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Abstract Neighborhood physical disorder—the visual
indications of neighborhood deterioration—may inhibit
outdoor physical activity, particularly among older
adults. However, few previous studies of the association
between neighborhood disorder and physical activity
have focused on this sensitive population group, and
most have been cross-sectional. We examined the rela-
tionship between neighborhood physical disorder and
physical activity, measured using the Physical Activity
Scale for the Elderly (PASE), in a three-wave

longitudinal study of 3497 New York City residents
aged 65–75 at baseline weighted to be representative
of the older adult population of NewYork City. We used
longitudinal mixed linear regression controlling for a
number of individual and neighborhood factors to esti-
mate the association of disorder with PASE score at
baseline and change in PASE score over 2 years. There
were too few subjects to assess the effect of changes in
disorder on activity levels. In multivariable mixed re-
gression models accounting for individual and neigh-
borhood factors; for missing data and for loss to follow-
up, each standard deviation increase in neighborhood
disorder was associated with an estimated 2.0 units
(95% CI 0.3, 3.6) lower PASE score at baseline, or the
equivalent of about 6 min of walking per day. However,
physical disorder was not related to changes in PASE
score over 2 years of follow-up. In this ethnically and
socioeconomically diverse population of urban older
adults, residents of more disordered neighborhoods
were on average less active at baseline. Physical disor-
der was not associated with changes in overall physical
activity over time.
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Introduction

Physical activity—bodily movement produced by the
skeletal muscles that results in energy expenditure
[1]—prevents or delays onset of many negative
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physical and mental health outcomes common among
older adults, including but not limited to diabetes,
cardiovascular disease, breast and colon cancer, arthri-
tis, dementia, declines in physical capacity, falls, loss
of independence, and frailty [2–5]. Despite these pro-
tective benefits, fewer than one in four Americans age
65 and over meet recommended physical activity
guidelines [6], and nearly a third report engaging in
no leisure-time physical activity in the past month [7].

Older people may be particularly sensitive to the
influence of the environments they inhabit since they
tend to spend more time in their residential neighbor-
hood and limitations in physical capacity may increase
the influence of neighborhood-based barriers and
threats. Physical disorder—the deterioration of urban
landscapes [8]—may be an important and modifiable
barrier to physical activity, particularly walking, among
older adults [9–12]. However, the quantitative evidence
base that physical disorder acts as such a barrier is
limited. Moreover, only a few studies have examined
disorder in relation to activity specifically among older
adults [13–18]. Furthermore, to the best of our knowl-
edge, all prior studies of neighborhood disorder and
physical activity among older adults have been cross-
sectional. By assessing neighborhood exposure before
changes in activity, longitudinal analyses can establish
stronger evidence for a causal relationship than is avail-
able from cross-sectional studies [19].

In this study, we investigated the longitudinal rela-
tionship between neighborhood physical disorder and
physical activity in community-dwelling older adults,
focusing on the between-individual differences that arise
with respect to different disorder levels. We hypothe-
sized that disorder would discourage outdoor activity.

Methods

Subjects and Setting

We used data from the New York City Neighborhood
and Mental Health in the Elderly Study (NYCNAMES-
II), a longitudinal study of 3497 residents of New York
City aged 65–75 at baseline in 2011. Sampling and
recruitment for NYCNAMES-II has been described
previously [20]. Briefly, subjects were initially recruited
by phone using a list of telephone numbers purchased
from InfoUSA, a data broker that sells geographically
targeted lists of individual’s phone numbers and basic

demographic characteristics primarily for sales and mar-
keting purposes. The response rate (i.e., the proportion
of persons initially selected from the list who were
successfully contacted and who agreed to participate
or were determined to be ineligible) was 17%, and the
cooperation rate (i.e., the proportion of those success-
fully contacted who agreed to participate or were deter-
mined to be ineligible) was 31%. Seventy percent of
subjects (n = 2455) were re-contacted successfully in
2012, and 67% (n = 2355) were re-contacted in 2013.
All surveys were conducted by Abt-SRBI, a survey
research company, in English or Spanish. Each subject
was followed up by telephone once in summer or fall
2012 and once in summer or fall 2013. Final survey
weights were raked to New York City population esti-
mates from the 2006–2010 American Community Sur-
vey for gender and race/ethnicity and from 2010 Census
estimates for educational attainment and borough of
residence.

