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ABSTRACT 

Background: The temporal and spatial scales of exposure assessment may influence observed 

associations between fine particulate air pollution (PM2.5) and mortality but few studies have 

systematically examined this question.  

Methods: We followed 2.4 million adults in the 2001 Canadian Census Health and Environment 

Cohort for nonaccidental and cause-specific mortality between 2001-2011. We assigned PM2.5 

exposures to residential locations using satellite-based estimates and compared three different 

temporal moving averages (1-year, 3-year, and 8-year) and three spatial scales (1-km, 5-km, and 

10-km) of exposure assignment. In addition, we examined different spatial scales based on age, 

employment status, and urban/rural location, as well as adjustment for O3, NO2, or their 

combined oxidant capacity (Ox).  

Results: In general, longer moving averages resulted in stronger associations between PM2.5 and 

mortality. For nonaccidental mortality, we observed a hazard ratio of 1.11 (95% CI: 1.08, 1.13) 

for the 1-year moving average compared to 1.23 (95% CI: 1.20, 1.27) for the 8-year moving 

average. Respiratory and lung cancer mortality were most sensitive to the spatial scale of 

exposure assessment with stronger associations observed at smaller spatial scales. Adjustment 

for oxidant gases attenuated associations between PM2.5 and cardiovascular mortality and 

strengthened associations with lung cancer. Despite these variations, PM2.5 was associated with 

increased mortality in nearly all of the models examined. 

Conclusions:  These findings support a relationship between outdoor PM2.5 and mortality at low 

concentrations and highlight the importance of longer exposure windows, more spatially 

resolved exposure metrics, and adjustment for oxidant gases in characterizing this relationship. 

Keywords: PM2.5, spatial scale, temporal scale, mortality, oxidant gases, cohort study 
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Introduction 

 Ambient fine particulate air pollution (PM2.5) is estimated to contribute to millions of 

deaths around the world each year and to the overall global burden of disease.1 Although higher-

income countries have experienced improvements in air quality over the past several decades,2 

important relationships are still apparent between long-term exposures to outdoor PM2.5 and 

mortality at low concentrations.3  It is important to understand these relationships as cost–benefit 

assessments for future reductions in outdoor PM2.5 will require a detailed understanding of 

PM2.5–mortality associations at the low concentrations now observed across much of North 

America.   

 Studies of the long-term health effects of ambient PM2.5 rely on spatial contrasts (e.g., 

between city) in exposures to characterize health risks. Typically, studies assign outdoor PM2.5 

concentrations to cohort members based on residential locations or geographic identifiers in 

close proximity to residential areas (e.g., zip/postal codes, census tract centroids). Moreover, the 

same spatial scale of exposure assignment is generally applied to all cohort members as 

illustrated in recent studies using remote sensing-based estimates of PM2.5 concentrations at 1-km 

or 10-km resolution.3-6 Besides convenience, however, there is no empirical reason to use the 

same spatial scale of exposure assignment (e.g., buffer size) for all cohort members. Indeed, the 

most appropriate buffer size is the one that best captures long-term exposures to outdoor PM2.5, 

which may differ between subjects based on factors that influence mobility and/or individual-

level activity patterns.7-8 Likewise, previous studies have used various approaches to assign the 

temporal scale of PM2.5 exposures including moving averages3-6,9  or longer-term averages spread 

over the duration of follow-up.10-11 Both approaches may be reasonable, but it is not clear how 

these decisions may impact the strength of observed associations at low PM2.5 concentrations. 
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In this study, we focus specifically on how decisions related to the temporal and spatial 

scales of exposure assessment may impact PM2.5–mortality associations at low mass 

concentrations using the 2001 Canadian Census Health and Environment Cohort (CanCHEC). 

This analysis differs from our previous studies, which have relied on single spatial/temporal 

scales of PM2.5 exposure assessment without evaluating how different scales may impact the 

results. Specifically, our previous analyses have relied on spatial scales of either 1-km4,5,9 or 10-

km3,11 and temporal scales including 3-year moving averages4,5,9, 7-year moving averages3, or 

fixed long-term average assigned to residential locations at the time of enrollment.11 We have yet 

to evaluate the sensitivity of mortality hazard ratios to the temporal/spatial scale of exposure 

assessment and this was the primary aim of this analysis. As part of this process, we also 

evaluate how co-exposure to oxidant gases may confound these associations as emerging 

evidence suggests that these pollutants may influence the chronic health impacts of PM2.5.
9 

Canada is an ideal location to study the health effects of low PM2.5 mass concentrations as long 

term exposures are typically less than 10 g/m3, with values ranging from approximately 1-20 

g/m3. 

