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Abstract

Health effects of air pollution on individuals depend on their personal exposure, but few modelling tools are available which can predict how the distribution of personal exposures within a city will change in response to policies to reduce emissions both indoors and outdoors. We describe a new probabilistic modelling framework (INDAIR-2/EXPAIR), which provides predictions of the personal exposure frequency distribution (PEFD) across a city to assess the effects of both reduced emissions from home sources and reduced roadside concentrations on population exposure. The model uses a national time activity database, which gives the percentage of each population group in different residential and non-residential micro-environments, and links this, for the home, to predictions of concentrations from a three-compartment model, and for non-residential microenvironments to empirical indoor/outdoor ratios. This paper presents modelled PEFDs for NO2 in the city of Leicester, for children, the elderly, and office workers, comparing results in different seasons and on different days of the week. While the mean NO2 population exposure was close to, or below the urban background concentration, the 95%ile of the PEFD was well above the urban background concentration. The relationship between both mean and 95%ile PEFD and urban background concentrations was strongly influenced by air exchange rate. The 24h mean PEFD showed relative small differences between the population groups, with both removal of home sources and reductions of roadside concentrations on roads with a high traffic density having similar effects in reducing mean exposure. In contrast, the 1h maximum of the PEFD was significantly higher for children and the elderly than for office workers, and showed a much greater response to reduced home emissions in these groups. The results demonstrate the importance of understanding the dynamics of NO2 exposure at a population level within different groups, if the benefits of policy interventions are to be accurately assessed.  
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Highlights

· A new model predicts personal exposure frequency distributions (PEFD) across a city

· It links a microenvironmental model of the home to time-activity patterns 

· We applied the model to simulate PEFDs for nitrogen dioxide in the city of Leicester

· The mean of the PEFD was similar to, or below, urban background concentrations

· The 95%ile PEFD was more strongly influenced by indoor and outdoor emission peaks


1. Introduction

Over the past two decades, the short-term and long-term adverse effects on human health of exposure to relatively small concentrations of particulates have been established and quantified (e.g. COMEAP 2010; Atkinson et al., 2014a;b), but there is now increasing evidence of the effects of nitrogen dioxide (NO2), both in the home (e.g. Logue et al., 2011) and outside (e.g. Faustini et al., 2014; Mills et al., 2015). Indoor and outdoor exposure to NO2 can affect the health of children and the elderly in particular (e.g. Breysse et al., 2010; Favarato et al., 2014; USEPA, 2016; RCP, 2016). A recent meta-analysis (Lin et al., 2013) confirmed that both gas cooking and elevated indoor NO2 concentrations were associated with a higher prevalence of childhood asthma and wheeze; furthermore, there is evidence that the threshold for increased symptoms in asthmatic children, as a result of long-term exposure, lies below 10ppb i.e. below current annual air quality guidelines (Belanger et al., 2013). In adults, increased bronchial responsiveness has been associated with gas cooking for individuals without a gene which increases oxidant stress detoxification (Amaral et al., 2014). 
The evidence associating NO2 exposure with health effects has strengthened substantially in recent years (COMEAP, 2015). Three authoritative reviews on the health effects from exposure to NO2 have been carried out: a statement on the quantification of the effects of long-term exposure to NO2 on respiratory morbidity in children by COMEAP (2009), the updated Integrated Science Assessment by US EPA (2013, 2016), and the Review of Evidence on Health Aspects of Air Pollution-REVIHAAP by WHO (2013). In addition, recent studies, including the ESCAPE study (Beelen et al., 2014), the DUELS study (Fischer et al., 2015), a study following the RoLS cohort in Rome (Cesaroni et al., 2013) and a meta-analysis of long-term studies on NO2 (Faustini et al, 2014), show associations between long-term exposure to NO2 and all-cause, respiratory and cardiovascular mortality, children’s respiratory symptoms and lung function. Furthermore, there are positive associations between short-term exposure to NO2 and hospital admissions and emergency room visits for cardiovascular and/or cardiac diagnoses. Positive and statistically significant associations of short-term ambient concentrations of NO2 with all-cause and cause-specific mortality have also been reported. Although the evidence for short-term effects is stronger, whether these associations reflect adverse health effects of long-term exposure to NO2 or other pollutants emitted by the same sources, such as traffic, has been a matter of debate (COMEAP, 2015). 

Although some epidemiological studies of the effects of indoor NO2 exposure use direct measurements in the home, most outdoor studies have either assumed that exposure of the study populations can be represented by measurements made at fixed central monitoring sites, or have used appropriate predictive models to estimate the outdoor concentrations at the place of residence. However, health outcomes are most directly related to the personal exposure of individuals, and there is evidence that day-to-day variation in symptoms is more closely related to measured personal exposure than to data from fixed-site monitors (e.g. Spira-Cohen et al., 2011; Brook et al., 2011). Several studies of NO2 exposure assessment have examined factors that affect the reliability of NO2 ambient monitors to act as a surrogate for personal NO2 exposures in epidemiological studies, given that the strength of the association between ambient NO2 and personal NO2 exposure contributes to exposure error (e.g. Vardoulakis et al., 2011; Brown et al., 2009; Delfino et al., 2008; Kim et al., 2006). In some cases, data from fixed monitoring stations explain only a fraction of variation in personal NO2 exposures, which are more strongly associated with the NO2 indoor residential and workplace concentrations (e.g. Kousa et al., 2001; Alm et al., 1998). Meng et al. (2012), in a meta-analysis of studies carried out over the previous 30 years, concluded that the strength of the associations between personal NO2 exposure and outdoor concentrations, although positive overall, varied among studies, with differences related to study design and exposure factors. 

Furthermore, for a given outdoor pollutant concentration field across a city, there will be a wide range of individual personal exposures within the population, due to the effects of exposure in different indoor micro-environments, and variations in people’s activity, added to spatial variation in outdoor concentrations. Personal exposures can be determined directly by measurement, or indirectly using computer models. When the aim is to assess the effect of different policy interventions on population exposure, models offer significant advantages over direct measurement methods, as they allow the relative contributions of different indoor and outdoor sources to population exposure to be assessed, and the benefits of different policy measures to be compared (Dimitroulopoulou et al., 2001). Furthermore, when the distribution of exposures within a population is of interest, a very large number of exposure measurements are required. The upper percentile of these exposure distributions is of particular interest, as they may experience the greatest effects on health. Furthermore, policies that aim to reduce mean population exposure may not necessarily address the specific exposure sources that affect this upper percentile group (Edwards et al., 2005; Edwards and Jantunen, 2009). Hence, analysis of what we term the Population Exposure Frequency Distribution (PEFD) is central to understanding the variable patterns of exposure in different locations, and within different population groups, and the impact of different policy interventions. 

