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Abstract

Pesticide exposure has been associated with adverse cognitive and neurological effects. However,
neuroimaging studies aimed at examining the impacts of pesticide exposure on brain networks
underlying abnormal neurodevelopment in children remain limited. It has been demonstrated

that pesticide exposure in children is associated with disrupted brain anatomy in regions that
make up the default mode network (DMN), a subnetwork engaged across a diverse set of
cognitive processes, particularly higher-order cognitive tasks. This study tested the hypothesis that
functional brain network connectivity/topology in Latinx children from rural farmworker families
(FW children) would differ from urban Latinx children from non-farmworker families (NFW
children). We also tested the hypothesis that probable historic childhood exposure to pesticides
among FW children would be associated with network connectivity/topology in a manner that
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parallels differences between FW and NFW children. We used brain networks from functional
magnetic resonance imaging (fMRI) data from 78 children and a mixed-effects regression
framework to test our hypotheses. We found that network topology was differently associated with
the connection probability between FW and NFW children in the DMN. Our results also indicated
that, among 48 FW children, historic reports of exposure to pesticides from prenatal to 96 months
old were significantly associated with DMN topology, as hypothesized. Although the cause of

the differences in brain networks between FW and NFW children cannot be determined using

a cross-sectional study design, the observed associations between network connectivity/topology
and historic exposure reports in FW children provide compelling evidence for a contribution

of pesticide exposure on altering the DMN network organization in this vulnerable population.
Although longitudinal follow-up of the children is necessary to further elucidate the cause and
reveal the ultimate neurological implications, these findings raise serious concerns about the
potential adverse health consequences from developmental neurotoxicity associated with pesticide
exposure in this vulnerable population.
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Introduction

Farmworkers play a vital role in United States agriculture, performing much of the

manual labor in this industry. These migrant and seasonal farmworkers experience chronic
occupational exposure to pesticides, which places them at risk for acute and chronic health
deficits (Hernandez et al., 2016; Kim et al., 2017; Kirkhorn and Schenker 2002). However,
pesticide exposure is not limited to those who work in the field. Families of farmworkers
experience significant exposure to pesticides as well due to living in close proximity to
agricultural fields, through take-home pathways, and through prenatal exposure (Arcury and
Quandt 2011; Fenske et al., 2002; Hyland and Laribi 2017; Schwartz et al., 2015). Children
are particularly vulnerable to the adverse effects of pesticide exposure because they absorb
higher doses of pesticides due to their larger surface to volume ratios, and also because the
absorbed toxicants remain in their body longer, given their slower toxicant metabolism when
compared to adults (Arcury et al., 2007). Higher doses of pesticides received by children,

as well as reduced capacity for detoxifying xenobiotics, makes the neurotoxic effects
potentially worse in this age group (London et al., 2012). Prenatal and postnatal exposure
to pesticides in children have been associated with adverse effects on neurodevelopment

in a growing body of studies (Gonzalez-Alzaga et al., 2014), including: adverse effects on
cognitive development (Bouchard et al., 2011; Engel et al., 2011; Eskenazi et al., 2007;
Kofman et al., 2006; Lizardi et al., 2008; Rauh et al., 2011; Ruckart et al., 2004), deficits

in working memory (Rauh et al., 2011; Wang et al., 2016), and higher incidence of ADHD
(Bouchard et al., 2010; Wagner-Schuman et al., 2015).

There is currently a dearth of studies examining neurobiological effects of pesticides
on children’s brains. Although there are currently no published studies examining brain
networks and pesticide exposure, there are two studies examining abnormal brain anatomy
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associated with prenatal pesticide exposure (Rauh et al., 2012; van den Dries et al. 2020).
Using magnetic resonance imaging (MRI) data of 40 children, including 20 high- and 20
low-exposure children, Rauh et al. found altered brain gray matter anatomy along a large
portion of the lateral temporal lobes as well as some smaller changes in lateral frontal and
parietal regions. However, the findings presented in the first figure of that paper clearly
demonstrate large scale changes on medial aspects of the brain. Most notably, the medial
superior and orbital prefrontal cortex and the cuneus/precuneus regions exhibited pesticide
exposure-related differences. The medial regions together with lateral parietal cortex make
up the default mode network (DMN), an extensively studied brain subnetwork which is
shown to play a critical role across a diverse set of cognitive processes (Broyd et al.,

2009; Shen 2015), particularly higher-order cognitive processes (Smallwood et al., 2021).
Although the DMN was not specifically discussed as a subnetwork in that manuscript, it

is notable that the alterations found in the precuneus were significantly associated with
cognition, as were some of the lateral brain changes. A recent study using Diffusion Tensor
Imaging (DTI) data from 518 participants assessed the effects of prenatal exposure on brain
morphology and white matter microstructure in preadolescents aged 9-12 years (van den
Dries et al. 2020). This study demonstrated a strong association between prenatal exposure
to organophosphate pesticides and altered white matter microstructure, indicating likely
impacts on neurodevelopment in this population. Associations between maternal urinary
organophosphate metabolites, particularly dimethyl alkyl phosphate, and white matter
microstructure were concentrated in fiber tracts that interconnect regions of the DMN. It
should be noted, however, that they did not identify gray matter associations as found by
Rauh et al. In addition to the studies of brain anatomy;, there is a single study using MRI

to evaluate associations between brain activity and prenatal exposure to organophosphate
pesticides (Binter et al., 2020). This study used fMRI data from 95 children aged 10-12
years, focusing on investigating the effects of prenatal organophosphate pesticide exposure
on inhibitory cognitive control, and they found reduced activity in lateral frontal regions
during a cognitive task. Given that the study primarily focused on activations and the motor
inhibition regions, findings in the DMN could have been missed given that it was not a focus
of the analysis and it is deactivated during this type of task.

Given the anatomic changes associated with pesticide exposure, the DMN is of particular
concern in developing children exposed to pesticides. The DMN develops later in childhood
and shows peak gray matter thickness between 8-10 years of age in typically developing
children (Gogtay et al., 2004; Gogtay and Thompson 2010). These regions are among the
latest cortical regions to develop along with the lateral frontal cortex. In addition, it has

been shown that children’s cognitive performance is associated with the timing of cortical
development in the medial frontal and lateral parietal regions (key components of the DMN).
Those children with peak cortical thickness occurring between 9 and 12 years of age have
the highest cognitive function (Shaw et al., 2006).

Analysis of brain networks obtained via resting-state functional MRI (rfMRI) data has
shown great promise in characterizing abnormal changes in the brain that might eventually
progress into cognitive abnormalities or neurological disorders across a range of populations
(Bassett and Bullmore 2009). However, to our knowledge, no study has examined functional
brain networks in children exposed to pesticides. We have previously shown the impacts
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of chronic exposure to pesticides on functional brain networks of adult male farmworkers
(Bahrami et al., 2017), but studies in children are essential to assess the neurotoxic effects
associated with being exposed to pesticides during active neurodevelopmental stages. Such
work would complement the existing anatomical brain studies and could help lead to a better
mechanistic understanding of the neurotoxic effects of pesticides in developing children.

The abnormal structural and functional brain findings coupled with the reports of deficits in
cognitive development described above, necessitate further studies to identify mechanistic
changes in brain function that are associated with pesticide exposure as noted in (Binter et
al., 2020). Furthermore, the developmental trajectory of the DMN and the sensitivity of this
circuit to prenatal pesticide exposure necessitates that this network be examined in pesticide-
exposed children. Thus, the main objective of the current study was to compare functional
brain networks between Latinx children from rural farmworker families (FW children) and
urban Latinx children from non-farmworker families (NFW children) that are 8-9 years

of age. The overarching premise was that the FW children will have a higher probability

of being exposed to agricultural pesticides (as have been the focus of the vast majority of
studies on neurodevelopment in children) and this would be associated with differences in
brain network organization. Given that differences in brain networks can be locally restricted
to particular subnetworks (Hallquist and Hillary 2019) or be global across the whole-brain
connectome (Fornito et al., 2015), this study examined both local and global networks
differences. The default mode network (DMN) was the focus of the local assessment, as it
has been shown to have anatomical variations associated with prenatal pesticide exposure
(Rauh et al., 2012; van den Dries et al. 2020). After comparing network topology between
FW and NFW children, we evaluated associations between brain network topology and
history of probable agricultural chemical exposure from prenatal to later childhood (96
months) periods. These secondary analyses were designed to see if higher exposure histories
were associated with network differences comparable to those found in the main group
comparison. Due to minimal historic exposure in NFW children, this analysis was restricted
to FW children.

