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Background: Adverse health effects of air pollution have been reported in previous studies with varying methodological
approaches to the exposure assessment. Measuring individual air pollution exposure for large-scale epidemiological studies is infeasible, calling for refined modeling tools. We evaluated the performance of the Geographical Information System–based air pollution
and human exposure modeling system (AirGIS).
Methods: Modeled concentrations were evaluated against measured concentrations of particulate matter (PM) less than 10 and 2.5
μm in aerodynamic diameter (PM10/PM2.5) from two fixed-site monitoring stations (background and street) and from two measurement campaigns in Copenhagen, Denmark. Modeled concentrations of black carbon (BC) were evaluated against measured PM2.5
absorbance and PM10 absorbance.
Results: Mean concentrations measured in the four series were in the range of 10.4–15.3 μg/m3 for PM2.5 and 17.8–25.1 μg/m3 for
PM10. The model underestimated by 7%–13% in comparison to the fixed-site monitoring stations. Correlation coefficients of 0.82 and
0.73 were observed for monthly and daily averages of measured and modeled PM2.5 at the background site and, correspondingly,
0.85 and 0.74 at the street site. The spatial variation, as evaluated from the two measurement campaigns, was also well reproduced.
Correlation coefficients of 0.77 and 0.79 were observed for BC and PM2.5 absorbance and 0.76 for PM10 absorbance.
Conclusion: The AirGIS framework showed an overall high degree of accuracy and will be applicable to future epidemiological
studies on health effects of PM and BC.
Keywords: Particulate matter; Exposure modeling; Epidemiology

The biological mechanisms underlying the observed associations between air pollution exposure and health such as
systemic inflammation, oxidative stress, blood coagulation, elevated blood pressure, and so forth include both acute (within
hours or days) and chronic (months to years) responses.3 Thus,
the observed health effects might reflect responses to both shortand long-term exposure. Measuring air pollution exposures at
the individual level for large-scale epidemiological studies would
be extremely resource demanding and practically impossible;
hence, large-scale studies of health effects of air pollution call
for the use of refined modeling tools for exposure assessment.
A wide range of methods have been applied in previous studies.
One simple approach is use of data from nearest monitoring station as a proxy for individual exposure levels,7,20–22 which—depending on location and the number of monitoring sites—is a
rather crude measure of exposure. For addressing intra-urban
exposure contrasts, simple measures of residential proximity to
major roads or residential traffic load have been used,4–7 but
more sophisticated methods such as land use regression models10–16 and dispersion models4–6 are also widely applied now.

Health effects of air pollution have been extensively investigated in epidemiological studies over the past decades. In the early studies, shortterm exposures to the gaseous nitrogen oxide pollutants (NO2 and NOx)
and particles have been linked to cardiovascular and respiratory outcomes.1–3 In later years, with the increasing availability of exposure data,
adverse health effects have also been reported in relation to long-term
exposures and mainly ischemic heart disease, stroke, chronic obstructive
pulmonary disease, diabetes, and lung cancer.4–19
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What this study adds
AirGIS is widely applied in modeling systems and epidemiological
studies on health effects of NO2 and NOx. The newly updated system facilitates calculation of particulate matter and black carbon
at the address level for the period from 1979 onwards. The system performs well both in regard to spatial and temporal variation when validated against routine fixed-site monitoring stations
and measurement campaigns, representing various levels of traffic
density/composition, street geometry, degree of urbanization, as
well as time windows. These findings are essential for the application of the modeled exposure data in future epidemiological
studies on health effects of particulate matter and black carbon.

Copyright © 2018 The Authors. Published by Wolters Kluwer Health, Inc. on
behalf of Environmental Epidemiology. All rights reserved. This is an open-access
article distributed under the terms of the Creative Commons Attribution-Non
Commercial-No Derivatives License 4.0, where it is permissible to download and
share the work provided it is properly cited. The work cannot be changed in any
way or used commercially.
Environmental Epidemiology (2018) 2:e014
Received: 6 February 2018; Accepted 3 April 2018
Published online 30 May 2018
DOI: 10.1097/EE9.0000000000000014

