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ABSTRACT
The Impact of Built and Social Environment on Physical Activity among Older Adults

Stephen Mooney

Physical activity, defined as bodily movement produced by skeletal muscles that results in energy
expenditure, has many known mental and physical health benefits for older adults. However, as of 2008,
only 22.6% of older adults in the United States reported meeting recommended physical activity
guidelines. This dissertation examines the role of the built and social environment on physical activity
among older adults, with particular focus on physical disorder, or the visual indications of neighborhood
deterioration. All empirical analyses use data from the New York City Neighborhood and Mental Health in
the Elderly Study (NYCNAMES-II), a three-wave longitudinal study of about 3,500 older adults living in
New York City.

We first systematically review the existing literature concerning physical disorder as an influence
on physical activity among adults of all ages. We find that most prior studies of disorder and activity have
been cross-sectional and that disorder has not consistently been associated with less activity across all
studies. However, we also find indications that older adults’ activity levels may be more negatively
impacted by disorder than younger adults’ activity levels.

Next, we use a longitudinal analysis to estimate the association between neighborhood disorder
and total physical activity among the NYCNAMES-II cohort. In multivariable mixed regression models
accounting for individual and neighborhood factors, for missing data, and for loss to follow-up, we find that
each standard deviation increase in neighborhood disorder was associated with an estimated 3.0 units
(95% CI: 1.9, 4.2) lower PASE score at baseline, or the equivalent of about 10 minutes of walking per
day. There was no significant interaction between physical disorder and changes in PASE score over two
years of follow-up.

We next apply a latent transition analysis to identify patterns of types of physical activity the same
cohort, identifying seven latent classes of activity. Of these seven classes, three pairs of classes were
roughly equivalent except for participation in exercise. About three quarters of subjects remained within

each latent class between waves; most transitions that did occur were between classes defined by



exercise to the parallel class without exercise or vice-versa. More neighborhood disorder was modestly
associated with moving out of a sports and recreation class (Relative Risk = 1.27, 95% CI = 1.00, 1.61
between waves 1 and 2, Relative Risk = 1.28, 95% CI = 0.85, 1.93 between waves 2 and 3).

Finally, we develop the Neighborhood Environment-Wide Association Study (NE-WAS), an
agnostic approach to systematically explore the plethora of neighborhood measures available to modern
researchers equipped with geographic information systems (GIS) software. We find that only
neighborhood socioeconomic status and disorder measures were associated with total activity and
gardening, whereas a broader range of measures was associated with walking.

Substantively, we conclude that more physical disorder was associated with less physical activity,
potentially due to decreases in sports and recreation among those living amidst physical disorder, though
latent transition analysis estimates were too imprecise to rule out chance. Future longitudinal research on
physical disorder as an influence on physical activity would benefit from longer periods of follow-up in
which more subjects moved between neighborhoods. Methodologically, the NE-WAS approach appears
to be a promising way to systematize neighborhood research as the scale of available spatially located
administrative data continues to grow. Future NE-WASes might profitably focus on comparing the spatial

scale of neighborhood measures.
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Chapter 1. Introduction

Physical activity, defined as bodily movement produced by skeletal muscles that results in energy
expenditure, has many known mental and physical health benefits for older adults [1, 2]. Physical activity
not only prevents coronary heart disease, stroke, colon cancer, and post-menopausal breast cancer, but
also helps to maintain a healthy body weight, may prevent or delay dementia, and may minimize both
frequency and consequences of falls [3-13]. However, as of 2008, only 22.6% of older US adults reported
meeting recommended physical activity guidelines [14]. Nearly a third of Americans age 65 and older
reported no leisure-time physical activity in the past month [15]. Physical inactivity was the sixth leading
cause of loss of disability-adjusted life years (DALYS) in the United States between 1990-2010, and is an
upstream factor in more prominent causes of DALY loss, such as high blood pressure and high body

mass index [16].

The gap between the documented need for physical activity and the relatively low activity levels realized
among older adults has long been a public health concern [17]. Many early interventions designed to
increase activity among older adults focused on behavior change strategies to encourage exercise, the
subset of physical activity defined as repetitive body movement done to improve or maintain physical
fitness [18, 19]. These interventions were frequently successful in the short term, but maintenance of

elevated exercise levels after the end of the intervention proved inconsistent [20, 21].

The difficulty of implementing sustainable individually-targeted behavior modifications over the long-term
drove physical activity researchers to explore the influence of the social and physical environment in

which health behavior choices occur, applying the social ecological theory of behavior change

conceptual framework to integrate forces external to individuals with individual decision making processes
[22]. This conceptual development, which occurred in parallel with a broader trend of integrating
structural forces into individual-centered health research [23-25],holds that built environment,
interpersonal relationships, and individual preferences each contribute to individual behavior choices with
health consequences, such as whether to walk in one’s neighborhood [26, 27]. Figure 1 depicts a social

ecological model of influences on physical activity, adapted from prior work [28, 29]. Based on the



implications of social ecological models, the United States Centers for Disease Control and Prevention

has made it a priority to understand how built environments support physical activity in older adults [15].

One component of social ecology that may be particularly important for physical activity in older adults is

physical disorder [30-32]. Physical disorder, defined as the visual indications of neighborhood

deterioration, or as the ‘broken windows’ of the eponymous theory of crime [33, 34], emanates from
macro-scale social forces such as informal social control and the economic environment, and manifests
in the physical environment experienced by nearby residents. Particularly in the wake of late 20" century
de-industrialization, many North American inner cities are characterized by extensive physical disorder
[35] and lower activity levels than are observed in the general population [36]. Qualitative evidence from
walk-along interviews with older adults suggests physical disorder may incite fear of crime victimization

and dissuade walking and other outdoor activity [37].

Indeed, in spite of relatively thin quantitative evidence supporting physical disorder (hereafter: disorder)
as an impediment to outdoor physical activity [38], the combination of qualitative evidence, the prevalence
of less activity and more disorder in more disadvantaged neighborhoods, and an intuitive plausibility that
disorder acts as a barrier to activity among older adults has led experts to consider disorder reduction a
key component of supporting healthy aging. For example, the American Association of Retired Persons’
Livable Communities Evaluation Guide cites well-maintained housing in its section on safety [39], and the
Australian Local Government Association’s report on age-friendly built environments calls for removing

graffiti and rubbish as part of fostering a safe walking environment [40].

Are these calls to focus on maintenance and cleanliness scientifically justified? As noted above, important
research gaps surrounding disorder as an influence on physical activity remain. First, little of the research
to date regarding disorder has been longitudinal, limiting causal interpretation of identified associations
[41-43]. Second, with a few exceptions [44-46], most studies have focused either on overall physical
activity or specifically on walking or commuting with active transport [47], failing to account for potentially
important differences in individual preferences or social and environmental influences on other types of
activities, including gardening, housework, and caring for others [48]. Finally, because neighborhoods

are complex, multi-dimensional entities, it is unclear that the most relevant components of the social and



environmental context in which physical activity occurs are systematically included in neighborhood
studies [42]. If these components were excluded in prior studies, they may result in residual confounding
that obscures the true relationship between disorder and physical activity. More generally, inconsistent

control for relevant contextual factors in prior studies may explain those studies’ inconsistent findings.

This dissertation will target these research gaps, augmenting an analysis of physical disorder as a barrier
to activity, as rooted within the social ecological theory of behavior change, with an exploratory ‘data
science’ approach to identify the neighborhood covariates most empirically predictive of physical activity.
Specifically, Chapter 2 will synthesize the existing literature concerning physical disorder as an influence
on physical activity among adults, with particular focus on older adults. Chapter 3 will work within the
social ecological theory of behavior change to investigate the longitudinal relationship between
neighborhood physical disorder and physical activity, accounting for individual covariates, in a 3-wave
study of older adult residents of New York City. Chapter 4 will expand on this investigation by applying a
latent transition analysis to the same cohort, to explore how types of activity, such as walking, sports and
recreation, or gardening, may be influenced not only by individual preference but also by social and
environmental context. Next, Chapter 5 will break from the theoretically rooted approaches to explore the
value of data science-style exploratory methods in expanding our knowledge of contextual influences on
activity among older adults. Finally, Chapter 6 will summarize the findings from the prior chapters and

suggest directions for future research.

The empirical analyses in this dissertation — Chapters 3, 4, and 5 — will use data from NYCNAMES-II, a
three-wave survey of about 3,500 New York City residents aged 65-75 at baseline. NYCNAMES-II was
initially conducted to assess the effects of neighborhood characteristics, including interventions to
improve pedestrian safety, on physical activity and subsequent depression among older adults. The
physical context of New York City has previously been characterized in great detail, allowing precise
estimates of several hundred characteristics of the neighborhoods surrounding each subject’'s home

address at each wave.



Figure 1. A socio-ecological model of various influences on physical activity
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Chapter 2: Neighborhood Physical Disorder and Physical Activity: A

Systematic Review

Abstract

Background

Most adults, especially in lower socioeconomic status groups, do not meet physical activity
recommendations. Neighborhood disorder — the deterioration of urban landscapes — may be one barrier
to physical activity. This systematic review assesses the evidence that neighborhood disorder inhibits

physical activity among adults.
Methods

A systematic search of comprehensive databases identified 28 peer-reviewed English language articles

on this topic published between 2001 and 2015.
Results

Most studies were based in North America, Europe, and Australia. Broadly speaking, findings were
inconsistent. There was some evidence that less severe indicators of disorder, such as litter and graffiti,
may also mark areas with more pedestrian activity, negating or reversing the expected inverse
association between disorder and physical activity. By contrast, more severe indicators of disorder such
as dilapidated or abandoned buildings may discourage discretionary outdoor activity, particularly among

vulnerable populations such as women and older adults.
Conclusions

While disorder has been studied in relation to physical activity, substantial variation in disorder measures
and study populations have led to disparate results. Future studies of disorder and activity are warranted,
particularly studies using longitudinal data, that incorporate validated and internally consistent disorder
measures, and that focus on the activity domains and sub-populations that are most likely to be affected

by disorder.



Introduction

Physical activity has many known mental and physical health benefits for adults, yet many adults do not
meet physical activity guidelines [14, 49]. Many neighborhood contextual factors, including the presence
of a structurally safe environment with sidewalks and curb ramps that support walking and the presence
of outdoor spaces that support gardening, are thought to influence both the form and the frequency,

intensity, and duration of physical activity [45, 50, 51].

One aspect of the neighborhood environment that may affect activity is physical disorder [52]. Physical
disorder — the deterioration of urban spaces owing to social forces favoring neglect and abandonment —
has long been of interest to social scientists studying domains other than activity [30, 34]. Criminologists
and sociologists have debated the controversial ‘broken windows’ theory that disorder encourages violent
crime [53-57]. Exposure to disorder has also been implicated as a potential cause of psychopathology

[58, 59], risky sexual practices [60], and obesity [61, 62].

Here, we focus on the potential role disorder may play as a barrrier to physical activity [38]. There are
several complementary mechanisms through which disorder may function: at more severe levels, disorder
and associated ‘incivilities’ may induce a fear of crime victimization, which in turn discourages outdoor
activity [43, 52]. More modest levels of disorder may also prevent walkers from experiencing aesthetic
pleasure they would have encountered in less chaotic environments [63], deterring walking and resulting
in less overall physical activity. Finally, disorder’s physical manifestations may act as structural

impediments to safety, as when cracked sidewalks pose a fall hazard for older adults [37].

However, several prominent studies failed to find support for disorder acting as a barrier to walking [64,
65]. This may be in part because residents of disordered neighborhoods, who are often
socioeconomically disadvantaged, are disproportionately ‘captive walkers’[66] -- people who lack access
to transportation modes other than walking. By definition, captive walkers’ transportation mode choice
cannot be affected by disorder, and thus a study including a large proportion of captive walkers may find
no association between disorder and walking even if disorder inhibits walking among those with

alternatives to walking. Conversely, the influence of neighborhood disorder may be particularly strong



among older adults, whose mobility may be constrained by declining health [67] or by women, who

frequently report stronger perceptions of crime vulnerability [68].

If disorder is to be understood as a barrier to activity, then, it is important to understand the socio-
economic contexts and demographic groups in which disorder may have the strongest inhibitory impact.
Such contexts and groups may be identified by a critical review of the literature assessing disorder’s
association with activity. However, while there has been one systematic review nearly a decade ago
relating the fear of crime to physical activity that briefly discussed disorder [43] and there have been a
host of reviews relating neighborhood influences more broadly to activity and walking [69], to the best of

our knowledge, no prior review has examined the influence of neighborhood disorder on physical activity.

Physical Disorder

There is no single definition of physical disorder [70], though most accounts make reference to forms of
deterioration or decline in urban landscapes that are abnormal or threatening but not necessarily illegal
[31, 71]. A recent review catalogs twenty-six indicators used in disorder measures in the scholarly
literature, ranging from immediate threats to safety (e.g. packs of wild dogs) to simple commercial
advertising (e.g. alcohol and tobacco advertisements) [70]. In practice, most scales designed to assess
disorder include items assessing not only aspects of longer-term abandonment, such as poor building
maintenance or vacant lots, but also forms of neglect that may be transient, such as litter or graffiti [58,
72-74]. Finally, neighborhood aesthetics scales designed to assess the overall pleasure of being active in
a neighborhood often include disorder subscales, as disorder components such as graffiti and poor

building upkeep may make being active in a neighborhood unpleasant [75].

A second key consideration regarding disorder research is the source of the disorder measure [30, 72].
Researchers investigating disorder have traditionally incorporated disorder measures into surveys [70].
However, the growth of ‘Big Data’ and information technology [76] has made it easier to construct

disorder measures from administrative data or remote imagery using geospatial tools.

Neither geospatially developed measures of disorder nor survey measures of disorder are uniformly
superior at capturing constructs of researcher interest [64]. Geospatial measures fail to capture between-

individual differences in perceptions that may be relevant for physical activity choices [77]. Any given

7



subject’s physical activity choices reflect that subject’s perceptions of disorder, which are better captured
by survey than a geospatial measure. However, self-reported measures can be problematic as well, as
social desirability and other response biases may affect measure validity or induce ‘same-source bias’

(also known as recall bias) when analyzed with respect to other self-reported measures [78-80].

Physical Activity

Physical activity, defined as bodily movement produced by skeletal muscles that results in energy
expenditure, has no universally agreed-upon best practice measure [81, 82]. Recreational physical
activity taking place in a neighborhood (e.g., going on a walk) may be the form of activity most likely to be
affected by neighborhood conditions, but such activity can only be identified if activities’ purposes have
been recorded. However, self-reported activity data is subject to artifacts due to poor recall and between-
individual differences in self-assessment [82]. These artifacts may substantially bias findings [83]. By
contrast, accelerometer measures are exempt from biases arising due to self-report, but do not capture
the activity’s purpose, are vulnerable to measurement error due to improper device placement and
external vibration, and fail to capture activity that produce limited torso movement, such as cycling [82,
84]. These limitations in activity assessment may result in biased estimtes of the causes or effects of
activity if whether the device is charged properly, worn properly, and returned to the study team in time for

analysis is differential by activity undertaken during the study period [85, 86].

This Review

We conducted a systematic review in order to determine the state of the literature regarding
neighborhood disorder and physical activity among adults and to make recommendations for future
research on this topic. We focused on studies investigating differences in activity or walking levels in adult

populations as predicted by disorder in home neighborhood.

Methods

Search strategy

We conducted a systematic search to identify studies published prior to August 2015 in four electronic
databases representing the medical and transportation literatures: PubMed, TRID, Psyclinfo, and

Embase. Figure 1 provides an overview of the search protocol, following the protocol specified by the
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PRISMA statement [87]. Following PRISMA guidelines, we customized search terms for each database.
Search terms for each database are given in Appendix 1; briefly, each query searched for a phrase
indicating walking/physical activity, a phrase indicating disorder/safety, and a phrase indicating a
neighborhood or contextual focus.

Eligibility

We selected only quantitative, original research articles studying the potential that neighborhood disorder
influences physical activity among adults aged 18 or older. To maximize comparability of studies,
included studies used people rather than places as the unit of analysis. For example, a study of 100
people relating each person’s neighborhood disorder to each person’s activity level would be included,
but a study of 100 parks comparing each park’s disorder to the number of people walking there would be

excluded.

Some researchers have used measures that capture elements of abandonment and untidiness do but do
not use the term ‘physical disorder’ to describe the measure, preferring ‘aesthetics’ [88] or ‘incivilities’ [89]
instead. For the purposes of the review, we considered measures for which the majority of items reflected
visible indicators of neighborhood deterioration or neglect, such as poor housing maintenance, presence

of litter, or vacant lots, to constitute disorder.

We emphasize, however, that not all aesthetics measures incorporate indicators of disorder. In particular,
many neighborhood audit tools, particularly those focused on the determinants of walking, feature
aesthetic subscales assessing pleasing features that may be encountered while walking, such as
interesting architecture or beautiful views [90]. In particular, the widely used Neighborhood Environment
Walkability Survey (NEWS) audit scale includes an aesthetics subscale [91] that does not include
guestions assessing deterioration; hence, we excluded many papers whose only measure of

neighborhood aesthetics was derived from NEWS.

In addition to a measure of neighborhood disorder, selected papers were required to have a measure of
physical activity and to present a quantitative measure of the association of the neighborhood disorder
measure and the activity measure. Detailed exclusion criteria, including some examples of excluded

papers, for each phase of the review are given in Appendix 2
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Results

Selected Studies
Twenty-eight papers met the full inclusion criteria [32, 64, 65, 88, 89, 92-113], including all three papers

we had a priori anticipated identifying [64, 65, 110]. Characteristics of each study are given in Table 1.
Slightly less than half the studies (N=13, 46%) used only study subject reported measures of disorder,
half (N=14, 50%) used independently observed measures, mostly neighborhood audits, and one used
both [64]. With the exception of one study assessing active commuting [99] and another assessing
jogging [106], all studies assessed at least one of leisure-time physical activity (N=7, 25%), total physical
activity (N=9, 32%), or walking (N=12, 43%). With two exceptions [93, 113], all activity measures were
self-reported. Sample size ranged from 42 to over 31,000; both studies with more than 10,000 subjects
were conducted in the Netherlands [104, 108]. Most of the studies were in North America, Australia, or
Europe. Figure 2 is a world map identifying the settings in which studies included in this review took
place. Two papers reported subgroup analyses of the same intervention study [88, 112], four involved two

waves of data collection [89, 97, 101, 103], and the rest were cross-sectional .

Disorder Measures

In the selected studies, there were substantial differences in disorder measures, ranging from
administrative reports of street cleanliness [110] to interviewer observations of housing conditions
averaged across a district [98]. In general, the studies whose disorder measures were limited to less
severe indicators, such as litter-only measures, did not identify associations between neighborhood
disorder conditions and activity levels [92, 97, 100, 103, 110, 113]. However, studies whose disorder
measures incorporated more severe aspects of deterioration were inconsistent in their findings. For
example, Laraia, et al. found that an audit-based disorder measure incorporating building conditions and
burned or vacant properties in addition to litter and graffiti was associated with less vigorous physical
activity among women in the Raleigh, NC area [89]. However, Hoehner, et al. found an audit-based
disorder measure including drug paraphernalia, abandoned cars, and broken windows to be associated

with more transport-related walking [64].
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Some researchers have expressed concerns that using subject-reported measures of both neighborhood
exposures and activity may result in ‘same-source’ bias, wherein correlations in measurement error
between exposure and outcome measures results in artificially inflated observed associations [73, 114].
For example, a trend wherein subjects justify their lack of activity by describing their neighborhood as
more disordered than it truly is, disorder might appear to be a barrier when it truly is not. However,
though about half the studies used both subject-reported measures of disorder and subject-reported
measures of activity, there was no evidence that observing an association between disorder and activity
was more common when subject-reported measures were used for both constructs (Table 1). While this
lack of consistency between measure source and direction of finding does not preclude the possibility of
same-source artifacts [79], it does minimize concerns that systematic same-source bias is responsible for

all appearance of significant associations.

Activity Measures

In general, studies that measured walking for exercise observed stronger associations than studies
measuring physical activity in general or walking for transport. For example, Heinreich, et al.’s study of
public housing residents in Kansas City, MO, found that more disorder-related incivilities were associated
with less frequent walking for exercise [102], and Mendes de Leon, et. al's study of community-dwelling
older adults in Chicago found less walking for exercise where more disorder was present. By contrast,
most studies assessing walking for transport, which may be less discretionary, failed to find significant
associations [97, 101, 110] or found more walking for transport in the presence of more disorder [64, 94,
107]. Several authors whose studies observed the latter association speculated that moderate indictors
of disorder such as discarded cigarette butts might themselves be consequences of prevalent walking

[64, 94].

Study Populations

The samples used across the identified studies were substantially heterogeneous, ranging from large
samples representative of whole countries [98, 104, 105] to selected randomized trial participants [88,
103, 112]. In general, associations between disorder and activity were stronger among women and older
adult populations. For example, Cunningham-Myrie et al's study representative of the population of

Jamaica, found that disorder was more strongly associated with less activity among women than among
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men [98]. Similarly, Kwarteng et al. found that disorder was not significantly linked to activity levels in
their full sample, but that more disorder was associated with less activity in an analysis limited to older
adults [109]. Three of the five studies limited to older adults found significant negative associations

between disorder and activity [32, 95, 105, 107].

