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Abstract:

Background: Improved understanding of what sources and processes drive exposure contrast of
fine particulate matter (PM2:s) is essential for designing and interpreting epidemiological study
outcomes.

Objective: We investigate the contribution of various sources and processes to PM» s exposure
contrasts at different spatial scales across the continental United States.

Methods: We consider three cases: exposure contrast within a metro area, nationwide exposure
contrast with high spatial resolution, and nationwide exposure contrast with low spatial
resolution. These three cases correspond to common epidemiological study designs. Using high
spatial resolution (census-block-level) national empirical model estimates of source- and
chemically-specific PM2 5 concentration predictions, we quantified the contribution of various
sources and processes to PM» s exposure contrasts in these three cases.

Results: At the metro level (i.e., metropolitan statistical area; MSA), exposure contrasts of PM> s
vary between -1.8 to 1.4 ug m™ relative to the MSA-mean with about 50% of within-MSA
exposure contrast of PM> 5 caused by cooking and mobile source primary PM; s. For the national
exposure contrast at low-resolution (i.e., using MSA-average mean concentrations), exposure
contrasts (relative to the national mean: -3.9 to 3.2 ug m™) are larger than within an MSA with
~80% of the variation due to secondary PMz 5. National exposure contrast at high resolution
(census block) has the largest absolute range (relative to the national mean: -4.7 to 3.7 pg m™)
due to both regional and intra-urban contributions; on average, 65% of the national exposure
contrast is due to secondary PM> s with the remaining from the primary PM; 5 (cooking and
mobile source 26%, other 9%).

Discussion: While national epidemiological studies that use high-spatial-resolution exposure
estimates maximizes the exposure contrast of total PM> s, other study designs may offer advantages
to investigate health impacts of specific components. City/metro scale studies better isolates the
health impacts of primary PM s from local sources while national studies with low-spatial
resolution can help to infer the health impacts of secondary PM s.
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1. Introduction

Airborne fine particulate matter (PMa s; particles with diameter < 2.5 um) is a complex mixture
of chemical species that span a wide range of sizes. PM2 s is directly emitted by sources (primary
PMb5) and forms in the atmosphere from oxidation products of precursor gases (secondary
PM2:5). Numerous epidemiological studies report health risks of PM2 5 by comparing spatial
patterns in PMa s exposure with health impacts'~’. Although adverse health effects of PM> s total
mass concentration are well established’, less is known about health risks of size, source, and
chemically specific PM2 s components®!'!. Multiple epidemiological and toxicological studies
have investigated the health effects of different sources and chemically specific PM2 s
components®!?71* To date, these studies have not revealed consistent results'>.

PM: s epidemiological studies have been conducted at different spatial scales® ranging from a
single city'®!” to national and even continental scales. The spatial scale of exposure estimates
used by these studies also varies from relatively low-resolution (average concentrations in cities
or metropolitan statistical areas; MSAs)""!3!819 to high-resolution (e.g., zip code level, census
tract level) %?°22, City-scale analysis in Los Angeles suggests substantially higher mortality
risks than national studies, which suggests that the excess risk is likely associated with the local
component of PMa s exposure!®!”. The observed health risk in New York City was lower than in
Los Angeles, which implies that cities can differ markedly in their local exposure conditions'®.

To estimate the impacts of air pollution on human health, epidemiological studies investigate the
correlation of adverse health outcomes with variations in PM2 5 concentrations, which are
commonly referred to as exposure contrasts. These contrasts are caused by the complex
interactions of different sources, processes, and components. For example, primary emissions
are responsible for local (e.g., ~100 m — 1 km scale) variations, whereas secondary PM> s is more
regional and therefore creates city-to-city and region-to-region differences?2°. Improved
quantification of the contribution of different sources and processes to drive exposures at
different lengths scales is needed to better design and interpret epidemiological studies.