1

Environmental Epidemiology

Hvidtfeldt et al • Environmental Epidemiology (2018) 2:e014

The Geographical Information System–based air pollution
and human exposure modeling system (AirGIS) is part of the
Danish Air-Quality Monitoring Programme23,24 and the multiscale integrated dispersion modeling system THOR.25–27 The
AirGIS and the Operational Street Pollution Model (OSPM),
which estimates the local street contribution of the AirGIS, have
been applied in modeling systems across the world,28–33 and a vast
number of epidemiological studies on the health effects related
to NO2 and NOx,4–6,34–48 and recently also to particulate matter (PM),49,50 have been conducted. A previous study addressed
the performance of AirGIS in relation to temporal variations in
concentrations of NO2, NOx, CO, and O3 by comparing modeled concentrations to measurements at five permanent stations
from the Danish Monitoring Network.51 In addition, the OSPM
has been evaluated previously.33,52 The performance of the system was also evaluated in relation to geographical variability by
applying a Danish sample of measured monthly mean concentrations of NO2.53 The measured and predicted concentrations
corresponded well for both long-term averages (annual and
monthly) as well as on shorter terms (hourly and daily), and the
spatial variability was also reproduced well. The AirGIS is continuously being further developed and improved—this concerns
model parameterizations as well as detail and quality of the various input data. One of the more recent updates concerns the
Urban Background Model (UBM) for which the model parameterization has been extensively updated, and the model is now
run for the entire country on a high-resolution grid as a routine
tool in relation to the THOR system.
In this article, we evaluate a recent feature of AirGIS, that is,
calculation of PM concentrations. For that purpose, we used
measured concentrations of ambient PM less than 10 and 2.5 μm
in aerodynamic diameter (PM10 and PM2.5, respectively) from the
routine fixed site monitoring stations under the national monitoring program and PM10, PM2.5, and PM absorbance (blackness
of the PM filters) from two previous measurement campaigns in
the Copenhagen area of Denmark. The measurements represent
various levels of traffic density/composition, street geometry,
and degree of urbanization as well as time windows.

is modeled as the sum of three contributions: (1) Regional background contributions, that is, from sources outside the urban area
such as power plants, industry, residential heating, and so forth,
modeled with a regional transport model (the Danish Eulerian
Hemispheric Model, DEHM)55,56; (2) Urban background contributions in a 1 × 1 km2 grid resolution calculated with the UBM,25,57
and in this case applied for the whole of Denmark, taking into
account the emission density originating from all types of emissions
estimated with the Spatial high resolution distribution model for
emissions to air (SPREAD) methodology58 and average building
cover and height;59 and (3) Local air pollution contribution from
local traffic computed by OSPM and taking into account data on
traffic (intensity, speed, and type), emission factors for the car fleet,
street and building geometry, and meteorology.60 The three contributions to the system are illustrated in Figure 1. In this system, air
pollution can be calculated for any address location in Denmark.
The multiscale integrated model system (DEHM, UBM, and
OSPM) is called the THOR system, and when the OSPM is operated at individual addresses in GIS, this part is called AirGIS. An
example of the spatial distribution of PM2.5 and PM10 in Denmark
for the year 2013 is provided in Figure 2.
Results of previous versions of AirGIS have been evaluated in
a Danish context against measured NO2, NOx, CO, and O3.51,54
The system is continuously being refined, for example, with
regards to input data on traffic, other air pollution sources, and
building configurations, and extended with necessary historical
input data on emission factors (e.g., more accurate estimates of
domestic wood burning emissions, now based on actual registrations by chimney sweepers) and background concentrations
enabling the calculation of particles back in time. Also, the general GIS programming environment has been updated recently.61
The current system allows for the calculation of various pollutants such as the gases NO2, NOx, CO, O3, and SO2. The AirGIS
system is a fully deterministic dispersion modeling system, and
its predictions are not dependent on any observed concentrations. The latter are only used for validation of the system. The
most recent update also facilitates calculation of PM2.5, PM10,
and black carbon (BC) in PM for the period from 1979 and
onwards. The treatment of chemical reactions and PM formation differs for the different models at the different scales: The
(regional) DEHM model contains the most complete chemical
scheme including formation of PM components as secondary
inorganic aerosol (SIA) and secondary organic aerosol (SOA)
from gaseous precursors because these processes are relevant
in the long time and spatial scales that DEHM is covering. In
contrast, the (urban) UBM and (local) OSPM models cover only
short transport times and relatively small spatial scales where
only few fast chemical reactions (as, e.g., NO-NO2-O3 conversion) are relevant to consider together with the emissions of
primary PM and other pollutants. Further chemical reactions
and secondary particle formations are therefore not explicitly
treated in UBM and OSPM.

