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Abstract

Objectives: Prior research emphasizes the importance of the residential neighborhood context during later life but little
attention has been afforded to other areas that older adults encounter as they move beyond their residential environments
for daily activities and social interactions. This study examines the predominance of the residential context within older
adults’ everyday lives.

Method: We provided 60 older adults in four New York City neighborhoods with iPhones, which captured Global
Positioning Systems (GPS) locations at 5-min intervals over 1 week (7 = 55,561) and 17 ecological momentary assessments
(EMAs) over 4 days (7 = 757) to assess real-time activities.

Results: Older adults in our sample spent nearly 40% of their time outside of their residential tracts and they visited 28
other tracts, on average. Exercising, shopping, socializing, and social activities were especially likely to take place outside of
residential tracts. Differences in residential and nonresidential poverty exposure vary across gender, race/ethnicity, educa-
tion, car ownership, and residential areas.

Discussion: Measuring activity space, rather than relying on residential tracts, allows examination of the social environ-
ments that are relevant for older adults’ everyday lives. Variation in characteristics of activity spaces may be an underex-
plored source of differences in health and well-being during later life.

Keywords: Methods—Neighborhood—Social environment—Urban sociology

An unprecedented number of older adults are “aging in
place,” or residing independently in the communities
where they spent the bulk of their adult lives. Later life
changes such as retirement, bereavement, and the develop-
ment of functional impairments and chronic illness render
many of these individuals particularly vulnerable to—and
dependent upon—their social environments (see Cagney &
York Cornwell, 2010; Robert & Li, 2001). Prior research
suggests that neighborhood characteristics shape recovery
from illness (Wen & Christakis, 2005), adaption to func-
tional limitations (Beard et al., 2009), physical activity
(Mendes de Leon et al., 2009), the ability to complete daily

tasks (Michael, Green, & Farquhar, 2006), and continued
independent living (Cannuscio, Block, & Kawachi, 2003).

This line of research is predominantly focused on the
residential neighborhood, driven by an underlying assump-
tion that residential areas are the only contexts—or the most
important contexts—shaping health and well-being (Chaix,
2009; Cummins, 2007; Diez-Roux, 2007; Matthews & Yang,
2013). Some scholars have suggested that focusing on the
residential neighborhood is particularly appropriate when
studying older adults, as age-related changes may reduce
the geographic range of activities, increasingly anchoring
daily life to the local, residential area (Inagami, Cohen, &
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Finch, 2007; Pearce et al., 2009). However, this has not been
directly tested. An important alternative possibility is that
retirement may bring greater flexibility in structuring daily
life and that older adults may move beyond their local neigh-
borhood to access services, organizations, and amenities, as
well as for social contact and participation in social activities
(Cagney, Browning, Jackson, & Soller, 2013).

Focusing on residential neighborhoods therefore risks
misspecification of older adults’ social environments and
overlooks exposures to physical and structural characteris-
tics of nonresidential areas that may be relevant for health
and well-being (Jones & Pebley, 2014; Matthews & Yang,
2013; Perchoux, Chaix, Cummins, & Kestens, 2013). For
example, concentrated socioeconomic disadvantage in the
residential neighborhood has been associated with negative
physical and mental health outcomes (Robert, 1998; Ross,
2000; Wen, Browning, & Cagney, 2003) and with restricted
network size and network interaction among older adults
(York Cornwell & Behler, 2015). However, recent work
among adults in Los Angeles suggests that exposure to soci-
oeconomically disadvantaged areas outside of the residen-
tial context also contributes to individual outcomes (Sharp,
Denney, & Kimbro, 2015) and may condition the associa-
tion between residential neighborhood disadvantage and
poor health (Inagami et al., 2007). Unfortunately, scholars
have not fully considered the relevance of nonresidential
neighborhood contexts for health, social connectedness,
and well-being. Doing so requires taking a close look at
where individuals go during their daily lives.

In this article, we present new data from a study using
smartphone-based location tracking to identify older
adults’ “activity spaces”—or the locations of routine activi-
ties in everyday life (Golledge & Stimson, 1997). Activity
spaces include, but are not limited to, individuals’ residen-
tial neighborhoods. Instead of assuming that the residen-
tial neighborhood circumscribes older adults’ daily lives,
we identify relevant social spaces based on where older
adults actually spend their time. To do this, we equipped
60 older adults in four New York City neighborhoods with
iPhones. The iPhones were used to capture respondents’
GPS locations in 5-min intervals over 7 days (n = 55,561
observations) and to administer 17 ecological momentary
assessments (EMAs) across four of those days (n = 757
observations). This article details the method and presents
descriptive findings regarding the span of older adults’
activity spaces, the relevance of their residential neighbor-
hoods in daily life, and their exposure to socioeconomic
disadvantage inside and outside of their residential con-
texts. Our results point to the need for greater conceptual
and empirical consideration of social environments that
extend beyond older adults’ residential neighborhoods.

