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Abstract

Background—Physical inactivity is a risk factor for cancer that may be influenced by
environmental factors. Indeed, dense and well-connected built environments and environments
with natural vegetation may create opportunities for higher routine physical activity. However,
studies have focused primarily on residential environments to define exposure and self-reported
methods to estimate physical activity. The current study explores the momentary association
between minute-level global positioning systems (GPS)-based greenness exposure and time-
matched objectively measured physical activity.

Methods—Adult women were recruited from sites across the US. Participants wore a GPS device
and accelerometer on the hip for 7 days to assess location and physical activity at minute-level
epochs. GPS records were linked to 250m resolution satellite-based vegetation data and Census
Block Group-level EPA Smart Location Database walkability data. Minute-level generalized
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additive mixed models were conducted to test for associations between GPS measures and
accelerometer count data, accounting for repeated measures within participant and allowing for
deviations from linearity using splines.

Results—Among 360 adult women (mean age of 55.3 + 10.2 years), we observed positive
nonlinear relationships between physical activity and both greenness and walkability. In
exploratory analyses, the relationship between environmental factors and physical activity were
strongest among those who were White, had higher incomes, and who were middle-aged.

Conclusions—Our results indicate that higher levels of physical activity occurred in areas with
higher greenness and higher walkability.

Impact—Findings suggest that planning and design policies should focus on these environments
to optimize opportunities for physical activity.

Keywords

Greenness; Walkability; Physical Activity; Accelerometry; Global Positioning Systems

Introduction

Physical inactivity is a major behavioral risk factor for cancer. Substantial evidence links
increased physical activity with reduced risk of cancers of the colon and breast and may
reduce the risk of endometrial cancer (1-7). Recent analyses have demonstrated that
inadequate physical activity in the US contributes to over 12% of breast and colon cancers.
In terms of preventable causes of disease, this is on par with the disease burden of smoking
(8). However, in 2015 less than 50% of Americans met the guideline of 150 minutes of
moderate-intensity aerobic activity per week, and older women were the least likely to meet
guidelines (9).

Increasingly, research has demonstrated that physical activity patterns may be influenced by
environmental factors (10, 11). The social-ecological model posits that the dynamic social,
physical, and ecological contexts to which people are exposed play a role in driving
individual behaviors, including physical activity (12). For instance, studies have illustrated
that features of the built environment, such as the concentration of destinations and well-
connected streets that increase the efficiency in reaching those destinations, may create
opportunities for higher levels of routine physical activity (10). This substantial but growing
body of literature (13) has demonstrated consistent associations between the built
environment and physical activity from predominantly observational studies with self-
reported outcome data (14). In addition, access to green, natural environments has also been
associated with increased physical activity, likely because these settings reduce exposure to
noise, pollution, and extreme temperatures, and provide opportunities for exercise, social
interactions, and psychological restoration (11). This research is bolstered by the theory of
biophilia, which posits that humans have evolved with nature to have an affinity for nature
(15), as well as the psychoevolutionary theory (16), which suggests that being surrounded by
nature may have a direct restorative effect on cognition and may decrease stress. Studies
investigation the association between greenness and physical activity are primarily cross-
sectional, and rarely measure objective physical activity (11). Better measures and
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evaluation of the built and natural environment related to physical activity enable improved
and evidence-based interventions. Interventions may include a variety of social or ecological
modifications, including changes in economic investment and land-use or transportation
policy (10-12, 17-20).

