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ABSTRACT

Background: This study utilizes innovative computer vision methods alongside Google Street View images to
characterize neighborhood built environments across Utah.

Methods: Convolutional Neural Networks were used to create indicators of street greenness, crosswalks, and
building type on 1.4 million Google Street View images. The demographic and medical profiles of Utah residents
came from the Utah Population Database (UPDB). We implemented hierarchical linear models with individuals
nested within zip codes to estimate associations between neighborhood built environment features and
individual-level obesity and diabetes, controlling for individual- and zip code-level characteristics (n =
1,899,175 adults living in Utah in 2015). Sibling random effects models were implemented to account for shared
family attributes among siblings (n = 972,150) and twins (n = 14,122).

Resuits: Consistent with prior neighborhood research, the variance partition coefficients (VPC) of our unadjusted
models nesting individuals within zip codes were relatively small (0.5%-5.3%), except for HbAlc (VPC = 23%),
suggesting a small percentage of the outcome variance is at the zip code-level. However, proportional change in
variance (PCV) attributable to zip codes after the inclusion of neighborhood built environment variables and
covariates ranged between 11% and 67%, suggesting that these characteristics account for a substantial portion
of the zip code-level effects. Non-single-family homes (indicator of mixed land use), sidewalks (indicator of
walkability), and green streets (indicator of neighborhood aesthetics) were associated with reduced diabetes and
obesity. Zip codes in the third tertile for non-single-family homes were associated with a 15% reduction (PR:
0.85; 95% CI: 0.79, 0.91) in obesity and a 20% reduction (PR: 0.80; 95% CI: 0.70, 0.91) in diabetes. This tertile
was also associated with a BMI reduction of —0.68 kg/m2 (95% CI: —0.95, —0.40)

Conclusion: We observe associations between neighborhood characteristics and chronic diseases, accounting for
biological, social, and cultural factors shared among siblings in this large population-based study.

1. Introduction

individuals’ food environments, access to healthcare, and social support
(Eibich et al., 2016; Frank et al., 2022; Gomez et al., 2015; Zick et al.,

Neighborhood characteristics play a powerful role in shaping peo-
ple’s health and a growing body of research has demonstrated the
particular importance of built environment factors associated with
human-made spaces that individuals engage with on a regular basis
(Cummins & Jackson, 2001; Gary et al., 2007; Renalds et al., 2010;
Tuckett et al., 2018). This includes physical characteristics like walk-
ability and green spaces that influence health behaviors, as well as
factors like public transportation and zoning regulations that constrain
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2013). However, much of the extant research on built environment and
health has relied on self-report measures or existing demographic
datasets (Liu et al., 2018). Research investigating objective measures to
examine associations between built environment and health has been
emerging. A group of researchers built an objective measuring tool for
built environment characteristics. They evaluated 200 older people
living in diverse housing and neighborhoods in England. Their results
showed that neighborhood characteristics can significantly affect the
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health of older residents and highlighted their tool as a potential
evidence-based design guide for places for older individuals (Burton
et al., 2011). Another study conducted in New Zealand surveyed 2033
residents in 48 neighborhoods and found a positive correlation between
five built environment characteristics (street connectivity, residential
density, destination accessibility, street environment quality, and land
use diversity) and physical activity (Witten et al., 2012).

The current study employs a data-driven approach that leverages
Google Street View images to derive neighborhood characteristics and
examines the associations with health using a dataset that includes fa-
milial information about siblings and twins. This research builds upon
emerging research that leverages innovative, data-rich technology such
as Google Street View (Hystad et al., 2022; Keralis et al., 2020; Larkin
etal., 2022) and contributes to the existing body of knowledge regarding
the links between built environment characteristics and shared genetic
and social factors (Cohen-Cline et al., 2015; Duncan et al., 2022, 2023;
Figaroa et al., 2023).

Neighborhood characteristics create circumstances that are more or
less conducive to healthy nutritional choices and increased physical
activity (Christensen et al., 2010; Cohen, 2019; Coleman et al., 2008;
Franco et al., 2008; Morland et al., 2002), and research has linked these
factors to chronic conditions such as obesity and diabetes that rank high
among pervasive health challenges in the U.S. (Baskin et al., 2005;
Engelgau et al., 2004; Mokdad et al., 2001). For instance, the presence of
neighborhood establishments offering healthy foods is associated with
reduced incidence of diabetes (Auchincloss et al., 2009; Christine et al.,
2015; Kanchi et al., 2021). Similarly, neighborhood walkability is
associated with a lower risk for diabetes, obesity, and hypertension
(Chandrabose et al., 2019; Creatore et al., 2016; Liu et al., 2018;
Sundquist et al., 2015; Zick et al., 2013), and exposure to environments
that encourage physical activity is associated with decreased diabetes
and obesity incidence (Christine et al., 2015; Ellaway et al., 2005;
Kanchi et al., 2021). Research also suggests that aspects of built envi-
ronments promote health through indirect mechanisms. For instance,
green spaces can increase positive perceptions about the quality of
outdoor spaces, which incentivizes physical activity and outdoor social
activities (Richardson et al., 2013; Sullivan et al., 2004), and research
has found associations between green spaces and stress reduction,
physical activity, and social cohesion (Beyer et al., 2014; Kweon et al.,
1998; Sugiyama et al., 2008). On the other hand, emerging international
work suggests that the visibility of environmental factors indicating
disorder and danger, like visible wires, can disincentivize walking and
other health behaviors out of safety concerns (Remigio et al., 2019).
Although compelling, the aforementioned findings are observational,
and unmeasured confounding of individual-level risk factors remains a
viable threat to causal inference.

