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ABSTRACT

A growing body of studies indicates the positive association between green space
and older adults” health and well-being. However, many studies solely rely on
static residential contexts to evaluate green space exposure, overlooking the role
of daily mobility. Moreover, mobility-based exposure studies often ignore travel
modes, although active travel usually involves direct, immersive exposure to sur-
rounding environments. This study analyzed GPS tracking and daily self-reported
data from 60 healthy older adults who participated in the MOASIS project over 15
days in 2024. Based on GPS data, I measured individuals’ static home and neigh-
borhood and daily active-travel-based dynamic green space exposure. I evaluated
the patterns of both green space exposure metrics, then compared the correla-
tions between them. Further, I examined the association between daily well-being
and dynamic green space exposure metrics. The results show that home-level
and neighborhood-level static green space exposure metrics were significantly
different among individuals. Activity space beyond the neighborhood and high
daily trip frequency are correlated with high daily dynamic green space exposure.
In addition to spatiotemporal factors, walking generated higher dynamic green
space exposure than cycling. Furthermore, dynamic green space exposures were
positively correlated with static neighborhood ones rather than static home-based
ones. Lastly, compared with distance-weighted and time-weighted green space
exposure, the total volume of dynamic green space exposure has a positive corre-
lation with daily self-rated health. Females and those with higher income, lower
education, and better general health can experience stronger well-being benefits
from dynamic green space exposure. This thesis emphasizes the value of incor-
porating daily mobility and active travel modes into green space exposure assess-
ment. Findings suggest that different active travel modes provide distinct levels of
green space exposure. A greener neighborhood can enhance older adults’ daily
green space exposure. This research contributes to more nuanced green space
exposure assessment and offers insights for health-promoting urban design and
infrastructure development, particularly in fostering equitable, green-rich neigh-
borhoods that support healthy aging.



Keywords: Green Space, Green Space Exposure, Healthy Aging, Older Adults,
Well-being, GPS, Daily Mobility, Active Travel.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

More than 68% of the world’s residents are anticipated to live in urban areas glob-
ally by 2050 (United Nations, 2018). The environment that residents interact with
daily can significantly influence their health and well-being (Krefis et al., 2018).
Urban nature has the potential to enhance the livability of cities by providing vari-
ous biophysical ecosystem services (Shanahan et al., 2015), including air filtering,
micro-climate regulation, and noise reduction (Assessment Millennium Ecosys-
tem, 2005; Per and Sven, 1999). Green space, defined as “green in the sense of
being predominantly covered with vegetation” (Heckert, 2012, p. 811), is a pri-
mary component of urban natural environments (Yu and Kwan, 2024). A grow-
ing body of studies has highlighted that green space can contribute to diverse
physical, mental, and social health benefits (fig. 1.1), including increasing phys-
ical activity (PA), facilitating recovery from stress, and enhancing social contact
(Huang and Lin, 2023; Jin et al., 2024; Mao et al., 2024).
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Figure 1.1: Ecosystem services provided by green spaces described in the Ecosystem
Drivers, Pressures, States, Exposures, Effects, and Actions model (adapted
from Chiabai et al. (2018), as cited in Chen et al. (2024, p.2)). Exposure consti-
tutes the critical nexus between green space and an array of health outcomes.
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People’s exposure is a vital linkage between green space and a wide range of
health outcomes (Bowler et al., 2010b; Liu et al., 2023a). While existing research
has consistently demonstrated the health benefits associated with green space ex-
posure (Jiang et al., 2020; Yu and Kwan, 2024), these benefits are not uniformly
experienced across individuals (Zheng et al., 2024b). Two key aspects contribute
to this variation. First, green spaces within urban living environments are not al-
ways equitably distributed, leading to significant disparities in access and quality
(James et al., 2015; Wolch et al., 2014). Urban sprawl can also exacerbate this is-
sue by reducing the overall supply of green spaces in urban areas (Bertram and
Rehdanz, 2015; Chen et al., 2025). Second, the use and perceived benefits of green
spaces are influenced by socio-demographic factors such as age, gender, and in-
come (Dadvand etal., 2012a). These factors play a crucial role in shaping the ways
citizens engage with and utilize green space in everyday life (Sang et al., 2016).
Consequently, health outcomes influenced by green space exposure can diverge

across social groups (Remme et al., 2021).

Population distribution of older adults in Switzerland
Observation period: 2023
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Figure 1.2: Proportion (%) of the Swiss population aged 65 and above, by sex and citi-
zenship status (source: FSO - STATPOP). Note: A population is regarded as
being aging when more than 7% of people are 65 years or older and aged when
more than 14% of people are 65 years or older (Kasai, 2021).

Comprehending the associations of green space with the well-being and health of
older adults is essential for fostering healthy aging worldwide, but particularly
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in post-industrial societies such as Switzerland (Phillipson, 2009). The World
Health Organization (WHO) defines healthy aging as “the process of develop-
ing and maintaining the functional ability that enables well-being in older age”
(World Health Organization, 2015, p. 28). With 19.6% of its population aged 65
years and over in 2024 (Federal Statistical Office, 2024), Switzerland represents a
notably large share of older adults (fig. 1.2). With the population aged 65 and
older projected to comprise 30% of the total population by 2060 (Lewis and Olli-
vaud, 2020), green space is likely to be instrumental in improving the health and
well-being of older adults in Switzerland. Recent studies highlight the diverse
benefits of green space exposure for healthy aging, including reductions in mor-
tality and cardiovascular risks (Yuan et al., 2021), increased walking and other
PA (Miao and Xiao, 2024; Wen et al., 2018), enhanced social interactions (Enssle
and Kabisch, 2020), and improvements in mental health and overall well-being
(De Keijzer et al., 2020; Zuo et al., 2024). However, most studies overlook the role
of daily mobility in shaping green space exposure, leading to potential biases in
estimating green space health benefits (Kwan, 2013).

Thus, it is crucial to examine the mobility patterns of older adults concerning
green space using precise and comprehensive measurements (Wang et al., 2021b).
Global Positioning System (GPS) technology offers a window into quantifying ac-
tual individual environmental exposure based on locations and time, viz., trajec-
tories, of people’s movements in real-world settings (Li et al., 2018; Marquet et al.,
2023). Nevertheless, it is challenging to define an appropriate quantitative indi-
cator to evaluate people’s spatiotemporal green space exposure (Liu et al., 2023a;
Zhang et al., 2021). Moreover, the accessibility of individual daily GPS data is of-
ten restricted due to costly acquisition and potential privacy issues (Michael et al.,
2006; Wang et al., 2021b).

1.2 Aims

To address these gaps, my thesis aims to evaluate green space exposure with mul-
tiple measurements (i.e., spatial and spatiotemporal approaches with different
green space metrics) from older adults” daily GPS tracking data. I will also exam-
ine the correlation between green space exposure and mental well-being for older
adults, considering sociodemographic factors. These findings are expected to de-
liver a framework that sheds light on the positive effects of green space exposure

on healthy aging in urban environments.
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1.3 Structure

The remainder of this thesis is organized as follows. Chapter 2 illustrates the the-
oretical foundations of research on green space exposure and healthy aging, and
identifies the key research gaps and questions guiding this study. Chapter 3 de-
scribes the study area and data sources. Chapter 4 details the methodological
approach, including data preprocessing, sample selection, green space exposure
measurements, and statistical analysis. Chapter 5 presents the primary findings,
followed by a critical interpretation in chapter 6. Finally, chapter 7 synthesizes the
contributions, main conclusions, limitations, and outlines directions for future re-
search.



CHAPTER 2

THEORETICAL FRAMEWORK
AND BACKGROUND

2.1 Nature Exposure

The term “exposure”, described as “contact between an agent and a target” under
a certain spatiotemporal context (Zartarian et al., 1997, p. 411), has been broadly
applied in epidemiology (Velentgas et al., 2013), public health (Bowler et al.,
2010b), and environmental health (Paustenbach, 2000). Concerned with the risks
of hazards to human health, exposure assessments in these fields estimate human
exposures to environmental stressors, including toxicants (Paustenbach, 2000)
and pollutants (Marquet et al., 2023; Roe et al., 2020).

With the paradigm of the eco-environment health field shifting to positive health
benetfits, early eco-psychological theories laid the groundwork in this field. The
biophilia hypothesis posits that humans have an innate tendency to seek connec-
tions with nature (Kellert and Wilson, 1995; Wilson, 1986). The stress reduction
theory (SRT) puts forward that natural scenes can reduce stress and elicit a posi-
tive affective response (Ulrich et al., 1991). Finally, the attention restoration theory
(ART) illustrates that exposure to nature can have restorative effects and improve

cognitive capacity (Kaplan and Kaplan, 1989; Kaplan, 1995).

Leveraging these theories, Bratman et al. (2019) describe the positive mental health
benefits of interacting with nature as psychological ecosystem services. They provide
a straightforward definition of nature exposure as "the amount of contact that an in-
dividual or population has with nature" (Bratman et al., 2019, p. 4). The pathway
linking natural features to mental health is conceptualized as a simple four-step
process: natural features, exposure, experience (i.e., the critical specifics of expo-
sure through multiple sensory modalities), and mental health effects, with each

component building on the preceding one. Expanding on this framework, Remme
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et al. (2021) demonstrate that exposure to nature can boost people’s physical ac-
tivity levels, which in turn contributes to positive health outcomes. They further
argue that the magnitude of activity-related benefits can vary by different socioe-

conomic and demographic factors.

Yu et al. (2024b, p. 2) propose the framework of exposure ecology, articulating the
concept of ecological exposure as “the amount (magnitude, frequency, and dura-
tion) of exposure that an individual or population has with natural ecosystems”.
They put forward a frame of axes, including subject-object and reality-virtual.
The domain “subject-reality” under this frame focuses on the health impacts on
individuals or population exposed to real natural ecosystems. With significant
enhancements in technical means (e.g., street view images and deep learning
technologies) and data acquisition (e.g., portable GPS devices), recent studies on
this interface have gradually shifted from static to dynamic exposure assessment
(Pearson et al., 2024; Wang et al., 2021a).

2.2 Green Space and Health

Green space is a vital component of the natural environment in urban areas (Hunter
et al., 2019; Yu and Kwan, 2024). Mounting evidence suggests that green space
can foster physical, mental, and social health benefits, including improved birth
outcomes; lower cardiovascular disease prevalence and mortality; reduced psy-
chiatric morbidity; and enhanced social contact (James et al., 2015). Markevych
etal. (2017) summarize that green space can promote health and well-being under

three potential mechanisms: mitigation, restoration, and instoration (fig. 2.1).

2.2.1 Mitigation

Mitigation (reducing harm) involves reducing the harmful effects of environmen-
tal stressors such as heat, noise, and air pollution (Markevych et al., 2017).

Reducing exposure to heat: Green space can reduce land surface temperature
(LST) on site and in adjacent areas (Aram et al., 2019). Such thermal comforts
can promote human health and well-being especially during heat stress episodes
(Bowler et al., 2010a). For instance, in a survey study conducted in Italy and the
United Kingdom in July 2006 (the hottest month of the year), Lafortezza et al.
(2009) found that longer and more frequent visits to green spaces were associated
with higher perceived psychological and physical benefits and well-being status.
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Figure 2.1: Three domains of pathways linking green space to positive health outcomes,
including mitigation, restoration, and instoration. Arrows indicate theoreti-
cal influence patterns, whereby specific pathways within each domain can ex-
ert effects on one or more pathways in the remaining domains (adapted from
Markevych et al. (2017, p. 302) and Yu et al. (2024b, p. 5)). Resource of icons:
https://www.freepik.com/.
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Reducing exposure to noise: Green space can reduce noise exposure and also
acts as a psychological buffer that dampens stress responses to noise (Dzhambov
and Dimitrova, 2015). Accordingly, noise may mediate the association between
green space and mental health (Markevych et al., 2017). For example, Astell-Burt
et al. (2013) found that residents of greener neighborhoods had lower odds of
short sleep. Similarly, Van Renterghem and Botteldooren (2016) reported that
visible greenery from the living room was associated with lower noise annoyance.
These findings suggest that green space can confer benefits at both the physical
and perceptual levels in mitigating noise.

Reducing exposure to air pollution: Air pollution can be lower in and around
green space because major emission sources are absent and vegetation removes
pollutants via deposition (e.g., particulate matter (PM) of less than 10 um (PMy)
and ozone) (Markevych et al., 2017). Consistent with these pathways, Dadvand
et al. (2012b) found that higher residential greenness was associated with lower
indoor and outdoor PM; 5 (PM of less than 2.5 yum) among pregnant women and
with more time spent outdoors at home (i.e., in the area around the home). Sim-
ilarly, Dadvand et al. (2015) reported that decreased air pollution partially medi-
ated the association between residential greenness and children’s cognitive devel-

opment.
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2.2.2 Restoration

Restoration (restoring capacities) refers to the process of replenishing depleted ca-
pacities, including managing stress, improving affect, and revitalizing attention,
as described by SRT and ART. This restorative process enables individuals to ac-
crue health benefits (Yu et al., 2024b). Research in this domain examines whether
encounters with green space coincide with reduced physiological arousal and
more positive self-reported affect, as well as improved sustained attention and

broader executive functioning (Markevych et al., 2017).

