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BACKGROUND: Traffic-related exposures, such as air pollution and noise, show long-term associations with brain alterations in children and adolescents.
The associations with functional connectivity have been studied using static approaches of resting-state functional magnetic resonance imaging (rs-fMRI)
(i.e., average connectivity between regions across the scanning session).

OBJECTIVES: Our aim was to investigate the long-term association of traffic air pollution and noise during pregnancy and childhood with functional con-
nectivity across adolescence using a dynamic approach, which captures different connectivity patterns across the scanning session.

METHODS: We used data from the Generation R population-based birth cohort. We estimated levels of 14 air pollutants and traffic noise at home addresses
during pregnancy and childhood. We acquired rs-fMRI data at the age-10 y and age-14 y visits. We included participants with rs-fMRI data in at least one
visit and either air pollution data (n =3,588) or noise data (n =2,642). We used k-means clustering to identify five connectivity patterns, called “states,”
that reoccur over time and across subjects and visits. We calculated the mean time spent in each state for each participant and visit. We performed multi-
and single-pollutant mixed effects models adjusted for socioeconomic and lifestyle variables, including the individual as random effect to test the associa-
tions between the exposures and the mean time spent in each state.

REsuLTS: Exposure to nitrogen oxides, particulate matter (PM), and road-traffic noise was related to differences in the time spent in the connectivity states,
both in the multi- and single-pollutant models. For instance, higher levels of exposure to PM with aerodynamic diameter between 2.5 pm and 10 pm
(PMcoarse) during pregnancy and higher noise exposure during childhood were associated with more time spent in a state in which the default-mode net-
work, related to self-referential processes and mind-wandering, shows high connectivity.

Discussion: Traffic-related exposures might be related to long-term alterations in brain functional network organization in adolescents. Further research

should explore the potential impact of these differences on cognition and psychopathology. https://doi.org/10.1289/EHP14525

Introduction

Traffic-related air pollution and road traffic noise are major public
health concerns in urban areas.! It has been shown that these envi-
ronmental exposures have a negative impact on different aspects of
the health of the population.'~> Long-term exposure to high levels
of traffic-related pollution has been associated with increased sys-
temic inflammation that could damage the brain.*=® Air pollutants
might also directly affect the brain by crossing the blood—brain
barrier.>’ Both mechanisms activate microglia, which disrupts
synapses and leads to neuronal death.>® Road traffic noise is
thought to arouse the hypothalamic—pituitary—adrenal (HPA) axis

Address correspondence to Monica Guxens, Barcelona Institute for Global
Health (ISGlobal) - Campus Mar, Carrer Dr. Aiguader 88, 08003 Barcelona,
Spain. Email: monica.guxens @isglobal.org

Supplemental Material is available online (https://doi.org/10.1289/EHP14525).

The authors declare they have no conflicts of interest related to this work to
disclose.

Conclusions and opinions are those of the individual authors and do not
necessarily reflect the policies or views of EHP Publishing or the National
Institute of Environmental Health Sciences.

EHP is a Diamond Open Access journal published with support from the
NIEHS, NIH. All content is public domain unless otherwise noted. Contact
the corresponding author for permission before any reuse of content. Full
licensing information is available online.

Received 21 December 2023; Revised 19 February 2025; Accepted 20
March 2025; Published 5 May 2025.

Note to readers with disabilities: EHP strives to ensure that all journal
content is accessible to all readers. However, some figures and Supplemental
Material published in EHP articles may not conform to 508 standards due to
the complexity of the information being presented. If you need assistance
accessing journal content, please contact ehpsubmissions @niehs.nih.gov. Our
staff will work with you to assess and meet your accessibility needs within 3
working days.

Environmental Health Perspectives

057002-1

mainly through annoyance and stress.® Exposures to noise and air
pollution are usually correlated because they share the same
source. Therefore, it is difficult to disentangle their specific effects.
Nevertheless, independent associations for traffic-related air pollu-
tion and road traffic noise with cognitive outcomes have been
observed.!'©

Long-term associations have been observed between prenatal
and childhood exposures to air pollution and brain alterations in
children. These brain alterations, studied using magnetic resonance
imaging (MRI), include reductions of the white matter surface,'!
thinner cortex,'?!3 lower restricted isotropic diffusion (a marker of
white matter delayed maturation),'* and other brain structural and
white matter microstructure disruptions.'>~2? At a functional level,
higher air pollution exposure has been associated with decreased
brain blood flow.?? Air pollution exposure has also been related to
less mature functional brain connectivity, manifested as weaker
connectivity between regions belonging to the same network (within-
network connectivity) and stronger connectivity between regions
from different networks (between-network connectivity), indicating
lower integration and lower segregation, respectively.?>2* In addi-
tion, changes in development of brain network connectivity, such
as stronger between-network connectivity over a 2-y follow-up
period at early adolescence, have recently been linked to ambient
air pollution.?’

Research about the impact of road traffic noise exposure on
the brain in humans is scarce. One study indicated that higher pre-
natal residential road traffic noise was associated with whole
brain lower restricted isotropic diffusion at 9-12 y of age.?®
Another study found no associations between road traffic noise
exposure at home during pregnancy and childhood periods and
functional brain connectivity at 10 y of age.?* A recent study,
however, found that long-term exposure to road traffic noise at
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school was associated with a stronger within-network connectiv-
ity of subcortical auditory regions.?”

