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ABSTRACT 

Environmental epidemiology has, traditionally, used area-aggregated pollutant concentrations 

measured at outdoor sites as exposure surrogates in time-series studies of the association 

between ambient air pollution and health outcomes. However, the spatial variability of exposure 

across the study domain (cities) may contribute to biased estimates of the exposure-response 

functions in time-series analyses. We propose an original methodology to compute daily, 

population-weighted concentrations of NO2, O3 and PM2.5 as personal exposure surrogates for 

use in time-series studies of air pollution short-term health effects. Pollutant concentrations are 

modelled with the CHIMERE chemistry-transport model over the city of Paris.  A Monte-Carlo 

model is set up to create exposure event sequences for a sample population respecting the spatial 

distributions of demographic data. Outdoor exposure-concentrations for each individual are 

calculated from the time spent at each micro-environment and associated micro-environmental 

concentrations. We propose a mixture-distributions model to fit to the time-series of 4-years 

modelled data (2001-2004). This model provides a parametric way to account for the spatial 

variability of outdoor-exposure over the study domain. We finally used the parametrized 

distribution into a log-linear regression model to study short-term associations between NO2, O3 

and PM2.5 and mortality. This study gives insight into the benefit of including information on 

exposure’s spatial variability in the epidemiologic study. More specifically we show that the 

time-series of the parametrized distribution of different pollutants are less correlated one with the 

other than the area-aggregated concentrations. This results to less biased exposure-response 

functions when co-pollutants are inserted simultaneously in the same regression model and 

makes it possible to distinguish the effects of the different species. 

 

IMPLICATIONS 

The methodology developed in this study suggests that spatially-resolved pollutant 

concentrations combined with demographic data may be used in a parametric way in an 

epidemiological time-series study and provide additional information on the spatial variability of 

exposure. The principal advantage of the method is that the time-series of the exposure 

surrogates used in the regression against health outcomes are less correlated between co-

pollutants. It is, therefore, possible to estimate statistically significant associations between each 

co-pollutant and the health outcome and thus, distinguish the corresponding health effects. 
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INTRODUCTION 1 

There is a long history of epidemiology research on the relationship between spatial and 2 

temporal variability in ambient concentrations and adverse human health effects
1
. The adverse 3 

health effects include acute and chronic effects of both particulate and various gaseous air 4 

pollutants on morbidity and mortality 
2
. Morbidity effects of air pollution range from decreased 5 

lung function to exacerbation of symptoms of asthma and chronic bronchitis to more serious 6 

cardiopulmonary events, such as myocardial infarctions
3-5

. There is, also, a variety of ambient air 7 

pollution epidemiology research approaches. These studies vary by health data types and study 8 

design, but most of them assess population’s exposure by ambient concentrations, usually 9 

measured at several monitoring sites and aggregated over the geographical area of the study to a 10 

single exposure surrogate (e.g.  
6,7

).  The assumption in these studies is that the mean of the 11 

personal exposures over the study population may be considered to be sufficiently correlated to 12 

the area-aggreagated ambient concentration if the monitor data are selected satisfy certain 13 

conditions
8
. 14 

 There are several shortcomings of using area aggregated concentration levels as a 15 

surrogates of population’s exposure.  First of all the urban environment is characterized by a 16 

large spatial variability in pollutant concentrations due to the presence of various different types 17 

of emitting sources in relatively short distances.  These small scale variability features become 18 

particularly critical for exposure assessment considering that the Health Effects Institute in its 19 

recent Special Report on the Health Effects of Traffic-Related Air Pollution noted that the zones 20 

most impacted by traffic-related pollution are up to 300 to 500 meters from highways and other 21 

major roads, and calculated that for large cities in North America that would include 30% to 45% 22 

of the population 
9
. Other studies have also provided increasing evidence of the association 23 

between adverse health effects and exposure to traffic pollution 
10,11

.  Another problem arising in 24 

the time-series analysis due to the use of area aggregated monitor data as exposure surrogates is 25 

the inability of the method to differentiate the health effects of multiple, correlated pollutants 26 

12,13
. In most cases only few monitor stations are available inside cities. For gaseous species like 27 

ozone and NO2, whose concentration fields are highly heterogeneous in space, aggregating 28 

concentrations over a small number of monitors may yield unsuitable surrogates for the mean of 29 

the personal exposures. Moreover, the use of collocated measurements can strengthen the 30 

correlation in the time series of primary pollutants emitted from the same type of sources (e.g. 31 
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NOx and PM, both emitted from the traffic).  If the correlation between the time series of two co-32 

pollutants becomes higher than the correlation between a specific pollutant and the 33 

corresponding “true” personal exposure it is impossible to separate the relative health effects of 34 

each co-pollutant
14

.  The estimation may be biased towards or away from zero in a multiple-35 

pollutants regression model depending on both the direction and the magnitude of the correlation 36 

between exposure prediction error and exposure surrogate 
15,16

. Thus, positive associations may 37 

be found for an “innocent” species if it is correlated with another toxic species accounted for in 38 

the same multiple-pollutants model. This kind of bias, in general, leads to over-estimated 39 

exposure-response associations for the pollutants that are better measured (i.e. measured at more 40 

sites and/or less spatially heterogeneous) since they act are better surrogates of exposure. 41 

  It has been demonstrated that exposure misclassification or exposure prediction 42 

errors lead in biased estimation of the exposure-response function and may result in an 43 

attenuation of the ’real’ air pollution health effect 
17-20

. Using air-quality models to provide 44 

pollutant concentration predictions resolved in time and space in epidemiology models has some 45 

benefits compared to the use of monitor data that may help to better assign exposure and 46 

therefore decrease exposure misclassification. First of all, resolved concentration fields may be 47 

combined with demographic information and exposure event sequences and provide more 48 

realistic exposure estimates.  Another advantage is that air-quality models provide concentrations 49 

for a large number of species at every point of their grid whereas only few pollutants are 50 

monitored from the air-quality networks and not necessarily all of them at the same monitor 51 

sites. It is important to be able to provide a simultaneous picture of the concentration fields of 52 

different co-pollutants in an epidemiology model considering that atmospheric contaminants are 53 

inhaled as complex mixtures and there is evidence of synergistic effects among co-pollutants 
21

.  54 

Of course air-quality models are uncertain, especially when their output is applied in a spatially 55 

and temporally resolved way. The benefit brought about from the increased resolution and the 56 

large number of chemical species predicted with air-quality models may be counterbalanced by 57 

model uncertainties in predicting these concentrations and further adjustments (e.g. krigging or 58 

landuse regression methods) have to be applied on model raw output in order to assign exposure 59 

in a more accurate way.   60 

Integrated exposure modeling systems have been developed during the last decade
22-25

. 61 

These models take into account detailed data on human activities, indoor and outdoor sources of 62 
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ambient pollutants and provide integrated estimates of the actual burden of contaminants 63 

entering the respiratory tract. In contrast to these studies, our focus here is on studying the 64 

benefit of taking into account the spatial variability of exposure at regional scale in an 65 

epidemiologic application and less on the accurate estimation of exposure. In this context, the 66 

exposure module of the modeling system presented here is rather schematic and limited to 67 

outdoors exposure only.  Also the resolution of demographic and activity data is crude over the 68 

study area compared to other exposure models that go down to the “census-tract” scale. 69 

However, these rough assumptions made it possible to run long-period simulations – necessary 70 

for the epidemiological application – and test the sensitivity of the results under several modeling 71 

assumptions.  This is very important because before developing a complex exposure model (a 72 

highly consuming calculation in terms of CPU and computation time) we should test which are 73 

the key parameters with respect to the state-of the-art epidemiological applications. 74 

Our goal is, therefore, twofold: first the issue of exposure’s spatial variability over the 75 

urban environment is addressed; next this information is used into a Poisson regression to study 76 

short-term associations between simultaneous exposure to three pollutants (O3, NO2 and PM2.5) 77 

and mortality. These particular pollutants were chosen because previous epidemiological 78 

research has already established their sort-term effects on mortality in the same context
26,27

