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• Exposure to outdoor PM2.5 varies con-
siderably depending on the modelling
approach.

• Exposure occurs mainly indoors, al-
though infiltration decreases the con-
centrations.

• Inclusion of school and traffic microen-
vironments increased the exposure esti-
mates.

• Indoor-generated sources potentially
important contributors to the total ex-
posure.

• Time-activity, spatial mobility and infil-
tration important in exposure
modelling
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Atmospheric particles are a major environmental health risk. Assessments of air pollution related health burden
are often based on outdoor concentrations estimated at residential locations, ignoring spatial mobility, time-
activity patterns, and indoor exposures. The aim of this work is to quantify impacts of these factors on
outdoor-originated fine particle exposures of school children.
We apply nestedWRF-CAMxmodelling of PM2.5 concentrations, gridded population, and school location data. In-
filtration and enrichment factors were collected and applied to Athens, Kuopio, Lisbon, Porto, and Treviso. Expo-
sures of school children were calculated for residential and school outdoor and indoor, other indoor, and traffic
microenvironments. Combinedwith time-activity patterns six exposuremodels were created. Model complexity
was increased incrementally starting from residential and school outdoor exposures.
Even though levels in traffic and outdoors were considerably higher, 80–84% of the exposure to outdoor particles
occurred in indoor environments. The simplest and also commonly used approach of using residential outdoor con-
centrations as population exposure descriptor (model 1), led on average to 26% higher estimates (15.7 μg/m3)
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compared with the most complex model (# 6) including home and school outdoor and indoor, other indoor and
traffic microenvironments (12.5 μg/m3). These results emphasize the importance of including spatial mobility,
time-activity and infiltration to reduce bias in exposure estimates.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
1. Introduction

Air pollution, especially fine particles (PM2.5), is a leading environ-
mental health risk worldwide (WHO, 2016). In the European Union
around 400 thousand premature deaths per year are associated with
PM2.5 (EEA, 2020a). Epidemiological studies of air pollution have been
conventionally relying on outdoor air concentrations measured at
fixed locations or on predicted outdoor concentrations calculated e.g.
with land use regression or chemical transport models (Beelen et al.,
2014; de Hoogh et al., 2014; Dockery et al., 1993; Im et al., 2018). Obser-
vations have been considered more reliable than predicted values, but
spatial representativeness of the air quality models are far better than
measured concentrations.

Besides poor spatial coverage of observations or air quality models'
difficulties to capture variability of concentrations in diverse urban en-
vironments, recent studies have shown that relying only on outdoor
concentrations as surrogate for population exposure leads to a misclas-
sification in health burden assessments. Kazakos et al. (2020) estimated
that ignoring infiltration of outdoor PM2.5 indoors, spatial mobility, and
time-activity leads to overestimated results. Using their most complex
model in London, which included 4 microenvironments (MEs) (resi-
dential outdoor, indoor, above- and underground transportation), led
to a 24% reduction in mortality estimates in comparison to results ob-
tained only using residential outdoor concentrations (n = 1541). In-
doors was the largest contributor (83%) to the total PM2.5 exposure
the fact that. Despite only 0.4% of the time was spent in London Under-
groundwas the second largest contributor (15%). Singh et al. (2020) es-
timated also PM2.5 exposures in London using a modelling approach,
which integrated time-activity and spatial mobility in three microenvi-
ronments (home, work and transport). The exposure (approximately
9 μg/m3) was 28% lower in comparison to outdoor only exposures at
residential locations, with 85% of the exposures occurring in residential
and workplaces and 15% in transport MEs.

In general, people in Western countries spend the majority of their
time indoors. Hussein et al. (2012) conducted a survey in Helsinki,
Finland, and reported that people aged between 2 and 93 years old
(n = 167) spent on average 82–92% of their time indoors, 5–14% out-
doors, and 3–5% in transit. In colder periods (−13 to 2 °C) people
spent more time indoors (90–92%) in comparison to warmer period
(8–15 °C) when people spent 82 and 88% indoors on weekend and
workday, respectively. Faria et al. (2020) reported that school children
(n = 1189) in Lisbon, Portugal, aged from 5 to 10 years old, on week-
days 86% of their time indoors, mostly at home (56%) and in classroom
(27%), 10% outdoors and 3% in transport. Onweekends the same period
of time (87%) was spent indoors (77% at home and 8% other indoor lo-
cations, like shops and restaurants), slightly less time outdoors (9%)
and slightly more in transports (4%). Cunha-Lopes et al. (2019) ob-
served similar results in a survey conducted among a small number of
Lisbon school children (n = 9). During the week children spent more
than 80% of their time indoors (55% at home and 22% in classroom),
about 9% outdoors and 5% in transports.

