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Chapter 1
1 Introduction

1.1 Research Context

The rise of certain chronic health issues over the past half-century have led researchers
and policymakers to place greater emphasis on exploring and identifying potential
environmental influences on human population health (Lopez, 2011). Indeed, concerns
for the rise in children’s health issues, particularly the profound increases in sedentary
behaviour, obesity, and mental health problems has recently promoted community
planning, and it’s product, the built environment, at the forefront of these types of
academic studies (Lopez, 2011). Researchers from several academic disciplines,
including geography, planning, epidemiology, health promotion, and psychology, have
been investigating the role that the built environment has in promoting healthy outdoor
behavior (Gilliland, 2010).

Canadian children today, on average, spend less than one hour per day outside (Zorzi &
Gagne, 2012) and children between the ages of 8 and 18 years spend an average of six
and a half hours a day with electronic media (Roberts et al., 2005). The less time spent
outdoors in natural environments has been linked to decreased physical activity (Schaefer
et al., 2014; Wheeler et al., 2010), increased rates of obesity (Ansari et al., 2015; Schaefer
et al., 2014), and increased rates of myopia (French et al., 2013; Guggenheim et al., 2012;
Guo et al., 2013; Rose et al., 2008), sleep disorders, mental health issues (Tillmann et al.,
2018), cognitive health issues (Wells, 2000) and nature deficit disorder (Driessnack,
2009; Louv, 2008) in children. Later in life, the accumulation of inactivity raises the odds
of a person developing chronic diseases, such as Type-2 diabetes, cancers, and depression
(Gilliland, 2010).

Methodological problems abound in the existing built environment and health literature,
particularly with respect to how the measurement of accessibility to, exposure to, and
engagement with, health-related environmental features (e.g. parks, grocery stores, and

recreation centres) are mapped and analyzed in a geographic information system (GIS).



The spatial data used in geographic research are always intrinsically uncertain (Zhang &
Goodchild, 2002) and care is required so that the uncertainty does not affect the statistical
associations being evaluated. It is often the case that researchers accept that their
methods need to include some analysis on the accuracy of the data, but few researchers
endeavour to do so. Itis commonplace in studies of accessibility and exposure for
researchers to use geographic proxies to represent a subject’s actual location (e.g. census
tracts, dissemination areas, or postal codes). These proxies do not, indeed cannot,
accurately represent the physical location of their subjects at all times, and therefore the
use of proxies leads to “distance errors’(Zandbergen, 2007). It is also commonplace that
large administrative areal units (e.g., census tracts or county boundaries) are used to
assign neighbourhood-level attributes, which may introduce additional errors into the
research, such as “accessibility or exposure misclassification’, the “‘modifiable area unit
problem’ (MAUP) (Openshaw, 1984), and the “uncertain geographic context problem’
(UGCoP) (Kwan, 2012b). These types of errors can, to some degree, be mitigated by the
use of GPS tracking (Cooper et al., 2010; Ellis et al., 2014; Rainham et al., 2008), but
other confounders lurk when classifying or binning the GPS data. In particular, errors
arise when researchers try to measure time spent outdoors (Cooper et al., 2010; Ellis et
al., 2014) due to common weaknesses in how GPS signals are processed. The
aforementioned methodological problems will be discussed in further detail in Chapter 2.

Based on the large and growing body of research evidence, the overarching assumption
behind this thesis research is that the built environment provides a child with the
opportunity to facilitate outdoor activity that will lead to better health and quality of life.
It is argued here, however, that serious problems may exist in previous studies which link
environment and health based on the mapping of home locations using inappropriate
spatial reference data. Additionally, significant exposure misclassification exists when
using overly simplistic methods of accessibility (e.g. proximity), which are atemporal, to
represent one’s interactions with or engagement within an environment, such as time
spent outdoors. The studies in this dissertation are woven together through the common
goal of improving methodological rigor in the measurement of children’s accessibility to,

exposure to, and engagement with health-related features of their environment to



ultimately better our understanding of the links between environment and children’s
health.

It is imperative that researchers identify the extent to which these methodological
problems can affect statistical outcomes and to present solutions to these problems
through the use of more rigorous methodologies and empirically generated data. In light
of the dramatic increase in the time children are spending indoors in sedentary lifestyles
and the purported impacts this behavior has on their health, an essential contribution to
science and public health would be to develop, test, and validate improved methods for
understanding how built environment factors influence childhood health. The primary
goal of this thesis, therefore, is to establish more rigourous methods to measure children’s

accessibility to, exposure to, and engagement in, their outdoor environment.

1.2 Geographic Context

The geographic context of this research is identified in this chapter while a more detailed
rationale for choosing the particular study areas will be outlined in Chapters 3 and 4.
Chapter 3 is situated in both the City of London (population 350,200) and neighbouring
Middlesex County (population 69,024) in Southwestern Ontario, Canada. These two
municipalities are ideal study areas for examining the geocoding errors in accessibility
studies as they encompass a mix of urban, suburban, small town, and rural agricultural
areas (Statistics Canada, 2011). Chapter 4 is set within the city of London, Ontario.
London includes an array of built environments ranging from older (pre-WWI1), dense
urban environments with mixed land uses and grid-like street patterns, as well as newer
suburban areas, which are primarily lower density with predominantly residential land
uses and curvilinear street patterns. Given London’s development patterns and overall
built form, the methods and findings in this dissertation are broadly relevant to other mid-

sized and smaller Canadian cities.



1.3 Dissertation Organization

This thesis uses a multi-scalar approach to analyze the built environment and the
accessibility to, exposure to, and engagement in health-promoting and health-damaging
features for children. Although all the research components share a common theme of
understanding the role of the built environment, the themes are sufficiently different to

merit an integrated-article format for this dissertation.

Chapter 2 reviews some of the mounting body of evidence on how children’s interactions
with the outdoors can influence their physical, mental, and cognitive health. The review
illustrates the growing consensus of children’s health researchers on the benefits of
‘being outdoors’. This review shows that there is strong evidence to support the
hypothesized relationship between children’s interactions with the outdoors and their
health, and thereby justifies the need for the quantitative methods and research presented
here. The first part of the chapter will give a brief overview of the literature on
environmental influences on children’s health and well-being, with a specific focus on
the benefits of being outdoors. The second part will focus on the issue of ‘uncertainty’ in
geographic analyses, with particular consideration of the implications of uncertainty in
spatial data, GPS tracks, data classification and spatial analyses when mapping human

subjects and the built environment.

The purpose of the neighbourhood-level study in Chapter 3 is primarily to examine the
misclassification of accessibility when associating a sample unit with a proxy location for
a child’s home address (address proxy). The study quantifies the magnitude of positional
discrepancies and accessibility misclassification that result from using several
commonly-used address proxies in public health research. The impact of these positional
discrepancies on spatial epidemiology is illustrated by examining misclassification of
accessibility to several health-related facilities throughout the City of London and

Middlesex County, Ontario, Canada.

The home location proxies will be examined to identify the misclassification of
accessibility to several health-related facilities, as well as to quantify the shortest path
positional errors of the proxies across multiple neighborhood types (rural, small town,



suburban, and urban), in order to reveal the utility of each address proxy for each
neighbourhood type and inform future geographic health studies. The research objectives

for this study include answering the following questions:

1. When choosing an address proxy what should a researcher expect
regarding positional errors when measuring shortest path distance from that proxy
to health-related facilities (Junk Food, Grocery Stores, Schools, Recreational
Facilities, and Hospitals) by neighbourhood type (rural, small town, suburban, and

urban)?

2. When creating network distance buffers originating from the centroid of
each commonly used address proxy (e.g. Census Tracts, Dissemination Areas,
Geocoded Address) what is the percentage that the health-related facilities

contained within the buffer are misclassified by neighbourhood type?

Chapter 4, is divided into two separate but complimentary studies to ultimately measure
children’s exposure to, and engagement in their outdoor environment. The study
addresses the insufficient methods of identifying outdoor activity in children who wear
passive GPS receivers, by proposing a novel protocol using a combination of 1 second
epochs of GPS data collection, a proven GIS kernel based method of identifying routes
and stops, distance measurements to buildings, a random forest model, and the use of a
hexagon tessellated surface. The first part of Chapter 4 will focus on the methodology to
verify and classify GPS coordinates as occurring indoors or outdoors. The methodology
can be employed in future studies where subjects are tracked with GPS receivers without
the need to use a particular brand of receiver. The study suggests combining three
methods to catalogue, classify, and bin GPS tracks and then tests the methodology on a
large GPS dataset generated from a sample of children. Once classified and binned, the
GPS data will be used to measure the time children spend outdoors. The second part of
the study will make use of the outdoor GPS tracks to measure the exposure to and
engagement of the child participants in the built environment. The GPS tracks, coinciding

with a hexagonal tessellation surface of built environment features, are used to measure



exposure to those features, while the elapsed time spent in each hex bin acts as a proxy
for engagement with those same features.

The research objectives and questions for this study in Chapter 4 include:

1. Can machine learning algorithms be used to identify whether the GPS was indoors

or outdoors during its operation?

2. Does seasonality, the neighbourhood-level built environment, household-level socio-
economic status, and individual-level age and sex influence the amount of time
children spend outdoors on weekdays and weekends? How do the findings contrast

with previous research of children’s time spent outdoors?

3. Where do children spend time the outdoors? For those outdoor spaces children use,
how long are they being used? How do the measurements of exposure contrast to the

measurements of engagement?

Chapter 5 summarizes and discusses the key research findings, outlines the limitations of
the work, offers conclusions, and proposes next steps for future research.

1.4 Conceptual and Methodological Framework

The factors that influence an individual’s health are complex and cannot be fully
explained using the biomedical approach (Engel, 1977; Hill, 1965). Engel (1977)
challenged the status quo to suggest that biological factors act in combination with an
individual’s experiences, and their social and psychological factors to determine an
individual’s susceptibility or resiliency to disease. Bronfenbrenner’s (1977) ecological
model describes the context in which children develop. He imagined spheres of influence
beginning with the individual child as the centre, surrounded by and interacting with the
immediate influences of home, school, and neighbourhood in a sphere called the
microsystem (See Figure 1.1). He argued that children’s development could not be
thought of as being independent from the multi-leveled social, material and cultural

context (Mesosystem, Exosystem, and Macrosystems) in which a child’s development



takes place. Bronfenbrenner’s model was developed within his own discipline of psychiatry,
and he did not focus on the role that geographic phenomena have on the individual in terms

of accessibility to, exposure of, and engagement at health-promoting and health-demoting

y\eSOSYste,,
=t :

Microsystem

Figure 1.1: Bronfenbrenner's (1977) ecological model
built environment locations. The socio-ecological model of health behaviour
conceptualizes that individual health outcomes are not only a result from individual
behaviour but, moreover, from a series of relationships between individuals and their
environments (e.g., neighbourhood, work, school) which then informs that child’s
behaviour (Sallis et al., 2006). The socio-ecological influences on individuals can then
lead to modifications in their health behaviour and status, both positively and negatively.
The socio-ecological model is well suited to help describe why an individual’s
geographical, environmental and social context can act as a hindrance to, and a facilitator
of, health-related behaviours (Sallis et al., 2006; Stokols, 1992). The model was further
refined by Sallis and colleagues (2006) to include perception of environmental factors
such as safety and accessibility. Ecological models are widely used and seem well
equipped to conceptualize the complex relationship between children, their health-related
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Chapter 2

2 Literature Review

The literature review is divided into two parts. The first part will give a brief overview of
the literature on environmental influences on children’s health and well-being, with a
specific focus on the benefits of ‘being outdoors’. The second part will focus on the issue
of ‘uncertainty’ in geographic analyses, with particular consideration of the implications
of uncertainty in spatial data, data classification and spatial analyses when mapping

human subjects and the built environment.

2.1 Benefits of Outdoor Accessibility, Exposure and
Engagement for Children

Recently, there has been widespread public attention and a surge in academic literature
published on the health benefits of spending time outdoors, especially on the child
population (Tremblay et al., 2015). Research shows that spending time outdoors can
positively impact children’s physical activity (Cleland et al., 2008), mental health, well-
being, social health, and cognitive development. Dramatic increases in sedentary
behaviour and time spent using electronic devices is a concern of many parents,
practitioners, and researchers, which helps support further investigation into the

relationship between time spent outdoors and a variety of children’s health outcomes.

A body of the literature identified in a recent systematic review assessed the effect of
outdoor time on children’s physical activity, sedentary behaviour, and physical fitness
(Gray et al., 2015). Some studies included in this systematic review agreed that there
were overall positive effects of outdoor time on physical activity, sedentary behaviour,
and cardiorespiratory fitness (Gray et al., 2015). Each study assessing physical activity
found higher levels outdoors compared with indoors. Distinguishing activities based on
whether it is happening indoors or outdoors is vital as studies have shown that children

are more active in outdoor environments (Raustorp et al., 2012).

Previous research has identified the mental health benefits of interactions with nature

outdoors into three types: accessibility, exposure, and engagement, as documented by
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Tillmann et al. (2018). Total outdoor exposure is defined as direct contact with outdoor
environmental features and engagement outdoors is defined by the total time spent
outdoors. Tillmann and colleagues (2018) state that some of these studies using measures
of accessibility such as residential proximity to outdoor greenspace have critical
weaknesses when assessing children’s interaction with their natural environments. The
most fundamental problem is that there is no proof that children are making use of these
spaces. Research should therefore be accounting for the individual choices made by
children when discussing interactions with particular environments. Exposure to and
engagement with the outdoors, therefore, might give us more accurate representation of
the actual time children spend at particular locations.

One of the significant barriers of assessing children’s time spent in outdoor environments
is the inability to precisely determine whether a child’s GPS tracks are indoors or
outdoors. Previous research has used time blocks (e.g., a school schedule) to determine
whether a child is most likely indoors or outdoors (Loebach & Gilliland, 2014). However,
this has limitations in that it assumes that all participants are in the same environment
based on a school schedule. Some studies have supplemented time blocks with self- or
parent-reported activity diaries detailing where children are; however, this again makes
some assumptions based on time blocks included in the diary and creates an opportunity
for inaccurate reporting by children (Loebach & Gilliland, 2014). Self or parent reports
have also been used to classify use or time spent in specific spaces which again leaves
room for inaccurate reporting as well as not being an accurate representation of every
space a child interacts with on a daily basis (Amoly et al., 2014; Faber Taylor & Kuo,
2011; Flouri et al., 2014; McCracken et al., 2016). Being able to accurately determine
whether a single GPS point is indoors or outdoors is crucial for more accurately

accounting for a child’s activity choices.

