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Theory behind neighbourhood effects suggests that people’s spatial context potentially affects individual
outcomes across multiple scales and geographies. We argue that neighbourhood effects research needs to
break away from the ‘tyranny’ of neighbourhood and consider alternative ways to measure the wider socio-
spatial context of people, placing individuals at the centre of the approach. We review theoretical and empirical
approaches to place and space from diverse disciplines, and explore the geographical scopes of neighbourhood
effects mechanisms. Ultimately, we suggest how microgeographic data can be used to operationalise
sociospatial context, where data pragmatism should be supplanted by a theory-driven data exploration.
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I Introduction

Current research linking the residential context
to individual outcomes is inconclusive with
regard to the strength and importance of neigh-
bourhood effects, and the mechanisms behind
them (Van Ham et al., 2012). The literature
often highlights several methodological chal-
lenges for quantitative neighbourhood effects
research, including bias caused by the non-
random selection of people into neighbour-
hoods, and the endogeneity of neighbourhood

characteristics: in other words, a correlation
between variables used to explain the neigh-
bourhood effect and the error term of the model.
Both are major obstacles in determining ‘real’
causal relationships between spatial contexts
and individual outcomes (see Manski, 1993).
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However, this paper focuses on the more funda-
mental issue of the definition of neighbourhood
itself — an important challenge as yet given sur-
prisingly little attention (Galster, 2001; Lupton,
2003; Van Ham and Manley, 2012).

Early investigations into neighbourhood
effects used ethnographic research methods,
observing life in specific neighbourhoods (see,
for instance, Wilson, 1987; Wacquant and Wil-
son, 1989). Although the neighbourhood was the
starting point of enquiry, the focus was on the
sociospatial structures within local communities
rather than in the neighbourhood itself. Although
secondary data and quantitative methods were
also used by some early scholars investigating
neighbourhood effects (Lewis, 1966), the quan-
titative study really took off during the late
1990s, spurred by the increasing availability of
microdata and computing power. This allowed
researchers to model the effects of living in
deprived neighbourhoods on individual out-
comes, for example by using data from the
1990s Moving to Opportunity program (Katz
et al., 2001; Leventhal and Brooks-Gunn, 2003).

While ethnographic research generally
focused on a named and identifiable neighbour-
hood and local reputation, quantitative research
needed geocoded individual level microdata
linked to the characteristics of a diverse range
of neighbourhoods, across a whole city, region
or even country. As a result, most quantitative
studies on neighbourhood effects use a data-
driven definition of neighbourhood — the admin-
istrative neighbourhood boundaries which were
readily available in the data. These administrative
neighbourhoods, which may not appropriately
reflect a ‘residential neighbourhood’ at all, are
often the only aspect of the sociospatial context
of people which is recorded in data. This is no
surprise, as administrative neighbourhoods are
used for the delivery of policy and the collection
of (census) data based upon the political and
social needs of the state, rather than based on
underlying social processes that administrative

units are said to delineate (Manley et al., 2006;
Jones et al., 2018).

The pragmatism to adopt administrative neigh-
bourhoods means that much quantitative research
on neighbourhood effects has been driven by data
availability rather than driven by theoretical con-
siderations (Jencks and Mayer, 1990; Sampson
et al., 2002). It is unrealistic to presume that a
single spatial entity can adequately capture all
relevant characteristics of the sociospatial context
which might influence individual outcomes (Rau-
denbush and Sampson, 1999; Galster, 2001; Nico-
tera, 2007). Of course, all across the social
sciences, complex phenomena have been studied
using simplified assumptions about human beha-
viour and the urban environment, often because of
the lack of appropriate data and analytic tools
(Kwan, 2000). Indeed, a reduction from the com-
plexity of the real world is required in order to say
something meaningful. However, if we start from
a theoretical perspective, it becomes clear that
many of the assumed causal mechanisms studied
as ‘neighbourhood effects’ actually reflect effects
from multiple contexts with differing temporal
and spatial scopes. Crucially, the residential
administrative neighbourhood is only one of these
scopes (Sampson et al., 2002; Galster, 2012).

