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ABSTRACT
OBJECTIVE
To estimate exposure-response associations between 
chronic exposure to fine particulate matter (PM2.5) 
and risks of the first hospital admission for major 
cardiovascular disease (CVD) subtypes.
DESIGN
Population based cohort study.
SETTING
Contiguous US.
PARTICIPANTS
59 761 494 Medicare fee-for-service beneficiaries 
aged ≥65 years during 2000-16. Calibrated PM2.5 
predictions were linked to each participant’s 
residential zip code as proxy exposure measurements.
MAIN OUTCOME MEASURES
Risk of the first hospital admission during follow-up  
for ischemic heart disease, cerebrovascular disease, 
heart failure, cardiomyopathy, arrhythmia, valvular 
heart disease, thoracic and abdominal aortic 
aneurysms, or a composite of these CVD subtypes.  
A causal framework robust against confounding bias 
and bias arising from errors in exposure measurements 
was developed for exposure-response estimations.
RESULTS
Three year average PM2.5 exposure was associated with 
increased relative risks of first hospital admissions 

for ischemic heart disease, cerebrovascular disease, 
heart failure, cardiomyopathy, arrhythmia, and 
thoracic and abdominal aortic aneurysms. For 
composite CVD, the exposure-response curve showed 
monotonically increased risk associated with PM2.5: 
compared with exposures ≤5 µg/m3 (the World Health 
Organization air quality guideline), the relative 
risk at exposures between 9 and 10 µg/m3, which 
encompassed the US national average of 9.7 µg/m3 
during the study period, was 1.29 (95% confidence 
interval 1.28 to 1.30). On an absolute scale, the risk 
of hospital admission for composite CVD increased 
from 2.59% with exposures ≤5 µg/m3 to 3.35% at 
exposures between 9 and 10 µg/m3. The effects 
persisted for at least three years after exposure to 
PM2.5. Age, education, accessibility to healthcare, and 
neighborhood deprivation level appeared to modify 
susceptibility to PM2.5.
CONCLUSIONS
The findings of this study suggest that no safe 
threshold exists for the chronic effect of PM2.5 on 
overall cardiovascular health. Substantial benefits 
could be attained through adherence to the WHO air 
quality guideline.

Introduction
Particulate matter with an aerodynamic diameter of 
≤2.5 µm (PM2.5) is a major component of ambient air 
pollution.1 These particles are small enough to be 
inhaled deeply into the lungs, and they can enter the 
bloodstream, leading to a range of health problems 
such as systematic inflammation, vasoconstriction, 
cardiac electrical changes, and formation of blood 
clots, all of which can contribute to the development 
of cardiovascular disease (CVD).2 Numerous studies, 
including large scale epidemiological studies, have 
consistently found that exposure to PM2.5 can trigger 
adverse cardiovascular conditions and increase the 
risk of cardiovascular related hospital admission and 
mortality.3-13 Chronic exposures to PM2.5, lasting one 
year or more, have been found to pose a much greater 
risk to cardiovascular health than short term exposures 
spanning only a few days.14

However, major gaps in knowledge remain. First, 
most published studies focused on one or a small 
number of CVD subtypes, or treated CVD as a composite 
endpoint, which can fail to identify subtypes most 
vulnerable to PM2.5. With the rapidly growing burden of 
CVD worldwide, a direct comparison of the effect sizes 
across subtypes from within the same cohort would help 
to better understand the underlying mechanisms and 

WHAT IS ALREADY KNOWN ON THIS TOPIC
Fine particulate matter (PM2.5) is a key air pollutant and is recognized as a 
primary environmental risk factor for cardiovascular disease (CVD)
Chronic exposures to PM2.5, lasting one year or more, pose a much greater risk to 
cardiovascular health than short term exposures spanning only a few days
Specific exposure-response associations between chronic exposure to PM2.5 
and risks of hospital admission with major CVD subtypes remained largely 
unquantified

WHAT THIS STUDY ADDS
The exposure-response curve for the composite of CVD subtypes monotonically 
increased, suggesting that no safe threshold exists for overall cardiovascular 
health, and substantial benefits could be attained through adherence to the 
World Health Organization’s air quality guideline
Risks for ischemic heart disease, cerebrovascular disease, heart failure, and 
arrhythmia increased substantially in association with PM2.5, underscoring 
the need for targeted interventions to mitigate the adverse impacts on these 
conditions
Susceptibility to cardiovascular related hospital admission in association with 
PM2.5 varied by age, educational attainment, access to healthcare services, and 
overall deprivation level of the neighborhood
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inform targeted interventions to reduce the impact of 
PM2.5.15 Additionally, errors in exposure measurement 
can bias the estimated exposure-response association 
between PM2.5 and CVD, limiting the ability to know 
whether a safe threshold exists below which toxicity 
does not occur.16 This is of particular importance 
considering that the US Environmental Protection 
Agency has expressed uncertainty about the effect 
of annual PM2.5 levels <9 µg/m3.3 17 Consequently, an 
assessment below that threshold becomes crucial for 
public health considerations.18 Further, most studies 
have reported effects only on a multiplicative scale 
(eg, relative risk), which might obscure the actual 
size of the risk.19 Moreover, fewer studies have used 
causal methods, which provide greater assurance 
against confounding. Finally, although concerns about 
environmental justice are growing, the role of co-
occurrence of individual level and neighborhood level 
factors in the association between PM2.5 and CVD has 
not been comprehensively studied.7