2. Methods

2.1. Study design and participants

The data for this study are part of a larger community-based participatory research project,
called PACES (Preventing Agricultural Chemical Exposure — 5) that is being conducted

in partnership between the North Carolina Farmworkers Project (Benson, NC; https://
ncfwp.org/) and Wake Forest School of Medicine. This is a two-group, prospective study
examining the health and cognitive effects of pesticide exposure for Latinx FW and NFW
children. The study includes a sample of 76 children in rural, Latinx farmworker families
(FW children) and a sample of 66 children in similar urban, Latinx families that do not
include members employed as farmworkers (NFW children). The current analysis examines
the baseline MRI data collected from a subsample of the entire cohort. Fifty-three of the
FW children and 33 of the NFW children from the parent study agreed to participate; a
total of 84 children, 52 FW children and 32 NFW children successfully completed the
MRI protocol. The parents and children gave informed consent/assent to participate in the
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parent study and separately gave consent/assent to participate in the MRI study. The Wake
Forest School of Medicine Institutional Review Board approved the PACE5 protocol and
procedures. Participants received a $20 incentive for completing the baseline questionnaire
and a $45 incentive for the MRI scan.

We put substantial effort into collecting data in both groups from children with similar
socioeconomic status (SES) with respect to parental education, income, and occupation due
to reported impact of SES on neurodevelopment (Hackman et al., 2010; Moriguchi and
Shinohara 2019). Moreover, our multivariate modeling framework allowed for accounting
for remaining differences in SES through incorporating them as confounding effects to
further reduce the impact of SES on our results. Inclusion criteria for the children were
similar for both the FW and NFW samples. All children had to be from families that
self-identified as Latino or Hispanic and had household incomes below 200% of the US
federal poverty line. Children had to be aged 8 years at baseline and had to have completed
the first grade in the United States. For FW children, the mother or her partner living in

the same home must have been employed in farm work on non-organic farms during the
past three years (i.e., since the participating child was 5 y/0). For NFW children, adults
living in the same home could not have been employed in an industry that involves routine
exposure to pesticides (e.g., farm work, landscaping, and pest control) in the previous three
years. Families of the NFW children could not have lived adjacent to agricultural fields in
the previous three years. Children were excluded from the study if the primary language
spoken in the home was other than Spanish or English; if the child had a life threatening
illness, prior history of neurological conditions, physical condition or development disorder
that would not allow them to complete or would interfere with the results of neurobehavioral
tests; or MRIs; or refusal of mother/guardian to complete the questionnaires.

2.2. Participant recruitment

The rural FW families resided in eastern North Carolina, in the counties surrounding

the town of Benson. The urban, NFW participants resided in central North Carolina,

in the counties surrounding the city of Winston-Salem. For the FW children, North
Carolina Farmworkers Project developed a list of families with an 8-year-old child, and
the locations where they lived. This included families who had participated in a previous
study of child growth and nutrition (Arcury et al., 2015) as well as families from the

prior study of pesticide exposure in adult Latino farmworkers (Arcury et al., 2018). In
addition, other community organizations that served FW families in the recruitment area
were contacted for names of potential participants. For the NFW children, local recruiters
and community members in Winston-Salem developed a list of families with an 8-year-
old child and identified potential families at local community events. For both samples,
mothers were contacted by a bilingual staff member who explained the overall study
procedures and answered questions. For those parent/child dyads that agreed to participate,
an in-person meeting was scheduled to obtain consent/assent and begin data collection.
Because interviewers worked through community partners and attended community events
to identify interested families, the number of potential participants or their parents who
refused to participate is not known. All participants in the parent study were invited to
participate in the MRI study, but not all agreed. We did not systematically assess reasons
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for refusing to participate in the MRI study, but time commitment and requirement to
travel approximately two hours to the Wake Forest School of Medicine from eastern North
Carolina were commonly noted.

2.3. Data collection

The primary measures used in the current study are functional brain images, but multiple
other data have been used to compare the study populations and as covariates in

the analyses. These additional data were collected using an interviewer-administered
questionnaire assessing demographic and background data on the family and child
completed by the child’s parent/guardian. Interviewers were native Spanish speakers; all
spoke English, but with varying degrees of proficiency. They completed training before
data collection began which included didactic instruction on the participant inclusion
criteria, recruitment procedures, and questionnaire content. The interviewers completed
audiorecorded practice interviews before the start of data collection. For most data collection
the interviewers entered data in real time during the interviews using Research Electronic
Data Capture (REDCap), a secure, web-based application for data collection (Harris et al.,
2009).

For life history calendars used to assess historic pesticide exposure the data were collected
in written form on long paper forms representing the child’s life span (for detailed
methodology see (Quandt et al., 2020). For the main analyses presented here, months living
near agricultural fields during pregnancy (0 prenatal months — 9 prenatal months), early
childhood (birth — 35 months), and late childhood (36 months — 96 months) were used.

The average months across the three exposure periods were used for each child. Since all
three periods could be equally important, we first scaled the months of exposure within each
period (centered and divided by standard deviation for that period), and then averaged across
the three scaled values for each child.

We controlled for several demographic variables that were different between the FW and
NFW children. These variables included: maternal education, maternal race, childhood
preschool education status, and parents’ occupation. Childhood preschool education status
indicated whether the child received early childhood education to aid in the cognitive and
social development before they entered school, at places such as Migrant Head Start. Any
history of a diagnosis of a learning disability in the child was assessed using a single
question completed by their mothers. There were only 3 positive responses (1 rural child
and 2 urban children) precluding useful incorporation into the statistical analyses. Maternal
substance use during pregnancy (tobacco, alcohol, marijuana) was found in only 1 urban
mother (alcohol); thus, they were not included in the statistical analyses.

Blood lead was measured through collecting finger stick samples. The samples were
collected at the baseline visit using filter paper blood kits provided by Laboratory
Corporation of America® Holdings (Labcorp.com, Test 79,128/CPT 83,655). After allowing
a sample to dry completely, they were bagged and held at room temperature until submitted
to Labcorp for analysis. The samples were assessed by Labcorp in micrograms per deciliter
(vg/dl). Any sample with inadequate blood collection was recollected at the participant’s
next study follow-up visit.
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We should note that this study is specifically focused on using brain imaging as an
independent tool to assess early brain changes associated with pesticide exposure in FW
children. Such early changes, which predispose this vulnerable population at additional
risk for developing cognitive disorders in later life, may not be necessarily reflected by
conventional cognitive assessments. Although, as described above, we compared several
other measures, such as child or maternal language, to control for their possible influence
on our results, 1Q and other cognitive assessments will be studied comprehensively in
another independent part of this prospective project, and ultimately in combination with
brain imaging data when the cognitive assessment data as well as longitudinal data from a
2-3 years follow up become available.

2.4. MRI acquisition

Study participants from FW families were scheduled for MRI scans in small groups (~4
children) and were transported to Wake Forest School of Medicine together with a parent in
a large passenger van. These scans all took place on the weekends. The children from NFW
families were from local urban areas and were scheduled individually for MRI scans based
on their availability. Many of the local children were also scanned on weekends along with
the groups of children from FW families. Some children also completed cognitive testing as
part of the larger study on the same day as the MRI scan.

To reduce head motion and enhance data usability, each participant was familiarized with
the scan procedure and environment prior to the MRI scan session. It has been shown

that high success rates for MRI scans in children can be achieved using a home-built

mock MRI scanner (Barnea-Goraly et al., 2014). We utilized a home-built mock scanner
that also included a 3-D printed mock head coil to further replicate the real environment.
As is done in the real MRI scanner, children were equipped with earbud headphones and
were positioned in the head coil so that they could see a computer screen through a reverse-
projection mirror. Children were instructed that they had to remain still and not move their
head. Scanner noise was played through external speakers and the children were allowed to
watch a cartoon on the computer screen during the simulation. Study staff monitored the
participant and stopped the simulation when head motion or substantive body motion was
visually apparent. The child was re-instructed about the importance of remaining still and
the simulation was restarted. After the child was able to lie still for 5 consecutive minutes
the simulation was ended, the child was praised for their performance, and instructed to do
the same in the real MRI scanner. One child withdrew from the MRI scan portion of the
study after the mock scanner experience. All other enrolled children completed the real scan
session that occurred as close in time as possible to the simulation, but never more than
about 60 min later.

The MRI scan was planned with the knowledge that children can have difficulty lying still
for long periods in the MRI scanner. Scan sessions were planned for 30 min, with primary
image sequence first (resting-state fMRI). During the functional scan the participants were
instructed to focus on a fixation cross presented in the middle of the screen. The MRI
technician evaluated the functional scan in real time to assess for excessive motion. In scans
with visible motion, the functional scan was repeated. One child would not lie still during
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repeated attempts to collect the functional scan so the session was terminated. Once the
resting-state scan was completed, a cartoon was played for the child to watch during the
collection of structural images collection. Complete functional and high-resolution structural
images were collected on 84 children.

