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Abstract 

Background: Cerebral palsy (CP) is a neurodevelopmental disorder that may be influenced by 

prenatal environmental exposures, such as air pollution (PM2.5), greenspaces, and active living 

environments (ALE).  

Methods: Cohort data from health administrative databases in Ontario, Canada were linked to air 

pollution (PM2.5 components, PM2.5 mass, O3, and NO2), greenspace (normalized difference 

vegetation index and green view index), and active living environment data (park proximity and 

Can-ALE) based on six-digit residential postal codes.  

Results: Exposure to PM2.5 component of sulfate (SO4) during early gestation was associated with 

an increased risk of CP, while closer residential proximity to parks was linked to a decreased risk. 

No significant associations were observed for other pollutants or greenspace metrics. 

Conclusions: Adverse and protective environmental influences were identified in relation to CP 

risk in this thesis. These findings highlight the need for further investigation on how specific 

environmental exposures during pregnancy may contribute to CP risk.  
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1.1 Background  

Cerebral palsy (CP) is a broad term that is used to describe neurological conditions 

characterized by developmental delays, and limitations in motor or locomotive activities.1 

Affecting approximately 2 to 3 per 1000 live births in Canada,2 CP is considered the most 

diagnosed motor disability in children.3 Globally, there are currently more than 17 million 

individuals living with CP, highlighting the widespread impact of this neurological condition on 

communities worldwide.4 Efforts to raise awareness, promote accessibility, and advocate for the 

rights of those with CP play a crucial role in fostering a more inclusive society that recognizes and 

accommodates the diverse needs of individuals affected by this condition. Overall, CP is an 

umbrella term that is used to describe the symptoms of CP. This means that there can be varying 

levels and severities of the disorder.  

There are four main classifications of CP, which are characterized by their clinical signs 

and symptoms: spastic, dyskinetic, ataxic, and mixed CP.5,6 Spastic CP makes up approximately 

80% of total CP cases,7 and can be further categorized into subtypes of spastic hemiplegia, spastic 

diplegia, and spastic quadriplegia.2 Overall, individuals with spastic CP experience muscle 

stiffness, spasms, and pain,8 and the further classifications of hemiplegia, diplegia, and 

quadriplegia describe the limbs that are affected by the symptoms. Children with spastic 

hemiplegia often develop symptoms that affect only one side of the body, while diplegia affects 

mostly the lower limbs, and quadriplegia affects all limbs.9 Dyskinetic CP, also known as athetoid 

CP, is often characterized by involuntary muscle movement such as twitching and abnormal 

posture.10 Ataxic CP, also known as hypotonic CP, affects approximately 5% of CP cases,11 and 

can be characterized by loss of balance and coordination.12 Lastly, cases of CP in which the 

individual has a combination of these clinical symptoms can be classified as having mixed CP.2 
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Overall, the manifestation of CP for individuals can range in severity from slight tremors and 

trouble walking to severe cognitive impairments,13 and is often diagnosed within the first two years 

after birth.14 Following diagnosis, CP becomes a lifelong condition that remains nonprogressive 

over time.15 

While there is no cure for CP, there exist many treatments and therapies that help with the 

management of symptoms, and improvement of function and participation. Treatments include 

rehabilitative and pharmacological interventions, such as physical therapy, treadmill training, the 

use of adaptive equipment, and oral intake of medication such as baclofen, clonazepam, clonidine, 

and dantrolene.2  

More invasive procedures, such as orthopedic surgery and the use of botulinum toxin type 

A (BoNT-A) injections have also been explored in the management of CP.16,17 Overall, treating 

CP requires an interdisciplinary approach involving various health professionals, such as 

pediatricians, audiologists, nutritionists, and speech-language therapists.2 As a result of this 

increased health care resource utilization, CP poses a financial and economic burden for parents 

and caregivers of children with CP. In 2010, it was estimated that the direct health care costs for 

families of Canadian children with CP was approximately $11,700 which was significantly higher 

than the $600 cost for Canadian children without CP.18 A systematic review done on the economic 

impact of CP globally also found that governments bear significant costs through various support 

programs, including pensions, allowances, and equipment assistance.19 In addition, a Canadian 

modelled projection study that was done for 2011 to 2031 found that the total health sector costs 

associated with CP will continue to rise steadily over the next few years.18   

Overall, CP has multifactorial origins, with a range of prenatal, perinatal, and postnatal 

factors contributing to its development.18,20 Prenatal causes can include genetic mutations, brain 
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malformations, and infections affecting the developing fetus.21 Complications during labor and 

delivery, such as oxygen deprivation, trauma, or premature birth, are common perinatal factors 

linked to CP.22 Additionally, postnatal causes may involve infections or injuries that affect the 

developing brain in the early years of life.23 While the exact cause may not always be identified, a 

combination of genetic susceptibility and environmental factors often plays a role.  

In recent years, environmental factors, including exposure to air pollution and lack of 

greenspace, have been implicated as potential contributors to the development of CP and other 

neurological conditions.24,25 Prenatally, exposure to air pollutants, such as fine particulate matter 

(PM2.5) and environmental toxins, may adversely affect fetal brain development.26 Conversely, 

access to greenspace has shown positive correlations with cognitive development in children.27 

Limited greenspaces and factors contributing to active living in urban environments, where air 

pollution tends to be higher, may deprive individuals of the cognitive and neuroprotective benefits 

associated with natural surroundings.28 Overall, advances in medical research continue to enhance 

our understanding of the intricate interplay of these factors, paving the way for improved 

preventive measures and interventions to mitigate the risk and impact of CP. 

1.2 Rationale 

The complex nature of CP poses a challenge when trying to determine risk factors and 

exposures that should be avoided during prenatal, perinatal, and postnatal periods. To build on 

current findings and better understand the etiological reasoning for this disorder, further research 

in this area needs to be done. Firstly, while the association between CP and PM2.5 has been 

explored, there still exists a gap in knowledge in identifying which specific components of PM2.5 

are attributable to this risk. The major components of PM2.5 include black carbon (BC); sulfate 
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(SO4
2-); ammonium (NH4

+); nitrate (NO3
-); organic matter (OM); sea salt (SS); and mineral dust 

(dust).29 Each of these pollutants, when considered separately, have been identified to exert adverse 

effects on human health to some extent.30 In addition, critical windows of exposure during 

pregnancy that correspond to specific stages of fetal brain development need to be precisely 

identified, as this knowledge is essential for developing targeted interventions aimed at minimizing 

the potential adverse effects of environmental factors on the developing brain and reducing the 

risk of CP. Furthermore, while the protective effects of greenspace have been studied on 

neurological conditions such as asthma and attention deficit-hyperactivity disorder (ADHD),31,32 

associations with CP risk and development have not yet been explored in the literature.   

By identifying the specific components of PM2.5 and critical windows of exposure during 

gestation that are associated with CP risk, this study may help make a significant contribution to 

public health efforts aimed at reducing the burden of CP. This can include developing strategies 

to improve air quality regulations, reduce traffic emissions, and promote cleaner transportation 

options. Additionally, understanding the protective effect of greenspaces and active living 

environments (ALEs) on CP development can help guide urban planning and design, highlighting 

the importance of incorporating green spaces into urban environments to promote healthy 

development. 

1.3 Thesis objectives 

The overall aim of this thesis was to examine the association between environmental 

factors, specifically exposure to PM2.5 composition, greenspaces, and ALEs with CP using a cohort 

in Ontario, Canada. Specific objectives include: 

1) To assess the individual components of PM2.5 and critical windows of exposure during 
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pregnancy that are associated with CP risk.  

2) To assess the association between gestational exposure to residential greenspaces, 

ALEs and CP risk.  

1.4 Overview of chapters 

This thesis is comprised of six chapters. Following the introductory chapter, the objectives of 

this thesis will be addressed in the following manner:  

• Chapter 2 provides a thorough review of the literature available on the epidemiology of 

CP, including prenatal, perinatal, and postnatal environmental risk factors with a particular 

focus on PM2.5, greenspace, and ALE exposures.  

• Chapter 3 includes an overview of the data sources used for this thesis. This includes the 

methods of data linkage and a brief overview of the source cohort.  

• Chapter 4 addresses objective 1 and includes a manuscript titled “Prenatal exposure to fine 

particulate matter composition and risk of cerebral palsy: A population-based 

retrospective cohort study in Ontario, Canada”. This study evaluates the association 

between the individual components of PM2.5 and CP using survival analysis techniques 

such as cox proportional hazards models and distributed non-linear lag models (DLNM).  

• Chapter 5 addresses objective 2 and includes a manuscript titled “Associations of prenatal 

exposure to residential greenspace and active living environments with cerebral palsy: A 

population-based cohort study in Ontario, Canada”. This study evaluates the association 

between different greenspace exposure measures, such as normalized difference vegetation 

index (NDVI) and Green View Index (GVI), ALE indicators, and the risk of CP.  
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• Chapter 6 is a discussion chapter, which summarizes key findings and conclusions from 

chapters 4 and 5, while also identifying steps for future research.  
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2.1 Epidemiology of CP 

CP is currently the most commonly diagnosed motor disability in childhood worldwide.33 

Following the work of Dr. William John Little, an early pioneer involved in the recognition and 

description of CP in the early 19th century, the study of CP and its associated risks have been an 

area of increased interest and investigation.34 While prevalence rates can vary across different 

populations and regions, it is estimated that CP affects approximately 2 to 3 per 1000 live births, 

in Canada.2 A systematic analysis done in 2022 by McIntyre et al. found that when looking at 27 

countries, the global birth prevalence of CP in low‐ and middle‐income countries (LMICs) was 

significantly higher than in high-income countries (HICs).35 This was confirmed by another study 

that found prevalence estimates to be severely underrepresented in LMICs, noting that in regions 

such as Bangladesh and Moldova, the prevalence estimates for CP are almost double that of the 

higher income countries.36 This can be attributed to many factors, such as lack of access to 

healthcare services and education.37  

Nonetheless, HICs continue to experience a steady increase in cases of CP, despite having 

access to leading treatments and interventions.38 A study done by Amankwah et al. found that 

while in 2011 there was approximately 75,000 Canadians who were living with CP, this number 

is expected to reach 94,000 by 2031.18 From the same time interval, the study also found that the 

number of newly diagnosed cases of CP is expected to increase from 1800 to 2200, highlighting 

the steadily growing rate of incidence and prevalence in Canada.18 Overall, with a slight increasing 

trend for cases and costs related to CP, understanding the etiology of this condition is imperative 

in developing preventative measures needed to reduce the incidence of CP. 

In recent decades, CP can be diagnosed within the first two years of life using clinical signs 

and standardized assessments, and is thus considered a childhood disorder.2 However, the age for 
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early diagnosis can reach up to 5 years in LMICs where diagnostic tools may not be available.39 

Early diagnosis of CP remains an important factor in CP treatment as it facilitates the 

implementation of timely and targeted interventions, significantly influencing the long-term 

outcomes for affected individuals.40 Identifying signs of CP in infancy allows healthcare 

professionals to initiate early therapeutic and rehabilitative measures, addressing motor and 

developmental challenges during the critical periods of neuroplasticity.41 While uncommon, the 

diagnosis and onset of CP can also manifest in later years of life, stemming from brain injuries or 

infection.42 Among children, a 2016 European study also found the incidence of CP diagnosis per 

1000 births was higher in males (2.2, 99% CI (confidence interval): 2.0-2.3) compared with 

females (1.7, 99% CI: 1.5-1.8), indicating a difference of approximately 30%.43 However, these 

sex differences were not found to be significant when assessing different types and severities of 

CP.44 

Overall, CP is a complex disorder that necessitates a multifaceted understanding, 

encompassing genetic, environmental, prenatal, and postnatal factors, to inform comprehensive 

approaches to diagnosis, treatment, and support for individuals affected by this condition. The 

various mechanisms by which CP can manifest are illustrated in Figure 1.  
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Figure 1. Overview of factors related to CP etiology 

 

2.2 Overview of CP etiology 

In general, CP is caused by infection or injury to the brain during its developmental stages.2 

Approximately 85% of cases of CP are categorized as congenital, indicating that the condition is 

present at or shortly after birth.45 However, the mechanisms by which these injuries or infections 

occur can vary and may be attributed to predisposing risk factors, as well as perinatal and postnatal 

exposures.46,47     

2.2.1 Predisposing risk factors 

2.2.1.1 Genetics and inheritance  

In recent years, the use of exome and whole genome sequencing techniques have been able 

to identify associations between various genes and the development of CP.48–50 A review of genetic 

studies in 2021 found at least 18 genes and 5 copy number variants (CNVs) to be associated with 
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CP risk.51 Of these, notable genes included BXO31 and RHOB, two genes that when mutated were 

found to have significant associations with the development of CP.52 Many of these identified 

genes were also noted to have associations with other neurodevelopmental conditions, explaining 

the co-occurrence of these disorders with CP.51 A 2018 study done by Reid et al. found intellectual 

disability (ID) to be prevalent in about 45% of the CP cohort.53 Similarly, another study 

investigating the presence of epilepsy and autism spectrum disorders (ASD) in children with CP, 

found prevalence rates of approximately 40% and 7%, respectively, indicating similar pathological 

mechanisms.54 Furthermore, although genetics contribute significantly to the progression of CP, 

this condition is not directly inherited. It is also important to note that while the potential genetic 

basis of CP has been investigated, the interplay of various genetic modifications and additional 

environmental factors are what is responsible for the true etiology of CP, contributing to its 

complex nature.  

2.2.1.2 Maternal health   

Various factors related to maternal health have also been identified as risk factors for health 

outcomes and neurodevelopmental disorders.  

Maternal smoking has been identified as a significant risk factor for CP development in 

offspring. In 2019, a population-based study investigating the effects of maternal smoking found 

significantly increased risk of hospitalizations related to neurological conditions for offspring with 

smoking mothers (adjusted HR (hazard ratio): 1.58, 95% CI: 1.33-1.89).55 Another research study 

conducted in China explored the impact of second hand tobacco smoke exposure on pregnant 

women and its association with the occurrence of CP in their offspring. The findings revealed a 

significant increase in the likelihood of CP among pregnancies where mothers were exposed to 

secondhand smoke (adjusted OR (odds ratio): 1.44, 95% CI: 1.02-2.04).56 The harmful effects of 
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tobacco smoke on fetal development are well-documented, as smoking exposes the developing 

fetus to various toxins and compounds that can adversely impact the developing brain.57  

Maternal obesity is another significant factor associated with increased risk of CP in 

offspring. In a meta-analysis of five cohort studies, the risk of CP was found to increase with each 

grade of maternal obesity. Overall, the pooled adjusted OR for CP in offspring of overweight 

mothers, compared to normal weight mothers was 1.51 (95% CI: 1.24-1.84).58 Along with 

maternal weight, diet is another risk factor that has been studied in the literature. A well balanced 

and sufficient diet during pregnancy is crucial for appropriate brain development.59 A study in 

2016 aimed to examine how early undernutrition influenced locomotor activity and the expression 

of the myofibrillar protein (MuRF-1) in an experimental rat model of CP. This study found that 

undernutrition during the perinatal period further intensified the symptoms of locomotion and 

muscle atrophy that are associated with CP.60  

In recent years, socioeconomic status (SES) has been identified as an influencer of CP 

cases, as disparities in SES can impact access to healthcare, quality of prenatal and perinatal care, 

and the availability of supportive resources, all of which may contribute to the prevalence and 

outcomes of CP.61,62 A systematic review done by Solaski et al. included twelve studies, of which 

eight highlighted low SES as a risk factor linked to an increased prevalence of CP. In three of these 

studies, associations remained statistically significant even after adjusting for variables such as 

birthweight and gestational age (GA). Moreover, two of the studies considered additional 

confounding factors such as multiple births and the timing of CP acquisition, and still found 

notable effects of SES. Additionally, three of these studies revealed linear negative correlations 

between the prevalence of CP and SES.63 A more recent Taiwanese study also found a higher 

prevalence of CP to be linked with low family income, with adjusted relative risk (RR) ranging 



 17 

from 5.1 (95% CI: 4.2-6.2) to 6.4 (95% CI: 5.4-7.6).64 Parity and multiple births are additional 

maternal factors that have been found to correlate with CP outcomes in literature. One study found 

an OR of 4.86 (95% CI: 1.02-23.03) when investigating history of multiple births and CP between 

cases and controls, reporting significant associations between multiple births and CP (P < 0.05).65 

Existing maternal chronic conditions, such as hypertension and diabetes mellitus (DM), 

have also been found to influence birth outcomes. A meta-analysis investigating the risk factors of 

CP found that out of the 12 articles incorporated in the analysis, six explored the association 

between maternal pregnancy-induced hypertension and CP. These six studies exhibited no 

heterogeneity (χ2=7.69, P=0.17, I2=35%), and found a pooled OR value of 1.93 (95% CI: 1.48-

2.52).66 Similarly, a population-based cohort study discovered offspring of mothers with 

pregestational diabetes mellitus (PGDM) demonstrated an elevated risk of CP (HR: 1.84, 95% CI: 

1.59-2.14), even when accounting for maternal sociodemographic and clinical factors. Conversely, 

no associations were observed between gestational diabetes mellitus (GDM) and CP (HR: 0.91, 

95% CI: 0.77-1.06).67 Nonetheless, offspring of mothers with DM have been found to have clear 

links with increased risk of various neurodevelopmental disorders including ASD,68–70 

ADHD,68,71,72 and cognitive dysfunction.68,73  

Overall, pre-existing maternal health factors and conditions have significant influence on 

the risk and manifestation of CP in offspring, emphasizing the importance of comprehensive 

maternal care strategies.  

2.2.2 Prenatal environmental risk factors 

2.2.2.1 Placental and umbilical cord abnormalities  
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The prenatal environment in which the fetus develops plays a pivotal role in the occurrence 

of CP. The literature describes in-depth how changes in the placental environment can alter risk of 

CP. One national cohort study done in Norway found that the presence of placental abnormalities, 

including placenta previa (RR: 3.03, 95% CI: 2.00-4.61), placental abruption (RR: 10.63, 95% CI: 

8.57-13.18), and a retained placenta (RR: 1.71, 95% CI: 1.32-2.22), was associated with an 

elevated risk of CP. In addition, velamentous umbilical insertion (RR: 2.11, 95% CI: 1.65-2.60), 

and umbilical cord knots (RR: 1.53, 95% CI: 1.15-2.04) were also found to increase risk of CP.74 

These prenatal placental and umbilical complications have been found to lead to oxygen 

deprivation, which can lead to further developmental anomalies.    

2.2.2.2 Birth asphyxia  

Also known as birth asphyxia, oxygen deprivation in utero or during birth can lead to 

neurological harm and an increased risk of CP.75 While only approximately 10% of CP cases are 

attributed to birth asphyxia, proper oxygenation is crucial for cerebral development.76 One study 

looking at the effects of chronic fetal hypoxia in sheep found increased vascularity in the white 

matter, reduced neuronal density, and impaired myelination—changes that adversely affect 

neurodevelopment.77 Furthermore, various prenatal models involving oxygen deprivation were 

investigated in a systematic review done by Visco et al., which found multiple neurogenetic 

changes to be reported, including hippocampal functional deficits.78  

2.2.2.3 Intrauterine Growth Restriction (IUGR) and Birth weight  

Knots in the umbilical cord, as previously mentioned, and intrauterine growth restriction 

(IUGR) have also been linked to prenatal hypoxia.79–81 IUGR is essentially the inability of the 

fetus to reach its genetic growth potential, primarily caused by an adverse prenatal environment.82 
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In the literature, a systematic review and meta-analysis encompassing 89 samples extracted from 

60 studies found that those born with IUGR and classified as small for gestational age (SGA) 

exhibited notably lower cognitive scores, compared to children born at an appropriate GA.83 

Additionally, a 2022 matched case-control study investigating the associations between 

birthweight and CP found that the risk of CP showed a gradual increase as birth weight percentiles 

dropped below the 50th centile, with those who identified as SGA having an OR of 2.43 (95% CI: 

1.57-3.73).84   

2.2.2.4 Maternal infections  

During the prenatal period, maternal infections can also effect fetal and cerebral 

development.85–87 Maternal intrauterine infections can be bacterial or viral in nature and can lead 

to an inflammatory response in the fetus.88 This inflammatory response can then cause 

developmental delays and damage to brain cells, increasing the risk of CP.89 A 2020 systematic 

review done by Ayubi et al. found that the pooled RR from 37 studies presented a CP risk of 2.50 

for mothers who had an infection of any type during pregnancy, and a pooled RR of 2.85 for 

mothers who experienced chorioamnionitis, which is an infection of the placenta and amniotic 

fluid, during pregnancy.90 The maternal microbiome’s influence on the fetal microbiome has been 

proven to have great importance during development, and has shown to cause pregnancy 

complications such as preterm birth, which is an additional risk factor for CP.91,92 Preterm birth 

poses an additional risk for CP as it can disrupt crucial periods of development and growth, 

potentially leading to delays that coincide with the manifestation of CP.93 In addition, one 

retrospective cohort study found that while CP was associated with chorioamnionitis (OR: 3.1, 

95% CI: 2.9-3.4), CP was also linked with other maternal infections such as genitourinary infection 

(OR: 1.4, 95% CI: 1.3-1.6) and respiratory infection (OR: 1.9, 95% CI: 1.5-2.2).85 
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2.2.2.5 Ambient air pollution  

Ambient air pollution has emerged as a concerning environmental factor linked to the risk 

of CP. Studies investigating the association between air quality and CP suggest that exposure to 

certain air pollutants during pregnancy may contribute to adverse neurological outcomes in the 

offspring.94 One recent study by Zhang et al. found a clear association between prenatal exposure 

to PM2.5 and CP (cumulative HR: 1.11, 95% CI: 1.03-1.12). Additionally, this study found a higher 

risk of CP development in males compared to females, confirming previous findings.24 

Critical windows of exposure during pregnancy have also been identified as increasing the 

risk of certain disorders. A retrospective study done in pregnant Ontarian women found that 

exposure to PM2.5 during early pregnancy, and ozone (O3) exposure during the end of the first 

trimester and through the second trimester, were linked to gestational diabetes.95 Exposure to PM2.5 

and nitrogen dioxide (NO2) during the mid-to-late pregnancy window was also found to increase 

the risk of low birth weight and childhood blood pressure.96,97 In addition to the mentioned risks 

associated with air pollutants during pregnancy, it is worth noting that assessing critical windows 

of exposure has been a valuable approach in studies investigating birth outcomes. By identifying 

specific time frames during pregnancy when the developing fetus may be more susceptible to the 

effects of environmental factors, researchers can gain insights into the biological plausibility of 

these associations. Overall, the literature has proven the existence of critical windows of exposure 

during pregnancy that may increase susceptibility to negative health outcomes.  
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2.2.2.6 Greenspace exposure  

While no current literature exists on the association between greenspace exposure and CP, 

the influence of greenspace has gained attention in recent research due to its protective effects, 

warranting further investigation into its potential impact on neurodevelopmental outcomes.  

Greenspace exposure has been linked to improved mental wellbeing and general health.98 

One twin study published in 2015 found that increased availability of green spaces correlated 

directly with lower levels of depression.99 In addition, a systematic review including 12 articles on 

the topic of greenspace and mental wellbeing of children found that greenspace exposure was 

correlated with enhanced mental well-being, overall health, and cognitive development in children. 

Additionally, the review found greenspace exposure to help with attention restoration, memory, 

competence, supportive social connections, self-discipline, stress moderation, improved 

behaviors, and improved symptoms of ADHD.100 One study done in 2022 was also able to identify 

the protective effect of prenatal greenspace exposure on the development of ASD. This study found 

a slight reduction in the odds of ASD for children exposed to greenspace-rich areas during the 

prenatal period.101 A similar study assessing greenspace and paediatric inflammatory bowel 

disease (IBD) also found a reduced risk of disease in children who were exposed to higher levels 

of greenspace during childhood.102  

In addition to greenspaces, it is important to further investigate indicators of healthy and 

active living environments in communities. This includes assessing the availability and 

accessibility of recreational facilities, walkability of neighborhoods, quality of public 

transportation, and safety of these physical environments. A 2022 study done by Mah et al. found 

ALEs to be associated with lowered levels of all-cause hospitalization in Canada (OR: 0.66, 95% 

CI: 0.54-0.81; as compared to the reference/lowest quintile), stating that ALEs may help promote 
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physical activity.103 Understanding these factors can provide a more comprehensive view of how 

community design influences residents' physical activity levels, mental well-being, and overall 

health outcomes. 

Overall, the study of the association between greenspace exposure, ALEs, and CP will 

provide novel insights for the field of environmental epidemiology, offering a comprehensive 

understanding of how natural environments may contribute to the prevention or mitigation of CP. 