2.2 Geographic Data and Uncertainty

Uncertainty is a form of ignorance that Thrift (1985) argues has five forms which
include; a lack understanding; not knowing the unknown; issues left undiscussed or

deliberately hidden; and that which is distorted. Uncertainty abounds in every research
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study, especially when including geographic information systems as a tool for analysis.
Geographic information is a digital representation of an abstract view of reality (David et
al., 1996). Therefore, it is impossible to perform error-free spatial analysis, and it is each
researcher’s responsibility to identify and mitigate these errors to such a degree that they
do not interfere with the conclusions derived from that analysis (S. A. Fotheringham,
1989). Over the succeeding years, considerable effort has been spent by researchers
trying to remove uncertainty from GIS analysis. Couclelis (2003) contends that there will
always be uncertainty in any scientific study, not just those studies using GIS, and she
argues for the acceptance that some error and uncertainty will never entirely be removed

and should be considered part of the process of the exploration in science.

It is understood that the data and the methods used in this thesis will be imperfect and
will, in turn, generate results that will be somewhat uncertain. One of the purposes of
this research is to identify where this uncertainty lays, regarding the GIS data used and in
the GIS methods proposed, and suggest ways to mitigate some of these uncertainties.
There are two main discussions presented in this part of the literature review. The first
discussion will focus on the types and magnitude of spatial data errors inherent in GIS
and GPS data. It is from the spatial data errors that some uncertainty will always be
introduced; furthermore, a plan to identify and mitigate these errors needs to be explored.
The second discussion found later in this section includes a short critique of the
commonly used GIS methods used to associate neighbourhood built environment
variables with children’s health outcomes and the implications of the modifiable areal

unit problem and uncertain geographic context problem on this research.

2.2.1  Uncertainty with Spatial Data

All spatial data are intrinsically uncertain in a world that is infinitely complex (Zhang &
Goodchild, 2002). Measurements of weather conditions, air and water pressure,
prevailing winds, pollution levels in the air and water, population densities, income
levels, accessibility, and the movement of people all vary continuously. A large part of
the uncertainty generated with GIS spatial analysis originates from the quality of the data
itself. The quality of GIS datasets can divide into two separate aspects, precision and

accuracy. Precision refers to the resolution, or amount of detail in the GIS data regarding
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positional, thematic, and temporal dimensions. Accuracy is defined as the ‘inverse of
error’. Researchers must be aware of the difference between what is spatially and
thematically encoded in a data set and what should be encoded in that data set (Albrecht,
2007); in other words, researchers must realize that there will always be something
missing in a data set. Accuracy, therefore, is a relative term rather than an absolute one.
Depending on the purpose of a data set, a researcher might have higher or lower
expectations of accuracy depending on the purpose. The precision of the data plays a part
in this as well; if a data set is of low spatial precision, then the researcher would, in turn,
have lower expectations of accuracy whenever using this data. Temporal accuracy
describes the difference in the recorded time of an event to the actual time of the event,
while thematic accuracy describes the concurrence of what is encoded in an attribute

table and what should be encoded.

When modelling the ‘real-world’ in a GIS, the complexities of geographic phenomenon
will be lessened through map generalization. The goal of digital map generalization is to
maintain the graphic detail of the map features while at the same time simplifying them
so that geographic features of shape, size, and position are faithful to what they represent
at the map scale for which they will be used (Buttenfield, 1991). The act of map
generalization reduces the precision of the real-world feature modelled, thus affecting the
expectations of accuracy. The absolute positional accuracy of a spatial feature is
calculated by measuring the difference between the recorded location in a GIS dataset,
and the feature’s true location. Relative positional accuracy of a spatial feature is
calculated by measuring the difference between the recorded location in a GIS dataset,
and a location of a corresponding feature in another GIS data set. Positional (absolute or
relative) errors are the differences between these matching features and their coordinate
locations. For point features, the error can be defined in X, y, and z dimensions and the
metrics describing the error can use simple descriptive statistics. For lines and areas,
more complex methods for generating the accuracy metrics including using buffers
(Goodchild & Hunter, 1997; Tviete & Langaas, 1999) and stochastic simulation
techniques (Leung & Yan, 1998; Shi & Liu, 2000; Zhang & Kirby, 2000) are required.
Other terms for positional error are “‘displacement’ and “distortion’ (Zhang & Kirby,
2000). So it could be stated that the presence of absolute or relative spatial distortions
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will affect distance, and density measurements in any GIS study, and will, therefore,

introduce spatial uncertainty.

In a GIS there is both the spatial features and tabular data. The tabular data stores the
quantitative and qualitative information about each of the geographic features. The
tabular data can and often does suffer errors which can occur at the database design or
data modelling stages, and at the data entry phase. The concept of thematic accuracy,
therefore, is the accuracy of the attribute values encoded in a GIS database. The metrics
used to describe accuracy depend on the measurement scale of the data. Quantitative data
accuracy can be measured and errors identified by using simple descriptive statistics such
as standard deviation, minimum, maximum, and mean. The qualitative data can be
assessed with a classification error matrix by using cross-tabulation, at a series of sample
locations, to match what feature is present against the feature that was encoded. If the
entire data set were assessed using the cross tabulation method, it would be possible to

attach an accuracy attribute on individual features.

There is some disagreement in the literature regarding temporal accuracy. Some consider
temporal accuracy to be a function of the latency period between a change of a spatial
feature in the ‘real-world’ and seeing that change reflected in a GIS database (Aalders,
2002; Goldberg, 2008). The other approach to modelling temporal accuracy concerns
whether or not the GIS data set has a time dimension connected to the spatial information
resulting in the fourth dimension being stored (x,y,z,t) (Aalders, 2002; Thierry et al.,
2013). When assessing temporal accuracy, it is necessary to investigate the temporal
coordinate in relation to the other three coordinates to then identify correlations between

space and time to identify anomalies in the time that was encoded.

Before performing any spatial analysis, an assessment of the quality of the data to be used
in the analysis must be undertaken. Data quality represents, for the researcher, the
suitability for the use of the data for any particular application. There is no ‘one
approach’ to assess the suitability of GIS data. The researcher must apply a strategy that
takes into account the type of analysis to be performed, the nature of the results, and in

what manner the results will be transformed from data into knowledge (Albrecht, 2007;
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Couclelis, 2003). For the last idea, a distinction should be made between measurements
of internal and external data quality. Internal data quality measures the specifications of
how the data were collected and processed. External data quality suggests to researchers

on how well any particular data will fit their particular application (Aalders, 2002).

2.2.2  Uncertainty with GPS Data

All GPS units execute a three-dimensional trilateration calculation in the generation of a
single coordinate. In order for a precise coordinate to be calculated, the GPS unit requires
4+ GPS satellite radio signals to calculate the distance ranges from the satellite to the unit
itself. Furthermore, it is critical that the satellites utilized in the distance range calculation
should be well distributed in the sky to reduce dilution errors which manifest as
positional errors in the creation of the GPS point coordinate. It is expected that positional
errors will occur when a participant wearing a GPS unit enters/exits or remains inside a
blocking structure such as a building or dense tree canopy, thus blocking, in whole or in
part, the sky. When part of the sky is blocked from view, a GPS unit will use the
available satellites (space vehicles) from the GPS constellation that are in its line-of-sight
to generate a coordinate. If the GPS unit has line of sight to only a portion of the sky
then the accuracy of the GPS coordinate will be compromised. Additionally, for a short
time, while the unit is initially started there will be coordinates with larger spatial errors

as the GPS unit begins acquiring the GPS satellite signals.

The GPS unit, if programmed to do so, will store a series of quality metrics for each
coordinate generated. These metrics follow the coding standard developed by the
National Marine Electronics Association (NMEA). Each coordinate has a corresponding
NMEA quality sentence data structure. The quality metrics can include, the PDOP
(Positional Dilution of Precision), HDOP (Horizontal Dilution of Precision), SNR (Signal
to Noise Ratio), NSAT (Number of satellites used to calculate the coordinate), and two
qualitative accuracy values ‘2DGPS’ (2-dimensional bias remedied) and ‘3DGPS’ (3-
dimensional bias remedied) differential accuracy. The differential accuracy refers to the
successful inclusion of the Wide Area Augmentation System Satellite signal in the

removal atmospheric interference bias found with the GPS satellite radio signal.
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For most applications using GPS technology, the wearer or operator of the GPS device
decides when and where to capture a coordinate. Depending on the accuracy available at
the location, the operator might choose not to generate a coordinate due to the large error.
In passive GPS data acquisition, the GPS is preset to capture GPS coordinates at a set
epoch which leads to an enormous number of points that need to be post-processed in

some way so that those points with larger errors can be remedied or filtered.

Several researchers in spatial health studies have developed methods to filter, categorize
and remedy the erroneous points generated with passive GPS data collection (Patrick et
al., 2008; Rainham et al., 2012; Rainham et al., 2008; Thierry et al., 2013). Included in
this effort is the Personal Activity and Location Measurement System (PALMS) (Patrick
et al., 2008) which filters and smooths the GPS data points by removing invalid
coordinates and reducing data volume. PALMS filters data by removing GPS points that
indicate excessive speed; that have large changes in elevation or with very small changes
in distance between consecutive points; and PALMS reduces the scatter caused by
interference from buildings (Kerr, Norman, et al., 2012; Patrick et al., 2008) by
employing the NMEA GSV sentence SNR (Signal to Noise Ratio) metric, by doing so
the PALMS is limited to only the Qstarz brand of GPS devices. Rainham et al. (2012)
created a GIS software tool called the GeoActivity Processor which uses a predefined set
of decision rules including known times when the participant was at a geographic anchor
area (e.g. home, school, work) and leveraged an assortment of spatial data layers and self-
reported diary entries in the decision rules. The GPS points are then grouped into these
anchor areas. Thierry et al. (2013), developed a tool called the “Activity place detection
algorithm for GPS data” (SphereLab Tool) which uses a kernel density approach to filter
the GPS points to identify places where the participant stopped for some defined
duration. Other spatial health researchers have also employed a variety of classification
methods to help filter the raw GPS points while others outside the discipline have made
progress with the use of ‘big-data analytic approaches’ (Brusilovskiy et al., 2016; Kim et
al., 2012; Meijles et al., 2014; Wan & Lin, 2013).
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2.2.1 Indoor and Outdoor GPS Data Classification

It is unfortunate that some researchers have not classified or filtered their GPS generated
points entirely to identify whether a GPS point was generated in the precise locations,
while others just visually inspected the spatial errors, and manually removed the apparent
errors proceeded with their analysis (Burgi et al., 2016; Elgethun et al., 2002; Elgethun et
al., 2007; Maddison et al., 2010; Quigg et al., 2010). Cooper et al. (2010) , Wheeler et al.
(2010), and Pearce et al. (2014) while measuring the time children spend outdoors using
the Personal and Environmental Determinants of Children's Health (PEACH) project
protocol, chose not to classify the GPS points as being generated indoors or outdoors, but
instead simply relied on the GPS to “cut-out’ when a child entered a building indicating
indoors. They categorized all GPS points recorded as being outdoor time and matched
that time (10-second epochs) with a continually running accelerometer (10-second
epochs) as ‘physical activity outdoors’ and any unmatched accelerometer data (no GPS
record) as ‘physical activity indoors’. These researchers justified their reasoning by using
a GPS receiver that did not record positional data when inside a building. By contrast,
Kim et al. (2012) tested a GPS receiver that continually generated points regardless of the
unit being indoors and outdoors. They employed the use of the GPS point quality metrics
of speed and number of satellites (NSAT) and distance from home. They employed a
field technician to follow a highly scripted set of indoor and outdoor activities and the
locations of these activities while keeping a record of all movements by the second in a
diary. They classified their GPS data into four microenvironments (residential indoors,
other indoors, transit, and walking outdoors). GPS points were classified as ‘indoors’ of
the time when the NSAT metric was less than 9 and coded as ‘residential indoors’ 97% of
the time when these ‘indoor’ GPS points were within 40m of home, while the remaining

GPS points were classified as outdoor locations.

Researchers who employ a GPS receiver that supports the NMEA GSV protocol have
employed the personal activity and location measurement system (PALMS) data filter
which classifies GPS points as occurring indoor or outdoor using the signal to noise ratio
(SNR) metric (J. Carlson et al., 2015; Ellis et al., 2014; Gell et al., 2015; Kerr et al.,
2011; Kerr, Marshall, et al., 2012; Klinker, Schipperijn, Christian, et al., 2014; Klinker,
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Schipperijn, Kerr, et al., 2014; Klinker et al., 2015; Lam et al., 2013; Tandon et al.,
2013). Specifically, any GPS points with an SNR < 250 on a 0-450 scale are classified as
being generated indoors. A strong signal (>=250) suggests the wearer of the GPS is likely
to be outdoors where there is less interference from buildings and natural canopies.
Presently the PALMS is limited only to the Qstarz brand GPS device to classify tracks as
indoor vs. outdoor ("Personal Activity Location Measurement System User Guide,"”
2011). There have been few studies measuring the validity of the Signal to Noise ratio
cut-off method used by PALMS to classify outdoor time, except for Lam et al. (2013)
who employed a self-activating camera in combination with a passive GPS monitor to
measure time spent outdoors by adults. They found while using 15-second epochs for
each GPS point that 81% of the GPS points classified as indoors by PALMS were
correct. Tandon et al. (2013), while studying the outdoor activities of pre-school aged
children found an 82% match between PALMS coded outdoor activity and an objectively
generated measurement of outdoor activity. Klinker, Schipperijn, Kerr, et al. (2014)
found while studying the outdoor weekday patterns among school children in Denmark
that PALMS overestimated the time that children spent outdoors. J. Carlson et al. (2015)
found an 88% predictive value when using PALMS to classify modes of travel at the
minute epochs. Most recently, Pearce et al. (2018) while using the Qstarz brand of GPS at
epochs of 10 seconds performed their own signal-to-noise classification and identified
SLR>=212 as the low cut-off for outdoors, less by 38 points than the PALMS threshold.
They suggested the lower cutoff was related to the built form of the neighbourhood
setting from their study. If Pearce et al. (2018) are correct and the neighbourhood setting
plays such a large effect on the signal-to-noise ratio cutoff then this throws some shadow
on the efficacy of studies relying on the standard cutoff (SLR>=250) of the PALMS

protocol.

