smokers
Former Smokers
Current Smokers
p-value®

PMy

Never Smokers
Former Smokers
Current Smokers
p-value®

188
272
32

188
272
32

1.20 (0.96, 1.51)
0.98 (0.81, 1.18)
0.69 (0.37, 1.28)

0.15

1.23 (0.98, 1.55)
1.08 (0.88, 1.32)
0.92 (0.52, 1.65)

0.14

1.11(0.92, 1.34)
0.86 (0.71, 1.04)
0.87 (0.48, 1.61)

0.15

1.18 (0.92, 1.50)
0.95 (0.77, 1.17)
1.82 (1.04, 3.17)

0.55

1.08 (0.87, 1.35)
0.90 (0.74, 1.10)
0.80 (0.45, 1.43)

0.39

1.28 (0.98, 1.69)
1.06 (0.86, 1.31)
0.91 (0.49, 1.68)

0.07

1.14 (0.94, 1.40)
0.92 (0.76, 1.12)
0.90 (0.53, 1.53)

0.29

1.62 (1.13, 2.33)
1.12 (0.83, 1.50)
1.17 (0.52, 2.64)

0.43

1.23(0.94, 1.62)
0.86 (0.66, 1.12)
0.72 (0.34, 1.52)

0.12

1.23(0.98, 1.55)
1.08 (0.88, 1.32)
0.92 (0.52, 1.65)

0.28

*ORs calculated from conditional logistic regression models and presented by change in PM IQR (PM;si0r =8.73; PMigiqr = 14.58). All ORs control for mean

daily temperature. °p-value from Chi-sq tests of model heterogeneity



Table 4. Odds Ratios and 95% Confidence Intervals of the Association between Short-term Particulate Matter Exposure and Ischemic Stroke by Current or Past

Hypertensive and Hypercholesterolemia Status and Current Regular Aspirin Use Categories in the Health Professionals Follow-up Study

N

Lag 0
OR (95% CI)*

Lag 1
OR (95% CI)*

Lag 2
OR (95% CI)*

Lag 3
OR (95% CI)*

Lag0-3 (Avg)
OR (95% CI)*

Ever Hypertension”
PM;s

Yes

No

p-value®

PMyo

Yes

No

p-value®

345
192

345
192

0.96 (0.82, 1.13)
1.14 (0.90, 1.44)
0.25

1.08 (0.91, 1.29)
1.25 (0.98, 1.60)
0.35

0.95 (0.82, 1.11)
1.07 (0.84, 1.36)
0.57

1.05 (0.88, 1.25)
1.34 (1.05, 1.70)
0.10

0.92 (0.79, 1.09)
1.02 (0.80, 1.29)
0.42

1.10 (0.92, 1.32)
1.11(0.87, 1.41)
0.69

0.98 (0.83, 1.14)
1.14 (0.90, 1.45)
0.13

1.09 (0.90, 1.32)
1.13 (0.88, 1.45)
0.85

0.93 (0.76, 1.15)
1.17 (0.84, 1.63)
0.13

1.18 (0.92, 1.52)
1.46 (1.02, 2.09)
0.11

Ever High Cholesterol”
PMzs

Yes

No

p-value®

PMo

Yes

No

p-value®

331
206

331
206

0.94 (0.79, 1.10)
1.21(0.96, 1.53)
0.07

1.05 (0.88, 1.26)
1.27 (1.01, 1.59)
0.20

0.90 (0.77, 1.06)
1.18 (0.95, 1.46)
0.09

1.07 (0.88, 1.28)
1.25 (1.01, 1.55)
0.27

0.89 (0.75, 1.05)
1.09 (0.87, 1.36)
0.14

1.03 (0.86, 1.24)
1.26 (0.98, 1.61)
0.19

1.03 (0.87, 1.22)
1.00 (0.81, 1.23)
0.28

1.04 (0.86, 1.27)
1.21 (0.95, 1.53)
0.36

0.89 (0.72, 1.11)
1.22(0.91, 1.63)
0.04

1.10 (0.84, 1.43)
1.60 (1.15, 2.23)
0.03

Current Regular Aspirin Use®

PM_s
Yes

No
p-value®
PMo
Yes

No
p-value®

321
216

321
216

0.92 (0.78, 1.10)
1.15 (0.94, 1.42)
0.11

1.07 (0.89, 1.28)
1.24 (0.99, 1.56)
0.32

0.93 (0.79, 1.10)
1.06 (0.87, 1.29)
0.43

1.11(0.92, 1.33)
1.19 (0.96, 1.48)
0.60

0.88 (0.74, 1.06)
1.06 (0.87, 1.31)
0.16

1.05 (0.87, 1.28)
1.19 (0.95, 1.48)
0.39

0.92 (0.77, 1.10)
1.15 (0.96, 1.38)
0.04

0.98 (0.81, 1.19)
1.37 (1.06, 1.76)
0.04

0.86 (0.67, 1.09)
1.20 (0.92, 1.56)
0.02

1.11 (0.85, 1.45)
1.56 (1.12, 2.17)
0.04

*ORs calculated from conditional logistic regression models and presented by change in PM IQR (PM;5i0r =8.73; PMigigr = 14.58). All ORs control for mean
daily temperature ° Self-report from biennial questionnaire :(“Have you had a physician tell you that you have high blood pressure?”, “Have you had a physician
tell you that you have high cholesterol?”, ”Do you regularly take aspirin?” (“Yes” defined as 2+ tablets /week) ¢ p-value from chi-sq tests of model heterogeneity



Supplemental Table 1. Odds Ratios and 95% Confidence Intervals of the Association between Short-term Particulate Matter Exposure and Ischemic Stroke by
Season® in the Health Professionals Follow-up Study

Lag 0

OR (95% CI)°

Lag 1

OR (95% CI)"

Lag 2

OR (95% CI)°

Lag 3

OR (95% CI)°

Lag0-3 (Avg)
OR (95% CI)°

N

PM_s

Winter 213
Spring 184
Summer 144
Fall 175
p-value®

PMio

Winter 213
Spring 184
Summer 144
Fall 175
p-value®

1.02 (0.81, 1.28)
0.91 (0.64, 1.31)
1.07 (0.80, 1.43)
0.98 (0.76, 1.26)

0.91

1.13 (0.88, 1.46)
1.05 (0.81, 1.36)
0.97 (0.74, 1.28)
1.13 (0.88, 1.46)

0.841

1.00 (0.81, 1.24)
0.72 (0.50, 1.05)
1.08 (0.82, 1.43)
1.04 (0.81, 1.34)

0.35

1.11 (0.87, 1.41)
0.89 (0.68, 1.15)
1.01 (0.75, 1.37)
1.22 (0.96, 1.55)

0.350

0.94 (0.73, 1.20)
0.90 (0.64, 1.26)
0.85 (0.62, 1.16)
1.07 (0.84, 1.36)

0.69

1.06 (0.82, 1.36)
1.05 (0.81, 1.35)
0.88 (0.64, 1.20)
1.19 (0.93, 1.52)

0.519

0.96 (0.77, 1.18)
0.89 (0.62, 1.27)
1.15 (0.82, 1.61)
1.11(0.87, 1.41)

0.60

1.04 (0.79, 1.36)
1.26 (0.97, 1.64)
1.00 (0.73, 1.38)
1.10 (0.87, 1.40)

0.681

0.96 (0.71, 1.29)
0.75 (0.46, 1.22)
1.06 (0.70, 1.58)
1.10 (0.79, 1.52)

0.62

1.16 (0.80, 1.69)
1.11(0.77, 1.61)
0.93 (0.60, 1.44)
1.33(0.95, 1.86)

0.646

#Season defined by month of the year: Winter (Dec-Feb), Spring (Mar-May), Summer (Jun-Aug), Fall (Sep-Nov)

YORs calculated from conditional logistic regression models stratified by season and presented by change in PM IQR (PMzs10r =8.73; PMjgior = 14.58). All ORs

control for mean daily temperature

¢ p-value from chi-sq tests of model heterogeneity



Supplemental Table 2a. Odds Ratios and 95% Confidence Intervals of the Association between Short-term Exposure to PM2.5 and PM10 (Lag 0 to Lag 3) and

Stroke by Method of Adjustment for Temperature® in the Health Professionals Follow-up Study

N

Lag 0
OR (95% CI)°

Lag 1
OR (95% CI)°

Lag 2
OR (95% CI)°

Lag 3
OR (95% CI)"

Lag0_3 (Avg)
OR (95% CI)°

PM,5 716
Unadjusted

Adj by Linear Term

Adj by Spline

PMyg 716
Unadjusted

Adj by Linear Term

Adj by Spline

1.04 (0.93, 1.16)
1.01 (0.90, 1.13)
1.00 (0.88, 1.12)

1.11 (0.99, 1.24)
1.08 (0.95, 1.23)

1.07 (0.94, 1.22)

0.97 (0.87, 1.08)
0.93 (0.83, 1.05)
0.92 (0.82, 1.04)

1.09 (0.97, 1.22)
1.05 (0.93, 1.19)

1.05 (0.92, 1.19)

0.95 (0.85, 1.06)
0.93 (0.83, 1.05)
0.93 (0.82, 1.04)

1.07 (0.95, 1.21)
1.06 (0.93, 1.20)

1.06 (0.93, 1.21)

1.00 (0.90, 1.12)
1.01 (0.90, 1.13)
1.01 (0.90, 1.13)

1.08 (0.95, 1.22)
1.10 (0.96, 1.25)

1.10 (0.96, 1.26)

0.98 (0.84, 1.14)
0.95 (0.81, 1.11)
0.93 (0.79, 1.10)

1.17 (0.99, 1.38)
1.15 (0.96, 1.38)

1.15 (0.95, 1.39)

3Differing methods for adjustment by mean daily temperature included: unadjusted, adjustment using a linear term, and adjustment using restricted cubic splines

ORs calculated from conditional logistic regression models stratified by season and presented by change in PM IQR (PM;50r =8.73; PMygior = 14.58)

Supplemental Table 2b. Odds Ratios and 95% Confidence Intervals of the Association between Short-term Exposure to PM2.5 and PM10 (Lag 4 to Lag 6) and

Stroke by Method of Adjustment for Temperature® in the Health Professionals Follow-up Study

N

Lag 4
OR (95% CI)°

Lag5
OR (95% CI)°

Lag 6
OR (95% CI)°

PM,5 716
Unadjusted

Adj by Linear Term

Adj by Spline

PMyg 716
Unadjusted

Adj by Linear Term

Adj by Spline

0.97 (0.87, 1.09)
0.98 (0.88, 1.10)
0.99 (0.88, 1.11)

1.01 (0.90, 1.15)
1.04(0.91, 1.18)

1.04 (0.91, 1.19)

0.98 (0.88, 1.10)
1.00 (0.89, 1.12)
1.02 (0.91, 1.15)

0.99 (0.87, 1.12)
1.02 (0.89, 1.16)

1.05 (0.91, 1.21)

0.98 (0.88, 1.10)
0.99 (0.88, 1.12)
1.00 (0.88, 1.13)

0.96 (0.85, 1.09)
0.97 (0.85, 1.11)

0.98 (0.85, 1.12)

#Differing methods for adjustment by mean daily temperature included: unadjusted, adjustment using a linear term, and adjustment using restricted cubic splines

ORs calculated from conditional logistic regression models stratified by season and presented by change in PM IQR (PM;510r =8.73; PMygior = 14.58)
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Abstract:

Background: Stroke is the fifth leading cause of death and a major contributor to
long-term disability in the United States. Many prior studies between exposure to
short-term PM and stroke have examined risk by composite stroke outcomes.
Additional studies are needed that examine both ischemic and hemorrhagic stroke
separately, as the two stroke types potentially differ in the pathophysiology relevant

to air pollution exposure.

Methods: In this study, we performed a time-stratified case-crossover analysis to
examine the association between daily ambient PM, s and total cerebrovascular,
ischemic, and hemorrhagic stroke hospitalizations among adults in Maryland from
2003 to 2011. Conditional logistic regression models were used to obtain estimates of
odds ratios and 95% confidence intervals associated with an interquartile range

increase in PM;s from 0 to 3 lag days.

Results: Overall, the OR between PM, s and cerebrovascular hospitalization was
1.003 (95% CI: 0.996 — 1.011) per IQR increase of PM, s on the day of
hospitalization. In models stratified by stroke subtype, no association was found
between PM, s and either ischemic stroke hospitalizations (OR=1.007; 95% CI: 0.997

—1.017) or hemorrhagic stroke hospitalizations (OR=1.004; 95% CI: 0.977 — 1.031).

Discussion: We found no evidence of an association between PM; 5 exposure and

cerebrovascular hospitalizations or the subset of ischemic or hemorrhagic stroke
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hospitalizations in Maryland during the time period. Future studies should continue to

examine risk by stroke subtype and examine potential modifiers of effect.

Target Journals: 1) Environmental Health 2) Science of the Total Environment 3)

Environmental Research

Keywords: Particulate matter, stroke, air pollution, case-crossover
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Introduction

Stroke is the fifth leading cause of death and a major contributor to long-term
disability in the United States, with 795,000 people experiencing a new or recurrent
stroke every year (Benjamin et al. 2017; CDC 2016b). While associations between
short-term exposure to ambient air pollution and cardiovascular mortality and
morbidity have been established among a large and growing body of research (Brook
et al. 2010), the evidence linking particulate matter (PM) air pollution exposures to
the risk of stroke remains equivocal. Prior studies of short-term PM exposure and
stroke have provided inconsistent results, with some studies (Chan et al. 2006;
Delfino et al. 2009a; Dominici et al. 2006) but not others (Alessandrini et al. 2013;
Jalaludin et al. 2006; Lippmann et al. 2000; Lisabeth et al. 2008; Mechtouff et al.
2012; O’Donnell et al. 2011; Villeneuve et al. 2006) finding evidence of increased
risk. Additional studies are needed to clarify if ambient particulate matter exposure is

a modifiable risk factor for stroke.

Many prior studies of short-term pollutant-related stroke risk have examined risk by
composite stroke outcomes, such as the combination of all cerebrovascular
hospitalizations or deaths. However, both ischemic and hemorrhagic stroke are
known to differ in their etiologies, outcomes, and potentially in the pathophysiology
relevant to air pollution exposure (Ljungman and Mittleman 2014). For this reason, a
recent review has called for additional studies classifying cerebrovascular events by
stroke subtype (Wang et al. 2014). In addition, relatively few prior studies have been

able to examine if risk for PM-related stroke differs by population subgroups.
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Demographic characteristics such as age, gender, and race/ethnicity are well-
established risk factors for stroke and may modify the association between PM and
stroke via physiology, exposure patterns, activity patterns, or other mechanisms (Bell
et al. 2013; Benjamin et al. 2017). While a few studies have examined these
relationships (Franklin et al. 2006; Oudin et al. 2010; Villeneuve et al. 2006), others
are needed. Such findings are of particular interest as they may identify populations
most vulnerable to the effects of PM-related stroke, which may better inform

effective public health prevention strategies.

In this study, we performed a time-stratified case-crossover analysis to examine the
association between daily ambient fine particle concentrations (particles with
diameter <2.5 um, PM;5) and total cerebrovascular, ischemic, and hemorrhagic
stroke hospitalizations among adults in Maryland from 2003 to 2011. We also
investigated whether season and demographic characteristics (age, gender, and
race/ethnicity) modified the relationship between PM exposure and ischemic or

hemorrhagic stroke.

Methods

Hospital discharge data were obtained from the Maryland Department of Health and
Mental Hygiene (DHMH). Hospital discharge data were obtained from all 48 acute
care hospitals in Maryland. All acute care hospitalization records with a principal
discharge diagnosis of cerebrovascular disease (International Classification of
Diseases, Ninth Revision [ICD-9] code 430-438) with an admission date from

January 1, 2003 to December 31, 2011 were included. Stroke subtypes were assigned
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to patients based on ICD-9 code classifications (Kokotailo & Hill, 2005). ICD-9
codes 430 (subarachnoid hemorrhage), 431 (intracerebral hemorrhage), and 432
(other and unspecified intracranial hemorrhage) were classified as hemorrhagic
stroke. ICD-9 codes 433 (occlusion and stenosis of precerebral arteries), 434
(occlusion of cerebral arteries), and 436 (acute but ill-defined cerebrovascular
disease) were designated as ischemic stroke. ICD-9 codes 435 (TIA), 437 (other and
ill-defined cerebrovascular disease), and 438 (late effects of cerebrovascular disease)
were designated as other stroke types. Data elements for each record included county
of residence, age, gender, race/ethnicity, and admission date. Approval for the usage
of this information was obtained by institutional review boards at the University of

Maryland and the Maryland DHMH.

