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Abstract

Recent theoretical and methodological advances in urban sociology, includ-
ing spatially located data, provide new opportunities to consider the joint in-
fluence ofmobility and place in urban social life.This review defines the con-
cept of activity space, describes its origins in urban sociology, and examines
the extent to which activity space approaches advance sociological research
in four substantive domains—spatial inequality and segregation, social con-
nectedness and engagement, crime and offending patterns, and health and
health-related behavior. It next describes the evolution of methods for loca-
tion tracking and new approaches that hold promise for maximizing urban
mobility and activity space contributions. It then discusses how location data
may be augmented to enhance our sociological understanding of the struc-
ture, meaning, and implications of the places people visit or traverse in daily
life. We close with new directions for activity space research, emphasizing
how such work could enable comparative contextual research.
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BACKGROUND

Space and place have been fundamental concerns of sociology since the inception of the disci-
pline. In classical urban sociological theory, the city was described as a “mosaic of little worlds”
(Park 1915, p. 608), with the flow of urban dwellers through these social worlds contributing to
a macrolevel urban metabolism. However, sociological research in the Chicago School tradition
has focused largely on describing the uniqueness of the “little worlds,” or neighborhoods, and
assessing their social implications, rather than considering mobility across these settings and the
consequences of such movement (e.g., Sampson 2012, Shaw & McKay 1942).

Research on neighborhoods rarely incorporates information about structural or social charac-
teristics of locations where individuals spend time outside of their own residential neighborhoods
(Diez Roux &Mair 2010,Matthews & Yang 2013). Current research often makes the assumption
that the residential context is the most consequential social space, even though the long tradition
of time-use research suggests that individuals spend substantial portions of their waking hours out-
side of their home or residential environments (e.g., Hamermesh et al. 2005). Individuals com-
monly move beyond their residential neighborhoods for daily activities and social interaction,
and characteristics of this broader range of geographic contexts may have direct consequences
for individual outcomes such as health, economic attainment, social engagement, and victimiza-
tion. Moreover, this very movement between and among social environments creates a dynamic
that cannot be captured when neighborhood influences are conceptualized using data on a single
neighborhood per individual.

Recent theoretical andmethodological advances, including spatially located data collection and
the analysis of geotagged digital trace data, hold promise for a more expansive sociological under-
standing of the joint influence of mobility and place in urban context. In this review, we describe
urban mobility and the concept of activity space, which encompasses the spatial contexts in which
individuals conduct their daily activities, including but not limited to the residential neighborhood
(Browning& Soller 2014,Cagney et al. 2013).We discuss the origins of this concept in geography,
and how activity space is now incorporated in sociological studies of contemporary urban life.We
draw attention to four substantive areas within sociological research that have employed activity
space concepts and methods—social inequality and segregation, social connectedness and engage-
ment, crime and offending patterns, and health and health-related behavior—and we consider how
attention to urbanmobility and activity space is reshaping these subfields. Because methodological
advances have been essential to the development of the concept of activity space and its import in
sociological research, we describe the evolution of methods for location tracking and extend our
summary to the augmentation of these data to enhance their sociological value. After considering
some key limitations and analytic challenges, we conclude with new directions in the field and a
brief example to illustrate how an activity space approach can shed light on enduring sociological
questions about urban social life.

ACTIVITY SPACE

The notion of activity space has its roots in geographic research and refers to the spatial patterns
of routine activity, wherein regular events occur with distinctive rhythms, tempos, and timings
(Golledge & Stimson 1997). It is a spatiotemporal construct that captures the set of places indi-
viduals encounter as a result of their routine activities in everyday life (Browning & Soller 2014,
Cagney et al. 2013). Tasks, obligations, social engagement, and tastes may draw people out of,
and potentially far from, their residential context. Activity spaces therefore include—but are typ-
ically not limited to—individuals’ residential areas. Activity spaces also vary across individuals in
geographic span as well as in the structural, physical, and social features contained within them.

624 Cagney et al.



Activity space approaches recognize that relevant social spaces often emerge through the dy-
namics of individuals’ movement between and among neighborhood areas.The spatial turn in late-
twentieth-century social scientific research led to an intense focus on the assessment of neighbor-
hood effects on individual outcomes. This research considers social factors such as neighborhood
composition (e.g., age structure), the concentration of poverty or affluence, characteristics of the
local built environment, and factors such as the neighborhood service environment (Subramanian
et al. 2006). Social disorganization theory has been a guiding framework for this literature, elab-
orating a process through which compositional and collective characteristics of a neighborhood,
including concentrated poverty, residential instability, and racial/ethnic heterogeneity, weaken so-
cial connections among neighbors and reduce community involvement. This, in turn, reduces so-
cial cohesion, informal social control, and the combined notion of collective efficacy—considered
as neighborhood-based contextual properties (Sampson 2012, Sampson &Groves 1989, Sampson
et al. 1997). Research in sociology and related fields has been particularly focused on the implica-
tions of neighborhood social context for a range of factors, including child well-being, educational
and economic outcomes, and individual and population health. In this way, neighborhood effects
research provides grounding for the characterization of the physical and social context within
activity space, and examination of their consequences for urban social life.

