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What this study adds:
This study assesses to which extent the complexity of the air 
pollutant mix, including several gaseous pollutants, can explain 
differential mortality risks of PM2.5. It shows that this index can 
represent an efficient summary of the toxicity of PM2.5, espe-
cially when comparing cities within the same country.
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Air pollution mixture complexity and its effect on 
PM2.5-related mortality
A multicountry time-series study in 264 cities
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Susanne Breitnerj,k, Susana das Neves Pereira da Silval, Richard T. Burnettm, Antonio Gasparrinia, 
Jeffrey R. Brookn, on behalf of the MCC Collaborative Research Network

Background: Fine particulate matter (PM2.5) occurs within a mixture of other pollutant gases that interact and impact its composition 
and toxicity. To characterize the local toxicity of PM2.5, it is useful to have an index that accounts for the whole pollutant mix, including 
gaseous pollutants. We consider a recently proposed pollutant mixture complexity index (PMCI) to evaluate to which extent it relates 
to PM2.5 toxicity.
Methods: The PMCI is constructed as an index spanning seven different pollutants, relative to the PM2.5 levels. We consider a 
standard two-stage analysis using data from 264 cities in the Northern Hemisphere. The first stage estimates the city-specific relative 
risks between daily PM2.5 and all-cause mortality, which are then pooled into a second-stage meta-regression model with which we 
estimate the effect modification from the PMCI.
Results: We estimate a relative excess risk of 1.0042 (95% confidence interval: 1.0023, 1.0061) for an interquartile range increase 
(from 1.09 to 1.95) of the PMCI. The PMCI predicts a substantial part of within-country relative risk heterogeneity with much less 
between-country heterogeneity explained. The Akaike information criterion and Bayesian information criterion of the main model are 
lower than those of alternative meta-regression models considering the oxidative capacity of PM2.5 or its composition.
Conclusions: The PMCI represents an efficient and simple predictor of local PM2.5-related mortality, providing evidence that PM2.5 
toxicity depends on the surrounding gaseous pollutant mix. With the advent of remote sensing for pollutants, the PMCI can provide 
a useful index to track air quality.
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Introduction
Fine particulate matter (PM2.5) remains one of the most deadly 
environmental risk factors,1 with short-term impacts observed 
across the globe.2,3 Furthermore, several studies have shown 
that the toxicity of PM2.5 varies according to its sources and 
composition with varying degrees of population vulnerabil-
ity depending on the location.4–10 Indeed, PM2.5 occurs within 
a mixture of pollutant gases and interacts with them through 
chemical reactions.11–13 Emissions of all these pollutants vary 
across locations,14 while there are well-established indepen-
dent health effects of many pollutant gases such as ozone (O3), 
nitrogen dioxide (NO2), and sulfur dioxide (SO2).

15–17 Therefore, 
more than its composition, the overall mixture in which PM2.5 
occurs influences its toxicity, and characterizing this mixture can 
inform about the vulnerability of populations to PM2.5.

Different approaches have been proposed to character-
ize a multipollutant mixture and its effect on health, but 
results vary given the diversity of methods and availability of 
pollutant data.11,18,19 Harnessing recent advances in remote 
and satellite-based pollution datasets, Brook and colleagues 
(Brook JR, Kharol SK, Shephard MW, Sioris CE, McLinden 
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CA.Characterization of air pollution mixtures across the 
Northern Hemisphere to inform a Multi-Pollutant Index. Rev. 
2024.) recently proposed a standardized Chronic Air Pollution 
Index (CAPI) to track exposure to a mixture of seven pollutants 
(six gases and PM2.5) over the Northern Hemisphere. They show 
a discrepancy between CAPI and PM2.5 exposure, confirming 
that the latter is incomplete in characterizing chronic exposure 
to air pollution. This work therefore suggests a pollutant mix-
ture complexity index (PMCI) to characterize the mix complex-
ity relative to PM2.5 alone.

This contribution aims to assess the effect modification of 
PM2.5-related mortality by the PMCI. The rationale is that, as a 
measure of the mixture complexity, PMCI could represent PM2.5 
toxicity in a more comprehensive way than other candidates 
such as its chemical composition4,20 or oxidative capacity.12,21 
We compare these three different effect modifiers using the 
extensive Multi-Country Multi-City (MCC) database and using 
a standard two-stage analysis framework.22

Methods

Data

Multi-Country Multi-City database

The MCC database represents a collection of daily health out-
comes and environmental exposures managed by an international 
network of researchers investigating the association between 
environmental exposures and human health. We extracted data 
for cities with both daily mortality and exposure to PM2.5 avail-
able from the Northern Hemisphere. This results in a sample 
of 264 cities from 15 countries with periods varying between 
1999 and 2018 (Table 1). The outcome was all-cause mortality if 
available, or nonexternal mortality (International Classification 
of Diseases 10th Revision: A00-R99) otherwise. The main expo-
sure series is 24-hour average city-level concentrations of PM2.5 

extracted from nearby monitoring stations. Specific information 
on the data extraction process from each country can be found 
in Supplementary Materials A; http://links.lww.com/EE/A304.