We estimated the exposure-response associations 
between three year average exposure to PM2.5 and 
the risks of a first hospital admission for seven 
major subtypes of CVD—ischemic heart disease, 
cerebrovascular disease, heart failure, cardiomyopathy, 
arrhythmia, valvular heart disease, and thoracic and 
abdominal aortic aneurysms, for Medicare fee-for-
service beneficiaries aged ≥65 years in the contiguous 
US during 2000-16. We also examined the risk of a 
first hospital admission for the composite of these 
CVD subtypes. Both relative and absolute effects were 
assessed to provide a comprehensive understanding of 
the risks posed by PM2.5. Extensive subgroup analyses 
by individual and neighborhood level factors were 
performed to identify susceptible groups, in particular 
socioeconomically deprived neighborhoods.

Methods
Study population
The study data included all Medicare beneficiaries 
aged ≥65 years who resided in the contiguous US 
and enrolled in the fee-for-service programme at 
some point during 2000-16. From the Medicare 
denominator file, we obtained a unique identifier for 
each beneficiary and details of sex, race/ethnicity, 
age, enrollment status in Medicaid, residential zip 
code, and date of death if it occurred during the 
study period. Information on age, residential zip 
code, and enrollment status in Medicaid are updated 
annually. Medicaid provided additional coverage 
for participants with a low income and therefore we 
used enrollment status in Medicaid as a proxy for 
personal socioeconomic status. From the Medicare 
Provider Analysis and Review file, we obtained 
the date of hospital admission, ICD-9 and ICD-10 
(international classification of diseases, ninth and 
10th revisions, respectively) codes for principal 
discharge diagnosis, and a unique identifier used to 
match to the denominator file for each beneficiary. 
For each subtype of CVD, we constructed a separate 
cohort by following each beneficiary each year 
until the first hospital admission for that subtype 
of CVD, death, or end of the study period in 2016, 
whichever occurred earliest.20 To examine the risk 
of first hospital admission for the composite CVD 
outcome, we constructed another cohort by following 
each beneficiary each year until the first hospital 
admission for any of the studied CVD subtypes, 
death, or end of the study period in 2016, whichever 
occurred earliest. The supplementary material lists 
the specific ICD-9 and ICD-10 codes used for the 
identification of each CVD subtype related hospital 
admission.

Table 1 | Personal characteristics of Medicare fee-for-service cohort in the contiguous US, 2000-16. Values are number 
(percentage) unless stated otherwise
Characteristics Study population (n=59 761 494)
Person years 476 953 892
Average follow-up (years) 8.0
Hospital admission type*:
 Composite cardiovascular disease 13 001 853 (21.8)
 Ischemic heart disease 5 248 669 (8.8)
 Cerebrovascular disease 4 580 000 (7.7)
 Heart failure 3 964 836 (6.6)
 Cardiomyopathy 71 290 (0.1)
 Arrhythmia 3 885 622 (6.5)
 Valvular heart disease 537 879 (0.9)
 Thoracic and abdominal aortic aneurysms 476 448 (0.8)
Sex:
 Male 26 866 763 (45.0)
 Female 32 894 731 (55.0)
Race/Ethnicity:
 White 50 382 526 (84.3)
 Non-white 9 378 968 (15.7)
Age group at study entry (years):
 65-74 44 858 373 (75.1)
 ≥75 14 903 121 (24.9)
Ever enrolled in Medicaid during study period 10 542 856 (17.6)
*Given that the exposure of interest was three year average PM2.5, data for which were available from 2000, the earliest hospital admissions related to 
cardiovascular disease occurred in 2002.
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PM2.5 exposure estimation, calibration, and 
aggregation
We used geographically weighted regressions to 
predict ambient daily PM2.5 levels at a spatial resolution 
of 1-km2 grid cells across the contiguous US during 
2000-16. Our ensemble model combined predictions 
from multiple machine learning algorithms, 
including random forests, gradient boosting, and 
neural networks. To generate these predictions, we 
integrated various data sources, such as satellite data, 
meteorology, land use variables, monitoring data, 
and simulations of chemical transport model.21 The 
ensemble model showed better predictive performance 
than the individual machine learners, with a 10-fold 
cross validated R2 value of 0.86.

