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Robust methods to estimate historic population air pollution exposures are important tools for epidemiological
studies evaluating long-term health effects. We developed land use regression (LUR) models for NO2 exposure
inGreat Britain for 1991 andexploredwhether the choice of year-specific or back-extrapolated LURyields 1) sim-
ilar LUR variables andmodel performance, and 2) similar national and regional address-level and small-area con-
centrations. We constructed two LUR models for 1991using NO2 concentrations from the diffusion tube
monitoring network, one using 75% of all available measurement sites (that over-represent industrial areas),
and the other using 75% of a subset of sites proportionate to population by region to study the effects of monitor-
ing site selection bias.We compared, using the remaining (hold-out) 25% ofmonitoring sites, the performance of
the two 1991 models with back-extrapolation of a previously published 2009 model, developed using NO2 con-
centrations from automatic chemiluminescence monitoring sites and predictor variables from 2006/2007. The
2009 model was back-extrapolated to 1991 using the same predictors (1990 & 1995) used to develop 1991
models. The 1991models included industrial land use variables, not present for 2009. The hold-out performance
of 1991 models (mean-squared-error-based-R2: 0.62–0.64) was up to 8% higher and ~1 μg/m3 lower in root
mean squared error than the back-extrapolated 2009 model, with best performance from the subset of sites
representing population exposures. Year-specific and back-extrapolated exposures for residential addresses
(n = 1.338,399) and small areas (n = 10.518) were very highly linearly correlated for Great Britain (r N 0.83).
This study suggests that year-specificmodel for 1991 and back-extrapolation of the 2009 LUR yield similar expo-
sure assessment.

© 2016 Elsevier Ltd. All rights reserved.
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1. Introduction

Land use regression (LUR) modelling has been widely used to esti-
mate exposures for a range of air pollution metrics (Adam-Poupart
et al., 2014; Aguilera et al., 2008; Briggs et al., 2000; de Hoogh et al.,
2014; Montagne et al., 2015; Yang et al., 2015) over different spatial
and temporal scales (Hystad et al., 2011; Liu et al., 2012; Tang et al.,
2013; Vienneau et al., 2013; Wang et al., 2014). One of the potential
uses of LUR is historical exposure assessment to meet the needs of co-
hort studies with recruitment in the past and life-course epidemiology.
Limiting factors in the application of LUR to earlier years are the avail-
ability of historical air pollution measurements (i.e. required to train
and evaluate models) that adequately represent population exposures
stics Unit, MRC-PHE Centre for
College London, StMary's cam-
and, to a lesser extent, data on historical patterns of land use, transpor-
tation and industrial activity. Transferring current or recent LURmodels
to earlier years (i.e. back-extrapolation) has been shown to have poten-
tial in estimating air pollution exposures for historical periods (Chen
et al., 2010; Cesaroni et al., 2012; Eeftens et al., 2011; Gulliver et al.,
2013; Levy et al., 2015). The main premise for back-extrapolation is
that air pollution sources are similar and the spatial structure of concen-
tration surfaces remains stable over time.

NO2 is one of the main pollutants of health concern, which can be
viewed as a proxy for transport-related exposure (HEI, 2010).Weprevi-
ously evaluated back-extrapolation of LURmodels with a spatial resolu-
tion of 200 m for Great Britain (GB) for the year 2009 to predict
concentrations of NO2 in 1991 at 451 diffusion tube monitoring sites
(Gulliver et al., 2013). The 2009models were developed using predictor
variable data from that period (2006/2007). Back-extrapolation of the
2009 models was performed using predictor variables from nearest
years (1990 & 1995) as possible to the target year (1991). We showed
that back-extrapolation for the whole of GB was valid for up to
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18 years earlier (mean-squared-error-based-R2 (MSE-R2) ~0.55), but
models performed poorly in some regions, especially the regions Mid-
lands and North of England (North): MSE-R2: 0.01–0.24.

In this paper, we use the 451 NO2 monitoring sites in 1991 to pro-
duce GB LUR models for 1991 for comparison with back-extrapolated
models. We used historical predictor variables from the nearest years
(1990 & 1995), both to develop new models for 1991 and apply the
back-extrapolated 2009 model. We addressed two specific questions
to inform ongoing and future epidemiological studies:

1) Howdifferent are NO2 LURmodels developed specifically for 1991 in
terms of variables and performance compared to an available model
for 2009 back-extrapolated to 1991?

