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Abstract

Objective: To determine whether selected features of the built environment can predict weight 

gain in a large longitudinal cohort of adults.

Methods: Weight trajectories over a 5-year period were obtained from electronic health records 

for 115,260 insured patients aged 18–64 years in the Kaiser Permanente Washington health 

care system. Home addresses were geocoded using ArcGIS. Built environment variables were 

population, residential unit, and road intersection densities captured using Euclidean-based 

SmartMaps at 800-meter buffers. Counts of area supermarkets and fast food restaurants were 

obtained using network-based SmartMaps at 1,600, and 5,000-meter buffers. Property values were 

a measure of socioeconomic status. Linear mixed effects models tested whether built environment 

variables at baseline were associated with long-term weight gain, adjusting for sex, age, race/

ethnicity, Medicaid insurance, body weight, and residential property values.

Results: Built environment variables at baseline were associated with differences in baseline 

obesity prevalence and body mass index but had limited impact on weight trajectories. Mean 
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weight gain for the full cohort was 0.06 kilograms at 1 year (95% CI: 0.03, 0.10); 0.64 kilograms 

at 3 years (95% CI: 0.59, 0.68), and 0.95 kilograms at 5 years (95% CI: 0.90, 1.00). In adjusted 

regression models, the top tertile of density metrics and frequency counts were associated with 

lower weight gain at 5 years follow-up compared to the bottom tertiles, though the mean 

differences in weight change for each follow-up year (1, 3, and 5) did not exceed 0.5 kilograms.

Conclusion: Built environment variables that were associated with higher obesity prevalence 

at baseline had limited independent obesogenic power with respect to weight gain over time. 

Residential unit density had the strongest negative association with weight gain. Future work 

on the influence of built environment variables on health should also examine social context, 

including residential segregation and residential mobility.
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INTRODUCTION

Where people live can influence their weight, health, and mental well-being [1]. Studies on 

health and place have pointed to links between multiple built environment (BE) variables, 

obesity prevalence, and other health outcomes [1–4]. However, the observed associations 

have been mixed and not always consistent [1,5]. In general, BE variables were more closely 

linked to physical activity (PA) measures [1,6,7] than to diet quality [5,8,9]. Whereas the 

walkability of neighborhoods was consistently linked to lower obesity prevalence [1,10,11], 

the density of food sources (e.g. fast food restaurants and supermarkets) was not [1,5,8,9]. 

Furthermore, there is evidence that the collocation of BE features supporting PA and healthy 

diets, were associated with lower obesity prevalence than any single feature [12].

One question, directly relevant to public policy, was whether residing in a given 

neighborhood could explain long-term changes in weight status [1,5,6]. In the United States 

(US) and in other high-income countries, the “obesogenicity” of the BE, in the sense of 

being associated with or even influencing long-term weight gain, was defined in terms 

a lack of spatially accessible of supermarkets, grocery stores, and farmers’ markets, as 

opposed to convenience stores and fast food restaurants [1,5]. Other relevant BE features 

were green spaces, PA locations, and walkability, as measured, in part, by the connectivity of 

roads and sidewalks [1,6,11]. Spatial clustering of fast food restaurants around schools was 

viewed as obesogenic as was higher fast food density in low-income areas [8]. Conversely, 

neighborhoods that were more walkable [10,13] and closer to parks and trails had lower 

obesity prevalence [14–16]. The diversity of methods used to characterize individual 

exposures, including BE exposures, may have contributed to the mixed findings observed 

in the body of BE and obesity work [5]. The relation between BE variables could be 

clarified by large-scale longitudinal cohort studies. However, to date, few examples of such 

longitudinal studies exist [4,11,18–22].

The present study sought to determine whether BE features, measured at baseline, had any 

influence on adult body weight trajectories at 1, 3, and 5 years of follow-up. Measured 

weights came from electronic health records (EHR). Primary analyses used linear mixed 
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models to estimate weight gain at each time point, adjusting for demographics and patient 

residential property values. Secondary analyses mutually adjusted for multiple BE features 

to determine the combined influence of BE features and the food environment on measured 

weight trajectories over time.

