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Abstract

Background: Obesity is an increasingly prevalent condition among older adults, yet relatively little is known about
how built environment variables may be associated with obesity in older age groups. This is particularly the case for
more vulnerable older adults already showing functional limitations associated with subsequent disability.

Methods: The Lifestyle Interventions and Independence for Elders (LIFE) trial dataset (n = 1600) was used to explore
the associations between perceived built environment variables and baseline obesity levels. Age-stratified recursive
partitioning methods were applied to identify distinct subgroups with varying obesity prevalence.

Results: Among participants aged 70–78 years, four distinct subgroups, defined by combinations of perceived
environment and race-ethnicity variables, were identified. The subgroups with the lowest obesity prevalence
(45.5–59.4 %) consisted of participants who reported living in neighborhoods with higher residential density.
Among participants aged 79–89 years, the subgroup (of three distinct subgroups identified) with the lowest
obesity prevalence (19.4 %) consisted of non-African American/Black participants who reported living in
neighborhoods with friends or acquaintances similar in demographic characteristics to themselves. Overall
support for the partitioned subgroupings was obtained using mixed model regression analysis.

Conclusions: The results suggest that, in combination with race/ethnicity, features of the perceived
neighborhood built and social environments differentiated distinct groups of vulnerable older adults from
different age strata that differed in obesity prevalence. Pending further verification, the results may help to inform
subsequent targeting of such subgroups for further investigation.
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Background
Obesity represents one of the most pressing public health
issues in an increasing number of countries around the
world [1–4]. It is strongly linked with disability as well as
life-threatening diseases such as cardiovascular disease
(myocardial infarction, stroke, peripheral vascular disease),
type 2 diabetes, and a number of cancers [5]. It previously
has been argued that the association between obesity status
and U.S. adult mortality risk lessens with age [6, 7]. How-
ever, a more recent examination of U.S. National Health
Interview Survey data accounting for age-associated con-
founding (e.g., unequal cohort mortality; age-related survey
selection bias) suggests that the obesity-mortality relation-
ship may actually grow stronger with age [5].
U.S. adult men and women ages 60 years and above are

today more than three times (for men) and 1.6 times (for
women) as likely to be obese than their counterparts four
decades ago [8, 9]. The overall aging of the U.S. popula-
tion and the general rise in obesity prevalence across the
population, including among older age groups, provides a
strong rationale for a more comprehensive evaluation of
factors of potential importance in contributing to obesity
heading into late life [10].
Traditionally, obesity research in older age groups

has focused on individual-level variables, such as age
and psychosocial factors associated with eating behav-
iors [11]. Yet, among the putative factors prominently
contributing to obesity rates across the life course are
“obesogenic environments” that set the stage for
higher average caloric intakes and fewer daily oppor-
tunities for walking, bicycling, and other forms of
regular physical activity [12]. Such observations reflect
an ecological model of obesity that recognizes the
interplay of multi-level inputs, in particular, individual
characteristics by environmental context interactions,
underlying obesity [13].
The overall surge in research aimed at understanding

the relationships between obesity levels and environmen-
tal contexts [14–16] has largely failed to include studies
specifically targeting older adults [17, 18]. This is particu-
larly the case for those at higher risk of functional decline
and major mobility disability for whom obesity may be
especially deleterious [19, 20]. Therefore, recognizing that
obesity is a product of person by environmental factors
[12, 21], the main objective of this investigation was to
study the joint relations of sociodemographic and
perceived built environment factors with the likelihood of
being obese in an older adult population at risk for mobil-
ity disability. A substantial body of evidence is now avail-
able supporting the observation that perceived and
objective environmental measures assess two distinct di-
mensions of the built environment [22–24], and that
neighborhood perceptions may be more closely related to
actual behaviors [25, 26]. In addition, systematically

collected information on the relations between such per-
ceived environment variables and obesity among older
adults with some mobility impairments—who, in light of
the aging of populations around the world are a growing
segment of the older adult population—are particularly
scarce.
The major question of interest at baseline was:

� Which perceived built environment variables, either
alone or in combination with other more commonly
measured sociodemographic variables, most
efficiently and effectively delineated those subgroups
of LIFE participants at increased likelihood of
obesity?

Methods
Sample and procedures
The LIFE study sample and methods have been de-
scribed previously [27]. Briefly, the major objective of
this multi-center, single-blinded randomized trial was to
evaluate the effects of a comprehensive physical activity
program on the prevention of major mobility disability.
The original sample consisted of 1635 adults who met
the following major eligibility criteria [28]: ages 70–89
years; sedentary (reporting <20 minutes/week in the past
month performing regular physical activity and less than
125 minutes/week of moderate-to-vigorous physical
activity); at high risk for mobility disability based on
lower extremity functional limitations measured by the
Short Physical Performance Battery (SPPB) [29] score ≤9
out of 12 (45 % of participants were targeted to have a
score <8); could walk 400 meters in ≤15 min without sit-
ting, leaning, or the help of another person or walker; had
no major cognitive impairment (Modified Mini-Mental
State Examination [3MSE] [30] 1.5 standard deviations
below education- and race-specific norms); and could
safely participate in the intervention as determined by
medical history, physical exam and resting ECG. The eight
field centers were: University of Florida, Gainesville and
Jacksonville, Florida; Northwestern University, Chicago,
Illinois; Pennington Biomedical Research Center, Baton
Rouge, Louisiana; University of Pittsburgh, Pittsburgh,
Pennsylvania; Stanford University, Stanford, California;
Tufts University, Boston, Massachusetts; Wake Forest
School of Medicine, Winston-Salem, North Carolina; and
Yale University, New Haven, Connecticut. The primary
recruitment strategy was targeted community mass mail-
ings. The institutional review boards at all participating
sites approved the study protocol. Written informed con-
sent was obtained from all study participants. The trial
was monitored by a data and safety monitoring board
appointed by the National Institute on Aging, and was
conducted between February 2010 and December 2013.
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Measurements
Obesity
Obesity was measured objectively at baseline in each
LIFE field center by centrally trained and certified study
staff. Height was measured to the nearest cm using a
wall-mounted stadiometer, and body weight was mea-
sured without shoes using a calibrated scale [31]. Body
mass index (BMI) was calculated as weight (kg)/ height
(m)2. Obesity was defined as BMI ≥ 30 [12].