The studies that have investigated the associations of traffic-
related air pollution and road traffic noise with functional brain
connectivity have generally used static approaches of resting-state
functional magnetic resonance imaging (rs-fMRI). This functional
brain imaging modality measures the spontaneous activity of brain
networks during rest. Static techniques consist of computing aver-
age correlations between the activity in different brain regions across
the scanning session, assuming that the connectivity patterns are sta-
ble. However, connectivity patterns likely change within minutes,
and thus applying dynamic brain connectivity techniques allows
capturing different reoccurring connectivity configurations
across the scanning session, usually called “states.”?%2° These
states show different levels of organization. Older children
spend more time in highly modularized connectivity patterns,
which show positive within-network connectivity and negative
between-network connectivity, in comparison with younger
children, who spend more time in less modularized states.3%-3!
Alterations in dynamic connectivity, specifically increased time
spent in disconnected or nonmodularized states, have been
linked to autism spectrum disorder and schizophrenia.??-32

This study aimed to explore the long-term associations of several
traffic-related air pollutants and road traffic noise during pregnancy
and childhood with brain dynamic functional connectivity develop-
ment during adolescence. We included the following indicators of
traffic-related air pollution: nitrogen dioxide (NO;), nitrogen oxides
(NOx), particulate matter (PM) with aerodynamic diameter <10 um
(PMyp) and <2.5 pm (PM>5); PMcoarse (PMa.s—PMyg); the ab-
sorbance of PM; 5 fraction (PM; 5 absorbance) and its composition:
polycyclic aromatic hydrocarbons (PAHs), organic carbon (OC),
copper (Cu), iron (Fe), silicon (Si), zinc (Zn); and oxidative potential
(OP) of PM, 5 using two acellular methods, dithiothreitol (OPP™")

and electron spin resonance (OPER). As the previous longitudinal
study about air pollution and functional brain connectivity,?> we
focused on adolescence because it is a period of profound changes
in the brain, including increases in connectivity between regions
belonging to the same network and decreases in connectivity
between regions from different networks.>>3* Long-term exposure
to traffic-related air pollution and road traffic noise has been associ-
ated with systemic inflammation, which might impact the develop-
mental rate of change (i.e., slower decrease in time spent in
nonmodularized states). Deviations in typical brain developmental
trajectories could represent a higher vulnerability to mental health
disorders.> Based on a previous work that used data from the same
cohort involved in the current study but applied a static approach of
rs-fMRI,?* we anticipated finding more associations with childhood
exposure to air pollution than with pregnancy exposure. In the cur-
rent work, we build on previous studies by adding data from a second
MRI visit and using a dynamic approach of rs-fMRI. Regarding road
traffic noise exposure, there is no evidence to formulate hypotheses
about a differential impact of pregnancy and childhood exposure
periods on brain dynamic functional connectivity development.

Methods

Participants

The current study is part of the Generation R Study, a population-
based birth cohort in Rotterdam, the Netherlands.3® A total of
9,901 children born between April 2002 and January 2006 were
initially recruited (Figure 1). Three subjects were excluded
because they requested data removal a posteriori. Data from
twins were also excluded (n = 246). Air pollution data were avail-
able in 9,077 participants and noise data in 6,724 participants.
We used rs-fMRI data acquired at the age-10 y visit (mean 10y of
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Figure 1. Flowchart of the Generation R study population.
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age, range 8—12 y of age) between March 2013 and November
201537 and at the age-14 y visit (mean 14 y of age, range 1315y
of age) between October 2016 and January 2020. A total of 8,548
participants were invited to the age-10 visit, and 7,949 were
invited to the age-14 visit. From those, 3,169 participants had air
pollution and rs-fMRI data at the age-10 visit; 2,365 participants
had noise and rs-fMRI data at the age-10 visit; 2,300 participants
had air pollution and rs-fMRI data at the age-14 visit; and 1,671
participants had noise and rs-fMRI data at the age-14 visit. The
reasons for loss to follow-up included no participation in the vis-
its, no participation in the MRI, and no acquisition of the rs-fMRI
scan. We excluded participants with prominent brain imaging inci-
dental findings or low-quality data (due to excessive motion or poor
registration). In the air pollution analyses, we included 3,588 partici-
pants with good-quality rs-fMRI data in at least one visit, of which
984 had data at the two time points. In the noise analyses, we
included 2,642 participants, of which 713 had data at the two time
points. All parents provided written informed consent, and children
provided assent (younger than 12 y of age) or consent (12 y of age or
older). All study procedures were approved by the local medical
ethics committee of the Erasmus University Medical Center.

Exposures

We estimated outdoor air pollution levels of 14 air pollutants using
land use regression (LUR) models for each address that the partici-
pants had lived at during pregnancy (i.e., from conception to birth)
and childhood (i.e., from birth to the age-10 y visit, for the partici-
pants without data at age-10 visit, the values were estimated from
birth to 9 y of age) following a standardized procedure.>®3 In brief,
in the European Study of Cohorts for Air Pollution Effects
(ESCAPE) and Transport related Air Pollution and Health
impacts—Integrated Methodologies for Assessing Particulate
Matter (TRANSPHORM) projects, several air pollutants were
monitored in various seasons between February 2009 and
February 2010 in the Netherlands and Belgium. NO, and NOx
were measured at 80 sites. PM |y and PM; 5 were measured at 40
sites. PMcoarsg Was calculated by subtracting PM; s from PM .
PM, 5 filters collected at the 40 sites were used to measure PM; 5
absorbance and its composition: PAHs, OC, Cu, Fe, Si, Zn. Two
acellular methods were used to measure the oxidative potential of
PM, 5, OPPTT, and OPESR. Annual mean concentrations for each
pollutant were calculated and corrected for temporal variability
using data from a continuous reference site. We estimated the air
pollution levels at each address using LUR models. The R? cross-
validation of the land use regression models is provided in Table
S1. We calculated average exposure levels during pregnancy and
childhood periods for each participant by weighting the exposure
levels by the time spent living at each address.

The exposure to residential road traffic noise at each address was
estimated using EU 2012 noise maps for five municipalities, includ-
ing Rotterdam, Maassluis, Rozenburg, Schiedam, and Vlaardingen.**
Noise maps are created every 5 y. However, we did not use the
noise maps created in 2007 because of differences in the method-
ology. Noise was modeled using the standardized Dutch calcula-
tion methods, including polygon surfaces, buildings, barriers,
slopes, crossings, and roundabouts, as well as the corresponding
emission sources for each of the specific models. The maps pro-
vide a value for each polygon (corresponding to each building).
The noise level at the geocoded points was determined by the
noise emission of the source and other terms that denoted the
attenuation from source to receiver. Noise levels were estimated
at a height of 4 m at the most exposed facade of the residential
addresses. We used the day—evening—night level noise indicator
(Lgen), which is the average sound level over 24 h scaled to human
hearing (A-weighted). A penalty of 10 decibels (dB) for nighttime
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noise (from 23:00 to 7:00) and 5 dB for evening noise (from 19:00
to 23:00) was applied to account for the greater health impacts dur-
ing those hours.*> We assumed that noise exposure levels remained
relatively stable during the studied period.*® We assigned levels of
noise to each geocoded home address where the participants had
lived during the study period. We calculated average noise levels for
the pregnancy and the childhood periods by weighting the noise lev-
els at each address by the time spent living at each address.