2) Does the choice of a year specific (1991) or back-extrapolated
(2009) model yield different national and regional address-level
and small-area exposure assessments, given known regional differ-
ences in air pollution levels and number of monitoring sites?

2. Materials and methods

2.1. Monitored concentrations of NO2

We acquired data from 451 diffusion tube sites for 1991 and data
from 187 routine monitoring sites that form part of the Automatic
Urban and Rural Network (AURN) in the UK for 2009 as detailed in
Gulliver et al. (2013). We chose 1991 for developing year-specific LUR
models as that year had a relatively large number of monitoring sites
where all diffusion tubes had been analysed at the same laboratory
(Bush et al., 2001). Averagemeasured concentrationswere broadly sim-
ilar in 1991 (39.33 μg/m3) and 2009 (36.69 μg/m3) but are not directly
comparable due to different locations of monitoring sites and monitor-
ing methods.

2.2. Development of variables

Data onmonitored NO2 concentrations for 1991 diffusion tube sites,
site name, site type, and geographic coordinates (six-figure British Na-
tional Grid), were integrated into the geographic information system
ArcGIS version 10 (ESRI, Redlands, CA). Characteristics of 1991 sites dif-
fer compared to the 2009AutomatedUrban and RuralNetwork (AURN).
Firstly, in 1991 geographic coordinates were recorded with a ground
precision of 100 m whereas for 2009 sites have a precision of 1 m. We
therefore restricted the 1991 models to a minimum buffer distance of
200 m and mapping of concentrations for both the 1991 and back-
extrapolated 2009 models to a 200 m grid. Secondly, the classification
of site types differs between the two years (for 1991 there are 26 classes
of site type related to land cover classes and emissions sources but no
information on proximity to road sources whereas for 2009, site type
is classified as: industrial, roadside, urban centre, urban background,
suburban, or rural).

Table S1 in Supplementary material summarises the data and vari-
ables used in LUR models. Data on land cover, road geography and alti-
tude were integrated into ArcGIS. Land cover variables were derived
from a combination of CORINE land cover for Europe (CLC) and the
Land Cover Map of Great Britain (LCM) as in Gulliver et al. (2013).
Both CLC, comprising 44 categories of land cover on a 100 m grid, and
LCM, comprising 25 categories of land cover on a 25m grid are available
for the year 1990. LCM contains only two classes of urban land (i.e.
urban and suburban). Industry, ports, airports, construction sites,
green urban areas and sport and leisure facilities from CLC were, there-
fore, substituted into the 25 m LCM where they were intersected with
‘urban land’. This enhanced land cover data set was then aggregated
into seven groups for use in modelling: high density urban, low density
urban, industry and commercial, urban green areas, agriculture, semi-
natural land, and water.
Data on road geography came from the Ordnance Survey via the
agreement for UK educational establishments (www.digimap.co.uk).
Meridian-1 from 1995was applied to 1991models. Roads are separated
into four classes:motorways, A-roads (major trunk roads, dual carriage-
ways and arterial roads), B-roads (roads with significant traffic flows
but not in ‘A’ class), and minor roads (urban side-roads and country
lanes). Data on altitude were obtained from the PANORAMA™ digital
terrain model from Ordnance Survey via Digimap.

Each datasetwas, in turn, intersectedwith a common 25m grid cov-
ering the whole of GB and summed within each grid cell. “Buffering”,
using the ArcGIS FOCALSUM tool with the circle option (subsequently
referred to as buffers), was used to sum the contribution (i.e., area or
length) of each land cover and road variable around each monitoring
site. For land cover, buffers were created for 0.2, 0.3, 0.4, 0.5, 0.75, 1, 2,
3, 5, 10 and20 km. For road length 0.2, 0.3, 0.4, 0.5, 0.75 and 1 kmbuffers
were used. Both zero-centred and ring buffers were constructed. Alti-
tude (and log-transformed altitude) was obtained for each monitoring
site using a point-in-grid function. Coordinates of each monitoring site
were recorded for applying either second or third order trend surfaces.