We employed a regression calibration approach 
to enhance the precision of grid level PM2.5 estimates 
and reduce biases in the health effect estimates 
due to exposure error.22 First, we used a logistic 
regression to predict the probability of having at 
least one PM2.5 monitoring site for each zip code in 
each year, given population density, per cent of the 
population who identified as being of Black race, per 
cent of the population who identified as Hispanic, 
per cent of the population who identified as Asian, 
per cent below the threshold for poverty, distance 
between industrial facility and zip code centroid, 
road density, normalized difference vegetation index, 
and tree canopy. We did this to adjust for the uneven 

distribution of the monitored locations via inverse 
probability weights, thus making the non-monitored 
locations more representative. Next, we stratified the 
monitored, seasonal averaged PM2.5 levels by season, 
elevation, and census division and generated 1000 
bootstrap samples for each stratum. For each bootstrap 
sample, we fitted a linear regression of monitored 
PM2.5 levels on the predicted PM2.5 at grid cells where 
the monitoring sites were located, adjusted for wind 
speed, humidity, imperviousness, and calendar year, 
and weighted by the inversed probabilities of having 
at least one monitoring site derived from the earlier 
logistic regression. This allowed higher weights in 
strata that had lower probabilities of having monitoring 
sites. Then we stratified, across the contiguous US, the 
grid level PM2.5 estimates by season, elevation, and 
census division; the same as for the monitored PM2.5. 
For each stratum, we used the fitted regressions to 
estimate 1000 sets of calibrated PM2.5 levels, based 
on the grid level PM2.5 estimates and covariates. This 
process produced 1000 regression calibrated, seasonal 
averaged PM2.5 levels at all grid cells. By averaging 
seasonal averages within a year, we obtained 1000 
calibrated, annual PM2.5 levels for each grid cell 
per year. The supplementary material provides a 
comprehensive description of the calibration process.

To match the spatial resolution of the Medicare 
cohort, we aggregated the calibrated PM2.5 estimates at 
grid cells to zip codes. Briefly, we estimated zip code 

Fig 1 | Distribution of mean for 1000 calibrated lag 0-2 PM2.5 concentration per zip code-year combination. The 
distribution covers all zip codes in the contiguous US, 2000-16. An interactive version of this graphic is available at 
https://public.flourish.studio/visualisation/14948756/
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level PM2.5 by averaging the predictions at grid cells 
with centroids inside the polygonal area for general 
zip codes, and by assigning the prediction at the 
nearest grid for other zip codes that lacked polygon 
representations, such as apartment buildings, military 
bases, and post offices.23 This method produced 1000 
calibrated PM2.5 levels for each zip code per year.

The exposure of primary interest was three year 
average exposure to PM2.5 over the current and previous 
two years (lag 0-2). We also examined exposures to PM2.5 
at single lag years, specifically lag 0, lag 1, and lag 2.

Covariates
We adjusted for calendar year; individual level 
characteristics, including sex, race/ethnicity, age 
group, and Medicaid enrollment; and various 
neighborhood level covariates as potential confounders 
based on substantive knowledge and the most relevant 
literature.14  24-26 Neighborhood level socioeconomic 
and personal covariates, including proportion of the 
population aged ≥65 years living below the threshold 
for poverty, population density, median value of 
owner-occupied properties, proportion of housing 
units occupied by owners, proportion of the population 
who identified as Hispanic, and proportion of the 
population aged ≥65 years who had not graduated 
from high school, were obtained from the US Census 
and the American Community Survey.27 28 These data 
were available in 2000 and from 2010 to 2016 by zip 

code and were linearly interpolated to estimate missing 
values for all other years.

County level risk factors, including mean body 
mass index and the prevalence of ever smokers, were 
obtained from the Behavioral Risk Factor Surveillance 
System of the Centers for Disease Control and 
Prevention and were linked to respective zip codes.29 
Additionally, we computed the annual rate of lung 
cancer related hospital admissions in each zip code 
from the Medicare data as a surrogate for smoking and 
tobacco use.

Healthcare covariates, including the proportion of 
Medicare beneficiaries who received at least one test 
for glycated hemoglobin each year, the proportion of 
beneficiaries who had at least one ambulatory visit 
to a doctor in a year, and the proportion of female 
beneficiaries who received mammography within a 
two year period, were obtained from the Dartmouth 
Atlas of Health Data.30 These covariates represented 
the most commonly utilized healthcare services. We 
collected data at the hospital service area level and 
linked them to zip codes. Further, we computed the 
distance from the centroid of each zip code to the 
nearest hospital, using hospital locations sourced from 
a dataset produced by Esri (Redlands, CA) as an overall 
measure of access to healthcare.31

Similar to PM2.5, we aggregated concurrent air 
pollutants and weather data, including annual warm 
season ozone (April-September), annual nitrogen 

Fig 2 | Distribution of standard deviation for 1000 calibrated lag 0-2 PM2.5 concentration per zip code-year 
combination. The distribution covers all zip codes in the contiguous US, 2000-16. SD=standard deviation. An 
interactive version of this graphic is available at https://public.flourish.studio/visualisation/14948970/
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dioxide levels, and annual temperature at grid cells, to 
zip codes and linked to the Medicare cohort.23 32 33

In analyses examining effects of exposure to PM2.5 
in a single year, we adjusted the PM2.5 levels from the 
other two lag years as covariates to obtain independent 
effect estimates.