Analytic Methodology

Nearly all studies acknowledged the potential for geographic clustering of neighborhood measure to bias
results. Twelve (43%) used mixed models, three (11%) used cluster robust variance estimators, and two
(7%) used generalized estimating equations. Most studies that did not analytically account for clustering
explained why clustering was not a relevant source of bias (e.g. non-overlapping subject neighborhoods),

suggesting that clustering as a potential threat to validity is well recognized.

Several studies included covariates derived from aggregated measures that, if measured inaccurately
and non-differentially at the individual level, may result in biases away from the null for the measures’

coefficients [115]; however, none used a disorder measure vulnerable to this source of bias.

Covariates

Every study controlled for individual sex, either statistically or by restrictions intrinsic to study design, and
all but one controlled for individual age (Table 2). Many also controlled for education (n=20, 71%) and
household income (n=13, 46%). Other common covariates included Race/Ethnicity (n=6), presence of
children in the household (n=6), marital status (n=7), co-morbidities (n=6, particularly in studies of older
adults), and access to a car (n=6). Only one controlled for disability status, possibly due to disability’s
uncommonness in the general population. Several studies controlled for environmental covariates as well;
however, there were no clear patterns of environmental covariates controlled for. There was not a clear

pattern between controlled covariates and estimated relationship between disorder and activity.

Effect modifiers

Not all studies performed subgroup analyses or other tests of effect modification (Table 3). Five studies
(18%) explored effect modification by gender, and four (14%) explored effect modification by age.
Several other effect modifiers were explored, including presence of children in the household [111],

pregnancy status among women of childbearing age [89], and neighborhood poverty [110]. Several
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studies were restricted to populations explored in subgroup analyses in other studies, including older

adults [32, 107] and women [89, 96, 97].

Discussion

Our systematic review criteria identified twenty-eight studies exploring physical disorder in the home
neighborhood as an influence on physical activity. The populations studied were mostly urban and
suburban residents of the industrialized world, perhaps because disorder is typically conceptualized as a
phenomenon of urban decline [31, 54, 70], or perhaps because most research is conducted by research
teams based in the industrialized world. All but one of these studies was published in the past decade,
including eleven since 2013, suggesting that interest in disorder as a determinant of activity is growing in

line with the overall growth of population health research.

Taken as a whole, the evidence base provided by these studies does not indicate that disorder
consistently inhibits activity across the general population. However, there were indications that disorder
may affect activity in selected contexts, particularly where disorder is more extreme and among women
and older adults, suggesting areas for future research. Heterogeneity in measures of disorder and activity
in the present studies precluded a quantifying synthesis of findings using meta-analysis or meta-

regression.

Methodological Issues in Current Evidence Base and Directions for Future Research

This review identified several methodological issues within research on disorder and activity. First, no
single measure of disorder was consistently used across more than a handful of studies. This lack of
measure comparability precludes direct comparison between studies or quantitative synthesis of the
literature. A recent narrative review catalogs twenty-six indicators that have been used in physical
disorder measures [70]. Development and validation of a unified and standardized physical disorder
measure for research use would be valuable, not only for research on physical activity, but also for

research on mental health, crime, and other outcomes thought to be influenced by disorder.

Second, while theoretical frameworks typically posit that walking is the form of activity most likely to be

affected by disorder, many studies used measures of all physical activity. Furthermore, this pattern may
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grow in the future if accelerometer measures are seen as superior to self-report measures [116] (though
self-report measures have defenders [117]). Future research may benefit from use of sophisticated
algorithms combining GPS and accelerometer readings to determine modes of activity undertaken [118,

119].

A third methodological issue common to many of the identified studies is the threat of reverse causation
artifacts. Cross-sectional studies assessing walking for transport using measures of minor indicators of
disorder may be particularly vulnerable to this weakness. Walking for transport is more probable in
contexts where errands can more easily be run on foot. Such contexts generally have a larger pedestrian
population and in general, more pedestrians create more litter [110]. Thus, while litter is an indicator of
disorder, it can also be an indicator of a more walkable location; this may account in part of the repeatedly
observed finding that more disorder was associated with more walking, particularly for walking for
transport [64, 94, 107]. Similarly, an in-depth ethnography of New York City graffiti artists and taggers
revealed that a key motivation for their actions is social status among an audience. They therefore
typically choose locations where their works will be observed [120], which suggests that contexts with

more pedestrians are themselves better targets for graffiti.

In this light, any conclusions are substantially limited by the lack of longitudinal evidence. None of the
identified studies had more than two waves of data, and most were cross-sectional. Though temporal
ordering of exposure prior to outcome is generally considered a necessary condition for identifying a
causal effect [121], cross-sectional studies are common in studies of contextual influences on activity [43,
122], in part because gathering disorder measures at multiple time points can be expensive. In other
research areas, such as the study of the food environment, the use of longitudinal administrative datasets
such as the National Establishment Time-Series (NETS) dataset [123] has provided the opportunity to
include longitudinal contextual exposures. Future research on disorder might make use of pre-existing
administrative records of vacancies or clean streets report cards [110] to obtain longitudinal disorder

measures.

Fifth, relatively few of the identified studies included subgroup analyses focused on populations most

likely to be affected by disorder. With the exception of gender and age, many factors analyzed as
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potential confounders in these studies, including presence of children in the household, employment
status, and access to alternative transportation, might better be conceptualized as potential effect
modifiers. For example, the transport mode choice among ‘captive walkers’ who lack access to a car is
typically between walking and transit [124]; such choices may both involve some walking and may be less

affected by disorder than the choice by someone with more transport alternatives.

Finally, as in many studies of neighborhood exposures, control for environmental confounding and self-
selection (i.e. the choice to live in neighborhoods supporting one’s preferred lifestyle) in these studies
might be problematic [125]. One approach to strengthening causal inference in neighborhood studies is to
study only those who have moved [126]. Alternately, incorporating evidence from alternate study
designs, including discrete choice analysis [127] and mixed-method designs incorporating walk-along
interviews or other qualitative evidence [37, 128], may provide important complementary evidence to

better understand if disorder acts as a barrier to walking and other outdoor physical activity.

Conclusions

The evidence base systematically compiled here suggests that it is likely that disorder modestly
discourages outdoor physical activity in some but not all adults. Further research using longitudinal
designs and focusing on those most likely to be vulnerable to inhibitory effects of disorder, including older
adults, would provide valuable insight into where and when interventions to decrease disorder may be

most likely to be effective at increasing physical activity levels.
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Figures

Figure 2.1. PRISMA Flow Diagram representing the selection of articles for this

systematic review
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Figure 2.2. Red markers on the map below indicate the locations where studies included
in this review were conducted.
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Table 2.1. Descriptive characteristics of the 28 studies identified in this systematic review
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Table 2.3. Effect modifiers investigated, by study
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Chapter 3: Neighborhood Disorder and Physical Activity among Older

Adults: A Longitudinal Study

Abstract

Background

Neighborhood physical disorder may inhibit outdoor physical activity, particularly in older adult
populations. However, most previous studies of the association between neighborhood disorder and

physical activity including older adults have been cross-sectional.
Methods

We examined the relationship between neighborhood disorder and physical activity in a 3-wave
longitudinal study using a sample of 3,497 adults aged 65-75 at baseline weighted to be representative of
the older adult population of New York City. Our measure of neighborhood disorder was constructed from
a virtual street audit using Google Street View imagery. We used longitudinal mixed linear regression
controlling for baseline age, sex, race/ethnicity, baseline physical functioning, educational attainment,
neighborhood social cohesion, pedestrian injury rate, and walkability and to estimate the effect of disorder

on activity score.
Results

In multivariable mixed regression models accounting for individual and neighborhood factors, for missing

data, and for loss to follow-up, each standard deviation increase in neighborhood disorder was associated
with an estimated 3.0 units (95% CI: 1.9, 4.2) lower PASE score at baseline, or the equivalent of about 10
minutes of walking per day. However, there was no physical disorder was not related to changes in PASE

score over two years of follow-up.

Conclusions
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In this older adult population, residents of more disordered neighborhoods were on average less active at

baseline. Disorder was not associated with decreases in physical activity over time.
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Introduction

Physical activity — bodily movement produced by skeletal muscles that results in energy
expenditure [129] — prevents or delays onset of many negative physical and mental health outcomes
common among older adults, including but not limited to diabetes, cardiovascular disease, breast and
colon cancer, arthritis, dementia, disability, falls, loss of independence, and frailty.[1, 2, 9, 11] Despite
these protective benefits, fewer than one in four Americans age 65 and over meet recommended physical
activity guidelines [14] and nearly a third report engaging in no leisure-time physical activity in the past

month.[130]

Physical disorder -- the deterioration of urban landscapes [30] -- may be an important and
modifiable barrier to physical activity, particularly walking, among older adults.[67, 131-133] However, the
guantitative evidence base that physical disorder acts as a such a barrier is limited. As described in
Chapter 2, older adults may be particularly vulnerable to the effects of disorder, but only a few studies
have examined disorder in relation to activity among older adults [32, 95, 105, 107, 109, 113, 134].
Furthermore, to the best of our knowledge, 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 causal relationship than are available

cross-sectionally [135].

By contrast with cross-sectional data, longitudinal data affords two additional analytic strategies
with which to assess effects of an exposure. One strategy is to investigate within-individual change when
the exposure of interest changes. A complementary strategy is to analyze between individual differences
in change over time, regardless of change[136]. Because people don’t change residences often, in many
neighborhood studies, the second investigation type (i.e. exploring neighborhood context as a predictor of

between-individual differences in change) may often be more appropriate.

In this study, we investigate the longitudinal relationship between neighborhood physical disorder

and physical activity in community-dwelling older adults, focusing on the between-individual differences
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that arise with respect to different disorder levels. We hypothesize that disorder will discourage outdoor
activity, such that those living among more disorder will have consistently lower activity levels across all

three waves of follow-up.

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 3,497 residents of New York City aged 65-75 at baseline.
Sampling and recruitment for NYCNAMES-II has been described previously [45]. Subjects were initially
recruited by phone, starting in May 2011 and continuing through November 2011. The initial 219 (6.2%)
surveys were completed by interviewers at the New York Academy of Medicine; the subsequent 3,281
were completed by Abt-SRBI, a survey research firm. During recruitment, a total of 39,792 telephone
numbers were selected from 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 marketing purposes. The response rate, calculated as screen-outs (i.e. calls that
where a household was contacted and the interviewer was able to ascertain that no older adults lived in
the household) plus completed interviews divided by all phone numbers selected from the list, was 18%.
The co-operation rate, calculated as screenouts plus interviews over screenouts, interviews and declines,
was 31%. All surveys were conducted in English or Spanish. Recruitment was terminated when the
target 3,500 interviews had been completed; however, during data cleaning, three interviews were
determined to be repeats of previously interviewed subjects. These data were discarded, resulting in the
final sample of 3,497 subjects. Each subject was followed up by telephone once in summer or fall 2012
and once in summer or fall 2013, resulting in three waves of data collection in all. Each wave’s survey,
including items not used in this analysis, took approximately 30 minutes. Subjects were paid $10 for

participating, either in the form of a CVS gift card as a check.

Phone numbers were selected using a complex survey design whereby census tracts were
classified into sixteen strata as follows: first, tracts were cross-classified by three variables: racial-ethnic

mix (>75% Non-Hispanic Black, >75% Non-Hispanic White, > 60% Latino, or racial/ethnically mixed),
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median household income (either above or at/below the median of the median income distribution by
tract) and walkability (either above or at/below the median of the walkability distribution). To identify
strata, median household income and racial/ethnic mix measures were taken from the United States
Census and walkability was taken from a previously validated metric incorporating Census measures and
tax lot data [137]. Six tracts were selected from each of the sixteen strata, with probability proportional to
number of residents aged 65-75 within the tract. Four additional tracts chosen randomly so that one
hundred tracts were selected in all. Subject sample weights were calculated as the probability of a census
tract being selected from all tracts in New York City multiplied by the probability of the household being
selected from the number of households containing an adult aged 65-75 estimated by the 2010 Census
multiplied by the probability of the individual being selected from the number of adults aged 65-75 in the
contacted household. Final survey weights were the raked to New York City population estimates from
the 2006-2010 American Community Survey 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 <$20,000, $20,000-39,999, $40,000-79,999, and =$80,000. Education levels were reported as
less than high school graduate, high school graduate, some college, or college graduate; health statuses
were reported as excellent, good, fair, or poor. To maintain a balance of individuals in each racial/ethnic

group, we categorized 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).[138] PASE assesses frequency (days/week) and duration (minutes/bout) of engagement in a
number of activities older adults report engaging in, such as recreational sports, gardening, housework,
and caring for others. PASE survey responses can be compiled into a single score, which is not directly
interpretable in terms of energy expenditure [138]. Nonetheless, PASE has been validated in several
older adult populations [139-142], and has been shown to have good correlation (r= 0.68) with doubly-
labeled water assessment of physical activity [141]. PASE assesses past-week rather than ‘usual’ or

‘typical’ activity not only to minimize survey burden but also to avoid non-differential measurement error
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that might arise if older adults who are more physically active retain cognitive function longer, as several
studies have suggested [8, 143, 144]. One validation study showed PASE to be more strongly correlated
with 6-minute test performance than two comparable self-reported older adult physical activity instruments

that assessed ‘typical’ activity [140].

Subject physical function was assessed using the Functional Status Questionnaire (FSQ), a 34-
item survey instrument designed to monitor for clinically meaningful changes in function [145]. Because
NYCNAMES used other instruments to assess mental health and social engagement, only the 9-item
physical function sub-scale was administered to NYCNAMES-II subjects. This subscale includes three
items that assess basic activities of daily living comprising 1) self-care (e.g. eating and bathing), 2)
moving between bed and a chair and 3) walking indoors. The remaining six items assess intermediate
activities of daily living, comprising 1) walking several blocks outdoors, 2) walking at least one block or
climbing a flight of stairs, 3) doing light housework such as cleaning, 4) running errands such as grocery
shopping, 5) driving a car or using public transportation and 6) doing vigorous activities such as running
or strenuous sports. Each item has four response categories, comprising 1) usually engaging in the
activity with no difficulty, 2) usually engaging with some difficulty, 3) usually engaging with much difficulty
4) not engaging because of health, and 5) not engaging for some other reason. Responses from the nine
items were transformed into a score ranging from 0 to 100 for basic activities of daily living and
intermediate activities of daily living. At baseline, the sample weighted mean score for basic activities of
daily living was 92.8 and 70.7% of subjects had no difficulties performing any basic activity of daily living.
The mean score on the intermediate activities of daily living scale score was 80.7 and 40.6% of subjects

had no difficulties performing any of the activities.

The subject’s perception of neighborhood social cohesion was assessed using an 8-item scale
adapted from an instrument developed by the Project for Human Development in Chicago Neighborhoods
[146]. Specifically, subjects were asked about the strength of their agreement with the following
statements using a 4-point Likert-type scale: 1) if there are problems around your neighborhood, your
neighbors get together to with it, 2) your neighborhood is close-knit, 3) people in your neighborhood
generally don’t get along with each other, 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
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your neighborhood can be trusted, 7) people in your neighborhood don’t share the same values, 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.

Neighborhood measures

Researchers seeking to study neighborhood disorder while aiming to avoid subject-response and
‘same-source’ biases (sometimes also termed ‘recall bias’) often estimate disorder using systematic
social observations, wherein trained observers visit neighborhoods and systematically record indicators of
physical disorder [109, 147]. These indicators can then be combined to develop an objective measure of
neighborhood disorder. For this work, we used a neighborhood disorder measure inspired by systematic
social observation but incorporating information technology to improve efficiency. Specifically, we
assessed neighborhood using the novel but validated ‘virtual street audit’ technique in which trained
observers record indicators of disorder observed in Google Street View imagery using a computerized

system designed to improve reliability and efficiency of virtual street audits [148].

To collect data, trained virtual 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 disorder including litter, graffiti, and buildings that appear to be abandoned.
Individual items showed kappa scores ranging from 0.34 (for presence of empty alcohol bottles) to 0.80
(for presence of apparently abandoned buildings). Those indicators were then combined using a 2-
parameter item response theory model to construct 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 [149] to provide an estimate of disorder, with
confidence levels, at any point in New York City [150, 151]. We then computed estimates at every vertex
of a 100m x 100m 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 subjects’ neighborhood disorder levels.

Neighborhood walkability, defined as the degree to which the neighborhood environment
supports pedestrian activity, may confound the relationship between neighborhood disorder and walking.

For example, because neighborhoods developed in eras before automobile ownership was widespread
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have more support for pedestrian activity, yet are also more often disadvantaged, then disorder may
impede activity but not be associated with overall activity levels across all neighborhoods. To account for
differences in walkability between neighborhoods, we used a validated walkability metric previously
described in detail elsewhere [137]. 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 previously
been shown to predict BMI [50], engagement in active transport [152], and total physical activity as

reported by accelerometer [153].

Finally, our neighborhood pedestrian risk measure was calculated as the density of unique
pedestrian-motorist collisions resulting in an injury or fatality to the pedestrian in 2010. These data were
abstracted from police records by the New York State Department of Transportation and have been used

in prior analyses of pedestrian collisions and influences on physical activity [110, 154, 155].

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 ¥4
km of the geocoded home location, an area referred to as a ¥ km network buffer and frequently used in
neighborhood research [110, 156, 157]. We then assigned a mean disorder, mean walkability, and
pedestrian risk score to each participant’s residential neighborhood at each wave of follow-up. Relatively
few subjects (N=124, 6% of all those followed up) supplied new addresses over the three years of the

study.

Missing data and sample weights

Slightly more than seventy percent (n= 2,455) of subjects contacted at baseline were successfully
re-contacted at wave 2 and slight more than sixty-seven percent (n=2,355) subjects were re-contacted,
including 332 who were not contacted at wave 2. This analysis used data as available from subjects
successfully contacted in any of the three waves, such that there were 2,787 (79.7%) subjects with at
least two time points of data. For the primary analysis, we used logistic regression to estimate covariate-

adjusted probability of inclusion in any given wave, modeling the logit of inclusion in the wave as a linear
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function of gender, race/ethnicity, educational attainment, borough of residence, neighborhood disorder,
neighborhood pedestrian injury rate, and self-reported health status. We then computed inverse
probability of observation weights for each subject at each wave as described by Robins, et al. [158].
Censored observations at both wave 2 and wave 3 were more common for subjects with male sex, lower
educational attainment and Hispanic ethnicity. Estimated odds of inclusion in Wave 2 and Wave 3
conditional on covariates are given in Appendix 1, Table 1, and kernel density-smoothed histograms of
IPCW weights at each wave are given in Appendix 1, Table 2. We weighted our final analyses using the
product of IPCW weights and baseline sample weights, such that results using the weights are
representative 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, illustrating that weights were successful in preserving demographic stability.

Relatively few responses were missing for the subjects who were followed up successfully. For
example, no more than 1% of data was missing on any PASE component. Nonetheless, to account for
possible bias due to missing data, we used five multiple imputations, computed using IVEWARE [159] to
model missing covariates from all available covariates, for all missing responses. Following standard
practice for multiply imputed data, we used Rubin’s rules to calculate combined estimates from statistical

models run on each of the 5 imputations individually.

Statistical Analysis

We explored the stability of PASE scores and functional 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
continuous outcome in a longitudinal linear mixed-effects model. 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, educational attainment and for time-varying perceived 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
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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.

Exploratory analyses suggested that neighborhood time-varying covariates were unaffected by
neighborhood disorder status, so we did not explore complex methods to account for time-varying

confounding affected by treatment such as inverse probability weighted marginal structure models [160].

Sensitivity Analyses

We performed four sensitivity analyses to test the robustness of our analysis to various
assumptions. First, because 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) and mean past-week ‘feels like’ temperature using weather data for New
York City downloaded from the Weather Underground website [161] and formulae for heat index [162]
and wind chill [163] published by the National Weather Service. Second, to test the robustness of our
conclusions to our choice of longitudinal modeling strategy, we repeated the primary analysis using
generalized estimating equations rather than mixed models [164]. 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 Abt-
SRBI supplied sampling weights for each wave, which were raked to demographic targets as described
above but by design could not account for disorder, walkability, or self-reported health status. 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 3-level hierarchical model, clustering on subjects within community districts.

All analyses used R for Windows Version 3.1.0, including the ‘survey’ package to incorporate
survey weights to account for sample design. We used the R ‘mitools’ package to combine estimates

across imputations using Rubin’s rules [165].
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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. However, the 2,455
older adults re-contacted in Wave 2 and the 2,355 re-contacted in Wave 3 were roughly comparable to all
subjects enrolled at baseline subjects. Table 1 shows selected demographic characteristics of the full
study population and the subset who were re-contacted at each wave of follow-up. Relatively few

subjects moved during the follow-up period (0.9% at wave 2 and 2.0% at wave 3, n=103 overall).

Neighborhood disorder and functional status at baseline varied between subjects. On average,
Hispanics, less educated individuals, and those with lower incomes encountered more disorder. Younger
subjects, men, non-Hispanic whites, and those with higher incomes and more education had higher
functional status (Table 2). Disorder was not strongly correlated with other neighborhood measures;
more broadly, neighborhood measures were only weakly inter-correlated except for pedestrian injury risk

and walkability (Table 3).