Perceived built environment
Perceived built environment was assessed using the
NEWS-A (24-item version). The NEWS-A is a validated
measure of perceived built environment elements that
has been used frequently in large-scale studies [32]. The
perceived built environment domains captured by this
measure have been found to be associated with physical
activity levels and body weight in a range of populations,
including geographically derived samples of young to
middle age [14] and older adults [17]. Perceived built en-
vironment domains consisted of the main type of hous-
ing in each participant’s neighborhood, reflecting
residential density (e.g., 5 alternatives, for example, de-
tached single-family housing, or a mix of single-family
residences and town houses, row houses, apartments or
condos); access to services in the neighborhood (5
items); street connectivity (3 items); walkability (2 items)
(e.g., presence of sidewalks); safety from crime (5 items);
pedestrian/traffic safety (4 items) (e.g., presence of cross-
walks and pedestrian signals); travel access (1 item) (i.e.,
in a typical week one can conveniently, safely and afford-
ably travel to all the places that one would like, yes/no);
aesthetics (2 items) (e.g., presence of trees and foliage
along the streets); and seeing many others being physic-
ally active in the neighborhood (1 item). Except for the
housing and travel access questions, all items were rated
on a 4-point “strongly disagree” to “strongly agree” scale.
For perceived built environment domains containing
more than one item, a mean of the items was calculated.
Participants also completed a neighborhood social co-

hesion measure [33]. Examples of the 5 social cohesion
items (rated on a 1–5 scale from “strongly disagree” to
“strongly agree”) were: “people in the neighborhood are
willing to help their neighbors”; and “people in the
neighborhood do not share the same values”. Items on
this measure were averaged for each participant. A sixth
item included in this measure pertained to perceived in-
tergenerational/socioeconomic neighborhood mix and
affiliation (“I have acquaintances/friends in my neighbor-
hood that differ from me in terms of age, income or eth-
nicity.”) This item taps into an aspect of homophily, i.e.,
the tendency of individuals to associate and develop ties
with those perceived as similar to themselves [34, 35].

Each of the items in the baseline questionnaires had
less than 1 % of responses missing except for the travel
access question, which had a total of 4 % missing. For
any variables containing more than one item, the sum-
mary variable was calculated as the mean of all non-
missing items.

Sociodemographic, physical activity, and mobility-related
variables
Self-reported sociodemographic variables were collected at
baseline [28]. These included gender, educational attain-
ment, income category, age, race/ethnicity (white, African
American/Black, Hispanic, other), marital status (married,
separated/divorced, widowed, never married), study site,
and number living in household. We also collected a meas-
ure of self-reported health [27], self-reported walking and
total physical activity levels using the Community Healthy
Activities Model Program for Seniors (CHAMPS) question-
naire [36], and accelerometry measuring daily movement
over a 7-day period [Actigraph Inc., Pensacola FL] [17].
Measured baseline mobility-related function was deter-
mined using the Short Physical Performance Battery (SPPB)
[37] and the 400 meter walk test [38]. (See Fielding et al.,
2011 for a detailed description of these measures) [27].

Statistical analysis
Recursive partitioning analysis
To accomplish our goal, recursive partitioning analysis
(i.e., signal detection analysis), which has been applied for
decades in the medical field [39], was used to identify the
combinations of baseline perceived environment and
individual-level variables that best differentiated those par-
ticipants who were obese at baseline (i.e., BMI of 30 and
above) from those who were not [40]. The categorization
of obesity was selected as the major variable of interest
given its increasing prevalence in older adults [41] and its
detrimental effects on health, day-to-day function, and
quality of life as people age [41]. A recursive partitioning
approach was chosen given its particular utility in identify-
ing higher-order interactions that have previously not
been well specified in the literature, and thus could be
missed by regression approaches that require interaction
terms to be specified up front. This analytic approach is
thus well suited to this multi-level ecological exploration
of vulnerable older adults. Other advantages of signal de-
tection analysis include reduction of missing data prob-
lems among correlates because of independent evaluation
of each variable in turn through application of receiver-
operator curves (ROC); and the ability of this method to
efficiently specify the actual cut-point for each variable
above or below which the probability of having the health
condition of interest (in this case, obesity) is most in-
creased [42]. In some situations, this recursive partitioning
approach has been shown to better identify distinct and
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homogeneous subgroups than regression methods [43].
The whole sample was included in the initial step in evalu-
ating each cut-point of each variable to determine which
variable cut-point resulted in the maximal differentiation
of percentage obese, resulting in two subgroups. This
process of determining which variable cut-point produced
the maximum differentiation of percentage obese was re-
peated for each new subgroup found until the stopping
rules, below, ended the analysis.
The stopping rules included no evaluation with fewer

than 100 participants at any variable step of the recursive
partitioning process [44], and no fewer than 90 partici-
pants in a subgroup. A significance level of p < .05 was
applied at each step. Perceived environment subscale
values were rounded to the nearest decimal (.1, .2, etc.).
Individual-level variables such as BMI were evaluated in
integer-based increments, starting with the lowest value of
the dataset.
The recursive partitioning analysis was conducted using

a two-step approach. The first step consisted of evaluating
significant differences in the occurrence of the health
condition of interest (obesity) by key sociodemographic
variables (e.g., age, gender, race/ethnicity), to determine if
a stratified analysis was indicated. This initial signal detec-
tion analysis consisted of the sociodemographic variables
of age, gender, race/ethnicity, education, income, marital
status, study site location, number of people in the house-
hold, and living alone. Based on this analysis, age was
identified as the most efficient partitioning variable differ-
entiating the sample into subgroups at higher or lower
obesity levels. The most efficient age cut-point that was
most strongly associated with the probability (inverse, in
this case) of obesity was age 79 years or older versus less
than 79 years (X2 = 123, p < .0001). Therefore, for the sec-
ond step of the analysis, we stratified the sample at this
age cut-point and explored the inclusion of perceived en-
vironment correlates of obesity in each of these two age-
derived strata.
The perceived environment variables included in the

second age-stratified recursive partitioning step were
perceived residential density, access to services, street
connectivity, walkability, travel access, aesthetics, crime,
pedestrian/traffic safety, observing others engaging in
physical activity in the neighborhood, neighborhood so-
cial cohesion, and neighborhood intergenerational/SES
mix and affiliation. We also included the sociodemo-
graphic variables that were part of the step 1 recursive
partitioning analysis described above. As part of the
study eligibility criteria, participants had to be insuffi-
ciently active with presence of some lower-extremity/
mobility limitations to be enrolled [27]. An objective
measure of physical activity—accelerometry—was used
to assess average movement throughout the day includ-
ing in moderate to vigorous activity, and average walk

time via a 400-meter walk test reflected mobility limita-
tions. Because these two variables were strongly corre-
lated at baseline (e.g., Spearman Rho = −.42, p < .0001),
and daily physical activity level is an important behav-
ioral public health target for obesity control as well as
for numerous other health conditions associated with
aging [12, 45], we included the accelerometry-derived
physical activity variable in the signal detection models.
(As described below, potential subgroup differences in
mobility limitations were explored as part of the descrip-
tive profile analyses that were conducted following the
recursive partitioning analyses).

