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BACKGROUND: Although previous studies have reported negative associations between exposure to air pollution and cognition, studies of the effects
of prenatal and postnatal exposures in early childhood have been limited.

OBJECTIVES: We sought to assess the role exposure to fine particulate matter (PM,s) during different prenatal and postnatal windows may play in
children’s cognitive development at school age.

METHODS: Within the Brain Development and Air Pollution Ultrafine Particles in School Children (BREATHE) Project, we estimated residential
PM, 5 exposures by land use regression for the prenatal period and first seven postnatal years of 2,221 children from Barcelona, Spain. The partici-
pants (8.5+0.9 yold) completed computerized tests assessing working memory, attentiveness, and conflict network during four visits in 2012-2013.
We used linear mixed effects and distributed lag models to assess the period of exposure to PM; s in association with cognitive development.

RESULTS: Inverse associations were identified between PM; s exposure during the fifth and sixth postnatal years and working memory, with boys
showing much higher vulnerability. Regarding attention functions, exposure to higher PM, 5 levels during the prenatal period and from the fourth
postnatal year were associated with a reduction in conflict network performance, though we found no association with attentiveness. The overall esti-
mated cumulative effect of a 10 pgm™ increase in PM, 5 resulted in a reduction in the working memory d' score of —19.50 [95% confidence interval
(CI): —31.44, —7.57] points and an increase in the conflict attentional network of 11.31 (95% CI: 6.05, 16.57) milliseconds, indicating a poorer
performance.

CoNcLusIONS: Early life exposure to PM, 5 was associated with a reduction in fundamental cognitive abilities, including working memory and con-

flict attentional network. https://doi.org/10.1289/EHP3169

Introduction
Air pollution is the main environmental contributor to the global
burden of disease (GBD 2013 Risk Factor Collaborators 2015).
Over the last few years, interest in investigating the associations
between air pollution and cognitive function has increased
(Suades-Gonzélez et al. 2015), both for children (Calderén-
Garcidueiias et al. 2012; Chiu et al. 2013; Sunyer et al. 2015) and
adults (Ailshire and Crimmins 2014; Gatto et al. 2014).
Environmental exposures in utero and during early life may
permanently modify the body’s structure, physiology and metab-
olism (Gluckman and Hanson 2004). The structure and function
of the brain as well as consequent lifelong developmental poten-
tial are established in the early years in a process that is extremely
sensitive to external influence (Boucher et al. 2009; Luna et al.
2001). Both positive (e.g., responsive caregiving, early learning)
and negative (e.g., nutritional deficiencies, air pollution; Black
et al. 2016) environmental factors may determine whether chil-
dren would be able to reach their full neurodevelopmental poten-
tial at adulthood.
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Working memory and attention are essential for normal cogni-
tive development. Working memory is a cognitive system that is
responsible for temporarily holding information for its manipula-
tion. Its function is crucial for many competencies of cognition,
such as learning, reasoning, problem solving, and language com-
prehension (Vuontela et al. 2003). Most of the development of
working memory occurs during childhood, though development of
working memory continues until adulthood (@stby et al. 2011;
Ullman et al. 2014). Attention involves different processes, such as
selectively attending to a particular source of stimulation or volun-
tarily controlling actions (Anderson 2002). Attention is a basic
function required for superior cognitive abilities (e.g., executive
functions or memory). The conflict network, also called executive
control or executive attention, is one of the three functionally and
anatomically differentiated networks that form attention (Posner
and Petersen 1990). The conflict network is involved in high-level
forms of attention, such as the detection and resolution of conflicts
among various options and responses, error detection, response in-
hibition, as well as in the regulation of thoughts and feelings (Fan
et al. 2005). Attention starts to develop early in infancy, and the
conflict network presents a longer development period that extends
into adolescence (Konrad et al. 2005; Rueda et al. 2015, 2005).

Studies that focused on exposures to air pollution, particularly
particulate matter (PM) and NO,, during the prenatal period and
the first years of life found associations with reduced psychomotor
development (Guxens et al. 2014; Kim et al. 2014), as well
as with autism spectrum disorder (Kalkbrenner et al. 2015; Volk
et al. 2013) and impairment in cognitive development (Calder6n-
Garcidueiias et al. 2015; Chiu et al. 2016). However, for similar out-
comes, other studies reported no associations (Guxens et al. 2014,
2016; Harris et al. 2015). Children from New York, New York City,
showed structural brain alterations related to prenatal air pollution
levels, whereas no significant correlation was observed for postnatal
exposure at 5 years of age via measures of the cortical thickness or
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cerebral surface (Peterson et al. 2015). The evidence is still scarce,
given the lack of studies focusing on the exposure during the most
vulnerable stages of brain development (i.e., prenatal and first one
or two postnatal years). Therefore, further research is required to
assess how the exposure to traffic-related air pollutants at particular
time windows affect brain development.