PASE scores were correlated within people across waves (ICC over 3 waves: 0.67, Figure 1). In
spite of the age of the study population, mean PASE at Wave 3 was essentially unchanged from mean
PASE at Wave 1 (80.6 vs 81.8), offering little evidence of activity decline across the population over this
two-year period. Disorder and PASE score were weakly negatively correlated within each wave analyzed
cross-sectionally (Spearman r=-0.13, -0.12, -0.13, Figure 2), though all negative correlations were

significantly 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 a statistically significant negative association between disorder and PASE score. In this model,
the intercept coefficient for disorder was estimated at -3.1 (95% CI: -4.6, -1.5), which can be interpreted
as estimating that each one standard deviation increase in disorder was associated with an average of
3.1 unit lower PASE score, or about 9 minutes of walking/day, at baseline. Adding neighborhood social
cohesion, walkability, and pedestrian risk to the models did not substantially alter the random intercept

estimate (-3.1, 95% CI: -4.7, 1.5).
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In a random slope model including an interaction term between wave and baseline disorder, the
estimated coefficient for the disorder/time interaction term was -0.1 (95% CI: -0.9, 0.8), providing no
evidence for differences in PASE trajectory by baseline disorder. Figure 3 compares predicted PASE
score and 95% prediction intervals for 10,000 bootstrap simulations over three waves for a hypothetical
subject living in a neighborhood one standard deviation more disordered than the mean neighborhood
above the mean with the estimated PASE score for an equivalent subject living in a neighborhood one
standard deviation less disordered than the mean. We observed that the deficit in physical activity that
was present at baseline among those living in more disordered neighborhoods remained roughly constant

over the following two waves.

Sensitivity Analyses

While there was minor seasonal and temperature variation in PASE score, particularly in the
gardening item, past-week temperature was not strongly associated with overall PASE score. Analyses
using mean past-week ‘feels like’ temperature and days since June 1 as covariates 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, Table 4.1). Similarly, effect estimates computed
using a mixed model with Abt-SRBI’'s sample weights rather than the weights we computed 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, Table 5.1). Finally, mixed models clustering on community districts

were also very similar to the primary analysis (Appendix 6, Table 6.1)

Discussion

In this longitudinal study of older adult residents of New York City, we observed the hypothesized
inverse association between neighborhood physical disorder and physical activity. However, while
individual subjects’ activity levels fluctuated moderately, mean PASE scores for the whole cohort changed
little over the two available years of follow-up and we observed no interaction between disorder and
change in activity over those two years. Overall, the roughly 3 point PASE score differential per standard

deviation of disorder remained constant across all three waves.
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PASE scores are pure abstractions and cannot be directly translated in terms of energy
expenditure. However, it is possible to conceptualize this 3 PASE points as achievable through roughly 9
minutes/day of walking [138, 142]. That is, if this difference were interpretable as an intervention effect
such that removing disorder in a given subject’s neighborhood would elevate that subject’s activity level,
then subjects who currently live in highly disordered neighborhoods and engage in no activity could meet
the recommended 30 minutes/day of walking [166] if all litter, graffiti, deteriorated buildings, and bars on
the windows in their neighborhoods were removed (equivalent to removing about 3.3 standard deviations
of disorder) [150]. We caution, however, that this interpretation is purely a thought experiment to
contextualize our estimated 3 PASE points per standard deviation of disorder; our data and study design
do not support a causal interpretation of the disorder coefficient estimate. The assumptions that would be
required to treat our observed association as an intervention effect are heroic. Not only did too few
subjects move for a meaningful estimate of the effect of changing disorder exposure in this group [167]
but also the causal identifiability assumptions of conditional exchangeability, treatment-variation
irrelevance, and lack of interference between units [168] were all likely violated in some degree, and any

true causal relationship between disorder and physical activity may be non-linear.

Evidence from walk-along interviews and other qualitative studies of older adults have contributed
to the development of theory suggesting that neighborhood disorder may inhibit physical activity among
older adults [37, 38, 169]. Several recent cross-sectional quantitative studies generally appear to support
this theory, albeit with caveats [32, 107, 134]. 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 two years of follow-up and less than 3% of

subjects moving to new neighborhoods, our power to detect such effects was limited.

Unlike most prior studies of neighborhood influence on physical activity, our study used
longitudinal data. Within epidemiology broadly, longitudinal studies have a stronger potential for causal
interpretation than cross-sectional studies, because cross-sectional studies cannot ensure the exposure
of interest precedes the outcome [135]. In particular, with respect to neighborhood influences, cross-

sectional studies cannot rule out the limitation that differences in individual preferences may cause those
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who are more prone to physical activity to select neighborhoods more supportive of those activities, a
process known as ‘residential self-selection’ [170]. Neighborhood researchers relying on cross-sectional
data typically control statistically for covariates that might be related to residential self-selection, such as
race, income, and education, but also ultimately acknowledge the limitation that self-selection could bias
results [42]. In principle, longitudinal data gives investigators the opportunity to assess residential self-
selection effects (e.g. by studying those who move) [171], but in practice cohorts not specifically selected
from people changing residences (e.g. [126]) often have limited power to assess the effects of change in
residential neighborhood characteristics. This was the case in our dataset, where only about three
percent of subjects moved during the three years of the study, and as detailed below, it may be that

residential self-selection affected the relationship between baseline disorder and physical activity

However, our longitudinal activity measures did allow us to identify changes in physical activity
over time. Specifically, the modestly negative relationship we observed between elapsed time and PASE
score (activity decreased 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,
there are four complementary explanations for how the presence of the baseline disparity might have
arisen. The first is that consistent residual confounding is responsible for the observed consistent
association at each wave. Such confounding would need to be independent of covariates in our model
including age, educational attainment, income, functional status and race/ethnicity. Nonetheless, we
cannot rule this possibility out. A second possible explanation is that residential self-selection is
responsible 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 neighborhood 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 recruitment 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 support. Future research might explore these
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mechanisms in more depth. In particular, the second two possibilities, which interpret the association
between disorder and activity as causal, may be particularly promising. For example, if consistent activity
levels reflect consistent support for activity, then interventions to decrease disorder are more likely to

increase activity.

Strengths

This study has several important strengths. First, as noted above, nearly all prior studies of
neighborhood condition and physical activity among older adults have been cross-sectional [122]. The
few longitudinal exceptions [172-174] have not examined neighborhood 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 deployed in other cities, lowering the costs of future replication studies [148, 150].
Third, because this measure of disorder was ascertained independent of survey response, our results are
not subject to same-source bias that might arise in survey-only studies [75, 78]. 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 [175]. Finally, our results were robust to several sensitivity analyses.

Limitations

However, like most empirical research, the study also has important limitations. First, the low
(17%) response rate raises concerns that the sample may not be representative of the older adults in
New York City. This low response rate was partially due to a low (57%) contact rate among phone
numbers selected from a list of numbers provided by a data vendor; it may be that inaccuracies 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 [176] and in line with response rates reported by a recent test of various survey methodologies
conducted in Australia [177]. Concerns about non-response are also somewhat mitigated by the

population-based sample design and our use of sample weights in analysis.
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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 constructs or may have been interpreted differently
by different subjects. Assuming social cohesion independently prevents disorder and encourages
physical activity, as has been suggested previously [178], residual 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,[141, 142] all physical
activity questionnaires are subject to imperfect recall and reporting biases, which may be particularly
strong among older adult populations. While imperfect recall would be expected to bias our results
towards the null, if residents of more disordered neighborhoods simply fail to recall past-week activities,
perhaps as a result of stressful neighborhood encounters, the resulting systematic bias would artificially
inflate the association between disorder and activity. However, our concerns are tempered by a related
analysis, detailed in the next chapter, 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
confounding. 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.

Finally, in this study as in nearly all neighborhood effects studies [125, 179], residential self-
selection — the tendency for people to choose neighborhoods that better support their chosen lifestyles --
may have undermined exchangeability. For example, because disorder can act as a barrier to walking
only for subjects who would ever choose to walk, if those subjects on average choose less disordered
neighborhoods, then an estimated effect of disorder failing to account for this difference in walking
preferences would be biased. That is, the PASE scores observed among those living in less disordered

neighborhoods may not accurately reflect the PASE scores that would have been observed had those
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who lived in more disordered neighborhoods counterfactually lived in less disordered neighborhoods. We
observe, however, that in New York City as in many North American cities, neighborhood disorder is
strongly correlated with race/ethnicity and educational attainment of neighborhood residents, as it was for
our study participants. Because we controlled for the race/ethnicity and educational attainment of study
participants, any confounding introduced by residential self-selection may be somewhat controlled for in

our models already.

In conclusion, our study supports prior observations that older adults living in more disordered
neighborhoods are on average somewhat less active than those in more ordered neighborhoods.
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 residential self-selection, as a result of prior neighborhood
influence on activity norms, or as a result of unchanging neighborhood support for activity, , is an area for

future research.
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Tables

Table 3.1. Selected Characteristics of the study population at each wave.

Interviewed in 2011 Interviewed in @012 Interviewed in 2013

(N=3,497) (N=2,455)
Characteristic % Mean % Mean % Mean
(SD) (SD) (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 $20,000 36 34 33

$20,000-40,000 25 24 24

$40,000-80,000 21 22 22

More than $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)*" 94 (28)* 93 (28)*
Neighborhood characteristics

Past-year pedestrian 41 (42) 42 (43) 41 (42)
injuries?

Walkability 0.00 (2.7) 0.02 (2.8) -0.02 (2.8)

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)

" Functional status score was left-skewed and was reported as median (IQR) rather than mean (SD)
% Injuries per km?® within .25 km network buffer surrounding subject’s home address
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Table 3.2. Disorder levels, functional status, and PASE score at baseline for 3,497 older
adult residents of New York City surveyed in 2011, stratified by demographic and
socioeconomic characteristics

Characteristic % Mean (SD) Median (IQR) Intermediate Mean (SD) PASE
Disorder Activities of Daily Living Score
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 19 0.04 (0.20) 80 (56, 100) 67 (44)
School
Completed High 27 -0.01 (0.22) 89 (67, 100) 78 (45)
School
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 $20,000 36 0.03 (0.21) 80 (56, 100) 65 (40)
$20,000-40,000 25 -0.05 (0.23) 94 (72, 100) 86 (47)
$40,000-80,000 21 -0.12 (0.24) 94 (78, 100) 88 (46)
More than $80,000 18 -0.20 (0.26) 100 (83, 100) 91 (47)
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Table 3.3. Spearman correlations between selected neighborhood characteristics

Characteristic Disorder Social Cohesion Walkability Pedestrian Injury Density
Disorder 1.00

Social Cohesion -0.05 1.00

Walkability 0.06 0.06 1.00

Pedestrian Injury Density 0.03 0.09 0.42 1.00
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Table 3.4. 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 3,497 adult residents of New York City Surveyed from 2011-2013.

Regression Coefficients

Mean Difference (95% Confidence Interval) in PASE Score

Model 12

Model 2° Model 3°

Difference at baseline
per one-SD increase in
baseline disorder

Change per wave

Difference in change per
wave for each one SD
increase in baseline
disorder

Difference in change per
wave for each one SD
increase in time-varying
disorder

31 (-45,-1.7)

-0.5 (-1.3, 0.4)

-3.3(-4.9,-1.7) 31 (-4.7,-15)

-0.5 (-1.3, 0.4) -0.5 (-1.4, 0.4)

0.1 (-0.8, 0.9)

0.0 (-0.8, 0.9)

4 Random intercept model adjusting for baseline age, educational attainment, gender, race/ethnicity,
functional status, neighborhood social cohesion, neighborhood pedestrian risk, and neighborhood

walkability

® Random intercept/random slope model adjusting for baseline age, educational attainment, gender,
race/ethnicity, functional status, neighborhood social cohesion, neighborhood pedestrian risk, and

neighborhood walkability
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Figures

Figure 3.1. Scatterplots of PASE scores across waves showing both correlation and

variation across waves

Wave 2/Wave 3 PASE scores (r=0.69)

Wave 1/Wave 2 PASE scores (r=0.65)
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Figure 3.2. Scatterplots 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.
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Figure 3.3. Estimated PASE scores and 95% prediction intervals for two hypothetical
subjects at each wave

The subject represented by the red dots and lines lives in a high disorder neighborhood whereas the one
represented by the blue line lives in a low disorder neighborhood. These predicted values indicate a
difference in PASE score by baseline level but high variability in overall score and no interaction between

baseline disorder and PASE trajectory over time.
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Chapter 4: Longitudinal Physical Activity Patterns among Older

Adults: a Latent Transition Analysis

Abstract

Background

Older adults engage in many types of physical activity, including sports and recreation, walking, home
repair, and housework. Most studies of the causes of activity focus on overall physical activity or select a
single activity to focus on. Both these approaches may fail to capture nuance in older adult activity

patterns, particularly as activity is affected by contextual factors such as neighborhood disorder.
Methods

We performed a latent transition analysis to identify patterns of activity types in a cohort of 2,023 older
adult residents of New York City and to explore determinants of changes in those activity types over two

years of follow-up in relation to individual and contextual factors.
Results

Our analysis identified seven latent classes, which we named Mostly Inactive, Walking, Walking and
Exercise, Household Activities, Household Activities and Exercise, Household and Gardening, and
Household, Gardening and Exercise. Individual and neighborhood disadvantage was associated with
membership in the classes defined by participation in fewer types of activities. At each wave, about 75%
of subjects remained in the same class they had been in in the previous wave. Most transitions between
classes occurred in or out of classes defined by exercise. There were indications that more
neighborhood disorder was associated with moving out of a class defined by exercise (OR = 1.38, 95% CI
=0.96, 2.00 between waves 1 and 2, OR =1.33, 95% CI = 0.88, 2.15 between waves 2 and 3), but

estimates were too imprecise to rule out chance associations.

Conclusions
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Patterns of activity types were generally stable, with the notable exception of engagement in exercise.
More neighborhood disorder was consistently, but not statistically significantly, associated with ceasing

participation in exercise.
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Introduction

Researchers studying built environment influences on physical activity, including among older adults,
have frequently invoked the need for specificity in both environment measures and activity measures
[122, 180-183]. For example, pleasing neighborhood aesthetic characteristics are more plausibly an
influence on walking in one’s neighborhood than on one’s occupational physical activity. A study using a
measure of total daily physical activity to assess the impact of neighborhood aesthetics on walking would

thus have less power to detect a true effect than one using a measure of walking alone [48].

However, from the standpoint of health promotion among older adults, it may also be problematic to study
a single form of activity, such as walking, in isolation. Qualitative evidence suggests that older adults
show interest in multiple forms of activity, including not only organized sports or exercise classes but also
inexpensive, unstructured activities such as gardening [184]. Neighborhood support for those various
forms of activities may vary significantly depending on setting. For example, urban neighborhoods
conducive to walking may lack space for gardening, whereas rural settings may lack access to

recreational facilities or walkable destinations [185, 186].

Moreover, conventional measures of total physical activity such as metabolic-equivalent units (METSs) of
energy expenditure [82] may also oversimplify physical activity’s effects on health behaviors and health
outcomes. Conventionally, researchers have used physical activity measures constructed by combining
reports of intensity, frequency, and duration of subjects’ activities to estimate total or mean energy
expenditure [82]. While this approach provides an integrated measure of total activity, it hides information
about which activities a subject engages in, or when within the day or the week that activity occurs. These
ignored details, which may be related to cultural, gender, race, or disability related factors, may be highly
relevant for determining the factors contributing to activity decisions. For example, two individuals may
expend the same amount of energy in a week, but if the first expends the energy through daily gardening
tasks and the second attends an intensive bi-weekly exercise class, the impact activity may have on the

individuals’ physical and mental health may be quite different. [187-189].

However, there are challenges in working with fully disaggregated activity data. For example, analyzing

each type of activity (e.g. dishwashing, racquetball, carpentry) separately would require impractically
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large sample sizes to garner statistical power owing to the small proportion of the population engaging in
some activities. As a result, physical activity researchers have recently begun to consider patterns of
activity with respect to time or activity type rather than, or in addition to, total energy expenditure. These
researchers have used several analytic techniques to date, including: analyses of patterns of activity in
minute-by-minute high density accelerometer or fithess tracker data sets; latent class growth models of
trajectories of energy expenditure through time; and latent class analyses of questionnaire data to classify
study participants into groups with relatively homogeneous activity patterns. These analytic approaches
retain theoretically relevant components of the heterogeneity in the underlying data while also collapsing
similar groups to increase statistical power as compared to what would be available in fully disaggregated
data. Indeed, pattern-oriented approaches may have greater power than energy expenditure approaches.
For example, if differing patterns of activity produce similar total energy expenditure, but these differing
patterns of activity are associated with health behavior or health outcomes, studies that analyze only total

energy expenditure will have low power to detect relevant associations.

We previously applied a latent class analysis to data from the first wave of NYCNAMES-II to classify
study participants into 5 groups typified by engagement in differing types of activity. These classes were
statistically significant predictors of BMI and depressive symptom count independent of total PASE score
[45]. Similarly, a recent analysis of children’s activity patterns using minute-by-minute accelerometer data
identified a relationship between asthma and timing of physical activity, with decreases in activity seen
among children with asthma during the noon to 6 PM time period, when ozone levels are highest [190].
Prior analyses of total accumulated activity using the same dataset over the full monitoring period failed to

identify an association between activity and asthma status.[190].

Thus, holistic approaches to physical activity research that identify and analyze patterns of activities may
shed light on the contextual supports for and barriers to types of activity above and beyond what could be
identified from analyses of energy expenditure alone. In particular, longitudinal mixture modeling
techniques such as latent transition analysis may identify characteristic patterns of types of activity [191],
wherein subjects may switch between patterns over time. These switches and the variables that predict

them may in turn help to identify influences on activity patterns. However, while such mixture models have
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been applied to types of activities adolescents [192] and younger adults [44] engage in, to the best of our
knowledge, no prior study has applies a latent transition analysis to examine patterns of types of activities

older adults engage in longitudinally.

In this chapter, we use a latent transition analysis to identify patterns of activity and changes in those
patterns of activity over two waves of follow up in the same cohort of older adults we analyzed in Chapter

3.

Methods

Subjects and setting

Like Chapter 3, this analysis used data from NYCNAMES-II, a longitudinal study of residents of New York
City aged 65-75 at baseline [45]. Subjects were initially recruited by phone, starting in May 2011 and
continuing through November 2011. The final sample size at baseline was 3,497. Abt-SRBI attempted to
re-contact each subject by telephone once in summer or fall 2012 and once in summer or fall 2013. Each
subject who was successfully recontacted was asked to complete a 30-minute follow-up interview to
assesses changes in mental and physical health status, functional status, and neighborhood perceptions.
At Wave 2, 2,455 subjects (70.2%) were successfully re-intereviewed, and 2,355 (67.3%) were re-
contacted at Wave 3, of which 2,023 had been re-contacted at Wave 2. At each wave, subjects were paid

$10 for participating, either in the form of a CVS gift card as a check.

Measures

Demographics and Exposure Measures

All demographic measures, including self-reported sex, age, educational attainment, race/ethnicity, health
status, and income were assessed only at baseline. As in Chapter 3, we categorized age at baseline as
65-68, 69-71, and 72-75 and categorized household income as <$20,000, $20,000-39,999, $40,000-
79,999, and 2$80,000. We categorized education levels were as less than high school graduate, high
school graduate, some college, or college graduate. We analyzed health statuses as they were reported:

excellent, good, fair, or poor. Finally, we categorized race/ethnicity as Non-Hispanic Black, Non-Hispanic
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White, Hispanic, and Other.

Physical Activity

All subjects who were followed up successfully were asked at each wave about frequency, duration, and
intensity of past week physical activity, using sixteen items derived from the Physical Activity Scale for the
Elderly (PASE) [138, 141, 142] and detailed in Appendix Table 1. The full PASE instrument includes an
item to assess job-related activity, but that item was not assessed in this mostly retired cohort (12%
employed at baseline). PASE items whose response could be inferred from previous responses were not
assessed. For example, subjects who had previously indicated during this wave’s interview that they
walked for zero days in the last week were not asked how much time they spent walking on days they

walked.

The PASE instrument was designed to be scored as a continuous measure reflecting total physical
activity, a formulation that was used in the previous chapter. Individual items included on the PASE
guestionnaire do not directly assess independent categories of activity; as such, the questionnaire items
required recoding for ease of substantive interpretability and to avoid overfitting latent class models due
to item redundancy. Consistent with a previous latent class analysis using PASE items [45], we recoded
the sixteen ordinal item responses to twelve dichotomous indicators as follows. There are five physical
activity domains where PASE assesses both number of days and average duration which the subject
engaged in the activity (walking, light recreational activity, moderate recreational activity, strenuous
recreational activity, and muscle strengthening exercises), we computed average duration per week for
each subject. Because each level of recreational activity intensity was relatively rare on its own and
because the energy expenditure from many recreational activities varies greatly depending on how the
activity is performed (e.g. cycling can range from 3.5-16.0 MET units, depending on how vigorous the
cyclist is) [193] and hence is subject to misclassification, we did not expect distinguishing recreational
activity by vigor to produce interpretable classes. We therefore summed the measures of recreational
activity at three intensity levels into one measure reflecting participation in any sport or recreational
activity. Finally, for the resulting three domains for which we computed duration per week (walking, sports

and recreation, and muscle strengthening), we computed two indicators: an ever- indicator set to true if
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the subject reported more than 0 minutes/week of the given activity and an often- indicator set to true if
the subject reported more than 30 minutes/week of activity. The resulting indicators, their prevalence at
each wave, and the maximal MET unit value of any activity associated with that indicator is shown in
Table 4.1. This recoding has been used in a previous analysis; several alternate recoding options that

were tested in that analysis resulted in less substantively interpretable latent classes [45].