Although the time spent in transport is small, a higher concentration
during commutingmakes it an important contributor to exposures. Fine
particulate matter concentrations during commuting are higher com-
pared to the background levels and depend on the type of commuting,
route choice and ventilation settings of the vehicle. In Lisbon, Correia
et al. (2020) measured highest PM2.5 concentrations in the metro
(37.8 μg/m3), followed by car (33.7 μg/m3), bicycle (30.5 μg/m3), and
bus (28 μg/m3). Concentrations in all transport modes were
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approximately 2 times higher in comparison to traffic station and
around 3 times higher compared to background station measurements.
Lower concentration levels of bicycle rideswere linked to route thatwas
in some parts far away from traffic emissions, i.e. roads. Similarly, buses
exhibited lower concentrations because they were running on dedi-
cated lanes andwere therefore less prone to traffic jams. In addition, fil-
ters may have beenmore efficient to remove particles from the outdoor
air entering the vehicle cabin. Results of de Nazelle et al. (2017) report
in a review article concerning Europe that pedestrianswere consistently
least exposed to PM2.5 in comparison to all other transportmodes. Com-
muters in bicycle, car and bus modes were exposed on average to 1.3,
1.4 and 1.5 times higher concentrations, respectively, in comparison to
pedestrians. Concentrations during commuting were 2–2.5 times
higher than the background levels. In undergrounds, exposure levels
are considerably higher; e.g. Smith et al. (2020) measured average
PM2.5 concentration of 88 μg/m3 in London underground, while outdoor
levels were 19–22 μg/m3 at background and central London roadside
environments.

In residences and offices, infiltration of outdoor air pollution is a
major factor affecting the indoor air PM2.5 levels. Infiltration factors for
PM2.5 in residences ranged from 0.59 in Helsinki to 0.70 in Athens,
with Basle (0.63) and Prague (0.61) in between (Hänninen et al.,
2004). Infiltration was higher in buildings with natural ventilation or
mechanical ventilation with low or non-existent particle filtration.
Kalimeri et al. (2019) study showed that the PM2.5 indoor/outdoor (I/
O) ratio in offices (0.62) was below 1.0, whereas in schools this ratio
was above 1.0 (1.44). These findings revealed the importance of out-
door air particles in indoor air quality, but also that in schools there
are significant indoor sources. Schools are often more crowded than of-
fices and students are more active, favouring resuspension of particles.
This difference in I/O ratios was also explained by the fact that the ma-
jority of the offices weremechanically ventilated, whereas schools were
naturally ventilated. Morawska et al. (2017) ended up with similar re-
sults in their review. In homes and offices, outdoor air was the major
source of PM2.5, while in schools or day care present indoor sources,
like children's activity and PM resuspension, as well as poor ventilation,
were major factors affecting the PM2.5 concentrations. In residences,
cooking, candle burning and wood stove burning devices are among
the most significant indoor PM2.5 sources (MacNeill et al., 2012;
Siponen et al., 2019).

The overall aim of this paper is to quantify exposures of outdoor-
originated PM2.5 and bias related to the most common use of outdoor
concentrations as population exposure descriptor when using atmo-
spheric modelling as source. Specifically, we estimate how (i) spatial
mobility, (ii) time-activity, and (iii) infiltration of outdoor particles in-
doors affect the PM2.5 exposures of school children, selected as target
population due to available school locations at community level. Fur-
thermore, (iv) we quantify uncertainties due to modelled particle con-
centrations and their influence on exposure estimates, health impact
assessment and discuss implications for air pollution epidemiology.

2. Material and methods

In this work, annual outdoor-originated atmospheric aerosol, de-
fined as fine particulate matter (PM2.5), exposures of school children
in 2015 were estimated in the context of LIFE Index-Air project for
Athens, Kuopio, Lisbon, Porto and Treviso (Fig. 1). Spatially distributed
outdoor concentrations were calculated with the air quality modelling
system combining Weather Research and Forecasting (WRF) model

http://creativecommons.org/licenses/by/4.0/
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Fig. 1. Four cities in theMediterranean climate and one in Northern Europewere included
in this study.
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with Comprehensive Air Quality Model with Extensions (CAMx),
resulting in a 3D chemical transportationmodelling system for particles
(Ferreira et al., 2020). The influence of spatial mobility, time-activity
and infiltration of outdoor particles indoors was taken into account in-
crementally. In total, six exposure models were created. The biases re-
lated to each approach using the most complex and presumably most
accurate model as the reference point, was evaluated.

The modelling domain sizes of the WRF-CAMx in South European
cities were between 2100 and 2300 km2 and in Kuopio 320 km2

(Table 1). There was a high variability in domain populations, ranging
from 84 thousand in Kuopio to 3.3 million in Athens. Infiltration of out-
door generated particles indoors was estimated to be higher in South
European cities.
Table 1
Characteristics of modelling domains, populations, and input parameters of the target cities.