Pollutant mixture complexity index

The PMCI is constructed using satellite-derived products for 
PM2.5, NO2, SO2, O3, carbon monoxide (CO), ammonia (NH3), 
and formaldehyde (HCHO). Supplementary Materials B; http://
links.lww.com/EE/A304 provide more details on the sources of 
each pollutant dataset. For each pollutant, annual values were 
extracted on a common 10 × 10 km grid over North America, 
Europe, India, and China and averaged over the period 2012–
2014. Grid values for the seven pollutants were then used in 
a principal component analysis and the first component was 
extracted. This component is scaled to 0–100 scale where 0 rep-
resents the least polluted grid point and 100, the most polluted 
one,23 represents the CAPI. It roughly captures 50% of the vari-
ability of gaseous pollutants and is especially representative of 
combustion gases, although all pollutants contribute substan-
tially to the CAPI (see also Supplementary Materials B; http://
links.lww.com/EE/A304).

The PMCI is then defined as

PMCI =
CAPI− PM∗

2.5

PM∗
2.5

(1)

where PM∗
2.5 is the annual PM2.5 value rescaled between 0

and 100. The PMCI takes values greater than −1, with PMCI 
between −1 and 0 indicating CAPI ranks lower than PM2.5 and 
that the location is less polluted than what PM2.5 alone suggests, 
and conversely when PMCI is positive. The PMCI was extracted 
for each city as the pixel containing the city point location.

Other city-level variables

From the NO2 and O3 values described earlier, we computed 
their city-specific redox weighted average (Ox) with the stan-
dard formula (Ox = (1.07NO2 + 2.075O3) /3.145).12 We also 
extracted seven PM2.5 components from a global reconstruction 

Table 1.

Description of the dataset disaggregated by country

Country No. cities Period Total mortality Average PM2.5 in µg/m3 (IQR) Average PMCI (IQR)

Canada 21 1999–2015 1,915,751 7.26 (6.08–8.48) 1.80 (1.24–2.32)
China 3 2013–2015 244,746 59.22 (47.85–66.59) 0.30 (0.16–0.40)
Estonia 1 2008–2020 12,682 9.38 (9.38–9.38) 1.02 (1.02–1.02)
France 16 2003–2017 976,497 11.92 (9.79–14.93) 1.08 (0.81–1.33)
Germany 11 2004–2020 1,577,189 15.51 (14.56–15.87) 0.89 (0.75–1.06)
Greece 1 2007–2010 114,734 14.60 (14.60–14.60) 0.81 (0.81–0.81)
Mexico 2 2014–2019 78,234 9.35 (8.74–9.96) 1.75 (1.60–1.90)
Norway 1 2000–2018 82,976 7.78 (7.78–7.78) 0.72 (0.72–0.72)
Portugal 1 2004–2018 286,980 9.83 (9.83–9.83) 1.18 (1.18–1.18)
Romania 6 2009–2016 91,090 18.52 (17.07–19.04) 0.34 (0.28–0.45)
Spain 2 2011–2012 8,671 9.35 (9.23–9.47) 1.15 (1.14–1.16)
Sweden 1 2001–2010 82,020 7.05 (7.05–7.05) 1.35 (1.35–1.35)
Switzerland 4 1999–2010 75,518 14.65 (13.85–15.75) 0.65 (0.49–0.74)
United Kingdom 101 2008–2018 2,050,803 10.05 (8.88–11.12) 1.31 (1.07–1.62)
USA, Central 14 1999–2006 890,429 11.27 (10.85–11.80) 1.72 (1.53–1.96)
USA, North-East Central 7 1999–2006 372,918 9.35 (8.40–10.26) 1.99 (1.68–2.10)
USA, North-West Central 1 1999–2006 22,779 9.30 (9.30–9.30) 1.75 (1.75–1.75)
USA, North-East 15 1999–2006 1,282,695 9.06 (8.19–9.80) 2.79 (2.40–3.02)
USA, North-West 6 1999–2006 173,192 7.86 (7.20–7.60) 1.17 (1.02–1.31)
USA, South 12 1999–2006 523,461 9.42 (9.05–10.01) 1.85 (1.74–2.03)
USA, South-East 21 1999–2006 965,765 8.69 (8.25–9.08) 2.23 (1.85–2.57)
USA, South-West 7 1999–2006 235,519 8.44 (7.63–9.33) 1.67 (1.18–1.98)
USA, West 10 1999–2006 1,024,041 11.69 (8.85–14.04) 1.92 (1.61–2.06)
Total 264 1999–2020 13,088,690 10.79 (8.50–11.36) 1.52 (1.09–1.95)
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model20: sulfate (SO4
2−), nitrate (NO3

−), ammonium (NH4
+), 

black carbon, organic carbon, mineral dust, and sea salt. To 
match a previous analysis,4 these components were extracted 
for each city and averaged for the period 2003–2017.