All imaging was completed on a single Seimens 3T Magnetom Skyra scanner with a 32-
channel head coil. The functional imaging used a whole-brain gradient echo-planar imaging
(EPI) sequence to measure the blood-oxygenation level-dependent (BOLD) contrast (Ogawa
et al., 1990). Images were acquired in the transverse plane with the following parameters:
TR: 2000 ms, number of volumes: 157 (with 35 interleaved slices per volume), and spatial
resolution: 4.0 mm x 4.0 mm x 5.0 mm. The scan duration was 5 min 14 s. Single-shot 3D
MPRAGE GRAPPAZ2 sequence was used to acquire the T1-weighted structural data in the
sagittal plane with the following parameters: TE: 2.99 ms, TR: 2.32 s, and number of slices:
192. The image was reformatted into the transverse plane at the scanner prior to exporting
the data for processing.

2.5. MRI preprocessing

Image analyses were performed using Statistical Parametric Mapping 12 (SPM 12, Welcome
Trust Center, London, UK: www.fil.ion.ucl.ac.uk/spm/), Advanced Normalization Tools
(ANTSs, (Avants et al., 2011)), and in-house Matlab scripts. The preprocessing included:

i) segmenting the T1-wieghted structural images based on standard 6 tissue priors using
SPM12; ii) combining gray matter (GM) and white matter (WM) tissue segments to create
a brain tissue mask and the mask was thresholded at >50% and applied to the T1 image

to create a masked T1; iii) manual cleaning of the masked T1 in MRIcron software (https://
www.nitrc.org/projects/mricron) to correct any misclassified voxels; iv) normalizing the
manually cleaned masked T1 to MNI standard space (www.mni.mcgill.ca) using ANTS.
Several studies have introduced age-specific templates which could reduce the normalization
error, specifically for studies involving children (Fonov et al., 2011; Sanchez et al., 2012).
However, for consistency and to allow to better compare and contrast our results with

other studies and the longitudinal studies in the future, we used a combination of a strong
normalization tool (Avants et al., 2011) and the adult MNI template, which has been used

at a substantially higher rate; v) transforming the Shen functional brain parcelation atlas
(Shen et al., 2013) to each subject’s native space using the inverse transform to MNI

space; vi) removing the first 10 vol for the functional scan; vii) realigning the functional
scans to the first volume; viii) correcting for slice-time differences; ix) running AROMA
motion correction (Pruim et al., 2015); x) filtering the functional data (voxel time series)
with a standard band pass filter (0.009-0.08 Hz) to remove low frequency drift and
physiological noise; xi) regressing out the motion parameters with 6 dof, within atlas mean
signal, mean white mater (WM), and mean cerebral spinal fluid (CSF) signals; and xii)
averaging time series within each of the 268 atlas regions. As the atlas was warped to

each individual participant, all analyses were performed using fMRI data in the participants’
native brain space. Quality control of the preprocessing included: i) manually correcting
misclassification of tissue segments for improved warping; ii) visually inspecting all warps
and affine alignments; and iii) visually inspecting the results of the AROMA maotion
correction and excluding any scans that did not meet our rigorous standards. In total, 6
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children, including: 4 FW and 2 NFW, were removed from subsequent analyses due to
motion in resting state scans that could not be corrected using AROMA. Each scan with
severe movement had at least three study team members check the output prior to exclusion.
Supplemental Figure S1 shows the motion and time series data from an example child that
was removed after failing to correct the excessive motion. The motion and time series data
from a child who was retained after successful motion correction is shown in supplemental
Figure S2.

A functional network for each participant was then generated by computing the Pearson
(full) correlation between average time series from 268 brain regions of interest (ROISs)
contained in the Shen atlas. The spatial distance between brain ROIs (used as an endogenous
confounding effect (Friedman et al., 2014)) was computed using the functional atlas in
each child’s native space. Negative correlation values were set to zero for the subsequent
analyses due to the challenge of defining several network metrics, such as: clustering
coefficient, in networks containing negative edges (Fraiman et al., 2009; Telesford et al.,
2011). In addition, the neurobiological interpretations of positive and negative edges are
very different, and the distributions of network variables (such as degree) are different for
positive and negative edges (Parente et al., 2018; Schwarz and McGonigle 2011). Although
negative correlations are not regularly used in network neuroscience, if they are used,
positive and negative networks should be generated and assessed separately (Schwarz and
McGonigle 2011).

We used a mask to perform region-specific assessments for DMN connectivity. The mask
defining the DMN was made using 37 ROIs from the Shen atlas that were identified as
located within DMN. These ROIs were identified by intersecting the Shen atlas with a
functionally defined voxel-wise DMN mask generated from a prior study (Mayhugh et al.,
2016). Any region in the Shen atlas with at least 50% of its voxels in the DMN mask was
included in the final DMN mask. Supplemental Figure S3 shows the final DMN mask, and
the 37 ROIs have been listed in a separately uploaded excel file named DMN_ROlIs_Info.

2.6. Statistical analysis

2.6.1. Modeling framework—A two-part mixed-effects regression framework
(Bahrami et al., 2019a; Simpson and Laurienti 2015) was used to simultaneously study
group differences in the DMN and across all other regions of the brain, and to assess how
history of childhood exposure is associated with brain network topology in the FW children.
This regression framework was used to examine if and how desired covariates, such as:

the grouping covariate separating FW and NFW children or the covariate representing
historic childhood exposure to pesticides is related to the brain connectivity and topology in
local (DMN) and global regions of the brain. This multivariate model also allowed for the
inclusion of possible confounding covariates, including: maternal education, child preschool
education status, and the spatial distance between brain regions as a potentially endogenous
network-related confounding effect. The desired and confounding covariates were used as
independent variables and were related to the probability (presence/absence) and strength
of present brain connections, as dependent variables, in two separate models (part I:
probability, part I1: strength). Network metrics (clustering coefficient and global efficiency)
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were also included as independent covariates in both models, and their interactions with
the main covariates of interest were used to find the topological differences between the
two groups and to examine the effects of childhood exposure history on the brain network
topology - i.e., the interactions showed if/how the relationship between brain connectivity
(probability/strength) and network metrics (characterizing topology) was modified by the
grouping covariate (FW vs NFW) or the childhood exposure history.

More specifically, let Rjjx denote a binary variable which is one if the correlation value
between node j and node k of the it child’s network is positive, and zero otherwise. This
variable specifies whether a connection exists between node j and node k of the it" child’s
network. Also, let Yjjx denote a continuous variable for positive correlation values (present
connections) between node j and node k of the ith child’s network. Then, we can define the
following conditional probabilities:

P(Rijk =118 bri) = pijk(ﬂr; bri) (1)
P(R;ji =01 B3 byi) = 1 = piju(Brs byi) @

Where piji is the probability of having a connection between node j and node k of the

it subject’s network, 4, is the fixed effects (population) parameters vector (Note that the
original paper which introduces this new extension uses @ for fixed effects parameters.

We used Bas it is a more familiar notation for fixed effect parameters.), and by; is

the random-effects parameter vector modeling correlation (dependence) between repeated
network features for subject i. If Sjjk denotes a variable specifying present connections
between node j and node k of the it" child’s network (i.e., Sijk = [Yijk | Rijk = 1]), we can
define the following two-part mixed modeling framework for the probability and strength of
brain connections:

logit(piji(Br: bri)) = T By + Zijibri 3)
FZT(S;jk(Bs: bsi)) = TijuBs + Zijibsi + €iji @)

Where Tijk and Zijy are design matrices for the fixed- and random-effects, respectively, &jjx
captures the random noise (not captured by random effects) in the connection strength
between node j and node k of the it child’s network, and 3 and by; are analogous
parameters to S and by, respectively, but for the connection strength. Eqg. 3 is a logistic
regression model that quantifies the relationship between the connection probability and
sets of desired covariates. FZT is the Fisher’s Z-transform applied to ensure that normality
assumption is met. By including network metrics (such as clustering coefficient and global
efficiency) and regional covariates modeling brain subnetworks (DMN in this study),

this framework allows testing hypotheses about the DMN and whole brain connectivity
and network metrics and assessing how covariates of interest affect the connectivity and
topology at local and global levels. This framework allows to simultaneously study changes
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in the DMN and across all other regions of the brain. For more detail, see the referenced
paper. We used the WFU_MMNET toolbox (Bahrami et al., 2019b) and in-house Matlab
scripts to generate the appropriate datasets for this modeling framework, and used SAS v.9.4
to fit the statistical models.