Data for fine particulate matter (PM,s) was sourced from the CDC Wide-ranging
Online Data for Epidemiologic Research (WONDER) online database (CDC 2016a).
The pollution data were created from a modified regional surfacing algorithm based
on prior work by Al-Hamdan et al. 2009 (Al-Hamdan et al. 2009). The algorithm uses
collected monitor data from the U.S. Environmental Protection Agency (EPA) Air
Quiality System and remotely sensed aerosol optical depth from the National
Aeronautics and Space Administration (NASA) Moderate Resolution Imaging
Spectroradiometer (MODIS) to generate continuous spatial grids of daily PM 5 for
the whole conterminous United States. County-level data were obtained by averaging

values from all 10-km grids that had a centroid located within the subject county.
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Daily maximum temperature values were obtained from the National Climatic Data
Center (NCDC 2017). County-specific maximum temperature values were calculated
for each calendar day from 2003 to 2011 by averaging all values from weather
stations within the county. If no station data were available for a particular day,
values from stations that were located within a 30 km radius of the county boundary

were used.

We used a time-stratified case-crossover design to assess the association between
PM, s and stroke hospitalizations. Proposed by Maclure, the case-crossover design has
increasingly been used to examine the effects of transient exposures on the risk of
acute events (Maclure 1991). With this design, each case’s exposure just prior to the
event is compared to exposure at other referent periods. In this way, each case serves
as his/her own control, and confounding by invariant and slowly changing risk factors
is controlled. In order to prevent time-trend bias and to ensure unbiased conditional
logistic regression estimates, we used a time-stratified approach for referent period
selection (Janes et al. 2005). Month-long strata were used, and exposures during the
case period (day of or days previous to stroke event) were compared to exposures on

the same day of the week and in the same calendar month as the case period.

Using SAS 9.4 (SAS Institute Inc., Cary, NC), conditional logistic regression models
were used to obtain estimates of odds ratios (ORs) and 95% confidence intervals
(Cls) associated with an interquartile range (IQR) increase in PM,s. PM exposures on
the day of the stroke event (lag 0), as well as exposures from 1 to 3 days previous to

the stroke event (lag 1 to lag 3) were considered in separate models. Restricted cubic
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splines were used to control for temperature, a potential confounder in this analysis.
Effect modification of the relationship between PM and ischemic and hemorrhagic
stroke was examined by season (warm: stroke occurring May-September, cold: stroke
in October-April), age categories (18-69, 70 and older), gender and race/ethnicity
(non-Hispanic black, non-Hispanic white) through stratified conditional logistic
models. A sensitivity analysis also considered possible effect modification by four
meteorological seasons defined as winter (December to February), spring (March to
May), summer (June to August), and fall (September to November). Significance
testing for effect modification was assessed using chi-square tests of model

heterogeneity between the stratified effect estimates.
Results

In total, there were records of 163,057 cerebrovascular hospitalizations in Maryland
from 2003 to 2011. Means and distributions of daily county-level PM; 5
concentrations and maximum daily temperatures on the day of hospitalization are
presented in Table 1. The mean on the day of hospitalization was 13.6pg/m?, and

90% of the total values of PM, s were between 5.2 and 26.6 pug/m®.

The numbers of total, ischemic, and hemorrhagic stroke hospitalizations are presented
by warm/cold season, age category, race/ethnicity, and gender in Table 2. Of the total
163,057 cerebrovascular hospitalizations, 95,865 (60.3%) were classified by primary
ICD-9 diagnosis as ischemic strokes, 17,038 (8.2%) were classified as hemorrhagic
strokes, and 50,154 (31.5%) were of other stroke subtypes. More hospitalizations

took place in the seven months classified as having colder weather (58.1%) than in
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the five months of warmer weather (41.9%). Relative percentages of the number of
hospitalizations by warm or cold season did not differ by ischemic or hemorrhagic

stroke subtype.

However, the number of hospitalizations and percentages among each age category
did differ by stroke subtype. More ischemic stroke hospitalizations occurred among
those 70 years or older (56.6%) compared to those ages 18 to 69 (43.5%). The
opposite was true for hemorrhagic stroke hospitalizations; more occurred among
those ages 18 to 69 (50.4%) than among those 70 years or older (49.7%). Reflective
of total population distribution of Maryland, the majority of hospitalizations were
among Non-Hispanic Whites (61.6%) compared to Non-Hispanic Blacks (30.7%),
Hispanics (1.2%), or other or unknown race ethnicities (6.5%). Additionally, more
females than males were hospitalized with both ischemic stroke (53.1% female to

46.9% male) and hemorrhagic stroke (53.9% female to 46.1% male).

ORs and 95% Cls for exposures to PM, s and total stroke and by stroke subtype in
Maryland are presented in Table 3. Overall, the OR between PM, s and
cerebrovascular hospitalization was 1.003 (95% CI: 0.996 — 1.011) per IQR increase
of PMy 5 on the day of hospitalization. In models stratified by stroke subtype, no
association was found between PM, s and either ischemic stroke hospitalizations
(OR=1.007; 95% CI: 0.997 — 1.017) or hemorrhagic stroke hospitalizations
(OR=1.004; 95% CI: 0.977 — 1.031). Similarly, no association was found among the

other stroke subtypes and PM, s exposure (OR=0.997; 95% CI: 0.984 — 1.011). Null
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findings were consistent across all lag days for associations between PM, s exposure

and hospitalizations by stroke subtype.

Associations between PM, 5 exposures and ischemic and hemorrhagic stroke
hospitalizations stratified by warm and cold season are presented in Table 4. For
ischemic stroke hospitalizations, the ORs for an IQR increase in PM, s were 1.006
(95% CI: 0.992 — 1.020) during the cold season and 1.008 (95% CI: 0.994 — 1.023)
during the warm season. For hemorrhagic stroke hospitalizations, the lag 0 ORs were
1.002 (95% CI: 0.966 — 1.040) during the cold season and 1.015 (95% CI: 0.975 -
1.058) during the warm season. No significant associations were found for other lag
periods. Additionally, in tests of effect modification between stratified estimates, no
significant associations were found between cold and warm season ORs for ischemic

or hemorrhagic stroke (p>0.05).

Associations between PM; 5 exposures and ischemic and hemorrhagic stroke
hospitalizations stratified by age category, gender and race/ethnicity are presented in
Table 5. No significant associations were found by any category for either ischemic
or hemorrhagic stroke. For hemorrhagic stroke, lag day 0 ORs were slightly elevated
for females (OR=1.021; 95% CI: 0.985 — 1.059) and those 70 years or older
(OR=1.026; 95% CI: 0.987 — 1.067) compared to ORs for males (OR=0.984; 95% CI:
0.946 — 1.023) and those 18 to 69 (OR=0.984; 95% CI: 0.949 — 1.021). However,
these differences were not significant in tests of heterogeneity. In the sensitivity

analysis of associations between PM, s and ischemic and hemorrhagic stroke by
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meteorological season, no differences were found between stratified estimates in tests

of heterogeneity (Supplemental Table 1).

Discussion

We found no evidence of an association between PM, s exposure and cerebrovascular
hospitalizations or the subset of ischemic or hemorrhagic stroke hospitalizations in
Maryland from 2003 to 2011. Results remained null in stratified analyses by stroke
subtype, season, age category, race/ethnicity, and gender. Results were consistent
across lag periods, and no significant differences were found between stratified

estimates in tests of heterogeneity.

Our findings of no relationship between short-term exposure to PM, s and stroke
hospitalizations are consistent with several previous studies (Alessandrini et al. 2013;
Jalaludin et al. 2006; Lippmann et al. 2000; Lisabeth et al. 2008; Mechtouff et al.
2012; O’Donnell et al. 2011; Villeneuve et al. 2006). Similar to our study, the
majority of these have used administrative databases to classify stroke or
cerebrovascular hospitalizations and have used either a case-crossover or time-series
design for analysis. However, a few studies have found positive significant results
between total cerebrovascular hospitalizations and PM;s. The largest of these studies
was Dominici et al., which evaluated the relationship among 11.5 million Medicare
beneficiaries 65 years or older in 204 U.S. urban counties. They found a 0.8%
increase (95% CI 0.3 — 1.3) in risk for cerebrovascular hospitalizations per 10ug/m3

increase in PM; s (Dominici et al. 2006) Similarly, in a study of 10,330
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cerebrovascular hospitalizations in California, Delfino et al. found a risk ratio of
1.019 (95% CI: 1.004 — 1.035) per 10pg/m?in 2-day moving average of PMys

(Delfino et al. 2009a)

Several studies have used registries, validated medical records, or specific ICD-9
codes to examine the risk for ischemic and hemorrhagic stroke hospitalizations (Chan
et al. 2006; Lisabeth et al. 2008; O’Donnell et al. 2011; Villeneuve et al. 2006;
Wellenius GA et al. 2012). Studies examining ischemic and hemorrhagic stroke
separately are needed as air pollution may affect underlying pathophysiological
pathways differently (Ljungman and Mittleman 2014). Additionally, studies using
validated stroke data may better avoid several biases related to the misclassification
of the timing and coding of the stroke event (Lokken et al. 2009; Wang et al. 2014).
In one study of 1,705 validated ischemic stroke patients in Boston, Wellenius et al.
found a positive and significant relationship with short-term exposure to PM 5
(OR=1.11; 95% CI: 1.03 — 1.20 per IQR increase [6.4pg/m°]) (Wellenius GA et al.
2012). However, two other studies using medically-reviewed cases found no
significant relationship (Lisabeth et al. 2008; O’Donnell et al. 2011). Similar to our
study, both Chan et al. and Villeneuve et al. separated ischemic strokes by ICD codes.
Each study found no significant relationship between ischemic stroke and PM, 5

(Chan et al. 2006; Villeneuve et al. 2006).

There are only a few previous studies which have examined short-term associations
between PM, s and hemorrhagic stroke, and all classified hemorrhagic stroke

hospitalizations based on ICD codes (Chan et al. 2006; Villeneuve et al. 2006;
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Yorifuji et al. 2011). Similar to our study, two studies reported null findings (Chan et
al. 2006; Villeneuve et al. 2006). In the first, a study of 690 hemorrhagic stroke
hospitalizations in Taiwan, Chan et al. found no relationship between PM, sand
hemorrhagic stroke hospitalizations (OR|.0=0.870; 95% CI: 0.740 — 1.01 per IQR
increase [19.73pug/m%]) (Chan et al. 2006). Findings were consistently null across all
lag periods. In the second, Villeneuve found null results for hemorrhagic stroke
(ORag0=0.99; 95% CI: 0.90 — 1.08 per PM, 5 IQR [6.3ng/m®]) in their study of 2,329
stroke hospitalizations in Edmonton Canada (Villeneuve et al. 2006). However, a
third study of 4,983 subarachnoid hemorrhage and 11,829 intracerebral hemorrhage
fatal stroke events found significantly positive effects between subarachnoid
hemorrhage and short-term exposure to PM, s (Yorifuji et al. 2011). On the day before
hospitalization, a 10pg/m® increase in PM, s increased the risk of subarachnoid

hemorrhage by 4.1% (95% CI: 1.1 — 7.2%) (Yorifuji et al. 2011).

Though we did not find differences in effects by season, the relationship between
short-term PM exposure and stroke may differ by time of the year, depending on
location (Jalaludin et al. 2006; Talbott et al. 2014; Tsai et al. 2003). In a study of over
one million cerebrovascular hospitalizations in seven U.S. states, Talbott et al. found
no consistent evidence of association between PM; s and stroke hospitalizations when
examined across the entire year (Talbott et al. 2014). However, there was evidence of
seasonal differences, and those differences varied by location. For example,
associations were significantly positive in Massachusetts during the cooler months
(ORago=1.045; 95% CI: 1.025 — 1.066) compared to warmer months (ORag0=0.885;

95% CI: 0.863 — 0.906). However, in Florida, ORs were higher and significantly
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positive in the warmer months (ORjag0=1.036; 95% CI: 1.021 — 1.052) and negative in
the cooler months (OR)550=0.935; 95% CI: 0.920 — 0.950) (Talbott et al. 2014).
Additional studies suggest that region may influence whether season modifies the
effect between PM, s and stroke. While a study in Sydney, Australia found reduced
associations in warmer periods (Jalaludin et al. 2006), a study in Taiwan found
elevated associations for ischemic stroke hospitalizations in days above 20 °C (Tsai et
al. 2003). Not all studies have shown seasonal differences in the effect of PM,s,
Similar to our study, Villeneuve et al. found no differences by season for associations
with PM;s by ischemic or hemorrhagic stroke (Villeneuve et al. 2006). Whether
differences by season in certain locations are due to the relationship with temperature,
seasonal differences in PM composition, activity patterns that affect exposure, or

another mechanism is not clear (Jalaludin et al. 2006; Talbott et al. 2014).

We found no differences in effect estimates for ischemic or hemorrhagic stroke by
age category, gender, or race/ethnicity in this population. Studies examining effect
modification are rather limited, but there are a few to which we can compare our
results. Neither Delfino et al. nor Wellenius et al. found differences by age category
in the association between stroke and PM s exposure (Delfino et al. 2009a; Wellenius
GA et al. 2012). However, Franklin (2006) found a significantly higher risk of stroke
mortality among those 75 or older compared to those younger than 75 years old
(p<0.05) (Franklin et al. 2006). Our findings of no differences by gender are similar
to those of Villeneuve and Oudin, but few others have examined this relationship
(Oudin et al. 2010; Villeneuve et al. 2006). Likewise, we know of no other studies

that have directly tested for effect modification by race/ethnicity in the relationship
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between short-term exposure to PM, s and ischemic and hemorrhagic stroke
hospitalizations, specifically. However, in a study of PM;, and cerebrovascular
mortality in 20 U.S. cities, Zeka et al. examined effect modification by race. They
found no significant differences in effect estimates between blacks and whites (Zeka
et al. 2006b). While there is limited evidence that the risk of stroke may be modified
by these demographic characteristics, studies examining vulnerable population
subgroups are important to better inform public health policy and develop effective

prevention strategies.

This study has several notable strengths. The large number of cases in this study
allowed for sufficient examination of risk within population subgroups, even for
hemorrhagic stroke events, where previous analyses have often been under-powered.
Another advantage of this study is the control of all time-invariant confounders
through the case-crossover study design. Not only are descriptive characteristics like
gender and age matched and controlled for, other factors such as obesity and
hypertension are also controlled due to the relatively short windows between case and
control periods. Additionally, we have selected a time-stratified design that controls

for potential confounding by day of the week and seasonality.

There are several limitations to this study. Similar to most other studies of ambient air
pollution and stroke, we were not able to assess individual-level exposures to PM. An
individual’s total exposure to PM represents the sum of their exposure to particles
both of outdoor and indoor origin. Though studies have shown ambient

concentrations of PM correlate relatively well with personal exposures (Avery et al.
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2010), some exposure misclassification is unavoidable. Additionally, the use of
county-level pollution estimates may bias estimates to the null in comparison to
estimates at individual locations (Zeger et al. 2000). However, the use of modeled
data from EPA for daily exposure estimates may represent an improvement over other
studies reliant on a nearest monitor approach. As monitor locations are most often
clustered around major cities, the use of modeled data allows for the inclusion of

additional participants in rural areas.

There are also several limitations regarding the use of hospitalizations for this study.
Several studies have identified that coding of stroke cases and subtypes by ICD-9
codes is not always reliable, as they depend both on the expertise of the clerical staff
and the accuracy of the medical records (Kokotailo and Hill 2005; Reker et al. 2002).
We were not able to separate first stroke hospitalizations from recurrent
hospitalizations in this study. This would be problematic if a patient had multiple
stroke events in a short time period, as reference or control periods at times before
and after the event would no longer be appropriate. Another limitation of
hospitalization data is the potential misclassification in exposure that occurs due to
the time differential between stroke onset and hospitalization. This form of
misclassification has been shown to bias effect estimates towards the null (Lokken et

al. 2009).

Conclusion

We found no evidence of an association between PM, s exposure and cerebrovascular

hospitalizations or the subset of ischemic or hemorrhagic stroke hospitalizations in
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Maryland during the time period (2003 to 2011). Future studies should continue to
examine risk by stroke subtype and examine potential modifiers of effect. Examining
potential effect modifiers was of major interest, as identifying those most vulnerable
to the effects of ambient particulate exposures may inform future public health
prevention policies. As the US EPA re-evaluates regulations on particulate matter
every five years, findings from this and similar studies may influence and contribute

to future risk and policy assessment documents.
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Tables

Table 1. Means and distributions of PM, s and maximum daily temperature values on the day of cerebrovascular hospitalization in Maryland 2003-2011.