City, country Athens, Greece Lisbon, Port

Domain size (grid cell size, area) 0.88 × 1.1km2

43x54km2
0.87 × 1.1km
42x54km2

Inhabitants (thousands)a 3300 2300
Pupils (thousands) 300b 72
Schools (n) n/a 212
School/home PM2.5 concentration ratio 1.19 1.19
Infiltration factor, residences
±SD, ±SE

0.66c

±0.41, ±0.023
0.66c

±0.41, ±0.0
Infiltration factor, schools
±SD, ±SE

0.82c

±0.82, ±0.14
0.82c

±0.82, ±0.1
Enrichment factor, traffice 1.58 1.35

n/a: not available.
a Inhabitants in the domain.
b Number of 6–14-year old children.
c Parameters estimated from Athens and Lisbon measurements.
d Estimated from residences.
e Estimated from PM observations using traffic/background ratio (Athens measurements us
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2.1. Air quality modelling and observations of outdoor-originated PM2.5

Outdoor fine particulate matter concentrations were calculated on
hourly resolution with the WRF-CAMx air quality modelling system
and were averaged to annual level. The model was applied for the
urban regions of Athens, Kuopio, Lisbon, Porto and Treviso, for 2015, fol-
lowing a nesting approach starting by a coarse domain over Europewith
a 0.25° grid cell size until reaching the domains of interest, at 0.01° res-
olution. The mesoscale numerical weather prediction system Weather
Research and Forecasting model (WRF, version 3.7.1) (Skamarock
et al., 2008) simulated themeteorological fields, whichwere used as in-
puts for the three dimensional chemical transport model Comprehen-
sive Air Quality Model with Extensions (CAMx version 6.3) (ENVIRON,
2016; Ferreira et al., 2020). The European Centre for Medium-Range
Weather Forecasts' (ECMWF) ERA-Interim atmospheric reanalysis
data at 6 h temporal and 0.75° spatial resolution was used as meteoro-
logical forcing for the WRF model (Dee et al., 2011). For the European
domain, initial and boundary conditions with temporal resolution of
6 h were provided by the global chemical model MOZART (Emmons
et al., 2010). Anthropogenic emissions reported by the Member States
of the EuropeanUnionwere derived from the European emission inven-
tory (EMEP) with a resolution of 0.1° and were spatially disaggregated
to 1 km resolution (Ferreira et al., 2020). Hourly concentrations were
modelled with a spatial resolution of approximately 1.1 km × 0.5 km
in Kuopio and 1.1 km × 0.8 km in the other cities residing in the
Mediterranean region.

Moreover, observed outdoor PM concentration data collected in
2015 were compiled from national and European air quality databases
(APA, 2020; EEA, 2020b; FMI, 2020; YPEKA, 2020). In total 17 PM2.5

measurement stations were included. Six stations were located in
Athens of which 3 were classified as suburban background, 2 as traffic
and 1 as industrial station. In Lisbon there were 5 (4 urban background
and 1 traffic), in Kuopio 3 (1 suburban background, 1 urban background
and 1 traffic), in Treviso 2 (1 suburban and 1 urban background) and in
Porto one urban background station.

To estimate misclassification related to modelled PM2.5 concentra-
tions and discuss its influence to exposure, health impact estimates
and epidemiology, predicted and observed annual average concentra-
tions at measurement station locations were compared. Differences
were quantified as absolute difference (mean bias, MB), underestima-
tion of variance (UEV) and random error (RE).

2.2. Gridded population, school data, time-activity patterns, infiltration and
traffic enrichment factors

The GEOSTAT 2011 population data provided at 1 km× 1 km resolu-
tion across Europe (Eurostat, 2016) was obtained from Eurostat and
ugal Porto, Portugal Treviso, Italy Kuopio, Finland

2 0.84 × 1.1km2

41x54km2
0.78 × 1.1km2

38x54km2
0.51 × 1.1km2

12x27km2

1200 880 84
32 81b 7.8
105 n/a 20
1.09 1.19 1.02

23
0.66c

±0.41, ±0.023
0.66c

±0.41, ±0.023
0.55
±0.16, ±0.017

4
0.82c

±0.82, ±0.14
0.82c

±0.82, ±0.14
0.55d

±0.16, ±0.017
1.35 1.58 1.30

ed for Treviso and Lisbon for Porto) (see text for the references).



Table 2
Used modelling approaches to assess fine particulate matter exposures.

Exposure model Microenvironments No.
of
MEs

Outdoor air-based models M1. Residential outdoor 1
M2. School outdoor + model 1 2
M3. Traffic + model 2 3

Models taking account of
infiltration

M4. Residential indoor + model 1 2
M5. School indoor and outdoor +

model 4
4

M6. Other indoor and traffic +model 5 6
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was used with WRF-CAMx modelled concentrations to calculate resi-
dential exposures in all five cities. In addition, Statistics Finland 2015
population data at 1 km2 resolution containing three age groups
(<15 years, 15–64 years, >64 years) was used to test differences
between age group specific exposures (Statistics Finland, 2020a).

Outdoor exposures in school locations were assessed using loca-
tions of compulsory schools and number of pupils for Kuopio,
Lisbon and Porto (República Portuguesa - Ministério da Educação,
2019; Statistics Finland, 2020b). In Portugal and Finland basic educa-
tion consists of nine grades, primary education including grades
from 1 to 6 and secondary education grades from 7 to 9. In Portugal
basic education is started at the age of 6 lasting to the age of 14.
While in Finland basic educations starts at the age of 7 last until
the age of 15 (EC/EACEA, 2015). For Athens and Treviso school loca-
tions were not available. Instead the ratio of school to residential
outdoor exposure in Lisbon was used. The ratio was calculated by di-
viding Lisbon school exposure by residential exposure. Residential
exposures of Athens and Treviso were then multiplied by the calcu-
lated ratio to estimate school outdoor exposures.