METHODS

Study population and design

Development of the Moving to Health (M2H) retrospective cohort has been described in 

detail elsewhere [23,24]. Data on the residential history, measured heights and weights, 

and health of patients receiving care from Kaiser Permanente Washington (KPW) between 

1/1/2005 and 4/30/2017 were extracted from KPW EHR. Patients who were KPW members, 

aged 18–64 years at baseline and had at least 270 days of continuous enrollment between 

January 2005 and April 2017 were included. Insurance status was verified at the time 

of enrollment. Gaps in enrollment of ≤92 days were allowed. Excluded at baseline were 

patients with a prior-year cancer diagnosis (omitting non-melanoma skin cancer), patients 

who had prior-year bariatric surgery, patients who were pregnant or within 3 months 

after delivery, and those of unknown sex. The King County (KC) address at the baseline 

weight measure was the baseline address. This analysis was limited to patients who had at 

least one follow-up weight measured after their baseline weight. We limited the cohort to 

KPW enrolled patients with a geocodable address and available residential property values; 

disenrollment from KPW was defined as a gap in enrollment of ≥13 months. A flow chart is 

shown in Figure 1.

Body weight measurement

Clinicians recorded body weight measurements in the EHR during each clinical visit. 

Observations that clinical expertise indicated as having biologically implausible weight 

values for adults (<31.75 or >317.52 kg) were excluded. We additionally excluded follow-up 

weights taken during the pregnancy period (9 months before and 3 months after pregnancy 

outcome) [23]. Patients were followed for subsequent weight measures from the time of the 

baseline weight until the end of the study period and were censored if they had a change in 

residential location (n=48,148), a bariatric surgery (n=312), a cancer diagnosis (n=13,838), 

disenrolled from KPW (gap in enrollment of ≥13 months) (n=9,461), or had a gap in address 

data ≥13 months (n=659).

Geocoding patient addresses

The KPW patients’ baseline addresses were geocoded to determine each patient’s baseline 

BE exposures, which served as the exposures of interest in all cross-sectional and 

longitudinal analyses. Geocoding, conducted using ArcGIS and KC address point reference 

data, yielded successful matches for 93.0% of patient addresses. We then searched for a 

match within the Esri Business Analyst tool using a match threshold of 85 [25]. This 

enabled us to match an additional 1.5% of patient addresses. Approximately 5.6% of 

addresses could not be geocoded. These patients were removed from the final analytic 

sample. The most common reasons for an inability to geocode included, but were not limited 

to, the use of a post office box as a mailing address and incorrectly written addresses 
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for which the geocoder could not determine the precise location [23]. Once geocoded, the 

latitude/longitude point was used to determine BE exposures using SmartMaps at fixed 

buffer and network distances [26].

Built environment exposures

Primary measures of potentially obesogenic BE exposures were residential unit density 

(derived from KC tax assessor data) and population density (derived from American 

Community Survey data), which have been used in prior studies as proxies for walkability 

and have been associated with obesity prevalence [6,27–32]. A recent KC study found that 

residential unit density was the most predictive BE metric of walking bouts [6]. Moreover, in 

our sample, residential unit density and population density were highly correlated (r=0.92) 

indicating that both BE measures may be good proxies for walkability. Street intersection 

density (from TIGER/Line files) was a measure of walking route connectivity and has 

been linked to obesity prevalence [33]. These density variables were calculated as units 

per hectare and averaged within 800 and 1,600 m Euclidian buffers of the home address, 

representing 10 and 20 minute walking distances, respectively [34]. The food environment 

was measured using counts of supermarkets and fast food restaurants (from Public Health­

Seattle KC food permit addresses) [35]. Fast food restaurants included all quick service 

restaurants, that is, establishments in which one pays for food first before eating. Counts 

of these food outlets were measured within a 1,600 m and 5,000 m (accessible within a 

short drive) network buffer of the home address. Lacking commonly recognized threshold 

measures of BE characteristics related to health, we operationalized the residential unit, 

population, and intersection densities by stratifying each continuous measure into tertiles. 