Novel research approaches leveraging familial relationships have
been developed to disentangle genetic factors from neighborhood and
environmental effects. A few studies have used data collected from
siblings and twins to partition variance associated with shared envi-
ronments and genetic factors. One study involving 9918 women in Utah
found that residing in a walkable neighborhood was associated with
decreases in obesity risk for women. This protective effect was observed
for women with and without a familial risk of obesity based on siblings’
BMI (Kowaleski-Jones et al., 2017). Another study also found consistent
associations between neighborhood socioeconomic status and heart
disease incidence among siblings, especially in women (Forsberg et al.,
2018)—providing more support for the impact of environment on
health.

However, a study in Sweden involving 415,540 middle-aged full-
brothers that evaluated the relationship between increased risk of
ischemic heart disease (IHD) and socioeconomically disadvantaged
neighborhoods found that neighborhood boundaries were limited in
predicting IHD risk. This highlights the potential caveat of unaccounted
confounders including unshared environmental and genetic factors
(Merlo et al., 2013). Similarly, another Swedish co-sibling analysis that

SSM - Population Health 26 (2024) 101670

adjusted for shared genetic and familial environmental factors did not
show significant differences in health outcomes among siblings residing
in neighborhoods with varying walkability (Sundquist et al., 2015).

These findings provide a framework for investigating the health
impacts of neighborhood characteristics, but the limited and mixed
findings indicate further investigations are needed. Some of the chal-
lenges in identifying ecological effects on population health include
determining the individual and neighborhood units of analysis, deter-
mining whether to focus on specific neighborhood attributes such as
presence of sidewalks versus defining overall neighborhood causal es-
timates (Subramanian et al., 2007).

1.1. Study aims

In this study, we aim to observe the relationships between built
environment characteristics and health outcomes. We utilized a data-
base of 1.4 million Google Street View images and individual-level
health outcome data from the Utah Population Database to analyze
the interconnections between health and built environment character-
istics. We implemented models accounting for shared genetic and fa-
milial factors between siblings (shared biological mother; shared
biological father; shared biological mother and father; and identical and
fraternal twins) to address potential confounding bias by these back-
ground characteristics. We hypothesized that individuals residing in
neighborhoods with higher rates of walkability (sidewalks), improved
neighborhood aesthetics (green streets), urban development (non-single
family-homes, multiple lane roads), and lower physical disorder (visible
utility wires overhead) would exhibit a reduced prevalence of chronic
disease (Remigio et al., 2019).

2. Methods
2.1. Google Street View image data collection and processing

Using the Google Street View (GSV) Image API, we collected street
view image data from all primary and secondary roads in Utah, specif-
ically sampling street intersections and locations along road segments at
50-m intervals. This process, conducted in November 2019, yielded
1,394,442 images, with each coordinate set offering images facing west,
east, north, and south. To provide training data for our computer vision
models, between December 2016 and February 2017, we manually an-
notated 18,700 images from various locations, including Chicago, Salt
Lake City, and Charleston. This effort, which involved the principal
investigator and three graduate research assistants labeling each image
for the presence (or absence) of the neighborhood characteristics (e.g.,
single lane road, sidewalks). The raters achieved an inter-rater agree-
ment exceeding 85% for neighborhood indicators. The data was split
into training (80%) and testing sets (20%). Using Visual Geometry
Group VGG-19 (Simonyan & Zisserman, 2015) and TensorFlow (Abadi
et al., 2016) with sigmoid cross entropy with logits as the loss function,
we trained a deep convolutional neural network, achieving high accu-
racy rates for various recognition tasks: including street greenness at
89%, single lane roads at 88%, and overhead utility wires at 83%.
eTable 1 displays the data dictionary for these indicators. To build our
sidewalk indicator, we used 24,316 manually labeled Google Street
View images. We then trained a standard deep convolutional neural
network architecture- ResNet-18, which produced an accuracy of 84.5%
and a F1 score of 81.0. Further methodological details were elaborated
in previous studies (Nguyen et al., 2017, 2022).

2.2. Health outcomes

Individual level health data. We merged our neighborhood data with
individual health outcome data from the Utah Population Database
(UPDB). The data cover the entire state of Utah, including rural and
frontier counties. It is the only database of its kind in the United States
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Table 1
Descriptive characteristics for neighborhood and individual characteristics.

N Mean (SD)

Zip code level built environment characteristics

Non-single-family home 30,556 25.62 (21.10)
Visible utility wires 30,556 44.14 (16.81)
Sidewalk 30,556 19.50 (24.31)
Single lane road 30,556 65.47 (14.31)
Green street 30,556 87.08 (15.70)
Individual-level characteristics

Age (years) 1,968,451 46.23 (17.37)
% Female 1,964,485 49.55 (50.00)
% Married 1,786,137 61.82 (48.58)
% Nonwhite race 1,832,286 4.73 (21.23)
% white race 1,832,286 95.27 (21.23)
% Hispanic ethnicity 1,703,412 11.05 (31.35)
% Less than high school 1,208,101 9.11 (28.77)
% High school 1,208,101 30.00 (45.83)
% Some college 1,208,101 31.90 (46.61)
% College or greater 1,208,101 28.99 (45.37)
% Obese 1,952,993 28.75 (45.26)
% Diabetes 1,968,451 5.22 (22.24)
Body mass index (kg/m?) 1,952,993 27.67 (6.52)
Fasting glucose (mg/dL) 137,589 94.91 (32.15)
Hemoglobin Alc (%) 382,100 6.06 (2.17)

Data sources: Google Street View-derived built environment characteristics from
Utah; Utah Population Database, University of Utah Health Science Center Data
Warehouse; Intermountain Healthcare Data Warehouse.

because a central component of UPDB is the extensive set of Utah family
histories, interlinked with demographic and medical data. The UPDB
contains records covering over 11 million individuals tracing back to the
late 18th century and is a dynamic database updated annually by data
contributors. Data for health diagnoses and lab values were obtained
from Intermountain Healthcare, the University of Utah Health Sciences
Center Enterprise Data Warehouse (UUHSC EDW) and the Utah
Department of Health and Human Services (DHHS) records. Other UPDB
data contributors for administrative data include the Utah DHHS Office
of Vital Records and Statistics (for birth certificates) and the Utah Driver
License Division.