An annual time-activity pattern for school children of Lisbon, Porto,
Athens and Treviso was derived from a time-activity survey conducted
in Lisbon in 2016–2017 among children aged between 5 and 10 years
old. A self-report questionnaire including weekday and weekend, and
17 indoor and outdoor microenvironments (ME) was applied in 26
schools. Parents returned 1189 completed questionnaires, representing
a response rate of 20% (Faria et al., 2020).Weekendpatterns (196 days),
which were used also for vacation days and weekday patterns
(169 days) of schooldays were used to calculate a combined time-
activity pattern at annual level.

In Kuopio time-activity data of school children and students was
based on a survey conducted in Finland during 2009 and 2010
(Statistics Finland, 2020c). It included population over 10 years old
(3800 people, 7500 days, 41% response rate) who kept a record of
their time-activity on one weekday and one Saturday or Sunday. Activ-
ities were classified into 146 categories and were aggregated into 26
categories. Compiled time-activity data of the two cities, Kuopio and
Lisbon (Lisbon data applied also in Athens, Porto and Treviso), were fur-
ther allocated to 6 MEs: (i) residential outdoor, (ii) school outdoor, (iii)
residential indoor, (iv) school outdoor (v) other indoor, and (vi) traffic.

Based on indoor and outdoor PM2.5 concentrations measured in
Lisbon and Athens, a linear regression was applied to estimate infiltra-
tion factors for South European residences and schools. The regression
slope, which corresponds to the fraction of the outdoor generated parti-
cles penetrating indoors, was found equal to 0.82 for schools (95% Con-
fidence interval 0.55–1.09) and 0.66 for the residences (95% CI
0.61–0.70) (Table 1). In Lisbon, measurements were conducted in
2017–2018, during the occupied period, in 5 schools and 40 residences,
in the context of the LIFE Index-Air project. In schools concentrations
were monitored during the school week from Monday to Friday and
in residences during 4 weekdays and one day in the weekend (Faria
et al., 2020). In Athensmeasurements were conducted in 7 schools dur-
ing the occupied period in twowinter periods in 2003 and 2004 for 2–5
consecutive schooldays (Diapouli et al., 2008). For the Athens resi-
dences, PM2.5 concentrationmeasurementswere conducted in two sep-
arate studies. In 2002 sampling was performed in 3 residences during
the cold and warm period (Diapouli et al., 2011). During the years
2005 and 2006, measurements were conducted in additional nine resi-
dences (Diapouli, 2008; Diapouli et al., 2010).

For Kuopio, the infiltration factor in 2015 was estimated linearly, by
taking into account the annual renewal and renovation rate of building
stock (2%), assuming a better filtration of outdoor particles (Geels et al.,
2015; Hänninen et al., 2015). An infiltration factor (0.59) calculated by
Hänninen et al. (2004) for residences in Helsinki in year 1997 was
used as a starting point. The linear regression resulted in a infiltration
factor of 0.55, which was used both for home and school indoor MEs
(Table 1).
4

Traffic enrichment factors (EF) were defined by calculating annual
PM concentration ratios measured in traffic and urban background sta-
tions (Table 1). In Kuopio, the enrichment factor (1.30) was assessed
using ratios of PM10 measurements. For Lisbon and Porto, the enrich-
ment factor (1.35) was defined from PM2.5 observations measured in
Lisbon and for Athens and Treviso (EF = 1.58) from PM2.5 measure-
ments conducted in Athens.

2.3. Exposure models

Six exposure models were used to estimate annual outdoor gener-
ated PM2.5 exposures in each city (Table 2). To quantify how ignoring
spatial mobility, time-activity and infiltration affects to exposure esti-
mates, complexity of the models were increased by gradually adding
microenvironments. School children spend the majority of their time
during the year in five major MEs (residential and school indoor and
outdoor and traffic). The sixth microenvironment (other indoor) was
formed from multiple MEs including for example shops, theatres and
restaurants. Models 1 to 3 included outdoor MEs only. In models 4 to
6, the effect of infiltration was incorporated to models. Exposures in
each ME were estimated based on modelled outdoor PM2.5 concentra-
tions at home or school locations, taking into account infiltration factors
for indoor ME, and enrichment factor for traffic ME.

Calculated PM2.5 exposures in each ME were integrated with corre-
sponding time-activity data at annual level to calculate time-activity
weighted exposures (Eq. 1).

E ¼ ∑n
j¼1Cjtj ð1Þ

where E is the total exposure for school children, Cj is the population or
pupil weighted outdoor concentration (PWC) in microenvironment j
and ti is the fraction of time (%) spent by the school children in eachME.

Inmodel 1, annual population-weighted concentration in residential
outdoorMEwas calculated usingmodelled PM2.5 concentrations. Popu-
lation grid centroids were used as residential addresses and number of
inhabitants as weights. The nearest modelled concentration of popula-
tion centroidwas used as exposure level in each grid cell. Model 2 incor-
porated residential and school outdoor exposures. School outdoor
exposures were computed using number of pupils as weights in each
school location and the nearest modelled concentration as exposure
level. For Athens and Treviso, school outdoor exposure was calculated
by multiplying residential outdoor exposure with the ratio of school to
residential outdoor exposure in Lisbon. Traffic exposure was calculated
bymultiplying residential outdoor exposurewith the traffic enrichment
factor determined for each city and was integrated to model 3.