Residential density was also dichotomized as above and below 18 residential units per 

hectare, based on well-established thresholds needed to allow for the provision of public 

transit [36,37]. For the food environment, 1,600 m buffer fast food and supermarket counts 

were dichotomized using 1 if any fast food restaurant or supermarket was located with 

the 1,600 m buffer and 0 if otherwise. Fast food restaurant and supermarket counts at 

5,000 m buffers were categorized into tertiles. Given the large number of geocoded home 

locations, BE exposures were measured using SmartMaps, which are continuous rasterized 

surfaces that provide estimates of neighborhood-level BE variables points within a study 

area, developed by the University of Washington Urban Form Lab [26,38–40]. More details 

on the Euclidean- and network-based SmartMaps can found be in the Technical Appendix as 

well as in prior publications [23,24,26].

Patients baseline BE exposures were matched temporally to their year of entry into the 

cohort. Yearly data were available for residential density and residential property values. For 

all other BE exposures, patients were matched to nearest year for which data were available 

(Supplemental Table 1).

Statistical analysis

Baseline built environment exposures and baseline weight—We conducted cross­

sectional analyses to examine the association between baseline BE characteristics and 

baseline weight in the same year. We regressed baseline weight on each baseline BE 

predictor, adjusted for the same series of covariates as in our analysis of weight change. 
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Unlike in our primary, longitudinal analyses, we adjusted for spline terms, or a piecewise 

polynomial function that allows a more flexible fit, of baseline height (instead of baseline 

weight).

Baseline built environment exposures and weight change—Our primary goal 

was to estimate the association between baseline BE characteristics with individual weight 

change independent of socioeconomic status (SES) and demographic characteristics. We 

modeled weight change, in kilograms, from baseline to 5-years after baseline (primary 

outcome), as well as change in body weight at 1 and 3 years (secondary outcomes). To 

estimate the association between each of the baseline BE characteristics and body weight 

changes over time, we used linear mixed-effect models. Our primary linear mixed-effect 

models were defined as:

E Yit = f0 t + ∑k = 1
K BEikfk t + γZi + Ui

where Y it is the change in weight of person i from baseline to time t (calculated as follow-up 

weight minus baseline weight), Zi is a vector of person-specific baseline covariates, and Ui
is a person-specific random intercept, assumed to have an exponential covariance (given 

the irregularly spaced follow-up time points). BEik is each built environment variable at 

baseline for person i at level k of the categorical BE variable (K+1 is the number of levels), 

categorized into tertiles or binary. The functions fk t  denote longitudinal changes in weight 

at different levels of the categorical BE variable. Weight change trajectories fk t  were 

flexibly modeled using natural cubic splines with 5 degrees of freedom (DF) and inflection 

points at quantiles. These spline terms were interacted with categorical BE variables to allow 

the weight change trajectories to differ based on BE category. P values were calculated to 

compare the weight change at the 3rd versus 1st tertile of BE (or between the two categories 

for binary BE variables).

Models were adjusted for factors that were known or hypothesized to be associated with 

baseline BE and longitudinal weight change. Our primary model adjusted for sex (male 

and female), baseline age (nonlinearly via spline terms with 10 DF), race/ethnicity (non­

Hispanic White, non-Hispanic Black, Hispanic, and non-Hispanic Asian), Medicaid (yes, 

no), and baseline weight (nonlinearly via spline terms with 5 DF, allowing association to 

differ by gender), and patient residential property values at the tax parcel-level (modeled as 

inflation-adjusted, year-specific deciles). Patient residential property values were used as a 

proxy measure for SES since the EHR does not contain traditional measures of SES (e.g. 

income, education) (see Technical Appendix for more detail). Note that this model, as well 

as all other models, adjusted for baseline weight, which could itself be impacted by the 

baseline BE, since each patient resided at their address for an unknown period of time prior 

to their baseline weight measure. Thus, we estimate the association between baseline BE and 

weight change, beyond any association between baseline BE and baseline weight.