Quantile
Mean 1 5 10 25 50 75 90 95 99
PM,s (ng/m®) 13.6 35 5.2 6.2 8.8 12.3 16.9 22.7 26.6 34.9
Max Daily Temp (°C) 18.4 -3.3 1.1 3.9 10.0 19.4 27.2 30.9 324 35.0
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Table 2. Distributions of cerebrovascular hospitalizations by season, demographic subgroups, and stroke subtype

Total Cerebrovascular Ischemic Stroke Hemorrhagic Stroke
Hospitalizations (n=95,865) (n=17,038)
(n=163,057)
N (%) N (%) N (%)

Season
Cold (Oct-Apr)
Warm (May-Sep)

94726 (58.1%)
68331 (41.9%)

55676 (58.1%)
40189 (41.9%)

10263 (60.2%)
6775 (39.8%)

Age Category
18-69 75296 (46.2 %) 41658 (43.5 %) 8578 (50.4 %)
70+ 87761 (53.8 %) 54207 (56.6 %) 8460 (49.7 %)
Race/Ethnicity
NH Black 50054 (30.7%) 28087 (29.3%) 5608 (32.9%)
NH White 100478 (61.6%) 60366 (63.0%) 9612 (56.4%)
Hispanic 1979 (1.2%) 1061 (1.1%) 308 (1.8%)
Other or Unknown 10546 (6.5%) 6351 (6.6%) 1510 (8.9%)
Gender
Male 73019 (44.8%) 44976 (46.9%) 8306 (48.8%)
Female 90038 (55.2%) 50889 (53.1%) 8732 (51.3%)

Hospitalizations classified by stroke subtype according to ICD-9 code: total cerebrovascular (430-438), ischemic stroke (433, 434, 436), hemorrhagic stroke

(430-432).
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Table 3: Odds ratios and 95% confidence intervals (Cls) for exposures to PM, s and total stroke and by stroke subtype in Maryland, 2003-2011.

Hospitalization Type

Lag 0

Lag 1l

Lag 2

Lag 3

All Cerebrovascular

Ischemic Stroke

Hemorrhagic Stroke

‘Other’ Stroke Subtype

1.003 (0.996, 1.011)

1.007 (0.997, 1.017)
1.004 (0.977, 1.031)
0.997 (0.984, 1.011)

0.998 (0.991, 1.006)

1.002 (0.992, 1.012)
0.981 (0.955, 1.008)
0.996 (0.983, 1.010)

0.995 (0.987, 1.003)

0.992 (0.982, 1.002)
0.985 (0.959, 1.012)
1.005 (0.991, 1.019)

0.996 (0.989, 1.004)

0.992 (0.983, 1.002)
0.978 (0.952, 1.005)
1.014 (1.000, 1.028)

ORs calculated from conditional logistic regression models and presented by change in PM, 5 IQR (8.14ug/m?). All models control for maximum daily

temperature.
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Table 4: Odds ratios and 95% confidence intervals (Cls) for exposures to PM, 5 and ischemic or hemorrhagic stroke stratified by season in Maryland, 2003-2011.

Characteristic Lag 0 Lag 1 Lag 2 Lag 3
Ischemic Stroke
Cold (Oct-Apr) 1.006 (0.992, 1.020) 1.005 (0.991, 1.020) 0.990 (0.976, 1.004) 0.991 (0.977, 1.005)

Warm (May-Sep) 1.008 (0.994, 1.023) 1.001 (0.986, 1.015) 0.997 (0.983, 1.012) 0.998 (0.984, 1.013)
Hemorrhagic Stroke

Cold (Oct-Apr) 1.002 (0.966, 1.040) 1.000 (0.963, 1.038) 0.994 (0.957, 1.031) 0.987 (0.951, 1.025)

Warm (May-Sep) 1.015 (0.975, 1.058) 0.963 (0.924, 1.004) 0.985 (0.945, 1.026) 0.966 (0.927, 1.007)

ORs calculated from conditional logistic regression models and presented by change in PM, 5 IQR (8.14ug/m?). All models control for maximum daily
temperature.
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Table 5: Odds ratios and 95% confidence intervals (Cls) for exposures to PM, s and ischemic or hemorrhagic stroke stratified by demographic subgroup in
Maryland, 2003-2011.

Characteristic

Lag 0

Lag 1

Lag 2

Lag 3

Ischemic Stroke

Age 18-69
Age 70+
Male
Female
NH-Black
NH-White
Hemorrhagic Stroke
Age 18-69
Age 70+
Male
Female
NH-Black
NH-White

1.009 (0.994, 1.024)
1.005 (0.992, 1.018)
1.013 (0.999, 1.028)
1.001 (0.988, 1.014)
1.012 (0.994, 1.030)
1.005 (0.993, 1.018)

0.984 (0.949, 1.021)
1.026 (0.987, 1.067)
0.984 (0.946, 1.023)
1.021 (0.985, 1.059)
1.007 (0.962, 1.054)
0.999 (0.964, 1.035)

0.999 (0.984, 1.014)
1.005 (0.992, 1.018)
1.001 (0.987, 1.016)
1.003 (0.990, 1.017)
1.011 (0.993, 1.029)
0.996 (0.983, 1.008)

0.964 (0.929, 1.001)
1.001 (0.962, 1.042)
0.962 (0.924, 1.002)
0.997 (0.961, 1.035)
0.999 (0.954, 1.046)
0.980 (0.946, 1.017)

0.984 (0.970, 0.999)
0.998 (0.985, 1.011)
0.994 (0.979, 1.008)
0.991 (0.978, 1.005)
0.991 (0.973, 1.010)
0.992 (0.979, 1.004)

0.991 (0.955, 1.028)
0.979 (0.941, 1.019)
0.979 (0.941, 1.019)
0.991 (0.955, 1.028)
1.002 (0.957, 1.049)
0.990 (0.955, 1.027)

0.996 (0.981, 1.011)
0.990 (0.977, 1.003)
0.992 (0.978, 1.006)
0.993 (0.980, 1.006)
0.992 (0.974, 1.010)
0.992 (0.980, 1.004)

0.979 (0.944, 1.016)
0.977 (0.939, 1.016)
0.997 (0.958, 1.037)
0.962 (0.927, 0.998)
1.005 (0.961, 1.052)
0.973 (0.938, 1.009)

ORs calculated from conditional logistic regression models and presented by change in PM, 5 IQR (8.14ug/m?). All models control for maximum daily

temperature.
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Supplemental Table 1: Odds ratios and 95% confidence intervals (Cls) for exposures to PM, s and ischemic or hemorrhagic stroke stratified by meteorological
season in Maryland, 2003-2011.

Characteristic

Lag 0

Lag 1

Lag 2

Lag 3

Ischemic Stroke

Winter
Spring
Summer

Fall

Hemorrhagic Stroke

Winter
Spring
Summer

Fall

1.004 (0.984, 1.025)
1.009 (0.986, 1.032)
1.002 (0.985, 1.019)
1.017 (0.996, 1.039)

0.977 (0.925, 1.031)
1.041 (0.978, 1.107)
0.991 (0.944, 1.040)
1.021 (0.963, 1.082)

1.014 (0.994, 1.035)
1.005 (0.982, 1.029)
0.993 (0.976, 1.010)
1.002 (0.980, 1.024)

0.960 (0.909, 1.015)
0.996 (0.936, 1.060)
0.954 (0.907, 1.003)
1.026 (0.967, 1.088)

1.000 (0.980, 1.021)
0.985 (0.962, 1.008)
0.994 (0.977, 1.012)
0.985 (0.964, 1.007)

0.971 (0.919, 1.026)
1.013 (0.952, 1.078)
0.975 (0.928, 1.025)
1.022 (0.963, 1.084)

1.008 (0.987, 1.029)
0.998 (0.975, 1.022)
0.993 (0.976, 1.011)
0.975 (0.955, 0.996)

0.985 (0.932, 1.041)
1.032 (0.970, 1.097)
0.941 (0.896, 0.989)
0.980 (0.924, 1.039)

ORs calculated from conditional logistic regression models and presented by change in PM, 5 IQR (8.14ug/m?). All models control for maximum daily

temperature.

Seasons defined by month of the year: Winter (Dec-Feb), Spring (Mar-May), Summer (Jun-Aug), Fall (Sep-Nov)
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Chapter 5. Associations of Particulate Matter Exposures and
Inflammatory Biomarkers in the Nurses’ Health Study

97



Title Page

Associations of Particulate Matter Exposures and Inflammatory Biomarkers in
the Nurses’ Health Study

Jared A. Fisher*?, Robin C. Puett*?, Jaime E. Hart®>*, Jeff D. Yanosky® Olivia Carter-

Pokras', Xin He™ Amir Sapkota?, Francine Laden®*°

'Department of Epidemiology and Biostatistics, University of Maryland School of
Public Health, College Park, MD, USA

“Maryland Institute for Applied Environmental Health, University of Maryland
School of Public Health, College Park, MD, USA

¥ Channing Division of Network Medicine, Department of Medicine, Brigham and
Women's Hospital and Harvard Medical School, Boston, MA, USA

*Department of Environmental Health, Harvard T.H. Chan School of Public Health,
Boston, MA, USA

*Department of Public Health Sciences, Pennsylvania State University College of
Medicine, Hershey, PA, USA

®Department of Epidemiology, Harvard T.H. Chan School of Public Health, Boston,
MA, USA

Address correspondence to Jared Fisher, University of Maryland School of Public
Health

255 Valley Drive, Room 1222, College Park, MD 20742 USA. E-mail:
jafisher@umd.edu

98



Abstract

Background: Though a wide body of evidence suggests a link between
cardiovascular outcomes and exposure to particulate matter (PM) air pollution,
biological mechanisms for this association have not yet been fully explained. A clear
understanding of these mechanisms is central to the development of better clinical

treatment and prevention strategies.

Methods: Using controls from a series of nested case-control studies in the Nurses’
Health Study (NHS) cohort, we examined associations between chronic exposure to
PM, s, PMyg, and PM, 519 assessed through spatiotemporal exposure models and four
systemic and cardiovascular inflammatory markers: C-reactive protein (CRP),
fibrinogen, intercellular adhesion molecule type-1 (ICAM-1), and interleukin-6 (IL-
6). We also examined whether residential proximity to major roads was associated
with inflammatory marker concentrations, and whether smoking acted as an effect
modifier in these relationships.

Results: After adjusting for potential confounding variables, concentrations were
elevated for both CRP (13.1%; 95% CI: 2.6 - 24.6) and IL-6 (8.4%; 95% CI: 1.7 -
15.6) among participants who lived close to a major roadway, but no significant
results were found among models of 1-, 3-, or 12-month PM exposures. Smoking

status did not act as an effect modifier in these associations.

Discussion: Though the fractions of particulate air pollution exposures we examined

were not associated with the markers of inflammation chosen for this analysis, this
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study provides additional evidence that proximity to traffic may influence
cardiovascular-related inflammation. Future studies should continue to examine
associations between systemic inflammation and exposures to particulate matter and

other traffic-related air pollutants.

Target Journals: 1) Environmental Health Perspectives 2) Environmental Research

Keywords: Particulate matter, inflammatory biomarkers, CRP, IL-6, ICAM-1,

fibrinogen, air pollution
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Introduction

Though a wide body of evidence suggests a link between cardiovascular outcomes
and exposure to particulate matter (PM) air pollution (Brook et al. 2010), biological
mechanisms for this association have not yet been fully explained. A clear
understanding of these mechanisms is central to the development of better clinical
treatment and prevention strategies. Many mechanisms and pathways have been
proposed including: oxidative stress, changes in autonomic function, and pulmonary
inflammation leading to thrombosis and atherosclerosis (Utell et al. 2002). Though
exact mechanisms remain unclear, many hypothesize an important role of
inflammatory processes. Following inhalation, toxic substances present in PM (e.g.,
black carbon, metals) can cross epithelium of the airway and induce the production of
proinflammatory cytokines and reactive oxygen species or alter the blood coagulation
cascade (O’Toole et al. 2009; Uzoigwe et al. 2013). Such changes may lead to
hypertensive responses, changes in autonomic cardiac control, atherosclerosis, as well
as clot formation and movement; all of which may influence future ischemic and
cardiovascular risk (Libby 2012; Loperena and Harrison 2017; Virdis et al. 2014).
Establishing epidemiologic associations between air pollutants and blood-borne
markers of inflammation can provide needed evidence to these potential mechanistic
pathways and should be considered a research priority. Though there have been
experimental and panel studies suggesting that short-term particulate matter
exposures can induce inflammatory effects, fewer studies have been conducted on the
role of sustained long-term exposures (Chen et al. 2015; Delfino et al. 2009b; Devlin

et al. 2014; Dubowsky et al. 2006; Rickerl et al. 2006). Though a few recent studies
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have been able to examine such associations (Hajat et al. 2015; Hampel et al. 2015;
Hoffmann et al. 2009; Lanki et al. 2015), more studies with well-characterized

information on potential confounding variables are needed.

The objective of this study was to determine the association between chronic
exposure to particulate matter and systemic and cardiovascular inflammatory
markers, including C-reactive protein (CRP), fibrinogen, intercellular adhesion
molecule type-1 (ICAM-1), and interleukin-6 (IL-6) among controls from a series of
nested case-control studies in the Nurses’ Health Study (NHS) cohort. We used
previously validated spatiotemporal exposure models of residential ambient PM to
examine the effects of various exposure averaging times of PM, s (PM with diameter
<2.5 um), PMjo (PM <10um in diameter) and PM>5.10 (PM between 2.5 and 10 um in
diameter). We also examined whether residential proximity to major roads was
associated with inflammatory marker concentrations, and whether smoking acted as

an effect modifier in these relationships.

Methods

Study Population
The Nurses’ Health Study cohort was initiated in 1976 and included female registered
nurses 30 to 55 years old, who were residing in eleven states at the time of
recruitment (NHS 2016). The ongoing prospective cohort consists of 121,700

participants that have been followed with biennial questionnaires for updates on
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diseases, health status, and health-related conditions. The response rates are > 90%

for each follow-up cycle.

Between 1989 and 1990, 32,826 participants (ages 43 to 70) who were free of
diagnosed diabetes, coronary heart disease, stroke, or cancer provided blood samples
using a mailed phlebotomy kit. Though blood samples were collected from many
participants, serum assays were only conducted as part of individual nested case-
control studies. Serum assays from healthy controls of four nested case-control
studies (diabetes [N=760], myocardial infarction [N=486], breast cancer [N=1238],
and macular degeneration [N=462]) were used for this study. Each of these studies
tested for one or more of the four biomarkers of interest. Duplicate records (n=33) for
controls that were in more than one nested case-control study were removed.
Preference was given to the case-control study in which more assays were available.
The study was approved by the Internal Review Board of Brigham and Women’s

Hospital.

Blood collection and biomarker measurement

Blood samples were transported from participants on ice overnight to the laboratory
along with a completed questionnaire (included time of blood draw). The samples
were then centrifuged, divided into aliquots and stored in the liquid nitrogen freezers.
Ninety-seven percent of samples arrived within 26 h of phlebotomy (Hu et al. 2004).
The concentrations of CRP and fibrinogen were measured with an

immunoturbidimetric assay using reagents and calibrators from Denka Seiken
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(Niigata, Japan). IL-6 and ICAM-1 were measured by ELISA assay (R & D Systems,
Minneapolis, MN) that employs the quantitative sandwich enzyme immune assay
technique. Studies on the sample collection in this population show overall within
subject reliability of measures over time and limited effects of transport conditions

(Hankinson et al. 1989; Pai et al. 2002).

Exposure Assessment
As part of the questionnaire mailing process, residential address information for NHS
participants is updated every 2 years. Addresses were geocoded to obtain the
corresponding latitude and longitude. Participants with missing an address or residing
outside of the conterminous US were excluded from analysis (n=8). For women with
a street segment—level geocode, distance to the nearest road (meters) was determined
using geographic information system (GIS) software (ArcGIS, version 9.3; ESRI,
Redlands, CA) and the ESRI Streetmap Pro2007 data set. Nearest distance was
calculated as the shortest distance between the residential geocode and the following
road classes as defined by the U.S. Census Bureau: Al (primary roads, typically
interstate highways, with limited access, division between the opposing directions of
traffic, and defined exits), A2 (primary major, non-interstate highways and major
roads without access restrictions), A3 (smaller, secondary roads, usually with more
than two lanes) (U.S. Census Bureau 2001). Nearest distance was divided into three

categories (0-49m, 50-199m, and > 200 m) for analysis.

