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ARTICLE INFO ABSTRACT

Handling Editor: Adrian Covaci Background: A few studies linked air pollution to differences in functional connectivity of resting-state brain
networks in children, but how air pollution exposure affects the development of brain networks remains poorly

Keywords: understood. Therefore, we studied the association of air pollution exposure from birth to 3 years and one year

Air pollutants before the first imaging assessment with the development of functional connectivity across adolescence.

Environmental pollution Methods: We utilized data from 3,626 children of the Generation R Study (The Netherlands). We estimated

Cohort studies . . . .
Brain Development residential exposure to PM;o, PMy 5, PM3 5 absorbance, NOy, and NO; with land-use regression models. Between-

Functional Connectivity and within-network functional connectivity was calculated for 13 cortical networks, and the amygdala, hippo-

Resting-state functional MRI campus, and caudate nucleus at two assessments (8.6-12.0 and 12.6-17.1 years), resulting in 4,628 scans (2,511
for assessment 1 and 2,117 for assessment 2) from 3,626 individuals. We investigated the association between air
pollution and functional connectivity with linear mixed models adjusted for life-style and socioeconomic vari-
ables, and corrected for multiple testing.
Results: Higher exposure to PM; 5 from birth to 3 years was associated with persistently lower functional con-
nectivity over time between the amygdala and the ventral attention, somatomotor hand, and auditory networks
throughout adolescence (e.g. —0.027 functional connectivity [95 % CI —0.040; —0.013] amygdala — ventral
attention network per 5 pg/m?® higher PMys). Higher exposure to PMjo one year before the first imaging
assessment was associated with persistently lower functional connectivity between the salience and medial-
parietal networks throughout adolescence. Air pollution was not associated with a faster or slower change in
functional connectivity with age.
Conclusions: Air pollution exposure early in life was associated with persistent alterations in connectivity between
the amygdala and cortical networks involved in attention, somatomotor, and auditory function. Concurrent
exposure was associated with persistent connectivity alterations between networks related to higher cognitive
functions (i.e. the salience and medial-parietal networks).

1. Introduction linked air pollution exposure to a decline in cognitive function and a
higher incidence of psychiatric problems in children, although several

The majority of the world population remains exposed to air pollu- studies reported null and even protective associations (Donzelli et al.,
tion concentrations above recommended limits from the World Health 2019; Kusters et al., 2022; Reuben et al., 2021). Particulate matter is
Organization guidelines (Shaddick et al., 2020). Many studies have suggested to activate the hypothalamus-pituitary—adrenal axis
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(Thomson, 2019), as well as to travel to the human brain through the
nasal olfactory mucosa and by entering circulation via the lungs (Costa
et al., 2017). There it triggers neuroinflammation, microglia activation
and oxidative stress, as indicated by lipid peroxidation (Costa et al.,
2017). The adverse effects of air pollution are likely more pronounced
during childhood and adolescence as compared to adulthood, due to the
continuous neurodevelopment taking place combined with less capacity
to mitigate the adverse effects of air pollution (Rice and Barone, 2000).

Even in the absence of external stimuli, the brain exhibits activity.
This brain activity can be organized in so-called “resting-state net-
works”, which is comprised of different brain regions that exhibit
temporally-correlated fluctuations in activity, and have been shown to
be reproducible across individuals (Gordon et al., 2016). Resting state
functional magnetic resonance imaging (rs-fMRI) allows for the inves-
tigation of “functional connectivity” within and between these net-
works, by detecting levels of increased oxyhaemoglobin (i.e. the blood
oxygen level dependent (BOLD) signal). Previous research has linked
these networks to the development of major cognitive functions and
found changes in functional connectivity within and between networks
across multiple psychiatric disorders (Gao et al., 2017; Sha et al., 2019;
Zimmermann et al., 2018). The primary organization of many functional
networks is largely in place around 2 years of age, but development
continues as the brain further matures (Gilmore et al., 2018). During
childhood and adolescence, increasing functional connectivity between
regions belonging to the same network (i.e., higher within-network
connectivity) and decreasing functional connectivity between regions
belonging to different networks (i.e., lower between-network connec-
tivity) is generally seen (Grayson and Fair, 2017). Yet, recent evidence
suggests that the development of functional connectivity with age varies
across networks and can also consist of decreasing within-network
connectivity and increasing between-network connectivity (Cotter
et al., 2023; Sanders et al., 2023).

Two analyses embedded in the BREATHE Project (Barcelona, Spain)
found an association of air pollution exposure at schools in the year of
the MRI assessment, with lower functional connectivity between the
caudate nucleus and the frontal cortex, lower functional connectivity
within the default-mode-network, and higher functional connectivity
between the default-mode-network and adjacent regions in 8- to 12-
year-olds (Pujol et al., 2016a,b). Cotter et al. (2023) and Zundel et al.
(2024) investigated the longitudinal association of outdoor residential
exposure to several air pollutants in the year prior to the MRI assessment
at age 9-10 years with changes in functional connectivity during a 2-
year follow-up period, utilizing data from the ABCD study (United-
States). Higher air pollution exposure was associated with both higher
and lower functional connectivity, depending on the pollutant and the
network. We previously studied the association between outdoor resi-
dential exposure to air pollution and functional connectivity in 9- to 12-
year-olds of the Generation R Study (Rotterdam, the Netherlands), and
found that higher exposure from birth to 3 years was primarily associ-
ated with higher functional connectivity between the task positive and
task negative networks (Pérez-Crespo et al., 2022).

