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A B O U T  H E I

 v

The Health Effects Institute is a nonprofit corporation chartered in 1980 as an independent 
research organization to provide high-quality, impartial, and relevant science on the effects of air 
pollution on health. To accomplish its mission, the institute

• Identifies the highest-priority areas for health effects research;

• Competitively funds and oversees research projects;

• Provides intensive independent review of HEI-supported studies and related 
research;

• Integrates HEI’s research results with those of other institutions into broader 
evaluations; and

• Communicates the results of HEI’s research and analyses to public and private 
decision makers.

HEI typically receives balanced funding from the U.S. Environmental Protection Agency and the 
worldwide motor vehicle industry. Frequently, other public and private organizations in the 
United States and around the world also support major projects or research programs. HEI has 
funded more than 340 research projects in North America, Europe, Asia, and Latin America, the 
results of which have informed decisions regarding carbon monoxide, air toxics, nitrogen oxides, 
diesel exhaust, ozone, particulate matter, and other pollutants. These results have appeared in 
more than 260 comprehensive reports published by HEI, as well as in more than 1,000 articles in 
the peer-reviewed literature.

HEI’s independent Board of Directors consists of leaders in science and policy who are 
committed to fostering the public–private partnership that is central to the organization. The 
Research Committee solicits input from HEI sponsors and other stakeholders and works with 
scientific staff to develop a Five-Year Strategic Plan, select research projects for funding, and 
oversee their conduct. For this study, a special panel — HEI’s Low-Exposure Epidemiology 
Studies Oversight Panel — has worked with the Research Committee in project selection and 
oversight. The Review Committee, which has no role in selecting or overseeing studies, works 
with staff to evaluate and interpret the results of funded studies and related research. For this 
study, a special review panel — HEI’s Low-Exposure Epidemiology Studies Review Panel — is 
fulfilling this role.

All project results and accompanying comments by the Review Committee (or, in this case, the 
Low-Exposure Epidemiology Studies Review Panel) are widely disseminated through HEI’s 
website (www.healtheffects.org), printed reports, newsletters and other publications, annual 
conferences, and presentations to legislative bodies and public agencies.
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Research Report 203, Mortality–Air Pollution Associations in Low-Exposure Environments 
(MAPLE): Phase 1, presents a research project funded by the Health Effects Institute and 
conducted by Dr. Michael Brauer of The University of British Columbia, Vancouver, Canada, 
and his colleagues. The report contains three main sections.

The HEI Statement, prepared by staff at HEI, is a brief, nontechnical summary of the 
study and its findings; it also briefly describes the Low-Exposure Epidemiology Studies 
Review Panel’s comments on the study.

The Investigators’ Report, prepared by Brauer and colleagues, describes the 
scientific background, aims, methods, results, and conclusions of the study.

The Commentary, prepared by members of the Low-Exposure Epidemiology 
Studies Review Panel with the assistance of HEI staff, places the study in a broader 
scientific context, points out its strengths and limitations, and discusses remaining 
uncertainties and implications of the study’s findings for public health and future 
research.

This report has gone through HEI’s rigorous review process. When an HEI-funded study is 
completed, the investigators submit a draft final report presenting the background and results of the 
study. This draft report was first examined by outside technical reviewers and a biostatistician. The 
report and the reviewers’ comments were then evaluated by members of the Low-Exposure 
Epidemiology Studies Review Panel, an independent panel of distinguished scientists who have no 
involvement in selecting or overseeing HEI studies. During the review process, the investigators 
had an opportunity to exchange comments with the Review Panel and, as necessary, to revise 
their report. The Commentary reflects the information provided in the final version of the report.
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HEI’s Program to Assess Adverse Health Effects of Long-
Term Exposure to Low Levels of Ambient Air Pollution

INTRODUCTION

Levels of ambient air pollution have declined signifi-
cantly over the last decades in North America, Europe,
and in other developed regions. Despite the decreasing
levels of air pollution, recent epidemiological studies re-
port associations between adverse health effects and
exposure to air pollution. These studies have found
associations between exposure to fine particulate mat-
ter, that is, particulate matter ≤2.5 µm in aerodynamic
diameter (PM2.5*), and mor tality at levels below

current ambient air quality standards (e.g., Beelen et al.
2014; Crouse et al. 2012; Hales et al. 2012) (Preface
Figure 1). In order to improve the science and inform
future regulation, it is important to confirm whether as-
sociations with adverse health effects continue to be
observed as levels of air pollution have declined. It is
also important to better understand the shape of the
exposure–response function at those low levels. 

The growing scientific evidence for effects at levels
below current air quality standards and the large overall
estimates of the air pollution-attributable burden of

* A list of abbreviations and other terms appears at the end of this volume.

Preface Figure 1. Shape of the concentration–response function for mortality associated with fine particulate matter in a Canadian Cohort.
(Courtesy R. Burnett). NAAQS = National Ambient Air Quality Standard; WHO AQG = World Health Organization Air Quality Guidelines.
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disease, as well as the interest in reducing greenhouse
gases, suggest that more stringent air quality standards
and guidelines may be considered in the future. For
these reasons, there is a need for additional investiga-
tion to improve our understanding of exposure–
response function(s) for mortality and morbidity at
low levels of PM2.5, ozone (O3), and other ambient
air pollutants. Such studies would inform risk asses-
sors and policy makers regarding exposure–response
functions at levels of ambient air pollution currently
prevalent in North America, Western Europe, and
other high-income regions of the world.

In 2014, HEI issued RFA 14-3, Assessing Health Ef-
fects of Long-Term Exposure to Low Levels of Ambient
Air Pollution, to solicit studies to address these impor-
tant questions. The main goals of the RFA were to: 

1. Fund studies to assess health effects of long-term
exposure to low levels of ambient air pollution,
including all-cause and cause-specific mortality
and morbidity. Such studies should analyze and
evaluate exposure–response function(s) for
PM2.5 and other pollutants at levels currently
prevalent in North America, Western Europe,
and other high-income regions. The studies may
also address related questions about health
effects at low levels of ambient air pollution. 

2. Develop statistical and other methodology
required for, and specifically suited to, con-
ducting such research including, but not limited
to, evaluation and correction of exposure mea-
surement error.

Applicants were asked to pay particular attention
to having sufficiently large cohor ts and statistical
power to detect associations should they exist, having
the ability to test various potential confounders of any
associations, and developing exposure-assessment
approaches and statistical methodology that would
enable a robust examination of the associations. 

Specifically, applicants were asked to propose stud-
ies to: 

1. Compare and contrast alternative analytic
models and accompanying uncer tainty. For
example , compare threshold against non-
threshold models, l inear against nonlinear
models, and parametric against nonparametric

models, to characterize the exposure–response
function(s) at low levels of ambient air pollution.

2. Explore possible variability in estimates of risk at
low pollutant concentrations among popula-
tions, and identify possible contributing factors.
Such factors could include age, smoking, socio-
economic position, health status, and access to
medical care, as well as differences in air pollu-
tion sources and time–activity patterns.

3. Develop and evaluate exposure-assessment
methods suitable to estimate exposure to low
levels of air pollution at various spatial and tem-
poral scales in large study populations, including
people who reside in areas not covered by rou-
tine ground-level monitoring.

4. Develop, evaluate, and apply statistical methods
to quantify and correct for exposure measure-
ment error in risk estimates and in characteriza-
tion of exposure–response relationships.

5. Develop and validate approaches to assess the
effects of co-occurring pollutants on any health
effect associations at low ambient concentrations.

6. Develop and validate indirect approaches to
correct risk estimates for the effects of impor-
tant potential confounding variables, such as
smoking, in the absence of such data at the indi-
vidual level.

7. Improve techniques for record linkage and
methods for disclosure protection for optimal
use of large administrative databases in air pollu-
tion and health research.

STUDY SELECTION 

HEI established an independent Low-Exposure Ep-
idemiology Studies Oversight Panel — consisting of
outside experts and HEI Research Committee mem-
bers — to prepare RFA 14-3 and review all applica-
tions submitted in response (see Contributors page).
Members of HEI’s Research Committees with any
conflict of interest were recused from all discussions
and from the decision-making process. The HEI Re-
search Committee reviewed the Panel’s recommen-
dations and recommended three studies for funding
to HEI’s Board of Directors, which approved funding
in 2015. 
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This Preface summarizes the three studies, HEI’s
oversight process, and the review process for the Phase
1 reports.

OVERVIEW OF THE HEI LOW-EXPOSURE 
EPIDEMIOLOGY STUDIES

After a rigorous selection process, HEI funded three
teams, led by Michael Brauer at The University of Brit-
ish Columbia, Canada, Francesca Dominici at the Har-
vard T.H. Chan School of Public Health, United States,
and Bert Brunekreef at the University of Utrecht, The
Netherlands, to investigate health effects of exposure
to low levels of air pollution in very large populations in
Canada, the United States, and Europe, respectively

(see Preface Table 1 and Preface Figure 2). The studies
included large population cohorts (with detailed indi-
vidual information about potential confounders for all
subjects or for subsets of cohorts), as well as large ad-
ministrative databases with greater statistical power (al-
beit with less individual information about potential
confounders). Additionally, the three teams employed
satellite data and ground-level pollutant measurements,
used high-quality exposure-assessment models at high
spatial resolutions, and set out to develop and apply
novel statistical methods.

The three studies are expected to inform the scien-
tific community and the risk assessors and policy mak-
ers regarding exposure–response functions at levels of
ambient air pollution currently prevalent in Nor th

Preface Table. HEI's Program to Assess Adverse Health Effects of Long-Term Exposure to Low Levels of 
Ambient Air Pollution

Investigator
(Institution) Study Title Phase 1 Report 

Phase 2 
(Final) 
Report 

Expected

Brauer, Michael 
(The University of 
British Columbia, 
Canada)

Mortality Air Pollution 
Associations in Low Exposure 
Environments (MAPLE) 

Brauer M, Brook JR, Christidis T, 
Chu Y, Crouse DL, Erickson A, 
et al. 2019. Mortality–Air Pollution 
Associations in Low-Exposure 
Environments (MAPLE): Phase 1. 
Research Report 203. Boston, 
MA:Health Effects Institute.

Summer 
2020

Brunekreef, Bert 
(Utrecht University, 
The Netherlands)

Mortality and Morbidity Effects 
of Long-Term Exposure to 
Low-Level PM2.5, Black Carbon, 
NO2 and O3: An Analysis of 
European Cohorts

None Fall 2020

Dominici, Francesca 
(Harvard University, 
T.H. Chan School
of Public Health, 
U.S.A.)

Assessing Adverse Health 
Effects of Long-Term Exposure 
to Low Levels of Ambient 
Pollution

Dominici F, Schwartz J, Di Q, Braun 
D, Choirat C, Zanobetti A. 2019. 
Assessing Adverse Health Effects 
of Long-Term Exposure to Low 
Levels of Ambient Air Pollution: 
Phase 1. Research Report 200. 
Boston, MA:Health Effects Institute.

Summer 
2020
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America, Western Europe, and other developed re-
gions. The full sets of analyses are expected to be com-
pleted in 2020, as discussed in the following sections. 

CANADIAN STUDY (MICHAEL BRAUER ET AL.)

Brauer and colleagues are assessing the relationship
between nonaccidental mortality and long-term expo-
sure to low concentrations of PM2.5 in four large
population-based cohorts, including a careful character-
ization of the shape of the exposure–response function.
The investigators are using Canadian census data and
have access to a nationally representative population of
approximately 9 million Canadians (ages 25–90 yr)
(Preface Figure 2). The Canadian team is developing hy-
brid models primarily using satellite data, as well as
chemical transport models, land-use variables, and rou-
tinely collected monitoring data for PM2.5. They are
also estimating ambient concentrations for nitrogen di-
oxide (NO2) and O3 for Canada and the United States
during the period 1981–2016. Additionally, they will be
validating satellite data against ground-based monitors
in Canada as part of the SPARTAN network (Snider et
al. 2015).

The exposure models are applied to estimate effects
of air pollution exposure on all-cause and cause-specific
mortality in four Canadian cohorts: 

1. About 2.5 million respondents who completed the
1991 census long form of the Canadian Census
Health & Environment Cohorts (CanCHEC), 

2. About 3 million respondents who completed the
1996 CanCHEC census long-form, 

3. About 3 million respondents who completed the
2001 CanCHEC census long-form, and 

4. About 540,000 respondents who participated in
the Canadian Community Health Survey (CCHS)
between 2001 and 2012, and reported individual-
level risk factors, including smoking. 

EUROPEAN STUDY (BERT BRUNEKREEF ET AL.)

Brunekreef and colleagues are basing their study on
the European Study of Cohorts for Air Pollution Effects
(ESCAPE), which started about a decade ago; its results
have been published widely (e.g., Beelen et al. 2014). In
the current HEI-funded study, the investigators are ana-
lyzing pooled data from 10 ESCAPE cohorts (instead of

Preface Figure 2. Geographical areas and populations covered by HEI’s research program to assess adverse health effects of long-term
exposure to low levels of ambient air pollution.
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the cohort-specific approach they used previously). In
addition, they are using data from six large administra-
tive cohorts to yield a total study population of approx-
imately 28 million Europeans (Preface Figure 2). They
are developing hybrid, Europe-wide and location-spe-
cific exposure models that utilize land-use information,
dispersion modeling, satellite data, ESCAPE monitoring
data, and routinely collected monitoring data for PM2.5,
NO2, O3, and black carbon at high spatial resolution
(residential address level; such detailed information is
very difficult to obtain in the United States). 

Brunekreef and colleagues are investigating the fol-
lowing health outcomes: all-cause and cause-specific
mortality, incidence of coronary and cerebrovascular
events, and lung cancer incidence. The incorporation of
ESCAPE cohorts with individual covariate information
as well as very large administrative cohorts (albeit with
less detailed information) will provide new insights in
the merits of both approaches. 

UNITED STATES STUDY (FRANCESCA 
DOMINICI ET AL.)

Dominici and colleagues are evaluating Medicare and
Medicaid data for a study population of approximately
61 million Americans (Preface Figure 2). They are de-
veloping high spatial resolution (1 km2-grid) hybrid ex-
posure models that incorporate satellite data, chemical
transport models, land-use and weather variables, and
routinely collected monitoring data for NO2, O3, and
PM2.5 and its components, for the continental United
States during the period 2000–2012. Exposure models
will be applied to estimate adverse health effects of air
pollution in three cohorts: 

1. Medicare enrollees (28.6 million elderly enrollees
per year, 2000–2012); 

2. Medicaid enrollees (28 million enrollees per year,
2010–2012); and 

3. Medicare Current Beneficiary Survey enrollees
(nationally representative sample of approximately
15,000 enrollees per year with rich individual-level
risk factor information, including smoking). 

Dominici and colleagues are analyzing the following
health outcomes: time to death, time to hospitalization
by cause, and disease progression (time to rehospital-
ization). They are developing and applying new causal

inference methods to estimate exposure–response
functions to adjust for confounding and exposure mea-
surement error. Additionally, they are developing tools
for reproducible research including approaches for data
sharing, record linkage, and statistical software. 

STUDY OVERSIGHT 

HEI’s independent Low-Exposure Epidemiology
Studies Oversight Panel continues to provide advice
and feedback on the study design, analytical plans, and
study progress throughout the duration of the research
program. 

Given the substantial challenges in conducting a sys-
tematic analysis to assess health effects of long-term ex-
posure to low levels of ambient air pollution, HEI has
worked actively (and continues to do so) with the study
teams to coordinate their efforts and ensure the maxi-
mum degree of comparable epidemiological results at
the end of this research effort. To this end, HEI has reg-
ularly held investigator workshops and site visits, among
other activities. In addition, the studies are subject to
HEI’s special Quality Assurance procedures, which in-
clude an audit by an independent audit team (see
www.healtheffects.org/research/quality-assurance). 

REVIEW OF PHASE 1 AND PHASE 2 (FINAL) 
REPORTS

To inform the ongoing review of the U.S. National
Ambient Air Quality Standards (NAAQS) for PM2.5
and O3 starting in 2018, HEI requested Phase 1 reports
from the investigators based on the research com-
pleted during the first two years of the Canadian and
U.S. studies. Thus, the Phase 1 reports by Drs. Brauer
and Dominici provide summaries of results to date, in-
cluding those published in journal articles.

As is common for major research programs, HEI
convened a Low-Exposure Epidemiology Studies Re-
view Panel to independently review the Phase 1 re-
ports by Drs. Brauer and Dominici. The Panel consists
of seven exper ts in epidemiology, exposure assess-
ment, and biostatistics (see Contributors page). Com-
mentaries by the Review Panel accompany the Phase 1
reports. The Panel will also review the final reports of
the three studies.
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The Phase 1 Research Reports provide an opportu-
nity to present the results from the first two years of re-
search in one place and to present the Review Panel’s
Commentaries, which review the results and evaluate
the studies’ strengths and weaknesses. The three stud-
ies commenced in spring 2016 and are expected to be
completed in summer 2020, with final reports pub-
lished during 2021. 
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This Statement, prepared by the Health Effects Institute, summarizes a research project funded by HEI and conducted by Dr. Michael Brauer
at The University of British Columbia, School of Population and Public Health, Vancouver, BC, Canada, and colleagues. Research Report 203
contains both the detailed Investigators’ Report and a Commentary on the study prepared by the Institute’s Review Committee.

 1

What This Study Adds
• This study addresses important questions 

regarding associations of air pollution 
exposure and health outcomes at ambient 
air pollution levels at or below current 
national ambient air quality standards.

• The investigators combined state-of-the-art 
satellite data, ground-level measurements, 
atmospheric modeling data, and land-use 
covariates to estimate annual exposure to 
outdoor PM2.5 (particulate matter ≤ 2.5 µm 
in aerodynamic diameter) at high spatial 
resolution (1 km2) across the United States 
and Canada from 1981–2016.

• They analyzed four large, nationally 
representative Canadian cohorts 
comprised of approximately 9 million 
respondents based on census data and a 
national health survey.

• The study reported associations between 
nonaccidental mortality and long-term 
exposure to outdoor PM2.5 concentra-
tions, including levels below the current 
annual U.S. national ambient air quality 
standard for PM2.5 of 12 µg/m3.

• The associations were robust to most 
adjustments for potential confounding by a 

number of lifestyle and behavioral factors 
and by exposure to nitrogen dioxide, al-
though effects of ozone exposures on the 
main PM2.5 results need further exploration.

• The HEI Low-Exposure Epidemiology 
Studies Review Panel noted that several 
important issues still need to be 
addressed regarding these results, 
particularly the degree to which alternative 
statistical methods affect the exposure–
response relationship, as well as possible 
explanations for the strong influence of 
ozone on the PM2.5 models. 

• The Panel concluded that Brauer and 
colleagues have conducted a thorough 
and innovative study on a large 
population-based cohort using advanced 
methods for both exposure and health 
assessment, including the derivation of 
concentration–response functions. While 
initial conclusions may be drawn from 
these analyses, the Panel awaits the 
extensive further analyses underway 
before reaching full conclusions on the air 
pollution and public health implications of 
this important effort.

Mortality–Air Pollution Associations in Low-Exposure 
Environments (MAPLE): Phase 1

INTRODUCTION

The levels of ambient air pollutants have
declined significantly over the last few decades in
North America, Europe, and in other developed
regions. Recent epidemiological studies, however,
have suggested an association between exposure to
ambient levels of air pollution — even below the
U.S. National Ambient Air Quality Standards
(NAAQS) — and adverse health effects. In view of

the importance of such research findings, in 2014
the Health Effects Institute issued a request for appli-
cations (RFA14-3), seeking to fund research to assess
the health effects of long-term exposure to low levels
of ambient air pollution and to develop statistical
methods for conducting such research. HEI funded
three studies under this program, each using state-of-
the-art exposure methods and very large cohorts, to
investigate these questions. The studies are based in
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the United States, Canada, and Europe, thus pro-
viding a comprehensive cross-section of the industri-
alized countries where ambient levels are quite low. 

The low-exposure-level studies are scheduled to
be completed in 2020. In 2018, in order to inform
the ongoing review of the NAAQS for fine particles
and ozone, HEI requested Phase 1 reports from the
U.S. and Canadian investigators. These two Phase 1
reports provided an opportunity for a specially
formed Low-Exposure Epidemiology Studies
Review Panel to review the methods and results
and to evaluate the strengths and weaknesses of the
studies. This statement focuses on the study by
Dr. Michael Brauer of The University of British
Columbia in Vancouver, Canada, titled, “Mortality–
Air Pollution Associations in Low-Exposure Envi-
ronments (MAPLE).”

APPROACH

Brauer and colleagues used a very large (~9 million
people) and nationally representative sample of the
adult Canadian population to evaluate health
effects of air pollution at low ambient concentra-
tions. Data were obtained on approximately 8.5 mil-
lion participants who responded to the long-form
census (ages 25–90) in 1991, 1996, and 2001 (Cana-
dian Census Health and Environment Cohort, or
CanCHEC); they also accessed data on ~550,000
respondents to the annual Canadian Community
Health Survey between 2001 and 2012 (CCHS),
which includes additional lifestyle and behavioral
information. To derive exposure estimates at a fine
spatial scale (1-km2 grid) during the period 1981–
2016, the research team developed hybrid exposure
models using primarily satellite measurements, as
well as GEOS-Chem atmospheric modeling data,
land-use variables, and routinely collected moni-
toring data for particulate matter ≤ 2.5 µm in aerody-
namic diameter (PM2.5) in Canada and the United
States. They also estimated exposures to nitrogen
dioxide (NO2) at a 100-m2 grid and ozone (O3) at 10-
or 21-km2 grids. 

Data sources for the exposure estimates included
the moderate resolution imaging spectroradiometer
(MODIS) instrument for the 1-km2 aerosol optical
depth (AOD) data (available since 1998), and
ground-monitoring estimates from the Interagency
Monitoring of Protected Visual Environments
(IMPROVE), Canadian National Air Pollution
Surveillance, and United States Air Quality System
Data Mart. Aerosol composition information
from IMPROVE was used to inform GEOS-Chem

parameters to improve the AOD–surface PM2.5 rela-
tionship. The investigators used the GEOS-Chem
chemical transport model to combine remote-
sensing-based AOD with simulations of the daily
AOD-to-surface-PM2.5 relationship to produce
annual PM2.5 estimates. These surface estimates
were further refined through the application of a
geographically weighted regression technique that
combines monthly mean ground measurements
with the surface PM2.5 estimates. For application in
epidemiological analysis, these resulting hybrid
estimates were then projected back (backcasted) for
the years 1981 through 1999, using GEOS-Chem
simulations and historical ground-based measure-
ments of PM2.5, PM10, and total suspended parti-
cles. Similarly, an NO2 model was developed at a
very fine spatial resolution, obtained through satel-
lite inputs (10 km2) that were downscaled to 100 m2

using land-use regression modeling. In contrast, the
exposure estimates for O3 and Ox (combined oxi-
dant capacity of NO2 and O3) have a coarser resolu-
tion (10- or 21-km2) compared with the PM2.5 model.

For the epidemiological analyses, the annual
PM2.5 exposure estimates were assigned to  respon-
dents in each of the years 1981–2016, based on resi-
dential location from geocoded postal codes, taking
into account residential mobility. Canadian urban
postal codes often correspond to one side of a city
block or to a single apartment building and fall
within a single 1-km2 raster of PM2.5 concentration,
while rural postal codes are often much larger.
Since there may be greater potential for exposure
misclassification among respondents with rural
postal codes, investigators considered models with
varying buffers for urban (1 km2) and rural (10 km2)
residences. The exposure assignment used a con-
stant temporal 3-year moving average. 

Investigators linked respondents to vital statistics
and tax records through 2016 to assess the relation-
ship of mortality with PM2.5 exposure. Next, they
fitted Cox proportional hazards models for all indi-
viduals based on the year of follow-up for all four
cohorts. All survival models were stratified at base-
line by age (5-year groups), sex, and immigrant
status (yes/no). Hazard ratios (per 10-µg/m3 PM2.5
exposure) were computed for the CCHS cohort and
for each of the three CanCHEC cohorts; the latter
were also pooled to obtain a single summary hazard
ratio using meta-analytic methods. The investiga-
tors fit two primary covariate adjustment models
(i.e., a model informed by directed acyclic graphs
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[DAGs] and a fully adjusted model). Both models
adjusted for geographically based covariates, while
the full model further adjusted for available indi-
vidual-based covariates.

The investigators also examined the shape of the
association between long-term exposure to ambient
concentrations of PM2.5 and nonaccidental mor-
tality by first fitting a restricted cubic spline (RCS)
function of exposure in the Cox model. They then
used predictions from that spline function to fit
shape-constrained health impact functions
(SCHIFs) in all four cohorts. 

Brauer and colleagues further evaluated indirect
adjustment for missing behavioral factors (i.e., smok-
ing, alcohol use, exercise, and diet) using the CCHS
cohort. They also assessed the sensitivity of PM2.5–
mortality associations in the Canadian immigrant
population and adjusted for ground-level O3, NO2, and
Ox and the choice of varying temporal (1-, 3-, and 8-
year moving average) and spatial (1-, 5-, and 10- km2)
scales.

RESULTS

Assigned mean PM2.5 estimates were highest in
the 1991 CanCHEC cohort and lowest in the more
recent 2001 CanCHEC cohort, with greater declines
of PM2.5 concentrations in locations with previ-
ously higher concentrations. These results reflect
the decreasing trend of the overall population-
weighted annual average PM2.5 concentrations over
the past 35 years across North America — from
22 µg/m3 in 1981 to 8 µg/m3 in 2016. 

Brauer and colleagues reported that the exposure
prediction model performed well, and PM2.5 esti-
mates at 1-km2 resolution were in good agreement
with ground-based monitors across Canada and the
northern United States. The historical backcasted
PM2.5 exposure estimates improved when all
ground-based measurement sites (i.e., PM2.5, PM10,
and total suspended particles) were used for adjust-
ment, compared with PM2.5-only ground monitors.
When satellite remote sensing information was
removed from the models, the performance of esti-
mate prediction decreased. 

Brauer and colleagues found that a 10-µg/m3 in-
crement in long-term average PM2.5 was associated
with a 5% increase in the risk of nonaccidental mor-
tality in the main model of pooled estimates across
the three CanCHEC cohorts (see Statement Figure).
Consistent results, though generally smaller than

the full model effect estimates, were also found in
the DAG-adjusted models. Generally, the PM2.5–
mortality risk was slightly lower in the 1991 and
1996 cohorts compared with the 2001 CanCHEC co-
hort. In their analyses of the CCHS cohort data, with
additional potential individual confounders, such
as smoking habits, obesity, exercise, alcohol con-
sumption, and diet, they reported an 11% increase
in the risk of nonaccidental mortality.

The immigrant subanalyses found larger PM2.5 –
mortality hazard ratios for nonimmigrants when
compared with immigrants in the CCHS and 1991
and 1996 CanCHEC cohorts; however, the reverse
was observed in the 2001 CanCHEC cohort, though
differences were smaller. 

Results from the CCHC cohort analysis and the
indirect adjustment suggest that behavioral covari-
ates (e.g., smoking and diet) only slightly con-
founded the PM2.5–mortality association. Based on
sensitivity analyses in the 2001 CanCHEC cohort,
the investigators concluded that missing data on
behavioral covariates were unlikely to significantly
confound the PM2.5–mortality relationship in the
Canadian population.

Overall, both the RCS and the SCHIF analyses
show a supralinear association in all four cohorts,
with a steep increase in the spline predictions
across lower concentrations (i.e., <5 µg/m3), fol-
lowed by a leveling off or a smaller increase after
~10 µg/m3. The investigators suggest that there is no
evidence of a threshold or sublinear association at
very low concentrations. They caution against over-
interpretation of the SCHIF results due to wide con-
fidence intervals, and state that these nonlinear
hazard risks should not be directly compared with
the linear estimates derived from the Cox propor-
tional hazards model. 

From their sensitivity analyses using the 2001
CanCHEC cohort, investigators also concluded that
(1) the best fitting models were those with longer
moving exposure averages (up to 8 years) and smaller
spatial scales (1 km2 vs. 10 km2), and (2) consistently
observed across all cohorts, there was a blunting or
elimination of the PM2.5 hazard ratios after adjust-
ment for the copollutants O3 and Ox. 

