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Abstract

Prenatal exposure to air pollution has been shown to disrupt neurodevelopment in animals as well as
in children. The impact on childhood neurodevelopment was previously investigated using cognitive
and behavioural testing, with few studies using magnetic resonance imaging. To date, no research has

been conducted on the impacts of prenatal exposure to air pollution on neonatal neurodevelopment.

To assess whether prenatal exposure to air pollution affects neonatal neurodevelopment, | used
modelled ambient exposures to investigate two previously imaged cohorts. The first cohort consisted
of healthy, term-born infants who underwent structural and diffusion imaging in the neonatal period
(n =469), utilising a novel biophysical model to process the diffusion imaging data. The second cohort
consisted of infants born extremely preterm (n = 249). Ambient air pollution exposures were modelled
at residence. Associations between prenatal air pollution exposure and neonatal neuroimaging
metrics were assessed using canonical correlation analysis (CCA), which is capable of incorporating
multiple correlated variables and robust significance testing. | found that increased prenatal exposure
to PM1o and decreased exposure to NO; but not PM; s is associated with multiple structural measures
of the brain in healthy neonates. When investigating diffusion tensor imaging as well as neurite
orientation dispersion and density imaging, | found no associations in the same cohort between
prenatal exposure to PM,s, PM1g, and NO; and neonatal white matter microstructure metrics. Infants
born preterm are at risk of adverse neurodevelopment. When investigating this vulnerable cohort,
prenatal exposure to PM..s, PM1g, and NO; was not related to any metric of neonatal brain morphology

or white matter microstructure.

Pregnant women may be vulnerable to the effects of air pollution exposure; however, no guidance for
personal exposure reduction is available. Specific personal exposure reduction interventions were

suggested and classified based on their scale, cost, and evidence of an effect.
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CHAPTER 1 - BACKGROUND

Exposure to air pollution is the leading environmental contributor to the global burden of disease,
causing an estimated 6.7 million premature deaths globally in 2019 (Fuller et al., 2022), and up to
40000 deaths per year in the UK (Holgate, 2017). Air pollution exposure contributes substantially to
noncommunicable cardiovascular and respiratory diseases, especially in low- and middle-income
countries (LMICs) (Murray et al., 2020). It has been associated with the development of cognitive
impairment and neurodegenerative diseases such as dementias (Cristaldi et al., 2022), among which
Alzheimer’s disease (Fu and Yung, 2020), Parkinson’s disease (Murata et al., 2022), and cognitive aging

(Power et al., 2016).

In rodents, histopathological consequences of air pollution exposure have been shown in the brain,
along with increased inflammation (Fu et al., 2020, Nephew et al., 2020). Particulate matter (PM) has
been detected in human brain tissue (Maher et al., 2016), and PM exposure may impact both upon
the structure as well as the functioning of the human brain (Herting et al., 2019). There is evidence
that the effect of air pollution on the brain may start early in life (Rodulfo-Cardenas et al., 2023).
Periods characterised by strong neurodevelopment such as childhood and in utero may be especially
vulnerable to the effects of air pollution, due to immature defence mechanisms and immune systems
of fetuses and children (Grandjean and Landrigan, 2014). The developmental processes taking place
during this period are fragile, and any disruption can have life-long consequences (Lopuszanska and
Samardakiewicz, 2020). Whilst there is a growing body of evidence that exposure to air pollution can
contribute to disrupted neurodevelopment, there is a paucity of evidence in childhood, adolescence,
and prenatally within this area of research. Neuroimaging studies have been identified as a critical

component of studying the impact of air pollution on the developing brain (Zundel et al., 2022).

Magnetic resonance imaging (MRI) can provide detailed images of the brain throughout the
developmental period. Improvements in brain imaging in the neonatal period allow detailed images
of the neonatal brain to be taken to evaluate brain morphometry and perform volumetric analysis
(Counsell et al., 2019). Further, different MR approaches such as diffusion MRI can reveal the
movement of water molecules in brain tissue over time, and characterising diffusion in the brain
allows quantification of the underlying tissue microstructure of the white matter (WM) and can give
insight into patterns of brain injury. Using MRI to investigate the effect of prenatal exposure to air
pollution on the neonatal brain could therefore yield insight into impacts on brain morphology and

WM microstructure.
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1.1 Air pollutants

The following section will describe and give background information on the pollutants that have
previously been shown to impact neurodevelopment. Air pollution is a complex mixture of gases and
particles, and many of these pollutants are ubiquitous and are responsible for a variety of health

effects.

1.1.1 Particulate Matter

PM can be a primary (directly emitted to the atmosphere) or secondary (a result of chemical reactions
in the atmosphere) pollutant, and is mainly emitted via combustion or abrasion processes (DEFRA,
2020). Particles in the atmosphere exist in both solid and liquid state. Primary sources include human
sources such as vehicle exhausts, solid fuel burning, tyre wear, and brake wear, and natural sources

such as sea salt, soil particles, forest fires, and pollen.

Particles originating from fossil fuel combustion usually have a carbonaceous core which is coated in
metallic elements such as cadmium, arsenic, vanadium, beryllium, and selenium, with organic
components such as benzene, other polyaromatic hydrocarbons, and sulphur compounds absorbed
into the surface (Chithra and Shiva Nagendra, 2013, Manisalidis et al., 2020). Many of the absorbed
materials also originate from fossil fuel combustion. Secondary PM is typically made up of nitrates,
sulphates, and ammonia. Particulate matter is conventionally split into two components, particles
with a diameter smaller than 10 microns (PMo) and particles with a diameter small than 2.5 microns
(PMys) (Figure 1.1). Penetration into the body is dependent on the size of the particle. PMo can pass
through the upper respiratory tract and into the larynx and trachea. The smaller components of PM,s
(see UFP below) can invade the lungs deeply and pass into the bloodstream (Wilson and Suh, 1997)
and then to all organs in an adult, such as the brain and the placenta, and organs in the foetus including

the brain (Bové et al., 2019, Bongaerts et al., 2022, Peters et al., 2006).
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Figure 1.1: Size comparisons for PM particles. Reproduced from the Environmental Protection Agency

(epa.gov).

Both short- and long-term exposure to PM;s and PMj, have been associated with adverse human
health effects. Overall mortality, mortality of cardiopulmonary diseases as well as lung cancer risk
increases with increased long-term exposure to PM,s and PMy, (Xing et al., 2016, Lu et al., 2015).
Increased short-term exposure to PM; s is related to an increase in mortality and increased short-term
exposure to PMyo is related to increased cardiovascular and respiratory mortality (Kloog et al., 2013,
Analitis et al., 2006). The health effects of PM are dependent on its size and may also depend on the

composition of the particle (Bates et al., 2019, Ali et al., 2019).

1.1.2 Ultrafine Particles

Ultrafine particles (UFPs) are the component of PM; s that is smaller than 100 nm in diameter and are
emitted primarily by fossil fuel and solid fuel combustion (Knibbs et al., 2011). While PM3o and PM; s
are measured by mass, UFPs are typically measured by count (number of particles per unit volume).
High concentrations are found in close proximity to sources, such as cooking, smoking, and traffic, as
particles coalesce rapidly, and concentrations are usually higher in urban settings than rural settings.
Traditionally only measured as a component of PM,.s, UFPs have in recent years come under increased

scrutiny due to their ability to pass into the bloodstream and disperse throughout the body,
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translocating to essentially all organs (Schraufnagel, 2020). In animal studies, UFPs have been shown
to translocate to the brain via the olfactory bulb, which may lead to direct impacts on the brain
(Oberdorster et al., 2004). UFPs have so far been linked to systemic inflammation, reduced lung
function, and cardiovascular disease, but their precise role in many illnesses remains unknown (Olsen

et al., 2014, Downward et al., 2018).

1.1.3 Oxides of nitrogen

Oxides of nitrogen (NO) are a group of nitrogen-based gases which are emitted into the atmosphere,
the most prevalent being nitric oxide (NO) and nitrogen dioxide (NO,). Dominant sources are
combustion sources such as traffic and industry, however, household boilers and cooking can also be
significant sources (National Atmospheric Emissions Inventory, 2022). NO is not considered harmful
to health, but readily reacts to NO,. NO; is a respiratory irritant and can penetrate deeply into the
lung. Short-term exposure can inflame the tissue and increase the risk of respiratory infections (Chen
et al., 2007). Long-term exposure to NO; increases risk of respiratory and cardiovascular mortality

(Faustini et al., 2014).

NOy can contribute to the formation of secondary inorganic particles in the atmosphere adding to PM
concentrations. Further, NOx can react with volatile organic compounds (VOCs) to produce

photochemical pollutants such as ozone (0s) (Crutzen, 1970).

1.1.4 Ozone
Ozone (0s) is a secondary pollutant generated by the reaction of fossil fuel combustion products with
NOyx and VOCs in the presence of sunlight. Os concentrations are therefore higher in summer in the

UK (National Atmospheric Emissions Inventory, 2022).

Os is a strong oxidant and has low water-solubility, enabling penetration deep into the lungs (Hatch et
al., 1994). Short-term exposure may exacerbate pre-existing conditions such as asthma, and long-term
exposure is associated with increased general mortality, respiratory mortality, and cardiovascular

mortality (Gryparis et al., 2004).

1.1.5 Polycyclic aromatic hydrocarbons

Polycyclic aromatic hydrocarbons (PAHs) are a group of chemical compounds that occur as complex
mixtures in the environment. They are a product of incomplete combustion, such as from industrial
processes, vehicles, or solid fuel use. Many PAHs are organic compounds that accumulate in the
human body and have toxic and carcinogenic effects (DEFRA, 2020, Kumar et al., 2014). Many PAHs

have toxic and carcinogenic properties (Abdel-Shafy and Mansour, 2016). Long-term exposure to PAHs
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may cause cancer and adverse reproductive and developmental effects in animals (Wells et al., 2010,

Diggs et al., 2012). In humans, long-term exposure may cause kidney and liver damage (ATSDR, 1995).

1.1.6 Carbon monoxide

Carbon monoxide (CO) is emitted by incomplete combustion of fossil fuels when insufficient oxygen
is available for a reaction to carbon dioxide (CO3). The main outdoor source in the UK is road transport,
however, cigarette smoke and faulty or unserviced cooking or heating appliances may be significant
indoor sources of CO (National Atmospheric Emissions Inventory, 2020). CO has a greater tendency to
bind to haemoglobin than oxygen, reducing the capacity to circulate oxygen throughout the body. This
has well-known consequences for health, including greater risk of respiratory disease (Zhao et al.,

2019), myocardial infarction (Lee et al., 2020b), and overall mortality (Chen et al., 2021).

1.1.7 Assessing ambient air pollution exposure

Ambient air pollution is traditionally monitored primarily in urban areas via often sparsely distributed
fixed monitoring sites using expensive and highly sophisticated equipment. This serves regulatory
purposes and gives a broad overview of pollutant concentrations across a city over time, with detailed
information in specific locations (Kanaroglou et al., 2005). In the UK, monitoring sites are separated
into kerbside, roadside, and background locations (LAQN, 2018). They are often located at pollution
“hotspots”, such as heavily trafficked intersections or street canyons with poor dispersion conditions

to test compliance with air pollution legislation.

Early landmark studies such as the six-city study have used air quality measurements from monitoring
sites to establish the health effects of air pollution over a city’s population (Dockery et al., 1993).
However, using data from monitoring sites to estimate an individual’s personal exposure to air
pollution has shown high levels of uncertainty (Evangelopoulos et al., 2020). This approach is now seen
as a sub-optimal way to assess exposure to air pollution (Health Effects Institute, 2010), and instead
researchers commonly extrapolate measurements across urban areas using models or use a more

personalised approach with small portable monitors (Jerrett et al., 2005, Brokamp et al., 2019).

Personal monitoring is sometimes seen as the gold standard of exposure assessment, as the small and
cheap instruments can be carried around over long periods by individuals, giving unparalleled insight
into their exposure and avoiding the issue of exposure misclassification (Brokamp et al., 2019, Health
Effects Institute, 2010, Snyder et al., 2013). However, the instruments are often of subpar quality, with
low precision between instruments and low accuracy especially when measuring gaseous pollutants
(Lewis and Edwards, 2016, Lewis et al., 2016). They also typically assess total exposure to air pollution,

combining both indoor and outdoor sources, which complicates interpretation and mitigation.
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Further, cohort sizes are limited by the cost and logistical effort of distributing air pollution sensors,

lowering statistical power (de Nazelle et al., 2013).

Some of these problems can be overcome using models. Models are used to predict ambient air
pollution exposures using a variety of techniques incorporating data such as land use data,
meteorological conditions, and traffic density, and air pollution measurements from satellites,
monitoring sites, and sensors (Jones et al., 2020, Eeftens et al., 2012, de Hoogh et al., 2018, Brokamp
et al., 2019). Ambient air pollution models can achieve high spatial resolution and cover large areas
over long periods of time. They may suffer from nondifferential exposure misclassification, as
researchers are often unable to incorporate measures of spatiotemporal mobility and indoor
exposure. Hybrid models attempt to include these measures, but often have to contend with limited
data, both in setting up the model and validating it, and high individual variability in behaviour and

exposure characteristics (Tang et al., 2018, Smith et al., 2016).

Specific measurement and modelling approaches are suited to different air pollutants. UFPs and gases
such as VOCs react, aggregate, or deposit rapidly after being emitted and are therefore highly
localised. This can lead to difficulties in using monitoring networks and models to assess these
pollutants accurately. However, regional pollutants such as PM.s and PMyg vary less over space and

concentrations can be more accurately characterised with a monitoring network or a model.

Different types of modelling approaches are commonly used. Land use regression (LUR) models are
empirical models, and their predictions of air pollutant concentrations are based on regression
techniques using air pollution measurements (Briggs et al., 1997, Chen et al., 2019). Geographic
information systems (GIS) are used to add predictor data such as traffic, land use, and land cover, and
to feed in data from monitoring sites to estimate pollutant concentrations at locations without any
monitoring site cover. LUR models are capable of predicting concentrations across large areas and
have been used in studies assessing air quality across continents, though these large studies are
usually limited by the monitoring site network (Hoek, 2017). Some LUR models also incorporate
satellite-based estimates, which use aerosol optical depth (AOD) measurements to assess air pollutant
concentrations. However, satellite based measurements are unable to capture microscale variations
in air quality (Michanowicz et al., 2016). LUR can be limited in its assumptions about the distribution
of pollutants around sources and receptors, often assuming isotropic distribution and not taking into
account meteorological variability and its influence on pollution gradients (Tularam et al., 2021). To
improve their estimates, meteorological covariates such as measures of atmospheric stability have
been incorporated into LUR models (Chen et al., 2012). Further, dedicated measurements campaigns

have been conducted to feed into LUR models, increasing the density of data and model accuracy. LUR
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models typically perform well and explain a high degree of variance of the measured spatial variation

(Hoek, 2017).

Dispersion and chemical transport models are deterministic models which use physical and chemical
predictors to model air pollutant dispersion and chemical transformation from source to receptor in
the atmosphere. Dispersion models take into account the chemical and physical properties of the
pollutants, as well as how these are affected by meteorology and topography. The spatial resolution
can vary between address level and continental scale, and validating the model estimates with
monitoring data is essential, as no empirical data is used in the pollutant estimates prior to validation

(Hoek, 2017, Holmes and Morawska, 2006).

1.2 Fundamentals of magnetic resonance imaging

The following section will provide an overview of the fundamentals of MRI which underlie the research
conducted in this thesis. MRI is a non-invasive imaging technique that can provide detailed images of
the body. A strong magnetic field (b0) is used to align protons in the hydrogen atoms, parallel or
antiparallel to the magnetic field. The strength of the field is expressed in Tesla (T), and scanners are
usually 1.5T or 3T, though more recently high-field MRI at 7T has become more common (Grover et

al., 2015, Trattnig et al., 2018).

This strong magnetic field is required to interact with hydrogen nuclei (protons) in the brain. Hydrogen
nuclei are most abundant within water molecules in the brain, though those in fatty molecules are
also relevant. After alignment, the hydrogen nuclei rotate around the axis of the b0 field (Figure 1.2)
at a frequency that is proportional to the strength of the magnetic field (also called resonance
frequency), and the exact relationship between field strength and rotation frequency can be

calculated using the Larmor equation (Pooley, 2005), which can be expressed as follows:

fo =vBo

Where f, is the precession frequency, y is the gyromagnetic ratio, and B is the strength of the
magnetic field. The rotating hydrogen atoms create oscillating fields which induce a voltage inside the
radiofrequency coils (RF coils) placed around the head or body of the subject. Multiple coils are usually
used, depending on the region being scanned, as a higher number of coils increases the signal-to-noise
ratio (SNR) and can reduce the amount of time needed to acquire an image. Head coils typically have

8,12, 16, 32, or 64 coils (Jenkinson and Chappell, 2018).
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Figure 1.2: A precessing proton in a magnetic field. Image reproduced from Grande-Barreto et al
(2017).

The observed MRl signal is the total sum of all the signals received from nuclei, but with no information
on the location of the nuclei. Using gradient coils, a secondary, spatially varying magnetic field is
applied on the x, y, and z-axis (Figure 1.3). This secondary application gives the nuclei a frequency that
depends on their location in the brain, and this property is used to link the now varying frequency to

the exact location of where the signal originates in the brain.
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Figure 1.3: Z-axis gradient coil applying a spatially varying magnetic field. Reproduced from
uomus.edu.iq.

High SNR is desirable to enable qualitative and quantitative analysis. SNR is inversely related to spatial
resolution, as increasing image resolution decreases the signal per voxel due to a lower number of
protons per voxel. However, higher spatial resolution images carry more information and may improve

the accuracy of the delineation of brain structures in the processing stage. A longer acquisition time
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improves the SNR, as more signal can be sampled. Therefore, the acquisition time, the SNR, and spatial

resolution must be traded off against each other (Jenkinson and Chappell, 2018).

1.2.1 T1 recovery and T2 relaxation

Contrast between different tissue types in MRI is dependent on their properties. The local microscopic
environment of hydrogen nuclei determines how fast the molecules realign with the b0 field after
being excited by a magnetic field. This property is described using T1 and T2 relaxation constants. T1
recovery time is the time it takes protons to realign with the b0 field after being excited by a
radiofrequency (RF) pulse. T2 decay describes the process of precessing protons dephasing after a RF
pulse. T1 recovery and T2 decay are dependent on each tissue type and their environment, protons in

fat have a short T1 and T2 time and protons in water have a long T1 and a long T2 time (Figure 1.4).

T1 recovery T2 decay

M, M,,
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Fat
Short Long '™me Short Longtime
TR TR TE TE

Figure 1.4: T1 recovery (left) and T2 decay (right) in fat and water based on short and long TR and short
and long TE. Time in milliseconds. My, = transverse magnetization, M, = longitudinal magnetization.

Image reproduced from Bitar et al (2006).

These properties are used to create contrast in an MRI by changing the repetition time (TR) and echo
time (TE). TR is the time between excitations of the same region and TE is the time between excitation

and measurement of the signal (Figure 1.5) (Chappell et al., 2018).
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Conventional Spin Echo
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Figure 1.5: Conventional Spin Echo sequence. TR = Repetition Time, TE = Echo Time, RF =

Radiofrequency Pulse. Reproduced from Radiopaedia.org.

A short TE will produce a strong signal, as relatively little time has passed for the excited molecules to
revert to their original state. However, there will also be little difference in intensity and therefore
contrast in tissue types, as recovery states between tissue types will not have had time to differentiate
themselves. Longer TE will produce a weaker signal but a stronger differentiation between tissue
types. A short TR means net magnetization has not had time to recover, leading to a reduced signal
strength at the next excitation. The difference between tissue types though, will be more pronounced,
as the difference in the state of recovery between tissue types is greater. By contrast, a long TR will
lead to greater signal, as net magnetization has had time to recover, but little difference between

tissue types (Symms et al., 2004).

T1-weighted images are created using a short TE and short TR, leading to tissue with a high fat content
appearing bright and tissue with high water content appearing dark. T2-weighted images are created
using a long TE and long TR, and therefore tissue with high water content appears bright and high fat

content appears dark, the exact opposite of T1 (Chappell et al., 2018).
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Figure 1.6: T1- and T2-weighted images in infants and children. Reproduced from Miller et al (2020).

MRI can provide more detailed images of the developing brain than any other imaging modality.
However, most of the imaging and processing tools for MRI were developed for the adult brain and
had to be adapted to the neonatal brain. The brain of neonates has not fully developed yet and has a
greater water content and lower fat content than the adult brain, leading to a different appearance in
T2- and T1-weighted images. Both T1- and T2-weighted images are used extensively in neonatal MRI,
but contrast between grey matter (GM) and WM is greater in T2- than in T1-weighted images (Figure
1.6) (Miller et al., 2020, Counsell et al., 2019).

Myelin is largely responsible for the difference in appearance of the brain in adult and neonatal MRI.
Myelin is a fatty sheath that acts as an insulating layer, it forms around WM tracts in part during
gestation but mostly during post-term development (Gilles et al., 1976). Only small amounts of myelin
are therefore present in the neonatal brain, and these can be assessed using MRI. Myelinated WM
exhibits high signal intensity on T1-weighted images but low signal intensity on T2-weighted images

due to myelin’s fatty composition.

Neonatal MR brain imaging faces unique challenges compared with adult MR brain imaging. The
smaller size of neonatal heads means that using adult head coils leads to low SNR compared with
bespoke close-fitting array coils (Figure 1.7) (Keil et al., 2011, Hughes et al., 2017). Brain sizes are also
much smaller when compared with adults, requiring higher resolution to obtain the same amount of

information (Kelly et al., 2019). Further, neonatal MR imaging suffers from motion artefacts, as infants
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are an inherently uncooperative cohort. In the past this has led to neonatal MR imaging being
performed on sedated infants, but as sedation is not without risk, alternative techniques have been
developed to decrease subject motion and sedation is no longer standard practice (Tocchio et al.,

2015). As infants still move even when sleeping, motion correction techniques are usually applied in

image processing (Cordero-Grande et al., 2018).

Figure 1.7: A bespoke neonatal brain imaging system, consisting of (i) the neonatal head coil, (ii) the

frame, and (iii) the positioning shell. Reproduced from Hughes et al (2017).

1.2.2 Registration

Image registration brings images into the same space, aligning the same anatomy in different images
and even different modalities to the same coordinates to allow for consistency in subsequent
comparison and analysis (Jenkinson and Chappell, 2018). This step is essential as the resolution of
imaging data, the position of the subject’s head, and the field of view of the image may vary between

acquisitions.

In the same subject, image registration is termed “within” subject registration, and is commonly done
to correct for subject motion during the imaging process. Within subjects, linear transformations such
as rigid-body transformation (6 degrees of freedom) and affine transformation (12 degrees of
freedom) are sufficient to align images, as the anatomy stays the same between images (Figure 1.8).
Between subjects, the anatomy may vary substantially, requiring non-linear transformation of the
images. Non-linear transformations can have as many degrees of freedom as there are voxels, and
this enables changing the brain geometry locally to account for individual differences (Figure 1.8)
(Song et al.,, 2017). For example, cortical folding patterns are uniquely different between each

individual neonate and need flexibility in transformation to get good alignment (Dubois et al., 2008).

Subject images are often registered to a subject template or atlas, which is an average image from a
demographic subset. These atlases represent an average anatomy to which individuals can be

registered to enable a standardised way of describing the location of brain tissues (Dickie et al., 2017).
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Figure 1.8: Linear and non-linear registration in MRI. Linear registration adjusts the shape and size of
the entire image, whereas non-linear registration can make local changes. Reproduced from FSL course

material (FSL, 2022).

1.2.3 Segmentation

Segmentation refers to the process of delineating different tissues or structures within the brain. Most
segmentation processes use a combination of modelled tissue intensity distributions along with
information about each voxel’s spatial neighbourhood to determine tissue types. The tissue intensity
distributions usually show well differentiated peaks in intensities for each of the major tissue types
(GM, WM, and cerebrospinal fluid (CSF)) that can be used to create probability distribution functions
(Gonzalez-Villa et al., 2016). In neonates, however, the intensity distribution of WM and CSF can be
very similar since most of the WM is unmyelinated and therefore has high signal in T2-weighted
images (Makropoulos et al., 2014). This problem requires special care in automated segmentation

algorithms.
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Spatial neighbourhood information can be used to smoothen tissue distributions and can aid an
automatic segmentation algorithm’s accuracy (Devi et al., 2015). This is particularly helpful if isolated
points in the middle of a tissue type, for example the GM, get classified as another tissue type, e.g.
WM. Spatial dependency can be used to tell the algorithm that if the neighbouring voxels are classified
as GM, it is highly likely that this voxel should also be classified as GM. Care should be taken that
neighbourhood information is not weighted too strongly, otherwise this could lead to misclassification

errors.

As the size of each voxel is much larger than the size of the underlying tissue, several tissue types are
often present in one voxel, which can lead to partial voluming errors. The term partial voluming error
describes the misclassification of voxels due to loss of contrast between two adjacent tissue types. It
may be helpful to describe voxels as partially attributable to different tissue types. The fraction of each
volume described as a tissue type can be used to delineate error-prone boundaries between tissue
types more accurately (Sharma and Aggarwal, 2010). Moreover, prior knowledge about brain anatomy
can be used to make segmentation more accurate. Atlases of previously segmented subjects in the
same demographic group are used in atlas-based segmentation methods. The accuracy is dependent
on quality of the template and how closely aligned the demographics of the atlas and the target group
are. Figure 1.9 shows an example of a tissue segmentation and neonatal atlas parcellation for the

same infant.
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Figure 1.9: Tissue segmentation and neonatal atlas parcellation for the same infant. Anatomical

images were segmented into 9 tissue classes (A) and parcellated into 87 brain regions (B). Reproduced

from Edwards et al (2022).

1.2.4 Principles of diffusion MRI

The contrast in diffusion MRI is determined by the movement of water molecules in the brain. Water
diffuses randomly throughout the brain in a process called Brownian motion. In the CSF, where there
are no obstacles to diffusion, Brownian motion occurs isotropically, i.e., equally in all directions.
Brownian motion is affected by tissues and structures within the brain, as water molecules cannot
pass through cell membranes easily. The WM is made up of tightly packed and elongated axonal
bundles, which hinder diffusion perpendicular to the orientation of the axons and preferentially allow
water molecules to diffuse along the orientation of axon bundles, i.e., the water molecules diffuse in

an anisotropic fashion (Figure 1.10).
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Figure 1.10: (A) Isotropic diffusion and (B) anisotropic diffusion and the eigenvectors A1, A2, and A3.

The movement of water molecules is therefore dependent on the underlying tissue microstructure of
the brain. It is important to note the distinction, however, that diffusion MRI quantifies the properties
of diffusing molecules over time instead of biological quantities (Jenkinson and Chappell, 2018).
Information about the underlying microstructure can only be inferred. Further, no distinction can be
made between active displacement of water and Brownian motion, and the degree of diffusion
depends on the extent of diffusion weighting and the microstructural environment. Therefore, the

estimated diffusion coefficient is termed the apparent diffusion coefficient (ADC).

Diffusing water molecules lead to dephasing of the MRI signal, reducing its amplitude. In diffusion MRI
however, by deliberately applying steep magnetic field gradients, this effect can be made into the
dominant contrast mechanism. To accurately quantify diffusion, a diffusion weighted image needs to
be compared to an image with no diffusion weighting, called a b0 image. The b-value is a metric for
the degree of diffusion weighting applied, with higher b-values leading to greater diffusion sensitivity

at the cost of a lower SNR. It can be calculated as follows:
0
b= yZGZSZ(A - §)

Where y is the gyromagnetic ratio, G is the amplitude, ¢ is the time of applied gradients, and A is the
duration between paired gradients. Typical b-values range between 750 and 1500 (s/mm?2) in clinical

settings, but the ranges tend to be wider when imaging for research purposes (Tusor et al., 2014).
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As each image is only sensitive to diffusion in one direction, a complete sequence requires many
different images to capture diffusion in many directions. These images need to be acquired quickly in
fast imaging sequences for the acquisition not to take very large amounts of time and put a heavy
burden on subjects. The speed of the acquisition comes at the cost of image resolution and increased
sensitivity to artefacts such as geometric distortion, which then need to be corrected for in the image

processing stage.

1.2.5 Diffusion Tensor Model

A common model that is used to interpret diffusion data is the diffusion tensor (DT) model (Basser
and Jones, 2002, Basser et al., 1994). It uses directional diffusion data from each voxel, compared with
the signal measured with no diffusion gradient applied (b0 image), to calculate metrics such as mean
diffusivity (MD) and fractional anisotropy (FA). It requires a minimum of six phase encoding directions
to be solvable. The three principal diffusion directions are called the eigenvectors, and the diffusion
along these vectors is denoted by the eigenvalues. MD describes the overall diffusion and can be
calculated using the following formula:

Mt At A

MD
3

Where A123 are the eigenvalues. Thus, MD is the mean of the three eigenvalues of the diffusion tensor.

FA is the normalised variance of diffusion along the eigenvectors, and can be calculated as follows:

Fa - ﬁml — )7+ (A —23)* + (3 — 4)?
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FA values range between 0 and 1, where 0 represents isotropic diffusion and 1 represents pure
anisotropy. The principal diffusion direction is further characterised using the axial diffusivity, which
is the eigenvalue of the primary eigenvector. Radial diffusivity refers to the mean of the eigenvalues
of the second and third eigenvectors (Jenkinson and Chappell, 2018). An example of a visualisation of

MD and FA in neonates, 2-year-olds, and adults can be found in Figure 1.11.
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Figure 1.11: Mean diffusivity (MD) and fractional anisotropy (FA) maps for neonates, 2-year-olds, and
adults. Reproduced from Oishi et al (2013).

Diffusion tensor imaging (DTI) thus provides information about the directionality of the water diffusion
process (Martinez-Heras et al., 2021). DTl has high sensitivity to relatively small microstructural
changes in WM tissue. WM fibre bundles can be visualised using this technique by using the directional
dependence of water diffusion in the brain in a process called diffusion tractography. Diffusion
tractography allows the reconstruction of WM fibre bundles and gives insight into the developing
structure of neonatal WM (See Section 1.27) (Counsell et al., 2019). DTI is limited in its ability to
characterise complex diffusion topology, such as when diffusion displacement is multidirectional, in
so called crossing fibres (Alexander, 2005). Moreover, DTl is restricted in its biological specificity and
its ability to discern several microstructural tissue properties within one voxel. Scanner parameters,
subject motion, and quality of the data further impact upon the quality of DTI analysis (Jones and
Cercignani, 2010). In order to address these shortcomings of DTI, other diffusion MRI techniques have

been proposed.

1.2.6 Neurite Orientation Dispersion and Density Imaging

Several other biophysical models attempt to model microstructure using diffusion MRI data
(Alexander et al., 2019). One widely used model is the Neurite Orientation Dispersion and Density
Imaging (NODDI) model (Zhang et al.,, 2012). NODDI enables quantification of changes in
microstructure in GM and WM. lts indices have been shown to be clinically relevant and able to
capture microstructural changes in fibre density, myelination, and orientation distribution of neurites

in the developing brain (Kunz et al., 2014, Chang et al., 2015).
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NODDI models signal contributions separated into tissue (GM and WM) and non-tissue signal (CSF).
The non-tissue compartment is modelled assuming isotropic Gaussian diffusion, whereas the tissue
compartment models the space around neurites as anisotropic diffusion and the neurites themselves
as orientationally dispersed sticks. The model assumes that diffusion along the direction of the sticks
is unhindered, while diffusion perpendicular to the sticks is strongly hindered. NODDI provides two
main metrics, the orientation dispersion index (ODI), and the neurite density index (NDI). The
orientation of the sticks in the intra-neurite model is expressed in the ODI, which is a value between
0 and 1. A value of 0 indicates that all neurites are perfectly aligned, whereas a value of 1 indicates a
perfectly random dispersion. The ODI thus quantifies the degree at which neurites are orientationally
coherent. The intra-neurite volume fraction, calculated using the intra-neurite and extra-neurite
signal, gives an estimate of the neurite density (NDI), which is expressed as a value between 0 and 1.
NODDI also provides the isotropic volume fraction (fiso), which is a quantification of the amount of
partial volume that is water. An increased NDI and fis, indicate an increase in the density of neurites

and local water, respectively.

NODDI has several limitations. NODDI requires the acquisition of multiple high angular resolution
diffusion imaging (HARDI) shells to be estimated accurately. Further, the assumption of multiple
Gaussian compartments in NODDI limits the model and may lead to neglect of factors that could be
of importance, such as inter-compartmental exchange and non-Gaussian effects (Kamiya et al., 2020).
In order to guarantee model stability, some of the parameters are constrained and may introduce bias
if not handled carefully. However, NODDI has been used successfully in many studies (Lemkaddem et
al., 2014, Billiet et al., 2015, Kunz et al., 2014, Chang et al., 2015), showing clinical relevance of the
model metrics. Additionally, when compared with histological findings, ODI has shown a stronger
correlation with orientation dispersion than FA, which suggests that NODDI is able to represent
orientation dispersion more clearly than the diffusion tensor model (Schilling et al., 2018, Grussu et

al., 2017).

1.2.7 Tractography

Tractography is a technique primarily used to delineate WM tracts using diffusion MRI data, allowing
visualization and quantification of the complex network of connections in the brain (Figure 1.12). The
WM is composed of bundles of nerve fibres called axons, which connect different regions of the brain
to each other. Fibre tractography uses the dominant orientation of each imaging voxel to piece
together a trajectory through the brain (Jeurissen et al., 2017). The DT model can only identify a single
fibre orientation per voxel, and will therefore run into problems when it comes to more complex fibre

orientations, such as fanning, crossing, and kissing fibres (Alexander et al., 2001, Tuch et al., 2002).
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Figure 1.12: Vector field of local predominant fibre orientations and two of its streamlines depicted on

a coronal view of the human brain. Reproduced from Jeurissen et al. (2017).

Tractography algorithms are commonly split between deterministic and probabilistic algorithms. In
deterministic tractography the streamlines connecting voxels are delineated according to a fixed
direction in each voxel (Sarwar et al., 2019). Deterministic algorithms are unable to account for
uncertainty, only estimating the principal direction of diffusion, and are susceptible to noise (Jones,
2008, Descoteaux et al., 2009). Probabilistic tractography uses the dominant orientation of local water
diffusion along with the mean orientation of WM fibres from voxel to voxel in order to infer the
location and extent of tracts in the brain (Beaulieu, 2002, Ciccarelli et al., 2006). This enables the
algorithm to quantify uncertainty in each voxel, allowing tracking even in regions of high uncertainty
(Jeurissen et al., 2017). In general, caution is warranted when examining and interpreting diffusion
MRI tractography (Kroenke, 2018), as direct examinations and correlations between imaging and
histological examinations of the developing human brain are scarce (Dean et al., 2013, Huang et al.,

2012).

1.3 Effects of prenatal exposure to air pollution on early life neurodevelopment

assessed with MRI

Research on the impacts of air pollution on the brain has been conducted for around two decades.
Some of the first studies to do research on this subject examined brain tissues in canines exposed to
high levels of air pollution in Mexico City and found evidence of brain inflammation and
neurodegeneration (Calderéon-Garciduefias et al., 2002, Calderén-Garciduefias et al., 2003). Since
then, exposure to air pollution has been linked to a wide range of impacts on the brain, including
increased risk of dementia (Power et al.,, 2016), cognitive decline (Clifford et al., 2016), and

neurodegenerative diseases such as Parkinson’s disease (Cristaldi et al., 2022). The developmental
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period came under scrutiny a few years later, with studies assessing exposure to air pollution both
during pregnancy and childhood (Perera et al., 2006, Perera et al., 2009, Calderdn-Garciduefas et al.,
2008). The immature brain is especially susceptible to the effects of environmental exposures due to
its swift development, leading to vulnerability in key maturation processes (Grandjean and Landrigan,
2014). There are several studies that examine the link between postnatal exposure to air pollution, in
childhood or adolescence, and neurodevelopment in children (Jedrychowski et al., 2015, Rivas et al.,
2019). This thesis focuses on prenatal exposure to air pollution, and there is now a sizeable amount
of literature on prenatal exposure to air pollution and its effects on cognitive performance, mental
health, and behavioural disorders in childhood (Shang et al., 2020, Chun et al., 2020, Zundel et al.,
2022). However, the use of brain MRI in this field has been limited, with studies mostly examining
structural MRI. Additionally, all imaging was done in childhood, when subjects were between the ages

of 6 — 15 years old.

1.3.1 Structural MRI

The impact of prenatal exposure to air pollution on early life brain morphology has been examined in
school age children using MRI in several studies, resulting in mostly adverse associations, with a few
null findings. Structural MRI was explained in Section 1.2, and in this section, | will detail the evidence

on whether prenatal exposure to air pollution affects brain structural morphology in early life.

Intracranial volume (ICV) and total brain volume TBV increase rapidly during gestation, especially in
the third trimester (Vasung et al., 2019). This growth is shared unequally between different parts of
the brain. The cerebellum can grow as much as three to four times in volume in the third trimester,
whereas the brain stem will grow more slowly, with TBV doubling in size in this period. Conversely,

ventricular volume generally decreases during the third trimester (Clouchoux et al., 2012).

In an early study, prenatal exposure to PAHs was inversely correlated with distance from the template
surface, an index of local volume for GM and WM in the left but not the right hemisphere of the brain
of children aged 7 — 9 years old (Peterson et al., 2015). Further investigation using the distance from
surface measures found that the inverse correlation with local volumes derived from spatially larger
impacts on underlying WM of the left hemisphere. The cohort consisted of 255 subjects, though only
40 out of 255 children included in this cohort underwent MRI after stratified sampling in which the
authors selected 20 subjects above and 20 subjects below the median PAH exposure level of the
cohort. The authors conducted a 48-hour personal air monitoring campaign in the third trimester of
pregnancy to measure exposure to PAHs, validated by a two-week monitoring campaign in a subset
of homes. The correlation between the sampling campaigns was moderate (r = 0.44), raising questions

about how representative the measurements are of PAH exposure levels throughout pregnancy.
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Prenatal exposure to coarse PM (PMo - PM;s), PMs s absorbance, and PM, s were inversely correlated
to cortical thickness in several brain regions in both hemispheres in a large cohort of children aged 6
— 10 years old (n = 783), though no effects were found for NO, (Guxens et al., 2018). Exposures were
modelled at residential level using LUR models. This study also assessed the impact on global brain
volumes, finding no effects of any pollutants on TBV, cortical GM volume, cortical WM volume,

subcortical GM volume, and ventricular volume.

Further null findings were found in a study of 186 children aged 8 — 12 years old who were imaged as
part of the Brain Development and Air Pollution Ultrafine Particles in School Children (BREATHE) study
(Mortamais et al., 2019). The authors used LUR models to assess residential exposure to PM;s during
pregnancy and found an association between an increase in PM,s exposure and decreasing corpus
callosum (CC) volume, which did not survive false-discovery rate (FDR) correction for multiple

comparisons. No associations were found with WM, GM, and ventricular volume.

A comprehensive study by Lubczyniska et al examined prenatal exposure air pollution for a large
imaging cohort of children aged 9 — 12 years old (n = 3133) (Lubczynska et al., 2021). Residential
exposure to PMi, PM;s, coarse PM, PM,s absorbance, UFP, composition of PM, and NO, was
estimated using a LUR model, and oxidative potential of PM, s was measured. In their single-pollutant
model, higher levels of PMi, PM3 s, coarse PM, and PM,s absorbance were related to an increase in
the relative size of the cerebellum. Increased coarse PM exposure was related in a larger relative size
of the putamen and pallidum, and increased exposure to silicone was related to a larger relative size
of the amygdala. Further, increased exposure to PM components benzo(a)pyrene (B[a]P), PAHs, and
copper were related to a smaller relative size of the hippocampus, and oxidative potential of PM;s
was associated with a smaller relative size of the CC. Prenatal exposure to air pollution was not
associated with volumes of the total brain, cortical and subcortical GM, cerebral WM, thalamus,

caudate nucleus, and nucleus accumbens.

In their multi-pollutant model, increased oxidative potential of PM,s was associated with a smaller
relative size of the CC. Increased coarse PM exposure was associated with larger relative size of the
cerebellum, whereas increased oxidative potential of PM,s was associated with smaller relative size
of the cerebellum. Increased exposure to PAHs was associated with a smaller relative size of the
hippocampus, and increased exposure to PAHs and organic carbon (OC) were related to a smaller

relative size of the amygdala, while silicone was related to a larger relative size of the amygdala.