The methods employed by researchers to classify the spatial context of GPS points
outside the of the PALMS data filter and a single branded GPS are varied. Increasingly,
researchers have been employing spatiotemporal data mining algorithms (Brusilovskiy et
al., 2016), Classification and Regression Tree models (Meijles et al., 2014), and kernel
density calculations (Han et al., 2013; Kestens et al., 2016; Thierry et al., 2013) to group,
filter, and classify their GPS point clouds. Ellis et al. (2014) tested a small set of GPS
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point with a naive Bayesian classifier and the random forest model to identify active
travel trips. They found that the random forest model classification achieved the best
results with an 89.8% cross-validation accuracy while the naive Bayesian classifier had

an overall accuracy of 74.2%.

The study by Wu et al. (2011), where the inspiration originated for the use of the random
forest model classifier in Chapter 4 of this thesis, suggests that the random forest model
for classification could be used effectively if an accurate and large enough training
sample could be secured. These researchers compared two automated approaches to
classify the GPS points in four ways; as indoor, in-vehicle travel, outdoor static and
outdoor walking. They used GPS data from two separate participant studies and found
that a rules based approach performed slightly better than the Random Forest for GPS
point classification. They suggested that the random forest results suffered from a small
and compromised training sample stemming from the flaws in the way the GPS data was
post-processed which used a combination of areal imagery of the study area, daily

activity diaries and memory recall.

In a recent systematic review of measurement of time spent outdoors in child myopia
research, J. Wang et al. (2018) highlighted on the research to date using GPS to
differentiate between indoor and outdoor location. The research studies mentioned in
their systematic review are the same as in this literature review, except for the most
recent of studies, and in their review they report only on the accuracy of the PALMS
protocol. They discussed that some studies compromised their ability to differentiate
indoor and outdoor because of the use of larger epochs of data collection (e.g. 15 second)
which do not capture subtle movements. They, also identified the role that a combination
of geographical information system (GIS), diary/questionnaire, and accelerometers have
had to improve the accuracy, but they also suggest that the accuracy of GPS devices in
general requires improvement. They report that more research is required to improve
methods classifying the GPS points (indoor/outdoor) so to increase the validity and

accuracy of this type of data.
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In Chapter 4 an improved method of differentiating between indoor and outdoor using
GPS will be proposed in response to the uncertainty detailed in this section of the
literature review. The dependence on a single brand of GPS receiver will be overcome, a
commonly used NMEA sentence will be employed, and the issues inherent with small

unreliable training samples will be remedied.

2.2.3  Uncertainty with the GIS Methods

Recalling the five forms of not knowing (Thrift, 1985) and that the GIS is a tool used for
the combination of geographic information, and consequently, for the production of
applied geographic knowledge (Couclelis, 2003), it is imperative that GIS practitioners
do not impart additional uncertainty by using GIS methods without careful consideration
beforehand. In this part of the literature review, the commonly used methods of
geocoding and of spatial aggregation used to associate built environment variables with

children’s health outcomes are discussed.

Geocoding is the process of converting pseudo-spatial tabular data of street addresses to
map coordinates. The process is widely used in environmental and health studies to
locate subjects and built environment indicators (Brownson et al., 2009). Anselin (2006)
contends that the results from the geocoding are rife with uncertainties. Much research
has been conducted with problems with the match rate due to inaccurate address
information (Gilboa et al., 2006; Goldberg et al., 2008; Henry & Boscoe, 2008; Lovasi et
al., 2007; Mazumdar et al., 2008; Rutt & Coleman, 2005; Whitsel et al., 2006; Zhan et
al., 2006; Zimmerman, 2008; Zimmerman et al., 2008; Zimmerman & Li, 2010) and with
the defects in the spatial database containing street locations (Hay et al., 2009; Hong &
Vonderohe, 2014; Jacquez & Rommel, 2009; Lovasi et al., 2007; Schootman et al., 2007,
Strickland et al., 2007; Whitsel et al., 2006; Zandbergen, 2007; Zandbergen & Green,
2007; Zimmerman & Li, 2010; Zinszer et al., 2010). Best geocoding practices are
outlined by Goldberg (2008), and many studies account for these types of errors, but in a
way that might not be ideal. Anselin (2006) notes that geocoding errors, both the match
rates and positional errors tend to be found in newly developed suburban areas with these

errors causing biased health outcome metrics in these areas.



24

There are various ways to identify a subject’s neighbourhood so that built environment
variables can be assigned and some association reached regarding health outcomes of the
population in these neighbourhoods. Some researchers have used census boundaries to
delineate the neighbourhood (Chuang et al., 2005; Goovaerts, 2009; Larsen & Gilliland,
2008; J. Pearce et al., 2006; M. C. Wang et al., 2007) and some have used municipal
planning districts (J. Gilliland et al., 2006), while other use neighbourhoods as a function
of walking distances from the home or school (Ball et al., 2007; C. Carlson et al., 2012;
Frank et al., 2004; J. A. Gilliland et al., 2012; Kelly et al., 2007; Lee et al., 2009; Leslie
et al., 2005; Li et al., 2005; L. N. Oliver et al., 2007; Panter et al., 2010; Robitaille &
Herjean, 2008). Other studies use the ‘nearest neighbour’ and kernel-based approaches
such as Geographic Weighted Regression to generate natural neighbourhoods (Bjork et
al., 2008; Clark & Scott, 2014; A. Fotheringham & Wong, 1991; Goovaerts, 2009; Li et
al., 2005; Maroko et al., 2009; Swift et al., 2013; Tandon et al., 2015; Webster et al.,
2006). All of these methods of neighbourhood delineation impose uncertainty and are
prone to the ecological fallacy. Each method aggregates geographic features, and set
boundaries or limits which, in turn, impose the modifiable areal unit problem (MUAP)
with both effects; zonal and scale (Openshaw, 1984) and impose the boundary problem
with its two effects; edge and shape (Andresen, 2009; A. Fotheringham & Wong, 1991;
Maroko et al., 2009; Ord & Getis, 1995; Sadler et al., 2011; Swift et al., 2013; Webster et
al., 2006). When subjects of study are sited in larger aggregated geographic units there
exists spatial uncertainty and temporal uncertainty, as introduced by Kwan (2012b) as the
uncertain geographic context problem (UGCoP). This problem helps researchers know
that there are unknowns in the actual areas that exert influences of human behaviour
under study and in the time and duration in which individuals are exposed to these

neighbourhood influences.

2.2.4 Modifiable Areal Unit Problem

The modifiable areal unit problem (MAUP) coined by Openshaw (1984) refers to the
sensitivity of statistical analysis in both the scale used to aggregate spatial observations
and the zoning system imposed to contain these observations. It is a pervasive problem

when analyzing the relationships between the built environment and health. In this
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section, the modifiable area unit problem and the implications of the problem when
analyzing the relationship between the built environment and health will be examined. It
is argued that both the scale and zonal aspects of MAUP are always ‘in-force’ when

analyzing the relationship between aggregated built environment variables and health.

Rogerson (2001) reports that Gehlke and Biehl (1934) found that when analyzing census
data, the correlation coefficients increase with increasing levels of geographic
aggregation. Therefore, larger numbers of small sized census areas reveal smaller
correlation coefficients than small numbers of large census areas. As the size of the
aggregations increase it is possible that interesting local variations in relationships are
‘averaged away' and become unobservable. Openshaw (1984) says that the results of any
aggregation of points into areal units might be a function of the size, shape and
orientation of the areal units, and thus have more of an influence on the results than the
distribution of the points themselves. It is understood that the smaller and more compact
the areal unit, the less of a risk of accidentally imposing the modifiable areal unit problem
on one’s analysis. Many spatial data sets are made up of zones, and the configuration of
the zones can affect the outcome of the statistical and interpretive analysis. Figure 2.1,
shows two different zoning patterns aggregating the same set of observations. The arrows
show migration paths of some populations north to south. In example A, there is a

Example A Example B

SREN

Figure 2.1 Same migration routes with two zoning systems (Rogerson 2001)
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southward migration by crossing several zone boundaries. Example B shows that there
was no migration out of the zones, though the migration pattern are the same.

Much of the research of environmental exposure and the influence of the built
environment on health is lacking in that much of the previous research often merely
counted the number of health-promoting or demoting opportunities within a distance of
the individual’s perceived location. These opportunity counts were often then used to
generate a density metric of accessibility or exposure. These researchers would identify a
dependent variable measuring some health status of the individuals which, in turn, was
used to generate a statistic identifying some association between the health status of the
population and the surrounding environment. Some BE and health researchers have
taken on the challenge to minimize and quantify the MAUP in health-related studies
(Andresen, 2009; Clark & Scott, 2014; Grady & Enander, 2009; Rainham et al., 2008;
Spielman & Yoo, 2009; Swift et al., 2013), while most research only mention that MAUP
might be a concern and do not test for its influence.

When the modifiable areal unit is “in-force’ so too is an ecological fallacy (bias).
Ecological fallacy is the correlation between individual variables (e.g. health status)
generated from a set of deduced variables collected for the group, in this case, the
neighbourhood built environment variables to which the individual belongs. The
correlation might be false in that it was generated from a larger aggregation but then
corresponded to the individual. Ecological fallacy, like the MAUP, is introduced when
spatial data is aggregated. It causes significant variation in correlation statistics between
exposures and health-related outcomes (Swift et al., 2013). A modifiable areal unit
problem sensitivity analysis can be used to investigate the impact of spatial aggregation
on the ecological fallacy. Malczewski (1999), suggests a way to disaggregate spatial data
into a rectangular grid-based set of isotropic tessellations and experiment by then re-
aggregate these tessellations to test for the effect of the MAUP. It is with this effort that
researchers can identify the aggregations that keep the interesting local variations from
being averaged out. Some researchers, particularly in environmental sciences and ecology
have been experimenting with the use of hexagonal tessellations as a way to model,

monitor, and sample across the earth’s surface at multiple scales (Birch et al., 2007; J.
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Gilliland & Olson, 2013; J. Gilliland et al., 2011; Gregory et al., 2008; Sahr, 2008; Zhou
etal., 2013)

The implications are clear for researchers investigating the relationships between the built
environment and health. Firstly, researchers should not assume arbitrary boundaries and
large aggregations of spatial phenomena will not impose MAUP and by consequence the
ecological fallacy. Secondly, a sensitivity analysis should be performed by disaggregating
and re-aggregating isotropic spatial units to test for bias. Thirdly, researchers should
consider an approach that maps the movement of an individual across the landscape so

that exposure can match more closely to that individual.

2.2.5 Uncertain Geographic Context Problem

In the ecological approach to health research, it is well understood that environmental
exposure has an association to health effects, but the associations can be multi-causal and
probabilistic (Krieger, 1994; Lalonde, 1974; Ozonoff, 1994). The ecological model is
best suited to help take into account the complex social and spatial contexts (structure)
within which every individual exists and how individual behaviour (agency) is influenced
by these structures, and in return how individuals can exert influence on these structures

through individual choice, education and policy interventions (Egger & Swinburn, 1997).

It is common, in spatial epidemiological research, that contextual spatial units
(neighbourhoods) are used as the method to assign area-based attributes to populations to
examine the effects of the area-based attributes on individual health behaviours and
health outcomes (Brownson et al., 2009). Each spatial context is an aggregation, in some
way, of the attributes of the geographic features representing health promoting or health

damaging opportunity structures.

In these studies (Apparicio et al., 2008; J. Gilliland et al., 2006; J. Gilliland & Ross,
2005; J. A. Gilliland et al., 2012; Macintyre et al., 2002; Miles et al., 2008; J. Pearce et
al., 2006; Thierry et al., 2013; Tucker et al., 2009), opportunity structures are defined as
those places in, and the socio-economic factors of, a neighbourhood that are theorized to

be associated to the individual health outcomes of the sample population within that
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neighbourhood. By setting boundaries or spatial extent limits to both the opportunity
structures and to the sample population the modifiable areal unit problem (MAUP) is
imposed with both zonal and scalar effects (Openshaw, 1984), while also imposing the
boundary problem with its shape and edge effects (Andresen, 2009; A. Fotheringham &
Wong, 1991; Maroko et al., 2009; Ord & Getis, 1995; Sadler et al., 2011; Swift et al.,
2013; Webster et al., 2006). Therefore, all of the various methods of neighbourhood
delineation impose uncertainty and ecological fallacy (Kwan, 2012b). These additional
problems must be identified and repaired in what was coined by Kwan (2012b) as the
uncertain geographic context problem (UGCoP). The methodological issues that the
UGCoP could impose on spatial epidemiological research are vital and could lead to

inferential errors about the associations observed.

2.2.6 Mitigating UGCoP with GIS and GPS

The challenge of using GIS alone to meet the spatial complexity and temporal issues
arising from uncertain geographic context problem is daunting. Recent research, has
combined the use GIS and GPS technologies to address like problems (Duncan et al.,
2013; Elgethun et al., 2007; Han et al., 2013; Jones et al., 2009; Kim et al., 2012;
Loebach & Gilliland, 2014; Mavoa et al., 2011; M. Oliver et al., 2010; Rainham et al.,
2008). A wearable GPS device tracks and records where and when individuals travel
through space and time. In this way, the path and temporal nature of the GPS tracks are
known. The spatial resolution provided by the GPS is the best way to generate the correct
geographic context of a subject thus saving researchers the futility of trying to
conceptualize boundaries of the real spatial context. However, the coordinate point
clouds generated by the GPS can be difficult to interpret. As a response to the complexity
of the mass of data generated by GPS, studies have been conducted to generate area-
based features from the GPS points by using standard deviational ellipses as a way to
generate boundaries (Boruff et al., 2012; Loebach, 2013; Rainham et al., 2010).

