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A B S T R A C T   

Objective: To examine associations between neighborhood built environment (BE) variables, residential property values, and longitudinal 1- and 2-year changes in 
body mass index (BMI). 
Methods: The Seattle Obesity Study III was a prospective cohort study of adults with geocoded residential addresses, conducted in King, Pierce, and Yakima Counties 
in Washington State. Measured heights and weights were obtained at baseline (n = 879), year 1 (n = 727), and year 2 (n = 679). Tax parcel residential property 
values served as proxies for individual socioeconomic status. Residential unit and road intersection density were captured using Euclidean-based SmartMaps at 800 m 
buffers. Counts of supermarket (0 versus. 1+) and fast-food restaurant availability (0, 1–3, 4+) were measured using network based SmartMaps at 1600 m buffers. 
Density measures and residential property values were categorized into tertiles. Linear mixed-effects models tested whether baseline BE variables and property values 
were associated with differential changes in BMI at year 1 or year 2, adjusting for age, gender, race/ethnicity, education, home ownership, and county of residence. 
These associations were then tested for potential disparities by age group, gender, race/ethnicity, and education. 
Results: Road intersection density, access to food sources, and residential property values were inversely associated with BMI at baseline. At year 1, participants in the 
3rd tertile of density metrics and with 4+ fast-food restaurants nearby showed less BMI gain compared to those in the 1st tertile or with 0 restaurants. At year 2, 
higher residential property values were predictive of lower BMI gain. There was evidence of differential associations by age group, gender, and education but not 
race/ethnicity. 
Conclusion: Inverse associations between BE metrics and residential property values at baseline demonstrated mixed associations with 1- and 2-year BMI change. 
More work is needed to understand how individual-level sociodemographic factors moderate associations between the BE, property values, and BMI change.   

1. Introduction 

Obesity prevalence in small-area studies has long been linked to 
selected aspects of the neighborhood built environment (BE) (Drew-
nowski et al., 2020; Garfinkel-Castro, Kim, Hamidi, & Ewing, 2017; 
Parise, 2020; Wilkins et al., 2019). Those BE features that were associ-
ated with walking, green space, active transport, and recreational ac-
tivities were associated with lower prevalent obesity (Buszkiewicz et al., 
2021a, 2021b; Congdon, 2019; Drewnowski et al., 2020; Mooney et al., 
2020a; Parise, 2020). By contrast, associations between measures of the 

local food environment and prevalent obesity were decidedly mixed 
(Drewnowski et al., 2020; Hobbs et al., 2019a; Wilkins et al., 2019). In 
general, higher socioeconomic status was more strongly associated with 
lower prevalent obesity than was physical proximity to food sources, 
whether supermarkets or fast-food restaurants (Buszkiewicz et al., 2020; 
Hobbs et al., 2019b). 

Observed cross-sectional associations between BE metrics and 
prevalent obesity may have been influenced by historic patterns of 
systemic inequity across neighborhoods (Assari, 2018; Lam, Vaartjes, 
Grobbee, Karssenberg, & Lakerveld, 2021; Wong et al., 2018). Both 
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housing segregation as well as structural (e.g. wealth gap) and indi-
vidual economic determinants (e.g., education) can determine where 
people live and work (Drewnowski et al., 2020; Wong et al., 2018). 
Residential mobility patterns can also vary by age, race/ethnicity, and 
education; the same options to relocate to healthier neighborhoods are 
not equally available to everyone (Buszkiewicz et al., 2021a; Drew-
nowski et al., 2020; Wong et al., 2018). Recognizing these limitations 
and the potential selection bias in study design (Lam et al., 2021), re-
searchers have increasingly turned to exploring the potential impact of 
BE variables on the longitudinal trajectories of weight change, and more 
specifically weight gain (Buszkiewicz et al., 2021a, 2021b; Drewnowski 
et al., 2019, 2020; Letarte et al., 2020). 

Recent longitudinal studies of geo-localized electronic health records 
for large patient cohorts were able to explore which, if any, aspects of 
the BE were responsible for weight change (Buszkiewicz et al., 2021a, 
2021b). A recent study of 115,260 insured adults in King County, 
Washington (WA) found that residential and road intersection densities, 
used as proxies for walkability, were associated with a lower but not 
clinically meaningful weight gain (<0.5 kg) over five years (Buszkiewicz 
et al., 2021b). Proximity to fast-food restaurants or supermarkets had 
little influence on weight change, with any apparent association 
accounted for by the correlation with urban density (Buszkiewicz et al., 
2021b). Similarly, a study of >1.5 million men and women in Sweden 
found a strong and consistent associations between neighborhood 
deprivation metrics and higher obesity risk but little influence of 
fast-food outlets or the availability of facilities for physical activity 
(Okuyama et al., 2020). 

The goal of this study was to determine whether BE measures at 
baseline had any influence on changes in body mass index (BMI) at year 
1 and/or at year 2. We further compared these associations with that of 
residential property values, a proxy measure of socioeconomic status 
(SES) associated with individual accumulated wealth, and BMI change 
(Berrigan et al., 2015; Coffee, Lockwood, Rossini, Niyonsenga, & 
McGreal, 2020; Drewnowski et al., 2016, 2020; Leonard et al., 2016, 
2017; Ware, 2019). We evaluated these associations in a prospective 
cohort of adult respondents from three urban and rural counties in WA 
State, which differed in both racial/ethnic composition and in urban 
form (Buszkiewicz et al., 2020; Gupta et al., 2021; Rose et al., 2020). A 
secondary question was whether any associations between BE measures, 
residential property values, and BMI change might be modified by age 
group, gender, race/ethnicity, or education. The type, duration, and 
level of BE exposure as well as individual susceptibility to the BE may 
differ by age (Hobbs et al., 2019a, 2019b; Sarkar, Webster, & Gallacher, 
2017; Zhang & Yin, 2019), gender (Bell, Hamer, & Shankar, 2014; 
Buszkiewicz et al., 2021a; Sarkar et al., 2017), race/ethnicity (Busz-
kiewicz et al., 2021a; Wong et al., 2018), or education (Parise, 2020; 
Wong et al., 2018) in important ways. A better understanding of po-
tential modification by demographic variables may have implications 
for community design and for BE-centered obesity prevention efforts 
(Buszkiewicz et al., 2021a; Letarte et al., 2020). 

