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Abstract 

Background: The geography of where pregnant mothers live is important in furthering our 

understanding of babies born too small. Many causes are suspected to restrict growth or incur 

premature delivery, and include prenatal exposures from natural, social, and built habitats. More 

research is needed on the shared hazards of the outdoor environment. Studies have identified 

industrial activities for exposure, but few on the actual chemicals that include developmental 

toxicants. 

In Canada, conditions of short gestation and low birth weight are the second leading cause of 

infant mortality, linked to adult chronic disease, and increasing. Also, in Canada, industrial 

emissions are documented by the National Pollutant Release Inventory (NPRI) and readily 

available for space-time analyses to better understand the contribution of ambient health hazards 

to babies born too small. 

Objectives:  (1) Examine distributions and patterns across Canada to identify associations with 

outdoor environment and differences among provinces and territories; (2) Develop a multi-

hazard index for Alberta to determine whether mothers living in environments with a higher 

accumulation of outdoor hazards had more small newborns; (3) Contrast hot spots of non-critical 

and critically ill small newborns; and (4) Compare hot spots of critically ill small newborns with 

hot spots of industrial pollutants for major Canadian cities. 

Methods: For all objectives, I classified birth records with maternal residential postal codes as 

small for gestational age (SGA) and low birth weight at term (LBWT). I accessed three 

secondary databases for all of Canada (Statistics Canada’s Vital Statistics–Births Database, 

2006-2012), the province of Alberta (Alberta Perinatal Health Program, 2006-2012), and 
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nineteen major metropolitan areas (Canadian Neonatal Network, 2006-2010). Births from the 

latter represented critically ill SGA (ciSGA) and critically ill LBWT (ciLBWT). 

I used publicly available spatial data on outdoor hazards (including transportation and energy 

infrastructure, and the NPRI chemicals emitted to air), to calculate potential exposure estimates 

using easily accessible spatial tools in a Geographical Information System (GIS). Main methods 

that I applied were kernel density, focal statistics, overlay, and space-time pattern mining, which 

involved creating space-time cubes from locations and birthdates, then statistically categorizing 

emerging hot spot patterns. To model monthly chemical emissions from the NPRI, I developed a 

simple wind-directed dispersion mapping technique. For the statistical associations, I used 

correlation and logistic regression, with covariates on area-level socioeconomic status (SES), 

land use, nitrogen dioxide (from an existing land use regression model), traffic, maternal age, 

migration, sex, urban, total number of births, and season. 

Results: Provinces and territories showed higher percentages of SGA and LBWT where there 

were more industrial emissions; however, there were more associations with land hazards 

(dumps/waste depots, gas stations, powerlines, and transformer stations). For the province of 

Alberta, the chemical emission-weighted index was associated with SGA and LBWT, but 

individual chemical emissions provided complementary information, especially sub-provincially. 

The emerging hot spots identified where there were more small newborns in space and time and 

revealed scattered areas throughout Calgary and Edmonton. The non-critical and critically ill hot 

spots were not located in the same areas of each city. Low SES was associated with SGA and 

LBWT, industrial land use was associated with ciLBWT, and no associations with ciSGA. 

Among all major cities, the larger ones had more and larger areas of hot spots of ciSGA. 

Seventy-eight wind-directed industrial chemical hot spots were associated with ciSGA hot spots. 
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The greatest number of positive associations were observed for 28 different pollutants, mostly in 

Edmonton, Halifax, Montréal, Toronto, Vancouver, and Winnipeg. Of the identified industrial 

chemicals, many are suspected or known developmental toxicants, including ammonia, benzene, 

carbon monoxide, methyl ethyl ketone, particulate matter, heavy metals, and VOCs. 

Conclusions: More industrial chemicals were discovered to be related to small newborns when 

the study areas were smaller (i.e. sub-provincial administrative units or metropolitan areas) and 

each area had a unique chemical signature. My focus was on the outdoor environmental habitat 

because it is a public source of exposures susceptible to regulation. I hope that my research may 

assist everyone connected to health – from medical professionals to policy makers – to 

understand potential impacts the environment has on early life, learn what location-based 

variables may be associated, inform the public that where they live is important to their future 

family health, and implement preventive interventions. 
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Chapter 1 Introduction 
 

An underlying premise of environmental health involves place – where one lives and where one 

starts out in life, even during in utero development, ultimately determines lifelong health [1, 2]. 

 

The embryo and fetus are susceptible to toxicant exposure and other environmental influences on 

the mother during crucial stages of pregnancy [3–6], which may lead to babies being born too 

small, or too early. Because they are important markers of infant survival, development, and 

future health, newborns that are too small are a serious emotional and economic stress on society 

– hundreds of millions of dollars are spent on specialized equipment and treatments within the 

first several years of life [7, 8]. The Barker hypothesis [9] evolved from studies on low birth 

weight (as well as premature birth and intrauterine growth retardation) that found significant 

associations with adult hypertension, coronary heart disease, and non-insulin-dependent diabetes 

[10–12]. The suspected exposures associated with these birth outcomes are widespread, thus 

heightening the importance of early life health impacts. 

As depicted in Figure 1.1, born too small is defined as: 

 Small for gestational age (SGA), which are infants born with a birth weight <10th 

percentile of a Canadian reference population for sex-based gestational age (22 to 42 

weeks gestation) [13], to enable comparisons with previous Canada-based studies; 

 Low birth weight at term (LBWT), which are full-term infants (37-42 weeks gestation) 

with a birth weight <2,500 g [14]; and 



2 

 

 Critically ill SGA (ciSGA) or critically ill LBWT (ciLBWT) apply to infants described 

above and who are immediately admitted to neonatal intensive care units (NICU). 

 

 

Figure 1.1. The set of birth weight–for–gestational age standards with the 10th percentile birth 

weights describes small for gestational age (SGA) in the purple curve; low birth weight at term 

(LBWT) is a subset of SGA in the green shaded rectangle. 

 

SGA and LBWT are not homogeneous pregnancy outcomes, because they may consist of both 

infants born too early (known as preterm birth) or too small, (typically due to fetal growth 

restriction) [14, 15]. The etiologies are multifactorial, where the most important maternal risk 

factors are tobacco smoking, nutrition, pre-pregnancy weight, ethnic origin, short maternal 

stature, and pre-existing health conditions [15–18]. Other risks include genetic and 

constitutional, demographic and psychosocial (e.g. socioeconomic status and stress), obstetric, 
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antenatal care, and toxic exposures. Critically ill SGA/LBWT likely result from the same risk 

factors but they have complications requiring higher costs of care. 

 

Globally, the rate of SGA in low- and middle-income countries is around 27% of all live births. 

In 2010, 32.4 million babies were small for their gestational age [19]. LBW (all gestational ages) 

occurs in 15% of all births, mostly in low and middle-income countries [20]. Of 18 million low-

birthweight babies, 10.6 million of them were born at term. In the United States SGA was 10% 

in 2005 [21] and LBW averaged 6.4% from 2006-2016 [22]. 

The Canadian average of SGA was 8.4% (Figure 1.2) and LBW was 6.0% (Figure 1.3) [23] 

during 2005-2007. Although Canada is lower than the world and U.S., these disorders related to 

short gestation and low birth weight are consistently ranked 2nd out of the 71 leading causes of 

infant death (congenital malformation is the leading cause [24]) – and has been increasing since 

the year 2000 (Figure 1.4) [23]. 
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Figure 1.2. Three-year averages of small for gestational age (SGA) in Canada, 2005-2007. 

Alberta’s provincial percentage is labeled in white. 

 

 

Figure 1.3. Three-year average of low birth weight (LBW [all gestational ages]) in Canada, 

2005-2007. Alberta’s provincial percentage is labeled in white. 
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Figure 1.4. In Canada and Alberta, small for gestational age (SGA) and low birth weight (LBW 

[all gestational ages]) have been increasing since the year 2000. 

 

The province of Alberta has been consistently higher than the national averages (Figure 1.4). 

Similar to the rest of Canada, 80% of the Alberta population lives in or near urban areas, but 

overall it has been rapidly increasing, in part due to an average of 50,000 births per year [25], 

from 2006 to 2012. In 2011, the Alberta population increased 10.8% from the 2006 census; the 

national increase was 5.9% [26]. Given that Alberta rates are close to or exceeding the U.S 

percentages, and Canada is increasing over time, it is valuable from a public health perspective 

to understand the patterns and processes involved in being born too small. 

SGA/LBWT and their association with the environment necessitate an interdisciplinary approach 

with integration of knowledge from medicine and geography. Medical geography is a holistic 
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investigation of health using concepts and methodologies from geography, which also 

encompasses the social, physical, and biological sciences [27]. Potential linkages between the 

maternal environment and SGA/LBWT is what I endeavor to understand as an important state of 

human health. 

Informed by the earlier work of May – who stated that to understand disease as a biological 

expression of maladjustment, an ecological (i.e. ecosystem-based) study must involve the 

environment, the host, and the culture [28] – Meade proposed the triangle of human ecology as 

the framework for the state of human health [27, 29]. Meade’s vertices are therefore anchored to: 

 Habitat – the natural, social, and built environments where people live. 

 Population – people (hosts) as biological organisms structured by age, gender, and 

genetics. 

 Behavior – visible part of culture including beliefs, social organization, and 

technology. 

These three points influence each other and the state of health, as can be seen when modelling 

and summarizing what is known about neonatal outcomes and maternal exposure to outdoor 

pollution (Figure 1.5).The primary population consists of pregnant mothers and their defining 

individual characteristics of varied ages, pre-existing health conditions and genetic makeup, with 

the location of where they live and work depending on their social and economic behaviors (i.e. 

nutritional status, access to quality health services). More research is needed that focuses on the 

lesser studied habitat vertex, more specifically the outdoor environment, since much less 

attention has been given to integrating ecological factors for understanding disease [27]. The 

location aspect of habitat (i.e. geography) – where mothers live, where industry and services are 
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situated, where demographic groups congregate, and for many scales – is important to clinicians, 

specialists in environmental health and exposure assessment, epidemiologists, biostatisticians, 

and computing scientists. 

 

Figure 1.5. Meade’s triangle of human ecology for maternal exposures and small for gestational 

age (SGA) and low birth weight (LBWT). 

 

Geography and environmental health are inextricably linked. Environmental health, as defined 

by the World Health Organization, “comprises those aspects of human health and disease that are 

determined by factors in the environment, and includes both the direct pathological effects of 

chemicals, radiation and some biological agents, and the effects (often indirect) on health and 

wellbeing of the broad physical, psychological, social and aesthetic environment, which includes 

housing, urban development, land use and transport” [30]. These concepts are not new – 

Hippocrates, the father of medicine, c. 460 – c. 370 BC, understood the important role that the 

environment plays in health, in his “Airs, Waters, and Places” [31]: 
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Whoever wishes to investigate medicine properly, should proceed thus: in the 

first place to consider the seasons of the year, and what each of them produces 

(for they are not all alike, but differ much from themselves in regard to their 

changes). Then the winds, the hot and the cold, especially such as are common 

to all countries, and then such as are peculiar to each locality. We must also 

consider the qualities of the waters, for as they differ from one another in taste 

and weight, so also do they differ much in their qualities. In the same manner, 

when one comes into a city to which one is a stranger, one ought to consider 

its situation, how it lies as to the winds and the rising of the sun; for its 

influence is not the same whether it lies to the north or the south, to the rising 

or to the setting sun. These things one ought to consider most attentively, and 

concerning the waters, which the inhabitants use, whether they be marshy and 

soft, or hard, and running from elevated and rocky situations, and then if 

saltish and unfit for cooking; and the ground, whether it be naked and deficient 

in water, or wooded and well watered, and whether it lies in a hollow, 

confined situation, or is elevated and cold; and the mode in which inhabitants 

live, and what are their pursuits, whether they are fond of drinking and eating 

to excess, and given to indolence, or are fond of exercise and labour, and not 

given to excess in eating and drinking. 

From these things one must proceed to investigate everything else. For if one 

knows all these things well, or at least the greater part of them, he cannot miss 

knowing, when he comes into a strange city, either the diseases peculiar to the 

place, or the particular nature of common diseases, or commit mistakes, as is 

likely to be the case provided one had not previously considered these matters. 

 

Hazards encompass those airs, waters, and places that comprise the chemical, physical, and 

biological aspects that insult human health [27]. Many hazards have been known for centuries 

(lead, radiation, microorganisms), but they are only effective in altering health if an individual is 

exposed to them. 

Exposure is the occurrence a person comes into contact (via air, water, or skin) with a dose 

(requisite amount) of a hazard or toxicant (substance that produces a health effect) and may be 

one time, repeated, or continual [32]. The health outcome can only occur if a person is exposed 

to the integral dose of a hazard for the crucial amount of time. These ideas are directly applicable 

to being born too small, and the system can be simplified as follows: 
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𝐻𝑎𝑧𝑎𝑟𝑑𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡 → 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑝𝑟𝑒𝑛𝑎𝑡𝑎𝑙 → 𝑂𝑢𝑡𝑐𝑜𝑚𝑒𝑆𝐺𝐴/𝐿𝐵𝑊𝑇 

An efficient way to associate the hazards and the health outcomes is in a geographical 

information system (GIS). A GIS is a system that automates, visualizes, analyzes, manages, and 

delivers information through geographic presentation (www.gis.com).  A GIS integrates 

computer hardware, software, and digital data, in analytical methods performed by 

knowledgeable users to answer complex questions and support the modelling of complex hazard-

exposure-dose-response processes in space and time as those included relevant for my research. 

Coupled with spatial statistics, GIS has been transforming how to answer complex questions 

across a myriad of disciplines since most human activity can be tied to a location or place, and 

more recently, time and space. Spatial science and technology inspire and enable a deeper 

comprehension of the world, while also facilitating spatial statistical analyses that quantify the 

distribution, pattern, process, and relationships of the environment and society. 

GIS has been used in many environmental health studies to define epidemiologic study 

populations, identify source and potential routes of exposure, estimate environmental levels of 

target contaminants, and estimate personal exposure [33–40]. The integration of spatial 

databases, standardized from a variety of sources, using the appropriate spatial and temporal 

scales, and applying methods that incorporate coincidence, proximity, and surface analysis, are 

instrumental in mapping exposure and diseases, to reveal patterns that explore changes, 

associations, and risks [32]. 

Geographic inquiry has been applied specifically to adverse birth outcomes and associations with 

the environment. Table 1.1 highlights a list of environmental hazards studied using GIS or 

similar spatial analyses. The 39 selected studies identified the following variables: agricultural 
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related chemicals, ambient air pollution, built environment, waste sites, transmission lines, 

natural gas activities, lead, mines, greenness, wildfires, socioeconomic status, roads and traffic-

related pollution. 

 

Table 1.1. Selected studies involved in spatial associations among environmental variables and 

adverse birth outcomes: SGA=small for gestational age; LBW=low birth weight; BW=birth 

weight; IUGR=intrauterine growth restriction. Table continues. 

Study Outcome studied Spatial variables 

Xiang et al. 2000 [41] LBW agriculture: crop production patterns 

Ochoa-Acuna et al. 2009 [42] SGA agriculture: herbicides 

Sathyanarayana et al. 2010 [43] LBW agriculture: pesticides 

Weselak et al. 2007 [44] IUGR agriculture: pesticides 

Coker et al. 2016 [45] LBW air pollution: NO, NO2, PM2.5 

Malmquist et al. 2017 [46] BW air pollution: NO2 

Svechkina et al. 2018 [47] LBW air pollution: NO2 

Liu et al. 2007 [48] IUGR air pollution: NO2, CO, SO2, O3, PM2.5 

Stieb et al. 2016 [49] SGA, LBW, BW air pollution: NO2, PM2.5 

Choi et al. 2008 [50] SGA air pollution: PAHs 

Huang et al. 2015 [51] LBW air pollution: PM10, NO2 

Dugandzic et al. 2006 [52] LBW air pollution: PM10, SO2, O3 

Basu et al. 2014 [53] LBW air pollution: PM2.5 

Erickson et al. 2016 [54] BW air pollution: PM2.5 

Harris et al. 2014 [55] LBW air pollution: PM2.5 

Stieb et al. 2016 [56] SGA, LBW, BW air pollution: PM2.5 

Wilhelm et al. 2012 [57] LBW air pollution: PM2.5, NO, NO2, PAHs 

Liu et al. 2003 [58] LBW, IUGR air pollution: SO2, NO2, CO, O3, PM10 

Rich et al. 2015 [59] BW air pollution: SO2, NO2, CO, PM2.5 

Miranda et al. 2012 [60] SGA, LBW built environment 

Woods et al. 2017 [61] SGA, LBW built environment 

Zeka et al. 2008 [62] BW, SGA land use 

Svechkina et al. 2018 [47] LBW petrochemical industry 

Baibergenova et al. 2003 [63] LBW waste site 

Goldberg et al. 1995 [64] LBW, SGA waste site 

Auger et al. 2011 [65] LBW, SGA transmission lines 

de Vocht et al. 2014 [66] LBW, SGA transmission lines 

Casey et al. 2016 [67] SGA, LBW natural gas 

McKenzie et al. 2014 [68] LBW natural gas 

Stacy et al. 2015 [69] SGA, BW natural gas 
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Study Outcome studied Spatial variables 

Philion et al. 1997 [70] IUGR, SGA lead 

Rabito et al. 2014 [71] LBW, SGA lead 

Ahern et al. 2011 [72] LBW mine site 

Henn et al. 2016 [73] BW mine site 

Hystad et al. 2014 [74] SGA, BW greenness 

Holstius et al. 2012 [75] BW wildfires 

Erickson et al. 2016 [54] BW socioeconomic status 

Habermann and Gouveia 2014 [76] LBW socioeconomic status 

Zeka et al. 2008 [62] BW, SGA socioeconomic status 

Généreux et al. 2008 [77] LBW, SGA roads 

Svechkina et al. 2018 [47] LBW roads 

Zeka et al. 2008 [62] BW, SGA, roads 

Brauer et al. 2008 [78] SGA, LBW traffic-related air pollution 

Habermann and Gouveia 2014 [76] LBW traffic-related air pollution 

Meng et al. 2013 [79] LBW traffic-related air pollution 

Wilhelm et al. 2003 [80] LBW traffic-related air pollution 

 

The strength of association in the studies varied greatly and had limitations due to sampling, 

spatial resolution, availability of confounding factors, adjusting for residential mobility, and 

inability to quantify duration and intensity of exposures. Overall, the studies contributed to the 

evolving evidence that maternal exposure during pregnancy to varying levels of outdoor 

environmental hazards are associated with adverse birth outcomes. Associations of air pollution 

with SGA/LBWT are accumulating the most in the published literature. Anthropogenic air 

pollution originates from industrial/traffic emissions and includes gaseous components – sulfur 

dioxide (SO₂), carbon monoxide (CO), nitrogen oxide (NO), nitrogen dioxide (NO₂), ozone (O3) 

– and particulate matter (PM) – PM₂.₅ particles with aerodynamic diameter ≤ 2.5 μm and PM₁₀ 

particles ≤ 10 μm. 

Mechanisms that trigger adverse birth outcomes, such as born too small, among mothers exposed 

to pollutants are not well understood, but are suspected to include inflammation, direct toxic 
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effects on the placenta and the fetus, interruption of oxygen-hemoglobin interaction, and damage 

to DNA [81–83].  Environmental associations differ among SGA and LBWT, enhanced by 

temporal variations in exposures, personal characteristics (mothers’ health, nutrition, and 

demographics) and external factors such as region and socioeconomic status (SES), [3, 4, 84]. 

Many of the previous studies linked individual or small subsets of factors; however all factors 

can be modelled as vertices of the triangle of human ecology, synthesizing the complex disease 

ecology and advancing hypotheses [27]. As Table 1.1 exemplifies, the majority of air pollutants 

under investigation consisted of traffic-related criteria air contaminants. A handful of studies 

have targeted heavy metals and/or industrial activities. More research is needed on assessing the 

spatial relationships of the actual chemicals involved in those industrial activities, especially the 

known or suspected developmental toxicants. Similarly, the combined effect of multipollutant 

exposures are still relatively unknown. 

I hypothesize that there were more small newborns from mothers living with more and larger 

amounts of ambient health hazards than newborns from mothers living in relatively healthier 

environments, where small newborns are defined by SGA and/or LBWT. Essentially, prenatally 

exposed newborns have lower birth weight: 

𝐻0: 𝑏𝑖𝑟𝑡ℎ 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑥𝑝𝑜𝑠𝑒𝑑 = 𝑏𝑖𝑟𝑡ℎ 𝑤𝑒𝑖𝑔ℎ𝑡𝑛𝑜𝑛𝑒𝑥𝑝𝑜𝑠𝑒𝑑 

𝐻1: 𝑏𝑖𝑟𝑡ℎ 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑥𝑝𝑜𝑠𝑒𝑑 < 𝑏𝑖𝑟𝑡ℎ 𝑤𝑒𝑖𝑔ℎ𝑡𝑛𝑜𝑛𝑒𝑥𝑝𝑜𝑠𝑒𝑑 

My specific investigations involve the following interrelated questions: 

i. What are the important outdoor environmental exposures on pregnant mothers associated 

with the occurrence of small newborns in Canada? Specifically, which provinces and 
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territories have more outdoor environmental hazards spatially associated with SGA/LBWT? 

Do they differ among land sources and industrial chemicals? 

ii. Can I apply methods to reduce/aggregate environmental variables into a hazard map/index? 

How do the separate and combined exposures to the outdoor environments of pregnant 

mothers coincide with patterns in SGA/LBWT? Does region matter? 

iii. Where are the space and time “hot spots” of SGA/LBWT for two Alberta cities? Do the 

patterns compare with critically ill SGA/LBWT? Does area-level socioeconomic status and 

surrounding land use coincide with the hot spots? 

iv. Do the hot spots of critically ill SGA collocate with hot spots of industrial air emission in 

space and time for nineteen Canadian cities? 

To address the above and in an effort to better understand the contribution of ambient health 

hazards to babies born too small, I examine the distributions and patterns across Canada (Chapter 

2), develop an index and test regional variations for Alberta (Chapter 3), compare non-critical 

and critically ill patterns (Chapter 4), and then focus on industrial emissions and critically ill 

small newborns in the major cities (Chapter 5). The geographic pathway from national to 

provincial to major cities facilitates regional understanding; the medical pathway from non-

critical to critically ill small newborns helps identify patterns of the costlier events. Six percent 

of neonatal conditions may be attributed to modifiable environmental risks, i.e. maternal 

occupation, chemicals, air pollution, water, sanitation, and hygiene [85]. I use GIS and 

spatiotemporal analysis to recognize where and when environmental factors associate with 

SGA/LBWT in the expectation to promote and support awareness of this important children's 

environmental health issue, highlight research gaps, and contribute to improving quality of life 

through geography.  
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Chapter 2 Geographic information assessment of maternal 

ambient health hazards and babies born too small 
 

2.1 Abstract 

Background: Small newborns, defined as small for gestational age (SGA: birth weight below 

10th centile) or low birth weight at term (LBWT: birth weight below 2,500 g at 37 or more weeks 

gestation), have been increasing in Canada since 2000 and are the second leading cause of infant 

mortality. Recently, associations of SGA and LBWT have been linked to maternal exposure to 

environmental hazards. My research assesses which provinces have more associations with 

industrial air pollutants or land activities. 

Methods: I classified SGA and LBWT events from Statistics Canada’s Vital Statistics–Birth 

Database (2006-2012). I calculated spatial proxies of exposures to 228 industrial chemicals 

released to air and seven land-based hazards and assigned the values to the 6-character postal 

codes of the maternal residence at birth. I used logistic regression, with covariates on area-level 

socioeconomic status, traffic, maternal age, migration, sex, urban, total number of births, and 

season. 

Results: Of the 2,525,645 births meeting my criteria (single, live, between 22 to 42 weeks 

gestation, and having a valid 6-character postal code), 8.55% were SGA and 1.54% were LBWT. 

Maps of the provincial patterns showed higher adverse birth outcomes where there were more 

industrial emissions. More provinces had associations with land hazards, especially dumps/waste 

depots, gas stations, powerlines and transformer stations. Of the 12 identified industrial 
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chemicals, nine are suspected or known developmental toxicants, including ammonia, benzene, 

carbon monoxide, methyl ethyl ketone, and particulate matter. 

Discussion: Maternal exposures to ambient health hazards and the identified associations with 

small newborns differed by province, reflecting the multifactorial nature of SGA and LBWT. 

The large geographical scale and population-level exposure assignment preclude causation, but 

the use of publicly available data and accessible tools identify associations and facilitate a more 

holistic environmental health approach in understanding SGA and LBWT risk factors. 

 

2.2 Background 

Where one lives and starts out in life, even during in utero development, contributes to lifelong 

health [1]. Numerous studies have found associations of toxicant exposures on mothers during 

vital phases of pregnancy and resulting adverse birth outcomes (ABOs), such as being born too 

small or too early [3, 5]. Since ABOs are important indicators of infant survival, development, 

and future health, they are a serious emotional and economic stress on society [7, 8]. 

Babies born too small are clinically described as small for gestational age (SGA), or the more 

objective subset of SGA, low birthweight at term (LBWT). In Canada, SGA defines infants with 

birth weights below the 10th centile according to sex and gestational age, based on Kramer’s 

compiled statistics on female and male birth weights at each week of pregnancy [13]. LBWT are 

full-term (more than 37 weeks gestation) infants with birth weights less than 2,500 grams [7, 14]. 

The percentage of small newborns in Canada has increased over time: the 2000-2002 average for 

SGA was 8.4% and the 2010-2012 average was 8.7%; LBW (infants with birth weights <2,500 
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g) was 5.6% in 2000-2002 and increased to 6.1% in 2010-2012 [23]. Disorders related to short 

gestation and low birth weight are the second leading cause of infant mortality in Canada [24]. 

SGA and LBWT are multifactorial health issues with risks including individual (maternal), 

socio-cultural, and environmental [18, 81, 86]. The individual factors do not completely explain 

all events [87, 88]. And because the associated environmental exposures are often widespread, 

they may be a substantial burden for SGA/LBWT. Environmental health research and 

SGA/LBWT have been growing and has primarily focused on traffic-related air-pollution 

exposures from estimates measured by air pollution monitors or land use regression models [78, 

89, 90]. There are many challenges in modelling exposures, especially in the context of space 

and time [33, 91]. Seasonal effects (e.g. warmer months when residential windows might be 

open) are further complexities [91–96]. Additional environmental factors are increasingly being 

considered, such as greenness [74, 97], the built environment [45, 67, 68, 98], and 

agricultural/industrial chemicals [4]. Not every single chemical released from industrial facilities 

are monitored, but estimates are available from pollutant release and transfer registers that may 

be adapted for human health research  [99]. 

I hypothesized that larger quantities of ambient health hazards – shared sources of maternal 

exposures – may be spatially related to more SGA and/or LBWT. I assessed which provinces and 

territories have more outdoor environmental hazards spatially associated with babies born too 

small, whether they differ among land hazards and industrial chemicals (analyzed individually), 

and determine how season may affect the associations, in an effort to better understand the 

contribution of ambient health hazards to babies born too small. 
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2.3 Methods 

I conducted a retrospective cohort study using data from Statistics Canada’s confidential Master 

Data File for the Vital Statistics–Birth Database (VSBD), record number 3231, between 2006 

and 2012 [100]. For the spatial analyses, I used Esri’s ArcGIS Desktop 10.6 [101], and for the 

statistical analyses, I used STATA 15 [102], at the individual level by 6-character postal code. 

Because distance was important, I customized an Azimuthal Equidistant map projection to center 

on Canada at -95° W longitude and 55° N latitude. All analyses used a 1 km cell size, 3 km 

radius (except NPRI was 10 km), and geodesic parameter whenever available (to account for the 

earth's actual shape in the calculations, especially important for the large territories and 

provinces). 

Dependent variables 

The VSBD contained the necessary variables – birth weight, child’s sex, and gestational age (i.e. 

pregnancy duration) – to classify birth events according to adverse birth outcome for all 

provinces and territories across Canada. Small for gestational age (SGA) defined newborns 

between 22-42 weeks having birthweights below the 10th centile, based on Canadian normative 

data [13]. A subset of SGA is low birth weight at term (LBWT), which defined newborns having 

birthweights below 2,500 g at 37-42 weeks gestation (i.e. at term). The variables important for 

selecting the study population were gestational age, type of birth (single or multiple), stillborn, 

and maternal place of residence (i.e. 6-character postal code).  As shown in Figure 2.1, I 

analyzed all records according to my criteria of single, live newborns between 22 and 42 weeks 

gestation, having valid postal codes. Variable definitions are summarized in Table 2.1. 
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Figure 2.1. Study population of babies born too small in Canada, 2006-2012. 
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Table 2.1. Definitions of variables and concepts important to the study of maternal ambient hazards with babies born too small. 

Variable Definition Value Role 

Small for gestational age (SGA) birthweight ≤ Kramer's 10th centile (based on sex and 

pregnancy duration) 

Binary Dependent variable 

Low birth weight at term (LBWT) birthweight < 2500 g AND pregnancy duration ≥ 37 

weeks 

Criteria for selecting the study population residence postal code is not null AND born total this 

event = 1 AND stillborn total this event = 0 AND 

pregnancy duration ≥ 22 AND pregnancy duration ≤ 

42 AND longitude is not null 

Select data 

Baby is female sex = 2 Covariate 

Mother age group 19 years and younger maternal age ≤ 19 

Mother age group 40 years and older maternal age ≥ 40 

Mother’s birthplace different from baby’s maternal birthplace ≠ baby birthplace 

Urban residence postal code's second character ≠ 0 

Warm season in first trimester conception month ≥ 4 AND conception month ≤ 7; 

2/3 or more of trimester was during May to August 

Warm season in second trimester conception month ≥ 1 AND conception month ≤ 6; 

2/3 or more of trimester was during May to August 

Warm season in 3 months prior to birth birth month ≥ 4 AND birth month ≤ 7; 2/3 or more of 

trimester was during May to August (this equates to 

third trimester for term births) 

Number of births for the year sum of births for postal code for same year as the 

birth 

Integer 

Low socioeconomic status neighborhood proportion of low SES within 10 km radius Decimal 

Road density meters of road per km2 within 10 km radius; traffic 

pollution surrogate 

Birth year proportion number weeks pregnancy during birth year / 

pregnancy duration 

Calculate exposure 

Conception year proportion number weeks pregnancy during conception year / 

pregnancy duration 
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Covariates 

From the VSBD data on maternal age, I categorized binary records as mothers ≤ 19 years or 

mothers ≥ 40 years. I compared the maternal and baby’s birthplace by province, and where they 

differed, I identified records as maternal migration. I also categorized binary records as female 

(sex) and urban birthplace (if the second character of the postal code ≠ 0). To account for higher 

numbers of births for some locations, I summed the total births meeting my criteria at each postal 

code, by year. To investigate the effect of season, I categorized binary variables that depended on 

whether the warm season (May through August) occurred during 2/3 or more of the first 

trimester, second trimester, or 3 months prior to birth (i.e. third trimester for term births). 

Variable definitions are summarized in Table 2.1. I did not have individual health or behavioral 

variables available for this study. 

From Chan et al.’s [103] comprehensive index of Canadian socioeconomic status (SES), I 

categorized binary records by grouping the provided quintile values 0 (no data), 1, and 2 as low 

SES, and all else (3, 4, and 5) were grouped as medium-high SES. To allocate the area-level SES 

index, I calculated the proportion surrounding each postal code (see Focal statistics below). 

From Statistic Canada’s [104] road network files, I calculated a proxy of traffic pollution 

surrounding each postal code by calculating the density (see Kernel density below). 

Independent variables 

My variables of interest were outdoor-related environmental exposures that were from air or land 

hazards, summarized in Table 2.2. Figure 2.2 shows what standard GIS commands were used 

and where each dataset fits in to the overall analysis. 
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Canada’s National Pollutant Release Inventory (NPRI) provided annual estimates of chemicals 

released by industrial facilities mandated to report under the 1999 Canadian Environmental 

Protection Act [105]. NPRI pollutants included core and alternate threshold substances, 

polycyclic aromatic hydrocarbons (PAH), dioxins, criteria air contaminants, and speciated 

volatile organic compounds (VOC). I selected all substances released to air for each of the years 

2005 to 2012 and converted all units to tonnes. 

For land hazards, I did not have access to standardized data for all study years. I chose the 

datasets that matched closest to the final year of the study (see Table 2.2). From the Commission 

for Environmental Cooperation (CEC)’s 2010 Land Cover of North America (30 meters), I 

reclassified the crop land [106]. For all other land hazards, I extracted the relevant datasets from 

Digital Mapping Technology Inc. (DMTI) Spatial’s CanMap Content Suite [107]: dumps/solid 

waste depots (region centroids); gas stations; petroleum well pads, power lines; mines (merged 

points with region centroids); and transformer stations (merged points with region centroids). 

 

Table 2.2. Outdoor environmental factors mapped for association with adverse birth outcomes. 

The time (year), spatial method, units, and source are indicated for each. 

Variable Year Feature Method Units Source 

228 chemical emissions 2005-12 point Kernel 

Density 

tonnes / km2 NPRI [105] 

Roads 2005-12 line km / km2 StatsCan [104] 

Electrical power lines 2015 line km / km2 DMTI Spatial 

[107] Dumps/solid waste depots 2015 point # / km2 

Gas stations 2015 point # / km2 

Mine sites 2015 point # / km2 

Oil/Gas well pads 2015 point # / km2 

Transformer stations 2015 point # / km2 

Crop lands 2010 raster Focal 

Statistics 

km2 / km2 CEC [106] 

Socioeconomic status – 

area-level index 

2006 raster index Chan et al. 

[103] 
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Figure 2.2. Methods flow chart for associating small newborns and the outdoor environment. 
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Kernel density 

As depicted in Figure 2.2, I calculated the kernel densities for many of the input datasets.  Kernel 

density is a non-parametric computation that spreads the values from points (or lines) across a 

surface by calculating the magnitude-per-unit area [108]. It fits to a smoothly tapered function 

within a specified distance around each point, which allows for distance decay, meaning features 

have less influence further away. For the industrial emissions, I specified the magnitude as the 

annual tonnes emitted. Roads and powerlines were specified using lengths. All points (see Table 

2.2) were specified using counts. My independent variables were calculated as tonnes (10 km 

radius to correspond with my overall project research [109]), kilometers (3 km radius), or 

numbers (3 km radius) per square kilometer, using a 1 km cell size. 

Focal statistics 

For low SES and crop lands, I reclassified the categorical values in to binary surfaces where 1 

indicated presence and 0 indicated absence. I then applied focal statistics, also known as moving-

window or neighborhood analyses, with the mean statistic on binary values to give proportions. 

SES and crop calculations had a 3-km radius and 1 km cell size, resulting in the proportion of the 

category surrounding each cell. 