Methods
The AirGIS dispersion modeling system
The AirGIS contains an Urban Landscape Model based on digital
maps of building foot prints with building heights as parameter. It
further contains a digital street and traffic map and various national
databases and is operated within a GIS. The AirGIS was developed
by the Department of Environmental Science at Aarhus University
(former Danish National Environmental Research Institute) in
the late 1990s.54 The system enables the calculation of ambient
air pollution at high temporal (hourly basis) and spatial (individual address) resolutions. The air pollution at a specific location

Figure 1. Illustration of the three contributions to the AirGIS system and the spatial variation of pollution levels in the vicinity of a city. OSPM, Operational Street
Pollution Model; UBM, Urban Background Model. DEHM, Danish Eulerian Hemispheric Model.
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Figure 2. The spatial distribution of PM2.5 and PM10 as calculated by the DEHM-UBM model for Denmark (yearly mean concentration for 2013). Only the Danish
territory is marked with coastlines and major roads, since emissions from the neighboring countries, Sweden and Germany, are not modeled in the same high
spatial resolution. PM, particulate matter; UBM, Urban Background Model. DEHM, Danish Eulerian Hemispheric Model.

Measured air pollution data

were performed for 48-hour sampling periods for each study
subject, with half the subjects being monitored from Monday to
Wednesday and the other half from Wednesday to Friday. The
PM2.5 samples were collected using a BGI400 pump operating at
4 l/min, a KTL PM2.5 cyclone, and a 37-mm Teflon filter. Further
details on sampling methods and laboratory analyses are given
in Sørensen et al (2005).62
The second data set of measurements (“Measurement campaign 2”) was conducted as part of the European Study of
Cohorts for Air Pollution Effects (ESCAPE), with focus on the
spatial variation of particles and nitrogen oxide pollutants within
many different study areas in Europe. The Danish measurement
campaigns took place from November 2009 to October 2010
and covered 20 sites for the measurements of PM2.5 and PM10,
as well as the PM2.5 absorbance and PM10 absorbance. The sites
were located in the Greater Copenhagen area and selected to
represent three different levels of air pollution: (1) rural areas
not directly influenced by traffic, (2) urban areas at least 50 m
away from traffic, and (3) areas in streets with a high traffic
intensity (>10,000 vehicles per day). Street sites were over-represented and sampled to represent different traffic intensities, distances to the road, and different street configurations. A 14-day
measurement was conducted three times for each site during
different seasons. Failed measurements were repeated in a later
round to ensure three valid measurements for each site. Thus,
the data set included 60 measurements of particles. The PM2.5
and PM10 samples were collected using Harvard impactors with
a sampling flow rate of 10 l/min on 37 mm Teflon filters. Further
details are given in Eeftens et al.63

The modeled temporal variation was evaluated against two
permanent monitoring stations in Copenhagen representing
urban background (HCOE, roof station at the H.C. Ørsted
Institute) and street (JGTV, Jagtvej kerbside street canyon).24
In recent years, the Danish air quality monitoring network
has measured PM10 and PM2.5 by Low Volume Sampling
(LVS) at these two sites. At HCOE, PM10 was measured from
June 2013, and PM2.5 was measured from August 2012 and
onwards, whereas the JGTV monitoring station has PM data
from January 2014 and onwards. The LVS method collects
particles on filters for 24-hour intervals with a flow of 2.3 m3/h
and subsequent gravimetric determination of the sampled dust
mass in the laboratory.24
In addition, two data sets with front door measurements
were applied to evaluate the performance of the modeling system with regards to spatial variation (Figure 3). The first set
of measurements (“Measurement campaign 1”) was carried out
during the time period November 1999 to September 2000 as
part of a Danish research project and followed 30 subjects, in
up to four measurement campaigns of NO2, PM2.5, and the light
absorption coefficient of the PM2.5 measurement filters (denoted
as PM2.5 absorbance). Participants were recruited among voluntary students living in central parts of Copenhagen with no
inclusion criteria relating to amount of traffic or other sources
of air pollution near the residence. New subjects were recruited
in situations where subjects left the measurement campaign,
resulting in a total of 98 front-door measurements. The measurements were distributed evenly over the four seasons and
3
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Figure 3. Measurement Campaign 1 and 2 sites, Copenhagen, Denmark (Background map ©OpenStreetMap).