Subgroup profiles
As is typically performed with this type of recursive parti-
tioning method [42, 43, 46], further descriptive analysis
was conducted on the distinct subgroups identified
through the age-stratified recursive partitioning analyses
in order to better understand subgroup membership. All
variables entered into the recursive partitioning analyses
were evaluated, in addition to the initial screening
variables for self-reported physical activity (CHAMPS
questionnaire measuring total physical activity, total walk-
ing, and walking for errands variables [36]—the latter two
variables being most typically associated with built envir-
onment features [47–50]), and lower-extremity function
measured via the Short Physical Performance Battery
(SPPB) [37]. Analysis of variance was used to determine
whether any differences between subgroups were appar-
ent, followed by pair-wise comparison testing for those
variables reaching statistical significance to identify where
the between-group differences lay. Alpha was set at p ≤ .01
in exploring between-group differences in these subgroup
profiles to aid interpretation of the results.

Multilevel regression analysis to provide further information
on the magnitude of the associations identified through
recursive partitioning
To further delineate the magnitude of the associations
accompanying the recursive partitioning method, a series
of multilevel regression models were completed using
each partitioning variable as the independent variable, and
adjusting for effects of the other covariates. For each parti-
tioning variable used, we modeled BMI as a continuous
variable (mixed effects linear regression, with study site
included as a random effect) (SAS’s PROC MIXED) [51]
and as a dichotomous variable (obese vs. non-obese) (gen-
eralized linear mixed model invoking a logit link function)
(SAS’s PROC GLIMMIX) [52]. For the models using BMI
(continuous) as the dependent variable, the regression
estimates for the independent variables (partitioning vari-
ables) represent how many BMI units were essentially
gained or lost in association with a given variable (e.g.,
race, education, built environment features, etc.). For the
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dichotomous dependent variable regression models, we
generated an estimate of the odds of being obese for each
partitioning variable. For the first identified partitioning
variable, the model was based on the full sample at the
given age stratum. For subsequent partitioning variables
(independent variables for each model), the sample was
stratified based on the splits identified by the recursive
partitioning analysis. This approach was preferred over
the use of interaction terms (using a single model based
on the full sample), since it allows for the inclusion of dif-
ferent covariates per model. This was important to avoid
collinearity issues that arose when including all of the par-
titioning variables identified by the signal detection ana-
lysis in the same model. Collinearity was assessed using
Variance Inflation Factors (VIF), such that multicollinear-
ity was determined if VIF > 10, in which case the only vari-
able kept in the final model was the one explaining the
greatest variability in the dependent variable. This was the
case for education and income, which were strongly corre-
lated, and, therefore, only education was kept in the final
models. The same scenario occurred for residential dens-
ity, street connectivity, access to destinations, and safety
from crime (only residential density was kept in the final
models). All analyses were performed using SAS 9.3 (SAS
Institute, Cary, NC). The current investigation is a “hy-
pothesis-generating” exploratory study to inform future
investigations; thus, caution should be used in interpreting
the large number of tests that were conducted.

Results
Sample description
Descriptive statistics for the LIFE sample are summarized
in Table 1. Sixty-seven percent were women, and 24 %
were of nonwhite race or Hispanic ethnicity. The average
age of the sample was 78.9 ± 5.2 years. Mean measured
baseline BMI was 30.2 ± 6.1 (mean and standard deviation
for men = 30.1 ± 5.8; for women = 30.3 ± 6.2). The median
baseline BMI for the sample was 29.4. Descriptive infor-
mation related to the baseline perceived environmental
variables is summarized in Table 2 by site. Thirty-five of
the original 1635 LIFE participants failed to complete the
environmental questionnaire. The current investigation
focuses on the remaining 1600 participants.

Recursive partitioning analysis and multilevel regression
estimates
Less than 79 years age stratum
The results of the recursive partitioning analysis for this
age stratum and the corresponding mixed effects regres-
sion estimates (providing the magnitude of the association
between each identified independent variable and BMI, as
well as the odds of being obese in association with each
independent variable) are summarized in Fig. 1. Fifty-nine
percent of the overall sample had a BMI ≥ 30 (i.e., were