Magnetic Resonance Imaging

Magnetic resonance images were acquired on a study-dedicated 3
Tesla GE Discovery MR750w MRI System (General Electric) scan-
ner using an 8-channel head coil. Structural T1-weighted images
were obtained using a 3D coronal inversion recovery fast spoiled gra-
dient recalled (IR-FSPGR, BRAVO) sequence using ARC accelera-
tion. An interleaved axial echo planar imaging sequence was used to
acquire 200 volumes of resting-state functional MRI data.>” The
resting-state scan duration was 5 min 52 s. The participants received
instructions to stay awake and keep their eyes closed.

The FMRIPrep package (version 20.1.1 singularity con-
tainer) was used to preprocess data.*’ For the dynamic functional
connectivity analyses, we used the Group ICA Of fMRI Toolbox
(GIFT) software (version 4.0b; GroupICAT) in MATLAB
R2020a. In the present study, we used dynamic connectivity data
computed previously using the same sample.?! In brief, we applied
a spatially constrained group-independent component analysis,
using 51 reference components grouped into 7 networks: subcorti-
cal, auditory, sensorimotor, visual, default-mode, cognitive control,
and cerebellar. We computed dynamic functional network connec-
tivity analysis between all independent components using a tapered
sliding window approach. We used a window size of 25 TR (44 s) in
steps of 1 TR. The alpha parameter of the Gaussian sliding window
was 3 TRs. The resulting total number of windows per dataset was
171. Using data from both visits, we computed k-means clustering
on the time windows from each scan to identify patterns of connec-
tivity, called states, that reoccur over time (within the scan session)
and across subjects and visits (between the scan sessions). The num-
ber of states was set to five. Three of the states were modularized, in
which the components showed within- and between-network con-
nectivity (states 1, 2, and 3), and two of the states were non- or
only partially modularized states (states 4 and 5). State 1 was consid-
ered a “drowsy” state.8 In this state, subcortical and sensorimotor
networks showed negative connectivity. In state 2, sensorimotor
and default-mode networks showed positive within-network con-
nectivity and negative between-network connectivity. In state 3,
components from the default-mode network were positively con-
nected and they were negatively connected with components from
other networks. States 2 and 3 were integrated and might indicate a
higher awareness, either toward the outside stimuli (sensorimotor)
or self-referential processes (default-mode). State 4 was nonmodu-
larized, with no modular organization of functional connectivity in
networks. State 5 was partially modularized, showing submodules
within networks. States 4 and 5 indicated a low integration of brain
networks, thus less efficiency. For each individual and visit, we
obtained the mean dwell time in each dynamic state (i.e., the average
time windows spent in the specific states). We transformed the mean
dwell time outcomes using Box-Cox from the ‘bestNormalize’ R
package because of their right-skewed distribution (Table S2 and
Figure S1).

Covariates

We defined covariates a priori based on scientific literature and
on data availability. We included participant’s age (years) at MRI
assessments (continuous) and season of birth (winter, spring,
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summer, and autumn). The season of birth could influence both
the exposure levels and the outcomes, and participant’s age is
related to the outcomes. According to our theoretical framework,
parental socioeconomic status would be related both to exposures
and outcomes. We used multiple proxies to control as much as
possible for this key confounder, including maternal education
level; household income; parental national origin; maternal IQ;
parental ages; marital status; parity; health-related variables, such
as maternal prepregnancy body mass index (BMI), smoking,
alcohol consumption, and folic acid supplement periconceptional;
and neighborhood characteristics (greenness level and neighbor-
hood socioeconomic status).

The following variables were collected by questionnaires dur-
ing pregnancy (Figure S2): maternal and paternal age (continu-
ous), education level (none or primary, secondary, and higher),
national origin (Dutch, Moroccan, Surinamese, Turkish, other
European, and other non-European), maternal smoking during
pregnancy (never smoked during pregnancy, smoked until preg-
nancy was known, and continued smoking in pregnancy), maternal
alcohol consumption during pregnancy [never drank during preg-
nancy, drank until pregnancy was known, continued drinking
occasionally, and continued drinking frequently (1 glass or more
per week for at least 2 trimesters)], maternal folic acid supplement
(no supplement, start first 10 wk, and start periconceptional),
maternal parity (no children, one child, and two or more children),
marital status (married/living together, and no partner), and
monthly household income (>2,200 euro; 1,600-2,200 euro; 900—
1,600 euro; and <900 euro). Maternal prepregnancy BMI (contin-
uous) was calculated based on self-reported weight and measured
height. Maternal 1Q (continuous) was assessed using the Raven
Advanced Progressive Matrices Test at 6 y of child age.*® Green-
space exposure (continuous) was assessed using the Normalized
Difference Vegetation Index (NDVI) in the surrounding area of
300 m of the home address for the pregnancy period. This index
estimates the degree of land surface reflectance of light, and it was
derived from the Landsat 4-5 Thematic Mapper (TM), Landsat
7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8
Operational Land Imager (OLI)/Thermal Infrared Sensor (TIRS)
with 30 mx 30 m resolution.*® The imagery had been selected
according to the following criteria: cloud cover <10 %, Standard
Terrain Correction (Level 1T), and greenest period of the year.
The socioeconomic status of the neighborhood during pregnancy
(continuous), estimated using mean household income, and pro-
portion of population with low income, low educational level,
and without paid work, was provided by the National Institute
of Public Health and the Environment.*°

Statistical Analyses

Missing data. The percentage of missing data in the covariates
ranged between 0% (maternal age) and 36.2% (paternal educa-
tion) (Excel Table S1). We imputed missing values in covariates
for the sample included either in the air pollution or in the noise
dataset using the EM (expectation—-maximization) algorithm
implemented in the R package ‘Amelia.” We included all the ex-
posure variables, the outcomes (mean of repeated measures or,
when only one measure was available, the single available value),
and all the covariates. This imputation generated one complete
dataset used in all subsequent analyses.

