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A B S T R A C T

Neighborhood attributes have been shown to influence health, but advances in neighborhood research has been
constrained by the lack of neighborhood data for many geographical areas and few neighborhood studies ex-
amine features of nonmetropolitan locations. We leveraged a massive source of Google Street View (GSV) images
and computer vision to automatically characterize national neighborhood built environments. Using road net-
work data and Google Street View API, from December 15, 2017-May 14, 2018 we retrieved over 16 million GSV
images of street intersections across the United States. Computer vision was applied to label each image. We
implemented regression models to estimate associations between built environments and county health out-
comes, controlling for county-level demographics, economics, and population density. At the county level,
greater presence of highways was related to lower chronic diseases and premature mortality. Areas characterized
by street view images as ‘rural’ (having limited infrastructure) had higher obesity, diabetes, fair/poor self-rated
health, premature mortality, physical distress, physical inactivity and teen birth rates but lower rates of excessive
drinking. Analyses at the census tract level for 500 cities revealed similar adverse associations as was seen at the
county level for neighborhood indicators of less urban development. Possible mechanisms include the greater
abundance of services and facilities found in more developed areas with roads, enabling access to places and
resources for promoting health. GSV images represents an underutilized resource for building national data on
neighborhoods and examining the influence of built environments on community health outcomes across the
United States.

1. Introduction

Neighborhood environments can influence the ability of individuals
and families to access necessary resources for achieving and main-
taining good health. Neighborhood attributes have been linked with a
broad array of health outcomes including mortality,(Wing et al., 1992;
Tyroler et al., 1993; Morris et al., 1996; Eames et al., 1993; Townsend
et al., 1988) life expectancy,(Clarke et al., 2010) mental health,(Truong
and Ma, 2006) self-rated health, obesity,(Mujahid et al., 2008; Black

et al., 2010; Heinrich et al., 2008) and diabetes.(Lysy et al., 2013;
Grigsby-Toussaint et al., 2010) Neighborhood built environments with
mixed land use (residential, commercial uses, institutional)(Frank et al.,
2004) may promote health because they position amenities and com-
munity resources where people live. Infrastructure like roads is critical
because these connect people to goods, services and social networks.

Research on built environment characteristics can be expensive and
time consuming.(Rundle et al., 2011) Neighborhood audits of built
environmental features have typically entailed onsite visits and due to
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the cost and logistical challenges of these methods which include travel
time and staff training, data on built-environment features are often
limited in scale to a few neighborhoods or regions.(Bader et al., 2017)
However, understanding the potential impacts of neighborhood design
on health outcomes necessitates the inclusion of diverse, heterogeneous
neighborhoods. Using road network data and Google Street View (GSV)
images, we were able to construct neighborhood characteristics for
geographically diverse areas across the entire United States. Computer
vision tools were used to automatically process street segments—which
dramatically lowered costs while offering new data resources for
neighborhood research.

In recent years, public health and social scientists have started to
utilize GSV to conduct innovative research, and those nascent studies
suggest that GSV is a reliable and cost-effective tool.(Rundle et al.,
2011; Naik et al., 2014; Kelly et al., 2012) Rundle and colleagues
compared field audits of neighborhood features to GSV data and they
found high levels of concordance especially for measures of pedestrian
safety, traffic, and infrastructure for active travel. Small items or fea-
tures that had temporal variability displayed lower levels of con-
cordance. Another team utilized GSV to audit built environments in
Indianapolis and St. Louis and found high inter-rater reliability.(Kelly
et al., 2012) Outside the U.S., Silva and team found GSV to be a reliable
and valid tool compared to in-person audits for assessing obesogenic
built environment features in a heterogeneous urban area in São Paulo.
(Silva et al., 2015) A group of European scientists utilized GSV to
measure physical environment characteristics in London, Paris, Buda-
pest and other cities.(Feuillet et al., 2016) Using computer vision
models on approximately 1 million GSV images, Naik and colleagues
created high resolution maps of perceived safety for 21 cities across the
United States.(Naik et al., 2014)

Nevertheless, rural areas in particular have been under-
studied—although they make up over 97% of the land area in the United
States.(U.S. Census Bureau, 2015) Rural areas have comparatively less ac-
cess to some amenities for maintaining and promoting health such as health
care resources, supermarkets, transit systems and nearby schools, recrea-
tional facilities, and cultural attractions within walking distance that en-
courage physical activity (Khan et al., 2009; Meit et al., 2014). Additionally,
good road structures are important for providing access to jobs, facilitating
the movement of goods and people, accessing health care and education,
and providing links to social services. Rural roads may lack capacity, fail to
provide needed connectivity to communities, and inadequately support
freight travel.(TRIP, 2017) These features may help explain stark health
disparities seen between rural and urban areas, with rural areas having
much higher mortality, morbidity and chronic diseases.(Wilcox et al., 2000;
Befort Christie et al., 2012; Eberhardt and Pamuk, 2004; Hartley, 2004;
Parks et al., 2003; Eberhardt et al., 2001) Obesity, ischemic heart disease,
chronic obstructive pulmonary diseases, limitation of activity due to chronic
health conditions, leisure time physical inactivity, and mental illness are
higher in rural counties than in urban or suburban counties.(Meit et al.,
2014)