In this paper, we use national high-spatial-resolution (census block level) predictions of source-
specific PMz s to investigate what sources and components create PMz s exposure contrasts at
different scales and their implications for the design and interpretation of epidemiological
studies. We show that cooking and mobile source primary PM2 s are important drivers for intra-
urban exposure contrast of total PMa 5. At the regional and national scale, secondary PM> 5
dominates the total PM2 5 exposure contrast. Our analysis provides valuable insights for
epidemiological study design focusing on isolating the effects of source- and chemically-specific
PM: s components.

2. Methods

We used national-scale high-spatial-resolution (census block level) empirical models to
investigate exposure contrasts of source-specific and total PM> s mass across the continental US. In
this paper we use the term “exposure” to refer to outdoor concentrations. Exposure contrast is
defined as the spatial difference in long-term average concentrations. The models are described
in section 2.1.
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The analysis is performed using predicted concentrations for different geographic units defined
by the US Census Bureau. We used the models to predict concentrations at each census block,
which is the smallest geographic unit defined by the US Census Bureau. There are ~6 million
residential census blocks with a non-zero population in the continental United Sates. In urban
areas, census blocks vary in size and shape but typically cover an area of ~0.01 km?. We also
analyzed data for metropolitan statistical areas (MSA), which are centered around a city
(minimum population of 50,000) and includes surrounding counties, townships, and suburban
areas. There are 363 MSAs in the continental United States.

We consider three cases: (1) exposure contrast within a metropolitan statistical area (MSA) using
census block level concentrations, (2) nationwide exposure contrast using MSA-averaged (low
spatial resolution) concentrations, and (3) nationwide exposure contrast using census block level
(high spatial resolution) concentrations. These three cases correspond to common types of
epidemiological studies : single city!®!7
and national with high-spatial-resolution exposure data

, national using low-spatial-resolution exposure data’!°,

14,20

We define exposure contrast within a metropolitan statistical area (MSA) as (Cgiock — Cmsa).
Calock 1s the model concentration of total PM: s or source-specific PM2.s components at a given
census block. Cmsa is the population-weighted mean concentrations of all block centroids
located within an MSA spatial boundary. To quantify national exposure contrast with MSA-
average concentrations, we used (Cmsa — Cnational), Where Cnational 18 the population-weighted
mean concentration of all census blocks nationwide. To quantify national exposure contrast
using census block level concentration data, we used (Cgiock — CNational).

2.1 National Estimates of Source-specific PM2.5s Components

The analysis focuses on two important urban sources of primary PM; s, traffic and cooking. We
also estimate two other categories of PM» s: other primary, and secondary PM> 5. Primary PM> 5
emissions from traffic or mobile sources is comprised of tailpipe and non-tailpipe emissions.
Here we only consider tailpipe emissions, which includes hydrocarbon-like organic aerosol
(HOA) and black carbon (BC) particles?’. Cooking-emitted particles are mostly organic or
cooking organic aerosol (COA)?*"?®. We define other primary PMa s as (POAother + BCother),
where POAomer and BComer are, respectively, primary organic aerosol (POA) and black carbon
(BC) particles from other sources. Biomass burning (e.g., wildfires and home heating) is the
most important source of other primary PM; 5 at a national scale.

We used our published®* empirical models to predicts national estimates of primary organic
aerosol concentrations from emissions for cooking (COA) and mobile sources (HOA) at high
spatial resolution. Briefly, the models were derived by performing land use regression (LUR)
analysis of High-Resolution Aerosol Mass Spectrometer (HR-AMS) measurements from across
the continental US. COA and HOA concentrations were estimated using positive matrix
factorization (PMF) of the HR-AMS data using positive matrix factorizatoin’’. COA and HOA
LUR models explain more than 60% of the spatial variability of the measured data (R? = 0.63 for
the COA model and 0.62 for the HOA model). Restaurant density, commercial land use, and
urbanicity are the main predictor variables for the COA model. Road density, transportation land
use, and urbanicity are the main predictor variables for the HOA model. Saha et al.?* presents
extensive evaluation (e.g., 10-fold cross-validation, a systematic spatial holdout, and comparison
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with chemical transport model simulation) to demonstrate model robustness and transferability.
We applied the models to predict COA and HOA concentrations at ~6 million residential census
blocks with a non-zero population.