Statistical methods

CoV =

Measured concentrations of air pollution were compared with
concentrations modeled at the geo-coded address location. The
receptor point for modeling was at the façade of the building at
2 m height. All AirGIS calculations were performed on an hourly
basis, and thus modeled concentrations were averaged over
the time period corresponding to that of the measured values.
Modeled values were plotted against measured concentrations for
each single measured value. Statistical procedures for comparing
modeled to measured concentrations included the following:
The mean bias, which is a simple measure of the extent to
which the model over or under estimates, given by:

MB =

Pearson’s correlation coefficients (r) were computed to evaluate the strength of the linear relation between measured and
modeled values:

Pearson’s r =

1
n  M i − M   Oi − O 
∑
i
n − 1 =1 σ M   σ O 

Also, the Spearman’s rank order coefficient was computed to
evaluate monotonic relations in the data:

1N
∑ M − Oi
n i =1 i

Spearman’s r = 1 −

The root mean squared error, which is the standard deviation
of the error term, that is, a measure of unexplained variation,
as a measure of how close modeled values are to the measured
given as:

 ∑ n ( M − O )2 
i
i

RMSE =  i =1
n



σ
× 100
µ

6∑ di2

n(n2 − 1)

The percentage of explained variability was expressed as the
coefficient of determination, given by the relation between the
deviations of observations from their predicted values and deviations of observations from their mean:

1/ 2

∑ (yi − yˆi )
= 1− i
2
∑ i(yi − yi )
2

R

The coefficient of variation given by the ratio of the standard
deviation to the mean, which is the standard deviation of the
error term as a measure of the relative variability of the sample
comparable across modeled and measured means:

2

The statistical analyses were carried out in SAS version 9.464
and R version 3.1.3.65
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Results

measured and modeled concentration was slightly lower than
that for PM2.5 (Table 2).

Descriptive statistics for modeled and measured
concentration

Correlation between modeled and measured
concentrations for two campaigns at various locations

The four series of measurements in the Greater Copenhagen
area showed measured PM2.5 average concentrations of 11.8,
15.3, 10.4, and 11.3 μg/m3, and the three series of PM10 measurements showed measured average concentrations of 17.8,
25.1, and 17.8 μg/m3 (Table 1). The measured concentrations
were 7%–13% higher than the corresponding modeled concentrations for the measurement series at the fixed site monitoring
stations and 24%–43% lower than the corresponding modeled
concentrations in measurement campaign 1 and 2.
The coefficient of variation for PM2.5 concentration was generally higher for measured than for modeled concentrations,
whereas those for the PM10 series were quite similar for measured and modeled concentration.

Figure 6 shows that the AirGIS model reproduced 2-week average concentrations of PM2.5 and PM10 in Measurement campaign 2 with a high degree of accuracy, which was reflected in
Pearson’s correlation coefficients of 0.80 and 0.74 (Table 2). The
figure shows more outliers for PM2.5 in Measurement campaign
1, which was reflected in a lower Pearson’s correlation coefficient of 0.67 (Table 2). A sensitivity analysis showed a seasonal
difference in the correlation, with high correlation (r = 0.81) in
the warmer season (>8°C) and lower correlation (r = 0.60) in
the colder season (see Figure s4, Supplemental digital content 4;
http://links.lww.com/EE/A8).
The results of the comparisons between modeled concentrations of BC and measured PM2.5 absorbance and PM10
absorbance from the two campaigns are presented in Figure 7.
Pearson’s correlation coefficients of 0.79 and 0.77 were observed
for PM2.5 absorbance in Measurement campaigns 1 and 2,
respectively, and 0.76 for PM10 absorbance in Measurement
campaign 2.

