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Abstract 
It has been commonly accepted until recently that particulate matter (PM) is 

responsible for the cardiovascular toxicity of air pollution mixtures1, while ozone (O3) 

mainly adversely affects respiratory health2,3. However, there is increasing evidence that 

O3, independent of PM, is also associated with cardiovascular hospitalizations and 

mortality, even at levels below current regulatory standards4,5. The mechanisms 

underlying these epidemiological associations between O3 and cardiovascular disease 

remain poorly understood. The goal of this dissertation research is to use human 

biomarker outcomes in real-world exposure scenarios to elucidate plausible mechanisms 

by which O3 affects cardiovascular health.  

The findings of this dissertation research are primarily based on a single 

longitudinal cohort study designed to assess biomarker associations with time-activity-

adjusted air pollutant exposures and with indoor air purification interventions, 

specifically different combinations of a high efficiency particulate air (HEPA) filter and a 

particle-removing and O3-producing electrostatic precipitator (ESP). Eighty-nine healthy 

participants living on a work campus in Changsha City, China were recruited for this 

study conducted from December 1st, 2014 - January 31st, 2015. The unique quasi-

experimental setting of participants all living and working together on a work campus 

allowed for better characterization of air pollutant exposure effects due to minimal 
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variation in potential confounders. At baseline, workers had a combination of an ESP 

and a HEPA in the central air handling units (AHUs) of their work and living spaces. 

During a five-week intervention period from December 6th, 2014 to January 13th, 2015, 

subjects were split into two groups, both of which had the ESPs turned off and one of 

which also had the HEPAs removed, and after this intervention original conditions were 

restored. Biomarkers indicative of inflammation and oxidative stress, arterial stiffness, 

myocardial function, blood pressure, thrombotic factors, and spirometry were measured 

at four sessions, one at baseline, two at two and four weeks into the intervention period, 

and one two weeks after restoring baseline conditions post-intervention. Indoor and 

outdoor O3 and PM of less than or equal to 2.5 µm in diameter (PM2.5), along with 

ambient co-pollutants NO2 and SO2, were monitored throughout the study period and 

combined with time-activity information and filtration conditions of each residence and 

office. These data were used to estimate 24-hour and 2-week combined indoor and 

outdoor average exposure concentrations, in addition to exposures in filtered and 

unfiltered environments.  

To test the hypothesis that air pollutant exposures observed during this study 

would be associated with biomarker outcomes, associations between each exposure 

measure and biomarker were analyzed with single- and two-pollutant linear mixed 

models. The 24-hour mean O3 exposure concentrations during the study ranged from 1.4 

to 19.4 ppb, corresponding with daily 8-hour maximum outdoor concentrations ranging 
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from 3.6 to 60.5 ppb, with all but six days during the study period falling below the 

WHO 8-hour mean O3 guideline of 50 ppb6. Within this range, in models controlling for 

a second co-pollutant and other potential confounders, a 10 ppb increase in 24-hour O3 

was associated with mean percent increases (95% CIs) of 36.3% (29.9%, 43.0%) in the 

platelet activation marker soluble P-selectin (sCD62P), 2.8% (0.6%, 5.1%) in diastolic 

blood pressure (DBP), and 18.1% (4.5%, 33.5%) and 31.0% (0.2%, 71.1%) in the 

pulmonary inflammation markers fractional exhaled nitric oxide (FeNO) and exhaled 

breath condensate nitrite and nitrate (EBCNN), respectively, as well as a -9.5% (-17.7%, -

1.4%) decrease in arterial stiffness marker augmentation index (AI) and a -15.5% (-23.8%, 

-6.2%) decrease in the systemic oxidative stress marker urinary malondialdehyde 

(UMDA). A 10 ppb increase in 2-week O3 was associated with increases of 61.1% (37.8%, 

88.2%) in sCD62P and 126.2% (12.1%, 356.2%) in EBCNN. In contrast, PM2.5, NO2, and 

SO2 exposure measures were variably and weakly associated with markers indicating 

increased arterial stiffness and endothelial cell dysfunction. Only the O3 associations 

with sCD62P are robust in two-pollutant models and multiple testing p-value correction. 

These results suggest that O3 exposure enhances cardiovascular disease risk through 

platelet activation and blood pressure increases at levels lower than those capable of 

affecting lung function. 

To examine if the removal of HEPA filtration and ESP in the indoor air 

purification systems were associated with changes in biomarker outcomes, Bayesian 
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hierarchical generalized ridge regression (GRR) models accounting for subject-specific 

intercept random effects were used to assess associations between categorical 

intervention variables while controlling for cumulative pollutant exposures in unfiltered 

microenvironments, namely outdoors and places other than the offices and dorms. The 

GRR models allowed for more stable maximized likelihood estimates when model 

predictors were highly correlated. When factoring in time-activity patterns, subjects 

without HEPA filtration had total 24-hour PM2.5 exposures on average 37.9 µg/m3 

(88.3%) higher than subjects with HEPA filtration, and the removal of the ESPs resulted 

in a small average reduction of 2.2 ppb (a 32.8% decrease as compared to the overall 

mean 24-hour O3 exposure) in each subject’s total 24-hour O3 exposure. Despite this 

large change in PM2.5 exposure, no biomarkers were associated with HEPA removal in 

any models, but ESP removal was associated with decreases of -17.1% (-23.1%, -11.3%) in 

sCD62P,  -3.6% (-5.5%, -1.4%) in systolic blood pressure (SBP), and -3.3% (-5.9%, -0.7%) 

in DBP. In addition, though subjects spent an average of 64.5% of their time in filtered 

locations during each two-week period between sampling visits, cumulative air 

pollutant exposure in unfiltered environments was associated with increased sCD62P 

for O3, increased FeNO for PM2.5, and increased EBC MDA and decreased 

subendocardial viability ratio (SEVR, a marker of myocardial oxygen supply and 

demand) for SO2. This study suggests that ESP use may result in O3-associated adverse 

health effects, biomarkers traditionally associated with PM exposure may not show a 
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response weeks into an intervention, and time spent in environments filtered by 

particulate air filters, though perhaps not ESPs, should be maximized to avoid the health 

effects of cumulative high exposures in unfiltered locations. 

These O3 associations with platelet activation and blood pressure are consistent 

with related results in some studies but not others, and so I hypothesized that age and 

sex may influence each individual’s response to O3 and account for some of this 

variability. I tested this hypothesis by assessing pollutant exposure by age or by sex 

interaction term estimates in association with biomarker outcomes in the GRR models. 

This statistical analysis was applied not only to the main study conducted in Changsha, 

but also to a subsequent study conducted in Shanghai with similar exposure and 

biomarker measurements that had younger study participants with more balanced sex 

ratio. In addition, the exposure and biomarker data between these two studies were 

pooled for an additional analysis checking the results from the individual study 

findings. In the main Changsha Study, significant age by pollutant exposure interaction 

terms were observed for the associations between 24-hour and 2-week O3 and sCD62P, 

2-week O3 and SBP, and 2-week SO2 and PWV. In addition, the association between 

PWV and 2-week SO2 was significantly higher in men, and the association between 

PWV and 24h O3 was significantly higher in women, though the latter interaction term 

became nonsignificant in a sensitivity analysis assessing the independent interaction 

effect. No interaction terms were significant in the Shanghai Study analysis. In the 
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pooled analysis, the 24-hour O3 exposure by age interaction term was significant for 

both sCD62P and SBP. Also, the pooled analysis showed that women had a significantly 

higher association between 24-hour O3 exposure and PWV as had been seen in the 

Changsha Study, but as in that case this association was not robust to the sensitivity 

analyses. These results indicate that older individuals are more susceptible to O3-

associated effects on platelet activation and blood pressure, which is supported by 

literature examining age-associated changes in platelets and vascular tone. 

Taken together these results and the findings in previous research examining 

cardiovascular pathophysiologic mechanisms, a coherent, plausible mechanistic 

pathway emerges. In this pathway, O3-associated reaction products in the airway lead to 

the propagation of signals that activate platelets, which in turn enhance blood pressure 

and induce a procoagulant state. The findings of this dissertation contribute to the 

mechanistic understanding of how O3 exposure affects cardiovascular health outcomes. 
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1. Introduction  

1.1 O3 Exposures, Formation, and Chemistry 

1.1.1 Exposure and Relevance to Public Health 

Ground-level O3 is an important air pollutant present across the world. It is 

known to cause respiratory effects, and there is strong epidemiological evidence that O3 

contributes to respiratory mortality through the exacerbation of diseases such as asthma 

and chronic obstructive pulmonary disorder (COPD)7. O3 is one of the six criteria air 

pollutants for which the United States Environmental Protection Agency (US EPA) sets 

regulatory ambient air standards to protect public health, with the others being 

particulate matter (PM), nitrogen oxides (NOX), sulfur oxides (SOX), carbon monoxide 

(CO), and lead. Of these criteria air pollutants, O3 is the one that most commonly 

exceeds standards in the U.S., with an estimated 122 million people (40% of the national 

population) as of late 2015 living in areas exceeding the 2008 national ambient air quality 

standard (NAAQS) of 75 ppb, measured as the fourth highest three-year average of 

daily maximum 8-hour rolling average concentrations8. In late 2015, the US EPA revised 

the NAAQS for O3 to be 70 ppb, which was expected to avoid 320 to 660 premature 

deaths in the U.S. in 20258. The World Health Organization recommends a short-term O3 

daily maximum 8-hour rolling average guideline of 50 ppb, which they estimate will 

lead to a 1-2% increase in daily mortality as compared to “background” O3 
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concentrations of 35 ppb6. Many people around the world are exposed to concentrations 

higher than these standards, and that these exposures are expected to rise. 

Global O3 concentrations have risen in the latter half of the 20th century, with 

many regions of the world continuing to see increasing trends in O3 since the 1990s9. O3 

trends in the U.S. from the 1990s to 2010 vary by region, with negative trends prevailing 

in the eastern U.S., but increases common in the West, such as an annual increase of 0.41 

± 0.27 ppb in western U.S. springtime O310. However, global O3 trends are on the rise, 

including for places with a heavy burden of other air pollutants, such as China. Between 

2006 and 2012, annual mean tropospheric O3 concentrations increased by about 0.32 ± 

0.08 Dobson Units per year11, which is roughly equivalent to an increase in annual mean 

ambient concentration of 0.34 ± 0.09 ppb per year averaged across the 10 km 

tropospheric air column. In the rural area northeast of the megacity Beijing, daily 

maximum 8-hour rolling averages have increased by about 1.13 ± 0.01 ppb per year from 

2003-201512. These trends are due largely to increased precursor gas emissions that react 

in complex interactions to form O3. 

1.1.2 O3 Atmospheric Sources and Chemistry 

O3 is a highly reactive gas formed secondarily in the atmosphere through a 

complex series of photochemical reactions between precursor gases. These precursor 

gases include nitrogen oxides (NOX) originating from high-temperature combustion 

sources such as traffic exhaust and other fuel combustion, and volatile organic 
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compounds (VOCs). VOCs are compounds with high vapor pressures at room 

temperature and low boiling points13. VOC sources contributing to outdoor O3 

concentrations include natural vegetation emissions, vehicular exhaust, biomass 

combustion, fossil fuel combustion, and solvent use.  

O3 is primarily formed from the photochemical splitting of singlet oxygen from 

nitrogen dioxide, which then reacts with dioxygen in the presence of an atom or 

molecule able to absorb the heat of the reaction to form triplet oxygen14. When there are 

low VOC concentrations, this reaction is rapid, reversible, and reaches a steady-state 

equilibrium that results in no net production of O3. However, VOCs and CO can tilt this 

equilibrium towards O3 formation. O3 is chemically destroyed in the case of very low 

NOX concentrations (less than 10 ppt), as then hydroperoxyl radicals (HO2•) or carbon 

monoxide can react with O3 to form O2 + a hydroxyl radical (HO•) or CO2 + O2, 

respectively15. If the NO concentration is greater than 10 ppt, then singlet oxygen donors, 

namely HO2•, RCH2O2•, and RCOO2•, predominantly react with NO instead of O3 to 

form NO2 + HO•. The main oxidant in these photochemical atmospheric reactions is 

HO•, and O3 formation reactions can be terminated through HO• quenching via the 

reaction of HO• + NO2 to form HNO3, and so sufficiently high NO2 levels can reduce O3 

formation by causing there to be more HO• + NO2 reactions than HO• reactions with 

singlet oxygen donator precursors. During the night O3 steadily decreases as reduced 

solar radiation leads to a predominance of NO reacting with O3 to form NO2 and O2, 
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and decreased emissions lead to VOC limitation of O3-producing reactions. Decreased 

sunlight during the winter months also leads to reductions in O3 production. The 

highest O3 levels are often observed away from precursor sources in urban centers, since 

the high NOX concentrations in those areas leads to HO• quenching with NO2 and O3 

quenching with NO.  

In summary, VOCs undergo a series of oxidative reactions in the atmosphere to 

form oxygen donors, which then donate an oxygen to NO to replenish NO2. UV 

radiation splits an oxygen off of NO2 to react with O2 and form O3, and this process 

continues to cycle and produce O3 as NO2 molecules are repeatedly split and 

replenished.  

1.1.3 Indoor O3 Sources and Chemistry 

The high reactivity of O3 leads to complex indoor reactions that can produce 

secondary indoor air pollutants. Indoor concentrations of O3 are generally lower than 

outdoor concentrations due to O3 reactions with indoor surfaces. In addition, there are 

few indoor sources of O3 beyond photocopiers, laser printers, and O3-generating air 

purifiers. In the absence of indoor sources, measured indoor/outdoor O3 ratios typically 

range from 0.2 to 0.7 depending on air exchange rates and O3 surface removal rates16. 

Increased indoor relative humidity decreases O3 concentrations by accelerating 

adsorption onto surfaces17. 
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VOCs emitted from paints, furniture, and coatings indoors can react with indoor O3 

to form secondary reaction products. Though most VOCs present in indoor air react far 

too slowly to create any significant products, there are a few volatile compounds 

commonly present indoors that O3 can react with quickly enough in the gas phase to 

significantly affect the concentration, and they all include at least one unsaturated 

carbon-carbon bond16. These compounds tend to form short-lived ozonides and then 

biradicals (R1R2C•OO•), leading to HOX• and ROX• intermediates and then stable 

aldehyde, ketone, or carboxylic acid products. NOX infiltrating from outdoors or 

originating from indoor combustion has a part to play in these reactions too, as NO 

reactions with HO2• were the dominant source of indoor HO• in a model accounting 

only for gas phase reactions18. These products may remain in the gas phase or nucleate 

to the condensed phase to form secondary organic aerosols (SOAs)19. 

Complicating the secondary organic chemistry of the indoor environment are 

reactions that take place on indoor surfaces, such as carpeting or kitchen counters. 

Indoor air filter surfaces can also act as a surface for secondary reactions, accumulating 

organic and inorganic matter that then reacts with radicals, O3, or other reactive species. 

This is evident due to the increased O3 removal efficiency of air filters loaded with 

increased dust, particulates, and other compounds, indicating that O3 reactions are 

taking place and secondary pollutants are being formed. Increased dust load, relative 

humidity, and especially diesel soot load led to higher percentages of O3 removal and 
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concurrent increases in the production of formaldehyde as well as acetaldehyde for 

diesel soot-loaded filters20.  

Indoor air filter surface reactions are increased in air purification systems that 

produce O3, such as those containing electrostatic precipitators (ESPs). EPSs are an 

ionizing air purification technology that can increase indoor O3 concentrations by tens of 

ppb depending on indoor air conditions21. ESPs contain a series of wires upstream of flat 

metal plates that are oriented in line with one another. A high voltage is applied 

between each wire and plate to form a corona discharge that ionizes compounds in the 

air, and these ions then adsorb to the grounded metal plates. The coronal discharge 

produces O3 as a byproduct, and the O3 concentrations produced decrease as 

temperature and relative humidity rise22. Ionizing air purification technologies have 

been found to produce significant concentrations of O3 and NOX, but the secondary 

products of these emissions are largely unknown23. Increases in SOAs measured as PM1 

(PM with a diameter of ≤ 1 μm) have been shown to increase in apartments with the 

combination of an O3-generating air purification device and a cleaning product source of 

terpene VOCs24. Activated carbon filters used downstream of ESPs were shown to 

remove a portion of the generated O3, potentially indicating that O3 generated by ESPs 

can react with compounds on downstream filter surfaces21. It is unclear if significant 

amounts of these products would be emitted from the activated carbon to affect 

downstream air quality. 
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Given the complicated nature of indoor O3 chemistry, O3 exposure is often coupled 

with exposure to O3 reaction products of uncertain toxicity, complicating attempts to 

understand the toxicity of O3 itself. 

1.2 Mechanisms of Air Pollution-Induced Cardiovascular Toxicity 

This section will summarize known air pollution toxicity mechanisms in the 

context of O3, PM, and other pollutants. Though other air pollutants have key 

differences in physicochemical properties and health effects when compared to O3, the 

general toxicity pathways of these pollutants inform possible mechanisms by which O3 

may also exert cardiovascular effects. 

1.2.1 Absorption, Distribution, Metabolism, and Elimination 

The canonical pathway by which airborne PM and gaseous pollutants are 

absorbed is through the respiratory tract, with finer aerosols reaching deeper into the 

airways than larger aerosols. This trend is reversed below a certain aerosol diameter 

with small ultrafine particles depositing more on upper airway and nasopharyngeal 

surfaces due to the high Brownian displacement of these particles25. In terms of gaseous 

pollutants, the greatest factor affecting their absorption is their solubility in the mucosal 

lining of the airways26. SO2 is highly soluble and therefore absorbed predominantly in 

the extrathoracic (ET) region, whereas the less soluble though highly reactive NO2 and 

O3 penetrate deeper into the lung. In addition to these pollutant characteristics, 

absorption is highly variable depending on interindividual variations in airway surface 
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area and diameter, respiration rate and flow, and airway morphology. There are three 

main clearance phases for PM, namely a fast phase with a half-time of about 24 hours 

that represents mucociliary clearance in the ET region, an intermediate phase with a 

half-time of about 4 days representing mucociliary clearance in the tracheobronchial 

region, and a slow phase with a half-time of about 200 days representing alveolar 

clearance in the more distal airways and alveoli27. Nevertheless, particulates can enter 

the interstitium or accumulate in lymph nodes where clearance is extremely slow and 

they may remain for a lifetime28. Absorbed particulates or their constituents can also 

translocate to the circulation, exerting direct effects on the vasculature and organs, as 

has been shown with radiolabeled particulates translocating to the intestines, liver, 

spleen, kidney, and bladder in mice29. Given the potential for long-term residence of 

particulates in lung and potentially other tissues, cumulative exposure is important to 

PM toxicity. Gaseous air pollutants like O3 may not be able to accumulate in the tissues, 

but their downstream effects may also persist and accumulate over long periods.  

1.2.2 Oxidative Stress 

As many air pollutants either facilitate the formation of secondary free radicals due 

to their high oxidative potential, as O3 and soluble transition metals in PM do, or are 

themselves free radicals, such as NO2 and NO, the oxidation of molecules in target 

tissue is an important mechanism of air pollution toxicity. Free radicals play important 

roles in cellular signaling, such as the interplay of vascular NO, superoxide, and 
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peroxynitrite in blood vessel function30,31. However, a disturbance of the endogenous 

pro- and anti-oxidant balance can cause damage to endogenous lipids, proteins, 

carbohydrates, and nucleic acids.  

One of the ways this damage can be mediated is by direct oxidation of 

compounds coming into contact with oxidative pollutants, as in the case of oxidation of 

epithelial lining fluid (ELF) or epithelial cell membrane phospholipids by O3, leading to 

the formation of H2O2 and ozonides that decay into aldehydes, or similar phospholipid 

reactions with NO2 that lead to lipid-derived aldehyde and nitrite ion formation32,33. 

Lung epithelial cells in most airways are coated by the ELF, which contains water, 

electrolytes, and various biomolecules that include surfactants to facilitate air flow, 

though distal airways can have uncovered areas. Besides surfactants, ELF biomolecules 

include antioxidant compounds and enzymes, such as glutathione (GSH), ascorbic acid 

(AH2), glutathione s-transferases (GSTs), peroxiredoxins, and superoxide dismutases 

(SODs); as well as immunomodulatory proteins such as annexin A1 and uteroglobin34. 

However, the ELF antioxidants can be overwhelmed with sufficiently high 

concentrations of oxidative compounds, causing reactive oxidation products from the 

ELF to reach and interact with the lung epithelial and immune cells33. Besides cell 

membrane lipids, oxidative air pollutants can disrupt mitochondrial membranes, 

causing increased superoxide formation via electron leakage from the electron transport 
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chain as well as causing concomitant mitochondrial dysfunction35. Ultrafine particles in 

particular have been shown to aggregate in and damage macrophage mitochondria36. 

Aside from gaseous oxidative compounds in the air pollutant mixture, oxidation 

can be triggered by transition metals or organic compounds sorbed to the surface of 

particulates. Metals such as iron, copper, vanadium, and chromium sorbed to PM can 

catalyze Fenton reactions37, summarized by the following formula: •O2- + H2O2 —(Fe2+, 

V, Cu1+, Cr)→ HO• + HO- + O2. The hydroxyl radical is one of the most reactive radical 

species, so it will attack any biomolecule within diffusion distance37. This reaction can 

redox cycle as reductants such as GSH and AH2 reduce the oxidized transition metal 

catalysts. In terms of the organic fraction sorbed to the surface of particulates, 

compounds such as PAHs and quinones can redox cycle to produce hydroxyl radicals. 

However, much of the ROS production from these compounds arises from their 

metabolic activation. PAHs in air and in the organic fraction of PM either react indirectly 

or directly with CYP1A1/CYP1B1 to produce epoxides that then form PAH diols and 

PAH diol epoxides, which have strong oxidant activity and are known carcinogens38,39. 

Another way oxidative stress can occur is through the activation of immune signaling 

pathways that result in further oxidant production, such as myeloperoxidase (MPO)-

mediated HOCl release from neutrophils shown to be upregulated following diesel 

exhaust exposure40. 
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Beyond lipid targets of oxidation in the cells, tyrosine and cysteine residues can 

be oxidized by pollutants or their associated secondary pollutants, such as peroxynitrite, 

to disrupt normal protein functioning41,42. Oxidative stressors associated with PAH 

content in ambient PM2.5 particles has been shown to oxidize methionine moieties in 

bronchoalveolar lavage fluid (BALF) albumins, which could lead to dysfunction in 

protein binding and enzymatic activity43. Furthermore, lipid oxidation products can 

react with amino acid residues to produce Schiff bases associated with the progression 

of various degenerative diseases, such as MDA reactions with lysine residues44. 

Carbohydrates can undergo glycoxidation when exposed to oxidative stressors to form 

glyoxal and other reactive carbonyls associated with advanced glycation end products 

that play a role in diseases related to inflammation such as atherosclerosis44. Nucleic 

acids can also be the targets of air pollution-associated oxidative damage, as in the case 

of quinones redox cycling to form 8-hydroxy-2’-deoxyguanosine (8-OHdG)45.  

1.2.3 Chronic Inflammatory State 

The products of oxidation reactions with lipids, proteins, and nucleic acids 

contribute to a signaling cascade that induces an inflammatory response, leading to 

downstream dysfunction in a variety of biological systems. There are a number of 

different receptors known as pattern recognition receptors (PRRs) that recognize 

oxidized and otherwise damaged biomolecules as damage-associated molecular patterns 

(DAMPs) and propagate inflammatory signaling. These receptors include CD36, TLR2/4, 
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SR-A1/2/3, SR-B2, LOX-1, and MARCO, and they are expressed on macrophages, 

granulocytes, and various endothelial and epithelial cells46. Some PRRs are relatively 

promiscuous, such as the canonical PRR toll-like receptor 4 (TLR4). TLR4 has been 

shown to play a major role in the inflammatory response to O3, NOx, and particulate 

matter, as it recognizes a number of DAMPs that include oxidized phospholipids, 

oxidized low density lipoprotein (ox-LDL), hyaluronic acid, and extracellular matrix 

fragments47-49. PRRs are pivotal to air pollution-induced inflammation, as inhibition of 

LOX-1 and TLR2 have both been shown to reduce air pollutant-induced inflammation in 

experimental models50,51. Aside from membrane-bound pattern recognition receptors 

(PRRs), there are also soluble PRRs and natural antibodies in the circulation that help to 

recognize DAMPs52. Among these soluble receptors is the well-known pentraxin C-

reactive protein (CRP), which has been shown to bind to oxidized phospholipids in ox-

LDL53.  

The aforementioned DAMP signaling leads to activation of inflammatory 

transcription factors, such as NF-κB and AP-1, that then lead to the production of 

cytokines, chemokines, acute phase proteins, cell adhesion molecules, growth factors, 

matrix metalloproteases, and a variety of other compounds44,54. Alveolar macrophages 

and airway epithelial cells are the first cells in the lung to react to air pollutants either 

through oxidative stress or phagocytosis-induced immune signaling. Both cell types 

signal for monocyte/macrophage and neutrophil chemotaxis within a few hours 
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following acute air pollutant exposure, predominantly through CCL2 for macrophages 

and IL-8 and CXCL1 for neutrophils55-57. There is also a pronounced increase in 

inflammatory cytokine signaling from macrophages in particular, especially of IL-6, 

TNFα, IL-1β, and GM-CSF58,59. This inflammatory signaling leads macrophages, 

neutrophils, and T cells to gather in the lung, adipose tissue, and spleen59. Other cell 

types also accumulate in the lung tissue, particularly mast cells, CD4+ T cells, CD8+ T 

cells, and B cells, which increase in the airway spaces within 6 hours after acute 

exposure60. Dendritic cells in the lung can be activated by air pollutant exposure, causing 

increased expression of surface proteins such as CD80 that stimulate T cell responses61. 

Downstream of NF-κB, lung inflammatory NO signaling is increased via an epigenetic 

upregulation of inducible nitric oxide synthase (iNOS) demonstrated after PM2.5 

exposure62. Aside from antimicrobial effects, this NO signaling contributes to 

downstream pulmonary and cardiovascular dysfunction63. Circulating inflammatory 

signals and particulates themselves can induce inflammation and dysfunction in organs 

far away from the site of injury, such as the brain64. These inflammation effects can 

subside over time following acute air pollutant exposure, but a lingering dysfunction of 

the immune system persists even after acute or chronic exposures, contributing to 

chronic disease.  

Air pollution can induce a chronic inflammatory state that persists long after the 

initial exposure through the sensitization and upregulation of the PRRs, such as with the 
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O3-induced upregulation of TLRs 1, 2, and 465. The sustaining of this primed immune 

response phenotype may be mediated by epigenetic mechanisms, as PAHs have been 

linked with methylation of the FOXP3 locus crucial to T regulatory cell differentiation 

and subsequent protection against autoimmunity66. This epigenetic modification of the 

adaptive immune cells may help sustain adaptive autoimmunity caused by oxidative 

modification of “self” epitopes that renders them unrecognizable as “self” and results in 

epitope spreading and the proliferation of autoreactive T cells and B cells44. Another 

mechanism by which inflammation can persist after exposure is by the inhibition of 

efferocytosis by phagocytes that causes a decrease in the turnover of oxidative stress-

damaged cells, thus allowing the damaged and apoptotic cells to continue causing an 

inflammatory response. Macrophages exposed in vitro to ECM modified by acrolein or 

4-HNE showed decreased ability to phagocytose apoptotic neutrophils67. This may be 

due to decreased expression of surface adhesion proteins, such as CD11b and CD29, 

which have been shown to be decreased in macrophages and monocytes after in vitro 

PM10 exposure68. 

1.2.4 Cardiovascular Pathophysiology 

Ample epidemiological evidence suggests that the bulk of all air pollution-

related mortality is from cardiovascular diseases, in particular myocardial infarctions 

and ischemia, stroke, arrhythmias, and heart failure69. The two air pollutant-related main 

mechanisms that lead to infarctions and embolisms are atheroma progression that can 
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lead to plaque rupture and increased clotting. Atherogenesis is initiated by the 

subendothelial accumulation of lipids and lipoproteins, which then become oxidized to 

form ox-LDL that leads to inflammation and subendothelial accumulation of leukocytes 

laden with oxidized lipids70. This lesion forms a fibrous cap that expands into the arterial 

lumen and accumulates platelets on the disruptions in the vascular wall, and rupture of 

the cap releases thrombogenic lipids into the circulation that can cause occlusions71. Air 

pollutants can increase ox-LDL as well as leukocyte expression of the scavenger receptor 

LOX-1, which can promote atherosclerotic progression50,72. Vehicle emissions have been 

shown in mice to cause upregulation of the vasoconstrictor ET-1 and MMP-9, both of 

which are associated with plaque rupture73. The inflammatory signaling induced by air 

pollution can also increase circulating thrombotic factors such as soluble P-selectin and 

CD40 ligand, which increase the risk of thrombi formation on plaques and subsequent 

plaque destabilization74. Furthermore, fibrinolytic pathways necessary to break up 

thrombi are disrupted following PM and diesel exhaust exposure75,76. Increased 

thrombogenic risk factors as a results of air pollution exposure can precipitate 

myocardial infarctions, venous thromboembolisms, and pulmonary embolisms77,78.  