The consideration of activity space provides a way to connect early theoretical conceptualiza-
tions of mobility within urban contexts and the contemporary focus on residential neighborhood
effects. Residential context is, of course, consequential apart from exposure to it (e.g., home values,
local institutions or services), but if time spent in space is theoretically meaningful, then expand-
ing our view beyond residential neighborhoods to consider activity spaces may shed new light on
a wide range of social processes. For example, activity space approaches allow us to examine the
extent to which individuals are exposed to their residential neighborhoods, compared with other
areas of the city or region, and to account for within-neighborhood heterogeneity in patterns of
mobility. By attending to the spatial contexts in which individuals conduct their daily activities
and the areas they traverse, the concept of activity space allows us to consider the effects of ex-
posures to heterogeneous social spaces that are outside of the residential neighborhood. Indeed,
early ecological models of urban sociology envisioned metropolitan residents as encountering and
coping with a wide range of social environments as theymoved around the city [e.g., Burgess 1925,
Simmel 1971 (1903)].

ACTIVITY SPACE IN SOCIOLOGICAL RESEARCH

We focus on four key substantive areas of sociological research that have begun to employ activ-
ity space approaches—spatial inequality and segregation, social connectedness and engagement,
crime and offending patterns, and health and health-related behavior. In this review we focus on
the literature in sociological outlets but also include literature from related disciplines (e.g., com-
puter science) if the approach has implications for sociological research.We expand our catchment
group of articles to include those that described methods such as activity settings, space-time scan,
spatial mobility, routine activities, activity fields, and neighborhood activity spaces.We also include
select findings from outside the US context.

Spatial Inequality and Segregation

Extensive research documents spatial inequality and racial/ethnic segregation in the residential
context (Krysan & Crowder 2017, Massey et al. 1987), but less is known about segregation in
spaces of daily activities. Spatial inequalities and segregation in activity spaces may contribute to
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inequalities in access to resources and shape patterns of intergroup interaction. At the same time,
daily routines of commuting, working, schooling, and other activities may change the composition
of urban areas across the course of the day (Ellis et al. 2004). Activity space research in geography,
for instance, has begun to consider how spaces beyond residential areas are occupied and used by
different groups (Wong & Shaw 2011).

Groundbreaking sociological research on segregation and spatial inequality in activity spaces
has been conducted using data from the Los Angeles Family and Neighborhoods Study (LA
FANS). LA FANS was one of the first population-based surveys to assess activity space using re-
spondents’ reports of frequently visited locations, including children’s schools and places of work,
shopping, and worship. These data provide striking evidence that spatial inequalities long studied
at the neighborhood level also extend to activity spaces. For example, Jones & Pebley (2014) ob-
serve greater heterogeneity in racial/ethnic composition of individuals’ activity spaces compared
with their residential areas. However, they also find considerable racial/ethnic segregation across
individuals’ activity spaces—African Americans tend to visit locations with a higher proportion
of African American residents, while Latinos similarly visit spaces with a higher proportions of
Latinos. Research in geography similarly finds that levels of segregation differ between residen-
tial and work locations, pointing to variations across racial/ethnic groups and gender.

Segregation across activity spaces also intersects with inequalities in exposure to environmental
disadvantage. Krivo et al. (2013) use data from LA FANS to show that socioeconomic disadvan-
tage in residential areas is strongly associated with disadvantage in nonresidential areas across
racial and ethnic groups; however, they also find that African Americans and Latinos spend time
in more disadvantaged areas compared with whites, even when living in economically comparable
neighborhoods. Recent research by Q. Wang et al. (2018) uses geocoded Twitter messages from
nearly 400,000 individuals over the course of 18 months to examine sociodemographic differences
in travel patterns and neighborhood isolation. These authors find that black, Hispanic, and white
individuals exhibit comparable levels of activity space span and number of destinations; however,
those living in primarily black and Hispanic neighborhoods are significantly less exposed to non-
poor or white middle-class neighborhoods. In another recent study using the same data, Phillips
et al. (2019) track travel patterns and develop measures of the concentration of individual visits
between neighborhoods and the equity in neighborhoods’ visits to quantify the structural con-
nectedness of cities.

Other studies have highlighted structural inequalities in activity spaces among the young and
old, potentially more influential or vulnerable stages of life. For example,York Cornwell &Cagney
(2017) use Global Positioning System (GPS) tracking of older adults in New York City to show
that black and Latino older adults, as well as those with fewer years of education and lower in-
comes, have greater exposure to poverty within their activity spaces. Other studies have compared
structural characteristics in residential neighborhoods and activity spaces. For example, in a study
of young adults in Montreal, Canada, Shareck et al. (2014) find exposure to area-level material
deprivation to be greater in nonresidential activity spaces than in residential space for individuals
with lower levels of education.Taken together, these studies suggest that spatial inequalities within
activity spaces may be an underexplored source of racial/ethnic and socioeconomic inequality—
and, in particular, for life course processes such as the transition to adulthood and aging across
racial/ethnic and socioeconomic groups.

The study of activity spaces has also yielded important insights around resource accessibility
and economic attainment. In their study of prisoner reentry and employment, Sugie&Lens (2017)
reveal the importance of employment opportunities in daytime activity space locations. Using a
smartphone-based study of recently incarceratedmen, the authors find that daytime travel tomore
job-accessible areas is a means of compensating for job-impoverished features of residential areas.

626 Cagney et al.



Other research has similarly highlighted the relevance of temporal patterns in the composition of
individuals’ activity spaces. In a series of studies examining segregation in Estonia, Silm & Ahas
(2014) found that during the daytime different ethnic groups are more likely to share city space,
whereas nighttime is characterized by greater ethnic segregation. In this sense, the characteristics
of daytime activity spaces may be relevant for processes of both economic attainment and social
exchange.