BC is another important primary PM> 5 component of traffic emissions. Following the approach
of Saha et al.>*, we derived a national land-use regression model for BC using a combination of
mobile and fixed-site data (details are described in the SI: Section-S1, Fig. S1-S7, Table S1-S3).
The data set of measured BC concentrations includes high spatial resolution mobile
measurements from three cities (Pittsburgh, PA, Oakland, CA, and Baltimore, MD) and data
from the US-EPA’s PM: 5 speciation networks. These data were fit using the same land use and
source activity data set as the COA and HOA models and a supervised linear regression
approach based on the ESCAPE protocol***!. The BC LUR model explains about 70% of the
spatial variability of the measured data with road density, urbanicity, transportation, and
residential land use as the predictor variables (model fit R%: 0.74; random 10-fold CV R?: 0.71;
systematic spatial holdout R%: 0.66). Like COA and HOA, the cross-validated BC model was
applied to predict the census block-level concentrations across the continental US. Our COA,
HOA, and BC estimates are the annual average concentrations in 2017.

Our BC model predicts total BC concentrations. To apportion the predicted BC concentration
into mobile (BCrobile) versus other (BCoter) sources, we utilized elemental carbon (EC) emission
data from mobile versus other sources from National Emission Inventory (NEI, 2017)*2. Details
are described in the SI: Section S2, Figs. S8-S9. Briefly, BComer = BC (county average) x
fraction of county-average EC emission from other sources. NEI emission data are aggregated to
the county level. Therefore, we used the county average BC concentration to estimate BCoher and
assign this value to all census blocks within the county boundary. This is reasonable because
BCother is dominated by biomass burning (wildfires), which shows smaller variation within a
county. We estimated census block level BC from mobile sources as BCmobile = (BC - BCother).

HOA and COA are major contributors to POA, especially in urban areas®’-*-*. However, there
are other sources of POA, for instance, biomass burning organic aerosol. We estimated POA
from other sources (POAother) as POA w1 — (HOA+COA). We estimated total POA using the
OC/BC ratio technique®>=® (i.e., POAotal = BC % [OC/BC] primary X [OA/OC] primary and census
block predictions of BC concentrations). We used values for [OC/BC] primary (typical value: 1.7 —
2.0) and [OA/OC] primary (typical value: 1.3 — 1.4) from the literature®’3® Details are in the SI:
section S3 and Fig. S10

Secondary PMb» 5 1s formed via atmospheric chemistry, and includes secondary organic aerosol
(SOA), sulfate, nitrate, and ammonium. We estimated the secondary PM> s in each census block
as the total PM; s minus primary PM> 5. The predicted total PM2 s mass concentrations are from
the national empirical model of Kim et al*°. These are census block-level annual-average
concentrations in 2015 across the contiguous US, derived from regulatory monitoring, land use
characteristics, satellite-based estimates of air pollution, and empirical regression modeling.

The primary PM2 s concentrations discussed above are from combustion sources only. However,
there could be non-combustion primary PMb s, such as resuspended road dust, tire, and brake
wear particles from mobile sources***!. Since we estimated secondary PM, s as total PM» s minus
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combustion primary PMb s, these non-combustion primary particles will be part of secondary
PM2: s in our analysis. However, their contribution is much lower compared to secondary PM3 s
species*®*2,

2.2 Comparison of Source-Specific PM2.s5 Concentrations Against Chemically Speciated
PM:.5 Monitoring Data

To assess the robustness of our source- and chemically-specific PM2 5 concentration estimates,
we compared predicted concentrations to US-EPA’s speciated PM> s monitoring networks data.
We used 2015-annual average speciated PM2 s concentrations from 240 monitoring sites across
the continental US. This includes sites from both urban (US EPA’s Chemical Speciation
Network: CSN) and rural (Interagency Monitoring of PROtected Visual Environments:
IMPROVE network) locations across the country. The comparisons were made using the
predicted concentration estimates at the census-block centroid nearest to each monitoring site.
Details are given in the SI: Section S4, Figs. S11-12.