. Also 79 

we can use this previous epidemiology research as a point of reference in order to study how the 80 

incorporation of the new exposure data-set influences the estimation of the exposure-response 81 

functions. In the first part of the study we combined concentrations modeled with the CHIMERE 82 

chemistry-transport model (CTM) at a 3×3 km
2
 horizontal resolution with demographic data for 83 

the geographical region expanding around the city of Paris (Ile-de-France). To simulate personal 84 

outdoor-exposure-concentrations (called OEC hereafter to avoid confusion with simple 85 

concentration data), we set up a Monte-Carlo model (M-C model) that respects the distributions 86 

of the demographic data, but has the additional advantage to follow individuals of a sample 87 

population along with their daily intra-regional travel from home to work. A three-activity diary 88 

was created for each member of the M-C simulation defining the time-segments spent by each 89 

person at each one of the three different micro-environments involved in this study 1) at the 90 

place of residence, 2) at the place of work and 3) near roads (in transit from home to work and 91 

back). So we first propose a summation model comprised of three normal distributions to 92 

account for the spatial variability of population exposure over the region of Paris. Then we fitted 93 
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successfully this model to 4-years of OEC data and parameterized the spatial distribution of 94 

exposure accordingly.  95 

In the second part of the study, we evaluate the effect of adding the information on 96 

exposure’s spatial variability into an epidemiologic model. For this reason we introduced the 97 

time-series of the parametrized exposure distribution into a log-linear regression model. Finally, 98 

we compare the exposure-response functions evaluated by regressing on mortality data 1) the 99 

OEC distribution time-series calculated with the presented methodology and 2) the area-100 

aggregated monitored concentration data as it is done in previous epidemiologic studies over the 101 

same region and population 
26,27

. The document is organized beginning with a brief description 102 

of different data and models used for the quantification of the exposure surrogate, followed by a 103 

parameterization of the distribution of exposure among the population and completed by 104 

inserting the results in an epidemiologic model studying the short-term associations between air 105 

pollution and mortality. The outcomes of the study are finally summarized and discussed in the 106 

Conclusions section. 107 

METHODS AND DATA 108 

Air Quality Modelling 109 

In this study, we focus on the greater Paris region (1.25 - 3.58ºE, 47.89 - 49.45ºN) with a 110 

population of about 11,700,000 people from which more than 2,000,000 live in the city of Paris. 111 

The area is situated away from the coast and is characterized by a uniform and low topography. 112 

These characteristics make pollution events more sensitive to boundary conditions, than to local 113 

meteorology 
28

. Under anticyclonic conditions, polluted air from north Europe enters the study 114 

domain. Enhanced photochemical activity is favored by sunlight, leading to persisting ozone 115 

plumes, especially in summertime 
29

. Ambient O3, NO2 and fine particulate matter (PM2.5) 116 

concentrations are estimated with the Eulerian multi-scale CTM model CHIMERE 117 

(http://www.lmd.polytechnique.fr/chimere/) from January 1, 2001 to December 31, 2004. The 118 

modelling domain covers the European continental-scale area with nesting options for several 119 

urban areas (see 
30,31 

for more details). In this study we only use concentrations modelled at the 120 

nested domain over the Paris region, while the continental-scale version is used to provide 121 

boundary conditions for several long-lived species (O3, NOy species, VOCs, CO peroxides etc.). 122 

The coarse domain covers Western Europe from 10ºW to 22ºE and 35º to 57ºN with a 0.5º 123 

horizontal resolution. The model has been thoroughly evaluated for this region on a long-term 124 
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basis with routine air-quality network measurements (O3, NO, NO2, PM) and with observations 125 

from the ESQUIF campaign 
32,33

. The nested model domain (160×130 km
2
) is split into 53×43 126 

grid-cells, expanding around the city of Paris, with 3 km horizontal resolution (Figure 1, left). On 127 

the vertical the domain is divided into 10 layers from the ground to 500 hPa. 128 

Chemical boundary conditions for the coarse resolution simulation are driven by 129 

GOCART model monthly climatologies for aerosol species 
34

 and by the LMDz-INCA global 130 

chemical weather forecast system for gas-phase species 
35-37

.  131 

Dynamical calculations were provided by the non-hydrostatic WRF-Version 3 model 132 

(http://www.wrf-model.org). The model is run at three-level two-way nested grids at horizontal 133 

resolutions of 45, 15 and 5 km, with 31 vertical layers from surface (i.e. 900 hPa) to 100 hPa. 134 

Initial and lateral boundary conditions for the meteorological simulations were obtained from 6-135 

hour analyses from the NCEP Global Final (FNL) at a resolution of 1º. The WRF model uses the 136 

Yonsei University (YSU) Planetary Boundary Layer (PBL) scheme 
38

 and the Noah Land 137 

Surface model scheme 
39

 with soil temperature and moisture in four layers, fractional snow cover 138 

and frozen soil physics that provide heat and moisture fluxes for the PBL. 139 

Anthropogenic emissions for the regional domain (3-km resolution grid) are provided by 140 

the 1 km regional inventory developed by AIRPARIF (http://www.airparif.asso.fr) for the 141 

ESMERALDA project (http://www.esmeralda-web.fr). The elaboration of the inventory follows 142 

the European conventions on annual data-sets of surface emissions based on a bottom-up 143 

approach for air-quality forecast. It considers NOx, speciated volatile organic compounds, SO2, 144 

CO, PM10 and PM2.5 from fixed industrial sources, mobile sources and biogenic sources. 145 

Emissions for the European domain (coarse resolution) are taken from EMEP inventory 146 

(www.emep.int). 147 

The 3 km resolution of the CTM is considered as insufficient to represent concentration 148 

gradients observed close to emission sources 
40,41

. Thus, the computation of source-specific 149 

concentrations is essential for human exposure assessment. A special emission treatment is 150 

implemented in the model to estimate source-specific concentrations, while the CTM provides 151 

grid-averaged pollutant concentrations. The grid-cells are divided into four types of micro-152 

environment: 1) traffic, 2) residential, 3) parks and 4) all other sources. Over each micro-153 

environment only emissions of the corresponding sources are considered. The CTM simulation is 154 

split at each model time-step into separate computations over each one of these four surfaces 155 
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yielding source-specific concentration components. More detail of the method is provided in the 156 

Appendix. The advantage of this implementation is that in addition to the usual grid-averaged 157 

concentration provided by the CTM we obtain complementary information concerning its 158 

variability due to heterogeneous surface emissions over the unresolved sub-grid scale. 159 

Demographic data 160 

Agglomerations include areas more or less densely populated, with people moving between them 161 

during the day and being exposed to atmospheric mixtures of different chemical compositions. 162 

Primary pollutant concentrations (e.g. NOx and PM) are high at urban centers and decrease with 163 

distance from the sources, while secondary pollutants, like ozone, may be more abundant over 164 

rural areas than close to the sources of its precursors. A realistic measure of the mean population 165 

exposure at regional scale should, therefore account for the intra-urban variability of both 166 

pollutant concentrations and population dynamics. Here, we use three types of population 167 

distributions according to: 1) the place of residence, 2) the place of work, 3) incoming and 168 

outgoing fluxes from one area to the other. These data were provided by the French National 169 

Institute for Statistics and Economic Studies (INSEE, http://www.insee.fr/en/) for the eight 170 

counties of the Paris region (Table 1). 171 

Based on these data and applying a population density criterion we will adopt hereafter, a 172 

geographical division of the Paris region into three ‘sub-areas’: 1) the densely populated urban 173 

center (city of Paris, county No 75), 2) the peri-urban area characterized by medium population 174 

density (counties No 92, 93 and 94) and 3) the remote rural area of low population density 175 

(counties No 77, 78, 91 and 95) (Figure 1, right). As shown in Table 1, the largest part of the 176 

daily intra-regional travel focuses on the urban and peri-urban areas. A large amount of people 177 

who live in the peri-urban area are working in the urban center and vice-versa. The movement 178 

between rural and urban areas is significantly lower but not negligible. In general, most of the 179 

rural area’s working population also lives in the same area. The non-working population fraction 180 

is similar for the eight counties (~33%). 181 

Exposure Event Sequences 182 

We used these demographic data to create a three-activity diary for the parisian population. We 183 

assumed that people are exposed to air pollution at three different micro-environments: 1) the 184 

place of residence, 2) the place of work (for the active part of the population) and 3) near roads 185 

during transit from home to work and back. Ambient pollutant concentrations at all three of these 186 
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micro-environments refer to outdoor concentration levels and they are calculated with the 187 