Nonresponse analysis. We observed differences in some soci-
odemographic characteristics between the participants included
in our study population and those excluded because of missing
exposure and/or functional MRI data (Excel Table S1). For
instance, the proportion of females, high parental education, high
income, and Dutch origin was higher in the included sample than in
the excluded sample. To correct the analyses for potential attrition
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bias, we performed inverse probability weighting (IPW) for the air
pollution and the noise samples independently (Table S3).

Main analyses. To assess the associations between the expo-
sures and each dynamic connectivity outcome, we fitted linear
mixed effects models using data from both MRI visits and includ-
ing the child as random effect. These models account for missing
data in outcomes using restricted maximum likelihood estima-
tion. Linearity of the associations between the exposures and the
outcomes was visually inspected using the R package ‘gam.” The
distributions of the model residuals were normal. We performed
two sets of models for each of the exposure periods (pregnancy
and childhood) and for each dynamic connectivity outcome. The
first model aimed to test the overall associations between the
exposures and the outcomes (MODEL yyepa11) as follows:

Mean dwell time;; = By + B, (age)
+ By (exposure) + - - - + g, (1)

where Mean dwell time;; is the outcome for each dynamic con-
nectivity state for participant i at visit j, including all covariates
(indicated by “...” in the formula and described below), and
residuals (g;). The second model aimed to test associations
between the exposures and changes in the developmental trajec-
tories of the outcomes; therefore, we included the interaction
between participant’s age at the MRI assessment and exposure
levels in each model (MODELiyeraction) as follows:

Mean dwell time;; = Py + B, (age) + B, (exposure)
+ B3 (age X exposure) + - - - +gj;. 2)

All models were adjusted for the following covariates, which
had <35% of missing data: participant’s age at MRI assessments
(centered at the average age of the first MRI assessment), season of
birth, parental ages, maternal education, parental national origin,
maternal smoking during pregnancy, maternal alcohol consump-
tion during pregnancy, maternal folic acid supplement during preg-
nancy, maternal parity, marital status, monthly household income
during pregnancy, maternal prepregnancy BMI, maternal 1Q, resi-
dential surrounding greenness during pregnancy, and socioeco-
nomic status of the neighborhood during pregnancy.

To reduce the dimension of exposures while considering corre-
lations among them, we used the Least Absolute Shrinkage and
Selection Operator (LASSO) for mixed models from the R package
‘glmmLasso.”>! We chose this method because LASSO is a
variable-selection model with a relatively low false discovery rate
in comparison with the Bonferroni-type correction or other multi-
pollutant models.’> We ran separate LASSO models for each of the
two modeling strategies (MODELyyeran and MODELjperaction)- In
total, we performed 20 LASSO models (2 periods X 5 outcomes
X 2 modeling strategies). These models included air pollutants but
not noise exposure, because the samples used were different
(n=3,588 for air pollution analyses and n = 2,642 for noise anal-
yses). We excluded the pollutants that showed very high correla-
tions (above 0.8) with other pollutants (i.e., NOx, PM;g, PM; 5
absorbance, OP®SR | and Fe) (Figures S3 and S4). LASSO models
select the variables that best predict the outcome by penalizing
certain variables of the model toward zero, based on the regulari-
zation parameters in the model (lambda parameter). We selected
the lambda parameter corresponding to the lowest Bayesian
Information Criterion value. Only the exposures and interaction
terms between exposure and age, when applicable, were penal-
ized in these models. The covariates were not penalized to ensure
that all the models were adjusted for all the covariates. Using the
R package ‘lme4,” we then ran linear mixed effects models for
each exposure selected in each LASSO model. These models
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included the weights calculated using IPW. We calculated p-val-
ues using the function ‘Anova’ of the R package ‘car.” The
p-value threshold of 0.05 was corrected for the effective number
of tests to correct the results for multiple testing over the five out-
comes taking into account their nonindependence.>? The p-value
threshold adjusted for the effective number of tests was 0.01.

Post Hoc and Sensitivity Analyses

As a post hoc analysis, we additionally fitted single-pollutant lin-
ear mixed effects models with all the other exposures not
included or selected in the LASSO models. We also performed
all the analyses stratified by sex.

We included several sensitivity analyses. First, we performed
all the single-pollutant models restricting the sample to partici-
pants with repeated MRI measurements (n =984 for the air pollu-
tion models and n=713 for the noise models). We performed
different IPW for these analyses (Table S3) and included the
resulting weights in the models. Second, given that the samples
with repeated MRI measurements were small and they had differ-
ent characteristics in comparison with the total samples (e.g.,
higher proportion of high maternal education level), we addition-
ally imputed the missing outcome data using the EM algorithm
and performed all the single-pollutant models including repeated
measurements for all the participants. Third, we also tested the
single-pollutant overall associations that were statistically signifi-
cant in the main models separately per visit in linear regression
models. Finally, the associations that were significant with road
traffic noise in single-pollutant models were additionally adjusted
for the air pollutants one by one in those participants with avail-
able air pollution and noise data (n = 2,626). In addition, the asso-
ciations that were significant with air pollution were further
adjusted for road traffic noise exposure.

All statistical analyses were performed using R statistical
software (version 4.3.1; R Development Core Team).

Results

Descriptive Analyses

Half of the participants included in this study had mothers with
high education levels, and the maternal national origin of 57% of
the participants was the Netherlands (Table 1). During pregnancy,
median NO, exposure levels were 34.13 pg/m?, and median
PM, 5 levels were 16.83 ng/ m? (Table 2). During childhood, me-
dian NO; levels were 31.96 ng/ m? and the median PM, 5 levels
were 16.87 ug/m?>. The Spearman correlations between the pollu-
tants in the pregnancy and childhood periods were generally mod-
erate, ranging between 0.46 for NO, and 0.61 for PAH, whereas it
was 0.69 for road traffic noise. Within each exposure period, the
Spearman correlations among the pollutants varied, depending on
the pair of pollutants. During pregnancy, NOx, NO,, PM o, PM; s,
and PM, s absorbance concentrations were highly correlated
among them (ranging from 0.69 to 0.98). Other high correlations
were observed among Cu, Fe, and OPESR (from 0.88 t0 0.94). The
correlations between road traffic noise and the air pollutants ranged
between 0.14 (OC) and 0.38 (PM; 5 and PM; 5 absorbance) (Figure
S3). Similar correlations were observed in the childhood period
(Figure S4).