In order to assess the benefits of policy interventions both indoors and outdoors in terms of the PEFD, a modelling approach is needed that integrates personal activity profiles with models of indoor concentrations, and specifically those within the home environment, as well as data on outdoor concentrations in different locations (e.g. Wu et al., 2005; Physick et al., 2011). In most western societies, people typically spend over 90% of their time indoors, much of it at home, and therefore understanding of the processes controlling indoor concentrations, and their relationship to outdoor concentrations, is essential if personal exposures are to be predicted with any degree of certainty. Various indoor exposure modelling techniques are available, ranging from simple statistical regression and mass balance approaches, to more complex multi-zone and computational fluid dynamics tools (e.g. Fabian et al., 2012; Milner et al., 2011). 

Over the past two decades, several probabilistic micro-environmental models of population exposure across a city have been developed, including the probabilistic SHEDS-PM model, which estimated population distributions of PM2.5 exposures in Philadelphia (Burke et al., 2001), the models derived from the European EXPOLIS study (e.g. Kruize et al., 2003; Hanninen et al., 2003), and a recent probabilistic exposure model that predicts distributions of children and elderly PAH exposures in Rome (Gariazzo et al., 2015). However, these models generally use an empirical approach to modelling indoor concentrations, and do not explicitly simulate the effects of specific indoor sources. For example, Borrego et al. (2009) predicted spatial patterns of human exposure to ozone, NO2 and PM across Portugal using a single indoor-outdoor ratio to predict indoor concentrations; such an approach cannot account for the wide variation in indoor concentrations depending on differing building characteristics, time of day, and indoor emission sources. More recently, probabilistic models of residential concentrations of NO2 and other pollutants across a city have been described (e.g. Logue et al., 2014), which typically treat the home as a single micro-environment using a mass balance approach; however,  NO2 concentrations in kitchens, bedrooms and living rooms vary significantly, as does the time spent in each room by different population groups.

The aim of our study was to develop and apply a novel population exposure model (EXPAIR) to simulate the population exposure frequency distribution (PEFD) to NO2, and its variation with time; unlike other models, we aimed specifically to simulate the effect of indoor sources in different rooms within the home and on population groups with contrasting time-activity profiles. We also aimed to assess the effect of policy interventions both outdoors (i.e. reductions in outdoor NO2 concentrations within air quality management areas) and indoors (i.e. reduced indoor emissions from gas cooking) on modelled distributions of population exposures, using data from the UK city of Leicester.


2. 	Methods

2.1 	Overview of exposure model (EXPAIR)

The probabilistic population exposure model EXPAIR combines the outputs from the probabilistic micro-environmental model INDAIR-2 with the time-activity-location profiles of population groups within a city. Thus the inputs to EXPAIR are:-
· Air pollutant concentrations in the MEs in which this particular group is located, throughout the day, as generated by the microenvironmental INDAIR-2 model, divided by day of the week (weekdays/weekends) and season (summer/winter). See below, and Section 3.1 for the specific methods for generating these profiles.
· Time-activity-location patterns over the course of a day for each population group, divided by day of the week (weekdays /weekends), and season (winter and summer), for the selected micro-environments (MEs) (see Section 2.2).

Both location of the population groups, and outdoor air pollutant concentrations, which are used as input to INDAIR-2 simulations, are defined for different zones within a city, depending on land use and traffic density; for the application described in this paper, four different zones were differentiated (see Section 3 for details).   

For the simulations reported in this paper, the simulation period was 24 hours and the time-step was 15 minutes. Model simulations follow the following stages.

1. A library of ME concentrations is generated by the new micro-environmental probabilistic INDAIR-2 model (see Section 2.3 for details). INDAIR-2 simulates residential MEs (assuming either no sources, or cooking and smoking activity) and non-residential MEs, simultaneously. In these runs, the pollutant concentrations in each ME are simulated at each time step from outdoor concentrations and indoor activity, using regression coefficients which are defined as a frequency distribution. Outdoor concentrations at each step are also defined as a frequency distribution for the relevant season and day of the week. Using a large number of iterations (1000, to stabilise the results), the INDAIR-2 model randomly generates values from these distributions to predict the pollutant concentrations in each ME. Based on these results, a library with the daily profiles of the air pollutant in each ME is constructed, expressed as a frequency distribution (mean, s.d.), at each 15-min interval. These daily air pollutant profiles are then used as inputs into the EXPAIR personal exposure model. 

For a city specific application, the INDAIR-2/EXPAIR modelling framework allows the different outdoor concentrations, in different zones across the city, and the mobility of the population across zones during the day, to be accounted for. In the application described in this paper, we used an analysis of traffic density and fleet composition on the urban road network to distinguish four distinct zones with different outdoor NO2 levels (see Section 3.1), but other methods of defining zones could be employed. We used outdoor measurement data for one particular year, although multi-year data or modelling predictions could also be used as input to INDAIR-2/EXPAIR. Within each zone, outdoor concentrations, for each day of the week and each season, were defined for each hour as the frequency distributions of all the relevant days with measurement in that year.   

2. EXPAIR is then run for the time-activity-location profiles (see Section 2.2) of the relevant population group, season and day of the week, to produce frequency distributions of exposure (PEFDs) across the population at each time-step. At each time-step, EXPAIR randomly selects 1000 pollutant concentrations from the INDAIR-2 concentration frequency distributions. The number of times that EXPAIR is linked to each ME depends on the time-activity-location profiles, which give the percentage of the simulated population group occupying this ME, at a particular time-step. For example, if at midnight (00:00h), for the population group of children, 95% were in the bedroom, 1% were in the kitchen and 4% in the lounge, then for a simulation of 1000 iterations, the EXPAIR model links 950 times to the concentration frequency distribution of the bedroom, 10 times to the concentration frequency distribution of the kitchen and 40 times to the concentration frequency distribution of the lounge. Thus, at each 15-min time-step, PEFDs are generated for each population group.

