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Abstract

Obesity is a major international health concern. Neighborhood greenery has been identified as a
critical factor for promoting health in urban areas, due in part to its apparent role in facilitating
healthy weight by promoting physical activity. However, studies have used diverse greenery
measures and spatial analysis units to ascertain this relationship. This study examined associations
between street greenery and weight status at the residential address level across 500 to 2000m
buffers in two climatically distinct communities, Phoenix, AZ, and Portland, OR. Greenery was
measured using one-meter landcover data. Street greenery measures were designed to quantify the
pedestrian environment along a gradient of suitability for promoting physical exercise. Weight
status was defined by body mass index (BMI) calculated from weight and height information on
driver’s license records. BMI values were dichotomized at 25 into overweight or obese vs. neither.
Approximately 500,000 BMI values in Phoenix and 225,000 in Portland were modelled by
community using logistic regression. Street tree cover was consistently protective for healthy
weight status across all buffer sizes after adjusting for potential confounders. Herbaceous street
cover showed protective associations in Phoenix but harmful associations in Portland. Every 10%
increase in street tree cover within 2000m was associated with 18% lower odds of being
overweight or obese (adjusted odds ratio [AOR]: 0.82, 95% CI: 0.81 — 0.84 in Phoenix; 0.82, 95%
Cl: 0.81 - 0.83 in Portland). When compared to residents with less than 10% street tree cover
within 2000m, those with greater than 10% tree cover had at least 13% (AOR for Portland: 0.87,
95% ClI: 0.81 — 0.92) lower odds of being overweight or obese. Findings support the importance of
urban street trees in very different climates for facilitating healthy weight status. They can inform
greenery management to prioritize vegetation type and allocation decisions in limited urban
spaces.
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Introduction

Global prevalence of obesity has almost tripled during the past four decades, becoming a
major public health concern (WHO, 2017). In the United States, a recent estimate from 2015
— 2016 indicates that nearly 40% of the adult population aged 20 or over is obese (Hales et
al., 2017). Obesity is a major risk for many non-communicable diseases, including
cardiovascular diseases, stroke, diabetes, cancers, and asthma, as well as mental disorders
(Beuther and Sutherland, 2007; Luppino et al., 2010; WHO, 2017). It is also ranked as the
sixth cause of disability-adjusted life years worldwide (Ford et al., 2017). The prevalence of
obesity is an enormous burden of healthcare expenditure for governments, health agencies,
and individuals. Obesity prevention remains a great challenge for health practitioners,
researchers, and policy makers.

A growing body of research recognizes that obesity prevalence is driven in part by societal
and environmental factors (Ellaway et al., 2005; Ford et al., 2017; Frank et al., 2004;
Mackenbach et al., 2014). Urban design features may contribute to a more obesogenic
environment by limiting opportunities for physical activity (Lake and Townshend, 2006;
Mackenbach et al., 2014). Greenery in urban areas has been identified as a critical factor for
promoting human health, including facilitating healthy weight status (James et al., 2015;
Lachowycz and Jones, 2011). This effect may be achieved through a broad range of
ecosystem services (James et al., 2015; Maas et al., 2006; Tzoulas et al., 2007). Although
associations between urban greenery and weight status are not always consistent,
particularly by gender and also due to the use of different greenery definitions and measures
(e.g9., Cummins and Fagg, 2012; Prince et al., 2012), it remains conceivable that accessible
greenery facilitates healthy weight status.

Taking advantage of remote sensing data, researchers commonly use amount of vegetative
cover (e.g., percent tree or greenspace, tree density, or greenspace per capita) as a greenery
measure in health studies. Lower body mass index (BMI) or the odds of normal weight have
been associated with higher percentages of residential greenspace (Ellaway et al., 2005;
Schalkwijk et al., 2017; Villeneuve et al., 2018) and neighborhoods with higher tree or
greenspace density (Lovasi et al., 2012). Also based on remote sensing data, in this case how
vegetation differentially reflects light wavelengths, the Normalized Difference Vegetation
Index (NDVI) is frequently used as a measure of overall greenery. NDVI ranges from -1.0
to 1.0, where a lower positive value (<0.2) or a negative value usually represents abiotic
materials (water, soil, rock) and a higher value (>0.3) represents vegetation cover. Studies
have reported that urban residents in areas with higher NDVI values tended to have healthy
weight status (Bell et al., 2008; Dadvand et al., 2014; Klompmaker et al., 2018; Sarkar,
2017). Proximity to parks or natural areas has also been used as a greenery measure in many
studies. Living closer or within certain distances to parks or natural areas was found to
associate with lower risk of being overweight or obese (Coombes et al., 2010; Dadvand,
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2014; Halonen et al., 2014; Klompmaker et al., 2018; Rundle et al., 2009). Other forms of
greenery measures used to explore links with weight status include number of green areas
(Potestio et al., 2009), park size and cleanliness (Rundle et al., 2013; Stark et al., 2014), total
area of parkland (Wolch et al., 2011), park quality (Hobbs et al., 2017), and presence of
other environmental and natural amenities (Ghimire et al., 2017). While findings are not
entirely consistent, the majority of studies have reported positive associations between
higher greenery and greater odds of having healthy weight status.

Different vegetation classes may provide different levels and types of ecosystem services.
Some studies have found that trees alleviate thermal discomfort during daytime more than
grass (Kim et al., 2018; Shashua-Bar et al., 2011). Certainly grass, shrubs, and other low
cover do not provide pedestrian shade, although they may otherwise enhance or even
provide a venue for activities. It is possible that multiple vegetation classes may not have the
same effects on health outcomes. Beyond a growing understanding of how urban greenery in
general may benefit human health, several studies further examine the effects of specific
vegetation classes and their distributions on health outcomes. A study that examined the
effects of trees and grass both alone and combined on mental health reported that percent
tree cover was associated with fewer days of mental health complaints but aggregated
vegetative cover was not (Akpinar et al., 2016). Similarly, Reid et al. (2017) found a 23%
increase in reporting very good or excellent health status for subjects residing in the highest
quartile of tree density but not grass density. Another study examined the relationships
between ten land cover classes and general health across Great Britain; their findings
included that only broadleaf trees and managed herbaceous cover (e.g., for recreation and
amenity purposes) were associated with better general health (Wheeler et al., 2015).