Finally, we extracted several city-specific characteristics from 
the Urban Centre Database,24 including the Gross Domestic 
Product per capita for years 2000 and 2015, Normalized 
Difference Vegetation Index for years 2000 and 2014, and total 
built-up area for 2000 and 2015. We also computed the average 
air temperature and temperature range over the whole period 
from the daily series available within the MCC dataset.

Statistical methodology

Main analysis

The main analysis follows a standard two-stage methodol-
ogy.22 In the first stage, city-specific relative risks (RRs) asso-
ciated with a 10 µg/m3 increase of PM2.5 are estimated using 
a quasi-Poisson regression. Consistently with previous anal-
yses,2,4 we included the lag 0-1 moving average of PM2.5 as 
a linear term in the model, along with a day-of-week factor 
and a natural cubic spline of time with 6 degrees of freedom 
per year to capture the long-term and seasonal mortality 
trends. We additionally included a quadratic B-spline of the 
lag 0-3 moving average of temperature, with knots located at 
the 10th, 75th, and 90th percentiles of the local temperature 
distribution.

In the second stage, PM2.5 RRs were pooled in a multilevel 
meta-regression model defined for the city i as:

log (RRi)=log (PMCIi+1) + PC1i + PC2i + ξi + φc(i)+εi (2)

The log term of PMCI has been selected to acknowledge its 
lower bound at −1, and because it was the specification min-
imizing the Akaike information criterion (AIC) among those 
considered (see Supplementary Materials C; http://links.lww.
com/EE/A304). PC1i and PC2i represent the first two princi-
pal components from the Urban Centre Database variables 
described earlier, temperature average and range, and average 
PM2.5 mass. These terms capture potential confounding by local 
socioeconomic and environmental characteristics. ξi, φc(i), and 
εi, respectively, represent city-level and country-level random
effects and the residuals of the model. These terms capture dif-
ferences between cities, such as the different periods covered by
data in each country. Because of important differences in climate
and pollutant sources across the country, the USA is further sub-
divided into nine regions, namely Central, North-East Central,
North-West Central, North-East, North-West, South, South-
East, South-West, and West. From this model, we can then com-
pute the best linear unbiased predictions of log(RRi).

We report effect modification as the relative excess risk 
(RER)25 for an interquartile range (IQR) increase of the (log) 
PMCI. The RER is defined as the ratio between predicted RRs at 
the 75th and 25th percentile of PMCI, with other components 
of equation 2 set to zero.

Model comparison

The main model (2) is compared to a model that directly 
includes the gaseous pollutants, as well as models containing 
alternative measures of toxicity of the pollutant mix: (i) a linear 
term of Ox, representing a linear interaction with PM2.5,

12,13 and 
(ii) PM2.5 composition integrated through the additive log-ratio
transformation.4,26 These three models, as well as the main one,
are compared to a null model containing no measure of toxic-
ity of the pollutant mix. All the compared models nonetheless
contain all other terms (PC1i, PC2i, and random effects) shown
in (2).

Comparison between models is made through the likelihood 
ratio test (LRT), the AIC, and the Bayesian information criterion 
(BIC). Note that we use the corrected version of the AIC for 
small sample sizes (sometimes referred to as the AICc).

27

Sensitivity analysis

As there is evidence that O3 and NO2 both influence the effect 
of PM2.5 and have independent effects on mortality,15,28 we per-
form another analysis with these two pollutants added as con-
founders in a three-pollutant model in the first stage. These two 
pollutants are added as linear terms of their two-day moving 
average in the same fashion as the PM2.5 term. This sensitivity 
analysis reduces the number of available cities to 133 due to 
different data availability between countries.

Results

Study area description

We analyzed more than 13 million deaths from 264 cities, with 
the vast majority coming from Western Europe and North 
America (Table 1). The average PM2.5 concentration was 10.79 
µg/m3 (IQR: 8.50–11.36) with 55% of locations below 10 µg/
m3 on average. The highest PM2.5 levels in our sample are found 
in China with an average concentration of 59.22 µg/m3 (IQR: 
47.85–66.59) followed by Romania (18.52 µg/m3, IQR: 17.07–
19.04) and Germany (15.51 µg/m3, IQR: 14.56–15.87).