Since their launch in 2007, GSV has captured 20 petabytes of data,
equivalent to 5 million miles of road around the world.(Farber, 2012)
GSV images provide a unique lens into the local built environment with
ground-level views not possible with other data sources such as satellite
data. Street View image data also provide flexibility in allowing in-
vestigators to extract a variety of built environment features from one
data source. Additionally, the geocoordinates associated with each
image allows the use of flexible neighborhood boundaries to summarize
built environment characteristics at different levels of aggregation (zip
code, census tract, county, state). Other neighborhood data sources
such as the U.S. Census provide complementary information on de-
mographics and economic characteristics of residents.

Study Aims.
In this study, we leverage millions of GSV images and computer

vision to create indicators of urban development based upon the phy-
sical features of the environment. We focus on the absence of

infrastructure and facilities because we believe that one main me-
chanism driving urban-rural disparities is fewer community resources
and services found in rural communities. We examine whether our
constructed indicators of urban development predict county level
chronic disease, premature mortality, self-rated health, and health be-
haviors—controlling for population density as well as county demo-
graphic and economic characteristics. These diverse outcomes were
selected in order to investigate the degree to which different dimen-
sions of health were associated with our GSV measures. Previous re-
search have linked neighborhood conditions to health behaviors
(Saelens and Handy, 2008; Sallis et al., 2018), chronic conditions
(Alvarado, 2016; Barrientos-Gutierrez et al., 2017), mental health
(Galea et al., 2005; Evans, 2003) as well as mortality.(Hembree et al.,
2005; Hankey et al., 2011)

2. Methods

2.1. Street view image collection

Using national road network data, we built a database of latitude
and longitude coordinates representing all the street intersections in the
United States. We focused on sampling images from street intersections
in order to create a dataset that characterizes environments where
people inhabit. In the United States, there are vast, sparsely populated
roadless areas, especially mountain ranges and deserts. The roadway
network files were accessed from the 2017 Census Topologically
Integrated Geographic Encoding and Referencing data set. We down-
loaded all road types. We identified street intersections using
PostgreSQL (an open-source object-relational database system) with the
PostGIS plugin. The plugin is spatial database extender and enables
location queries to be run in SQL. More information about the plugin
can be found at https://postgis.net/.

Using these latitude and longitude coordinates, we retrieved GSV
images for these locations. Between December 15, 2017-May 14, 2018,
we used Google's Street View Image Application Programming Interface
(API) to obtain images. Parameters for the API include the following:
image size (640× 640 pixels is the maximum image resolution for non-
premium plan users), geographic location (geographic coordinates or
addresses), field of view (zoom level), up or down angle of the camera
relative to the Street View vehicle (default is 0), and heading (direction
the camera is facing with 0=north, 90= east, 180= south and
270=west). Previously the API allowed users to download GSV images
free of charge up to 25,000 map loads per 24-h period. However, on
July 16, 2018, a new pay-as-you-go pricing plan went into effect for
Maps, Routes, and Places. More information can be found at https://
developers.google.com/maps/documentation/streetview/usage-and-
billing.

We obtained four Street View images (directions: west, east, north
and south) for each pair of coordinates to comprehensively capture 360
degree views of the environment. Image resolution was 640×640
pixels. We first sampled two-thirds of counties and then obtained all the
intersections within the sampled counties. In total, we collected
16,171,605 images from a subset of 2143 counties in the United States.
eFigure 1 displays the national coverage of our image data collection
with sampling points dispersed across the United States. eTable 1 dis-
plays the number of images collected per state as well as the number of
counties, by state, with image data.

2.1.1. Image data processing
We used Google's Vision API, Out-Of-Box, to label each Street View

image. The API is able to detect thousands of different pre-defined items
in images, ranging from wildlife to food to clothing. Users can output
labels as .txt or .csv for further analysis. The API provides the advantage
of having access to image classification algorithms that have been built
using very large training sets. Computer vision is an established field
and concepts employed by Google's API would also apply to other
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software or specifically trained algorithms. Pricing information for the
API can be found at the following website https://cloud.google.com/
vision/pricing.

The API took less than one second to process each image and we
utilized the API to analyze 16 million images from April 25–May 10,
2018. The API to provides ten labels for each image. For this study, we
focused on labels that characterized the built environment including 1)
presence of highways (main road, especially connecting towns or ci-
ties), 2) rural area (sparsely spaced houses or buildings; limited sur-
rounding infrastructure; unpaved roads), and 3) grassland (a large open
area covered by grass, especially farmland used for grazing or pasture).
More highways may represent more robust transit systems that enable
the travel of goods and people. Conversely, more images labeled as
rural area and grassland signal less urban development. Each image had
a unique image identification number that was comprised of its lati-
tude, longitude and camera direction. Image labels were merged with
the images using this unique ID.