Ambient GIS-based spatiotemporal exposure model predictions of PMs,

PMyo, and PM; .10 were assigned to each geocoded location for all months starting in
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January 1988 for NHS participants living in the continental United States. Details of
the models are covered in Yanosky et al, 2014 (Yanosky et al. 2014). Briefly,
monthly mean PM, s and PM, values were calculated from several monitoring
networks — primarily the U.S. EPA’s Air Quality System (AQS) network, but also the
Interagency Monitoring of Protected Visual Environments (IMPROVE), Southern
Aerosol Research and Characterization Study (SEARCH), and others. Separate PM
prediction surfaces for each month and each PM size fraction were created by using
generalized additive mixed models with terms for time and monthly penalized spline
smooth terms for a number of geospatial and meteorological covariates. Considered
covariates included: distance to nearest road for U.S. Census road classes A1-A4,
smoothed county-level population density, urban land use within 1 km, elevation,
point-source emissions density within 7.5 km, smoothed monthly average wind
speed, temperature, total precipitation, air stagnation and tract-level population
density (for PMyo). By subtraction of the monthly PM;o and PM, 5 estimates,
information was also obtained on PM;5_10. Cross-validation results demonstrated that
the models had high predictive accuracy (cross-validation R? values of 0.59 and 0.76

for PMyg and pre-1999 PM, s, respectively).

Covariates
Biannual follow-up questionnaires for the NHS cohort provide information on many
risk factors and health-related behaviors. Potential confounding variables chosen for
this analysis included variables matched by the individual nested case-control studies

as well as other variables chosen a priori based on previous literature (Hajat et al.

105



2015; Ostro et al. 2014). Potential confounders matched by the nested case-control
studies included: season (blood draw in Dec-Feb as winter, Mar-May as spring, Jun-
Aug as summer, Sep-Nov as Fall) age (months), smoking status (never, past, current,
missing), and use of postmenopausal hormones (nonuser, current user,
premenopausal, unknown). Additional potential confounders included: BMI (kg/m?) ,
pack-years smoked, physical activity (missing, <3, 3 to <18, >18 metabolic
equivalent hours/week), hypertensive status (yes or no self-response to physician
diagnosis), residential census tract median household income (based on 1990 census;
(U.S. Census Bureau 1990)), alcohol consumption (missing, Og/day, >0.1 g/day), MI
family history (yes or no), and diet (measured by Alternate Healthy Eating Index

(Chiuve et al. 2012)).

Statistical Analysis
To reduce excessive skewness of the distributions and to meet assumptions of the
regression analyses, biomarker data were log-transformed and excessive outliers were
excluded (CRP>10mg/l, fibrinogen>516 mg/dl, IL-6>7pg/ml, ICAM-1>424ng/ml).
Geometric means were used to present the distributions of biomarkers by PM
quartile. Multivariable linear regression models were used to test the hypothesis that
PM exposures are associated with inflammatory biomarkers. Potential confounding
variables were incorporated into the models in two stages. First crude models (basic)
adjusted for variables which were matched in the individual nested case-control
studies and included: age, season, menopausal status and use of post-menopausal

hormones, smoking status, and fixed variables for the nested case-control study from
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which the biomarker assay was obtained. Next, other established confounders and
potential confounders were added to fully adjusted models; these include: BMI,
median household income, pack-yrs smoked, alcohol use, physical activity,
hypertensive status, MI family history, and diet. To examine the sensitivity of varying
exposure averaging times, model sets were repeated for 1-, 3-, and 12-month
exposures. Results from linear regression analysis of the PM fraction models are
presented per interquartile range (IQR) in PM and as percent difference for each
biomarker along with the corresponding 95% confidence interval. The presentation of
linear regression effect estimates as percent difference was done to ease interpretation
and provide consistency across multiple biomarkers. Since the biomarker values have
been log-transformed, percent difference was calculated by exponentiating both sides
of the linear regression equation, so that the exponentiated regression coefficient
represents the relative change of the biomarker on the unlogged scale per IQR
increase in PM. Basic and fully adjusted distance to road models included two
exposure terms corresponding to nearest distance to an A1-A3 roadway (1-49m, and
50-199m). Thus, results from distance to road models are presented as percent
difference in the biomarker concentration in comparison to concentrations among
those living greater than 200m from an A1-A3 road. In order to test for effect
modification by smoking, interaction terms were included in separate regression

models.
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Results

There were a total of 2946 participants with one or more assayed biomarker and
complete exposure information used for this study. Descriptive characteristics of the
total study population are presented in Table 1. During the period of blood collection,
the average age of participants was 59 years, and ranged from 43 to 70 years of age.
Most women were never (45.5%) or former smokers (40.0%). Also, most participants
reported at least occasional alcohol use (78.6%, 0.1+ g/d) and modest levels of
physical activity (78.6%, >3 MET hr/week). Roughly a third of study participants
reported having a family history of Ml (37.0%) or having had received a physician

diagnosis of high blood pressure (30.2%).

Arithmetic means and standard deviations of the exposure variables and biomarker
measurements are presented in Table 2. The 12-month means from the spatiotemporal
models for PM exposures were 16.4, 27.9, and 11.5ug/m? for PMs5, PMyg, and PM,s.
10, respectively. Means were relatively consistent across exposure averaging times,
but standard deviations and interquartile ranges were larger for the 1- and 3-month
averaging times. Approximately 45% of participants resided within 200m away from
an Al to A3 roadway, with 17.2% residing within 50 meters. The number of assays
for each of the four biomarkers of interest varied as each nested case-control study
assayed different biomarkers. In total, there were 2923 measurements for CRP, 1695

for ICAM-1, 1643 for IL-6, and 944 for fibrinogen.
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Geometric means of each blood biomarker are presented by 12-month PM quartile
and by distance to road category in Table 3. Means for fibrinogen and IL-6 did not
vary consistently across PM quartiles. Mean concentrations of ICAM-1 decreased
monotonically across PM; s quartiles, though a finding of trend was not significant
(p=0.058). Means for CRP were higher among the highest quartile of both PM3, and
PM, 5 .10, but in tests of trend only the elevated findings within higher PM25 .10
quartiles reached statistical significance (p-trend=0.021). CRP concentrations were
also elevated among those living closer to an A1-A3 road (1.79mg/L within 50 meters
compared to 1.56mg/L further than 200m; p-trend=0.022). Mean concentrations of
fibrinogen and IL-6 were also lowest among those living more than 200m from a

roadway, though trend tests were not statistically significant.

Multivariable linear regression results showing percent differences in biomarker
concentration by interquartile increase in PM exposure are presented in Table 4. After
adjusting for confounders, no statistically significant results were found by any of the
three PM fractions or any of the three exposure averaging times. Percent differences
per IQR in PM were generally lower for PM, s and higher for PM 5.1 for each of the
assayed biomarkers. For the fully adjusted12-month models, results for CRP ranged
from a -2.3% change (95% CI: -7.0 to 2.6%) per 7.85ug/m3 increase in PM,5t0 a
2.1% change (95% Cl: -1.6 to 5.8%) per 5.51pg/m® increase in PMas.10. Also in fully
adjusted models, results for IL-6 and ICAM-1 were consistently negative for all PM
fractions and again were lower for PM, s models in comparison to PM,5-10 models.

For example, IL-6 models ranged from a -2.7% change (95% ClI: -5.7 to 0.4%) per
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7.26ug/m3 increase in 1-month PM,sto a -0.2% change (95% ClI: -3.0 to 2.7%) per
5.51ug/m3 increase in 12-month PM;5-10. Likewise, for ICAM-1 estimates ranged
from a -0.6% change (95% CI: -1.8 to 0.6%) per 7.26ug/m3 increase in 1-month
PM,sto a 0.0% change (95% CI: -1.1 to 1.1%) per 5.89ug/m3 increase in 3-month
PM, 5.10. EStimates were positive, though not significant, for fibrinogen and increasing
PM levels [range: 0.2% change (95% CI: -1.6 to 2.1%) per 7.85 12-month PM s to

0.9% change (95% CI: -0.6 to 2.3%) per 5.51 12-month PM,-10].

In contrast to the PM models, we found significant associations for CRP and IL-6 in
distance to road models (Table 5). Those living within 50m of a major roadway had
13.1% (95% CI: 2.6 to 24.6%) higher CRP concentrations compared to those living
further than 200 meters from a roadway in fully adjusted models. In IL-6 distance to
road models, higher concentrations were found among those living 50-199 meters
from a major roadway compared to those living further than 200m (8.4% higher; 95%
Cl: 1.7 to 15.6%). Forest plots of both PM and distance to road models are presented
by biomarker in Figures 1-4. In models including interaction terms by smoking status,

no significant effect modification was found (p>0.05, data not shown).

Discussion

In this study, we found significant increases in CRP and IL-6 concentrations among
participants who lived close to a major roadway, but not among models using

estimates of ambient PM exposures from spatiotemporal statistical models. Findings
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for fibrinogen and ICAM-1 were null for all exposure estimates. Though confidence
intervals overlapped, estimates were higher among PM; 5.1 models compared to
PM, s models. We noticed no differences by the tested exposure averaging times (1, 3,

or 12 months) and found no evidence of effect modification by smoking status.

This study is one of few to examine the relationship between medium- and long-term
exposures to PM and inflammatory markers in a cohort with well-characterized
information on potential confounders. Hajat et al. (2015) examined 6,814 participants
aged 45 to 84 in the Multi-Ethnic Study of Atherosclerosis (MESA) between 2002
and 2012 (Hajat et al. 2015). The authors examined several day-long exposures and a
cumulative one year exposure to PM, s nitrogen oxides (NOy), nitrogen dioxide (NOy)
and black carbon. In year-long PM, s models, the authors found no differences by
ICAM-1, fibrinogen or CRP, similar to our study, but found a significant increase in
models of IL-6. After controlling for confounders, a 5pg/m? increase in yearly PM, s
exposures was associated with 6% higher 1L-6 concentrations (95% CI = 2%, 9%).
They also noticed this change was higher among smokers compared to nonsmokers, a
difference not evident in our study. In addition to models using PM, 5 estimates, the
authors also examined biomarker differences by levels of NOy, NO,, and black
carbon, all markers of traffic-related pollution (TRAP). Unlike our proximity to road
findings for CRP and IL-6, they found no differences by the TRAP pollutants for

CRP, IL-6, fibrinogen or ICAM-1(Hajat et al. 2015).
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In another study of 4814 participants 45-75 years of age, from three large German
cities, Hoffman et al examined changes in CRP and fibrinogen in response to annual
PM, s exposures and by distance to road categories (Hoffmann et al. 2009). Per IQR
increase in PM,5 (3.91 pg/m®), significant increases were seen for men but not
women with both high-sensitivity CRP (hs-CRP) (men: 23.9% increase; 95% CI: 4.1
to 47.4; women: 1.0% decrease; 95% CI: -16.5 to 17.3) and fibrinogen (men: 3.9%
increase; 95% CI: 0.3 to 7.7; Women: 1.5% increase; 95% CI: -1.9 to 5.1). Our results
in the NHS cohort, a cohort of women with a similar age distribution, were similarly
null for PM models. In contrast to our study, Hoffman et al. did not find differences in
hs-CRP concentrations among men or women participants living within 50 or within

200m of a roadway.

In another European study and one of the largest studies to date, Lanki et al. used
land-use regression models and proximity/intensity of traffic exposures to examine
associations with 21,558 hs-CRP measurements and 17,428 fibrinogen measurements
as part of the multi-cohort European Study of Cohorts for Air Pollution Effects
(ESCAPE) project. As in our study, the authors examined associations by both fine
and coarse PM fractions. In adjusted models, they found no significant associations
with CRP or fibrinogen with PM, 5 PM;o or PM,5.10. However, cohort participants
living on a busy (> 10,000 vehicles/day) road had elevated CRP values (10.2%; 95%
Cl: 2.4, 18.8%, compared with persons living on a residential street with < 1,000
vehicles/day). Though that study used a measure of traffic intensity at the nearest

roadway, the magnitude of their finding is similar to ours (13.1% increase in CRP)

112



among those living near a major roadway. Another study of the ESCAPE multi-
cohort examined associations among the same participants between CRP
concentrations and land-use regression models by PM constituents. They found an
increased and significant association between the PM 5 copper fraction and CRP
(6.3%; 95% CI: 0.7 to 12.3%). Results from this study are important as they highlight
that certain PM constituents, in this case, a primarily traffic-derived constituent, may

be the primary drivers of PM-related inflammatory changes.

C-reactive protein is a protein produced by the liver and is considered one of the best
measures of the acute phase response to an infectious disease, tissue damage, or
inflammation (Gabay and Kushner 1999; Pope 2001). CRP has been shown in
multiple epidemiologic studies to predict incident myocardial infarction, stroke, and
sudden cardiac death (Ridker 2003), and it may also have a direct role in the
development of atherosclerosis (Libby 2002). Though CRP has been shown to
increase after short-term exposures in both epidemiological and experimental studies
(Chen et al. 2015; Chuang et al. 2007; Delfino et al. 2009b; Devlin et al. 2014;
Dubowsky et al. 2006; Strak et al. 2013). the few studies examining medium and
long-term ambient PM exposures have been inconsistent (Hajat et al. 2015; Hoffmann
et al. 2009; Ostro et al. 2014; Zeka et al. 2006a). Similarly, previous studies of
associations between proximity to traffic and CRP have also been mixed. Our results
of increased concentrations among those living close to a major roadway match
closely with Lanke (2015) and Rioux (2010) but not with Hoffman et al. (Hoffmann

et al. 2009; Lanki et al. 2015; Rioux et al. 2010).
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In addition to the study by Hajat et al, two other studies have shown associations
between IL-6 and NO,, (a TRAP pollutant)(Chuang et al. 2011; Panasevich et al.
2009). Similar to our study, Jiang et al. also found elevated concentrations among
participants living within 50 meters of a major road (Jiang et al. 2016). IL-6, a pro-
inflammatory cytokine secreted by T cells and macrophages at the site of injury, has
been shown in toxicological studies to be released in macrophages exposed to PMs,
(Becker et al. 2005). Persistent inflammation in the lung may then invoke a general
systemic inflammatory response as pro-inflammatory cytokines diffuse into systemic

circulation (Tamagawa et al. 2008).

Both fibrinogen and ICAM-1 are glycoproteins important in their roles on the blood
coagulation cascade and binding and migration of immune-associated molecules,
respectively. Previous literature on a whole has also been consistent in their
associations with cardiovascular risk factors (Blann et al. 1997; Chae et al. 2001,
Rohde et al. 1999) and associations with cardiovascular diseases (Danesh et al. 1998;
Davalos and Akassoglou 2012; Haim et al. 2002; Lind et al. 2001; Ridker et al.

1998). Though we found no evidence of in this study, others have found associations
with elevated PM levels and fibrinogen (Chen et al. 2015; Chuang et al. 2007;

Hildebrandt et al. 2009; Schwartz 2001) or ICAM-1(O’Neill et al. 2007).

Our findings of higher effect estimates among coarse PM models compared to fine

PM models deserves further investigation. Though confidence intervals overlapped,
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this finding was consistent in all but one fully adjusted model (1-month fibrinogen).
In contrast to fine PM, the coarse size fraction is usually dominated by non-exhaust
sources, such as road surface abrasions and brake and tire wear (Ketzel et al. 2007).
In addition, dispersion distances vary between coarse and fine particles, as coarse
particles remain suspended for shorter time periods and travel shorter distances from
roadways. Thus, the relatively higher associations among the coarse fraction models
may help to further interpret our findings of increased and significant relationships
with roadway proximity for CRP and IL-6. Further investigation is needed to
determine if the positive association with proximity to major roadway seen in our
study is influenced by PM exposures of certain size fractions, specific constituents, or
other gaseous pollutants associated with traffic. It is also possible that other factors
may be responsible for increased cardiovascular effects or inflammation associated
with proximity to roadways or traffic. Road noise, for example, has also been linked
to adverse health outcomes, and the separation of effects from air pollution is difficult

to separate (Fecht et al. 2016).

There are several notable strengths of this study. Few previous studies have looked at
associations between PM exposures and biomarkers of inflammation in large cohorts
with well-characterized information on potential confounders. Reliable information
on potential confounding variables is critical in such studies as certain inflammatory
biomarkers of interest can be associated with cardiovascular risk factors outside of
clinical disease. Our use of robust and validated spatiotemporal statistical models may

capture more spatial variability in exposure estimates than the use of estimates from
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nearest or central monitoring locations. Additionally, the use of a nationwide cohort
and exposure models extends the geographic scope of included subjects beyond

studies limited to small regions or individual cities.