The differences in the DMN between the two groups and the effects of childhood exposure
on this subnetwork were obtained by applying appropriate contrast statements (estimates

of linear combinations of appropriate covariates) on already estimated residuals in post-hoc
analyses (This will be explained more in the Planned post-hoc analysis (2.6.3) section). Two
separate analyses were run with each analysis using the two-part model for the probability
and strength of brain connections. The primary analysis compared the FW and NFW
children to test for hypothesized group differences. This was followed by the secondary
analysis examining associations between brain network topology and history of pesticide
exposure quantified by months living next to agricultural fields (averaged across the three
mentioned periods), based on prior work in these children (Quandt et al., 2020). The latter
analysis was restricted to FW children as exposure values were nearly collinear with the FW
vs. NFW classifications if all children were used.

2.6.2. Covariates—The utilized (independent) covariates are described in the following
and are summarized in Table 1.

The r and s subscripts in this table and all subsequent tables are used for the probability

and strength models, respectively. The following covariates were included: i) Covariate of
interest: For the first analysis, this covariate was a binary variable separating FW (labeled

as one) and NFW (labeled as zero) children. For the secondary analysis, this covariate was
a continuous variable representing the average historic pesticide exposure from prenatal to
96 month old; ii) Subnetwork covariate: A binary variable separating the connections within
DMN (labeled as one) from other connections in the brain as well as connections from DMN
to other brain regions (all labeled as zero); iii) Network metric covariates: The average of
clustering coefficient and global efficiency in each dyad (i.e., nodal pair); iv) Interaction
covariates: The two-way interactions of the covariates described in (i) - covariate of interest
and (ii) - subnetwork covariate, the two-way interactions of the covariates described in (i)
and (iii) - network metrics covariates, the two-way interactions of the covariates described
in (ii) and (iii), and the three-way interactions described in (i), (ii), and (iii). Incorporating
all of these two-way and three-way interactions was required to test desired hypotheses
directly or via contrast statements in post-hoc analyses.; and v) Confounding covariates:
spatial distance and square of spatial distance between ROIs, childhood preschool education
status — a binary variable specifying whether the child received (labeled as one) or did

not receive (labeled as zero) education; maternal education — a categorical variable with
three levels, including; 0-6 (level 1), 7-12 (level 2), and =13 (level 3) years of education
with level 3 being used as the reference category, maternal race — a categorical variable
with three categories, including: white, mixed, and other (African-American, Hispanic, etc.)
with White being used as the reference category, and parents’ occupation — a categorical
variable with 5 categories, including: farm work, construction, cleaning, two of these

three occupations (e.g., father: construction, mother: cleaning), and other (none of these
three) with two occupations being used as the reference category. These covariates and the
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parameters representing them in our models are further described in Table 1. Random effects
were used for the connection probability, connection strength, clustering coefficient, global
efficiency, spatial distance and square of spatial distance to capture nodal dependence for
each individual. An unstructured variance covariance matrix for the random effects in terms
of their Cholesky-root factors (Gentle 1998) was used.

2.6.3. Planned post-hoc analysis—To find significant differences or modification
effects in the DMN, further post-hoc analyses were required. Specifically, we estimated the
appropriate contrast statements of already estimated residuals for corresponding parameters,
to obtain inference about if/how the relationship between network metrics and brain
connectivity within the DMN is modified by the grouping covariate (i.e., if the relationship
is different between FW and NFW children in the DMN) and if/how this relationship in

the DMN is modified by the history of childhood exposure to pesticides. The contrast
statements for continuous variables (as for our secondary analysis) are made through a

unit change in that variable. The contrast statements are provided in Table 1, but, again

note that these statements (i.e., combination of parameters) were not used as additional
independent variables, and rather were used to test hypotheses (i.e., obtain inference)

on combinations of estimated parameters by using their already estimated residuals. A
summary of what each important interaction (i.e., interactions that include network metrics
and the covariate-of-interest, or COI) shows, and how contrast statements for comparing

the DMN are obtained via the interaction covariates are in the supplemental material. For
more detail about comparing subnetworks through contrast statements within this framework
please see the supplemental material and the referenced paper (Bahrami et al., 2019a).

2.7. Representative group network generation

Due to the non-Euclidean nature of complex brain networks, it is not possible to generate

a group mean network without affecting the overall network topology (Hayasaka and
Laurienti 2010). In other words, simply averaging connectivity matrices across study
participants results in a single group network with topological properties that are not
representative of the typical participant (Simpson et al., 2012). To generate a meaningful
visualizations of the significant results from the current study, representative group networks
were estimated with respect to the observed modification effects of the covariate of interest
on the network variable — connectivity associations. Group networks were estimated from
the fitted probability model since the strength model did not yield significant results
(explained in more detail in the Results). For the first analysis where the COI was a

binary variable separating FW and NFW children, a network was estimated for each

group, and for the secondary analysis where the COI was a continuous variable (months

of exposure), the representative group networks were estimated for the group of subjects
with minimum and maximum exposure values. Using average network variables for each
group and the estimated parameters along with their standard deviation, the probability of
each edge existing (i.e., pjjk) was derived which yielded a 35,778 x 1 (vectorized symmetric
network with 268 nodes) vector of edge-wise probability values. We then simulated the
existence of edges (presence/absence) for all 35,778 edges from a Bernouli distribution.

To avoid potential bias from the simulation step for each edge and for each group, 20
probability values were derived (from a normal distribution using estimated parameters and
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their standard errors), and this whole process was repeated 20 further times and averaged
to generate each final edge probability. The representative network was then thresholded
to obtain the binary vector representing the presence/absence of edges (1 if >0.5 and 0
otherwise) and finally multiplied by the edge-wise probability vector (averaged across the
400 (20 x 20) realizations) to get a single probability-based weighted network. We only used
covariates from the probability model that contributed to the observed modification effect
of the COI for each analysis in estimating the representative group networks. A diagram
is provided in the supplemental material (Figure S5) which demonstrates each step for
estimating the group networks from the fitted models. All estimated networks were only
used to illustrate the significant findings from the statistical analysis. The simulated group
networks were not used to make inferences related to the hypotheses being tested.

3. Results

3.1. Study cohort

A total of 84 children (52 FW and 32 NFW) completed functional and structural scans.
However, as detailed above, 6 children were removed due to excessive head motion.

The final data included 78 children, 48 FW and 30 NFW children. Table 2 shows the
demographic information of the 78 children used in this paper with comparisons between
the two groups. As Table 2 (last column) shows, the two groups are different in childhood
preschool education status, maternal education, maternal race, and parents’ occupation.
We thus controlled for these variables by including them as confounding covariates in all
subsequent analyses to reduce potential bias in our results. Also, as supplemental Table
S5 shows, the MRI sample used here represents the parent study population in every
demographic variable.

3.2. Comparing FW and NFW children

Table 3 presents the key results for our first analysis: comparing FW and NFW children.
Parameter estimates and (adaptive) False Discovery Rate (FDR)-corrected p-values of the
important covariates for the probability (Eq. 3) and strength (Eg. 4) models are shown

in this table (Full results are shown in Table S6). Below we briefly explain a summary

of the essential findings both within the DMN (local) and across all other brain regions
(global). The results for other parameters are fully explained in the supplemental material
(see Comparing FW and NFW Children — Full Results in supplement).

* Br.coixClust: Bs,colxclust: The relationship between the clustering coefficient and
connection probability/strength across the entire brain excluding the DMN is not
significantly different between FW and NFW children.

* Br.coixeglobs Bs, colxEglob - The relationship between the global efficiency and
connection probability/strength across the entire brain excluding the DMN is not
significantly different between FW and NFW children.

. (Br.coixclust + Br.colxDMNxClust), (Bs,coixClust + Bs,colxDMNxClust): The
relationship between the clustering coefficient and connection probability within

the DMN is significantly different between FW and NFW children. However, the
same relationship between the clustering coefficientand connection strength is
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not significantly different. Within the DMN, FW children are more likely (have
higher probability) to have connections between regions with higher clustering
coefficient when compared to NFW children (positive estimate/slope).

. (Br.coixeglob + Br,coixDMNxEglob)s (Bs,coixEglob + Bs,cOIxDMNxEglob): The
relationship between the global efficiency and connection probability within the

DMN is significantly different between FW and NFW children. However, the
same relationship between the global efficiency and connection strength is not
significantly different. Within the DMN, FW children are less likely (have lower
probability) to have connections between regions with higher global efficiency
when compared to NFW children (negative estimate/slope).