We also ran three sensitivity analyses to test the robustness of our findings. First, we 

ran our primary models additionally adjusting for smoking status and comorbidities 
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(diabetes, mental health, and mood disorders). Given that smoking status was missing for 

approximately 21.4% of our cohort, the sample size for this analysis was smaller. Second, 

out of concern that our primary model could potentially remove some of the association 

between the BE and weight change if property values lie on the causal pathway, we ran 

our primary model without adjustment for property values. Note, however, that in our 

primary models, we hypothesized that the influence of confounding by SES was larger than 

the influence of the BE mediated by year-specific property values. Third, to investigate 

whether our results may have been sensitive to the choice of cut-points used to categorize 

the continuous BE measures (i.e., tertiles) [41], we additionally ran models for residential 

density as well as for counts of supermarkets and fast food restaurants as continuous metrics, 

in which we flexibly modeled the exposure-response function (to allow for non-linearity) by 

using spline terms with 5 DF.

Mutually adjusted models—As a secondary analysis, we mutually adjusted for other BE 

characteristics, applying the same set of covariates from our primary model. We focused 

on associations with residential density and food environment BE characteristics, given 

the correlation among residential, population, and road intersection densities, with Pearson 

correlation coefficients ranging from 0.66 to 0.92. Since mutually adjusted models that 

include BE measures with different buffer sizes can be difficult to interpret, we selected 

a common buffer size of 1,600 m. Mutually adjusted models of residential density were 

adjusted for binary fast food and supermarket measures, which were each interacted with 

spline terms of time since baseline as the primary BE predictor. Mutually adjusted models of 

each food BE measure were adjusted for residential density by interacting residential density 

tertiles with spline terms of time, with inflection points as previously described.

RESULTS

Table 1 shows baseline characteristics, median follow-up time, and median number of 

weight measurements of participants included in the M2H cohort. The majority of patients 

were female (60.2%), between the ages of 30 to 44 years (30.5%), White (67.2%), had 

commercial insurance (94.7%), and had a BMI between 18.5 to 24.9 kg/m2 (37.7%). 

Smokers comprised 10.4% of patients while 4.9% had a diagnosis of diabetes. The median 

number of weight measurements per patient was 5 with a median of 2 years between each 

assessment. The median number of weight measurements was generally consistent across 

sociodemographic characteristics and health but were slightly higher for older patients and 

those with Medicare, higher BMIs, and a diagnosis of diabetes. In addition, with respect to 

patient baseline addresses, 78% of were residential, 16.2% were commercial apartments, and 

5.8% were condominiums (data not shown).

Table 2 and Figure 2 relate baseline BE characteristics to baseline BMI values, obesity 

prevalence, and weight. Patients in the highest tertile of population density, residential 

density, and road intersection density within an 800 m buffer from their home had lower 

mean weights, BMIs, and obesity prevalence when compared to individuals in the lowest 

tertile. Those with any fast food restaurants or any supermarkets within a 1,600 m radius 

of home had lower mean weights, BMIs, and obesity prevalence compared to participants 

with none. At a larger neighborhood scale, patients living with the highest tertile of fast food 
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restaurant or supermarkets counts within 5,000 m from their home had lower mean weights, 

BMIs, and obesity prevalence compared to those participants in the lowest tertile.

Table 3 provides the estimated mean weight change at 1, 3, and 5 years from baseline in 

relation to baseline BE measures, adjusting for baseline socio-demographics and weight. 

Overall, mean weight change in the sample was 0.06 kg (95% confidence interval (CI): 0.03, 

0.10) at 1 year, 0.64 kg (95% CI: 0.59, 0.68) at 3 years and 0.95 kg (95% CI: 0.90, 1.00) 

at 5 years. At 5 years, compared with patients in the lowest tertile, patients residing in areas 

with the highest tertile of population density (mean weight change: 0.76 kg, 95% CI: 0.67, 

0.86 vs. 1.12 kg, 95% CI: 1.03, 1.20), residential density (mean weight change: 0.75 kg, 

95% CI: 0.65, 0.84 vs. 1.05 kg, 95% CI: 0.97, 1.13), and road intersection density within a 

800 m buffer from their home (mean weight change: 0.81 kg, 95% CI: 0.72, 0.84 vs. 1.03, 