INTERPRETATION AND CONCLUSIONS 

In its independent review of the research, HEI’s
Low-Exposure Epidemiology Studies Review Panel
noted that Brauer and colleagues have conducted an
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impressive and innovative study on a very large
population-based cohort using advanced methods
for both exposure and health assessment, including
the derivation of concentration–response functions.
This research contributes to the growing body of
epidemiological evidence regarding associations of
air pollution and health at low ambient PM2.5 con-
centrations and advances the science considerably.
Across all cohorts, Brauer and colleagues showed
evidence of associations between PM2.5 and nonac-
cidental mortality at concentrations below current
health standards. Finally, analyses of the rich CCHS
data set suggested that adjustment for additional
covariates (i.e., smoking and diet) appeared to be
largely unnecessary after adjustment for the avail-
able covariates in the CanCHEC data. However, the
Review Panel notes that important uncertainties
still remain in this Phase 1 report that preclude
drawing firm conclusions.

The PM2.5 exposure model is an impressive
undertaking, drawing from state-of-the-art tech-
niques that allow a spatial resolution of 1 km2 over

the entire area of Canada and the United States. The
Review Panel notes that, while this high spatial res-
olution is a commendable improvement from pre-
vious research, this model — like others in the
literature — inherently cannot fully capture very
fine-scale PM2.5 spatial gradients near sources such
as roadways and local point emission sources, pro-
ducing some degree of exposure measurement error. 

The predicted PM2.5 exposure estimates were
improved by the inclusion of satellite remote
sensing information — which became available in
1998 — and, as expected, the more recent estimates
are more stable and accurate. The Review Panel
notes that the performance of the predictions over
time and associated error are important consider-
ations in the CanCHEC pooled results from this
study, as well as in potential application of this
methodology in other studies. Another potential
source of error could be that the exposure models
seem to be highly reliant on data from the United
States, where pollution levels and ground monitor
density are generally higher than in Canada. 

Statement Figure. Association between PM2.5 and nonaccidental mortality in the 1991, 1996, 2001, and pooled CanCHEC cohorts and
the CCHS cohort. Shown here are estimated hazard ratios and 95% confidence intervals from the main (full) models.
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The health analyses were conducted in large
nationally representative samples of the adult Cana-
dian population, using rich data sets with indi-
vidual-level and geographical covariates. Complete
annual residential history data for all cohort mem-
bers based on unique permission for linkage to
postal codes in tax records allowed for detailed spa-
tial characterization and time-varying exposures, a
particularly useful feature of this study. The Review
Panel commends the investigators on their thor-
ough investigation into the sensitivity of their find-
ings to various methodological choices. These
sensitivity analyses demonstrated that the results
from the DAG-informed and full models are not
substantially different, which increases the confi-
dence in the study’s findings.

The evaluation of the concentration–response
curve at low exposures was another strength of this
study. At this time, the Review Panel finds it diffi-
cult to assess the degree to which the SCHIF
approach — which has not yet been applied exten-
sively for this kind of analysis — produces results
(including uncertainty estimates) that are consistent
with what would be obtained by fitting the non-
linear association directly in the Cox model. They
appreciated that other more traditional methods to
characterize the concentration–response function
were explored, such as restricted cubic splines.

Although the main focus of the current study was
on PM2.5, the investigators used exposure models
developed earlier for NO2, O3, and Ox to investigate
the extent to which those pollutants might influ-
ence the PM2.5–mortality association. While the
estimated hazard ratios showed general consistency
of a positive relationship between long-term expo-
sure to low-level PM2.5 and nonaccidental mortality
across models, a distinct exception was the

sensitivity and blunting of the findings to the inclu-
sion of O3 or Ox as covariates in multipollutant
PM2.5 models. However, the differing spatial scale of
the three-pollutant exposure prediction models (i.e.,
PM2.5 at 1 km2, NO2 at 100 m2, and O3 at 10 or
21 km2) hinders drawing conclusions on how these
pollutants correlate over space. While the PM2.5
models are sensitive to the inclusion of O3 and Ox,
conclusions cannot be drawn at this point about
whether the attenuated hazard ratios result from
some or all of the following: (1) the confounding
effect of O3; (2) the impacts of O3 measurement error
and the different spatial scales of the pollutant predic-
tions; (3) poorly captured interactions between oxi-
dant pollution and PM2.5; and/or (4) the confounding
role of O3 as a measure of urban pollution, more gener-
ally, or as a measure of PM2.5 characteristics.

It is not clear to the Panel whether the stronger
associations in nonimmigrants could be due to
exposure misclassification during key time periods,
a healthy immigrant effect (given Canadian policies
on health status when admitting immigrants into
the country), or other reasons. 

In summary, Brauer and his colleagues have per-
formed a thorough and state-of-the-art study, and
their initial results find that PM2.5 exposure at low
ambient concentrations — below the U.S. NAAQS
— is associated with nonaccidental mortality. How-
ever, this Phase 1 report presents work that is still in
progress; the investigators’ Final Phase 2 report is
expected to shed light on the robustness of the asso-
ciation and the concentration–response curve. In
the absence of the forthcoming analyses, these ini-
tial conclusions on associations and concentration–
response relationships should be treated with
appropriate caution.
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ABSTRACT

Introduction Fine particulate matter (particulate matter
≤2.5 µm in aerodynamic diameter, or PM2.5*) is associated
with mortality, but the lower range of relevant concentra-
tions is unknown. Novel satellite-derived estimates of out-
door PM2.5 concentrations were applied to several large
population-based cohorts, and the shape of the relation-
ship with nonaccidental mortality was characterized, with
emphasis on the low concentrations (<12 µg/m3) observed
throughout Canada.

Methods Annual satellite-derived estimates of outdoor
PM2.5 concentrations were developed at 1-km2 spatial reso-
lution across Canada for 2000–2016 and backcasted to 1981
using remote sensing, chemical transport models, and

ground monitoring data. Targeted ground-based measure-
ments were conducted to measure the relationship between
columnar aerosol optical depth (AOD) and ground-level
PM2.5. Both existing and targeted ground-based measure-
ments were analyzed to develop improved exposure data
sets for subsequent epidemiological analyses.

Residential histories derived from annual tax records
were used to estimate PM2.5 exposures for subjects whose
ages ranged from 25 to 90 years. About 8.5 million were
from three Canadian Census Health and Environment
Cohort (CanCHEC) analytic files and another 540,900 were
Canadian Community Health Survey (CCHS) participants.
Mortality was linked through the year 2016. Hazard ratios
(HR) were estimated with Cox Proportional Hazard models
using a 3-year moving average exposure with a 1-year lag,
with the year of follow-up as the time axis. All models
were stratified by 5-year age groups, sex, and immigrant
status. Covariates were based on directed acyclical graphs
(DAG), and included contextual variables (airshed, com-
munity size, neighborhood dependence, neighborhood
deprivation, ethnic concentration, neighborhood insta-
bility, and urban form). A second model was examined
including the DAG-based covariates as well as all subject-
level risk factors (income, education, marital status, indig-
enous identity, employment status, occupational class,
and visible minority status) available in each cohort. Addi-
tional subject-level behavioral covariates (fruit and vege-
table consumption, leisure exercise frequency, alcohol
consumption, smoking, and body mass index [BMI]) were
included in the CCHS analysis.

This Investigators’ Report is one part of Health Effects Institute Research
Report 203, which also includes a Commentary by the Low-Exposure Epide-
mology Studies Review Panel and an HEI Statement about the research proj-
ect. Correspondence concerning the Investigators’ Report may be addressed to
Dr. Michael Brauer, University of British Columbia, School of Population and
Public Health, 366A – 2206 East Mall, Vancouver, BC V6T1Z3, Canada;
e-mail: michael.brauer@ubc.ca.

Although this document was produced with partial funding by the United
States Environmental Protection Agency under Assistance Award CR–
83467701 to the Health Effects Institute, it has not been subjected to the
Agency’s peer and administrative review and therefore may not necessarily
reflect the views of the Agency, and no official endorsement by it should be
inferred. The contents of this document also have not been reviewed by pri-
vate party institutions, including those that support the Health Effects Insti-
tute; therefore, it may not reflect the views or policies of these parties, and
no endorsement by them should be inferred.

* A list of abbreviations and other terms appears at the end of this volume.
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Sensitivity analyses evaluated adjustment for covariates
and gaseous copollutants (nitrogen dioxide [NO2] and
ozone [O3]), as well as exposure time windows and spatial
scales. Estimates were evaluated across strata of age, sex,
and immigrant status. The shape of the PM2.5–mortality
association was examined by first fitting restricted cubic
splines (RCS) with a large number of knots and then fitting
the shape-constrained health impact function (SCHIF) to
the RCS predictions and their standard errors (SE). This
method provides graphical results indicating the RCS pre-
dictions, as a nonparametric means of characterizing the
concentration–response relationship in detail and the
resulting mean SCHIF and accompanying uncertainty as a
parametric summary.

Sensitivity analyses were conducted in the CCHS cohort
to evaluate the potential influence of unmeasured covari-
ates on air pollution risk estimates. Specifically, survival
models with all available risk factors were fit and compared
with models that omitted covariates not available in the
CanCHEC cohorts. In addition, the PM2.5 risk estimate in
the CanCHEC cohort was indirectly adjusted for multiple
individual-level risk factors by estimating the association
between PM2.5 and these covariates within the CCHS.

Results Satellite-derived PM2.5 estimates were low and
highly correlated with ground monitors. HR estimates (per
10-µg/m3 increase in PM2.5) were similar for the 1991
(1.041, 95% confidence interval [CI]: 1.016–1.066) and 1996
(1.041, 1.024–1.059) CanCHEC cohorts with a larger esti-
mate observed for the 2001 cohort (1.084, 1.060–1.108). The
pooled cohort HR estimate was 1.053 (1.041–1.065). In the
CCHS an analogous model indicated a HR of 1.13 (95% CI:
1.06–1.21), which was reduced slightly with the addition of
behavioral covariates (1.11, 1.04–1.18). In each of the Can-
CHEC cohorts, the RCS increased rapidly over lower con-
centrations, slightly declining between the 25th and 75th
percentiles and then increasing beyond the 75th percentile.
The steepness of the increase in the RCS over lower concen-
trations diminished as the cohort start date increased. The
SCHIFs displayed a supralinear association in each of the
three CanCHEC cohorts and in the CCHS cohort.

In sensitivity analyses conducted with the 2001 Can-
CHEC, longer moving averages (1, 3, and 8 years) and
smaller spatial scales (1 km2 vs. 10 km2) of exposure assign-
ment resulted in larger associations between PM2.5 and
mortality. In both the CCHS and CanCHEC analyses, the
relationship between nonaccidental mortality and PM2.5
was attenuated when O3 or a weighted measure of oxidant
gases was included in models. In the CCHS analysis, but
not in CanCHEC, PM2.5 HRs were also attenuated by the
inclusion of NO2. Application of the indirect adjustment

and comparisons within the CCHS analysis suggests that
missing data on behavioral risk factors for mortality had
little impact on the magnitude of PM2.5–mortality associa-
tions. While immigrants displayed improved overall sur-
vival compared with those born in Canada, their
sensitivity to PM2.5 was similar to or larger than that for
nonimmigrants, with differences between immigrants and
nonimmigrants decreasing in the more recent cohorts.

Conclusions In several large population-based cohorts
exposed to low levels of air pollution, consistent associa-
tions were observed between PM2.5 and nonaccidental
mortality for concentrations as low as 5 µg/m3. This rela-
tionship was supralinear with no apparent threshold or
sublinear association.

INTRODUCTION

Exposure to PM2.5 is generally accepted as a causal risk
factor for mortality and was estimated to be responsible for
2.9 million deaths and 83 million disability-adjusted life
years in 2017 (Global Burden of Disease 2018). Several
large epidemiological cohort studies have linked long-
term exposure to PM2.5 with an increased risk for nonacci-
dental mortality and chronic diseases such as lung cancer,
heart disease, and stroke (Beelen et al. 2014; Burnett et al.
2018; Crouse et al. 2015; Pope et al. 2002; Pun et al. 2017).
In the United States, for example, the American Cancer
Society cohort study estimated increased relative risks
(RR) of nonaccidental mortality (RR = 1.06, 95% CI: 1.02–
1.11 per 10-µg/m3 increase), as well as cardiopulmonary
and lung cancer mortality associated with exposures to
PM2.5 (Pope et al. 2002). More recently, in an analysis of 60
million Medicare beneficiaries with 12 years of follow-up,
nonaccidental mortality was associated with long-term
average PM2.5 concentrations (HR = 1.073, 95% CI: 1.071–
1.075 per 10-µg/m3 increase), with associations remaining
even when restricted to person-years with exposure less
than 12 µg/m3 (Di et al. 2017). In an analysis of 22 Euro-
pean cohorts (European Study of Cohorts for Air Pollution
Effects), pooled HR for nonaccidental mortality was 1.07
(95% CI: 1.02–1.13) per increase of 5 µg/m3 (Beelen et al.
2014). In a study in China of nearly 200,000 men over the
age of 40 with 15 years of follow-up, a 10-µg/m3 increase in
annual average PM2.5 was associated with a 9% increase in
nonaccidental mortality (95% CI: 1.08–1.09) (Yin et al.
2017), while a study of 13,000 men and women over age 65
in China with 6 years of follow-up estimated a similar
magnitude HR for nonaccidental mortality of 1.08 (95% CI:
1.06–1.09 per 10-µg/m3 increase in PM2.5) (Li et al. 2018).
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Positive associations between outdoor PM2.5 mass con-
centrations and mortality have also been repeatedly dem-
onstrated in populations living in areas with low PM2.5
levels. For instance, previous studies indicated that expo-
sure to PM2.5 was associated with an increased risk of non-
accidental and cardiovascular mortality among Canadians,
despite their living in areas where PM2.5 mass concentra-
tions were typically below 12 µg/m3 (Crouse et al. 2012,
2015; Nasari et al. 2016; Pinault et al. 2016b, 2017;
Weichenthal et al. 2017). Crouse and colleagues (2012)
used the 1991 CanCHEC to conduct the first nationwide
cohort analysis and identified a nonaccidental mortality
HR of 1.15 (95% CI: 1.13–1.16) per 10-µg/m3 change in
PM2.5 among nonimmigrant adults. Concentration–
response relationships in areas with low PM2.5 concentra-
tions are of particular interest as many global regions are
approaching these lower levels of exposure (Apte et al.
2015). Canada provides an ideal setting to study these rela-
tionships given the availability of large, national cohorts
with sufficient sample sizes and detailed exposure infor-
mation, and that nearly all Canadians live in areas with
relatively low PM2.5 concentrations.

STUDY RATIONALE

Crouse and colleagues (2012) examined the concentra-
tion–response relationship between PM2.5 and mortality
using the 1991 CanCHEC v1, which followed 2.1 million
census respondents over a 10-year period. The Crouse
study demonstrated an important impact of low PM2.5
concentrations on mortality but was subject to several lim-
itations. First, the PM2.5 estimates were available only at a
coarse spatial resolution (10 km × 10 km), possibly con-
tributing to exposure misclassification. Second, exposure
estimates were assigned only to census enumeration area
centroids at baseline, therefore not accounting for residen-
tial mobility during follow-up. Third, exposure estimates
were based on a 2001–2006 average, and changes in con-
centrations over time were not considered. Fourth, behav-
ioral covariates such as smoking were not included in the
analyses.

Subsequent studies have addressed several of these lim-
itations. For instance, a follow-up study of the same cohort
added five additional years of follow-up and used a time-
varying 7-year moving average of PM2.5 exposures
assigned to residential postal codes (which are more pre-
cise than enumeration area centroids) to account for
annual residential mobility (Crouse et al. 2015). Another
study accounted for behavioral covariates such as smoking
by using data from the pooled CCHS mortality cohort
(mCCHS) in the analysis (Pinault et al. 2016b).

The aim of this ongoing project, Mortality–Air Pollution
associations in Low-Exposure environments (MAPLE), is
to provide updated analyses using larger and more recent
cohorts than the 1991 CanCHEC. This project includes the
1991, 1996, and 2001 CanCHEC cohorts and the cohort of
CCHS respondents from 2001–2012, with follow-up to
2016 for all cohorts. We deterministically linked partici-
pants to mortality records using individual identifiers
(social insurance number), whereas prior analyses used
probabilistic linkage. In the current report we address
many of the remaining limitations of the previous studies
including:

1. Refining spatial resolution: MAPLE assigned expo-
sures based on a fine-scale PM2.5 model of ~1 km × 1 km
resolution that incorporated both remote-sensing-
based estimates and ground-level observations
(Pinault et al. 2017).

2. Residential mobility at follow-up: MAPLE used a
complete annual residential history generated for all
cohort members based on a linkage to postal codes in
tax records (as in Crouse et al. 2015). Missing postal
codes in residential histories were imputed with a
probabilistic algorithm (Finès et al. 2017).

3. Year-adjusted exposure estimates: As in Crouse and
colleagues (2015), MAPLE used time-varying expo-
sures based on year-adjusted estimates from 1981
onward. In the case of MAPLE, a new and more
sophisticated backcasting approach was used in esti-
mating historical exposures.

4. Behavioral covariates: Parallel analyses were con-
ducted in a new, larger mCCHS cohort, and indirect
adjustment for missing behavioral risk factors was
evaluated for application to the CanCHEC cohorts.

5. Immigrants: Most prior analyses excluded all immi-
grants outright or limited their inclusion based on
their time in Canada (e.g., minimum 20 years). In
MAPLE we included all immigrant respondents who
have been in Canada for at least 10 years prior to the
cohort index year.

STUDY OBJECTIVES

The primary aim of MAPLE is to provide a detailed
characterization of the relationship between mortality and
exposure to low concentrations of PM2.5 in Canada. This
work addresses many of the limitations listed above and
extends previous work in a number of important ways. In
this report, we focus specifically on nonaccidental mor-
tality for the main analyses, although specific causes of
death have been included in exposure sensitivity and
immigrant subanalyses to provide a more in-depth under-
standing of different exposure metrics and the impacts of
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including different immigrant groups. Detailed analyses of
cause-specific mortality will be included in the final
report, along with analyses where we restrict exposures
below selected concentrations (i.e., 12, 10, 8, and 6 µg/m3).

Exposure Assignment

We applied satellite-based PM2.5 exposure estimates at a
1 km × 1 km spatial resolution across North America for
each year from 1981–2016. These annual estimates were
based on a combination of remote-sensing-based AOD, a
chemical transport model (GEOS-Chem), land-use infor-
mation, and ground monitoring data.

Specifically, we:

1. Developed and applied annual average satellite-based
estimates of PM2.5 across North America at 1 km  1
km spatial resolution;

2. Evaluated PM2.5 estimates using insight gained from
comparisons of colocated measurements of PM2.5 and
AOD with GEOS-Chem simulations of that relationship;

3. Employed a combination of geophysical and statis-
tical methods, together with land-use information, to
further refine the above PM2.5 estimates;

4. Created annual estimates of PM2.5 based on a combi-
nation of remote sensing, GEOS-Chem, land-use
information, and ground data for 1981–2016;

5. Made the above refined PM2.5 estimates available to
other HEI-funded studies that cover Canada and the
United States for incorporation into their analyses;

6. Used available PM2.5 and total suspended PM (TSP)
monitoring data in Canada from 1981–1999, to scale
the 1 km2 2004–2008 surface back in time annually
over the 1981 to 1999 period, maintaining the
1 km × 1 km grid detail over the 1981–2016 period.

Epidemiological Analysis

We examined the shape of the association between long-
term exposure to ambient concentrations of PM2.5 and
nonaccidental mortality in four large, population-based
Canadian cohorts.

Specifically, we:

1. Linked the following four cohorts to mortality, vital
statistics, and tax records up to December 31, 2016:

• 1991 CanCHEC — data from 2.5 million partici-
pants (after exclusions) who completed the 1991 
long-form census (before exclusions);

• 1996 CanCHEC — data from 3 million participants 
(after exclusions) who completed the 1996 long-
form census (before exclusions);

• 2001 CanCHEC — data from 3 million participants 
(after exclusions) who completed the 2001 long-
form census (before exclusions);

• CCHS — data from 540,900 participants who com-
pleted the 2001, 2003, 2005, 2007, 2008, 2009, 
2010, 2011, or 2012 survey panels.

2. Examined the shape of the association between long-
term exposure to ambient concentrations of PM2.5 and
nonaccidental mortality using RCS and SCHIF in all
four cohorts.

3. Conducted subanalyses in the 2001 CanCHEC cohort
that:

• Evaluated the indirect adjustment for missing behav-
ioral risk factors such as smoking habits and diet;

• Evaluated the impact of adjustment for ground level 
O3, NO2, or their combined oxidant capacity (Ox);

• Evaluated the sensitivity of PM2.5–mortality associ-
ations to the choice of exposure time window (1, 3, 
or 8 years);

• Evaluated the sensitivity of PM2.5–mortality associ-
ations to the choice of spatial scale used for expo-
sure assessment (1, 5, or 10 km2).

4. Examined risk estimates across strata of age, sex, and
immigrant status.

METHODS

EXPOSURE ASSESSMENT

Overview

Figure 1 provides an overview of the development of sat-
ellite-derived PM2.5 for MAPLE. Daily satellite retrievals of
AOD at 1 km × 1 km resolution were combined with simula-
tions of the daily AOD to PM2.5 relationship using GEOS-
Chem (chemical transport model) at a 0.5° × 0.67° resolu-
tion to produce geophysical PM2.5 estimates following the
methods described in van Donkelaar and colleagues
(2015). The GEOS-Chem simulation accounts for the rela-
tionship between available daily satellite observations and
monthly mean concentrations. Geographically weighted
regression (GWR) is applied to statistically fuse monthly
mean measurements from PM2.5 monitors with the geo-
physical PM2.5 estimates to produce refined hybrid PM2.5
estimates. These hybrid estimates are backcasted using
GEOS-Chem simulations and PM2.5, PM10, and TSP mea-
surements to produce estimates for the period 1981–1999
as described below and in more detail by Meng and col-
leagues (2019). Targeted colocated measurements of PM2.5
and AOD were conducted at five measurement sites in
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Canada and applied to evaluate the simulation of AOD-to-
PM2.5 as discussed in the next section. 

Collection of Measurements

We expanded the Surface PARTiculate mAtter Network
(SPARTAN) (Snider et al. 2015) to routinely collect colo-
cated measurements of PM2.5, aerosol scatter, and AOD at
five sites across Canada. This collection allows us to eval-
uate and potentially improve simulations of the PM2.5 to
AOD ratio in regions of low PM2.5 mass concentrations.

Measurements include an impaction filter sampler for
analysis of mass and composition, as well as a nephelometer
that provides high temporal resolution to relate observations
during cloud-free conditions at satellite overpass time to 24-
hour averages. The combination of scatter and mass mea-
surements allows for an assessment of the relationship

between satellite measurements of backscattered sunlight
and the PM2.5 mass concentrations of relevance for health.
These measurements are compared with GEOS-Chem sim-
ulations of the AOD to PM2.5 relationship to better under-
stand the geophysical processes affecting the relationship,
and in turn to improve the ability of chemical transport
models to predict this quantity. For example, while sam-
pling sites were established and collection and chemical
analysis of collected filters was ongoing, we utilized data
from the Interagency Monitoring of PRotected Visual Envi-
ronments (IMPROVE) network to evaluate the representa-
tion of aerosol mass scattering efficiency in the GEOS-
Chem model (IMPROVE 2019). Mass scattering efficiency
is fundamental to the measurement of AOD and influences
the accuracy of PM2.5 estimates as GEOS-Chem simulates
the columnar AOD to surface PM2.5 relationship. We eval-
uated the representation of mass scattering efficiency in

Figure 1. Schematic of the exposure development process for PM2.5.
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GEOS-Chem using colocated measurements of aerosol
scatter and mass from IMPROVE network sites between
2000 and 2015.

Creating Refined PM2.5 Exposure Estimates

We developed satellite-based PM2.5 exposure estimates
at a 1 km × 1 km spatial resolution for each year from
1981–2016 across Canada. This represents a 100-fold
higher resolution than the 10 km × 10 km resolution used
previously. These estimates were based on a combination
of remote-sensing-based AOD, translation of AOD to sur-
face PM2.5 concentrations using GEOS-Chem, and the inte-
gration of these concentrations with land use and ground
monitoring data. The 1-km2 AOD data source for this esti-
mate was from the MODIS (Moderate Resolution Imaging
Spectroradiometer) instrument and was based on an
optimal estimation extended to a 1-km2 resolution (van
Donkelaar et al. 2015). We developed a spatiotemporally
varying factor η that describes the AOD to PM2.5 ratio
within the GEOS-Chem model. GEOS-Chem solves for the
temporal and spatial evolution of aerosol (sulfate, nitrate,
ammonium, carbonaceous, mineral dust, and sea salt) and
gaseous compounds using meteorological data sets, emis-
sion inventories, and equations that represent the physics
and chemistry of atmospheric constituents (GEOS-Chem
2019). We used the recently available improved spatial res-
olution of GEOS-Forward Processing meteorological data
to increase the spatial resolution of η by a factor of 20 to
0.5° × 0.67°. The combination of improved resolution in η
and in AOD results in PM2.5 estimates for North America
at a 1 km × 1 km resolution.

These estimates are available for incorporation into
other HEI-supported studies in North America and have
been made publicly available (data set version VA.NA.01;
Dalhousie University Atmospheric Composition Analysis
Group) (Meng et al. 2019; van Donkelaar et al. 2015). As
measurement collection and analysis of particle composi-
tion is currently ongoing, we will continue to make further
refinements with new information on the relationship
between PM2.5 and AOD provided by the colocated
ground measurement data for inclusion in the final report.
With additional effort, this approach could also be
extended to other regions of the world to support HEI-
funded studies elsewhere.

Backcasting

We used available historical ground measurements of
PM2.5 (beginning in 1984), PM10, and TSP (beginning in
1975) to extend the remote-sensing-based estimates back-
wards in time for an application to epidemiological anal-
ysis (Figure 2). Canadian PM data were obtained from the

National Air Pollution Surveillance (Environment Canada
2013). Daily PM data for the United States were obtained
from the United States Air Quality System Data Mart for
PM2.5 and PM10 (U.S. Environmental Protection Agency
2018). Using these historical measurements, we devel-
oped a consistent PM2.5 data set to calibrate the satellite-
based estimates and GEOS-Chem simulations historically
to estimate annual average concentrations for each year
between 1981 and 1999 (Hystad et al. 2011; Meng et al.
2019). Due to the small number of PM2.5 measurements
available, and the lack of any measurements made prior to
1984, a random effects model was used to estimate PM2.5
based on TSP measurements and metropolitan indicator
variables. We applied a GWR model for years 1989–2016
using available PM2.5 observations and PM2.5 concentra-
tions inferred from PM10 observations (Meng et al. 2019).
Predictors for this model included urban land cover, sub-
grid elevation difference, and GEOS-Chem simulated
aerosol composition. As reliable emission inventories
were not available for GEOS-Chem simulations for 1981–
1988, we used information on interannual variation from
ground-based measurements to backcast gridded PM2.5
concentrations. For ground-based measurements, we
included TSP, PM10, and PM2.5. Since fewer than 200
PM10 sites existed before 1986, with even fewer PM2.5
sites, we used ground-based PM2.5 concentrations
inferred from TSP measurements for this period. The ratio
between annual mean PM2.5 of the year of interest and the
3-year mean PM2.5 of the following 3 years over each
ground-based monitoring site was calculated for each
year. We required 75% completeness coverage to ensure
representativeness of the annual mean over each site. We
used the ratios from TSP sites as the basis, which were
first overwritten by the ratios from PM10 sites, and then by
the ratios from PM2.5 sites. This ratio field from ground-
based measurements was then interpolated to other grids
using inverse-distance-weighted interpolation. Finally,
we applied this ratio field to the 3-year mean PM2.5 (of the
following 3 years’ estimates) to estimate PM2.5 for the spe-
cific year of interest.