Methods 

Study Population 

  For this study we used a subsample of the 2001 CanCHEC, which has been described in 

detail elsewhere.5,13 The full cohort is a nationally-representative sample of approximately 3.5 

million Canadian adults who responded to the mandatory 2001 Statistics Canada long-form 

census (one in five households), and who had been linked to the Canadian mortality database and 

to annual income tax filings through 2011.13 Individuals were eligible for the cohort if they were 

≥ 19 years of age; were a usual resident of Canada on the census day; were not a long-term 
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resident of an institution; and, had filed a tax return during the follow-up period. The linkage to 

the tax files provided annual six-digit postal codes, which allowed us to incorporate annual 

residential mobility into our estimates of exposure assignment. In Canadian urban areas, the 

representative location of a six-digit postal code corresponds typically to one side of a street in a 

given block or the centre of an apartment building, and has positional accuracy within about 100-

160 m; in rural areas, there is much greater positional uncertainty (i.e., typically accurate within 

about 1-5 km).14-15 Missing postal codes were imputed using a method that has been applied and 

validated previously.5,16 

  We did not include immigrants in these analyses because they tend to have very different 

health status and health behaviors than the Canadian-born population; patterns that may persist 

for upwards of 20 years following immigration.17 We also restricted our study to adults aged 25-

89 at baseline due to lower rates of successful record-linkages to tax files among younger and 

older subjects. The CanCHEC dataset was created under the authority of the Statistics Act and 

approved by the Executive Management Board (reference number: 045-2015) at Statistics 

Canada. This approval is equivalent to that of standard research ethics boards. 

Exposure Assignment 

All exposures were assigned to based on postal code histories (and updated annually to 

account for residential mobility) incorporating a single-year lag (i.e., all exposures were 

estimated at the location where the subject had been living in the previous year). Our “base” 

exposure model consisted of annual PM2.5 estimates at a spatial resolution of 1-km over a 3-year 

exposure window (with a single-year lag, as noted above). The 3-year/1-km model was used as 

our base model as this is consistent with previous analyses in the CanCHEC cohorts.5-6, 9 For 

example, at baseline in 2001, subjects were assigned mean values assigned during the years 
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1998, 1999, and 2000. These PM2.5 data have been described previously,18 and used in several 

epidemiologic analyses.5-6, 9 Briefly, PM2.5 exposures were derived from aerosol optical depth 

retrievals related to surface PM2.5 concentrations using simulations from the GEOS-Chem 

chemical transport model and calibrated to surface measurements of PM2.5 by geographically 

weighted regression. Estimates greater than 20 μg/m3 were assigned values of 20 μg/m3, as 

values greater than that may represent inaccurate satellite retrievals. The earliest satellite 

retrievals were available in 1998. As such, exposure estimates for years prior to that were back-

casted using GEOS-Chem simulations fused to PM2.5 concentrations inferred from measured 

PM2.5 and PM10. 

We examined three spatial scales (1-km, 5-km, 10-km) and three temporal scales (1-year, 

3-year, and 8-year) of PM2.5 exposure assignment and the associated 3 x 3 matrices for each 

mortality outcome. The 8-year moving average was the longest possible given the data available 

for the cohort. As an alternative evaluation of fixed spatial scale, we also developed survival 

models that incorporated variable spatial buffers (i.e., 1-km or 10-km) according to selected 

individual characteristics that may influence individual-level mobility patterns/activity space. 

These characteristics included age, employment status, and urban/rural residence. Our rationale 

in conducting this analysis was that older subjects (65 years of age or older) and those not in the 

workforce may spend more time around their homes (in which case a 1-km buffer may be most 

appropriate) whereas younger/employed subjects may spend greater portions of their time away 

from home (in which case a 10-km buffer may be more appropriate).19 Additionally, there is a 

greater potential for exposure misclassification using a 1-km model among subjects with rural 

postal codes, as noted earlier. Therefore, we considered models in which the 1-km buffer was 

used for urban residences, and the 10-km buffer was used for rural residences. In all analyses 
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related to varying spatial dimensions of exposure assessment, spatial buffers were adjusted based 

on the individual parameters described above and combinations of parameters were not 

considered. Also, it is important to note that some of these parameters (e.g. employment status) 

likely changed over time but we did not examine time-varying spatial buffers as socio-

demographic data were only collected on census day.  