Table 1 LIFE trial baseline descriptive statistics

All Age ≤ 78 Age ≥ 79

Variable N % N % N %

Gender

Female 1098 67.2 585 69.5 513 64.7

Male 537 32.8 257 30.5 280 35.3

Race

White 1239 75.8 582 69.1 657 82.8

African American/Black 288 17.6 189 22.4 99 12.5

Hispanic 61 3.7 42 5.0 19 2.4

Other 47 2.9 29 3.4 18 2.3

Marital Status

Married 583 35.9 329 39.1 254 32.3

Separate/divorced 268 16.5 185 22.0 83 10.6

Widowed 661 40.6 257 30.5 404 51.5

Never married 101 6.2 60 7.1 41 5.2

Other 13 0.8 10 1.2 3 0.4

Education

No formal education 13 0.8 8 0.9 5 0.6

Elementary 31 1.9 13 1.6 18 2.3

High school 484 29.7 253 30.1 231 29.3

College 642 39.4 322 38.3 320 40.6

Postgraduate 402 24.7 214 25.4 188 23.8

Other 58 3.5 31 3.7 27 3.4

Household Income

Less than $10,000 67 4.6 33 4.5 34 4.9

$10,000 to $14,999 113 7.8 68 9.0 45 6.6

$15,000 to $24,999 282 19.5 144 19.0 138 20.1

$25,000 to $34,999 222 15.4 113 14.9 109 15.9

$35,000 to $49,999 288 19.9 148 19.6 140 20.4

$50,000 to $74,999 233 16.1 120 15.9 113 16.4

$75,000 or greater 239 16.6 131 17.1 108 15.7

Health self rating

Excellent 105 6.4 44 5.2 61 7.7

Very good 462 28.4 240 28.6 222 28.1

Good 791 48.6 403 48.0 388 49.1

Fair 251 15.4 141 16.8 110 14.0

Poor 20 1.2 12 1.4 8 1.0

Obesity-Class I [BMI 30–34.9] 434 26.5 254 30.2 180 22.7

Obesity-Class II [BMI 35–39.9] 202 12.4 145 17.2 57 7.2

Obesity-Class III [BMI≥ 40] 116 7.1 100 11.9 16 2.0

Variable Mean SD Mean SD Mean SD

Age (yr.) 78.9 5.2 74.5 2.5 83.5 2.9

Body Mass Index 30.2 6.0 32.0 6.4 28.3 4.8

Number in household 1.7 1.0 1.8 1.0 1.6 0.9
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Table 2 Means and standard deviations of perceived built environment variables, by site*

Site

Variable (range of values**) Northwestern LSU Stanford Tufts Florida Pittsburgh Wake Forest Yale Overall

(N) 195 208 198 192 191 213 203 200 1600

Residential density (1–5) 2.73(1.61)bcdefgh 1.21(0.56)adfh 1.40(0.80)adf 2.14(1.21)abcefgh 1.38(0.84)adfh 1.70(1.06)abcdeg 1.41(0.76)adf 1.65(0.99)abde 1.70(1.12)

Access to services (1–4) 3.00(0.69)bcdefgh 2.21(0.54)acdg 2.67(0.64)abefgh 2.69(0.75)abefgh 2.33(0.62)acdgh 2.32(0.70)acdgh 2.04(0.68)abcdef 2.07(0.71)acdef 2.41(0.74)

Travel access (0–1) 0.83(0.38)b 0.95(0.23)afh 0.89(0.32) 0.86(0.35) 0.90(0.30) 0.82(0.39)b 0.87(0.34) 0.83(0.38)b 0.87(0.34)

Street connectivity (1–4) 3.25(0.67)bcefgh 2.78(0.82)ad 2.91(0.71)aeg 3.11(0.69)befgh 2.71(0.89)acdf 2.91(0.77)adeg 2.70(0.84)acdf 2.75(0.77)ad 2.89(0.79)

Walkability (1–4) 3.48(0.76)bcdefgh 2.28(1.06)acdeg 2.97(1.09)abefgh 3.14(0.92)abefgh 2.01(1.03)abcdf 2.54(1.23)acdegh 1.79(1.04)abcdfh 2.14(1.17)acdfg 2.54(1.19)

Aesthetics (1–4) 3.32(0.66)bfgh 3.00(0.88)acde 3.37(0.64)bfgh 3.33(0.62)bfgh 3.31(0.69)bfgh 2.92(0.79)acde 2.98(0.85)acde 3.10(0.74)acde 3.16(0.76)

Traffic safety (1–4) 2.84(0.59)befgh 2.45(0.70)acde 2.84(0.59)befgh 2.78(0.58)bfgh 2.67(0.64)abcgh 2.53(0.63)acdgh 2.33(0.70)acdef 2.34(0.63)acdef 2.59(0.66)

Crime safety (1–4) 3.00(0.64)bcd 3.25(0.66)af 3.29(0.52)afh 3.30(0.53)afh 3.14(0.68)f 2.98(0.60)bcdeg 3.16(0.61)f 3.13(0.57)cd 3.16(0.61)

Social cohesion (1–5) 3.45(0.75)bcdegh 4.03(0.76)acdefgh 3.77(0.73)ab 3.72(0.72)ab 3.83(0.82)abf 3.62(0.73)beg 3.83(0.81)abf 3.66(0.73)ab 3.74(0.77)

Social modeling (1–4) 3.14(0.92)bfgh 2.86(1.04)adfg 3.04(0.95)fgh 3.14(0.89)bfgh 2.93(1.01)fgh 2.55(1.07)abcde 2.53(1.09)abcde 2.66(1.01)acde 2.85(1.03)

Intergenerational mix (1–5) 3.83(1.12) 3.87(1.16) 3.87(1.16) 3.91(1.13) 3.86(1.14) 3.71(1.14) 3.61(1.25) 3.67(1.20) 3.79(1.16)

*P values for omnibus tests of significance (ANOVA) set at ≤ .01. Superscripts indicate significantly different groups for those variables in which the omnibus test reached statistical significance
**Higher score denotes a favorable outcome for each variable
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obese). The recursive partitioning analysis identified four
distinct subgroups that differed significantly on the likeli-
hood of obesity. The variable that best identified the sub-
group most likely to be obese was residential density. In
the subgroup which reported lower levels of residential
density (i.e., neighborhoods containing primarily detached,
single-family housing) (n = 521), 64.1 % were obese, rela-
tive to 50.3 % obese in the subgroup reporting greater
residential density (i.e., a mix of single-family housing,
apartments, and townhouses), X2 = 15.07, p < .0001. The
results from the mixed effects regression models showed
that reporting more residential density was associated
with having 1.8 less BMI units relative to reporting less
residential density (95 % CI: −2.9, −0.7; p = .002), and the
odds of being obese were 40 % lower (OR = 0.6, 95 % CI:
0.4, 0.9; p = 0.007) for those reporting more residential
density than for participants reporting less density.
The recursive partitioning analysis partitioned both resi-

dential density subgroups further based on reported race/
ethnicity, resulting in a total of four distinct subgroups
that differed significantly in their obesity prevalence
(Fig. 1). The subgroup with the lowest obesity levels in this
age stratum (45.5 %) reported greater residential density
in combination with being of white non-Hispanic race/
ethnicity. In contrast, the subgroup reporting similar levels
of residential density but non-white race/ethnicity had a
significantly higher proportion of obese participants
(59.4 %), X2 = 5.40, p = .02). For this latter subgroup only,
the results of the adjusted mixed effect regression models

estimating the magnitude of the association showed no
significant association between residential density and
BMI/obesity among this non-white race/ethnicity sub-
group (Fig. 1). We also ran unadjusted models (data not
shown) that showed significant associations for residential
density and BMI/obesity for both racial/ethnic subgroups,
consistent with the recursive partitioning analysis (p <
0.05), but statistical power was lost when introducing the
adjusting variables.
For participants reporting lower residential density levels,

those reporting being non-African American/Black had a
significantly lower proportion of obese participants (62.0 %)
relative to those reporting being African American/Black
(72.2 %), X2 = 3.90, p = .048. These results were supported
by the mixed effects logistic regression model: African
American/Black older adults who reported living in neigh-
borhoods with low residential density had 2.1 higher odds
of being obese than non-African American/Black partici-
pants reporting living in neighborhoods with low residential
density (95 % CI: 1.1, 3.8; p < .017).