Model 4 included outdoor and indoor exposures in residential areas,
and school indoor and outdoor exposures were further added to model
5. Outdoor-originated indoor exposure was calculated by multiplying
residential and school outdoor exposures with the infiltration factors
defined for each city. School indoor exposure with time spent in other
indoormicroenvironmentswas used to calculate other indoor exposure
in model 6, which included six MEs: (i) residential outdoor, (ii) school
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outdoor, (iii) residential indoor, (iv) school indoor, (v) other indoor and
(vi) traffic.
3. Results

Outdoor-originated annual particulate matter (PM2.5) exposures of
school children were assessed using six exposure models based on at-
mospheric chemical transport models, starting from residential based
outdoor exposures and adding complexity to the model in each step.
Relative bias in comparison to themost complexmodel was quantified.
Furthermore, bias and error in modelled PM2.5 concentrations were
evaluated.
3.1. Outdoor-originated fine particulate matter exposures

The annual residential outdoor exposures ranged from 4.5 μg/m3 in
Porto to 27.3 μg/m3 in Treviso representing well the high variability of
outdoor air pollution levels within the European region (Table 3). Tradi-
tional population weighting of residential outdoor concentrations
(model 1), lead on average to 26% higher exposure estimates in compar-
ison tomodel 6. Inmodels 2 and 3 the effect of spatial variability of out-
door school and traffic exposures modestly increased estimated
outdoor exposure levels by 3.1% and 5.0%, respectively, compared to
model 1. In comparison to outdoor air-based models, the numerical es-
timates dropped by up to 32% on average when adding infiltration to
themodels 4–6. Residential basedmodel (# 4) resulted in 14% lower ex-
posures compared to model 6. Spatial supplements to the models 5–6
increased exposure estimates by 8.7% and 16% in comparison to model
4. Accordingly, the underestimation in comparison to model 6
decreased.

In all cities,models relying on outdoor concentrations (#1–3) highly
overestimated the exposures in comparison tomodel number 6 results,
ranging from 3.5 μg/m3 in Porto to 21.7 μg/m3 in Treviso. In Kuopio, the
residential outdoor exposure overestimation (+49%) was the highest.
In South European cities overestimationwere smaller, but still consider-
able, ranging from+26% to+30%. Adding the school outdoor microen-
vironment (ME) (model 2) had virtually no effect on exposure level in
Kuopio (+0.2%), but it increased exposure estimates in the South by
1.5% to 3.2%. Traffic (model 3) increased the exposure estimateswith re-
spect to model 1 by 5.3% in Athens and Treviso, by 4.5% in Lisbon, by
2.8% in Porto, and by 1.4% in Kuopio.

Including infiltration (models 4–6) decreased residential outdoor
based exposure estimates by up to 32% in South European cities and
by up to 44% in Kuopio. In residential based model (# 4) exposures
were between 11% and 16% lower than the model 6 estimates. Adding
the school ME (model 5) increased exposure estimates in Athens,
Lisbon and Treviso (by 8.8%), in Porto by 6.8% and in Kuopio by 2.2%,
and decreased the underestimation of exposures, with respect to the
reference value (model 6).
Table 3
Annual outdoor generated PM2.5 exposures (μg/m3) calculatedwith sixmodels. City-specific an
(#6).

Athens Kuopio

μg/m3 (%) μg/m3 (%)

M1. Residential outdoor 19.7 (+26) 6.5 (+49)
M2. School outdoor + M1 20.3 (+30) 6.5 (+49)
M3. Traffic + M2 20.7 (+32) 6.6 (+51)
M4. Residential indoor + M1 13.4 (−14) 3.7 (−16)
M5. School (in + out) + M4 14.6 (−7) 3.7 (−15)
M6. Other in and traffic + M5 15.7 4.4

a Population size weighted five-city mean.
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3.2. Contribution of microenvironments on outdoor-originated PM2.5

exposures

School children were estimated to spent annually 87% of their time
indoors and 10% outdoors in Lisbon and other South European cities
(Athens, Porto and Treviso) (Fig. 2). In Finland school children spent
more time indoors (91%) and less time outdoors (5%) in comparison
to South Europe. Time spent in traffic was the same in all cities (4%).

The time spend in residential indoor ME contributed themost to the
school children's PM2.5 exposure originated from outdoors (55–59%).
School indoor contributions were 5–6% points greater in South Europe
(15–16%) and 13% of exposures occurred outdoors. In Kuopio outdoor
contribution was smaller (8%). Traffic contributed slightly less in
South Europe (6–7%) in comparison to Kuopio (8%). The contribution
of other indoor ME was higher in Kuopio (14%) than in the South
(8–9%). Even though outdoor and traffic exposure levels were up to
over 2 times higher in comparison to outdoor-originated indoor expo-
sures, the amount of time spent indoors makes indoor environments
the largest contributors to the estimated exposures.