Social Connectedness and Engagement

Sociological research emphasizes the role of shared spatial contexts for the cultivation of social
relationships and the structure of social networks (Small & Adler 2019). However, few studies
have explicitly considered how social networks influence individuals’ activity spaces or how activ-
ity spaces are shaped by features of individuals’ social connections. In one exception, a study using
call data records in Jiamusi, China, examines linked activity spaces—that is, the degree to which
an individual’s activity space overlaps with the activity spaces of his or her telephone contacts.
The authors find greater overlap among individuals’ first- and second-degree network members’
activity spaces than what would be expected at random (Wang et al. 2015), suggesting that a spa-
tial component may underlie patterns of close social ties. This finding is consistent with a long
line of sociological research that has emphasized the relevance of shared spaces in the formation
and maintenance of network ties (Fischer 1982, Small & Adler 2019), even after accounting for
advances in communication that would seem to make space less relevant for social relationships
(Cairncross 2001, Mok et al. 2010).

Social networks may also be relevant to explanations of how environmental exposures and peer
groups affect individual behavior, including health-promoting and health-risk behavior. For ex-
ample,Mason et al. (2015) find that among adolescent boys, but not girls, having a more protective
peer network lessened the association between risk of substance use in activity space locations and
individual substance use. Other research finds that the degree to which pairs of households share
multiple activity locations is inversely associated with youth substance use, delinquency, and sex-
ual activity (Browning et al. 2015). These studies support the idea that sociospatial overlap among
residents has important implications for youth behavior and well-being.

Shared activity spaces may also play an important role in community cohesion. Browning
et al.’s (2017a,b) research on eco-networks—two-mode networks that indirectly connect individ-
uals through their shared activity spaces—suggests that shared activity spaces may be a source
of neighborhood social organization, trust, and social capital. This research links eco-networks
to neighborhood-level outcomes, finding that neighborhoods with higher-intensity eco-networks
have lower levels of property and violent crime (Browning et al. 2017a). The degree to which
eco-networks include multiple households (extensivity) and multiple locations (intensivity) is pos-
itively associated with collective efficacy and intergenerational closure within the neighborhood
(Browning et al. 2017b).

In a similar vein,Williams &Hipp (2019) use the notion of third places to consider how spaces
outside of home and work facilitate neighbors’ interaction and, in turn, neighborhood cohesion.
They find that third places are key facilitators of interaction and cohesion, but only among res-
idents in the very poor strata of neighborhood economic status. Further research is needed to
examine the implications of neighborhood socioeconomic disadvantage and characteristics of ac-
tivity spaces for social interaction and cohesion.

Crime and Offending Patterns

Place and person–place interaction have been central to understanding crime. Brantingham &
Brantingham (1981), in their influential crime pattern theory, explicitly theorize that criminals
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search for potential targets within their awareness space, defined as the “area normally within the
visual range of the activity space” (Brantingham & Brantingham 2008, p. 84). Awareness space
includes frequent locations (nodes) such as one’s home, workplace, school, and recreational loca-
tions, as well as paths connecting those nodes. As a result of the offender’s spatial knowledge of
such locations, crime is predicted to occur when their awareness space intersects with opportuni-
ties to engage in crime.Recent studies in support of this theory indicate that rioters are more likely
to engage in disorder close to their homes and areas covered by their activity spaces (Baudains
et al. 2013) and offenders are more likely to offend in areas near their current and former homes
(Bernasco 2010), family members’ homes (Menting et al. 2016), and locations that they have pre-
viously targeted (Lammers et al. 2015).

Prior research focused on the spatial link between offenders’ prior crime locations and a select
sample of locations they go to frequently, but more recent studies have begun to examine real-
time activity patterns among reoffenders (Rossmo et al. 2012), terrorists (Griffiths et al. 2017),
and populations at risk for victimization (Malleson & Andresen 2015). Findings from several re-
cent studies reveal complexities in the relationship between activity space and offending patterns.
Bichler et al. (2011) compare the distances traveled by offenders to delinquent and nondelinquent
locations. Their findings reveal that delinquent hangouts are substantially farther away than ex-
pected by scholars who have assumed that criminal activity takes place nearer routine activity
spaces. By drawing on returning prisoners’ use of activity spaces, Leverentz (2019) finds that most
of returning prisoners’ daily activities take place outside of the neighborhood area and that they
experience a great deal of geographic instability due to a lack of stable housing and supportive
social network connections. Other research reveals that gangs sort into activity spaces (i.e., set
space) that are characterized by lower levels of social control and lower levels of surveillance by
residents and police (Tita et al. 2005).

Situational ActionTheory, along with its innovative space-time budget survey, is one of the first
efforts in criminology to systematically track adolescents’ activity patterns and spatial exposures
(e.g., structural characteristics, companionship) (Wikström et al. 2012). Retrospectively collecting
hour-by-hour information on activities (e.g., truancy, substance use) and spatially located settings
(e.g., location and companionship) allows the dynamics of person–environment interactions to be
measured. Recent scholarship has considered how characteristics of particular locations interact
with an individual’s propensity for offending (Simons et al. 2014, Wikström et al. 2012). For ex-
ample, using the space-time budget, Wikström et al. (2010) find that the influence of exposure
to crime-prone settings on offending varies with a person’s propensity for crime. In related re-
search, Simons et al. (2014) find that youth exposure to adversity is associated with criminogenic
knowledge structures and, in turn, selection into criminogenic activity spaces, which heightens
the probability of offending. In terms of altering the likelihood of crime, Graif et al. (2019), using
employment-based commuting data, suggest that exposure to more advantaged work environ-
ments represents potential opportunities for residents of more disadvantaged areas to connect to
external resources and organizations that are not available in their residential environments.These
resources and services could then contribute to an increase in social cohesion and trust in their res-
idential neighborhoods, and ultimately to a reduction in residential crime (Graif et al. 2019). In this
sense, commuting patterns may represent channels for individuals living in more disadvantaged
urban neighborhoods to overcome the disadvantages of institutional isolation (Wilson 1987).