79 or greater years age stratum
Figure 2 provides the results of the recursive partitioning
analysis for the older age strata and the corresponding
mixed effects regression estimates. Thirty-two percent of
the overall sample had a BMI ≥ 30 (i.e., were obese). The
recursive partitioning analysis identified three distinct sub-
groups that differed significantly on the likelihood of obes-
ity. The variable that best identified the subgroup most

Fig. 1 Results of the recursive partitioning analysis for participants aged < 79 years
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likely to be obese was African American/Black race. In the
African American/Black subgroup (n = 99), 48.5 % were
obese, relative to 29.5 % obese in the non-African Ameri-
can/Black subgroup, X2 = 14.31, p = .0002. The results
from the mixed effects regression models showed that
African American/Black race was associated with having
1.5 more BMI units relative to other races/ethnicities
(95 % CI: 0.1, 2.8; p = .037), and, the odds of being obese
were 1.7 times higher (95 % CI: 1.0, 3.0; p = 0.05) for those
reporting being of African American/Black heritage rela-
tive to others.
The recursive partitioning analysis partitioned the non-

African American/Black subgroup further, based on
whether or not participants reported living in neighbor-
hoods with friends or acquaintances in the neighborhood
who did not differ in demographic characteristics (age, in-
come, or ethnicity) from themselves, resulting in a total of
three distinct subgroups that differed significantly in their
obesity likelihood (Fig. 2). The subgroup with the lowest
obesity levels (19.4 %) reported having friends or acquain-
tances in the neighborhood that did not differ in demo-
graphic characteristics from themselves (n = 103). In
contrast, the non-African American/Black subgroup
reporting being neutral to (20 %) or agreeing with (80 %)

the statement concerning having friends or acquaintances
in the neighborhood that differed in age, income, or ethni-
city had a significantly higher proportion of obese partici-
pants (31.8 %; n = 572), X2 = 6.40, p = .01).
The results from the fully adjusted mixed effect logistic

regression model was marginally significant, likely due to
the reduced sample size within this sub-stratum, but was
consistent in terms of direction with the results of the re-
cursive partitioning analysis: i.e., among non-African
American/Black participants in this older age strata who
reported having friends or acquaintances in the neighbor-
hood who differed in demographic characteristics from
themselves, the odds of being obese were 1.2 higher than
for those not reporting this type of neighborhood situation
(95 % CI: 1.0, 1.4; p = .095).

Subgroup profiles
Further descriptive analysis was conducted on the four
distinct subgroups in the lower age stratum and the
three distinct subgroups in the higher age stratum iden-
tified through the recursive partitioning analysis to bet-
ter understand subgroup membership. The following
descriptive differences were noted (see Tables 3 and 4;
p values ≤ .01 for these analyses):

Fig. 2 Results of the recursive partitioning analysis for participants aged≥ 79 years
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Table 3 Summary profiles for signal detection subgroups, age less than 79 years*

Baseline variables Signal detection subgroup

(A) n = 198 (B) n = 106 (C) n = 413 (D) n = 108

Resid. density high, White
non-Hispanic

Resid. density high,
non- White

Resid. density lower,
non- Black

Resid. density
lower, Black

(45.5 % obese) (59.4 % obese) (62.0 % obese) (72.2 % obese)

% Male 33.8bd 17.0ac 36.3bd 14.8ac

Age (yrs; mean) 74.1d 73.9 74.3d 73.3ac

Education (mean) 4.2bcd 3.8a 3.9a 3.9a

Income (mean) 5.5bc 4.6acd 5.9abd 5.2bc

% Live alone 61.6cd 59.4cd 38.7ab 33.3ab

% African American/Black 0.0bd 74.5acd 0.0bd 100.0abc

% White 100.0bcd 0.0ac 90.1abd 0.0ac

% Hispanic 0.0bc 15.1acd 5.8abd 0.0bc

% Other race/ethnicity 0.0bc 11.3acd 4.1abd 0.0bc

% Married 29.8bc 16.0acd 51.3abd 33.3bc

% Separated/divorced 24.8bc 38.7acd 14.5abd 25.0bc

% Widowed 31.3 34.0 28.1 37.0

% Never married 12.63cd 10.38cd 4.60ab 3.70ab

Number in household (mean) 1.5bcd 1.8ad 1.9a 2.1ab

Self rated health (mean) 2.7bd 3.1ac 2.7bd 3.1ac

Residential density (mean) 2.9bcd 2.7acd 1.0ab 1.0ab

Access to services (mean) 2.8cd 2.8cd 2.2abd 2.4abc

Travel access (mean) 0.9 0.8 0.9 0.9

Street connectivity (mean) 3.0c 3.1c 2.7abd 3.1c

Walkability (mean) 3.1cd 3.1cd 2.1abd 2.6abc

Aesthetics (mean) 3.3 3.0 3.2 2.8

Pedestrian/Traffic safety (mean) 2.7bcd 2.6a 2.5a 2.6a

Safety from crime (mean) 3.1bd 2.9ac 3.2bd 2.9ac

Social cohesion (mean) 3.6c 3.4cd 3.8ab 3.7b

Social modeling† (mean) 3.1bcd 2.6a 2.8ad 2.5ac

Intergenerational/socioeconomic neighborhood
mix & affiliation (mean)

3.8 3.7 3.8 3.7

Body Mass Index [BMI] (mean) 30.3cd 31.6 32.5a 33.3a

SPPB total score§ (mean) 7.5 7.5 7.7 7.7

400 meter walk total time (seconds) (mean) 478.9 507.9 489.1 502.4

Accelerometer minutes with activity >100# (mean) 190.9 211.9 202.5 206.5

CHAMPS baseline total activity min/week (mean) 443.0 509.0 470.7 428.5

CHAMPS baseline total walking min/week (mean) 162.3cd 148.2cd 111.8ab 81.4ab

CHAMPS baseline walking errands min/week
(mean)