The comparison included (i) predicted primary PM; s from cooking, mobile, and other sources
versus measured primary PMa s species (EC + POA), (ii) predicted secondary PM; 5 (total PM> s
minus primary PMa s) versus measured secondary PM> s species (SO4+NO3+NH4+SOA), and (iii)
predicted total PM> 5 versus the sum of speciated measured PM» 5 (SO4, NO3, NHs, SOA, POA,
and EC). The measured and predicted concentrations agreed within 10-15% in all cases (Fig.
S12).

3.0 RESULTS

3.1 National Spatial Variability in Source-specific PM2.s Components

Figure 1 shows the predict source-specific PMa 5 concentrations. Fig.1A shows nationwide
concentrations of cooking plus mobile source primary PMzs. As expected, primary PMa s from
mobile and cooking sources show substantial spatial variability with hotspots in urban areas and
near roadways.

The interquartile range of census-block level concentrations of cooking primary PM> s is 0.08 —
0.44 (population-weighted national mean: 0.4) pg m; for mobile source primary PMa2s: 0.14 —
0.57 (0.52) pg m, and other primary PMas5: 0.55 — 0.73 (0.71) pg m™. Other primary PM, s is
relatively less spatially variable than cooking and mobile source primary PM> s (Fig. 1B). This is
expected because biomass burning (a regional source) is likely an important source of other
primary PM; s.

As expected, secondary PMb> s is less spatially variable than primary PMa 5 (Fig. 1C). The
interquartile range of the national secondary PM, s concentration surface is 5.38 -7.34 pg m™
(population-weighted national mean 6.37 pg m™). Secondary PM, s is the dominant contributor
to total PM2 .5 mass exposure in the US, even in highly populated urban areas. Nationally, ~ 80 %
of the national population weighted average total PM> s mass comes from secondary PM; s.
Cooking primary PM> 5 contributes 5%, mobile source primary PM> 5 contributes 6%, and other
primary PM; 5 contributes 9%.
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Fig. 1: Census block level concentration estimates of source-specific PM2.5s components
across the continental US. (A) cooking plus mobile source primary PM; 5, (B) other primary
PM; s, and (C) secondary concentrations. Color scales are in log-scale and differ across panels.

3.2 Intra-Urban Exposure Contrast

Single-city epidemiological studies depend on intra-urban exposure contrast. To quantify the
drivers for intra-urban variability of PM> s, we investigated the spatial variation in source-
specific PM; s within each metropolitan statistical area (MSA) in the continental US. Our
analysis reveals that primary PM; 5 strongly drives within-MSA exposure contrast of total PM> 5
with a major contribution from cooking and mobile source primary PMb s.

To illustrate the spatial pattern of cooking and mobile source primary PM» s across an MSA, Fig.
2A shows a concentration map for the Pittsburgh MSA. There is substantial within-MSA spatial
variability for cooking and mobile primary PM> s. For example, census block level cooking and
mobile source primary PM> s vary by a factor of nine across the Pittsburgh MSA. In contrast,
other primary PM> 5 vary by a factor of 2.5 and secondary PM, 5 by a factor of 1.3.
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To further illustrate the variability of source-specific PM» s components across the Pittsburgh
MSA, Fig. 2B shows concentrations along a transect that passes through the central business
district. The contribution of cooking and mobile source primary PM> 5 to total PM> s is highest in
downtown and gradually decreases as one moves away from the city center (Fig.2B). Although
cooking and mobile source primary PM2 s contribute less than 20% of the total PM> s mass
concentrations, they largely drive spatial variability of total PM2 s across the Pittsburgh MSA.
Along the transect line, other primary PMb> 5 is less variable than cooking and mobile source
primary PMz 5. Whereas secondary PMz s shows minimal variability.