However, the majority of studies examining built and natural environments in the context of
physical activity have used static measures of exposure, as well as self-reported measures for
physical activity. Many studies of environmental drivers of behavior have focused on the
area around the residential address to define environmental exposures, despite the fact that
individuals typically spend more than 50% of their time away from home (21). Indeed, a
systematic review of studies on the built environment and physical activity suggested that
more studies should explore context-specific physical activity (22). Studies also commonly
rely on participants’ accurate recall and self-reporting of physical activity behavior through
questionnaires rather than objective means (23). Global positioning systems (GPS) enable
the collection of time-indexed geographic coordinates, which can be used to represent the
various locations an individual visits throughout the day (24). Accelerometry provides
precise estimates of movement, which can be used to estimate physical activity. Combining
GPS and accelerometry data with geographic information systems (GIS) layers supplies
objective and unobtrusive measures with high accuracy. These measures empower analyses
of ‘spatial energetics’ to examine how environmental characteristics, space, and time are
linked to physical activity with high spatio-temporal resolution, providing insights into the
environments in which physical activity takes place (25).

Our objective was to assess the association between minute-level GPS linked with high-
resolution information on walkability and greenness exposure and time-matched objectively
measured physical activity using data from a multi-site study of women across the United
States. We also aimed to determine if these associations were linear (26), to examine
interactions between walkability and greenness, and to assess effect modification by
measures of age, race, and socioeconomic status.

Materials and Methods

Study Protocol

A convenience sample of female participants was recruited from four sites (Harvard TH
Chan School of Public Health (Harvard), University of California, San Diego (UCSD),
University of Pennsylvania (UPenn), and Washington University in St. Louis (WUSTL))
involved in the NCI-funded Transdisciplinary Research in Energetics and Cancer (TREC)
initiative (27). The sample included working adults (UCSD and WUSTL), members of a
prospective cohort of nurses (Harvard), and breast cancer survivors (UPenn).

Participants completed baseline surveys and were asked to wear objective measurement
devices over seven consecutive days and nights. Participants were instructed to wear both an
Actigraph GT3X+ accelerometer and a Qstarz BT1000X GPS device on the hip during all
waking hours, except when showering, bathing, or swimming. Participants removed the
devices at night to charge the GPS device. Participants were enrolled in the study across the
four sites over the course of 12-months in 2012-2013.

Cancer Epidemiol Biomarkers Prev. Author manuscript; available in PMC 2018 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

James et al.

Page 4

All participants completed a standardized study protocol, and all sites were trained
extensively on data collection, participant compliance, and data screening techniques. Study
protocols specific to the collection of GPS and accelerometer data were identical across all
sites and all data used in these analyses were centrally pooled and uniformly processed at
UCSD. Participant data were excluded if there were fewer than five days of data with 600
minutes of wear time or fewer than four days with 3000 minutes of total accelerometer wear
time.

Eligibility criteria were: female, 21 to 75 years old, self-reported BMI between 21.0 and
39.9, ability to ambulate unassisted, not pregnant or breast-feeding, and willing to wear
monitoring devices for seven days. The institutional review boards at each university site
approved the study protocol and consent forms, and all participants provided written
informed consent.

Accelerometer Data

GPS Data

Accelerometer data were screened manually for wear time compliance. We collected raw
accelerometer data at 30 Hertz from the hip accelerometer and aggregated as counts to one
minute epochs. Wear time was assessed using the Choi algorithm in Actilife 6.11, which
assesses 90 consecutive minutes of zero counts as non-wear allowing for up to two minutes
of nonzero counts to remove artifactual movement (28). Data were manually screened by
trained personnel to identify valid days for analysis. Validity criteria included daily total
wearing time, counts of wearing periods, typical daily wear patterns, and accelerometer
malfunction. Fewer than 600 minutes of wear or fewer than four wear periods indicated the
device was not worn consistently enough to represent a normal day. Counts per minute
(CPM) from the vertical axis of the hip accelerometer were used as our primary measure of
total physical activity intensity. Analyses of CPM were chosen to remain agnostic to specific
cutpoints for activity, as recent analyses have shown that total CPM holds stronger
correlations with gold standard doubly-labeled water measures of physical activity energy
expenditure compared to moderate- to vigorous-intensity measures of physical activity based
on cutpoints (analysis under review).