Vascular stiffening that leads to increased strain on the heart and heart failure is 

another cardiovascular disease etiology affected by air pollution. Stiffened arteries are 

characterized by elastic lamina fragmentation, hyperplasia and hypertrophy of vascular 

smooth muscle cells with impaired contractility, collagen deposition, and arterial 
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calcification79. The increased strain on the heart when pumping blood through stiffened 

arteries and fighting the augmented reflected systole wave manifests as hypertrophy in 

either the left or right ventricle, both of which have been associated with traffic pollution 

exposure80,81. PM2.5 exposure has been associated with increased collagen deposition and 

the expression of osteopontin and TGF-β associated with vascular remodeling, as well as 

MMP-2 associated with elastin degradation82. Modeled air pollutant, especially NO2, 

exposure was associated with greater carotid intima-media thickness and the arterial 

stiffness indicators augmentation index and pulse wave velocity83. Diesel exhaust has 

been shown to increase the arterial stiffness markers augmentation pressure and 

augmentation index as early as 10 minutes following acute exposure84. 

Through autonomic nervous system signaling, air pollution can cause 

arrhythmia as well as vasomotor dysfunction that leads to improper vasoconstriction 

and ischemia. Vagal sensory nerves in the airways can rapidly sense air pollutants and 

induce a decrease in parasympathetic nervous system signaling that is associated with 

reduced heart rate variability and an increased risk of arrhythmia. There are three main 

types of these nerves as characterized by their receptors: C-nerve fibers, rapidly 

adapting pulmonary receptors (RARs), and slowly adapting receptors (SARs). Each of 

these nerves sends afferent signals to the nucleus tractus solitarius in the brainstem, 

initiating autonomic nervous signaling that transmits signals to the heart and brain that 

can cause rapid disruptions in cardiac rhythm and increases in blood pressure85. Both 
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PM2.5 and O3 have been associated with decreases in heart rate variability, which 

indicates poor autonomic function86. O3 has been shown in animal models to cause 

innervation of C-fibers after lipid ozonation products activate the TRPA1 cation channel, 

which has been linked to effects on airway constriction87. Excessive inflammatory NO 

signaling and sympathetic nervous system hyperactivity following air pollutant-induced 

inflammation leads to less NO being available to act as a vasodilator, and so this effect 

along with sympathetic activation of α-adrenergic receptors promotes vasoconstriction88. 

A tendency towards vasoconstriction can also be promoted by direct endothelin release, 

augmentation of angiotensin II receptors and responses, or augmentation of smooth 

muscle contractile responses via oxidative stress mechanisms following air pollution 

exposure89. 

In summary, air pollutants exert toxicity by inducing oxidative stress in the 

airways that leads to systemic inflammation and autonomic nervous signaling, which 

can induce downstream cardiovascular effects on blood pressure, arrhythmia, arterial 

stiffness, atherosclerosis, and thrombosis. In addition, some PM can also translocate into 

the vasculature and organs to exert direct toxicity. O3 cannot translocate directly into the 

vasculature without reacting with biomolecules, but the other pathways present possible 

mechanisms of the O3-induced cardiovascular toxicity suggested by a growing body of 

epidemiological research. 
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1.3 Epidemiological Evidence of O3 Effects on Cardiovascular 
Health 

The relationship between O3 exposure and cardiovascular disease is still poorly 

understood, and there remains controversy as to whether a causative relationship exists, 

mainly due to a lack of consistent mechanistic responses, particularly in human studies. 

The 2013 US EPA integrated science assessment for the review of the O3 national 

ambient air quality standards concluded that there is sufficient evidence to conclude that 

short-term O3 exposure is likely to cause cardiovascular disease, though there are 

inconsistencies and uncertainties regarding the mechanism behind this association90. 

Much of that evidence has been published within the past decade and was not available 

during the previous EPA assessment of O3 health effects in 2006. The 2013 assessment 

verifies that the strongest evidence of O3 health effects is for respiratory effects, and it 

recommends updates to the standards based primarily on lung function changes in 

controlled human exposures. This uncertainty regarding the cardiovascular health 

effects of O3 is also reflected in the most recent Global Burden of Disease Study 

estimation of the disease burden attributable to O3 exposure, which only factors in the 

relationship between O3 and chronic obstructive pulmonary disease (COPD)91.  

Since the EPA assessment was released, there have been additional 

epidemiological studies lending evidence to an association between O3 and 

cardiovascular disease outcomes. Since 2013, there have been three North American 

studies showing significant positive associations robust to controlling for co-pollutants 
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between O3 and one or more of the following mortality classifications: 

cardiovascular4,5,92, dysrhythmia5, cardiometabolic4, and ischemic heart disease4. In 

addition, a recent meta-analysis of 53 studies showed a very weak but significant 

association between O3 and stroke93, and following that another study found a 

significant association between peak O3 concentrations during the afternoon and 

ischemic stroke occurrence in Seoul94. Also, non-myocardial infarction out-of-hospital 

cardiac arrests (OHCAs) were found to be significantly associated with O3 in Helsinki, 

but this was not true for myocardial infarction-related OHCAs95. Despite these recent 

findings, there were also epidemiological studies in the past few years that found no O3 

associations with cardiovascular mortality in England96 or total mortality in France97, 

and another that found associations with cardiovascular mortality that became 

nonsignificant when controlling for other air pollutants in a Thai cohort98. The increasing 

evidence for the cardiovascular effects of O3 in the past decade may be driven by 

advances in modeling O3 exposure for large cohort studies. For instance, in the original 

epidemiological analysis of an American Cancer Society cohort, Jerrett et al.2 found that 

O3 exposure was associated with respiratory but not cardiovascular mortality. In the 

follow-up study using the same cohort, Turner et al.5, a significant association was found 

between O3 and not just respiratory mortality, but also cardiovascular mortality, and the 

major differences in the follow-up study were the use of a more advanced space-time 

exposure model and a larger sample size.  
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With the mounting epidemiological evidence linking O3 and cardiovascular 

outcomes, an understanding of the mechanism underlying these associations is 

imperative to verifying their causality. Controlled acute human exposures to high O3 

have resulted in changes in markers of inflammation and fibrinolysis at 300 ppb99 and 

changes in cardiac autonomic function at concentrations of 110100 to 300 ppb99. 

Controlled exposure studies have revealed increases in diastolic blood pressure (DBP) to 

a co-exposure of O3 and concentrated ambient particulates101-103, but not to O3 alone, and 

one controlled study found a blunting of exercise-induced blood pressure increases in 

association with O3104. However, one of those studies also demonstrated O3 exposure 

associations with increased systolic blood pressure (SBP)102.  

Controlled exposure experiments are well-designed to support causal 

relationships, but they may fail to observe physiological effects associated with more 

realistic or longer-term exposures. Studies assessing cardiovascular biomarker outcomes 

in association with real-world O3 exposures have shown significant associations with 

various hemostatic markers, including fibrinogen105-107, von Willebrand factor106, and 

plasminogen activator inhibitor-1105, though these associations have also been 

nonsignificant in other studies evaluating the same biomarkers108-110. Several studies 

evaluating ambient O3 exposures have also assessed associations with blood pressure, 

and these results have been mixed as well, with some showing associations with either 

just SBP or both SBP and DBP111,112, and others showing no association113 or a negative 
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association114. In addition to these inconsistent human results, numerous animal studies 

with high exposures have presented more consistent associations between O3 and 

changes in vascular tone115-117, mRNA for genes encoding thrombogenic factors118, and 

atherogenesis115.  

The epidemiological and toxicological evidence linking O3 and cardiovascular 

disease is promising, but the mechanistic evidence is highly variable and additional 

evidence in humans is needed. 

1.4 Specific Aims 

The primary goal of this dissertation is to use real-world O3 and co-pollutant 

exposure and biomarker data primarily from a single longitudinal human cohort study 

to examine possible mechanisms linking O3 and cardiovascular health effects. This main 

cohort study, described in Chapter 2, included not only exposure and biomarker 

monitoring, but also a design involving the manipulation of PM using high-efficiency air 

particulate (HEPA) filters and electrostatic precipitators (ESPs), which generate O3 as a 

byproduct of PM removal. In order to address the mechanisms of O3-associated 

cardiovascular effects, I conducted my dissertation research based on the following 

specific aims: 

The first aim was to assess associations between O3 exposure and biomarkers of 

cardiopulmonary pathophysiologic mechanisms. This was achieved by using time-

activity and indoor and outdoor pollutant monitoring to calculate personal 24-hour and 
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longer-term (2-week) pollutant exposure concentrations. These exposures were then 

used as predictors in single- and two-pollutant linear mixed models with subject-specific 

random effects to assess associations between the exposures and biomarker outcomes. 

These results are described in Chapter 3. 

The second aim was to assess the associations between HEPA and ESP removal 

on exposure concentrations and biomarker outcomes. In particular, investigating the 

influence of removing the indoor O3-producing ESP on biomarker outcomes increases 

the understanding of how low-level indoor O3 acts on cardiovascular pathophysiologic 

mechanisms. This was achieved by evaluating mixed model results for HEPA and ESP 

effects on pollutant exposure, and by utilizing a Bayesian hierarchical generalized ridge 

regression (GRR) model to assess associations with biomarker outcomes. The GRR 

models allow for better effect estimation with collinear predictors, and in this case they 

included cumulative unfiltered air pollutant exposure covariates. Unfiltered exposure 

predictors were also evaluated to test to see if exposures during times spent away from 

purified indoor air are associated with biomarkers. These analyses are described in 

Chapter 4. 

Finally, the third aim was to investigate possible effect modifications of O3 and 

co-pollutant exposure-response relationships by age and BMI. These effect modifications 

may explain some of the variability seen in the biomarker response to O3 in the 

literature, and they may also help identify more vulnerable populations. This analysis 
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involved using exposure by age or exposure by BMI interaction terms in the GRR 

models and assessing the relationships of those terms with biomarkers. This analysis is 

discussed in Chapter 5. 

The overall conclusions, a proposed mechanistic pathway based on my findings, 

implications, and future directions can be found in Chapter 6. 
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2. Methodology for the “Influence of Indoor Air Filtration 
Strategies on Occupant Health Indicators” Field Study 

As the discussed in the previous chapter, there remains a great deal of 

uncertainty regarding the health effects of O3 and the actual health consequences of 

indoor air filtration, particularly in the context of air purification methods that may 

generate indoor O3. In order to examine the effects of different indoor air filtration 

strategies and concomitant changes in exposure to various air pollutants on 

cardiopulmonary disease pathophysiologic mechanisms, a longitudinal cohort 

intervention study, “Influence of Indoor Air Filtration Strategies on Occupant Health 

Indicators” (Clinicaltrials.gov registration #NCT02769208), was performed in southern 

China during the winter of 2014-2015. This study will be referred to as the “Changsha 

Study” from this point on. This study was part of a larger funded grant, “Mechanisms of 

Exposure to and Control of PM2.5 and its Combined Pollution in Built Environment” 

(NSFC #51420105010), aimed at examining PM2.5 infiltration and chemical 

transformations under different ventilation and filtration conditions. The details of why 

this location was chosen and all the methods used during the study will be discussed in 

this chapter. 

2.1 Study Site 

This study was performed on a work campus in the suburban areas surrounding 

Changsha City, the capital of Hunan Province, China. Changsha City experiences high 
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background air pollution, primarily from mobile sources and regional transport from 

industrial emission centers in Hunan Province and the surrounding provinces. 

According to data collected from 11 governmental air monitoring stations around 

Changsha City, the mean annual PM2.5 and O3 concentrations for 2014 were 65 µg/m3 

and 25 ppb, respectively. Many cities in China have high ambient air pollutant 

concentrations, but what made this location particularly attractive as a study site was the 

existence of a work campus called Broad Town where workers lived and worked 

together in a 1 km2 area. See Figure 1 for the layout of Broad Town. The biomarker 

sampling site, offices, and dorm buildings are all closely collocated.  

Since Broad Group, the company that owns Broad Town, manufactures air 

filtration equipment, the offices and dormitories that office workers on the campus 

occupied were mechanically ventilated through central air handling units (AHUs) using 

a single-pass system that contained multi-part air-purifying systems (see Section 2.2.1). 

The office building had separate AHUs for each floor, and most of the dormitory 

buildings were served by a single AHU. Dorm building 4 was separated into halves, 

each with a separate central air handling unit (AHU), called Buildings 4A and 4B. 

Building 4A was used as a hotel rather than a dorm building, which will be an important 

point in the study design described in Section 2.2.1 Filtration. 

The existence of these central AHU filtration systems, combined with high 

ambient air pollution and an employee population that tends to follow the same daily 
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schedules and even eats the same food at central cafeterias, made Broad Town an ideal 

location to study the health effects of central air purification technologies. 

 

Figure 1: Layout of the Broad Town Study Site 

2.2 Study Design 

This study was designed to examine the physiological effects of removing air 

purification filters and devices already present in the central AHUs of the buildings at 

Broad Town. As such a five-week intervention was performed in which the ESPs were 

turned off and a subset of the office and dorm spaces also had the HEPA filter removed 

from the central AHU. The entire study period lasted from Dec. 1, 2014 to Jan. 31, 2015. 

See Table 1 for an overview of the study design discussed in this section. 
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Table 1: Overview of the Changsha Study 

Condition Pre-intervention 
(Dec. 1-5, 2014) 

Intervention (Dec. 
6, 2014 – Jan. 13, 
2015) 

Post-intervention 
(Jan. 14-31, 2015) 

Duration 5 days 39 days 18 days 
Biomarker 
sampling visits 

Visit 1 (Dec. 2-5, 
2014) 

Visit 2 (Dec. 23-26 & 
30, 2014) & Visit 3 
(Jan. 6-8 & 13, 2015) 

Visit 4 (Jan. 27-30, 
2015) 

Group A 
Filtration F8 + ESP + HEPA F8 F8 + ESP + HEPA 
Office Location Office A Office A Office A 
Living Quarters Dorm Buildings 1-6 Dorm 4A (Hotel) Dorm 4A (Hotel) 

Group B 
Filtration F8 + ESP + HEPA F8 + HEPA F8 + ESP + HEPA 
Office Location Office B Office B Office B 
Living Quarters Dorm Buildings 1-6 Dorm Buildings 1-6 Dorm Buildings 1-6 
 

2.2.1 Filtration 

The offices and dorm buildings at Broad Town were outfitted at baseline with 

mechanically ventilated central AHUs containing an F8 pre-filter (i.e., coarse filter), ESP, 

and H13 HEPA filter. The classes F8 and H13 are defined by the European Standards EN 

779 and EN 1822 to have an average filtration efficiency of 90-95% for 0.4 um particles 

and greater than or equal to 99.95% efficiency at the most penetrating particle size, 

respectively. In practice these filters had PM2.5 filtration efficiencies of approximately 

50% and 98%, respectively, based on field measurements.  

These filtration conditions were in place from baseline until the intervention 

period, Dec. 6th, 2014 to Jan. 13th, 2015. During this time, subjects were split into two 

groups based on which office floor they worked, with the possible options being floors 
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3, 3.5, and 4. Floor 3 and Floors 3.5 and 4 were each separately served by one of two 

separate central AHUs. Due to the need to have all people in the same group be on the 

same floor, subjects were not randomized into groups. Participants in Group A all 

worked on Floors 3.5 and 4 and those in Group B all worked on Floor 3 in the main 

office building shown in Figure 1. During the intervention period, Group A had the ESP 

turned off and HEPA filter removed from the Floor 3.5 and 4 AHU, leaving only a F8 

filter. Group B only had the ESP turned off in the Floor 3 AHU, leaving both the F8 and 

HEPA filters. Baseline filtration conditions in all office floors were restored on Jan. 14, 

2015. Floor 3.5 is labeled a half floor because the floor of part of Floor 3.5 was about 2 

feet below the ceiling of Floor 3, leading to a gap that allowed air exchange. This gap 

was sealed with plastic tiles, and open doorways to staircases that connected Floor 3 to 

Floors 3.5 and 4 were covered with strips of plastic to prevent air mixing.   

The same F8 filter, ESP, and HEPA filter combination as in the office central 

AHUs was also present in the dormitory AHUs at baseline. Study participants had 

dormitories spread out between six different dorm rooms, as shown in Figure 1 and 

described in Section 2.1. The same changes in filtration conditions applied to the office 

floors during the intervention period were also implemented in the dormitories. 

Participants in Group B remained in their original dormitory buildings throughout the 

study period, and during the intervention period the ESPs in the AHUs for the six dorm 

buildings were shut off or temporarily removed. Removing or keeping the ESP in and 
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turning it off had no effect on pressure or flow through the AHU as the charged plates in 

the ESP were spaced apart widely enough to allow uninhibited air flow between these 

plates.  

Given that the Group A participants lived in dorm rooms located in the same 

buildings as the Group B participants, it was necessary to move subjects in Group A 

from their original dorm rooms into Building 4A, the hotel described in Section 2.1, 

during the intervention period to separate their filtration conditions from those of Group 

B subjects. Building 4A also had the three-part F8, ESP, and HEPA filter combination in 

its AHU at baseline, but the ESP and HEPA filter were removed prior to the Group A 

subjects moving in on Dec. 6th, 2014 and reinstalled for the post-intervention period on 

Jan. 14th, 2015. The main difference between the indoor air conditions in Building 4A 

compared to the other dorm buildings was that there was not any indoor smoking there 

given its use as a company hotel, whereas some indoor smoking was detected in the 

residences of the four active smokers in Group A in the Building 2 dorm where these 

subjects stayed prior to the intervention period. In part due to the necessary relocation 

based on intervention, subjects were not blinded to which filtration intervention they 

were receiving. 

2.2.2 Biomarker Sampling: Timing and Overview of Biomarkers 

There were four biomarker sampling periods during the study, one at baseline, 

two during the intervention period, and one after baseline conditions were restored. 
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These were spaced at roughly two week intervals either from the other sampling visits 

or from the start or end of the intervention, so that the two during-intervention sampling 

visits occurred approximately two and four weeks into the intervention and the final 

visit occurred two weeks after baseline conditions were restored. Each of these sampling 

visits took about four days to complete, with about 22 subjects being processed per day. 

 Given that many participants spent weekends away from Broad Town and a 

subset of the subjects also spent Wednesday night away, no visits were scheduled within 

one day of any day in which subjects spent more than a couple hours away from Broad 

Town. This meant that sampling visits were only held from Tuesday to Friday, and 

subjects who spent Wednesday night away from Broad Town were not scheduled for 

Thursday visits. When possible, subjects were scheduled for the exact same day of the 

week and hour for each visit.  There were two sampling visits during which sampling 

was not done on four consecutive days. There were five subjects who could not be 

scheduled during the main sampling period of the second visit, Visit 2, from Tuesday, 

Dec. 23rd to Friday, Dec. 26th, and so they were rescheduled for Tuesday, Dec. 30th. 

During Visit 3, all subjects scheduled for Friday, Jan. 9th, 2015 had to be rescheduled to 

Tuesday, Jan. 13th, 2015 due to an impromptu company event.  

Table 2: Overview of Biomarkers Sampled and the Associated Cardiopulmonary 
Pathophysiology Pathways 

Pathophysiologic 
Pathway/Category 

Biomarkers 

Pulmonary inflammation & Fractional exhaled nitric oxide (FeNO), exhaled breath 
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oxidative stress condensate (EBC) nitrite + nitrate (EBCNN), EBC pH, 
and EBC free malondialdehyde (EBC MDA) 

Lung function Spirometry (FEV1, FVC, FEV1/FVC) 
Systemic inflammation & 
oxidative stress 

Plasma C-reactive protein (CRP), urinary 8-hydroxy-2’-
deoxyguanosine (8-OHdG), and urinary free MDA 
(UMDA) 

Blood pressure Brachial systolic, diastolic, and pulse pressure (SBP, 
DBP, & PP) 

Arterial Stiffness & 
Myocardial Function 

Brachial augmentation index (AI), carotid-femoral 
pulse wave velocity (PWV), and subendocardial 
viability ratio (SEVR) 

Thrombosis Plasma von Willebrand Factor (VWF) and plasma 
soluble P-selectin (sCD62P) 

 

A summary of the biomarkers collected during these visits and their general 

pathophysiologic categories are shown in Table 2. Each sampling visit day began at 8:00 

AM with fasting blood and first morning void urine collection that was completed by 

8:30 AM.  From that point on until 5:30 PM, subjects were scheduled throughout the day 

to come in for 30-45 minutes and undergo exhaled breath and exhaled breath condensate 

(EBC) collection, as well as pulse wave analysis (PWA), spirometry testing, and the 

filling out of a time-activity questionnaire. As the spirometry test was somewhat 

strenuous, it was always completed last within a given subject’s appointment in order to 

not interfere with the other sample collections and measurements.  

2.3 Study Subjects 

89 white-collar workers living and working at Broad Town were recruited by 

passing out flyers to workers in the office. Each participant underwent questionnaire 

and basic metabolic blood panel screenings for prior medical conditions to ensure a 
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healthy baseline status. All subjects had to be older than 18, work in one of two Broad 

Town office floors, spend at least four nights each week in the dormitories, and be free 

from major chronic diseases as self-reported by the subjects in a baseline health 

questionnaire. In addition, an initial blood drawing and basic metabolic panel was 

performed to check for abnormal blood lipids or markers of kidney, liver, or other 

metabolic dysfunction, which would have been grounds for exclusion. 12 individuals 

were initially recruited but did not pass screening. The Ethics Committee of the 

Shanghai First People’s Hospital and the Campus IRB of Duke University approved the 

study protocol and explicit written consent was obtained from all participants. 

2.4 Exposure Assessment 

2.4.1 Outdoor Air Pollutant Monitoring 

Ambient PM2.5, O3, NO2, SO2, temperature, and relative humidity data were 

collected for the “Jingkaiqu” monitoring station in eastern Changsha from a publicly 

available website for the period from Nov. 17th, 2014 to Jan. 30th, 2015. This monitoring 

station was located 4.5 km to the northwest of Broad Town, and there were few major 

roadways and other local air pollution sources between the station and the study site. A 

comparison of the concentrations measured simultaneously at the both sites showed a 

slope of 1.03 and R2 of 0.998 for PM2.5 and a slope of 0.97 and R2 of 0.988 for O3 in least 

square linear regressions. During 59% of the total study time, the wind direction was 

from the north or northwest, and this grew to 75% of the time when only considering 
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times during biomarker sampling periods. Therefore the wind was blowing from the 

direction of the monitoring station for the majority of the study.  

2.4.2 Indoor Air Pollutant Monitoring 

Starting from the evening of Dec. 1st, 2014, O3 and PM2.5 monitoring was 

conducted in the offices and dorms at Broad Town until the last study day on Jan. 30th, 

2015. Indoor PM2.5 mass concentration was continuously measured in the two involved 

office floors during the day (09:00-18:00) and in two dormitory rooms (out of 35 rooms in 

7 buildings total) at night (20:00-08:00) using field-calibrated nephelometers (Sidepak 

AM510, TSI Inc., Shoreview, USA). Daytime indoor O3 was continuously measured 

using a single UV absorption monitor (Model 205, 2B Tech., Boulder, USA) first placed 

in one of the offices from 09:00-11:00, then the other office from 11:00-16:00, and finally 

16:00-18:00 in the original office, alternating which office was measured first from day to 

day. During the evening (20:00-22:00), indoor O3 was monitored for two one-hour 

periods in one selected dormitory room each day. These measurements were used to 

establish indoor/outdoor (I/O) ratios taking into account known indoor sources and 

filtration conditions (see Appendix A and Table 15), which were later used to estimate 

hourly averages for PM2.5 and O3 outside of the monitoring times.  

2.5 Biomarker Measurements 

We measured the following biomarkers reflecting a variety of pathophysiologic 

pathways: exhaled breath condensate (EBC) malondialdehyde (MDA) for pulmonary 
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oxidative stress119; fractional exhaled nitric oxide (FeNO)120, EBC pH, and the sum of 

EBC nitrite and nitrate (EBCNN) for pulmonary inflammation119; FEV1, FVC, and 

FEV1/FVC ratio for lung function; C-reactive protein (CRP) for systemic inflammation121; 

urinary malondialdehyde (UMDA)122 and urinary 8-hydroxy-2’-deoxyguanosine (8-

OHdG) for oxidative stress123; brachial systolic and diastolic blood pressure and pulse 

pressure (SBP, DBP, and PP) for vascular tone124; brachial augmentation index (AI) and 

carotid-femoral pulse wave velocity (PWV) for arterial stiffness125; subendocardial 

viability ratio (SEVR) for myocardial oxygen supply and demand126; soluble P-selectin 

(sCD62P) for platelet activation127 and von Willebrand factor (VWF) for endothelial 

dysfunction128. 

2.5.1 Pulmonary Biomarkers 

Breath samples were collected using a device that creates a seal around each 

subject’s mouth and uses a one-way valve with activated carbon for scrubbing ambient 

NO. The subjects breathed in through the NO-scrubbing inlet, and then exhaled through 

a flow meter into a 4L aluminum bag at a steady flow rate of 6 to 9 L/min. The breath 

samples were analyzed for FeNO within hours of collection using a chemiluminescence 

analyzer (Model 42i, Thermo Scientific, Waltham, USA).  

EBC from 15 minutes of tidal breathing was collected using a condensation 

device (ECoScreen, Jaeger, Germany). After collection, the samples were deaerated with 

argon gas, measured for pH, and stored at -30 °C. EBC MDA was analyzed through 
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thiobarbituric acid-derivitization and HPLC-fluorescence detection122. EBCNN was 

analyzed with HPLC-UV detection129. 

Spirometry was performed with a Spirolab III (Medical International Research, 

Rome, Italy) benchtop spirometer. Subjects were coached through at least three 

expiratory maneuvers, for which the best measures out of three valid expiratory efforts 

were selected as representative.  

2.5.2 Cardiovascular and Systemic Biomarkers 

Fasting blood samples were collected by a nurse into blue top sodium citrate 

vacuum tubes and temporarily stored for a few hours at 4 °C. Starting around 6:00 PM 

each collection day, these tubes were centrifuged to separate the plasma, the plasma 

supernatant was aliquoted and both the plasma aliquots and blood cell pellet were 

stored at -30 °C. These plasma samples were later analyzed for sCD62P, CRP, and VWF 

using an ELISA method (R&D Systems for CRP and sCD62P; RayBiotech for VWF).  

Fasting urine samples were immediately frozen for later solid phase extraction 

and LC-MS analysis for 8-OHdG130, as well as thiobarbituric acid-derivitization and 

HPLC-fluorescence detection for free UMDA122. 

Pulse wave analysis (PWA) measurements were performed with a VICORDER 

(SMT Medical, Würzberg, Germany), including the measurement of SBP, DBP, AI, and 

SEVR with a brachial pressure cuff, as well as PWV with carotid and femoral pressure 

cuffs. The average of three tests was used for evaluating each of the PWA measures.
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3. Pathophysiologic Mechanisms Underlying 
Cardiorespiratory Effects of Ozone in Healthy Adults 

3.1 Introduction 

PM2.5 has often been reported to be associated with the cardiovascular toxicity of 

air pollutant mixtures and O3 with respiratory illness2,3. However, there is increasing 

evidence that O3, independent of PM2.5, is also associated with cardiovascular 

hospitalizations and mortality4,5. For example, O3 has been associated with increases in 

mortality related to embolism and thrombosis131, ischemic heart disease4, heart failure5, 

and stroke132. However, not all studies reporting associations of O3 and cardiovascular 

outcomes found that the associations were independent from PM and other gaseous 

pollutants such as NO2 and SO2133,134, and other studies have found nonsignificant or 

seemingly ‘beneficial’ associations between O3 and cardiovascular outcomes135,136. The 

uncertainty in epidemiological findings of O3 cardiovascular effects is further enhanced 

by the limited understanding of biological mechanisms underlying the epidemiologic 

associations90. 

In this chapter, I analyze the Changsha Study data to examine relationships 

between O3 and other pollutants and the measured biomarkers of cardiopulmonary 

disease pathophysiology. The relative uniformity of lifestyle patterns and proximity of 

participants living and working together at a work campus in Changsha City, China, 

presented a unique opportunity to monitor pollutants in indoor and outdoor air and to 

measure changes in the levels of biomarkers pertinent to cardiorespiratory disease risk. 
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The cardiovascular biomarkers used in this study have all been associated with air 

pollution exposure in previous studies110, though not necessarily with O3 specifically, 

and this study also includes lung function measures consistently associated with O3 in 

high-concentration, acute controlled exposure experiments90. Additionally, this setting 

facilitated the manipulation of indoor PM2.5 and O3 through the use of various filtration 

technologies in all the residences and offices. This provided an opportunity to generate 

different temporal patterns between O3 and PM2.5 exposures, which helped to 

disentangle the effects of these two major pollutants. 

Using well-characterized 24-hour exposures and calculated 2-week exposures 

based on the aforementioned indoor and outdoor air monitoring and time-activity 

pattern data, I have explored the possible mechanisms by which O3 may increase the 

risk of cardiovascular disease independently from PM2.5 and other pollutants. This has 

been achieved through an examination of associations between changes in O3 exposure 

and changes in the levels of biomarkers reflecting cardiovascular and respiratory 

pathophysiology while controlling for co-pollutants.  