This study was conducted within the framework of the Brain
Development and Air Pollution Ultrafine Particles in School
Children (BREATHE) project. In previous publications, we
reported a deceleration over a year in the development of work-
ing memory and reduced attentiveness among children attending
schools with a high concentration of traffic-related air pollution
in comparison with children in less-polluted schools (Basagafa
et al. 2016; Sunyer et al. 2015). Reduced attentiveness was also
associated with short-term exposures to such pollutants (Sunyer
et al. 2017). These previous studies evaluated the exposure only
during the study period, when the children were 7-10 y old, and
omitted the exposure in prenatal and early postnatal periods.
Moreover, the conflict network was not assessed before within
BREATHE, although the conflict network is of great importance
in academic achievement (Checa and Rueda 2011; Posner et al.
2006). Therefore, we aimed to assess whether the exposure to
PM with an aerodynamic diameter <2.5 pm (PM;s) at different
time windows (prenatal and first years of life) was associated
with impaired cognitive development (working memory, atten-
tiveness, and conflict network) in 7- to 10-y-old children and to
identify the most vulnerable periods of exposure for the develop-
ment of these cognitive abilities.

Methods

Participants

Participants were 7- to 10-y-old children who attended 39 schools
in Barcelona (Catalonia, Spain). In comparison with the rest of
the schools in Barcelona, participating schools had a similar
Urban Vulnerability Index [a neighborhood-level index based on
data from the Census 2011 on level of education, unemployment,
and occupation (Spanish Ministry of Public Works 2012)] (0.46
vs. 0.50, t-test p=0.57) and air pollution levels (NO,, 51.5 vs.
50.9 ugm=3, t-test p=0.72). All children without special needs
in second to fourth grades were invited to take part in the study;
2,897 children (59%) participated. All parents or guardians
signed the informed consent and the study was approved (No.
2010/41,221/T) by the Clinical Research Ethical Committee of
the IMIM-Parc de Salut Mar, Barcelona, Spain.

Outcomes: Working Memory, Attentiveness, and Conflict
Network

We used the computerized n-back test for assessing working mem-
ory (Nelson et al. 2000b; Vuontela et al. 2003) and the computerized
Attentional Network Test (ANT; Rueda et al. 2004) for evaluating
attention. Both tests have been validated with brain imaging (Owen
et al. 2005; Rueda et al. 2004) and in BREATHE participants (Forns
etal. 2014). Participants performed four repeated tests (three months
apart) from January, 2012, to March, 2013.

A comprehensive description of the tests and the protocol fol-
lowed in the BREATHE project can be found in Forns et al.
(2014). In short, for the n-back task, participants had to click a but-
ton when the number stimulus on screen matched the one presented
n steps before. We evaluated the 3-back load in which the demands
on working memory are high (Shelton et al. 2010). In this task, we
measured detectability [d prime (d")], the normalized proportion of
correctly identified targets after subtracting the normalized propor-
tion of false alarms, d’ = z(hitrate) — z(false alarmrate). A higher
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d’ indicates more accurate test performance. In the ANT, partici-
pants indicated if the central fish in a row of five was pointing to the
left or right by pressing the corresponding button. The ANT con-
sisted of 16 training trials and four experimental blocks of 32 trials
each (a total of 128 trials). The conflict score (for the evaluation of
the conflict network) was obtained by calculating the median reac-
tion time for each flanker condition (central fish pointing toward
the same or opposite direction than the other four flanking fish
pointed) across four different warning cue conditions and subtract-
ing the reaction times in congruent trials from the incongruent
ones. Higher values [in milliseconds (ms)] in the conflict score indi-
cates worse performance. Furthermore, we calculated the hit reaction
time standard error (HRT-SE), a measure of response speed consis-
tency throughout the test to measure attentiveness [Continuous
Performance Test (CPT); Conners 2000]. Higher HRT-SE indicates
less-stable reactions across the test and, hence, lower attentiveness.
Therefore, we explored attention through the HRT-SE (for attentive-
ness) and the conflict score (for the conflict network).

Exposure: Air Pollution Exposures at Early Life

We estimated average concentration of PM; 5 at residence address
using the land use regression (LUR) models developed for
Barcelona in the European Study of Cohorts for Air Pollution
Effects (ESCAPE) and described elsewhere (Eeftens et al. 2012).
LUR models are based on simultaneous measurements of air pol-
lutants, such as PM; s, taken at many locations throughout an
urban area during long periods. Various parameters (e.g., traffic
and roadway density, traffic volumes, and population density)
derived from geographic information systems (GIS) are used to
predict the concentration at specific locations and periods of time
(Eeftens et al. 2012).

The history of exposures to PM; s from the prenatal period
until participants turned 7 y old was created for each participant
by estimating the concentration at their residence address using
LUR at specific periods of time. To account for the temporal vari-
ation of PM; s concentrations, we used the time series of daily
standardized measurements from the air quality national network
(XVPCA) to temporally adjust the LUR models. We estimated
the annual average concentrations for every year in the postnatal
period (i.e., first year of life, second year of life, etc.), as well as
the concentration for the prenatal period. Parents reported the his-
tory of residences of their children via questionnaires in which
they indicated the periods that the family lived in each residence
in case they moved. If they moved, we calculated the time-
weighted average of PM;s concentration for each residence
within the year. In cases of separated parents with shared cus-
tody, participants were assigned the time-weighted averaged ex-
posure according to the time that they spent in each home.

From the initial 2,897 participants included in the BREATHE
study, we were not able to track back in time PM, 5 exposures of
676 participants (24%, Table 1), either because they were adopted,
came from abroad, or we were not able to identify and geocode the
address reported by parents for more than 25% of any of the expo-
sure averaging periods (i.e., one year, which is the length of the
time window explored). Therefore, in an attempt to minimize ex-
posure misclassification, we did not include participants who did
not meet the 75% PM, 5 data availability threshold for each and all
of the years.