Statistical Analysis

We used a latent class analysis extension to SAS to identify latent classes and assign transition
probabilities between classes [194]. For each identified class, we computed median PASE score within
the class and the maximal MET score associated with any activity implied by the class to provide an
interpretive bridge from these identified classes to more traditional physical activity measures. To
increase model interpretability, we imposed measurement invariance across waves, such that the model
classifying subjects into a latent class was consistent across waves. Models including covariates in the
model fitting step failed to converge. Accordingly, we used a ‘three-step’ modal assignment approach
common in latent class analyses [195]. In this approach, step 1 refers to fitting the model, step 2 refers to
assigning each subject to the latent class fitting her or his activity pattern best, and step 3 refers to fitting
separate multinomial models to assess predictors of class membership and transition between classes. In
general, observed associations in three-step models underestimate true associations [196]; we thus
expect any bias due to the necessity of using a three-step modal assignment approach to be towards the

null.

Whereas in Chapter 2, we used inverse probability of censoring weights to account for loss to follow-up,
we were unable to do so for the latent transition analysis because the SAS extension package we used
does not at present (version 1.3.1) support weighted analyses [194]. Because latent transition analysis
also requires observations at all waves for all subjects, we limited our latent transition analysis to subjects
who were observed during all 3 waves. After using assigning each subject a latent activity class at each
wave, subsequent analyses used inverse probability of observation weights for each subject at each
wave. Specifically, we modeled the logit of being observed in all three waves as a linear function of

gender, race/ethnicity, educational attainment, borough of residence, neighborhood disorder,
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neighborhood pedestrian injury rate, and self-reported health status. We used the inverse of the modeled
probability as a weight, as described by Robins, et al. [158]. We then multiplied these weights by the
baseline sampling weights to compute final weights for analysis, such that, as in the previous chapter,
results are representative of the population of non-institutionalized New York residents aged 65-75
according to the 2010 US Census (n=571,323). As in the previous chapter, all analyses of LTA classes in
relation to covariates accounted for missing covariates by combining results across 5 multiply imputed

datasets using Rubin’s rules.

Because our initial explorations identified relatively stable latent classes wherein the most common
transitions were defined by adding or removing recreational sports and muscle strengthening exercises,
we focused the third steps of our analyses on the transitions into and out of these exercise-including
classes. Specifically, we used weighted Poisson regression with sandwich estimated standard errors to
calculate relative risk associated with entering or leaving a latent class incorporating exercise to or from

the comparable latent class not incorporating exercise [197].

We used SAS Version 9.3 (Cary, NC) to assign latent classes and performed all subsequent analyses in

64-bit R for Windows version 3.2.3 (Vienna, Austria).

Results

Data were available for all three waves for 2,023 (58%) of the initially recruited 3,497 subjects. As
compared to the full cohort, subjects who completed three waves of data collection and accordingly were
included in the latent transition analysis were somewhat more likely to be non-Hispanic White, well-

educated, and high income (Table 4.2).

Model fit statistics best supported a seven latent class model (Appendix Table 4.2). The seven class
model also had acceptable substantive interpretability and a good balance of class prevalence (no class
contained less than 10% of the overall cohort). After examining the activity patterns by class, we named
the classes Mostly Inactive, Walking, Walking and Exercise, Household Activities, Household Activities

and Exercise, Household and Gardening, and Household, Gardening and Exercise, respectively. Table
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4.3 describes the latent classes statistically, showing the probability of endorsing each item within each

latent class and the prevalence of each latent class at each wave.

Class membership at baseline was strongly associated with individual and neighborhood characteristics.
In general, membership in the two less active classes, Mostly Inactive and Walking, were associated with
indicators of social disadvantage, such as minority race/ethnicity (35% of non-Hispanic Blacks’ activity
class was Mostly Inactive or Walking as compared to 23% of non-Hispanic Whites), lower income (38% of
those with household incomes below $20,000 were in the Mostly Inactive or Walking classes as
compared to 21% of those with household incomes over $80,000) and living in neighborhoods with more
disorder (33% of those in neighborhoods above the median disorder level were in Mostly Inactive or
Walking, as compared with 23% of those living in neighborhoods below the median disorder level, Wald
test p < 0.01). Table 4.4 shows the prevalence of latent classes within strata of selected demographic
and neighborhood characteristics, and Figure 4.1 shows the distribution of neighborhood disorder

measures within each latent class.

Class membership was fairly stable across waves, with about three of every four subjects in each class
remaining within their prior latent class across waves and about two of every three in the same class in
waves 1 and 3. Transitions between latent classes were most common between latent classes whose
defining difference was the addition or subtraction of engaging in recreational sports (Table 4.5, Appendix
Figure 4.1). Figure 4.2 depicts the most common transitions between latent classes, including the types of

activities defining the differences between classes.

Because most latent class transitions occurred while initiating or ceasing sports and recreation as an
activity, we explored predictors of transitioning to and from classes defined by sports and recreation. In
bivariate models, older age, less educational attainment, lower income, and above median neighborhood
disorder were associated with transitioning from a class including sports and recreation to one that did not
(Table 4.6). In multivariable models (Table 4.7), age was strongly associated with transitioning to latent
classes not defined by sport and recreational activity between waves 1 and 2 (Relative Risk [RR] = 2.09,
95% CIl = 1.21, 3.60 comparing the oldest to the youngest subjects). However, the association did not

persist between waves 2 and 3 (RR: 0.78, 95% CI = 0.35, 1.70). There were indications that more

56



disorder was consistently associated with transitioning from a sports-defined class as well, but precision
of the weighted estimates was low to rule out chance (RR: 1.27, 95% CI = 1.00, 1.61 between waves 1

and 2, RR: 1.28, 95% CI = 0.85, 1.93 between waves 2 and 3)).

Whereas several covariates were associated with transitioning out of a latent classes defined by sports
and recreation, none of the explored variables were strong predictors of transitioning into such a latent
class. Multivariable models predicting transition from a class not defined by sports and recreation to one

defined by sports and recreation were similarly uninformative (Table 4.8)

Discussion

In this chapter, we used latent transition analysis to identify seven patterns of physical activity performed
by a cohort of older adults aged 65-75 in New York City. Based on the types of activity subjects engaged
in, we labeled the patterns: 1) Mostly Inactive, 2) Walking, 3) Walking and Exercise, 4) Household
Activities, 5) Household Activities and Exercise, 6) Gardening and Household Activities, and 7)
Gardening, Household Activities, and Exercise. Transitions between classes over 3 waves of data
collection were very uncommon, with the exception of transitioning between classes that were roughly
equivalent except for the presence or absence of exercise. There were indications that older age group
and more disorder were associated with transitioning out of a class marked by exercise, though neither
covariate was consistently statistically significant. Taken together, these findings indicate that though
there are between-individual differences in the patterns of activity engaged in by older adults, on
average, there is little within-individual difference in activity patterns over the three year period of this
study. In short, study participants in general maintained habitual patterns of activity over the study period.
- The finding that exercise activity, specifically muscle strengthening exercises, sports, and recreation,
was the type of physical activity most likely to be started or stopped between waves is intriguing. As noted
in the sensitivity analysis relating weather to overall activity and types of activity detailed in Chapter 3’s
appendix, this does not appear to be an artifact of differing weather or season across waves. Broadly
speaking, the built and physical environment more strongly affects engagement in active transport than
recreational activity, including exercise [47]. It may follow that in a cohort where few subjects moved and

the built and physical environment likely didn’t change much owing to the relatively short two-year follow-
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up period, exercise offers the best prospect for behavior change. Alternately, it may be that recreational
sports opportunities vary more week-over-week than other activity types assessed by PASE. For
example, a frequent tennis player may require an opponent and a court time to be available in order to
schedule a match; the probability that she reports recreational sports in any given week incorporates
variability due to this requirement, whereas a frequent gardener may have gardening tasks to accomplish
every week. This latter interpretation is consistent with a prior finding that a past-week version of a
physical activity survey for older adults had worse test-retest reliability than a past-3 months version of the

same survey [198].

Our analysis adds to the literature regarding the changing patterns of activity as adults age. One 2012
study of patterns of physical activity over 12 years among older adult women aged 70 and older at
baseline identified four patterns of total activity [46]. Three of the patterns identified in that study, which
together accounted for 80% of the women, were defined by roughly constant levels of activity over time,
consistent with our finding that activity patterns among older adults, once set, are resistant to change.
This finding is further supported by several studies assessing trajectories of total physical activity or
leisure-time physical activity in other age groups that have also found activity to be constant over time for
the majority of subjects [199-201]. The degree to which this consistency is due to consistent behavioral
habits among the subjects as opposed to consistent environmental influence applied to the subjects is an

area for future research among older adults who change residences.

Whereas a prior study of patterns of activity in this cohort at baseline had identified five latent classes
[45], this analysis, which incorporated activity at three waves, identified seven. Three of the classes
identified in this analysis (Mostly inactive, Gardening and Household Activities, and Gardening,
Household Activities, and Exercise) are roughly equivalent to three that were identified in the baseline-
only analysis. The other four identified here are similar to the remaining two, but the year-over-year
changes in sports and recreation and muscle strengthening exercises decrease the covariance between
those indicators and the other activities defining the classes. This results in two pairs of classes
(Household Activities and Household Activities and Exercise; Walking and Walking and Exercise) that are

similar except for participation in exercise.
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[202] The patterning of transitions we observed, highlighted in Figure 4.2, is an additional novel
contribution of this work. Whereas conventional physical activity research using a single measure of
activity, such as MET-Hours of activity per week, is unable to assess the dimensionality of changes in that
activity, this latent transition analysis decomposes overall change into more specific between-activity
changes. Indeed, that the maximum MET score, a measure of the maximal potential intensity of activity
[193], does not rank latent classes in the same order as they would be ranked by median PASE score
within a class, a measure of total activity [138, 141, 142], is consistent with our understanding that the
different patterns of activity reflect both different activity capabilities and different activity intentions among
our subjects [203]. The latent classes thus describe distinct patterns of activity, for example whether a
subject works in his or her home and garden, rather than an ordered categorization of subjects by energy

expenditure.

This analysis had several notable strengths. Though several prior studies have applied latent class
growth models or repeated measures latent class analyses to assess trajectories of total activity among
adult populations [46, 199, 200], to the best of our knowledge, this was the first analysis to identify
longitudinal patterns of activity types among older adults. Additionally, though we could not incorporate
sampling weights in computing latent classes, our remaining analyses were weighted to allow an estimate

of the population prevalence of the latent classes we did identify.

However, our findings should be considered in light of the following limitations. First, because we were
unable to conduct the latent transition analysis in the full population, the identified patterns are
representative of patterns of activity type among the generally healthier and more privileged groups that
were followed up for three waves and may not represent patterns of activity types among older adults
more broadly. Our concerns on this front are somewhat mitigated by the similarity between the latent
classes identified here and those identified in this cohort at baseline only, as described above, and by our
use of weights in analyses of transitions between classes. Second, because NYCNAMES-II had a low
response rate, even the full sample may not represent the older adult population of New York City. As in
Chapter 3, our use of a population based sample and incorporation of sample weighted analyses

somewhat diminishes our concerns on this count. Third, because our only measure of activity types was a
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survey of past-week activity, there may have been substantial misclassification in our activity measure.
We note, however, that the relative stability of latent classes between waves would require the
misclassification to be consistent within people over time, and prior studies have generally found PASE to
be reliable and valid [138, 139, 142, 204]. Furthermore, though research is evolving on identifying activity
types from GPS and accelerometer measures [205-208], survey-based measures remain the core metric
for research on activity types [209, 210]. Additionally, in this as in most observational studies of residential
context as a determinant of activity, we were unable to fully account for ‘residential self-selection’, or the
tendency for people with a choice of places to live to choose the places that best support their behavioral
preferences [211]. However, as in most observational studies of residential context, we did adjust for

primary determinants of residential location, including household income and subject race/ethnicity [212].

A final but important limitation to this analysis is that, as in all latent classification analyses, class labels
were selected by researchers rather than derived from data, and thus are intrinsically value-laden [202].
As a result, caution must be taken when interpreting classes by hame. For example, whereas the
“household activities” latent class is defined in opposition to the “household activities with exercise” class
by the latter's much more frequent engagement in exercise activities, twenty percent of the members of
the “household activities” latent class reported some sports and recreation activities. Indeed, while the the
class labels we selected reflect our reading of the types of activities reported by the survey, PASE was
not developed with latent class analyses in mind, and we had to recode item responses prior to fitting
latent classes models to make the model input more appropriate and interpretable [45]. Future
investigation of patterns of activity types might benefit from more open-ended survey options, perhaps
taking inspiration from food frequency questionnaires, which have been developed with an expectation of
identifying patterns [213]. For example, long-form activity questionnaires that assess the activity engaged
in, intensity, frequency, duration, and time of day of each activity bout, though onerous for subjects, might
provide the base evidence for a re-evaluation of what should be included on a short-form or grist for a
latent class or principal components analysis. A complementary approach, particularly as high-tech
devices including mobile phones are incorporated into research, might be the development of dynamic
protocols — wherein a subject’s mobile phone prompts the subject to identify an activity they'd recently

undertaken. Such protocols could be designed with pattern identification in mind. For example, if a
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subject is active at 8:30 AM every day, it might be especially important to prompt to determine whether

that activity represents an active commute.

In summary, this latent transition analysis identified seven patterns of activity types observed over two
years in older adult residents of New York City. Patterns of activity types were generally stable, with the
notable exception of engagement in exercise. These patterns of activity suggest that barriers to both
starting and stopping exercise may be more transient, whereas barriers to other daily life activities may be

more constant over time.
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Tables

Table 4.1. Prevalence and examples of the categories of past-week physical activity used for this analysis of 2,023 New
York City residents aged 65-75, surveyed between June 2011 and November 2011.

Activity Category Wavel Wave2 Wave3 Examples” Approximate MET range
Ever-Sports 55.2 54.8 55.2 Golf, dancing, basketball, hiking, jogging 314
Often-Sports 27.9 26.6 25.3 Sports for more than 30 minutes a day
Ever-Exercises 37.6 36.8 38.4 Calisthenics, sit-ups, weight lifting
Often-Exercises 5.9 5.2 55 Exercises for more than 30 minutes a 2-14

day
Ever-Walking 91.5 90.6 90.2
Often-Walking 52.6 50.0 50.0 Walking for more than 30 minutes a day 2-5°
Caring for Others 31.1 30.4 31.2 Caring for a person who requires

assistance with daily living tasks such as 2-4

showering
Outdoor Gardening 21.1 18.7 20.5 Planting plants, pruning, weeding 2-4
Heavy Housework 545 54.3 53.0 Vacuuming, sweeping, moving furniture 3-7
Home Repairs 10.7 9.8 10.5 Painting, plumbing, carpentry 2-6
Light Housework 92.0 92.1 92.2 Washing dishes, ironing, laundry 2
Lawn Work or Yard 17.5 16.4 16.7 Shoveling snow, lawn mowing 3.6
Care

MET: Metabolic-Equivalent Units
! listed activity types are taken from the Physical Activity Scale for the Elderly (PASE) instrument
2 assuming walking no faster than a ‘very brisk’ pace
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Table 4.2. Selected Characteristics of NYCNAMES-II Study Population and the Subset
Who Completed All Three Waves of Data Collection

Study Population Completed Three Waves

(N=3,497) (N=2,023)

Characteristic % %
Age

65-68 34 34

69-71 23 21

72-75 43 45
Sex

Female 60 61

Male 40 39
Race/Ethnicity

Non-Hispanic White 52 55

Non-Hispanic Black 31 30

Hispanic 11 9

Other 7 6
Educational Attainment

Less than High School 19 16

Completed High School 27 26

Some College 18 17

Completed College 36 41
Household Income

Less than $20,000 36 33

$20,000-40,000 25 24

$40,000-80,000 21 22

More than $80,000 18 21
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Table 4.3. Item response probabilities by latent class

Household Gardening and Gardening,
Walking Activities and Household Household
Mostly and Household Exercise Activities Activities, and
Activity Inactive  Walking Exercise Activities Exercise

Ever-Sports 13% 33% 100% 28% 100% 35% 100%
Often-Sports 1% 0% 73% 0% 64% 0% T7%
Ever-Exercises 21% 25% 70% 22% 55% 22% 65%
Often-Exercises 2% 1% 15% 2% 6% 3% 17%
Ever-Walking 36% 100% 98% 95% 99% 96% 99%
Often-Walking 0% 40% 73% 47% 78% 45% 73%
Caring for Others 13% 19% 17% 36% 43% 38% 44%
Outdoor Gardening 1% 2% 6% 3% 4% 7% 85%
Heavy Housework 10% 8% 16% 83% 84% 75% 7%
Home Repairs 2% 3% 2% 6% 11% 25% 33%
Light Housework 68% 90% 85% 100% 99% 96% 96%
Lawn Work or Yard Care 0% 1% 2% 2% 3% 66% 75%
Proportion of Cohort

Wave 1 11% 16% 11% 24% 16% 11% 12%

Wave 2 11% 16% 12% 24% 16% 12% 10%

Wave 3 12% 16% 10% 23% 17% 12% 10%
Estimated Proportion of
Older Adult Residents of
New York

Wave 1 12% 17% 9% 26% 14% 11% 11%

Wave 2 12% 17% 8% 26% 14% 13% 10%

Wave 3 12% 17% 8% 25% 15% 14% 9%
Estimated MET value of

most vigorous activity

undertaken by majority of

class members 2 5 14 7 14 7 14
PASE scores of subjects in

this class, median (IQR) 25 (26) 38 (22) 67 (34) 68 (36) 100 (36) 117 (49) 153 (53)

PASE: Physical Activity Scale for the Elderly



Table 4.4. Prevalence of latent classes at baseline by selected individual and
neighborhood characteristics

Characteristic
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Age
65-68 10% 16% 9%  27% 17% 9% 12%
69-71 11%  15% 12% 24% 12% 15% 12%
72-75 13% 19% 9%  26% 14% 9% 10%
Sex
Female 8%  18% 10%  21% 16% 13% 14%
Male 14% 16% 8%  30% 14% 10% 8%
Race/Ethnicity
Non-Hispanic White 8%  15% 11% 23%  14% 15% 15%
Non-Hispanic Black 14% 21% 5% 30% 14% 9% 7%
Hispanic 19% 14% 8%  35% 15% 3% 5%
Other 10%  16% 11% 22% 19% 13% 10%
Educational Attainment
Less than High School 20% 15% 6%  33% 11% 9% 5%
Completed High School 10% 19% 7% 27% 15% 14% 9%
Some College %  16% 7%  24% 21% 11% 14%
Completed College 6%  17% 16%  18% 15% 12% 17%
Household Income
Less than $20,000 21% 18% 6% 30%  13% 8% 4%
$20,000-40,000 8%  16% 6%  28% 21% 9% 12%
$40,000-80,000 4% 16% 9%  24% 12% 17% 17%
More than $80,000 4%  15% 20% 16% 10% 16% 17%
Disorder
Above Median 14% 19% 8% 28% 16% 9% 7%
Below Median 9%  14% 10%  24% 14% 14% 15%
Unemployment
Above Median 15% 17% 6% 28% 15% 9% 10%
Below Median 8% 16% 12% 24% 15% 13% 11%
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Table 4.5. Probability of Transitioning Between Classes Across Waves, as computed by
the Latent Transition Analysis

Wave 2
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= Mostly Inactive 79% 3% 3% 14% 0% 1% 0%
Walking 2% 82% 8% 4% 0% 3% 0%
Walking and Exercise 3% 25% 59% 4% 6% 2% 2%
Household Activities 7% 0% 1% 74% 12% 5% 1%
Household Activities and o o o o o o o
Exercise 0% 0% 2% 24% 70% 0% 3%
far.d‘?r.“”g and Household o, 5, 3% 2% 0% 78% 13%
ctivities
Gardening, Household o o o o o o o
Activities, and Exercise 0% 0% 4% 1% 4% 20% 71%
Wave 3
Mostly Inactive 84% 11% 0% 4% 0% 0% 0%
Walking 5% 79% 9% 6% 0% 1% 0%
Walking and Exercise 4% 11% 67% 6% 0% 5% 7%
Household Activities 4% 4% 0% 78% 10% 5% 0%
3 Housghold Activities and 0% 5% 0% 14% 81% 0% 0%
0 Exercise
Q@ Gardening and Household o o o o o o o
= Activities 3% 0% 2% 5% 2% 77% 10%
Gardening, Household 1% 0% 4% 20 A%  17% 72%

Activities, and Exercise
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Table 4.6. Descriptive statistics showing the probability of making a latent class transition related to stopping sports at
each wave, weighted to population of adults residents of New York City aged 65-75

L9

Wave 1to Wave 2 Wave 2 to Wave 3
Predictor Sports at W1 Stopping at W2 Starting at W2 Sports at W2 Stopping at Starting
W3 at W3
Baseline Age % %" %° %> %" %°
65-68 37 14 8 37 12 7
69-71 35 24 11 33 17 4
72-75 33 31 9 30 14 9
Education
<HS 23 39 10 21 14 7
HS grad 31 24 10 30 20 5
Some College 42 16 7 39 15 9
BA or More 48 16 8 45 8 14
Income
< 20K 23 28 8 23 14 7
20K-40K 39 24 12 36 21 8
40K-80K 38 19 6 36 9 11
80K + 48 19 11 46 10 8
Disorder
Above Median 30 26 7 28 17 8
Below Median 39 20 11 38 11 8
Overall 34 23 9 32 14 8

®Percent of the total cohort in this stratum at this wave whose activity class included exercise

®Percent of the total cohort in this stratum whose activity class included exercise at this wave whose activity class did not include exercise in the
next wave