Postal code assignment 

Working with the VDSB required accessing the protected file from within the Statistics Canada’s 

Research Data Centre (RDC) at the University of Alberta. The large size of the environmental 

variables required full processing outside and then importing to the RDC for spatially joining to 

the birth records. To achieve this as effectively as possible, I merged postal codes for the years 
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2001 to 2013 from DMTI Spatial’s Postal Code Suite [110] and Statistics Canada’s Postal Code 

Conversion File to ensure I had all possible locations (due to additions and retirements 

throughout the study period, this merging ensured I did not miss any). Because the assignment of 

the raster data to each location was restricted to within the 1 km cell size of the densities and 

proportions (described above), I converted the merged postal codes to 1-km raster and then 

converted the cell centers back to points (Figure 2.2). This reduced the set of coordinates that 

represented all possible 2 million+ postal codes to 239,711 records. To these 1-km spaced unique 

locations, I assigned the values from the densities and proportions: NPRI and roads were annual 

(i.e. I made 8 copies for 2005 to 2012); and all other environmental variables were static. 

Exposure calculations 

Exposure was assigned as the value of the environmental variable that occurred closest to the 

maternal residence. I spatially joined the 1-km environmental variables to every valid location in 

the VSBD. The values of the static variables (see the Year column in Table 2.2) were used 

directly. The values of the annual variables (NPRI emissions and roads) were calculated based 

on the proportion of the pregnancy that occurred in one or two years, according to the equation: 

T = bP × bEXP + cP × cEXP 

where, T is the total exposure, bP is the proportion of gestation in the birth year (calculated as 

number weeks in birth year / total number weeks gestation), bEXP is the exposure in the birth 

year, cP is the proportion of gestation in the conception year (calculated as number weeks in 

conception year / total number weeks gestation), and cEXP is the exposure in conception year. 

Therefore, when the birth year = conception year, then bP = 1 and cP = 0, and when the actual 

birth date is during the 1st week of January, then bP = 0 and cP = 1. The calculation assumes 



 

25 

homogeneous emissions throughout each year. Python programing language [111] automated the 

cumbersome calculations for the 2.5 million birth records. 

Logistic regression 

I performed logistic regression on the binary values of the health outcomes (SGA and LBWT) 

for each environmental variable: NPRI emission or land source. I calculated the beta coefficients 

for the crude models (SGA/LBWT ~ exposure) and controlled (SGA/LBWT ~ exposure + 

covariates) for total births for the year, female baby, mothers 19 years and younger, mothers 40 

years and older, migration, urban, proportion of low SES neighborhood, and road density (i.e. 

traffic pollution surrogate). I also calculated the same models by including the three variables 

indicating whether the warm season occurred during the majority of the first trimester, second 

trimester, or the 3 months prior to birth. A Canada-wide analysis was not done because the 

country is an area deemed too large and variable for such an analysis to be meaningful, and an 

objective was to compare provinces and territories. Because I was interested only in the 

significance of the effect of one independent variable (X) on the response (Y), and there was no 

need of interpreting the coefficients, the coefficients were calculated (i.e. logarithm of the odds 

ratios). 

 

2.4 Results 

From a total of 2,620,415 births in Canada during 2006 to 2012, there were 2,525,645 births 

(96%) meeting my criteria: single, live, between 22 to 42 weeks gestation, and having a valid 6-

character postal code (Figure 2.1). Of these, 215,940 (8.55%) were SGA and 38,990 (1.54%) 

were LBWT. Table 2.3 shows the provincial counts for births, SGA, and LBWT: Ontario had the 
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most (941,085, 84,370, and 15,810) and Yukon had the least (2,615, 160, and 30). For context, 

Table 2.3 also provides the land areas and total population from the 2011 Canada Census [26]. 

 

Table 2.3. Descriptive statistics of the study population from Census Canada 2011 and the Vital 

Statistics–Birth Database. 

Province / Territory Abbreviation 

Area 

(km2) 

Total 

Population Births SGA LBWT 

Alberta AB  640,082   3,645,257  338,535 30,600 5,515 

British Columbia BC  922,509   4,400,057  296,025 22,880 3,815 

Manitoba MB  552,330   1,208,268  105,660 8,545 1,530 

New Brunswick NB  71,377   751,171  48,975 3,795 675 

Newfoundland NL  370,511   514,536  31,525 2,215 415 

Northwest Territories NT  1,143,793   41,462  4,770 290 55 

Nova Scotia NS  52,939   921,727  59,925 5,130 965 

Nunavut NU  1,877,788   31,906  5,515 340 95 

Ontario ON  908,608   12,851,821  941,085 84,370 15,810 

Prince Edward Island PE  5,686   140,204  9,530 605 110 

Quebec QC  1,356,547   7,903,001  587,845 49,855 8,690 

Saskatchewan SK  588,239   1,033,381  93,645 7,155 1,275 

Yukon YT  474,713   33,897  2,615 160 30 

 

Figure 2.3 maps out the provincial distributions of SGA and LBWT percentages. Male SGA was 

typically higher and female LBWT was consistently lower in all the provinces and territories. 

For SGA overall, Alberta had the highest (9.04%) and Northwest Territory had the lowest 

(6.08%). For male SGA, Ontario had the highest (9.10%) and Yukon had the lowest (5.84%). 

For female SGA, Alberta had the highest (9.01%) and Northwest Territory had the lowest 

(5.77%). For overall LBWT, Nunavut had the highest (1.68%) and Prince Edward Island had the 

lowest (1.15%).  For male LBWT, Nunavut had the highest (1.40%) and Yukon had the lowest 

(0.73%). For female LBWT, Nunavut had the highest (2.06%) and Northwest Territory had the 

lowest (1.28%). 
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Figure 2.3. Distribution of small for gestational age (SGA) and low birth weight at term (LBWT) 

for all, male (m), and female (f) babies born in Canada, 2006-2012. 

 

A total of 13,558 facilities released 30,855,608 tonnes of 228 unique chemicals to the air, 

primarily from the energy (electricity and oil/gas) and mining-related sectors (Appendix I: Figure 

S1.1). Table 2.4 shows that Alberta had the most facilities (n=6,643) and Yukon had the least 

(n=4). Ontario had the most chemicals (n=201) and Yukon had the least (n=5). Alberta emitted 

the most (9,004,138 tonnes) and Yukon emitted the least (5,147 tonnes). Figure 2.4 maps out the 

provincial distributions as percentages. Alberta had 49% of the facilities, followed by Ontario 

(20%) and Saskatchewan (10%). Alberta emitted 29% of the total national tonnes, followed by 
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Québec (18%) and Ontario (17%). Ontario had 88% of the total unique chemicals, followed by 

Québec (71%) and then Alberta (61%). Relative amounts of each chemical emitted for each 

province is available in Appendix I: Figures S1.2 through S1.5. 

 

 

Figure 2.4. Distribution of industrial air emissions by province shown as percentage of the 

national total for number of facilities (gold), number of chemicals (orange), and tonnes emitted 

(red). 
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Table 2.4. Descriptive statistics of the industrial air emissions from the National Pollutant 

Release Inventory. 

Province / Territory Abbreviation 

Number of 

Facilities 

Number of 

Chemicals Total Tonnes 

Alberta AB 6,643 140 9,044,138 

British Columbia BC 1,271 123 3,612,378 

Manitoba MB 198 72 2,531,479 

New Brunswick NB 107 78 795,615 

Newfoundland NL 91 65 664,952 

Nova Scotia NS 116 85 1,188,724 

Northwest Territories NT 42 51 96,493 

Nunavut NU 31 20 43,092 

Ontario ON 2,687 201 5,395,499 

Prince Edward Island PE 13 25 14,649 

Quebec QC 932 162 5,445,992 

Saskatchewan SK 1,423 85 2,017,450 

Yukon YT 4 5 5,147 

 

Table 2.5 shows the provincial land-based hazards for powerlines, dumps, gas stations, mines, 

oil/gas well pads, transformer stations, and crop lands. The percentage of each is shown in 

Appendix I: Figure S1.6. Québec had the most powerlines (24%). Ontario had the most dumps 

(32%), gas stations (32%), mines (24%), and transformer stations (46%). Alberta had the most 

oil/gas well pads (72%). Saskatchewan had the most crop lands (42%). 
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Table 2.5. Descriptive statistics of the land hazards. Unless measurement unit is indicated in parentheses, values are counts. 

Province / Territory Abbreviation 

Powerlines 

(km) Dumps 

Gas 

Stations Mines 

Well 

Pads Transformers 

Crop 

land 

(km2) 

Alberta AB 9,366 486 1,453 1,956 59,785 435  143,226  

British Columbia BC 10,715 415 1,678 1,938 2,743 289  8,836  

Manitoba MB 8,773 396 517 1,559 851 332  52,757  

New Brunswick NB 4,298 281 231 1,616  165  3,275  

Newfoundland NL 5,242 284 188 1,028 3 139     

Nova Scotia NS 3,814 171 336 963  166  2,135  

Northwest Territories NT 589 63 6 165 30 8     

Nunavut NU 22 10 2 29 14      

Ontario ON 20,428 1,887 3,374 5,442 15 2,028  52,232  

Prince Edward Island PE 241 28 57 137 1 14  2,480  

Quebec QC 22,744 1,207 2,165 5,382 2 611  27,636  

Saskatchewan SK 9,127 599 493 1,964 20,158 257  210,113  

Yukon YT 642 151 20 277 2 4     
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The adjusted beta coefficients and p-values (p<0.05 are in bold) from the logistic regressions are 

shown in Table 2.6. Crude values were almost identical and therefore not included. For 

simplicity, SGA and LBWT having associations greater than 0.2 with the industrial emissions 

and land hazards are highlighted. Results for all exposures in each province is in Appendix I: 

Figures S1.2-S1.5. The highest statistically significant associations (p<0.05) for Alberta SGA 

was styrene (β=0.721, p<0.009) and LBWT was carbonyl sulphide (β=0.959, p<0.026). British 

Columbia SGA was most associated with dumps (β=0.522, p<0.002) and LBWT was well pads 

(β=1.039, p<0.052). Manitoba SGA was most associated with dumps (β=0.639, p<0.009) and 

LBWT was with gas stations (β=0.328, p<0.001). New Brunswick SGA was most associated 

with transformer stations (β=0.585, p<0.044) and LBWT was with gas stations (β=0.831, 

p<0.000). Newfoundland SGA was most associated with ammonia (β=0.432, p<0.024) and 

LBWT had no significant associations. Northwest Territory SGA and LBWT had no significant 

associations. Nova Scotia SGA was most associated with gas stations (β=0.205, 0.002) and 

LBWT was not significant. Nunavut SGA was most associated with carbon monoxide (β=1.400, 

p<0.032) and LBWT was with PM2.5 (β=8.804, p<0.038). Ontario SGA was most associated 

with methyl ethyl ketone (β=0.085, p<0.009) and LBWT was with benzene (β=1.093, p<0.032). 

Prince Edward Island SGA was most associated with gas stations (β=0.838, p<0.004) and LBWT 

was not significant. Québec SGA was most associated with transformer stations (β=0.442, 

p<0.000) and LBWT was with i-Butyl alcohol (β=0.934, p<0.024). Saskatchewan SGA was 

most associated with transformer stations (β=0.732, p<0.000) and LBWT was with dumps 

(β=1.247, p<0.020). Yukon SGA had no significant associations and LBWT was most associated 

with PM10 (β=3.785, p<0.053). 
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Table 2.6. Logistic regression coefficients, adjusted by covariates, by each province for small for 

gestational age (SGA) or low birth weight at term (LBWT). p<0.05 in bold. See Appendix I: 

Table S1 for all results. Table continues. 

Variables SGA  LBWT  

 Beta p Beta p 

Alberta     

Carbonyl sulphide 0.445 0.074 0.959 0.026 

HCFC-142b -0.176 0.402 0.326 0.404 

Hydrogen fluoride 0.239 0.107 0.411 0.115 

Styrene 0.721 0.009 0.728 0.226 

Total Reduced Sulphur (TRS) - [MOE] 0.180 0.200 0.377 0.178 

Dump 0.515 0.001 0.317 0.352 

British Columbia     

Carbonyl sulphide 0.417 0.589 1.626 0.122 

Hydrogen fluoride 0.171 0.702 0.823 0.269 

Nickel (and its compounds) 0.471 0.651   

Sulphuric acid 0.362 0.001 -0.061 0.871 

Toluene -0.437 0.888 1.893 0.526 

Vanadium (fume or dust) 1.342 0.089   

Xylene (mixed isomers) -0.053 0.966 1.702 0.224 

Dump 0.522 0.002 0.823 0.039 

Well pad 0.391 0.272 1.039 0.052 

Powerline 0.145 0.000 0.299 0.000 

Transformer 0.218 0.141 0.068 0.846 

Manitoba     

Dump 0.639 0.009 0.965 0.076 

Gas station 0.234 0.000 0.328 0.001 

Transformer 0.587 0.000 0.543 0.071 

New Brunswick     

Sulphuric acid 0.479 0.128 0.581 0.356 

Crop 0.223 0.136 -0.065 0.854 

Dump 0.903 0.060 1.559 0.145 

Gas station 0.509 0.000 0.831 0.000 

Transformer 0.585 0.044 0.540 0.415 

Newfoundland     

Ammonia (total) 0.432 0.024 0.454 0.274 

Methanol 0.228 0.678 1.354 0.071 

PM2.5 - Particulate Matter ≤ 2.5 Microns 0.127 0.256 0.265 0.262 

Total Reduced Sulphur (TRS) - [MOE] -0.141 0.849 0.906 0.381 

Dump 0.563 0.383 0.682 0.636 

Gas station 0.290 0.039 0.216 0.487 

Well pad 0.929 0.876   

Transformer -0.079 0.858 1.302 0.163 
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Variables SGA  LBWT  

Northwest Territory     

Carbon monoxide 0.248 0.441 0.127 0.858 

PM10 - Particulate Matter ≤ 10 Microns 1.458 0.411 -3.342 0.461 

PM2.5 - Particulate Matter ≤ 2.5 Microns 1.481 0.403 -3.381 0.456 

Volatile Organic Compounds (VOCs) 0.317 0.108   

Dump 0.477 0.265 1.329 0.191 

Gas station 1.941 0.115 2.607 0.415 

Mine -0.259 0.879 2.636 0.410 

Nova Scotia     

Dump 0.334 0.445 0.662 0.487 

Gas station 0.205 0.002 0.078 0.591 

Transformer 0.267 0.109 0.109 0.768 

Nunavut     

Carbon monoxide 1.400 0.032 3.436 0.003 

Nitrogen oxides (expressed as NO2) 0.118 0.472 0.396 0.195 

PM10 - Particulate Matter ≤ 10 Microns 2.969 0.208 8.778 0.039 

PM2.5 - Particulate Matter ≤ 2.5 Microns 2.980 0.206 8.804 0.038 

Sulphur dioxide 0.969 0.304 1.827 0.164 

Well pad 1.324 0.304 -0.433 0.855 

Ontario     

2-Butoxyethanol -1.159 0.497 1.424 0.361 

Benzene 0.487 0.128 1.093 0.032 

Calcium oxide 0.304 0.160 -0.117 0.840 

GE - Diethylene glycol butyl ether (DEGBE) 0.211 0.271 0.313 0.416 

HCFC-22 1.418 0.220   

i-Butyl alcohol -0.274 0.481 0.418 0.284 

Manganese (and its compounds) 1.001 0.078   

Methyl ethyl ketone 0.085 0.009 0.204 0.002 

MSG#1 - Hydrotreated heavy naphtha 0.195 0.343 0.523 0.061 

Styrene 1.027 0.113 1.608 0.126 

Tetrahydrofuran 0.487 0.659   

Trichloroethylene -0.281 0.522 0.586 0.417 

White mineral oil 2.073 0.237   

Prince Edward Island     

Dump 0.325 0.882 -6.480 0.273 

Gas station 0.838 0.004 0.866 0.159 

Transformer 1.107 0.517 -2.368 0.541 

Québec     

Formaldehyde 0.886 0.197   

HCFC-142b 0.320 0.000 -0.177 0.488 

i-Butyl alcohol -0.120 0.788 0.934 0.024 

Isopropyl alcohol -0.120 0.788 0.934 0.024 

Methyl ethyl ketone 0.062 0.657 0.316 0.207 

n-Hexane 0.156 0.615 0.583 0.261 

Toluene 0.091 0.566 0.429 0.159 
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Variables SGA  LBWT  

Trichloroethylene 0.337 0.330 -0.720 0.554 

Well pad 6.675 0.098 17.603 0.001 

Powerline -0.056 0.000 -0.065 0.025 

Transformer 0.442 0.000 0.350 0.079 

Saskatchewan     

Hydrogen fluoride 0.448 0.747   

Total Reduced Sulphur (TRS) - [MOE] -0.181 0.776 0.540 0.615 

Dump 0.586 0.018 1.247 0.020 

Gas station 0.203 0.000 0.137 0.155 

Transformer 0.732 0.000 0.233 0.599 

Yukon     

Carbon monoxide 0.428 0.265 1.090 0.085 

Nitrogen oxides (expressed as NO2) 0.085 0.322 0.250 0.072 

PM10 - Particulate Matter ≤ 10 Microns 1.527 0.211 3.785 0.053 

PM2.5 - Particulate Matter ≤ 2.5 Microns 1.546 0.204 3.771 0.055 

Mine -2.326 0.162 2.408 0.469 

Transformer 5.213 0.489   

 

The exposures having the most associations with provincial SGA were gas stations (n=6), dumps 

(n=4), transformer stations (n=4), and powerlines (n=1). Ammonia, carbon monoxide, HCFC-

142b, methyl ethyl ketone, styrene, and sulphuric acid were the industrial emissions associated 

with SGA. Provincial LBWT was associated with PM10 (n=2), dumps, (n=2), gas stations (n=2), 

and powerlines (n=1). Benzene, carbon monoxide, carbonyl sulphide, i-butyl alcohol, isopropyl 

alcohol, methyl ethyl ketone, PM2.5 were also associated with LBWT. 

The provinces having statistically significant associations with only chemical exposures were 

Ontario, Nunavut, and Yukon (Figure 2.5). Manitoba, New Brunswick, Nova Scotia, Prince 

Edward Island, and Saskatchewan had associations with only land hazards. Alberta, 

Newfoundland, and Québec were primarily associated with chemicals and British Columbia was 

mostly land hazards. Figure 2.5 only shows statistically significant patterns for β>0.2 (p<0.05). 
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The differences between beta coefficients for models that included the seasonal variables (i.e. if 

the warm season occurred during the first trimester, second trimester, or 3 months prior to birth) 

were negligible (±0.001; see Appendix I: Table S1.1). 

 

Figure 2.5. Distribution of chemical emissions (orange) and land hazards (blue) having relatively 

stronger and statistically significant associations (β> 0.2 and p<0.05) with small newborns. 

 

2.5 Discussion 

Maternal proximity to environmental variables potentially representing ambient health hazards 

and their associations with small newborns differed by province. Ontario, Québec, Alberta, and 

British Columbia had more associations, almost certainly due to the higher levels of industrial 

activity. There were no industrial chemicals having associations with more than one province, 
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but dumps, gas stations, powerlines, transformer stations, and well pads had associations with 

two or more provinces. Overall, the land hazards had associations with more provinces, 

especially in the prairie and Atlantic provinces. Chemical emission associations were stronger in 

Ontario, Alberta, and the territories; the latter was surprising since the territories have fewer 

facilities, chemicals, and emissions compared to the rest of Canada. The lower land hazard 

associations in the territories were likely due to less infrastructure, such as dumps, gas stations, 

etc. The lack of land hazard associations in Ontario was surprising and may be because this 

province has the largest overall chemical emission pattern. I suggest that these differences in 

associations may reflect the multifactorial nature of the adverse birth outcomes. SGA includes 

preterm births making up the majority, and the potential exposures likely differ from LBWT, 

which are full term births. 

The environmental variables were carefully chosen based on published studies [112] and 

accessibility of standard map data for the entire country. Previous research on dumps/waste sites 

[113, 114], gas stations [115], and power lines/electrical infrastructure [65, 66] have also 

indicated associations with a variety of birth outcomes. The majority of the industrial chemicals 

discovered – ammonia, benzene, carbon monoxide, isopropyl alcohol, methyl ethyl ketone, PM10 

(particulate matter ≤ 10 microns), PM2.5 (particulate matter ≤ 2.5 microns, styrene, and sulphuric 

acid – are suspected or known developmental toxicants [116, 117]. 

Season did not have an effect on either SGA or LBWT. Perhaps, the static warm season 

definition did not fit for all, mostly due to the vast latitudinal differences among and within the 

provinces/territories. Also, a finer temporal resolution conducive to seasonal estimations of the 

ambient health hazards is likely needed. 
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Limitations 

The provincial scale is likely too large to identify all potential associations because the 

settlement and land use patterns differ within. Future research on smaller geographic areas is 

suggested, especially for assessing which industrial chemicals are important. Facilities likely 

cluster by industrial sector according to regional geographies, emitting different groups of 

chemicals in different parts of the provinces. Province-wide analysis using global regression 

methods cannot detect this. Thus, scale may also be the reason that industrial chemicals were not 

as strongly associated as would be expected for the more industrial areas. 

Rural postal codes are too spatially inaccurate to give reliable results. This is particularly 

problematic when assigning density values of typically rural land hazards (e.g. crop land and 

well pads) where actual residences may be situated much closer to these land hazards than the 

postal code delivery locations. 

The use of areal units of analysis underscores the risk of ecological fallacy (aggregation bias) 

[9]; i.e. it must be remembered that not all births in the postal code areas may have been 

SGA/LBWT. 

Depending on alternative objectives (e.g. in epidemiology or planning policy), the reporting of 

coefficients (log of odds ratios) from the logistic regression model may not be suitable. Odds 

ratios are more easily interpretable as how much the levels of one variable (X = 1 = exposure) 

affects Y in relation to a reference for X (i.e. X = 0 = no exposure). The beta coefficients were 

useful for investigating whether any associations existed. More sophisticated statistical analyses 

to explore interactions of the environmental variables may be performed in the future. 
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My methods relied on proximity, but the greater amount or density of outdoor environmental 

hazards closer to populations did not equate to individual-level exposures. Future research is 

encouraged to include biomonitoring and lab experiments in non-human models to investigate 

potential causation of the factors identified here. 

Strengths 

The identified associations lead toward a more holistic environmental health approach to 

understanding SGA and LBWT factors. I have applied easily accessible GIS tools and developed 

methods to aid in population-level exposures of maternal ambient health hazards and really small 

newborns. My use of publicly available spatial databases means the research may also be applied 

to any health issue where exposure to the outdoor environment may be of concern. 

Conclusion 

This is the first study to demonstrate provincial differences in associations of multiple maternal 

ambient health hazards with SGA and LBWT in Canada. My calculation of the Canadian 

percentage of SGA, based on my delimited population, was still very similar to the government 

published Canadian three-year averages over the study period. Because I only included newborns 

at term, my calculation of Canadian percentage of LBWT was lower. Standard mapping of the 

hazards allowed for comparisons among different geographic areas, further recognizing that 

adverse birth outcomes are indeed multifactorial. Pollutants released to the air or land-based 

hazards may be more important depending on where one lives. Further research is needed to 

determine causation, but my results invoke the precautionary principle to do no harm. Therefore, 

increasing our understanding of these possible risk factors from the shared outdoor environment 

will aid planners and health professionals in identifying these potential issues for prevention and 

development of intervention solutions to reduce future occurrence of babies born too small.  
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Chapter 3 Mapping outdoor habitat and abnormally small 

newborns to develop an ambient health hazard index 
 

3.1 Abstract 

Background: The geography of where pregnant mothers live is important for understanding 

outdoor environmental habitat that may result in adverse birth outcomes. I investigated whether 

more babies were born small for gestational age or low birth weight at term to mothers living in 

environments with a higher accumulation of outdoor hazards. 

Methods: Live singleton births from the Alberta Perinatal Health Program, 2006-2012, were 

classified according to birth outcome, and used in a double kernel density estimation to 

determine ratios of each outcome per total births. Individual and overlay indices of spatial 

models of 136 air emissions and 18 land variables were correlated with the small for gestational 

age and low birth weight at term, for the entire province and sub-provincially. 

Results: There were 24 air substances and land sources correlated with both small for gestational 

age and low birth weight at term density ratios. On the provincial scale, there were 13 air 

substances and 2 land factors; sub-provincial analysis found 8 additional air substances and 1 

land source. Air substances having rho>0.4 for both SGA and LBWT were i-Butyl alcohol, 

Asbestos (friable form), Toluenediisocyanate (mixed isomers), Toluene-2,4-diisocyanate, 

Toluene-2,6-diisocyanate, Chromium (and its compounds), Aluminum (fume or dust), Hydrogen 

sulphide, 2-Ethoxyethanol, Nickel (and its compounds), Quinoline (and its salts), Aniline (and its 

salts), Cyclohexane, Acetaldehyde; land sources having rho>0.4 were nighttime lights and roads. 

Conclusion: This study used a combination of multiple outdoor variables over a large 

geographic area in an objective model, which may be repeated over time or in other study areas. 
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The air substance-weighted index best identified where mothers having abnormally small 

newborns lived within areas of potential outdoor hazards. However, individual air substances and 

the weighted index provide complementary information. 

 

3.2 Background 

A truly ecologically-based study of health integrates habitat, population, and behavior – 

encompassing a more complete geography as framed by Meade’s triangle of human ecology [27, 

29]. Three vertices conceptualize what is known about an important pediatric topic: maternal 

exposure to outdoor pollution and neonatal outcomes (Figure 3.1). Here I focus on the lesser 

studied habitat vertex, specifically the outdoor environment, since less attention is traditionally 

given to incorporating ecological factors in understanding disease [27]. The location aspect of 

habitat – where pregnant women live, where industry and services are situated, where 

demographic groups congregate – is important because where one lives and where one starts out 

in life, even during fetal development, ultimately influences lifelong health [1, 10–12]. 

Toxicant exposures and environmental influences on mothers during crucial stages of pregnancy 

may result in newborns that are too small or born too early. Adverse birth outcomes (ABO) are 

important markers of infant survival, development and future health. My research focuses on 

being born too small, clinically defined as Small for Gestational Age (SGA) when newborns are 

below the 10th percentile weight based on sex and weeks of pregnancy, or Low Birth Weight at 

Term (LBWT) when newborns are less than 2,500 grams weight at term, 37 or more weeks 

gestation [14]. 
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Figure 3.1. Meade’s triangle of human ecology for maternal exposures and small for gestational 

age (SGA) and low birth weight at term (LBWT): dashed arrow indicates hypothesized 

mechanisms. 

 

The province of Alberta, Canada, had a population of 3,645,257 at the 2011 Census [118]. That 

was a 10.8% increase from 2006 while the national average increase was 5.9%. For a land area 

of 640,082 km2, the population density was 5.7 persons/km2, where 83% of the population lived 

in or near urban centers. Alberta’s economic activities were focused on agriculture, natural 

resources, and nonrenewable energy – having a higher number of industrial facilities reporting to 

the National Pollutant Release Inventory (NPRI) than any other province or territory [105]. The 

NPRI is a valuable data source on industrial-based pollutants [99]. Alberta also has higher 
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ABOs: SGA was 8.8% (Canada was 8.4%); and low birth weight for all gestational ages was 

6.7% (Canada was 6.0%) [23]. Alberta rates also increased during 2000-2014: SGA from 10% to 

11.5%; and low birth weight for all gestational ages from 6.1% to 6.7% [119]. 

SGA/LBWT complications include death, physical and cognitive disabilities, and chronic health 

problems later in life, costing emotional stress and the majority of the health care expenses 

among all newborns [7]. Disorders related to short gestation and low birth weight are 

consistently ranked as the 2nd leading cause of infant death (congenital deformation is the leading 

cause) [24] – and have increased in Canada since the year 2000 [23, 119]. 

Abnormally small newborns are the result of growth restriction, which may be due to 

environmental pollutants thought to cause inflammation in mothers, direct toxic effects on the 

placenta and the fetus, interruption of oxygen-hemoglobin interaction, or DNA damage 

represented by the formation of DNA adducts [81, 82]. 

The environment includes social, built, and natural features. Individual risks are also very 

important to ABOs but are often not available nor easily mapped. These include personal, 

behavioral, social, and indoor exposures, such as: adequate prenatal care; food type and 

contaminants; rest, stress, and pre-existing health conditions; occupation and socioeconomic 

status; smoking and other substance use; drinking water contaminants. My focus is on the 

outdoor environmental habitat because it is a common source of shared exposures susceptible to 

regulation (biology and behavior are not). These include air, water, human-constructed, and 

natural outdoor hazards, such as: industrial emissions; traffic pollution; agricultural chemical 

inputs of pesticides, herbicides, and fertilizers; electromagnetic radiation; proximity to oil and 

gas extraction activities; wildfire smoke. 
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Environmental health research has found many environmental factors to be associated with 

various health outcomes [44, 79, 120–126]. However these are typically explored singly: one 

exposure or category of exposure at a time. A unified environmental measure may be constructed 

across multiple variables to encompass the complex nature of the overall environment. 

Environmental indices have history: Inhaber had proposed an integrated national index for 

Canada in the 1970s [127]. Rather than relying on individual pollutants to reflect the state-of-the-

environment, Inhaber mathematically combined such indicators for the purpose of resource 

allocation, ranking of locations, enforcement of standards, trend analysis, public information, or 

scientific research [128]. Under that premise, Messer et al. [129] developed a California county-

level environmental quality index using principal components analysis (PCA) to calculate five 

environmental domains (air, water, land, built, and sociodemographic), which were then 

combined into a single index using PCA on the first components, and stratified by rural-urban 

continuum codes. Similarly, Messer et al.’s CalEnviroScreen 2.0 [130, 131] superimposed 19 

individual indicators that related to pollution exposures, environmental conditions, and 

population characteristics, weighted and summed each set of indicators, and then multiplied 

together pollution and population (i.e. Threat × Vulnerability = Risk). I have not found similar 

environmental health indices available for Canada, or the province of Alberta, and especially 

none focused primarily on maternal exposures associated with ABO. 

Through the use of a Geographical Information System (GIS), I developed a simplified and 

reproducible index for Alberta by estimating and aggregating pollutants from communal outdoor 

factors. GIS supports the inclusion of diverse data and enables modelling of hazard-exposure-

dose-response processes in space [32, 33]. To capture the relevant pollutant estimates, spatially 

and temporally appropriate GIS data files were overlaid to develop a vulnerability map of 
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combined disparate (in theme and measurement units) environmental factors, similar to Messer 

et al. [129, 130]. The index will aid my examination of maternal ambient health hazards and 

abnormally small newborns by providing a relative ranking of locations across the province that 

are not limited by administrative boundaries. 

My research is part of the Data Mining and Neonatal Outcomes (DoMiNO) project that is 

exploring the colocation of adverse birth outcomes and environmental variables in Canada [109]. 

For my geographical perspective on the project I hypothesized that SGA or LBWT babies are 

more likely to be born to mothers living in environments with a higher number of outdoor 

hazards (especially pollutants) than in relatively healthier habitats with fewer exposure hazards. 

My objective was to examine how the separate and combined exposures to the outdoor built-up, 

natural, and social environments of pregnant mothers coincided with patterns in SGA/LBWT. I 

also expected that the large Alberta province would have regional variations in the outdoor 

environment and investigated this effect on the associations. 

 

3.3 Methods 

GIS parameters 

I used Esri’s ArcGIS Desktop 10.5 software to perform all spatial database processing, 

management, distribution analyses, hazard estimations, and index calculations [101]. Proximity 

was extremely important in my spatial analysis; therefore, I customized an Alberta-focused map 

projection, based on the following parameters: name Azimuthal Equidistant; central meridian -

113.5; latitude of origin 53.5; linear unit meter (1.0); and geographic coordinate system (GCS) 



 

45 

with North American Datum 1983 (NAD 1983). I projected all GIS data to this distance-

preserving spatial reference. 

For raster files I used a 250 m by 250 m cell size to reasonably represent both urban and rural 

areas in the very large study area, and to match the coarsest dataset: MODIS Terra satellite [132]. 

Because Alberta is landlocked, I included data features within 50 km surrounding the provincial 

boundary where available: by doing so, any potential pollutant source close to the outer edge of 

the province was included. 

Regional attribution 

I produced sub-provincial maps of the percent ratios for each SGA/LBWT to facilitate 

comparisons that are more meaningful to health care and environmental management. I assigned 

administrative attributes to postal code locations. This allowed grouping by health region [133] 

or airshed zone [134] because both are health-related administrative boundaries that help identify 

where there may be different outdoor factors of importance. 

Health regions are designated by the provincial Ministry of Health to identify geographic areas 

where hospital boards or regional health authorities administer and deliver public health care, 

and are subject to change [135]. At the start of my study period, there were nine health regions 

for Alberta (Table 3.1): Chinook Regional Health Authority (4821); Palliser Health Region 

(4822); Calgary Health Region (4823); David Thompson Regional Health Authority (4824); East 

Central Health (4825); Capital Health (4826); Aspen Regional Health Authority (4827); Peace 

Country Health (4828); and Northern Lights Health Region (4829). 

Airshed zones are endorsed by the multi-stakeholder Clean Air Strategic Alliance to identify 

geographic areas where the air quality is similar in emission sources, volumes, impacts, 
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dispersion and administrative characteristics [136]. Because Alberta has several unique 

topographical, meteorological, or ecological conditions for resolving air quality, there are nine 

airsheds currently recognized (Table 3.1): Alberta Capital Airshed Alliance (ACAA); Calgary 

Region Airshed Zone (CRAZ); Fort Air Partnership (FAP); Lakeland Industry and Community 

Association (LICA); Palliser Airshed Society (PAS); Parkland Airshed Management Zone 

(PAMZ); Peace Airshed Zone Association (PASZA); West Central Airshed Society (WCAS); 

and Wood Buffalo Environmental Association (WBEA). It is important to note that the entire 

province is not monitored by airshed zones, with the southwest corner, east-central, and majority 

of the north having no airshed (NA). 

 

 

Table 3.1. Alberta’s sub-provincial units and descriptive statistics, in descending order of birth 

number. 

Unit 

Map 

Code Name 

Area 

(km2) 

Postal 

Codes 

Geolocated 

Births SGA LBWT 

Province none Alberta 663,563 53,399 333,247 29,679 5,485 

Health 

Region 

4823 Calgary Health 

Region 
39,350 20,537 121,965 12,543 2,339 

4826 Capital Health 11,883 20,004 99,691 8,596 1,566 

4824 David Thompson 

Regional Health 

Authority 

61,578 3,325 29,766 2,394 476 

4827 Aspen Regional 

Health Authority 
137,639 1,440 18,004 1,252 222 

4821 Chinook Regional 

Health Authority 
26,062 2,406 16,639 1,342 233 

4828 Peace Country 

Health 
123,870 1,580 16,428 1,188 215 

4829 Northern Lights 

Health Region 
189,696 1,073 11,097 808 147 

4822 Palliser Health 

Region 
39,772 1,723 9,920 858 147 

4825 East Central Health 33,812 1,311 9,737 698 140 
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Unit 

Map 

Code Name 

Area 

(km2) 

Postal 

Codes 

Geolocated 

Births SGA LBWT 

Airshed 

Zone 

CRAZ Calgary Regional 

Airshed Zone 
32,372 20,530 120,392 12,409 2,310 

ACAA Alberta Capital 

Airshed Alliance 
4,933 19,474 95,085 8,284 1,503 

NA No Airshed zone 362,439 4,867 47,527 3,509 647 

PAMZ Parkland Airshed 

Management Zone 
40,936 2,774 24,896 1,978 387 

PASZA Peace Airshed Zone 

Association 
45,892 1,409 12,475 927 175 

PAS Palliser Airshed 

Society 
39,900 1,723 9,920 858 147 

WBEA Wood Buffalo 

Environmental 

Association 

69,214 1,061 7,540 627 115 

WCAS West Central 

Airshed Society 
47,142 612 7,386 559 107 

LICA Lakeland Industrial 

Community 

Association 

16,215 455 4,479 293 43 

FAP Fort Air Partnership 4,519 494 3,547 235 51 

 

 

Dependent variables 

The Alberta Perinatal Health Program (APHP) provided anonymized data for the province of 

Alberta, from 2006 to 2012 [25]. 