The same cohort was used to study whether having the apolipoprotein E (APOE) genotype or a high
or low polygenic risk score (PRS) for Alzheimer’s Disease (AD) had a modifying effect on prenatal air

pollution exposure and structural brain morphology in adolescents (Essers et al., 2023). The APOE
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gene is responsible for cholesterol metabolism and lipid homeostasis, and carriers of the allele are at
higher risk of neurodegenerative processes (Kloske and Wilcock, 2020, Piers, 2018, Fernandez et al.,
2019). Using the same pollution measures as described in Lubczynska et al (2021) described above,
Essers et al (2023) found that in their single-pollutant analysis, higher prenatal exposure to NOy, PMyg,
PMy, s, coarse PM, and PM3s absorbance was differentially associated in APOE €4 carriers compared to
non-carriers with larger cortical GM volumes. Higher prenatal exposure to NO4, PMio, PM3s, and
coarse PM was also related to larger cerebral WM in APOE €4 carriers compared to non-carriers.
Higher exposure to multiple air pollutants was differentially associated with larger CC volumes, and
with smaller subcortical GM, putamen, thalamus, hippocampus, and nucleus accumbens volumes
in APOE €4 carriers compared to non-carriers. In their multi-pollutant analysis, only prenatal exposure
to coarse PM was differentially associated with larger cerebral WM volume in APOE €4 carriers

compared to non-carriers.

A high or low PRS for AD also modified the associations between prenatal exposure to air pollution
and childhood brain morphology. Prenatal exposure to several air pollutants was differentially
associated with larger cortical GM volume, and smaller subcortical GM, pallidum, putamen, thalamus,
amygdala, and hippocampus volumes per increase in PRS for AD. Again, only coarse PM remained
significantly associated with larger cortical GM volume in their multipollutant analysis per increase in
PRS for AD. Associations with prenatal exposure to air pollution and cerebral WM and cortical GM

were not modified by polygenic risk scores.

Peterson et al (2022) estimated prenatal residential exposure to PM,s and PAHs using a
spatiotemporal exposure model and measured PAH exposures for 48-hour periods in the third
trimester. MR imaging of children aged 6 — 14 years old was undertaken in a larger subsample of the
same cohort of their 2015 study (n = 332). Exposure to both PM;s and PAHs was associated with
thicker posterior inferior, lateral temporal, and mesial wall surfaces in the cortical GM, as well as
thinner dorsal parietal surfaces. Both pollutant exposures were also associated with smaller local WM
volumes in the cingulate gyrus and the inferior parietal lobes, and larger WM volumes at the posterior
inferior brain surface, the superior frontal gyrus, and the brain’s dorsal convexity. Stratifying by sex

revealed stronger associations with PM, s for males, and stronger associations with PAHs for females.

None of the above studies found any associations of prenatal exposure to NO, with childhood brain
morphology. The most researched pollutants were PM,s and PAHs, and these showed the strongest
associations with brain morphology measures. Prenatal exposure to PMio was assessed by Guxens et
al (2018) and Lubczynska et al (2021) and increased exposure to PMio was not associated with any

metric of brain morphology except larger relative size of the cerebellum in the latter study.

39



In summary, only five studies were found that researched prenatal exposure to air pollution and brain
morphology. Two out of these five studies found no association between volumetric measures of the
brain and prenatal exposure to air pollution (Guxens et al., 2018, Mortamais et al., 2019). Peterson
inferred local WM volume in their 2015 study and did not assess volumes of the brain in their 2022
study other than WM surface area and local volumes. Studies also varied in cohort size, the exposure
assessment method used, and ages at which subjects were scanned, with ages ranging from age 6 to

14 years old.

1.3.2 Diffusion MRI

The effect of prenatal exposure to air pollution on childhood WM microstructure using diffusion MRI
has been the subject of only two studies to date. Diffusion MRI is an MRl method which measures
diffusion in the brain, giving insight into tissue microstructure. The various aspects of diffusion MRI
were explained in Section 1.2, and in this section, | will detail the evidence on whether prenatal
exposure to air pollution affects any of the metrics measured by diffusion MRI and by extension
whether brain tissue microstructure in early life is impacted. If these metrics are affected by prenatal
exposure to air pollution this could give insight into WM injury on a much smaller scale than structural

MRI.

The most common metrics of diffusion MRI, FA and MD, change with maturation. Prenatally, FA
increases as the WM becomes more organised in the third trimester, and the inverse of this trend is
generally true for MD for most tracts (Wilson et al., 2021). In the WM, these changes reflect variations
in water content, axonal calibre, myelination and oligodendrocyte proliferation (Tusor et al., 2014).
MD and FA are strongly correlated with maturity (Wilson et al., 2021, Pannek et al., 2014), and any
impacts prenatal exposure to air pollution may have on these metrics could give insight into the
vulnerability of the developing brain. However, as outlined in Section 1.2.5, DTI is sensitive to
underlying microstructure but lacks specificity. FA, for example, is modulated by many factors such as
partial voluming, axonal and dendritic density and number, and orientation dispersion, making

interpretation more difficult (Jones et al., 2013).

Utilising the same models to estimate prenatal exposure to air pollution and studying the same cohort
as in the above study on structural MRI, albeit with a slightly smaller sample (n = 2954), Lubczynska et
al found that in their single pollutant model higher exposures to PM1o, PM..s5, PM5 5 absorbance, and
NOy during preghancy were associated with lower global FA (Lubczyriska et al., 2020). Also in their
single pollutant model, higher prenatal exposures to PM1o, PM3 5, PM3 s absorbance, NO,, NOy, copper,
iron, silicone, UFP, and higher oxidative potential of PM. s were associated with higher global MD. The

multipollutant model showed a significant association between higher PM,s exposure and lower
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global FA, and when PAHs and PM; s were included, they showed positive and negative associations
with global FA, respectively. Silicone exposure during pregnancy was associated with higher MD in the
cingulate gyrus part of the cingulum of the left hemisphere, the left superior longitudinal fasciculus,

and the forceps minor (Lubczyniska et al., 2020).

Peterson et al (2022) found that prenatal exposure to PM,s and PAH were associated with higher FA
values in the basal ganglia, anterior cingulate gyrus, and thalamus. As with the structural imaging, sex
differences were found, with PM; s associations being stronger in males and PAH associations stronger
in females. Further, higher PM3 s exposures were associated with greater diffusivity in the anterior CC
and the anterior corona radiata, suggesting a possible decrease in myelination, more fibre crossings,
or lower cell density. Myelination is difficult to assess using imaging and histological assessment is still
the gold standard of quantifying myelination (Laule et al., 2007, Wang et al., 2019). Higher exposures
to PAH were also associated with lower diffusivity in the internal capsule, which could be indicative of

increased myelination, or higher cell density, or higher axonal fibre coherence in the internal capsule.

In summary, only two studies were found that researched prenatal exposure to air pollution and WM
microstructure. Both studies discovered significant associations between prenatal air pollution
exposure and FA and MD in several tracts, and Lubczynska et al also found associations with global FA
and MD. PM;s and PAH were studied in overlapping age groups in both studies and findings are

comparable, adding some significance to the very small number of studies.

1.3.3 Animal models

A larger body of work has examined the relationship between prenatal exposure to air pollution and
early life neurodevelopment in animals. Direct comparison between results in animal and human air
pollution exposure studies is complicated by the differences in exposure, the lack of spatiotemporal
heterogeneity in animal studies, and differences in composition and levels of exposure. Further,
exposure time frames may not be comparable, since e.g., the neonatal period in mice is equivalent to
the human third trimester. However, animal studies give great insight into windows of vulnerability
and potential mechanistic pathways of how air pollution affects early life neurodevelopment. Some
important findings which are complementary to the studies outlined in humans above are summarised

below.

Prenatal air pollution exposure to concentrated ambient particles (CAPS) and traffic-related air
pollution (TRAP) in mice has been shown to induce microglial activation in both sexes and reduce the
number of microglia (Klocke et al., 2017). Also in mice, neuronal and astrocyte apoptosis in the cortex
and hippocampus was shown as a result of chronic prenatal exposure to high doses of PM; s (Zhang et

al., 2018b, Zheng et al., 2019). Further, prenatal exposure to diesel exhaust particles (DEP) induced
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change in morphology of astrocytes and microglia (Bolton et al., 2017, Kulas et al., 2018), PM,s and
UFP exposure led to increased cell apoptosis in the cerebral cortex (Zhang et al., 2018b) and in the
nucleus accumbens in male offspring (Cory-Slechta et al., 2019), and prenatal exposure to TRAP
increased microglial infiltration in the hippocampus in mice offspring (Patten et al., 2020). The
microglia are the immune cells of the brain and are activated in response to disease or
neuroinflammation (Colonna and Butovsky, 2017). Greater numbers of microglia are required for
neuro- and oligodendrogenesis through the release of cytokines (Shigemoto-Mogami et al., 2014),
however, an ongoing inflammatory response may make microglia more vulnerable to dysfunction or

cell death (Allen et al., 2017).

Aside from effects on a cellular level, several studies have shown impacts of prenatal exposure to air
pollution on brain morphology in animal offspring. Klocke et al (2017), which was described above,
also discovered that dams exposed to CAPS gave birth to offspring with ventriculomegaly, increased
CC area, and reduced hippocampal area. TRAP exposure during pregnancy decreased lateral ventricle
size in female mice, with no effect in male mice (Patten et al., 2020). This last finding was opposed by
evidence of persistently increased ventricular area in female adult mice exposed prenatally to CAPS

(Klocke et al., 2018a).

Some of the effects of prenatal exposure to air pollution only became apparent in later life, once the
mice were fully grown. Di Domenico et al compared brain morphology in mice pre- and postnatally
exposed to CAPS, and only the prenatally exposed group had lower CC volume in adulthood (Di
Domenico et al., 2020). Prenatal exposure to TRAP also led to a decrease in neurogenesis in male adult
mice (Woodward et al., 2018). Further, increased cortical volume in male mice found postnatally after
prenatal exposure to DEP reversed in adulthood, changing to declining volume (Bolton et al., 2017).
Bolton et al theorise that inflammatory activation and/or a developmental delay, caused by air
pollution exposure in a critical developmental window, impairs the ability of microglia to reduce the

neuron precursor pool, resulting in an excess of neurons postnatally.

WM maturation was also affected by prenatal exposure to air pollution. Myelination, which is the
process of coating WM axons in a fatty, protective sheath called myelin, was shown to be impacted in
several studies. Both male-specific hypermyelination of the cerebellum (Klocke et al., 2018b), and
hypermyelination of the CC in both sexes was evidenced histologically (Klocke et al., 2018a, Klocke et
al., 2017). Interestingly, Klocke et al researched prenatal exposure and found increased CC area and
hypermyelination, and Allen et al researched postnatal exposure and found decreased CC area and
hypomyelination (Allen et al., 2017). This implies that besides being sex and region-specific, these

impacts are also timing specific, indicating that prenatal vulnerability to air pollution exposure is
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specific to certain time windows of pregnancy. It strengthens the evidence base for the impacts of air
pollution exposure on myelination, as both pre- and postnatal exposure to air pollution affect

myelination.

In summary, several animal studies found impacts of prenatal exposure to air pollution on early life
neurodevelopment in the form of effects on morphology, WM microstructure, and cell damage.
Effects on the size of the CC in both directions were found in animal models, whereas in humans the
CC was smaller due to air pollution exposure. Peterson et al (2022) also found greater diffusivity in the
anterior CC, which may be the result of decreased myelination. In mice, both hyper- and
hypomyelination have been histologically evidenced in the CC (Klocke et al., 2018b, Allen et al., 2017,
Klocke et al., 2017). No effects on ventricles were discovered in any of the studies on humans, whereas
several animal studies found increased and decreased size of the ventricles as a consequence of
prenatal exposure to air pollution, with stronger effects in females (Klocke et al., 2018a, Patten et al.,

2020, Klocke et al., 2017).

1.3.4 Sex-specificity

Sex-specificity of results was evidenced less frequently in human studies compared with animal
studies. Both studies conducted by Peterson et al (2022, 2015) found a stronger effect of PAH on
female brains and of PM,s on male brains. In the 2015 study, prenatal PAH exposure was more
strongly associated with WM measures in girls, though this was driven by relatively few subjects. In
the 2022 study, prenatal PM; s exposure was associated with cortical thickening in boys and thinning
in girls, and with increased volumes in the dorsal convexity and smaller volumes in the left hemisphere
posterior mesial and lateral surfaces in boys, and PAH was associated with smaller inferior parietal
volumes. When examining DTl measures, PM, s was associated more strongly with FA in male children
and PAH with FA in female children. None of the other human studies found evidence of a sex-specific

effect.

In mice, there is some evidence of a male-specific effect of prenatal exposure to PM on microglial
activation and astrogliosis (Allen et al., 2017, Allen et al., 2014, Bolton et al., 2017, Morris-Schaffer et
al., 2019). However, impacts on both increased and decreased ventricle size was more pronounced in
females, opposing this view (Klocke et al., 2018a, Klocke et al., 2017, Patten et al., 2020). This
conflicting body of evidence suggests that it is currently unclear whether a sex-specific

neurodevelopmental vulnerability to prenatal air pollution exposure exists.

1.3.5 Periods of susceptibility to air pollution
There is some evidence that there are specific gestational timeframes in which vulnerability to air

pollution exposure is greater. A study examining impacts on adverse birth outcomes identified the
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third trimester as a period of vulnerability to prenatal PM,s exposure (Yuan et al., 2020).
Neurodevelopmentally, Allen et al (2017) pointed towards the third trimester as a window of
vulnerability in mice, however, this period is difficult to compare to humans as the
neurodevelopmental period that is equivalent to the third trimester in humans takes places
postnatally in mice. Higher residential concentrations of PM,s during the third trimester were
associated with smaller CC volume in 8 — 12 year olds, though this finding did not survive correction
for multiple comparisons (Mortamais et al., 2019). Binter et al (2022) identified pregnancy as a period
of vulnerability to PM, s and its effects on WM microstructure as assessed by MRl in childhood, though
this study did not investigate trimesters separately. When investigating periods of susceptibility to air
pollution of brain volumes, the pregnancy period did not survive correction for multiple comparisons.
Thus, there is some evidence that the third trimester is a period of particular susceptibility to the
impacts of air pollution exposure on neurodevelopment, but further research is required to state this

conclusively.
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CHAPTER 2 - DATA DESCRIPTION AND METHODS

This chapter describes the methodology for the studies presented in this thesis. An overview is
provided of MRI data collection and processing in the evaluation of Preterm Imaging Study (ePrime)
and developing Human Connectome Project (dHCP) cohorts. The air pollution model used, data
processing, and statistical analysis techniques employed in this thesis are described here. | was not
involved in the development of the exposure model, recruitment of subjects, image acquisition, or

image processing.
2.1 Cohort overview

2.1.1 The developing Human Connectome Project (dHCP)
The studies in Chapters 3 and 4 were based on an existing dataset from a sample of neonates
participating in the developing Human Connectome Project (dHCP,

http://www.developingconnectome.org/). The cohort was recruited in Greater London, UK, and

written informed consent was obtained from parents. The principal inclusion criteria of the neonatal
dHCP were infants born between 23 — 44 weeks gestational age (GA), estimated from the mothers last
menstrual period and where possible confirmed by early ultrasound scanning. Participants were
excluded if they had any contraindication to MRI, such as metallic implants, or if language difficulties
prevented proper communication about the trial and consent process

(http://www.developingconnectome.org/study-inclusion-and-exclusion-criteria/). The subjects were

born between the years 2015 to 2020 and were scanned in the neonatal period. A total of 782 infants

were included in the dHCP project at the time of this thesis (367 male, 415 female).

MRI data were acquired on a Philips 3T (Philips Medical Systems) magnetic resonance system using a
32-channel receive coil. Imaging was performed in the neonatal period for each of the 782 infants.
Fetal scans as well as follow-up neurodevelopmental assessment between 17 and 24 months was
acquired, but for the purposes of this thesis only the neonatal MRI data and details related to it were

considered.

The index of multiple deprivation (IMD) was calculated from postcode at birth for all infants in the

ePrime cohort using an online tool (https://tools.npeu.ox.ac.uk/imd/). This tool uses socioeconomic

data from the 2010 census, which matches the time period in which the subjects in the ePrime cohort
were born. A different tool was used to calculate IMD for the dHCP cohort, as it was updated and uses

data from 2019 (https://www.fscbiodiversity.uk/imd/) which more closely matches the period in

which the subjects in the dHCP cohort were born. IMD is a composite measure of socioeconomic status

in England, and it encompasses factors such as income, employment, education, health, and crime,
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and will be expressed in quintiles throughout this thesis

(https://opendatacommunities.org/data/societal-wellbeing/imd/indices).

2.1.2 The evaluation of Preterm Imaging Study (ePrime)

The study in Chapter 5 was based on an existing dataset from the Evaluation of Preterm Imaging Study
(ePrime; European Clinical Trials Database: EudraCT 2009-011602-42; NCT01049594) (Edwards et al.,
2018). The cohort was recruited from neonatal units in 14 hospitals within the North and Southwest
London Perinatal Network in Greater London, UK. Participants were recruited at birth in 2010 — 2013
and were included in the ePrime cohort if born before 33 weeks GA, their mother was over 16 years
old and not a hospital inpatient. Subjects were excluded if they had major congenital malformation,
had prior MRI taken, care in a centre where preterm MRI was routine, metallic implants, parents
unable to speak English, or were subject to child protection proceedings. Written informed consent
was obtained from the participant’s carers. A total of 511 infants took part in the study, and 510

subjects remained after one withdrawal (253 male, 247 female).

MRI data from each infant was acquired on a Philips 3T (Philips Medical Systems) magnetic resonance
system using an 8-channel phased array head coil. Imaging was performed at term-equivalent age (38
— 44 weeks GA) for 507 subjects. Clinical characteristics of the baby, such as birthweight, GA at birth,
time spent on ventilation, and time spent on total parenteral nutrition were also collected. The
subject’s parents were also asked to complete several questionnaires. For the purposes of this thesis

only the MRI data and details related to it were considered.

2.2 Imaging

2.2.1 Developing Human Connectome Project MRI protocol

All infants were scanned in the neonatal period during natural sleep without sedation following
feeding and swaddling using a dedicated protocol (Hughes et al., 2017), including a bespoke transport
system, positioning device and a customized 32-channel receive coil with a custom-made acoustic
hood. The bespoke imaging system allowed subjects to be placed in a standardised pose which fixed
the imaging geometry for each subject, and the position could only be altered in head-foot direction
before the examination. The field of view was sufficient to include 95% of late-term neonates,
informed by a biometric analysis of data from 91 term-born infants (Hughes et al., 2017). All scans
were supervised by a neonatal nurse and/or paediatrician who monitored heart rate, oxygen

saturation and temperature throughout the scan.

T2-weighted, T1-weighted, and diffusion-weighted MR images were acquired using the dHCP protocol

optimised for neonatal imaging (Edwards et al., 2022). T2-weighted images were obtained using a
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turbo spin echo (TSE) sequence, acquired in two stacks of 2D slices (in sagittal and axial planes), using
parameters: TR =12000 ms, TE = 156 ms, with SENSE factor 2.11 (axial) and 2.58 (sagittal) with

overlapping slices (resolution 0.8 x 0.8 x 1.6 mm).

High angular resolution diffusion MRI was acquired using parameters TR = 3800 ms, TE = 90 ms, SENSE
factor = 1.2, multiband factor = 4, resolution 1.5 x 1.5 x 3.0 mm with 1.5 mm slice overlap. Diffusion
gradient encoding included images collected on four different shells at b =0s/mm? (20 repeats),
b = 400 s/mm? (64 directions), b = 1000 s/mm? (88 directions), b = 2600 s/mm? (128 directions), and
images were reconstructed to a final resolution of 1.5 x 1.5 x 1.5 mm? (Hutter et al., 2018). All images

were reviewed by a perinatal neuroradiologist.

Image processing

Structural MRI data were processed using the dHCP structural pipeline. Motion-correction and slice-
to-volume image reconstruction were carried out retrospectively using a dedicated algorithm to
obtain 0.8 mm? isotropic T2-weighted images (Cordero-Grande et al., 2018, Kuklisova-Murgasova et
al.,, 2012). In order to register the images, labelled atlases developed by Gousias et al (2012) were
registered to each subject in a multi-channel approach, using the original intensity T2-weighted
images and GM probability maps (Makropoulos et al., 2018). The GM probability maps are developed
using an initial tissue segmentation developed with the aid of a preterm probabilistic tissue atlas that
is registered to each subject (Serag et al., 2012). Since preterm subjects typically have higher CSF
volume compared with term-born subjects, the CSF intensities were eroded to perform registration
and initial tissue segmentation. The GM probability maps are then registered together with the

intensity T2-weighted images in a multi-channel registration of the labelled atlases.

The segmentation process uses multiple labelled atlases which are registered to the target image
(Makropoulos et al., 2018, Makropoulos et al., 2016, Makropoulos et al., 2014). These are used as a
spatial prior along with an intensity model of the image in an Expectation-Maximization algorithm.
This resulted in the following tissue types; WM, cortical GM, ventricles, extracerebral CSF, cerebellum,

hippocampus & amygdala, deep GM, and brainstem.

Diffusion MRI data were pre-processed according to the dHCP’s diffusion MRI pre-processing pipeline
(Bastiani et al., 2019). This includes corrections for motion and distortion (Andersson and
Sotiropoulos, 2016). Fibre orientations were modelled (up to three per voxel) with FSL’s bedpost
(FMRIB Software Library), using a model-based deconvolution against a zeppelin response kernel, to
accommodate for the low anisotropy inherent in data from this age group (Hernandez et al., 2013,

Bastiani et al., 2019, Sotiropoulos et al., 2016).
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Standardised tractography protocols were used to map WM tracts in each subject. The protocols
consist of a set of masks defined in template space that provide rules for the propagation and
retention of streamlines. Streamlines are propagated from a seed mask and are included in the tract
if they pass through the target mask. Exclusion and stop masks are used to remove and terminate
streamlines, respectively. The protocols had been defined for neonatal tractography by Bastiani et al.
(2019), manually redrawn in a different 40 post-menstrual week template space (Schuh et al., 2018).
This template was used as it has been shown to preserve cortical details better than other atlases that

are available for this age group (Schuh et al., 2018).

To run tractography, the protocol masks were transformed from template space to the subject’s
native space, using a non-linear warp field (Avants et al.,, 2011). Probabilistic tractography was
performed in native space, using FSL’s probtrackx (Behrens et al., 2007), and the results directly
resampled to standard space. The resultant spatial maps were used to generate population atlases for
each tract. Normalised path density distributions were thresholded at 0.1% for each subject, and
binarised. These binary masks were averaged across subjects to generate the population averages,

which describe the proportion of subjects for which a given tract is present at a given voxel.

Microstructural metrics were derived from both the DT model and the NODDI model. FSL’s dtifit tool
was used to fit the DT model on the b=1000 s/mm? shell. FA and MD were calculated from the DT in
each voxel. The NODDI model was also fit to the data with a Watson distribution (Zhang et al., 2012),
using the CUDA diffusion imaging toolbox (cuDIMOT) (Hernandez-Fernandez et al., 2019). This
provided estimates of the voxel-wise fibre orientation dispersion, intra-neurite volume fraction and

isotropic compartment volume fraction.

The population atlases described above were registered to the subjects’ native space and binarised
above a threshold of 30% to generate a subject-specific region of interest (ROI) for each tract. These
microstructural measures were summarised for each subject in each of the tracts considered and the

median values of the microstructural measures were recorded within the ROIs.

2.2.2 The evaluation of Preterm Imaging Study (ePrime) MRI protocol

MRI data for each infant was acquired at term-equivalent age on a Philips 3T (Philips Medical Systems)
magnetic resonance system using an 8-channel phased array head coil. 445 infants (87%) were
sedated with oral chloral hydrate before undergoing MRI, and an expert reviewer inspected T2-
weighted images for motion artifacts, and subjects with evidence of motion were excluded (Edwards

et al., 2018).

48



T2-weighted fast-spin echo MRI were acquired with TR = 14.7s, TE = 160 ms, flip angle = 90°, FOV =
220mm, with 1-mm overlapping slices (resolution 0.86 x 0.86 x 2 mm). T1-weighted MRI was acquired
with TR =17 ms, TE = 4.6ms, flip angle = 13°, FOV = 210 mm (resolution 0.82 x 0.82 x 0.8 mm). Single-
shot echo-planar diffusion weighted imaging was acquired in the transverse plane in 32 non-collinear
directions with a single b0 volume with TR = 8s, TE = 49ms, slice thickness = 2mm, FOV = 224mm, b-

value = 750s/mm?, and SENSE = 2 (resolution 1.75 x 1.75 x 2mm).

Image processing
The structural images were registered, and morphometric analysis was performed using FMRIB

Software Library (FSL 5.0.1, www.fmrib.ox.ac.uk/fsl). T2 images were registered to a gestation

appropriate template, which was created by combining cortical GM parcellations from the University
of North Carolina infant brain atlas (Shi et al., 2011) and subcortical GM parcellations from the

Gousias-Makropoulos atlas (Makropoulos et al., 2016, Makropoulos et al., 2014).

The segmentation process followed the same pipeline by Makropoulos et al described in the dHCP
section above (Makropoulos et al., 2018, Makropoulos et al., 2016, Makropoulos et al., 2014). The
resulting images were segmented into the following tissue types: cortical GM, WM, cerebellum,

ventricles, deep GM, brainstem, amygdala, thalamus, and hippocampus.

Diffusion MR images affected by motion were excluded, and images were corrected for eddy current
artefacts using eddy correct (Andersson et al., 2016), and the tensor model was fitted using FSL’s dtifit

(FMRIB; http://fsl.fmrib.ox.ac.uk). Tract-specific analysis (TSA) was employed to obtain diffusion MRI

measures for WM tracts (Pecheva et al., 2017). After registration to a study-specific template (Zhang
et al., 2006), diffusion data were projected onto skeleton models of individual WM tracts using
deterministic tractography for each subject (Mori et al., 1999). Tractography for the whole brain was
obtained from a WM mask with FA threshold of 0.1 (Wakana et al., 2007). The projection used the
maximum FA value along unit normal from the centre of the tract to the boundary in order to account

for residual misalignment and inter-subject correspondence (Smith et al., 2006).

2.3 Air pollution modelling

Prenatal exposure to ambient air pollution for both the ePrime and dHCP cohort was modelled using
the London Air Pollution Toolkit (Beevers et al., 2012). The Air Pollution Toolkit is the result of coupling
the Community Multiscale Air Quality (CMAQ) modelling system (Byun and Ching, 1999) with the
Atmospheric Dispersion Modelling System (ADMS) Roads model (CERC, 2006). In the CMAQ
component of the model, a combination of the European Monitoring and Evaluation Programme
(EMEP), the European pollutant Release and Transfer Register (EPETR), the National Atmospheric

Emissions Inventory (NAEI) (Murrells et al., 2010) and the London Atmospheric Emissions Inventory
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(LAEI) were used to derive anthropogenic and natural emissions. Normalised traffic counts taken from
37 automatic sites in London were used to create hourly emissions for road traffic, and biogenic
emissions were estimated using Coordination of Information on the Environment (CORINE) land cover
data combined with meteorological data from Weather Research and Forecasting (Sanderson, 2002,
Guenther et al., 1995). NO and NO, emissions from road transport and primary exhaust were taken
from the NAEI and the LAEI, respectively. Large industrial plants in Europe and the UK, and gas
combustion from commercial and domestic sources in London, were also fed into the model. The
ADMS component of the model was used to describe dispersion and dilution of emissions away from
roadways using meteorological inputs for each hour of the year, taking into account road geography
such as street canyons and motorways. Chemistry near roads was simulated using a model described

by Carslaw and Beevers (Carslaw and Beevers, 2005).

The toolkit is capable of modelling over one million individual sources of pollution with different
source characteristics in a grid resolution of 20 x 20 metres. Pollution concentrations were modelled
at postcode level, and the value used was dependent on one or several centroids within the postcode.
The location of the centroid depended on the environment of the postcode, whether there are green
spaces within it, it is fully built up, and its surrounding road type. More details on the Air Pollution
Toolkit and its quality assurance and quality control can be found at:

https://www.healtheffects.org/system/files/Kelly-LEZ-AppendixB.pdf (Kelly et al., 2011).

Maternal residence was used as the subjects’ location for the entire duration of pregnancy. Air
pollution exposure was modelled at postcode level. Postcode units in the UK are very small, covering
15 households on average, and there are over 150000 postcode units in Greater London. The period
between estimated date of conception and date of birth was used to obtain an average exposure over
the gestational period. Trimesters were separated into time periods of 13 weeks and 2 days each (total
of 93 days). Subjects’ exposure to air pollution was modelled based on their GA, i.e., different weeks

of gestation were modelled independently so as not to introduce exposure misclassification.

The modelled pollutants were PM,s, PMio, and NO,. These pollutants were chosen as prenatal
exposure to them has been implicated in various studies as affecting neurodevelopmental
performance in infancy and childhood as assessed by cognitive performance tests (Rivas et al., 2019,
Sentis et al., 2017b, Kim et al., 2014). Further, studies using animal models have related prenatal
exposure to TRAP and UFP to changes in myelination and brain morphology, including increased
inflammation, in the neonatal and postnatal brain (Klocke et al., 2018a, Klocke et al., 2018b, Bolton et
al., 2017). NO; best represents air pollution exposure heterogeneity from traffic sources. PM,s and

coarse PM were also related to thinner cortices in a previous study (Guxens et al., 2018). Coarse PM
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was notincluded in the analysis due to its high uncertainty which is the result of subtracting two values
with inherent uncertainty, resulting in a small value with high uncertainty ranges. O; and NOx were
not included in the analysis due to lack of evidence associating these pollutants with
neurodevelopment, brain morphology, or WM microstructure in the neonatal period. Further
evidence relating prenatal air pollution exposure to impacts on the brain emerged after the pollutants

were selected, and this evidence was described in detail in Section 1.3.

Temporal adjustment was applied to annual mean model estimates using aggregated measurements

from the London Air Quality Network (www.londonair.org.uk) using the method described in Walton

et al (Walton et al., 2016). Annual averages were transformed to acute exposure estimates by scaling
annual mean concentrations with a factor for each pollutant for periods prior to imaging. This factor
is determined by the ratio between concentrations measured by local monitoring sites in the prior

period and the annual mean of concentrations measured at those sites.

The model was run separately for each cohort, with each subjects’ exposure to air pollution based on
their GA at birth. For each week of GA one model run was performed per cohort. For example, if a
subject was born at 38 weeks + 5 days gestation, this was rounded up to 39 weeks and the subject
was included in a model run for 39 weeks. Air pollution concentrations for each trimester were
modelled separately in one model run for the entire cohort, as trimester time periods are uniform
between subjects. The model output was one average value over the time period for each pollutant
per subject. A number of subjects lived outside of Greater London and were therefore outside of the
geographical range of the model. These subjects were excluded from the analysis as no pollution data

were available.

2.4 Data processing and analysis

All data were visualised to observe general distributions and ensure values are sensible. Missing MR
data and modelling data could not be imputed, and subjects missing these data were removed. Air
pollution exposures were generally log-normally distributed; hence the descriptive statistics are
primarily given as median and range. All statistical tests and analysis were performed using R (Multiple
versions, https://www.r-project.org/). Several of the volumetric and diffusion data in both cohorts
were non-normally distributed, as assessed by the Shapiro-Wilk test (Shapiro and Wilk, 1965),
therefore the descriptive statistics here were also primarily given as median and range. The Benjamini-
Hochberg method was used to correct for multiple comparisons. Results with Benjamini-Hochberg
corrected p-values (referred to as g-values throughout the thesis) at a threshold of g < 0.05 were
considered to be significant. Linear regressions were performed to assess the relationships between

exposure to air pollution and different MRI metrics, and an example of a linear regression script is
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included at:

https://github.com/brendanbos/Thesis Code/blob/master/Simple Linear Regression Script.R. All

regressions were performed as single pollutant linear regressions, due to strong correlation between
pollutants, as assessed by Spearman’s rank correlation coefficient. WM microstructure metrics in the
left and right hemisphere were assessed separately, due to evidence of differential impacts of prenatal

exposure to air pollution on the left and right hemisphere in childhood (Lubczynrska et al., 2020).

CCA was performed in order to include multiple strongly correlated and colinear pollution and MRI

variables (using the CCA package in R (https://cran.r-project.org/web/packages/CCA/CCA.pdf, version

1.2.1, (Gonzélez et al., 2008)). CCA is a method of correlating linear relationships between two sets of
variables first developed by Hotelling in 1936 (Hotelling, 1936). The technique tries to solve the
problem of finding basis vectors for two sets of variables in a way that maximises the correlation
between the projections of the variables onto the basis vectors (Hardoon et al., 2003). Any analysis of
correlation is dependent on the coordinate system in which the variables are placed, as even very
strongly correlated sets of multidimensional variables described in different coordinate systems might
not result in finding this correlation. CCA creates linear transformations of each set of variables to pair
the sets of variables and maximise the correlation between the corresponding coordinates (Zhuang et
al., 2020). Due to non-normality of parts of the air pollution and structural and diffusion MRI data,
spearman’s rank correlation coefficient was used to estimate canonical correlations between
corresponding pairs of sets of variables. The canonical correlations between corresponding pairs
indicate how the strength of the direction of the variation of dependent variables (in this case the
clinical variables) and the independent variables (in this case air pollution concentrations) are related
(Yu et al., 2019). Each set of canonical variates contribute to a mode of the CCA. Since the CCA model
has no noise component, measures to remove confounding were applied as a step prior to the CCA. A
regression model was created which assessed the variation in the data explained by the confounders,
and the resulting residuals were used in the CCA with potential confounding information removed
(Wang et al., 2020). For each mode, a permutation testing procedure to test the significance of the
corresponding canonical correlation was used as a validation step (Nichols and Holmes, 2002, Smith
et al.,, 2015). The rows of both inputs (brain variable and pollution variables) were permuted 1000
times, and the CCA was re-run and canonical correlations re-computed after each permutation. This
formed a null distribution of canonical correlations which could then be compared to observed
canonical correlations. A mode of the resulting CCA was only considered significant if the Spearman’s
r was greater than the 95" percentile of random permutation tests. After finding a significant mode,
the correlation of the original variables to the CCA mode was assessed. This was done by correlating

the multivariate transformation of the MRI variables (volumes or tract metrics) with the original
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univariate MRI variables, and by correlating the multivariate transformation of the air pollution
variables with the original univariate air pollution variables, allowing an assessment of the
contribution of the air pollution and MRI variables to a given mode. To summarise, CCA is a
multivariate statistical method that detects and quantifies associations between two sets of variables
by looking for a weighted linear composite for each variate (sets of dependent and independent
variables) to maximize the overlap in their distributions (Krzanowski, 1988, Hardle and Simar, 2015).
Each pair of canonical variates that jointly share variance in both variable sets is known as a mode.
CCA is applicable in instances where linear regression is used, whilst simultaneously addressing multi-
collinearity. An example of a full analysis done using CCA in my thesis can be found at:

https://github.com/brendanbos/Thesis Code/blob/master/CCA Example Script.R.

In secondary analyses, seasons were defined as meteorological seasons, starting on the first day of
December, March, June, and September, for winter, spring, summer, and autumn, respectively.
Volumetric data in both the ePrime and dHCP cohorts were adjusted for available metrics of head size
(TBV and ICV, respectively), and relative volumes were used in the analysis. This adjustment was done
as neonatal head size (and consequently brain volume) can differ significantly between subjects.

Subjects with evidence of major lesions were excluded from both cohorts.

Maps of the residential distribution of the subjects in both the ePrime and dHCP cohorts in Greater
London were created using shapefiles of the lower super output areas (LSOA) obtained from the

London datastore (https://data.london.gov.uk/). The subjects’ distribution was not shown at postcode

level to maintain anonymity.
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CHAPTER 3 - IMPACTS OF PRENATAL EXPOSURE TO AIR POLLUTION
ON WHITE MATTER MICROSTRUCTURE IN THE HEALTHY NEONATAL
BRAIN

3.1 Introduction

The foetal brain undergoes rapid development during pregnancy. In the second and third trimester,
WM pathways develop and form the basis of structural connectivity in the brain which underlie
cognitive, behavioural, and motor abilities (Johnson, 2001). Abnormal WM development has been
linked to several pathologies, including autism spectrum disorder, attention deficit hyperactivity
disorder, and other neurodevelopmental disorders (Ameis et al., 2016, Dean et al., 2016, Fitzsimmons

et al., 2013).

Diffusion MRI is used frequently to assess tissue microstructure in the neonatal brain and enables
measures such as MD and FA to be determined (Basser et al., 1994). While these measures are
sensitive to microstructural changes during development, they lack specificity (Beaulieu, 2009).
Neurite orientation dispersion and density imaging (NODDI) is a biophysical model that provides
guantitative measures that correlate to tissue microstructure with greater specificity (Zhang et al.,
2012). For instance, NDI estimates correlate more strongly with both optical myelin staining intensity
and stereological estimation of neurite density than traditional DTl markers (Jespersen et al., 2010).
Further, NODDI is able to represent orientation dispersion more clearly than the DT model (Schilling

et al., 2018, Grussu et al., 2017).

DTI metrics exhibit specific changes through the late second and the third trimester, which can be
linked to underlying developmental processes. Diffusivities decrease rapidly with GA across the WM,
with regional differences of the rate and mean (Pieterman et al., 2015, Partridge et al., 2004).
Conversely, FA increases across the WM, and these processes are reflective of the development of the
myelin sheath, which imposes tortuosity on the water motion. Axial diffusivity generally decreases
more slowly than radial diffusivity, which is further driven by the restrictions to water motion that
occur due to the development of the myelin sheath (Beaulieu, 2002). Another factor is the decreasing

amount of total water present as myelinogenesis advances.

Fiso was found to be increased in adult cohorts with autism spectrum disorder (ASD) and multiple
sclerosis (Andica et al., 2021, Johnson et al., 2021), and no difference was found between neonates
with congenital heart disease compared with healthy controls (Karmacharya et al., 2018) (both NODDI
and DTl are described in more detail in Sections 1.2.5 and 1.2.6). NODDI has not previously been used

to assess the impacts of prenatal air pollution exposure on WM microstructure.
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Prenatal exposure to air pollution has been shown to affect WM microstructure in children and
preadolescents. Two previous studies have examined the impact of prenatal exposure to air pollution
on WM microstructure in school age children using MRI, as outlined in detail in Section 1.3.2, and
results have shown adverse findings. Briefly, Lubczynska et al found that in their single pollutant model
higher exposures to several air pollutants during pregnancy were associated with lower global FA and
higher global MD (n = 2954) (Lubczynska et al., 2020). The multipollutant model showed mixed
findings of prenatal exposure to PM,.s and PAH on global FA, with a negative and positive association,
respectively. No associations were found between pollutants and FA in any single WM tract. The latest
study was conducted by Peterson et al (2022). In this study prenatal exposure to PM,s and PAH were
associated with higher FA values in the basal ganglia, thalamus, and the anterior cingulate gyrus (n =
332). These results were sex-specific, with PM,s associations being stronger in males and PAH
associations stronger in females. Prenatal exposure to PM;s and PAH was also related to lower and

higher average diffusivity coefficient in several brain regions.

In this chapter | aimed to examine the relationship between in utero exposure to air pollutants and
neonatal brain development using diffusion MRI data acquired shortly after birth in a healthy, term-
born, cohort. | hypothesised that prenatal exposure to air pollution is associated with altered neonatal
WM microstructure in term-born neonates. | assessed the relationship between NO3, PM,s, and PMyg
exposure during gestation and WM microstructure employing DTl measures, MD, and FA, and NODDI
measures, ODI, Fis,, and NDI, in a large cohort of healthy term-born neonates. | hypothesised that
prenatal exposure to NO,, PMys, and PMio would disrupt WM microstructural development, and

therefore be related to a decrease in ODI, NDI and FA, and an increase in MD and Fis.

3.2. Methods

3.2.1 Subjects
This study is based on a sample of neonates participating in the Developing Human Connectome

Project (dHCP, http://www.developingconnectome.org/), described in detail in Section 2.1.1. The

dHCP is a London, UK, based cohort of neonatal MRI scans taken in the days following delivery.
Research Ethics Committee approval was granted for this project (14/L0/1169) and written informed
consent was obtained from parents. 490 infants were included in the dHCP project at the time of this
study. Infants were excluded if their GA was <37 weeks (n = 82), their post-menstrual age at scan >44
weeks (n = 0), or there was evidence of major focal lesions on MRI (n = 12). In cases of multiple
pregnancies (n = 5), only one infant of the twin pair was included. Subjects with smoking parents were
excluded (n = 1). In addition, 141 infants were excluded as the mother’s residential address was

outside of the air pollution model domain. The final sample consisted of 249 infants. IMD at postcode
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resolution was used to describe socioeconomic status for all subjects. The processing of diffusion MRI
data took place earlier than for the structural data, which is why fewer subject data are available in

this study.