Studies have employed GIS analysis techniques to associate the structures in the spatial
context to the individual-level GPS tracks. The combination of GIS spatial layers and the
GPS tracks have opened the door for further research in associating exposure to health-

promoting structures and the duration of exposure (engagement) at those structures.
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There are some limits to this approach in that there is no direct information about how the

individual is using these structures and if exposure is occurring at all.

The information gaps when using GIS and GPS could be filled using a mixed method
approach of both quantitative and qualitative analyses to understand the social
interactions of the subjects (Kwan, 2012a, 2012b). Loebach and Gilliland (2014) included
diaries in combination with individual neighbourhood mapping exercises as a way to help
bridge the gap.

When a GPS based research design or participatory study is not realistic due to time or
resource constraints then areal interpolation (Cai et al., 2006; Flowerdew & Green, 1992;
Goodchild et al., 1993; Haining, 2009; Henry & Boscoe, 2008; Malczewski, 1999;
Ratcliffe, 2004; Reibel, 2007; Rushton et al., 2006; Swift et al., 2013) and dasymetric
mapping (Holt et al., 2004; Mennis, 2003) techniques have been employed to reduce the
problem with the spatial structural complexity of the problem. Areal interpolation
techniques and dasymetric mapping techniques can be used to reshape, resize, and re-
proportion variables within spatial boundaries. The area-based variables would be either
be removed, reorganized, or re-proportioned into their corresponding smaller spatial
context areas, in a way disaggregating the spatial context to make a better model of
reality. It is expected with this approach that the MAUP and UGCoP (but not in the
temporal context) could be mitigated in some way.

2.3 Conclusion

The literature review was divided into two parts. The primary purpose of part one was to
show the existing evidence that demonstrates that there is an association between
children’s health and environmental influencers, with a specific focus on the benefits of
‘being outdoors’. The stage was then set to identify the relevancy of the two
methodological studies within the dissertation. The second part focused on the issue of
‘uncertainty’ in geographic analyses, with particular consideration of the implications of
uncertainty in spatial data, data classification and spatial analyses when mapping human
subjects and the built environment. We saw that it is common practice in recent GIS
studies of accessibility and exposure that home location (i.e., home address) proxies (e.g.,
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census tracts, dissemination areas, postal codes) used to represent a subject’s location. It
was also shown that the use of large areal units to represent neighbourhoods is common.
In the first study, presented in Chapter 3 of this thesis, we will see how choosing an
inappropriate address proxy and large areal units can bias spatial measurements and skew

both distance and classification statistics.
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Chapter 3

3  Quantifying the magnitude of environmental
accessibility misclassification when using imprecise
address proxies in public health research

3.1 Introduction

Recent advances in the analytical capacity of desktop geographic information system
(GIS) software, combined with the increasing availability of spatially-referenced health
and environmental data in digital format, have created new opportunities for making
breakthroughs in spatial epidemiology (Zandbergen, 2008). As digital mapping is an
abstraction of reality, the spatial data used for visualizing and analyzing geographic
phenomena will always be inaccurate to some degree. Such inaccuracies can be
compounded when spatially aggregated units are used as locational proxies for mapping
and analyzing spatial relationships, rather than more precise geographic locations. In
environmental and public health research, it is common to use proxies for sample unit
locations, such as centroids of postal/zip codes, census tracts, dissemination areas, blocks,
or lots; however, it is very uncommon for studies to address, or even mention, the
potential problems ensuing from the positional discrepancies associated with using
imprecise address proxies. It is the responsibility of the researcher to identify, quantify,
interpret, and attempt to reduce any errors associated with using particular spatial data
and locational proxies, so that they do not interfere with any conclusions and

recommendations to be made from the findings (Anselin, 2006; Fotheringham, 1989).

Researchers in spatial epidemiology have long been concerned about the absolute or
relative spatial accuracy of the address points used to map sample populations or
phenomena within a GIS (Goldberg, 2008). Numerous researchers have examined the
‘positional errors’ which occur when the address from a database is located on a digital
map, but the point is not located at the true position of the address (Cayo & Talbot, 2003;
Jacquez & Rommel, 2009; Schootman et al., 2007; Strickland et al., 2007; Ward et al.,
2005; Zandbergen & Green, 2007). In many previous studies, positional errors are
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reported as Euclidian distance errors or errors in the X and Y dimension using the root
mean square error (RMSE). While much has been said about positional errors, much less
has been said about how study results might be affected when researchers use spatially
aggregated units (which themselves might be positionally accurate) as address proxies.
Very few studies measure and compare the positional discrepancies between address
proxies and the exact address they are used to represent (Bow et al., 2004). A major area
of investigation in the fields of spatial epidemiology, health geography, and public health
attempts to assess the levels of accessibility or ‘exposure’ of subject populations to
elements in their local environments that are believed to be health-promoting or health-
damaging, and are related to certain health-related behaviours or outcomes. Accessibility
is typically measured in relation to the distance between subject populations and selected
environmental features, and is often operationalized as a binary variable (i.e.,
accessible/inaccessible, exposed/not exposed) or a density variable (i.e., number of sites
within, volume of contaminant within) in relation to an areal unit or ‘buffer’ of a certain
threshold distance (radius) around the subject’s address. There is much variability, but
unfortunately not much debate, regarding the particular threshold distances to be used in
accessibility studies; however, most authors do attempt to justify their choice of threshold
distances based on human behavior (e.g. ‘walking distance’) or perhaps some
characteristic of contaminant source (e.g. 150 m from roadway). The chosen accessibility
thresholds also typically vary by study population (e.g. children vs. adults), setting (e.g.
urban vs. rural), and by health-related outcome (e.g. physical activity vs. asthma). In their
study of the environmental influences on whether or not a child will walk or bike to
school, for example, Larsen and colleagues (2009) justify the choice of a 1600 m
neighborhood buffer based on the local school board cut-off distance for providing school
bus service (see also Brownson et al., 2009; Muller et al., 2008; Panter et al., 2010;
Schlossberg et al., 2006). Studies which have focussed on access to neighborhood
resources such as public parks and recreation spaces have utilized a variety of threshold
distances, typically between 400 and 1600 m (compare Bjork et al., 2008; Lee et al.,
2007; Maroko et al., 2009; Tucker et al., 2009); however, a threshold distance of 500 m is
ideal, as it represents a short 5-7 min walk, therefore easily accessible for populations of
all ages (see Sarmiento et al., 2010; Tucker et al., 2009; Wolch et al., 2011). The 5-7 min
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walk zone, as represented by the 500 m buffer around a home or public school, is also a
common distance used in studies exploring the relationship between access to junk food
and obesity (see Austin et al., 2005; Gilliland, 2010; Morland & Evenson, 2009). Studies
of “food deserts’ (disadvantaged areas with poor access to retailers of healthy and
affordable food) and the potential impact of poor access to grocery stores on dietary
habits and obesity have tended to focus on longer distances (800 m or greater), and vary
according to urban vs. rural setting (see Larsen & Gilliland, 2008; Pearce et al., 2008;
Sadler et al., 2011; Sharkey, 2009; Wang et al., 2007). This analysis focuses on the 10-15
min walk zone (1000m) around a grocery store identified in previous studies of food
deserts in Canadian cities (Philippe Apparicio et al., 2007; Larsen & Gilliland, 2008).
Research on the role that distance plays from home to emergency services at hospitals
shows association with increased risk of mortality with much larger threshold distances
than standard ‘walk zones’ (e.g. greater than 5 km) (see Acharya et al., 2011; Cudnik et
al., 2010; Jones & Bentham, 1997; Nicholl et al., 2007). Nicholl and colleagues (2007),
for example, discovered that a 10 km increase in straight-line distance to a hospital is
associated with a 1% increase in mortality. As hospitals tend to be a regional, rather than

a neighbourhood facility, the threshold distance of 10 km will be used for this analysis.

The purpose of this study is to quantify the magnitude of the positional discrepancies and
accessibility misclassification that result from using several commonly-used address
proxies in public health research. Rushton and colleagues (2006) have argued that when
short distances between subject population and environmental features are associated
with health effects in epidemiologic studies, the geocoding result must have a positional
accuracy that is sufficient to resolve whether such effects are indeed present. Positional
errors have been shown to vary significantly by setting (Bonner et al., 2003; Cayo &
Talbot, 2003; Ward et al., 2005); therefore, errors are quantified by multiple
neighbourhood types: urban, suburban, small town, and rural. “Meaning’ is ascribed to
these errors for spatial epidemiologic studies by examining errors in distance and
accessibility misclassification concerning several health-related features, including

hospitals, public recreation facilities, schools, grocery stores, and junk food retailers.
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3.2 Methods
3.2.1 Study area and data

The City of London (population 350,200) and Middlesex County (population 69,024) in
Southwestern Ontario, Canada are ideal study areas for examining the geocoding errors
in accessibility studies as they encompass a mix of urban, suburban, small town, and rural

agricultural areas (Statistics Canada, 2011) (see Figure 3.1). The study area is categorized
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Figure 3.1 Study area: London and Middlesex County, Ontario.
into four neighborhood types as follows: (1) urban areas correspond to neighborhoods in
the City of London built primarily before World War I1; (2) suburban neighborhoods are
areas built following WWII that fall within London’s contemporary urban growth
boundary; (3) small towns are settlements outside London within Middlesex County,
these settlements have fewer than 20,000 inhabitants; and (4) rural areas are defined as all
areas of Middlesex County not identified as small town, as well as areas within the city
limits of London which are outside its urban growth boundary. All of the areas combine
for a total of 104,025 residential addresses, as well as 94 census tracts, 665 dissemination
areas and population-weighted dissemination areas, 1410 dissemination blocks, 14,256

postal codes, and 19,365 street segment center points. The spatial relationship between



47

geographically aggregated units and a sample dwelling centroid illustrated in Figure 3.2.

The dwelling centroid is located within a hierarchical spatial structure starting with the

census tract, moving down to dissemination area, and
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Figure 3.2 Spatial relationships between various geographic aggregation levels and

their corresponding centroid within a census tract.

then to the dissemination block and finally the individual parcel of land or lot. The

dwelling unit is also located within a postal code region and on a street segment. Each of

these larger geographic units can be operationalized as point locations according to their

centroids, as seen in Figure 3.2. The hierarchical spatial structure of census data is

organized in such a way that each census tract is made up of multiple contiguous
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dissemination areas, which in turn are made up from multiple blocks, which are made
from street segments (for the most part, but sometimes divided by rail and natural
features). Each street segement is divided as “left” or “right” and is an aggregation of the

individual addresses/dwellings on that side of the street.

Digital spatial layers to be used as the address proxies were prepared in ArcMap-
ArcInfo10.0 (ESRI, 2011). The census tract, dissemination area, and dissemination block
boundary files, supplied by Statistics Canada (2006), were converted to centroids using
the ‘Feature to Point’ tool. These three spatially aggregated units are commonly used in
geographic analyses of population data in Canada, and each has tradeoffs for researchers
based on the size of the aggregated unit vs. the richness of data available. Dissemination
blocks are the smallest of the three geographic units in terms of area; therefore their
centroids provide a more spatially accurate proxy for exact address. However, most
Canadian census data, except population and dwelling counts, is suppressed at this level,
and for this reason, the utility of dissemination blocks in studies of accessibility among
population sub-groups is more limited. Dissemination areas are made up of a small group
of dissemination blocks. They are commonly-used in population health studies as they
are the smallest aggregated geographic unit available for which Statistics Canada releases
some key demographic variables (e.g. median household income, population by age,
population by ethnicity); nevertheless, a considerable amount of data suppression still
occurs at this scale. While census tracts are the most commonly-used proxy for
‘neighbourhoods’ in sociological, geographical, and population health research in
Canada, and they offer the most comprehensive census data for spatial epidemiologic
analyses, they are also the largest geographic unit examined in this study. For this reason,
they are hypothesized to result in the greatest positional discrepancy when used as
address proxies. Additionally, census tracts are only available in metropolitan areas and
therefore do not cover most rural areas. The weighted dissemination areas centroids were
created using the *‘Median Center’ tool by leveraging the population distribution data
stored within dissemination block centroids which were nested within the dissemination
areas. The weighted dissemination areas centroid has been used in previous research (e.g.
P. Apparicio et al., 2008; Henry & Boscoe, 2008) and was included in this study as a
more representative measure for the probable location of the population within the area. It



49

is therefore expected to produce a closer approximation for an address proxy than the
dissemination area centroid. The postal code boundaries and points were drawn from the
Platinum Postal Code Suite (DMTI Spatial Inc., 2009). The typical postal code in a
Canadian city is a much smaller geographic unit than the typical US zip code and is
commonly used as a proxy for a residential address by Canadian researchers when full
civic address is unavailable, or suppressed to maintain subject privacy (e.g. Larsen et al.,
2009). The street segment centers were created using the tool ‘Feature Vertices to Points’
with the CanMap street files (DMTI Spatial Inc., 2009). The geometric center of every
street segment was generated as an aggregate address proxy for all the dwellings on that
segment. The average street length for rural neighbourhoods was 711 m, 187 m for small
towns, 142 m for suburban neighbourhoods, and only 127 m for urban neighbourhoods.
All 147,000 addresses points in the study area were supplied by the City and County for
every parcel of land, dwelling, business, and institution (City of London, 2010-2013;
Middlesex County, 2011). A total of 104,025 address points were identified as residential,
and each point was located within the centroid of the dwelling polygons provided by the
City and County. A tabular list of each of the residential addresses was generated, and
these addresses were used to geocode against the CanMap street files (DMTI Spatial Inc.,
2009) using the *“US Address — Dual Ranges’ address locator, thus generating
interpolated address points with the default 10 m offset from the street centreline. These
interpolated addresses, referred to as ‘geocoded points’ in this paper, are undeniably the
most commonly-used address proxies when full address information is available to the
researcher. While most researchers use such geocoded points without question, it is
argued that even these address proxies could have positional discrepancies which might
cause accessibility misclassification and therefore they must also be subjected to further
scrutiny. Dwelling centroids are the ‘gold standard’ of address proxies in this study, to
which all other address proxies will be measured. It is the best choice, as all journeys
from home begin somewhere within the home building. In this paper, the issues of
address validity and match rates for dwelling and lot centroid are controlled for, in that
every one of the 104,025 residential addresses were matched at 100%. To calculate
accessibility measures, the centroids for dwelling centroids and all the address proxies
(except those located on the street segment or a fixed distance from the street segment)
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were linked with a connecting lateral line from the proxy address point to the nearest
corresponding street segment using a custom algorithm. These lateral lines were included
in the network distances reported in the study. The street segment center points already
located on the street centerline did not require a lateral line to connect them to the
network, while the geocoded points were all standardized to be 10 m from the street

centerline and thus the 10 metres were added to the individual distances post process.