2.2.3 Postnatal and neonatal risk factors  

2.2.3.1 Peri-intraventricular hemorrhage (PIVH) 

In the literature, post and neo-natal complications are also recognized to be significant 

contributors to CP risk. Peri-intraventricular hemorrhaging (PIVH), a condition in which blood 

accumulates in the cerebral ventricles and harms white matter at birth, has been found to be 

associated with CP.104 A systematic review and meta-analysis found that premature infants with 

any level of PIVH faced an elevated risk of CP, compared to infants without PIVH (3.4, 95% CI 

1.60-7.22, 9 studies).105 Overall, PIVH has been linked heavily with other neurodevelopmental 

disorders as well.106–109  

2.2.3.2 Neonatal infections 

Additionally, infections during the neonatal period, such as sepsis or meningitis, can further 

compound the risk of CP. A study by Glass et al. found a clear relationship between recurrent 

postnatal infections and white matter injury,110 while a meta-analysis of 14 studies revealed that 

extremely preterm infants who experienced neonatal sepsis faced an elevated risk of impairments, 

including CP and neurosensory deficits, in comparison to infants without sepsis (OR: 3.18, 95% 
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CI: 2.29-4.41).111 Overall, the neonatal period holds profound significance in the developmental 

trajectory of CP, particularly in terms of brain development. While the prenatal fetal period is 

crucial for laying the foundation, the neonatal period remains a critical phase as the intricate 

processes of neural maturation, synaptogenesis, and myelination continue.112 As such, recognizing 

the importance of the neonatal period in CP risk is important, as it represents a critical window for 

interventions, support, and care that can profoundly impact the lifelong trajectory of brain 

development and function. 

2.2.4 Directed Acyclic Graph (DAG) 

Exploring the link between etiological risk factors and CP poses a challenge due to the complex 

nature of CP and the possibility of covariation. To better understand the interrelationships among 

these factors and facilitate the development of a robust statistical model capable of controlling 

potential confounding variables, a directed acyclic graph (DAG) was constructed (see Figure 2). 
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Figure 2. Overall directed acyclic graph (DAG) for CP 

Of these risk factors, ambient air pollution, greenspace, and ALE exposures remain scarce 

in the literature in the context of CP. Since these are the main exposures in this thesis, the next two 

sections will delve deeper into their available literature.  

2.3 Ambient Air Pollution and CP 

Ambient air pollution refers to substances in the outdoor atmosphere that lead to poor air 

quality and negative health effects.113 There are various common air pollutants, also known as 

criteria pollutants, which are used to assess air quality standards by governments. This includes 
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carbon monoxide (CO), nitrogen oxide (NOx), sulfur oxide (SOx), lead, volatile organic 

compounds (VOCs), ground-level ozone, ammonia (NH3), and particulate matter (PM).114–116  

PM is a mixture of solid particles and liquid droplets suspended in the air, originating from 

sources like vehicle emissions, industrial processes, construction activities, agricultural practices, 

and natural sources such as dust and wildfires.117 PM can differ in size, solubility, and 

composition.118 Fine particulate matter, also known as PM2.5, has a diameter of less than 2.5 μm.117 

Exposure to PM2.5 can be harmful due to its ability to penetrate deep into lungs, carrying in harmful 

toxins.47 Overall, the specific sources and contributions of these pollutants can vary geographically 

and depend on local emission regulations and industrial activities.  

The Harvard Six Cities study done in the early 1990s first discovered that exposure to fine 

particulate matter increased mortality rates.119 Since then, a large body of evidence has been found 

to support the arguments of PM2.5’s harmful effects.120–122 One study done by Liu et al. in 2016 

found that when rats were exposed to a low dose of PM2.5, there were adverse perinatal outcomes, 

including increased blood mononuclear cells, platelets, and interleukin-6 levels, as well as 

placental pathological changes such as thrombus and chorioamnionitis, suggesting pathological 

changes that occurred during placental and fetal development.  Similarly, a meta-analysis by Ghosh 

et al. looking at ambient and household PM2.5 pollution and adverse perinatal outcomes found that 

exposure to increased ambient PM2.5 levels were linked to increased risk of low birth weight and 

preterm birth.124 Additionally, it was estimated that globally, PM2.5 exposure in 2019 contributed 

to a population-weighted mean reduction of 89 grams in birth weight and a decrease of 3.4 weeks 

in GA.124 The results emphasize the significance of tackling PM2.5 exposure as a means to mitigate 

negative birth outcomes, especially in LMICs. Numerous studies have been done exploring the 

association between air pollution and neurodevelopmental disorders, including conditions like 
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ASD and ADHD.125 A 2022 study found that higher exposures to PM2.5 during the initial two 

trimesters of pregnancy were linked to an elevated risk of ASD in children, particularly in boys.126 

Additionally, a meta-analysis investigating the association between air pollutants and ADHD 

found that children exposed to elevated levels of heavy metals and lead had a significantly 

increased risk of developing ADHD, with a RR of 2.41 (95% CI: 1.49-3.90), compared to those 

exposed to lower levels.127 While various other studies also exist that detail the effect of PM2.5 on 

respiratory outcomes or cancer,128–130 there are very few studies that have been done assessing the 

relationship between CP and PM2.5.  

Overall, while suggested links between PM2.5 and CP are present in animal studies,123,131 

the specific components of PM2.5 that are responsible for this increased risk have not yet been 

identified. PM2.5 is composed of a complex mixture of pollutants, including black carbon (BC); 

sulfate (SO4
2-); ammonium (NH4

+); nitrate (NO3
-); organic matter (OM); sea salt (SS); and mineral 

dust (dust).129 The most common sources of BC is from the combustion of fossil fuels, such as 

diesel and coal, open biomass burning (e.g., residential wood burning and forest fires), such as 

deforestation and crop residue burning, and the use of biofuels in cooking.132 SO4
 has similar 

anthropogenic origins, which is the combustion of gasoline and diesel fuel.133 NH4 emissions 

mainly arise from agricultural practices, such as livestock waste and fertilizer application.134 NO3 

has been found to be emitted from transportation sources, such as motor vehicles and engines, 

fossil fuels, and the oil and gas industry.135 OM and VOCs  emanate from vehicle emissions, 

industrial processes, solvents, fuel evaporation, and various household products.136 SS is usually 

found in higher concentrations in coastal areas, as it is sourced from ocean spray.137 Finally, dust 

is found to have natural sources, such as the desert, as well as anthropogenic sources, such as 

agricultural soil and roads.138 In addition to the air pollutants from PM2.5 composition, NO2 and O3 
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have also been key air pollutants which affect health outcomes. Sources of NO2 are mainly linked 

to traffic, as well as tobacco smoke and burning appliances,139 while O3 is a secondary pollutant 

that forms from sources such as vehicle exhaust, industrial activities, power plants, and chemical 

solvents.140  

From this list, specific components such as sulfur (SO)141 and ammonia (NH3),142 have 

been proven to have harmful effects in separate studies. For example, a study done in 2013 found 

early exposure to SO2 and O3 to be associated with an increased risk of ASD.143 Moreso, NH3 has 

been identified as a contributor to adverse respiratory health effects such as shortness of breath, 

stress, drowsiness, mood changes, and other detrimental impacts.134 Identifying the specific 

components of PM2.5 that are most harmful is crucial for regulatory purposes and public health 

interventions. By understanding which specific pollutants or components within air pollution pose 

the greatest risks, policymakers and regulators can implement targeted measures to mitigate 

exposure and reduce adverse health outcomes. This knowledge enables the development of more 

effective air quality standards, emission controls, and pollution reduction strategies, leading to 

improved air quality and better protection of public health. By targeting individual exposure 

sources, the etiology of CP and other neurological disorders may also become clearer.  

2.4 Greenspace Exposure, ALEs, and CP 

Exposure to greenspaces during prenatal periods have also been proven to influence birth 

outcomes. A systematic review and meta-analysis assessing the influence of residential greenness 

on adverse pregnancy outcomes found higher levels of birth weight (β: 20.22, 95% CI:13.50-26.93, 

compared to the lowest group), lower odds of low birth weight (OR: 0.86, 95% CI:0.75-0.99), 

lowered odds of SGA (OR: 0.93, 95% CI:0.88-1.00), and increased head circumference measures 
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in higher exposure levels of greenness.144 Overall, greenspace is described as the presence of 

ecological agents, such as vegetation and nature in surrounding settings.145 This can be measured 

using metrics such as the Normalized Difference Vegetation Index (NDVI) or the Green View 

Index (GVI).146  

NDVI, derived from satellite imagery, measures the difference between near-infrared and 

red-light reflectance, providing insights into the presence and vigor of vegetation. A higher NDVI 

typically indicates denser and healthier vegetation.147 GVI, on the other hand, specifically focuses 

on the greenness of vegetation, offering a complementary perspective on plant health and 

vitality.148 Overall, these are two important greenspace metrics widely used in the literature to 

assess and quantify the health, density, and extent of vegetation in a given area. 

Generally, greenspaces help improve air quality through processes such as deposition and 

dispersion.149 Deposition involves the accumulation of air pollutants on the surface of vegetal 

elements, such as tree leaves.  Through adsorption or absorption by the vegetation, these air 

pollutants can be removed from the environment, reducing their atmospheric concentrations and 

exposure to individuals.152 Similarly, dispersion refers to the process in which air pollutants are 

prevented from freely circulating in the air by serving as an environmental filter.  This changes the 

trajectory of the air pollutants and ultimately the risk of exposure for individuals. Several studies 

examining the presence of greenspace in urban settings have identified a reduced risk of 

mortality.124 In urban environments, the presence of forestry and other greenspaces was also found 

to be associated with lower concentrations of PM and other air pollutants.125,126   

NDVI is most commonly used in environmental epidemiological studies assessing health 

outcomes.127 One systematic review found higher NDVI levels to be associated with lower levels 
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of systolic (SBP = −0.77 mmHg, 95% CI: −1.23 to −0.32) and diastolic (DBP = −0.32 mmHg, 

95% CI: −0.57 to −0.07) blood pressure.128 As mentioned earlier, maternal hypertension is a risk 

factor for CP, thus decreased blood pressure due to NDVI exposure during gestation may 

potentially influence birth outcomes and CP risk. In addition, a meta-analysis including 5 studies 

found a 0.1 unit increase in NDVI to be linked with lowered odds of obesity and overweightness 

in children (OR: 0.91, 95% CI: 0.84-0.98, I2 = 7%) 

However, while many studies have found beneficial effects for NDVI exposure, adverse 

effects for this greenspace metric have also been found in some studies. One study done looking 

at an Ontarian cohort of children found increased risk of childhood asthma for exposure to NDVI 

(HR: 1.029, 95% CI: 1.008-1.035, per IQR=0.08-unit increase).129 Similar results were found in 

another study, which attributed findings to sensitivity to allergens.130  

GVI is another commonly used greenspace metric which assesses eye-level greenery and 

has been found to be positively correlated with participation in recreational and physical 

activities.131 One study found increased levels of GVI to be associated with improved lung 

function, but this became non-significant when air pollution exposure measures were considered, 

highlighting the importance of carefully controlling for other environmental factors, such as air 

quality, when evaluating the health benefits of greenspaces.132 

In addition to greenspace metrics, indicators of active and healthy living environments 

should be considered as well. While associations between NDVI, GVI and beneficial health 

outcomes have been found in various studies, these metrics do not often consider the additional 

factors of usability and accessibility of greenspaces. This means that even if an area has high 

vegetation or green street views, it may not necessarily translate into health benefits if the spaces 
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are not easily accessible or suitable for physical activity. Factors such as the quality of 

maintenance, safety, availability of amenities, and connectivity to residential areas are crucial in 

determining whether greenspaces are effectively utilized by the community. To assess these 

additional environmental factors, indicators such as park proximity and ALE indexes were used.  

Park proximity refers to the distance between an individual's residence and the nearest park 

or greenspace, and it is a key factor in determining how likely people are to use these areas for 

recreation and physical activity.133 Proximity to parks has been consistently linked with positive 

health outcomes, such as increased physical activity, lower stress levels, and improved mental 

health.133–135 The closer individuals live to a park, the more likely they are to visit it regularly, 

which can lead to higher levels of exercise and social interaction, both of which are beneficial for 

overall well-being. However, simply having a park nearby does not guarantee its use; factors such 

as the quality, safety, and accessibility of the park, as well as personal motivation, also play 

significant roles in determining its usability.  

Similarly, ALE indexes are comprehensive tools that are used to measure and assess the 

quality of environments that promote physical activity and healthy lifestyles in communities.136 

These indexes often consider multiple factors that determine how conducive the built environment 

in a community is to physical activity. One study assessing ALEs and cardiometabolic mortality 

found a 22% reduction in older women living in higher ALE neighborhoods (HR 0.78, 95% CI 

0.63-0.97).137 However, similar to greenspace measures, it is important to recognize that ALE 

indexes, while valuable, may not fully capture all aspects of active living, such as cultural and 

social factors. 
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Overall, while increased urbanization can lead to poor air quality and increased air 

pollution, the implementation of greenspaces and environments that promote active living can help 

offset these effects. Greenspaces not only improve air quality by filtering pollutants, but also 

provide areas for physical activity, which can reduce the risk of various health conditions. While 

the protective effect of greenspace is studied in varying disorders and conditions, the association 

between greenspace and CP has not yet been studied. Investigating this relationship in this thesis 

will provide valuable and novel insights into this area of research, which may potentially help 

guide future public health strategies for urban planning and the promotion of green environments. 
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3.1 Study design 

This thesis will consist of two retrospective cohort studies that will aim to answer each of 

the two thesis objectives. The study will include full-term live births that took place in Ontario, 

Canada between April 2002, and December 2020. Through analysis of secondary data from 

population-based health administrative databases and external environmental exposure data over 

almost 20 years, this thesis will be able to thoroughly assess the impacts of PM2.5 mass 

concentration, composition, and greenspace exposures on CP outcomes in this population.   

3.2 Data sources 

The data sources involved in creation of the cohort for this thesis were accessed through 

ICES, formerly known as the Institute of Clinical and Evaluative Sciences (ICES), a non-profit 

research institute that stores and maintains an extensive repository of demographic and health-

related data on the Ontarian population.1 ICES provides patient-level data that is coded with unique 

identifiers. These unique identifiers, which are also known as ICES Key Numbers (IKN), are 

assigned to all eligible individuals in Ontario who have provincial health insurance, allowing for 

linkage of individual-level data across various data sources.2 This data linkage then provides 

researchers with the ability to study associations between outcomes, exposures, and other 

influential factors.  

In addition to ICES administrative data, project specific data (PSD) for air pollution, 

greenspace, and ALE exposure measures were brought into the ICES environment for linkage with 

the cohort. These measures came from external data sources, which will be described in sections 

3.2.10 and 13.2.11.  
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Overall, the following sections will offer an overview of the specific data sources to better 

understand the study population and the cohort used for this thesis.  

3.2.1 MOMBABY  

The MOMBABY database, sourced from the Canadian Institute of Health Information 

Discharge Abstract Database (CIHI-DAD), is a comprehensive repository that holds vital 

information on hospital admissions and discharges for delivering mothers and their newborns.3 

Using this maternal-infant IKN linked database, the baseline of the study cohort was created. 

Variables such as GA, maternal age, birthweight, and parity were also obtained from this database 

for analysis.  

3.2.2 ICES Registered Persons Database (RPDB) 

The ICES Registered Persons Database (RPDB) encompasses demographic information 

for all Ontario residents with a provincial health card.4 This repository includes crucial information 

such as age, gender, address, IKNs, and notably annual 6-digit postal codes for each individual. 

Utilizing the RPDB, the sex of the baby, and regions of residence were linked with environmental 

exposures. The inclusion of annual 6-digit postal codes in the RPDB not only facilitates the linkage 

of regions of residence with environmental exposures but also enables a temporal understanding 

of individuals' geographic contexts over time. For this thesis, the centroid of the 6-digit postal 

codes were used to assign environmental exposures to the cohort. This temporal dimension allows 

for tracking changes in residents' environmental exposures, considering potential shifts in 

residential locations and associated variations in environmental factors, as residential locations are 

updated every year on July 1st. 

3.2.3 Canadian Institute for Health Information (CIHI) Discharge Abstract Database (DAD) 
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The CIHI-DAD serves as a comprehensive repository of hospital discharge information in 

Canada, offering a wealth of data on patients' diagnoses, procedures, and demographic details.5 

Through the use of standard diagnostic ICD-10-CA codes (the Canadian implementation of the 

International Classification of Diseases, 10th Revision) and procedural or interventional CCI codes 

(Canadian Classification of Health Interventions),6 a broad spectrum of medical conditions and 

procedures can be recorded in this database. This allowed for identification and extraction of CP 

diagnoses from the database, facilitating a thorough examination of CP cases for the purpose of 

outcome ascertainment in this thesis. The specific diagnosis code utilized for CP in this thesis is 

ICD-10 code G80, ensuring a standardized approach to data extraction and analysis. 

3.2.4 Ontario Health Insurance Plan (OHIP) claims database 

The Ontario Health Insurance Plan (OHIP) Database serves as a comprehensive repository 

compiling healthcare billing data submitted by physicians and healthcare providers for service 

reimbursement, thereby offering a detailed account of medical encounters.7 Within this repository, 

crucial information includes diagnoses, indicating the reasons for patient visits, types of services 

rendered, and the associated billing codes. For this thesis, OHIP fee code 343 was used to obtain 

CP diagnoses for outcome ascertainment. This multifaceted approach of utilizing the OHIP and 

CIHI-DAD database helps to enhance the depth and specificity of our analyses.  

3.2.5 National Ambulatory Care Reporting System (NACRS) 

The National Ambulatory Care Reporting System (NACRS) is another administrative 

database which provides a comprehensive repository of data on ambulatory care services. It was 

developed by CIHI, and contains information from various outpatient care settings, including 

hospital-based clinics and community health centers.8 For this thesis, NACRS data was used to 
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obtain diagnoses of CP, as medical visits and diagnostic procedures are recorded in this database. 

The same ICD-10 code from the CIHI-DAD was used to identify the CP diagnoses. These records 

were then linked to the cohort using IKNs.    

3.2.6 CENSUS 

The CENSUS database is sourced from Statistics Canada and records information every 

five years for geographical variables such as postal codes and rural/urban residential status.9 For 

this thesis, information for only 2006 was included to maintain consistency in the variables over 

the study period and was linked to the study cohort through their 6-digit postal code at birth. 

3.2.7 Better Outcomes Registry and Network (BORN) 

The Better Outcomes Registry and Network, also known as the BORN information system, 

is another administrative database that houses information on maternal, perinatal, and fetal health 

outcomes for the Ontarian population.10 One notable strength of this registry is that it captures 

approximately >99% of all births in the province of Ontario, including hospital births, as well as 

midwifery-attended home and birth-centre births.10 Using this database, we were able to obtain 

covariate information pertaining to maternal health from the years April 2006 to December 2020. 

Variables such as maternal smoking status and maternal body mass index (BMI) were obtained 

and linked to the study population using IKNs.  

3.2.8 Ontario Marginalization Index (ON-Marg) 

 The Ontario Marginalization Index (ON-Marg) database is sourced from Statistics Canada 

census data and contains key indicators of four distinct dimensions of marginalization 

(household/dwellings, material resources, age/labour force, and racialized/newcomer 

populations).11 These variables are available as quintiles. For this thesis, information on SES 
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variables were extracted and linked to the cohort using IKNs. This integration of ON-Marg data 

enhanced the depth of our research, providing a more holistic understanding of the complex 

interplay between marginalization and health within the context of this thesis. 

3.2.9 Maternal chronic disorder data  

3.2.9.1 Ontario Diabetes Database (ODD)  

As mentioned earlier, pre-existing maternal health disorders such as diabetes can affect the 

risk of certain health outcomes, thus the Ontario Diabetes Database (ODD) was used to extract 

information on maternal diabetes diagnosis for use in the analysis. ODD is an ICES-derived cohort 

database that houses confirmed diabetes diagnoses of Ontario residents, validated through 

administrative healthcare databases maintained by ICES.12 Individuals are included in the database 

if they had either one hospitalization record or two physician billing claims indicating a diabetes 

diagnosis within a two-year period. 

3.2.9.2 Ontario Hypertension dataset 

The Ontario Hypertension dataset (HYPER) is an additional cohort derived from ICES, 

serving as a repository for capturing information related to maternal disorder status, particularly 

hypertension. In this dataset, the utilization of administrative claims data ensures the precise and 

reliable recording of hypertension diagnoses.13 Using the HYPER dataset contributes to a 

comprehensive understanding of the prevalence and impact of hypertension within maternal 

populations on CP outcomes. 

These maternal disorders were identified prior to conception, meaning the individuals had 

the condition before becoming pregnant. This distinction is important because it helps to clarify 

that the disorders were not a result of pregnancy, but rather pre-existing conditions that could 
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influence pregnancy outcomes. By identifying these disorders beforehand, this thesis can better 

isolate the potential impact of these conditions on CP outcome, ensuring that any associations 

observed are not confounded by the onset of these conditions during gestation. 

3.2.10 Ambient Air Pollution Exposure Data 

3.2.10.1 PM2.5 mass and composition data  

North American bi-weekly estimates of PM2.5 mass and it’s composition, which includes 

SO4, NH4, NO3, OM, BC, SS, and dust, at 1×1 km resolution were obtained and evaluated for 

exposure level from Health Canada (version V5.NA.04.02).14,15 Retrieval of the PM2.5 mass and 

composition data was done by van Donkelaar et al., through a vast number of techniques, including 

satellite retrievals, chemical transport models and ground monitors.16 Bi-weekly and annual total 

PM2.5 mass concentrations and its components across North America from 2000 to 2020 were 

generated from satellite observations of aerosol optical depth (AOD) obtained from multiple 

instruments (MODIS, MISR, SeaWiFS) and algorithms (Dark Target, Deep Blue, MAIAC).14,16 

To establish a relationship between satellite AOD observations and ground-level PM2.5 

concentrations, a high-performance GEOS-Chem chemical transport model (GCHP) in a stretched 

grid format specifically over Canada was employed.17,18 Statistical integration of ground-based 

observations from the United States’ Environmental Protection Agency’s Air Quality System 

(AQS) and Environment Canada’s National Air Pollution Surveillance (NAPS) program further 

refined the estimates, considering both total PM2.5 mass concentrations and individual component 

contributions.14,16  
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This bi-weekly data for Ontario was brought into the ICES environment as PSD and was 

assigned to the study population using the 6-digit postal code and the mother’s residence recorded 

at time of delivery.  

3.2.10.2 NO2 data  

Measures of weekly NO2 exposure levels were obtained from Health Canada and 

transferred to ICES as PSD. These measures were obtained using an advanced spatiotemporal 

interpolation technique.19 A long-term average of NO2 measures for the year 2020 was obtained 

from Health Canada using a nationwide land-use regression (LUR) model at the postal code level. 

The nationwide LUR model incorporated data from the NAPS network, satellite-derived estimates 

from 2020, road lengths within 10 km, area of industrial land use within 2 km, and the mean 

summer rainfall.20–22 This LUR model was then combined with a weekly scaling surface, which 

was calculated from scaling factors of weekly average measures of NO2 obtained from the NAPS 

monitoring network and satellite data.19,23  

The calculation for obtaining the scaling surface is shown in equation 1. Overall, the 

scaling factor was generated by calculating a ratio of weekly mean NO2 concentrations from NAPS 

monitors in Ontario to annual values for year 2020 LUR model estimates at the locations of each 

monitor.  

Equation 1. Scaling factor calculation 

𝑆𝐹𝑖𝑤 =
𝐶𝑖𝑚

𝐿𝑈𝑅2020(𝑥𝑖)
        (1) 

In equation 1, SFiw is the scaling factor for the monitor i and week w, Ciw is the weekly 

mean monitor concentration, and LUR2020(xi) is the year 2020 LUR model estimate at the specific 

monitor location i. The scaling surface for each week was then created for the entire time period 
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by applying an inverse distance weighting (IDW) spatial interpolation using the postal code 

locations that were within 25 km of a NAPS station for the scaling factors. These weekly scaling 

surfaces were then multiplied to the yearly LUR estimates to obtain weekly NO2 estimates per 

gestational week. The calculation for obtaining the final weekly pollutant measure is shown in 

equation 2.  

Equation 2. Weekly NO2 estimate calculation 

𝐿𝑈𝑅(𝑥)𝑤 = 𝐿𝑈𝑅(𝑥)2020 × 𝑆𝑆(𝑥)𝑤       (2) 

In equation 2, LUR(x)w represents the LUR model estimate for the week at point x. 

LUR(x)2020 is the year 2020 LUR model estimate at point x, and SS(x)w is the scaling surface value 

for week w at point x, which was interpolated from the scaling factor (SFiw).19,24  

These weekly NO2 estimates were available for the period between January 1, 1995, and 

December 31, 2020 and were linked to the cohort using 6-digit postal code and date.   

3.2.10.3 O3 data  

Weekly measures of O3 were obtained in a similar manner, using the average of annual 

LUR measures from the Canadian Urban Environmental Health Research Consortium (CANUE) 

data from 2002 to 2015. Using 21 km grid values, these measures were obtained from the average 

daily maximum O3 concentrations during May 1st to October 31st, which are also considered the 

warm seasons.22 Similar to NO2, spatiotemporal interpolation was performed using data from 

monitors in the NAPS network to obtain weekly estimates. This was also done by calculating a 

scaling factor using equation 1, and then multiplying by the LUR value for each postal code, using 

equation 2.19,25  
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Overall, weekly O3 estimates were available for the period between January 1, 1995, and 

December 31, 2020 and were linked to the cohort by postal code and date. 