Each individual’s multiple records are linked via a unique person ID.
The UPDB can only be utilized for biomedical and health-related
research with confidentiality and privacy of individuals strictly pro-
tected. The UPDB is administered by the Pedigree and Population
Resource (PPR) of Huntsman Cancer Institute at the University of Utah.
More information on the UPDB can be found at https://uofuhealth.utah.
edu/huntsman/utah-population-database.

Cohort of adults: Our analytic sample consisted of adults in Utah who
were aged 20 years or older in 2015. Obesity: Obesity was defined
dichotomously based on the body mass index (BMI) (kg/mz) > 30 from
clinical records. If BMI was missing from clinical records (42%) because
individuals did not seek clinical care from one of the data contributors,
self-reported height and weight were extracted from Utah’s Driver Li-
cense Division. Utah law requires individuals to renew their driver li-
cense every five years and to renew it in person every ten years. BMI data
were drawn from the most recent driver license data spanning from
2011 to 2017.

Diabetes was assessed via diagnoses by a health care provider using
ICD-9 (‘250.00/, ‘250.01', 250.02', ‘250.03, 250.70/, ‘250.71/, 250.72,
250.73, ‘250.40', ‘250.41', ‘250.42), ‘250.43, ‘250.50', ‘250.51’,
¢250.52, 250.53, ‘250.60', ‘250.61', ‘250.62, ‘250.63") and ICD-10
codes (E11.40, ‘E10.9, ‘E10.29, ‘E11.51, ‘E11.29, ‘E11.36, ‘E10.36/,
‘E10.39,, ‘E10.51/, ‘E10.40', ‘E10.65, ‘E11.21', ‘E11.319/, ‘E10.319,
‘E11.65), ‘E11.311, ‘E11.39', ‘E10.21/, ‘E10.311, ‘E11.9"). Lab values for
fasting glucose (mg/dL) and glycated hemoglobin (HbAlc (%)) were
also examined as health outcomes.

SSM - Population Health 26 (2024) 101670

2.3. Covariates

Analyses controlled for the following individual-level characteristics:
age (years), sex (male/female), marital status (married vs. divorced/
single), nonwhite race, ethnicity, and education (less than high school,
high school, some college, and college or greater). These data were
obtained from administrative and medical records. We sourced an in-
dividual’s education level from the Utah birth certificates of their chil-
dren (if any) or medical records. Mother’s and father’s education levels
were included in Utah birth certificates.

Zip code characteristics. We adopted zip code boundaries to define
neighborhoods. We used the 2011-2015 American Community Survey’s
(ACS) five-year estimates (U.S. Census Bureau, 2016). The ACS,
administered by the U.S. Census Bureau, is the premier source for
detailed population and housing information about the United States.
The following zip code level ACS variables were included in analyses to
control for potential confounding of other area-level characteristics in
estimating the association between built environment characteristics
and health outcomes: population density, percentage of the population
aged 65 years and older, percentage of the population that is Hispanic,
percentage of the population that is Black, and median household in-
come. We did not include property values as a covariate in the models
due to its high correlation (r = 0.93) with median household income.
eTable 2 displays the correlation matrix for the remaining zip code ACS
variables. Correlations ranged from —0.05 to 0.50.

In sensitivity analyses, we investigated census tracts as alternative
neighborhood boundaries but found that would involve dropping about
500,000 individuals from analyses that were missing census tract
identifiers, and thus zip codes were selected to conserve more of the
sample. Fig. 1 displays our path diagram indicating the size of the
original population and successive selection criteria that led to the final
analytic sample and siblings subsamples. eTable 3 displays the rate of
missingness for each variable included in analyses.

2.4. Analytic approach

To aggregate the image results into distinct geographic areas, we
spatially joined the image’s geocoordinates to its zip code location.
Choropleth maps were created using ArcGIS Desktop software (ESRI,
Inc.) and the 2016 U.S. Census TIGER/Line Shapefiles. We utilized
quartile breaks in displaying spatial data patterns. We produced
descriptive statistics of area-level built environment characteristics as
well as sociodemographics and health outcomes of our analytic sample.
To examine the relationship between built environment characteristics
and individual-level health outcomes, we merged administrative and
medical records from the Utah Population Database to zip code sum-
maries of built environment characteristics.

Using the complete analytic sample of approximately 1.9 million
individuals, we implemented hierarchical linear models for each
outcome, with individuals nested within zip codes and robust standard
error estimation using Stata MP16 (StataCorp, 2015). Following recent
developments in modeling geographic inequalities, we first calculated a
null model that only included a random intercept term for zip code to
estimate general zip code-level effects on outcomes. These effects were
quantified as the variance partition coefficient (VPC), which is equiva-
lent in this context to the intra-class correlation. The VPC represents the
percentage of the total variance (at both the individual- and zip
code-level) that is associated with zip code (Merlo, 2003; Merlo et al.,
2018, 2019). We then calculated the fully adjusted models and
compared the zip code-level variance to the estimate obtained from the
null model to estimate proportional change in variance (PCV), which
percent of the total zip code-level variation that is explained by inclusion
of the built environment variables and covariates (Evans & Erickson,
2019; Merlo, 2018; Merlo et al., 2016). For dichotomous outcomes (i.e.,
obesity and diabetes status), we implemented log Poisson models with
zip code as random intercept to estimate prevalence ratios (95% CIs)
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Table 2
Google Street View-derived predictors of adult obesity and diabetes.”.
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Built environment characteristics Log Poisson Regression for dichotomous outcomes

Linear regression for continuous outcomes

Obese Diabetes

Body Mass Index (kg/m?)