 

3.2 Methods 

3.2.1 Exposure Calculation 

The indoor and outdoor pollutant measurements described in Section 2.4 were 

combined with time-activity data from the aforementioned questionnaire to calculate 
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mean pollutant exposure concentrations. The details of these calculations can be found 

in Appendix A. These measurements were also used to establish indoor/outdoor (I/O) 

ratios taking into account known indoor sources and filtration conditions (see Table 15 

in Appendix A), which were later used to estimate hourly averages for PM2.5 and O3 

outside of the monitoring times based on ambient concentrations. These I/O ratios were 

found to be within 25% of measured I/O ratios during monitoring times. 3.8% of the 

hourly outdoor pollutant concentration data from the monitoring station were missing, 

and we used linear interpolation to impute these missing values when possible. 

As NO2 and SO2 were not affected by the filtration conditions, these were not 

measured indoors. Instead, I/O ratios of 0.8 for NO2 and 0.5 for SO2 were assumed for 

all indoor spaces based on the physical characteristics of the dorms and offices coupled 

with previous relevant literature (see Appendix A)137,138. Time-activity questionnaire data 

were integrated with indoor and outdoor O3 and PM2.5 hourly average concentrations to 

calculate 24-hour exposure concentrations. The assumed I/O ratios for unknown indoor 

environments were 0.35 for O3 and 0.8 for PM2.5 based on previous findings in lightly 

sealed indoor spaces16,139 and expectations for structures in the Changsha region. As the 

study was organized with approximately 2-week breaks between biomarker 

measurements, two-week exposure concentrations were estimated as representative of 

‘sub-chronic’ exposure effects. 
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3.2.2 Statistical Methods 

Depending on data distribution, concentrations of certain biomarkers were 

natural logarithm-transformed in statistical analyses, namely EBC MDA, FeNO, 

EBCNN, 8-OHdG, UMDA, CRP, and sCD62P. Linear mixed models with subject-specific 

intercepts were used to analyze concentration-response relationships between each 

biomarker and each exposure measure. The use of subject-specific intercepts in mixed 

models accounts for correlation between within-subject repeated measurements and 

precludes the need to control for subject characteristics that do not change between 

measurements (e.g., age). Two-pollutant models for all combinations of 24-hour or 2-

week exposures were performed to test if the associations observed in the single-

pollutant models remained after controlling for a second pollutant.  

All models controlled for 24-hour mean ambient temperature and duration of 

time spent in a room with a smoker. Since we expected an unequal influence of certain 

covariates on the biomarkers, a backwards stepwise model selection method was used 

to select the following additional covariates for each model predicting a given biomarker 

outcome: respiratory infection status (RIS), menstruation status (MS), day of the week 

(WD), and hours since the subject last ate (LA). The specific additional covariates 

selected for each biomarker are shown in Table 3. Multiple testing-corrected p-values 

were obtained using the Benjamini-Yekutieli method of reducing the false discovery rate 
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while allowing for an arbitrary dependence structure in the predictor and outcome 

variables140.  

Sensitivity analyses included models excluding all smokers and ex-smokers, all 

observations reporting secondhand smoke exposure, or outlying values from the 

models. We also assessed five separate models by controlling for one of the following in 

the main model: (1) all four of the aforementioned stepwise method-selected covariates, 

(2) curvilinear associations with temperature using a cubic spline, (3) relative humidity, 

(4) hour of the day, (5) shorter averaging times for the O3 exposure predictor, and (6) a 

pollutant exposure by group interaction term to test between-group differences in 

exposure-response associations (see Appendix B). All calculations were made using the 

“nlme”141, “openair”142, and “stats” packages in R, Version 3.3.3143. 

Table 3: Additional Covariates Selected by Stepwise Method for Certain 
Biomarkers 

Selected Additional Covariate Biomarkers 
None FeNO, EBC pH, FEV1, FVC, 8-OHdG, UMDA, DBP, 

PP, PWV, SEVR, & CRP 
RIS sCD62P 
MS EBC MDA & AI 
LA FEV1/FVC, AI, & VWF 
WD EBC MDA, EBCNN, SBP, sCD62P, & VWF 
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3.3 Results 

3.3.1 Participant Characteristics 

Study participant characteristics are listed in Table 4. Eighty-one out of the 89 

subjects (91%) completed all four visits, 3 subjects withdrew from the study after the 

first visit, and 5 subjects completed 3 visits. Out of 343 total observations, only 8 (2.3%) 

were omitted because they corresponded with time-activity questionnaires that were not 

filled in, and an additional 2 (0.6%) were omitted because medications that might affect 

biomarker outcomes had been taken by the participants. All subjects that attended at 

least one visit are included in the analyses.  

Table 4: Study Subject Characteristics 

Characteristic Value 
Age, Mean (SD), y 31.5 (7.6) 
Age Range, y 22-52 
Female, Number (%) 25 (28.09%) 
BMI, Mean (SD) 22.3 (2.7) 
Number of Current Smokers, Number (%) 15 (16.9%) 
Number of Ex-Smokers, Number (%) 6 (6.7%) 
Pack-years for Current and Ex-Smokers, Mean (SD) 0.87 (2.48) 

 
3.3.2 Air Pollution Exposure 

Table 5 gives summary statistics for the outdoor and total exposure 

concentrations averaged over the 24-hour and 2-week period, respectively, prior to each 

biomarker sampling time. For O3, summary statistics for the maximum 8-hour rolling 

average within the 24 hours prior to biomarker sampling (“8h Max”) is also given. The 
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24-hour O3 exposure concentrations corresponded with 24-hour daily maximum 8-hour 

rolling average (“8h Max”) outdoor O3 concentrations of 29.0 ± 16.0 ppb, lower than 

daily maximum 8-hour O3 concentrations associated with cardiovascular mortality5 but 

within range of concentrations associated with some cardiovascular risk indicators (e.g., 

decreased heart rate variability and fibrinolysis)105. In contrast, the 24-hour PM2.5 

exposure concentrations, corresponding to outdoor 24-hour PM2.5 concentrations of 91.2 

± 54.0 µg/m3, were higher than typical PM2.5 concentrations associated with increased 

cardiorespiratory mortality risk144. The 24-hour NO2 and SO2 exposure concentrations, 

corresponding to outdoor concentrations of 28.6 ± 8.2 and 11.7 ± 3.0 ppb, were 

comparable to levels that have been previously associated with cardiovascular 

mortality145,146.  

In terms of the weather, 24-hour average ambient temperature ranged from 0.9 to 

9.8 °C with a mean of 6.9 °C. 24-hour average relative humidity ranged from 50.9 to 

90.2% with a mean of 73.4%. The weather was cloudy on most days with 7 biomarker 

sampling days having rain at some point during the day: 1 day during the first sampling 

day, 2 days during the third, and all four days of the fourth. 

Table 6 shows the Spearman correlation matrix for all of the outdoor and 

calculated exposure concentrations with adjusted p-values. O3 was the only pollutant 

measured to have negative correlations with other pollutants, with the 2-week O3 

exposure being more strongly negatively correlated. In contrast, PM2.5, NO2, and SO2 
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were all positively correlated with each other. The 24-hour and 2-week exposure 

concentrations for all the pollutants were positively correlated with their respective 

outdoor concentrations, with extremely high correlations for NO2 and SO2 (Spearman’s 

ρ > 0.96).  

Table 5: Air Pollutant Outdoor and Estimated Exposure Measure 
Concentrations 

Pollutant Time 
Frame 

Type Minimum Median Mean SD Maximum 

O3, ppb 8h 
Max 

Outdoor 5.16 27.52 29.04 15.96 58.04 

24-
hour 

Outdoor 4.33 19.07 21.67 14.28 47.91 
Exposure 1.45 4.59 6.71 4.31 19.45 

2-
week 

Outdoor 12.20 21.36 22.66 7.37 34.89 
Exposure 4.46 6.95 7.84 2.29 13.28 

PM2.5, 
µg/m3 

24-
hour 

Outdoor 16.25 70.33 91.20 53.97 210.70 

Exposure 3.18 26.64 38.69 30.69 155.01 

2-
week 

Outdoor 56.31 84.43 90.25 23.72 126.88 

Exposure 12.98 40.64 43.90 15.08 81.32 

NO2, ppb 24-
hour 

Outdoor 15.47 28.27 28.62 8.23 47.37 
Exposure 12.53 22.80 23.22 6.73 39.90 

2-
week 

Outdoor 25.43 30.99 31.29 3.14 39.26 
Exposure 20.62 25.20 25.48 2.56 32.13 

SO2, ppb 24-
hour 

Outdoor 7.41 11.04 11.68 2.95 20.34 
Exposure 3.71 5.70 6.14 1.63 10.80 

2-
week 

Outdoor 8.22 11.26 12.16 2.99 16.66 
Exposure 4.20 6.22 6.50 1.60 9.77 

 



 

 

 

Table 6: Spearman Coefficients for Correlations between Outdoor and Calculated Air Pollutant Exposure Concentrations 

 

Exp refers to the calculated pollutant exposure. Bolded and underlined Spearman coefficients have p-values < 0.05 after 
Benjamini-Yekutieli false discovery rate adjustment. 
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3.3.3 Biomarker Responses 

Biomarker concentrations and values are summarized in Table 7. Using these 

values in single pollutant models, we found that a 10 ppb increase in 24-hour O3 

exposure concentration (Figure 2) was associated with significant increases in FeNO 

(24.1%), EBCNN (53.8%), 8-OHdG (13.5%), SBP (3.1%), DBP (4.4%), sCD62P (36.2%), and 

SEVR (3.4%; improvement) and significant decreases in EBC MDA (-26.3%), EBC pH (-

2.1%; worsening), UMDA (-15.4%), and AI (-10.2%). For 2-week O3 exposure 

concentration, a 10 ppb increase was associated with significant increases in FeNO 

(47.2%), EBCNN (158.9%), 8-OHdG (37.0%), SBP (8.7%), DBP (10.1%), and sCD62P 

(100.9%); as well as significant decreases in EBC MDA (-52.0%), EBC pH (-4.0%; 

worsening), UMDA (-24.3%), and AI (-26.5%) and increases in FEV1 (2.6%), and FVC 

(2.2%). After multiple testing correction, the associations between 24-hour O3 and AI, 2-

week O3 and FeNO, and both averaging times of O3 and EBC pH, SEVR, 8-OHdG, FEV1, 

and FVC became nonsignificant. In all figures for this chapter, “*” indicates p < 0.05, and 

“**” indicates p < 0.05 after Benjamini-Yekutieli false discovery rate correction. 

In contrast, single-pollutant models showed that PM2.5, NO2, and SO2 exposure 

concentrations all appear to be associated with fewer biomarkers than O3. Each of these 

pollutants shared various positive associations with EBC MDA, UMDA, and AI, with 

only 2-week SO2 being significantly associated with increases in EBC MDA (153.8%) and 
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AI (53.1%) after multiple testing correction. Prior to but not after multiple testing 

correction, 2-week NO2 was significantly associated with an adverse change in FEV1 (-

2.0%) and increase in UMDA (18.3%); 24-hour SO2 was associated with a significant 

worsening of SEVR (-9.3%); 2-week SO2 was associated with a significant worsening of 

PWV (12.4%), UMDA (66.7%), and SEVR (-11.5%); 24-hour PM2.5 was associated with a 

significant decrease in FVC (-0.2%); and 2-week PM2.5 was associated with a significant 

increase (worsening) in VWF (4.6%). For these three pollutants, there were several 

apparently “beneficial” associations between exposure and biomarkers, in particular 

with FeNO, EBCNN, EBC pH, 8-OHdG, SBP, DBP, PP, and sCD62P. Of these 

associations, the following remain significant after multiple testing correction: 24-hour 

PM2.5 with 8-OHdG, SBP, DBP, and sCD62P; 2-week PM2.5 with SBP, DBP, and sCD62P; 

24-hour NO2 with EBCNN, SBP, and sCD62P; 2-week NO2 with SBP, DBP, PP, and 

sCD62P; 24-hour SO2 with EBC pH, DBP, and sCD62P; and 2-week SO2 with FeNO, 

SBP, DBP, and sCD62P.  

Table 7: Biomarker Summary Statistics 

Biomarker Minimum Median Mean SD Maximum 

EBC MDA (µM) 1.6 20.4 22.4 14.0 118.6 

FeNO (ppb) 1.1 6.0 7.2 4.5 34.8 

EBCNN (ng/ml) 301.0 1409.7 2910.7 4935.1 46657.2 

EBC pH 4.9 8.0 7.9 0.6 8.53 

FEV1 (L) 1.9 3.2 3.2 0.5 4.6 

FVC (L) 2.3 3.9 3.9 0.7 5.9 
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FEV1/FVC (%) 59.7 81.9 82.0 6.2 98.3 

8-OHdG (ng/ml)* 0.5 4.0 4.4 2.3 14.4 

UMDA (nM)* 96.6 1106.0 1224.9 532.7 4492.0 

SBP (mmHg) 90.0 111.0 112.3 10.8 159.0 

DBP (mmHg) 51.0 63.0 64.6 7.0 89.0 

PP (mmHg) 31.0 47.0 47.8 6.9 77.0 

AI (%) 0.0 15.3 16.0 6.7 40.0 

PWV (m/s) 4.3 6.3 6.4 1.1 14.3 

SEVR (%) 112.7 167.0 169.4 25.6 263.3 

CRP (ng/ml) 12.5 260.5 870.9 2035.4 18764.2 

sCD62P (ng/ml) 10.9 22.9 24.3 7.5 60.4 

VWF (µg/ml) 3.5 30.1 32.3 15.7 82.8 
*Urinary concentrations are adjusted by specific gravity 
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Figure 2: Biomarker Percent Change and 95% CIs Associated with a 10-unit Increase 
in 24-hour and 2-week Exposures from Single-Pollutant Models. 
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Figure 3: Single- and Two-Pollutant Model Results for O3 24-hour and 2-week 

Exposure Associations with FeNO, EBCNN, EBC pH, 8-OHdG, SBP, DBP, PP, and 
sCD62P. 
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Figure 4: All Single and Two-Pollutant Model Results for O3 Exposure 
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Figure 5: All Single and Two-Pollutant Model Results for PM2.5 Exposure 
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Figure 6: All Single and Two-Pollutant Model Results for NO2 Exposure 
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Figure 7: All Single and Two-Pollutant Model Results for SO2 Exposure 
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Figure 3 illustrates the influence of controlling for a second co-pollutant on the 

adverse associations that O3 had with FeNO, EBCNN, EBC pH, 8-OHdG, SBP, DBP, PP, 

and sCD62P. These biomarkers are highlighted as the ones that show adverse 

associations with O3 in the single pollutant models. All other two-pollutant model 

results are shown in Figure 4 to Figure 7. Only the O3 associations with sCD62P 

remained significant after multiple testing correction and after controlling for a co-

pollutant, though controlling for NO2 and SO2 decreased the effect size of the 2-week 

associations. For the 24-hour O3 and DBP, FeNO, and EBCNN associations, as well as 

the association between 2-week O3 and EBCNN, the associations maintained a similar 

effect size. However, significance was lost after multiple testing correction. In terms of 

negative (“beneficial”) associations with O3, only the associations between 24-hour O3 

and AI and UMDA maintained a consistent effect size in all two-pollutant models, 

though they did not remain significant after multiple testing correction. 

For PM2.5, the association between 2-week PM2.5 and increased VWF remained 

significant through all the two-pollutant models, though only before multiple testing 

correction. In addition, the 24-hour PM2.5 negative (“beneficial”) associations with 8-

OHdG, SBP, and DBP remained significant in two-pollutant models, though the DBP 

association became nonsignificant after multiple testing correction. For NO2, only the 

negative (“beneficial”) associations between the 2-week exposure and both SBP and DBP 

remained significant in all the two-pollutant models, and this DBP association was only 
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significant before multiple testing correction. In addition, controlling for O3 showed an 

increase in sCD62P associated with 24-hour NO2 that was significant only before 

correction. Finally, only the 2-week SO2 positive association with AI and negative 

associations with FeNO and sCD62P remained significant as well as the 24-hour SO2 

positive (beneficial) association with EBC pH, though not after multiple testing 

correction. Neither FEV1/FVC ratio nor CRP was significantly associated with O3 or 

other pollutants in any of our statistical models. 

The results of the sensitivity analyses did not change our conclusions from the 

main analysis (see Appendix B). The sensitivity analysis models generally had higher 

Akaike and Bayes Information Criteria, indicators of model overfitting. Therefore, we 

report the results from the main model analyses. 

3.4 Discussion 

3.4.1 Main Findings 

This study’s principal finding is that O3 exposures were positively associated 

with sCD62P, but not lung function or pulmonary inflammation after controlling for co-

pollutants and multiple testing correction. We also observed an independent O3 

association (i.e., after co-pollutant adjustment) with blood pressure, though this 

association did not remain significant after multiple testing correction. This suggests that 

O3 may enhance cardiovascular disease risk via platelet activation and increased blood 

pressure at concentrations lower than those required to cause lung function impairment. 
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This provides mechanistic evidence for the epidemiologic association observed 

previously between cardiorespiratory mortality and O3 exposure at levels largely below 

the current US EPA ambient air quality standards, the values of which are partially 

based on the lower limits of observed lung function decrements following O3 

exposures7. 

3.4.2 O3 and Platelet Activation 

To the best of our knowledge, this study is the first to show positive associations 

between low-level O3 exposure and sCD62P, a biomarker of platelet activation127 

predictive of deep venous thrombosis147 and peripheral artery disease severity148, 

associated with increased risk for many cardiovascular diseases127, and directly involved 

in increasing fibrin deposition and inducing a procoagulant state149. The sCD62P 

associations with both the 24-hour and 2-week O3 exposure remained robust to multiple 

testing p-value correction and in two-pollutant models, suggesting a strong association 

independent of other pollutants. Though the association between O3 and soluble P-

selectin in blood (sCD62P) has not been previously observed, an acute in vivo human 2-

hour exposure of 200 ppb O3 was associated with a significant upregulation in surface P-

selectin on biopsied airway vascular endothelial cells150.  

As a possible mechanism by which O3 exposure leads to platelet activation and 

sCD62P upregulation, platelet-activating factor (PAF) has been shown to be produced 

by lung epithelial cells exposed in vitro to lipid ozonation products (LOPs) produced by 
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O3 interactions with lung lining fluid151 as well as macrophages and lung epithelial cells 

exposed directly to O3152, which may be a possible mechanism by which O3 exposure 

induces soluble P-selectin (sCD62P) upregulation via platelet activation. This may be 

related to the aforementioned observed airway endothelial cell upregulation of surface 

P-selection, as this can prime monocytes to synthesize PAF through a β-glucan receptor-

related mechanism153. However, it was previously shown that a PAF receptor inhibitor 

only reduced surface but not soluble P-selectin expression in a murine kidney transfused 

with human blood, potentially indicating that PAF is not key to platelet activation under 

inflammatory conditions154. In vitro exposures of LOPs with airway epithelial cells have 

also been shown to induce the release of several inflammatory eicosanoids, including 

PGF2α155, for which the isoform 8-iso-PGF2α is known to cause platelet activation and 

aggregation156. In addition, acute O3 exposure in guinea pigs has been shown to increase 

plasma levels of thromboxane B2 (TXB2)157, a metabolite of thromboxane A2 (TXA2), 

which is a potent, short-lived inducer of platelet aggregation synthesized in platelets.  

Beyond sCD62P merely being a marker of platelet activation, it is also directly 

involved in several pathophysiologic processes. Mutant mice engineered to overproduce 

sCD62P had larger infarcts in a model of ischemic stroke, greater atherosclerotic lesions 

in a mouse model of hypercholesterolemia, greater blood-brain barrier permeability, and 

more aggressive behavior158. The elevated fibrin production and deposition associated 

with high sCD62P levels likely exacerbated the stroke-induced ischemia and degraded 
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the integrity of the blood-brain barrier due to fibrin interactions with endothelial 

junction proteins159,160. Increases in the expression of leukocyte integrins crucial to 

infiltration into the endothelium such as αMβ2 (Mac-1) caused by sCD62P161 is one 

mechanism by which increased sCD62P can exacerbate atherosclerotic lesions, and a 

variety of other platelet-associated signaling molecules have also been implicated in 

atherosclerotic progression, including TGF-β162. The implications of O3 associations with 

sCD62P may extend to a number of disease states. 

In terms of O3 associations with other thrombogenic factors, previous evidence 

of a link between ambient levels of O3 comparable to those seen in this study and a 

procoagulant state includes associations between factor VII coagulant activity and 

annual mean O3163 and between 24-hour mean O3 and increased levels of fibrinolysis 

inhibitor PAI-1105. At higher concentrations (above 70 ppb), an association between 

ambient O3 and a procoagulant state has also been suggested by increases in fibrinogen 

and VWF106. IL-6 has been shown to be released following O3 exposure to bronchial 

epithelial cells151, and this cytokine is known to increase liver production of fibrinogen 

and factor VII as well as endothelial cell VWF production164, which may explain these 

associations between O3 exposure and these thrombogenic factors.  

3.4.3 O3 and Blood Pressure: Mechanistic Links with Platelet 
Activation 

Another result relevant to the effect of O3 on cardiovascular disease risk is the 

association between O3 and both SBP and DBP, though these associations appeared less 
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robust in the multiple testing-corrected two-pollutant models compared to the 

association between O3 and sCD62P. While two previous human studies found that O3 

exposure was negatively (“beneficially”) or not associated with blood pressure113,114, a 

recent study has shown a positive association between O3 and both SBP and DBP at 

slightly higher exposure concentrations112, and another showed O3 associations with SBP 

at concentrations similar to those observed in the Changsha Study111. A possible 

mechanism underlying an effect on blood pressure is increased sensitivity to serotonin-

induced vasoconstriction and decreased sensitivity to acetylcholine-induced 

vasodilation coupled with decreased circulating NOX, as was shown recently with acute 

O3 exposures in rats116. This effect was transferable to naïve isolated coronary arteries 

when those arteries were perfused with the blood of O3-exposed rats, and this effect was 

blunted by increasing superoxide dismutase (SOD) and catalase as well as reducing 

NADPH oxidase, indicating that O3 exposure-associated circulating superoxide and 

hydrogen peroxide partially derived from NADPH oxidase causes changes in vascular 

tone. Another study also observed decreased sensitivity to acetylcholine-induced 

vasodilation in mice following O3 exposure, along with increased heart rate and DBP, 

decreased vascular tissue NOX and endothelial nitric oxide synthase (eNOS) protein 

levels key to vasodilation, increased aorta atherosclerotic lesions, and increases in 

several measures of lung and aorta oxidative stress, including increased 8-iso-PGF2α, 

decreased activity in the antioxidant enzyme SOD2, increased protein tyrosine nitration, 
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increased mitochondrial DNA damage, and decreases in an enzyme called aconitase that 

is inactivated by superoxide and peroxynitrite radicals115. Yet another mouse study 

observed the same impairment in acetylcholine-induced vasodilation following O3 

exposure, and that impairment could also be transferred to naïve aortas simply by 

perfusing them with the blood of O3-exposed mice, indicating that circulating factors 

drive this effect117. Additionally, this same study found that these vasodilation 

impairment effects could be abrogated by knocking out CD36, a widely-expressed 

scavenger receptor and pattern recognition receptor for oxidized low density lipoprotein 

and other oxidized biomolecules that has been implicated in increased monocyte 

infiltration into atherosclerotic plaques after diesel exhaust exposure165. These results 

suggest not only that O3 can increase blood pressure, but that this increase in blood 

pressure may be linked to processes leading to atherosclerosis. 

Associations between progressive vascular damage166 and impaired sensitivity to 

acetylcholine-induced vasodilation167 in hypertensives and sCD62P have been 

previously shown, potentially pointing to common mechanisms linking hypertension 

and platelet activation that could be involved in the associations of O3 with sCD62P and 

blood pressure. The previously mentioned increase in plasma TXA2 following O3 

exposure may play a role in the link between O3, sCD62P, and blood pressure because 

TXA2 is a vasoconstrictor. Furthermore, TXA2-induced activation of platelets in vitro 

has been shown to increase sCD62P shedding168. The aforementioned O3-associated 
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increases in 8-iso-PGF2α and decreases in vascular eNOS may explain this link between 

O3-associated platelet activation and blood pressure increases, as 8-iso-PGF2α is known 

to induce platelet activation, and NOX produced by eNOS inhibits platelet activation169.  

Another possible mechanism linking O3 exposure, blood pressure, and platelet 

activation is autonomic nervous signaling. The airways contain several nervous 

receptors that mediate cough, airway reactivity, and other functional effects, including 

C-fiber nociceptors and chemosensors170. In the airways, animal studies have shown that 

O3 can affect directly activate bronchial C-fibers that release Substance P (SP), leading to 

airway hyperreactivity via downstream increased sensitivity of airway smooth muscle 

to acetylcholine-induced constriction87,171. It is possible that this nervous signaling 

propagating from the airways could lead to cardiovascular effects such as autonomic 

dysfunction and arrhythmia as has been observed for PM pollution exposure172, but 

several acute O3 exposure studies in humans and animals have failed to elicit 

arrhythmias, heart rate variability changes, or sympathetic signaling173-175. However, at 

least two human acute exposure studies and a few longer-term panel studies have 

shown associations between O3 and reduced measures of heart rate variability, which 

may reflect increased sympathetic nerve signaling99,176,177. Sympathetic nervous signaling 

can induce adrenal gland production of epinephrine, which can activate platelets and 

stimulate vasoconstriction via platelet and vascular surface α-adrenergic receptors178,179. 

In a study evaluating rat responses to 1-2 days of O3 exposure found that serum 
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epinephrine was increased after exposure at every time point180. Furthermore, removal 

of the adrenal glands in rats prevented O3 exposure-associated increases in metabolic 

dysfunction and lung injury biomarkers, indicating an important role for epinephrine 

signaling for those toxicity pathways181. In humans, acute O3 exposure has been 

associated with increased circulating cortisol182. Cortisol and other corticosteroids can 

influence blood pressure by inhibiting endothelial synthesis of vasodilatory nitric oxide 

and increasing vascular sensitivity to catecholamine-induced vasoconstriction183. 

Platelet activation can increase blood pressure and may be acted on by similar 

processes as described above, and increased blood pressure can in turn also increase 

platelet activation. Hypertensive patients had higher increases in plasma soluble P-

selectin and surface P-selectin-expressing platelets following exercise than normotensive 

patients184, and anti-hypertensive medication has been shown to decrease soluble P-

selectin in hypertensive patients185. Given that mechanical stress from higher blood 

pressure can increase oxidative stress in the endothelium186, inflammatory and 

thrombogenic signaling from oxidized biomolecules may play a role in hypertension-

associated platelet activation, creating a sort of feedback loop between blood pressure 

increases and platelet activation. 

3.4.4 O3 and Pulmonary Inflammation 

We also found associations between O3 exposure and biomarkers reflecting 

pulmonary inflammation (FeNO and EBCNN) that remained significant in the two-
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pollutant models but not after multiple testing correction. FeNO has been previously 

positively associated with outdoor O3105,187, and airway nitric oxide production by nitric 

oxide synthase (NOS) has been shown to play an important role in mediating airway 

inflammation in response to acute O3 exposure in rodents188. EBCNN reflects NO 

metabolism in the airways119. Although EBCNN has not previously been associated with 

ambient O3 exposure in humans129, acute O3 exposures in rodents have resulted in 

increases in airway lavage fluid nitrate189. These results suggest a mechanistic link 

between pulmonary inflammatory effects and downstream cardiovascular effects, in 

which we propose that products of ozonation reactions or oxidative inflammatory 

mediators propagate inflammatory signals throughout the circulation. It is interesting 

that EBC MDA appeared to not be associated with O3, as an acute 800 ppb exposure in 

rats resulted in increases in bronchoalveolar lavage fluid (BALF) thiobarbituric acid-

reactive substances (TBARS), various lipid peroxidation products that include MDA. It 

is possible that the low exposures in this study were not sufficient to induce detectable 

increases in EBC MDA190. 

3.4.5 Biomarker Associations with Other Pollutants 

For the other measured pollutants, we observed associations that were 

significant prior to but not after multiple testing correction in the two-pollutant models 

between VWF and 2-week PM2.5 and between AI and 2-week SO2. Previous studies have 

suggested a relationship between PM2.5 and increased endothelial cell dysfunction as 
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indicated by VWF levels191. Though SO2 has not previously been associated with AI, it 

has been previously associated with the related arterial stiffness marker PWV83. In 

contrast to previous studies110, the PM2.5, NO2, and SO2 exposures were, for the most 

part, not significantly associated with most of the biomarkers in this study after 

controlling for co-pollutants. Previous studies have suggested a plateau in the 

relationship between PM2.5 and health effects at high concentrations144, and so the 

observed concentration changes may have been at levels too high to effect measurable 

biomarker changes. Counterintuitively, these pollutants showed “beneficial” 

associations with 8-OHdG (with 24-hour PM2.5 only) and SBP (with 24-hour PM2.5 and 2-

week NO2 only) that were variably robust to controlling for co-pollutants and multiple 

testing correction. Given that protective effects are not expected based on the literature 

and biological plausibility, it is likely that these seemingly “beneficial” associations are 

artifacts of these pollutants being positively correlated with some other factors that were 

negatively correlated with the biomarkers.  