Individual Measures

Subjects self-reported sex, age, educational attainment,
race/ethnicity, health status, and income. For analysis,
we categorized age at baseline as 65–68, 69–71, and 72–
75 and categorized household income as <US$20,000,
US$20,000–39,999, US$40,000–79,999, and
≥US$80,000. Education levels were reported as less
than high school graduate, high school graduate, some
college, or college graduate; health statuses were report-
ed as excellent, good, fair, or poor. To maintain a bal-
ance of individuals in each racial/ethnic group, we cat-
egorized race/ethnicity as Non-Hispanic Black, Non-
Hispanic White, Hispanic, and Other.

We assessed past-week physical activity using the
Physical Activity Scale for the Elderly (PASE) [21].
PASE has been validated in several older adult popula-
tions [22–25] and has been shown to have good corre-
lation (r = 0.68) with doubly labeled water assessment
of physical activity [24] and to be more strongly corre-
lated with 6-min test performance than two comparable
self-reported older adult physical activity instruments
that assessed Btypical^ activity [23].

Subject physical function was assessed using the
nine-item physical function subscale of the Functional
Status Questionnaire (FSQ) [26]. At baseline, the
sample-weighted mean score for basic activities of daily
living was 92.8 and 70.7% of subjects that had no
difficulties performing any basic activity of daily living.
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Neighborhood Measures

Each subject’s perception of neighborhood social cohe-
sion was assessed using an eight-item scale adapted
from an instrument developed by the Project for Human
Development in Chicago Neighborhoods [27]. Specifi-
cally, subjects were asked about the strength of their
agreement with the following statements using a four-
point Likert-type scale: (1) if there are problems around
your neighborhood, your neighbors get together to deal
with it; (2) your neighborhood is close-knit; (3) people
in your neighborhood generally do not get along with
each other (reverse-coded); (4) if you had to borrow $30
in an emergency, you could borrow it from a neighbor;
(5) neighbors will keep their eyes open for possible
trouble to your place; (6) people in your neighborhood
can be trusted; (7) people in your neighborhood don’t
share the same values (reverse-coded); and (8) if you
were sick, you could count on your neighbors to shop
groceries for you. The overall scale had a Cronbach’s
alpha of 0.747.

To measure neighborhood disorder, we used the nov-
el but validated Bvirtual street audit^ technique using a
computerized system designed to improve reliability
and efficiency of virtual street audits [28]. Trained vir-
tual street auditors used imagery from Google Street
View whose initial image capture occurred between
August 2007 and October 2011 to assess 532 block
faces across New York City for nine indicators of dis-
order including litter, graffiti, and buildings that appear
to be abandoned. Individual items showed kappa scores
ranging from 0.34 (for presence of empty alcohol bot-
tles) to 0.80 (for presence of apparently abandoned
buildings). Those indicators were then combined using
a two-parameter item response theory model to con-
struct a single disorder scale, which had an internal
consistency reliability of 0.93. We used kriging, a
geospatial modeling technique that incorporates spatial
covariance with distance-weighted measurements [29]
to provide an estimate of disorder, with confidence
levels, at any point in New York City [30, 31]. We then
computed estimates at every vertex of a 100 × 100-m
grid over the land area of the city and used ArcGIS to
compute the mean of the disorder estimates at grid
points that fell within each subject’s network buffer.
Those mean values constituted our estimates of sub-
jects’ neighborhood disorder levels.