To move forward, we propose a thought
experiment: Rather than being driven by data
availability, what if we start from theory and
specify the data required from that perspective?
Moreover, since quantitative research on neigh-
bourhood effects depends on data availability,
once we have considered the data requirements,
how can research benefit from the increasing
availability of microgeographic secondary
data? With the availability of richer spatial data,
quantitative studies have started to consider a
larger number of spatial scales, which shed new
light on multiple spatial contexts which affect
people (Andersson and Musterd, 2010).
Recently, alternative approaches to zonation,
particularly in the form of bespoke neighbour-
hoods (or egohoods), centred around each
person, have emerged (Johnston et al., 2000;
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Petrovi¢ et al., 2018). So far, microgeographic
data have enabled the move away from fixed
single scale administrative neighbourhood
boundaries to bespoke multiscale spatial con-
texts (see Andersson and Malmberg, 2014).
Within the context of our thought experi-
ment, this paper discusses how microgeo-
graphic data can be used to operationalise
sociospatial contexts within the theoretical
framework of neighbourhood effects. We dis-
cuss three conceptual issues, starting with the
most fundamental one, how place and space
have traditionally been conceptualised in differ-
ent disciplines studying neighbourhood effects.
We then focus on theoretical neighbourhood
effects mechanisms and their relevant geogra-
phies (Galster, 2012), which leads to hypotheses
on idealised spatial units for testing specific
contextual effects. To operationalise these spa-
tial units, we need to know more about the
nature of spatial data and how to use them to
explore social processes, and this is the third
conceptual issue discussed. Building on these
three conceptual issues (concepts of place and
space, geography of neighbourhood effects
mechanisms, and the nature of spatial data),
we consider the operationalisation of sociospa-
tial contexts in quantitative empirical studies of
neighbourhood effects. We review selected
studies which use different approaches to the
geography of neighbourhood effects, ranging
from fixed bounded administrative neighbour-
hoods to a multiscale representation of the
sociospatial context (Andersson and Malmberg,
2014; Petrovi¢ et al., 2018). Ultimately, we dis-
cuss how microgeographic data can further
improve the neighbourhood effects research.

Il Modifiable geographies
of neighbourhood effects
| Concepts of space and place

Concepts of space and place have played a role
in various disciplines dealing with neighbour-
hood effects, such as geography, sociology,

criminology, economics and health studies.
Here we briefly discuss concepts of space and
place, starting from the perspective of health
studies, which brings together epidemiology,
geography and sociology (Curtis and Rees
Jones, 1998; Tunstall et al., 2004; Cummins
et al., 2007). The distinction between space and
place in health geography suggests that space is
where a location is, and place relates to what
that location is (see Tunstall et al., 2004). The
notion of place, therefore, reflects the social and
physical attributes of particular spaces and
moves us beyond a Euclidean notion of space,
as a dimension in which phenomena are distrib-
uted, to a more nuanced structure. On the one
hand, this view of place as an interpretation of
space invokes a study which ‘can be as rich as
the study of time through social history’ (Tun-
stall et al., 2004: 6). On the other hand, such a
distinction between place and space can rele-
gate space to amere geometric notion. The view
of space as a residual dimension, a flat surface,
has been criticised by human geographers, par-
ticularly Doreen Massey (see, e.g., Massey,
2005). Space is, according to Massey, a cut
through time, connecting stories and biogra-
phies and things existing at the same time, and
therefore a dimension of simultaneity and multi-
plicity. Space presents us with the existence of
others and, therefore, with the question of ‘the
social’ (Massey, 2005). Throughout geographi-
cal analysis, these notions of place and space
(place/space distinction and dynamic,
unbounded space) have been invoked within
analytical frameworks — the former for focusing
on specific places as local contexts, and the lat-
ter for dynamising and unbinding space as one
integrated spatial context.