3. The procedure above is modified to consider city specific time-activity-location profiles, which take account the zonal variation in outdoor pollutant concentrations, and in the location of the MEs that are used by the population group, to quantify the city-wide PEFD. The outdoor concentration profiles that are defined separately for each zone are used to generate separate INDAIR ME libraries for each zone, while the percentage of each ME within the zone is also quantified (as described in Section 3.2 for the specific application). The selection of MEs by EXPAIR is then modified accordingly. For example, if in the above example, 50% of homes were in zone 1, 50% of homes in zone 2, and none in zones 3 or 4, EXPAIR at each time-step would link 475 times to the bedroom ME profile for zone 1, 475 times to the bedroom profile in zone 2, and would not select any values from the bedroom profile in zones 3 and 4.        

2.2	Time-activity-location profiles

The general time-activity profiles of three population groups (children aged 4-15, office workers, and adults aged 65+) were derived from the BBC Survey for Daily Life (Telmar, 1998), a comprehensive database of activity for the UK population, in which activities and locations were recorded in the previous 24 hours, in half-hourly segments (quarter hours between morning and evening peak times). This allowed us to define six non-residential MEs (outdoor, transport, school, office, shops and large buildings, bars and restaurants) and three residential MEs (kitchen, lounge, bedroom). Since this survey was conducted for different purposes, assumptions had to be made in constructing the model location categories from location and activity data within the survey. In particular, the proportions of population in the 'home' location of the BBC survey were split into the residential microenvironments (kitchen, living room, bedroom) using combinations of appropriate BBC survey activity categories (e.g. asleep, childcare, housework, watching TV, preparing food). The derived time-activity profiles for the three population groups for winter weekdays are illustrated on Figure 1. 

The city specific time-activity-location profiles were created from the general activity profiles based on land use and traffic density. The distribution of homes, and the five indoor non-home MEs, between the different zones, as distinguished above for the outdoor NO2 concentrations, can be defined in a number of ways, depending on the availability of GIS data, location information, and transport use statistics. In this specific application, we used a mix of methods, as described in Section 3.2.     
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Figure 1. General  time-activity profiles of school-going children, office workers and the elderly in winter weekdays. 


2.3 	Microenvironmental model (INDAIR-2)

2.3.1  	Overview

The original INDAIR model is a probabilistic micro-environmental model, which simulates analytically the frequency distributions of indoor air pollutant concentrations in the three major home microenvironments (MEs), kitchen, lounge and bedroom (Dimitroulopoulou et al., 2006). INDAIR uses an assumed fixed activity pattern for smoking and cooking, and so cannot capture the range of activities in different homes over the course of the day. INDAIR also incorporates only one outdoor concentration profile, and cannot simulate exposure over the range of outdoor concentrations across an urban population. The INDAIR-2 model is more flexible, including variation in cooking and smoking activity across the population, over the course of a day and has been expanded to include up to 20 no-source and source MEs. INDAIR-2 also simulates indoor concentrations as a function of different outdoor concentration profiles (Section 2.3.2), according to the location of the microenvironments.

INDAIR-2 predicts the concentrations in indoor given ME (Cin) from the outdoor concentration (Cout) using four regression coefficients: 

log.Cin = b0 + b1 + b2 + b3*log.Cout 				Eq 1					
In the absence of indoor sources, the coefficients b0 and b3 define the relationship between indoor and outdoor concentrations, with b1 and b2 set to zero. In the presence of sources, the coefficients b1 and b2 describe the incremental effect of different activities (e.g. cooking and smoking) on the modelled concentrations, assuming this effect is independent of that of outdoor air penetration. Each coefficient is defined as a probability function and can be varied over the day, to reflect different levels of activity. The original INDAIR model was used to derive these regression coefficients for three generic home MEs (kitchen, living room and bedroom). In addition the model was parameterised using published data for the MEs transport, school, office, shops and large buildings, and bars and restaurants.    

2.3.2 	Regression Coefficients – Parameterisation for residential MEs

No sources. Results from the original INDAIR model (Dimitroulopoulou et al., 2006), using the original probability distributions of room size, air exchange rate, and deposition velocity, were used to derive the home regression coefficients for INDAIR-2; for details of these parameter values, refer to Dimitroulopoulou et al. (2006). Initially, the probabilistic indoor/outdoor relationships for no indoor source scenarios were defined. Since the outdoor concentrations were log-normally distributed, values of Cin and Cout were expressed on a logarithmic basis; in this case, b3 in Equation 1 takes a value of 1, and b0 expresses the log-transformed indoor/outdoor ratio.  The results showed a linear relationship between log-transformed outdoor and indoor concentrations, with high values of R2 (typically explaining 98% or more of the variation).

Table 1 gives the fitted value of bo and its standard deviation (sd) for NO2, for different home MEs, in summer and winter. The more negative values in winter reflect the lower air exchange rate, which leads to a lower indoor/outdoor ratio. The more negative  value for the bedroom reflect the smaller room size, greater surface area/volume ratio, and hence greater loss through deposition, leading to a lower indoor/outdoor ratio.

Table 1. Intercepts (with standard deviations) between log values of NO2 indoor and outdoor concentrations for three rooms in the residential ME (winter/summer). The values were generated by running the INDAIR model with a no source scenario.

	
	Summer
	Winter

	
	lounge
	kitchen
	bedroom
	lounge
	kitchen
	bedroom

	bo
	-0.4727
	-0.4695
	-0.5215
	-0.6647
	-0.6249
	-0.7215

	Sd
	0.1420
	0.1715
	0.2033
	0.1885
	0.2230
	0.2598




Cooking sources. For each time-step of the model, the frequency distributions of additional concentrations that result from the cooking activity were constructed from the original INDAIR model, using the emission rates described by Dimitroulopoulou et al. (2006). The results showed that concentrations due to cooking activity, expressed as the difference from the no-source simulations, are effectively independent of both time of day and outdoor concentrations. The duration and timing of cooking activity for each season and day-of the-week was derived from the BBC Survey for Daily Life (see Section 2.2), based on when each group was in the kitchen preparing food. In the case of children, the time-activity data for housewives (data not shown) was used; this group spent significantly more time in the kitchen than the children themselves.   

c. Smoking sources. Using the same approach, geometric means and SD of the regression coefficients for pollutants from smoking were calculated (data not shown), using the emission rates per cigarette described by Dimitroulopoulou et al. (2006). The assumptions made about smoking activity at home were based on the Living in Britain General Household Survey 2001 (ONS, 2001), which indicates that 27% of both men and women smoke on average 15 cigarettes per day. 

