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Summary

Objective

The aim of this study is to map obesity prevalence in Seattle King County at the census
block level.

Methods

Data for 1,632 adult men and women came from the Seattle Obesity Study I. Demo-
graphic, socioeconomic and anthropometric data were collected via telephone survey.
Home addresses were geocoded, and tax parcel residential property values were ob-
tained from the King County tax assessor. Multiple logistic regression tested associa-
tions between house prices and obesity rates. House prices aggregated to census
blocks and split into deciles were used to generate obesity heat maps.

Results

Deciles of property values for Seattle Obesity Study participants corresponded to county-
wide deciles. Low residential property values were associated with high obesity rates
(odds ratio, OR: 0.36; 95% confidence interval, Cl [0.25, 0.51] in tertile 3 vs. tertile 1),
adjusting for age, gender, race, home ownership, education, and incomes. Heat maps
of obesity by census block captured differences by geographic area.

Conclusion

Residential property values, an objective measure of individual and area socioeconomic
status, are a useful tool for visualizing socioeconomic disparities in diet quality and health.

Keywords: census block, geographic information systems, mapping obesity, SES
measures.

Introduction

The lack of geographic coverage in health data has
typically been remedied through modelling. For example,

Obesity in the United States affects some groups more
than others, particularly those with lower socioeconomic
status (SES) as measured by education and income
(1,2). Both individual-level and area-level SES are also
strong determinants of place, with a person’s opportuni-
ties and resources often driven by surrounding economic
means. However, to date, obesity prevalence maps by
state and territory, county or metropolitan area (3-5)
may not adequately capture sharp, observable inequities
in health, at the local level, which are influenced by SES
(6,7). One problem is that geo-located data on health or
body weight are rarely available at a sufficiently fine geo-
graphic scale.

14

county-level maps of obesity prevalence, released by
Centers for Disease Control and Prevention, imputed
missing data using small area estimation and Bayesian
multilevel modelling. Close to 90% of the obesity data
were, in fact, modelled using age, sex, race and Hispanic
origin as predictor variables (8). Similarly, the award-
winning maps of US obesity rates by neighbourhood, de-
veloped by RTI International used age, gender, race, His-
panic origin and education as the chief modelling
variables (9).

Previous work in Seattle-King County (1,10) and in
Paris, France (11), demonstrated that higher obesity prev-
alence was more directly linked to lower SES than to age,
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gender, race or Hispanic origin. Two socioeconomic
variables stood out as powerful predictors of prevalent
obesity: residential property values and individual-level
educational attainment. The advantage of residential
property values at the tax parcel level is that they
can be readily geo-localized, providing an objective
index of individual-level and area-level poverty or
wealth (12,13). The present hypothesis was that a
superior visualization of obesity prevalence across
neighbourhoods would be obtained using a single unify-
ing predictor variable: residential property values at tax
parcel level.

Methods
Participants and procedures

Analyses were based on 1,632 Seattle and King County,
WA residents, age 18 or older, who were participants in
the previously described Seattle Obesity Study (13,14).
Individual-level demographic, socioeconomic and weight
data were collected via telephone survey. Annual house-
hold incomes were defined as: lower (<$50,000/year),
middle ($50,000 to <$100,000/year) and higher income
(>$100,000). Educational attainment was defined as:
<12 years (‘high school or less’), 12 to <16 years (‘some
college’), and >16 years (‘college graduates or higher’).
Body mass index (BMI = kg/m?) was based on self-
reported height and weight. Obesity was defined as body
mass index < 30.

Home addresses were geocoded using ArcGIS Desk-
top 10 (15). Tax parcel property values, per dwelling unit,
of respondent residences were obtained from County
Tax Assessor (14) and grouped into tertiles, following
published procedures (14). All study protocols were
approved by the University of Washington Institutional
Review Board.

Statistical Analyses

Multiple logistic regression models examined the associ-
ation between residential property values, education and
income and obesity prevalence. Model 1 adjusted for
age, gender, race and home ownership. Model 2 added
income and education to Model 1. Model 3 added educa-
tion and house prices to Model 1. McFadden’s pseudo
unadjusted and adjusted R? values were computed to
assess the predictive value among the three models.
Much lower than the conventional R? values, McFadden’s
pseudo-R? values in the 0.2-0.4 range indicate a good
model fit. All analyses were conducted using Stata ver-
sion 14 (StataCorp LP, College Station, TX, USA) (16).
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Obesity heat maps

First, mean obesity prevalence was calculated for each
property value decile based on the regression model.
Second, tax parcel-level residential property values
were aggregated by census block for all households in
Seattle King County and split by deciles. Third, mean
obesity prevalence was assigned to each census block
by decile of property values. Heat maps used ArcGIS
version 10 (Environmental Systems Research Institute,
Redlands, CA, USA) (15).