2. Methods 

2.1. Study population 

Details on the Seattle Obesity Study (SOS) III cohort have been 
published elsewhere (Buszkiewicz et al., 2020; Gupta et al., 2021; Rose 
et al., 2020). In brief, the SOS III recruited participants from sites in King 
County (University of Washington), Pierce County (MultiCare Institute 
for Research and Innovation), and Yakima County (Fred Hutch). All 
participants were screened prior to entry into the study and were 
excluded if they: 1) were not the primary food shopper in the household, 
2) were less than 21 years of age or older than 59 at baseline, 3) were 
pregnant or breastfeeding at baseline, 4) had any physical mobility is-
sues, or 5) were not English or Spanish speaking. Each participant’s 
baseline address upon entry into the cohort was geocoded using ArcGIS 

(ESRI, 2011) with county-level point reference data; geocoded home 
locations served as the primary means to determine BE exposures. 

2.2. BE variables and residential property values 

Tax parcel-level residential property value was the primary 
individual-level SES measure of interest. Residential property values 
take into account both land and structures and offer an objective, geo-
coded proxy measure of SES that is linked to prevalent obesity (Berrigan 
et al., 2015; Coffee et al., 2020; Drewnowski et al., 2016, 2020; Leonard 
et al., 2016, 2017; Ware, 2019). The tax parcel is the smallest structural 
unit of geographic disaggregation available (Berrigan et al., 2015). For 
multiple dwellings at a single address, the value of each tax parcel per 
residential unit was calculated by dividing the assessed value, obtained 
from 2016 county tax assessor records, by the number of units at that 
parcel. In addition, property values can be aggregated to any geographic 
boundary (Berrigan et al., 2015). Some SOS III participants (n = 52) 
home addresses were located outside King, Pierce, and Yakima but near 
the border; therefore, parcel-level residential property value data was 
not available. For these participants, residential property values were 
assigned the average values using an 800 m buffer of around nearby 
border parcels. Residential property values were split into tertiles for 
analysis. 

Residential and road intersection density at 800 m, calculated as 
units per hectare, served as urban form measures of the neighborhood 
BE. Residential density was selected as this metric has been shown to be 
highly predictive of walkability (Buszkiewicz et al., 2021b; Huang, 
Moudon, Cook, & Drewnowski, 2015; Mooney et al., 2020b; Pouliou & 
Elliott, 2010; Sarkar et al., 2017) while road intersection density has 
been correlated walking route connectivity (Durand et al., 2016). Both 
measures have been correlated with prevalent obesity (Buszkiewicz 
et al., 2021a, 2021b; Durand et al., 2016; Huang et al., 2015; Mooney 
et al., 2020b). Prior work has found little difference in the strength of the 
association between walking and the buffer size of neighborhood 
walkability metrics (Villanueva et al., 2014). The 800 m buffer distance 
was chosen as is it equivalent to the distance the average adult can walk 
in about 10 min and has been used in prior work evaluating the rela-
tionship between these measures of the BE and body weight (Buszkie-
wicz et al., 2021a, 2021b). For these measures, the geocoded home 
locations were estimated using Euclidean-based SmartMaps and focal 
processing methods in PostgreSQL/PostGIS and R (ESRI, 2011; R Core 
Team, 2019; The PostGIS Development Group, 2021; The PostgreSQL 
Global Development Group, 2021). Developed by the University of 
Washington Urban Form Lab, SmartMaps are continuous rasterized 
surfaces that provide a grid of neighborhood-level BE values within a 
given study area (Buszkiewicz et al., 2021a, 2021b; Hurvitz, Moudon, 
Kang, Saelens, & Duncan, 2014; Moudon, Cook, Ulmer, & Hurvitz, 
2011). More details on how Euclidean-based SmartMaps are generated 
and how they confer greater efficiency over other geoprocessing 
methods can be found in prior publications (Buszkiewicz et al., 2021a, 
2021b; Drewnowski et al., 2019; Hurvitz et al., 2014; Mooney et al., 
2020b; Moudon et al., 2011). As with residential property values, resi-
dential and road intersection density were stratified using tertiles for 
ease of interpretation. 

Counts of fast-food restaurants and supermarkets at 1600 m served as 
food environment measures of the neighborhood BE. Counts of proximal 
supermarkets and food-fast restaurants are commonly used to measure 
the food environment (Drewnowski et al., 2020; Hobbs et al., 2019a; 
Wilkins et al., 2019). Fast-food restaurants were defined as restaurants 
where one pays for meals before eating and consisted of chains that 
tended to serve less healthy processed food options (not including coffee 
shops) (Vernez Moudon et al., 2013). Prior work has shown little dif-
ference in the strength of association between neighborhood food 
environment buffer size and BMI particularly when using broad defini-
tions for fast-food restaurants, such as the aforementioned definition 
(Wilkins et al., 2019). The 1600 m buffer distance was chosen as is it 
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equivalent to the distance the average adult can walk in about 20 min 
and, as with our chosen urban form metrics, have been used in prior 
work evaluating the relationship between these measures of the BE and 
BMI (Buszkiewicz et al., 2021a, 2021b). Geo-localized data on super-
markets and fast-food restaurants were obtained from food permit ad-
dresses from county public health agencies (Vernez Moudon et al., 
2013). These count measures were operationalized using network-based 
SmartMaps (Hurvitz et al., 2014). Fast-food restaurant counts were 
categorized as “0”, “1–3”, or “4+” within the 1600 m buffer. Super-
market counts were categorized into a binary variable: “0” versus “1+.” 

