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Air pollution is a global threat to public health, especially when considering susceptible populations,
such as children. A better understanding of determinants of exposure could help epidemiologists in
reﬁning exposure assessment methods, and policy makers in identifying effective mitigation interventions. Through a participatory approach, 73 and 89 schoolchildren were involved in a two-season
personal exposure monitoring campaign of equivalent black carbon (EBC) in Milan, Italy. GPS devices,
time-activity diaries and a questionnaire were used to collect personal information. Exposure to EBC was
1.3 ± 1.5 mg/m3 and 3.9 ± 3.3 mg/m3 (mean ± sd) during the warm and the cold season, respectively. The
highest peaks of exposure were detected during the home-to-school commute. Children received most of
their daily dose at school and home (82%), but the highest dose/time intensity was related to transportation and outdoor environments. Linear mixed-effect models showed that meteorological variables
were the most inﬂuencing predictors of personal exposure and inhaled dose, especially in the cold
season. The total time spent in a car, duration of the home-to-school commute, and smoking habits of
parents were important predictors as well. Our ﬁndings suggest that seasonality, time-activity and
mobility patterns play an important role in explaining exposure patterns. Furthermore, by highlighting
the contribution of trafﬁc rush hours, transport-related microenvironments and trafﬁc-related predictors, our study suggests that acting on a local scale could be an effective way of lowering personal
exposure to EBC and inhaled dose of children in the city of Milan.
© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
Ambient and household air pollution are currently recognized
as one of the main public health concerns worldwide (WHO 2018a,
b). It does not affect the whole population in the same way; a larger
impact is reported in the most susceptible subgroups (Makri and
Stilianakis 2008). In particular, children are among the most
affected as they breathe closer to the source (i.e. exhaust pipes of
vehicles), they are generally more active than adults, present higher
respiratory and metabolic rates, and their immune system is not
completely developed (Bateson and Schwartz 2008). In the last
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decade, numerous studies suggested signiﬁcant associations between exposure to ambient air pollution and a broad spectrum of
adverse health effects in children (Perera, 2017; Rojas Rueda et al.,
2019). At the 2018 Global Conference on Air Pollution and Health,
the World Health Organization (WHO) has called on policy makers,
researchers and health practitioners to strengthen the actions to
protect children and enhance education on air pollution as a key
factor for improving health and quality of life (WHO 2018a, b).
This applies to Italy where more than 98% of children are
exposed to PM2.5 concentrations above the annual average
guideline value of 10 mg/m3 (WHO 2018a, b), and more speciﬁcally
to the Po Valley region, which is among the most densely populated, motorized, industrialized, and polluted areas in Europe
(EUROSTAT 2019; EEA, 2018). In this region, Greater Milan is the
biggest urban area, with approximately 3.2 million inhabitants.
Among the airborne contaminants black carbon (BC) represents

https://doi.org/10.1016/j.envpol.2021.116530
0269-7491/© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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primary ﬁne and ultraﬁne particles strictly linked with fossil fuel
and biomass combustion (U.S.EPA 2012). It can overcome human
membranes and reach the circulatory system, brain, and even the

fetal side of the placenta (Brockmeyer and D’Angiulli 2016; Bove
et al., 2019), operating as a carrier of harmful chemical components (Dachs and Eisenreich, 2000). Since it is well known as a
suitable marker to study the impact of air pollution on health
(Janssen et al., 2011), increasing the knowledge on personal exposure to BC has become a matter of interest to the public health ﬁeld.
For instance, through a better understanding of time-activity patterns, temporal variability, and determinants of exposure, policy
makers can more easily identify effective mitigation interventions,
while epidemiologists could produce more robust associations
with health outcomes (Caplin et al., 2019, Dons et al., 2011, Klepeis
et al., 2001). Khreis and Nieuwenhuijsen (2017) recently stressed
the need for more reﬁned exposure assessment methods to study
the impact of air pollution on children’s health by incorporating
time-activity and mobility patterns.
In recent years, several scientiﬁc contributions investigated
personal exposure of children to EBC, focusing especially on microenvironments (MEs) and activities (Buonanno et al., 2013, Jeong
and Park 2017; Rivas et al., 2016; Panella et al., 2016; Paunescu et al.,
2016), however, without comprehensively studying temporal patterns and without analysing predictors of personal exposure. This
contribution reports the ﬁndings from a two-season intensive
personal monitoring campaign carried out in the city of Milan
involving 73 and 89 schoolchildren during May/June 2018 and
January/February 2019, respectively. Each weekday, from 2 to 5
children were simultaneously monitored allowing the investigation
of within- and between-day variability. Seasonal linear mixedeffect models were developed highlighting the most important
predictors of the mean and peak (99th percentile) personal concentrations and estimated inhaled dose of BC, here presented as
equivalent BC (EBC; Petzold et al., 2013). With this study, we aim to
extend knowledge on personal exposure and inhaled dose of
schoolchildren to air pollution, and particularly BC, by focusing on
temporal patterns (both seasonal and daily), microenvironments
and possible predictors.

performed involving 8 to 9-year-old children who attended the
same school located in the north-western part of the city (Fig. 1).
The study area is characterized by a mid to high socioeconomic
background (Petsimeris & Rimoldi, 2015) and is affected by a major
access road into the city (A8 highway), with intense motorized
trafﬁc especially during the morning rush hour (>50,000 veh/day).
In general, in the Metropolitan area of Milan, air pollution is mainly
affected by trafﬁc and heating system sources (ARPA, 2018). In
particular, especially with regards to EBC, biomass heating systems
are important sources of air pollution, especially during winter
(Boniardi et al., 2019a; Hakimzadeh et al., 2020).
2.2. A participatory approach to involve teachers, schoolchildren,
and their parents in the research process
A two-module environmental education intervention was conducted in the selected elementary school. The design of the intervention was ﬁrst discussed with the Teaching Committee of the
school and planned accordingly. The two modules involved the
third-grade classes of the school during MarcheApril and
OctobereNovember 2018 and consisted of playful and experiencebased laboratories following the Investigation, Vision, Action,
Change (IVAC) methodology (Jensen and Schnack 1997). In particular, the ﬁrst module (Investigation, Vision) aimed at making
children familiar with the topic, and to investigate EBC in the
neighbourhood, while the second module (Action for Change) was
more focused on how our society can address air pollution issues.
The modules were deliberately performed just before the two
personal monitoring campaigns to increase the level of engagement and the chance to recruit active and aware volunteers. Given
this, the participation in the personal monitoring campaigns was
designed to be a fully-ﬂedged part of the intervention by asking
schoolchildren to become active researchers.
2.3. The design of the personal monitoring campaign
The two-season personal monitoring campaign was carried out
during spring 2018 (April, May and June) and winter 2019 (January
and February). Involved children were asked: 1) to wear a GPS,
model i-gotU GT600 (Mobile Action, Taiwan), 2) to complete a
time-activity diary (supplementary materials, S15) to collect information on their activities and locations, and 3) to wear a
shoulder bag equipped with a micro-aethalometer AE51 (Aethlabs,
San Francisco, CA) to measure personal exposure to EBC (supplementary materials, S16). To identify possible confounders and other
inﬂuencing variables, parents were asked to ﬁll in a questionnaire.
All the operations within the school were carried out in the former
inﬁrmary room of the school. Starting on Monday afternoon and up
to Thursday afternoon, each day, at 4 p.m., a group of 2e5 children
was enrolled in the study, wearing the equipped shoulder bag;
then, after the home-to-school commute of the very next day, between 8 and 9 a.m., children returned the shoulder bag. During the
afternoon meeting, children were trained on how to handle the
equipment during their personal monitoring: for instance, they
were asked to behave as on a normal day, wearing the shoulder bag
as long as possible, and always to leave it in their proximity; e.g.
when a child went swimming or performed other indoor sports, he/
she was instructed to leave the shoulder bag in the dressing room.
When involved in outdoor activities, children were instructed to
leave the equipment as close as possible in the outdoor environment. Moreover, children were warned on the importance of
leaving the equipment in an open environment (i.e. not locked in a
wardrobe) and with the inlet tube free from obstruction. In all
cases, the same information was also given to the parents. In
addition, a micro-aethalometer MA200 (Aethlabs, San Francisco,