In addition to class of vegetative cover, distribution may also be an important factor in health
outcomes. An ecological study examined the effects of landcover pattern on BMI at the
county level (Tsai et al., 2016). Findings suggested that more edges between forest cover
and developed area (indicating potential access to the forest) were positively associated with
being of normal weight, but edge characteristics of other vegetation were not significantly
associated with weight status. In addition, many studies indicated that road-based network
buffers reflect the spatial extent of an individual’s activity area more precisely than simple
radial (Euclidean) buffers (Boruff et al., 2012; James et al., 2014; Oliver et al., 2007) when
examining the relationships between neighborhood environments and health outcomes at the
individual level. Furthermore, studies on the built environment report that the street network
is a critical factor for active living (Ewing and Cervero, 2010; Grasser et al., 2013; Troped et
al., 2014). These studies suggest that certain classes and patterns of urban greenery
contribute more to health than others.

Based on previous studies (Coombes et al., 2010; Dadvand et al., 2014; Halonen et al., 2014;
Klompmaker et al., 2018; Rundle et al., 2009), we hypothesized that accessible urban
greenery is positively associated with odds of healthy weight status. As demonstrated by
others (Akpinar et al., 2016; Reid et al., 2017; Tsai et al., 2016; Wheeler et al., 2015),
different classes of urban greenery may not have the same effects on weight status. We
sought to better understand which classes of urban greenery, either individual or aggregated,
are associated with healthy weight status and if the effects are similar in different climatic
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conditions. In addition to the class and distribution of greenery, we also sought to measure
urban greenery using fine-resolution landcover data. While commonly used due to greater
availability, coarse-resolution landcover data (e.g., 30m resolution or below from satellite
imagery) do not capture many small but potentially critical patches of greenery (e.g., street
trees, small lawns) within the built environment. Finally, we sought to test previously-
documented relationships by analyzing data from large numbers of participants.

Methods

2.1 Data collection

Driver’s license databases in the United States are a source to obtain large sample sizes to
address public health issues (Walsh et al., 2011). Although the data on driver’s licenses vary
across states, records in many states include information (height and weight) necessary for
weight status calculation, demographic information (date of birth and gender), and
information (residential address) to identify the home environment at the individual level.
Although access to driver’s licenses is restricted by the 1994 Federal Driver’s Privacy
Protection Act as well as state laws and regulations (Littenberg and Lubetkin, 2016), there
are fourteen categories for permissible use. Category 5 applies to research purposes:

Category 5: For use in research activities, and for use in producing statistical
reports, so long as the personal information is not publishea, re-disclosed, or used
to contact individuals. (U.S. Government of Publishing Office, 2011)

Though height and weight information in driver’s license databases is mostly self-reported,
much supportive evidence behind the positive associations between urban greenery and
healthy weight status is based on self-reported variables (Akpinar, 2017; Astell-Burt, 2014;
Coombes et al., 2010; Ellaway et al., 2005; Ghimire et al., 2017; Nielsen and Hansen, 2007;
Pereira et al., 2013; West et al., 2012). Despite the tendency for males to over-estimate
height and females to under-estimate weight (Connor Gorber et al., 2007), many studies
have found that driver’s license data were a reliable source of height and weight information
for BMI calculation (Brown et al., 2009; Fan et al., 2014; Littenberg et al., 2015; Ossiander
et al., 2004). In addition, one study found that self-reported and measured weight categories
had more than an 85% matching rate in North America (Krul et al., 2010). Therefore,
driver’s license databases offer great potential for understanding the relationships between
weight status and environments at the individual level.

An initial data request was mailed in January, 2017. Data request letters were sent to the
relevant agencies for driver’s license records in fifteen states and the District of Columbia,
where the U.S. Environmental Protection Agency’s EnviroAtlas project (EnviroAtlas
hereafter, https://www.epa.gov/enviroatlas/) featured communities are located (Supplemental
Figure 1). The geographic areas requested were counties within or intersecting EnviroAtlas
community boundaries. Requested information included height, weight, age (date of birth or
year of birth), gender, and residential address in years 2009 to 2013; these dates were within
five years of those for the fine-resolution landcover data developed for EnviroAtlas
communities (Pickard et al., 2015). Responses were received from ten states by the end of
February, 2017. Legal documents were examined and negotiated by requesting (Federal) and
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responding (State) agencies from March to September, 2017. There were irreconcilable
differences in the legal terms of data use in four instances; in addition, two state agencies
could provide data only for the most current year, and two state agencies either could
provide addresses only to zip code or did not release data for research. Therefore, driver’s
license data were received from only two states, Arizona and Oregon, corresponding to two
EnviroAtlas communities, Phoenix, AZ and Portland, OR. These responses resulted in an
analysis of two U.S. climatic extremes—the desert Southwest and the forested Northwest.
Physical activity around the home in each community may be seasonally constrained due to
extreme heat in Phoenix and extreme rain in Portland.

2.2 Study population

The total driver’s license records received for the Phoenix, AZ, county (Maricopa) and the
Portland, OR, counties (Clackamas, Multhomah and Washington) were 4,394,096 and
1,296,952, respectively. We first assigned a unique 1D number to each record. This study
included only subjects aged 25 to 55 in year 2011, to exclude potentially recent residents
who may have relocated for post-secondary school or retirement. Additionally, subjects
residing outside of these two states, with missing information, or without an identifiable
physical address (e.g., Tribal chapter house or recreational-vehicle park) were excluded.
Remaining addresses were standardized; for instance, “streef’ was standardized to “st.” As
multiple records in the same location will increase the chances of spatial autocorrelation
(Getis, 2010; Lee, 2017; Ripley, 2005), multiple records at the same street address (e.g.,
house, apartment complex) were detected and only the first (the smallest unique 1D number)
was selected for inclusion in the analysis. These processes reduced the total records to
1,118,391 for Phoenix and 311,555 for Portland. These records were then geocoded using
ESRI ArcGIS 10.4.1 Geocode Addresses function (ESRI ArcGIS Desktop Help 10.4
GeocodingToolbox). Only records within the EnviroAtlas community boundaries, and with a
matching score of 100 (maximum score) and a matching status of “M(atched)” were
included for this analysis. The total record count after geocoding was 536,332 for Phoenix
and 242,357 for Portland.