Fasting glucose (mg/dL)

HbAlc (%)

Prevalence Ratio (95% CI)°

Prevalence Ratio (95% CI)°

Beta (95% CI)"

Beta (95% CI)®

Beta (95% CI)"

Non-single family home
3rd tertile (highest)
2nd tertile

Visible utility wires

3rd tertile (highest)
2nd tertile

Sidewalk

3rd tertile (highest)
2nd tertile

Single lane road

3rd tertile (highest)
2nd tertile

Green street

3rd tertile (highest) 0.88 (0.80, 0.97)
2nd tertile 0.92 (0.88, 0.96)
N 1,899,861

0.85 (0.79, 0.91)
0.96 (0.91, 1.02)

0.80 (0.70, 0.91)
0.91 (0.81, 1.01)

1.10 (1.05, 1.17)
1.06 (1.00, 1.12)

1.15(1.03, 1.28)
1.15 (1.04, 1.28)

0.89 (0.85, 0.94)
0.93 (0.88, 0.97)

0.98 (0.89, 1.09)
0.97 (0.87, 1.08)

1.01 (0.96, 1.06)
1.02 (0.98, 1.06)

1.11 (0.98, 1.24)
1.15(1.04, 1.28)

0.83 (0.71, 0.97)
0.96 (0.88, 1.05)
1,910,875

—0.68 (—0.95, —0.40)
—0.16 (—0.39, 0.07)

0.46 (0.27, 0.65)
0.26 (0.08, 0.44)

—0.53 (-0.76, —0.29)
—0.35 (-0.58, —0.11)

0.07 (—0.13, 0.26)
0.07 (-0.09, 0.23)

—0.39 (-0.71, —0.07)
—0.36 (-0.53, —0.19)
1,899,861

—1.51 (—3.24, 0.22)
—1.20 (—2.44, 0.04)

2.13 (0.64, 3.63)
1.51 (0.28, 2.75)

~1.75 (~4.05, 0.54)
—2.14 (~4.42, 0.14)

1.24 (-0.14, 2.62)
1.51 (0.61, 2.42)

—0.60 (—2.05, 0.86)
—0.06 (—1.00, 0.87)
369,953

—0.11 (-0.66, 0.43)
—0.11 (-0.57, 0.36)

0.04 (-0.08, 0.16)
0.10 (—0.06, 0.26)

—0.18 (-0.49, 0.13)
—0.15 (-0.32, 0.03)

0.02 (-0.22, 0.26)
0.05 (—0.26, 0.37)

0.01 (-0.36, 0.38)
0.03 (-0.13, 0.19)
132,835

 Data source for health outcome: Utah Population Database and Intermountain Healthcare Enterprise Data Warehouse on Utah adults 20 years and older.

b Adjusted hierarchical linear regression models were run for each outcome separately, with zip code included as a random intercept. For dichotomous outcomes
such as obesity and diabetes (0 = no; 1 = yes), log Poisson regression hierarchical models were utilized. For continuous variables like body mass index, linear
regression hierarchical models were used. Models controlled for age, sex, race (white/nonwhite), Hispanic ethnicity, education, marital status as well as the following
zip code area characteristics: population density, percent of the population 65 years and older, percent Hispanic, percent black, household income. Indicator variables
were created for missing data on covariates. Built environment characteristics were categorized into tertiles, with the lowest tertile serving as the referent group.

representing associations between tertiles of zip code level built envi-
ronment characteristics and the individual-level chronic diseases. For
continuous outcomes, random intercept linear regression models were
used. For siblings subsamples of approximately 1.0 million siblings and
14,000 (maternal and fraternal) twins, we implemented similar hierar-
chical models, but with siblings as random intercepts to account for
family background characteristics shared between siblings and esti-
mated robust standard errors. The study was approved by Institutional
Review Boards at the University of Utah and University of Maryland.

3. Results

Table 1 displays the study’s descriptive statistics for the analytic
sample. Built environment characteristics were summarized at the zip
code level. Across zip codes, on average, about 25% of the images had a
non-single-family home, while 20% of images had sidewalks. Utility
wires suspended overhead were captured in 44% of the images. Single-
lane roads and green streets were also prevalent and present in 65% and
87% of the images, respectively. The mean age of participants was 46
years old, with women making up half of the participants. Most par-
ticipants were married (62%), identified as white (95%), and 11%
classified themselves as of Hispanic ethnicity. Regarding educational
background, 29% had achieved a college degree or more. For health
outcomes, the prevalence rates for obesity and diabetes were 29% and
5%, respectively. eTable 4 provides data on exposure-discrepant siblings
across the different siblings samples. Across these siblings samples,
about 71%-75% of siblings live in different zip codes.

Figs. 2 and 3 display the geographical distribution of GSV-derived
built environment and health outcomes across zip codes in Utah. The
exurban areas along the Wasatch Range in the Salt Lake Cit-
y-Provo-Ogden metropolitan area have large greenness values (Fig. 2
(a)). The urban areas in the Salt Lake City—Provo-Ogden metropolitan
area and the eastern part of the Logan metropolitan area have more
sidewalks (Fig. 2(b)). Non-single family homes are more concentrated in
the rural areas in the western and eastern parts of the state (Fig. 2 (c)).
Single-lane roads dominate the exurban areas in the Salt Lake Cit-
y-Provo-Ogden metropolitan area and southwestern Utah (Fig. 2(d)).
The rural areas across Utah have more visible wires (Fig. 2(e)). Diabetes

seems to have higher prevalence in the southwestern Utah (Fig. 3(b)).
The western part of Utah has higher obesity and BMI prevalence (Fig. 3
(a) and (c)).

3.1. Built environment and health outcomes

Using a null hierarchical logistic model that only includes zip code as
a random intercept as the only predictor, we found that a small percent
(3.5% VPC) of variance in obesity can be accounted for by zip code level
differences. After adjusting for built environment exposures and cova-
riates, zip code level variance is 1.4%, indicating that 61.47% propor-
tional change in variance (PCV) at the zip code level can be accounted
for by our built environment exposures and covariates. A similar pattern
of findings is observed for the other outcome variables, such that a small
percentage of variance of the outcome is at the zip code-level but that
much of this variance can be attributed to our built environment ex-
posures and covariates (eTable 5).