2. Materials and methods
2.1. MAPS MI project: study design
This work is part of the Mapping Air Pollution in a School
catchment area of Milan (MAPS MI) project. This was a research
project consisting of three different stages: 1) the analysis and
modelling of the spatial distribution of EBC in the school catchment
area, conducted with a participatory approach (Boniardi et al.,
2019a); 2) an environmental education intervention to raise
awareness and involve schoolchildren, their teachers and parents
in the research process; 3) a two-season personal monitoring
campaign to study the exposure of schoolchildren and validating
previously developed Land Use Regression (LUR) models (Boniardi
et al., 2019b).
The proposal was approved by the ethical committee of the
University of Milan and the elementary school board. We informed
teachers, children, and their parents about the foreseen activities.
In particular, as required by the new General Data Protection
Regulation of the European Union (EU, 2016), children and their
parents were asked to sign three forms: 1) an informed consent
sheet about the project speciﬁcally prepared to be understood by
children; 2) an informed consent sheet about the project for parents or legal guardians; 3) a consent sheet to process personal data.
The entire project took place in Milan, Italy. Measurements were
2
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Fig. 1. Study area with an approximation of the home locations of the participants (dark red polygons) and the School (black building icon). In the small inset the study area within the city
of Milan is shown. For privacy, home locations were slightly moved from their real addresses. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to
the Web version of this article.)

necessary for only a few hours. Scatter plots of regression models
are reported in the supplementary materials (S1 and S2).

CA) was placed inside the former inﬁrmary room of the school
measuring EBC continuously.
2.4. 24-Hour exposure attribution
Each 24 h EBC personal monitoring period was reconstructed
beginning from midday of the ﬁrst day until midday of the second
day, as follows:

2.5. Micro-aethalometers and GPSs
Aethalometers are optical devices that estimate black carbon
concentrations by measuring the rate of attenuation (ATN) of a
beam of light, usually at a wavelength equal to 880 nm, through a
ﬁlter over which the sampled air is drawn. Concentrations are
ﬁnally derived by applying an assumed mass absorption crosssection (MAC) (Cheng and Lin, 2013). For this reason, BC estimated by the micro-aethalometer is referred to as equivalent black
carbon (EBC) (Petzold et al., 2013). The micro-aethalometer series
are commonly used in EBC personal monitoring assessments
because of their high portability, and adaptability according to
different scenarios. During the two monitoring campaigns, ﬁve
AE51s and one MA200 were used with the pump ﬂowrate set to
100 mL/s on a 60-s time resolution to deal with both durability and
high time resolution needs. Polyurethane sampling tubes,
approximately 15 cm long, designed to dissipate electrostatic
discharge from air passing through the tube were used.
The GPS devices used in this study were all i-gotU GT600 (Mobile Action, Taiwan), a highly portable device equipped with a SIRF
III GPS chipset, a built-in patch antenna, 20 channels, and a sensitivity of 159 dBm. In this study GPS data (300-s and 60-s time
resolution, respectively for warm and cold season) were used to
check and improve the quality of the reported time-activity diaries
(e.g. check timing of a car trip).

- From 12 p.m. to 4 p.m. of the ﬁrst day, the personal EBC concentration was estimated using the EBC concentration measured
by the MA200 device placed inside the former inﬁrmary room of
the school (4 h);
- From 4 p.m. of the ﬁrst day to 8.40 a.m. of the second day, the
personal EBC concentration was measured by the worn AE51
aethalometer (~16 h);
- From the 8.40 a.m. to 12 p.m. of the second day, personal EBC
concentration was estimated using the EBC concentration
measured by the MA200 (~4 h);
Due to technical issues, during the warm season, the site inside
the school was not monitored for about two weeks. To estimate the
missing EBC concentrations, we extrapolated hourly EBC concentrations from the urban background station operated by the air
quality network (AQN) of Milan (ID station 10283, via Ponzio 34/6 e
 Studi, ~6 km from the school)(Fig. 1). Hourly correction
Pascal Citta
factors ranged from 0.75 to 1.25. The latter were similar to the
regression slopes between the MA200 and the AQN site computed
for the available days. The same procedure was applied to the cold
season monitoring campaign as well, even if extrapolation was

3
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2.6. Data handling

ð t2

eBCMEi Dt
t1
 100
%BCMEi ¼ ð 1440

EBC raw data were post-processed by removing all the reported
errors, by smoothing with the Optimized Noise-reduction Algorithm (ONA) (Hagler et al., 2011), by applying correction factors to
account for differences between devices, and by correcting for the
loading effect of the particulate matter collected on the ﬁlter
(Virkkula et al., 2007). Besides, to keep the loading effect-related
bias as low as possible, ﬁlters were replaced every day, so that
each child corresponded with one individual ﬁlter. After the
application of the ONA algorithm, no negative values were found.
After that, the algorithm proposed by Virkkula et al. (2007) was
applied, only to the AE51s data. The compensation factor
kpersonal ¼ 0.007 was used following Good et al. (2017). Considering
all of this, the following algorithm for the calculation of BCcorrected
starting from the raw AE51s data (BCraw ) was applied:

eBC Dt

t0

A similar approach was also used to estimate the daily integrated dose. First, the ME-related dose ðDoseMEi Þ ðmg minÞ; was
estimated by multiplying each 1-min EBC concentration by an
activity-related ventilation rate (VRj ) value (U.S.EPA, 2009)(supplementary materials, S6), with j related to each activity performed
in the MEi , and in particular:
tð2