As further sensitivity analyses, we developed survival models that adjusted for co-

exposure to ambient ozone (O3), nitrogen dioxide (NO2), or their combined oxidant capacity 

(Ox).  Exposure estimates for O3 and NO2 were derived from existing datasets that have been 

described previously20,21 and used in several previous epidemiologic studies.3,9 Briefly, O3 data 

represent 8-hour average daily maximum concentrations in the warm seasons (May-October) 

between 2002 to 2009 modeled at a resolution of 21-km. The NO2 data were derived from a 

national land use regression model (2006) developed from fixed-site monitoring data and 

incorporating satellite-derived NO2 estimates and land use predictors. Both of these datasets 

were year-adjusted using ground-based time-series measurements.  National Air Pollution 

Surveillance annual average measurements from 24 Census Divisions were available from across 

Canada from 1981-2012. For each Census Division, we fitted a cubic spline to model the 

association between year and concentration, and used the ratios to adjust the original NO2 and O3 

data for each year of follow-up. As with the main PM2.5 model described above, we assigned 

oxidant gas concentrations using 3-year moving averages with a 1-year lag. We calculated Ox at 

each residential location as a weighted average, with weights equivalent to the respective redox 

potentials of NO2 and O3 (i.e., [(1.07 * NO2) + (2.075 * O3)]/3.14).22 Following inspection of 

results from our main analyses, we repeated our analyses including adjustment for oxidant gases 

using an 8-year moving window for PM2.5 (and the same 1-km spatial buffer).  
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Contextual Variables 

All survival models included several community-level spatial variables that may also 

influence health status. First, we assigned a time-varying indicator of the size of each subject’s 

home community according to data from the most recent census (i.e., 2001, 2006, or 2011). 

Using these data, we grouped communities into six categories from rural to large cities according 

to the following population ranges: < 10,000; 10,000-29,999; 30,000-99,999; 100,000-499,999; 

500,000-1,499,999; and > 1.5 million.  Next we assigned indicators of community-level 

marginalization from the Canadian Marginalization Index (CAN-Marg), which describes 

community-level material deprivation, residential instability, dependency, and ethnic 

concentration.23 We defined these variables according to census tracts for subjects living in large 

cities and within census subdivisions for subjects living outside of larger metropolitan areas. 

Census tracts are roughly the size of a neighborhood whereas census divisions are roughly the 

size of a town or community. These indicators were assigned as quintiles (from low to high 

marginalization). We also included a variable indicating the geographic airshed within which 

subjects resided. Canada is subdivided into six airsheds that allow us to adjust for broad scale 

spatial variation in mortality rates and variations in the composition of PM2.5 not captured by 

other risk factors.24 

Statistical Analyses 

We used Cox proportional hazards models to estimate hazard ratios (HRs) and 95% 

confidence intervals (CIs) for associations between PM2.5 and mortality in the various models for 

seven causes of death: nonaccidental (ICD-10: A to R); cardiometabolic (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); cerebrovascular disease (ICD-10: I60 to I69); non-

ACCEPTED

Copyright © Wolters Kluwer Health, Inc. All rights reserved. Unauthorized reproduction of this article is prohibited.



11 

 

malignant respiratory disease (ICD-10: J00-J99); and lung cancer (ICD-10: C33 to C34). The 

total number of cause-specific mortality cases (n=196,205) does not add up exactly to the total 

number of nonaccidental mortalities (n=191,555) because cardiometabolic deaths overlap with 

cardiovascular deaths (i.e. those with a primary cause of death of cardiovascular disease and 

those with a primary cause of death of diabetes) and ischemic heart disease and cerebrovascular 

disease deaths are a subset of cardiovascular deaths.  

We stratified our survival models by sex and by 5-year age groups, and we adjusted for 

the following individual-level variables: aboriginal identity, visible minority status, marital 

status, highest level of education, employment status, and household income adequacy quintiles. 

Visible minorities are persons (other than Aboriginal persons) who self-identify as non-

Caucasian in race or non-white in colour. Income adequacy quintiles are calculated from the 

ratio between the pre-tax income of economic families to the Statistics Canada low-income cut-

off for family and community size, adjusted for regional economic differences.4 We also 

controlled for the three time-varying contextual variables described above. We computed our 

hazard ratios per 10 µg/m3 in exposure to PM2.5. AIC (Akaike Information Criterion) values were 

determined for each model to facilitate comparisons of model fit across different spatial/temporal 

scales and adjustment for oxidant gases.32  

For sensitivity analyses, we applied a method of indirect adjustment35 to estimate 

potential bias caused by missing information on four common mortality risk factors including 

smoking, diet, exercise, and alcohol use. This analysis was limited to nonaccidental and 

cardiovascular mortality. We used the 2001 cycle of the Canadian Community Health Survey to 

create the X, U, and W-matrices35 with time-varying PM2.5 to indirectly adjust for the above 

missing behavioural risk factors not available in the CanCHEC cohort. We obtained risk 
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estimates from published meta-analyses for the specific risk factors on mortality including 

smoking intensity,36 alcohol consumption,37 physical activity,38 and fruit and vegetable intake.39 

The specific risk estimates are summarized in eTable 5; http://links.lww.com/EDE/B612.  