Overall Effects (MODEL,,¢q11)

Table 3 shows the overall associations between the average expo-
sure levels during pregnancy and the five dynamic connectivity out-
comes measured at the age-10 y and age-14 y visits. Several
exposures during pregnancy were selected by the LASSO model for
state 1. However, only higher exposure to NO, during pregnancy
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was associated with more time spent in state 1 after correction for
multiple testing over the outcomes [transformed mean dwell time
coefficient= 0.083, 95% confidence interval (CI): 0.025, 0.141, per
10-pg/m? increase in NO,; p = 0.005]. The association is shown in
the original scale of the outcome in Figure 2A. PMcoarsg and
OPP™ during pregnancy were selected by the LASSO model for
time spent in state 3. After correction for multiple testing, only
higher exposure to PMcoarsg during pregnancy was associated
with more time spent in state 3 [transformed mean dwell time coeffi-
cient = 0.227 (95% CI: 0.066, 0.388) per 5-ug/m?’ increase in
PMcoarse; p = 0.006; Figure 2B]. Several exposures were selected
by the LASSO model for state 5; however, no significant associa-
tions were observed after correction for multiple testing. Table S4
shows the single-pollutant associations for the exposures that were
not included or not selected by the LASSO.

Table 4 shows the overall associations between the average
exposure levels during childhood and the five dynamic connectiv-
ity outcomes. Several exposures during childhood were selected
by the LASSO models for states 1, 3, and 5. Higher exposure to
NO, during childhood was negatively associated with time spent
in state 5 after correction for multiple testing [transformed mean
dwell time coefficient = —0.075 (95% CI: —0.129, —0.021) per
10-ug/m? increase in NO,; p=0.006; Figure 2C]. Table S5
shows the single-pollutant associations for the exposures that
were not included or not selected by the LASSO. Higher expo-
sure to road traffic noise was associated with more time spent in
state 3 after correction for multiple testing [transformed mean
dwell time coefficient = 0.073 (95% CI: 0.022, 0.124) per 10-dB
increase in road traffic noise; p = 0.005; Figure 2D].

Interactions with Age (MODEL;,eraction)

Interactions between age and several exposures during pregnancy
and childhood were selected by the LASSO models for states 1,
4, and 5 (Tables S6 and S7). However, no significant associations
remained after multiple testing corrections over the outcomes.

Analyses Stratified by Sex

The positive association between NO, during pregnancy and time
spent in state 1 was only observed in females [transformed mean
dwell time coefficient in females = 0.115 (95% CI: 0.035, 0.195)
per 10-pg/ m? increase in NO,; p=0.005, and transformed mean
dwell time coefficient in boys = 0.052 (95% CI: —0.034, 0.138)
per 1O-ug/m3 increase in NO,; p=0.240; Tables S8 and S9].
Other exposures were also selected by the LASSO for states 1 and
5, but none of them survived correction for multiple testing (Tables
S10-S15).

Sensitivity Analyses

The association between exposure to PMcoarsg during preg-
nancy and time spent in state 3 remained in the models where we
restricted the sample to participants with repeated MRI measure-
ments (Table S16). The other associations did not remain signifi-
cant, albeit coefficients were similar (Tables S17-S19). Results
were similar when using the imputed outcome data, in compari-
son with the main results (Tables S20—S23). The regression mod-
els performed separately for each visit on the associations that
were statistically significant in the main analyses showed no sub-
stantial differences (i.e., the coefficients were in the same direc-
tion in both visits; Table S24). The association between road
traffic noise during childhood and time spent in state 3 remained
after adjusting the model for the air pollutants (Table S25).
Results were also comparable before and after adjusting the air
pollution models for road traffic noise in the subsample with air
pollution and noise data available (Table S26).
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Table 1. Sociodemographic characteristics of the Generation R participants included in the air pollution and/or noise analyses of the study (n=3,604).

Variables

Participant’s sex [n (%)]

Maternal education level [n (%)]

Maternal national origin [n (%)]

Paternal national origin [n (%)]

Marital status [n (%)]

Monthly household income during pregnancy [n (%)]

Maternal smoking during pregnancy [n (%)]

Maternal alcohol consumption during pregnancy [n (%)]

Folic acid supplementation during pregnancy [n (%)]

Parity [n (%)]

Season of birth [n (%)]

Participant’s age at first MRI assessment [y (mean + SD)]
Participant’s age at second MRI assessment [y (mean + SD)]

Years between the two MRI assessments (mean + SD)

Maternal age at intake [y (mean + SD)]

Paternal age [y (mean+SD)]

Maternal prepregnancy BMI [kg/m? (mean + SD)]

Maternal intelligence quotient score (mean + SD)

Residential surrounding greenness during pregnancy (mean + SD)
Socioeconomic status neighborhood during pregnancy (mean + SD)

Categories Distribution
Male 1,722 (47.8)
Female 1,882 (52.2)
High 1,816 (50.4)
Secondary 1,508 (41.8)
None or primary 280 (7.8)
the Netherlands 2,054 (57.0)
Morocco 176 (4.9)
Surinam 285 (7.9)
Turkey 223 (6.2)
Other European 281 (7.8)
Other non-European 585 (16.2)
the Netherlands 2,107 (58.5)
Morocco 200 (5.5)
Surinam 271 (7.5)
Turkey 230 (6.4)
Other European 200 (5.5)
Other non-European 596 (16.5)
Married/living together 3,165 (87.8)
No partner 439 (12.2)
>2,200 euro 2,069 (57.4)
1,600-2,200 euro 579 (16.1)
900-1,600 euro 613 (17.0)
<900 euro 343 (9.5)
Never smoked during pregnancy 2,706 (75.1)
Smoked until pregnancy was known 347 (9.6)
Continued smoking in pregnancy 551 (15.3)
Never drank during pregnancy 1,414 (39.2)
Drank until pregnancy was known 547 (15.2)
Continued drinking occasionally 1,306 (36.2)
Continued drinking frequently (1 or more glass/wk for at least 2 trimesters) 337 (9.3)
No 803 (22.3)
Start Ist 10 wk 1,188 (33.0)
Start periconceptional 1,613 (44.8)
No children 2,031 (56.4)
1 child 1,116 (31.0)
2+ children 457 (12.7)
Winter 799 (22.2)
Spring 881 (24.4)
Summer 962 (26.7)
Autumn 962 (26.7)
— 10.1+0.6
— 14.0+0.6
— 3.7+0.6
— 31.1+4.9
— 33.7+£5.7
— 23.6+4.0
— 97.0+14.9
— 0.4+0.1
— -09+1.4