To account for differences in walkability between
neighborhoods, we used a validated walkability metric

previously described in detail elsewhere [32]. In this
measure, the total walkability score is the sum of z-
scores of five measures derived from urban planning
literature: (1) residential population density, (2) land use
mix, (3) intersection density, (4) retail floor area ratio,
and (5) subway stop density. This measure has previ-
ously been shown to predict BMI [33], engagement in
active transport [34], and total physical activity as re-
corded by accelerometer [35].

To account for social differences in neighborhoods,
we used area-weighted estimates from data from the
American Community Survey, area-weighting from
the census tracts comprising the network buffer to com-
pute a personal score for each subject at each wave.
Waves 1 and 2 used 2006–2010 5-year averages, and
wave 3 used 2008–2012 5-year averages. Following
prior studies of the effect of neighborhood disadvantage,
we operationalized racial composition as proportion of
residents reporting their race/ethnicity as Hispanic or
Non-Hispanic Black and operationalized neighborhood
socioeconomic status as proportion of adult residents
who had completed high school [36].

Finally, our neighborhood pedestrian risk measure
was calculated as the density of unique pedestrian–mo-
torist collisions resulting in an injury or fatality to the
pedestrian in 2010. These data have been used in prior
analyses of pedestrian collisions and influences on phys-
ical activity [31, 37, 38].

Each subject reported his or her home address at each
of the three waves. We geocoded these addresses to
identify the geographic coordinates of the subject’s
home (96% were geocoded to a rooftop; the remainder
were assigned to the age 65–74 population-weighted
centroid of the reported ZIP code) For each subject,
we defined the residential neighborhood as the land area
reachable by city streets within 0.25 km of the geocoded
home location, an area referred to as a 0.25-km network
buffer and frequently used in neighborhood research
[37, 39, 40]. We then assigned a mean disorder, mean
walkability, and pedestrian risk score to each partici-
pant’s residential neighborhood at each wave of fol-
low-up.

Missing Data and Sample Weights

This analysis used data from the 2787 (79.7%) subjects
who were successfully re-contacted during wave 2 or
wave 3. To account for the missing subjects, we com-
puted inverse probability of observation weights [41] for
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each subject at each wave as a linear function of gender,
race/ethnicity, educational attainment, borough of resi-
dence, neighborhood disorder, neighborhood pedestrian
injury rate, and self-reported health status. Censored
observations at both wave 2 and wave 3 were modestly
more common among subjects with male sex, lower
educational attainment, and Hispanic ethnicity. Further
details on sample weights are given in Appendix 1. Our
final analyses used the product of IPCW weights and
baseline sample weights such that results are a represen-
tative of the population of non-institutionalized New
York residents aged 65–75 according to the 2010 US
Census (n = 571,323). Appendix 2 presents the sample-
weighted population demographics in each wave, illus-
trating that weights were successful in preserving demo-
graphic stability.

Relatively few responses weremissing for the subjects
who were followed up successfully. For example, no
more than 1% of data was missing on any PASE compo-
nent. Nonetheless, to account for possible bias due to
missing data, we used five multiple imputations, comput-
ed using IVEWARE [42] to model missing covariates
from all available covariates, for all missing responses
and used Rubin’s rules to calculate combined estimates.

Statistical Analysis

We explored the stability of PASE scores and func-
tional status over three waves of data collection
using spaghetti plots and by computing ICCs. To
explore the demographic patterning of disorder and
functional status, we computed mean disorder levels
and median functional status scores, stratified by
age, sex, educational attainment, and income.