2.3.3 	Parameterisation for non-residential MEs 

The original INDAIR model parameterisation did not allow explicit simulations for non-residential MEs. Therefore, these parameters were derived from an analysis of measurement data from published sources mainly from the UK and northern Europe. Unpublished sources were also used, after appropriate quality evaluation of measurement method and sample size. ME/outdoor ratios derived from UK studies and used in model parameterisation were 0.75 (sd 0.12) for schools, offices, and shops and large buildings, 1.0 (s.d. 0.25) for bars and restaurants, and 1.25 (s.d 0.12) for transport (e.g. Field et al., 1992; Hoskins, et al., 1993; Ekberg, 1995; Colbeck, 1998; Drakou et al., 1998; Kukadia and Palmer,1998; Lee and Chang, 1999; Janssen et al., 2001; Harrison et al., 2002; Dimitroulopoulou, 2003; Lai  et al., 2004; Sorensen et al., 2005; Van Roosbroeck, et al., 2007; Kornartit et al., 2010; Challoner and Gill, 2014). 
  

3.	Application of EXPAIR model in Leicester

As described above, the only specific data parameterisation needed to apply the INDAIR-2/EXPAIR model to the city of Leicester was to define the outdoor NO2 concentrations and ME locations for different zones within the city. The division into zones was based on a detailed traffic flow model for the city, using the TRIPS (Transport Improvement Planning System) model; traffic data from TRIPS were used to divide the road network (53,000 links) into four types, based on detailed data on traffic characteristics and fleet composition, as described in Chen et al. (2008). These were used to define four zones, as follows: 

· Road type 1: urban background/town roads with only car traffic;
· Road type 2: Urban roads with low HGV(Heavy Goods Vehicles) flows; 
· Road type 3: Urban roads with medium HGV flows;
· Road type 4: Urban roads with high HGV flows.

3.1	 Assignment of outdoor concentrations to zones

Log-normal frequency distributions were then derived for NO2 concentrations, for summer and winter, and weekdays and weekend, from appropriate monitoring sites. For road type 1, data from only one site was available - the Leicester urban background site in the UK Automatic Urban and Rural Monitoring Network (AURN). For the other three road types, data from 10 roadside pollution monitors were used, with all the data from monitors within a given road type being combined to define the frequency distribution of concentrations at each time step. The summary statistics for the NO2 concentrations are given in Table 2, which shows the increasing concentrations with increasing traffic flows, and higher concentrations in winter compared with summer, and weekdays compared to weekends.  All data fitted a log-normal distribution, and are summarised as values of geometric mean and standard deviation in Table 2.    

Table 2. Summary statistics for NO2 concentrations (ppb), for four road types in Leicester shown as geometric mean ( geometric standard deviation).) [Type 1 – urban background; Type 2 – low HGV content; Type 3 – medium HGV content; Type 4 – high HGV content]

	Road Type
	1
	2
	3
	4

	Winter/weekday
	19.97 (1.65)
	22.41 (1.53)
	28.11 (1.40)
	33.11 (1.42)

	Winter/weekend
	16.61 (1.72)
	19.49 (1.56)
	26.15 (1.40)
	27.52 (1.33)

	Summer/weekday
	14.44 (1.65)
	17.68 (1.75)
	25.24 (1.85)
	34.48 (1.47)

	Summer/weekend 
	10.62 (1.75)
	14.03 (1.84)
	22.01 (1.93)
	29.73 (1.54)




3.2 	Assignment of MEs to zones

As explained in Section 2.2, each ME within the INDAIR/EXPAIR model then needs to be divided between these four zones, as defined by dominant road types, using mapped data showing the assignment of road links to road type. Table 3 summarises the division of Leicester between the four zones, for each ME. 

For schools and bars, the number of premises on each road type was counted individually, while for offices and shops, zones within the Leicester land-use map were used; this showed that both types of premise tend to be found at similar locations.  Homes within the TRIPS network were apportioned according to the number of TRIP links; we also assigned the roads across Leicester which lie outside the TRIPS network to road type 1, assuming all were residential. In the case of buses, the total length of bus routes with the four road types was calculated from bus route maps while for cars, traffic flow data from the AQMA database was used to distribute vehicles across the four road types. A much higher proportion of bus and car MEs are on road types with higher concentrations of NO2. This mix of method means that assignation of some MEs to zone (e.g. transport, schools and bars) is more precise than others (e.g. offices, shops), which are based on broad land-use maps.   




Table 3. Distribution of microenvironments (proportion of MEs) across the four different road types [Type 1 – urban background; Type 2 – low HGV content; Type 3 – medium HGV content; Type 4 – high HGV content]

	ME
	Method of road type distribution 
	Road type

	
	
	1
	2
	3
	4

	Schools
	TRIPS links
	0.43
	0.31
	0.14
	0.12

	Shops
	TRIPS links
	0.41
	0.34
	0.06
	0.19

	Bars
	TRIPS links
	0.25
	0.43
	0.09
	0.23

	Offices
	TRIPS links
	0.41
	0.34
	0.06
	0.19

	Homes
	Total road length in Leicester/TRIPS links
	0.48
	0.22
	0.18
	0.12

	Buses
	Length bus routes
	0.02
	0.46
	0.17
	0.35

	Cars
	AQMS traffic flow
	0.07
	0.29
	0.16
	0.48



3.4	Simulated changes in emissions

There are a wide range of potential policy interventions that could be considered using the INDAIR-2/EXPAIR modelling framework. Here, we illustrate two hypothetical policy interventions, in order to compare the effects of reduced indoor and outdoor concentrations in the two population groups:-

i. The removal of all home sources of NO2 in the INDAIR-2 model, specifically gas cooking and smoking.
ii. Reduction of all roadside concentrations to ensure that, on average, they meet current air quality objectives within the UK National Air Quality Strategy. Rather than create a detailed probabilistic analysis, we identified that annual mean concentrations on road type 2 were approximately equal to proposed air quality guidelines, while mean concentrations at the two road categories with medium and high HGV were above these guidelines. Therefore, for this assessment, the frequency distributions of the outdoor concentrations for road types 3 and 4 were changed to those of road type 2. 