Statistical analysis
We divided the PM2.5 exposure levels into 11 disjoint 
intervals. These intervals included [0, 5), [5, 6), . . . , 
[13, 14), [14, ∞), two wider intervals for the extremely 
low and high levels, and nine 1 unit intervals for 
those in between. For each outcome, we prepared a 
dataset with person year representations of follow-up 
to allow for time varying exposures and covariates. 
We aggregated person years by all the categorical 
variables, including zip code, year, sex (male or 
female), race/ethnicity (white or non-white), age group 
(65-74 years or ≥75 years), and Medicaid enrollment 
status (yes or no), so that each observation represented 
a stratum of a unique combination of those variables. 
Numbers of hospital admissions and person years were 
cumulated for each stratum.20

Assuming the 1000 calibrated PM2.5 exposure 
levels for each stratum were normally distributed, we 
calculated the probability of a PM2.5 level falling within 
an exposure interval, based on the mean and standard 
deviation of the 1000 calibrated PM2.5 levels. This 

allowed us to directly incorporate uncertainty about 
the exposure into the exposure-response estimations. 
Using the logit link function, we fitted a beta regression 
to predict the probability of the PM2.5 level falling within 
that exposure interval, given the covariates delineated 
above as predictors and weighted by the number of 
person years. We used the predicted probability to 
estimate stabilized inverse probability weight, defined 
as: swij=p(Xj ) divided by expit(g(Xij |C)) where swij 
represented the stabilized inverse probability weight 
for stratum i in exposure interval j; P(Xj ) the probability 
of any stratum with an exposure level of X in interval 
j; expit(·)=exp(·) divided by 1+exp(·), the inverse logit 
function; and g(Xij|C) the beta regression for predicting 
the probability of being exposed at PM2.5 level within 
interval j, given covariates C. This generated 11 inverse 
probability weights per stratum, each corresponding to 
a distinct exposure interval, thus allowing for different 
impacts of confounders across intervals.

Then we categorized the mean of the 1000 calibrated 
PM2.5 exposure levels per stratum into one of the 
exposure intervals and assigned the inverse probability 
weight corresponding to that exposure interval for 
estimation of the exposure-response association. 
Assuming the inverse probability weight resulted in an 
exposure in each interval that was independent of all 
covariates, the exposure effect for that exposure interval 
was a valid substitute for the counterfactual scenario, 

Fig 3 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of first 
cardiovascular disease related hospital admissions. CVD=cardiovascular disease. An interactive version of this 
graphic is available at https://public.flourish.studio/visualisation/14949076/
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in which all strata would be exposed to PM2.5 levels 
falling within that particular interval.34 Finally, we fitted 
a quasi-Poisson regression for the count of hospital 
admissions against the categorized exposure interval, 
weighted by the inverse probability weight. The model 
also included an offset for the number of person years 
to account for the difference in size of population at risk 
between strata. This quasi-Poisson regression provided 
the relative risks of the first hospital admission for all 
exposure intervals, using the lowest exposure interval 
as the reference. The entire process was repeated for 
each CVD outcome. For all effect estimates within an 
exposure interval, considering the inherent correlations 
among the eight CVD outcomes, we used the Bonferroni 
correction to adjust 95% confidence intervals. Absolute 
scale exposure-response associations were obtained 
based on the cohort’s baseline risks of hospital 
admission for the lowest exposure interval of [0, 5) 
combined with the estimated relative risks.

To identify susceptible subpopulations, we 
conducted separate analyses by age group and sex. 
Further, to identify neighborhood level factors that 
contributed to susceptibility, we performed subgroup 
analyses by upper or lower fourths of per cent 
population aged ≥65 years who did not graduate from 
high school, distance from the centroid of each zip 
code to the nearest hospital, and the national area 
deprivation index as a composite metric for level of 

neighborhood disadvantage.35 For consistency across 
CVD outcomes, we used the same upper or lower fourth 
of the neighborhood level variables based on the entire 
Medicare fee-for-service cohort.

Patient and public involvement
The study population was not involved in this study 
owing to the deidentified nature of the Medicare 
data and restricted access to these data. However, 
one author, through regular clinical interactions 
with patients admitted to hospital for cardiovascular 
conditions, discussed the potential impacts of air 
pollution. These discussions informed our study 
design and interpretation of the results.