After plotting disorder and PASE scores to check
linearity assumptions, we modeled PASE as a continu-
ous outcome in a longitudinal linear mixed-effects mod-
el. Specifically, we first fit a random intercept model
predicting PASE score at each wave from neighborhood
disorder in that wave, controlling for baseline age, sex,
and educational attainment and for time-varying per-
ceived social cohesion, neighborhood walkability, and
neighborhood pedestrian injury risk. Next, to investigate
whether disorder affected the change in PASE score
over time (e.g., if older adults living in more disordered
neighborhoods encounter a sharper decline in activity),
we fit a random intercept/random slope model with an
interaction term between baseline disorder and wave. In
this model, the interaction term is interpretable as the

association between baseline disorder and change in
PASE score over time. Finally, we fit a random
intercept/random slope model with an interaction term
between time-varying disorder and wave. In this model,
the interaction term is interpretable as the association
between change in disorder over time and change in
PASE score.

Sensitivity Analyses

We performed five sensitivity analyses to test the robust-
ness of our analysis to various assumptions. First, be-
cause we were concerned that past-week activity, as
assessed by PASE, might be affected by weather and
season, we explored the relationship between PASE and
both days since June 1 (to test for seasonal effects), mean
past-week Bfeels like^ temperature using weather data for
New York City downloaded from the Weather Under-
ground website [43], and formulae for heat index [44]
and wind chill [45] published by the National Weather
Service. Second, to test the robustness of our conclusions
to our choice of longitudinal modeling strategy, we re-
peated the primary analysis using generalized estimating
equations rather than mixed models [46]. Third, to test
the robustness of our results to our model for probability
of inclusion in any given wave, we re-ran the main
analysis using sampling weights supplied by Abt-SRBI
for eachwave, whichwere ranked to demographic targets
as described above, but by design, it could not account
for disorder, walkability, or self-reported health status.
Fourth, because disorder has been associated with crime
[47] (though the causal relationship of that association is
controversial [8, 48–51]), we re-ran our primary analysis
incorporating CrimeRisk Index variables acquired from
ESRI, Inc. (www.esri.com/data/esri_data/business-
overview/crimerisk). These measures were based on the
Federal Bureau of Investigation Uniform Crime Reports
records and have been used in prior analyses. [52, 53]
Finally, since some subjects live in the same larger scale
neighborhood areas, here, operationalized as NYC
Community Districts, we assessed the possibility of
non-independence of observations between subjects by
fitting a three-level hierarchical model, clustering on
subjects within community districts.

All analyses used R for Windows Version 3.2.3,
including the Bsurvey^ package to incorporate survey
weights to account for sample design. We used the R
Bmitools^ package to combine estimates across imputa-
tions using Rubin’s rules [54].
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Results

As compared to the older adult population of New York
City, the full NYCNAMES-II baseline sample analysis
was disproportionately female, well-educated, and
non-Hispanic. Table 1 shows selected demographic

characteristics of the full study population and the subset
who were re-contacted at each wave of follow-up. Rel-
atively few subjects moved during the follow-up period
(0.9% at wave 2 and 2.0% at wave 3, n = 103 overall).

Functional status at baseline and exposure to neighbor-
hood disorder varied. On average, Hispanics, less educated

Table 1 Selected characteristics of the NYCNAMES-II study population interviewed at each wave

Characteristic Interviewed in 2011 (N = 3497) Interviewed in 2012 (N = 2455) Interviewed in 2013 (N = 2355)

% Mean (SD) % Mean (SD) % Mean (SD)

Age

65–68 33 33 34

69–71 23 23 23

72–75 44 44 43

Sex

Female 60 61 61

Male 40 39 39

Race/ethnicity

Non-Hispanic White 52 53 54

Non-Hispanic Black 31 31 30

Hispanic 11 9 9

Other 7 7 7

Educational attainment

Less than high school 19 17 17

Completed high school 27 27 26

Some college 18 18 17

Completed college 36 38 40

Household income

Less than US$20,000 36 34 33

US$20,000–40,000 25 24 24

US$40,000–80,000 21 22 22

More than US$80,000 18 20 20

Baseline PASE 80 (46) 81 (46) 81 (46)

Wave 2 PASE 79 (44) 79 (44)

Wave 3 PASE 80 (46)