85.3cd 71.2cd 44.0ab 27.5ab

*P values for omnibus tests of significance (ANOVA for continuous outcomes, Chi-square for dichotomous outcomes) set at ≤ .01. Superscripts indicate significantly
different groups for those variables in which the omnibus test reached statistical significance
†Social modeling = observing others walking or cycling in one’s neighborhood
§SPPB = Short Physical Performance Battery
#n = 1306, due to delayed start in accelerometry data collection and elimination of data with technical errors
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Table 4 Summary profiles for signal detection subgroups, age 79 years or greater*

Baseline variables Signal detection subgroup

(A) n = 103 (B) n = 572 (C) n = 99

Not Black, neighborhood
friends do not differ in demo.

Not Black, neighborhood
friends differ in demo.

Black

(19.4 % obese) (31.8 % obese) (48.5 % obese)

% Male 35.0c 38.5c 18.2ab

Age (mean) 83.4 83.1 82.3

Education (mean) 3.9 4.0 3.9

Income (mean) 5.5c 5.6c 4.9ab

% Live alone 49.5 53.7 54.6

% African American/Black 0.0c 0.0c 100.0ab

% White 92.2c 95.1c 0.0ab

% Hispanic 4.9 2.5 0.0

% Other race/ethnicity 3.9 2.5 0.0

% Married 41.8 32.0 25.3

% Separated/divorced 9.7 9.1 17.2

% Widowed 42.7 52.1 53.5

% Never married 5.8 5.1 4.0

Number in household (mean) 1.6 1.6 1.7

Self rated health (mean) 2.7c 2.7c 3.0ab

Residential density (mean) 1.8 1.7 1.8

Access to services (mean) 2.3 2.4 2.5

Travel access (mean) 0.8 0.9 0.8

Street connectivity (mean) 2.8 2.9 3.1

Walkability (mean) 2.3c 2.5c 3.0ab

Aesthetics (mean) 3.2c 3.3c 2.9ab

Traffic safety (mean) 2.7 2.6 2.6

Safety from crime (mean) 3.3c 3.2c 3.0ab

Social cohesion (mean) 3.9 3.8 3.6

Social modeling† (mean) 2.7b 3.0ac 2.6b

Intergenerational/socioeconomic
neighborhood mix & affiliation (mean)

1.5bc 4.2a 3.8a

Body Mass Index [BMI] (mean) 27.2bc 28.4ac 29.9ab

SPPB total score§ (mean) 7.0 7.2 6.9

400 meter walk total time
(seconds) (mean)

529.0c 518.7c 563.4ab

Accelerometer minutes with
activity >100# (mean)

172.4 171.3 177.5

CHAMPS baseline total activity
min/week (mean)

465.9 526.3 426.4

CHAMPS baseline total walking
min/week (mean)

104.1b 142.2ac 93.0b

CHAMPS baseline walking errands
min/week (mean)

31.0 53.6 39.1

*P values for omnibus tests of significance (ANOVA for continuous outcomes, Chi-square for dichotomous outcomes) set at ≤ .01. Superscripts indicate significantly
different groups for those variables in which the omnibus test reached statistical significance
†Social modeling = observing others walking or cycling in one’s neighborhood
§SPPB = Short Physical Performance Battery
#n = 1306, due to delayed start in accelerometry data collection and elimination of data with technical errors
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For the ≤79 age stratum

� Subgroup A (i.e., white non-Hispanic participants
reporting living in neighborhoods with the highest
residential density) had the lowest percentage of obese
participants in this age stratum (45.5 %), the lowest
mean body mass index (mean = 30.3 ± 6.6) the highest
mean education level, a greater percentage of men
(33.8 %), the lowest mean number of people living in
their household, and relatively high levels of self-rated
health. Subgroup members reported living in neigh-
borhoods with elements most conducive to active
living, including access to services, neighborhood
walkability, observing others walking or cycling in the
neighborhood (i.e., social modeling), safety from
crime, and pedestrian/traffic safety. This subgroup
also reported the highest mean total walking minutes/
week and mean minutes walking for errands/week
(see Table 3).

� Subgroup B (i.e., non-white participants reporting
living in neighborhoods with higher residential
density), which had the second lowest percentage of
obese participants in this age stratum (59.4 %), also
reported having some neighborhood elements
conducive to active living, including access to
services, and neighborhood walkability. However, this
subgroup reported significantly lower levels than
Subgroup A of other “active living” elements,
including pedestrian/traffic safety, safety from crime,
and observing others walking or cycling in the
neighborhood (social modeling). They also reported
lower mean levels of self-rated health, a greater number
of people in the household, a higher proportion of
women, lower levels of education and income, and a
lower percentage that were married relative to the
other three subgroups in this age stratum. Similar to
Subgroup A, this subgroup reported higher mean total
walking minutes/week and mean minutes walking for
errands/week relative to the two subgroups living in
lower residential density neighborhoods.

� Subgroup C (lower reported residential density,
not African American/Black; 62 % obese) had
reasonably similar sociodemographic
characteristics and similar perceptions related to
feeling safe from crime as Subgroup A, while
reporting a smaller percentage of participants
living alone than Subgroups A and B and the
largest percentage of married participants overall.
However, this subgroup had poorer ratings for
neighborhood elements associated with active
living, including access to services, street
connectivity, neighborhood walkability, and
observing others walking or cycling in the
neighborhood, and lower mean total walking

minutes/week and mean minutes walking for
errands/week relative to Subgroups A and B.

� Subgroup D (lower reported residential density,
African American/Black; 72 % obese) had the
highest percentage of obese participants in this age
stratum and the highest mean BMI. While
reasonably similar to Subgroup B in
sociodemographic characteristics such as
educational level, race/ethnicity, a higher proportion
of women, self-rated health, and feeling less safe
from crime, they reported the lowest access to
services in their neighborhood as well as low levels
of neighborhood walkability. This subgroup also
reported the lowest mean total walking minutes/
week and mean minutes walking for errands/week.
Among the descriptive variables that did not differ
significantly between the four subgroups in this age
stratum were SPPB score, total 400 meter walk time,
accelerometer minutes, and CHAMPS total activity
minutes/week (all p values ≥ .08).