2.3. Weight and height measurement 

Each study participant had their height, in feet, and weight, in 
pounds, measured by trained study staff using calibrated scales and 
stadiometers at baseline. These in-person measurements were then 
repeated at each follow-up visit 1 and 2 years later. Each height was then 
converted to meters and each weight was converted to kilograms. 
Weights (<31.75 kg or >317.52 kg) and baseline heights (<1.22 m or 
>2.44 m) flagged as biologically implausible were excluded based on 
prior work (Buszkiewicz et al., 2021a, 2021b). Each participant’s BMI at 
each time point was calculated using the formula weightt

height0×height0. BMI 
values < 15.0 kg/m2 or >100 kg/m2 were excluded as biologically 
implausible (Buszkiewicz et al., 2021a, 2021b). Our primary outcome of 
interest, BMI change, was defined as BMIt − BMI0. 

2.4. Covariates 

We included several sociodemographic factors known to be associ-
ated with the BE exposures and BMI (Buszkiewicz et al., 2021b; Drew-
nowski et al., 2015a). All sociodemographic data were self-reported at 
baseline via the computer-assisted SOS health behavior survey and 
entered in the study database by trained staff. These variables included 
age (21–39, 40–49, and 50–59 years), gender (male, female), race/-
ethnicity (non-Hispanic White, Hispanic, Other), educational attain-
ment (high school education or less, some college, and college or more), 
and home ownership (own, rent or other). Note that, in this study, 
“Hispanic” was also included as a race category, in addition to being 
included as an ethnicity category, to be culturally sensitive to the largely 
Hispanic population of Yakima who self-identified as Hispanic as both a 
race and ethnicity. Self-reported racial/ethnic identities served as our 
best available indicator of participants’ exposure to systemic, structural 
racism and its association with the BE and BMI change. The “Other” 
racial/ethnic category included non-Hispanic Black, Asian, Native 
Hawaiian/other Pacific Islander, American Indian/Alaskan Native, and 
other self-described racial categories, such as multiracial categories. 
These populations were aggregated due to sample size limitations. 
Finally, we also included county-level fixed effects to control for dif-
ferential data collection at each study site and to serve as a proxy 
measure to account for unobserved county-level factors that may be 
potential confounders. 

2.5. Statistical analysis 

Included in the analytic sample were SOS III participants with 
complete data on measures of the BE, and sociodemographic informa-
tion. Participants missing weight data for both 1- and 2-year follow-up 
were excluded. The analytic sample was 819 participants at baseline, 
and 727 participants at year 1, and 679 participants at year 2. We first 
conducted descriptive analyses of our analytic population examining 
sociodemographic and BE characteristics at baseline. We also examined 
the distribution of BE characteristics by sociodemographic covariates. 
We then examine bivariate associations between residential property 
values and our selected measures of the BE as well as correlations among 
BE variables. We also examined bivariate associations between 

residential property values, mean BMI at baseline, and mean BMI 
change. 

2.5.1. Baseline residential property values, BE characteristics, and BMI 
We regressed each BE measure with baseline BMI to estimate the 

mean BMI cross-sectionally associated with each residential property 
values tertile, residential and road intersection density tertile, and 
category of fast-food restaurant and supermarket availability, adjusting 
for covariates. The adjusted means reported are those with an average 
observed adjusted set of sociodemographic characteristics in the study 
population. Omnibus Wald tests at each time point were conducted to 
determine whether there were any statistically significant differences in 
adjusted mean BMIs across tertiles of residential property values or 
density measures (2nd versus 1st tertile, 3rd versus 1st tertile) and 
category of fast-food restaurant (1–3 versus 0, 4+ versus 0) and super-
market availability (1+ versus 0). To examine effect measure modifi-
cation across sociodemographic factors, we conducted the same 
analyses but interacted each BE measure with age group, gender, race/ 
ethnicity, and education. Note that for analyses examining effect mea-
sure modification by race/ethnicity, the category ‘Other’ was excluded 
due to small sample size limitations; however, this racial/ethnic cate-
gory was included in all other models where race/ethnicity was used as a 
covariate. 

Table 1 
Baseline sociodemographic factors, built environment characteristics, and 
weight status of the Seattle Obesity Study III analytic sample (n = 819).  

Characteristic n % 

Age (years) 
21-39 269 32.8 
40-49 240 29.3 
50-61 310 37.9 

Gender 
Men 152 18.6 
Women 667 81.4 

Race/ethnicity 
Non-Hispanic White 391 47.7 
Hispanic 332 40.5 
Other 96 11.7 

Education 
High school or less 279 34.1 
Some College 177 21.6 
College or more 363 44.3 

Home ownership 
Rent or other 294 35.9 
Own 525 64.1 

Residential property value, parcel level 
Tertile 1: $10,889 to $130,644 274 33.5 
Tertile 2: $133,974 to $295,000 272 33.2 
Tertile 3: $300,300 to $1,492,000 273 33.3 

Residential density, 800 m buffer 
Tertile 1: 0.01 to 3.74 273 33.3 
Tertile 2: 3.74 to 9.01 273 33.3 
Tertile 3: 9.05 to 104.86 273 33.3 

Road intersection density, 800 m buffer 
Tertile 1: 0.00 to 0.35 274 33.5 
Tertile 2: 0.35 to 0.57 275 33.6 
Tertile 3: 0.57 to 1.12 270 33.0 

Fast-food restaurant availability, 1600 m buffer 
0 187 22.8 
1-3 230 28.1 
4+ 402 49.1 

Supermarket access, 1600 m buffer 
0 286 34.9 
1+ 533 65.1 

Body mass index (BMI) category 
Normal weight (BMI <25.0 kg/m2)a 216 26.4 
Overweight (BMI ≥25.0 kg/m2 and <30.0 kg/m2) 247 30.2 
Obese (BMI ≥30 kg/m2) 356 43.5  

a Included in this group are fewer than 10 participants are underweight. 
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2.5.2. Baseline residential property values and BE characteristics and 
change in mean BMI 