3.2.11 Greenspace Exposure Data 

3.2.11.1 Normalized Difference Vegetation Index (NDVI)  

The Normalized Difference Vegetation Index, also known as NDVI, is a very common 

greenspace measure used in environmental studies. NDVI is a numerical indicator used in remote 

sensing to assess and quantify the health and abundance of vegetation.26 It is derived from the 

contrast between the reflectance of near-infrared and red light wavelengths in satellite imagery.27 

NDVI values range from -1 to 1, with higher NDVI values indicating healthier and denser 

vegetation, and lower values suggesting less vegetation or non-vegetated surfaces.28 

For this thesis, NDVI values were obtained from CANUE using annual Landsat 5 and 8 

data, with a spatial resolution of 30 metres. The annual average NDVI values within a 250-metre 

radius of each residential postal code was used for each year.29 The linkage of NDVI values to the 

study population was done through the 6-digit postal codes and dates.  

3.2.11.2 Green View Index (GVI)  

The Green View Index, also known as GVI, is another numerical measure that quantifies 

the proportion of visible greenery within a specific environment or landscape.30 The GVI was 

calculated by measuring the amount of green vegetation visible in a particular area using street-

level imagery or photographs from Google Street View (GSV).31 This involved analyzing the 

proportion of green pixels within the defined field of view, which was then converted into a 

numerical index representing the degree of greenery for each coordinate.30 GVI values range from 

0 to 100, with increasing values for higher proportions of green pixels identified.  
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For this thesis, GVI data was obtained from CANUE as an average long-term value for 

each postal code. This was one measurement that was taken between 2010 and 2017, at a spatial 

resolution of 30m x 30m averaged across postal code boundaries. This data was then transferred 

to ICES as PSD and linked to the cohort using postal codes.  

3.2.12 Active Living Environment Exposure data 

3.2.12.1 Park Proximity 

In this thesis, park proximity measures were used as a proxy for ALEs. Park proximity 

measures identify how close a specific area, such as a neighbourhood or dissemination block, is to 

the nearest park. Essentially, it measures the closeness of greenspaces, such as parks, for 

individuals in the area. This is an important measure because living closer to a park may encourage 

its use, which may influence physical activity and overall well-being.32  

For this thesis, park proximity measures were obtained from CANUE. These were 

available as normalized values for one long term measurement taken in 2019, at spatial resolutions 

of 1 km circular buffers around a centroid of a dissemination area. This measure was obtained by 

CANUE from a collection of authoritative open data sources and OpenStreetMap. The data was 

transferred to ICES as PSD and assigned to the cohort using postal codes at time of birth.  

3.2.12.2 Canadian Active Living Environments (Can-ALE) 

The Canadian Active Living Environments (Can-ALE) index is a tool used to assess the 

quality of the physical environment in relation to active living and health in communities. It takes 

into account various aspects of urban and rural settings, including connectiveness of street patterns, 

the presence of sidewalks and bike paths, public transport use, and overall walkability.33 These are 
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all factors that can determine the level of health and active living in a community. The Can-ALE 

index is presented as quintiles, ranging from 1 (very low) to 5 (very high).  

The Can-ALE index data was obtained from CANUE. These measures were available from 

the census year 2016, as 1 km circular buffers around a centroid of a dissemination area. Similar 

to the other external datasets used in this thesis, the Can-ALE quintile data was transferred to ICES 

as PSD and linked to the cohort based on postal code at time of birth.  

Overall, using multiple metrics when analyzing greenspace exposures provides a broader 

exposure framework and helps maintains data consistency.34,35 

3.3 Privacy and Ethical considerations 

Ethics approval for the use of air pollution and greenspace data was obtained through the 

Health Canada Research Ethics Board. In addition, the project was reviewed and approved by an 

ICES privacy officer.  

3.4 Cohort Overview 

Since the same source cohort was utilized for both manuscripts in this thesis, this section 

will focus on a brief overview and description of the cohort. Firstly, the source cohort for this 

thesis included all registered births from Ontario, Canada from April 1st, 2002 to December 31st, 

2020. April 1st 2002 was chosen as the start date, as it was the earliest date at which GA was 

available in the MOMBABY database. Similarly, December 31st, 2020 was chosen as the end date, 

as the exposure data for air pollution was available until that date.  

Once the base cohort (2 484 025 mother-infant pairs) was selected from the administrative 

data, the following exclusion criteria were applied, in this respective order, to obtain our source 

cohort:  
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1. Mother or child have an invalid identification number/ IKN 

• An invalid identification number, or IKN, prevents the linkage of vital 

information such as outcomes, covariates, and exposures. As such, 7 764 

(0.31%) mother-infant pairs were removed at this step.  

2. Part of a multiple birth 

• Multiple births are births in which more than one offspring is produced, such 

as twins, triplets, or more. In the literature, multiple births have been found to 

differ in certain health outcomes such as GA and birthweight, when compared 

to singleton births.36 Thus, to prevent challenges in the analysis, 110 939 

(4.47%) multiple births were excluded at this step.    

3. Invalid information on biological sex 

• Biological sex of the child was important for our studies as it can influence CP 

development.37 As such, 362 (0.01%) births were removed at this step. 

4. Ineligible for provincial health insurance at birth 

• Eligibility for provincial health insurance allows for the documentation of 

administrative data. Those who become ineligible for provincial health data, 

often due to a change in residential postal code following relocation, are at risk 

of having missing information on health outcomes and other covariates. Thus, 

1 727 (0.07%) pairs were removed due to the mother not residing in Ontario or 

missing postal code at birth, and an additional 88 153 (3.55%) were removed 

for not having continuous OHIP eligibility during the study period.  

5. Stillbirth delivery 
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• For this thesis, only live term births were considered during analysis to ensure 

a more homogeneous study population, reducing potential biases and 

confounding factors associated with non-live births. As such, 690 (0.03%) 

stillborn births were removed at this step.   

6. Preterm birth 

• Preterm births have been found to be associated with pregnancy complications, 

thus they were removed from the study.38 As such, 80 963 (3.26%) preterm 

births were removed at this step.  

Following these exclusions, 2 193 427 mother-infant pairs were remaining in the source cohort, 

which was used to address the thesis objectives. 

7. Missing exposure data 

• The source cohort was then linked to the exposure data, and pairs with missing 

exposure data were removed. No additional records were excluded for missing 

air pollution exposure data for study population 1, which was used in Chapter 

4. And 757 016 (34.5%) additional records were removed for missing 

greenspace exposure data for study population 2, which was used in Chapter 5. 

These study populations are described in more detail in their respective 

chapters.  

Figure 3 is a flow-diagram that visually depicts the exclusion steps that were applied to 

derive the source cohort.  
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Figure 3. Flow-diagram of the inclusion and exclusion of the source cohort 

Table 1 displays the baseline characteristics of the source cohort, stratified by the outcome, 

prior to the exclusion of missing exposures. Descriptive tables for baseline characteristics for study 

population 1 and 2 can be found in Chapter 4 and Chapter 5, respectively.  

 

Total hospital births from April 

1st, 2002 – December 31st, 2020 

(N = 2 484 025 ) 

 

Study cohort for analysis 

( N = 2 193 427) 

 

290 598 Excluded 

• Invalid records, n= 7 764  

• Multiple birth, n= 110 939 

• Missing sex, and gestational 

week information to 

determine pregnancy start, 

n= 362 

• Mothers not residing in 

Ontario or missing postal 

code at birth, n= 1 727 

• No continuous OHIP 

eligibility, n= 88 153 

• Stillborn birth, n= 690 

• Preterm births, n= 80 963 
 

 

Study population 1 

( N = 2 193 427) 

Study population 2 

( N = 1 436 411) 

757 016 Excluded 
• 757 016 Missing greenspace 

exposure 
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Table 1. Characteristics of the source cohort at birth, stratified by CP status   

Characteristic CP cases 

(N= 3907) 

Non-CP cases 

(N=2 189 520) 

Mom's age at delivery, mean (SD) 29.9 (5.86) 30.33 (5.39) 

Gestational age in weeks, mean (SD) 38.86 (1.38) 39.09 (1.24) 

Birth weight (grams) 3304.36 (582.81) 3429.23 (486.56) 

Sex, n (%)   

Male 2200 (56.31%) 1120535 (51.18%) 

Female 1707 (43.69%) 1068985 (48.82%) 

Parity, n (%)   

0 1824 (46.69%) 949802 (43.38%) 

1 1298 (33.22%) 805143 (36.77%) 

>= 2 785(20.09%) 434575 (19.85%) 

Maternal disorder status, n (%)    

Diabetes  Yes 98 (2.51%) 30048 (1.37%) 

No 3809 (97.49%) 2159472 (98.63%) 

Hypertension 

 

Yes 111 (2.84%) 47309 (2.16%) 

No 3796 (97.16%) 2142211 (97.84%) 

Maternal smoking, n (%)   

Yes 356 (9.11%) 168820 (7.71%) 

No 2274 (58.20%) 1513054 (69.10%) 

Missing 1277 (32.68%) 505646 (23.19%) 

Season of birth, n (%)    

Fall 986 (25.24%) 558544 (25.51%) 

Spring 968 (24.78%) 548405 (25.05%) 

Summer 1022 (26.16%) 585368 (26.73%) 

Winter 931 (23.83%) 497203 (22.71%) 

Instability quintile a, n (%)   

1 734 (18.79%) 454033 (20.74%) 

2 724 (18.53%) 405791 (18.53%) 

3 685 (17.53%) 390349 (17.83%) 

4 772 (19.76%) 415144 (18.96%) 

5 928 (23.75%) 493308 (22.53%) 

Missing 64 (1.64%) 30895 (1.41%) 

Deprivation quintile a, n (%)   

1 703 (17.99%) 437362 (19.98%) 

2 666 (17.05%) 408469 (18.66%) 

3 717 (18.35%) 404981 (18.5%) 

4 745 (19.07%) 412253 (18.83%) 

5 1012 (25.9%) 495560 (22.63%) 

Missing 64 (1.64%) 30895 (1.41%) 

Dependency quintile a, n (%)   

1 1157 (29.61%) 700342 (31.99%) 

2 857 (21.93%) 468146 (21.38%) 

3 694 (17.76%) 378953 (17.31%) 

4 623 (15.95%) 328175 (14.99%) 
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5 512 (13.10%) 283009 (12.93%) 

Missing 64 (1.64%) 30895 (1.41%) 

Ethnic concentration quintile a, n (%)   

1 516 (13.21%) 286345 (13.08%) 

2 598 (15.31%) 324242 (14.81%) 

3 706 (18.07%) 364285 (16.64%) 

4 802 (20.53%) 462232 (21.11%) 

5 1221 (31.25%) 721521 (32.95%) 

Missing 64 (1.64%) 30895 (1.41%) 

Findings are presented as counts (percentages) for categorical variables or means (standard 

deviations) for continuous variables. 

a These quintiles were created by sorting the marginalization data into five groups, ranked from 

one (least marginalized) to five (most marginalized). 

 

Overall, table 1 shows that the source cohort for this thesis had 2 193 427 mother-infant 

pairs, 3902 (0.18%) of whom were diagnosed with CP after birth. The average (±standard 

deviation) maternal age at delivery was slightly lower for CP cases, 29.9 (5.86) compared to non-

CP cases 30.33 (5.39). This was also the case for gestational week at delivery, which was 38.86 

(1.38) for CP cases, and 39.09 (1.24) for non-CP cases. In addition, as found in the literature, there 

was a higher proportion of males who were observed to have CP, 56.31%, compared to females, 

43.69%. Table 1 also shows that the numbers of both CP cases and non-cases were observed to 

decrease as parity increased in the source cohort. In comparison to non-CP cases, children with 

CP were generally slightly more likely to be born with a higher marginalized index, and there was 

a slight increased proportion of births occurring in summer for both CP and non-CP cases.  
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Ch. 4 Ambient Air Pollution and Cerebral Palsy 
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4.1 Preface 

This chapter includes a manuscript titled “Prenatal exposure to fine particulate matter 

composition and risk of cerebral palsy: A population-based retrospective cohort study in Ontario, 

Canada”, which will be formatted for submission to the journal Environmental Pollution. This 

manuscript addresses objective 1 of this thesis, which aims to investigate the associations between 

gestational exposure to ambient air pollution and the risk of CP. Ethics approval for this study was 

granted by the Research Ethics Boards of Health Canada. The authors declare they have no 

competing interests. 
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4.3 Abstract  

Background: Existing literature suggests an association between prenatal exposure to fine 

particulate air pollution (PM2.5) and cerebral palsy (CP). However, the impact of individual PM2.5 

components (SO4, NH4, NO3, SS, BC, dust, OM) on CP risk remains unknown.  

Objective: To examine the associations between prenatal exposure to PM2.5 components, and risk 

of CP among term births in Ontario, Canada.  

Methods: This was a retrospective cohort study that examined term births (gestational age ≥ 37 

completed weeks) from April 2002 to December 2020. PM2.5 total mass and composition measures 

were assigned to maternal residence at birth using satellite-based estimates and ground-level 

monitoring data. Cohort data were compiled using health administrative databases. Single-

pollutant distributed lag cox proportional hazard models, with and without additional adjustment 

for PM2.5 residuals, were used to investigate the associations between gestational exposures to 

PM2.5 total mass, its components, NO2, and O3. 

Results: 2,193,427 mother-infant pairs were identified, of which 3,907 were diagnosed with CP 

during the follow-up period. Increased risk of CP was found for SO4 exposure during early 

pregnancy in both residual-adjusted (HR: 1.052, 95% CI: 1.009-1.097, per IQR=0.94 ug/m3), and 

non-adjusted models (HR: 1.050, 95% CI: 1.007- 1.095, per IQR=0.94 ug/m3). The concentration-

response relationship between the sensitive window found for SO4 and CP risk (weeks 4 to 9 of 

gestation) showcased a supralinear pattern, with HRs increasing steeply at lower concentrations 

before plateauing at higher levels. 
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Conclusions: Prenatal exposure to SO4 may be associated with increased CP risk during the early 

pregnancy period. Associations between prenatal PM2.5 total mass and composition exposure and 

CP risk should be further investigated.  

Keywords: PM2.5 components, prenatal exposure, cerebral palsy 

Abbreviations: ammonium, NH4
+; black carbon, BC; confidence interval, CI; cerebral palsy, CP; 

hazard ratio, HR; mineral dust, dust; nitrate, NO3
-; nitrogen dioxide, NO2; organic matter, OM; 

ozone, O3; particulate matter with a mean aerodynamic diameter less than 2.5 micrometres, PM2.5; 

sea salt, SS; sulfate, SO4;  
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4.4 Introduction 

Cerebral palsy (CP) stands as the most frequently diagnosed physical disability during 

childhood.1 It encompasses a group of diverse neurodevelopmental disorders characterized by non-

progressive manifestations that present with a range of clinical features, primarily affecting motor 

function. The diverse clinical features of CP can include muscle spasticity, involuntary 

movements, and difficulties in coordination, all of which substantially impact the quality of life of 

those affected.2 With an incidence rate between approximately 2 and 3 out of every 1,000 live 

births, the etiology of CP remains unclear due to the complex nature of the disease.3 Nonetheless, 

due to its early diagnosis, it is recognized that prenatal factors play a substantial role in CP risk, 

highlighting the potential for prevention through the identification and comprehension of these 

risk factors.  

In recent years, maternal exposure to environmental factors has been proven to potentially 

influence neurological conditions. Ambient air pollution, which has diverse sources including 

vehicle emissions, industrial processes, and natural elements, is a leading environmental risk factor 

for global burden of disease.4,5 Notably, emerging evidence suggests that prenatal exposure to fine 

particulate matter with a diameter less than 2.5 μm (PM2.5) may have a profound impact on the 

development of CP and other neurological disorders.6,7 These disorders include stroke, dementia, 

Alzheimer's disease, autism spectrum disorder (ASD), and Parkinson's disease.8 Additionally, 

exposure to PM2.5 during pregnancy has been associated with various reproductive outcomes, such 

as low birth weight and preterm birth, which are risk factors for CP.9 One recent and novel study 

found prenatal residential PM2.5 exposure to be associated with a 1.12-fold increase in the risk of 

CP per increasing interquartile range (IQR).10 Suspected mechanisms by which PM2.5 is thought 

to cause these health outcomes is through epigenetic alterations, pro-inflammatory pathway 
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activations, and the induction of oxidative stress.11–13 Along with PM2.5, prenatal exposure to 

nitrogen dioxide (NO2) and ozone (O3) have also been associated with similar birth outcomes, 

especially in women with pre-existing maternal comorbidities such as diabetes and preeclampsia 

during the gestational period.14 However, while the association between PM2.5 and CP risk have 

been studied, there still exists a gap in knowledge regarding the specific PM2.5 components 

associated with cerebral palsy. The various major components of PM2.5 include sulfate (SO4); 

ammonium (NH4); nitrate (NO3); sea salt (SS); black carbon (BC); mineral dust (dust); and organic 

matter (OM).15 Individually, these pollutants have been found to have harmful effects on human 

health, including increased mortalilty,16 thus, investigating these components is important because 

they have distinct chemical properties, origins, and health effects, which may enable more targeted 

efforts to address specific pollution sources. 

To address these gaps, we conducted a population-based retrospective cohort study to 

investigate the relationships between maternal exposures to components of PM2.5, NO2, and O3 

and the risk of developing CP among live term births. We utilized population-based health 

administrative data from the province of Ontario, Canada, spanning the years 2002 to 2020. In 

addition, critical periods of exposure were investigated and the associated effects at different 

weeks of pregnancy were estimated. By identifying specific PM2.5 components and critical 

windows of weekly exposure during gestation that are associated with increased CP risk, this study 

could help support public health efforts to reduce the burden of CP by informing targeted 

preventive measures and regulations to decrease exposure to ambient air pollutants. 

4.5 Methods 

Study population and data sources 
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This was a retrospective cohort study comprised of all live term births (gestational age ≥ 

37 completed weeks) that occurred in hospitals in Ontario, Canada between April 1st, 2002 and 

December 31st, 2020. We conducted our analysis using administrative health data from ICES, 

which is a non-profit research institute that compiles and analyzes healthcare and demographic 

data for over 99% of Ontario's population.17 

Maternal demographic and health data were linked to mother-infant pairs using the 

Registered Persons Database (RPDB), which includes demographic information on those 

registered for health insurance, and the MOMBABY cohort, an ICES-derived dataset that links 

hospital admission records of mothers and their newborns for all hospital births in the province, 

based on Discharge Abstract Database from the Canadian Institute for Health Information (CIHI-

DAD) information. Additional variables such as maternal smoking and body mass index were 

available from 2006-2020 from the Better Outcomes Registry and Network (BORN). The Ontario 

Diabetes Database (ODD) and the Ontario Hypertension Dataset (HYPER) were also used to 

obtain information on maternal chronic disorders. The Ontario Marginalization Index (ON-Marg) 

was used to obtain area-level socioeconomic status variables. Outcome ascertainment utilized the 

National Ambulatory Care Reporting System (NACRS), Discharge Abstract Database from the 

Canadian Institute for Health Information (CIHI-DAD) and the Ontario Health Insurance Plan 

(OHIP) Records Database, which contains health services billing data from all physicians in 

Ontario.  

The study excluded mother-infant pairs involving multiple births, preterm births, invalid 

health card numbers, missing postal codes for exposure assessment, and those lacking essential 

covariates and exposures. Additionally, individuals ineligible for provincial health insurance 
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(OHIP) at birth were excluded (Supplementary Figure S1). These datasets were linked using 

unique encoded identifiers and analyzed at ICES. 

Exposure assessment 

Exposure to the ambient air pollutants in the population was assigned using the geographic 

centre of each 6-digit postal code area for maternal residence at delivery. Weekly and bi-weekly 

average concentrations of the exposures were available from the date of conception until the end 

of the 36th week of gestation for each pregnancy using the recorded gestational age in the 

MOMBABY dataset from 2002 to 2020. Due to the early diagnosis of CP (within the first 2 years 

of life) and literature highlighting the probability of disease development during the prenatal 

period, exposures were only assigned during the prenatal period and not throughout childhood.3     

North American bi-weekly total and component (SO4, NH4, NO3, SS, BC, dust, OM) PM2.5 

mass concentrations at 1×1 km resolution, version V5.NA.04.02, were derived by combining 

satellite retrievals of aerosol optical depth (AOD) with simulated output from the GEOS-Chem 

chemical transport model, and ground-based measurements. Utilized satellite instrumentation 

included the NASA VIIRS, MODIS, MISR, and SeaWiFS instruments with the Dark Target, Deep 

Blue, MAIAC, and MISR AOD retrieval algorithms.  Simulated output was used to provide an 

additional AOD dataset, relate AOD to total PM2.5 concentrations, and provide an initial 

compositional breakdown of total PM2.5.  Total and component PM2.5 concentrations were refined 

by statistically incorporating ground-based observations from the United States EPA Air Quality 

System and the Canadian National Air Pollution Surveillance (NAPS) network using a 

geographically weighted regression.18,19  

Weekly NO2 concentration levels were measured using a national land-use regression 

(LUR) model incorporating data from the NAPS network, satellite-derived estimates from 2020, 
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road lengths within 10 km, area of industrial land use within 2 km, and the mean summer 

rainfall.6,20,21 Weekly O3 concentration measurements followed a similar approach, using 21 km 

grid values which were estimated from the average daily maximum O3 concentrations during the 

warm seasons (May 1st to October 31st). Since these were annual concentration estimates, LUR 

data from the Canadian Urban Environmental Health Research Consortium (CANUE) from the 

years 2002 to 2015 and spatiotemporal interpolation techniques based on NAPS monitor data was 

used to obtain the concentration measures at the weekly level.21  

Outcome ascertainment 

The outcome for this study is defined as a diagnosis of CP before the age of 18 years old. 

This was characterized using a case algorithm, which included a single inpatient hospitalization 

diagnosis using the ICD-10-CA code G80 from CIHI-DAD, or two or more outpatient diagnoses, 

with a minimum two-week interval, documented in physician billing claims with the modified 

ICD-9 code 343 from OHIP.22 

Covariates 

Our analysis incorporated several key covariates to account for potential confounding 

factors. These covariates included maternal age, parity, infant sex, birth weight, socioeconomic 

variables (residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration), geographic location (rural/urban), season of birth and year of birth. Maternal 

comorbidities, such as diabetes and hypertension, were also included as covariates in the models, 

as they have been found to be associated with other neurodevelopmental disorders.23,24 Overall, 

these covariates were chosen based on existing literature,25–27 and a directed acyclic graph was 

conceptualized (Supplementary Figure S2).  

Statistical Analyses 
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In this study, cox proportional hazards models were used to investigate the associations 

between exposure to ambient air pollutants during the gestational period and CP risk. The follow-

up time was measured in days from birth, until their first diagnosis of CP, death, loss of eligibility 

for provincial health insurance, their 18th birthday, or the conclusion of the follow-up period 

(December, 2020), similar to a previous study.6 

Single-pollutant models were examined with and without additional adjustment for the 

residuals from linear models that regressed total outdoor PM2.5 concentrations on the 

concentrations of each component. This approach captured the variation in PM2.5 not explained by 

its components and was preferable to multi-pollutant models (ie. including total PM2.5 mass and 

its components in the same model), which faced multi-collinearity issues and the risk of over-

adjusting for the same components.28 Hazard ratios (HRs) for the PM2.5 residuals were also 

examined per IQR increase. Models including NO2 and O3 individually, and with additional 

adjustment for total outdoor PM2.5 were also assessed.  

The single-pollutant models were fitted with an extension of the distributed lag non-linear 

model (DLNM) to also simultaneously investigate each of the first 37 weeks of exposure during 

pregnancy to assess specific windows of susceptibility.29 The DLNM incorporated average 

concentrations of PM2.5, SO4, NH4, NO3, OM, BC, SS, dust, NO2, and O3 throughout gestational 

weeks 0-36 as separate cross-bases, assuming a smooth function. This smooth function was 

modelled using natural splines.30,31 The degrees of freedom for the natural spline was selected 

based on the lowest Akaike Information Criterion (AIC).32 Based on the AIC, the linear model 

provided the best fit for PM2.5, NH4, OM, BC, SS, dust, NO2, and O3, while a model with 3 degrees 

of freedom provided best fit for SO4 and NO3. From the models, a sensitive window was identified 

when the 95% confidence interval (CI) did not contain unity.  
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We conducted several additional and sensitivity analyses. Due to the identification of sex-

differences for CP in previous studies, models were stratified by infant sex and further assessed 

for effect modification by including an air pollutant × sex interaction term in the stratified 

models.33 Effect modification by rural/urban place of residence was also assessed. Effect measure 

modification was considered present if the Wald chi-square p-value was <0.05.  

Additional analyses were done by further adjusting the models for maternal smoking, a risk 

factor for CP development.34 The cohort adjusted for maternal smoking was limited to infants born 

after 2006, as data was unavailable before this time frame. Associations in full term births (≥39 

weeks of gestation) was also explored, as previous literature has found risk differences for CP in 

children born at 37 weeks compared to 40 weeks.35 Finally, due to the potential variation in 

outcomes based on follow-up length, we further explored associations by limiting maximum 

follow-up time to 6 years of age.  

Data management steps and descriptive statistics were completed in SAS EG version 7.1 

(SAS Institute). All other statistical analyses were conducted using R (version 3.1.2), and the dlnm 

package (version 2.1.3) was employed for the DLNMs. 