After finalizing the records through geoprocessing, potential outliers were explored. The
determination as to whether an outlier should be removed is important, as the presence of
outliers can lead to increased error variance and reduced power of statistical tests (Osborne
and Overbay, 2004). Several studies that used self-reported height and weight information as
measures or to derive another measure (e.g., body mass index) removed outliers by
excluding height, weight, or BMI outside of a certain range. For instance, Littenberg and
Lubetkin (2016) defined outliers as height outside of the range of 91.4 to 229 cm, weight
outside of the range of 22.7 to 271.7 kg, height equal to weight, and calculated BMI outside
of the range of 8 to 100. Some studies removed outliers by excluding height and weight
above or below r-standard deviation(s) from the mean. For instance, Yang and Hutcheon
(2016) defined outliers as 4 standard deviations above or below the conditional mean.
Though identifying outliers using height and weight distribution separately is sound, it does
not account for their distributions as paired factors. A commonly used multivariate approach
for detecting outliers in correlated variables is the Minimum Covariance Determinant
(MCD), which is a highly robust estimator of multivariate location and scatter (Rousseeuw
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and Driessen, 1999). Therefore, the MCD approach was employed in this study to detect
outliers by height and weight, using the covMcd function in the R robustbase package
(Martin Maechler et al., 2016). In total, 38,902 (7.25%) and 17,635 (7.28%) outliers
(Supplemental Figure 2) were detected for Phoenix and Portland, respectively, resulting in
total numbers for analysis of 497,430 and 224,722. These numbers were further adjusted by
the availability of covariates and full extents of the walkable road network.

This study was approved by the Institutional Review Board of the University of North
Carolina, Chapel Hill (IRB#16-2688) and by Human Subject Research Review through the
U.S. Environmental Protection Agency (HSR-000745).

2.3 Weight status

The body mass index (BMI) for each subject was calculated based on the height and weight
information in the driver’s license record using the equation:

Body Mass Index = 703 * Weight (Ib)/Height (in)2

Weight status was then classified as underweight (< 18.5), normal weight (18.5 — 24.9),
overweight (25 — 29.9), or obese (>=30) (CDC, 2018). As the underweight population was
very small, weight status was further dichotomized into “Neither overweight nor obese”
(underweight and normal weight) as the referent group and “Overweight or obese” for
analysis.

2.4 Greenery measures

EnviroAtlas provides Meter-scale Urban Land Cover (MULC) data for featured
communities; the U.S. Environmental Agency (EPA) develops the MULC in-house or
processes MULC developed by others for consistent classification. The landcover map for
Phoenix was developed by Arizona State University as part of the National Science
Foundation’s urban Long-term Ecological Research site; the Portland MULC was developed
by EPA. Both were classified based on USDA National Agriculture Imagery Program data
for the years 2010 and 2012, respectively, and supplemental information including Light
Detection and Ranging (LiDAR) data. The classes of the EnviroAtlas MULC include tree
and forest (tree hereafter), grass and herbaceous (herbaceous hereafter), shrub, woody
wetland, emergent wetland, impervious surface, water, soil and barren, agriculture, and
orchard where applicable. The amount of shrub cover in most of the EnviroAtlas
communities (but not Phoenix) is combined into tree cover if >2m or included in herbaceous
cover if shorter. The overall accuracies for the MULC datasets are 75.4% for Phoenix (EPA,
2010) and 91.4% for Portland (EPA, 2012). Lower accuracy in Phoenix is due largely to the
common difficulty in distinguishing impervious cover from soil/barren cover in desert
environments.

Greenery measures were based on an existing EnviroAtlas community metric, Percent Green
Space Along Walkable Roads (EPA, 2016b). Here, walkable roads refer to road segments
with a speed limit of less than 88 kilometers (55 miles) per hour, and with pedestrian access
as attributed in the NavTEQ Street database (Nokia-HERE, 2011). The analysis area for
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percent greenspace was delineated by creating a 25m analysis zone on each side of the road
centerlines. This 50-m catchment area is used to capture potential greenery along sidewalks
and visible in front yards (Figure 1). To address our interest in the effects of different classes
of greenery on weight status, we extracted from the MULC datasets the total counts for all
classes of vegetation along walkable roads. Then we calculated the percentage of each
vegetation class by dividing its area by the total area of the 50m analysis zone at the various
buffer sizes along walkable roads. Shrub cover in Phoenix was minimal (<2%) along
walkable roads, so it was combined with herbaceous cover since it was mostly short. Woody
and emergent wetlands were also barely present along walkable roads; they were combined
into tree and herbaceous cover, respectively. Percent aggregate greenery was calculated by
combining all of the individual classes of vegetation.

Geospatial neighborhood analyses at the individual level typically use radial or network
buffers. A radial buffer is created by drawing a circle of a given radius around an
individual’s address; however, it may not represent the true physically accessible area
(James et al., 2014; Oliver et al., 2007). A network buffer is created based on the street
network and is considered a better approach to representing the real spatial extent of the
physically accessible area (Boruff et al., 2012; Oliver et al., 2007). Therefore, the network
buffer was selected to create neighborhood extents in this study. The distance (buffer size)
used to define neighborhood extent also varies across studies on greenery and weight status.
Buffer sizes used in the past range from 100, 250, and 300m (Dadvand et al., 2014;
Klompmaker et al., 2018; Villeneuve et al., 2018), to 1000, 2000, 3000, and 5000m (Astell-
Burt, 2014; Bell et al., 2008; Dadvand, 2014; Klompmaker et al., 2018; Liu et al., 2007;
Villeneuve et al., 2018; Wilhelmsen et al., 2017). A buffer of 500m is commonly used to
define neighborhood extent in studies on greenery and weight status (Dadvand et al., 2014;
Klompmaker et al., 2018; Sarkar, 2017; Villeneuve et al., 2018; Wolch et al., 2011). A
review on buffer sizes and health outcomes found that relationships between neighborhood
greenery and individual physical activity formed an inverse U-shape from 250 to 1999m
buffers (Browning and Lee, 2017). Twenty-six percent of the findings were reported to have
positive associations between greenery and health outcomes when using buffers less than
250m; 38% were positive when using buffers between 500 — 999m, and 33% were positive
when using buffers between 1000 — 1999meters. Neighborhood greenery in this study was
therefore generated at four network buffer sizes, 500, 1000, 1500, and 2000m, to examine
the relationships between greenery and weight status. Buffer sizes greater than 2000m were
considered to exceed common walking distances and thus not examined.