2.1.2. Quality control activities
In order to evaluate the accuracy of the computer vision API and con-

sidering time and participant fatigue, two coauthors manually labeled 300
images. Specifically, 50 random images each were selected from the fol-
lowing categories as determined by Google's computer vision API:
highway=1; highway=0; grassland=1; grassland=0; rural area=1;
rural area=0. Inter-rater reliability varied from 87% (rural area) to 94%
(grassland) (eTable 2). Across the indicators, agreement between the
manual labels and computer vision labels ranged from 82 to 95%. The
number of manual labels is comparable to other GSV studies that have
utilized 200–300 manually verified images and report similar agreement
rates between human- and computer produced labels.(Hara et al., 2013;
Movshovitz-Attias et al., 2015; Hyam, 2017)

2.2. County-level health outcomes

County health data were obtained from external sources that age-
adjusted measures to the 2000 U.S. standard population. The most re-
cent available data were obtained from the 2018 release of the County
Health Rankings. Below we describe in more detail each of the health
outcomes and their data sources. Data for Years of Potential Life Lost
(YPLL) came from the National Vital Statistics System (2014–2016).
YPLL is the years of potential life lost before age 75 presented per
100,000 population. Data on chronic conditions, self-rated health, and
health behaviors were obtained from the 2014 Behavioral Risk Factor
Surveillance System (BRFSS). Adult obesity was assessed by the per-
centage of the adult population (age 20 and older) that reported a body
mass index (BMI)≥ 30 kg/m2. Diabetes was assessed via the question,
“Has a doctor ever told you that you have diabetes? (for women, out-
side of pregnancy).” General self-rated health was categorized as fair or
poor vs. excellent, very good, and good. Frequent Mental Distress was the
percentage of adults who reported ≥14 days in response to the 2016
BRFSS question, “Now, thinking about your mental health, which in-
cludes stress, depression, and problems with emotions, for how many
days during the past 30 days was your mental health not good?”
Frequent Physical Distress was the percentage of adults who reported
≥14 days in response to the question, “Thinking about your physical
health, which includes physical illness and injury, for how many days
during the past 30 days was your physical health not good?”

Physical inactivity was assessed by the percentage of adults aged 20
and over reporting no leisure-time physical activity in the past month.
Excessive drinking was defined as the percentage of adults reporting
heavy drinking (drinking> 1 (women) or 2 (men) drinks per day on
average) or binge drinking (consuming> 4 (women) or 5 (men) alco-
holic beverages on a single occasion in the past 30 days). Teen Births
was defined as the number of births per 1000 female population, ages
15–19 and data were drawn from the National Vital Statistics System
(NVSS), 2010–2016.

2.3. Census tract-level health outcomes

Supplemental analyses were done at the census tract level to examine
whether associations between built environment characteristics and health
outcomes at the county level are similarly observed at finer levels of geo-
graphies such as census tracts. However, health data were only available for
a proportion of census tracts compared to county health data which are
available for all counties. Census tract health outcomes came from the
Disease Control and Prevention's (CDC) 500 Cities Project. 2015 adult
outcomes included obesity, diabetes, frequent physical distress, frequent
mental distress, physical inactivity and binge drinking. We also examined
limited access to healthy foods (% of the population living more than ½
mile from the nearest supermarket, supercenter, or large grocery store) and
dental care (% aged ≥18years who report having been to the dentist or
dental clinic in the previous year).

2.4. Analytic approach

ArcGIS Desktop software (ESRI, Inc.) was used to create choropleth
maps and the geographical data were obtained from the 2016 U.S.
Census TIGER/Line Shapefiles. County and census travel level built
environment characteristics were categorized into tertiles—high,
moderate, and low using cut points that grouped one third of areas in
the highest tertile, another third in the moderate tertile, and another
third in the lowest tertile for each of the variables. Tertiles were chosen
to ease interpretation of results and allow for non-linearities in the
association between area characteristics and health outcomes. Area
level health outcomes as defined above were modeled as continuous
variables (e.g., county obesity rates). Models controlled for population
density (population per square mile) and county sociodemographic
characteristics. County-level demographic and economic characteristics
were obtained from the 2010–2014 American Community Survey 5-
year estimates and included the following: percent< 18 years old,
percent 65 years and older, percent Hispanic, percent non-Hispanic
black, percent non-Hispanic Asian, percent American Indian/Alaska
Native, percent not proficient in English, economic disadvantage
(standardized factor score summarizing the following four variables:
percent unemployed; percent with some college, percent with high
school diploma, percent children in poverty, and percent single parent
households).

We implemented adjusted linear regression models to estimate dif-
ferences in the prevalence of county health conditions (95% CI) by
tertile of built environment characteristic, controlling for area compo-
sitional characteristics. The lowest tertile served as the referent group.
Reported prevalence differences represent comparisons between the
prevalence of health outcomes for those living in the 3rd tertile (vs. 1st
tertile) and 2nd tertile (vs. 1st tertile) for area characteristics. Because
our analyses are cross-sectional, the results of the linear regression
models are prevalence differences (rather than risk differences as would
be the case of longitudinal data). Positive prevalence differences in-
dicate that individuals living in areas in the 3rd and 2nd tertile have
higher prevalence of adverse health outcomes than those in the 1st
tertile. Negative prevalence differences indicate that individuals living
in areas in the 3rd and 2nd tertile have lower prevalence of adverse
health outcomes than those in the 1st tertile. Models were run sepa-
rately for each health outcome. Across models, sample size varied
(2–5%) due to missing outcome or predictor variables. We evaluated
statistical significance at p < 0.05 and reported robust standard errors.
Data processing and statistical analysis tasks were performed with Stata
MP15 (StataCorp LP, College Station, TX). The study was approved by
the University of Maryland Institutional Review Board.