I selected for live single births between 22 and 42 weeks gestation and geocoded them to the 

centroid of the 6-character postal code of the mothers’ residences at the time of the birth 

registration. DMTI Spatial’s Platinum Postal Code Suite [110] provided the longitude and 

latitude coordinates for the years 2001 to 2013, which I uniquely selected to guarantee static 

locations through the entire study period. 95% of the original data had valid coordinates for use 
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in spatial analyses. Using the previous definitions, I classified the birth records as binary 

variables identifying SGA or LBWT. Details are available in Serrano-Lomelin [88]. 

To eliminate the confines of arbitrary administrative boundaries, I followed the double kernel 

density (DKD) method [137–142] to calculate distributions of SGA and LBWT, normalized by 

all births. DKD involves kernel density estimation – a non-parametric method that spreads point 

values across a surface by calculating the magnitude-per-unit area from points (representing the 

counts of birth events), fitted to a smoothly tapered function that spreads the values within a 

specified distance (25 km for this study) around each point [108]. Points within the radius that 

are further from the center are weighted lower than those closer and helps indicate “hot spots.” 

Dividing each SGA/LBWT by the kernel density of total births yielded ratios of the birth 

outcome that also masked locations of the residences, helping protect privacy. 

Independent variables 

Personal maternal monitoring data were not available for this retrospective study. I used 

landscape features as spatial proxies of exposure hazards, as done in previously published 

research [33]. In total, I chose 18 outdoor sources, identified in published studies [44, 120–125] 

or added for novel exploration (10 built; five social; three natural) plus 136 industrial air 

substance emissions. Table 3.2 lists the environmental variables and indicates specific 

characteristics and processing details. 

I applied kernel density to spread industrial emissions from the NPRI database as tonnes per area 

within a 10 km radius (based on distances determined from the project’s data mining algorithm 

[109]). I used the count of other point features – industrial facilities, gas stations, waste/landfills, 

oil/gas well pads, food stores, and health care/hospitals – in kernel density to calculate the 
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number per area within a 3 km radius. I also applied kernel density to roads and electrical power 

lines to calculate length per area within a 3 km radius. A main advantage of using kernel density 

is it accounts for distance decay (features have less influence further away). When linear features 

are the input it also helps to approximate the number of intersections – important when analyzing 

pollution sources from roads because vehicles idle at intersections. 

For areal features, I used focal statistics, also known as moving-window or neighborhood 

analyses, on binary surfaces of feedlots, mine sites, cultivated lands, aboriginal lands, water/blue 

space, and wildfires. The mean statistic on binary values of 1, indicating presence of the feature, 

and 0, indicating absence, yielded proportions. For vegetation/naturalness, the mean statistic 

returned the mean Normalized Difference Vegetation Index (NDVI), where higher values 

identify more chlorophyll-producing healthy green vegetation captured by the satellite imagery 

pixels. Except for the 50 km wildfire radius, all others had a 3 km radius. I accepted the original 

values for the coarser resolution nighttime lights and area-based, neighborhood-level 

socioeconomic index. 
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Table 3.2. Outdoor environmental factors mapped for association with adverse birth outcomes. The time (year), distance threshold 

(radius in meters), units, and source are indicated for each. 

Category Variable Year Feature Method 

Radius 

(km) Units Source 

Built 136 air substances average 

2006-12 

point Kernel 

Density 

10 tonnes or kg/km2 EnvCan [105] 

Industrial facilities unique 

2006-12 

point 3 #/km2 

Roads 2012 line km/km2 StatsCan [104] 

Electrical power lines 2012 line km/km2 AltaLIS [143] 

Gas stations 2015 point #/km2 DMTI Spatial [110] 

Waste/landfills 2015 point #/km2 

Oil/gas well pads 2012 point #/km2 ABMI [144] 

High density livestock operations 2012 area Focal 

Statistics 

#/km2 

Mine sites 2012 area km2/km2 

Cultivated lands 2012 area km2/km2 

Nighttime lights average 

2006-12 

raster None 0 index NOAA [145] 

Social Food stores 2015 point Kernel 

Density 

3 #/km2 DMTI Spatial [110] 

Health care 2015 point #/km2 

Hospitals 2015 point #/km2 

Aboriginal lands 2016 area Focal 

Statistics 

km2/km2 NRCan [146] 

Neighborhood socioeconomic 2006 raster None 0 index Chan [103] 

Natural Vegetation/naturalness maximum 

2006-12 

raster Focal 

Statistics 

3 index/km2 NASA [132] 

Water 2013 area km2/km2 NRCan [146] 

Wildfires average 

2006-12 

area 50 km2/km2 AgFor [147] 
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Spearman’s rank correlation 

I joined values from the DKD distributions and each independent variable surface extracted to 

unique postal codes where births occurred. My data were non-normally distributed due to many 

zero values in both the dependent and independent variables. I used Python 2.7 software [111] 

with the pandas 0.16 site package [148] to calculate Spearman’s rank correlations among 

SGA/LBWT and each environmental variable. To test the association of the combined 

environmental factors, I calculated a second set of Spearman’s rank correlations using DKD 

values to test the indices. Correlation was calculated for the entire province and aggregated by 

sub-provincial unit. 

Overlay analysis 

Overlay analysis is a simple and reproducible method to combine several inputs into a single 

output [149]. It is most common for optimal site selection and suitability modeling, especially for 

mapping habitat. The class values represent rankings from higher to lower suitability or risk. In 

my study, I applied it to map “reverse suitability” to identify maternal ambient health hazards. 

Because the values of continuous surfaces varied in measurement units, I standardized them into 

a similar ratio scale by reclassifying the environmental variables into 5 standard classes using 

quintiles. The ordering of the reclassification corresponded with the direction of the correlation: 

most were straightforward but if the variable was negatively correlated then the reclassification 

was applied in a backwards fashion; e.g. vegetation, water and socioeconomic status classes were 

ranked 5 to 1 because lower original values were considered to be more hazardous. I calculated 

the sub-indices as weighted sum overlays with equal weightings on air substances and land-
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based sources separately, which were then overlaid together. I was interested in preserving the 

combined effects of the industrial air substances; therefore, in addition to an equal weighted sum 

of both, I also approximated a conservative two-thirds (0.7) weighting to the air substances 

summed with a one-third (0.3) weighting of the land-based sources. In the two different indices – 

Overlay Equal and Overlay 0.7/0.3 – the class rankings were accumulations that represent where 

the study area had more environmental hazards. 

Overall, the reverse suitability indices were calculated by modeling each individual pollutant 

surface using distance-centered analyses (i.e. kernel densities and focal statistics), reclassified in 

to quintiles of class rankings, and overlaid as weighted sums. The detailed GIS methods for the 

map-based calculations of all the independent variables and subsequent indices are specified in 

Table 3.2 (i.e. features, methods, and radii) and shown graphically in Figure 3.2. 
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Figure 3.2. Flow chart of standard GIS commands for constructing the indices (colored boxes). 
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3.4 Results 

Spatial distribution of adverse birth outcomes 

Table 3.1 shows raw counts of births, SGA, and LBWT, based on valid postal codes. For 2006-

2012, the entire province of Alberta had 333,247 births with a valid spatial location (95% of total 

registered), allocated to 53,399 postal codes. 29,679 geocoded births were classified as SGA 

(8.9%) and 5,485 were classified as LBWT at term (1.6%). 

Figure 3.3 depicts the percentages of SGA/LBWT for each sub-provincial unit relative to Alberta 

(marked by *). For health regions, SGA ranged from 7.0-10.3% and LBWT ranged from 1.2-

1.9%. Health region 4823 had the highest number of births (n=121,965), highest SGA 

(n=12,543, 10.3%), and highest LBWT (n=2,339, 1.9%); 4825 had the lowest number of births 

(n=9,737), SGA (n=698, 7.2%), and LBWT (n=140, 1.4%); but 4827 had the lowest SGA 

(n=1,252, 7.0%) and LBWT (n=222, 1.2%). For airshed zones, SGA ranged from 6.5-10.3% and 

LBWT ranged from1.0-1.9%. Airshed zone CRAZ had the highest number of births 

(n=120,392), SGA (n=12,409, 10.3%), and LBWT (n=2,310, 1.9%); FAP had the lowest number 

of births (n=3.547) and LICA had the lowest SGA (n=293, 6.5%) and lowest LBWT (n=43, 

1.0%). 
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Figure 3.3. Percentages of births having small for gestational age (SGA) or low birth weight at 

term (LBWT) in sub-provincial units (* indicates value for the whole province). 

 

The distributions of births per area in Figure 3.4 show higher concentrations of more than 3 

births per km2 in the sub-provincial units containing the major cities of Edmonton and Calgary, 

with medium densities in the adjacent units and in the airshed zones containing Grande Prairie 

(west-central) and Cold Lake (east-central). 
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Figure 3.4. Births per area ratios in sub-provincial units. 

 

The patterns differ by sub-provincial unit for SGA/LBWT mapped as numbers per births (Figure 

3.5). SGA is highest in the units containing Edmonton and along the west-east Banff-Calgary-

Brooks corridor. Health regions have medium SGA adjacent to the high SGA. Airsheds also 

show medium SGA in the west and north-east. LBWT is highest in the north-south Edmonton-

Red Deer-Calgary corridor. Medium LBWT is adjacent to the higher units, with the exception of 

the northern health regions containing Grande Prairie-Peace River and Fort McMurray-Fox 

Lake. The lower LBWT in the central health region 4827 separates the province; LBWT in the 

airshed containing Cold Lake is the lowest in the province. 
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Figure 3.5. Small for gestational age (SGA) or low birth weight at term (LBWT) ratios in sub-

provincial units. 
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Figure 3.6 maps the results of the DKD method for each SGA/LBWT. Both SGA/LBWT cover 

the same areas of the province and the darker colors indicate higher values for SGA (purple) and 

LBWT (green). The result of DKD is a continuous value, but the maps classified with tertiles 

visually enhance the slightly different distributions for SGA and LBWT: urban (Edmonton and 

Calgary) areas shared highest values for both SGA/LBWT; central areas had more LBWT; and 

southeast areas had more SGA. 

 

 

Figure 3.6. Double kernel density (DKD) distributions of small for gestational age (SGA) and 

low birth weight at term (LBWT) are ratios of the adverse birth outcome per area divided by 

total births per area, each within a 25 km radius; DKD is dimensionless. 
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Hazard mapping 

The Spearman's rank correlation values were sorted in descending order for each of the 

independent variables (Table 3.3). Provincially, variables having correlations greater than 0.40 

(low value accepted since data were not adjusted for epidemiological factors because they were 

not available for mapping) with SGA were: i-Butyl alcohol (rho=0.56); Asbestos; Nighttime 

Light; Toluenediisocyanate; Toluene-2,4-diisocyanate; Toluene-2,6-diisocyanate; Chromium 

Aluminum; Hydrogen sulphide; Road; 2-Ethoxyethanol; *Nickel; Quinoline; Aniline; 

Cyclohexane; Acetaldehyde; and *Phosphorus (rho=0.42). Variables with correlations greater 

than 0.40 with LBWT were: i-Butyl alcohol (rho=0.54); Asbestos; Toluenediisocyanate; 

Toluene-2,4-diisocyanate; Toluene-2,6-diisocyanate; Aluminum; Chromium; Nighttime Light; 

Hydrogen sulphide; 2-Ethoxyethanol; Quinoline; Aniline; Road; Cyclohexane; Acetaldehyde; 

*Isopropyl alcohol; and *Ethylene oxide (rho=0.41). Both SGA/LBWT were strongly associated 

with 15 air substances (the asterisk * marks those that differed: Nickel and Phosphorous for 

SGA; Ethylene oxide and Isopropyl alcohol for LBWT) and 2 land sources (both Nighttime 

Light and Road). Both SGA/LBWT had negative correlations (< -0.40) with Vegetation (SGA 

rho=-0.56; LBWT rho=-0.48), Oil/Gas Wellpad (SGA rho=-0.53; LBWT rho=-0.49), and 

Cultivated Land (SGA rho=-0.47; LBWT rho=-0.41). 

The dilution effect of spreading the hazards across the large study area highlighted regional 

importance. Using the criteria of four or more health regions having a rho greater than 0.40 

indicated the importance of Nitrogen oxides, Sulphur dioxide, Particulate Matter less than or 

equal to 2.5 microns (PM2.5), and Acetaldehyde with SGA. The same criteria identified Xylene, 

Mine Site, Manganese, and Lead for LBWT. Four or more airshed zones having a rho greater 
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than 0.40 highlighted Sulphur dioxide and Acetaldehyde with SGA, and Xylene, Particulate 

Matter less than or equal to 10 microns (PM10), and PM2.5 for LBWT. 

The number of unique environmental variables having rho values greater than 0.40 province-

wide or within four or more sub-provincial units totaled 30 (24 air substances and 6 land-based). 

 

Table 3.3. Spearman’s rank correlations of small for gestational age (SGA) and low birth weight 

at term (LBWT) with air substances and land sources (*), in descending correlation rho values. 

In the right half of the table, the count of units exceeding rho>0.40 and the range are shown for 

the data aggregated by health regions and airshed zones. Variables having a rho>0.4 for the 

province or for 4 or more sub-provincial units are indicated by bold font. Table continues. 

Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

SGA LBWT SGA LBWT SGA LBWT 

i-Butyl alcohol 0.56 0.54 1 (0.02 

to 0.81) 

3 (0.42 

to 0.80) 

1 (0.32 

to 0.81) 

2 (0.45 

to 0.80) 

Asbestos (friable form) 0.54 0.52 1 (0.73 

to 0.73) 

1 (0.67 

to 0.67) 

1 (0.73 

to 0.73) 

1 (0.67 

to 0.67) 

*Nighttime Light 0.51 0.47 2 (-0.17 

to 0.48) 

1 (-0.50 

to 0.42) 

2 (-0.40 

to 0.51) 

3 (-0.50 

to 0.52) 

Toluenediisocyanate (mixed 

isomers) 

0.49 0.51 0 (0.26 

to 0.26) 

1 (0.42 

to 0.42) 

0 (0.26 

to 0.26) 

1 (0.42 

to 0.42) 

Toluene-2,4-diisocyanate 0.49 0.50 0 (0.26 

to 0.26) 

1 (0.41 

to 0.41) 

0 (0.26 

to 0.26) 

1 (0.41 

to 0.41) 

Toluene-2,6-diisocyanate 0.49 0.50 0 (0.26 

to 0.26) 

1 (0.41 

to 0.41) 

0 (0.26 

to 0.26) 

1 (0.41 

to 0.41) 

Chromium (and its 

compounds) 

0.48 0.47 2 (-0.07 

to 0.68) 

2 (-0.07 

to 0.77) 

2 (-0.23 

to 0.68) 

2 (-0.26 

to 0.77) 

Aluminum (fume or dust) 0.48 0.49 1 (0.20 

to 0.67) 

1 (0.25 

to 0.76) 

1 (-0.18 

to 0.67) 

1 (-0.20 

to 0.76) 

Hydrogen sulphide 0.47 0.47 4 (-0.09 

to 0.59) 

3 (-0.06 

to 0.67) 

3 (-0.34 

to 0.59) 

3 (-0.35 

to 0.67) 

*Road 0.46 0.42 2 (-0.11 

to 0.47) 

0 (-0.37 

to 0.38) 

3 (-0.01 

to 0.60) 

2 (-0.37 

to 0.51) 

2-Ethoxyethanol 0.44 0.46 0 (0.25 

to 0.25) 

1 (0.41 

to 0.41) 

0 (0.25 

to 0.25) 

1 (0.41 

to 0.41) 

Nickel (and its compounds) 0.44 0.39 2 (-0.20 

to 0.66) 

3 (-0.88 

to 0.75) 

2 (-0.24 

to 0.66) 

2 (-0.88 

to 0.75) 

Quinoline (and its salts) 0.43 0.46 0 (0.25 1 (0.40 0 (0.25 1 (0.40 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

to 0.25) to 0.40) to 0.25) to 0.40) 

Aniline (and its salts) 0.43 0.45 0 (0.25 

to 0.25) 

1 (0.40 

to 0.40) 

0 (0.25 

to 0.25) 

1 (0.40 

to 0.40) 

Cyclohexane 0.42 0.42 3 (-0.07 

to 0.81) 

3 (-0.07 

to 0.81) 

3 (-0.27 

to 0.81) 

3 (-0.30 

to 0.81) 

Acetaldehyde 0.42 0.42 4 (-0.41 

to 0.60) 

3 (-0.07 

to 0.59) 
4 (-0.34 

to 0.60) 

3 (-0.34 

to 0.59) 

Phosphorus (total) 0.42 0.38 1 (-0.20 

to 0.49) 

1 (-0.88 

to 0.44) 

1 (-0.49 

to 0.52) 

1 (-0.88 

to 0.46) 

Isopropyl alcohol 0.40 0.41 2 (-0.40 

to 0.52) 

3 (-0.47 

to 0.53) 

2 (-0.60 

to 0.77) 

2 (-0.67 

to 0.52) 

PAHs, total unspeciated 0.40 0.40 0 (0.30 

to 0.32) 

1 (0.33 

to 0.43) 

0 (0.26 

to 0.32) 

1 (0.29 

to 0.43) 

Ethylene oxide 0.36 0.41 0 (-0.43 

to 0.25) 

1 (-0.20 

to 0.41) 

0 (-0.30 

to 0.25) 

1 (-0.32 

to 0.41) 

Ammonia (total) 0.36 0.34 1 (-0.41 

to 0.63) 

1 (-0.75 

to 0.73) 

1 (-0.50 

to 0.53) 

1 (-0.75 

to 0.66) 

Phosphorus (yellow or white) 0.35 0.37 0 (-0.14 

to 0.05) 

0 (-0.14 

to 0.23) 

0 (-0.15 

to 0.05) 

0 (-0.14 

to 0.23) 

Methylenebis(phenylisocyanate) 0.34 0.38 0 (-0.43 

to 0.23) 

0 (-0.49 

to 0.38) 

0 (0.13 

to 0.23) 

1 (0.38 

to 0.72) 

PM10 - Particulate Matter ≤ 

10 Microns 

0.33 0.30 3 (-0.33 

to 0.89) 

3 (-0.83 

to 0.62) 

3 (-0.75 

to 0.93) 
4 (-0.83 

to 0.68) 

n-Butyl alcohol 0.31 0.32 1 (-0.71 

to 0.79) 

1 (-0.75 

to 0.81) 

1 (0.19 

to 0.79) 

1 (0.36 

to 0.81) 

Dichloromethane 0.31 0.31 1 (0.27 

to 0.72) 

2 (0.42 

to 0.74) 

1 (-0.22 

to 0.71) 

2 (-0.25 

to 0.73) 

Ethylene 0.30 0.33 3 (0.02 

to 0.80) 

3 (0.02 

to 0.79) 

3 (-0.32 

to 0.80) 

3 (-0.33 

to 0.79) 

Styrene 0.30 0.31 1 (0.00 

to 0.81) 

1 (-0.01 

to 0.82) 

1 (-0.32 

to 0.83) 

1 (-0.32 

to 0.85) 

Lead (and its compounds) 0.30 0.30 3 (-0.07 

to 0.68) 
4 (-0.26 

to 0.76) 

3 (-0.23 

to 0.87) 

3 (-0.65 

to 0.76) 

*Food Store 0.28 0.28 1 (-0.18 

to 0.58) 

1 (-0.23 

to 0.57) 

2 (-0.18 

to 0.58) 

1 (-0.17 

to 0.57) 

Cumene 0.27 0.27 1 (0.29 

to 0.58) 

2 (0.44 

to 0.61) 

1 (-0.14 

to 0.57) 

2 (-0.09 

to 0.60) 

Methyl isobutyl ketone 0.25 0.26 1 (0.07 

to 0.69) 

1 (0.25 

to 0.73) 

1 (0.07 

to 0.67) 

1 (0.08 

to 0.71) 

Xylene (mixed isomers) 0.24 0.26 1 (-0.71 

to 0.54) 
5 (-0.74 

to 0.59) 

2 (-0.65 

to 0.74) 
5 (-0.47 

to 0.87) 

Sulphur dioxide 0.24 0.20 5 (-0.27 

to 0.88) 

3 (-0.87 

to 0.74) 
4 (-0.35 

to 0.91) 

2 (-0.87 

to 0.68) 

Manganese (and its 0.24 0.21 3 (-0.03 4 (-0.34 3 (-0.50 3 (-0.71 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

compounds) to 0.68) to 0.72) to 0.65) to 0.70) 

Fluorene - PAH 0.23 0.13 2 (-0.32 

to 0.50) 

2 (-0.89 

to 0.55) 

2 (-0.49 

to 0.52) 

2 (-0.89 

to 0.53) 

2-Butoxyethanol 0.22 0.23 1 (-0.69 

to 0.66) 

1 (-0.70 

to 0.66) 

1 (0.11 

to 0.64) 

1 (0.11 

to 0.64) 

*Gas Station 0.20 0.20 1 (-0.23 

to 0.58) 

0 (-0.25 

to 0.30) 

2 (-0.41 

to 0.56) 

1 (-0.42 

to 0.58) 

Naphthalene 0.20 0.14 1 (-0.21 

to 0.59) 

2 (-0.89 

to 0.63) 

1 (-0.40 

to 0.61) 

2 (-0.89 

to 0.65) 

Propylene 0.18 0.19 1 (-0.11 

to 0.68) 

1 (-0.01 

to 0.71) 

1 (-0.30 

to 0.70) 

1 (-0.31 

to 0.73) 

*Health Care 0.17 0.17 2 (-0.21 

to 0.51) 

0 (-0.36 

to 0.24) 

2 (-0.22 

to 0.53) 

0 (-0.49 

to 0.28) 

Volatile Organic Compounds 

(VOCs) 

0.17 0.15 3 (-0.45 

to 0.88) 

2 (-0.74 

to 0.67) 

2 (-0.45 

to 0.92) 

1 (-0.74 

to 0.69) 

Toluene 0.17 0.19 1 (-0.05 

to 0.68) 

2 (-0.35 

to 0.72) 

2 (-0.66 

to 0.74) 

3 (-0.46 

to 0.89) 

Formic acid 0.14 0.15 0 (-0.50 

to 0.39) 

1 (-0.50 

to 0.52) 

0 (-0.49 

to 0.39) 

1 (-0.50 

to 0.52) 

PM2.5 - Particulate Matter ≤ 

2.5 Microns 

0.14 0.11 4 (-0.57 

to 0.88) 

3 (-0.73 

to 0.59) 

3 (-0.57 

to 0.91) 
4 (-0.73 

to 0.61) 

1,2,4-Trimethylbenzene 0.13 0.18 1 (-0.05 

to 0.57) 

2 (-0.07 

to 0.60) 

2 (-0.38 

to 0.67) 

1 (-0.47 

to 0.60) 

Formaldehyde 0.12 0.10 2 (-0.41 

to 0.70) 

3 (-0.81 

to 0.71) 

3 (-0.29 

to 0.83) 

3 (-0.81 

to 0.70) 

Vanadium (except when in an 

alloy) and its compounds 

0.11 0.12 1 (-0.05 

to 0.49) 

1 (0.05 

to 0.54) 

1 (-0.21 

to 0.47) 

1 (-0.16 

to 0.52) 

Carbon disulphide 0.10 0.10 1 (-0.21 

to 0.41) 

1 (-0.28 

to 0.52) 

1 (-0.26 

to 0.75) 

0 (-0.32 

to 0.30) 

Benzo(g,h,i)perylene - PAH 0.10 0.05 2 (-0.27 

to 0.60) 

2 (-0.89 

to 0.65) 

2 (-0.49 

to 0.59) 

2 (-0.89 

to 0.64) 

Indeno(1,2,3-c,d)pyrene - PAH 0.09 0.05 2 (-0.27 

to 0.61) 

2 (-0.89 

to 0.65) 

2 (-0.49 

to 0.59) 

2 (-0.89 

to 0.64) 

Pyrene - PAH 0.09 0.03 2 (-0.27 

to 0.62) 

2 (-0.89 

to 0.66) 

2 (-0.49 

to 0.61) 

2 (-0.89 

to 0.65) 

Perylene - PAH 0.09 0.04 2 (-0.27 

to 0.60) 

2 (-0.89 

to 0.64) 

2 (-0.49 

to 0.59) 

2 (-0.89 

to 0.64) 

Benzo(a)phenanthrene - PAH 0.09 0.04 2 (-0.27 

to 0.61) 

2 (-0.89 

to 0.64) 

2 (-0.49 

to 0.60) 

2 (-0.89 

to 0.64) 

Benzo(e)pyrene - PAH 0.08 0.04 2 (-0.27 

to 0.61) 

2 (-0.89 

to 0.65) 

2 (-0.27 

to 0.59) 

2 (-0.89 

to 0.64) 

Benzo(a)anthracene - PAH 0.08 0.04 2 (-0.27 

to 0.61) 

2 (-0.89 

to 0.65) 

2 (-0.27 

to 0.59) 

2 (-0.89 

to 0.64) 

Fluoranthene - PAH 0.08 0.02 2 (-0.27 2 (-0.89 2 (-0.27 2 (-0.89 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

to 0.61) to 0.65) to 0.60) to 0.64) 

Methyl ethyl ketone 0.08 0.08 1 (-0.21 

to 0.80) 

1 (-0.31 

to 0.82) 

1 (-0.32 

to 0.79) 

1 (-0.32 

to 0.81) 

Benzene 0.07 0.09 0 (-0.12 

to 0.29) 

1 (-0.08 

to 0.54) 

1 (-0.66 

to 0.70) 

2 (-0.31 

to 0.88) 

Benzo(k)fluoranthene - PAH 0.07 0.02 2 (-0.27 

to 0.60) 

2 (-0.89 

to 0.65) 

2 (-0.49 

to 0.59) 

2 (-0.89 

to 0.64) 

*Aboriginal Land 0.07 0.05 0 (-0.35 

to 0.00) 

0 (-0.29 

to 0.03) 

0 (-0.64 

to -0.04) 

0 (-0.29 

to 0.23) 

Diethanolamine (and its salts) 0.07 0.06 1 (0.00 

to 0.41) 

1 (-0.01 

to 0.46) 

1 (-0.25 

to 0.44) 

1 (-0.25 

to 0.49) 

Benzo(a)pyrene - PAH 0.06 0.02 2 (-0.27 

to 0.57) 

2 (-0.89 

to 0.61) 

2 (-0.49 

to 0.56) 

2 (-0.89 

to 0.60) 

Aluminum oxide (fibrous 

forms) 

0.06 0.05 1 (0.81 

to 0.81) 

1 (0.80 

to 0.80) 

1 (0.81 

to 0.81) 

1 (0.81 

to 0.81) 

Benzo(j)fluoranthene - PAH 0.06 0.01 2 (-0.27 

to 0.57) 

2 (-0.89 

to 0.61) 

2 (-0.49 

to 0.56) 

2 (-0.89 

to 0.60) 

Benzo(b)fluoranthene - PAH 0.06 0.01 2 (-0.27 

to 0.57) 

2 (-0.89 

to 0.61) 

2 (-0.49 

to 0.56) 

2 (-0.89 

to 0.60) 

n-Hexane 0.04 0.05 2 (-0.09 

to 0.63) 

2 (-0.31 

to 0.65) 

2 (-0.36 

to 0.53) 

2 (-0.47 

to 0.85) 

Calcium fluoride 0.03 0.02 1 (0.67 

to 0.67) 

1 (0.71 

to 0.71) 

1 (0.08 

to 0.67) 

1 (0.08 

to 0.70) 

Carbonyl sulphide 0.03 0.03 1 (0.04 

to 0.41) 

2 (-0.28 

to 0.52) 

2 (-0.26 

to 0.75) 

1 (-0.31 

to 0.48) 

*Mine Site 0.02 0.00 2 (-0.35 

to 0.43) 
4 (-0.41 

to 0.50) 

1 (-0.21 

to 0.53) 

2 (-0.60 

to 0.57) 

Biphenyl 0.01 0.00 1 (0.60 

to 0.60) 

1 (0.64 

to 0.64) 

1 (-0.16 

to 0.59) 

1 (-0.11 

to 0.63) 

*Waste / Landfill 0.01 0.05 0 (-0.29 

to 0.30) 

1 (-0.31 

to 0.42) 

1 (-0.29 

to 0.80) 

1 (-0.27 

to 0.42) 

Ethylene glycol 0.00 0.00 1 (-0.69 

to 0.41) 

2 (-0.85 

to 0.53) 

1 (-0.44 

to 0.75) 

1 (-0.85 

to 0.49) 

Hydrogen fluoride 0.00 0.00 1 (0.04 

to 0.55) 

1 (-0.05 

to 0.59) 

1 (-0.09 

to 0.54) 

1 (-0.01 

to 0.58) 

Methyl tert-butyl ether 0.00 -0.01 1 (0.77 

to 0.77) 

1 (0.78 

to 0.78) 

1 (0.15 

to 0.76) 

1 (0.15 

to 0.77) 

n,n-Dimethylformamide 0.00 -0.02 1 (0.72 

to 0.72) 

1 (0.74 

to 0.74) 

1 (0.15 

to 0.71) 

1 (0.15 

to 0.73) 

Vinyl acetate 0.00 -0.01 1 (0.56 

to 0.56) 

1 (0.58 

to 0.58) 

1 (0.54 

to 0.54) 

1 (0.57 

to 0.57) 

N-Methyl-2-pyrrolidone 0.00 -0.01 1 (0.53 

to 0.53) 

1 (0.57 

to 0.57) 

1 (0.15 

to 0.52) 

1 (0.15 

to 0.56) 

Isoprene 0.00 0.00 0 (0.00 0 (-0.01 0 (-0.01 0 (-0.01 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

to 0.00) to -0.01) to -0.01) to -0.01) 

Titanium tetrachloride 0.00 0.00 0 (0.00 

to 0.00) 

0 (-0.01 

to -0.01) 

0 (-0.01 

to -0.01) 

0 (-0.01 

to -0.01) 

Methanol -0.01 -0.01 1 (-0.39 

to 0.52) 

1 (-0.79 

to 0.48) 

0 (-0.39 

to 0.30) 

1 (-0.79 

to 0.48) 

Cresol (all isomers and their 

salts) 

-0.01 -0.02 1 (0.00 

to 0.55) 

1 (-0.32 

to 0.59) 

1 (-0.49 

to 0.54) 

1 (-0.72 

to 0.58) 

Carbon monoxide -0.01 -0.04 2 (-0.41 

to 0.89) 

1 (-0.82 

to 0.60) 

2 (-0.41 

to 0.92) 

2 (-0.82 

to 0.48) 

Trichloroethylene -0.01 -0.01 1 (0.49 

to 0.49) 

1 (0.53 

to 0.53) 

1 (-0.24 

to 0.51) 

1 (-0.27 

to 0.56) 

p-Phenylenediamine (and its 

salts) 

-0.02 -0.01 0 (-0.03 

to -0.03) 

0 (-0.03 

to -0.03) 

0 (-0.18 

to -0.18) 

0 (-0.13 

to -0.13) 

Acrolein -0.02 -0.10 1 (0.06 

to 0.70) 

1 (0.00 

to 0.67) 

1 (0.05 

to 0.75) 

0 (0.05 

to 0.20) 

Hexavalent chromium (and its 

compounds) 

-0.02 0.02 0 (-0.07 

to 0.31) 

0 (-0.32 

to 0.17) 

0 (-0.50 

to 0.08) 

0 (-0.71 

to 0.25) 

Dibenzo(a,i)pyrene - PAH -0.02 -0.09 1 (-0.21 

to 0.54) 

1 (-0.89 

to 0.59) 

1 (-0.21 

to 0.53) 

1 (-0.89 

to 0.58) 

7H-Dibenzo(c,g)carbazole - 

PAH 

-0.02 -0.11 1 (-0.21 

to 0.55) 

1 (-0.89 

to 0.59) 

1 (-0.21 

to 0.54) 

1 (-0.89 

to 0.58) 

tert-Butyl alcohol -0.02 -0.03 0 (0.31 

to 0.31) 

0 (0.35 

to 0.35) 

0 (0.17 

to 0.29) 

0 (0.17 

to 0.34) 

Molybdenum trioxide -0.03 -0.11 1 (-0.20 

to 0.44) 

1 (-0.88 

to 0.49) 

1 (-0.20 

to 0.43) 

1 (-0.88 

to 0.48) 

Acenaphthene - PAH -0.03 -0.11 2 (-0.21 

to 0.63) 

2 (-0.89 

to 0.66) 

2 (-0.49 

to 0.61) 

2 (-0.89 

to 0.66) 

Chlorine -0.04 -0.02 2 (-0.55 

to 0.54) 

3 (-0.32 

to 0.57) 

2 (-0.55 

to 0.56) 

3 (-0.72 

to 0.60) 

Phenanthrene - PAH -0.05 -0.11 1 (-0.27 

to 0.49) 

2 (-0.89 

to 0.44) 

1 (-0.49 

to 0.52) 

1 (-0.89 

to 0.46) 

*Industrial Facility -0.05 -0.02 1 (-0.18 

to 0.43) 

0 (-0.46 

to 0.29) 

1 (-0.62 

to 0.47) 

1 (-0.59 

to 0.40) 

*Hospital -0.05 -0.03 1 (-0.19 

to 0.44) 

0 (-0.30 

to 0.19) 

2 (-0.33 

to 0.70) 

0 (-0.47 

to 0.19) 

5-Methylchrysene - PAH -0.06 -0.22 0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

1-Nitropyrene - PAH -0.06 -0.22 0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

Dibenzo(a,e)fluoranthene - 

PAH 

-0.06 -0.22 0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

Dibenzo(a,h)pyrene - PAH -0.06 -0.22 0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

0 (-0.21 

to -0.21) 

0 (-0.89 

to -0.89) 

Dibenzo(a,l)pyrene - PAH -0.06 -0.22 0 (-0.21 0 (-0.89 0 (-0.21 0 (-0.89 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

to -0.21) to -0.89) to -0.21) to -0.89) 

Dibenz(a,h)acridine - PAH -0.06 -0.22 0 (-0.21 

to -0.02) 

0 (-0.89 

to -0.01) 

0 (-0.21 

to -0.02) 

0 (-0.89 

to -0.01) 

Dibenzo(a,e)pyrene - PAH -0.06 -0.22 0 (-0.21 

to -0.02) 