In addition to treating greenery as a continuous measure, we also developed categorical
greenery measures to represent four levels of greenery. Categorical greenery may yield a
potential dose of greenery for promoting healthy weight status. It is always challenging to
determine threshold values to classify greenery levels. Percentile breaks (e.g., tertile,
quartile, and quintile) are commonly used in health studies (Almanza et al., 2012; Dadvand,
2014; Lovasi et al., 2013; Richardson et al., 2013; Villeneuve et al., 2018). Though this
approach ensures that the numbers of observations are equally distributed in each category,
outliers may unduly influence threshold values and result in large variances within lower and
upper categories. Alternatively, K-means clustering splits observations into a given number
of groups by finding the breaks that minimize the within-group and maximize the between-
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group variance (Kriegel et al., 2017; Madhulatha, 2012). Therefore, K-means clustering was
used in this study to categorize vegetation values into four levels for each buffer size.

As climatic conditions in these two communities are distinct, great differences in break
values of greenery levels were expected. Under our methods, any potential threshold amount
of greenery for protective effects on healthy weight status across climates would be
unknown. Therefore, we also applied a range of fixed greenery thresholds from 10% to 20%
to both communities to explore any general greenery threshold effects on weight status.

2.5 Confounding factors

We acquired the best available data for potential confounding factors including age, gender,
density of built infrastructure, and park proximity (individual level), and income and race
(census block group level). Age and gender were obtained from the driver’s license datasets
for each participant. Age was calculated by subtracting the four digits of an individual’s
birth year from 2011 (age at year 2011). Age was categorized into 6 groups by an interval of
5 years with an exception of 6 years in the last group (i.e., 25 — 29, 30 -34, 35 — 39, 40 — 44,
45 — 49, and 50 - 55). Income and race were represented at the census block group (CBG)
level by Percent Household below the Adjusted Threshold for Quality of Life (QOL index)
(EPA, 2017) and Percent Population that is not “white non-Hispanic” (EPA, 2013; EPA,
2015 for Phoenix and Portland, respectively).

Quality of life is indicated by meeting or exceeding a threshold value for annual household
income, which is an estimated minimum required for healthy emotional well-being.
Kahneman and Deaton (2010) conducted an analysis on household income and its relation to
life evaluation and emotional well-being with a sample size of 450,000 U.S. residents. The
authors reported that life evaluation and emotional well-being increased steadily with annual
household income up to $75,000, with no further increase in emotional well-being beyond
that amount. However, cost of living varies significantly across the United States (Short,
2016); therefore, the threshold of $75,000 for quality of life must be adjusted by locality.
The EnviroAtlas QOL index was created based on U.S. Census Table B19001: Household
Income In The Past 12 Months (In 2012 Inflation-Adjusted Dollars), and the cost of living
index at the county level developed by the Council for Community and Economic Research
(C2ER). The adjusted threshold for quality of life was calculated as $75,000 * county-level
cost of living index. Then the QOL index value for each CBG was generated using the
number of households below the adjusted QOL threshold, divided by the total number of
households. Percent other than White, non-Hispanic population per CBG was calculated
based on the 2010 U.S. Census Table PO050002: Not Hispanic or Latino. The variable was
created using the number of individuals other than White, non-Hispanic, divided by the total
population. Both variables were categorized into quartiles for analysis.

The EnviroAtlas metrics, Estimated Walking Distance to a Park Entrance (EPA, 2016¢) and
Estimated Intersection Density of Walkable Roads (EPA, 2016a), were used to indicate park
proximity and the density of built infrastructure at the individual level.

Nearby parks may represent a discrete pathway for physical activity, and investment in
neighborhood parks may lead to more greenery along streets. Therefore, park proximity was
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considered as a confounding factor to distinguish the effects of street greenery. Estimated
walking distance to a park entrance was created by the EnviroAtlas program based on two
layers — park entrances and the walkable road network. Park information was obtained from
multiple sources including PADUS (Protected Areas Database of the United States, USGS,
2016) and county and municipal parks and recreation departments; park entrances were
identified based on available local information and Google maps. The walkable road
network was based on the NavTEQ Street database (Nokia-HERE, 2011). Walking distance
to the nearest park entrance was then calculated at 10m resolution from every point along the
roads using the Cost Distance function, and then interpolated for an extended 5km border
beyond the EnviroAtlas community boundary using the Natural Neighbor function (ESRI
ArcGIS Desktop Help 10.4 Spatial Analyst Toolbox). The nearest distance to a park
entrance was classified into 9 categories: <250, 250 — 500, 500 — 750, 750 — 1000, 1000 —
2000, 2000 - 3000, 3000 — 4000, 4000 — 5000, and =5000meters. This study combined the
categories greater than 2000 into one category, =2000m, resulting in six categories of
estimated walking distance to a park entrance for this analysis. Data values for participants
were identified by their residential addresses.

Estimated intersection density of walkable roads was interpolated across each community at
10m resolution using the NavTEQ roads data and the Kernel Density function (ESRI
ArcGIS Desktop Help 10.4 Spatial Analyst Toolbox). Multiple moving-window analysis
areas were set to correspond to the network buffer sizes (i.e., 500, 1000, 1500, and 2000m).
Intersection density values for each buffer size were extracted for each residential address
and categorized by quartile.