3.4.6 Indoor O3 Chemistry Products 

It is possible that pollutants correlated with O3, including O3-derived products, 

could also be implicated in these novel associations between low-level O3 and 

cardiovascular disease risk biomarkers. O3 reacts quickly with various unsaturated 

organic compounds in the indoor environment to produce highly reactive gaseous and 

condensed phase products, such as ultrafine particles (UFPs)192. Though the evidence for 
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cardiopulmonary effects of exposure to O3-initiated reaction products is inconclusive at 

environmental concentrations193, there is evidence supporting a link between UFPs and 

cardiovascular outcomes, including platelet activation and SBP191. However, blood 

pressure has also been associated with personal exposure to O3 independent of UFP 

concentrations112. Ultimately this study cannot determine whether the observed 

associations between cardiovascular outcomes and O3 are due to the effects of O3 itself 

or its reaction products. 

3.4.7 Study Limitations 

This natural experiment utilized the unique exposure conditions of participants 

spending the majority of their time in controlled indoor environments. However, it is 

impossible to completely rule out the influence of potential uncontrolled confounders, 

limiting the ability to make causal determinations due to the reliance on uncontrolled 

longitudinal associations. Additionally, our estimates of 2-week exposure concentrations 

were based on data from four 24-hour questionnaires, which is less precise than 

measuring exposure over a full 2-week period, but more precise than simply using 

ambient concentrations. Though the 24-hour O3, PM2.5, NO2, and SO2 exposures were 

well-characterized, unmeasured pollutants (e.g., products of O3-initiated indoor 

reactions) or other unmeasured factors may explain more of the variation in the 

observed biomarker-pollutant relationships. It is possible that uncontrolled residual 
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confounding may have influenced the pollutant-biomarker associations observed in the 

study, including the counterintuitive associations.  

3.5 Conclusions 

This study provides mechanistic support to previous associations between low-

level O3 and cardiovascular disease outcomes. The findings offer insights into possible 

underlying biological mechanisms, namely platelet activation and increases in blood 

pressure. Given that global tropospheric O3 is rising194, it is imperative to establish a 

better understanding of the health impact of O3 beyond the established respiratory 

effects. 
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4. Electrostatic Precipitator and HEPA Filtration Effects 
on Cardiorespiratory Pathophysiologic Biomarkers in 
Healthy Adults 

4.1 Introduction 

In cities with high ambient air pollution, people often use filtration technologies to 

reduce indoor levels of PM, thereby reducing their overall exposure. High efficiency 

particulate air (HEPA) filtration is a type of physical filter defined as having a filtration 

efficiency between 85% and 99.999% depending on its classification, meaning that these 

filters can be extremely effective in reducing indoor PM levels. Another filtration 

technology is an electrostatic precipitator (ESP) which uses an electrical discharge to 

charge particles which are then sorbed onto grounded metal plates. Given the ease of 

cleaning the ESP, the operating costs of ESPs are much lower than those of the HEPA 

filters, though it is often less efficient at PM removal. Utilizing an ESP upstream of a 

HEPA filter can substantially reduce the pressure drop due to particulate accumulation 

on the HEPA, and it can also reduce operating costs by extending the lifetime of HEPA 

filters. However, ESPs produce incidental O3 as a byproduct of electrically charging the 

air, and this O3 can react with the air handling system and indoor environment to 

produce secondary air pollutants22,195. The net health impact from the use of an ESP-

HEPA combined filtration system is not understood.  

This is the first study to examine the combined and independent health impacts 

of HEPA filtration and ESP use through a novel real-life study design. This design 
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utilizes the unique opportunity of the Changsha Study to evaluate the effects of different 

air filtration interventions on biomarkers of cardiorespiratory disease pathophysiology 

in healthy adults. Specifically, the indoor air in study subjects’ offices and living quarters 

were purified by various combinations of a medium efficiency F8 fine filter, an ESP, and 

a high efficiency particulate air (HEPA) filter. The similarity in participants’ daily 

activity patterns and the fact that they spent most of their time in only a few locations 

allowed for detailed exposure assessment and a majority of each subject’s time being 

spent in filtered environments. Time-activity pattern data and indoor and outdoor 

monitoring of PM2.5, O3, and co-pollutants was used to assess filtration effects on 

exposure and biomarker outcomes while accounting for exposures in unfiltered 

environments. Together with the collection of several biomarkers of pulmonary and 

cardiovascular function, inflammation, and other markers of cardiorespiratory disease 

pathophysiology, we have examined the detailed effects of the temporary removal of 

HEPA filtration and ESPs on exposure and health outcomes.  

4.2 Methods 

4.2.1 Between-Group Comparisons of Characteristics and Exposure 

A number of statistical methods were used to test if subject characteristics and 

time-activity patterns are balanced between the subject groups, as potential imbalances 

could confound biomarker associations with the intervention. Mann-Whitney U tests, 

Chi-squared tests of independence, and Student’s t-tests were used to examine cross-
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sectional differences between groups for non-Gaussian data, frequency data, and 

Gaussian data, respectively. For the longitudinal time-activity patterns, between-group 

comparisons were made using linear mixed effects models with group as a fixed effect 

and subject-specific intercepts as random effects to account for correlation in the within-

subject repeated measures for the repeated time-activity measures. Measured air 

pollutant levels in different locations between the intervention periods were compared 

using Kruskal-Wallis non-parametric tests for global period effect and Dunn post-hoc 

tests for period-specific differences due to the heavily right-skewed distributions of the 

air pollutant data. Significance tests for between-group differences in calculated 

pollutant exposure for each sampling visit were performed with linear mixed models 

with subject-specific intercepts and a visit by group interaction fixed effect.  

4.2.2 Bayesian Hierarchical Models: Estimating Intervention Effects 

To examine the relationship between filtration and biomarkers, we formulated 

the model as a hierarchical linear mixed effects model, Formula 1, with α j being subject 

j-specific intercepts. The fixed effects in this model included the cumulative unfiltered 

exposure to pollutant p over time length t for subject j and observation i (UEptij), dummy 

variables for HEPA and ESP presence, either 24-hour or 2-week cumulative exposure in 

all unfiltered locations (i.e., anywhere not in the Broad Town offices or dorms) for each 

pollutant, 24-hour ambient temperature and relative humidity, the time spent in a room 

with an active smoker in the past 24 hours as a measure of secondhand smoke (TSHS24h), 
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respiratory infection status (RIS), menstruation status (MS), day of the week (WD), and 

the hours since a subject last ate (LA). Separate models controlling for 24-hour and 2-

week unfiltered exposure were used to see if the filtration effect estimates remained 

robust in both models, as some biomarkers may have been more associated with either 

shorter term or longer term unfiltered exposure. Covariates that only vary between 

subjects, such as age, were not included in the model since their associations were 

subsumed by the random effects. Formula 1 describes this model: 

 

We assume that the subject-specific random effects α j are independently 

distributed along a Gaussian distribution with mean µα and variance σα2. Concerns over 

collinearity between the exposure and filtration predictors prompted the use of a 

Bayesian generalized mixed effects ridge regression to shrink collinearity-associated 

variance inflation. This model used a penalized Cauchy distribution prior for the mean 

slope estimates and a penalized half-Cauchy prior for the standard deviation of the 

subject-specific intercepts as “shrinkage priors” previously shown to improve maximum 

likelihood estimation (MLE) when there is high correlation between predictors196 and 

also shown to have improved simulation MLE results using our own data (see Appendix 
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C). Given this model’s ability to shrink uninfluential covariates towards zero and 

minimize their effects on parameter estimates, all possible covariates were put into the 

models, as is shown in Formula 1. Markov Chain Monte Carlo Gibbs sampling was used 

to sample from the posterior distribution for all model estimates, using 8 Markov chains 

with 200,000 iterations each with a burn-in of 100,000 samples and only saving every 

hundredth iteration to reduce autocorrelation. 95% posterior credible intervals were 

determined using highest posterior density (HPD) intervals. All calculations were made 

using JAGS197, version 4.2.0, and the “R2jags”198, “R2WinBUGS”199, “nlme”141, and 

“FSA”200 packages in R, version 3.3.3143. Additional details and code for this model can 

be found in Appendix C. 

4.3 Results 

4.3.1 Comparisons of Participant Characteristics by Group 

Table 8 shows pollutant characteristics between the study groups. Almost all 

characteristics are comparable between the groups except for small significant 

differences in 24-hour time-activity patterns. Namely, Group A spent about 0.7 hours 

more in the office than Group B, which spent about 0.4 more hours outdoors than Group 

A. Fifteen subjects (17%) were active smokers during the study period. The mean total 

time in the 24 hours before each sampling visit spent in the offices and dorms was 20.4 h  

Table 8: Study Participant Characteristics Between Experimental Groups 

 

Group A 
(n=34) Group B (n=52) 

p-
value 
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Age (Mean ± SD)a 31.7 ± 8.4 31.5 ± 7.3 0.87 

Age Range 22-52 22-52 — 

Female (Number (%))b 9 (26.5%) 16 (30.8%) 0.76 

BMI (Mean ± SD)c 22.0 ± 3.1 22.5 ± 2.5 0.39 

Number of Current Smokers (Number 
(%))b 4 (11.8%) 11 (21.2%) 0.40 

Number of Ex-Smokers (Number (%))b 5 (14.7%) 1 (1.9%) 0.06 

Pack-years for Current and Ex-Smokers 
(Mean ± SD)a 0.9 ± 2.8 0.9 ± 2.3 0.86 

Time spent in the dorms over the past 24 
hours (Mean ± SD)d 11.9 ± 2.5 11.3 ± 3.5 0.21 

Time spent in the offices over the past 24 
hours (Mean ± SD)d 8.53 ± 1.9 7.81 ± 1.6 0.006* 

Time spent in other indoor spaces over 
the past 24 hours (Mean ± SD)d 2.65 ± 2.7 3.59 ± 3.6 0.08 

Time spent outdoors over the past 24 
hours (Mean ± SD)d 0.79 ± 0.9 1.16 ± 1.3 0.02* 

Depending on the type of data, the significance tests evaluating group differences in 
each characteristic were either aMann-Whitney U test, bChi-squared test of 

independence, cStudent’s t-test, or dlinear mixed effects model. *p < 0.05 
 

for Group A and 19.1 h for Group B, or 85.0% and 79.6% of those days, respectively. In 

terms of the estimated time spent in all filtered locations in the 2 weeks before each 

sampling visit, Group A spent a mean of 225.9 h or 67.2% of the total time, and Group B 

spent a mean of 210.9 h or 62.8% of the total time.  
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4.3.2 Indoor PM2.5 and O3 Concentrations 

The changes in hourly PM2.5 concentrations monitored at all locations between 

intervention periods are shown in Table 9. Outdoor PM2.5 concentrations remained 

above the World Health Organization (WHO) 24-hour PM2.5 standard of 25 µg/m3 

throughout the study and generally increased as the study progressed as is to be 

expected with the increase in coal combustion to heat homes during the winter6. In the 

offices and dorms with HEPA filtration, the indoor PM2.5 concentrations stayed much 

lower than outdoors, with median hourly concentrations ranging from 5.5 to 14.6 µg/m3. 

After the ESP and HEPA filters were removed for Group A, the Office A and hotel 

locations had significant mean increases in indoor PM2.5 concentrations of 29.9 and 39.8 

µg/m3, respectively. After the ESP and HEPA filters were restored, the indoor 

concentrations in Office A and the hotel decreased by an average of 22.1 and 32.4 µg/m3, 

respectively. Office B saw a significant reduction of about 0.99 µg/m3 in indoor PM2.5 

concentrations after the ESP was turned off, followed by a significant mean increase of 

1.85 µg/m3 in the post-intervention period, though this pattern was not reflected in the 

dorms. In the dorms in which smoking, either by the subjects themselves or by their 

neighbors, occurred, the indoor PM2.5 concentrations did not change significantly during 

the study, and their concentrations during the intervention period were similar to those 

of the hotel rooms without HEPA filters. 
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Table 9: PM2.5 Concentrations in Different Locations during the Study Period 

Location Pre 
median, 
mean 
(SD), 
range 

During 
median, 
mean 
(SD), 
range  

Post 
median, 
mean 
(SD), 
range 

During – Pre Post – During 
Mean 
difference 
(95% CI) 

p-value Mean 
difference 
(95% CI) 

p-value 

Outdoors 53.0, 
70.3 
(53.2), 
17-344 

79.0, 
90.1 
(46.3), 
19-268 

100.0, 
109.5 
(55.8), 
14-264 

16.5 (10.0, 
23.0) 

<0.001 19.4 (12.4, 
26.4) 

<0.001 

Office A 9.3, 9.6 
(5.6), 
2.8-21 

38.3, 
39.5 
(17.4), 
15-101 

14.2, 
17.3 
(11.4), 
0.8-73 

29.9 (19.6, 
40.1) 

<0.001 -22.1 (-
26.5, -
17.8) 

<0.001 

Office B 6.9, 6.6 
(2.2), 
1.5-9.8 

5.5, 5.6 
(3.1), 
0.0-15 

6.3, 7.4 
(2.8), 
2.6-18 

-0.99  
(-2.18, 
0.20) 

0.003 1.85 (1.05, 
2.65) 

<0.001 

Dorms 7.9, 11.7 
(8.2), 
1.3-29 

7.6, 15.8 
(18.4), 
0.0-72 

14.6, 
33.0 
(27.1), 
7.0-85 

4.13  
(-6.63, 
14.9) 

0.95 17.1 (9.86, 
24.4) 

<0.001 

Dorms 
(Smoking) 

33.2, 
46.0 
 (30.2), 
22-156 

39.8, 
44.9 
(32.2), 
1.1-199 

70.9, 
58.5 
(39.3), 
3.1-136 

-1.12  
(-19.2, 
16.7) 

0.77 13.6  
(-0.38, 
27.6) 

0.11 

Hotel ― 38.4, 
51.4 
(31.3), 
8.7-160 

10.2, 
19.0 
(28.0), 
3.0-142 

39.8 (25.2, 
54.3)a 

<0.001a -32.4 (-
40.6, -
24.2) 

<0.001 

Significance tests for between-period differences in PM2.5 concentrations were 
performed with Kruskal-Wallis non-parametric tests for global period effect and Dunn 
post-hoc tests for period-specific differences. Bolded p-values are < 0.05. aSince Group A 
subjects only moved from their dorms to the hotel at the beginning of the “During” 
period, the “During – Pre” comparison here is comparing the PM2.5 concentrations in 
dorms during the “Pre” period to the hotel during the “During” period. 
 

Table 10: O3 Concentrations in Different Locations during the Study Period 

Location Pre During Post During – Pre Post – During 
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median, 
mean 
(SD), 
range 

median, 
mean 
(SD), 
range  

median, 
mean 
(SD), 
range 

Mean 
difference 
(95% CI), 
p-value 

p-
value 

Mean 
difference 
(95% CI) 

p-
value 

Outdoors 34.0, 
29.9 
(14.8), 
0.5-64.5 

21.0, 
24.4 
(13.9), 
0.5-65.0 

7.5, 11.7 
(10.3), 
0.5-44.5 

-5.5 (-7.3,  
-3.8) 

<0.001 -12.6  
(-14.5,  
-10.7) 

<0.001 

Office A 12.8, 
13.8 
(3.0), 
10.5-18.2 

5.0, 5.8 
(3.2), 
1.9-14.3 

4.3, 6.7 
(5.1), 
2.4-21.4 

-8.0 (-11.8, 
-4.2) 

<0.001 0.9 (-1.1, 
2.9) 

0.90 

Office B 9.1, 10.9 
(4.6), 
5.8-21.1 

4.6, 5.0 
(2.1), 
1.5-13.2 

4.5, 6.0 
(3.6), 
1.9-16.8 

-5.9 (-7.6, -
4.2) 

<0.001 1.0 (-0.2, 
2.1) 

0.51 

Dorms 4.9, 6.5 
(4.4), 
3.3-16.0  

3.9, 4.3 
(2.9), 
0.5-14.4 

3.4, 4.9 
(3.0), 
2.6-10.5 

-2.2 (-5.6, 
1.2) 

0.25 0.6 (-2.3, 
3.5) 

1.00 

Hotel ― 3.3, 3.9 
(2.4), 
0.8-14.4 

3.9, 4.2 
(1.5), 
1.8-7.5 

-2.7 (-5.3, -
0.07)a 

0.01a 0.4 (-1.8, 
2.6) 

0.90 

Significance tests for between-period differences in O3 concentrations were performed 
with Kruskal-Wallis non-parametric tests for global period effect and Dunn post-hoc 
tests for period-specific differences. Bolded p-values are < 0.05. aSince Group A subjects 
only moved from their dorms to the hotel at the beginning of the “During” period, the 
“During – Pre” comparison here is comparing the O3 concentrations in dorms during 
the “Pre” period to the hotel during the “During” period. 
 

Hourly O3 concentrations in different locations throughout the study are shown 

in Table 10. In keeping with seasonal trends of decreasing daylight and thus less 

photochemical O3 formation, the outdoor O3 was the highest at the beginning of the 

study, and it declined as the study progressed. Only 8 days, 3 during the pre-

intervention period and 5 during the first two weeks of the intervention period, had O3 

daily maximum 8-hour rolling averages that exceeded the WHO guideline of 50 ppb6, 
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indicating that ambient O3 concentrations were relatively low. The mean value for these 

maximum daily 8-hour averages was 33.0 ppb (range = 4.3 – 60.5 ppb). Each indoor 

location experienced an initial decline in indoor O3 as the ESPs were switched off and 

the outdoor concentrations fell, though this was not significant for the dorms. During 

the post-intervention period, each location experienced a small, nonsignificant increase 

in indoor O3. Monitoring at the supply air ducts and breathing zone of Office B revealed 

that the ESP increased supply air O3 by about 13.5 ppb and the steady-state 

concentration in the breathing zone of the offices and dorms by about 3 ppb201. 

4.3.3 PM2.5 and O3 Exposure 

Figure 8 shows the group-specific 24-hour and 2-week calculated PM2.5 

exposures in filtered locations only and total exposure in all locations prior to each 

biomarker sampling visit. 24-hour mean total exposures to PM2.5 for all subjects ranged 

from 3.2 to 155 µg/m3. During Visits 2 and 3, Group A had significantly higher 

exposures than Group B in all exposure categories, though this difference was smaller 

for the total exposure.  For 24-hour filtered location exposure, Group A was 50.9 and 

45.2 µg/m3 higher for Visits 2 and 3, respectively, whereas in terms of total exposure 

these differences were 44.2 and 31.4 µg/m3 for Visits 2 and 3, respectively. For 2-week 

filtered exposure, Group A was 18.5 and 30.6 µg/m3 higher for Visits 2 and 3, 

respectively, which were reduced to 17.0 and 26.9 µg/m3 for Visits 2 and 3, respectively, 

when evaluating total exposure. These Visit 2 and 3 differences were highly significant 
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between the groups. In addition, the Visit 1 2-week filtered location exposure for Group 

A was 3.0 µg/m3 higher than for Group B, and the Visit 4 2-week total exposure for 

Group B was 5.1 µg/m3 higher than for Group A. These small differences were the only 

significant differences in PM2.5 exposure outside of the intervention period. 

 
Figure 8: Boxplots of 24-hour and 2-week Average Filtered Environment and Total 
PM2.5 Exposure Stratified Between Study Groups and Biomarker Sampling Visits 

 Filtered exposure reflects the mean exposure in just the filtered environments of the 
offices and dorms, whereas the total mean exposure includes times spent in those 

filtered locations as well as time spent outdoors and in unfiltered indoor environments. 
The black diamonds in the boxplots reflect the mean, and asterisks indicate that there is 

a significant (p < 0.05) difference between groups for a given exposure and sampling 
visit. This also applies to Figure 9. 
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Figure 9: Boxplots of 24-hour and 2-week Average Filtered Environment and Total O3 
Exposure Stratified Between Study Groups and Biomarker Sampling Visits 

Figure 9 shows the 24-hour and 2-week total and filtered location exposures 

between groups for O3. 24-hour total exposures to O3 for all subjects ranged from 1.4 to 

19.4 ppb. There are only slight between-group differences in O3 exposure for each 

sampling visit. The only of these differences that were statistically significant were for 2-

week filtered location exposure, for which Group A was 0.5 and 0.4 ppb higher than 

Group B for Visits 1 and 4, respectively. In linear mixed models controlling for outdoor 

O3 concentrations, ESP use is estimated to have only contributed 2.5 and 2.2 ppb to 24-

hour filtered location exposure and total exposure, respectively. 
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4.3.4 Biomarker Responses 

Figure 10 shows the Bayesian Generalized Ridge Regression results for the effect 

of HEPA use on biomarker outcomes. When controlling for either cumulative 24-hour or 

2-week exposure to all four measured pollutants in all unfiltered locations, there are no 

significant associations between any of the biomarker outcomes and HEPA filtration, 

despite the marked reductions in PM2.5 exposure that occurred with HEPA usage. The 

largest percentage increase for any biomarker in association with the removal of HEPA 

filtration was 8.6% for EBC MDA when controlling for 24-hour cumulative unfiltered 

location exposure, but this decreased to 5.6% when controlling for 2-week unfiltered 

exposure instead. Some biomarkers trended towards reductions, with the largest 

decrease being for AI, which nonsignificantly decreased 7.1% in association with HEPA 

use when controlling for 2-week unfiltered exposure, and this was reduced to a 4.8% 

decrease when controlling for 2-week unfiltered exposure. 

As is shown in Figure 11, ESP removal was associated with several significant 

biomarker changes, the effect sizes of which were altered depending on whether the 

models controlled for 24-hour or 2-week cumulative unfiltered exposure. In terms of the 

smaller effect estimate, ESP removal was associated with significant decreases in 

sCD62P (17.1%), SBP (3.6%), and DBP (3.3%). In addition, there were significant 

decreases in EBCNN (39.1%), 8-OHdG (17.2%), and PP (3.8%) when controlling for 24-

hour unfiltered exposure. However, when instead controlling for 2-week unfiltered 
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exposure, the effect size of these reductions changed to 31.0%, 16.0%, and 3.7%, 

respectively, and all became nonsignificant. 

 

Figure 10: Mean Percent Change in Biomarkers and 95% Credible Intervals Associated 
with HEPA Use Controlling for either 24-hour or 2-week Cumulative Exposure in 

Unfiltered Locations 



 

81 

 

 

Figure 11: Mean Percent Change in Biomarkers and 95% Credible Intervals Associated 
with ESP Use Controlling for either 24-hour or 2-week Cumulative Exposure in 

Unfiltered Locations 

Several biomarkers were also associated with the cumulative unfiltered 

exposures used in the models evaluating filtration effects. As can be seen in Figure 12, a 

1 IQR increase in 24-hour and 2-week unfiltered O3 exposures (IQR = 64.1 ppb·hr and 

793.1 ppb·hr, respectively) were associated with a significant 8.4% and 13.2% increase in 

sCD62P, respectively. Figure 13 shows that a 1 IQR increase in 2-week unfiltered PM2.5 
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exposure (IQR = 4494 µg/m3·hr) was associated with a significant 30.6% increase in 

FeNO.  

4.3.4.1 Sensitivity Analysis Results 

Several of these results changed in terms of conclusions and significance 

following the sensitivity tests of excluding smokers (see Appendix D.2). No associations 

between HEPA and biomarkers changed significance (Figure 33). For the ESP 

associations with biomarkers shown in Figure 34, the associations robust to controlling 

for both 24-hour and 2-week unfiltered pollutant exposures, namely sCD62P, SBP, and 

DBP, remain relatively unchanged, though an association with reduced EBC pH (-0.18 

pH or -2.34% (95% CI: -4.39%, -0.002%) in the lower of these estimates controlling for 24-

hour or 2-week unfiltered exposure) became significant with an upper CI just barely 

below zero. In addition, some of the ESP associations that were only significant for 

controlling for one of but not both 24-hour or 2-week unfiltered exposure, specifically 

those with EBCNN and 8-OHdG became nonsignificant for both models. 

In terms of biomarker associations with unfiltered pollutant exposures, none of 

the associations for O3 changed when excluding smokers (see Figure 35). For PM2.5 

unfiltered exposures (see Figure 36), the positive association between 2-week PM2.5 and 

FeNO became nonsignificant, and the positive association between 2-week PM2.5 and 

VWF became significant (24.3% (95% CI: 1.8%, 47.1%) associated with a 1 IQR increase).  
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In general, the generalized ridge regression models shrank the effect sizes and 

variances of the estimates given by linear mixed effects models (see Figure 31 and Figure 

32 in Appendix D.2). 

 

Figure 12: Mean Percent Change in Biomarkers and 95% Credible Intervals Associated 
with a 1 IQR increase in 24-hour or 2-week Cumulative Unfiltered O3 Exposure 
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Figure 13: Mean Percent Change in Biomarkers and 95% Credible Intervals Associated 
with a 1 IQR increase in 24-hour or 2-week Cumulative Unfiltered PM2.5 Exposure 

4.4 Discussion 

4.4.1 Main Findings 

The principal finding for this study is that the removal of central AHU HEPA 

filtration for the timeframe tested was associated with large increases in indoor PM2.5 

concentrations and personal exposure, but not with concomitant changes in biomarker 

levels. However, ESP removal was associated with a small decrease in O3 and 
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statistically significant decreases in several important cardiovascular biomarkers in all 

models, particularly sCD62P, SBP, and DBP, possibly suggesting the adverse effects of 

ESP-associated exposure to O3 and its associated secondary pollution. Furthermore, 

even though a minority of the subjects’ time was spent away from the filtered indoor 

environments of the offices and dorms, the short exposures to ambient levels of O3, 

PM2.5, and SO2 during those times had adverse associations with sCD62P, FeNO, and 

EBC MDA and SEVR, respectively.  

4.4.2 HEPA-Associated Biomarker Responses: Comparison with 
Previous Studies 

The lack of a difference in biomarker response between the group receiving 

HEPA filtration during the intervention period (Group B) and the one without HEPA 

filtration (Group A) is surprising, especially given that the mean reduction in total 24-

hour personal exposure by the HEPA filtration during the intervention was 37.8 µg/m3 

or about 47%. No sensitivity analysis revealed any significant association between the 

HEPA intervention and any biomarkers. This may be due to the following reasons: 

Firstly, the F8 filter remained in all AHUs throughout the study, and it is possible 

that although this pre-filter only had a PM2.5 filtration efficiency of about 50% and there 

was still a large difference in exposure between Groups A and B, this F8 caused enough 

of an exposure reduction that the HEPA filter provided no additional benefit. This is 

unlikely, however, as the mean ± SD 24-hour PM2.5 exposure concentrations for Group A 

during the period in which they only had F8 filtration was 80.8 ± 24.7 µg/m3, 
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corresponding with a mean ± SD outdoor 24-hour mean of 126.4 ± 37.1 µg/m3, far 

exceeding the WHO air quality guideline of 25 µg/m3. Even the minimum ambient and 

exposure values for Group A during the intervention period exceeded this guideline, 

and so these levels are expected to be high enough to elicit a biomarker response.  

Secondly, variations in the chemical composition of PM2.5 may have influenced 

toxicity. PM2.5 mass concentration has been shown to be a less reliable predictor of 

biomarker response than specific PM2.5 components in a previous study evaluating 

college students moving from a suburban campus to an urban one in Beijing. In that 

study significant blood pressure increases were observed after the move to the urban 

campus despite the fact that the PM2.5 mass concentrations were lower there202. Further 

analysis showed that the appointed PM2.5 sources and constituents associated with the 

urban campus, in particular coal combustion-related constituents, were better associated 

with increases in blood pressure than those sources and constituents associated with the 

suburban campus203. Another study evaluating biomarker associations with appointed 

PM2.5 sources in Beijing found that PM2.5 related to vehicle and industrial combustion, 

oil combustion, and vegetative burning had many more consistent associations with 

biomarker outcomes than PM2.5 related to soil and road dust or secondary aerosols204. 

Unfortunately, this study was not able to measure changes in PM constituents in relation 

to changes in filtration conditions. 
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Thirdly, the lack of biomarker associations with the removal of HEPA filtration 

may be due to the possibility that it could take longer than the study period for the 

pathophysiologic mechanisms explored in this study to change in association with a 

prolonged increase in PM2.5 exposure. To the best of the authors’ knowledge, this is the 

first study to evaluate an indoor air filtration intervention in terms of removing rather 

than introducing filtration. Chamber studies of controlled, acute PM2.5 exposures in the 

form of wood smoke or diesel exhaust have primarily observed small increases in 

pulmonary inflammation markers and inconsistent increases in cardiovascular 

pathophysiologic biomarkers40,205-207. Few studies have evaluated the time course of 

biomarker responses to prolonged increases in exposure. A study of biomarker changes 

in response to ambient air quality improvements during the Beijing Olympics found 

several of the same biomarkers measured in our study, including SBP and sCD62P, 

increase after the Olympics ended and PM2.5 concentrations rose again110. However, the 

Olympic-period interventions affected both indoor and outdoor air quality, whereas our 

filtration intervention had no effect on outdoor air quality. 