3. Results

Geographical distribution of the indicators, by county, and sample
street view images are displayed in Figs. 1–3 (Geographical distribution
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of the three indicators, by state are displayed in eFigures 2–4). States
with the most highways in street intersection images included Minne-
sota (28%), Nevada (21%) and Montana (21%). Places with the most
street intersection images labeled as rural areas included Oklahoma
(33%), Mississippi (29%), and Louisiana (25%). Grasslands were most
prevalent in street intersection images captured from North Dakota
(33%), South Dakota (25%), and Wyoming (23%).

Table 1 displays descriptive statistics for the 16.1 million Street
View images covering 2143 counties across the United States, with
representation from each of the fifty states including territories like
Puerto Rico and Guam. Highways were detected in about 11% of
images. Additionally, about 14% of images were labeled as rural areas
(having limited infrastructure and buildings) and 5% of images were
labeled as grasslands (a large open area covered by grass, especially
farmland used for grazing or pasture). County-level summaries were
created by averaging all the images pertaining to a given county. Cor-
relations between the built environment indicators were generally low
(range in |r values|: 0.09–0.25).

eTable 3 presents the results of adjusted linear regression analyses
examining associations between population characteristics and GSV-
derived built environment characteristics. Percent< 18 years old was
related to more rural areas and more grasslands. Economic

disadvantage was related to fewer highways, more rural areas, and
fewer grasslands. Greater population density was related to modestly
fewer highways.

Table 2 and Table 3 display results of analyses relating county-level
built environment predictors and county-level health out-
comes—controlling for county level demographic and economic char-
acteristics. Presence of highways was beneficial for outcomes (fair/poor
self-rated health, diabetes, premature mortality, physical distress,
mental distress, physical inactivity, and teen births) but was non-sig-
nificant for obesity. For instance, counties with the most highways in
images had 452 fewer years of potential life lost per 100,000 population
compared to counties with the least highways. Additionally, counties
with the most highways saw a 0.81% increase in excessive drinking
rates compared with counties with the fewest highways. In additional
analyses, we examined the relationship between highways and motor
vehicle mortality. More highways were associated with increases in
motor vehicle mortality (eTable 4).

While presence of highways was associated with better health out-
comes, indicators of less development were associated with worse
health with some exceptions. Counties with higher percentages of street
view images denoting rural areas (having limited infrastructure and
buildings) had worse health in terms of higher obesity, diabetes, fair/

Fig. 1. Percent of street intersections images with highways, by county.
Data source: Google Street View images.
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poor self-rated health, premature mortality, physical distress, physical
inactivity and teen birth rates but had lower rates of excessive drinking.
Counties with more grassland had higher obesity, physical inactivity
and teen births but lower mental distress and physical distress.

Given that our GSV-derived indicator of rural area was consistently
connected with worse outcomes, we implemented additional analyses
to investigate possible mechanisms. Rural areas were correlated with
fewer primary care physicians (per 100,000 population) and less access
to recreational facilities at the county level (Table 4).

In further analyses, we examined health outcomes at the census
tract level, controlling for compositional characteristics. Similar to as-
sociations seen at the county level—the GSV-derived measure of rural
area was related to higher diabetes, physical distress, mental distress
and physical inactivity but lower binge drinking. GSV-derived rural
area was also associated with less access to healthy foods and dental
care (Table 5).

Sensitivity analyses were also run comparing the GSV-derived
variable for rural area and other indicators of rurality. A census tract
was rural if the geographic centroid of the tract contained fewer than
2500 people. A GSV image was defined as rural if it displayed sparsely
spaced houses or buildings; limited surrounding infrastructure; or un-
paved roads. The GSV rural area variable was correlated with the
census tract rural designation (r =0.58) and with population density

(r =−0.70). Table 5 displays these predictors in separate models and
their relationships with census tract health outcomes. Tertiles of po-
pulation density were similarly related to health outcomes but asso-
ciations were smaller in magnitude than those seen for the GSV rural
area indicator. Similar findings were also observed with the census-
derived designation of rurality and the USDA rural-urban continuum
codes (Table 5).

4. Discussion

The built environment has implications for health outcomes by
structuring amenities, risks and resources. In this study, comparing
across geographic areas in the United States, we found that indicators of
greater area utilization and urban development were related to lower
chronic disease prevalence, premature mortality, physical inactivity
and teenage births. Possible mechanisms include the greater abundance
of services and facilities found in more developed areas and the pre-
sence of major roads which is important for connecting people to places
and each other, thereby enabling people to utilize resources for pro-
moting health. Adverse associations were detected both at the county
level and census tract level. Our models controlled for the socio-
demographic composition of residents in an area. These results char-
acterizing built environments by their level of infrastructure, may

Fig. 2. Percent of street intersection images with rural area, by county.
Data source: Google Street View images.
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indicate differential access to resources and services where people live
and explain differential health outcomes.