Identifying The Social Contexts of
Everyday Life

Conventional approaches to the study of neighborhood
effects on individual outcomes are not only limited by their

focus on residential contexts but they also typically rely on
administratively defined spatial units (e.g., census tracts) as
proxies for the residential context (Feng, Glass, Curriero,
Stewart, & Schwartz, 2010). A recent review of research on
place and health in later life found, for example, that 73% of
studies use administrative boundaries to define older adults’
residential neighborhoods (Yen, Michael, & Perdue, 2009).
Using census tracts as proxies for residential neighborhoods
has a number of practical advantages. Tracts were determined
in part by natural boundaries such as major streets and with
the goal of encompassing residents who are relatively homo-
geneous with regard to socioeconomic status. In addition,
administrative data collected or aggregated at the tract level
(e.g., poverty rates) are often indicative of physical and social
characteristics of the surrounding area (Diez-Roux, 2007).
However, contextual effects operationalized with residen-
tial tracts in multilevel models tend to be rather small and
account for only a modest portion of variation in individual
outcomes (Diez Roux et al., 2001; Oakes, 2004; Pickett &
Pearl, 2001). Weak associations between residential tract
characteristics and health outcomes may reflect heterogene-
ity in individuals’ exposure to the residential tract and their
access and exposure to other areas (Spielman & Yoo 2009).

The consideration of activity spaces—a concept stem-
ming from research in geography—provides an alternative
to the focus on residential neighborhoods (Golledge &
Stimson, 1997). Activity spaces encompass the social envi-
ronments that individuals encounter during their routine
activities in everyday life including, but not limited to, their
residential neighborhoods. The span and characteristics of
activity spaces may be shaped by individuals’ health, physi-
cal function, socioeconomic resources, and social connect-
edness (Jones & Pebley, 2014; Kwan, 1999). Residential
neighborhood contexts, adjoining areas, and the availabil-
ity of transportation may also affect the span and shape of
individuals’ activity spaces (Rainham, McDowell, Krewski,
& Sawada, 2010). Thus, while some older adults are largely
reliant on local resources, others may regularly travel to
more distant locations to attend church, visit family mem-
bers, and shop for groceries.

Recent technological advances in real-time location
tracking provide an opportunity to map the relevant social
spaces of daily life from the ground up (Wan & Lin, 2013,
2016; Zenk et al., 2011). Such data allow us to examine the
extent to which the residential context is representative of
the social contexts where individuals spend their time. To
illustrate, we use data from a smartphone-based pilot study
of older adults to compare, on three different dimensions,
the residential and nonresidential contexts of older adults’
everyday lives.

First, we assess the extent to which daily activities take
individuals beyond their residential neighborhoods (or, as
often operationalized, their residential tracts), both spa-
tially and temporally. How large is the geographic span
of activity space, compared to the residential tract? And,
how much time do older adults spend inside and outside
of their residential tracts? Second, we consider the types
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of activities that older adults typically complete inside and
outside of their residential tracts. This provides insight into
the extent to which residential tract is the primary site for
particular activities such as socializing, exercising, shop-
ping, and accessing health care. Finally, we examine similar-
ities between nonresidential tracts in older adults’ activity
spaces and their residential tracts, with a comparison of
tract-level rates of poverty. These analyses are intended to
highlight the types of questions and patterns that can be
explored using smartphone-based data collection and the
extent to which nonresidential locations may be relevant
for older adults’ health and well-being.

Data

We use data from the Real-time Neighborhoods and Social
Life Study (RNSLS), a smartphone-based study of older
adults in New York City. Respondents were recruited for
this study through convenience sampling at senior cent-
ers in each of four neighborhood areas: East Harlem,
Gramercy Park, North Bedford-Stuyvesant, and South
Bedford-Stuyvesant. These four sites were chosen to maxi-
mize racial/ethnic, socioeconomic, and geographic diversity
in the sample. The senior centers tend to draw older adults
who live nearby for social events, educational seminars,
health check-ups, and meals.

In total, 60 individuals over the age of 55 completed
the study during October-November 2014. As shown in
Table 1, there were between 13 and 17 respondents per site.
The sample is not representative of community-residing
older adults in New York City but it is diverse. Data captured
via a paper-and-pencil survey at the beginning of the study
show that more than 50% of the respondents identified as
Black, non-Hispanic and nearly 25 percent are of Hispanic
origin. About 30% of the respondents have a college degree
but respondents are predominantly low-income, with more
than 40% reporting annual incomes below $20,000. Most
respondents are women and only about a quarter of them
own a car. More than half of the respondents have lived in
their current neighborhood for more than 30 years.

The study began with an introductory training session
on the first Monday of the study week. The training was
designed and conducted in collaboration with Older Adults
Technology Services (OATS), a nonprofit organization in
New York City. During the training session, each respond-
ent was provided with an iPhone 5¢ to carry for 7 days.
The use of a smartphone enables GPS-tracking with inter-
mittent collection of ecological momentary assessments
(EMAs). GPS tracking and EMAs are described in more
detail below.