2.6 Statistical analysis

Moran’s /was calculated using residuals from the models for all buffer sizes. Moran’s /
ranges from —1 (spatially dispersed) to +1 (spatially clustered), with a value of zero
indicating spatially random distribution. The respective observed value of Moran’s /at 500,
1000, 1500, and 2000m was 0.0151, 0.0149, 0.0148, and 0.0148 in Phoenix, and 0.017,
0.0152, 0.0143, and 0.0137 in Portland. The results indicated that spatial autocorrelations
were weak in both communities. Therefore, spatial autocorrelation was not considered in the
models in this study.

Logistic regression was applied to examine associations between weight status and
neighborhood greenery at the four buffer sizes, controlling for the aforementioned
confounding factors. Potential multicollinearity was tested by the generalized variance
inflation factor (GVIF). Variables with a GVIF value greater than two would be removed.
Effect modification by each confounding factor was examined by multiplicative terms. Any
significant interaction was considered if the model was significantly improved by 10
percent, as evaluated by McFadden’s pseudo R-squared (McFadden, 1973). We conducted
sensitivity analyses to investigate the effect of using overlapping vs non-overlapping buffers
sizes, and using the QOL index vs. the Census income variable, Percent Population with
Income below Twice the Poverty Level. No significant differences were detected
(Supplemental — Sensitivity analysis)
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3. Results

3.1 Descriptive statistics for the study population

The study population in both Phoenix and Portland was aged 25 to 55, with a mean age of
approximately 39, and evenly split between females and males (Table 1). According to self-
reported height and weight, about half of the population was overweight or obese (53% in
Phoenix and 49% in Portland). In Phoenix, 58% of the population resided in census block
groups with average annual household incomes below the Adjusted Threshold for Quality of
Life. This figure was slightly higher in Portland (59%). Percent non-White population by
block group in Phoenix and Portland was 39% and 26%, respectively. The closest park
entrance along walkable roads for 29% of the Phoenix study population was between 1 and
2 kilometers, but around 70% of the Portland study population resided within 750m of a
walkable park entrance. Mean values of Estimated Intersection Density of Walkable Roads
showed that Portland also had better street connectivity than Phoenix across all the buffer
sizes. Values for this metric decreased with increasing buffer sizes, from 66 to 52 and from
70 to 59 per square kilometer as buffers increased from 500 to 2000m in Phoenix and
Portland, respectively.

3.2 Greenery measures

From the Meter-scale Urban Land Cover data, the percent tree and herbaceous cover along
walkable roads in Phoenix was 8.5% and 6.9%, respectively. In Portland, the values for tree
and herbaceous cover were much higher (20.9% and 28.8%, respectively) (Figure 2). Mean
tree cover along walkable roads across all buffer sizes was around 9% in Phoenix and 20%
in Portland (Table 2). Mean herbaceous cover across all buffer sizes in Portland (around
25%) was four times more than the average amount in Phoenix (around 6%). The range of
values for both tree and herbaceous cover in Phoenix substantially declined with increasing
distance from home (e.g., upper range of tree cover was 54.8% at 500m and 30.6% at
2000m), whereas the range of values for both cover types showed only a small decline with
increasing buffer size in Portland (e.g., upper range of tree cover was 99.9% at 500m and
90.1% at 2000m).

For the four-level categorical greenery measures determined by K-means clustering, the first
break values for tree cover along walkable roads were 5.5 to 5.8% across all the buffers in
Phoenix, and 15 to 17% in Portland (Table 2). The first break values for herbaceous cover
were around 5% in Phoenix and 20% in Portland. For aggregate greenery, the first break
values were 11% in Phoenix and 40% in Portland.

3.3 Relationships between urban greenery and weight status

None of the independent variables in the models had a GVIF greater than two, after
controlling for confounding factors; therefore, none of these variables was removed. The
adjusted odds ratios (AORs) using continuous greenery measures along walkable roads
showed that every 10% increase in tree cover across all buffer sizes in both communities was
significantly associated with at least 11% lower odds of being overweight or obese (Table 3).
In addition, the relationships were stronger with increasing buffer sizes. For instance, every
10% increase in tree cover at 500, 1000, 1500, and 2000m in Portland was associated with
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11% (AOR=0.89, 95% CI: 0.88-0.9), 14% (AOR=0.86, 95% CI: 0.85-0.87), 16%
(AOR=0.84, 95% CI: 0.82-0.85), and 18% (AOR=0.82, 95% CI: 0.81-0.83) lower odds of
being overweight or obese. For herbaceous cover, a 10% increase across buffer sizes in
Phoenix was associated with lower odds of being overweight or obese (e.g., AOR at 500m =
0.83, 95% CI: 0.81 — 0.84). However, the same increment in Portland was associated with
higher odds of being overweight or obese (e.g., AOR at 500m = 1.16, 95% CI: 1.15 - 1.18).
The effect of aggregate greenery in Phoenix was weaker than either tree or herbaceous cover
alone at all buffer sizes, while the effect in Portland was between those of tree and
herbaceous cover.

According to models using the categorical greenery measures, living in Phoenix with at least
5.7% tree cover (reference threshold) along walkable roads within a 500m network buffer
was associated with at least 5% lower odds of being overweight or obese; AORs were lower
with greater tree cover (AOR at 500m = 0.95, 95% CI: 0.94 — 0.97; 0.87, 95% CI: 0.85 —
0.88; and 0.78, 95% CI: 0.77 — 0.8 for tree cover Levels I, 111, and 1V). The effects were
similar across all buffer sizes (Table 3). Living in Portland with at least 15.1% tree cover
(reference threshold) within 500m from home was associated with at least 7% lower odds of
being overweight or obese. As in Phoenix, stronger effects were observed with increasing
tree cover (AOR at 500m = 0.93, 95% CI: 0.91 - 0.95; 0.80, 95% CI: 0.78 — 0.82; and 0.65,
95% CI: 0.62 — 0.68 for tree cover Level I, 111, and 1V). The effects at different levels of tree
cover were similar across all buffer sizes when using categorical measures.