Results
Table 1 shows the characteristics of the studied 
Medicare fee-for-service cohort during 2000-16. 
The cohort comprised 59 761 494 adults with 
476 953 892 person years of follow-up and consisted 
of mostly white adults (84.3%, n=50 382 526), a 
higher proportion of female beneficiaries (55.0%, 
n=32 894 731), and individuals mostly aged 65-74 
years at study entry (75.1%, n=44 858 373). In total, 
17.6% (n=10 542 856) of the beneficiaries enrolled 
in Medicaid at some point during the study period. 
Overall, 21.8% (n=13 001 853) of the beneficiaries 
had a composite CVD related hospital admission 

Fig 4 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and absolute risks of first 
cardiovascular disease related hospital admissions. Numeric values for 95% confidence intervals are detailed in the 
supplementary file for reference. CVD=cardiovascular disease. An interactive version of this graphic is available at 
https://public.flourish.studio/visualisation/16472028/
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(ie, any of the seven CVD subtypes). Ischemic heart 
disease was the most prevalent CVD subtype resulting 
in hospital admission, with 8.8% (n=5 248 669) of 
beneficiaries experiencing the condition, followed by 
cerebrovascular disease (7.7%, n=4 580 000), heart 
failure (6.6%, n=3 964 836), and arrhythmia (6.5%, 
n=3 885 622). Given that the exposure of primary 
interest was the three year average PM2.5, for which 
data have been available since 2000, the earliest CVD 
related hospital admissions occurred in 2002. The 
supplementary materials provide summary statistics 
of the neighborhood level variables.

Figure 1 and figure 2 show the distributions of mean 
and standard deviation for 1000 calibrated lag 0-2 
PM2.5 concentration per zip code-year combination, 
respectively. The distribution covers all zip codes in the 
contiguous US during 2000-16. The mean of calibrated 
lag 0-2 PM2.5 concentration followed an approximate 
normal distribution, averaging at 9.7 µg/m3, substantially 
below the current national standard of 12 µg/m3.  
The standard deviation of the calibrated PM2.5 values 
showed a right skewed distribution, with a minimum 
of 0.03 μg/m3. Out of the total 39 188 zip codes in our 
analysis, 3871 (9.9%) contained monitoring sites.

Figure 3 shows the estimated exposure-response 
associations between the calibrated lag 0-2 PM2.5 

exposure level and relative risks of first CVD related 
hospital admissions. For each effect estimate, the 
exposure level corresponds to the median value (see 
supplementary table S3) within that exposure interval 
for the entire Medicare fee-for-service cohort. The 
exposure-response curves for composite CVD, ischemic 
heart disease, cerebrovascular disease, heart failure, 
and cardiomyopathy monotonically increased. Notably, 
the curve for heart failure displayed the steepest slope, 
with the relative risk for a first hospital admission 
associated with calibrated lag 0-2 PM2.5 concentration 
ranging from 1.19 (95% confidence interval 1.17 to 
1.22) for the [5, 6) exposure interval to 2.31 (2.28 to 
2.35) for the highest exposure interval of [14, ∞). The 
exposure-response curve for valvular heart disease 
fluctuated around 1, with a substantially smaller risk 
compared to other CVD subtypes. For arrhythmia 
and thoracic and abdominal aortic aneurysms, the 
exposure-response curves monotonically increased 
until the [13, 14) exposure interval, and decreased 
slightly at the highest exposure interval.

Figure 4 shows the estimated exposure-response 
associations between exposure to the calibrated lag 
0-2 PM2.5 concentration and absolute risks of first CVD 
related hospital admissions. Among CVD subtypes, 
ischemic heart disease, cerebrovascular disease, 

Fig 5 | Exposure-response associations between exposure to calibrated single year lagged PM2.5 level and relative 
risks of first cardiovascular disease related hospital admissions. The effect estimates of three lagged exposures were 
independent as they were mutually adjusted. CVD=cardiovascular disease. An interactive version of this graphic is 
available at https://public.flourish.studio/visualisation/15136586/
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heart failure, and arrhythmia showed relatively high 
baseline risks of hospital admission and were clearly 
positively associated with lag 0-2 PM2.5 concentration. 
For composite CVD, the absolute risk monotonically 
increased from 2.59% at baseline to 4.69% (95% 
confidence interval 4.65% to 4.73%) at the highest 
exposure interval. Cardiomyopathy, valvular heart 
disease, and thoracic and abdominal aortic aneurysms 
presented considerably lower risks compared with the 
composite CVD and other subtypes.