The availability of a second neuroimaging assessment within the
Generation R Study (i.e., at age 12-17 years) allows us to investigate
whether the previously found associations remain, attenuate, or worsen
throughout adolescence. Furthermore, we aim to investigate how
environmental exposure shortly prior to the brain imaging assessment is
associated with functional connectivity development. We took an
exploratory approach by including within- and between functional
connectivity of all resting state networks in our analyses, as there are
currently no well-defined hypotheses regarding localized or specific
effects. The importance of the current work is highlighted by the limited
evidence on air pollution exposure and functional connectivity in chil-
dren, especially in regards to longitudinal development.
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2. Methods and Materials
2.1. Population and study design

This study was carried out within the Generation R Study, which is a
population-based birth cohort in Rotterdam, the Netherlands. All preg-
nant women with a delivery date between April 2002 and January 2006
were eligible for participation. The majority of women were enrolled
during pregnancy (8,879 women), some women shortly after delivery
(899 women) (Fig. S1). We excluded all non-singleton births for this
study (N = 246). Follow-up of parents and their child was continued
after delivery and children underwent a neuroimaging assessment at
median age 9.9 (range 8.6 — 12.0; rs-fMRI 1) and 13.8 years (range 12.6
—17.1; rs-fMRI 2). All children were invited for both neuroimaging as-
sessments. In our sample, we had air pollution exposure data available
for 9,248 children. Of these children, 4,294 participated in rs-fMRI 1
and/or 2. After exclusion based on the image quality assurance protocol,
a total of 3,626 children had data on at least one of the rs-fMRI assess-
ments (2,511 for rs-fMRI 1 and 2,117 for rs-fMRI 2). Written informed
consent was obtained and the study was approved by the Medical Ethics
Committee of the Erasmus Medical Centre, Rotterdam.

2.2. Exposures

We estimated average exposure to air pollution at the reported res-
idential address for each participant for two exposure periods: (i) birth
to 3 years, and (ii) 1 year before rs-fMRI 1 (Methods S1). A detailed
description on how exposure was estimated with land-use regression
models can also be found in Guxens et al. (2022). We had estimates
available for particulate matter (PM) with aerodynamic diameter of less
than 10 pm (PM;o) and of less than 2.5 um (PMj, ), the absorbance of
PM, 5 (PM3 5 absorbance), nitrogen oxides (NOx), and nitrogen dioxide
(NOy). We used data from 7 routine background monitoring network
sites to back- and forward extrapolate air pollution concentrations to the
2 periods of interest. We accounted for the number of days that a
participant lived in each address when calculating average exposure
concentrations for each of the two exposure periods. For participants
with missing data at rs-fMRI 1, we could not define the second exposure
period as one year before rs-fMRI 1. Based on the distribution of age at
rs-fMRI 1, we estimated air pollution exposure from 8 to 9 years for these
participants.

2.3. Magnetic resonance imaging

2.3.1. fMRI image acquisition and preprocessing

We used a 3 Tesla General Electric scanner (MR750W; GE) MRI
System in the Erasmus Medical Centre to collect rs-fMRI imaging data.
Both neuroimaging assessments took place with the same scanner. The
fMRIPrep pipeline version 20.2.7 was used to preprocess the BIDS data
(Esteban et al., 2019). A detailed description on fMRI preprocessing and
quality assessment can be found in Xu et al. (2024). In short, we per-
formed the following steps: (i) intensity normalization for B1-
inhomogeneity and brain extraction, (ii) nonlinear registration to MNI
space, (iii) Freesurfer processing, (iv) volume realignment of the rs-fMRI
data using MCFLIRT (FSL), (v) slice-time correction with 3dTshift
(AFNI) of the BOLD runs, co-registration to the corresponding T1lw
reference as well as the MNI152 2009¢ Asym space, and (vi) resampling
of the data to the CIFTI grayordinate space. We only included images
without major artefacts, with whole-brain coverage, and without
excessive motion, and all images were visually inspected for accuracy of
co-registration.

2.3.2. Parcellation and whole-brain connectivity estimation

We used Python (version 3.9.0) to compute the functional connec-
tivity matrices for the entire brain. The Gordon parcellation (Gordon
et al., 2016) was used for cortical parcels, and Freesurfer was used for
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the subcortical segmentation (Fischl et al., 2002). This generated a total
of 349 parcels, but for the purpose of this study we only used the 333
cortical regions, and the amygdala, hippocampus, and caudate nucleus
regions. We selected these 3 subcortical regions based on findings from
previous research (Cotter et al., 2023; Pujol et al., 2016). Time series
from each parcel was extracted and adjusted for cerebral spinal fluid and
white matter signals (and their quadratic terms and temporal de-
rivatives), the ICA AROMA motion regressors, and high-pass temporal
filtering parameters. A 333x333 correlation matrix was constructed by
computing the Pearson correlation for each pair of time series data, and
data were then converted to Z-scores with the Fisher r-to-z transform.
The main analyses were performed on data without global signal
regression, but we ran sensitivity analyses with data were the global
signal was regressed out, due to a lack of consensus on the best approach
(Murphy and Fox, 2017). Although regressing out the global signal
might be an effective way of reducing noise, it comes with the risk of
removing valuable information. Global signal is computed by taking the
mean of the voxel time-series within the brain. Therefore, it represents
both neural and non-neural fluctuations (e.g., respiratory and cardiac
activity). Using the Gordon parcellation, we grouped the 333 cortical
regions into the following networks: auditory, cingulo-opercular, default
mode network, dorsal attention, fronto-parietal, medial-parietal,
parieto-occipital, salience, somatomotor hand, somatomotor mouth,
ventral attention, visual and none (Fig. 1) (Gordon et al., 2016). None
represents the connectivity of cortical regions that are not included in
any of the other cortical networks. Functional connectivity within each
of the 13 networks was calculated by averaging the pairwise Fisher z-
transformed Pearson correlations between regions within the same
network. Between-network functional connectivity was calculated by
averaging the pairwise correlation of regions belonging to the first
network with regions belonging to the second network. Finally,
subcortical-network functional connectivity was calculated by aver-
aging the pairwise correlation between regions belonging to the amyg-
dala, hippocampus or caudate nucleus, with regions belonging to each of
the 13 cortical networks.

2.4. Statistical analysis

We used the R package “mice” (version 3.14.0) to impute missing
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values in the co-variates and generated 25 imputed datasets for the data
analysis (Spratt et al., 2010; Sterne et al., 2009) (Table S1-S2). The
percentage of missing values was below 30 % for all covariates, with the
exception of education of the father (36.5 %) (Table S2). Imputed values
were similar to observed values (Table S2). Next, we performed a
comparison of the characteristics of participants included in our study
and the full population at baseline, with the exclusion of twins
(Table S3). Since our study population differed significantly in e.g.
several variables related to socioeconomic status, we performed inverse
probability weighting to address potential selection bias (Fig. S2). In
short, we utilized the R CBPS package (version 0.23) to calculate the
inverse of probability of participation for each of our study participants.
Weights were truncated at 10. Then we weighted all following analyses
accordingly.