GIS layers including the locations of all 6 hospitals, 138 elementary schools, and 512
public recreation spaces within the study area were provided by the geomatics divisions
of the City and County (City of London, 2010-2013; Middlesex County, 2011).
Addresses for the 52 grocery stores and 1213 junk food retailers (including fast food
restaurants and convenience stores) in the study area were provided by the Middlesex-
London Health Unit (2010) and geocoded using the master address files provided by the
City and County. All data was verified and corrected using orthorectified air photos of
London and Middlesex (15 and 30 cm resolution, respectively) (City of London, 2010-
2013; Middlesex County, 2011). For built structures, the centroid of the building polygon
was used as the address ‘gold standard’; however, for recreational places without a
defined built structure, such as parks, the access points were manually created using the
air photos. The City, County, DMTI Spatial Inc., and Statistics Canada publish no metric
regarding the absolute or relative spatial accuracy of their data sets. In this study, the City
and County spatial data were accepted as the most spatially accurate of all the data
sources. The City and County spatial data were used to create the building centroids for
facilities, dwellings, and the centroid for dwelling lots. Spatial features found in the
Statistics Canada and DMTI Spatial Inc. data are within 15 m of the same corresponding
features in the City and County data for most of the study area. The Statistics Canada and
DMTI Spatial Inc. data were used to generate the census tract, dissemination area,
weighted dissemination area, dissemination block, postal code centroids, the street
segment center, and the geocoded point address proxies, and to generate the shortest path

network routes and polygons.
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3.2.2 GIS methods

Shortest path routes (by distance) along the street network from the address proxies to the
health-related destination facilities were created using the ArcMap 10.0 Network Analyst
‘Closest Facility’ function (ESRI, 2011). Starting from each dwelling centroid a network
route was created to the nearest health-related facility (i.e., the nearest hospital, school,
grocery store, junk food outlet, and public recreation facility). This procedure was
repeated for every type of health facility until all 104,024 dwelling centroids were
assigned a separate shortest path route to one of each of the facility types. The process
was then repeated for each of the eight address proxies. The distance measures were
stratified into rural, small town, suburban, and urban neighbourhood types and exported
from ArcMap 10.0 for analysis in Excel 2010 (Microsoft, 2011) and PASW (SPSS) 18
(IBM Corp., 2011). A recent study of accessibility to multiple food retailer types in rural
Middlesex County illustrated how accessibility could be misclassified if facilities outside
the county boundary are not considered in distance calculations (Sadler et al., 2011).
Sadler and colleagues (2011) demonstrated that when facilities in neighbouring counties
were included in the spatial analyses, distance to the nearest grocery store decreased for
nearly one-third of households, and distance to nearest fast food outlet decreased for over
one-half of households. The edge effect was taken into account in the present study by
compiling the datasets for selected health-related facilities in neighbouring counties
(within 10 km from the border of Middlesex County) and then including these facilities in

the distance calculations.

3.2.3 Misclassified address proxies

When spatial aggregations of the subject populations or geographic features are used as
proxies in a study of accessibility, the researcher risks misrepresenting the accessibility
metric used in that study. Figure 3.3 illustrates several potential problems of
misclassification and miscounting of grocery stores by identifying three accessibility
areas; the census tract boundary; a 1000 m network service area buffer originating from
the centroid of that same census tract; and a 1000 m network service area buffer
originating from a dwelling centroid from within the same census tract. The figure shows

that the census tract boundary and the 1000 m network service area buffer around the
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census tract centroid does not contain a grocery store, and thus would be coded as
inaccessible; however, the dwelling centroid buffer does ‘contain’ at least one grocery
store and would be coded as accessible. Figure 3.3 also illustrates that the count and
density metrics will be affected by the positional discrepancy of using imprecise address
proxies. We see that the census tract boundary and the buffer around the census tract
centroid do not contain any grocery stores, while the dwelling centroid buffer contains
two grocery stores. A further look at Figure 3.3 reveals that the distance between the
census tract centroid and the dwelling centroid is biased in the direction of the positional
discrepancy. In this example, if the census tract centroid were used as the address proxy,
the researcher would have coded all sample unit locations within the census tract as not
having a grocery store within 2000 m, when in fact, there are two grocery stores within
1000 m for some of the sample units. Moreover, the researcher would have over-
estimated the distance to the closest grocery store for many dwelling units, such as the

one in the example.
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Figure 3.3 Hlustration of threshold distance miscoding errors.

Following some commonly-used distances found in previous health-related studies of
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accessibility (as noted above), the thresholds distances used in this study were: 500 m for

junk food and public recreation spaces, 1000 m for grocery stores, 1600 m for schools,
and 10 km for hospitals. Shortest path route buffers had been created for each address

proxy, and each address proxy point was binary encoded, either the address proxy was
inside the threshold (coded as 1) or outside the threshold (coded as 0). The binary

variable in matched to every dwelling centroid from every corresponding address proxy

and then reported the percentages of improperly coded addresses.
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3.2.4  Statistical methods

The distance discrepancies were generated by taking the shortest path distance from a
dwelling centroid to a health-related facility and then subtracting the corresponding

shortest distance from each corresponding address proxy to that same health facility type.

pd = By — dys (3.1)

Where the positional discrepancy (pd) is the difference between proxy address network
shortest path distance (psp) to the closest corresponding health related facility in metres
and the “gold standard” centroid of the dwelling shortest path distance to the closest

corresponding health related facility (dgs).

The Phi correlation coefficient was generated in PASW (SPSS) 18 (IBM Corp., 2011)
and was used to measure the association between the binary threshold values (i.e.,
accessible/inaccessible) between the dwelling centroid threshold value (0,1) to each of its
corresponding address proxy threshold values (0,1). Phi will return an association
coefficient (@) between -1 and +1. A positive value of +1 occurs when all the dwelling
threshold values and all the address proxy threshold values are in concordance with one
another. Conversely, if there is total discordance between all the dwelling threshold
values and all the address proxy thresholds the Phi coefficient will be -1. If some
dwelling centroid threshold values differ from those of the corresponding address proxy,
the coefficient will begin to move toward 0, thus suggesting a weaker association
regarding accessibility encoding for that address proxy. The significantly positive
associations (sig. < 0.01) are between 0.7 and 1.0.

3.3 Results

3.3.1 Magnitude of positional discrepancies

In almost every case, urban neighbourhoods show the smallest median distance
discrepancies for all address proxies, followed successively by suburban, small town, and
rural areas (see Table 3.1). As expected, lot centroids were the most accurate proxy for
precise residential dwelling location that were examined in relation to nearest distance to

health-related facilities, with the median positional discrepancy (50th percentile) between
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lot centroids and dwelling centroids equal to 6-9 m for locations in urban and suburban
neighborhoods, 25-43 m for locations in small towns, and 43-50 m for locations in rural

Table 3.1 Median positional discrepancy (metres) by facility type and

neighbourhood type.

Neighbourhood type Rural  Small Suburban  Urban

(m)  town (m) (m) (m)
Junk food
Lot centroids 49 29 9 8
Geocoded point 85 48 51 38
Street segment center 175 65 75 52
Postal code 762 373 78 54
Dissemination block 680 147 127 78
Weighted dissemination area 897 279 168 100
Dissemination area 1054 509 176 113
Census tract 930 1414 243 160
Public recreation places
Lot centroids 43 43 8 8
Geocoded point 77 34 75 84
Street segment center 185 52 106 102
Postal code 896 1177 114 109
Dissemination block 677 156 176 145
Weighted dissemination area 988 296 228 185
Dissemination area 1070 599 241 207
Census tract 1347 1723 352 247
Grocery stores
Lot centroids 43 25 6 9
Geocoded point 100 82 80 59
Street segment center 197 95 100 76
Postal code 1196 494 98 79
Dissemination block 810 169 141 112
Weighted dissemination area 1193 335 198 145
Dissemination area 1263 559 201 158
Census tract 1704 1870 373 343
Schools
Lot centroids 50 32 6 9
Geocoded point 94 51 60 55
Street segment center 173 66 80 66
Postal code 913 711 82 68
Dissemination block 665 148 133 101
Weighted dissemination area 1017 361 187 132
Dissemination area 1140 573 194 140
Census tract 1268 1679 363 251
Hospitals
Lot centroids 46 27 5 8
Geocoded point 85 65 37 75
Street segment center 187 100 67 93
Postal code 1363 537 78 101
Dissemination block 769 349 176 160
Weighted dissemination area 1350 415 203 166
Dissemination area 1255 538 204 171
Census tract 2088 2166 445 343

areas. The second most accurate proxy for residential location was the geocoded point,
with median positional discrepancies between geocoded points and dwelling centroids
between 38 and 84 m for residential locations in urban neighborhoods, 37-80 m for

locations in suburban neighborhoods, 34-82 m for small-town locations, and 77-100 m
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in rural locations. The third most accurate address proxy examined was the street segment
centroid, with median positional discrepancies in relation to dwelling centroids between
52 and 102 m for residential locations in urban neighborhoods, 75-106 m for locations in
suburban neighborhoods, 52-100 m for small-town locations, and 173-197 metres in
rural locations. In urban and suburban areas, the positional discrepancies between postal
code centroids and dwelling centroids are very similar to the positional discrepancies
between street segment centroids and dwelling centroids; however, the positional
discrepancies are drastically worse when using postal codes in small towns (median
positional discrepancies between 373 and 1177 m) and rural areas (positional
discrepancies between 762 and 1363 m). In rural areas and small towns, the positional
errors are always higher when using postal code centroids as address proxies compared to
centroids of dissemination blocks, weighted dissemination areas, and dissemination areas.
Conversely, postal codes show smaller positional errors than these same address proxies
in urban and suburban areas. Census tract centroids are always the address proxy with the
most considerable positional error for all neighborhoods and facility types, with median
positional discrepancies ranging from the lowest distance error of 160 m (when
calculating distance to junk food locations in urban areas) to a high of 2088 m (when
calculating distance to hospital in rural areas). Tables 3.2 — 3.6 provide additional
information on the positional discrepancies (including mean positional discrepancies, as
well as errors at 75th, 90th, 95th, and 99th percentiles) between the address proxies and
the dwelling centroids they are meant to represent. The general pattern observable for the
median (i.e., 50th percentile) positional discrepancies (reported in Table 3.1) tends to be
similar in relative terms, but much less dramatic in terms of absolute positional
discrepancies, compared to the mean positional discrepancies, as well as the 75th, 90th,

95th, and 99th percentile of discrepancies.

3.3.2 Positional discrepancy by facility type

The positional discrepancies between the address proxy locations and the dwelling
centroids they are to represent not only vary considerably by neighbourhood type but
they also vary by health facility type. When lot centroids are used as address proxies,

there is a minimal variability between positional discrepancies for all facility types,
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regardless of neighbourhood type (rural = £7 m; urban = £1 m) (see Table 3.1). Of the 32
unique combinations of address proxies, neighbourhood types, and facility types, it is the
junk food outlets (N = 1213) that have the minimum median positional discrepancies
68.8% of the time (22/32), while public recreation facilities (N = 512), singularly,
account for almost 50% (15/32) of the facilities with maximum median positional
discrepancies. The junk food outlets have small median positional discrepancies for all
the address proxies in the urban neighbourhood type. Junk food outlets, also, account for
all the minimum median positional discrepancies in suburban and small-town
neighbourhood types for postal codes, dissemination block, weighted dissemination area,
dissemination area, and census tract proxies. For rural neighbourhoods, the minimum
median positional discrepancies for junk food outlets are found when the postal code,
weighted dissemination area, and census tract proxies are used. For the most part, public
recreation facilities (N = 512) display more considerable median positional discrepancies
than all other health-related facilities in urban and suburban areas, while hospitals (N = 6)
and grocery stores (N = 52) show the greatest positional discrepancies compared to the
other health-related facilities in rural and small towns. The postal code median distance
error of 1177 m for a small-town and public recreation facilities is a larger error than
rural neighbourhood types and public recreation facilities (896).