CHIMERE model as described in the previous section. A sample population comprised of 188 

100,000 people was created and we assigned at each individual of this ensemble a time-segment 189 

of exposure to each one of the three micro-environments. The resolution of the demographic data 190 

is lower than the CTM resolution. Thus, in order to exploit the spatial variability of the 191 

concentration field yielded by the air-quality model we set up a Monte-Carlo model. The M-C 192 

model also assigns to each member of the sample population different model grid-cells for its 193 

residence and its place of work. The process of the assignment of time-segments of exposure to 194 

the three micro-environmnets and of the air-quality model grid-cells for the place of residence 195 

and work of each member of the M-C model simulation respects the initial distributions imposed 196 

by the demographic data. 197 

For the construction of the M-C model data-base we chose different time-segments of 198 

exposure depending on the place of residence and activity of each person. For a typical 24-hour 199 

day we consider that the first type of exposure occurs at the place of residence from 1:00 AM to 200 

8:00 AM and from 7:00+δt PM to midnight. From 8:00+δt AM to 7:00 PM people are 201 

considered to be exposed to air pollution at the place of work (for the active part of the 202 

population). These assumptions are based on data provided from INSEE Studies showing that 203 

this time schedule applies to most of the French working people. δt is a time-interval 204 

corresponding to the travel between home and working place and it is a function of the distance 205 

between these two areas: 90 minutes for transit between the rural and the urban areas, 60 minutes 206 

for transit between the rural and peri-urban areas or the peri-urban and urban areas, 30 minutes 207 

for travel inside the same area. During the time-interval, δt, people are considered to be exposed 208 

to near-roads concentration levels calculated with the CTM and the special emission treatment 209 

described in the ‘Air Quality Modelling’ section.  During weekends, people are assumed to stay 210 

within their residence area and a 30 minutes time-interval is assigned for exposure to near roads 211 

pollution (δt) considering transportation for various reasons (shopping etc.).  The same 212 

assumption applies for the inactive part of the population during weekdays too. 213 

Micro-environmental concentrations are calculated for each one of the three micro-214 

environments with the CTM and then, for each member of the M-C model simulation, they are 215 

weighted with the corresponding exposure time-intervals of the three-activity diary 
42-44

. 216 

Considering the three-activity diary used here, the general expression of exposure is given by 217 
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     (1) 218 

with OEC the daily averaged personal exposure-concentrations, cres(t), cwrk(t) and ctrf (t) 219 

modelled concentrations at the corresponding grid-cell on hour t and tres, twrk and ttrf the temporal 220 

intervals of exposure at home, work and traffic (near roads) respectively. Given the small 221 

number of degrees of freedom of the problem (i.e., place of residence, place of work, and 222 

working activity) the distribution of the final output data set converges at a relatively low 223 

population of 100,000 members (~1% of the population of Paris region) Figure 2. 224 

SPATIAL VARIABILITY OF OUTDOOR EXPOSURE-225 

CONCENTRATIONS 226 

Distribution of Exposure 227 

4-years of OEC data (2001-2004) are estimated with the described methodology. The time-series 228 

of these estimates for O3, NO2 and PM2.5 and for all the members of the M-C model simulation 229 

are shown in the 2-D histograms of Figure 3. The distribution of OEC data among the population 230 

presents a trimodal structure through out the simulation period for all three pollutants. These 231 

three modes correspond to: 232 

• a high exposure mode (HEM) more clearly distinguishable for O3 and NO2 than for PM2.5. 233 

HEM is particularly highly populated in summertime for ozone. 234 

• a medium exposure mode (MEM) covering a larger part of the OEC spectrum for O3 and NO2 235 

than the other two modes (high and low). This mode often overlaps with the HEM for PM2.5. 236 

• a low exposure mode (LEM) which is more narrow than the MEM but highly populated, 237 

especially for NO2. 238 

The presence of three well distinct exposure modes shows that the distribution of 239 

exposure is not uniform among the population. The LEM and HEM may deviate from the MEM 240 

by 75%. This remark stresses the need to represent this variability into a health-impact 241 

epidemiologic model. The trimodal structure of the OEC distribution raises the question of 242 

whether it is possible to associate each exposure mode to specific groups of the population. To 243 

answer to this question we averaged the daily OEC estimates of all the inhabitants of the same 244 

air-quality grid-cell in order to obtain the spatial distribution of modeled exposure-245 

concentrations. Two examples of this representation of the OEC data are given by the surface 246 

maps of a winter-day (15 February 2004) and of a summer-day (7 July 2004) (Figure 4). On both 247 
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examples the spatial distribution of exposure-concentrations presents also a trimodal pattern 248 

which follows the location of the three aforementioned geographical ‘sub-areas’, namely the 249 

urban, peri-urban and rural areas of the study-domain. For ozone a low exposure mode 250 

corresponds to the urban center (Paris). A medium exposure mode relates to the peri-urban part 251 

of the region while the inhabitants of the rural area are exposed to high ozone concentrations due 252 

to photo-oxidant formation. For primary species like NO2 and PM2.5 the correspondence between 253 

exposure modes and geographical ‘sub-area’ is directly linked to the spatial distribution of the 254 

emission sources over the Paris region. The highest exposure occurs at the urban center mainly 255 

due to traffic emissions. 256 

The hypothesis that the three exposure modes observed in the distribution of the OEC 257 

estimates (LEM, MEM and HEM) correspond to the inhabitants of each one of the urban, peri-258 

urban and rural areas of the domain needs to be validated in a more robust way over the whole 259 

data-set of modeled exposure-concentrations. Given the quasi-constant presence of the three 260 

exposure modes in the distribution of the OEC data among the population we propose a mixture-261 

distribution model to fit to the 4-years of modeled exposure-concentrations. The representation 262 

of population exposure via a parametric distribution is not a new concept (e.g. 
45,46

). However, 263 

both of the mentioned studies suggest a single, log-normal distribution to fit to their data. Given 264 

the trimodal structure of the exposure distribution, we propose a summation model comprised of 265 

three normal distributions for the parameterization (3-Gauss summation-model hereafter): 266 

            (2) 267 

with x the exposure-concentrations (µg=m
3
), µi and σi the mean and variance of each distribution 268 

and fi the relative weight coefficient of each distribution in the composite formula (RWC 269 

hereafter). RWCs represent the fractions of the population exposed to each mode of the 270 

distribution. 271 

Parameterization 272 

The three sets of mean, variance and RWC are treated as unknown parameters for the 273 

multivariate non-linear fit. The result of the parameterization is a 4-years time-series for each 274 

one of the nine parameters (three sets of three parameters). Figure 5 shows the result of the fit to 275 

the OEC distribution for two days — the same days chosen for the representation of OEC spatial 276 
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distribution through surface maps (Figure 4). For both cases and for all three pollutants the three 277 

3-Gauss summation model is able to represent correctly the distribution of the OEC data 278 

(histograms). We note here, that the ranges of each mode of the composite distribution of Figure 279 

5 match with the ranges of the three exposure modes identified on the surface maps of Figure 4 280 

— for all three pollutants and both days. On days where the trimodal model was found 281 

inappropriate to fit to the distribution of exposure predictions we attempt to fit either a bi or a 282 

mono-normal distribution model over the OEC data-set.  In practice we imposed a criterion 283 

based on the distance between the maxima of the three individual distributions of the 3-Gauss 284 

summation model:  if the fit converges in a composite distribution for which the difference 285 

between the means of two consecutive distributions is lower to 20% of the variance of either of 286 

the distributions we merge the two distributions to a single one.  This case occurs for example, 287 

on days where long-range transport brings highly polluted air mass inside the entire domain of 288 

the study or on days of high photo-oxidant activity where ozone concentration is high all over the 289 

region.  In such days the exposure is rather normally distributed and a single Gauss distribution 290 

fits better to exposure predictions. The former case occurred ~5% of the time while the latter 291 