We then implemented a set of linear mixed-effects models (LMMs) 
(Laird & Ware, 1982) to estimate the mean change in BMI from baseline 
to 1- and 2-year follow-up modeled separately with each BE metric 
adjusting for covariates. LMMs allowed us to account for within 
respondent repeated measures of BMI and missing BMI data. We report 
adjusted mean changes using an average observed set of sociodemo-
graphic characteristics in the analytic sample. As with the 
cross-sectional analyses, Wald tests were used to test differences across 
BE metric categories; however, in longitudinal analyses the estimate 
being compared is the difference in mean BMI from baseline to 1- or 
2-year follow-up. As a secondary analysis we also examined effect 
measure modification by age, gender group, race/ethnicity, and edu-
cation using a three-way interaction between residential property values 
or each BE metric, time, and the sociodemographic factor. All LMM 
models were fit using a random intercept. All tests were two-sided using 
an α level of .05. Analyses were conducted using Stata version 17 (Sta-
taCorp, 2021). 

3. Results 

The SOS III population sample was mostly women (81.4%) and 
homeowners (64.1%), with a high representation of non-Hispanic 
Whites (47.7%), 50-59-year-olds (37.9%), and participants with col-
lege and/or graduate degrees (44.3%) (Table 1). Obesity prevalence 
(BMI>30) was 43.5%. Most participants had at least 1 supermarket 
within 1600 m of home (65.1%), whereas half (49.1%) lived within 
1600 m of 4+ fast-food restaurants. 

In this sample, higher residential property values were associated 
with 50–59-year-olds, those with a college degree or more, and with 
non-Hispanic Whites (Table 2). Higher residential density was also 
associated with 50–59-year-olds and at least a college education. Higher 

Table 2 
Baseline residential property values and built environment characteristics by sample sociodemographic characteristics (n = 819).  

Characteristic Residential property 
values (parcel level) 

Residential density 
(800 m) 

Road intersection 
density (800 m) 

Fast-food restaurant 
availability (1600 m) 

Supermarket 
availability 
(1600 m) 

Tertile Tertile Tertile 0 1 to 3 4+ 0 1+

1 2 3 1 2 3 1 2 3 

% % % % % % % % % % % % % % 

Age (years) 
21-39 44.2 34.9 20.8 37.2 30.9 32.0 35.3 34.9 29.7 20.5 27.9 59.1 35.7 64.3 
40-49 38.8 30.8 30.4 42.1 35.4 22.5 40.0 33.8 26.3 29.6 27.1 34.6 42.1 47.9 
50-61 20.0 33.6 46.5 23.2 33.9 42.9 26.8 32.3 41.0 19.7 30.2 58.3 28.7 71.3 

Gender 
Men 18.4 40.8 40.8 13.2 28.3 58.6 15.1 31.6 53.3 11.8 21.7 66.5 19.7 80.3 
Women 36.9 31.5 31.6 37.9 34.5 27.6 37.6 34.0 28.3 25.3 29.5 45.1 38.4 61.6 

Race/ethnicity 
Non-Hispanic White 5.9 37.9 56.3 11.8 34.8 53.5 19.2 29.9 50.9 18.2 22.8 59.1 25.3 74.7 
Hispanic 72.0 22.3 5.7 67.2 29.8 3.0 54.8 38.0 7.2 31.6 33.7 34.6 47.3 52.7 
Other 12.5 52.1 35.4 4.2 39.6 56.3 17.7 33.3 49.0 11.5 30.2 58.3 31.3 68.8 

Education 
High school or less 72.8 22.9 4.3 66.7 28.0 5.4 55.2 36.6 8.2 31.5 29.8 38.7 48.0 52.0 
Some College 28.3 41.8 29.9 23.2 45.8 31.1 29.4 36.2 34.5 20.9 27.1 52.0 34.5 65.5 
College or more 5.8 36.9 57.3 12.7 31.4 55.9 18.7 30.0 51.2 17.1 27.3 55.7 25.1 74.9 

Home ownership 
Rent or other 45.9 37.8 16.3 38.8 24.8 36.4 36.4 30.6 33.0 17.35 24.8 57.8 33.3 66.7 
Own 26.5 30.7 42.9 30.3 38.1 31.6 31.8 35.2 33.0 25.9 29.9 44.2 35.8 64.2 

Body mass index (BMI) category 
Normal weight (BMI <25.0 kg/m2)a 12.0 33.3 54.6 15.7 30.6 53.7 18.5 28.2 53.2 15.3 24.1 60.7 25.0 75.0 
Overweight (BMI ≥25.0 kg/m2 and <30.0 kg/m2) 32.4 31.6 36.0 31.6 35.2 33.2 30.8 37.7 31.6 21.5 27.9 50.6 31.6 68.4 
Obese (BMI ≥30 kg/m2) 47.2 34.3 18.5 45.2 33.7 21.1 44.4 34.0 21.6 28.4 30.6 41.0 43.3 56.7 

Note: All densities calculated as units per hectare. Residential property value tertile ranges are: Tertile 1: $10,889 to $130,644; Tertile 2: $133,974 to $295,000; Tertile 
3: $300,300 to $1,492,000. Residential density tertile ranges are: Tertile 1: 0.01 to 3.74; Tertile 2: 3.74 to 9.01; Tertile 3: 9.05 to 104.86. Road intersection density 
tertile ranges are: Tertile 1: 0.00 to 0.35; Tertile 2: 0.35 to 0.57; Tertile 3: 0.57 to 1.12. 

a Included in this group are fewer than 10 participants are underweight. 

Table 3 
Baseline cross-sectional associations between BMI (kg/m2) residential property 
values, and built environment characteristics (n = 819).  