We further explored the associations between the built environment
and specific health outcomes. Table 2 presents regression results for the
full analytic sample, examining the relationship between the built
environment and health outcomes. Notably, the presence of non-single-
family homes, sidewalks, and green streets were associated with reduced
chronic health conditions. For example, zip codes in the third tertile for
non-single-family homes, an indicator of mixed land use, had a 15%
reduction (PR: 0.85; 95% CI: 0.79, 0.91) in obesity and a 20% reduction
(PR: 0.80; 95% CI: 0.70, 0.91) in diabetes. Non single-family homes,
sidewalks, and green streets were associated with reductions in BMI. For
example, zip codes in the third tertile of non-single-family homes were
associated with a BMI reduction of —0.68 kg/m2 (95% CI: -0.95, —0.40)
(Table 2). Table 2 only displays main associations. The full table of re-
sults that display associations between zip code level- and individual
level covariates and health outcomes are displayed in eTable 6. Higher
zip code level median income was associated with lower individual-level
obesity and diabetes. Non-white individual-level race was associated
with higher diabetes (eTable 6).

In sensitivity analyses, we implemented multilevel models for
obesity and compared across data sources: 1) driver license only, 2)
driver licenses and clinical records, 3) clinical records only (eTable 7).
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Full cohort
20 years+, living in Utah on 1/1/2015

(1,968,451 individuals; 298 zip codes)
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|

Merged with zip code file
(1,947,517 individuals; 298 zip codes)

> Excluded 20,934 missing zip code
identifiers

l

Final analytic sample (general
population)

(1,899,861 individuals for obesity
analysis; 272 zip codes)

(1,910,875 individuals for diabetes
analysis; 272 zip codes)

Excluded 47,656 missing obesity data or
individual-level covariates

Excluded 36,642 missing individual-
level covariates

Excluded 927,711 individuals without a

l

Siblings subsample
(972,150 individuals; 272 zip codes)

sibling in the dataset

Excluded 958,028 individuals without a

Twins subsample
(14,122 individuals; 258 zip codes)

twin in the dataset

Fig. 1. Path diagram describing final analytic sample and exclusions.

While clinically derived BMI (mean (sd) = 28.7 (7.0) were higher than
those reported on driver licenses (mean (sd) = 26.4 (5.6), multilevel
regression results across the data sources show very similar associations
with GSV-derived neighborhood variables, with changes in the second
decimal place; for example PR = 0.86 (95% CI: (0.79, 0.94) vs. PR =
0.85 (95% CI: 0.80, 0.91) for the association between the third tertile of
non-single family home for driver license data only and clinical data
only, respectively (eTable 7). In additional sensitivity analyses, we
controlled for the length of time spent in the most recent neighborhood
(eTable 8). Mean time spent in the current neighborhood was 2.8 years
(Q1-Q3 range was 1.7 years-3.8 years). Results were almost identical
controlling and not controlling for time spent in most recent residence.

In addition, analyses examined fasting glucose and lower glycated
hemoglobin (HbAlc) as these outcomes were only available on a subset
of participants. More sidewalks were associated with lower fasting
glucose (PR for 3rd tertile vs 1st: —1.75 mg/dL; 95% CI: —4.05, 0.54)
and lower glycated hemoglobin (HbA1lc) (PR for 3rd tertile vs 1st —0.18;
95% CIL: —0.49, 0.13), although these bordered statistical significance
(Table 2).

3.2. Siblings sharing biological mother

To account for the influence of shared genetic and familial factors,
we conducted analyses restricted to siblings sharing a biological mother.
Across health outcomes, the pattern of estimated effects remains
consistent with non-single family homes, sidewalks, and green streets
being associated with lower individual-level obesity and diabetes and
visible utility wires and single lane roads associated with increased
obesity and diabetes, although the magnitude of associations was
slightly attenuated when controlling for shared family characteristics of
siblings (Table 3). For instance, among the subsample of siblings sharing
a biological mother, zip codes in the highest tertile of non-single family
homes had 14% (PR: 0.86, 95% CI: 0.84, 0.88) and 23% (PR: 0.77; 95%
CI: 0.73, 0.82) lower obesity and diabetes, respectively compared to
15% and 20% in the full analytic sample. In the siblings’ sample, zip

codes abundant with green streets had reductions of 18% (PR: 0.82; 95%
CI: 0.80, 0.84) and 21% (PR: 0.79; 95% CI: 0.74, 0.83) in obesity and
diabetes, respectively. In contrast, zip codes with a higher presence of
single-lane roads showed a 7% (PR: 1.07; 95% CI: 1.05, 1.09) and 8%
(PR: 1.08; 95% CI: 1.04, 1.13) increase in obesity and diabetes,
respectively.

Residents living in zip codes with more non-single-family homes,
sidewalks, and green streets had lower BMI and glycated hemoglobin
(HbA1c). Utility wires were associated with increased BMI and fasting
glucose. Single-lane roads were associated with increased BMI, fasting
glucose, and HbAlc. Similar associations were seen for individuals
sharing biological mothers and fathers (eTable 9) and those sharing
biological fathers (eTable 10).

3.3. Twins in the analytic sample

To further refine the analysis and explore genetically similar groups,
we restricted the analytic sample to twins (identical and fraternal) and
further explored these associations (Table 4). Despite the reduced
sample size of 14,122 twins, estimated protective effects for non-single-
family homes and green streets on obesity and diabetes were similar in
magnitudes to the full analytic sample. Single-lane roads were associ-
ated with increased diabetes (PR: 1.46; 95% CI: 0.98, 2.17). Visible
utility wires and sidewalks were no longer associated with obesity and
diabetes. Green streets were associated with reductions in BMI (PR:
—0.71 kg/m2; 95% CI: —1.33, —0.08), and single-lane roads were
associated with increases in HbAlc (PR: 0.32, 0.04, 0.61).