Monitoring sites were pooled into model ‘training’ and ‘evaluation’
(i.e. hold-out validation (HOV)) groups, using a 75:25 split. To control
for potential geographical bias in this selection process, monitoring
sites were stratified by five regions (South East, South West & Wales,
Midlands, North, and Scotland) and site type. The balance of site types
by region was checked for the training and evaluation groups and the
LUR variables attributed to the monitoring sites were then imported
into SPSS (version 20) for development of the regression models.

2.3. Modelling strategy for year-specific (1991) models

Historic monitoring networks were designed to target areas of in-
dustrial pollution in order to control air quality at source, hence 49%
(221) of the 451 NO2 monitoring sites in 1991 were located in the
North region, with a concentration of heavy industry but with only
26% of the population of Great Britain in 1991. In order to study the po-
tential effects ofmonitoring site selection on exposure estimates,we de-
veloped two NO2 LUR models for 1991: 1) using all 451 available
monitoring sites (model 1991A), and 2) using a reduced set of 186mon-
itoring sites (model 1991B) proportionate to the population in each re-
gion, relative to the region with the highest population (South East).
Models were developed using a supervised forward approach that we,
and others (Beelen et al., 2010; Gulliver et al., 2013; Vienneau et al.,
2013), have previously used. In this study we included a rule that each
of the main sources of NO2 variability must be represented in the
model (i.e. road traffic and at least one class of urban land) based on in-
formation on national source emissions contributions (Carslaw et al.,
2011).

Following the supervised forward approach, LUR models were de-
veloped such that: 1) each variable in the final model had a significant
correlation with the monitored concentration (p b 0.05), 2) the direc-
tion of effect met predetermined expectations, 3) the direction of effect
of predictors already in themodel did not change as subsequent predic-
tors were added, and 4) variables adding b1% to the explained variation
in monitored concentrations were excluded.

2.4. Back-extrapolation

We used the best performing 2009 model on HOV samples of mon-
itoring sites as described in Gulliver et al. (2013) to back-extrapolate
NO2 concentrations to 1991 for comparison with year-specific models.
We applied the 2009 model using the relevant predictor variables
from the same data sets (i.e. 1990 & 1995) used to develop year-
specific models. Using annual average NO2 concentrations from all five
available concurrent background monitoring sites for 1991 and 2009
from the AURN, we calculated the average difference in concentrations
of NO2 between 1991 and 2009. We then added the resulting average

http://www.digimap.co.uk
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difference of 8.2 μg/m3 to all predictions from the 2009 model (i.e. to
back-extrapolate for the 451monitoring sites to 1991); amethod previ-
ously described in Gulliver et al. (2013).

2.5. Model evaluation

Both year-specific and back-extrapolated model errors were
checked for non-normality in SPSS and spatial auto-correlation using
Moran's I in ArcGIS. Models were summarised by their regression equa-
tion, p-values (Sig.), adjusted coefficient of variation (Adj. R2) and stan-
dard error of the estimate (SEE). The two 1991 models were evaluated
against the HOV samples in terms of R2, MSE-R2, RMSE, mean bias, var-
iance of themeasurements and predictions, regressionfit line (constant,
slope) and confidence intervals. Using the samemeasures we also com-
pared the performance of the back-extrapolated 2009 model to predict
NO2 concentrations for the 1991 model HOV samples.

2.6. Exposure assessment

NO2 concentrations were firstly mapped to a 200 m grid across GB
using each of the 1991 models and the back-extrapolated 2009 model.
Postcode point locations (ground-precision of 1 m) with attached pop-
ulation numbers of all ca.1.34 million residential postcodes (2001) in
theUKwere intersectedwith each NO2 grid surface. A postcode location
is the nearest address location to the geometric centroid of all address
locations associated with each postcode (i.e. on average 19 dwellings
per postcode). Thus, all residential postcodes for the UK represent a
1.3 million sample of ca. 29 million address locations. To assess small-
area exposures we aggregated NO2 concentrations from postcodes to
UK Census Wards (n = 10.518). Wards on average have an area of
20.2km2 and are generally smaller in urban areas (mean = 4.7 km2)
and larger in rural areas (mean = 31.9 km2). NO2 values were popula-
tion weighted to Ward level to obtain NO2 exposures estimates for all
Wards in GB. The same postcodes (2001) and Ward boundaries
(1991) were used for all population-weighted exposures.