Baseline functional status 93 (33)a 94 (28)a 93 (28)a

Neighborhood characteristics

Past-year pedestrian injuriesb 41 (42) 42 (43) 41 (42)

Walkability 0.00 (2.7) 0.02 (2.8) −0.02 (2.8)

High school graduates, % 78 (13) 78 (13) 78 (13)

Black or Hispanic residents, % 52 (37) 52 (36) 52 (36)

Disorder −0.06 (0.25) −0.07 (0.25) −0.07 (0.25)

Social cohesion 3.6 (0.9) 3.6 (0.9) 3.6 (0.9)

a Functional status score was left-skewed and was reported as median (IQR) rather than mean (SD)
b Injuries per square kilometer within 0.25 km network buffer surrounding subject’s home address
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individuals, and those with lower incomes encountered
more disorder. Younger subjects, men, non-Hispanic
whites, and those with higher incomes andmore education
had higher functional status (Table 2). Disorder was not
strongly correlated with other neighborhood measures;
more broadly, neighborhood measures of interest were
only weakly inter-correlated except for pedestrian injury
risk and walkability (Table 3).

PASE scores were correlated within people across
waves (ICC over three waves 0.67, Fig. 1). Mean PASE
at wave 3 (80 PASE units) was essentially unchanged
from mean PASE at wave 1 (81 PASE units), offering
little evidence of activity decline across the population
over this 2-year period. Disorder and PASE scores were
weakly negatively correlated within each wave analyzed
cross-sectionally (Spearman’s r = −0.13, −0.12, −0.13,
Fig. 2), though all negative correlations were signifi-
cantly different from zero (p < 0.001 for all three).

In a mixed longitudinal random intercept model
using IPCW weights to account for censoring and

controlling for baseline age, sex, race/ethnicity,
educational attainment, and functional status, we
observed that a one standard deviation increase in
disorder was associated with an average of 3.1
(95% CI −4.6, −1.7) units lower PASE score at
baseline (Table 4). Adding neighborhood social
cohesion, walkability, racial composition, neighbor-
hood socioeconomic status, and pedestrian risk to the
models modestly decreased the estimate to 2.0 (95%
CI −3.7, −0.2) units lower, or about 6 min of walking/
day. In a random slope model including an interac-
tion term between wave and disorder, the estimated
coefficient for the disorder/time interaction term was
0.0 (95% CI −0.8, 0.9), providing no evidence for
differences in PASE trajectory by disorder.

Sensitivity Analyses

While there was minor seasonal and temperature varia-
tion in PASE score, particularly in the gardening item,

Table 2 Disorder levels, func-
tional status, and PASE score at
baseline for 3497 older adult res-
idents of New York City surveyed
in 2011, stratified by demograph-
ic and socioeconomic
characteristics

Characteristic Percent Mean (SD)
disorder

Median (IQR)
intermediate
activities of daily
living score

Mean (SD)
PASE score

Age

65–68 33 −0.07 (0.24) 94 (67, 100) 82 (47)

69–71 21 −0.07 (0.25) 93 (67, 100) 81 (44)

72–75 46 −0.06 (0.25) 89 (67, 100) 78 (45)

Sex

Female 60 −0.06 (0.25) 89 (67, 100) 77 (42)

Male 40 −0.06 (0.24) 94 (78, 100) 84 (51)

Race/ethnicity

Non-Hispanic White 52 −0.14 (0.26) 94 (78, 100) 85 (47)

Non-Hispanic Black 31 0.02 (0.20) 83 (61, 100) 75 (43)

Hispanic 11 0.07 (0.18) 83 (61, 100) 68 (43)

Other 7 −0.02 (0.22) 89 (67, 100) 82 (48)

Educational attainment

Less than high school 19 0.04 (0.20) 80 (56, 100) 67 (44)

Completed high school 27 −0.01 (0.22) 89 (67, 100) 78 (45)

Some college 18 −0.07 (0.24) 93 (67, 100) 83 (44)