For the 79± age stratum
Subgroup A (i.e., participants who were not African
American/Black and reported friends or acquaintances
in their neighborhood who do not differ from them in
terms of age, income or ethnicity) shared a number of
socioeconomic and perceived environmental characteris-
tics with Subgroup B (participants who were not
African American/Black and reported friends or ac-
quaintances in their neighborhood that differed from
them in terms of age, income or ethnicity) that distin-
guished them from Subgroup C (African American/
Black race). These characteristics included a higher pro-
portion of men, higher reported income level, better
self-rated health, and higher perceived safety levels from
crime. They also had a lower (better) 400-meter walk
test time than Subgroup C. In terms of perceived envir-
onment characteristics, Subgroups A and B reported a
higher level of neighborhood aesthetics, though less
“walkability” (defined in the urban planning/community
design literature as having structural characteristics
more similar to urban than suburban areas) [18] than
Subgroup C.
Subgroup A participants reported more homophilous

friends or acquaintances in their neighborhoods (individ-
uals more similar to themselves) than participants in ei-
ther Subgroups B or C. Surprisingly, however, while
Subgroup A had the smallest proportion of obese partic-
ipants as well as the lowest BMI mean levels relative to
the other subgroups in this and the younger-aged
stratum, the mean total minutes of walking/week re-
ported by this subgroup was significantly lower than that
reported by Subgroup B (who lived in neighborhoods
with higher perceived levels of walkability). Subgroup B
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also reported observing a greater number of others
walking or cycling in their neighborhoods relative to
Subgroups A or C.
Among the descriptive variables that did not differ

significantly between the subgroups in the older-aged
stratum were SPPB total score, accelerometer minutes,
and mean CHAMPS total activity and walking for
errands minutes per week (all p values ≥ .09).

Discussion and conclusions
This investigation adds to current information on per-
ceived environmental contexts and obesity by focusing
on a vulnerable population segment—older adults at
heightened risk for mobility disability—for which obesity
plays a major role for health and function, but which has
received relatively less attention in this area than
working-age populations. The results, commensurate
with an ecological model for understanding obesity [12],
suggest that perceived built and social environmental
features in combination with demographic variables can
successfully differentiate subgroups of older adults with
higher and lower obesity prevalence. The size of the
LIFE older adult sample (1600 adults between the ages
of 70 and 89 years) allowed us an opportunity to explore
combinations of variables associated with obesity in two
older age strata identified by the recursive partitioning
method as most distinct with respect to obesity preva-
lence. In both age strata (70–78 years and 79–89 years
of age), race/ethnicity was an important differentiator of
obesity prevalence; white non-Hispanic participants had
a lower prevalence of obesity relative to non-white par-
ticipants in the younger age stratum (70–78 years), and
non-African American/Black participants in the older
age stratum had a lower prevalence of obesity than
African American/Black participants in that age stratum.
As indicated in the profile analyses, participants identify-
ing themselves as part of a racial/ethnic minority group
generally reported having fewer neighborhood elements
typically associated in other age groups with lower obes-
ity levels, such as less safety from crime and traffic. The
results indicate that, similar to younger age groups [53],
racial/ethnic minority characteristics are associated with
aspects of the perceived neighborhood environment that
may impede obesity-relevant health-promoting behaviors
in physically vulnerable older adults as well.
In analyses targeting each age stratum, race/ethnicity

characteristics interacted with aspects of the perceived
neighborhood environment in identifying distinct sub-
groups with higher or lower probabilities of obesity. In
the 70–78 year age stratum where obesity is most preva-
lent (59.3 %, vs. 31.9 % among participants 79 years or
older), residential density, an important aspect of the
built environment, was found to be the most potent vari-
able distinguishing higher from lower obese subgroups.

The residential density results are consistent with those
from a geographically derived sample of older adults living
in two U.S. regions and representing a range of mobility-
related abilities [17].
Living in higher density neighborhoods (i.e., with a mix

of single and multi-family housing) was associated in the
70–78 year age stratum with lower obesity rates for white
non-Hispanic participants. In contrast, living in lower
density neighborhoods (primarily detached single family
housing) was associated with higher obesity rates in par-
ticular for African American/Black participants. The obes-
ity rates in the latter subgroup were almost 30 % higher
than in the former subgroup. Among the other baseline
characteristics from the descriptive profile analyses that
were significantly lower in the African American/Black
subgroup living in lower density neighborhoods were
low access to services in the neighborhood, lower
neighborhood walkability, and the lowest average total
walking minutes and minutes walking for errands per
week. Such variables have been associated with obesity
in a Census-derived sample of older adults drawn from
two U.S. regions [17]. Given, as found in this investiga-
tion as well as others, older African Americans/Blacks
are at particular risk for obesity, developing multi-level
intervention strategies that span levels of potential im-
pact (e.g., individual, environmental) is strongly indi-
cated. This may be particularly the case for those older
African Americans/Blacks living in less residentially
dense neighborhoods.
In contrast, in the 79–89 year age stratum, a social

environment characteristic, i.e., reporting having
friends or acquaintances in the neighborhood that did
not differ from oneself in age, income, or ethnicity,
was associated, in combination with non-African
American/Black race/ethnicity, with the lowest levels
of obesity found in the current investigation (19 %–a
2 to 3-fold lower rate than other subgroups identified
from the analyses). This variable reflects a principle
of homophily, which suggests that people’s social ties
of virtually every type (including neighborhood ties)
tend to be homogeneous with respect to sociodemo-
graphic, behavioral, and intrapersonal characteristics
[35, 54]. The current results suggest that such homo-
philous relationships among the very old may in some
way set the stage for conditions or behaviors linked
with more healthful weight, as has been found in
prior online social network studies of younger adults
[34]. While in a prospective study the spread of obes-
ity through social ties was not found for neighbors
living in the same geographic locale [55], the popula-
tion under study was generally younger than in the
current investigation. In a study of social networks
and obesity in Montreal, researchers showed among
older adults that having close neighborhood friends
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who exercised helped reduce their own risk of obesity
by reducing their level of physical inactivity [56].
While results from our descriptive profile analyses did
not support a physical activity mechanism underlying
the lower proportion of obesity in the subgroup
reporting more homophilous neighborhood relation-
ships, it is possible that potential links between
homophilous relationships and weight also could
occur through dietary pathways, commensurate with
an online social network study targeting a dietary be-
havior in younger adults [34]. Unfortunately, dietary
information was not collected in the LIFE trial. Such
conjectures await further research.
Interestingly, the subgroup in the 79+ age stratum