A discussion on space and place in under-
standing neighbourhood effects also includes a
distinction between context, as a measure of
social environment, and composition as an
individual level factor (Pickett and Pearl,
2001). This distinction has advanced health
geography, supporting the relevance of place
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for individual health in addition to individual
level effects (Duncan et al., 1998; Diez Roux,
2002). However, the ‘relational approach’
questions the strict distinction between context
and composition, because the characteristics
of people and the places they live in are inter-
related (Macintyre et al., 2002; Cummins
et al., 2007), and social space is in fact a
product of our relations and connections with
each other (Massey, 2005). Authors such as
Curtis and Rees Jones (1998) and Bernard
et al. (2007), referring to Giddens’ (1984)
structuration theory, emphasise the mutual
relationships between social structures and
people’s behaviour, which means that neigh-
bourhood structures have a strong influence
on individuals, but also individual behaviour
shapes neighbourhood contexts. The relational
approach precludes places from having fixed
characteristics and defines them as ‘dynamic
and constantly evolving entities” with positive
and negative consequences for their residents
(Cummins et al., 2007), playing at multiple
spatial scales.

Spatial scale is strongly related to discussions
on space and place in the field of neighbourhood
effects and beyond (Smith, 2000; Brenner,
2001). Debates on place in health geography
draw attention to distinct characteristics of places
and the relations between the spatial and the
social, often at a micro scale. Neighbourhood
scale is, however, still undertheorised, despite
some studies operationalising places at different
scales (Tunstall et al., 2004). Different disci-
plines have focused on different spatial scales.
While health geography has focused on smaller
scales, following the concept of place, other dis-
ciplines, such as criminology, have more gradu-
ally moved from the macro to the micro. During
the 19th century, crime was frequently studied at
the regional and city levels (see Weisburd et al.,
2008), and mid-20th century Chicago sociolo-
gists shifted the focus to neighbourhoods and
communities, particularly by developing the con-
cept of social disorganisation (Thomas, 1966;

Park, 1967). Theoretical perspectives continued
to focus on even smaller spatial scales, such as
specific locations within neighbourhoods (Eck
and Weisburd, 2015), through the introduction
of the ‘routine activities’ perspective (Cohen and
Felson, 1979) as well as the ‘crime pattern the-
ory’, where place is explicitly taken into account
as a ‘backcloth’ of human behaviour (Branting-
ham and Brantingham, 1993).

Which scales of spatial context are relevant
for understanding social phenomena is not
immediately clear. Suttles (1972) has argued
that urban households identify four scales of
neighbourhoods, starting from the block, where
children can play without supervision, up to an
entire sector of the city. While this rather gen-
eral overview needs to be adapted for specific
settings, such as city size and urban form, the
multiplicity of scales is an ever-present issue in
defining neighbourhood, which is more com-
plex than a bounded unit at a single spatial scale.
However, the predominant view of the neigh-
bourhood remains a ‘geographically bound
unit’, even by authors emphasising social con-
nections as a criterion for defining neighbour-
hoods (Chaskin, 1995). In contrast, Massey
(1994) conceptualises neighbourhood as a set
of overlapping social networks with various
spatial extents. Because social connections are
not strictly bounded in space, neighbourhoods
are inherently fuzzy entities which are difficult
to define and to operationalise. The fuzziness of
boundaries is important not only for small-scale
neighbourhoods but also because of the lack of
true (or fixed) sets of regions at the macro scale
(Isard, 1956; Altman, 1994).