Health and Health-Related Behavior

Studies of individual health outcomes have used activity space measures to elicit novel insights
into the spatial determinants of physical and mental well-being. Most of this research consid-
ers features of individual activity space alongside aspects of the residential neighborhood to
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understand the extent to which routine activity in nonresidential spaces influences individual
health. Extending the now-sizable literature that has explored the relationship between residen-
tial neighborhood socioeconomic disadvantage and health, several studies have considered the
implications of exposure to disadvantage within activity spaces. For example, Inagami et al. (2007)
found that accounting for activity space exposures revealed a stronger association between res-
idential neighborhood disadvantage and health. And several studies suggest that the association
between residential neighborhood disadvantage and health is conditioned by characteristics of ac-
tivity spaces (Colabianchi et al. 2014, Inagami et al. 2007, Sharp et al. 2015, Vallée et al. 2011). For
example, individuals living in more socioeconomically disadvantaged residential neighborhoods
are more likely to report worse self-rated health when they spend time in less disadvantaged areas.
At the same time, individuals living in less disadvantaged residential neighborhoods report poorer
health when their activity spaces include exposure to more disadvantaged areas (Sharp et al. 2015).

Recent research has begun to expand beyond structural characteristics to consider how health
may be related to characteristics of the built environment within and outside of the residential
neighborhood. A longitudinal study in France has identified several features of nonresidential en-
vironments such as green space, fresh food stores, walkability, and physical decay that are conse-
quential for cardiovascular risk factors including body mass index and waist circumference, blood
pressure, and recreational walking (Chaix 2009, Chaix et al. 2012). Other research among low-
income housing residents of New York City finds that individuals whose activity spaces have high
levels of noise complaints have significantly lower blood pressure, perhaps suggesting that more
active areas increase the likelihood of social and physical engagement (Tamura et al. 2017).

Other studies point to the role of local and nonlocal resources in shaping individuals’ exposure
to residential and nonresidential areas. For example, research by Ivory et al. (2015) shows how
individuals’ desire to maintain an active lifestyle leads them to construct their own activity spaces
in ways that are conducive to physical activity. Individuals’ assessments of the walkability of their
residential neighborhood, for example, led them to either seek opportunities for physical activ-
ity in their own neighborhood or travel elsewhere. Similar push-and-pull dynamics may underlie
routine activity and mobility patterns in seeking fresh food, health care, and other health-related
resources. Indeed, researchers document significant differences in aspects of foodscape exposure,
including access to grocery stores and restaurants, across individuals’ residential and nonresiden-
tial spaces (Hurvitz & Moudon 2012, Kestens et al. 2010, Zenk et al. 2011).

These insights may be especially relevant for people at more sensitive stages of the life course,
such as children and older adults (Cagney & York Cornwell 2018, Loebach & Gilliland 2016).
Adolescents, for example, may be particularly vulnerable to levels of physical activity and risky
behavior; researchers have begun to adopt more spatially and temporally sensitive data collection
methods to account for the wide range of contextual exposures that may contribute to increasing
levels of childhood obesity. These include the use of Geographic Information System and other
spatial methods (Matthews 2012), as well as survey-based assessments of relevant environmental
exposures that extend beyond adolescents’ neighborhood boundaries (Colabianchi et al. 2014).
Active commuting between home and school, for example, has been identified as a potentially
important contributor to youth physical activity (Rainham et al. 2012). Using an activity space
approach to measure youth exposure to alcohol and tobacco outlets also provides a more accurate
assessment of this type of exposure than do home-, school-, or census tract–based measures (Basta
et al. 2010, Lipperman-Kreda et al. 2015). The use of an activity space approach may be especially
important to consider in studies of high-risk adolescents, for whom frequency of substance use and
mental health problems are key determinants of the level and locations of risky activity space (i.e.,
places where youth are most likely to partake in risky or dangerous activities) (Mason & Korpela
2009). That said, research indicates that neighborhood locations that promote adolescent physical
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activity also tend to be areas with higher crime, where youth may be more likely to be at risk of
victimization or offending (Robinson et al. 2016). This result draws attention to the idea that, just
like residential neighborhoods, activity spaces contain bundles of resources, exposures, benefits,
and risks, and, as such, they likely have multifaceted effects on health.

METHODOLOGICAL APPROACHES

The four subsections above provide guidance for a summary assessment of the range of method-
ological approaches used to capture urban mobility and location information and, when possible,
to augment through data linkage, algorithmic data processing, and so forth.Drawing on these var-
ied approaches is critical to research in sociology, since theory can often suggest different spans
of influence and levels of analysis.

Location Data

The growth of social scientific interest in activity spaces, patterns of urban mobility, and exposures
to settings outside of the residential neighborhood goes hand in hand with methodological devel-
opments that provide researchers with unprecedented access to individuals’ daily lives. In the past
two decades, advances in geolocation techniques, new communication technologies, and grow-
ing participation in social media have opened up new opportunities for the assessment of activity
space. In this section and inTable 1, we synthesize a wide range of approaches to locating individ-
uals or tracking their locations in real time, and consider their relative strengths and limitations.
We use the table as a foundation for the discussion below, which describes the evolution of activity
space approaches and considers their potential for sociological research on urban mobility.