4. Discussion

We assessed outdoor-originated annual fine particulate matter ex-
posures of school children in five European cities using six exposure
models. In comparison to the most complete microenvironmental
model (# 6; including residential and school in- and outdoor, other in-
door and traffic), the common use of residential outdoor PM2.5 concen-
trations resulted on average in 26% higher estimates. Time spent
indoors greatly reduced exposure to outdoor generated particles,
while adding school and traffic MEs increased the exposure estimates.
Most of the exposure to outdoor-originated PM2.5 occurred in
indoor MEs.

4.1. Estimation of bias and error in modelled PM2.5 concentrations and
implications on exposure, health impact assessment and epidemiology

Over all modelling domains there was on average minor positive
bias (0.9 μg/m3), slightly more variation in predicted concentrations
(underestimation of variance, UEV −2%) and modest random error
(2.0 μg/m3) (Table 4). In the city domains, Athens had the largest
mean bias (2.1 μg/m3) while in other cities bias was smaller
(0.1–0.3 μg/m3). Contrary to all station average, there was more varia-
tion in observed concentrations in individual city domains. The highest
UEV was in Kuopio (99%) where measurement stations were situated
within 1 km radius of each other and lead to negligible variation in pre-
dicted concentrations. Also in Treviso UEV of predictions was high
(51%), while in Athens (11%) and Lisbon (16%) the variations of pre-
dicted and observed concentrations were closest to each other. Highest
random errors between predicted and observed concentrations inmea-
surement station locationswas in Kuopio (2.7 μg/m3) and lowest in Tre-
viso (0.7 μg/m3). In Athens (1.8 μg/m3) and Lisbon random errors (2.1
μg/m3) were modest.
d combinedweighted exposure across all cities and relative bias (%) to the referencemodel

Lisbon Porto Treviso Averagea

μg/m3 (%) μg/m3 (%) μg/m3 (%) μg/m3 (%)

12.0 (+27) 4.5 (+30) 27.3 (+26) 15.7 (+26)
12.4 (+31) 4.6 (+32) 28.1 (+30) 16.2 (+30)
12.6 (+33) 4.6 (+34) 28.7 (+32) 16.5 (+32)
8.2 (−14) 3.1 (−11) 18.6 (−14) 10.7 (−14)
8.9 (−6) 3.3 (−5) 20.2 (−7) 11.6 (−7)
9. 5 3.5 21.7 12.5



Fig. 2. Time-activity and contribution of each microenvironment to outdoor-originated PM2.5 exposures of school children. Exposures are clearly dominated by indoor environments.
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The air quality modelling community traditionally uses a rich set of
parameters to characterize model performance, including mean and
fractional bias, and the corresponding error characteristics (Borrego
et al., 2008; Carslaw and Ropkins, 2012; Kukkonen et al., 2018). Inter-
estingly, the twomain uses of health related air quality data, health im-
pact assessment and epidemiology, have contrasting behaviour in
relationship to bias and random error.

Model bias is important in health impact assessments; any bias in
exposureswill be directly reflected in similar bias in estimates. In epide-
miological analysis, bias in exposure has much less significant role. As
the health data is observational, the magnitude of health effects associ-
ated with air pollution does not depend on any bias of the latter, even
though itmay lead to incorrect understanding of excess risk attributable
to unit exposures. However, while in health impact assessment random
error has no net effect on impact estimates, their detrimental effects in
epidemiological analysis are well known (even if less well acknowl-
edged): random error leads to regression attenuation, or bias towards
zero and thus underestimation of health responses associated with air
pollution (Berkson, 1950). As this regression attenuation effect is pro-
portional to relative standard error, the attenuation becomes more pro-
found at lower exposure levels. The traditional air quality model
evaluation parameters are barely used, probably also due to the chal-
lenges to propagate them through health effect analyses.

4.2. Uncertainties related to exposure models

People spendmost of their time indoors at homewhich considerably
lowers the exposure to outdoor-originated particles, but in the same
Table 4
Estimate of mean bias, random error and underestimation of variance between observed and

Athens Kuop

Monitoring stations n 6 3
Observed mean ± SD μg/m3 16.0 ± 4.1 6.5 ±
Predicted mean ± SD μg/m3 18.1 ± 3.7 6.6 ±
Mean bias (MB) μg/m3 2.1 0.1
Random error (RE) μg/m3 1.8 2.7
Underestimation of variance (UEV) % 11% 99%

a Limited data (n ≤ 2) for estimation.

6

timemakes homes themajorME contributing to overall PM2.5 exposure.
Besides building envelope, also time of the year and climate affect infil-
tration of outdoor particles indoors (Canha et al., 2017; Hänninen et al.,
2011; Taylor et al., 2014). In summer time and in warmer climate areas,
windows are likely kept open more and more time is spent outdoors,
leading to higher infiltration and exposures. These are also the reasons
for the highest overestimation of exposures in Kuopio. Due to colder cli-
mate in North Europemore time is spent inside and the particle infiltra-
tion rate indoors is lower in comparison to South. Thus better filtration
of outdoor air wouldmost likely have great impact on human exposure.
On the other hand, in cities that have high outdoor pollutant levels, pri-
marily mitigating pollution from local sources may be themost efficient
solution to reduce exposure to PM2.5.