~1% for the three pollutants. Given the low number of cases and in order to avoid discontinuities 292 

in the time-series of the parameters of the distributions we did not remove the ‘vanishing’ modes. 293 

We calculated mean RWC ratios from the rest of the parameterization and used them to share the 294 

data of the bi or mono-normal distributions in three Gaussian parts. In the bimodal case we 295 

considered that the distribution with the largest variance corresponds to the MEM and then we 296 

split it into two distributions with the same means and variances respecting the fixed RWC ratio. 297 

In the mono-normal distribution fit we shared all data in three distributions with the same means 298 

and variances according to the mean RWC ratios. 299 

 The time-series of the means of the three normal distributions fitted to each mode of the 300 

OEC data distribution are shown in Figure 6. The time-series were smoothed with a seven-days 301 

moving average in order to filter out short-term fluctuations. The three modes are clearly 302 

distinguishable through out the period of the study for all three species. The means of the three 303 

exposure modes for ozone follow a seasonal cycle with higher exposures during summer than 304 

during winter. The seasonal trend is much less pronounced for both NO2 and PM2.5. For all three 305 

pollutants the means of the HEM and LEM deviate from the MEM by more than 50%, showing 306 
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once more the potential benefits of taking into account the heterogeneity of exposure among the 307 

population in health studies.  308 

RWC (fi) corresponds to the fraction of the population exposed to the i
th

 mode. Figure 7 309 

shows the evolution of these three coefficients through time. The time-series of RWCs were 310 

decomposed in different time-scales with a wavelet decomposition. Then the signal was 311 

reconstructed after filtering out the time-scales with periods shorter than six months. Only inter-312 

seasonal fluctuations are, therefore, represented in Figure 7, which allows us to compare the 313 

relative weight of the three exposure modes over long time-scales. For all three pollutants more 314 

than 60% of the population is exposed to the MEM all year long. For NO2 and PM2.5 the fraction 315 

of the population exposed to the LEM and MEM fluctuates around 30%; we also note a strong 316 

negative correlation between the RWCs of the LEM and MEM.. This is the sign of people 317 

moving between these two exposure modes as a function of time. The lowest RWCs are 318 

observed for the HEM for NO2 and PM2.5 with values ranging around 10%. For  ozone, we 319 

observe an intra-annual movement of people between the HEM and MEM, with the 320 

corresponding RWC values ranging around 20% and 70% respectively. In summertime the 321 

relative importance of HEM increases compared to the lower RWC observed for this ozone 322 

exposure mode during winter. 323 

We can now use the parameterization of the three exposure modes to validate the 324 

hypothesis that each mode corresponds to a specific geographical ‘sub-area’ of the study-325 

domain, and therefore, to a specific group of the population. The OEC data were distributed back 326 

to each exposure mode for the whole period of the study (after ruling out the bi and mono-327 

normal distribution cases) and we quantified the percentages of the inhabitants of the urban, peri-328 

urban and rural areas over the total number of persons exposed to each one of the three modes 329 

(Figure 8). The composition of the populations exposed to the LEM and HEM is dominated by 330 

the inhabitants of a specific ‘sub-area’ (urban or rural). These two groups of the population 331 

correspond probably to the people that were considered to stay in the same ‘sub-area’ during the 332 

whole day. These people are, therefore, exposed all day long to high NO2 and PM2.5 333 

concentration levels (urban population) or high ozone concentrations (rural population). More 334 

than 50% of the people exposed to the MEM are residents of the peri-urban area. Peri-urban 335 

areas, located downwind of the high VOC and NOx emissions of the city of Paris, are 336 

characterized by medium NO2 and O3 levels due to photo-oxidant ozone build-up, which 337 
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transforms part of the emitted NO2 to O3. The MEM exposure mode is also the most 338 

heterogeneous one in terms of population, with non-negligible population fractions 339 

corresponding to the inhabitants of the urban and rural areas. This heterogeneity may be due to 340 

the people that move between the urban and rural areas resulting to the mixing of the 341 

corresponding high and low concentration levels in the mean population, daily-averaged 342 

exposure burden. This remark shows the importance of taking into account the human activities 343 

in the estimation of exposure. If the concentration was only combined with demographic data — 344 

without taking into account the intra-regional travel of the population — we would not be able to 345 

represent the heterogeneity of the MEM. To test the validity of this argument, we quantified the 346 

distribution of a different OEC data-set, which was computed without using the activity-diary but 347 

only considering the density of the population. The M-C model was run for the same number of 348 

members but with the only a-priori condition to respect the distribution of the population 349 

according to the place of residence. In this case outdoor exposure-concentration for each member 350 

of the sample population corresponds to the daily-averaged concentration at the place of 351 

residence. The comparison of the distributions of the OEC data computed with and without the 352 

activity-diary shows clearly that the trimodal structure of the exposure-concentration distribution 353 

among the population is the result of having considered that people move between different areas 354 

inside the regional study-domain (Figure 9). 355 

We note here, that for the quantification of the ‘geographical composition’ of the three 356 

modes, we divided the members of the M-C model simulation into the three groups of population 357 

(urban, peri-urban and rural) according to their place of residence. The same procedure was 358 

followed using the place of work for the definition of the three groups without changing the 359 

overall distribution of the population in the three exposure modes. 360 

EPIDEMIOLOGIC MODEL 361 

Time-series method 362 

The majority of studies on short-term associations between air pollution and mortality estimate 363 

exposure-response functions by regressing area-aggregated daily mortality counts y = (y1, ..., 364 

yn)n×1 against air pollution concentrations and a vector of covariates, Z = (z1
T
, ... zn

T
). These 365 

covariates typically include meteorological conditions and smooth functions of calendar time, 366 

which model unmeasured risk factors that induce long-time trends, seasonal variation, over-367 

dispersion and temporal correlation into the mortality data. Ambient pollution concentrations are 368 
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measured by an air-quality network at k fixed site monitors. The key assumption here is that the 369 

daily-averaged outdoor concentration, aggregated spatially over k monitors, xt = (1/k) ∑
k
j=1 xjt  is 370 

sufficiently correlated to the mean of personal exposures over the study-domain. It may, 371 

therefore, be used as an exposure surrogate to study the potential associations between air-372 

pollution and mortality. This exposure surrogate is related to mortality counts using Poisson 373 

linear or additive models. A typical implementation of the former is given by 374 

  375 

               (3) 376 

 377 

where we assume a Poisson posterior for the distribution of mortality counts (yt) on day t with 378 

mean (Yt), the mean being modeled from the air pollution (xt) and confounding (z
T

t) data of the 379 

day (possibly lagged). In this epidemiologic model, the association between the exposure 380 

surrogate  and mortality is expressed by γ, referred to a log relative risk of mortality associated to 381 

a 1 µg/m3 increase in xt.  382 

 We will use here this epidemiologic model at the same configuration as in two previous 383 

health studies carried out over the region of Paris as part of the PSAS and APHEA projects ( 
26,27 

384 

respectively) but we will replace the monitor-based exposure surrogate with the parameterized 385 

OEC distribution computed in the present study. More specifically we will compare γ estimates 386 

for NO2, PM2.5 and O3 in order to study the potential benefit of having used additional 387 

information on the spatial variability of concentration data and on population density and 388 

activities. 389 

Model Set Up 390 

The whole setting is based on General Additive Models (GAM) that gives the possibility of non 391 

or semi-parametric relationships between the dependent and independent variables 
47

. The set of 392 

covariates used for the present analysis are the same as in the reference studies (PSAS and 393 

APHEA). These covariates are minimum and maximum temperature with lags 0 and 1 394 

respectively, introduced as natural splines with 3 degree of freedom,  influenza and dummy 395 

variables such as week-days and holidays. Penalized cubic regression splines were used as 396 

smoothers of calendar time, the penalty being chosen  in order to minimize the autocorrelation in 397 

the model residuals. Exposure surrogates are introduced into the model as linear terms and they 398 
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represent the mean value of the exposure surrogate for the current day and the day before. 399 