Assigning Exposure Estimates to Cohorts

We applied the North American PM2.5 estimates with
ground-monitor-based adjustment (data set version
VA.NA.01; Dalhousie University Atmospheric Composi-
tion Analysis Group) (Meng et al. 2019; van Donkelaar et
al. 2015) to the epidemiological analyses. Based on resi-
dential location from postal codes, all respondents in each
cohort were assigned an exposure estimate, for each year
from 1981 through 2016, from the closest 1 km × 1 km grid
cell of PM2.5 derived above. Postal codes were geocoded
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using the Statistics Canada Postal Code Conversion File
Plus (PCCF+) containing the June 2017 postal code release
with additional postal codes from the May 2011 and
August 2015 releases (Statistics Canada 2017a). The
PCCF+ contains representative coordinates for current and
retired postal codes based on the centroid of a block face,
dissemination block, or dissemination area. Missing postal
codes were imputed based on those reported in adjacent
years, using a method where the probability of imputation
varies depending on the number of adjacent years missing
(Finès et al. 2017). We departed from imputation methods
that were implemented in previous publications (e.g.,
Crouse et al. 2015; Pinault et al. 2017). Postal codes avail-
able prior to and after the missing code were required have
least two digits in common. Exposure was then assigned
based on a population-weighted average of the geographic
area covered by these two digits. Previously, in cases

where this criterion was not met, we had assigned expo-
sure based on the national population-weighted average
for that year.

EPIDEMIOLOGICAL ANALYSIS

The Research Ethics Board of The University of British
Columbia determined this study in humans was exempt
from ethical review.

Cohort Creation

MAPLE incorporates four longitudinal cohorts:

1. 1991 CanCHEC — 2.5 million subjects (after exclusions)
over the age of 25 years who completed the 1991 long-
form census linked to vital statistics, tax records, and
cause-of-death from census day (June 4, 1991) to

Figure 2. Overview of the PM2.5 backcasting estimation methodology. (Reprinted from Meng et al. 2019 [doi:10.1021/acs.est.8b06875] with permission
from American Chemical Society (ACS). Further permission related to this article should be directed to ACS.)
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December 31, 2016, using the methodology previously
described in Wilkins and colleagues (2008) and in Peters
and colleagues (2013). The long-form census includes
content related to family status, education, income,
ethnicity, occupation, and employment status.

2. 1996 CanCHEC — 3 million subjects (after exclusions)
over the age of 25 years who completed the 1996 long-
form census linked to vital statistics, tax records, and
cause-of-death from census day (May 14, 1996) to
December 31, 2016 (Christidis et al. 2018).

3. 2001 CanCHEC — 3 million subjects (after exclusions)
over the age of 25 years who completed the 2001 long-
form census linked to vital statistics, tax records, and
cause-of-death from census day (May 15, 2001) to
December 31, 2016 (Pinault et al. 2017).

4. CCHS — 540,900 subjects over the age of 25 years
who completed one of the survey panels (2001, 2003,
2005, 2007, 2008, 2009, 2010, 2011, or 2012), which
are linked to vital statistics, tax records, and cause-of-
death from the day of survey completion to December
31, 2016. The CCHS is an annual nationally represen-
tative interview survey (Statistics Canada 2005). In
addition to basic sociodemographic content, the
CCHS also includes individual-level information on
self-reported health status, such as BMI, and health
behaviors, including diet, physical activity, smoking,
and alcohol consumption.

Noninstitutionalized respondents that lived in Canada
were considered in scope for linkage (Pinault et al. 2016a).
To create the cohorts, respondents who agreed to record
linkage and data sharing were linked to death records and
residential history through the Statistics Canada Social
Data Linkage Environment (Statistics Canada 2017b),
which creates linked population data files for social anal-
ysis. Linkage was approved by Statistics Canada and is
governed by the Directive on Microdata Linkage. The pro-
cess starts with linkage to the Derived Record Depository, a
highly secure linkage environment comprised of a national
dynamic relational database of basic personal identifiers.
Survey and administrative data are linked to the Derived
Record Depository using G-Link, an SAS-based general-
ized record linkage software that supports deterministic
and probabilistic linkage techniques developed at Statistics
Canada (Fellegi and Sunter 1969). A list of linked unique
individuals is created through linkages that are determin-
istic (matching records based on unique identifiers) and
probabilistic (matching records based on non-unique identi-
fiers such as names, sex, date of birth, and postal code and
estimating the likelihood that records are referring to the
same entity). Through this linkage, we obtained each
respondent’s annual mailing address postal code (to

account for residential mobility in analysis) and social
insurance number on their tax form. Respondents with no
postal code history were excluded from the analysis.

Postal code history was not available for each person in
every year of follow-up, either because they did not file a
tax return or because there were gaps in administrative
data. For any gaps in postal code information in a given
year, if the person in question had the same postal code
postal code the year before and the year after, they were
assigned that postal code for the missing year. After this
imputation across all CanCHEC cohorts, 87.8% of person-
years had an available postal code. We imputed an addi-
tional 2.1% of person-years of missing postal codes if that
shared the first two characters (Finès et al. 2017; Pinault et
al. 2017), totaling 89.9% of person-years with a postal
code. Person-years were then excluded if they did not have
an assigned postal code. Further exclusions of person-
years occurred for the following reasons: immigrated to
Canada less than 10 years before survey date (9,364,400
person-years); age during follow-up period exceeded
89 years (7,357,200); could not be linked to air pollution
values (17,814,400); could not be linked to Canadian Mar-
ginalization Index (Can-MARG) values (25,973,900); could
not be linked to census metropolitan area (CMA)/census
agglomeration (CA) size (25,613,100); could not be linked
to airshed (25,545,500); the 3-year moving average was
informed by only one year of exposure (20,056,400); the
person-year was after the year of the subject’s death
(17,936,100). The above exclusion numbers may overlap.
The total available person-years for analyses were
150,996,500 after all exclusions (Additional Materials 1,
Figure C1; available on the HEI website).

For the CCHS cohort, response rates varied by cycle
(2000/2001 [Cycle 1.1], 84.7%; 2003 [Cycle 2.1], 80.7%;
2005 [Cycle 3.1], 78.9%; 2007/2008, 76.4%; 2009/2010,
72.3%; 2011/2012, 68.4%), as did the numbers of respon-
dents who agreed to data linkage (2000/2001 [Cycle 1.1],
n = 117,800 respondents; 2003 [Cycle 2.1], n = 112,900
respondents; 2005 [Cycle 3.1], n = 113,900 respondents;
2007/2008, n = 112,700 respondents; 2009/2010, n =
104,700 respondents; 2011/2012, n = 104,100 respon-
dents). Of those who agreed to linkage, 95.2% were suc-
cessfully linked to the Social Data Linkage Environment,
with 99.8% of relevant deaths linked. There were 540,900
respondents in the cohort who all had up to 36 years of res-
idential history occurring both before and after survey date,
which was transposed to a file of 19,472,400 person-years
(540,900  36). Of these, a number of person-years were
excluded for various reasons (note that totals will exceed
number of deleted person-years, given that more than one
exclusion criteria may apply to a single person-year), as
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follows: immigrated to Canada less than 10 years before
survey date (n = 541,600 person-years); age during follow-
up period exceeded 89 years (n = 161,000); had no postal
code (n = 5,009,900); could not be linked to air pollution
values (n = 5,711,600); could not be linked to Can-MARG
values (n = 7,668,000); could not be linked to CMA/CA
size (n = 4,800,600); could not be linked to airshed (n =
3,500); the 3-year moving average was informed by only
one year of exposure (n = 4,321,500); the person-year after
subject death (n = 343,600), the person-year before the
survey interview date (n = 13,570,300). The total available
person-years for analyses was 4,452,700 after all exclu-
sions (Additional Materials 1, Figure C2).

Description of Covariates

We employed a defined strategy for covariate inclusion
and focused our core analyses on two primary models. All
models were stratified by age (5-year age group), sex, and
immigrant status. The first model was based on a DAG out-
lining the conceptual relationship between outdoor PM2.5
concentrations and mortality (Figure 3). This model
included covariates that could conceivably be causes of
both outdoor PM2.5 concentrations and mortality; as a
result, the DAG-based model included ecological variables
(airshed, community size, neighborhood dependence,
neighborhood deprivation, ethnic concentration, neigh-
borhood instability, and urban form) as individual-level
factors and not a priori causes of outdoor PM2.5 concentra-
tions (e.g., increasing individual-level education is not a
cause of residential outdoor PM2.5 concentration). How-
ever, given the observational nature of our study, there
could be an imbalance of subject-level mortality risk fac-
tors across the distribution of outdoor PM2.5 concentra-
tions by chance, and this could bias PM2.5–mortality
associations. To address this possibility, a second model
was examined including all of the DAG-based covariates
as well as all of the subject-level risk factors available in
each cohort. These parameters are described below. As the
CCHS included additional subject-level behavioral covari-
ates, we included several additional intermediate models
to allow for comparisons with CanCHEC and to help
inform the sensitivity to inclusion of behavioral risk fac-
tors not present in CanCHEC.

Subject-Level Risk Factors Avai lab le  sub ject  l eve l
covariates included income, education, marital status,
indigenous identity, employment status, occupational
class, visible minority status, and years since immigrating
to Canada. Income quintiles were derived by summing
total pre-tax income from all sources for all economic
family members or unattached individuals for the year

prior to the census and then calculating the ratio of this
total income to the Statistics Canada low income cut-off
for the applicable family size, community size group, and
year. Weighted quintiles were derived based on this ratio
for each CMA, CA area, or provincial residual for each
cohort (Statistics Canada 2016). Employment status was
defined as employed, unemployed, or not in the labor
force (i.e., persons who left on disability, had retired, or
had never worked) in the week prior to the census day
(Statistics Canada 2003). Visible minority status was
defined in the Employment Equity Act as “persons, other
than Aboriginal persons, who were not white in race or
color” (Statistics Canada 2003). Years-since-immigration
was categorized as nonimmigrants (0 years, reference cate-
gory), 11 to 20 years, 21 to 30 years, and >30 years).
Respondents who immigrated to Canada 10 or fewer years
prior to the index census year were excluded from the
analysis, as they had spent most of their lives outside of
Canada with unknown exposure. For example, for the
1991 cohort the minimum immigration year was 1980, for
the 2001 cohort the minimum immigration year was 1990.
Additionally, in the CCHS analyses covariates describing
fruit and vegetable consumption, leisure exercise fre-
quency, alcohol consumption behavior, smoking behavior,
and BMI were evaluated.

Area-Level Contextual Risk Factors We use the  CAN-
Marg index (Matheson et al. 2012) to describe socioeco-
nomic characteristics of an individual’s home community.
CAN-Marg is based on census data and geography; it is
used to describe differences in marginalization among
areas and to characterize inequalities in various predictors
of health and social wellbeing. Derived from principal
component analysis, it contains four dimensions of mar-
ginalization: material deprivation (e.g., proportion of pop-
ulation with low education, low income), residential
instability (e.g., proportion of dwellings that are not
owned, proportion of multi-unit housing), dependency
(e.g., ratio of seniors and youth to working-age population),
and ethnic concentration (e.g., proportion of recent immi-
grants and self-reported visible minorities). We defined
CAN-Marg based on census tracts (i.e., neighborhoods) in
cities and census subdivisions (i.e., municipalities) out-
side of larger metropolitan areas. All missing person-years
for CAN-Marg were removed from the analysis.

Geographic Identifiers This category includes covari-
ates such as community size, urbanization, and airshed.
Urbanization is a further designation for communities
with a population size over 100,000, based on a combina-
tion of population density and mode of transit (Gordon
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Figure 3. DAGs for the CanCHEC (A) and CCHS cohorts (B). Unmeasured parameters are shown in gray. The following covariates were included in the DAG-
based model for both CanCHEC and CCHS: airshed, community size, urban form, neighborhood dependence, neighborhood deprivation, neighborhood ethnic
concentration, and neighborhood instability. A second model (the full model, which added all subject-level covariates available in each cohort), was also
examined. (From Pappin et al. 2019, Supplemental Material.)
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and Janzen 2013). We designated communities as one of
the following:

• active urban core (active transportation modes used to
commute to work at greater than 150% of the metro
average and greater than 50% of the national average),

• transit-reliant suburb (transit use to commute to work
greater than 150% of the metro average and greater
than 50% of the national average, active transit use
less than 150% of the metro average), 

• car-reliant suburb (gross population density greater
than 150 people per square kilometer and transit use
and active transportation use less than 150% of the
metro average), and 

• exurban (gross population density less than 150 peo-
ple per square kilometer and more than 50% of work-
ers commuting into the metropolitan area).

Airshed was defined by the Canadian Air Quality Man-
agement System on the basis of similar air-quality charac-
teristics or dispersion patterns (Crouse et al. 2016). It
subdivides the country into six large geographic areas and
adjusts for broad-scale spatial variation in mortality rates
not captured by other risk factors.

All missing person-years for geographic identifiers were
removed from the analysis. Further, person-years were
excluded from the analysis if postal code information was
inadequate and could not be linked to air pollution and
ecological covariates, or if the air pollution and ecological
covariate file did not have an input for postal code.

Analysis Approach

Our primary statistical model relating exposure to mor-
tality was the Cox proportional hazards model. Partici-
pants were at least 25 years of age at the beginning of each
cohort, and the time axis was the year of follow-up until
2016. Person-years before census year and after a subject’s
death year were excluded from the analysis. Events were
determined by year-of-death for nonaccidental causes.
Cause-specific mortality (i.e., all cardiovascular causes,
ischemic heart disease, stroke, all respiratory causes,
chronic obstructive pulmonary disease, pneumonia, dia-
betes, lung cancer) for the main analyses (all CanCHEC
cycles and CCHS) will be included in the final report. The
Cox model baseline hazard function was stratified by age
(5-year groups), and sex. Each subject was censored at 89
years of age, either at the start of each cohort or during
follow-up, due to evidence from the 2011 Household
Survey of an increased mismatch with increasing age
between home address and the tax return mailing address
(Bérard-Chagnon 2017). We postulate that relatives of
elderly people were completing their tax returns. Each of

the three CanCHEC cohorts (1991, 1996, and 2001) were
examined separately. The three HRs were then pooled to
form a single summary HR. A test for differences in the
HRs among cohorts was also conducted.

As described above, we fit two covariate adjustment
models for each cohort. The first was based on the DAG
and consisted of all the geographically based predictors:
CAN-Marg (four dimensions), airshed, urban form, and
community size. The second model, denoted as Full, also
included the subject level predictors (income, education,
occupational class, indigenous status, visible minority
status, employment status, and marital status) as there may
be an imbalance in these subject-level mortality predictors
over the PM2.5 distribution. All models were stratified by age
(5-year age groups), sex, and immigrant status (yes or no).

We also conducted analysis by categories of immigrant
status (yes or no), sex (male or female), age during follow-
up (<65, 65–74, or ≥75 years) for each cohort separately,
again pooling the cohort-specific HR estimates among the
three CanCHEC cohorts. In addition, we examined the
PM2.5 association adjusting for O3, NO2, or Ox by cohort.

Although a number of known and important risk factors
for mortality were reported on the long-form census, many
risk factors were not recorded, such as smoking habits,
BMI, or diet. We addressed the influence on the air pollu-
tion risk estimate of not having direct information on these
risk factors in two ways. First, using the CCHS cohort
where several of these major risk factors were reported, we
conducted a sensitivity analysis by fitting survival models
with all risk factors and omitting those risk factors not
reported on the long form. Second, we applied and for-
mally evaluated a newly developed method of indirect
adjustment for multiple individual-level risk factors (Shin
et al. 2014) to the 2001 CanCHEC by estimating the associ-
ation between air pollution and the missing risk factors
available in the CCHS, and then using this information to
indirectly adjust the risk estimate in the census cohorts.

Exposure Time Windows The primary exposure time
window was a 3-year moving average assigned to the year
prior to a given person-year to ensure that exposures pre-
cede follow-up. Annual exposures were assigned by con-
verting postal codes to geographic locations (i.e., latitudes
and longitudes). However, some postal codes were missing
as not all subjects filed a tax return each year. These
missing postal codes were imputed based on available
postal codes prior to and after missing years. Some postal
codes cannot be adequately imputed and were set to
missing. In order to estimate exposures, 2 years out of each
3-year period must have had available postal codes to
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calculate 3-year moving averages. We flagged missing
person-years in the analytical file based on this require-
ment, and missing person-years were removed from the
analysis.

As a sensitivity analysis, we also examined a 10-year
moving average in a subanalysis of one of the CanCHEC
cohorts (2001 CanCHEC). In this case we required 7 of 10
years to be nonmissing in order to calculate an exposure. We
flagged missing person-years based on this requirement. We
required subjects to have filed tax returns 10 years prior to
the cohort starting year (i.e., 1981 for the 1991 cohort, 1986
for the 1996 cohort, and 1991 for the 2001 cohort). An
implication of this exposure assignment protocol is that
subjects must be living in Canada 10 years prior to start of
their respective cohort. We thus excluded all subjects who
immigrated to Canada within 10 years of their cohort
enrollment. In our analysis comparing the 10-year to the
3-year moving average, missing person-years were
removed from both to ensure that they have the exact same
person-years.

Shape of the Association Between PM2.5 Exposure and 
Mortality We originally planned to use the SCHIF
(Nasari et al. 2016) to examine the shape of the association
between PM2.5 and mortality. A major advantage of the
SCHIF over nonparametric smoothing functions are the
resulting specific parameter estimates that can be applied
in related analyses, for example in cost–benefit evalua-
tions. Further, SCHIFs are constrained to produce func-
tions that increase monotonically with concentration and
in forms that are biologically plausible, for example, not
allowing multiple upward and downward inflections.
SCHIFs construct a family of transformations of concentra-
tion based on variations on sigmoidal functions. We sug-
gest that such a family can characterize a wide variety of
shapes, including near-linear, supralinear, and sublinear.
Sublinear shapes approximate a threshold concentration–
response pattern well. However, due to computing limita-
tions, we were not able to fit all the desired transforma-
tions. Hence, we were concerned that we could not fully
characterize the shape of the PM2.5–mortality association.
We had also planned to fit RCS as an alternative method of
shape characterization. Therefore, we subsequently devel-
oped a method that is computationally feasible by first fit-
ting an RCS with a very large number of knots and then
fitting the SCHIF to the RCS predictions and their SEs. In
this manner we required only a single Cox model run on
the raw survival data.

The parametric SCHIF and nonparametric spline are
two very different approaches to characterizing the shape
of the concentration–response function. In general, splines

are designed to provide a series of smooth(er) estimates of
defined segments of the underlying data, while the SCHIF
is a smoothed estimate of the full range of the data that is
constrained by functions that can be useful for policy anal-
yses, such as benefits assessment. While splines will, by
design, provide a better approximation of the underlying
data, the SCHIF provides parameters allowing for external
use of the function (e.g., in benefits assessments), a feature
not provided by splines.

Our method involved two steps. The first step was a
data reduction step where we fit an RCS with a very large
number of knots in order to characterize the shape of the
concentration–response relationship in sufficient detail.
In our case we selected 15. From this first step we obtained
estimates of the logarithm of the RCS HR (logRCS) and the
associated SE at 500 equally spaced concentrations
between the minimum and the 99th percentile of the expo-
sure distribution. We did not include predictions above
the 99th percentile since RCS are linear beyond the highest
knot concentration. This algebraic form can have some
influence on the shape of the SCHIF throughout the con-
centration range since the SCHIF is a single algebraic func-
tion. We thus reduced the data complexity from millions
of person-years in the cohorts to a few hundred observa-
tions. We also fixed the logRCS to zero at the minimum
concentration; its associated standard error, SERCS(z), was
also set to zero. Note that the RCS SEs vary by concentra-
tion z. The second step is the fitting of the SCHIF to the
RCS predictions. The resulting SCHIFs for each individual
CanCHEC cohort are then pooled in a meta-analytic sum-
mary. Specifically, the SCHIF has the mathematical form:

with unknown parameter θ to be estimated from the data.
Here, α controls the curvature of the logarithmic function
with larger values producing less curvature; µ is the inflec-
tion point or highest derivative of the logistic function

and τ controls the curvature in l(z), with larger values rep-
resenting less curvature, and r representing the range in
concentration z.

The main purpose of the SCHIF is to produce an alge-
braic function of the association that we suggest is suitable
for risk and benefits analyses. That is, the SCHIF not only

     logSCHIF log 1 ,                                    (1)z z z� �  l
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is monotonically increasing, but also only allows shapes
within the sigmoidal family. It does not allow a shape, for
example, that increases at low concentrations, remains
nearly flat at mid concentrations, and then increases again
at higher concentrations. Furthermore, the SCHIF controls
the amount of curvature in the function. For example, if
the function is purely supralinear, the SCHIF cannot have
more curvature than a logarithmic function. We do this by
restriction: 1 ≤ α ≤ max(z). By restricting α ≥ 1, we are
assuming the SCHIF cannot have more curvature at the
origin than a standard logarithmic function. The function
log(z/max(z) + 1) is nearly linear, and thus values of α ≥
max(z) do not change the shape. If the shape is sublinear
and approximates a threshold function, the transition from
no change in risk to an increase in risk is smoother in the
SCHIF than a pure threshold function would predict. We
do this by the restriction 0.1 ≤ τ ≤ 1. Values τ < 0.1 produce
a sigmodal shape with extreme curvature, while τ > 1
yields a near linear shape. We model sublinear associa-
tions throughout the concentration range by the restriction
min(z) ≤ µ ≤ max(z).

We obtain values of the SCHIF parameters by first cre-
ating a series of transformations of concentration

based on combinations of the parameters α = 1, …, r by 1, µ
= 0, …, r by 1, and τ = 0.1, …, 1 by 0.1. We then fit a linear
model with the response defined by the logRCS predictions
at the 500 concentrations and the model as θ  T(z). For each
transformation, the linear regression model yields an es-
timate of θ with the corresponding log-likelihood value.
We select the transformation, and thus the values of
(α, µ, τ), and the corresponding value of θ that minimizes
the log-likelihood.

We use the SE of the RCS predictions to form 95% CIs
on the SCHIF predictions. We do this by considering a
model of the SERCS(z), in the RCS predictions. However,
unlike the log-linear model, RCS SEs can vary in a non-
linear manner with concentration. We thus consider a
model for the SERCS(z), as a function of concentration of
the form:

where T(z) = log(z/α + 1)l(z) and σ is a vector of unknown
parameters. We define gσ(z) as a cubic polynomial gσ(z) =
σ0 + σ1z + σ2z2 + σ3z3 to describe the relationship between
the RCS SEs and the SCHIF transformation. In effect, we
are assigning all the uncertainty in the SCHIF predictions
to the parameter θ, in a manner similar to the linear model.
We estimate the unknown parameters of gσ(z) by linear
regression. We selected a cubic polynomial since it
appears to be sufficient to describe the association
between the SEs of the RCS and T(z). A major advantage of
the SCHIF over nonparametric smoothing functions is the
resulting specific parameter estimates, which can be
applied in related analyses — for example, in cost–benefit
evaluations. The parameter estimates are given in Table 1.
We provide graphical results indicating the RCS predic-
tions and their corresponding 95% CIs as a nonparametric
means of characterizing the concentration–response rela-
tionship in detail. We also present the SCHIF predictions
with two sets of 95% CIs given by

In our approach we have captured the uncertainty in the
RCS predictions at each concentration and then applied
this uncertainty to the SCHIF model predictions.
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Table 1. SCHIF Parameter Estimates by CanCHEC

Cohort θ α µ τ γ σ0 σ1 σ2 σ3

1991 0.1103 1 0 0.1 16.8 0.0552 −0.00669 0.000442 −0.0000103
1996 0.0942 1 0 0.1 14.6 0.0574 −0.00717 0.000491 −0.0000118
2001 0.0771 1 0 0.1 11.9 0.0629 −0.00616 0.000244 −0.0000016
Pooled 0.0997 1.0138 −0.0485 0.0877 16.8 0.0357 −0.00401 0.000226 −0.0000035
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For benefits analysis, we calculate the change in the
logHR between any two concentrations, for example, z and
z¢. For the RCS this can be represented mathematically as:

where  are the L RCS parameter estimates and

sl(z), l = 1, …, L are the L RCS transformations of concen-

tration with  and s(z,z¢) = s(z) – s(z¢), the corresponding

vector notation. The SE of logRCS(z) – logRCS(z¢) is:

where  is the L by L covariance matrix of the RCS

parameter estimates.

For the SCHIF, the change in logHR is given by

 and we suggest an appropriate ad hoc

approximation to the SE as:

where is the average of gσ between z and z ¢.

Future work will focus on evaluating the quality of using

SESCHIF(z,z¢) instead of SERCS(z,z¢) for the specific cases

examined in the final report.

Finally, we construct pooled SCHIF models among the
three cohorts in the following manner: Let vc(z) be the vari-
ance of the logarithm of the SCHIF prediction log-
SCHIFc(z) at concentration z for cohort c = 1,2,3. We
construct a meta-analytic summary of the SCHIF predic-
tions among the three cohorts as:

where  For the vari-

ance of logSCHIFPooled(z) we include the variation in pre-

dictions among the cohorts in addition to the sampling

uncertainty for each cohort as:

In order to obtain an algebraic function for the pooled
SCHIF we use nonlinear regression to estimate the SCHIF
parameters with logSCHIFPooled(z) defining the data for
the regression. We also model the SE of the pooled SCHIF
in a manner similar to that for each cohort separately. The
variance of the pooled SCHIFs is a function of both the
variance of each cohort-specific SCHIF prediction and the
squared difference between the cohort-specific SCHIF pre-
dictions and the pooled SCHIF prediction. This latter term
captures the uncertainty in both the shape and the magni-
tude of the HR predictions among the three cohorts. The
SCHIF parameters for each CanCHEC cohort represent the
most extreme allowable supralinear shape with (α, µ, τ) at
the lower boundary of their respective search intervals.

Adjustment for NO2 and O3 We estimated ambient NO2
concentrations at each postal code location based on a na-
tional land-use regression model that predicted ground-
monitoring concentrations for the year 2006 using 10-km2

gridded remote-sensing-derived NO2 estimates and highly
resolved land-use data (Hystad et al. 2011). This model has
a spatial resolution of 100 m2. Eight-hour average daily
maximum concentrations of O3 were estimated based on
chemical transport modeling of surface observations in the
warm season from 2002 to 2015 (Environment and Climate
Change Canada). From 2002 to 2009 the spatial resolution
of the O3 model was 21 km2 and was subsequently im-
proved to 10 km2. Hourly O3 model output was fused with
ground monitor data (Robichaud and Ménard 2014; Robi-
chaud et al. 2016) as part of the routine Canadian air qual-
ity forecast modeling system. These hourly data were then
processed into warm-season (May–September) 8-hour dai-
ly maximum concentrations and interpolated to Canadian
six-digit postal codes by the Canadian Urban Environmen-
tal Health Research Consortium (see Additional Materials
2 of the Investigators’ Report, containing Appendix C
Pappin et al. 2019, available on the HEI website).

We applied spatiotemporal adjustments to estimate NO2
for years prior to 2006 and for O3 prior to 2002 by first
developing an annual time series of both NO2 and O3 in 24
of Canada’s largest cities, based on available ground moni-
toring data for the 1981–2016 period. We then estimated
yearly adjustment factors equal to the ratio of the observed
concentration in the desired year to the average concentra-
tion in the reference year(s) (i.e., 2006 for NO2 and 2002–
2015 for O3) for each of the 24 cities separately. We scaled
the NO2 concentration estimates per postal code in 2006
over the 1981–2016 period using the annual adjustment
factors based on the city most proximate to that postal
code location. A similar time scaling was applied to the
2002–2015 reference O3 surface.
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Subanalyses

In order to inform the main analyses conducted on the
multiple (1991, 1996, and 2001) CanCHEC and CCHS
cohorts, we conducted several subanalyses on the 2001 Can-
CHEC to address specific issues. Table 2 provides a sum-
mary of the cohorts included in the main analysis, the year
of enrollment, the temporal and spatial scales of PM2.5 expo-
sure, whether or not immigrants were included in the anal-
yses, and the primary purpose of each analysis. Note that all
of these subanalyses were conducted on a version of the
2001 CanCHEC cohort with only 10 years of follow-up (com-
pared with 15 years in the main analyses) and where linkage
to mortality records was conducted with probabilistic
linkage, whereas the main analyses used deterministic
linkage using the individual’s social insurance number.

Exposure Assessment Sensitivity Analyses in the 2001 
CanCHEC Cohort The temporal and spatial scales of
exposure assessment may influence the magnitudes of
associations between PM2.5 and mortality at low mass con-
centrations, but few studies have specifically examined
this question. In addition, PM2.5–mortality relationships
may be sensitive to copollutant exposures. The purpose of
this subanalysis was to examine the sensitivity of PM2.5–
mortality associations to different spatial and temporal
scales of exposure assessment and to different approaches
for characterizing coexposure to gaseous pollutants.
Results of this subanalysis informed the analysis approach
described above for the CanCHEC and CCHS cohorts with
respect to spatial and temporal exposure scales and copol-
lutant adjustment. Specific causes of death were included
in this subanalysis in order to also inform future analyses
of PM2.5 disease-specific mortality associations in the
main 3-cohort CanCHEC and CCHS analyses.