Contextual and Individual Covariates

We obtained via questionnaire all the information on relevant soci-
odemographic factors including participants’ age and sex, parental
education and occupation, marital status, family origin, and resi-
dence history. We used maternal education (primary or less,
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Table 1. Description, cognitive outcomes and exposures to PM, 5 of the included and the excluded population (percent or mean + standard deviation) from

BREATHE participants.

Characteristic Included Excluded p-Value®
Number of children (1) 2,221 676 —
Age 8.5+0.9 8.5+09 0.132
Gender, n (%)
Girls 1,088 (49%) 308 (52%) 0.205
Boys 1,133 (51%) 284 (48%)
Missing observations 84
Adopted, n (%)
Yes 0 (0%) 100 (24%) <0.001
No 2,221 (100%) 318 (76%)
Missing observations 0 258
Foreign origin, n (%)
Yes 174 (8%) 270 (48%) <0.001
No 2,038 (92%) 291 (52%)
Missing observations 9 115
Smoking during pregnancy, n (%)
Yes 214 (10%) 38 (11%) 0.621
No 2,005 (90%) 319 (89%)
Missing observations 319
Birth weight, n (%)
<2.5kg 210 (10%) 37 9%) 0.623
>2.5kg 1,996 (90%) 392 (91%)
Missing observations 15 247
Gestational age, n (%)
<37 weeks 166 (8%) 28 (8%) 0.895
>37 weeks 2,034 (92%) 326 (92%)
Missing observations 21 322
Breastfeeding, n (%)
Yes 1,859 (84%) 281 (72%) <0.001
No 353 (16%) 110 (28%)
Missing observations 285
Maternal education, n (%)
Primary or less 260 (12%) 73 (17%) 0.006
Secondary 627 (28%) 125 (29%)
University 1,324 (60%) 231 (54%)
Missing observations 10 247
ADHD symptoms, 1 (%)
Yes, n (%) 212 (10%) 74 (13%) 0.022
No, n (%) 1,984 (90%) 493 (87%)
Missing observations 25 109
Home SES vulnerability index 04+0.2 0.5+0.2 0.010
Cognitive outcomes at baseline (visit 1)
Working memory, d’ X 100 121+ 100 108 +99 0.008
Attentiveness, HRT-SE (ms) 269 + 90 285+95 <0.001
Conflict network, conflict score (ms) 63 +62 68 +73 0.178
PM, 5 concentrations
During pregnancy (pgm=) 16.5+3.0 — —
Postnatal exposure (first 7 years) (ug m™) 16.8+2.9 — —

Note: Children with more than 6 symptoms from the Criteria of Diagnostic and Statistical Manual of Mental Disorders list (ADHD-DSM-IV). ADHD, Attention Deficit Hyperactivity
Disorder; HRT-SE, Hit reaction time standard error from the ANT test; SES, socioeconomic status.

“Kruskal-Wallis and chi-square tests.

secondary, university) as an indicator of the individual level of
socioeconomic status (SES) and the Urban Vulnerability Index at
the home address as the indicator of neighborhood-level SES
(Spanish Ministry of Public Works 2012). Parents also completed
the Strengths and Difficulties Questionnaire (SDQ) about child be-
havioral problems (Goodman 2001), which was included as a vari-
able for the inverse probability weighting. Teachers reported each
participant’s Attention Deficit Hyperactivity Disorder (ADHD)
symptoms (used for stratified sensitivity analysis), using the fourth
edition of the ADHD Ceriteria of Diagnostic and Statistical Manual
of Mental Disorders (ADHD-DSM-IV) (American Psychiatric
Association 2002). Children were categorized as having ADHD if
teachers rated six or more symptoms to be present “Often” or
“Very often” out of 18 symptoms on the list. Sex, maternal educa-
tion, and residential neighborhood SES were identified as potential
confounders through directed acyclic graphs (DAG) as detailed in
Sunyer et al. (2015).
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Statistical Analysis

Inverse probability weighting. We used inverse probability weight-
ing (IPW) to account for potential selection bias (Seaman and
White 2013) that arises when only participants with available ex-
posure and outcome data are included in comparison with the ini-
tial participants recruited. Briefly, we used information from all
children at recruitment to predict the probability of participation
in the study and used the inverse of those probabilities as weights
in the analysis so that results would be representative for the ini-
tial population. The variables used to create weights are described
in Table S1. We obtained a moderate goodness of fit of the partic-
ipation model based on the area under the receiver operating
characteristic curve (AUROC) (AUROC =0.77).

Linear mixed effect models and distributed lag models. We
used two approaches to assess the relationship between PM; 5 ex-
posure and cognitive outcomes: linear mixed effects models to
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examine each exposure window individually (year-by-year analy-
sis) and distributed lag models (DLM), which account for all tem-
poral windows simultaneously (multiple temporal adjustment
analysis).

Due to the hierarchical nature of the data (i.e., repeated meas-
urements for each child within schools), we used linear mixed
effects models with the cognitive parameters from the four
repeated tests as outcomes and random effects for child and
school. We estimated the difference in average outcome scores
associated with one interquartile range (IQR) increase in PM; 5
concentrations. A different IQR was used for each window of ex-
posure (based on all study participants). We performed separate
multivariate models to estimate the associations of each cognitive
outcome at 7-10 y old with each exposure time window.
Statistical significance was set at p < 0.05.