Completed college 36 −0.16 (0.26) 100 (83, 100) 87 (46)

Household income

Less than US$20,000 36 0.03 (0.21) 80 (56, 100) 65 (40)

US$20,000–40,000 25 −0.05 (0.23) 94 (72, 100) 86 (47)

US$40,000–80,000 21 −0.12 (0.24) 94 (78, 100) 88 (46)

More than US$80,000 18 −0.20 (0.26) 100 (83, 100) 91 (47)

Disorder and Activity among Older Adults 35



past-week temperature was not strongly associated with
overall PASE score. Analyses using mean past-week
Bfeels like^ temperature and days since June 1 as covar-
iates are detailed in Appendix 3.

Coefficient estimates computed using a GEE model
rather than mixed model were similar to those computed
in our primary analysis (Appendix 4). Similarly, effect
estimates computed using a mixed model with Abt-
SRBI’s sample weights rather than the weights we com-
puted to incorporate health status and other covariates
into the model for loss to follow-up were similar to those
computed in our primary analysis (Appendix 5). Esti-
mates incorporating a measure of crime risk were large-
ly unchanged from the main analyses (Appendix 6).
Finally, mixed models clustering on community districts
were also very similar to the primary analysis
(Appendix 7).

Discussion

In this longitudinal study of older adult residents of New
York City, we observed the hypothesized inverse asso-
ciation between neighborhood physical disorder and
physical activity after controlling for numerous individ-
ual and neighborhood covariates. However, while indi-
vidual subjects’ activity levels fluctuated moderately,
mean PASE scores for the whole cohort changed little
over the two available years of follow-up, and we ob-
served no interaction between disorder and change in
activity over those 2 years. Overall, the two-point PASE
score differential per standard deviation of disorder
remained constant across all three waves.

PASE scores are abstractions and cannot be directly
translated in terms of energy expenditure [21]. However,
it is possible to conceptualize the two PASE point

Table 3 Spearman’s correlations between selected neighborhood characteristics

Characteristic Disorder Social
cohesion

Walkability Pedestrian injury
density

High school
graduates, %

Black or Hispanic
residents, %

Disorder 1.00

Social cohesion −0.05 1.00

Walkability 0.06 0.02 1.00

Pedestrian injury density 0.06 0.07 0.42 1.00

High school graduates, % −0.62 0.06 −0.02 −0.04 1.00

Black or Hispanic residents, % 0.42 −0.09 −0.08 −0.03 −0.60 1.00
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Fig. 1 Scatter plots of PASE scores across waves for each subject
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differential as achievable through roughly 6 min/day of
walking [21, 25]. That is, if the estimated difference in
PASE score by neighborhood disorder were interpretable

as an intervention effect such that removing disorder in a
given subject’s neighborhood would elevate that sub-
ject’s activity level, then subjects who currently live in
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Fig. 2 Scatter plots of neighborhood disorder score and PASE score at each wave, with an overlaid unadjusted least-squares regression line
showing the negative correlation at each wave

Table 4 Mean differences in PASE score at baseline and mean differences in changes in PASE score associated with baseline physical
disorder and changes in physical disorder over time for 3497 adult residents of New York City surveyed from 2011 to 2013

Regression coefficients Mean difference (95% confidence interval) in PASE score

Model 1a Model 2b Model 3c

Difference at baseline per one SD increase
in baseline disorder

−3.1 (−4.5, −1.7) −2.0 (−3.6, −0.3) −2.0 (−3.7, −0.2)

Change per wave −0.3 (−1.1, 0.6) −0.5 (−1.3, 0.4) −0.5 (−1.3, 0.4)
Difference in change per wave for each one
SD increase in disorder