In terms of biomarker responses to the addition of filtration, previous studies 

evaluating the biomarker effects of HEPA filtration in healthy adults have shown mixed 

results, with studies evaluating shorter-term interventions finding more associations 

between filtration and changes in biomarkers of cardiorespiratory disease 

pathophysiology. Table 11 summarizes the previous studies that have evaluated 
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biomarker responses in healthy adults to air purification interventions. Each of these 

seven studies utilized a crossover design of some type with studies of various durations, 

interventions, and exposure and biomarker measurements. Remarkably, no study has 

ever found a biomarker association with filtration intervention more than 7 days after 

the filtration began. The study that showed the most associations between filtration in 

healthy adults and biomarker outcomes, Chen et al., involved confining young adults in 

their dorms for 48-hours with a portable air purifier containing a non-HEPA electrostatic 

air filter. The other studies showing biomarker associations with a filtration intervention 

have only shown slight improvements in 1-2 biomarkers, such as RHI in both Bräuner et 

al. and Allen et al. Weichenthal et al. did find slight improvements in lung function 

parameters after 7 days, but these became nonsignificant when excluding two outlying 

subjects, suggesting that these results may not be generalizable. The longest filtration 

period still associated with biomarker outcomes was a 14-day central home AHU HEPA 

intervention, but then it was only at 2 days, not 7 or 14 days, into the intervention period 

that a significant change was observed in monocyte surface CD62L, a selectin implicated 

in inflammation but not atherosclerosis or other cardiovascular diseases in the way that 

CD62P is208. 

Table 11: Summary of Previous Studies Evaluating Filtration Effects on 
Biomarker Outcomes in Healthy Adults 

Study Intervention 
Duration 

Purifier Type Pollution 
Decrease 

Biomarkers Improved 
with Intervention 

Pádro- 2 x 21d; no Window- PNC: 4900 None 
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Martínez et al. 
2015209 

washout mounted 
HEPA 

#/cm3 
(42%) 

Chen et al. 
2015210 

2 x 48h; 2w 
washout 

Portable 
Electrostatic 
filter (non-
HEPA) 

PM2.5: 55 
µg/m3 
(57%) 

SBP, DBP, sCD40L, 
FeNO, MCP-1, IL-1β, & 
MPO 

Kajbafzadeh 
et al. 2015211 

2 x 7d; no 
washout 

Portable HEPA 
+ activated 
carbon 

PM2.5: 2.8 
µg/m3 
(40%) 

None 

Karottki et al. 
2013212 

2 x 14d; no 
washout 

House AHU 
H11 HEPA 

PM2.5: 3.8 
µg/m3 
(50%) 

Monocyte CD62L (only 
on Day 2 of 
intervention) 

Weichenthal 
et al. 2013213 

2 x 7d; 1w 
washout 

Portable 
Electrostatic 
filter (non-
HEPA) 

PM2.5: 37 
µg/m3 
(~60%)a 

FEV1 & PEFR (both 
dependent on two 
outlying subjects) 

Allen et al. 
2011214 

2 x 7d; no 
washout 

Portable HEPA PM2.5: 6.2 
µg/m3 
(~60%)a 

Reactive hyperemia 
index (RHI); Males 
only: CRP, IL-6, & band 
cell counts 

Brauner et al. 
2008215 

2 x 48h; no 
washout 

Portable HEPA PM2.5: 7.9 
µg/m3 
(~60%)a 

RHI & hemoglobin 

aExact percentage not given, but was instead approximated from the published data 

4.4.3 Possible Biomarker Adaptation to Air Pollutant Exposure 
Interventions 

It is possible that these biomarkers respond and remain changed over a few days 

after an air pollutant exposure intervention, but as the body adapts to the lower 

exposure levels, these biomarkers return to some baseline level over the first few weeks 

of the intervention. This is supported by a study examining the time lag day associations 

between biomarkers of different cardiorespiratory disease mechanistic pathways and 

ambient PM2.5, which showed that these pathways tend to be associated with PM2.5 



 

90 

 

concentrations over the previous 0-3 days, but these associations drop off and reverse 

direction when evaluating earlier PM2.5 concentrations216. Another study found several 

significant biomarker associations with size-fractionated PM averaged over the past 1 

day or less, with associations decreasing as the averaging time increased and only VWF 

and PAI-1 showing any associations with 3-day mean PM217. In contrast, 30-day mean 

PM2.5 has been associated with increased SBP and PP, though this effect was only 

significant in warmer months and for people near high road densities, conditions which 

were not present in our filtration study218. This is not to say that the health benefits of 

indoor air filtration would not persist over a longer time scale, but the biomarkers 

signaling these biological changes may not be reliable indicators after a few weeks of 

intervention. 

This does not appear to be the case for the ESP intervention, however, which 

may suggest different timing for biomarker responses to O3 and its related pollutants 

than to PM. When evaluating exposures over the past year, both O3 and PM2.5 have been 

associated with increases in biomarkers related to cardiovascular disease risk163. There is 

a dearth of studies evaluating biomarker responses in association with O3 and PM2.5 at 

an intermediate time range of two weeks to a month, though it has been shown that both 

2-week and 1-month O3 have been associated with elevations in the oxidative stress 

marker plasma 8-iso-PGF2α219, which has known platelet-activating properties156. 

Ultimately this study cannot reveal differences in the time courses of biomarker 
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responses to subchronic interventions, but this is a possible explanation for the lack of 

HEPA-associated biomarker results seen in this study and other studies with a similar 

duration between intervention and biological assessment. 

4.4.4 ESP-Associated Biomarker Responses 

This study is the first to suggest possible health impacts of ESP use and the first 

to evaluate ESP use in the context of cardiovascular disease pathophysiologic 

mechanisms. The only other study to evaluate ESP associations with health outcomes 

involved a 3-week ESP intervention in office AHUs that reduced “dust” concentrations 

by about 30 µg/m3 or 46% and was associated with slight improvements in peak 

expiratory flow, nasal volume, and nasal symptoms220. In our study, however, no 

improvements in spirometry were observed, and blood pressure and platelet activation 

as measured by SBP, DBP, and sCD62P were elevated in association with ESP use. This 

response may be due to the ionizing effects of the ESP, which generates O3 that can react 

with organic compounds accumulated on downstream filters and indoor surfaces to 

produce secondary pollutants such as carbonyl compounds, reactive oxygen species, 

and ultrafine particles (UFPs)24,195. During this study, a short-term analysis comparing 

particle number concentrations between the intervention and post-intervention periods 

for Office B was performed to isolate and identify the effect of ESP on UFP formation, 

and it was found that particle number concentrations, a surrogate measure of UFPs, 

increased by about 22,000 particles/cm3 when the ESP was turned on201. Most of this 
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increase can be attributed to indoor secondary particle formation because supply air 

particle number concentrations downstream of the HEPA filter were very low. In this 

study, it is not possible to determine which factor associated with ESP use was driving 

the increases in blood pressure and platelet activation. However, sCD62P was also 

positively associated with 24-hour and 2-week unfiltered cumulative exposures to O3, 

indicating that sCD62P increases in response to O3 alone independently of ultrafine 

particles or other possible ESP-associated indoor O3 chemistry secondary pollutants in 

all locations. The physiological basis for O3 associations with sCD62P and blood 

pressure has been discussed previously in Sections 3.4.2 and 3.4.3.  

When excluding smokers from the analysis, there was a robust, albeit small 

decrease in EBC pH associated with ESP, possibly indicating some influence of ESP-

associated O3 and O3 reaction products with airway inflammation that is not evident in 

active smokers. Active smokers show reduced EBC pH under normal conditions221, and 

this may have blunted any response to ESP-associated pollutant induced lung 

inflammation. However, in this study smokers did not have significantly lower EBC pH 

than non-smokers. 

4.4.5 Biomarker Associations with Air Pollutant Exposures in 
Unfiltered Environments 

Several biomarkers were associated with cumulative air pollutant exposures in 

the minority of time spent away from the filtered offices and dorms. These findings 

suggest that even when most of an individual’s time is spent in filtered indoor spaces, 
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those times spent away can still have health impacts. Cumulative unfiltered O3 exposure 

was associated with sCD62P, and the possible mechanisms underlying this association 

have already been discussed in Section 3.4.2.  

When active smokers were excluded from the analysis, there were a few 

biomarker associations with unfiltered exposure that changed significance. Interestingly, 

the 2-week cumulative unfiltered PM2.5 exposure association with VWF became 

significant when smokers were excluded from the analysis. Though studies have shown 

higher VWF values in smokers222, this was not true in this study. One study examining 

PM10 associations with hemostatic factors found that excluding smokers increased 

associations between PM10 and fibrinogen223, so perhaps there is a common mechanism 

here by which tolerance to inflammatory insult induced by chronic tobacco smoking 

blunts the VWF response to air pollution. However, there was no significant unfiltered 

PM2.5 exposure by smoking status interaction in our data, indicating weak evidence of 

effect modification. Conversely, the association between unfiltered PM2.5 exposure and 

FeNO became nonsignificant. It is known that smokers tend to have lower FeNO224, 

though FeNO was not significantly lower in smokers in this study, and these sensitivity 

analysis results suggest smokers have more of an FeNO response to air pollution than 

non-smokers. It is not known if smokers are sensitized to have a greater FeNO response 

to air pollution exposure, but a study of occupational PM exposure found no difference 

between smokers and non-smokers in terms of FeNO response225.  
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4.4.6 Study Limitations 

There are several limitations to this study. All of the previous filtration 

intervention studies have been crossover trials, in which each subject receives treatment 

at some point during the study in a random order. This has the benefit of each subject 

serving as his or her own control while receiving all possible treatments in different 

orders to avoid bias arising from time-varying confounders. Our study examined 

subjects longitudinally, and so every subject acted as their own control, but only one 

group had the HEPA filter removed as both groups were evaluated in parallel. As a 

result, it is more difficult to control for the influence of time-varying confounders. Due 

to the limited size of the subject pool, we were not able to have another group with no 

manipulation of the baseline conditions (ESP + HEPA). However, the fact that there was 

a pre- and post-intervention period means that uncontrolled time-varying confounders 

that would tend to change with season would not have the same effect in both non-

intervention periods, reducing the chance that these would be relevant confounders. 

Furthermore, our analysis used several different methods and sets of covariates to 

control for factors that change over time, and there was little change in the results.  

To determine the power of this study in terms of HEPA associations, a simulation 

analysis was performed in which new biomarker values were simulated allowing the 

beta coefficient for HEPA, the random intercepts, and the error term in the model to 

vary while the observed predictors and other beta coefficients remained constant. We 
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used PP for this analysis given that it appeared to nonsignificantly decrease about 1 

mmHg (2%) in association with HEPA. This analysis showed that this study had a 

power of 0.8 to detect a 3 mmHg (6%) PP decrease in association with HEPA use. Prior 

evidence has shown that a 10 µg/m3 increase in two-day prior mean ambient PM2.5 was 

associated with a 4.5 mmHg increase in PP226, and so a 3 mmHg decrease in PP with a 38 

µg/m3 decrease in personal 24-hour PM2.5 exposure is well within the realm of possible 

outcomes. However, a similar simulation for VWF found that a 8.5 µg/ml decrease 

would be needed in VWF to have a power of 0.8 to detect this change. Given that HEPA 

filtration reduced 2-week mean PM2.5 total exposure by an average of 22.6 µg/m3 and 

that our previous results from Chapter 3 show that a 10 µg/m3 increase in 2-week PM2.5 

exposure is associated with a 1.5 µg/ml increase in VWF, we would only expect around 

a 3.4 µg/ml decrease in VWF with HEPA. This study had sufficient statistical power to 

detect some moderate biomarker changes in association with HEPA filtration based on 

what would be expected in association with the observed decrease in 24-hour PM2.5 

exposure, though not for all biomarkers. However, it was underpowered to detect 

HEPA associations with the unexpectedly small observed biomarker changes. 

Limitations in exposure assessment have been discussed in Section 3.4.7.  

4.5 Conclusions 

Although the combined use of ESPs and HEPA filtration, as opposed to HEPA 

use alone, offers economic benefits by reducing operational costs, it may increase 
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cardiovascular disease risk for the occupants. This study adds the first evidence of 

negative health effects with ESP use, indicating that the concomitant low level increases 

in indoor O3 and associated indoor chemistry product concentrations may impact 

cardiovascular health. Our results also showed that biomarker responses were not 

detectable weeks after the removal of HEPA filters despite the fact that this intervention 

resulted in substantial increases in indoor PM2.5 concentrations. In addition, we have 

shown the importance of minimizing times spent away from filtered environments in 

areas with heavy air pollution, as these short exposures can have measurable health 

effects, particularly as they accumulate over longer time scales. Given the enormity of 

the health burden attributable to air pollution, exposure in highly polluted regions must 

be minimized as much as possible at the personal level with indoor air purification 

technologies until emission sources can be controlled. However, without understanding 

which technologies and use conditions lead to the reduction of health risks associated 

with pollutant exposures, our capacity to reduce this disease burden will be limited.  
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5. Impact of Age and Sex on Ozone-Associated 
Cardiovascular Pathophysiologic Effects 

5.1 Introduction 

As has been shown in Section 1.3, there has been considerable variation in the 

observed associations between O3 and biomarkers of cardiovascular disease risk and 

pathophysiology across studies. It is possible that these variations are in part due to 

differences in the physical characteristics of the study populations. Both age and sex 

have been suggested as two factors that modify an individual’s sensitivity to air 

pollution, but this is not well understood at the physiological level or in the context of 

individuals with mid-range ages. 

There is epidemiological evidence showing that older age increases the risk of 

O3-227-229 and PM2.5- associated mortality230 based on categorization of individuals above 

or below an “elderly” age cutoff of between 54-85 years old. Other studies have failed to 

observe this effect modification of O3231 and PM2.5232,233 associations with mortality by 

age, however. In terms of biomarkers, the modification of O3 effects by age has not been 

previously explored, but for PM2.5, several studies have found greater associations with 

carotid intima-media thickness (CIMT)234, a marker of atherosclerosis, and CRP235 in 

adults older than 60 years old versus those younger than this cutoff. In addition, the 

PM2.5 association with CRP was significantly higher in 47.6- to 52-year-olds versus 42- to 

47.5-year-olds in another study236.  
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Sex has been also been suggested to modify epidemiological associations of O3 

and mortality. Women have been shown to have a significant increase of 0.6% in O3-

associated total mortality risk in one U.S. multicity study227, about double the all-natural 

mortality risk as compared to men of the same age group (85+) in a multicity study in 

Italy229, and a nonsignificantly higher non-accidental mortality risk about double that of 

men in a study in Shanghai237. However, this effect modification was not seen in other 

epidemiological studies of O3 and mortality238,239 or out-of-hospital cardiac arrests240. A 

similar pattern has been observed in the PM2.5 epidemiological literature in which 

women appear to be more susceptible to PM2.5-associated mortality. Only women 

showed a significant association between PM2.5 and cardiovascular mortality in another 

U.S. multicity study, whereas the association between PM2.5 and respiratory mortality 

was only significant for men, though the effect modification of sex was not significant230. 

Males have been found to have higher associations between PM2.5 and mortality as 

well241, and other studies have found no modification by sex146. There is a dearth of 

research examining sex effect modification of O3 associations with human biomarker 

responses, though a recent study of hypertensive patients found that associations 

between ambient O3 and PWV were only significant for women, not men242. In terms of 

PM2.5, associations with fibrinogen, platelet count, and CRP have been shown to be 

higher in men235,243, though inconsistent results have shown women having a greater 

association between CIMT and PM2.5234,244.  
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The Changsha Broad Town Study is well-suited to address the possibility of age 

influencing O3 and other pollutant associations with biomarker outcomes due to the 

high number of biomarkers collected, detailed exposure assessment, and relatively wide 

age ranges. However, the imbalanced sex ratio in that study makes it difficult to 

evaluate interactions between sex and pollutant exposure. Pooling data from a more 

recent study completed in Shanghai with a younger population and more balanced sex 

ratio allows us to examine effect modification by these personal characteristics. 

The Changsha Broad Town Study is well-suited to address the possibility of age 

influencing O3 and other pollutant associations with biomarker outcomes due to the 

high number of biomarkers collected, detailed exposure assessment, and relatively wide 

age ranges. However, the skewed sex ratio in that study makes it difficult to evaluate 

interactions between sex and pollutant exposure. Pooling data from the Changsha Study 

with that of a more recent study completed in Shanghai with a younger population and 

more even sex ratio allows us to examine effect modification by these personal 

characteristics with a more balanced, larger dataset. 

5.2 Methods 

5.2.1 Shanghai Filtration Study 

The Shanghai Study was a crossover study in which 71 medical students were 

exposed overnight to a portable air purifier (Amway Atmosphere®) in their dorm rooms 

that either contained a HEPA filter, activated carbon filter, and coarse pre-filter (true) or 
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no filters (sham). This study took place in a suburb of Shanghai called Songjiang, where 

a large teaching hospital is located and where all subjects live on site in adjacent 

dormitory buildings. Subjects were randomly assigned to either treatment (true or sham 

filtration) on a given weekend, and then after a two-week washout period they were 

assigned the other treatment. Around half of the subjects had their first weekend 

sampling period (Saturday morning-Monday morning) from Nov. 7-9th, 2015 and a 

follow-up sampling period on Nov. 11-22nd, 2015, while the other half had their first 

weekend from Nov. 28-30th and follow-up sampling period Dec. 12-14th. There was no 

Monday morning sample collection on Nov. 23rd for the second weekend due to 

technical difficulties. 

The Shanghai Study exposure assessment involved continuous PM2.5 mass 

concentration monitoring in each dormitory room, one representative classroom and 

clinical office, and outdoors with laser photometers (Beijing Green Built Environment 

Technology Co., Ltd., Model QD11, Beijing) throughout the study period, as well as 

ambient O3 data from a monitoring station 23 km away. Indoor O3 concentrations were 

estimated using I/O ratios of 0.26 for dorms during true filtration, 0.32 for dorms during 

sham filtration, and 0.35 for all other indoor environments. 24-hour time-activity 

questionnaires similar to those used in the Changsha Study were used to estimate 24-

hour PM2.5 and O3 exposures.  
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Baseline biomarker measurements were made on Saturday morning, including 

urine and blood collection, as well as FeNO, PWA, spirometry, and impulse oscillometry 

measurements. All biomarker samplings and testings were repeated 24 hours after the 

baseline measurement, with additional 36 hours post FeNO measurement and urine 

collection, and 48 hours post blood and urine collection. The biomarkers measured in 

both the Changsha and Shanghai Studies include plasma sCD62P and VWF, UMDA, 

FeNO, FEV1, FVC, FEV1/FVC, and the PWA measures AI, PWV, SEVR, SBP, DBP, and 

PP. The preparation and measurement procedures for these biomarkers did not differ 

with the exception of the plasma samples and spirometry. The plasma samples were 

collected in the same brand of tubes, but they were centrifuged and stored more quickly 

after collection than in the Changsha Study. In addition, sCD62P and VWF 

measurements were sent in to a commercial laboratory (Merck Chemicals Co., Ltd., 

Shanghai) for ELISA analysis in the Shanghai Study, rather than performing an in-house 

analysis with commercial ELISA kits, as was done in the Changsha Study and described 

in Section 2.5.2. Spirometry was measured by trained pulmonologists using the 

hospital’s own clinical spirometer in the Shanghai Study, whereas I performed the 

spirometry analysis for the Changsha Study using a tabletop spirometer as described in 

Section 2.5.1.  
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5.2.2 Statistical Analysis 

The same Bayesian GRR models used in the analysis for Chapter 4 were also 

used for this analysis. These models had the same random effects design as was shown 

in Formula 1 (Section 4.2.2), and the fixed effects included a pollutant exposure by 

personal characteristic (age or sex) interaction term along with the associated main effect 

terms, 24-hour mean ambient temperature and relative humidity, time in the past 24 

hours spent with a smoker, respiratory infection status, menstruation status, hours since 

last ate, and day of the week.  

Using the Changsha Study data, first a “screening” analysis was done of all 

possible pollutant interaction and biomarker models using only 50,000 iterations and 4 

Markov chains for Gibbs sampling with a burn-in of 25,000 and thinning every 25th 

sample. Based on these preliminary results, I decided to focus on the cardiovascular 

biomarkers SBP, DBP, PP, PWV, sCD62P, and PWV given that there were no coefficient 

estimates close to significance in the other biomarkers. All possible combinations for 

these biomarkers with pollutant by age or sex interaction terms were reevaluated with 

longer Gibbs sampling. Namely this involved running 6 Markov chains for 200,000 

iterations, burning in the first 100,000, and thinning every 100th sample. A similar 

“screening” analysis was done for the Shanghai Study and pooled data. 

The pooled Changsha and Shanghai study data were used to assess the 

robustness of age and sex interactions with 24-hour O3 and PM2.5 exposure since there 
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were no other overlapping exposure measurements between the two studies. The same 

Bayesian GRR model used on the Changsha Study data was utilized again for the 

pooled data with the same random and fixed effects, with the only difference being an 

additional binary fixed effect for study (Changsha or Shanghai). Since the Shanghai 

Study VWF data were heavily right skewed, the pooled VWF was log-transformed, 

while the VWF data for the Changsha Study only analysis was not, in keeping with the 

analyses from Chapters 3 and 4.  

Key results were checked against another method of evaluating the interaction 

term by first regressing the interaction term on its two main effects in a linear mixed 

model and then using the residuals from that model as a predictor in the Bayesian 

models. This residual predictor variable represents the variation in the interaction term 

that is orthogonal to the main effects. If the original analysis shows a significant 

interaction term but this analysis does not, that may indicate that the main effects are 

highly correlated with and are confounding the interaction term, and so any apparent 

association with the interaction term may just be due to one or both of the main effects. 

Additional sensitivity analyses included adding all other pollutant exposures into the 

models for the Changsha study and two-interaction models containing both age and sex 

interactions with pollutant exposures. For the pooled data, the two-interaction models 

also controlled for the second measured co-pollutant. Since females were significantly 

younger on average in the Changsha Study (6.47 years younger), the Shanghai Study 
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(1.28 years younger), and pooled data analyses (6.40 years younger), this two-interaction 

model was used to test if the interactions were confounding each other. 

The predicted marginal effect of the exposure predictor over the ranges of the 

subject characteristic predictor was calculated for each model with a significant 

interaction. This was done by using the posterior samples of the coefficient estimates 

from the Bayesian models to calculate the conditional coefficient for the exposure 

predictor (βcond) using the formula βcond = βp + S*β int, where βp is the coefficient for the 

pollutant predictor, S is the value of the subject characteristic, and β int is the interaction 

coefficient across a range of S values. All reported 95% credible intervals are highest 

posterior density (HPD) intervals. All calculations were made using JAGS197, version 

4.2.0, and the “R2jags”198 and “R2WinBUGS”199 packages in R, version 3.3.3143. 

5.3 Results 

5.3.1 Subject Characteristics, Exposures, and Biomarker Levels 
between Studies 

A comparison of variables between the Changsha and Shanghai Studies is shown 

in Table 12. The male to female sex ratio of the Changsha Study, 2.56, is significantly 

higher (p < 0.001) than that of the Shanghai Study, 0.78, and the pooled sex ratio is 1.42. 

The Changsha Study had a significantly higher mean age than the Shanghai Study by 

about 9 years. In terms of other potentially confounding subject characteristics, the mean 

body mass index (BMI) in the Changsha Study was also significantly higher than that of 

the Shanghai Study, though they both have similar ranges and the difference was only 
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about 1 kg/m2. Both the Changsha and Shanghai Studies had comparable 24-hour O3 

and PM2.5 exposure concentrations, as well as similar SBP values. However, the 

Shanghai study had significantly lower DBP values and concomitant significantly higher 

PP values. There were marked, highly significant differences in the blood markers 

sCD62P and VWF between the studies likely due to the differences in the measurement 

methods, with the Shanghai study being much higher and lower for those respective 

biomarkers. Another difference between the studies was that the Shanghai Study had no 

smokers, and there was little to no secondhand smoke exposure. 

Table 12: Subject Characteristic, Exposure, and Biomarker Differences between 
Studies 

Study Mean (SD) Range (Median) Changsha – Shanghai 
Difference 

p-value 

Age 
Changsha 31.49 (7.63) 22 - 52 (29) 9.37* <0.001 
Shanghai 22.13 (1.64) 19 - 26 (22) 
Pooled 27.37 (7.44) 19 – 52 (25) 

BMI 
Changsha 22.32 (2.74) 15.9 - 29.4 (22.1) 1.08* 0.03 
Shanghai 21.24 (2.21) 17.2 - 27.1 (20.8) 
Pooled 21.81 (2.55) 15.9 – 29.4 (21.5) 

24-hour O3 
Changsha 6.71 (4.31) 1.4 – 19.4 (4.6) 0.11 0.70 
Shanghai 6.60 (2.40) 2.2 – 15.2 (6.6) 
Pooled 6.66 (3.59) 1.4 – 19.4 (5.3) 

24-hour PM2.5 
Changsha 38.69 (30.7) 3.2 – 155 (26.6) 3.81 0.08 
Shanghai 34.88 (18.3) 11.9 – 268 (32.3) 
Pooled 37.01 (26.0) 3.2 – 268 (30.4) 

SBP 
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Changsha 112.3 (10.8) 90 – 159 (111) 1.09 0.42 
Shanghai 111.4 (8.34) 88.7 – 139 (112) 
Pooled 111.9 (9.81) 88.7 – 159 (111) 

DBP 
Changsha 64.55 (6.98) 51 – 89 (63) 3.82* <0.001 
Shanghai 60.80 (5.22) 50 – 75 (60) 
Pooled 62.89 (6.53) 50 – 89 (62) 

PP 
Changsha 47.79 (6.88) 31 – 77 (47) -2.73* 0.002 
Shanghai 50.55 (6.71) 31 – 70 (50) 
Pooled 49.00 (6.94) 31 – 77 (48.85) 

PWV 
Changsha 6.44 (1.12) 4.30 – 14.27 (6.33) 0.46* 0.001 
Shanghai 6.00 (0.82) 3.60 – 8.60 (5.90) 
Pooled 6.24 (1.03) 3.60 – 14.27 (6.13) 

sCD62P 
Changsha 24.33 (7.53) 10.9 – 60.4 (22.9) -52.00* <0.001 
Shanghai 76.51 (35.7) 24.8 – 498 (72.8) 
Pooled 52.54 (37.3) 10.9 – 498 (44.1) 

VWF 
Changsha 32.27 (15.7) 3.52 – 82.8 (30.1) 22.96* <0.001 
Shanghai 9.31 (4.42) 2.46 – 35.9 (8.05) 
Pooled 19.84 (16.0) 2.46 – 82.8 (13.2) 

*p < 0.05 

5.3.2 Interaction Estimates: Changsha Study 

The posterior estimates for main effect and interaction term coefficients in 

models with significant interactions are highlighted in Table 13. In order to visualize 

how these interactions influence the association between pollutant exposure and 

biomarker outcomes, each significant interaction is shown in a marginal effect plot with 

the subject characteristics on the x-axis and the predicted unit or percent change in each 
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biomarker associated with a 10-ppb increase in O3 exposure on the y-axis. These plots 

show how the conditional coefficients of the association between exposures and 

biomarkers changes as either age or sex changes, with the curve representing the mean 

conditional coefficient for a given subject characteristic value, and the shaded ribbons 

around the curve represent the 95% credible interval for the conditional coefficient. 

In terms of age interactions, these analyses showed significant interaction terms 

of 2-week O3 by age for SBP, 2-week SO2 by age for PWV, and 24-hour O3 by age and 2-

week O3 by age for sCD62P. Though this was not significant, the O3 interaction estimate 

for 24-hour O3 by age for SBP had a lower credible interval just barely overlapping zero. 

In addition, there were significant sex interaction terms for PWV with 24-hour O3 and 2-

week SO2 in opposite directions. 