For the main analyses we aimed to test the association of exposure to
each pollutant during each of the 2 exposure periods with each of the
within- and between functional connectivity outcomes, separately,
using 2 approaches: (i) an association with a lower or higher functional
connectivity aggregated across the 2 timepoints (Model oyerall associations)s
and (ii) an association with change in functional connectivity between
the 2 timepoints (i.e., faster/slower increase/decrease in functional
connectivity with age) (Model interaction associations) (Methods S2). For the
first approach, we ran linear mixed models with a random intercept for
participant and adjusted for potential confounders based on a direct
acyclic graph (Fig. S3) (Guxens et al., 2018). The included confounders
were child’s sex, age, and season of birth, parental age at enrolment,
parental national origin and education level, household income,
maternal marital status, maternal parity, parental pre-pregnancy body
mass index, maternal alcohol consumption, smoking, and folic acid use
during pregnancy, maternal intelligence quotient, socioeconomic status
of the neighbourhood, which included mean household income of the
neighborhood, and proportion of households with low income, low
educational level, and without paid work (NIPHE, 2017), and greenness,
estimated with the Normalized Difference Vegetation Index in the sur-
rounding area of 300 m of maternal home addresses. For the second
approach we ran the same adjusted linear mixed models, but now
included an air pollutant*age interaction term. We centered age at the
5th percentile of age over the 2 timepoints (9.6 years). All assumptions
for linear mixed models were fulfilled (i.e., linearity between the

None

Default mode
Parieto-occipital
Fronto-parietal
Salience
Cingulo-opercular
Medial-parietal
Dorsal attention
Ventral attention
Visual
Somatomotor hand
Somatomotor mouth

EOENRREERUURD

Auditory

Fig. 1. Gordons parcellation schema color-coded by cortical network. Adapted from Gordon et al., 2018.
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exposure and outcome, normality of the residuals, homoscedasticity,
and no collinearity).

Finally, we corrected all analyses for multiple testing given the
different exposures and outcomes, by multiplying the mean effective
number of tests over the exposures (2.8) with the mean effective number
of tests over the outcomes (58.2), and dividing p < 0.05 by this number,
following the approach suggested by Galwey (2009). This yielded a new
p-value cut-off of 0.0003. Since the majority of pollutants in our study
were highly correlated (i.e., ranging from 0.45 to 0.92) (Fig. S4), we
opted for this approach instead of a multi-pollutant analysis, like the
least absolute shrinkage and selection operator.

As a follow-up analysis, to place our results into perspective of
normal development, we investigated the relationship between age and
the outcomes for which we found an association after applying multiple
testing correction. Next, we performed the following sensitivity ana-
lyses: (i) we repeated the main analyses after additionally regressing out
the global signal from the original time series data and recomputing the
connectivity matrices (N = 3,626 participants and 4,628 scans) (Murphy
and Fox, 2017), (ii) we restricted the main analyses to children with
available exposure and outcome data on both of the rs-fMRI assess-
ments, to address potential bias following imputation of one of the
outcomes by the linear mixed-effects models (N = 1,002 participants
and 2,004 scans), and (iii) we restricted the 1 year before rs-fMRI 1
analyses to those children who did not move house address between the
rs-fMRI assessments to address potential misclassification of the expo-
sure (N = 3,012 participants and 3,861 scans).

All statistical analyses were carried out using R (version 4.2.1; R
Development Core Team).

3. Results
3.1. Descriptive results

Slightly over half of the participants’ mothers was of Dutch national
origin (57.6 %) and highly educated (51.7 %) (Table 1). Median air
pollution exposure from birth to 3 years was 28.6 pg/m® for PMy, 17.9
for PMys, 1.3 * 10°/m for PM, 5 absorbance, 35.1 ug/rn3 for NO,, and
55.4 ng/m® for NOy (Table 2). Concentrations for exposure 1 year before
rs-fMRI 1 were lower: 21.0 pg/m® for PMy, 13.4 for PMy 5, 1.0 * 10°/m
for PM, 5 absorbance, 27.8 pg/m3 for NO,, and 40.4 pg/m3 for NOx.
Mean within- and between-network functional connectivity for rs-fMRI
1 is shown in interactive Fig. 1 (Fig. 2). and for rs-fMRI 2 in interactive
Fig. 2 (Fig. 3).

3.2. Overadll associations: The aggregated association between air
pollution exposure and functional connectivity over time (Model oyerqi

a.ssociations)

Higher exposure to all air pollutants from birth to 3 years and in the
year before rs-fMRI 1 was associated with primarily lower within- and
between-network functional connectivity over the two timepoints
(Fig. S5-S6). After correction for multiple testing, higher exposure to
PM; 5 from birth to 3 years remained associated with lower functional
connectivity between the amygdala and the ventral attention, somato-
motor hand, and auditory cortical networks (e.g. —0.027 units of func-
tional connectivity [95 % CI —0.040; —0.013] between the amygdala
and the ventral attention network per 5 pg/m® higher PMy 5 exposure
during birth to 3 years) (Fig. 4a, Table 3). Higher exposure to PMjg in
the year before rs-fMRI 1 remained associated with lower functional
connectivity between the salience and medial-parietal networks
(—0.022 [95 % CI —0.034; —0.010] per 10 pg/m> higher PM; exposure
in the year before rs-fMRI 1) after correction for multiple testing
(Fig. 4b, Table 3).
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Table 1
Characteristics of the study participants (N=3,626)
Participant characteristics Distribution
Maternal age at enrolment (years) 31.1 £4.9
Maternal national origin
Dutch 57.6
Moroccan 4.9
Surinamese 7.6
Turkish 5.9
European, other 7.8
Non-European, other 16.1
Maternal educational level at enrolment
Higher or above 51.7
Secondary 30.9
Primary or lower 17.4
Household income at enrolment
>2,200€ 63.8
1,600-2200€ 14.3
900-1,600€ 14.4
<900€ 7.6
Maternal marital status at enrolment
Married 50.0
Living together 38.8
No partner 11.2
Maternal parity
0 children 57.0
1 child 30.8
> 2 children 12.2
Maternal pre-pregnancy BMI (kg/m2) 235+ 4
Maternal alcohol use during pregnancy
Never 39.4
Until pregnancy known 14.2
Occasional use during pregnancy 36.4
Frequent use during pregnancy 10.0
Maternal smoking during pregnancy
Never 73.2
Until pregnancy known 8.4
Continued during pregnancy 185
Maternal folic acid use during pregnancy
Start preconceptional 47.9
Start in the first 10 weeks of pregnancy 31.6
None periconceptional 20.5
Maternal intelligence quotient 97.7 + 14.7
Socioeconomic status neighbourhood -0.9+1.4
Residential greenness birth - 3 years 0.4 +0.1

Values are percentages for categorical variables, mean + standard deviation for
continuous variables.