Table 2.  Description of Cohort Analyses

Analysis/ 
Primary Purpose

Cohort 
Useda

Enrollment
Year

End of 
Follow 
Upb

Scale of PM2.5 Exposure Adjustment
for NO2, 

O3, or Ox
c

Immigrants 
IncludeddTemporal (yrs) Spatial (km2)

Main Analysis

Characterize the shape 
of the concentration–
response curve for 
PM2.5 and non-
accidental mortality

Pooled 
CanCHEC

1991, 1996, 
2001

2011 3 1 Yes Yes

Pooled 
mCCHS

2001, 2003, 2005, 
2007, 2008, 
2009, 2010, 
2011, 2012

2016

Subanalysis

Exposure sensitivity 
analysis

2001 
CanCHEC

2001 2011 1, 3, 8 1, 5, 10 Yes No

Evaluate method of 
indirect adjustment 
for missing covariates

2001 
CanCHEC

2001 2011 3 1 No No

Immigrant effect 
analysis

2001 
CanCHEC

2001 2011 3 1 No Yes

Contributing causes 
of death

2001 
CanCHEC

2001 2011 3 1 No No

a CanCHEC = Canadian Census Health and Environment Cohort, CCHS = Canadian Community Health Survey. 

b Follow-up ended on December 31 of the year shown.

c NO2 = nitrogen dioxide, O3 = ozone, Ox = combined oxidant capacity of NO2 and O3.

d All analyses excluded very recent immigrants (<10 years since immigration) except for the immigrant effect analyses, where such participants were also 
included.
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We followed 2.4 million people in the 2001 CanCHEC
for nonaccidental and cause-specific mortality between
2001 and 2011. PM2.5 exposures were assigned to residen-
tial locations using satellite-based estimates. The base ex-
posure model consisted of annual PM2.5 estimates at a
spatial resolution of 1 km2 over a 3-year exposure window.
We examined sensitivity of the PM2.5–mortality associa-
tions to the exposure assignment temporal scale using a
constant spatial scale of 1-km2. We developed survival
models for this sensitivity analysis using either a 1- or 8-
year moving average and compared results to the base mod-
el. We then examined the sensitivity of PM2.5–mortality as-
sociations to the exposure assignment spatial scale using a
constant temporal moving average of 3 years. We calculated
mean PM2.5 values for buffers of 5 km2 and 10 km2 around
annual residential postal codes and compared results to our
base model.

We developed survival models that incorporated vari-
able spatial buffers (i.e., 1 km2 or 10 km2) according to
select individual characteristics, as an alternative evalua-
tion of fixed spatial scale. We selected characteristics that
may influence individual-level mobility patterns and
activity space, such as age, employment status, and
whether the postal code indicated an urban or rural resi-
dence. Since there is a greater potential for exposure mis-
classification using a 1-km2 model among subjects with
rural postal codes, we considered models in which the 1-
km2 buffer was used for urban residences and the 10-km2

buffer for rural residences.

As further sensitivity analyses, we developed survival
models that adjusted for coexposure to ambient O3, NO2,
or Ox. Exposure estimates for O3 and NO2 were derived
from existing data sets. We modeled O3 data to represent
eight-hour average daily maximum concentrations in the
warm seasons between 2002 and 2009 at a resolution of
21 km2. As described earlier, we derived NO2 data from a
national land-use regression model for the year 2006
developed from fixed-site monitoring data and incorpo-
rating land-use predictors and satellite-derived NO2 esti-
mates. Both data sets were year-adjusted using ground-
based time-series measurements. For years 1981–2012,
National Air Pollution Surveillance annual average mea-
surements from 24 census divisions were available from
across Canada. We fit a cubic spline to model the associa-
tion between year and concentration for each census divi-
sion. We then used the ratios to adjust the original NO2
and O3 data. We assigned oxidant gas concentrations using
3-year moving averages with a 1-year lag as with the main
PM2.5 model described previously. We calculated Ox as a
weighted average at each residential location, with
weights equivalent to the respective redox potentials of

NO2 and O3 (i.e., [(1.07 × NO2) + (2.075 × O3)]/3.14). Fol-
lowing inspection of results from the main analyses, we
repeated the analyses including adjustment for oxidant
gases using an 8-year moving window for PM2.5 (and the
same 1-km2 spatial buffer).

Cox proportional hazards models were used to estimate
HRs and 95% CIs for associations between PM2.5 exposure
(per 10-µg/m3) and mortality in the various models for
seven causes of death: nonaccidental (ICD-10: A to R); car-
diometabolic (i.e., circulatory plus diabetes; ICD-10: I10 to
I69, E10 to E14); cardiovascular diseases (ICD-10: I10 to
I69); ischemic heart disease (ICD-10: I20 to I25); cerebro-
vascular disease (ICD-10: I60 to I69); nonmalignant respi-
ratory disease (ICD-10: J00 to J99); and lung cancer (ICD-
10: C33 to C34). We stratified the survival models by 5-year
age groups and by sex, and adjusted for the following
individual-level variables: indigenous identity, visible
minority status, marital status, highest level of education,
employment status, and household income quintiles. We
also controlled for airshed and time-varying contextual
variables: community size, urbanization, and the CAN-
Marg indicators.

Indirect Adjustment in the 2001 CanCHEC Cohort The
purpose of this subanalysis was to describe and evaluate
the indirect adjustment method for air pollution–mortality
relationships within the 2001 CanCHEC (n = 2.4 million),
using the 2001 CCHS as the representative matching data
set (n = 130,000) with detailed behavioral risk factor infor-
mation. We applied the method proposed by Shin and col-
leagues (2014) to evaluate the methodology using
nonlinear Cox proportional hazard models. We compared
the distribution of exposure to fine PM (PM2.5) among sub-
jects across multiple characteristics (age, sex, etc.) and
examined the direction and magnitude of correlations
among variables common to both data sets. We assessed
the performance of indirect adjustment on Cox propor-
tional hazard models by comparing estimates in the Can-
CHEC with and without indirect adjustment for known
variables. As two novel additions, we incorporated a time-
varying exposure measure in the representative data set
and applied a weighting scheme to account for sampling
differences between the two data sets. Lastly, we applied
an indirect adjustment for missing risk factors (ciga-
rettes/day, alcohol use, fruit and vegetable intake, leisure
exercise) using the CanCHEC and CCHS and compared the
adjustment direction and magnitude to models that were
not missing those variables (the mCCHS cohort) using an
equivalent longitudinal cohort.

Figure 4 depicts a visual summary of the evaluation pro-
cess. The first step was to assess the representativeness of
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the ancillary matching data set (i.e., CCHS) to the primary
data set (i.e., CanCHEC). We compared absolute and pro-
portional differences in the PM2.5 exposure distribution by
demographic and socioeconomic characteristics at base-
line year (2001). We then assessed temporal changes in the
PM2.5 distribution across the 10 follow-up years between
the two data sets. Sample weights to account for differ-
ences in the sampling scheme between the two data sets
were produced, using health regions as the sampling unit,
and applied to the CCHS to emulate CanCHEC propor-
tions. Health regions represent administrative areas
defined by the Ministry of Health in each province (Statis-
tics Canada 2019). We down-weighted rural areas with
lower PM2.5 levels that are typically over-sampled in the
CCHS and up-weighted under-sampled urban areas.

In Step 2, we performed an internal validation to assess
the degree of bias in adjusted HRs when applying indirect
adjustment to nonlinear Cox proportional hazards models.
We used a gold-standard methodology that involved com-
parison of the result following removal and indirect
adjustment for variables available in CanCHEC (education
and income) to a true model that included both variables
and used coefficients and SEs derived internally from the
true model. Three sets of models were estimated for each
mortality outcome. First, the gold-standard HRs and 95%
CIs for PM2.5 exposure on mortality were obtained from an

age–sex stratified true model adjusted for education,
income, and the other individual-level covariates. We then
ran the same models with education and income removed
to obtain the partial model PM2.5 coefficients and SEs.
Instead of using literature values, we ran the true model
but with PM2.5 excluded in order to obtain the coefficient
and variance terms for education and income, which were
then used in the indirect adjustment formula to calculate
the adjustment factor and applied to the internal and
external (validation) models. We derived the X and U
matrices (described later in this section) for the baseline
year of 2001 only (no follow-up years included) from Can-
CHEC, and employed a static as well as a time-varying
PM2.5 exposure value. We then compared PM2.5–mortality
HRs from the true model (with direct measurement of
income and education) with the internal model incorpo-
rating indirect adjustment for education and income (i.e.,
values obtained from the true model were used to indi-
rectly adjust the partial model to calculate the internal
model, which was then compared with the true model).

In Step 3, we performed an external validation to assess
the bias of using the CCHS as the ancillary matching data
set to indirectly adjust for the CanCHEC. We applied a sim-
ilar approach to the internal validation by removing and
indirectly adjusting for variables available in both data sets
(education and income). Here the 2001 cycle of the CCHS,

Figure 4. Schematic showing the steps involved in evaluating the data sets used for indirect adjustment. Reprinted from Erickson et al. 2019 with permis-
sion from Elsevier.
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instead of CanCHEC, was used to create the X and U
matrices. As in the internal validation, we used both a
static and a time-varying PM2.5 value in the X-matrix, and
applied the same mortality outcomes and related educa-
tion and income coefficients in order to determine the true
bias of using the CCHS in place of the CanCHEC for
removed variables.

We constructed the X and U matrices to represent the
covariance structure between the missing (U-matrix) and
nonmissing (X-matrix) variables, including the exposure
variable. We incorporated stratification of age and sex into
the X-matrix by creating a series of 5-year age–sex dummy
codes assigning a value of “1” to the reference category
(males 25 to 29). We categorized the remaining variables
into 0/1 dummy codes with the reference group assigned a
value of “0” along with the continuous PM2.5 values as sepa-
rate columns in the X-matrix. As an example, a 3-category
marital status variable would be represented by two col-
umns in the matrix. An X-matrix was created for each year
of follow-up, transposed, and summed to account for the
time-varying nature of PM2.5 in the models. We set up the
U-matrix representing missing covariates in a similar
manner as the X-matrix, except it is time invariant. As a
new addition to this method, we incorporated a sampling
weights matrix (W-matrix) to adjust for CanCHEC and
CCHS urban-rural sampling differences. The W-matrix
contained only one column of values, which is the ratio of
the proportion of CanCHEC subjects to the proportion of
CCHS subjects by health region for each individual in the
CCHS. By including the W-matrix, we gave more weight to
urban respondents and less weight to rural respondents,
thus making the CCHS more like the CanCHEC.

Lastly, we applied the indirect adjustment above to a real
missing data scenario to estimate adjusted PM2.5–mortality
HRs and compared the results to HRs estimated using the
mCCHS in which smoking, alcohol consumption, fruit and
vegetable intake, and physical activity were measured
directly. Similar to the external validation in this step, we
used the CCHS to create the X, U, and W matrices with time-
varying PM2.5 to indirectly adjust for missing behavioral
risk factors not available in the CanCHEC. We used risk esti-
mates from published meta-analyses for specific mortality
risk factors, such as smoking intensity (Thun et al. 2013),
alcohol consumption (Xi et al. 2017), BMI (Yu et al. 2017),
fruit and vegetable intake (Leenders et al. 2014), and phys-
ical activity (Hupin et al. 2015).

Cox proportional hazard models were used to examine
the association between ambient PM2.5 exposure with four
causes of death: nonaccidental (ICD-10 codes A to R), car-
diovascular diseases (ICD-10: I10 to I69), ischemic heart
disease (ICD-10: I20 to I25), and lung cancer (ICD-10: C33

to C34). We followed respondents until death or the end of
follow-up. All models were stratified by 5-year age catego-
ries and sex. We adjusted models for the individual covari-
ates of marital status, indigenous identity, visible minority
identity, and employment status. As education and income
were available in the CanCHEC and CCHS data sets, we
removed and indirectly adjusted these two variables in the
validation tests and directly adjusted for them in the final
indirect adjustment. We further adjusted the models by
contextual ecological covariates in the final indirect
adjustment.

Immigrant Effect Analysis in the 2001 CanCHEC 
Cohort Immigrants make up approximately 20% of the
Canadian population (Morency et al. 2017); yet recent
immigrants (<20 years in Canada) have been excluded
from most Canadian air pollution mortality cohort anal-
yses given the lack of historical information on past PM2.5
exposures and because immigrants tend to be healthier
than the general Canadian population. The purpose of this
subanalysis was to examine the mortality impacts of long-
term PM2.5 exposure on the immigrant population (after
arriving in Canada) and compare these mortality impacts
with those of the nonimmigrant population. We also aimed
to determine the influence of several immigrant-specific
variables on the PM2.5–mortality association, including
number of years in Canada, country of birth, age at immi-
gration, and neighborhood ethnic concentration.

We used the 2001 CanCHEC, restricting the analytical
cohort to persons between the ages of 25 and 89 years at
baseline. Subjects not matched to air pollution estimates
and any person-years with nongeocoded postal codes were
excluded. A total of 684,400 respondents in the cohort
were immigrants. We followed an analytical methodology
similar to the one used throughout the MAPLE project as
described earlier, but with the additional focus on immi-
grant-specific variables such as year-of-immigration, age-at-
immigration, and country-of-birth. Respondents were fol-
lowed from census baseline year (2001) to either the year of
death or final year of follow-up (2016 in this subanalysis).
All immigrants were considered in the models and grouped
by time since becoming a permanent resident of Canada
(>30 years, 21–30 years, 11–20 years, ≤10 years). Because of
this designation, even the very recent immigrants (≤10
years) have likely spent an additional 1–5 years in Canada
while applying for their permanent residency. The fol-
lowing causes of death were considered in order to assess
whether patterns differed from those for nonaccidental mor-
tality (ICD codes A to R): cardiovascular diseases (ICD-10:
I10 to I69, with and without diabetes, E10 to E14), ischemic
heart disease (ICD-10: I20 to I25), cerebrovascular disease
(ICD-10: I60 to I69), nonmalignant respiratory disease
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(ICD-10: J00 to J99), chronic obstructive pulmonary disease
(ICD-10: J19 to J46), and lung cancer (ICD-10: C33 to C34).

We fit Cox proportional hazards models to examine the
associations between ambient PM2.5 exposure and nonac-
cidental and cause-specific mortality. All survival models
were stratified by 5-year age groups and sex, and adjusted
for individual and contextual variables. Results of this
subanalysis informed the main analysis approach
described above for the pooled CanCHEC and CCHS
cohorts with respect to the inclusion of immigrants and
analyses stratified by immigrant status.

Contributing Causes of Death in the 2001 CanCHEC 
Cohort Type 2 diabetes has also been associated with air
pollution and included in recent Global Burden of Disease
assessments (Global Burden of Disease 2018). However,
while type 2 diabetes is infrequently coded as the primary
cause of death, it may contribute to cardiovascular disease
mortality in response to PM2.5 exposure. As such, analyses
of the relationship between air pollution exposures and dia-
betes mortality may underestimate the true overall impact.
We leveraged the availability of contributing causes of death
information within the 2001 CanCHEC to examine suscepti-
bility of people with diabetes to cardiovascular disease mor-
tality from long-term exposure to PM2.5.

We linked a subset of the 2001 CanCHEC cohort with 10
years of follow-up to all causes of death listed on death
certificates. We used survival models to examine the asso-
ciation between cardiovascular disease deaths (n =
123,500) and exposure to PM2.5 among deaths that co-
occurred with type 2 diabetes (n = 20,600) on the death
certificate. We complemented the analysis with more
detailed information on behavioral covariates and type 2
diabetes status at baseline available in the mCCHS (n =
12,400 cardiovascular disease deaths, with 2,800 diabetes
deaths). Details are provided in the study by Pinault and
colleagues (2018).

SUMMARY OF FINDINGS

EXPOSURE ASSESSMENT

Overview of PM2.5 Concentrations

Figure 5 provides an overview of the satellite-derived
PM2.5 concentrations at 1 km × 1 km resolution and perfor-
mance for Canada and the northern United States. Com-
parison versus ground-based monitors yields a coefficient
of determination (R2) of 0.82, slope of 1.00, and root mean

square difference (RMSD) of 1.5 µg/m3. Table 3 contains
descriptive statistics for Canadian provinces.

Ground-Based Monitoring

Sample collection and analysis continues at all five
sites. In addition to ongoing analyses of filter measure-
ments for mass, black carbon, ions and elements, organic
composition information from filters will also be evalu-
ated. That is anticipated to yield valuable information for
constraining the GEOS-Chem simulation used to relate
AOD to PM2.5.

Enhancing PM2.5 Estimates and GEOS-Chem Simulations 
of the PM2.5–AOD Relationship

A core goal of taking additional surface measurements is
to further reduce the scatter in the relationship between sat-
ellite-derived estimates and surface measurements of PM2.5.
We estimated that the absolute error in exposure estimates
of PM2.5 in comparison with surface monitors decreased at
lower concentrations and was not multiplicative. Figure 6
shows the relationship after all values (satellite-based esti-
mates and surface monitors) with concentrations >10 µg/m3

were removed. The resulting RMSD was 1.5 µg/m3. Figure 7
shows the relationship after all values (satellite-based esti-
mates and surface monitors) with concentrations >8 µg/m3

were removed. The resulting RMSD further decreased
slightly to 1.3 µg/m3. Corresponding figures for North
America are given in Additional Materials 1, Figures C3 and
C4, available on the HEI website.

Using colocated measurements of aerosol scatter and mass
from IMPROVE network sites between 2000 and 2015, we
found a positive bias in mass scattering efficiency simulated
by GEOS-Chem, given current assumptions of aerosol size
distributions and particle hygroscopicity in the model. This
bias was most significant when PM2.5 mass was dominated
by secondary inorganic or organic aerosols. Incorporating
changes in aerosol size and hygroscopicity into the GEOS-
Chem model resulted in an increase of 16% in simulated
annual average aerosol mass scattering efficiency over North
America, with larger increases of 25% to 45% in northern
regions with high relative humidity and hygroscopic aerosol
fractions, and with decreases in aerosol mass scattering effi-
ciency up to 15% in the southwestern United States where
relative humidity is low. Details are provided in the article
included in Additional Materials 2, Appendix B (Latimer
and Martin 2019), available on the HEI website.

Backcasting

Information about historical PM2.5 concentrations is
needed to understand long-term changes in exposure and
associated health risks. We estimated historical PM2.5
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Figure 5. PM2.5 for Canada and the northern United States. The top panel shows mean 1-km2 satellite-derived PM2.5 estimates for 2004–2008. The lower-
right panel displays the observed difference between in situ PM2.5 and satellite-derived PM2.5 observations. White denotes water, missing data, or values
above 10 µg/m3. Values in the lower-left panel include the slope from reduced major axis linear regression (y), N (bias, variance), root mean square differ-
ence (RMSD), coefficient of determination (R2), and the number of comparison sites (N). The 1:1 line is solid, and the best fit line is dashed. AOE = adjusted
optimal estimates.

Table 3. Regional Mean PM2.5 Concentrations for 
2004–2008

Region
PM2.5 Concentration 

(µg/m3)

Canada 7.1
British Columbia 6.2
Alberta 5.7
Manitoba 4.9
Saskatchewan 4.3
Ontario 8.5
Quebec 7.4
New Brunswick 4.1
Newfoundland and Labrador 3.8
Nova Scotia 4.7
Prince Edward Island 3.4
Yukon Territory 2.6
Northwest Territories 3.5
Nunavut 3.9
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Figure 6. PM2.5 at low concentrations (≤10 µg/m3) for Canada and the northern United States. The top panel shows mean 1-km2 satellite-derived PM2.5 esti-
mates for 2004–2008. The lower right panel displays the observed difference between in situ PM2.5 and satellite-derived PM2.5 observations. White denotes
water or missing data. Values in the lower left panel include the slope from reduced major axis linear regression (y), N (bias, variance), root mean square dif-
ference (RMSD), coefficient of determination (R2), and the number of comparison sites (N). The 1:1 line is solid, and the best fit line is dashed. AOE =
adjusted optimal estimates.

concentrations over North America for 1981–2016 inclu-
sive by combining information from GEOS-Chem, satellite
remote sensing, and ground-based measurements. We con-
strained and evaluated our estimates with direct ground-
based PM2.5 measurements when available and otherwise
with historical estimates of PM2.5 from PM10 measurements
or TSP measurements. The distribution of monitoring sites
in North America and PM2.5 estimates for the different time
periods are shown in Figure 8. The estimated PM2.5 con-
centrations were generally consistent with direct ground-
based PM2.5 measurements over their duration from 1988
onward (R2 = 0.6–0.85) and to a lesser extent with PM2.5
inferred from PM10 measurements (R2 = 0.5–0.6) (Meng et
al. 2019).

We first evaluated the approach for years when only
PM2.5 stations were used for GWR adjustment and found
that the GWR model using all available sites significantly
reduced the mean bias and RMSD over both Canada and the
United States (Figure 9). The R2 of all sites increased from
0.52 to 0.77, and the RMSD decreased from 3.1 to 1.9 µg/m3.
Cross validation using 50% of randomly selected sites to
train the GWR model still exhibited significantly improved
performance (R2 = 0.69, RMSD = 2.3 µg/m3). Limiting the
GWR-based adjustment to sites that were also available on
or before 1999 (<70 sites in total consisting mostly of
remote and rural U.S.-based sites) provided no improve-
ment in agreement compared with the initial geophysical
estimates without GWR.
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Figure 10 shows R2 and RMSD for each year (1981–2016)
of the estimates versus ground-based measurements. Only
PM2.5 data were used over 1999–2016 since more PM2.5
measurements were available after 1999. Since the number
of PM10 sites is reduced significantly before 1989, the back-
casting from 1981–1985 was based primarily on trend infor-
mation from TSP-based estimates and is expected to be more
uncertain. R2 increased with the increase in the number of
PM10 sites for years 1985–1990. The decrease in R2 after
2008 reflects weaker spatial PM2.5 gradients in recent years
as PM2.5 levels decline. Higher RMSD errors are expected

before 1999 due to more uncertainties in emission invento-
ries as well as larger uncertainties in the monitoring data for
GWR adjustments. Overall, the GWR-adjusted PM2.5 esti-
mates yielded an estimated error of less than 20% since 2000
when PM2.5 measurements became more widespread, and of
less than 30% for 1981–1999.

Across time, enhancements in both GWR-adjusted esti-
mates and ground-based measurements are apparent
across the eastern United States and California (Figure 9).
The estimated PM2.5 was generally consistent with
ground-based measurements, especially with direct PM2.5

Figure 7. PM2.5 at low concentrations (≤8 µg/m3) for Canada and the northern United States. The top panel shows mean 1-km2 satellite-derived PM2.5 esti-
mates for 2004–2008. The lower right panel displays the observed difference between in situ PM2.5 and satellite-derived PM2.5 observations. White denotes
water or missing data. Values in the lower left panel include the slope from reduced major axis linear regression (y), N (bias, variance), root mean square dif-
ference (RMSD), coefficient of determination (R2), and the number of comparison sites (N). The 1:1 line is solid, and the best fit line is dashed. AOE =
adjusted optimal estimates.
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Figure 8. Estimated PM2.5 annual means in 1985, 1995, 2005, and 2015 over North America. Left panels are estimated PM2.5. Inset values in left panels are
the population-weighted average PM2.5 mass. Right panels indicate PM2.5 derived from ground-based measurements of PM2.5, PM10, and TSP. Reprinted from
Meng et al. 2019 (doi:10.1021/acs.est.8b06875) with permission from American Chemical Society (ACS). Further permission related to this article should be
directed to ACS.

measurements. Figure 11 shows a time series of popula-
tion-weighted annual average PM2.5 concentrations across
North America. The colocated comparisons of the trends of
population-weighted annual average PM2.5 from our esti-
mates and ground-based measurements were highly con-
sistent (RMSD = 0.66 µg/m3). The population-weighted
annual average PM2.5 over North America decreased from
22 µg/m3 in 1981 to 12 µg/m3 in 1998 and to 8.0 µg/m3 in

2016. Population-weighted annual average PM2.5 calcu-
lated from direct PM2.5 sites was 20% lower than that cal-
culated from all in situ PM (including TSP and PM10) sites,
illustrating the effects of changes in monitor placement
over time when assessing long-term changes in ambient
PM2.5, and the value of spatiotemporally continuous PM2.5
estimates from this work.
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Figure 9. Comparison of 2004–2009 mean PM2.5 estimates with in situ measurements for PM2.5 before (top left) and after GWR adjustment using all sites
(top right), cross validation sites using 50% random holdout (bottom left), and PM2.5 sites present over 1989–1997 (bottom right). Open circles are Cana-
dian sites and crosses are U.S. sites. Number of sites is shown in parentheses. Statistics shown are mean bias (MB, in µg/m3), coefficient of determination
(R2) and root mean square difference (RMSD, in µg/m3). Reprinted from Meng et al. 2019 (doi:10.1021/acs.est.8b06875) with permission from American
Chemical Society (ACS). Further permission related to this article should be directed to ACS.
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Figure 10. R2 and RMSD of estimated PM2.5 compared with ground-based measurements from 1981 to 2016. Solid lines indicate the performance of base
estimates. Dashed lines indicate the performance of sensitivity estimates that exclude satellite remote sensing information. Numbers at the top of each panel
indicate the number of monitors of direct PM2.5 (black), PM2.5 inferred from PM10 (green), and PM2.5 inferred from TSP (blue). Reprinted from Meng et al.
2019 (doi:10.1021/acs.est.8b06875) with permission from American Chemical Society (ACS). Further permission related to this article should be directed to
ACS.

Figure 11. Time series of population-weighted annual average PM2.5 concentrations across North America (1981–2016). Reprinted from Meng et al. 2019
(doi:10.1021/acs.est.8b06875) with permission from American Chemical Society (ACS). Further permission related to this article should be directed to ACS.
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EPIDEMIOLOGICAL ANALYSIS

The results of our analyses to date are summarized below.
Table 4 provides a summary of the cohorts included in the
main analyses and the primary purpose of each analysis.

Main Analysis: Nonaccidental Mortality (CanCHEC 
Cohorts: 1991, 1996, 2001)

PM2.5 by Cohort and Covariate Categories Table 5
presents percentiles of the PM2.5 distribution based on
person-years for each of the three cohorts separately (Pap-
pin et al. 2019). Concentrations were highest for the 1991

Table 4. Summary of Cohorts Included in Each Analysis and Primary Purpose of the Analysis

Analysis Cohort Enrollment Year Primary Purpose

Main Analysis

All CanCHEC

mCCHS

1991, 1996, 2001

2001–2012

Characterize the shape of the 
concentration–response curve for 
PM2.5 and nonaccidental mortality

Subanalysis

2001 CanCHEC 2001 Exposure sensitivity analysis

Indirect adjustment

Immigrant analysis

Contributing causes of death

Table 5. PM2.5 Distribution by Cohort with Restricted Cubic Spline Lowest (2nd percentile) and Highest (98th percentile) 
Knot Values

2001 1996 1991

100% Maximum 18.50 20.00 20.00

99% 12.30 15.00 17.26

98% (highest knot) 11.70 13.97 17.03

95% 10.70 12.20 14.63

90% 9.80 10.70 12.60

75% Q3 8.23 8.84 9.83

50% Median 6.40 6.75 7.40

25% Q1 4.87 5.04 5.38

10% 3.97 4.10 4.26

5% 3.57 3.67 3.80

2% (lowest knot) 3.00 3.29 3.43

1% 3.00 3.05 3.13

0% Minimum 0.37 0.37 0.37

Mean 6.68 7.18 7.95

Standard deviation 2.24 2.70 3.28

Q = quintile. 