Table 13: Changsha Study Interaction Model Main Effect and Interaction Term 
Coefficients 

Biomarker Model Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa 24h O3:Age 24h O3 -7.33E-04 8.23E-05 -1.44E-02 1.23E-02 
Age -1.15E-03 3.53E-05 -7.01E-03 4.15E-03 
24h O3:Age 9.99E-04* 2.67E-06 5.85E-04 1.45E-03 

sCD62Pa 2w O3:Age 2w O3 2.98E-02 2.05E-04 -8.87E-04 6.00E-02 
Age -4.71E-03 5.86E-05 -1.41E-02 2.96E-03 
2w O3:Age 1.35E-03* 6.13E-06 4.58E-04 2.30E-03 

SBP 24h O3:Age 24h O3 -1.90E-01 4.30E-03 -8.66E-01 4.52E-01 
Age 5.05E-01* 1.74E-03 2.28E-01 7.59E-01 
24h O3:Age 1.80E-02 1.39E-04 -9.77E-04 4.01E-02 

SBP 2w O3:Age 2w O3 -2.87E-01 7.74E-03 -1.51 8.98E-01 
Age 3.10E-01 2.37E-03 -4.82E-02 6.39E-01 
2w O3:Age 4.01E-02* 2.42E-04 4.04E-03 7.87E-02 

PWV 2w 2w SO2 -9.68E-02 1.23E-03 -2.81E-01 7.48E-02 
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SO2:Age Age 2.42E-02 2.78E-04 -1.42E-02 6.50E-02 
2w SO2:Age 5.75E-03* 3.73E-05 2.69E-04 1.12E-02 

Sex Interactions 
PWV 24h 

O3:Male 
24h O3 1.57E-02 2.97E-04 -1.50E-02 4.89E-02 
Male 1.11* 4.47E-03 6.15E-01 1.6 
24h O3:Male -4.77E-02* 3.58E-04 -8.50E-02 -6.54E-03 

PWV 2w 
SO2:Male 

2w SO2 3.96E-03 6.96E-04 -7.28E-02 8.47E-02 
Male 1.24E-01 5.53E-03 -4.23E-01 8.17E-01 
2w SO2:Male 1.07E-01* 7.65E-04 2.19E-02 1.96E-01 

Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 
model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-

hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 
logarithmic scale. The “:” denotes an interaction term. 
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Figure 14: Changsha Study Mean and 95% CI Marginal Effect Plots for O3 by Age 
Interaction Models Showing Biomarker Responses per 10 ppb Increase in 24-hour O3 

Exposure at Different Ages 
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Figure 15: Changsha Study Mean and 95% CI Marginal Effect Plots for PWV 
Interaction Models Showing Predicted Biomarker Responses per 10 ppb Increase in 

Pollutant Exposure at Different Ages (A) and Between Females and Males in 
Association with 2-week SO2 (B) and 24-hour O3 (C) 
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In Figure 14, there is a clear increasing trend in the association between O3 and 

sCD62P or SBP. For a 20-year-old person, a 10 ppb increase in 24-hour or 2-week O3 

exposure is predicted to increase sCD62P by a mean (95% CI) of 21.3% (14.3%, 28.1%) 

and 76.9% (52.0%, 102.8%), respectively, and these estimates increase to 63.7% (48.9%, 

79.6%) and 165.9% (113.4%, 217.1%), respectively, for a 50-year-old. For the association 

between a 10 ppb increase in 2-week O3 exposure and SBP, a 20-year-old is predicted to 

have a SBP increase of 5.1 (-0.31, 10.6) mmHg, and a 50-year-old is predicted to have an 

increase of 17.1 (8.8, 25.8) mmHg. The lowest significant ages marked on these plots 

emphasize that associations between these biomarkers and pollutants are less likely to 

be detected in people below a certain age.  

Figure 15 shows three marginal effect plots related to PWV, one for the 2-week 

SO2 by age interaction (A), and one each for the 2-week SO2 or 24-hour O3 by sex 

interactions (B and C, respectively). For a 20-year-old, a 10 ppb increase in 2-week SO2 is 

predicted to increase PWV by 0.18 (-0.80, 1.09) m/s, whereas the predicted increase for a 

50-year-old is 1.91 (0.53, 3.28) m/s. Figure 15B shows that the models suggest that men 

have a greater PWV association with a 10 ppb increase in 2-week SO2 than women (1.11 

(0.38, 1.86) m/s versus 0.03 (-0.7, 0.9) m/s, respectively). Conversely, Figure 15C suggests 

that women have a greater positive association between PWV and a 10 ppb increase in 

24-hour O3 compared to men, though this positive association is not significant (0.16 (-
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0.12, 0.50)). The negative association between a 10 ppb increase 24h O3 exposure and 

PWV is significant for men (-0.32 (-0.55, -0.08) m/s). 

When testing these associations using the residuals of the interaction term 

regressed on the main effects (see Table 18 in Appendix E.2), all of these associations 

remained significant with the exception of the 24-hour O3 by male sex interaction for 

PWV, which changed from -0.048 (-0.085, -0.006) to -0.017 (-0.039, 0.005). In the 

sensitivity analyses controlling for all pollutant main effects, the 24-hour and 2-week O3 

by age interactions for sCD62P remained significant, as did the 2-week SO2 by age and 

2-week SO2 by sex interactions for PWV (see Table 20). In the two-interaction models, 

the 24-hour and 2-week O3 by age interactions for sCD62P, the 2-week O3 by age 

interaction for SBP, and the 24-hour O3 by sex interaction for PWV remained significant 

(see Table 21). In all these sensitivity analyses, only the 24-hour and 2-week O3 by age 

interactions for sCD62P remained significant in all models. 

5.3.3 Interaction Estimates: Shanghai Study 

The interaction term results for the key biomarkers for the Shanghai Study data 

alone are presented in Table 17 in Appendix E.1. There were no significant interaction 

term estimates in any of these analyses.  
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5.3.4 Interaction Estimates: Pooled Data 

After pooling the data, estimates generally had tighter credible intervals and 

lower effect sizes. Table 14Error! Reference source not found. shows the interaction 

term and main effect coefficient estimates from the pooled Changsha Study and 

Shanghai Study data analyses. In the pooled data analysis, the 24-hour O3 by age 

interaction estimate for SBP (0.027 (0.006, 0.047)) increased and became significant. The 

sCD62P association with the 24-hour O3 by age interaction term increased and remained 

significant (0.0013 (0.0006, 0.0021)). In addition, the 24-hour O3 by sex interaction for 

PWV remained significant in the pooled analysis (-0.047 (-0.077, -0.020)).  

For the Changsha Study and pooled data, Figure 16Error! Reference source not 

found. juxtaposes the conditional 24-hour O3 exposure coefficients and credible 

intervals for the Changsha Study analysis results (shown in red) and the pooled data 

analysis results (shown in blue). Both Figure 16A and B, show that the slope of the 

change in conditional pollutant coefficient is greater in the pooled analysis, and this 

difference in slopes is more noticeable for SBP. For the pooled analysis, a 10 ppb increase 

in 24-hour O3 exposure is predicted to be associated with a 14.7% (4.1%, 24.7%) and 

69.6% (41.6%, 101.9%) increase in sCD62P for a 20-year-old and 50-year-old, 

respectively. For SBP, the increases predicted to be associated with a 10 ppb increase in 

24-hour O3 exposure are 0.15 (-2.31, 2.40) mmHg and 8.28 (3.88, 12.7) mmHg, 

respectively. In the pooled analysis the lowest significant age for the conditional 
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coefficient of O3 exposure was 19 for sCD62P and 27 for SBP. Figure 16C shows that the 

estimate of the conditional coefficient for 24-hour O3 exposure in the sex interaction 

model for PWV did not change between the Changsha Study and pooled analyses, but 

in the pooled analysis the credible intervals are tighter. The conditional estimate for the 

increase in PWV associated with a 10 ppb increase in 24-hour O3 for females and males 

in the pooled analysis is and 0.16 (-0.05, 0.42) m/s and -0.31 (-0.49, -0.13) m/s, 

respectively. 

When the interaction model results with the pooled data were checked for 

orthogonal interaction term effects by using the residuals of regressing the interaction on 

the main effects as a predictor, the interaction term 24-hour O3 by sex for PWV became 

nonsignificant. This once again suggests the predominant effect of the main effect terms 

on the interaction model outcomes. In the two-interaction model sensitivity analysis for 

the pooled data, none of the associations changed significance. In no models for any of 

the datasets were there any significant interactions involving PM2.5 or NO2 exposure. 

Table 14: Pooled Data Interaction Model Main Effect and Interaction Term 
Coefficients 

Biomarker Model Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa 24h 
O3:Age 

24h O3 -1.29E-02 1.55E-04 -3.78E-02 7.34E-03 
Age -4.05E-03 5.13E-05 -1.21E-02 2.77E-03 
24h O3:Age 1.31E-03* 5.19E-06 5.96E-04 2.11E-03 

SBP 24h 
O3:Age 

24h O3 -5.16E-01 4.11E-03 -1.13 8.14E-02 
Age 4.52E-01* 1.71E-03 1.96E-01 7.16E-01 
24h O3:Age 2.67E-02* 1.38E-04 6.35E-03 4.73E-02 

Sex Interactions 
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PWV 24h 
O3:Male 

24h O3 1.58E-02 1.96E-04 -6.08E-03 4.01E-02 
Male 1.21* 2.59E-03 8.84E-01 1.51 
24h O3:Male -4.73E-02* 2.33E-04 -7.69E-02 -2.03E-02 

Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 
model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-

hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 
logarithmic scale. 
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Figure 16: Changsha Study and Pooled Analysis Mean and 95% CI Marginal Effect 
Plots Showing Biomarker Responses per 10 ppb Increase in 24-hour O3 Exposure at 

Different Ages (A and B) and for Different Sexes (C).  
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5.4 Discussion 

5.4.1 Key Findings 

This analysis has suggested an increased vulnerability to O3-associated increases 

in biomarkers of cardiovascular disease pathophysiology in older individuals. In 

particular, there were significant, robust interactions between age and 24-hour and 2-

week O3 in association with sCD62P and 24-hour O3 in association with SBP. Though 

previous research examining the influence of age on O3 health effects has compared 

people above and below “elderly” cutoffs, the findings in this study are detectable 

among much younger individuals, suggesting that there is a modifying effect of age at 

ages lower than what was previously explored. There were also a significant 2-week O3 

by age interaction for SBP, a significant 2-week SO2 by age interaction for PWV, and 

significant 2-week SO2 by sex interaction for PWV that became nonsignificant in the 

sensitivity analyses. In addition, there were significant interactions between sex and 24-

hour O3 exposure for PWV, which indicated that men had a significantly negative 

association between O3 and PWV. However, in both the Changsha and pooled data 

analyses, this interaction term became nonsignificant when using the residuals from a 

linear mixed model regressing the interaction term on the main effects to assess the 

orthogonal associations of the interaction term with biomarkers, suggesting that the 

original model results may not reflect an independent interaction effect. 



 

118 

 

5.4.2 Susceptibility to Platelet Activation with Age 

These results suggest that the ability of O3 to induce platelet activation and blood 

pressure increases becomes greater with age. There is a large body of evidence from the 

literature suggesting that platelets become more susceptible to activation as people age. 

Multiple studies have found decreases in the thresholds required for ADP-induced 

platelet aggregation as well as decreased fibrinolytic activity in platelets harvested from 

older individuals245. The reasons behind this increased reactivity with age may include 

that platelets from older people have higher expression of mRNA for genes related to 

platelet activation, α-granule secretion, and other thrombotic processes, including genes 

encoding VWF and the α-granule-associated thrombotic factor platelet factor 4 (PF4)246. 

In addition, the plasma of older individuals contains higher basal levels of circulating 

hemostatic factors, including VWF, fibrinogen, plasminogen activator inhibitor-1 (PAI-

1)247, as well as factors directly associated with α-granule release, such as PF4248 and β-

thromboglobulin249. However, basal soluble P-selectin has been shown to not increase 

with age in healthy individuals250.  

5.4.3 Susceptibility to Blood Pressure Increases with Age: Common 
Mechanisms with Platelet Activation 

The age-related increases in factors that lead to platelet activation and 

aggregation also may influence blood pressure, which may provide a mechanistic basis 

for the observed significant O3 exposure by age interaction for SBP. Prostaglandin I2 

(PGI2 or prostacyclin) acts both as a vasodilator and also an inhibitor of platelet 
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activation, but in older individuals there is lower platelet surface density of PGI2 

receptors251 and increased urinary PGI2 metabolite concentrations, indicating increased 

production to compensate for decreased sensitivity252. In addition, urinary metabolite 

concentrations of the platelet-derived vasoconstrictor and platelet activator TXA2 were 

also found to be increased in older individuals252. Endothelial nitric oxide synthase 

(eNOS) and the nitric oxide it produces inhibits platelet activation and induces 

vasodilation, but eNOS activity has been shown to be reduced in older healthy rats253.  

As was mentioned before in Section 3.4.3, O3 exposure in rats led to increased 

sensitivity to serotonin-induced vasoconstriction. Platelets take up and store circulating 

serotonin and release it when they aggregate, and it has been shown that older women 

have higher levels of platelet serotonin and its metabolite 5-HIAA than younger women, 

though they also have lower circulating serotonin levels254. Therefore, it is possible that 

activated platelet release of serotonin that is increased with age plays a role in the 

connection between O3, age, platelet activation, and blood pressure. O3 exposure has not 

been demonstrated to increase circulating or platelet serotonin before, but it has been 

shown to increase airway epithelial serotonin expression in monkeys255. In Section 3.4.3, 

it was mentioned that NADPH oxidase activity was vital to O3-induced dysfunctional 

regulation of vascular tone116. It was also discovered that older mice have increased 

susceptibility to arterial and venous thrombosis formation and fibrinogen binding 

associated with increased platelet hydrogen peroxide and dependent on NAPDH 
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oxidase activity256, which suggests that radical oxygen species produced by NADPH 

oxidase play a key role in the O3 and age-related increases in platelet activation and 

blood pressure. These mechanisms can explain the significant O3 by age interactions for 

sCD62P and SBP, as well as the close to significant interactions with the related blood 

pressure measures DBP and PP. 

5.4.4 SO2 Associations with PWV Increase with Age 

The other significant interaction observed in the Changsha data was the 2-week 

SO2 by age interaction with PWV. One-year mean ambient SO2 concentration has 

previously been associated with PWV in humans at concentrations lower than what was 

observed in the Changsha Study, which shows that the PWV association with SO2 may 

be dependent on longer term exposures83. PWV is known to increase with age in healthy 

individuals due to the normal progressive fragmentation of elastin, increased 

endothelial collagen and fibronectin, and increasing intimal thickness257, and this age-

dependent stiffening is limited to the aorta and other central, elastic arteries258. A study 

examining chemical components of coal and vehicular exhaust associated with various 

cardiovascular biomarker responses in mice found that SO2 was the predictor that 

explained most of the variability in the endothelin-1 (ET-1) response and the second 

most variability in the matrix metalloprotease-9 (MMP-9) response259. In China the 

primary source of SO2 is coal combustion. ET-1 is a potent vasoconstrictor and can 

induce vascular fibrosis, and MMPs break down the collagen, elastin, or gelatin in the 
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extracellular matrix depending on the type of MMP260. Both circulating ET-1 and MMP-9 

have been shown to be higher in older individuals261. Therefore the probable mechanism 

by which PWV is associated with SO2 is that SO2 itself or the coal combustion-generated 

air pollutant mixture (especially PM) induces increases in ET-1 and MMPs, leading to 

increased vascular fibrosis and dysregulation of collagen, elastin, and gelatin fibers, and 

the underlying fibrosis and extracellular matrix dysregulation in older subjects makes 

them more susceptible to this toxicity pathway.  

5.4.5 Nonsignificant Age Interactions for VWF 

Both 2-week SO2 and PM2.5 exposure have nonsignificant but suggestive 

interaction terms with age for VWF in the analysis of the Changsha data. In healthy 

adults VWF levels increase at a rate of about 1% per year as part of the previously 

described age-related increases in thrombotic factors262. In addition, the ratio of VWF to 

ADAMTS13, which cleaves VWF to reduce its thrombotic activity, increases with age263. 

VWF release from endothelial cell Weibel-Palade bodies is known to be induced by IL-

6164, and a mouse model of PM10 intratracheal instillation found that IL-6 produced by 

alveolar macrophages was necessary to induce downstream increases in fibrinogen and 

increases in the activity of the clotting factors FII, FVIII, and FX264. Given that VWF can 

increase liver production of FVIII265 and that VWF is induced by IL-6, it is plausible that 

macrophage release of IL-6 mediated the PM2.5 and SO2 associations with VWF in the 
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Changsha Study, and the age-dependent increase in IL-6 enhanced this mechanism, 

albeit not to the point that these interaction terms became statistically significant.  

5.4.6 O3 and SO2 by Sex Interactions for PWV 

Analyses of both the Changsha Study and pooled data showed a significant 

negative 24h O3 by male interaction for PWV that was robust to controlling for age 

interactions. This suggests that females have an increased PWV response to O3 

exposure, though the female-specific positive association between O3 and PWV was 

nonsignificant. These findings are supported by a recent study that observed a 

significant association between ambient O3 and PWV for women, but not for men 

among hypertensives242. In contrast to that study, the male-specific association between 

O3 and PWV was significantly negative in both the Changsha and pooled analyses. O3 

exposure in rats has been shown to increase aorta expression of endothelin-1, 

endothelin-1 receptor A and B, MMP-2, and MMP-3 mRNA118, which may provide a 

mechanistic basis for the observed epidemiological association of O3 with PWV via 

MMP-induced elastin degradation and ET-1-associated aorta vasoconstriction. However, 

none of the analyses in this dissertation showed a significant association between O3 

exposure and PWV for either males or females, perhaps because the exposures were too 

low to elicit this effect. In addition the fact that these interaction terms became 

nonsignificant in the sensitivity analysis testing the orthogonal effect of the interaction 
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term suggests that this significant interaction may be significant due to high correlation 

with a significant main effect. 

The Changsha Study analysis also revealed a significant 2-week SO2 by sex 

interaction for PWV that showed that men had a higher, significant conditional 

association between SO2 and PWV. In healthy adults multiple studies have shown that 

there is no difference in age-adjusted pulse wave velocity between men and women266,267. 

Nevertheless, there is some previous evidence to suggest that men may have a greater 

response to some air pollutants in regards to arterial stiffness. Two studies evaluating 

augmentation pressure or index as a measure of arterial stiffness found that only males 

had increased augmentation pressure or index following exposure to passive tobacco 

smoke268 or PM10269. However, this association became nonsignificant in the two-

interaction model including the 2-week SO2 by age interaction term, which also became 

nonsignificant. Due to the fact that the men were significantly older in the Changsha 

Study, these significant SO2 interactions terms may both be highly correlated, and it is 

difficult with these data to determine if there is an independent sex or age interaction for 

PWV.  

5.4.7 Limitations 

Though the Changsha and pooled datasets encompassed a relatively wide age 

range (ages 22-52), most of the subjects were in their twenties or early thirties, and so 

there may have been a lack of statistical power in evaluating additional effect 
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modifications by age that might have been detectable with more subjects in their 40s or 

older. In the pooled analysis, there were only two exposure measures that overlapped 

between the Changsha and Shanghai Studies, preventing the testing of other 

associations seen in the Changsha Study analysis, such as the association between the 2-

week SO2 by age interaction term and PWV. In addition, the age range of the Shanghai 

Study was small, limiting the effectiveness of the data from that study in testing age 

interactions in the pooled analysis. This was apparent in the Pearson correlation 

coefficients of 0.98-0.99 between the pollutant exposure variables and interaction terms 

in the Shanghai Study data, indicating a miniscule effect of age on the interaction term, 

likely due to the small range and low variation in those terms. In addition, there were 

relatively high correlations of around 0.84-0.89 between the sex main effect terms and 

sex interaction terms in the Shanghai Study data. These high correlations could have led 

to a large amount of shrinkage for the Shanghai Study coefficient estimates in the GRR 

models, which may explain the lack of significant interaction terms in the Shanghai 

Study analysis. In addition, there was a relative lack of older women in the pooled data, 

and so sex by age by pollutant interactions could not be adequately explored. The BMI 

range for the Changsha and Shanghai Studies was limited with few overweight and no 

obese individuals, so the influence of BMI on biomarker associations with air pollutant 

exposure could not be adequately evaluated. Finally, the mechanisms being explored are 
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based on only a few biomarkers. Additional biomarkers would help verify the 

mechanisms that seem to underlie our results. 

5.5 Conclusion 

This analysis provides the first evidence that age increases one’s susceptibility to 

O3-associated increases in platelet activation and blood pressure. In addition, this is the 

first analysis to suggest that SO2 associations with arterial stiffness are also modified by 

age, and the results also suggest the possibility of sex-based effect modification on air 

pollutant associations with arterial stiffness. Based on previous biochemical and 

toxicological literature, there is ample evidence to support the hypothesis that 

mechanisms controlling platelet activation, blood pressure, and arterial stiffness are both 

more active and more vulnerable to insult in older age. Surprisingly, these age 

modifications were evident in subjects who were largely still young adults and none of 

whom were elderly. It is unclear if this effect modification continues increasing into old 

age. If so, the elderly could be dramatically more sensitive to these cardiopulmonary 

pathophysiologic toxicity mechanisms than most adults, so this is an area that warrants 

further study. When estimating the health burden attributable to air pollution or setting 

standards for acceptable exposure levels, the increased vulnerability of older individuals 

to cardiovascular toxicity should be taken into account to prevent underestimation of 

the health impact of air pollutant exposure. 
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6. Conclusions, Implications, and Future Research 
Directions 

6.1 Conclusions 

The key findings of this dissertation are that at levels mostly below regulatory 

standards, O3 is associated with platelet activation and blood pressure increases in 

healthy young and middle-aged adults. This provides much needed evidence in humans 

of a pathophysiologic mechanism linking platelet signaling with changes in vascular 

tone that has been hinted at in various other human and animal model studies. As O3 

exposure modeling has improved, more epidemiological studies are discovering 

associations between O3, even at low levels, and cardiovascular disease outcomes, and 

the findings of this dissertation add evidence to a mechanistic basis for these 

epidemiological findings. These associations are robust to multiple analyses and are 

apparent when evaluating time-activity-adjusted O3 exposures, an O3-producing air 

purification intervention, and O3 by age interaction terms as predictors.  

The “Influence of Indoor Air Filtration Strategies on Occupant Health Indicators” 

Study provided an ideal opportunity to capture detailed exposure information for O3 

and co-pollutants in a population of healthy adults with little variability in lifestyle, diet, 

and activity. By evaluating time-activity-adjusted O3 exposure in a variety of models, 

robust linear associations between O3 exposure and sCD62P and various blood pressure 

measures, as well as weaker associations with pulmonary inflammation markers, 

became apparent. These findings point to a potential cardiovascular toxicity mechanism 
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activated by concentrations of O3 below those sufficient to cause the canonical lung 

function changes on which those standards are based.   

Remarkably, the platelet activation and blood pressure markers highlighted in 

the initial pollutant-biomarker association analysis were also associated with ESP use 

despite the low O3 concentrations it produced, indicating that this cost-saving air 

purification strategy may have adverse health consequences. This also suggests that 

persistent exposure to low-level O3 may be sufficient to act upon this platelet activation 

and blood pressure mechanism. However, short and longer-term exposure to O3 during 

times spent away from the ESP and air filters was also associated with the platelet 

activation marker sCD62P, indicating a sensitivity for this mechanism to shorter, higher 

exposures as well. It is unclear how much of this association is driven by O3 itself versus 

indoor O3 chemistry products, but toxicological studies evaluating purified O3 

exposures have revealed associations with some related mechanisms. Therefore it is 

plausible that O3 alone is sufficient to activate this pathophysiologic pathway. This 

analysis also showed a lack of a biomarker response to HEPA filtration-associated 

decreases in PM2.5 exposure, suggesting that perhaps the biomarker effects of this 

change in exposure do not persist over weeks. The associations of a few biomarkers with 

unfiltered exposure to O3, PM2.5, and SO2 indicate the importance of maximizing time 

spent in filtered environments when in areas with high ambient air pollution. 
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Finally, I tested pollutant interactions with personal characteristics as a way of 

trying to understand the variability in cardiovascular outcome associations with O3 

observed in the literature. This analysis found that the association of O3 with sCD62P 

and SBP increased with increasing age, and this interaction was robust to pooling the 

data from two separate studies and several sensitivity analyses involving many collinear 

predictors controlled in a Bayesian GRR model. In addition, a robust interaction between 

longer-term SO2 exposure and PWV was observed. These results suggest that even in 

young adulthood and early middle age, there is increased vulnerability to O3-associated 

effects on platelet activation and blood pressure with increasing age.  

6.2 Ozone and Cardiovascular Pathophysiology: A Mechanistic 
Model 

6.2.1 Main Mechanistic Model 

The biomarker results in this dissertation add additional evidence to a plausible 

mechanism for O3-induced cardiovascular toxicity that is suggested by other 

toxicological and epidemiological studies. In this section, I will compile the results from 

this dissertation with the findings of other studies to summarize a partial mechanism by 

which O3 exposure can propagate signals in the lung that lead to platelet activation in 

the circulation and downstream blood pressure increases and cardiovascular disease 

outcomes. Figure 17 shows diagrams the current evidence and plausible mechanisms for 

O3-induced toxicity. 
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First, O3 reacts with biomolecules in the lung lining fluid, such as the common 

lipid 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC)270, or in the membranes 

of cells to form oxidized reaction products, including lipid ozonation products that 

include various aldehydes and hydroxyhydroperoxides. In vitro experiments have 

shown that direct O3 exposure to airway epithelial cells and macrophages can induce the 

secretion of platelet-activating factor (PAF)152. In vitro exposure of lipid ozonation 

products (LOPs) to airway epithelial cells can induce the secretion of IL-6, IL-8, and PAF 

in human cells151 and several inflammatory eicosanoids including PGF2α in bovine 

cells155, with hydroxyhydroperoxide LOPs consistently inducing a greater response than 

aldehyde LOPs, potentially due in part to their ability to react to produce hydrogen 

peroxide. Plasma 8-iso-PGF2α has been shown to be elevated in association with 2-week 

and 1-month mean O3 in humans219, suggesting that the increased inflammatory 

eicosanoids produced in the airways can translocate to the circulation. O3 exposure has 

also been associated with airway permeability in humans271, perhaps increasing 

inflammatory signal translocation into the vasculature. In addition, the IL-8 produced 

from epithelial cells can induce NADPH oxidase activity in neutrophils272, increasing 

superoxide and hydrogen peroxide production vital to the O3-associated 

vasoconstrictive response seen in rats116, though it is unclear if neutrophil-derived 

hydrogen peroxide would be a major factor in this mechanism. 
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In the airway vasculature, an acute human exposure study showed that biopsied 

airway vascular endothelial cells have upregulated surface CD62P after acute O3 

exposure150, and this surface CD62P could increase circulating PAF signaling by 

inducing monocytes to release PAF153. The increased circulating hydrogen peroxide256, 

PAF, and 8-iso-PGF2α156 can all lead to platelet activation, causing the exocytosis of α-

granules and the increased plasma sCD62P observed in this dissertation. sCD62P can 

lead to a procoagulant state by binding to leukocyte PSGL-1, which causes increased 

production of tissue factor (TF)-rich microparticles273. These microparticles facilitate 

fibrin deposition, possibly leading to potential thromboembolisms and degraded blood-

brain barrier integrity and downstream neuroinflammation observed in mice 

overproducing sCD62P158. Activated platelets can also release a large amount of PAI-1 

that inhibits fibrinolysis and contributes to the procoagulant state274, and O3 exposure in 

humans has previously been associated with increased circulating PAI-1105. In addition, 

the increased sCD62P may lead to atherosclerosis by upregulating leukocyte Mac-1161, 

facilitating the adhesion and infiltration of macrophages into the endothelium that is key 

to atheroma progression. In addition, activated platelets are known to release TGF-β162, 

which causes vascular remodeling important to atherosclerosis. Both overexpression of 

sCD62P158 and O3 exposure115 have been shown to increase atherosclerotic plaques in 

rodents. 
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Increased TXA2 production from activated platelets seen in guinea pigs after O3 

exposure157 can both increase platelet activation and sCD62P shedding168 as well as 

induce vasoconstriction through direct and indirect action on vascular smooth muscle 

cells275. O3-associated increases in 8-iso-PGF2α and decreases in eNOS associated with 

rodent impairments in vasodilation106 provide additional evidence for a relationship 

between platelet activation in O3-associated blood pressure dysregulation, as 8-iso-

PGF2α can activate platelets and eNOS-derived NOX can inhibit their activation166. 

Platelet serotonin signaling is involved in vasoconstriction, but it is not known if O3 

exposure increases platelet serotonin levels, though increased airway epithelial 

serotonin expression in monkeys after O3 exposure has been observed255. 

It is possible that C-fiber and other airway sensory receptor-mediated 

sympathetic responses to O3 exposure may also lead to platelet activation and blood 

pressure increases. O3 exposure has been shown to activate airway C-fibers via the 

receptor transient receptor potential ankyrin 1 (TRPA1) in mice87. C-fiber-related 

sympathetic nervous stimulation of the adrenal glands is a likely mechanism for the 

increase in circulating epinephrine following 1-2 days of O3 exposure observed in rats180. 

It is possible for circulating epinephrine to activate platelets and induce vasoconstriction 

through interactions with platelet and vascular α-adrenergic receptors178,179. Removal of 

the adrenal glands in rats was protective against O3-induced respiratory and metabolic 

effects181, but the cardiovascular effects of O3 have yet to be studied in adrenalectomized 



 

132 

 

animal models. Acute O3 exposure in humans was associated with increased circulating 

cortisol182, which can influence blood pressure by increasing smooth muscle sensitivity 

to catecholamine-induced vasoconstriction and inhibiting vasodilatory endothelial nitric 

oxide synthesis183. 