Exposure estimates are sensitive to time-activity patterns, especially
if an individual or certain population groups spend significant amount
of time outdoors or indoors (e.g. elderly). This effect of lifestyle to the
personal exposure was studied in urban-traffic area near city centre of
Athens (Assimakopoulos et al., 2018). Personal exposures of pensioner
(2ndfloor) and student (4th floor)weremonitored in 15-day campaign
living in the same naturally ventilated building. The exposurewas lower
for pensionerwho spentmore than 90% of the time in residentialmicro-
environment in comparison to student who spent more time (around
40%) in other more polluted MEs. On average residential outdoor
PM2.5 concentrations were higher outdoors (24.2 μg/m3) than in
pensioner's 2nd floor flat (21.6 μg/m3) that was closer to trafficked
street compared to student's 4th floor flat (15.8 μg/m3). In seven other
ME's concentrations ranged from 10.6 μg/m3 in car to 126 μg/m3 in
café where smoking was allowed.
predicted (WRF-CAMx) PM2.5 concentrations in 17 measurement stations.

io Lisbon Porto Treviso Total

5 1 2 17
2.7 12.3 ± 2.1 5.1 27.5 ± 1.4 13.9 ± 6.9
0.0 12.6 ± 1.7 5.2 27.7 ± 0.7 14.8 ± 7.1

0.3 0.1 0.3 0.9
2.1 a 0.7 2.0
16% a 51% −2%
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Time-activity patterns in Kuopio differed from other cities and led to
different contributions of MEs to PM2.5 exposures. Same time-activity
data used for South European cities largely resulted in similar contribu-
tions. Nevertheless Lisbon survey results do not necessarily differ dras-
tically from time-activity patterns of school children of those in Greece
and Italy. Gatto et al. (2014) monitored time-activity patterns of five
children aged between 8 and 11 years in Rome during the spring and
summer/autumn campaigns in 2012, each lasting for 15 days. School
children spent on average 69% of their time in residences, 18% in
schools, 8% outdoors and 5% in other microenvironments including
buses, cars and gyms. The results were similar to our annual estimate
for time-activity patterns of school children in Lisbon, which was fur-
ther applied in Porto, Athens and Treviso. Also in Athens time-activity
patterns of students were found very similar to the ones of Lisbon.
Based on a small-scale (100 elementary school children) survey con-
ducted in the Athens metropolitan area during 2018–2019, children
spend on average 83% of their time indoors (66% in residences, 13% in
schools and 5% in other indoor ME), 8% in traffic and 8% outdoors
(Laskari, 2019).

Our results indicate that when health impacts are analysed in an ep-
idemiological study using outdoor pollution levels, the unit toxicitymay
be substantially underestimated. This is because the outdoor-originated
personal exposure is lower than outdoor concentrations due to major
fraction of exposure is happening in indoor ME where the concentra-
tions are lowered by infiltration. According to the most comprehensive
model (#6) considered here, the reduction of outdoor-originated expo-
sures and thus underestimation in particulate matter toxicity is on
average 21%.

True personal exposures indoors include also particles from indoor
sources, which were not considered in the current paper. Chen et al.
(2020) in their recent work observed that peak exposures in schools
due to indoor sources lead to 10% - 90% higher total exposures for stu-
dents, in comparison to outdoor levels. They further estimated that
37–89% of the personal exposure could result from indoor sources,
which become more dominant when outdoor air gets cleaner. Amato
et al. (2014) estimated that about half (47%) of the school children ex-
posures were originated from indoor sources. Unpaved playgrounds in
comparison to paved playgrounds, and windows oriented directly to
the street rather than to the interior block, were factors that increased
exposure to soil particles and road traffic emissions. In residences, the
role of indoor sources is usually lower. Azimi and Stephens (2020)
tested 4 scenarios to estimate total PM2.5 exposures in the United
States in 2012. They estimated that residential indoor exposure of out-
door origin was the largest contributor (40 to 60%) to the related mor-
tality (230−300k) followed by residential indoor generated sources
(20 to 40%). Outdoor concentrations of air pollutants are most often
used in epidemiological studies (Evangelopoulos et al., 2020), ignoring
exposures to indoor sources in air pollution health impact studies.
This also suggests, in addition to possibly underestimated unit toxicity
of outdoor-originated particles, that the overall health impacts are con-
sistently underestimated.