Characteristic Mean (95% CI) P-value 

Overall 30.0 (29.5, 30.4) – 
Socioeconomic status 
Residential property value, parcel level 

Tertile 1: $10,889 to $130,644 30.6 (29.5, 31.7) – 
Tertile 2: $133,974 to $295,000 31.0 (30.1, 31.8) 0.652 
Tertile 3: $300,300 to $1,492,000 28.4 (27.4, 29.3) 0.012 

Built environment 
Residential density, 800 m buffer 

Tertile 1: 0.01 to 3.74 30.6 (29.5, 31.6) – 
Tertile 2: 3.74 to 9.01 30.3 (29.5, 31.1) 0.712 
Tertile 3: 9.05 to 104.86 29.0 (28.1, 30.0) 0.072 

Road intersection density, 800 m buffer 
Tertile 1: 0.00 to 0.35 30.7 (29.8, 31.6) – 
Tertile 2: 0.35 to 0.57 30.3 (29.5, 31.1) 0.512 
Tertile 3: 0.57 to 1.12 28.9 (28.0, 29.7) 0.008 

Fast-food restaurant availability, 1600 m buffer 
0 30.8 (29.8, 31.8) – 
1-3 30.6 (29.7, 31.5) 0.770 
4+ 29.2 (28.6, 29.9) 0.012 

Supermarket availability, 1600 m buffer 
0 30.9 (30.1, 31.8) – 
1+ 29.5 (28.9, 30.0) 0.005 

BMI = body mass index; CI = confidence interval. 
Note: All densities calculated as units per hectare. Residential unit and road 
intersection densities based on Euclidean distance. Fast-food restaurant and 
supermarket counts based on network-based buffer. Buffers of 800 m corre-
spond, approximately, to 10-min walkable distance while buffers of 1600 m 
correspond to a 20-min walkable distance. Models adjust age, gender, race/ 
ethnicity, education, home ownership, and county of residence. 
P-values test for differences between the 2nd or 3rd tertile compared to the 1st 
for density measures, 1–3 or 4+ fast-food restaurants versus 0 for fast-food 
restaurant availability, and 1+ versus 0 for supermarket availability. 
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residential density was also associated with college education and age. 
Prevalent obesity was associated with lower residential density, lower 
property values, and lower counts of supermarkets and fast-food res-
taurants within a 1600 m radius. 

Table 3 shows the cross-sectional relation between baseline BMI, 
residential property values, and BE measures. Mean baseline BMI was 
30.0 kg/m2 (95% CI: 29.5, 30.4). The top tertile of residential property 
values was associated with lower BMI compared lowest tertile (28.4 kg/ 
m2, 95% CI: 27.4, 29.3 vs 30.6 kg/m2, 95% CI: 29.6, 31.7, p = 0.012). 
There were no differences in BMI across tertiles of residential density. 
However, the highest tertile of intersection density (800 m buffer) was 
associated with lower mean BMI compared to the lowest (28.9 kg/m2, 
95% CI: 28.0, 29.7 vs 30.7 kg/m2, 95% CI: 29.8, 31.6, p = 0.008). Higher 

counts (4+) of fast-food restaurants (1600 m buffer) were associated 
with lower BMI compared to none (29.2 kg/m2, 95% CI: 28.6, 29.9 vs 
30.8 kg/m2, 95% CI: 29.8, 31.8, p = 0.012). Higher counts (1+) of su-
permarkets (1600 m buffer) were associated with lower BMI compared 
to none (29.5 kg/m2, 95% CI: 28.9, 30.0 vs 30.9 kg/m2, 95% CI: 30.1, 
31.8, p = 0.005). 

It should be noted that residential property values were moderately 
correlated with residential density (r = 0.46) and road intersection 
density (r = 0.34) (Supplemental Table 1). However, residential prop-
erty values were weakly correlated with counts of supermarkets (r =
0.13) and fast-food restaurants (r = 0.06). Bivariate associations be-
tween residential property values and BE variables along with data on 
changes in BMI are provided in Supplemental Figs. 1 and 2. 

Table 4 shows the associations between residential property values, 
BE measures, and adjusted mean BMI change from baseline to 1-year 
and 2-year follow-up. Overall, BMI increased by 0.10 units (95% CI: 
-0.01, 0.20) from baseline to 1-year. At 1-year follow-up, there was no 
evidence of a difference in mean BMI by residential property values or 
supermarket availability. However, there was evidence of a 1-year dif-
ference across measures of urban form and fast-food restaurant avail-
ability. Compared with participants in the lowest tertile, participants 
residing in areas with the highest tertile of residential density (mean BMI 
change: -0.01 kg/m2, 95% CI: -0.18, 0.15 vs 0.26 kg/m2, 95% CI: 0.06, 
0.45, p = 0.038) and road intersection density (mean BMI change: -0.07 
kg/m2, 95% CI: 0.23, 0.09 vs 0.37 kg/m2, 95% CI: 0.18, 0.56, p < 0.001) 
experienced less change in their BMI. There was also evidence of less 
change in BMI between the 2nd and 1st tertile of road intersection 
density (p = 0.004). Compared to those participants with 0 fast-food 
restaurants within a 1600 m buffer from their home, those with 4+
experience less change in their BMI (mean BMI change: -0.03 kg/m2, 
95% CI: 1–17, 0.10 vs 0.26 kg/m2, 95% CI: 0.02, 0.50, p = 0.037). 

At year 2, overall BMI gain was 0.29 kg/m2 (95% CI: 0.16, 0.43). 
There was no difference in mean BMI change by residential or road 
intersection density tertiles nor fast-food restaurant or supermarket 
availability; however, there was evidence of a 2-year difference for 
residential property values. Compared with participants in the lowest 
tertile of residential property values, participants in the highest tertile 
experienced less BMI change (mean BMI change: 0.08 kg/m2, 95% CI: 
-0.11, 0.26 vs. 0.43 kg/m2, 95% CI: 0.17, 0.70, p = 0.031). 