The PMCI is positive in all cities of our sample, with an aver-
age of 1.52 (IQR: 1.09–1.95), indicating generally complex 
pollutant mixtures, which is expected since our sample mostly 
includes large cities. Eastern USA and Canada generally show 
the highest PMCI values, while China and Romania show val-
ues much closer to zero (0.30 and 0.34, respectively).

Main model

We estimated an RER of 1.0042 (95% confidence interval [CI]: 
1.0023, 1.0061) associated with an IQR increase of the PMCI 
(Table 2). This corresponds to predicted PM2.5-related mortality 
RRs of 1.0059 (95% CI: 1.0034, 1.0083) at the 25th PMCI 
percentile and 1.0101 (95% CI: 1.0072, 1.0129) at the 75th 
percentile. This is estimated as a strong association by the LRT 
with a P value below 0.0001. By comparison, the null model 
estimates an average RR of 1.0066 (95% CI: 1.0040, 1.0092) 
suggesting that the PMCI is associated with a substantial part of 
the between-location heterogeneity.

Figure shows the best linear unbiased predictions from the 
main model along with the association between PMCI and 
PM2.5-related mortality RR. It suggests that the PMCI captures 
most of the within-country variability, but that substantial 
between-country variability remains. This is shown by a more 
substantial drop in the estimated standard deviation of the city-
level random component ξi (from 0.0027 in the null model to 
0.0018) compared to the country-level one (from 0.0046 to 
0.0041, see Table S4; http://links.lww.com/EE/A304). Countries 
such as Canada, Greece, Switzerland, and Eastern USA tend to 
have high RRs while the United Kingdom, France, Romania, 
and Western USA have low RRs.

Model comparison

Table 2 shows the results for the alternative second-stage 
meta-regression models of PM2.5 toxicity. Considering the indi-
vidual gaseous pollutants suggests evidence of effect modifica-
tion due to HCHO and CO with RERs of 1.0028 (95% CI: 
1.0013, 1.0044) and 1.0015 (95% CI: 1.0003, 1.0026), respec-
tively. In our dataset, Ox is not associated with the PM2.5-related 
RR with a RER of 0.9996 (0.9978, 1.0014). In contrast, the 
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LRT suggests that the PM2.5 composition model is predictive 
of PM2.5-related RR (P value: 0.0096) through associations 
with ammonium (NH4

+) and nitrates consistently with previous 
research.4 Table S4; http://links.lww.com/EE/A304 also indi-
cates that PM2.5 composition reduces mostly the country-level 
heterogeneity but not the city-level one, in contrast to the PMCI 
and gas mixture models.

Among all the tested models, the main model (PMCI) has 
the lowest AIC and BIC (Table 2). It substantially improves 
upon the null model by showing an AIC difference of around 15 
(−1566.55 vs. −1551.19) and shows a difference of 11.16 with 
the PM2.5 composition model, a difference considered import-
ant.29 It also shows a noticeable difference with the gas mixture 
model, suggesting that the PMCI provides additional predictive 

power compared to the gas mixture only. The difference is larger 
with the BIC as it penalizes more strongly the number of vari-
ables in a model.

Sensitivity analysis

The results obtained by controlling for O3 and NO2 in the first 
stage are consistent with the main results, with an estimated 
RER of 1.0037 (1.0010, 1.0065). There are slightly larger CIs 
due to the reduced power following the decrease in city avail-
ability (see Supplementary Materials F; http://links.lww.com/EE/
A304). Interestingly, both the gas mixture and PM composition 
models now show a lower AIC than the PMCI model (Table S5; 
http://links.lww.com/EE/A304), while the ranking of the model 

Table 2.

Results of the main and benchmark models, including the relative excess risk (RER) associated with an interquartile range increase 
of the effect modifier, as well as the P value from a likelihood ratio test (LRT), the (corrected) Akaike information criterion (AIC), and 
Bayesian information criterion (BIC)

Model RER (95% CI) LRT P value AIC BIC

Main 0.0000 −1566.22 −1545.09
 PMCI 1.0042 (1.0023, 1.0061)

Null −1550.96 −1533.31
Gas mixture 0.0006 −1561.82 −1523.54

 NO
2

0.9994 (0.9983, 1.0005)
 SO

2
0.9990 (0.9978, 1.0002)

 O
3

0.9995 (0.9982, 1.0008)
 HCHO 1.0028 (1.0013, 1.0044)
 CO 1.0015 (1.0003, 1.0026)
 NH

3
0.9999 (0.9997, 1.0001)

O
x

0.6883 −1549.03 −1527.90
 O

x
0.9996 (0.9978, 1.0014)

PM
2.5

 composition 0.0096 −1555.06 −1516.77
 SO

4
2- 1.0017 (0.9945, 1.0090)

 NH
4
+ 1.0031 (1.0002, 1.0059)

 NO
3
- 0.9971 (0.9955, 0.9987)

 BC 1.0020 (0.9992, 1.0049)
 OC 1.0011 (0.9991, 1.0031)
 SS 0.9977 (0.9913, 1.0042)
 DUST 0.9882 (0.9738, 1.0029)

Best values for each criterion are indicated in bold.
BC, black carbon; DUST, mineral dust; OC, organic carbon; SS, sea salt.