This study also has several limitations. Short-term PM (in terms of days) can also be
an important predictor of inflammatory changes in addition to the medium- or long-
term exposures examined in our study. With that said, two recent studies examined
both short and long-term exposures simultaneously and found that long-term
associations were not greatly impacted by the inclusion of short-terms exposures in
the same models (Hajat et al. 2015; Hoffmann et al. 2009). Another study by Zeka et
al. found that 1-month PM exposures were more strongly associated with CRP and
fibrinogen than 2-day or 1-week exposures (Zeka et al. 2006a). Further investigation
is needed to determine the extent to which short and long-term exposures conflate to
influence cardiovascular risk and whether they act on different pathophysiologic
mechanisms involving inflammation. Another limitation for this study was our
inability to account for non-residential exposures or time-activity patterns that might
influence total PM exposure. Though this is an important source of exposure
misclassification, studies have shown overall that ambient concentrations of PM
correlate relatively well with personal exposures (Avery et al. 2010). Generalizability
of this cohort is also limited by the selection of healthy controls selected by the
individual nested case-control studies as well as the limited ranges of age,

race/ethnicity, and socioeconomic status of participants in the NHS.
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Conclusion

The fractions of particulate air pollution exposures we examined were not associated
with the markers of inflammation chosen for this analysis. However, after adjusting
for potential confounding variables, concentrations of both CRP and IL-6 were
elevated among participants living close to a major roadway compared to those living
further away, providing some evidence that proximity to traffic may influence
inflammatory markers of cardiovascular risk. Future studies should continue to
examine associations between systemic inflammation and exposures to particulate
matter and other traffic-related air pollutants. Studies examining mechanistic
pathways are a crucial piece to establishing causal pathways between exposure and
subsequent health outcomes. Such work provides a crucial ‘how’ to the studies of
association between exposure and disease. The EPA incorporates such work in their
integrated science assessment (ISA) documents that provide a comprehensive review,
synthesis and evaluation of the most policy-relevant science. These documents

directly inform future policy and air quality regulations.
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Tables

Table 1. Descriptive characteristics of 2946 NHS participants with one or more assayed biomarker

measurement
Characteristics mean (SD) or %
Age [years] 59.0 (7.7)
Census tract median household income ($) 65,448 (26,388)
BMI [kg/m?] 25.6 (5.2)
Pack-years of smoking? 24.3 (20.4)
Smoking status (%)
Current 14.1
Past 40.0
Never 45.5
Missing 0.4
Alcohol category (%)
Non-drinker (0 g/day) 18.8
0.1+ g/d 78.6
Missing 2.6
Physical activity (%)
<3 MET hr/week 20.6
3to < 18 MET hr/week 46.7
18+ MET hr/week 31.9
Missing 0.8
Postmenopausal hormone use (%)
Never or Past Use 48.4
Current use 35.3
Premenopausal 155
Unknown 0.8
MI Family History (%) 37.0
High Blood Pressure (%) 30.2

®Among current and former smokers only
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Table 2. Arithmetic means and standard deviations or categorical distributions of exposure variables
and biomarker concentrations

Exposure or Biomarker N Mean (SD)? or %
PM; s (Hg/m’)

1-Month 2946 16.6 (5.9)
3-Month 2946 16.5(5.1)
12-Month 2946 16.4 (3.8)
PM;p (Hg/m’)

1-Month 2946 27.3(9.9)
3-Month 2946 27.5(9.3)
12-Month 2946 27.9 (7.5)
PMj5 .10 (Hg/m®)

1-Month 2946 10.7 (6.2)
3-Month 2946 11.0(6.1)
12-Month 2946 11.5(5.7)
Distance to Road (meters)”

>200m 1622 55.0%
50-199m 818 27.7%
0-49m 506 17.2%
CRP (mg/L) 2923 3.1(4.6)
IL-6 (mg/dl) 1643 2.3(2.8)
Fibrinogen (pg/ml) 944 364.8 (88.3)
ICAM-1 (ng/ml) 1695 278.8 (90.4)

#Arithmetic means and standard deviations

® Included A1-A3 Categories as defined by U.S. Census Bureau, 2001. Al (primary roads, typically
interstate highways, with limited access, division between the opposing directions of traffic, and
defined exits); A2 (primary major, non-interstate highways and major roads without access
restrictions); A3 (smaller, secondary roads, usually with more than two lanes)
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Table 3. Geometric means of inflammatory biomarkers and tests of trend by 12-month PM quartile or
distance to road category

PM Quartile CRP Fibrinogen IL-6 ICAM-1
Or Distance Category (mg/L) (mg/dl) (pg/ml) (ng/ml)
PM,5s (Hg/m®)*
4.78 - 13.86 1.74 349.69 1.60 273.56
13.86 - 16.42 1.42 362.35 1.58 268.20
16.42 -19.11 1.58 357.90 1.68 267.88
19.11-30.76 1.71 346.82 1.61 263.47
p-trend” 0.803 0.605 0.647 0.058
PMuo (Hg/m’)*
10.64 — 23.06 1.53 356.67 171 266.90
23.06 — 26.54 1.56 352.67 1.53 275.73
26.54 -30.91 1.55 354.43 1.61 266.08
30.91-78.70 1.76 351.97 1.61 264.08
p-trendb 0.154 0.630 0.451 0.263
PM5.10 (HG/M®)*
2.72-7.84 1.56 350.87 1.63 266.28
7.84-9.97 1.51 365.18 1.65 271.11
9.97-13.35 1.61 355.69 1.63 266.50
13.35-47.94 1.78 344.52 1.55 268.87
p-trend® 0.021 0.266 0.313 0.844
Distance to Road®
>200 m 1.56 350.44 1.55 268.09
50-199 m 1.61 355.72 1.73 267.91
0-49 m 1.79 361.51 1.69 266.80
p-trend” 0.022 0.158 0.096 0.795

% PM exposures are 12-month annual average before blood draw

® p-value for test of trend

¢ Included A1-A3 Categories as defined by U.S. Census Bureau, 2001. A1 (primary roads, typically
interstate highways, with limited access, division between the opposing directions of traffic, and
defined exits); A2 (primary major, non-interstate highways and major roads without access
restrictions); A3 (smaller, secondary roads, usually with more than two lanes)
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Table 4. Percent differences and 95% confidence intervals of markers of inflammation per interquartile increase in PM exposure

CRP

IL-6

Fibrinogen

ICAM-1

Basic-Adj*

Full-Adj”

Basic-Adj?

Full-Adj”

Basic-Adj?

Full-Adj”

Basic-Adj*

Full-Adj”

PM;5
1 mo
3 mo
12 mo

PMio
1 mo
3 mo
12 mo

P'\/|2.5-10
1 mo
3 mo
12 mo

0.5 (-3.9 0 5.0)
-0.5 (-5.4 t0 4.6)
1.2 (-6.4t04.3)

-0.5(-3.1t02.3)
-0.9 (-3.6 t0 1.9)
-0.7 (-3.510 2.1)

-1.5 (-5.4 t0 2.5)
-1.5(-5.3t0 2.4)
-0.7 (-4.6 10 3.3)

-0.2 (-4.2 10 3.9)
-1.1 (-5.5 t0 3.5)
-2.3(-7.0 0 2.6)

0.4 (-2.1102.9)
0.1(-2.4102.7)
05 (-2.1t03.1)

1.1 (-2.6 10 4.8)
1.0 (2.6 t0 4.7)
2.1(-1.6 0 5.8)

-2.4 (-5.5 10 0.8)
-2.1(-5.410 1.5)
1.7 (5510 2.2)

-1.5 (-3.4 10 0.5)
1.2 (-3.210 0.8)
-1.1(-3.1t0 1.0)

1.3 (-431t01.7)
1.2 (-4.1t0 1.8)
-1.1(-3.91t0 1.9)

-2.7 (-5.7 10 0.4)
2.2 (-5.4101.2)
-2.4(-6.0t0 1.3)

-1.3 (-3.210 0.6)
-0.9 (-2.8 t0 1.1)
-0.8 (-2.810 1.2)

-0.6 (-3.5 10 2.4)
-0.3 (-3.1 0 2.6)
-0.2 (-3.0t0 2.7)

0.8 (-0.9 t0 2.4)
05(-1.2t02.2)
0.2 (-1.6t0 2.1)

0.5 (-0.5 t0 1.6)
0.5 (-0.5t0 1.5)
0.5 (-0.5t0 1.5)

0.6 (-0.9t02.2)
0.8 (-0.7 10 2.3)
0.9 (-0.6 t0 2.3)

0.8 (-0.9 to 2.4)
05 (-1.2t02.2)
0.2 (-1.6t02.1)

0.5 (-0.5t0 1.6)
0.5 (-0.5to 1.5)
0.5 (-0.5to 1.5)

0.6 (-0.9 0 2.2)
0.8 (-0.7 t0 2.3)
0.9 (-0.6 0 2.3)

-0.6 (-1.7 t0 0.6)
-0.6 (-1.9t0 0.7)
0.0 (-1.5to 1.4)

-0.3 (-1.0t0 0.4)
-0.2 (-1.0t0 0.5)
-0.1(-0.8100.7)

-0.2 (-1.310 0.9)
-0.1(-1.2t0 1.0)
-0.2 (-1.2 10 0.9)

-0.6 (-1.8 10 0.6)
-0.6 (-1.9t0 0.7)
-0.1(-1.6 t0 1.3)

-0.3 (-1.0 t0 0.5)
-0.2 (-1.0 t0 0.5)
-0.1(-0.8 10 0.7)

-0.1 (-1.2 t0 1.0)
0.0 (-1.1to 1.1)
-0.1 (-1.1 t0 1.0)

*Results represent percent difference in biomarker values per interquartile range change in PM estimates. The 1, 3 and 12 month IQRs were 7.26, 6.23, 5.26
pg/m?® for PM, s, 11.25, 9.27, 7.85 pg/m® for PMo, and 6.10, 5.89, 5.51 pg/m? for PM, 5.1, respectively.
Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal hormone use

®Full models additionally adjusted by BMI, physical activity, alcohol consumption, MI family history, high blood pressure, Alternate Healthy Eating Index, pack

yrs smoked, and census-tract median household income
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Table 5. Percent differences and 95% confidence intervals of markers of inflammation by distance to road category

CRP IL-6 Fibrinogen ICAM-1
Basic®
>200m
50-199m -0.5(-9.1t0 9.0) 7.7 (0.7 to 15.1) 1.8(-1.6t05.4) -0.4 (-2.8 10 2.0)
0-49m 14.1 (2.5 10 27.0) 8.4(0.1t0 17.4) 1.4 (-2.5t05.5) -1.9 (-4.7t0 1.0)
Full®
>200m
50-199m 0.7 (-7.4109.3) 8.4 (1.7 to 15.6) 15(-1.9t0 4.9) -0.4 (-2.8t02.1)
0-49m 13.1 (2.6 to 24.6) 6.7 (-1.1t0 15.2) 0.8(-3.0t04.8) -1.9(-4.710 1.0)

*Results from distance to road models represent the percent difference in biomarker values in comparison to study participants >200m from a roadway. Nearest
road was defined as the distance from the residence to the closest A1-A3 category road as defined by U.S. Census Bureau, 2014. Al (primary roads, typically
interstate highways, with limited access, division between the opposing directions of traffic, and defined exits); A2 (primary major, non-interstate highways and
major roads without access restrictions); A3 (smaller, secondary roads, usually with more than two lanes)

®Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal hormone use

®Full models additionally adjusted by BMI, physical activity, alcohol consumption, M1 family history, high blood pressure, Alternate Healthy Eating Index, pack
yrs smoked, and census-tract median household income

127



Supplemental Tables

Table S1. Descriptive characteristics of 2946 NHS participants with one or more

assayed biomarker measurement by individual nested case-control study

Characteristics MI Study MD Study BC Study DB Study
(N=486) (N=462) (N=1238) (N=760)
BMI [kg/m2 (mean £ SD )] 25.3 (4.8) 25.1(4.7) 25.64 (4.8) 26.6 (6.3)
Age [Yrs] 60.7 (6.5) 63.1(4.7) 58.6 (8.3) 56.3 (7.8)
median household 65,441 65,003 65,415 65,776
income (mean £SD ) (26,692) (25,783) (25,721) (27,643)
Pack-years of smoking 29.4 (22.6) 23.3(20.9) 23.2 (19.5) 22.4(18.9)
(mean +SD)°
Smoking status (%)
Current 31.2 6.0 11.8 11.9
Past 33.9 43.0 40.6 41.0
Never 34.9 50.4 47.3 46.3
Missing 0.0 0.6 0.3 0.8
Region (%)
Northeast 48.6 43.6 48.4 45.8
Midwest 20.5 18.4 20.3 22.1
West 15.0 17.5 15.8 14.5
South 15.9 20.5 154 17.7
Alcohol category (%)
Non-drinker (0 g/day) 17.9 20.7 19.7 16.9
0.1+ g/d 78.1 76.7 78.2 80.1
Missing 4.1 2.6 2.1 3.0
Physical activity (%)
<3 MET hr/week 21.5 19.4 20.2 21.4
3 to < 18 MET hr/week 49.1 41.9 46.2 48.4
18+ MET hr/week 28.6 38.5 32.9 28.5
Missing 0.8 0.2 0.6 1.7
Postmenopausal
hormone use %
Never or Past Use 50.3 55.3 49.0 42.1
Current use 36.7 38.0 33.7 35.2
Premenopausal 11.8 4.5 16.8 22.4
Unknown 1.2 2.1 0.5 0.4
MI Family History % 36.1 40.8 37.7 34.1
High Blood Pressure % 29.2 36.3 28.8 29.3
Season of Blood Draw”
Winter 20.7 20.6 23.6 23.8
Spring 16.8 24.1 20.8 24.4
Summer 37.4 30.4 28.8 27.5
Fall 25.1 25.0 26.8 24.3

@ Among former and current smokers only
® blood draw in Dec-Feb defined as winter, Mar-May as spring, Jun-Aug as summer, Sep-Nov as Fall)
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Figures

Figure 1. Percent differences and 95% confidence intervals in C-reactive protein (CRP) per
interquartile increase in PM exposure or by distance to road category
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*PM model results represent percent difference in biomarker values per interquartile range change in
PM estimates. The 1, 3 and 12 month IQRs were 7.26, 6.23, 5.26 pg/m3 for PM,s, 11.25, 9.27, 7.85
pg/m? for PMy,, and 6.10, 5.89, 5.51 pg/m? for PM, 5.0, respectively.

* Results from distance to road models represent the percent difference in biomarker values in
comparison to study participants >200m from a roadway. Nearest road was defined as the distance
from the residence to the closest A1-A3 category road as defined by U.S. Census Bureau, 2014. Al
(primary roads, typically interstate highways, with limited access, division between the opposing
directions of traffic, and defined exits); A2 (primary major, non-interstate highways and major roads
without access restrictions); A3 (smaller, secondary roads, usually with more than two lanes)

“Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal
hormone use

“Full models additionally adjusted by BMI, physical activity, alcohol consumption, M1 family history,
high blood pressure, Alternate Healthy Eating Index, pack yrs smoked, and census-tract median
household income
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Figure 2. Percent differences and 95% confidence intervals in interleukin-6 (IL-6) per interquartile
increase in PM exposure or by distance to road category
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*PM model results represent percent difference in biomarker values per interquartile range change in
PM estimates. The 1, 3 and 12 month IQRs were 7.26, 6.23, 5.26 pug/m? for PM,, 11.25, 9.27, 7.85
pg/m? for PMy,, and 6.10, 5.89, 5.51 pg/m? for PM, .10, respectively.

* Results from distance to road models represent the percent difference in biomarker values in
comparison to study participants >200m from a roadway. Nearest road was defined as the distance
from the residence to the closest A1-A3 category road as defined by U.S. Census Bureau, 2014. Al
(primary roads, typically interstate highways, with limited access, division between the opposing
directions of traffic, and defined exits); A2 (primary major, non-interstate highways and major roads
without access restrictions); A3 (smaller, secondary roads, usually with more than two lanes)

“Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal
hormone use

“Full models additionally adjusted by BMI, physical activity, alcohol consumption, MI family history,
high blood pressure, Alternate Healthy Eating Index, pack yrs smoked, and census-tract median
household income
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Figure 3. Percent differences and 95% confidence intervals in fibrinogen per interquartile increase in
PM exposure or by distance to road category
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*PM model results represent percent difference in biomarker values per interquartile range change in
PM estimates. The 1, 3 and 12 month IQRs were 7.26, 6.23, 5.26 pg/m3 for PM,s, 11.25, 9.27, 7.85
ug/m? for PMy,, and 6.10, 5.89, 5.51 pg/m? for PM, 5.1, respectively.

* Results from distance to road models represent the percent difference in biomarker values in
comparison to study participants >200m from a roadway. Nearest road was defined as the distance
from the residence to the closest A1-A3 category road as defined by U.S. Census Bureau, 2014. Al
(primary roads, typically interstate highways, with limited access, division between the opposing
directions of traffic, and defined exits); A2 (primary major, non-interstate highways and major roads
without access restrictions); A3 (smaller, secondary roads, usually with more than two lanes)

“Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal
hormone use

“Full models additionally adjusted by BMI, physical activity, alcohol consumption, M1 family history,

high blood pressure, Alternate Healthy Eating Index, pack yrs smoked, and census-tract median
household income
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Figure 4. Percent differences and 95% confidence intervals in intra-cellular adhesion molecule (ICAM-
1) per interquartile increase in PM exposure or by distance to road category
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*Results from PM models represent percent difference in biomarker values per interquartile range
change in PM estimates. The 1, 3 and 12 month IQRs were 7.26, 6.23, 5.26 pg/m® for PM, s, 11.25,
9.27, 7.85 pg/m® for PMy, and 6.10, 5.89, 5.51 pg/m® for PM, 5.1, respectively.