3.2.2 MRI acquisition
Diffusion MRI acquisition of the dHCP cohort is described in detail in the methodology chapter in

Section 2.2.1.

3.2.3 Image processing

Processing of the diffusion MRI data of the dHCP cohort is described in detail in the methodology
chapter in Section 2.2.1. Image processing resulted in two DTl and three NODDI metrics of WM
microstructure for each tract assessed per subject, namely MD and FA, and NDI, ODI, and Fio,

respectively (Bastiani et al., 2019).

The following tracts were delineated: anterior commissure, arcuate fasciculus, acoustic radiation,
anterior thalamic radiations, dorsal cingulum, peri-genual cingulum tract, temporal cingulum,
corticospinal tract, arcuate fasciculus, forceps major, forceps minor, fornix, inferior fronto-occipital
fasciculus, inferior longitudinal fasciculus, middle cerebellar peduncle, middle longitudinal fasciculus,
optic radiation, superior longitudinal fasciculi (1,2,3), superior thalamic radiation, uncinate fasciculus,

and the vertical occipital fasciculus (Warrington et al., 2020, Bastiani et al., 2019).

3.2.4 Air pollution modelling
Air pollution was modelled as described in detail in the methodology chapter in Section 2.3. Air
pollution modelling resulted in three estimates of air pollution exposure per subject, one value for

PM,.s, PM1o, and NO; each.

3.2.5 Statistical analysis

A correlogram between pollutants within each exposure window was calculated using Spearman’s R.
The relationship between prenatal pollution exposure and WM microstructure metrics, ODIl and NDI,
was first explored using single pollutant linear regression analysis, adjusting for postmenstrual age
(PMA) at scan, GA at birth, sex, and IMD. Results were FDR corrected using Benjamini-Hochberg false

discovery rate method (Benjamini and Hochberg, 1995).

To account for potential confounding factors relevant to neonatal diffusion MRI, ODI and NDI were
adjusted for PMA at scan, GA at birth, and sex. Further, to account for socioeconomic status, the
residuals of pollutant variables were determined and adjusted for IMD as it has been shown to be
correlated with pollution exposure (Hajat et al., 2015). For each CCA mode, | used a permutation

testing procedure to test the significance of the corresponding canonical correlation as a validation
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step. To perform this, the rows of both inputs (brain variable and pollution variables) were permuted
1000 times, CCA was re-run and canonical correlations re-computed after each permutation. A mode
of the resulting CCA was only considered significant if the Spearman’s r was greater than the 95
percentile of random permutation tests (Yu et al., 2019). Since none of the modes passed the 95

percentile of random permutation tests, no further analysis steps were taken.

A secondary analysis was performed to examine the impact of trimester specific exposures on
neonatal WM microstructure. All metrics of WM microstructure were adjusted for ICV, PMA at scan,
GA at birth, sex, and IMD in a single pollutant linear regression analysis. Further, trimester specific air
pollution exposure estimates were adjusted for seasonality due to the disproportionate effect of
seasonality on shorter exposure periods. A CCA was then performed for each trimester as outlined
above. Sex-specific associations were not investigated in a CCA, as separated into male and female,
the number of subjects was lower than the number of variables. An interaction term between sex and
pollutant was introduced into the linear regression analysis in order to assess the differential impact

of pollution exposure on different sexes.

3.3. Results

3.3.1 Subjects

The subject group comprised 249 infants (112 male) born at a median (range) GA of 40.14 (37.14-
42.14) weeks and imaged at 40.86 (37.43 — 44.43) weeks PMA (Table 1). The median IMD for the study
group was 4 (1-5). Male subjects age at birth and age at scan did not differ significantly from female
subjects (Shapiro-wilk, p > 0.05) and were scanned at a median age of 41.14 weeks, whereas female
subjects were scanned at a median date of 40.71 weeks (Table 3.1). Subjects’ residential distribution
in greater London is shown in Figure 3.1. This map shows the subject distribution per Lower Super
Output Area (LSOA), not per postcode, to preserve anonymity. Subjects were concentrated around
the Boroughs of Southwark and Lambeth, close to St. Thomas’ Hospital where the imaging was

performed, and very few subjects resided in north and west London.

Table 3.1: Distribution of age at MRI, age at birth, sex, and index of multiple deprivation of the dHCP

subjects.
Male Female Total
Subjects (n, %) 112 (45%) 137 (55%) 249
Age at MRI, weeks 41.14 (37.43-44.43)  40.71(37.71-44.14)  40.86 (37.43 — 44.43)

(median, range)
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Age at birth, weeks 40.29 (37.29-42.14)  40(37.14-42) 40.14 (37.14 - 42.14)
(median, range)
IMD quintile (median, 4 (1-15) 4(1-5) 4(1-5)

range)
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Figure 3.1: Residential subject distribution of the developing human connectome project (dHCP) per
lower super output area (LSOA) in Greater London. The subjects were scanned at St. Thomas’ Hospital

in central London, which is indicated on the map.

3.3.2 Air pollution exposure

Descriptive statistics of subjects’ pollution exposure are detailed below (Table 2). NO, PM, s, and PMy
were non-normally distributed, summary statistics are therefore presented as median and range.
Modelled median PM;o exposure was 24.0 pug/m? over the entire gestational period, PM, s exposure
was 13.6 pg/m3, and NO, was 41.8 pug/m3. The range of exposures varied by pollutant, with a range of

20.8 — 32.2 pg/m?3 for PMyo, 10.8 — 19.1 pug/m? for PM,s, and 28.0 — 68.5 ug/m? for NO,. Trimester
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specific median exposures were very similar to exposure over the entire gestational period, however,

the range of values tended to be greater.

Table 3.2: Descriptive statistics of modelled pollution exposure for each trimester and the whole

pregnancy in ug/m? for the subjects from the developing human connectome project (dHCP).

PMio, pg/m? (median, range)
1st trimester of pregnancy
2nd trimester of pregnancy
3rd trimester of pregnancy

Whole pregnancy

PM_;s, ug/m? (median, range)
1st trimester of pregnancy
2nd trimester of pregnancy
3rd trimester of pregnancy

Whole pregnancy

NO,, ug/m? (median, range)
1st trimester of pregnancy

2nd trimester of pregnancy
3rd trimester of pregnancy

Whole pregnancy

23.0 (16.6 — 36.0)
23.3 (15.3-32.0)
23.2(17.5-35.4)

24.0(20.8-32.2)

13.7 (9.4 - 23.3)
13.2 (8.8 - 21.3)
13.4 (9.7 — 22.5)

13.6 (10.8 - 19.1)

40.3(23.8-61.2)
40.2 (19.3 - 57.5)
39.2 (26.9 - 63.6)

41.8 (28.0 - 68.5)

A correlogram of correlation between pollutants for the entire gestational period and for each

trimester is shown below (Figure 3.2). Correlations were high (r between 0.62 and 0.94) between all
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pollutants, and correlations between PM,s and PMio were higher than between PM;s or PMyg and
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Figure 3.2: Correlogram of modelled pollution exposure for each trimester and the whole pregnancy in
ug/m? for the subjects from the developing human connectome project (dHCP). (A) pollutant
correlation over the entire gestational period; (B) pollutant correlation over the first trimester; (C)

pollutant correlation over the second trimester; (D) pollutant correlation over the third trimester.

3.3.3 White matter microstructure
The specific WM tracts that were analysed can be found in Table 3.3. Descriptive statistics of subjects’
WM microstructure metrics are detailed in the GitHub repository

https://github.com/brendanbos/Thesis Code/blob/master/Descriptive _data dHCP WM microstruc

ture.docx (Table G4, File = Descriptive_data_dHCP_WM_microstructure.docx). An image of the
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tractography results averaged over 80 dHCP subjects at 38-, 40-, 42-, and 44-weeks PMA can be found
in the appendix (Figure Al).

Table 3.3: The list of analysed WM tracts, their tract type and bilaterality.

Type Name Bilaterality
Projection fibres Corticospinal tract (cst) Y

Acoustic radiation (ar) Y

Anterior thalamic radiation Y

(atr)

Superior thalamic radiation Y

(str)

Optic radiation (or) Y
Association fibres Superior longitudinal fasciculus | Y

(slf1, 2, and 3)

Inferior longitudinal fasciculus | Y
(ilf)

Inferior fronto-occipital Y

fasciculus (ifo)

Uncinate fasciculus (unc) Y
Arcuate fasciculus (af) Y
Frontal aslant tract (fa) Y
Uncinate fasciculus (uf) Y
Vertical occipital fasciculus Y
(vof)
Commissural fibres Forceps minor (fmi) N
Forceps major (fma) N
Middle cerebellar peduncle N
(mcp)
Anterior commissure (ac) N
Limbic system fibres Fornix (fx) Y
Cingulum subsection: Dorsal Y
(cbd)
Cingulum subsection: Peri- Y

genual (cbp)
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Cingulum subsection: Y

Temporal (cbt)

3.3.4 Single pollutant linear regression results

Table Al shows the results of the single pollutant linear regression model assessing the relationship
between pollution exposure over the entire gestational period and WM microstructure metrics. Air
pollutants were statistically significantly related to WM microstructure metrics prior to FDR correction
in several instances (38 WM microstructure metrics related to at least one air pollutant, Table 3.4). All
three pollutants, NO,, PMss, and PMyo, were significantly related to the orientation dispersion index
in the anterior commissure, the right anterior thalamic radiation, the right dorsal cingulum, and the
right fornix (p < 0.05). However, none of the associations survived FDR correction (g > 0.05). This was
also the case when examining exposure per trimester (Table G1, G2, and G3, q > 0.05,

https://github.com/brendanbos/Thesis Code/blob/master/dHCP dMRI Trimester results SLR.docx

). Adding an interaction term between sex and pollutant into the linear regression analysis did not

alter the statistical significance of the results.

Table 3.4: Significant single linear regression results prior to false-discovery correction between
pollution exposure over the entire gestational period and diffusion MRl measures in all tracts,
adjusted for sex, IMD, PMA at scan, and GA at birth.Beta = effect size; Cl = Confidence interval (95%);
g-value = p-value after FDR correction. WM microstructure metrics are coded as follows: First the
type of metric, followed by the tract, and | = left, or r = right hemisphere, respectively. FA = fractional
anisotropy; fintra = neurite density index (NDI); fiso = isometric volume fraction; MD = mean
diffusivity; OD = orientation dispersion index (ODI). Tract abbreviations: ac = anterior commissure; af
= arcuate fasciculus; ar = acoustic radiation; atr = anterior thalamic radiations; cbd = dorsal
cingulum; cbp = peri-genual cingulum tract; cbt = temporal cingulum; cst = corticospinal tract; fa =
arcuate fasciculus; fma = forceps major; fmi = forceps minor; fx = fornix; ifo = inferior fronto-occipital
fasciculus; ilf = inferior longitudinal fasciculus; mcp = middle cerebellar peduncle; mdlf = middle
longitudinal fasciculus; or = optic radiation; slf(1,2,3) = superior longitudinal fasciculi; str = superior

thalamic radiation; uf = uncinate fasciculus; vof = vertical occipital fasciculus.

WM Pollutant | beta Std. error | Lower Cl | Upper Cl p-value | g-value
microstructure . (in103) . .
(in 103) (in 103) (in 103)
metric
FA_af r PMys -1.313 0.549 -2.394 -0.232 0.017 0.65
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FA_af r PMio -1.068 0.511 -2.074 -0.061 | 0.038 0.65
FA_atr_| PMys -1.354 0.618 -2.571 -0.138 | 0.029 0.65
FA_atr_| PMio -1.261 0.574 -2.391 -0.131| 0.029 0.65
FA_atr_r PMys -1.43 0.609 -2.63 -023| 0.02 0.65
FA_cbt_r PMys -1.11 0.447 -1.99 -0.23| 0.014 0.65
FA_cst_r PMys -1.527 0.764 -3.031 -0.022 | 0.047 0.65
FA_ifo_| PMys -1.327 0.668 -2.642 -0.011 | 0.048 0.65
FA_slf2_r PMys -1.376 0.575 -2.508 -0.244 | 0.017 0.65
FA_sIf3_r PMys -1.011 0.503 -2.002 -0.019 | 0.046 0.65
FA_uf_| PM2s -1.314 0.6 -2.496 -0.132| 0.03 0.65
FA_uf r PM,s -1.255 0.552 -2.342 -0.169 | 0.024 0.65
fintra_ac PM,s -1.398 0.597 -2.575 0222 o0.02 0.65
fintra_atr_r PM,s -1.978 0.726 -3.407 -0.549 | 0.007 0.65
fintra_atr_r PMio -1.429 0.678 -2.764 -0.093 | 0.036 0.65
fintra_fx_| NO, -0.466 0.221 -0.902 -0.03| 0.036 0.65
fintra_vof | NO, 0.416 0.187 0.047 0.785 | 0.027 0.65
fiso_mdIf_| PMio 0.779 0.368 0.054 1.503 | 0.035 0.65
fiso_mdIf_| NO, 0.29 0.122 0.05 0.531| 0.018 0.65
MD_ac PM2s 0.002 0.001 0 0.004 | 0.032 0.65
OD_ac PM,s -1.534 0.631 -2.777 -0.291 | 0.016 0.65
OD_ac PMio -1.452 0.586 -2.606 -0.298 | 0.014 0.65
OD_ac NO, -0.385 0.196 -0.771 0.001 | 0.049 0.65
OD_atr_| PM,s -1.864 0.768 -3.376 -0.352 | 0.016 0.65
OD_atr_r PM,s -2.63 0.804 -4.214 -1.047 | 0.001 0.65
OD_atr_r PM1o -1.97 0.753 -3.452 -0.487 | 0.009 0.65
OD_atr_r NO, -0.535 0.251 -1.03 -0.04 | 0.034 0.65
OD_cbd_r PM,s -1.972 0.813 -3.574 -0.371| 0.016 0.65
OD_cbd_r PMio -2.003 0.754 -3.488 -0.519 | 0.008 0.65
OD_cbd._r NO, -0.585 0.251 -1.079 -0.09 | 0.021 0.65
OD_cbp_r PM,s -3.459 1.381 -6.178 -0.739 | 0.013 0.65
OD_cbp._r PMio -3.226 1.282 -5.752 0.7 | 0.013 0.65
OD_fmi PM,s -2.247 0.978 -4.172 0321 | 0.022 0.65
OD_fx_r PM2s -2.045 0.682 -3.387 -0.702 | 0.003 0.65
OD_fx_r PMio -1.617 0.636 -2.871 -0.364 | 0.012 0.65
OD_fx_r NO, -0.462 0.212 -0.88 -0.044 | 0.031 0.65
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OD_uf_r PMas -1.804 0.822 -3.422 -0.185 0.029

0.65

OD_vof _| PM,s 2.44 1.067 0.339 4541 | 0.023

0.65

3.3.5 CCA of exposure to air pollution and WM microstructure metrics

The CCA examining the relationship between exposure to air pollution over the entire gestational
period and WM microstructure metrics identified three modes. None of the modes exceeded the 95th
percentile of random permutations (Figure 3.3A), which was the threshold of significance, and no
further analysis steps were performed. The CCA of exposure to air pollution over the first, second, and
third trimesters and relative brain volumes also identified three modes, and none of these exceeded
the 95th percentile of random permutations (Figure 3.3B, 3.3C, and 3.3D). Mode 1 in the analysis over
the entire gestational period had an observed correlation of r = 0.96, whereas the 95th percentile was
r = 0.97. Similarly, mode 1 in the first trimester had an observed correlation of r = 0.96, and the 95
percentile was r = 0.97. In the third trimester the observed correlation was r = 0.95, and the 95%
percentile was r =0.96. The second and third modes displayed similar patterns and did not come close
to the 95" percentile of random permutations, with lower than random correlations. Only in the
second trimester did the second mode display slightly better correlation than the first mode, though

both did not pass permutation testing either.
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Figure 3.3: Observed CCA correlations (y-axis), the median, and the 5th to 95th percentiles of the null

distribution of the permuted CCA correlations estimated via permutation testing across the three CCA
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modes (x-axis). Exposure to PM»s, PM1o, and NO; over the entire gestational period for all subjects and
WM microstructure metrics (A), over the first trimester (B), over the second trimester (C), and over the

third trimester (D).

3.4. Discussion

In this study | assessed the relationship between prenatal exposure to air pollution and WM
microstructure in the neonatal period in a cohort of healthy term born babies using state-of-the-art
diffusion neuroimaging. | assessed WM tracts in regions that have been implicated in previous studies
assessing prenatal pollution exposure in animal models (Klocke et al., 2018a, Klocke et al., 2018b), and
in humans in childhood (Peterson et al., 2022, Lubczynska et al.,, 2020) and found that prenatal
exposure to all three pollutants modelled, NO,, PM,s, and PMo, were not associated with any metrics
of WM microstructure assessed in this chapter. The secondary analyses performed in this study,
examining the relationship of trimester-specific exposures on neonatal WM microstructure also
yielded no significant results after correction for FDR (g > 0.05). No sex-specific associations between

pollutants and neonatal WM microstructure were found.

A few studies have used diffusion MRI to assess the effects of prenatal exposure on brain development
in childhood (more details for these studies can be found in Chapter 1.3). These studies used DTI
metrics to assess WM microstructure, which is sensitive to changes in microstructural tissue structure
but lacks specificity (Basser et al., 1994, Martinez-Heras et al., 2021). Lubczynska et al found that in
their single pollutant model higher exposures to PMis, PM.s, PM,s absorbance, and NOyx during
pregnancy were associated with lower global fractional anisotropy (FA) in children aged 9 — 12 years
old (n=2954) (Lubczynska et al., 2020). Also in their single pollutant model, higher prenatal exposures
to PMio, PMss, PM, s absorbance, NO,, NOy, copper, iron, silicone, UFP, and higher oxidative potential
of PM,s were associated with higher global MD. The multipollutant model showed a significant
association between higher PM,s exposure and lower global FA, and when PAHs and PM,s were
included, they showed positive and negative associations with global FA, respectively. Only prenatal
exposure to silicon was associated with any single WM tract microstructure metrics, namely with
higher MD in the cingulate gyrus part of the cingulum of the left hemisphere, the left superior
longitudinal fasciculus, and the forceps minor. | did not measure or model exposure to silicon as a part
of this study, and none of the pollutants in my study were associated with the cingulum, the left
superior longitudinal fasciculus, and the forceps minor (cbd, sIf_I, and fm in Table 4). No analysis of
the effect of prenatal exposure to air pollution on global FA or MD was conducted. The MD and FA

data in the dHCP dataset were not processed for the purpose of creating a global FA and MD metric,
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and creating a metric of global FA and MD would constitute a data reduction method with consequent

loss of information.

Peterson et al (2022) found that prenatal exposure to PM,s and PAH were associated with higher FA
values in the basal ganglia, anterior cingulate gyrus, and thalamus in children aged 6 — 14 years old (n
= 332). In my study, PM5s was not related to these tracts in the neonatal period. It may be that the
effects only become apparent in childhood. Peterson et al (2022) did not adjust for postnatal
exposure, and postnatal exposure may be responsible for the effect that is being observed. Pujol et al
measured pollution exposure in childhood and undertook diffusion MRI in a sample of 263 children
aged 8 — 12 years (Pujol et al., 2016b), though the final sample of subjects with DTI metrics was 177.
This study assessed the relationship between elemental carbon (EC) and NO, and childhood brain
development in a voxel-wise analysis between individual brain images and pollutant measurements

and found no association with MD and FA in the WM microstructure in childhood.

This is the first study to employ NODDI metrics in assessing the impact of prenatal exposure to air
pollution on neonatal WM microstructure. DTl is limited in its ability to represent complex intravoxel
fibre topologies, and DTl metrics are biologically non-specific (Martinez-Heras et al., 2021). NODDI
assesses neurite density, orientation dispersion, and the isotropic volume fraction within a voxel, and
in this study none of these metrics were related to gestational or trimester-specific air pollution

exposure.

Concentrations of PMas, PM1o, and NO> modelled in this study (Table 3.2) were all above the 2021
World Health Organisation annual air quality guidelines for these pollutants (5 pg/m?3, 15 ug/m?3, and
10 pg/m?, respectively) (World Health Organization, 2021), but they were below the UK standards (20
ug/m?3, 40 ug/m3, and 40 pg/m3, respectively) (DEFRA, 2010). Air pollution concentrations modelled
for my London-based cohort are comparable to those found in other studies examining pregnancy
cohorts in European cities (Guxens et al., 2022). Air pollution exposure levels were significantly lower
than those found in pregnancy cohorts in low to middle income countries (Wylie Blair et al., 2017,
Zhou et al., 2022), and higher than exposures found in pregnancy cohorts in north America (Zhang et
al., 2022, Zhang et al., 2018a). Trimester specific exposures varied more strongly than exposures over
the entire gestational period, largely due to an effect of seasonality on trimesters which did not impact

the longer gestational periods. This seasonality was adjusted for in the analysis.

In my study, the single linear regression analysis over the entire gestation led to 36 tracts being related
to prenatal air pollution exposure. None of these associations survived FDR rate correction and since
the number of dependent variables is high (n = 168) compared with the number of subjects (n = 249),

these findings may just be chance findings (Austin and Steyerberg, 2015). | did not observe any
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significant associations between exposure to air pollution over the entire gestational period and
neonatal WM microstructure in the CCA. Several DTI metrics measured in childhood have previously
been related to prenatal exposure to air pollution, however, | did not replicate these findings in the
neonatal period. The sample size of my study (249 subjects) was relatively small, especially compared
to Lubczynska et al (2021) (n = 2954), which may have had a significant impact on the results of this
study. Power calculations can determine the minimum number of subjects required for adequate
statistical power (Jones et al., 2003). In future work, further processing of dHCP dMRI data can
increase the cohort size which can then be compared to estimated sample size requirements for
adequate statistical power. Impacts of prenatal exposure to air pollution on NODDI metrics ODI, Fis,
and NDI have not been previously assessed, but no significant results were found in this study. Further,
| did not observe any associations between individual trimester exposure and WM microstructure,
additionally, no sex-specific associations between prenatal exposure to air pollution and WM

microstructure were found.

3.5 Conclusion

| found no significant associations between prenatal exposure to NO3, PM,s, and PMjo and DTl and
NODDI metrics of WM microstructure in a healthy term-born cohort. This is the only study to assess
the impact of prenatal exposure to air pollution on neonatal WM microstructure in term born infants
and longitudinal studies with MRI taken at several time points throughout early life are required to

confirm these findings.
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CHAPTER 4 - STRUCTURAL IMPACTS OF PRENATAL EXPOSURE TO
AIR POLLUTION ON THE HEALTHY NEONATAL BRAIN

Parts of this chapter appear in the publication “Prenatal exposure to air pollution is associated with
structural changes in the neonatal brain” (Bos et al.,, 2023) which can be found under

https://doi.org/10.1016/j.envint.2023.107921. In the previous chapter | assessed the impact of

prenatal exposure to air pollution on neonatal WM microstructure in a cohort of healthy, term-born
infants as measured by diffusion MRI, finding no significant effects after correcting for FDR. In this
chapter | will examine the impact of prenatal exposure to air pollution on neonatal brain morphology,
a macrostructural measure of the brain, as assessed by structural MRI, in the same cohort of healthy,

term-born, infants.

4.1 Introduction

Exposure to a wide range of pollutants in childhood has been associated with developmental delay
(Clifford et al., 2016). In addition, maternal exposure during pregnancy may adversely impact brain
development, disrupting neurodevelopment and increasing the risk of cognitive dysfunction
(Jedrychowski et al., 2015, Volk et al., 2021). Healthy neurodevelopment is based on a complex chain
of cellular events which lead to the development of morphological brain features such as the GM,
WM, and CSF. These developmental processes are particularly susceptible to disruption, and
environmental toxicants have been previously implicated (Grandjean and Landrigan, 2014, Horton et
al., 2014). Structural MRI allows quantification of morphological brain features to investigate the

impacts of air pollution exposure on structural brain measures.

A few studies have examined the impact of prenatal exposure to air pollution on brain morphology in
school age children using MRI, as outlined in detail in Section 1.3, and results have shown mostly
adverse findings. Briefly, prenatal exposure to PM;s was associated with thinner cortex in children
aged 6 to 10 years old (Guxens et al., 2018), but not with global brain volumes. Mortamais et al (2019)
found that higher residential concentrations of PM;s in the third trimester were related to smaller CC
in 8 — 12-year-olds prior to FDR correction. Prenatal exposure to PAH was associated with reduced
WM surface area in children aged 7 to 9 years old (Peterson et al., 2015). Further, a study which
considered the effect of prenatal exposures to a wide range of pollutants in children aged 9 to 12 years
old while also adjusting for postnatal exposures detected associations between increased exposure
and larger amygdala, cerebellum, putamen and pallidum volume, smaller CC and hippocampal volume

(Lubczynska et al., 2021). In addition, a recent study associated prenatal exposures to PM,s and PAH
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with smaller WM volumes (Peterson et al., 2022). None of these studies undertook neonatal brain

MRI and it is unclear whether prenatal exposure to air pollution affects neonatal brain morphology.

In this study | aimed to examine the relationship between in utero exposure to ambient air pollutants
and neonatal brain development using structural brain MRI data acquired shortly after birth in a
healthy, term-born, cohort. | hypothesised that prenatal exposure to air pollution is associated with
altered neonatal brain morphology in term-born neonates, with no hypothesis about the directionality
of this effect. Prenatal air pollution exposure could accelerate fetal brain development as an
adaptation to unfavourable circumstances (Amiel-Tison et al., 2004), as well as impair fetal brain
growth due to impacts on e.g. neurogenesis (Woodward et al., 2018), therefore the direction of the
impact was unclear. | assessed the impact of prenatal exposure to three ubiquitous air pollutants,
PMio, PM,s, and NO,, which have previously been linked to altered brain development in older

children.

4.2 Methods
4.2.1 Subjects

This study is based on a sample of neonates participating in the Developing Human Connectome

Project (dHCP, http://www.developingconnectome.org/), described in detail in Section 2.1.1. Infants

were recruited at St. Thomas’ Hospital, London and imaged at the Evelina Newborn Imaging Centre,
Centre for the Developing Brain, King’s College London, United Kingdom. The subjects were born
between the years 2015 to 2020 and were scanned in the neonatal period. 782 infants were included
in the dHCP project at the time of this study. Infants were excluded if their mothers smoked during
pregnancy (n = 16), GA at birth was 37 weeks or less (n = 94), or 44 weeks or more (n = 0), or there
was evidence of major focal lesions on MRI (n = 29). In cases of multiple pregnancies (n = 46), only one
infant of the twin pair was included. In addition, 128 infants were excluded as the mother’s residential
address was outside of the air pollution model domain. The final sample consisted of 469 infants. The

IMD at postcode resolution was used to describe socioeconomic status for all subjects.

4.2.2 MRl acquisition

MRI acquisition of the dHCP cohort is described in detail in Section 2.2.1.

4.2.3 Image processing
MRI processing of the dHCP cohort is described in detail in Section 2.2.1. Image processing resulted in
segmentation into the following tissue types: WM, cortical GM, ventricles, extracerebral CSF,

cerebellum, hippocampus & amygdala, deep grey nuclei, and the brainstem.
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4.2.4 Air pollution modelling

Air pollution was modelled as described in detail in the methodology chapter in Section 2.2.

4.2.5 Statistical Analysis

All volumes were adjusted for ICV to remove the effect of individual differences in head size and will
be referred to as “relative” volumes throughout this chapter. The relationship between prenatal
pollution exposure and brain morphology was first explored using single pollutant linear regression
analysis, adjusting for PMA at scan, GA at birth, sex, and IMD. Results were FDR corrected using

Benjamini-Hochberg FDR method (Benjamini and Hochberg, 1995).

To account for potential confounding factors relevant to neonatal MRI, all brain volumes included in
the analysis were adjusted for PMA at scan, GA at birth, and sex. Further, to account for socioeconomic
status, the residuals of pollutant variables were determined and adjusted for IMD as it has been shown
to be correlated with pollution exposure (Hajat et al., 2015). For each CCA mode, | used a permutation
testing procedure to test the significance of the corresponding canonical correlation as a validation
step. To perform this, the rows of both inputs (brain variable and pollution variables) were permuted
1000 times, CCA was re-run and canonical correlations re-computed after each permutation. A mode
of the resulting CCA was only considered significant if the Spearman’s r was greater than the 95%
percentile of random permutation tests (Yu et al., 2019). Significance of the association between
modes that passed this test was corrected for multiple comparisons using the Benjamini-Hochberg
FDR method (Benjamini and Hochberg, 1995). Finally, the correlation of each original variable to the
CCA mode testing for univariate correlation was assessed between each of the brain measures and

pollutants using Spearman’s r test.

A secondary analysis was performed to examine the impact of trimester specific exposures on
neonatal brain morphology. All volumes were adjusted for ICV, PMA at scan, GA at birth, sex, and IMD
in a single pollutant linear regression analysis. Further, trimester specific air pollution exposure
estimates were adjusted for seasonality due to the disproportionate effect of seasonality on shorter
exposure periods. A CCA was then performed for each trimester as outlined above. | examined sex-
specific associations between prenatal exposure to air pollution and neonatal brain morphology and
investigated the correlations between exposures by trimester using Spearman’s rank correlation. To

this end | separated the subjects into male and female and conducted CCA analysis as outlined above.
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4.3 Results

4.3.1 Subjects

The subjects comprised 469 infants (207 male) born at a median (range) GA of 40.14 (36.14 — 43.57)
weeks and imaged at 41.29 (36.71 — 45.14) weeks PMA (Table 4.1). The median IMD for the study
group was 4 (1 — 5). Male subjects were scanned at a median age of 41.43 weeks, whereas female
subjects were scanned at a median date of 41.07 weeks (Table 4.1). Subjects were concentrated

around the Boroughs of Southwark and Lambeth, close to where the MRI was performed (Figure A2).

Table 4.1: Distribution of age at MRI, age at birth, sex, and index of multiple deprivation of the dHCP

subjects.
Male Female Total
Subjects (n, %) 207 (44.1%) 262 (55.9%) 469
Age at MRI, weeks 41.43 (36.86—45.14)  41.07 (36.71-44.86)  41.29 (36.71 — 45.14)
(median, range)
Age at birth, weeks 40.14 (36.29 -43) 40.14 (36.14 - 43.57) 40.14 (36.14 - 43.57)
(median, range)
IMD quintile (median, 4 (1-15) 4(1-5) 4(1-5)

range)

4.3.2 Pollution exposure

Descriptive statistics of subjects’ pollution exposure are detailed below (Table 4.2). NO; and PMjo were
non-normally distributed, summary statistics are therefore presented as median and range. Modelled
median PMy, exposure was 23.4 ug/m? over the entire gestational period, PM,s exposure was 13.5
ug/m3, and NO, was 39.7 pg/m?3. The range of exposures varied by pollutant, with a range of 18.2 —
30.5 pg/m?3 for PMyg, 10.2 — 18.5 pg/m? for PM,s, and 24.7 — 58.0 pug/m?3 for NO,. Trimester specific
median exposures were very similar to exposure over the entire gestational period, however, the

range of values tended to be greater.

Table 4.2: Descriptive statistics of modelled pollution exposure for each trimester and the whole

pregnancy in ug/m? for the subjects from the developing human connectome project (dHCP).

PMio, pg/m3 (median, range)

1st trimester of pregnancy 23.1(17.1-37.1)
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2nd trimester of pregnancy 23.2 (15.6-38.5)
3rd trimester of pregnancy 22.9(11.9-39.6)

Whole pregnancy 23.4 (18.2-30.5)

PM_s, pg/m? (median, range)

1st trimester of pregnancy 13.4(9.0-24.2)
2nd trimester of pregnancy 13.5(8.5—-25.2)
3rd trimester of pregnancy 13.3(8.9-22.5)
Whole pregnancy 13.5(10.2 - 18.5)

NO,, ug/m? (median, range)

1st trimester of pregnancy 39.4 (23.3-59.1)
2nd trimester of pregnancy 39.7(20.2-71.7)
3rd trimester of pregnancy 38.3(21.9-62.3)
Whole pregnancy 39.7 (24.7 - 58.0)

A map of annual mean PMjo and of annual mean NO; concentrations across Greater London in 2016
is included to illustrate spatial exposure gradients (Figure 4.1 and 4.2). Pollutant concentrations for

both PMy, and NO, decrease steadily moving from central London to outer London, with a steeper
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gradient for NO,, which is more influenced by local sources. Subjects resided mostly in the heavily

polluted areas in central London, with fewer subjects in the outer, less polluted areas of the city.
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Figure 4.1: Average annual concentrations of NO; in ug/m3 in Greater London, 2016. Reproduced from

Londonair.org.uk.
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A correlogram of correlation between pollutants for the entire gestational period and for each
trimester can be found in the appendix (Figure A3). Pollutants were highly correlated, with

correlations ranging from 0.69 to 0.93.

4.3.3 Brain Volumes
Descriptive statistics of subjects’ brain volumes are detailed below (Table 4.3). TBV and relative
cerebellum were non-normally distributed and so summary statistics are presented as median and

range. A table with descriptive statistics of absolute volumes can be found in the appendix (Table A5).

Table 4.3: Median brain volumes for the subjects from the developing human connectome project
(dHCP).

Volume Median Range
Intracranial 439103 273072 -
Volume (mm?3) 664283
Total Brain Volume 361807 223962 —
(mm?3) 532365
Relative Cortical 0.419 0.365-0.496
Grey Matter

Relative White 0.422 0.342 -0.466
Matter

Relative 0.07 0.054 -0.089
Cerebellum

Relative Ventricles 0.013 0.007 —0.047
Relative Deep Grey 0.075 0.063 - 0.087
Nuclei

Relative Brainstem 0.018 0.015-0.022
Relative Amygdala 0.007 0.0058 —0.0088
& Hippocampus

Relative 0.168 0.112-0.253
Extracerebral CSF

A segmented image of the neonatal brain at 40 weeks PMA showing the regions of the brain analysed

in this chapter is shown in Figure 4.3. Images included are shown in the sagittal, axial, and coronal
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planes, and from left to right, superior to inferior, and anterior to posterior, giving a detailed view of

the neonatal brain.

Sagittal Axi; Coronal

I\

o
-

P
Grey Matter Cerebellum

White Matter Brainstem

Deep Grey Matter Amygdala & Hippocampus

B o ] Ventricles

Figure 4.3: A segmented image in a neonate at 40 weeks PMA showing the analysed brain regions in
the sagittal, axial, and coronal planes. Left (L) to right (R), superior (S) to inferior (l), anterior (A) to

posterior (P), cortical grey matter (dark blue), white matter (light brown), deep grey matter (brown),
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extracerebral CSF (beige), cerebellum (purple), brainstem (turquoise), amygdala and hippocampus

(red), and ventricles (light green).

4.3.4 Single pollutant linear regression results

Table 4.4 shows the results of the single pollutant linear regression model assessing the relationship

between pollution exposure over the entire gestational period and relative brain volumes. Prenatal

exposure to PM;s and PMyo was related to an increase in the relative volume of the extracerebral CSF

(p < 0.05), however, none of the associations survived FDR correction (q > 0.05). This was also the case

when examining exposure per trimester (Table A2, A3, and A4, q < 0.05).

Table 4.4: Single pollutant linear regression results for each relative brain volume from the dHCP

subjects and PM;5, PM1o, and NO;, adjusted for sex, IMD, PMA at scan, and GA at birth; beta = effect

size; Cl = Confidence interval (95%); q-value = p-value after FDR correction.

Brain Region Pollutant | beta Std. error | Lower CI | Upper Cl | p-value g-value
(in 103) (in 103) (in 103) (in 103)
Relative White | PM,s -0.156 0.322 -0.788 0.477 0.629 0.961
Matter PMio -0.102 0.260 -0.612 0.409 0.695 0.961
NO, -0.042 0.100 -0.237 0.154 0.675 0.961
Relative Grey PM,s 0.049 0.336 -0.612 0.710 0.884 0.981
Matter PM1o 0.020 0.272 -0.513 0.554 0.940 0.981
NO, 0.067 0.104 -0.137 0.272 0.517 0.961
Relative PM.s -0.001 0.014 -0.029 0.027 0.927 0.981
Amygdala PM1o -0.004 0.012 -0.026 0.019 0.758 0.961
NO, 0.001 0.004 -0.007 0.010 0.761 0.961
Relative PM.s -0.002 0.147 -0.290 0.286 0.990 0.99
Cerebellum PM1o 0.009 0118 | 0223 0.242 0.937 0.981
NO, -0.050 0.045 -0.139 0.039 0.273 0.819
Relative Basal PM,s 0.069 0.097 -0.122 0.259 0.479 0.961
Ganglia PM1o 0.031 0.078 -0.123 0.184 0.696 0.961
NO, 0.013 0.030 -0.046 0.072 0.656 0.961
PM,s 0.115 0.114 -0.110 0.339 0.315 0.839
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Relative PM1o 0.154 0.092 -0.027 0.335 0.094 0.51
Ventricles NO, -0.017 0.035 -0.086 0.053 0.638 0.961
Relative PM,s 0.040 0.029 -0.017 0.097 0.172 0.688
Brainstem PMo 0.042 0.024 -0.004 0.088 0.076 0.51

NO, 0.011 0.009 -0.007 0.028 0.236 0.811
Relative PMas 1.290 0.569 0.172 2.409 0.024 0.286
Extracerebral PMio 1.046 0.460 0.143 1.949 0.023 0.286
CSF

NO, 0.286 0.177 -0.061 0.633 0.106 0.51

4.3.5 CCA results

CCA of exposure to air pollution over the entire gestational period identified three modes. Only mode

1 exceeded the 95™ percentile of random permutations (Figure 4.4A). The CCA over the first, second,

and third trimester also identified three modes, and none of these exceeded the 95th percentile of

random permutations (Figure 4.4B, 4.4C, and 4.4D). The same was true when the cohort was

separated by sex, neither in the male nor in the female group did any of the modes exceed the 95t

percentile of random permutations (Figure 4.4E and 4.4F). Mode 2 in the analysis of exposures over

the second trimester and brain morphology had an observed correlation of r = 0.15, whereas the 95"

percentile was r = 0.16. Mode 1 for male subjects had an observed correlation of r =0.32, and the 95

percentile was r = 0.33. Mode 1 for female subjects was r = 0.27, and the 95" percentile was r = 0.3

(Figure 4.4E and 4.4F). None of the other modes had an observed correlation close to the 95%

percentile.
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Figure 4.4: Observed CCA correlations (y-axis), the median, and the 5th to 95th percentiles of the null
distribution of the permuted CCA correlations estimated via permutation testing across the three CCA
modes (x-axis). Exposure to PM»s, PM1o, and NO; over the entire gestational period for all subjects and
WM microstructure metrics (A), over the first trimester (B), over the second trimester (C), over the third
trimester (D), over the entire gestational period for male subjects only (E), and over the entire

gestational period for female subjects only (F).

Higher PM1o concentrations and lower NO, concentrations were strongly canonically correlated to a
larger relative size of the ventricles, moderately associated with larger relative size of the cerebellum,
and modestly associated with smaller size of cortical GM, amygdala & hippocampus, and a larger
brainstem and extracerebral CSF in the first mode (Table 4.5 and 4.6, Figure 4.6). Exposure to PMs
was not significantly associated with any brain volume measures. All brain region associations with

the first mode except WM and deep grey nuclei survived FDR correction.

Table 4.5: Spearman’s R and R? for each relative region of the brain and the association with the first

mode of the CCA.
Brain Region Spearman’s R R? p-value g-value
White Matter 0.055 0.003 0.24 0.24
Cortical Grey -0.251 0.063 <0.001 <0.001
Matter
Ventricles 0.735 0.540 <0.001 <0.001
Cerebellum 0.450 0.202 <0.001 <0.001
Deep Grey Nuclei | -0.087 0.007 0.06 0.07
Brainstem 0.281 0.079 <0.001 <0.001
Amygdala & -0.261 0.068 <0.001 <0.001
Hippocampus
Extracerebral 0.215 0.046 <0.001 <0.001
CSF

Spearman’s R was modest for NO, and PMo, at -0.2 and 0.2, respectively, and R? was 0.04 for both

pollutants (Table 4.6). Spearman’s R for PM, s was very low at 0.06. NO, and PM3o were significantly
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associated with the first mode. PM,s was not associated with the first mode, before and after FDR

correction.