95% CI: 0.72, 0.90) experienced a moderately lower weight gain. Using the binary transit 

threshold for residential unit density, patients residing in neighborhoods with residential 

densities above 18 units/hectare in 800 m experienced lower weight gained at 5 years (mean 

weight change: 0.63 kg, 95% CI: 0.45, 0.80 vs. 0.98, 95% CI: 0.93, 1.04). Likewise, those 

patients residing in locations with the highest fast food (mean weight change: 0.75 kg, 

95% CI: 0.66, 0.84 vs. 1.09, 95% CI: 1.00, 1.17) and supermarkets counts (mean weight 

change: 0.75 kg, 95% CI: 0.67, 0.84 vs. 1.14, 95% CI: 1.05, 1.23) within a 5,000 m buffer 

from their home experienced moderately lower weight gain compared to those in the lowest 

tertile. Patients with any fast food or supermarkets within 1,600 m of their home experienced 

less weight gain compared with those having none in proximity to their home. Parallel 

patterns were observed at 1 and 3 years. Sensitivity analyses adjusting for smoking status 

and comorbidities as well as removing residential property values as a covariate had little 

influence on model estimates (Supplemental Tables 2 and 3). Additionally, results from 

continuous BE exposure models were consistent with our primary analysis, indicating that 

increasing values of residential unit density, fast food count, and supermarket count were 

associated with lower weight change (Supplemental Figure 1).

Mutually adjusted models

Table 4 provides the estimated mean weight change at 1, 3, and 5 years from baseline 

mutually adjusting for residential density and binary BE measures of fast food and 

supermarket counts. When adjusting for residential density, the observed association 

between fast food count (any versus none within 1,600 m) and 5-year mean weight change 

were attenuated. For patients with a fast food restaurant in their neighborhood buffer, the 

mean weight change was 0.97 kg (95% CI: 0.86, 1.08) versus 0.87 kg (95% CI: 0.75, 1.00) 

for patients without a fast food restaurant. Similarly, for patients with a supermarket in their 

neighborhood buffer, the mean weight change from baseline to 5 years was 0.96 kg (95% 

CI: 0.85, 1.07) versus 0.90 kg (95% CI: 0.78, 1.02) for patients without a supermarket. 

Conversely, the association between residential density and mean weight change at 5 years 

follow-up between the highest and lowest residential unit density tertiles was robust to 

adjustment for food environment (mean weight change: 0.78 kg, 95% CI: 0.67, 0.89 vs. 

1.24, 95% CI: 1.11, 1.38).
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DISCUSSION

Higher population and residential density as well as greater spatial access to supermarkets 

and fast foods were each associated with lower mean body weights, mean BMI, and 

obesity prevalence at baseline. Insofar as population and residential densities are proxies 

for walkability [6], these cross-sectional findings are consistent with prior research [1,4,42–

48,8–10,13–17]. We also found that residential, population, and intersection density had 

comparable effects on obesity prevalence at baseline. It is worth noting that lower BMIs 

and obesity prevalence were observed only at the highest tertiles of urban form densities 

suggesting a potential threshold.

Our metrics of the food environment were based on prior published work that also made 

use of area counts and distances from the home [1,5,8,43]. Supermarkets, grocery stores, 

fast food restaurants, and convenience stores are the most commonly studied food sources 

[1,5,8,43]. In multiple published studies, proximity to supermarkets was associated with 

lower obesity prevalence [1,8,42,43]. By contrast, many studies linked greater spatial access 

to fast food restaurants to higher obesity prevalence. Still more studies found no relation 

between multiple aspects of the food environment and obesity [5]. The current finding 

linking fast food access to lower obesity risk runs counter to prior work finding higher 

obesity risk, or no relation [1,8,42,43]. However, the finding of lower obesity risk has been 

reported by some [49].

Where the present analyses departs from most prior cross-sectional work is by making 

use of long-term trajectories of measured body weight [11,18–22]. Higher residential, 

population, and intersection densities were associated with lower weight gain over 5 years. 