GPSTracking

Respondents’ activity spaces were assessed via GPS loca-
tions captured by the Find My iPhone application. Each
iPhone was assigned an Apple ID that was unique to the

Table 1. Characteristics of Respondents in the RNSLS
(n=60)

% N

Age

55-64 21.67 13

65-74 53.33 32

75 and over 25.00 15
Gender

Male 31.67 19

Female 68.33 41
Racial/ethnic background

Black, non-Hispanic 53.33 32

Hispanic 26.67 16

White, non-Hispanic and other 20.00 12
Education

Some college or less 70.18 40

College degree or more 29.82 17
Income

Less than $20,000 41.67 25

$20,000 and higher 43.33 26

Missing information on income 15.00 9
Owns car 25.00 15
Years of residence in current
neighborhood

Fewer than § 15.00 9

5-9 16.67 10

10-30 36.67 22

More than 30 31.67 19
Poverty rate in residential tract

5-9.9% 8.33 5

10-19.9% 21.67 13

20-29.9% 43.33 26

30-34.9% 21.67 13

35%+ 5.00 3
Senior Center Site

East Harlem 23.33 14

Gramercy Park 21.67 13

North Bedford-Stuyvesant 28.33 17

South Bedford-Stuyvesant 26.67 16

Note: RNSLS = Real-time Neighborhoods and Social Life Study.

respondent, but not personally identifiable. An algorithm
written specifically for this study queried Find My iPhone
for the location of each respondent’s phone in 5-min inter-
vals throughout the study period.

Smartphone-based data collection and transmission
requires careful attention to issues of data security and
maintenance of respondent privacy. Location data were
transmitted from the iPhones to a password-protected
server in a locked room via Apple’s iCloud service. iCloud
uses 128-bit AES encryption to protect the data from unau-
thorized access while it is being transmitted. An additional
advantage of using the Find My iPhone application is that
it could be used to lock the iPhone or erase all data on the
iPhone should it be lost or stolen, although this did not
occur during the study period.
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Studies using GPS trackers rather than smartphones
are able to capture locations in very short time intervals
such as every 1 or 5 s (e.g., Wan & Lin, 2013, 2016; Zenk
et al., 2011). We use 5-min intervals to minimize drain on
the iPhone’s battery and insure that it could operate for
at least 2 days without recharging. Although respondents
were instructed to charge their iPhones every night, pre-
testing indicated that some respondents forget or are una-
ble to do this each night. The 5-min intervals allow us to
identify most locations where respondents spend their time
but they likely exclude some areas that respondents briefly
pass through, thereby underestimating the range of areas to
which older adults are exposed.

Respondent locations were captured from 9:00 a.m. to
9:00 p.m., beginning 30 min after the conclusion of the
introductory training session on Monday. Observations
captured 30 min prior to a 2-hr training session held on
Wednesday until 30 min after the training session are
dropped from the data in order to reduce the impact of
study participation on the observed locations. In all,
98.85% of location queries (7 = 55,973) resulted in the
receipt of valid GPS coordinates. The 55,561 valid GPS
locations have a median accuracy radius of 10 m (about
0.01 miles) and a mean radius of 32.7 m. Overall, 61.4%
of observations had an accuracy radius of 10 m or less.
Each of the GPS points was located within its correspond-
ing census tract (based on 2010 tract boundaries) using
ArcGIS. Supplementary analyses limited to GPS locations
with accuracies of 10 m or less (n = 34,106) provide sub-
stantively similar results to those that we present here.

Ecological Momentary Assessment (EMA)
Collection

EMAs are research tools characterized by the repeated col-
lection of individuals’ current or recent experiences and
behaviors in real-world environments (Stone and Shiffman,
1994). EMAs traditionally rely on participants’ self-reports
of their activities, surroundings, and subjective states—
akin to short, momentary surveys. Early EMA studies often
used paper diaries completed at specified times or when the
respondent was notified by a pager or beeper. Compared
to these approaches, smartphone-based EMA collection
allows greater flexibility in EMA timing and reduces recall
bias, response errors, and nonresponse (Trull and Ebner-
Priemer, 2009). Several recent studies point to the feasibility
of implementing smartphone-based EMA collection among
older adults, including racial minorities (Fritz, Tarrif, Saleh,
& Cutchin, 2017) and those with cognitive challenges
(Ramsey, Wetherell, Depp, Dixon, & Lenze, 2016).

EMAs were collected on the iPhone using Survey Swipe,
a commercially available application for mobile survey
research developed by Survey Analytics (www.survey-
swipe.com). EMA questions appeared as text on the iPhone
screen inside the Survey Swipe application and respondents

answered them using the touchscreen interface. When the
respondent completed an EMA, his or her responses were
securely transmitted to Survey Analytics; no EMA data
were stored on the iPhone. The Survey Analytics database
for this project was password-protected and located behind
a firewall using CheckPoint VPN-1 security.