Some field experiments have explored the restoration effects of green space. For
instance, Simkin et al. (2020) demonstrated that activities such as sitting or walk-
ing in urban forests produced greater restorative outcomes. Likewise, taking in
the forest atmosphere can have positive physiological effects, including lower con-
centrations of cortisol and blood pressure, greater parasympathetic nerve activity,
and reduced sympathetic nerve activity (Park et al., 2010). Observational stud-
ies also provide supporting evidence. Van den Berg et al. (2010) reported that
the associations between stressful life events and both the number of health com-
plaints and perceived general health were significantly moderated by the amount
of green space near respondents’” homes. Similarly, an online survey study by
Jiang et al. (2020) indicated that greater daily exposure to trees was related to
better health outcomes. In a longitudinal study, Alcock et al. (2015) found that
greater broadleaf and grassland cover was linked to lower odds of psychiatric

caseness in rural England.

2.2.3 Instoration

Instoration (promoting capacities) refers to constructing capacities and resilience
to face further threats to health (Beute et al., 2023). Two main dimensions fall
under this pathway: (1) promoting physical activities (PA) and (2) enhancing
social cohesion.

Promoting PA: PA usually underpins physical and mental health, and green space
can provide safe, convenient, and attractive settings for PA (Yu et al., 2024b). PA
conducted in green space (viz., green exercise, GE) may benefit dwellers more
than in other (e.g., indoor) settings (Biddle and Mutrie, 2007, Thompson Coon
et al., 2011). Consistent with this, Kondo et al. (2018) found that greater green
space exposure corresponded to higher-level self-reported PA. PA also may medi-
ate the pathway from green space to physical and mental health (Markevychetal.,
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2017). For example, De Vries et al. (2013) showed that PA in public/green spaces
mediated the effect of streetscape greenery on several well-being outcomes.

Enhancing social cohesion: Social cohesion means the sense of trust, mutual re-
spect, and safety among neighbors, along with the belief that they are willing to
offer assistance when needed (Markevych et al., 2017). Green space may sup-
ply a setting for social interactions, which is likely to enhance social cohesion
(Sugiyama et al., 2008; Yu and Kwan, 2024). Theoretically, community-level social
interaction and cohesion are associated with health and well-being (Hartig et al.,
2014). Recent studies also showed that social cohesion can be an intermediary be-
tween green space and mental health and well-being (Mao et al., 2024; Sugiyama
et al., 2008).

2.3 Green Space and Healthy Aging

Green space can benefit health for all age groups, but such benefits can be partic-
ularly important for older population groups, given the aging of societies (Ben-
ton et al., 2021; World Health Organization, WHO Regional Office for Europe.,
2016; Lee et al., 2015). Furthermore, compared with younger groups, older adults
are, on average, less mobile and occupy smaller activity spaces (Rantanen et al.,
2012), making their proximal green space more consequential for daily exposure.
Calogiuri et al. (2016) found that weekly GE was more common in older adults
than younger adults. Moreover, older adults are more likely to perceive higher
aesthetic value in green spaces and report greater related well-being than younger
adults (Sang et al., 2016). Thus, green space in older adults’ direct living environ-
ment can be vital to support their needs and enhance their health and well-being

(Douglas et al., 2017; Kemperman and Timmermans, 2014).

2.3.1 Physical Health and Well-being

Green space can provide high-quality outdoor environments for physical activi-
ties (Bedimo-Rung et al., 2005; Douglas et al., 2017). A growing body of research
suggests that, in older adults, green space is associated with improved physical
well-being and health. From a field experiment, Kabisch et al. (2021) reported
that visits to green spaces with higher naturalness were associated with better
cardiovascular health among adults aged 55 to 70. Herbolsheimer et al. (2020)
conducted a cross-sectional telephone survey and found that available parks were
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positively correlated with walking time for transportation among older adults
in Metro Portland (USA) and Metro Vancouver (Canada). Likewise, Lau et al.
(2021) indicated that longer green space exposure was positively correlated with

perceived physical well-being in older adults based on an on-site survey.

2.3.2 Social Interaction and Social Contacts

Social interaction becomes particularly important in later life, as retirement, role
transitions, age-related loss, and mobility limitations can shrink daily networks
(Kemperman etal., 2019). Among older adults, greater social connection is linked
to better physical health, mental health, and psychological well-being (Yung et al.,
2016; Sugiyama and Thompson, 2006; Zhou et al., 2020). Green space can pro-
vide accessible venues for everyday encounters, enhancing social connectedness
(Bedimo-Rung et al., 2005). For instance, Yung et al. (2016) found that park fea-
tures enabling social connection and mobility were strongly correlated with older
users’ satisfaction, indicating that green space can promote social contact in later
life. Similarly, Kemperman and Timmermans (2014) argued that higher levels of

greenness were associated with more social contact among aging neighbors.

2.3.3 Mental Health and Well-being

Emerging evidence suggests that green space is associated with improved mental
health and well-being among older adults. Luo et al. (2024) found in a field ex-
periment that greenery in residential open spaces was linked to lower emotional
arousal. In a cohort study, Astell-Burt and Feng (2019) reported that exposure to
tree canopy was associated with a lower incidence of psychological distress. Sim-
ilarly, an on-site questionnaire survey by Lau et al. (2021) indicated that longer
green space exposure was linked to better perceived mental well-being of adults
aged above 60. Moreover, using GPS tracking and momentary questionnaires,
Han et al. (nd) demonstrated that higher greenness was associated with a lower
negative affect in older adults.

2.4 Green Space Exposure Measurements

Measuring green space exposure is the primary challenge in evaluating the health

impact of green space (Yu and Kwan, 2024). A crucial preliminary step is to de-

10
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lineate the features of green space before attempting to assess exposure (Neuen-
schwander et al., 2014). Specifically, according to Liu et al. (2023a), green space
features can be described through attributes and components. Attributes usually
encompass areal size and type (e.g., parks, forests, trees, grassland, meadows,
public squares, etc.) for individual green space. Parks and vegetation (predom-
inantly forests and trees) are the most examined attributes in recent studies (Liu
et al., 2023a; Roe et al., 2020). At a regional scale, attributes contain the num-
ber, density, connectivity, and canopy coverage percentage of green space patches,
encompassing not only parks and forests but also other forms of greenery (e.g.,
grassland). Components of green space include amenities such as facilities for
physical activities, wildlife, individual trees that exhibit seasonal variations, and

diverse vegetation structures across a region (Duan et al., 2024).

Assessments of green space exposure based on static geographical contexts, such
as residential or workplace locations, are categorized as static green space exposure
(see details in section 2.4.1). However, limiting assessment to one or a few static
locations is overly simplistic relative to individuals’ time-varying activity spaces
(Kwan, 2012; Yu and Kwan, 2024). In contrast, dynamic green space exposure re-
flects individuals’ interactions with green space based on their daily mobility and
activities, accounting for both spatial and temporal dimensions (Kwan, 2013; Xie
et al., 2023). This approach provides a more nuanced and comprehensive under-
standing of how people engage with green space in their everyday lives, extending

beyond the limitations of static exposure assessments (see details in section 2.4.2).

2.4.1 Static Green Space Exposure

Integrated with the framework of green justice (fig. 2.2), static green space expo-
sure is usually measured by three indicators: availability, accessibility, and visi-
bility (Labib et al., 2020; Laszkiewicz et al., 2018; Xie et al., 2023; Yoo et al., 2022).

Availability refers to the physical quantity of green space within a certain spatial
unit (Bratman et al., 2019). The normalized difference vegetation index (NDVI) is
applied broadly in many studies to quantify the availability of green space (Kondo
et al., 2018; Marquet et al., 2023; Zhou and Wang, 2011). Similar metrics from
remote sensing data contain the soil-adjusted vegetation index (SAVI) and the
enhanced vegetation index (EVI) (Markevych et al., 2017). Land use/land cover
(LULC) and Light Detection and Ranging (LiDAR) data are also important data
sources for availability estimation (Liu et al., 2023a; Xie et al., 2023). Quantitative

indicators of availability include the tree density, the percentage of tree canopy
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Figure 2.2: Three domains of static green space exposure indicators (from Labib et al.
(2020, p. 5)): (a) availability (physical amount of green space), (b) acces-
sibility (spatial proximity of green space to locations of interest), and (c) vis-
ibility (the amount of greenness that can be seen visually from a particular
location of interest).

area, and the green space area ratio (GSAR) (De Keijzer et al., 2020; Kabisch et al.,
2016; Schmid et al., 2024; Yu and Kwan, 2024).

Accessibility refers to the ease with which a person can reach relevant sites, in this
case, green space (Geurs and Van Wee, 2004; Kwan, 1998). Accessibility estima-
tion considers the spatial proximity, temporal constraints, or the effects of traffic
restrictions on people’s ability to visit green space (Liu etal., 2021; Wu et al., 2019).
Accessibility is usually estimated in combination with availability metrics (Labib
et al., 2020). Measures here include the shortest distance or travel time to the
nearest green space, GSAR, NDVI, or other quantified indicators within a specific
spatiotemporal context (e.g., from home to green space, within 10 minutes), usu-
ally based on buffer and network analysis (Liu et al., 2023a; Wang et al., 2021b;
Xie et al., 2023).

Visibility refers to the perceived greenery within an individual’s visual field. In
recent years, it is usually calculated by the pixel ratio of vegetation (Green View
Index, GVI) identified in street view images fetched or sampled from an Applica-
tion Programming Interface (API) of a service such as Google Street View (Jiang

12
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et al., 2020; Wang et al., 2021a; Xie et al., 2023). GVI has been used extensively
to capture human-scale greenery as experienced on streets or pathways, which
differs from the broader overhead, birds-eye measurements provided by satellite
data (Jiang et al., 2020; Wang et al., 2021a; Zhai and Baran, 2016).

2.4.2 Dynamic Green Space Exposure

Static green exposure is crucial in evaluating the health impact of green space
because it reflects the environmental effects in people’s daily dominant activity
places, including residences, workplaces, and recreational places (Wang et al.,
2021b). However, people may experience exposure to green space while traveling
their daily routes outside these primary places (Kwan, 2012). Static green space
exposure neglects people’s actual spatiotemporal mobility context (Hasanzadeh
etal.,2019; Kwan, 2013), which cannot sufficiently reflect how people interact with
green space in reality.

GPS tracking can assess the actual exposure of individuals embedded with en-
vironmental and contextual features (Li et al., 2018; Pearson et al., 2024). Many
studies use GPS-enabled devices or mobile phones with GPS sensors to assess
individual-level dynamic green space exposure (Xie et al., 2023; Yoo and Roberts,
2022). For example, Marquet et al. (2023) estimated daily average exposure as
mean NDVI within a 20-m buffer around GPS fixes. Other work computes cumu-
lative dynamic green space exposure: Yu and Kwan (2024) calculated NDVI along
travel routes using a 100-m street-network buffer, and Wang et al. (2021a) derived
exposure from the GVI for each walking and cycling trip. Beyond GPS traces,
some studies also use travel surveys to acquire self-reported mobility paths for

assessing dynamic green space exposure (Wang et al., 2021b).

2.4.3 Linkages between Green Space Exposure Measurements

The comparison between static and dynamic green space exposure offers a lens
into the patterns and motivations behind residents” daily interactions with green
space. Nevertheless, recent studies have produced conflicting findings. Wang
et al. (2021b) reported no significant association between green space exposure
metrics between working places and daily mobility paths. Xie et al. (2023) found
static green space exposure at workplaces positively aligned with commuters’
daily dynamic green space exposure. Likewise, Marquet et al. (2023) illustrated

that there was no significant difference between dynamic and static green space
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exposures among seniors. Wang et al. (2021a), however, suggested that working
in environments with limited green space led to compensatory dynamic green

Space exposure.

2.5 Research Gaps

Several research gaps (RGs) were identified as a result of the literature review.

General RG
Lack of evidence from older adults” daily lives.

Recent work has begun to examine the relationship between dynamic and
static green space exposure at the individual level (Wang et al., 2021a; Xie
et al., 2023; Yoo and Roberts, 2022; Zheng et al., 2024a). Still, most studies
include multiple demographic groups or focus on commuters, with limited
attention to older adults. Meanwhile, substantial evidence links residential
greenness to better mental health and well-being in later life (De Keijzer et al.,
2020). Yet, much of this evidence comes from surveys (Kemperman and Tim-
mermans, 2014; Yang et al., 2022; Zhou et al., 2020) and field experiments
(Luo et al., 2024), with little focus on older adults” daily mobility and real-
world environmental contexts. There is a clear need for studies that, in older
adults, jointly measure dynamic and static green space exposure from their

daily lives.

'RG 1 |
Lack of attention on vegetation.

The term “green space” is defined inconsistently across studies (Taylor and
Hochuli, 2017). This heterogeneity in definitions can underlie attributes of
green spaces, introducing biases into green space exposure measurements.