Because of ozone’s marked seasonal cycle — with low concentrations during winter and high 400 

concentrations during summer — an interaction term between ozone and summer period (April 401 

to September) was introduced in the model in order to obtain accurate estimate. While the OEC 402 

data computed in our study include the whole Paris region, the two studies we are using as point 403 

of reference (PSAS and APHEA projects) focused their analyses only on the urban and peri-404 

urban population (administrative units N
o
 75, 92, 93 and 94 as shown in the left map of Fig.1). 405 

Ruling out the rural area from the study domain increases the spatial homogeneity of the air 406 

pollution and population data and consequently reduces the measurement error in the estimation 407 

of the surrogate. Since we are interested in comparing our results with these studies we modified 408 

the RWCs of the three modes in order to rule out the rural population. The period of the study is 409 

from 01/01/2001 to 31/12/2004. The exposure surrogates that are finally introduced in the 410 

epidemiologic model are calculated in four different ways and the corresponding γ estimates are 411 

compared: 412 

• MONITOR-surrogate: (point of reference): The area-aggregated, monitor-based exposure 413 

surrogate used in previous studies (PSAS and APHEA projects). This indicator aggregates 414 

concentrations measured at background stations over the study-domain which satisfy a set of 415 

quality criteria (number of missing data, the outliers of the distribution, etc.)  (Fig. 10). Daily 416 

averaged concentrations are used for NO2 and PM2.5. For ozone, we calculate the maximum of 417 

an 8-hour moving average. The number of monitors used for the construction of the 418 

MONITOR based area-aggregated exposure indicator for the three pollutants (NO2, PM2.5 and 419 

O3) vary during the four years study period varies between 12 and 17 for NO2, 8 and 11 for O3 420 

and   1 and 4 for PM2.5. This model serves as point of reference for the comparison with the 421 

following modified versions. 422 

• CHIMERE-surrogate: Area averaged pollutant concentrations predicted with the CHIMERE 423 

air-quality model over the epidemiology study domain (administrative units N
o
 75, 92, 93 and 424 

94 as shown in the left map of Fig.1). This is a mean concentration value calculated over the 425 

urban and peri-urban grid-cells (3×3 CHIMERE cells also shown in Fig. 10).  This exposure 426 

indicator is based on the same assumption of homogeneous exposure as the MONITOR-427 

surrogate (area-aggregated concentration) with the difference that concentrations are predicted 428 

with the air-quality model instead of being measured. 429 
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• CHIMERE/POP-surrogate: Population-weighted modeled concentrations.  Here we included 430 

the information on the population density by multiplying predicted concentrations with 431 

population fractions for each of the four administrative units of the epidemiology study 432 

domain.  This surrogate represents an intermediate case between the simple use of 433 

concentration data (MONITOR and CHIMERE-surrogates) and the full version accounting 434 

also for pollutant concentrations spatial variability, demographic and activity data. 435 

• CHIMERE/POP/ACT-surrogate: For the calculation of this exposure surrogate we also 436 

included information on population activity (commuting from home to work).  In order to 437 

exclude the rural population from the total 3-Gauss summation-model (Eq. 2), and thus be able 438 

to compare model results with the MONITOR-model, we kept only the urban and peri-urban 439 

population fractions of each mode. Modified RWCs (fi´) are calculated for each pollutant, 440 

respecting the composition of each mode’s population as it has been quantified in the 441 

‘Parameterization’ section (Fig. 8). In order to include higher order moments of the trimodal 442 

distribution (i.e. variance) we extended the 1-Gauss distribution model given by 
48

 for the 3-443 

Gauss summation-model applied in the present study: 444 

          (4) 445 

with µi, σi and f´i the mean, variance and RWC of the i
th

 mode respectively. 446 

Comparison between model and monitor based surrogates of exposure 447 

Since the study rests on the ability of the air-quality model to predict population’s exposure to 448 

outdoor pollutant concentrations, we evaluate here the ability of the CHIMERE model to predict 449 

the concentrations measured at the same monitors that have been used to construct the 450 

MONITOR -exposure surrogates (Fig.10) during the study period.  Here no additional 451 

assumptions on the population density or activity patterns have been made and only 452 

concentration data are being compared. The results are presented on Table 2. We used the same 453 

error metrics to validate the air-quality model over the study-period as in previous studies 454 

dedicated to the CHIMERE model validation (e.g. 
49,50

). Model scores for all five error metrics 455 

are very similar to these studies that have shown that the CHIMERE model is able to capture the 456 

spatial and temporal variability of pollutant concentration levels without “suffering” from 457 

systematic biases. Since the exposure surrogates created from the CHIMERE model predictions 458 
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will be used in a time-series analysis of the atmospheric pollutants’ health effects we are 459 

interested most of all in model’s ability to capture the day-to-day variations in pollutant 460 

concentrations.  The strongest correlation is found for ozone (0.83) and the lowest for PM2.5 461 

(0.54).  However, one should keep in mind that model validation for PM2.5 is based on a small 462 

number of monitors inside the modeling domain (varying from 1 to 4 during the period of the 463 

study). With such a low number of monitor data, the spatial variability of PM2.5 concentration 464 

can not be addressed. Therefore, it impossible to judge whether the model is capable of capturing 465 

the spatial variability of PM2.5 over the study domain. This marks both the MONITOR and 466 

CHIMERE-surrogates with a relatively high uncertainty as for their ability to correctly assign 467 

population exposure.  468 

 The next step is to study how the inclusion of demographic and activity data modify the 469 

time-series of the exposure surrogate. Table 3 shows a comparison between the MONITOR and 470 

the CHIMERE/POP/ACT-surrogates.  For all three pollutants MONITOR-surrogates are 471 

higher than the CHIMERE/POP/ACT ones by 30, 22 and 29% for NO2, PM2.5 and O3 472 

respectively (mean values). Having shown that this difference is not explained by the air-quality 473 

model bias, it becomes clear that it is due to the fact that the CHIMERE/POP/ACT exposure 474 

surrogates are population-weighted concentrations and that also exposure to traffic during 475 

transportation time has been accounted for.  The mean and the median values are close in all 476 

cases, which suggests that the values are symmetrically distributed. Comparing the low and high 477 

percentiles of NO2 exposure distributions between the MONITOR and CHIMERE/POP/ACT-478 

surrogates we find similar differences at low and high values (25
th

 and 75
th

 percentiles). For 479 

PM2.5 the differences between the two models are more marked at low values (25
th

 percentile), 480 

while for ozone they are higher at high values (75
th

 percentile) — probably due to an 481 

overestimation of ozone titration by the CTM. 482 

 A general remark here is that by taking into account the spatial variability of pollutant 483 

concentrations (air-quality model instead of monitor data), demographic information (population 484 

density) and activity data (travel between work and home) we constructed an exposure surrogate 485 

that is more relevant than the MONITOR-surrogate which considers homogeneous exposure 486 

for the whole population. Therefore by using the CHIMERE/POP/ACT surrogate in the 487 

epidemiologic model instead of the MONITOR-surrogate we expect to decrease exposure 488 

misclassification and yield more reliable health risks through the epidemiology application.  489 
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Even if the resolution of demographic data used for the present study was rather low and the 490 

activity data are based on rough assumptions, the method should still yield improved health risk 491 

estimates compared to a study based on the assumption of homogeneous exposure. 492 

Comparison between Exposure-response Functions Evaluated by the Different 493 

Epidemiological Models 494 

So in this part of the analysis we use the different exposure surrogates in a Poisson regression 495 

model on mortality data and compare the estimated regression coefficients (log relative risks of 496 

mortality) yielded by each application in order to discuss the benefit of having added information 497 

on the spatial variability of pollutant concentration within the study domain as well as 498 

demographic and activity data.  Table 4 shows the coefficients estimated from the regression of 499 

the four different surrogates on mortality data. These coefficients are expressed as % excess in 500 

mortality risk associated with a 10 µg/m
3 increase in the level of the corresponding exposure 501 

surrogate (ERR). One different regression is applied for each surrogate type and for each 502 

pollutant.  The first step is to compare the results between the MONITOR and the CHIMERE-503 

surrogates. The ERRs yielded from the MONITOR-surrogate (reference studies) show a 1.2, 504 