Figure. Estimated association between the PM2.5 relative risk (RR) and the pollutant mixture complexity index (PMCI). Points represent the best linear unbiased 
prediction (BLUP) at each city from the main second-stage meta-regression model.
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by BIC remains identical due to the larger penalization of the 
number of parameters. The Ox model still does not provide evi-
dence of effect modification by Ox in this dataset (RER: 0.9981, 
95% CI: 0.9956, 1.0007).

Discussion
In this contribution, we evaluated how the PMCI, an index of  
the relative complexity of the pollutant mix, is associated with the 
estimated PM2.5-related mortality risks. Results indicate that the  
PMCI predicts a substantial part of the differential risks of 
PM2.5. More specifically, the PMCI was associated with a large 
part of city-level heterogeneity, while important country and/
or regional-level heterogeneity remains. Comparison with other 
proxies of PM2.5 toxicity, as well as the full gas mixture, indi-
cates a higher predictive power of the PMCI on city-specific 
PM2.5 RRs, especially compared to Ox. These results suggest that 
the PMCI effectively represents PM2.5 toxicity within a simple 
index.

The CAPI, and by extension the PMCI, shows its highest cor-
relations with HCHO, NO2, and CO (Table S2; http://links.lww.
com/EE/A304), the two latter being often associated with com-
bustion and traffic.11 Both gases have been strongly associated 
with mortality15,30 and tend to slightly attenuate PM2.5 effects 
when adjusted for.2,19,31,32 A synergistic effect of PM2.5 and NO2 
on the cardiovascular system has also been identified by toxi-
cology studies.33 This interaction is therefore represented by the 
effect modification we found for the PMCI. An exploration of 
effect modification by a single gaseous pollutant indicates the 
potential effects of CO and HCHO. However, RER and AIC 
are stronger for the PMCI model than any other in our dataset, 
confirming that considering pollutants all together is crucial.

Conducting comparisons with alternative toxicity indicators, 
we found no evidence of effect modification by Ox, contrary 
to previous research.12,13 The key difference is that previous 
research assessed interactions with daily variations of Ox, while 
we only used an interannual average. This suggests that short-
term variations in the oxidative capacity can influence the 
short-term toxicity of PM2.5, but the information provided by 
its average levels on comparing air quality spatially is limited.

In contrast to Ox, the results of the effect modification of 
PM2.5 by its composition in our dataset are broadly consistent 
with previous research.4,6 However, we found its effect modifi-
cation to be slightly less strong than the PMCI’s, suggesting that 
the seven available components provide an imperfect picture of 
the toxicity of PM2.5. Indeed, the composition is strongly influ-
enced by gases, and considering these gases in addition to PM2.5 
might provide a fuller characterization of the toxicity. Note that 
the difference with the PMCI model is less clear-cut when con-
trolling for O3 and NO2 in the first stage.

While models focusing on effect modification of PM2.5 com-
position or any other chemical air pollutant9,34 can inform on 
the causal pathways of PM2.5 toxicity, our study focuses more 
on the predictive power of PM2.5 mortality risks. In addition, 
the assessed toxicity is at the city level and can be different than 
the toxicity at the individual level. In this regard, the PMCI (and 
CAPI) provides little information on causality but summarizes 
efficiently the PM2.5 toxicity through the gas pollutant mixture. 
It can therefore be a useful ecological indicator of air quality in 
relation to human health. Computation and tracking of such an 
indicator is additionally strengthened by the recent progress in 
remote sensing of various pollutants.35–37

The generalizability of the reported results is limited as the 
dataset is skewed toward North American and European coun-
tries, more specifically the USA and the United Kingdom. This is 
not representative of the existing range of pollutant levels and 
mix,38 as illustrated by the three Chinese cities included in the 
dataset. Extending this study would be hindered by the limited 
availability of pollutant and mortality data in countries from 
the Global South. There are also limitations in the temporal 

availability of data, resulting in different periods between coun-
tries, some of them aligning poorly with the timeframe of the 
PMCI estimation (Table 1). This aspect is nonetheless controlled 
for by the country-level random effects. Finally, residual con-
founding by unmeasured city-level characteristics cannot be 
excluded given the limited number of variables available in all 
considered cities.