(From Pappin et al. 2019.)
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cohort, moderate for the 1996 cohort, and lowest for the
2001 cohort. Concentrations differences were well within
1 µg/m3 among cohorts for median and lower percentiles,
with greater differences for the higher percentiles, suggest-
ing that greater declines in exposure are observed in loca-
tions with higher levels. Table 6 reports both the number of
person-years and percentage among the categories of mor-
tality predictors for each cohort separately, in addition to
the mean and standard deviation (SD) of PM2.5 assigned to
each category. Males tended to be assigned higher concen-
trations than females in all three cohorts, although the dif-
ference was very small (<1 µg/m3). There was a U-shaped
pattern with age at cohort commencement for all three co-
horts, with concentration declining with age to the 55- to
64-year-olds and then increasing. Immigrants were consis-
tently assigned higher concentrations than nonimmigrants;
however, concentrations were similar over the length of time
that an immigrant subject had lived in Canada. Subjects who
defined themselves as visible minorities had higher assigned
concentrations than those subjects who did not in the 1991
and 1996 cohorts. Subjects who defined themselves as indig-
enous had lower concentrations. Married and common-law
subjects had lower assigned exposures compared with other
marital categories in all cohorts. Exposure monotonically in-
creased with educational attainment in all cohorts. However,
exposure monotonically declined with income. Subjects em-
ployed at the time of the interview had higher exposures
than those who were unemployed. Exposure tended to de-
cline over the occupational class categories moving from
management and professional to semi-skilled and unskilled
workers. Note that the not in the labor force and not-
applicable occupational class categories had the highest

exposures, possibly to due to older subjects who tended to
have higher than average exposures. There was a tendency
for exposure to increase over the quintiles of three of the
CAN-Marg dimensions: residential instability, material de-
privation, and ethnic concentration, with no clear trend for
the fourth dimension, dependence. Exposure generally in-
creased with community size, and for the inner-city catego-
ries of urban form. Of the six airsheds, the East Central
contained 58% of person-years and had the highest expo-
sures. Based on the associations between several geograph-
ic and subject-based covariates, there exists some potential
that adjustment for these variables could influence the
magnitude of our estimates of the PM2.5–mortality associa-
tion.

HR Estimates Table 7 reports the HR and 95% CIs, per
10-µg/m3 for a linear model for each cohort separately and
pooled among the three cohorts. The baseline hazard func-
tion is stratified by categories of immigrant status, age, and
sex for both the DAG and full models. There was a tendency
for the HR to be larger under the full model compared with
the DAG for the 1991 and 1996 cohorts, but smaller for the
2001 cohort. Consequently, there was less variation among
the HRs between cohorts under the full compared with the
DAG models. The Akaike information criterion (AIC) and
Schwarz Bayesian Criterion (SBC) statistics (Table 8)
under the full model are considerably lower than those
under the DAG model, suggesting the addition of the sub-
ject level covariates greatly improves mortality predica-
tion. We therefore focus our interpretation on the results
using the full model.
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Table 8. Akaike Information Criterion (AIC) and Schwarz Bayesian Criterion (SBC) Values with Covariates for PM2.5 
Mortality Models with the 1991, 1996, and 2001 CanCHEC Cohorts

Subject
Characteristic Model Forma

1991 Cohort 1996 Cohort 2001 Cohort

AIC SBC AIC SBC AIC SBC

All respondents
DAG 4,607,944 4,608,266 11,594,177 11,594,525 8,585,618 8,585,956
Full 4,589,687 4,590,227 11,542,271 11,542,854 8,544,931 8,545,498

Immigrant statusb

No DAG 4,176,837 4,177,155 9,618,970 9,619,311 7,037,006 7,037,337
Full 4,159,461 4,159,994 9,571,618 9,572,190 7,000,482 7,001,037

Yes DAG 430,941.7 431,196 1,974,414 1,974,710 1,548,046 1,548,334
Full 429,796.7 430,223.2 1,969,037 1,969,533 1,543,415 1,543,899

Sexb

Female DAG 1,928,558 1,928,853 5,261,734 5,262,057 3,840,820 3,841,133
Full 1,921,461 1,921,955 5,241,019 5,241,561 3,824,369 3,824,895

Male DAG 2,678,893 2,679,198 6,330,959 6,331,288 4,743,882 4,744,202
Full 2,667,590 2,668,102 6,299,445 6,299,996 4,719,449 4,719,986

Age during follow-upb

<65 Years DAG 1,055,226 1,055,499 2,494,220 2,494,518 1,857,729 1,858,018
Full 1,046,185 1,046,644 2,467,224 2,467,724 1,834,585 1,835,069

65–74 Years DAG 1,157,518 1,157,797 2,790,514 2,790,817 1,974,175 1,974,467
Full 1,151,192 1,151,660 2,773,119 2,773,627 1,961,714 1,962,204

>75 Years DAG 2,338,415 2,338,718 6,184,696 6,185,026 4,664,254 4,664,575
Full 2,334,431 2,334,939 6,174,201 6,174,754 4,656,525 4,657,064

Single Pollutant
NO2 DAG 4,607,933 4,608,266 11,594,177 11,594,536 8,585,618 8,585,968

Full 4,589,659 4,590,209 11,542,272 11,542,866 8,544,931 8,545,509
O3 DAG 4,607,936 4,608,268 11,594,051 11,594,410 8,585,488 8,585,837

Full 4,589,621 4,590,171 11,541,701 11,542,295 8,544,452 8,545,030
Ox DAG 4,607,922 4,608,254 11,594,080 11,594,439 8,585,493 8,585,843

Full 4,589,573 4,590,124 11,541,762 11,542,357 8,544,487 8,545,066

Two Pollutantc

NO2 adjustment DAG 4,607,933 4,608,266 11,594,177 11,594,536 8,585,618 8,585,968
Full 4,589,659 4,590,209 11,542,272 11,542,866 8,544,931 8,545,509

O3 adjustment DAG 4,607,936 4,608,268 11,594,051 11,594,410 8,585,488 8,585,837
Full 4,589,621 4,590,171 11,541,701 11,542,295 8,544,452 8,545,030

Ox adjustment DAG 4,607,922 4,608,254 11,594,080 11,594,439 8,585,493 8,585,843
Full 4,589,573 4,590,124 11,541,762 11,542,357 8,544,487 8,545,066

a The directed acyclic graph (DAG) model is stratified by 5-year age groups by age at baseline, sex, and immigrant status and includes the geographic-based 
covariates: four Can-Marg index dimensions, urban form, community size, and airshed. The full model is stratified by 5-year age groups by age at baseline, 
sex, and immigrant status and includes the geographic-based covariates: four Can-Marg index dimensions, urban form, community size, and airshed; and the 
subject-based covariates: marital status, education, income quintile, indigenous status, visible minority status, employment status, and occupational class.

b Note that the models by immigrant status are not stratified by immigrant status. The models by sex are not stratified by sex.

c PM2.5 always uses 10 units; copollutants use: O3 10.20 ppb, NO2 6.63 ppb, Ox 8.05 ppb.

(From Pappin et al. 2019, Supplemental Material.)
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When all subjects were considered together, HR esti-
mates were similar for the 1991 and 1996 cohorts (HR =
1.041) with a larger estimate observed for the 2001 cohort
(HR = 1.084) (Table 7). The pooled cohort HR estimate was
1.053 (95% CI: 1.041–1.065). HR estimates for nonimmi-
grants were higher than for immigrants in the 1991 and
1996 cohorts, but lower in the 2001 cohort. HR estimates
for males were higher than for females in the 1991 and
1996 cohorts but lower in the 2001 cohort. The pooled
cohort HR estimates were higher for males (HR = 1.06)
than for females (HR = 1.03). HR estimates declined with
age in all three cohorts, however.

Shape of Association Between PM2.5 and Mortality
The shape of the association between PM2.5 and mor-

tality is displayed in Figure 12 for the three cohorts sepa-
rately, based on the RCS model with 15 knots (solid red
line). Note that these shapes represent the HRs for each
level of exposure, relative to a HR of 1 at a counterfactual
concentration of 0.4 µg/m3, the lowest concentration
observed in the data. These nonlinear HRs therefore
cannot be directly compared with those assuming a linear
relationship with concentration (e.g., a 10-µg/m3 change as
in Table 7). The marginal change in risk for a nonlinear
model will vary by concentration, while the marginal

Figure 12. CanCHEC Cohort (1991, 1996, 2001) and pooled cohort HR predictions. These were based on RCS with 15 knots (solid red line) with 95% confi-
dence intervals applied to the RCS predictions (dashed red line) and SCHIF (solid blue line) with uncertainty bounds (gray-shaded area). Tick marks on the
PM2.5 axis indicate the 1st, 5th, 10th, 25th, 50th, 75th, 90th, 95th, and 99th percentiles of person-year based PM2.5 distribution.
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change for the linear model is constant for all concentra-
tions. The marginal change for a supralinear model, such
as those observed in this study, will be greater than that of
a linear model for lower concentrations, and less than the
linear model for higher concentrations. For each cohort,
the RCS increased rapidly over lower concentrations,
slightly declined between the 25th and 75th percentiles,
and then increased beyond the 75th percentile. The steep-
ness of the increase in the RCS over lower concentrations
appeared to diminish as the cohort start date increased.
The SCHIFs (solid blue line) displayed a similar supra-
linear association in each of the three cohorts but with less
curvature due to constraints on the amount of allowable
curvature. Thus, the SCHIF for the 2001 cohort was a
better predictor of this increase than the SCHIF for the
1996 cohort, and still better than the SCHIF for 1991
cohort. These shapes are for single-pollutant (PM2.5)
models only. Our model for the RCS SEs as a function of
concentration (the gray-shaded areas of Figure 12) gener-
ally approximates the observed RCS SEs (dashed red lines
of Figure 12).

Main Analysis: Nonaccidental Mortality (Pooled CCHS)

We pooled several cycles of the CCHS for simultaneous
analysis of the shape of the concentration–response associ-
ation between PM2.5 and nonaccidental mortality in a 15-
year follow-up period. Exposure to PM2.5 was higher in
women, more recent immigrants, and nonindigenous
people. Being single, university educated, and in the
poorest income quintile were also associated with higher
exposures (Christidis et al. 2019). Higher exposure to
PM2.5 was observed in people living in the largest CMAs
and in the East Central airshed (which includes the cities
of Toronto and Montreal). Lower mortality rates were
observed in immigrants and nonindigenous people. Being
employed, holding a university degree, and being married

were associated with a lower risk of mortality. We
observed clear trends showing mortality rates decreased as
income increased and as immigrants lived longer in
Canada. Descriptive statistics and mortality HRs for
covariates are provided in Table 9.

To more directly compare with our model building
strategy employed for the CanCHEC cohorts, we examined
three model specifications comprising different sets of
covariates in addition to models in which covariates were
included if they led to a change in the HR by more than
10%. The first model was the DAG model (Figure 3B) con-
sisting of urban form, airshed, community size, and the
four CAN-Marg components. The second model included
the DAG covariates plus covariates that were available in
CanCHEC, such as income, education, marital status,
indigenous status, visible minority, and employment
status (DAG+SES). (Note that the occupational class vari-
able was included in CanCHEC but is not available in the
CCHS.) The third and final model (DAG+SES+BEHAV)
also included the variables only available in the CCHS:
smoking behavior, alcohol consumption, BMI, exercise,
and fruit and vegetable consumption. The HR estimates
declined with increasing model complexity, ranging from
the DAG (HR = 1.16, 95% CI: 1.09–1.24), DAG+SES (HR =
1.11; 95% CI: 1.04–1.18), to the smallest HR under the
most complex DAG+SES+BEHAV model (HR = 1.08, 95%
CI: 1.02–1.16) (Table 10). Using the DAG+SES+BEHAV
model, we observed a supralinear concentration–response
shape with a steep increase in the spline predictions below
5 µg/m3, with a more modest change above 5 µg/m3

(Figure  13). The SCHIF displayed a similar pattern with
much less curvature. We note caution in interpreting spe-
cifics about this shape since the uncertainty bounds are
considerable (Figure 13), in part due to the potential over-
fitting by using 15 knots
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Table 10. Cox Proportional HRs for Nonaccidental Mortality per 10-µg/m3 Increase in PM2.5, for the mCCHS Cohort 
(50,700 Nonaccidental Deaths)a

Model

95% CI

HR Lower Upper −2 LLb

Unadjusted (Stratified by Age, Sex, and Immigrant Status) 1.02 0.97 1.07 727,818.2

Geography Covariates (Unadjusted Model +)
   Airshed 1.15 1.08 1.21 727,730.2
   Census metropolitan area / census agglomeration Size 1.08 1.02 1.14 727,774.8
   Urban form 1.07 1.02 1.13 727,609.4
   Can-Marg: residential instability 1.01 0.96 1.06 727,817.1
   Can-Marg: dependency 1.01 0.97 1.06 727,712.3
   Can-Marg: material deprivation 1.05 1.00 1.10 727,730.0
   Can-Marg: ethnic concentration 0.98 0.93 1.03 727,798.0

Adjusted by all geography covariates (DAG) 1.16 1.09 1.24 727,264.4

Socioeconomic Covariates (Adjusted by Geography Covariates +)
   Visible minority identity 1.16 1.09 1.24 727,194.5
   Indigenous identity 1.17 1.10 1.25 727,100.8
   Educational attainment 1.15 1.07 1.22 725,933.7
   Marital status 1.14 1.07 1.22 725,853.8
   Income quintile 1.12 1.05 1.19 724,395.7
   Employment status 1.16 1.09 1.24 725,155.3

Adjusted by all geography + socioeconomic covariates (Full model - mostly 
comparable to CanCHEC) "DAG+SES"

1.11 1.04 1.18 721,830.7

Behavioral Covariates (Adjusted by Geography + Socioeconomic Covariates + )
   Fruit and vegetable consumption 1.12 1.05 1.19 721,424.6
   Leisure exercise frequency 1.10 1.03 1.17 718,877.7
   Alcohol consumption 1.10 1.03 1.17 720,673.8
   Smoking behavior 1.11 1.04 1.18 717,041.2

Adjusted by all geography + socioeconomic + behavioral covariates  
"DAG+SES+BEHAV"

1.08 1.02 1.16 713,549.1

a Covariates are included one at a time in unadjusted model. 

b LL = log-linear; Q = quintile.
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We conducted additional analyses to evaluate model
sensitivity based upon an unadjusted model stratified only
by age, sex, and cycle with stepwise addition of covariate,
as described in Christidis and colleagues (2019). The mod-
eling results using the 10% rule were similar to those of
the three models that were defined a priori. We observed
similar HR estimates based on these two different
approaches to model building. All covariates except for
BMI, employment status, and urban form met the 10% sen-
sitivity criteria and were included in the final model.
When we added the behavioral covariates to a model that
included only socioeconomic covariates, the HR increased
from 1.05 (95% CI: 1.00–1.09) to 1.09 (95% CI: 1.05–1.15)
per 10 µg/m3 increase in exposure (Table 11). Conversely,
when we added the behavioral covariates to a (final) model
that included both the socioeconomic and ecological
covariates, they lowered the PM2.5 HR 2.3% from 1.13
(95% CI: 1.06–1.21) to 1.11 (95% CI: 1.04–1.18). This sug-
gests that behavioral covariates associated with mortality,
and typically not found in census-based cohorts, do not
dramatically confound the PM2.5–mortality relationship.
Mortality risks associated with exposure to PM2.5 were
increased for males (male HR = 1.13 and female HR =

1.09), those under age 65 (<65 years HR = 1.14, >65–74
years HR = 1.13, and ≥ 75 years HR = 1.04), and nonimmi-
grants (nonimmigrant HR = 1.14 and immigrant HR = 0.98)
(Table 12). HRs for PM2.5 and mortality were attenuated
when gaseous pollutants were included in the models
(Table 13).

Subanalysis: Exposure Measurement Sensitivity

Even though the magnitudes of association between
PM2.5 and mortality at low mass concentrations may be
influenced by the temporal and spatial scales of exposure
assessment, few studies have specifically examined this
question. In this subanalysis, 2.4 million people in the
2001 CanCHEC were followed between 2001 and 2011 for
nonaccidental and cause-specific mortality. We assigned
PM2.5 exposures employing satellite-based estimates to
residential locations using exposure assignment for three
different temporal moving averages (1 year, 3 years, and 8
years), and three spatial scales (1 km2, 5 km2, and 10 km2)
were compared. We also examined different spatial scales
based on age, employment status, and urban/rural loca-
tion, as well as adjustment for O3, NO2, or Ox. Correlations

Figure 13. CCHS cohort HR predictions. These were based on RCS with 15 knots (solid red line) with 95% confidence intervals applied to the RCS predic-
tions (dashed red line) and SCHIF (solid blue line). RCS 95% confidence intervals (dashed red line) and SCHIF uncertainty bounds (gray area) are shown.
Tick marks on the PM2.5 axis represent the 15 knot locations. The plot is truncated at the 99th percentile of the PM2.5 distribution, as the RCS is linear
beyond the last (98th percentile) knot, which can distort the SCHIF shape. 
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Table 11. Cox Proportional HRs for Nonaccidental Mortality per 10-µg/m3 Increase in PM2.5, for the CCHS Cohort, All 
Respondents

Model HR

95% CI

	2 LLaLower Upper

Unadjusted (Stratified by Age, Sex, and Cycle) 0.96 0.92 1.00 769,047.5

Socioeconomic Covariates (Unadjusted Model +)
Visible minority identity 0.98 0.93 1.02 768,923.2
Indigenous identity 0.98 0.94 1.03 768,812.8
Immigrant status 1.02 0.98 1.07 768,784.2
Educational attainment 1.05 1.01 1.10 767,553.7
Marital status 0.92 0.88 0.96 767,479.4
Income quintile 0.94 0.90 0.98 766,080.2

Adjusted by socioeconomic covariates 1.05 1.00 1.09 764,396.4

Behavioral Level Covariates (Unadjusted Model +)
Fruit and vegetable consumption 1.00 0.96 1.05 768,304.6
Leisure exercise frequency 1.00 0.96 1.05 768,304.6
Alcohol consumption 1.04 1.00 1.09 766,726.1
Smoking behaviors 0.97 0.93 1.02 762,432.6

Adjusted by all socioeconomic + behavioral covariates 1.09 1.05 1.15 756,074.0

Contextual Covariates (Adjusted by Socioeconomic Covariates +) (DAG Model)
Ethnic concentration 1.00 0.95 1.05 764,411.6
Material deprivation 1.04 0.99 1.09 764,411.2
Residential instability 1.06 1.01 1.11 764,408.0
Census Metropolitan Area/Census Agglomeration size 1.04 0.98 1.09 764,401.7
Airshed 1.11 1.05 1.17 764,378.8
Dependency 1.03 0.98 1.08 764,314.1

Adjusted by all socioeconomic + ecological covariates 1.13 1.06 1.21 764,157.5

Contextual Covariates (Adjusted by Socioeconomic + Behavioral Covariates +)
Ethnic concentration 1.05 1.00 1.10 756,050.7
Material deprivation 1.12 1.07 1.17 756,049.0
Census metropolitan area/census agglomeration size 1.05 0.99 1.10 756,039.5
Dependency 1.08 1.03 1.13 755,985.4
Airshed 1.11 1.05 1.17 755,969.1
Residential instability 1.08 1.03 1.13 755,962.9

Final Model (Adjusted by all Socioeconomic + Behavioral + Contextual Covariates)
1.11 1.04 1.18 755,760.2

a LL = log-linear.

From Christidis et al. 2019; Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).
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Table 12. Cox Proportional HRs for Nonaccidental Mortality per 10-µg/m3 Increase in PM2.5, for the CCHS Full Cohort 
and for the CCHS Final Model Separated by Sex, Age at Survey Date, and Immigrant Status

HR Lower Upper

Full Cohorta 1.11 1.04 1.18

Sexb

Male 1.13 1.03 1.23
Female 1.09 0.99 1.19
Pooled HR 1.11 1.04 1.18

Ageb

Under 65 1.14 1.01 1.29
65–74 1.13 1.01 1.27
75 or over 1.04 0.94 1.16
Pooled HR 1.10 1.03 1.17

Immigrant statusb

Nonimmigrant 1.14 1.07 1.23
Immigrant 0.98 0.83 1.16
Pooled HR 1.12 1.05 1.19

a Excludes immigrants who have been living in Canada for fewer than ten years.

b The Cochrane Q was calculated for the final model HRs to test for significant differences between groups (males vs. females, under 65 vs. 65–74, under 65 
vs. 75 or over, nonimmigrants vs. immigrants), and no P values were below 0.05.

From Christidis et al. 2019; Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).

Table 13. Cox Proportional HRs for Nonaccidental Mortality and PM2.5, NO2, O3, and Ox, and Multiple-Pollutant Models 
for the CCHS Cohorta

Pollutantb HR Lower (95% CI) Upper (95% CI) 	2 LL SBC AIC

Single-Pollutant Models

PM2.5 1.03 1.01 1.05 755,760.2 756,453.5 755,888.2

O3 1.05 1.03 1.07 755,742.1 756,435.4 755,870.1

NO2 1.03 1.02 1.05 755,756.9 756,450.3 755,884.9

Ox 1.06 1.04 1.09 755,734.0 756,427.3 755,862.0

Multiple-Pollutant Models

PM2.5, 1.01 1.00 1.03
O3 1.05 1.03 1.07 755,740.0 756,444.2 755,870.0

PM2.5, 1.02 1.00 1.04
NO2 1.03 1.01 1.05 755,753.4 756,457.6 755,883.4

PM2.5, 1.01 0.99 1.03
Ox 1.06 1.04 1.09 755,733.7 756,437.9 755,863.7

PM2.5, 1.00 0.98 1.02
O3, 1.05 1.03 1.07
NO2 1.03 1.01 1.05 755,732.5 756,447.5 755,864.5

a HRs are per increase in interquartile range: PM2.5 2.80 µg/m3, O3 10.20 ppb, NO2 6.63 ppb, Ox 8.05 ppb.

b The combined oxidant capacity of NO2 and O3.

LL = log-linear. 

From Christidis et al. 2019; Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).
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Table 14. Correlations Between Exposure Variables in Exposure Sensitivity Analyses for the 2001 CanCHEC Cohorta

PM2.5 (1 yr) PM2.5 (8 yr) PM2.5 (10 km2) Ox O3 NO2

PM2.5 (3 yr) 0.893 0.858 0.759 0.676 0.503 0.582

PM2.5 (1 yr) 1 0.771 0.713 0.616 0.445 0.553

PM2.5 (8 yr) 1 0.650 0.758 0.580 0.624

PM2.5 (10 km2) 1 0.602 0.462 0.492

Ox 1 0.894 0.592

O3 1 0.168

a PM2.5 10 km2 is measured as a 3-year moving average; PM2.5 1 yr, PM2.5 3 yr, and PM2.5 8 yr are measured at 1-km2 spatial resolution. 

between the exposure variables used in this analysis are
presented in Table 14.

Longer moving averages and smaller spatial scales
resulted in improved model fit and stronger associations
between PM2.5 and mortality (Figure 14). In this analysis,
the 8-year moving average consistently resulted in the
strongest associations (and lowest AIC values) among the
different temporal scales, with the exception of lung cancer
mortality, for which a 3-year moving average resulted in
the best fitting models. We found in general that the 1-km2

buffer size resulted in the strongest associations and lowest
AIC values. Compared with cardiovascular outcomes,
respiratory and lung cancer mortality were more sensitive
to the spatial scale of exposure assessment (Figures 14 and
15). For all outcomes, varying the buffer size according to
age, employment status, or urban/rural status attenuated
HRs slightly and did not improve model fit.

Adjustment for oxidant gases attenuated associations
between PM2.5 and cardiovascular disease mortality,
strengthened associations between PM2.5 and lung cancer
mortality, and was included in all of the best fitting
models. We observed an association between PM2.5 with
increased mortality in nearly all of the models examined,
with the exception of cerebrovascular disease mortality at a
1-km2 spatial resolution. These findings further support
the relationship between long-term exposure to PM2.5 at
low mass concentrations and mortality and suggest the
importance of longer exposure windows, more spatially
resolved exposure metrics, and copollutant adjustment in
characterizing this relationship.

Important advantages of this analysis include a large
population-based cohort with detailed exposure data for
multiple pollutants. However, it is important that several
limitations be noted. Data availability limited our choices

of spatial- and temporal-scales. Longer exposure windows
will be able to be considered in the future as follow-up
time increases. O3 data were available on a relatively broad
spatial scale (21 km2), and while consistent with most
prior analyses and with the generally regional scale of this
pollutant, this spatial resolution would not address near-
road O3 scavenging by NO, for example. Our results may
have been impacted by exposure measurement error for
this pollutant. This could contribute to residual con-
founding in models adjusted for O3 and Ox and lead to
underestimation of the true impact of O3/Ox on HRs for
PM2.5.

Subanalysis: Indirect Adjustment

At baseline (2001) both the CanCHEC and CCHS cohorts
had very similar PM2.5 distributions across population
characteristics, although levels for CCHS participants were
consistently 1.8–2.0 µg/m3 lower (Table 15). Applying
sample weighting largely corrected for this discrepancy.

Results of the validation tests are presented in Figure 16
for four different causes of mortality: nonaccidental, car-
diovascular diseases, ischemic heart disease, and lung
cancer. The true model is the gold-standard model showing
HRs adjusted for education and income, whereas the par-
tial model shows HRs with education and income
removed. The internal validation tests showed minimal
downward bias in PM2.5 mortality HRs of 0.4% to 0.6%
using a static exposure and 1.7% to 3% using a time-
varying exposure measure. The external validation of the
CCHS as the ancillary data set showed slight upward bias
of −0.7% to −1.2% and downward bias of 1.3% to 2.3%
using the static and time-varying approaches respectively.

The CCHS was found to be fairly well representative of
CanCHEC, and its use in Canada for indirect adjustment is
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Figure 14. HRs (95% CIs) for PM2.5 and (A) nonaccidental, (B) respiratory, and (C) lung cancer mortality in the 2001 CanCHEC cohort–exposure sensitivity
analysis. The individual scale facet reflects different buffer sizes (1 km2 vs. 10 km2) by age, employment status, and urban or rural status. Oxidant gas facets
reflect PM2.5 models adjusted for oxidant gases. Relative AIC values closest to zero indicate the best-fitting models. HRs reflect a 3-year moving average and
1-km2 spatial scale if not otherwise indicated.
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Figure 15. HRs (95% CIs) for PM2.5 and (A) cardiometabolic, (B) cardiovascular, and (C) ischemic heart disease in the 2001 CanCHEC cohort–exposure
sensitivity analysis. The individual scale facet reflects different buffer sizes (1 km2 vs 10 km2) by age, employment status, and urban or rural status. Oxidant
gas facets reflect PM2.5 models adjusted for oxidant gases. Relative AIC values closest to zero indicate the best fitting models. HRs reflect a 3-year moving
average and 1-km2 spatial scale if not otherwise indicated.
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warranted. This analysis suggested a possible downward
bias adjustment in CanCHEC (2001 cohort) of 2%–3.5%
where the adjustment bias percentage is calculated as
([HRfull − HRadj] / HRfull) × 100.

Figure 17 shows the adjustment correction of indirectly
adjusted models missing four common confounding risk
factors (smoking, diet, exercise, and alcohol use). These
models are compared with equivalent models using the
mCCHS cohort, which is directly adjusted by the same risk
factors. With the exception of lung cancer, indirect adjust-
ment for the missing risk factors in the individual
covariate models increases the HRs consistent with the
mCCHS. The individual + ecological covariate models
include CAN-Marg, CMA-size, and airshed. These show
the opposite adjustment direction, lowering the HRs after
(indirect) adjustment for the missing risk factors. This
adjustment direction and magnitude is comparable with
observed values from the mCCHS. With the exception of
ischemic heart disease, the weighted indirect adjustment
performed slightly better for all mortality outcomes com-
pared with the unweighted version using the mCCHS
adjustment correction as the guidepost. Indirect adjust-
ment for lung cancer was found to be inconsistent.

Analyses including indirect adjustment and sensitivity
to indirect adjustment will be included in the final report.
In this report we also assess the impact of behavioral risk
factors through the comparison of HRs between models
with the same covariates in the CCHS and CanCHEC
cohorts and sequential inclusion of behavioral risk factors
in the CCHS cohort.

Subanalysis: Immigrant Effect Analysis

We examined the mortality impacts of exposure to
PM2.5 on the immigrant population in the 2001 CanCHEC
cohort (Erickson et al. In press.). Immigrants on average
had 20% higher exposure to ambient PM2.5 compared with
nonimmigrants (9.3 µg/m3 vs. 7.5 µg/m3). Mean PM2.5
exposure increased slightly with shorter duration in
Canada. Clear differences in cohort characteristics were
observed between nonimmigrants, established immigrants
(pre-1971) and more recent immigrants (1971–2000), and
even further distinction was observed among recent immi-
grants (post-1980). Recent immigrants were generally
younger, and included a greater proportion of women, vis-
ible minorities, married individuals and those with higher
education, but were also more likely to have lower
incomes and to be unemployed. As most immigrants live
in the largest metropolitan areas, all immigrant groups
were more likely to live in the Western (i.e., Vancouver) or
East Central (i.e., Toronto, Montreal) airsheds. Recent
immigrants were also more likely to live in neighborhoods
with higher ethnic population density and with a
younger, working class demographic (i.e., low neighbor-
hood dependence).