With respect to static green space exposure measurements, accessibility is of-
ten operationalized via proximity (e.g., minimum travel time estimation) to
urban parks (Xie et al., 2023), but this proxy may not reflect static exposure
to natural land cover (Jarvis et al., 2020). As a result, the contribution of non-

park vegetation remains unclear. Emphasizing static green space exposure
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I derived from LULC vegetation data is warranted.

', RG 2 ',
Lack of attention on active travel.

Active travel (human-powered modes such as walking and cycling) improves
human health by increasing physical activity (Doorley et al., 2015). Such
health benefits are substantial for maintaining overall mobility and well-being

among older adults (Yang et al., 2018).

Accordingly, individual accessibility to green space for older adults should be
evaluated considering active travel modes. Furthermore, active-travel green
space accessibility should produce an age-sensitive estimation: for older adults,
their active-travel mobility depends strongly on the travel environment (Duim
etal., 2017), and typical speeds are lower due to age-related declines in phys-
ical capacity (Bendall et al., 1989; Vlakveld et al., 2015), implying distinct ac-
cessibility needs. Topography (e.g., slope, elevation) is therefore incorpo-
rated into green space accessibility estimation (Weiss et al., 2018).

Also, most studies estimating dynamic green space exposure do not distin-
guish travel modes (Marquet et al., 2023; Yu and Kwan, 2024; Zheng et al.,
2024a). However, active travel (walking or cycling) generally entails more in-
tense and direct environmental exposure than passive transport (traveling in
vehicles). Travel mode detection should therefore be integrated into dynamic

green space exposure assessment, with a focus on active trips.

RG 3 |
| NS |
Unknown daily mental well-being outcomes.

Yu and Kwan (2024) reported that, within a 4-hour window, streetview-based
dynamic green space exposure was correlated with lower momentary stress.
Relationships between dynamic green space exposure and daily subjective
well-being are rarely examined. While Marquet et al. (2023) compared dy-
namic with static green space exposure in older adults, their analysis stopped
at exposure metrics. Consequently, how dynamic green space exposure in-
fluences older adults” daily well-being remains an open question.
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2.6 Research Questions

Addressing the above research gaps, and using data from the MOASIS study
(Rocke et al., 2023), this thesis sets out to answer the following three research
questions (RQs):

_|RQ1|

What are the levels and patterns of green space exposure among older

adults during the study period?

l RQ 2 ! .
To what extent are dynamic and static measures of green space exposure
correlated among older adults?

(RQ3 |

How strongly is mental well-being among older adults associated with dif-
ferent indices of green space exposure?

16



CHAPTER 3

STUDY AREA AND DATA

This chapter describes the study area and the data utilized in this thesis. Figure 3.1
shows the schematic representation of each (sub)section and their relationships
in this chapter.

3.1 Study Area 3.4 MOASIS Project

3.2 Topographic Data 3.5 Mobility-related

Data
Administrative boundary GPS data
9 Topographic landscape model
% Bigital elovation model 3.6 Self-reported Data
@
c -
g 3.3 Green Space Data 451 Employment
P Baseline Income
: - : Hi ion level
3.3.1 Vegetation Height Model Measures ghﬁﬁaﬁf;lc;:gi
3.3.2 Habitat Map - o
3.6.2 Daily
3.3.3 Normalized Difference Ambulatory | Daily subjective health
Vegetation Index Measures

Figure 3.1: Diagram of data used in this study. X.X represents section numbers, and X.X.X
indicates subsection numbers.

3.1 Study Area

The Canton of Zurich, Switzerland (Figure 3.2) is the study area of this thesis.
This canton is the most populous among the 26 Swiss cantons, with a population
of 1,579,967 residents (Federal Statistical Office, 2024). It covers 1729 km? (Federal
Statistical Office, 2021) and features a mix of urban, periurban, but also major rural
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Figure 3.2: Study Area. Canton of Zurich, Switzerland. Source:
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ts aged 65 years and over in the Canton of Zurich from 2019
through 2023 (source: FSO). The proportion of senior citizens in the Canton
has increased modestly in recent years, reaching 17.31% in 2023. Note: A pop-
ered aged when more than 14% of people are 65 years or older
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areas. Over the past few years, green space in the canton has been under pressure
due to ongoing urbanization and increasing population (Marcelo et al., 2022).
Furthermore, with the proportion of older adults exceeding 14% (Kasai, 2021),
the canton has qualified as an aged society in recent years (Figure 3.3). Thus,
green space dynamics and demographic shift make the Canton of Zurich an ideal
case study for assessing how green space can promote healthy aging.

3.2 Topographic Data

Three topographic data sets were used for this study: the administrative bound-
ary, the topographic landscape model (TLM), and the digital elevation model
(DEM) of the study area. All data were obtained as open data products from
swisstopo, the Swiss national mapping agency.

The administrative boundary of the study area is from swissTLMRegio!, which
contains two-dimensional vector data. The boundary here was used for (1) clip-
ping and integrating all spatial datasets to the study area extent, (2) visualization
in subsequent chapters, and (3) home and life space detection (see details in sub-
section 4.2.2).

The topographic landscape model (TLM) is obtained from SwissTLM3D?. This
data set includes roads and rail tracks with their geometries and categories. Be-
cause the focus of this study was on active travel, walking and cycling road seg-
ments would ideally be isolated. However, SwissTLM3D does not encode legal
or physical pedestrian/cyclist access across the full road network (Morelle et al.,
2019). I therefore retained all road segments within the study area, except all
highway-related segments (Table 3.1), because use of highways by pedestrians
and cyclists is prohibited.

The digital elevation model (DEM) is taken from SwissALTI3D 3, a digital terrain
model with 0.5m resolution over the study area. Because the road linestrings
were converted to two-dimensional vectors for segmentation, the DEM was used
to recover precise elevations at the start and end of each road segment. The road
segments with elevation data were utilized for individual accessibility estimation

under a travel mode with a time limit, regarding topographic factors (see details

L https:/ /www.swisstopo.admin.ch/en/landscape-model-swisstimregio, accessed on 28 Febru-
ary 2025

2 https:/ /www.swisstopo.admin.ch/en/landscape-model-swisstlm3d, accessed on 28 February
2025

3 https:/ /www.swisstopo.admin.ch/en/height-model-swissalti3d, accessed on 28 February 2025
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Table 3.1: Description of highway-related road segments (source: Objektkatalog swis-
sTLM3D 2.2). The column Wertebereich (meaning: type) shows the original
text of road types in German; the column Type represents the attribute of road
segemnts translated in English via DeepL. With the assumption that these roads
are not transitable for pedestrians and cyclists, they were removed from the
road network in active-travel accessibility estimation.

GDB- Wertebereich Type

code

0 Ausfahrt Exit

1 Einfahrt Driveway

2 Autobahn Highway

3 Raststaette Rest Stop

4 Verbindung Connection

5 Zufahrt Access Road

6 Dienstzufahrt Service Entrance
21 Autostrasse Motorway

in subsection 4.3.2).

3.3 Green Space Data

To address natural landscape features (vegetation) as the vital attribute of green
space, three green space datasets were included (Table 3.2). The vegetation height
model (VHM) and the habitat map were utilized for static green space exposure
measurements. Similarly, the normalized difference vegetation index (NDVI) was
used for dynamic green space exposure assessments. Following Roberts and Hel-
bich (2021), I restricted the growing vegetation season in Europe, namely May to
September 2024, as the study period. During that period, vegetation indices were
stable and relevant to daily exposure, reducing bias induced by spring or winter
phenology.

3.3.1 Vegetation Height Model

Vegetation height models (VHMSs) capture the vertical structure of vegetation that
matters for shade and screening (Ma et al., 2023). This data was generated based
on stereo aerial images for Switzerland with a 1-meter spatial resolution (Ginzler,
2021). The current VHM (2023) was clipped within the administrative boundary
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Table 3.2: Description of green space data in this study.

Data Description Spatial Usage Source
resolution

Vegetation Average vegetation 1m Static (Ginzler,

Height height for each cell home-based 2021)

Model green space
exposure

Habitat Habitat class (land 1m Static (Price

Map cover type) of each neighborhood  etal,

polygon green space 2024)

exposure

NDVI NDVI for each cell 30m Dynamic (Gorelick
green space etal.,
exposure 2017)

of the study area and utilized as the home-based green space metric in this study.

3.3.2 Habitat Map

The Habitat Map of Switzerland maps the habitat types at 1 m spatial resolution
(Price et al., 2024). The map encoded habitat polygons in a hierarchical structure
according to the Swiss Habitat Typology (TypoCH) (Delarze et al., 2008). The
current habitat map (v1.1, 2024) was clipped within the administrative boundary
of the study area and utilized as the neighborhood green space metric, restricted

to land cover components (TypoCH first-level classes).

3.3.3 Normalized Difference Vegetation Index

Normalized difference vegetation index (NDVI) has been widely applied in recent
dynamic green space exposure studies (Marquet et al., 2023; Yoo and Roberts,
2022; Yu and Kwan, 2024). The NDVI product used here was derived from the
Landsat8 Operational Land Imager and Thermal Infrared Sensor at a spatial reso-
lution of 30 m and obtained from the Google Earth Engine (GEE) platform (Gore-
lick et al., 2017).

To minimize the effects of clouds, I utilized the GEE cloud score algorithm (Google
Earth Engine, 2024) before calculating the NDVI. The image collection was filtered
to the study area and the study period. Only scenes with total cloud cover <40%

were retained. Surface reflectance bands were rescaled to reflectance units. The
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QA_PIXEL band was used to identify cloud and cloud-shadow pixels via bit-wise
flagging. A supplemental threshold on the blue band (reflectance >0.2) further
screened remaining bright artifacts. All masked pixels were excluded from sub-

sequent data acquisition.

For preprocessed cloud-free images, the NDVI at each cell was calculated as in
Equation 3.1:

NIR - RED
NDVI= QiR+ RED (3-1)

Where NIR is Band 5, and RED is Band 4 in Landsat8. The NDVI value varies
between -1 and 1. The higher the value, the higher the density of green vegetation.

The code for image acquisition and NDVI calculation described in this subsection
is available at the GEE link*.

3.4 MOASIS Project

The mobility-related data used in this study is based on a larger project named
MOASIS (Mobility, Activity and Social Interaction Study), which deals with mo-
bility at older age (Rocke et al., 2023). The project recruited older adults aged
65 years or older with no clinically relevant cognitive impairments or depressive
symptoms. In 2024, recruitment used snowball sampling from April to November.
118 participants aged 65 and above enrolled for a 15-day ambulatory assessment
phase; 113 of them completed the entire protocol. This study period largely aligns
with the vegetation growing season in Europe (May to September), which sup-
ports the green space domain of this thesis. The data collected by the MOASIS
study used in this thesis comprise mobility-related data, described in section 3.5,
and sociodemographic and subjective well-being data, described in section 3.6.

3.5 Mobility-related Data

Mobility-related data from older adults were collected with a custom wearable
sensor, uTrail, which includes a GPS sensor sampling at 1 s intervals (Fastrax UC530)
(Fillekes et al., 2019c¢). Participants wore the device on the waist daily during their

% The boundary of Canton Zurich in this code is same as in section 3.2.
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waking hours for a 15-day sampling period, removing it only for recharging over
night. Each GPS fix recorded latitude, longitude, and a timestamp in Coordinated
Universal Time (UTC). Although the logger also stored other attributes, such as
speed, altitude, HDOP (Horizontal Dilution of Precision), VDOP (Vertical Dilu-
tion of Precision), only coordinates (latitude and longitude) and timestamps were
used for analysis. The GPS preprocessing pipeline was subsequently delineated
in Chapter 4.

3.6 Self-reported Data

Two self-reported data sets were used in this study. Sociodemographic character-
istics and self-reported health were collected from the baseline assessment through
an online survey; daily well-being data were collected from a daily evening ques-
tionnaire during the 15-day sampling period. Table B.1 indicates how these vari-

ables were measured.

3.6.1 Baseline Measures

Participants completed a baseline survey containing an array of web-based ques-
tions at the beginning of the study period. Sociodemographic and physical health
measures from the baseline assessment were utilized in this study. Specifically,
sociodemographic measures contained conventional measures such as sex, age,
marital status, etc. Physical health was evaluated using the Short-Form Health
Survey (SF-12) (Lawton and Brody, 1969; Ware et al., 1996).

3.6.2 Daily Ambulatory Measures

Over the entire ambulatory assessment phase of 15 days, participants received
seven smartphone prompts per day for brief experience sampling. In this study,
daily subjective well-being was evaluated solely from the evening survey (the 7th
daily measurement, prompted at 21:00-21:15 (in HH-MM)), which captured a
retrospective appraisal of the entire day. Responses from daytime (1st to 6th)

experience-sampling prompts were not included in this study.
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CHAPTER 4

METHODOLOGY

4.1 Conceptualization

Figure 4.1 shows the workflow of this study. Data processing and analysis were
conducted in R 4.4.1 (R Core Team, 2024) and RStudio 2024.12.14+563 (Posit team,
2025). Table C.1 shows the details of R packages and their usage in the thesis.