In conclusion, we show that the PMCI, an indicator of the 
relative pollutant mixture complexity, represents an efficient pre-
dictor of PM2.5 risks on mortality. More specifically, the PMCI 
allowed explaining most of the within-country differentials in 
risk, while some between-country heterogeneity remains. We 
additionally show that the PMCI improves upon individual 
pollutant gases and PM2.5 components as an effect modifier. To 
expand on the usefulness of the PMCI for air quality charac-
terization, future studies should look at other health outcomes. 
These include cause-specific mortality (e.g., respiratory and car-
diovascular), hospital admissions, and subgroups by sex and age.

Conflicts of interest statement
The authors declare that they have no conflicts of interest with 
regard to the content of this report.

ACKNOWLEDGMENTS
The authors like to thank Chris McLinden, Christopher Sioris, 
and Mark Shephard, who helped with the construction of the 
CAPI and PMCI indices.

MCC Collaborative Research Network:Yuming Guo, 
Department of Epidemiology and Preventive Medicine, School 
of Public Health and Preventive Medicine, Monash University, 
Melbourne, Australia, Climate, Air Quality Research Unit, School 
of Public Health and Preventive Medicine, Monash University, 
Melbourne, Australia; Yasushi Honda, Center for Climate 
Change Adaptation, National Institute for Environmental 
Studies, Tsukuba, Japan; Veronika Huber, IBE-Chair of 
Epidemiology, LMU Munich, Munich, Germany, Institute of 
Epidemiology, Helmholtz Zentrum München – German Research 
Center for Environmental Health, Neuherberg, Germany; Jouni 
J. K. Jaakkola, Center for Environmental and Respiratory 
Health Research (CERH), University of Oulu, Oulu, Finland, 
Medical Research Center Oulu (MRC Oulu), Oulu University 
Hospital and University of Oulu, Oulu, Finland; Aleš Urban, 
Institute of Atmospheric Physics, Czech Academy of Sciences, 
Prague, Czech Republic, Faculty of Environmental Sciences, 
Czech University of Life Sciences Prague, Czech Republic; 
Ana Maria Vicedo-Cabrera, Institute of Social and Preventive 
Medicine, University of Bern, Bern, Switzerland, Oeschger 
Center for Climate Change Research, University of Bern, Bern, 
Switzerland; Hans Orru, Department of Family Medicine 
and Public Health, University of Tartu, Tartu, Estonia; Marek 
Maasikmets, Estonian Environmental Research Centre, Tallinn, 
Estonia; Mathilde Pascal, Santé Publique France, Department 
of Environmental and Occupational Health, French National 
Public Health Agency, Saint Maurice, France; Alexandra 
Schneider, Institute of Epidemiology, Helmholtz Zentrum 
München – German Research Center for Environmental Health 
(GmbH), Neuherberg, Germany; Klea Katsouyanni, Department 
of Hygiene, Epidemiology and Medical Statistics, National and 
Kapodistrian University of Athens, Greece, Environmental 
Research Group, School of Public Health, Imperial College, 
London, United Kingdom; Evangelia Samoli, Department of 
Hygiene, Epidemiology and Medical Statistics, National and 
Kapodistrian University of Athens, Greece; Magali Hurtado 
Diaz, Department of Environmental Health, National Institute of 
Public Health, Cuernavaca, Morelos, Mexico; Eunice Elizabeth 
Félix Arellano, Department of Environmental Health, National 
Institute of Public Health, Cuernavaca, Morelos, Mexico; Shilpa 

D
ow

nloaded from
 http://journals.lw

w
.com

/environepidem
 by B

hD
M

f5eP
H

K
av1zE

oum
1tQ

fN
4a+

kJLhE
Z

gbsIH
o4X

M
i0

hC
yw

C
X

1A
W

nY
Q

p/IlQ
rH

D
3i3D

0O
dR

yi7T
vS

F
l4C

f3V
C

4/O
A

V
pD

D
a8K

K
G

K
V

0Y
m

y+
78=

 on 11/15/2024

http://links.lww.com/EE/A304
http://links.lww.com/EE/A304


Masselot et al. • Environmental Epidemiology (2024) 8:e342 Environmental Epidemiology