Table 4.6: Spearman’s R and R? for NO;, PM1o, and PM.s and the association with the first mode of the

CCA.
Pollutant Spearman’sR | R? p-value g-value
NO; -0.2 0.04 <0.001 <0.001
PMyo 0.2 0.04 <0.001 <0.001
PM,s 0.06 0.004 0.2 0.2

82




NO; PMio PMys
1
0.8
0.6

A 0.4

02
Mode 1 02 0.2 0.06 0

0.2
0.4
0.6
0.8
-1

WM cortical GM Ventricles Cerebellum DGN Brainstem Amyg. & Hipp. Ex. CSF

oo

B Mode 1 0.05 -0.25 0.45 -0.09 0.28 0.26 0.21

N=1-T-T-P =l

—_

Figure 4.5: Canonical correlation of the pollutants using Spearman’s rank test, in the following order: (A) 1. NO,, 2. PMi,, 3. PM3s. Canonical correlations of the

relative brain volumes using Spearman’s rank test, in the following order: (B) 1. White Matter, 2. Cortical Grey matter, 3. Ventricles, 4. Cerebellum, 5. Deep Grey

Nuclei, 6. Brainstem, 7. Amygdala & Hippocampus, 8. Ex. Cerebral CSF.
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4.4 Discussion

In this study | assessed the relationship between prenatal exposure to ambient air pollution and brain
morphology in the neonatal period using MRI, and to my knowledge this was the first study to do so.
Using CCA, | observed associations between air pollution in utero and neonatal brain structure with
higher gestational exposure to PMi and lower exposure to NO; related to larger relative ventricular
and cerebellar volume, along with modest associations with smaller cortical GM, amygdala and

hippocampus volumes, and larger volumes of brainstem and extracerebral CSF.

To date, studies assessing prenatal exposure to air pollutants and its impacts on brain morphology in
childhood provide conflicting results (as outlined in detail in Section 1.3.1). Lubczynska et al found an
association between increased exposure to coarse PM (which is a derivative of the PM exposures
assessed in this chapter, PMjs - PM,s) during pregnancy and increased cerebellar size in children age
9-12, and an association between increased exposure to PM, s and smaller cerebellar volume in their
multipollutant model, though this latter finding was not statistically significant in their single-pollutant
model (Lubczyniska et al., 2021). A study examining TRAP exposure during the first year of life showed
an association with smaller cerebellum in children aged 12 years old (Beckwith et al., 2020). These
findings relate to MRI scans taken in childhood, however, and as such are not directly comparable to

my data.

| found larger relative ventricle volumes in relation to increased exposure to PMig, and decreased
exposure to NO,. In mice, Allen et al (2017) detected an association between increased ultrafine
particle exposure during pregnancy and male-specific ventriculomegaly. Ventriculomegaly occurred in
concert with inflammation and microglial activation, aberrant WM development and hypomyelination
in the CC. Klocke et al (2017) also related higher gestational exposure to concentrated ambient
particles in mice with ventriculomegaly. In my study | observed larger relative size of the ventricles as
a result of exposure to higher levels of PMio. Ventriculomegaly could reflect an expansion of the
ventricles to fill available space due to cell loss and/or altered brain development (Allen et al., 2017,

Leviton and Gilles, 1996).

The finding that lower NO; concentrations are related to larger relative ventricle size is unexpected.
One other study reported opposing effects of NO, and PM3s, in which the third mode of CCA linked
higher concentrations of PM,s to lower concentrations of NO;, and was related to lower area and
volumes across the cortex as well as WM indices in school-aged children (Alnaes et al., 2020). NO, may
affect the developing brain in several ways, and prenatal exposure could harm the fetal brain by
inducing inflammation, oxidative stress, DNA methylation, and vascular injury (Shang et al., 2020).

However, there is some evidence that acute exposure to high concentrations of NO; increases nitrite
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in the blood stream and lowers blood pressure and that hypertensive disorders of pregnancy increase
risk of neurodevelopmental disorders in offspring (Floyd et al., 2020, Maher et al., 2018). In this study
I modelled chronic ambient exposures, which tend to be lower than acute exposures via domestic gas
appliances as used in Floyd et al (2020), and there is no proven link between long-term exposure to

NO; and lower blood pressure.

Higher gestational exposure to PMi, and lower exposure to NO; was related to larger relative
cerebellar volume in my study. The mechanisms relating increased PM exposure in utero and
increased cerebellar size are not clear. In rat brains, direct exposure of the cerebellum to PM3s in
solution was shown to cause oxidative stress (Fagundes et al., 2015), and inhaled diesel-extracted
particles led to oxidative stress and inflammation in the cerebellum in mice (Kim et al., 2018). Again,
however, comparison is difficult as these studies were conducted during different time periods,
namely in adult and adolescent animals, respectively. Klocke et al examined young mice and found
that gestational exposure to ambient PM; s was related to hypermyelination in the cerebellum of male
mice (Klocke et al., 2018b). This last finding points to accelerated maturation as a result of high

gestational exposure to air pollutants, and as theorized by the authors, may be a response to injury.

Air pollution exposure explained a small amount of variance in cortical GM, amygdala & hippocampus,
brainstem, and extracerebral CSF volumes. Higher gestational exposure to PMio and lower exposure
to NO; was related to smaller cortical GM and amygdala and hippocampus, and larger brainstem and
extracerebral CSF. Some of these findings are comparable to previous studies in children. Lubczynska
et al (2021) observed that higher pregnancy and childhood exposure to multiple air pollutants was
related to smaller hippocampus and larger amygdala in 12-year-olds with no associations found for
cortical GM. Beckwith et al also found reduced cortical GM volume in children aged 12 years old after

childhood exposure to TRAP (Beckwith et al., 2020).

In mice, decreased volume of the hippocampus was associated with prenatal exposure to ultra-fine
particles (Klocke et al., 2017). Woodward et al (2018) also found impaired neurogenesis in the
hippocampus in adult rats exposed prenatally to TRAP. Impaired neurogenesis as a consequence of
higher exposure to PMio may contribute to the smaller relative cortical GM, hippocampal and

amygdala volumes | observe in my study.

There have been few studies analysing brain volumes in healthy term infants in the neonatal period
(Gale-Grant et al., 2022). However, in infants born preterm, increased ventricular volume (Liverani et
al., 2023) and decreased cortical GM volume (Liverani et al., 2023, Pagnozzi et al., 2023) in the

neonatal period were associated with lower outcome scores at 2 years. In addition, Liverani et al
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(2023) demonstrated a relationship between amygdala volumes in the neonatal period and

behavioural scores in 5-year-old children born preterm.

| did not observe any associations between individual trimester exposure and brain volumes, nor was
prenatal exposure to PM;s significantly associated with any of the brain volumes studied. Further, |
did not observe any significant associations between exposure over the entire gestational period and
WM or deep grey nuclei volume, despite previous studies showing associations in children aged 6-14
years old (Pujol et al., 2016a, Mortamais et al., 2017, Cserbik et al., 2020, Lubczynska et al., 2021,
Peterson et al., 2022, Peterson et al., 2015). It is possible that these relationships become apparent
only in later childhood. When | divided the participants into male and female, | did not find any sex-
specific associations between prenatal exposure to air pollution and brain volumes. This may be due
to reduced statistical power resulting from dividing the subjects into male and female subgroups.
Including sex as a term in the CCA model was not possible, as categorical variables cannot be included

in CCA.

4.5 Conclusions

This study shows for the first time in humans that prenatal particulate air pollution exposure affects
neonatal brain morphology, particularly relative cerebellar and ventricle size. The brain is especially
vulnerable during this critical period of development and altered brain development in utero may
have adverse consequences throughout the life course. This finding is an important addition to the
growing body of evidence that gestational exposure to pollution affects health in early life and shows
that reducing particulate matter concentrations and exposure during fetal life should be a public
health priority. My finding that lower NO, exposure is related to larger relative ventricular and

cerebellar size is more difficult to interpret and requires further study.
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CHAPTER 5 - PRENATAL EXPOSURE TO AIR POLLUTION AND
NEONATAL NEURODEVELOPMENT IN A PREMATURELY BORN
COHORT ASSESSED WITH STRUCTURAL AND DIFFUSION MRI

In the previous chapter | showed that prenatal exposure to air pollution is associated with neonatal
brain morphology in a healthy, term-born, cohort. Preterm born infants, and especially those born
extremely preterm, are at risk of adverse neurodevelopment (Johnson and Marlow, 2017), and it is
unclear whether air pollution has greater impacts on fetal neurodevelopment of this vulnerable
cohort. In this chapter | will examine the impact of prenatal exposure to air pollution on neonatal brain
morphology and WM microstructure as assessed by structural and diffusion MRI, respectively, in a

cohort of infants born extremely preterm.

5.1. Introduction

Preterm birth is defined as being born before 37 weeks of gestation (World Health Organization,
1977). Globally, approximately 11% of births are estimated to occur prematurely, with 80% of
premature births occurring in South Asia or sub-Saharan Africa (Walani, 2020). Prematurity is the most
common cause of neonatal death, and preterm infants are vulnerable to multiple morbidities and
adverse outcomes such as respiratory infections and cerebral palsy (Platt, 2014). The impact of
prematurity on brain development is particularly severe, and a high degree of prematurity is
associated with long-term intellectual disability, autism spectrum disorder, attention deficit disorder,

and problems with behaviour and language (Johnson and Marlow, 2017, Vanes et al., 2023).

Prenatal exposure to high levels of ambient air pollution increases the risk of preterm birth, with high
concentrations of particulate matter implicated most strongly (Nyadanu et al., 2022, Yu et al., 2022).
A London-based study found that prenatal exposure to both O3 and PM,s were associated with
preterm birth, with stronger associations for O; (Smith et al., 2020). Prenatal exposure to high levels
of air pollution is also associated with changes in brain morphology, both neonatally and at various
stages of childhood (Guxens et al., 2022, Peterson et al., 2022, Bos et al., 2023). Impacts on several
metrics measuring cognitive function have also been documented (Shang et al., 2020), however,

research in this field is in its early stages and evidence is limited.

There is some evidence that preterm born infants are more vulnerable to the effects of air pollution
ex utero and in utero. Acute exposure to PM, s increased risk of bronchiolitis and otitis media more
strongly for preterm born infants than for term born infants (Girguis et al., 2018), and preterm born
infants show slower repair of oxidative damage and paternal smoking related DNA damage (Vande

Loock et al., 2012). One study showed a stronger association between increased prenatal exposure to
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PM1o during the second trimester of pregnancy and a decline in neonatal lung function in those born
preterm compared with term born infants (Decrue et al., 2022). Further, prenatal residential exposure
to intensive traffic was positively associated with hypotonia and lethargy subscales as assessed by the
Neonate Intensive Care Unit Network Behavioural Scale (NNNS) in hospitalised preterm infants (n =
240). No metrics of air pollution exposure were utilised in this study, only traffic derivatives such as
distance to roads and vehicle-mile/km?2. In this cohort all subjects were born very preterm, in the late
second or early third trimester, which is suggestive of an effect on neuromotor development early in
gestation (Zhang et al., 2020). None of these studies examined neurodevelopment as assessed by MRI
and whether any vulnerability of preterm infants to the effects of air pollution extends to these

metrics is unclear.

There are several characteristic differences between the developing preterm brain and the developing
fetal brain. At term equivalent age, TBV is reduced in preterm infants compared with healthy infants
(Makropoulos et al., 2016, Ball et al., 2012, Ball et al., 2013). The reduction is dependent on the level
of prematurity, with white and cortical GM regions affected. Brain growth is slower in preterm infants
compared with healthy foetuses with consequences lasting into adulthood (Bouyssi-Kobar et al.,
2016). Preterm infants at term-equivalent age showed lower anisotropy in the WM compared to their
term-born peers. This relationship was dependent on the prematurity of preterm infants, with greater

prematurity leading to lower FA in multiple regions of the brain (Pandit et al., 2013, Young et al., 2018).

Many factors influence brain development in preterm born infants. A significant share of preterm
neonates, especially in those born extremely preterm, must be provided with respiratory support
using continuous positive airway pressure (CPAP) or mechanical ventilation as their lungs are unable
to fulfil the functions of oxygenating and simultaneously removing carbon dioxide from the
bloodstream (37% of subjects in the ePrime cohort were mechanically ventilated for at least one day)
(Chakkarapani et al., 2020, Ho et al., 2020). Further, preterm neonates may not be able to absorb
nutrients through the gastrointestinal tract and are provided nutrition intravenously through total
parenteral nutrition (TPN) (Brine and Ernst, 2004). The usage and duration of these measures are
related to brain development at term as assessed by diffusion MRI and structural MRI (Kersbergen et

al., 2016, De Nardo et al., 2022, Barnett et al., 2018).

Trends in WM microstructure metrics in preterm born infants were described in Section 3.1. Briefly,
diffusivities decrease rapidly, and FA increases with GA across the WM, however, these trends are
region dependent. How prenatal exposure to air pollution might affect these developmental processes
in infants born preterm is unclear. In this chapter | aimed to examine the relationship between in utero

exposure to air pollutants in infants born very preterm and brain development using structural and
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diffusion MRI acquired at term equivalent age. | examined the impacts on DTl metrics derived from
diffusion MRI. | hypothesised that the preterm subjects would be vulnerable to the effects of prenatal
exposure to air pollution, and that therefore prenatal exposure to PMio, PM;s, and NO; is associated
with altered brain morphology and altered WM microstructure at term equivalent age. No hypothesis
was developed about the directionality of these effects on WM microstructure, due to limited
information about fetal WM microstructure DTl metrics in infants born extremely preterm. In terms
of brain morphology, it was expected that prenatal exposure to PMi, PM;s, and NO, would have

stronger effects than on the healthy, term-born neonates described in the previous chapter.

5.2 Methods

5.2.1 Subjects

This study is based on a sample of neonates that were part of the ePrime project, which is described
in detail in Section 2.1.2. The subjects were scanned at Queen Charlottes & Chelsea Hospital in west
London between 2010 —2013. For the purposes of this study subjects were excluded if they had major
focal lesions on MRI, were scanned earlier than 37 weeks or later than 44 weeks PMA, or in cases of
multiple pregnancies, only one infant of the twin or triplet was included. In the structural MRI dataset
this led to 2, 0, 40, and 30 exclusions, respectively. In the diffusion MRI dataset this led to 34, 0, 41,
and 36 exclusions, respectively. Further, infants were excluded as the mother’s residential address
was outside of the air pollution model domain (155 in the diffusion MRI dataset, 190 in the structural
MRI dataset). A final sample of 244 subjects with structural MRI data and 245 subjects with diffusion
MRI data were included, of which 204 had both structural and diffusion MRI data available. IMD was

used to describe socioeconomic status for all subjects.

5.2.2 MRI acquisition

MRI acquisition of the ePrime cohort is described in detail in Section 2.1.2.

5.2.3 Image processing
MRI processing of the ePrime cohort is described in detail in Section 2.2.2. The structural MRI date
were segmented into the following tissue types: WM, cortical GM, ventricles, cerebellum,

hippocampus, amygdala, thalamus, deep grey nuclei, and the brainstem.

The following tracts were delineated using TSA: corpus callosum, corticospinal tract, inferior fronto-

occipital fasciculus, inferior longitudinal fasciculus, and the uncinate fasciculus.

5.2.4 Air pollution modelling

Air pollution was modelled as described in detail in the methodology chapter in Section 2.3.
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5.2.5 Statistical analysis

A correlogram between pollutants within each exposure window was calculated using Spearman’s R.
All volumes were adjusted for TBV to remove the effect of individual differences in head size and will
be referred to as “relative” volumes throughout this chapter. The relationship between prenatal
pollution exposure and relative brain morphology was first explored using single pollutant linear
regression analysis, adjusting for PMA at scan, GA at birth, sex, IMD, birth weight z-score (BWZ), and
days ventilated. Time spent on TPN was not included as a covariate, as it was found to be collinear
with days ventilated when testing for collinearity (r=0.62, p <0.001). BWZ is a composite weight score
which considers birthweight by parity, sex, and ethnic background (Visser et al., 2009). Results were

FDR corrected using the Benjamini-Hochberg method (Benjamini and Hochberg, 1995).

In order to include multiple colinear pollution and brain variables in one model | then performed CCA.
All brain volumes and tracts included in the analysis were adjusted for PMA at scan, GA at birth, sex,
IMD, BWZ, and by the number of days on ventilation. | used a permutation testing procedure to test
the significance of canonical correlation corresponding to each mode in a validation step, with a mode
of the CCA only being considered significant if Spearman’s r was greater than the 95™ percentile of
this permutation test (Yu et al., 2019). Since none of the modes passed the 95 percentile of random

permutation tests, no further steps were taken.

A secondary analysis was performed to examine the impact of first and second trimester specific
exposures on neonatal brain morphology and tractography. The third trimester was not assessed in
this specific analysis, as all subjects were born before the midpoint of the third trimester, and some
were born before the third trimester began. First, a linear regression analysis was performed,
adjusting for the same covariates as described above and further adjusting the trimester specific air
pollution exposure for seasonality. Then a CCA was performed as outlined above, also adjusting air
pollution exposure for seasonality. Further, sex-specific associations between neonatal brain
morphology and tractography and prenatal exposure to air pollution were also assessed in a CCA. To

this end | separated the subjects into male and female and conducted CCA analysis as outlined above.

5.3 Results

5.3.1 Subjects

The subjects comprised of 285 subjects (139 male, 146 female) born at a median (range) GA of 30.57
(23.57 — 32.86) weeks and imaged at 42.5 (37.86 — 48) weeks PMA (Table 5.1). The median (range)
IMD of the study group was 3 (1-5). Male subjects were scanned at a median age of 42.57 weeks,
whereas female subjects were scanned at a median date of 42.43 weeks (Table 5.1). The geographic

distribution of subjects’ residences can be seen in Figure 5.1. Subjects’ residences were concentrated
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around West and South London, with few subjects in North and East London (Figure 5.1). A table with

additional information on major lesions, BWZ, and time spent on ventilation or TPN can be found in

the appendix (Table A6).

Table 5.1: Distribution of age at MRI, age at birth, sex, and index of multiple deprivation of the ePrime

subjects.

Male
Subjects (n, %)
Age at MRI, weeks
(median, range)
Age at birth, weeks
(median, range)
Index of multiple 3(1-5)
deprivation quintile

(median, range)

139 (48.8%)

42.57 (37.86 —47.86)

30.28 (24 - 32.86)

Female

146 (51.2%)

42.43 (38.28 — 48)

30.71 (23.57 — 32.86)

3(1-5

)

Total
285
42.5 (37.86 — 48)

30.57 (23.57 — 32.86)

3(1-5)
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Figure 5.1: Residential subject distribution of the ePrime cohort per lower super output area (LSOA) in
Greater London. The subjects were scanned at Queen Charlottes & Chelsea Hospital in west London,

which is indicated on the map.

5.3.2 Air pollution exposure

Descriptive statistics of the subjects’ exposure to air pollution are outlined below (Table 5.2). None of
the pollutants were normally distributed, and the descriptive statistics are therefore presented as
median and range. As shown in Table 5.1, subjects were born in the second or third trimester, air
pollution exposure is therefore shown only for the entire gestational period, the first, and the second
trimester. Modelled median PMy exposure was 22.9 pg/m? over the entire gestational period, PM,s
exposure was 13.8 pg/m?3, and NO, was 35.9 pg/m3. The range of exposures varied by pollutant, with
a range of 15.9 — 37.9 ug/m? for PMyo, 7.4 — 24.7 pug/m? for PMys, and 19.3 — 70.0 pg/m? for NO,.
Trimester specific median exposures were very similar to exposure over the entire gestational period

in both range and median values.

Table 5.2: Descriptive statistics of modelled pollution exposure for each trimester and the whole

pregnancy in ug/m? of the ePrime cohort.

PMy levels, ug/m?3 (median, range)

1st trimester of pregnancy 22.4(16.1-39.9)
2nd trimester of pregnancy 22.2(17.1-36.1)
3rd trimester of pregnancy -

Whole pregnancy 23.0(15.9-37.9)

PM_;s levels, ug/m? (median, range)

1st trimester of pregnancy 13.3 (8.7 —26.6)
2nd trimester of pregnancy 13.2(8.9-24.0)
3rd trimester of pregnancy -

Whole pregnancy 13.8 (7.4 —-24.7)
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NO; levels, pug/m? (median, range)

1st trimester of pregnancy
2nd trimester of pregnancy

3rd trimester of pregnancy

Whole pregnancy

5.3.3 Brain volumes

36.1(20.1-72.5)

35.6(21.1-67.0)

35.9(19.3 - 70.0)

Descriptive statistics of the subjects’ brain volumes are summarised below (Table 5.3). The volume of

the ventricles was non-normally distributed, therefore summary statistics are presented as median

and range. A table with absolute brain volumes was added to the appendix (Table A7).

Table 5.3: Median and range of absolute total brain volume and relative brain volumes of the ePrime

cohort.
Brain region Median Range
Total Brain 377090 271017 — 529459
Volume (mm?3)
Relative Cortical 0.501 0.412-0.594
Grey Matter
Relative White 0.322 0.248-0.41
Matter
Relative 0.089 0.074-0.122
Cerebellum
Relative Ventricles 0.022 0.013-0.061
Relative Deep 0.086 0.075-0.098
Grey Nuclei
Relative Brainstem 0.016 0.013-0.019
Relative Amygdala 0.002 0.002 - 0.003
Relative Thalamus 0.024 0.017-0.028
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Relative

Hippocampus

0.004

0.003 - 0.005

5.3.4 Single pollutant linear regression

The results of the single pollutant linear regression model examining the relationship between

pollution exposure over the entire gestational period and relative brain volumes are detailed below

(Table 5.4). Prenatal exposure to PM, s was related to a decrease in the relative size of the brainstem

(p < 0.05), though this association does not survive FDR correction (q > 0.05). No other association was

statistically significant (p > 0.05, g > 0.05). The linear regression analysis of exposure to air pollution

over the first and second trimesters and relative brain volumes did not find any significant results after

FDR correction (Table A11 and A12, q > 0.05).

Table 5.4: Single pollutant linear regression results for each relative brain volume from the dHCP

subjects and PM3s, PMio, and NO;, adjusted for sex, IMD, PMA at scan, GA at birth, birth weight z-

score (BWZ), and days ventilated; beta = effect size; Cl = Confidence interval (95%); q-value = p-value

after FDR correction.

Brain Region Pollutant | beta Std. error Lower CI Upper CI p-value | g-value
(in10?) (in 103) (in10%?) (in 103)
Relative PM;s 0.577 0.420 -0.251 1.405 0.171 0.595
White Matter oy, 0.574 0.353 -0.121 1.268 0.105 | 0.595
NO, 0.279 0.174 -0.065 0.622 0.111 0.595
Relative Grey | PM;s -0.388 0.417 -1.210 0.434 0.353 0.654
Matter PMio -0.444 0.350 -1.133 0.246 0.206 | 0.595
NO, -0.269 0.173 -0.609 0.071 0.120 | 0.595
Relative PM;s -0.002 0.003 -0.009 0.004 0.493 0.802
Amygdala PMo -0.003 0.003 -0.008 0.003 0.333 0.654
NO, -0.002 0.001 -0.004 0.001 0.220 0.595
Relative PM; s -0.001 0.007 -0.014 0.012 0.913 0.974
Hippocampus o), 0.001 0.006 -0.010 0.012 0.892 0.974
NO, 0.001 0.003 -0.005 0.006 0974 |0.974
PM;s -0.145 0.116 -0.375 0.084 0.213 0.595
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Relative PMo -0.114 0.098 -0.307 0.079 0.247 0.605
Cerebellum "y -0.003 0.049 20.098 0.093 0953 | 0.974
Relative Deep | PM;s -0.044 0.071 -0.183 0.095 0.535 0.802
Grey Nuclei PMao -0.016 0.059 -0.133 0.101 0.787 0.957
NO, -0.007 0.029 -0.065 0.051 0.815 0.957
Relative PM;s 0.130 0.142 -0.151 0.410 0.363 0.654
Ventricles PMo 0.132 0.120 -0.104 0.367 0.271 0.61
NO, 0.018 0.059 -0.098 0.135 0.756 0.957
Relative PM; s -0.036 0.018 -0.071 -0.001 0.045 0.595
Brainstem PMo -0.026 0.015 -0.056 0.004 0.084 0.595
NO, -0.010 0.008 -0.025 0.004 0.166 0.595
Relative PM;s -0.019 0.030 -0.077 0.039 0.521 0.802
Thalamus PMao -0.008 0.025 -0.057 0.041 0.748 0.957
NO, -0.006 0.012 -0.030 0.018 0.620 0.881

The results of the single pollutant linear regression model examining the relationship between
pollution exposure over the entire gestational period and WM microstructure are described in the
appendix (Table A8). Exposure to PM,s, PMi, and NO, was not related to any of the WM

microstructure metrics assessed (p > 0.05, q > 0.05).

5.3.5 CCA

The CCA examining the relationship between exposure to air pollution over the entire gestational
period and relative brain volumes identified three modes. None of these modes exceeded the 95%
percentile of random permutations (Figure 5.2A), which was the threshold of significance, and no
further analysis steps were performed. The CCA of exposure to air pollution over the first and second
trimesters and relative brain volumes also identified three modes, and none of these exceeded the
95t percentile of random permutations (Figure 5.2B and 5.2C). The same was true when the cohort
was separated by sex, neither in the male nor in the female group did any of the modes exceed the
95™ percentile of random permutations (Figure 5.2D and 5.2E). None of the modes in any of the
analyses came close to the 95 percentile of random permutations, and the modes were instead more

closely resembled the median.
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Figure 5.2: Observed CCA correlations (y-axis), the median, and the 5th to 95th percentiles of the null
distribution of the permuted CCA correlations estimated via permutation testing across the three CCA
modes (x-axis). (A) Exposure to PM2s, PMi, and NO; over the entire gestational period for the entire
cohort and relative brain volumes. (B) Exposure to PM;s, PM1o, and NO; over first trimester for the
entire cohort and relative brain volumes. (C) Exposure to PM,s, PMi,, and NO; over the second
trimester for the entire cohort and relative brain volumes. (D) Exposure to PM;s, PMis, and NO, over
the entire gestational period for male subjects and relative brain volumes. (E) Exposure to PM;.s, PMq,
and NO; over the entire gestational period for female subjects and relative brain volumes.White
matter microstructure

The CCA examining the relationship of exposure to air pollution over the entire gestational period and
WM microstructure identified three modes. None of these modes exceeded the 95" percentile of

random permutations (Figure 5.3A). The CCA of exposure to air pollution over the first and second
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trimesters and WM microstructure also identified three modes, though none of these exceeded the
95t percentile of random permutations (Figure 5.3B and 5.3C). The same was true when the cohort
was separated by sex, neither in the male nor the female group did any of the modes exceed the 95t
percentile of random permutations (Figure 5.3D and 5.3E). In the analysis of the second trimester the
second mode had an observed correlation of r =0.469, and the 95th percentile was r = 0.47. However,
none of the other modes in any of the analyses came close to the 95™ percentile of random

permutations.

The linear regression analysis of exposure to air pollution over the first and second trimesters and WM

microstructure did not find any significant results (Table A9 and A10, p > 0.05, q > 0.05).
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Figure 5.3: Observed CCA correlations (y-axis), the median, and the 5th to 95th percentiles of the null
distribution of the permuted CCA correlations estimated via permutation testing across the three CCA
modes (x-axis). (A) Exposure to PM_.s, PM1o, and NO; over the entire gestational period for the entire
cohort and white matter microstructure. (B) Exposure to PM,s, PM1o, and NO; over first trimester for
the entire cohort and white matter microstructure. (C) Exposure to PMss, PM1o, and NO; over the
second trimester for the entire cohort and white matter microstructure. (D) Exposure to PM;s, PMj,
and NO; over the entire gestational period for male subjects and white matter microstructure. (E)
Exposure to PM,.s, PM1o, and NO; over the entire gestational period for female subjects’ white matter

microstructure.



5.4 Discussion

In this chapter | assessed the relationship between prenatal exposure to ambient air pollution in
preterm born infants and neonatal brain morphology and WM microstructure as assessed by MRI at
term. Using CCA and simple linear regression models | found no associations between prenatal
exposure to PM.s, NO,, and PMio, and neonatal brain morphology or WM microstructure in preterm
infants. Further, investigating specific trimesters of exposure and separating the cohort by sex also
revealed no associations between prenatal exposure to air pollution and structural and diffusion MRI

measures at term equivalent age.

There are no other studies examining the effects of prenatal exposure to air pollution on
neurodevelopment assessed by structural MRI or diffusion MRI in infants born preterm, at term or in
later life. In Chapter 4 | showed that in term born infants, higher prenatal exposure to PMj and lower
prenatal exposure to NO; are linked to larger relative ventricular and cerebellar volume, along with
modest associations with smaller cortical GM, amygdala and hippocampus volumes, and larger
volumes of brainstem and extracerebral CSF in healthy term born infants. Several studies examined
the effect of prenatal air pollution exposure and neurodevelopment assessed by structural MRI in
childhood with mixed results, as previously described in Section 1.3.1. Briefly, no associations between
any brain volumes or global brain metrics were found in two studies (Guxens et al., 2018, Mortamais
et al., 2019). Prenatal exposure to air pollution was associated with an increase in relative size of the
cerebellum, putamen, pallidum, and amygdala, and a smaller relative size of the hippocampus
(Lubczynska et al., 2021). Prenatal exposure to air pollution was not associated with volumes of the
total brain, GM, WM, ventricles, and the thalamus (Guxens et al.,, 2018, Mortamais et al., 2019,
Lubczyniska et al., 2021). Peterson et al found an association between prenatal exposure to air
pollution and local WM volumes (Peterson et al., 2022). | did not find any associations with brain
regions previously implicated in term born infants or in childhood. Two previous studies examined the
effect of prenatal air pollution exposure and neurodevelopment assessed by diffusion MRI in
childhood (described in detail in Section 1.3.2). Briefly, Lubczynska et al (2020) found an association
between multiple air pollutants and lower global FA and higher global MD. Silicone exposure was
associated with higher MD in the cingulate gyrus part of the cingulum of the left hemisphere, the left
superior longitudinal fasciculus, and the forceps minor. Further, Peterson et al (2022) found an
association between higher exposure to PAH and PM,s and higher FA values in the basal ganglia,
anterior cingulate gyrus, and thalamus, higher PM,s exposures were associated with greater
diffusivity in the anterior CC and the anterior corona radiata, and higher exposures to PAH were also
associated with lower diffusivity in the internal capsule. | did not find any associations with metrics of

WM microstructure implicated in previous studies.
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Preterm infants may not be affected by prenatal exposure to air pollution in the same way due to a
different timeframe of exposure. The ePrime cohort analysed in this study was born prior to 33 weeks
GA, which is less than halfway into the third trimester, with some subjects born much earlier (median
30.57 weeks GA). Thus, most of the prenatal exposure to air pollution was limited to the first and
second trimester and much of the third trimester’s exposure may be in the ex-utero environment. The
third trimester is characterised by rapid brain development, as multiple key neurodevelopmental
processes take place, including synaptogenesis, neuronal organisation, and the onset of myelination
(Kostovi¢ and Jovanov-Milosevi¢, 2006). WM pathways show an increase in whole brain mean FA with
GA, and a decrease in MD, however, different sections of the WM showed distinct maturational trends
of FA and MD (Wilson et al., 2021). These processes may make the brain uniquely vulnerable to injury
inthe third trimester. This was also suggested by Allen et al (2017), who studied prenatal UFP exposure
in mice and suggested the human third trimester equivalent as a period of vulnerability to
neurodevelopmental toxicity of UFP due to rapid neuro- and gliogenesis in this period. However, in
mice this period occurs ex utero and may not be transferable to humans (Allen et al., 2017). Further,
comparison of WM in mice and humans is complicated by the fact that mice have much less WM
(Zhang and Sejnowski, 2000, Ventura-Antunes et al., 2013). Mortamais et al reported an association
between higher levels of residential PM, s exposure and smaller CC volume in 8 — 12 year old school
children, but this association did not survive FDR correction (Mortamais et al., 2019). Peterson et al
found an association between third trimester exposure to PAH and reductions in WM surface area in
children aged 7 — 9 years old, with null results for cortical thickness (Peterson et al., 2015). Further, in
Chapter 3 | assessed the impact of third trimester exposure to air pollution on WM microstructure
metrics and in Chapter 4 | assessed the impact of third trimester exposure to air pollution on brain
morphology at term and found no significant results. There is therefore not enough evidence to
suggest that the third trimester of pregnancy is a stage of neurodevelopment uniquely vulnerable to
air pollution exposure and that the lack of prenatal exposure in this period in this cohort could explain

the null results of this study.

Concentrations of PM,.s, PM1o, and NO, modelled in this study were all above the 2021 World Health
Organisation annual air quality guidelines for these pollutants (5 pg/m?3, 15 pg/m3, and 10 pg/m3,
respectively) (World Health Organization, 2021), but they were below the UK standards (20 pg/m?3, 40
pg/m3, and 40 pg/m3, respectively) (DEFRA, 2010). Concentrations of air pollutants modelled in the
ePrime cohort were comparable to those found in the dHCP cohort, with median concentrations of
PMys at 13.5 pg/m?3 compared with 13.8 pg/m3, PMyo at 23.4 pg/m? and 22.9 ug/m?, and NO; at 39.7
pg/m?® and 35.9 pg/m?3, respectively. The pregnancy periods in the ePrime cohort occurred between

2010 — 2013 and those included in the dHCP chapter occurred between 2015 — 2020. Roadside
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concentrations of PM;s, PM1o, and NO; decreased in London between 2010 — 2016 in a heterogenous
manner (Font et al., 2019), with no studies conducted on background air pollution concentrations.
Nonetheless, as with the concentrations modelled in the dHCP cohort, the concentrations modelled
in the ePrime cohort were comparable to other studies examining pregnancy cohorts in European
cities (Guxens et al., 2022), lower than pregnancy cohorts in low to middle income countries (Wylie
Blair et al., 2017, Zhou et al., 2022), and higher than pregnancy cohorts in north America (Zhang et al.,
2022, Zhang et al., 2018a).

Neurodevelopment at term as assessed by MRI in preterm infants is strongly associated with GA at
birth, PMA at scan, sex, and other factors (Kersbergen et al., 2016). Though | adjusted for several
important factors, it may be the case that other factors associated with preterm birth outweigh or
confound the small effect air pollution may have on neurodevelopment in a cohort born extremely
preterm. Additionally, even though the cohort size may be large for a neonatal cohort, it is small in
statistical terms and may have led to a lack of statistical power to detect the association between

prenatal exposure to air pollution and neurodevelopment in preterm infants, if any.

| did not find any trimester or sex-specific associations between prenatal exposure to air pollution and
brain volumes or WM microstructure. As discussed above, it is unclear whether this is because the
first and second trimester are not vulnerable periods of neurodevelopment to air pollution exposure.
The sex-specific analysis may have suffered from reduced statistical power, as | divided the subjects

into male and female subgroups because including a categorical variable into CCA is not possible.

5.5 Conclusions

In this chapter | found no impact of prenatal air pollution exposure on brain morphology and WM
microstructure metrics at term in infants born extremely preterm. | hypothesised that preterm infants’
neurodevelopment would be uniquely vulnerable to the impacts of air pollution, but this study
indicates a null result. This is the only study to assess the impact of prenatal exposure to air pollution
on brain morphology and WM microstructure in preterm infants at term, and longitudinal studies with

MRI taken at several time points throughout early life are required to confirm these findings.

101



CHAPTER 6 — REDUCING PREGNANT WOMEN’S EXPOSURE TO AIR
POLLUTION

In the previous chapters | have laid out the evidence of the impact of prenatal exposure to air pollution
on neonatal neurodevelopment and summarised the evidence on childhood neurodevelopment as
assessed by MRI. Prenatal exposure to air pollution has impacts beyond those described previously in
this thesis, and it is clear that mothers and their offspring should be protected from this health burden.
In this chapter | will describe potential interventions to reduce personal exposure to air pollution and
how these could be applied to pregnant women. Unlike previous chapters, which only assess exposure
to ambient air pollution, | will consider exposure from indoor and outdoor sources, under the

assumption that health effects from each source type are similar.

This discussive chapter is in lieu of planned personal exposure fieldwork that was not possible due to
restrictions arising from the COVID pandemic, but the feasibility and efficacy of its concluding

recommendations could be evaluated in future research.

6.1 The health effects of prenatal air pollution exposure

The global burden of prenatal exposure is distributed unequally, and the impact is strongly dependent
on geographic location and socioeconomic status of the mother and the fuel sources used. Household
air pollution (HAP), generated from the burning of biomass, kerosene, and coal for heating, cooking,
and lighting in typically small and under ventilated spaces can lead to very high exposures to multiple
air pollutants (Zhu et al., 2022, Rosario Filho et al., 2021). This problem is centred around low- and
middle-income countries (LMICs), especially in South Asia and sub-Saharan Africa, and since women
customarily spend a lot more of their time at home in many of these countries, they are particularly
vulnerable to the high levels of exposure found inside households in LMICs. This exposure leads to
substantial health effects in adults and children, causing higher rates of chronic obstructive pulmonary
disease (COPD), lung cancer, and cerebrovascular disease in adults, and asthma and acute respiratory
infections in both adults and children. HAP exposure disproportionately affects maternal health and
that of their offspring, and effects include increased risk of low birthweight, stillbirth, and respiratory

and cardiovascular mortality in under-5s (Lee et al., 2020a, Maung et al., 2022).

Several types of interventions have been undertaken to decrease HAP concentrations and exposure
associated with domestic solid biomass fuel combustion, and these include improving cookstoves or
replacing them with liquefied petroleum gas stove or ethanol stove alternatives (Woolley et al., 2022).
However, the success of these interventions has been limited (Masekela et al., 2023), with only four

studies achieving an improvement of the risk of low birth weight after intervention, and no effects on
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preterm birth and acute respiratory infections, largely due to lack of consideration of community and

end-user needs (Thakur et al., 2018, Thomas et al., 2015, Woolley et al., 2022).

In this chapter | will focus on high-income countries (HIC), where generally air pollution concentrations
are much lower. Even at these much lower concentrations, prenatal exposure to air pollution has
impacts on the offspring’s health beyond the evidence presented in this thesis, such as low-birth
weight and stillbirth (Smith et al., 2020, Smith et al., 2017, Bekkar et al., 2020). There is also evidence
of an association between gestational exposure to particulate matter and hypertensive disorders of
pregnancy and preeclampsia (Cao et al., 2021, Bai et al., 2020). In terms of further
neurodevelopmental effects, several studies have demonstrated the detrimental impacts of prenatal
exposure to air pollution on cognitive performance in childhood, including on full-scale IQ (ages 10.5
and 5 years old on average, respectively) (Holm et al., 2023, Lee et al., 2017), impaired standard error
of the hit reaction time and increased omission errors (ages 4 — 5 and 6.5 years old, respectively)
(Sentis et al., 2017a, Chiu et al., 2016). The overall evidence on neurobehavioural disorders and
prenatal exposure to air pollution is less clear, with both null and significant results for attention deficit
hyperactivity disorder (ADHD) (ages 3 — 10 and 10 — 15 years old, respectively) (Forns et al., 2018,
Fuertes et al., 2016), and some evidence of an effect on ASD (Chun et al., 2020, Pagalan et al., 2019,

Raz et al., 2015).

Whilst there is some uncertainty surrounding the specific impacts of prenatal exposure to air pollution,
the general picture of the vulnerability of pregnant women to air pollution is clear. Despite the
substantial body of evidence showing detrimental impacts of prenatal exposure to air pollution on
infants and children, there is little evidence of how pregnant women could reduce their exposure to
air pollution. As even relatively low concentrations of air pollution which are found in HIC are linked
to negative outcomes in mother and child, there is a need to create clear, actionable and accessible
evidence-based recommendations for the reduction of pregnant women’s exposure to air pollution

to prevent significant health burdens in early and later life.

6.2 The case for exposure reduction interventions

The need for interventions to reduce personal exposure to air pollution is not immediately obvious,
especially since emission reduction strategies are an effective method of reducing exposure to air
pollution for large swathes of the population (Carlsten et al., 2020, World Health Organization, 2020,
Laumbach et al., 2021). A further argument against personal interventions is that reducing personal
exposure is not an equitable approach, as not every individual will have access to an intervention, and
it can place a burden of discomfort, cost, and inconvenience on an individual (Laumbach and Cromar,

2022). The onus should not primarily be on the population to reduce their exposure, especially not on
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a vulnerable subgroup such as pregnant women, but on the emitter of said air pollution to reduce
emissions. However, progress on emission reduction is slow. Exposure to air pollution can have a
substantial burden on an individual’s health, and when upstream interventions are insufficient and
don’t effectively reduce exposure, empowering individuals to act on their own behalf can have a
significant positive impact (World Health Organization, 2020). Even with effective measures in place,
as there is no safe lower limit for air pollution (Pope et al., 2015), there may always be a case for

interventions to reduce exposures further, especially in vulnerable people.