In addition, we used DLM to incorporate a temporal dimen-
sion to the intensity of the exposure, defined as exposure—lag—
response (Gasparrini 2014; Gasparrini et al. 2010), that is needed
to express the association for past exposures. The DLMs consider
that the association at a specific time point varies smoothly as a
function of time, while incorporating and controlling for expo-
sure at all other periods. To this end, the data should be structured
in equally spaced time periods. In our case, we used yearly aver-
ages for the postnatal period (the first 7 y) and the average of the
entire pregnancy. The latter corresponds to a shorter period, but
pregnancy covers ~75% of a year’s length, and the prenatal pe-
riod is of high vulnerability (because of extensive brain develop-
ment). DLMs weight past exposures through previously defined
functions whose parameters are estimated by the data, creating a
cross-basis matrix for the two dimensions of exposures and lags.
We modeled the exposure—response function with a linear func-
tion. Potential nonlinearity in the exposure—response function
was explored. While keeping the same lag-response function, we
compared a model with the exposure-response defined by a
linear function and another by a natural spline function with
two internal knots. The p-value from the analysis of variance
(ANOVA) test comparing both models was >0.21 for all the cog-
nitive outcomes, thus indicating a linear exposure-response rela-
tionship. The lag-response was shaped by a quadratic b-spline
with 3 degrees of freedom (df), and the knots were placed equally
spaced. We then incorporated the matrix, storing the cross-basis
variables into a linear mixed effects model. Specifically, the final
adjusted model (Equation 1) included additional coefficients for
age at the visit, sex, maternal education (less than or primary,
secondary, university), and residential neighborhood SES:

Yor =By + Z[ujPMZ.S,-j} + B,Age; + B,Sex + PsMat_Educ_Primary

=1
+ ByMat_Educ_Secondary + BsNeighborhood_Socioeconomic_Status

+ Uty + Vi) + Egis (D

where Y;; is the cognitive test result for subject i in school s at
visit 7, t={1,2,3,4}; PM2.5 is the estimated PM, 5 concentration
at home address for subject 7 in the time window j; u, is random
effects at school level, assumed to be normally distributed with
mean 0 and variance 63; Vi(s) is random effects associated with sub-
ject i in school s, assumed to be normally distributed with mean 0O
and variance 6‘2,; and &g;,is the model residuals, assumed to be nor-
mally distributed with mean 0 and variance 2. Without the addi-
tional structure provided by the cross-basis matrix on the o
coefficients, multicollinearity among exposures at different time
windows results in unstable estimates. With this methodology, the
effect estimate of a single exposure event is distributed over a spe-
cific period of time, using several parameters to explain the
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contribution at different lags. The sensitive windows of exposure
were identified when the 95% CI did not include zero. We also
evaluated the estimated cumulative effect of lifelong exposures
with DLM. For the DLM analyses, we reported the associations for
an increment of 10 pug m~> of PM, s.

Simulation study. We conducted a small simulation study to
explore possible issues of collinearity in the DLM analyses. We
took the observed exposures at pregnancy and at 1 to 7 y as fixed,
and we simulated an outcome assuming that the true effect of air
pollution was —10 units in each of the visits. To simulate the out-
come, we used the following values for the residual and random
effect variances, which are very similar to the ones obtained in
our analysis of working memory: residual standard deviation
(SD), 91; SD of the school random effects, 10; SD of the subject
random effects, 47. The simulation was conducted 100 times.

Sensitivity analyses. Stratified analyses were performed by
sex, because a study by Chiu et al. (2016) assessing cognitive de-
velopment and weekly exposures to PM, s during the prenatal
period suggested that neurotoxic effects of air pollution may be
sex-specific effects, and by ADHD symptoms, because previous
studies indicate that children with ADHD showed a cortical de-
velopment delayed by 2-3 y in comparison with their typically
developing peers (Shaw et al. 2007). Sensitivity analyses were
conducted to assess possible confounding or effect modification
by air pollution in the previous day of the test visit and change of
residence.

We evaluated the differences of choosing a different function
to model the lag-response relationship. In a sensitivity analysis,
we selected a b-spline with two internal knots for the lag—
response functions. We placed the knots in different positions for
working memory and for the attention outcomes (attentiveness
and conflict network), based on existing knowledge. The knots
for working memory were placed at year 2 and year 4 because
the myelination rate of the brain is very high until age 2, when it
declines until year 4. From that age, the myelination is almost
flat, and children show patterns similar to those of adults (Kinney
et al. 1988; Parazzini et al. 2002). For the outcomes on the atten-
tion domain (attentiveness and conflict network), the knots were
placed at year 4 (when the myelination process is almost com-
plete) and at year 6, because attention may be especially affected
by acute exposures (Sunyer et al. 2017).

Statistical environments. Data management and statistical
analyses were carried out with the R statistical software (version
3.2.3; R Development Core Team) and the packages nlme
(Pinheiro et al. 2017) and dinm (Gasparrini 2011).