0 (-0.89 

to -0.01) 

0 (-0.21 

to -0.02) 

0 (-0.89 

to -0.01) 

Anthracene -0.06 -0.22 0 (-0.21 

to -0.03) 

0 (-0.89 

to -0.03) 

0 (-0.21 

to -0.19) 

0 (-0.89 

to -0.14) 

Dibenz(a,j)acridine - PAH -0.06 -0.13 1 (-0.21 

to 0.55) 

1 (-0.89 

to 0.59) 

1 (-0.21 

to 0.54) 

1 (-0.89 

to 0.58) 

Sulphuric acid -0.06 -0.10 2 (-0.21 

to 0.52) 

2 (-0.89 

to 0.56) 

2 (-0.50 

to 0.54) 

2 (-0.89 

to 0.58) 

Ethylbenzene -0.07 -0.05 2 (-0.71 

to 0.46) 

3 (-0.74 

to 0.55) 

2 (-0.37 

to 0.69) 

1 (-0.47 

to 0.49) 

Dibenzo(a,h)anthracene - PAH -0.07 -0.14 2 (-0.21 

to 0.55) 

2 (-0.89 

to 0.59) 

2 (-0.49 

to 0.54) 

2 (-0.89 

to 0.58) 

Hydrochloric acid -0.08 -0.07 1 (-0.01 

to 0.49) 

2 (-0.32 

to 0.61) 

0 (-0.50 

to 0.39) 

2 (-0.71 

to 0.49) 

*High Density Livestock 

Operation 

-0.08 -0.08 0 (-0.41 

to 0.14) 

0 (-0.39 

to 0.13) 

0 (-0.41 

to 0.14) 

0 (-0.18 

to 0.14) 

Polymeric diphenylmethane 

diisocyanate 

-0.09 -0.10 1 (-0.15 

to 0.41) 

1 (-0.15 

to 0.53) 

1 (-0.15 

to 0.75) 

0 (-0.15 

to 0.20) 

7,12-

Dimethylbenz(a)anthracene - 

PAH 

-0.10 -0.25 1 (-0.21 

to 0.48) 

1 (-0.89 

to 0.43) 

1 (-0.49 

to 0.51) 

1 (-0.89 

to 0.45) 

3-Methylcholanthrene - PAH -0.10 -0.25 1 (-0.21 

to 0.49) 

1 (-0.89 

to 0.44) 

1 (-0.49 

to 0.52) 

1 (-0.89 

to 0.46) 

*Power Line -0.10 -0.04 1 (-0.84 

to 0.41) 

3 (-0.31 

to 0.67) 

0 (-0.86 

to 0.26) 

2 (-0.31 

to 0.53) 

1,1,2-Trichloroethane -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

HCFC-142b -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

1,1,2,2-Tetrachloroethane -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

Carbon tetrachloride -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

Pentachloroethane -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

Dicyclopentadiene -0.10 -0.08 0 (-0.20 

to 0.00) 

0 (-0.20 

to -0.01) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

1,3-Butadiene -0.10 -0.08 0 (-0.20 

to 0.00) 

0 (-0.20 

to -0.01) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

Chloroethane -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.28 

to -0.01) 

0 (-0.31 

to -0.01) 



 

66 

Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

Chloroform -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.31 

to -0.01) 

0 (-0.31 

to -0.01) 

Vinyl chloride -0.10 -0.08 0 (-0.20 

to -0.20) 

0 (-0.20 

to -0.20) 

0 (-0.32 

to -0.01) 

0 (-0.34 

to -0.01) 

Zinc (and its compounds) -0.11 -0.17 2 (-0.19 

to 0.54) 

3 (-0.86 

to 0.58) 

2 (-0.50 

to 0.54) 

2 (-0.86 

to 0.59) 

Arsenic (and its compounds) -0.11 -0.13 1 (-0.18 

to 0.55) 

1 (-0.32 

to 0.59) 

1 (-0.50 

to 0.52) 

1 (-0.71 

to 0.57) 

Tetrachloroethylene -0.12 -0.12 1 (0.42 

to 0.42) 

1 (0.47 

to 0.47) 

1 (-0.24 

to 0.41) 

1 (-0.27 

to 0.46) 

Dioxins and furans - total -0.12 -0.12 2 (-0.10 

to 0.66) 

1 (-0.32 

to 0.70) 

2 (-0.50 

to 0.67) 

1 (-0.71 

to 0.71) 

Nitrogen oxides (expressed as 

NO2) 

-0.13 -0.19 6 (-0.26 

to 0.90) 

2 (-0.83 

to 0.61) 

3 (-0.27 

to 0.91) 

1 (-0.83 

to 0.48) 

Chlorine dioxide -0.13 -0.15 1 (-0.15 

to 0.49) 

1 (-0.32 

to 0.44) 

1 (-0.49 

to 0.52) 

1 (-0.72 

to 0.46) 

Hexachlorobenzene -0.13 -0.14 2 (-0.03 

to 0.49) 

2 (-0.32 

to 0.48) 

2 (-0.50 

to 0.52) 

2 (-0.71 

to 0.52) 

*Socioeconomic Index -0.14 -0.14 0 (-0.59 

to 0.21) 

0 (-0.58 

to 0.17) 

0 (-0.59 

to 0.26) 

0 (-0.58 

to 0.24) 

1,2-Dichloroethane -0.15 -0.08 0 (-0.42 

to -0.20) 

0 (-0.20 

to 0.12) 

0 (-0.26 

to -0.01) 

0 (-0.29 

to -0.01) 

Acetonitrile -0.15 -0.15 0 (0.13 

to 0.13) 

0 (0.18 

to 0.18) 

0 (0.08 

to 0.15) 

0 (0.14 

to 0.15) 

1,4-Dioxane -0.15 -0.08 0 (-0.42 

to -0.20) 

0 (-0.20 

to 0.12) 

0 (-0.30 

to -0.30) 

0 (-0.32 

to -0.32) 

HCFC-22 -0.15 -0.08 0 (-0.42 

to -0.20) 

0 (-0.20 

to 0.12) 

0 (-0.30 

to -0.01) 

0 (-0.32 

to -0.01) 

*Water Body -0.17 -0.12 1 (-0.62 

to 0.49) 

0 (-0.55 

to 0.14) 

1 (-0.70 

to 0.49) 

0 (-0.63 

to 0.22) 

Phenol (and its salts) -0.17 -0.18 1 (-0.13 

to 0.41) 

1 (-0.10 

to 0.53) 

1 (-0.18 

to 0.75) 

0 (-0.19 

to 0.20) 

Triethylamine -0.17 -0.18 0 (0.06 

to 0.06) 

0 (0.11 

to 0.11) 

0 (0.02 

to 0.15) 

0 (0.07 

to 0.15) 

Acenaphthylene - PAH -0.18 -0.26 1 (-0.21 

to 0.49) 

1 (-0.89 

to 0.44) 

1 (-0.49 

to 0.52) 

1 (-0.89 

to 0.46) 

Nitrilotriacetic acid (and its 

salts) 

-0.19 -0.19 0 (-0.35 

to -0.35) 

0 (-0.35 

to -0.35) 

0 (-0.40 

to -0.40) 

0 (-0.40 

to -0.40) 

Mercury (and its compounds) -0.19 -0.21 0 (-0.18 

to 0.37) 

1 (-0.33 

to 0.42) 

0 (-0.50 

to 0.23) 

0 (-0.71 

to 0.28) 

Nitrate ion in solution at pH >= 

6.0 

-0.19 -0.19 0 (-0.33 

to -0.33) 

0 (-0.31 

to -0.31) 

0 (-0.38 

to -0.38) 

0 (-0.37 

to -0.37) 

Nitric acid -0.19 -0.19 0 (-0.34 

to -0.34) 

0 (-0.34 

to -0.34) 

0 (-0.40 

to -0.40) 

0 (-0.39 

to -0.39) 
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Variable 

Province 

rho 

Health Region 

count (rho range) 

Airshed Zone 

count (rho range) 

Selenium (and its compounds) -0.19 -0.21 1 (-0.06 

to 0.56) 

1 (-0.43 

to 0.61) 

1 (-0.16 

to 0.53) 

1 (-0.67 

to 0.58) 

Silver (and its compounds) -0.20 -0.20 0 (-0.36 

to -0.36) 

0 (-0.35 

to -0.35) 

0 (-0.42 

to -0.42) 

0 (-0.41 

to -0.41) 

Antimony (and its compounds) -0.20 -0.20 0 (-0.37 

to -0.37) 

0 (-0.36 

to -0.36) 

0 (-0.42 

to -0.18) 

0 (-0.41 

to -0.13) 

Cadmium (and its compounds) -0.20 -0.21 3 (-0.09 

to 0.53) 

2 (-0.03 

to 0.60) 

1 (-0.34 

to 0.44) 

2 (-0.66 

to 0.49) 

Copper (and its compounds) -0.20 -0.23 1 (-0.18 

to 0.62) 

2 (-0.34 

to 0.65) 

1 (-0.21 

to 0.61) 

1 (-0.35 

to 0.64) 

*Wildfire -0.24 -0.28 1 (-0.35 

to 0.57) 

0 (-0.64 

to 0.39) 

3 (-0.47 

to 0.57) 

1 (-0.71 

to 0.75) 

Cobalt (and its compounds) -0.30 -0.39 0 (-0.43 

to -0.03) 

1 (-0.88 

to 0.46) 

0 (-0.42 

to -0.11) 

0 (-0.88 

to 0.00) 

*Cultivated Land -0.47 -0.41 0 (-0.33 

to 0.17) 

1 (-0.34 

to 0.49) 

1 (-0.61 

to 0.81) 

2 (-0.62 

to 0.54) 

*Oil/Gas Wellpad -0.53 -0.49 0 (-0.45 

to 0.31) 

0 (-0.34 

to 0.33) 

2 (-0.81 

to 0.80) 

2 (-0.74 

to 0.79) 

*Vegetation -0.56 -0.48 2 (-0.50 

to 0.80) 

3 (-0.52 

to 0.48) 

1 (-0.48 

to 0.83) 

3 (-0.52 

to 0.58) 
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Figure 3.7. Weighted sum overlays for air substances and land-based sources were combined as 

equal and 0.7/0.3 weighted indices to identify the most hazardous locations. 
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Spatial distribution of the indices 

Figure 3.7 maps the results from the weighted overlay sum of the five class rankings for 136 

emitted Air Substances, 18 Land Sources, the Overlay Equal weighting of both, and the Overlay 

0.7/0.3 weighting of air substances and land. The distribution of the higher rankings spatially 

coincides with Alberta’s populated places, with the exception of higher values along the 

foothills, the Fort McMurray oil sands area in the north, and some scattered areas in the 

northeast. Quantile class breaks were used to visualize the contrast of higher to lower areas. 

Associations with the hazards and indices  

The actual index values were used for the correlations with SGA/LBWT DKD (Table 3.4). The 

correlations of the overlay indices with SGA/LBWT were very low for the entire province. The 

Air Substances were highest for both SGA (rho=0.21) and LBWT (rho=0.16). Land Factor 

correlations were slightly negative for SGA (rho=-0.26) and LBWT (rho=-0.23). Both overlay 

indices were lower than the Air Substances for SGA: Overlay Equal had a rho=0.18 and Overlay 

0.7/0.3 had a rho=0.15. Overlay Equal was lower for LBWT (rho=0.13) but Overlay 0.7/0.3 was 

higher (rho=0.20). 

 

Table 3.4. Spearman’s rank correlations of small for gestational age (SGA) and low birth weight 

at term (LBWT) with air substances, land sources, and weighted sum overlay indices for the 

entire province of Alberta. 

Index Name Inputs SGA rho LBWT rho 

Air Substances sum of 136 variables 

classified to 5 quantiles 

0.21 0.16 

Land Sources sum of 18 variables 

classified to 5 quantiles 

-0.26 -0.23 

Overlay Equal air substances + 

land sources 

0.18 0.13 

Overlay 0.7/0.3 0.7 * air substances + 

0.3 * land sources 

0.15 0.20 
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Figure 3.8 displays index correlations with SGA/LBWT, by health region and airshed zone. In 

the graph symbols, longer bars mean greater association and bar direction designates positive 

(up) or negative (down). The air substances and land-based sources were included to demonstrate 

how much of an effect each had on the indices. The following indices had correlations greater 

than 0.40 with an SGA/LBWT: 

 Air Substances with SGA in four health regions – 4829 (rho=0.85), 4828 (rho=0.67), 

4826 (rho =0.55), 4823 (rho=0.42); and with LBWT in three health regions – 4828 

(rho=0.73), 4826 (rho=0.59), and 4823 (rho=0.56). 

 Air Substances with SGA in four airshed zones – WBEA (rho=0.89), PASZA 

(rho=0.57), ACAA (rho=0.55) and CRAZ (rho=0.42); and with LBWT in four airshed 

zones – LICA (rho=0.85), PASZA (rho=0.66), ACAA (rho=0.60), and CRAZ 

(rho=0.56). 

 Land Sources were weakly associated with both SGA and LBWT in the majority of 

health regions and airshed zones. 

 Overlay Equal index with SGA in four health regions – 4828 (rho=0.58), 4826 

(rho=0.54), 4823 (rho=0.42), and 4827 (rho=0.42); and with LBWT in four health 

regions – 4828 (rho=0.63), 4826 (rho=0.59), 4821 (rho=0.57), and 4823 (rho=0.57). 

 Overlay Equal index with SGA in three airshed zones – ACAA (rho=0.55), PASZA 

(rho=0.45), and CRAZ (rho=0.42); and with LBWT in three airshed zones – ACAA 

(rho=0.60), CRAZ (rho=0.57), and PASZA (rho=0.51). 
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 Overlay 0.7/0.3 index with SGA in four health regions – 4829 (rho=0.75), 4828 

(rho=0.62), 4826 (rho=0.55), and 4823 (rho=0.42); and with LBWT in four health 

regions – 4828 (rho=0.68), 4826 (rho=0.59), 4823 (rho=0.57), and 4821 (rho=0.51). 

 Overlay 0.7/0.3 index with SGA in four airshed zones – WBEA (rho=0.78), ACAA 

(rho=0.55), PASZA (rho=0.50), and CRAZ (rho=0.42); and with LBWT in four airshed 

zones – LICA (rho=0.60), ACAA (rho=0.60), PASZA (rho=0.59), and CRAZ 

(rho=0.57). 

The health regions having the least association with SGA were 4821, 4822, 4824, and 4825; with 

LBWT these were 4822, 4824, 4827, and 4829. The airshed zones having the least association 

with SGA were FAP, PAMZ, PAS, and WCAS; with LBWT these were FAP, PAMZ, PAS, and 

WBEA. 

SGA and LBWT were negatively correlated with all indices in health region 4822 and two 

airshed zones (PAS, FAP). The negative association also occurred in health region 4825 and 

airshed zone WCAS, but a higher positive correlation occurred with the Land Sources. 

Using the criteria of correlations higher than 0.40, the Overlay 0.7/0.3 index had the highest 

overall count of sub-provincial units – both SGA/LBWT represented by at least 4 health regions 

and 4 airshed zones. 
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Figure 3.8. Spearman’s rank correlations of each adverse birth outcome with indices – shown as 

bar charts in each health region or airshed. Background maps show ratios. 
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3.5 Discussion 

Individual hazards 

Of 136 NPRI substances reported in Alberta, 24 air-emitted substances had moderate 

correlations with one or both SGA/LBWT DKD ratios. Of these, 2-Ethoxyethanol and Lead are 

recognized developmental toxicants [150, 151]. Acetaldehyde, Aluminum, Ethylene oxide, 

Isopropyl alcohol, Nickel, Nitrogen oxides, PM10, PM2.5, Sulphur dioxide, Xylene, Chromium, 

Hydrogen sulphide, Manganese, Phosphorus, and Quinoline are suspected developmental 

toxicants, with more than half of the air substances associated with decreased fetal/offspring 

weight in animal studies [150, 151]. The following air substances are neither recognized or 

suspected as no studies were reported: Aniline, Asbestos, Cyclohexane, i-Butyl alcohol, 

Toluene-2,4-diisocyanate, Toluene-2,6-diisocyanate, and Toluenediisocyanate (note: the latter 

three have been combined in later versions of the NPRI database [105]). 

Of the 18 land sources mapped, six had moderate correlations with one or both SGA/LBWT. 

Provincially, Cultivated Land was negatively associated with SGA and LBWT (likely because 

residences were not inside agricultural fields), but some regions were positive, similar to the 

Almberg et al. [152] study on proximity to pesticide-treated agricultural fields. Proximity to 

Mine Sites were associated for 2 to 3 health regions or airsheds; a related study found positive 

association for a single mine site indicating this is likely a more localized factor [72]. Nighttime 

Lights have not been explored with SGA/LBWT; however, breast cancer, which has other 

similar exposures, has a positive association [138, 153]. The smaller area airsheds showed high 

correlations of SGA/LBWT with Oil/Gas Wellpads, but was negative for the entire province and 

by health regions; mixed associations were also reported by Mckenzie et al. [68] and Casey et al. 

[67]. The moderate to higher correlations of Roads match much published research on the effect 
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of maternal proximity to roads [80, 154]. Green or natural Vegetation was negatively correlated 

at the provincial level, but very mixed within health regions and airsheds; the sub-provincial 

dissimilarity with other studies [74, 155] was likely affected by the radii, resolution of the 

satellite sources, and the widely varying ecoregions in the province. 

Ambient hazard indices 

Both indices identified where there was an accumulation of hazards and therefore directly 

addressed the hypothesis that there were more small newborns where there were more outdoor 

hazards during the mothers’ pregnancies. Since I was interested in preserving combined effects 

that the industrial air substances contributed to the outdoor environment, I weighted the sum of 

those more highly than the sum of all the land-based sources. Province-wide, the Overlay Equal 

index better identified SGA and the Overlay 0.7/0.3 better identified LBWT. 

Differences in index associations were likely due to the spatial distributions (i.e. DKD) of 

SGA/LBWT. Both showed that hot spots did not occur strictly within the large urban centers. 

Calgary and Edmonton exhibited higher ratio classes, but not for their entire core. The peripheral 

edges of the Calgary-Red Deer corridor, the communities along the Banff-Calgary-Brooks 

corridor, the Fort McMurray surroundings, and the northern Fox Creek area were high for both 

SGA and LBWT. Jasper and south-east Alberta had higher SGA, while the communities west 

and east of Edmonton had higher LBWT. The distributions of the type of SGA/LBWT spatially 

varied across the province – differences that may have been due in part to population and 

behavior, but also visually collocated with the higher amounts of outdoor hazard mapping. 

Separately, the air substances and land sources varied in association with the SGA/LBWT 

distributions. On the provincial scale, there were 13 hazards spatially related to both the SGA 
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and LBWT ratios.  Assessing the relationships sub-provincially found many more factors 

involved, including those already supported in the scientific literature, including: nitrogen 

oxides, particulate matter (PM2.5 and PM10), and sulphur dioxide. 

Despite the disparate boundaries, spatially corresponding health regions (HR) and airshed zones 

(AZ) had comparable patterns in spatial relationships to the hazard indices. HR 4822 / AZ PAS 

had highly negative correlations with all indices, suggesting that factors other than the outdoor 

environment may be more important in these regions. HR 4829 / AZ WBEA exhibited opposite 

correlations with indices: SGA was positive and LBWT was negative. HR 4826 / AZ ACAA and 

FAP and HR 4823 / AS CRAZ for SGA and LBWT were positively correlated with the indices – 

these are the more populated regions. 4828 / PASZA also had positive index correlations with 

SGA and LBWT. HR 4824 / AZ PAMZ for SGA was positive with the indices, but for LBWT 

had no association. The reverse was found in HR 4821 (no corresponding AZ), where SGA was 

negative and LBWT was positive. HR 4825 had no relationship with SGA/LBWT, and AZ LICA 

had no association with SGA and a positive one with LBWT. HR 4827 and AZ WCAS are too 

large and diverse to compare. Inconsistent relationships for each SGA/LBWT with the indices 

may be due to: (i) the variable geography within the administrative boundaries; (ii) differences in 

etiology of SGA/LBWT; and/or (ii) the actual distribution of each SGA/LBWT exhibiting 

slightly different patterns: SGA and LBWT appear to be more of a heartland issue. 

The combination of the outdoor hazards into a single index were very weakly associated with 

SGA and LBWT provincially. This was not surprising given Alberta includes forestry, 

agriculture, and energy extraction activities, thus yielding diverse “pockets” of different 

pollutants. Analyzing smaller geographic areas, based on health regions or airsheds, helped 

recognize possible differences in the outdoor environmental factors. 
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The large area of some units may capture populations that are more similar in size to the smaller 

units, but the environmental variability may have diluted the effects of hazards. The sub-

provincial units that had negative correlations will need further analysis to determine the 

regionally important hazards. Relationships found here show that province-wide (i.e. large 

region) approaches to outdoor hazards may be inappropriate or inefficient. Where health regions 

and airshed zones are more similar, policy and monitoring may be more in sync. 

Existing ambient hazard indices are not available for comparison. Environmental Quality Indices 

(EQI), such as those developed by Messer et al. [129] and Stieb et al. [156] depict the state-of-

the-environment from actual measured conditions [128]. The Air Quality Health Index (AQHI) 

by Stieb et al. does a very good job at aggregating the monitored criteria air contaminants for risk 

communication. Messer’s EQI was associated with pre-term birth [157], but still has the 

limitation of fixed administrative units. And because a main goal was a continuous index, I was 

unable to incorporate an effective rural classification without the introduction of administrative 

boundaries, as done by Messer et al. My more ecologically-encompassing index incorporated 

industrial air pollutants and land-based sources, similar to the holistic model developed for a 

single urban area by Tarocco et al. [158]. 

Limitations 

I analyzed the entire registered birth population for the study period that had valid locations. The 

6-character postal codes provided good accuracy for urban neighborhoods, especially within the 

context of the 250 m cell size, but the rural residences were not as exact. DMTI Spatial had 

applied algorithms to weight the postal code local delivery area centroid toward the more 

populated communities [110], but that did not guarantee an actual residence contained within the 

cell. The problem of rural resolution was exhibited by oil-gas well pads and agricultural land that 
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may be closer to actual residences, but postal codes were not accurate enough due to too large of 

delivery areas for the centroids. 

Although there is concern that the mother did not live at that postal code for the entire 

pregnancy, previous research determined low mobility during pregnancy and any relatively short 

distances moved did not substantially change the exposure assignment [159]. 

The spatial data for the independent variables were restricted to publicly available sources that 

may not have had the most temporally appropriate capture date of the mapped features. I also did 

not have access to reliable province-wide data for other possible environmental factors, such as 

water quality, noise, or non-industrial pollution sources. And as suitable as the NPRI data were, 

the values were annually reported estimates and not actual measurements [105]. Despite these 

shortcomings, the available data provided an as inclusive as possible foundation for the index. 

Many of the GIS methods involved the selection of radius distances. The size of the radius used 

in calculating the DKD affected how "hot" an area appeared and may have exaggerated the 

extent for large distances; the 25 km radius may have been too large for rural communities with 

diverse topographies. When estimating air-emitted pollutants, wind would have varied by season 

and throughout the years; therefore the use of circular shapes in calculating the tonnes per area 

may not have accurately reflected wind-dispersion for some areas. The conservative 10 km 

radius for spreading the air substances may have remedied this for upwind locations, but 

potentially underrepresented it for downwind locations. For the index, not all variables may be 

equally important, but the use of expert judgment would have introduced subjectivity that was 

not reproducible. Therefore, the equal treatment of the air substances and land sources in the 

overlay analyses was used. 
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The correlation threshold value of 0.40 may have overrepresented the inclusion of some of the 

independent variables. The choice of this statistical threshold was based on inspection of the data 

to ensure that a wide variety of hazards would be represented and not erroneously overlooked 

due to the modifiable areal unit problem introduced by the boundaries of the sub-provincial units 

[160]. 

It is important to stress that my research was not able to find causal relationships but identified 

where outdoor environmental hazards collocate with residences of mothers who gave birth to 

abnormally small newborns. 

Strengths 

The calculations of the outdoor environmental variables were continuous and covered the entire 

study area. Therefore the DKD calculation of the SGA and LBWT ratios was appropriately 

consistent because it also was not confined to arbitrary geographical boundaries. Aggregation 

early in the analysis would have produced an inflexible distribution of SGA/LBWT. The 

introduction of health regions and airsheds afterward allowed for scenario investigations relevant 

to health care administration, policy implications, and airshed monitoring. 

The primary outdoor pollutants associated with abnormally small newborns agreed with 

published research, but additional unstudied air substances were discovered. For many regions, 

the reduction of data into a single index was achievable. 

The development and application of the ambient health hazard indices for any study area, any 

time period, and where relevant data are available is simplified by the reverse suitability 

approach in a standard GIS. The distance-centered methods and weighted sum overlay, 
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commonly used in wildlife habitat studies, are also relevant to human habitat related to various 

environmental health outcomes. 

Conclusion 

This is to date the first study on abnormally small newborns that used a combination of multiple 

outdoor variables over a large geographic area. My results showed that SGA and LBWT varied 

sub-provincially with outdoor environmental factors, suggesting that provincial government 

should be aware of multiple sources of place-dependent exposures. Summing up class rankings 

of hazards provided a simple model for correlating with the sub-provincial distributions of 

SGA/LBWT. There were regions/airsheds that were higher than the national and provincial rates. 

The temporal nuances had been masked by combining all years: spatial patterns in the hazards 

and birth outcomes likely varied through time; therefore, future research should consider the 

timing of exposures. Research should also combine the vertices of habitat, population, and 

behavior to investigate the complex interactions of the outdoor hazards found here by including 

maternal characteristics revealed in traditional epidemiological studies. I found that the industrial 

air substances were important – and the Overlay 0.7/0.3 weighted index had the most 

associations in the sub-provincial units. Therefore, both the individual air substance associations 

and the convenient single-measure index provide complementary information to move us toward 

a better understanding of the links between the outdoor environment and birthweight. Mapping 

the outdoor environmental hazards for mothers giving birth to abnormally small newborns 

provides insight for preventative or remedial recommendations where they may be needed to 

help determine healthier futures. 
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Chapter 4 Spatiotemporal patterns of small newborns and 

associations with land use and socioeconomic status 
 

4.1 Abstract 

Background: In addition to small for gestational age (SGA) and low birth weight at term 

(LBWT), critically ill cases of SGA/LBWT are significant events from outcomes and economic 

perspectives that require further understanding of risk factors. My research aimed to assess the 

spatiotemporal distribution of the regions where there were consistently higher numbers of 

critically ill small newborns (hot spots) in comparison with all small newborns, and all births. I 

also assessed relationships with surrounding small-area-level land use and socioeconomic status 

(SES) in Calgary (2006-2010) and Edmonton (2008-2010), Alberta. 

Methods: I created space-time cubes from residential locations of singleton newborns, small 

newborns, and those admitted to the neonatal intensive care unit, classified as SGA, LBWT, or 

the critically ill counterparts (ciSGA or ciLBWT) using geographical information systems (GIS). 

Then I applied emerging hot spot analyses to identify trends in the clustering of point densities. I 

compared the resulting aggregated categorical patterns with proportions of land use and 

socioeconomic status (SES) using Spearman’s correlation and logistic regression. 

Results: There was an overall increasing trend in all space-time clusters (Mann-Kendall statistics 

ranged from 1.86-6.72, p<0.01-0.06). Whole period emerging hot spot patterns among births and 

SGA generally coincided (Spearman’s rho ranged from 0.47-0.48, p<0.05), but SGA and ciSGA 

did not (rho<0.20, p<0.05). Regression coefficients were highest for low SES with SGA 

(Calgary β=4.9; Edmonton β=3.4; p<0.05) and LBWT (Calgary β=3.9; Edmonton β=4.5; 
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p<0.05). Industry was most associated with ciLBWT (Calgary β=3.4; Edmonton β=2.3; p<0.05) 

but no statistically significant associations with ciSGA. 

Discussion: The weak association among hot spot patterns for small newborns and critically ill 

small newborns was quantified by correlation and regression and supported by visualizations of 

hot spots occurring in different areas of the maps. The dominant area-level associations were low 

SES and industrial land use. The difference in space-time hot spot patterns and the associations 

with ciSGA and ciLBWT indicate further need to research the interplay of maternal and 

environmental influences. I demonstrated the novel application of mapping the space-time 

patterns of small newborns and spatially related them to the surrounding environment. 

 

4.2 Background 

Being born too small, such as low birth weight at term (LBWT) – defined as birth weight below 

2,500 g for full term pregnancy – is considered an adverse birth outcome (ABO) because it is 

associated with infant mortality, physical and cognitive disabilities, and chronic health issues [1, 

7, 153]. However, this absolute parameter does not take into consideration gestational age. To 

account for variability in birth weight at different gestation, another parameter called small for 

gestational age (SGA) is used. SGA is defined as birth weight below the 10th centile weight, 

based on sex and weeks of gestation [13]. 

In Canada, the average rate of SGA was reported to be 8.4% and LBW (all gestational ages 

<2,500 g) was 6.0%, during 2005-2007 [23]; whereas in Alberta, the rate of SGA was 8.8% and 

LBW was 6.7%. Disorders related to short gestation and low birth weight are the 2nd leading 

cause of infant death in Canada [24]. Both these outcomes are associated with adverse 
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consequences with higher rates of admission to neonatal intensive care units (NICU), resulting in 

higher economic and social costs [7, 161]. 

Maternal conditions (e.g., pre-existing and pregnancy-related health conditions, behavior, 

nutrition) are important reasons for SGA/LBWT [18, 86–88], but they do not fully explain the 

occurrence of SGA/LBWT. The role of environmental factors in causation of SGA/LBWT has 

been suspected; however, no firm conclusion/attribution has been delineated in previous studies 

[61, 122, 125]. To reveal patterns and associations between SGA/LBWT and the environment 

that may not be evident in traditional spatial epidemiology, spatial statistics and geographic data 

mining in GIS allows for spatial-temporal variation because interactions of the environment are 

not constant [162]. Geographical Information Systems (GIS) are valuable for understanding 

patterns and the differences among births and SGA/LBWT because GIS provide various 

mapping techniques for public health data [32, 33, 37]. Using GIS to also analyze spatiotemporal 

patterns has the potential to identify priority areas for management and intervention, as has been 

established in other space-time pattern studies in health, crime, and conservation [163–166]. 

Birth events occur in space and time, so it is a natural application for emerging hot spot analysis. 

Thus, my objective was to examine how hot spot patterns – in space and time – compare among 

pregnancies that resulted in SGA/LBWT and those that resulted in critically ill SGA/LBWT. In 

addition, I aimed to understand where the patterns coincide with surrounding land use and area-

level socioeconomic status. 
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4.3 Methods 

Study design and setting 

I conducted a retrospective cohort study between the years 2006 and 2010 using Canadian 

Neonatal Network (CNN) and Alberta Perinatal Health Program (APHP) databases.  

The Canadian Neonatal Network (CNN) maintains a standardized neonatal intensive care unit 

(NICU) database that includes all admissions to NICUs in Canada [167]. The database has 

shown a very high internal consistency and reliability [168]. I defined the primary areas served 

by the CNN NICUs as census metropolitan areas (CMA). A CMA is essentially urban core and 

surrounding municipalities integrated by commuting flows, and having a minimum total 

population of 100,000 [169]. According to census geography hierarchy, a CMA is composed of 

contiguous census subdivisions that may cross census division and provincial boundaries. My 

study area involved the Calgary and Edmonton CMAs, shown in Figure 4.1, and described in 

Table 4.1 in terms of size and population. 

 

Table 4.1. Census Metropolitan Area (CMA) characteristics are from the 2011 Census for 

Canada; customized map projection parameters are based on the centroids of the CMA, 

designated in decimal degrees of longitude (central meridian) and latitude (origin): X,Y for the 

Azimuthal Equidistant projection with North American Datum (NAD) 1983. 

Census 

Metropolitan 

Area 

(CMA) 

Area 

(km2) 

Population 

Central 

Meridian 

(X) 

Latitude 

of Origin 

(Y) 

Total Women 

15 to 44 

years 

Infants 

0 to 4 

years 

Calgary 5,108 1,214,839 272,320 80,855 -114.078155 51.180782 

Edmonton 9,427 1,159,869 252,085 73,645 -113.789137 53.512964 
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Figure 4.1. The study focused on the Calgary and Edmonton Census Metropolitan Areas (CMA: 

orange areas), in the province of Alberta, Canada, served by hospitals with neonatal intensive 

care units (NICUs: red crosses) participating in the Canadian Neonatal Network 

 

The Alberta Perinatal Health Program (APHP) is an administrative clinical registry that collects 

and standardizes demographic information on all hospital births and out of hospital births 

(attended by registered midwives) for the province of Alberta [25]. The provincial data were 

subset to each CMA to compare with the CNN data. Calgary had five years (2006-2010) of data, 

but Edmonton had only three years because the participating hospital did not join the CNN until 

2008. 
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Both CNN and APHP provided anonymized records of birthweight (grams), gestational age 

(completed weeks), sex, single/multiple, admission status (CNN only), pregnancy outcome 

(APHP only), and the residential postal code. As depicted in Figure 4.2, I selected singletons at 

first admission (CNN) and live births (APHP) with valid postal codes. 

 

Figure 4.2. The Canadian Neonatal Network (CNN) and Alberta Perinatal Health Program 

(APHP) data were subset to valid postal codes within the extent of Census Metropolitan Areas 

(CMA): Calgary (2006-2010) and Edmonton (2008-2010). 
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Dependent variables 

Outcomes of interest were low birth weight at term (LBWT), defined as birth weight below 

2,500 g at weeks 37 to 42, and small for gestational age (SGA), defined as birth weight below 

the 10th centile for gestational age and sex according to Canadian normative data [13]. SGA and 

LBWT were from the APHP database. The critically ill SGA or LBWT were classified as those 

SGA and LBWT neonates who were also admitted to the NICU and were from the CNN 

database. 

Independent variables 

To help understand the SGA/LBWT patterns, I examined their relationships with landscape-level 

variables relevant to birth outcomes. These included the surrounding land use and the area-level 

socioeconomic status. 

Digital Mapping Technologies Inc. (DMTI) Spatial provided a land use classification for the 

urban areas across Canada [170]. I grouped the seven standardized patterns of construction and 

activity that land was used for into four general categories: services (commercial, 

government/institution); open areas (open area, parks and recreation, waterbody); residential; 

and industry (resource and industry). Due to linkage with environmental pollutants, the primary 

category of interest was industry, defined as land occupied by establishments engaged in the 

mechanical or chemical transformation of materials or substances into new products, or land set 

aside for the extraction or production of renewable and non-renewable resources. The land use 

categories were mapped for Calgary in Figure 4.3 and Edmonton in Figure 4.4. 
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Figure 4.3. Land use and socioeconomic status (SES) maps of the Calgary CMA. 
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Figure 4.4. Land use and socioeconomic status (SES) maps of the Edmonton CMA. 
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Chan et al. provided a comprehensive index of Canadian socioeconomic status (SES) that is 

suitable for research in health and environmental pollutants [103]. The area-level SES index was 

developed from the 2006 Census Canada by incorporating 22 variables on culture, potential 

existence of indoor environmental pollutants, environmental injustice indicators, and deprivation 

variables in a principal components analysis for each dissemination area (DA). A DA was the 

smallest, relatively stable, geographic unit within which all census data were distributed, and was 

composed of contiguous dissemination blocks having a total population of 400 to 700 [169]. I 

grouped the SES reported as quintile values in to the following levels – low (0 [no data], 1, and 

2), medium (3, 4), and high (5) – to indicate relative socioeconomic status for the DA. The SES 

levels were mapped for Calgary in Figure 4.3 and Edmonton in Figure 4.4. 