6

Rao, Norwegian institute of Public Health, Oslo, Norway; 
Joana Madureira, Department of Environmental Health, 
Instituto Nacional de Saúde Dr. Ricardo Jorge, Porto, Portugal, 
EPIUnit - Instituto de Saúde Pública, Universidade do Porto, 
Porto, Portugal, Laboratório para a Investigação Integrativa e 
Translacional em Saúde Populacional (ITR), Porto, Portugal; 
Iulian-Horia Holobaca, Faculty of Geography, Babes-Bolay 
University, Cluj-Napoca, Romania; Aurelio Tobias, Institute 
of Environmental Assessment and Water Research (IDAEA), 
Spanish Council for Scientific Research (CSIC), Barcelona, Spain; 
Carmen Íñiguez, Department of Statistics and Computational 
Research. Universitat de València, València, Spain, CIBERESP, 
Madrid. Spain; Bertil Forsberg, Department of Public Health 
and Clinical Medicine, Umeå University, Sweden; Martina S. 
Ragettli, Swiss Tropical and Public Health Institute, Allschwill, 
Switzerland, University of Basel, Basel; Antonella Zanobetti, 
Joel Schwartz, Department of Environmental Health, Harvard 
T.H. Chan School of Public Health, Boston, Massachusetts.

References
 1. Fuller R, Landrigan PJ, Balakrishnan K, et al. Pollution and health: a

progress update. Lancet Planet Health. 2022;6:e535–e547.
 2. Liu C, Chen R, Sera F, et al. Ambient particulate air pollution and daily

mortality in 652 cities. N Engl J Med. 2019;381:705–715.
 3. Yu W, Xu R, Ye T, et al. Estimates of global mortality burden associated

with short-term exposure to fine particulate matter (PM2·5). Lancet
Planet Health. 2024;8:e146–e155.

 4. Masselot P, Sera F, Schneider R, et al. Differential mortality risks asso-
ciated with PM2.5 components: a multi-country, multi-city study.
Epidemiology. 2022;33:167–175.

 5. Park M, Joo HS, Lee K, et al. Differential toxicities of fine particulate
matters from various sources. Sci Rep. 2018;8:17007.

 6. Hvidtfeldt UA, Geels C, Sørensen M, et al. Long-term residential expo-
sure to PM2.5 constituents and mortality in a Danish cohort. Environ
Int. 2019;133:105268.

 7. Kelly FJ, Fussell JC. Size, source and chemical composition as deter-
minants of toxicity attributable to ambient particulate matter. Atmos
Environ. 2012;60:504–526.

 8. Peng RD, Bell ML, Geyh AS, et al. Emergency admissions for cardio-
vascular and respiratory diseases and the chemical composition of fine
particle air pollution. Environ Health Perspect. 2009;117:957–963.

 9. Ito K, Ross Z, Zhou J, Nádas A, Lippmann M, Thurston GD. NPACT
Study 3. Time-Series Analysis of Mortality, Hospitalizations, and
Ambient PM2.5 and Its Components. Health Effects Institute Research
Report 177; 2013. Available at: https://www.healtheffects.org/publi-
cation/national-particle-component-toxicity-npact-initiative-integrat-
ed-epidemiologic-and.

 10. Janssen NAH, Schwartz J, Zanobetti A, Suh HH. Air conditioning and
source-specific particles as modifiers of the effect of PM(10) on hos-
pital admissions for heart and lung disease. Environ Health Perspect. 
2002;110:43–49.

 11. Oakes M, Baxter L, Long TC. Evaluating the application of multipol-
lutant exposure metrics in air pollution health studies. Environ Int. 
2014;69:90–99.

 12. Lavigne E, Burnett RT, Weichenthal S. Association of short-term expo-
sure to fine particulate air pollution and mortality: effect modification
by oxidant gases. Sci Rep. 2018;8:16097.

 13. Weichenthal S, Pinault LL, Burnett RT. Impact of oxidant gases on the
relationship between outdoor fine particulate air pollution and nonacci-
dental, cardiovascular, and respiratory mortality. Sci Rep. 2017;7:16401.

 14. McDuffie EE, Smith SJ, O’Rourke P, et al. A global anthropogenic emis-
sion inventory of atmospheric pollutants from sector- and fuel-specific
sources (1970–2017): an application of the Community Emissions Data 
System (CEDS). Earth Syst Sci Data Discuss. 2020;12:1–49. 

 15. Meng X, Liu C, Chen R, et al. Short term associations of ambient nitro-
gen dioxide with daily total, cardiovascular, and respiratory mortality:
multilocation analysis in 398 cities. BMJ. 2021;372:n534.

 16. Vicedo-Cabrera AM, Sera F, Liu C, et al. Short term association between 
ozone and mortality: global two stage time series study in 406 locations 
in 20 countries. BMJ. 2020;368:m108.

 17. O’Brien E, Masselot P, Sera F, et al; MCC Collaborative Research
Network. Short-term association between sulfur dioxide and mor-
tality: a multicountry analysis in 399 cities. Environ Health Perspect. 
2023;131:37002.

 18. Yu L, Liu W, Wang X, et al. A review of practical statistical meth-
ods used in epidemiological studies to estimate the health effects of
multi-pollutant mixture. Environ Pollut. 2022;306:119356.