4. Discussion

The current study conducted a one-of-a-kind, state-wide investiga-
tion into the relationship between built environments and health that
utilized family background information to account for genetic and
shared environment effects. We examined records from 1.9 million in-
dividuals, which included 1.0 million siblings and 14,000 twins in Utah,
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Table 3

SSM - Population Health 26 (2024) 101670

Sibling (shared biological mother”) random effects model: Google Street View-derived predictors of individual health outcomes.

Built environment characteristics Log Poisson Regression for dichotomous outcomes

Linear regression for continuous outcomes

Obese Diabetes

Body Mass Index (kg/mz) Fasting glucose (mg/dL) HbAlc (%)

Prevalence Ratio (95% CI)” Prevalence Ratio (95% CI)” Beta (95% CI)®

Beta (95% CI)" Beta (95% CI)"

Non-single family home

3rd tertile (highest)
2nd tertile

Visible utility wires
3rd tertile (highest)
2nd tertile
Sidewalk

3rd tertile (highest)
2nd tertile

Single lane road
3rd tertile (highest)
2nd tertile

Green street

3rd tertile (highest)
2nd tertile

N

0.86 (0.84, 0.88)
0.92 (0.90, 0.93)

1.04 (1.03, 1.06)
1.01 (1.00, 1.03)

0.91 (0.88, 0.93)
0.93 (0.90, 0.96)

1.07 (1.05, 1.09)
1.05 (1.04, 1.07)

0.82 (0.80, 0.84)
0.91 (0.90, 0.92)
972,150

0.77 (0.73, 0.82)
0.83 (0.80, 0.87)

1.02 (0.98, 1.07)
1.01 (0.97, 1.05)

0.96 (0.89, 1.03)
0.95 (0.88, 1.03)

1.08 (1.04,1.13)
1.12 (1.08, 1.16)

0.79 (0.74, 0.83)
0.94 (0.91, 0.96)
972,150

—0.63 (-0.70, —0.56)
—0.33 (—0.39, —0.27)

0.16 (0.10, 0.21)
0.01 (—0.04, 0.06)

—0.41 (-0.52, —0.30)
—0.35 (-0.47, —0.23)

0.26 (0.20, 0.32)
0.21 (0.16, 0.26)

—0.83 (-0.90, —0.75)
—0.36 (—0.40, —0.32)
972,150

0.38 (—0.83, 1.60)
—0.09 (—1.14, 0.96)

1.02 (0.01, 2.03)
0.54 (-0.33, 1.40)

—1.69 (—4.40, 1.03)
—1.55 (—4.36, 1.27)

1.20 (0.15, 2.25)
1.23 (0.30, 2.15)

—0.16 (—1.45,1.14)
0.67 (-0.01, 1.35)
65,502

0.06 (0.01, 0.11)
0.04 (0.00, 0.08)

0.00 (—0.05, 0.06)
—0.01 (-0.05, 0.04)

—0.18 (-0.29, —0.07)
0.04 (-0.10, 0.18)

0.09 (0.05, 0.13)
0.07 (0.04, 0.11)

—0.07 (-0.12, —0.01)
—0.04 (-0.07, —0.01)
181,180

2 Data source for health outcome: Utah Population Database and Intermountain Healthcare Enterprise Data Warehouse on Utah adults 20 years and older. Analyses

restricted to siblings with a shared biological mother.

b Siblings random effects models were run to account for shared family background characteristics. Adjusted regression models were run for each outcome sepa-
rately. For dichotomous outcomes such as obesity and diabetes (0 = no; 1 = yes), log Poisson models were utilized. For continuous variables like body mass index,
linear regression was used. Models controlled for age, sex, race (white/nonwhite), Hispanic ethnicity, education, and marital status as well as the following zip code
area characteristics: population density, percent of the population 65 years and older, percent Hispanic, percent black, median household income. Built environment
characteristics were categorized into tertiles, with the lowest tertile serving as the referent group.

to evaluate associations between neighborhood characteristics and
diabetes and obesity prevalence. Across all three samples, our results
consistently found associations between chronic disease burden and
neighborhood environment’s characteristics including indicators of
walkability, physical disorder, and urban development. Our findings
suggest that built environment characteristics play an important role in
chronic disease burden even when accounting for familial risk factors.
Across the study samples, the presence of non-single-family homes
and green streets were consistently associated with reduced obesity and

Table 4

diabetes rates. We used non-single-family homes as an indicator of
mixed land use, representing areas where residential and commercial
entities coexist. Mixed land use is related to more non-vehicular
commuting (Cervero, 1996) and walking (Cervero & Kockelman,
1997; Colom et al., 2021), which often relates to healthier BMIs (Brown
et al., 2009; Colom et al., 2021). Additionally, these results suggest that
urban development could potentially reduce the chronic disease burden
through increasing walkability and access to foods (Giles-Corti et al.,
2016; Luo & Wang, 2022).

Twins® random effects model: Google Street View-derived predictors of individual health outcomes.

Built environment characteristics Log Poisson Regression for dichotomous outcomes

Linear regression for continuous outcomes

Obese Diabetes

Body Mass Index (kg/m?) Fasting glucose (mg/dL) HbAlc (%)

Prevalence Ratio (95% CI)” Prevalence Ratio (95% CI)” Beta (95% CI)"

Beta (95% CI)" Beta (95% CI)"

Non-single family home

3rd tertile (highest)
2nd tertile

Visible utility wires
3rd tertile (highest)
2nd tertile
Sidewalk

3rd tertile (highest)
2nd tertile

Single lane road
3rd tertile (highest)
2nd tertile

Green street

3rd tertile (highest)
2nd tertile

N

0.75 (0.62, 0.91)
0.77 (0.66, 0.91)

0.97 (0.83,1.13)
0.94 (0.82, 1.08)

0.97 (0.71, 1.31)
1.00 (0.72, 1.38)

1.01 (0.87,1.18)
1.08 (0.95, 1.23)