Correlation between time-series of modeled and measured
concentrations at two fixed-site monitoring stations
Figure 4 shows that the model reproduced the monthly averages of PM2.5 at a background (roof top) site (“HCOE”) in
Copenhagen well, and this was confirmed by a Pearson’s correlation coefficient of 0.82 for the series of 53 monthly observations (Table 2). Daily averages of PM2.5 for the same time period
at the same location produced a Pearson’s correlation coefficient
of 0.73 (N = 1,517) (results not shown). As shown in Figure 5,
the model also reproduced measured PM2.5 concentrations well
in a street with dense traffic (“JGTV”). Here, the Pearson’s
correlation coefficient was 0.85 when based on monthly averages (N = 36; Table 2) and 0.74 when based on daily averages
(N = 1,071; results not shown). Supplemental digital content
1 (Figure s1; http://links.lww.com/EE/A8) shows the variation
in daily means of measured and modeled PM2.5 at the HCOE
station and monthly means at the JGTV station. The temporal
variation in measured PM10 was also reproduced well by the
model (see Figure s2 and s3, Supplemental digital content 2–3;
http://links.lww.com/EE/A8), although the correlation between

Discussion
In this article, we evaluated calculations of PM2.5 and PM10
by AirGIS against concentrations measured at two fixed-site
monitoring stations representing urban background and street,
respectively, and various address points in the Copenhagen area
from two measurement campaigns. BC was evaluated against
measured PM2.5 absorbance and PM10 absorbance from the
two campaigns. Overall the concentrations modeled by AirGIS
correlated well with the measured concentrations in regard
to reproducing both temporal and spatial variation. In absolute terms, the modeled PM concentrations were similar to
those measured at the fixed-site monitoring stations, whereas
the comparison with data from measurement campaigns using

Table 1
Descriptive statistics of measured and modeled concentrations of PM2.5 and PM10
Fixed Site (HCOE)
Measurement duration
PM2.5 concentration (μg/m3)
 N observations
 Mean (μg/m3)
  
SD
 Min.
 5 pctl.
 50 pctl.
 95 pctl.
 Max.
 CoV
PM10 concentration (μg/m3)
 N observations
 Mean (μg/m3)
  
SD
 Min.
 5 pctl.
 50 pctl.
 95 pctl.
 Max.
 CoV

Fixed Site (JGTV)

Measurement Campaign 1
(1999–2000)

Measurement Campaign 2
(2009–2010)

Measured

Modeled

Measured

Modeled

Measured

Modeled

Measured

Modeled

1 month

1 month

1 month

1 month

48 hours

48 hours

14 days

14 days

53
11.8
3.3
6.7
7.8
11.3
18.3
22.3
27.9%

53
11.0
2.1
7.4
8.4
10.8
14.8
16.4
19.6%

36
15.3
4.6
8.4
8.6
14.4
24.8
28.0
30.2%

36
13.5
2.6
9.9
9.9
12.9
18.5
18.9
19.2%

98
10.4
6.3
2.7
3.2
9.0
23.2
30.3
60.4%

98
18.1
7.5
6.7
7.9
17.1
31.2
36.0
41.5%

60
11.3
4.8
4.0
5.5
10.2
20.5
21.3
42.7%

60
14.8
4.0
7.8
8.7
14.4
22.1
23.6
26.8%

43
17.8
3.9
11.5
12.5
17.4
24.7
29.6
22.2%

43
16.4
3.7
10.5
11.8
15.9
22.0
22.7
22.5%

36
25.1
5.1
16.9
17.6
24.0
35.5
36.4
20.4%

36
23.0
4.2
16.7
17.0
22.0
30.0
30.1
18.1%

—

—

60
17.8
4.9
9.9
10.6
16.4
27.6
29.7
27.5%

60
22.4
6.4
12.3
12.7
21.4
34.1
37.9
28.5%

CoV, Coefficient of variation; HCOE, roof station at the H.C. Ørsted Institute; JGTV, Jagtvej kerbside street canyon; Max., maximum; Min., minimum; pctl. percentile; PM, particulate matter; SD, standard
deviation.
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Figure 4. Monthly means of measured and modeled PM2.5 at HCOE in the period August 2012–December 2016. HCOE, roof station at the H.C. Ørsted Institute;
PM, particulate matter.