In Fig. 1, the findings from the statistical model detailed above have been transformed back
into brain space to illustrate differences in the topology of the DMN. Fig. 1 also shows

the line plots for the connection probability — clustering/efficiency for the two groups along
with their 95% confidence intervals. Nodes in Fig. 1.A are sized by their actual clustering
values and colored by the sum of their connection probability — clustering slopes, and in Fig.
1.B, they are sized by their actual global efficiency values and colored by the sum of their
connection probability — global efficiency slopes. Fig. 1.A shows that in FW children, the
DMN nodes have an overall greater probability of being connected as clustering increases
(red nodes). This is consistent with the line plots shown on the left and the overall model
results where the probability/clustering slope difference between the two groups (FW -
NFW) was positive. In NFW children, the probability of the DMN nodes to be connected to
other nodes is essentially independent of their clustering values (green nodes) indicating no
relationship between connection probability and clustering. This is also clearly demonstrated
by the line plot. Fig. 1.B shows that in FW children, the probability of DMN nodes to be
connected to other nodes is nearly independent of their global efficiency values (teal nodes),
indicating no relationship between connection probability and global efficiency, as clearly
demonstrated by the line plot on the left. In NFW children however, the DMN nodes have
an overall greater probability of being connected as global efficiency increases (red nodes)
as found in the statistical model results and the line plot in the left. The same color scale has
been used for all networks in this Figure (and Fig. 2) to better contrast the similarities and
differences.

3.3. History of pesticide exposure in FW children

In our secondary analysis, using data from FW children only, we examined the association
of a history of childhood exposure to pesticides (averaged across pregnancy through 96
months of age) with brain network topology. Table 4 presents the key results (estimates and
(adaptive) False Discovery Rate (FDR)-corrected p-values) for the probability and strength
models (Full results are shown in supplemental Table S7). A brief description of important
inferential results identifying network topological properties associated with childhood
exposure to pesticides in the DMN (local) and across other brain regions (global) are
presented below. The estimates for other parameters are fully explained in the supplemental
material (see History of Pesticide Exposure in Children — Full Results in supplement).
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. Br.coixClust: Bs,colxclust: The relationship between the clustering coefficient and
connection probability/strength across the entire brain excluding the DMN is not
affected by a history of childhood exposure to pesticides in FW children.

. Br.coixeglobs Bs,colxeglob: The relationship between the global efficiency and
connection probability/strength across the entire brain excluding the DMN is not
affected by a history of childhood exposure to pesticides in FW children.

. (Br.coixclust + Br.coixomnxclust)s (Bs,coixclust + Bs,coixDMNxClust): The
relationship between the clustering coefficient and connection probability within

the DMN is significantly affected by the history of childhood exposure to
pesticides. However, the same relationship between clustering coefficient and
connection strength is not affected by the history of childhood exposure

to pesticides. Within the DMN, higher childhood exposure to pesticides is
associated with a greater likelihood (higher probability) of having connections
between regions with higher clustering coefficient.

. (Br.coixeglob + Br,coixDMNxEglob), (Bs,coixEglob + Bs,COIxDMNxEglob): The
relationship between the global efficiency and connection probability within the
DMN is significantly affected by the history of childhood exposure to pesticides.
However, the same relationship between global efficiency and connection
strength is not affected by the history of childhood exposure to pesticides. Within
the DMN, higher childhood exposure to pesticides is associated with a lower
likelihood (lower probability) of having connections between regions with higher
global efficiency.

The significant findings described above are illustrated by the surface plots and
representative networks in Fig. 2. The surfaces are colored by the slope of connection
probability/clustering relationship (Fig. 2.A), and connection probability/global efficiency
relationship (Fig. 2.B) at each exposure value. As the surface plots in Fig. 2 clearly
illustrate, the relationship between connection probability and clustering increases as the
childhood exposure increases. For the relationship between connection probability and
global efficiency, a reversed pattern is observed for increasing the childhood exposure

to pesticides. The brain space figures illustrate relationships between history of pesticide
exposure and topology of the DMN. Since the exposure was modeled as a continuous
variable, for illustrative purposes, the relationship between the connection probability in
the DMN and network metrics (clustering coefficient (A) and global efficiency (B)), are
shown for minimum (dashed black line on the surface) and maximum (solid black line on
the surface) exposure values. As in Fig. 1, nodes in Fig. 2 are colored by the sum of their
connection probability — clustering (A) and connection probability — global efficiency (B)
slopes.

The findings in FW children were qualitatively compared to the differences observed
between FW and NFW children (i.e., the differences found from our previous analysis).
Comparisons of the brain maps between this analysis using historic pesticide exposure
measures in FW children with the differences found between these children and those
from NFW children (summarized in Table 5) are highly consistent. This indicates that the
topology of the DMN in FW children with low historic pesticide exposure is more similar
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to the topology of the DMN in NFW children than FW children with high historic exposure.
Additional supporting analyses are presented in the supplemental materials using historic
exposure assessments from three different time periods: pregnancy (0 prenatal months — 9
prenatal months), early childhood (birth — 35 months), and late childhood (36 months — 96
months).

4. Discussion

Children who live in agricultural communities are exposed to pesticides through multiple
pathways. While low-level acute exposure to pesticides may only cause minor immediate
implications, such as rash, nausea, and vomiting, this exposure can be associated with
serious long-term health consequences within this vulnerable population (Bouchard et al.,
2011; Nichols et al., 2014; Quandt and Arnold 2020). A major consequence for concern
with childhood pesticide exposure is the potential impact on neurodevelopment. Prenatal
and childhood exposure to pesticides have been associated with adverse neurological
consequences (de Joode et al. 2016; Munoz-Quezada et al., 2016; Zhang et al., 2019).
However, the data needed to provide a more profound understanding of possible effects on
brain physiology are still limited, making further investigation critical.

In this study, we compared connective/topology of functional brain networks between FW
and NFW children. After making the group comparisons, we studied associations between
childhood historic exposure and brain network organization. We examined both global
changes across the brain as well as local changes in the DMN, a critical subnetwork in the
brain (Buckner et al., 2008; Smallwood et al., 2021). We used a state-of-the-art modeling
framework that allowed modeling the DMN within the context of the whole brain rather than
isolating it and treating it as an independent network (Bahrami et al., 2019a). This model
also allowed controlling for important sources of confounding effects such as maternal
education and race, childhood preschool education, etc. The reliability for studies using
mixed-effects regression models, which already incorporate the within-subject correlations,
is often assessed with respect to goodness of fit measures. Since the most appropriate way to
assess the goodness of fit of statistical models in the network context is through simulation
analyses (Hunter et al., 2008), we did simulation analyses to evaluate the performance of our
model fits. For more detail, see supplemental section Reliability Analysis and Table S11 in
the supplemental file.

The overarching goal of this study was to test the hypothesis that brain connectivity/
topology is different between FW and NFW children, and more importantly, to test the
hypothesis that pesticide exposure was associated with any observed difference. Results
from our mixed regression framework, summarized in Tables 3 and 4 (as well as
supplemental tables S6 and S7 for full results), raise serious concerns about the impact

of pesticides on the studied children. To aid in understanding and interpreting our results,
we used Figs. 1 and 2 to better illustrate them. While some care is needed in interpreting
the results as this methodology is relatively new and the complex network topology cannot
always be easily summarized by a single value, our statistical modeling framework allowed
for identifying more complex changes in the brain among children that might ultimately
progress into more serious abnormalities.
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Our results demonstrated significant topological differences between FW and NFW
children, which were identified in the DMN but not the remainder of the brain. In FW
children, connectivity of the DMN was primarily associated with clustering coefficient with
connection probability increasing as clustering increased. However, the connectivity of the
DMN in this group of children had essentially no relationship to global efficiency. Thus,

in children from farmworker families, the DMN is made up of a core of highly clustered
nodes that are highly interconnected. For NFW children, the opposite pattern was observed.
Connections in the DMN of these children were primarily associated with global efficiency,
with increased connection probability being associated with increased global efficiency. The
probability that nodes within the DMN were connected had no relationship with clustering
in NFW children. This pattern of connectivity indicates that the DMN in NFW children is
composed of a core of highly interconnected nodes that also have high global efficiency.

Clustering coefficient and global efficiency are key measures of segregation (presence

of highly interconnected regions supporting regional specialization) and integration (wide-
spread connectivity interconnecting specialized regions) in the brain, respectively (Rubinov
and Sporns 2010). Studies of structural and functional brain networks have shown that

the balance between segregation and integration of neural information processing in the
brain is essential for normal cognitive processes (Bullmore and Sporns 2009; Sporns 2013).
Numerous studies over the past two decades have shown disruptions of this architecture,
affecting segregation, integration, or both, in neurological disorders such as Alzheimer’s
disease (Dai et al., 2019; Sanz-Arigita et al., 2010; Zhao et al., 2012), schizophrenia (He
etal., 2012; Liu et al., 2008), and Parkinson’s disease (Herrington et al., 2017; Wu et al.,
2018). Alterations of clustering coefficient and global efficiency within the DMN, which
disrupts the optimal communication balance, has been shown to be associated with adverse
neurological effects (Akiki et al., 2018; Garrity et al., 2007; Hafkemeijer et al., 2012).