3.1. Effect measure modification by sociodemographic factors 

Figs. 1–4 display the association between residential property values, 
BE variables, and mean BMI change at 1- and 2-years from baseline 
across sociodemographic factors. Broadly there was evidence of differ-
ential associations by age, gender, and education but not race/ethnicity. 
A full set of cross-sectional analyses across these sociodemographic 
factors can be found in Supplemental Figs. 3–6. 

Across age, there was significant evidence that residential property 
values led to less BMI change at 2 years in 21–39-year-olds compared to 
50-61-year-olds when comparing the 2nd and 1st tertile (p = 0.013) and 
the 3rd to the 1st tertile (p = 0.027) (Fig. 1). There was also evidence of 
difference BMI change by residential density at 1 year when comparing 
the 2nd and 1st tertiles between 21 and 39-year-olds compared to 40-49- 
year-olds (p = 0.018) and at 2 years comparing the 2nd and 1st tertiles 
between 21 and 39-year-olds compared to 40-49-year-olds (p = 0.002) 
and 50-61-year-olds (p = 0.017). Although there was suggestive evi-
dence of a differential association by age for road intersection density, 
we were unable to detect differences between age groups. By gender, 
when comparing supermarket availability among women and men, 
there was evidence of a significant difference in mean BMI change from 
baseline to 2-year follow-up (p = 0.015) (Fig. 2). There was suggestive 
evidence that education may modify the association between residential 
property values and 2-year BMI change with a greater association 
observed among respondents with a college education or more (Fig. 4). 
However, we were only able to detect a significant difference at 2 years 

Table 4 
Association between baseline residential property values and built environment 
characteristics with BMI (kg/m2) at 1 and 2 years from baseline (n = 819).  

Characteristic 1 year 2 years 

Mean (95% 
CI) 

P-value Mean (95% 
CI) 

P- 
value 

Overall 0.10 (-0.01, 
0.20) 

– 0.29 (0.16, 
0.43) 

– 

Socioeconomic status 
Residential property value, parcel level 

Tertile 1: 
$10,889 to 
$130,644 

0.19 (0.00, 
0.37) 

– 0.43 (0.17, 
0.70) 

– 

Tertile 2: 
$133,974 to 
$295,000 

0.06 (-0.12, 
0.24) 

0.342 0.38 (0.13, 
0.62) 

0.747 

Tertile 3: 
$300,300 to 
$1,492,000 

0.05 (-0.11, 
0.20) 

0.264 0.08 (-0.11, 
0.26) 

0.031 

Built environment 
Residential density, 800 m buffer 

Tertile 1: 0.01 
to 3.74 

0.26 (0.06, 
0.45) 

– 0.48 (0.23, 
0.73) 

– 

Tertile 2: 3.74 
to 9.01 

0.05 (-0.12, 
0.21) 

0.099 0.17 (-0.06, 
0.39) 

0.068 

Tertile 3: 9.05 
to 104.86 

− 0.01 (-0.18, 
0.15) 

0.038 0.23 (0.02, 
0.45) 

0.141 

Road intersection density, 800 m buffer 
Tertile 1: 0.00 
to 0.35 

0.37 (0.18, 
0.56) 

– 0.46 (0.22, 
0.71) 

– 

Tertile 2: 0.35 
to 0.57 

− 0.01 (-0.18, 
0.16) 

0.004 0.25 (0.02, 
0.48) 

0.217 

Tertile 3: 0.57 
to 1.12 

− 0.07 (0.23, 
0.09) 

<0.001 0.17 (-0.05, 
0.38) 

0.076 

Fast-food restaurant availability, 1600 m buffer 
0 0.26 (0.02, 

0.50) 
– 0.43 (0.14, 

0.72) 
– 

1-3 0.19 (0.00, 
0.38) 

0.651 0.50 (0.25, 
0.75) 

0.704 

4+ − 0.03 (-0.17, 
0.10) 

0.037 0.11 (-0.08, 
0.29) 

0.070 

Supermarket availability, 1600 m buffer 
0 0.21 (0.01, 

0.40) 
– 0.44 (0.19, 

0.70) 
– 

1+ 0.04 (-0.08, 
0.16) 

0.146 0.22 (0.06, 
0.37) 

0.135 

BMI = body mass index; CI = confidence interval. 
Note: All estimates represent the change in weight or BMI comparing 1-year or 2- 
year follow-up to baseline. All densities calculated as units per hectare. Resi-
dential unit and road intersection densities based on Euclidean distance. Fast- 
food restaurant and supermarket counts based on network-based buffer. 
Buffers of 800 m correspond, approximately, to 10-min walkable distance while 
buffers of 1600 m correspond to a 20-min walkable distance. Separate linear 
mixed models with the outcome percent weight change at 1 and 2 years from 
baseline for each built environment characteristic adjusting for age, gender, 
race/ethnicity, home ownership, and county of residence. 
P-values test for differences between the 2nd or 3rd tertile compared to the 1st 
for density measures, 1–3 or 4+ fast-food restaurants versus 0 for fast-food 
restaurant availability, and 1+ versus 0 for supermarket availability. 
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comparing the 2nd and 1st tertile of residential property values between 
those respondents with a college degree or higher to those with a high 
school degree or less (p = 0.019). 

4. Discussion 

Consistent with early cross-sectional work, the present study found 
that road intersection density and greater proximity to both supermar-
kets and fast-food restaurants were associated with lower BMI at base-
line (Buszkiewicz et al., 2021a, 2021b; Drewnowski et al., 2020). That 
higher residential property values were also cross-sectionally associated 
with lower BMI builds upon prior work which showed a relationship 
between higher values and lower prevalent obesity (Drewnowski et al., 
2015b, 2020). However, these strong, inverse, cross-sectional associa-
tions between residential property values, BE measures, and BMI did not 
always translate to changes in BMI at 1- and 2-year follow-up. At year 1, 
residential density, road intersection density, and fast-food restaurant 
availability were associated with 1-year BMI change. At year 2, associ-
ations with BE measures were no longer observed with only residential 
property values associated 2-year BMI change in the SOS III cohort. 
Importantly, we also observed that associations between the BE, resi-
dential property values, and 1- and 2-year BMI change varied by age, 
gender, and education but not by race/ethnicity. 