Interventions for air pollution exposure reduction are usually aimed at disrupting the pathway from
the source to the inhalation or dose of air pollution (Laumbach and Cromar, 2022). In order to
effectively reduce an individual’s exposure, it isimportant to understand what their personal exposure

consists of and how this relates to their own norms, behavioural, financial, and social situation.

6.3 Prenatal exposure and maternal behaviour

In the case of pregnant women, most studies (including this thesis) have employed modelling
techniques to understand ambient air pollution exposure using assumptions about time-activity
patterns and generally neglecting subjects’ spatiotemporal mobility (Nyadanu et al., 2022). Several
studies used measurements or combined measurements with modelling efforts to understand
prenatal exposure to air pollution, though these measurements were often made at local
measurement sites or only at specific time points during pregnancy (Ha et al., 2020). A slightly dated
study found moderate agreement between short-term personal exposure measurements and
estimates using LUR models and interpolation of ambient monitors (Nethery et al., 2008). There have
been studies to understand HAP exposure in LMICs (Johnson et al., 2022), but there is a lack of
understanding of personal exposure to air pollution throughout pregnancy in a maternal cohort in a
HIC. A few studies have conducted measurements of personal exposure at various time points
throughout pregnancy (Ghassabian et al., 2023), and some have considered urine metabolites (Lozano
et al., 2022, Boyle et al., 2016), however, a more comprehensive effort would give greater insights

into opportunities for intervention.

There is little evidence of time-activity patterns of pregnant women and how these change during the
course of pregnancy. A study from 2009 collected time-activity data for 62 pregnant women in Canada
up to three times during pregnancy, with no data collected in the first trimester (Nethery et al., 2009).
Pregnant subjects were compared with a group of non-pregnant female controls. Pregnant women
spent more time at home the further the pregnancy progressed, and those out of work, from lower

income groups, and with previous children also spent more time at home during pregnancy. No other
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behaviour such as time spent outdoors or in transit was related to pregnancy status or the progression

of pregnancy.

6.4 Types of exposure environments and existing guidance
Air quality information and air pollution exposure reduction guidance in the UK is combined with
advice for exercise (Department for Environment Food & Rural Affairs (DEFRA), https://uk-

air.defra.gov.uk/air-pollution/dagi). The advice is tied to the Daily Air Quality Index (DAQI), which

ranges from Low (DAQI of 1 —3), Moderate (DAQI of 4 — 6), and High (7 —9), to Very High (DAQI of 10).
Each of these values is accompanied with behavioural advice, particularly for outdoor air pollution

exposure and divided into advice for the at-risk individuals and the general population (Figure 6.1).

Air

i Accompanying health messages for at-risk Accompanying health messages for the
Pollution Value . .
i individuals* general population
Banding
I_o_v\.r 2 Enjoy your usual outdoor activities. Enjoy your usual outdoor activities.
Moderate  4-6 Adults and children with lung problems, and Enjoy your usual outdoor activities.
adults with heart problems, who experience
symptoms, should consider reducing strenuous
physical activity, particularly outdoors.
High 7-9 Adults and children with lung problems, and Anyone experiencing discomfort such
- - adults with heart problems, should reduce as sore eyes, cough or sore throat
strenuous physical exertion, particularly outdoors, should consider reducing activity,
and particularly if they experience symptoms. particularly outdoors.
People with asthma may find they need to use
their reliever inhaler more often. Older people
should also reduce physical exertion.
Very High 10 Adults and children with lung problems, adults Reduce physical exertion, particularly
= with heart problems, and older people, should outdoors, especially if you experience
avoid strenuous physical activity. People with symptoms such as cough or sore throat.

asthma may find they need to use their reliever
inhaler more often.

Figure 6.1: Daily Air Quality Index and recommendations for at-risk individuals and the general

population in the UK, reproduced from https://uk-air.defra.qov.uk/air-pollution/daqi (Department for

Environment Food & Rural Affairs (DEFRA)).

Pregnant women are not categorised as part of the at-risk individuals unless they have underlying
heart or lung problems. When planning strenuous activity outdoors it is also advised that at-risk
individuals check the air pollution forecast, which provides an indication of the air pollution levels to
come in the following days. This advice could readily be extended to include pregnant women, who
are vulnerable to the effects of air pollution and may be classifiable as at-risk individuals. However,

there is a need to balance the beneficial effects of outdoor exercise with the harmful effects of air
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pollution exposure in this messaging, as the inhaled dose can be higher when using active travel modes
compared with travelling by car or public transport (Nyhan et al., 2014). A 2017 review of ambient air
pollution exposure according to mode of transport found higher exposures for active commuters but
also higher life expectancy, suggesting that the beneficial effects of exercise outweighed the negative
effects of high air pollution exposure (Cepeda et al., 2017). A review from 2021 similarly concluded
that in the active transport environment the benefits of physical activity outweigh the risks of air
pollution exposure (Tainio et al., 2021). The authors pointed out, however, that the evidence is very
limited for LMICs and for sensitive subpopulations, including pregnant women. The evidence for

exercise and air pollution may therefore not be generalisable to pregnant women.

Air quality information and air pollution exposure reduction guidance is rarely extended to other areas
of life, such as inside the home, the travel microenvironment, and inside schools, where people spend
significant amounts of time. Air pollution concentrations can be high in any of these environments
and can contribute a significant share of daily exposure. For example, a review of previous studies
found that despite the fact that most people spend only a short amount of time each day travelling or
commuting, exposure in this microenvironment can account for a sizeable share of daily pollution
exposure (Mitsakou et al., 2021). Over the six studies that were reviewed (Marshall et al., 2006, Kaur
et al., 2007, Roosbroeck et al., 2008, Dons et al., 2013, Dons et al., 2012, de Nazelle et al., 2013),
people only spent around 6% of their time travelling and yet they were exposed to around 30% of

their daily cumulative total exposure to air pollutants.

Indoor environments such as the home or the workplace may also differ substantially in their
contribution to total exposures, depending on various factors such as behaviour, occupation, and
socioeconomic status (Kelly and Fussell, 2018, Flanagan et al., 2019). Occupational exposure is
regulated by workplace exposure limits and exposure must be controlled to be as low as is reasonably
practicable (Health and Safety Executive, 2020). The workplace exposure limits for air pollutants are
very high compared with the concentrations that have been linked to health effects on mother and
child, though workplace limits only apply over 15-minute and 8-hour periods and are decided by
evidence of short-term effects. In the USA, 90% of women remain employed during pregnancy (United
States Census Bureau, 2011), which means workplace exposure could contribute significantly to air
pollution exposure during pregnancy. In the UK, workplace risk assessments have to be carried out to
protect pregnant workers, though this does not entail more stringent air pollution exposure limits
than for non-pregnant workers (Health and Safety Executive,

https://www.hse.gov.uk/mothers/employer/risk-assessment.htm).
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The home environment is viewed as a protected space, and people mistakenly believe they are not
exposed to air pollution in their homes as they see it as an outdoor problem (Kelly and Fussell, 2018).
As outlined above, pregnant women spend more time at home than the average person of similar age.
Therefore, the home environment should be a focus for reducing pregnant women’s exposure to air
pollution, yet, to date, there is no guidance or advice for pregnant women to reduce their exposure
to air pollution in the home environment. Spreading information about key contributors to air
pollution exposure and sharing the tools to reducing exposure is essential in improving outcomes
related to air pollution exposure in pregnant women. In the next section | will introduce the

interventions that are available and have been shown to reduce personal exposure to air pollution.

6.5 Interventions to reduce personal exposure to air pollution

6.5.1 Interventions in outdoor behaviour

There are many actions available to an individual to reduce their exposure to air pollution. As
mentioned above, the DAQI is used to communicate risk about concentrations of outdoor air pollution
in the UK. Checking the air quality forecast and planning strenuous activities on days that have low
levels of outdoor air pollution could effectively reduce exposure, especially since breathing rates and
air intake are highly elevated during even moderate exertion. This leads to much higher doses of air
pollution exposure in those who are exercising compared with people who are sedentary or doing less
strenuous modes of exercise such as walking (Nyhan et al., 2014). Staying indoors and avoiding high
outdoor air pollution days could therefore have a high impact on exposure, however, there is little
evidence linking modified behaviour depending on outdoor air pollution levels with health benefits.
In a study conducted in London, walking beside a busy road was associated with fewer short-term
gains in lung function than walking in a park in healthy adults and patients with COPD or ischaemic
heart disease (Sinharay et al., 2018). Exercising away from busy roads and high levels of TRAP could
significantly reduce exposure to air pollution. The ideal time of day to exercise is not entirely clear, as
ozone concentrations are lower in the morning but exposure to TRAP may be higher (Mitsakou et al.,
2021). However, it is important not to overcomplicate the advice, as exercise throughout pregnancy
is associated with preventing pregnancy related disorders and improving outcomes for both mother

and child (Ribeiro et al., 2022).

6.5.2 Transport interventions

The transport microenvironment can contribute significantly to daily cumulative exposure to air
pollution (Mitsakou et al., 2021). In a review of urban transport microenvironments, Mitsakou et al
(2021) found that active transport was associated with lower exposure to air pollution compared with

motorised transport when the car windows were open. When the windows were closed and
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ventilation was changed to recirculation mode, particulate air pollution concentrations were lower
than in active travel modes. This comparison also depended strongly on where active travel took place.
If pedestrian and cyclist routes were separated from the road, exposures decreased, even with only a
few metres of separation. Public transport exposures, which consisted of measurements on trains and
buses, were generally comparable to those in active travel and depended on factors such as route, air
filtration, and location and frequency of stops. The mix of pollutants also differed between modes,
with especially particulate matter exposures being dependent on filters inside vehicles and opening
or closing windows. This review did not consider inhaled doses, which are likely significantly higher in

active travel modes compared with motorised and public transport.

Exposure reduction advice in the transport microenvironment can be highly complex and be different
for different microenvironments and situations based on this evidence. For example, when driving
through areas with high concentrations of air pollution such as busy intersections or tunnels reducing
air inflow into your vehicle by closing the windows and setting the ventilation settings to recirculate
lowers concentrations inside the car (de Nazelle et al., 2017, Cepeda et al., 2017). This needs to be
balanced against CO, concentrations inside the cabin, as high CO, concentrations due to lack of
ventilation can impair concentration (Hudda and Fruin, 2018). Ventilation of the cabin should be done
in areas with low air pollution concentrations, which may be difficult to estimate without significant
expertise. Thus, advice related to driving behaviour may be too nuanced and complex to give to
pregnant women. It is evident that active travel holds many benefits for pregnant women, especially
when undertaken away from pollution sources such as busy roads (Carlsten et al., 2020, Ribeiro et al.,
2022). However, there is a lack of evidence comparing the benefits of active travel with the potentially

detrimental effects of increased inhaled dose of air pollution on pregnant women and their offspring.

Wearing a face mask or a respirator may be a method of reducing exposure to particulate matter.
There is a limited amount of evidence to suggest that this is the case, and efficacy is strongly
dependent on proper usage to ensure tightness of fit (Rengasamy and Eimer, 2011). Further, it has
been suggested that wearing a facemask makes an individual feel protected from the harmful effects
of air pollution which could make them linger for too long in highly polluted areas, whereas the actual
level of protection is uncertain (Huang and Morawska, 2019). The usage of respirators has been linked
to some benefits on cardiovascular health, such as short term reduction in blood pressure and
increased heart rate variability (Langrish et al., 2012, Langrish et al., 2009, Morishita et al., 2019, Shi
etal.,, 2017). No studies have been conducted on long-term use of respirators or face masks and effect
on clinical outcomes, nor have studies examined the effect of using loose-fitting masks to reduce
exposure (Laumbach and Cromar, 2022). One study suggested there may be adverse effects of wearing

a mask or respirator, such as discomfort, stress, headaches, and dermatitis (Johnson, 2016). When

108



comparing physiological and subjective responses to wearing a N95 filtering facepiece respirator in
pregnant women compared with nonpregnant women, no differences were found (Roberge et al.,
2014). To be able to recommend the usage of facemasks and respirators in pregnant women, more
evidence is required balancing the possible detrimental physiological and psychological effects of

wearing masks with the thus far unexplored short and long-term benefits during pregnancy.

6.5.3 Indoor interventions

Indoor air is a mixture of outdoor air infiltrating into a building and combining with indoor sources in
a process affected by indoor chemistry (Air Quality Expert Group, 2022). Indoor sources of air pollution
include emissions from building materials, cleaning products, personal care products, cooking,
environmental tobacco smoke (ETS), and biological sources such as human metabolism, pets, house
dust mites, and mould (Kelly and Fussell, 2018, Gonzalez-Martin et al., 2021). Polluted outdoor air
enters buildings and can worsen indoor air quality, and the rate of infiltration is highly dependent on
the building type, openings and gaps in the building envelope, and whether natural or mechanical
ventilation is employed (Nazaroff, 2021). Being inside a building can be protective and reduce
exposure, especially in the case of high outdoor air pollution and low indoor-outdoor ratios (Laumbach
and Cromar, 2022). The increased airtightness of modern buildings decreases infiltration of outdoor
air pollutants but may come at a trade-off with lower ventilation rates unless mechanical ventilation
is employed. Adequate ventilation is important to prevent build-up of indoor air pollutants as well as

moisture levels which could lead to mould problems (Air Quality Expert Group, 2022).

Mechanical ventilation systems are often equipped with air filtration systems such as HEPA filters.
HEPA filters are the most commonly used indoor air cleaner system and are over 95% efficient in
removing particles of all sizes (Bliss, 2006). Particle filtration systems have been shown to reduce
exposure to particulate matter by between 20 to 70%, and lower exposures to infiltrated outdoor air
have been linked to decreases in morbidity and mortality (Fisk, 2013, Cheek et al., 2021). Barn et al
(2018b) equipped the homes of pregnant women with portable air purifiers between on average 11
weeks gestation and birth in Mongolia, which reduced overall concentrations of PM, s inside homes
by 29%. The researchers found no evidence of an effect of the intervention on parent reported
behaviour problems and little impact on autism-related behaviour scores in children four years of age
compared with a control group (Enkhbat et al., 2021, Enkhbat et al., 2022), however, they found an
increase in birth weight in term born babies (Barn et al., 2018a), an increase in full-scale intelligence
guotient at age four (Ulziikhuu et al., 2022), and a decrease in weight in two year old children in the
intervention group (Tamana et al., 2021). This intervention indicates some benefit of using air filters
to reduce prenatal exposure to air pollution. Air purification only started near the end of the first

trimester, and filter effectiveness was reduced by 50% after 5 months, indicating that with proper
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maintenance of the equipment and an earlier start date exposures might have been decreased more
effectively. The concentrations of air pollutants in this study were very high and this finding may not

be directly comparable to HIC with lower concentrations.

Gaseous pollutants are not removed by HEPA filters. There are many different types of indoor air
purification systems that attempt to remove particulate matter as well as gaseous pollutants, some of
which produce harmful by-products such as ozone (US EPA, 2018). Activated carbon filters may
provide some effect in reducing indoor exposure to gaseous pollutants without producing any harmful

by-products.

Awareness of the effect on air quality of chemical-emitting consumer products such as candles,
compressed aerosol devices, and personal care products is important to ensure adequate source
control indoors (Air Quality Expert Group, 2022). Replacing combustion appliances such as gas cookers
with electric equivalents and using an extractor fan and ensuring adequate ventilation when cooking
will further reduce emissions. Introducing legislation to restrict indoor emissions of air pollution would

provide benefits for public health for the entire population, including for pregnant women.

6.6 Behavioural change in pregnant women

The pregnancy period is seen as one where women are especially susceptible to health advice and are
likely to implement behavioural changes in favour of their own health and their child’s health (Zinsser
et al., 2020). Current UK guidelines recommend that pregnant women are given lifestyle advice during
antenatal appointments (National Institute for Health and Care Excellence, 2021). There are many
behavioural and lifestyle changes that women are advised to adopt at the onset of pregnancy and
keep up throughout pregnancy, including changes in routine care, abstinence from alcohol and
tobacco consumption, changes in physical activity, and improved diet (Zinsser et al., 2020). These
changes are considered vital for the health of the mother and child. Intervening in the early stages of
pregnancy may improve health outcomes for both mother and child through pregnancy and beyond
early life of the child, depending on how effectively behavioural changes are adopted (Rockliffe et al.,
2021). Incorporating advice about the impacts of prenatal air pollution exposure and how to reduce
exposure into national guidelines may be an effective method of communicating the health risk to

pregnant women.

Disseminating information about the risk is crucial. Further, pregnant women need to be given the
tools to make informed choices to reduce their exposure, and key to this is making air quality data
accessible (McCarron et al., 2023). The UK and especially London has one of the most extensive
networks of ambient air quality monitoring sites globally, which provides information about air

pollution concentrations and is readily accessible to anyone. As described above, air quality
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information is usually provided in the form of an air quality index such as the DAQI in the UK, in order
to decrease the level of complexity of the information. In most other locations reliable information
about air quality is much more inaccessible, and the quality of the data may not be as high (OpenAQ,
2020). AQl metrics may vary between countries and may not accurately represent the scientific
evidence on health impacts of air pollutant concentrations and exposure (Kanchan et al., 2015). For
example, the DAQI may indicate that air quality is “good” at concentrations that have been evidenced
to impact upon the health of the general public, as well as the health of pregnant women and their

offspring, risking miscommunication with this vulnerable group.

The perceived level of personal vulnerability or susceptibility may be a barrier to behaviour change,
which increases the importance of communicating the risk of air pollution exposure to pregnant
women (D'Antoni et al., 2017). Moreover, being able to access air quality data does not automatically
lead to behavioural change which decreases exposure to air pollution, even when being alerted to

high pollution days (Noonan, 2014).

Ensuring lasting behavioural change which reduces exposure effectively is a complex endeavour. No
single change in behaviour will eliminate personal exposure, and as there is no known risk-free level
of air pollution exposure even the target level is uncertain (Pope et al., 2015). According to McCarron
et al (2023), air quality dissemination strategies and engagement tools beyond making data accessible
to the public are needed. Personal exposure measurements have in previous studies increased the
awareness of the threat of air pollution and also resulted in increased awareness of the connection
between exposure and behaviour (Wong-Parodi et al., 2018). Further, and more importantly, subjects
in some studies took protective action after taking part in personal exposure studies, including keeping
the car windows closed and reducing idling, as well as no longer walking on busy roads (Bales et al.,
2019, Heydon and Chakraborty, 2020). In a study conducted on school children in London, after a
personal measurement campaign and information dissemination about the detrimental impacts of air
pollution exposure, 98% of children said they were aware of the problem of air pollution. In total 31%
of children reported altering their route to school to reduce their exposure after the intervention, and
24% of parents responded similarly (Varaden et al., 2021). A personal exposure study in Barcelona,
Spain, increased motivation and awareness of the problem of air pollution in a group equipped with
monitoring devices compared with a control group, yet both groups felt a lack of controllability and
self-efficacy with respect to reducing personal exposure (Oltra et al., 2017). As far as I’'m aware, no
personal exposure studies including pregnant women in order to reduce their exposures were
conducted to date. One study examined the efficacy of a behavioural strategy to minimise air pollution
exposure in pregnant women in Tehran, Iran, however no air pollution measurements were taken

(Araban et al., 2017). This study recruited pregnant women and disseminated information about the
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dangers of outdoor air pollution and sent daily reminders via text message to stay inside to reduce the
subjects’ exposures, with no intervention in a control group. This intervention was effective in
increasing time spent indoors in the intervention group, however, what effect this had on exposures

and outcomes was not investigated.

McCarron et al (2023) suggests that pairing personal exposure data with enhanced participatory
engagement, creating a dialogue between researchers and community, is an effective way of enabling
exposure reduction behaviour. Further, co-producing personal exposure studies and exposure
reduction interventions with the community led to solutions designed around the need of the
community (West et al., 2021). As a unique cohort facing unique challenges, pregnant women’s needs

and problems must be considered in any interventions to reduce their exposure to air pollution.

In a scoping review of behaviour change in pregnant women conducted by Zinsser et al (2020)
behaviour change programs which prioritised empowerment of pregnant women as well as improving
their skills and competencies was highlighted as an effective method for behaviour change. Further,
the role of midwives as healthcare professionals that can support and drive this change was
emphasized. As they play a major role in antenatal care and support self-efficacy and enhance health
equity (World Health Organization, 2015), midwives may be able to facilitate behaviour change where
other health care professional can’t (Zinsser et al., 2020). Educating midwives about the dangers of
prenatal air pollution exposure and facilitating them to pass this information on to pregnant women
may therefore be a possible approach in enabling pregnant women to lower their exposure to air

pollution.

6.6.1 Lessons from interventions in nutrition

It is recommended that pregnant women change their nutritional intake during pregnancy, and
guidance should be given during antenatal care visits (National Institute for Health and Care
Excellence, 2021, National Institute for Health and Care Excellence, 2014). A significant share of
women of childbearing age (19 — 49 years old) in the UK are on average deficient in several key
micronutrients (Derbyshire, 2018). The magnitude of deficiency is higher in women of low
socioeconomic status and previously obese women (Charnley et al., 2021). Poor maternal nutritional
status is a risk factor for fetal complications and poor neonatal outcomes comparable to those related
to maternal exposure to air pollution, such as preterm birth and low birth weight (Rogne et al., 2017,

Chia et al., 2019).

Interventions in maternal diet during pregnancy are commonplace (Taylor et al., 2017, Zinsser et al.,
2020), and lessons learned may be valuable for interventions to reduce maternal personal exposure

to air pollution. A key difference is that the awareness of the importance of nutrition during pregnancy
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is high (Blondin and LoGiudice, 2018), whereas the awareness of sources and effects of air pollution is
rising but comparatively low in the general population (Ramirez et al., 2019, McCarron et al., 2023),
and there is no evidence of the level of awareness among pregnant women. It is likely that knowledge

about the need to reduce exposure to air pollution during pregnancy is not widespread.

Nutritional assessment and appropriate interventions are effective beginning in the preconception
period (Dean et al., 2014), and throughout pregnancy, but especially in the early stages of pregnancy
(Carbonneau et al., 2022). The impacts of improved nutrition, as well as adoption of behavioural
change were strongest when interventions took place in the first trimester of pregnancy. The quality
of antenatal care was an important factor, higher frequency of visits to a dietitian were related to
adverse health effects in a multi-ethnic, low-income, high-risk group of pregnant women (Carbonneau
et al.,, 2022). The researchers traced this finding to the lack of personalised advice given by the
dietitian, as well as reliance on outdated health guidelines. An individual’s exposure to air pollution is
highly personal and depends on many environmental and behavioural factors, and changes in air
quality may require a modification in guidance (Laumbach and Cromar, 2022). Introducing personal
exposure reduction guidance as a component of antenatal care will therefore require personalised

care using up to date information.

Attendance at online group sessions was a predictor of beneficial impacts of an intervention (Rhodes
et al., 2020). In this review of digital interventions in pregnant women, exclusively digital interventions
were found to be less effective than interventions containing an interpersonal engagement element.
Using behavioural change techniques in an interpersonal online environment, as well as providing
feedback on progress throughout pregnancy drove engagement and increased the effectiveness of
the interventions. However, there was no clear evidence of an impact from use of online group forums
for participants. This evidence supports the need for interactive expert care throughout pregnancy
when trying to enact behavioural change, which needs to be considered when planning air pollution

exposure reduction guidance.

Information campaigns are seen as effective methods of disseminating information to allow
individuals to improve their decision making concerning their health with increased awareness of the
risks associated with unhealthy behaviour (de Chaisemartin et al., 2011). A campaign running since
2005 in France to increase folic acid intake in women of childbearing age, including pregnant women,
in order to reduce the incidence of neural tube defects (Lamoureux, 2005), had a small, statistically
significant effect (Herrera-Araujo, 2016). The information was shared with at risk individuals and
caregivers to women of childbearing age such as generalists, gynaecologists, nurses, and pharmacists

and was consequently seen as highly credible by the target group. Similar public information
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campaigns for air pollution exposure targeted towards high-risk individuals in childbearing age as well

as their caregivers could have beneficial effects.

6.7 Preliminary recommendations for interventions to reduce personal exposure

to air pollution in pregnant women

Drawing on interventions in maternal nutrition and the effectiveness of behavioural change
interventions in pregnant women, | conceived several suggestions for personal exposure reduction
interventions and categorised by the strength of the available evidence as well as cost of the
intervention (Figure 6.2). Taking action prior to pregnancy or in the early stages of pregnancy improves
efficacy of interventions and this time period should be prioritised (Rockliffe et al., 2021). Not
quantified is the complexity and difficulty of implementing these interventions, as well as potential
side effects that may occur. Some of these actions might be impossible for individuals to take, due to

their ability, financial situation, or due to cultural and social factors (McCarron et al., 2023).

Community led exposure studies which encourage strong participatory engagement with an open
dialogue between researchers and community show great promise of increasing uptake of
interventions to reduce pregnant women’s exposure to air pollution (Varaden et al., 2021). Combining
this implementation strategy with simple, cheap, and well evidenced interventions such as increasing
ventilation after cooking or installing mechanical air purification systems indoors or inside cabins of
vehicles may lead to reduced exposure to air pollution (Lim et al., 2021, Laumbach and Cromar, 2022).
However, exposure studies are usually small in scale and may not be able to reach large swathes of

pregnant women or women of childbearing age.

Sharing information about the risks of exposure to air pollution with caregivers can have a large reach
and may effectively prevent exposure to air pollution (Herrera-Araujo, 2016, Lamoureux, 2005). Digital
media campaigns have similar reach; however, the evidence of an effect is weak (Rhodes et al., 2020).
Some interventions are effective but come with a high financial cost which may deter action, such as
replacing a gas stove with an electric one. The evidence was unclear whether several interventions
had a positive effect on air pollution exposure. For example, electronic air filtration methods such as
ionizers, plasma air cleaners, or electrostatic precipitators can increase ozone concentrations whilst

removing particles, with the effect on total exposures depending on the environment (Liu et al., 2021).
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Figure 6.2: Diagram of interventions to reduce personal exposure to air pollution in pregnant women with information about the evidence of effect of implementations

strategies and interventions, as well as their reach and cost, respectively.
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6.7.1 Further considerations

Air pollution exposure reduction efforts are at their most effective on a population level when source
control measures are employed. However, even with source control measures in place, vulnerable
subgroups such as pregnant women may not be adequately protected, and personal exposure
reductions are desirable. Further, occupational limits are inadequate and do not effectively protect
pregnant women from high exposures. Waiting for legislation to be passed and for source control
measures to be enacted takes time, and personal exposure reduction measures can be effectively
enacted within a short time period. Some activities such as cooking lead to short-term very high peaks
in air pollution concentrations. These peaks may not affect long-term averages significantly but could
have adverse health effects in and of themselves, and reducing peak exposures can be effectively
achieved using personal exposure interventions. Personal exposure reductions should therefore be a
key component of maternal health care, but the benefit of an intervention must be balanced with the
cost. Some interventions can come at a significant financial burden, such as purchasing and
maintaining equipment such as air purifiers or respirators. Other interventions may have unwanted
side effects. Staying indoors can be recommended when outdoor air pollution is high, but when the
information communicated is unclear or incomplete this may come at the cost of physical activity or
lead to social isolation. Figure 6.3 shows the potential increase in individual burden and risk of
unintended harm from an intervention, even though air pollution exposure is reduced (Laumbach and

Cromar, 2022).
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Figure 6.3: Interventions and their contribution to exposure reduction by interrupting exposure
pathways. This chart depicts the path from sources of air pollution to the inhaled dose and shows the
increased burden and risk of unintended harm from the intervention to the individual. Reproduced

from Laumbach et al (2022).

Any interventions must therefore limit the negative impact on pregnant women as much as possible.
Equity issues must be considered, and any interventions should account for individual cultural,
educational, and socioeconomic context (World Health Organization, 2020). Information should be
made available for pregnant women to make informed decisions, and the current information base
specific to pregnant women is lacking. More stringent workplace air pollution exposure limits for
pregnant workers than for non-pregnant workers are justifiable by the evidence of effects on health
outcomes. However, without proper care this could create a barrier for women of childbearing age

and pregnant women to be employed.

6.8 Conclusions

Pregnant women and their children could benefit from reduced exposure to air pollution, and
behaviour change could have positive effects throughout the life course of both mother and child.
There is a need to inform and dispel common misconceptions, such as the idea that the indoor
environment is always a clean one. Studies that are co-produced with pregnant women, considering
their needs and pairing exposure data with participatory engagement, have shown the greatest effect
on behaviour change. The most cost effective and wide reaching interventions to reduce personal

exposure to air pollution should be trialled, however, the lack of evidence in key aspects of personal
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exposure reduction, such as behaviour characterisation and consideration of the burden of

interventions on pregnant women, needs to be resolved.
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CHAPTER 7 - GENERAL DISCUSSION

7.1 Overall summary

In this thesis, a high-resolution air pollution model created for London, the Air Pollution Toolkit, was
used to model ambient residential air pollution exposures during pregnancy for two cohorts, the
ePrime and dHCP cohorts. Both are neonatal MRI cohorts, using bespoke methods to obtain diffusion
and structural MRI at term equivalent age. Healthy, term-born, neonates were studied in the dHCP
cohort, and neonates born extremely preterm in the ePrime cohort. The diffusion imaging in the dHCP
cohort was processed using conventional DTl as well as NODDI, which gives unique insights into WM
microstructure. Measures to reduce exposures in pregnant women were investigated in a review of
the literature and recommendations were given for interventions. This chapter will consider the
results from three analysis chapters and one discussive chapter, discussing the data and analysis

methods used, the strengths, and limitations of this thesis as well as the potential for future work.

7.2 Analysis chapters

In the dHCP cohort, which consists of healthy, term born neonates, increased exposure to PMsg, and
decreased exposure to NO; was related to altered brain morphology. None of the other neonatal MRI
metrics studied in this thesis were related to prenatal exposure to air pollution. Prenatal exposure to
ambient PMjo has previously been associated with adverse birth outcomes (Nyadanu et al., 2022),
though impacts of increased exposure to PM,s have been more pronounced. PM; s has been found in
the placenta, as well as in fetal tissue, including in the brain (Bongaerts et al., 2022, Bové et al., 2019).
Fine particles are able to pass through the lungs and into the bloodstream, circulating to the fetus.
However, the coarse fraction of PMyg is only able to pass the trachea and can reach the lung, but not
the bloodstream (Fiordelisi et al., 2017). This indicates that the negative effect of prenatal PMig
exposure on neonatal brain morphology is not a local effect in the placenta or in the fetus, but an
effect on the mother which is affecting the fetus. Decreased exposure to NO, was related to altered
neonatal brain morphology. NO; is a gaseous pollutant, which passes through the upper respiratory
tracts to the distal airways where it causes local and systemic inflammation (Ackermann-Liebrich et
al., 2019). As with the effect of PMy, this suggests that the impacts of NO, on the mother impact upon

fetal brain development.

7.2.1 Air pollution exposure assessment
Air pollution exposures in this thesis were modelled using the air pollution toolkit (Kelly et al., 2011).
Modelling exposures enables getting estimate of many subjects’ exposures to air pollution over a long

period of time whilst minimising the financial cost and the time expended on this effort.
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However, air pollution modelling has limitations, which are important to consider. In this study |
modelled ambient residential exposures, which doesn’t take into account differences in the
spatiotemporal mobility of subjects, their indoor exposure, or inhaled dose of an individual which
could lead to non-differential exposure misclassification (Weisskopf and Webster, 2017, Park and
Kwan, 2017). The main types of non-differential exposure misclassification are classified as Berkson
and classical error. The Berkson type error, which may decrease the precision of an effect estimate,
does not introduce bias. Classical error, however, biases the effect towards the null. As the same
model is used for all subjects, the true exposures vary randomly around this proxy estimate, and the

error in this study is a Berkson type error (Zeger et al., 2000, Armstrong, 1998).

The air pollution toolkit considers several aspects of the microenvironment, modelling exposure in a
20 by 20 metre grid, and using data on road geography such as road type, street canyons and
motorways, the chemistry near roads, and whether the environment consists of green spaces or is
fully built up. This categorisation and approximation, as well as the size of the grid, may leave out
important aspects of a microenvironment, in part because the ambient environment is modelled, not
the indoor environment in which the subjects are likely to spend most of their time. As described in
the previous chapter, indoor air is a highly complex mixture of infiltrating outdoor air and indoor air
pollution sources such as building materials, cleaning products, personal care products, cooking,
environmental tobacco smoke (ETS), and biological sources such as human metabolism, pets, house
dust mites, and mould (Kelly and Fussell, 2018, Gonzalez-Martin et al., 2021). Indoor and personally
generated sources of air pollution may contribute significantly to an individual’s total exposure (Van
Roosbroeck et al., 2008). No previous studies comprehensively characterised personal exposure
during pregnancy using measurements. Peterson et al (2015, 2022) measured personal exposure to
PAHs during the third trimester for 48 hours and validated these measurements in a two-week
monitoring campaign in a subset of homes. The correlation between these measurements was 0.44,
indicating that residential measurements may differ substantially from personal exposure, which is
influenced by many individual factors. These may have had a strong effect as the personal monitoring
time period was very short in this study. The impacts on public health of indoor air pollution in HIC are
poorly understood and it is unclear what effect poor indoor air quality may have on pregnant women

and neonatal neurodevelopment.

Areas outside of the home indoor environment where individuals spend a significant amount of their
time include the work and transport microenvironments, which may have outsized effects on
exposures, with evidence for both increased and decreased exposures due to time spent in these
environments (de Nazelle et al., 2017, Reis et al., 2018, Yu et al., 2018). This effect may be somewhat

mitigated by the fact that pregnant women spend more time at home than non-pregnant individuals
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(Nethery et al., 2009). Whilst these are exposures that cannot be captured by most models, including
the Air Pollution Toolkit, modelling has advantages over personal monitoring other than reach and
cost. The predictors of an ambient exposure estimate are better understood, and uncertainties better
quantified and controlled for, than the individual behavioural predictors of personal exposure
(Weisskopf and Webster, 2017). For example, differences in personal behaviour may introduce
confounding to an association between personal exposure to air pollution and a health outcome,
whereas they would not introduce confounding to the association between the modelled exposure

and the health outcome (Hernan and Robins, 2010).

There was no statistically significant difference between average air pollution exposures in the ePrime
cohort or the dHCP cohort (p > 0.05), even though the timeframes were a few years apart (2010 —
2013, 2015 — 2020, respectively). Roadside air pollution concentrations in London decreased slightly
between 2010 and 2016 (Font et al., 2019), however, it is unclear if background concentrations also
trended downwards. The introduction of the Ultra Low Emission Zone (ULEZ) in 2019 decreased
concentrations of PMio, PM3s, and NO; in central London, with the highest reduction seen for NO,
(Greater London Authority, 2019, Greater London Authority, 2023). This area in London covers around
100000 people, and none of the subjects of both the dHCP and ePrime cohorts resided in this area,
and only 19 (4%) of subjects in the dHCP cohort were born after April 2019, which was when the ULEZ
was first introduced. There may have been some impact from vehicles being upgraded outside of the
ULEZ and prior to its introduction, as the introduction was first announced in 2017 and surrounding
residents may have acted early in replacing their vehicles. Apart from the study by Font et al (2019) it
is unclear how air pollutant concentrations as well as the chemical composition of PM changed in
Greater London throughout the study period, and whether this may have had an impact on the results
of this thesis. This could be analysed in future studies using data from the Marylebone Road and Honor

Oak Park monitoring sites in London, which both record particle composition.

For a significant share of subjects within both the ePrime and the dHCP cohort the range of the
pollution model did not reach the residence, as the Air Pollution Toolkit is only capable of modelling
air pollution concentrations within Greater London. Subjects outside of Greater London therefore had
to be excluded from the analysis. While this lowered the number of subjects and imaging data
available, including only subjects residing within Greater London reduces inter-subject variability of
factors which may have affected the results, such as particle composition which is strongly influenced
by local sources and differs between environments (Kundu and Stone, 2014). Urban PM is associated
with greater health risks as well as greater neurotoxicity, which is suspected to be due to the high

toxicity of TRAP (Costa et al., 2017, Alemayehu et al., 2020).
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7.2.2 Cohort data

As part of the data collection for the dHCP cohort information on the highest age of maternal
education was gathered. It was established that this data could not correctly estimate maternal
education as women in this cohort may have attended courses, university, or other forms of formal
education later in life without it being a clear signifier of the overall level of education. The IMD was
used instead for all subjects to quantify socioeconomic status, which created an equal baseline
between ePrime and dHCP cohorts. The median IMD of the dHCP cohort was 4, and 3 for the ePrime
cohort, which means that there was a significant difference in socioeconomic status between cohorts.
Increased income in pregnant women was associated with decreased time spent at home in another
study (Nethery et al., 2009). Whilst IMD is not purely an index of income and encompasses other
factors such as employment and education, this may be an indication that residential modelling of air

pollution exposures more accurately reflects the exposures of pregnant women of lower IMD.

The dHCP subjects’ residences were more concentrated around Lambeth and Southwark in central
and south London and St. Thomas’ Hospital, whereas the ePrime subjects’ residences were more
spread out around west and south London and the Queen Charlottes & Chelsea Hospital (Figure 13
and Figure 20, in Chapters 3 and 5, respectively). Few subjects in either cohort resided in north and
northeast London. Maternal residence information was collected at a single time point upon
recruitment to the ePrime and dHCP cohorts, which occurred during pregnancy. Residential subject
mobility during pregnancy was not captured. This may have introduced a degree of exposure
misclassification, as subjects may not have lived at the same address throughout pregnancy. One
review found that 14 to 32% of the population move during pregnancy, with a median of 24% across
studies (Bell and Belanger, 2012). Two studies based in the UK found residential mobility rates of 15
(Pearce et al., 2008) and 16% (Tunstall et al., 2010), respectively. Evidence on the timing of the move
in pregnancy shows a higher percentage moving in the second trimester than the first or the third (Bell
and Belanger, 2012). This misclassification may introduce random variation in the dataset which
reduces the power to detect associations. Further, there is some evidence that families with lower
socioeconomic status move more often during pregnancy, which would lead to differential variation
in the dataset (Tunstall et al., 2010, Bentham, 1988). One study conducted in the Netherlands
indicated that pregnant women are more likely to move over short distances than nonpregnant
movers (Michielin and Mulder, 2008), which may reduce the degree of exposure misclassification,

depending also on the spatial heterogeneity of the pollutant in question.

7.2.3 Analysis method
In this thesis | used CCA to assess the relationship between prenatal exposure to air pollution and

neonatal neurodevelopment as assessed by structural and diffusion MRI in both a cohort of healthy,
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term born, neonates and a cohort of preterm neonates. Initially, linear regression analysis was
performed to assess this relationship, however, the characteristics of air pollutants and the fact that
many air pollutants have the same sources make them highly correlated, which makes the use of
standard statistical methods complex (Billionnet et al., 2012). Regression especially tends to be
unreliable when variables are highly correlated, leading to unstable and inaccurate results (Kiers and
Smilde, 2007). Therefore, single pollutant linear regression analysis was used to explore the
associations, avoiding the issue of correlation between pollutants by only including a single pollutant
in each analysis. However, this approach does not address collinearity between brain MRI data, nor
does it sufficiently explore the complexity of the multiple air pollutants that subjects were exposed
to. Multiple pollutants may have additive or synergistic effects on health which can lead to difficulty

in interpreting single pollutant models (Vedal et al., 2003).

Multiple time varying exposures have previously been related to birth outcomes, and single pollutant
models have been found unable to characterise the complex associations (Wilson et al., 2019). CCA
was chosen as the statistical analysis technique for these analyses due to its ability to incorporate a
large number of correlated variables and because it is a proven method and has been widely applied
in neuroscientific applications (Zhuang et al., 2020, Wang et al., 2020). Despite being computationally
complex, CCA is able to assess the joint multivariate linear relationship between modalities and has
been shown to be an effective data driven analysis method. It allows interpretation beyond techniques
that assess one to one or many to one relationships. CCA is capable of incorporating non-normally
distributed variables (Wang et al., 2020). To ensure that non-normality does not impact upon the CCA
Spearman’s rank correlation coefficient was used, which is a non-parametric test of correlation. CCA
is therefore a suitable method to evaluate the impact of prenatal exposure to multiple air pollutants

and the effects on neonatal brain health as assessed by MRI.