4.	Results from EXPAIR modelling

4.1	Comparison of population group exposures

Figure 2 shows a comparison of the temporal variation in mean personal exposure for the three population groups, for winter weekdays. Concentrations at the urban background monitoring site, which was used to define road type 1, are included for comparison. 
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Figure 2. Diurnal variation (arithmetic means) of personal exposure to NO2 for office workers (OW), elderly (OLD) and children (CHILD) on winter weekdays. Urban background (UB) concentrations are shown for comparison; these are taken from the Leicester AURN monitoring site and represent outdoor concentrations for road type 1. 
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In the early morning and late evening, when a large proportion of all the population groups are at home, their mean exposures are very similar, and tend to track the urban background concentrations, with mean exposure being generally less than the urban background concentration. During the daytime, the exposure patterns reflect a more complex set of phenomena. At this level of resolution, the dominant factors influencing differences between the three groups are time-activity patterns and source activity in the home. Mean NO2 exposures remain lower than urban background concentrations, apart from periods with the greatest cooking activity; mean exposures of office workers during these periods are lower than for the other groups, as a smaller proportion of individuals are at home.

Within the EXPAIR model, the PEFD is simulated at each time step. Figure 3 presents snapshots of NO2 cumulative frequency distributions at selected times on winter weekdays, contrasting PEFDs produced using INDAIR simulations with and without sources of NO2 in the home. The results are compared for a group (the elderly) who spend most of their time at home and a group (office workers) who are away from the home for most of the day. 

[image: NO2 exposure 2 am][image: NO2 exposure 830 am]
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Figure 3. Cumulative frequency distributions of exposures to NO2, for elderly and office workers (urban background, winter weekdays), at selected times of day. Note that the scale of the x axis varies between the different diagrams 
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· 

Early in the morning, the cumulative frequency distributions of exposures of both groups were similar and low. With no home sources at other times of day, exposures of office workers were generally higher; this was particularly marked at 08.30, due to the high numbers of office workers who are commuting. With home sources active during the day, in contrast, there is a much greater proportion of the elderly exposed to the highest NO2 concentrations, reflecting the much greater proportion of this population group who remain in the home during the day. Note that a small proportion of office workers do experience high NO2 concentrations during the day; this can be attributed to home exposure, because our time-activity profiles are not based on a generic working day, but include the fact that a small proportion of those with office jobs may be at home on a particular day.    


4.2	Effect of interventions: comparison of mean and 95%ile values of PEFDs  

The diurnal time course of the simulated PEFDs is shown in Figure 4, in terms of both mean concentrations and the 95%ile of the PEFD. Results are shown for children and the elderly, the groups thought to be at high risk from health impacts of air pollution, using winter weekday concentrations as an example. The PEFD values are also compared with the urban background concentrations, and the effects of removing indoor sources and reducing outdoor concentrations are also illustrated. 

Figures 4a and 4b show that the mean values of the PEFD are below the urban background concentrations at all times, except when cooking and commuting activity is high. In contrast, the 95%ile of the PEFD is similar to the urban background concentration during the night, and significantly above it during the day. The effect of cooking activity on the midday and early evening peaks for the elderly is particularly marked, while the children also show a sharp early morning peak associated with travel to school. The large variation in the impacts of indoor source activity within the two population groups during the day leads to a difference between the mean population exposure and the 95%ile population exposure that is much greater than during the night, when most individuals of both groups are at home with no source activity

Figure 4c and 4d show the effect of reducing outdoor concentrations on road types 3 and 4. Mean and 95%ile exposures for both groups appear visually to be only reduced slightly compared to the baseline scenario, because the reduction in outdoor concentrations on both mean and 95%ile PEFD values is masked by the effects of indoor sources. However, there is a small but clear reduction in mean exposure compared to urban background concentrations when there is little home source activity. 

With no home source activity, as shown in Figures 4e and 4f, both mean and 95%ile exposures are substantially reduced for both groups (note the different y axis scale used in these figures). Removal of home sources also reveals the impact on exposure to NO2 of temporal variation in roadside concentrations, with peaks, especially in 95%ile exposures, occurring at the two main rush hour times. The much greater difference in outdoor concentrations, and the greater variety of locations and activities among the children, led to much greater values of the 95%ile values compared to the means at these times of day.
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Figure 4. Simulated exposure profiles to NO2 for children and the elderly in winter weekdays, showing the arithmetic mean exposures, and the 95%ile of the population exposure at each time. The values at the urban background location are shown for comparison. (a) values for children under baseline conditions; (c) values for children with roadside concentrations reduced to meet air quality guidelines; (e) values for children with no home source emissions; (b) values for elderly under baseline conditions; (d) values for elderly with roadside concentrations reduced to meet air quality guidelines; (f) values for elderly with no home source emissions. Note that the scale of the y axis is different in (e) and (f) compared to (a), (b), (c), (d). 
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4.3	Effect of interventions on seasonal mean population exposures 

Table 4 provides a comparison of the effects of the two policy interventions on the seasonal mean value of the PEFD for the three population groups, comparing summer/winter and weekday/weekend. The values are compared with the mean urban background concentrations for the same season and day of the week, to provide PE/UB (personal exposure/urban background) ratios for comparison. Values are not provided for the 95%ile PEFD value, because the INDAIR/EXPAIR model is designed to simulate time-activity profiles across a population, and not for specific individuals; the personal exposure of any individual within the population may lie at different percentiles at different times of day. Hence the 95%ile of the mean of all the individual 24h mean personal exposures within the population is likely to be different from (lower than) the mean of the population 95%ile values at each 15 min interval, because the same individuals would not be in the upper 5%ile of NO2 exposure at each 15min interval. In contrast, at each 15min interval, we capture the PEFD of the whole population, and averaging all these values give an unbiased estimate of the mean value of the PEFD over the day.