Differences between annual measured and modeled PM10 urban
background concentrations were below 20% with correlation
coefficients for the time series of daily average PM10 varying
between 0.57 and 0.76. For the traffic sites, corresponding
differences for the annual means were below 10%, with correlations for the daily averages ranging between 0.56 and 0.71.
Thus, the performance of AirGIS may be considered similar. The
relatively large differences between average concentrations of
measured and modeled PM in the two measurement campaigns
could be due to overprediction by the AirGIS model or due to
the monitoring equipment systematically measuring too low
concentrations. The PM concentrations calculated by AirGIS
were on average very similar to those measured by the fixedsite monitoring stations applying LVS gravimetric determination. Since LVS is known to measure PM at high precision and
according to the EU-reference method,24 we believe that the differences in PM mean concentrations are due to the samplers of

low-cost, portable monitoring equipment showed substantially
lower measured concentrations. Although the mean bias varied
across the measurement campaigns and fixed-site monitor measurements, the correlation coefficients were similarly high.
The AirGIS model has previously been validated in relation to
NO2, NOx, CO, and O3 by comparing modeled concentrations
to measurements at five permanent stations from the Danish
Monitoring Network.51 The performance of the AirGIS model
in relation to PM2.5, PM10, and BC can be considered similar
for both the long- and short term averages. Likewise, models
comparable to the AirGIS have been developed and evaluated,
for example, the Swedish national SIMAIR Dispersion modeling system including long-range transport, local traffic exhaust,
and road dust.66 Modeled outdoor PM1 and PM10 levels have
been evaluated against annual averages and daily time series
in urban background settings (monitoring station data from
three large cities) and heavily trafficked settings (four cities).

Table 2
Statistical comparisons of measured and modeled concentrations of PM2.5 and PM10
PM2.5
 N observations
 Measurement duration
 MB
 
rp
 
rs
 
R2
 RMSE
PM10
 N observations
 Measurement duration
 MB
 
rp
 
rs
 
R2
 RMSE

Fixed Site (HCOE)

Fixed Site (JGTV)

Measurement Campaign 1 (1999–2000)

Measurement Campaign 2 (2009–2010)

53
1 month
−0.8 μg/m3
0.82
0.81
0.67
2.1 μg/m3

36
1 month
−1.8 μg/m3
0.85
0.86
0.71
3.3 μg/m3

98
48 hours
7.6 μg/m3
0.67
0.74
0.45
9.5 μg/m3

60
14 days
3.6 μg/m3
0.80
0.80
0.65
4.6 μg/m3

43
1 month
−1.4 μg/m3
0.70
0.69
0.49
3.2 μg/m3

36
1 month
−2.1 μg/m3
0.73
0.75
0.53
4.0 μg/m3

—

60
14 days
4.6 μg/m3
0.74
0.68
0.55
6.3 μg/m3

HCOE, roof station at the H.C. Ørsted Institute; JGTV, Jagtvej kerbside street canyon; MB, Mean bias; PM, particulate matter; rp, Pearson’s correlation coefficient; rs Spearman’s rank order coefficient; RSME,
Root squared mean error.
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Figure 5. Daily means of measured and modeled PM2.5 at JGTV for the period July–December 2016. JGTV, Jagtvej kerbside street canyon; PM, particulate
matter.

Differences were also observed between the two measurement campaigns. For PM2.5, the performance of the model in
terms of correlation was considerably higher when evaluated
against measurements from Campaign 2 than Campaign 1. One
potential explanation for this difference may be the length of
measuring time per sample. Our results showed a better correlation between PM2.5 modeled and measured at monitoring station
when based on monthly averages compared to daily averages.
The reason for a better correlation for longer term averages
might be that modeled short-term concentrations are more sensitive to unresolved exceptional conditions or uncertainties in
various model parameters or inputs (e.g., meteorology or emissions),68 and the measurement uncertainty might be higher at
shorter sampling times. In Measurement campaign 1, data were

the monitoring campaigns measuring systematically too low.67
This notion is supported by a comparison between the Harvard
impactors used in Measuring campaign 2 with a high-quality
fixed-site monitoring equipment, the SM200 (OPSIS, Sweden),
comparable to the LVS.24 Comparing the Harvard Impactor
measurements to SM200 β-gauges measurements from identical
time periods and placements showed a high correlation (rp =
0.93) but a deviation in absolute terms, in which the Harvard
Impactor systematically measured lower values of PM2.5 (31%
lower on average; see Figure s5, Supplemental digital content 5;
http://links.lww.com/EE/A8). Likewise, the correlation between
the Harvard Impactors and SM200 measurements of PM10 were
high (rp = 0.77), with Harvard Impactor measurements being
25% lower on average.
7
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Figure 6. Predicted mean concentrations of PM2.5 and PM10 plotted against front door measured concentrations in the Copenhagen area, 1999–2000 and
2009–2010. PM, particulate matter.