DoseMEi ¼

eBCMEi  VRj Dt

t1

Afterwards, each DoseMEi was used to calculate the contribution
of each ME (%DoseMEi ) when compared to the daily dose (Dose1440 )
by applying the following formula:

BCcorrected ¼ BCraw  ð1 þ ATN  0:007Þ  FIC
where FIC represents the regression slopes between MA200 and
AE51s EBC concentrations measured during the four intercomparison exercises conducted pre and post both seasonal monitoring
campaigns. These were performed by running all devices simultaneously and next to each other for about 24 h in a ﬁxed urban
background position. The MA200 was the device most recently
calibrated, so it was considered as the gold standard. Again, only
AE51s data were post-processed by applying ONA and Virkkula’s
algorithm applying compensation factors for ﬁxed sites. We applied
compensation factors kwarm-ﬁxed ¼ 0.0007 and kcold-ﬁxed ¼ 0.0054
respectively for the warm and the cold season, following Virkkula
et al. (2007). The ﬁnal FIC ranged from 0.78 to 1 (supplementary
materials, S3 and S4) and were calculated as the mean value between the pre- and post-monitoring intercomparisons.

%DoseMEi ¼

DoseMEi
 100
Dose1440

The information collected from the time-activity diary was
supplemented with a series of assumptions. Children started to
provide information once they left the school (4.30 p.m.), so no
information was available about activities at school. To deal with
this lack of information, we proﬁled a typical school day by asking
information from the teachers (supplementary materials, S5), and
then we applied this proﬁle to all the children. Also, the sleeping
period, deﬁned here as Home (sleeping), was assumed to be the
same for all children according to a previous study conducted in
Italy (Russo et al., 2007). Finally, the non-dimensional dose intensity related to each microenvironment (IMEi ), as already deﬁned
by Buonanno et al. (2012) was computed by using the following
formula:

%DoseMEi
%TimeMEi

2.7. Contribution of microenvironments to time, daily integrated
personal exposure, and dose

IMEi ¼

The information reported in the time-activity diary was manually cross checked with the GPS data to minimize possible
misclassiﬁcation. Then, each 1-min EBC concentration was associated to different locations and microenvironments attended by the
children as reported in the diary. The following microenvironments
(MEs) were assigned: a) Home (sleeping), i.e. the time spent at
home during sleeping time; b) Home (other activities), i.e. the time
spent at home, different from sleeping time; c) School; d) Indoor
(other), i.e. the indoor MEs different from School and Home; e)
Transportation, i.e. the total time spent in transport microenvironments not distinguishing between modes of transport and
including home-to-school commuting; f) Outdoor (other), i.e. all
those outdoor MEs different from transportation. For each child, the
time associated with each ME (TimeMEi ; min), was used to calculate
the fraction of daily time (1440 min) spent in each ME:

where %DoseMEi is the fraction of dose associated with the MEi,
while %TimeMEi is the fraction of daily time spent in the MEi.

%TimeMEi ¼

2.8. Meteorological variables
Wind speed data were collected from the nearest AQN station
(ID station 19005, piazza Zavattari, ~1 km from the school reference
site) (Fig. 1). The hourly atmospheric mixing layer height (hmixdia
in this paper) was extracted by the Emilia-Romagna Regional
Environment Protection Agency (ARPAE) from the Limited Area
Model Analysis (LAMA) data set. This is an initialized local analysis
obtained with the limited area model of the Consortium for Smallscale Modelling (COSMO) combining the operational analysis produced by the European Centre for Medium Range Forecasts
(ECMWF), as a ﬁrst guess, and observational Global Telecommunication System (GTS) data over the area. The mixing layer height
seasonal hourly boxplots and wind roses are given in the supplementary materials (S9, S14).

TimeMEi
 100
1440 min

Afterwards, the exposure to EBC associated to each ME in which
Rt
mg
the child spent time from t1 to t2, and computed as t12 BCMEi Dt (m
3 

2.9. Statistical analysis

min), was used to calculate the contribution of each ME (%BCMEi ) to
R 1440
BC Dt) by applying the
t0

R (R Core Team 2013) was used to manipulate and clean data, as
well as to perform the statistical analysis (Wickham et al., 2019;
Wickham, 2009; Bates et al., 2015: Barton, 2009). The non-

the daily integrated personal exposure (
following formula:

4
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3. Results

parametrical Mann-Whitney test was used to check differences
between seasons. Since our data were clustered by days, the
different components of the variance (between and within days)
were studied by developing an empty linear mixed model with
only the random effect intercept for each day. The Intra-Class
Correlation coefﬁcient (ICC) was computed as the ratio between
the random effect variance and the total variance, i.e. the sum of the
random effect variance and the residual variance. The result can be
interpreted as the proportion of the total variability explained by
between-days variability. Moreover, random-effect intercept
models were developed to investigate the inﬂuence of possible
explanatory variables on mean and 99th percentile personal
exposure, and inhaled dose. Response variables were log transformed to comply with linear modelling assumptions. All the tested
predictors are reported in the supplementary materials (S7). The
variables were collected from different sources and in particular: a)
general information variables (i.e. smoking habits of parents etc.)
and time-activity variables (i.e. transport mode during home to
school commuting) were extracted from questionnaires and timeactivity diaries; b) spatial variables were calculated using Quantum GIS (QGIS Development Team, 2016) based on schoolchildren’s
home addresses.
A forward stepwise procedure was used to select the predictors
and to build the ﬁnal models. Firstly, all the collected variables were
checked in a single-variable model and only those with p-value<0.1
and having an expected direction of effect were selected. Secondly,
we introduced the variables one by one in an empty model, starting
from the predictors with the highest effect on the Akaike Information Criterion (AIC) estimate. For each iteration, the new variable
was retained if the AIC of the new model signiﬁcantly decreased.
The signiﬁcance (p < .01) was tested by comparing the previousstep model AIC with the new model AIC, by means of Analysis of
Variance (ANOVA) test. Marginal and conditional coefﬁcients of
determination (R2m and R2c) were computed following Nakagawa
and Schielzeth (2013). The leave one out cross validation (LOOcV)
technique was used to test the performance of the models focusing
on Root Mean Square Error (RMSE) and R2. Multicollinearity was
checked with the variance inﬂation factor (VIF>5). Inﬂuential observations were checked by means of the Cook’s distance estimate
with a threshold equal to Q3þ3  IQR where Q3 is the third quartile
of the estimated values and IQR their interquartile range (Loy and
Hofmann, 2014). When necessary, the observations were discarded, models were checked, and predictors removed if their p
value was >0.1.
In one case, an observation of potential inﬂuence close to the
Cook’s D threshold was maintained as it was evaluated to be in the
range of expected values and representing important information
for the explanatory capacity of the model. Finally, residuals were
investigated to check for homoscedasticity and normality.