The Qstarz GPS device logged location coordinates, distance, speed, elevation, and time.
The Qstarz has reported accuracy of 3 m, and validation studies demonstrate median error
differing slightly by behavior (from 3.9 m for walking to 0.5m for driving) and environment
(from 5.2 m in urban canyons to 0.7 m in open areas) (29). All GPS devices were evaluated
for this level of accuracy before being deployed. Devices were configured to record location
and time data at 15 second intervals.

Merging GPS and Accelerometry Data

GPS data were processed and joined to the accelerometer data using the Personal Activity
and Location Measurement System (PALMS) (30, 31). Data were aggregated and merged at
the minute level. After consideration of accelerometer non-wear time and missing GPS data,
valid wear days were defined as days with a minimum of 600 minutes with combined
accelerometer and GPS data.
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GIS Data

Greenness—Normalized Difference Vegetation Index (NDVI) values were used to
estimate the amount green vegetation over the GPS data. Reflected sunlight from satellite-
measured red and near-infrared bands are converted to generate NDVI values with a range of
-1.0 to 1.0, with larger values indicating higher levels of vegetation density (33). NDVI
values from 250 x 250 m satellite data were obtained for each GPS coordinate as a measure
of momentary exposure. For this study, we used data from the Moderate-resolution Imaging
Spectroradiometer (MODIS) deployed on NASA'’s Terra satellite. Imagery from July 2012
was obtained to approximate the greenness levels at the time of data collection (34).
Supplemental Figure 1a shows a participant’s GPS data linked to the NDVI layer.

Walkability—Minute-level GPS coordinate data were linked to a GIS layer of a walkability
index based on US Environmental Protection Agency (EPA) Smart Location Database,
which includes data on nationwide Census Block Group-level population density, street
connectivity, and land use mix. The Smart Location Database provides nationwide
geographic data on 90 attributes summarizing characteristics such as housing density,
diversity of land use, neighborhood design, destination accessibility, transit service,
employment, and demographics at the Census Block Group level (35). A Census Block
Group is the smallest geographic unit for which the US Census Bureau releases data. A
walkability index was used to estimate momentary exposure data at the Census Block Group
resolution. The following measures were used to create the walkability index: Gross
population density (people/acre) on unprotected land; Street intersection density (weighted,
with auto-oriented intersections eliminated); and Land Use Diversity based on the mix of
retail, office, service, industrial, entertainment, education, healthcare, and public
administration employment in the Census Block Group. We then created Z-scores (mean of
0, standard deviation of 1) for each of these measures across all Block Groups in the US and
summed these Z-scores to estimate a walkability index for each Census Block Group. A
higher walkability index indicates a more walkable neighborhood. Each GPS point was
linked to a Block Group to create a minute-level exposure to walkability. Supplemental
Figure 1b shows a participant’s GPS data linked to the walkability layer.

Demographics

Demographic data were collected from all participants through a baseline survey.
Information gathered included age (years), race (White; Black; Other), educational
attainment (Less than College; College; Graduate Degree), employment status (Full Time;
Part Time; Homemaker, Unemployed, or Unable to Work; Retired; Missing or Not
Provided), and household annual income from all sources (<$50K per year; $50K-$69K per
year; $70K+ per year; Missing or Refused to Answer).

Statistical Analysis

We created minute-level generalized additive mixed models to examine the relationship
between walkability or greenness and physical activity, accounting for temporal clustering of
repeated measures within each participant. Models were adjusted for study site, age, race,
educational attainment, employment status, and household annual income. We also
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considered models including both greenness and walkability to adjust for potential
confounding between environmental features. Natural splines were used to test for
deviations from linearity. We compared Akaike’s Information Criteria (AIC) values for
linear versus nonlinear models. Nonlinear models had lower AIC values, suggesting a better
model fit. Sensitivity analyses were conducted excluding accelerometry count data that was
greater than three times the standard deviation of accelerometer counts to explore the
influence of outliers. In addition, we explored interactions between greenness and
walkability, to understand whether the relationship between greenness and physical activity
differed according to levels of walkability, and vice versa. Exploratory analyses also
examined whether the relationship between environmental factors and physical activity
differed according to age, race, education, income, employment status, season of sampling
period (Fall, Winter, Spring, Summer), or weekday/weekend sampling day.