The PM2.5 absorbance and PM10 absorbance measurements
applied represent the blackness of the PM2.5 and PM10 filters. BC
is considered the dominant light-absorbing substance in ambient air,70 justifying the comparison in the present study between
modeled BC and measured PM absorbance. A previous study
showed a high correlation between measurements of elemental
carbon and PM2.5 absorbance (r = 0.93),71 and we found high
correlations between modeled BC concentrations and measured levels of both PM2.5 absorbance and PM10 absorbance.
Since most of the BC is found in the fine fraction, similar results
for PM10 absorbance and PM2.5 absorbance were expected.72
However, other light-absorption substances than BC may influence the PM absorbance measures, and thus a higher correlation
would be expected if BC could be perfectly singled out from
these light absorbance measurements.

collected for 48-hour periods, whereas Measurement campaign
2 included 14-day averages. Another explanation could be differences in equipment applied. A previous study comparing the
monitoring equipment used in Measurement campaigns 1 and 2
showed no sign of systematic differences.69 However, the equipment in Measurement campaign 1 was smaller and mounted
on a bike parked at the front door, whereas Measurement campaign 2 was a stationary setup using a larger pump and sampling head—which may imply better precision. As indicated by
previous analyses of data from Measurement campaign 1,62 low
temperature may have affected the measurement precision negatively, and restricting the data from Measurement campaign
1 to measurements in the warmer months of April through
September revealed results comparable to those of Measurement
campaign 2.
8
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Figure 7. Predicted mean concentrations of black carbon (BC, µg/m3) plotted against measured PM2.5 absorbance (PM2.5abs; 10–5 m–1) and PM10 absorbance
(PM10abs, 10–5 m–1) concentrations in the Copenhagen area, 1999–2000 and 2009–2010.

with measured concentrations obtained from the most reliable
measurement devices (i.e., low-volume samplers at the fixed-site
monitoring stations). Further, the modeled concentrations correlated well with series of measurements characterized by both
temporal and geographical variation. However, although we
included all available data from measurement campaigns and
the Danish air quality monitoring network, the comparisons
were limited by the geographical coverage of measurements
(the larger Copenhagen area) and the limited time frame of the
measurements (monitoring stations, 2012–2017; measurement
campaigns, 1999–2000 and 2009–2010). Nevertheless, even the
best air pollution model will entail error. The consequence of the
error for the exposure–response function estimated in an epidemiological study depends both on the amount of error and the
underlying structure of the error. Two dimensions of errors are

The perspectives in using the AirGIS model for exposure
assessment in future epidemiological studies rely on the ability
of the model to calculate air pollution concentrations correctly.
The model depends on comprehensive and detailed input data,
and uncertainties in the input data—which are inevitable when
modeling exposure for a large number of locations—will affect
the model output. Another point to consider is the excessive
computational requirements of the model which has, however,
improved considerably in the latest version of the AirGIS.
Systematic over- or under-prediction by the model would
likely affect the magnitude of the estimated exposure–response
association, and a poor correlation between modeled and true
concentrations could make it difficult to detect true exposure–response associations. The present study showed that average PM
concentrations calculated by AirGIS were in good compliance
9
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typically dominating: (1) The “classical” measurement error type,
in which the exposure error is independent of the true exposure,
and (2) the “Berkson” error type, in which the error is independent of the modeled exposure—e.g., in relation to aggregation
of data to a group level. When estimating air pollution concentrations with a model, we would expect a Berkson type error;
however, model-based exposure assessment can also imply an
additional element of classical error, for example, deriving from
uncertainty of the input data for the exposure prediction model.
Classical error is expected to bias the effect estimates toward the
null, whereas the Berkson-type error does not affect the size of
the risk estimate. Berkson error does, however, reduce the precision of the risk estimate, leading to wider confidence intervals
than would have been observed without error.73,74 Several studies
have addressed differences in air pollution modeling approaches,
related exposure measurement error, and methods for correction
of risk estimates affected by such error,75–77 but there is a need
for future studies addressing the amount and type of error associated with different air pollution exposure assessment methods
and for the development of methods to correct the estimated
exposure–response associations for such errors.
In conclusion, the results of the study imply that the AirGIS
modeling system performs well both in regard to spatial and
temporal variation, with minor absolute differences between
measured and modeled concentrations and high correlation
coefficients, and will be applicable to future epidemiological
studies on health effects of PM and BC.
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