3.1. General characteristics of the sample
Altogether, 128 children from 6 third-grade classes (age
8e9 yrs), as well as their parents and teachers were involved in the
environmental education intervention. Out of these children, 85
(66%) and 109 (85%) expressed their interest to be involved in the
warm and cold season personal monitoring campaigns, respectively. In the supplementary materials, ﬁgure S8 shows the sample
ﬂow chart with exclusion criteria. In particular, a few children did
not conﬁrm their participation due to illness or without explicit
reason (n ¼ 3, n ¼ 11 in the warm and cold season, respectively),
others were excluded from the analysis due to instrumental issues
(n ¼ 6, n ¼ 1) or lack of information on MEs (n ¼ 3, n ¼ 8). The
analysis ﬁnally involved 73 and 89 children, and among them, 65
children participated in both monitoring campaigns. Either way,
females were the most represented; children with parents who
smoke were close to a third of the sample; gas cookstoves represented the most prevalent type of facilities for cooking; and children mostly lived less than 1 km away from the school (Table 1).
Moreover, the time-activity pattern showed that children spent
most of their time at home, while only a small fraction of them
frequented other outdoor environments (i.e. public parks, sport
facilities etc.). The average time spent in transport was similar for
both seasons (~47 min), and a signiﬁcant fraction of time was spent
in cars (about 20 min) (S7). Cooking time was on average about
25 min. Regardless of the season, children mostly went to school on
foot (~50%), but a signiﬁcant number of them were transported by
cars (~30%). Other modes of transport, mostly equally represented,
were bus, bicycle, motorcycle, and subway. Finally, on average
children were living on the 3rd ﬂoor, they were located near streets
with more than 20,000 vehicles per day and with a Sky View Factor
(SVF, portion of visible sky computed in a circular buffer of radius
equal to 25 m around children’s home) of 0.55, indicating a dense
urban environment with street canyons (Middel et al., 2018).

3.2. Personal exposure to EBC and estimated inhaled dose
In Table 2, an overview of the descriptive statistics of personal
exposure to EBC is given (Table 2). The mean ± SD personal EBC
concentrations in the cold season were 3.9 ± 3.3 mg/m3, a 3-fold
higher than in the warm season (1.3 ± 1.5 mg/m3), while it was
2.8 mg/m3 (range: 0.2e11.9 mg/m3) when considering overall data.
The total variability of the mean personal EBC concentration was
mostly explained by the between-day component of variance for
both the warm (80%, 95% CI: 65e90%) and the cold season (93%, 95%
CI: 88e97%). When considering the 99th percentile (representative
of peak exposure), the between-day variability explained respectively 33% (95% CI: 30e60%) and 86% (95% CI: 76e93%) of the total
variability. Regardless of seasonality, transportation was the ME

Table 1
Overall characteristics of the participating children.
Variables (abbreviation)

Unit, statistics

Warm

Cold

Number of participants
Gender
Age
Parental education
Gas cookstoves
Biomass heating system
Number of children going to school on foot
Distance between home and school

n
n (%), Female
years, mean ± SD
n (%), University degree
n (%)
n (%)
n (%)
meters (m), mean ± SD

73
42 (58)
8.5 ± 0.7
55 (75)
68 (93)
1 (1)
38 (52)
855 ± 700

89
46 (52)
9 ± 0.5
69 (78)
72 (81)
1 (1)
47 (53)
892 ± 613

5
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Table 2
Statistics of the seasonal and overall personal EBC concentrations (mg/m3) according to the different microenvironments (MEs). Personal EBC concentrations are presented as
median, range, arithmetic mean (AM), standard deviation (SD), and geometric mean (GM).
MEs

Warm

Cold

Personal EBC (mg/m3)

Personal EBC (mg/m3)

n
Home (other activities)
Home (sleeping)
School
Indoor (other)
Transportation
Outdoor (other)
24h exposure
a
b
c

c

73
73
73
34
73
17
73

Median
a

1.2
0.9a
1.2a
1.2a
2.2a
0.9a
1.1a

b

Overall
Personal EBC (mg/m3)

Range

AM (SD)

GM

n

Median

Range

AM (SD)

GM

nc

Median

Rangeb

AM (SD)

GM

0.4e4.4
0.3e3.3
0.4e3.7
0.4e3.8
0.1e22.5
<0.1e3.4
0.3e4.6

1.4
1.1
1.4
1.3
3.5
1.1
1.3

1.2
0.9
1.2
1.2
2.2
0.8
1.2

89
89
89
52
89
15
89

2.7
3.6
3.3
2.0
4.1
3.0
3.2

0.2e11.5
0.2e12.8
0.2e12.7
0.1e6.4
0.2e22.9
0.1e11.4
0.2e12.9

3.2
4.3
3.9
2.3
5.7
3.3
3.9

2.4
3.0
2.9
1.6
3.8
2.5
2.8

162
162
162
86
162
32
162

1.7
1.5
1.9
1.6
3.2
1.2
1.7

0.3e10.5
0.3e11.7
0.2e11.8
0.1e6.0
0.1e22.7
<0.1e8.8
0.2e11.91

2.4 (2.9)
2.8
2.8
1.9
4.7
1.8
2.8 (3.0)

1.8
1.8
1.9
1.4
3.0
1.9
1.8

(2.0)
(0.6)
(0.8)
(0.9)
(5.1)
(0.9)
(1.5)

b

(3.3)
(3.2)
(2.9)
(1.8)
(7.2)
(2.3)
(3.3)

tested differences between warm and cold personal EBC concentrations: p-value always <.001.
computed as 1 st and 99th percentile.
Number of children.

 Studi, ~6 km from the school) EBC concentrations. Data are presented
Fig. 2. Time trend of daily personal and AQN background site (ID station 10283, via Ponzio 34/6 e Pascal Citta
as warm and cold season median values (black line) and Inter Quartile Range (IQR) (red-shadowed area). (For interpretation of the references to colour in this ﬁgure legend, the
reader is referred to the Web version of this article.)