Fuzzy neighbourhoods are overlapping
spaces as opposed to mutually exclusive dis-
crete units. Neighbourhoods imbricate not only
because of social, but also organisational, polit-
ical and economic processes (Logan and
Molotch, 2007). The overlapping of community
boundaries implies that residents do not see the
city as divided into mutually exclusive local
areas with hard borders, but they see a multitude
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of overlapping neighbourhoods simultaneously
(Hunter, 1974). Although community and
neighbourhood are distinct concepts (Hunter,
1974; Sampson, 2004), this is not crucial at this
point, particularly given the emphasis on the
social dimension of neighbourhood. If commu-
nities, as not necessarily spatial entities, overlap
in space, this is also true for neighbourhoods,
which are by definition spatial. Within the
neighbourhood effects literature, the concept
of overlapping fuzzy neighbourhoods has been
made operational as ‘bespoke neighbourhoods’
or ‘egocentric neighbourhoods’ (Johnston et al.,
2000). A bespoke neighbourhood is an area sur-
rounding an individual, starting from a very
small spatial unit, and as a consequence,
bespoke neighbourhoods of multiple individu-
als overlap. The corresponding concept of ‘ego-
hoods’ (Hipp and Boessen, 2013) introduced an
important conceptual turn in the spatial analysis
of crime, which has a very long tradition of
using non-overlapping units with administra-
tively defined boundaries (Weisburd et al.,
2008).

Bespoke neighbourhoods at multiple scales
are a key to understanding the relationships
between (adjacent) neighbourhoods, particu-
larly through the notion of spatial spillovers.
Spillover effects between neighbourhoods have,
so far, received less attention than the corre-
sponding concept of spillovers in economics
(Dietz, 2002). Exceptionally, Sampson et al.
(1999) identified spatial externalities as a prod-
uct of collective practices in one neighbourhood
benefiting surrounding areas. Although the term
‘neighbourhood’ is usually associated with an
autonomous bounded area, the interest in spil-
lover characteristics of neighbourhoods sug-
gests that the spatial context is much more
complex than just an independent coexistence
of adjacent neighbourhoods. Lupton (2003)
identified the following three key issues in con-
ceptualising the spatial context in the neigh-
bourhood effects research: the complex
relationships between places and people living

there, the issue of neighbourhood boundaries,
and the relationship of one neighbourhood to
another. Overlapping spaces at multiple spatial
scales can address all three issues more compe-
tently than a single bounded spatial unit.

Ultimately, the concepts discussed above are
pervaded by the relationship between space and
time. Both space and time are multiscalar, and
both are crucial for measuring exposure to con-
text, with two key temporal perspectives. The
first is the heterogeneity of places which people
are exposed to during their daily space-time
paths (Hégerstrand, 1970), including the resi-
dential, but also school, work and other envir-
onments (Van Ham and Tammaru, 2016). The
second is ‘spatial times’ (Massey, 2005), which
incorporate influences of different places on an
individual during their lifecourse — a sequence
of neighbourhoods forming an individual’s
neighbourhood history (Van Ham et al., 2014).
Contextual effects arise from multiple spatial
and temporal domains as well as linkages and
interactions between them. Underlying mechan-
isms are very diverse, but if we know what
mechanism we are examining, we can hypothe-
sise about its spatial and temporal scope.

2 Mechanisms of contextual effects
and their spatial scope

The neighbourhood context is thought to influ-
ence a broad spectrum of individual life out-
comes, including health, education and
socioeconomic status, and people respond to
(changes in) context in different ways (Samp-
son, 2012). There is no single neighbourhood
effects theory, as the term covers a multitude
of processes (Sampson et al., 2002). Galster
(2012) categorised the assumed mechanisms
behind neighbourhood effects into four cate-
gories: social-interactive, environmental, geo-
graphical, and institutional mechanisms.
Dependent on the outcome under study, some
spatial processes are more relevant than others,
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and, accordingly, some spatial contexts have
greater importance than others.

Social-interactive mechanisms include, for
example, peer effects on an individual’s beha-
viour and attitudes, local social norms, social
networks, social cohesion and control (Galster,
2012). These mechanisms require (potential)
contact and interaction between people, and as
such are likely to play out on a very local scale.
We can generally assume that peer group effects
operate at the small spatial scale, such as a block
or several streets (Van Ham and Manley, 2012),
and that residents feel more socially integrated
in their own ‘street’ than further away (Taylor
and Brower, 1985).