3.3. Interaction associations: Association between air pollution exposure
and the change in functional connectivity with age (Model interqction

a.ssociatiom)

Higher exposure to all air pollutants from birth to 3 years and in the
year before rs-fMRI 1 was associated with a change of within- and be-
tween functional connectivity between the 2 timepoints with age
(Fig. S7-S8). However, after correction for multiple testing none of the
associations in the Models ipteraction associations remained.

3.4. Follow-up and sensitivity analyses

Higher age was associated with higher functional connectivity be-
tween the amygdala and the ventral attention, somatomotor hand, and
auditory networks, and between the salience and medial-parietal net-
works (e.g. 0.009 functional connectivity [95 % CI 0.008; 0.011] be-
tween the amygdala and the ventral attention network per year higher
age) (Table S4). When applying global signal regression to the dataset,
beta estimates were similar or smaller and all in the same direction as
the observed significant associations in the main analyses (N = 3,626
participants and 4,628 scans) (Table S5). Furthermore, we observed
similar beta estimates when only analyzing those participants with
complete data on both rs-fMRI assessments (N = 1,002 participants and
2,004 scans), and when analyzing only those participants that did not
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Table 2
Air pollution exposure concentrations during pregnancy and childhood
Birth - 3 years 1 year before rs-fMRI 1 Corr
median p25 P75 median p25 P75
PM,, (pg/m>) 28.6 27.2 30.5 21.0 19.9 23.1 0.52
PM, 5 (ng/m>) 17.9 17.3 18.8 13.4 12.8 14.1 0.52
PM, 5 abs (10°™7) 1.3 1.2 1.5 1.0 0.9 1.2 0.50
NO, (pg/m®) 35.1 31.9 38.6 27.8 24.4 31.2 0.52
NOx (pg/m3) 55.4 47.7 72.1 40.4 34.2 51.5 0.49

Abbreviations: Corr, Spearman’s correlation; NOy, nitrogen oxides; NO,, nitrogen dioxide; PM, particulate matter with different aerodynamic diameters: less than 10

pm (PMyo); less than 2.5 pm (PM, 5); PMy 5 abs, absorbance of PMs s filters.
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Fig. 2. Mean within- and between-network functional connectivity for rs-fMRI 1. All correlations are positive and the thickness of the lines represent the
strength of the connections. Abbreviations: CinguloOperc, cingulo-opercular; Default, default mode network; DorsalAttn, dorsal attention; FrontoParietal, fronto-
parietal; ParietoOccip, parieto-occipital; SMhand, somatomotor hand; SMmouth, somatomotor mouth; VentAttn, ventral attention.

move house address between the two rs-fMRI assessments (N = 3,012
participants and 3,861 scans) (Table S6).

4. Discussion

In this large population-based birth cohort, higher exposure to PMj 5
from birth to 3 years was associated with persistently lower functional
connectivity between the amygdala and the ventral attention, somato-
motor hand, and auditory cortical networks throughout adolescence.
Higher exposure to PM; in the year before rs-fMRI 1 was associated
with persistently lower functional connectivity between the salience and
medial-parietal cortical networks throughout adolescence. These results
remained after carefully correcting for multiple testing. We did not
observe worsening or an attenuation of the effect of air pollution on
functional connectivity with age. The results of our study suggest
distinct effects of air pollution exposure on brain function, depending on
the window of exposure.

Currently available studies on the association between air pollution
and functional connectivity in children only include a selection of
resting-state networks and none looked at between-network functional
connectivity between the amygdala and the ventral attention, somato-
motor hand, and auditory networks, and between the medial-parietal
and salience networks (Cotter et al., 2023; Pujol et al., 2016a,b; Zun-
del et al., 2024). This makes comparison with our results difficult.
Simultaneously it highlights the importance to consider all cortical
networks and relevant subcortical regions in future environmental —
resting state functional connectivity studies, as long as clear hypotheses
on a localized effect remain absent. Reasons that we were unable to
replicate findings from other studies, such as associations between
higher air pollution exposure and alterations in the default mode and
frontoparietal networks, include the consideration of different pollut-
ants, different pollutant assessments and concentrations, a stronger
multiple testing penalty due to the inclusion of more outcomes, and
differences in the processing of rs-fMRI data. In our previous work we
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Salience

Fig. 3. Mean within- and between-network functional connectivity for rs-fMRI 2. All correlations are positive and the thickness of the lines represent the
strength of the connections. Abbreviations: CinguloOperc, cingulo-opercular; Default, default mode network; DorsalAttn, dorsal attention; FrontoParietal, fronto-
parietal; ParietoOccip, parieto-occipital; SMhand, somatomotor hand; SMmouth, somatomotor mouth; VentAttn, ventral attention.

found several associations between higher outdoor residential exposure
to NO,, NOx and PM; 5 absorbance, and higher functional brain con-
nectivity in 9- to 12-year-olds of the Generation R study (rs-fMRI 1)
(Pérez-Crespo et al., 2022). Although we used the same study population
in the current work, we did not observe similar associations due to
several methodological choices. We opted for using the Gordon parcel-
lation instead of the previously used Glasser parcellation, since Bryce
et al. (2021) showed relatively low correlation of within-network
functional connectivity estimates derived from the Glasser parcellation
with estimates derived with other commonly used parcellation methods,
and since we aimed to harmonize our study with data from the United-
States based ABCD Study (Cotter et al., 2023; Zundel et al., 2024).
Furthermore, we grouped the regions of interest into networks, instead
of looking at each region separately, as done previously, to ease inter-
pretation and reduce the number of performed tests. Finally, the
aggregate analyses optimized power of our study by including data from
2 timepoints.