Our study is unique in that it includes data from across the United
States rather than a few select locations, which is more common for
studies investigating environmental characteristics. We assessed na-
tional patterns and identified a robust pattern of health disparities in
areas with less infrastructure. Study implications may include ad-
vocating for more health resources and structural investments in rural
areas in order to mitigate against observed health disparities.

4.1. Study findings in context

Our study contributes to the nascent body of literature utilizing GSV
to implement virtual neighborhood audits for neighborhood features
such as walkability,(Brookfield and Tilley, 2016) physical disorder,
(Mooney et al., 2014) retail alcohol stores,(Less et al., 2015) and urban
greenery,(Li et al., 2015) Researchers have also implemented compu-
terized approaches to label images for pedestrian count(Yin et al.,
2015) and visual enclosure (i.e., proportion sky visible from a point on
the street)(Yin and Wang, 2016)—measures that are connected with
walkability. A previous study found Google's Computer Vision API to be
effective at characterizing the naturalness of urban areas with GSV
images from the city of Edinburgh.(Hyam, 2017) In this paper, we ex-
tend the literature by scaling up to analyze millions of GSV images
across the United States in order to examine the relationship between
built characteristics and health outcomes.

Our GSV rural area indicator was associated with an array of ad-
verse health outcomes and this is in alignment with research finding
stark health disparities between rural and urban areas; for instance,
lower physical activity(Parks et al., 2003) and higher obesity in rural
areas.(Befort Christie et al., 2012) Research has found higher mixed-
land use, street connectivity, and public transit to be positively

Fig. 3. Percent of street intersection images with grassland, by county.
Data source: Google Street View images.

Table 1
Descriptive characteristics of Google Street View-derived built environment
characteristics.

Google Street View images County summaries

N Percent (standard
deviation)

N Percent (standard
deviation)

Highway 16,172,373 11.36 (31.73) 2144 18.41 (14.31)
Rural area 16,172,373 14.23 (34.93) 2144 22.99 (16.95)
Grassland 16,172,373 5.49 (22.78) 2144 14.47 (18.23)

Neighborhood characteristics derived from street images collected between
December 2017–April 2018 from Google's Street View Image API.
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associated with meeting recommended physical activity guidelines and
reductions in overweight/obesity.(Li et al., 2008) Additionally, people
in rural areas may also have lower health care access due to increased
travel distance and fewer health care providers.(Chan et al., 2007)

In our study, highways were associated with a reduction in most
outcomes examined except for obesity. Previous literature has found
the presence of highways correlated with restaurant density and in
particular, fast food restaurants(Block et al., 2004; Chen et al.,
2013)—which may negate some of the potential positive effects of
greater infrastructure in a community. Research on proximity to roads
has also suggested that they can expose individuals and families to
harmful air pollutants, elevate the risk of respiratory and cardiovascular
conditions, and increase noise disturbance, motor vehicle injuries and
mortality.(Kim et al., 2004; Egan et al., 2003; Boothe and Shendell,
2008) Furthermore, the presence of highways, which may bring traffic
and noise, may deter walking and other forms of physical activity. For
people living in locations with adequate access to health resources,
living away from major roads may be health beneficial, especially for
those who have underlying conditions that can be aggravated by
proximity to traffic. However, our analysis of street view data com-
paring (urban and rural) geographies across the United States suggests
that individuals living in areas connected by highways experience a
wide range of potential beneficial effects compared to those living in
areas with fewer highways—these beneficial effects may be mediated
by ease of travel to resources that highways provide.

4.2. Study strengths and limitations

The neighborhood built environment can promote health by lo-
cating neighborhood amenities or resources that are conducive for
health or health behaviors. Thus far, investigations on built environ-
ment features in the U.S. have generally been limited to local studies
because traditional neighborhood studies rely on people to perform
neighborhood audits. Moreover, neighborhood studies in rural areas
have been greatly under-investigated. In this study, we utilized road
network data to build a national database of image search points for
street intersections. The novel data collection strategy allowed us to
capture street images from rural, suburban and urban areas, providing
an extensive data source for future neighborhood research. We lever-
aged recently developed computer vision tools to produce area sum-
maries of built environment characteristics. We then investigated the
potential impact of neighborhood environments on chronic diseases
and health behaviors.

Using GSV images offers three advantages that contribute to existing
research on urban-rural health disparities. First, GSV images allow for
assessments of built environment features, which complement other
neighborhood data on population density and sociodemographic char-
acteristics. Second, GSV indicators may offer more recent neighborhood
data. Highly valuable and finely detailed neighborhood surveys like the
Boston Neighborhood Survey (latest wave of data in 2010) are ex-
pensive and time-consuming, and thus difficult to update and conduct
beyond a local geographical scale. Other indicators of rurality may also
have a time lag of several years; the most recent USDA rural-urban
continuum codes are available for 2010 at the census tract level and
2013 at the county level. A third advantage of GSV is that users have
flexibility in creating neighborhood level summaries from GSV images
that may be aggregated to any user-specified region (census tract, zip
code, county, or other neighborhood-specific boundary).