Environmental mechanisms, such as expo-
sure to air or water pollutants, are the most dif-
ficult to capture within discretely defined
imposed neighbourhood boundaries. Besides
ecological (toxic) conditions of environment,
these mechanisms include exposure to violence,
and physical conditions, such as the quality of
public space and noise pollution (Galster,
2012). Particularly in large cities, the geography
of health impacts shifts from the neighbourhood
level to city level, or even to regional dimen-
sions of air and water pollution, so that environ-
mental burdens are increasingly displaced to
greater scales (Sorensen and Okata, 2011). Con-
versely, the impact of contaminated land, often
a factor in brown field building, may be highly
localised and specific.

Geographic mechanisms refer to the neigh-
bourhood’s location relative to larger-scale
political and economic structures, and includes
public services, as well as the spatial mismatch
between neighbourhoods and job opportunities
(Galster, 2012). Although the mismatch origi-
nates as a driver of unemployment of African-
Americans in the United States (Kain, 1968),
physical proximity to jobs is equally relevant
in Europe (Van Ham et al., 2001; Gobillon
et al., 2011). However, the scale of the mis-
match depends on the local setting, since the
scale at which a mechanism operates may vary

between places and over time (Manley et al.,
2006; Van Ham and Manley, 2012).

The fourth type of mechanisms identified by
Galster (2012) were institutional mechanisms,
including the interface between neighbourhood
residents and vital markets related to physical
conditions in the neighbourhood, local educa-
tion, healthcare and other institutions to which
residents have access, but also stigmatisation
(Galster, 2012). Neighbourhood reputation and
stigmatisation is associated with well-known,
even officially defined neighbourhoods, or
areas of specific types of housing or residents’
ethnic backgrounds. Mechanisms which relate
to access or exposure to people, resources, or
harms can be better served by bespoke measures
of neighbourhood characteristics rather than by
administrative neighbourhood boundaries.

Neighbourhood effects research is often used
to design policies to reduce negative outcomes.
The spatial contexts in which these policies are
implemented are often invoked as the analytical
frame for empirical research. However, neigh-
bourhood effects mechanisms are not about
officially defined administrative neighbour-
hoods, but about a variety of spatial contexts
across fuzzy space. The fuzziness of space is
bi-directional. It arises from both the overlap-
ping individual contexts of multiple people, and
the fact that individuals may belong to multiple
contextual scales, which Galster and Sharkey
(2017) term the spatial opportunity structure.
Moreover, different people can be influenced
by the neighbourhood in different ways or
degrees (Bernard et al., 2007; Small and Feld-
man, 2012), due to different activity spaces
(Kwan, 1999) or different relations to the neigh-
bourhood during their life course (Ellen and
Turner, 1997; Forrest and Kearns, 2001). There-
fore, the conceptualisations of neighbourhood
in neighbourhood effects research should more
closely match the underlying mechanisms. This
implies that the term ‘spatial context effects’
more closely matches what we try to understand
than the term ‘neighbourhood effects’.
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3 The nature of spatial data and social
processes