Geolocation 

I geolocated the CNN and APHP records by joining the postal codes to DMTI Spatial’s Platinum 

Postal Code Suite to assign longitude and latitude [110]. To ensure static locations throughout 

the study period, I uniquely selected postal codes from 2001 through 2013 (the time span was 

necessary because new postal codes were added, and old ones were retired during the study). 

My space-time analyses required a distance-preserving spatial reference; therefore, I customized 

Azimuthal Equidistant map projections for each CMA (Table 4.1), and implemented in Esri’s 

ArcGIS software [101]. Figure 4.5 shows the analytical steps that are described below. 
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Figure 4.5. Flow chart of GIS commands for analyzing small newborns in space and time. 
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Spatial-temporal patterns 

I analyzed the distributions and patterns of each SGA/LBWT and all births – for both the CNN 

and APHP data – in the context of both space and time using the ArcGIS space-time pattern 

mining tools [171]. For each CMA, I transformed the postal codes time-stamped by birthdate 

into multidimensional data cubes, stored as network Common Data Form (netCDF) files, by: (i) 

aggregating the points – spatially in 1-km high hexagon bins and temporally in 1-month time 

slices; (ii) summing the binary values of SGA or LBWT; (iii) filling empty bins with zeros; and 

(iv) aligning to a reference time equal to the beginning of the study (2006/01/01 for Calgary, and 

2008/01/01 for the Edmonton CMA). The Mann-Kendall statistic evaluated the trend in 

SGA/LBWT point counts for each data cube. 

The hexagon was chosen because it is more natural in shape, better represents connectivity, and 

minimizes edge effects [172]; the 1-km size fit within typical city neighborhoods and helped 

protect individual privacy. The 1-month time-step interval fit within a trimester. Bins were filled 

with zeros because SGA/LBWT are considered rare events, counted in whole numbers, and 

therefore interpolation would not be appropriate. The reference time ensured all SGA/LBWT 

would have the same start date for comparison purposes. 

Emerging hot spot analysis (EHSA) analyzed each data cube by calculating statistically 

significant hot and cold spot trends in SGA and LBWT using two statistics. The Getis-Ord Gi* 

statistic assessed the location and degree of spatial clustering by calculating the z-score, p-value, 

and hot spot bin classification. The Mann-Kendall statistic evaluated these measures to assess 

temporal trends and then categorized locations according to Table 4.2. To simulate city 
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neighborhood sizes, I used a fixed distance of 2001 m (note: the additional 1 m ensured that 

complete hexagons were included), which encompassed the current hexagon and two adjacent 

hexagons (2.5-3 km). To simulate a trimester, I used 2 time steps, which included the current 

month and previous two months (3 months). Hot spot maps were output to visualize the spatial-

temporal significance of SGA, LBWT, and all births (from APHP only) in each CMA for the 

study period. 

 

Table 4.2. Statistically significant hot spot categories for the 5- and 3-year study periods are 

defined in terms of the total months aggregated by 3-month time steps. Table continues. 

Pattern Category Emerging Hot Spot Definition 

New Hot Spot A hot spot location for the last 3 months of the time series (the final 

time-step interval) and has never been a hot spot before. 

Consecutive Hot Spot A never-been-hot-before location with a single uninterrupted run of 

hot spot bins in the final time-step intervals, and for <90% of time-

step intervals (Calgary: <54 months; Edmonton <32.4 months). 

Intensifying Hot Spot A hot spot location for ≥90% of the time-step intervals (Calgary: 54 of 

the 60 months; Edmonton: 32.4 of the 36 months), including the last 3 

months (final time step), and there is an increase in the intensity of 

clustering of high counts in each 3-month time step. 

Persistent Hot Spot A hot spot location for ≥90% of the time-step intervals (Calgary: 54 of 

the 60 months; Edmonton: 32.4 of the 36 months) and has no 

increasing/decreasing trend in the intensity of clustering over time. 

Diminishing Hot Spot A hot spot location for ≥90% of the time-step intervals (Calgary: 54 of 

the 60 months; Edmonton: 32.4 of the 36 months), including the last 3 

months (final time step), and there is a decrease in the intensity of 

clustering of high counts in each 3-month time step. 

Sporadic Hot Spot A hot spot location that is on-again then off-again for <90% of time-

step intervals (Calgary: <54 months; Edmonton <32.4 months), and 

none of the time-step intervals have been cold spots. 

Oscillating Hot Spot A hot spot location for the last 3 months (the final time-step interval) 

that has previously been a cold spot, and <90% of time-step intervals 

(Calgary: <54 months; Edmonton <32.4 months) have been hot spots. 

Historical Hot Spot A location that is not a hot spot for the last 3 months (the final time-

step interval), but ≥90% of the time-step intervals (Calgary: 54 of the 

60 months; Edmonton: 32.4 of the 36 months) have been hot spots. 

No Pattern Detected Does not fall into any of the hot or cold spot patterns defined above or 

below. 
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Pattern Category Emerging Hot Spot Definition 

New Cold Spot A cold spot location for the last 3 months of the time series (the final 

time-step interval) and has never been a cold spot before. 

Consecutive Cold Spot A never-been-cold-before location with a single uninterrupted run of 

cold spot bins in the final time-step intervals, and <90% of time-step 

intervals (Calgary: <54 months; Edmonton <32.4 months). 

Intensifying Cold Spot A cold spot location for ≥90% of the time-step intervals (Calgary: 54 

of the 60 months; Edmonton: 32.4 of the 36 months), including the 

last 3 months (final time step), and there is an increase in the intensity 

of clustering of low counts in each 3-month time step. 

Persistent Cold Spot A cold spot location for ≥90% of the time-step intervals (Calgary: 54 

of the 60 months; Edmonton: 32.4 of the 36 months) and has no 

increasing/decreasing trend in the intensity of clustering over time.  

Diminishing Cold Spot A cold spot location for ≥90% of the time-step intervals (Calgary: 54 

of the 60 months; Edmonton: 32.4 of the 36 months), including the 

last 3 months (final time step), and there is a decrease in the intensity 

of clustering of low counts in each 3-month time step. 

Sporadic Cold Spot A cold spot location that is on-again then off-again for <90% of time-

step intervals (Calgary: <54 months; Edmonton <32.4 months), and 

none of the time-step intervals have been hot spots. 

Oscillating Cold Spot A cold spot location for the last 3 months (the final time-step interval) 

that has previously been a hot spot, and <90% of time-step intervals 

(Calgary: <54 months; Edmonton <32.4 months) have been cold 

spots. 

Historical Cold Spot A location that is not a cold spot for the last 3 months (the final time-

step interval), but ≥90% of the time-step intervals (Calgary: 54 of the 

60 months; Edmonton: 32.4 of the 36 months) have been cold spots. 

 

 

Focal statistics 

For both the independent variables, I reclassified the categorical values (land use, n=4; SES, 

n=3) in to separate binary surfaces, where “one” indicated presence and “zero” indicated 

absence. Then I applied a neighborhood moving-window analysis, called focal statistics. 

Calculating the mean statistic within a 2,500 m radius on the binary surfaces resulted in 

proportions. I assigned the proportions of land use and SES to the centroids of the hexagons that 

resulted from the emerging hot spot analysis for each SGA/LBWT. The 2,500 m neighborhood 
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estimated the proportions of each land use or SES class within the distance defined for the 

emerging hot spot analysis described above. 

Statistical analyses 

For each CMA, I spatially joined all hot/cold spots maps, calculated Spearman’s correlation on 

the pattern categories ranked from coldest to hottest and used the resulting statistics to determine 

the association of (i) SGA/LBWT with all births, or (ii) critically ill cases with all SGA/LBWT 

of the same type. The categories were also correlated with the land use and SES proportions to 

help determine any relationships with SGA/LBWT. 

To better understand the relationship strength of each SGA/LBWT hot spot category and 

surrounding proportions of land use and SES, I used logistic regression. Binary variables were 

coded as “one” for all hot spot categories and as “zero” for cold spot categories and no pattern. 

Because the land use and SES categories were each mutually exclusive proportions, I specified 

residential and high SES as the references categories (i.e., left out of the model) to test my 

hypothesis that the target categories of industry and low SES have the highest associations with 

SGA/LBWT hot spot patterns. To account for areas having more births, I included the covariate 

sum of births (from APHP data) in each hexagon bin over the entire study period. I used STATA 

12 statistical software [173]. Because I was interested only in the significance of the effect of one 

independent variable (X) on the response (Y), and there was no need of interpreting the 

coefficients, the coefficients were calculated (i.e. logarithm of the odds ratios). 
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4.4 Results 

Characteristics of the study population 

The two CMAs varied in the raw counts of all births, all small newborns (SGA or LBWT), and 

critically ill small newborns. As shown in Table 4.3, Calgary had 77,711 total births over five 

years, there were 7,907 (10.2%) SGA, 505 (0.7%) critically ill SGA, 1,462 (1.9%) LBWT, and 

126 (0.2%) critically ill LBWT. For Edmonton’s 43,548 births over three years, there were 3,817 

(8.8%) SGA, 163 (0.4%) critically ill SGA, 679 (1.6%) LBWT, and 40 (0.1%) critically ill 

LBWT. 

 

Table 4.3. Census Metropolitan Area (CMA) number of records are from the Alberta Perinatal 

Health Program (APHP) and Canadian Neonatal Network (CNN) databases for only the records 

having valid 6-character postal codes. Note: SGA=small for gestational age; LBWT= low 

birthweight at term. 

Census 

Metropolitan 

Area (CMA) Years 

APHP CNN 

Births SGA LBWT 

NICU 

Admissions 

Critically 

ill SGA 

Critically 

ill LBWT 

Calgary 2006-

2010 

77,711 7,907 1,462 2,908 505 126 

Edmonton 2008-

2010 

43,548 3,817 679 1,242 163 40 

Both CMAs  121,259 11,724 2,141 4,150 668 166 

 

 

Space-time cube trends 

When the space-time cubes were created, information on the overall data trend was reported. The 

nonparametric Mann-Kendall statistic, an aspatial time-series analysis, indicated whether the 

events increased or decreased over time by evaluating count values for the locations in each 

three-month time-step interval for my study. Table 4.4 contains the trend statistics, which 
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showed increasing trends for every SGA/LBWT and births, in both CMAs. The Mann-Kendall 

statistics ranged from 1.86 to 4.89 (p-values: <0.01 to 0.06) in Calgary, and 2.56 to 6.72 (p-

values: <0.01 to 0.01) in Edmonton; both were positive and much higher than the expected zero 

value of no trend. 

Emerging hot spot patterns 

Table 4.4 identifies the patterns that resulted from the emerging hot spot analyses (EHSA) for 

each SGA/LBWT in the CMAs. Because the areal and temporal extents differed in each study 

area, the proportions of each category are shown. The EHSA pattern categories are defined in 

Table 4.2 within the context of Calgary’s 60-month and Edmonton’s 36-month time series. 

Calgary had more variability in hot/cold spots with two to 12 categories; Edmonton had two to 

five categories. The largest proportions of both CMAs had no patterns. Small amounts of new 

hot spots were present in SGA/LBWT, except Edmonton’s ciLBWT. Consecutive hot spots 

occurred in all SGA/LBWT for Edmonton, but only for ciSGA/ciLBWT and all births in 

Calgary. Intensifying, persistent, and diminishing hot spots occurred in Calgary for all births and 

SGA. Sporadic hot spots were present in all births and every SGA/LBWT, with the highest 

proportion in Edmonton’s SGA. Oscillating hot spots had the highest proportion in Edmonton 

but occurred in both CMAs for all births. Cold spots occurred in both CMAs (Calgary had six 

cold categories; Edmonton had two), but only for all births. Overall, the proportions of each 

pattern indicated that sporadic and consecutive hots spots dominated the trends; and births in 

both CMAs also exhibited cold spots. 
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Table 4.4. Space-time cubes and emerging hot spot analyses exhibit increasing trends across Alberta Perinatal Health Program 

(APHP) all births, small for gestational age (SGA), low birthweight at term (LBWT) and Canadian Neonatal Network (CNN) 

critically ill SGA and critically ill LBWT. Proportion of each hot/cold spot category shown; pattern categories defined in Table 4.2. 

 Calgary Edmonton  

 APHP=865 locations CNN=568 locations APHP=1032 locations CNN=locations  

 

Births SGA LBWT 

Critically 

ill SGA 

Critically 

ill LBWT Births SGA LBWT 

Critically 

ill SGA 

Critically 

ill LBWT 

 

Trend ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑ ↑  

Mann-Kendall Statistic 4.89 3.07 1.86 3.65 2.22 6.72 6.66 5.72 3.71 2.56  

p-value < 0.01 < 0.01 0.06 < 0.01 0.03 < 0.01 < 0.01 < 0.01 < 0.01 0.01  

Sparseness (% non-zero) 52.75 12.8 2.70 1.46 0.36 27.57 5.38 1.07 0.56 0.14  

No Pattern 0.508 0.874 0.939 0.979 0.944 0.421 0.684 0.898 0.937 0.939  

H
o
t 

S
p

o
ts

 

New - 0.001 0.010 0.002 0.018 - 0.008 0.004 0.014 -  

Consecutive 0.003 - - 0.004 0.018 0.002 0.045 0.002 0.011 0.009  

Intensifying 0.112 0.015 - - - - - - - -  

Persistent 0.045 0.020 - - - - - - - -  

Diminishing 0.013 0.003 - - - - - - - -  

Sporadic 0.082 0.084 0.051 0.016 0.021 0.009 0.264 0.096 0.038 0.052  

Oscillating 0.006 - - - - 0.513 - - - -  

Historical 0.001 0.001 - - - - - - - -  

C
o
ld

 S
p

o
ts

 

New 0.001 - - - - - - - - -  

Consecutive - - - - - - - - - -  

Intensifying 0.043 - - - - - - - - -  

Persistent 0.090 - - - - - - - - -  

Diminishing 0.014 - - - - 0.016 - - - -  

Sporadic 0.082 - - - - 0.040 - - - -  

Oscillating - - - - - - - - - -  

Historical - - - - - - - - - -  

Hot/Cold Trends 0.492 0.126 0.061 0.021 0.056 0.579 0.316 0.102 0.063 0.061  

Category Count 12 6 2 3 3 5 3 3 3 2  
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Pattern comparisons among SGA/LBWT 

In Calgary, there were six distinct areas of hot spot patterns for all births (indicated by red toned 

symbols in Figure 4.6). The largest patch was in the northeast, and smaller ones in the northwest, 

northcentral, central, southcentral, and southeast. The five distinct areas of SGA occurred in the 

northeastern (largest), northcentral, central, southcentral, and southeast (Figure 4.7). Much 

smaller areas were observed for critically ill SGA: central and scattered in the northwest (Figure 

4.7). Figure 4.8 shows two separate hot spot patterns for LBWT in the northeast, one in the east, 

one central, and an outlying community. The distinct areas for critically ill LBWT were 

northeast, central (but expanded beyond LBWT), and in the southeast (Figure 4.8). 

 

 

Figure 4.6. Emerging hot spots of all births in the Calgary CMA. 
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Figure 4.7. Emerging hot spots of SGA and critically ill SGA in the Calgary CMA. 
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Figure 4.8. Emerging hot spots LBWT and critically ill LBWT in the Calgary CMA. 
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In Edmonton, there were oscillating hot spots for all births covering most of the core CMA 

(Figure 4.9). Figure 4.10 shows distinct areas of SGA occurred in a large band from the northeast 

through central to west, across the south, and in outlying communities. Much smaller areas were 

seen for critically ill SGA: northcentral, west, and southeast (Figure 4.10). Figure 4.11 shows hot 

spots for LBWT in the north-northwest, north-central, southeast, west of central, west, and south. 

Three distinct areas were seen for critically ill LBWT: northwest, south-southeast, and an 

outlying community (Figure 4.11). 

 

 

Figure 4.9. Emerging hot spots of all births in the Edmonton CMA. 
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Figure 4.10. Emerging hot spots of SGA and critically ill SGA in the Edmonton CMA. 
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Figure 4.11. Emerging hot spots of LBWT, and critically ill LBWT SGA in the Edmonton CMA. 
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Table 4.5 reports the Spearman’s correlations among all births, SGA/LBWT, and critically ill 

SGA/LBWT. A rho value closer to positive one indicates higher association among the hot spot 

category patterns; a minus sign (-) indicates a negative association. For both CMAs, there was 

very poor association overall (rho 0.09 to 0.48, p<0.05), with the highest between all births-

SGA. The correlations decreased from SGA/LBWT to critically ill SGA/LBWT (p<0.05): in 

Calgary, all births-SGA was rho=0.47, SGA-critically ill SGA was rho=-0.03, all births-LBWT 

was rho=0.31, and LBWT-critically ill LBWT was rho=0.15; in Edmonton, all births-SGA was 

rho=0.48, SGA-critically ill SGA was rho=0.18, all births-LBWT was rho=0.18, and LBWT-

critically ill LBWT was rho=0.13. 

Associations of space-time patterns with land use and SES 

The direction and relative rho values of Spearman’s correlations (p<0.05) gave insight to which 

land use and SES categories had any relationships with the SGA/LBWT space-time hot spot 

patterns. As shown in Table 4.5, all births and SGA were associated the most with land use and 

SES categories for rho>|0.4|.  

In Calgary, SGA hot spots were negatively associated with high SES (rho=-0.42); no strong 

associations were seen for all births, LBWT, or either critically ill SGA/LBWT. 

In Edmonton, birth hot spots were positively associated with low SES (rho=0.41) and residential 

(rho=0.48), and negatively with open areas (rho=-0.52); SGA hot spots had similar associations 

(low SES: rho=0.43; residential: rho=0.44; open areas: rho=-0.40) but were also negatively 

associated with high SES (rho=-0.41); no strong associations were seen for LBWT, or either 

critically ill SGA/LBWT. 
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Table 4.6 indicates the correlation among land use and area-level SES, suggesting the variables 

of interest were independent in the Calgary CMA, but relatively less independent in the 

Edmonton CMA. Open areas and services were noticeably negatively correlated (Calgary rho=-

0.66; Edmonton rho=-0.73), and the same negative relationship was seen for open areas and 

residential (Calgary rho=-0.85; Edmonton rho=-0.84). 

The logistic regression model coefficients are displayed in Table 4.7, where residential land use 

and high SES were the reference variables. According to the Pseudo R2 values, the model fit 

ranged from 0.30 (critically ill SGA, Edmonton) to 0.45 (SGA, Calgary and Edmonton), 

meaning 30-45% of the SGA/LBWT hot spot variations were explained by area-level land use 

and SES. 

In Calgary (p<0.05), birth hot spots were surrounded by more industry (β=3.2 [95%CI: 1.5, 5.0]) 

and low SES (β=2.1 [95%CI: 1.4, 2.9]); SGA hot spots were surrounded by more area of low 

SES (β=4.9 [95%CI: 3.7, 6.2]); LBWT hot spots were surrounded by more area of low SES 

(β=3.9 [95%CI: 2.5, 5.4]); critically ill SGA hot spots were not significantly different from the 

reference; and critically ill LBWT hot spots had higher open areas (β=1.7 [95%CI: 0.6, 2.8) and 

industry (β=3.4 [95%CI: 1.6, 5.2]). 

In Edmonton (p<0.05), birth hot spots were surrounded by more medium SES (β=3.4 [95%CI: 

2.6, 4.3]); SGA hot spots were surrounded by low SES (β=3.4 [95%CI: 2.4, 4.4]) and medium 

SES (β=3.3 [95%CI: 2.4, 4.3]); LBWT hot spots were surrounded by low SES (β=4.5 [95%CI: 

3.2, 5.7]); critically ill SGA hot spots had slightly more open areas (β=1.6 [95%CI: 0.5, 2.7]); 

and critically ill LBWT hot spots had more open areas (β=1.6 [95%CI: 0.5, 2.8]) and industry 

(β=2.3 [95%CI: 0.4, 4.2]). 
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Table 4.5. Spearman’s correlation (rho) statistics compare emerging hot spot patterns for all births, SGA/LBWT, and critically ill 

SGA/LBWT, by Census Metropolitan Area (CMA). Patterns are also correlated with proportions of each land use and SES category. 

Significant rho values (p<0.05) are marked with an asterisk (*). 

Spearman’s rho 

Calgary Edmonton 

Births SGA LBWT 

Critically 

ill SGA 

Critically 

ill LBWT Births SGA LBWT 

Critically 

ill SGA 

Critically 

ill LBWT 

Births 1     1     

Small for Gestational Age 0.47* 1    0.48* 1    

Low Birthweight at Term 0.31* 0.47* 1   0.18* 0.23* 1   

Critically ill SGA 0.09* -0.03 0.08 1  0.10* 0.20* 0.19* 1  

Critically ill LBWT 0.17* -0.01 0.15* 0.23* 1 0.12* -0.13* 0.13* 0.09 1 

 Land Use           

Services 0.04 0.14* 0.11* -0.06 0.02 0.33* 0.22* 0.00 -0.10* 0.00 

Open Areas -0.29* -0.23* -0.08 -0.02 -0.17* -0.52* -0.40* -0.24* -0.03 -0.09 

Residential 0.20* 0.11* 0.07 0.08* 0.11* 0.48* 0.44* 0.26* 0.06 -0.03 

Industry 0.28* 0.20* 0.05 -0.07 0.12* 0.35* 0.23* 0.21* 0.07 0.17* 

 Socioeconomic Status           

SES Low 0.16* 0.38* 0.30* -0.07 -0.07 0.41* 0.43* 0.38* 0.07 0.13* 

SES Medium -0.07 -0.13* -0.18* 0.01 0.00 0.13* 0.06 -0.14* 0.18* 0.05 

SES High -0.23* -0.42* -0.30* 0.07 0.11* -0.38* -0.41* -0.27* -0.15* -0.12* 

 

  



 

107 

1
0
7
 

Table 4.6. Spearman’s correlation matrix of the regression model covariates: proportions of land use and socioeconomic status 

categories, by Census Metropolitan Area (CMA). Significant rho values (p<0.05) are marked with an asterisk (*). 

Spearman’s 

rho 

Calgary 

SES Low SES Medium SES High Services Open Areas Residential Industry 

SES Low 1       

SES Medium 0.00 1      

SES High -0.78* -0.40* 1     

Services 0.53* 0.04 -0.30* 1    

Open Areas -0.44* -0.24* 0.33* -0.66* 1   

Residential 0.36* 0.13* -0.17* 0.60* -0.85* 1  

Industry 0.20* 0.33* -0.35* 0.13* -0.34* -0.07 1 

Spearman’s 

rho 

Edmonton 

SES Low SES Medium SES High Services Open Areas Residential Industry 

SES Low 1       

SES Medium -0.24* 1      

SES High -0.70* -0.34* 1     

Services 0.57* -0.20* -0.24* 1    

Open Areas -0.77* 0.22* 0.50* -0.73* 1   

Residential 0.61* -0.2* -0.37* 0.67* -0.84* 1  

Industry 0.48* 0.04 -0.45* 0.14* -0.46* 0.05 1 
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Table 4.7. Logistic regression β coefficients for all births, SGA/LBWT, and critically ill SGA/LBWT, modelled with proportions of 

surrounding land use categories and level of socioeconomic status (SES). Residential and high SES are the reference categories; 

Likelihood Ratio (LR) chi2 significance is p<0.001; significant coefficients (p<0.05) marked by an asterisk (*); number of locations 

are indicated in Table 3. 

Model β 

coefficient 

(95% CI) 

Calgary 

Births SGA LBWT Critically ill SGA Critically ill LBWT 

Services -17.3 (-32.9, -1.7)* 5.8 (-17.0, 28.6) 4.5 (-21.5, 30.6) -18.6 (-37.8, 0.7) -7.5 (-23.4, 8.5) 

Open Areas -2.2 (-3.6, -0.8)* -1.4 (-3.8, 1.0) -0.4 (-3.0, 2.1) 0.9 (-0.3, 2.2) 1.7 (0.6, 2.8)* 

Industry 3.2 (1.5, 5.0)* 2.3 (-0.2, 4.7) -3.5 (-7.5, 0.6) 0.8 (-1.3, 2.9) 3.4 (1.6, 5.2)* 

SES Low 2.1 (1.4, 2.9)* 4.9 (3.7, 6.2)* 3.9 (2.5, 5.4)* 0.8 (-0.1, 1.8) 0.1 (-0.7, 0.9) 

SES Medium -1.6 (-2.6, -0.6)* 1.4 (-0.2, 3.0) 1.1 (-1.0, 3.2) 0.2 (-0.6, 1.0) -0.4 (-1.1, 0.3) 

Sum Births 0.01 (0.01, 0.02)* 0.01 (0.01, 0.01)* -0.04 (-0.04, -0.03)* 0.01 (0.00, 0.01)* -0.02 (-0.02, -0.02)* 

Intercept -1.4 (-2.5, -0.3)* -5.4 (-7.4, -3.4)* 0.5 (-0.7, 1.7) -5.1 (-7.3, -2.8)* -0.3 (-1.3, 0.7) 

LR chi2 347.1 294.5 503.1 129.3 368.2 

Pseudo R2 0.35 0.45 0.45 0.32 0.32 

Model β 

coefficient 

(95% CI) 

Edmonton 

Births SGA LBWT Critically ill SGA Critically ill LBWT 

Services -34.9 (-48.6, -21.3)* -30.1 (-40.2, -20.1)* -34.9 (-47.3, -22.4)* -15.2 (-25.3, -5.1)* -13.5 (-23.8, -3.1)* 

Open Areas -9.7 (-11.4, -8.0)* -7.0 (-8.4, -5.5)* -4.2 (-5.9, -2.6)* 1.6 (0.5, 2.7)* 1.6 (0.5, 2.8)* 

Industry -5.5 (-7.6, -3.3)* -5.7 (-7.5, -3.9)* -6.1 (-8.7, -3.6)* 1.1 (-0.7, 2.9) 2.3 (0.4, 4.2)* 

SES Low 1.0 (-0.2, 2.3) 3.4 (2.4, 4.4)* 4.5 (3.2, 5.7)* 0.6 (-0.3, 1.6) 0.5 (-0.4, 1.5) 

SES Medium 3.4 (2.6, 4.3)* 3.3 (2.4, 4.3)* 0.9 (-0.4, 2.2) -0.3 (-0.9, 0.4) -0.6 (-1.3, 0.1) 

Sum Births 0.03 (0.02, 0.04)* 0.01 (0.01, 0.01)* -0.03 (-0.03, -0.02)* 0.00 (0.00, 0.01) -0.03 (-0.04, -0.03)* 

Intercept 4.4 (3.1, 5.7)* 1.2 (0.1, 2.2)* 0.88 (-0.13, 1.89) -0.7 (-2.3, 0.8) 1.0 (0.0, 2.0) 

LR chi2 857.5 579.5 494.2 203.6 537.2 

Pseudo R2 0.60 0.45 0.36 0.30 0.39 
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4.5 Discussion 

Hot spots for critically ill SGA and critically ill LBWT occurred in different locations than the 

non-critically ill, but hot spots of both SGA and LBWT logically occurred in the same locations 

as hot spots for all births. The differing locations were counterintuitive for the critically ill hot 

spots, suggesting there may be neighborhood-level environmental influences unevenly 

distributed across the cities. 

The increasing trends of SGA/LBWT in each CMA were supported by increasing trends of all 

births: SGA/LBWT hot spot space-time clusters were increasing because birth hot spots were 

increasing. However, the locations did not coincide across the study areas, and the low 

correlation values quantified this difference in hot spot patterns. 

The regression coefficients supported that low SES and industrial land use had the highest 

associations, depending on the birth outcome. However, the low regression coefficients for the 

critically ill SGA/LBWT suggested maternal factors and/or other environmental exposures, such 

as urban air pollutants may be additionally important. Higher amounts of surrounding open 

spaces were associated with ciSGA and ciLBWT hot spots. As the negative correlations of open 

spaces with services suggest, less access to health services may potentially be implied. 

In Canada, there is a paucity of published studies on the spatial and temporal trends of 

SGA/LBWT, especially for those critically ill. Statistics Canada has reported that small 

newborns are increasing over time for my geographical areas of interest. Nielsen et al. [174] 

published on only the spatial distribution of SGA and LBWT for the entire province. As for 

critically ill SGA/LBWT, there are no published temporal trends for each city participating in the 
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CNN to compare to. The space-time patterns demonstrated here agree with the increasing 

national trend, but additionally pinpoints the locations of where there are hot spots. 

Limitations 

Although I had access to all records from the APHP and CNN databases, the postal code 

locations may not have been as accurate for the non-urban areas in each CMA. Also, the 

critically ill SGA/LBWT were reduced by half due to the loss of CNN locations without valid 

postal codes. This subset provided an indication of hot spot patterns for NICU-admitted critically 

ill small babies that can be limited. 

Similar to the postal code centroids, the SES index outside of urban areas does not have as 

accurate spatial resolution because the dissemination areas (DA) may be vast. Larger areas are 

encompassed by the postal delivery units and DA in rural areas. 

The use of areal units of analysis underscores the risk for ecological fallacy (aggregation bias) 

[9]; i.e. it must be remembered that not all births in the postal code areas may have been 

SGA/LBWT. 

More dynamic land use and SES maps, matching the temporal resolution of the health data, may 

possibly strengthen relationships. The SES data was based on the 2006 Canada Census, the 

starting year of the study only. The land use data was published in 2016, beyond the study 

period, but no metadata described the exact year of the mapping, which was likely earlier. There 

is a small possibility that the residential areas may be overrepresented where the suburban 

footprint of the Alberta cities had rapidly grown. I acknowledge that it was somewhat arbitrary to 

consider residential as the proxy for standard land use and high SES as the optimal 

socioeconomic level for where pregnancies should occur; however, the collinearity with the 
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remaining land use and SES classes required me to exclude one of each category in the logistic 

regression. 

The CNN data collection methods differed between Calgary and Edmonton, where the latter only 

reported critically-ill newborns having gestational ages <33 weeks. Therefore, the ciLBWT 

results are not entirely reliable for the Edmonton CMA, although they are similar to the Calgary 

CMA. Also, because of the data difference direct comparisons cannot be made. This study was 

not hospital-specific, meaning that the analysis was based on the maternal residential postal code 

and may include NICU admissions to hospitals not in the same CMA as the residences. 

Depending on alternative objectives (e.g. in epidemiology or planning policy), the reporting of 

coefficients (log of odds ratios) from the logistic regression model may not be suitable. Odds 

ratios are more easily interpretable as how much the levels of one variable (X = 1 = exposure) 

affects Y in relation to a reference for X (i.e. X = 0 = no exposure). The beta coefficients were 

useful for investigating whether any associations existed. More sophisticated statistical analyses 

to explore interactions of the environmental variables may be performed in the future. 

The observational study design precluded any casual relationships, but instead identified 

differences on where hot spot patterns corresponded in space and time for birth outcomes in the 

two main cities of Alberta. 
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Strengths 

For this analysis, I prepared a static postal code file spanning beyond the minimum and 

maximum years of the study. This was necessary because growing communities received more 

postal delivery routes over time, so that later births were counted in the same spatial location as 

earlier births. 

Instead of blindly assigning land use and SES values at the centroid, spatial inaccuracy is 

minimized by measuring the proportions of land use and SES categories surrounding the focal 

hot spot hexagons. And as mentioned above, hexagons have less edge effects than squares, and 

more closely match the circular neighborhood used in focal statistics [172]. 

The user-friendly space-time cube tools allow for rapid visualization and quantification of areas 

with statistically significant increasing or decreasing trends of SGA/LBWT. The choice of 

spatial and temporal aggregation can be changed to address different research questions that may 

inform policy decisions on where to focus on monitoring or mitigating potential risk factors at 

the identified hot spots. 

I was able to map the spatiotemporal trends of babies born too small, which had the end result of 

2-dimensional maps for the entire time period. Then I took the analysis to the next level by 

associating those patterns with the surrounding environment to discover potential processes. 
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Conclusion 

The mapping of spatial-temporal hot spots indicated that critically ill small newborns admitted to 

NICUs occurred in different areas than all small newborns – not what would be expected, but it 

was clearly demonstrated by the low correlation. The dominant area-level associations with non-

critically ill SGA and LBWT hot spot patterns were primarily higher proportions of surrounding 

industrial land use and low SES, directly answering my research objective to help understand 

why the patterns were different. Only surrounding land use was associated with critically ill 

LBWT. However, land use or SES were not related to the critically ill SGA hot spots indicating 

that further research is warranted on including environmental exposures (such as air pollution  

from traffic and industrial sources) and maternal factors in the hot spot analyses. 

Space time cubes and emerging hot spot analyses promise to be useful for any public health 

investigation in space and time. This is the first known study examining spatial-temporal hot 

spots of adverse birth outcomes. 
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Chapter 5 Space-time hot spots of critically ill small for 

gestational age newborns and industrial air pollutants 
 

5.1 Abstract 

Background: Critically ill small for gestational age (ciSGA) newborns are those who are 

admitted to neonatal intensive care units (NICU) and have a birthweight below the 10th 

percentile for gestational age and sex according to Canadian normative data. These are life-

threatening and costly events requiring further understanding of risk factors. I assessed 

spatiotemporal hot spots of ciSGA and industrial air emissions, an infrequently studied source of 

shared exposures. 

Methods: Using neonatal admission data from participating NICUs in the Canadian Neonatal 

Network between 2006 and 2010, I aggregated the mother’s residential postal codes from 

nineteen census metropolitan areas (CMA) into space-time cubes and applied emerging hot spot 

analyses. Using National Pollutant Release Inventory data and Environment Canada weather 

station data, I estimated monthly dispersion of air emissions in these areas. I compared the 

resulting patterns using logistic regression, with covariates for low socioeconomic status, traffic 

pollution, and the total number of infants during the study period. 

Results: The larger CMAs had more and larger hot spots of ciSGA in space and time. Seventy-

eight industrial chemical hot spots were associated with ciSGA hot spots. The greatest number of 

positive associations were observed for 28 different pollutants, mostly in Edmonton, Halifax, 

Montréal, Toronto, Vancouver, and Winnipeg. Twenty-one of those chemicals were known or 
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suspected developmental toxicants, such as particulate matter, carbon monoxide, heavy metals, 

and VOCs. 

Discussion: Hot spot patterns of ciSGA differed among CMAs. Associations with hot spots of 

industrial chemical emissions were geographically specific and may help explain the space-time 

trends of ciSGA. 