We observed different association patterns for the two exposure
periods. Research in neonates and young children indicated that prim-
itive functional resting state networks, including the auditory network,
somatomotor hand network, and the amygdala show rapid development
in the first years of life (Gilmore et al., 2018). The amygdala, involved in
emotional processing and response to emotional stimuli, grows about
105 % in the first year and 15 % in the second year. For attentional
function, a shift from bottom-up attentional function (i.e., the ventral
attention network) to top-down attentional function (i.e., the dorsal
attention network) is seen with increasing age, suggesting that the
development of the ventral attention network also takes place early in
life (Farrant and Uddin, 2015). This aligns with our findings of birth to 3
years as a susceptible period for air pollution exposure on the amygdala,

ventral attention, somatomotor hand, and auditory networks. In
contrast, networks linked to higher cognitive functions, such as the
salience and medial-parietal network typically develop later in child-
hood, which likely explains why we only observed an association of
exposure to air pollution with between-network connectivity of the
salience and medial-parietal network for exposure 1 year before rs-fMRI
1 (Gilmore et al., 2018). The salience network is involved in identifying
and responding to internal and external stimuli in order to maintain
homeostasis and guide behavior (Seeley, 2019). The medial-parietal
network is crucial in self-referential processing (Northoff et al., 2006),
perspective-taking and consideration of others (Herold et al., 2016;
Pfeifer and Peake, 2012). Furthermore, it is involved in higher cognitive
functions like theory of mind (Cavanna and Trimble, 2006; Northoff
et al., 2006). Our follow-up analyses showed that increasing age was
associated with higher functional connectivity between the amygdala
and the ventral attention, somatomotor hand, and auditory networks,
and between the salience and medial-parietal networks. Considering the
opposite effects of air pollution compared to age on functional connec-
tivity, we suggest that exposure to traffic-related air pollution is asso-
ciated with deviation from normal brain function development
throughout adolescence, especially with regard to emotional processing
and higher cognitive functions.

This study is one of the first to investigate the association between
exposure to air pollution and resting state functional connectivity in a
large population-based birth cohort, using repeated measures of rs-fMRI.
We considered 5 pollutants during 2 exposure periods, all 13 cortical
networks, and 3 subcortical regions. However, the results of our study
should be considered in the context of several limitations. First, we only
considered residential air pollution exposure, due to the unavailability
of air pollution estimates at schools. This limitation is especially relevant
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Fig. 4. Model oyerall association: Association of low and high PM, s exposure from birth to 3 years and PM;, exposure in the year before rs-fMRI 1 (one standard
deviation below and above the mean, respectively) with changes in predicted between-network functional connectivity across adolescence, based on the fully
adjusted mixed-effects models (N = 3,626 participants and 4,628 scans). Categorization into low (-1SD), medium (mean), and high (+1SD) air pollutant exposure
was performed for depiction purposes only (i.e., metrics were not dichotomized in analyses). The x-axis depicts the 5 percentile — 95 percentile of age. Only as-

sociations that remain after multiple testing correction are presented.

Table 3

Model gyerall association: Adjusted beta estimates of each air pollutant with func-
tional connectivity for exposure during birth to 3 years and 1 year before rs-fMRI
1. Only associations that remain after multiple testing correction are shown.

beta [95%CI] p-value
Exposure to PM, 5 (A 5 pg/m®) from birth to 3 years(A 5 pg/m
Amygdala - Ventral-attention -0.027 [-0.040; -0.013] 0.0001
Amygdala - Somatomotor hand  -0.029 [-0.043; -0.016] <0.0001
Amygdala - Auditory -0.030 [-0.045; -0.016] <0.0001
Exposure to PM;o (A 10 pg/m®) 1 year before rs-fMRI 1
Medial-parietal - Salience -0.022 [-0.034; -0.010] 0.0003

Abbreviations: PM, particulate matter with different aerodynamic diameters:
less than 10 pm (PM;0); less than 2.5 pm (PM 5). Beta coefficients and 95% CI
from linear mixed models, including a random intercept for participant and
adjusted for child’s sex, age and season of birth, maternal and paternal age at
enrollment, maternal and paternal education level, maternal and paternal na-
tional origin, household income, marital status, maternal parity, maternal and
paternal pre-pregnancy body mass index, maternal alcohol consumption,
smoking and folic acid use during pregnancy, maternal intelligence quotient,
socioeconomic status neighborhood, and greenness.

for the 1 year before rs-fMRI 1 exposure period, since children spend a
large proportion of the day at school at this stage. We recommend future
studies to include both residential and school exposure to air pollution.
Second, we did not have repeated measurements available for all chil-
dren in our study population. Yet, a complete-case analysis for the
outcomes indicated robustness of our findings. Third, due to high cor-
relation between the pollutants we were unable to apply a multi-
pollutant model. Associations were observed for only some of the
investigated pollutants, but our high multiple testing penalty could be
underlying the lack of findings for PMy 5 absorbance, NO; and NOx,
especially since associations were present for all pollutants at p < 0.05.
Furthermore, all pollutant concentrations included in this study are in-
dicators of traffic. Fourth, we had a relatively short scan duration time of
5 min and 52 s as we aimed to balance minimizing the burden on young
participants while maintaining high quality data (Birn et al., 2013).
Finally, the parcellation by Gordon et al. that we used to define the
cortical resting state networks is derived from research in adults and
might thus not be fully applicable to the child brain.

In conclusion, higher air pollution exposure from birth to 3 years was
associated with lower functional connectivity between the amygdala
and some cortical networks, while higher air pollution exposure in the
year before rs-fMRI 1 was associated with lower functional connectivity
between two cortical networks (i.e., salience and medial-parietal). Since
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all associations were persistent across adolescence, our findings might
suggest lasting deviations from normal development of brain networks
following exposure to air pollution. This potentially impacts emotional
processing and higher cognitive functions, but more research is needed
to replicate our findings and understand the exact functional implica-
tions of the observed disruptions in between-network functional
connectivity.