®Percent of the total cohort in this stratum whose activity class did not include exercise at this wave whose activity class included exercise in the
next wave



Table 4.7. Results of a multivariable Poisson model predicting transitioning from a latent
class characterized by exercise to one not characterized by exercise

Wave 1 to Wave 2
Relative Risk of

Wave 2 to Wave 3
Relative Risk of

Stopping Exercise 95% ClI Stopping Exercise 95% ClI
Baseline Age
65-68 REF - - REF - -
69-71 1.60 0.85 3.02 0.64 0.24 1.69
72-75 2.09 1.21 3.60 0.78 0.35 1.70
Education
<HS 2.17 1.03 4.55 0.79 0.28 2.24
HS grad 1.34 0.73 2.47 1.40 0.56 3.49
Some College 1.06 0.49 2.27 1.18 049 2.84
BA or More REF -- -- REF - --
Income
< 20K 0.78 0.32 1.92 1.28 0.49 3.36
20K-40K 0.81 0.36 1.83 2.51 0.92 6.82
40K-80K 0.94 0.45 2.00 0.89 0.31 255
80K + REF -- -- REF - -
Neighborhood Disorder
Per SD 1.27 1.00 1.61 1.28 0.85 1.93
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Table 4.8. Results of a multivariable Poisson model predicting transitioning to a latent
class not characterized by exercise to one characterized in part by exercise

Wave 1 to Wave 2
Relative Risk of

Wave 2 to Wave 3
Relative Risk of

Starting Exercise 95% CI Starting Exercise 95% ClI
Baseline Age
65-68 REF - - REF -- --
69-71 1.46 0.70 3.05 0.57 0.22 157
72-75 1.14 0.56 2.32 1.31 0.57 3.00
Education
<HS 1.28 0.54 3.06 0.80 0.31 210
HS grad 1.18 0.57 2.45 0.24 0.08 0.72
Some College 0.90 0.42 1.93 0.95 0.43 2.08
BA or More REF - - REF -- --
Income
< 20K 0.70 0.26 1.86 1.09 0.31 3.79
20K-40K 1.10 0.47 259 0.98 0.28 3.49
40K-80K 0.58 0.20 1.71 1.62 0.53 4.95
80K + REF -- -- REF -- --
Neighborhood Disorder
Per SD 0.90 0.65 1.26 1.05 0.70 1.57
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Figures

Figure 4.1. Box plot displaying neighborhood disorder level distribution for each latent class
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Figure 4.2. Latent classes identified in this analysis, including arrows noting the common
transitions between classes and the activity type defining that transition.
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Chapter 5: A Neighborhood-environment wide association study (NE-

WAS) of physical activity

Abstract

Background

Studies of neighborhood context as a correlate of physical activity typically select a modest number of
theoretically informed environmental characteristics to study, analogous, in a genetic context, to a
candidate-gene study. We conducted a pilot agnostic ‘Neighborhood Environment-Wide Association
Study (NE-WAS) approach to studying neighborhood influences on physical activity, analogous, in a

genetic context, to a Genome Wide Association Study (GWAS) approach.
Methods

NYCNAMES-II was a telephone survey of 3,497 adult residents of New York City aged 65-75. Using
Geographic Information Systems and a variety of previously compiled measures of New York City’s social
and physical environment, we constructed 337 measures of neighborhood context for each subject. We
explored survey-weighted regression models, LASSO regression, and random forest approaches to
select the neighborhood measures most predictive of each of 1) overall physical activity, 2) gardening, 3)

walking, and 4) housework.
Results

Of all 337 measures, proportion of residents living in extreme poverty was most strongly associated with
total physical activity (estimated decrease of 0.85 Physical Activity Scale for the Elderly units (95% CI:
0.56, 1.14) per 1% increase in proportion of residents living with household incomes less than half the
federal poverty line). Only neighborhood socioeconomic status and disorder measures were associated
with total activity and gardening, whereas a broader range of measures was associated with walking. As

expected, no neighborhood measures were associated with housework after accounting for multiple
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comparisons. Regression resulted in more interpretable comparisons between measures than empirical

variable selection approaches.

Discussion

A systematic approach to comparing neighborhood measures to activity measures revealed patterns in
the domains of neighborhood measures associated with activity. The NE-WAS approach appears

promising.
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Introduction

Despite considerable qualitative evidence supporting the concept that neighborhoods influence physical
activity in older adults [37, 169] and the development of numerous theoretical frameworks [19, 26, 27, 38]
exploring these conceptual links, quantitative evidence confirming specific neighborhood factors

supporting specific activities has been inconsistent [69].

One reason for inconsistency may be the difficulty of objectively measuring neighborhood constructs
described qualitatively. For example, in interviews, older adults frequently indicate that they don’t like to
walk in their neighborhoods if they feel that they may be targeted for crime [37]. However, measuring
neighborhood crime risk is extremely difficult [43]. The area defined by ‘neighborhood’ is subjective and
may vary as older adults lose or recover functional capacity [214-216]. Statistical results from spatial
models can be highly sensitive to geographic definition, so problems in neighborhood specification may
strongly affect study validity.[217-219] Furthermore, there are many ways to operationalize safety from
crime [43]. Whereas one study may operationalize neighborhood crime as reported neighborhood crime
in an administrative area such as a county or zip code [220], another may define neighborhood crime by
asking subjects to report perceptions of neighborhood safety [186]. Yet it is possible that still another
operationalization of neighborhood crime, such as using spatial analysis with techniques such as kriging
to estimate crime levels within a buffer around subject homes [149] would more accurately reflect the true
impediment to activity. If this were the case, both a zip code-base and a self-report-based study would

likely underestimate true effects due to non-differential measurement error [221].

A complementary reason for quantitative inconsistency is the sheer number of neighborhood measures
available to modern researchers. Increasingly powerful geographic information systems (GIS) tools and
spatial analysis techniques allow researchers to define neighborhoods in creative new ways, such as
radial buffers (the area within a given distance ‘as the crow flies’ from the subject’'s home address) or
network buffers (the area reachable via walking a given distance walk on city streets). Such neighborhood
definitions may be more relevant to subjects than definitions used by early neighborhood researchers,
such as the Census tract or zip code containing the subjects’ residence, but the proliferation of measures

creates more opportunities both for artefactual findings [157, 222] and inappropriate statistical control
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nullifying findings [223]. In the face of so many, often collinear measures, some researchers have called
for increased use of neighborhood typologies, as might be identified by a latent class analysis [224-226],
rather than specific neighborhood measures. While such techniques validly address researcher concerns
regarding multicollinearity of measures, such typology measures may also obscure true effects that might

be identified if measures were analyzed individually [181].

An alternate but complementary analytical approach to the multiplicity of measures draws an analogy to
the similar conundrum faced by genetic and ‘-omic’ molecular epidemiologists [227]. Along with others,
genetic epidemiologists have developed the so-called genome-wide association study (GWAS) approach,
wherein ‘agnostic’ or hypothesis-free empirical analytic approaches are used to search the whole genome
for the strongest genetic associations, which then assumed to be the best candidates for subsequent
research [228]. Recently, this agnostic paradigm has been replicated, first in the various high-throughput
‘~omic’ fields focused on biomarker discovery, and more recently in the environmental sciences with the
advent of ‘environment wide association studies’ (EWAS) [228-231]. Though such agnostic approaches
raise concerns regarding causal interpretation of findings, their systematic nature also enables more
straightforward replication [227, 232]. As increasingly sophisticated spatial tools increase the quantity of
contextual measures available to neighborhood researchers, neighborhood datasets increasingly
resemble GWAS and EWAS datasets. It follows that neighborhood research may similarly benefit by
drawing on systematic, agnostic, ‘Big Data’ research paradigms [233]. For example, empirical variable
selection methods such as penalized logistic regression may reveal neighborhood conditions influencing
physical activity that conventional approaches have not previously identified [234]. However, with a few

exceptions [235, 236], the use of empirical approaches in neighborhood health research has been limited.

In this chapter, we develop the Neighborhood Environment-Wide Association Study (NE-WAS) design,
taking explicit inspiration from the EWAS and GWAS approaches. Following the agnostic paradigm, we
first test each neighborhood measure as an independent predictor of total physical activity, controlling for
individual characteristics. Next, following more recent methodological developments primarily stemming
from epigenetic research, we apply machine learning empirical variable selection models to
algorithmically identify the most relevant predictors. Finally, we examine the robustness of identified

associations to variation in neighborhood definition.
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Methods

Subjects and setting

For this exploratory study, we use cross-sectional data from Wave 1 of NYCNAMES-II, a study of
residents of New York City aged 65-75. Sampling and recruitment for NYCNAMES-II has been described
previously [45]. Telephone recruitment started in May 2011 and was completed in November 2011. The
initial two hundred and nineteen (6.2%) surveys were completed by interviewers based at the New York
Academy of Medicine. The remaining 3,281 were completed by Abt-SRBI, a survey research firm. During
recruitment, a total of 39,792 telephone numbers were selected from a list of telephone numbers
purchased from InfoUSA that had previously been geocoded to census tracts. The response rate,
calculated as screen-outs (i.e. calls that where a household was contacted and the interviewer was able
to ascertain that no older adults lived in the household) plus interviews divided by all numbers selected
from the list, was 18%. The co-operation rate, calculated as screen-outs plus interviews divided by
screen-outs, interviews and declines, was 31%. Recruitment was terminated when the target 3,500
interviews had been completed; however, the data cleaning process revealed that three wave 1
interviews were with subjects who had previously been interviewed in wave 1. The second interviews for
these subjects were discarded, resulting in the final sample of 3,497 adults aged 65-75 living in New York
City. Subjects were given a $10 CVS gift card or a $10 check for participating. Surveys were conducted in

either English or Spanish.

To maximize power to detect differences due to urban forms and neighborhood racial/ethnic
compositions, phone numbers for recruitment were selected using a stratified sampling design. First, all
2,216 census tracts in New York City were classified into one of sixteen strata defined by categories of
household income (above or below the 50" percentile of median household income), racial/ethnic mix
(more than 75% non-Hispanic Black, more than 75% non-Hispanic White, more than 60% Latino, and
ethnically mixed) and walkability (above or below median walkability for New York City). To identify these
strata, median household income and racial/ethnic mix were used as reported by the 2006-2010
American Community Survey, and walkability was computed using a previously validated measure

incorporating Census measures and tax lot data [237]. For each subject, a sample weights was
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calculated as the inverse of 1) the probability that the subject’s census tract would be randomly selected
from among tracts in its stratum times 2) the probability that the subject’s household being selected from
the number of households containing an adult aged 65-75 estimated by the 2010 Census times 3) the
probability of the individual being selected from the number of adults aged 65-75 in the contacted
household. Final survey weights were the raked to New York City population estimates from the 2006-
2010 American Community Survey for gender and race/ethnicity and from 2010 Census estimates for

educational attainment and borough of residence.

Measures

Demographics and Exposure Measures

During the baseline interview, each subject reported his or her sex, age, educational attainment,
race/ethnicity, health status, and income. For analysis, we categorized age as 65-68, 69-71, and 72-75
and household income as <$20,000, $20,000-39,999, $40,000-79,999, and 2$80,000. We categorized
educational attainment as less than high school graduate, high school graduate, some college, or college
graduate. To maintain a balance of individuals in each racial/ethnic group, we categorized race/ethnicity
as non-Hispanic black, non-Hispanic white, Hispanic, and other. We used health status as it was
reported: excellent, good, fair, or poor. Because we theorized that the neighborhood environment should
only be able to influence physical activity among subjects whose health permitted outdoor physical

activity, we excluded those who reported poor health from the primary analysis.

Physical Activity

Physical activity was assessed at baseline using sixteen items derived from the Physical Activity Scale for
the Elderly (PASE) [138, 141, 142], a validated survey tool for assessing physical activity among older
adults. The PASE instrument assesses past-week physical activity in a number of domains, including
strengthening exercises, sports and recreation, walking, gardening, and housework. Exercises, sports
and recreation (subdivided as light, moderate, and vigorous), and walking are each assessed with two
items, the first assessing frequency of walking bouts and the second assessing average duration walked
during each bout; remaining items are assessed as ever- or never-. As detailed in Chapter 3, the PASE

score is a linear combination of all sixteen items that reflects total physical activity (r=0.68 with a doubly-
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labeled water assessment of physical activity in one validation study [141]) but is not directly interpretable

in terms of energy expenditure [138, 142].

Neighborhood Measures

During the baseline interview, each subject reported his or her home address. We geocoded these
addresses using GeoSupport, a New York City-specific geocoding tool released by New York’s
Department of City Planning. Ninety-six percent of addresses were successfully geocoded to a rooftop;
the remaining four percent were assigned the age 65-74-population weighted centroid of the reported ZIP
code as a home location. For each subject, we defined the residential neighborhood as the land area
reachable by city streets within a given distance of the geocoded home location, an area referred to as a
network buffer and frequently used in neighborhood research [156, 157, 222]. Our primary analysis used
Y2 km network buffers; a follow-up analysis described below compared these results to those found using

1 km network buffers.

For each subject, we compiled 337 unique neighborhood measures from a variety of sources.
Specifically, demographic and economic characteristics came from the 2006-2010 American Community
Survey. Urban form measures were constructed from TIGER/Line shapefiles describing street layout, the
New York Metropolitan Transit Authority’s ridership reports and a LIiDAR scan of the city [137, 238]. Crime
and disorder measures were compiled from a measure of crime risk developed by ESRI, Inc., municipal
street cleanliness records, an systematic virtual audit using Google Street View imagery, and homicide
incident locations as reported by the New York City Police Department to the New York Times [150, 155,
239, 240]. Parks measures, including boundaries and park cleanliness were obtained from The New York
City Department of Parks and Recreation [241]. Pedestrian and cyclist injuries counts were compiled
from records initially recorded by reporting police officers [242]. Many economic measures make

reference to the federal poverty threshold; the threshold was $22,113 for a family of four in 2010 [243].

In order to discern patterns among the forms of support for and barriers to physical activity various
neighborhood characteristics provide, we categorized measures into bins according to the aspect of the
urban environment each captured (Table 5.1). These bins are analogous to chromosomes in genomic

studies, genes in epi-genomic studies, or ‘class groupings’ in an environment-wide association study
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[230].

Some measures, including proportion of residents belonging to certain racial/ethnic minority groups and
density of vehicle collisions involving pedestrians, were right-skewed. To be consistent with best
practices in agnostic studies and maximize comparability between environmental predictors, we
transformed such skewed predictors before analysis [230]. To asses skew for each measure, we visually
compared a histogram of the measure and the measure if log-transformed. We retained log-transformed
measures for analysis in place of untransformed measures if the log-transformed measure visually

appeared closer to a normal distribution than its untransformed analog.

For any pair of measures with spearman correlation coefficients of 1 or -1 (for example, proportion of
occupied homes occupied by owners and proportion of occupied homes occupied by renters have a
correlation coefficient of -1), we excluded one of the measures. Many measures, particularly as derived
from the American Community Survey, are highly but imperfectly correlated with other measures (e.g.
because few New York City residents are in the armed forces, proportion of population 16 years and over
in the civilian labor force and proportion of the population 16 years and over not in the labor force

correlated with an r of -0.99). For this analysis, we excluded only perfectly correlated measures.

Appendix Table 5.1 includes a complete list of all 337 measures used in the final analysis, including their

underlying data sources, and whether or not we log-transformed the measure before analysis.

Statistical Analysis

We explored three approaches to identifying the most predictive neighborhood environment variables.
First, following analytic techniques used in GWAS studies, we regressed PASE score on each
neighborhood environment variable individually to estimate the strength of association between that
variable and PASE score. Because we hypothesized that neighborhood environments would affect types
of outdoor activity differently, we also used logistic regression for each neighborhood environment
variable individually to estimate the strength of association between that variable and engaging in each of
three activities: 1) gardening, 2) daily walking, and 3) heavy housework. All regression analyses
incorporated survey weights and controlled for individual’s age, race/ethnicity, educational attainment,

income, and home size.

79



Second, because many of the predictors used for the regression-based analysis described above were
correlated (Figure 5.1), we explored machine learning approaches to empirically select the neighborhood
characteristics most predictive of physical activity from combined models. Analogous machine learning
approaches are increasingly common in GWAS studies searching for gene-gene interactions [244] and in
epigenetic studies [229]. We first explored a least absolute shrinkage and selection operator (‘LASSO’)
regression approach [245]. The LASSO fits a regression model such that the sum of the absolute value of
estimated coefficients is less than a constant (the ‘penalty’). This penalty shrinks estimates for less
relevant coefficients to zero, thereby empirically identifying the remaining variables as a maximally

informative subset of variables [246]. All LASSO analyses incorporated sampling weights.

Third, because LASSO regression imposes assumptions about the form of the relationships between
variables and outcome (e.g. that predictor effects are additive for continuous outcomes and multiplicative
for dichotomous outcomes) we also explored a random forest approach, which allows a more flexible
functional form [247]. The random forest algorithm uses randomly selected subsets of observations and
randomly selected subsets of variables to build decision trees (i.e. classification trees if the dependent
variable is dichotomous, regression trees if the dependent variable is continuous)[248] that best predict
the outcome of interest using randomly selected ‘bootstrap’ samples of the dataset. Decision trees
themselves are built using recursive partitioning, an algorithm that repeatedly identifies splits in a
continuous covariate that maximizes the Kullback-Leibler divergence (a measure of incremental
prediction accuracy) with respect to the outcome variable [248]. Figure 5.2 displays an example of such a
decision tree (The original plot, using R and the ‘party’ package, is given in Appendix Figure A5.2) .For
any given set of independent variables, the forest’s prediction is the average predicted value of the
dependent variable from all trees [249]. This averaging over predictions computed using random

selections of observations and variables minimizes model over-fitting [249].

Within the random forest literature, the ‘importance’ of a given independent variable is defined as the
proportion of classification trees including that variable that accurately predicts the observed dependent
variable in a cross-validation test set minus the proportion trees including that variable whose value is

correct in a subset of the data with the independent variable permuted randomly [250]. Analogously, for
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regression trees, variable importance is defined by the extent to which trees including that variable
minimize observed error minus the error observed when the independent variable is permuted randomly,
In effect, the importance measure is an estimate of the extent to which including the variable in the set of
variables available for a given tree improves the models predictive accuracy above what would be
expected by chance. [249]. Random forests have been used extensively in epigenetic analyses (e.qg.
[251-253]). In our analysis, random forest models did not incorporate sampling weights owing to lack of

software support for weighted analyses.

For both the LASSO and random forest analyses, we used 10-fold cross-validation to tune the algorithmic
parameters, such as the penalty constant used for the LASSO, that minimize model predictor error [254].

Such cross-validation is a standard practice in machine learning to minimize model overfitting [255, 256].

For both the regression and empirical variable selection approaches, we identified the five most relevant
predictors of each of PASE score as a reflection of overall physical activity. Furthermore, because some
types of environmental measures are more plausibly causally linked to some types of activity than others
[69, 122], we also used individual items from the PASE measure to measure participation in three specific
activity types: daily walking, gardening, and ‘heavy housework’ (vacuuming, sweeping, moving furniture).
We hypothesized based on prior literature that daily walking would be associated with measures of urban
form [257, 258] and that, because lack of outdoor space poses a barrier to gardening in New York City,
gardening would be associated with housing characteristics [259]. We selected heavy housework as a
‘negative control’ [260] — with no a priori hypothesis or evidence suggesting that neighborhood conditions
should affect participation in heavy housework, finding a large number of correlated neighborhood
exposures associated with housework or a pattern of exposures similar to the pattern predictive of other
activity measures suggests that residual confounding rather than causality is likely to be responsible for
the observed association. We modeled gardening and heavy housework as dichotomous measures as
they were included in the original survey. Walking was not assessed with a dichotomous measure in the

initial survey; we coded those who reported 5-7 days of past-week walking as daily walkers.

Missing Data
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Relatively little data was missing on physical activity (maximum of 1.8% on any PASE item) or
demographic covariates (16.2% were missing household income data; no other items were missing for
more than 10% of subjects), and no data were missing on a neighborhood covariates. Nonetheless, to
address potential non-response biases, we performed all survey-weighted regressions on each of 5
datasets where missing values were imputed using IVEWARE [159]. Following standard practice, we
combined the estimates resulting from these models using Rubin’s rules [261]. However, because no
standard equivalent to Rubin’s rules exists to combine variable selection priorities, we used only the first

imputed dataset for these steps.

Sensitivity Analyses

To test our regression results’ sensitivity to the assumption that neighborhood characteristics were not
important for those who reported poor health, we repeated the primary analysis with the full cohort of
3,497 subjects. To test our results’ sensitivity to the choice of using the first imputed dataset for the
LASSO and random forest analyses, we re-ran all variable selection results with a dataset randomly

selected from the other four imputations.

Software

All analyses used 64-bit R for Windows version 3.2.3, including the ‘survey’ and ‘mitools’ packages to
handle survey weights and combining estimates across imputations [165, 262], the ‘glmnet’ and
‘randomForest’ packages for LASSO and random forest models respectively [263, 264], and the ‘ggplot2’

package to produce Manhattan plots [265].

Results

Two hundred and seventy nine subjects (8%) reported poor health, leaving 3,218 subjects for the primary
analysis. PASE scores in the included subjects ranged from 0 to 296 and were slightly right-skewed, with
a mean of 84 and a median of 77. Thirty-nine percent of the subjects reported daily walking, twenty-three
percent reported gardening, and fifty-seven percent reported doing heavy housework. As compared to the
overall cohort, subjects who were excluded from the primary analysis owing to poor health were more
likely to be female, to be racial/ethnic minorities, to have lower household incomes, and to be less

educated (Table 5.2).