 

5.2 Background 

Environmental influences and toxicant exposures of a pregnant mother may result in a neonate 

born “too small” or “too soon”. This is a significant health problem associated with infant 

mortality, physical and cognitive disabilities, and chronic diseases later in adulthood [1, 7, 153]. 

Preterm neonates and neonates who are small are associated with high resource utilization 

including admission to neonatal intensive care units (NICU) [7, 161]. One other group of 

neonates characterized as small for gestational age (SGA) is also at high risk of the above-

mentioned complications. SGA applies to newborns whose birthweights are below the 10th 

percentile, based on sex and gestational age at birth [13]. Many of these neonates require 

admission to NICUs. Such critically ill SGA (ciSGA) infants are a high priority for research 

because they incur higher economic and social costs. 

Maternal risk factors (e.g. pre-existing and pregnancy-related health conditions, behavior, 

nutrition) are important determinants of perinatal outcomes [18, 86–88]; however, adverse 

outcomes are not solely attributable to these factors . Incorporating other explanatory variables, 

such as the environment, may improve our understanding of why SGA occurs and where it 

occurs [61, 122]. SGA generally reflects growth restriction, possibly from inflammation, direct 
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toxic effects on the placenta and fetus, interruption of oxygen-hemoglobin interaction, or DNA 

damage [81, 82]. Urban pollution has been associated with adverse birth outcomes [49, 52, 56, 

78, 125, 175–178] but the role of specific industrial air emissions is not well understood. 

It is challenging to estimate exposures for association studies between SGA and unmonitored 

pollutants. Pollutant Release and Transfer Registers (PRTR) are publicly available reporting 

systems that provide much needed data for health-related studies, despite some limitations [99]. 

Building on previous research utilizing PRTR data [174, 179], I developed a strategy for 

estimating dispersion of pollutants in space and time and mapping these emissions to where 

pregnant mothers lived. Because the interactions of the environment are not constant in space 

and time, I take advantage of spatial statistics and geographic data mining in readily available 

Geographical Information System (GIS). These tools allow for spatiotemporal variation to reveal 

patterns and associations between SGA and the environment that may not be evident in 

traditional spatial epidemiology [162]. Spatiotemporal GIS has the potential to identify priority 

areas for management and intervention in crime, conservation, and more recently, health [163–

166].  

In Chapter 4, I found that hot spot patterns of ciSGA did not coincide with hot spot patterns of 

non-critical SGA and area-level socioeconomic status (SES). The patterns were unique to the 

area of interest and in some instances associated with surrounding land use. Given that there is 

much support of air pollution in the scientific literature, I decided to use this as more specific 

information than land use. This study aimed to: (i) examine spatiotemporal patterns of ciSGA 

across 19 Canadian metropolitan areas that were served by tertiary-level (i.e. large referral 

hospitals that provided specialized health care) NICUs; (ii) estimate monthly emissions of 

industrial air pollutants, dispersed by wind, and calculate their spatiotemporal patterns; and (iii) 
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discover associations for space-time hot spots of critically ill small newborns with those of the 

industrial air pollutants. 

 

5.3 Methods 

Study design and setting 

I conducted a retrospective cohort study using data from the Canadian Neonatal Network (CNN), 

which maintained a standardized neonatal intensive care unit (NICU) database, in collaboration 

with 27 hospitals across Canada [167]. The database has shown a very high internal consistency 

and reliability [168]. 

I delimited the primary areas served by the CNN NICUs as 19 census metropolitan areas (CMA) 

containing the participating hospitals from 2006-2010, shown in Figure 5.1, and described in 

Table 5.1 in terms of size and population [26]. A CMA has a minimum total population of 

100,000 and is defined as urban core with its surrounding municipalities connected via 

commuting flows [169]. I used Esri’s ArcGIS software to manage, process, analyze, and map the 

spatial data [101, 180]. 
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Figure 5.1. The study areas across Canada in the Canadian Neonatal Network (CNN) were 

defined by the 19 Census Metropolitan Areas (CMA: orange areas) that are served by 27 

participating hospitals (red crosses) with neonatal intensive care units. 

 

Dependent variables 

My outcome was critically ill small for gestational age (ciSGA), based on Canadian normative 

data, and defined as birth weight below the 10th percentile for gestational age and sex [13] for 

newborns admitted to NICUs. The CNN provided anonymized records on infant birthdate, 

birthweight (grams), gestational age (completed weeks), sex, single/multiple, admission status, 

and the residential postal code. As depicted in Figure 5.2, I selected singletons at first admission 

to the NICU, having valid postal codes and classified all records as binary variables according to 

the SGA definition. 
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Figure 5.2. The Canadian Neonatal Network (CNN) data were subset to valid postal codes within 

the extent of 19 Census Metropolitan Areas (CMA): Edmonton (2008-2010), Ottawa (2007-

2010), and all others (2006-2010). Critically ill small for gestational age (ciSGA) was defined as 

a binary variable. 
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Table 5.1. Characteristics of the Census Metropolitan Area (CMA) are from the 2011 Census for Canada and the Canadian Neonatal 

Network (CNN) database for critically ill small for gestational age (ciSGA). 

CMA Province 

Area 

(km2) 

Total 

Population 

Infants 

0 to 4 

Years 

Study 

Start 

Year 

CNN 

Hospitals 

NICU 

Admissions* ciSGA* 

Calgary Alberta  5,108   1,214,839   80,855  2006 1 2,908 505 

Edmonton Alberta  9,427   1,159,869   73,645  2008 1 1,242 163 

Fredericton New Brunswick  4,886   94,268   5,130  2006 1 141 24 

Halifax Nova Scotia  5,496   390,328   19,965  2006 1 1,816 291 

Hamilton Ontario  1,372   721,053   38,350  2006 1 1,486 195 

Kingston Ontario  1,939   159,561   7,865  2006 1 546 87 

London Ontario  2,666   474,786   26,150  2006 1 1,063 170 

Moncton New Brunswick  2,406   138,644   7,410  2006 1 589 92 

Montréal Québec  4,258   3,824,221   222,225  2006 4 4,645 838 

Ottawa Ontario  6,287   1,236,324   71,245  2007 1 82 19 

Québec Québec  3,349   765,706   40,775  2006 1 154 19 

Regina Saskatchewan  3,408   210,556   13,225  2006 1 1,297 188 

Saint John New Brunswick  3,363   127,761   6,740  2006 1 587 139 

Saskatoon Saskatchewan  5,215   260,600   16,625  2006 1 1,498 252 

St. John's Newfoundland  805   196,966   10,725  2006 1 735 102 

Toronto Ontario  5,906   5,583,064   318,900  2006 3 7,064 1,257 

Vancouver British Columbia  2,883   2,313,328   115,185  2006 3 3,259 496 

Victoria British Columbia  696   344,615   14,775  2006 1 1,011 141 

Winnipeg Manitoba  5,303   730,018   40,550  2006 2 2,697 487 

* indicates records having valid postal codes. 

 



 

121 

 

Independent variables 

Air pollution released by industry was my primary variable of interest. Canada’s PRTR is the 

National Pollutant Release Inventory (NPRI), which provided the annual estimates reported by 

facilities mandated to do so under the Canadian Environmental Protection Act, 1999 [105]. NPRI 

pollutants included core and alternate substances (based on criteria of specific concentrations, 

quantities, number of employees), polycyclic aromatic hydrocarbons (PAH), dioxins, criteria air 

contaminants (CAC), and speciated volatile organic compounds (VOC). I divided the tonnes 

released per year by 12 to estimate the monthly average at each facility, and selected facilities 

within 100 km of each CMA boundary (note: the large distance guaranteed the inclusion of all 

potential pollutants emitted inside and outside the census boundary). 

Wind direction and speed were important for calculating simple dispersion of the NPRI 

substances on a monthly basis. Environment and Climate Change Canada (ECCC) provided the 

wind measurements for centrally-located weather stations, having more than 75% observations, 

in each CMA [181]. For each CMA station, I aggregated hourly values to calculate: (i) overall 

and monthly averages of wind speed to use as an estimate of dispersal distance; and (ii) the 

monthly mean and standard deviation of the wind angular direction, to parameterize the extent of 

a wedge-shaped filter. 
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Because wind direction is an angular measurement, I applied trigonometry to calculate circular 

descriptive statistics, as described by Fisher, Rogerson, and Mardia and Jupp [182–184]. The 

calculations were made using Python 2.7 [111] and involved the following steps, repeated for 

each of the 19 CMA study areas: 

1. Calculate overall mean wind speed, rounded to 1000s meters, for all years: D 

2. Calculate monthly mean wind speeds, rounded to 1000s meters, for all months: Dm 

3. Transform the wind direction from degrees to radians: θ 

4. Calculate the sine of all angles: S = sin θ 

5. Calculate the cosine of all angles: C = cos θ 

6. Summarize by CMA, year, and month to calculate mean of sin and cos: S  and C  

7. Calculate the resultant: R = tan−1  ( S  / C ) 

8. Apply the appropriate calculation based on the mathematical quadrant for S  and C , for 

the angular mean, Am: 

a. Convert R to degrees, if S  > 0 and C  > 0 

b. Convert R + π to degrees, if C  < 0 

c. Convert R + 2π to degrees, if S  < 0 and C  > 0 

9. Transform to mathematical angle using the modulo operator: mAm = (450 – Am) % 360 

10. Calculate the standard deviation: Asd = √−2 × log (1 − (1 − R)) 

11. Calculate the start angle by subtracting a standard deviation: Astart = mAm – Asd 

12. Calculate the end angle by adding a standard deviation: Aend = mAm + Asd 
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The values needed for computing the wind-dispersed pollutants described below, were overall 

average speed (for the radius distance), monthly average speed (i.e. distance), mathematical 

angular mean, start angle, and end angle (D, Dm, Astart, and Aend). 

Additional covariates were low socioeconomic status (SES) from Chan et al. [103], the total 

number of infants during the study from Census Canada 2011 (detailed below), and NO2 

emissions from Hystad et al.’s land use regression (LUR) modelling [185]. 

Geolocation 

I assigned longitude and latitude to the CNN records by joining the postal codes to the DMTI 

Spatial’s Platinum Postal Code Suite [110]. To ensure static locations throughout the study 

period, I uniquely selected postal codes from 2001 through 2013 (the time span was necessary 

due to the addition and retirement of postal codes during the study). 

I also geolocated the NPRI facilities by joining the unique facility identifiers to the provided 

table of longitude and latitudes. 

My space-time analyses required distance-preserving spatial references; therefore, I customized 

Azimuthal Equidistant map projections centered on each CMA (detailed in Appendix II: Table 

S2.1) and implemented in Esri’s ArcGIS software for all my spatial analyses. 

Wind-dispersed pollutants 

For each CMA, I used the mean wind speed and direction to specify kernel density and focal 

wedge-shaped parameters (described above in the section on independent variables and shown in 

Figure 5.3). 
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Figure 5.3. Flow chart of GIS commands for analyzing critically ill small newborns in space and 

time, plus detail on wind-dispersed air pollutants using kernel density and focal sum wedge 

modelling. The analyses were replicated for 19 Census Metropolitan Areas (CMAs) using 

customized azimuthal equidistant map projections for each. 
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I established the base emissions as tonnes per square kilometer, by applying kernel density. 

Kernel density is a non-parametric method that extends point source values across a surface by 

calculating the magnitude-per-unit area, fitted to a smoothly tapered function that spreads the 

values within a specified distance around each point [108]. I set the magnitude as the mean 

monthly NPRI emissions, in tonnes (i.e. the annual total divided by 12 months), and the radius 

distances were the overall mean wind speed (described above), with a 250 m raster cell size. 

These surfaces became the input to the corresponding monthly calculations using focal statistics, 

which is a moving-window or “filtering” operation that computes statistics (e.g., sum) on values 

encountered in the neighborhood. 

I applied focal statistics using a wedge, which is a pie-shaped neighborhood that I defined as ±1 

standard deviation on either side of the mean monthly wind direction, extending the radius 

distance by the mean monthly wind speed. The wedge defined by 1 standard deviation followed 

dispersion modelling work by Qiu et al. [186]. To estimate the relative cumulative exposure, I 

calculated the focal sum as the statistic [187]. Python 2.7 in ArcGIS automated the iterative 

process for each CMA, year, month, and NPRI chemical combination. 

Hexagon centroids from the space-time pattern mining (described next) were used to extract the 

modelled pollution values for each month. I merged the monthly data for each chemical into 

complete temporal files matching the CNN study period and CMA to then be input to their own 

space-time pattern mining. 

Spatiotemporal patterns 

I analyzed the spatial and temporal clustering of ciSGA distributions using the ArcGIS space-

time pattern mining tools [171]. I transformed the postal codes of each CMA into 
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multidimensional data cubes, known as network Common Data Form (netCDF) files, through 

aggregation spatially by 1-km high hexagon bins and temporally by 1-month birthdate time 

slices; summing the binary values of ciSGA; filling empty bins with zeros; and aligning to a 

reference time equal to the beginning of the study (2007/01/01 for Ottawa, 2008/01/01 for 

Edmonton, and 2006/01/01 for all other CMA). The Mann-Kendall statistic evaluated the trend 

in ciSGA point counts for each data cube. 

The hexagon was chosen because it is more natural in shape, better represents connectivity, and 

minimizes edge effects [172]; the 1-km size fit within typical city neighborhoods and helped 

protect individual privacy. The 1-month time-step interval fit within a trimester. Bins were filled 

with zeros because ciSGA are considered rare events, counted in whole numbers, and therefore 

interpolation would not be appropriate. 

Emerging hot spot analysis (EHSA) analyzed each data cube by calculating statistically 

significant hot and cold spot trends of ciSGA locations over the entire time period using two 

statistics. The Getis-Ord Gi* statistic assessed the location and degree of spatial clustering by 

calculating the z-score, p-value, and hot spot bin classification. The Mann-Kendall statistic 

evaluated these measures to assess temporal trends and then categorized locations as hot or cold 

spots. To simulate city neighborhood sizes, I used a fixed distance of 2001 m (note: the 

additional 1 m ensured that complete hexagons were included), which encompassed the current 

hexagon and 2 adjacent hexagons (i.e. 2.5 km). To simulate a trimester, I used 2-time steps, 

which included the current month and previous two months (i.e. 3 months). Hot spot maps 

representing the entire time period were produced to visualize the spatiotemporal significance of 

ciSGA in each CMA. 
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I applied the same space-time parameters to the merged files of the NPRI chemicals. For each 

CMA, I first created a base hexagon grid that matched the ciSGA hot spot maps, and then used 

the centroids to extract the dispersed chemicals, by year and month. I transformed the centroids 

into 1-km hexagons by 1-month space-time cubes and applied the neighbor parameters for 

EHSA relevant to each CMA. This was automated in the GIS by Python [111]. The resulting hot 

spot maps represented the entire time period for each chemical. 

All EHSA maps were reclassified to binary values, where 1=hot spot and 0=not. 

Demographic enrichment 

To include a proxy of the total number of births, I assigned to the hexagons the total number of 

infants for the entire 2006-2010 study period. The ArcGIS Online services of the Enrich Layer 

tool provided the males and females aged 0 to 4 years old from the 2011 Canadian Census. 

[188]. I summed these to obtain total infants for each hexagon. 

Statistical analyses 

For each CMA, I spatially joined all resulting hot spot maps. The original hot spot categories 

were reclassified as binary values; 1=hot; 0=not. Logistic regression was applied using the 

ciSGA binary hot spots as the dependent variable and each NPRI chemical binary hot spot as the 

independent variable. Because I was interested only in the significance of the effect of one 

independent variable (X) on the response (Y), and there was no need of interpreting the 

coefficients, the coefficients were calculated (i.e. logarithm of the odds ratios). 

I included the proportion of low SES because it is associated with adverse birth outcomes. To 

account for major traffic-related pollution, I incorporated average values from the LUR model. 

Since I did not have total number of births at the postal code level, I included total births based 
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on the enriched hexagons as a covariate; there may have not been hot spots for some of the 

hexagons but there may still have been births potentially exposed that I needed to control for. It 

is important to note that it was the hot spots of ciSGA and hot spots of chemical emissions that 

were associated – there was no assignment of the potential exposure to individual locations 

because EHSA aggregated the data in space and time. I used STATA 15 statistical software 

[102]. 

 

5.4 Results 

Characteristics 

Critically ill SGA – The nineteen CMAs varied in the raw counts of ciSGA. As shown in Table 

5.1, Toronto had the most (n=1,257) and Ottawa/Québec were tied for the least (n=19). The next 

three highest CMAs were Montréal, Calgary, and Vancouver (n=838, 505, and 496 respectively). 

The next three lowest were Fredericton, Kingston, and Moncton (n=24, 87, and 92). Percentages 

of critically ill SGA per total number of admissions in each CMA are shown as green bars in 

Figure 5.4. Saint John had the most (2.1%) and Ottawa had the least (0.03%). Saskatoon, 

Halifax, and Regina were among the highest (1.52%, 1.46%, and 1.42%). Québec, Edmonton, 

and Montréal were among the lowest (0.05%, 0.22%, and 0.38%). 

 



 

129 

 

Figure 5.4. Percentages of critically ill small for gestational age (ciSGA): admissions to neonatal 

intensive care units (NICU) and percentages of space-time hot spot patterns in the 19 Canadian 

Neonatal Network (CNN) study areas, identified by Census Metropolitan Area (CMA). 

 

NPRI – For comparison with the CMAs, Table 5.2 shows the industrial emissions for each of the 

nine provinces: Alberta had the greatest number of facilities (n=6,331) and emissions (7,832,008 

tonnes) and Ontario had the largest number of chemicals (n=207).  Table 5.3 shows that the 

number of substances released to air within 100 km differed among the 19 CMAs. The number 

of chemicals ranged from 27 (Saskatoon) to 132 (Toronto), the number of industrial facilities 

ranged from 16 (St. John’s) to 1,310 (Toronto), and the tonnes emitted ranged from 64,014 
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(Saskatoon) to 1,472,193 (London). Appendix II: Figures S2.1-S2.4 shows the log of total tonnes 

for all 161 chemicals emitted by facilities within each CMA. Figure 5.5 shows the distribution of 

industrial facilities as blue dots for an example CMA: Edmonton (all other maps are in Appendix 

II: Figure S2.5). 

 

Table 5.2. Provincial-level characteristics of population and the National Pollutant Release 

Inventory (NPRI). 

Province 

Area 

(km2) 

Total 

Population 

Infants 

0 to 4 

Years 

Number 

of 

Facilities 

Number 

of 

Chemicals 

Emissions 

(tonnes) 

Alberta 661,848  3,790,191   250,316   6,331   143   7,832,008  

British Columbia 944,735  4,499,139   222,822   1,217   131   3,134,962  

Manitoba 647,797  1,233,728   78,182   193   76   2,103,010  

New Brunswick 72,908  755,530   36,484   105   80   645,999  

Newfoundland 405,212  525,037   24,802   85   63   567,807  

Nova Scotia 55,284  944,469   44,296   115   86   1,012,630  

Ontario 1,076,395  13,263,544   718,240   2,603   207   4,434,770  

Québec 1,542,056  8,007,656   436,844   928   163   4,792,390  

Saskatchewan 651,036  1,066,349   70,119   1,350   88   1,750,251  

 

 

Table 5.3. Census Metropolitan Area (CMA) characteristics of the National Pollutant Release 

Inventory, mean wind speed values from Environment and Climate Change Canada weather 

stations (centrally located in each CMA), and the number of maps of monthly wind-dispersed 

emissions. Individual chemical amounts are shown in Appendix II: Figures S2.1-S2.4. Table 

continues. 

CMA 

Number of 

Facilities 

Number of 

Chemicals 

Emissions 

(tonnes) 

Mean Wind Speed 

(m/h) 

Number of 

Monthly Maps 

Calgary 996 51 961,989 15,000 2,556 

Edmonton 1,063 73 1,121,450 13,000 3,948 

Fredericton 67 60 248,705 12,000 2,976 

Halifax 87 64 455,116 12,000 3,108 

Hamilton 1,274 130 1,262,835 16,000 5,952 

Kingston 154 63 153,592 16,000 2,568 

London 557 120 1,472,193 14,000 5,964 

Moncton 78 64 213,172 18,000 3,048 
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CMA 

Number of 

Facilities 

Number of 

Chemicals 

Emissions 

(tonnes) 

Mean Wind Speed 

(m/h) 

Number of 

Monthly Maps 

Montréal 495 112 1,044,608 7,000 5,580 

Ottawa 215 79 175,350 11,000 3,996 

Québec 164 73 766,218 10,000 3,948 

Regina 77 47 134,173 19,000 2,184 

Saint John 77 61 241,930 18,000 3,084 

Saskatoon 70 27 64,014 16,000 1,392 

St. John's 16 34 152,558 16,000 1,776 

Toronto 1,310 132 1,278,689 17,000 6,000 

Vancouver 224 64 203,251 6,000 3,024 

Victoria 203 61 184,631 11,000 2,964 

Winnipeg 101 49 90,314 8,000 2,208 

 

 

 

Figure 5.5. The Edmonton Census Metropolitan Area (CMA) is shown as an example 

distribution of infants during the study period, location of the Environment Canada weather 

station that provided the wind measurements, and the National Pollutant Release Inventory 

(NPRI) point sources of the industrial facilities that emitted chemicals to the air. All CMAs are 

in Appendix II: Figure S2.5. 
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Wind – Table 5.3 shows that the mean wind speed ranged from 6,000 m/h (Vancouver) to 19,000 

m/h (Regina). The speed values were multiplied by one hour to convert to distances for the 

dispersion mapping. 

Dispersion mapping 

A total of 66,276 maps were generated for the 19 CMAs, by 5 years × 12 months × number of 

chemicals (map counts are shown in Table 5.3). The number of chemicals varied slightly from 

year to year within the same CMAs and the mean monthly wind direction dispersed emissions to 

accumulate in different areas. Figure 5.6 shows an example of a chemical common to all CMAs, 

for two time periods: methanol dispersion in Edmonton for January and July 2010. 
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Figure 5.6. Example of monthly wind dispersed pollutant – methanol – January and July 2010, 

Edmonton CMA. 
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Space-time cube trends and emerging hot spot patterns 

Spatiotemporal trends for ciSGA were increasing for seven CMAs, decreasing for one CMA 

(Regina), and no statistically significant change for 11 CMAs, as shown in Table 5.4. The raw 

counts of hot spot locations ranged from the lowest in Ottawa and Regina (n=0) to the most in 

Vancouver (n=66). Standardized by population, the percentage of ciSGA hot spots per total 

number of infants is shown in Figure 5.4 as purple bars (Percent Hot Spots = Number of Hot 

Spots ÷ Number of Hexagons with 0-4 Year Olds × 100%). For those CMAs having hot spots, 

the lowest percentages were Fredericton, Saskatoon, and Halifax (0.19%, 0.20%, and 0.21%) and 

the highest were Victoria, Vancouver, and Winnipeg (5.56%, 4.34%, and 3.62%). 

Figure 5.7 shows an example hot spot map for the Edmonton CMA. Appendix II: Figure S2.5 

has all CMAs. Hamilton, Moncton, Québec, Victoria, and Winnipeg were the only CMAs to 

have one large central core. The others had smaller, scattered space-time patterns. 

The variations in spatiotemporal trends and hot spots of the chemical emissions are too numerous 

to describe for all CMA and chemical combinations. Figure 5.8 shows an example of methanol 

emission hot spots in Edmonton. The distributions were less patchy than the ciSGA because the 

emission point sources were fewer and more localized than residential postal codes. 

  



 

135 

Table 5.4. Space-time trends and emerging hot spots across Canadian Neonatal Network (CNN) 

critically ill small for gestational age (ciSGA) newborns, by Census Metropolitan Area (CMA). 

Note: ↑=increasing; ↓=decreasing; ns=not significant trend. 

CMA Trend 

Mann-

Kendall p 

Hexagons 

with 

Hot Spots 

Hexagons with 

NICU 

Admissions 

Hexagons with 

0-4 Year Olds 

Calgary ↑ 3.65 0.00 12 568 1,117 

Edmonton ↑ 3.71 0.00 28 443 1,960 

Fredericton ↑ 2.67 0.01 1 91 533 

Halifax ns 0.12 0.91 2 434 936 

Hamilton ns 1.25 0.21 17 317 816 

Kingston ns -0.09 0.93 2 93 378 

London ns 1.61 0.11 3 241 729 

Moncton ns 0.39 0.70 6 206 538 

Montréal ↑ 5.53 0.00 47 1,149 2,603 

Ottawa ns 1.59 0.11 0 61 1,842 

Québec ↑ 1.68 0.09 8 123 944 

Regina ↓ -3.00 0.00 0 131 265 

Saint John ns 0.30 0.77 16 220 646 

Saskatoon ns 0.62 0.54 1 144 500 

St. John's ↑ 1.83 0.07 2 184 362 

Toronto ns 0.84 0.40 42 1,549 3,442 

Vancouver ns 1.20 0.23 66 790 1,519 

Victoria ↑ 1.77 0.08 28 240 504 

Winnipeg ns 1.35 0.18 41 369 1,133 
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Figure 5.7. Emerging hot spots of critically ill small for gestational age (ciSGA), represented as 

binary values (red=hot spot; grey=not hot), in the Edmonton CMA. 

 

 

Figure 5.8. Example of emerging hot spots of methanol, represented as binary, in the Edmonton 

CMA. 
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Pattern associations between ciSGA and NPRI 

Out of the total 161 relevant NPRI chemical emissions impacting all CMAs (see Appendix II: 

Figures S2.1-S2.4 for the chemical names), 78 exhibited associations with ciSGA and the 

covariates low SES, total number of infants, and NO2 LUR. The logistic regression coefficients 

for each chemical, by CMA, are shown by relative sizes in Figure 5.9. Note that the blue 

symbols represent negative coefficients and the red symbols represent positive. 

No associations between ciSGA and emissions were observed in Fredericton, Ottawa, Regina, 

Saskatoon, or St. John's. Either because there were no hot spots for ciSGA or for the chemicals. 

Logistic regression coefficients for all chemical associations with ciSGA in Calgary, Edmonton, 

Halifax, Hamilton, Kingston, London, Moncton, Montréal, Québec, Saint John, Toronto, 

Vancouver, Victoria, and Winnipeg ranged from β=-4.14 to β=6.133. 

By number of chemicals, Moncton (n=1) exhibited the fewest positive associations with any 

chemical hot spots and Edmonton (n=46) exhibited the most. In descending order, the other 

CMAs exhibiting positive hot spot associations were Toronto (n=40), Halifax (n=26), Winnipeg 

(n=20), Montréal (n=8), and Vancouver (n=8). The other CMAs ranged from one to five positive 

chemical associations. Where there were negative associations (β<0 indicated by blue symbols in 

Figure 5.9 A-C), it did not mean protective, but rather the chemical hot spots did not coincide 

with ciSGA hot spots. 
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A. Large volume gases, particulate matter, and polycyclic aromatic hydrocarbons (PAHs) 
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B. Volatile Organic Compounds (VOCs) 
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C. Heavy metals and other organics/inorganics 

 

Figure 5.9. Graduated symbols represent the logistic regression coefficients for critically ill small 

for gestational age (ciSGA) binary hot spots and each industrial air pollutant, modelled with 

proportions of surrounding low socioeconomic status, total number of infants, and NO2 pollution 

from land use regression. The size of the ‘bubble’ represents the strength of the coefficient and 

the color indicates the direction: blue is negative, and red is positive. Chemicals are alphabetized 

within groupings of: (A) large volume gases, particulate matter, and polycyclic aromatic 

hydrocarbons; (B) volatile organic compounds; and (C) heavy metals and other 

organics/inorganics. 
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By number of CMAs, there were 28 chemicals having positive associations with ciSGA in three 

or more CMAs: 1,2,4-Trimethylbenzene, Ammonia (total), Cadmium (and its compounds), 

Carbon monoxide, Cyclohexane, Dichloromethane, Ethylbenzene, Hexavalent chromium (and its 

compounds), Hydrochloric acid, Isopropyl alcohol, Lead (and its compounds), Mercury (and its 

compounds), Methanol, Methyl ethyl ketone, Methyl isobutyl ketone, n-Butyl alcohol, n-Hexane, 

PM - Total Particulate Matter, PM10 - Particulate Matter ≤ 10 Microns, Propylene, Pyrene, 

Styrene, Sulphur dioxide, Sulphuric acid, Toluene, Total Reduced Sulphur (TRS), Volatile 

Organic Compounds (VOCs), and Xylene (mixed isomers). Table 5.5 shows that 23 associations 

were statistically significant, and highlights 21 chemicals that are known or suspected 

developmental toxicants according to the Canadian Environmental Protection Act [189], 

California’s Office of Environmental Health Hazard Assessment [116], and/or GoodGuide’s 

Scorecard [117]. 
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Table 5.5. List of 28 chemicals having hot spot associations with ciSGA in three or more Census Metropolitan Areas (CMAs); * 

identifies the 23 statistically significant chemicals (p<0.05). Of these, there are 21 known or suspected developmental toxicants 

according to the Canadian Environmental Protection Act (CEPA), California’s Office of Environmental Health Hazard Assessment 

(OEHHA), or GoodGuide’s Scorecard. Appendix II: Figure S2.6 graphically shows the beta coefficients for the list. Table continues. 

Chemical Number of CMAs Class 

CEPA 

[189] 
OEHHA 

[116] 
Scorecard 

[117] 

1,2,4-Trimethylbenzene* 4 Organics    

Ammonia (total) 3 Inorganics listed   

Cadmium (and its compounds)* 4 Heavy Metals listed developmental recognized 

Carbon monoxide* 3 Gases listed developmental recognized 

Cyclohexane* 4 Organics    

Dichloromethane* 3 Organics listed   

Ethylbenzene* 6 Organics   suspected 

Hexavalent chromium (and its compounds)* 3 Heavy Metals listed   

Hydrochloric acid 4 Inorganics    

Isopropyl alcohol* 3 Organics   suspected 

Lead (and its compounds)* 3 Heavy Metals listed developmental recognized 

Mercury (and its compounds)* 3 Heavy Metals listed developmental recognized 

Methanol* 5 Organics  developmental suspected 

Methyl ethyl ketone* 4 Organics   suspected 

Methyl isobutyl ketone* 3 Organics  developmental suspected 

n-Butyl alcohol* 4 Organics    

n-Hexane* 3 Organics  developmental suspected 

PM - Total Particulate Matter* 3 PMs listed  suspected 

PM10 - Particulate Matter ≤ 10 Microns 5 PMs listed  suspected 
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Chemical Number of CMAs Class 

CEPA 

[189] 
OEHHA 

[116] 
Scorecard 

[117] 

Propylene* 3 Organics    

Pyrene* 3 PAHs    

Styrene* 4 Organics   suspected 

Sulphur dioxide* 5 Gases listed developmental suspected 

Sulphuric acid* 3 Inorganics listed   

Toluene* 5 Organics  developmental recognized 

Total Reduced Sulphur (TRS) 4 Inorganics    

Volatile Organic Compounds (VOCs) 4 Organics listed  suspected 

Xylene (mixed isomers)* 6 Organics   suspected 
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5.5 Discussion 

I discovered hot spot patterns of ciSGA spatially related to those of the industrial air pollutants. 

Each of the CMAs had different chemicals that were statistically associated. My findings on 

space-time relationships for 28 chemicals with ciSGA may be good candidates for future toxicity 

research to investigate causal relationships. I found that 21 of those are known or suspected 

developmental toxicants and I encourage health and environmental policy makers to continue to 

prioritize them for emission reductions. 

The space-time hot spots of ciSGA for the nineteen major metropolitan areas across Canada 

showed distinct patterns. Most CMAs with higher populations had larger hot spots, but the 

majority had several smaller, scattered hot spots. All patterns may be useful for knowing where 

to target public health interventions. 

My industrial emission estimations resulted in many sporadic hot spots, which is logical 

considering that the average wind speeds and directions varied widely throughout the seasons. 

The space-time hot spots for industrial chemicals became unique signatures for each CMA and 

the numbers and types of chemicals were not the same. Because the industrial facilities were 

localized according to land use, using the wind parameters to estimate dispersion in the spatial 

modeling helped assign cumulative emissions to the maternal residences within more probable 

distances and directions from sources. For other study areas that experience large seasonal 

variability, simple circular neighborhoods would be sufficient for modelling because the standard 

deviations of the wind direction angles would be very large. The edges of the dispersion patterns 

would be more constant, resulting in less sporadic patterns. 
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Hot spots not only show where health events exist in space and time but provide an opportunity 

to examine their determinants. My focus was on industrial emissions, but it is important to note 

that not all hot spots were likely related to these. In Chapter 4, I did not find associations 

between ciSGA hot spots and industrial land use for both Calgary and Edmonton. Here, after 

incorporating wind parameters, I found that Edmonton ciSGA had associations with 35 

chemicals, but Calgary ciSGA only had one. Edmonton, Halifax, Montréal, Toronto, Vancouver, 

and Winnipeg exhibited many more associations with industrial chemicals than Calgary, 

Hamilton, Kingston, Moncton, Québec, Saint John, and Victoria. However, since SGA/LBWT 

are multifactorial, these cities may also have additional environmental variables that should be 

accounted for. Critically ill SGA in Fredericton, Ottawa, Regina, Saskatoon, and St. John’s could 

not be linked to the air pollution patterns. For those CMAs that actually had space-time patterns 

but no association with emission hot spots, reflects the multifactorial nature of ciSGA and the 

inclusion of additional factors may be needed. For those not having any hot spot patterns 

alternative methods [47, 174] may be needed to identify any potential associations with industrial 

emissions because there may not be sufficient data for space-time analysis. 

Limitations 

First, I limited the analysis to inside the CMA boundaries. However, this resulted in the loss of 

half the CNN records, some due to data entry errors, incomplete or unknown postal codes, but 

mostly because they were outside of the CMA boundaries. Also, the postal code locations may 

not be as spatially accurate for the less-urban areas. Second, the NPRI data were reported as 

annual estimates and not actual measurements, so more rigorous modelling, such as 

interpolation, could not be applied. The focal summation within the “wind” wedge resulted in 

relative, and not true estimates of dispersion. Third, the simplicity of using a single weather 
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station for each CMA did not allow for localized spatial variation of the wind data, but most of 

the CMAs were small enough for this to be acceptable. Also, the monthly averaging was 

confined to calendar groupings and not necessarily by true seasonal variation for each of the 

CMAs, which spanned 42.5°N to 54°N latitude. Fourth, the hexagon size is subject to the 

modifiable areal unit problem [160]. Although the positioning of the hexagon grid may not be 

optimal for all areas of each CMA, the 1-km dimension was found by experimentation to be 

appropriate for urban neighborhood analysis. 

The CNN data collection years and methods differed among CMAs (e.g. Edmonton began 

participating in 2008 and only reported critically-ill newborns having gestational ages <33 

weeks. Therefore, direct comparisons cannot be made. 

The use of areal units of analysis underscores the risk for ecological fallacy inference 

(aggregation bias) [9]; i.e. it must be remembered that not all births in the postal code areas may 

have been SGA/LBWT. 

My access to the SES and traffic-related NO2 covariates was limited to one static time period, 

2006, which matched conditions at the beginning of the study. More temporally matched data 

might strengthen the associations. 