*Results from distance to road models represent the percent difference in biomarker values in
comparison to study participants >200m from a roadway. Nearest road was defined as the distance
from the residence to the closest A1-A3 category road as defined by U.S. Census Bureau, 2014. Al
(primary roads, typically interstate highways, with limited access, division between the opposing
directions of traffic, and defined exits); A2 (primary major, non-interstate highways and major roads
without access restrictions); A3 (smaller, secondary roads, usually with more than two lanes)

“Basic models adjusted for age, season, smoking status, menopausal status and postmenopausal
hormone use

“Full models additionally adjusted by BMI, physical activity, alcohol consumption, M1 family history,
high blood pressure, Alternate Healthy Eating Index, pack yrs smoked, and census-tract median
household income
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Chapter 6: Conclusions

The results from our two studies of short-term PM exposures and stroke advance the
current literature in several ways. Our findings in the HPFS are consistent with a
recent review and meta-analysis that show PM exposures are associated with
ischemic stroke but not hemorrhagic stroke (Wang et al. 2014) Contrasting the
findings between the ischemic and hemorrhagic stroke results also provide more
evidence that these two major stroke subtypes should be treated as heterogeneous
outcomes in analyses related to air pollution, a point stressed by Ljungman and
Mittleman, 2014 (Ljungman and Mittleman 2014). Our HPFS study also may be the
first to suggest that those without a history of high cholesterol or those not currently
taking aspirin are at elevated risk for acute PM-related ischemic stroke events.
Though we found no evidence of an association between PM; s exposure and total
cerebrovascular, ischemic, or hemorrhagic stroke hospitalizations in Maryland, this

study is one of the first to examine potential effect modifiers of hemorrhagic stroke.

In both case-crossover studies, the examination of risk by potential effect modifiers

was of major interest, as identifying those most vulnerable to the effects of ambient
particulate exposures may inform future public health prevention policies. However,
our findings of elevated associations among non-aspirin users are novel and should

first be repeated among other study populations. As regular aspirin use was elevated
among those with a previous history of high blood pressure and hypertension,

additional studies may help shed light on whether our results are indicative of higher
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risk from PM-related stroke among those without history of hypertension or
hypercholesterolemia, or whether medication use may potentially lower or eliminate
PM-related ischemic stroke risk. It should also be noted that care is advised in the
prophylactic use of aspirin in regards to stroke (Lei et al. 2016). Though aspirin may
lower risk of ischemic stroke, some evidence suggests it may increase the risk of

hemorrhagic stroke (Lei et al. 2016).

As the US EPA re-evaluates regulations on the criteria pollutants every five years
under The Clean Air Act, results from these studies may directly contribute to future
policy actions. The NAAQS were last revised in 2012 with a major change being that
annual PM, s standards were divided into a primary (12 pug/m®) and secondary
(15pg/m) standard (US EPA 2017c). Primary standards are meant to provide public
health protection to sensitive populations (asthmatics, children, elderly), while
secondary standards provide public welfare protection (decreased visibility, damage
to animals crops). Currently there is no division between primary and secondary
standards for 24-hour standards for PM, 5 (35 pg/m®) or PMy (150 pg/m®). The short-
term mean exposures for PM, s and PMyg in both of our PM-stroke studies did not
exceed the NAAQS standards. Our significant findings between PMj, exposures and
ischemic stroke occur at PM levels within the current standards set by EPA. Thus, our
findings may influence future risk and policy assessment documents. We expect this
work to be incorporated into the next PM Integrative Science Assessment (ISA)
document that provides a comprehensive review, synthesis, and evaluation of the

most policy-relevant science on the health effects of PM exposure. Following the
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EPA NAAQS review process, the ISA is then used as the scientific backbone for
developing the Risk/Exposure Assessment (REA) which quantifies the associated risk
to human health (US EPA 2017d). The ISA, REA, and a Policy Assessment are then

used in final rulemaking.

Our third study in the NHS was intended to inform hypothesized pathophysiological
pathways of how PM exposure may alter future cerebrovascular and cardiovascular
risk. The fractions of particulate air pollution exposures we examined were not
associated with the markers of inflammation. However, after adjusting for potential
confounding variables, concentrations of both CRP and IL-6 were elevated among
participants living close to a major roadway compared to those living further away.
This finding provides some evidence that proximity to traffic may influence
inflammatory markers of cardiovascular risk. We also found higher effect estimates
among coarse PM models compared to fine PM models. These findings deserve
further investigation. Additional studies are needed to determine if the positive
association with proximity to major roadway seen in our study is influenced by PM
exposures of certain size fractions, specific constituents, or other gaseous pollutants
associated with traffic. Such studies would also benefit from the inclusion of daily
exposures. Including both short and long-term exposures in the same models may
provide evidence on how exposures of varying durations influence inflammatory
pathways. Studies examining mechanistic pathways are a crucial piece to establishing
causal pathways between exposure and subsequent health outcomes. Work, such as

this, provide a crucial ‘how’ to the studies of association between exposure and
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disease. The EPA incorporates such work in their integrated science assessment (ISA)
documents that provide a comprehensive review, synthesis and evaluation of the most
policy-relevant science. These documents directly inform future policy and air quality

regulations.

136



137



Bibliography

AHA. 2015a. Effects of Stroke. Available:
http://www.strokeassociation.org/STROKEORG/AboutStroke/EffectsofStroke
/Effects-of-Stroke_ UCM_308534 SubHomePage.jsp [accessed 20 September
2015].

AHA. 2015b. Understanding Stroke Risk. Available:
http://www.strokeassociation.org/STROKEORG/AboutStroke/Understanding
Risk/Understanding-Risk_UCM_308539 SubHomePage.jsp [accessed 20
September 2015].

Alessandrini ER, Stafoggia M, Faustini A, Gobbi GP, Forastiere F. 2013. Saharan
dust and the association between particulate matter and daily hospitalisations
in Rome, Italy. Occup. Environ. Med. 70:432—-434; doi:10.1136/0oemed-2012-
101182,

Al-Hamdan MZ, Crosson WL, Limaye AS, Rickman DL, Quattrochi DA, Jr MGE, et
al. 2009. Methods for Characterizing Fine Particulate Matter Using Ground
Observations and Remotely Sensed Data: Potential Use for Environmental
Public Health Surveillance. J. Air Waste Manag. Assoc. 59:865-881;
d0i:10.3155/1047-3289.59.7.865.

Andersen ZJ, Olsen TS, Andersen KK, Loft S, Ketzel M, Raaschou-Nielsen O. 2010.
Association between short-term exposure to ultrafine particles and hospital
admissions for stroke in Copenhagen, Denmark. Eur. Heart J. 31:2034-2040;
doi:10.1093/eurheartj/ehq188.

Anderson HR, Bremner SA, Atkinson RW, Harrison RM, Walters S. 2001.
Particulate matter and daily mortality and hospital admissions in the west
midlands conurbation of the United Kingdom: associations with fine and
coarse particles, black smoke and sulphate. Occup. Environ. Med. 58:504—
510; doi:10.1136/0em.58.8.504.

Armstrong BG. 1998. Effect of measurement error on epidemiological studies of
environmental and occupational exposures. Occup. Environ. Med. 55: 651-
656.

Avery CL, Mills KT, Williams R, McGraw KA, Poole C, Smith RL, et al. 2010.
Estimating error in using residential outdoor PM2.5 concentrations as proxies
for personal exposures: a meta-analysis. Environ. Health Perspect. 118:673—
678; doi:10.1289/ehp.0901158.

138



Barnett AG, Williams GM, Schwartz J, Best TL, Neller AH, Petroeschevsky AL, et
al. 2006. The effects of air pollution on hospitalizations for cardiovascular
disease in elderly people in Australian and New Zealand cities. Environ.
Health Perspect. 114: 1018-1023.

Barnoya J, Glantz SA. 2005. Cardiovascular Effects of Secondhand Smoke.
Circulation 111:2684-2698; doi:10.1161/CIRCULATIONAHA.104.492215.

Bateson TF, Schwartz J. 1999. Control for seasonal variation and time trend in case-
crossover studies of acute effects of environmental exposures. Epidemiol.
Camb. Mass 10: 539-544.

Becerra AZ, Georas S, Brenna JT, Hopke PK, Kane C, Chalupa D, et al. 2016.
Increases in ambient particulate matter air pollution, acute changes in platelet
function, and effect modification by aspirin and omega-3 fatty acids: A panel
study. J. Toxicol. Environ. Health A 79:287-298;
d0i:10.1080/15287394.2016.1157539.

Becker S, Mundandhara S, Devlin RB, Madden M. 2005. Regulation of cytokine
production in human alveolar macrophages and airway epithelial cells in
response to ambient air pollution particles: further mechanistic studies.
Toxicol. Appl. Pharmacol. 207:269-275; doi:10.1016/j.taap.2005.01.023.

Bell ML, Davis DL, Fletcher T. 2004a. A retrospective assessment of mortality from
the London smog episode of 1952: the role of influenza and pollution.
Environ. Health Perspect. 112: 6-8.

Bell ML, Levy JK, Lin Z. 2008. The effect of sandstorms and air pollution on cause-
specific hospital admissions in Taipei, Taiwan. Occup. Environ. Med. 65:104—
111; d0i:10.1136/0em.2006.031500.

Bell ML, Samet JM, Dominici F. 2004b. Time-series studies of particulate matter.
Annu. Rev. Public Health 25:247-280;
doi:10.1146/annurev.publhealth.25.102802.124329.

Bell ML, Zanobetti A, Dominici F. 2013. Evidence on Vulnerability and
Susceptibility to Health Risks Associated With Short-Term Exposure to
Particulate Matter: A Systematic Review and Meta-Analysis. Am. J.
Epidemiol. 178:865-876; doi:10.1093/aje/kwt090.

Benjamin EJ, Blaha MJ, Chiuve SE, Cushman M, Das SR, Deo R, et al. 2017. Heart
Disease and Stroke Statistics—2017 Update: A Report From the American
Heart Association. Circulation CIR.0000000000000485;
d0i:10.1161/CIR.0000000000000485.

Blann AD, Steele C, McCollum CN. 1997. The influence of smoking on soluble
adhesion molecules and endothelial cell markers. Thromb. Res. 85: 433-438.

139



Brook RD, Rajagopalan S, Pope CA, Brook JR, Bhatnagar A, Diez-Roux AV, et al.
2010. Particulate matter air pollution and cardiovascular disease: An update to
the scientific statement from the American Heart Association. Circulation
121:2331-2378; d0i:10.1161/CIR.0b013e3181dbecel.

Carracedo-Martinez E, Taracido M, Tobias A, Saez M, Figueiras A. 2010. Case-
crossover analysis of air pollution health effects: a systematic review of
methodology and application. Environ. Health Perspect. 118:1173-1182;
doi:10.1289/ehp.0901485.

CDC. 2016a. CDC WONDER. Available: http://wonder.cdc.gov/ [accessed 15
September 2016].

CDC. 2016b. FastStats - Leading Causes of Death. Available:
http://www.cdc.gov/nchs/fastats/leading-causes-of-death.htm [accessed 20
September 2016].

Chae CU, Lee RT, Rifai N, Ridker PM. 2001. Blood pressure and inflammation in
apparently healthy men. Hypertension 38: 399-403.

Chan C-C, Chuang K-J, Chien L-C, Chen W-J, Chang W-T. 2006. Urban air
pollution and emergency admissions for cerebrovascular diseases in Taipei,
Taiwan. Eur. Heart J. 27:1238-1244; doi:10.1093/eurheartj/ehi835.

Chen R, Zhao Z, Sun Q, Lin Z, Zhao A, Wang C, et al. 2015. Size-fractionated
particulate air pollution and circulating biomarkers of inflammation,
coagulation, and vasoconstriction in a panel of young adults. Epidemiol.
Camb. Mass 26:328-336; doi:10.1097/EDE.0000000000000273.

Chiuve SE, Fung TT, Rimm EB, Hu FB, McCullough ML, Wang M, et al. 2012.
Alternative dietary indices both strongly predict risk of chronic disease. J.
Nutr. 142:1009-1018; doi:10.3945/jn.111.157222.

Choi G, Schultz MJ, Levi M, van der Poll T. 2006. The relationship between
inflammation and the coagulation system. Swiss Med. Wkly. 136:139-144;
doi:2006/09/smw-11059.

Chuang K-J, Chan C-C, Su T-C, Lee C-T, Tang C-S. 2007. The effect of urban air
pollution on inflammation, oxidative stress, coagulation, and autonomic
dysfunction in young adults. Am. J. Respir. Crit. Care Med. 176:370-376;
d0i:10.1164/rccm.200611-16270C.

Chuang K-J, Yan Y-H, Chiu S-Y, Cheng T-J. 2011. Long-term air pollution exposure
and risk factors for cardiovascular diseases among the elderly in Taiwan.
Occup. Environ. Med. 68:64-68; doi:10.1136/0em.2009.052704.

Ciocco A, Thompson DJ. 1961. A follow-up of Donora ten years after: methodology
and findings. Am. J. Public Health Nations Health 51: 155-164.

140



Colditz GA, Martin P, Stampfer MJ, Willett WC, Sampson L, Rosner B, et al. 1986.
Validation of questionnaire information on risk factors and disease outcomes
in a prospective cohort study of women. Am. J. Epidemiol. 123: 894-900.

Danesh J, Collins R, Appleby P, Peto R. 1998. Association of fibrinogen, C-reactive
protein, albumin, or leukocyte count with coronary heart disease: meta-
analyses of prospective studies. JAMA 279: 1477-1482.

Davalos D, Akassoglou K. 2012. Fibrinogen as a key regulator of inflammation in
disease. Semin. Immunopathol. 34:43-62; doi:10.1007/s00281-011-0290-8.

Delfino RJ, Brummel S, Wu J, Stern H, Ostro B, Lipsett M, et al. 2009a. The
relationship of respiratory and cardiovascular hospital admissions to the
southern California wildfires of 2003. Occup. Environ. Med. 66:189-197;
d0i:10.1136/0em.2008.041376.

Delfino RJ, Staimer N, Tjoa T, Gillen DL, Polidori A, Arhami M, et al. 2009b. Air
Pollution Exposures and Circulating Biomarkers of Effect in a Susceptible
Population: Clues to Potential Causal Component mixtures and mechanisms.
Environ. Health Perspect. 117:1232-1238; doi:10.1289/ehp.0800194.

Demetz G, Ott I, Demetz G, Ott I. 2012. The Interface between Inflammation and
Coagulation in Cardiovascular Disease, The Interface between Inflammation
and Coagulation in Cardiovascular Disease. Int. J. Inflamm. Int. J. Inflamm.
2012, 2012:e860301; doi:10.1155/2012/860301, 10.1155/2012/860301.

Devlin RB, Smith CB, Schmitt MT, Rappold AG, Hinderliter A, Graff D, et al. 2014.
Controlled exposure of humans with metabolic syndrome to concentrated
ultrafine ambient particulate matter causes cardiovascular effects. Toxicol.
Sci. Off. J. Soc. Toxicol. 140:61-72; doi:10.1093/toxsci/kfu063.

Dominici F, Peng RD, Bell ML, Pham L, McDermott A, Zeger SL, et al. 2006. Fine
Particulate Air Pollution and Hospital Admission for Cardiovascular and
Respiratory Diseases. JAMA 295:1127; doi:10.1001/jama.295.10.1127.

Du Y, Xu X, Chu M, Guo Y, Wang J. 2016. Air particulate matter and cardiovascular
disease: the epidemiological, biomedical and clinical evidence. J. Thorac. Dis.
8:E8-E19; doi:10.3978/j.issn.2072-1439.2015.11.37.

Dubowsky SD, Suh H, Schwartz J, Coull BA, Gold DR. 2006. Diabetes, Obesity, and
Hypertension May Enhance Associations between Air Pollution and Markers
of Systemic Inflammation. Environ. Health Perspect. 114:992-998;
doi:10.1289/ehp.8469.

Fecht D, Hansell AL, Morley D, Dajnak D, Vienneau D, Beevers S, et al. 2016.
Spatial and temporal associations of road traffic noise and air pollution in
London: Implications for epidemiological studies. Environ. Int. 88:235-242,;
doi:10.1016/j.envint.2015.12.001.