Respondents were asked to complete 17 EMAs during
the study period. The EMAs began Wednesday evening,
following a training session focusing on the completion of
EMAs. Then, EMAs were sent during four time windows—
morning, early afternoon, late afternoon, and evening—on
the subsequent Thursday, Friday, Saturday, and Sunday.
The collection of four EMAs over the course of each day
aimed to capture respondents during a variety of activities
but it is not comprehensive. Data from the EMAs provides
a systematic sample of respondents’ locations, experiences,
and activities at particular moments in time over the course
of four days.

Respondents were informed of the time windows but
they were not told exactly what time the EMAs would be
requested. When it was time to take an EMA, respondents
were “pinged” via a text message from the RNSLS staff
stating, “Please complete your [morning/early afternoon/
late afternoon/evening] survey now.” Immediately after
the text-message ping, the survey was made available in
Survey Swipe and a banner notification on respondents’
lock screens announced that a new survey had been made
available.

The EMAs included 23 items asking respondents to
provide real-time reports about where they are, whom they
are with, what they are doing, and how they feel, includ-
ing happiness, anger, loneliness, and symptoms of distress
such as pain, fatigue, and perceived stress. These data allow
examination of how locations, activities, and experiences
correspond with real-time fluctuations in health and well-
being. For this article, we focus on respondents’ reports of
their activities.

Respondents were encouraged to complete EMAs as
soon as they were pinged. On average, the EMAs required
4.6 min to complete. In all, 98.7% of EMAs were com-
pleted before the close of the time window. Because EMAs
are intended to capture real-time activities and experiences,
we restrict analysis to the 757 EMAs that were received
within 20 min of the ping. This generates a response rate
of 75.2%.

Measures

Span of Activity Space

Using the GPS point data, we generate two measures
that summarize the size or range of older adults’ activity
spaces. First, as a basic measure of mobility, we calculate
the respondent’s average distance away from home, based
on all GPS observations. Second, we calculate the standard
deviation ellipse, which is a Euclidean measure commonly
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used in geographic research. The ellipse is a spatial unit that
includes approximately 68% of the respondent’s observed
locations, centered on the mean center of respondent’s
observed locations (see Sherman, Spencer, Preisser, Gesler,
& Arcury, 2005). Each respondent’s ellipse and its total
area in square miles was calculated in ArcGIS. Ellipse size
provides a general indicator of the span of respondents’
activity spaces, but it is important to note that ellipses
typically include large regions that are not actually encoun-
tered by respondents. Identification of ellipses may there-
fore more useful for population health research assessing
access to resources rather than for assessment of exposure
to local conditions. For example, fresh food stores included
within an older adult’s standard deviation ellipse should
be accessible to him, since they fall within the spatial area
of about two-thirds of his observed locations; older adults
with more fresh food stores within their ellipses can be con-
sidered as having greater access to fresh food within their
activity spaces.

We also use three measures to assess the extent to
which activity spaces are contained within the respond-
ent’s residential tract. We use tracts as the geographic unit
here, since most prior research considering neighborhood
effects on health operationalizes the neighborhood as the
residential census tract (Yen et al., 2009). We calculate
the proportion of GPS locations that are outside of the
respondent’s residential tract, the total number of unique
tracts that the respondent visited, and the number of
tracts in which the respondent stayed for at least 10 min
(i.e., had at least three consecutive observations) during
the study period.

Residential and Nonresidential Activities

In each EMA, respondents were asked to indicate any or
all activities they are doing. We combine the activities into
nine categories: (a) personal care (grooming, sleeping); (b)
receiving health care; (c) housekeeping or household tasks;
(d) shopping or running errands; (e) eating or drinking;
(f) walking or exercising; (g) relaxing, leisure, and read-
ing; (h) socializing; and (i) participating in social activities
(including group participation, volunteering, and religious

participation). We use this information, coupled with GPS
location at the time that the EMA was submitted, to exam-
ine how often respondents reported each activity inside and
outside of their residential tracts.

Exposure to Poverty

As a basic assessment of how activity spaces differ from
residential contexts, we compare respondents’ exposure
to poverty within their residential tracts and the nonresi-
dential tracts of their activity spaces. Tract-level poverty is
based on the percentage of households in the tract with
incomes below poverty, from the 2009 to 2013 American
Community Survey (ACS). For each GPS location, we
assign the tract-level poverty rate within its corresponding
tract. We calculate the mean poverty rate in nonresidential
tracts as the average of the tract poverty levels across all
observations in which the respondent was outside of his or
her tract. Our measure of nonresidential poverty exposure
is therefore weighted by the amount of time the respondent
spent in each tract.

Results

We are interested in the extent to which older adults move
beyond their residential tracts as they complete everyday
activities. Descriptive statistics presented in Table 2 pro-
vide empirical measures of respondents’ exposure to spaces
outside of their residential tracts during the study period.
First, note that activity spaces vary considerably in size.
Respondents were located, on average, about 0.71 miles
from their residence. But the distribution of distances
from the respondent’s residence is right-skewed, with two
respondents having average distances above 4 miles and
one with an average distance of more than 10 miles. The
average area within the standard deviation ellipse, which
encompasses about two-thirds of each respondent’s loca-
tions, is 4.54 square miles. By comparison, respondents’
residential tracts have an average area of 0.07 square miles.
About 87% of the respondents (7 = 52) had standard devi-
ation ellipse areas that were larger than their residential
tract areas.