2.7. Statistical analysis

We compared exposures at postcode and Ward level from 1991
models and the back-extrapolated 2009 model in terms of correlation.
We used Spearman's rho. Correlation, subsequently referred to as ‘r’, be-
cause we are interested in the relative ranking of exposures across the
population appropriate in an epidemiological context. For the purpose
of this assessment we defined correlations as very low (≥0.0–0.2), low
(N0.2–0.4), moderate (N0.4–0.6), high (N0.6–0.8), and very high
Table 1
Summary of 1991 and 2009 NO2 LUR (μg/m3) models.

Modela N Variable Buffer (km) Constant

1991A 341 17.93
Low density urban land 20
High density urban land 3
Length of major roads 0.2
Length of minor roads 1
Industrial land 4

1991B 144 26.63
Low density urban land 20
High density urban land 1
Length of major roads 0.2
Industrial land 5
Semi-natural land 2

2009 140 18.23
Low density urban land 20
High density urban land 0.2
Length of major roads 0.3
Semi-natural land 0.2

a 1991A: using all available monitoring stations; 1991B: using monitoring stations selected
(South East); 2009: 2009 model back-extrapolated to 1991 (Gulliver et al., 2013).
(N0.8–1.0). To study the linearity and slope of the relationships between
themodels we used locally-weighted scatterplot smoothing (LOWESS).
We alsomapped andquantified the percentage and absolute differences
in population-weighted exposures between the LUR models at Ward
level across GB.

3. Results

3.1. Model derivation

The two LUR models for 1991 and the 2009 model are summarised
in Table 1. All three LUR models include information on low-density
urban land within a 20 km buffer, major roads within 0.2 km (1991
models) and 0.3 km (2009 model) buffers and high-density urban
land in different sized buffers. The 1991 model using all 451 sites
(1991 A) includes information on length of minor roads; these are not
included in the 1991 model developed using 186 sites proportionate
to population (1991B) or the 2009 model. Information on industrial
land is included in models 1991 A and 1991B in 4 km and 2 km buffers,
respectively, but is not included in the 2009 model. Information on
semi-natural land is included in models 1991B and 2009 in 2 km and
0.2 km buffers, respectively, but is not included in model 1991A. Coeffi-
cients for the predictors with the same buffer size were similar across
models. Overall, we observed a higher total R2 (R2 = 0.71) for the
1991B model than the 1991A model (R2 = 0.64) but both had similar
values of SEE (1991A: SEE = 7.89 μg/m3; 1991B: SEE = 8.46 μg/m3).
In all models, the variance inflation factor (VIF) indicated low levels of
multi-collinearity (i.e. VIF b 3); model 1991A (Moran's I = −0.08;
p = 0.88) and 1991B (Moran's I = 0.11; p = 0.12) showed a low
level of residual clustering.

3.2. Model evaluation

Overall, we observed for both 1991 models good agreement be-
tween measured and predicted concentrations (Supplementary mate-
rial, Fig. S1). Table 2 shows performance statistics from both 1991
models and the back-extrapolated 2009 model for the HOV samples.
For both 1991 models values of R2 are reduced by about 10% compared
to model derivation (Table 1). Both 1991 models also showed better
performance than the back-extrapolated 2009 model. Model 1991B
had the best performance statistics, explaining 8% more of the variabil-
ity in measured NO2 concentrations (MSE-R2 = 0.62) than the back-
extrapolated 2009model (MSE-R2= 0.54) on the equivalent HOV sam-
ple (Table 2). All models tend to slightly under-predict (mean bias)
measured concentrations of NO2. The 2009 model does, however,
β Incremental adjusted R2 SEE Sig. VIF

5.070 × 10−4 0.477 9.56 0.000 1.73
7.321 × 10−3 0.571 8.66 0.000 2.38
1.012 × 10−2 0.603 8.32 0.000 1.07
2.080 × 10−4 0.626 8.09 0.000 1.50
1.123 × 10−2 0.644 7.89 0.000 1.05

4.930 × 10−4 0.551 10.54 0.000 1.61
5.122 × 10−2 0.665 9.10 0.000 2.12
1.051 × 10−2 0.686 8.81 0.000 1.20
8.468 × 10−3 0.701 8.60 0.010 1.09
−1.092 × 10−2 0.711 8.46 0.017 1.85

4.820 × 10−4 0.367 13.78 0.000 1.14
8.780 × 10−2 0.501 12.22 0.001 1.44
7.777 × 10−3 0.561 11.47 0.000 1.29
−1.297 0.588 11.11 0.002 1.39

proportionate to population by region relative to the region with the highest population



Table 2
Performance statistics from model evaluation analysis.