7.3 Reducing pregnant women’s exposure to air pollution

In my final results chapter, | outlined the evidence around personal exposure reduction for pregnant
women, explaining why personal exposure reduction beyond source mitigation is necessary, especially
for vulnerable cohorts. | discussed the existing evidence on personal exposure reduction in general
and combined this information with the literature on behaviour change in pregnant women, and
implementation strategies of nutritional intervention efforts in pregnant women to generate a
diagram (Figure 6.2). The diagram makes suggestions for interventions to reduce personal exposure
to air pollution in pregnant women with information about the evidence of effect of implementations

strategies and interventions, as well as their reach and cost, respectively.
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Itis clear that air pollution can contribute to health conditions in pregnant women and their offspring.
Source control measures are being implemented in some locations such as in London, and progress
here has been remarkable (Hajmohammadi and Heydecker, 2022), but elsewhere efforts to reduce air
pollution exposures have been sparse. So far there has been very little evidence to turn to for women
of childbearing age in order to protect themselves as well as their children. This chapter was written
to provide an initial guideline for policy makers and pregnant women, and all the suggestions are
based on existing evidence. However, the nutritional interventions were implemented for the benefit
of pregnant women and the air pollution exposure reduction interventions were studied in non-
pregnant cohorts, therefore none of the proposed air pollution exposure reduction interventions were
trialled on pregnant women specifically, and they can only be seen as suggestions, and not
recommendations. Cost effective interventions with the strongest evidence of an effect, as well as
those with high reach should be trialled and assessed for their impact on reducing exposure to air
pollution in pregnant women. A systematic study investigating pregnant women’s behaviour and
consequent personal exposure would provide more insight into which interventions would be the
most effective. Further, those interventions in which the evidence of an effect was classified as

contended should be further investigated to clarify their effect on reducing exposures.

It is essential that not just the short-term impact of any intervention on pregnant women’s behaviour
and the resulting reduction in personal exposure is quantified, but also how effective these
interventions are in the long term. There is evidence that interventions can have an immediate impact
on behaviour which leads to exposure reduction (McCarron et al., 2023). However, most studies only
assess how effectively any behavioural changes were adopted in the short-term, and don’t conduct
any follow up reviews to evaluate the longevity of the impact on behaviour of an intervention. The
pregnancy period has been established as a period in which women are especially susceptible to
behavioural change (Zinsser et al., 2020), however, there is a risk that the improved behaviour and
consequent reduced exposure to air pollution could be reduced or reversed once the pregnancy
period is over (Rockliffe et al., 2021). While the pregnancy period is an especially vulnerable period, it
is important that subjects are informed about the long-term benefits of reducing one’s personal

exposure to air pollution.

7.4 Statistical limitations

7.4.1 CCA

One of the factors which may have had an impact on the results are the limitations of my analysis
technique. CCA can only yield accurate and useful model fits when the number of observations is

higher than the number of variables (Giraud, 2021, Hastie et al., 2015). This is the case in all my
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analyses; however, the number of diffusion MRI variables is high compared to the number of
individuals in my analysis of the dHCP cohort. This may lead to difficulty of the CCA assessing latent
dimensions and may lead to error in deriving canonical vectors (Wang et al., 2020). An increased
number of variables in one or both sets of the CCA usually leads to increased canonical correlation. In
the case of the analysis of the diffusion MRI data in the dHCP cohort, no significant results were found.
Therefore, even if the high number of variables erroneously led to increased canonical correlation,

this did not impact upon the final result.

A second factor is related to the statistical relationships that CCA can assess in the underlying data.
CCA is a linear model, and it assumes additivity in the relationships between covariates, as well as
being limited in that it assumes and only detects a linear intermodality relationship (Zhuang et al.,
2020). If a non-linear relationship between the air pollution variables and neonatal MRI metrics exists,
it may not be detected. These analyses were driven by correlations, and any inferences and

interpretations on causalities are not possible.

7.4.2 Covariates and confounding information

A further limitation was lack of information on some confounding factors, such as noise. Noise levels
during pregnancy were not available for any of the cohorts, and noise pollution may be a confounder
for the health effects of air pollution. Modelling estimates of noise or using proxies such as stress
levels may constitute a useful contribution to adjust for confounders. However, a study on the effects
of air pollution on cardiovascular health found no change in results when noise was adjusted for
(Stafoggia et al., 2014). Whether this lack of confounding also applies to neurodevelopmental
outcomes is unclear. Smoking information was available for the dHCP cohort, and subjects with known
maternal smoking were excluded. Smoking information was not available for the ePrime cohort, and
as maternal smoking during pregnancy affects foetal neurodevelopment and is a risk factor for adverse
neurodevelopmental outcomes, this may have had an impact on the results of my analysis (Ylijoki et

al., 2019, Ekblad et al., 2015).

IMD does not include individual level variables of socioeconomic status, as it is modelled at postcode
level. It therefore does not fully adjust for factors that have been shown to influence fetal brain
development, such as maternal education. Ambient air pollution concentrations were also modelled
on postcode level. There may be more heterogeneity within postcodes than the Air Pollution Toolkit
is able to capture, even if postcodes in the UK are often of small size. Additionally, no information was
available on spatiotemporal subject mobility, which could lead to exposure misclassification. However,
people spend most of their time at home, and this is especially the case for pregnant women (Nethery

et al., 2009), which means any exposure misclassification that occurred was likely limited in its impact.
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Subjects may have moved home during the pregnancy period, which was not considered, and air
pollution concentrations were averaged over the entire pregnancy period and the individual

trimesters, which could mask effects of variations in short-term exposure.

My study analysed brain structure and WM microstructure at a single time-point in the neonatal
period. The neonatal brain continues its rapid development postnatally, and interpretation of an effect
on growth patterns and impacts on WM microstructural development over time is limited by the
design of my study because the single MRI measurement prevents drawing conclusions on potential

long-term effects of air pollution.

7.5 Conclusions and future work

To conclude, the research presented in this thesis is highly novel and it is the first time the impact of
prenatal exposure to air pollution on neonatal brain morphology and WM microstructure as
assessed by MRI was investigated. The results showed that increased prenatal exposure to PMj and
decreased exposure to NO; is strongly associated with an increase in the relative size of the
ventricles, modestly related to an increase in the relative size of the cerebellum, weakly associated
with an increase in the relative size of the GM, and amygdala and hippocampus, and weakly
associated with a decrease in the relative size of the brainstem and the extracerebral CSF in
neonates. | found no associations in the same cohort between prenatal exposure PM;s, PMyg, and
NO; and neonatal WM microstructure metrics MD, FA, Fiso, NDI, and ODI in 23 tracts. Further,
prenatal exposure to PM, s, PMio, and NO, was not related to any metric of neonatal brain
morphology or WM microstructure in infants born preterm. A strength of this study is the large
sample size for neonatal cohorts, which are comparable to cohorts in studies with MRI taken in
childhood. Further, bespoke imaging methods were used to obtain state of the art neonatal imaging,
and air pollution data was modelled using a validated high-quality ambient air pollution model.
Finally, the statistical method used allowed incorporation of three ubiquitous yet highly correlated
pollutants. This research is important as it shows that prenatal exposure to air pollution at levels
seen in HIC has effects on neurodevelopment that can be measured neonatally. This adds the
neonatal period to the body of evidence linking air pollution exposure to impacts upon
neurodevelopment throughout the life course, which previously spanned from childhood to old age.
It is also the first time specific interventions were suggested for pregnant women to reduce their
exposure to air pollution. These interventions were classified based on their scale, cost, and the
evidence of an effect on personal exposure reduction. The guidance given in this thesis for pregnant
women to reduce their exposure can be trialled by policy makers and pregnant women alike,

empowering this vulnerable cohort to protect themselves from the impacts of personal exposure to
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air pollution. It is clear that further to the mixed findings of this thesis, prenatal exposure to air
pollution impacts on maternal as well as fetal and infant health, and efforts must be made to

mitigate these impacts.

Several different areas of this research should be the focus of future work. Firstly, whilst the ePrime
and dHCP cohorts that were studied in this thesis are large for neonatal cohorts, they may not have
been large enough to find statistical associations in WM microstructure or in preterm born infants.
Further processing of MRI data in the dHCP cohort would allow a larger number of subjects to be
assessed and this would add statistical power to the research. Greater statistical power increases the
likelihood of rejecting a false null hypothesis (Serdar et al., 2021). Subjects had to be excluded due to
limited range of the air pollution model used. Using a model capable of estimating exposure for all
subjects in both the dHCP and ePrime cohorts would increase statistical power and may lead to more
robust associations. Combining the two cohorts into one analysis would also achieve an increase in
statistical power. However, as the subjects in the ePrime cohort were born extremely preterm, and
the subjects included in the dHCP cohort were term-born healthy subjects, this would likely have
introduced bias. MR imaging was conducted at term equivalent age for both cohorts. All subjects in
the ePrime cohort were born extremely preterm and were exposed to the ex-utero environment for
a longer period than the subjects in the dHCP cohort prior to imaging. In future work assessing the
impact of prenatal exposure to air pollution in preterm infants, adjusting for postnatal exposure
should be considered. As part of both the dHCP and ePrime follow up with subjects,
neuropsychological outcome data were collected. Future work should assess whether prenatal
exposure to air pollution impacts upon these outcome data, and whether any effect found on neonatal
neurodevelopment mediates the effects. Longitudinal studies with MRI taken at several time points
throughout early life are required to confirm the findings of this thesis as well as give insights into
causalities of the impacts of air pollution exposure. This would further allow an assessment of the
effects of air pollution exposure on brain development between the neonatal period and early

childhood, which has not been characterised.

A previous study by Lubczynska et al (2020) examined the impact of prenatal exposure to air pollution
on global FA and MD. The MD and FA data in the dHCP dataset were not processed for the purpose of
creating a global FA and MD metric, and creating a metric of global FA and MD would therefore
constitute a data reduction method with loss of information. Future work could construct a global
metric of FA and MD using a TBSS approach and assess the impact of prenatal exposure to air pollution
on neonatal global MD and FA. Further, previous studies found an effect of prenatal exposure to
pollutants not estimated in this study on brain morphology and WM microstructure in childhood

(Lubczynska et al., 2020, Lubczynska et al., 2021, Peterson et al., 2015, Peterson et al., 2022). This
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study did not assess silicone and PAHSs, and therefore it is unclear whether these pollutants impact
upon neonatal brain morphology and WM microstructure in term born or preterm born infants.
Moreover, it is also unlikely that this effect only becomes apparent in childhood, as Lubczynska et al
(2020, 2021) adjusted for postnatal exposure in their analysis. Essers et al (2023) found an impact of
being a carrier of the APOE €4 gene and having a high or low PRS for AD on associations between
prenatal exposure to air pollution and child structural brain morphology. Investigating whether
APOE €4 status or PRS for AD has a modifying impact on the effect of prenatal exposure to air pollution
on neonatal brain development would give new insights into genetic vulnerabilities earlier in life, with

potential for the mitigation of health risks throughout the life course.

There are some indications that the timing of fetal brain stress and injury is essential in determining
the health impact, in healthy as well as preterm born infants (Ophelders et al., 2020, Yuan et al., 2020,
Chiu et al., 2016). Investigating the importance of time windows of exposure requires high time
resolution estimates of air pollution exposure which personal exposure monitoring can provide.
Personal exposure measurements of pregnant women were planned to be undertaken as a part of the
MobileAir project, which was delayed and could not be incorporated into this thesis. Short-term
exposures to air pollution can vary strongly and may have impacts which cannot be quantified by
studies using long-term exposure averages. Detailing personal exposure to air pollution in pregnant
women may further aid the development of hybrid models, which assess exposure taking into account
spatiotemporal mobility as well as indoor environments. Other pollutants than those investigated in
this thesis have been linked to neurodevelopmental impacts in childhood, and future studies should

investigate the impact of these pollutants on neonatal neurodevelopment.

Little is known about how pregnant women’s behaviour shapes their exposure to air pollution, both
in the indoor and outdoor environment. A comprehensive characterisation of exposure throughout
every trimester of pregnancy would give insight into how to reduce exposure and improve outcomes
for both mother and child. It is also unclear how exercising in polluted areas impacts the health of
pregnant women (Tainio et al., 2021). There are benefits to active travel in polluted environments for
the general population, though these are limited by the impacts of air pollution exposure. Considering
the great benefits of exercise for pregnancy outcomes it is important that this area of research is
better understood. Intervention implementation strategies previously attempted for nutritional
interventions in pregnant women or women of childbearing age should be trialled for personal
exposure reduction. Once behaviour change is achieved and exposures are lowered, it is unclear how
sustainable any interventions are. Longitudinal studies which assess the sustainability of behaviour

change are required (McCarron et al., 2023). Further research is required to be able to quantify and
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balance the benefit of reduced exposure in pregnant women, both in the short- and long-term, with

increased individual burden of an intervention.
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Appendix

Table A1: Single linear regression results between pollution exposure over the entire gestational period
and dMRI measures in all tracts, adjusted for sex, IMD, PMA at scan, and GA at birth.Beta = effect size;
Cl = Confidence interval (95%); q-value = p-value after FDR correction. Significant p-values are marked
in red. WM microstructure metrics are coded as follows: First the type of metric, followed by the tract,
and | = left, or r = right hemisphere, respectively. FA = fractional anisotropy; MD = mean diffusivity;
fintra = neurite density index (NDI); OD = orientation dispersion index (ODI). Tract abbreviations: ac =
anterior commissure; af = arcuate fasciculus; ar = acoustic radiation; atr = anterior thalamic radiations;
cbd = dorsal cingulum; cbp = peri-genual cingulum tract; cbt = temporal cingulum; cst = corticospinal
tract; fa = arcuate fasciculus; fma = forceps major; fmi = forceps minor; fx = fornix; ifo = inferior fronto-
occipital fasciculus; ilf = inferior longitudinal fasciculus; mcp = middle cerebellar peduncle; mdlf =
middle longitudinal fasciculus; or = optic radiation; slf(1,2,3) = superior longitudinal fasciculi; str =

superior thalamic radiation; uf = uncinate fasciculus; vof = vertical occipital fasciculus.

WM Pollutant | beta Std. error | Lower Cl | Upper ClI | p-value | g-value
microstructure (in 109) (in 10%) (in107) | (in107)

metric

FA_ac PM, 5 -0.075 0.499 -1.057 0.907 0.881 0.986
FA_ac PMyo 0.237 0.463 -0.675 1.149 0.609 0.92
FA_ac NO, 0.076 0.154 -0.227 0.379 0.623 0.929
FA_af_| PM, s -0.520 0.555 -1.614 0.573 0.349 0.826
FA_af | PMso -0.470 0.516 -1.486 0.545 0.363 0.826
FA_af_| NO, -0.025 0.172 -0.363 0.313 0.886 0.986
FA_af r PM, s -1.313 0.549 -2.394 -0.232 0.017 0.65
FA_af r PMso -1.068 0.511 -2.074 -0.061 0.038 0.65
FA_af r NO, -0.169 0.171 -0.506 0.168 0.325 0.806
FA_ar_| PM, s -0.478 0.518 -1.498 0.542 0.357 0.826
FA_ar_| PMyo -0.598 0.480 -1.544 0.348 0.214 0.806
FA_ar_| NO, -0.096 0.160 -0.411 0.219 0.549 0.898
FA_ar_r PM, s -0.397 0.528 -1.438 0.644 0.453 0.871
FA_ar_r PMyo -0.166 0.491 -1.133 0.802 0.737 0.955
FA_ar_r NO, 0.058 0.163 -0.264 0.38 0.722 0.955
FA_atr_| PM, s -1.354 0.618 -2.571 -0.138 0.029 0.65
FA_atr_| PMyo -1.261 0.574 -2.391 -0.131 0.029 0.65
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FA_atr_| NO> -0.314 0.192 -0.691 0.064 0.103 0.737
FA_atr_r PMa2s -1.430 0.609 -2.630 -0.23 0.020 0.65
FA_atr_r PMio -1.100 0.568 -2.218 0.019 0.054 0.65
FA_atr_r NO> -0.244 0.190 -0.617 0.129 0.199 0.806
FA_cbd_| PM2s -1.011 0.603 -2.198 0.176 0.095 0.737
FA_cbd_| PM1o -0.702 0.561 -1.807 0.404 0.212 0.806
FA_cbd_| NO> -0.181 0.187 -0.549 0.187 0.333 0.807
FA_cbd_r PM2s -1.052 0.620 -2.274 0.171 0.091 0.72
FA_cbd_r PM1o -0.537 0.579 -1.676 0.604 0.355 0.826
FA_cbd_r NO: -0.066 0.193 -0.446 0.313 0.732 0.955
FA_cbp_| PM2s 0.485 0.895 -1.279 2.248 0.589 0.909
FA_cbp_| PM1o 0.628 0.831 -1.010 2.265 0.451 0.871
FA_cbp_| NO: 0.123 0.277 -0.421 0.668 0.656 0.932
FA_cbp_r PM2s 0.048 0.899 -1.722 1.818 0.958 0.994
FA_cbp_r PM1o 0.405 0.834 -1.239 2.048 0.628 0.932
FA_cbp_r NO: 0.133 0.277 -0.414 0.679 0.633 0.932
FA_cbt_| PM2s -0.466 0.389 -1.232 0.299 0.231 0.806
FA_cbt_| PM1o -0.371 0.361 -1.083 0.34 0.305 0.806
FA_cbt_| NO: -0.041 0.120 -0.278 0.196 0.734 0.955
FA_cbt_r PM2s -1.110 0.447 -1.990 -0.23 0.014 0.65
FA_cbt_r PM1o -0.680 0.418 -1.503 0.144 0.105 0.737
FA_cbt_r NO: -0.139 0.139 -0.414 0.135 0.318 0.806
FA_cst_| PM2s -0.684 0.795 -2.250 0.883 0.391 0.838
FA_cst_| PM1o -0.665 0.739 -2.120 0.789 0.368 0.826
FA_cst_| NO: -0.080 0.246 -0.564 0.404 0.746 0.959
FA_cst_r PM2s -1.527 0.764 -3.031 -0.022 0.047 0.65
FA_cst_r PMio -0.952 0.713 -2.355 0.452 0.183 0.806
FA_cst_r NO> -0.114 0.238 -0.582 0.354 0.631 0.932
FA_fa_l PMa2s -0.099 0.537 -1.156 0.958 0.854 0.985
FA_fa_l PMio 0.115 0.498 -0.867 1.097 0.818 0.977
FA_fa_l NO; 0.227 0.165 -0.098 0.552 0.171 0.806
FA_fa_r PMa2s -0.802 0.505 -1.796 0.193 0.114 0.737
FA_fa_r PMio -0.383 0.471 -1.310 0.544 0.417 0.856
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FA_fa_r NO> 0.078 0.157 -0.231 0.386 0.621 0.929
FA_fma PMa2s -0.261 0.610 -1.463 0.941 0.669 0.934
FA_fma PMio 0.128 0.567 -0.989 1.245 0.821 0.977
FA_fma NO> 0.228 0.188 -0.142 0.598 0.226 0.806
FA_fmi PM2s -1.607 0.820 -3.222 0.008 0.051 0.65
FA_fmi PM1o -1.358 0.763 -2.860 0.144 0.076 0.668
FA_fmi NO> -0.373 0.254 -0.873 0.128 0.144 0.775
FA_fx_| PM2s -0.596 0.472 -1.526 0.334 0.208 0.806
FA_fx_| PM1o -0.555 0.439 -1.419 0.309 0.207 0.806
FA_fx_| NO: -0.024 0.146 -0.312 0.265 0.872 0.985
FA_fx_r PM2s -0.967 0.491 -1.934 0 0.050 0.65
FA_fx_r PM1o -0.539 0.458 -1.442 0.364 0.241 0.806
FA_fx_r NO: -0.023 0.153 -0.324 0.278 0.879 0.985
FA_ifo_l PM2s -1.327 0.668 -2.642 -0.011 0.048 0.65
FA_ifo_l PM1o -0.977 0.622 -2.203 0.248 0.118 0.737
FA_ifo_l NO: -0.156 0.208 -0.565 0.253 0.453 0.871
FA_ifo_r PM2s -1.201 0.652 -2.485 0.082 0.066 0.65
FA_ifo_r PM1o -0.772 0.607 -1.968 0.425 0.205 0.806
FA_ifo_r NO: -0.144 0.202 -0.543 0.254 0.477 0.875
FA_ilf_| PM2s -0.339 0.521 -1.365 0.688 0.517 0.894
FA_ilf_| PM1o -0.221 0.484 -1.175 0.733 0.649 0.932
FA_ilf_| NO: 0.006 0.161 -0.311 0.324 0.968 0.994
FA_ilf_r PM2s -0.894 0.557 -1.991 0.203 0.110 0.737
FA_ilf_r PM1o -0.592 0.519 -1.614 0.43 0.255 0.806
FA_ilf_r NO: -0.079 0.173 -0.419 0.262 0.650 0.932
FA_mcp PM2s -0.288 0.504 -1.280 0.705 0.569 0.902
FA_mcp PMigo -0.301 0.468 -1.223 0.621 0.520 0.894
FA_mcp NO> 0.094 0.156 -0.212 0.401 0.545 0.898
FA_mdIf_| PMa2s -1.279 0.672 -2.603 0.045 0.058 0.65
FA_mdIf_| PMigo -1.024 0.626 -2.256 0.208 0.103 0.737
FA_mdIf_| NO> -0.154 0.209 -0.565 0.258 0.463 0.871
FA_mdIf_r PMa2s -1.268 0.650 -2.548 0.012 0.052 0.65
FA_mdIf_r PMio -0.877 0.606 -2.071 0.316 0.149 0.775

159




FA_mdIf_r NO> -0.153 0.202 -0.550 0.245 0.450 0.871
FA_or_| PMa2s -1.239 0.730 -2.676 0.199 0.091 0.72
FA_or_| PMio -0.720 0.680 -2.060 0.62 0.291 0.806
FA_or_l| NO> 0.007 0.227 -0.440 0.453 0.977 0.995
FA_or_r PM2s -1.422 0.751 -2.901 0.056 0.059 0.65
FA_or_r PM1o -0.919 0.700 -2.297 0.46 0.190 0.806
FA_or_r NO> -0.145 0.233 -0.604 0.315 0.535 0.898
FA_sIfl_| PM2s -0.676 0.615 -1.886 0.535 0.273 0.806
FA_sIfl_| PM1o -0.462 0.572 -1.588 0.664 0.420 0.859
FA_sIfl_| NO: 0.085 0.190 -0.290 0.46 0.656 0.932
FA_sIfl_r PM2s -1.168 0.624 -2.398 0.062 0.063 0.65
FA_sIfl_r PM1o -0.887 0.581 -2.032 0.258 0.128 0.737
FA_sIfl_r NO: -0.025 0.194 -0.408 0.357 0.897 0.986
FA_slf2_| PM2s -0.782 0.628 -2.019 0.455 0.214 0.806
FA_slf2_| PM1o -0.606 0.584 -1.756 0.544 0.300 0.806
FA_slf2_| NO: -0.043 0.195 -0.426 0.34 0.825 0.977
FA_sIf2_r PM2s -1.376 0.575 -2.508 -0.244 0.017 0.65
FA_sIf2_r PM1o -1.012 0.536 -2.068 0.045 0.060 0.65
FA_sIf2_r NO: -0.153 0.179 -0.506 0.2 0.394 0.838
FA_slIf3_l PM2s -0.240 0.540 -1.304 0.824 0.657 0.932
FA_slIf3_l PM1o -0.031 0.502 -1.020 0.958 0.951 0.994
FA_slIf3_l NO: 0.178 0.167 -0.150 0.506 0.285 0.806
FA_slIf3_r PM2s -1.011 0.503 -2.002 -0.019 0.046 0.65
FA_sIf3_r PM1o -0.749 0.469 -1.673 0.175 0.112 0.737
FA_slIf3_r NO: -0.101 0.157 -0.409 0.208 0.521 0.894
FA_str_| PM2s -0.570 0.578 -1.709 0.568 0.325 0.806
FA_str_| PMio -0.562 0.537 -1.619 0.495 0.296 0.806
FA_str_| NO> -0.063 0.179 -0.415 0.289 0.726 0.955
FA_str_r PMa2s -0.927 0.526 -1.964 0.11 0.079 0.677
FA_str_r PMio -0.541 0.491 -1.507 0.426 0.272 0.806
FA_str_r NO> 0.016 0.164 -0.306 0.338 0.922 0.986
FA_uf_| PM2s -1.314 0.600 -2.496 -0.132 0.030 0.65
FA_uf_| PMio -1.089 0.559 -2.190 0.011 0.052 0.65
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FA_uf_| NO> -0.230 0.187 -0.598 0.137 0.219 0.806
FA_uf_r PMa2s -1.255 0.552 -2.342 -0.169 0.024 0.65
FA_uf_r PMio -0.927 0.515 -1.941 0.086 0.073 0.668
FA_uf_r NO> -0.194 0.172 -0.532 0.144 0.259 0.806
FA_vof_| PM2s 0.112 0.362 -0.601 0.825 0.756 0.965
FA_vof_| PM1o 0.151 0.336 -0.511 0.814 0.653 0.932
FA_vof_| NO> 0.179 0.111 -0.040 0.398 0.109 0.737
FA_vof_r PM2s -0.372 0.373 -1.106 0.362 0.319 0.806
FA_vof_r PM1o -0.196 0.347 -0.879 0.486 0.572 0.903
FA_vof_r NO: 0.100 0.115 -0.127 0.326 0.387 0.838
fintra_ac PM2s -1.398 0.597 -2.575 -0.222 0.020 0.65
fintra_ac PM1o -0.847 0.558 -1.946 0.253 0.131 0.737
fintra_ac NO: -0.143 0.186 -0.509 0.224 0.444 0.871
fintra_af_| PM2s -0.029 0.778 -1.561 1.503 0.970 0.994
fintra_af_| PM1o -0.047 0.723 -1.470 1.376 0.948 0.994
fintra_af_| NO: 0.080 0.240 -0.393 0.553 0.740 0.955
fintra_af_r PM2s -0.943 0.741 -2.403 0.517 0.204 0.806
fintra_af_r PM1o -0.623 0.690 -1.981 0.736 0.368 0.826
fintra_af_r NO: -0.028 0.230 -0.480 0.425 0.904 0.986
fintra_ar_| PM2s 0.642 0.573 -0.486 1.771 0.263 0.806
fintra_ar_| PM1o 0.570 0.532 -0.478 1.619 0.285 0.806
fintra_ar_| NO: 0.269 0.177 -0.079 0.617 0.129 0.737
fintra_ar_r PM2s -0.060 0.561 -1.165 1.045 0.915 0.986
fintra_ar_r PM1o 0.081 0.521 -0.946 1.108 0.877 0.985
fintra_ar_r NO: 0.182 0.173 -0.159 0.522 0.295 0.806
fintra_atr_| PM2s -1.276 0.729 -2.711 0.16 0.081 0.678
fintra_atr_| PMio -1.091 0.678 -2.426 0.244 0.109 0.737
fintra_atr_| NO> -0.230 0.226 -0.675 0.215 0.309 0.806
fintra_atr_r PMa2s -1.978 0.726 -3.407 -0.549 0.007 0.65
fintra_atr_r PMio -1.429 0.678 -2.764 -0.093 0.036 0.65
fintra_atr_r NO> -0.266 0.227 -0.713 0.18 0.241 0.806
fintra_cbd_| PMa2s -0.713 0.696 -2.084 0.659 0.307 0.806
fintra_cbd_| PMio -0.637 0.647 -1.911 0.637 0.326 0.806
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fintra_cbd_| NO> -0.098 0.215 -0.522 0.326 0.650 0.932
fintra_cbd_r PMa2s -1.063 0.731 -2.502 0.377 0.147 0.775
fintra_cbd_r PMio -0.809 0.680 -2.149 0.53 0.235 0.806
fintra_cbd_r NO> -0.133 0.227 -0.579 0.313 0.557 0.899
fintra_cbp_| PM2s -0.149 0.798 -1.720 1.423 0.852 0.985
fintra_cbp_| PM1o -0.070 0.741 -1.529 1.39 0.925 0.986
fintra_cbp_| NO> 0.023 0.246 -0.462 0.508 0.925 0.986
fintra_cbp_r PM2s -1.471 0.798 -3.043 0.1 0.066 0.65
fintra_cbp_r PM1o -1.142 0.743 -2.605 0.322 0.126 0.737
fintra_cbp_r NO: -0.197 0.248 -0.685 0.291 0.427 0.865
fintra_cbt_| PM2s -0.193 0.463 -1.104 0.719 0.678 0.938
fintra_cbt_| PM1o -0.307 0.429 -1.153 0.539 0.476 0.875
fintra_cbt_| NO: -0.178 0.142 -0.458 0.103 0.213 0.806
fintra_cbt_r PM2s -0.462 0.431 -1.311 0.387 0.284 0.806
fintra_cbt_r PM1o -0.269 0.401 -1.059 0.521 0.503 0.892
fintra_cbt_r NO: -0.101 0.133 -0.364 0.161 0.449 0.871
fintra_cst_| PM2s 0.117 0.687 -1.236 1.47 0.865 0.985
fintra_cst_| PM1o 0.327 0.638 -0.930 1.584 0.609 0.92
fintra_cst_| NO: 0.218 0.212 -0.199 0.635 0.304 0.806
fintra_cst_r PM2s -0.661 0.656 -1.953 0.631 0.315 0.806
fintra_cst_r PM1o -0.375 0.610 -1.577 0.827 0.539 0.898
fintra_cst_r NO: 0.025 0.203 -0.374 0.425 0.900 0.986
fintra_fa_| PM2s -0.195 0.760 -1.691 1.301 0.798 0.977
fintra_fa_| PM1o -0.060 0.706 -1.450 1.33 0.933 0.986
fintra_fa_| NO: 0.111 0.234 -0.350 0.573 0.635 0.932
fintra_fa_r PM2s -0.915 0.728 -2.348 0.518 0.210 0.806
fintra_fa_r PMio -0.589 0.677 -1.923 0.744 0.385 0.838
fintra_fa_r NO> 0.027 0.225 -0.417 0.471 0.905 0.986
fintra_fma PMa2s 0.504 0.690 -0.855 1.864 0.466 0.871
fintra_fma PMio 0.433 0.641 -0.831 1.696 0.501 0.892
fintra_fma NO; 0.226 0.213 -0.194 0.645 0.290 0.806
fintra_fmi PMa2s -1.445 0.790 -3.002 0.111 0.069 0.655
fintra_fmi PMig -1.154 0.735 -2.602 0.295 0.118 0.737
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fintra_fmi NO> -0.284 0.245 -0.767 0.199 0.248 0.806
fintra_fx_| PMa2s -0.568 0.722 -1.990 0.855 0.432 0.865
fintra_fx_| PMio -0.570 0.671 -1.891 0.751 0.396 0.838
fintra_fx_| NO> -0.466 0.221 -0.902 -0.03 0.036 0.65
fintra_fx_r PM2s -0.740 0.558 -1.839 0.358 0.186 0.806
fintra_fx_r PM1o -0.581 0.519 -1.602 0.441 0.264 0.806
fintra_fx_r NO> -0.308 0.172 -0.646 0.03 0.074 0.668
fintra_ifo_| PM2s -0.662 0.681 -2.003 0.678 0.331 0.807
fintra_ifo_| PM1o -0.542 0.633 -1.788 0.704 0.392 0.838
fintra_ifo_| NO: -0.124 0.210 -0.538 0.291 0.557 0.899
fintra_ifo_r PM2s -1.064 0.668 -2.380 0.252 0.113 0.737
fintra_ifo_r PM1o -0.764 0.622 -1.989 0.461 0.220 0.806
fintra_ifo_r NO: -0.120 0.207 -0.528 0.288 0.562 0.899
fintra_ilf_| PM2s -0.489 0.618 -1.706 0.728 0.429 0.865
fintra_ilf_| PM1o -0.424 0.574 -1.555 0.707 0.461 0.871
fintra_ilf_| NO: -0.118 0.191 -0.494 0.258 0.536 0.898
fintra_ilf_r PM2s -0.707 0.591 -1.871 0.458 0.233 0.806
fintra_ilf_r PM1o -0.397 0.550 -1.480 0.687 0.472 0.875
fintra_ilf_r NO: -0.074 0.183 -0.434 0.287 0.688 0.939
fintra_mcp PM2s -0.723 0.722 -2.145 0.699 0.318 0.806
fintra_mcp PM1o -0.700 0.671 -2.020 0.621 0.298 0.806
fintra_mcp NO: -0.229 0.223 -0.668 0.21 0.305 0.806
fintra_mdIf_| PM2s -0.283 0.714 -1.689 1.123 0.692 0.939
fintra_mdIf_| PM1o -0.213 0.663 -1.519 1.093 0.748 0.96
fintra_mdIf_| NO: 0.011 0.220 -0.423 0.445 0.960 0.994
fintra_mdIf_r PM2s -0.780 0.658 -2.077 0.517 0.237 0.806
fintra_mdIf_r PMio -0.564 0.612 -1.770 0.642 0.358 0.826
fintra_mdIf_r NO> -0.032 0.204 -0.434 0.369 0.875 0.985
fintra_or_| PMa2s -0.459 0.791 -2.016 1.099 0.562 0.899
fintra_or_| PMio -0.547 0.734 -1.993 0.899 0.457 0.871
fintra_or_| NO> -0.176 0.244 -0.656 0.305 0.472 0.875
fintra_or_r PM2s -0.799 0.722 -2.221 0.622 0.269 0.806
fintra_or_r PMio -0.565 0.671 -1.887 0.757 0.400 0.838

163




fintra_or_r NO> -0.026 0.223 -0.465 0.414 0.909 0.986
fintra_sIf1_| PMa2s 0.078 0.764 -1.428 1.583 0.919 0.986
fintra_sIf1_| PMio 0.172 0.710 -1.227 1.57 0.809 0.977
fintra_sIf1_| NO> 0.237 0.236 -0.227 0.701 0.316 0.806
fintra_sIf1_r PM2s -0.770 0.762 -2.271 0.731 0.313 0.806
fintra_sIf1_r PM1o -0.422 0.709 -1.818 0.975 0.553 0.898
fintra_sIf1_r NO> 0.057 0.236 -0.407 0.522 0.808 0.977
fintra_slf2_| PM2s -0.164 0.830 -1.799 1.471 0.843 0.984
fintra_slf2_| PM1o 0.030 0.771 -1.489 1.549 0.969 0.994
fintra_slf2_| NO: 0.144 0.256 -0.361 0.648 0.575 0.903
fintra_slf2_r PM2s -0.919 0.784 -2.463 0.625 0.242 0.806
fintra_slf2_r PM1o -0.660 0.729 -2.096 0.776 0.366 0.826
fintra_slf2_r NO: -0.044 0.243 -0.522 0.434 0.858 0.985
fintra_sIf3_| PM2s -0.189 0.787 -1.740 1.362 0.810 0.977
fintra_sIf3_| PM1o -0.159 0.731 -1.599 1.282 0.828 0.977
fintra_sIf3_| NO: 0.083 0.243 -0.396 0.562 0.733 0.955
fintra_sIf3_r PM2s -0.989 0.785 -2.535 0.556 0.209 0.806
fintra_sIf3_r PM1o -0.651 0.730 -2.089 0.787 0.374 0.826
fintra_sIf3_r NO: -0.022 0.243 -0.501 0.457 0.928 0.986
fintra_str_| PM2s -0.187 0.627 -1.421 1.047 0.766 0.967
fintra_str_| PM1o -0.170 0.582 -1.316 0.977 0.771 0.969
fintra_str_| NO: -0.016 0.193 -0.397 0.365 0.935 0.987
fintra_str_r PM2s -1.048 0.604 -2.237 0.142 0.084 0.678
fintra_str_r PM1o -0.742 0.562 -1.850 0.365 0.188 0.806
fintra_str_r NO: -0.118 0.187 -0.487 0.252 0.531 0.898
fintra_uf_| PM2s -0.756 0.735 -2.204 0.692 0.305 0.806
fintra_uf_| PMio -0.459 0.684 -1.806 0.887 0.502 0.892
fintra_uf_| NO> -0.061 0.227 -0.509 0.387 0.789 0.971
fintra_uf_r PMa2s -1.398 0.720 -2.817 0.021 0.053 0.65
fintra_uf_r PMio -0.874 0.672 -2.198 0.45 0.195 0.806
fintra_uf_r NO> -0.136 0.224 -0.578 0.305 0.543 0.898
fintra_vof_| PM2s 1.125 0.609 -0.074 2.324 0.066 0.65
fintra_vof_| PMio 1.100 0.565 -0.013 2.213 0.053 0.65