Depending on alternative objectives (e.g. in epidemiology or planning policy), the reporting of 

coefficients (log of odds ratios) from the logistic regression model may not be suitable. Odds 

ratios are more easily interpretable as how much the levels of one variable (X = 1 = exposure) 

affects Y in relation to a reference for X (i.e. X = 0 = no exposure). The beta coefficients were 

useful for investigating whether any associations existed. More sophisticated statistical analyses 

to explore interactions of the environmental variables may be performed in the future. 
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I did not have individual maternal variables that are important risk factors for adverse birth 

outcomes. Due to aggregation in space and time, it may be meaningless to incorporate the 

maternal factors. However, future research should consider them in a more complete assessment 

of the identified hot spots. Finally, causal relationships could not be determined from the 

observational study design. Instead I identified where hot spot patterns corresponded in space 

and time for birth outcomes and industrial pollutants. 

Strengths 

The spatial and temporal aspects of the analysis accounted for privacy and mobility. I was able to 

protect individual privacy by binning the locations in both space and time, where the results 

masked the true locations. The EHSA tool uses the spatial neighbors’ parameter, automatically 

accounting for a mobility area, which is important for investigations of the outdoor environment. 

It should be noted that hexagons have less edge effects than squares, and more closely matched 

the circular neighborhood used for assigning the covariates via focal statistics [172]. By applying 

focal statistics, I calculated the proportions of the SES categorical covariates surrounding the hot 

spot locations, which was more plausible than accepting the exact values that coincided with the 

hexagon centroids. 

The user-friendly space-time cube tools allowed for rapid visualization and quantification of 

areas with statistically significant increasing or decreasing trends of ciSGA. For future work that 

may inform policy decisions on where to focus on monitoring or mitigating potential risk factors, 

the spatial and temporal dimensions may be adjusted to address different research questions in 

other study areas. 
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Access to existing data filled the void due to unmonitored industrial air pollutants. I applied 

readily-available GIS tools to estimate wind-dispersed air pollutant models at a temporal 

resolution matching that of the health outcome data. The NPRI is available for other time periods 

and all across Canada, and similar registries exist in other countries. Therefore, all spatial 

analyses are accessible and reproducible, meaning the methods developed here are easily 

applicable to other studies. 

My space-time hot spots exhibited associations with 21 known or suspected developmental 

toxicants that included already described chemicals, such as particulate matter, carbon monoxide, 

heavy metals, and VOCs [49, 56, 190–196]. These results continue to support the link between 

air pollution and adverse birth outcomes. 

Conclusion 

The mapping of spatiotemporal hot spots for critically ill small for gestational age showed that 

the patterns differed among major Canadian metropolitan areas. The incorporation of publicly 

available databases on industrial emissions allowed me to discover space-time pattern 

associations with critically ill small newborns. The application of space-time cubes and emerging 

hot spot analysis promises to be useful for assessing patterns of health outcomes and exposures; 

they were integral to handling multiple study areas over multiple historical time periods in space 

and time. I anticipate that the results will inform health professionals and policy makers in the 

study areas for identifying areas and emissions of interest. To my knowledge, this is the first 

application for investigating space-time patterns of adverse birth outcomes and industrial air 

pollutants. 
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Chapter 6 Conclusion 
 

The goal of my research was to better understand the relationships of the outdoor environment 

and babies born small for gestational age (SGA) and low birth weight at term (LBWT). Because 

my research was part of the larger DoMiNO project, I focused on babies born too small. Another 

researcher investigated preterm birth. Stillbirth and mortality numbers were too low to analyze 

[88]. 

In an interdisciplinary approach, I determined that potential prenatal exposures to the outdoor 

built-up, social, and natural environments were associated with patterns in the birth outcomes, 

singly and combined. I used secondary health databases and publicly-available sources of spatial 

data on air pollution, human-built environment, and natural factors, and estimated these as 

maternal exposures that are hypothesized to affect birth weight. I mapped and quantified where 

and what environmental emissions and other outdoor habitat coincided with adverse birth 

outcomes using Geographical Information Systems (GIS) and spatial statistics. 

As mentioned in the introduction, the importance of understating the relationships between the 

outdoor environment and birth outcomes was first documented by Hippocrates when he wrote 

detailed accounts on how “airs, waters, places” mattered in prenatal health [31]. He observed that 

women became barren where waters were hard, indigestible, and cold. Babies had low birth 

weight where waters were warm and stagnant. Hippocrates alluded that the nomadic lifestyles in 

hot winds resulted in women having difficulty conceiving. And he explained that cities exposed 

to good quality winds and waters had inhabitants who were of “good complexion and blooming,” 

where women were very prolific and had easy deliveries. One could argue that Hippocrates was 
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indeed the originator of the idea of medical geography, but later Greek scholars (especially, 

Eratosthenes) brought geography and the system for mapping locations to the world. 

Hippocrates also informed us that not only must physicians know matters of “airs, waters, 

places” to not make any mistakes in treating disease, but he also gave us the Hippocratic Oath. 

The oath includes the promise to either help or do not harm to the patient (“First do no harm” 

[Latin: Primum non nocere]) and protect the privacy of the patient. 

These are wise words in the modern age of medical geography, where maps can reveal extremely 

helpful information, as long as they do not betray individual locations or cause injury. In my 

observational study, I worked with de-identified records that were stored in a fire-wall protected 

server. However, the ethics of sharing my dissertation results with the populations and 

communities at risk must be carefully balanced. It seems that the broader public are unaware that 

prenatal exposure to ubiquitous environmental pollutants may cause intrauterine growth 

restriction and developmental delays in their offspring [197]. And they may be further unaware 

that preventive interventions are possible. Because pregnant women have physiological 

differences and a greater consumption of air and food, most of which cross the placenta, 

Knudsen et al. [197] recommend regulation on occupational and other exposures during 

pregnancy and before reproductive age, as well as providing health information on preventive 

measures to couples. 

Information is power. Maps are information. And maps that indicate where environmental 

hazards exist open up a whole host of potential solutions, from future research to air pollution 

monitoring to regulation and policy making. It is my hope that my maps may be useful for 

paving the way in this regard. The maps in Chapters 2 through 5 highlight areas and patterns of 
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concern. Health professionals may consult them to help determine which of their patients may be 

at risk. Clinicians and epidemiologists may be guided by them to select optimal participants for a 

longitudinal study with biomonitoring to get closer to causation. Urban planners may incorporate 

them in land use zoning to design cities that minimize exposures by ensuring industrial facilities 

are situated and kept farther away from areas where people live and work. 

The reader is reminded that my research does not imply causation. The Bradford Hill’s criteria 

are used to distinguish statistically significant associations from causation [9]; therefore my 

research only adds evidence supporting that outdoor exposures are more than just 

spatiotemporally associated with SGA/LBWT. Some strong associations were discovered, 

especially with the dominance of chemical emissions in chapters 2 and 3, and there is coherence 

with known traffic pollutants. The variability in the study areas, the reporting of coefficients 

instead of odds ratios, and the lack of true chemical measurements mean that additional research 

is needed to support true causal inferences. 

The environmental variables representing ambient health hazards were tested for associations, 

which according to the principle of “First do no harm” may assist further research and potential 

risk mitigation. A large number of variables can be problematic in terms of multiple 

comparisons. Methods to adjust for multiple testing were not needed in my research according to 

Bender et al. [198] because one final confirmatory conclusion was not sought in my research. 

Individual environmental variables were examined using multiple categorical variables (e.g. 

area-level SES, land use, and maternal age) as covariates in logistic regression. Comparisons of 

these controlling factors, which would have required multiple test adjustments, were not 

evaluated. The environment was the focus. 
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A noteworthy and prospective contribution is demonstrated in Figures 6.1 and 6.2, which 

identify gaps in the current National Air Pollutant System (NAPS) that monitors criteria air 

pollutants [199]. These maps highlight areas where there are more small newborns. I used the 

double kernel density method, outlined in Chapter 3, to show spatial “hot spots” of where we 

have greater percentages of SGA/LBWT (calculated as density of SGA/LBWT divided by 

density of all births, where density represents count per square kilometer). Many areas are 

surrounded by industrial facilities, and they emit more chemicals than what NAPS monitors. 

These maps are meant to educate and empower, and future work is needed to disseminate the 

knowledge. 
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Figure 6.1. Western Canada, 2006-2012, double kernel density map of small for gestational age (SGA). Darker shades of purple 

indicate areas having relatively more SGA. The overlay of National Pollutant Release Inventory (NPRI=grey) facilities and National 

Air Pollution Surveillance Program (NAPS=orange) stations helps to identify missing gaps for monitoring. 
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Figure 6.2. Eastern Canada, 2006-2012, double kernel density map of small for gestational age (SGA). Darker shades of purple 

indicate areas having relatively more SGA. The overlay of National Pollutant Release Inventory (NPRI=grey) facilities and National 

Air Pollution Surveillance Program (NAPS=orange) stations helps to identify missing gaps for monitoring.



 

155 

 

Additional contributions of my dissertation are prevalent in all chapters – I used existing public 

databases (i.e. the National Pollutant Release Inventory [NPRI]), land-based features, and 

weather station data were available via public web pages) and easily accessible GIS tools. These 

may be adapted for future research in understanding neonatal environmental health, as well as 

addressing any research question involving exposures to outdoor hazards. 

Several firsts have evolved from this work as I conducted research from the national to regional 

scales. In Chapter 2, I offer Canada-wide mapping of SGA, LBWT, and a variety of 

environmental hazards for 2006-2012. These years align with the national census, deeming it an 

ideal baseline for future surveillance. It was clear that the province of Alberta had percentages of 

SGA and LBWT higher than the national average, prompting further investigation. Also, the 

smaller geographical area and more consistent spatial data of a single province was more 

amenable for use as a pilot for developing a multi-hazard index, which shows promise for 

smaller regional analyses. Noting that regional analyses yielded stronger associations and given 

the availability of the neonatal intensive care database from CNN, in Chapter 4, I applied space-

time pattern mining to non-critical and critically ill SGA and LBWT. I discovered that the hot 

spots do not match and surrounding low SES and industry land use were more strongly 

associated with SGA and LBWT. Critically ill SGA (ciSGA) and critically ill LBWT (ciLBWT) 

hot spots were associated with open spaces, but only ciLBWT was associated with industrial 

land use. To investigate non-static environmental hazard associations with ciSGA, in Chapter 5, I 

developed a simple method to disperse industrial pollutants from their point sources. This was 

instrumental in estimating finer temporal resolution from the annual reports – very helpful for 

space-time analyses. To have stronger findings, ideally there would have been actual 



 

156 

measurements from air pollution monitors, as previously discussed, but these maps will still be 

advantageous for a variety of environmental health research. 

From all the chapters, it is evident that the different study areas have their own unique signature 

of ambient health hazards and pollutants. Not all provinces, territories, metropolitan or 

administrative units had identical lists of pollutants and hazards. For many study areas there were 

more associations with land hazards (dumps/waste depots, gas stations, powerlines, and 

transformer stations). Of the identified industrial chemicals, many are suspected or known 

developmental toxicants, including ammonia, benzene, carbon monoxide, methyl ethyl ketone, 

particulate matter, heavy metals, and VOCs. There were some commonalities, but not 

consistently, supporting the multifactorial nature of SGA and LBWT. 

There are more research questions to be addressed, and I recommend a space-time comparison 

across Canada, especially using more ecological regions. Because the locations of industrial 

facilities are typically determined by the available natural resources, the use of ecoregions as the 

analytical unit may help strengthen the statistical modeling. 

The importance of the lesser studied habitat vertex (Meade’s triangle of human ecology) using 

spatial analysis has helped reveal outdoor environmental factors associated with the occurrence 

of underweight neonates in Canada, the province of Alberta, and major cities across the country. 

It will be challenging, but well worth it, to incorporate the other vertices in the space-time 

associations, for a more holistic discovery of what outdoor environmental factors are associated 

with the geography of being born too small. As mentioned earlier, other studies on nutrition, 

behavior, and pre-existing health conditions are all very important, and gene-environment 

interactions have been gaining more attention. 
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It is hoped that this research may assist healthcare givers, in Hippocrates-style, by providing 

them with what location-based variables may be associated with their patients’ health issues, as 

well as informing the public that where they live is as important to their current and future family 

health as what they eat and do. My environmental associations were not able to account for 

nutrition or occupation, but neither have those studies accounted for outdoor exposures. Each 

contributes pieces of the puzzle. Medical researchers will be provided with more motivation for 

studying what components of outdoor environmental exposures may cause reduction in neonatal 

weight, a condition that if prevented will diminish future adverse health, such as adult cardiac 

disease, diabetes, and other non-communicable diseases that require a strong healthy start in life. 

Policy makers and planners (health, urban, transportation, industrial) may use this information 

for mitigating developments to reduce environmental effects on places where pregnant mothers 

(and everyone else) live. For example, existing land use may need to be altered over time 

depending on proximity of industrial activities and residential areas. 

May this research add to the many needed arguments for reducing the most widespread source of 

hazardous exposures – outdoor environmental pollution – in the places where one lives and 

where one starts out in life, to promote a more positive state of human health for all. 

“There can be no keener revelation of a society’s soul than the way in which it 

treats its children.” 

 “I dream of our vast deserts, of our forests, of all our great wildernesses. We 

must never forget that it is our duty to protect this environment.” 

“Each of us as citizens, has a role to play in creating a better world for our 

children.” 

-Nelson Mandela 
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Appendix I 
 

 

Figure S1.1. Sector distribution of industrial emissions from the National Pollutant Release 

Inventory (NPRI), 2005-2012. 
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Figure S1.2. Log of the tonnes emitted by province 
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Figure S1.3. Log of the tonnes emitted by province 
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Figure S1.4. Log of the tonnes emitted by province 
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Figure S1.5. Log of the tonnes emitted by province 

 

 



 

179 

1
7
9
 

 

Figure S1.6. Percent of land hazards by province. 
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Table S1.1. All beta coefficients and p-values, with seasonal covariates: Tri1=warm season in first trimester; Tr2=warm season in 

second semester; Prior3=warm season in three months preceding birth; NONE=no seasonal variable was used in the model. Variables 

highlighted in Table 2.6 are in bold. Table continues. 

Alberta SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) -0.019 0.091 -0.019 0.091 -0.019 0.091 -0.019 0.091 -0.069 0.017 -0.069 0.017 -0.069 0.017 -0.069 0.017 

Carbon disulphide 0.176 0.195 0.176 0.193 0.175 0.197 0.175 0.196 0.192 0.509 0.195 0.504 0.190 0.514 0.194 0.505 

Carbon monoxide -0.003 0.007 -0.003 0.007 -0.003 0.007 -0.003 0.007 -0.001 0.769 -0.001 0.771 -0.001 0.767 -0.001 0.771 

Carbonyl sulphide 0.446 0.074 0.444 0.074 0.445 0.074 0.445 0.074 0.958 0.026 0.958 0.026 0.959 0.026 0.959 0.026 

Ethylene -0.010 0.676 -0.010 0.672 -0.010 0.677 -0.010 0.677 -0.084 0.169 -0.084 0.169 -0.084 0.170 -0.084 0.169 

HCFC-142b -0.176 0.403 -0.176 0.401 -0.176 0.401 -0.176 0.402 0.326 0.405 0.326 0.405 0.324 0.407 0.326 0.404 

Hydrochloric acid -0.027 0.397 -0.027 0.398 -0.027 0.397 -0.027 0.397 0.001 0.986 0.001 0.986 0.001 0.986 0.001 0.986 

Hydrogen fluoride 0.239 0.107 0.240 0.106 0.239 0.107 0.239 0.107 0.411 0.115 0.411 0.114 0.412 0.114 0.411 0.115 

Methanol -0.034 0.317 -0.034 0.319 -0.034 0.316 -0.034 0.316 -0.025 0.747 -0.025 0.749 -0.025 0.747 -0.025 0.748 

n-Hexane -0.678 0.189 -0.677 0.189 -0.678 0.189 -0.678 0.189 -1.709 0.336 -1.705 0.337 -1.709 0.336 -1.708 0.337 

Nitrogen oxides (expressed 
as NO2) 

-0.003 0.002 -0.003 0.002 -0.003 0.002 -0.003 0.002 -0.001 0.543 -0.001 0.545 -0.001 0.541 -0.001 0.544 

PM - Total Particulate 

Matter 

-0.005 0.036 -0.005 0.036 -0.005 0.036 -0.005 0.036 0.001 0.776 0.001 0.774 0.001 0.777 0.001 0.774 

PM10 - Particulate Matter ≤ 

10 Microns 

-0.014 0.006 -0.014 0.006 -0.014 0.006 -0.014 0.006 -0.003 0.771 -0.003 0.773 -0.003 0.770 -0.003 0.773 

PM2.5 - Particulate Matter ≤ 
2.5 Microns 

-0.029 0.001 -0.029 0.001 -0.029 0.001 -0.029 0.001 -0.023 0.238 -0.023 0.239 -0.023 0.238 -0.023 0.239 

Styrene 0.723 0.009 0.723 0.009 0.720 0.010 0.721 0.009 0.724 0.229 0.729 0.226 0.719 0.232 0.728 0.226 

Sulphur dioxide 0.000 0.047 0.000 0.048 0.000 0.047 0.000 0.047 0.000 0.881 0.000 0.882 0.000 0.879 0.000 0.882 

Sulphuric acid -0.037 0.263 -0.038 0.262 -0.038 0.261 -0.038 0.262 0.001 0.993 0.001 0.992 0.000 0.996 0.001 0.992 

Total Reduced Sulphur 

(TRS) - [MOE] 

0.180 0.200 0.180 0.201 0.181 0.200 0.180 0.200 0.377 0.178 0.377 0.178 0.378 0.177 0.377 0.178 

Vinyl acetate 0.052 0.175 0.051 0.180 0.052 0.173 0.052 0.174 -0.026 0.781 -0.027 0.776 -0.026 0.784 -0.027 0.779 

Volatile Organic 

Compounds (VOCs) 

-0.004 0.005 -0.004 0.005 -0.004 0.005 -0.004 0.005 -0.002 0.415 -0.002 0.416 -0.002 0.415 -0.002 0.416 

Zinc (and its compounds) -0.359 0.772 -0.357 0.773 -0.361 0.770 -0.360 0.771         

Crop -0.058 0.039 -0.058 0.038 -0.058 0.039 -0.058 0.039 0.015 0.818 0.014 0.820 0.015 0.817 0.014 0.819 

Dump 0.515 0.001 0.516 0.001 0.515 0.001 0.515 0.001 0.317 0.352 0.317 0.351 0.317 0.352 0.317 0.352 

Gas station 0.134 0.000 0.134 0.000 0.134 0.000 0.134 0.000 0.132 0.000 0.132 0.000 0.132 0.000 0.132 0.000 

Mine 0.042 0.651 0.042 0.648 0.041 0.652 0.041 0.652 0.098 0.643 0.098 0.641 0.097 0.644 0.098 0.642 
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Alberta SGA        LBWT        

Well pad -0.030 0.033 -0.030 0.033 -0.030 0.033 -0.030 0.033 0.000 0.990 0.000 0.989 0.000 0.989 0.000 0.990 

Powerline 0.107 0.007 0.107 0.007 0.107 0.007 0.107 0.007 0.051 0.569 0.051 0.571 0.051 0.567 0.051 0.571 

Transformer -0.072 0.663 -0.070 0.673 -0.072 0.662 -0.072 0.662 -0.044 0.906 -0.042 0.909 -0.044 0.905 -0.044 0.907 

 

British Columbia SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) 0.042 0.050 0.042 0.050 0.042 0.050 0.042 0.050 0.103 0.026 0.104 0.026 0.103 0.026 0.103 0.026 

Carbon monoxide 0.000 0.841 0.000 0.841 0.000 0.841 0.000 0.840 0.001 0.669 0.001 0.670 0.001 0.667 0.001 0.670 

Carbonyl sulphide 0.417 0.589 0.417 0.589 0.417 0.589 0.417 0.589 1.626 0.122 1.623 0.122 1.626 0.122 1.626 0.122 

Hydrochloric acid -0.019 0.670 -0.019 0.670 -0.019 0.670 -0.019 0.670 -0.009 0.932 -0.009 0.932 -0.009 0.929 -0.009 0.932 

Hydrogen fluoride 0.171 0.702 0.171 0.702 0.171 0.702 0.171 0.702 0.823 0.269 0.824 0.269 0.820 0.270 0.823 0.269 

Methanol -0.005 0.796 -0.005 0.795 -0.005 0.796 -0.005 0.796 0.007 0.861 0.007 0.862 0.007 0.861 0.007 0.861 

Nickel (and its compounds) 0.471 0.651 0.471 0.651 0.471 0.651 0.471 0.651         

Nitrogen oxides (expressed 
as NO2) 

-0.001 0.536 -0.001 0.536 -0.001 0.536 -0.001 0.536 0.000 0.940 0.000 0.941 0.000 0.940 0.000 0.940 

Phenol (and its salts) -0.099 0.608 -0.099 0.607 -0.099 0.607 -0.099 0.607 -0.062 0.890 -0.062 0.890 -0.061 0.891 -0.062 0.890 

PM - Total Particulate 

Matter 

-0.002 0.738 -0.002 0.738 -0.002 0.738 -0.002 0.738 0.000 0.982 0.000 0.983 0.000 0.980 0.000 0.982 

PM10 - Particulate Matter ≤ 

10 Microns 

-0.002 0.822 -0.003 0.821 -0.003 0.822 -0.002 0.822 0.006 0.816 0.006 0.816 0.006 0.814 0.006 0.816 

PM2.5 - Particulate Matter ≤ 
2.5 Microns 

-0.003 0.871 -0.003 0.871 -0.003 0.871 -0.003 0.871 0.012 0.760 0.012 0.760 0.012 0.758 0.012 0.760 

Styrene 0.061 0.319 0.061 0.318 0.061 0.319 0.061 0.318 0.171 0.153 0.171 0.153 0.172 0.152 0.171 0.153 

Sulphur dioxide 0.000 0.745 0.000 0.746 0.000 0.746 0.000 0.745 0.001 0.247 0.001 0.247 0.001 0.245 0.001 0.247 

Sulphuric acid 0.362 0.001 0.362 0.001 0.362 0.001 0.362 0.001 -0.061 0.871 -0.061 0.872 -0.060 0.873 -0.061 0.871 

Toluene -0.438 0.888 -0.437 0.889 -0.438 0.888 -0.437 0.888 1.893 0.526 1.895 0.525 1.901 0.524 1.893 0.526 

Total Reduced Sulphur 

(TRS) - [MOE] 

-0.069 0.259 -0.069 0.259 -0.069 0.259 -0.069 0.259 -0.328 0.131 -0.328 0.131 -0.328 0.131 -0.328 0.131 

Vanadium (fume or dust) 1.341 0.089 1.342 0.089 1.341 0.089 1.342 0.089         

Volatile Organic 

Compounds (VOCs) 

-0.005 0.499 -0.005 0.499 -0.005 0.499 -0.005 0.499 0.006 0.716 0.006 0.717 0.006 0.714 0.006 0.716 

Xylene (mixed isomers) -0.053 0.966 -0.052 0.966 -0.053 0.966 -0.053 0.966 1.702 0.224 1.707 0.223 1.701 0.225 1.702 0.224 

Crop -0.020 0.775 -0.020 0.775 -0.020 0.775 -0.020 0.775 0.137 0.395 0.137 0.395 0.137 0.396 0.137 0.395 

Dump 0.522 0.002 0.522 0.002 0.522 0.002 0.522 0.002 0.823 0.039 0.823 0.039 0.824 0.039 0.823 0.039 
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British Columbia SGA        LBWT        

Gas station 0.048 0.018 0.048 0.018 0.048 0.018 0.048 0.018 0.037 0.440 0.037 0.440 0.037 0.440 0.037 0.440 

Mine -0.080 0.489 -0.080 0.489 -0.080 0.489 -0.080 0.489 -0.033 0.904 -0.033 0.904 -0.033 0.903 -0.033 0.904 

Well pad 0.391 0.273 0.391 0.272 0.391 0.273 0.391 0.272 1.040 0.052 1.040 0.052 1.042 0.051 1.039 0.052 

Powerline 0.145 0.000 0.145 0.000 0.145 0.000 0.145 0.000 0.299 0.000 0.299 0.000 0.299 0.000 0.299 0.000 

Transformer 0.218 0.141 0.218 0.141 0.218 0.141 0.218 0.141 0.068 0.846 0.068 0.846 0.069 0.845 0.068 0.846 

 

Manitoba SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide -0.001 0.034 -0.001 0.034 -0.001 0.034 -0.001 0.034 -0.002 0.095 -0.002 0.093 -0.002 0.094 -0.002 0.093 

Carbonyl sulphide -0.147 0.084 -0.148 0.083 -0.147 0.084 -0.147 0.083 -0.380 0.124 -0.383 0.122 -0.381 0.123 -0.383 0.122 

Hydrogen fluoride -0.208 0.392 -0.209 0.390 -0.208 0.392 -0.209 0.391 -0.400 0.506 -0.406 0.499 -0.403 0.502 -0.406 0.499 

Hydrogen sulphide -0.700 0.462 -0.710 0.456 -0.698 0.464 -0.703 0.460         

Methanol -0.044 0.897 -0.047 0.888 -0.043 0.899 -0.045 0.893 -0.469 0.627 -0.480 0.617 -0.464 0.631 -0.480 0.617 

Nitrogen oxides (expressed as NO2) -0.010 0.092 -0.010 0.093 -0.010 0.092 -0.010 0.092 -0.025 0.168 -0.025 0.166 -0.025 0.167 -0.025 0.166 

PM - Total Particulate Matter -0.093 0.045 -0.093 0.045 -0.093 0.045 -0.093 0.045 -0.245 0.059 -0.245 0.059 -0.246 0.059 -0.245 0.059 

PM10 - Particulate Matter ≤ 10 
Microns 

-0.175 0.005 -0.175 0.005 -0.175 0.004 -0.175 0.004 -0.396 0.021 -0.397 0.020 -0.397 0.020 -0.397 0.020 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

-0.239 0.003 -0.238 0.003 -0.239 0.003 -0.239 0.003 -0.551 0.019 -0.552 0.018 -0.552 0.018 -0.552 0.018 

Sulphur dioxide -0.004 0.028 -0.004 0.028 -0.004 0.028 -0.004 0.028 -0.009 0.080 -0.009 0.078 -0.009 0.079 -0.009 0.078 

Sulphuric acid -0.132 0.180 -0.132 0.181 -0.132 0.180 -0.133 0.180 -0.309 0.268 -0.310 0.265 -0.309 0.266 -0.310 0.265 

Total Reduced Sulphur (TRS) - 

[MOE] 

-0.182 0.375 -0.182 0.374 -0.182 0.374 -0.182 0.374 -0.695 0.247 -0.699 0.244 -0.698 0.245 -0.699 0.244 

Volatile Organic Compounds (VOCs) -0.051 0.594 -0.052 0.587 -0.051 0.594 -0.051 0.590 -0.217 0.380 -0.223 0.368 -0.218 0.379 -0.223 0.368 

Crop -0.123 0.011 -0.123 0.011 -0.123 0.011 -0.123 0.011 -0.370 0.001 -0.369 0.001 -0.369 0.001 -0.369 0.001 

Dump 0.639 0.009 0.639 0.009 0.638 0.009 0.639 0.009 0.969 0.074 0.965 0.076 0.966 0.075 0.965 0.076 

Gas station 0.235 0.000 0.235 0.000 0.234 0.000 0.234 0.000 0.329 0.000 0.328 0.001 0.328 0.001 0.328 0.001 

Mine -0.334 0.309 -0.334 0.309 -0.335 0.308 -0.334 0.309 -0.748 0.354 -0.751 0.353 -0.755 0.350 -0.751 0.353 

Well pad -0.229 0.138 -0.230 0.135 -0.229 0.137 -0.229 0.138 0.006 0.984 0.004 0.989 0.003 0.993 0.004 0.989 

Powerline 0.181 0.000 0.181 0.000 0.181 0.000 0.181 0.000 0.196 0.016 0.196 0.016 0.195 0.017 0.196 0.016 

Transformer 0.587 0.000 0.587 0.000 0.587 0.000 0.587 0.000 0.546 0.069 0.543 0.071 0.543 0.071 0.543 0.071 
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New Brunswick SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide -0.006 0.122 -0.006 0.122 -0.006 0.122 -0.006 0.122 -0.011 0.362 -0.011 0.363 -0.011 0.362 -0.011 0.362 

Carbonyl sulphide -1.305 0.217 -1.307 0.217 -1.306 0.217 -1.307 0.217         

Methanol -0.125 0.757 -0.124 0.758 -0.126 0.755 -0.124 0.757         

Nitrogen oxides (expressed as NO2) 0.001 0.911 0.001 0.910 0.001 0.910 0.001 0.910 -0.050 0.156 -0.050 0.157 -0.050 0.156 -0.050 0.156 

PM - Total Particulate Matter -0.026 0.619 -0.026 0.617 -0.026 0.618 -0.026 0.617 -0.564 0.023 -0.564 0.023 -0.564 0.023 -0.564 0.023 

PM10 - Particulate Matter ≤ 10 Microns -0.015 0.820 -0.015 0.815 -0.015 0.816 -0.015 0.815 -0.401 0.050 -0.401 0.050 -0.401 0.050 -0.401 0.050 

PM2.5 - Particulate Matter ≤ 2.5 
Microns 

-0.111 0.317 -0.111 0.317 -0.111 0.317 -0.111 0.317 -0.383 0.204 -0.382 0.204 -0.382 0.204 -0.382 0.204 

Sulphur dioxide 0.000 0.943 0.000 0.940 0.000 0.937 0.000 0.940 -0.007 0.632 -0.007 0.634 -0.007 0.633 -0.007 0.633 

Sulphuric acid 0.480 0.127 0.479 0.128 0.480 0.128 0.479 0.128 0.583 0.355 0.581 0.357 0.581 0.357 0.581 0.356 

Volatile Organic Compounds (VOCs) 0.015 0.198 0.015 0.198 0.015 0.199 0.015 0.198 -0.015 0.679 -0.014 0.681 -0.015 0.679 -0.015 0.679 

Crop 0.224 0.134 0.223 0.136 0.222 0.136 0.223 0.136 -0.064 0.857 -0.065 0.854 -0.065 0.855 -0.065 0.854 

Dump 0.903 0.060 0.903 0.060 0.905 0.060 0.903 0.060 1.559 0.145 1.554 0.146 1.558 0.145 1.559 0.145 

Gas station 0.509 0.000 0.509 0.000 0.510 0.000 0.509 0.000 0.831 0.000 0.831 0.000 0.831 0.000 0.831 0.000 

Mine -0.196 0.188 -0.196 0.190 -0.195 0.191 -0.196 0.190 -0.161 0.635 -0.160 0.637 -0.161 0.635 -0.161 0.636 

Powerline 0.086 0.189 0.086 0.187 0.086 0.187 0.086 0.187 0.045 0.765 0.045 0.766 0.045 0.765 0.045 0.765 

Transformer 0.584 0.044 0.585 0.044 0.585 0.044 0.585 0.044 0.540 0.416 0.542 0.413 0.540 0.415 0.540 0.415 
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Newfoundland SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) 0.431 0.024 0.432 0.024 0.432 0.023 0.432 0.024 0.454 0.274 0.458 0.270 0.449 0.279 0.454 0.274 

Carbon monoxide -0.006 0.320 -0.006 0.320 -0.006 0.320 -0.006 0.320 -0.026 0.175 -0.025 0.174 -0.025 0.175 -0.025 0.175 

Methanol 0.227 0.679 0.227 0.679 0.228 0.678 0.228 0.678 1.345 0.072 1.360 0.069 1.349 0.072 1.354 0.071 

n-Hexane 0.118 0.483 0.118 0.482 0.118 0.482 0.118 0.482 0.189 0.563 0.189 0.562 0.192 0.559 0.193 0.557 

Nitrogen oxides (expressed as NO2) -0.005 0.541 -0.005 0.541 -0.005 0.542 -0.005 0.541 -0.024 0.341 -0.024 0.346 -0.024 0.341 -0.024 0.342 

PM - Total Particulate Matter -0.014 0.827 -0.014 0.828 -0.014 0.828 -0.014 0.828 0.009 0.950 0.010 0.944 0.009 0.947 0.010 0.945 

PM10 - Particulate Matter ≤ 10 
Microns 

0.044 0.590 0.044 0.590 0.044 0.590 0.044 0.590 0.133 0.434 0.136 0.427 0.133 0.434 0.134 0.432 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

0.127 0.256 0.127 0.256 0.127 0.255 0.127 0.256 0.265 0.263 0.266 0.260 0.264 0.264 0.265 0.262 

Sulphur dioxide -0.003 0.741 -0.003 0.742 -0.003 0.743 -0.003 0.742 -0.012 0.556 -0.012 0.565 -0.012 0.557 -0.012 0.560 

Total Reduced Sulphur (TRS) - 

[MOE] 

-0.141 0.848 -0.141 0.849 -0.141 0.849 -0.141 0.849 0.904 0.382 0.906 0.381 0.907 0.380 0.906 0.381 

Volatile Organic Compounds 
(VOCs) 

-0.006 0.851 -0.006 0.852 -0.006 0.851 -0.006 0.851 0.008 0.895 0.008 0.899 0.008 0.895 0.008 0.894 

Dump 0.563 0.383 0.562 0.383 0.562 0.383 0.563 0.383 0.680 0.637 0.706 0.624 0.685 0.634 0.682 0.636 

Gas station 0.290 0.039 0.290 0.039 0.291 0.039 0.290 0.039 0.217 0.485 0.219 0.480 0.213 0.492 0.216 0.487 

Mine -0.217 0.444 -0.216 0.446 -0.216 0.446 -0.216 0.445 -0.666 0.305 -0.663 0.307 -0.666 0.305 -0.660 0.309 

Well pad 0.926 0.877 0.923 0.877 0.925 0.877 0.929 0.876         

Powerline -0.085 0.365 -0.085 0.364 -0.085 0.364 -0.085 0.364 -0.248 0.263 -0.248 0.263 -0.249 0.261 -0.250 0.260 

Transformer -0.078 0.859 -0.078 0.859 -0.079 0.856 -0.079 0.858 1.311 0.160 1.295 0.166 1.313 0.160 1.302 0.163 

 

Nova Scotia SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) -0.030 0.421 -0.030 0.420 -0.030 0.420 -0.030 0.421         

Carbon monoxide -0.007 0.339 -0.007 0.340 -0.007 0.341 -0.007 0.340 -0.004 0.791 -0.004 0.786 -0.004 0.790 -0.004 0.789 

Hydrochloric acid -0.224 0.200 -0.224 0.200 -0.225 0.198 -0.224 0.200 -1.108 0.212 -1.105 0.213 -1.108 0.212 -1.105 0.213 

Methanol -0.234 0.209 -0.234 0.209 -0.234 0.210 -0.234 0.209 0.196 0.573 0.196 0.573 0.197 0.572 0.196 0.573 
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Nova Scotia SGA        LBWT        