141



Firket J. 1936. Fog along the Meuse valley. Trans. Faraday Soc. 32:1192-1196;
d0i:10.1039/TF9363201192.

Franchini M, Mannucci PM. 2007. Short-term effects of air pollution on
cardiovascular diseases: outcomes and mechanisms. J. Thromb. Haemost.
5:2169-2174; doi:10.1111/j.1538-7836.2007.02750.x.

Franklin M, Zeka A, Schwartz J. 2006. Association between PM2.5 and all-cause and
specific-cause mortality in 27 US communities. J. Expo. Sci. Environ.
Epidemiol. 17:279-287; doi:10.1038/sj.jes.7500530.

Fung KY, Krewski D, Chen Y, Burnett R, Cakmak S. 2003. Comparison of time
series and case-crossover analyses of air pollution and hospital admission
data. Int. J. Epidemiol. 32:1064-1070; doi:10.1093/ije/dyg246.

Gabay C, Kushner 1. 1999. Acute-phase proteins and other systemic responses to
inflammation. N. Engl. J. Med. 340:448-454;
doi:10.1056/NEJM199902113400607.

Gilmour PS, Morrison ER, Vickers MA, Ford I, Ludlam CA, Greaves M, et al. 2005.
The procoagulant potential of environmental particles (PM10). Occup.
Environ. Med. 62:164-171; doi:10.1136/0em.2004.014951.

Greenbaum DS, Bachmann JD, Krewski D, Samet JM, White R, Wyzga RE. 2001.
Particulate air pollution standards and morbidity and mortality: case study.
Am. J. Epidemiol. 154: S78-90.

Haim M, Tanne D, Boyko V, Reshef T, Goldbourt U, Leor J, et al. 2002. Soluble
intercellular adhesion molecule-1 and long-term risk of acute coronary events
in patients with chronic coronary heart disease. Data from the Bezafibrate
Infarction Prevention (BIP) Study. J. Am. Coll. Cardiol. 39: 1133-1138.

Hajat A, Allison M, Diez-Roux AV, Jenny NS, Jorgensen NW, Szpiro AA, et al.
2015. Long-term exposure to air pollution and markers of inflammation,
coagulation, and endothelial activation: a repeat-measures analysis in the
Multi-Ethnic Study of Atherosclerosis (MESA). Epidemiol. Camb. Mass
26:310-320; doi:10.1097/EDE.0000000000000267.

Halonen JI, Lanki T, Yli-Tuomi T, Tiittanen P, Kulmala M, Pekkanen J. 2009.
Particulate air pollution and acute cardiorespiratory hospital admissions and
mortality among the elderly. Epidemiol. Camb. Mass 20:143-153;
d0i:10.1097/EDE.Ob013e31818¢7237.

Hampel R, Peters A, Beelen R, Brunekreef B, Cyrys J, de Faire U, et al. 2015. Long-
term effects of elemental composition of particulate matter on inflammatory
blood markers in European cohorts. Environ. Int. 82:76-84;
doi:10.1016/j.envint.2015.05.008.

142



Hankinson SE, London SJ, Chute CG, Barbieri RL, Jones L, Kaplan LA, et al. 1989.
Effect of transport conditions on the stability of biochemical markers in blood.
Clin. Chem. 35: 2313-2316.

Health GBM of. 1954. Mortality and Morbidity During the London Fog of December
1952. H.M. Stationery Office.

Henrotin JB, Besancenot JP, Bejot Y, Giroud M. 2007. Short-term effects of ozone
air pollution on ischaemic stroke occurrence: a case-crossover analysis from a
10-year population-based study in Dijon, France. Occup. Environ. Med.
64:439-445; doi:10.1136/0em.2006.029306.

Hildebrandt K, Rickerl R, Koenig W, Schneider A, Pitz M, Heinrich J, et al. 2009.
Short-term effects of air pollution: a panel study of blood markers in patients
with chronic pulmonary disease. Part. Fibre Toxicol. 6:25; doi:10.1186/1743-
8977-6-25.

Hoffmann B, Moebus S, Dragano N, Stang A, Mohlenkamp S, Schmermund A, et al.
2009. Chronic Residential Exposure to Particulate Matter Air Pollution and
Systemic Inflammatory Markers. Environ. Health Perspect. 117:1302-1308;
d0i:10.1289/ehp.0800362.

HPFS. 2011. About Us | Health Professionals Follow-Up Study. Available:
https://www.hsph.harvard.edu/hpfs/hpfs_about.htm [accessed 17 August
2015].

Hu FB, Meigs JB, Li TY, Rifai N, Manson JE. 2004. Inflammatory markers and risk
of developing type 2 diabetes in women. Diabetes 53: 693-700.

Jalaludin B, Morgan G, Lincoln D, Sheppeard V, Simpson R, Corbett S. 2006.
Associations between ambient air pollution and daily emergency department
attendances for cardiovascular disease in the elderly (65+ years), Sydney,
Australia. J. Expo. Sci. Environ. Epidemiol. 16:225-237;
doi:10.1038/sj.jea.7500451.

Janes H, Sheppard L, Lumley T. 2005. Case-crossover analyses of air pollution
exposure data: referent selection strategies and their implications for bias.
Epidemiology 16: 717-26.

Jiang S, Bo L, Gong C, Du X, Kan H, Xie Y, et al. 2016. Traffic-related air pollution
is associated with cardio-metabolic biomarkers in general residents. Int. Arch.
Occup. Environ. Health 89:911-921; doi:10.1007/s00420-016-1129-3.

Johnsen SP, Overvad K, Sgrensen HT, Tjgnneland A, Husted SE. 2002. Predictive
value of stroke and transient ischemic attack discharge diagnoses in The
Danish National Registry of Patients. J. Clin. Epidemiol. 55:602-607;
d0i:10.1016/S0895-4356(02)00391-8.

143



Jun K. 2009. Case study of air pollution episodes in Meuse Valley of Belgium,

Donora of Pennsylvania, and London, U.K. In Environmental Toxicology and
Human Health, Vol. 1 of, EOLSS Publishers.

Ketzel M, Omstedt G, Johansson C, Diring I, Pohjola M, Oettl D, et al. 2007.

Estimation and validation of PM2.5/PM10 exhaust and non-exhaust emission

factors for practical street pollution modelling. Atmos. Environ. 41:9370-
9385; doi:10.1016/j.atmosenv.2007.09.005.

Kokotailo RA, Hill MD. 2005. Coding of stroke and stroke risk factors using

international classification of diseases, revisions 9 and 10. Stroke J. Cereb.
Circ. 36:1776-1781; doi:10.1161/01.STR.0000174293.17959.al.

Kundu S, Stone EA. 2014. Composition and sources of fine particulate matter across

urban and rural sites in the Midwestern United States. Environ. Sci. Process.
Impacts 16:1360-1370; doi:10.1039/c3em00719g.

Lanki T, Hampel R, Tiittanen P, Andrich S, Beelen R, Brunekreef B, et al. 2015. Air

Pollution from Road Traffic and Systemic Inflammation in Adults: A Cross-

Sectional Analysis in the European ESCAPE Project. Environ. Health
Perspect. 123:785-791; doi:10.1289/ehp.1408224.

Larrieu S, Jusot J-F, Blanchard M, Prouvost H, Declercq C, Fabre P, et al. 2007.
Short term effects of air pollution on hospitalizations for cardiovascular

diseases in eight French cities: the PSAS program. Sci. Total Environ.
387:105-112; doi:10.1016/j.scitotenv.2007.07.025.

Le Tertre A, Medina S, Samoli E, Forsberg B, Michelozzi P, Boumghar A, et al.
2002. Short-term effects of particulate air pollution on cardiovascular diseases
in eight European cities. J. Epidemiol. Community Health 56: 773-779.

Lei H, Gao Q, Liu S-R, Xu J. 2016. The Benefit and Safety of Aspirin for Primary

Prevention of Ischemic Stroke: A Meta-Analysis of Randomized Trials. Front.
Pharmacol. 7; doi:10.3389/fphar.2016.00440.

Levy D, Lumley T, Sheppard L, Kaufman J, Checkoway H. 2001. Referent selection

in case-crossover analyses of acute health effects of air pollution. Epidemiol.
Camb. Mass 12: 186-192.

Lian H, Ruan Y, Liang R, Liu X, Fan Z. 2015. Short-Term Effect of Ambient
Temperature and the Risk of Stroke: A Systematic Review and Meta-

Analysis. Int. J. Environ. Res. Public. Health 12:9068-9088;
doi:10.3390/ijerph120809068.

Liao D, Peuquet DJ, Duan Y, Whitsel EA, Dou J, Smith RL, et al. 2006. GIS

approaches for the estimation of residential-level ambient PM concentrations.
Environ. Health Perspect. 114: 1374-1380.

144



Libby P. 2012. History of Discovery: Inflammation in Atherosclerosis. Arterioscler.
Thromb. Vasc. Biol. 32:2045-2051; doi:10.1161/ATVBAHA.108.179705.

Libby P. 2002. Inflammation in atherosclerosis. Nature 420:868-874;
d0i:10.1038/nature01323.

Lind P, Hedblad B, Stavenow L, Janzon L, Eriksson KF, Lindgérde F. 2001.
Influence of plasma fibrinogen levels on the incidence of myocardial
infarction and death is modified by other inflammation-sensitive proteins: a
long-term cohort study. Arterioscler. Thromb. Vasc. Biol. 21: 452-458.

Linn WS, Szlachcic Y, Gong H, Kinney PL, Berhane KT. 2000. Air pollution and
daily hospital admissions in metropolitan Los Angeles. Environ. Health
Perspect. 108: 427-434.

Lippmann M, Ito K, Nadas A, Burnett RT. 2000. Association of particulate matter
components with daily mortality and morbidity in urban populations. Res.
Rep. Health Eff. Inst. 572, discussion 73-82.

Lisabeth LD, Escobar JD, Dvonch JT, Sanchez BN, Majersik JJ, Brown DL, et al.
2008. Ambient air pollution and risk for ischemic stroke and transient
ischemic attack. Ann. Neurol. 64:53-59; doi:10.1002/ana.21403.

Ljungman PL, Mittleman MA. 2014. Ambient air pollution and stroke. Stroke J.
Cereb. Circ. 45:3734-3741; doi:10.1161/STROKEAHA.114.003130.

Lokken RP, Wellenius GA, Coull BA, Burger MR, Schlaug G, Suh HH, et al. 20009.
Air pollution and risk of stroke: underestimation of effect due to
misclassification of time of event onset. Epidemiol. Camb. Mass 20: 137-142.

Loperena R, Harrison DG. 2017. Oxidative Stress and Hypertensive Diseases. Med.
Clin. North Am. 101:169-193; doi:10.1016/j.mcna.2016.08.004.

Low RB, Bielory L, Qureshi Al, Dunn V, Stuhimiller DFE, Dickey DA. 2006. The
relation of stroke admissions to recent weather, airborne allergens, air
pollution, seasons, upper respiratory infections, and asthma incidence,
September 11, 2001, and day of the week. Stroke J. Cereb. Circ. 37:951-957;
doi:10.1161/01.STR.0000214681.94680.66.

Lumley T, Levy D. 2000. Bias in the case — crossover design: implications for studies
of air pollution. Environmetrics 11:689-704; doi:10.1002/1099-
095X(200011/12)11:6<689::AID-ENV439>3.0.CO;2-N.

Maclure M. 1991. The case-crossover design: a method for studying transient effects
on the risk of acute events. Am J Epidemiol 133: 144-53.

145



Maclure M, Mittleman MA. 2008. Case-crossover designs compared with dynamic
follow-up designs. Epidemiol. Camb. Mass 19:176-178;
doi:10.1097/EDE.Ob013e318162afh9.

Maheswaran R. 2016. Air pollution and stroke — an overview of the evidence base.
Spat. Spatio-Temporal Epidemiol. 18:74-81; doi:10.1016/j.sste.2016.04.004.

Mechtouff L, Canoui-Poitrine F, Schott A-M, Nighoghossian N, Trouillas P, Termoz
A, etal. 2012. Lack of association between air pollutant exposure and short-
term risk of ischaemic stroke in Lyon, France. Int. J. Stroke Off. J. Int. Stroke
Soc. 7:669-674; doi:10.1111/}.1747-4949.2011.00737 .x.

Mills NL, Térngvist H, Robinson SD, Gonzalez MC, Sdderberg S, Sandstrém T, et al.
2007. Air pollution and atherothrombosis. Inhal. Toxicol. 19 Suppl 1:81-89;
doi:10.1080/08958370701495170.

Montresor-Lopez JA, Yanosky JD, Mittleman MA, Sapkota A, He X, Hibbert JD, et
al. 2015. Short-term exposure to ambient ozone and stroke hospital admission:
A case-crossover analysis. J. Expo. Sci. Environ. Epidemiol.;
d0i:10.1038/jes.2015.48.

Moy E. 2017. Leading Causes of Death in Nonmetropolitan and Metropolitan Areas
— United States, 1999-2014. MMWR Surveill. Summ. 66;
doi:10.15585/mmwr.ss6601al.

Mozaffarian D, Benjamin EJ, Go AS, Arnett DK, Blaha MJ, Cushman M, et al. 2015.
Heart Disease and Stroke Statistics--2015 Update: A Report From the
American Heart Association. Circulation 131:e29-e322;
doi:10.1161/CIR.0000000000000152.

NASA. 2017. MERRA Products — GES DISC - Goddard Earth Sciences Data and
Information Services Center. Available: https://disc.gsfc.nasa.gov/mdisc/data-
holdings/merra/merra_products_nonjs.shtml [accessed 10 February 2017].

Nascimento LFC, Francisco JB, Patto MBR, Antunes AM. 2012. Environmental
pollutants and stroke-related hospital admissions. Cad. Saude Publica 28:
1319-1324.

Navidi W. 1998. Bidirectional Case-Crossover Designs for Exposures with Time
Trends. Biometrics 54:596-605; doi:10.2307/3109766.

NCDC. 2017. Climate Data Online (CDO) - The National Climatic Data Center’s
(NCDC) Climate Data Online (CDO) provides free access to NCDC’s archive
of historical weather and climate data in addition to station history
information. | National Climatic Data Center (NCDC). Available:
https://www.ncdc.noaa.gov/cdo-web/ [accessed 16 March 2017].

146



Nemmar A, Hoet PHM, Vandervoort P, Dinsdale D, Nemery B, Hoylaerts MF. 2007.
Enhanced peripheral thrombogenicity after lung inflammation is mediated by
platelet-leukocyte activation: role of P-selectin. J. Thromb. Haemost. JTH
5:1217-1226; doi:10.1111/j.1538-7836.2007.02557 .X.

Nemmar A, Nemery B, Hoet PHM, Vermylen J, Hoylaerts MF. 2003. Pulmonary
inflammation and thrombogenicity caused by diesel particles in hamsters: role
of histamine. Am. J. Respir. Crit. Care Med. 168:1366-1372;
d0i:10.1164/rccm.200306-8010C.

NHS. 2016. History | Nurses’ Health Study. Available:
http://www.channing.harvard.edu/nhs/?page_id=70 [accessed 7 October
2015].

O’Donnell MJ, Fang J, Mittleman MA, Kapral MK, Wellenius GA, Investigators of
the Registry of Canadian Stroke Network. 2011. Fine particulate air pollution
(PM2.5) and the risk of acute ischemic stroke. Epidemiol. Camb. Mass
22:422-431; d0i:10.1097/EDE.0b013e3182126580.

O’Neill MS, Veves A, Sarnat JA, Zanobetti A, Gold DR, Economides PA, et al. 2007.
Air pollution and inflammation in type 2 diabetes: a mechanism for
susceptibility. Occup. Environ. Med. 64:373-379;
d0i:10.1136/0em.2006.030023.

Ostro B, Malig B, Broadwin R, Basu R, Gold EB, Bromberger JT, et al. 2014.
Chronic PM2.5 Exposure and Inflammation: Determining Sensitive
Subgroups in Mid-life Women. Environ. Res. 132:168-175;
doi:10.1016/j.envres.2014.03.042.

O’Toole TE, Zheng Y-T, Hellmann J, Conklin DJ, Barski O, Bhatnagar A. 2009.
Acrolein activates matrix metalloproteinases by increasing reactive oxygen
species in macrophages. Toxicol. Appl. Pharmacol. 236:194-201;
doi:10.1016/j.taap.2009.01.024.

Oudin A, Stromberg U, Jakobsson K, Stroh E, Bjork J. 2010. Estimation of short-
term effects of air pollution on stroke hospital admissions in southern Sweden.
Neuroepidemiology 34:131-142; doi:10.1159/000274807.