1.4 and 0.6 % increase in mortality due to a 10 µg/m
3
 increase in PM2.5, NO2 and O3 (only 505 

summer period) exposure respectively.  When the CHIMERE-surrogate is used for the 506 

regression instead of monitor data all three ERRs are lower (0.9, 1.1 and 0.4 % respectively) and 507 

with larger uncertainties.  However, the differences are small and may be attributed to the fact 508 

that for the construction of the MONITOR-surrogates we used certain already tested selection 509 

criteria on the data that could not be applied on the air-quality model predictions since this is a 510 

new method.  The relatively wider confidence intervals related to the regression coefficients 511 

estimated for PM2.5 reflect the higher uncertainty in both the monitor data and air-quality model 512 

predictions for this pollutant compared to NO2 and O3 concentrations. When predicted 513 

concentrations are weighted with population fractions (CHIMERE/POP case) almost no 514 

difference is observed to the ERRs compared to the simple CHIMERE case (only the ozone 515 

ERR increases from 0.4 to 0.5%).  However the confidence intervals are now tighter.  When the 516 

complete 3-Gauss summation model is used for the regression on mortality data 517 

(CHIMERE/POP/ACT case) a significant decrease is observed in the ERR estimated for NO2 518 

(drop from 1.1 to 0.3%) while the risks for the other two pollutants are practically unchanged. 519 

We should note here that no laboratory experiment or cohort study has put in evidence any toxic 520 
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effect related to NO2 exposure up to now 
51,52

.  The reason why previous epidemiology research 521 

such as the reference studies used here (PSAS and APHEA) find positive associations between 522 

NO2 time-series and health outcomes is more likely due to the fact that NO2 is a good surrogate 523 

of traffic emissions, well correlated with ultra-fine particles in particular. The positive regression 524 

coefficients found for NO2 thus indirectly reflect the correlation between mortality and traffic, 525 

rather than to NO2 itself 
53

. 526 

 The problem to differentiate the health effects between co-pollutants becomes much 527 

clearer when we attempt to treat all three pollutants as co-variates in the same regression (Table 528 

5).  Here we used the same four different surrogates of exposure for each pollutant but we 529 

applied one single regression per surrogate type. All three pollutants are simultaneously injected 530 

into the model as co-variates and the excess relative risks (ERRs) estimated for each one of the 531 

pollutants can be compared one with the other in this case.  This is a much more realistic 532 

representation of the way air pollution affects human health considering that in nature pollutants 533 

are inhaled as complex mixtures and not one at the time. As shown in Table 5 the MONITOR-534 

surrogate is incapable to differentiate the effects of co-pollutants: negative exposure-response 535 

functions are estimated for PM2.5 and the ERR for NO2 is increased from 1.4 to 1.9 % in order 536 

to overcome this negative effect.  This is due to the strong correlation between NO2 and PM2.5 537 

(0.73).  It has been shown that in presence of strong correlations between co-pollutants the 538 

regression will converge to coefficients that overestimate the association between the health 539 

outcome and the pollutant which is ‘better’ measured even if another correlated co-pollutant is 540 

more hazardous 
16,17

. For example in the case of the PSAS and APHEA projects PM2.5 is 541 

measured at only 1 to 4 sites over the study-area whereas 15 and 12 measurement sites are 542 

available for NO2 and O3 respectively.  Due to the larger spatial monitoring coverage of NO2 543 

over the study-domain compared to PM2.5 the latter absorbs all the effect that should be, 544 

theoretically, attributed to PM2.5.  The CHIMERE and CHIMERE/POP surrogates suffer from 545 

the same effect: the PM2.5 ERRs fall from 0.9% to 0.2 and 0.3% respectively while both NO2 546 

and O3 ERRs increase in order to compensate the effect (ERRs for O3 increases from 0.4 and 547 

0.5 % respectively to 1.6 %).  On the contrary, the problem is not present in the regression of the 548 

CHIMERE/POP/ACT-surrogate on mortality data:  ERRs for PM2.5 and O3 are similar to the 549 

ones estimated in the MONITOR case for the mono-pollutant regression and the ERR for NO2 550 

is similar to the one estimated with the CHIMERE/POP/ACT-surrogate (within tighter 551 
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confidence intervals), also in the mono-pollutant regression (Table 4).  In the case of the 552 

MONITOR-surrogate only NO2 comes out with statistically significant t-scores and in the case 553 

of the CHIMERE and CHIMERE/POP-surrogates only O3 estimate is statistically significant.  554 

 It thus appears that the CHIMERE/POP/ACT-surrogate gives us the opportunity to 555 

distinguish between the relative effects of the three pollutants in a multipollutants regression 556 

setting. Indeed, when population activity patterns are taken into account in building the exposure 557 

surrogate, the time-series of co-pollutants are less correlated one with the other.  The strong 558 

correlation between co-pollutants mostly affects the risk estimates for PM2.5.  The reason for this 559 

is that this pollutant is marked with the highest uncertainty.  Table 6 shows correlation 560 

coefficients between PM2.5 and the other two co-pollutants (NO2 and O3) for each one of the four 561 

types of exposure surrogate.  A significant decrease in the correlation between PM2.5 and the 562 

other two co-pollutants is found for the CHIMERE/POP/ACT-surrogate compared to the 563 

CHIMERE and CHIMERE/POP cases: correlation between PM2.5 and NO2 falls from 0.76 to 564 

0.6 and for PM2.5 and O3 from ~0.42 to 0.37. This explains why we have been able to 565 

differentiate the effects between the three co-pollutants by using this exposure metrics.  566 

The overall conclusion of the comparison between the four exposure surrogates tested in 567 

the present study is that by merging together air-quality, demographic and activity data we end 568 

up with exposure surrogates that are less correlated between co-pollutants.  Day-to-day 569 

concentration levels of different pollutants may be strongly correlated one with the other over the 570 

urban environment.  One reason may be that on days where regional transport brings highly 571 

polluted air mass over a city all pollutant concentrations increases together.  Another reason is 572 

that the temporal evolution of primary pollutant concentrations is driven from the temporal 573 

profiles of the emitting source.  So concentrations of pollutants emitted from the same sources 574 

will be strongly correlated one with the other. When these concentrations are weighted with the 575 

population density and activity data the correlation between co-pollutants is loosened making it 576 

possible to differentiate the effects of co-pollutants on human health with a multi-variate 577 

regression.  578 

CONCLUSIONS 579 

The principal motivation behind this work is to define a general framework within which 580 

pollutant concentrations predicted with an air quality model may be introduced into an 581 

epidemiologic model in order to provide reliable information on the independent health-effect of 582 
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contaminants present in the same atmospheric mixture. The advantage of using spatially-resolved 583 

concentration fields instead of discrete monitoring data is that a significantly larger amount of 584 

information is used for the regression of the exposure surrogate against health outcomes. In 585 

addition, spatially-resolved information can be easily combined with demographic data and 586 

population activities to provide more realistic exposure estimates compared to plain monitoring 587 

data. 588 

Four-year concentrations of O3, NO2 and PM2.5 were modelled with the CHIMERE 589 

chemistry transport model over the greater Paris region. A Monte-Carlo model was set up to 590 

combine demographic information on the density of the population over 8 counties of the study-591 

domain with the daily travel of the population between three ‘sub-areas’ of the region of Paris in 592 

order to create a three-activity diary for the study-population. A simple exposure model was 593 

developed to compute personal outdoor exposure-concentrations. Three discrete modes were 594 

identified in the distribution of outdoor exposure-concentrations among the population 595 

highlighting the fact that exposure to atmospheric contaminants at the regional scale is not 596 

uniform. 597 

A summation model comprised of three normal distributions is used for the 598 

parameterization of the distribution of exposure among the population. We quantified the 599 

geographical composition of the population of the three exposure modes by mapping them on the 600 

urban, peri-urban and rural areas of the domain. Each population group is exposed to 601 

atmospheric mixtures of different chemical compositions. The parameterization provides time-602 

series of the means, variances and population fractions of each distribution mode. We note here 603 

that having taken into account exposure indoors would have probably led to a different model 604 

parameterization but it is rather unlikely that it would have modified the trimodal form of the 605 

distribution, and consequently the structure of the summation-model. However, it is possible that 606 

the position of each mode on the concentration scale of the distribution may be altered due to 607 