82



Characteristics Associated with Physical Activity

In linear regression models controlling for individual covariates, measures of neighborhood resident
socioeconomic position and disorder were most strongly associated with total physical activity (Figure
5.3). Specifically, the proportion of residents living in households with incomes less than half the poverty
level was the most strongly associated with PASE score, with an estimated decrease of 0.85 PASE score
units (95% CI: 0.56, 1.14) per 1% increase in proportion of residents living in households with incomes
less than half the federal poverty line, equivalent to 10 minutes of daily walking per 4% decrease in
proportion of residents living below half the federal poverty line. The remaining four of the top five
measures included three other measures of resident socioeconomic position, all showing correlations
between more higher-income residents and more physical activity, and one disorder measure, showing
well-maintained windows, a marker of building upkeep, to be correlated with more activity (Table 5.3).
After Bonferroni correction, no measure of resident demographics, parks, urban form, or pedestrian and

cyclist safety were associated with PASE score.

Logistic regression analyses focused only a single type of activity identified many more significant
neighborhood correlates than analyses targeting total activity (Figure 5.3, Table 5.3). Measures of high
neighborhood socioeconomic status were the strongest predictors of gardening, whereas a wide range of
neighborhood characteristics predicted walking 5-7 days in the previous week (Table 5,3). Reassuringly,

no neighborhood measures were predictive of heavy housework after Bonferroni correction.

Machine Learning for Neighborhood Variable Selection

As in the regression approach, no neighborhood variables were informative with respect to heavy
housework and only a few neighborhood variables remained in the models that best predicted overall
PASE score using LASSO regression. Similarly, the LASSO retained many more neighborhood variables
when predicting gardening and walking. However, the specific predictors identified by LASSO and
random forest approaches were different both from each other and from those identified by unpenalized
regression (Table 5.4). In general, predictors that remained non-zero in LASSO models represented
different domains of neighborhood influence, consistent with these aspects of neighborhoods operating

as independent but minor influences. For example, the top five predictors retained within the LASSO
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predicting gardening included one measure of household poverty, two measures of urban form, a

measure of physical disorder, and a measure of resident employment.

Unlike the LASSO, the neighborhood measures that were most important in in Random Forest models
were clustered within domains of neighborhood influences. For example, four of the five most important
neighborhood measures included in random forests predicting gardening were measures of housing
characteristics (Table 5.5). Random Forest models rank importance of variables rather than select a
specific subset of variables as important, so it is not possible to make a direct comparison of the count of

variables deemed important in Random Forest analyses compared to LASSO models.

Neighborhood Characteristics and Buffer Size

Using 1km rather than 0.25 km buffers led to more variables being significant after Bonferroni correction,
but neither 1 km buffers nor 0.25km buffers were uniformly more strongly correlated with total PASE
score (Figure 5.4). Of the 337 neighborhood measures available at both scales, 38 (11%) changed signs
between scales, though none of the measures whose coefficient changed signs were nominally
significant at a p-value of 0.05 at either scale. There was no clear pattern as to which measures were

better correlated at which scales (Table 5.6).

Sensitivity Analyses

The sensitivity analysis conducted using the full cohort identified the same top 5 measures, albeit in a
different order (Appendix Table 5.2). The sensitivity analysis applying the LASSO regression to randomly
selected subjects resulted in a different set of variables being selected, though the variables that ranked

highly in regression analysis were often selected in the sensitivity analysis as well (Appendix Table 5.3)

Discussion

In this analysis, we explored a novel agnostic ‘NE-WAS’ approach to selecting the neighborhood
measures most strongly associated with total physical activity, as well as specifically with walking,
gardening, and housework. ldentifying such measures can guide both the development of theory and the
development of interventions. In our study, the most strongly predictive measure of total physical activity

was proportion of residents living in households with incomes below half the federal poverty threshold,
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equating to $11,056 for a family of four. Neighborhood socioeconomic and disorder measures were most
associated with total activity. Socioeconomic measures also strongly predicted gardening, whereas
measures of commute distance and commute times were more relevant for walking. As expected, no
neighborhood measures significantly predicted housework. Overall, the NE-WAS approach appears
promising as a means of identifying neighborhood level contextual factors associated with physical
activity. More broadly, NE-WAS may be appropriate for other neighborhood-associated health behaviors

and outcomes as well, such as obesity [258] or cardiac arrest [266].

We found that more neighborhood environment measures were significantly associated with walking and
gardening than with physical activity as a whole, and no neighborhood measures were associated with
housework. Moreover, this pattern was present not only in adjusted bivariate regression models but also
in the counts of variables selected by the LASSO approach, This implies that more neighborhood
measures predict a non-trivial proportion of the variation in outcomes when outcomes are domain-
specific, which is consistent with many prior calls to consider influences on separate domains of activity
separately or to assess only activity that might plausibly be influenced by neighborhood when considering
neighborhood conditions as a predictor of activity. [42, 43, 69, 183, 267]. Our findings may thus serve as
empirical support for an argument frequently made on theoretical grounds alone. However, this finding
may also reflect the initial compilation of measures from which we drew our candidates having been
selected to study walkability and walking. Future NE-WASes might profitably include more neighborhood
measures predictive of alternate sources of activity such as prevalence of hardware stores as a predictor
for home repair activity. Modern GIS tools and readily available administrative data make it possible to

create novel contextual measures inexpensively.

There are several interpretations for our finding that neighborhood socioeconomic measures were more
consistently associated with activity measures than measures with more direct theoretical relevance to
specific forms of outdoor activity, such as access to parks. It may be that residents of higher
socioeconomic status neighborhoods have used their resources to shape neighborhoods to offer more
support for different forms of activity among older adults [268], including dedicated outdoor space that

supports gardening and well-maintained sidewalks or amenities such as benches and public restrooms
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that older adults cite as necessary to supports for walking [269]. A complementary explanation is that the
association with neighborhood socioeconomic status is an artifact of residual confounding due to
incomplete control for individual socioeconomic position. Higher socioeconomic position older adults are
typically more physically active [67, 105], and tend to live in neighborhoods with other high socioeconomic
position individuals. We controlled for individual income and educational attainment, but neither fully
captures socioeconomic position among older adults [270];statistical control for an imperfectly measured

confounder is incomplete [271].

There were substantial differences between the predictors selected by cross-validated empirical variable
selection algorithms (‘machine learning’ approaches) and the predictors selected by comparing
coefficients from sequentially fit regression models. These differences arise because variable selection
algorithms aim to identify the subset of variables with the greatest predictive power when taken together,
comparable to stepwise regression, whereas bivariate models adjusted only for individual covariates do
not take correlations between neighborhood measures into account [272]. Both approaches are used in
agnostic analysis of genes and environment measures, and as agnostic data analysis generally becomes
more commonplace, it will be important to explore the inferential and interpretational benefits and
drawbacks of each approach. It may be, for example, that sequential regression is more valuable for
comparing types of measures (e.g. to ask whether neighborhood socioeconomic characteristics are more
associated with activity than park access is) but that empirical variable selection is more valuable for

selecting the most informative subset of measures from among many correlated measures [244, 273].

However, we caution that results from empirical variable selection algorithms must be interpreted with full
understanding of the algorithms’ workings. In general, LASSO regression resulted in selecting variables
representing different domains of neighborhood measurement, whereas the Random Forest models
identified multiple measures of the same domain as most informative. The LASSO approach assumes an
underlying multivariable linear model [245], which in turn not only implies a linear functional form but also
selects a subset of variables that best predict variation in the outcome that is not explained by other
covariates. By contrast, the decision trees grown using recursive partitioning in a Random Forest

categorize each independent variable independently, and not all predictor variables are available for each
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tree [249], implying that several inter-correlated neighborhood measures, often drawn from the same
domain, may substitute for each other when one is not present or together allow a more flexible functional
form. These differences in model fit may explain why the LASSO approach selected variables from
different neighborhood measurement domains whereas the Random Forest selected several highly

correlated socioeconomic measures as the most important variables.

While the NE-WAS approach explicitly draws an analogy between genetics and neighborhoods, we
caution, as others have, that there are vital differences between genomes and modifiable exposures like
neighborhoods [232]. Most importantly, unlike genetic SNPs, wherein there are few if any correlations
between polymorphisms on separate chromosomes, the correlation structure underlying neighborhood
characteristics is strong, complex, and potentially causally circular [125]. However, in proteomics and
metabolomics research, wherein measured molecules do show strong and complex inter-correlations,
identified molecules are considered to be markers of a process rather than causes of the process and a
separate scientific approach, pathway analysis, has developed to integrate knowledge from agnostic
analyses to develop and test causal hypotheses [274, 275]. There are analogous systems science-
derived integrations of knowledge in neighborhood research (e.g. [276]), though such approaches are still
in their infancy. Nonetheless, we anticipate that in this sense the NE-WAS approach is more akin to an —
omics approach than a GWAS: the value of the NE-WAS stems not from a precise estimate of the causal
effect of some neighborhood characteristic but rather from the ability to systematically identify targets for

future exploration and to reveal reproducible patterns in associations across cohorts [227].

We emphasize that while analysis addressed physical activity the principles underlying the NE-WAS
approach could be applied to studies of other outcomes that may be related to neighborhood
environments. For example, a NE-WAS exploring neighborhood variables associated with crime
victimization, psychopathology, respiratory disease, and obesity might be productive [50, 277-279].
Relatedly, NE-WAS may be of value for standardizing neighborhood definitions, as many reviewers of

neighborhood effects literature have recommended [69].

This study had several notable strengths. First, the relatively large and population-based sample of older

adults residing in a very well-characterized urban environment allowed for relatively precise estimates of
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associations between neighborhood characteristics and activity outcomes. Second, the use of a survey
measure that included items assessing types of activity allowed us to incorporate analyses that target
activity measures representing a range of hypothesized susceptibility to neighborhood influence [42, 69].
Third, without a theoretical basis to guide variable selection, agnostic studies are at risk of identifying
variables associated with the outcome of interest only due to confounding. In this light, our null finding
with respect to the heavy housework outcome serving as our negative control provides some, albeit

incomplete, evidence against residual confounding.

However, our results should be viewed in light of limitations as well. First, the 337 neighborhood
measures we analyzed were by no means comprehensive or systematic. Rather, befitting such an
exploratory approach, they represent a selection of previously developed measures of New York City’s
urban environment that were available to explore the approach. Future NE-WASes might productively
undertake a systematic exploration of neighborhood measures used in the literature to select a more
comprehensive set of measures to study, potentially incorporating neighborhood measures of no
theoretical relevance as further negative controls. For example, in one prior analysis of childhood obesity,
the presence of banks was shown to predict lower BMI in spite of the lack of a plausible mechanism
through which banks might cause obesity. This result suggested that residual confounding was
responsible for a similar observed association between more neighborhood fast food outlets and lower
BMI [280]. Second, we compared only two neighborhood definitions, 0.25 km network buffers and 1.0 km
network buffers. It has been repeatedly noted that no single definition captures the construct of a
neighborhood [69, 153]; indeed, the meaning of neighborhood may be different for different measures, in
different contexts, and for different subgroups [267]. Third, while New York City as a whole comprises a
broad range of urban environments, including pockets of sidewalk-free post-war ‘sprawl’, it nonetheless
contains a much more pedestrian-oriented environment than the United States as a whole, and a
population at greater extremes of the socioeconomic spectrum. It may be productive to compare results
from this NE-WAS to future NE-WASes conducted in environment more representative of the contexts in
which most older adults reside. Finally, as in chapters 3 and 4, we were unable to determine whether
statistical adjustment for participant race/ethnicity and socioeconomic status fully account for residential

self-selection [211].
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In conclusion, the NE-WAS is a promising approach to empirically identify neighborhood measures most
strongly related to outcomes of interest. In our NE-WAS, neighborhood socioeconomic characteristics
were more consistently associated with physical activity than measures of crime, parks, and pedestrian
safety. We anticipate performing NE-WASes in other cohorts and other geographic contexts to determine

the replicability of the approach and substantive findings [227].
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Tables

Table 5.1. Summary of measures used in the NE-WAS

Domain

Number of

measures

Data source(s)

Examples

Demographics and
housing
characteristics
Education,
Employment, and
Income

Urban Form and
Walkability

Crime and Disorder

Parks

Pedestrian Safety

121

102

50

35

24

American Community Survey

American Community Survey

American Community Survey,
New York State Accident

Location Information Service Line

Layer, NYC Transit Authority

Esri Crime Risk, Google Street

View, New York Times Homicide
Map, NYC Sanitation Department

Report Cards

New York City Department of
Parks and Recreation

New York State Department of

Transportation and New York City

Police Department

Population Density, % white
alone, % boys aged 10-14

% College grad, % in labor
force, % in food prep sector

% walk to work, density of 4-
way intersections, Bus stop
density,% of roadbed covered
by tree canopy

Weighted average risk of
larceny, Mean neighborhood
disorder, % filthy streets

% of land area in large parks

Cyclist injury density in the
1990s, Pedestrian fatality
density in the 2000s
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Table 5.2. Selected characteristics of the subjects included in this analysis

Full Cohort (N=3,497) Fair or better health (N=3,218)
Characteristic N % Sample N % Sample
weighted weighted
% %

Age

65-68 1045 33 34 956 33 33

69-71 664 21 20 608 21 21

72-75 1442 46 46 1335 46 47
Sex

Female 2094 60 58 1907 59 57

Male 1403 40 42 1311 41 43
Race/Ethnicity

Non-Hispanic White 1800 51 47 1701 53 48

Non-Hispanic Black 1073 31 26 974 30 26

Hispanic 245 7 14 209 6 13

Other 379 11 12 334 10 12
Educational Attainment

Less than High School 673 19 32 570 18 30

Completed High School 949 27 29 870 27 29

Some College 627 18 15 570 18 15

Completed College 1248 36 24 1208 38 25
Household Income

Less than $20,000 1279 37 40 1097 34 37

$20,000-40,000 842 24 24 790 25 24

$40,000-80,000 745 21 21 711 22 22

More than $80,000 631 18 16 620 19 17
Health Status

Excellent 645 18 17 645 20 18

Good 1523 44 42 1523 47 46

Fair 1050 30 33 1050 33 36

Poor 2719 8 9 -- -- --
Activity Measures

Walked 5-7 days in the last week 1346 38 42 1154 36 39

Gardened in the last week 710 20 23 686 21 24

Performed heavy housework in the 1872 54 54 1793 56 57
last week
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Table 5.3. Specific neighborhood measures identified as most predictive for several
physical activity outcomes using Linear Regression. All analyses control for subject
age, race/ethnicity, educational attainment, household income, gender, and home type.

PASE Score Gardening Walking Daily Heavy
Housework

Count of 5 (1.5%) 33 (9.8%) 49 (14.4%) 0 (0.0%)
measures that
remained
significant after
Bonferroni
correction

Top 5 statistically
significant
neighborhood
measures (by p-
value of
coefficient)

People living in
households with
incomes less than
half the poverty
level (-)

People living in
households with
incomes below the
poverty line (-)

No problems with
windows in HVS
survey (+)

People living in
households with
incomes more
than twice the
poverty level (+)

People living in
households with
incomes between
half and three-
quarters of the
poverty level (-)

People living in
households with
incomes less than
half the poverty
level (-)

Neighborhood
Physical Disorder

()

People living in
households with
incomes below the
poverty line (-)

People living in
households above
twice the poverty
line (+)

People living in
households with
any interest,
dividend, or rental
income (+)

Proportion of
residents with 60-
90 minute travel
time to work (-)

Broken windows in
HVS survey (-)

Proportion of adult
population with at
least some college
education (+)

Proportion of
working adult
population
commuting by car,
truck, or van (-)

Proportion of adult
population working
in professional or
management
industries (+)

HVS: New York City Housing and Vacancy Survey
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Table 5.4. Specific neighborhood measures identified as most predictive for several
physical activity outcomes using Least Absolute Shrinkage and Selection Operator

(‘LASSO’) All analyses control for subject age, race/ethnicity, educational attainment,

household income, and gender.

PASE Score Gardening Walking Daily Heavy
Housework
Number of 3 (0.8%) 45 (12.7%) 22 (6.3%) 0 (0.0%)
neighborhood
predictors

retained in model
minimizing RMSE
Top 5 predictors
as ranked by
normalized
regression
coefficient after
applying the
LASSO penalty

People living in
households with
incomes less than
half the poverty
level (-)

Proportion of
employed adults
working in sales
and related
occupations (-)

People living in
households with
incomes between
half and three-
quarters of the
poverty level (-)

Proportion of
families that both
have incomes
below the poverty
line and no
children under age
18. (1)

Density of
intersections that
are cul-de-sacs (+)

No issues with
windows reported
in HVS survey (+)

Proportion of
employed adults
working in farming,
fishing, or forestry

()

Proportion of
employed adults
with commute
times of 20 to 29
minutes (-)

Proportion of
population living in
group quarters (+)

Proportion of
population that are
5-9 year old males

)

Proportion of
households with a
Hispanic or Latino
householder (-)

Proportion of
families that both
have incomes
below the poverty
line and no
children under age
18. ()

Proportion of
population that are
women aged 35-
44, (-)

HVS: New York City Housing and Vacancy Survey
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Table 5.5. Specific neighborhood measures identified as most important by the Random
Forest algorithm for several physical activity outcomes.

All analyses incorporate subject age, race/ethnicity, educational attainment, household income,
and gender as predictors in the random forest algorithm. Where individual covariates were
among the most important as ranked by the algorithm, they were not included in this table. Note
that, unlike the LASSO, no direction of association is calculated from the model fit, because
random forests predict by recursive partitioning rather than model-based estimation

PASE Score

Gardening

Walking Daily

Heavy Housework

Proportion of housing
units that are single-
family housing

Proportion of housing
units that are detached
single-family housing

Proportion of housing
units that are apartment
buildings with 50 or
more units

Proportion of
households with
incomes between 10K
and 15K

Proportion of adults
whose marital status is
separated.

Proportion of housing
units that are single-
family housing

Proportion of housing
units that are duplexes

Proportion of housing
units that are detached
single-family housing

Proportion of housing
units that are apartment
buildings with 50 or
more units

Proportion of housing
units that are apartment
buildings with 20-49
units

Proportion of residents
who are males aged 75-
84

Density of collisions
involving bicycles and
resulting in an injury or
fatality between 2000
and 2009

Proportion of adults who
completed at least some
college

Proportion of
households with income
over 200K

Density of collisions
involving bicycles and
resulting in an injury
between 2000 and 2009

Proportion of residents
who are males aged 10-
14

Proportion of
households that are
headed by a married
couple with no children

Proportion of
households with some
income other than
wages, self-employment
income, interest or
dividends, social
security, supplemental
security, public
assistance, or
retirement income

Proportion of population
that functions as the
head of their household

Proportion of
households with income
over 200K
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Table 5.6. The top 5 measures for each neighborhood definition that were more
significant predictors of total PASE score than using the alternate neighborhood
definition. Plus or minus indicates the direction of association between the
neighborhood measure and PASE score.

Difference in —

Measure logi p-value
Proportion of population living in households (+) 2.24
= o Proportion of population who are naturalized citizens (-) 1.68
5 :: < Proportion of population living in households with income below half the 1.57
TN Q poverty level (-)
m © Density of 3-way intersections (+) 1.28
Proportion of vacant housing units offered for rent (-) 1.27
o Proportion of households with incomes between 25K and 30K (-) 2.77
:i % Proportion of adult residents with a professional degree or more (+) 2.56
T O Proportion of households with incomes between 30K and 35K (-) 2.56
§ g Proportion of family households living below the poverty line with a male 2.45
D X householder and no children under age 18 (-)
@ Proportion of total population aged 10 to 14 years 2.42
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Figures

Figure 5.1. Histogram of absolute value of pairwise spearman correlation coefficients
computed between 337 neighborhood measures analyzed.
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Figure 5.2: Example of a decision tree computed using a recursive partitioning algorithm
to predict probability of reporting gardening as a function of neighborhood-level and
individual-level covariates among subjects in NYCNAMES-II who reported fair or better
health. Probabilities in gray boxes reflect the estimated probability of reporting
gardening conditional on observing the covariates in white boxes to have values
reflected on the arrows under the boxes. For example, a subject living in a neighborhood
wherein more than 51.6% of homes are owner-occupied and more than 14.3% of
neighborhood residents live in apartment buildings with 50+ units has an estimated
25.9% probability of reporting gardening. Random forests average estimated
probabilities from a group of such decision trees to compute an overall estimated
probability.

Proportion of homes in
neighborhood owner-

occupied?
=18% o
>18 - 51.6% > 51.6%
Education Neighborhood residents MNeighborhood residents
level of living in apartment living in apartment
subject buildings with 50+ units buildings with 50+ units
No college College <23% > 23% <14.3% > 14.3%
degree graduate
6.5% 16.9% Subject 16.7% Ne!g-hborhood residents 25.99%
household living below half the
income poverty level
£$40,000 =540,000 <1.8% > 1.8%
23.1% 41.1% 66.9% 44 2%

97



86

Figure 5.3. Manhattan Plots showing the strengths of correlations between individual neighborhood variables and various
physical activity outcomes as measured by the Physical Activity Scale for the Elderly (PASE) after controlling for age, sex,
race/ethnicity, educational attainment, income, and housing type.
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Figure 5.4. Manhattan Plots showing the statistical significance of correlations between individual neighborhood variables
total Physical Activity Scale for the Elderly (PASE) score at smaller and larger buffer sizes.
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Chapter 6. Conclusion

This overarching goal of this dissertation was to explore neighborhood conditions as an influence on
physical activity among older adults. We first reviewed and synthesized the scholarly literature on
disorder, a neighborhood condition of particular theoretica; interest, as an influence on activity. We found
that a promising direction for neighborhood disorder research was to focus more on vulnerable subgroups
and on aspects of activity most likely to be affected by disorder. We then conducted two complementary
longitudinal analyses of neighborhood disorder as an influence on activity, one exploring predictors of
total physical activity and one identifying patterns of activity and exploring predictors of those patterns.
Finally, drawing explicit inspiration from Genome-Wide Association Study (GWAS) and Environment-Wide
Association Study (EWAS) approaches, we developed the analogous Neighborhood Environment-Wide
Association Study (NE-WAS) design to systematically neighborhood conditions’ associations with
physical activity. Below, we summarize our core findings and present suggestions for future research on

how physical activity is affected by neighborhood conditions, focusing particularly on disorder.