Figure 5 shows the estimated exposure-response 
associations between exposures to calibrated PM2.5 
concentration at lag 0, lag 1, and lag 2 and relative 
risks of first CVD related hospital admissions. The 
effect estimates of these three lagged exposures were 
mutually adjusted and therefore independent. For 
composite CVD and the three most prevalent CVD 
subtypes—ischemic heart disease, cerebrovascular 
disease, and heart failure—the highest risk was 
associated with immediate exposure to PM2.5 at lag 
0. This was followed by a slightly reduced effect 
at lag 1 PM2.5 level and a further reduction at lag 2 
PM2.5 level. For each outcome, the single year lagged 
exposure-response curves were similar to each other 
and were consistent with the curve for lag 0-2 PM2.5  
level (fig 3).

Figure 6, figure 7, figure 8, figure 9, and figure 10 
show the estimated exposure-response associations 
between exposure to lag 0-2 PM2.5 level and relative 
risks of first CVD related hospital admissions from 
subgroup analyses. Female beneficiaries exhibited a 
higher risk for composite CVD, ischemic heart disease, 
and heart failure, whereas their risk of cardiomyopathy 
was lower (fig 6). Younger beneficiaries aged 65 to 74 
years experienced a greater risk of hospital admission 
for composite CVD and most individual CVD subtypes 
(fig 7). Beneficiaries who lived in zip codes with 
lower rates of high school completion (≤25th centile), 
longer distance to hospital (>75th centile), or higher 
deprivation level (area deprivation index >75th centile) 
experienced higher risk for most outcomes (fig 8, fig 9, 
and fig 10). The supplementary material shows the 
numerical results.

Discussion
In this cohort study of 59 million Medicare 
beneficiaries across the contiguous US, we found that 
three year average exposure to PM2.5 was associated 
with increased relative risks of a first hospital 
admission for ischemic heart disease, cerebrovascular 
disease, heart failure, cardiomyopathy, arrhythmia, 
and thoracic and abdominal aortic aneurysms. For 

Fig 6 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of first 
cardiovascular disease related hospital admissions stratified by sex. CVD=cardiovascular disease. An interactive 
version of this graphic is available at https://public.flourish.studio/visualisation/15136893/
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the composite CVD outcome, the exposure-response 
curve monotonically increased, suggesting that no 
safe threshold exists for overall cardiovascular health; 
compared with the lowest exposure interval between 
0 and 5 µg/m3, the risk of hospital admission was 
already raised at exposures between 5 and 6 µg/m3 
and increased by 1.29 times at exposures between 
9 and 10 µg/m3. This latter range encompassed the 
national average of 9.7 µg/m3 and is being evaluated 
by the US Environmental Protection Agency for the 
upcoming National Ambient Air Quality Standards.18 
On an absolute scale, the risk of hospital admission for 
composite CVD increased from 2.59% with exposures 
≤5 µg/m3 to 3.35% at exposures between 9 and  
10 µg/m3; ischemic heart disease, cerebrovascular 
disease, heart failure, and arrhythmia presented 
considerable increases in absolute risk of hospital 
admission associated with PM2.5, in comparison with 
other CVD subtypes. These results were crucial for 
informing targeted interventions to specifically mitigate 
the adverse impacts of PM2.5 on these conditions. In the 
single year lagged models, the effect of PM2.5 persisted 
at least for three years after exposure, suggesting a long 
lasting impact of PM2.5 on cardiovascular health. It also 
implied that the benefits of policies to reduce PM2.5 
would be realized immediately after implementation 

and would continue to accrue for years. Overall, our 
findings highlighted important benefits that could be 
attained through adherence to the newly published 
WHO air quality guideline of ≤5 µg/m3.36 Our study 
is timely, considering the ongoing review of the US 
national standards.18 Nevertheless, the upcoming US 
standard, proposed to be between 9 and 10 µg/m3, is 
still considerably higher than the 5 µg/m3 set by WHO, 
and not sufficient for the protection of public health.

Although PM2.5 has been recognized as a primary 
environmental risk factor for CVD, its specific impact 
on different CVD subtypes, as well as the exposure-
response associations, remained largely unquantified.7 
Moreover, studies correcting for exposure measurement 
error, assessing absolute effects, and using causal 
methods, are limited or non-existent. In this cohort 
study, we estimated exposure-response associations 
between chronic exposure to PM2.5 and risks of first 
hospital admission for seven major CVD subtypes, as 
well as the composite of those subtypes. We developed 
a causal framework that allowed confounders to have 
different impacts in different exposure ranges, thereby 
strengthening the validity of the associations between 
chronic exposure to PM2.5 and CVD outcomes. To 
reduce the bias in exposure-response estimations from 
errors in measuring those exposures, we implemented 

Fig 7 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of 
first cardiovascular disease related hospital admissions stratified by age group. CVD=cardiovascular disease. An 
interactive version of this graphic is available at https://public.flourish.studio/visualisation/15138435/
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two strategies: in the first we employed a regression 
calibration approach to refine our spatiotemporally 
resolved PM2.5 exposure estimates, and in the second 
we incorporated the uncertainty of exposure estimates 
into exposure-response estimations by assigning 
greater weights to exposures with less uncertainty, 
thus improving the overall accuracy of health effect 
estimates.