The choice of a transport mode (active vs. passive), vehicle window
position (closed vs. open) and ventilation settings are among factors
that affect the exposure levels which occur during commuting. Active
commuters route further away from the roads leads to lower exposure;
thus the route choice is an important parameter in the estimation of ex-
posure in traffic.When taking account the higher inhalation rates of cy-
clists or those who are walking, inhaled doses are commonly higher
among active commuters than passive commuters (Correia et al.,
2020). Adams et al. (2016) further demonstrated that inhaled dose dur-
ing walking trip (3.2 μg) for students was greater compared to cycling
(2.2 μg). Okokon et al. (2017) estimated that in three European cities
(Helsinki, Rotterdamand Athens) highest intakeswere found during bi-
cycle rides (24; 28 and 37 μg) in comparison to buses (8; 5 and 21 μg),
closed window (3; 5 and 6 μg) and open window car (7; 7 and 13 μg)
commuters.
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Here we assumed that exposure in traffic happens in outdoors or in
other words, all school children were actively commuting near roads
where pollution levels are higher than background levels. Although
the time school children spent in traffic was low, higher concentrations
during commuting increased the exposure estimates up to 5% (between
model 1 and 3) and up to 14% (model 4 and 6). Even though significant
amount of school children in reality are travelling in vehicle and their
exposures and inhaled doseswould be lower, the health benefits gained
during active commuting (Tainio et al., 2016) likely counterbalance the
differences in health impacts, and therefore neglecting the commuting
choice may not lead to bias in associated health impacts.

Time spent in traffic increased exposures most in the bigger cities
(Athens, Lisbon and Treviso) most likely due to higher traffic volumes.
Also the exposures in school locationswere higher in comparison to res-
idential areas and were relatively higher in bigger than in smaller cities
(Kuopio). This indicates that schoolswere located in areaswhere contri-
bution of traffic and other local sources were bigger.

4.3. Spatial and temporal resolution of modelled concentration data and
influence of age distributed population data

Use of a higher temporal resolution of the gridded concentration
data instead of annualmeans in exposuremodels, could have led to big-
ger differences between residential and school exposure estimates. Pop-
ulation level time-activity impacts PM2.5 exposures in some areas, for
example during peak traffic hour during morning and afternoon com-
mute and lower activity and corresponding concentrations especially
during the night while people are at home (Fig. S 1). Thus using hourly
concentrations correlating with the time-microenvironment activity,
most likely would have resulted in lower average concentrations in res-
idential areas, and higher in schools.

Spatial resolution of 1 kmused in thisworkwas reasonably accurate,
because school children spent most time close to home. Fagerholm and
Broberg (2011) showed for example that in Turku, Finland, over 50% of
the school children's activity happens within a radius of 0.5 km from
home. Even though it is shown that moving from coarser to finer reso-
lution have increasing effect on PM2.5 exposure and health impact esti-
mates especially in densely populated urban areas, improving model
resolution from 1 km to finer resolution does not necessarily always
lead to considerable change in results (Fenech et al., 2018; Jiang and
Yoo, 2018; Korhonen et al., 2019; Lehtomäki et al., 2020). The choice
of the modelling system (e.g. chemical transport model or satellite-
based estimates), differences in emission data and in methodology
when calculating health burdens may have greater impact to exposure
and health impact estimates (Ford and Heald, 2016). Also location of
the residence and school plays an important role, since in urban areas
PM2.5 concentrations originating from local sources are higher com-
pared to rural areas, thus resulting higher overall exposures (Fig. S 2).
Combining both spatially and temporally high resolution concentration
data with corresponding time-activity and spatial mobility data, could
potentially greatly improve exposure assessment accuracy of the
individuals.

In residential areas school children's exposures were assessed using
total population of Eurostat population grid (1 km2). To test whether
the exposure estimates were sensitive to age group specific
population-weighting, we calculated exposures for three age groups
(under 15, 15–64 and over 64 years old) in Kuopio with Statistics
Finland gridded population data, and found that there were no differ-
ences in exposures. Therefore, we assume that use of total population
to calculate school children's residential outdoor exposures did not re-
sult to any great bias in this work.

5. Conclusions

We created six models to alternative quantification of school
children's annual exposures to outdoor-originated atmospheric
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aerosols defined as fine particles, adding complexity of the model in
each step. Using our best exposure estimate (model 6) as a reference
point, relative bias of each model was quantified. The most important
factor affecting school children's exposure was infiltration of outdoor
particles to indoors.

The most common use of residential outdoor concentration as pop-
ulation exposure descriptor led to 26% higher exposure estimates on av-
erage in comparison to the most complex model (12.5 μg/m3), which
incorporated outdoor and indoor exposures of outdoor sources in resi-
dential areas and schools, other indoor and traffic microenvironments.
Adding spatial variability for schools and traffic increased exposures re-
lying only on residential outdoor concentrations (model 1) on average
by 3.1% and 5.0%, and when infiltration of outdoor particles indoors
was included (model 4) by 8.7% and 16%, reflecting higher exposures
in school and traffic microenvironments. Although outdoor exposure
levels of PM were up to 1.8 times and traffic exposures up to over 2
times higher in comparison to indoor microenvironments here we esti-
mated that 80–84% of the outdoor-originated PM2.5 exposure occurred
indoors.

Relying only on outdoor concentrations in assessment of outdoor
generated PM2.5 exposures leads to considerable overestimations. This
underlines the importance of incorporating time-activity, spatial mobil-
ity and infiltration of outdoor particles indoors as part of the exposure
assessment approach. In epidemiological assessments, overestimation
of exposure leads to underestimation of toxicity of outdoor-originated
exposures, which occur to a substantial extent indoors at lower levels
as demonstrated here. Ignoring infiltration variability also adds to ran-
dom exposure misclassification with similar implications for outdoor
epidemiological studies.
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