Figure 18 shows the relationship (HRs and 95% CIs)
between PM2.5 and nonaccidental and cause-specific mor-
tality among the immigrant and nonimmigrant populations.
These results show that the risk for nonaccidental, cardio-
vascular, cardiometabolic, ischemic heart disease, and

Table 15. Adjustment Bias (%) of Indirect Adjustment of Missing Risk Factors on PM2.5 HRs for Different Causes of Death 
in the 2001 CanCHEC Cohort with Comparison to Equivalent Models Using the mCCHS Cohort

CanCHEC Modela mCCHS Modelb

Unadjusted 1.201 (1.171–1.231) 1.163 (1.002–1.348)
Adjusted 1.161 (1.126–1.197) 1.136 (0.979–1.318)
Weighted adjustment 1.178 (1.142–1.214) —
Adjustment bias (%)c 	3.5 	2.4
Weighted adjustment bias (%)d 	2.0 —

a CanCHEC model stratified by 5-year age-sex groups, adjusted by marital status, visible minority, indigenous identity, employment, income quintile, 
education, CAN-Marg index, community size, airshed, and indirectly adjusted for smoking, alcohol use, exercise, diet. Excludes all immigrants.

b mCCHS: equivalent model using CCHS-mortality linked cohort with no indirect adjustment.

c Adjustment bias% calculated using: ([HRadjust − HRunadjust] / HRadjust) × 100.

d Weighted: indirect adjustment used sample weight (W-matrix).
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Figure 17. Adjustment correction (%) of indirect adjustment for missing behavioral risk factors on PM2.5-mortality HRs in the 2001 CanCHEC. Individual
model: stratified by 5-year age–sex groups, adjusted by marital status, visible minority, indigenous identity, employment, income quintile, and education —
indirectly adjusted by smoking, alcohol use, exercise, and diet. Individual + ecological model: includes CAN-Marg index, community size, airshed. mCCHS:
equivalent models using the CCHS-mortality linked cohort — directly adjusted by smoking, alcohol use, exercise, diet. Weighted vs. unweighted models
used sample weights (W-matrix) in the indirect adjustment formula. Adjustment correction % = ([HRadjust − HRunadjust] / HRadjust) × 100. (Reprinted from
Erickson et al. 2019 with permission from Elsevier.)

Figure 18. Adjusted HR (95% CI) of PM2.5 for cause-specific mortality, per 10-µg/m3 PM2.5 increase, among all foreign-born (FB) immigrants and Cana-
dian-born (CB) nonimmigrants in the 2001 CanCHEC. HRs are stratified by sex and by 5-year age groups and adjusted for: visible minority, indigenous iden-
tity (CB models only), marital status, education, income quintile, employment status, occupational class, community size, urban form, airshed, and for
neighborhood instability, deprivation, dependency, and ethnic concentration. COPD = chronic obstructive pulmonary disease. (From Erickson et al. in press,
with permission of Health Reports.)



57

M. Brauer et al.

57

cerebrovascular causes of mortality with increased PM2.5
exposure tended to be higher for immigrants compared with
nonimmigrants, but tests for differences between the two
groups were not significant using the Cochran Q test. The
models stratified by number of years since immigration are

shown in Figure 19. Recent immigrants tended to exhibit
similar or greater sensitivity to PM2.5 exposure compared
with established immigrants and nonimmigrants in fully
adjusted models, although the ability to interpret observed
trends is challenged by wide CIs. The impact of place of

Figure 19. HR (95% CI) of PM2.5 for cause-specific mortality, per 10-µg/m3 PM2.5 increase, by immigrant status in the 2001 CanCHEC. HRs are adjusted for
visible minority, indigenous identity (CB models only), marital status, education, income quintile, employment status, occupational class, community size,
urban form, airshed, and for neighborhood instability, deprivation, dependency, and ethnic concentration. (From Erickson et al. in press, with permission of
Health Reports.)
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birth, age at immigration, and neighborhood ethnic 
concentration, while themselves important mortality risk
factors, on PM2.5-related mortality was negligible (results 
not shown).

Subanalysis: Contributing Causes of Death

Co-mention of type 2 diabetes on death certificates of 
2001 CanCHEC participants increased the risk for cardio-
vascular disease mortality with exposure to PM2.5 (HR = 
1.51, 95% CI: 1.39–1.65 per 10 µg/m3) as compared with 
all cardiovascular disease deaths (HR = 1.25, 1.21–1.29) or 
cardiovascular disease deaths without co-mention of type 
2 diabetes (HR = 1.20, 1.16–1.25). CCHS subjects with type 
2 diabetes who used insulin or medication (included as 
proxies for diabetes severity) had a higher risk for cardio-
vascular disease deaths from exposure to PM2.5 (HR = 1.51, 
1.08–2.12) compared with the risk for cardiovascular dis-
ease death for all respondents (HR = 1.31, 1.16–1.47). 
Details are provided in the study by Pinault and colleagues 
(2018).

DISCUSSION

The pooled CanCHEC analysis represents the largest
population-based air pollution cohort analysis conducted
to date, with 8.5 million adults and 150 million person-
years of follow-up and nearly 1.5 million deaths included.
An HR of 1.053 (95% CI: 1.041–1.065) per 10 µg/m3 change
in  PM 2 . 5  was  observed a f ter  pool ing  the  three
cohort-specific HRs. The HRs varied among cohorts, with
similar HRs observed for the 1991 and 1996 cohorts (HR =
1.041) and a larger observed HR for the 2001 cohort (HR =
1.084). It should be noted that the relationship between
PM2.5 exposure and mortality is not fully characterized by
HR estimates based on a log-linear model. To characterize
this relationship, we relied on two methods. The first was
to fit an RCS with a very large number of knots (15),
enabling us to visually inspect detailed patterns in the HR
estimates over the range of exposures. We then summa-
rized the RCS predictions in a manner that we suggest is
useful for impact and benefits assessment; we fit the
SCHIF to the RCS predictions for each cohort separately.
The RCS and SCHIFs revealed a supralinear association in
each cohort. The RCS predictions appeared to display less
curvature with the more recent start dates of the cohorts.

Variation among the cohorts in the sensitivity of
covariate model specification was observed. For both the
1991 and 1996 cohorts, larger HR estimates were yielded
by the full model compared with the DAG model. The
opposite pattern was observed in the 2001 cohort. As the

change in exposure among the covariate categories was
similar in all three cohorts, it is not clear why such pat-
terns occurred (Table 5), although generally declining con-
centrations over time may explain the decreasing
differences in exposure among the categories with more
recent cohort start dates. There is, however, one major dif-
ference between the 2001 cohort and the 1991 and 1996
cohorts. As we examined a three-year moving average, the
PM2.5 exposure window lagged by one year in all analyses;
for the 2001 cohort, the initial exposure window assigned
to the 2001 follow-up year was a 1998–2000 average; thus,
there were no backcasted exposures in the 2001 CanCHEC
analysis. Also, the 1991 cohort used more backcasted
exposures compared with the 1996 cohort.

We have chosen to fit the RCS with a very large number
of knots in order to characterize a variety of shapes associ-
ating PM2.5 exposure with mortality. We have not chosen
to build RCS models based on both the number and loca-
tion of knots, since this could potentially take numerous
computer runs, and thus would not be any more efficient
than the Nasari and colleagues (2016) SCHIF fitting proce-
dure. We will, however, consider in the final report a more
judicious selection of knots by selecting several knots for
low concentrations, say below the 25th percentile, pos-
sibly a single knot at the 50th percentile, and then several
more knots above the 75th percentile. In this manner we
will focus effort on modeling the shape of the curve at both
the low and high concentration ends, with fewer knots
located in the concentration range connecting the shapes
between these exposure extremes. We suggest that the
uncertainty in the RCS predictions could decrease with a
smaller number of well-placed knots yielding similar pre-
dictive power.

This current work supports the observations of a supra-
linear concentration–response similar to that reported in
Crouse and colleagues (2012 and 2015) for the 1991 cohort,
and Pinault and colleagues (2017) for the 2001 cohort. The
observation that the PM2.5 HR can be partially explained
by NO2 and fully explained by O3 also supports previously
reported results (Crouse et al 2015). We have previously
postulated that PM2.5 mass toxicity is enhanced in the
presence of the redox potential (Ox) of these two gases
(Weichenthal et al. 2017). In the final report, we plan to
examine the shape of the association with PM2.5 and mor-
tality in locations with varying levels of Ox to further
explore this relationship.

The mCCHS (Pinault et al. 2016b) was updated with a
new linkage of survey respondents to death records, inclu-
sion of additional survey cycles, extension of the annual
residential history and mortality follow-up period, a finer
scale of air pollution exposure, time-varying ecological

https://journals.lww.com/epidem/fulltext/2018/11000/Diabetes_Status_and_Susceptibility_to_the_Effects.6.aspx
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covariates, and the inclusion of immigrants. We found that
exposure to PM2.5 was associated with an 11% increase in
nonaccidental mortality per 10-µg/m3 after extensive
adjustment for socioeconomic, behavioral, and ecological
covariates. The inclusion of behavioral covariates in a
model adjusting for socioeconomic covariates led to a 4%
increase in the HR, whereas their addition to a model
including socioeconomic and ecological covariates low-
ered the PM2.5 HR by 2%. These adjustment corrections of
PM2.5 HRs from the inclusion of behavioral covariates are
similar in magnitude and direction to those estimated
using the indirect adjustment methodology on a subset of
the mCCHS-based longitudinal mortality cohort (Erickson
et al. 2019). This study, through its inclusion of multiple
covariates and an explicit a priori analysis approach for
model building, therefore provides the most extensive evi-
dence to date that, in the Canadian context, missing data
on behavioral risk factors for mortality have a minimal
confounding bias on the PM2.5–mortality association.

The HR for the full CCHS cohort (1.11, 95% CI: 1.04–
1.18) was similar to that of a cohort in the United States
(1.13, 1.05–1.22) that included adjustment for individual-
level socioeconomic and behavioral covariates (Hart et al.
2015). Similarly, Burnett and colleagues (2018) reported a
pooled HR of 1.09 (1.05–1.12) for a 10-µg/m3 change in
long-term exposure to PM2.5 and nonaccidental mortality
in 36 cohorts drawn from around the globe that included
behavioral risk factors. In contrast, the pooled CanCHEC
analysis produced PM2.5–mortality HRs that were 6%
lower (1.05, 1.04–1.07). However, the 2001 HR of 1.08
(1.06–1.11) was more similar to the global results and to
the CCHS. This may be due to both the 2001 CanCHEC and
CCHS using the same exposure model (1998–2015) and
follow-up time (2001–2016); it is supported by the differ-
ences in effect estimates for the 2001 versus 1991 and 1996
CanCHEC cohorts. The CCHS sampling design was also
different than that for CanCHEC. In particular, CCHS sub-
jects were oversampled by health region compared with
the region’s population, in order to obtain interpretable
information at the health region level, whereas CanCHEC
was sampled by population. Accordingly, a higher propor-
tion of CanCHEC subjects were sampled in large cities
compared with that for CCHS, where air pollution is typi-
cally higher, and residents are healthier.

The CCHS cohort and the analysis were limited by the
data available. Postal code history was derived from tax
and administrative data. Historical postal codes reflect the
mailing addresses as reported on tax returns, which are not
necessarily the same as residences; in 92.9% of cases the
postal code reflects the person’s residence at time of
survey (Bérard-Chagnon 2017). Actual exposure may not

be reflected by outdoor PM2.5 ambient levels at a person’s
residence. In our sensitivity analysis performed with the
2001 CanCHEC, we found that finer-scale resolution
(1-km2) estimates of PM2.5 resulted in higher HRs and
lower AIC values in the PM2.5–mortality model for nonac-
cidental death compared with those using a 10-km2 or
5-km2 grid. This indicates that exposure estimates more
specific to a person’s residence are appropriate (Crouse et
al. 2019). While the NO2 exposure estimates were at a high
spatial resolution (100 m2), those for O3 were at a rela-
tively more coarse resolution and may have resulted in
exposure misclassification. Gaps in postal code history
were imputed under the assumption that the participant
did not leave the country or community during the study
period. In assigning ecological covariates by postal code,
misclassification may occur from taking the mode or mean
when estimating a single value to represent multiple
points of latitude and longitude for a single postal code.
Similar limitations were also present in the CanCHEC
cohorts. In contrast to the CanCHEC cohorts, the CCHS
cohort does not completely represent the full Canadian
population. Also, subjects were removed in creating this
cohort if they did not consent to data linkage or if they
could not be linked to the Social Data Linkage Environ-
ment. Although behavioral covariates were included in
this cohort, these were self-reported, and there were
missing responses in some cases. We used dummy vari-
ables to code missing information instead of excluding
nonrespondents outright to avoid introducing bias into the
analysis. Lastly, the cohort is limited by follow-up, with
some persons having as few as four years of follow-up
(with a maximum follow-up of 15 years), whereas follow-
up in CanCHEC was at least 15 years and as long as 25
years.

In the CCHS analyses, the risk of nonaccidental mor-
tality from exposure to PM2.5 was 4% higher in males com-
pared with females; a similar difference was observed in
CanCHEC (HR = 1.06 for males and HR = 1.03 for females).
In both the CCHS and CanCHEC cohorts HRs were larger
for younger ages.

Of direct relevance to Canada, where immigrants com-
prise approximately 20% of the population, we incorpo-
rated stratified analyses by immigrants (>10 years since
immigration), compared with those participants born in
Canada. Immigrants have greater overall survival, and
their sensitivity to the impact of PM2.5 on survival was
somewhat lower than those participants who were born in
Canada in both the 1991 and 1996 CanCHEC analyses and
much lower in the CCHS (nonimmigrant HR = 1.14 and
immigrant HR = 0.98). However, in the 2001 CanCHEC, the
nonimmigrant HR = 1.09 was similar to that of immigrants
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(HR = 1.11). This may be due to the further adjustment for
behavioral risk factors in the CCHS and the oversampling
of rural areas with fewer immigrants. The larger effects for
nonimmigrants in the CCHS and in the 1991 and 1996
CanCHEC cohorts may result from the healthy immigrant
effect (Beiser 2005, Ng 2011, Omariba et al. 2014) and may
also be influenced by the preferential settlement of immi-
grants into the largest cities, which have higher PM2.5
exposure. Reasons for the different patterns in the 2001
CanCHEC are unclear, but they may result from changes in
immigration patterns or their patterns of settlement within
Canada.

Findings from the exposure assessment sensitivity sub-
analyses suggest that there are stronger associations
between PM2.5 and mortality with longer-term moving
averages and smaller spatial scales (1 km2 vs. 10 km2). To
our knowledge, there were no previous studies specifically
examining the sensitivity of PM2.5–mortality associations
to the spatial scale of exposure assessment. In their evalu-
ation of PM2.5 and birthweight, Ebisu and colleagues
(2014) examined different spatial buffers (5–30 km2) and
noted that the magnitude of the PM2.5 and birthweight
association was not sensitive to the spatial scale of expo-
sure assessment, but that there were variations in relation-
ships for PM2.5 constituents across different spatial scales.
In at least one other study, the authors evaluated the
impact of different temporal scales of exposure assessment
on PM2.5–mortality associations. Specifically, Puett and
colleagues (2018) observed stronger relationships between
PM2.5 and all-cause mortality with moving averages up to
48 months in the Nurses’ Health Study, consistent with our
findings of larger effect estimates for longer duration expo-
sure estimates.

No other studies to our knowledge have explored the
use of different buffer sizes based on factors influencing
individual-level activity spaces. Our results suggest that
this approach may not be warranted without further
refinement in approaches to predict individual-level
mobility patterns. Model fit in our analyses did not
improve using different buffer sizes according to age,
employment status, or rural/urban residence, suggesting
that at these spatial scales, exposure measurement error
introduced through varying individual level mobility pat-
terns was not reduced with this approach. In order to accu-
rately predict the individual-level activity space
dimensions, more refined information at the individual
level may be needed for the purposes of assigning spatial
buffers. There are likely substantial between-subject varia-
tions in mobility within categories of age, employment
status, and urban/rural status. These adjustments for
mobility may be more relevant for pollutants with high

spatial variability (e.g., NO2, ultrafine particles) compared
with that of PM2.5 mass concentrations. Our analysis does
suggest that smaller buffer sizes and the fine-scale resolu-
tion of the 1-km2 PM2.5 exposure estimates result in larger
HRs and improved model fit. While we were not able to
directly assess the uncertainty of these residence-based
exposure estimates, this analysis does suggest that expo-
sure measurement error is likely to have reduced the mag-
nitude of the reported mortality HRs. As indicated above,
the larger estimates of effect from the 2001 CanCHEC, com-
pared with the 1991 and 1996 cohorts, may suggest higher
degrees of exposure measurement error in the two earlier
cohorts where backcasted exposure estimates were
included.

In both the CCHS and CanCHEC analyses, multiple pol-
lutant linear models indicated that the relationship
between nonaccidental mortality and PM2.5 exposure was
attenuated when we included O3 or Ox in the models. In
the CCHS analysis, PM2.5 estimates were also attenuated
by the inclusion of NO2 in models, whereas in CanCHEC
NO2 did not affect PM2.5 HRs. These results are generally
consistent with other Canadian studies, which found that
PM2.5 HRs were reduced after the addition of NO2 and O3
(from 1.04 to 1.01) (Crouse et al. 2015) and Ox (from 1.07 to
1.04) (Weichenthal et al. 2017). In a subanalysis restricted
to the 2001 CanCHEC, we found that adjustment for oxi-
dant gases attenuated associations between PM2.5 and
nonaccidental, respiratory, and cardiovascular disease
mortality, and that this attenuation was particularly strong
for cardiometabolic and ischemic heart disease mortality.
This may be explained by a direct relationship between
spatial variation in oxidant gases and mortality (Crouse et
al. 2015, Weichenthal et al. 2017), but evidence to date is
limited (Atkinson et al. 2016). Alternatively, spatial varia-
tions in oxidant gases may act as surrogate measures of air
pollution sources and particle components that are more
or less relevant to health. Although our main goal was to
assess the sensitivity of the PM2.5–mortality relationship
to inclusion of gaseous copollutants (vs. directly analyzing
the effects of gaseous copollutants on mortality), the expo-
sure models for O3, and Ox have more coarse resolution
(10- or 21-km2) compared with the PM2.5 exposure esti-
mates. This may have biased the estimates of O3 and Ox
toward the null and consequently reduced their impact on
the PM2.5–mortality relationship even more so than what
we observed. Alternatively, it is possible that the more
coarse spatial resolution of the O3 and Ox exposure esti-
mates failed to capture the complexity of the gaseous pol-
lutant interactions with PM2.5. However, our results do
suggest that excluding oxidant gases from the analyses
may overestimate the magnitude of associations between
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long-term exposures to outdoor PM2.5 and cardiovascular
disease mortality in Canada, and it may underestimate the
strength of associations between PM2.5 and lung cancer
mortality.

We demonstrated the application and evaluation of the
indirect adjustment method using secondary ancillary
data to adjust for missing covariates in a primary data set.
Applying the method developed by Shin and colleagues
(2014) we showed that the adjustment bias for nonlinear
survival models (internal validation) was under 1% with
static PM2.5 exposure models and less than 3% for time-
varying models. External validation assessing the CCHS as
the ancillary matching data set performed well, indicating
small downward (over) adjustment bias for time-varying
PM2.5 models. Our findings are comparable to those using
a similar longitudinal cohort (1991 CanCHEC) from Shin
and colleagues (2014), where indirect adjustment for
smoking and BMI led to a 3% increase in the association
between PM2.5 and ischemic heart disease (Shin et al.
2014), compared with no adjustment.

The adjustment correction from indirectly adjusted
models using the CCHS as ancillary data in an analysis of
missing behavioral risk factors from the CanCHEC
(smoking, alcohol use, fruit and vegetable intake, and exer-
cise) was comparable to equivalent models directly
adjusting for the same risk factors using the mCCHS.
Overall, the models with sample weights applied to cor-
rect for population sampling differences performed
slightly better than unweighted models. The amount of
subsequent adjustment required by the indirect adjust-
ment of individual risk factors was reduced by including
ecological socioeconomic covariates into the base models.
This indicates that the adjustment was improved by indi-
rect adjustment through reducing bias from models
missing important confounding. However, in order to
assess the amount and direction of adjustment, internal
and external validation tests should be run prior to run-
ning the actual indirect adjustment. The inclusion of sam-
pling weights could help improve adjustments if the
proportion of respondents differ geographically between
urban and rural areas in the primary cohort compared with
the proportions in the ancillary survey data.

The indirect adjustment method could be universally
generalizable to other cohorts; however, the availability of
suitably representative ancillary data determines the effec-
tiveness of this approach. Following the evaluation meth-
odology described here, researchers can assess if available
ancillary matching data are appropriate to use for indirect
adjustment. We suggest running external validation tests
in addition to descriptive and visual comparisons to quan-
tify the representativeness of the ancillary data. This could

be done by determining the magnitude and direction of
adjustment bias when removing and indirectly adjusting
for important variables available in both primary and
ancillary data sets. Characteristics of an ideal ancillary
matching data set include being drawn from the same
target population as the main cohort, having similar geo-
graphic coverage, common matching variables such as age,
sex, income, and education, and similar proportions of
exposure-to-characteristics. Differing population sampling
schemes in the primary cohort and ancillary data, may be
corrected by applying custom sample weights. For
instance, we categorized education in this analysis into a
dichotomous variable since the proportional compara-
bility among the higher education groups were less favor-
able between the CanCHEC and CCHS. How and in what
regards the primary and ancillary data are different before
the results produced by indirect adjustment are no longer
acceptable can be examined using simulation tests and
would be a valuable contribution to the literature.

In all of the CanCHEC cohorts and in the CCHS cohort a
supralinear association was found, with a steep relation-
ship at the low to median PM2.5 range that leveled off
slightly after approximately 10 µg/m3. The SCHIF HR pre-
dictions indicated a positive and significant association
between PM2.5 and nonaccidental mortality for all concen-
trations. In the CCHS there was, however, substantial
uncertainty in the shape of the concentration–response
relationship precluding any clear conclusions regarding
shape in this cohort. In most previous major cohort studies
on PM2.5, the shape of the concentration–mortality associ-
ation were not examined at the low levels observed in our
cohorts. For example, in the pooled CanCHEC analysis the
25th percentile was 5.1 µg/m3, and the median was
6.9 µg/m3. In contrast, the exposure distribution in the
Medicare cohort was at a minimum of 6.2 µg/m3 (Di et al.
2017), the National Health Interview Survey Cohort
(NHIS) had a minimum of 7.6 µg/m3 (Pope et al. 2018), and
the American Cancer Society Cancer Prevention II Cohort
(ACS) had a minimum of 6.7 µg/m3 (1st percentile; Turner
et al. 2016). In this study, little change in risk below 5
µg/m3 was observed. To allow for more direct comparisons
with these cohorts, the HR for a 5- to 15-µg/m3 change in
concentration from the SCHIF was estimated as 1.063
(95% CI: 1.052–1.073). This estimate was similar to the
Medicare (Di et al. 2017) (HR = 1.073, 95% CI: 1.071–
1.075), NHIS (HR = 1.056, 95% CI: 1.005–1.110) (Pope et
al. 2018), and the ACS (HR = 1.07; 95% CI: 1.06–1.09)
(Turner et al. 2016) cohorts.

Based on the CanCHEC cohorts, but also supported by
the CCHS analysis, we report evidence of associations
between PM2.5 concentrations and nonaccidental
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mortality, with no evidence of a threshold or sublinear
association over very low concentrations. This suggests
potential health benefits of further reductions in concen-
trations of air pollutants in locations where higher concen-
trations currently exist. Future analyses will address the
question of low-level exposures more directly by sequen-
tially excluding from the analysis those participants who
were ever exposed to pollutant concentrations above spec-
ified levels (e.g., 6, 8, 10 µg/m3). We will also conduct a
detailed analysis of effect modification in the CanCHEC
cohorts to evaluate the shape of PM2.5–mortality associa-
tions across strata of oxidant gases (i.e., O3, NO2, and Ox).
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Research Report 203, Mortality–Air Pollution Associations in Low-Exposure Environments 
(MAPLE): Phase 1, M. Brauer et al.

INTRODUCTION

This Commentary was prepared by the HEI Low-Expo-
sure Epidemiology Studies Review Panel, convened to
review HEI-funded studies on the health effects of expo-
sure to low levels of ambient air pollution. Dr. Michael
Brauer’s study “Mortality-air pollution associations in low
exposure environments (MAPLE)” was one of three
studies funded under RFA 14-3, “Assessing Health Effects
of Long-term Exposure to Low Levels of Ambient Air Pol-
lution.” More information about the RFA and the other two
studies is included in the Preface to this report.

This Commentary includes the scientific and regulatory
background for the research, a summary of the approach
and key results, the Panel’s evaluation of the Phase 1 report
from the investigator team led by Dr. Michael Brauer, and
the Panel’s conclusions and suggestions for further analyses
in the final phase of the study. It is intended to aid the spon-
sors of HEI and the public by highlighting both the strengths
and limitations of the study and by placing the Investiga-
tors’ Report into scientific and regulatory perspective.

SCIENTIFIC AND REGULATORY BACKGROUND

The setting of ambient air quality standards — at levels
considered adequate to protect public health — is a central
component of programs designed to reduce air pollution and
improve public health under the U.S. Clean Air Act (U.S.
CAA*) and similar measures in Canada, Europe, and around 

the world. Although the process for setting such standards
varies, they all contain several common components: 

• Identifying, reviewing, and synthesizing the scientific
evidence on sources, exposures, and health effects of
air pollution;

• Conducting risk and policy assessments to estimate
what public health effects are likely to be seen at dif-
ferent levels of the standard;

• Identifying and setting standards based on scenarios
considered in the risk analysis;

• Air quality monitoring to identify geographical areas
that do not meet the standards; and

• Implementing air quality control interventions to
reduce ambient concentrations to meet the standards.

SETTING NATIONAL AMBIENT AIR QUALITY 
STANDARDS UNDER THE U.S. CAA

The U.S. CAA requires that in setting the National
Ambient Air Quality Standards (NAAQS), the U.S. Envi-
ronmental Protection Agency (U.S. EPA) Administrator
review all available science and set the NAAQS for all
major (“criteria”) pollutants (including ozone [O3], partic-
ulate matter [PM], and nitrogen dioxide [NO2]) at a level
“requisite to protect the public health with an adequate
margin of safety.” In practice, since 2008 that review has
had two principal steps:

1. Synthesis and evaluation of all new scientific evi-
dence since the previous review in what is now called
an Integrated Science Assessment. This document
reviews the broad range of exposure, dosimetry, toxi-
cology, mechanism, clinical research, and epidemi-
ology. It then — according to a predetermined set of
criteria (U.S. EPA 2015) — draws on all lines of evi-
dence to make a determination of whether the expo-
sure is causal, likely to be causal, or suggestive for a
series of health outcomes.

2. Assessment of the risks based on that science is then
conducted in a Risk and Policy Assessment. This fur-
ther analysis draws on the Integrated Science Assess-
ment to identify the strongest evidence — most often
from human clinical and epidemiological studies —
of the lowest concentration levels at which health
effects are observed, the likely implications of such

Dr. Michael Brauer’s four-year study, “Identifying the shape of the associa-
tion between long-term exposure to low levels of ambient air pollution and
the risk of mortality: An extension of the Canadian Census Health and Envi-
ronment Cohort using innovative data linkage and exposure methodology,”
began in January 2016. The draft Phase 1 Investigators’ Report from Brauer
and colleagues was received for review in June 2019. A revised Phase 1
report, received in August 2019, was accepted for publication in July 2019.
During the review process, HEI’s Low-Exposure Epidemiology Studies
Review Panel and the investigators had the opportunity to exchange com-
ments and to clarify issues in both the Investigators’ Report and the Panel’s
Commentary.
This document has not been reviewed by public or private party institu-
tions, including those that support the Health Effects Institute; therefore, it
may not reflect the views of these parties, and no endorsements by them
should be inferred.
* A list of abbreviations and other terms appears at the end of this volume.
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levels for health across the population, and the degree
to which the newest evidence suggests that there are
effects observed below the then-current NAAQS for a
particular pollutant.