Results

Study Population and Exposure to PM; 5

Table 1 shows the characteristics of the included (n=2,221) and
excluded (n=676) populations, the cognitive outcomes at base-
line (first visit), and the average PM,s concentrations during
pregnancy and the first 7 years of life of included participants.
Included participants did not differ by age or sex from the
excluded (8.5+0.9yearsold, p=0.132; 49% and 52% female,
respectively, p=0.205). Included children showed better work-
ing memory (p =0.008) and higher attentiveness (p < 0.001) than
the excluded but similar performance of the conflict network
(p=0.178). Residential areas of the included participants had
lower SES vulnerability than the excluded had (0.4 vs. 0.5,
respectively, p =0.010). A lower proportion of the included par-
ticipants had a foreign origin (8% of included vs. 48% of excluded,
p <0.001) and presented ADHD symptoms (10% of included vs.
13% of excluded, p =0.022). On the contrary, a higher proportion
of the included participants had mothers with a university degree
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Figure 1. Concentrations at different time windows that the participants (n=2,221) are exposed to during prenatal time and childhood. The concentrations
were estimated at home address for each year from the temporally adjusted LUR model for Barcelona. Lower and upper bound of the boxes represent 25th and
75th percentile, respectively; central line corresponds to the median; bars outside the box represent the 1.5 X interquartile range; and circles are outliers. The

notch displays the confidence interval around the median. Note: y = year.

(60% of included vs. 54% of excluded, p = 0.006). Table S2 shows
the population characteristics by sex and by number of residences
(1 or >1 residences, as a measure of possible exposure misclassi-
fication). The Pearson coefficients between PM; 5 concentrations
in the different time windows were moderate to high (between
0.67 and 0.98; see Table S3). The high correlation among peri-
ods challenges the interpretation of associations at specific time
points separately but allows for the analysis of the patterns of
associations. Figure 1 shows the box plots for PM; s concentra-
tions at each time window. Average concentrations during
the pregnancy period (PM,s5=16.5+3.0 ugm™) were slightly
lower than the average concentrations for the postnatal period
(year 1t07;PM,5=16.8 +2.9 ugm™>; p <0.001; Table 1).

Individual Analysis of Annual Exposures

Figure 2 presents the association between an IQR increase in
PM, s and the three cognitive outcomes for all included partici-
pants and is stratified by sex (values reported at Table S4). The
results show an almost constant pattern of negative associations
between an IQR increase of PM; 5 and working memory through-
out the entire period with stronger associations at the most recent
years of exposure (year 5 and 6). Considerable differences were
observed when stratifying by sex: The overall pattern indicated
that higher PM, 5 exposure was associated with lower working
memory among boys, but higher exposure was not associated
with lower working memory among girls. We further adjusted
the models for HRT-SE to evaluate the possible effect of atten-
tiveness on the performance of working memory (Figure S1). The
results were very similar to those of the main analysis, with the
difference that the associations for some exposure periods became
significant after adjusting for HRT-SE: the pregnancy period for
the model that included all populations and year 2 for the male
population. Second, inattentiveness was not associated with higher
PM, 5 concentrations at any time period for boys and girls.
Finally, impairment in conflict network was associated with expo-
sure to PMy s from age 4 onward. This pattern was similar for
both boys and girls. The results for all outcomes were very similar
in the complete-cases analysis (without applying IPW; Table S5).
Average lifelong exposures to PM; s (from pregnancy until
the participant turned 7 y old) were not associated with working

Environmental Health Perspectives

057002-5

memory at school age (Table S4; the IQR for lifelong exposure is
3.11 ugm™). When stratifying by sex, the overall estimated
effects for working memory were significant for boys [—6.16
(95% CI: —10.63, —1.68)], with no association for girls [1.28
(95% CI: —3.04, 5.60)]. An IQR increase in average lifelong
exposures to PM, 5 was associated with an increase in the conflict
attentional network score of 2.06 ms (95% CI: 0.67, 3.45), which
indicates a worse performance (Table S4). We found an associa-
tion between lifelong average exposure and the conflict network
for boys [2.20 (95% CI: 0.28, 4.12)], although the estimated
effect on girls also suggested some impairment [1.84 (95% CI:
—0.16, 3.83)]. No significant lifelong association was observed
for attentiveness.

Multiple Temporal Adjustment

In addition to the independent linear mixed effects models for
each cognitive outcome and time window, we also used DLM
because this model controls for the exposure at the other peri-
ods. Figure 3 presents the association between the exposure to
10 ugm= of PM, 5 and the three cognitive outcomes assessed at
7-10 y old for all participants and stratified by sex. With the
DLM, the pattern of the model estimates followed a symmetric
inverted u-shape with negative associations observed between
the exposures during the prenatal period and more recent expo-
sures (years 6 and 7) and working memory at school age (indicat-
ing worse performance) and a positive association for the central
years (years 2 to 5) of exposure and working memory (indicating
better performance). A similar association pattern was observed
for boys when stratifying by sex, whereas no inverse association
was observed for girls. Regarding attentiveness, the patterns of
the coefficients followed a flat and j-shape, with negative esti-
mates (better performance) for the first five years and high posi-
tive estimates (worse performance) in years 6 and 7, but overall,
exposure to PM, s was not associated with impaired attentive-
ness. Finally, the pattern of the model estimates for the conflict
network showed a j-shaped pattern with positive estimates on the
most recent years (years 6 and 7) which indicates that exposure
to PM, 5 was associated with a reduced performance of the con-
flict network. On the other hand, and similarly to associations
found for working memory, some exposure periods (from years
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Figure 2. Association between yearly PM; 5 levels estimated at home address for the pregnancy period (year 0) and the first 7 years of life and different cogni-
tive outcomes at school age (7-10 y old): working memory, attentiveness, and conflict network from the independent linear mixed effect models. Legend:
Lower d' and higher HRT-SE and conflict scores indicate impairment. Models were adjusted for age, sex, maternal education, and residential neighborhood
socioeconomic status; school and individual as nested random effects. Solid lines show the difference in the outcomes for an IQR increase in PM;s
[Interquartile range (IQR) exposure contrasts are reported in Table S4]. Dashed lines indicate 95% Cls. Note: n =number of children.