Findings

Our systematic literature search, described in Chapter 2, identified 28 peer-reviewed English language
articles on neighborhood disorder as an influence on physical activity. These studies mostly focused on
populations in North America, Europe, and Australia. There was some evidence that less severe
indicators of disorder, such as litter and graffiti, may also mark areas with more pedestrian activity,
negating or reversing the expected inverse association between disorder and physical activity. By
contrast, more severe indicators of disorder such as dilapidated or abandoned buildings may discourage
discretionary outdoor activity, particularly among vulnerable populations such as women and older adults.
We concluded that future studies of disorder and activity are warranted, particularly studies using
longitudinal data, that incorporate validated and internally consistent disorder measures, and that focus

on the activity domains and sub-populations that are most likely to be affected by disorder.

In Chapter 3, we addressed some of the gaps identified in Chapter 2, using a longitudinal analysis to

estimate the association between neighborhood disorder and total physical activity among a cohort of

100



older adult residents of New York City. In multivariable mixed regression models accounting for individual
and neighborhood factors, for missing data, and for loss to follow-up, each standard deviation increase in
neighborhood disorder was associated with an estimated 3.0 units (95% CI: 1.9, 4.2) lower PASE score
at baseline, or the equivalent of about 10 minutes of walking per day. There was no significant interaction
between physical disorder and changes in PASE score over two years of follow-up. We concluded that
future longitudinal research, particularly with longer periods of follow-up in which more subjects changing

residences, might productively explore how these disparities in activity by neighborhood disorder emerge.

Chapter 4 expanded on the definition of physical activity used in Chapter 3 by applying a latent transition
analysis to identify patterns of types of physical activity the same cohort of older adults engaged in. Using
this method, which to the best of our knowledge has never been used to explore changing patterns of
activity types among other adults, we identified seven latent classes of activity. Of these seven classes,
three pairs of classes were roughly equivalent except for participation in exercise. About three quarters of
subjects remained within each latent class between waves; most transitions that did occur were between
classes defined by exercise to the parallel class without exercise or vice-versa . More neighborhood
disorder was modestly associated with moving out of a sports and recreation class (Relative Risk = 1.27,
95% CI = 1.00, 1.61 between waves 1 and 2, Relative Risk =1.28, 95% CI = 0.85, 1.93 between waves 2
and 3) potentially offering a mechanism for the disparity observed in Chapter 3. However, estimates were

too imprecise to rule out chance associations.

Finally, in Chapter 5, we developed an agnostic approach to systematically exploring the plethora of
neighborhood measures available to modern researchers equipped with geographic information systems
(GIS) software. We found that only neighborhood socioeconomic status and disorder measures were
associated with total activity and gardening, whereas a broader range of measures was associated with
walking. This likely reflected a neighborhood measure set initially collated with walkability in mind. We
further found that fitting one survey-weighted regression model for each measure resulted in more
interpretable comparisons between measures than empirical variable selection approaches. The NE-
WAS approach appears to be a promising way to keep neighborhood research systematic as the scale of

available spatially located administrative data continues to grow.
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Implications for Research and Practice

These results have several implications for research and policy regarding neighborhood disorder and
physical activity. First, all three empirical approaches found inverse associations between disorder and
physical activity, consistent with prior findings from the systematic review suggesting that disorder may
act as a barrier to activity among older adults. However, our findings lack a strong causal interpretation
owing to their observational nature, the risk of residential self-selection, and the low prevalence of
changes in disorder these adults experienced over only two years. Nonetheless, these findings justify
further research in disorder as a cause of activity, particularly using study designs focused on exogenous
changes in disorder levels, as after natural disasters or as a result of municipal blight removal policies.
The city of Detroit, which suffers from substantial abandonment and has recently invigorated its blight
removal program, might be a promising context for such research, as may certain smaller but similarly
depopulating post-industrial cities such as Youngstown, OH or Gary, IN. Studies focused on individuals
who relocate residences may also be promising, albeit with substantial concerns about residential self-

selection.

More broadly, as more municipalities embrace a Health in All Policies approach to governance [281], an
understanding that disorder may act as a barrier to physical activity might bring more municipal
departments together. Whereas blight removal programs are controversial when understood as
undertaken for economic reasons [282], it may be that they would receive broader support if understood
as improving health as well. Similarly, broadening the understanding of the role that garbage collection
plays in public health from being solely infectious disease vector control to potentially preventing chronic
disease by encouraging health-promoting behavior such as physical activity may solidify support for

sanitation among policymakers.

Second, whereas the longitudinal analysis provided evidence recapitulating prior cross-sectional findings
that disorder is linked to lower levels of activity but limited evidence for the emergence of such disparities,
the latent transition analysis offered a potential mechanism. Specifically, the latent transition analysis

suggested that residents of more disordered neighborhoods might abandon exercise more frequently
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without initiating exercise with any greater frequency than residents of ordered neighborhoods. Further
analyses, relating neighborhood characteristics to types of activity, may plausibly be performed as
secondary analyses of already well-characterized cohort studies such as the Black Women’s Health
Study or the Multi-Ethnic Study of Atherosclerosis. If the necessary data are indeed already collected in

these cohorts, such analyses appear to be an inexpensive yet promising direction for future research.

Finally, the NE-WAS yielded intriguing insights about the relative strength of associations between
measurable aspects of neighborhoods and physical activity. While, consistent with the GWAS research
paradigm, replication in additional contexts is necessary before conclusions can be drawn, the patterns
observed here, that socioeconomic and disorder measures were more correlated than parks and
pedestrian safety measures, could help to focus a research and policy agenda for activity promotion if
they prove replicable. Such replications might require substantial geographic information systems (GIS)
work but need not require collecting new human subjects data if they can be applied to existing cohorts;

thus, they too ought also to be relatively inexpensive.

In conclusion, we paired two complementary yet distinct theory-driven analyses with an agnostic ‘NE-
WAS'’ approach. In these three studies we found some indications but not conclusive evidence that
disorder may act as a barrier to physical activity in one cohort of older adults. More research regarding
the effects of neighborhood conditions on physical activity among older adults is warranted, perhaps
using NE-WAS approaches to best target theory-driven approaches, as has been suggested in the

genomics research paradigm..
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Appendices

Table A2.1. Search terms used to query each database:

Database

Search Terms

Pubmed

TRID

Psyclinfo

Embase

((Walking OR Physical Activity OR Motor
ActivityfMeSH Terms] OR Exercise) AND (Disorder
OR Broken Windows OR Aesthetics OR Incivilities
OR Safety[MeSH Terms]) AND (Neighborhood OR
Urban OR City OR Residential OR Residence
Characteristics[MeSH Terms]))

((Walking OR Physical Activity OR Motor Activity
OR Exercise) AND (Disorder OR Broken Windows
OR Aesthetics OR Incivilities OR Safety) AND
(Neighborhood OR Urban OR City OR Residential
OR Residence Characteristics))

((Walking OR Physical Activity OR Motor Activity
OR Exercise) AND (Disorder OR Broken Windows
OR Aesthetics OR Incivilities OR Safety) AND
(Neighborhood OR Urban OR City OR Residential
OR Residence Characteristics))

((Walking OR 'Physical Activity' OR 'Motor Activity'
OR Exercise) AND (Disorder OR 'Broken Windows'
OR Aesthetics OR Incivilities OR Safety) AND
(Neighborhood OR Urban OR City OR Residential
OR 'Residence Characteristics'))
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Appendix 3.1 Tables and Figures Relevant to Computing of Inverse Probability of Censoring
Weights.

Table A3.1.1 Parameter estimates from logistic model predicting re-contact in Waves 2 and 3 as a
function of demographic characteristics.

Wave 2 Wave 3
Covariate Odds Ratio 95% CI Odds Ratio 95% CI

Gender
Female (Ref) (Ref)
Male 0.83 0.78 0.89 0.87 0.82 0.93

Race/Ethnicity

Non-Hispanic Black (Ref) -- -- (Ref)
Non-Hispanic White 0.86 0.80 0.94 1.08 1.00 1.17
Other 0.72 0.63 0.82 0.84 0.74 0.96
Hispanic 0.69 0.61 0.77 0.77 0.69 0.87
Educational Attainment
Less than High School (Ref) (Ref)
High School Graduate 1.22 1.10 1.34 1.11 1.00 1.22
Some College 1.30 1.17 1.46 0.99 0.89 1.10
College Graduate 1.59 1.43 1.76 1.56 141 1.73
Borough
Unidentified 0.23 0.19 0.28 0.26 0.21 0.31
Manhattan (Ref) (Ref)
Bronx 0.89 0.79 1.00 0.91 0.81 1.02
Brooklyn 0.89 0.80 0.98 0.83 0.75 0.91
Queens 0.84 0.76 0.93 0.86 0.78 0.95
Staten Island 1.20 096 151 0.87 0.70 1.08
Health
Excellent (Ref) (Ref)
Good 1.06 0.97 1.17 0.87 0.79 0.95
Fair 0.79 0.72 0.88 0.75 0.68 0.83
Poor 0.75 0.65 0.87 0.61 0.53 0.70
Neighborhood Measures
Disorder (per SD) 1.03 0.98 1.07 0.99 0.95 1.03
Pedestrian Injuries (per SD) 1.07 1.03 1.11 1.01 0.98 1.05
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Figure A3.1. Density plots of estimated probability of being re-contacted successfully in Waves 2
and 3, respectively.
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Appendix A3.2. Prevalence of demographic characteristics in the sample-weighted study
population, showing that post-weighting, the sample retains demographic balance

Characteristic Wavel Wave?2 Wave3
Age
65-68 34 33 34
69-71 20 21 21
72-75 46 46 45
Sex
Female 58 57 59
Male 42 43 41
Race/Ethnicity
Non-Hispanic White 47 47 46
Non-Hispanic Black 26 27 26
Hispanic 12 13 13
Other 14 14 15
Educational Attainment
Less than High School 32 31 32
Completed High School 29 29 29
Some College 15 16 16
Completed College 24 24 24
Household Income
Less than $20,000 40 39 39
$20,000-40,000 24 24 26
$40,000-80,000 21 21 20
More than $80,000 16 17 16
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Appendix A3.3. Weather as an influence on past-week physical activity

In order to explore whether our results might be affected by past-week temperatures or season variation
in temperature, we downloaded weather data from Weather Underground
(http://www.wunderground.com) for New York City over the period in which NYCNAMES-II interviews
were conducted.

From the 7 days of weather data immediately prior to each subject’s interview date and using formulas
from the National Weather Service for heat index
(http://www.srh.noaa.gov/images/epz/wxcalc/heatindex.pdf) and wind chill
(http://lwww.srh.noaa.gov/images/epz/wxcalc/windChill.pdf), we computed a mean past-week ‘feels like’
temperature for each subject. We then plotted total PASE score and probability of engaging in various
components of PASE for each mean temperature overall and stratified by wave. Figures 3.1-3.6, below,
display these plots.

After seeing descriptively that the effects of weather appear to be minimal, inconsistent across waves,
and without any theory supporting why past-week weather would interact with or be affected by
neighborhood disorder, we did not pursue this analysis further or include past-week weather in our final
models.

120



Figure A3.3.1 Total PASE Score and probability of engaging in light housework by mean ‘Feels-
like’ temperature over the past-week.
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Figure A3.3.2 Probability of engaging in heavy housework and home repair by mean ‘Feels-like’

temperature over the past-week.
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Figure A3.3 Probability of engaging in yard work and gardening by mean ‘Feels-like’ temperature
over the past-week.
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Figure A3.4 Probability of engaging in caring for others and average minutes per day of light
sports by mean ‘Feels-like’ temperature over the past-week.
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Figure A3.5 Average minutes per day of moderate and strenuous sports by mean ‘Feels-like’

temperature over the past-week.
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Figure A3.6 Average minutes per day of strengthening exercises and walking by mean ‘Feels-like’

temperature over the past-week.

Strengthening Exercises

g

Qr7-

o

o

®6-

5

£

=

(0]

(=]

:

4 -

<
1 I I
40 60 80
Mean 'Feels Like' Temperature

over the Last 7 Days (Fahrenheit)
Walking

g

Q225-

[}

o

w

L200-

=

£

=

175~

:

<

—

T

=
1

40 60 80
Mean 'Feels Like' Temperature
over the Last 7 Days (Fahrenheit)

126

Strengthening Exercises

?_
)
(]
)
o wave
w6~
E —’1
S
= —
=
m5_ —3
o
;
<

4_

4'[1 a'o BI[]
Mean 'Feels Like' Temperature
over the Last 7 Days (Fahrenheit)

Walking
22=

)
a
)
Q op - wave
w
"a_-] — ‘1
=
£ —
= 10
f=]
;
<16-

1 1 1

40 60 80

Mean 'Feels Like' Temperature
over the Last 7 Days (Fahrenheit)



Appendix A3.4. Testing the substantive finding’s robustness to the choice of mixed rather than
GEE models

Table A3.4.1. 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 3,497 adult residents of New York City Surveyed from 2011-2013, using Generalized
Estimating Equations (GEE) rather than mixed models.

Mean Difference (95% Confidence Interval) in PASE Score
Regression Coefficients Model 12 Model 2° Model 3°

Difference at baseline -4.0 (-7.2,-0.7) -4.6 (-8.1, -1.1) -4.4 (-7.9, -1.0)
per one-SD increase in
baseline disorder

Change per wave 0.1(-1.4,1.12) -0.1(-1.4,1.2) -0.1(-1.4,1.2)

Difference in change per 0.5(-0.9, 1.9)
wave for each one SD

increase in baseline

disorder

Difference in change per 0.5(-0.9, 1.8)
wave for each one SD

increase in time-varying

disorder

® GEE model adjusting for baseline age, educational attainment, gender, race/ethnicity, functional status,
neighborhood social cohesion, neighborhood pedestrian risk, and neighborhood walkability

® GEE model adjusting for baseline age, educational attainment, gender, race/ethnicity, functional status,
neighborhood social cohesion, neighborhood pedestrian risk, and neighborhood walkability, including
baseline disorder/wave interaction term

® GEE model adjusting for baseline age, educational attainment, gender, race/ethnicity, functional status,
neighborhood social cohesion, neighborhood pedestrian risk, and neighborhood walkability, including
wave-specific disorder/wave interaction term
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Appendix A3.5. Results of investigations of using Abt-SRBI's sample weights for subjects re-
contacted at waves 2 and 3 rather than inverse probability of censoring weights incorporating
baseline covariates in addition to demographic covariates.

First, we compared Abt-SRBI's sample weights and the IPCW-based weights. As expected, they were
highly correlated, and the correlation did not change between waves (r=0.92 at each wave)

Figure A3.5.1 Scatterplots of Abt-SRBI sample weights at waves 2 and 3 and IPCW weights at
waves 2 and 3.
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As expected, final model results were quite similar (Table 5.2, next page)
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Table A3.5.2 Mixed model results for 3,497 older adult residents of New York City, weighted to
reflect the 65-75 year old population of New York City using sampling weights computed by Abt-
SRBI based on demographic characteristics but not self-reported health or neighborhood

characteristics

Regression Coefficients

Mean Difference (95% Confidence Interval) in PASE Score
Model 1* Model 2° Model 3°

Difference at baseline
per one-SD increase in
baseline disorder

Change per wave

Difference in change per
wave for each one SD
increase in baseline
disorder

Difference in change per
wave for each one SD
increase in time-varying
disorder

-3.0 (-4.4, -1.6) 3.2 (-4.8,-1.7) -3.0 (-4.6, -1.5)

-0.5 (-1.3, 0.4) -0.4 (-1.3, 0.4) -0.5 (-1.3, 0.4)

0.1 (-0.8, 0.9)

0.0 (-0.8, 0.9)
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Appendix A3.6. Results of 3-level hierarchical models clustering on subjects within community

districts.

Table A3.6.1 3-level Mixed model results for 3,497 older adult residents of New York City,
accounting for clustering within community districts

Regression Coefficients

Mean Difference (95% Confidence Interval) in PASE Score
Model 1* Model 2° Model 3°

Difference at baseline
per one-SD increase in
baseline disorder

Change per wave

Difference in change per
wave for each one SD
increase in baseline
disorder

Difference in change per
wave for each one SD
increase in time-varying
disorder

-3.2(-5.0, 1.5) -3.3(-5.2, -1.5) -3.3(-5.3,-15)

-0.5 (-1.7, 0.4) -0.5(-1.6, 0.7) -0.5 (-1.3, 0.4)

0.1(-1.0, 1.1)

0.1 (-0.7, 1.0)
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Table A4.1. PASE items assessed of 3,497 residents of New York City aged 65-75 at baseline and

each of two subsequent waves of follow-up.

Question Response Options
Over the past week, on how many days did you take a walk outside e Never
your home or yard for any reason? e 1-2days

e 3-4days

e 5-7 days
On the days you walked, on average, how much time per day did e Less than 30 minutes
you spend walking? e 30-60 minutes

e More than 60 Minutes
Over the past week, on how many days did you engage in light e Never
recreational activities? e 1-2days

o 3-4days

e 5-7 days
On the days you did them, on average, how much time per day did e Less than 30 minutes
you engage in these light recreational activities? e 30-60 minutes

e More than 60 Minutes
Over the past week, on how many days did you engage in e Never
moderate recreational activities? e 1-2days

o 3-4 days

e 5-7 days
On the days you did them, on average, how much time per day did e Less than 30 minutes
you engage in these moderate recreational activities? e 30-60 minutes

e More than 60 Minutes
Over the past week, on how many days did you engage in e Never
strenuous recreational activities? e 1-2days

e 3-4 days

o 5-7 days
On the days you did them, on average, how much time per day did e Less than 30 minutes
you engage in these strenuous recreational activities? e 30-60 minutes

e More than 60 Minutes
Over the past week, on how many days did you do any exercises e Never
specifically to increase muscle strength and endurance? e 1-2days

o 3-4days

e 5-7 days
On the days that you did them, on average, how much time per day e Less than 30 minutes
did you engage in exercises to increase muscle strength and e 30-60 minutes
endurance? e More than 60 Minutes
Over the past week, did you do any light housework, for example e Yes
dusting or washing dishes? e NO
Over the past week, have you done any heavy housework or e Yes
chores, for example vacuuming, scrubbing floors, washing e NoO

windows, or carrying wood?
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Over the past week, did you engage in any of the following

activities?