0.78 (0.63, 0.96)
0.88 (0.80, 0.98)
14,122

0.81 (0.49, 1.32)
0.95 (0.62, 1.44)

1.14 (0.75, 1.72)
1.05 (0.73, 1.51)

1.14 (0.53, 2.43)
0.99 (0.44, 2.20)

1.46 (0.98, 2.17)
1.22(0.86, 1.73)

0.82 (0.48, 1.39)
0.97 (0.75, 1.25)
14,151

—0.38 (—0.94, 0.18)
—0.27 (-0.76, 0.21)

—0.05 (-0.51, 0.41)
—0.23 (-0.62, 0.17)

—0.56 (—1.49, 0.37)
—0.54 (-1.55, 0.47)

0.36 (—0.09, 0.81)
0.52 (0.14, 0.91)

—0.71 (-1.33, —0.08)
—0.40 (-0.68, —0.11)

14,122

—4.14 (-14.47, 6.19)
—1.04 (-10.67, 8.59)

—2.07 (-9.31, 5.16)
—1.14 (-7.38, 5.09)

—4.21 (-13.00, 4.57)
—4.92 (—15.46, 5.62)

2.14 (-3.49, 7.77)
0.22 (—4.40, 4.84)

—3.69 (-16.17, 8.78)

0.83 (—3.34, 5.00)
835

0.16 (-0.20, 0.52)
0.16 (—0.13, 0.44)

—0.16 (-0.45, 0.14)
—0.17 (-0.42, 0.08)

—0.01 (—0.65, 0.63)
—0.03 (-0.79, 0.73)

0.32 (0.04, 0.61)
0.26 (—0.04, 0.55)

—0.30 (-0.63, 0.03)
—0.06 (—0.24, 0.13)
2307

@ Data source for health outcome: Utah Population Database and Intermountain Healthcare Enterprise Data Warehouse on Utah adults 20 years and older. Analyses
restricted to fraternal and maternal twins.

b Siblings random effects models account for shared family background characteristics. Adjusted regression models were run for each outcome separately. For
dichotomous outcomes such as obesity and diabetes (0 = no; 1 = yes), log Poisson models were utilized. For continuous variables like body mass index, linear
regression was used. Models controlled for age, sex, race (white/nonwhite), Hispanic ethnicity, education, and marital status as well as the following zip code area
characteristics: population density, percent of the population 65 years and older, percent Hispanic, percent black, median household income. Built environment
characteristics were categorized into tertiles, with the lowest tertile serving as the referent group.
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Fig. 2. Zip code distribution of Google Street View-derived neighborhood built environments.

Employing (identical and fraternal) twin data allows the examina-
tion of associations between built environment characteristics and
chronic health conditions, controlling for shared genetic factors and
familial backgrounds. In this data, both non-single-family homes and
green streets were inversely associated with obesity and diabetes. Spe-
cifically, neighborhoods with more mixed-use properties had 15% and
20% lower obesity and diabetes, respectively, while green streets were
associated with a 12% and a 17% decrease in these health outcomes.
These trends were also observed in the sibling dataset. In contrast,
single-lane roads (an indicator of lower urban development) and over-
head utility wires (an indicator of physical disorder) were associated
with increased chronic disease. By demonstrating associations between
health and novel neighborhood characteristics like mixed-use properties
and green streets, our results extend the findings of other US-based
studies reporting associations between built-environment factors and
obesity, even when adjusting for familial risk (Kowaleski-Jones et al.,
2017), as well as international work showing associations with coronary
heart disease (Forsberg et al., 2018).

Moreover, environmental factors can potentially influence disease
risk before reaching clinical thresholds (Babi¢ Leko et al., 2021; Lad-
d-Acosta & Fallin, 2016). We examined lab values for BMI, fasting
glucose, and HbAlc. The presence of sidewalks was associated with

improved BMI, fasting glucose, and HbAlc levels suggests positive
health impacts of walkable neighborhoods. This demonstrates the
sensitivity of our built environment measures for capturing neighbor-
hood characteristics that relate to health, even at sub-clinical levels, and
highlights the potential for using computer vision approaches for public
health research examining the role of built environment on health.

4.1. Study strengths and limitations

The incorporation of both twin and sibling data helps mitigate the
effects of confounding factors, allowing for stronger causal inference.
Our comprehensive dataset, encompassing approximately 2 million in-
dividuals which included 1 million siblings, is another strength. UPDB
has partnerships with a multitude of data providers to link vital records,
health facilities and claims records, driver license data, and census data,
enabling a comprehensive examination of characteristics of interest.
Furthermore, the inclusion of disease biomarkers such as fasting
glucose, HbAlc, and BMI, allows for more examination of pre-clinical
conditions.

However, this study has some limitations. Given that our dataset is
exclusively drawn from Utah, the findings may not generalize to other
regions whose populations may present different health behaviors and
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Fig. 3. Zip code distribution of health outcomes.

population characteristics. We do not have information on the extent of
their engagement with their neighborhood or community patterns. The
observational nature of neighborhood studies leaves room for unmea-
sured confounding biases including self-selection into neighborhoods
(Oakes, 2004; Robbins et al., 2020).

Zip codes as neighborhood boundaries pose a myriad of issues
including their coarseness and variation in size (Krieger et al., 2002).
Prior research has demonstrated paradoxical effects when using larger
geographic areas for investigating health impacts, such that when the
general geographic context has little relevance to individual-level out-
comes, specific effects of the context (i.e., our built environment vari-
ables) can be estimated more precisely, which increases statistical
significance (Merlo et al., 2018, 2019). Indeed, except for HbAlc (VPC
= 23%), the VPCs of each of our hierarchical models nesting individuals
within zip code were relatively small (0.5%-5.3%), suggesting that
general zip code effects are small and may contribute to a misleading
picture of the role of built environment characteristics (Merlo et al.,
2012, 2013). Although the variance associated within zip code simi-
larity is relatively small, this does not necessarily invalidate our findings
when considering how much the contributions of the zip code- and
individual-level factors account for the effects we report. That is, even
though other social factors (e.g., strata at the intersections of SES,
multiple race/ethnicity categories, and other social identity dimensions)
play an important role in determining health, our analyses found small
but meaningful environmental effects that explained the health out-
comes. Moreover, although we did not have more granular intersec-
tional strata measures for some of these social factors, we did include
relevant individual level covariates (i.e., gender, education, Black/-
White race, and Hispanic ethnicity) as fixed effects that were nested
within zip codes so that we can better account for their main effects in
our examination of the built environment characteristics.