To quantify what fraction of within-MSA spatial variability of total PM2 s can be explained by
the cooking and traffic primary PM> s, we compare the within-MSA spatial variability of census-
block level background subtracted PMa.s (APM2 s) versus cooking and mobile source primary
PM.s. We defined the APMa s as block-level PMa s minus 5™ percentile of block-level PMa s
within the MSA boundary (Fig. 2B). In Pittsburgh MSA, the slope of within-MSA APM3 5 versus
cooking and mobile source primary PM; s regression is ~ 0.51, indicating cooking and source
primary PM 5 explain about 50% of within-MSA spatial variability of total PM2s. The
remaining variability comes from other primary and secondary PM; s.

While Fig. 2B illustrates the important contribution of primary PM; s for within-MSA spatial
variability, the overall PMz s mass exposure is dominated by secondary PMa s, even at the city
center. We examined the chemical speciation data from an urban background CSN site in
Pittsburgh (Lawrenceville, AQS # 42-003-0008; Fig. 2B, right bar plot). Our estimate of
secondary PM> s in Pittsburgh is comparable with the sum of speciated secondary PM> s
measurements (SOs, NO3, NH4, and SOA).

Fig. 2C shows the within-MSA exposure contrast (Cpiock - Cmsa) along the transect line. The
exposure contrast for cooking and mobile primary PM; s and total PM; 5 peak in the city center
(downtown). The spatial distribution of exposure contrasts for cooking and mobile primary PMa s
versus total PM> s look similar (Fig. 2C). This implies that these two primary sources are
important for the overall exposure contrast for total PMz s within the MSA. On average, 50% of
within-MSA exposure contrast for total PM; 5 in Pittsburgh comes from the exposure contrast in
cooking and mobile source primary PMa s.

To demonstrate that the results from the Pittsburgh MSA are broadly representative, Fig. 3A-C
summarizes the within-MSA exposure contrasts for all MSAs within the continental US (n=363)
rank ordered by MSA population (Fig.3D). Within-MSA exposure contrasts of PMz s relative to
the MSA-mean vary between -1.8 to 1.4 pg m. Our analysis indicates that cooking and mobile
source primary PM> s explain between 22% and 94% of within-MSA exposure contrasts of PMb s
across the 363 MSAs (SI: Section S5, Fig. S13). On average they explain 51% with the reminder
due to other primary and secondary PM3 s.

Our mobile sources primary PMb s does not account for non-tailpipe primary PMb s, such as
traffic-related brake wear, tire wear, and resuspended road dust. These components are lumped
within the secondary PM> s and could contribute to within-MSA exposure contrast. Currently, the
relative important of non-tailpipe primary PM, s is growing®’. Past studies also reported evidence
of an intra-urban gradient of secondary PM, s**. Therefore, local secondary PM, s production can
contribute to within-MSA exposure contrast.
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Fig. 2: Exposure contrast within the Pittsburgh Metropolitan Statistical Area (Cgiock -
Cwmsa). (A) Map showing the distribution of cooking and mobile source primary PM2 s
concentrations across the Pittsburgh Metropolitan Statistical Area (MSA). (B) The concentration
of source-resolved PM> s components along a transect line (x-z-y) that passes through the city
center (downtown Pittsburgh). The transect line (x-z-y) is shown in Panel-A. The rightmost bar
plot on panel-B shows the 2015 annual average chemical composition of PM; 5 in Pittsburgh
using data from an urban background CSN site in Lawrenceville (AQS#42-003-0008). (C)
Exposure contrast (Cgiock - Cmsa) of total and source-specific PMa2 s components along the
transect line x-z-y.