4.2 Data Preprocessing Pipeline

Figure 4.2 describes the sample selection of this study. Each step with its criteria
is explained throughout this section. There were 118 participants aged 65 years
or older who attended the MOASIS study in 2024; 113 of them finished all assess-
ments with data available for analysis. The data preprocessing pipeline started
with the GPS data, then integrated the GPS data with the daily subjective well-
being data.

4.2.1 GPS Validity and Preprocessing

For GPS data, coordinates were projected from WGS84 (EPSG: 4326) to the Swiss
national coordinate reference system LV95 (EPSG: 2056); timestamps were con-
verted from UTC to Swiss time (Central European Time (CET); Central European
Summer Time (CEST)) by applying the Europe/Berlin time-zone offset. Partici-
pants” GPS data were partitioned into person-days using a midnight (00:00:00, in
HH:MM:SS) cut-point. After this daily segmentation, the dataset comprised 1709
person-days of GPS data.

To ensure the GPS quality of person-days, I maintained person-days with a mini-
mum of 12 hours of GPS time coverage. This threshold can ensure that GPS data
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Figure 4.1: Workflow of this thesis as described in Chapters 3 and 4. Note: X.Y represents
the corresponding section, X.Y.Z the relative subsection. The colors of sub-
sections and related measurements in Chapter 4 correspond to the scheme in
Chapter 3 to show which dataset(s) were used for measurements.
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Figure 4.2: Workflow of sample selection. Color-filled boxes show the subsections and
relative data, with blue for GPS data and orange for self-reported data. Gray-
filled boxes with rounded corners show the number of remaining person-days
for each selection step, while the number of excluded person-days and applied
criteria are shown in the red boxes.

_______
-~

-----
-

-
-
______

-
_-——-
________

(Step No.) Number of
excluded person-days
(criteria instruction)

Number of included
person-days

e p
4.2.1 GPS Validity d |
and Preprocessing SIS EERORCaiR (1) -505 person-days
\ J (Temporal coverage less
¢ »| than 12 hours)
4 )
4.2.1 GPS Validity |
and Preprocessing e (2) -434 person-days
' ' _ p, (Detected home location
¢ »| beyond the study area)
e ™

4.2.2 Home and

770 person-days |(3) -220 person-days

Life Space Detection hinggpeia
& J (Daily life space beyond the
¢ ) study area)
e N
2 alHome did 520 person-days |
Life Space Detection = ’ (4) -158 person-days
x | y, (No valid active trip(s)
detected
4 > :
e N
4.2.3 Travel Mode
Detestion 362 person-days |(5) -62 person-days
\ J (Missing daily self-rated
¢ > health indicators)

300 person-days
(from 60 participants)
N

26



Chapter 4 Methodology 4.2 Data Preprocessing Pipeline

reliably reflect individuals” daily mobility (Fillekes et al., 2019¢; Yu and Kwan,
2024). A 03:00:00 (HH:MM:SS) cut-point was further applied to minimize the
effects of short cross-midnight sampling in daily temporal coverage calculation
(Fillekes et al., 2019a). This criterion excluded 505 person-days with GPS time
coverage below 12 hours, yielding 1204 valid person-days (Step 1, fig. 4.2).

To denoise GPS fixes, speed outliers were detected and excluded. After calculat-
ing the speed between two consecutive GPS fixes in the unit of km/h, I applied an
iterative denoising procedure on each person-day’s GPS trajectory (Fillekes et al.,
2019a): for each iteration, the speed between consecutive fixes was calculated, and
segments exceeding 250 km/h — the maximum train speed in Switzerland (Swiss
federal authorities, 2024) — were flagged as outliers and then removed. The pro-
cess was repeated until the proportion of outliers per person-day converged to a
stable value.

4.2.2 Home and Life Space Detection

Computing home location is a prerequisite for measuring static green space ex-
posure and mobility indicators. I used the denoised GPS data to infer home lo-
cations for each participant. Building on the approach of Fillekes et al. (2019b)
and Fillekes et al. (2019c), I applied the Density-Based Spatial Clustering of Ap-
plications with Noise (DBSCAN) algorithm to the third and last GPS fixes of
each person-day, using a neighborhood radius of 60 m and a minimum-points
threshold of 3 (Ester et al., 1996). The first two GPS fixes of each person-day were
dropped to avoid inaccurate positioning that might occur at device reactivation.
Clusters were represented as polygons. I retained the two largest-area polygons
as candidate home clusters. For each participant, I counted all GPS fixes across
all person-days that fell within the polygon. The home location was assigned to
the polygon centroid (i.e., the mean projected coordinate) of the candidate clus-
ter whose fix count exceeded the other by at least two fixes. If this criterion was
not met, or neither candidate cluster contained any GPS fixes, home detection was

deemed ambiguous, and that participant was excluded from analyses.

After home detection, 97 out of 98 participants had valid home locations; 62 out
of 97 home locations were within the study area. Thus, 434 person-days were
excluded due to detected home locations outside the study area (Step 2, fig. 4.2),
with 770 person-days left. In addition, I restricted activity spaces (all GPS fixes
of a person-day) to the study area (Fillekes et al., 2019¢). I assumed that mobility
within this life space level can reflect a typical day of older adults. 520 person-days
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were retained from those same 62 participants (Step 3, fig. 4.2).

4.2.3 Travel Mode Detection

Considering active travel usually involves physical activities and direct, immersive
connections with green space, only person-days with valid active-travel trips were
utilized for dynamic green space exposure measurements (Doorley et al., 2015;
Wang et al., 2021a). There were three steps to extract person-days with valid active
trips using GPS fixes: (1) stop-move segmentation, (2) travel mode detection, and

(3) valid exposure extraction.

Stop-move segmentation. Following the stop-move segmentation algorithm by
Montoliu et al. (2013), which has been applied in recent MOASIS studies (Fillekes
et al., 2019a,b,c), person—-day GPS trajectories were further split at large gaps: a
chunk was first identified when the inter-fix time exceeded 1 hour or the step
length exceeded 300 meters. Within each chunk, starting at the first fix, subse-
quent fixes were accumulated while all remained within a 150-meter radius of
that start point; if the resulting duration was > 5 minutes, the segment was la-
beled a stop, otherwise too short. Segments labeled too short were treated as move
segments for subsequent steps (Vanwolleghem et al., 2016). Consecutive stops
were first merged when separated by moves lasting < 3 minutes, and were subse-
quently merged if the inter-stop time gap was < 1 hour and the median-to-median
distance was < 150 meters. Each stop was represented by the median projected

coordinates of its fixes and by its arrival and departure timestamps.

Travel mode detection. In line with Carlson et al. (2015) and Vanwolleghem
et al. (2016), I classified each “move” segment by its 90th-percentile speed (v90)
against two thresholds. Segments with v90 > 25 km/h were labeled passive (i.e.,
motorized) transport and those < 25 km/h active (i.e., non-motorized) transport.
Within the active class I further sub-labeled walking when v90 < 10 km/h ver-
sus cycling for 10 <v90 < 25 km/h. Finally, any single active segment flanked
by passive segments (a passive-active—passive pattern) was relabeled as passive
and merged with the adjacent passive stages into one continuous passive segment
(Schuessler and Axhausen, 2009). This post-processing step reduced spurious
mode switches caused by brief speed drops from congestion or traffic fluctuations.
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Valid exposure extraction. A valid exposure was defined as a trip in detected
active travel modes with either a minimum distance of 300 meters (Yoo et al., 2020)
or a minimum duration of 3 minutes (Lee and Kwan, 2019). After this extraction,
362 person-days from 62 participants with valid exposure(s) were retained, fi-
nalizing the GPS sample for subsequent integration with self-reported measures
(Step 4, fig. 4.2).

4.2.4 Self-Reports Validity

To examine the correlation between daily mental well-being and daily dynamic
green space exposure metrics, only person-days with the complete evening as-
sessment were retained. Applying this criterion, 62 person-days without evening
assessments were excluded from the sample (Step 5, fig. 4.2). Finally, 300 days
from 60 participants (Mean = 5, SD = 2.99) were utilized for analysis. As days
per participant were highly imbalanced (CV (coefficient of variation) = 0.6), 1
did not consider intra-individual heterogeneity via random or fixed effects in this

study.

4.3 Static Green Space Exposure

After home detection, two green space exposure metrics were calculated using the
green space area ratio (GSAR) based on the detected home location at different
life space levels: (1) home-based and (2) neighborhood.

GSAR is the ratio of green space area to the total area of a certain zone z (Yuetal.,

2024a), as given in eq. (4.1):

A green, z

GSAR™ = x 100 (4.1)

total, z

4.3.1 Home-based Static Green Space Exposure

Home-based static green space exposure was calculated as GSAR within a 50-
meter-radius buffer around the detected home location. Using the VHM intro-
duced in Section 3.3.1, the green space here was defined as the cells with a vege-
tation height > 5 cm (Eggimann, 2022).
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4.3.2 Neighborhood Static Green Space Exposure

Neighborhood static green space exposure was assessed as GSAR in areas reach-
able within 15 minutes of walking and cycling, respectively, from participants’
home locations. Three classes of habitat were defined as green space at the neigh-
borhood level: (1) class 4: grasslands, (2) class 5: woodland edges, tall herb com-
munities, shrubs, and (3) class 6: forests (Price et al., 2023). The detailed groups
within each class of green space are reported in Table A.1. The computation of 15-
minute walking/cycling reachable areas from home locations is described below.

The neighborhood zones (15-minute walking/cycling reachable areas from home
locations) were delineated by isochrone polygons. Isochrones are lines of equal
travel time (O’Sullivan et al., 2000). An isochrone map can visualize the area
accessible from a certain location, given a certain travel mode (and thus travel

speed) considering the restrictions of the road network (Dovey et al., 2017).

With the focus of this study on active travel, topographic factors should be con-
sidered when assessing individual accessibility (Valls and Clua, 2023). Given
that, Tobler’s Hiking Function (THF) was used to estimate the reachable areas
in a walking travel mode (Tobler, 1993), with eq. (4.2):

dh

Woatking = 6 o35 4% 10.05|
dh (4.2)
— =S =tané
dx

where W, 4/king is the walking speed [km/h], dh is the elevation difference, dx is the
distance, S is the slope, and 6 is the angle of slope (inclination). Equation (4.2)
was used for walking estimation. Based on that, I used an adjusted base speed
(25 km/h instead of 6 km/h) for cycling estimation (Monteiro et al., 2023), with

eq. (4.3):

dh
-3.5|5-+0.05
Weyeling = 25e |dx |

(4.3)
ﬁ =S =tand
dx

where W,y iin, is the cycling speed [km/h], dh is the elevation difference, dx is the
distance, S is the slope, and 6 is the angle of slope (inclination).
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With TLM and DEM introduced in section 3.2, a three-dimensional undirected
road network was generated in a 10-meter resolution (edge length) with vertices
and edges by sfnetworks (van der Meer et al., 2024). Three main steps were exe-
cuted: (1) Ifirst clipped the network to a circular buffer (radius: base speed x time
budget) based on the detected home location to limit the reachable area under a
constant speed without topography to improve the efficiency of the following cal-
culations. (2) For the clipped road network, I assigned each edge a baseline travel
time (edge length divided by mode-specific base speed). Using travel time for
each edge as weights, the nodes reachable from the home location in the clipped
network within time budget can be generated using tidygraph: :node_distance_
from() using Dijkstra’s algorithm (Dijkstra, 2022; Pedersen, 2024). Nodes within
the time budget were deemed reachable. Subsequently, I extracted the corre-
sponding shortest paths as candidate paths from the home to all reachable nodes
with sfnetworks: : st_network_paths() and retained the induced set of edges. (3)
Then, along each candidate path, I recalculated the travel time of each edge under
THF and the cumulative travel time from the home location. Once the cumula-
tive travel time reached the time budget (15 minutes), the reachable nodes were
extracted along each path. If not, all nodes along the path were retained and ex-

tracted.

Finally, all extracted nodes were combined and converted to a concave hull us-
ing the sf::st_concave_hull() in sf with alpha as 0.6 (Pebesma and Bivand, 2023;
Pebesma, 2018). The pseudocode of this approach was illustrated in Algorithm 1.
Figure 4.3 shows two examples of isochrone maps.

Figure 4.3: Two example isochrone maps of 15-minute walking (sky blue) and cycling
(orange) reachable areas from the home location used in this study. The shape
and area of isochrone polygons can be influenced by topographic factors (e.g.,
slopes, road network structures, etc.) around individuals” home locations. In
the left example, the reachable areas (unit: km?) were 2.45 for walking and
45.32 for cycling. The shape of both isochrone polygons is nearly round. In the
right example, however, the reachable areas (unit: km?) were 1.71 for walking
and 24.57 for cycling. The shape of both isochrone polygons is a half moon.
Note: home locations, coordinates, and participant IDs are anonymized.

31



Chapter 4 Methodology 4.4 Dynamic Green Space Exposure

4.4 Dynamic Green Space Exposure

For cloud-free images processed as described in section 3.3.3, negative NDVI pix-
els (indicative of non-vegetation) were masked as zero prior to analysis to prevent
distortion of NDVI values (Yu and Kwan, 2024).