Results

A total of 360 participants provided data for this analysis, with an average of 6.3 days of
data per participant. The mean age of participants was 55.3 (SD 10.2) years (Table 1).
Approximately 78% of participants were White, while about a third of the sample had a
college education and half were employed full-time. Approximately half (46%) of
participants reported having a household income over $70,000 per year.

We observed generally positive nonlinear relationships between momentary physical activity
and both greenness and walkability, after accounting for age, race, education, income, and
employment status (Figure 1). These analyses were also adjusted for greenness or
walkability, as appropriate. Increasing greenness was associated with higher physical
activity, with the highest levels of activity occurring at greenness >0.60. We observed a
nonlinear J-shaped relationship between exposure to walkability and physical activity, where
physical activity was lowest in areas with a walkability index of zero and increased greatly
in areas with a walkability index >0. Sensitivity analyses excluding outlier data are shown in
Supplemental Figure 2. The relationship between greenness and physical activity was
greatly attenuated, while the relationship between walkability and physical activity persisted.

Analyses examining interactions showed that the relationship between greenness and
physical activity differed by levels of neighborhood walkability, and vice versa (surface
spline shown in Figure 2). Specifically, at low levels of walkability, the relationship between
greenness and physical activity was positive (blue to green portion of surface spline). At
higher levels of walkability, however, the relationship between greenness and physical
activity plateaued slightly (yellow portion of spline). Conversely, the generally positive J-
shaped relationship between walkability and physical activity persisted across all levels of
greenness. The highest levels of activity overall were observed in areas with the highest
levels of neighborhood walkability.

Figure 3 shows surface splines examining the relationship between environmental factors
and physical activity by age. In general, we observed that higher levels of physical activity
occurred in areas of higher greenness and walkability across all ages. Levels of physical
activity were consistently lowest among the oldest participants. Supplemental Figures 3-8
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show the relationship between greenness and physical activity stratified by race, education,
employment, income, sampling season, and weekday / weekend, respectively. Although this
sample included primarily White participants, the shape of the curves differed slightly
among White participants compared to Black participants and there was little observed
relationship between greenness and physical activity among participants of other races
(Supplemental Figure 3). The relationship between greenness and physical activity was
strongest among participants with higher incomes (Supplemental Figure 6). The association
between greenness and physical activity was weakest when sampling was conducted during
the winter (Supplemental Figure 7), and relationships were generally stronger on weekends
compared to weekdays (Supplemental Figure 8). Relationships were generally consistent
across levels of education and employment status. Associations between walkability and
physical activity are shown in Supplemental Figures 9-14. Again, although there were few
non-White participants in this study, the relationship between walkability and physical
activity was not apparent among Black participants (Supplemental Figure 9). The
relationship between walkability and physical activity was not evident among participants
making $50,000-69,000, who made up 15% of the sample (Supplemental Figure 12).
Relationships between walkability and physical activity were fairly consistent across seasons
(Supplemental Figure 13). The association between walkability and physical activity was
stronger on weekdays compared to weekends (Supplemental Figure 14). Associations were
generally consistent across levels of education and employment status.