reporting the highest levels of total physical activity
and walking for errands per week was the one that
reported having non-homophilous (more diverse)
friends or acquaintances in their neighborhood. Pre-
vious research in a general adult population supports
this finding, having shown that adults with greater
network diversity were less likely to be inactive [57].
This subgroup also reported a less “walkable” neigh-
borhood, relative to the subgroup reporting the least
amount of total walking per week. Other investiga-
tions of perceived walkability and physical activity in
older adults have reported more physical activity
among some older adults living in less urban, more
residential neighborhoods [58]. One possibility for
this finding is that the greater presence of traffic
and noise and lessened aesthetics (e.g., less pleasant
scenery) in urban neighborhoods may serve as deter-
rents in the oldest age groups, particularly in those
with some mobility impairment. Notably, the most
active subgroup also reported the highest levels of
seeing others walking or cycling in their neighbor-
hood—a form of positive social modeling that has
been reported in other studies of midlife and older
adults [58, 59].
Walking is the physical activity behavior that has

been linked most often to built environment features,
and differences in reported walking were observed
among the subgroups identified in the recursive parti-
tioning analyses [48–50]. In contrast, levels of total
daily movement and regular physical activity, measured
using accelerometry and the CHAMPS questionnaire,
respectively, did not significantly discriminate between
the subgroups. Such activity measures assess additional
aspects of physical activity that may have little to do
directly with neighborhood features (e.g., activity occur-
ring inside the home or at a community venue) [48]. It
is also possible that, given the sample’s initially reduced
levels of general physical activity set by the study exclu-
sion criteria, we had insufficient overall variability in
these baseline variables to detect differences.

The physically vulnerable older adult sample under
study had a higher proportion of obesity (46 %) than
nationally representative samples of older adults in
this age group [10]. This is likely due to the trial’s
physical inactivity and mobility impairment entry
criteria.
By reporting BMI units gained or lost in association

with residential density, race, and having friends or
acquaintances in one’s neighborhood with different
sociodemographic characteristics, we could confirm two
observations: 1) that the recursive partitioning analysis
successfully identified statistically distinct subgroups
with respect to obesity rates for all cases but one; and 2)
that the associations of the partitioning variables with
BMI and/or obesity were both statistically strong and
clinically meaningful (e.g., greater than 1 BMI unit).
Such BMI differences have been estimated to result in a
17 % increase in heart failure incidence among the gen-
eral population, and have been associated with elevated
blood pressure among older adults [60, 61].
Among the strengths of the current work are its focus on

a sample of community-dwelling older adults at risk for
disability who have been little studied in the built environ-
ment field; study enrollment across eight regionally distinct
field centers that enhanced diversity with respect to per-
ceived built environment features; clinical assessment of
body weight and physical function; and a sufficient sized
older adult sample to allow for stratification by age—an im-
portant factor associated with body weight among older
populations that has been insufficiently studied given the
relative dearth of older adults in many built environment
studies in the health promotion field. In addition, the large
sample allowed for application of an innovative nonpara-
metric statistical method for investigating the combination
of factors linked with an important and clinically meaning-
ful dichotomous health condition (presence or absence of
obesity). This method, unlike regression models, allows for
the identification of specific subgroups, described by
concrete variable cut-points, that can more readily inform
subsequent decision-making around population targets
[62]. It also provides a solution to the collinearity problem
that typically prevents correlated variables of interest from
being studied simultaneously in a traditional regression
model. The recursive partitioning approach was strength-
ened through subsequently using mixed effect models to
determine effect sizes within the stratified data after the
recursive portioning technique identified the most mean-
ingful splitting variables.
With respect to limitations, because of its cross-

sectional nature, temporal relations between obesity
levels and perceived built environmental features can-
not be ascertained. The baseline data in this large
study of older adults were investigated specifically to
ascertain the extent to which there were “naturally
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occurring” associations between a diverse set of vari-
ables and the presence of obesity in this population
prior to the introduction of an intervention. In
addition, the LIFE trial did not collect information on
dietary patterns, preventing the exploration of the
relations between dietary behavior, perceived built en-
vironment elements, and obesity. A proposed next
step in this line of research would be to explore poten-
tial linkages between built and social environmental
features and changes in weight and related health be-
haviors (i.e., physical activity levels, dietary patterns)
over time. Of interest, recently published research on
a multi-site sample of midlife and older U.S. adults
suggests that increases in specific built environment
features, such as residential density and density of
walking destinations over time, were related to 10-year
decreases in objective measures of BMI and waist
circumference [16]. The number of baseline variables
of interest in the recursive partitioning analysis
coupled with the nonparametric nature of this method
also prevented us from having sufficient sample size to
split the sample to conduct validation analysis. Valid-
ation of the subgroups identified in this “first
generation” study is recommended in subsequent in-
vestigations. The investigation would also have bene-
fited from the addition of objective measures of the
built environment that, while not necessarily more
strongly related to obesity and other health outcomes
than perceived measures [63], would have nonetheless
provided an additional rich source of environmental
information [64]. Unfortunately, such data collection
was beyond the capabilities of the LIFE Trial. Simi-
larly, the specific inclusion/exclusion criteria applied
in the LIFE trial aimed at insufficiently active older
adults at increased risk for mobility disability limits
the potential generalizability of the results to healthier,
more active groups of older adults. Finally, the rela-
tively small number of African Americans/Blacks in
this sample diminished statistical power with respect to
potential further partitioning of the African American/
Black subgroup. The relatively small number of partici-
pants contributed by each field center (~200 each) also
diminished power with respect to achieving a thorough
understanding of regional associations among the vari-
ables under study.
In conclusion, the current results suggest that, in

combination with race/ethnicity, features of the per-
ceived neighborhood built and social environments
(specifically, perceived residential density and homo-
phily) identified distinct subgroups of vulnerable older
adults that differed in obesity prevalence. Pending
additional verification, the results may help to inform
the subsequent targeting of such subgroups for fur-
ther investigation.
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