Table 4. Seasonal mean NO2 personal exposures (PE) of the elderly, children and office workers and their ratios to urban background (UB) concentrations (PE/UB), under baseline conditions, and with no home sources (NHS) and reduced road concentrations (RR) 

	

	Winter weekday
	Winter weekend
	Summer weekday
	Summer weekend

	
	mean
	PE/UB
	mean
	PE/UB
	mean
	PE/UB
	mean
	PE/UB

	Office workers
Baseline
NHS
RR
	
14.6
14.2
13.2
	
0.73
0.71
0.66
	
12.6
12.5
11.6
	
0.76
0.75
0.70
	
13.7
13.4
12.3
	
0.95
0.93
0.85
	
10.8
10.6
9.5
	
1.02
1.00
0.90

	Children
Baseline
NHS
RR
	
13.3
12.6
12.2 
	
0.67
0.63
0.61
	
15.8
11.0
9.9
	
0.95
0.66
0.60
	
15.2
11.9
10.1
	
1.05
0.83
0.70
	
12.6
9.4
8.6
	
1.19
0.89
0.81

	Elderly
Baseline
NHS
RR
	
13.4
12.1
11.0
	
0.67
0.61
0.55
	
12.0 
10.5
9.5
	
0.72
0.63
0.57
	
12.7
11.7
10.0
	
0.88
0.81
0.69
	
10.1
9.1
7.6
	
0.95
0.86
0.72

	UB
	19.9
	
	16.6
	
	14.4
	
	10.6
	




For both office workers and the elderly, and children in summer, weekend mean exposures were lower than weekday exposures, reflecting the lower ambient concentrations, especially on the heavily trafficked roads (Table 2). However, for children with home sources in winter, weekend seasonal mean exposures were higher, reflecting the greater time spent at home, rather than at school. The PE/UB ratios were consistently higher in summer than in winter, reflecting the higher air exchange rates that are assumed in the INDAIR model in summer than winter, leading to higher NO2 infiltration into the home, where all three groups spend the majority of their time. Despite the higher exposure of the elderly at times when home sources are on, higher 24h mean exposures to NO2 were calculated for office workers, both in the presence and absence of home sources. This reflects the time that office workers spend in MEs with higher pollutant levels than occur in the home during the long periods of time when there are no active source of NO2. 

Table 4 shows that the effect of removing home sources on seasonal mean NO2 exposure was small for the office workers (0.1-0.4 ppb, depending on season/day), compared with children (0.7-4.8 depending on season/day) and the elderly (1.0-1.5 ppb, depending on the season/day), reflecting the much lower time spent exposed to home emissions. The greater variability in the exposure benefit for children compared to the elderly is likely to reflect the greater variability in their time-activity patterns between seasons and days of the week, compared to the elderly.   

In every case, the reduced concentrations on road types 3 and 4 had a greater effect on 24h mean NO2 exposure than did the removal of home sources (Table 4). The reduction was lower for office workers (1.0-1.1ppb, depending on season/day) that for children (1.1-5.9 ppb, depending on season/day), and the elderly (2.4-2.7ppb, depending on season/day). The greater variability for children compared with both office workers and the elderly again is likely to be due to the greater variation in their activity patterns. 

4.4	Effect of interventions on maximum 1h population mean exposures 

Table 5 shows a similar summary as for Table 4 for the maximum hourly value of the mean PEFD over the course of the day. PE/UB values were not calculated in this case, as the peaks of personal exposure and urban background may not occur at the same time. On winter weekdays, in the baseline scenario, the value for children was about 48ppb, compared with 40ppb for the elderly, while that of office workers was only about 27ppb; these are the values that are shown in Figure 2. 

Table 5  Values of the highest 1h mean of the PEFD NO2 exposure (ppb) over the course of a day for the elderly, children and office workers for summer and winter, and weekend and weekdays, for baseline conditions and with no home sources (NHS) and reduced road concentrations (RR) 

	
	Winter 
weekday
	Winter 
weekend
	Summer weekday
	Summer weekend

	Office workers
Baseline
NHS
RR
	
27.4
23.4
24.5
	
21.8
19.1
20.1
	
24.5
21.9
22.1
	
19.2
18.0
18.5

	Children
Baseline
NHS
RR
	
47.7
22.8
45.1
	
113.0
19.5
111.0
	
88.2
22.6
85.8
	
64.2
16.9
63.1

	Elderly
Baseline
NHS
RR
	
39.9
18.6
38.1
	
39.7
15.8
38.1
	
33.8
18.4
32.1
	
29.6
14.1
28.2




Reduced outdoor concentration on road types 3 and 4 had very little effect on the maximum hourly mean exposure for any of three population groups on winter weekdays; the reductions ranged from 0.7ppb to 2.9ppb. The reductions tended to be lower at weekends than weekdays, because of the lower baseline concentrations on these road types at weekends (Table 2).

In contrast, the removal of home sources had very different effects on the three population groups. The effect on the maximum hourly mean NO2 exposure of office workers was relatively small, reducing it by values between 1.2ppb and 4ppb.  The benefit of this intervention for office workers was only between 0.2ppb and 1ppb greater than that of reducing road concentrations. This mainly reflects the lower amount of time, compared to other groups, spent at home by office workers, including during cooking activity.

In contrast, for elderly and children, the effect of removal of home sources was much greater than that of reducing road concentrations. Without home sources, the mean 1h NO2 exposures for children were comparable to those of office workers, with rather lower values for the elderly, who largely remained at home, where the exposure peaks due to outdoor NO2 were buffered.  The size of the reductions with no home sources for these two groups in different seasons and on different days of the week largely reflected the magnitude of the predicted baseline exposures.

For the elderly, the maximum 1h mean NO2 exposures were comparable at winter weekends and weekdays, but were a little lower in summer, reflecting the lower duration or frequency of cooking and the increased air exchange rate. For children, the maximum 1h mean NO2 exposure showed a much larger variation, with values that were consistently greater than those of the elderly, reflecting the greater cooking activity assumed in family homes than in those occupied by the elderly. The highest value for children (113 ppb) was on winter weekends, when children spend more of their time in the home, air exchange rates are low, and the duration of cooking to prepare family meals is high.      

4.5 Relationship between urban background concentrations and population exposure 

The population exposure simulations described above were based on the frequency distributions of measured NO2 concentrations at roadside monitors over a season. In order to assess how day-to-day variation in population exposure is related to day-to-day variation in outdoor concentrations, we simulated PEFDs for days on which the 24h mean concentration was at the 50%ile, 95%ile and 99%ile of the seasonal frequency distributions. We applied the same percentiles for all four road categories, and assumed that the diurnal variation of NO2 concentration on these days followed that of the seasonal mean. 

The relationships derived are shown in Figure 5 for the elderly, who were selected as being of greatest concern in terms of health impacts. The mean of the PEFD and the 95 percentile of the PEFD are presented on the left-hand side (a, c, e) and right-hand side (b, d, f) respectively.  As noted above, the individuals in the 95%ile of the PEFD at each time interval may be different, whereas the simulated values in Figure 5 assume that they are; hence they can be considered as the highest possible 95%ile exposures.   
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Figure 5. Daily mean NO2 population exposures for the elderly over a range of urban background (UB) concentrations during winter and summer weekdays (♦/■) and weekends (▲/x). Mean exposures (a, c, e) and the respective 95 percentiles (b, d, f) of the population exposure frequency distributions are shown with home cooking and smoking sources for the baseline scenario (a,b), home sources and NAQS traffic policy intervention (c,d), and with no home sources for the baseline scenario (e,f). Regression lines are fitted for winter and summer exposure values.