CRediT authorship contribution statement

Michelle S.W. Kusters: Conceptualization, Formal analysis, Meth-
odology, Visualization, Writing — original draft. Laura Granés: Meth-
odology, Validation, Writing — review & editing. Sami Petricola:
Formal analysis, Methodology, Writing — review & editing. Henning
Tiemeier: Conceptualization, Funding acquisition, Investigation,
Methodology, Supervision, Writing — review & editing. Ryan L. Muet-
zel: Conceptualization, Funding acquisition, Investigation, Methodol-
ogy, Supervision, Writing — review & editing. Monica Guxens:
Conceptualization, Funding acquisition, Methodology, Supervision,
Writing — review & editing.

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.

Acknowledgments

This publication was co-financed by the Agencia Estatal de Inves-
tigacion (AEI) and the European Social Fund (FSE) “ EL FSE invierte en
tu futuro” with reference number PRE2020-092005, according to the
Resolution of the Presidency of the AEI, by which grants are awarded for
pre-doctoral contracts for the training of doctors, call 2020 (awarded to
M.S.W.K). Neuroimaging data collection and analysis were supported by
the Sophia Foundation project S18-20 (awarded to R.L.M.), the
Netherlands Organization for Scientific Research (NWO, 2012.042,
exacte wetenschap, Surf/Snellius, awarded to R.L.M) and the
Netherlands Organization for Health Research and Development
(ZonMw) Vici project 016.VICI.170.200 (awarded to H.T.). H.T. and R.L.
M. were supported by the The European Union’s HorizonEurope
Research and Innovation Programme (FAMILY, grant agreement No
101057529). M.G. was funded by a Miguel Servet II fellowship (CPII18/
00018) and L.G was funded by a Rio Hortega fellowship (CM22,/00011),
both awarded from the Spanish Institute of Health Carlos III. The general
design of Generation R Study is made possible by financial support from
the Erasmus Medical Center, Rotterdam, the Erasmus University Rot-
terdam, ZonMw, The Netherlands Organization for Scientific Research
(NWO), and the Ministry of Health, Welfare, and Sport. The geo-
codification of the addresses of the study participants and the air
pollution estimations were done within the framework of a project
funded by the Health Effects Institute (HEI) (Assistance Award No. R-
82811201). We acknowledge support from the grant CEX2023-
0001290-S funded by MCIN/AEI/ 10.13039/501100011033, support
from the Generalitat de Catalunya through the CERCA Program, and
from the Ministry of Research and Universities of the Government of
Catalonia (2021 SGR 01564). Data for generating figures were provided
[in part] by the Human Connectome Project, WU-Minn Consortium
(Principal Investigators: David Van Essen and Kamil Ugurbil;
1U54MH091657) funded by the 16 NIH Institutes and Centers that
support the NIH Blueprint for Neuroscience Research; and by the
McDonnell Center for Systems Neuroscience at Washington University.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.

Environment International 196 (2025) 109245
org/10.1016/j.envint.2024.109245.
Data availability

Datasets are not publicly available, but may be made available upon
request to the Director, Vincent Jaddoe (secretariaat.genr@erasmusmc.
nl), in accordance with the national, and EU regulations.

References

Birn, R.M., Molloy, E.K., Patriat, R., Parker, T., Meier, T.B., Kirk, G.R., Nair, V.A,,
Meyerand, M.E., Prabhakaran, V., 2013. The effect of scan length on the reliability of
resting-state fMRI connectivity estimates. Neuroimage 83. https://doi.org/10.1016/
j-neuroimage.2013.05.099.

Bryce, N.V.,, Flournoy, J.C., Guassi Moreira, J.F., Rosen, M.L., Sambook, K.A., Mair, P.,
McLaughlin, K.A., 2021. Brain parcellation selection: An overlooked decision point
with meaningful effects on individual differences in resting-state functional
connectivity. Neuroimage 243. https://doi.org/10.1016/j.
neuroimage.2021.118487.

Cavanna, A.E., Trimble, M.R., 2006. The precuneus: A review of its functional anatomy
and behavioural correlates. Brain. https://doi.org/10.1093/brain/awl004.

Costa, L.G., Cole, T.B., Coburn, J., Chang, Y.C., Dao, K., Roqué, P.J., 2017. Neurotoxicity
of traffic-related air pollution. Neurotoxicology 59. https://doi.org/10.1016/j.
neuro.2015.11.008.

Cotter, D.L., Campbell, C.E., Sukumaran, K., McConnell, R., Berhane, K., Schwartz, J.,
Hackman, D.A., Ahmadi, H., Chen, J.C., Herting, M.M., 2023. Effects of ambient fine
particulates, nitrogen dioxide, and ozone on maturation of functional brain networks
across early adolescence. Environ Int 177. https://doi.org/10.1016/j.
envint.2023.108001.

Dongzelli, G., Llopis-Gonzalez, A., Llopis-Morales, A., Cioni, L., Morales-Sudrez-

Varela, M., 2019. Particulate Matter Exposure and Attention-Deficit/Hyperactivity
Disorder in Children: A Systematic Review of Epidemiological Studies. Int J Environ
Res Public Health 17, 67. https://doi.org/10.3390/ijerph17010067.

Esteban, O., Markiewicz, C.J., Blair, R.W., Moodie, C.A., Isik, A.L., Erramuzpe, A., Kent, J.
D., Goncalves, M., DuPre, E., Snyder, M., 2019. fMRIPrep: a robust preprocessing
pipeline for functional MRI. Nat Methods 16, 111-116.

Farrant, K., Uddin, L.Q., 2015. Asymmetric development of dorsal and ventral attention
networks in the human brain. Dev Cogn Neurosci 12. https://doi.org/10.1016/j.
den.2015.02.001.

Fischl, B., Salat, D.H., Busa, E., Albert, M., Dieterich, M., Haselgrove, C., Van Der
Kouwe, A, Killiany, R., Kennedy, D., Klaveness, S., 2002. Whole brain segmentation:
automated labeling of neuroanatomical structures in the human brain. Neuron 33,
341-355.

Galwey, N.W., 2009. A new measure of the effective number of tests, a practical tool for
comparing families of non-independent significance tests. Genet Epidemiol 33.
https://doi.org/10.1002/gepi.20408.

Gao, W, Lin, W., Grewen, K., Gilmore, J.H., 2017. Functional connectivity of the infant
human brain: Plastic and modifiable. Neuroscientist. https://doi.org/10.1177/
1073858416635986.