Our study indicates that the topology of the DMN is different between FW and NFW
children. The dominance of clustering on connectivity in FW children and the dominance
of global efficiency on connectivity in the NFW children suggests differential segregation
and integration in these groups. Given the complex association between network topology
and information processing, further work is clearly warranted to understand how these group
differences may be associated with differences in cognitive processing.

The cross-sectional nature of this two-group comparisons precludes us from concluding
why the groups differ, and from interpreting the findings in FW children as detrimental
compared to the NFW children. However, a critical additional finding of this study concerns
the association between historic childhood pesticide exposure and brain network topology in
FW children. We found that histories of low exposure was associated with brain networks
that resemble the NFW children. Whereas, the children with high exposure more closely
resembled the FW children as a group. This pattern of low exposure resembling NFW
children and high exposure resembling FW children lends support to the hypothesis that

the FW children have altered DMN organization due to adverse effects of exposure

to neurotoxic pesticides on neurodevelopment in these children who experience chronic
exposure to pesticides (Sapbamrer and Hongsibsong 2019). The ultimate implications of the
observed DMN connectivity, which is engaged across a diverse set of cognitive processes
(Broyd et al., 2009; Buckner et al., 2008), particularly higher-level cognitive processes
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(Smallwood et al., 2021), will require further study. Much of the maturation of this circuit
occurs later and parallels maturation of high-order cognitive and emotional processing (Fan
etal., 2021).

The current study is not without weaknesses. The data presented here are from the baseline
assessments from an ongoing longitudinal study. Thus, the main outcome of comparing
groups cannot establish causality. While associations between historic pesticide exposure
and brain network topology suggest that pesticide exposure may be a contributing factor,
further work is clearly needed. Future analyses of the longitudinal data currently being
collected for this study may help clarify the role of pesticide exposure in the observed
DMN connectivity differences. Life history calendars have an important and valued role

in assessing environmental exposures that occurred prior to data collection (Hoppin et al.,
2001; Rodriguez et al., 2012; Zahm et al., 2001). Our use of these historic exposure data
allowed for the examination of relationships between probably exposure and brain network
organization. However, there is a risk of fabrication or faulty memory in collecting historic
early life data from the children’s parents. Also, in this study, we examined whether any
history of pesticide exposure regardless of the developmental period (as averaged across
prenatal, early childhood and late childhood) was associated with the altered network
topology. Although we present supporting supplemental results for different developmental
time periods, future studies are needed for a more thorough assessment of developmental
age at time of pesticide exposure. In addition, even though we put considerable effort into
collecting data from populations matched with respect to their socioeconomic status and
critical demographics, there are always potential effects from such variables even after
controlling for them as confounding effects. Finally, the study sample was restricted to North
Carolina and exposure profiles from the children included may not be representative of
children living in different geographic areas.

In summary, this study provides compelling evidence for the likely adverse effects of
pesticide exposure on one of the most critical subnetworks of the brain, the DMN,

in children from rural farmworker families, and provides evidence implicating historic
childhood pesticide exposure as a potential cause. Although the ultimate implications of the
observed topological differences require further studies, these findings suggest that pesticide
exposure in Latinx children from rural farmworker families could place this vulnerable
population at a higher risk for future neurobiological, neurocognitive, or neurobehavioral
problems. Continued efforts to reduce pesticide exposure in all children must be continued
given the growing evidence of adverse health effects.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Acknowledgment

This work was supported by National Institute of Environmental Health Sciences (RO1 ES008739), and National
Institute of Biomedical Imaging and Bioengineering (RO1EB024559).

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bahrami et al.

Page 19

References

Akiki TJ, Averill CL, Wrocklage KM, Scott JC, Averill LA, Schweinsburg B, et al. , 2018. Default
mode network abnormalities in posttraumatic stress disorder: a novel network-restricted topology
approach. Neuroimage 176, 489-498. [PubMed: 29730491]

Arcury TA, Grzywacz JG, Barr DB, Tapia J, Chen HY, Quandt SA, 2007. Pesticide urinary metabolite
levels of children in eastern North Carolina farmworker households. Environ. Health Persp 115,
1254-1260.

Arcury TA, Quandt SA, 2011. Living and working safely: challenges for migrant and seasonal
farmworkers. N. C. Med. J 72, 466-470. [PubMed: 22523856]

Arcury TA, Trejo G, Suerken CK, Grzywacz JG, Ip EH, Quandt SA, 2015. Housing and neighborhood
characteristics and latino farmworker family well-being. J. Immigr. Minor. Healt 17, 1458-1467.

Arcury TA, Chen H, Laurienti PJ, Howard TD, Barr DB, Mora DC, et al. , 2018. Farmworker and
nonfarmworker latino immigrant men in North Carolina have high levels of specific pesticide
urinary metabolites. Arch. Environ. Occup. Health 73, 219-227. [PubMed: 28622109]

Avants BB, Tustison NJ, Song G, Cook PA, Klein A, Gee JC, 2011. A reproducible evaluation of ants
similarity metric performance in brain image registration. Neuroimage 54, 2033-2044. [PubMed:
20851191]

Bahrami M, Laurienti PJ, Quandt SA, Talton J, Pope CN, Summers P, et al. , 2017. The impacts
of pesticide and nicotine exposures on functional brain networks in latino immigrant workers.
Neurotoxicology 62, 138-150. [PubMed: 28583619]

Bahrami M, Laurienti PJ, Simpson SL, 2019a. Analysis of brain subnetworks within the context of
their whole-brain networks. Hum. Brain Mapp 40, 5123-5141. [PubMed: 31441167]

Bahrami M, Laurienti PJ, Simpson SL, 2019b. A matlab toolbox for multivariate analysis of brain
networks. Hum. Brain Mapp 40, 175-186. [PubMed: 30256496]

Barnea-Goraly N, Weinzimer SA, Ruedy KJ, Mauras N, Beck RW, Marzelli MJ, et al. , 2014.

High success rates of sedation-free brain mri scanning in young children using simple subject
preparation protocols with and without a commercial mock scanner—the diabetes research in
children network (direcnet) experience. Pediatr. Radiol 44, 181-186. [PubMed: 24096802]

Bassett DS, Bullmore ET, 2009. Human brain networks in health and disease. Curr. Opin. Neurol 22,
340-347. [PubMed: 19494774]

Benjamini Y, YJJoe Hochberg, 2000. On the adaptive control of the false discovery rate in multiple
testing with independent statistics. Statist. B 25, 60-83.

Binter AC, Bannier E, Saint-Amour D, Simon G, Barillot C, Monfort C, et al. , 2020. Exposure of
pregnant women to organophosphate insecticides and child motor inhibition at the age of 10-12
years evaluated by fmri. Environ. Res 188.

Bouchard MF, Bellinger DC, Wright RO, Weisskopf MG, 2010. Attention-deficit/hyperactivity
disorder and urinary metabolites of organophosphate pesticides. Pediatrics 125, E1270-E1277.
[PubMed: 20478945]

Bouchard MF, Chevrier J, Harley KG, Kogut K, Vedar M, Calderon N, et al. , 2011. Prenatal exposure
to organophosphate pesticides and iq in 7-year-old children. Environ. Health Persp 119, 1189-
1195.

Broyd SJ, Demanuele C, Debener S, Helps SK, James CJ, Sonuga-Barke EJS, 2009. Default-mode
brain dysfunction in mental disorders: a systematic review. Neurosci. Biobehav. R 33, 279-296.

Buckner RL, Andrews-Hanna JR, Schacter DL, 2008. The brain’s default network - anatomy, function,
and relevance to disease. Ann. N.Y. Acad. Sci 1124, 1-38. [PubMed: 18400922]

Bullmore E, Sporns O, 2009. Complex brain networks: graph theoretical analysis of structural and
functional systems. Nat. Rev. Neurosci 10, 186. [PubMed: 19190637]

Dai ZJ, Lin QX, Li T, Wang X, Yuan HS, Yu X, et al. , 2019. Disrupted structural and functional brain
networks in alzheimer’s disease. Neurobiol. Aging 75, 71-82. [PubMed: 30553155]

de Joode BVW, Mora AM, Lindh CH, Hernandez-Bonilla D, Cordoba L, Wesseling C, et al. , 2016.
Pesticide exposure and neurodevelopment in children aged 6-9 years from talamanca, costa rica.
Cortex 85, 137-150. [PubMed: 27773359]

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bahrami et al.