Likewise, higher supermarket and fast food counts were also associated with marginally 

lower weight gain over 5 years. Based on the present analyses, differences in mean weight 

gain between the highest and lowest groupings of BE variables (densities and counts) were 

less than 0.5 kg between baseline and year 1, 3, and 5. Nevertheless, even if the impact of 

the BE on 5-year weight gain seems small, these differences could potentially translate into 

larger cumulative weight gain over the entire life course.

Mutually adjusted models explored the joint influence of BE urban characteristics and 

the food environment on weight gain. When accounting for residential density, the lower 

weight gain associated with greater proximity to supermarkets and fast food restaurants was 

attenuated to the null. The finding that the food environment no longer had any influence on 

weight gain, after adjustment for urban characteristics, is consistent with recent longitudinal 

work and a body of prior work that found no association between supermarket or fast food 

access and obesity [5,22]. These models further suggest that the observed protective effect 

of supermarkets on obesity prevalence may be driven by urban form and that these measures 

are highly correlated. Conversely, the influence of residential density on weight gain was 

robust to adjusting for food environment variables.

This study had limitations. First, the baseline BE measures cannot take into account 

variations in the duration of exposure. The duration of residence at each patient’s baseline 

address prior to inclusion in the study is unknown. We did not explore the impact 
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of any secular changes in the BE and neighborhood foodscapes on patient’s weight 

history; however, this will be explored in future analyses. Second, residing in a given 

neighborhood does not necessarily predict full use of that neighborhood’s resources [50]. 

Some investigators have sought to quantify an individual’s realized experience of the BE 

using GPS tracking devices to establish activity spaces [51,52]. Unfortunately, the use 

of large scale geocoded EHR data precluded this option. Third, the study was limited 

to employed and insured patients and therefore this sample likely excludes individuals 

with long-term disability and loss of insurance may have removed participants from the 

study. Therefore, this study’s findings may not be generalizable to other populations within 

Washington State or outside of the US. Fourth, our evaluation of obesogenic characteristics 

is primarily focused on a US urban context and it is unclear whether these findings are 

readily generalizable internationally to other metropolitan centers. Fifth, this study focuses 

only on the BE influence on weight change in adults, it is unclear if similar influences are 

present in youth. Sixth, data on residential property values, a key covariate in this analysis 

may not be readily accessible, useful in areas bereft of open markets or where home sales or 

rent renewals are infrequent, or predictive of health in all countries.

Future work should more fully consider the underlying social and economic influences on 

the relation between place and obesity prevalence [53]. The choice of place, as well as 

the quality of the local food supply, may depend on neighborhood composition, history of 

racial segregation, and unequal geographic distributions of poverty and wealth [54–56]. We 

attempted to account for this through patient property values adjustment [57]. In future M2H 

analysis we will evaluate whether these observed associations vary across demographic (age, 

sex, race/ethnicity) and SES (residential property values) factors.

More difficult to capture in studies of the BE and obesity is the extent to which residential 

self-selection may influence observed association between the BE and health. Individuals 

with the economic resources and privilege to be able to choose where they live often elect 

to reside in neighborhoods that have more resources and may engage in lifestyles that lower 

obesity risk [1,58]. Conversely, individuals with fewer resources must make decisions on 

where to live based on affordability rather than aesthetics, and may be less mobile, which 

may have implications for both the type and duration of BE exposures as well as health. 

Evaluating the influence of moving to a new BE on health is a future aim of the M2H study.

In conclusion, our selected BE metrics were strongly associated with obesity prevalence at 

baseline but had limited influence on body weight gain over a 5-year period. It would appear 

that those neighborhoods that are commonly described as “obesogenic” might have less 

obesogenic power than expected. That finding has implications for those obesity prevention 

policies or programs that are grounded in the assumption that BE-driven interventions will 

reduce neighborhood obesity prevalence. BE features may not help reverse the obesity 

epidemic; rather it is socioeconomic, cultural, and behavioral factors that lead to the 

geographic clustering of people with obesity. It may also be time to replace the concept 

of obesogenic neighborhoods with “neighborhoods with concentrated obesity.”
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Figure 1. 
Patient analytic sample exclusion/inclusion decision flow diagram
aInitial sample of 254,322 were KPW patient members, aged 18–64 at baseline, having at 

least 270 days of continuous enrollment between 2005 and April 2017 and residing in King 