4.6 Results 

Descriptive statistics  

A total of 2,193,427 mother-infant pairs were identified between April 1st 2002 and 

December 31st 2020 in the province of Ontario, Canada (Table 1). In this cohort, 3,907 children 

were diagnosed with CP during the follow-up period. The mean (±SD) maternal age at delivery 

was 30.33 years (±5.39) for the entire cohort. The mean (±SD) gestational age at birth was 39.09 

weeks (±1.24) across the cohort, with children with CP being born slightly earlier on average 
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(38.86 ±1.38). Among children with CP, a higher proportion were male (56.31%) compared to 

female (43.69%).  

The mean (±SD) concentration of PM2.5 during the prenatal period was 7.42 µg/m³ (± 2.84), 

with higher average levels among mothers of children with CP (7.87 µg/m³, ± 2.98). Mean NO2 

and O3 concentrations were 5.66 ppb (± 2.91) and 46.50 ppb (± 9.26) respectively. Mean prenatal 

concentrations for the components of PM2.5 (SO4, NH4, NO3, SS, BC, dust, OM) are described in 

Supplementary Table S1. Strong correlations were found between prenatal total mass 

concentrations of PM2.5 and mass concentration of NH4 (r = 0.89), SO4 (r = 0.83), and OM (r = 

0.79). Strong correlations were also found between PM2.5 components such as NO3 and NH4 (r = 

0.75), OM and SO4 (r = 0.71), and NH4 and SO4 (r = 0.70). The correlations between PM2.5 and 

NO2 (r = 0.12) and O3 (r = 0.03) were weak, similar to the correlation between NO2 and O3 

averaged across gestation (r = 0.02) (Supplementary Table S2).  

Associations between CP and prenatal ambient air pollution concentrations 

Figure 1 visually summarizes the overall estimated HRs and 95% CIs from the models for 

PM2.5 and each component, with and without additional adjustment for PM2.5 residuals. Overall, 

HRs for the components showed minimal change after additional adjustment for PM2.5 residuals 

in the models. PM2.5 components, including PM2.5 itself, did not exhibit statistically significant 

associations with CP in both residual adjusted and non-adjusted models when assessing overall 

gestational risk.  

The PM2.5 residual variations accounting for SO4 and NH4 showed significant associations 

with increased risk (HRSO4: 1.045, 95% CI: 1.001-1.091, per IQR=0.94 ug/m3 increase; HRNH4: 

1.110, 95% CI: 1.030-1.186, per IQR=0.5 ug/m3). However, significant associations were not 

found for both SO4 and NH4 when further adjusting for these residual variations in the single-
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pollutant models, though HRs were elevated compared to other pollutants (HRSO4: 1.059, 95% CI: 

0.990- 1.133, per IQR=0.94 ug/m3 increase; HRNH4: 1.031, 95% CI: 0.989- 1.076, per IQR=0.5 

ug/m3) (Supplementary Table S3). Interestingly, OM demonstrated a similar pattern, with a 

significant protective effect when accounting for its PM2.5 residual variation (HR: 0.929, 95% CI: 

0.892- 0.967, per IQR=1.39 ug/m3 increase), but demonstrating a non-significant effect when 

further adjusting for this residual variation in the single-pollutant model (HR: 0.919, 95% CI: 

0.835-1.011, per IQR=1.39 ug/m3 increase) (Supplementary Table S3). 

Sensitive windows during gestation were consistently identified for SO4 across both 

models, indicating that it may play a key role in driving CP risk during critical periods of fetal 

development. Figure 2 illustrates the estimated HRs for SO4 as a function of gestational week after 

adjusting for covariates in the single-pollutant and residual-adjusted model. The overall residual-

adjusted model for SO4 had a slighter higher risk (HR: 1.059, 95% CI: 0.990- 1.133, per IQR=0.94 

ug/m3 increase) compared to the non residual-adjusted model (HR: 1.055, 95% CI: 0.987-1.129, 

per IQR=0.94 ug/m3 increase), though both overall HRs were non-significant. While overall HRs 

for the two models differed slightly, both models presented a sensitive window between weeks 4-

9 that showed a significant increased risk for CP (HRnon-adjusted: 1.05, 95% CI: 1.007-1.095, per 

IQR=0.94 ug/m3 increase; HRadjusted: 1.052, 95% CI: 1.009-1.097, per IQR=0.94 ug/m3 increase), 

as shown by CIs above unity. Furthermore, the concentration-response curve for SO4 during the 

sensitive window (weeks 4-9) in both models showed a supralinear pattern, with a sharp increase 

in risk at lower concentrations, followed by a steady rise as concentrations continued to increase 

(Figure 3).   

Additional models adjusting for NO2 and O3 did not significantly alter the associations 

observed with PM2.5. Overall, the findings from the main analyses suggest that certain components 
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of PM2.5, such as SO4, especially during critical periods of gestation, may be more relevant to CP 

risk than PM2.5 mass concentration alone. 

Additional and sensitivity analyses 

Following stratification by infant sex, sensitive windows of exposure were identified 

among boys for SO4 (HR: 1.061, 95% CI: 1.009-1.115, per IQR=0.94 ug/m3 increase, P=0.08) and 

dust (HR: 1.069, 95% CI: 1.007-1.136, per IQR=0.3 ug/m3 increase, P=0.004) between gestational 

weeks 4 to 8, and 23 to 36, respectively. Among girls, OM exposure during gestational weeks 20 

to 22 indicated a significant association (HR: 0.986, 95% CI: 0.972-1, per IQR=1.39 ug/m3 

increase, P=0.70). Only the p-value for dust exposure in boys during the sensitive window was 

found to be significant for effect modification (Supplementary Table S4). Similar results were 

found in the residual-adjusted models for overall risk of CP and each pollutant (Supplementary 

Table S5). When assessing the effect modification by rural/urban residence of birth, no significant 

p-values were observed between the interaction and pollutant terms suggesting that the observed 

associations might be influenced by other factors, though a sensitive window was observed for 

dust exposure during weeks 22 to 36 in rural residents (HR: 1.191, 95% CI: 1.023-1.385, per 

IQR=0.3 ug/m3 increase, p-value=0.76) (Supplementary Table S6). Interestingly, significant 

associations were found for overall SO4 when further adjusting for residuals (HR: 1.077, 95% CI: 

1.004-1.154, per IQR=0.94 ug/m3 increase), in the urban population (Supplementary Table S7).  

When further adjusting for maternal smoking (Supplementary Tables S8 and 

Supplementary Table S9), SO4 indicated increased risk of CP in single-pollutant (HRweek 4-7: 1.046, 

95% CI: 1.005-1.089, per IQR= 0.49 ug/m3 increase) and residual-adjusted models (HRoverall: 

1.099, 95% CI: 1.003-1.203, per IQR= 0.49 ug/m3 increase), with significant associations in both. 

Additionally, OM was associated with a reduced risk of CP in both models. Sensitivity analyses 
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that only included full term births ( ≥39 weeks of gestation) found protective associations for BC 

(HR: 0.983, 95% CI: 0.968-0.998, per IQR=0.49 ug/m3 increase), and OM (HR: 0.871, 95% CI: 

0.771-0.984, per IQR=1.39 ug/m3 increase) during the mid-pregnancy periods in the single-

pollutant models (Supplementary Table S10). Similar results were found in the residual-adjusted 

models (Supplementary Table S11). Notable significant positive associations were not found in 

the sensitivity analyses that limited follow-up to 6 years of age, in both single-pollutant and 

residual-adjusted models (Supplementary Table S12 and Supplementary Table S13).  

4.7 Discussion 

In this large retrospective cohort study, we observed a consistent association between 

prenatal exposure to SO4 during the pregnancy period and increased CP risk across all models and 

additional analyses. Increased associations for CP risk were found for mineral dust exposure in 

boys and rural residents, however overall adverse effects for dust were inconsistent across models. 

The findings from our study did not confirm results from a previous study that found significant 

positive associations between PM2.5 total mass exposure and CP risk, however similar results for 

NO2 and O3 exposure having null association with CP risk were found.6  

Prenatal exposure to SO4 has been linked to an increased risk of undergrowth in fetal 

abdominal circumference, head circumference, femur length, and estimated fetal weight.36 Fetal 

growth restriction and undergrowth during the early-pregnancy period (trimester 1) has been 

shown to increase the risk of neurodevelopmental disorders, including CP, due to the reduction in 

placental perfusion as a result of a decrease in villous cross-sectional vascular area, limiting 

neurodevelopmental potential.37,38 SO4 concentrations are mainly attributed to the burning of fossil 

fuels, which can result from coal burning, industrial processes, and vehicular emissions.39 In recent 
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years, the burning of fossil fuels has been associated with adverse health effects in children, such 

as lowered birth weight, deficits in lung function, respiratory symptoms, and developmental 

disorders.40,41 In addition, coal burning has shown to be a major contributor to ambient PM2.5 and 

studies have found it to be linked to neurobehavioral problems, such as social problems and 

anxiety.41  

In the GEOS-Chem model used for obtaining the air pollution measures, dust 

concentrations were found to be primarily arising from long-range transport from the United States 

(US). Thus, while our analyses found an increased risk of CP for dust exposure in some stratified 

populations, it may not be attributed to likely sources of mineral dust such as road dust and forest 

fires,42 but instead serves as a tracer of long-range transport of aged pollution from the US. 

Nonetheless, dust exposure has been linked to various negative health outcomes, such as 

respiratory issues, cardiovascular problems, and exacerbation of asthma and other chronic lung 

diseases.43,44 The fine particulate nature allows for penetration into the respiratory system, causing 

inflammation and oxidative stress, which can lead to long-term health complications.45–47 

The potential link between prenatal exposure to these air pollutants and the risk of CP can 

be explained through several underlying biological mechanisms. One key mechanism involves the 

impairment of placental function. As mentioned earlier, reduction in placental blood flow can lead 

to insufficient oxygen and nutrient delivery to the developing fetus, resulting in fetal growth 

restriction and underdevelopment of critical organs, including the brain.48 Additionally, air 

pollutants, such as SO4 and dust, can induce oxidative stress and inflammation in both the mother 

and the fetus.49 Oxidative stress occurs when there is an imbalance between the production of 

reactive oxygen species (ROS) and the body's ability to neutralize them, which can damage cellular 

structures, including DNA, proteins, and lipids, leading to cellular dysfunction and death.50 In the 
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context of fetal development, oxidative stress can disrupt the delicate processes of neurogenesis, 

synaptogenesis, and myelination, which are essential for proper brain development.51–53 Maternal 

exposure to pollutants can also activate inflammatory pathways, leading to the release of pro-

inflammatory cytokines.54 These cytokines can cross the placenta and enter the fetal circulation, 

causing inflammation in fetal tissues, including the developing brain.55,56 Chronic inflammation 

during critical periods of brain development can impair neural connectivity and function, 

increasing the risk of neurodevelopmental disorders such as CP.57–59 

While the findings of OM providing protective effects are not consistent with the literature, 

which generally reports adverse health effects associated with particulate matter,60,61 several 

factors could explain this discrepancy. One possible explanation is potential increased exposure 

misclassification present for OM. This misclassification might arise from the variability in sources 

and composition of OM, making it difficult to accurately measure and characterize its true impact. 

Additionally, OM from natural sources, such as biogenic emissions, might have different health 

implications compared to OM from anthropogenic sources. Variations in the chemical composition 

of OM can lead to differing biological effects, with some organic compounds potentially having 

less harmful or even protective properties. Further research is needed to better understand these 

complex interactions and the specific components of OM that may contribute to its protective 

effects. 

This study has several significant strengths that enhance its contributions to understanding 

the association between prenatal air pollution exposure and CP. First, the large cohort size of over 

2 million mother-infant pairs provides robust statistical power and allows for precise estimation of 

risk associations, ensuring that the findings are generalizable across a broader population. 

Furthermore, the extended study period of nearly two decades (2002-2020) captures a wide range 
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of exposure scenarios and temporal variations in air pollution levels, which strengthens the 

temporal validity of the results. In addition, the use of sophisticated analysis techniques, such as 

distributed lag models allowed us to estimate effects at the weekly level, which helped identify 

specific critical windows of exposure during pregnancy. The use of PM2.5 residual-adjusted models 

and sensitivity analyses further validates the robustness of the associations observed.  

Limitations in the study could include uncertainties related to the representation of air 

pollution, which, although comprehensive, may not accurately reflect individual-level exposure 

due to spatial and temporal variability in air pollution levels, or other sources of uncertainty 

associated with the satellite retrievals, models, and measurements upon which it is constructed. 

Additionally, while the study adjusts for numerous confounders, there remains the potential for 

misclassification bias in the diagnosis of CP, as it relies on administrative health data which may 

vary in accuracy. The exposure assessment is based on maternal residential address at birth, which 

does not account for potential changes in residence during pregnancy, leading to possible exposure 

misclassification. Furthermore, the generalizability of the findings may be limited to populations 

with similar environmental and sociodemographic characteristics as Ontario, Canada, potentially 

limiting the applicability of the results to other regions with different pollution profiles and health 

care systems. Another limitation is the inability to account for all possible interactions between 

different pollutants, as the focus on individual pollutants may overlook the complex mixture 

effects of multiple air pollutants. Lastly, due to a lack of data, we were unable to account for some 

individual level factors such as race/ethnicity, BMI, and lifestyle factors, which may be 

determinants of CP risk.  

In this study, prenatal exposure to SO4 was found to be notably associated with an increased 

risk of CP. These findings highlight the need to further research in the area of CP and ambient air 
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pollution, to better support implementation of targeted public health interventions and policy 

change.  
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4.9 Tables and figures 

Table 1. Characteristics of term births with and without a CP diagnosis born in Ontario, Canada, 

between 2002-2020. 

Characteristics Without CP 

(N= 2189520) 

With CP 

(N= 3907) 

Total 

(N= 2193427) 

Individual-level characteristics     

    Maternal age at delivery, mean (SD) 30.33 (5.39) 29.90 (5.86) 30.33 (5.39) 

    Maternal pre-pregnancy BMI, n (%)    

          < 18.5 (underweight) 47238 (2.16%) 65 (1.66%) 47303 (2.16%) 

          18.5 – 24.9 (healthy weight) 478906 (21.87%) 553 (14.15%) 479459 (21.86%) 

          25.0 – 29.9 (overweight) 234021 (10.69%) 281 (7.19%) 234302 (10.68%) 

          ≥ 30.0 (obesity) 191060 (8.73%) 287 (7.35%) 191347 (8.72%) 

         Missing 1238295 (56.55%) 2721 (69.65%) 1241016 (56.58%) 

    Maternal pre-existing health condition, n (%)    

 

Pre-pregnancy diabetes 

Yes 30048 (1.37%) 98 (2.51%) 30146 (1.37%) 

No 2159472 (98.63%) 3809 (97.49%) 2163281 (98.63%) 

 

Pre-pregnancy hypertension 

Yes 47309 (2.16%) 111 (2.84%) 47420 (2.16) 

No 2142211 (97.84%) 3796 (97.16%) 2146007 (97.84%) 

    Maternal smoking during pregnancy, n (%)    

          Yes 168820 (7.71%) 356 (9.11%) 169176 (7.71%) 

          No 1513054 (69.10%) 2274 (58.20%) 1515328 (69.08%) 

          Unknown 507646 (23.19%) 1277 (32.68%) 508923 (23.21%) 

    Follow-up year after birth, mean (SD) 8.94 (5.16) 10.79 (4.51) 8.95 (5.16) 

    Infant sex, n (%)    

          Male  1120535 (51.18%) 2200 (56.31%) 1122735 (51.19%) 

          Female 1068985 (48.82%) 1707 (43.69%) 1070692 (48.81%) 

    Gestational age in weeks, mean (SD) 39.09 (1.24) 38.86 (1.38) 39.09 (1.24) 

    Birth weight (grams) (SD) 3429.23 (486.56) 3304.36 (582.81) 3429.00 (486.77) 

    Parity, n (%)    

          0 949802 (43.48%) 1824 (46.69%) 951626 (43.39%) 

          1 805143 (36.77%) 1298 (33.22%) 806441 (36.77%) 

          ≥ 2 434575 (19.85%) 785 (20.09) 435360 (19.85%) 

    Season of birth, n (%)    

          Spring  548405 (25.05%) 968 (24.78%) 549373 (25.05%) 

          Summer 595368 (26.69%) 1022 (26.16%) 586390 (26.73%) 

          Fall 558544 (25.51%) 986 (25.24%) 559530 (25.51%) 

          Winter 497203 (22.71%) 931 (23.83%) 498134 (22.71%) 

Neighbourhood-level characteristics     

Residence at birth    

          Urban 1963567 (89.68%) 3479 (89.05%) 1967046 (89.68%) 

          Rural 224525 (10.25%) 426 (10.9%) 224951 (10.26%) 

          Unknown 1428 (0.07%) 2 (0.05%) 1430 (0.07%) 
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    Instability quintilea, n (%)    

          Quintile 1 454033 (20.74%) 734 (18.79%) 454767 (20.73%) 

          Quintile 2 405791 (18.53%) 724 (18.53%) 406515 (18.53%) 

          Quintile 3 390349 (17.83%) 685 (17.53%) 391034 (17.83%) 

          Quintile 4 415144 (18.96%) 772 (19.76%) 415916 (18.96%) 

          Quintile 5 493308 (22.53%) 928 (23.75%) 494236 (22.53%) 

          Unknown 30895 (1.41%) 64 (1.64%) 30959 (1.41%) 

    Deprivation quintilea, n (%)    

          Quintile 1 437362 (19.98%) 703 (17.99%) 438065 (19.97%) 

          Quintile 2 408469 (18.66%) 666 (17.05%) 409135 (18.65%) 

          Quintile 3 404981 (18.50%) 717 (18.35%) 405698 (18.50%) 

          Quintile 4 412253 (18.83%) 745 (19.07%) 412998 (18.83%) 

          Quintile 5 495560 (22.63%) 1012 (25.90%) 496572 (22.64%) 

          Unknown 30895 (1.41%) 64 (1.64%) 30959 (1.41%) 

    Dependency quintilea, n (%)    

          Quintile 1 700342 (31.99%) 1157 (29.61%) 701499 (31.98%) 

          Quintile 2 468146 (21.38%) 857 (21.93%) 469003 (21.38%) 

          Quintile 3 378953 (17.31%) 694 (17.76%) 379647 (17.31%) 

          Quintile 4 328175 (14.99%) 623 (15.95%) 328798 (14.99%) 

          Quintile 5 283009 (12.93%) 512 (13.10%) 283521 (12.93%) 

          Unknown 30895 (1.41%) 64 (1.64%) 30959 (1.41%) 

    Ethnic concentration quintilea, n (%)    

          Quintile 1 286345 (13.08%) 516 (13.21%) 286861 (13.08%) 

          Quintile 2 324242 (14.81%) 598 (15.31%) 324840 (14.81%) 

          Quintile 3 364285 (16.64%) 706 (18.07%) 364991 (16.64%) 

          Quintile 4 462232 (21.11%) 802 (20.53%) 463034 (21.11%) 

          Quintile 5 721521 (32.95%) 1221 (31.25%) 722742 (32.95%) 

          Unknown 30895 (1.41%) 64 (1.64%) 30959 (1.41%) 

Averaged levels during pregnancy     

    PM2,5, µg/m3, mean (SD) 7.42 (2.84) 7.87 (2.98) 7.42 (2.84) 

    NO2, ppb, mean (SD) 5.66 (2.91) 5.62 (2.88) 5.66 (2.91) 

    O3, ppb, mean (SD) 46.50 (9.26) 47.33 (8.81) 46.50 (9.26) 

Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; NO2, nitrogen dioxide; O3, ozone; 

SD, standard deviation. 

a These quintiles have been created by sorting the marginalization data into five groups, ranked from one (least 

marginalized) to five (most marginalized). 
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a) Single-pollutant models without residual adjustments             b)    Single-pollutant models with residual adjustments              

 
          

Figure 1. Weekly associated hazard ratios (HRs) and 95% confidence intervals (CIs) describing 

the association between prenatal outdoor PM2.5 mass concentrations and CP per interquartile range 

increase in a) single-pollutant models without residual adjustments, and b) single-pollutant models 

with residual adjustments. All models were adjusted for maternal age at delivery (continuous), 

infant sex (binary), urban/rural (binary), seasons of birth (categorical), calendar years of birth 

(categorical), parity (categorical), maternal comorbidities (binary), residential instability 

(categorical), and quintile groups of maternal deprivation (categorical), dependency (categorical), 

and ethnic concentration (categorical).  

Note: CP, cerebral palsy; IQR, interquartile range; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, 

sulphate; NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter; NO2, nitrogen dioxide; 

O3, ozone; 
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a) SO4                                                                           b)    SO4 + (PM2.5 ~ SO4) 

  
Figure 2. Weekly associated hazard ratios (HRs) for CP per interquartile range increase in prenatal 

exposure to a) SO4 and b)SO4 with additional adjustment for residual PM2.5. All models were 

adjusted for maternal age at delivery (continuous), infant sex (binary), urban/rural (binary), 

seasons of birth (categorical), calendar years of birth (categorical), parity (categorical), maternal 

comorbidities (binary), residential instability (categorical), and quintile groups of maternal 

deprivation (categorical), dependency (categorical), and ethnic concentration (categorical).  

Note: PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate;  
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a) SO4                                                                               b)    SO4 + (PM2.5 ~ SO4) 

 

Figure 3. Concentration-response function for the association between SO4 during the sensitive 

window (weeks 4 to 9 of gestation) and the risk of CP a) without PM2.5 residual adjustment, and 

b) with PM2.5 residual adjustment. Models were adjusted for maternal age at delivery (continuous), 

infant sex (binary), urban/rural (binary), seasons of birth (categorical), calendar years of birth 

(categorical), parity (categorical), maternal comorbidities (binary), residential instability 

(categorical), and quintile groups of maternal deprivation (categorical), dependency (categorical), 

and ethnic concentration (categorical). Dashed lines indicate 95% confidence intervals.  

Note: PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate;  
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4.10 Supplementary materials  

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S1. Flowchart of the inclusion and exclusion of the study population. 