Note: The percentages of missing values were 8% for maternal education (n=288), 2% for maternal national origin (n=2381), 6% for paternal national origin (n=215), 8% for marital
status (n=290), 22% for income (n=2801), 12% for smoking during pregnancy (n=438), 16% for alcohol consumption during pregnancy (n=588), 30% for folic acid supplement
(n=1,082), 3% for parity (n=119), 14% for paternal age (n=519), 25% BMI (n=894), 10% for maternal intelligence (n =365), 10% for greenness (n=357). —, no data; BMI, body

mass index; MRI, magnetic resonance imaging; SD, standard deviation.

Discussion

Participants, mainly females, exposed to higher prenatal NO, lev-
els spent more time in a drowsy state (state 1) during the scan
session. Higher exposure to PMcoarsg during pregnancy and
higher exposure to road traffic noise during childhood were asso-
ciated with more time spent in a default-mode network modular-
ized state (state 3). Higher exposure to NO, during childhood
was associated with less time spent in a partially modularized
state (state 5).

Connectivity States, Traffic-Related Exposures, and Age

We found that traffic-related exposures during pregnancy and
childhood were related to different patterns of functional connec-
tivity in adolescents. Most of the findings were on the overall
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associations, indicating that the exposures had a constant effect
on the outcomes between the two assessments and they did not
influence the rates of development. The present results indicate
that higher prenatal NO, exposure was positively associated with
spending more time in the drowsy state (state 1). In our previous
study, we found that participants spent more time in the drowsy
state (state 1) in the second visit (14 y of age) than in the first one
(10 y of age).?! Another study reported that time spent in a simi-
lar state varied between healthy controls and patients with schizo-
phrenia.>? Therefore, prenatal NO, exposure might interfere with
the development of functional network organization. The analy-
ses stratified by sex showed that this association was significant
only in females. However, differences of effect estimates were
not large, and confidence intervals overlapped, so these results
should be carefully interpreted.
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Table 2. Exposure levels during pregnancy and during childhood in the Generation R participants included in the air pollution (n =3,588) and the noise
(n=2,642) analyses, and Spearman’s correlations between the exposures at the two time periods.

Pregnancy Childhood
Exposures 25th percentile ~ 50th percentile ~ 75th percentile ~ 25th percentile ~ 50th percentile ~ 75th percentile ~ Spearman’s correlation
NO, 31.93 34.13 36.72 28.97 31.96 35.20 0.46
NOx 40.88 46.54 58.32 40.69 46.40 58.16 0.56
PM; 5 16.58 16.83 17.23 16.58 16.87 17.44 0.57
PM, 5 absorbance 1.47 1.57 1.77 1.43 1.53 1.70 0.48
PM;o 26.03 26.69 27.98 25.89 26.55 27.95 0.51
PMcoarse 9.26 10.12 10.61 8.89 10.10 10.82 0.51
Cu 4.46 4.65 5.00 4.19 4.53 4.81 0.51
Fe 114.29 119.81 129.12 106.34 116.39 124.51 0.52
Si 87.93 88.79 90.68 87.63 88.66 90.68 0.61
Zn 17.67 18.91 21.24 17.79 19.35 22.55 0.57
OPESR 1,001.66 1,037.16 1,103.72 971.19 1,025.39 1,091.63 0.58
OpPTT 1.26 1.35 1.40 L.15 1.22 1.28 0.56
oC 1.52 1.81 2.03 1.37 1.62 1.87 0.58
PAH 0.76 0.88 1.12 0.77 0.93 1.10 0.61
Road traffic noise 48.00 54.00 60.00 48.00 52.83 58.00 0.69

Note: Cu, elemental copper in ng/m?; Fe, elemental iron in ng/m?*; NO,, nitrogen dioxide in pg/m?; NOx, nitrogen oxides in pg/m?*; OC, organic carbon in pg/m?; OP, oxidative
potential (evaluated using two acellular methods: OPP™", dithiothreitol in nmol DTT/min/m? and OPESR  electron spin resonance in units /m?3); PAHs, polycyclic aromatic hydrocar-
bons in ng/m?; PM, particulate matter with different aerodynamic diameters: <10 pm (PMjg) in pg/m3; between 10 pm and 2.5 pm (PMcoagg) in pg/m?; <2.5 pm (PM,s) in

Sl

pg/m3; PM, 5 absorbance, absorbance of PM, s filters in 107" m™"; road traffic noise, in decibels; Si, elemental silicon in ng/m3; Zn, elemental zinc in ng/m3.

Exposure to PMcoarsg during pregnancy and to road traffic
noise during childhood were both related to spending more time
in a default-mode network modularized state (state 3). This state
showed positive correlations within the default-mode network
components and negative correlations between this network and
the others. Age was negatively associated with this state in our
previous study, suggesting the associations we observed in the
current study could indicate a delay in development.®' In line
with our findings, previous research suggested that traffic-related
air pollution might be related to a delay in the functional connec-
tivity development.?3>* Using data from the same participants,
another study found that parent-reported somatic complaints and
thought problems during the 6 months before the first visit
(assessed using the Child Behavior Checklist) were associated
with a smaller reduction in the time spent in this state between
the first and the second visits.>* Therefore, the delay in functional
connectivity development that we report in relation to PMcoarsg
and road traffic noise might have mental health implications.