Nonetheless, our study has limitations. We utilized proprietary
software to conduct computer vision and generate pre-defined labels.
As a result, we could not specify particular neighborhood indicators. To
evaluate its performance, we compared with manual labels and found
excellent levels of agreement. Of note, the built environment indicators
selected for this study were large in size. The Google API may have
lower accuracy for smaller objects(Hyam, 2017), as is the case for other
computer vision tools.Ta
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Moreover, Street View image data can only capture some of the
neighborhood features within the community. For instance, image data
does not allow for the creation of indicators for noise and perceived
safety. Also, collected image data were from street intersections which
offer unique viewpoints on local activity given that they are gathering
points for traffic and people, but nevertheless, do not capture all im-
portant environmental features. As such, our measures are interpreted
as the percentage of built environment features seen at these intersec-
tions.

Onsite field visits have enabled researchers to identify hundreds of
neighborhood characteristics that impact health. Well-known neigh-
borhood inventories include Irvine-Minnesota Inventory,(Day et al.,
2006) the Pedestrian Environment Data Scan,(Clifton et al., 2007) and
the Maryland Inventory of Urban Design Qualities.(Ewing et al., 2006)
Utilizing computer vision may impact the type and depth of neigh-
borhood features examined. In particular, computer vision models have
difficulty with features that have variability across time or are small in

size. Understanding the context in which certain neighborhood features
appear may also be difficult in virtual audits compared to onsite field
visits. However, as this study demonstrates, computer vision models
make possible national neighborhood studies incorporating millions of
images.

An additional study limitation is that data on census tract level
outcomes were only available for select cities and hence leaves out
more rural areas of the country. Even among these select cities, we find
that cities characterized by less infrastructure have worse health out-
comes. While GSV and other technologies begin to enable larger-scale
characterization of U.S. neighborhoods, data availability for geotagged
health outcomes across wide areas of the United States continues to be
an issue for neighborhood research.

Another study limitation is a possible temporal mismatch between
health outcomes and GSV data. Google Street View API provides the
most recent image available for a location. However, areas differ with
regard to the rate at which their GSV image are updated. In our dataset,
image dates ranged from 2007 to 2017; the median year was 2013. The
main health outcomes were assessed between 2014 and 2016.

Moreover, the observational nature of the study inhibits causal in-
ference; relationships reported here are observed associations rather
than causal effects. Causal effects are difficult to estimate for neigh-
borhood characteristics in particular because people are often not
randomly assigned their residential environments (indeed previous and
existing policies have led to high levels of residential segregation in
certain communities). Further research with additional study designs,
for example, involving changes in neighborhood conditions and
changes in health outcomes, may further help elucidate the relationship
between built environment characteristics and health. However, long-
itudinal neighborhood characteristics and geotagged health outcome
data have limited availability, which continue to hinder research on
neighborhood effects.

5. Conclusions

The characteristics of the places where we live, learn, work, play,
and pray can impact our health. In this study, we harness the under-
utilized potential of street image data to create a national dataset of
built environment characteristics. Our investigation of the impact of
built neighborhood characteristics on health suggests indicators of in-
frastructure development may be connected with lower chronic disease
and premature mortality—but also a modest increase in excessive
drinking. While this study found more rural environments were

Table 3
Google Street View-derived predictors of county behavioral health outcomesa.

Physical inactivity Teen births Excessive drinking

Prevalence difference
(95% CI)a

Prevalence difference
(95% CI)a

Prevalence difference
(95% CI)a

Indicator of greater development
Highway
3rd tertile (highest) −0.99 (−1.41, −0.56)⁎ −2.20 (−3.19, −1.21)⁎ 0.81 (0.54, 1.08)⁎

2nd tertile −0.26 (−0.68, 0.15) −0.54 (−1.52, 0.44) 0.14 (−0.10, 0.39)
Indicators of less development
Rural area
3rd tertile (highest) 2.57 (2.09, 3.05)⁎ 2.88 (1.77, 4.00)⁎ −0.36 (−0.65, −0.06)⁎

2nd tertile 1.40 (0.95, 1.85)⁎ 2.00 (0.92, 3.08)⁎ 0.05 (−0.23, 0.33)
Grassland
3rd tertile (highest) 1.47 (0.98, 1.95)⁎ 1.19 (0.10, 2.28)⁎ 0.28 (−0.01, 0.56)
2nd tertile 1.23 (0.78, 1.68)⁎ 0.86 (−0.14, 1.86) 0.09 (−0.17, 0.36)

N 2108 2044 2108

a County built environment characteristics categorized into tertiles with the lowest tertile serving as the referent group. Adjusted linear regression models were run
for each predictor and outcome separately. Models controlled for county-level demographics: county-level demographics: percent< 18 years old, percent 65 years
and older, percent Hispanic, percent non-Hispanic black, percent non-Hispanic Asian, percent American Indian/Alaska Native, economic disadvantage, percent not
proficient in English, and population density. Robust standard errors reported.