County, Washington
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Figure 2. 
Mean difference in weight at baseline comparing the first and third tertiles of 

built environment characteristics at different buffer sizes, after adjusting for baseline 

demographics, height, and year-specific patient property values

Note: All densities are calculated as units per hectare. Models adjust for sex at birth (male 

and female), baseline age (nonlinearly via spline terms with 10 DF), race/ethnicity (non­

Hispanic White, non-Hispanic Black, Hispanic, non-Hispanic Asian, Hawai’ian / Pacific 

Islander, Native American / Alaskan Native, and Other), Medicaid (yes/no), and baseline 

height (nonlinearly via spline terms with 5 DF, allowing association to differ by sex at 

birth), and patient residential property values. Separate models were fit for each BE variable. 

Models for fast food and supermarket counts at 1,600 m are binary comparisons of any vs. 

none, not tertiles. The model for transit threshold for residential unit density is also binary at 

the transit threshold: 18 units/hectare in 800 m.
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Table 1.

Baseline characteristics, follow-up time, and number of weight measurements

Characteristic n %
Yrs. Between weights No. weights

Median (IQR) Median (IQR)

Overall cohort 115,260 100.0 2.0 (0.7, 4.5) 5 (3, 11)

Sex

 Female 69,384 60.2 1.9 (0.7, 4.4) 5 (3, 11)

 Male 45,876 39.8 2.1 (0.7, 4.8) 5 (3, 10)

Age categories (years)

 18 to 29 26,248 22.8 1.3 (0.5, 3.1) 4 (2, 7)

 30 to 44 35,133 30.5 1.8 (0.7, 4.4) 5 (3, 9)

 45 to 54 28,266 24.5 3.0 (1.1, 6.8) 7 (4, 15)

 55 to 64 25,613 22.2 2.1 (0.8, 4.3) 6 (3, 12)

Race/ethnicity

 non-Hispanic White 77,398 67.2 2.0 (0.7, 4.6) 5 (3, 11)

 non-Hispanic Black 8,403 7.3 1.8 (0.6, 4.3) 5 (3, 11)

 Hispanic 7,017 6.1 1.7 (0.6, 4.0) 5 (3, 10)

 non-Hispanic Asian 17,578 15.3 2.2 (0.8, 4.7) 5 (3, 10)

 Hawai’ian / Pacific Islander 1,503 1.3 1.7 (0.6, 3.9) 5 (3, 9)

 Native American / Alaskan Native 1,602 1.4 1.7 (0.6, 4.1) 6 (3, 11)

 Other 1,759 1.5 1.8 (0.6, 4.1) 5 (3, 10)

Insurance type

 Commercial 109,146 94.7 2.0 (0.7, 4.6) 5 (3, 11)

 Medicaid 4,109 3.6 1.5 (0.6, 3.3) 5 (3, 10)

 Medicare 1,273 1.1 1.8 (0.7, 3.8) 8 (4, 18)

 Other 732 0.6 0.8 (0.3, 1.8) 3 (2, 6)

BMI categories

 15.0 to 18.4 1,629 1.4 1.8 (0.6, 3.8) 5 (3, 9)

 18.5 to 24.9 43,396 37.7 1.9 (0.7, 4.4) 5 (3, 9)

 25.0 to 29.9 37,152 32.2 2.1 (0.7, 4.7) 5 (3, 11)

 30.0 to 34.9 18,502 16.1 2.0 (0.7, 4.7) 6 (3, 12)

 35.0 to 39.9 8,211 7.1 1.9 (0.7, 4.5) 6 (3, 12)

 40.0 or more 6,370 5.5 1.9 (0.6, 4.3) 7 (3, 14)

Self-reported smoking status

 Current, Self-Report 12,000 10.4 1.6 (0.5, 3.8) 5 (3, 10)

 Former, Self-Report 16,747 14.5 1.8 (0.7, 4.1) 5 (3, 11)

 Never, Self-Report 61,867 53.7 1.8 (0.7, 4.1) 5 (3, 10)

 Missing 24,646 21.4 3.0 (1.0, 6.3) 7 (3, 13)

Diabetes diagnosis 5,685 4.9 1.9 (0.7, 4.3) 8 (4, 16)

BMI = body mass index, n = sample size, IQR = interquartile range
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Table 2.