0.0 (−0.8, 0.9)

a Adjusting for baseline age, educational attainment, gender, race/ethnicity, and functional status
b Adjusting for baseline age, educational attainment, gender, race/ethnicity, functional status, neighborhood social cohesion, neighborhood
pedestrian risk, neighborhood walkability, neighborhood socioeconomic status, and neighborhood racial composition
c Including time/disorder interaction term and adjusting for baseline age, educational attainment, gender, race/ethnicity, functional status,
neighborhood social cohesion, neighborhood pedestrian risk, neighborhood walkability, neighborhood socioeconomic status, and neigh-
borhood racial composition
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highly disordered neighborhoods and engage in no ac-
tivity could meet the recommended 30 min/day of walk-
ing [55] if all nine indicators of disorder were removed
(equivalent to removing about five standard deviations
of disorder) [30]. We caution, however, that this inter-
pretation is purely a thought experiment to contextualize
our estimated two PASE points per standard deviation of
disorder; our data and study design do not support a
causal interpretation of the disorder coefficient estimate.
Not only did too few subjects move for a meaningful
estimate of the effect of changing disorder exposure in
this group [56] but also the causal identifiability assump-
tions of conditional exchangeability, treatment–variation
irrelevance, and lack of interference between units [57]
were all likely violated in some degree.

Evidence fromwalk-along interviews and other qual-
itative studies of older adults have contributed to the
development of theory suggesting that neighborhood
disorder may inhibit physical activity among older
adults [58–60]. Several recent cross-sectional quantita-
tive studies generally appear to support this theory,
albeit with caveats [13, 15, 17]. Our study provides
further support that disorder and activity are inversely
associated after controlling for salient factors. We did
not find evidence that living amidst disorder led to faster
decline in activity levels; though with only 2 years of
follow-up and less than 3% of subjects moving to new
neighborhoods, our power to detect such effects was
limited.

While too few subjects moved in over our 2 years
of follow-up for us to assess the effect of changing
disorder exposure, our longitudinal dataset did allow
us to identify changes in physical activity over time.
The modestly negative relationship we observed be-
tween elapsed time and PASE score (activity de-
creased an average of 0.5 PASE units per year on
average, and that estimate that was sufficiently small
and imprecise as to be compatible with no change
occurring at all) did not appear to be differential by
neighborhood disorder level. Given that we observed
no disparity in activity trajectory by neighborhood
disorder, there are four complementary explanations
for how the presence of the disparity we observed at
baseline might have arisen. The first is that consistent
residual confounding is responsible for the observed
consistent association at each wave. Such confound-
ing would need to be independent of the individual
and neighborhood covariates in our model, but we
cannot rule this possibility out. A second possible

explanation is that residential self-selection is respon-
sible for the emergence of the disparity—that is, on
average, subjects selected neighborhoods fitting their
activity preferences, and retained their age-specific
preferred activity level across all waves of follow-up.
A third possibility is that the critical period for neigh-
borhood as an cause of activity norm is prior to age
65, the youngest age in our cohort, such that our
subjects had already established physical activity
norms suited to their neighborhoods prior to recruit-
ment and continued in these activity behaviors
through the duration of the study. Finally, consistent
with the socio-ecological model of health behavior,
each neighborhood’s support for activity was roughly
constant over time, and the differential in activity
between subjects results from the differences in sup-
port. Future research might explore these mecha-
nisms in more depth.

Strengths

This study has several important strengths. First, as
noted above, nearly all prior studies of neighborhood
condition and physical activity, especially among older
adults, have been cross-sectional [61]. The few longitu-
dinal exceptions [62–64] have not examined neighbor-
hood disorder as an influence. Second, this study used a
novel low-cost CANVAS/Google Street View measure
of neighborhood disorder that can in principle be de-
ployed in other cities, lowering the costs of future rep-
lication studies [28, 30]. Third, because this measure of
disorder was ascertained independent of survey re-
sponse, our results are not subject to same-source bias
that might arise in survey-only studies [65, 66]. Fourth,
we used advanced statistical techniques to account for
both missing covariates and loss to follow-up such that
missing data would only bias our findings if it was
missing not at random conditional on a number of
comprehensive covariates [67]. Finally, our results were
robust to sensitivity analyses addressing past-week
weather and several alternate modeling approaches.