Gilmore, J.H., Knickmeyer, R.C., Gao, W., 2018. Imaging structural and functional brain
development in early childhood. Nat Rev Neurosci. https://doi.org/10.1038/
nrn.2018.1.

Gordon, E.M., Laumann, T.O., Adeyemo, B., Huckins, J.F., Kelley, W.M., Petersen, S.E.,
2016. Generation and Evaluation of a Cortical Area Parcellation from Resting-State
Correlations. Cereb. Cortex 26. https://doi.org/10.1093/cercor/bhu239.

Grayson, D.S., Fair, D.A., 2017. Development of large-scale functional networks from
birth to adulthood: A guide to the neuroimaging literature. Neuroimage 160. https://
doi.org/10.1016/j.neuroimage.2017.01.079.

Guxens, M., Lubczyriska, M.J., Pérez-Crespo, L., Muetzel, R.L., El Marroun, H., Basagana,
X., Hoek, G., Tiemeier, H., 2022. Associations of Air Pollution on the Brain in
Children: A Brain Imaging Study. Res Rep Health Eff Inst.

Guxens, M., Lubczyniska, M.J., Muetzel, R.L., Dalmau-Bueno, A., Jaddoe, V.W.V.,
Hoek, G., van der Lugt, A., Verhulst, F.C., White, T., Brunekreef, B., Tiemeier, H., el
Marroun, H., 2018. Air Pollution Exposure During Fetal Life, Brain Morphology, and
Cognitive Function in School-Age Children. Biol Psychiatry 84, 295-303. https://
doi.org/10.1016/j.biopsych.2018.01.016.

Herold, D., Spengler, S., Sajonz, B., Usnich, T., Bermpohl, F., 2016. Common and distinct
networks for self-referential and social stimulus processing in the human brain. Brain
Struct Funct 221. https://doi.org/10.1007/500429-015-1113-9.

Kusters, M.S.W., Essers, E., Muetzel, R., Ambros, A., Tiemeier, H., Guxens, M., 2022. Air
pollution exposure during pregnancy and childhood, cognitive function, and
emotional and behavioral problems in adolescents. Environ Res 214, 113891.

Murphy, K., Fox, M.D., 2017. Towards a consensus regarding global signal regression for
resting state functional connectivity MRI. Neuroimage 154. https://doi.org/
10.1016/j.neuroimage.2016.11.052.

NIPHE, (National Institute for Public Health and the Environment), 2017.
Sociaaleconomische status 2017 [WWW Document]. URL https://www.volksgezon
dheidenzorg.info/onderwerp/sociaaleconomische-status/regionaal-internationaa
1/regionaal#node-sociaaleconomische-status (accessed 5.19.21).

Northoff, G., Heinzel, A., de Greck, M., Bermpohl, F., Dobrowolny, H., Panksepp, J.,
2006. Self-referential processing in our brain-A meta-analysis of imaging studies on
the self. Neuroimage 31. https://doi.org/10.1016/j.neuroimage.2005.12.002.


https://doi.org/10.1016/j.envint.2024.109245
https://doi.org/10.1016/j.envint.2024.109245
https://doi.org/10.1016/j.neuroimage.2013.05.099
https://doi.org/10.1016/j.neuroimage.2013.05.099
https://doi.org/10.1016/j.neuroimage.2021.118487
https://doi.org/10.1016/j.neuroimage.2021.118487
https://doi.org/10.1093/brain/awl004
https://doi.org/10.1016/j.neuro.2015.11.008
https://doi.org/10.1016/j.neuro.2015.11.008
https://doi.org/10.1016/j.envint.2023.108001
https://doi.org/10.1016/j.envint.2023.108001
https://doi.org/10.3390/ijerph17010067
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0035
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0035
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0035
https://doi.org/10.1016/j.dcn.2015.02.001
https://doi.org/10.1016/j.dcn.2015.02.001
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0045
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0045
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0045
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0045
https://doi.org/10.1002/gepi.20408
https://doi.org/10.1177/1073858416635986
https://doi.org/10.1177/1073858416635986
https://doi.org/10.1038/nrn.2018.1
https://doi.org/10.1038/nrn.2018.1
https://doi.org/10.1093/cercor/bhu239
https://doi.org/10.1016/j.neuroimage.2017.01.079
https://doi.org/10.1016/j.neuroimage.2017.01.079
https://doi.org/10.1016/j.biopsych.2018.01.016
https://doi.org/10.1016/j.biopsych.2018.01.016
https://doi.org/10.1007/s00429-015-1113-9
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0090
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0090
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0090
https://doi.org/10.1016/j.neuroimage.2016.11.052
https://doi.org/10.1016/j.neuroimage.2016.11.052
https://www.volksgezondheidenzorg.info/onderwerp/sociaaleconomische-status/regionaal-internationaal/regionaal%23node-sociaaleconomische-status
https://www.volksgezondheidenzorg.info/onderwerp/sociaaleconomische-status/regionaal-internationaal/regionaal%23node-sociaaleconomische-status
https://www.volksgezondheidenzorg.info/onderwerp/sociaaleconomische-status/regionaal-internationaal/regionaal%23node-sociaaleconomische-status
https://doi.org/10.1016/j.neuroimage.2005.12.002

M.S.W. Kusters et al.

Pérez-Crespo, L., Kusters, M.S.W., Lopez-Vicente, M., Lubczyrniska, M.J., Foraster, M.,
White, T., Hoek, G., Tiemeier, H., Muetzel, R.L., Guxens, M., 2022. Exposure to
traffic-related air pollution and noise during pregnancy and childhood, and
functional brain connectivity in preadolescents. Environ Int 164. https://doi.org/
10.1016/j.envint.2022.107275.

Pfeifer, J.H., Peake, S.J., 2012. Self-development: Integrating cognitive, socioemotional,
and neuroimaging perspectives. Dev Cogn Neurosci. https://doi.org/10.1016/j.
den.2011.07.012.

Pujol, J., Fenoll, R., Macia, D., Martinez-Vilavella, G., Alvarez-Pedrerol, M., Rivas, L,
Forns, J., Deus, J., Blanco-Hinojo, L., Querol, X., Sunyer, J., 2016. Airborne copper
exposure in school environments associated with poorer motor performance and
altered basal ganglia. Brain Behav 6. https://doi.org/10.1002/brb3.467.