⁎ p < 0.05.

Table 4
Google Street View derived rural area (limited infrastructure) as a predictor of
county health care access and exercise opportunities.

Rural areac Primary care physician ratea Exercise opportunitiesb

Prevalence difference
(95% CI)c

Prevalence difference
(95% CI)c

3rd tertile (highest) −13.96 (−17.89, −10.03)⁎ −9.39 (−11.73, −7.06)⁎

2nd tertile −8.69 (−12.35, −5.03)⁎ −4.86 (−7.04, −2.69)⁎

N 2022 2108

a Primary care physician= primary care physicians per 100,000 population,
2015.

b Exercise opportunities= percent of the population with access to places for
physical activity. Access was defined for urban census blocks as living within
half a mile from a park or a mile from a recreational facility and defined for
rural census blocks as living within 3miles from a recreational facility, 2016.

c County rural area indicator categorized into tertiles, with the lowest tertile
serving as the referent group. Adjusted linear regression models were run for
each predictor and outcome separately. Models controlled for county-level
demographics: county-level demographics: percent< 18 years old, percent
65 years and older, percent Hispanic, percent non-Hispanic black, percent non-
Hispanic Asian, percent American Indian/Alaska Native, economic dis-
advantage, percent not proficient in English, and population density. Robust
standard errors reported.

⁎ p < 0.05.

Q.C. Nguyen, et al. Preventive Medicine Reports 14 (2019) 100859

8



Ta
bl
e
5

G
oo

gl
e
St
re
et

Vi
ew

-d
er
iv
ed

pr
ed
ic
to
rs

of
ce
ns
us

tr
ac
t
he

al
th

ou
tc
om

es
a .

O
be
si
ty

D
ia
be
te
s

Ph
ys
ic
al

di
st
re
ss

M
en
ta
ld

is
tr
es
s

Ph
ys
ic
al

in
ac
tiv

ity
Bi
ng

e
dr
in
ki
ng

Li
m
ite

d
ac
ce
ss

to
he

al
th
y

fo
od

D
en
ta
lc

ar
e

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e
(9
5%

CI
)a

Pr
ev
al
en
ce

di
ffe

re
nc
e

(9
5%

CI
)a

G
oo

gl
e
St
re
et

Vi
ew

ru
ra
la

re
a

3r
d
te
rt
ile

(h
ig
he

st
)

4.
80

(4
.4
8,

5.
12

)⁎
1.
28

(1
.1
1,

1.
44

)⁎
1.
70

(1
.5
3,

1.
86

)⁎
1.
42

(1
.2
9,

1.
55

)⁎
4.
84

(4
.5
0,

5.
18

)⁎
−
1.
88

(−
2.
13

,−
1.
63

)⁎
34

.4
8
(3
2.
78

,3
6.
17

)⁎
−
5.
55

(−
5.
93

,−
5.
17

)⁎

2n
d
te
rt
ile

3.
39

(3
.2
0,

3.
58

)⁎
0.
76

(0
.6
8,

0.
83

)⁎
0.
81

(0
.7
2,

0.
90

)⁎
0.
41

(0
.3
4,

0.
48

)⁎
2.
77

(2
.5
7,

2.
98

)⁎
−
1.
38

(−
1.
51

,−
1.
25

)⁎
23

.1
0
(2
1.
76

,2
4.
45

)⁎
−
2.
78

(−
2.
99

,−
2.
57

)⁎

Ce
ns
us

de
ri
ve
d

Po
pu

la
tio

n
de
ns
ity

1s
t
te
rt
ile

(l
ow

es
t)

2.
82

(2
.5
6,

3.
07

)⁎
0.
54

(0
.4
2,

0.
67

)⁎
0.
81

(0
.6
9,

0.
94

)⁎
0.
72

(0
.6
2,

0.
81

)⁎
2.
36

(2
.0
8,

2.
65

)⁎
−
1.
04

(−
1.
21

,−
0.
87

)⁎
36

.8
2
(3
5.
76

,3
7.
88

)⁎
−
3.
46

(−
3.
77

,−
3.
16

)⁎

2n
d
te
rt
ile

2.
16

(2
.0
4,

2.
28

)⁎
0.
51

(0
.4
6,

0.
56

)⁎
0.
64

(0
.5
8,

0.
70

)⁎
0.
37

(0
.3
2,

0.
41

)⁎
1.
52

(1
.3
9,

1.
66

)⁎
−
1.
12

(−
1.
20

,−
1.
05

)⁎
23

.2
0
(2
2.
36

,2
4.
05

)⁎
−
2.
26

(−
2.
41

,−
2.
12

)⁎

Ru
ra
lc

en
su
s
tr
ac
t

1.
72

(1
.3
8,

2.
05

)⁎
0.
22

(0
.0
6,

0.
38

)⁎
0.
55

(0
.4
0,

0.
70

)⁎
0.
66

(0
.5
5,

0.
78

)⁎
1.
65

(1
.2
9,

2.
02

)⁎
−
0.
37

(−
0.
60

,−
0.
15

)⁎
22

.3
3
(2
1.
29

,2
3.
38

)⁎
−
2.
55

(−
2.
93

,−
2.
18

)⁎

U
SD

A
Ru

ra
l-u

rb
an

co
nt
in
uu

m
co
de
sb

Sm
al
lt
ow

n
&
ru
ra
l(
vs
.