3.3 National Exposure Contrast with Low Spatial Resolution

National/multi-city epidemiological studies often use low-spatial resolution exposure estimates
(e.g., MSA-average, county-average). Our analysis indicates that about 70-90% of between-
MSA exposure contrast using MSA-average concentrations is due to secondary PM» 5 (Fig. 3F-
J). Primary PM3 s contributes little to these between-MSA exposure contrasts. Relative to the
national mean, between MSA exposure contrast varies between -3.9 to 3.2 pg m=. The between
MSA exposure contrast is larger than within MSA exposure contrast.
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Fig. 4 presents between-MSA exposure contrast for total and source-specific PM» s components
by region. There is substantial variability in MSA-average total PM> 5 exposures within and
between regions, which are largely due to secondary PM; s concentrations. Maps in Fig. 4C show
the nationwide spatial distribution of between-MSA exposure contrasts for total and source-
specific PM» s components. There are regional hotspots in the Midwest/northeast and the
southern US. These are due to inorganic sulfate and nitrate in the Midwest/northeast and
(biogenic) secondary organic aerosol in the southeast*.
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Fig. 3: Within- and between-MSA (Metropolitan Statistical Area) exposure contrasts

across the continental US (n= 363). MSAs are ranked by the total MSA population (as shown
in panels E and J). (A) Boxplots of within-MSA exposure contrast (Cgiock- Cmsa) for cooking and
mobile source primary PM; 5 (the inset in panel-A shows the zoom-in view of the small red
rectangle area). (B-D) Similar to panel-A, within-MSA exposure contrasts for (B) other primary
PMb 5, (C) secondary PM> 5, and (D) total PMa 5. (F-I) Sticks show MSA-average exposure
contrast relative to nation mean (Cwmsa- Cnational); (F) cooking and mobile source primary PMa s,
(G) other primary PM> s, (H) secondary PM; s, and (G) total PM> 5 (G).
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Fig. 4: Exposure contrast between MSA average PM2.5 (Cmsa- Cnational). (A) Stacked bars of
MSA-average concentrations of cooking and mobile source primary PM2 s, other primary PMa s,
and secondary PM; 5. The total height of the bar is the MSA-average total PM» 5 concentration.
(B) Exposure contrast between MSAs (Cwmsa- Cational) for cooking and mobile source primary
PMb 5, other primary PM> s, secondary PM> s, and total PM» 5. (C) Maps of the exposure contrast
between MSAs for total PMz 5, primary PMa s (sum of cooking and mobile source primary PMa s
and other primary PM; 5), and secondary PM> 5. In panels A and B, MSAs are grouped by region
(West, Mountain West, South, Midwest, and Northeast) and then rank-ordered within a region by
MSA-average total PM2 s concentrations.

3.4 National Exposure Contrast with High Spatial Resolution

In the last decade, researchers have begun used high-spatial-resolution PM; 5 estimates for
national epidemiology studies'*?*2. To better understand the drivers of exposure contrast in
these types of studies, Fig.5 presents the nationwide exposure contrast of source-specific PMa s
components using high spatial resolution (census-block-level) concentration estimates (Cgiock —

CNational) .

Compared to intra-urban (Fig. 3) and intra-MSA (Fig. 4), national census block concentrations
have the largest absolute variation (relative to the national mean: - 4.7 to 3.7 ug m™) due to both
regional and intra-urban contributions. Fig. 5 indicates that cooking and mobile source primary
PM; 5 and secondary PM> s all contribute to total PM> 5 exposure contrast. In comparison, other
primary PM> s has a much smaller contribution to exposure contrast.

10
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Hotspots for cooking and traffic primary PM; s are in cities (Fig. 5A). These hotspots are
important contributors to exposure contrast in high-resolution national studies (Fig. 5A), but
mostly disappear in a national comparison of MSA average concentrations (see Fig. 4C). High
spatial resolution national studies also capture the hotspots of secondary PM; 5 (Fig. 5C).

(D) Exposure contrast: Summary
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Fig. 5: Census block level exposure contrast (Csiock — CNational) across the continental US.
Maps of exposure contrast for (A) cooking and mobile source primary PM: s, (B) other primary
PM; 5 (B), and (C) secondary PM> 5. (D) Census-block-level exposure contrasts for cooking and
mobile source primary PMa s, other primary PM; s, secondary PM; s, and total PM> s rank ordered
by total PM> s exposure contrast and grouped into 100 bins.