Social processes occur regardless of the admin-
istrative boundaries within which data are nor-
mally collected (Manley et al., 2006; Jones
et al., 2018). While many spatial scales and
zonation schemes are theoretically possible,
study areas are not analogous to samples in sta-
tistics which are randomly drawn from the set of
all possible study areas (Longley et al., 1999).
On the contrary, spatial data is often autocorre-
lated, meaning that the value of an observation
is similar to those of nearby observations. This
‘special’ feature of spatial data (Anselin, 1989)
counteracts a basic statistical principle of
observation independence. Spatial autocorre-
lation is, however, not a nuisance, but a means
to understand social processes. As long ago as
the 1930s, Stephan (1934) wrote that ‘[d]ata of
geographic units are tied together, like bunches
of grapes, not separate, like balls in an urn’,
and crucially that ‘by virtue of their very social
character, persons, groups and their character-
istics are interrelated and not independent’. In
spatiotemporal processes, such as neighbour-
hood effects, ‘nearby’ and ‘distant’ need to
be identified both spatially and temporally (see
above on space and time being multiscalar).
What happens in a location at one point in
given time is related to events in nearby loca-
tions and at nearby times, although the transi-
tion to nearby spaces and times need not be
linear (Goodchild, 2004).

Spatial dependence has traditionally been
used to identify clusters. Pioneering work
included mapping hot spots of disease in epide-
miology and health geography, where small-
area data have long been available (Cuzick and
Elliott, 1992), as well as crime mapping in
empirical research and practice of criminology
(Weisburd and McEwen, 2015). Mapping clus-
ters reveals that spatial dependency does not
occur everywhere equally. Spatial heterogene-
ity is, therefore, another ‘special’ feature of

spatial data (Anselin, 1995), such that we need
to consider local characteristics of places, not
universal generalities (Getis, 1999). In this
respect, geographically weighted regression
(GWR) examines how regression parameters
vary across space (Brunsdon et al., 1996;
Fotheringham et al., 2003). Both spatial auto-
correlation and spatial heterogeneity are scale-
dependent, as while smaller spatial units have
their micro-characteristics, they are also simul-
taneously part of larger structures with macro
characteristics. Spatial scale is a lens through
which we can analyse spatial homogeneity and
heterogeneity.

The modifiable areal unit problem (MAUP)
is an important consequence of spatial
heterogeneity (Openshaw and Taylor, 1979;
Openshaw, 1984). MAUP refers to the phe-
nomenon that the results of analyses depend
on the scale of spatial units chosen, as well as
on the precise zonation of the units at a single
scale on the ground. Relatedly, we can concep-
tualise two aspects of scale. The first relates to
the scale at which social structures exist and
over which the processes operate and is known
as the phenomenon scale. This contrasts with
the second, the analysis scale, which relates to
the size of the units at which these phenomena
are empirically measured and analysed (Mon-
tello, 2001). Whilst it might seem trivial to
suggest that analysis scale should correspond
to the phenomenon scale from the research and
policy perspective, often they do not. Com-
pared to the natural sciences, research regard-
ing scale in social sciences has been less
explicit and precise (Gibson et al., 2000).
Matching the phenomenon and analysis spatial
representation of social processes is associated
with a high degree of uncertainty in space and
time, as defined within the uncertain geo-
graphic context problem (Kwan, 2012). As a
consequence, available spatial data often do
not match the mechanisms behind neighbour-
hood effects that we want to study and
understand.
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Il From neighbourhood effects
to sociospatial context research

The literature has often treated neighbourhoods
a-spatially, or implemented only discrete parts
of the theoretical concerns we outline. Where a
neighbourhood is given sufficient conceptual
space, it remains a nuisance rather than a fun-
damental focus of the research question.
Besides critiquing this pragmatic approach, we
point out some theoretically-informed examples
operationalising sociospatial contexts, which
can be applied more widely.

Opposing concepts of neighbourhood
include ‘objective’ and perceived neighbour-
hoods, fixed and bespoke neighbourhoods,
single-scale and multiscale neighbourhoods,
homogeneous and heterogeneous neighbour-
hoods (see reviews by Nicotera, 2007; Chaix
et al., 2009). Small-sample qualitative studies
and large-sample quantitative studies funda-
mentally differ in exploring sociospatial con-
text. Qualitative studies reveal information
that quantitative studies of large populations are
unable to explore, particularly with regard to
residents’ perceptions of neighbourhoods.
Neighbourhood boundaries imposed by an out-
sider researcher neglect residents’ experiences,
which can be relevant for individual outcomes.
In contrast, large-sample quantitative studies
require simplified assumptions about neigh-
bourhood size and boundaries, but yield more
generalisable and comparable results. The gen-
eralisation of neighbourhood related findings
can be problematic.