1. Home repairs like painting, wallpapering, electrical work, e Yes
etc e NoO

2. Lawn work or yard care, including snow or leaf removal, e Yes
mowing grass, etc. e No

3. Outdoor gardening e Yes
e NoO

4. Caring for another person, such as children, dependent e Yes
spouse, or another adult e NoO
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Table A4.2. Latent Transition Model Fit Statistics

Number of latent classes AIC

BIC

Gz

O~NOO1Lh W

33251.45
32139.65
30722.59
30299.69
29844.51
29727.84

33532.07
32560.58
31306.27
31068.58
30821.06
30934.49

33151.45
31989.65
30514.59
30025.69
29496.51
29297.84
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Figure A4.1. Heat Map showing probability of transition between latent classes at waves 1 and 2
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Table A5.1. Measures used in the NE-WAS

Category Measure Source Log-
transformed
for Analysis

Demographics
& Household
Characteristics

Population Density ACS No
Proportion Male ACS No
Proportion Male Under Age 5 ACS No
Proportion Male Age 5-9 ACS No
Proportion Male Age 10-14 ACS No
Proportion Male Age 15-17 ACS No
Proportion Male Age 18-24 ACS No
Proportion Male Age 25-34 ACS No
Proportion Male Age 35-44 ACS No
Proportion Male Age 45-54 ACS No
Proportion Male Age 55-64 ACS Yes
Proportion Male Age 65-74 ACS No
Proportion Male Age 75-84 ACS No
Proportion Male Age 85 and Over ACS Yes
Proportion Female Under Age 5 ACS No
Proportion Female Age 5-9 ACS No
Proportion Female Age 10-14 ACS No
Proportion Female Age 15-17 ACS No
Proportion Female Age 18-24 ACS No
Proportion Female Age 25-34 ACS No
Proportion Female Age 35-44 ACS No
Proportion Female Age 45-54 ACS No
Proportion Female Age 55-64 ACS No
Proportion Female Age 65-74 ACS No
Proportion Female Age 75-84 ACS No
Proportion Female Age 85 and Over ACS Yes
Proportion White Alone ACS No
Proportion Black Alone ACS Yes
Proportion American Indian or Alaska Native Alone ACS Yes
Proportion Native Hawaiian or Pacific Islander Alone ACS Yes
Proportion Some Other Race Alone ACS Yes
Proportion Two or More Races ACS Yes
Proportion Non-Hispanic White Alone ACS No
Proportion Non-Hispanic Black Alone ACS Yes
Proportion Non-Hispanic American Indian or Alaska ACS Yes
Native Alone

Proportion Non-Hispanic Native Hawaiian or Pacific ACS Yes
Islander Alone

Proportion Non-Hispanic Some Other Race Alone ACS Yes
Proportion Non-Hispanic Two or More Races ACS Yes
Proportion Hispanic White Alone ACS Yes
Proportion Hispanic Black Alone ACS Yes
Proportion Hispanic American Indian or Alaska Native ACS Yes
Alone

Proportion Hispanic Native Hawaiian or Pacific ACS Yes
Islander Alone

Proportion Hispanic Some Other Race Alone ACS Yes
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Proportion Hispanic Two or More Races

Proportion Family Households

Proportion Married-couple Family Households
Proportion Other Family Households

Proportion Other Family with Male Householder
Households

Proportion Other Family with Female Householder
Households

Proportion Non-Family Households

Proportion Non-Family with Male Householder
Households

Proportion Non-Family with Female Householder
Households

Proportion Households with one or more person
under age 18

Proportion Family Households with one or more
person under age 18

Proportion Married-couple Family Households with
one or more person under age 18

Proportion Other Family Households with one or more
person under age 18

Proportion Other Family with Male Householder
Households with one or more person under age 18
Proportion Other Family with Female Householder
Households with one or more person under age 18
Proportion Non-Family Households with one or more
person under age 18

Proportion Non-Family with Male Householder
Households with one or more person under age 18
Proportion Non-Family with Female Householder
Households with one or more person under age 18
Proportion of Households with no people under age
18

Proportion Family Households with no people under
age 18

Proportion Married Couple Households with no
people under age 18

Proportion Other Family Households with Male
Householder and no people under age 18
Proportion Other Family Households with Female
Householder and no people under age 18
Proportion Non-Family Households with no people
under age 18

Proportion Non-Family Households with Male
Householder and no people under age 18
Proportion Non-Family Households with Female
Householder and no people under age 18
Proportion of Households with a Householder who is
White Alone

Proportion of Households with a Householder who is
Black or African American Alone

Proportion of Households with a Householder who is
American Indian and Alaska Native Alone

Proportion of Households with a Householder who is
Asian Alone

Proportion of Households with a Householder who is

ACS
ACS
ACS
ACS
ACS
ACS

ACS
ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

Yes
No
Yes
No
Yes
Yes

No
No

No

No

No

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

No

Yes

No

Yes

Yes

No

Yes

Yes

Yes

Yes
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Native Hawaiian and Other Pacific Islander Alone
Proportion of Households with a Householder who is
Some Other Race Alone

Proportion of Households with a Householder who is
two or more races

Proportion of Households with a Householder who is
Hispanic or Latino

Proportion of Households with a Householder who is
White Alone, not Hispanic or Latino

Proportion of Population living in Households:
Proportion of Population living in Family Households:
Proportion of Population living in Family Households
and reporting status as Householder

Proportion of Population living in Family Households
and reporting status relative to Householder as
Spouse

Proportion of Population living in Family Households
and reporting status relative to Householder as Child
Proportion of Population living in Family Households
and reporting status relative to Householder as
Grandchild

Proportion of Population living in Family Households
and reporting status relative to Householder as
Brother or sister

Proportion of Population living in Family Households
and reporting status relative to Householder as
Parent

Proportion of Population living in Family Households
and reporting status relative to Householder as Other
relatives

Proportion of Population living in Family Households
and reporting status relative to Householder as
Nonrelative

Proportion of Population living in Non-Family
Households

Proportion of Population Living Alone in Non-Family
Households

Proportion of Population Not living Alone in Non-
Family Households

Proportion of Population with Nonrelatives in Non-
Family Households

Proportion of Population living in group quarters
Proportion of population 15 and older that has never
been married

Proportion of population 15 and older that is presently
married

Proportion of population 15 and older that is presently
separated from marital partners

Proportion of population 15 and older that is widowed
Proportion of population 15 and older that is divorced
Proportion of households with unmarried partners
Proportion of households with unmarried same-sex
partners

Proportion of households with unmarried male same-
sex partners

Proportion of households with unmarried female

ACS
ACS
ACS
ACS
ACS
ACS
ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS
ACS

ACS
ACS
ACS
ACS
ACS
ACS
ACS

ACS

Yes
Yes
Yes
Yes
Yes
No

No

Yes

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes
No

No
Yes
Yes
No
No
Yes

Yes

Yes
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Education,
Employment,
and Income

same-sex partners

Proportion of households with unmarried opposite-sex
partners

Proportion of households with unmarried opposite-sex
partners wherein the male partner is the householder
Proportion of households with unmarried opposite-sex
partners wherein the female partner is the
householder

Proportion of population age 1 and older who lived at
this location 1 year ago

Proportion of population age 1 and older who have
moved within the county in the past year

Proportion of population age 1 and older who have
moved between counties but within the state in the
past year

Proportion of population age 1 and older who have
moved from another state in the past year

Proportion of population age 1 and older who have
moved from another country in the past year
Proportion of population born in the United States
Proportion of population that are naturalized citizens
Proportion of population that are non-citizens
Proportion of foreign-born population migrating to the
US since 2000

Proportion of foreign-born population migrating to the
US between 1990 and 2000

Proportion of foreign-born population migrating to the
US between 1980 and 1990

Proportion of foreign-born population migrating to the
US prior to 1980

Proportion of the adult population with less than high
school education

Proportion of the adult population who graduated from
high school but have no further education
Proportion of the adult population who have some
college education but not a bachelor’s degree
Proportion of the adult population who have a
bachelor’s degree but no post-graduate education
Proportion of the adult population with a master’s
degree but no doctorate or professional degree
Proportion of the adult population with a degree from
a professional school (e.g. law school) but no
doctorate

Proportion of the adult population with a doctorate
Proportion of the adult population with a high school
education or more

Proportion of the adult population with some college
education or more

Proportion of the adult population with a bachelor’s
degree or more

Proportion of the adult population with a master’s
degree or more

Proportion of the adult population with a professional

ACS

ACS

ACS

ACS

ACS

ACS

ACS
ACS
ACS
ACS
ACS
ACS
ACS
ACS
ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

ACS

Yes

Yes

Yes

No

Yes

Yes

Yes
Yes
No
Yes
No
No
No
No

Yes

No

No

Yes

Yes

Yes

Yes

Yes

No

No

Yes

Yes

Yes
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school degree or more

Proportion of the population aged 3 and over enrolled
in school

Proportion of the population aged 3 and over enrolled
in public school

Proportion of the population aged 3 and over enrolled
in public pre-school

Proportion of the population aged 3 and over enrolled
in public K-8 school

Proportion of the population aged 3 and over enrolled
in public 9-12 school

Proportion of the population aged 3 and over enrolled
in public college

Proportion of the population aged 3 and over enrolled
in private school

Proportion of the population aged 3 and over enrolled
in private pre-school

Proportion of the population aged 3 and over enrolled
in private K-8 school

Proportion of the population aged 3 and over enrolled
in private 9-12 school

Proportion of the population aged 3 and over enrolled
in private college

Proportion of population aged 16-19 not enrolled in
high school or high school graduates

Proportion of population aged 16-19 currently enrolled
in high school

Proportion of adult population in the labor force
Proportion of adult population in the armed forces
Proportion of adult population in the civilian labor
force

Proportion of adult population in the civilian labor
force and currently employed

Proportion of adult population in the civilian labor
force and currently unemployed

Proportion of employed adult population working in
agriculture, forestry, fishing, or mining

Proportion of employed adult population working in
construction

Proportion of employed adult population working in
manufacturing

Proportion of employed adult population working in
wholesale

Proportion of employed adult population working in
retail

Proportion of employed adult population working in
transportation and warehousing

Proportion of employed adult population working in
information

Proportion of employed adult population working in
finance

Proportion of employed adult population working in
professional/scientific industries

Proportion of employed adult population working in
arts

Proportion of employed adult population working in
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Other industries

Proportion of employed adult population working in
public administration

Proportion of employed adult population working as
management

Proportion of employed adult population working as
professional

Proportion of employed adult population working as
healthcare support

Proportion of employed adult population working as
protective services

Proportion of employed adult population working as
food prep worker

Proportion of employed adult population working as
building and grounds worker

Proportion of employed adult population working as
personal care and service worker

Proportion of employed adult population working as
salesperson

Proportion of employed adult population working as
office/admin support

Proportion of employed adult population working as
farming/fishing/forestry worker

Proportion of employed adult population working as
construction worker

Proportion of employed adult population working as
production worker

Proportion of employed adult population working as
transportation or moving person

Proportion of employed adult population working in
private sector

Proportion of employed adult population working in
public sector

Proportion of employed adult population that is self-
employed

Proportion of employed adult population working in
non-profit sector

Proportion of employed adult population working as
unpaid family workers

Proportion of households with household income less

than $10,000

Proportion of households with household income
between $10,000 and $14,999

Proportion of households with household income
between $15,000 and $19,999

Proportion of households with household income
between $20,000 and $24,999

Proportion of households with household income
between $25,000 and $29,999

Proportion of households with household income
between $30,000 and $34,999

Proportion of households with household income
between $35,000 and $39,999

Proportion of households with household income
between $40,000 and $44,999

Proportion of households with household income
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between $45,000 and $49,999

Proportion of households with household income
between $50,000 and $59,999

Proportion of households with household income
between $60,000 and $74,999

Proportion of households with household income
between $75,000 and $99,999

Proportion of households with household income
between $100,000 and $124,999

Proportion of households with household income
between $125,000 and $149,999

Proportion of households with household income
between $150,000 and $199,999

Proportion of households with household income of
$200,000 or more

Proportion of households with any earned income
Proportion of households with wage or salary income
Proportion of households with self-employment
income

Proportion of households with interest, dividend, or
rental income

Proportion of households with social security income
Proportion of households with supplemental security
income (SSI)

Proportion of households with public assistance
income

Proportion of households with retirement income
Proportion of households with other income
Proportion of families with incomes below the poverty
level

Proportion of families that both consist of a married
couple and at least one child and are living below the
poverty level

Proportion of families that both consist of a married
couple no children and are living below the poverty
level

Proportion of families that have a male householder
with no wife and are living below the poverty level
Proportion of families that have a male householder
with no wife and one or more children and are living
below the poverty level

Proportion of families that have a male householder
with no wife and no children and are living below the
poverty level

Proportion of families that have a female householder
with no husband and are living below the poverty
level

Proportion of families that have a female householder
with no husband and one or more children and are
living below the poverty level

Proportion of families that have a female householder
with no husband and no children and are living below
the poverty level

Proportion of the population for whom poverty status
is determined living below half the poverty level
Proportion of the population for whom poverty status
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Housing

is determined living between half and three-quarters
the poverty level

Proportion of the population for whom poverty status
is determined living between three-quarters of the
poverty level and the poverty level

Proportion of the population for whom poverty status
is determined living between the poverty level and 1.5
times the poverty level

Proportion of the population for whom poverty status
is determined living between 1.5 times and 1.99 times
the poverty level

Proportion of the population for whom poverty status
is determined living above twice the poverty level
Proportion of the population for whom poverty status
is determined living below the poverty level
Proportion of the population for whom poverty status
is determined living between the poverty level and
1.99 times the poverty level

Proportion of occupied housing units occupied by
owner

Proportion of housing units that are occupied
Proportion of vacant housing units that are for rent
Proportion of vacant housing units that are for sale
Proportion of vacant housing units that are neither for
rent nor for sale

Proportion of housing units that are single-family
Proportion of housing units that are single-family
detached

Proportion of housing units that are single-family
attached

Proportion of housing units in structures with 2 units
Proportion of housing units in structures with 3-4 units
Proportion of housing units in structures with 5-9 units
Proportion of housing units in structures with 10-19
units

Proportion of housing units in structures with 20-49
units

Proportion of housing units in structures with 50 or
more units

Proportion of housing units that are mobile homes
Proportion of housing units that are boats, RVs, vans,
etc.

Proportion of employed adults who commute by car
Proportion of employed adults who commute by
transit

Proportion of employed adults who commute by
motorcycle

Proportion of employed adults who commute by
bicycle

Proportion of employed adults who commute on foot
Proportion of employed adults who commute by some
other mode

Proportion of employed adults who work at home
Proportion of employed adults whose commute takes
less than 10 minutes
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Urban Form

Transit Access

Proportion of employed adults whose commute takes
10-19 minutes

Proportion of employed adults whose commute takes
20-29 minutes

Proportion of employed adults whose commute takes
30-39 minutes

Proportion of employed adults whose commute takes
40-59 minutes

Proportion of employed adults whose commute takes
60-89 minutes

Proportion of employed adults whose commute takes
90 minutes or more

Density of unique street intersections per km?
Density of dead ends and cul-de-sacs per km?
Density of 3-way street intersections per km?
Proportion of intersections that are 3-way
intersections

Density of 4-way street intersections per km?
Proportion of intersections that are 4-way
intersections

Connected node ratio (3+ way intersections/dead
ends)

Proportion of land area covered by sidewalks
Proportion of land area covered by street roadbed
Proportion of land area covered by tree canopy

Proportion of roadbed area covered by tree canopy

Proportion of total building area devoted to residential
use

Land Use Mix

Frank Walkability Index

Built Environment and Health Group Walkability Index

Density of unique bus stops per km? in 2004

Density of unique bus stops per km? in 2012

Density of bus stops per km?allowing transfer
between buses (in 2012)

Density of subway stops per km” allowing transfer
between lines

Density of subway stops per km”

ACS
ACS
ACS
ACS
ACS

ACS

NYS-ALIS
NYS-ALIS
NYS-ALIS
NYS-ALIS

NYS-ALIS
NYS-ALIS

NYS-ALIS

NYS-ALIS
NYS-ALIS
NYC Urban
Tree Canopy
Assessment
NYC Urban
Tree Canopy
Assessment
NYC
Department of
City Planning

New York City
Metropolitan
Transit
Authority

New York City
Metropolitan
Transit
Authority

New York City
Metropolitan
Transit
Authority

New York City
Metropolitan
Transit
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New York City
Metropolitan
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Crime

Disorder

Total Crime Index
Personal Crime Index
Murder Index

Rape Index

Robbery Index

Assault Index

Property Crime Index
Burglary Index

Larceny Index

Motor vehicle Theft Index
Homicide Density in 2005

Homicide Density in 2006

Homicide Density in 2007

Homicide Density in 2008

Homicide Density in 2009

Homicide Density in 2010

Street View Disorder

Mean Street Cleanliness in 1999
Mean Street Cleanliness in 2000
Mean Street Cleanliness in 2001
Mean Street Cleanliness in 2002
Mean Street Cleanliness in 2003
Mean Street Cleanliness in 2004
Mean Street Cleanliness in 2005
Mean Street Cleanliness in 2006
Mean Street Cleanliness in 2007
Mean Street Cleanliness in 2008

Mean Street Cleanliness in 2009

Transit
Authority

ESRI

ESRI

ESRI

ESRI

ESRI

ESRI

ESRI

ESRI

ESRI

ESRI

New York
Times
Homicide Map
New York
Times
Homicide Map
New York
Times
Homicide Map
New York
Times
Homicide Map
New York
Times
Homicide Map
New York
Times
Homicide Map

Google Street
View/CANVAS
Project
Scorecard
Project
Scorecard
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Scorecard
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Scorecard
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Parks &
Greenspace

Safety from
Traffic

Mean Street Cleanliness in 2010
Mean Street Cleanliness in 2011
Mean Street Cleanliness in 2012

Proportion of houses with broken windows

Proportion of houses with rotten or loose windows

Proportion of houses with boarded up windows

Proportion of houses with no window problems

Presence of any houses with boarder up or broken
windows

Proportion of land area devoted to community
gardens

Proportion of land area devoted to parks
Proportion of land area devoted to small parks
Proportion of land area devoted to playgrounds
Proportion of land area devoted to green streets

Density of collisions involving pedestrians in 2010

Density of collisions in which pedestrians were injured
in 2010

Density of collisions in which pedestrians were killed
in 2010

Density of collisions involving cyclists in 2010

Density of collisions in which cyclists were injured in
2010

Density of collisions in which cyclists were killed in
2010

Density of collisions involving pedestrians from 1995-

Project
Scorecard
Project
Scorecard
Project
Scorecard
NYC Housing
Vacancy
Survey

NYC Housing
Vacancy
Survey

NYC Housing
Vacancy
Survey

NYC Housing
Vacancy
Survey

NYC Housing
Vacancy
Survey

GrowNYC

New York
State
Department of
Transportation
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2010

Density of collisions in which pedestrians were injured
from 1995-2010

Density of collisions in which pedestrians were killed
from 1995-2010

Density of collisions involving cyclists from 1995-2010

Density of collisions in which cyclists were injured
from 1995-2010

Density of collisions in which cyclists were killed from
1995-2010

Density of collisions involving pedestrians from 1995-
1999

Density of collisions in which pedestrians were injured
from 1995-1999

Density of collisions in which pedestrians were killed
from 1995-1999

Density of collisions involving cyclists from 1995-1999

Density of collisions in which cyclists were injured
from 1995-1999

Density of collisions in which cyclists were killed from
1995-1999

Density of collisions involving pedestrians from 2000-
2009

Density of collisions in which pedestrians were injured
from 2000-2009

Density of collisions in which pedestrians were killed
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Transportation
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from 2000-2009 State

Department of

Transportation
Density of collisions involving cyclists from 2000-2009 New York Yes

State

Department of

Transportation
Density of collisions in which cyclists were injured New York Yes
from 2000-2009 State

Department of

Transportation
Density of collisions in which cyclists were killed from  New York Yes
2000-2009 State

Department of

Transportation

ACS: American Community Survey; NYS-ALIS: New York State Accident Location Information System
GIS layer; ESRI: Environmental Systems Research Institute, Inc.
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Table A5.2. Specific neighborhood measures identified as most predictive for several physical
activity outcomes using regression modes in the full cohort. All analyses control for subject age,
race/ethnicity, educational attainment, household income, and gender.

PASE Score Gardening Walking Daily Heavy
Housework

Count of 7 (2.1%) 32 (9.5%) 40 (11.9%) 2 (0.1%)
measures that
remained
significant after
Bonferroni
correction
Top 5 statistically People living in Neighborhood Proportion of Proportion of
significant households with Physical Disorder residents with 60-  residents aged 3

neighborhood
measures (by p-
value of
coefficient)

incomes less than
half the poverty
level (-)

People living in
households with
incomes below the
poverty line (-)

No problems with
windows in HVS
survey (+)

People living in
households with
incomes more
than twice the
poverty level (+)

People living in
households with
incomes between
half and three-
quarters of the
poverty level (-)

)

Proportion of adult
population with at
least some college
education (+)

People living in
households above
twice the poverty
line (+)

People living in
households with
incomes less than
half the poverty
level (-)

Proportion of
households with
incomes between
10K and 15K (-)

90 minute travel
time to work (-)

Proportion of adult
population working
in professional or
management
industries (+)

Broken windows in
HVS survey (-)

Proportion of
working adult
population
commuting by car,
truck, or van (-)

Proportion of adult
population with at
least some college
education (+)

and higher
enrolled in school

)

Proportion of
residents aged 3
and higher
enrolled in public
college (+)
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Table A5.3. Specific neighborhood measures identified as most predictive for several physical
activity outcomes using LASSO on cohort created by selecting a random imputation for each
subject. All analyses control for subject age, race/ethnicity, educational attainment, household
income, and gender.

PASE Score Gardening Walking Daily Heavy

Housework

Count of 23 (6.8%) 9 (2.6%) 23 (6.8%) 21 (6.2%)

measures that

remained

significant after

Bonferroni

correction

Top 5 statistically People living in People living in Broken windows in  Proportion of

significant households with households with HVS survey (-) residents aged 3

neighborhood incomes less than  incomes between and older enrolled

measures (by p- half the poverty 1 and 1.5 times in any school (-)

value of level (-) the poverty level

coefficient)

Proportion of
intersections that
are 3-way (+)

People living in
households with
incomes between
half and three-
quarters of the
poverty level (-)

Proportion of
residents with 30-
39 minute
commutes (+)

Proportion of

population in non-
family households
not living alone (+)

()

People living in
households with
incomes less than
half the poverty
level (-)

Neighborhood
Physical Disorder

()

People living in
households with
incomes between
half and three-
quarters of the
poverty level (-)

Proportion of
vacant housing
units that are for
rent (-)

Proportion of
households with a
Hispanic
householder (-)

Proportion of
residents who
commute by car,
truck, or van (-)

Proportion of
residents living in
non-family
households with
non-relatives (+)

Proportion of
households with
incomes between
35K and 40K (-)

Proportion of
residents aged 3
and older enrolled
in public college

)

Density of
pedestrian
fatalities from
2000-2009 (-)

Proportion of
residents whose
relationship to the
householder is
‘parent’ (+)

Density of cyclist
fatalities from
1995-1999 (-)
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Figure A5.1. Regularization path graph for the LASSO regression on PASE score. Each line
represents the coefficient estimate for one (hormalized) parameter as the penalty increases (to the
right) The near-horizontal lines represent individual covariates (age, race/ethnicity, educational
attainment, gender, household income) that are included in the model unpenalized.
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Figure A5.2 Sample output from regression Tree from ‘party’ package in R predicting probability
of gardening as a function of neighborhood and individual covariates. This tree is the raw output
corresponding to the tree as that shown in Figure 5.2.
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