Page 20

Engel SM, Wetmur J, Chen J, Zhu CB, Barr DB, Canfield RL, et al. , 2011. Prenatal exposure to
organophosphates, paraoxonase 1, and cognitive development in childhood. Environ. Health Persp
119, 1182-1188.

Eskenazi B, Marks AR, Bradman A, Harley K, Barr DB, Johnson C, et al. , 2007. Organophosphate
pesticide exposure and neurodevelopment in young mexican-american children. Environ. Health
Persp 115, 792-798.

Fan F, Liao X, Lei T, Zhao T, Xia M, Men W, et al. , 2021. Development of the default-mode
network during childhood and adolescence: a longitudinal resting-state fmri study. Neuroimage
226, 117581. [PubMed: 33221440]

Fenske RA, Lu CS, Barr D, Needham L, 2002. Children’s exposure to chlorpyrifos and parathion in an
agricultural community in central washington state. Environ. Health Persp 110, 549-553.

Fonov V, Evans AC, Botteron K, Almli CR, McKinstry RC, Collins DL, et al. , 2011. Unbiased
average age-appropriate atlases for pediatric studies. Neuroimage 54, 313-327. [PubMed:
20656036]

Fornito A, Zalesky A, Breakspear M, 2015. The connectomics of brain disorders. Nat. Rev. Neurosci
16, 159-172. [PubMed: 25697159]

Fraiman D, Balenzuela P, Foss J, Chialvo DR, 2009. Ising-like dynamics in large-scale functional brain
networks. Phys. Rev. E 79.

Friedman EJ, Landsberg AS, Owen JP, Li YO, Mukherjee P, 2014. Stochastic geometric network
models for groups of functional and structural connectomes. Neuroimage 101, 473-484. [PubMed:
25067815]

Garrity AG, Pearlson GD, McKiernan K, Lloyd D, Kiehl KA, Calhoun VD, 2007. Aberrant “default
mode” functional connectivity in schizophrenia. Am. J. Psychiat 164, 450-457. [PubMed:
17329470]

Gentle JE, 1998. Numerical Linear Algebra For Applications in Statistics. Springer, New York.

Gogtay N, Giedd JN, Lusk L, Hayashi KM, Greenstein D, Vaituzis AC, et al. , 2004. Dynamic
mapping of human cortical development during childhood through early adulthood. Proc. Natl.
Acad. Sci. U. S. A 101, 8174-8179. [PubMed: 15148381]

Gogtay N, Thompson PM, 2010. Mapping gray matter development: implications for typical
development and vulnerability to psychopathology. Brain Cogn. 72, 6-15. [PubMed: 19796863]

Gonzalez-Alzaga B, Lacasana M, Aguilar-Garduno C, Rodriguez-Barranco M, Ballester F, Rebagliato
M, et al. , 2014. A systematic review of neurodevelopmental effects of prenatal and postnatal
organophosphate pesticide exposure. Toxicol. Lett 230, 104-121. [PubMed: 24291036]

Hackman DA, Farah MJ, Meaney MJ, 2010. Science and society socioeconomic status and the brain:
mechanistic insights from human and animal research. Nat. Rev. Neurosci 11, 651-659. [PubMed:
20725096]

Hafkemeijer A, van der Grond J, Rombouts SARB, 2012. Imaging the default mode network in aging
and dementia. Bba-Mol. Basis Dis 1822, 431-441.

Hallquist MN, Hillary FG, 2019. Graph theory approaches to functional network organization in brain
disorders: a critique for a brave new small-world. Netw. Neurosci 3, 1-26. [PubMed: 30793071]

Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG, 2009. Research electronic data
capture (redcap)-a metadata-driven methodology and workflow process for providing translational
research informatics support. J Biomed Inform 42, 377-381. [PubMed: 18929686]

Hayasaka S, Laurienti PJ, 2010. Comparison of characteristics between region-and voxel-based
network analyses in resting-state fmri data. Neuroimage 50, 499-508. [PubMed: 20026219]

He H, Sui J, Yu QB, Turner JA, Ho BC, Sponheim SR, et al. , 2012. Altered small-world brain
networks in schizophrenia patients during working memory performance. PLoS One 7.

Hernandez AF, Gonzalez-Alzaga B, Lopez-Flores I, Lacasana M, 2016. Systematic reviews on
neurodevelopmental and neurodegenerative disorders linked to pesticide exposure: methodological
features and impact on risk assessment. Environ. Int 92 (93), 657-679. [PubMed: 26896854]

Herrington TM, Briscoe J, Eskandar E, 2017. Structural and functional network dysfunction in
parkinson disease. Radiology 285, 725-727. [PubMed: 29155643]

Hoppin JA, Guzman JD, Tolbert PE, Flagg EW, 2001. Agricultural exposure history among african-
american farmers in georgia. J. Toxicol. Env. Heal. A 63, 237-241.

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bahrami et al.

Page 21

Hunter DR, Goodreau SM, Handcock MS, 2008. Goodness of fit of social network models. J.
American Statis. Assoc 103, 248-258.

Hyland C, Laribi O, 2017. Review of take-home pesticide exposure pathway in children living in
agricultural areas. Environ. Res 156, 559-570. [PubMed: 28437652]

Kim KH, Kabir E, Jahan SA, 2017. Exposure to pesticides and the associated human health effects.
Sci. Total Environ 575, 525-535. [PubMed: 27614863]

Kirkhorn SR, Schenker MB, 2002. Current health effects of agricultural work: respiratory disease,
cancer, reproductive effects, musculoskeletal injuries, and pesticide-related illnesses. J. Agric. Saf.
Health 8, 199-214. [PubMed: 12046806]

Kofman O, Berger A, Massarwa A, Friedman A, Abu Jaffar A, 2006. Motor inhibition and learning
impairments in school-aged children following exposure to organophosphate pesticides in infancy.
Pediatr. Res 60, 88-92. [PubMed: 16788088]

Liu Y, Liang M, Zhou Y, He Y, Hao YH, Song M, et al. , 2008. Disrupted small-world networks in
schizophrenia. Brain 131, 945-961. [PubMed: 18299296]

Lizardi PS, O’Rourke MK, Morris RJ, 2008. Letter to the editor: the effects of organophosphate
pesticide exposure on hispanic children’s cognitive and behavioral functioning - reply. J. Pediatr.
Psychol 33, 447-448.

London L, Beseler C, Bouchard MF, Bellinger DC, Colosio C, Grandjean P, et al. , 2012.
Neurobehavioral and neurodevelopmental effects of pesticide exposures. Neurotoxicology 33,
887-896. [PubMed: 22269431]

Mayhugh RE, Moussa MN, Simpson SL, Lyday RG, Burdette JH, Porrino LJ, et al. , 2016.
Moderate-heavy alcohol consumption lifestyle in older adults is associated with altered central
executive network community structure during cognitive task. PLoS One 11, e0160214. [PubMed:
27494180]

Moriguchi Y, Shinohara I, 2019. Socioeconomic Disparity in Prefrontal Development During Early
Childhood Sci Rep-Uk 9.

Munoz-Quezada MT, Lucero BA, Iglesias VP, Munoz MP, Cornejo CA, Achu E, et al. , 2016. Chronic
exposure to organophosphate (op) pesticides and neuropsychological functioning in farm workers:
a review. Int. J. Occup. Env. Heal 22, 68-79.

Nichols M, Stein AD, Wold JL, 2014. Health status of children of migrant farm workers: farm
worker family health program, moultrie, georgia. Am. J. Public Health 104, 365-370. [PubMed:
24328649]

Ogawa S, Lee TM, Kay AR, Tank DW, 1990. Brain magnetic resonance imaging with contrast
dependent on blood oxygenation. Proc. Natl. Acad. Sci. U. S. A 87, 9868-9872. [PubMed:
2124706]

Parente F, Frascarelli M, Mirigliani A, Di Fabio F, Biondi M, Colosimo A, 2018. Negative functional
brain networks. Brain Imaging Behav. 12, 467-476. [PubMed: 28353136]

Pruim RHR, Mennes M, van Rooij D, Llera A, Buitelaar JK, Beckmann CF, 2015. Ica-aroma: a
robust ica-based strategy for removing motion artifacts from fmri data. Neuroimage 112, 267-277.
[PubMed: 25770991]

Quandt SA, Arnold TJ, 2020. The health of children in the latinx farmworker community in the eastern
united states. In: Arcury TA, Quandt SA (Eds.), Latinx farmworkers in the eastern united states:
Health, safety, and justice. Springer International Publishing, Cham, pp. 163-195.