Results

Table 1 shows that 20.7% (338/1,632) of Seattle Obesity
Study participants were obese. Higher obesity rates in
the Seattle-King County sample were associated with
lower SES indicators but not gender or race/ethnicity.
Table 2 (Model 1) shows the expected associations
between lower SES and higher obesity prevalence,
adjusting for age, gender, race/ethnicity and home

Table 1 Study sample characteristics, by obesity status, Seattle
Obesity Study |, 2008—2009

Total Obese

N % N %

Overall 1632 100.0 338 100.0

Sex

Male 658 40.3 147 435

Female 974 59.7 191 56.5
Age

18 to 44 426 26.1 79 234

45 to 54 407 249 79 234

55 to 64 432 26.5 108 32.0

65 or older 367 225 72 213
Race and ethnicity

White, non-Hispanic 1322 81.0 276 81.7

Others 310 19.0 62 183
Own or rent current residence

Own 1282 78.6 247 731

Rent 350 214 91 269
Education

High school graduate or less 287 176 80 23.7

Some college or technical school 427 262 99 293

College graduate or higher 918 56.3 159 47.0
Annual household income

<$50,000 650 39.8 171 50.6

$50,000 to $99,999 563 34.5 111 32.8

>$100,000 419 257 56 16.6
Residential property values at tax parcel

Low ($0-$229,193) 544 33.3 156 46.2

Medium ($229,290-$329,000) 546 33.5 119 35.2

High ($330,000-$3,069,000) 542 33.2 63 18.6
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Table 2 Multivariable logistic regression analyses to compare three SES measures — income, education and residential property values in re-
lation to obesity status, Seattle Obesity Study |, 2008-2009

Model 1
OR [95% CI] AlC P-value R? Adj R?
Education
High school graduate or less Ref 1655.04 0.001 0.014 0.006
Some college or technical school 0.8 [0.56, 1.12]
College graduate or higher 0.57 [0.42, 0.79]
Annual household income
<$50,000 Ref 1647.16 <0.0001 0.019 0.011
$50,000 to $99,999 0.7 [0.52, 0.94]
>$100,000 0.44 [0.30, 0.63]
Residential property values at tax parcel
Low ($0-$229,193) Ref 1624.46 <0.0001 0.033 0.024
Medium ($229,290-$329,000) 0.72 [0.53, 0.97]
High ($330,000-$3,069,000) 0.33 [0.24, 0.47]
Model 2
OR [95% CI] AlC P-value R? Adj R?
Education
High school graduate or less Ref 1645.39 <0.0001 0.023 0.012
Some college or technical school 0.82 [0.58, 1.16]
College graduate or higher 0.67 [0.48, 0.93]
Annual household income
<$50,000 Ref
$50,000 to $99,999 0.74 [0.55, 1.00]
>$100,000 0.49 [0.34, 0.72]
Model 3
OR[95% ClI] AIC P-value R Adj R?
Education
High school graduate or less Ref 1623.72 <0.0001 0.036 0.025
Some college or technical school 0.82 [0.58, 1.16]

College graduate or higher
Residential property values at tax parcel

Low ($0-$229,193)

Medium ($229,290-$329,000)

High ($330,000-$3,069,000)

0.70 [0.50, 0.97]

Ref
0.74 [0.55, 1.00]
0.36 [0.25, 0.51]

Model 1: Education, income, and residential property value were tested in separate models. Each model adjusted for age, gender, race and
home ownership status. Model 2: Model 1 + added education and income in the same model. Model 3: Model 1 + added education and
residential property values in the same model. Bold indicates statistical significance at the 0.05 level. AIC, akaike information criterion; OR, odds

ratio; Cl, confidence interval.

ownership (P < 0.05). When individual-level education
and income were included (Model 2), the effect of educa-
tion persisted at college level, whereas the effect of in-
come was attenuated. When individual-level education
and property values were included (Model 3), the associ-
ation was stronger for property values (odds ratio, OR:
0.36, 95% confidence interval, Cl [0.25, 0.51] for tertile 3
as compared with tertile 1) than for education (OR: 0.70,
95% CI [0.50, 0.97] for >16 vs. <12 years). Model 3 had
the highest adjusted McFadden’s pseudo-R? (0.025), in-
dicating that residential property values and educations
were the best predictor variables.