AQN background site data, except for the steepness of peaks during
the home-to-school (~8 a.m.) and school-to-home (~4 p.m.)
commuting, especially during the warm season, and the presence
of an evening peak of concentrations during the cold season that
was detected only by the AQN site (Fig. 2).
The same seasonal pattern was found for the inhaled dose, with
average values of 14.0 mg/day (range: 6.5e23.7 mg/day) and 39.2 mg/
day (range: 5.6e83.9 mg/day) during the warm and the cold season,
respectively. The overall mean inhaled dose was 27.8 mg/day (range:
5.6e79.7 mg/day). Finally, the between-day variability explained
78% (95% CI: 62e89%) and 93% (95% CI: 87e97%) of the total variability of the inhaled dose for the warm and cold seasons,
respectively.
Considering the correlation between mean personal EBC

linked with the highest mean and maximum personal EBC concentrations, while the lowest were related to Outdoor (other) and
Indoor (other) MEs during the warm and the cold season,
respectively.
In Fig. 2, the time trends by season of EBC concentrations
measured by the AQN background site (ID station 10283) and by
children are shown. A strong within-day variability was found with
Morning Rush Hour represented the most critical daily timewindow for EBC concentrations. Lowest values were generally
detected during the afternoon and the night. However, during the
cold season, an evening and night-time increment for both personal exposure and AQN site data was observed occurring together
with the lowest detected mixing height (supplementary materials,
S9). Trends were generally similar between personal exposure and
6
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Fig. 3. Bar plots of the seasonal mean contribution (%) of different MEs to the daily time (time), daily integrated personal exposure (expo), and inhaled dose (dose). The numbers
inside the boxes represent the relative contribution of MEs as percentage. Contributions <2% are not reported. Summary statistics of the relative contributions are reported in the
supplement (S7).

concentrations (models III and IV), the most predictive variables
were the time spent in a car (23%), the time spent in home to school
commuting (Time_homeschool, 5.5%), and the presence of parents
who smoke (4.8%) for the warm season, while again the mixing
layer height (24.3%), the time spent in home to school commuting
(3.2%), and the presence of parents who smoke (0.9%) were most
predictive for the cold season. Finally, regarding EBC inhaled dose
(models V and VI), the most explicative covariates were wind speed
(33.3%), time spent in a car (4.1%), and time spent at home
(Time_home, 1.4%) for the warm season, while the mixing layer
height (52.9%), the time spent in outdoor environment (Time_outdoor, 1.6%), time spent at home (0.5%), the presence of parents
who smoke (0.4%), and the height of the home (0.2%) were most
explicative for the cold season. Residuals complied with the
normality assumption (Shapiro-Wilk test always >0.05), while a
visual inspection of the studentized residuals versus the ﬁtted
values did not reveal homoscedasticity-related issues. The RMSE of
the models were 2e5 times lower than the log-transformed standard deviations of the original data. The cross validation showed an
R2 ranging from 0.25 to 0.63, and higher RMSE if compared to the
models, but lower than the standard deviations of the logtransformed original data.

concentration and inhaled dose, Pearson’s r was 0.95 for the warm
season and 0.98 for the cold season.
3.3. Contribution of MEs to time, daily integrated personal
exposure, inhaled dose, and dose intensity
Fig. 3 shows the mean relative contribution of different MEs on
daily time, daily integrated personal exposure, and inhaled dose.
Summary statistics of both absolute values and relative contributions, as well as the results of the Mann-Whitney test for seasonal
differences are reported in the supplementary materials (S10eS11).
In particular, Home and School were always the main contributors,
together accounting for 92%-86%e77% of the total daily time, personal exposure and inhaled dose in the warm season, and 92%92%e85% in the cold season. Seasonal differences in time-related
pattern were found only for the total time spent in Outdoor
(other) and Indoor (other) MEs that were respectively the lowest
and the highest during the cold season. The relative contribution of
Home (sleeping) on the personal exposure was signiﬁcantly higher
in the cold season, while it was the opposite for Home (other activities), Outdoor (other) and Transportation. The relative contribution on total inhaled dose was signiﬁcantly higher during the
cold season when considering Home (sleeping) and School, while it
was the opposite for Home (other activities), Outdoor (other) and
Transportation. Finally, regardless of seasonality, Transportation
and Outdoor (other) MEs strongly increased their inﬂuence when
passing from time to personal exposure and inhaled dose, showing
the highest dose/time intensity (supplementary materials,
S12eS13).

4. Discussion
4.1. Participation, personal exposure to EBC, and dose
The participatory approach helped us to reach a high level of
engagement, with a higher number of participants (þ28%) in the
second monitoring campaign compared to the ﬁrst one. This higher
response rate was probably due to: 1) the increasing level of
engagement following the playful laboratories that were specifically planned right before the two monitoring periods, and 2) the
positive experience of the ﬁrst monitoring campaign and the
following word of mouth among children and parents.
The overall personal EBC concentration (median ¼ 1.8 mg/m3)
was comparable to the one reported by Donaire-Gonzalez et al.
(2018) for 42 schoolchildren living in the industrial city of Sabadell, Spain (median ¼ 1.7 mg/m3), but it was higher than the one
measured by Rivas et al. (2016) for 53 children in Barcelona
(median ¼ 1.1 mg/m3).
In our study, we observed a strong seasonal contrast that was
not found in literature: for instance, Paunescu et al. (2016) involved
98 schoolchildren in Paris, and found a geometric mean of EBC
equal to 1.16 mg/m3 and 1.64 mg/m3 during warm and cold seasons,
respectively. This is probably associated to the peculiar meteorology of the Po valley region. Indeed, during the cold season, the
whole area experiences frequent stagnation events with thermal
inversions, low atmospheric mixing layer heights, and consequent
increases of air pollution concentrations (Caserini et al., 2017; EEA,

3.4. Seasonal predictors of personal exposure to EBC and inhaled
dose
Table 3 shows a summary of selected parameters for the six
seasonal linear random intercept models. All potential predictors
are reported in Table S7, together with their description and basic
statistics. Altogether, the models explained from 71% up to 94% of
the total variability (R2c) of personal exposure to EBC and inhaled
dose. When focusing on the marginal effects of the explanatory
variables (R2m), cold-season models were always the most explicative, except for the p99 warm-season model. In particular, when
focusing on mean personal EBC concentrations (models I and II),
the most predictive covariates (%R2m) were wind speed (Wind_speed, 41.7%), the time spent in a car (Time_car, 2.9%), the presence
of parents who smoke (Smoke_parents, 1.7%), and the height of the
home (Home_height, 0.6%) for the warm season, while the atmospheric mixing layer height (Hmixdia, 61.8%), the presence of parents who smoke (0.5%), and the distance of the house to the nearest
road with trafﬁc (Home_distance, 0.5%) were most predictive for
the cold season. With regards to the 99th percentile personal EBC
7
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Table 3
Summary of parameters of the personal EBC mean concentrations, p99, and inhaled dose mixed-effect regression models. Only parameters of the selected covariates are
shown.
Personal EBC mean

Personal EBC p99

Potential inhaled dose

Warm (I)