attenuation caused from air infiltration indoors. For pollutants such as PM with different types of 608 

emission sources indoors and outdoors further adjustments should be implemented in the model 609 

in order to account for exposure indoors
54,55,56

.  Another limitation of the proposed methodology 610 

is the low resolution of demographic and activity data.  For example we have not considered 611 

varying modes of transportation for the exposure during commuting nor exposure to source-612 

specific pollution other than traffic pollution.  Increasing the model resolution or assessing 613 
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varying modes of exposure would probably increase the number of the exposure distribution 614 

modes to be fitted to the data.  This imposes limitations to the applicability of the 3-Gauss 615 

summation model over other regions but the methodology remains generalizable even if the 616 

distribution model should be re-adjusted to fit different exposure prediction data sets.  We note 617 

here that the increase of the resolution of the activity data (i.e. using more detailed exposure-618 

sequences) would be meaningless without first assessing pollutant concentration variability at the 619 

same spatial scale
57

.  Even though further adjustments have to be applied on model raw output in 620 

order to exploit the presence of monitor data in the study domain and assign exposure in a more 621 

accurate way (e.g. krigging or land-use regression methods) we still consider that the present 622 

study provides a clear refinement in exposure estimation compared to the homogeneous exposure 623 

among the population used currently in the majority of epidemiologic studies.  The assessment of 624 

the uncertainties in air-quality modeling in order to provide small scale variability and subgrid 625 

scale features of pollutant concentrations is an ongoing research and different modeling 626 

approaches, such as krigging, landuse regression, merging of observation data and model 627 

outputs, etc., need to be tested in the future as for their ability to yield relevant results within an 628 

exposure assessment context and in epidemiological applications. 629 

The time-series of these parameters were used to inform an epidemiologic model for the 630 

evaluation of relative rates of mortality. We compared RRs estimated with previous 631 

epidemiologic studies over the same area as for their ability to distinguish the health-effects 632 

corresponding to three co-pollutants in a three-pollutants Poisson regression model. The use of 633 

spatially-resolved pollutant concentrations combined with population dynamics instead of 634 

discrete monitoring data leads to time-series of the exposure surrogates that are less correlated 635 

between co-pollutants. This allows the estimation of positive and realistic associations between 636 

all three pollutants involved into the multiple regression model against mortality counts for the 637 

region of Paris. 638 

In contrast to other exposure models 
58,59

our study here does not aim at the modelling of 639 

the most realistic personal exposure. Before developing a detailed exposure module we were 640 

interested in studying the specific needs of the state-of-the-art epidemiologic method in modeling 641 

exposure more accurately. Even though the modelling of personal exposures here is based on 642 

simple input data and rather rough assumptions (for example we do not consider indoor-643 

exposure), the developed methodology is general and adapts successfully the new features (i.e. 644 
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the spatial variability of exposure) in a time-series health study. In this context, we demonstrated 645 

a clear advantage of using spatially-resolved pollutant concentrations rather than area-aggregated 646 

monitoring data for the evaluation of air pollution health-effects. First of all the use of additional 647 

information on population activities and the spatial dispersion of pollutants reduces the 648 

difference between the exposure surrogate and ’real’ human exposure, and hence, reduces 649 

measurement error (compared to the classical epidemiologic studies). The need to use detailed 650 

data on exposure event sequences for future studies in order to further improve the evaluation of 651 

the mean population exposure became clear. The estimation of independent exposure-response 652 

functions for different atmospheric pollutants is a crucial scientific need. In this context we have 653 

shown with this study that grid-based chemistry transport models are the appropriate tools to 654 

carry out health impact epidemiologic studies.  655 

 656 
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 870 

 871 

APPENDIX 872 

 873 

The CTM simulation is forced with an ensemble of emission fluxes that represent the sub-grid 874 

scale variability of the co-existing emission sectors. This is done in two steps: the 875 

“disaggregation” step consists of splitting the commonly used grid-averaged emission flux into 876 

relative parts representing the contribution of different emission sectors. This step requires 877 

highly resolved emission data in order to estimate the emitting activity of each emission sector 878 

inside the grid-cell. We considered four different kinds of emission sectors “residential”, 879 

“traffic”, “natural” and “other” (the latter consists of all emission sources that are not included to 880 

the other three categories). For each chemical species and each model grid-cell we summed up 881 

the emission from all the sources of the same sector and ‘stored’ them separately as different 882 

emission fields per unit area and unit time. Note that the described disaggregation of emissions 883 

into the contribution of different sectors does not keep trace of the location of sources inside the 884 

grid-cells since all sources of the same sector are summed up to a single value. In order to 885 

correctly define the emission related to a source-specific environment we need to know whether 886 

the emitted mass is released by a narrow surface (e.g. by a road) or by a wider area (e.g. a 887 

residential block). Thus, in the second step, the disaggregated emission components are scaled 888 

with coefficients representing the grid ratios covered by each different type of environment (i.e. 889 

roads for traffic emission, residential blocks for residential emissions, parks for natural emissions 890 

etc.). For example if the contribution of the traffic sector to the grid-averaged NO emission is 891 

ETraffic and the area fraction of the grid surface occupied by roads is ARoads then a sub-grid 892 

environment named “Traffic” is considered, where the local NO emission forcing equals 893 

ETraffic/ARoads. The same reasoning is applied for the estimation of the “residential” 894 

(EResidential/AResidential Blocks), “natural” (ENatural/AParks) and “other” (EOther/AOther) emission forcing 895 

at each model grid-cell. Therefore, instead of considering that emission is homogeneous over 896 

each model grid-cell we model several concentrations, each one under the forcing of a different 897 

source term. The temporal evolution of the concentration over each different sub-grid surface 898 

reads: 899 

 900 
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where ci is the concentration modeled under the forcing of the i
th

 emission sector. The other 901 

terms represent advection by the mean wind, turbulent advection parametrized by a gradient 902 

diffusion hypothesis, the emission term due to the i
th

 sector, source and loss terms related to 903 

chemical transformations and deposition. The last term on the right represents an interaction 904 

between the local and the grid-averaged concentration and it is expressed by a linear relaxation 905 

of the local concentration to the local mean. The rate of the process is controlled by a time-scale 906 

Tmix. This time-scale is defined here as the ratio of a characteristic length scale and the mean 907 

local wind speed. The characteristic length is defined separately for each emitting surface 908 

depending on the spatial extent of the corresponding sector inside the grid-cell. So for narrow 909 

surfaces (e.g. roads) the mixing of the local concentration will be faster than the mixing for 910 

larger emitting surfaces (e.g. residential blocks). Under high wind speed conditions the local 911 

concentrations will tend to be mixed faster (lower Tmix) than under lower wind speed conditions 912 

(higher Tmix). At each model time-step the source-specific concentrations are re-combined to 913 

provide the grid-averaged concentration that is transported across the domain of the simulation. 914 

We used a linear implementation of this re-combination process where source-specific 915 

concentrations are weighted with the corresponding land-use fractions . 916 

 917 

TABLES 918 

TABLE 1. Population distribution among the eight counties of the greater Paris region provides 919 

by the French National Institute of Statistics and Economic Studies (INSEE http://www.insee.fr/). 920 

County Name/No 
Inhabitants 

(%) 
Workers (%) 

Inhabitants 

working outside 

(%) 

Workers living 

inside (%) 

Inactive 

Population  

(%) 

Paris
75* 19.4 26.8 14.6 13.0 36.2 

Hauts-de-Seine
92** 13.1 16.5 14.1 7.3 29.1 

Seine-Saint-Denis
93** 12.6 11.3 15.1 3.2 31.1 

Val-de-Marne
94** 11.2 10.4 13.3 3.0 30.2 

Seine-et Marne
77*** 10.9 8.5 10.1 1.1 36.9 

Yvelines
78*** 12.4 9.9 11.1 1.9 36.9 

Essone
91*** 10.4 8.5 10.1 1.5 34.0 

Val-d’Oise
95*** 10.1 8.1 114 1.5 31.9 
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 921 

 922 
One, two and three stars notation corresponds to the rural, peri-urban and urban classification respectively. 

923 
Columns 1 and 2 give the distribution of the ~11,000,000 inhabitants according to their place of residence and work respectively. 