Discussion

In this analysis of GPS-based environmental factors and physical activity, objectively
measured by accelerometry, we observed consistently positive nonlinear relationships, with
the highest levels of physical activity occurring in areas with the highest levels of greenness
and neighborhood walkability among a sample of adult women from regions across the
United States. When examining both greenness and walkability together, we observed that at
low levels of walkability, the relationship between greenness and physical activity was
positive, whereas at higher levels of walkability, there were weaker relationships between
greenness and physical activity. There was a strong nonlinear positive relationship between
walkability and physical activity that persisted across all levels of greenness. The highest
levels of activity overall were observed in areas with the highest levels of neighborhood
walkability, indicating that participants in this study were most active in walkable urban
environments regardless of how green these environments were. In analyses excluding
outliers for physical activity, the relationship between greenness and physical activity
diminished, which suggests that the most extreme levels of physical activity occurred in the
greenest settings. Conversely, excluding outliers had little effect on the relationship between
walkability and physical activity. This indicates that the relationship between walkability
and physical activity may be driven primarily by routine levels of physical activity, such as
walking.

There was some evidence that the relationship between environmental factors and activity
differed by a participant’s race and income, although there was little variation by these
factors among the participants in this study. Although we had few Black participants, our
finding of a potentially negative association between walkability and physical activity
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among Black women is consistent with two literature reviews, which found widely varying
associations between the built environment and physical activity among Black participants
(36, 37). These studies suggest that physical activity preferences might differ between White
and Black individuals, and therefore environments that support physical activity may not be
conducive to Black participants. Additionally, unmeasured factors such as perceived safety,
crime, and environmental quality could account for the lack of association. While these
exposures are not considered here, future analyses may consider how these factors might
moderate the relationship between physical activity and neighborhood walkability. We also
observed some variation in relationships by season, where the association between greenness
and physical activity was not present during the winter. Finally, greenness was more strongly
linked to physical activity on weekends, while walkability held stronger relationships with
physical activity on weekdays.

These findings suggest that, consistent with theory on the built environment, individuals may
obtain higher levels of physical activity in more walkable environments. Although
relationships were not as strong, this analysis also suggests that higher levels of physical
activity also occurred in greener areas. The J-shaped relationship between neighborhood
walkability and physical activity is consistent with the theory that when the built
environment reaches a certain threshold for density and connectivity with sufficient land-use
mix, it becomes more convenient to walk or take transit than to drive (38). Simultaneously,
our results suggest that although higher levels of greenness were associated with higher
levels of physical activity generally, levels of physical activity increased most rapidly as
greenness increased to the highest levels (greenness>0.6). This suggests that physical
activity was most likely to take place in dense green spaces, including parks or forests.
Analyses stratified by season suggest that participants were less likely to conduct physical
activity in green areas during winter months, while season had less influence on activity in
walkable areas. Additionally, activity in greener areas was less likely to occur during
weekdays, while activity in walkable areas was less likely to take place during weekends.
These findings by season and weekday / weekend are consistent with the idea that
individuals are physically active in walkable environments during routine daily life (e.g.,
commuting), while they are more likely to obtain physical activity in greener environments
during devoted time for recreation.