All the relationships between urban background concentrations and PEFD parameters were linear with a high value of R2 (Figure 5).   The fitted lines were similar for weekend and weekday for the elderly, reflecting the fact that there are no large differences in their activity patterns; this would not necessarily apply to population groups in routine weekly work or education.  There were large seasonal differences in the fitted lines; for outdoor concentrations above the 50%ile, population exposure was higher in summer than in winter, primarily due to the higher air exchange rates assumed in homes allowing increased infiltration of road traffic pollution. Although activity profiles lead to a greater proportion of time outdoors in the summer months, this is likely to be a relatively small factor in comparison. 

The positive intercepts on the y axis are greatest with home sources present, in winter, and for the 95%ile exposure, reflecting the greater influence of home sources on peak exposure and in winter.
In a few cases, a small negative intercept was found, but this was non-significant and due to combining data for weekends and weekdays. With home sources present, the fitted lines imply that NO2 exposures in winter are somewhat higher than in summer at outdoor concentrations below 50%ile; this reflects the lower air exchange rates in winter leading to higher indoor concentrations, and hence higher mean and 95%ile exposure, due to indoor sources. In contrast, with no home sources, and exposure dominated by outdoor sources, summer exposure is greater than that in winter across the whole range of ambient concentrations, reflecting the greater indoor penetration. The effects of the AQM and no home source scenarios are comparable in summer, but the no home source scenario has a greater effect in winter. This reflects the greater air exchange rate and greater time spent outdoors in summer, which mean that policies to reduce outdoor concentrations have a much greater effect on exposure in summer.


5. Discussion 

5.1 Model evaluation

This paper has described the development and application of a novel modelling framework that allows the effects of different policy interventions to be assessed in terms of the frequency distribution of exposures within a population. The modelling framework has a relatively simple empirical approach which can readily be adapted to different applications and different locations. We first consider the validity, limitations and the advantages of this modelling approach, before discussing the health and policy implications of our findings. 

A formal validation of the results of the various simulations presented in this paper would require a very detailed personal monitoring campaign using a population-based sample. One independent validation of the INDAIR/EXPAIR modelling framework for NO2 has been carried out (Molter et al., 2012). This study compared measured personal exposures in a sample of 46 schoolchildren in Manchester with home exposures modelled from INDAIR using home questionnaire data, and a GIS-based estimate of outdoor concentrations at home, at school and during travel between them for each child. The results showed excellent agreement in geometric 48h mean concentration between the EXPAIR model predictions and measurements using a personal sampler, with a significant positive rank correlation between model predictions and measured exposure, although there were differences between modelled and measured exposures for individual children. These results provide confidence in the modelled mean exposures at a population level, at least for children. Furthermore, the ratios of personal exposure to urban background concentrations for NO2 for office workers predicted by our study (approximately 0.7 in winter and 0.9 in winter) are very similar to measured values for UK office workers reported by Kornartit et al. (2010). They are also similar to values reported for UK office workers by Crump et al. (1998), although Lai et al. (2004) reported a slightly higher value of 1.05 on an annual basis.      

No UK studies to our knowledge have reported 1h peak personal exposures to NO2 in a large population, and hence it is not possible to assess the validity of the high peak exposures that are predicted inside the home. Delgado-Saborit (2012) reported personal exposures to NO2 in a limited monitoring campaign in Birmingham, and reported that instantaneous peaks during cooking reached a peak of 800ppb; however, these were exposures experienced by individuals in the process of cooking, whereas we simulated the mean concentration in the kitchen. Franklin et al. (2006) reported a peak to average ratio in Australian kitchens with gas cooking of 7.8 (range 2.8-13.0), a value consistent with our INDAIR simulations. Logue et al. (2014) used a mass balance model to simulate the influence of gas cooking on indoor NO2 concentrations in Californian homes, and found the highest daily 1h mean concentrations averaged between 80 and 180ppb; our highest 1h mean concentrations simulated in INDAIR are within this range. Overall, therefore, while we cannot validate our peak exposure estimates in the home, they are consistent with the range of values that have been reported in other measurement and modelling studies. 

The indoor concentration simulations in INDAIR/EXPAIR use simple regression equations to predict the impact of different levels of cooking activity and different levels of air exchange rate; this approach allows us to quickly assess the effect of different interventions etc. on PEFDs without the need to apply the detailed INDAIR model. A similar flexible approach underpinned by a detailed mechanistic model was adopted by Fabian et al (2012) who used the CONTAM model parameterised for a complex multi-family apartment building to explicitly simulate indoor PM2.5 and NO2 concentrations, and then derived simple regression equations from the output to allow the effects of different interventions and assumptions to be rapidly assessed.  Other models which incorporate a mass balance approach (e.g. Physick et al 2008; Fabian et al., 2012; Logue et al., 2014) estimate an indoor-outdoor ratio for the whole home, and then apply this to estimate daily mean concentrations. Such an approach does not allow differences in human and source activity within the home, or short-term variations in exposure, to be simulated. The EXPAIR model allows us to simulate not only 24h mean personal exposures, but also simulate the PEFDs over averaging times of an hour or less, and the INDAIR/EXPAIR framework therefore provides one of the most advanced modelling tools available internationally to assess the contribution of different sources and microenvironments to exposure on a population basis.
Nevertheless, the model has a number of limitations that derive (a) from model assumptions and structure, and (b) from limitations of the input data. The most important of the former is that the activity database does not describe the precise geographical location of activities, and consequently the model is run using outdoor concentrations from measurement sites which are representative of a wider area of the urban road network. With more geographically explicit information, rather than the limited number of generic zones in our application, it would be possible to make the micro-environmental library produced by INDAIR more location-specific, and hence to produce improved estimates of exposure. The second important limitation is the method of probabilistic sampling of microenvironments. The EXPAIR model is not designed simulate the time-activity patterns of specific individuals, and, for this reason, while the model can provide PEFDs for a particular point in time, it cannot provide the 24h mean PEFD for individuals within the whole population. 
The validity of the PEFDs depends on the validity of the frequency distributions of microenvironmental concentrations. For the home, these largely relate to assumptions in the INDAIR model, which are discussed by Dimitroulopoulou et al. (2006). However, for non-home locations, there are very few data for the UK to define the appropriate probability density functions, creating a significant source of uncertainty. For mean exposures, uncertainties related to modelled concentrations for the home, and for work and school, will be most important because of the time spent in these locations. However, for peak exposures, other locations such as transport may be more important. The PEFDs also depend on the validity of the time-activity profiles for each population group. The BBC survey, which we have used, is the most comprehensive dataset which is available for the UK population, but is designed for information on viewing and listening habits, making assumptions necessary to adapt it for pollution modelling. Some aspects of time-activity may also have changed since this survey was conducted, but these are unlikely to alter the broad exposure patterns that we describe. 
Given these limitations, and the fact that the model is only parameterised for one UK city, it would be inappropriate to make categorical and quantitative statements about the effects of specific policy measures on population exposure from the results of this study. However, there are important general features of our findings that we believe are likely to be relevant to other cities of a similar size to Leicester, which has a population of about 300,000. In contrast, for megacities, such as London in the case of the UK, with a population almost 10 million within its administrative boundaries and a further several million in its immediate vicinity, the size of the population and the road network would add significant additional complexity to the exercise, meaning that some features of our findings may not be directly transferable. It should also be noted our model parameterisation is only for people who both live and work within the city’s administrative boundaries; for some population groups, a more flexible approach considering commuting across the boundary, might be needed. Detailed spatio-temporal models of outdoor pollutant exposure have been developed in London, that can be linked to human time-activity data (Beevers et al, 2013), but these, unlike the INDAIR/EXPAIR framework, are not yet linked to indoor exposure.   