Results 

In total, 2.4 million adults were followed between 2001-2011 (Table 1). During this time 

191,555 nonaccidental, 60,665 cardiometabolic, 54,315 cardiovascular, 32,635 ischemic heart 

disease, 10,185 cerebrovascular, 16,765 respiratory, and 21,640 lung cancer deaths occurred in 

the study population. Estimated long-term exposures to outdoor PM2.5 were generally below 

current Canadian (and World Health Organization) guidelines for annual average outdoor PM2.5 

concentrations (10 g/m3) with mean concentrations below 8 g/m3 for all combinations of 

temporal/spatial scales (Table 2).  Spatial variations in outdoor PM2.5 were moderately correlated 

with outdoor NO2 (0.49 < r < 0.62), O3 (0.44 < r < 0.58), and Ox (0.60 < r < 0.68). 

 Figure 1 provides heat maps of PM2.5–mortality hazard ratios across all combinations of 

temporal/spatial scales examined; detailed hazard ratios and 95% confidence intervals are 

available in Supplemental Table S1; http://links.lww.com/EDE/B612. In our analysis of different 

temporal scales, the 8-year moving average consistently resulted in the strongest associations 

with the exception of lung cancer mortality for which the strongest association were observed 

using the 3-year moving average. When we compared PM2.5 hazard ratios across spatial scales, 

we generally found that smaller buffer sizes resulted in stronger associations for lung cancer and 

respiratory mortality whereas hazard ratios for nonaccidental, cardio-metabolic, cardiovascular, 

and cerebrovascular mortality were less sensitive to buffer size. Similar patterns in effect 

estimates were evident when analyses were restricted to those living in urban areas (eTable 2; 

http://links.lww.com/EDE/B612). For all outcomes, varying the buffer size according to age, 
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employment status, or urban/rural status attenuated hazard ratios slightly and did not improve 

model fit (eTable 3; http://links.lww.com/EDE/B612). Applying the indirect adjustment for 

missing risk factors (i.e. smoking, alcohol consumption, exercise, and fruit-vegetable intake) 

attenuated hazard ratios (based on the 3-year moving average and 1-km spatial scale) for 

nonaccidental (HR=1.17, 95% CI: 1.13, 1.20) and cardiovascular mortality (HR=1.22, 95% CI: 

1.16, 1.28) but risks remained elevated.  

 Adjusting PM2.5 models for oxidant gases (3-year moving average) generally attenuated 

observed associations and improved model fit (eTable 4; http://links.lww.com/EDE/B612). All 

of the best-fitting models included adjustment for one of the oxidant gases. For nonaccidental 

mortality, the best fitting model included adjustment for NO2 (8-year moving average for PM2.5). 

The HR from this model was attenuated relative to the single-pollutant model that included only 

PM2.5 (i.e., HR=1.17, 95% C1: 1.14, 1.21 vs. HR= 1.23, 95% CI: 1.20, 1.27).  The best-fitting 

models for respiratory, cardio-metabolic, and cardiovascular mortality included adjustment for 

Ox (8-year moving average for PM2.5), and the hazard ratios were attenuated by 7.2%, 16%, and 

13%, respectively compared to single-pollutant models for PM2.5. The best fitting models for 

ischemic heart disease, cerebrovascular, and lung cancer mortality included adjustment for O3; 

the 8-year PM2.5 moving average was best for ischemic heart disease and cerebrovascular 

mortality whereas the 3-year moving average was best for lung cancer. For lung cancer 

mortality, adjusting for O3 increased the hazard ratio by 7.8% whereas hazard ratios for ischemic 

heart disease mortality and cerebrovascular mortality decreased by 12% and 8.2%, respectively 

compared to models only including PM2.5.  
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 Finally, we conducted additional analyses to explore potential effect modification by O3 