Model N R2 MSE-R2 RMSE Constant β Mean bias VarOd VarPe 95% CI
(lower, upper)

1991A 110 0.56 0.55 10.35 1.08 −0.93 1.85 236.9 115.2 0.89, 1.26
1991B 42 0.62 0.62 11.27 1.08 −1.52 1.88 332.7 177.0 0.81, 1.35
2009Aa 110 0.52 0.51 10.74 1.07 −1.57 0.97 236.9 107.1 0.87, 1.27
2009Bb 42 0.56 0.54 12.38 1.03 1.88 3.30 332.7 174.9 0.74, 1.32
1991A–Bc 42 0.66 0.64 10.99 1.08 −0.59 2.73 332.7 186.0 0.83, 1.33

a 2009 predicting NO2 concentrations for the 1991A hold-out validation (HOV) sample.
b 2009 predicting NO2 concentrations for 1991B HOV sample.
c 1991A applied to the 1991B HOV sample.
d Variance of measured NO2 concentrations.
e Variance of predicted NO2 concentration. NO2 in μg/m3.
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provide overall a low level of mean bias in predicting 1991 monitored
NO2 concentrations, also shown by values of β and constant (i.e. regres-
sion fit line) in Table 2. Model 1991B (MSE-R2 = 0.62; n = 42) per-
formed better than Model 1991 A (MSE-R2 = 0.55; n = 110) in HOV,
but the results are not directly comparable due model 1991 A using a
larger number of HOV sites. The lower performance of model 1991A is
related to the high proportion of monitoring sites from the North, a re-
gion where we previously reported poor performance of back-
extrapolation (Gulliver et al., 2013). When we assessed the perfor-
mance of model 1991A on the same HOV sites used for evaluating
model 1991B (i.e. with HOV sites selected proportionate to population),
the performance of model 1991A (MSE-R2 = 0.64; RMSE = 10.99 μg/
m3) was similar to model 1991B (MSE-R2 = 0.62; RMSE = 11.27 μg/
m3) and 10% higher than back-extrapolation.
3.3. Exposure assessment

Fig. 1 shows concentration surfaces for models 1991A, 1991B and
back-extrapolation of the 2009 model. Overall, spatial patterns of NO2

concentrations across GB were similar between the three models. For
Ward-level population-weighted exposures, we saw a very high level
of correlation (r = 0.93; p = 0.00) between the two 1991 models
(see Supplementary material, Fig. S2). We, therefore, only used model
1991B in further comparisons with the back-extrapolated 2009 model
Fig. 1.Modelled NO2 concentration surfaces (on a 200 m grid) from LUR for A
as they are based onmonitoring sites selected proportionate to the pop-
ulation by region.

Table 3 shows Spearman's correlations between model 1991B and
the back-extrapolated 2009model for ca. 1.3million postcode locations
for GB and each of the five regions. Correlations are overall very high
(r = 0.83) and high to very high for the five regions (0.73–0.89). Fig. 2
shows scatterplots of Ward-level population-weighted exposures, for
GB and each of the five regions, comparing model 1991B against the
back-extrapolated 2009 model with fitted LOWESS lines and correla-
tions. We observed very high correlations (r = 0.85) of NO2 exposures
between the year-specific and back-extrapolated models for GB and
each region, varying from r = 0.80 in Wales & South West to r = 0.93
in Scotland. LOWESS lines in Fig. 2 generally show linear relationships
in exposure estimates between the two models, with the exception of
a curvilinear relationship for Scotlandwhich has the highest correlation
of all regions.