5.2 Health and policy implications 

Our modelling approach allowed us to assess the impact of home sources on the mean exposures of three population groups. Although significantly elevated concentrations of NO2 were modelled by INDAIR-2 during cooking activity, the effect of removing home sources on the mean exposure of the office workers was very small – typically decreasing mean exposure by less than 5%. Even for the elderly, who spend the majority of their time in the home, the effect was relatively small, between 8% and 15%. For children, there was a wider variability; on weekdays, when their activity pattern was comparable to office workers, the effect was as low as 5%, but on winter weekends, when most of their time was spent in the home, and cooking activity was high, the effect reached 30%   

However, these relatively small effects on mean population exposure disguise very large effects of home sources on the short-term exposure of the upper percentiles of the frequency distribution when sources are active and the majority of the population group are in the home. There is some evidence of the health effects of short-term variations in outdoor pollutant concentrations within a day. For example, McCreanor et al. (2007) found that 2h of walking along a busy street in central London caused a significant decrease in lung function in adults with moderate asthma compared with 2h of walking in a local park. For PM2.5, short-term increases in PM2.5 exposure in the course of a day’s normal activity can be associated with changes in cardiovascular function (He et al., 2010; Brook et al, 2011). If these effects are of clinical significance, there will be an increasing need for models such as EXPAIR that can simulate these shorter-term variations in population exposure over the course of a day.  

We did not simulate the effect of specific measures to reduce NO2 home concentrations from indoor combustion sources, but some recent intervention studies could provide data to allow this to be done in the future. For example, Paulin et al. (2104) reported that installation of high efficiency filters in the room, and replacement of unvented gas cookers by electric cookers, significantly reduced kitchen and bedroom median NO2 concentration by about 50% and 20% respectively; however, installation of ventilation hoods over the cooker had no significant effect.  Most studies of the health effects of gas cooking have only measured long-term NO2 exposure, but Smith et al (2000) showed a significant association for asthmatic children between variation in daily personal exposure in the home and the likelihood of symptoms. This suggests that effects of variations in time-activity on children’s exposure to short-term NO2 peaks due to gas cooking that are demonstrated in our simulations may be of health significance, at least for those with pre-existing respiratory disease. There is also evidence that controlled experimental studies that repeated exposure to the short-term peaks at NO2 concentrations within the range predicted by INDAIR/EXPAIR can have adverse effects, e.g. on sensitising the airways of asthmatics to inflammation caused by allergens (Barck et al., 2005) or on airway inflammation (Ezratty et al., 2014). 

Two of the population groups for whom the model has been parameterised (children and the elderly) are identified as being at higher risk of adverse effects of ambient air pollution. However, the model has not specifically been parameterised for subjects with pre-existing respiratory or cardiovascular disease, in particular elderly subjects who may have quite different activity patterns.  Furthermore, individuals with chronic cardiovascular or pulmonary disease who are susceptible to air pollution may modify their behaviour or take measures both to reduce outdoor infiltration and indoor sources, especially on days when high concentrations are predicted (Laumbach et al., 2015). More detailed assessment of this issue, based on time-activity data as well as measured exposure, would be useful to assess whether model parameterisation is appropriate for those with pre-existing disease. 

The rate of penetration of roadside air pollution into indoor micro-environments, and in particular the home, has a strong influence on modelled population exposures, and many of the differences between seasons are due to differences in air exchange rate (Taylor et al., 2014). It is important to emphasise that, within the INDAIR model, there is a large variation in home air exchange rates, which reflected the real variation in the U.K. building stock when the INDAIR model was parameterised 15 years ago. Housing stock and building design is changing, and a trend towards low energy-efficient homes, with reduced air exchange rates and use of ventilation systems, may significantly reduce population exposure to traffic pollutants, but increase the impact of indoor sources, especially if people are not aware of how to use the ventilation systems (Shrubsole et al., 2012). More analysis is therefore needed of how are modelled PEFDs will change with changes in the UK housing stock. 

In summary, there are many models which simulate the effects of policy interventions to reduce traffic emissions and transport policy on outdoor residential concentrations, and thus to quantify the health benefits. Although the importance of relating individual health outcomes to individual personal exposures, rather than outside pollutant concentrations measured at fixed monitoring stations, is widely recognised, the challenge of modelling the effect of policy interventions on the distribution of personal exposures within a population has received much less attention.  We demonstrate here, for NO2, the subtle interactions between time-activity-location profiles of the three population and the frequency distributions of their exposure, and we expect similar effects for other pollutants. This paper has considered simple, hypothetical and illustrative interventions to demonstrate key features of the response of PEFDs across a city, but the concept of the PEFD, which is operationalized in the INDAIR/EXPAIR framework, has considerable potential for the evaluation of the effects of specific emission control policies, changes in life-style, alterations in building stock.
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