Trip-level dynamic green space exposure. Valid active trips extracted accord-

ing to section 4.2.3 were used to compute dynamic green space exposure. For each
trip, GPS fixes were temporally matched to the closest preprocessed NDVI image
(nearest date). For each trip with k& GPS fixes, I computed at each fix i the mean
NDVI within a 50m circular buffer g. Considering each trip with trip duration
Tiot (minutes) and total trip distance Do (meters), I defined three trip-level in-
dices: (1) total green space exposure (TGE), (2) green space exposure per unit
time (UTGE), and (3) green space exposure per unit distance (UDGE).

k
TGEwip = ) i (4.4)
i=1
TGE;
UTGEyp = T P (per minute), (4.5)
TGE;
UDGEyip = P (per meter). (4.6)

where Ty is the total travel duration for each trip, and Dy is the total travel dis-
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Algorithm 1 THF-based T-Minute Walking/Cycling Reachable Area

Input: home H; graph G = (V,E) with geometry and Z; mode m ¢
{waLK, cycLE}; T (min)
Output: polygon of area reachable within T
vg « 6if m =wark else 28 (km/h); T; « 60T
(1) Spatial prefilter: constant speed without topographic factors
r«— (v9/3.6) T > meters
G’ «— G N Buffer(H,r) > clip graph to circle
(2) Base pass: constant speed under the road network
for e € E(G’) do
w0 «— £,/ (v/3.6) > seconds
end for
Run Dijkstra from H with weights w?
Keep shortest-path tree £ to nodes with 7y < 7y and frontier edges
(3) Refine on paths: slope-aware speed
S—0o
for path p € Py from H do
t—0
for edge e = (u,v) along p do
Z(V)EZ(M)
Ve — (VO e—3.5|sg+0.05|)/3.6 >m/s
At — €, /v,
if t + At < T, then
add fulleto S; ¢t «—t+ At
else
add prefix of e at fraction f = (T; —t)/At to S; break
end if
end for
end for
(3) Isochrone
Dissolve S to nodes, polygonize, then apply ConcaveHuLL — isochrone polygon

Se <
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tance for each trip.

Daily dynamic green space exposure. For each person-day, three trip-level green
space exposure indices were aggregated into a daily level. For person p on day d,
75,4 denotes that day’s set of active trips. The following metrics were used to mea-
sure daily dynamic green space exposure:

TGEy 4= ). TGEuip,, (4.7)
te‘];,,d

UTGEpq = ) UTGEup,, (4.8)
t€7;,,d

UDGE, 4= ) UDGEip,. (4.9)
t€7;,,d

All computations for dynamic green space exposure above were repeated with
alternative buffer radii (30, 100, 300, and 500 meters) to ascertain the robustness
of the results (Browning and Lee, 2017; Yoo and Roberts, 2022; Yu and Kwan,
2024).

Daily mobility indicators aggregation. Five daily mobility indicators consider-
ing diverse contexts were derived from active trip(s) for each person-day, labeled
from (a) to (e) in table 4.2.

Spatial Context. For each active trip, I computed a trip-level mean distance to home
as the average distance from each GPS fix in the trip to the detected home loca-
tion. Consequently, for each person—day, I computed a daily mean distance to
home as the average of that day’s trip-level means. To classify spatial mobility, I
defined (a) neighborhood by dichotomizing the person—-day values at the sample
median of the daily mean distance to home: person—-days with values < median
were labeled (a.1) within-neighborhood, and those > median were labeled (a.2)
beyond-neighborhood.

Temporal Contexts. According to recent dynamic green space exposure studies
(Xie et al., 2023; Yoo and Roberts, 2022), three mobility indicators in temporal
contexts were defined at the person-day level as: (b) travel time: the time band
(HH:MM:SS) with the longest travel duration ((b.1) 06:00:00-11:59:59, morning;
(b.2) 12:00:00-17:59:59, afternoon; (b.3) others, evening), (c) trip frequency—(c.1)
high or (c.2) low via median split of trips per person-day (< median = low), and
(d) weekday (whether a person-day was on (d.1) a weekday or (d.2) the week-
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end).

Travel Mode. Finally, (e) daily travel mode was stratified by mode(s) from all
trip(s) into three classifications: (e.1) cycle only, (e.2) cycle and walk, and (e.3)

walk only.
Table 4.2: Mobility aggregation from trip level to daily level.
Daily Description Factors
Mobility
Indicators
Spatial Context
(a) Neighborhood By median of "mean distance to (1) Within
home" of all trips for a person-day  (2) Beyond
Temporal Context
(b) Travel Time The daytime period with the (1) Morning
longest travel duration for a (2) Afternoon
person-day (3) Evening
(c) Trip Frequency By median of the count of trips for (1) High
a person-day (2) Low
(d) Weekday Weekday or weekend for a (1) Weekday
person-day (2) Weekend

Travel Mode

(e) Daily Travel
Mode

The aggregation of all trips for a
person-day

(1) Cycle only
(2) Cycle and walk
(3) Walk only

4.5 Daily Mental Well-being

Daily subjective health was utilized as the daily mental well-being variable, eval-
uated through a question on a 7-point Likert scale in the evening assessment. Re-
spondents were asked, "How would you rate your health today (range from 1 [Very
bad] to 7 [Very good])?" This indicator is considered valid and reliable, which
can measure overall health status for older adults (Benyamini et al., 2003; Schiiz
etal., 2011).

35



Chapter 4 Methodology 4.6 Sociodemographic Variables

4.6 Sociodemographic Variables

According to studies examining relationships between green space and mental
outcomes (Lyshol and Johansen, 2024; Yu and Kwan, 2024), I included the fol-

lowing variables as sociodemographic covariates:

B sex: male vs female;
m age: chronological age in years;

m highest education level: reclassified to (1) less than secondary, (2) secondary,
and (3) tertiary, according to the international standard classification of ed-
ucation in the Swiss context (Faeh et al., 2010; Schneider, 2013);

m individual monthly net income: classified aslow (< 4,000 CHF), medium (4,001-
8,000 CHF), and high (> 8,000 CHF);

m employment: retired vs part-time employment;

m marital status: categorized as long-term or registered relationships (long-

term relationships and married) vs others (single, widowed, or divorced);

m general health: assessed using a question from the SF-12: “In general, would you
say your health is...” on a five-point Likert scale (1 = poor to 5 = excellent)
(Lawton and Brody, 1969; Ware et al., 1996).

4.7 Statistical Analysis

To answer RQ1, I began with descriptive statistics to summarize the characteristics
of multiple green space exposure metrics. Static metrics were defined at the in-
dividual level, whereas dynamic metrics were computed at the person-day level.
For subsequent person-day analyses, each participant’s static exposure value was
aggregated to all of their days, so that every person-day inherited the same static
value for that participant. I adopted this time-invariant specification because the
green space data (VHM and the habitat map) used to derive static exposure can-
not resolve day-to-day changes within the 15-day activity sampling window used
in the MOASIS study, and thus cannot provide a dynamic residential context
aligned with the person-day data.

To comprehend the patterns of green space exposure, I began with static ones.
First, I dichotomized each metric (home-based, 15-minute walking, and 15-minute-
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cycling GSAR) at the individuals’ sample median and compared the low vs. high
groups using the Wilcoxon rank-sum (Mann-Whitney) test. The significant dif-
ference confirmed the validity of the low and high static green space exposure
grouping for subsequent analyses. Second, regarding the uncertain geographic
context problem (UGCoP) in the three residential contexts within participants
(Kwan, 2012), I used a repeated measures analysis of variance (rmANOVA) to
determine if the mean exposure levels differed significantly across these three
residential contexts. Given that daily mobility indicators were aggregated into
groups, I used the Kruskal-Wallis test to compare the distributions of daily dy-

namic green space exposure metrics across mobility-indicator groups.

Finally, the reliability of person-day TGE across different buffer sizes (30 m, 50 m,
100 m, 300 m, 500 m) was assessed using the Intraclass Correlation Coefficient
(ICC). I quantified agreement between person-day TGE computed with alterna-
tive buffer radii by calculating two intraclass correlations for each pairwise com-
parison with 50-meter-radius values as the reference: absolute agreement, ICC(A,1),
and consistency, ICC(C,1), both with 95% confidence intervals (Jimenez et al.,
2022; McGraw and Wong, 1996). Because at a person-day level, UTGE and ULGE
were normalizations of TGE by the same denominators: trip duration and trip
distance, these denominators were independent from the buffer radius. The im-
pact of buffer choice was consistent across all three green space indices for each
person-day. Consequently, the evaluation of the buffer-radius agreement for TGE

was considered adequate.

To address RQ2, I employed a daily (person-day) frame for analysis. Given that
all green space exposure metrics were continuous variables, the Pearson correla-
tion coefficient was applied to examine the correlation between dynamic and static
green space exposure metrics. I applied multivariate linear regression models at
the person—day level with dynamic green space exposure as the outcome, includ-
ing static green space exposure and mobility indicators as predictors to estimate
their adjusted associations in Equation 4.10:

Dynamic Green Space Exposure,q = (4.10)
ao + a1Static Green Space Exposure,q + ayMobility Indicators,q + € .

where p represents the person (individual), d the study day, and € the error of
the model.

To answer RQ3, the Spearman rank correlation coefficient was used to examine
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the association between daily self-rated health (an ordinal variable) and daily dy-
namic green space exposure metrics. In accordance with the preceding analysis,
individual sociodemographic factors were aggregated to the person—-day panel.
Using sociodemographic contexts as covariates, multivariate linear regression mod-

els were utilized for analysis as expressed in Equation 4.11:

Daily Sub jective Health,g = (4.11)

bo + biDynamic Green Space Exposure,q + byCovariate,, + €

where p denotes the person (individual), d the study day, and e the error of the
model.
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CHAPTER 5

RESULTS

5.1 Descriptive Statistics

Table 5.1 displays the sociodemographic characteristics of the participants. The
average age of the participants was 76.15 (SD = 5.13) years. Above half of the
participants were female (61.67%). Most of the participants were retired (85%).
Approximately half of the participants (45%) were classified within the medium
income group. Slightly more than half (53.33%) of the participants were married
or had along-term partnership. Of all the participants, 53.34% possessed a tertiary
level of education. The overwhelming majority of participants (95%) reported ex-
periencing good or better general health. Sociodemographic characteristics from
the original questionnaires including all 113 MOASIS participants are presented
in table B.2. Person-day distributions closely matched participant-level distribu-
tions (max absolute difference 11.3 percentage points (pp) in marital status, all
others < 5.3 pp). Given that these characteristics were inherently constant over

the sampling period, I propagated them to each person-day as covariates.

5.2 Green Space Exposure Metrics

5.2.1 Static Green Space Exposure Metrics

Descriptive statistics of the individuals” static green space exposure variables are
presented in table 5.2, with table 5.3 showing the comparison between high and
low static green space exposure metrics grouped by median value under the Wilcoxon
rank-sum test. The results indicate that there were significant differences among
all static green space exposure metrics. This participant-level grouping was then
propagated to the person-day dataset. Each person-day observation was assigned

to the static green space group (low or high) of its corresponding participant.
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5.2 Green Space Exposure Metrics

Table 5.1: Sociodemographic characteristics of the participants.

Variables Description Number Number
(Proportion) (Proportion)
of People of Days
(N=60) (N=300)

Gender Male 23 (38.33%) 112 (37.33%)

Female 37 (61.67%) 188 (62.67%)

Age 65-74 24 (40.00%) 134 (44.67%)

75-84 31 (51.67%) 148 (49.33%)

> 85 5 (8.33%) 18 (6.00%)
Employment Part-time employment 9 (15.00%) 44 (14.67%)

Retired 51 (85.00%) 256 (85.33%)

Individual Low 21 (35.00%) 90 (30.00%)

monthly (< 4,000 CHF)

net income Medium 27 (45.00%) 142 (47.33%)

(4,001 - 8,000 CHF)
High 16 (26.67%) 88 (29.33%)

Education

Marital status

General health

(> 8,000 CHF)

Less than secondary
Secondary

Tertiary

Missing data

Long-term or
registered partnership
Others

Fair
Good

Very good
Excellent

3 (5.00%)
23 (38.33%)
32 (53.34%)
2 (3.33%)

32 (53.33%)

28 (46.67%)
3 (5.00%)
18 (30.00%)
31 (51.67%)
8 (13.33%)

12 (4.00%)
113 (37.67%)
171 (57.00%)
4 (1.33%)

194 (64.67%)

106 (35.33%)

17 (5.67%)
76 (25.33%)
151 (50.33%)
56 (18.67%)

Figure 5.1 presents the comparison of static green space exposure between three
residential contexts under rmANOVA. It revealed a significant main effect of spa-
tial context on static green space exposure (F(1.68,99.38) = 29.07, p < .0001).
The large effect size (Té = .17) indicated that static green space exposure metrics
under the three residential contexts were significantly different for the partici-
pants.

5.2.2 Dynamic Green Space Exposure Metrics

Table 5.2 presents descriptive statistics for daily dynamic green space exposure.
The metrics exhibit a highly skewed distribution and considerable variability across
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Table 5.2: Descriptive statistics of multiple green space exposure metrics.