 

 

 

 

 

 

Total hospital births from April 1st, 2002 – December 31st, 2020 

(N = 2 484 025 ) 

 

Study cohort for analysis 

( N = 2 193 427) 

 

Excluded newborns with: 

• Invalid records, n= 7 764  

• Multiple birth, n= 110 939 

• Missing sex, and gestational week information to 

determine pregnancy start, n= 362 

• Mothers not residing in Ontario or missing postal code 

at birth, n= 1 727 

• No continuous OHIP eligibility, n= 88 153 

• Stillborn birth, n= 690 

• Preterm births, n= 80 963 
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Supplementary Figure S2. Directed acyclic graph (DAG) for estimating the effect of ambient air 

pollution on CP in children. (1) Nodes: parameters in red are potential confounding factors, and 

parameters in blue are ancestors of the outcome only (i.e., cause of the outcome but not of the 

exposure). (2) Edges (arrows): causal relationships. (3) Exposure (focal predictor): ambient air 

pollution (PM2.5, its components (SO4, NH4, NO3, SS, BC, dust, OM), NO2, and O3). (4) Response 

(health outcome): CP in children. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 



 92 

Supplementary Table S1. Average prenatal concentrations of ambient PM2.5, its components 

(SO4, NH4, NO3, SS, BC, dust, OM), NO2, and O3 across pregnancy and per trimester by CP status. 
Pollutant Non-CP cases 

Mean ± SD 

CP cases  

Mean ± SD 

Total  

Mean ± SD 

PM2.5 (ug/m3) 7.42 ± 1.81 7.88 ± 1.84 7.42 ± 1.81 

1st trimester 7.45 ± 2.08 7.91 ± 2.16 7.45 ± 2.08 

2nd trimester 7.41 ± 2.03 7.89 ± 2.07 7.41 ± 2.03 

3rd trimester 7.41 ± 2.05 7.86 ± 2.11 7.41 ± 2.05 

SO4 (ug/m3) 0.59 ± 0.23 0.64 ± 0.24 0.59 ± 0.23 

1st trimester 1.79 ± 0.49 1.94 ± 0.50 1.79 ± 0.49 

2nd trimester 1.79 ± 0.64 1.94 ± 0.68 1.79 ± 0.64 

3rd trimester 1.78 ± 0.62 1.93 ± 0.65 1.78 ± 0.62 

NH4 (ug/m3) 0.79 ± 0.27 0.86 ± 0.28 0.79 ± 0.27 

1st trimester 0.80 ± 0.31 0.87 ± 0.32 0.80 ± 0.31 

2nd trimester 0.79 ± 0.31 0.87 ± 0.31 0.79 ± 0.31 

3rd trimester 0.78 ± 0.31 0.85 ± 0.32 0.78 ± 0.31 

NO3 (ug/m3) 1.01 ± 0.44 1.08 ± 0.46 1.01 ± 0.44 

1st trimester 1.03 ± 0.72 1.10 ± 0.74 1.03 ± 0.72 

2nd trimester 1.03 ± 0.71 1.09 ± 0.71 1.03 ± 0.71 

3rd trimester 0.98 ± 0.70 1.05 ± 0.71 0.98 ± 0.70 

SS (ug/m3) 0.09 ± 0.04 0.10 ± 0.04 0.09 ± 0.04 

1st trimester 0.09 ± 0.06 0.10 ± 0.06 0.09 ± 0.06 

2nd trimester 0.09 ± 0.06 0.10 ± 0.06 0.09 ± 0.06 

3rd trimester 0.09 ± 0.06 0.10 ± 0.06 0.09 ± 0.06 

BC (ug/m3) 0.59 ± 0.23 0.64 ± 0.24 0.59 ± 0.23 

1st trimester 0.59 ± 0.26 0.64 ± 0.28 0.59 ± 0.26 

2nd trimester 0.59 ± 0.26 0.64 ± 0.27 0.59 ± 0.26 

3rd trimester 0.59 ± 0.26 0.64 ± 0.27 0.59 ± 0.26 

dust (ug/m3) 0.46 ± 0.12 0.48 ± 0.12 0.46 ± 0.12 

1st trimester 0.46 ± 0.16 0.48 ± 0.16 0.46 ± 0.16 

2nd trimester 0.46 ± 0.15 0.48 ± 0.16 0.46 ± 0.15 

3rd trimester 0.46 ± 0.15 0.48 ± 0.16 0.46 ± 0.15 

OM (ug/m3) 2.69 ± 0.50 2.79 ± 0.50 2.69 ± 0.50 

1st trimester 2.68 ± 0.78 2.79 ± 0.80 2.68 ± 0.78 

2nd trimester 2.67 ± 0.75 2.78 ± 0.76 2.67 ± 0.75 

3rd trimester 2.71 ± 0.75 2.80 ± 0.77 2.71 ± 0.75 

NO2 (ppb) 5.66 ± 2.91 5.62 ± 2.88 5.66 ± 2.91 

1st trimester 5.68 ± 3.44 5.66 ± 3.44 5.68 ± 3.44 

2nd trimester 5.71 ± 3.39 5.65 ± 3.38 5.71 ± 3.39 

3rd trimester 5.61 ± 3.36 5.57 ± 3.31 5.61 ± 3.36 
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O3 (ppb) 46.50 ± 9.26 47.33 ± 8.81 46.50 ± 9.26 

1st trimester 45.97 ± 11.78 46.93 ± 11.73 45.98 ± 11.78 

2nd trimester 46.68 ± 11.83 47.51 ± 11.57 46.68 ± 11.83 

3rd trimester 46.74 ± 11.75 47.48 ± 11.49 46.74 ± 11.75 

Abbrev. PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; NH4, ammonium, NO3, nitrate; SS, 

sea salt; BC, black carbon, OM, organic matter; NO2, nitrogen dioxide; O3, ozone; CP, cerebral palsy.  
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Supplementary Table S2. Pearson correlation coefficients between the average prenatal 

concentrations of PM2.5 its components (SO4, NH4, NO3, SS, BC, dust, OM), NO2, and O3.  
Air pollutants PM2·5 SO4 NH4 NO3 SS BC dust OM NO2  O3 

PM2·5 1.00          

SO4 0.83 1.00         

NH4 0.89 0.70 1.00        

NO3 0.57 0.16 0.75 1.00       

SS 0.36 0.08 0.46 0.62 1.00      

BC 0.71 0.53 0.50 0.23 0.22 1.00     

dust 0.67 0.61 0.51 0.17 0.16 0.51 1.00    

OM 0.79 0.71 0.48 0.07 0.00 0.65 0.57 1.00   

NO2 0.12 -0.07 0.23 0.40 0.33 0.02 -0.01 -0.12 1.00  

O3 0.03 0.09 0.10 0.04 0.01 -0.09 0.05 -0.05 0.02 1.00 

Abbrev. PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; NH4, ammonium, NO3, nitrate; SS, 

sea salt; BC, black carbon, OM, organic matter; NO2, nitrogen dioxide; O3, ozone; CP, cerebral palsy. 
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Supplementary Table S3. Hazard ratios (95% confidence intervals) describing the association 

between prenatal outdoor PM2.5 mass and component concentrations with CP in single-pollutant 

models, PM2.5 residual-adjusted models, PM2.5 residual variation models, and additional models 

for the entire pregnancy and DLM-identified sensitive windows.  
Outdoor PM2.5 mass and component models HR (95% CI) 

  Single-pollutant models  

   PM2.5 1.015 (0.936-1.102) 

   SO4 1.055 (0.987-1.129) 

    Sensitive window 1.050 (1.007-1.095)a 

   NH4 1.031 (0.989-1.075) 

   NO3 0.989 (0.973-1.005) 

   SS 1.006 (0.998-1.013) 

   BC 0.992 (0.977-1.007) 

   dust 1.015 (0.965-1.067) 

   OM 0.919 (0.836-1.011) 

  PM2.5 residual-adjusted models  

   SO4  1.059 (0.990- 1.133) 

    Sensitive window 1.052 (1.009- 1.097)b 

   NH4  1.031 (0.989- 1.076) 

   NO3  0.986 (0.969- 1.002) 

   SS  1.006 (0.999- 1.014) 

   BC  0.994 (0.979- 1.010) 

   dust  1.015 (0.965- 1.068) 

   OM  0.919 (0.835- 1.011) 

 PM2.5 residual variation models  

   PM2.5 ~ SO4  1.045 (1.001- 1.091) 

   PM2.5 ~ NH4  1.110 (1.030- 1.186) 

   PM2.5 ~ NO3  1.030 (0.991- 1.074) 

   PM2.5 ~ SS  0.976 (0.949- 1.004) 

   PM2.5 ~ BC  0.969 (0.939-1.000) 

   PM2.5 ~ dust  1.003 (0.964- 1.001) 

   PM2.5 ~ OM  0.929 (0.892- 0.967) 

 Additional models  

   Single-pollutant models  

    NO2 1.000 (1.000-1.000) 

    O3 1.026 (0.966-1.089) 

 Multi-pollutant models  

    PM2.5 + NO2 + O3 1.007 (0.927-1.094) 

    PM2.5 + NO2 1.016 (0.936-1.103) 

    PM2.5 + O3 1.006 (0.926-1.092) 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), OM (1.39 ug/m3), NO2 (5.26 

ppb), and O3 (19.94 ppb). All the models were adjusted for maternal age at delivery, rurality, seasons of birth, birth 

year, birth weight, parity, maternal comorbidities, infant sex, residential instability, quintile groups of maternal 

deprivation, dependency, and ethnic concentration. Abbrev. CP, cerebral palsy; IQR, interquartile range; PM2.5, fine 

particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black 

carbon, OM, organic matter; NO2, nitrogen dioxide; O3, ozone; 

a HR for the DLM-identified sensitive windows 4–9 wk of gestation. 
b HR for the DLM-identified sensitive windows 4–9 wk of gestation. 
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Supplementary Table S4. Hazard ratios (95% confidence intervals) associated with PM2.5 and its 

components (SO4, NH4, NO3, SS, BC, dust, OM), with risk of CP stratified by infant sex for the 

entire pregnancy and DLM-identified sensitive windows from single-pollutant models.  
 

Exposure 

 

Boys Girls  

Cohort size 

(cases) 

HR (95% CI) Cohort size 

(cases) 

HR (95% CI) P-valuea 

PM2.5  

 

 

 

 

1 122 735 

(2 200) 

1.038 (0.931-1.155) 

1 070 692 

(1 707) 

0.994 (0.874-1.13) 0.69 

SO4 1.066 (0.975-1.166) 1.056 (0.951-1.173) 0.80 

 Sensitive window 1.061 (1.009-1.115)b 
— 0.08 

NH4 1.044 (0.987-1.103) 1.02 (0.956-1.088) 0.67 

NO3 0.989 (0.967-1.01) 0.988 (0.964-1.014) 0.75 

SS 1.006 (0.995-1.016) 1.006 (0.994-1.017) 0.75 

BC 0.993 (0.972-1.014) 0.989 (0.966-1.013) 0.75 

DUST 1.045 (0.978-1.117) 0.987 (0.911-1.07) 0.67 

 Sensitive window 1.069 (1.007-1.136)c 
— 0.004 

OM 0.964 (0.852-1.091) 0.867 (0.744-1.01) 0.73 

 Sensitive window  —  0.986 (0.972-1)d 0.70 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, residential instability, quintile groups of maternal deprivation, dependency, and ethnic concentration. 

Abbrev. CP, cerebral palsy; —, not applicable; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  
 
a P-values correspond to the multiplicative air pollutant×sex interaction term using air pollution level averaged over 

the DLM-identified sensitive window. 
b HR for the DLM-identified sensitive windows 4–8 wk of gestation for boys. 
c HR for the DLM-identified sensitive windows 23–36 wk of gestation for boys. 
d HR for the DLM-identified sensitive windows 20–22 wk of gestation for girls. 
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Supplementary Table S5. Hazard ratios (95% confidence intervals) for the association between 

residual variations in total outdoor PM2.5 mass concentrations, PM2.5 residual-adjusted models for 

each component (SO4, NH4, NO3, SS, BC, dust, OM), and the risk of CP stratified by infant sex. 
 

Exposure 

Boys Girls  

P-valuea 
Cohort size 

(cases) 

HR (95% CI) Cohort size 

(cases) 

HR (95% CI) 

PM2.5  ~ SO4  

 

 

 

 

 

 

 

1 122 735 

(2 200) 

1.029 (0.970-1.093)  

 

 

 

 

 

 

 

1 070 692 

(1 707) 

1.071 (1.002-1.145) 0.92 

SO4 1.070 (0.978-1.170) 1.058 (0.952-1.172) 0.79 

PM2.5  ~ NH4 1.110 (1.017-1.211) 1.109 (1.001-1.229) 0.71 

NH4 1.044 (0.987-1.104) 1.018 (0.953-1.088) 0.68 

PM2.5  ~ NO3 1.013 (0.961-1.068) 1.049 (0.985-1.118) 0.77 

NO3 0.987 (0.965-1.010) 1.003 (0.991-1.015) 0.75 

PM2.5  ~ SS 0.968 (0.934-1.004) 0.983 (0.942-1.027) 0.60 

SS 1.007 (0.996-1.017) 1.006 (0.995-1.017) 0.73 

PM2.5  ~ BC 0.957 (0.917-1.000) 0.973 (0.928-1.022) 0.35 

BC 0.995 (0.975-1.016) 0.992 (0.968-1.016) 0.75 

PM2.5  ~ dust 1.018 (0.966-1.073) 0.990 (0.930-1.053) 0.96 

dust 1.048 (0.980-1.12) 0.986 (0.910-1.068) 0.67 

PM2.5  ~ OM 0.939 (0.889-0.991) 0.941 (0.858-0.973) 0.77 

OM 0.963 (0.850-1.092) 0.870 (0.747-1.013) 0.73 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, residential instability, quintile groups of maternal deprivation, dependency, and ethnic concentration. 

Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; NH4, ammonium, 

NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter; 
 
a P-values correspond to the multiplicative air pollutant×interaction term using air pollution level averaged over the 

DLM-identified sensitive window. 
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Supplementary Table S6. Hazard ratios (95% confidence intervals) associated with PM2.5 and its 

components (SO4, NH4, NO3, SS, BC, dust, OM), with risk of CP stratified by rural/urban 

residence at birth for the entire pregnancy and DLM-identified sensitive windows from single-

pollutant models.  
 

Exposure 

Rural Urban  

Cohort size 

(cases) 

HR (95% CI) Cohort size 

(cases) 

HR (95% CI) P-valuea 

PM2.5  

 

 

 

 

 

224 951 

(426) 

1.046 (0.867-1.263) 

1 967 046  

(3 479) 

1.026 (0.937-1.124) 0.85 

SO4 0.997 (0.851-1.167) 1.070 (0.998-1.146) 0.91 

 Sensitive window — 1.051 (1.007-1.096)b 0.73 

NH4 1.017 (0.967-1.068) 1.038 (0.989-1.089) 0.98 

NO3 0.976 (0.934-1.019) 0.991 (0.977-1.004) 0.86 

SS 0.893 (0.713- 1.119) 1.002 (0.999-1.004) 0.61 

BC 1.057 (0.97-1.151) 0.982 (0.948-1.018) 0.77 

dust 1.096 (0.931-1.291) 1.015 (0.958-1.076) 0.83 

 Sensitive window 1.191 (1.023-1.385)c 
— 0.76 

OM 0.933 (0.753-1.156) 0.929 (0.83-1.039) 0.51 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  

a P-values correspond to the multiplicative air pollutant×interaction term using air pollution level averaged over the 

DLM-identified sensitive window. 
b HR for the DLM-identified sensitive windows 4–9 wk of gestation for urban residents. 
c HR for the DLM-identified sensitive windows 22–36 wk of gestation for rural residents. 
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Supplementary Table S7. Hazard ratios (95% confidence intervals) for the association between 

residual variations in total outdoor PM2.5 mass concentrations, PM2.5 residual-adjusted models for 

each component (SO4, NH4, NO3, SS, BC, dust, OM), and the risk of CP stratified by rural/urban 

residence at birth. 
 

Exposure 

Rural Urban  

P-valuea 
Cohort size 

(cases) 

HR (95% CI) Cohort size 

(cases) 

HR (95% CI) 

PM2.5  ~ SO4  

 

 

 

 

 

 

224 951 

(426) 

0.912 (0.761-1.093)  

 

 

 

 

 

 

1 967 046 

(3 479) 

1.047 (1.001-1.096) 0.52 

SO4 0.983 (0.838-1.153) 1.077 (1.004-1.154) 0.38 

PM2.5  ~ NH4 1.114 (0.867-1.431) 1.098 (1.024-1.177) 0.85 

NH4 1.019 (0.969-1.072) 1.041 (0.992-1.093) 0.51 

PM2.5  ~ NO3 1.069 (0.937-1.219) 1.021 (0.978-1.065) 0.86 

NO3 0.974 (0.932-1.018) 0.988 (0.974-1.002) 0.99 

PM2.5  ~ SS 1.003 (0.923-1.089) 0.971 (0.942-1.000) 0.67 

SS 0.893 (0.713-1.119) 1.002 (1.000-1.004) 0.74 

PM2.5  ~ BC 1.061 (0.946-1.190) 0.963 (0.931-0.996) 0.24 

BC 1.050 (0.961-1.147) 0.988 (0.954-1.024) 0.77 

PM2.5  ~ dust 1.038 (0.917-1.174) 0.993 (0.951-1.037) 0.54 

dust 1.098 (0.932-1.295) 1.014 (0.957-1.075) 0.82 

PM2.5  ~ OM 0.880 (0.763-1.014) 0.932 (0.893-0.973) 0.90 

OM 0.897 (0.720-1.116) 0.927 (0.828-1.037) 0.51 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  

a P-values correspond to the multiplicative air pollutant×interaction term using air pollution level averaged over the 

DLM-identified sensitive window. 
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Supplementary Table S8. Hazard ratios (95% confidence intervals) associated with PM2.5 and its 

components (SO4, NH4, NO3, SS, BC, dust, OM), with risk of CP when further adjusting for 

maternal smoking, for the entire pregnancy and DLM-identified sensitive windows in single-

pollutant models. 
Exposure Cohort size  

(cases) 

Overall HR (95% CI) 

PM2.5  

 

 

 

 

 

1 684 504 

(2 630) 

1.015 (0.91-1.133) 

SO4 1.09 (0.996-1.193) 

Sensitive window 1.046 (1.005-1.089)a 

NH4 1.037 (0.989-1.087) 

NO3 0.987 (0.969-1.006) 

SS 1.012 (0.998-1.026) 

BC 0.982 (0.951-1.013) 

dust 1.007 (0.95-1.068) 

OM 0.871 (0.766-0.99) 

Sensitive window  0.977 (0.956-0.998)b 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  

a HR for the DLM-identified sensitive windows 4–7 wk of gestation. 
b HR for the DLM-identified sensitive windows 14–19 wk of gestation. 
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Supplementary Table S9. Hazard ratios (95% confidence intervals) for the association between 

residual variations in total outdoor PM2.5 mass concentrations, PM2.5 residual-adjusted models for 

each component (SO4, NH4, NO3, SS, BC, dust, OM), and the risk of CP stratified when further 

adjusting for maternal smoking.  
Exposure Cohort size  

(cases) 

HR (95% CI) 

PM2.5  ~ SO4  

 

 

 

 

 

 

1 684 504 

(2 630) 

1.078 (1.018-1.141) 

SO4 1.099 (1.003-1.203) 

PM2.5  ~ NH4 1.160 (1.063-1.265) 

NH4 1.037 (0.989-1.088) 

PM2.5  ~ NO3 1.049 (0.991-1.111) 

NO3 0.981 (0.962-1.001) 

PM2.5  ~ SS 0.965 (0.928-1.004) 

SS 1.012 (0.999-1.026) 

PM2.5  ~ BC 0.958 (0.917-1.001) 

BC 0.978 (0.955-1.019) 

PM2.5  ~ dust 0.995 (0.943-1.050) 

dust 1.007 (0.949-1.068) 

PM2.5  ~ OM 0.907 (0.859-0.956) 

OM 0.867 (0.762-0.985) 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  
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Supplementary Table S10. Hazard ratios (95% confidence intervals) associated with PM2.5 and 

its components (SO4, NH4, NO3, SS, BC, dust, OM), with risk of CP when only full-term births (≥ 

39 gestational weeks) were included for the entire pregnancy and DLM-identified sensitive 

windows in single-pollutant models.  
Exposure Cohort size  

(cases) 

HR (95% CI) 

PM2.5  

 

 

 

 

1 523 258  

(2410) 

0.949 (0.855-1.054) 

SO4 0.993 (0.913-1.079) 

NH4 0.996 (0.942-1.052) 

NO3 0.999 (0.979-1.020) 

SS 1.010 (1.000-1.020) 

BC 0.978 (0.959-0.998) 

 Sensitive window 0.998 (0.996-1.000)a 

dust 0.976 (0.915-1.041) 

OM 0.879 (0.777-0.993) 

 Sensitive window  0.977 (0.957-0.998)b 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; IQR, interquartile range; PM2.5, fine particulate matter with a diameter ≤ 

2.5 μm; SO4, sulphate; NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter; 

 
a HR for the DLM-identified sensitive windows 16–18 wk of gestation. 
b HR for the DLM-identified sensitive windows 17-22 wk of gestation. 
 

 

 

 

 

 

 

 

 

 

 

 

 
 
 



 103 

Supplementary Table S11. Hazard ratios (95% confidence intervals) for the association between 

residual variations in total outdoor PM2.5 mass concentrations, PM2.5 residual-adjusted models for 

each component (SO4, NH4, NO3, SS, BC, dust, OM), and the risk of CP stratified when only full-

term births (≥ 39 gestational weeks) were included.  
Exposure Cohort size  

(cases) 

HR (95% CI) 

PM2.5  ~ SO4  

 

 

 

 

 

 

 

1 523 258 

(2410) 

1.052 (0.993-1.113) 

SO4 0.995 (0.915-1.083) 

PM2.5  ~ NH4 1.114 (1.025-1.212) 

NH4 0.996 (0.941-1.053) 

PM2.5  ~ NO3 1.059 (1.006-1.116) 

NO3 0.995 (0.974-1.017) 

PM2.5  ~ SS 0.994 (0.959-1.031) 

SS 1.010 (1.000-1.020) 

PM2.5  ~ BC 0.973 (0.935-1.014) 

BC 0.980 (0.961-1.000) 

PM2.5  ~ dust 1.017 (0.967-1.071) 

dust 0.977 (0.916-1.042) 

PM2.5  ~ OM 0.956 (0.907-1.009) 

OM 0.882 (0.780-0.997) 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; IQR, interquartile range; PM2.5, fine particulate matter with a diameter ≤ 

2.5 μm; SO4, sulphate; NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  
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Supplementary Table S12. Hazard ratios (95% confidence intervals) for associations between 

exposure to air pollutants and risk of CP before age 6 for the entire pregnancy and DLM-identified 

sensitive windows from single-pollutant models. 
Exposure Cohort Size  

(cases) 

HR (95% CI) 

PM2.5  

 

 

 

744 438  

(3 433) 

0.988 (0.793-1.231) 

SO4 1.081 (0.916-1.275) 

NH4 1.054 (0.955-1.163) 

NO3 0.996 (0.952-1.043) 

SS 1.019 (0.969-1.07) 

BC 0.943 (0.876-1.015) 

dust 1.002 (0.835-1.203) 

OM 0.795 (0.599-1.054) 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  
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Supplementary Table S13. Hazard ratios (95% confidence intervals) for the association between 

residual variations in total outdoor PM2.5 mass concentrations, PM2.5 residual-adjusted models for 

each component (SO4, NH4, NO3, SS, BC, dust, OM), and the risk of CP before age 6. 
Exposure Cohort size  

(cases) 

HR (95% CI) 

PM2.5  ~ SO4  

 

 

 

 

 

 

 

744 438  

(3 433) 

1.091 (0.981-1.213) 

SO4 1.063 (0.899-1.258) 

PM2.5  ~ NH4 1.339 (1.124-1.595) 

NH4 1.025 (0.926-1.134) 

PM2.5  ~ NO3 1.098 (0.961-1.254) 

NO3 0.990 (0.944-1.038) 

PM2.5  ~ SS 0.981 (0.898-1.069) 

SS 1.019 (0.969-1.071) 

PM2.5  ~ BC 0.927 (0.850-1.011) 

BC 0.956 (0.886-1.032) 

PM2.5  ~ dust 1.018 (0.907-1.143) 

dust 1.005 (0.836-1.207) 

PM2.5  ~ OM 0.905 (0.812-1.009) 

OM 0.769 (0.580-1.018) 

Note: All hazard ratios are scaled by the interquartile range of each pollutant: PM2.5 (3.5 ug/m3), SO4 (0.94 ug/m3), 

NH4 (0.5 ug/m3), NO3 (1.2 ug/m3), SS (0.1 ug/m3), BC (0.49 ug/m3), dust (0.3 ug/m3), and OM (1.39 ug/m3). All the 

models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, maternal 

comorbidities, infant sex, residential instability, quintile groups of maternal deprivation, dependency, and ethnic 

concentration. Abbrev. CP, cerebral palsy; PM2.5, fine particulate matter with a diameter ≤ 2.5 μm; SO4, sulphate; 

NH4, ammonium, NO3, nitrate; SS, sea salt; BC, black carbon, OM, organic matter;  
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Ch. 5 Greenspaces, ALEs, and Cerebral Palsy 
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5.1 Preface  

This chapter includes a manuscript titled “Associations of prenatal exposure to residential 

greenspace, and active living environments with cerebral palsy: A population-based cohort study 

in Ontario, Canada”, which will be formatted for submission to the journal Environmental 

Epidemiology. The manuscript addresses objective 2 of this thesis, which aims to investigate the 

associations between gestational exposure to greenspaces, ALEs, and the risk of CP. Ethics 

approval for this study was granted by the Research Ethics Boards of Health Canada. The authors 

declare they have no competing interests.  
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5.3 Abstract  

Background: Prenatal exposure to environmental factors, such as greenspace and active living 

environments, have been linked to various protective effects, however associations with cerebral 

palsy (CP) risk remain unexplored. 

Objective: To examine the associations between prenatal exposure to residential greenspaces, 

indicators of active living environments, and risk of CP among term births (gestational age ≥ 37 

completed weeks) in Ontario, Canada. 

Methods: We conducted a retrospective cohort study using health administrative data from 

Ontario, Canada, between April 1st, 2002 and December 31st, 2020. Exposures of interest included 

the normalized difference vegetation index (NDVI), Green View Index (GVI), and park proximity. 

The Canadian Active Living Environments (Can-ALE) index was also utilized. Cox proportional 

hazards models estimated hazard ratios (HRs) for CP risk associated with these environmental 

exposures, adjusting for potential confounders. 

Results: Our analysis identified 1,436,411 mother-infant pairs, of which 2 883 were diagnosed 

with CP during the follow-up period. Interquartile range increases in NDVI (HR: 1.040, 95% CI: 

0.987 - 1.096, per IQR=0.1) and GVI (HR: 0.989, 95% CI: 0.943 - 1.038, per IQR=10.05%) were 

not significantly associated with CP risk. Similar results were found for quartile increases of NDVI 

and GVI. Residential proximity to parks at birth was associated with a reduction in CP risk (HR: 

0.946, 95% CI: 0.904 - 0.990, per 0.06 increase in park proximity index), after adjusting for ALE 

and air pollution.  



 115 

Conclusions: Our study suggests that living closer to a park may help reduce CP risk. Further 

research should investigate these protective effects and consider other dimensions of greenspace 

quality and usability. 