Fig.5D summarizes the nationwide census block-level exposure contrast (Cgiock — CNational). While
secondary PM> s dominate the total PM s exposure contrast across the country, cooking and
traffic primary PM> s are important in certain locations. In addition, the contributions of cooking
and traffic primary PMb s to overall exposure contrast are largest in census blocks with high
PM2.5 exposure contrast; these census blocks are typically in urban areas.

We conducted a similar analysis using directly measured speciated PM> s data from US-EPA’s

speciated PM; s monitoring sites across the country (Fig. S14) using 2015-annual average
concentrations of major PM; s species (SO4, NO3, NHs, SOA, POA, EC). Similar to the model-
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based results (Fig. 5), the measured composition data indicate that secondary species (SO4, NO3,
NHa4, SOA) dominate nationwide exposure contrast for total PM2.s. However, primary
components (EC, POA) have a significant contribution in total PM> s exposure contrast in many
urban locations (Fig.S14).

4. Discussion

Using census-block level concentration estimates, our study provides insight into the drivers of
exposure contrast for source-specific PMa2 s components across the continental US. Fig. 6
summarizes the results for the three different cases. Since we estimated exposure contrast
relative to the national-mean and MSA-mean, it can be positive and negative. Therefore, to
compare an average exposure contrast for different spatial scenarios, we calculated the root mean
square (RMS) difference, instead of arithmetic mean; specifically, we calculated the RMS of
(CBlock_ CNational), (CMSA - CNational) and (CBlock - CMSA). For the within-MSA casc, we used an
arithmetic average of RMS (Cgiock — Cmsa) across all MSAs. Details on this calculation are given
in Table S-4.

2.0

?)

I Cooking and mobile source primary
Il Other primary
B Secondary PM, 5

Average Exposure Contrast (ug m

- 1 " 71—/
(Block- National) (MSA - National)  (Block - MSA)

Fig. 6: Contribution of source-specific PM2.5s components to average exposure contrast of
total PM2.5s mass. Bars show the contribution of cooking and traffic primary PM; s, other
primary PM s, and secondary PM: 5 to total PM» s exposure contrast. The full height of each bar
indicates exposure contrast for total PM s.

Fig. 6 indicates that the largest exposure contrast is high resolution national estimate, followed
MSA-average and then within-MSA cases. In the national-average of census-block-level
exposure contrast (Ciock — CNational), 26% of total PM2 s exposure contrast comes from cooking
and mobile source primary PM3 5, 9% from other primary PM> 5, and 65% from secondary
primary PM> 5. In national-average of MSA-level exposure contrast of total PM; s, cooking and
mobile source primary PMb s contribute 15%, other primary PM> 5 contributes 7%, and secondary
PM; 5 contributes 78%. For the within-MSA exposure contrast, about 50% of total PM2 s
exposure contrast comes from cooking and mobile source primary PM; 5.
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Our results have implications for the design and interpretation of epidemiological studies
investigating the health impacts of PM> s sources and components. While high spatial resolution
national studies provide maximum exposure contrasts, city and MSA-average designs better
isolate individual components. MSA-average exposure contrasts are largely driven by secondary
PM; 5. For example, Fig. 6 indicates that secondary PM: s contributes about 80% to total PM2 s
exposure contrast for exposure contrast estimated using MSA-average concentrations. Therefore,
a national-scale epidemiological study using MSA-, or country-average exposure concentrations
can help to infer the health impacts of secondary PM; s while minimizing the influence of
primary PM: 5. In contrast, city/metro scale epidemiological studies maximize the exposure
contrast of primary PMa s. Although primary PM s is a relatively minor component of total PMa 5
exposure (even at the city center), it drives the majority of the within-MSA exposure contrast of
total PM2 5. Therefore, a city/metro scale study using high-resolution exposure data may better
isolate the health effects of primary sources.
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