Qualitative surveys reveal that residents dif-
fer in their assessment of the neighbourhood,
whereby assessments of some neighbourhood
characteristics, such as social disorder, are more
easily aggregated from multiple responses than
other characteristics, such as social interactions
(Coulton et al., 1996). Additionally to qualita-
tive methods, including discussion groups or
interviews (Davidson et al., 2008), geographic
information systems (GIS) are increasingly used

to assess residents’ perceptions of neighbour-
hood size and boundaries (Lohmann and
McMurran, 2009). In a study of low-income
communities in 10 cities in the USA, Coulton
et al. (2013) found that neighbourhoods deli-
neated from GIS maps drawn by respondents
are smaller than typical census tracts, but larger
than those gained from residents’ answers on an
ordinal scale or qualitative questions. GIS-
based studies result in different conclusions
regarding whether and which sociodemographic
characteristics of people determine how they
perceive their neighbourhoods (see, e.g., Lee
and Campbell, 1997; Orford and Leigh, 2014).
This mirrors different settings in which the stud-
ies are conducted, in addition to different meth-
ods used.

Large-sample quantitative studies can also
learn from this and pay more attention to vari-
ous spatial settings and individual sociodemo-
graphics. Individual heterogeneity arising from
ethnographic research has been identified as
very useful for quantitative studies of neigh-
bourhood effects (Small and Feldman, 2012),
but these two types of research are still rarely
combined. Furthermore, as Chaix et al. (2009)
note, methods used to delineate perceived
neighbourhoods can also be used for objectively
experienced neighbourhoods, which may be
more informative in understanding individual
outcomes, given that contextual effects rely on
exposure and interaction. Methods for detecting
objectively experienced neighbourhoods use
location-aware technologies such as GPS and
mobile phone tracking to find activity spaces
(Ahas et al., 2010; Chaix et al., 2013). While
these methods have relaxed spatial and temporal
constraints (Shaw, 2010), delicately measuring
exposure in space and time, they have also
intensified ethical issues in data collection.

When data on activity spaces are not avail-
able, empirical studies sometimes compare
administrative units at different spatial scales.
These studies demonstrate the relevance of spa-
tial scale, particularly the constraints of the lack
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of small-area data for representing local con-
texts. For example, Prouse et al. (2014) in their
study on income inequality in Halifax, Nova
Scotia (Canada), criticised the coarse scale of
the census tracts as a predominant proxy for
neighbourhoods. Instead, the authors suggested
that in smaller cities dissemination areas, as
defined within census tracts, following distinc-
tive features such as roads or waterways and
encompassing 400 to 700 people, are more use-
ful. This conclusion appreciates not only spatial
scale but also urban form, specifically distin-
guishing between bigger and smaller cities.
However, we should not focus on micro-
geographies to the detriment of larger spatial
structures.

Moving beyond the administrative unit,
neighbourhood effects studies increasingly
compare different spatial scales by aggregating
the smallest available units to higher scales
using ‘bespoke neighbourhoods’ (Bolster
et al., 2007; Stein, 2014; Veldhuizen et al.,
2015). Bespoke neighbourhoods tackle the fact
that people living on the edge of an administra-
tive neighbourhood might associate themselves
with, or be influenced by, the adjacent neigh-
bourhood. Exploring spatial scale of bespoke
neighbourhoods has the potential to advance our
understanding of the wider residential context.
This was illustrated by Petrovi¢ et al. (2018),
who constructed bespoke neighbourhoods at
101 spatial scales, ranging from the very micro
(100 by 100 meter grids) to very large spatial
units. They showed that multiscale understand-
ings of spatial context differ between locations
within one city, but also between cities with
different urban forms. So far, most neighbour-
hood effects studies have investigated within-
neighbourhood effects — the effect of the
neighbourhood in which someone lives —
whereas few studies have considered neigh-
bourhood as being embedded in a wider spatial
context (Graif et al., 2016), the influence of
‘neighbouring neighbourhoods’ (Bolster et al.,
2007), or adjacent neighbourhoods forming an

extra-local context (Sampson, 2001). When
analysing this wider context and spatial autocor-
relation, crucially, urban form also needs to be
considered (Petrovic et al., 2018).