Keywords: Greenspace exposure, prenatal exposure, cerebral palsy, NDVI, GVI, ALE, park 

proximity 

Abbreviations: Active Living Environments, ALE; Canadian Active Living Environments, Can-

ALE; Cerebral Palsy, CP; Green View Index, GVI; Interquartile Range, IQR; Normalized 

Difference Vegetation Index, NDVI 

 

 

 

 

 

 

 

 

 

 



 116 

5.4 Introduction 

Cerebral palsy (CP) is a complex neurological disorder, characterized by limitations in 

movement and motor abilities.1 It affects 2 to 3 out of 1000 individuals and is most often diagnosed 

during early childhood and persists throughout the individual’s lifespan.2 CP is a non-progressive 

disorder that differs in severity and manifestation.1 Nonetheless, its chronic nature presents many 

societal and economic burdens. While the etiology of the disease is complex and remains poorly 

understood, there is substantial evidence that prenatal and postnatal exposure to certain 

environmental factors play a key role in its development. In general, prenatal exposure to air 

pollutants has been shown to have effects on various neurological conditions, including CP.3 In 

recent years, exposure to greenspace and natural urban environments have also been investigated 

as a protective factor against various health outcomes.4 These studies have found protective 

associations between greenspace exposure and certain neurological conditions, such as dementia 

and autism spectrum disorder (ASD).5,6 Greenspaces have been found to improve health outcomes 

through mechanisms such as promoting physical activity, reducing stress, enhancing air quality, 

and fostering social interactions.7–9 However, no studies have been done investigating the 

protective effects of greenspace exposure on the risk of CP.   

Greenspaces are characterized as areas primarily covered with vegetation, such as parks, 

gardens, forests, meadows, and other natural or semi-natural spaces within urban or rural 

environments.10 With an increase in urbanization, efforts to preserve and increase greenspace 

exposure has been identified as an important initiative in communities. While most studies focus 

on adult populations, an ecological study done in Berlin found that both socio-economic and 

environmental factors, including natural surroundings, may have an impact on fine and gross motor 

development in children.11 In addition, another study done in Wuhan, China found increased 
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exposure to green spaces in residential surroundings, measured using the normalized difference 

vegetation index (NDVI), to be associated with improved early childhood neurodevelopment.12 

The NDVI uses remote sensing and land use data to provide a greenspace metric that quantifies 

the presence of vegetation canopy in an aerial view.13 As such, differing vegetation types are not 

accounted for and presents limitations in some studies.14 While most greenspace studies have been 

done looking at NDVI, other greenspace measures have been developed which take into account 

variations in greenspace presence, such as the Greenview index (GVI). GVI helps quantifies the 

proportion of visible green vegetation from a particular viewpoint, providing a measure of the 

visual accessibility of greenspaces within an environment.15 The use of varying greenspace metrics 

provides a better understanding of the role that different types of vegetation play within urban 

environments.  

In addition to greenspaces, evaluating Active Living Environments (ALE) is crucial due to 

their significant impact on health outcomes. ALE include factors such as walkability, access to 

recreational areas, residential proximity to parks, and the availability of greenspaces, which 

collectively influence physical activity levels, mental health, and overall well-being.16 

Understanding how these environments promote active lifestyles can help explain associations 

with CP risk.  

In this study, we used population-based health administrative data from the province of 

Ontario, Canada to conduct a retrospective cohort study. The aim of this study was to investigate 

the association between prenatal exposure to greenspaces, ALEs, and the risk of CP, recognizing 

that understanding the potential influence of greenspace exposure during pregnancy on CP risk 

could lead to more informed public health strategies and urban planning efforts.  
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5.5 Methods 

Study populations and data sources 

We conducted a retrospective cohort study of all live term births (gestational age ≥ 37 

completed weeks) that occurred in hospitals in Ontario, Canada between April 1st, 2002 and 

December 31st, 2020, using administrative health data from ICES, a non-profit research institute 

that compiles and analyzes healthcare and demographic data for over 99% of Ontario's 

population.17  

The study cohort was created by linking various administrative datasets using unique 

encoded identifiers at ICES. MOMBABY, a database that links maternal and infant hospital 

admission records in Ontario using data from the Discharge Abstract Database (CIHI-DAD), was 

used as the base of the cohort. It was cross-referenced with the Registered Persons Database, which 

holds demographic information for those covered by provincial health insurance, and the Better 

Outcomes Registry & Network (BORN), a birth registry which contains data, from 2006 and 

onwards, on maternal demographics, health practices, obstetrical background, and prenatal care 

for all births occurring within the province of Ontario18. The Ontario Diabetes Database (ODD) 

and the Ontario Hypertension Dataset (HYPER) were also used for information on maternal 

chronic disorders. Furthermore, CP diagnosis was identified from the CIHI-DAD, Ontario Health 

Insurance Plan (OHIP), and the National Ambulatory Care Reporting System (NACRS) databases.  

Mother-infant pairs with invalid identification numbers, instances of multiple-birth 

deliveries, preterm births, children with unrecorded or invalid biological sex information, and 

those who were ineligible for provincial health insurance at birth were removed from the study 
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population. This also included pairs with missing or invalid data on covariates and greenspace 

exposure (Supplementary Figure S1).  

Outcome ascertainment 

The outcome for this study was defined as a diagnosis of CP before the age of 18 years. 

This was determined using a case algorithm that included either a single inpatient hospitalization 

diagnosis recorded with the ICD-10-CA code G80 in the CIHI-DAD database or two or more 

outpatient diagnoses documented with the modified ICD-9 code 343 in OHIP physician billing 

claims, with a minimum interval of two weeks between diagnoses, whichever occurred first.3 

Exposure assessment 

Exposure data for greenspace and active living environments were sourced from the 

Canadian Urban Environmental Health Research Consortium (CANUE). The CANUE is a 

platform that contains a wide range of environmental and geospatial data intended to provide 

insights into the complex relationships between urban environments and human health.19 These 

environmental exposure metrics include NDVI, GVI, park proximity and Canadian active living 

environment index (Can-ALE) measures, which were available at the postal code level for this 

study. These environmental exposures were linked to the ICES cohort using maternal postal codes 

at the time of birth.   

Using remote sensing, the NDVI measures the health and density of vegetation across a 

particular area by analyzing the spectral reflectance of light in both the visible and near-infrared 

portions of the electromagnetic spectrum.20 The index is calculated by taking the difference 

between these two types of light and dividing it by their sum. This simple mathematical operation 

results in a numerical value that typically falls within the range of -1 to +1. In this scale, a high 
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NDVI value, close to +1, indicates lush and healthy vegetation, while a low value, closer to -1, 

represents non-vegetated or barren surfaces. NDVI values between 0.2 and 0.4 often characterize 

grasslands and moderately dense vegetation.14 For this study, annual average NDVI values were 

extracted from Landsat 5 and Landsat 8 data at a 30 metre (m) spatial resolution for the years of 

the study period. These average annual NDVI values were then assigned to the study population 

within a 250 m radius buffer around the corresponding location coordinates of each participant’s 

residential postal code at time of birth.21  

The GVI is another greenspace metric designed to evaluate the abundance and distribution 

of green vegetation in areas. The GVI is often derived from high-resolution satellite imagery, aerial 

photography, or other remote sensing techniques, and it provides a numerical score or value to 

represent the extent of greenery in a specific urban location. GVI measures were extracted from 

Google Street View (GSV) images by calculating the difference between green and red, and green 

and blue spectral bands to obtain the percentage of pixels of greenspace in the images.15 This 

provided a coordinate specific GVI index representing the vegetation coverage as a long-term 

average value for each postal code. The GVI values range from 0 to 100%, with higher values 

indicating a greater proportion of visible vegetation. These coordinate specific values were 

available as an average within the boundaries of each postal code and were linked to the study 

population using the postal code at time of birth.   

Indicators of neighborhood environments conducive to active living, such as the Canadian 

Active Living Environments (Can-ALE) index and park proximity measures, were also utilized 

for this study. The Can-ALE index ranges from 1 (very low) to 5 (very high), measuring the active 

living friendliness of Canadian communities, and was developed using validated metrics such as 

intersection density, dwelling density, points of interest, and measures of walkability.22 The ALE 
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was calculated for the 2016 census year using 1 km circular buffers around the centroid of 

dissemination areas. The normalized value of proximity of dissemination blocks to parks was also 

extracted, measuring how close dissemination blocks were to a neighborhood park within a 1 km 

walking distance, with higher values indicating closer proximity.23 This park proximity index 

measure was used as a proxy for ALE, alongside the Can-ALE.   

To account for further potential confounding with air pollutants, we obtained average 

prenatal exposure data on fine particulate matter (PM2.5) at the bi-weekly level, and gaseous 

pollutants (nitrogen dioxide (NO2), ozone (O3)) at the weekly level, using temporal scaling 

methods.24 These measures were linked to the cohort using postal code at time of birth.  

Covariates 

This study integrated a set of essential covariates to address the possible influence of 

confounding variables. These covariates encompassed a range of factors, including maternal age, 

parity, birth weight, socioeconomic variables (residential instability, maternal deprivation, 

dependency, and ethnic concentration), geographic location (rural/urban), maternal comorbidities, 

season of birth and year of birth. These covariates were chosen based on previous literature,25–27 

and was guided by a directed acyclic graph (DAG) (Supplementary Figure S2). To evaluate the 

impact of sex differences on exposure risk, further adjustment with infant sex was done in a 

sensitivity analysis. Additionally, confounding resulting from prenatal ambient air pollutants (i.e. 

particulate matter with aerodynamic diameter <2.5 µm, nitrogen dioxide and ozone) was also 

explored in sensitivity analyses.  

Statistical analysis  
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Cox proportional hazards models were used to investigate the associations between 

prenatal exposure to greenspace metrics, ALE, proximity to parks and CP risk. The follow-up time 

was measured in days from birth, until their first diagnosis of CP, death, loss of eligibility for 

provincial health insurance, their 18th birthday, or the conclusion of the follow-up period 

(December, 2020).3 

Firstly, descriptive analyses were conducted to characterize the study population and gain 

insights into the distribution of key variables. Before beginning our modeling, we performed 

correlation and univariate analyses to assess the presence of collinearity among the independent 

variables.  

Cox proportional hazards models were used to estimate hazard ratios (HRs) and associated 

95% confidence intervals (CIs) in the study. The models were presented per interquartile range 

(IQR) increase for each greenspace metric. We began with a baseline model for each measure that 

included basic potential maternal and infant confounding variables, and then incrementally 

adjusted for additional variables. We explored CP risk by quintile of ALE for the baseline model, 

and with further adjustment for infant sex and air pollution exposure, as the impact of greenspace 

and ALE factors may vary depending on the type of urban setting. 

To ensure the robustness of our study findings, we undertook several sensitivity and 

additional analyses. First, we conducted a sensitivity analysis by further adjusting the models for 

each greenspace and ALE measure with infant sex, to determine if there were any sex-differences 

in the results we found. Next, we stratified our analysis by urban and rural residence to explore the 

presence of effect modification present in the type of living environment. This was done by 

including an interaction term between the exposure metrics of interest and the rurality variable. 

Lastly, we restricted the follow-up period to 6 years of age to ensure that our results were not 
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influenced by exposures in later life. We considered effect measure modification to be significant 

if the Wald chi-square p-value was less than 0.05. 

To further assess potential dose-response relationships, we also conducted a categorical 

analysis for NDVI and GVI by investigating by quartile increases of the greenspaces. Cox 

proportional hazard models were used to report the HRs and associated 95% CIs in the fully 

adjusted models. In addition, p-values for linear trend patterns were assessed in categorical results 

indicating a linear pattern, by treating the quartile/quintile variable as a continuous variable in the 

regression model to test for a linear association across exposure levels.  

Data management steps and descriptive statistics were completed in SAS EG version 7.1 

(SAS Institute). All other statistical analyses were conducted using R (version 3.1.2).  

5.6 Results  

Descriptive statistics 

The study population included a total of 1 436 411 term births between April 1st 2002 and 

December 31st 2020 in the province of Ontario, Canada, of which 2 883 were diagnosed with CP. 

The mean maternal age at delivery was similar between CP and non-CP cases, with averages of 

29.98 years (SD = 5.78) and 30.40 years (SD = 5.39), respectively. A higher proportion of males 

were noted in the CP group (55.81%) compared to the non-CP group (51.20%). Infants diagnosed 

with CP had a lower mean birth weight (3294.98 grams, SD = 567.08) compared to those without 

CP (3423 grams, SD = 484.18), and the mean gestational age at birth was slightly lower for those 

with CP (38.87 weeks, SD = 1.37) compared to those without CP (39.1 weeks, SD = 1.24) (Table 

1). 
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We found weak to moderate correlations (r) between continuous greenspace metrics 

(Supplementary Table S1). For instance, GVI was weakly correlated with NDVI (r = 0.11), ALE 

(r = 0.001), and park proximity (r = -0.05), whereas ALE was moderately correlated with park 

proximity (r = 0.41). Additionally, NDVI was weakly correlated with ALE (r = -0.26) and park 

proximity (r = -0.17). 

Associations between greenspaces, active living environments, and CP 

Figure 1 visually summarizes the association between continuous greenspace metrics and 

CP with HRs and 95% CIs per IQR change. At baseline, NDVI was positively associated with the 

risk of CP (HR: 1.026, 95% CI: 0.979 - 1.075, per 0.1), but the association was not statistically 

significant. This positive non-significant association persisted after adjusting for ALE scores and 

air pollution. In contrast, we found protective effects for GVI in the baseline model (HR: 0.990, 

95% CI: 0.947 - 1.037, per 10.05%), however these were also not found to be significant, even 

after adjusting for ALE and air pollution. When additionally adjusting for ALE and air pollution, 

we found that NDVI and GVI slightly increased the risk of CP, but effects were not significant 

(Supplementary Table S2).  

Conversely, significant protective effects were found for park proximity. The baseline 

model showed a significant reduction in the risk of CP (HR: 0.937, 95% CI: 0.899 - 0.976, per 

0.06), and remained significant after adjusting for ALE (HR: 0.945, 95% CI: 0.904 - 0.987, per 

0.06), air pollution (HR: 0.939, 95% CI: 0.900 - 0.980, per 0.06), and both (HR: 0.946, 95% CI: 

0.904 - 0.990, per 0.06) (Supplementary Table S2).  

Figure 2 presents the adjusted HRs and 95% CIs for the risk of CP across quintiles of ALE. 

Overall, we found both positive (increasing) and negative (decreasing) associations between 

quintiles of ALE for the baseline model, and when further adjusting for infant sex and air pollution. 
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When compared to the lowest quintile of ALE, each increasing quintile of ALE was associated 

with a decreasing risk of CP. In the baseline model, the association for the highest ALE quintile 

(quintile 5) was 0.881 (95% CI: 0.706 - 1.101), 0.885 (95% CI: 0.737 - 1.062) for quintile 4, 1.009 

(95% CI: 0.867 - 1.172) for quintile 3, and 1.073 (95% CI: 0.930 - 1.238) for quintile 2, indicating 

a linear trend pattern (p-value <0.0001). Similar associations and linear trend patterns were found 

when further adjusting the models for infant sex and air pollution, although none of the HR 

associations reached statistical significance (Supplementary Table S3). 

Sensitivity and additional analyses 

When additionally adjusting for infant sex, we did not find substantial significant change 

in the risk of CP among the continuous greenspace measures (Supplementary Table S4). When 

stratifying analysis by urban/rural residence, no significant associations were found in both groups. 

Due to small sample sizes in ALE quintiles 3 to 5 in the stratified rural population, only urban 

residents were considered when assessing ALE quintiles. Overall, p-values for effect modification 

were also not found to be significant (Supplementary Table S5). No significant associations were 

found in the sensitivity analyses that limited follow-up to 6 years of age, however this analysis 

was limited to only 413 cases, a substantially smaller sample size compared to the primary analysis 

which may diminish the statistical power of the sensitivity analysis (Supplementary Table S6).  

The categorical analyses of the greenspace measures did not reveal any significant associations. 

For NDVI, when compared to the reference/lowest quartile, each quartile increase was associated 

with a slight increase in CP risk, with quartile 4 having the highest association (HR: 1.316, 95% 

CI: 0.977-1.671). A similar pattern was found for GVI (quartile 4: HR: 0.998 (0.899-1.108)), but 

associations were slightly protective across the quartiles (Supplementary Table S7). Overall, a 
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linear dose-relationship pattern was observed for both NDVI and GVI (p-value for linear trend 

<0.0001).  

5.7 Discussion 

In this retrospective cohort study, we investigated the association between prenatal 

exposures to residential greenspaces, ALEs, and the risk of CP. Our findings did not support a 

significant protective effect of overall prenatal residential greenspace exposure, as measured by 

NDVI and GVI, on CP risk. However, our findings may suggest that residential proximity to parks 

at birth, a proxy of ALEs, may be associated with a reduced risk of CP. 

While there is currently very limited literature available on the associations between 

prenatal greenspace exposure and CP, our study adds to the growing body of literature examining 

the overall health benefits of greenspace exposure. Previous research has documented various 

positive health outcomes associated with residential greenspaces, including reduced risks of 

preterm birth, low birth weight, and decreased adverse mental health outcomes.28 Low birth 

weight, also termed small for gestational age (SGA), is a high risk factor for CP development in 

infants, as it often leads to growth restrictions or adverse prenatal conditions that can affect brain 

development.29 Thus, greenspace exposure during the prenatal period may exert indirect benefits 

on fetal development by reducing major CP risk factors. In one study, NDVI was found to reduce 

the risk of neurodegenerative diseases,30 while another found GVI to have protective effects on 

childhood asthma.31 The lack of significant associations for NDVI and GVI in our study contrasts 

with these findings but may be explained by differences in disease pathophysiology, study design, 

population characteristics, and the specific measures of greenspace used. However, similar to 
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another study that explored the associations between greenspaces, active living environments and 

the risk of ASD, protective effects were found to residential park proximity at birth.32   

The protective association observed with park proximity may reflect several underlying 

mechanisms. Parks and accessible greenspaces can promote physical activity, reduce stress, and 

enhance social interactions, all of which contribute to improved maternal health during pregnancy. 

Proximity to parks and other green spaces can lead to increased physical activity among pregnant 

women, which is beneficial for both maternal and fetal health. Regular physical activity during 

pregnancy is known to improve cardiovascular health, regulate blood glucose levels, and reduce 

the risk of gestational hypertension and diabetes, conditions that are linked to adverse birth 

outcomes.33,34 Furthermore, parks provide an environment for social interaction and community 

engagement, which can alleviate maternal stress and improve mental health. Lower stress levels 

during pregnancy have been associated with better fetal development and a reduced risk of 

neurodevelopmental disorders.35 Additionally, parks often contribute to lower levels of air 

pollution and noise, both of which are detrimental to fetal development.36,37 Reduced exposure to 

pollutants such as PM2.5, O3, and NO2 can decrease the incidence of respiratory and cardiovascular 

issues in pregnant women, leading to better birth outcomes.38,39 Noise reduction in greener areas 

also contributes to lower stress levels and improved sleep quality, further enhancing maternal and 

fetal health.40 These combined effects can collectively contribute to the reduction in CP risk 

observed with greater park proximity. 

However, in this study, it is important to consider that the park proximity measures did not 

account for factors of park use, such as accessibility, park quality, or safety. For instance, while an 

individual may reside close to a park, practical barriers such as busy roads, inadequate pedestrian 

infrastructure, or perceived safety concerns could limit access and use. Therefore, park proximity 
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alone may not fully capture the potential health benefits associated with greenspace exposure. 

Future research should consider more complex measures of park accessibility and usability to 

provide a more comprehensive assessment. 

This study has several notable strengths that enhance the robustness and reliability of its 

findings. Firstly, the large sample size and long follow-up period allows for generalizability of the 

study results. We also used various greenspace measures and indicators of ALEs, which provides 

a thorough evaluation of different dimensions of greenspace exposure and their potential health 

impacts. Lastly, the comprehensive adjustment for air pollution further strengthens the analysis by 

accounting for an important environmental factor that could confound the relationship between 

greenspace and CP risk.  

Potential limitations that should be considered in the study include, misclassification of 

cases due to the reliance on secondary health administrative data, which was not collected for 

research purposes. Additionally, the study does not account for potential changes in greenspace 

exposure over time, assuming that exposure at birth is representative of prenatal exposure 

throughout pregnancy. Another limitation is the potential for selection bias, as the study population 

is limited to term births in Ontario, which may not be representative of other regions or populations 

with different environmental or healthcare contexts. While the study adjusts for a range of 

covariates, it is possible that some important factors, such as detailed maternal health conditions 

or other environmental exposures, were not fully accounted for. In addition, the greenspace metrics 

used in the study may present limitations as well. NDVI captures overall vegetation density but 

does not distinguish between different types of greenspaces, such as parks, forests, or agricultural 

land. GVI, while providing a visual perspective of greenspace, may not fully capture the 

accessibility or usability of these spaces. Moreover, these metrics do not account for the quality or 
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functionality of greenspaces, which are important factors influencing their health benefits. 

Furthermore, in the study, GVI was not available as a buffer around the centroid, but as an average 

within postal code boundaries, which may lead to misclassification error. Similarly, park proximity 

was available at the dissemination block-level, and not at the postal code-level, which may warrant 

misclassification errors. Park proximity and Can-ALE measures in rural areas may also not be 

complete (e.g., isolated resort areas or remote communities not connected by road), affecting 

statistical analysis.  

Overall, our findings suggest that while overall prenatal residential greenspace exposure 

may not significantly reduce CP risk, proximity to parks at birth may offer protective benefits. 

Future research should investigate the mechanisms underlying the protective effects of park 

proximity and explore other dimensions of environmental factors, such as quality, usability, and 

specific types of greenspaces. This can highlight the importance of accessible and well-maintained 

parks in urban planning and public health policies. Public health policies aimed at increasing 

access to parks and fostering active living environments could contribute to better health outcomes 

for mothers and children. 
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5.9 Tables and figures 

Table 1. Maternal, infant, and environmental characteristics of term births with and without a 

Cerebral Palsy diagnosis born in Ontario, Canada, 2002-2020. 
Characteristics Without CP 

(N= 1 433 528) 

With CP 

(N= 2 883) 

Total 

(N= 1 436 411) 

Maternal characteristics    

Maternal age, years    

   Mean ± SD 30.40 (5.39) 29.98 (5.78) 30.40 (5.39) 

   Median (Q1-Q3) 31 (27-34) 30 (26-34) 31 (27-34) 

Parity, n(%)    

   0 630 394 (43.98) 1 342 (46.55) 631 736 (43.98) 

   1 531 140 (37.05) 966 (33.51) 532 106 (37.04) 

   ≥2 271 994 (18.97) 575 (19.94) 272 569 (18.98) 

Maternal pre-existing health conditions, n(%)    

 

   Pre-pregnancy diabetes 

Yes 2 805 (0.20) 78 (2.71) 2 883 (0.20) 

No 1 430 723 (99.80) 2 805 (97.29) 1 433 528 (99.80) 

    

Pre-pregnancy hypertension 

Yes 2 789 (0.19) 94 (3.26) 2 883 (0.20) 

No 1 430 739 (99.81) 2 789 (96.74) 1 433 528 (99.80) 

Maternal smoking during pregnancy    

   Yes 101 829 (7.10) 263 (9.12) 102 092 (7.11) 

   No 968 083 (67.53) 1 711 (59.35) 969 794 (67.52) 

   Missing 363 616 (25.37) 909 (31.53) 364 525 (25.38) 

Follow-up year after birth, mean (SD) 10.29 (4.26) 11.13 (4.09) 10.30 (4.26) 

Infant characteristics    

Birth Season, n(%)    

   Spring (Mar-May) 361 368 (25.21) 708 (24.56) 362 076 (25.21) 

   Summer (June-Aug) 379 160 (26.45) 734 (25.46) 379 894 (26.45) 

   Fall (Sept-Nov) 360 863 (25.17) 737 (25.56) 361 600 (25.17) 

   Winter (Dec-Feb) 332 137 (23.17) 704 (24.42) 332 841 (23.17) 

Infant sex, n(%)    

   Male 733 899 (51.20) 1 609 (55.81) 735 508 (51.20) 

   Female 699 629 (48.80) 1 274 (44.19) 700 903 (48.80) 

Infant birthweight, grams    

   Mean ± SD 3423 (484.18) 3294.98 (567.08) 3422.89 (484.39) 

   Median (Q1-Q3) 3410 (3100-3730) 3285.5 (2940-3646) 3410 (3100-3730) 

Gestational age at birth, weeks    

   Mean ± SD 39.1 (1.24) 38.87 (1.37) 39.1 (1.24) 

   Median (Q1-Q3) 39 (38-40) 39 (38-40) 39 (38-40) 

Environmental characteristics    

NDVI 
   

   Mean ± SD 0.69 (0.08) 0.69 (0.08) 0.69 (0.08) 

   Median (Q1-Q3) 0.71 (0.65-0.75) 0.7 (0.64-0.75) 0.71 (0.65-0.75) 

NDVI (quartiles), n(%) 
   

   1 (lowest) 361 783 (25.24) 722 (25.04) 362 505 (25.24) 

   2 357 304 (24.92) 704 (24.42) 358 008 (24.92) 
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   3 357 169 (24.92) 715 (24.80) 357 884 (24.92) 

   4 (highest) 357 272 (24.92) 742 (25.74) 358 014 (24.92) 

GVI 
   

   Mean ± SD 13.81 (8.19) 13.87 (8.24) 13.81 (8.19) 

   Median (Q1-Q3) 12.17 (7.92-17.97) 12.35 (7.98-18.22) 12.18 (7.92-17.97) 

GVI quartiles, n(%) 
   

   1 (lowest) 361 783 (25.24) 722 (25.04)) 362 505 (25.24) 

   2 357 304 (24.92) 704 (24.42) 358 008 (24.92) 