(3-year moving average) in the relationship between PM2.5 (3-year moving average) and lung 

cancer mortality as conducted previously for nonaccidental, cardiovascular, and respiratory 

mortality.9 The model including PM2.5 (HR per 10 µg/m3 = 2.90, 95% CI: 2.06, 4.09), O3 (HR 

per 10 ppb = 1.06, 95% CI: 0.99, 1.13) and their interaction term PM2.5*O3 (HR per 10 ppb*µg 

/m3 = 0.82, 95% CI: 0.75, 0.88) was the best-fitting model for lung cancer mortality (AIC = 

469,861). For a given PM2.5 concentration, this model suggests that the risk of lung cancer 

mortality decreases as O3 increases. In stratified analyses across tertiles of O3, hazard ratios for 

associations between PM2.5 and lung cancer mortality were as follows: lower tertile (HR: 1.11, 

95% CI: 1.05, 1.17), middle tertile (HR: 1.06, 95% CI: 1.01, 1.12), upper tertile (HR: 1.04, 95% 

CI: 0.99, 1.09). Limited evidence of effect modification was observed in lung cancer models for 

PM2.5 and NO2 (PM2.5: HR = 1.21, 95% CI: 1.06, 1.37; NO2: HR=1.16, 95% CI: 1.05, 1.28; 

PM2.5*NO2: HR=0.99, 95% CI: 0.98, 1.00) and PM2.5 and Ox (PM2.5: HR = 2.63, 95% CI: 1.88, 

3.68; Ox: HR=1.07, 95% CI: 0.98, 1.17; PM2.5*Ox: HR=0.98, 95% CI: 0.97, 0.99). There was 

little difference in the magnitudes of PM2.5-lung cancer mortality associations across tertiles of 

NO2 (low: HR=1.00, 95% CI: 0.98, 1.01; mid: HR=1.01, 95% CI: 1.00, 1.02; high: HR=1.02, 

95% CI: 1.00, 1.03) or Ox (low: HR=1.02, 95%CI: 1.00, 1.03; mid: HR=1.02, 95% CI: 1.00, 

1.03; high: HR=1.03, 95% CI: 1.02, 1.04). 

Discussion 

Many decisions are made when assigning air pollution exposures to individuals in 

epidemiologic studies, and little research has evaluated how these decisions may impact the 

magnitudes of observed associations at low PM2.5 mass concentrations. In this study, we 

examined how different temporal and spatial scales of exposure assessment influence 
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relationships between PM2.5 and mortality in the 2001 Canadian Census Health and Environment 

Cohort and how co-exposure to oxidant gases influenced these associations.  

In general, our findings suggest that longer-term moving averages (up to 8 years) are 

associated with stronger associations between PM2.5 and mortality and that respiratory outcomes 

are more sensitive to the spatial scale of exposure assessment than cardiovascular outcomes. We 

did not identify any previous studies specifically examining the sensitivity of PM2.5-mortalty 

associations to the spatial scale of exposure assessment, but Ebisu et al.25 examined different 

spatial buffers (5-30 km) in their evaluation of PM2.5 and birthweight. Specifically, that study 

noted that the magnitude of association between PM2.5 and birthweight was not sensitive to the 

spatial scale of exposure assessment but that relationships for PM2.5 constituents did vary across 

different spatial scales. Two previous studies33,34 examined PM2.5–mortality associations using 

different exposure models (with different spatial scales) but did not evaluate the same model 

across several different spatial scales and thus their results are not directly comparable to those 

observed in this study. At least one other study evaluated the impact of different temporal scales 

of exposure assessment on PM2.5–mortality associations and our findings are consistent with 

these results. Specifically, Puett et al. reported stronger relationships between PM2.5 and all-cause 

mortality in the Nurses’ Health Study with moving averages up to 48-months.26  

To our knowledge, no other studies have explored the use of different buffer sizes 

according to factors that may influence individual-level activity spaces and our results suggest 

that this approach may not be warranted without further refinement in predicting individual-level 

mobility patterns. Specifically, using different buffer sizes according to age, employment status, 

or rural/urban residence did not improve model fit in our analyses suggesting that this approach 

did not reduce exposure measurement error introduced through different individual-level 
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mobility patterns – at least at these spatial scales. More refined individual-level information may 

be needed to accurately predict the dimensions of individual-level activity spaces for the 

purposes of assigning spatial buffers as between-subject variations within categories of age, 

employment status, and urban/rural status are likely substantial. Another possible concern is that 

the application of different spatial buffers for each individual may result in differential exposure 

measurement error, which can bias health effect estimates in unpredictable ways. For example, if 