Separate from platelet activation, epithelial cell-derived IL-6 could enter the 

circulation and lead to increased endothelial cell VWF production and liver fibrinogen 

and factor VII production164, each of which have been observed with O3 exposure106,163, 

though VWF and fibrinogen were only upregulated with higher exposures than those 

seen in the Changsha Study. This increased fibrinogen adds to the sCD62P-mediated 

increased fibrin deposition149, and the increased factor VII reacts with the increased TF-

rich microparticles to induce downstream thrombotic signaling276. This pathway could 

also influence blood pressure, as the endothelial cell-derived vasoconstrictor endothelin-

1 can cause increased VWF production277 and has been shown to be upregulated in rats 

in response to acute O3 exposure278. However, a previous human study evaluating 

associations between ambient O3 and endothelin-1 in children did not show an 

association, though endothelin-1 was associated with ambient PM2.5279. 

When combining the findings of this dissertation research with the previous 

mechanistic studies evaluating O3 associations with blood pressure and a procoagulant 

state, a plausible mechanistic pathway for this signaling becomes clear. 
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Figure 17: Proposed Mechanistic Diagram of O3-Induced Cardiovascular Toxicity 



 

134 

 

Colored outlined boxes indicate evidence from O3 exposure or epidemiological studies 
in humans (red), rodents (purple), or in vitro (green). All black outlined boxes and 

arrows indicate known biochemical mechanisms that have not yet been associated with 
O3 exposure. LLF: lung lining fluid, ALDs: aldehydes, HHPs: hydroxyhydroperoxides, 
EPI: epinephrine, CORT: cortisol, PAF: platelet-activating factor, MO: monocyte, 8-ISO: 
8-iso-PGF2α, P: platelet, TXA2: thromboxane A2, 5-HT: serotonin, MΦ: macrophage, TF: 
tissue factor, FIB: fibrinogen, FVII: Factor VII, N: neutrophil, sCD62P: soluble P-selectin, 

PSGL-1: P-selectin glycoprotein ligand-1, VWF: von Willebrand factor 
 

6.2.2 Mechanisms of Age-Related Susceptibility 

The mechanisms summarized in Section 6.2.1 can be modified by age, which was 

covered in detail in Sections 5.4.2 and 5.4.3. Briefly, platelets can become more 

susceptible to activation with increasing age due to higher expression of mRNA for 

genes related to platelet activation246, higher basal levels of hemostatic factors and factors 

associated with platelet activation (e.g., VWF, PAI-1, fibrinogen247, PF4, β-

thromboglobulin248, and TXA2252), lower expression of receptors for the inhibitory 

PGI2251, increased NAPDH oxidase-dependent platelet-derived hydrogen peroxide 

production as observed in mice256, and lower expression of the inhibitory endothelial 

eNOS as observed in rats253. This increased susceptibility to platelet activation in older 

individuals is apparent in multiple studies showing that platelets from older people are 

more easily induced to aggregate and have decreased fibrinolytic activity245,249. The 

increased susceptibility to platelet activation as evidenced by lower eNOS and PGI2 

receptor expression and higher TXA2 and hydrogen peroxide levels may also affect age-

related susceptibility to blood pressure increases. In addition, increased platelet 

serotonin levels in older individuals can induce greater vasoconstriction upon platelet 
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activation254. The literature regarding hemostatic and vasoconstrictive factors as they 

change with increasing age support the findings of age interactions with the association 

between O3 and both sCD62P and SBP observed in my dissertation research. 

6.3 Implications 

O3 exposure is a global health problem, with exposures occurring in urban and 

even many rural environments around the world9. It is becoming increasingly important 

to understand the health burden of these exposures because global tropospheric O3 is on 

the rise194 and is expected to continue rising with the progression of global climate 

change280. The most recent Global Burden of Disease Study estimation of the disease 

burden attributable to O3 exposure only factored in the relationship between O3 and 

COPD91, but the epidemiological and toxicological evidence is mounting that O3 affects 

cardiovascular disease as well. However, epidemiological associations are only 

suggestive, and without some mechanistic basis to substantiate the idea that those 

associations are biologically plausible, the ability to use this information to inform policy 

will be limited.  

This dissertation adds to the mechanistic evidence of O3 associations with 

cardiovascular outcomes at concentrations below current regulatory standards, and 

suggests that the mechanisms of platelet activation and blood pressure increases are 

more active in older adults. These findings suggest that we may be underestimating the 

disease burden of O3 and insufficiently protecting the public from these effects by not 
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factoring low-concentration cardiovascular effects into the assessments that form the 

basis for O3 standards.  

Another implication of this research regards the use of ESPs to extend the lives of 

HEPA filters or as standalone PM removal devices in centrally filtered and distributed 

AHUs. Despite the apparently low-level O3 being produced by the ESP, this may have 

been sufficient over weeks to activate the platelet activation and blood pressure 

mechanisms observed in this dissertation’s results. This suggests that this strategy may 

not be a desirable way to reduce the cost of central AHU HEPA filtration. In addition, 

the lack of biomarker response to HEPA filtration in the Changsha Study or others over 

one week after changing filtration conditions suggests that perhaps these commonly 

used biomarkers are not adequate to estimate health benefits or risks at those time 

points. Finally, the association of some biomarkers with pollutant exposures experienced 

in unfiltered environments suggest the need to spend as much time as possible in 

filtered environments when the ambient air is highly polluted. 

The effect modification of O3 associations with sCD62P and SBP observed in this 

research suggest that studies evaluating O3 toxicity must take age into consideration, 

even in young and middle-aged adults. This could be an additional source of variability 

that may obscure the mechanisms being evaluated. In addition, controlled human 

exposure studies used in the consideration of O3 ambient standards should also take 
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these possible age effects into account and test how the middle-aged and elderly may 

respond differently to these exposures. 

6.4 Future Directions 

This study is the first to suggest platelet activation in humans as a mechanism of 

O3 toxicity, and so this finding must be tested in other human studies, ideally with 

greater numbers, a more balanced sex ratio, and wider age and BMI ranges. In addition, 

future studies should be conducted in other locations to see if this is a region- or 

population-specific effect, perhaps induced by a certain combination of pollutant 

exposures or other environmental factors. Future studies could incorporate additional 

air pollutant monitoring, for instance for UFPs to see how ESP or indoor O3-associated 

UFP formation influences biomarker associations with O3.  

An ideal design to examine these pathophysiologic pathways would be through 

some sort of exposure chamber design, but with a longer term or repeated periodic O3 

exposures, for instance for a few hours a day each day for a week, instead of an acute 

single dose, which may not be sufficient to activate these mechanisms. Repeated 

biomarker measurements over this more chronic exposure regimen could then be used 

to examine the time course of the biomarker response. In addition, controlled O3 

exposures tend to utilize a high ventilation rate in the chamber to maintain a constant O3 

dose, but this also removes O3 indoor chemistry products from the chamber, potentially 
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leading to an exposure scenario that does not reflect real life, where O3 exposure very 

often occurs in junction with secondary indoor O3 chemistry products. 

Future studies evaluating biomarker outcomes in the context of HEPA filtration 

and ESP use should adopt a crossover design for additional statistical power and take 

biomarker measurements at shorter, regular intervals to test if the biomarker response to 

filtration-associated changes in pollutant concentrations dissipates after a few days. This 

would address one of the major study design limitations, which was the reliance on a 

longitudinal panel design to assess intervention associations with outcomes. The 

crossover design allows for more certainty that study outcomes are associated with the 

intervention rather than other time-varying factors.  

Additional analyses that could be done with the stored samples from the 

Changsha Study include the analysis of plasma PF4 and/or β-thromboglobulin, which if 

correlated with sCD62P would support that the sCD62P was derived from platelet α-

granule release and would support the hypothesis that O3 is causing platelet activation. 

These plasma samples could also be tested for other biochemical messengers suggested 

in the proposed mechanistic pathway, such as serotonin or serotonin metabolites, 

microparticle and TF content, 8-iso-PGF2α, PAI-1, NOX, and PAF. In addition, the urine 

samples could be tested for thromboxane B2, the stable metabolite of TXA2. These 

biomarkers could all be evaluated in the context of age and O3 exposure to test the 

proposed mechanism, and other studies could measure these same markers as well. 
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In terms of additional statistical analyses, it would be beneficial to evaluate how 

interactions between exposures influence biomarker outcomes. Synergism between O3 

and PM2.5 has been shown in rats for biomarkers related to inflammation and autonomic 

dysfunction281, and pollutant interactions may play a role in this dissertation’s suggested 

O3 cardiovascular toxicity mechanisms. Bobb et al. suggested the use of a Bayesian 

kernel machine regression to test curvilinear associations between individual pollutants 

and multidimensional interactions in mixture to health outcomes282, though this method 

has not been applied to longitudinal data. The Bayesian GRR model used in this study 

may be sufficient to test a few linear bivariate interactions in the same model, though. 

The observed O3 associations with sCD62P and blood pressure suggest a 

promising mechanism for understanding the cardiovascular toxic effects of O3, and 

future studies should test and fill in the gaps with this mechanism, in addition to 

attempting to identify other disease mechanisms associated with low-level O3, such as 

metabolic dysfunction or neurological outcomes. Future research should emphasize 

study designs that focus on chronic or repeated low-level O3 exposures to improve our 

understanding of what levels of O3 present an acceptable level of health risk to society. 

These findings suggest that important pathophysiologic mechanisms are being activated 

in association with O3 exposures that were for all but a few days lower than regulatory 

standards, and this should motivate further research into whether those standards are 

adequate.
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Appendix A. Calculation Methods for 24-hour and 2-
week Pollutant Exposures 
A.1 Calculations for 24-Hour Exposure Measures 

This section elaborates on the methods used to calculate the 24-hour and 2-week 

exposure concentrations. The time-activity questionnaires consisted of three sections: (1) 

personal conditions, (2) activities over the past 7 days, and (3) activities over the past 24 

hours. The first section simply asks whether the subject has a respiratory infection or is 

menstruating and how many hours ago a subject last ate food (covariates labeled RIS, 

MS, and LA, respectively, in Table 3), as these could influence the biomarkers evaluated 

in the study. Subjects were separately asked about any other illnesses or sudden 

medication changes during each visit. The second section only requested total times in 

hours that subjects spent in their dormitories, offices, and other places during the past 7 

days, as well as specification of the other locations and how many hours were spent in 

each of those settings. The third section included the most detail, asking over the past 24 

hours which specific times (down to the minute) did the subject spend in their 

dormitories, offices, outside at Broad Town, outside in other environments and where 

those locations were, inside in other environments and where those locations were, and 

hours spent in the same room as someone smoking as a measure of secondhand smoke 

exposure. The “secondhand smoke” times would later be totaled over the 24 hours prior 

to biomarker sampling (TSHS24h) to use as a covariate in the mixed models associating 

biomarker outcomes with exposure predictors. The questionnaires were given to 
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subjects to fill out during their second session of the biomarker sampling visit when 

pulse wave analysis, spirometry, and breath and EBC samples were collected, and so 

this was the start point from which time was counted backwards to get 24-hour, etc. 

averages. As this could differ from the time of blood and urine sampling (the first 

session; always 8:00 AM) by up to 9 hours, we also tried separately calculating 24-hour 

exposures for each pollutant starting from the blood and urine sampling times for use in 

models with blood and urine sample-derived biomarker outcomes. However, these 

“blood and urine” exposure means were very highly correlated with the original 

exposure means (Spearman’s ρ = 0.93-0.99), and so they were not used in the exposure-

biomarker association mixed models. 

These 24-hour specific time data were combined with measured and modeled 

indoor O3 and PM2.5 data for the offices and dorms as well as outdoor data for O3, PM2.5, 

NO2, and SO2 to calculate a total exposure concentration for each pollutant for each 

hour. 3.8% of the hourly outdoor pollutant concentration data were missing, and we 

used linear interpolation to impute these missing values when possible. When measured 

PM2.5 values were not available, the modeled indoor PM2.5 concentrations were based on 

I/O ratios for dormitories and the main office levels under different AHU conditions. 

Dormitory PM2.5 I/O ratios were separated by building and also separately evaluated for 

subjects who were current smokers, as these dormitories tended to include indoor PM2.5 

sources from the smoking habits of roommates or the subjects themselves, though 
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subjects were asked to refrain from smoking and incense burning in their dorms. Also, 

no cooking occurred in the dorms, as they did not have kitchens and all meals were 

provided in nearby cafeterias. Office PM2.5 I/O ratios were separately evaluated for office 

Floors 3 and 4. There were few indoor PM2.5 sources in the offices, as workers were not 

permitted to cook, burn incense, or smoke there. See Table 15 for mean location- and 

filtration-specific I/O ratios for PM2.5 used to estimate missing indoor PM2.5 

concentration data.  

Table 15: Filtration and Location-Specific PM2.5 I/O Ratios 

I/O Type F8 
F8 + ESP + HEPA 

or F8 + HEPA 
Office Floor 3 — 0.1 
Office Floor 4 0.6 0.3 
Dorm #1 — 0.1 
Dorm #2 — 0.3 
Dorm #2 (Smoking) — 0.7 
Dorm #3 — 0.1 
Dorm #4 — 0.3 
Dorm #4 (Smoking) — 0.7 
Dorm #5 — 0.4 
Dorm #6 — 0.3 
Dorm #7 0.6 0.2 

 

When measured O3 values were not available, the modeled indoor O3 

concentrations in ppb for either the offices or the dorms were calculated as shown in 

Equation 1: 
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Equation 1 

These equations use a value of 0.2 for the I/O ratio of O3 in either the offices or 

dorms, and add 3 ppb of O3 to the room air when the ESP is operating.  Both the I/O 

ratio and the additional O3 are based on measurements conducted in the offices and 

dorms. These measurements can be understood in the context of a mass balance model 

for indoor O3 (Equation 2-3):  

 

Equation 2 

where Cin(t) and Cout(t) are indoor and outdoor O3 concentration at time t, respectively 

(ppb), ε is the emission rate of O3 from the ESP (mg h-1), Vroom is the volume of the office 

(m3), R is a unit conversion factor (“mg m-3“ of O3 to “ppb” of O3), γfilt is the combined O3 

removal efficiency of the mini-bag filter and the HEPA filter, λv is the air exchange rate 

(h-1), and kd and kh are the first order rate constants for O3’s removal by indoor surfaces 

and human surfaces, respectively, (h-1). The second and third terms describe sources of 

indoor O3 – the ESP unit and outdoor-to-indoor transport. We have assumed that the 

mini-bag filter and HEPA filter share equally in O3 removal, hence “γfilt/2” in the second 

term because the ESP was positioned between these two filters. The fourth to sixth terms 

describe the removal of O3 by ventilation, room surfaces, and human surfaces, 

respectively. 
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Under steady-state conditions, dCin(t)/dt = 0 and the indoor O3 concentration can 

be calculated as: 

 

Equation 3 

Table 16 summarizes the values measured in this study for the parameters in 

Equation 3 (with the exception of R, which is simply the constant used to convert “mg m-

3“ of O3 to “ppb” of O3 at 25 oC). Substituting the measured values of these parameters 

into Equation 3 results in a value of approximately 0.2 for the I/O ratio of O3 and an 

additional 3 ppb of O3 in the room air when the ESP is operating.    

Table 16: Key Parameter Values for Estimating the Contribution of ESP to 
Indoor O3 Concentrations  

γ filt ε (mg h-1) 
Vroom 
(m3) 

λv (h-1) 
R (ppb mg-1 

m3) 
kd (h-1) kh (h-1) 

0.2 28.8 960 (1 ± 0.02) 500 (2.8 ± 0.2) (0.6 ± 0.5) 
 

Exposure to each pollutant in a given hour was the product of either (1) the 

outdoor hourly mean concentration, the location-specific I/O ratio (1.0 for outdoors), and 

the fraction of the hour spent in that location or (2) the time spent in the location and the 

measured or modeled indoor concentration. The I/O ratio for unknown indoor 

environments was 0.35 for O3 and 0.8 for PM2.5. All indoor environments were treated 

the same for NO2 and SO2, which had assumed I/O ratios of 0.8 and 0.5, respectively. 
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The I/O ratio for NO2 was based on an approximate surface removal rate of NO2 of 0.3 h-

1, as experimentally determined in several different indoor environments138. Given that 

the Broad Town office and dorm buildings were determined to have air exchange rates 

of about 1 h-1, this corresponds to an I/O ratio of about 0.8. For SO2, we’ve estimated a 

surface removal rate of about 1 h-1 from previous indoor studies137, corresponding with 

an I/O ratio of about 0.5 with an air exchange rate of 1 h-1. 

The exposures for each location within each hour were summed to account for all 

60 minutes in each hour, and these hourly exposures were averaged over 24 hours to get 

the mean 24-hour exposure. This is summarized in the following general equation, 

Equation 4, in which Eph is the one-hour exposure for a given hour h and pollutant p, li is 

location “i” for n number of locations at which the subject spent time during that given 

hour, Tli and I:Opli are the time and I/O ratios for that given location l and pollutant p, 

and Cp is the concentration of pollutant p: 

  

Equation 4 

A.2 Calculations for 2-Week Exposure Measures 

The 2-week exposure concentration was calculated using the average of the 4 

questionnaires (1 from each visit) for each subject to get subject-specific average times in 

each location for each hour of the day. This was combined with modeled indoor and 
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measured outdoor concentration data for each hour in the 312 hours before the already 

calculated 24-hour pre-biomarker measurement period to get a 336-hour (2-week) 

average exposure concentration. The exposure for a given pollutant p at a given hour h 

in the 25-336 hours prior to biomarker sampling was calculated using Equation 4, but 

with the average time spent in each location over the four questionnaires for each subject 

(µTli) used in place of Tli. 

The aforementioned methods for estimating unknown hourly pollutant 

concentrations for calculating the 24-hour exposure concentrations were the same for the 

2-week calculation except for those times during which subject were believed to have 

been away from Broad Town. For hours assumed to have been spent away, information 

about when the subject normally leaves Broad Town was combined with total weekly 

times spent in the dormitories, offices, and other environments to make an estimate of 

where each subject was at a given hour. Missing values for the total weekly times were 

substituted with the mean times for all subjects. Subjects had three consistent patterns 

for how often they would leave Broad Town during the week: (1) they would stay on or 

near the campus all week (henceforth called “L1”); (2). they would go to a different 

residence a short drive away from Broad Town over the weekends (henceforth called 

“L2”); or (3) they would leave on the weekends and also on Wednesday evenings 

(henceforth called “L3”).  
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The estimated times in each location during the weekends were calculated based 

on differences between the written weekly times spent in the dorms, offices, and 

outdoors and the sum of the assumed time spent in these environments during the week 

based on the questionnaire data. It was known that the subjects may have spent time 

outdoors and in the offices over the weekend, most likely between 8:00 AM and 8:00 

PM. It was also known that the subjects may have spent time in their dorms over the 

weekends too, with the greatest likelihood being between 8:00 PM and 8:00 AM, but also 

some possibility of short visits between 8:00 AM and 8:00 PM. The differences in dorm 

times, office (work) times, and outdoor times are henceforth abbreviated ΔTDweek, 

ΔTWweek, and ΔTOweek, respectively.  

Based on common time-activity patterns during the weekends reported by the 

subjects, we assigned the unaccounted for weekly total time spent in the dorms, offices, 

and outdoors (ΔTDweek, ΔTWweek, and ΔTOweek) to different blocks of time during which 

subjects were most likely to be in a given location. For example, if ΔTWweek was greater 

than zero, it was assumed that this time was either spent at some point between 8:00 AM 

- 8:00 PM just on Saturday (when ΔTWweek was between 0 - 8 hours) or split evenly 

between Saturday and Sunday from 8:00 AM - 8:00 PM (when ΔTWweek was between 8 - 

24 hours). Though we have a good estimation of the total time spent in each time period 

(e.g., 12-hour daytime time period) in a given location, we are not sure exactly which 

hours would be spent in a given location. Therefore, each hour was weighted equally as 
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shown in Equation 5. eTli is the estimated time spent in location l and Tt is the total time 

for that time period with unknown times in unknown locations (e.g., 12 hours for 

nighttime on the weekends): 

 

Equation 5 

Beyond the weekends, other times that were assumed to have been spent away 

from Broad Town were Wednesday nights and Thursday mornings for “L3” subjects. 

For these Wednesday nights, it was assumed that subjects were in unknown residences 

after 10:00 PM and that they spent 1 hour outdoors and 3 hours in unknown indoor 

environments between 6:00 PM and 10:00 PM. For Thursday mornings, we assumed that 

subjects spent 12:00 AM – 6:00 AM in their dorms, as well as one hour outdoors and one 

hour in an unknown indoor environment between 6:00 AM and 8:00 AM.  

Location misassignment is not expected to have a major impact on exposure 

assessment, especially considering that the times spent away from Broad Town were 

mostly concentrated in 4 days over two weekends out of the 14 day period evaluated in 

this two-week exposure estimation. Over the course of refining the details in these two-

week exposure assessment methods, we tried multiple approaches to assign specific 

times at specific locations before arriving at the current approach. In none of these 
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instances did the estimates for the associations change significance or direction. Instead, 

these refinements only led to slight changes in the effect sizes of the associations. 

.  



 

150 

 

Appendix B. Sensitivity Analyses for Chapter 3 

This appendix shows the results of several sensitivity analyses related to the 

analyses in Chapter 3. Section B.1 include the following five main analyses for all 

pollutant exposure predictor and biomarker outcome models: 1. adding all of the 

“additional” covariates, 2. using a natural spline for the temperature term, 3. adding a 

term for 24-hour mean relative humidity into the linear mixed models, 4. excluding all 

former and current smokers, and 5. excluding all observations with self-reported 

secondhand smoke exposure. In addition, another analysis in Section B.1.1.1 evaluates 

how using different averaging times for the O3 exposure predictor changes O3 

associations with biomarkers. Finally, a variable for the hour of the day is added for 

biomarkers measured at different times of the day (i.e., all biomarkers not from blood or 

urine samples) to examine the influence of circadian rhythms in Section B.2. 

The results of most of the sensitivity analyses were similar in effect size and 

significance to the original models. Some of the marginally significant (i.e., not 

significant after multiple testing correction) biomarker associations changed significance 

in these analyses, in particular the 24-hour O3 associations with DBP, EBCNN, and 

FeNO became nonsignificant in at least one two-pollutant model when adding relative 

humidity as a covariate and/or excluding current and former smokers or all observations 

with reported secondhand smoke exposure. Changing the averaging time of O3 

exposure to the mean of the previous one or eight hours caused several FeNO and 
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EBCNN associations with O3 to become nonsignificant, but otherwise had minimal 

effects on model results. Controlling for the time of the day had virtually no influence on 

model results. In most of these cases either both or one of the Akaike Information 

Criterion (AIC) or Bayes Information Criterion (BIC) were higher than the original 

model, indicating overfitting. The only pollutant-biomarker associations that remained 

significant in all sensitivity analyses after multiple testing correction were the 24-hour 

and 2-week O3 associations with sCD62P. 

Each of the following sections will provide more detail on the results of each of 

the sensitivity analyses for each exposure predictor. These results are presented as a 

series of color-coded mean percent changes and 95% CIs, separated into smaller plots by 

single or two-pollutant predictor (x-axis) and biomarker outcome (y-axis). Dark blue 

represents the results of the original model. The type of point representing the mean 

coefficient represents whether the AIC of the sensitivity analysis model was higher or 

lower than the AIC of the original model. The meanings of the sensitivity analysis 

abbreviations are as follows: “All Covars” denotes adding all of the four “additional” 

covariates respiratory infection status, menstruation status, hours since last ate, and day 

of the week to the model (see Section 3.2.2); “T Spline” represents replacing the linear 

term for the 24-hour mean ambient temperature predictor with a cubic natural spline 

with three degrees of freedom; “Add RH” refers to adding 24-hour mean ambient 

relative humidity to the model; “No Smokers” refers to omitting all current and former 
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smokers from the analysis (omitting 22% of all observations); and “No SHS” represents 

omitting all observations for which subject reported any time spent in the same room as 

an active smoker (omitting 20% of all observations). Biomarkers for which all model 

coefficients were nonsignificant before and after multiple testing correction were 

omitted from these plots.   

The results for the sensitivity analysis adding a group by exposure interaction 

term are not shown. After multiple testing correction, none of those interaction terms 

were significant, and none of the key associations changed. This is also true for the 

analysis omitting outliers. There were no changes in results or conclusions, for the most 

part because most outcome variables contained zero to only a couple outliers as defined 

as being more than 3 standard deviations from the mean after centering and scaling the 

data. 

B.1 Five Main Sensitivity Analyses  

B.1.1 O3 Exposure Sensitivity Analysis Results 

Figure 18 shows the results of all sensitivity analyses done for the models 

associating 24-hour mean O3 exposure with biomarker outcomes. There were only a few 

instances when the sensitivity analyses caused something that had formerly been 

significant before multiple testing correction in all two-pollutant models to become 

nonsignificant. These include the association with DBP becoming nonsignificant when 

controlling for relative humidity and 24-hour NO2 exposure (higher AIC) or when 
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controlling for PM2.5 and omitting secondhand smoke observations (lower AIC), the 

association with FeNO becoming nonsignificant when controlling for SO2 and omitting 

all smokers (lower AIC) or secondhand smoke observations (lower AIC), and the 

association with EBCNN becoming nonsignificant when controlling for NO2 and adding 

relative humidity to the model (higher AIC), using a spline temperature predictor 

(higher AIC), or omitting secondhand smoke observations (lower AIC). In terms of 

negative associations, the 24-hour O3 exposure association with AI became 

nonsignificant when controlling for either NO2 or SO2 and in the “All Covars” (lower 

AIC) and “Add RH” (higher AIC) models. The associations with sCD62P remain 

relatively unchanged and significant after multiple testing correction through each 

sensitivity analysis. Figure 19 shows the sensitivity analysis results for 2-week O3 

exposure. The associations with sCD62P remain significant after multiple testing 

correction in all sensitivity analyses. The association with EBCNN became 

nonsignificant when controlling for NO2 in the “No SHS” models. 

One of the reasons that the “No SHS” models may have caused so many O3 

associations with biomarkers to become nonsignificant is that there are more 

observations with reported secondhand smoke exposure earlier on in the study when 

the O3 concentrations were higher. Around 25% of the observations for the first and 

second biomarker periods reported at least some time spent in the same room as an 

active smoker, but this dropped to about 14.5% for the third and fourth biomarker 
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sampling periods. Controlling for the time spent in the same room as an active smoker 

either as a continuous or binary categorical variable did not change the results of the 

original models, so it is unlikely that the originally observed associations between O3 

and biomarkers were due to secondhand smoke exposure.  

A few other associations became nonsignificant in other sensitivity analyses, 

such as the association with DBP becoming nonsignificant in the “Add RH” model when 

controlling for NO2, but in most cases these models had higher AIC values, suggesting 

that there was overfitting in those sensitivity analysis models in comparison with the 

original models. Therefore, I do not think these results change any of my conclusions 

from the main analysis. However, when the association between 24-hour O3 and FeNO 

become nonsignificant after adjusting for SO2 and omitting current and former smokers, 

that model had a lower AIC, indicating less overfitting. It is possible that smokers had a 

slightly higher FeNO association with O3, but this was not significant in an interaction 

model. The results from these analyses suggest an association between O3 and FeNO, 

but this association is variable and does not remain significant in that one model.     
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Figure 18: All Main Sensitivity Analysis Results for 24-hour O3 Exposure Associations 
with Biomarkers 
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Figure 19: Main Sensitivity Analysis Results for 2-week O3 Exposure Associations 
with Biomarkers 
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B.1.1.1 Testing Different O3 Exposure Averaging Times 

Since ambient O3 concentrations rise during the daytime and fall to low levels at 

night due to diurnal cycles, it is possible that a 24-hour mean exposure concentration is 

not the best averaging time to use when examining associations between O3 exposure 

and biomarker outcomes. The maximum daily 8-hour rolling average is used for the 

ambient air quality standards of the United States Environmental Protection Agency7 

and World Health Organization6, but the regular daytime cycles of O3 concentrations 

observed outdoors would not necessarily correspond with regular diurnal cycles in 

exposure concentration since individuals could have dramatically different exposures 

from minute to minute depending on where they spend their time (e.g., outdoors versus 

indoors). In addition, O3 is highly reactive, and it is possible that exposures over the past 

hour or few hours are the most important in terms of toxicity. 

Therefore, I examined how associations with biomarkers changed when using 

the original 24-hour mean exposure concentration used in the main analysis (“24-hour”), 

the mean exposure concentration over the 8 hours prior to biomarker sampling (“8-

hour”), the mean exposure concentration over the 1 hour prior to biomarker sampling 

(“1-hour”), and the maximum 8-hour rolling average over the 24 hours prior to 

biomarker sampling (“8-hour Max”). The Spearman correlation coefficients of the “8-

hour”, “1-hour”, and “8-hour Max” mean O3 exposure values with the 24-hour mean 
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exposure are 0.76, 0.67, and 0.86, respectively. The results of this analysis are shown in 

Figure 20. 