924 
Column 3 gives the fraction of inhabitants of each county that work in a different county 

925 
Column 4 gives the fraction of people working in a county but living at a different county 

926 
Column 5 gives the inactive fraction of the inhabitants of each county 

927 

 928 

TABLE 2. Comparisons between CHIMERE model predictions of O3 (summer), NO2 and 929 

PM2.5 concentrations and monitor data. 930 

 O3 (summer) NO2 PM2.5 

Mean monitor data 81.1 42.5 14.4 

Correlation 0.83 0.71 0.54 

Bias 5.1 0.88 0.97 

Normalized Bias 8.6% 2.1% 6.8% 

RMSE 17.7 10.6 7.8 

Normalized RMSE 30.1% 25.0% 54.2% 

 931 

 932 

 933 

TABLE 3. Distributions of the monitor and model-based exposure surrogates for NO2, PM2.5 934 

and O3 (µg/m
3
) during the study-period (2001-2004) at the urban and peri-urban areas of the 935 

study-domain. 936 

 NO2 PM2.5 O3 (summer) 

 Mean P25 P50 P75 Mean P25 P50 P75 Mean P25 P50 P75 

Monitor 42.5 32.5 41.7 50.4 14.4 9.8 13.0 17.40 81.1 64.4 77.7 93.7 

Model 30.80 23.5 30.3 37.0 11.95 7.1 9.9 14.4 57.5 48.8 57.8 66.4 

 937 

 938 

P25 = 25th percentile 
939 

P50 = median 
940 

P75 = 75th percentile 
941 

 
942 
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TABLE 4. Log relative rates of mortality (ERR) and 95% confidence intervals associated with a 943 

10 µg/m3 increase in the air pollution exposure surrogate. PM2.5, NO2 and O3 exposure 944 

surrogates are introduced to the log-linear regression model separately (mono-pollutant model). 945 

 946 

Mono-

Pollutant 
PM2.5 NO2 O3* 

 
ERR 95% C.I. ERR 95% C.I. ERR 95% C.I. 

MONITOR 1.2 [ 0.2 ; 2.2] 1.4 [ 0.9 ; 1.9] 0.6 [ 0.1 ; 1.0] 

CHIMERE 0.9 [-0.5 ; 2.3] 1.1 [ 0.0 ; 2.3] 0.4 [ 0.0 ; 0.9] 

CHIMERE/PO

P 
0.9 [-0.5 ; 2.3] 1.1 [ 0.1 ; 2.1] 0.5 [ 0.0 ; 1.0] 

CHIMERE/PO

P/ACT 
0.9 [-0.2 ; 2.0] 0.3 [-0.4 ; 1.0] 0.4 [-0.4 ; 1.2] 

 947 
*Only summer periods effects are shown for O3  

948 

 949 

 950 

TABLE 5. Log relative rates of mortality (ERR) and 95% confidence intervals associated with a 951 

10 µg/m3 increase in the air pollution exposure surrogate. PM2.5, NO2 and O3 exposure 952 

surrogates are introduced to the log-linear regression model simultaneously (three-pollutants 953 

model). 954 

 955 

Three-

Pollutants 
PM2.5 NO2 O3* 

 
ERR 95% C.I. ERR 95% C.I. ERR 95% C.I. 

MONITOR -1.1 [-2.6 ; 0.5] 1.9 [ 1.1 ; 2.7] 0.4 [ 0.0 ; 0.9] 

CHIMERE 0.2 [-0.5 ; 1.0] 1.4 [-0.3 ; 3.1] 1.6 [ 0.1 ; 3.1] 

CHIMERE/PO

P 
0.3 [-0.6 ; 1.2] 1.4 [-0.5 ; 3.4] 1.6 [0.1 ; 3.1] 

CHIMERE/PO

P/ACT 
1.3 [-0.0 ; 2.7] 0.4 [-0.6 ; 1.4] 0.9 [-0.4 ; 1.2] 

 956 
*Only summer periods effects are shown for O3  

957 
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 958 

 959 

TABLE 6. Correlation between the time-series of co-pollutants estimated for four different types 960 

of exposure surrogates. 961 

 962 

 PM2.5 vs. NO2 PM2.5 vs. O3 

MONITOR 0.73 -0.15 

CHIMERE 0.76 -0.43 

CHIMERE/POP 0.76 -0.41 

CHIMERE/POP/ACT 0.60 -0.37 

 963 

 964 

 965 

FIGURE CAPTIONS 966 

 967 

1  Maps of the greater Paris region divided into 8 counties showing (left) the centers of the 968 

grid-cells of the 3 km-resolution CHIMERE model mesh and the zip-codes of each county 969 

and (right) population density per county expressed in number of inhabitants per square 970 

kilometer. 971 

 972 

2  Population-averaged OEC estimates as a function of the total number of the members of 973 

the M-C model showing the convergence of the simulation to a stable OEC data-set. The 974 

error is calculated relatively to OEC estimates for an ensemble of 200,000 members. 975 

 976 

3 Distribution of 4-years of OEC estimates (2001-2004) over the population for (top) O3, 977 

(middle) NO2 and (bottom) PM2.5, modelled with the CHIMERE model over the Paris 978 

region. 979 

 980 

4 Maps of daily averaged exposure to (top) ambient O3, (middle) NO2 and (bottom) PM2.5 . 981 

Exposure units are expressed in µg/m3. Maps on the left correspond to a winter day 982 

(February 15, 2004) and maps on the right correspond to a summer day (July 7, 2004). 983 

 984 
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5  Two-day’s example of the result of the fit of the trimodal distribution model on the OEC 985 

data (histograms) with the red line showing the parametrized composite distribution and the 986 

black lines illustrating the intermediate fit of single Gaussian distributions on each one of 987 

the three modes of the distribution. 988 

 989 

6 Time-series of the parametrized means of the (red) high, (green) medium and (blue) low 990 

exposure modes to (top) O3, (middle) NO2 and (bottom) PM2.5. A 7-day moving average 991 

filter is used to smooth out short-term fluctuations. 992 

 993 

7  Time-series of the parametrized relative weight coefficients (RWCs) showing the fractions 994 

of the population exposed to the (red) high, (green) medium and (blue) low exposure 995 

modes of (top) O3 , (middle) NO2 and (bottom) PM2.5 . Fine lines represent daily 996 

variations, while thick lines show the result of a low-pass filter over the data where only 997 

seasonal variations are represented. Short-term variability is smoothed out by means of a 998 

wavelet decomposition. 999 

 1000 

8 Geographical composition of the population of each one of the three exposure modes 1001 

according to the division of the study-domain into three ‘sub-areas’: (red) urban area, 1002 

(blue) peri-urban area and (yellow) rural area. The result represents a mean value over the 1003 

whole 4-years OEC data-set. 1004 

 1005 

9  OEC distribution over the 100,000 members of the sample population when (left) the three-1006 

activity diary is used for the computation of personal exposures and (right) concentrations 1007 

are simply weighted with population density to provide OEC estimates. 1008 

 1009 

10 The domain of the epidemiology study (urban and peri-urban areas of the air-quality model 1010 

domain) with the locations of the monitor stations for (green) NO2, (blue) O3 and (red) 1011 

PM2.5.  The 3×3km CHIMERE model grid is also illustrated. 1012 
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O3, Relative weight coefficient
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NO2, Relative weight coefficient
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PM2.5, Relative weight coefficient
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O3, 2004-07-07
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NO2, 2004-07-07
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PM2.5, 2004-07-07

5 10 15 20 25
Exposure to [PM2.5] (ug/m^3)

0

1000

2000

3000

4000

5000

6000

7000

8000

9000

F
re

q
u

en
cy

5 10 15 20 25
Exposure to [PM2.5] (ug/m^3)

0

1000

2000

3000

4000

5000

6000

7000

8000

9000

F
re

q
u

en
cy



48.65

48.70

48.75

48.80

48.85

48.90

48.95

49.00

L
a

ti
tu

d
e

2.1 2.2 2.3 2.4 2.5 2.6 2.7

Longitude

NO2 stations
O3 stations
PM stations