factors impacting activity space have a larger impact on exposures in urban areas (where PM2.5 

concentrations are higher), accounting for this factor in the exposure assignment process could 

result in more precise estimates of exposure in areas with higher concentrations, thus likely 

biasing health risk estimates away from the null. Nevertheless, a recent comparison of mobility 

and residential exposure estimates suggests that such adjustments may be most relevant for 

pollutants with high spatial variability (e.g. NO2, ultrafine particles) and less important for 

pollutants that are more regional in nature like PM2.5.
8  

In addition to highlighting the impacts of different temporal and spatial scales of 

exposure assessment on PM2.5 mortality hazard ratios, our findings also suggest that oxidant 

gases can confound these relationships and that adjusting for these pollutants may attenuate 

observed associations. We previously reported that adjustment for oxidant gases attenuates 

associations between PM2.5 and nonaccidental, respiratory, and cardiovascular mortality9 and 

here we note additionally that this attenuation is particularly strong for cardio-metabolic and 

ischemic heart disease mortality. This may be explained by a direct relationship between spatial 

variations in oxidant gases and mortality,3,9 but evidence to date is limited.27 Alternatively, 

spatial variations in oxidant gases may act as surrogate measures of air pollution sources/particle 
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components that are more/less relevant to health and further work is needed to understand the 

combined health impacts oxidant gases and particulate air pollution.   

Interestingly, hazard ratios for PM2.5 and lung cancer mortality increased after adjusting 

for Ox/O3 given the positive correlation between PM2.5 and O3/Ox and the inverse association 

between O3/Ox and lung cancer which has been reported in several other cohort studies.27 To 

explore this further, we also examined effect modification by O3 in the relationship between 

PM2.5 and lung cancer mortality and noted an interaction with the strongest associations between 

PM2.5 and lung cancer mortality occurring in areas with low O3 (little evidence of effect 

modification was observed for NO2 or Ox). The reasons for this are not entirely clear. One 

possibility is that particle retention time (i.e., direct contact between harmful particle components 

and lung tissue) is shorter in regions with higher O3 concentrations owing to greater permeability 

of the lung epithelium barrier.28-30 The same mechanism would tend to strengthen PM2.5-

cardiovascular mortality associations at high O3 levels if particle translocation to the systemic 

circulation is an important component of this relationship as discussed elsewhere.9 Alternatively, 

photochemical reactions with particle components at high O3 concentrations may directly 

influence particle carcinogenicity. While our study cannot directly address either of these 

important questions, our results suggest that excluding oxidant gases from the analyses may 

overestimate the magnitude of associations between long-term exposures to outdoor PM2.5 and 

cardiovascular outcomes in Canada and underestimate the strength of associations between PM2.5 

and lung cancer. 

Although PM2.5–mortality hazard ratios were sensitive to decisions related to the 

temporal/spatial scale of exposure assessment and co-exposure to oxidant gases, overall 

associations between PM2.5 and mortality were surprisingly robust. Indeed, increased outdoor 

ACCEPTED

Copyright © Wolters Kluwer Health, Inc. All rights reserved. Unauthorized reproduction of this article is prohibited.



18 

 

PM2.5 concentrations were associated with increased risks of nonaccidental and cause-specific 

mortality in nearly all of the models examined. Interestingly, not all of the outcomes were 

equally sensitive to the spatial scale of exposure assessment and this may reflect spatial 

heterogeneity in the underlying PM2.5 components relevant to each outcome or different subject-

level mobility patterns across disease strata.31 For example, hazard ratios for respiratory and lung 

cancer mortality were attenuated to a greater extent when the 10-km buffer was used compared 

to those for cardio-metabolic, cardiovascular, ischemic heart disease, and cerebrovascular 

mortality. This pattern suggests that localized increases in particle components (e.g., transition 

metals, polycyclic aromatic hydrocarbons) may be more relevant for respiratory and lung cancer 

mortality whereas components that vary on a regional scale may be more important for 

cardiovascular outcomes. We cannot conclusively verify or refute this hypothesis in the present 

study; however, this finding suggests that the spatial scale of exposure assessment may not 

impact all outcomes equally and this should be considered when interpreting the results of future 

analyses. In particular, it seems that larger spatial scales may increase the risk of missing 

important relationships between PM2.5 and respiratory/lung cancer mortality.   