Cold (II)

Warm (III)

Cold (IV)

Warm (V)

Cold (VI)

R2ca
R2 m a
R2 LOOCVa
a

RMSE
RMSE LOOCV a
VIFa
Tot observations
Tot groups (days)

0.82
0.47
0.38
0.10
0.20
1.06
66
18

0.94
0.63
0.61
0.13
0.39
1.03
85
21

0.71
0.33
0.28
0.21
0.38
1.14
65
18

0.90
0.28
0.37
0.14
0.39
1.01
87
22

0.82
0.39
0.25
0.10
0.22
1.07
66
18

0.92
0.56
0.60
0.12
0.32
1.02
76
19

estimate (95% CI)

estimate (95% CI)

estimate (95% CI) estimate (95% CI) estimate (95% CI)

estimate (95% CI)

Intercept

0.56 ** (0.45; 1.37)

13.26 *** (9.57; 16.95)

0.91 *** (0.69;
1.14)

13.82 *** (10.02; 17.59)

6.38 *** (2.94;-1.56)

Hmixdia
Wind_speed
Time_home

0.76 ** (1.11;-0.42)

7.81 *** (3.96;
3.14*** (2.70; 3.49)
11.66)
2.52 ** (4.17;0.86)
0.68** (1.06;-0.027)
3.35  104 (8.14  104;5.57  105)

Time_outdoor
Time_car

0.0017 **
(1.77  104;0.0031)

Time_homeschool
Smoke_parents

0.080 * (0.010; 0.15)

Home_height

0.0044 (0.0087;1.59  104)

Home_road_distance
*p < .05, **p < .01, ***p < .001.
a
R2c ¼ conditional R2, R2f ¼ marginal R2, R2

0.088 * (0.0098; 0.17)

0.0096 ***
(0.0058; 0.013)
0.016 * (0.0011;
0.012 ***
0.032)
(0.0062; 0.018)
0.21 * (0.054; 0.36) 0.11 ** (0.030;
0.19)

1.85 *** (2.56;-1.14)

5.61  104 (0.0011;1.55  106)
0.16 **
(0.058; 0.26)

0.0018* (7.97  104;0.0039)

0.077 (0.0023; 0.15)

0.0024 * (0.0045;3.08  104)

LOOCV

¼ R2 of the leave one out cross validation, VIF ¼ highest Variance Inﬂation Factor, RMSE ¼ Root Mean Square Error.

2018) (supplementary materials, S9 and S14). This ﬁnding is
conﬁrmed by the high winter personal EBC concentration
(median ¼ 3.8 mg/m3) found by Buonanno et al. (2013) in 103
schoolchildren living in a similar environment (Liri valley) (ARPA
Lazio, 2009). Given this picture, it is likely that meteorological
variables are the main cause of the overwhelming contribution of
the between-day component of variance on the total measured
variability of personal EBC concentration.
Moreover, the correlation between average personal exposure
and dose was very high (Pearson’s R ¼ 0.95 and 0.98). This result
was expected since only a very small percentage of time was spent
for those activities (transportation, sport etc) that could signiﬁcantly increase the intake of air pollution. However, this could also
be a consequence of the simpliﬁcation we made by using standard
ventilation rates and a small set of activities.

AQN background site than the personal exposure data (Fig. 2)
suggesting that outdoor EBC can only partially ﬁlter into indoor
environments. On the contrary, the transportation related contribution was very small if considering time (3%), but much higher
when focusing on exposure (7%) and dose (11%). The signiﬁcant role
played by transportation, especially focusing on peaks of exposure
and dose (Fig. 3, supplementary materials S12eS13), is due to the
proximity to the trafﬁc source and the high ventilation rate associated with active modes of commuting (Zuurbier et al., 2009; Int
Panis et al., 2010). These ﬁndings stress the urgency of mitigation
actions to reduce trafﬁc-related air pollution in the city of Milan.
Finally, the lowest contributions and EBC concentrations were
generally linked to indoor (other) and outdoor (other) MEs. This can
be explained by the very restricted amount of time that children
spent in these MEs, and by the time span of attendance that corresponded to the least critical daily time-window for EBC concentrations (late afternoon, Fig. 2).

4.2. MEs contribution and dose intensity
4.3. Predictors of personal exposure to EBC and inhaled dose

In our study, the relative contribution of School and Home MEs
to the daily integrated personal exposure to EBC (Fig. 3) is higher
compared to previous studies. We found that school and home MEs
contributed 58% and 34% to the personal exposure, while this was
50% and 32% in Barcelona (Rivas et al., 2016), and 50% and 22% in
Seoul (Jeong and Park 2017). This is probably linked to the greater
portion of time that our children spent in these environments.
Additionally, a night-time peak was observed in Milan in the cold
season. This phenomenon was likely linked to the combined action
of trafﬁc and heating system sources, as well as to the strong
nocturnal thermal inversion that often occurs in the area (Vecchi
et al., 2007), favouring the accumulation of pollutants in the
lower layers of the atmosphere. This trend appears stronger for the

Our most performant models were those focusing on mean
exposure and dose for the cold season. In these cases, the great
majority of the measured (or estimated) variability was explained
by meteorological variables, and especially by the mixing layer
height (hmixdia). This variable was reported to be one of the most
important determinants of ambient concentrations of particulate
matter (Miao et al., 2019), especially in the Po valley region (Bigi
and Ghermandi 2016). Previously, Weichenthal et al. (2008), analysing personal exposure to ultraﬁne particles in transport microenvironments, found a strong collinearity between mixing layer
height and wind speed, ﬁnally taking the latter in their regression
8
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attending the same school and living in the same area in Milan, in
two seasonal monitoring campaigns lasting 5 weeks per season. It
is possible that this intensive study design helped us in lowering
the bias linked to the temporal and spatial variability that likely
occur in similar experiences.
Our study has some limitations. For instance, we monitored only
one working day for each season per child, and this may not be fully
representative of the personal exposure proﬁle. The study focused
on a single pollutant, EBC, especially linked with trafﬁc and biomass
combustion; this conﬁnes the representativeness of the study to
personal exposure to combustion-related air pollution. To deal with
the lack of School EBC concentration data during the warm season,
a signiﬁcant number of EBC extrapolations have been made. By
estimating about 14% of overall data, it is likely that an error was
introduced, although the procedure we used to estimate missing
data should have limited its magnitude. The monitor used to
attribute EBC for each child while at school was placed in a room at
ground level, while classrooms were located at the ﬁrst ﬂoor.
However, in all cases, windows overlooked the same courtyard
reducing possible biases linked to the proximity of trafﬁc. Moreover, some assumptions to complete the 24-h monitoring periods
were made; in particular, time spent at the playground during
school time was not considered, and an equal period of sleep was
attributed to all the children due to lack of information in the timeactivity diary. Especially focusing on the lack of data about the time
spent in the playground, it is likely that in our study we underestimated personal EBC concentrations (and inhaled dose) during
school-time since higher concentrations usually occurred outdoors,
especially during the cold season, and children likely have higher
ventilation rates there compared to activities inside school. Finally,
most selection bias was avoided, as the recruitment of volunteers
after the educational intervention reached an overall response rate
of 77%, so it is likely that the sample was representative of the study
area.
A possible next step for this kind of research should be diversifying the engaged schoolchildren and the study areas trying to be
more representative of different socio-economic backgrounds. Besides, it would be interesting to investigate personal exposure of
children using a sociological approach, by involving more closely
children’s parents and studying how their perceptions, knowledge
and daily routines affect their children’s exposure (Da Schio, 2020).
Moreover, to study more in depth the determinants of exposure
variability on a local scale, more efforts should be made in the
attempt to disentangle the contribution of possible predictors from
the overwhelming effect of meteorology by maximizing the withinobservations variability and lowering the inﬂuence of regional and
urban air pollution background. These next steps could help identifying new pathways toward more effective mitigation
interventions.