   3 357 169 (24.92) 715 (24.80) 357 884 (24.92) 

   4 (highest) 357 272 (24.92) 742 (25.74) 358 014 (24.92) 

ALE quintiles, n(%) 
   

   1 (lowest) 149 662 (10.44) 301 (10.44) 149 963 (10.44) 

   2 460 355 (32.11) 961 (33.33) 461 316 (32.12) 

   3 531 294 (37.06) 1 090 (37.81) 532 384 (37.06) 

   4 192 833 (13.45) 357 (12.38) 193 190 (13.45) 

   5 (highest) 92 585 (6.46) 160 (5.55) 92 745 (6.46) 

   Missing 6 799 (0.47) 14 (0.49) 6 813 (.47) 

Park proximity 
   

   Mean ± SD 0.07 (0.06) 0.07 (.06) 0.07 (0.07) 

   Median (Q1-Q3) 0.05 (0.03-0.09) 0.05 (0.03-0.09) 0.05 (0.03-0.09) 

Residence at birth    

          Urban 1 372 787 (95.76) 2 742 (95.11) 1 375 529 (95.76) 

          Rural 60 337 (4.21) 141 (4.89) 60 478 (4.21) 

    Instability quintile, n (%)    

          Quintile 1 303 649 (21.18) 550 (19.08) 304 199 (21.18) 

          Quintile 2 242 875 (16.94) 479 (16.61) 243 354 (16.94) 

          Quintile 3 234 209 (16.34) 479 (16.61) 234 688 (16.34) 

          Quintile 4 278 272 (19.41) 593 (20.74) 278 870 (19.41) 

          Quintile 5 367 156 (25.61) 760 (26.36) 367 916 (25.61) 

          Unknown 7 367 (0.51) 17 (0.59) 7 384 (0.51) 

    Deprivation quintile, n (%)    

          Quintile 1 290 269 (20.25) 529 (18.35) 290 798 (20.24) 

          Quintile 2 251 385 (17.54) 458 (15.89) 251 843 (17.53) 

          Quintile 3 252 054 (17.58) 528 (18.31) 252 582 (17.59) 

          Quintile 4 273 433 (19.07) 541 (18.77) 273 974 (19.07) 

          Quintile 5 359 020 (25.05) 810 (28.10) 359 830 (25.06) 

          Unknown 7 367 (0.51) 17 (0.58) 7 384 (0.51) 

    Dependency quintile, n (%)    

          Quintile 1 507 972 (35.44) 974 (33.78) 508 946 (35.43) 

          Quintile 2 319 764 (22.31) 633 (21.96) 320 397 (22.31) 

          Quintile 3 236 390 (16.49) 490 (17.0) 236 880 (16.49) 

          Quintile 4 194 982 (13.60) 417 (14.46) 195 399 (13.60) 

          Quintile 5 167 053 (11.65) 352 (12.21) 167 405 (11.65) 

          Unknown 7 367 (0.51) 17 (0.59) 7 384 (0.51) 
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    Ethnic concentration quintile, n (%)    

          Quintile 1 118 616 (8.27) 255 (8.84) 118 871 (8.28) 

          Quintile 2 177 490 (12.38) 399 (13.84) 177 889 (12.38) 

          Quintile 3 244 280 (17.04) 514 (17.83) 244 794 (17.04) 

          Quintile 4 339 323 (23.67) 660 (22.89) 339 983 (23.67) 

          Quintile 5 546 452 (38.13) 1 038 (36.0) 547 490 (38.12) 

          Unknown 7 367 (0.51) 17 (0.59) 7 384 (0.51) 

Averaged levels during pregnancy     

    PM2,5, µg/m3, mean (SD) 7.42 (2.84) 7.88 (2.99) 7.43 (2.84) 

    NO2, ppb, mean (SD) 5.66 (3.89) 5.62 (3.90) 5.66 (3.90) 

    O3, ppb, mean (SD) 46.50 (13.82) 47.33 (13.77) 46.50 (13.82) 

SD: standard deviation  

Q1: 25th percentile or lower quartile 

Q3: 75th percentile or upper quartile 

NDVI: Normalized Difference Vegetation Index 

GVI: Green View Index 

ALE: Active Living Environments 
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Figure 1. Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) for CP incidence per 

interquartile range (IQR) increase in continuous greenspace metrics (normalised difference 

vegetation index (NDVI), Greenview index (GVI), and park proximity). 

Note: The baseline model includes maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, 

residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic concentration 

(categorical). 
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Figure 2. Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) for CP incidence by 

quintiles of active living environments (ALE). 

Note: The baseline model includes maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, 

residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic concentration 

(categorical). 
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5.10 Supplementary materials  

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure S1. Flowchart of the inclusion and exclusion of the study population.  

 

 

 

Total hospital births from April 1st, 2002 – December 31st, 2020 

(N = 2 484 025 ) 

 

Study cohort for analysis 

( N = 1 436 411) 

 

Excluded newborns with: 

• Invalid records, n= 7 764  

• Multiple birth, n= 110 939 

• Missing sex, and gestational week information 

to determine pregnancy start, n= 362 

• Mothers not residing in Ontario or missing 

postal code at birth, n= 1 727 

• No continuous OHIP eligibility, n= 88 153 

• Stillborn birth, n= 690 

• Preterm births, n= 80 963 

• Missing exposure data, n= 757 016 
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Supplementary Figure S2. Directed acyclic graph (DAG) for estimating the effect of residential 

greenspace and active living environmental factors on CP in term births. (1) Nodes: parameters in 

red are potential confounding factors, and parameters in blue are ancestors of the outcome only 

(i.e., cause of the outcome but not of the exposure). (2) Edges (arrows): causal relationships. (3) 

Exposure (focal predictor): residential greenspace and active living environmental factors (i.e., 

green view index (GVI), normalized difference vegetation index (NDVI), active living 

environments index (ALE), and park proximity). (4) Response (health outcome): CP in term births.  
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Supplementary Table S1. Pearson correlation coefficients between continuous greenspace 

metrics.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
GVI NDVI ALE Park proximity 

GVI 1.00    

NDVI 0.11 1.00   

ALE 0.001 -0.26 1.00  

Park proximity -0.05 -0.17 0.41 1.00 
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Supplementary Table S2. Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) of 

CP per interquartile range (IQR) increase in continuous greenspace metrics.  

1Baseline model includes the following variables: maternal age at delivery, rurality, seasons of birth, birth year, birth 

weight, parity, residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic 

concentration (categorical). 
2Includes the baseline model and additional adjustment for Active Living Environments 
3Includes the baseline model and additional adjustment for air pollution 
4 Includes the baseline model and additional adjustment for Active Living Environments and air pollution 

NDVI: Normalized Difference Vegetation Index 

GVI: Greenview Index 

 

 

 

 

 

 

 

 

 

 

 

 
HR (95% CI) 

NDVI (per IQR = 0.1)  

    Baseline model1 1.026 (0.979 - 1.075) 

   + Active living environments2 1.021 (0.972 - 1.073) 

   + Air pollution3 1.046 (0.995 - 1.101) 

   + Active living environments & Air pollution4 1.040 (0.987 - 1.096) 

  

 GVI (per IQR = 10.05%)  

    Baseline model1 0.990 (0.947 - 1.037) 

   + Active living environments2 0.991 (0.947 – 1.038) 

   + Air pollution3 0.988 (0.942 – 1.037) 

   + Active living environments & Air pollution4 0.989 (0.943 – 1.038) 

  

Park proximity (per IQR = 0.06)  

    Baseline model1 0.937 (0.899 - 0.976) 

   + Active living environments2 0.945 (0.904 - 0.987) 

   + Air pollution3 0.939 (0.900 - 0.980) 

   + Active living environments & Air pollution4 0.946 (0.904 - 0.990) 
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Supplementary Table S3. Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) of 

CP by quintiles of active living environments (ALE). 

1Baseline model includes the following variables: maternal age at delivery, rurality, seasons of birth, birth year, birth 

weight, residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic 

concentration (categorical). 
2 Includes the baseline model and additional adjustment for infant sex. 
3 Includes the baseline model and additional adjustment for air pollution. 

 

 

 

 

 

 

 

 

 

 

 

 

Model ALE quintiles HR (95% CI) P-value for linear trend 

Baseline model1 

   

   1 (lowest) Ref.  

 

<0.0001 
   2 1.073 (0.930 - 1.238) 

   3 1.009 (0.867 - 1.172) 

   4 0.885 (0.737 - 1.062) 

   5 (highest) 0.881 (0.706 - 1.101) 

+ Sex of the infant2 

   

   1 (lowest) Ref.  

 

<0.0001 
   2 1.073 (0.930 - 1.238) 

   3 1.001 (0.866 - 1.172)  

   4 0.883 (0.736 - 1.060) 

   5 (highest) 0.879 (0.704 - 1.098) 

+ Air pollution3 

   

   1 (lowest) Ref.   

 

<0.0001 
   2 1.057 (0.911 - 1.226) 

   3 1.013 (0.866 - 1.185) 

   4 0.905 (0.748 - 1.094) 

   5 (highest) 0.880 (0.698 - 1.111) 
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Supplementary Table S4. Adjusted hazard ratios (ORs) and 95% confidence intervals (CIs) of 

CP in continuous greenspace metrics, additionally adjusted for infant sex.  

All the models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, 

residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic concentration 

(categorical).  

NDVI: Normalized Difference Vegetation Index 

GVI: Green View Index 

ALE: Active Living Environments 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
HR (95% CI) 

NDVI (per IQR = 0.1) 1.026 (0.979 - 1.075) 

  

GVI (per IQR = 10.05%) 0.990 (0.946 - 1.037) 

  

Park proximity (per IQR = 0.06) 0.937 (0.899 - 0.976) 

  

ALE quintiles  

   1 (lowest) Ref. 

   2 1.073 (0.930 - 1.238) 

   3 1.001 (0.866 - 1.172)  

   4 0.883 (0.736 - 1.060) 

   5 (highest) 0.879 (0.704 - 1.098) 
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Supplementary Table S5. Hazard ratios (HRs) and 95% confidence intervals (CIs) for the 

associations between exposure to continuous greenspace metrics and CP stratified by rural/urban 

residence at birth.  
 

Exposure 

Rural Urban  

P-value Cohort size 

(cases) 

 

HR (95% CI) 

Cohort size 

(cases) 

 

HR (95% CI) 

NDVI   

 

 

 

 

59 023 

(141) 

 

1.113 (0.885 - 1.40)  

 

 

 

 

1 370 206 

(2 742) 

1.029 (0.976 - 1.084) 0.07 

    

GVI  1.010 (0.844 - 1.207) 0.989 (0.943 - 1.037) 0.93 

    

Park proximity  0.981 (0.820 - 1.174) 0.936 (0.898 - 0.975) 0.57 

    

ALE quintiles    

   1 (lowest)  -  Ref.  

 

- 
   2  -  1.044 (0.895-1.218) 

   3  -  0.986 (0.842-1.154) 

   4  -  0.863 (0.715-1.042) 

   5 (highest)  -  0.861 (0.686-1.081) 

All the models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, 

residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic concentration 

(categorical). P-values correspond to the multiplicative interaction term between the exposure and effect modifier 

(from a separate model). 
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Supplementary Table S6. Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) of 

CP per interquartile range (IQR) increase in continuous greenspace metrics, during the first 6 years 

of follow-up.  

1Baseline model includes the following variables maternal age at delivery, rurality, seasons of birth, birth year, birth 

weight, parity, residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic 

concentration (categorical). 
2Includes the baseline model and additional adjustment for Active Living Environments 
3Includes the baseline model and additional adjustment for air pollution 
4 Includes the baseline model and additional adjustment for Active Living Environments and air pollution 

NDVI: Normalized Difference Vegetation Index 

GVI: Greenview Index 

 

 

 

 

 

 

 

 

 

Exposure Cohort size  

(cases) 

HR (95% CI) 

NDVI (per IQR = 0.09)  

 

 

 

 

 

 

294 436  

(2 538) 

 

    Baseline model1 1.015 (0.899 - 1.146) 

   + Active living environments2 1.003 (0.885 - 1.374) 

   + Air pollution3 1.005 (0.884 - 1.142) 

   + Active living environments & Air pollution4 0.991 (0.868 - 1.131) 

  

 GVI (per IQR = 10.19%)  

    Baseline model1 0.989 (0.878 - 1.115) 

   + Active living environments2 0.986 (0.874 - 1.112) 

   + Air pollution3 0.989 (0.872 - 1.122) 

   + Active living environments & Air pollution4 0.986 (0.868 - 1.119) 

  

Park proximity (per IQR = 0.06)  

    Baseline model1 0.966 (0.871 - 1.071) 

   + Active living environments2 0.984 (0.879 - 1.101) 

   + Air pollution3 0.973 (0.871 - 1.085) 

   + Active living environments & Air pollution4 1.003 (0.891 - 1.128) 
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Supplementary Table S7. Association between increasing quartiles of greenness and CP during 

gestation. 

Greenspace measure HR (CI %) P-value for 

linear trend 

 

 

NDVI 

Quartile 1 (NDVI: 0.09-0.65) Ref.  

 

<0.0001 

Quartile 2 (NDVI: 0.66-0.71) 1.074 (0.970-1.189) 

Quartile 3 (NDVI: 0.72-0.75) 1.091 (0.956-1.224) 

Quartile 4 (NDVI: 0.76-1.0) 1.316 (0.977-1.671) 

    

 

GVI 

Quartile 1(GVI: 0.00-7.92) Ref.  

<0.0001 Quartile 2 (GVI: 7.93-12.18) 0.965 (0.869-1.071) 

Quartile 3(GVI: 12.19-17.97) 0.966 (0.870-1.073) 

Quartile 4 (GVI: 17.98-93.19) 0.998 (0.899-1.108) 
All the models were adjusted for maternal age at delivery, rurality, seasons of birth, birth year, birth weight, parity, 

residential instability, quintile groups of maternal deprivation, dependency (categorical), and ethnic concentration 

(categorical). 

NDVI: Normalized Difference Vegetation Index 

GVI: Green View Index 
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Ch. 6 Discussion 
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 6.1 Summary of thesis objectives and scope  

CP is a complex neurological disorder with various proposed etiological factors, including 

genetic predispositions, prenatal and perinatal complications. In the context of environmental 

epidemiology, the role of environmental factors, such as air pollution, greenspace, and ALE 

exposures, have not been extensively studied in the etiology of CP. While several epidemiological 

studies have explored the relationship between environmental exposures and neurological 

disorders, such as ASD and ADHD, the specific context of CP remains highly under-researched.  

This thesis aimed to fill this gap by investigating the relationship between prenatal 

exposure to various environmental factors—including PM2.5 mass, specific PM2.5 components 

(SO4, NH4, NO3, SS, BC, dust, OM), O3, NO2, NDVI, GVI, park proximity, and Can-ALE—and 

the risk of CP as reflected in birth outcomes. By focusing on both air pollution and greenspace, 

this research provides a comprehensive analysis of how these environmental factors may 

contribute to the multifactorial development of CP, offering novel insights into potential pathways 

and mechanisms. The integration of both harmful and protective environmental exposures 

provides a balanced perspective on the environmental determinants of CP, offering a more holistic 

understanding of the factors that may influence its development. This research is particularly 

timely, given the increasing global concern about the impact of environmental factors on public 

health, and it contributes valuable data to the limited but growing body of literature on the 

environmental determinants of neurological disorders. Gestational exposures to air pollutants and 

CP risk were explored in Chapter 4, while gestational exposures to greenspaces, ALEs and CP risk 

were investigated in Chapter 5.  

6.2 Summary of thesis findings  

6.2.1 Objective 1: Air Pollution and CP 
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  The first objective, explored in chapter 4, examined the association between CP risk and 

gestational exposure to both total PM2.5 mass and its individual component composition (SO4, NH4, 

NO3, SS, BC, dust, OM). Additional gestational exposure to air pollutants, such as NO2 and O3, 

were also assessed for their potential associations with CP risk. To account for potential 

confounding, both single-pollutant and PM2.5 residual-adjusted models were employed in the 

analyses. From the analysis, we found a consistent association between SO4 exposure during the 

early gestational period and increased CP risk across all models. While slight increased 

associations were found for gestational exposure to mineral dust, these associations were found to 

be inconsistent between models, and thus could not be confidently interpreted as robust or 

significant findings. Additionally, no significant associations were found between overall 

pregnancy exposure to PM2.5, NO2 and O3.  

6.2.2 Objective 2: Greenspaces, active living environments, and CP 

  The second objective, explored in chapter 5, examined the association between greenspaces 

(measured by NDVI and GVI at birth as a proxy of prenatal exposures), ALEs (measured by park 

proximity and Can-ALE at birth as a proxy of prenatal exposures), and the risk of CP. In this study, 

a slight protective effect was observed for residential proximity to parks at birth, suggesting that 

living closer to parks may be associated with reduced CP risk. However, no significant associations 

were found between gestational exposure to greenspace metrics in either continuous or categorical 

analyses, nor for indicators of Can-ALE. 

6.3 Integrative synthesis of findings  

6.3.1 Existing literature on air pollution and CP risk 

Currently, very limited research exists on the associations between environmental factors 

and the risk of CP during the gestational period. Only one recent study by Zhang et al. was found 
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looking at the association between air pollution measures during gestation and CP risk.1 This was 

a retrospective cohort study conducted from the years 2002 to 2017, looking at the associations 

between PM2.5, NO2, and O3, in an Ontarian population. Overall, a cohort of 1 587 935 was 

obtained, of which 3 170 (0.2%) were diagnosed with CP during the follow-up period. The 

researchers found an association of 1.12 (95% CI: 1.03-1.21) per IQR (2.7 μg/m3) increase in 

prenatal ambient PM2.5 concentration and CP, suggesting that PM2.5 may play a significant role in 

influencing neurodevelopment and increasing the likelihood of CP. Overall, no significant 

associations were found with NO2 and O3. Results from this paper were contradicting to the 

findings in chapter 4, which found null associations between overall prenatal PM2.5 exposure and 

CP risk (HR: 1.015, 95% CI: 0.936-1.102). These differences may be attributed to variations in 

study design, such as differences in cohort characteristics, time periods of exposure assessment, 

and the covariates controlled for in each analysis. Changes in air pollution levels over time or 

differences in the underlying health profiles of the populations studied could further explain these 

discrepancies. Despite these methodological differences however, the conflicting results highlight 

the complexity of understanding the impact of air pollution on neurodevelopmental disorders like 

CP and the need for further research in this area. While the significance of overall PM2.5 and CP 

risk HRs were contradicting between the Zhang et al. paper and the findings of this thesis, no 

sensitive windows were found in both studies when assessing the weekly associated HRs and Cis 

for gestational PM2.5.  

Another similarity with the Zhang et al. paper were the non-significant associations found 

between NO2, O3, and CP risk across models in chapter 4. While no other studies exist on the 

associations between NO2, O3, and CP risk, this finding contradicts the broader literature, where 

NO2 and O3 have been found to be significantly associated with neurodevelopmental disorders. 
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Several studies have demonstrated links between prenatal NO2 exposure and conditions such as 

ASD, cognitive impairment, and motor delays. For instance, a meta-analysis found that prenatal 

exposure to NO2 increased the risk of ASD, highlighting that traffic-related air pollutants could 

have detrimental effects on neurodevelopment.2 Additionally, a study conducted on a cohort in 

Southern California showed that exposure to NO2 was associated with motor function impairments 

in infants, especially among males.3 Similarly, one study found that prenatal exposure to higher 

O₃ concentrations during the later pregnancy period was linked to an increased risk of ASD, but 

not for girls.4 Another investigation into the effects of O3 on cognitive development showed 

reduced cognitive function in children exposed to higher levels of O₃ during pregnancy.5,6 Despite 

these findings in the literature, both analyses in the Zhang et al. paper and chapter 4 did not find 

significant associations with CP risk, which may be attributed to differences in levels of air 

pollutant exposures between the study regions, limited statistical power in our studies due to the 

number of CP cases, or the differing confounders that were adjusted for.  

Furthermore, when stratifying the analysis by infant sex, exposure to PM2.5 concentrations 

for boys (HRboys: 1.14, 95% CI: 1.03-1.26) were found to have slightly increased CP risk compared 

to girls (HRgirls: 1.08, 95% CI: 0.96-1.22) in the Zhang et al. paper. The findings from the infant-

sex stratified analysis in chapter 4 followed a similar pattern for overall PM2.5 exposure (HRboys: 

1.038, 95% CI: 0.931-1.155, and HRgirls: 0.994, 95% CI: 0.874-1.13), though the associations were 

not found to be significant. These findings are consistent with the literature that reports higher 

rates of CP diagnoses in boys.7 These sex differences can be explained by several biological and 

environmental factors. One suggested theory may be that male fetuses are more vulnerable to 

adverse prenatal conditions, such as hypoxia or inflammation, due to their slower brain maturation 

and higher metabolic rates compared to females.8,9 This developmental delay may leave male 
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fetuses less equipped to handle neurodevelopmental stressors, making them more susceptible to 

CP. Additionally, differences in sex hormones, particularly estrogen, may provide neuroprotective 

benefits to female fetuses, further contributing to the higher incidence of CP among boys.10  

Overall, a notable finding in this thesis was the association between early gestational SO4 

exposure and CP risk. To date, there is limited literature that directly investigates the relationship 

between SO₄ exposure during pregnancy and the risk of CP, thus comparing the findings to existing 

studies is challenging and warrants caution in interpretation. However, the relationship between 

SO4 and neurodevelopmental disorders has been studied and may be able to explain the findings 

in this thesis. One study by Chiu et al. investigating prenatal ambient air pollutant mixture exposure 

and neurodevelopment in a cohort of children living in urban settings in the United States, found 

that after assessing all seven components in the air pollution mixture, the pollutants that were 

linked to traffic, such as NO2, organic carbon (OC), elemental carbon (EC), and SO4, were most 

associated with reduced memory function and inattentiveness in the cohort.11 Another cross-

sectional study found short term SO4 exposure to be associated with epigenetic modifications of 

mitogen-activated protein kinase (MAPK) pathway genes.12 The MAPK pathway is crucial for 

processes such as cellular signaling, cell growth, differentiation, and apoptosis.13,14 This pathway 

plays a crucial role in responding to environmental stressors, including exposure to air pollutants 

like SO₄. These epigenetic modifications, can then lead to altered gene expression, potentially 

impacting how cells respond to environmental exposures during critical periods of development, 

increasing susceptibility to neurodevelopmental disorders, such as CP. Furthermore, a systematic 

review investigating various air pollutants found SO4 to be associated with both adverse 

cardiovascular health and respiratory health outcomes, indicating its broad impact on multiple 

organ systems. These findings suggest that SO₄ may contribute to increased oxidative stress and 
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inflammation, which are central mechanisms in the development of cardiovascular diseases, such 

as hypertension and heart disease, as well as respiratory conditions, such as asthma and chronic 

obstructive pulmonary disease (COPD).15–18 

Overall, while the findings in chapter 4 were both novel and, at times, inconsistent with 

existing literature, further research is crucial to deepen our understanding of the relationship 

between air pollutants—particularly SO4—and human health. Additional studies are needed to 

clarify these associations, replicate the results, and explore the underlying mechanisms by which 

SO4 exposure may contribute to a range of adverse health outcomes, including CP risk.  

6.3.2 Existing literature on greenspaces and CP risk 

No published studies were found looking at the association between exposure to 

greenspaces or ALEs during gestation and CP risk, thus the findings in chapter 5 are novel and 

should be interpreted with caution. While there is no direct literature on CP, existing studies have 

explored the relationship between greenspace exposure and various other birth outcomes and 

neurodevelopmental disorders, such as ASD, ADHD, and cognitive development.19–21 These 

studies generally suggest that increased exposure to greenspaces during pregnancy can have 

protective effects on neurodevelopment, likely due to factors such as reduced pollution, increased 

physical activity, and lower maternal stress.22 

While the analyses in chapter 5 did not find any significant associations between greenspace 

measures (NDVI and GVI), previous studies have shown that higher NDVI values, which represent 

greater vegetation density, are associated with improved cognitive development, lower risk of 

behavioral problems, and better mental health in children.23,24 One national cohort study assessing 

the risk of prenatal NDVI exposure and risk of ASD and ADHD in children found a positive and 

significant association for ASD (HR: 1.07, 95% CI: 1.03-1.14) per IQR (0.121) increase, but not 
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for ADHD.25 Interestingly, most greenspace studies in the literature use NDVI for their greenspace 

metric, limiting findings that might be uncovered with the use of GVI. While NDVI provides a 

useful measure of overall vegetation density and health across broad areas, it may not fully capture 

the nuanced ways in which individuals interact with and perceive greenspace. GVI has been found 

to be linked with childhood asthma in a study by Yu et al., which found an increase in odds for 

asthma diagnosed by a doctor (OR: 1.04, 95% CI: 1.00-1.08), and current asthma (OR: 1.08, 95% 

CI: 1.02-1.14) per IQR increase in GVI800m for grass.26 In contrast, a matched case-control study 

done in Ontario, Canada investigating the associations between greenspaces and ASD did not find 

significant associations between GVI and ASD risk (OR: 1.015, 95% CI: 0.948-1.082, per 9.45%), 

similar to results from chapter 5.27  

Overall, differences between the non-significant findings for NDVI and GVI in this thesis 

compared to the literature may be attributed to several factors such as, variations in study design, 

including differences in sample size, geographic location, and data collection methods. 