164




fintra_vof_| NO, 0.416 0.187 0.047 0.785 0.027 0.65
fintra_vof_r PM, s 0.599 0.617 -0.618 1.815 0.333 0.807
fintra_vof_r PMyo 0.675 0.573 -0.454 1.804 0.240 0.806
fintra_vof_r NO, 0.298 0.190 -0.076 0.673 0.118 0.737
fiso_ac PM, s 0 0 0 0 0.131 0.737
fiso_ac PMyo 0 0 0 0 0.255 0.806
fiso_ac NO, 0 0 0 0 0.552 0.898
fiso_af | PM, s 0 0 0 0 0.059 0.65
fiso_af | PMyo 0 0 0 0 0.025 0.65
fiso_af | NO, 0 0 0 0 0.076 0.668
fiso_af r PMas 0 0 0 0 0.878 0.985
fiso_af r PMyo 0 0 0 0 0.895 0.986
fiso_af r NO, 0 0 0 0 0.991 0.999
fiso_ar_| PMas 0 0 0 0 0.245 0.806
fiso_ar_| PMig 0 0 0 0 0.067 0.65
fiso_ar_| NO, 0 0 0 0 0.065 0.65
fiso_ar_r PMas 0 0 0 0 0.564 0.899
fiso_ar r PMig 0 0 0 0 0.235 0.806
fiso_ar r NO, 0 0 0 0 0.16 0.791
fiso_atr_| PMas 0 0 0 0 0.097 0.737
fiso_atr_| PMyo 0 0 0 0 0.22 0.806
fiso_atr_| NO, 0 0 0 0 0.21 0.806
fiso_atr_r PMas 0 0 0 0 0.362 0.826
fiso_atr_r PMig 0 0 0 0 0.65 0.932
fiso_atr_r NO, 0 0 0 0 0.469 0.875
fiso_cbd_| PM, s 0 0 0 0 0.598 0.917
fiso_cbd_| PMyo 0 0 0 0 0.273 0.806
fiso_cbd_| NO, 0 0 0 0 0.102 0.737
fiso_cbd_r PM, s 0 0 0 0 0.411 0.851
fiso_cbd_r PMyo 0 0 0 0 0.287 0.806
fiso_cbd_r NO, 0 0 0 0 0.412 0.851
fiso_cbp_| PM, s 0 0 0 0 0.609 0.92
fiso_cbp_| PMyo 0 0 0 0 0.832 0.977
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fiso_cbp_| NO, 0 0 0 0 0.859 0.985
fiso_cbp_r PM, s 0 0 0 0 0.326 0.806
fiso_cbp_r PMyo 0 0 0 0 0.498 0.892
fiso_cbp_r NO, 0 0 0 0 0.327 0.806
fiso_cbt_| PM, s 0 0 0 0 0.171 0.806
fiso_cbt_| PMyo 0 0 0 0 0.105 0.737
fiso_cbt_| NO, 0 0 0 0 0.351 0.826
fiso_cbt_r PM, s -0.044 0.068 -0.178 0.09 0.519 0.894
fiso_cbt_r PMyo -0.028 0.063 -0.153 0.097 0.657 0.932
fiso_cbt_r NO, -0.006 0.021 -0.047 0.036 0.783 0.971
fiso_cst_| PMas 0 0 0 0 0.364 0.826
fiso_cst_| PMyo 0 0 0 0 0.369 0.826
fiso_cst_| NO, 0 0 0 0 0.708 0.947
fiso_cst r PM2s 0 0 0 0 0.677 0.938
fiso_cst r PMig 0 0 0 0 0.635 0.932
fiso_cst r NO, 0 0 0 0 0.451 0.871
fiso_fa_l PMas -0.075 0.084 -0.241 0.091 0.376 0.829
fiso_fa_l PMyo -0.061 0.078 -0.215 0.094 0.439 0.87
fiso_fa_l NO, -0.014 0.026 -0.066 0.037 0.583 0.906
fiso_fa_r PMas 0 0 0 0 0.691 0.939
fiso_fa_r PMyo 0 0 0 0 0.996 0.999
fiso_fa_r NO, 0 0 0 0 0.696 0.939
fiso_fma PMas 0.066 0.508 -0.934 1.066 0.897 0.986
fiso_fma PMyo 0.236 0.472 -0.693 1.165 0.617 0.928
fiso_fma NO, 0.104 0.157 -0.205 0.412 0.508 0.892
fiso_fmi PM, s 1.105 0.805 -0.48 2.691 0.171 0.806
fiso_fmi PMyo 0.81 0.749 -0.664 2.285 0.28 0.806
fiso_fmi NO, 0.293 0.249 -0.197 0.783 0.24 0.806
fiso_fx_| PM, s 0.568 3.282 -5.896 7.033 0.863 0.985
fiso_fx_| PMyo 0.297 3.049 -5.708 6.303 0.922 0.986
fiso_fx_| NO, -1.542 1.008 -3.529 0.444 0.127 0.737
fiso_fx_r PM, s 2.003 2.692 -3.299 7.305 0.457 0.871
fiso_fx_r PMyo 1.674 2.501 -3.252 6.601 0.504 0.892
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fiso_fx_r NO> -0.454 0.831 -2.092 1.184 0.585 0.908
fiso_ifo_| PMa2s 1.186 0.666 -0.126 2.497 0.076 0.668
fiso_ifo_| PMio 1.164 0.618 -0.053 2.381 0.061 0.65
fiso_ifo_| NO> 0.419 0.205 0.015 0.823 0.042 0.65
fiso_ifo_r PM2s 0.374 0.482 -0.575 1.323 0.438 0.87
fiso_ifo_r PM1o 0.293 0.448 -0.589 1.175 0.514 0.894
fiso_ifo_r NO> 0.152 0.149 -0.141 0.444 0.308 0.806
fiso_ilf_| PM2s 1.763 0.909 -0.028 3.554 0.054 0.65
fiso_ilf_| PM1o 1.809 0.843 0.148 3.47 0.033 0.65
fiso_ilf_| NO: 0.495 0.281 -0.059 1.049 0.08 0.677
fiso_ilf_r PM2s 0.748 0.821 -0.87 2.365 0.363 0.826
fiso_ilf_r PM1o 0.72 0.763 -0.782 2.223 0.346 0.826
fiso_ilf_r NO: 0.283 0.253 -0.216 0.782 0.265 0.806
fiso_mcp PM2s 0.008 0.776 -1.521 1.537 0.992 0.999
fiso_mcp PM1o 0.48 0.721 -0.939 1.899 0.506 0.892
fiso_mcp NO: -0.096 0.24 -0.568 0.376 0.689 0.939
fiso_mdIf_| PM2s 0.619 0.398 -0.164 1.402 0.121 0.737
fiso_mdIf_| PM1o 0.779 0.368 0.054 1.503 0.035 0.65
fiso_mdIf_| NO: 0.29 0.122 0.05 0.531 0.018 0.65
fiso_mdlIf_r PM2s 0.272 0.343 -0.404 0.949 0.429 0.865
fiso_mdlIf_r PM1o 0.251 0.319 -0.377 0.879 0.432 0.865
fiso_mdlIf_r NO: 0.117 0.106 -0.091 0.326 0.269 0.806
fiso_or_| PM2s 0.396 0.832 -1.244 2.035 0.635 0.932
fiso_or_| PM1o 0.235 0.773 -1.289 1.758 0.762 0.966
fiso_or_| NO: -0.023 0.257 -0.529 0.484 0.929 0.986
fiso_or_r PM2s 0.505 0.578 -0.634 1.644 0.383 0.838
fiso_or_r PMio 0.314 0.538 -0.745 1.373 0.56 0.899
fiso_or_r NO> 0.095 0.179 -0.258 0.447 0.597 0.917
fiso_slf1_| PMa2s 0 0 0 0 0.866 0.985
fiso_slf1_| PMio 0 0 0 0 0.994 0.999
fiso_slf1_| NO> 0 0 0 0 0.805 0.977
fiso_sIf1_r PMa2s 0 0 0 0 0.845 0.984
fiso_sIfl_r PMio 0 0 0 0 0.901 0.986
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fiso_sIfl_r NO, 0 0 0 0 0.992 0.999
fiso_slf2_| PM, s -0.177 0.179 -0.53 0.176 0.323 0.806
fiso_slf2_| PMyo -0.154 0.167 -0.482 0.174 0.356 0.826
fiso_slf2_| NO, -0.036 0.055 -0.146 0.073 0.511 0.892
fiso_slIf2_r PM, s 0 0 0 0 0.236 0.806
fiso_slIf2_r PMyo 0 0 0 0 0.608 0.92
fiso_slIf2_r NO, 0 0 0 0 0.966 0.994
fiso_slf3_l PM, s -0.072 0.072 -0.214 0.071 0.323 0.806
fiso_slf3_|I PMyo -0.062 0.067 -0.194 0.07 0.357 0.826
fiso_slf3_|I NO, -0.015 0.022 -0.059 0.029 0.511 0.892
fiso_sIf3_r PMas 0 0 0 0 0.915 0.986
fiso_sIf3_r PMyo 0 0 0 0 0.68 0.938
fiso_sIf3_r NO, 0 0 0 0 0.591 0.91
fiso_str_| PMas 0 0 0 0 0.66 0.934
fiso_str_| PMyo 0 0 0 0 0.429 0.865
fiso_str_| NO, 0 0 0 0 0.191 0.806
fiso_str_r PM2s 0 0 0 0 0.119 0.737
fiso_str_r PMig 0 0 0 0 0.14 0.767
fiso_str r NO, 0 0 0 0 0.074 0.668
fiso_uf_| PMas 0.018 0.146 -0.27 0.307 0.9 0.986
fiso_uf_| PMyo 0.077 0.136 -0.191 0.344 0.573 0.903
fiso_uf_| NO, 0.048 0.045 -0.041 0.137 0.289 0.806
fiso_uf_r PMas -0.009 0.19 -0.383 0.366 0.965 0.994
fiso_uf_r PMyo -0.06 0.176 -0.407 0.287 0.734 0.955
fiso_uf_r NO, -0.002 0.059 -0.117 0.114 0.975 0.995
fiso_vof_| PM, s 0.045 0.914 -1.756 1.846 0.961 0.994
fiso_vof_| PMyo 0.818 0.848 -0.852 2.487 0.336 0.81
fiso_vof_| NO, 0.383 0.281 -0.171 0.936 0.175 0.806
fiso_vof_r PM, s -0.218 0.366 -0.939 0.503 0.552 0.898
fiso_vof_r PMyo 0.034 0.34 -0.637 0.704 0.921 0.986
fiso_vof_r NO, 0.053 0.113 -0.169 0.276 0.638 0.932
MD_ac PM, s 0.002 0.001 0.000 0.004 0.032 0.65
MD_ac PMyo 0.001 0.001 -0.001 0.003 0.235 0.806
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MD_ac NO> 0.000 0.000 -0.001 0.001 0.686 0.939
MD_af_| PMa2s 0.000 0.002 -0.003 0.004 0.825 0.977
MD_af_| PMio 0.001 0.002 -0.003 0.004 0.787 0.971
MD_af_| NO> 0.000 0.001 -0.001 0.001 0.819 0.977
MD_af_r PM2s 0.002 0.002 -0.002 0.006 0.314 0.806
MD_af_r PM1o 0.001 0.002 -0.002 0.005 0.490 0.886
MD_af_r NO> 0.000 0.001 -0.001 0.001 0.963 0.994
MD_ar_| PM2s -0.001 0.002 -0.004 0.003 0.669 0.934
MD_ar_| PM1o -0.001 0.002 -0.004 0.003 0.779 0.971
MD_ar_| NO: -0.001 0.001 -0.002 0.001 0.318 0.806
MD_ar_r PM2s 0.001 0.002 -0.003 0.004 0.665 0.934
MD_ar_r PM1o 0.000 0.002 -0.003 0.003 0.944 0.994
MD_ar_r NO: 0.000 0.001 -0.001 0.001 0.431 0.865
MD_atr_| PM2s 0.002 0.002 -0.001 0.006 0.161 0.791
MD_atr_| PM1o 0.002 0.002 -0.001 0.005 0.299 0.806
MD_atr_| NO: 0.000 0.001 -0.001 0.001 0.668 0.934
MD_atr_r PM2s 0.003 0.002 0.000 0.006 0.051 0.65
MD_atr_r PM1o 0.002 0.001 -0.001 0.005 0.193 0.806
MD_atr_r NO: 0.000 0.001 -0.001 0.001 0.696 0.939
MD_cbd_| PM2s 0.002 0.002 -0.002 0.005 0.384 0.838
MD_cbd_| PM1o 0.002 0.002 -0.002 0.005 0.307 0.806
MD_cbd_| NO: 0.000 0.001 -0.001 0.001 0.639 0.932
MD_cbd_r PM2s 0.002 0.002 -0.002 0.006 0.282 0.806
MD_cbd_r PM1o 0.002 0.002 -0.002 0.005 0.348 0.826
MD_cbd_r NO: 0.000 0.001 -0.001 0.001 0.750 0.96
MD_cbp_| PM2s 0.000 0.002 -0.004 0.004 0.922 0.986
MD_cbp_| PMio 0.000 0.002 -0.003 0.004 0.907 0.986
MD_cbp_| NO; 0.000 0.001 -0.001 0.001 0.827 0.977
MD_cbp_r PM2s 0.002 0.002 -0.002 0.006 0.235 0.806
MD_cbp_r PMigo 0.002 0.002 -0.002 0.005 0.327 0.806
MD_cbp_r NO; 0.000 0.001 -0.001 0.001 0.864 0.985
MD_cbt_| PMa2s 0.000 0.001 -0.002 0.003 0.898 0.986
MD_cbt_| PMig 0.001 0.001 -0.002 0.003 0.574 0.903

169




MD_cbt_| NO> 0.000 0.000 -0.001 0.001 0.736 0.955
MD_cbt_r PMa2s 0.000 0.001 -0.002 0.003 0.805 0.977
MD_cbt_r PMio 0.000 0.001 -0.002 0.003 0.786 0.971
MD_cbt_r NO> 0.000 0.000 -0.001 0.001 0.734 0.955
MD_cst_| PM2s 0.001 0.002 -0.003 0.004 0.720 0.955
MD_cst_| PM1o 0.000 0.002 -0.004 0.003 0.917 0.986
MD_cst_| NO> -0.001 0.001 -0.002 0.001 0.366 0.826
MD_cst_r PM2s 0.002 0.002 -0.001 0.006 0.212 0.806
MD_cst_r PM1o 0.001 0.002 -0.002 0.004 0.446 0.871
MD_cst_r NO: 0.000 0.001 -0.001 0.001 0.810 0.977
MD_fa_| PM2s 0.001 0.002 -0.004 0.005 0.757 0.965
MD_fa_| PM1o 0.000 0.002 -0.004 0.004 0.963 0.994
MD_fa_| NO: 0.000 0.001 -0.002 0.001 0.641 0.932
MD_fa_r PM2s 0.002 0.002 -0.002 0.006 0.370 0.826
MD_fa_r PM1o 0.001 0.002 -0.003 0.005 0.712 0.951
MD_fa_r NO: 0.000 0.001 -0.002 0.001 0.547 0.898
MD_fma PM2s 0.000 0.002 -0.005 0.004 0.863 0.985
MD_fma PM1o -0.001 0.002 -0.005 0.004 0.762 0.966
MD_fma NO: -0.001 0.001 -0.002 0 0.150 0.775
MD_fmi PM2s 0.004 0.003 -0.001 0.01 0.129 0.737
MD_fmi PM1o 0.004 0.003 -0.002 0.009 0.177 0.806
MD_fmi NO: 0.001 0.001 -0.001 0.003 0.311 0.806
MD_fx_| PM2s 0.001 0.003 -0.005 0.007 0.716 0.952
MD_fx_| PM1o 0.000 0.003 -0.005 0.005 0.961 0.994
MD_fx_| NO: -0.001 0.001 -0.003 0.001 0.158 0.791
MD_fx_r PM2s 0.004 0.003 -0.002 0.009 0.180 0.806
MD_fx_r PMio 0.003 0.003 -0.002 0.008 0.270 0.806
MD_fx_r NO; 0.000 0.001 -0.002 0.002 0.897 0.986
MD_ifo_| PM2s 0.002 0.002 -0.003 0.007 0.374 0.826
MD_ifo_| PMigo 0.001 0.002 -0.003 0.006 0.526 0.898
MD_ifo_| NO> 0.000 0.001 -0.002 0.002 0.980 0.995
MD_ifo_r PMa2s 0.004 0.002 -0.001 0.008 0.136 0.753
MD_ifo_r PMig 0.002 0.002 -0.002 0.006 0.319 0.806
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MD_ifo_r NO> 0.000 0.001 -0.001 0.002 0.827 0.977
MD_ilf_| PMa2s 0.003 0.002 -0.002 0.007 0.251 0.806
MD_ilf_| PMio 0.002 0.002 -0.002 0.006 0.333 0.807
MD_ilf_| NO> 0.000 0.001 -0.001 0.002 0.776 0.971
MD_ilf_r PM2s 0.002 0.002 -0.002 0.007 0.300 0.806
MD_ilf_r PM1o 0.001 0.002 -0.003 0.005 0.540 0.898
MD_ilf_r NO> 0.000 0.001 -0.001 0.001 0.978 0.995
MD_mcp PM2s 0.001 0.002 -0.003 0.004 0.743 0.957
MD_mcp PM1o 0.001 0.002 -0.002 0.004 0.466 0.871
MD_mcp NO: 0.000 0.001 -0.001 0.001 0.819 0.977
MD_mdIf_| PM2s 0.002 0.002 -0.003 0.006 0.507 0.892
MD_mdIf_| PM1o 0.001 0.002 -0.003 0.005 0.613 0.924
MD_mdIf_| NO: 0.000 0.001 -0.002 0.001 0.888 0.986
MD_mdIf_r PM2s 0.003 0.002 -0.001 0.008 0.149 0.775
MD_mdIf_r PM1o 0.002 0.002 -0.002 0.006 0.306 0.806
MD_mdIf_r NO: 0.000 0.001 -0.001 0.002 0.831 0.977
MD_or_| PM2s 0.000 0.003 -0.005 0.005 0.919 0.986
MD_or_| PM1o 0.000 0.002 -0.005 0.004 0.873 0.985
MD_or_| NO: -0.001 0.001 -0.002 0.001 0.271 0.806
MD_or_r PM2s 0.003 0.002 -0.002 0.008 0.271 0.806
MD_or_r PM1o 0.002 0.002 -0.003 0.006 0.484 0.88
MD_or_r NO: 0.000 0.001 -0.002 0.001 0.829 0.977
MD_sIf1_| PM2s 0.001 0.002 -0.004 0.005 0.788 0.971
MD_sIf1_| PM1o 0.000 0.002 -0.004 0.004 0.998 1
MD_sIf1_| NO: -0.001 0.001 -0.002 0.001 0.348 0.826
MD_slf1_r PM2s 0.002 0.002 -0.002 0.006 0.266 0.806
MD_slf1_r PMigo 0.001 0.002 -0.003 0.005 0.529 0.898
MD_slf1_r NO; 0.000 0.001 -0.002 0.001 0.701 0.943
MD_slf2_| PM2s 0.001 0.003 -0.004 0.005 0.822 0.977
MD_slf2_| PMigo 0.000 0.002 -0.004 0.005 0.932 0.986
MD_slf2_| NO; 0.000 0.001 -0.002 0.001 0.665 0.934
MD_slf2_r PM2s 0.003 0.002 -0.002 0.007 0.253 0.806
MD_slf2_r PMig 0.002 0.002 -0.003 0.006 0.454 0.871
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MD_slf2_r NO> 0.000 0.001 -0.001 0.001 0.990 1
MD_sIf3_| PMa2s 0.001 0.002 -0.004 0.005 0.814 0.977
MD_sIf3_| PMio 0.001 0.002 -0.004 0.005 0.782 0.971
MD_sIf3_| NO> 0.000 0.001 -0.002 0.001 0.869 0.985
MD_slIf3_r PM2s 0.002 0.002 -0.003 0.006 0.396 0.838
MD_sIf3_r PM1o 0.001 0.002 -0.003 0.005 0.578 0.903
MD_slIf3_r NO> 0.000 0.001 -0.001 0.001 0.916 0.986
MD_str_| PM2s 0.001 0.001 -0.002 0.003 0.552 0.898
MD_str_| PM1o 0.000 0.001 -0.002 0.003 0.845 0.984
MD_str_| NO: 0.000 0.000 -0.001 0.001 0.702 0.943
MD_str_r PM2s 0.002 0.001 -0.001 0.004 0.158 0.791
MD_str_r PM1o 0.001 0.001 -0.001 0.003 0.406 0.844
MD_str_r NO: 0.000 0.000 -0.001 0.001 0.914 0.986
MD_uf_| PM2s 0.002 0.002 -0.002 0.006 0.301 0.806
MD_uf_| PM1o 0.002 0.002 -0.002 0.005 0.462 0.871
MD_uf_| NO: 0.000 0.001 -0.001 0.002 0.794 0.975
MD_uf_r PM2s 0.003 0.002 -0.001 0.007 0.119 0.737
MD_uf_r PM1o 0.002 0.002 -0.002 0.006 0.306 0.806
MD_uf_r NO: 0.000 0.001 -0.001 0.002 0.739 0.955
MD_vof_| PM2s -0.002 0.002 -0.006 0.002 0.393 0.838
MD_vof_| PM1o -0.001 0.002 -0.005 0.002 0.464 0.871
MD_vof_| NO: -0.001 0.001 -0.002 0.001 0.124 0.737
MD_vof_r PM2s 0.000 0.002 -0.004 0.004 0.827 0.977
MD_vof_r PM1o -0.001 0.002 -0.004 0.003 0.707 0.947
MD_vof_r NO: -0.001 0.001 -0.002 0.001 0.265 0.806
OD_ac PM2s -1.534 0.631 -2.777 -0.291 0.016 0.65
OD_ac PMigo -1.452 0.586 -2.606 -0.298 0.014 0.65
OD_ac NO; -0.385 0.196 -0.771 0.001 0.050 0.65
OD_af_| PM2s 0.215 0.765 -1.293 1.722 0.779 0.971
OD_af_| PMigo 0.046 0.711 -1.354 1.447 0.948 0.994
OD_af_| NO> -0.003 0.236 -0.468 0.463 0.991 1
OD_af r PM2s -0.222 0.755 -1.708 1.265 0.769 0.969
OD_af r PMig -0.171 0.701 -1.551 1.21 0.808 0.977
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OD_af r NO, -0.020 0.233] -0.479 0.439] 0.931] 0.986
OD_ar_| PMas 0.449 0.718 | -0.965 1.863 | 0532 0.898
OD_ar_| PMio 0.415 0.667 | -0.899 1.728 | 0535| 0.898
OD_ar_| NO, 0.188 0.222 | -0.249 0.624 | 0.398| 0.838
OD_ar_r PMys -0.280 0.652 | -1.563 1.004 | 0.668| 0.934
OD_ar_r PMio -0.417 0.605 | -1.608 0.775| 0.492| 0.836
OD_ar_r NO, -0.040 0.201 | -0.436 0.356 | 0.843| 0.984
OD_atr_| PMys -1.864 0.768 | -3376| -0.352| 0.016 0.65
OD_atr_| PMio -1.251 0.717 | -2.663 0.162 | 0.082| 0.678
OD_atr_| NO, -0.326 0.239| -0.796 0.145| 0.174| 0.806
OD_atr_r PMys -2.630 0.804 | -4214| -1.047| 0.001 0.65
OD_atr_r PMio -1.970 0.753 | -3.452| -0.487| 0.009 0.65
OD_atr_r NO, -0.535 0.251| -1.030 -0.04| 0.034 0.65
OD_chd_| PMys -1.041 0.805 | -2.627 0.544 | 0.197 | 0.806
OD_chd_| PMio -1.148 0.747 | -2.619 0.323| 0.126| 0.737
OD_chd_| NO, -0.316 0.249 | -0.805 0.174 | 0.205| 0.806
OD_cbd_r PMys -1.972 0.813| -3574| -0371| 0.016 0.65
OD_cbd_r PMio -2.003 0.754 | -3.483| -0.519| 0.008 0.65
OD_cbd_r NO, -0.585 0.251| -1.079 -0.09| 0.021 0.65
OD_cbp._| PMys -1.231 1.144 | -3.485 1.023| 0.283] 0.806
OD_cbp._| PMio -1.084 1.063 | -3.179 1.01| 0309 | 0.806
OD_cbp._| NO, -0.210 0.354 | -0.907 0.487 | 0.553 | 0.898
OD_cbp._r PMys -3.459 1381 -6.178| -0.739| 0.013 0.65
OD_cbp._r PMio -3.226 1.282 | -5.752 07| 0.013 0.65
OD_cbp._r NO, -0.842 0.428 | -1.685 0.002 | 0.050 0.65
OD_cbt_| PMys 0.219 0733 | -1.224 1663 | 0.765| 0.967
OD_cbt_| PMio -0.277 0.681 | -1.618 1.064 | 0.684| 0.939
OD_cbt_| NO, -0.292 0.226 | -0.736 0.153 | 0.197 | 0.806
OD_cbt_r PMys -0.447 0.806 | -2.034 1.141| 0580 | 0.905
OD_cbt_r PMio -0.840 0.747 | -2.311 0.632| 0.262] 0.806
OD_cbt_r NO, -0.358 0.248 | -0.846 013| o0.150| 0.775
OD_cst_| PMys 0.018 0.676 | -1.314 1349 | 0979 0.995
OD_cst_| PMio 0.259 0.628 | -0.978 1495 | 0.681| 0.938

173




OD_cst_| NO> 0.143 0.208 -0.267 0.554 0.492 0.886
OD_cst_r PMa2s -0.346 0.659 -1.644 0.953 0.600 0.918
OD_cst_r PMio -0.177 0.613 -1.383 1.03 0.773 0.97
OD_cst_r NO> 0.012 0.204 -0.389 0.413 0.953 0.994
OD_fa_l PM2s -0.710 0.964 -2.609 1.189 0.462 0.871
OD_fa_l PM1o -0.752 0.895 -2.516 1.012 0.402 0.838
OD_fa_l NO> -0.293 0.297 -0.878 0.293 0.326 0.806
OD_fa_r PM2s -1.437 0.898 -3.205 0.331 0.111 0.737
OD_fa_r PM1o -1.192 0.835 -2.836 0.452 0.155 0.791
OD_fa_r NO: -0.306 0.278 -0.853 0.242 0.273 0.806
OD_fma PM2s 0.887 1.026 -1.133 2.907 0.388 0.838
OD_fma PM1o 0.550 0.954 -1.328 2.429 0.564 0.899
OD_fma NO: 0.286 0.317 -0.338 0.909 0.368 0.826
OD_fmi PM2s -2.247 0.978 -4.172 -0.321 0.022 0.65
OD_fmi PM1o -1.743 0.911 -3.537 0.052 0.057 0.65
OD_fmi NO: -0.457 0.304 -1.055 0.141 0.133 0.743
OD_fx_| PM2s -1.125 0.686 -2.476 0.227 0.103 0.737
OD_fx_| PM1o -0.834 0.639 -2.092 0.424 0.193 0.806
OD_fx_| NO: -0.244 0.213 -0.663 0.174 0.251 0.806
OD_fx_r PM2s -2.045 0.682 -3.387 -0.702 0.003 0.65
OD_fx_r PM1o -1.617 0.636 -2.871 -0.364 0.012 0.65
OD_fx_r NO: -0.462 0.212 -0.880 -0.044 0.031 0.65
OD_ifo_| PM2s -0.125 0.671 -1.446 1.195 0.852 0.985
OD_ifo_| PM1o -0.098 0.623 -1.325 1.129 0.876 0.985
OD_ifo_| NO: -0.018 0.207 -0.426 0.39 0.932 0.986
OD_ifo_r PM2s -1.134 0.708 -2.527 0.26 0.110 0.737
OD_ifo_r PMio -0.808 0.659 -2.106 0.489 0.221 0.806
OD_ifo_r NO; -0.086 0.220 -0.519 0.346 0.694 0.939
OD_ilf_I PMa2s -0.546 0.977 -2.471 1.38 0.577 0.903
OD_ilf_I PMigo -0.635 0.908 -2.423 1.153 0.485 0.88
OD_ilf_I NO; -0.229 0.302 -0.823 0.365 0.448 0.871
OD_ilf_r PM2s -1.383 0.903 -3.162 0.395 0.127 0.737
OD_ilf_r PMig -0.834 0.841 -2.491 0.823 0.322 0.806
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OD_ilf_r NO> -0.200 0.280 -0.751 0.351 0.476 0.875
OD_mcp PMa2s -0.399 0.812 -1.997 1.2 0.624 0.929
OD_mcp PMio -0.496 0.754 -1.981 0.988 0.511 0.892
OD_mcp NO> -0.458 0.249 -0.948 0.032 0.067 0.65
OD_mdIf_| PM2s 0.477 0.739 -0.979 1.933 0.519 0.894
OD_mdIf_| PM1o 0.278 0.687 -1.075 1.631 0.686 0.939
OD_mdIf_| NO> 0.118 0.228 -0.332 0.568 0.605 0.92
OD_mdIf_r PM2s -0.863 0.713 -2.268 0.542 0.227 0.806
OD_mdIf_r PM1o -0.717 0.663 -2.023 0.588 0.280 0.806
OD_mdIf_r NO: -0.047 0.221 -0.482 0.389 0.833 0.978
OD_or_| PM2s 0.636 0.709 -0.761 2.033 0.371 0.826
OD_or_| PM1o 0.311 0.660 -0.988 1.611 0.638 0.932
OD_or_| NO: 0.126 0.219 -0.306 0.558 0.565 0.899
OD_or_r PM2s -0.365 0.672 -1.688 0.958 0.588 0.909
OD_or_r PM1o -0.287 0.624 -1.516 0.942 0.646 0.932
OD_or_r NO: 0.088 0.207 -0.320 0.497 0.670 0.934
OD_sIf1_| PM2s 0.709 0.835 -0.935 2.352 0.397 0.838
OD_slf1_| PM1o 0.632 0.775 -0.895 2.159 0.416 0.856
OD_slf1_| NO: 0.157 0.258 -0.350 0.665 0.542 0.898
OD_slfl_r PM2s -0.677 0.802 -2.257 0.904 0.400 0.838
OD_slfl_r PM1o -0.344 0.746 -1.813 1.126 0.645 0.932
OD_slfl_r NO: -0.076 0.248 -0.564 0.413 0.761 0.966
OD_slf2_| PM2s 0.146 0.823 -1.475 1.767 0.859 0.985
OD_slf2_| PM1o 0.003 0.765 -1.503 1.509 0.997 1
OD_slf2_| NO: 0.000 0.254 -0.501 0.5 1.000 1
OD_slf2_r PM2s -0.470 0.768 -1.983 1.044 0.541 0.898
OD_slf2_r PMigo -0.501 0.714 -1.907 0.905 0.483 0.88
OD_slf2_r NO; -0.100 0.237 -0.568 0.367 0.674 0.937
OD_slf3_| PMa2s -0.049 0.891 -1.803 1.705 0.956 0.994
OD_slf3_| PMio -0.409 0.827 -2.037 1.22 0.621 0.929
OD_slf3_| NO; -0.194 0.275 -0.735 0.347 0.480 0.879
OD_slf3_r PMa2s -0.308 0.878 -2.038 1.422 0.726 0.955
OD_slIf3_r PMig -0.299 0.816 -1.906 1.308 0.714 0.951
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OD_slf3_r NO> -0.042 0.271 -0.576 0.492 0.877 0.985
OD_str_| PMa2s -0.168 0.616 -1.380 1.045 0.786 0.971
OD_str_| PMio 0.091 0.572 -1.035 1.218 0.873 0.985
OD_str_| NO> 0.008 0.190 -0.366 0.383 0.966 0.994
OD_str_r PM2s -0.778 0.602 -1.964 0.408 0.197 0.806
OD_str_r PM1o -0.564 0.560 -1.667 0.539 0.315 0.806
OD_str_r NO> -0.200 0.186 -0.567 0.166 0.283 0.806
OD_uf_| PM2s -0.594 0.763 -2.097 0.91 0.437 0.87
OD_uf_| PM1o -0.438 0.709 -1.835 0.96 0.538 0.898
OD_uf_| NO: -0.084 0.236 -0.548 0.381 0.723 0.955
OD_uf_r PM2s -1.804 0.822 -3.422 -0.185 0.029 0.65
OD_uf_r PM1o -1.334 0.766 -2.843 0.176 0.083 0.678
OD_uf_r NO: -0.315 0.255 -0.818 0.188 0.218 0.806
OD_vof_| PM2s 2.440 1.067 0.339 4.541 0.023 0.65
OD_vof_| PM1o 1.928 0.994 -0.030 3.885 0.054 0.65
OD_vof_| NO: 0.486 0.331 -0.167 1.138 0.144 0.775
OD_vof_r PM2s 1.525 1.074 -0.590 3.64 0.157 0.791
OD_vof_r PM1o 1.334 0.998 -0.631 3.3 0.182 0.806
OD_vof_r NO: 0.337 0.332 -0.317 0.992 0.311 0.806
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Age at scan (weeks)

Figure A1: Output of the dMRI processing pipeline from 38 to 44 weeks post-menstrual age (20 subjects
per bin) showing maximum intensity projections of the automated probabilistic tractography results
averaged across 80 dHCP subjects (20 per age bin). All tracts are visualized using the same thresholds
(0.005, 0.05). These thresholds extract the main body of the tracts and might remove lateral
projections due to the variable and low number of crossings that can be estimated especially at the
very young age.A) Sensory-motor projection fibres: corticospinal tract (pink) and superior thalamic
radiation (yellow) B) Thalamic projection fibres: anterior thalamic radiation (green), acoustic
radiation (red-yellow), posterior thalamic radiation (blue-light blue); C) Callosal and association fibres:

forceps minor (pink), forceps major (yellow), superior longitudinal fasciculus (red), inferior longitudinal
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fasciculus (green), inferior fronto-occipital fasciculus (blue). D) Brainstem tracts and association fibres

in the left hemisphere: middle cerebellar peduncle (blue-light blue), medial
lemniscus (brown), cingulate gyrus part of the cingulum (yellow), parahippocampal part of the
cingulum (green), fornix (pink), uncinate fasciculus (red-yellow) (reproduced from Bastiani et al.,

(2019)).

Table A2: Single pollutant linear regression results for each relative brain volume and pollutant, for the
first trimester, adjusted for sex, IMD, PMA at scan, and GA at birth; beta = effect size; Cl = Confidence

interval (95%); q-value = p-value after FDR correction. Significant p-values are marked in red.

Std. Lower Upper
beta
Brain Region Pollutant error (in | Cl Cl p-value | g-value
(in10?) | 10%) (in103) | (in10%)
PM: s 0.061 0.246 | -0.422 0.545 0.803 0.918
Relative White Matter PMjio -0.072 0.204 -0.473 0.329 0.724 0.918
NO, -0.055 0.099 -0.249 0.139 0.578 0.918
PM2s -0.113 0.256 | -0.616 0.391 0.661 0.918
Relative Grey Matter PMjio 0.059 0.212 -0.358 0.476 0.78 0.918
NO, 0.075 0.103 -0.127 0.277 0.468 0.918
PM2s -0.002 0.011 -0.023 0.019 0.855 0.932
Relative Amygdala PMig -0.01 0.009 -0.028 0.007 0.246 0.844
NO> -0.001 0.004 | -0.009 0.008 0.902 0.941
PM; s 0.038 0.111 -0.18 0.256 0.732 0.918
Relative Cerebellum PM1o 0.036 0.092 -0.145 0.216 0.699 0.918
NO> -0.038 0.045 -0.126 0.049 0.391 0.918
PM; s -0.02 0.074 | -0.165 0.126 0.79 0.918
Relative Basal Ganglia PM1g -0.041 0.061 -0.162 0.079 0.502 0.918
NO, 0.01 0.03 -0.049 0.068 0.744 0.918
PM; s 0.224 0.087 0.054 0.394 0.01 0.121
Relative Ventricles PM1g 0.196 0.072 0.055 0.337 0.006 0.121
NO, -0.001 0.035 -0.07 0.068 0.977 0.977
PMys 0.033 0.022 -0.011 0.076 0.138 0.664
Relative Brainstem
PMag 0.018 0.018 | -0.018 0.054 0.32 0.871
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NO; 0.009 0.009 -0.009 0.026 0.327 0.871

PMys 0.805 0.434 -0.049 1.659 0.064 0.516
Relative Extracerebral

PMjio 0.571 0.36 -0.138 1.279 0.114 0.664
CSF

NO; 0.228 0.175 -0.116 0.571 0.194 0.777

Table A3: Single pollutant linear regression results for each relative brain volume and pollutant, for the

second trimester, adjusted for sex, IMD, PMA at scan, and GA at birth; beta = effect size; Cl =

Confidence interval (95%); q-value = p-value after FDR correction. Significant p-values are marked in

red.
Std. Lower Upper
beta (in
Brain Region Pollutant 109 error(in | Cl(in Cl (in p-value | g-value
103) 103) 103)
PM;s -0.242 0.222 -0.679 0.195 0.276 0.829
Relative White Matter | PMyo -0.170 0.189 | -0.540 0.201 0.368 0.829
NO, -0.061 0.093 -0.245 0.122 0.512 0.829
PM2s 0.172 0.232 | -0.283 0.627 0.458 0.829
Relative Grey Matter PMjio 0.101 0.196 -0.285 0.487 0.607 0.829
NO, 0.092 0.097 | -0.099 0.283 0.343 0.829
PM; s -0.006 0.010 | -0.025 0.014 0.572 0.829
Relative Amygdala PM1o -0.007 0.008 | -0.023 0.010 0.423 0.829
NO, -0.001 0.004 | -0.009 0.007 0.841 0.915
PM; s 0.014 0.100 | -0.183 0.211 0.889 0.915
Relative Cerebellum PM1g 0.009 0.085 -0.158 0.176 0.915 0.915
NO, -0.038 0.042 | -0.121 0.044 0.363 0.829
PM2s 0.046 0.067 | -0.086 0.178 0.492 0.829
Relative Basal Ganglia PMyg 0.042 0.057 -0.069 0.154 0.458 0.829
NO, 0.003 0.028 | -0.052 0.059 0.907 0.915
PM2s -0.063 0.079 | -0.218 0.092 0.428 0.829
Relative Ventricles PM1o -0.011 0.067 -0.143 0.120 0.864 0.915
NO, -0.057 0.033 -0.122 0.008 0.086 0.829
PM; s 0.011 0.020 | -0.029 0.050 0.602 0.829
Relative Brainstem
PMag 0.018 0.017 | -0.016 0.051 0.304 0.829

179




NO; 0.004 0.008 -0.012 0.021 0.622 0.829

PMys 0.320 0.394 -0.455 1.094 0.418 0.829
Relative Extracerebral

PMjio 0.488 0.334 -0.168 1.143 0.144 0.829
CSF

NO; 0.059 0.166 -0.266 0.384 0.721 0.911

Table A4: Single pollutant linear regression results for each relative brain volume and pollutant, for the

third trimester, adjusted for sex, IMD, PMA at scan, and GA at birth; beta = effect size; Cl = Confidence

interval (95%); q-value = p-value after FDR correction. Significant p-values are marked in red.

Std. Lower Upper
beta (in
Brain Region Pollutant 109 error(in | Cl(in Cl(in | p-value | g-value
103) 103) 103)
PM2s -0.049 0.247 | -0.533 | -0.533 0.844 0.97
Relative White Matter | PMyo -0.047 0.196 | -0.432( -0.432 0.812 0.97
NO, -0.043 0.097 | -0.233 | -0.233 0.658 0.97
PM;s 0.061 0.257 -0.444 -0.444 0.814 0.97
Relative Grey Matter PM1o 0.086 0.204 | -0.315( -0.315 0.675 0.97
NO> 0.086 0.101 | -0.111( -0.111 0.391 0.97
PM; s 0.009 0.011 ( -0.012 | -0.012 0.389 0.97
Relative Amygdala PM1o 0.010 0.009 | -0.007 | -0.007 0.243 0.97
NO> 0.005 0.004 | -0.003 | -0.003 0.204 0.97
PM2s -0.058 0.111| -0.277 | -0.277 0.603 0.97
Relative Cerebellum PMag -0.063 0.088 -0.237 -0.237 0.473 0.97
NO> -0.057 0.044 | -0.143 | -0.143 0.190 0.97
PM2s 0.030 0.074| -0.116| -0.116 0.691 0.97
Relative Basal Ganglia PM1o 0.010 0.059 | -0.106 [ -0.106 0.860 0.97
NO> 0.004 0.029 [ -0.054 ( -0.054 0.902 0.97
PMys 0.003 0.087 | -0.169 ( -0.169 0.970 0.97
Relative Ventricles PM1o 0.003 0.069 | -0.133( -0.133 0.963 0.97
NO> -0.035 0.034 | -0.102( -0.102 0.308 0.97
PMys 0.016 0.022 | -0.027 ( -0.027 0.462 0.97
Relative Brainstem
PM1o 0.014 0.018 | -0.021 | -0.021 0.425 0.97
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NO; 0.010 0.009 -0.007 -0.007 0.256 0.97

PM;ys 0.289 0.437 -0.570 -0.570 0.509 0.97
Relative Extracerebral

PMjio 0.096 0.347 -0.587 -0.587 0.783 0.97
CSF

NO; 0.118 0.171 -0.219 -0.219 0.492 0.97

Table A5: Descriptive statistics of the absolute brain volumes of the dHCP subjects included in this

study.

Brain region

Median (in mm?)

Range (in mm?3)

Intracranial Volume 439103 273073 - 664283
Cortical Grey Matter 149824 96600 — 202719
White Matter 151371 86492 — 245847
Cerebellum 25215 13785 -41752
Ventricles 4553 2052 - 15975
Deep Grey Nuclei 27170 19253 — 35574
Brainstem 6558 4616 — 8603
Amygdala & 2560 1673 - 3462
Hippocampus

Extracerebral CSF 73780 42251 - 126000
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Figure A2: Subject distribution of my subjects from the developing human connectome project (dHCP)

per lower super output area (LSOA) in Greater London. The subjects were scanned at St. Thomas’

Hospital in central London, which is indicated on the map.
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Figure A3: Correlation between PM,.s, PM14, and NO,. Modelled over the entire gestational period (A),

the first trimester (B). the second trimester (C), and the third trimester (D).

Table A6: Additional descriptive statistics of the ePrime subjects.

ePrime cohort Subjects Range Mean
Total Parenteral Nutrition (TPN) 147 (51.6%) 0-59 days 6.8 days
Ventilation 105 (36.8%) 0-33 days 1.8 days
Major lesions 34 (11.9%)

Birthweight z-score -3.1-2.76 -0.51
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Table A7: Absolute brain volumes of the ePrime subjects.