m
et
ro
po

lit
an

tr
ac
ts
)

1.
06

(0
.9
2,

1.
20

)⁎
2.
72

(2
.6
4,

2.
79

)⁎
3.
93

(3
.8
4,

4.
01

)⁎
1.
49

(1
.4
3,

1.
55

)⁎
−
1.
74

(−
1.
91

,−
1.
58

)⁎
−
1.
78

(−
1.
87

,−
1.
68

)⁎
32

.6
7
(1
9.
50

,4
5.
84

)⁎
−
1.
44

(−
1.
64

,−
1.
24

)⁎

N
99

91
99

91
99

91
99

91
99

91
99

91
10

,5
29

99
91

a
D
at
a
so
ur
ce

of
he

al
th

ou
tc
om

es
:C

ity
H
ea
lth

D
as
hb

oa
rd

on
50

0
U
.S
.C

iti
es
.C

en
su
s
tr
ac
tb

ui
lt
en
vi
ro
nm

en
tc

ha
ra
ct
er
is
tic

s
ca
te
go

ri
ze
d
in
to

te
rt
ile

s
w
ith

th
e
lo
w
es
tt
er
til
e
se
rv
in
g
as

th
e
re
fe
re
nt

gr
ou

p.
A
dj
us
te
d
lin

ea
r

re
gr
es
si
on

m
od

el
sw

er
e
ru
n
fo
re

ac
h
pr
ed
ic
to
ra

nd
ou

tc
om

e
se
pa

ra
te
ly
.M

od
el
sc

on
tr
ol
le
d
fo
rc

en
su
st
ra
ct
-le

ve
ld

em
og

ra
ph

ic
s:
po

pu
la
tio

n
de
ns
ity

,r
ur
al

ce
ns
us

tr
ac
td

es
ig
na

tio
n,

pe
rc
en
t1

0–
24

ye
ar
so

ld
,p

er
ce
nt

65
ye
ar
s

an
d
ol
de
r,
pe
rc
en
tH

is
pa

ni
c,
pe
rc
en
tn

on
-H

is
pa

ni
c
bl
ac
k,

ho
us
eh

ol
ds

w
ith

re
la
tiv

es
(o
th
er

th
an

sp
ou

se
an

d
ch
ild

re
n)
,h

ou
se
ho

ld
sw

ith
un

m
ar
ri
ed

pa
rt
ne
r,
ow

ne
r-
oc
cu
pi
ed

ho
us
in
g,

ec
on

om
ic
di
sa
dv

an
ta
ge
,a
nd

ho
us
eh

ol
d

si
ze
.A

ce
ns
us

tr
ac
tw

as
ur
ba

n
if
th
e
ge
og

ra
ph

ic
ce
nt
ro
id

of
th
e
tr
ac
tw

as
in

an
ar
ea

w
ith

>
25

00
pe
op

le
;a
ll
ot
he

rt
ra
ct
sa

re
ru
ra
l.
Ro

bu
st
st
an

da
rd

er
ro
rs
re
po

rt
ed
.S
ep
ar
at
e
m
od

el
sw

er
e
ru
n
fo
re

ac
h
ou

tc
om

e
an

d
fo
re

ac
h

pr
ed
ic
to
r
(G

oo
gl
e
St
re
et

Vi
ew

de
ri
ve
d
ru
ra
la

re
a,

ce
ns
us

po
pu

la
tio

n
de
ns
ity

,r
ur
al

ce
ns
us

tr
ac
t)
be
ca
us
e
th
e
pr
ed
ic
to
rs

w
er
e
co
lli
ne
ar

w
ith

ea
ch

ot
he

r.
b
Ru

ra
l-U

rb
an

co
nt
in
uu

m
co
de
s:
ht
tp
s:
//
w
w
w
.e
rs
.u
sd
a.
go

v/
da

ta
-p
ro
du

ct
s/
ru
ra
l-u

rb
an

-c
om

m
ut
in
g-
ar
ea
-c
od

es
.a
sp
x#

.U
9l
O
7G

PD
W
H
o.

⁎
p
<

0.
05

.

Q.C. Nguyen, et al. Preventive Medicine Reports 14 (2019) 100859

9

https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes.aspx#.U9lO7GPDWHo


characterized by worse health outcomes, the link is not inevitable.
Comprehensively promoting health may necessitate tackling multi-
factorial and structural influences on health—including advocating for
roads, community resources, and healthy neighborhood designs—e-
specially in more resource poor areas. More equity in access to health
resources may lead to more equity in health outcomes. Neighborhood
data can be utilized by public health practitioners, government agen-
cies, city planners, nonprofits, and health care institutions to conduct
community risk assessments and inform structural strategies for im-
proving community health.
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