 Although this study had a number of advantages, including a large population-based 

cohort with detailed exposure data for multiple pollutants, it is important to note several 

limitations. First, our choices of spatial and temporal scales were constrained by data availability 

and, in the future, we will be able to consider longer exposure windows as follow-up time 

increases. A further limitation relates to the fact that O3 data were only available on a broad 

spatial scale and exposure misclassification almost certainly impacted our results for this 

pollutant. In particular, this could contribute to residual confounding in models adjusted for O3 

and Ox and thus we may have underestimated the true impact of O3/Ox on hazard ratios for PM2.5. 
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Similarly, we cannot rule out potential confounding by other unmeasured risk factors such as 

smoking; however, indirect adjustment for smoking and other missing variables in our sensitivity 

analyses suggests that these factors do not explain our results.  Nevertheless, if correlations 

between PM2.5 and unmeasured confounders varied according to the spatial/temporal scale of 

exposure assessment, unmeasured confounding variables could partially explain differences in 

hazard ratios across different temporal/spatial scales. In addition, the fact that personal 

information was available only at baseline likely contributed to exposure misclassification in our 

models examining different buffer sizes according to age, employment status, and urban/rural 

area. For example, a subject may have been younger than age 65, employed, and/or living in a 

rural area at baseline (and would have therefore been assigned the PM2.5 estimate modeled at a 

10-km spatial resolution), but then during follow-up any or all of those characteristics may have 

changed (in which case, a subject who is in fact older, unemployed, and in living in an urban 

area would be incorrectly assigned PM2.5 modeled at the 1-km spatial resolution). Last, as noted 

above, the earliest satellite observations available are from 1999, and so annual estimates for the 

years 1993-1997 (included only in the 8-year moving window) are based on back-casted 

estimates, which may have greater uncertainty. 

In summary, our findings suggest that associations between PM2.5 and mortality at low 

mass concentrations are robust to various decisions related to the temporal and spatial scale of 

exposure assessment. In general, longer moving averages resulted in stronger associations 

between PM2.5 and mortality with and the best fitting models including adjustment for oxidant 

gases.  Respiratory outcomes (i.e. respiratory and lung cancer mortality) were most sensitive to 

the spatial scale of exposure assessment whereas risk estimates for cardiovascular outcomes were 

fairly consistent across spatial scales. These differences should be considered when interpreting 
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findings from future studies as larger spatial scales may underestimate associations between 

PM2.5 and respiratory outcomes.  
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Figures 

Figure 1. Heatmaps for PM2.5–mortality associations for different spatial (1-km, 5-km, and 10-

km) and temporal scales (1-year, 3-year, and 8-year) of exposure assessment. Darker colors 

indicate stronger associations between PM2.5 and mortality. Cardiometabolic mortality is not 

shown as the pattern was similar to that for cardiovascular mortality. All models were stratified 

by sex and 5-year age groups and adjusted for aboriginal identity, visible minority status, marital 

status, highest level of education, employment status, household income adequacy quintiles, 

community size, community-level marginalization, and airshed.  
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Figures 

Figure 1. Heatmaps for PM2.5–mortality associations for different spatial (1-km, 5-km, and 10-

km) and temporal scales (1-year, 3-year, and 8-year) of exposure assessment. Darker colors 

indicate stronger associations between PM2.5 and mortality. Cardiometabolic mortality is not 

shown as the pattern was similar to that for cardiovascular mortality. All models were stratified 

by sex and 5-year age groups and adjusted for aboriginal identity, visible minority status, marital 

status, highest level of education, employment status, household income adequacy quintiles, 

community size, community-level marginalization, and airshed.  
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TABLES 
 
Table 1. Cohort characteristics at baseline and associations between each characteristic and 
nonaccidental mortality based on a fully adjusted survival modela.  

Characteristic n 
Hazard 
Ratio 

95% Confidence 
Interval 

Total  2,452,665 - - - 

Age (in years)     