Mapped absolute and percentage differences in exposures between
model 1991B and back-extrapolation are shown in Fig. 3 and are
summarised in Table 4. Full descriptive statistics of exposures from
bothmodels are shown in Table S2.We only saw small changes in expo-
sures when using back-extrapolation rather than the year-specific 1991
model. As Table 4 shows, 90% and 62% of the population had changes in
NO2 exposures ≤20% and ≤10%, respectively. Absolute differences be-
tween 1991B and 2009models (Table 4) for themajority of the popula-
tion (82%) were also relatively small (b5 μg/m3). As shown in Fig. 3, the
) model 1991A, B) model 1991B and C) back-extrapolated 2009 model.



Table 3
Correlations (Spearman's rho. (r); two-tailed; p b 0.01) between NO2 exposures frommodel 1991B and the back-extrapolated 2009 model for postcodes in GB and the five regions.

Great Britain Scotland North Midlands Wales & South West South East

N 1,338,399 128,931 335,478 202,679 214,725 456,586
% totala 100 9.6 25.1 15.1 16.0 34.1
r 0.83 0.81 0.75 0.85 0.73 0.89

a Percentage values for regions sum to 99.9 due to rounding.
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largest differences in exposures between the two models are generally
in rural areas which are more marked in terms of percentage differ-
ences. In subtracting estimates for model 2009 from model 1991B by
Ward, back-extrapolation produced higher concentrations of NO2 than
model 1991B in some rural areas (i.e. negative values in Fig. 3), espe-
cially in the far south of England, southern, and eastern Scotland, and
lower NO2 concentrations in other rural areas, especially in central
and eastern England and the west of Scotland (i.e. positive values in
Fig. 3).

4. Discussion

4.1. Main findings

We developed and evaluated two LUR models for 1991: one model
using all available NO2 measurements sites, and the other with a re-
duced set of sites proportioned by population in each region. We
found both models performed well when evaluated on the same HOV
sample of NO2 measurements with marginally better performance
from themodel (1991B) developed on the reduced set of sites for expo-
sure assessment in this study.Models for 1991performed slightly better
than the back-extrapolated 2009 model but the 1991 models were
given an advantage as the evaluation was done on a subset of the diffu-
sion tube sites used to develop 1991 models. Our national and regional
comparison of exposures for residential addresses and small areas from
Fig. 2. Comparison of Ward-level population-weighted NO2 exposures for GB and regions betw
LOWESS; p b 0.0001 for all values of ra).
the 1991Bmodelwith those fromback-extrapolation of the 2009model
generally showed a linear relationship with very high level of correla-
tion. Absolute differences between the two models were relatively
small across most of the population with larger differences generally
confined to rural areas. To our knowledge this is the first study to com-
pare exposures from back-extrapolationwith those from a year-specific
model at the national scale.

4.2. Performance of models

Taking the performance statistics for the 1991 models as the “gold
standard” for 1991, the back-extrapolated 2009 model explained up to
8% less of the variability in monitored concentrations of NO2 and in-
creased the RMSE by up to ~1 μg/m3. We consider the level of perfor-
mance of the back-extrapolated 2009 model to be acceptable and
within the range of performance statistics used in other epidemiological
studies (Beelen et al., 2013; Carey et al., 2013).

We usedmonitoring siteswith coordinates accurate to 100m for the
development of the 1991 models. We did not therefore use distance
measures (e.g. distance to nearest major road) or use buffers b200 m
to create variables. Although coordinates of 2009 monitoring sites
were accurate to 1 m we restricted the development of the 2009
model in the same way as for 1991 models as the focus of its use was
back-extrapolation (Gulliver et al., 2013). As a result, we have under-
estimated NO2 concentrations at some monitoring sites, especially
een model 1991B and the back-extrapolated 2009 model (dashed line is 1:1; solid line is



Fig. 3. Absolute (A) and percentage differences (B) in Ward-level population-weighted NO2 exposures between model 1991B and the back-extrapolated 2009 model [negative values
represent Wards where back-extrapolation produces higher exposures of NO2 than model 1991B and vice versa]. Regions shown in C.
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those close to amajor source ofNO2 (e.g.major road). Indeed, allmodels
under-predict the variance of measured NO2 concentrations (Table 2).
Nonetheless, both the 1991 models and back-extrapolated 2009
model provided good performance in HOV. Levels of NO2 concentra-
tions were predicted well by the back-extrapolated 2009 model com-
pared with the 1991 models, which is remarkable given that there
were only five monitoring sites available to produce data to perform
back-extrapolation.