1 to 4) were associated with better performance of the conflict
network. No differences were observed in sex-stratified associa-
tions between PM, 5 and conflict network.

The shape of the patterns obtained from the estimates of the
individual models is similar to the shapes from the DLM, although
the value of the estimates differs considerably. The main results
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(i.e., the negative associations between working memory and expo-
sures during school age—years 6 and 7—in boys and in the conflict
network in both females and males) were found with both models.
However, the results from DLM analyses estimated positive effects
of the exposure to PM; 5 in working memory and conflict network
that were not present in the independent linear mixed effects models.
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Figure 3. Associations between yearly PM; 5 levels estimated at home address over the pregnancy period (year 0) and the first 7 years of life and different
cognitive outcomes at school age (7-10 y old): working memory; attentiveness, and conflict network from the DLM models. Legend: Lower d' and higher
HRT-SE and conflict scores indicate impairment. The associations are presented for all the population and stratified by sex. Models were adjusted for age,
sex (only in the model including all population), maternal education, and residential neighborhood socioeconomic status; school and individual included as
nested random effects. Solid lines show the predicted difference in the outcomes associated with an increase of 10 ugm™ of PM, 5. Grey areas indicate 95%
ClIs. Note: n=number of children.
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Given that the latter results were seen only in the DLM, they could
be a product of collinearity. Figure S2 shows the results from the
simulation study that was conducted to assess collinearity. The gray
curves in Figure S2 correspond to each simulation run, which can be
thought of as the curve obtained in a single study. Although the aver-
age of all the curves (blue line) approximates the truth (red line),
showing that the procedure is unbiased (i.e., it gets to the right an-
swer when averaging over multiple studies), the individual curves
show patterns with both positive and negative associations. This
result is a consequence of collinearity between predictors. The simu-
lation study also indicated that the estimated cumulative effect is
less sensitive to collinearity. The true cumulative effect over all lags
in this case is —80. If we compute the cumulative estimate in each
simulation run, we obtain the distribution shown in Figure S3. In
this case, the cumulative effect fluctuates around the true value, and
all estimates are negative, in part because in this particular case, the
cumulative effect is much stronger.

The overall estimated cumulative effect for an exposure to
10 pgm™ of PM, 5 during prenatal and first 7 years of life was
—19.50 points (95% CI: —31.44, —7.57) for working memory
and 11.31 ms (95% CI: 6.05, 16.57) for the conflict network,
which in both cases indicate a worse performance (Table 2).
When stratifying by sex, the estimated cumulative effects for
working memory were stronger for boys [-32.45 (95% CIL
—49.42, —15.47)], whereas we found no association for girls
[—4.16 (95% CI: —20.24, 11.91)]. On the other hand, the esti-
mated cumulative effect on conflict was similar for both strata
[11.31 (95% CI: 6.05, 16.57) for all]. The cumulative effect esti-
mate was not significant for attentiveness in any of the models
(all participants and by sex).

Sensitivity Analysis

We performed several sensitivity analyses. Figure S4 shows the
results for the DLM analyses with the exposure-response mod-
eled by a b-spline with two specifically located internal knots
(see sensitivity analysis in the “Methods” section). Generally, the
results are in agreement with the patterns observed in the main
DLM results: Exposure at prenatal/first year of age and school
age (from year 5 or 6) resulted in significant effect estimates for
working memory and the conflict network (negative estimates
for working memory and positive for conflict network, indicat-
ing worse performance in both cases). However, the associa-
tions between exposure at the prenatal period and working
memory and the associations between exposure at year 7 and
both working memory and conflict network no longer showed
an association.

Table 2. Estimated cumulative effect of the exposure to 10 pgm™ of PM, 5
from the prenatal period until the seventh year of life.

Outcome B 95% CI
All (n=2,221)
Working memory, d’ X 100 —-19.50 (=31.44, =7.57)
Attentiveness, HRT-SE (ms) -5.29 (—18.07,7.49)
Conflict network, conflict score (ms) 11.31 (6.05, 16.57)

Female (n=1,088)

Working memory, d’ X 100 —-4.16 (=20.24,11.91)

Attentiveness, HRT-SE (ms) 2.55 (—15.66, 20.75)

Conflict network, conflict score (ms) 10.39 (3.00, 17.78)
Male (n=1,133)

Working memory, d’ X 100 —32.45 (—49.42, —15.47)

Attentiveness, HRT-SE (ms) —10.26 (=27.69,7.17)

Conflict network, conflict score (ms) 12.03 (4.67,19.41)

Note: Estimates from the DLM. Models were adjusted for age, sex (only in the model
including all population), maternal education, and residential neighborhood socioeco-
nomic status; school and individual included as nested random effects. CI, confidence
interval; HRT-SE: hit reaction time standard error from the ANT test.
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For the individual linear mixed effect models, stratified analy-
sis for teacher-rated ADHD symptoms (Figure S5) showed that
the associations remained the same as the main analysis across
all the time windows for participants without ADHD symptoms.
The CI for the models with only participants with ADHD (with a
much smaller sample size) were much wider. For children with
ADHD symptoms, no associations were found for working mem-
ory and attentiveness, whereas a pattern similar to that of the
non-ADHD population was observed for conflict, although with
much higher estimates for children with ADHD symptoms (for
exposures from year 4 onward, Figure S5).