 <65 2,059,930 - - - 

 65+ 392,735 - - - 

Sex      

 Men 1,186,740 - - - 

 Women 1,265,925 - - - 

Visible minority status     

 No 2,418,260 1.186 1.125 1.251 

 Yes (reference) 34,405 1.000 1.000 1.000 

Aboriginal identity     

 No 2,322,445 0.763 0.743 0.784 

 Yes (reference) 130,220 1.000 1.000 1.000 

Marital status     

 Common-law or married 1,789,125 0.697 0.686 0.709 

 Separated, widowed, or divorced 340,825 0.887 0.871 0.903 

 Single, never married (reference) 322,715 1.000 1.000 1.000 

Highest level of education     

 Did not complete high school 699,620 1.634 1.603 1.666 

 
High school diploma or some post-
secondary 888,850 1.382 1.355 1.409 

 Post-secondary diploma 476,055 1.182 1.156 1.209 

 University degree or higher (reference) 388,140 1.000 1.000 1.000 

Income adequacy quintile     

 1 (low) 375,710 1.364 1.341 1.388 

 2 466,100 1.228 1.209 1.248 

 3 510,585 1.131 1.112 1.150 

 4 538,145 1.071 1.053 1.089 

 5 (high) (reference) 562,130 1.000 1.000 1.000 

Labor force status     

 Employed 1,586,905 0.584 0.575 0.593 

 Unemployed - looking for work 101,525 0.801 0.774 0.830 

 Not in the labor force (reference) 764,230 1.000 1.000 1.000 

Airshed      

 Western 260,360 1.074 1.017 1.134 

 Prairie 342,130 1.073 1.017 1.133 

 West Central 165,510 1.186 1.123 1.253 

 Southern Atlantic 261,980 1.103 1.045 1.163 

 East Central 1,388,955 1.053 0.998 1.111 
 Northern (reference) 33,730 1.000 1.000 1.000 
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Table 1. Cohort characteristics at baseline (continued) 

Characteristic n 
Hazard 
Ratio 

95% Confidence 
Interval 

Community size (population in 2001)     

 1.5 million+ 595,250 1.061 1.041 1.081 

 500,000-149,999,999 440,790 1.031 1.013 1.050 

 100,000-499,999 460,825 1.080 1.062 1.098 

 30,000-99,000 196,510 1.076 1.056 1.097 

 1,000-29,999 120,550 1.081 1.058 1.105 

 Rural (reference) 638,735 1.000 1.000 1.000 

Neighborhood instability     

 Quintile 1 (low) 583,810 1.207 1.184 1.230 

 2 633,325 1.201 1.181 1.222 

 3 503,400 1.125 1.107 1.143 

 4 422,325 1.087 1.070 1.103 

 Quintile 5 (high) (reference) 309,800 1.000 1.000 1.000 

Neighborhood deprivation     

 Quintile 1 (low) 382,320 1.043 1.025 1.062 

 2 506,500 1.006 0.990 1.022 

 3 477,850 0.986 0.972 1.000 

 4 461,855 0.986 0.972 1.000 

 Quintile 5 (high) (reference) 624,135 1.000 1.000 1.000 

Neighborhood dependency     

 Quintile 1 (low) 383,355 1.284 1.262 1.307 

 2 417,340 1.205 1.186 1.225 

 3 403,070 1.134 1.117 1.151 

 4 530,650 1.067 1.053 1.080 

 Quintile 5 (high) (reference) 718,250 1.000 1.000 1.000 

Neighborhood ethnic concentration     

 Quintile 1 (low) 885,260 1.031 1.008 1.055 

 2 645,580 1.042 1.020 1.064 

 3 435,870 1.012 0.990 1.034 

 4 299,880 1.025 1.003 1.048 

 Quintile 5 (high) (reference) 186,080 1.000 1.000 1.000 
aModel stratified by sex and by 5-year age groups; adjusted for visible minority status, Aboriginal identity, marital 
status, education, income quintile, employment status; plus adjusted for four indices of neighbourhood 
marginalization, community size, and airshed. 
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Table 2. Descriptive statistics for outdoor air pollution concentrations at baseline (by person-
years, n=23,082,000) 

Pollutant Temporal 
Scale 

Spatial 
Scale 

Mean SD Median Min Max 

PM2.5 (µg/3) 1-year 1-km 7.21 2.80 6.99 0.00 20.00 
  5-km 6.59 2.51 6.25 0.05 20.00 
  10-km 6.24 2.37 5.90 0.21 20.00 
 3-years 1-km 7.43 2.65 7.20 0.00 20.00 
  5-km 6.79 2.40 6.47 0.40 18.50 
  10-km 6.44 2.29 6.12 0.60 18.16 
 8-years 1-km 7.98 2.55 7.79 0.35 18.36 
  5-km 7.27 2.33 6.97 0.92 16.83 
  10-km 6.90 2.25 6.62 0.79 16.40 
Ox (ppb) 3-years  11.56 6.58 10.42 0.01 65.78 
O3 (ppb)   38.98 7.12 38.56 8.47 60.48 
NO2 (ppb)   29.65 5.47 29.50 7.26 50.75 

The Canadian (and World Health Organization) guideline for annual average outdoor PM2.5 concentration is 10 µg/3. 
SD indicates standard deviation. 
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