We used land cover data from 1990 and data on the road geography
from 1995 to create variables for developing 1991 models and in back-
extrapolation of the 2009 model to predict 1991 NO2 concentrations.
Some studies may not have access to land use data to create variables
for earlier years. We have not made an assessment of the impacts of, al-
ternatively, using recent land use data in back-extrapolation of LUR, but,
as reported in an earlier study (Gulliver et al., 2013), land use patterns at
the national scale are broadly similar over the time period of interest
(18 years). We expect that using recent data on land use in back-
extrapolation of LUR could have a large impact on local NO2 estimates
(i.e. due urban expansion and road building in the intervening years).

Weather patterns can have important impact on annual air pollution
exposures, thus back-extrapolations may be affected by differences in
weather between years considered. There was limited monitoring
data on NO2 concentrations other than in 1991 prior to the late 1990s
so we were not able to make comparisons for other years.

We used a supervised forward approach in LURmodel development
whereas others have used the ADDRESS (A Distance Decay REgression
Selection Strategy) (Su et al., 2009) and DSA (Deletion/Substitution/
Table 4
The proportion of the population in categories of absolute and percentage differences in
Ward-level population-weighted NO2 exposures between model 1991B and the back-ex-
trapolated 2009 model.

Absolute difference % of the population Percent difference % of the population

≤−10 0.3 ≤−20 9.1
N−10–≤−5 12.0 N−20–≤−10 17.5
N−5–≤5 82.1 N−10–≤10 62.0
N5–≤10 5.1 N10–≤20 10.1
N10 0.5 N20 1.3
Addition) methods (Beckerman et al., 2013). We used a 25% HOV
whereas others (Beelen et al., 2013; Meng et al., 2015) have tested
model performance with leave-one-out cross validation (LOOCV). We
used the rule of p b 0.05 for variable inclusion whereas others have
used a less stringent p b 0.1 (Beelen et al., 2013). The modelling results
and performance could differ if other methods of development and/or
evaluation were employed. Basagaña et al. (2012), however, found
that LUR models developed using the DSA and supervised methods for
Girona, Spain, did not differ in HOV performance. LOOCV is popular
with studies that have a very limited number of measurement sites
but has been shown to overestimate the predictive power of models
compared to HOV (Basagaña et al., 2012; Wang et al., 2012).

4.3. Population exposure assessment

Some of the differences in exposures from themodels are due to dif-
ferences in input data,which reflect real changes in land use over the in-
tervening years. Some differences are due to the inclusion of different
variables, but not due to differences inmagnitude of the constant (inter-
cept) in the models. The constants for the 1991B and the 2009 models
are 26.63 μg/m3 and 26.23 μg/m3, respectively, once 8.2 μg/m3 has
been added to the 2009 model for back-extrapolation (i.e. 18.23 μg/
m3 + 8.2 μg/m3). Predicted exposures will be lower than the level of
themodel constants in areas where semi-natural land is present (i.e. in-
cluded in both models 1991B and 2009). The largest exposure differ-
ences tended to be in rural areas with relatively low population,
leading to a non-linear relationship in Scotland, a region with a rela-
tively high proportion of rural land. These differences can be explained
by the different buffer sizes and related coefficients for semi-natural
land.

It is commonplace for LUR models to contain different variables
reflecting the differences between study locations/periods in sources
of air pollution and the effects of the built environment on dispersion
patterns. In the European Study of Cohorts and Air Pollution Effects (ES-
CAPE) (Beelen et al., 2013), separate NO2models were developed for 36
locations with wide variation in the included set of variables and varia-
tions in buffer sizes where the same variables were used in different lo-
cations. Most models, however, included one or more variables on
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traffic (e.g. traffic intensity in a circular buffer; distance to nearest main
road). The variables in our NO2 models for 1991 and 2009 are similar.
Both of the 1991models and back-extrapolated 2009 model include in-
formation on low density urban land, high density urban land and
length of major roads, reflecting the importance of urban areas and
main roads on the spatial variability of NO2 concentrations over a period
extending back 18 years. Both 1991models contain a variable on indus-
trial land that is not included in the 2009 model. This can be related to
a ~ 95% reduction in industrial emissions of nitrous oxide between
1990 and 2010 (Department of Energy and Climate Change, 2014).
The low number of 2009 monitoring sites close to industrial land (e.g.
61% of monitoring sites have no industrial land within a 1 km buffer),
however, probably explains the lack of a variable on industrial land in
the 2009 model in addition to the global level of reduction in industrial
emissions. Semi-natural land is included in 1991B and 2009models but
not in 1991A based on all sites. This can be explained by the high pro-
portion of sites used to develop model 1991 A from urban and
industrialised areas of the regions Midlands and North.