 19. Luben TJ, Buckley BJ, Patel MM, et al. A cross-disciplinary evaluation
of evidence for multipollutant effects on cardiovascular disease. Environ
Res. 2018;161:144–152.

 20. van Donkelaar A, Martin RV, Li C, Burnett RT. Regional estimates
of chemical composition of fine particulate matter using a combined
geoscience-statistical method with information from satellites, models,
and monitors. Environ Sci Technol. 2019;53:2595–2611.

 21. Weichenthal S, Lavigne E, Evans G, Pollitt K, Burnett RT. Ambient
PM2.5 and risk of emergency room visits for myocardial infarction:
impact of regional PM2.5 oxidative potential: a case-crossover study.
Environ Health. 2016;15:46.

 22. Sera F, Gasparrini A. Extended two-stage designs for environmental
research. Environ Health. 2022;21:41.

 23. Choi J, Park YS, Park JD. Development of an aggregate air quality index 
using a PCA-based method: a case study of the US transportation sector.  
Am J Ind Bus Manag. 2015;05:53–65.

 24. Florczyk AJ, Melchirorri M, Corbane C, et al. Description of the
GHS Urban Centre Database 2015: Public Release 2019: version 1.0. 
Publications Office of the European Union; 2019. doi:10.2760/037310

 25. Suissa S. Relative excess risk: an alternative measure of comparative
risk. Am J Epidemiol. 1999;150:279–282.

 26. Aitchison J, Bacon-Shone J. Log contrast models for experiments with
mixtures. Biometrika. 1984;71:323–330.

 27. Sugiura N. Further analysts of the data by Akaike’s information cri-
terion and the finite corrections. Commun Stat Theory Methods. 
1978;7:13–26.

 28. Liu C, Chen R, Sera F, et al. Interactive effects of ambient fine particulate 
matter and ozone on daily mortality in 372 cities: two stage time series
analysis. BMJ. 2023;383:e075203.

 29. Burnham KP, Anderson DR. Multimodel inference: understanding AIC
and BIC in model selection. Sociol Methods Res. 2004;33:261–304.

 30. Chen K, Breitner S, Wolf K, et al. Ambient carbon monoxide and daily
mortality: a global time-series study in 337 cities. Lancet Planet Health. 
2021;5:e191–e199.

 31. Stafoggia M, Oftedal B, Chen J, et al. Long-term exposure to low ambi-
ent air pollution concentrations and mortality among 28 million people: 
results from seven large European cohorts within the ELAPSE project.
Lancet Planet Health. 2022;6:e9–e18.

 32. Chen R, Yin P, Meng X, et al. Associations between coarse particulate
matter air pollution and cause-specific mortality: a nationwide analysis
in 272 Chinese cities. Environ Health Perspect. 2019;127:17008.

 33. Huang YCT, Rappold AG, Graff DW, Ghio AJ, Devlin RB. Synergistic
effects of exposure to concentrated ambient fine pollution particles and
nitrogen dioxide in humans. Inhal Toxicol. 2012;24:790–797.

 34. Franklin M, Koutrakis P, Schwartz J. The role of particle composi-
tion on the association between PM2.5 and mortality. Epidemiology. 
2008;19:680–689.

 35. Anenberg SC, Horowitz LW, Tong DQ, West JJ. An estimate of the global 
burden of anthropogenic ozone and fine particulate matter on prema-
ture human mortality using atmospheric modeling. Environ Health
Perspect. 2010;118:1189–1195.

 36. Anenberg SC, Mohegh A, Goldberg DL, et al. Long-term trends in
urban NO2 concentrations and associated paediatric asthma inci-
dence: estimates from global datasets. Lancet Planet Health. 2022;6:
e49–e58.

 37. Schneider R, Vicedo-Cabrera AM, Sera F, et al. A satellite-based  spatio- 
temporal machine learning model to reconstruct daily PM2.5 concentra-
tions across Great Britain. Remote Sens. 2020;12:3803.

 38. Li C, van Donkelaar A, Hammer MS, et al. Reversal of trends in global
fine particulate matter air pollution. Nat Commun. 2023;14:5349.

D
ow

nloaded from
 http://journals.lw

w
.com

/environepidem
 by B

hD
M

f5eP
H

K
av1zE

oum
1tQ

fN
4a+

kJLhE
Z

gbsIH
o4X

M
i0

hC
yw

C
X

1A
W

nY
Q

p/IlQ
rH

D
3i3D

0O
dR

yi7T
vS

F
l4C

f3V
C

4/O
A

V
pD

D
a8K

K
G

K
V

0Y
m

y+
78=

 on 11/15/2024

https://www.healtheffects.org/publication/national-particle-component-toxicity-npact-initiative-integrated-epidemiologic-and