In Phoenix, compared to residents with less than 4.8% herbaceous cover (referent) within
500m, greater herbaceous cover was associated with at least 6% lower odds of being
overweight or obese (AOR at 500m = 0.94, 95% CI: 0.93 — 0.96; 0.87, 95% CI: 0.86 — 0.89;
and 0.80, 95% CI: 0.77 — 0.82 for herbaceous cover Levels 11, I1, and 1V), with similar
effects across all buffer sizes. In Portland, compared to those with less than 20.4%
herbaceous cover (referent) within 500m, greater herbaceous cover was associated with at
least 12% higher odds of being overweight or obese (AOR at 500m = 1.12, 95% CI: 1.09 —
1.15; 1.25, 95% ClI: 1.22 — 1.28; and 1.36, 95% CI: 1.30 — 1.42 for herbaceous cover Levels
I1, 111, and 1V); these effects were also similar across all buffer sizes.

In Phoenix, compared to those with less than 10.68% aggregate greenery (referent),
participants with greater aggregate greenery were associated with at least 3% lower odds of
being overweight or obese (AOR at 500m = 0.97, 95% CI: 0.95 — 0.98; 0.84, 95% CI: 0.83 -
0.86; and 0.75, 95% CI: 0.73 — 0.76 for aggregate greenery Levels I, I11, and IV). The
effects were similar across all buffer sizes. However, the effects of aggregate greenery were
not protective for 500m buffers in Portland (AOR=1.03, 95% CI: 1.01 — 1.05). Aggregate
greenery starting at approximately 49% was associated in Portland with at least 6% lower
odds of being overweight or obese when comparing to those with less than 39.2% aggregate
greenery (referent) (AOR at 500m = 0.94, 95% CI: 0.91 - 0.96 and 0.78, 95% CI: 0.74 —
0.81; at 1000m = 0.87, 95% CI: 0.85 — 0.90 and 0.72, 95% CI: 0.69 — 0.46; at 1500m = 0.85,
95% CI: 0.83 - 0.88 and 0.70, 95% ClI: 0.66 — 0.74; and at 2000m = 0.85, 95% CI: 0.82 —
0.87 and 0.70, 95% CI: 0.67 — 0.74 for Levels I1l and 1V of aggregate greenery,
respectively). Most of the effect modifications by confounding factors changed model
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performance by less than 1%,; therefore, none of the effect modification terms was included
in the final model (Supplemental Table 1).

Lower and higher levels of greenery determined by a range of fixed thresholds from 10 to 20
percent were applied only to tree cover in both communities, as herbaceous cover showed
divergent effects on weight status. In general, adjusted odds ratios of being overweight or
obese dropped by similar amounts in both communities at the same fixed thresholds (Figure
3). In Phoenix, people with higher levels of street tree cover had lower odds with increasing
value of the fixed threshold. In Portland, the consistency of having lower odds with
increasing threshold was observed only at the 500m buffer. At the other buffer sizes, this
trend was detected only between 10 to 12% and 17 to 20 percent.

4. Discussion

Much evidence supports greenery benefits to human health through a broad range of
ecosystem services (James et al., 2015; Maas et al., 2006; Tzoulas et al., 2007). Questions
about whether different classes, extents, and distributions of greenery have varying effects
on human health outcomes are still under-explored. This study addressed these research gaps
by examining effects of greenery at the individual level for more than 700,000 participants,
using a gradient of extents from 500 to 2000m residential buffers and fine-resolution land
cover data. In addition, the distribution of greenery was defined as only that along walkable
roads, where people have continuous physical access.

4.1 Greenery class and weight status

Tree cover along walkable roads was consistently inversely associated with odds of being
overweight or obese in both Phoenix AZ, and Portland OR, across four residential buffer
extents from 500m to 2000 meters. Effects were slightly stronger with increasing buffer size
in both communities and similar or identical between communities.

Models using categorical tree cover values also showed protective effects that were stronger
with increasing buffer size. The lowest tree-cover threshold for which we observed a
protective effect on odds of being overweight or obese was around 6% for Phoenix and 16%
for Portland. This difference in the lower threshold values likely reflects the large climatic
difference between the two study communities. Findings suggest that even very low levels of
street tree cover in an arid community may make a significant difference in facilitating
physical activity.

Nevertheless, an increasing magnitude of effect was observed in Phoenix at increasing tree-
cover thresholds that were fixed at 10 to 20 percent. In Portland, the trend was not smooth,
but the odds at all buffer sizes decreased at least 5% from the 10 to the 20% threshold.
Within the parameters of this study, increasing tree cover, even by relatively small amounts,
up to 2000m from homes along walkable roads is linked to reduced odds of being
overweight or obese. More tree cover and longer extents are associated with lower odds.
This observation holds in two U.S. climatic extremes.
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Modelled relationships between herbaceous cover and odds of overweight/obesity were in
opposing directions for Phoenix (protective) and Portland (harmful). These results suggest
that herbaceous vegetation may provide different ecosystem services in different climates. In
a study on aesthetic preferences for street-tree density (Jiang et al., 2015), amount of
herbaceous cover had no effect on preference across four U.S. midwestern cities in
temperate climate zones. With abundant tree cover in Portland, increasing herbaceous cover
may likewise not increase aesthetic appeal, but instead signify larger parcels and longer
distances between destinations. In Phoenix, with little greenery overall, it is possible that
both herbaceous and tree cover provide aesthetic appeal to promote outdoor physical
activity. Additionally, a review of greenery effects on temperature reduction indicated that,
although trees generally produced better cooling effects than short vegetation, grass still had
significantly lower surface temperatures than impervious cover (Bowler et al., 2010). It is
possible that the heat reduction provided by herbaceous cover in an arid climate is relatively
greater and more noticeable when compared to a temperate forested climate.