Although overall associations between measures of the BE, property 
values, and BMI change were small, there were some notable findings. 

First, we did not observe a relationship between residential property 
values and 1-year BMI change but we did observe an association with 2- 
year weight change (Drewnowski et al., 2015a). Similar work using 
property appraisal data as a proxy for neighborhood condition found an 
inverse relation between change in neighborhood condition and weight 
change at 7-year follow-up, which was more pronounced among those 
residents who did not move (Leonard et al., 2017). Other work using 
hedonistic price models to define neighborhood deprivation found that 
individuals who lived in or moved to more disadvantaged neighbor-
hoods tended to gain more weight over a period of 7 years (Powell-Wiley 
et al., 2015). Second, the finding that denser urban form was linked to 
lower mean BMI at baseline and was associated with BMI change at 
1-year follow-up is consistent with the hypothesis that BE features that 
are more conducive to walking and active transport help to lower 
obesity risk (Drewnowski et al., 2020; Lake et al., 2017; Lam et al., 2021; 
McCormack et al., 2018; Mooney et al., 2020a; Salvo, Lashewicz, 
Doyle-Baker, & McCormack, 2018). Similar findings from the much 
larger Moving to Health cohort were reported recently (Buszkiewicz 
et al., 2021a, 2021b). Third, recent studies of the association between 
the local food environment and prevalent obesity have come to the 
growing conclusion that no such association may exist (Cobb et al., 
2015; Drewnowski et al., 2020; Lam et al., 2021; Wilkins et al., 2019). 
This may be due, in part, to the types of metrics that are frequently used. 
Density counts of supermarkets, grocery stores, fast-food restaurants, 
and convenience stores within close to one’s home were among the most 

Fig. 1. Change in mean BMI (kg/m2) from baseline to 1- and 2-year follow-up associated with the interaction between categorical age, property values, and built 
environment characteristics (n = 819). 
BMI = body mass index. 
Note: All densities calculated as units per hectare. Residential property value tertile ranges are: T1: $10,889 to $130,644; T2: $133,974 to $295,000; T3: $300,300 to 
$1,492,000. Residential density tertile ranges are: T1: 0.01 to 3.74; T2: 3.74 to 9.01; T3: 9.05 to 104.86. Road intersection density tertile ranges are: T1: 0.00 to 0.35; 
T2: 0.35 to 0.57; T3: 0.57 to 1.12. Models adjust for age, gender, race/ethnicity, education, home ownership, and county of residence. 
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frequent measures of putative exposure to the food environment. 
However, these measures tend to be highly correlated with urban den-
sity. Our limited findings with respect to the relation between fast-food 
restaurants, supermarkets, and weight in cross-sectional analyses and 
fast-food restaurants and BMI change in longitudinal analyses may be 
entirely explained by their close correlation with measures of urban 
form as exhibited in prior work (Buszkiewicz et al., 2021b). 

Although there have been several studies that have evaluated the 
association between the BE and BMI change in specific sociodemo-
graphic subpopulations, few studies have directly examined differences 
across sociodemographic strata. With respect to age, our suggestive 
findings of a greater association between the BE and BMI change at 
younger ages stands in contrast with the mixed body of evidence which 
has found stronger associations in older adults (Hobbs et al., 2019a), 
younger adults (Hobbs et al., 2019c; Sarkar et al., 2017), or no associ-
ation at all (Buszkiewicz et al., 2021a). Prior work has found men and 
women may be sensitive to different aspects of the BE related to walk-
ability and active transport, which may, in turn, influence long-term 
obesity risk (Bell et al., 2014; Buszkiewicz et al., 2021a; Sarkar et al., 
2017). However, our finding of a differential association between su-
permarket availability and BMI change may be related to our study in-
clusion criteria which stipulated that participants must be the primary 
food shoppers in their household, a role which disproportionally falls to 
women. Our lack of finding a differential relationship between BE and 
BMI by race/ethnicity change stands in contrast with prior work 

suggesting that the BE may disproportionately benefit non-Hispanic 
Whites (Wong et al., 2018). One study found that measures of the BE 
were associated with less weight gain in non-Hispanic Whites and 
non-Hispanic Blacks but found no such association in Hispanics or 
non-Hispanic Asians (Buszkiewicz et al., 2021a). More work is needed to 
understand the underlying structural factors underpinning these health 
inequities. Finally, to our knowledge, our finding that the association 
between residential property values and BMI change may be stronger in 
those with higher education is novel and warrants further study. 

This study had several notable strengths. First, this study extends the 
prior work of SOS I (cross-sectional) and SOS II (1-year follow-up) by 1) 
examining 2-year change in BMI, 2) directly comparing the association 
between measures of the BE and BMI change to the association between 
residential property values and BMI change, and 3) evaluating these 
associations in both an urban (King County, Pierce County) and rural 
(Yakima County) settings (Office of Financial Management, 2019). 
Second, we extend the broad BE-obesity literature by examining the 
association between the BE, residential property values, and 1- and 
2-year BMI change across age, gender, race/ethnicity, and education. To 
our knowledge, few studies have directly evaluated the BE-BMI change 
relationship across these sociodemographic subpopulations with most 
prior work focusing on restricting their analyses to specific populations 
(Buszkiewicz et al., 2021a; Drewnowski et al., 2020; Letarte et al., 
2020). Moreover, this study represents the first study to evaluate the 
residential property value-BMI change relation in this manner. 