Variables N Min Max Mean SD
Static

Home-based 60 17.88 71.99 46.43 11.47
GSAR (%)

15-minute-walking 60 16.96 74.70 48.50 11.36
GSAR (%)

15-minute-cycling 60 43.02 73.78 57.27 8.40
GSAR (%)

Dynamic

Total Volume 300  0.00 9786.30 1121.20 1717.45
(TGE)

Distance-weighted 300  0.00 16.93 1.09 1.61
(UDGE)

Time-weighted 300  0.00 488.40  86.78 78.35
(UTGE)

Table 5.3: Differences in low and high static green space exposure metrics under Wilcoxon
rank—sum test.

Variables Group Mean (SD) P-value

and significance
GSAR (%) Low (n=30)  37.70 (1.43) <0.001%**
(home)

High (n=30)  55.16 (1.28)
GSAR (%) Low (n = 30) 39.32 (1.33) <0.001***
(15-minute walk)

High (n=30)  57.66 (1.08)
GSAR (%) Low (n = 30) 49.80 (0.66) <0.001***

(15-minute cycle)
High (n=30)  64.75 (0.70)

*p < 0.05,* p < 0.0, ** p < 0.001.

person-days.

Table 5.4 provides the outcomes of the Kruskal-Wallis test comparing daily dy-
namic green space exposure across mobility-indicator groups, with detailed com-
parison plots in appendix D. Specifically, I found significant between-group differ-
ences for three indicators: (1) beyond-neighborhood person-days had higher me-
dian dynamic green space exposure than within-neighborhood person-days; (2)
dynamic green space exposure metrics in high-frequency person-days exceeded

low-frequency person-days; and (3) person-days including walking (walking only,
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Anova, F(1.68,99.38) = 29.07, p = <0.0001, r]g =017
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Figure 5.1: Static green space exposure metrics (GSAR, %) across spatial contexts: Home
(50 m buffer), 15-minute walking (THF isochrone), and 15-minute cycling (THF
isochrone with adjusted speed). Boxes show medians and interquartile ranges;
points are participants (persons) (N = 60); grey lines connect the same par-
ticipant across contexts. A repeated-measures ANOVA showed a main effect
of context, F(1.68, 99.38) = 29.07, p < 0.0001, ni, = 0.17. Bonferroni-adjusted

paired tests indicated cycling > home (p = 1.39 x 10~7) and cycling > walking
(p = 7.65 x 10710), whereas walking ~ home (p = 0.594).

walking and cycling) showed higher exposure than cycling-only person-days. In
contrast, dynamic green space exposure metrics did not differ markedly between
weekdays and weekends, and no pronounced differences were detected across

travel time categories.

Table 5.5 presents the results of the pairwise ICC analysis comparing various
buffer sizes to the 50-meter-radius reference. Absolute agreement (ICC(A,1)) and
consistency (ICC(C,1)) were excellent (ICC > 0.9) for all buffer pairs, indicating
that all buffers produced nearly identical TGE values. Thus, dynamic green space

exposure metrics were robust to various buffer-radius choices.
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Table 5.4: The statistical results of mobility contextual differences in dynamic green space
exposure patterns under Kruskal-Wallis test.

Variables TGE Sig. UTGE Sig. UDGE Sig.
(median) (p) (median) (p) (median) (p)

Spatial Context

Neighborhood 0.000*** 0.000*** 0.000***
(median of daily mean
distance to home:

528.90 m)
Within (n = 149) 280.95 43.24 0.50
Beyond (n = 151) 957.39 80.38 0.81
Temporal Contexts
Trip Frequency 0.0007*** 0.000*** 0.0007***
(median of daily
trip frequency: 2)
Low (n =168) 192.26 35.01 0.32
High (n = 132) 1093.07 127.83 1.34
Travel Time 0.72 0.47 0.17
Morning (n = 137) 499.48 64.99 0.57
Afternoon (n = 133) 458.70 63.29 0.69
Evening (n = 30) 635.13 68.00 0.53
Weekend 0.79 0.68 0.34
True (n =78) 378.44 62.19 0.34
False (n = 222) 502.33 64.93 0.63
Travel Mode
Daily Travel Mode 0.000*** 0.000%** 0.0007%**
Cycle & walk (n = 110) 898.73 105.49 1.05
Cycle only (n = 100) 191.31 34.68 0.23
Walk only (n = 90) 667.88 58.13 0.93

Sig.: significance.
*p <0.05* p <0.01,** p <0.001.

5.3 Associations between Green Space Exposure

Metrics

Pearson correlations among the green space exposure metrics are reported in ta-
ble 5.6. Neighborhood-level static green space exposure metrics were positively
associated with dynamic green space exposure metrics (minimum rp = 0.18, all
p <0.001). By contrast, home-based static exposure showed little correspondence
with dynamic exposure: correlations were not statistically significant for any dy-

namic metric except the distance-weighted measure, which was weak but signifi-
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Table 5.5: Intraclass correlations comparing TGE at other-size buffers to a 50-meter-
radius reference. ICC(A,1) = two-way random-effects, absolute agreement;
ICC(C,1) = two—way mixed-effects, consistency. Each row reports the ICC be-
tween the listed buffer and the 50 m buffer.

Radius of circular buffer (m) ICC(A1) ICC(C1)

Value 95% CI Value  95% CI
30 1.00*** [1.00,1.00] 1.000*** [1.00, 1.00]
100 1.00*** [1.00,1.00] 1.000*** [1.00, 1.00]
300 0.99*** 10.99,1.00] 0.99***  [0.99,0.99]
500 0.99*** [0.99,1.00] 0.99***  [0.99,0.99]

ICC < 0.5 poor, 0.5-0.75 fair, 0.75-0.9 good, > 0.9 excellent.
*p <0.05,** p <0.01, ** p < 0.001.

cant (rp = 0.13, p < 0.01).

Table 5.6: Results of correlation test: green space exposure variables.

GSAR GSAR

Variable GSAR (15-min  (15-min UTGE UDGE TGE
(home) . .
walking) cycling)
Static
Home
GSAR (home) 1.00
Neighborhood

GSAR (15-min walking) 0.49**  1.00
GSAR (15-min cycling)  0.18* 0.67** 1.00

Dynamic

UTGE 0.03 0.21" 0.22*  1.00

UDGE 0.13* 0.22* 0.23**  0.70™ 1.00

TGE -0.09 0.18" 0.24> 075" 047" 1.00

Note. * p < 0.05,** p < 0.01, *** p < 0.001 (two-tailed t-test).

I analyzed day-level dynamic green space exposure (TGE, UTGE, UDGE) using
multivariate linear regression with static exposure and mobility indicators as pre-
dictors. Because mobility indicators were modeled as categorical groups, I like-
wise dichotomized static exposure at the sample median (low vs high, according
to table 5.3) to avoid overdispersion. Subsequently, only mobility that showed
between-group differences (neighborhood, trip frequency, and daily travel mode
table 5.4) were included in the regression analysis along with the static green

Space exposure.

Results of linear regression analysis are reported in table 5.7. Models 1-3 included
all static exposure groups (home-based, 15-min walking, 15-min cycling) with
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Chapter 5 Results 5.3 Associations between Green Space Exposure Metrics

Table 5.7: Regression on dynamic green space exposure under static green space
exposure and mobility indicators.

(1) (2) (3) (4) (5) (6)
TGE UTGE UDGE TGE UTGE UDGE

Coef. Coef. Coef. Coef. Coef. Coef.
(SE) (SE) (SE) (SE) (SE) (SE)

Static Green
Space Exposure
Group

Home-based -539.6** -7.80 —-0.04
(reference: low)

(164.70) (6.12)  (0.19)

15-minute walk 391.70* 20.33**  0.41*  399.00* 20.44**  0.41*
(reference: low)

(180.9)  (6.73)  (0.17) (189.00) (6.75)  (0.17)

15-minute cycling  520.9**  26.60***  0.59***  502.90** 26.32*** (.59***
(reference: low)

(181.5)  (6.75) (0.17) (189.40) (6.76) (0.17)
Mobility
Indicator Groups
Spatial Context

Neighborhood 686.70***  9.07 0.03
(reference:

beyond
neighborhood)

(169.30) (6.29)  (0.16)
Temporal Context

Trip Frequency 1374.6*** 98.77%**  1.26"** 1604.60***101.86*** 1.27***
(reference: low)

(195.20) (7.26)  (0.19) (198.00) (7.07)  (0.18)
Daily Travel Mode

(reference: cycle
only)

Walk only 722.70%% 28.27%*  115%*  692.10%* 27.76** 1.15%**
(210.80) (7.84)  (0.20) (218.00) (7.78)  (0.20)

Walkand Cycle 25570  28.65***  0.51*  211.60 28.00***  0.51*
(223.90) (8.33)  (0.21) (233.40) (8.33)  (0.21)

R2 0.34 0.56 0.31 0.28 0.56 0.31
R2 Adj. 0.33 0.55 0.29 0.27 0.55 0.29
RMSE 1409 53.83 1643 1472 74.08 26.32

2 SE: standard error in parentheses

b+ p <0.1,* p <0.05, ** p <0.01, * p <0.001
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neighborhood, trip frequency and daily travel mode as mobility indicators. After
estimating these full models for the three dynamic outcomes, I dropped home-
based static green space exposure and the neighborhood group and retained only
predictors that were consistently significant across all outcomes. Models 4-6,
therefore, report the reduced specification using the remaining static exposure
and mobility predictors, with the same reference categories as in Models 1-3.
Generalized variance inflation factors (GVIF < 1.42) suggest that multicollinear-
ity is not serious among the predictors among all six models. Across models, the
R? and adjusted R? ranged from 0.27 to 0.56, indicating moderate explanatory
power. Under the assumption that other predictors remain constant, person-days
with higher neighborhood static green space exposure (15-min walking or cy-
cling reachable areas) showed consistently higher dynamic exposure metrics. In
the mobility contexts, dynamic green space exposure was higher on person-days
with high trip frequency and walking.

5.4 Associations between Well-being and Dynamic

Green Space Exposure

The Spearman rank correlation coefficient was used to assess correlations between
daily subjective health and dynamic green space exposure metrics (table 5.8).
Only daily total green space exposure shows a significant positive correlation (rSP
=0.17, p < 0.01) with daily subjective health. To further examine the effects of so-
ciodemographic factors on daily subjective well-being, later models used other
person-day sociodemographic features as independent variables, with the daily
total green space exposure in dynamic green space exposure metrics as the co-

variate.
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Table 5.8: Association between daily dynamic green space exposure and daily

subjective health.
Daily subjective health
Spearman r P-value and
significance
Total green space exposure 0.17 0.003**
Distance-weighted green space exposure -0.01 0.92
Time-weighted green space exposure 0.06 0.28

*p < 0.05,* p < 0.01, ™ p < 0.001

Table 5.9 shows the associations of daily subjective health with daily total green
space exposure and sociodemographic factors. Model 7 included all sociodemo-
graphic factors, which indicates that age, employment, and marital status have
nonsignificant associations with daily subjective well-being. Given that, Model 8
only considered the significant sociodemographic factors determined from Model
7. Variance inflation factors (VIF < 1.52) suggest that multicollinearity is not se-
rious among the predictors in Models 8 and 9. The overall fitting effect of both
models was deemed moderate (R?> = 0.48-0.49; adjusted R*> = 0.47). Outcomes
from both Model 8 and Model 9 reveal that female sex (compared with male),
higher income, and better baseline general health were positively associated with
daily subjective health, whereas education showed a negative coefficient. These
estimates reflect conditional associations holding other covariates constant.
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Table 5.9: Regression of daily subjective health on dynamic green space exposure
and sociodemographic characteristics.

7) (8)
Daily Daily
subjective health subjective health
Coef. (SE) Coef. (SE)

Dynamic

Green Space Exposure

Daily total 0.00 0.00*

green space exposure (0.00) (0.00)

Sociodemographic

Contexts

Gender (female) 0.23* 0.24*
(0.10) (0.09)

Income 0.40%** 0.38***
(0.07) (0.07)

Education -0.15** -0.13**
(0.05) (0.05)

General Health 0.72%** 0.74%**
(0.06) (0.05)

Age 0.00
(0.01)

Employment —-0.10
(0.07)

Marital Status (long-term 0.06

or registered partnership) (0.10)

Intercept 0.96 0.21
(0.95) (0.30)

R2 0.49 0.48

R2 Adj. 0.47 0.47

RMSE 0.73 0.73

2 SE: standard error in parentheses
b *p <0.05, ** p <0.01, ** p <0.001
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CHAPTER 6

DISCUSSION

This chapter offers a synopsis of the primary findings and their critical interpre-
tation. There are three main components in this chapter to address each RQ, with
section 6.1 and section 6.2 covering green space exposure patterns (RQ1), sec-
tion 6.3 devoted to the association between dynamic and static green space ex-
posure metrics (RQ2), and section 6.4 discussing the relationship between daily
mental well-being and dynamic green space exposure (RQ3).