Surveymethods. Empirical studies of urbanmobility have traditionally relied on surveys that col-
lect information on individuals’ routine trips or activities, in addition to their sociodemographic
characteristics. Early survey-based assessments relied on self-reported mobility. For example, re-
spondents might be asked to estimate the time they spend within certain life space zones, defined
as areas radiating out from their household (Baker et al. 2003), or to list or map the locations they
visit within a typical week (Gibson et al. 2015), places that are important to them (Townley et al.
2009), or places where they carry out particular tasks or activities (Sherman et al. 2005).

LA FANS pioneered the collection of self-reported activity space locations, asmentioned above
( Jones & Pebley 2014). Travel diaries take a more expansive approach by asking respondents to
report all movements for the previous day or a future day. For example, the National House-
hold Travel Survey has been collecting national transportation data for nearly a half-century, in
support of travel behavior models and transportation planning. Travel surveys have been applied
to a variety of fields, including those that examine human mobility (e.g., Jiang et al. 2012). This
approach, and extensions that incorporate information about corresponding activities and person–
environment interactions (i.e., space-time budget studies), can be fruitful sources of activity space
data, although data collection is demanding for the respondent and can introduce error based on
recall or misestimation of future activity.

GPS tracking. A recent extension of activity space research involves the use of GPS location–
based tracking via smartphones or other geolocation devices that can be worn or carried by re-
spondents for a specified period of time. Because the tracking is passive, the data are less likely than
self-report or survey-based assessments to suffer from biases due to respondent recall or reporting.
Observations from continuous tracking also allow greater precision in estimations of exposure to
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Calumet Heights
(N = 40)

East Side
(N = 26)

Englewood
(N = 44)

Fuller Park
(N = 41)

Humboldt Park
(N = 33)

Irving Park
(N = 30)

Lower West Side
(N = 30)

New City
(N = 39)

North Center
(N = 29)

West Ridge
(N = 29)

Home community area Respondents’ GPS locations

Figure 1

Chicago Health and Activity Space in Real Time (CHART) wave 2 data (2019).

particular areas or conditions compared with approaches that capture only select locations. Stud-
ies using GPS trackers rather than smartphones are able to capture locations in very short time
intervals such as every 1 or 5 seconds and typically have longer battery life than smartphones, re-
ducing the potential for data loss (Wan & Lin 2016,Wan et al. 2013, Zenk et al. 2011). However,
the use of smartphones for GPS tracking allows collection of additional contextual data such as
ecological momentary assessment (EMA) data,which we discuss below.When combined with data
from a social survey, GPS tracking of activity spaces provides new opportunities to consider how
urban mobility varies across social groups and how this may contribute to inequalities in access to
resources or exposure to risks.

Figure 1 displays data from Chicago Health and Activity Space in Real Time (CHART), a
study of 450 older adults in 10 Chicago neighborhoods. These data suggest very different activ-
ity space patterns by neighborhood; for instance, those who live north appear to gravitate north
(e.g., North Center), while those who live south appear to head south more often (e.g., Calumet
Heights). They also imply that the pattern of dispersion is somewhat racialized. The south and
west sides of Chicago are primarily African American, and the north side primarily white; thus,
activity space patterns track to some degree with the racial and ethnic composition of the com-
munities of origin (Cagney 2016).
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GPS tracking devices installed in vehicles may also allow examination of intraurban popula-
tion flows. Tracking devices are increasingly installed in vehicles such as taxicabs, trucks, car-share
vehicles (e.g., Uber, Lyft), and private cars. Similar to GPS tracking of individual persons, vehicle
tracking provides fine-grained footprints of vehicles’ whereabouts, which can be indicative of per-
sons’ whereabouts but also important in itself for understanding traffic patterns and urban activity
hubs (e.g., Gan et al. 2019, Lima et al. 2016, Rinzivillo et al. 2012). However, because the data are
vehicle based, they typically provide only a snapshot of mobility for a select group and for only
one form of movement.

Transportation. A large volume of transportation data has emerged and is growing significantly.
Many cities have implemented smart card systems, in which public transit users register for an
account and use their cards to pay for rides. Data from smart cards allow continuous tracking of
travel on public transit; customers are identifiable and may be linked to personal characteristics
registered on the card account. Such data may be particularly useful for studying human mobility
(Hasan et al. 2013, Sun et al. 2013) and urban activity patterns (Roth et al. 2011, Zhong et al.
2014).However, these data often lack information about the ultimate destination and provide little
contextual detail about riders or the purpose of their travel. This approach is also more accurate
in densely populated areas with more extensive public transit.

Mobile phones.The increasing use of mobile phones makes locations derived from these phones
a good proxy for human activity. A major type of such data is call detail records (CDRs) from
carriers. Whenever a call, text, or data-use request is made, carriers register the location of the
device for billing purposes. The actual locations of the device are approximated by the locations of
cell towers to which the device is connected. Typically, Voronoi polygons are used to approximate
cell towers’ reception areas such that each phone call record corresponds to a single cell tower.

Tracking users’ transitions across high-resolution cell tower reception areas allows for infer-
ence of their locations. CDR data have a number of advantages, including generally high spatial
resolution, temporal continuity, large spatial coverage, and low cost. As a result, CDR data have
been widely used in a range of research areas, including human mobility (González et al. 2008),
disaster response (Bengtsson et al. 2011), epidemic transmission (Le Menach et al. 2011), social
connectedness (Wang et al. 2015) and crime (Song et al. 2019). However, spatial resolution is sub-
stantially lower outside of urban areas (de Montjoye et al. 2013), and trajectories are recorded on
the basis of phone use rather than actual movement.