The O3 associations with sCD62P remain significant for all averaging times, but 

the strongest association is with the 24-hour mean exposure. There don’t appear to be 

major differences in the associations for any other biomarkers with the exception of 

FeNO and EBCNN. For both of these biomarkers, the strongest associations are for 24-

hour mean exposure and “8-hour Max” exposure. The two-pollutant model associations 

between O3 and these two biomarkers become nonsignificant when evaluating the mean 

exposure over the previous 1 hour or 8 hours, as do the single-pollutant model 

associations for the “1-hour” exposures. This may indicate the importance of cumulative 

O3 exposure over a longer period than the past few hours in the O3 associations with 

FeNO and EBCNN, but this limited evidence is only suggestive. It is not surprising that 

using these different averaging times does not affect model results in most cases given 

the high correlation between these different averages. Overall, it appears that using 

different averaging times for O3 exposure does not change the conclusions regarding 

cardiovascular biomarkers from the main analysis. 
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Figure 20: Biomarker Associations with Different Averaging Times of O3 Exposure 
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B.1.2 PM2.5 Exposure Sensitivity Analysis Results 

Figure 21 shows that for the most part the conclusions of the original models 

associating 24-hour PM2.5 and biomarkers didn’t change in the sensitivity analyses. 

However, the negative associations between 24-hour PM2.5 and 8-OHdG, SBP, and DBP 

each became nonsignificant in at least one two-pollutant model after omitting all current 

and former smokers, omitting all observations with reported secondhand smoker, or 

controlling for 24-hour ambient relative humidity. Each of these “protective” 

associations became nonsignificant when controlling for O3 and omitting all active and 

ex-smokers with lower model AICs, indicating that these models may improve fit 

without overfitting the data. This suggests that these associations may have been larger 

in current and former smokers, though it is unclear why. For 2-week PM2.5, Figure 22 

shows that the only major difference in conclusions after the sensitivity analysis was the 

association with VWF. This association became nonsignificant in all models using a 

spline to model the temperature predictor variable (lower AIC), as well as in a model 

controlling for NO2 and omitting all former and current smokers (lower AIC). This 

suggests that the PM2.5 associations with VWF may be confounded by nonlinear effects 

of temperature and may have been slightly larger in current and ex-smokers.  
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Figure 21: Main Sensitivity Analysis Results for 24-hour PM2.5 Exposure Associations 
with Biomarkers 
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Figure 22: Main Sensitivity Analysis Results for 2-week PM2.5 Exposure Associations 
with Biomarkers 
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B.1.3 NO2 Exposure Sensitivity Analysis Results 

Figure 23 shows that the “protective” negative association between 24-hour NO2 

exposure and EBCNN became nonsignificant when controlling for O3 for the “T Spline”, 

“No Smokers”, and “No SHS” models, as well as when controlling for SO2 in the “No 

Smokers” model with lower AICs for each sensitivity analysis model. Figure 24 shows 

that the 2-week NO2 “protective” association with SBP, formerly significant after 

multiple testing correction in every model, becomes nonsignificant after (but not before) 

multiple testing correction in the “No Smokers” model controlling for O3 (lower AIC). 

The abrogation or reduction of these “protective” associations in a few of the sensitivity 

analyses adds evidence that they are primarily due to uncontrolled confounding. 

 



 

164 

 

 
Figure 23: Main Sensitivity Analysis Results for 24-hour NO2 Exposure Associations 

with Biomarkers 
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Figure 24: Main Sensitivity Analysis Results for 2-week NO2 Exposure Associations 
with Biomarkers 
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B.1.4 SO2 Exposure Sensitivity Analysis Results 

As can be seen in Figure 25, the 24-hour SO2 exposure “protective” association 

with EBC pH becomes nonsignificant in every “No Smokers” two-pollutant model, as 

well as in the “T Spline” and “No SHS” models when controlling for NO2. The 

sensitivity analyses in Figure 26 show that the association between 2-week SO2 exposure 

and AI becomes nonsignificant when controlling for O3 in the “T Spline” (lower AIC) 

and “Add RH” (higher AIC) models, though the effect size remains similar. This 

suggests that these associations are influenced by confounding and should be 

interpreted with caution. 
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Figure 25: Main Sensitivity Analysis Results for 24-hour SO2 Exposure Associations 

with Biomarkers 
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Figure 26: Main Sensitivity Analysis Results for 2-week SO2 Exposure Associations 

with Biomarkers 
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B.2 Examining the Possible Influence of the Time of Day 

Several of the biomarkers measured in this study are known to vary during the 

day due to circadian rhythms, including blood pressure283 and spirometry284. In order to 

remove the influence of these rhythms, all blood and urine samples were collected at 

8:00 AM, but collecting all samples at the same time of day was not possible for samples 

or tests that take several minutes to perform, namely the biomarkers related to exhaled 

breath, exhaled breath condensate, pulse wave analysis, and spirometry. However, 

subjects were scheduled so that they were analyzed at the same time of day and day of 

the week for each biomarker sampling visit.  

Despite these efforts, there was variation in the hour at which subjects came in 

for biomarker testing unrelated to blood or urine. Out of 89 total subjects, 11 (12%) were 

sampled at the same hour of the day for every visit, 40 (45%) were sampled at two 

different hours, 35 (39%) were sampled at three different hours, and 3 (3%) were 

sampled at four different hours. Among the subjects sampled at different hours of the 

day, the mean difference between those hours was about 2 hours, and each mean 

difference for Group A and Group B was also about 2 hours. 52 subjects (58%) had 

differences between sampling hours of the day of 0-3 hours, and the maximum 

difference was 9 hours for one subject. 

Given that there were some differences in the hour of the day at which subjects 

were sampled for a subset of the biomarkers, a continuous variable for the hour of the 
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day was added to all models not involving blood or urine biomarkers as a sensitivity 

analysis. The results of these models are shown in Figure 27 to Figure 30. These figures 

are similar to those in Section B.1, with the main difference being that both 24-hour and 

2-week exposure results are placed side by side on the same figure. Here the “Original” 

model is again in dark blue, and the “Add Hours” model denotes the sensitivity analysis 

models in which hour of the day is added as a covariate. 

Adding hour of the day as a covariate had miniscule effects on model outcomes, 

with effect sizes and confidence intervals being nearly identical between the two models 

in most cases. The AIC was lower in the original model for all biomarkers except for AI 

and SEVR, indicating that adding hour of the day increased overfitting in the model for 

most biomarkers. The only instance in which this sensitivity analysis changed 

significance across the two-pollutant models was the negative “protective” association 

between 24-hour SO2 and FeNO becoming significant when controlling for O3, thus 

making this association significant before multiple testing correction in all two-pollutant 

models. None of the conclusions from the original analyses change based on this 

sensitivity analysis. 
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Figure 27: Biomarker Associations with 24-hour and 2-week O3 Exposure When Either 
Controlling for or Omitting Hour of the Day  



 

172 

 

 

Figure 28: Biomarker Associations with 24-hour and 2-week PM2.5 Exposure When 
Either Controlling for or Omitting Hour of the Day  
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Figure 29: Biomarker Associations with 24-hour and 2-week NO2 Exposure When 
Either Controlling for or Omitting Hour of the Day 
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Figure 30: Biomarker Associations with 24-hour and 2-week SO2 Exposure When 
Either Controlling for or Omitting Hour of the Day 
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Appendix C. Description and Code for the Bayesian 
GRR Model 
 

This appendix will cover the concepts and JAGS code behind the hierarchical 

Bayesian generalized ridge regression (GRR) model used in the analysis of Chapters 4 

and 5. 

C.1 Ridge Regressions 

When there are highly collinear predictors in a linear model, there is instability in 

the β coefficient estimates. Ordinary least squares (OLS) linear regression seeks to 

maximize the likelihood by minimizing the residual sum of squares (RSS). This could be 

visualized for a linear model with two predictor variables as a three-dimensional plot 

with β1 and β2 on the x- and y-axes and likelihood on the z-axis. With non-collinear 

predictors, there will be a clear vertex in the likelihood plotted on the z-axis, 

representing the combination of β1 and β2 that maximize the likelihood of the model. 

However, with highly collinear predictors, a likelihood “ridge” forms along the 1:1 line 

of β1 and β2 because along that line there can be vastly different combinations of β1 and 

β2 values that have little effect of the likelihood of the model. This also means that with 

repeated experimentation slight variations in predictor values can cause large 

differences in coefficient estimates.  
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A ridge regression seeks to penalize or “shrink” extreme values of the β 

coefficients with a tuning parameter, thereby turning the likelihood “ridge” into a 

surface with a clear peak of maximum likelihood and thus more stable coefficient 

estimates. Whereas the OLS regression estimates coefficients as the values that minimize 

the RSS, the ridge regression minimizes a slightly different value that includes the 

tuning parameter λ as is shown in Equation 6 below: 

 

Equation 6 

As λ grows larger, the shrinkage grows and the coefficient estimates approach 

zero. As λ becomes smaller, the coefficient estimates approach that of the OLS 

regression. This approach has the benefits of more stable coefficient estimation as well as 

smaller variances for those coefficient estimates, particularly when predictors are 

collinear. 

C.2 The Bayesian GRR 

There exist methods to perform ridge regressions in a frequentist sense, but thus 

far no one has developed these methods for mixed models. Using Bayesian methods 

employing “shrinkage priors”, it is possible to create a ridge regression for linear mixed 

models. For this dissertation, we used penalized Cauchy prior distributions for the β 

coefficient estimates and the random intercepts. The Cauchy distribution is a Student’s t 
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distribution with one degree of freedom, and it is a desirable “shrinkage” prior because 

it has “heavy tails”. This means that the probability density at extreme values is greater 

than that for the Gaussian distribution, and so this prior gives some flexibility regarding 

large estimates while still having most of the probability density centered at zero, 

thereby providing a shrinkage effect on the posterior estimates. In the development of 

this model, we also tried using a double Pareto distribution, another heavy-tailed 

distribution with a sharper probability density peak at zero, as the shrinkage prior, but 

in simulation studies using the Changsha Study predictor data and allowing biomarker 

outcomes to vary, the Cauchy prior consistently provided better mean square errors for 

those simulations. 

In the Bayesian approach to the generalized ridge regression (GRR), the λ tuning 

parameter seen in Equation 6 corresponds to the value for the precision (equal to the 

inverse of the variance) of the prior distribution for the estimates for the β coefficients 

and random intercepts. This means that for higher values of λ, which may increase due 

to higher collinearity, low sample size, higher variation in the data, etc., the prior 

distribution will be more tightly distributed and will have a greater effect on the 

posterior distribution. 

C.3 JAGS code 

The analysis for Chapters 4 and 5 was coded through R and run through the 

JAGS (Just Another Gibbs Sampler) program. The JAGS code for the Bayesian GRR 
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model is as follows, with the inputs X being the centered and scaled predictor model 

matrix, Y being the vector of outcome variables, ID being the subject ID, S being the 

number of subjects, and n being the number of total observations: 

model 

{ 

    for (i in 1:n) { 

        mu[i] <- inprod(X[i, ], beta) + alpha[ID[i]] 

        Y[i] ~ dnorm(mu[i], phi) 

    } 

    for (s in 1:S) { 

        alpha[s] ~ dnorm(mu0, prec[s]) 

        prec[s] <- phi/pow(sigma.alpha, 2) 

    } 

    phi ~ dgamma(1.00000E-06, 1.00000E-06) 

    sigma.alpha ~ dt(0.00000E+00, 1, 1)  T(0.00000E+00, ) 

    mu0 ~ dnorm(0.00000E+00, 1.00000E-05) 

    for (j in 1:p) { 

        prec.beta[j] <- phi/tau2[j] 

        tau2[j] ~ dgamma(0.5, 0.5) 

        beta[j] ~ dnorm(0.00000E+00, prec.beta[j]) 
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    } 

   for (j in 1:p) { 

        beta.orig[j] <- beta[j]/scales[j] 

        perc.beta[j] <- 100 * (exp(beta.orig[j]) - 1) 

    } 

    beta.0[1] <- mu0 - inprod(beta.orig[1:p], Xbar) 

    sigma <- pow(phi, -0.5) 

} 
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Appendix D. Supplemental Plots and Sensitivity 
Analyses for Chapter 4 
 

This appendix shows the results of a sensitivity analysis of removing active 

smokers from the data related to the analyses in Chapter 4, in addition to plots 

comparing the linear mixed model results to the GRR results.  

D.1 LME versus GRR Results for Filtration Coefficients 

This section demonstrates the differences between the LME (blue) and GRR (red) 

model estimates for the HEPA and ESP associations with biomarkers. In almost every 

case the credible intervals for the GRR estimates were tighter than the confidence 

intervals for the LME estimates, and there were some cases of substantial shrinkage of 

the effect size by the GRR, particularly with some of the biomarker associations with 

ESP. 
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Figure 31: Comparison of Mean Percent Change in Biomarkers and 95% 
Confidence or Credible Intervals Associated with HEPA Removal Controlling for 
either 24-hour or 2-week Cumulative Exposure in Unfiltered Locations between 

Bayesian GRR and Frequentist LME Models 
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Figure 32: Comparison of Mean Percent Change in Biomarkers and 95% Confidence 
or Credible Intervals Associated with ESP Removal Controlling for either 24-hour or 

2-week Cumulative Exposure in Unfiltered Locations between Bayesian GRR and 
Frequentist LME Models 

D.2 Sensitivity Analysis: Excluding Smokers 

The GRR models are very flexible and will shrink covariate estimates that are not 

associated with biomarker outcomes towards zero, reducing their influence on the 

model. Therefore, the Chapter 4 analysis included most possible covariates in the model 

already, so there are not many additional covariate sensitivity analyses that can be done. 
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However, one sensitivity analysis that was performed was the exclusion of active 

smokers, as their consistent exposure to high levels of PM from their smoking habits 

may have overwhelmed any potential harm of removing the HEPA filters or ESPs or the 

potential benefit of their reinstallation. The results of this analysis are shown in the 

figures below and discussed in Section 4.4.5. 

 

Figure 33: Comparison of Mean Percent Change in Biomarkers and 95% CIs 
Associated with HEPA Removal Controlling for either 24-hour or 2-week Cumulative 
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Exposure in Unfiltered Locations between Including or Excluding Data from Active 
Smokers 

 

Figure 34: Comparison of Mean Percent Change in Biomarkers and 95% CIs 
Associated with ESP Removal Controlling for either 24-hour or 2-week Cumulative 
Exposure in Unfiltered Locations between Including or Excluding Data from Active 

Smokers 
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Figure 35: Comparison of Mean Percent Change in Biomarkers and 95% CIs 
Associated with 24-hour or 2-week Cumulative Exposure to O3 in Unfiltered 

Locations between Including or Excluding Data from Active Smokers 
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Figure 36: Comparison of Mean Percent Change in Biomarkers and 95% CIs 
Associated with 24-hour or 2-week Cumulative Exposure to PM2.5 in Unfiltered 

Locations between Including or Excluding Data from Active Smokers 
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Appendix E. Sensitivity Analyses for Chapter 5 
 

This appendix shows additional results for the Shanghai Study analysis and the 

results of the sensitivity analyses related to the Chapter 5. These sensitivity models 

include one using the residuals of a model regressing the interaction term on the main 

effects as a predictor in the main models, one controlling for all co-pollutants, and one 

using both age and sex interaction terms in the same model. The results are shown in the 

following sections. 

E.1 Shanghai Study Analysis Results 

As is mentioned in Section 5.3.3, there were no significant interaction terms for 

the analysis of the Shanghai Study data. In the Changsha Study and pooled data 

analyses, significant interaction terms were found in relation to the biomarkers sCD62P, 

SBP, and PWV. Therefore, I present the coefficient estimate results for just these 

biomarkers from the Shanghai Study analysis for comparison in Table 17. 

Table 17: Shanghai Study Interaction Term and Main Effect Coefficient Results 

Biomarker Model Parameter Beta SE LCI UCI 
Age Interactions 

SBP PM2.5:Age PM2.5 3.22E-03 2.84E-04 -2.76E-02 4.37E-02 
Age 2.08E-01 5.54E-03 -2.33E-01 1.09 
PM2.5:Age 2.41E-05 1.17E-05 -1.57E-03 1.47E-03 

SBP 
 

O3:Age O3 -7.28E-02 2.78E-03 -4.71E-01 2.22E-01 
Age 2.81E-01 6.32E-03 -2.53E-01 1.2 
O3:Age -4.44E-03 1.30E-04 -2.20E-02 1.02E-02 

PWV PM2.5:Age PM2.5 3.21E-04 4.52E-05 -5.84E-03 6.21E-03 
Age 1.84E-01* 9.79E-04 5.45E-02 3.06E-01 
PM2.5:Age 4.71E-05 1.89E-06 -1.57E-04 3.41E-04 
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PWV 
 

O3:Age O3 1.68E-03 2.98E-04 -3.86E-02 3.97E-02 
Age 1.85E-01* 9.89E-04 6.30E-02 3.13E-01 
O3:Age 3.62E-05 1.35E-05 -1.74E-03 1.79E-03 

sCD62P PM2.5:Age PM2.5 -2.14E-04 1.63E-05 -2.48E-03 1.59E-03 
Age -2.39E-03 1.62E-04 -2.61E-02 1.80E-02 
PM2.5:Age -2.15E-05 7.04E-07 -1.17E-04 4.97E-05 

sCD62P 
 

O3:Age O3 -7.21E-04 1.25E-04 -1.70E-02 1.45E-02 
Age -3.22E-03 1.70E-04 -2.82E-02 1.62E-02 
O3:Age -1.11E-05 5.42E-06 -6.73E-04 7.05E-04 

Sex Interactions 
SBP PM2.5:Male PM2.5 1.36E-02 3.99E-04 -3.03E-02 6.92E-02 

Male 8.76* 2.96E-02 5.07 12.3 
PM2.5:Male -1.12E-02 4.18E-04 -7.39E-02 3.38E-02 

SBP O3 * Sex O3 -3.30E-03 2.51E-03 -3.14E-01 3.44E-01 
Male 11.30* 3.78E-02 6.62 15.9 
O3:Male -4.31E-01 4.21E-03 -9.19E-01 5.54E-02 

PWV PM2.5:Male PM2.5 1.94E-05 3.21E-05 -3.95E-03 4.40E-03 
Male 8.35E-01* 2.71E-03 4.99E-01 1.16 
PM2.5:Male 2.11E-03 3.63E-05 -1.77E-03 6.83E-03 

PWV O3 * Sex O3 5.79E-03 1.83E-04 -1.70E-02 3.04E-02 
Male 9.30E-01* 2.93E-03 5.63E-01 1.29 
O3:Male -3.39E-03 2.22E-04 -3.56E-02 2.37E-02 

sCD62P PM2.5:Male PM2.5 -4.17E-04 1.22E-05 -2.19E-03 9.50E-04 
Male 4.66E-02 8.60E-04 -3.74E-02 1.63E-01 
PM2.5:Male -1.73E-04 1.12E-05 -1.76E-03 1.18E-03 

sCD62P 
 

O3 * Sex O3 -1.01E-03 8.35E-05 -1.32E-02 9.34E-03 
Male 3.26E-02 7.80E-04 -4.65E-02 1.47E-01 
O3:Male 2.43E-03 9.22E-05 -8.16E-03 1.66E-02 

Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 
model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-

hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 
logarithmic scale. The “:” denotes an interaction term. 

 



 

189 

 

E.2 Results of the Analysis Assessing Interaction Term 
Associations Independent of the Main Effects 

As was mentioned in Section 5.2.2, interaction term model estimates from the 

main models were checked against a sensitivity analysis using the residuals of the 

interaction term regressed in a linear mixed model on the main effects as the predictor in 

the main Bayesian GRR models. For a given two main effects X1 and X2 and interaction 

term X3, the formula for obtaining the interaction term residuals would be the linear 

mixed model X3ij ~ β1X1ij + β2X2ij + α j + ε ij, where the α j would be the j subject-specific 

intercept random effect. Table 18 compares the original interaction term estimates to the 

estimate of the residuals from the aforementioned model for the Changsha Study 

analysis, and Table 19 does the same for the pooled data analysis. In both analyses the 

24-hour O3 exposure by sex interaction term for PWV became nonsignificant. 

Table 18: Changsha Study Analysis Original and Residual Model Interaction Term 
Results 

Biomarker Analysis Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa Original 24h O3:Age 9.99E-04* 2.67E-06 5.85E-04 1.45E-03 
sCD62Pa Residual 24h O3:Age 9.73E-04* 1.05E-06 8.42E-04 1.10E-03 
sCD62Pa Original 2w O3:Age 1.35E-03* 6.13E-06 4.58E-04 2.30E-03 
sCD62Pa Residual 2w O3:Age 2.08E-03* 2.18E-06 1.81E-03 2.34E-03 
SBP Original 2w O3:Age 4.01E-02* 2.42E-04 4.04E-03 7.87E-02 
SBP Residual 2w O3:Age 3.87E-02* 9.94E-05 2.64E-02 5.04E-02 
PWV Original 2w SO2:Age 5.75E-03* 3.73E-05 2.69E-04 1.12E-02 
PWV Residual 2w SO2:Age 4.67E-03* 1.66E-05 2.60E-03 6.74E-03 

Sex Interactions 
PWV Original 24h O3:Male -4.77E-02* 3.58E-04 -8.50E-02 -6.54E-03 
PWV Residual 24h O3:Male -1.68E-02 1.86E-04 -3.92E-02 4.63E-03 
PWV Original 2w SO2:Male 1.07E-01* 7.65E-04 2.19E-02 1.96E-01 
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PWV Residual 2w SO2:Male 1.20E-01* 4.00E-04 7.21E-02 1.70E-01 
Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 

model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-
hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 

logarithmic scale. The “:” denotes an interaction term. 
 

Table 19: Pooled Data Analysis Original and Residual Model Interaction Term 
Results 

Biomarker Analysis Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa Original 24h O3:Age 1.31E-03* 5.19E-06 5.96E-04 2.11E-03 
sCD62Pa Residual 24h O3:Age 8.83E-04* 1.70E-06 6.73E-04 1.09E-03 
SBP Original 24h O3:Age 2.67E-02* 1.38E-04 6.35E-03 4.73E-02 
SBP Residual 24h O3:Age 1.15E-02* 4.02E-05 6.72E-03 1.66E-02 

Sex Interactions 
PWV Original 24h O3:Male -4.73E-02* 2.33E-04 -7.69E-02 -2.03E-02 
PWV Residual 24h O3:Male -9.66E-03 1.36E-04 -2.68E-02 5.78E-03 

Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 
model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-

hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 
logarithmic scale. The “:” denotes an interaction term. 

 

E.3 Controlling for All Co-pollutant Exposures with the 
Changsha Study Data 

When controlling for the three other co-pollutants measured in the Changsha 

Study (4-pollutant model), the only pollutant by characteristic association to change 

significance is the 2-week O3 by age association with SBP, which only changed slightly 

in effect size but did become nonsignificant (see Table 20). 

Table 20: Changsha Study Analysis Original Model and Sensitivity Analysis 
Controlling for all Co-Pollutant Exposure Interaction Term Coefficient Results 

Biomarker Analysis Parameter Beta SE LCI UCI 
Age Interactions 
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sCD62Pa Original 24h O3:Age 9.99E-04* 2.67E-06 5.85E-04 1.45E-03 
sCD62Pa All Pol. 24h O3:Age 1.03E-03* 2.26E-06 6.02E-04 1.42E-03 
sCD62Pa Original 2w O3:Age 1.35E-03* 6.13E-06 4.58E-04 2.30E-03 
sCD62Pa All Pol. 2w O3:Age 1.02E-03* 3.79E-06 3.38E-04 1.68E-03 
SBP Original 2w O3:Age 4.01E-02* 2.42E-04 4.04E-03 7.87E-02 
SBP All Pol. 2w O3:Age 3.60E-02 2.32E-04 -1.87E-03 7.60E-02 
PWV Original 2w SO2:Age 5.75E-03* 3.73E-05 2.69E-04 1.12E-02 
PWV All Pol. 2w SO2:Age 6.15E-03* 3.17E-05 6.26E-04 1.15E-02 

Sex Interactions 
PWV Original 24h O3:Male -4.77E-02* 3.58E-04 -8.50E-02 -6.54E-03 
PWV All Pol. 24h O3:Male -5.18E-02* 2.99E-04 -9.06E-02 -1.60E-02 
PWV Original 2w SO2:Male 1.07E-01* 7.65E-04 2.19E-02 1.96E-01 
PWV All Pol. 2w SO2:Male 1.09E-01* 6.88E-04 2.12E-02 1.96E-01 

“All Pol.” signifies the sensitivity analysis models controlling for all co-pollutants. 
Bolded rows have significant coefficients, which are also denoted with an asterisk. Beta = 

model beta coefficient, SE = standard error, LCI = lower CI, UCI = upper CI, 24h = 24-
hour, 2w = 2-week. aThis biomarker was log-transformed, and so the coefficients are on a 

logarithmic scale. The “:” denotes an interaction term. 
 

E.4 Pollutant by Age and Pollutant by Sex Double Interaction 
Models 

To adjust for the fact that in each study age was correlated with sex, two 

interaction models were run with two pollutant exposure by subject characteristic 

interaction terms in the same model. This was done for the Changsha Study and pooled 

data analyses. For the pooled data analyses, these models were also controlled for the 

other one of the two measured pollutant exposures in the pooled analysis (e.g., y = β1 * 

O3 + β2 * age + β3 * sexmale + β4 * O3 * age + β5 * O3 * sexmale + β6 * PM2.5 + …) to attempt to 

control for additional potential confounding.  
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The interaction term estimates for the sex interactions are presented in for the 

Changsha Study Analysis and for the pooled data analysis. Both the 2-week SO2 by age 

and by sex interactions became nonsignificant when added into the same two-

interaction model for the Changsha Study analysis. All other interactions remained 

significant. 

Table 21: Changsha Study Analysis Original Model and Two-Interaction Model 
Interaction Term Coefficient Results 

Biomarker Analysis Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa Original 24h O3:Age 9.99E-04* 2.67E-06 5.85E-04 1.45E-03 
sCD62Pa 2-Int. 24h O3:Age 1.02E-03* 3.66E-06 5.56E-04 1.50E-03 
sCD62Pa Original 2w O3:Age 1.35E-03* 6.13E-06 4.58E-04 2.30E-03 
sCD62Pa 2-Int. 2w O3:Age 1.21E-03* 8.54E-06 4.68E-05 2.18E-03 
SBP Original 2w O3:Age 4.01E-02* 2.42E-04 4.04E-03 7.87E-02 
SBP 2-Int. 2w O3:Age 4.62E-02* 3.05E-04 6.72E-03 8.30E-02 
PWV Original 2w SO2:Age 5.75E-03* 3.73E-05 2.69E-04 1.12E-02 
PWV 2-Int. 2w SO2:Age 3.84E-03 4.57E-05 -1.01E-03 9.37E-03 

Sex Interactions 
PWV Original 24h O3:Male -4.77E-02* 3.58E-04 -8.50E-02 -6.54E-03 
PWV 2-Int. 24h O3:Male -4.89E-02* 3.38E-04 -9.13E-02 -6.30E-03 
PWV Original 2w SO2:Male 1.07E-01* 7.65E-04 2.19E-02 1.96E-01 
PWV 2-Int. 2w SO2:Male 6.81E-02 7.08E-04 -1.81E-02 1.51E-01 

“2 Int.” signifies the sensitivity analysis models controlling for both pollutant by age and 
pollutant by sex interaction terms. Bolded rows have significant coefficients, which are 
also denoted with an asterisk. Beta = model beta coefficient, SE = standard error, LCI = 

lower CI, UCI = upper CI, 24h = 24-hour, 2w = 2-week. aThis biomarker was log-
transformed, and so the coefficients are on a logarithmic scale. The “:” denotes an 

interaction term. 
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Table 22: Pooled Data Analysis Original Model and Two-Interaction Model 

Interaction Term Coefficient Results 

Biomarker Analysis Parameter Beta SE LCI UCI 
Age Interactions 

sCD62Pa Original 24h O3:Age 1.31E-03* 5.19E-06 5.96E-04 2.11E-03 
sCD62Pa 2-Int. 24h O3:Age 1.26E-03* 5.76E-06 4.59E-04 2.17E-03 
SBP Original 24h O3:Age 2.67E-02* 1.38E-04 6.35E-03 4.73E-02 
SBP 2-Int. 24h O3:Age 3.14E-02* 1.48E-04 9.23E-03 5.37E-02 

Sex Interactions 
PWV Original 24h O3:Male -4.73E-02* 2.33E-04 -7.69E-02 -2.03E-02 
PWV 2-Int. 24h O3:Male -4.63E-02* 1.98E-04 -7.54E-02 -1.59E-02 

“2 Int.” signifies the sensitivity analysis models controlling for both pollutant by age and 
pollutant by sex interaction terms. Bolded rows have significant coefficients, which are 
also denoted with an asterisk. Beta = model beta coefficient, SE = standard error, LCI = 

lower CI, UCI = upper CI, 24h = 24-hour, 2w = 2-week. aThis biomarker was log-
transformed, and so the coefficients are on a logarithmic scale. The “:” denotes an 

interaction term. 
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Appendix F. Screening, Consent, and Questionnaire 
Forms Used in the Changsha Study 

F.1 Subject Screening Questionnaire 
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F.2 Consent Form 
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F.3 Medical History and Baseline Exposure Questionnaire 
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F.4 Time-Activity Questionnaire 
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