Brain region (in mm?) Median Range
Total Brain Volume 377090 271017 — 529459
Cortical Grey Matter 187317 111794 - 285434
White Matter 121358 81437 - 156829
Cerebellum 33016 22176 — 47425
Ventricles 8327 4551 -21215
Deep Grey Nuclei 32124 24475 - 41471
Brainstem 5879 4543 - 7511
Amygdala 941 696 — 1235
Thalamus 9049 6109 -11761
Hippocampus 1412 916 — 1940

Table A8: Single linear regression results between pollution exposure over the entire gestational period

and dMRI measures in all tracts, adjusted for sex, IMD, PMA at scan, GA at birth, birth weight z-score

(BWZ), and days ventilated. Beta = effect size; Cl = Confidence interval (95%); q-value = p-value after

FDR correction. WM microstructure metrics are coded as follows: First the hemisphere L = left, and R =

right, followed by the tract, and the type of metric, respectively. FA = fractional anisotropy; MD = mean

diffusivity; AD = axial diffusivity; RD = radial diffusivity. Tract abbreviations: CC = corpus callosum; CST

= corticospinal tract; IFO = inferior fronto-occipital fasciculus; ILF = inferior longitudinal fasciculus; UNC

= uncinate fasciculus.
Tract Pollutant beta (in 10" | Std. error Lower CI Upper CI | p-value | g-value
3) (in 103) (in 103) (in 103)
LILF_FA PMas -0.233 0.580 -1.375 0.909 0.688 0.991
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LILF_FA PM1o -0.153 0.445 -1.031 0.724 0.731 0.991
LILF_FA NO> 0.241 0.205 -0.163 0.645 0.241 0.991
LILF_MD PM2s 1.668 1.882 -2.038 5.375 0.376 0.991
LILF_MD PMio 1.178 1.446 -1.671 4.027 0.416 0.991
LILF_MD NO; -0.275 0.668 -1.591 1.042 0.682 0.991
LILF_AD PM2s 1.972 1.861 -1.695 5.638 0.290 0.991
LILF_AD PM1o 1.436 1.431 -1.382 4.254 0.316 0.991
LILF_AD NO> 0.028 0.661 -1.275 1.331 0.967 0.991
LILF_RD PM2s 1.517 1.976 -2.377 5.410 0.444 0.991
LILF_RD PM1o 1.049 1.519 -1.944 4.041 0.491 0.991
LILF_RD NO; -0.426 0.701 -1.807 0.956 0.544 0.991
RILF_FA PM2s 0.249 0.556 -0.846 1.345 0.654 0.991
RILF_FA PMio 0.123 0.427 -0.719 0.966 0.773 0.991
RILF_FA NO; 0.379 0.196 -0.006 0.765 0.054 0.991
RILF_MD PM2s -1.629 2.280 -6.121 2.863 0.476 0.991
RILF_MD PM1o -0.695 1.754 -4.150 2.759 0.692 0.991
RILF_MD NO: -0.727 0.808 -2.318 0.865 0.369 0.991
RILF_AD PM2s -1.689 2.329 -6.277 2.900 0.469 0.991
RILF_AD PMio -0.676 1.791 -4.205 2.853 0.706 0.991
RILF_AD NO; -0.298 0.827 -1.927 1.330 0.718 0.991
RILF_RD PM2s -1.599 2.326 -6.182 2.984 0.492 0.991
RILF_RD PMio -0.705 1.789 -4.229 2.819 0.694 0.991
RILF_RD NO: -0.941 0.823 -2.563 0.682 0.254 0.991
LUNC_FA PM3s 0.665 0.387 -0.098 1.428 0.087 0.991
LUNC_FA PMio 0.349 0.299 -0.239 0.937 0.244 0.991
LUNC_FA NO: 0.127 0.138 -0.145 0.399 0.358 0.991
LUNC_MD | PMzs 1.541 1.508 -1.430 4.512 0.308 0.991
LUNC_MD | PMyo 1.590 1.157 -0.689 3.869 0.171 0.991
LUNC_MD | NO; 0.766 0.534 -0.285 1.817 0.152 0.991
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LUNC_AD PM2s 2.492 1.516 -0.494 5.479 0.101 0.991
LUNC_AD PM1o 2.211 1.163 -0.079 4.502 0.058 0.991
LUNC_AD NO; 1.023 0.536 -0.034 2.080 0.058 0.991
LUNC_RD PM2s 1.066 1.547 -1.983 4.114 0.492 0.991
LUNC_RD PMio 1.279 1.187 -1.060 3.618 0.282 0.991
LUNC_RD NO; 0.638 0.548 -0.441 1.717 0.245 0.991
RUNC_FA PM2s -0.401 0.406 -1.201 0.400 0.325 0.991
RUNC_FA PMio -0.436 0.312 -1.049 0.178 0.163 0.991
RUNC_FA NO: -0.063 0.144 -0.347 0.222 0.664 0.991
RUNC_MD | PMys 1.979 1.494 -0.965 4.923 0.187 0.991
RUNC_MD | PMy 1.979 1.145 -0.278 4.235 0.085 0.991
RUNC_MD | NO; 0.907 0.529 -0.134 1.948 0.088 0.991
RUNC_AD PM2s 1.630 1.485 -1.296 4.556 0.274 0.991
RUNC_AD PMio 1.685 1.139 -0.559 3.928 0.140 0.991
RUNC_AD NO: 0.900 0.525 -0.133 1.934 0.087 0.991
RUNC_RD PM2s 2.154 1.553 -0.907 5.213 0.167 0.991
RUNC_RD PM1o 2.126 1.190 -0.220 4.471 0.075 0.991
RUNC_RD NO: 0.910 0.550 -0.173 1.993 0.099 0.991
LIFO_FA PM2s 0.392 0.483 -0.559 1.344 0.417 0.991
LIFO_FA PMio 0.196 0.372 -0.535 0.928 0.597 0.991
LIFO_FA NO: 0.219 0.171 -0.117 0.556 0.201 0.991
LIFO_MD PM2s 0.485 1.549 -2.568 3.537 0.755 0.991
LIFO_MD PM1o 0.629 1.190 -1.716 2.973 0.598 0.991
LIFO_MD NO: 0.258 0.549 -0.824 1.340 0.639 0.991
LIFO_AD PM3s 1.014 1.526 -1.993 4.021 0.507 0.991
LIFO_AD PMio 0.973 1.172 -1.337 3.282 0.408 0.991
LIFO_AD NO; 0.578 0.540 -0.487 1.642 0.286 0.991
LIFO_RD PM2s 0.220 1.621 -2.973 3.413 0.892 0.991
LIFO_RD PMig 0.457 1.245 -1.996 2.910 0.714 0.991
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LIFO_RD NO> 0.098 0.575 -1.034 1.230 0.865 0.991
RIFO_FA PMa2s 0.415 0.428 -0.428 1.258 0.333 0.991
RIFO_FA PMio 0.208 0.329 -0.441 0.856 0.529 0.991
RIFO_FA NO; 0.295 0.151 -0.002 0.592 0.052 0.991
RIFO_MD PM2s -0.344 1.520 -3.338 2.649 0.821 0.991
RIFO_MD PMio 0.104 1.168 -2.197 2.404 0.929 0.991
RIFO_MD NO> -0.138 0.539 -1.200 0.923 0.798 0.991
RIFO_AD PM2s 0.128 1.489 -2.804 3.061 0.931 0.991
RIFO_AD PM1o 0.425 1.144 -1.828 2.678 0.711 0.991
RIFO_AD NO: 0.226 0.528 -0.814 1.265 0.669 0.991
RIFO_RD PM2s -0.581 1.591 -3.715 2.554 0.715 0.991
RIFO_RD PMio -0.057 1.223 -2.466 2.352 0.963 0.991
RIFO_RD NO; -0.320 0.564 -1.431 0.791 0.571 0.991
LSLF_FA PM2s -0.167 0.400 -0.956 0.621 0.676 0.991
LSLF_FA PM1o -0.202 0.308 -0.808 0.404 0.512 0.991
LSLF_FA NO: 0.036 0.142 -0.244 0.315 0.802 0.991
LSLF_MD PM2s 1.341 1.673 -1.955 4.636 0.424 0.991
LSLF_MD PM1o 0.800 1.286 -1.733 3.334 0.534 0.991
LSLF_MD NO: 0.020 0.594 -1.150 1.190 0.973 0.991
LSLF_AD PM2s 1.062 1.647 -2.184 4.307 0.520 0.991
LSLF_AD PMio 0.433 1.267 -2.062 2.929 0.733 0.991
LSLF_AD NO: -0.008 0.585 -1.160 1.144 0.989 0.991
LSLF_RD PM2s 1.480 1.732 -1.931 4.892 0.394 0.991
LSLF_RD PMio 0.984 1.331 -1.639 3.607 0.461 0.991
LSLF_RD NO: 0.034 0.615 -1.178 1.245 0.956 0.991
RSLF_FA PM3s 0.097 0.434 -0.757 0.952 0.822 0.991
RSLF_FA PMigo 0.103 0.333 -0.553 0.759 0.758 0.991
RSLF_FA NO; 0.096 0.154 -0.206 0.399 0.532 0.991
RSLF_MD PM2s 0.343 1.748 -3.101 3.788 0.845 0.991
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RSLF_MD PM1o 0.015 1.344 -2.632 2.662 0.991 0.991
RSLF_MD NO> 0.135 0.620 -1.087 1.356 0.828 0.991
RSLF_AD PM2s -0.233 0.580 -1.375 0.909 0.770 0.991
RSLF_AD PMio -0.153 0.445 -1.031 0.724 0.898 0.991
RSLF_AD NO; 0.241 0.205 -0.163 0.645 0.583 0.991
RSLF_RD PM2s 1.668 1.882 -2.038 5.375 0.883 0.991
RSLF_RD PM1o 1.178 1.446 -1.671 4.027 0.966 0.991
RSLF_RD NO> -0.275 0.668 -1.591 1.042 0.952 0.991
LCST_FA PM2s 1.972 1.861 -1.695 5.638 0.941 0.991
LCST_FA PM1o 1.436 1431 -1.382 4.254 0.913 0.991
LCST_FA NO; 0.028 0.661 -1.275 1.331 0.801 0.991
LCST_MD PM2s 1.517 1.976 -2.377 5.410 0.303 0.991
LCST_MD PMio 1.049 1.519 -1.944 4.041 0.345 0.991
LCST_MD NO; -0.426 0.701 -1.807 0.956 0.607 0.991
LCST_AD PM2s 0.249 0.556 -0.846 1.345 0.230 0.991
LCST_AD PM1o 0.123 0.427 -0.719 0.966 0.279 0.991
LCST_AD NO: 0.379 0.196 -0.006 0.765 0.628 0.991
LCST_RD PM2s -1.629 2.280 -6.121 2.863 0.355 0.991
LCST_RD PMio -0.695 1.754 -4.150 2.759 0.392 0.991
LCST_RD NO; -0.727 0.808 -2.318 0.865 0.608 0.991
RCST_FA PM2s -1.689 2.329 -6.277 2.900 0.289 0.991
RCST_FA PMio -0.676 1.791 -4.205 2.853 0.274 0.991
RCST_FA NO: -0.298 0.827 -1.927 1.330 0.602 0.991
RCST_MD PM3s -1.599 2.326 -6.182 2.984 0.804 0.991
RCST_MD PMio -0.705 1.789 -4.229 2.819 0.972 0.991
RCST_MD NO: -0.941 0.823 -2.563 0.682 0.891 0.991
RCST_AD PM2s 0.665 0.387 -0.098 1.428 0.414 0.991
RCST_AD PMigo 0.349 0.299 -0.239 0.937 0.566 0.991
RCST_AD NO; 0.127 0.138 -0.145 0.399 0.935 0.991
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RCST_RD PM2s 1.541 1.508 -1.430 4.512 0.985 0.991
RCST_RD PM1o 1.590 1.157 -0.689 3.869 0.833 0.991
RCST_RD NO; 0.766 0.534 -0.285 1.817 0.875 0.991
CC_FA PM2s 2.492 1.516 -0.494 5.479 0.395 0.991
CC_FA PMio 2.211 1.163 -0.079 4.502 0.770 0.991
CC_FA NO; 1.023 0.536 -0.034 2.080 0.774 0.991
CC_MD PM2s 1.066 1.547 -1.983 4.114 0.957 0.991
CC_MD PMio 1.279 1.187 -1.060 3.618 0.816 0.991
CC_MD NO: 0.638 0.548 -0.441 1.717 0.647 0.991
CC_AD PM2s -0.401 0.406 -1.201 0.400 0.694 0.991
CC_AD PMio -0.436 0.312 -1.049 0.178 0.662 0.991
CC_AD NO; -0.063 0.144 -0.347 0.222 0.515 0.991
CC_RD PM2s 1.979 1.494 -0.965 4923 0.927 0.991
CC_RD PMio 1.979 1.145 -0.278 4.235 0.888 0.991
CC_RD NO: 0.907 0.529 -0.134 1.948 0.713 0.991

Table A9: Single linear regression results between pollution exposure over the first trimester and dMRI

measures in all tracts for all subjects in the ePrime cohort, adjusted for sex, IMD, PMA at scan, GA at

birth, birth weight z-score (BWZ), and days ventilated. Beta = effect size; Cl = Confidence interval (95%);

g-value = p-value after FDR correction. WM microstructure metrics are coded as follows: First the

hemisphere L = left, and R = right, followed by the tract, and the type of metric, respectively. FA =

fractional anisotropy; MD = mean diffusivity; AD = axial diffusivity; RD = radial diffusivity. Tract

abbreviations: CC = corpus callosum; CST = corticospinal tract; IFO = inferior fronto-occipital fasciculus;

ILF = inferior longitudinal fasciculus; UNC = uncinate fasciculus.

Tract Pollutant | b (in 103) | Std. error (in | Lower CI (in Upper CI p-value g-value
103) 103) (in 107)

LILF_FA PM, s -0.009 0.426 -0.849 0.831 0.983 0.993

LILF_FA PMyo 0.013 0.335 -0.649 0.674 0.970 0.993

LILF_FA NO, 0.141 0.176 -0.207 0.489 0.426 0.911

LILF_MD PM, s 1.083 1.369 -1.617 3.782 0.430 0.911
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LILF_MD PM1o 0.637 1.079 -1.490 2.765 0.555 0.911
LILF_MD NO> 0.388 0.568 -0.732 1.508 0.495 0.911
LILF_AD PM2s 1.554 1.368 -1.145 4.252 0.258 0.911
LILF_AD PMio 0.984 1.079 -1.145 3.112 0.363 0.911
LILF_AD NO; 0.737 0.567 -0.381 1.856 0.195 0.911
LILF_RD PM2s 0.847 1.432 -1.976 3.670 0.555 0.911
LILF_RD PMio 0.464 1.128 -1.761 2.689 0.681 0.948
LILF_RD NO> 0.214 0.594 -0.958 1.386 0.719 0.948
RILF_FA PM2s -0.125 0.413 -0.940 0.689 0.762 0.948
RILF_FA PM1o -0.083 0.325 -0.724 0.559 0.800 0.948
RILF_FA NO; 0.181 0.171 -0.156 0.518 0.292 0.911
RILF_MD PM2s -0.102 1.654 -3.364 3.159 0.951 0.993
RILF_MD PMio 0.024 1.303 -2.545 2.594 0.985 0.993
RILF_MD NO; 0.196 0.686 -1.157 1.548 0.776 0.948
RILF_AD PM2s -0.295 1.693 -3.634 3.044 0.862 0.989
RILF_AD PM1o -0.051 1.334 -2.682 2.579 0.969 0.993
RILF_AD NO: 0.521 0.701 -0.862 1.904 0.458 0.911
RILF_RD PM2s -0.006 1.685 -3.329 3.318 0.997 0.997
RILF_RD PMio 0.062 1.327 -2.555 2.680 0.963 0.993
RILF_RD NO; 0.033 0.699 -1.346 1.412 0.962 0.993
LUNC_FA PM2s -0.064 0.285 -0.626 0.498 0.823 0.961
LUNC_FA PMio -0.132 0.224 -0.574 0.310 0.557 0.911
LUNC_FA NO: 0.053 0.118 -0.180 0.287 0.652 0.948
LUNC_MD | PM3s 1.253 1.110 -0.937 3.442 0.261 0.911
LUNC_MD | PMyo 1.071 0.874 -0.653 2.795 0.222 0.911
LUNC_MD | NO; 0.887 0.458 -0.016 1.790 0.054 0.893
LUNC_AD PM2s 1.351 1.120 -0.859 3.560 0.229 0.911
LUNC_AD PMigo 1.081 0.882 -0.659 2.821 0.222 0.911
LUNC_AD NO; 1.051 0.460 0.143 1.959 0.024 0.621
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LUNC_RD PM2s 1.204 1.136 -1.036 3.444 0.291 0.911
LUNC_RD PM1o 1.066 0.894 -0.697 2.829 0.235 0.911
LUNC_RD NO; 0.805 0.469 -0.120 1.730 0.088 0.911
RUNC_FA PM2s -0.718 0.289 -1.288 -0.149 0.014 0.621
RUNC_FA PMio -0.593 0.227 -1.041 -0.145 0.010 0.621
RUNC_FA NO; -0.211 0.121 -0.449 0.027 0.082 0.911
RUNC_MD | PM2s 1.488 1.089 -0.659 3.635 0.173 0.911
RUNC_MD | PMyo 1.257 0.857 -0.433 2.947 0.144 0.911
RUNC_MD | NO; 1.042 0.448 0.159 1.925 0.021 0.621
RUNC_AD PM2s 0.805 1.091 -1.347 2.958 0.461 0.911
RUNC_AD PMio 0.750 0.859 -0.944 2.445 0.384 0.911
RUNC_AD NO; 0.877 0.449 -0.009 1.762 0.052 0.893
RUNC_RD PM2s 1.829 1.126 -0.391 4.049 0.106 0.911
RUNC_RD PMio 1.511 0.886 -0.237 3.258 0.090 0.911
RUNC_RD NO: 1.125 0.463 0.211 2.038 0.016 0.621
LIFO_FA PM2s -0.087 0.351 -0.780 0.606 0.804 0.948
LIFO_FA PM1o -0.113 0.277 -0.659 0.433 0.684 0.948
LIFO_FA NO: 0.097 0.146 -0.190 0.384 0.507 0.911
LIFO_MD PM2s 0.778 1.128 -1.447 3.003 0.491 0.911
LIFO_MD PMio 0.612 0.889 -1.141 2.364 0.492 0.911
LIFO_MD NO: 0.658 0.466 -0.262 1.577 0.160 0.911
LIFO_AD PM2s 0.813 1.123 -1.402 3.029 0.470 0.911
LIFO_AD PM1o 0.586 0.885 -1.159 2.332 0.509 0.911
LIFO_AD NO: 0.896 0.462 -0.016 1.807 0.054 0.893
LIFO_RD PM3s 0.760 1.175 -1.556 3.077 0.518 0.911
LIFO_RD PMio 0.625 0.925 -1.200 2.449 0.500 0.911
LIFO_RD NO; 0.539 0.486 -0.420 1.497 0.269 0.911
RIFO_FA PM2s -0.312 0.313 -0.929 0.304 0.319 0.911
RIFO_FA PMig -0.251 0.246 -0.736 0.235 0.310 0.911
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RIFO_FA NO> 0.089 0.130 -0.167 0.345 0.492 0.911
RIFO_MD PMa2s 0.852 1.117 -1.352 3.055 0.447 0.911
RIFO_MD PMio 0.621 0.880 -1.115 2.358 0.481 0.911
RIFO_MD NO; 0.477 0.463 -0.436 1.390 0.304 0.911
RIFO_AD PM2s 0.592 1.108 -1.594 2.777 0.594 0.945
RIFO_AD PMio 0.443 0.873 -1.278 2.165 0.612 0.948
RIFO_AD NO> 0.687 0.457 -0.215 1.589 0.135 0.911
RIFO_RD PM2s 0.982 1.163 -1.312 3.275 0.400 0.911
RIFO_RD PM1o 0.710 0.916 -1.096 2.517 0.439 0.911
RIFO_RD NO: 0.372 0.483 -0.579 1.324 0.441 0.911
LSLF_FA PM2s -0.076 0.302 -0.671 0.519 0.802 0.948
LSLF_FA PMio -0.091 0.238 -0.559 0.378 0.703 0.948
LSLF_FA NO; 0.003 0.125 -0.244 0.249 0.984 0.993
LSLF_MD PM2s 0.849 1.237 -1.589 3.288 0.493 0.911
LSLF_MD PM1o 0.316 0.975 -1.607 2.238 0.746 0.948
LSLF_MD NO: 0.425 0.513 -0.586 1.436 0.408 0.911
LSLF_AD PM2s 0.963 1.213 -1.428 3.355 0.428 0.911
LSLF_AD PM1o 0.298 0.956 -1.588 2.184 0.756 0.948
LSLF_AD NO: 0.457 0.503 -0.534 1.449 0.364 0.911
LSLF_RD PM2s 0.792 1.284 -1.739 3.324 0.538 0.911
LSLF_RD PMio 0.325 1.012 -1.671 2.320 0.749 0.948
LSLF_RD NO: 0.409 0.532 -0.641 1.459 0.443 0.911
RSLF_FA PM2s 0.018 0.324 -0.621 0.657 0.955 0.993
RSLF_FA PMio 0.027 0.255 -0.476 0.530 0.916 0.993
RSLF_FA NO: 0.059 0.134 -0.206 0.324 0.661 0.948
RSLF_MD PM3s 0.564 1.320 -2.039 3.166 0.670 0.948
RSLF_MD PMigo 0.116 1.040 -1.934 2.167 0.911 0.993
RSLF_MD NO; 0.479 0.547 -0.599 1.557 0.382 0.911
RSLF_AD PM2s 0.681 1.263 -1.810 3.172 0.591 0.945
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RSLF_AD PM1o 0.200 0.996 -1.764 2.163 0.841 0.974
RSLF_AD NO> 0.661 0.522 -0.370 1.691 0.208 0.911
RSLF_RD PM2s 0.505 1.380 -2.217 3.227 0.715 0.948
RSLF_RD PMio 0.075 1.088 -2.070 2.219 0.945 0.993
RSLF_RD NO; 0.388 0.572 -0.740 1.516 0.498 0.911
LCST_FA PM2s 0.168 0.349 -0.521 0.857 0.632 0.948
LCST_FA PMio 0.167 0.275 -0.375 0.710 0.544 0.911
LCST_FA NO> 0.019 0.145 -0.267 0.305 0.896 0.993
LCST_MD PM2s 1.013 1.134 -1.224 3.250 0.373 0.911
LCST_MD PM1o 0.424 0.895 -1.341 2.189 0.636 0.948
LCST_MD NO; 0.626 0.469 -0.300 1.552 0.184 0.911
LCST_AD PM2s 1.377 1.048 -0.690 3.443 0.190 0.911
LCST_AD PMio 0.710 0.827 -0.922 2.342 0.392 0.911
LCST_AD NO; 0.722 0.434 -0.133 1.577 0.097 0.911
LCST_RD PM2s 0.831 1.212 -1.559 3.221 0.494 0.911
LCST_RD PM1o 0.281 0.955 -1.603 2.166 0.769 0.948
LCST_RD NO: 0.578 0.502 -0.411 1.568 0.250 0.911
RCST_FA PM2s 0.395 0.300 -0.196 0.986 0.189 0.911
RCST_FA PMio 0.316 0.236 -0.150 0.782 0.182 0.911
RCST_FA NO; 0.169 0.124 -0.076 0.415 0.175 0.911
RCST_MD PM2s 0.308 0.928 -1.522 2.137 0.741 0.948
RCST_MD PMio -0.108 0.731 -1.549 1.334 0.883 0.993
RCST_MD NO: 0.293 0.384 -0.466 1.051 0.448 0.911
RCST_AD PM3s 1.016 0.876 -0.711 2.742 0.248 0.911
RCST_AD PMio 0.405 0.691 -0.959 1.768 0.559 0.911
RCST_AD NO: 0.551 0.362 -0.164 1.265 0.130 0.911
RCST_RD PM2s -0.046 0.984 -1.987 1.894 0.962 0.993
RCST_RD PMigo -0.364 0.775 -1.891 1.164 0.639 0.948
RCST_RD NO; 0.163 0.408 -0.641 0.968 0.689 0.948
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CC_FA PM2s -0.092 0.331 -0.745 0.561 0.781 0.948
CC_FA PM1o -0.195 0.261 -0.709 0.319 0.455 0.911
CC_FA NO; 0.007 0.137 -0.264 0.278 0.959 0.993
CC_MD PM2s 0.570 1.187 -1.771 2.910 0.632 0.948
CC_MD PMio 0.285 0.935 -1.559 2.129 0.761 0.948
CC_MD NO; 0.583 0.491 -0.385 1.551 0.237 0.911
CC_AD PM2s 0.686 1.068 -1.420 2.792 0.521 0.911
CC_AD PMio 0.215 0.842 -1.445 1.875 0.799 0.948
CC_AD NO: 0.703 0.441 -0.166 1.572 0.112 0.911
CC_RD PM2s 0.511 1.268 -1.990 3.013 0.687 0.948
CC_RD PMio 0.320 0.999 -1.651 2.291 0.749 0.948
CC_RD NO; 0.523 0.525 -0.513 1.558 0.321 0.911

Table A10: Single linear regression results between pollution exposure over the second trimester and

dMRI measures in all tracts for all subjects in the ePrime cohort, adjusted for sex, IMD, PMA at scan,

GA at birth, birth weight z-score (BWZ), and days ventilated. Beta = effect size; Cl = Confidence interval

(95%); g-value = p-value after FDR correction. WM microstructure metrics are coded as follows: First

the hemisphere L = left, and R = right, followed by the tract, and the type of metric, respectively. FA =

fractional anisotropy; MD = mean diffusivity;, AD = axial diffusivity; RD = radial diffusivity. Tract

abbreviations: CC = corpus callosum; CST = corticospinal tract; IFO = inferior fronto-occipital fasciculus;

ILF = inferior longitudinal fasciculus; UNC = uncinate fasciculus.

beta (in 10" | Std. error (in 10" | Lower Cl Upper Cl
Tract Pollutant p-value g-value
3) 3) (in 103) (in 103)
LILF_FA PM;s -0.094 0.384 -0.852 0.663 0.806 0.972
LILF_FA PMyo -0.049 0.309 -0.657 0.56 0.875 0.972
LILF_FA NO; 0.108 0.18 -0.246 0.462 0.549 0.969
LILF_MD PM;s 1.271 1.234 -1.163 3.704 0.304 0.969
LILF_MD PMyo 0.791 0.992 -1.166 2.748 0.426 0.969
LILF_MD NO; 0.136 0.579 -1.005 1.277 0.815 0.972
LILF_AD PM;s 1.442 1.235 -0.993 3.877 0.244 0.969
LILF_AD PMyo 0.92 0.993 -1.039 2.879 0.356 0.969
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LILF_AD NO> 0.29 0.579 -0.852 1.432 0.617 0.969
LILF_RD PMa2s 1.185 1.291 -1.36 3.73 0.36 0.969
LILF_RD PM1o 0.727 1.038 -1.319 2.774 0.484 0.969
LILF_RD NO; 0.059 0.605 -1.134 1.251 0.923 0.972
RILF_FA PM2s -0.066 0.373 -0.801 0.669 0.859 0.972
RILF_FA PMio -0.01 0.299 -0.6 0.581 0.975 0.975
RILF_FA NO: 0.16 0.174 -0.183 0.503 0.359 0.969
RILF_MD PM2s 0.954 1.491 -1.987 3.895 0.523 0.969
RILF_MD PMio 0.527 1.199 -1.837 2.891 0.661 0.969
RILF_MD NO: 0.066 0.698 -1.311 1.443 0.925 0.972
RILF_AD PM2s 0.911 1.527 -2.1 3.922 0.551 0.969
RILF_AD PM1o 0.539 1.227 -1.881 2.959 0.661 0.969
RILF_AD NO: 0.267 0.714 -1.142 1.676 0.709 0.969
RILF_RD PM2s 0.976 1.519 -2.021 3.972 0.521 0.969
RILF_RD PMio 0.521 1.221 -1.888 2.929 0.67 0.969
RILF_RD NO; -0.034 0.711 -1.437 1.368 0.962 0.972
LUNC_FA PM2s 0.303 0.256 -0.202 0.809 0.238 0.969
LUNC_FA PMio 0.201 0.206 -0.205 0.608 0.33 0.969
LUNC_FA NO; 0.146 0.12 -0.09 0.383 0.224 0.969
LUNC_MD | PM;s 1.46 1 -0.512 3.433 0.146 0.969
LUNC_MD | PMyo 1.096 0.804 -0.489 2.682 0.174 0.969
LUNC_MD | NO; 0.9 0.466 -0.018 1.819 0.055 0.969
LUNC_AD PM2s 1.939 1.005 -0.044 3.921 0.055 0.969
LUNC_AD PM1o 1.427 0.809 -0.168 3.022 0.079 0.969
LUNC_AD NO: 1.203 0.467 0.283 2.123 0.011 0.969
LUNC_RD PM2s 1.221 1.025 -0.799 3.242 0.235 0.969
LUNC_RD PMigo 0.931 0.823 -0.693 2.555 0.26 0.969
LUNC_RD NO; 0.749 0.478 -0.194 1.691 0.119 0.969
RUNC_FA PM2s -0.178 0.265 -0.7 0.343 0.501 0.969
RUNC_FA PMigo -0.183 0.212 -0.602 0.235 0.389 0.969
RUNC_FA NO; 0.08 0.124 -0.164 0.324 0.517 0.969
RUNC_MD | PMzs 1.475 0.982 -0.461 3.411 0.135 0.969
RUNC_MD | PMyo 1.255 0.788 -0.299 2.809 0.113 0.969
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RUNC_MD | NO; 0.769 0.458 -0.135 1.673 0.095 0.969
RUNC_AD PMa2s 1.287 0.982 -0.65 3.223 0.192 0.969
RUNC_AD PM1o 1.088 0.789 -0.467 2.643 0.169 0.969
RUNC_AD NO; 0.926 0.457 0.025 1.826 0.044 0.969
RUNC_RD PM2s 1.569 1.017 -0.436 3.574 0.124 0.969
RUNC_RD PMio 1.338 0.816 -0.271 2.947 0.103 0.969
RUNC_RD NO; 0.69 0.476 -0.248 1.629 0.148 0.969
LIFO_FA PM2s 0.165 0.317 -0.46 0.79 0.604 0.969
LIFO_FA PMio 0.107 0.255 -0.395 0.61 0.674 0.969
LIFO_FA NO: 0.167 0.148 -0.124 0.459 0.259 0.969
LIFO_MD PM2s 0.516 1.019 -1.494 2.525 0.613 0.969
LIFO_MD PM1o 0.291 0.819 -1.324 1.905 0.723 0.969
LIFO_MD NO: 0.442 0.476 -0.496 1.38 0.354 0.969
LIFO_AD PM2s 0.673 1.014 -1.328 2.673 0.508 0.969
LIFO_AD PMio 0.368 0.815 -1.24 1.975 0.653 0.969
LIFO_AD NO; 0.728 0.472 -0.203 1.658 0.125 0.969
LIFO_RD PM2s 0.437 1.061 -1.655 2.529 0.681 0.969
LIFO_RD PMio 0.253 0.852 -1.428 1.934 0.767 0.972
LIFO_RD NO; 0.299 0.496 -0.679 1.277 0.547 0.969
RIFO_FA PM2s 0.236 0.282 -0.321 0.792 0.405 0.969
RIFO_FA PM1o 0.191 0.227 -0.256 0.638 0.401 0.969
RIFO_FA NO: 0.254 0.131 -0.004 0.513 0.054 0.969
RIFO_MD PM2s 0.044 1.01 -1.948 2.036 0.965 0.972
RIFO_MD PM1o -0.098 0.811 -1.698 1.503 0.905 0.972
RIFO_MD NO: -0.041 0.472 -0.972 0.891 0.932 0.972
RIFO_AD PM2s 0.323 1.001 -1.65 2.297 0.747 0.969
RIFO_AD PMigo 0.118 0.804 -1.467 1.704 0.883 0.972
RIFO_AD NO; 0.279 0.468 -0.644 1.201 0.552 0.969
RIFO_RD PM2s -0.095 1.051 -2.169 1.978 0.928 0.972
RIFO_RD PMigo -0.205 0.845 -1.871 1.46 0.808 0.972
RIFO_RD NO; -0.2 0.491 -1.17 0.769 0.684 0.969
LSLF_FA PM2s 0.118 0.272 -0.419 0.654 0.666 0.969
LSLF_FA PM1o 0.086 0.219 -0.346 0.517 0.696 0.969
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LSLF_FA NO> 0.101 0.127 -0.15 0.352 0.427 0.969
LSLF_MD PMa2s 0.963 1.115 -1.237 3.162 0.389 0.969
LSLF_MD PM1o 0.624 0.897 -1.144 2.392 0.487 0.969
LSLF_MD NO; 0.275 0.522 -0.755 1.305 0.599 0.969
LSLF_AD PM2s 1.263 1.093 -0.892 3.417 0.249 0.969
LSLF_AD PMio 0.833 0.879 -0.9 2.565 0.344 0.969
LSLF_AD NO: 0.41 0.512 -0.6 1.419 0.424 0.969
LSLF_RD PM2s 0.813 1.159 -1.472 3.097 0.484 0.969
LSLF_RD PMio 0.52 0.931 -1.316 2.356 0.577 0.969
LSLF_RD NO: 0.207 0.542 -0.862 1.277 0.702 0.969
RSLF_FA PM2s 0.041 0.292 -0.536 0.617 0.89 0.972
RSLF_FA PM1o 0.046 0.235 -0.417 0.509 0.845 0.972
RSLF_FA NO: 0.083 0.137 -0.187 0.352 0.545 0.969
RSLF_MD PM2s 0.448 1.191 -1.901 2.797 0.707 0.969
RSLF_MD PMio 0.061 0.957 -1.827 1.949 0.949 0.972
RSLF_MD NO; 0.177 0.557 -0.922 1.275 0.751 0.969
RSLF_AD PM2s 0.5 1.14 -1.749 2.749 0.662 0.969
RSLF_AD PMio 0.062 0.917 -1.746 1.869 0.947 0.972
RSLF_AD NO; 0.333 0.533 -0.718 1.385 0.532 0.969
RSLF_RD PM2s 0.422 1.246 -2.035 2.879 0.735 0.969
RSLF_RD PM1o 0.061 1.001 -1.914 2.035 0.952 0.972
RSLF_RD NO: 0.098 0.583 -1.051 1.248 0.866 0.972
LCST_FA PM2s -0.062 0.316 -0.684 0.561 0.846 0.972
LCST_FA PM1o 0.017 0.254 -0.483 0.517 0.946 0.972
LCST_FA NO: -0.023 0.148 -0.314 0.268 0.875 0.972
LCST_MD PM2s 0.978 1.024 -1.041 2.996 0.341 0.969
LCST_MD PMigo 0.552 0.823 -1.072 2.175 0.504 0.969
LCST_MD NO; 0.301 0.479 -0.645 1.246 0.531 0.969
LCST_AD PM2s 0.921 0.948 -0.948 2.79 0.332 0.969
LCST_AD PMigo 0.558 0.762 -0.945 2.06 0.465 0.969
LCST_AD NO; 0.29 0.444 -0.585 1.165 0.514 0.969
LCST_RD PM2s 1.006 1.093 -1.149 3.161 0.358 0.969
LCST_RD PM1o 0.549 0.879 -1.184 2.282 0.533 0.969
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LCST_RD NO> 0.306 0.512 -0.703 1.315 0.551 0.969
RCST_FA PMa2s 0.094 0.272 -0.442 0.63 0.729 0.969
RCST_FA PM1o 0.143 0.218 -0.287 0.573 0.513 0.969
RCST_FA NO; 0.024 0.127 -0.227 0.274 0.852 0.972
RCST_MD PM2s 0.626 0.836 -1.023 2.275 0.455 0.969
RCST_MD PMio 0.218 0.673 -1.109 1.544 0.747 0.969
RCST_MD NO; 0.09 0.392 -0.682 0.862 0.819 0.972
RCST_AD PM2s 0.766 0.791 -0.794 2.326 0.334 0.969
RCST_AD PMio 0.375 0.637 -0.881 1.63 0.557 0.969
RCST_AD NO: 0.055 0.371 -0.677 0.786 0.883 0.972
RCST_RD PM2s 0.556 0.887 -1.194 2.305 0.532 0.969
RCST_RD PM1o 0.139 0.713 -1.268 1.546 0.846 0.972
RCST_RD NO: 0.108 0.415 -0.711 0.926 0.796 0.972
CC_FA PM2s 0.178 0.299 -0.411 0.767 0.552 0.969
CC_FA PMio 0.138 0.24 -0.335 0.612 0.565 0.969
CC_FA NO; 0.1 0.14 -0.176 0.375 0.477 0.969
CC_MD PM2s 0.714 1.07 -1.397 2.825 0.505 0.969
CC_MD PMio 0.374 0.861 -1.323 2.071 0.665 0.969
CC_MD NO; 0.285 0.501 -0.702 1.273 0.57 0.969
CC_AD PM2s 0.957 0.963 -0.941 2.855 0.321 0.969
CC_AD PM1o 0.549 0.774 -0.978 2.076 0.479 0.969
CC_AD NO: 0.412 0.45 -0.476 1.3 0.361 0.969
CC_RD PM2s 0.593 1.145 -1.664 2.85 0.605 0.969
CC_RD PM1o 0.286 0.92 -1.528 2.1 0.756 0.969
CC_RD NO: 0.222 0.535 -0.834 1.278 0.679 0.969

Table A11: Single linear regression results between pollution exposure over the first trimester and dMRI

measures in all tracts for all subjects in the ePrime cohort, adjusted for sex, IMD, PMA at scan, GA at

birth, birth weight z-score (BWZ), and days ventilated. Beta = effect size; Cl = Confidence interval (95%);

g-value = p-value after FDR correction.

Brain Region

Pollutant

p-value

g-value
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beta (in | Std. error | Lower Cl Upper Cl
103) (in 10%) (in 107%) (in 107%)
PM; s 0.662 0.43 -0.185 1.509 0.125 0.877
Relative White Matter | PMyo 0.398 0.339 -0.27 1.066 0.242 0.877
NO, 0.257 0.193 -0.124 0.638 0.185 0.877
PM;s -0.504 0.427 -1.345 0.337 0.238 0.877
Relative Grey Matter PMjio -0.348 0.336 -1.01 0.314 0.301 0.877
NO; -0.27 0.191 -0.647 0.107 0.16 0.877
PM_ s -0.001 0.003 -0.008 0.006 0.81 0.984
Relative Amygdala PMag 0.001 0.003 -0.005 0.006 0.826 0.984
NO, -0.002 0.002 -0.005 0.001 0.19 0.877
PM2s 0.006 0.007 -0.007 0.019 0.379 0.878
Relative Hippocampus PMyo 0.007 0.005 -0.003 0.018 0.183 0.877
NO, 0.002 0.003 -0.004 0.008 0.589 0.919
PM2s -0.128 0.119 -0.363 0.107 0.284 0.877
Relative Cerebellum PMag -0.057 0.094 -0.243 0.128 0.545 0.919
NO, -0.009 0.054 -0.115 0.097 0.863 0.984
PM; s -0.03 0.072 -0.172 0.113 0.684 0.972
Relative Deep Grey
PM1o 0.007 0.057 -0.105 0.12 0.897 0.984
Nuclei
NO> 0.022 0.033 -0.042 0.086 0.496 0.919
PM; s -0.008 0.146 -0.296 0.28 0.956 0.984
Relative Ventricles PM1o 0.004 0.115 -0.222 0.231 0.97 0.984
NO, 0.001 0.066 -0.128 0.131 0.984 0.984
PM2s -0.016 0.019 -0.052 0.021 0.39 0.878
Relative Brainstem PM1o -0.004 0.015 -0.032 0.025 0.799 0.984
NO, -0.004 0.008 -0.021 0.012 0.613 0.919
PM2s 0.016 0.03 -0.044 0.076 0.598 0.919
Relative Thalamus PM1g 0.018 0.024 -0.029 0.065 0.445 0.919
NO, 0.013 0.014 -0.013 0.04 0.325 0.877
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Table A12: Single linear regression results between pollution exposure over the second trimester and
dMRI measures in all tracts for all subjects in the ePrime cohort, adjusted for sex, IMD, PMA at scan,

GA at birth, birth weight z-score (BWZ), and days ventilated. Beta = effect size; Cl = Confidence interval

(95%); g-value = p-value after FDR correction.

beta (in | Std. error | Lower Cl Upper Cl
Brain Region Pollutant p-value | g-value
103) (in 103) (in 103) (in10%)
PM; s 0.31 0.427 -0.532 1.152 0.469 0.969
Relative White Matter | PMy 0.17 0.346 -0.511 0.852 0.623 0.969
NO, 0.032 0.199 -0.36 0.424 0.872 0.969
PM;s -0.314 0.423 -1.148 0.52 0.459 0.969
Relative Grey Matter PMjio -0.154 0.343 -0.829 0.521 0.653 0.969
NO, -0.067 0.197 -0.455 0.321 0.735 0.969
PM2s -0.003 0.003 -0.01 0.004 0.391 0.969
Relative Amygdala PMag -0.004 0.003 -0.009 0.002 0.207 0.969
NO, -0.001 0.002 -0.004 0.002 0.408 0.969
PM: s 0.003 0.007 -0.01 0.016 0.682 0.969
Relative Hippocampus | PMy 0.002 0.005 -0.009 0.013 0.735 0.969
NO> 0.002 0.003 -0.004 0.008 0.463 0.969
PM: s -0.007 0.118 -0.24 0.226 0.952 0.989
Relative Cerebellum PM1o -0.029 0.096 -0.218 0.16 0.764 0.969
NO> 0.016 0.055 -0.092 0.125 0.768 0.969
PM2s 0.011 0.072 -0.131 0.152 0.882 0.969
Relative Deep Grey
PMag 0.013 0.058 -0.101 0.127 0.824 0.969
Nuclei
NO, 0.019 0.033 -0.047 0.084 0.579 0.969
PM2s 0.232 0.144 -0.051 0.516 0.108 0.969
Relative Ventricles PM1o 0.213 0.116 -0.016 0.442 0.068 0.969
NO, 0.033 0.067 -0.099 0.166 0.62 0.969
PM; s -0.014 0.018 -0.05 0.022 0.443 0.969
Relative Brainstem PM1g -0.013 0.015 -0.042 0.016 0.389 0.969
NO, -0.003 0.009 -0.02 0.014 0.736 0.969
Relative Thalamus PM; s 0 0.03 -0.059 0.059 0.994 0.994
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PMio

0.006

0.024

-0.042

0.053

0.821

0.969

NO>

0.002

0.014

-0.026

0.029

0.897

0.969
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