The Risk and Policy Assessment also examines the
uncertainties around estimates of health impact and
the shape of the concentration–response curve, espe-
cially at levels near and below the then-current
NAAQS. Although a range of possible shapes of the
concentration–response curves has been considered,
including whether there is a threshold level below
which effects are not likely, the U.S. EPA’s conclu-
sions in these reviews thus far have not found evi-
dence of a threshold (although studies to date have
not always had the power to detect one) (U.S. EPA
2004, 2013). Also, although the standard is set,
according to statute, to protect public health with an
adequate margin of safety, it has been generally
understood that there are likely additional health
effects below the NAAQS, although the presence and
magnitude of these are more uncertain.

Both of these documents are subjected to extensive
public comments and reviewed by the Clean Air Scientific
Advisory Committee (CASAC), which was established
under the U.S. CAA. CASAC is charged with peer-
reviewing the documents, which includes providing guid-
ance to the Administrator on the strength and uncertain-
ties in the science and advising on alternative scenarios for
retaining or changing the NAAQS.

EVOLUTION OF THE NAAQS

The reviews of the criteria pollutants have been ongoing
for nearly 50 years, since the passage of the Clean Air Act
Amendments of 1970. As the science has evolved, each
subsequent review has examined the strength of the evi-
dence for retaining or tightening the NAAQS. Although
the process has frequently resulted in a decision to retain
the then-current NAAQS, the NAAQS of both O3 and fine
PM (particulate matter ≤2.5 µm in aerodynamic diameter,
or PM2.5) have seen substantial revisions, especially over
the last 20 years:

O3 Starting in 1997, the NAAQS was converted from a 1-
hour maximum standard to a standard averaged over 8
hours. In 1997, the NAAQS was set at 80 ppb; subse-
quently in 2008 it was lowered to 75 ppb, and then in 2015
to 70 ppb. Although there was epidemiological evidence of
effects at or near these levels, the changes relied heavily on
a series of carefully conducted human controlled-exposure
studies.

PM2.5 In 1997, based on dosimetric and biological infor-
mation suggesting that fine particles ≤2.5 µm in aerody-
namic diameter (PM2.5) were a more appropriate indicator
than particles ≤10 µm in aerodynamic diameter (PM10),
the U.S. EPA for the first time proposed and established a
NAAQS for PM2.5. They set the annual standard at
15 µg/m3 in part as a result of new long-term cohort evi-
dence of associations of PM2.5 with adverse health effects
(Dockery et al. 1993; Pope et al. 1995). That was subse-
quently further reviewed in 2006 (no change) and again in
2012, when the NAAQS, based on additional epidemiolog-
ical evidence, was reduced to 12 µg/m3 (U.S. EPA, Table of
Historical PM NAAQS).

IMPACT OF THE NAAQS

With the establishment of these standards, a host of
national and regional regulatory actions began to reduce
emissions from electric power plants, factories, motor
vehicles, and other sources. As a result, there has been a
steady and marked decline of ambient concentrations, so
that much of the United States now attains the NAAQS
(see, for example, the PM2.5 data in Commentary Figure 1).

ADVENT OF RECENT STUDIES OBSERVING 
ASSOCIATIONS BELOW THE NAAQS

As the data on levels of PM2.5 improved over the course
of the first decade of this century, new studies began to
emerge, starting in 2012 (e.g., in Canada and New Zea-
land), suggesting that associations of PM2.5 and mortality
could be observed down to levels well below the NAAQS
of 12 µg/m3 (Crouse et al. 2012; Hales et al. 2012). These
studies found robust associations, with some evidence of
even steeper slopes of effect at the lowest levels, findings
which, if replicated in other populations and by other
investigators, could change the basis for future determina-
tions of the levels at which to set the NAAQS and other air
quality standards.

At the same time, they posed several questions, for
example:

• Would the results be robust to the application of a
range of alternative analytic models and their uncer-
tainty?

• Could other important determinants of population
health, such as age, socioeconomic position, health
status, and access to medical care, as well as differ-
ences in air pollution sources and time–activity pat-
terns, modify or confound the associations seen?

• Would the results change if risk estimates corrected
for the effects of important potential confounding
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variables, such as smoking, in the absence of such data
at the individual level?

• What might be the effects of co-occurring pollutants
on health effect associations at low ambient concen-
trations?

As described in the Preface in this volume, the advent of
these studies and the desire to address these important
questions formed the basis for the HEI Request for Appli-
cations (RFA 14-3), which sought and ultimately sup-
ported this study by Dr. Brauer and colleagues and two
other studies that make up HEI’s Program to Assess
Adverse Health Effects of Long-Term Exposure to Low
Levels of Ambient Air Pollution.

STUDY SUMMARY

STUDY OBJECTIVES

The overall objective of the Mortality–Air Pollution
Associations in Low-Exposure Environments (MAPLE)
study is to assess the relationship, including a careful
characterization of the shape of the concentration–
response functions, between long-term exposure to low
concentrations of PM2.5 and nonaccidental mortality in
four large population-based cohorts (total of ~9 million
adults) in Canada. The study used detailed exposure esti-
mation methods to apply novel satellite-based PM2.5

annual exposure estimates at a fine spatial scale (1 km ×
1 km) across North America from 1981 to 2016, derived by
fusing remote sensing-based aerosol optical depth (AOD),
the GEOS-Chem chemical transport model (GEOS-Chem),
land-use information, and ground-monitoring data. Here
we describe the overall approach and methods used in this
study, which is reported in the accompanying Phase 1
Investigators’ Report. It should be noted that further work
is ongoing and will be reported in the Final Phase 2 report,
which will be submitted in 2020.

To characterize the exposure estimates, MAPLE investi-
gators proposed to do the following:

1. Develop and apply annual average satellite-based
estimates of PM2.5 across North America at a 1 km ×
1 km spatial resolution.

2. Develop and evaluate PM2.5 estimates using insight
gained from comparisons of colocated measurements
of PM2.5 and AOD-based estimates with GEOS-Chem
simulations.

3. Employ a combination of geophysical and statistical
methods, together with land-use information, to fur-
ther refine the PM2.5 estimates.

4. Use available PM2.5, PM10, and total suspended par-
ticulate matter (TSP) monitoring data in Canada from
1981 to 1999 to scale the 1 km × 1 km 2004–2008 sur-
face back in time annually through the 1981–1999
period, maintaining the 1 km × 1 km grid detail over
the full study period.

Commentary Figure 1. Trends in PM2.5 concentrations from 2000 to 2018 (seasonally weighted annual average) as monitored by the U.S. EPA (data from
U.S. EPA; www.epa.gov/air-trends/particulate-matter-pm25-trends).
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5. Create annual estimates of PM2.5 for 1981–2016,
based on these methods.

6. Make the annual PM2.5 estimates available to other
HEI-funded studies covering Canada and the United
States for incorporation into their analyses.

To examine the concentration–response relationship
between PM2.5 exposure and nonaccidental mortality,
investigators planned to do the following:

1. Use four Canadian cohorts (~9 million adults) linked
to mortality, vital statistics, and tax records up to
December 31, 2016.

2. Examine the shape of the association between long-
term exposure to ambient concentrations of PM2.5 and
nonaccidental mortality using restricted cubic splines
(RCS) and shape-constrained health impact functions
(SCHIF) in all four cohorts.

3. Conduct subanalyses in the 2001 Canadian Census
Health and Environment Cohort (CanCHEC) to:

• Evaluate the indirect adjustment for behavioral
risk factors not included in CanCHEC, such as
smoking habits and diet.

• Evaluate the impact of adjustment for ground-
level O3, NO2, or their combined oxidant capacity
(Ox).

• Evaluate the sensitivity of PM2.5–mortality asso-
ciations to the choice of exposure time window
(1, 3, and 8 years).

• Evaluate the sensitivity of PM2.5–mortality asso-
ciations by the spatial scale used for exposure
assessment (1, 5, and 10 km2).

4. Examine risk estimates across strata of age, sex, and
immigrant status.

METHODS

Study Population

The investigators used a very large and nationally repre-
sentative sample of the adult Canadian population to eval-
uate health effects of air pollution at low ambient
concentrations. The study assessed mortality outcomes in
the following 4 longitudinal cohorts, representing ~9 mil-
lion people (after exclusions in accordance with pre-
defined eligibility criteria) with 150 million person-years
of follow-up and nearly 1.5 million deaths:

CanCHEC: 1991, 1996, 2001. Data were obtained for 2.5
million (1991) and 3 million (for each of 1996 and 2001)
participants, selected randomly, over the age of 25 who
completed the mandatory long-form census in the relevant
year, which is linked to vital statistics, tax records, and

cause of death from census day through December 31,
2016. CanCHEC surveys contain basic individual-level
information (including education, occupational class, and
income).

Canadian Community Health Survey (CCHS). Data were
obtained for 540,900 randomly selected participants who
completed one of the annual health surveys (2001, 2003,
2005, 2007, 2008, 2009, 2010, 2011, and 2012); the surveys
were linked to vital statistics, tax records, and cause of
death from date of interview through December 31, 2016.
In addition to the information on individual risk factors for
mortality in the CanCHEC long-form census, the CCHS
includes information on smoking behavior, body mass
index, exercise, alcohol consumption, and diet. In contrast
to the CanCHEC census, the CCHS excludes residents
living on reserves, Canadian Forces bases, and some
remote areas (<3% of the target population of Canada).

Linkage

Statistics Canada linked each study respondent to their
income tax records for years near the year of completion of
the long-form census or health survey interview in order to
obtain their unique social insurance number. This number
was then used to link each respondent to Statistics
Canada’s Social Data Linkage Environment, a relational
database consisting of temporally linked information on
Canadians. This information includes annual postal codes
of each respondent’s mailing address, in addition to date
and cause of death if it occurred during the cohort follow-
up period. Respondents without a postal code history were
excluded.

Covariates

The investigators considered individual- and area-level
risk factors as well as geographical (contextual) covariates.
CanCHEC surveys contain basic individual-level informa-
tion including education, income, marital status, indige-
nous identity, occupational class, visible minority status,
employment status, and years since immigrating to
Canada. CCHS contains rich individual-level data; there-
fore, analyses in this cohort incorporate additional indi-
vidual covariates such as fruit and vegetable consumption,
leisure exercise frequency, alcohol and smoking consump-
tion, and body mass index. The study used the following
four marginalization dimensions as covariates from the
Canadian Marginalization Index (CAN-Marg) to charac-
terize respondents’ inequalities in health and social well-
being predictors: material deprivation, residential
instability, dependency, and ethnic concentration (i.e.,
proportion of recent immigrants and self-reported visible
minorities). The geographical areas for CAN-Marg are
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defined as census tracts (neighborhoods) in cities and as
census subdivisions (municipalities) outside of large
urban areas. Geographical covariates include community
size, urbanization, and airshed, which is a geographical
area with similar air-quality characteristics or dispersion
patterns as defined by the Canadian Air Quality Manage-
ment System.

Ambient Concentration Assessment

PM2.5 Model For each year from 1981 to 2016, Brauer
and colleagues developed ambient concentration esti-
mates across North America based on a refined-scale PM2.5
model of 1 km × 1 km. The method is a sophisticated inte-
gration of remote-sensing AOD, chemical transport model
(GEOS-Chem), land-use, and ground-monitoring data.

Specifically, geophysical PM2.5 exposure estimates were
derived by relating daily satellite-based aod retrievals — at
a 1 km × 1 km resolution (from the moderate resolution
imaging spectroradiometer [MODIS] satellite) — to surface
PM2.5 concentrations using simulations from GEOS-Chem
(van Donkelaar et al. 2015). The GEOS-Chem model uses
meteorological and emission inventory observations and
algorithms representing chemical and physical atmospheric
constituents to solve for the temporal and spatial evolution
of aerosol and gaseous compounds (GEOS-Chem;
http://acmg.seas.harvard.edu/geos/index.html). To eval-
uate the GEOS-Chem model’s conversion of AOD to PM2.5
in regions of low PM concentrations, investigators are col-
lecting colocated measurements of PM2.5, aerosol scatter,
and AOD at five added measurement sites in low-level air
pollution areas across Canada (expanding the Surface
PARTiculate mAtter Network [SPARTAN]) (Snider et al.
2015). Refinements are ongoing as measurement collection
and particle composition analyses are continually
underway, which will further inform and validate the rela-
tionship between PM2.5 and AOD from colocated ground
measurement data, to be reported in the Final Phase 2
report. In the interim, existing aerosol scatter and mass
data from the Interagency Monitoring of Protected Visual
Environments (IMPROVE) network were used to evaluate
the satellite estimates between 2000 and 2015 (IMPROVE;
http://vista.cira.colostate.edu/Improve/).

Geographically weighted regression (GWR) was applied
to estimate surface PM2.5 measurements by fusing monthly
mean measurements from PM2.5 monitors (Canadian
National Air Pollution Surveillance and United States Air
Quality System Data Mart) and the geophysical PM2.5 esti-
mates to yield refined hybrid PM2.5 estimates for the years
2000 through 2016 (Environment Canada 2013; U.S. EPA
2018). Because limited AOD data were available before
2000, Brauer and colleagues applied a backcasting method

to estimate annual average PM2.5 concentrations for the
years 1981 through 1999 for application to epidemiolog-
ical analyses, using GEOS-Chem simulations and ground-
based measurements of PM2.5, PM10, and TSP (Hystad et
al. 2011; Meng et al. 2019). Specifically, the satellite-based
PM2.5 surface (van Donkelaar et al. 2015) was projected to
other years using GEOS-Chem simulations, and PM2.5 was
inferred from ground-based measurements of PM10 and
TSP. GWR was used to statistically fuse the backcasted
data to the ground-based measurements.

Copollutant Models (NO2 and O3) NO2 and O3 concen-
trations were estimated using models developed earlier to
enable copollutant adjustment in the main PM2.5 health
model; those pollutant concentrations were not primarily
used to independently assess their association with mor-
tality. Ambient annual NO2 concentrations were estimated
at each postal code based on a national land-use regression
model that estimated ground-level concentrations for the
year 2006, utilizing satellite data, ground monitor data,
and land-use data at a high spatial resolution (100 m2)
(Hystad et al. 2011). Eight-hour average daily maximum
concentrations of O3 were estimated based on chemical
transport modeling of surface observations in the warm
season from 2002 to 2015 (Environment and Climate
Change Canada). From 2002 to 2009 the spatial resolution
of the O3 model was 21 km2; subsequently, this was
improved to 10 km2. Hourly O3 model output was fused
with ground monitor data (Robichaud et al. 2016; Robi-
chaud and Ménard 2014) as part of the routine Canadian
air quality forecast modeling system. These hourly data
were then processed into warm season (May–September)
8-hour daily maximum concentrations and interpolated to
Canadian six-digit postal codes by the Canadian Urban
Environmental Health Research Consortium (CANUE)
(Additional Materials 2, Appendix C in Pappin et al.
2019). Backcasting procedures were applied to NO2 and
O3 using ground-based time-series measurements obtained
in 24 of Canada’s largest cities. Annual time series were
constructed in each of the 24 cities based on the available
ground data. Postal code estimates of NO2 and O3 esti-
mates were spatially and temporally scaled to the geo-
graphically closest time-series data. Finally, Ox (combined
oxidant capacity, or redox potential) was calculated as a
weighted average of O3 and NO2 using the following
(Weichenthal et al. 2017): 

Exposure Assignment to Cohorts

For each year from 1981 to 2016, PM2.5 exposure esti-
mates were assigned to respondents in each cohort based

   2 31.07 NO 2.075 O / 3.14    
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on residential, geocoded postal codes — taking into
account residential mobility. Canadian urban postal codes
often correspond to one side of a city block or to a single
apartment building and fall within a single 1 km2 raster of
PM2.5 concentration, while rural postal codes are often
much larger. Since there may be a greater potential for
exposure misclassification among respondents with rural
postal codes, investigators considered models using the
1-km2 buffer for urban residences and 10-km2 buffer for
rural residences. Missing postal code data were imputed
for 2.1% of the person-years using an approach described
by Finès and colleagues (2017).

To ensure the exposure preceded follow-up, the expo-
sure time window for both PM2.5 and oxidant gas concen-
trations was assigned using a 3-year moving average, with
a 1-year lag. Additional exposure time windows were
explored in sensitivity analyses.

Health Assessment

To assess the relationship of mortality with PM2.5 expo-
sure, main analyses were conducted on each of the four
cohorts separately (the three CanCHEC cohorts and CCHS).
Cohort respondents had to be at least 25 years of age at
cohort commencement and were censored if they reached
90 years of age anytime during follow-up. Age censoring
was based on the concern that assigned postal codes for
these very elderly respondents might not represent those
of the respondent but rather of someone else who com-
pleted their tax returns. The investigators fit Cox propor-
tional hazards models for all individuals ages 25–89 with
year of follow-up as the time axis and stratified the base-
line hazard function by age (5-year groups), sex, and immi-
grant status (yes/no).

Hazard ratios (HR) (per 10-µg/m3 PM2.5 exposure) were
computed for each of the three CanCHEC cohorts and then
pooled for a single summary HR using meta-analytic
methods. The investigators fit two primary covariate
adjustment models, based on their conceptual model of
the relationships between outdoor PM2.5 and mortality as
outlined in a directed acyclical graph (DAG):

1. The DAG-based model includes only geographically
based predictors and ecological variables (i.e., CAN-
Marg, airshed, urban form, and community size) and
no individual-level risk factors.

2. The full model includes all DAG-based covariates plus
individual-level risk factors available in CanCHEC
(income, education, occupational class, indigenous
status, visible minority status, employment status, and
marital status). Since CCHS includes a richer set of
behavioral covariates for each participant, Brauer and

colleagues developed additional models to allow for a
direct comparison with CanCHEC.

In addition, the investigators conducted several strati-
fied analyses, examining the relationship by categories of
age during follow-up (<65, 65–74, or ≥75 years), sex, and
immigrant status, and they explored the association
between PM2.5 and mortality while adjusting for O3, NO2,
or Ox (see Sensitivity Analyses section).

Concentration–Response Function

Brauer and colleagues examined the shape of the associ-
ation between PM2.5 and mortality by fitting two different
models of shape characterization to the data — the RCS
and the SCHIF. RCS methods are relatively common in the
field, whereas SCHIFs, which are flexible nonlinear sig-
moidal functions, are more recently developed. The inves-
tigators note that an important feature of SCHIFs is that
they are “constrained to produce functions that increase
monotonically with concentration and in forms that are
biologically plausible” and can be readily applied in risk
and burden assessments (see the Investigators’ Report).
However, because of computational limitations, they bor-
rowed information from the RCS to inform the SCHIF. Spe-
cifically, an RCS was fit with 15 knots to characterize the
shape of the PM–mortality relationship and enable visual
inspection of patterns in the HR estimates over the exposure
range. Next, for each cohort, a SCHIF was fit to the resulting
RCS predictions (logarithm of the RCS HRs and standard
errors) at 500 equally spaced concentrations. The uncer-
tainty in the RCS predictions is captured at each concentra-
tion and applied to the SCHIF model predictions. The
SCHIFs resulting from each individual CanCHEC cohort
were pooled in a meta-analytic summary (parameter esti-
mates are provided in Table 1 of the Investigators’ Report).

Sensitivity Analyses

Brauer and colleagues conducted several subanalyses
using the 2001 CanCHEC cohort to examine the sensitivity
of the associations between PM2.5 and mortality to the fol-
lowing factors: missing individual or behavioral risk
covariates, which are only available in the CCHS cohort;
temporal and spatial scales of the exposure assessment,
including characterization of coexposure to gaseous pol-
lutants (i.e., O3, NO2, or Ox); and immigrant effect. Results
from these subanalyses informed the approach for the
main analyses.

Indirect Adjustment Since important individual risk fac-
tors for mortality such as smoking, alcohol use, exercise,
and diet are not included in the CanCHEC census long form,
the investigators assessed whether these individual-level
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risk factors, available in the CCHS cohort, would influence
the air pollution risk estimates in the CanCHEC cohorts. To
this end, Brauer and colleagues applied and evaluated a
newly developed method of indirect adjustment for these
individual-level risk factors (Shin et al. 2014) and used esti-
mated associations between PM2.5 and these risk factors in
CCHS to indirectly adjust the HR in the 2001 CanCHEC
cohort. The evaluation methodology comprises three
steps. First, analyses were conducted to assess whether the
2001 CCHS respondent data set (n = 130,000), in which
these individual risk factors are available, could serve as
the representative matching data set to the primary data set
(CanCHEC 2001, n = 2.4 million). Next, an internal valida-
tion step assessed the degree of bias in adjusted HRs when
indirect adjustment is applied to nonlinear Cox propor-
tional hazards models. A gold-standard approach was
applied in which two variables available in both data sets
(income and education) were excluded from CanCHEC
analyses (partial model), and then indirectly adjusted for
using the coefficients and standard errors from the true
model containing both variables, with results compared to
those of the true model. Finally, an external validation step
assessed the bias of using the CCHS as the matching data
set to indirectly adjust CanCHEC (i.e., CanCHEC data were
replaced with data from CCHS) and employed a static as
well as a time-varying PM2.5 exposure value (Erickson et
al. 2019).

Exposure Assessment The investigators further assessed
the sensitivity to the temporal exposure assignment scale
of a 3-year moving average used in the main analysis by
developing survival models employing 1-, 3-, and 8-year
moving averages for comparison. Similarly, various spatial
scales of exposure assignment (i.e., 5-km2 and 10-km2 buf-
fers) were also examined and compared with 1 km2 in the
base model, holding the temporal scale constant.

Copollutant PM2.5 Models Sensitivity of the main PM2.5
estimates to ambient O3, NO2, and Ox coexposure was
assessed by adjusting for each of these oxidant gases using
3- and 8-year moving average windows.

Immigrant Effect Brauer and colleagues also conducted
subanalyses to assess the association of long-term PM2.5
exposure and mortality in the Canadian immigrant popu-
lation, which constitutes nearly 20% of the nation’s popu-
lation, for comparison with nonimmigrant Canadians.
Immigrant-specific covariates, such as duration of resi-
dence in Canada, country of birth, age at immigration, and
neighborhood ethnic concentration were examined.

SUMMARY OF KEY RESULTS

EXPOSURE ASSESSMENT AND ASSIGNMENT

Brauer and colleagues reported that the prediction
model performed well, and satellite-derived PM2.5 esti-
mates for 2004–2008 at a 1-km2 resolution were in good
agreement with ground-based monitors across Canada and
the northern United States (R2 = 0.82; root mean square
difference [RMSD] = 1.5 µg/m3 across 721 sites). Con-
straining the model to lower concentrations (< 8 and
≤10 µg/m3) did not influence its performance; absolute error
even decreased slightly (i.e., RMSD = 1.3 µg/m3) when
values were restricted to 8 µg/m3 and below (248 sites).

The historical backcasted PM2.5 exposure estimates
improved when all ground-based measurement sites (i.e.,
PM2.5, PM10, and TSP) were used for adjustment, com-
pared with when only ground-based sites for PM2.5 were
used (R2 = 0.77 vs. 0.52; RMSD = 1.9 vs. 3.1, respectively).
When satellite remote sensing information was removed
from the models, the performance of the estimated predic-
tion decreased. Thus, the investigators noted the impor-
tance of including satelli te data in the exposure
estimation. The agreement between satellite-derived and
ground-based estimates decreased after 2008 as PM2.5
ambient concentrations and spatial variability declined. It
should be noted that backcasted estimates are most rele-
vant to the 1991 and 1996 cohorts, since the 3-year moving
average window for the 2001 cohort started in 1998.

Across Canada, the mean PM2.5 concentration was
7.1 µg/m3 for 2004–2008, with a low mean concentration
of 2.6 µg/m3 in the Yukon Territory to a high of 8.5 µg/m3

in Ontario. Overall, the population-weighted annual
average PM2.5 in all of North America decreased from
22 µg/m3 in 1981 to 8 µg/m3 in 2016.

Similar to the decreasing trend of the overall popula-
tion-weighted annual average PM2.5 concentrations over
the past 35 years across North America, assigned mean
PM2.5 estimates were highest in the 1991 CanCHEC cohort
(8.10 µg/m3, standard deviation: 3.44) and lowest in the
more recent 2001 CanCHEC cohort (6.68 µg/m3, standard
deviation: 2.24), with greater declines of PM2.5 concentra-
tions in locations with previously higher concentrations.
PM2.5 levels for CCHS cohort participants were consis-
tently 1.8 to 2.0 µg/m3 lower compared with CanCHEC
respondents. This is likely due to the different sampling
protocols of the two types of cohorts. The CCHS was
designed to produce stable estimates at the health unit
level (often defined by census divisions). They thus over-
sampled health units with proportionally lower popula-
tion counts, and undersampled in high population health



76

Commentary on Investigators’ Report by M. Brauer et al.

units. However, CanCHEC was sampled strictly propor-
tional to population (i.e., one in every five households).
This resulted in proportionally higher counts in larger
cities, and lower counts in less populated areas, for Can-
CHEC compared with the CCHS. These differences in sam-
pling strategies resulted in higher assigned concentrations
in CanCHEC compared with CCHS.

HEALTH ASSESSMENT

Mortality–Air Pollution Association

Based on pooled estimates of the three CanCHEC
cohorts, Brauer and colleagues found that a 10-µg/m3

increment in long-term average PM2.5 was associated with
a 5% increase in the risk of nonaccidental mortality (HR =
1.05, 95% confidence interval [CI]: 1.04–1.07, the full
model). Consistent results, though generally smaller than
the full model effect estimates, were also found in the
DAG-adjusted model. For both adjustment sets, the PM2.5–
mortality risk was slightly lower in the 1991 and 1996
cohorts as compared with the 2001 CanCHEC cohort (see

Commentary Figure 2). In the pooled CanCHEC results,
male populations consistently had stronger associations
than female populations. Consistently across all CanCHEC
cohorts, HRs declined with increasing age across the three
categories (i.e., <65 years, 65–74 years and ≥75 years).
Given lower Akaike Information Criterion (AIC) and
Schwarz Bayesian Criterion (SBC) statistics under the full
models versus the DAG-based models (see Table 8 in the
Investigators’ Report), the investigators focused their inter-
pretation of results on the full models.

In the full model for the CCHS cohort, with extensive
adjustment for socioeconomic, contextual ecological, and
behavioral covariates (only available for this cohort),
PM2.5 exposure was associated with an 11% increase in
nonaccidental mortality (HR: 1.11, 95% CI: 1.04–1.18).
Although this was a larger HR than was observed in the
three CanCHEC cohorts, the simpler DAG-based model
(adjusted for socioeconomic and contextual ecological
covariates, but not behavioral factors) in this cohort
resulted in a similar risk of mortality (HR = 1.13, 95% CI:
1.06–1.21), suggesting that inclusion of behavioral covari-
ates only slightly affected the PM2.5–mortality association.

Commentary Figure 2. Hazard ratio estimates and 95% confidence intervals for the association between PM2.5 and nonaccidental mortality for Full and
DAG-informed models across the CanCHEC and CCHS cohorts.
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Consistent with the 1991 and 1996 CanCHEC cohorts,
higher PM2.5–mortality associations were observed in the
CCHS survey for males, nonimmigrants, and — similar to
all CanCHEC cohorts — younger respondents. The finding
that immigrants had smaller PM2.5 HRs compared with
nonimmigrants in 1991 and 1996 was possibly attributable
to the healthy immigrant effect, as noted by the investiga-
tors (Beiser 2005; Ng 2011; Omariba et al. 2014), and by
immigrants’ selective settlement in larger cities where
PM2.5 levels were higher.

Concentration–Response Function

For each cohort, the investigators graphically depicted
the shapes of the association between PM2.5 and mortality
using the nonlinear RCS model and the SCHIF, as
described earlier (see Figures 12 and 13 in the Investiga-
tors’ Report). They caution that these nonlinear HRs
should not be directly compared with the linear estimates
derived from the Cox proportional hazards model. While
the marginal change in the linear model is constant (i.e.,
constant change in HR per 10-µg/m3 change in concentra-
tion), the marginal change in risk for a nonlinear model
will vary by concentration and is relative to an HR of 1 at a
counterfactual concentration of 0.4 µg/m3 (the lowest
observed concentration in the data). For comparability to
other studies, the investigators estimated the HR for a 5- to
15-µg/m3 change in concentration from the SCHIF as 1.06
(95% CI: 1.05–1.07). Overall, both the RCS and the SCHIF
show a supralinear association in the CanCHEC cohorts,
with a steep increase in the spline predictions across lower
concentrations (i.e., <5 µg/m3), followed by a leveling off
or a smaller increase after ~10 µg/m3. The investigators
suggest that there is no evidence of a threshold or sub-
linear association at very low concentrations. A similar
supralinear curve with a steep increase in the RCS at low
concentrations was observed in the CCHS cohort, and the
SCHIF displayed a similar pattern. However, because of
the wide CIs, the investigators caution against over-inter-
pretation of the SCHIF. Both the splines and the SCHIFs
are for PM2.5 models only and do not incorporate copol-
lutant effects of O3 or NO2.