Table 2. Summary Statistics for Measures of Activity Space in the RNSLS Sample (n = 60)

Mean SD Q1 Median Q3

Size of activity space and residential tract

Average distance from home (mi) 0.71 1.49 0.15 0.36 0.61

Standard deviation ellipse area (mi?) 4.54 16.04 0.24 0.94 2.35

Residential tract area (mi?) 0.07 0.04 0.06 0.06 0.07
Exposure to nonresidential tracts

GPS observations outside residential tract (%) 38.81 25.86 17.06 33.99 51.92

Tracts visited 28.10 19.20 16.00 23.50 35.50

Tracts visited for at least 10 min 9.35 4.94 6.00 9.00 12.00

Note: GPS = Global Positioning Systems; RNSLS = Real-time Neighborhoods and Social Life Study.
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Next, we consider the predominance of residential
tracts within respondents’ activity spaces. About 39% of
GPS observations located respondents outside of their resi-
dential tracts. Notably, more than 25% of the respondents
spent more than half of their time outside of their residen-
tial tract. The SD of 25.86% points reveals considerable
heterogeneity in the relevance of the residential tract as a
context for everyday activities.

During the study week, respondents visited an average
of about 28 different tracts, including their own residen-
tial tract. About a quarter of the respondents visited more
than 335 tracts, while about 15% of the respondents visited
fewer than 10 tracts. The 5-min intervals in GPS collec-
tion likely overlook locations that respondents visited only
briefly, making this a conservative estimate of the range of
exposure to nonresidential tracts.

Nevertheless, many of the tracts that respondents vis-
ited were observed only once—meaning that the respond-
ent spent less than 5 min in the tract, perhaps because they
were traveling through a tract en route to another loca-
tion. Passing through tracts, even if only briefly, may allow
access to resources located there (e.g., health care, fresh
foods, social services). However, the short time there may
limit their relevance for everyday life and their exposure-
related effects on health. Thus, we also consider the number
of tracts in which the respondent had at least three consec-
utive observations—Ilikely indicating that the respondent
was exposed to the tract for at least 10 min. On average,
respondents stayed for at least 10 min in 9.35 different
tracts.

Variation in Activity Space Characteristics

To illustrate how the span and characteristics of activity
spaces vary across individuals, we take a closer look at three
residents of East Harlem. The maps in Figure 1 plot each
respondent’s activity space locations, with his or her residen-
tial tract shaded in dark gray. As shown, A’s activity space is
tightly clustered around her residential tract while B trav-
erses a wider range of locations. Thus, B visits more tracts
than A, but because B spends less time (and therefore has
fewer observations) in these tracts, his ellipse covers less total
area. In contrast, C spends much more time outside of her
residential tract and travels much further, which is reflected
in the high count of total tracts visited (86) and the large
geographic area of her activity space (8.60 square miles).
Table 3 examines variation in activity spaces across
respondent characteristics and their neighborhoods. We
do not find any significant differences in ellipse area across
respondent characteristics or across sites but a few trends
are worth noting. First, the oldest old respondents seem to
have more constrained activity spaces than the younger
groups, although the difference is not statistically signifi-
cant. We also observe trends in which activity spaces are
larger among more advantaged social groups, including
whites, those with a college degree, and car owners—but

large standard deviations within these groups also indicate
greater heterogeneity in the span of their activity spaces.
The same is true for residents of Gramercy Park and those
who reside in relatively low poverty areas (having 10%-—
19.9% poverty).

The largest gaps in the proportion of time spent outside
of the residential tract are observed across age groups, with
the oldest old spending about 34% of their time outside
of the residential tract compared to nearly 43% of time
among the youngest old in this sample (but the difference is
not significant). The proportion of time spent outside of the
residential tract does not significantly differ across other
respondent characteristics, or across sites. However, trends
suggest that respondents with less education and lower
incomes spend more time outside of their residential tracts
than their higher status counterparts.

Finally, we consider the number of tracts in which
respondents stayed for more than 10 min. Men, those with
a college degree, and car owners stayed in more tracts than
their counterparts, but the differences are not significant.
The only significant differences are found within race/eth-
nicity and sites. Hispanic respondents stayed in fewer tracts
than White respondents (p = .067) and residents of East
Harlem stayed in fewer tracts than residents of Gramercy
Park (p < .05). Because most White respondents reside
in Gramercy Park and most Hispanic respondents reside
in East Harlem, it is not clear whether these patterns are
attributable to racial/ethnic differences in activity space
patterns or to differential spatial distributions of resources
and amenities surrounding their residential neighborhoods.