analysis. Similarly, in our work the mixing layer height and wind
speed were collinear, but only during the cold season (R > 0.8).
However, since in this case the ﬁrst was the most predictive, wind
speed was not retained.
According to our ﬁndings, dose-related models were similar to
the mean exposure models, except for the signiﬁcant role played by
the time spent at home (Time_home) and the time spent outdoor
(Time_outdoor). They both suggest that the longer children stay
outdoors, the more they increase their daily EBC dose. This is
reasonable if we consider that children in outdoor MEs were
involved in activities which imply high ventilation rates. Other
important predictors that explained mean exposure and inhaled
dose were the height of the home (Home_height) and its distance
to the nearest road (Home_distance). This is probably linked to the
peculiar atmospheric conditions that do not allow the dispersion of
pollutants and thus increase the impact of local sources, such as
trafﬁc in proximity of the buildings.
Furthermore, in our study transportation-related variables were
important predictors too, explaining the 99th percentile of personal
EBC concentration. In this regard, it is important to highlight that
peaks of exposure are particularly interesting when considering the
trigger role that they can play on short-term health effects (Zhou
et al., 2017). In particular, the important role played by the total
time spent in a car (Time_car) was expected, since it is known that
transportation MEs are more likely to cause peaks in personal
exposure (Dons et al., 2019) and car trips may have a higher impact
on personal EBC concentrations (De Nazelle et al., 2017; Dons et al.,
2012). Additionally, the role of the time spent for home-to-school
commuting (Time_homeschool) appears important as well, also
pointing out the critical impact of trafﬁc rush hours on children
personal exposure to EBC. Finally, it is important to highlight that
although we tested different transport-related variables, including
time spent walking and other modes of home-to-school
commuting, only the time spent in a car entered the models and
was signiﬁcantly linked to an increase of personal EBC concentration, especially when considering the warm season. These ﬁndings
indicate that mitigation actions to reduce children’s exposure to air
pollution could focus on designing low-trafﬁc home-to-school
routes, and on promoting the use of non-motorized modes of
transport. Moreover, our models conﬁrm that environmental tobacco smoke (ETS) still is a matter of concern with regards to the
health of children (Winickoff et al., 2009; Roberts et al., 2017).
In general, since in our dataset the between-day component of
variance was much higher than the within-day variance, the
overwhelming impact of meteorological variables was expected.
These ﬁndings suggest that air pollution contributions from longrange transport and the urban background play a fundamental
role in determining personal exposure to EBC in Milan. Furthermore, since temperature inversions and stagnation events in the Po
valley are projected to increase due to climate change (Caserini
et al., 2017), a drastic reduction of emissions is needed, and this
calls for ambitious policies toward environmental protection in
Northern Italy. Besides, to better understand the impact of local
scale predictors, researchers should focus on how to maximize
variability between participants and at the same time lowering the
impact of urban and regional air pollution background, and timerelated variability inside the sample.

5. Conclusion
In summary, our study aimed at extending knowledge on personal exposure and inhaled dose of schoolchildren to air pollution,
and particularly EBC by focusing on seasonality, MEs and possible
predictors. Our ﬁndings suggest that seasonality is linked to
different patterns of personal exposure and dose, and especially to
a different contribution of microenvironments. Mixed-effect
models indicate that predictors vary depending on season and
type of response variable (i.e. mean or peak exposure, or inhaled
dose). In general, meteorological variables played a fundamental
role in explaining variability, probably masking the real impact of
other (local) predictors. Nevertheless, home location, transport and
ETS-related predictors entered the model as well, suggesting that
these variables could be important to reﬁne exposure assessment

4.4. Strengths, limitations, and further research
In our study a wide range of covariates was tested to explain
schoolchildren’s personal exposure to EBC, including meteorological conditions, trafﬁc, personal behaviour, home characteristics,
and family habits. Moreover, a special focus on seasonal patterns
was given. This was achieved by recruiting schoolchildren
9
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methods in epidemiology. Besides, our ﬁndings suggest that
maximizing variability between participants, lowering timerelated variability inside the sample, and disentangling local and
background air pollution, could help to better inform the effect of
local mitigation actions. However, by highlighting the role of trafﬁc
rush hours and transport-related microenvironments on personal
exposure, as well as by pointing out the role of home-to-school
commuting in explaining peak exposure, our study suggests that
reinforcing trafﬁc-mitigation policies on a local scale could be an
effective strategy to lower personal exposure to EBC and inhaled
dose of children in the city of Milan.