Table 3.7 Accessibility thresholds: percentage of misclassified observations by

address proxy.
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Address proxy Neighbourhood type Junk food Recreation places Grocery Schools Hospitals
(500 m) (500 m) (1 km) (1.6 km) (10 km)
Census tracts (N = 94) Rural” (n = 17) 13.5 8.0 4.7 18.3 26.4
Small town (n =3) 36.7 33.7 21.0 35.7 10.2
Suburban (n = 54) 31.2 47.4 16.8 15.9 5.1*
Urban (n = 20) 16.9 49.5 37.1 0.1" 0.0*
DA(N-665) Rural (n=125) 7.6 37 3.8 11.9 8.6
Small town (n = 43) 354 37.1 22.8 29.3 2.7
Suburban (n = 367) 23.9 28.2 11.4 7.6 0.7"
Urban (n = 130) 15.5 335 15.3* 0.1" 0.0*
Weighted DA (N = 665) Rural (n=110) 9.6 4.7 3.9 11.9 8.5
Small town (n = 53) 315 335 15.2 19.2 1.2*
Suburban (n =372) 23.0 29.2 11.5 6.7 0.7"
Urban (n = 130) 10.7 29.7 15.5" 0.1* 0.0"
DB (N = 4210) Rural (n = 1499) 6.9 2.9 25 8.5" 5.2°
Small town (n = 593) 18.2 22.2 11.2* 15.3" 1.0*
Suburban (n = 1409) 18.4 25.6 9.1 5.9 0.9"
Urban (n = 709) 12.0 24.5 13.1° 1.1° 0.0"
Postal code (N = 14,256) Rural (n = 2539) 9.2 6.8 3.0" 8.1" 6.9"
Small town 29.9 33.2 27.8 37.0 3.5%
(n = 1003)
Suburban (n = 7792) 11.3* 21.0 6.4" 24" 0.3"
Urban (n = 2922) 6.5 22.8 10.5* 0.1" 0.0*
Street segment Rural (n=6310) 4.3" 2.3% 1.0* 3.6" 1.2"
(N = 19,365) Small town 9.0" 8.7" 4.3" 2.7 0.6"
(n = 2227)
Suburban (n = 8364) 12.4* 21.6 6.8" 2.3" 0.3*
Urban (n = 2464) 6.2 23.1 10.1" 0.1* 0.0*
Geocoded (N = 104,024) Rural (n = 16,686) 2.9* 1.9* 1.1* 25" 0.5*
Small town 7.1" 6.7" 4.0" 22" 0.4*
(n=14,139)
Suburban 8.9" 18.3 5.3" 15" 0.2*
(n = 54,579)
Urban (n = 18,620) 5.6" 21.1 9.4* 0.1" 0.0
Lot (N = 104,024) Rural (n = 16,686) 0.8" 0.4" 0.2" 0.6" 0.5"
Small town 2.0" 1.8* 0.8* 0.6" 0.1*
(n=14,139)
Suburban 17" 15" 0.6 0.4* 0.1*
(n = 54,579)
Urban (n = 18,620) 1.5* 1.7* 1.3* 0.0* 0.0*

Abbreviations: DB — dissemination block; DA — dissemination area; N — number of address proxies; n — number of address proxies by

neighbourhood type.

" Census tracts only exist for rural areas within Census Metropolitan Areas and therefore coverage is biased toward more densely populated

rural areas.

* Phi coefficient @ strong positive association (+0.7 to +1.0) sig. < 0.01.
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Chapter 4

4  Objectively measuring children’s time spent outdoors
exposure to, and engagement in green space while
using passive GPS devices

4.1 Introduction

Recently, there has been significant amounts of literature published on the health benefits
of spending time outdoors, especially for children. Research shows that spending time
outdoors can positively impact children’s physical activity, mental health and well-being,
and social, and cognitive development (Gilliland, 2018). Dramatic increases in sedentary
behaviour and time spent using electronic devices is a concern of many parents,
practitioners, and researchers, which supports further investigation into the relationship

between time spent outdoors and a variety of children’s health outcomes.

A body of the literature identified in a recent systematic review assessed the effect of
outdoor time on children’s physical activity, sedentary behaviour, and physical fitness
(Gray et al., 2015). Several studies included in this review confirmed that there were
overall positive effects of outdoor time on physical activity, sedentary behaviour, and
cardiorespiratory fitness (Gray et al., 2015). Each of the studies assessing physical
activity also found higher rates of physical activity outdoors as compared with rates
indoors. Distinguishing the amount of time that children spend outdoors is important
since studies have shown that children are more physically active in outdoor

environments (Raustorp et al., 2012).

Previous research has conceptualized interactions with nature outdoors into three types:
accessibility, exposure, and engagement (Tillmann et al., 2018). In their review of the
impacts of nature interactions on children’s mental health, they describe how some of
these studies using measures of accessibility, such as residential proximity to outdoor
greenspace, are limited in their assessment of children’s interaction with their natural
environments, as accessibility studies do not establish that children are making use of

these spaces. Research therefore should be accounting for the individual choices made by
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children when discussing interactions with particular environments. Exposure to, and
engagement with outdoor environments give us more accurate representations of the

actual time children spend at particular locations.

One of the significant barriers to assessing children’s time spent in outdoor environments
is the inability to precisely determine whether a child’s GPS tracks are indoors or
outdoors. Previous research has used time blocks, such as a school schedule, to determine
whether a child is most likely indoors or outdoors (Loebach & Gilliland, 2014). However,
this has limitations in that it assumes that all participants are in similar environments
indoors (in the school building) and outdoor (school yard) based on a school schedule and
does not take into account trips away from school, or absences. Some studies have
supplemented time blocks with self or parent-reported activity diaries detailing where
children’s activities are taking place; however, this again makes some assumptions based
on time blocks included in the diary and creates an opportunity for inaccurate reporting
by children due to recall bias (Loebach & Gilliland, 2014). Studies that rely on self-
reporting alone or on parents reporting on behalf of the child have also been used to
classify use or time spent in specific spaces which again leaves room for inaccurate
reporting, as well as not being an accurate representation of every space a child interacts
with on a daily basis (Amoly et al., 2014; Faber Taylor & Kuo, 2011; Flouri et al., 2014;
McCracken et al., 2016). Being able to accurately determine whether a single GPS point
is indoors or outdoors is of crucial importance for understanding children’s activities, and

ultimately, for understanding the link between environments and health.

Ellis et al. (2014) identified 89.9% accuracy when using the random forest model with
150 hours of GPS tracks when predicting active travel behaviours for two of their adult
research assistants after filtering the data through the PALMS tool. Meanwhile, Wu et al.
(2011) found the random forest less useful for identifying outdoor travel times when
using only the raw GPS tracks using derived acceleration rate, speed, distance difference
between subsequent readings, and distance ratio rather than any National Marine

Electronic Association (NMEA) quality metrics.
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The purpose of the analysis in this chapter is to code, with some certainty, any discrete
coordinate computed by a wearable GPS as to whether the subject wearing the GPS unit

was indoors or outdoors at the time of coordinate generation.

Presently, there are lack of tools to accurately quantify time spent in indoors or outdoors
for children (Wang et al., 2018) and unreliable tools to assign those activities meaning in
terms of exposure to and engagement in those spaces. This study is carried out within a
socio-ecological framework that recognizes that there are many types of influence on
children’s behaviours and health outcomes (Sallis et al., 2006; Stokols, 1992). It is the
purpose of this study to (1) develop a tool that accurately designates whether an individual
GPS point is generated as indoors or outdoors and (2) assess the accuracy of this tool
through evaluating a random sample of GPS points, (3) assign environmental and
neighbourhood variables to the outdoor activities, and (4) identify statistically significant
metrics against a set of socioeconomic indicators to answer: where and for how long do
children engage outdoors, and what neighbourhood and socioeconomic environment

might be aiding or hindering this behaviour?

4.2 Methods

The methods section is divided into three parts. The first part will describe the study
design, instruments, and GPS data collection from the multi-year research study entitled
the Spatio-Temporal Environment and Activity Monitoring (STEAM) Project. The
second part of the methods section will describe () the classification algorithm used in
predicting, with certainty, all coordinates generated by a wearable GPS as to whether the
subject wearing the GPS was indoors or outdoors at the time of coordinate generation,
and (b) the binning method used to combine the outdoor GPS tracks with the built
environment variables as a step to reduce both the modifiable areal unit problem (MAUP)
(Openshaw, 1984) and the uncertain geographic context problem (Kwan, 2012b) effects.
The third part of this section describes the statistical methods used to report on the
STEAM participants’ exposure to and engagement in different outdoor environments.
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421  Spatio-Temporal Environment and Activity Monitoring
(STEAM) Protocol

4.2.1.1 Study design

The Spatio-Temporal Environment and Activity Monitoring (STEAM) protocol has been
employed three times since 2010 by the Human Environments Laboratory in the
Department of Geography and Western University. The larger STEAM study utilizes a
mixed-methods approach to understand how children aged 9-14 years engage with
different health-promoting or health-damaging environmental features in their
neighbourhoods. The study presented in this chapter utilizes data gathered during the first
two phases of the larger study (i.e. STEAM | and STEAM II). The age of the participants
in the STEAM project corresponds to critical life stage when children are independently
mobile and have a growing sense of their own environments (Rissotto & Tonucci, 2002).

STEAM I and Il were designed to examine the potential causal effects of the built
environment on children’s health-related behaviours in the Southwestern Ontario region of
Canada. Before launching both studies, approvals were obtained from the Non-medical
Research Ethics Board of the University of Western Ontario (see Appendix A and B);
approval was also obtained from the regional school boards to approach schools for
participation. Seven elementary schools in the City of London, four urban and three
suburban, participated during the first two years of the study (STEAM I), while 30 schools
participated in the second study (STEAM I1), representing populations from London, and
local municipalities. In this Chapter, only STEAM I participants were used to study

exposure and engagement.

Children in grades 5 to 8 (approximately 8 to 14 years of age) in each school were considered
eligible to participate. All children who received permission to participate from a parent or
guardian, and who signed their own Child Assent Form, were allowed to participate in the

study.

4.2.1.2 GPS data collection

For STEAM I, participants at seven elementary schools completed a 7-day multi-tool

protocol to document their neighbourhood activities, movements and experiences.
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Participating children (n=220) wore portable GPS monitors (VGPS-900 by Visiontac)
shown in Figure 4.1, during all waking hours for up to 7 days during the winter-spring
season (February-March) and again in the spring-summer season (April to June); GPS
units marked a spatial coordinate for each second the unit was in use. Participants also
completed detailed daily activity and travel diaries, and both children and parents
completed comprehensive surveys on children’s neighbourhood activities, environmental
perceptions and mobility behaviours. In STEAM I1, during the study period (2011-2013),
participants (n=946) at the thirty elementary schools also completed a 7-day multi-tool
protocol similar to STEAM 1, but with the two seasons being fall (October-November)
followed by spring (March-April). In both studies, the GPS devices were attached to a
lanyard and the children were instructed to wear the device around their neck from the

time they rose in the morning until bed-time (see Figure 4.2).

Figure 4.1: VGPS-900 GPS receiver with lanyard



Figure 4.2: Example of a child wearing VGPS-900 GPS receiver
(niece of the Author — not a STEAM participant)

81
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The protocol of all the STEAM projects required that researchers enter the schools every
day that the children were present (outside of weekends) so that each GPS device could
have the data downloaded and checked for malfunctions. Each GPS device was
programmed by the researchers to generate a coordinate every second and to include a set
of signal quality metrics on each coordinate. The Visiontac VGPS-900 GPS receiver
devices were used in both studies. The accuracy and precision of the VGPS-900 GPS
receiver was reported by the manufacturer using the Circular Error Probability (CEP)
metric. The CEP reports distances from a true position on a horizontal plane (accuracy).
It includes a probability statistic (percentage) of the actual GPS measurements falling
within a distance to the true position. The middle of the cross-hairs in Figure 4.3
represent the true position. The distance value in the CEP metric is illustrated as the
radius of a circle (precision). When the radius is small and centred on the cross-hairs the
GPS will report with higher accuracy and higher precision. The reported precision and
accuracy of the VGPS-900 GPS receiver during optimal conditions (full unobstructed sky
view) and wide augmentation assisted system (WAAS) enabled (Differential GPS -
DGPS) is 1.5m CEP (30%-50%) p=0.05, 2.5m CEP (95%) p=0.05, and when WAAS
correction not in effect (Non-Differential GPS — Non-DGPS) the expected accuracy is 3m
CEP (30%-50%) p=0.05, 5m CEP (30%-50%) p=0.05. In other words, in optimal
conditions the VGPS-900 GPS receiver will measure within 1.5 metres of its true position
30 to 50% of the time, and will measure within 2.5 metres of its true position 95% of the
time (19 times out of 20). The precision of the GPS measurements shown as circles in
Figure 4.3 are a function of 3-D trilateration calculations computed by the receiver from
the satellite radio signals downrange that are being received (pseudorange). If the sky
view is clear, and there are no blocking structures and there are 4-plus satellites well-
spaced above the horizon, then the positional dilution of precision (PDOP) would be
small. A small dilution of precision will likely generate a truer measurement. The VGPS-
900 was evaluated against other GPS units including the Qstarz brand GPS and was
chosen due to the accuracy of the recorded positions during testing and its larger storage

capacity so that 1 second epochs could be employed.
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to influence outdoor exposure and engagement are: age (9-14 years), gender (females /
males), and visible minority classification. The individual-level factors were taken from the
STEAM survey instrument. The Household-level factors under examination include: the
household structure (dual-parent/ lone-parent household) from the STEAM survey
instrument, and socio-economic status (as represented by the median household income of
the census dissemination area in which the child’s home is located). The Neighbourhood-
level factors measured at the hex-bin level, are: land use types, parks, street tree counts
derived from spatial data published by the City of London (2010-2013) and green space (City
of London, 2008). The green space was generated using a Normalized Difference Vegetation
Index (NDVI1) which commonly used as a means of classifying greenness from infrared aerial
imagery. The City of London (2008) infrared aerial photography taken in August 2008 at 30
cm resolution was used to generate the NDVI layer which was then classified to derive two

green attributes: heavily forested areas and areas of vegetation and turf.

The Shapiro-Wilk test of normality was used on all variables to test if they come from a
normally distributed sample. The Wilcoxon-Mann-Whitney Test was used to calculate the
bivariate relationships between the dependent variable (exposure or engagement) and the
categorical independent variables. ANOVA and T-Tests were used to compare the mean

exposure and engagement by the individual, household, and neighbourhood-level variables.

4.3 Results
4.3.1  GPS Accuracy and Precision

Accuracy refers to the closeness of a measured value to a standard or known value and
can be measured using the Root Mean Square Error (RMSE). In this study a VGPS-900
GPS device was carefully placed above a horizontal survey monument with a confirmed
positional accuracy of 1 millimetre. The Root Mean Square Error of the VisionTac
VGPS-900 GPS device is over 1/2 hour of operation is 0.373m in the X (UTM Easting)
and 2.310m in the Y (UTM Northing). The mean PDOP was 1.586 and the HDOP was
0.862. The test is considered the best case scenario for GPS data collection where there is

a cloudless clear sky view with no obstructions above 20° from the horizon.
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At the 10 second point into the test, the GPS started generating GPS measures using the
WAAS differential signal. Positional errors in the Y were corrected as the test progressed
and at the five minute mark of the test the Root Mean Square Error was lower for both X
(RMSE = 0.314m ) and Y(RMSE = 1.574m). The mean PDOP was slightly higher at
1.610 and the HDOP was lower at 0.852. The PDOP includes elevation in its calculation

so a higher value for this metric was not unexpected.