Activities in Nonresidential Environments

We use data from the EMAs to examine how particular
types of activities are associated with exposure to areas
outside of older adults’ own residential tracts. As shown
in Table 4, of the 757 valid EMAs, about 27.1% found the
respondent at a location outside of his or her census tract.
This is lower than the overall rate of nonresidential tract
locations in the GPS data (38.8%), which may reflect that
respondents were more likely to respond to EMAs within
the 20-min time window when they were inside their resi-
dential areas. It is also worth noting that, in about 89.6%
of the observations within the respondent’s residential
tract, the respondent reported being at home.

Table 4 shows that housework, personal care, leisure
activities, and eating were most likely to occur inside
respondents’ residential tracts—with a large share of these
taking place at home. About two-thirds of the observa-
tions in which respondents were receiving health care
found them in their residential tracts but this is based on
only 19 observations. Other activities are more evenly split
across residential and nonresidential tracts. In more than
40% of the observations where respondents reported tak-
ing part in social activities, socializing, or exercising, they
were outside of their residential tracts. And, in over half of
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Figure 1. Activity space characteristics of three respondents from East Harlem. Full color version is available within the online issue.

the observations during which respondents were shopping
(56.2%), they were located outside of their residential tracts.

Residential and Nonresidential Exposure to
Poverty

Finally, we consider the extent to which characteristics of
nonresidential tracts in respondents’ activity spaces are
similar to those of their residential tracts. For this, we focus
on exposure to poverty. Returning to the comparisons of

East Harlem respondents in Figure 1, we observe striking
differences in exposure to poverty, even within older adults
who reside in the same neighborhood area. Respondent A’s
nonresidential poverty exposure is similar to the poverty
level in her residential tract (30.8% compared to 31.5%,
respectively). Both B and C are exposed to lower poverty
levels in nonresidential tracts. The difference in residential
and nonresidential poverty rates is largest for B (19.9%
points) but B spends much less time in nonresidential tracts
than does C.
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Table 3. Measures of Relevance of the Residential Area, by Respondent Characteristics

Mean SD ellipse Locations outside of Mean number of tracts
area (SD)* residential tract (%)? visited for 10+ min (SD)®

Overall 4.54 (16.09) 38.81 9.35 (4.94)
Age

55-64 3.35 (6.82) 42.64 8.92 (3.25)

65-74 3.03 (3.97) 39.32 10.22 (5.60)

75 and over 1.18 (2.05) 34.39 7.87 (4.49)
Gender

Male 4.87 (6.53) 37.50 10.74 (6.29)

Female 4.38 (18.99) 39.41 8.71 (4.11)
Racial/ethnic background

Black, non-Hispanic 3.20 (5.36) 38.71 9.47 (5.49)

Hispanic 1.33 (2.13) 38.81 8.001 (3.67)

White, non-Hispanic 12.39 (34.73) 39.08 10.83 (4.75)
Education

Less than college degree 2.15 (3.34) 40.13 8.83 (5.17)

College degree or more 10.88 (29.36) 38.53 10.71 (4.45)
Income

Less than $20,000 1.92 (2.91) 44.59 8.56 (3.65)

$20,000 and higher 3.31 (5.50) 35.13 9.96 (5.63)
Car ownership

No 1.98 (3.04) 39.53 8.80 (4.77)

Yes 12.22 (31.17) 36.64 11.00 (5.25)
Senior Center Site

East Harlem 1.37 (2.20) 32.87 7.57 (3.74)

Gramercy Park 12.05 (33.37) 41.63 11.54* (6.54)

North Bedford-Stuyvesant 3.90 (6.40) 45.09 9.59 (4.36)

South Bedford-Stuyvesant 1.89 (2.78) 35.04 8.88 (4.69)
Poverty rate in residential tract

5-9.9% 2.06 (3.43) 41.63 9.40 (6.66)

10-19.9% 12.30 (33.33) 37.71 10.38 (5.92)

20-29.9% 3.02 (5.38) 39.77 9.04 (4.54)

30%+ 1.49 (2.04) 37.25 9.00 (4.53)

Note: *Symbols indicate statistically significant difference from italicized group, based on bivariate OLS regression models predicting the proportion of locations
outside of the residential tract. *Symbols indicate statistically significant difference from italicized group, based on bivariate negative binomial regression models
predicting the number of tracts visited.

p <.10. *p < .05. (two-tailed tests, compared to italicized group).

Table 4. EMA Observations and Activities Within Residential and Nonresidential Tracts (n = 757)

Inside residential tract (%) Outside residential tract® (%) N
All EMA observations 72.92 27.08 757
By activities reported
Housework or household tasks 99.41 0.59 169
Personal care 94.00 6.00 200
Leisure or relaxing 81.30 18.70 353
Eating 73.30 26.70 221
Receiving health care 63.16 36.84 19
Social activities 57.22 42.78 194
Socializing 56.67 43.33 210
Walking or exercising 55.56 44.44 81
Shopping or errands 43.84 56.16 73

Note: EMA = Ecological momentary assessment.
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Table 5 examines variation in residential and nonresi-
dential exposure to poverty across respondent character-
istics. Nearly all of the groups in this sample had lower
average exposure to poverty in nonresidential tracts com-
pared to their residential tracts. The only exception is
observed among residents of North Bedford-Stuyvesant,
which may stem from the extremely high-poverty areas sur-
rounding this neighborhood.