Baseline built environment characteristics in relation to baseline BMI values and obesity prevalence

Built environment characteristic n % Mean BMI (SD) Obese %

Overall 115,260 100.0 27.8 (6.6) 28.7

Population density tertiles (800 m)

 Tertile 1 (0.0 to <15.8) 38,420 33.3 28.1 (6.6) 30.9

 Tertile 2 (15.8 to <26.0) 38,420 33.3 28.3 (6.8) 31.2

 Tertile 3 (26.0 to 129.5) 38,420 33.3 27.1 (6.3) 24.0

Residential unit density tertiles (800 m)

 Tertile 1 (0.0 to <6.4) 38,420 33.3 28.2 (6.6) 31.1

 Tertile 2 (6.4 to <11.5) 38,420 33.3 28.3 (6.8) 31.6

 Tertile 3 (11.5 to 123.3) 38,420 33.3 27.0 (6.2) 23.4

Transit threshold for residential unit density (800 m)
a

 0.0 to <18.0 99,360 86.2 28.0 (6.7) 30.1

 18.0 to 123.0 15,900 13.8 26.4 (6.0) 20.0

Road intersection density tertiles (800 m)

 Tertile 1 (0.0 to <0.5) 38,416 33.3 28.2 (6.7) 31.1

 Tertile 2 (0.5 to <0.7) 38,264 33.2 28.1 (6.7) 30.0

 Tertile 3 (0.7 to 1.9) 38,580 33.5 27.2 (6.3) 25.1

Fast food count (1,600 m)

 None 43,592 37.8 27.9 (6.5) 29.5

 Any 71,668 62.2 27.8 (6.7) 28.2

Fast food count tertiles (5,000 m)

 Tertile 1 (0 to <14) 35,271 30.6 28.0 (6.5) 30.0

 Tertile 2 (14 to <28) 41,508 36.0 28.2 (6.7) 31.0

 Tertile 3 (28 to 99) 38,481 33.4 27.3 (6.5) 25.0

Supermarket count (1,600 m)

 None 51,855 45.0 28.0 (6.6) 30.1

 Any 63,405 55.0 27.7 (6.6) 27.6

Supermarket count tertiles (5,000 m)

 Tertile 1 (0 to <5) 33,732 29.3 28.3 (6.7) 31.7

 Tertile 2 (5 to <9) 38,450 33.4 28.3 (6.8) 31.8

 Tertile 3 (9 to 26) 43,078 37.4 27.0 (6.2) 23.6

Property value deciles (tax parcel-level, year-specific)

 Decile 1 11520 10.0 29.5 (7.8) 38.6

 Decile 2 11487 10.0 28.6 (7.3) 33.7

 Decile 3 11465 9.9 29.0 (7.1) 35.9

 Decile 4 11516 10.0 28.6 (6.9) 33.9

 Decile 5 11464 9.9 28.2 (6.5) 31.6

 Decile 6 11561 10.0 27.7 (6.3) 28.0

 Decile 7 11576 10.0 27.3 (6.1) 25.2

 Decile 8 11534 10.0 27.0 (5.8) 23.6
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Built environment characteristic n % Mean BMI (SD) Obese %

 Decile 9 11566 10.0 26.4 (5.3) 20.0

 Decile 10 11571 10.0 25.8 (5.0) 16.7

BMI = body mass index

Note: All densities calculated as units per hectare. Population, residential, and road intersection densities based on Euclidean distance. Fast food 
and supermarket counts based on network-based buffer. Property values are inflation-adjusted to 2017 United States dollars. Values in parentheses 
for property values deciles represent the midpoint of each decile.

a
Transit threshold refers to the residential unit density needed to support development of transit systems
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