Due to limitations in available landcover data, many studies have treated multiple vegetation
types as aggregate greenery, or overall greenness, to examine its relationships with human
health outcomes. Our findings from highly-resolved landcover data showed distinctions
among the effects of tree cover, herbaceous cover, and aggregate greenery along walkable
roads, particularly in Portland. There, the effects of aggregate greenery reflected the
opposing effects of the discrete vegetation classes. The results were consistent for both
continuous and categorical greenery values. In Phoenix, the protective effects of herbaceous
cover were similar to those of trees. These findings provide direction on which class(es) of
vegetation may be most effective to reduce the odds of being overweight or obese in the two
study communities.

4.2 Neighborhood extent of greenery and weight status

Many studies have reported beneficial associations between healthy weight status and
greenery within 500m from home (Dadvand et al., 2014; Klompmaker et al., 2018; Sarkar,
2017; Villeneuve et al., 2018; Wolch et al., 2011). A review of buffer distances in greenery-
health studies recommended larger, non-overlapping buffer sizes (e.g., 1000 — 2000m) to
examine relationships with physical activity-related health outcomes (Browning and Lee,
2017). In this study, similar effects on weight status were observed across 500 to 2000m
residential network buffers in each community. The effects from using overlapping versus
non-overlapping buffers were also similar (Supplemental — Sensitivity Analysis), suggesting
that the potential influence of greenery on behavior is continuous at increasing distances
from home, rather than discrete. One implication is that greenery, especially tree cover,
along walkable roads may encourage people to extend their home-based physical activity
range.

4.3 Limitations and implications

Several limitations must be acknowledged in this study. First, this is an observational, cross-
sectional analysis, so casual inference cannot be drawn from our findings. Second, we were
able to obtain data from only two communities, which were distinct in many aspects
including climate. Human perceptions of vegetation may differ across climate gradients,
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resulting in differential utilization and value. This issue is beyond the scope of our analysis.
Third, self-selection may influence the streetscapes in which people choose to live.

We did not have data on individual physical activity levels or locations. We assumed
physical activity around the home, but did not consider the workplace as these locations
were unknown. We also did not have individual-level information on income or race.
Therefore, variations in these factors below the block-group level have been generalized and
results may have been affected by the ecological fallacy whereby mean attributes of a group
are incorrectly ascribed to individuals (Blakely and Woodward, 2000). However, in
delineating block groups, the U.S. Census Bureau strives to maximize within-group
homogeneity and between-group heterogeneity (U.S. Census Bureau, 1994).

In addition, data on length of residency were not available; however, potentially recent
arrivals (college students and retirees) were removed by narrowing the age group from 25 to
55 years old. Data were also unavailable on environmental stressors such as air pollution and
crime rate, and on infrastructure such as greenways and bike routes, all of which can modify
relationships between greenery and health outcomes.

The removal of records without complete street addresses may have resulted in exclusion
bias, particularly for residents in rural and Tribal lands where location information other
than a street address is listed on driver’s licenses. Findings from this study are likely not
applicable to areas beyond the urban/suburban landscape. There may also be exclusion bias
associated with the removal of one or more records per street address, as different exclusion
criteria may result in divergent samples. However, by limiting the number of records to one
per address, we decreased the amount of spatial autocorrelation in our data resulting from
duplicate information to non-statistically significant levels, and thus avoided an inflated
Type | error rate (Griffith, 2005).

Finally, only logistic regression was employed to examine the relationships between
dichotomous weight status and street greenery in both continuous and categorical forms.
Other statistical approaches (e.g., spline and loess models) could be tested to explore
potential non-linearities in these relationships throughout the street greenery continuum.

Despite several limitations of this analysis, driver’s license records provided us with a large
study population that included most households. The greenery measures were based on high-
resolution and finely-classified landcover data. The measures were designed specifically to
capture potential ecosystem services (e.g., shade, cooling effect, and aesthetics) that promote
physical activity in publicly accessible areas. In addition, greenery measures included not
only individual vegetative classes but also aggregate vegetation. The neighborhood extents
cover a range of distances for localized physical activities, including a short walk (within
500m), run, or bike ride (1 to 2km). The results are drawn from large populations, providing
strong statistical power. Findings from this study support the importance of urban street
greenery, even in very different climates, for health and well-being. They can help guide
urban greenery management to prioritize vegetation class and allocation decisions in limited
urban spaces.
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5. Conclusion

The recognition of nature as a viable means for promoting human health and well-being has
been rapidly growing (e.g., Natural England, 2010; Van den Bosch et al., 2016; WHO
Regional Office for Europe, 2016a, b). It is important to understand which types of nature
interaction may link to specific health outcomes. For instance, neighborhood greenery
within a small buffer around the home, school, or workplace may be important for mental
health, since visual contact with nature has been linked repeatedly with mental well-being
(Brown et al., 2013; Kaplan, 2001; Ulrich, 1984) sometimes by mediating neighbor
interaction (Kuo et al., 1998). Numerous studies also report beneficial effects of highly
localized greenery (e.g., window views) on academic performance (Matsuoka 2010;
Benfield et al., 2015; Donovan et al., 2018). Larger buffers targeting physically accessible
areas capture nature that may influence physical activity-related health outcomes. Findings
from this study suggest that different classes of greenery can have varying associations with
the same fitness measure, and the results may differ by climate. More trees along walkable
roads were consistently associated with lower odds of overweight/obesity across smaller
(less than or equal to 1 km) and larger (greater than 1 km) neighborhood extents. Further
research should consider extending analyses across additional climatic conditions to test
variation in effects of greenery by class and allocation on health outcomes. Longitudinal
studies, such as interventions and before versus after relocations, would address causal
relationships between greenery and human health.
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Highlights
. Types of greenery can have different associations with weight status.
. Higher levels of tree cover across tested thresholds were consistently
protective.
. Greenery effects were greater in larger buffers.

Urban For Urban Green. Author manuscript; available in PMC 2020 May 01.



1duosnuel Joyiny vd3 1duosnue Joyiny vd3

1duosnue Joyiny vd3

Tsai et al.