Black and Hispanic respondents, and those with lower
incomes, tend to live in higher poverty tracts than White and
higher-income respondents. Similar patterns are observed
for nonresidential poverty exposure. Black and Hispanic
respondents are exposed to higher levels of nonresidential-
tract poverty (20.1% and 23.8% poverty, respectively)
compared to Whites (14.4% poverty). Those with lower
incomes and lower levels of education are also exposed to
greater poverty in their nonresidential areas.

Importantly, there is notable variation across groups in
the magnitude of the differences between residential and
nonresidential poverty exposure. As shown in the right-
most column, the exposure-weighted poverty level in

nonresidential tracts is more than 3% points lower than
respondents’ residential tract poverty levels, on average.
However, the difference between nonresidential and resi-
dential poverty levels is particularly large among Hispanic
respondents (with a gap of 5.6% points), those with col-
lege degrees (7.2% points), and car owners (6.4% points).
These findings suggest that social resources shape the
extent to which older adults are exposed to less disadvan-
taged areas. Lower rates of nonresidential-tract poverty are
also observed among residents of East Harlem and South
Bedford-Stuyvesant, which may reflect that these areas
are surrounded by less socioeconomic disadvantage than
Gramercy Park or North Bedford-Stuyvesant.

Discussion

The purpose of this article is to present data from a smart-
phone-based study using GPS tracking and EMAs to
describe the activity spaces of older adults. Contrary to the
assumption that older adults are tightly tethered to their
local, residential environments (e.g., Inagami et al., 2007;

Table 5. Poverty in Residential and Nonresidential Tracts, by Respondent Characteristics

Mean poverty level in
residential tract (SD)

Within-group difference
Exposure-weighted poverty between nonresidential and

level in nonresidential tracts (SD)® residential poverty*

Income

Less than $20,000

$20,000 and higher 20.31 (9.05)
Car ownership
No 22.85 (9.93)
Yes 24.67 (6.16)
Senior Center Site
East Harlem 32.47 (2.07)
Gramercy Park 15.28*** (11.34)

North Bedford-Stuyvesant
South Bedford-Stuyvesant

Overall 23.31(9.12)
Age
55-64 28.01 (9.31)
65-74 22.211(8.53)
75 and over 21.521(8.38)
Gender
Male 21.52 (8.38)
Female 24.13 (9.42)
Racial/Ethnic Background
Black, non-Hispanic 22.59t (6.80)
Hispanic 29.37** (8.97)
White, non-Hispanic 17.13 (10.46)
Education
Less than college degree 23.65 (8.07)
College degree or more 22.67 (11.59)

25.69% (8.47)

23.50%%% (2.41)
21.60%** (8.76)

19.96 (7.30) _3.35%*
22.29 (6.11) =-5.72¢1
19.71 (7.70) ~2.50
18.46 (7.30) ~3.06
19.79 (7.58) _1.73
20.03 (7.26) _4.10%*
20.14** (6.98) _2.45
23.75%%*(7.74) _5.62%
14.41 (3.41) _2.72
21.87 (7.42) _1.78
15.45%*%* (475) _7.200%
22.69% (6.84) ~3.00t
17.63 (6.90) _2.68
20.50 (7.70) _2.35%
18.32 (5.84) —6.35% %%
24.31 (6.37) _8.16%**
14.69%* (8.53) ~0.59
25.02 (3.45) 1.52
15.04%** (26]) _6.56%*

Note: *Symbols denote statistically significant differences compared to the italicized group, from bivariate OLS regressions of poverty rates in residential tracts.

"Symbols denote statistically significant differences compared to the italicized group, from bivariate OLS regressions of poverty rates in nonresidential tracts. ‘Sym-

bols denote statistically significant differences in residential and nonresidential poverty levels within the same group, based on paired-sample t-tests with df = n-1.

p <.10. *p < .05. **p < .01. ***p < .001 (two-tailed tests).
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Pearce et al., 2009), we find that the vast majority of
respondents in our sample have activity spaces that are
larger in geographic size than their residential tracts. During
the study week, respondents spent nearly 40% of their time
outside of their residential tracts and spent at least 10 min
in more than nine tracts, on average. Strikingly, more than a
quarter of the sample spent more than half of their time ou-
side of their residential tracts. This suggests that residential
neighborhoods, typically operationalized as the residential
census tract, do not capture all of the social environments of
older adults’ everyday lives. Measuring activity space allows
us to account for nonresidential exposures and conditions
that may be relevant for health and well-being.

We also find that characteristics of activity spaces vary
across individuals and groups. Importantly, we find some
(nonsignificant) evidence that participants with lower levels
of education and income spend more time outside of their
tracts. But these groups had smaller activity space areas and
visited fewer tracts than their higher status counterparts.
More research is needed to explore how individuals’ socio-
economic status and their local area shape their exposure
to other areas that pose health risks or provide health-pro-
moting resources such as fresh foods or green spaces (see
Jones & Pebley, 2014; Zenk et al., 2011).