This study adds to the growing literature utilizing GPS, GIS, and accelerometry to elucidate
relationships between the environment and physical activity. Although studies use varying
methodologies, in general, evidence is mounting that both the built environment and
greenness are linked to objectively-measured physical activity. McCrorie et al. (2014)
conducted a small literature review on the nascent field of studies examining GPS and
accelerometry (39). Although this review was limited to studies involving children, the
authors reported consistent associations between higher moderate-vigorous physical activity
in parks, greener areas, and areas with higher population density. In line with the present
analysis, Almanza et al. (2012) studied 208 children in California who wore GPS devices
and accelerometers (40). Using a methodology similar to the one described in our study,
these researchers measured NDVI levels at 30-second epochs and found a 34% increased
odds of momentary moderate-vigorous physical activity (95% CI 1.30, 1.38) for a 0.11
increase in NDVI. As part of the Residential Environment and Coronary Heart Disease
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(RECORD) GPS Study, Chaix et al. gathered seven days of GPS and accelerometry data on
227 participants in Paris (41). Analyses demonstrated that the probability of walking during
a trip was 16% higher (95% CI 2%, 28%) when the trip originated in the top quartile of
green space density and 20% higher (95% CI 7%, 33%) when the trip ended in the top
quartile of green space density versus the bottom quartile. In addition, the probability of
walking during a trip was 37% higher (95% CI 12%, 61%) when trip origin was in the top
quartile of service density (public services, shops, entertainment facilities, etc.) and 47%
higher (95% CI 23%, 68%) when the trip destination was in the top quartile of service
density versus the bottom quartile. Duncan et al. (2016) analyzed GPS and accelerometry
data from the same set of 227 RECORD participants in Paris. The authors found that trips
that began in or concluded in neighborhoods with a high Walk Score, a composite measure
of neighborhood walkability, were more likely to involve walking and involved a larger
number of steps taken (42). Finally, Hirsch et al. (2016) measured the built environment
within polygons around GPS points (activity spaces) gathered from 77 older adults in
Vancouver, Canada, but observed that metrics of the built environment within these activity
spaces were not associated with accelerometry-measured physical activity (43). The authors
did, however, find that when they restricted analyses to GPS points during walking or
bicycling, higher destination densities within these activity spaces were associated with
higher activity levels. In total, the present analysis is consistent with the small body of
literature finding positive associations between GPS-based exposure to greenness and
walkability and accelerometer-measured physical activity. As far as the authors are aware,
this is the first study to observe interactions between greenness and walkability, two
environmental factors that have been suggested to influence physical activity.

While the present analysis contributes new insights on how environment is related to
behavior, this study has a number of limitations. Our measure of physical activity was
minute level total counts from vertical axis of hip-worn accelerometry data and we did not
estimate time spent in specific intensities of physical activity. There is still a lack of
consensus over how to best measure physical activity (44), and methodological advances,
such as machine-learning approaches, promise to provide better classification of important
physical activity behaviors in the future (45, 46). In addition, while GPS data provides
higher temporal resolution for understanding an individual’s location in space, we know that
GPS accuracy (29), missingness (32), and scatter (30) are consistent concerns. That said,
methodologies to impute missing or scattered GPS data may improve data quality (47, 48).
One potential problem that was not addressed is spatial autocorrelation; proximal GPS
locations are likely to have similar walkability and greenness values and should not
necessarily be considered independent observations. Moreover, even if GPS data were to be
completely accurate, these data require joining with GIS layers to provide momentary
estimates of environmental exposures. Numerous studies have documented inaccuracies in
GIS layers’ representation of built environment variables (49-51), while a study has shown
that satellite vegetation data correlates highly when compared to environmental
psychologists’ evaluations of green spaces (52). Nevertheless, our satellite-based measure of
greenness does not measure the quality of greenness (e.g., whether vegetation occurs in a
vacant lot or a manicured park), does not provide information on vegetation structure, and
does not detail vegetation species type. Therefore, our measure of greenness may represent
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only one dimension of exposure to nature that might influence physical activity. The
representativeness of this sample is also limited. Participants who provided data were older
adult women, and were relatively homogenous with respect to race and income. Finally, we
are unable to establish from this analysis that environmental factors are the cause physical
activity. In the context of spatial energetics research in observational studies, confounding by
intrapersonal characteristics can occur through “selective daily mobility bias,” which arises
when individual preferences simultaneously lead individuals to visit certain locations and
also can drive the behaviors conducted in those locations (53, 54). Because of this bias,
conclusions on how contextual measures “cause” physical activity behaviors within
momentary analyses may be limited; however, our analysis does provide valuable evidence
about the characteristics of environments where participants do obtain physical activity. This
type of evidence may support the identification of environments that provide opportunities
for individuals to be physically active.