Location-based social media. Another recent advance stems from location-based social media
(LBSM) platforms that incorporate a location dimension (i.e., geographic coordinates) into social
media content such as texts and photos. For instance, Twitter allows users to geotag their tweets,
Flickr users can provide locations for the photographs they post, and Foursquare invites users
to check in to various venues, ranging from private homes to tourist attractions. Other LBSM
examples includeGoogle+ andWeibo,China’s major online social networking andmicroblogging
platform.

The wide use of social media, with millions of active and sporadic users producing billions
of geolocated social media items, makes LBSM a rich source of georeferenced data. LBSM has
the potential to offer massive volumes of data across large spatial and temporal scales, along with
sociodemographic information from user profiles and contextual data gleaned from the content
of text or photos. LBSM has been extensively applied in social scientific studies to understand
phenomena such as crime (Malleson & Andresen 2015), disaster response (Wang & Taylor 2014),
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mobility growth (Daggitt et al. 2016), urban boundaries (Yin et al. 2017), and social segregation
and integration (Phillips et al. 2019, Q.Wang et al. 2018).

Financial transactions. Another form of data employed in social science research includes trans-
action records from financial institutions, often referred to as credit card records (CCRs). Geo-
referenced location data of the business where the transaction is made is often included with cus-
tomers’ spending information. Sociodemographic characteristics such as age, gender, occupation,
and home locations are sometimes identified for each record. Massive volumes of transaction
records are generated by active users on a daily basis. In the United States alone, 123.5 billion
credit or debit card transactions were made in 2017, and the number is rising (Gerdes et al. 2018).
Some studies have harnessed CCR data to investigate human mobility patterns (Lenormand et al.
2015) and economic segregation (Dong et al. 2019).

Other data opportunities. In related research, Brockmann et al. (2006) infer the statistical prop-
erties of human movement patterns by tracking and analyzing the circulation of half a million US
bank notes. In another study that combines geolocated Yahoo! email IP addresses and surveys,
Zagheni & Weber (2012) observe that female international migration has been increasing at a
faster pace than male. Other studies have used Wi-Fi signals in combination with GPS traces to
investigate the mobility of university students (Sapiezynski et al. 2015) and Bluetooth devices in
combination with smartphones to identify student interactions and, over time, complex social sys-
tems (Eagle & Pentland 2006). These new approaches can be more widely employed to improve
the temporal resolution of location data collection.

Augmenting and Contextualizing Location Data

The various sources of location data described above allow mapping of individuals’ everyday ac-
tivity spaces and intraurban mobility patterns. However, as discussed above, sociological inquiry
extends beyond documenting where people are located to the consideration of the social struc-
ture, meanings, and implications of the places they visit or traverse. In this section, we focus on
methods and subsequent data that are—or could be—combined with location data collection to
provide new insight into sociological questions about how space and the social environment shape
individual outcomes.

Neighborhood effects research has developed a variety of approaches to characterizing the
residential neighborhood which could be extended to research on activity space. For example,
research linking neighborhood context to individual outcomes often operationalizes the neigh-
borhood as an administratively defined spatial unit such as a census tract. Administrative data on
the composition and structural characteristics of the tract (e.g., poverty rate, racial/ethnic com-
position, residential turnover) are then used as indicators of the physical and social context of the
neighborhood (Sampson 2012). Activity space locations could similarly be assigned to tracts, or
smaller units such as block groups, enabling estimation of their physical and social contexts that
individuals encounter in their daily lives—and characteristics of these locations could be directly
compared with those of the residential tract.

Activity space data could also be overlaid with information about the availability of institu-
tional resources such as health care clinics, fresh food stores, senior centers, and amenities like
parks and fitness centers, which may have implications for social engagement and health. New
sources of administrative and big data from cities allow for unprecedented exploration of residen-
tial and nonresidential contexts. For example, activity space data may be linked to the locations of
crime and calls for city services (e.g., fixing potholes, rodent infestations). Urban sensing projects,
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such as Array of Things in Chicago (Catlett et al. 2017), also provide exciting opportunities to
capture fine-grained variation in urban environmental conditions such as traffic, weather, noise,
and particulate matter.When coupled with activity space data, this information could lend insight
into individuals’ real-time exposures to stressors, hazards, and risks.

In addition to characterizing where individuals spend time,we might also consider why they go
to particular locations and what they do there. Daily mobility patterns are likely a product of both
preferences and selection into (or away from) a particular location, as well as of structural con-
straints that restrict or direct individuals’ mobility (e.g., transportation routes). Researchers have
recently begun to develop algorithms that may shed light on these factors by estimating, on the ba-
sis of continuous location tracking, individuals’ modes of transportation and identifying locations
that individuals visit and those that they simply pass through (Wan & Lin 2016,Wan et al. 2013).
Some LBSM approaches offer contextual data that can be gleaned from users’ engagement, such
as posts on Twitter or Flickr. However, information availability is uneven across users and posts.

EMAs can also provide an additional layer of information for characterizing activity spaces
by drawing on respondents’ reports of types of activities and destinations. EMAs are research
tools akin to short, momentary surveys that capture participants’ self-reports of their activities,
surroundings, and subjective or affective states. Early EMA studies used paper diaries completed
at specified times or when prompted by a pager, but smartphone-based EMA collection brings
greater flexibility in timing and a reduction in recall bias, response error, and nonresponse (Trull
& Ebner-Priemer 2009). In the context of location-based data collection, and GPS tracking in
particular, the collection of EMAs can provide insight into why individuals visit particular places,
what they do there, whether they are alone or with others, and how they feel.