Sensitivity Analyses

Indirect Adjustment In evaluating the indirect adjust-
ment methodology where secondary ancillary data from
the CCHS were used to adjust for missing covariates in a
primary data set (namely, CanCHEC 2001), Brauer and col-
leagues found that the two data sets (2001 CCHS and 2001
CanCHEC) were similar across the individual variables but
slightly different across the ecological variables, with a
greater proportion of CCHS respondents having lived in

rural areas compared with those in CanCHEC. A weighting
procedure was applied to correct for this (Erickson et al.
2019). The validation test comparing the partial and true
models resulted in an adjustment bias ranging from 1.7%
in the static model to 3.0% in the time-varying model for
nonaccidental mortality (Figure 16 in the Investigators’
Report). The internal and external validation models per-
formed well and found only small adjustment biases both
in the static and time-varying PM2.5 exposure models for
all-cause mortality (<1% and <2%, respectively). Investi-
gators also found that the adjustment correction from the
indirectly adjusted models were comparable to equivalent
models that directly adjusted for these risk factors (i.e.,
smoking, alcohol use, exercise, and diet) using the CCHS
cohort. Based on their modeling — which included mul-
tiple covariates and indirect adjustment and a representa-
tive ancillary data set — the investigators concluded that
missing data on these behavioral covariates were unlikely
to significantly confound the PM2.5–mortality relationship
in the Canadian population.

Exposure Assessment To assess how various temporal
and spatial scales may affect the magnitude of the PM2.5–
mortality associations, the investigators compared the
PM2.5 exposure estimates for the 2001 CanCHEC cohort
across three different moving averages (1 year, 3 years, and
8 years) and spatial scales (1 km2, 5 km2, and 10 km2). The
best fitting models, based on the largest HRs and lowest
AIC values, were models with longer moving averages (up
to 8 years) and smaller spatial scales (1 km2 vs. 10 km2).

Copollutant PM2.5 Models When gaseous copollutants
(NO2, O3, and Ox) were included in the PM2.5–mortality
models, the crude positive HRs were either attenuated
slightly, when adjusted for NO2, or eliminated entirely, as
with adjustment for O3 or Ox. This blunting or elimination
of the HRs after copollutant adjustment was consistently
observed across all three CanCHEC cohorts, as well as the
pooled results (see Commentary Figure 3). Similarly, in the
CCHS cohort, the PM2.5–mortality HRs were smaller in all
three copollutant-adjusted PM2.5 models (NO2, O3, and
Ox) (see Commentary Figure 3).

Immigrant Effect Analysis The investigators analyzed
PM2.5–mortality impacts specifically on the immigrant
population of the 2001 CanCHEC cohort and found that
estimated concentrations of ambient PM2.5 were 20%
higher in immigrants compared with nonimmigrants
(9.3 vs. 7.5 µg/m3, respectively). With regard to demo-
graphic characteristics, recent immigrants (1980 onward)
tended to live in the Western (including Vancouver) and
East Central airsheds, and had a disproportionately large
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number of women, younger people, married people, and
people with a higher-level education. However, they also
tended to have lower income and higher unemployment
rates. In this subanalysis — and unlike with the 1991 and
1996 CanCHEC cohorts — Brauer and colleagues found
that immigrants had increased risks for nonaccidental
mortality; however, the difference in risk was small.

EVALUATION BY HEI’S LOW-EXPOSURE 
EPIDEMIOLOGY STUDIES REVIEW PANEL

In its independent review of the study, HEI’s Low-Expo-
sure Epidemiology Studies Review Panel noted that
Brauer and colleagues have conducted an impressive and
innovative study on a very large population-based cohort
using advanced methods for both exposure and health
assessment, including the derivation of the concentration–
response functions. This research contributes to the body
of evidence regarding health effects at low ambient PM2.5
concentrations and advances the science considerably.
Notable strengths of the study include the sheer sample
size (~9 million adults) in four nationally representative
cohorts in Canada that make this study uniquely generaliz-
able to the entire population, as well as the highly detailed
and refined spatial resolution (1 km × 1 km) of the PM2.5

exposure predictions through the novel integration of mul-
tiple inputs that include satellite measurements, ground-
level monitoring data, GEOS-Chem atmospheric modeling
data, and geographical covariates. Additionally, the inves-
tigators’ plan to make these refined exposure estimates
publicly available creates a valuable asset for future
research studies.

EVALUATION OF STUDY DESIGN AND APPROACH

Exposure Models

The PM2.5 exposure model is an impressive under-
taking, drawing from state-of-the-art techniques that com-
bine ground measurements, land-use modeling, satellite
data, and simulations from GEOS-Chem, to allow a spatial
resolution of 1 km × 1 km over the entire area of Canada and
the United States. The current model represents a 100-fold
higher resolution than the previously used resolution of
10 km × 10 km in earlier work by these investigators
(Crouse et al. 2012). Similarly, the NO2 model has a very
fine spatial resolution, obtained through satellite inputs
(10 km × 10 km) and downscaled to 100 m × 100 m using
land-use regression modeling, while the exposure estimates
for O3 and Ox have a coarser resolution (21 km × 21 km for
2002–2009, and subsequently 10 km × 10 km) compared
with the PM2.5 model. The different spatial resolutions of

Commentary Figure 3. Hazard ratio estimates and 95% confidence intervals for the association between PM2.5 and nonaccidental mortality with and
without adjustment for NO2 and O3 (full models) in the CanCHEC and CCHS cohorts. Since the PM2.5 model results including Ox are similar to those
adjusted for O3, Ox-adjusted results are not included in this figure.
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the three pollutants is a notable issue in this work, given
the sensitivity of the PM2.5 epidemiological findings for
copollutants in the multipollutant models. Thus, the overall
impact of using different spatial resolutions presents some
challenges and is an important future research topic.

While the 1 km × 1 km spatial resolution of the PM2.5
exposure model is a laudable improvement, this model
inherently cannot fully capture very fine-scale PM2.5 spa-
tial gradients near sources such as roadways and local
point emission sources, producing some degree of expo-
sure measurement error.

The investigators backcasted PM2.5 estimates from 1981
to 1999 using inputs from GEOS-Chem simulations and
PM2.5, PM10, and TSP measurements. While the back-
casting methods used to assign exposure predictions are
relevant mainly for the 1991 and 1996 CanCHEC cohorts
(since the main results are calculated using a 3-year expo-
sure lag), the performance of the predictions over time and
associated error are important considerations in the
pooled results from this study, as well as in the potential
application of this methodology in other studies. Overall,
the inclusion of satellite remote sensing information —
which became available in 1998 — improved the exposure
prediction. As expected, the more recent estimates are
more stable and accurate (i.e., the R2 value for all sites
increased from 0.52 to 0.77). However, the investigators
observed a decrease in R2 in the PM2.5 base estimates after
2008 due to weaker spatial PM2.5 gradients from declining
PM2.5 levels. Another potential source of error could be
introduced by the fact that the exposure models seem to be
highly reliant on data from the United States, where pollu-
tion levels and ground monitor density are generally
higher than in Canada. The Review Panel would be inter-
ested in seeing Canada-specific data and performance
measures; the investigators have indicated such analyses
are currently planned for inclusion in the Final Phase 2
report.

Health Models

The health analyses were conducted in repeated, large,
nationally representative samples of the adult Canadian
population, using rich data sets with individual-level and
regional covariates. Complete annual residential history
data for all cohort members, based on unique permission
for linkage to postal codes in tax records, allowed for
detailed spatial characterization and time-varying expo-
sures, a particularly useful feature of this study.

Confounding Adjustment

During the review process, the Panel had requested that
the investigators use a directed acyclic graph (DAG) as an

advantageous method for selecting and identifying covari-
ates that could contribute to both outdoor PM2.5 concen-
trations and mortality. This represents a transparent
epidemiological approach to confounder selection that
graphically depicts (suspected) causal and non-causal
relationships between covariates. DAGs are especially
helpful in clarifying whether bias is reduced or increased
as variables are introduced into the model (Arnold et al.
2019; Greenland et al. 1999). In response to the Panel com-
ments, the investigators created two DAGs that can be
found in Figure 3 of the Investigators’ Report. They then
proposed a DAG-informed model, one for the CanCHEC
cohorts and one for the CCHS cohort, that includes only
contextual geographically based predictors (i.e., airshed,
community size, neighborhood dependence and depriva-
tion, ethnic concentration, neighborhood instability, and
urban/rural category) and one full model, which addition-
ally includes individual-level risk factors (i.e., income,
education, employment status, and marital status, as well
as indigenous and visible minority status).

Although the Panel was very pleased to see the investi-
gators’ efforts to produce DAGs for this research, they had
questions surrounding some of the causal pathways
assumed and found the application of these DAGs to the
specification of the full model to be unclear. For example,
the DAGs developed by the investigators seem to more
closely reflect the various covariates available from the
surveys, rather than the full set of factors that may poten-
tially affect the health outcomes (e.g., age is likely to corre-
late with place of residence as well as risk of mortality).
The Panel also felt that the construct of “personal PM2.5”
should be replaced by “PM2.5 of ambient origin” to better
reflect the relationships being estimated. This would
change the conceptual relationships, and thus there would
be a need to control for factors such as “individual-level
smoking” that may not be associated with “PM2.5 of
ambient origin.” Given this feedback, the Review Panel
suggests that the investigators revisit the assumptions of
their DAG for the Final Phase 2 report. The Panel simi-
larly encouraged the use of their revised DAG to select the
most parsimonious set of covariates to minimize the
inclusion of multiple overlapping contextual covariates in
the same model (e.g., airshed, given the other geograph-
ical covariates).

The investigators ultimately chose to focus on the full
model. While the Panel agreed with this choice based on
the covariates included, they did not agree with the justifi-
cation of this choice based on the AIC and SBC statistics.
Although lower scores in the full model suggest that addi-
tional covariates in the full model improve model fit, it
does not follow that the inclusion of all the covariates in
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the full model will reduce bias in the all-cause mortality
estimate of PM2.5. Similarly, the Panel did not understand
the investigators’ statement that moving from a DAG-
informed model to a more inclusive full model would
address the possible bias in the HRs introduced by an
“imbalance of individual-level mortality risk factors”
across the PM2.5 concentrations due to the observational
nature of the study. In principle, the DAG should account
for all potential confounders that should be included in
the model. If there are additional measured variables that
are imbalanced but are not confounders, then there would
be no reason to include them for the purpose of reducing
bias, and their inclusion could in fact in some circum-
stances actually increase bias. Hence, the Panel encour-
ages the investigators to consider a broader and more
comprehensive approach to their DAG-based efforts for the
final phase of the project.

Although the Panel did not agree with the investigators’
methods for selecting their primary model, they were ulti-
mately comfortable with the final model selected. The
Panel commends the investigators on their thorough inves-
tigation into the sensitivity of their findings to various
methodological choices. These sensitivity analyses dem-
onstrated that the results from the DAG and full models are
not substantially different, as differences between the two
models range from <1% to 6% (calculated from estimates
listed in Tables 7 and 11 in the Investigators’ Report). This
increases the confidence in their findings.

In additional subanalyses, the investigators applied an
indirect adjustment methodology (Shin et al. 2014) to
assess how much bias is introduced by adjusting for
missing behavioral risk factors (i.e., smoking, alcohol use,
exercise, and diet) in the 2001 CanCHEC cohort, using an
available representative data set from the CCHS cohort
(Erickson et al. 2019). Overall, the sensitivity analyses
showed a minimal downward bias adjustment in the
PM2.5–nonaccidental mortality HR in the CanCHEC model
of 2%–3.5% (see Table 15 in the Investigators’ Report). The
internal (i.e., using CanCHEC 2001) and external (i.e.,
using CCHS) validation models results show minimal
downward bias in PM2.5 and all-cause mortality HRs using
both static and time-varying exposures (see Figure 16 in
the Investigators’ Report). The Panel was concerned that
the development of the indirect adjustment method of
Shin and colleagues (2014) lacks critical details regarding
the statistical justification for its use with Cox models, but
did feel that the validation provided some assurance that
the three-step modeling process served its intended
purpose. As the investigators move forward in Phase 2, the
Panel recommends a more formal and rigorous assessment
of these methods.

Concentration–Response Curve and SCHIF

Because of computational constraints, the authors used
a stepwise approach to estimate the nonlinear association
of PM2.5 exposure and mortality, first fitting an RCS func-
tion of exposure in the Cox model and then using predic-
tions from that spline function to fit the SCHIF models.
Uncertainty estimates for the SCHIF models were then
matched to the spline function uncertainty via a two-stage
approach, resulting in pointwise uncertainty bands. While
taking this stepwise approach is understandable from a
practical perspective, given the computational limitations
it is difficult to assess the degree to which the seemingly
nonstandard approach produces results (including uncer-
tainty) that are consistent with what would be obtained by
fitting the nonlinear association directly in the Cox model.
In addition, the pointwise nature of the uncertainty esti-
mates necessarily makes it difficult to adequately assess
the shape of the relationship, an important aim in this
study.

In presenting the fitted spline curves and making spline
predictions for fitting the SCHIF models, the investigators
chose the minimum exposure as the reference exposure.
An alternative would be to use the mean (or median) expo-
sure as the reference. Since uncertainty at the reference
exposure is necessarily zero by construction, using this
alternative approach would result in increasing uncertainty
as one approaches very low exposures, rather than the
decreasing uncertainty at low levels, as shown in the results
(see Figures 12 and 13 in the Investigators’ Report). This
raises the concern that readers may incorrectly interpret the
spline results as being quite certain of a steep increase in the
HR at low exposures. Yet intuitively we must have less infor-
mation about the relationship at low- and high-exposure
levels where the data are necessarily sparser. Choosing the
reference in the middle of the observed exposure range
should also have the benefit of much lower uncertainty for
the HR in the middle of the exposure distribution, where
most of the data are. Furthermore, this choice of reference
affects the SCHIF model-fitting estimates and uncertainty
because the SCHIF models are fit to the spline predictions
and their uncertainty. The Panel recommends that sensi-
tivity of the results to the choice of reference exposure be
carefully addressed in the Final Phase 2 report. Finally, we
note that the investigators do not use predictions above the
99th percentile because of the boundary effects of the
RCS. Given this, it is not clear why they do include
predictions below the 1st percentile and how this affects
the resulting SCHIF model estimates and uncertainty.

Brauer and colleagues used a meta-analytic approach to
pool the SCHIF curves across the three CanCHEC cohorts.
The pooled estimate corresponds to a fixed-effects meta-
analysis, which is generally interpreted as assuming a
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constant effect across the studies (or cohorts) — estimated
in this case as an appropriately weighted average of the
within-cohort effects. This assumption could be ques-
tioned in this context, but it is worth noting that Rice and
colleagues (2017) show that the fixed effects estimate also
corresponds with estimating an effect for a population
formed by amalgamating the individual study popula-
tions, which may be a reasonable interpretation here.
Regardless, it is not clear how the investigators derive their
estimator for the variance of the pooled estimate, in which
they try to account for both the sampling uncertainty and
the variability among the cohorts. The estimator does not
appear to correspond to the variance estimator under either
the usual fixed-effects or the random-effects meta-analysis
approaches, so it is not clear that the resulting variance esti-
mates are valid. The Panel recommends that these issues be
better addressed in the Final Phase 2 report.

DISCUSSION OF THE FINDINGS AND 
INTERPRETATION

Although the study’s analyses provide evidence for
associations between low-level PM2.5 concentration and
mortality, important uncertainties still remain at this stage
that preclude drawing firm conclusions, as detailed in the
sections that follow.

Concentration–Response Curve

The evaluation of the concentration–response curve at
low exposures was another strength of this study. The
methodological concerns regarding the analysis of the
shape of the association between PM2.5 and mortality dis-
cussed earlier, however, suggest that the current version of
these results should be interpreted cautiously. This is
especially true given that there is not yet any information
provided to assess whether and how the shape of the expo-
sure–mortality relationship may be affected by the adjust-
ment for copollutants. Relatedly, in their primary analyses
the authors pooled the HRs across studies, but they did not
clarify how this was accomplished. Presumably, the meth-
odology is the same as that used in the meta-analytic
approach to pooling the SCHIF models and shares the
same statistical concerns that were stated earlier.

Sensitivity Analyses

The Panel appreciates the comprehensive sensitivity
analyses to assess the range of possible effects from
varying temporal and spatial scales, the indirect adjust-
ment method, and the immigrant effects.

Exposure Assessment Regarding the temporal influence
on the point estimates, specifically the increased HR in

nonaccidental mortality in the longer moving 8-year
average compared with shorter 1- and 3-year windows, the
Panel recommends that, in addition to the AIC figures
(Investigators’ Report Figure 14), the investigators include
validation statistics (RMSD, R2) in the Final Phase 2
report. These statistics and related interpretation could
help determine whether this finding is due simply to
better stability of the exposure estimates at a longer time
window or provides evidence for a longer time window of
PM2.5 pathophysiological effects.

Copollutant PM2.5 Models The focus of the current study
was on PM2.5, although the investigators used exposure
models developed earlier for NO2, O3, and Ox to investi-
gate the extent to which those pollutants might influence
the PM2.5–mortality association. While the estimated HRs
showed general consistency of a positive relationship
between long-term exposure to low-level PM2.5 exposure
and nonaccidental mortality across models, a distinct
exception was the sensitivity of the findings to the inclusion
of O3 or Ox as covariates in the multipollutant PM2.5
models. For example, the CanCHEC pooled PM2.5–mortality
effect estimate decreased from an HR of 1.05 (95% CI:
1.04–1.07) to 0.98 (95% CI: 0.97–0.99) with adjustment for
O3 and to an HR of 0.96 (95% CI: 0.94–0.97) when
adjusting for Ox (per 10-µg/m3 increment in PM2.5). Thus,
the inclusion of these gaseous copollutants in the study
resulted in associations that did not demonstrate
increasing risk of mortality with increasing PM2.5 expo-
sures in all CCHS and CanCHEC cohorts.

Recalling the relatively coarse spatial resolution of the
O3 predictions (10- or 21-km2), it is difficult to know how
to interpret these findings. On the face of it, the PM2.5
effects seem to be strongly influenced by O3. However,
while the coarse O3 predictions capture the regional gradi-
ents in O3 concentration, they fail to capture the smaller-
scale gradients caused by the scavenging of O3 by nitrogen
oxides that occurs in urban centers and along roadways.
One must, therefore, suspect that there is substantial O3
exposure measurement error. The ability, then, of a con-
founder (in this case O3) that is measured with substantial
error to adequately control for confounding can be strongly
questioned. It must be concluded that it is not known
whether the PM2.5 effect is completely, or partially, con-
founded by the gaseous oxidant pollutants. However,
given the findings reported here, there is nevertheless con-
cern that there may be important confounding by O3.
Additionally, the differing spatial scales of the three-pol-
lutant exposure prediction models (i.e., PM2.5 at 1 km2,
NO2 at 100 m2, and O3 at 10- or 21-km2) hinder drawing
conclusions on how these pollutants correlate over space
(e.g., NO2 and O3 are unexpectedly positively correlated in
this study).
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Although Brauer and colleagues state that attenuated
results following adjustment for Ox and O3 (combined
with NO2) are consistent with previous work (Weichenthal
et al 2017; Crouse et al. 2015, respectively), they also sug-
gest that measurement error may prevent them from cap-
turing the complex interaction between oxidative gases
and PM2.5, as their previous work suggests that the redox
potential of O3 and Ox enhances the toxicity of PM2.5 mass
(Weichenthal et al. 2017). Alternatively, they state that spa-
tial variations in oxidant gases could act as surrogates of
air pollution sources or particle components with differing
health impacts, in which case adjustment for regional O3
could serve to adjust for aspects of PM2.5 itself, thereby
attenuating the effect of PM2.5. 

While the PM2.5 models are sensitive to the inclusion of
O3 and Ox, conclusions cannot be drawn at this point
about whether the attenuated HRs result from some or all
of the following: (1) the confounding effect of O3; (2) the
impacts of O3 measurement error and the different spatial
scales of the pollutant predictions; (3) poorly captured
interactions between oxidant pollution and PM2.5; and/or
(4) the confounding role of O3 as a measure of urban pollu-
tion, more generally, or as a measure of PM2.5 characteris-
tics.  The exposure measurement error correction
methodology for spatially varying pollutants in multipol-
lutant research is in its infancy (e.g., Bergen et al. 2016),
thus it is not surprising that Brauer and colleagues were
not able to fully address this issue in their extensive work.
The Panel looks forward to eventually seeing results from
health models that employ PM2.5 and gaseous pollutant
(especially O3) concentration predictions at a very fine
spatial scale.

Immigrant Effect Analysis The immigrant subanalyses
found larger PM2.5 mortality HRs for nonimmigrants when
compared with immigrants in the CCHS and 1991 and
1996 CanCHEC cohorts; however, the reverse was
observed in the 2001 CanCHEC cohort, though differences
were smaller. Previous cohorts had excluded immigrants
altogether or limited their inclusion to a minimum of 20
years in Canada because of the difficulty in constructing
exposure history and other unknown differences. In this
study, since immigrants in Canada comprise ~20% of the
population, investigators included all immigrant respon-
dents living in Canada for 10 years before the cohort index
year. It is not clear to the Panel whether the stronger associ-
ations in nonimmigrants could be due to exposure misclas-
sification during key time periods, the healthy immigrant
effect (given Canadian policies on health status when
admitting immigrants into the country), or other reasons.

CONCLUSIONS

Brauer and colleagues have conducted a thorough and
state-of-the-art study, and this Phase 1 report constitutes a
significant contribution to elucidating the associations
between low-level exposures to air pollution and mor-
tality. The MAPLE study greatly advances the investiga-
tors’ previous work by (1) increasing the cohort size and
follow-up time (to 2016), (2) employing deterministic (vs.
probabilistic) linkage of participants to mortality records
using individual identifiers, (3) refining spatial resolution
(1 km × 1 km) of the PM2.5 exposure models, (4) including
residential mobility at follow-up, (5) using year-adjusted
exposure estimates from 1981 onward, employing a
sophisticated backcasting approach, (6) including behav-
ioral covariate adjustment, and (7) expanding analyses to
include all immigrants who have been in Canada for more
than 10 years.

The investigators reported that exposure to PM2.5 was
associated with a 5% increase in nonaccidental mortality
per 10 µg/m3 (HR = 1.05, 95% CI: 1.04–1.07, using the full
model for pooled data of the three CanCHEC cohorts).
Across all cohorts, Brauer and colleagues showed evi-
dence of associations between PM2.5 and nonaccidental
mortality at concentrations below current health stan-
dards. Finally, secondary analyses using more detailed
covariate information from the CCHS data set suggested
that adjustment for additional covariates (i.e., smoking and
diet) appeared to be largely unnecessary after adjustment
for the available covariates in the CanCHEC data.

Although the study’s analyses had a number of important
advantages over previous cohort studies and earlier studies
by these investigators, the Panel raised several limitations
that prevent drawing firm conclusions from this interim
Phase 1 report. As noted earlier, the observed associations
between PM and mortality were weaker with adjustment for
O3, and the investigators only provided concentration–
response functions for single-pollutant models. In addition,
it remains unclear how robust the SCHIF method is, given
that the reference concentration was set at 0.4 µg/m3, artifi-
cially reducing the level of uncertainty at low concentra-
tions. This Phase 1 report does of course present work in
progress, and the authors will explore many of the issues
discussed here in their Final Phase 2 report. However, in
the absence of those further analyses these initial conclu-
sions on associations and concentration–response rela-
tionships should be treated with appropriate caution.

The Panel looks forward to the further examination of
these and many other questions in the final phase of the
project. Specifically, the investigators plan to conduct the
following analyses that will be included in their Final
Phase 2 report:
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Ground-Based Monitoring Sample collection and anal-
ysis are continuing at all five additional SPARTAN sites.
Filter sample analyses are ongoing for PM mass, black
carbon, ions, and elements. Organic composition of PM
collected on filters will also be evaluated. This is antici-
pated to improve the validation method by yielding valu-
able information for constraining the GEOS-Chem
simulation that is used to relate AOD to contemporary
PM2.5 concentrations.

Cause-Specific Mortality The investigators present
important preliminary cause-specific mortality subanal-
yses in this Phase 1 report in an attempt to identify more
specific causes of death related to low-level PM exposure.
They plan to complete main analyses in the CanCHEC and
CCHS cohorts of six specific causes of mortality, including
cardiovascular disease with and without diabetes, isch-
emic heart disease, cerebrovascular disease, nonmalignant
respiratory causes, chronic obstructive pulmonary disease,
and lung cancer. Since the main cause-specific mortality
analyses will be conducted in the second phase of the
study, the Panel’s evaluation has focused solely on non-
accidental mortality outcomes from long-term exposure to
PM2.5 and gaseous copollutants (NO2, O3, and Ox).

Low Concentrations Further analyses will be conducted
in which the data set will be restricted to cohort partici-
pants that were only exposed to concentrations below cer-
tain levels (that is, below 12, 10, 8, and 6 µg/m3).

Shape of the Concentration–Response Curve Investiga-
tors will refine the selection of knots to focus modeling of
the shape of the curve at both the low and high ends of
concentrations, as well as to evaluate the validity of the
standard error derivation. The investigators plan to
examine the shape of the association with PM2.5 and mor-
tality in locations with varying levels of Ox to further
explore whether PM2.5 mass toxicity is enhanced in the
presence of the redox potential (Ox) of NO2 and O3
(Weichenthal et al. 2017). They also plan to study effect
modification in the CanCHEC cohorts to evaluate the
shape of PM2.5–mortality associations across strata of oxi-
dant gases (i.e., O3, NO2, and Ox), both for all-cause and
cause-specific mortality.

Thus, these initial results find that PM2.5 exposure at
low ambient concentrations is associated with nonacci-
dental mortality, but further work is expected to shed light
on the robustness of the association and the concentra-
tion–response curve. Importantly, PM2.5 exposure esti-
mates have been made publicly available (Dalhousie
University Atmospheric Composition Analysis Group,
http://fizz.phys.dal.ca/~atmos/martin/?page_id=140#V4.
NA.01), and this approach could be extended to other

geographical regions to support air pollution–health
research worldwide.
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AIC Akaike information criterion

AOD aerosol optical depth

AOE adjusted optimal estimates

BMI body mass index

CA census agglomeration

CanCHEC Canadian Census Health and Environment 
Cohort

CAN-Marg Canadian Marginalization (index)

CASAC Clean Air Scientific Advisory Committee

CCHS Canadian Community Health Survey

CI confidence interval

CMA census metropolitan area

DAG directed acyclic graph

ESCAPE European Study of Cohorts for Air 
Pollution Effects

GEOS-Chem Goddard Earth Observing System chemical 
transport model

GWR geographically weighted regression

HR hazard ratio

IMPROVE Interagency Monitoring of PRotected Visual 
Environments

logRCS logarithm of the RCS hazard ratio

MAPLE Mortality–Air Pollution associations in 
Low-Exposure environments

MB mean bias

mCCHS CCHS mortality cohort

MODIS moderate resolution imaging spectro-
radiometer

NAAQS National Ambient Air Quality Standards

NO2 nitrogen dioxide

O3 ozone

Ox combined oxidant capacity

PCCF+ Postal Code Conversion File Plus

PM particulate matter

PM2.5 particulate matter ≤2.5 µm in aerodynamic 
diameter

PM10 particulate matter ≤10 µm in aerodynamic 
diameter

R2 coefficient of determination

RCS restricted cubic splines

RMSD root mean square difference

RR relative risk

SBC Schwarz Bayesian criterion

SCHIF shape-constrained health impact function

SD standard deviation

SE standard error

SPARTAN Surface PARTiculate mAtter Network

TSP total suspended particulate matter

U.S. CAA U.S. Clean Air Act

U.S. EPA U.S. Environmental Protection Agency 
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