role of neuroinﬂammation. Transl. Neurosci. 7, 24e30. https://doi.org/10.1515/
tnsci-2016-0005.
Buonanno, G., et al., 2012. Individual dose and exposure of Italian children to ultraﬁne particles. Sci. Total Environ. 438, 271e277. https://doi.org/10.1016/
j.scitotenv.2012.08.074.
Buonanno, G., et al., 2013. Children exposure assessment to ultraﬁne particles and
black carbon: the role of transport and cooking activities. Atmos. Environ. 79,
53e58. https://doi.org/10.1016/j.atmosenv.2013.06.041.
Caplin, A., Ghandehari, M., Lim, C., et al., 2019. Advancing environmental exposure
assessment science to beneﬁt society. Nat. Commun. 10, 1236. https://doi.org/
10.1038/s41467-019-09155-4.
Caserini, S., et al., 2017. Inﬂuence of climate change on the frequency of daytime
temperature inversions and stagnation events in the Po Valley: historical trend
and future projections. Atmos. Res. 184, 15e23. https://doi.org/10.1016/
j.atmosres.2016.09.018.
Cheng, Y.H., Lin, M.H., 2013. Real-time performance of the microAeth® AE51 and
the effects of aerosol loading on its measurement results at a trafﬁc site. Aerosol
Air Qual. Res. 13 (6), 1853e1863. https://doi.org/10.4209/aaqr.2012.12.0371.
Da Schio, N., 2020. Self-portraits of personal exposure to air pollution: on where
and when people are exposed, and on why it is difﬁcult to avoid. Hum. Ecol. 48,
4. https://doi.org/10.1007/s10745-020-00176-y.
Dachs, J., Eisenreich, S.J., 2000. Adsorption onto aerosol soot carbon dominates gasparticle partitioning of polycyclic aromatic hydrocarbons. Environ. Sci. Technol.
34, 3690e3697. https://doi.org/10.1021/es991201.
De Nazelle, A., et al., 2017. Comparison of air pollution exposures in active vs.
passive travel modes in European cities: a quantitative review. Environ. Int. 99,
151e160. https://doi.org/10.1016/j.envint.2016.12.023.
Donaire-Gonzalez, D., et al., 2019. Personal assessment of the external exposome
during pregnancy and childhood in Europe. Environ. Res. 174, 95e104. https://
doi.org/10.1016/j.envres.2019.04.015.
Dons, E., et al., 2011. Impact of time-activity patterns on personal exposure to black
carbon.
Atmos.
Environ.
45,
3594e3602.
https://doi.org/10.1016/
j.atmosenv.2011.03.064.
Dons, E., et al., 2012. Personal exposure to Black Carbon in transport microenvironments.
Atmos.
Environ.
55,
392e398.
https://doi.org/10.1016/
j.atmosenv.2012.03.020.
Dons, E., et al., 2019. Transport most likely to cause air pollution peak exposures in
everyday life: evidence from over 2000 days of personal monitoring. Atmos.
Environ. 213, 424e432. https://doi.org/10.1016/j.atmosenv.2019.06.035.
European Environment Agency (EEA), 2018. Air Quality in Europe. Available online,
last access 04/2020. https://www.eea.europa.eu/publications/air-quality-ineurope-2019.
European Union (EU), 2016. General Data Protection Regulation (GDPR), 2016/679/
EU. Available online, last access 04/2020. https://eur-lex.europa.eu/eli/reg/2016/
679/oj.
EUROSTAT, 2019. Statistic Explained. Available online, last access 04/2020. https://
ec.europa.eu/eurostat/statistics-explained/index.php?title¼Main_Page.
Good, N., et al., 2017. An accurate ﬁlter loading correction is essential for assessing
personal exposure to black carbon using an Aethalometer. J. Expo. Sci. Environ.
Epidemiol. 27, 409e416. https://doi.org/10.1038/jes.2016.71.
Hagler, G.S.W., et al., 2011. Post-processing method to reduce Noise while preserving high time resolution in aethalometer real-time black carbon data. Aerosol
Air Qual. Res. 11, 539e546. https://doi.org/10.4209/aaqr.2011.05.0055.
Hakimzadeh, M., et al., 2020. The impact of biomass burning on the oxidative potential of PM2.5 in the metropolitan area of Milan. Atmos. Environ. 224, 117328.
https://doi.org/10.1016/j.atmosenv.2020.117328.
Int Panis, L., et al., 2010. Exposure to particulate matter in trafﬁc: a comparison of
cyclists and car passengers. Atmos. Environ. 44, 2263e2270. https://doi.org/
10.1016/j.atmosenv.2010.04.028.
Janssen, N.A.H., et al., 2011. Black carbon as an additional indicator of the adverse
health effects of airborne particles compared with PM10 and PM2.5. Environ.
Health Perspect. 119, 1691e1699.
Jeong, H., Park, D., 2017. Contribution of time-activity pattern and microenvironment to black carbon (BC) inhalation exposure and potential internal dose
among elementary school children. Atmos. Environ. 164, 270e279. https://
doi.org/10.1016/j.atmosenv.2017.06.007.
Jensen, B.B., Schnack, K., 1997. The action competence approach in environmental
education. Environ. Educ. Res. 3, 163e178. https://doi.org/10.1080/
1350462970030205.
Khreis, H., Nieuwenhuijsen, M.J., 2017. Trafﬁc-related air pollution and childhood
asthma: recent advances and remaining gaps in the exposure assessment
methods. Int. J. Environ. Res. Publ. Health 14 (3), 312. https://doi.org/10.3390/
ijerph14030312.
Klepeis, N.E., et al., 2001. The National Human Activity Pattern Survey (NHAPS): a
resource for assessing exposure to environmental pollutants. J. Expo. Anal.
Environ. Epidemiol. 11, 231e252. https://doi.org/10.1038/sj.jea.7500165.
Loy, A., Hofmann, H., 2014. HLMdiag: a suite of diagnostics for hierarchical linear
models in R. J. Stat. Software 56 (5), 1e28. http://www.jstatsoft.org/v56/i05/.
Makri, A., Stilianakis, N.I., 2008. Vulnerability to air pollution health effects. Int. J.
Hyg Environ. Health 211, 326e336. https://doi.org/10.1016/j.ijheh.2007.06.005.
Middel, A., et al., 2018. Sky View Factor footprints for urban climate modeling.
Urban Clim. 25, 120e134. https://doi.org/10.1016/j.uclim.2018.05.004.
Miao, Y., et al., 2019. Interaction between Planetary Boundary Layer and PM2.5
Pollution in Megacities in China: a Review.Ischemic and thrombotic effects of
dilute diesel-exhaust inhalation in men with coronary heart disease. Curr.

Declaration of competing interest
The authors declare that they have no known competing
ﬁnancial interests or personal relationships that could have
appeared to inﬂuence the work reported in this paper.
Acknowledgements
This work was supported by Fondazione Cariplo [grant numbers
2017e1731].
We want to sincerely thank parents, operators, teachers and
managers of the elementary school IC Pietro Micca, via Gattamelata
35, Milano (MI) for their support, as well as ABCitt
a Coop. ONLUS
for their fundamental role in deﬁning and developing the environmental education intervention. A special mention goes to all the
involved schoolchildren who helped us with their contagious
enthusiasm during the whole participatory process. Finally, we
want to thank the Regional Environmental Protection Agency of
Emilia-Romagna (ARPAE-SIMC) to support us and share their
meteorological data.
Appendix A. Supplementary data
Supplementary data to this article can be found online at
https://doi.org/10.1016/j.envpol.2021.116530.
Main ﬁndings
Seasonal patterns in personal exposure to equivalent black
carbon in elementary schoolchildren in the city of Milan were
predicted by meteorological variables, trafﬁc, and parental
smoking.
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