Figure 1 shows the spatial distribution of property values
in Seattle King County. First, obesity was more prevalent in

the lower-income South Seattle compared with the more af-
fluent North Seattle, consistent with data by Health Planning
District collected by Public Health Seattle-King County.
Second, obesity prevalence was lower along waterfront
residences and homes located closer to golf courses,
parks and trails and higher closer to traffic and freeways.

Discussion

Modelled obesity prevalence data at a fine granular scale
cannot be checked against objective reality, since geo-
located health data are rarely available. The availability
of fine-grained area-level SES data in Seattle-King
County represents one of the first opportunities to map
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Figure 1 Data visualization for the geographic distribution of obesity prevalence at the census block level for (A) Seattle and King County (B).

obesity at a high resolution using empirical, intrinsically
geospatial data — residential property values at the tax
parcel data. Using these data, maps of the prevalence
of obesity and diabetes were previously generated by
census tract using data for 59,767 insured persons from
Group Health, now Kaiser Permanente (12). The present
modelling, at the unprecedented census block level,
was generally consistent with past observation and with
data collected by the local health authority, Public Health
Seattle-King County.

These data stand in sharp contrast to the RTI Interna-
tional maps for Seattle neighbourhoods (9). Those maps
fail to show the expected social gradient in obesity rates
(12,17), showing instead lower obesity prevalence around
the freeway corridor and higher prevalence on waterfront
estates. One potential explanation is that models that use
race and Hispanic origin as the chief predictors of obesity
prevalence do little more than highlight long-standing ra-
cial segregation in housing. Such mapping techniques
may work where racial divisions in housing are sharply
drawn, such as New York City, but may not apply to more
integrated Seattle-King County.

The present modelling approach is based on the pre-
mise that socioeconomic disparities are a more powerful
determinant of health (18), and one that applies to all ra-
cial and ethnic groups. Here, tax parcel property values
have multiple advantages as a unifying predictor variable.
First, property values are an objective measure that is less

© 2017 The Authors

prone to omission, misreporting or misclassification (19).
Second, property values may better capture economic
security, wealth and accumulated assets that do self-
reported incomes (1,14,20). In other words, tax parcel
property values are an accurate index of social class.
Third, tax parcel property values can be geo-localized
with great accuracy to provide indexes of individual or
area SES.

This study was not without its limitations. First, the
cross-sectional nature of this analysis precludes any
causal inferences between SES and obesity. Second,
obesity was calculated based on self-reported height
and weight. Third, the present geographic information
system model was based on a single variable at the tax
parcel level and did not draw on additional census data
that may be available at a higher level of aggregation (8).
US Census bureau data are not currently available at tax
parcel level. Fourth, obesity prevalence estimates were
based on small samples, which may have led to estimate
instability. Fifth, although the telephone survey was
based on Centers for Disease Control and Prevention Be-
havioral Risk Factor Surveillance System methodology,
we cannot rule out the possibility of selection bias in our
sample given that the respondent had to (i) have access
to a working telephone, (ii) speak English and (iii) be home
when the survey was fielded. However, our sample demo-
graphics are similar to 2008 US Census Bureau American
Community Survey 3-year estimates for occupied
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households in King County and Seattle 75.2% and 74.8%
White, non-Hispanic, 77.3% and 82.6% with a college
education or more compared with 81% White, non-
Hispanic and 82.5% with a college education or more in
our study sample (21). It should be noted that these
American Community Surveys estimate all for residents
of Seattle and King County and are not restricted to
adults only. When compared with local area Behavioral
Risk Factor Surveillance System, our demographics
match closely (1). Lastly, the population of Seattle and
King County is more educated and affluent, compared
with the rest the nation and may not be generalizable to
national statistics on obesity.

Conclusion

Neighbourhood maps of US obesity can be created using
property values as opposed to age, gender, race, Hispanic
origin or educational attainment. Residential property
values may become the preferred predictor of socioeco-
nomic disparities in health.
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