Quandt SA, Mora DC, Seering TL, Chen H, Arcury TA, Laurienti PJ, 2020. Using life history
calendars to estimate in utero and early life pesticide exposure of latinx children in farmworker
families. Int. J. Environ. Res. Public Health 17.

Rauh V, Arunajadai S, Horton M, Perera F, Hoepner L, Barr DB, et al. , 2011. Seven-year
neurodevelopmental scores and prenatal exposure to chlorpyrifos, a common agricultural pesticide.
Environ. Health Persp 119, 1196-1201.

Rauh VA, Perera FP, Horton MK, Whyatt RM, Bansal R, Hao X, et al. , 2012. Brain anomalies in
children exposed prenatally to a common organophosphate pesticide. Proc. Natl. Acad. Sci. U. S.
A 109, 7871-7876. [PubMed: 22547821]

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Bahrami et al.

Page 22

Rodriguez T, de Joode BV, Lindh CH, Rojas M, Lundberg I, Wesseling C, 2012. Assessment of long-
term and recent pesticide exposure among rural school children in nicaragua. Occup. Environ. Med
69, 119-125. [PubMed: 21725072]

Rubinov M, Sporns O, 2010. Complex network measures of brain connectivity: uses and
interpretations. Neuroimage 52, 1059-1069. [PubMed: 19819337]

Ruckart PZ, Kakolewski K, Bove FJ, Kaye WE, 2004. Long-term neurobehavioral health effects of
methyl parathion exposure in children in mississippi and ohio. Environ. Health Persp 112, 46-51.

Sanchez CE, Richards JE, Almli CR, 2012. Age-specific mri templates for pediatric neuroimaging.
Dev. Neuropsychol 37, 379-399. [PubMed: 22799759]

Sanz-Arigita EJ, Schoonheim MM, Damoiseaux JS, Rombouts SARB, Maris E, Barkhof F, et al. ,
2010. Loss of ‘small-world’ networks in alzheimer’s disease: graph analysis of fmri resting-state
functional connectivity. PLoS One 5.

Sapbamrer R, Hongsibsong S, 2019. Effects of prenatal and postnatal exposure to organophosphate
pesticides on child neurodevelopment in different age groups: a systematic review. Environ. Sci.
Pollut. R 26, 18267-18290.

Schwartz NA, von Glascoe CA, Torres V, Ramos L, Soria-Delgado C, 2015. Where they (live, work
and) spray”: pesticide exposure, childhood asthma and environmental justice among mexican-
american farmworkers. Health Place 32, 83-92. [PubMed: 25659530]

Schwarz AJ, McGonigle J, 2011. Negative edges and soft thresholding in complex network analysis of
resting state functional connectivity data. Neuroimage 55, 1132-1146. [PubMed: 21194570]

Shaw P, Greenstein D, Lerch J, Clasen L, Lenroot R, Gogtay N, et al. , 2006. Intellectual ability and
cortical development in children and adolescents. Nature 440, 676-679. [PubMed: 16572172]

Shen HH, 2015. Core concept: resting-state connectivity. P. Natl. Acad. Sci. USA 112, 14115-14116.

Shen X, Tokoglu F, Papademetris X, Constable RT, 2013. Groupwise whole-brain parcellation from
resting-state fmri data for network node identification. Neuroimage 82, 403-415. [PubMed:
23747961]

Simpson SL, Moussa MN, Laurienti PJ, 2012. An exponential random graph modeling approach
to creating group-based representative whole-brain connectivity networks. Neuroimage 60, 1117
622178-2178. [PubMed: 22281670]

Simpson SL, Laurienti PJ, 2015. A two-part mixed-effects modeling framework for analyzing whole-
brain network data. Neuroimage 113, 310-319. [PubMed: 25796135]

Smallwood J, Bernhardt BC, Leech R, Bzdok D, Jefferies E, Margulies DS, 2021. The default mode
network in cognition: a topographical perspective. Nat. Rev. Neurosci 22, 503-513. [PubMed:
34226715]

Sporns O, 2013. Network attributes for segregation and integration in the human brain. Curr. Opin.
Neurobiol 23, 162-171. [PubMed: 23294553]

Telesford QK, Simpson SL, Burdette JH, Hayasaka S, Laurienti PJ, 2011. The brain as a complex
system: using network science as a tool for understanding the brain. Brain Connect. 1, 295-308.
[PubMed: 22432419]

van den Dries MA, Lamballais S, EI Marroun H, Pronk A, Spaan S, Ferguson KK, et al. ,

2020. Prenatal exposure to organophosphate pesticides and brain morphology and white matter
microstructure in preadolescents. Environ. Res 191.

Wagner-Schuman M, Richardson JR, Auinger P, Braun JM, Lanphear BP, Epstein JN, et al. , 2015.
Association of pyrethroid pesticide exposure with attention-deficit/hyperactivity disorder in a
nationally representative sample of U.S. Children. Environ. Health 14, 44. [PubMed: 26017680]

Wang N, Huang MY, Guo XY, Lin P, 2016. Urinary metabolites of organophosphate and pyrethroid
pesticides and neurobehavioral effects in chinese children. Environ. Sci. Technol 50, 9627-9635.
[PubMed: 27524288]

Wu Q, Gao Y, Liu AS, Xie LZ, Qian L, Yang XG, 2018. Large-scale cortical volume correlation
networks reveal disrupted small world patterns in parkinson’s disease. Neurosci. Lett 662, 374—
380. [PubMed: 29061395]

Zahm SH, Colt JS, Engel LS, Keifer MC, Alvarado AJ, Burau K, et al. , 2001. Development of a life
events/icon calendar questionnaire to ascertain occupational histories and other characteristics of
migrant farmworkers. Am. J. Ind. Med 40, 490-501. [PubMed: 11675618]

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Bahrami et al. Page 23

Zhang JM, Guo JQ, Wu CH, Qi XJ, Jiang S, Lu DS, et al. , 2019. Exposure to carbamate and
neurodevelopment in children: evidence from the smbcs cohort in china. Environ. Res 177.

Zhao XH, Liu 'Y, Wang XB, Liu B, Xi Q, Guo QH, et al. , 2012. Disrupted small-world brain networks
in moderate alzheimer’s disease: a resting-state fmri study. PLoS One 7.

Neuroimage. Author manuscript; available in PMC 2022 August 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Bahrami et al.

Page 24

3
o
X

49.24

Connection Probability*

3
g
Probability — Net Metric Slope
o

-11.85

min Efficiency in DMN max

Fig. 1.

Vi?sualization of differences in DMN organization between FW and NFW children.

This figure (including line plots and brain networks) was created using the coefficients

from the probability model in Table 3. Line plots along with their confidence intervals
(magenta shading) and representative group networks mapped back into the brain space are
shown. Plots of the relationship between the network metrics and connection probability
demonstrate the significant group differences in the slopes for clustering (A) and global
efficiency (B) within the DMN identified using the statistical models. For connection
probability/clustering, FW children have a significantly steeper slope compared with NFW
children, while for the connection probability/global efficiency, a reverse pattern is observed.
This is further illustrated at the level of individual nodes in the DMN using representative
group networks. Nodes are colored by the sum of their connection probability/clustering
slopes (A) and connection probability/global efficiency slopes (B) with the same color scale.
Also, nodes are sized by their actual clustering (A) and global efficiency (B) values (scaled
independently for each network) to aid in interpreting the slope differences between the two
groups. * The y-axis in this figure and Fig. 2 is the log odds of connection probability but
the axis is labeled as connection probability for simplicity. Also, the min and max values in
the y-axis are the same for both line plots to better contrast the differences.
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Fig. 2.

Visualization of the associations between historic pesticide exposure and DMN organization
in FW children. The surface plots show how the relationships of connection probability/
clustering coefficient (A) and connection probability/global efficiency (B) are associated
with history of childhood exposure to pesticides. Increasing levels of pesticide exposure is
associated with a more positive relationship between connection probability and clustering
coefficient, but with a more negative relationship between connection probability and global
efficiency in the DMN. Group representative networks are shown for the subjects with
minimum (dashed line on the surface) and maximum (solid line on the surface) exposure
values for each group (For node color and size, see Fig. 1 caption.). As this figure clearly
demonstrates, with respect to both clustering and efficiency in the DMN, the brain network
of FW children with low exposure is similar to the brain network of NFW children (in Fig.
1), and the brain network of FW children with high exposure is similar to the brain network
of FW children (in Fig. 1). We have used the same color scale for all networks shown in this
Figure and Fig. 1 as the color bars show to better contrast the differences and similarities.
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