Comparison with other studies
The exposure-response estimations for ischemic 
heart disease and cerebrovascular disease were 
similar on both relative and absolute scales, 
possibly as a result of the shared underlying 
pathophysiological mechanisms involving 
atherosclerosis and thromboembolism.37 This 
finding aligned with a recent review,6 which reported 
highly comparable associations between long term 
exposure to PM2.5 and mortality for ischemic heart 
disease and cerebrovascular diseases (23% and 
24% increased risk, respectively, for each 10 µg/m3  
increase in long term exposure to PM2.5). Building 
upon previous studies showing positive associations 
between chronic exposure to PM2.5 and risks for 
heart failure and arrhythmia,3  8  9  38 the results on 

our absolute scale show that these are among the 
most susceptible CVD subtypes to develop in people 
exposed to PM2.5. For arrhythmia specifically, a  
subtype analysis suggested that people with atrial 
fibrillation and other subtypes of arrhythmia 
were susceptible to chronic exposure to PM2.5 (see 
supplementary fig S1). Given the high prevalence, 
substantial healthcare costs, impact on daily 
activities, and influence on mortality, heart failure 
and arrhythmia emerge as major public health 
concerns.39 Thus, alongside ischemic heart disease 
and cerebrovascular disease, which are the leading 
causes of cardiovascular mortality, it is crucial to 
emphasize heart failure and arrhythmia as primary 
targets for population level interventions to mitigate 
the adverse effects of air pollution on cardiovascular 
health.

Consistent with the findings of a multiethnic 
study,40 we found an ambiguous association between 
PM2.5 and valvular heart disease, suggesting that 
PM2.5 might play a less important role than other 
primary risk factors such as genetics, infections, and 
other cardiovascular conditions.41 The ambiguous 
association could also result from data variability. 
When these subtypes were assessed in more detail, 

Fig 8 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of first 
cardiovascular disease related hospital admissions stratified by the lower fourth of high school completion rate. 
CVD=cardiovascular disease. An interactive version of this graphic is available at https://public.flourish.studio/
visualisation/15138885/
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this unclear association appeared to be driven by 
aortic valve disease (see supplementary fig S2). PM2.5 
was, however, clearly not associated with mitral 
valve disease, suggesting that the pollutant might be 
more specifically associated with the calcification of 
aortic valve rather than with valvular calcification in 
general.42 The positive association between PM2.5 and 
tricuspid and pulmonary valve diseases suggested that 
a longer follow-up period might be needed to better 
understand the associations of PM2.5 with mitral valve 
disease and aortic valve disease, since the left side of 
the heart has greater flow and calcium deposition may 
take longer to build up.

In subgroup analyses, we found that older 
beneficiaries were consistently less susceptible 
to PM2.5 for all outcomes, which was consistent 
with the findings of several studies.14  24  25  43 This 
may potentially be explained by older aged people 
having lower average body mass index, which 
may be associated with decreased vulnerability 
to cardiovascular events.44 Another plausible 
explanation is that beneficiaries susceptible to PM2.5 
might have experienced their first hospital admission 
when young. Consequently, they were not included 
in the older group.45 Our findings on sex differences 

varied across CVD subtypes, consistent with the 
mixed results reported by others.6 25 26

At the neighborhood level, we found a higher 
risk of hospital admission associated with PM2.5 for 
beneficiaries living in zip codes with lower rates 
of high school completion, longer distance to the 
nearest hospital, or greater neighborhood deprivation. 
Consistent with four studies,10-13 these identified 
differences in susceptibility highlight factors that may 
further contribute to inequalities in the impact of air 
pollution, in addition to inequalities in exposure.46 
Longer distance to the nearest hospital is indicative 
of limited access to healthcare services, which is 
particularly relevant in the context of cardiovascular 
related hospital admission. Indeed, timely and effective 
outpatient care plays a vital role in minimizing the risk 
of hospital admission for cardiovascular conditions.47 
Greater neighborhood deprivation and lower education 
attainment characterize various social, economic, and 
environmental factors that can contribute to increased 
susceptibility to the impact of air pollution. These 
factors include poverty, poorly maintained walkways, 
access to parks, shopping areas, and neighborhood 
organizations, as well as substandard quality of 
housing.35