Precision refers to the closeness of all the measured values to each other. It was
calculated by measuring how far the GPS coordinates deviate from their total mean
centre point. The precision of the sample of GPS points is 0.857 m, meaning that the
majority of the GPS points measured are within less than a metre of the mean centre. The

mean centre is 1.966m from the survey monument.

The manufacturer’s reported Circular Error Probability (CEP) of the VGPS-900 GPS
receiver during optimal conditions with full sky view, and wide augmentation assisted
system (WAAS) enabled (Differential GPS -DGPS), is 1.5m CEP (30%-50%) p=0.05,
and 2.5m CEP (95%) p=0.05. In this study, the test revealed that the GPS receiver had an
accuracy at 1.5m CEP (43%) p=0.05 which is within the manufacturer’s published
accuracy claims. However, when testing at 2.5 metres it was found that in our 2.5m CEP
(79%) p=0.05 results fell well short of the expected 95%. Therefore, the results show that
VisionTac GPS, in optimal conditions, generate 43% of the coordinates within 1.5 m of
the true location, and only 79% of the coordinates within 2.5 m of the true location, 19

times out of 20.

In the STEAM study, on average, 34.9% of the GPS points were generated with
differential GPS quality of PDOP < 2.5, so that with optimal conditions, on average,
34.9% of the points were within 5m of the true location 19 times out of 20. It is expected
that the accuracy of the units will degrade when in close proximity to blocking structures,

making these numbers are unrealistic.

The map in Figure 4.19 illustrates the actual cluster of GPS points generated around the
survey monument. The points in red indicate the most displacement and occurred in the

first 5 minutes of the test.
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Figure 4.19: Map of GPS test at the survey monument

4.3.2 Random forest outdoor classification model

In this study only STEAM 1 participants were used in this study, and a separate random
forest model was created, for the most part, for each participant by season. The mean
training sample size by season (reported in Table 4.1) tends to be similar, as do the errors
rates. The mean weekly training sample size equaled 16,544 GPS coordinates for the
spring season representing a mean of 4.6 hours of training data per week, while for winter
the training sample size was 16,702 GPS coordinates representing a similar amount of
time in the week. The mean OOB Error rate of 0.01 was the same for both seasons and
the test data accuracy was similarly high with values for spring at 98.9% and 99.9% for
winter. Written another way, on average the random forest models identified GPS points

as indoor or outdoor correctly 98.9% and 99.9% of the time on average. The variable
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importance plots, an example plot of a single model shown earlier in Figure 4.16, show
how much the model would decrease in accuracy if any variable listed were excluded
from the model. A separate variable importance plot was created for each model. In the
example (in Figure 4.16) and for a vast majority of the models the splits at variables
distance to building, Height and Speed were the most important in the classifications.
Somewhat surprisingly the dilution of precision measures, for the most part, were less
important in categorizing indoor/outdoor. It was also found early in the research that if
the training sample only was created using scheduled school times and not including the
travel modes there was a 10% average drop in the overall accuracy of the classes from the
random forest model. The reason for this was identified by the travel behaviour of
participants while not at school. The vehicle travel was not modelled in the training data
and therefore resulted in obvious vehicular travel being classified as outdoor activity. The
remedy was to include GPS points identified as travel routes by the SphereLab Tool
(Thierry et al., 2013) and coded as vehicle travel (indoor) beforehand in the training

samples.

Table 4.1: GPS classification

GPS Observations T"’“"'“f‘ OOB Error Test S.ample L
Sample Size Size Accuracy
n n X sd X sd X sd X sd X sd

Winter 72 11,768,265 154,845 46,807 16,702 9873 0.01 0.009 7405 4377 0.999 0.009
Spring 62 10,357,609 143,855 60,922 16,544 9671 0.01 0.005 7335 4287 0.989  0.004

4.3.3 Exposure outdoors

As discussed earlier in this chapter, the GPS tracks for the children were spatially
overlaid with a hex-bin surface which encoded the neighbourhood-level environment
variables (e.g. green space, and built environment). The result of the overlay is a spatial
cluster of all the hex-bins visited by the child which is considered the child’s activity

space.
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Using hex-bins to estimate exposure allows for a closer approximation of activity space
than most traditional methods and is expressed as an encounter with the outdoors and an
encounter with any natural and built environment features visited outdoors. It is
operationalized as a proportion of the total activity space (area). As seen in Table 4.2, the
mean activity space for all participants in the study is 37.6 hectares and varied widely
among participants (sd =29.9). Furthermore, the findings suggest that children are much
less mobile on weekends compared to weekdays as the weekend activity space (28.48 ha,
sd=25.72) is just under half of what it is on weekdays. The activity space is just under

half of what it is on weekdays as seen in Table 4.3

Table 4.2: Total outdoor activity space by individual-level variables

Total Outdoor Activity Space
(area per ha)

X sd
All 37.62 29.94
Boys 32.36 30.63
Girls 39.61 29.53
Age
10 or under 44.73 34.74
11 38.01 29.02
12 34.92 24.66
13 42.32 35.38
14 41.19 33.58
Weekday 46.20 30.74
Weekend 28.48 25.72

*Only full days during each study included (First and final days removed)

4.3.4 Engagement outdoors

On average, children in this study, spent 18.5% of their recorded time outdoors which
translates to an average of 81 minutes (1 hour and 21) of time spent outdoors per day
(Table 4.3). For total outdoor engagement, children are outside for a larger portion of the
day in winter than in spring on average, both for weekend and weekdays, however the

results were not significant (p=0.158).
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Table 4.3: Engagement outdoors by day type and season (proportion of time)

N X sd
Winter 64 21.2585 25.56077
Weekend
Winter 72 21.1090 21.57640
Weekday
Spring 51 16.8013 19.23718
Weekend
Spring 62  14.1375 15.61773
Weekday
Total 249 18.5292 21.05109

The results using the variables from the Individual-level analysis indicate that there are
no significant differences between genders or ages in the amount of time children spend
outdoors. This study showed that Children who are visible minorities spend more time
outdoors in spring than Caucasian children, but not significantly so. Additionally, it
appears that children, regardless of age or gender spent similar amounts of time across
the various land uses. On weekdays there is no significant difference between the
amounts of time children are spend outdoors at different land uses; in other words,
children are spending their time outside similarly when it comes to the proportion of time

spent at each land use.

The Household-level analysis shows that only socio-economic status (median household
income) showed as a statistically significant factor when predicting outdoor activity with
children living in wealthier neighbourhoods being more likely to spend more time

outdoors.

The findings for the Neighbourhood-level analysis indicate that on average, children
living in the suburbs are more likely to spend more time outdoors than children living in
more urban settings. Additionally, those children who only spent time outdoors in less
varied land uses (such as residential and institutional areas) than those children who spent

time in a wider array of land uses spent overall less time outdoors than their counterparts.
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The results indicate that children spend more time outdoors when they are engaged in
varied land uses. In spring, not surprisingly, children are most likely to spend time
outdoors in parks than in the wintertime. During winter, though children spent more time

outside in residential areas than they do in the springtime.

4.3.5 Outdoor engagement vs exposure

Identifying how long children spend at a geographic setting within the activity space
cannot be measured by exposure. A more realistic measure is the based on the amount of
time children spend engaging in an environment, rather than being simply exposed to it.
When comparing the proportion of time spent outdoors (engagement) and the proportion
of activity space traversed outdoors (exposure) we see, in Figure 4.20, that children
engage in land uses in a way not reported with exposure. Case in point, commercial areas

are the second largest exposure proportion for children on weekdays, but when looking at

Engagement vs Exposure (Land Uses )

Proportion

Engagment Exposure Engagment Exposure
(% outdoor time) (% activity space) (% outdoor time) (% activity space)
Weekday Weekend
M Residential Commercial Parks/Rec  mInstitutional m Industrial

Figure 4.20: Engagement vs exposure proportions by land use
time spent (i.e. exposure), it is marginal activity. The residential exposure is similar on
both weekdays and weekends where just over half the activity space outdoors being spent

there, but the exposure tells a more complete story. The children are almost spending
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their entire outdoor time in residential areas on weekends the magnitude of which is not
represented with exposure. The same can be said for institutional (schools included), on

weekdays the engagement is high, while the exposure is relatively low.

When comparing children’s engagement at green space versus exposure to green space,
as seen in Figure 4.21, children are heavily exposed to more areas with street trees, but
spend proportionally less time in these areas (engagement). Conversely, the proportion of
time spent engaged in green vegetation and turfed areas is higher than the exposure
metric. One weekends and weekdays, the children are similarly engaged in and exposed

to green areas, and less than one tenth of 1% of time/activity space is spent in forested

areas.
Engagement vs Exposure (Green Space)
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(% outdoor time) (% activity space) (% outdoor time) (% activity space)
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Street Trees Green/Turf W Heavily Wooded

Figure 4.21: Engagement vs exposure proportions by green space

4.4 Discussion

Dramatic increases in children’s sedentary behaviour indoors is a growing concern for
health researchers. An objective way to identify and quantify outdoor activity has yet to
be fully realized (Wang et al., 2018); and therefore, it was the intention of this study to
describe and test a methodological breakthrough for overcoming this problem. This study
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was divided into two parts: 1) it described a method made up of a combination of three
novel approaches that in sequence practically measure, classify, categorize, and map
children’s spatial behaviours outdoors and links the environmental features in their
neighbourhoods to measure exposure to and engagement in the outdoors; and 2) it
identified statistically significant metrics at the neighbourhood-level (e.g. green space,
land use types), and at the household-level (e.g. income), and identified interesting trends
at the individual-level all in an effort to identify factors from multiple levels of the socio-
ecological model that are associated with and can be used to predict outdoor exposure

and engagement.

The inclusion of stops generated from SphereLab Tool (Thierry et al., 2013) were critical
to establish the most important variable in the random forest models: distance from
buildings. The stops were employed to identify buildings located in proximity to the stops
and treated as potential blocking structures or destinations so that a distance from
buildings variable could be used in the random forest classification. The distance from
building variable was consistently the most important variable for correctly classifying
indoor and outdoor GPS points. It was, also found that relying on only the school
scheduled times for the training sample resulted in a 10% average drop in the overall
accuracy of the classes from the random forest model without the routes identified by the

SphereLab Tool beforehand.

441  Comparison with previous participant surveys studies

Our GPS-based methods revealed that on average children in this study spent 18.5% of
their recorded time outdoors translating to 81 minutes (1 hour and 21) per day outdoors.
In comparison, a previous study (Matz et al., 2014) used parental report data to estimate
that children across urban and rural Canada, aged 5-11 years (n=428), spent 1 hour and
48 minutes outdoors per day. In this Chapter, the results show that participants in this
study spent considerably less time outdoors than reported in most other research studies
who have relied on participant surveys alone. Milne et al. (2007) found that in a study of
Australian children, aged 6-12 years (n=1614), spent between 2 and 3 hours outdoors
during daylight hours. Fifty percent of U.S children (n=1822) spent just over 2 hours a
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day outside in a study by Kimbro et al. (2011), while Chinese children (n=681) spent 97
minutes a day outside (Guo et al., 2013).

Most of the questionnaires in these studies were completed by parents which inevitably
cause recall errors. Apart from recall bias, the estimation of time outdoors was likely to
be more difficult for a parent to answer. Compounding the recall bias and errors, these
surveys were designed differently and the qualitative descriptions could be imprecise, so
it might be unsuitable to compare the empirical results from this study with those from

recall based studies.

4.4.2 Comparison with previous GPS studies

The majority of research studies employing GPS to identify outdoor activity use the
PALMS protocol. In terms of children’s activity outdoors, Klinker et al. (2014) found
that 11 to 13 (x = 12.4) year old children (n=129) in Copenhagen, Denmark spent a
median of 226.5 minutes (3hr 4 m 36s , IQR (175 - 284.5) outdoors. In contrast, Tandon
et al. (2013), in a study of pre-school aged children, reported that children spent on
average 63 minutes a day outdoors. The participants were younger than in our study and
Tandon included a wearable sunlight sensor on the participants to identify time outdoors.
A study by Cooper et al. (2010), as part of the PEACH project, indicated that British
school aged children (n=1010) spent only 41.7 minutes outdoors. A recent study of
British children (n=70) by Pearce et al. (2018) found a median total outdoor time of 80.3
minutes, which most closely matches our results. In their post-processing of the GPS,
Pearce filtered the signal-to-noise cut-off at (SNR<=212) which is lower than the
standard PALMS tool cutoff (SNR<=250) used by Klinker and colleagues (2014),

suggesting that Klinker’s study in Denmark over-estimated time spent outdoors.

4.5 Conclusion

Rising public concerns over children’s health has led to a growing public and academic
interest in gaining a better understanding of the role that the physical environment (built
and natural) plays in mitigating or exacerbating health issues (Tillmann et al., 2018).
There is a realization in public and academic circles that children are spending less time
outdoors than ever before, (Gilliland, 2018; Zorzi & Gagne, 2012) which has led to an
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increase in studies exploring the association between time spent outdoors and some
physical and mental health outcomes. Yet, much of this research is difficult to decipher
due to incomparable, imprecise, or inaccurate methods for assessing environmental
exposure (Tillmann et al., 2018). Ultimately, it is anticipated that this study offers a
methodological breakthrough for overcoming the problems inherent in GPS indoor and
outdoor classification, and in the linking of exposure and engagement variables in a

meaningful way.
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Chapter 5

5 Discussion and Conclusions

Chapters 2 to 4 comprise the substantive portion of this dissertation. The underlying
theoretical basis for the substantive chapters was the ecological model of health with the
built environment as an important influencer in shaping health outcomes in children.
This theory, presented in Chapter 1, informed the study design and discussion for each
subsequent chapter. Quantitative methods were used to measure the efficacy (and key
problems) of using common address proxies, as well as to identify, classify, and bin GPS
tracks to better evaluate the role that the built environment has on outdoor activity.
Included in this final chapter is a summary of the contributions of the two empirical
studies found in Chapters 3 and 4. Further discussion focuses on a review of the
limitations of the two studies, suggestions for future research, and moving forward with

policy interventions.