The ability to capture individuals’ real-time social interactions within particular locations en-
ables consideration of interrelationships between social networks and social context. EMAs pro-
vide one means of gathering this type of information, by asking respondents to report on whether
they are with someone or interacting with others. Other innovative approaches include the use of
sociometers, or wearable sensors that passively measure interpersonal interactions, including the
proximity and dialogue between individuals (Choudhury & Pentland 2002, 2003, 2004). Social
media users can also signal or tag individuals who they are with at a given moment and location,
generating networks among individuals and locations. Likewise, overlaying activity locations of
multiple individuals enables large-scale studies of social connectedness among geographic areas
and the assessment of similarities in mobility patterns across individuals. For instance, Toole et al.
(2015) find high levels of similarity in the mobility patterns of more proximal individuals who
are socially connected to one another in comparison to randomly selected individuals. Overlay-
ing venue check-in information from apps such as Foursquare can also provide insight into how
location choices are shaped by friends’ choices (Colombo et al. 2012).

Finally, the ability to examine locations and travel patterns begs the question of how individuals
experience those places—including their physical, emotional, and physiological reactivity—in real
time. The simultaneous collection of location and health-related measures can provide informa-
tion on aspects of the social environment (and individual perceptions) and how they contribute to
variation in well-being. Repeated EMAs, for example, can reveal fluctuations in symptoms such as
those indicative of stress response (e.g., pain, fatigue, worry) over the course of the day. Passively
collected patient-generated mobility data coupled with mobile health applications can collect in-
dividuals’ momentary feelings of stress and pain, as well as cognitive awareness (e.g., Adams et al.
2014,Murnane et al. 2016).Other researchers have used wearable devices such as smartwatches to
examine cognitive, psychological, and behavioral changes. For example, the BoostMeUp smart-
watch intervention captures how individuals perceive their own heart rate and related emotions
(Costa et al. 2019). When these forms of real-time data collection on individual well-being are
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linked with location or activity-based data, there is opportunity to better understand how en-
vironmental factors, including activity, task, and venue, shape individual short- and long-term
health. These data could also be used to link recent findings about racial and sociodemographic
differences in social environmental exposures and activity spaces to address questions about the
contribution of these environmental factors to health disparities.

LIMITATIONS

Activity space approaches, with the use of the data and location approaches described above, rep-
resent a turning point in research on context and its implications. Like any other conceptual and
methodological undertaking, awareness of limitations in the approach enhances our ability to in-
terpret findings and identify directions for further development.

Research on activity space brings a number of challenges around data collection. One key
limitation is that location tracking could lead respondents to alter their behavior—potentially
avoiding locations that they might otherwise visit, or changing their patterns of mobility to reflect
a more active daily life. The increasing prevalence of smartphones may also help alleviate this
concern, as carrying a smartphone is seen as less novel or less of an imposition. However, comfort
with tracking via smartphone, app-based administration of surveys, or wearable sensors may vary
by group. The user behaviors of other location data approaches such as LBSM and phone calls
may also vary by group. For instance, those with limited resources to own and use a smartphone,
those with an impairment (e.g., vision), or those with fewer years of education may not engage
with the technology as readily.

A second and related concern is that most activity space research has followed respondents over
a limited duration (e.g., one week), making broader patterns—not contingent on weekly actions—
difficult to identify. A third limitation stems from practical concerns around study administration
and implementation. Providing respondents with smartphones and/or data plans increases the
cost of data collection, and technological expertise is required for the development of apps or
protocols that elicit geographic locations and administer surveys. Fourth, activity space and loca-
tion data more generally can be big and difficult to store, clean, and analyze. Data systems will
likely improve, but researchers must be attentive to data infrastructure to get the most out of this
form of data collection. Fifth, and critically, are concerns related to privacy. The tension between
data generation and privacy has been addressed in the literature, but the practical matters of data
sharing and permissions continue to be fraught (de Montjoye et al. 2013, 2015).

Turning to analytic challenges,missing data introduce an additional limitation.The problem is
commonly observed in person- or vehicle-based GPS tracking data, often with low sampling rates
due to the cost of data collection and battery drain. The easiest and standard prediction method
is to compute the mean coordinates based on a pair of consecutive coordinates as the unobserved
location, that is, the linear interpolation method in space and time (e.g., J. Wang et al. 2018).
When the moving object is supposed to be on existing road networks, map-matching algorithms
can be used to interpolate missing data points and reduce noise (with the accuracy of interpolation
methods increasing with the sampling rate). This missing data issue is more often a problem for
big mobility data. Data from mobile phones, social media, transportation services, and credit card
use are available only when a user engages with corresponding activities. The extent to which such
movement traces inferred from big data are representative of individual daily movement remains
to be assessed.

Finally, research on neighborhood context more broadly has been beset by issues of selection
(Chaix et al. 2013, Wodtke et al. 2011). Neither the forms of data collection we describe above
nor the methods surrounding them fully obviate that concern. In fact, some introduce new forms
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of selection (e.g., Twitter). Still, we view the granular nature of these data, the potential for data
linkage, and the temporal nature of many as providing insight into how and to what extent spatial
context, apart from residential location, might bear influence.

NEW DIRECTIONS

Activity space approaches represent a turning point in scholarship on urban social and physical
context. The theory allows scholars to conceive of spatial influences in a manner not anchored
to a residential address and more responsive to the notion of exposure. The attendant methods
then provide a way to more effectively address when and how urban residents move through their
larger communities, what draws them out, and what might keep them closer to home.

We suggest eight points to consider as the field advances and as activity space concepts and
methods become more commonplace in sociological pursuits. First, we need more research de-
voted to social networks and social relationships, and how theymay intersect with, or be contingent
on, activity space.We see potential, through social surveys, in examining individuals nominated as
close network members with those who respondents find themselves with on a day-to-day basis.
On a related note, intergenerational relationships, for instance, would be important to examine in
the context of overlapping activity space patterns; family interaction in time and space could be
understood in a manner more advanced than typical time-use studies would allow.