Fig 9 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of first 
cardiovascular disease related hospital admissions stratified by the upper fourth of distance to the nearest hospital. 
CVD=cardiovascular disease. An interactive version of this graphic is available at https://public.flourish.studio/
visualisation/15176513/
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Strengths and limitations of this study
Our study has several strengths. First, we addressed 
a central concern of exposure measurement error 
that was pervasive in large scale studies using 
spatiotemporally resolved air pollution predictions.16 
Although some methods for estimating uncertainty 
of exposure have been developed and integrated into 
health effect estimates, most existing studies have not 
accounted for this uncertainty.48 In the present study, 
we developed a regression calibration approach to 
improve the accuracy of exposure measures. We used 
this calibration approach and further estimated the 
variability of exposure estimates as a measure of 
uncertainty, and we incorporated this uncertainty 
into our exposure-response estimations to reduce 
bias in health effect estimates from exposure error. 
Specifically, we assigned lower weights to strata 
associated with exposure measures with higher 
uncertainty—thereby these strata contributed less 
to the overall effect estimates. Another strength 
was the categorization of continuous exposure for 
inverse probability weight estimation, improving 
the robustness against outliers. Estimating inverse 
probability weight for continuous exposures can be 

challenging as excessively large or small weights 
for outliers need to be avoided.20 This approach 
also relaxed the strong assumptions of distribution 
form and homoscedasticity inherent in continuous 
exposures.49 Further, the causal approach fitted 
separate propensity score models for each PM2.5 
exposure interval, allowing the confounders to have 
different impacts in different exposure ranges and 
thus reducing confounding bias. Finally, we provided 
absolute effect estimates of PM2.5 on risks of hospital 
admission for CVD subtypes. The results could inform 
targeted interventions to mitigate the adverse impacts 
of PM2.5 on ischemic heart disease, cerebrovascular 
disease, heart failure, and arrhythmia, as risks from 
these conditions appeared to be higher compared 
with other CVD subtypes.

This study has some limitations. First, owing to 
restricted available data sources, we were unable 
to account for individual level risk factors such as 
body mass index and smoking for cardiovascular 
related hospital admissions. However, ambient air 
pollution levels in neighborhoods are unlikely to be 
substantially influenced by individual covariates. This 
is because, for example, neighborhoods with higher 

Fig 10 | Exposure-response associations between exposure to calibrated lag 0-2 PM2.5 level and relative risks of first 
cardiovascular disease related hospital admissions stratified by the upper fourth of area deprivation index. This index 
measures the level of disadvantage in a zip code, based on national centile rankings from 1 to 100. A ranking of 100 
represents the highest degree of disadvantage. CVD=cardiovascular disease. An interactive version of this graphic is 
available at https://public.flourish.studio/visualisation/16485923/
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levels of poverty and population density may also be 
neighborhoods with higher air pollution levels. In 
other words, ambient air pollution levels are spatially 
patterned in neighborhoods based on neighborhood 
level characteristics. If people with low incomes were 
to move to high income neighborhoods, they would 
receive an ambient level of exposure associated with 
characteristics of the high income neighborhood 
rather than their own individual characteristics. 
Hence, only neighborhood level covariates are likely 
confounders, which we have controlled for. Supporting 
this argument, we performed a sensitivity analysis that 
excluded all individual level covariates (sex, race/
ethnicity, age, enrollment status in Medicaid), and 
found that the results remained highly consistent with 
our main analysis (see supplementary fig S3). Second, 
our framework did not account for unobserved 
confounders, particularly those at the neighborhood 
level, which could potentially influence the findings. 
Third, the exposure assessment was still subject to 
measurement error because zip code was the finest 
geographic unit available to match PM2.5 with each 
beneficiary, rather than individual residential address. 
A recent simulation study suggested that performing 
the analysis at a finer spatial resolution may result in 
larger effect estimates.16 Fourth, the generalizability 
of our findings was constrained by the demographic 
profile of the Medicare population and the study 
period spanning 2000-16. Consequently, it is unclear 
whether observed associations would persist in 
younger populations or in the context of more recent 
years. Nonetheless, the rate of cardiovascular related 
hospital admissions has been relatively stable and 
declining,50 and since we have accounted for temporal 
change in our analysis, the effect estimates are likely to 
have remained consistent.

Conclusions
Among Medicare beneficiaries across the contiguous 
US, chronic exposure to PM2.5 was associated with 
increased relative risks of a first hospital admission 
for ischemic heart disease, cerebrovascular disease, 
heart failure, cardiomyopathy, arrhythmia, and 
thoracic and abdominal aortic aneurysms. The 
exposure-response curve for the composite of the 
CVD subtypes monotonically increased, suggesting 
no safe threshold exists for overall cardiovascular 
health and that substantial benefits could be attained 
through adherence to WHO’s air quality guideline. On 
an absolute scale, the risks of ischemic heart disease, 
cerebrovascular disease, heart failure, and arrhythmia 
in association with PM2.5 were considerable, 
underscoring the need for targeted interventions to 
mitigate the adverse impacts on these conditions. The 
cardiovascular effects persisted for at least three years 
after exposure to PM2.5. Susceptibility varied by age, 
educational attainment, access to healthcare services, 
and overall deprivation level of the neighborhood.
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