Ovbiagele B, Goldstein LB, Higashida RT, Howard VJ, Johnston SC, Khavjou OA, et
al. 2013. Forecasting the future of stroke in the United States: a policy
statement from the American Heart Association and American Stroke
Association. Stroke J. Cereb. Circ. 44:2361-2375;
doi:10.1161/STR.0b013e31829734f2.

Pai JK, Curhan GC, Cannuscio CC, Rifai N, Ridker PM, Rimm EB. 2002. Stability of
Novel Plasma Markers Associated with Cardiovascular Disease: Processing
within 36 Hours of Specimen Collection. Clin. Chem. 48: 1781-1784.

147



Panasevich S, Leander K, Rosenlund M, Ljungman P, Bellander T, de Faire U, et al.
2009. Associations of long- and short-term air pollution exposure with
markers of inflammation and coagulation in a population sample. Occup.
Environ. Med. 66:747-753; doi:10.1136/0em.2008.043471.

Pope CA. 2001. Particulate air pollution, C-reactive protein, and cardiac risk. Eur.
Heart J. 22:1149-50; doi:10.1053/euh;j.2001.2593.

Reker DM, Rosen AK, Hoenig H, Berlowitz DR, Laughlin J, Anderson L, et al. 2002.
The hazards of stroke case selection using administrative data. Med. Care 40:
96-104.

Rich DQ, Kipen HM, Huang W, et al. 2012. ASsociation between changes in air
pollution levels during the beijing olympics and biomarkers of inflammation
and thrombosis in healthy young adults. JAMA 307:2068-2078;
doi:10.1001/jama.2012.3488.

Ridker PM. 2003. Clinical Application of C-Reactive Protein for Cardiovascular
Disease Detection and Prevention. Circulation 107:363-369;
d0i:10.1161/01.CIR.0000053730.47739.3C.

Ridker PM, Hennekens CH, Roitman-Johnson B, Stampfer MJ, Allen J. 1998. Plasma
concentration of soluble intercellular adhesion molecule 1 and risks of future
myocardial infarction in apparently healthy men. Lancet Lond. Engl. 351:88—
92; d0i:10.1016/S0140-6736(97)09032-6.

Rioux CL, Tucker KL, Mwamburi M, Gute DM, Cohen SA, Brugge D. 2010.
Residential Traffic Exposure, Pulse Pressure, and C-reactive Protein:
Consistency and Contrast among Exposure Characterization Methods.
Environ. Health Perspect. 118:803-811; doi:10.1289/ehp.0901182.

Rohde LE, Hennekens CH, Ridker PM. 1999. Cross-sectional study of soluble
intercellular adhesion molecule-1 and cardiovascular risk factors in apparently
healthy men. Arterioscler. Thromb. Vasc. Biol. 19: 1595-1599.

Rosamond WD, Folsom AR, Chambless LE, Wang CH, McGovern PG, Howard G, et
al. 1999. Stroke incidence and survival among middle-aged adults: 9-year
follow-up of the Atherosclerosis Risk in Communities (ARIC) cohort. Stroke
J. Cereb. Circ. 30: 736-743.

Roux AVD, Auchincloss AH, Astor B, Barr RG, Cushman M, Dvonch T, et al. 2006.
Recent Exposure to Particulate Matter and C-reactive Protein Concentration in
the Multi-Ethnic Study of Atherosclerosis. Am. J. Epidemiol. 164:437-448;
doi:10.1093/aje/kwj186.

Rickerl R, Ibald-Mulli A, Koenig W, Schneider A, Woelke G, Cyrys J, et al. 2006.
Air pollution and markers of inflammation and coagulation in patients with

148



coronary heart disease. Am. J. Respir. Crit. Care Med. 173:432-441,
d0i:10.1164/rccm.200507-11230C.

Schwartz J. 2001. Air pollution and blood markers of cardiovascular risk. Environ.
Health Perspect. 109 Suppl 3: 405-4009.

Sheppard L, Slaughter JC, Schildcrout J, Liu L-JS, Lumley T. 2004. Exposure and
measurement contributions to estimates of acute air pollution effects. J. Expo.
Sci. Environ. Epidemiol. 15:366-376; doi:10.1038/sj.jea.7500413.

Steinvil A, Kordova-Biezuner L, Shapira I, Berliner S, Rogowski O. 2008. Short-term
exposure to air pollution and inflammation-sensitive biomarkers. Environ.
Res. 106:51-61; doi:10.1016/j.envres.2007.08.006.

Strak M, Hoek G, Godri KJ, Gosens I, Mudway IS, van Oerle R, et al. 2013.
Composition of PM Affects Acute Vascular Inflammatory and Coagulative
Markers - The RAPTES Project. PLoS ONE 8:e58944;
doi:10.1371/journal.pone.0058944.

Szyszkowicz M. 2008. Ambient air pollution and daily emergency department visits
for ischemic stroke in Edmonton, Canada. Int. J. Occup. Med. Environ. Health
21:295-300; d0i:10.2478/v10001-008-0029-5.

Tai APK, Mickley LJ, Jacob DJ. 2010. Correlations between fine particulate matter
(PM2.5) and meteorological variables in the United States: Implications for
the sensitivity of PM2.5 to climate change. Atmos. Environ. 44:3976-3984;
doi:10.1016/j.atmosenv.2010.06.060.

Talbott EO, Rager JR, Benson S, Ann Brink L, Bilonick RA, Wu C. 2014. A case-
crossover analysis of the impact of PM2.5 on cardiovascular disease
hospitalizations for selected CDC tracking states. Environ. Res. 134:455-465;
doi:10.1016/j.envres.2014.06.018.

Tamagawa E, Bai N, Morimoto K, Gray C, Mui T, Yatera K, et al. 2008. Particulate
matter exposure induces persistent lung inflammation and endothelial
dysfunction. Am. J. Physiol. Lung Cell. Mol. Physiol. 295:L79-L85;
doi:10.1152/ajplung.00048.2007.

Tsai D-H, Amyai N, Marques-Vidal P, Wang J-L, Riediker M, Mooser V, et al. 2012.
Effects of particulate matter on inflammatory markers in the general adult
population. Part. Fibre Toxicol. 9:24; doi:10.1186/1743-8977-9-24.

Tsai S-S, Goggins WB, Chiu H-F, Yang C-Y. 2003. Evidence for an association
between air pollution and daily stroke admissions in Kaohsiung, Taiwan.
Stroke J. Cereb. Circ. 34:2612-2616;
d0i:10.1161/01.STR.0000095564.33543.64.

149



Urch B, Silverman F, Corey P, Brook JR, Lukic KZ, Rajagopalan S, et al. 2005.
Acute Blood Pressure Responses in Healthy Adults During Controlled Air
Pollution Exposures. Environ. Health Perspect. 113:1052-1055;
doi:10.1289/ehp.7785.

U.S. Census Bureau. 1990. 1990 Census - U.S. Census Bureau. Available:
https://www.census.gov/main/www/cen1990.html [accessed 30 March 2017].

U.S. Census Bureau. 2001. 2000 TIGER/Line Files - U.S. Census Bureau. Available:
https://www2.census.gov/geo/pdfs/maps-
data/data/tiger/rd_2ktiger/tgrrd2k.pdf [accessed 28 March 2017].

US EPA. 2003. Fourth External Review Draft of Air Quality Criteria for Particulate
Matter.

US EPA O. 2017a. Green Book PM-2.5 (2012) Area Information. Available:
https://www.epa.gov/green-book/green-book-pm-25-2012-area-information
[accessed 6 April 2017].

US EPA O. 2017b. Green Book PM-10 (1987) Area Information. Available:
https://www.epa.gov/green-book/green-book-pm-10-1987-area-information
[accessed 6 April 2017].

US EPA O. 2009. Integrated Science Assessment (ISA) for Particulate Matter.
Available: https://www.epa.gov/isa/integrated-science-assessment-isa-
particulate-matter [accessed 6 April 2017].

US EPA O. 2017c. NAAQS Table. Available: https://www.epa.gov/criteria-air-
pollutants/naaqs-table [accessed 6 April 2017].

US EPA O. 2017d. Process of Reviewing the National Ambient Air Quality
Standards. Available: https://www.epa.gov/criteria-air-pollutants/process-
reviewing-national-ambient-air-quality-standards [accessed 6 April 2017].

Utell MJ, Frampton MW, Zareba W, Devlin RB, Cascio WE. 2002. Cardiovascular
effects associated with air pollution: potential mechanisms and methods of
testing. Inhal. Toxicol. 14:1231-1247; doi:10.1080/08958370290084881.

Uzoigwe JC, Prum T, Bresnahan E, Garelnabi M. 2013. The emerging role of outdoor
and indoor air pollution in cardiovascular disease. North Am. J. Med. Sci.
5:445-453; d0i:10.4103/1947-2714.117290.

van Eeden SF, Tan WC, Suwa T, Mukae H, Terashima T, Fujii T, et al. 2001.
Cytokines involved in the systemic inflammatory response induced by
exposure to particulate matter air pollutants (PM(10)). Am. J. Respir. Crit.
Care Med. 164:826-830; doi:10.1164/ajrccm.164.5.2010160.

150



Vidale S, Bonanomi A, Guidotti M, Arnaboldi M, Sterzi R. 2010. Air pollution
positively correlates with daily stroke admission and in hospital mortality: a
study in the urban area of Como, Italy. Neurol. Sci. Off. J. Ital. Neurol. Soc.
Ital. Soc. Clin. Neurophysiol. 31:179-182; doi:10.1007/s10072-009-0206-8.

Viehmann A, Hertel S, Fuks K, Eisele L, Moebus S, Méhlenkamp S, et al. 2015.
Long-term residential exposure to urban air pollution, and repeated measures
of systemic blood markers of inflammation and coagulation. Occup. Environ.
Med. 72:656-663; doi:10.1136/0emed-2014-102800.

Villeneuve PJ, Chen L, Stieb D, Rowe BH. 2006. Associations between outdoor air
pollution and emergency department visits for stroke in Edmonton, Canada.
Eur. J. Epidemiol. 21:689-700; doi:10.1007/s10654-006-9050-9.

Villeneuve PJ, Johnson JYM, Pasichnyk D, Lowes J, Kirkland S, Rowe BH. 2012.
Short-term effects of ambient air pollution on stroke: who is most vulnerable?
Sci. Total Environ. 430:193-201; doi:10.1016/j.scitotenv.2012.05.002.

Virdis A, Dell’Agnello U, Taddei S. 2014. Impact of inflammation on vascular
disease in hypertension. Maturitas 78:179-183;
doi:10.1016/j.maturitas.2014.04.012.

Wang Y, Eliot MN, Wellenius GA. 2014. Short-term Changes in Ambient Particulate
Matter and Risk of Stroke: A Systematic Review and Meta-analysis. J. Am.
Heart Assoc. 3:e000983-e000983; doi:10.1161/JAHA.114.000983.

Wellenius GA, Burger MR, Coull BA, et al. 2012. AMbient air pollution and the risk
of acute ischemic stroke. Arch. Intern. Med. 172:229-234;
doi:10.1001/archinternmed.2011.732.

Wellenius GA, Schwartz J, Mittleman MA. 2005. Air pollution and hospital
admissions for ischemic and hemorrhagic stroke among medicare
beneficiaries. Stroke J. Cereb. Circ. 36:2549-2553;
doi:10.1161/01.STR.0000189687.78760.47.

Wexler H, Schrenk HH. 1949. Air pollution in Donora, Pa., epidemiology of the
unusual smog episode of October 1948, preliminary report: H. H. Schrenk,
Harry Heimann, George D. Clayton, W. M. Gafafer,... Harry Wexler,...
Government printing office, Washington.

WHO. 2003. Health Aspects of Air Pollution with Particulate Matter, Ozone and
Nitrogen Dioxide.

Witkowska AM, Borawska MH. 2004. Soluble intercellular adhesion molecule-1
(sICAM-1): an overview. Eur. Cytokine Netw. 15: 91-98.

151



Wong TW, Lau TS, Yu TS, Neller A, Wong SL, Tam W, et al. 1999. Air pollution
and hospital admissions for respiratory and cardiovascular diseases in Hong
Kong. Occup. Environ. Med. 56: 679-683.

Wordley J, Walters S, Ayres JG. 1997. Short term variations in hospital admissions
and mortality and particulate air pollution. Occup. Environ. Med. 54: 108-
116.

Wu S, Deng F, Wei H, Huang J, Wang H, Shima M, et al. 2012. Chemical
constituents of ambient particulate air pollution and biomarkers of
inflammation, coagulation and homocysteine in healthy adults: A prospective
panel study. Part. Fibre Toxicol. 9:49; d0i:10.1186/1743-8977-9-49.

Yanosky JD, Paciorek CJ, Laden F, Hart JE, Puett RC, Liao D, et al. 2014. Spatio-
temporal modeling of particulate air pollution in the conterminous United
States using geographic and meteorological predictors. Environ. Health 13:63;
d0i:10.1186/1476-069X-13-63.

Yorifuji T, Kawachi I, Sakamoto T, Doi H. 2011. Associations of Outdoor Air
Pollution With Hemorrhagic Stroke Mortality: J. Occup. Environ. Med.
53:124-126; d0i:10.1097/JOM.0b013e3182099175.

Zanobetti A, Schwartz J. 2009. The effect of fine and coarse particulate air pollution
on mortality: a national analysis. Environ. Health Perspect. 117:898-903;
d0i:10.1289/ehp.0800108.

Zanobetti A, Schwartz J. 2005. The Effect of Particulate Air Pollution on Emergency
Admissions for Myocardial Infarction: A Multicity Case-Crossover Analysis.
Environ. Health Perspect. 113:978-982; doi:10.1289/ehp.7550.

Zeger SL, Thomas D, Dominici F, Samet JM, Schwartz J, Dockery D, et al. 2000.
Exposure measurement error in time-series studies of air pollution: concepts
and consequences. Environ. Health Perspect. 108: 419-426.

Zeka A, Sullivan JR, Vokonas PS, Sparrow D, Schwartz J. 2006a. Inflammatory
markers and particulate air pollution: characterizing the pathway to disease.
Int. J. Epidemiol. 35:1347-1354; doi:10.1093/ije/dyl132.

Zeka A, Zanobetti A, Schwartz J. 2006b. Individual-level modifiers of the effects of
particulate matter on daily mortality. Am. J. Epidemiol. 163:849-859;
doi:10.1093/aje/kwj116.

Zheng S, Wang M, Wang S, Tao Y, Shang K. 2013. Short-term effects of gaseous
pollutants and particulate matter on daily hospital admissions for cardio-
cerebrovascular disease in Lanzhou: evidence from a heavily polluted city in
China. Int. J. Environ. Res. Public. Health 10:462-477,
doi:10.3390/ijerph10020462.

152



153



154



	Jared Allen Fisher, Doctor of Philosophy, 2017 
	Dedication
	Acknowledgements
	I would like to express my sincerest appreciation to my committee chair and advisor, Professor Robin Puett, for her continuous support, patience, and extensive knowledge that has been so helpful throughout my PhD studies. This work would not have been...
	Table of Contents
	List of Tables
	List of Figures
	List of Abbreviations
	Chapter 1: Introduction
	Dissertation Overview
	Background and Rationale
	Significance
	Particulate Matter Exposures and Stroke
	PM and Biomarkers of Cardiovascular Inflammation

	Biological Plausibility
	Objectives and Research Questions
	Innovation

	Chapter 2: Methods
	This chapter serves as a supplement to the methods for Chapters 3-5
	Study Design
	Case-crossover Design
	Nested Cohort

	Potential Biases
	Selection Bias
	Information Bias
	Confounding

	Statistical Approach
	Case-crossover analysis
	Linear regression analysis

	Assessment of Effect Modification
	Effect Modification in the Case-crossover studies
	Effect Modification in the Nested Cohort

	Model Specification
	Study 1
	Study 2
	Study 3

	Model Assumptions
	Logistic Regression and Splines
	Multivariable Linear Regression


	Chapter 3: Case-crossover Analysis of Short-term Particulate Matter Exposures and Stroke in the Health Professionals Follow-up Study
	Title Page
	Introduction
	Methods
	Study population
	Outcome Assessment
	Exposure Assessment
	Covariates
	Statistical Analysis

	Results
	Discussion
	References
	Tables

	Chapter 4: Associations between Short-term Ambient Particulate Matter Exposure and Stroke Hospitalizations in Maryland
	Title page
	Introduction
	Methods
	Results
	Discussion
	References
	Tables

	Chapter 5:  Associations of Particulate Matter Exposures and Inflammatory Biomarkers in the Nurses’ Health Study
	Title Page
	Introduction
	Methods
	Study Population
	Blood collection and biomarker measurement
	Exposure Assessment
	Covariates
	Statistical Analysis

	Results
	Discussion
	References
	Tables
	Figures

	Chapter 6:  Conclusions
	Bibliography