4.4. Back-extrapolation

Back-extrapolation of national models has been shown to perform
well for The Netherlands 7 years earlier (Eeftens et al., 2011), Great Brit-
ain up to 18 years earlier (Gulliver et al., 2013) and Israel up to 35 years
earlier (Levy et al., 2015), though in the latter study performance was
assessed against historic emissions of NOX rather than measured con-
centrations. Studies with a smaller geographical extent will often have
a lower number of measurement sites to assess the performance of
back-extrapolation. Back-extrapolation has, however, generally per-
formed well at the urban scale. LUR model predictions for 2007 NO2

monitoring stations in Rome (Cesaroni et al., 2012), for example, had
strong linear correlation (r = 0.83) with measured NO2 concentrations
at the same monitoring locations (n = 67) 12 years earlier. Back-
extrapolation of 2010 NO (R2 = 0.52) and NO2 (R2= 0.63) LURmodels
to 73 concurrent measurement sites for 2003 in Vancouver provided
reasonable but reduced performance (R2 = 0.50–0.55 for NO; R2 =
0.44–0.49 for NO2) (Wang et al., 2013). In terms of exposure assess-
ment, Chen et al. (2010) found for Montreal, Canada, high correlation
between NO2 concentrations from 5000 random locations from a LUR
surface for 2006 and from the same locations back-extrapolated to
1985 (r= 0.70) and 1996 (r= 0.90). Molnar et al. (2015) using disper-
sion modelling instead of LUR for 6563 cohort participant address loca-
tions in Gothenburg, Sweden, found that back-extrapolated (2009) and
year-specific NOX estimates were highly correlated 5–7 years earlier
(R2= 0.98) andmoreweakly, but not poorly correlated 12 years earlier
in 1997 (R2 = 0.68) and 34 years earlier in 1975 (R2 = 0.60).

Spatial-temporal LURmodels, based on “mobile monitoring”, where
fixed-site measurements are taken at different times (days, seasons),
theoretically could be back-extrapolated if temporal variables (e.g. tem-
perature, relative humidity, air pressure) are also available for earlier
years. The mobile monitoring approach has been used for routinely
measured pollutants such as NO2 and O3 (Cavellin et al., 2016) and, es-
pecially, to develop LURmodels for novelmetrics such as ultra-fine par-
ticles (Hoek et al., 2011; Hankey and Marshall, 2015; Montagne et al.,
2015; Weichenthal et al., 2016) and black carbon (Hankey and
Marshall, 2015; Montagne et al., 2015) which are not commonly mea-
sured. Back-extrapolation of LUR models for novel metrics will be re-
stricted, however, as they were seldom measured in the past at more
than a few sites in most countries, if at all.

4.5. Application to epidemiologic studies

We developed 1991 NO2 LUR models that performed well against
HOV samples. The NO2 surfaces that we produced can directly be used
to provide exposure assessment for the early 1990s for epidemiological
studies assessing long-term and life-time air pollution exposures.
Previous studies have demonstrated that back-extrapolation is valid
for exposure assessment based on evaluations against a limited number
of measurement sites, and subsequently back-extrapolation has been
applied in epidemiological studies (Slama et al., 2007; Pedersen et al.,
2013). To supplement this evidence, this study suggests that back-
extrapolation of NO2 over an 18-year period in a country with only
slowly evolving changes in lifestyle and land use yielded exposure esti-
mates thatwere only slightly different than year-specificmodels, partic-
ularly for urban areas that contain most of the population. This study
overall suggests that year-specific models for 1991 and back-
extrapolation of the 2009 LUR yield similar exposure assessment.
Gains from constructing year-specific LUR models (if historic monitor-
ing and air pollution data are available) may therefore be small relative
to efforts to source historical input information and derive newmodels.
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