6.1 Residential Static Green Space Exposure

My results showed that home-adjacent (50-meter circular buffer) and neighbor-
hood (areas reachable within 15 minutes of walking and cycling) static green
space exposure metrics can diverge substantially, consistent with the UGCoP: res-
idential green space exposure estimates vary with spatial contexts (Kwan, 2012).
Similar scale-dependent differences were reported in prior work about older adults,
that spatial context in neighborhood green space measurements may influence the
health outcomes (Yoo et al., 2024). Thus, home and neighborhood can be different
residential contexts regarding static green space exposure measurements.

6.2 Mobility Factors Influencing Daily Dynamic

Green Space Exposure

Different buffer sizes did not show significant impacts on daily dynamic green
space exposure in this study, despite the potential influence of spatial scale sen-
sitivity suggested by previous literature (Markevych et al., 2017). Thus, I further
discuss the effects of daily mobility indicators on dynamic green space exposure
in three aspects: (1) spatial, (2) temporal, and (3) travel-mode context(s). The
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Chapter 6 Discussion 6.2 Mobility Factors Influencing Daily Dynamic Green Space Exposure

following subsections will discuss each aspect accordingly.

6.2.1 Spatial Context

In the spatial context, I found a "compensatory" exposure pattern: the older adults
in the MOASIS sample can generate a higher green space exposure when they are
beyond (compared to within) their neighborhoods. The neighborhood threshold
in this study was 528.90 meters. This finding accords with recent dynamic green
space exposure studies that employees may compensate for green space exposure
by traveling farther from their workplaces, rather than to nearby places (Wang
et al., 2021a; Xie et al., 2023). A potential explanation for "compensatory" expo-
sure in older adults may be found in their travel patterns. Hirsch et al. (2016)
reported that compared with older adults’ close neighborhood (400 or 800-meter
circular buffer), their GPS-based activity places had a higher destination density
and diversity. Given that, the MOASIS older adults may perceive environments
outside their immediate neighborhood as more attractive. Consequently, they are
more likely to undertake active trips beyond their neighborhood that are longer

in time or distance, increasing their dynamic green space exposure.

6.2.2 Temporal Contexts

Regarding temporal contexts, my first finding is that high travel frequency can en-
hance dynamic green space exposure. A plausible explanation is the high base-
line greenness of the study area (the Canton of Zurich), with 29.1% forest and
1.4% woodland cover (Federal Statistical Office, 2016). In such a context, more
frequent trips readily translate to greater cumulative green space exposure. This
finding aligns with Xie et al. (2023), who found a positive association between
trip frequency and total green space exposure. My operationalization of ‘trip in-
tensity” differs, however: I defined low trip frequency as < 2 trips. Whereas Xie
et al. (2023) dichotomized frequency as 1 trip (low) versus 2 trips (high) to re-
flect commuters’ typical workday travel patterns. This distinction underscores
the importance of sample selection and threshold choices in dynamic green space

exposure assessment.

In addition, my results revealed no significant differences in daily dynamic green
space exposure across different travel time periods (morning, afternoon, evening)
or between weekdays and weekends. This finding contrasts with studies of younger

commuters, which found significant variations based on temporal patterns (Xie
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et al., 2023; Yoo and Roberts, 2022; Zheng et al., 2024a). A key factor explaining
this inconsistency is likely the age profile of our sample (adults aged 65 or older),
with 85% fully retired (Table 5.1). Unlike working-age commuters, older adults
often have more flexible schedules, leading to weaker temporal structuring of their
mobility (Pasanen etal., 2021). For instance, retirees’ physical activity patterns of-
ten do not differ between weekdays and weekends (Pasanen et al., 2021). Older
adults’ daily trips can be distributed across a wider time interval compared with
younger adults (Shen et al., 2017). This relative lack of time constraints may effec-
tively diminish the temporal contrasts in dynamic green space exposure observed
in aging populations.

6.2.3 Travel-Mode Context

A particularly novel finding of this study is that travel mode significantly influ-
ences the magnitude of daily dynamic green space exposure, with walking gen-
erating higher exposure levels than cycling. While most dynamic exposure as-
sessments incorporate spatial and temporal constraints, the role of travel mode
has been largely overlooked. For instance, Wang et al. (2021a) incorporated both
walking and cycling trips but did not differentiate between them.

My findings can be well-supported by principles of environmental exposure sci-
ence. For instance, Adams et al. (2016) found that the cycling trip dose was signif-
icantly lower than the walking trip dose of PM; 5. Similarly, Mainka et al. (2025)
reported that the NO, dose normalized by distance for walking was significantly
higher compared to cycling.

A potential explanation for this effect is travel speed. The dynamic green space
exposure metrics used in this study reflected cumulative exposure during active
trips. Holding spatiotemporal factors constant, slower-speed travel extends time
spent in a given environment and therefore increases cumulative green space ex-
posure. Consequently, walking can facilitate a higher accumulation of green space

exposure than the faster mode of cycling.
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6.3 Associations between Dynamic and Static Green

Space Exposure

My results indicate a positive correlation between daily dynamic green space ex-
posure and static residential exposure for the older adults in the MOASIS sam-
ple. This accords with prior work (Wang et al., 2021b; Yoo and Roberts, 2022) and
with Marquet et al. (2023), who—using NDVI and focusing on older adults—also
found higher average daily dynamic exposure in greener home neighborhoods.
Two potential mechanisms, related to the active-travel-based measurement in this
study, may explain this correlation. First, an age-related mobility pattern is likely
a key factor. Older adults tend to undertake a higher proportion of home-based
(start from home) walking trips compared to younger groups (Watson et al.,
2021). This pattern may also apply to older adults’ cycling trips. Consequently,
greater residential greenness directly elevates the greenness encountered during

daily travel.

Second, the well-established link between neighborhood greenery and increased
physical activity (Douglas et al., 2017) is also relevant for older adults (De Kei-
jzer et al., 2020). Higher residential greenness may encourage more frequent or
longer active trips within the neighborhood. Therefore, a greener residential en-
vironment not only provides exposure but also promotes the very behaviors that
lead to greater daily dynamic green space exposure in this population. Together,
these mechanisms suggest that residential greenness can promote higher dynamic

exposure among older adults.

However, no significant correlation was found between home-level static expo-
sure and dynamic exposure. This suggests that these metrics capture fundamen-
tally different aspects of the green space exposure. As discussed in section 6.1,
static exposure can vary significantly between the home location and the broader
neighborhood. Thus, a weak correlation between home-level static and dynamic
exposure is plausible.
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6.4 Daily Well-being and Dynamic Green Space

Exposure

6.4.1 Mental Outcomes from Dynamic Green Space Exposure

My results suggest a potentially beneficial impact of dynamic green space expo-
sure on the mental well-being of older adults in our sample. In the domain of
evaluating mental outcomes from dynamic green space exposure, however, this
finding was inconsistent with recent studies. For instance, Yu and Kwan (2024)
concluded that mental stress was negatively correlated with distance-weighted
dynamic green space exposure but not significantly associated with total volume
green space exposure. Similarly, Liu et al. (2023b) indicated that dynamic green
space exposure can be positive to overall health but not significant. Apart from
potential differences in study contexts (Hong Kong vs. the Canton of Zurich), sev-
eral key methodological differences may explain this discrepancy. First, the sam-
ple composition differs critically; this study focused exclusively on older adults,
whereas the compared studies included general populations. Second, they em-
ployed different green space representations (GVI and log-scaled NDVI) for dy-
namic measurements. Third, the temporal alignment of measures may be deci-
sive. This study used a daily frame for both dynamic green space exposure and
well-being assessment, but they used mental indicators with different temporal
intervals (e.g., a 4-hour exposure window versus a single questionnaire). Fourth,
active-travel-based dynamic green space exposure in this study may provide a nu-
anced exposure assessment for individuals, which can capture health and well-
being outcomes from green space exposure better than ones that ignore travel

modes.

6.4.2 Green Space and Healthy Aging

Within the domain of green space and healthy aging, the positive association be-
tween daily subjective health and dynamic green space exposure identified in this
study aligns with a growing body of evidence linking green space to improved
mental health and well-being in older adults (Astell-Burt and Feng, 2019; Han
et al.,, nd; Lau et al., 2021; Luo et al., 2024). This finding may also help resolve
an inconsistency in the literature. While Zhou et al. (2020) found no signifi-
cant direct relationship between NDVI-based neighborhood greenness and men-
tal health among older adults, this study suggests that the dynamic exposure ac-
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crued during active travel may be the crucial mechanism.

In this study, dynamic green space exposure was evaluated based on older adults’
active trips. This active-travel-based metric potentially captures the synergistic ef-
tects of physical activity and green space exposure—simultaneously engaging the
theoretical pathways of instoration (through activity) and restoration (through
green space contact) (Markevych et al., 2017). Consequently, this study adds
a critical nuance to previous MOASIS project findings. Where Luo et al. (2023)
found that mere active-travel duration was insignificant for daily well-being, my
results imply that the environmental quality of that travel (i.e., its green space ex-
posure) is a key factor. This suggests that greener active travel routes may be more
impactful for day-to-day well-being than active travel time or distance alone.

Finally, this study underscores that an individual’s general health is a vital fac-
tor in mediating green space benefits, which accords with Lyshol and Johansen
(2024). Given the mixed evidence surrounding other sociodemographic charac-
teristics (Pun et al., 2018; Yoo et al., 2024), future research should prioritize un-
raveling the complex interplay between these factors and dynamic green space

exposure to better understand for whom these benefits are most potent.
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CHAPTER 7

CONCLUSION

7.1 Contributions

This work contributes to the existing body of knowledge by providing new in-
sights into evaluating mobility-based green space exposure considering different
active travel modes. The results from this study support that green space can ben-
efit older adults’ health and well-being. Neighborhood green space might be a key
investment for cities that want to create a positive influence on healthy aging. This

study has made several contributions:

m A comprehensive pipeline for GPS data processing in dynamic green space

exposure analysis.

m A workflow of green space exposure measurements focusing on natural land-
scape (vegetation).

m A novel THF-based isochrone polygon generation method using road seg-
ment data and taking into account topography (DEM, TLM).

m Integration of dynamic green space exposure measurements with detected

active trips.

m Exploration of the effects of daily mobility on dynamic green space exposure

metrics, including spatiotemporal and travel-mode factors.

m Evaluation of the association between mental well-being and dynamic green
space exposure metrics at a daily level, regarding sociodemographic charac-
teristics.
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7.2 Main Findings

There are three main findings in this thesis: (1) daily travel mode can influence
daily dynamic green space exposure of older adults (as represented by the MOA-
SIS sample); (2) dynamic green space exposure is positively associated with the
static neighborhood-level green space exposure rather than the one at home-level;
(3) daily self-rated health is positively correlated with the total volume of dy-
namic green space exposure, but not with distance-weighted and time-weighted

measures.

With respect to the research questions, the findings can be summarized as follows.

RQ 1

What are the levels and patterns of green space exposure

among older adults during the study period?

The static green space exposure metrics under different residential (home
and neighborhood) contexts were significantly different among individuals.
Among the metrics, the high and low static green space exposure metrics

grouped by the median value were significantly different.

The daily dynamic green space exposure metrics were influenced by several
mobility factors. High trip frequency (compared with low), activity space be-
yond the neighborhood (compared with within), and daily travel with walk-
ing (compared with cycling only) can significantly improve dynamic green
space exposure. However, there was no significant difference in dynamic
green space exposure with respect to daily dominant travel time or between
weekdays and weekends.

[(®Qz )

To what extent are dynamic and static measures of green

space exposure correlated among older adults?

Daily active-travel-based dynamic green space exposure was positively corre-
lated with neighborhood static ones (reachable areas within 15-minute walk-
ing or cycling). However, there was no significant relationship between the
dynamic and static home-based (50-meter circular buffer) green space expo-

sure.
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E )

How strongly is mental well-being among older adults as-

sociated with different indices of green space exposure?

The results show that daily total green space exposure was positively asso-
ciated with daily self-rated health, while daily green space exposure metrics
standardized by travel time or distance did not show a significant correlation.
Specifically, females, people with higher income, lower education, and better

general health could be associated with better self-rated health.

7.3 Limitations

This study has several limitations. Although this study used sampling data from
older adults living in the Canton of Zurich, the sample may not be representative
of the Swiss aging population. Selection bias is likely because the MOASIS eli-
gibility criteria—Mini-Mental State Examination (MMSE) > 27 and the ability to
use a smartphone and the uTrail sensor—tend to exclude older adults with cogni-
tive impairment or decline, limited digital literacy, or other functional limitations.
Also, the results in this study may also not be applicable to other demographic
groups (adolescents, youth, etc.).

Regarding static green space exposure, I operationalized green space quantitatively
using VHM and LULC data. I did not include subjective measures (e.g., individu-
als’ preferences or perceived quality) in this study. Although I delineated individ-
uals” walking and cycling reachable areas with time and topographic constraints,
the algorithm may not reflect the travel strategy in older adults” daily lives.

Considering dynamic green space exposure, I used a rule-based approach to detect
travel modes primarily based on the speed threshold applied to segmented GPS
trajectories. The detected travel modes were not externally validated. Dynamic
green space exposure was derived solely from NDVI, which may differ from visual
exposure (GVI) used in recent green space exposure studies.