Data from the EMAs shed some light on the kinds of
activities that may pull older adults outside of their residen-
tial neighborhoods. We find four activities that took place
outside of older adults’ residential tracts more than 40% of
the times they were observed: shopping, exercising, social-
izing, and participating in social groups or activities. This is
noteworthy because physical and social activities are often
emphasized in programs promoting older adults’ health
and social engagement. Further research should consider
the implications of the proximity of these activities to older
adults’ residential neighborhoods.

Finally, we compared structural characteristics of resi-
dential and nonresidential tracts by examining poverty
rates. Poverty rates in nonresidential tracts tend to be lower
than those in residential tracts but we observe substantial
variation across groups in the extent of the difference
between residential and nonresidential poverty exposure.
Hispanic older adults, those with college degrees, and
those who own cars spend time in nonresidential areas that
have particularly low poverty compared to their residen-
tial tracts. This suggests that poverty within one’s residen-
tial tract may not be a good proxy for overall exposure to
poverty. We urge more research on how exposure to non-
residential poverty may contribute to socioeconomic and
racial/ethnic disparities in health and aging.

Methodological Limitations and Future Directions

This is the first study, of which we are aware, that uses
smartphone-based GPS tracking and EMA collection to
identify and characterize the activity spaces of older adults.
Several limitations are worth noting. First, the small,

nonprobabilistic sample constrains our ability to generalize
from the findings to the broader population of older adults
in the United States. The patterns we observe may be unique
to the dense, urban context of New York City. Census tracts
in the city are relatively small, which may increase expo-
sure to nonresidential tracts. Low rates of car ownership
and reliance on walking and public transportation may
also shape mobility within this sample. While the cluster-
ing of respondents in residential neighborhoods allows us to
observe some differences in activity patterns across residen-
tial areas, it also introduces the potential for autocorrela-
tion within sample clusters. Larger clustered samples would
enable the use of more advanced statistical approaches, such
as multilevel regression models, for evaluation of the indi-
vidual- and neighborhood-level variation in activity spaces.

Smartphone-based research on activity spaces generates
more precise measures of activity space than survey-based
approaches that ask respondents to report a handful of
common destinations (e.g., grocery shopping, health care,
attending religious services) (see, e.g., Jones & Pebley, 2014).
However, the relatively short period of data collection in this
study (7 days for GPS and 4 days for EMA collection) may
overlook locations that are important to respondents but vis-
ited less frequently such as on a biweekly or monthly schedule.
The short period of data collection may also be more sus-
ceptible to the influence of exogenous factors. Unseasonably
warm weather during the weeks of this study, for example,
may have increased older adults’ mobility around the city.

Five-minute intervals for GPS collection, intended to
reduce battery drain, may have also caused us to overlook
some locations, leading to underestimation of the range or
span of older adults’ activity spaces. More frequent obser-
vations (e.g., 15- to 75-s intervals) would increase precision
and allow us to glean additional information such as types
of activities (e.g., walking, traveling via car, bus, or other
means) from the GPS observations (Wan & Lin, 2013,
2016). The nature and duration of exposure to particular
contexts may condition their effects on health.

More frequent EMA collection could have provided data
on additional locations and activities but EMA frequency
must be balanced against the risks of respondent burnout
and nonresponse. A recent study suggests that older adults
will participate in up to 7 EMAs per day for a week without
significant increases in nonresponse (Fritz et al., 2017) but
this may vary by the length and complexity of the EMAs.
Further research should explore event-based EMAs that are
deployed based on a variable of interest, such as the respond-
ent’s location outside of the residential tract, physical activity,
or participation in a particular activity such as socializing.

Smartphone-based research methods also pose some
general challenges in implementation and administration.
One is the nontrivial cost of providing smartphones and/
or data plans for respondents. Smartphone-based data col-
lection also requires technological expertise around the
development of protocols for extracting accurate location
data, and for securely transmitting, storing, and managing
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the data. Survey apps are making it easier to collect EMAs
via smartphones, but these may need to be modified for
research purposes or for specific populations, such as sen-
iors with cognitive or functional impairments (see, e.g.,
Ramsey et al., 2016). Many older adults’ lack of familiar-
ity with smartphones increases the need for training and
technical assistance, but we found that it also heightened
respondents’ interest in the study.

While the costs and challenges of smartphone-based data
collection create hurdles for widespread implementation,
this method could also be considered as a way to augment
more traditional survey or observational designs. For exam-
ple, smartphone-based data collection focused within a sub-
set or clustered sample of respondents could identify those
for whom the neighborhood is a less appropriate proxy for
daily exposures. At the same time, investment in larger stud-
ies collecting longitudinal data on activity spaces, along with
changes in health and social connectedness, could provide
fresh insight into how social environmental conditions shape
later-life trajectories of health and well-being.
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