When performing the analyses including only those partici-
pants with no residential mobility (Figure S6), we observed no
differences in the association between PM; s and the three cogni-
tive parameters in comparison with the test including all partici-
pants. We also performed the models adjusting by air pollution
concentrations on the previous day to control for the short-term
effect of air pollution (Figure S6), with no change to the main
analysis.

Discussion

This study is one of the largest conducted to date on the impact
of air pollution on cognitive development in children. We, for the
first time, evaluated the associations between the exposure to
PM; 5 during different prenatal and early postnatal 1-y time win-
dows and various cognitive outcomes (i.e., working memory,
attentiveness, and the conflict network) at school age (7-10 y
old). We used two computerized tests repeated four times to char-
acterize different aspects of cognitive function and applied a vali-
dated modeling approach to estimate residential exposure to
PM, 5 at different time windows. The cumulative exposure during
the prenatal period and the first 7 years of life was associated
with worse performance of the conflict network in both boys and
girls and with working memory in boys.

Different patterns of exposure and magnitudes of the effect
estimates were observed for the different cognitive outcomes
assessed. We observed negative associations between exposure
to PM, s during years 5 and 6 and working memory at 7-10 y
old. Working memory is fundamental for learning and is associ-
ated with intelligence (Gathercole et al. 2003). This cognitive
function depends on the maturation of the frontal lobes, which
are developing from the prenatal period to adolescence (Bell
2001; Nelson 2000a). The prenatal period and the first 7 years of
life include important intervals of the frontal lobes” development,
such as the fetal formation of brain structures and their connec-
tions (synapse formation and myelination; Rice and Barone
2000) and the preceding year of a rapid connectivity growth
between the ages of 7 and 9 y (Anderson 2002; Pelegrina et al.
2015; Vuontela et al. 2003). The finding of negative association
between cumulative exposure during the prenatal period and the
first 7 years of life with working memory is in accordance with
our previous studies in which we demonstrated that the 12-month
exposure to traffic-related air pollutants (elemental carbon, ultra-
fine particles, and NO,) at schools was negatively associated
with the progress of working memory capacity during that same
period (Basagaia et al. 2016; Sunyer et al. 2015).

We explored the association of past exposures to PM; s and
attention at 7-10 y old through the HRT-SE (for attentiveness)
and the conflict network score. Attentiveness develops earlier
than working memory develops (Anderson 2002), which we also
observed in the BREATHE population (Lopez-Vicente et al.
2016; Suades-Gonzalez et al. 2017). Moreover, we observed
larger associations with the exposure to air pollution at baseline
than in the growth trajectory during the 1-y follow-up for atten-
tiveness (Sunyer et al. 2015). The negative-effect estimates
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observed in attentiveness (indicating better performance) for the
exposure during the prenatal and first 3 years of life could not be
explained. However, we did not observe an association between
overall lifelong or cumulative exposure and attentiveness. This
lack of association might be explained by attentiveness varying
on a daily basis by acute exposures to ambient air pollution, as
previously observed by Sunyer et al. (2017) in the BREATHE
population when evaluating the exposure on the previous day of
the test to NO, and elemental carbon (EC) and inattentiveness.
Furthermore, the broad measure of attentiveness is the result of
the development and coordination of several elements linked to
attention (Mirsky et al. 1991), such as the three independent
attentional networks (alerting, orienting, and conflict network)
that develop at different periods during childhood (Rueda et al.
2004). Thus, attentiveness would show a continuous development
from childhood to adulthood (Rueda et al. 2004), with no specific
time of vulnerability. Early life exposures to PM, s were associ-
ated with reduced performance of the conflict network at school
age, with the highest estimates being observed for exposures
from year 4 onward, but also for exposures during the prenatal
period. As for working memory, the development of the conflict
network is not linear during childhood but may be characterized
by periods of rapid growth. For instance, a considerable degree
of development of the conflict network during the period from 4
to 7 years of age was observed by Rueda et al. (2004), with a
manifest progression from 6 to 7 years of age which stabilizes
after that. Contrary to findings for attentiveness, we observed
an association between cumulative exposure during the prenatal
period and the first 7 years of life and the assessment of the con-
flict network at school age.

The mechanisms underlying the impairment of cognitive de-
velopment associated with exposure to air pollution are yet to be
established. Endocrine disruption, DNA damage (genotoxicity),
systemic inflammation, and oxidative stress are the most plausi-
ble pathways proposed in the literature (Block and Calder6n-
Garciduenas 2009; Calderéon-Garciduenas et al. 2011; Perera et al.
2006). Specifically, Calderén-Garcidueias et al. (2008) suggested
that a prolonged brain inflammation could interfere with subcorti-
cal pathways that connect the prefrontal cortex with decisive
brain regions for cognitive functions.