Pujol, J., Martinez-Vilavella, G., Macia, D., Fenoll, R., Alvarez-Pedrerol, M., Rivas, L.,
Forns, J., Blanco-Hinojo, L., Capellades, J., Querol, X., Deus, J., Sunyer, J., 2016.
Traffic pollution exposure is associated with altered brain connectivity in school
children. Neuroimage 129. https://doi.org/10.1016/j.neuroimage.2016.01.036.

Reuben, A., Arseneault, L., Beddows, A., Beevers, S.D., Moffitt, T.E., Ambler, A.,
Latham, R.M., Newbury, J.B., Odgers, C.L., Schaefer, J.D., Fisher, H.L., 2021.
Association of Air Pollution Exposure in Childhood and Adolescence with
Psychopathology at the Transition to Adulthood. JAMA Netw Open 4. https://doi.
org/10.1001/jamanetworkopen.2021.7508.

Rice, D., Barone Jr, S., 2000. Critical periods of vulnerability for the developing nervous
system: evidence from humans and animal models. Environ Health Perspect 108,
511-533.

Sanders, A.F.P., Harms, M.P., Kandala, S., Marek, S., Somerville, L.H., Bookheimer, S.Y.,
Dapretto, M., Thomas, K.M., Van Essen, D.C., Yacoub, E., Barch, D.M., 2023. Age-
related differences in resting-state functional connectivity from childhood to
adolescence. Cereb. Cortex 33. https://doi.org/10.1093/cercor/bhad011.

Environment International 196 (2025) 109245

Seeley, W.W., 2019. The salience network: A neural system for perceiving and
responding to homeostatic demands. J. Neurosci. https://doi.org/10.1523/
JNEUROSCI.1138-17.2019.

Sha, Z., Wager, T.D., Mechelli, A., He, Y., 2019. Common Dysfunction of Large-Scale
Neurocognitive Networks Across Psychiatric Disorders. Biol Psychiatry 85. https://
doi.org/10.1016/j.biopsych.2018.11.011.

Shaddick, G., Thomas, M.L., Mudu, P., Ruggeri, G., Gumy, S., 2020. Half the world’s
population are exposed to increasing air pollution. NPJ Clim Atmos Sci 3. https://
doi.org/10.1038/541612-020-0124-2.

Spratt, M., Carpenter, J., Sterne, J.A.C., Carlin, J.B., Heron, J., Henderson, J., Tilling, K.,
2010. Strategies for Multiple Imputation in Longitudinal Studies. Am J Epidemiol.
https://doi.org/10.1093/aje/kwql37.

Sterne, J.A.C., White, L.R., Carlin, J.B., Spratt, M., Royston, P., Kenward, M.G., Wood, A.
M., Carpenter, J.R., 2009. Multiple imputation for missing data in epidemiological
and clinical research: Potential and pitfalls. BMJ (online). https://doi.org/10.1136/
bmj.b2393.

Thomson, E.M., 2019. Air pollution, stress, and allostatic load: linking systemic and
central nervous system impacts. Journal of Alzheimer’s Disease 69, 597-614.

Xu, B., Dall’Aglio, L., Flournoy, J., Bortsova, G., Tervo-Clemmens, B., Collins, P., de
Bruijne, M., Luciana, M., Marquand, A., Wang, H., 2024. Limited generalizability of
multivariate brain-based dimensions of child psychiatric symptoms.
Communications Psychology 2, 16.

Zimmermann, J., Griffiths, J.D., McIntosh, A.R., 2018. Unique mapping of structural and
functional connectivity on cognition. J. Neurosci. 38. https://doi.org/10.1523/
JNEUROSCI.0900-18.2018.

Zundel, C.G., Ely, S., Brokamp, C., Strawn, J.R., Jovanovic, T., Ryan, P., Marusak, H.,
2024. Particulate Matter Exposure and Default Mode Network Equilibrium during
Early Adolescence. Brain Connect.


https://doi.org/10.1016/j.envint.2022.107275
https://doi.org/10.1016/j.envint.2022.107275
https://doi.org/10.1016/j.dcn.2011.07.012
https://doi.org/10.1016/j.dcn.2011.07.012
https://doi.org/10.1002/brb3.467
https://doi.org/10.1016/j.neuroimage.2016.01.036
https://doi.org/10.1001/jamanetworkopen.2021.7508
https://doi.org/10.1001/jamanetworkopen.2021.7508
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0135
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0135
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0135
https://doi.org/10.1093/cercor/bhad011
https://doi.org/10.1523/JNEUROSCI.1138-17.2019
https://doi.org/10.1523/JNEUROSCI.1138-17.2019
https://doi.org/10.1016/j.biopsych.2018.11.011
https://doi.org/10.1016/j.biopsych.2018.11.011
https://doi.org/10.1038/s41612-020-0124-2
https://doi.org/10.1038/s41612-020-0124-2
https://doi.org/10.1093/aje/kwq137
https://doi.org/10.1136/bmj.b2393
https://doi.org/10.1136/bmj.b2393
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0170
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0170
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0175
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0175
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0175
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0175
https://doi.org/10.1523/JNEUROSCI.0900-18.2018
https://doi.org/10.1523/JNEUROSCI.0900-18.2018
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0185
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0185
http://refhub.elsevier.com/S0160-4120(24)00832-8/h0185

	Exposure to residential air pollution and the development of functional connectivity of brain networks throughout adolescence
	1 Introduction
	2 Methods and Materials
	2.1 Population and study design
	2.2 Exposures
	2.3 Magnetic resonance imaging
	2.3.1 fMRI image acquisition and preprocessing
	2.3.2 Parcellation and whole-brain connectivity estimation

	2.4 Statistical analysis

	3 Results
	3.1 Descriptive results
	3.2 Overall associations: The aggregated association between air pollution exposure and functional connectivity over time ( ...
	3.3 Interaction associations: Association between air pollution exposure and the change in functional connectivity with age ...
	3.4 Follow-up and sensitivity analyses

	4 Discussion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix A Supplementary data
	Data availability
	References