Nitrogen oxides (expressed as NO2) -0.003 0.440 -0.003 0.440 -0.003 0.442 -0.003 0.440 -0.001 0.955 -0.001 0.953 -0.001 0.956 -0.001 0.954 

PM - Total Particulate Matter -0.040 0.286 -0.040 0.287 -0.040 0.289 -0.040 0.287 0.037 0.627 0.036 0.632 0.037 0.627 0.037 0.629 

PM10 - Particulate Matter ≤ 10 

Microns 

-0.039 0.359 -0.039 0.360 -0.038 0.364 -0.039 0.359 0.049 0.571 0.048 0.577 0.049 0.570 0.049 0.574 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

-0.042 0.463 -0.042 0.464 -0.041 0.469 -0.042 0.464 0.089 0.443 0.088 0.449 0.089 0.443 0.089 0.446 

Sulphur dioxide -0.001 0.347 -0.001 0.347 -0.001 0.349 -0.001 0.347 -0.002 0.561 -0.002 0.559 -0.002 0.562 -0.002 0.561 

Sulphuric acid 0.045 0.849 0.045 0.849 0.048 0.840 0.045 0.849 0.129 0.801 0.128 0.803 0.130 0.799 0.128 0.803 

Total Reduced Sulphur (TRS) - 
[MOE] 

-0.220 0.857 -0.220 0.857 -0.223 0.855 -0.220 0.857         

Volatile Organic Compounds (VOCs) -0.007 0.512 -0.007 0.513 -0.007 0.518 -0.007 0.513 0.002 0.929 0.002 0.932 0.002 0.928 0.002 0.931 

Crop 0.182 0.124 0.182 0.124 0.182 0.125 0.182 0.124 0.153 0.567 0.153 0.566 0.153 0.567 0.153 0.566 

Dump 0.334 0.445 0.334 0.445 0.334 0.445 0.334 0.445 0.662 0.487 0.664 0.486 0.662 0.487 0.662 0.487 

Gas station 0.205 0.002 0.205 0.002 0.205 0.002 0.205 0.002 0.078 0.590 0.078 0.591 0.078 0.590 0.078 0.591 

Mine -0.073 0.711 -0.073 0.711 -0.073 0.713 -0.073 0.711 0.029 0.948 0.028 0.948 0.029 0.947 0.029 0.948 

Powerline 0.060 0.328 0.060 0.328 0.059 0.329 0.060 0.328 -0.010 0.939 -0.010 0.939 -0.010 0.940 -0.010 0.941 

Transformer 0.267 0.109 0.267 0.109 0.267 0.108 0.267 0.109 0.109 0.767 0.108 0.769 0.109 0.767 0.109 0.768 

 

Northwest Territory SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide 0.249 0.440 0.247 0.443 0.248 0.441 0.248 0.441 0.122 0.864 0.138 0.845 0.133 0.852 0.127 0.858 

Nitrogen oxides (expressed as NO2) 0.009 0.873 0.009 0.882 0.009 0.877 0.009 0.880 0.030 0.806 0.032 0.792 0.033 0.790 0.031 0.799 

PM10 - Particulate Matter ≤ 10 

Microns 

1.447 0.414 1.455 0.412 1.453 0.412 1.458 0.411 -3.342 0.461 -3.251 0.471 -3.348 0.461 -3.342 0.461 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

1.470 0.407 1.478 0.404 1.476 0.405 1.481 0.403 -3.381 0.456 -3.290 0.466 -3.388 0.456 -3.381 0.456 

Sulphur dioxide -0.351 0.228 -0.351 0.229 -0.351 0.228 -0.350 0.229         

Volatile Organic Compounds (VOCs) 0.316 0.110 0.317 0.109 0.317 0.108 0.317 0.108         

Dump 0.480 0.263 0.477 0.265 0.478 0.264 0.477 0.265 1.327 0.192 1.339 0.188 1.337 0.189 1.329 0.191 

Gas station 1.921 0.119 1.940 0.115 1.937 0.115 1.941 0.115 2.625 0.412 2.614 0.413 2.592 0.417 2.607 0.415 

Mine -0.269 0.874 -0.267 0.875 -0.259 0.879 -0.259 0.879 2.640 0.409 2.800 0.384 2.634 0.410 2.636 0.410 

Powerline -1.050 0.356 -1.050 0.357 -1.058 0.353 -1.051 0.356 -2.069 0.451 -2.102 0.444 -2.099 0.443 -2.068 0.451 

Transformer -1.010 0.518 -1.001 0.521 -1.002 0.521 -1.002 0.521 -2.409 0.513 -2.396 0.515 -2.369 0.520 -2.401 0.514 
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Nunavut SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide 1.382 0.034 1.480 0.023 1.385 0.034 1.400 0.032 3.423 0.003 3.539 0.002 3.385 0.003 3.436 0.003 

Nitrogen oxides (expressed as NO2) 0.117 0.474 0.126 0.445 0.118 0.474 0.118 0.472 0.395 0.195 0.406 0.184 0.393 0.197 0.396 0.195 

PM10 - Particulate Matter ≤ 10 

Microns 

2.907 0.218 3.186 0.177 2.922 0.216 2.969 0.208 8.724 0.040 9.048 0.033 8.621 0.042 8.778 0.039 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

2.918 0.215 3.196 0.175 2.932 0.213 2.980 0.206 8.750 0.039 9.074 0.033 8.647 0.042 8.804 0.038 

Sulphur dioxide 0.968 0.304 0.889 0.342 0.951 0.313 0.969 0.304 1.818 0.166 1.674 0.197 1.743 0.183 1.827 0.164 

Dump -8.547 0.001 -8.372 0.001 -8.498 0.001 -8.503 0.001 -6.768 0.159 -6.475 0.178 -6.705 0.163 -6.716 0.162 

Gas station -4.181 0.040 -4.105 0.044 -4.142 0.042 -4.146 0.042 -2.770 0.421 -2.614 0.447 -2.709 0.431 -2.741 0.426 

Mine -0.094 0.858 -0.126 0.812 -0.103 0.845 -0.101 0.849 -0.606 0.517 -0.641 0.493 -0.626 0.503 -0.611 0.513 

Well pad 1.317 0.307 1.258 0.329 1.309 0.310 1.324 0.304 -0.433 0.856 -0.486 0.838 -0.487 0.838 -0.433 0.855 

Powerline -4.519 0.042 -4.466 0.044 -4.476 0.044 -4.480 0.044 -4.142 0.296 -4.010 0.311 -4.076 0.304 -4.107 0.300 

 

Ontario SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

1,2,4-Trimethylbenzene -0.019 0.873 -0.018 0.873 -0.019 0.872 -0.019 0.872 -0.267 0.361 -0.266 0.362 -0.267 0.360 -0.266 0.362 

2-Butoxyethanol -1.159 0.497 -1.152 0.500 -1.159 0.497 -1.159 0.497 1.421 0.362 1.426 0.360 1.416 0.363 1.424 0.361 

Aluminum (fume or dust) 0.017 0.858 0.017 0.859 0.017 0.859 0.017 0.859 0.089 0.662 0.089 0.661 0.088 0.667 0.089 0.661 

Ammonia (total) -0.006 0.713 -0.006 0.706 -0.006 0.718 -0.006 0.716 -0.032 0.381 -0.033 0.372 -0.032 0.383 -0.033 0.375 

Benzene 0.488 0.128 0.489 0.127 0.487 0.128 0.487 0.128 1.088 0.033 1.095 0.032 1.087 0.033 1.093 0.032 

Calcium oxide 0.304 0.159 0.305 0.158 0.303 0.160 0.304 0.160 -0.119 0.837 -0.115 0.843 -0.122 0.833 -0.117 0.840 

Carbon monoxide 0.001 0.147 0.001 0.146 0.001 0.149 0.001 0.148 0.001 0.627 0.001 0.617 0.001 0.634 0.001 0.621 

Chloromethane -0.095 0.287 -0.095 0.286 -0.095 0.287 -0.095 0.287 -0.244 0.348 -0.244 0.349 -0.244 0.348 -0.244 0.349 

Copper (and its compounds) 0.095 0.350 0.095 0.352 0.095 0.349 0.095 0.349 -1.845 0.339 -1.837 0.340 -1.851 0.339 -1.839 0.339 

Cyclohexane -0.212 0.315 -0.212 0.316 -0.212 0.315 -0.212 0.315 -0.220 0.657 -0.221 0.656 -0.220 0.658 -0.222 0.655 

Ethyl acetate 0.022 0.034 0.022 0.033 0.022 0.035 0.022 0.035 0.037 0.084 0.038 0.076 0.037 0.089 0.038 0.078 

Ethylene -0.256 0.271 -0.255 0.273 -0.256 0.271 -0.256 0.271 -0.514 0.421 -0.512 0.423 -0.513 0.422 -0.513 0.422 
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Ontario SGA        LBWT        

GE - Diethylene glycol butyl ether 

(DEGBE) 

0.211 0.271 0.212 0.269 0.211 0.271 0.211 0.271 0.314 0.414 0.313 0.415 0.313 0.415 0.313 0.416 

GE - Propylene glycol methyl ether 

acetate (PGMEA) 

0.095 0.873 0.095 0.874 0.095 0.874 0.095 0.874         

HCFC-142b 0.031 0.563 0.031 0.558 0.031 0.566 0.031 0.565 0.001 0.996 0.002 0.986 -0.001 0.997 0.001 0.990 

HCFC-22 1.416 0.220 1.419 0.219 1.418 0.220 1.418 0.220         

Hydrochloric acid -0.010 0.556 -0.010 0.556 -0.010 0.552 -0.010 0.553 -0.014 0.742 -0.013 0.751 -0.014 0.735 -0.013 0.749 

Hydrogen fluoride -0.062 0.676 -0.062 0.676 -0.062 0.675 -0.062 0.675 0.130 0.657 0.131 0.654 0.128 0.661 0.131 0.655 

Hydrogen sulphide -0.740 0.222 -0.738 0.222 -0.740 0.221 -0.740 0.221 -1.081 0.513 -1.076 0.514 -1.079 0.513 -1.080 0.513 

i-Butyl alcohol -0.274 0.481 -0.275 0.480 -0.274 0.481 -0.274 0.481 0.418 0.284 0.416 0.287 0.416 0.286 0.418 0.284 

Isopropyl alcohol 0.032 0.647 0.032 0.645 0.032 0.649 0.032 0.649 0.111 0.449 0.112 0.445 0.111 0.450 0.112 0.446 

Manganese (and its compounds) 1.000 0.078 0.996 0.079 1.002 0.077 1.001 0.078         

Methanol 0.063 0.527 0.063 0.528 0.063 0.528 0.063 0.527 -0.025 0.918 -0.025 0.919 -0.026 0.916 -0.025 0.919 

Methyl ethyl ketone 0.085 0.009 0.085 0.009 0.085 0.009 0.085 0.009 0.203 0.002 0.204 0.002 0.202 0.002 0.204 0.002 

MSG#1 - Hydrotreated heavy 

naphtha 

0.196 0.341 0.196 0.342 0.195 0.344 0.195 0.343 0.517 0.064 0.522 0.061 0.515 0.065 0.523 0.061 

MSG#1 - Solvent naphtha light 

aliphatic 

0.067 0.355 0.068 0.349 0.067 0.361 0.067 0.359 0.102 0.513 0.106 0.493 0.099 0.525 0.105 0.501 

MSG#2 - Hydrotreated light distillate 0.027 0.261 0.027 0.262 0.027 0.263 0.027 0.262 0.069 0.041 0.069 0.041 0.068 0.042 0.069 0.041 

n-Butyl alcohol 0.102 0.236 0.102 0.237 0.102 0.236 0.102 0.236 0.016 0.936 0.015 0.940 0.016 0.938 0.015 0.939 

n-Hexane 0.008 0.790 0.008 0.792 0.008 0.792 0.008 0.791 0.104 0.059 0.105 0.058 0.104 0.059 0.105 0.058 

Nitrogen oxides (expressed as NO2) 0.002 0.054 0.002 0.054 0.002 0.055 0.002 0.055 0.003 0.143 0.003 0.139 0.002 0.147 0.003 0.140 

PM - Total Particulate Matter 0.006 0.091 0.006 0.090 0.006 0.092 0.006 0.092 0.009 0.225 0.010 0.218 0.009 0.231 0.010 0.220 

PM10 - Particulate Matter ≤ 10 Microns 0.018 0.002 0.018 0.002 0.018 0.003 0.018 0.003 0.023 0.077 0.023 0.072 0.023 0.081 0.023 0.073 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

0.036 0.000 0.036 0.000 0.036 0.000 0.036 0.000 0.046 0.014 0.047 0.013 0.046 0.015 0.046 0.013 

Propylene -0.026 0.877 -0.026 0.877 -0.026 0.878 -0.026 0.877 -0.002 0.997 -0.001 0.997 0.000 0.999 -0.002 0.997 

Styrene 1.027 0.113 1.031 0.112 1.026 0.113 1.027 0.113 1.605 0.126 1.612 0.125 1.603 0.127 1.608 0.126 

Sulphur dioxide 0.000 0.735 0.000 0.734 0.000 0.738 0.000 0.737 0.000 0.979 0.000 0.987 0.000 0.973 0.000 0.985 

Sulphuric acid -0.052 0.438 -0.052 0.440 -0.052 0.438 -0.052 0.438 -0.072 0.655 -0.071 0.658 -0.072 0.656 -0.072 0.656 

Tetrahydrofuran 0.486 0.659 0.488 0.658 0.487 0.658 0.487 0.659         

Toluene 0.016 0.401 0.016 0.395 0.016 0.409 0.016 0.406 -0.015 0.726 -0.013 0.753 -0.016 0.709 -0.014 0.745 

Total Reduced Sulphur (TRS) - [MOE] -0.809 0.053 -0.810 0.053 -0.809 0.053 -0.809 0.053 -1.066 0.331 -1.065 0.331 -1.067 0.330 -1.065 0.331 

Trichloroethylene -0.278 0.525 -0.276 0.528 -0.282 0.520 -0.281 0.522 0.570 0.430 0.590 0.413 0.559 0.438 0.586 0.417 

Volatile Organic Compounds (VOCs) 0.005 0.000 0.005 0.000 0.005 0.000 0.005 0.000 0.006 0.000 0.006 0.000 0.006 0.000 0.006 0.000 

White mineral oil 2.076 0.237 2.084 0.235 2.072 0.238 2.073 0.237         
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Ontario SGA        LBWT        

Xylene (mixed isomers) -0.021 0.586 -0.020 0.595 -0.021 0.575 -0.021 0.579 -0.060 0.478 -0.056 0.507 -0.062 0.465 -0.058 0.498 

Zinc (and its compounds) 0.154 0.432 0.153 0.434 0.154 0.431 0.154 0.432 -0.984 0.340 -0.980 0.341 -0.986 0.340 -0.983 0.340 

Crop -0.035 0.115 -0.035 0.114 -0.035 0.115 -0.035 0.115 0.017 0.736 0.016 0.743 0.017 0.732 0.017 0.740 

Dump -0.007 0.917 -0.007 0.920 -0.007 0.918 -0.007 0.918 0.019 0.894 0.019 0.895 0.020 0.890 0.019 0.896 

Gas station -0.017 0.111 -0.017 0.112 -0.017 0.110 -0.017 0.110 -0.006 0.789 -0.006 0.797 -0.006 0.785 -0.006 0.793 

Mine 0.074 0.378 0.074 0.379 0.074 0.378 0.074 0.378 -0.140 0.468 -0.141 0.468 -0.141 0.467 -0.141 0.468 

Well pad -0.007 0.986 -0.010 0.982 -0.007 0.987 -0.007 0.986 -0.079 0.936 -0.082 0.933 -0.076 0.938 -0.080 0.935 

Powerline 0.041 0.000 0.041 0.000 0.041 0.000 0.041 0.000 0.046 0.024 0.046 0.024 0.046 0.023 0.046 0.023 

Transformer 0.030 0.125 0.030 0.124 0.030 0.126 0.030 0.126 0.006 0.885 0.007 0.875 0.006 0.891 0.007 0.878 

 

Prince Edward Island SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide -0.116 0.007 -0.116 0.007 -0.116 0.007 -0.116 0.007 -0.137 0.142 -0.136 0.142 -0.137 0.142 -0.136 0.142 

Methanol -0.450 0.037 -0.449 0.037 -0.450 0.037 -0.450 0.037         

Nitrogen oxides 

(expressed as NO2) 

-0.119 0.006 -0.119 0.006 -0.120 0.006 -0.120 0.006 -0.113 0.200 -0.113 0.201 -0.114 0.200 -0.113 0.201 

PM - Total Particulate 

Matter 

-0.292 0.278 -0.294 0.274 -0.296 0.272 -0.294 0.275 0.005 0.991 0.008 0.986 0.002 0.996 0.008 0.986 

PM10 - Particulate Matter 

≤ 10 Microns 

-0.340 0.246 -0.342 0.244 -0.343 0.242 -0.342 0.244 0.132 0.803 0.134 0.800 0.131 0.805 0.134 0.800 

PM2.5 - Particulate Matter 
≤ 2.5 Microns 

-1.494 0.010 -1.493 0.010 -1.495 0.010 -1.494 0.010 -0.717 0.491 -0.715 0.492 -0.718 0.491 -0.715 0.492 

Sulphur dioxide -0.104 0.008 -0.104 0.008 -0.104 0.008 -0.104 0.008 -0.069 0.306 -0.068 0.307 -0.069 0.305 -0.068 0.307 

Volatile Organic 

Compounds (VOCs) 

-0.098 0.034 -0.098 0.034 -0.099 0.034 -0.098 0.034 -0.023 0.673 -0.022 0.677 -0.023 0.670 -0.022 0.676 

Crop -0.126 0.621 -0.126 0.621 -0.124 0.625 -0.126 0.622 -0.383 0.533 -0.383 0.533 -0.380 0.536 -0.383 0.533 

Dump 0.322 0.883 0.345 0.875 0.325 0.882 0.325 0.882 -6.478 0.274 -6.477 0.273 -6.482 0.273 -6.480 0.273 

Gas station 0.836 0.004 0.837 0.004 0.838 0.004 0.838 0.004 0.866 0.159 0.865 0.159 0.865 0.160 0.866 0.159 

Mine -1.870 0.032 -1.867 0.032 -1.869 0.032 -1.869 0.032 -0.452 0.810 -0.451 0.811 -0.458 0.808 -0.451 0.811 

Powerline 0.114 0.671 0.113 0.674 0.113 0.675 0.113 0.675 -0.971 0.168 -0.969 0.169 -0.969 0.169 -0.969 0.169 

Transformer 1.102 0.519 1.094 0.522 1.106 0.517 1.107 0.517 -2.364 0.542 -2.373 0.540 -2.367 0.542 -2.368 0.541 
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Québec SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) 0.039 0.003 0.039 0.003 0.039 0.003 0.039 0.003 0.070 0.008 0.070 0.008 0.070 0.008 0.070 0.008 

Carbon monoxide -0.001 0.114 -0.001 0.115 -0.001 0.115 -0.001 0.115 -0.001 0.294 -0.001 0.293 -0.001 0.293 -0.001 0.293 

Carbonyl sulphide -0.142 0.020 -0.142 0.021 -0.142 0.020 -0.142 0.020 -0.173 0.235 -0.174 0.233 -0.173 0.235 -0.174 0.233 

Copper (and its 

compounds) 

-1.086 0.271 -1.086 0.271 -1.087 0.270 -1.086 0.271         

Ethylene 0.075 0.815 0.065 0.839 0.073 0.822 0.064 0.842 -0.803 0.430 -0.786 0.440 -0.803 0.429 -0.791 0.437 

Formaldehyde 0.886 0.197 0.887 0.197 0.886 0.197 0.886 0.197         

HCFC-142b 0.321 0.000 0.320 0.000 0.321 0.000 0.320 0.000 -0.179 0.485 -0.177 0.489 -0.178 0.486 -0.177 0.488 

Hydrochloric acid 0.016 0.725 0.015 0.727 0.015 0.728 0.015 0.727 0.119 0.135 0.119 0.135 0.120 0.134 0.119 0.135 

Hydrogen fluoride -0.352 0.087 -0.351 0.088 -0.351 0.087 -0.350 0.088 -0.284 0.535 -0.287 0.531 -0.285 0.534 -0.286 0.532 

i-Butyl alcohol -0.119 0.791 -0.121 0.788 -0.120 0.789 -0.120 0.788 0.932 0.024 0.932 0.024 0.934 0.024 0.934 0.024 

Isopropyl alcohol -0.119 0.791 -0.121 0.788 -0.120 0.789 -0.120 0.788 0.932 0.024 0.932 0.024 0.934 0.024 0.934 0.024 

Methanol -0.078 0.114 -0.077 0.116 -0.078 0.115 -0.077 0.116 -0.029 0.787 -0.030 0.783 -0.029 0.785 -0.030 0.783 

Methyl ethyl ketone 0.062 0.655 0.062 0.656 0.062 0.657 0.062 0.657 0.316 0.208 0.317 0.206 0.317 0.206 0.316 0.207 

n-Hexane 0.156 0.615 0.155 0.616 0.157 0.611 0.156 0.615 0.582 0.261 0.582 0.261 0.579 0.264 0.583 0.261 

Nitrogen oxides (expressed 

as NO2) 

0.004 0.008 0.004 0.009 0.004 0.008 0.004 0.009 0.006 0.062 0.006 0.061 0.006 0.062 0.006 0.062 

Phenol (and its salts) 0.060 0.912 0.058 0.915 0.056 0.917 0.057 0.916 0.080 0.949 0.085 0.945 0.085 0.946 0.084 0.946 

PM - Total Particulate 

Matter 

-0.004 0.473 -0.004 0.472 -0.004 0.471 -0.004 0.473 0.000 1.000 0.000 0.999 0.000 0.999 0.000 1.000 

PM10 - Particulate Matter ≤ 

10 Microns 

-0.009 0.230 -0.009 0.228 -0.009 0.229 -0.009 0.228 -0.005 0.764 -0.005 0.767 -0.005 0.765 -0.005 0.767 

PM2.5 - Particulate Matter ≤ 
2.5 Microns 

-0.018 0.106 -0.018 0.105 -0.018 0.105 -0.018 0.105 -0.009 0.719 -0.009 0.723 -0.009 0.720 -0.009 0.722 

Propylene 0.134 0.189 0.134 0.190 0.134 0.188 0.134 0.191 -0.326 0.263 -0.324 0.265 -0.326 0.262 -0.325 0.264 

Styrene -0.421 0.154 -0.420 0.154 -0.420 0.154 -0.420 0.154 -0.482 0.492 -0.483 0.491 -0.483 0.491 -0.482 0.491 

Sulphur dioxide 0.000 0.178 0.000 0.177 0.000 0.176 0.000 0.177 0.000 0.203 0.000 0.203 0.000 0.202 0.000 0.203 

Sulphuric acid -0.018 0.036 -0.018 0.036 -0.018 0.035 -0.018 0.036 0.014 0.393 0.014 0.392 0.014 0.391 0.014 0.392 

Tetrahydrofuran -0.801 0.458 -0.803 0.457 -0.802 0.458 -0.803 0.457 -2.740 0.640 -2.735 0.641 -2.741 0.640 -2.738 0.641 

Toluene 0.092 0.563 0.091 0.566 0.091 0.566 0.091 0.566 0.429 0.160 0.429 0.159 0.429 0.159 0.429 0.159 

Total Reduced Sulphur 

(TRS) - [MOE] 

-0.426 0.001 -0.425 0.001 -0.426 0.001 -0.425 0.001 -0.404 0.157 -0.406 0.156 -0.404 0.158 -0.406 0.156 

Trichloroethylene 0.338 0.329 0.337 0.330 0.338 0.330 0.337 0.330 -0.721 0.553 -0.719 0.554 -0.720 0.554 -0.720 0.554 

Volatile Organic 

Compounds (VOCs) 

0.001 0.703 0.001 0.705 0.001 0.702 0.001 0.706 -0.011 0.224 -0.011 0.225 -0.011 0.223 -0.011 0.225 
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Québec SGA        LBWT        

Xylene (mixed isomers) -0.006 0.962 -0.007 0.960 -0.006 0.962 -0.007 0.961 -0.551 0.198 -0.551 0.198 -0.551 0.198 -0.551 0.198 

Crop -0.033 0.218 -0.033 0.222 -0.033 0.219 -0.033 0.222 -0.176 0.004 -0.177 0.004 -0.176 0.004 -0.177 0.004 

Dump -0.177 0.031 -0.178 0.031 -0.178 0.031 -0.178 0.031 0.098 0.596 0.099 0.593 0.099 0.593 0.099 0.593 

Gas station 0.084 0.000 0.084 0.000 0.084 0.000 0.084 0.000 0.105 0.001 0.106 0.001 0.105 0.001 0.105 0.001 

Mine 0.014 0.836 0.014 0.839 0.014 0.839 0.014 0.838 0.043 0.782 0.043 0.783 0.044 0.779 0.044 0.781 

Well pad 6.674 0.098 6.670 0.099 6.698 0.097 6.675 0.098 17.602 0.001 17.590 0.001 17.553 0.001 17.603 0.001 

Powerline -0.056 0.000 -0.056 0.000 -0.056 0.000 -0.056 0.000 -0.065 0.025 -0.065 0.025 -0.065 0.025 -0.065 0.025 

Transformer 0.442 0.000 0.442 0.000 0.442 0.000 0.442 0.000 0.349 0.079 0.349 0.079 0.349 0.080 0.350 0.079 

 

Saskatchewan SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Ammonia (total) -0.068 0.097 -0.068 0.097 -0.068 0.097 -0.068 0.096 -0.082 0.403 -0.082 0.400 -0.082 0.402 -0.082 0.399 

Carbon monoxide -0.002 0.274 -0.002 0.274 -0.002 0.274 -0.002 0.273 0.000 0.990 0.000 0.989 0.000 0.991 0.000 0.988 

Carbonyl sulphide -0.345 0.258 -0.346 0.257 -0.346 0.257 -0.346 0.257 0.162 0.755 0.161 0.756 0.162 0.755 0.161 0.756 

Hydrochloric acid -0.944 0.109 -0.941 0.110 -0.944 0.109 -0.943 0.109 -0.367 0.653 -0.364 0.655 -0.367 0.653 -0.364 0.654 

Hydrogen fluoride 0.445 0.749 0.456 0.742 0.445 0.749 0.448 0.747         

Nitrogen oxides (expressed 
as NO2) 

0.013 0.156 0.013 0.156 0.013 0.155 0.013 0.155 0.012 0.557 0.012 0.555 0.012 0.552 0.012 0.555 

PM - Total Particulate Matter 0.007 0.844 0.007 0.840 0.007 0.843 0.007 0.845 -0.021 0.815 -0.021 0.815 -0.020 0.819 -0.021 0.814 

PM10 - Particulate Matter ≤ 

10 Microns 

-0.037 0.318 -0.037 0.320 -0.037 0.319 -0.037 0.317 -0.098 0.284 -0.098 0.284 -0.098 0.287 -0.098 0.284 

PM2.5 - Particulate Matter ≤ 

2.5 Microns 

-0.031 0.705 -0.031 0.709 -0.031 0.703 -0.032 0.701 -0.112 0.579 -0.112 0.578 -0.112 0.581 -0.113 0.576 

Sulphur dioxide 0.000 0.888 0.000 0.889 0.000 0.891 0.000 0.890 0.002 0.739 0.002 0.737 0.002 0.735 0.002 0.737 

Total Reduced Sulphur 

(TRS) - [MOE] 

-0.180 0.778 -0.180 0.778 -0.180 0.777 -0.181 0.776 0.542 0.614 0.541 0.615 0.544 0.613 0.540 0.615 

Volatile Organic Compounds 

(VOCs) 

-0.010 0.057 -0.010 0.057 -0.010 0.056 -0.010 0.056 -0.019 0.130 -0.019 0.129 -0.019 0.130 -0.019 0.129 

Crop 0.073 0.264 0.073 0.264 0.073 0.263 0.073 0.262 0.072 0.626 0.072 0.624 0.072 0.625 0.072 0.623 

Dump 0.587 0.018 0.586 0.018 0.587 0.018 0.586 0.018 1.249 0.019 1.247 0.020 1.250 0.019 1.247 0.020 

Gas station 0.203 0.000 0.203 0.000 0.203 0.000 0.203 0.000 0.137 0.154 0.137 0.155 0.138 0.153 0.137 0.155 

Mine -0.217 0.336 -0.216 0.339 -0.218 0.335 -0.218 0.335 -0.338 0.531 -0.337 0.531 -0.338 0.530 -0.338 0.530 

Well pad 0.098 0.044 0.098 0.043 0.098 0.044 0.098 0.044 0.084 0.442 0.084 0.440 0.084 0.440 0.084 0.441 



 

191 

1
9
1
 

Saskatchewan SGA        LBWT        

Powerline -0.228 0.018 -0.227 0.018 -0.228 0.018 -0.228 0.018 -0.636 0.010 -0.636 0.010 -0.637 0.010 -0.637 0.010 

Transformer 0.733 0.000 0.732 0.000 0.732 0.000 0.732 0.000 0.235 0.596 0.234 0.598 0.235 0.596 0.233 0.599 

 

Yukon SGA        LBWT        

Season Tri1  Tri2  Prior3  NONE  Tri1  Tri2  Prior3  NONE  

Variables Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p 

Carbon monoxide 0.433 0.260 0.439 0.254 0.428 0.265 0.428 0.265 1.142 0.073 1.082 0.087 1.088 0.085 1.090 0.085 

Nitrogen oxides (expressed as NO2) 0.085 0.323 0.087 0.312 0.086 0.318 0.085 0.322 0.256 0.067 0.249 0.074 0.250 0.072 0.250 0.072 

PM10 - Particulate Matter ≤ 10 

Microns 

1.530 0.210 1.548 0.205 1.534 0.208 1.527 0.211 3.877 0.050 3.773 0.054 3.782 0.053 3.785 0.053 

PM2.5 - Particulate Matter ≤ 2.5 

Microns 

1.548 0.204 1.566 0.199 1.554 0.201 1.546 0.204 3.861 0.051 3.760 0.055 3.769 0.055 3.771 0.055 

Dump 0.033 0.990 -0.039 0.988 0.074 0.977 0.032 0.990 -6.761 0.350 -6.740 0.353 -6.794 0.348 -6.813 0.347 

Gas station -1.265 0.104 -1.282 0.099 -1.289 0.098 -1.272 0.102 -4.905 0.009 -4.889 0.009 -4.922 0.008 -4.904 0.009 

Mine -2.293 0.167 -2.319 0.163 -2.373 0.154 -2.326 0.162 2.436 0.458 2.367 0.476 2.385 0.474 2.408 0.469 

Powerline -0.199 0.795 -0.192 0.801 -0.178 0.816 -0.179 0.815 -1.712 0.309 -1.618 0.336 -1.619 0.335 -1.621 0.334 

Transformer 5.207 0.490 5.200 0.491 5.211 0.490 5.213 0.489         
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Table S2.1. Customized azimuthal equidistant map projection parameters were based on the 

centroids of each Census Metropolitan Area (CMA), designated in decimal degrees of longitude 

(central meridian) and latitude (origin). 

Census 

Metropolitan 

Area 

(CMA) 

Area 

(km2) 

Custom 

Map Projection 

Parameters 

Central 

Meridian 

(X) 

Latitude of 

Origin 

(Y) 

Calgary 5,108  

Projection: Azimuthal Equidistant 

False Easting: 0.0 

False Northing: 0.0 

Central Meridian: (X) 

Latitude Of Origin: (Y) 

Linear Unit: Meter (1.0) 

 

Geographic Coordinate System: 

GCS North American 1983 

Angular Unit: Degree 

(0.0174532925199433) 

Prime Meridian: Greenwich (0.0) 

Datum: D North American 1983 

Spheroid: GRS 1980 

Semimajor Axis: 6378137.0 

Semiminor Axis: 6356752.3141403 

Inverse Flattening: 298.257222101 

-114.078155 51.180782 

Edmonton 9,427  -113.789137 53.512964 

Fredericton 4,886  -66.706042 46.111538 

Halifax 5,496  -63.125663 44.839496 

Hamilton 1,372  -79.922040 43.266381 

Kingston 1,939  -76.542139 44.340704 

London 2,666  -81.312858 42.901574 

Moncton 2,406  -64.864306 46.025620 

Montréal 4,258  -73.734869 45.567259 

Ottawa 6,287  -75.765999 45.452371 

Québec 3,349  -71.305923 46.927416 

Regina 3,408  -104.718907 50.519386 

Saint John 3,363  -66.010434 45.375455 

Saskatoon 5,215  -106.603066 52.069258 

St. John's 805  -52.810751 47.517317 

Toronto 5,906  -79.579271 43.900699 

Vancouver 2,883  -122.950102 49.258531 

Victoria 696  -123.552401 48.397793 

Winnipeg 5,303  -97.047831 49.888087 
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Figure S2.1. Total emissions of industrial chemical reported by the National Pollutant Release 

Inventory (NPRI) for each Census Metropolitan Area (CMA). Figures A through D indicate the 

relative tonnes emitted – in log scaled proportional symbols for ease of visualization; absence of 

a symbol indicates the CMA did not emit that particular chemical. Chemicals are listed in 

alphabetical order. 
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Figure S2.2. Total emissions of industrial chemical reported by the National Pollutant Release 

Inventory (NPRI) for each Census Metropolitan Area (CMA). Figures A through D indicate the 

relative tonnes emitted – in log scaled proportional symbols for ease of visualization; absence of 

a symbol indicates the CMA did not emit that particular chemical. Chemicals are listed in 

alphabetical order. 
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Figure S2.3. Total emissions of industrial chemical reported by the National Pollutant Release 

Inventory (NPRI) for each Census Metropolitan Area (CMA). Figures A through D indicate the 

relative tonnes emitted – in log scaled proportional symbols for ease of visualization; absence of 

a symbol indicates the CMA did not emit that particular chemical. Chemicals are listed in 

alphabetical order. 
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Figure S2.4. Total emissions of industrial chemical reported by the National Pollutant Release 

Inventory (NPRI) for each Census Metropolitan Area (CMA). Figures A through D indicate the 

relative tonnes emitted – in log scaled proportional symbols for ease of visualization; absence of 

a symbol indicates the CMA did not emit that particular chemical. Chemicals are listed in 

alphabetical order. 
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[MULTIPLE FIGURES FOLLOW BELOW AND ARE IDENTIFIED BY CMA NAME] 

 

Figure S2.5. Distribution of infant counts (green hexagons), weather stations (purple diamonds), 

industrial facilities (blue dots), and space-time hot spot maps of critically ill SGA (ciSGA; 

red=hot, grey=not). Refer to Figure 5.1 for the location in Canada of each Census Metropolitan 

Area (CMA). 
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Figure S2.3. Subset of beta coefficients from Figure 5.9 (symbol key: red=positive; 

blue=negative; size=strength or relative magnitude of coefficient) showing the 28 industrial 

chemicals listed in Table 5.5 that had positive associations with critically ill small for gestational 

age (ciSGA) in 3 or more Census Metropolitan Areas (CMAs). 
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Appendix III 
 

ETHICS LETTER 

ORIGINAL 

RENEWAL 