Childhood exposure to NO, was negatively associated with
time spent in the partially modularized state (state 5). State 5 pre-
sented submodules within networks indicating low integration.
Our previous publication showed negative associations between

age and this state. More time spent in state 5 in the first visit was
associated with smaller decreases in parent-reported externalizing
problems and attention problems between the first and the second
visits.>* Thus, the association between NO, and state 5 was in the
opposite direction of the association we expected. Reporting
observations that were similar to ours, another longitudinal study
found unexpected associations between exposure to some pollu-
tants and functional connectivity in adolescents.?> Specifically,
ozone was positively associated with stronger within-network
connectivity, which in turn was also positively related to age.
These associations could reflect compensatory mechanisms (i.e.,
exaggerated increase in connectivity over time because of a delay
in development). These findings might indicate an alteration in
the development of functional network organization with poten-
tial impact on the emergence of psychopathology, as argued by
the authors.

Sensitivity analyses showed comparable results. The effect
sizes observed in this study were small but similar to a 1-y change
in age®! (i.e., around 1% decrease in time spent in state 5, both per
year and per 10-pug/m? increase in NO,). Nitrogen oxides are more
specific indicators of traffic than PM concentrations, which also
originate from industry and shipping.38->> However, the land use

Table 3. Associations between the exposures during pregnancy and MDT in three brain functional connectivity configurations (state 1, drowsy; state 3,
default-mode network modularized; state 5, partially modularized) (MODEL,ye1) measured at the age-10 y and/or age-14 y visit in the Generation R

participants (n = 3,588).

MDT (State 1) MDT (State 3) MDT (State 5)

Exposures Estimate (95% CI) p-Value Estimate (95% CI) p-Value Estimate (95% CI) p-Value
NO, (A 10 pg/m?) 0.083 (0.025; 0.141) 0.005 — — —0.070 (=0.130; —0.010) 0.023
PM,5 (A5 ug/m?) 0.117 (=0.106; 0.340) 0.305 — — —0.172 (=0.403; 0.059) 0.145
PMcoarse (A5 pg/m?) —0.019 (=0.167; 0.129) 0.802 0.227 (0.066; 0.388) 0.006 — —
Cu (AS5ng/m?) 0.172 (0.013; 0.331) 0.034 — — — —
Si (A100ng/m?) — — — — —0.152 (=0.330; 0.026) 0.094
Zn (A 10 ng/m?) 0.020 (—0.046; 0.086) 0.559 — — —0.060 (—0.128; 0.008) 0.088
OPP™T (A 1nmol DTT/min/m?) — — 0.276 (0.011; 0.541) 0.041 —0.182 (—0.434; 0.070) 0.157
OC (A1 pg/m?) 0.073 (—0.000; 0.146) 0.051 — — — —
PAH (A 1 ng/m?) —0.005 (—0.087; 0.077) 0.901 — — 0.037 (—0.048; 0.122) 0.393

Note: Linear mixed effects models performed independently for each exposure/outcome, adjusted for participant’s age at MRI assessments, season of birth, parental ages, maternal
education, parental national origin, maternal smoking during pregnancy, maternal alcohol consumption during pregnancy, maternal folic acid supplement during pregnancy, maternal
parity, marital status, monthly household income during pregnancy, maternal prepregnancy body mass index, maternal IQ, green space during pregnancy and socioeconomic status of
the neighborhood during pregnancy. All shown associations were selected by the LASSO. In bold, associations that survived multiple testing correction over the outcomes (p < 0.01).
The associations are shown in Figure 2. —, no data; CI, confidence interval; Cu, elemental copper; MDT, mean dwell time; MRI, magnetic resonance imaging; NO,, nitrogen dioxide;
OC, organic carbon; OPPTT, oxidative potential (evaluated using dithiothreitol); PAHs, polycyclic aromatic hydrocarbons; PM, particulate matter with different aerodynamic diame-
ters: between 10 pm and 2.5 pm (PMcoarsg); <2.5 pm (PMa5); Si, elemental silicon; Zn, elemental zinc.
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Figure 2. Associations between traffic-related exposures (air pollution and noise) and mean dwell time (MDT, number of time windows) in three brain func-
tional connectivity configurations (state 1, drowsy; state 3, default-mode network modularized; state 5, partially modularized) in the Generation R participants
(n=3,588 for air pollutants and n= 2,642 for noise). Note: Linear mixed effects models performed independently for each exposure/outcome, adjusted for par-
ticipant’s age at MRI assessments, season of birth, parental ages, maternal education, parental national origin, maternal smoking during pregnancy, maternal
alcohol consumption during pregnancy, maternal folic acid supplement during pregnancy, maternal parity, marital status, monthly household income during
pregnancy, maternal prepregnancy BMI, maternal IQ, green space during pregnancy and socioeconomic status of the neighborhood during pregnancy. The
OPESR model additionally included age interaction. This figure only represents the associations that were selected by the LASSO (road traffic noise was not
included) and that survived multiple testing correction over the outcomes (p <0.01). The exposure levels represent the mean, one unit (A) decrease and
increase. This categorization was performed for depiction purposes only. Associations are reported in Tables 3 and 4 and Table S5. BMI, body mass index;
NO,, nitrogen dioxide; PM, particulate matter; PMcoarsg, PM with aerodynamic diameter between 10 pm and 2.5 pm.

regression models used in this study were developed to estimate
traffic-related air pollution only. Therefore, our findings provide
new evidence about the influence of traffic-related air pollution
and road traffic noise exposures on the functional brain connec-
tivity of adolescents. The fact that we generally observed differ-
ences in the functional connectivity organization that are
constant over time (MODELgyean1), rather than differences in the

developmental rates (MODELiyeraction), suggests that the brains
of highly exposed individuals are differently wired in comparison
with less-exposed individuals. However, it is also possible that
we were not able to capture differences in rates of development due
to the period of outcome measurement, and this might be different
for other periods (i.e., highly exposed individuals might show a
catch-up). Therefore, the long-term effects of traffic exposures on

Table 4. Associations between the exposures during childhood and MDT in three brain functional connectivity configurations (state 1, drowsy; state 3, default-
mode network modularized; state 5, partially modularized) (MODELyera) measured at the age-10 y and/or age-14 y visit in the Generation R participants
(n=3,588).