A

Page 22

& , s s mEunun
~ 4 m & mEnanm
-...-Il-
ilm‘mm u-m B EEmEN
rmm.m M, BN
g g m pEEn 'EB

N
2 |
| |
| | ]
B | |
B |
- ]
| u
- -
|} - |
7 =
il |
- ]

Herbaceous

Figure 1.

A)gj 10% tree cover and 3% herbaceous cover in Meter-scale Urban Land Cover (MULC)
view and the corresponding view in Google Earth (A’). B) 15% tree cover and 4%
herbaceous cover in MULC view and the corresponding view in Google Earth (B’). C) 20%
tree cover and 6% herbaceous cover in MULC view and the corresponding view in Google
Earth (C’).
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A) Phoenix, AZ B) Portland, OR
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Figure 2.
Meter-scale Urban Land Cover in Phoenix, AZ (A) and Portland, OR (B). Details of the

landcover catchment area along walkable roads (A’: Phoenix, AZ and B’: Portland).
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Figure 3.
Adjusted odds ratios with 95% confidence intervals at a range of thresholds from 10% to

20% of tree cover along walkable roads.
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Descriptive statistics for the study population

Table 1

Phoenix, AZ

Portland, OR

Total Population t
Female

Male

497,311

236,224 (47.5%)
261,087 (52.5%)

224,718

113,438 (50.48%)
111,280 (49.52%)

Mean Age at Year 2011
25-29
30-34
35-39
40-44
45-49
50 - 55

39.38 (sd = 8.91)
89,259 (17.95%)
83,766 (16.84%)
79,619 (16.01%)
81,737 (16.44%)
76,860 (15.46%)
86,070 (17.31%)

38.9 (sd = 8.93)
42,813 (19.05%)
41,019 (18.25%)
34,850 (15.51%)
37,774 (16.81%)
31,089 (13.83%)
37,177 (16.54%)

Mean BMI

25.9 (sd = 4.28)

Neither Overweight nor Obese (Referent)

24.92 (sd =3.8)

Underweight 89,23 (1.79%) 38,78 (1.73%)
Normal Weight 205,937 (41.41%) 114,717 (51.05%)
Overweight or Obese
Overweight 191,374 (38.48%) 80,188 (35.68%)
Obese 91,077 (18.31%) 25,939 (11.54%)
Park Proximity
No access within 2km (Referent) 48,069 (9.67%) 41,90 (1.86%)
Within 250m 55,508 (11.16%) 42,414 (18.87%)
>250 and <=500m 68,098 (13.69%) 60,135 (26.76%)
>500 and <=750m 69,176 (13.91%) 52,918 (23.55%)
>750 and <=1000m 60,873 (12.24%) 32,589 (14.5%)

>1000 and <=2000m

144,351 (29.03%)

32,472 (14.45%)

Mean Quality of Life (QOL index)

57.98 (sd = 21.78)

59.07 (sd = 19.23)

4-Level Range Total Pop (%0) Range Total Pop (%)
Referent 0-40.62 124,429 (25.02%) 7.74-45.74 56,406 (25.10%)
Level 11 40.63 - 58.38 124,282 (24.99%) 45.75-61.18 56,002 (24.92%)
Level 111 58.39 — 75.59 124,306 (25.00%) 61.19 - 74.63 56,185 (25.00%)
Level IV 75.6 — 100.00 124,429 (25.02%) 74.64-100.00 56,125 (24.98%)
Mean Percent Non-White Population  39.07 (sd=24.78) 26.07 (sd=13.05)
Referent 1.35-20.63 124,394 (25.01%) 1.53-15.38 56,290 (25.05%)
Level Il 20.64 — 30.65 124,365 (25.01%) 15.39-23.78 56,221 (25.02%)
Level 111 30.66 — 54.51 124,232 (24.98%) 23.79-345 56,056 (24.95%)
Level IV 54.52 -98.41 124,320 (25.00%) 34.51-86.51 56,151 (24.99%)

Estimated Intersection Density of Walkable Roads
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Phoenix, AZ Portland, OR
Mean Intersection Density at 500m 65.91 (sd = 23.55) 70.34 (sd = 28.46)
Referent 0-51.65 124,328 (25%) 0-50.48 56,180 (25%)
Level 11 51.66 — 65.89 124,328 (25%) 50.49 - 67.25 56,179 (25%)
Level 111 65.90 - 80.36 124,327 (25%) 67.26 - 89.15 56,179 (25%)
Level IV 80.37-269.19 124,328 (25%) 89.16 — 187.98 56,180 (25%)

Mean Intersection Density at 1000m
Referent
Level 11
Level 111
Level IV
Mean Intersection Density at 1500m
Referent
Level 11
Level 111
Level IV
Mean Intersection Density at 2000m
Referent
Level 11
Level 111
Level IV

58.76 (sd = 18.04)
0-48.17 124,328 (25%)
48.18-59.79 124,329 (25%)
59.80-70.85 124,326 (25%)
70.86—153.87 124,328 (25%)
54.79 (sd = 16.48)

0-4523 124,328 (25%)
4524-56.30 124,328 (25%)
56.31-65.85 124,327 (25%)
65.86-128.87 124,328 (25%)
52.07 (sd = 15.27)

0-43.16 124,328 (25%)
4317-5373 124,328 (25%)
53.74-62.71 124,327 (25%)
62.72-116.42 124,328 (25%)

64.42 (sd = 25.73)

0-46.84 56,180 (25%)
46.85-6020 56,179 (25%)
60.21-81.35 56,179 (25%)
81.36—168.71 56,180 (25%)
61.2 (sd = 24.76)

0-44.70 56,180 (25%)
4471-56.75 56,179 (25%)
56.76—76.44 56,179 (25%)
76.45-147.54 56,180 (25%)
58.82 (sd = 24.02)

0-42.95 56,180 (25%)
42.96-54.19 56,179 (25%)
54.20-72.59 56,179 (25%)
72.60-132.48 56,180 (25%)

Page 26

fTotaI population was adjusted by the availability of Percent Household below the Adjusted Threshold for Quality of Life (QOL index). The index
was not available for 119 and 3 samples in PAZ and POR, respectively.
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