Research has found zip code characteristics to be associated with
health (Orminski, 2021; Thomas et al., 2006). An analysis of the NYC
Community Health Survey found valuable heterogeneity in health out-
comes at the zip code level to inform local interventions, although
pooling across 5-years of data was necessary to produce reliable
small-area estimates (Bi et al., 2020). A study comparing zip code- and
census-based income measures of long-term mortality found both were
similar and significant predictors across various causes of death

(Thomas et al., 2006). Zip codes as boundaries are easily understood and
data contributors such as hospitals and administrative data using resi-
dential addresses have zip code data readily available. Converting res-
idential addresses to block groups or census tracts, alternative
neighborhood boundaries, requires geocoding expertise, which is not
always available among research teams and hospitals. Additionally,
health surveys that have interest in neighborhood locations may opt to
ask for residential zip codes rather than exact addresses to protect par-
ticipants’ identities.

Nonetheless, researchers have identified issues with zip codes for
research. Originally established by the United States Postal Service for
efficient mail delivery, zip codes do not align with census tracts and
blocks groups, which are designed to be relatively homogeneous with
respect to population characteristics (Krieger et al., 2002). Additionally,
there can be important spatiotemporal mismatches between zip codes
and census-derived ZIP code tabulation areas (ZCTAs) (Grubesic &
Matisziw, 2006). Thus, future work could build off the current findings
to examine how built environment factors at other geographic levels
contribute to health outcomes.

Our data was available prior to the COVID-19 pandemic, and it re-
mains unclear how built environments will impact health outcomes after
the arrival of COVID-19. There was also a temporal mismatch between
the Google Street View data collection (2019) and assembly of the Utah
cohort (2015). For some neighborhoods, built environment character-
istics may have remained relatively unchanged and for others, new
developments may cause a mismatch between time of exposure assess-
ment (built environment) and health outcome assessment. Additionally,
a substantial proportion of BMI data (about 58%) came from self-
reported information found on drivers’ licenses, which may not be as
accurate or updated as clinical measurements. Clinical data were only
available if the healthcare facility was a UPDB data contributor, which
included major healthcare providers in the state such as the University
of Utah and Intermountain Healthcare. Nonetheless, sensitivity analyses
restricting to only clinical data, yielded similar results —~which are in line
with a previous study that found that the two sources of BMI (drivers’
licenses and clinical records) when used as predictors of type 2 diabetes
yielded similar risk. This is because, while individuals tend to over-
estimate their height and underestimate their weight, accurate catego-
rization of obesity is still possible (Chernenko et al., 2019).



Q.C. Nguyen et al.

Additionally, covariate information was sourced from administrative
records and medical records from UPDB. As such these records might not
contain the latest or most complete information as the data update
frequency depends on how frequently the individuals interact with the
healthcare system or administrative agencies, and the willingness of
data contributors to share data and provide updated information
(DuVall et al., 2012). Nonetheless, the breadth and depth of data
available from data partners participating in the UPDB provides an
invaluable and cost-efficient resource for studying population health
and family histories (Smith et al., 2022). Moreover, while we adjusted
for individual- and neighborhood-level sociodemographic characteris-
tics in analyses, we did not adjust for residential segregation, zoning
laws, and other potentially relevant contextual characteristics.

In the United States, residential segregation is prevalent (Massey
et al, 1994; Quillian, 2012). Notably, residential segregation by
household income has grown substantially over the past decades, with
Black and Hispanic families in particular living in increasingly
income-segregated communities (Bischoff & Reardon, 2014; Watson,
2009). This has potential implications for inequities in the spatial dis-
tribution of resources. Examining neighborhoods in Seattle, San Diego
and Baltimore, Thorton and colleagues found neighborhoods with lower
socioeconomic status and higher proportions of racial/ethnic minority
groups had more unmaintained buildings, graffiti, broken windows, and
litter (Thornton et al., 2016). Residential segregation can impact access
to quality education, employment opportunities, and increase exposures
to physical and chemical hazards (Williams et al., 2019). It can also have
neighborhood composition effects that can influence distribution of role
models, peers, and social networks (Watson, 2009) and create areas of
concentrated poverty and low quality housing stock (Williams et al.,
2019). Racial segregation is a widely recognized institutional mecha-
nism by which racism impacts health and health disparities (Williams
et al., 2019). The challenge lies in separating the effects of person-level
characteristics from neighborhood characteristics, because the sorting of
people into neighborhoods is not random and can be dictated by peo-
ple’s ability to afford housing in a particular area, conditional on pref-
erences and other social and structural facilitators and barriers (Swope
et al., 2022).

5. Conclusions

Through our study using the Utah Population Database, we explored
the associations between neighborhood characteristics and health out-
comes (obesity, diabetes, BMI, fasting glucose, and HbAlc), accounting
for the influence of shared familial backgrounds among siblings and
twins. Although the variance in health outcomes attributable to the zip
code level was modest, enhancements in neighborhoods that foster
physical activity, recreation, and easier access to resources may be one
of many strategies to improve population health. Future studies incor-
porating longitudinal analyses to examine changes in neighborhood
environments and corresponding changes in health outcomes can
further strengthen causal inferences about neighborhood effects. The
UPDB is a unique dataset that allows for studying individual, family, and
neighborhood influences on health. Continued support of population-
based data sources that enable multidimensional understanding of
interlocking factors affecting health could better inform health in-
terventions and health policy.
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