5.1 Summary of study findings and contributions

The contributions of the first study (Chapter 3) are twofold: first, it quantitatively
describes the magnitude of positional discrepancies that result when a set of the most
commonly-used home location proxies are implemented across several different
neighbourhood types; and, secondly, it measures the misclassifications of the quantity of
health-related facilities within local environments. The findings of this study have
revealed that if commonly-used proxies such as centroids of census tracts, dissemination
areas, and even postal codes, are used instead of exact addresses, positional discrepancies
can be significantly large. If positional discrepancies are high, such ‘ego-centric’
neighbourhood units will be significantly ‘off centre’, and local environments can be
mischaracterized and therefore lead to inaccurate assumptions. For example, the chances
of misclassifying a health-promoting feature of the neighborhood, such as a recreation
area, or a health-damaging feature such as a junk food outlet, as accessible (or not) can be
unacceptably high, particularly when threshold distances are short, such as the
commonly-used 5-min walk zone (500 m buffer). In urban neighbourhoods, when census

tracts are used as home location proxies, instead of the gold-standard rooftop residential
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address points, the containment misclassification of recreation areas within 500 m of the
proxies is nearly half (49.5%). In rural areas the use of postal codes as an address proxy

results in mean positional discrepancies to the closest recreation area of 1610 metres.

If positional discrepancies are too large, it will be impossible for the researcher to resolve
whether any health effects of an environment are truly present. Even more troubling is
the fact that faulty public policies may be formed and critical decisions made based on
faulty environment-health research which does not take into consideration critical
positional discrepancies. Improving the accuracy of the distance calculations increases
the utility of the findings for making decisions and enacting policies aimed at improving a
population’s spatial accessibility to environmental features that contribute to their overall
health and well-being. The data used is this study is ubiquitous across Canada, Spatial
data is widely available including census boundary files, road networks, postal codes, lot
centroids, and increasingly roof-top address points making this study relevant to all

Canadian cities, small towns, and rural areas.

The key strengths of the second study (Chapter 4) emanate from the multiple strengths of
the STEAM protocol, such as the large number of child participants, the use of one-
second epochs on the GPS units, the high-resolution of neighbourhood built environment
data, and the presence of detailed daily activity diaries. Few previous studies, except for
Cooper et al. (2010) (PEACH) and McMinn et al. (2014) (PALMS) have had such a large
sample of child participants. The use of the one-second epochs, in conjunction with
activity diaries, time-based known locations (school day) and thematically and
temporally accurate spatial reference data, in combination with the inclusion of a
tessellated hexagonal surface and classification using the random forest model, adds to

the feasibility and uniqueness of this study.

Studies have been conducted on the effect that seasonality plays on children’s outdoor
activity (Tucker & Gilliland, 2007), however, there are no known studies using GPS
tracking in the Canadian context; therefore, the second study (Chapter 4) filled this gap.
In addition to examining the effect of seasonality on the proportion of total time spent

outdoors (engagement), the study in Chapter 4 considered other independent variables
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from the household and individual-levels. Previous research has shown the utility of ‘big
data’ - machine learning data classifiers on GPS tracks, particularly for identifying modes
of travel and stops (Dwivedi & Dikshit, 2013; Ellis et al., 2014; Kestens et al., 2016;
Thierry et al., 2013). Very few studies, however, have employed these types of
algorithms to classify the wearer as being indoors or outdoors; exceptions are some
validation studies of the PALMS application (Ellis et al., 2014; Lam et al., 2013). As
mentioned in Chapter 2, the indoor vs outdoor classification part of the PALMS was
limited to only the Qstarz brand of GPS receiver; however, this dissertation employed a
method which resulted in higher classification match rates so that future studies where
subjects are tracked with GPS receivers will not be limited to specific brand of receiver.

Following the implementation of the novel combination of methods to classify indoor vs
outdoor, the study mapped when, where (exposure), and for how long (engagement) that
children spent outdoors. Children in this study, on average spent 18.5% of their recorded
time outdoors which translates to an average of 81 minutes (1 hour and 21) of outdoor
time per day which is a similar result to a recent study of British children with a median

total outdoor time of 80.3 minutes (Pearce et al., 2018).

The studies in this dissertation are interconnected through the common goal of improving
methodological rigor in the measurement of children’s accessibility to, exposure to, and
engagement with health-related features of their environment to ultimately better our
understanding of the links between environment and children’s health. This dissertation
therefore makes methodological and practical contributions. The methodological
contribution is twofold: firstly, it informs future researchers on the best practices for
utilizing address proxy level data and, secondly, it proposes a novel approach for the
classification of point clouds of GPS coordinates for children’s environmental health
studies. The practical contribution is in the utilization of passive GPS collection in
combination with ancillary spatial data to identify environments that influence children’s
outdoor activity levels. The outcomes of this research add to the discourse of the
relationship between the built environment and children’s health. It adds to the mounting
evidence of the role that the design of urban and suburban environments play in the
health of the people who live in them. Ultimately, this research empowers municipal
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planners and policymakers with better evidence to make informed decisions regarding the

planning for and design of outdoor public spaces that foster children’s outdoor activity.

5.2 Synthesis of findings

521 Limitations

Despite the multiple contributions of this dissertation, there are also limitations. Firstly,
the GPS devices worn by the subjects generated a series of coordinates that had varying
levels of positional accuracy, both relative and absolute. These positional inaccuracies
were expected and are commonly the result of the noise, bias, and blunders that persist in
all studies using GPS technology. As mentioned earlier in this dissertation, positional
errors occur from noise and bias when a participant wearing a GPS unit enters, exits, or
remains within a blocking structure such as a building or dense tree canopy, or during the
time while the unit is initially turned on. Regarding blunders, it was found that
periodically the GPS units did not record for spans of time due to battery drain, and user

errors.

Secondly, it is expected that spatial bias occurs while using secondary GIS data sets
which are generated by agencies for their specific purposes and never meant for this
study. For example, the building footprints used from the City of London data were
generated for cartographic purposes rather than for engineering purposes (City of
London, 2010-2013). The building polygons are product of orthographic
photogrammetric digitizing methods at a large map scale, not constructed from
coordinate geometry using high-resolution survey tools. What this points to is that the
‘edge’ of each polygon feature in the GIS building layer may not be entirely positionally
accurate, nor is that positional error homogeneous. Therefore, the secondary datasets used
in the creation of the hexagonal surface variables, and used in the proximity and
classification methods suffer from some spatial inaccuracies. Although thematic and
temporal inaccuracies are kept to a minimum in the two studies due to the use of
contemporary GIS data, there will be some cases where misclassification and changes in
the secondary data map features are not reflected in the data set used.
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Thirdly, even though efforts are made in the methodology to reduce the modifiable area
unit problem (MAUP), and uncertain geographic context problem (UGCoP), through
GPS tracking and the tessellated hexagon surface, these errors still might persist in some
minimal way. The two effects are expected whenever the GPS points are aggregated
spatially and through that aggregation, the spatial and temporal quality of the GPS points
are lost.

Lastly, this dissertation does not take into account the qualitative aspects of the ecological
model, in particular, the transactional relationship between the child and their
environment. For instance, the intentions and meaning a child assigns to their
experiences in the physical and built environments are not addressed and are outside the

scope of this dissertation.

522 Future directions

The results of this dissertation show that the quality of the spatial data used is of the
upmost importance to a successful study. Therefore, it is imperative that future studies
source high resolution spatial data that is thematically and temporally accurate. In
Canada, researchers primarily rely on secondary data provided from government agencies
at the various levels. In this dissertation, data was used from two local municipalities
(City of London and County of Middlesex) in conjunction with federally published data
(Statistics Canada), and data provided from a private company (DMTI Spatial Inc.).
Recent advances in artificial intelligence pattern identification using remotely sensed
imagery is an exciting development where researchers using these new algorithms can
identify and derive a wide set of natural and built environment features with a high
degree of accuracy (Lary, 2010; Zeng et al., 2013; Zeng et al., 2014). Supporting this new
and exciting development is that the cost of space-borne, multi-spectral digital imagery
has decreased greatly over the last decade. Perhaps even more exciting for future
research applications in environment and health is the potential use of drones which carry
multi-spectral scanners to provide mapping data of even higher resolution and the ability
to map the landscape at the time a study is being performed. The hexagon tessellated
surface does provide a more accurate measure of exposure and engagement than the most

common measures which typically only measure how accessible a health
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promoting/demoting feature is in the built environment, not whether that feature was
seen, visited, or engaged with by a person or population of interest. This dissertation
describes the methodological framework where hexagonal tessellations can be used in

other urban and suburban environments in North America.

Regarding children’s health studies, further data collection, both quantitative and
qualitative, on the genuine actions of the children could be used to complement the
findings presented in this dissertation. It would be helpful to have a form of ‘member
checking’, using map-based interviews for example, to confirm whether or not children
were actually indoors/outdoors and the reasons behind their environmental activities and
decisions to be indoors/outdoors. Additionally, a natural next step in this research would
be to link children’s time spent outdoors, and time spent engaging in different outdoor
environments, with a series of health-related behaviours, such as objective measures of
vigorous physical activity, stress, or mood. Future research could compare the results
using traditional methods versus the methodology forwarded in this dissertation. Finally,
further research is also required to confirm our findings within different age groups,
seasons, weather conditions, urban settings, and from different geographic areas within

and beyond Canada.

5.3 Policy implications

There is a growing trend in public health studies, particularly within the burgeoning field
of “active living research’, toward the use of ‘ego-centric’ units (typically defined by
buffers around a study participant’s residence) to characterize a participant’s
neighborhood and to examine the effect that local environmental factors (e.g., the mix of
land uses and coverage of sidewalks) may have on health-related behaviors such as
walking (Larsen et al., 2009) and outcomes such as physical activity levels (Tucker et al.,
2009). The findings in Chapter 3 reveal that if commonly-used proxies such as centroids
of census tracts, dissemination areas, and even postal codes, are used instead of exact
addresses, positional discrepancies can be significantly large. If positional discrepancies
are large, such “‘ego-centric’ neighbourhood units will be significantly ‘off center’, and
local environments can be mischaracterized, leading to misclassification of

‘accessibility’. For example, the chances of misclassifying a health-damaging feature
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such as a junk food outlet as accessible (or not) can be unacceptably high, particularly
when threshold distances are short, such as the commonly-used 500 m buffer (or 5-min
walk zone). If positional discrepancies are too large, it will be impossible for a researcher
to determine if any true link exists between environmental features and health-related
behaviours or outcomes. The practical impact of these discrepancies not properly
identified is that they could lead to important policies and/or decisions being made with
poor or even erroneous evidence. Improving the accuracy of the distance calculations
increases the utility of the findings for making decisions and enacting policies aimed at
improving a population’s spatial accessibility to features of the environment that
contribute to their health and quality of life.

There is an awareness in public policy sphere that children are spending less time
outdoors than ever before (Gilliland, 2018; Zorzi & Gagne, 2012) further suggested by
the findings in Chapter 4, which has led to an increase in studies exploring the association
between time spent outdoors and some physical and mental health outcomes. With an
increase in public concerns over children’s health, there is a general acceptance that the
physical environment (built and natural) plays in mitigating or exacerbating health issues
(Tillmann et al., 2018).

Further research is required before the results of this study are applied in any way
towards policy interventions. The geographic relationships refined and studied in this
thesis that correspond to the socio-ecological model’s individual, household, and
neighbourhood levels offered a clearer path to understanding the complex interactions
between the built environment and children’s health. The complexity of the problem,
however will always be more complicated than it might seem. The problem of children
spending less time outdoors is more complex than factors of seasonality, quantity of
green space and varied land use types. When policy interventions occur, they should
begin with a small scale intervention so that the results can be measured. The design of
more appealing parks, planting more street trees, or locating health promoting facilities
closer to residential areas, and the removal of health demoting facilities away from where
children spend time (e.g. schools) all sound as if they might positively address part of the

problem. The intervention might work, or might not work or worse be counter to what the
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policy was hoped to achieve. Additional multi-disciplinary approaches in studying why
children are spending less time outdoor is warranted. This thesis offers a way forward
with a methodological breakthrough for overcoming the problems inherent in GPS indoor
and outdoor classification, and in the linking of exposure and engagement environment

variables in a meaningful way.

5.4 Conclusion

Rising public concerns over certain children’s health issues, such as obesity, physical
(in)activity and mental health concrens has led to a growing public and academic interest
in gaining a better understanding of the role of the physical environment (built and
natural) (Tillmann et al., 2018). Additionally, the public and academic realization that
children are spending less time outdoors and in nature than ever before, has led to a rapid
increase in studies exploring the link between time spent outdoors and/or in nature and
certain physical and mental health outcomes. Nevertheless, as previous research has
indicated (Tillmann et al., 2018), much of this research is difficult to decipher due to
incomparable, imprecise, or inaccurate methods for assessing environmental exposure.
This dissertation presents several methodological breakthroughs for overcoming the
problems inherent in the literature, which should be of considerable interest to

researchers and policymakers.

A quantitative socio-ecological geographic study was employed to identify data and
methods to best associate children’s accessibility to, exposure to, and engagement in their
environment, which in turn, plays a crucial role in healthy development. This study used
a spatial quantitative approach to practically measure, classify, categorize, and map
children’s spatial behaviours and the environmental features in their neighbourhoods.
Ultimately, this dissertation offers a warning for future researchers of the folly of using
some widely available spatial data for accessibility and exposure studies and also offers
an improved methodology for understanding children’s environmental exposures and
how environmental factors might influence children’s health-related behaviours and

outcomes.
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