Limitations

However, like most empirical research, this study also
has important limitations. First, the low response rate
raises concerns that the sample may not be representa-
tive of the older adults in New York City. This low
response rate was partially due to a low (57%) contact
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rate among phone numbers selected from a list of num-
bers provided by a data vendor; it may be that inaccu-
racies in address and phone number data included in the
list hampered the contact rate, though this hypothesis
has not been tested empirically. The cooperation rate
among those contacted (31%) was within the 30–40%
response rate range typically encountered by New York
City Department of Health telephone surveys [68] and
in line with response rates reported by a recent test of
various survey methodologies conducted in Australia
[69]. Concerns about non-response are also somewhat
mitigated by the population-based sample design and
our use of sample weights in analysis.

A second limitation is that several measures used
for this analysis were problematic. Specifically, our
social cohesion measure had only mediocre internal
consistency in this population, raising the concern
that the scale may reflect multiple underlying con-
structs or may have been interpreted differently by
different subjects. Assuming social cohesion inde-
pendently prevents disorder and encourages physical
activity, as has been suggested previously [70], re-
sidual confounding due to incomplete control for
social cohesion might have biased results away from
the null. Similarly, while the PASE questionnaire
has been validated in several populations similar to
the NYCNAMES-II population [24, 25], all physical
activity questionnaires are subject to imperfect recall
and reporting biases, which may be particularly
strong among older adult populations. While imper-
fect recall would be expected to bias our results
towards the null, if residents of more disordered
neighborhoods simply fail to recall past-week activ-
ities, perhaps as a result of stressful neighborhood
encounters, the resulting systematic bias would arti-
ficially inflate the association between disorder and
activity. However, our concerns about recall are
tempered by a related analysis (S.J.M., Unpublished
Manuscript) in which we found that types of activity
engaged in were fairly stable across waves, making
it unlikely that past-week activity was frequently
forgotten in as a consequence of transient events.
Finally, our measure of functional status, particularly
the basic activities of daily living score, was left-
skewed with strong ceiling effects. While functional
status was not our primary exposure of interest, if
our measure failed to capture functional status
variation that was positively correlated with activity
and negatively correlated with disorder, then our

estimates may be inflated due to residual confound-
ing. More broadly, a more sensitive measure might
have resulted in an observable association between
neighborhood characteristics, physical activity, and
changes in functional status, allowing us to control
more completely for time-varying confounding by
functional status.

A third limitation in this study as in nearly all neigh-
borhood effects studies [71, 72] is residential self-selec-
tion—the tendency for people to choose neighborhoods
that better support their chosen lifestyles. For example,
because disorder can act as a barrier to walking only for
subjects who would ever choose to walk, if those sub-
jects on average choose less disordered neighborhoods,
then an estimated effect of disorder failing to account for
this difference in walking preferences would be biased.
We observe, however, that in NewYork City, as inmany
North American cities, neighborhood disorder is strong-
ly correlated with race/ethnicity and educational attain-
ment of neighborhood residents, as it was for our study
participants. Because we controlled not only for the
race/ethnicity and educational attainment of study par-
ticipants but also for racial/ethnic composition and edu-
cational attainment in neighborhoods, confounding in-
troduced by residential self-selection may be somewhat
controlled for in our models already.

Conclusions

Our study supports prior observations that older adults
living in more disordered neighborhoods are on average
somewhat less active than those in more ordered neigh-
borhoods. However, we did not find evidence that the
presence of disorder induces faster decline in activity
levels among older adults. Whether the between-
neighborhood disparity in physical activity levels arose
as a result of residual confounding, as a result of resi-
dential self-selection, as a result of prior neighborhood
influence on activity norms, or as a result of unchanging
but differential neighborhood support for activity is an
area for future research using datasets with longer
follow-up and more dynamic neighborhood conditions.
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