Fig. 2. Change in mean BMI (kg/m2) from baseline to 1- and 2-year follow-up associated with the interaction between gender, property values, and built envi-
ronment characteristics (n = 819). 
BMI = body mass index. 
Note: All densities calculated as units per hectare. Residential property value tertile ranges are: T1: $10,889 to $130,644; T2: $133,974 to $295,000; T3: $300,300 to 
$1,492,000. Residential density tertile ranges are: T1: 0.01 to 3.74; T2: 3.74 to 9.01; T3: 9.05 to 104.86. Road intersection density tertile ranges are: T1: 0.00 to 0.35; 
T2: 0.35 to 0.57; T3: 0.57 to 1.12. Models adjust for age, gender, race/ethnicity, education, home ownership, and county of residence. 
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This study also had limitations. First, duration of exposure to base-
line BE measures could not be determined. The observed BE and social 
gradient in obesity prevalence could be the result of an accumulated 
influence of the BE on weight over a prolonged period. Second, reasons 
for living in a particular neighborhood were not explored. There are 
many economic and sociodemographic determinants which influence 
health, where individuals can live, and whether individuals are able to 
relocate that undergird observed neighborhood BE exposures (Drew-
nowski et al., 2020). Historic patterns of residential segregation, driven 
by systemic, structural racism, has profoundly impacted the human 
geography of the US and other cities (Popescu, Duffy, Mendelsohn, & 
Escarce, 2018). Moreover, longstanding inequities in educational op-
portunities, work opportunities, and intergenerational accumulation of 
wealth not only influence where individuals live, but how they interact 
with their neighborhood BE and subsequent health outcomes (Tung, 
Cagney, Peek, & Chin, 2017). Indeed these systemic, structural factors 
highlight the limitations of cross-sectional studies of the BE, weight, and 
BE and the need for more longitudinal work. Third, the study did not 
measure usage of neighborhood resources. Residing in a given neigh-
borhood does not necessarily mean residents will utilize those resources 
since others factors, such as preference or economic barriers may be at 
play (Sharp, Macrorie, & Turner, 2015). Fourth, restricting analyses of 
BE and health to the residential environment may overestimate the 
possible influence of that BE since people’s exposure includes BE beyond 
that of their place of residence (Chaix et al., 2017). Fifth, although our 

use of flexible SmartMap-based BE measures and residential property 
values at the parcel level did not restrict our measures to administrative 
boundaries, future work should also consider the role of spatial inter-
relatedness (Coman, Steinbach, & Cao, 2021). This may be particularly 
important in much larger cohorts where the likelihood of having par-
ticipants adjacent in space may be higher. Sixth, the SOS III cohort was 
small and therefore lacked power to detect many differences across 
sociodemographic subpopulations. Nevertheless, we believe it is critical 
to health equity research to examine differential BE-BMI associations 
across sociodemographic factors and that it remains a fruitful area for 
future research (Buszkiewicz et al., 2021a; Letarte et al., 2020; Wong 
et al., 2018; Zhang & Yin, 2019). 

Since our evaluation of BE characteristics is based within the context 
of WA State, the extent to which these findings are readily generalizable 
to other US states or internationally is uncertain. Tax assessor data may 
be harder to obtain for some areas, may not be practical for use in areas 
without open markets, or where home sales or rent renewals are spo-
radic. Moreover, residential property values may not be predictive of 
health in all communities or countries. Finally, we lacked the power to 
distinguish more precise differences in mean percentage weight change 
for many BE metrics. Relatedly, we were unable to explore interactions 
between measures of urban form, the food environment, and residential 
property values. 

Fig. 3. Change in mean BMI (kg/m2) from baseline to 1- and 2-year follow-up associated with the interaction between race/ethnicity, property values, and built 
environment characteristics (n = 723). 
BMI = body mass index. 
Note: Race/ethnicity category ‘Other’ excluded from models (n = 96) due to small sample size limitations. All densities calculated as units per hectare. Residential 
property value tertile ranges are: T1: $10,889 to $130,644; T2: $133,974 to $295,000; T3: $300,300 to $1,492,000. Residential density tertile ranges are: T1: 0.01 to 
3.74; T2: 3.74 to 9.01; T3: 9.05 to 104.86. Road intersection density tertile ranges are: T1: 0.00 to 0.35; T2: 0.35 to 0.57; T3: 0.57 to 1.12. Models adjust for age, 
gender, race/ethnicity, education, home ownership, and county of residence. 
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5. Conclusions 

Observed, clear differences in BMI across residential property values 
and BE metrics at baseline were consistent with early, cross-sectional 
work pointing to strong, inverse associations with prevalent obesity. 
However, much like newer analyses of large, longitudinal cohorts, we 
observed modest and inconsistent associations between the BE, property 
values, and 1- and 2-year BMI change. We also found suggestive evi-
dence that age may moderate the association between urban density and 
BMI change while education may moderate the association between 
residential property values and BMI change. Larger longitudinal cohorts 
are needed to explore whether and to what extent measures of BE 
disadvantage are associated with trajectories of weight gain across 
population subgroups over extended periods of time. A question of 
particular interest is what structural or social forces act to promote or 
concentrate obesity in so called ‘obesogenic’ neighborhoods. 
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Fig. 4. Change in mean BMI (kg/m2) from baseline to 1- and 2-year follow-up associated with the interaction between education, property values, and built 
environment characteristics (n = 819). 
BMI = body mass index. 
Note: All densities calculated as units per hectare. Residential property value tertile ranges are: T1: $10,889 to $130,644; T2: $133,974 to $295,000; T3: $300,300 to 
$1,492,000. Residential density tertile ranges are: T1: 0.01 to 3.74; T2: 3.74 to 9.01; T3: 9.05 to 104.86. Road intersection density tertile ranges are: T1: 0.00 to 0.35; 
T2: 0.35 to 0.57; T3: 0.57 to 1.12. Models adjust for age, gender, race/ethnicity, education, home ownership, and county of residence. 
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