Finally, mental well-being outcomes were examined using correlation analysis, which
identifies associations rather than causal effects. The mechanisms and contextual
factors linking green space exposure to older adults’” mental well-being remain
unclear. Moreover, I used a single daily indicator of mental well-being, which

may limit measurement precision and construct validity.
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7.4 Outlook

Using GPS and self-reported data of older adults from the MOASIS study (Rocke
etal., 2023), this thesis evaluated dynamic and static residential green space expo-
sure and mental well-being outcomes with vegetation as a focus. Further studies
should consider the roles of other components in individuals” daily green space
exposure assessments, including biodiversity, soundscape, amenities, etc. In ad-
dition to direct green space exposure during traveling, other forms of green space
exposure (e.g., virtual, visual, etc.) should be emphasized in further research.
The results in this thesis also highlight that sociodemographic context is vital in
green space exposure assessments. Given that, cross-sectional comparison can be
essential. Finally, considering the interconnected pathways linking green space to
health, additional studies are warranted to explore causal linkages between green
space exposure and health outcomes. Collectively, a more holistic and nuanced
understanding of these complex interactions is essential for promoting health ben-
efits towards healthy aging, but also for informing public health strategies target-
ing other age groups.
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APPENDIX A: GREEN SPACE

DEFINITION

Table A.1: Definition of green space used in this thesis (from (Price et al., 2023, Table 1)).

TypoCH Class

Group TypoCH Name

4 4 - Grasslands

4.0 4 40  Re-seeded and heavily fertilised grasslands
(re-seeded grasslands)

4.1 4 41  Pioneer vegetation on rocky surfaces

42 4 42 Dry grasslands

4.3 4 43 Nutrient-poor alpine and subalpine grasslands
(alpine/subalpine grasslands)

44 4 44  Snowbed communities

4.5 4 45  Nutrient-rich pastures and meadows

4.6 4 46  Fallow grasslands

5 5 - Woodland edges, tall herb communities, shrubs

51 5 51  Herbaceous fringes

52 5 52 Forest clearings

53 5 53  Shrubs, bushes, hedges

5.4 5 54  Dry dwarf shrub heaths

6 6 - Forests

6.0 6 60  Plantations and trees outside forest

6.1 6 61  Swamp forests

6.2 6 62  Beech forests

6.3 6 63  Other deciduous forests

6.4 6 64  Thermophilic pine forests

6.5 6 65  Bog forests

6.6 6 66  High-altitude coniferous forests
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L_APPENDIX B: QUESTIONNAIRES
AND ORIGINAL DATA
DISTRIBUTION IN THE MOASIS
STUDY

Table B.1: Self-reported variables with their items (German & English) from the original

questionnaires.
Variable Item (German) Item (English)
Baseline ques-
tionnaire
Sociodemographic
Variables
Sex e Mainnlich e Male
e Weiblich e Female
e Divers e Diverse
Age Chronologisches Alter Chronological Age
Employment Sind Sie gegenwirtig. .. Are you present...
e Voll erwerbstétig (1) e Fully employed (1)
o Teilzeit erwerbstétig e Part-time employment
(2) an ____ Stunden pro (2) at ____ hours per
Woche week
e Arbeitslos (3) e Unemployed (3)
e Im Ruhestand (4) e Retired (4)
e Hausfrau / e Housewife /
-mann (5) - husband (5)
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Appendix B: Questionnaires and Original Data Distribution in the MOASIS Study

Table B.1 (continued)

Variable

Item (German)

Item (English)

Income

Education

In

welchem Bereich

der folgenden Einkom-

mensgruppen liegen Ihre

eigenen monatlichen
Netto-Einkiinfte?

Bis 3'000 Fr. (1)

3001 bis 4000 Fr. (2)
4001 bis 6’000 Fr. (3)
6’001 bis 8’000 Fr. (4)
8001 bis 127000 Fr. (5)
Mehr als 12°000 Fr. (6)

Hochster Schulabschluss

Keine  Schul-  oder
Berufsbildung (1)
Primarschule (2)
Obligatorische  Schule
(Sekundar-/ Real-/
Bezirksschule oder
Untergymnasium) (3)
Berufslehre oder
Vollzeit-Berufsschule
(4)

Maturitat (5)

Hohere Fach-  oder
Berufsausbildung
(Meisterdiplom, Hohere
Fachpriifung) (6)
Hohere Fachschule
(HF) (7)
Fachhochschule  (FH)
(8)

Universitat (9)

In which area of the fol-
lowing income groups are
your own monthly net in-
comes?

Up to 37000 Fr. (1)

3’001 to 4’000 Fr. (2)

e 4’001 to 6’000 Fr. (3)
6’001 to 8’000 Fr. (4)
8’001 to 12°000 Fr. (5)

e More than 12’000 Fr. (6)

Highest school diploma

e No education or training
(1)

e Primary school (2)

e Compulsory school
(Secondary / Real /
District School or Lower
Grammar School) (3)

e Apprenticeship or full-
time vocational school
(4)

e Matura (5)

e Higher technical or

vocational training
(master’s diploma,
advanced technical

examination) (6)

e Higher Technical Col-
lege (HF) (7)

e University of Applied
Sciences (FH) (8)

e University (9)
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Appendix B: Questionnaires and Original Data Distribution in the MOASIS Study

Table B.1 (continued)

Variable

Item (German)

Item (English)

Marital status

Subjective Well-
being
General health

Daily question-
naire

Evening assess-
ment

Subjective
health

Familienstand

o Ledig (1)

e Langjahrige
schaft (2)

e Verheiratet / eingetra-

Partner-

gene Partnerschaft (3)
e Geschieden (4)
e Verwitwet (5)

Wie wiirden Sie Thren mo-
mentanen Gesundheitszu-
stand einschitzen?
Mangelhaft (1)

Weniger gut (2)

Gut (3)

Sehr gut (4)
Ausgezeichnet (5)

Wie wiirden Sie Ihren
heutigen Gesundheitszus-
tand einschéatzen?

e Sehr schlecht (1)

e Schlecht (2)

e Leicht schlecht (3)

e Fair (4)

e Leicht gut (5)

e Gut (6)

e Sehr gut (7)

Marital status

e Single (1)

e Long-term partnership
(2)

e Married /
partnership (3)

e Divorced (4)

e Widowed (5)

registered

In general, would you say
your health is...

e Poor (1)

Fair (2)

Good (3)

Very good (4)

Excellent (5)

How would you rate your
health today?

Very bad (1)

Bad (2)

Slightly bad (3)

Neutral (4)

Slightly good (5)

Good (6)

Very good (7)
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Appendix B: Questionnaires and Original Data Distribution in the MOASIS Study

Table B.2: Demographic and socioeconomic characteristics of participants (original data

from the dataset).

Variables Description Number Number
(Proportion) (Proportion)
of People of Days
(N =60) (N = 300)

Gender Male 23 (38.33%) 112 (37.33%)

Female 37 (61.67%) 188 (62.67%)

Age 65-74 24 (40.00%) 134 (44.67%)

75-84 31 (51.67%) 148 (49.33%)

> 85 5 (8.33%) 18 (6.00%)
Employment Part-time employment 9 (15.00%) 44 (14.67%)

Retired 51 (85.00%) 256 (85.33%)
Individual < 3,000 CHF 12 (20.00%) 52 (17.33%)
monthly 3,001-4,000 CHF 9 (15.00%) 38 (12.67%)

net income

Education

Marital status

4,001-6,000 CHF
6,001-8,000 CHF
8,001-12,000 CHF
> 12,000 CHF

Compulsory school
Apprenticeship or
tull-time vocational
school

Higher technical or
vocational training
Higher technical college
University of applied
sciences

University

Missing data

Single

Long-term partnership
Married / registered
partnership

Divorced

16 (26.67%)
11 (18.33%)
10 (16.67%)
2 (3.33%)
3 (5.00%)
13 (21.67%)

10 (16.67%)

1 (1.67%)
10 (16.67%)

21 (35.00%)
2 (3.33%)

4 (6.67%)

6 (10.00%)
26 (43.33%)

16 (26.67%)

88 (29.33%)
54 (18.00%)
62 (20.67%)
6 (2.00%)
12 (4.00%)
68 (22.67%)

45 (15.00%)

1 (0.33%)
56 (18.67%)

114 (38.00%)
4 (1.33%)

10 (3.33%)
43 (14.33%)
151 (50.33%)

68 (22.67%)
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Appendix B: Questionnaires and Original Data Distribution in the MOASIS Study

Table B.2 (continued)

Variables Description Number Number
(Proportion) (Proportion)
of People of Days
(N = 60) (N = 300)

Widowed 8 (13.33%) 28 (9.33%)

General health  Fair 3 (5.00%) 17 (5.67%)

Good 18 (30.00%) 76 (25.33%)
Very good 31 (51.67%) 151 (50.33%)
Excellent 8 (13.33%) 56 (18.67%)
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L APPENDIX C: USED R PACKAGES

Packages Version Usage References

base 441 statistical analysis (R Core Team, 2024)

dbscan 1.2.0 dbscan algorithm (Hahsler et al., 2019)

dplyr 1.14 data manipulation (Wickham et al., 2023)

forcats 1.0.0 categorical variable operation (Wickham, 2023)

fs 1.6.4 file operation (Hester et al., 2024)

ggplot2 352 map and data visualization (Wickham, 2016)

ggpubr 0.6.0 correlation analysis and plotting (Kassambara, 2023)

ggspatial 1.1.10 spatial data visualization (Dunnington, 2023)

glue 1.7.0 text operation (Hester and Bryan,
2024)

here 1.0.1 file path operation (Miiller, 2020)

lubridate 193 temporal data operation (Grolemund and
Wickham, 2011)

mapview 2112 spatial data visualization (Appelhans et al., 2023)

purrr 1.1.3 functional programming (Wickham and Henry,
2023)

RefManageR 1.4.0 bibliographic reference (McLean, 2014)

operation

rlang 1.1.4 string operation (Henry and Wickham,
2024)

readr 2.15 data import (Wickham et al., 2024a)

sf 1.0.16 spatial object operation® (Pebesma and Bivand,
2023; Pebesma, 2018)

stnetworks  0.6.5 sfnetworks operation (van der Meer et al.,
2024)

stplanr 1.2.2 road segments operation (Robin Lovelace and
Richard Ellison, 2018)

terra 1.7.78 raster data operation (Hijmans, 2024)

tidygraph  1.3.1 graph (nodes and edges) (Pedersen, 2024)

operation
tidyr 1.3.1 dataframe operation (Wickham et al., 2024b)
units 0.8.5 unit operation (Pebesma et al., 2016)

Table C.1: R packages used in this thesis.

5 For isochrone generation, the alpha in sf::st_concave_hull() is 0.6.

79



L APPENDIX D: SUPPLEMENTARY
DATA

Table D.1: Index of comparison plots in this appendix. For each dynamic green space ex-
posure metric and each mobility indicator, a violin plot is used to show the data
distribution of each variable, with the mean (dot) and the error limit (vertical
line across the dot, defined by the standard deviation). For mobility indica-
tors with three variables (i.e., travel time and daily travel mode), the p-value
under the Wilcoxon rank sum (Mann-Whitney) test for each paired group is
also labeled.

Mobility Indicator (variables) Figure
Index

Spatial Context
Neighborhood (within, beyond) Figure D.1
Temporal Contexts

Trip Frequency (low, high) Figure D.2

Travel Time (morning, afternoon, evening) Figure D.3

Weekend (true, false) Figure D.4
Travel Mode

Daily Travel Mode (cycle only, walk and cycle, walk only) Figure D.5
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Appendix D: Supplementary Data

Figure D.1: Comparison of dynamic green space exposure metrics between neighbor-
hood (threshold: < 528.90 meters (daily mean distance to home) as "within",
otherwise "beyond") groups. The plots are listed in the order of: TGE (daily
total green space exposure), UDGE (daily distance-weighted green space ex-
posure), and UTGE (daily time-weighted green space exposure), from top to
bottom.
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Appendix D: Supplementary Data

Figure D.2: Comparison of dynamic green space exposure metrics between trip-
frequency (threshold: daily trip count <2 as "low", otherwise "high") groups.
The plots are listed in the order of: TGE (daily total green space exposure),
UDGE (daily distance-weighted green space exposure), and UTGE (daily
time-weighted green space exposure), from top to bottom.
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Appendix D: Supplementary Data

Figure D.3: Comparison of dynamic green space exposure metrics between travel-time
groups. The plots are listed in the order of: TGE (daily total green space ex-
posure), UDGE (daily distance-weighted green space exposure), and UTGE
(daily time-weighted green space exposure), from top to bottom.
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Appendix D: Supplementary Data

Figure D.4: Comparison of dynamic green space exposure metrics between weekday and
weekend groups. The plots are listed in the order of: TGE (daily total green
space exposure), UDGE (daily distance-weighted green space exposure), and
UTGE (daily time-weighted green space exposure), from top to bottom.
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Appendix D: Supplementary Data

Figure

D.5: Comparison of dynamic green space exposure metrics between daily-travel-
mode groups. The plots are listed in the order of: TGE (daily total green
space exposure), UDGE (daily distance-weighted green space exposure), and
UTGE (daily time-weighted green space exposure), from top to bottom.
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