Even though a spate of publications on the associations
between air pollution and cognitive development has begun to
appear, the literature on this topic is still scarce (Suades-
Gonzélez et al. 2015). Few of these studies focused on working
memory or attention functions as outcomes, and the air pollu-
tants assessed may differ from PM,s. Therefore, comparisons
between studies is difficult. For instance, in a cohort of 4-y-old
children in Granada, Spain (n=210), exposure to high levels
of NO, (>24.75 pgm?) was associated with a decrease of 7.4
points of working memory (McCarthy Scales of Children’s
Abilities), among other cognitive impairments (Freire et al. 2010).
Suglia et al. (2008) observed a negative association between black
carbon (BC) and various cognitive parameters, including verbal
and nonverbal intelligence and memory in 202 10-y-old children
in Boston, Massachusetts (USA). In the same population, Chiu
et al. (2013) observed an association between higher lifelong
exposure to BC and higher commission of errors and slower
reaction time (indicating lower attentiveness in the Conners’
Continuous Performance Test). Porta et al. (2016) found an associ-
ation between a prenatal NO, exposure increase of 10 g m= and
a reduction in points in the verbal intelligence quotient (IQ) and
verbal comprehension score (Wechsler Intelligence Scale for
Children-III) in a cohort of 719 children in Rome. They found the
same association when using the lifelong averaged exposure to
NO,, but the association was weaker. Harris et al. (2015) explored

Environmental Health Perspectives

057002-9

the associations of exposure to BC and proximity to major road-
ways with cognitive outcomes at different time windows. They
observed an association between lower nonverbal and verbal intel-
ligence in 8-y-old children and residential proximity to major roads
(<50 m), with these association found to be stronger for road prox-
imity at birth than at mid-childhood. Chiu et al. (2016) used DLM
to identify sensitive weeks of exposure during pregnancy. They
found higher PM; 5 levels at 31-38 wk to be associated with lower
1Q at age 6.5 y and PM; 5 levels at 22-40 wk to be associated with
increased HRT-SE in the Conners’ Continuous Performance Test-
II (CPT-II) at age 6.5 y old. The findings of our study, in which
lifetime exposure to PM; 5 is associated with some outcomes, are
in line with the results of the studies described above.

Sex-differential susceptibility plays a major role in the associ-
ations of air pollution with working memory. In our study,
although cumulative PM, s exposure was inversely associated
with working memory in boys, such an association was null for
girls. This observation was in line with those of other studies
(Chiu et al. 2016, 2013). Different mechanisms may explain this
difference, such as the sex-specific alteration of the dopamine
function as observed in animals (Curtis et al. 2010) or the influ-
ence of sex hormones. For instance, estrogens show an anti-
inflammatory effect by regulating cytokine expression (Shivers
et al. 2015), which could help to counteract the inflammatory
response to PM; s exposure in girls. Genotoxic effects have also
been associated with exposure to air pollution (Knudsen et al.
1999). Existing literature suggests an over-representation of
genes linked to intelligence in the X chromosome (Johnson et al.
2009; Lehrke 1972; Turner 1996). Laumonnier et al. (2007)
reported that of the 800 genes coding for proteins in the X chro-
mosome, 500 are expressed in the brain. Any genotoxicity in
genes on the X chromosome is more likely to affect males,
because they count on only one X chromosome.

Our study faced some limitations. We assessed exposure at
home, omitting the contribution of exposure in other microenvir-
onments. We expected that our participants spent most of their
time at home during the first years of life (Leech et al. 2002).
However, with increasing age, time spent at home decreases, and
exposures that occur in other microenvironments, such as school or
friends’ homes, could increase the risk of exposure misclassifica-
tion. Moreover, the participants who changed residence during the
course of the study were subject to recall errors for the timing of
the move or the address(es) of previous residences, which could
have been another source of exposure misclassification. However,
limiting our analyses to participants who never moved did not
result in a significant change in the interpretation of our findings.
Furthermore, the high correlation between exposure concentra-
tions across different time periods challenges the identification of
sensitive periods of exposure regardless of the modeling approach.
In addition, we cannot rule out the likelihood of residual SES con-
founding, but we adjusted for indicators of individual and neigh-
borhood SES, which should have minimized such likelihood.
Furthermore, no data were available for some potentially relevant
confounders such as maternal age at delivery (Tearne 2015), paren-
tal mental health status, or childrearing environment (Fergusson
and Woodward 1999), nor for potential effect modifiers such as
mother’s and child’s diets (Daniels et al. 2004).

Conclusions

This study demonstrates that exposure to PM, 5 during early life
(i.e., prenatal period and first years of life) was negatively associ-
ated with fundamental cognitive abilities at school age (7-10 y
old), such as working memory and the attentional conflict network.
We found associations between exposure to PM; s during early
life and reduced working memory. For attention functions, PM; s
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was also associated with reduced performance of the conflict net-
work, particularly from year 4 onward, but not for attentiveness.
Exposure to air pollutants during childhood jeopardizes the
achievement of full neurodevelopmental potential and diminishes
mental capital at the population level. Future studies should
include refined exposure assessment by carrying out precise perso-
nal monitoring of air pollutants at different time windows (includ-
ing prenatal) as well as parallel evaluations of working memory
and attention in the same time windows.
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