MDT (State 1) MDT (State 3) MDT (State 5)

Exposures Estimate (95% CI) p-Value Estimate (95% CI) p-Value Estimate (95% CI) p-Value
NO, (A 10 pg/m?) —0.002 (—0.054; 0.050) 0.936 — — —0.075 (—0.129; —0.021) 0.006
PM,5 (A5 ug/m?) —0.073 (-0.291; 0.145) 0.509 — — — —
PMcoarsk (A5 pg/m?) —0.007 (=0.131;0.117) 0.918 0.131 (—0.004; 0.266) 0.056 —0.128 (—0.256; 0.000) 0.051
Cu (AS5ng/m?) — — — — —0.116 (—0.306; 0.074) 0.233
Si (A100ng/m?) — — — — —0.196 (—0.435; 0.043) 0.107
Zn (A 10ng/m?) — — — —0.026 (—0.081; 0.029) 0.360
OPP™T (A 1nmol DTT/min/m?) — — — — —0.012 (—0.287; 0.263) 0.934
OC (A1 pg/m?) 0.083 (0.009; 0.157) 0.029 — — —0.071 (—0.148; 0.006) 0.070
PAH (A 1 ng/m?) —0.128 (—0.245; —0.011) 0.032 0.160 (0.033; 0.287) 0.014 0.130 (0.009; 0.251) 0.035

Note: Linear mixed effects models performed independently for each exposure/outcome, adjusted for participant’s age at MRI assessments, season of birth, parental ages, maternal
education, parental national origin, maternal smoking during pregnancy, maternal alcohol consumption during pregnancy, maternal folic acid supplement during pregnancy, maternal
parity, marital status, monthly household income during pregnancy, maternal prepregnancy body mass index, maternal IQ, green space during pregnancy and socioeconomic status of
the neighborhood during pregnancy. All shown associations were selected by the LASSO. In bold, associations that survived multiple testing correction over the outcomes (p < 0.01).
The associations are shown in Figure 2. —, no data; CI, confidence interval; Cu, elemental copper; MDT, mean dwell time; MRI, magnetic resonance imaging; NO,, nitrogen dioxide;
OC, organic carbon; OPPTT, oxidative potential (evaluated using dithiothreitol); PAHs, polycyclic aromatic hydrocarbons; PM, particulate matter with different aerodynamic diame-
ters: between 10 pm and 2.5 pm (PMcoarsg); <2.5 pm (PMa5); Si, elemental silicon; Zn, elemental zinc.
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brain dynamic connectivity during childhood and late adolescence
remain to be explored.

Biological Mechanisms

Resting-state networks are generally established during the third tri-
mester of gestation at different rates.>® During childhood, networks
supporting motor and sensory processes show a robust functional
organization, whereas default-mode network and other networks
involved in higher-order cognitive functions are less mature.’’
Exposure to traffic-related pollutants and noise could disrupt the de-
velopment of functional connectivity both during pregnancy and
childhood periods; however, the networks affected would likely dif-
fer depending on the exposure period. Biological mechanisms by
which the traffic-related exposures may affect the brain involve dys-
function of the HPA axis, inflammation, and oxidative stress proc-
esses.* Researchers have hypothesized that air pollutants may
interact with the blood-brain barrier cells, causing alterations in
their function and producing pro-inflammatory signals.>” Microglia
respond to these signals, promoting neuronal death and synaptic tox-
icity.>8 Air pollutants have also been shown to modulate the expres-
sion of genes related to vasoregulatory pathways in the brain in
animal studies.”®

Limitations

Several limitations related to this study should be considered. We
were not able to extrapolate the levels of pollutants to the periods
of interest because historical data from monitoring stations were
not available for all pollutants. Therefore, we assumed that the
pollutant concentrations remained spatially stable over time.>°
Regarding the noise exposure, we used 2012 noise maps, assum-
ing that noise exposure levels remained relatively stable during
the studied periods.*® In addition, we used only average noise
over 24 h, whereas other noise indicators, such as those related to
fluctuations, have been demonstrated to be related to cognitive
performance.®® In this study, we considered only the exposure
levels at home addresses, although exposure during commuting
and at school represent the highest percentage of the total daily
pollutant dose received,®! and traffic-related exposure at school
has previously been linked to brain function.?*?” Regarding the
rs-fMRI data acquisition, a longer scan duration would have
resulted in a more accurate characterization of the dynamic
states. However, a scan duration of 5-6 min is commonly used,
has previously been shown to yield replicable outcomes, and
ensures high quality data and minimized burden on our young
participants.?9-62-64 Another limitation of our study is the loss of
participants. The differences in the sociodemographic character-
istics of the participants included in our analyses and those
excluded due to a missing exposure and/or functional MRI data
could have caused selection bias. This factor was particularly im-
portant for the noise analyses, in which we did not have data for
those participants who moved out of the municipalities with
available noise data. Yet, we implemented inverse probability
weighting in an attempt to reduce the risk of attrition bias.
Finally, the number of participants with repeated measures of the
outcome was relatively low. Nevertheless, the mixed effects
models partially addressed this limitation by handling the miss-
ing outcome data, and the models performed using imputed out-
come data indicated consistent findings.

Strengths

This study has several strengths, such as the large sample based
on the general population. Regarding the exposures, we used
standardized and validated models to estimate the exposure lev-
els individually for each participant during the prenatal and
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childhood periods, accounting for changes of residence. Moreover,
our study was comprehensive in terms of the large number of air pol-
lutants included, while accounting for the interdependence among
them by using multipollutant models. The longitudinal design of
the study including two repeated MRI measures, which increased
the power of the analyses, is unique in this field. In addition, we
used a novel approach to explore brain functional connectivity.
Functional MRI analyses, and resting-state in particular, are con-
siderably sensitive to motion. In addition to excluding data with
excessive motion applying a strict threshold, the dynamic con-
nectivity approach that we took also contributed to reducing the
impact of motion in our analyses. This method allowed us to split
the MRI assessment in very short windows of time and cluster the
data in different connectivity configurations. Therefore, the brain
activity could be better disentangled from the noise signal and
other types of signals.

Conclusion

To conclude, our findings suggest that traffic-related exposures
might be related to long-term alterations in brain functional net-
work organization in adolescents. The differences were gener-
ally stable in time, suggesting that the exposures did not
influence developmental rates of brain dynamic connectivity
over the studied period. Further research should explore differ-
ent developmental periods, such as childhood and late adoles-
cence, as well as the potential impact of these differences on
cognition and psychopathology.
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