The study did have a number of significant strengths, including a relatively large sample size
for a study involving GPS and accelerometry. Although not intended to be representative of
nationwide trends in environmental exposures and physical activity, the study involved a
convenience sample of participants from multiple regions of the United States, which adds
to the broader variability in environmental exposures. The use of nationwide datasets on
greenness and walkability coupled with uniform study protocols across study sites allowed
for the pooling of consistently collected data. The nonlinear mixed modeling approach to
data analysis also provided novel insights into potential thresholds and complex
relationships between environmental factors, while accounting for repeated measures. The
collection of data on important demographic factors, including age and income, afforded
exploratory stratified analyses. The examination of interactions between two GPS-based
measures of greenness and walkability provides new insights into the relative strength of
association of each environmental measure with physical activity. These analyses showed
intriguing potential effect modification, which warrants further investigation in other
samples.

While further studies are required to better understand how specific environmental factors
drive healthy behaviors across diverse populations, this study contributes evidence that
higher levels of physical activity takes place in dense and connected built environments and
in areas with high levels of vegetation, regardless of whether this activity occurs near the
home or not. Our findings also suggest that the built environment may be a more important
factor than the natural environment when considering routine location-based physical
activity. As the popularity of GPS- and accelerometer-enabled smartphones grows alongside
accelerometry-based consumer wearable devices (55-58), these novel streams of spatial
energetics data will provide translational insights into potential interventions to improve
urban planning and green space development to optimize opportunities for physical activity
and reduce cancer risk.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Nonlinear Relationship between Activity and a. Greenness and b. Neighbor hood
Walkability

Note: Analyses were adjusted for study site, age, race, education, income, and employment
status, as well as greenness or walkability as appropriate. Greenness defined using MODIS
Normalized Difference Vegetation Index; Walkability defined using EPA Smart Location
Database information on gross population density, street intersection density, and land use
diversity
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Figure 2. Surface Spline for I nteraction between Greenness and Walkability
Note: Analysis was adjusted for study site, age, race, education, income, and employment

status. Greenness defined using MODIS Normalized Difference Vegetation Index;
Walkability defined using EPA Smart Location Database information on gross population
density, street intersection density, and land use diversity
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Figure 3. Surface Splinesfor Physical Activity by Age and a. Greenness and b. Walkability
Note: Analyses were adjusted for study site, race, education, income, and employment

status. Greenness defined using MODIS Normalized Difference Vegetation Index;
Walkability defined using EPA Smart Location Database information on gross population
density, street intersection density, and land use diversity
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Table 1
Participant Characteristics (N=360)
Mean Range
Age (years) 55.3 22,82
Momentary Exposure to Greenness 0.52 0.09, 0.83
Momentary Exposure to Walkability Index 0.23 -1.66, 6.30
Accelerometer Counts per Minute 562.1 43.0,2290.9
Race N %
White 282 78.3%
Black 60 16.7%
Other 18 5.0%
Educational Attainment
Less than College 115 31.9%
College 121 33.6%
Graduate Degree 124 34.4%
Employment Status
Full Time 181 50.3%
Part Time 81 22.5%
Homemaker, Unemployed, Unable to Work 32 8.9%
Retired 61 16.9%
Missing or Refused to Answer 5 1.4%
Household Annual Income from All Sources
<$50K 83 23.1%
$50-$69K 54 15.0%
$70K+ 165 45.8%
Missing or Refused to Answer 58 16.1%
Study Site
Harvard TH Chan School of Public Health (Nationwide Study) 91 25.3%
University of Pennsylvania (Philadelphia, PA) 119 33.1%
University of California, San Diego (San Diego, CA) 71 19.7%
Washington University in St. Louis (St. Louis, MO) 79 21.9%
Sampling Season
Winter 107 29.7%
Spring 131 36.4%
Summer 33 9.2%
Fall 89 24.7%

Note: Greenness defined using MODIS Normalized Difference Vegetation Index; Walkability defined using EPA Smart Location Database

information on gross population density, street intersection density, and land use diversity
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