Second, we need scholarship that more fully engages in comparative research. Research that
simultaneously examines both rural and urban activity space contexts, for instance, could provide
insight into the increasing bifurcation of social life across these two contexts. If, for instance, typical
activity spaces restrict the opportunity to interact with others who may offer alternative social and
political points of view, then the exercise of revisiting perspectives is not encouraged.

Third, a life course perspective on activity spaces would further enhance our understanding
of environmental influence by age and life stage. Life course theory attends to the timing and
sequencing of places inhabited, and how that might intersect with age. Relatedly, it is reasonable
that early activity space research focused more readily on early and later lives, but attention across
the life course is essential.Working-age adults, for instance, spend a significant share of their days
in occupational settings, but those physical and social exposures are often not incorporated into
contextual research.

Fourth, attention to virtual places is critical, in terms of how they may both supplant certain
destinations and, potentially, draw people to new locations or activities. Research on the role of
virtual social interaction in terms of social network engagement is equivocal (e.g., Quan-Haase
et al. 2017); it is not yet clear how virtual interaction affects other forms of social engagement.

Fifth, we emphasize the continued and critical importance of social surveys. We still need to
understand how people think and feel and how they perceive their social and physical environ-
ments. EMA methods, for instance, provide an important form of in-the-moment reactions and
moods that are coincident with the current environment. These methods can be combined with
more traditional social surveys,which document such indicators as household structure, social net-
work composition, and economic status, to provide a more effective understanding of well-being
in context.

Sixth, activity space approaches can draw on other data sources to allow detailed assessment of
the physical, ambient, or social characteristics of locations. For example, online repositories of mu-
nicipal data increasingly provide information on locations of crime, reported potholes, and other
civic concerns. Researchers have developed methods using Google Street View to “audit” neigh-
borhood environments, allowing estimation of local disorder, vacancies, construction, and other
characteristics of the built environment (Mooney et al. 2014). These sources could be fruitfully
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combined with activity space data and, in some instances, provide additional information related
to time of day, which is often consequential for choices about activity and travel. Sensor-based
sources of data, such as Chicago’s Array of Things (Catlett et al. 2018), have allowed activity space
data to be combined with data on air quality, temperature, and traffic congestion. This richness
of environmental quality information provides an unprecedented opportunity to characterize the
physical and social environment people navigate each day.

Seventh, sociological inquiry of activity space is deeply rooted in the study of neighborhood
effects, as noted above, but attention to modification and innovation around statistical modeling
is essential. Of primary interest for neighborhood effects research is the idea of how an individ-
ual’s (level 1) outcomes are shaped by neighborhood (level 2) characteristics. Hierarchical linear
models are employed to address the dependencies between observations from the same neighbor-
hood (Raudenbush & Bryk 2002). Unlike the standard neighborhood effects scenario, in which
each individual observation belongs to only one neighborhood, activity space research approaches
recognize the importance of nonresidential contexts. One solution to this multiple membership
data structure challenge is to use multiple membership models (Hill & Goldstein 1998), which
employ a weighting procedure to account for the extent of exposure. A second potential way to
capture travel trajectories is social sequence analysis, which processes respondents’ intricate travel
behavior and exposure contexts as sequences of events (for a full introduction to social sequence
analysis, see Cornwell 2015). We note that empirical research in activity space research is still
developing. Statistical models of this form are typically used for small- or moderate-sized sam-
ples; the extent to which these methods can address challenges of big and complex location data is
relatively unknown. For example, the multiple membershipmodel would require a weight for each
neighborhood visited. Given the nature and density of travel trajectories, membership structure
will be rather complex.

Finally, theoretical refinement is critical.We argue that explicit attention to exposure shifts our
lens from residential location (allowing, for instance, a better understanding of the lives of those
who do not have a fixed residential address), but more attention to its impact on urban theory
is warranted. For instance, these data can inform the timing and duration of exposure, but little
has been made of that contribution.We also note that the activity space conceptualization would
benefit from a more formal consideration of the role of institutions in shaping activity spaces,
as well as greater attention to local, or perhaps larger, political forces that could inform activity
spaces and the way we interpret their patterns and change over time.

SUMMARY AND ENDURING QUESTIONS

The intent of this review is to define activity space, discuss its origins, and review its applications
in sociological scholarship, with attention to urban mobility. It is also our charge to take stock
of the body of activity space research and to assess its current status, potential, challenges, and
opportunities. We have focused on four substantive areas in which urban mobility/activity space
concepts have been employed, as well as the range of location and augmentation approaches meant
to enhance its contributions.We believe that activity space theory andmethods represent a critical
turn in urban sociological scholarship, and one that will continue to help us describe, predict, and
understand the nature and context of social interaction in urban context.

What are the major questions we can now answer? We close with one example. As Krysan &
Crowder (2017) suggest, activity space approaches allow for a better understanding of how racial
and ethnic groups cross racial boundaries. With the rich and varied activity space data, poten-
tially coupled with methods such as EMA, we can more readily understand whether residents are
drawn to another neighborhood for amenity needs (e.g., groceries), friend or family interaction,
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or institutional resources (e.g., church, medical care). City residents may depart a segregated con-
text and move through a more integrated one, but the setting they actually spend time in may
be compositionally similar to the community of origin. Activity space approaches will allow us
to understand propinquity in a manner unprecedented, and may therefore provide insight into
relationships across racial groups, and social interaction and exchange more broadly.
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