Additionally, the context-specific characteristics of the study area, such as local environmental 

conditions or socio-economic factors, could play a role in moderating the relationship between 

greenspace metrics and health outcomes. The differing time frames may also impact the 

significance of the findings. 

Chapter 5 also explored novel associations between active living environments and CP risk. 

The literature on active living environments and health outcomes generally focuses on factors such 

as physical activity, mental health, and stress reduction, however other health outcomes have also 

been studied. One study by Mah et al. found a decreased risk of cardiometabolic causes in women 

who were in higher ALE quintiles (HR: 0.78, 95% CI: 0.63-0.97).28 Interestingly, the previously 

mentioned matched case-control study by Lavigne et al. found significant increased risk for ASD 
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when compared to a reference (quintile 1) in a baseline model, with an OR of 1.386 in quintile 2 

(95% CI: 1.017-1.890), 1.843 in quintile 3 (95% CI: 1.372-2.476), and 3.165 in quintile 4 (95% 

CI: 2.347-4.270). In contrast, the highest quintile (quintile 5) had a lowered risk compared to the 

previous quintile, with an odds of 1.881 (95% CI: 1.343-2.634).27 This differs from the results in 

chapter 5 which followed a linear decreasing risk pattern with each increasing ALE quintile, 

however these associations were not significant.   

While no significant associations between Can-ALE and CP risk were found in chapter 5, a 

potential protective association with park proximity was observed. In the literature, park proximity 

is associated with multiple positive health outcomes, such as improved mental health, enhanced 

physical activity, and reduced stress levels.29–31 One study done by Reuben at al. in 2020 found 

children who did not have parks in the neighborhood were less likely to be active (OR: 1.36, 95% 

CI: 1.24-1.48), have increased screen-time (OR: 1.19, 95% CI: 1.14-1.25), and have inadequate 

sleep (OR: 1.23, 95% CI: 1.18-1.29). In addition to behavioural effects, this lack of park presence 

was also associated with childhood obesity (OR: 1.32, 95% CI:1.21-1.43) and a being diagnosed 

with ADHD (OR: 1.20, 95% CI: 1.12-1.29).32 When assessing the prenatal period, one study found 

increased distances to parks to be associated with an increase in preterm birth risk and a decrease 

in GA, both of which are contributors to CP risk.33,34 However, it is important to note the findings 

on park proximity and CP risk in chapter 5 are novel and should be interpreted with caution as 

well. The measure of park proximity in various studies, including Chapter 5, does not take into 

consideration actual use of the park by residents, and thus might not accurately depict greenspace 

exposures and active lifestyles. Future research should consider incorporating more detailed 

measures of park usage, accessibility, and the perceived quality of parks to better understand the 

relationship between greenspace exposure and health outcomes, including those related to CP risk. 
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This can be done through mixed research methods, combining quantitative and qualitative 

approaches to provide a more comprehensive understanding of greenspace exposure and its impact 

on health. For instance, quantitative methods such as geographic information system mapping and 

distance measures for park proximity can be complemented by surveys or interviews that assess 

park usage, perceived safety, and accessibility. Additionally, direct observational studies or the 

use of wearable technology (e.g., GPS trackers or activity monitors) could capture accurate 

greenspace interaction and physical activity levels. Incorporating community input through 

participatory research could also help identify barriers to park use and provide valuable context on 

how different populations experience and benefit from greenspaces.  

6.3.3 Dual role of environmental exposures 

Overall, both the literature and this thesis have reinforced the dual role that environmental 

factors play in shaping human health. These findings highlight how environmental exposures can 

act as both risk factors and protective elements, depending on their nature and context. On one 

hand, harmful exposures such as air pollution, which includes PM2.5 and SO4, may be linked to 

adverse pregnancy outcomes and risk factors which may influence CP risk. On the other hand, 

protective environmental factors, such as access to greenspace, may offer a buffering effect. The 

presence of nearby parks or natural areas might help mitigate some of the risks associated with 

urban living and pollution exposure. However, the interaction between these harmful and 

protective factors is complex. For instance, while greenspace might offer benefits, it may not fully 

counteract the detrimental effects of severe air pollution. Understanding this dual role—where 

environmental exposures can simultaneously pose risks and offer protection—is crucial for 

developing more effective interventions to reduce CP risk and improve maternal and child health 

outcomes. 
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6.3.4 Potential biological mechanisms   

Based on existing research and the literature, several potential biological mechanisms 

could explain how environmental exposures influence CP risk and the overall findings of this 

thesis.  

As mentioned previously, one of the primary pathways in which air pollutants are 

suspected to influence health, including the risk of CP, is through inflammation and oxidative 

stress. Pollutants such as PM2.5 and SO4, can enter the maternal bloodstream through inhalation 

into the lungs, triggering a systemic inflammatory response.35 This response not only causes 

inflammation but also leads to the production of reactive oxygen species (ROS), which may lead 

to increased oxidative stress.36,37 These oxidative molecules can damage cells and tissues, 

particularly in sensitive areas such as the placenta and the developing fetal brain.38 Inflammation 

and oxidative stress can impair placental function, reducing the supply of oxygen and nutrients to 

the fetus, which may potentially lead to fetal hypoxia.39,40 This reduction in oxygen, especially 

during critical periods of neurodevelopment, can result in white matter damage or other brain 

injuries that are strongly linked to CP.41 Endocrine disruption may also play a role, as some 

pollutants may have the ability to interfere with hormone regulation during pregnancy.42,43 This 

disruption could affect brain development and neurogenesis, particularly during early gestation 

when critical brain structures are forming. Another mechanism involves vascular dysfunction, 

where environmental toxins can negatively impact blood flow in both the mother and fetus.44 

Compromised blood flow to the developing brain may increase the risk of hemorrhagic events or 

damage to brain regions responsible for motor control, further elevating the likelihood of CP.45 

Additionally, environmental exposures may induce epigenetic modifications which can potentially 

alter gene expression patterns. These epigenetic changes, such as DNA methylation or histone 
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modification, could affect genes responsible for brain development, potentially predisposing the 

fetus to neurodevelopmental disorders like CP.46–48 Overall, the mechanisms through which air 

pollution impacts CP risk are complex, involving various biological processes that may disrupt 

fetal development and increase vulnerability to adverse outcomes. 

Similarly, the protective effects of greenspaces may also be explained by various biological 

mechanisms. While air pollutants may induce stress and inflammation, one potential mechanism 

of greenspaces is the reduction in stress and inflammation. Greenspaces and parks have been 

shown to lower stress levels by providing a calming environment and opportunities for 

relaxation.49 Reduced stress can decrease the production of stress hormones such as cortisol, 

which, when elevated, can lead to systemic inflammation.50,51 Lower systemic inflammation and 

stress can improve maternal health and placental function, potentially reducing the risk of adverse 

pregnancy outcomes that are associated with CP.52 Additionally, regular exposure to greenspaces 

can enhance mental well-being by alleviating symptoms of anxiety and depression.53 Often parks 

are seen as places of socialization and community. These calming effects of natural environments 

are linked to improved mood and cognitive function.54 Subsequently, better maternal mental health 

is associated with healthier pregnancy outcomes, which may lower the risk of neurodevelopmental 

disorders in the fetus, including CP.55 Furthermore, greenspaces and ALEs also help by 

encouraging physical activities such as walking, jogging, or recreational sports. Increased physical 

activity is beneficial for maintaining a healthy weight, managing blood pressure, and improving 

overall cardiovascular health.56 In the literature, physical activity during pregnancy has been linked 

with positive aspects of fetal development and can reduce the likelihood of complications such as 

preterm birth or low birth weight, which are risk factors for CP.57 Interestingly, one notable 

mechanism through which the protective effects of greenspaces may be explained is through the 
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improvement of air quality. The literature has shown that greenspaces can contribute to better air 

quality by reducing urban heat island effects and filtering air pollutants through vegetation.58,59 

The urban heat island effect exacerbates temperatures in cities, leading to increased energy 

consumption for cooling and heightened air pollution levels. These elevated temperatures can 

worsen heat-related health issues, such as heat exhaustion and heat stroke, and may contribute to 

adverse health effects.60 In general, cleaner air reduces exposure to harmful air pollutants that can 

negatively affect maternal and fetal health, which can mitigate some of the risks associated with 

pollution-related inflammation and oxidative stress, potentially lowering the risk of CP. 

Overall, the biological mechanisms linking environmental exposures to CP involve a 

complex interplay of inflammation, oxidative stress, neurodevelopmental disruption, and systemic 

factors. Understanding these mechanisms highlights the importance of addressing both 

environmental risks and benefits to improve prenatal health outcomes and reduce the risk of CP. 

6.4 Generalizability of findings  

The generalizability of the findings from this thesis is an important consideration. Given 

the use of large, population-based administrative cohorts and an extensive study period, the results 

may be representative of similar populations. Since the studies in chapter 4 and 5 were conducted 

in Ontario, Canada, the findings may be generalizable to similar Canadian populations. However, 

the specific demographic, environmental, and healthcare characteristics of Ontario may limit the 

applicability of the results to other regions and countries. Exposure to air pollutants and 

greenspaces may differ in countries due to variations in industrial activities, transportation 

systems, urban planning, and environmental policies. Similarly, the availability and quality of 

greenspaces are influenced by urban design, green infrastructure investments, and regional policies 
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that promote or restrict access to parks and recreational areas. Thus, due to these differences, 

caution should be exercised when interpreting these findings in the context of other populations.  

6.5 Strengths  

This thesis significantly contributes to the field of environmental epidemiology by helping 

fill in the gap in the existing literature of environmental influences on the risk of CP. By building 

upon and validating prior research, this thesis adds a valuable layer to this novel area of study. The 

various strengths in this thesis will be highlighted in this section. 

One major strength of this thesis was the use of large population-based administrative 

cohorts. By leveraging data from ICES, we were able to access comprehensive, high coverage, 

and high-quality data on patient-level health outcomes, demographics, and diagnoses. With a 

source cohort of over 2 million mother-infant pairs, the statistical power to detect associations 

between environmental exposure and CP was enhanced, even for relatively rare cases. The richness 

of the ICES health administrative data allowed for detailed control of important confounders, such 

as socioeconomic indicators, maternal health conditions, and birth characteristics, which allowed 

for robust analysis. In addition, the longitudinal nature of the data also made it possible to track 

health outcomes over time, ensuring that exposure assessments and health diagnoses over the 

follow-up period were accurately aligned within the study period, which are critical for 

understanding the development of CP. 

Another major strength of this thesis was the use of a large study period. Spanning 

retrospectively over almost two decades, this extended timeframe allowed us to analyze extensive 

air quality and greenspace data regarding CP risk, that may not be feasible in studies with shorter 

timeframes. This may help strengthen the consistency and reliability of the findings, further 

supporting the generalizability of the research to other settings and contexts. 
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In addition to the lengthy study period, the use of time-varying air pollution data in chapter 

4 added a significant strength to this thesis. By incorporating weekly and bi-weekly air pollution 

exposure measures that change over time, rather than relying on static or cross-sectional data, we 

were able to more accurately capture participants’ real-world exposure across different stages of 

pregnancy. This approach allows for a more dynamic understanding of how fluctuations in air 

pollution levels, influenced by factors such as seasonal variations, policy changes, and shifts in 

industrial activity, could impact maternal and fetal health. Time-varying data also enhances the 

precision of exposure assessments, particularly in identifying critical windows of vulnerability, 

such as specific trimesters or gestational weeks where the fetus may be more sensitive to 

environmental stressors. This method strengthens the ability to draw meaningful conclusions about 

the relationship between air pollution and CP risk while accounting for both short- and long-term 

exposure effects in this thesis. 

The use of different greenspace metrics in chapter 5 of this thesis was another notable 

strength, as it allowed for a more nuanced assessment of the relationship between natural 

environments and CP risk. By incorporating multiple measures—such as the NDVI, GVI, Can-

ALE, and park proximity—we captured diverse aspects of greenspace and active living exposures. 

Each metric offers a unique perspective on how individuals may experience and interact with 

greenspace in their daily lives. Most greenspace studies in the literature rely heavily on NDVI as 

their primary measure of greenspace exposure, and rarely consider ALEs. NDVI is widely used 

because it is easily accessible and provides a broad, satellite-based estimate of overall vegetation 

density in a given area. However, NDVI has limitations as it does not capture the quality, 

accessibility, or visibility of greenspace from a ground-level perspective. It simply reflects the 

presence of vegetation, without considering how individuals actually interact with or benefit from 
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it. This reliance on NDVI can overlook other important dimensions of greenspace, such as park 

proximity or the amount of greenery visible in everyday environments, which might play a crucial 

role in health outcomes. By focusing primarily on NDVI, many studies may miss potential nuances 

in the relationship between greenspace and health that could be uncovered by using alternative 

metrics, like GVI. Using these complementary metrics provided a more comprehensive 

understanding of how different types of greenspaces may influence maternal health and fetal 

development. This multi-faceted approach enhances the robustness of the findings in chapter 5, as 

it considers a holistic approach to the protective effects of greenspaces on health and potential 

pathways for mitigating CP risk. 

Finally, the robust analysis techniques employed in this thesis, including the use of cox 

proportional hazards models and DLNMs, significantly enhance the rigor and depth of the 

findings. The application of DLNMs in chapter 4 enabled the exploration of complex, non-linear 

relationships between environmental exposures and CP, accounting for potential delayed effects 

and interactions over time. By modeling the cumulative effects of exposures across different 

gestational periods, DLNMs provided insights into how varying levels of environmental stressors 

at different stages of pregnancy influence CP risk. This approach allowed for a more precise 

identification of critical windows, which are key to understanding the timing and duration of 

exposure that could be most detrimental or protective, thereby enhancing the overall interpretation 

of the relationship between environmental factors and CP risk. 

In summary, the strengths of this thesis lie in its ability to contribute to existing and novel 

knowledge, the inclusion of a substantial study population, its consideration of time-varying data, 

its innovative exploration of greenspace exposures, and the application of robust statistical 

techniques, collectively enhancing the strength and significance of the research findings.  
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6.6 Limitations 

While various strengths of this thesis have been highlighted, several limitations in the thesis 

also exist which must be considered when interpreting the findings. As such, it is important to note 

that the findings of this thesis should be cautiously interpreted and validated through further 

studies. The various limitations in this thesis will be highlighted in this section. 

A key limitation in this thesis is the uncertainty surrounding the accuracy of the code algorithm 

used to identify CP cases from the administrative data. While the algorithm has been employed in 

prior research, the sensitivity and specificity of the CP coding have not been thoroughly validated. 

This raises important questions about its performance, such as how accurately it identifies true CP 

cases (sensitivity) and how many false positives it may generate (specificity). Additionally, there 

is a concern about how many true CP cases are missed due to misclassification or coding errors. 

Since CP is often misdiagnosed in clinical practice, these coding inaccuracies could introduce 

significant bias into the study’s results, potentially impacting the reliability of the findings. Given 

the reliance on administrative data, future research should explore ways to validate the CP code 

algorithm and assess its accuracy to ensure more precise identification of cases and stronger 

interpretations of the study outcomes. 

In addition, this thesis did not differentiate between the various types of CP in the analyses, 

and instead focused on CP as an overall outcome. As mentioned in chapter 1, CP is a heterogeneous 

condition with multiple subtypes, including spastic, dyskinetic, ataxic, and mixed types, each of 

which may have different etiologies, risk factors, and clinical presentations. By grouping all types 

of CP together, the thesis may have missed important nuances in the relationship between 

environmental exposures and specific CP subtypes. For example, some environmental factors may 

be more strongly associated with certain types of CP, while having little or no impact on others. 
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Failing to assess the distinct types of CP limits the ability to explore potential differential effects 

and may lead to an underestimation or overestimation of certain associations. Future research 

could benefit from a more granular analysis that distinguishes between CP subtypes, offering a 

clearer understanding of how specific environmental exposures influence different forms of the 

disorder. 

Another notable limitation for this thesis is the potential for exposure misclassification in the 

data. Environmental exposures, such as air pollution and greenspaces, were estimated using 

geographic proxies and satellite-derived metrics, which may not accurately reflect the true 

exposure levels experienced by individuals. 

For example, this thesis assigned exposures to mother-infant pairs based on residential postal 

codes, meaning that only exposures occurring at the home address were considered for air 

pollution, greenspace, and ALEs. This approach does not capture potential exposures that 

individuals may experience outside their immediate residential area, such as at their place of 

employment, school, or during daily commutes. As a result, any time spent in environments with 

differing levels of pollution or greenspace, such as traffic-heavy areas or industrial zones, is not 

accounted for. This limitation could lead to exposure misclassification, as the true environmental 

exposure experienced by the mother-infant pair may differ from what was estimated based on the 

home postal code alone. Additionally, the reliance on postal codes also ignores intra-neighborhood 

variations, where pollution or greenspace access can vary significantly even within small 

geographic areas. This geographic resolution may miss localized environmental conditions, 

leading to potential bias. 

In addition, the greenspace metrics used in this study were not perfect, as they primarily relied 

on satellite-derived measurements, such as NDVI, which capture the presence of vegetation but 
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do not account for the quality, accessibility, or actual use of these spaces. Metrics like NDVI 

measure greenness at a broad scale but fail to differentiate between types of vegetation or assess 

whether these areas are accessible or suitable for recreational use. Moreover, NDVI and similar 

measures do not account for the social or physical barriers that may limit individuals' ability to 

engage with nearby greenspaces, such as busy roads, lack of safety, or poor infrastructure. This 

limitation could lead to overestimation of the actual greenspace exposure and its potential benefits, 

as mere proximity to greenery does not guarantee meaningful interaction with or use of these 

spaces. GVI, while offering a more human-centered perspective by capturing the visible greenery 

from street-level images, also does not consider the overall quality, accessibility, or usability of 

these spaces. It provides a measure of visual greenness but overlooks whether individuals have 

physical access to these green areas or how often they interact with them. Furthermore, GVI is 

limited by the availability of imagery, which may not consistently cover all regions, particularly 

in more rural or underdeveloped areas, potentially leading to gaps in exposure measurement. 

Similarly, park proximity, which measures the distance to the nearest park, fails to account for 

important factors like the condition, safety, or amenities of the park, or whether residents feel 

comfortable or are able to use it. Proximity does not necessarily translate to park use or interaction 

with greenspace, as various barriers such as social, economic, or physical factors may prevent 

individuals from utilizing nearby parks. These limitations suggest that while these greenspace 

metrics offer valuable insights, they do not fully capture the complexity of how greenspaces 

interact with human health, and future research could benefit from more nuanced and 

comprehensive measures. 

Furthermore, the findings in this thesis may have been influenced by the COVID-19 pandemic, 

which occurred toward the end of the study period. The pandemic led to significant changes in 
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daily life, including widespread lockdowns, reduced mobility, shifts in healthcare access, and 

alterations in environmental exposures such as air pollution levels due to decreased traffic and 

industrial activity.61–64 These factors could have impacted both the exposure data and health 

outcomes assessed in the study. For example, reduced outdoor activities and changes in greenspace 

use during the pandemic may have affected the way people interacted with their environments, 

while alterations in healthcare utilization may have influenced the timing or accuracy of CP 

diagnoses. As a result, the pandemic introduces an additional layer of complexity, potentially 

confounding the relationships explored in this thesis. Future research may need to account for these 

disruptions to better isolate the true effects of environmental exposures on health outcomes during 

this period. 

The utilization of administrative databases for research purposes, while common, also comes 

with potential limitations. One key concern is the reliance on pre-existing data that was not 

originally collected for research purposes but for administrative, billing, or operational functions. 

As a result, important variables related to clinical detail, health behaviors, and environmental 

exposures may be missing or incompletely recorded, leading to potential misclassification or 

measurement error.  

In addition, this thesis is constrained by the availability of only those covariates present in 

administrative databases. This limitation might result in an incomplete characterization of potential 

confounding variables or influential factors not captured within the dataset. For example, while 

increased maternal BMI was reported as a risk factor for CP, the studies were not able to include 

this variable as a confounder in models, due to a lack of data. Thus, the reliance on administrative 

data, not originally designed for research purposes, necessitates cautious interpretation due to 

potential data limitations.  
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Finally, another key limitation for this thesis is the approach used for analyzing the mixture 

effects of multiple air pollutants in chapter 4. While single-pollutant and residual adjusted models 

were utilized, these models do not fully account for the complex interactions between pollutants 

that could influence health outcomes. Future research could benefit from more advanced mixture 

effect analyses, such as quantile g-computation or Bayesian kernel machine regression 

techniques.65–67 These methods may offer more robust ways of addressing the correlated nature of 

environmental exposures by evaluating their joint effects rather than isolating each pollutant, 

especially for exposures with high correlations. Overall, incorporating these approaches could 

provide a more robust understanding of how air pollution mixtures affect health outcomes, leading 

to more accurate risk assessments. 

In summary, the identified limitations for this thesis include challenges related to the absence 

of case validation for CP, potential exposure and outcome misclassification, the unintended use of 

administrative data for research, constraints imposed by lack of availability for covariates in 

administrative databases and the absence of mixture effects analysis. Therefore, while the study 

offers valuable insights, its findings should be viewed with these limitations in mind, and further 

research is needed to address these gaps and refine the understanding of environmental influences 

on CP risk. 

 6.7 Recommendations for clinical practice 

The findings of this thesis may have important implications for clinical practice, 

particularly in the realm of prenatal care and maternal health counseling. Healthcare providers can 

play a crucial role in mitigating the risks associated with environmental exposures by educating 

pregnant women about the potential impacts of air pollution on fetal development and the 

associated risk of CP. Utilizing tools like the Air Quality Health Index (AQHI) can help clinicians 
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convey real-time air quality data to patients, allowing for more informed decisions regarding 

outdoor activities. The AQHI is presented as a numerical scale designed to inform the public about 

the health risks associated with outdoor air pollution, primarily focusing on three key pollutants: 

O3, PM, and NO2. The index ranges from 1 to 10+, with lower values indicating good air quality 

and minimal health risk, while higher values signify increasing health risks.68 By incorporating 

AQHI data into prenatal care protocols, healthcare providers can better educate patients about the 

potential impacts of air quality on fetal development and guide them in taking proactive measures 

to mitigate exposure to harmful pollutants. 

Based on these epidemiological findings and future studies, clinicians can advise patients 

on practical steps to reduce exposure to harmful pollutants, such as avoiding high-traffic areas, 

particularly during peak pollution times, and considering the use of air purifiers at home. 

Additionally, the potential protective effects of greenspace exposure suggest that encouraging 

pregnant women to spend time in natural environments could be beneficial, not only for physical 

health but also for reducing stress, which is known to impact fetal development. Integrating these 

considerations into routine prenatal care could help to optimize fetal health outcomes and reduce 

the risk of CP. Furthermore, the findings highlight the importance of incorporating environmental 

risk assessments into prenatal care protocols, advocating for a more holistic approach that 

considers both the physical and environmental well-being of the mother and fetus. 

6.8 Implications for future research and public health 

This thesis was one of the first to examine the specific components of PM2.5, greenspaces, 

and ALEs in relation to CP. As mentioned previously, while broad-level research has been 

conducted on these topics, this project helped refine and specify findings related to CP and 

environmental factors. The detailed analysis of PM2.5 components, and the exploration of multiple 
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greenspace and ALE measures provide new insights into the multifaceted ways in which 

environmental exposures during pregnancy can influence the risk of CP. The findings highlight 

the need for more targeted research in this area, particularly studies that can further delineate the 

specific components of air pollution that are most harmful and the types of greenspaces that offer 

the greatest protective benefits. In addition, future studies could benefit from considering the 

effects of additional influences, such as existing maternal comorbidities. While this thesis only 

adjusted for maternal comorbidities in the models, future studies should comprehensively assess 

how these conditions interact with environmental exposures, influencing both health outcomes and 

clinical implications.  

At the governmental level, the findings of this thesis can be instrumental in developing and 

implementing policy changes and programs aimed at mitigating and reducing the concentrations 

of specific pollutants. Such measures can have significant population-level impacts and contribute 

to the overall improvement of public health. Given that the studies in this thesis were funded by 

Health Canada, the evidence generated can directly support risk management strategies and be 

utilized by various governmental sectors, including the Air Quality Assessment Section (AQAS), 

Canadian Ambient Air Quality Standards (CAAQS), and Air Sectors Health Assessment Section 

(ASHAS). These findings also provide a scientific basis for advocating for urban planning and 

public health policies that prioritize the reduction of harmful exposures, and the enhancement of 

greenspace availability and ALEs, especially in areas with vulnerable populations. 

Furthermore, this research not only strengthens the existing literature but also lays the 

groundwork for future studies to better understand how maternal health and exposure to different 

environmental agents affect fetal development. By highlighting the importance of both harmful 

and protective environmental factors, this thesis advocates for a more holistic approach to prenatal 
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care and public health interventions. Ultimately, the work presented here paves the way for more 

comprehensive research that could lead to improved health outcomes for future generations, 

particularly in reducing the burden of CP and other neurodevelopmental disorders. 
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