As discussed earlier, it is not only space that
is multiscalar but also time, and we need to
understand contextual effects in a multiscalar
space-time framework. For example, Van Ham
et al. (2014) studied the intergenerational effects
of neighbourhood in Sweden by reconstructing
individual neighbourhood histories from the
moment of leaving the parental home. They
showed that growing up in a deprived neighbour-
hood increases the likelihood of living in a similar
neighbourhood later in life. And Hedman et al.
(2015) showed that the childhood neighbourhood
affected individual income up to 17 years after
leaving the parental home. Wodtke et al. (2011)
showed that longer term exposure to deprived
neighbourhoods has a strong effect on school out-
comes, and that the effects of social exposures
have long temporal lags.

The lack of appropriate data sometimes leads
to the conclusion that the MAUP, or geography
in general, are irrelevant for individual out-
comes. For example, Brannstrom (2005) did not
find effects of either census areas or parishes on
individual income and receipt of social assis-
tance in Sweden. As noted by Andersson and
Musterd (2010), both of these spatial units are
heterogeneous and may obscure processes
occurring at smaller spatial scales. Looking into
these smaller scales is increasingly possible
through the availability of microgeographic
data in the form of small grid cells, and further
differentiation of spatial scales was achieved by
starting with grid cells and aggregating them to
larger scales of bespoke neighbourhoods (Osth
et al., 2014; Petrovi¢ et al., 2018). Thus, micro-
geographic data make it possible for researchers
to move away from predefined (administrative)
neighbourhoods to spatial contexts which are
both individualised and multiscalar (in space
and time). This development signals a turn from
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the study of neighbourhood effects to the study
of sociospatial contextual effects.

IV The role of microgeographic
data in future contextual effects
research

Microgeographic data include spatial data with
a fine spatial resolution, such as point data or
areal data for regularly shaped (grids) or irregu-
larly shaped polygons, e.g. census tracts. These
data can come from various sources, including
(government) registers or large-scale surveys.
According to the fractal principle, ‘all geo-
graphic phenomena reveal more detail with
finer spatial resolution, at predictable rates’
(Goodchild, 2004: 711). As such, the ‘special’
features of spatial data — spatial autocorrelation
and spatial heterogeneity (Anselin, 1995, see
Section 2.3.) — should be recognised, not as
problems but as opportunities (Fotheringham
et al., 2000). In this respect, microgeographic
data offer numerous opportunities to advance
research into contextual effects.

| Spatial and relational thinking

Analytic tools and techniques in neighbourhood
effects research often treat spatial units in the
same way as any other variables. Three basic
ways of dealing with spatial data include using
regular statistical methods and ignoring spatial
dependence; acknowledging that spatial depen-
dence exists and trying to remove it to justify
using aspatial methods; and taking spatial auto-
correlation explicitly into account and explain-
ing it from a theoretical perspective. The latter
approach benefits the neighbourhood effects
research, although even spatial statistics often
treat this spatial dependence as a nuisance and
something that should be corrected, rather than
as an important source of information. The
increasing availability of microgeographic data
motivates social scientists to think about how

they represent sociospatial context and how to
integrate spatial analysis in their research.

In comparison with the natural sciences, the
social sciences have been slower to exploit GIS
although the spatial dimension is no less impor-
tant for social than for natural processes. Maps
can be found in early social science, but many
disciplines moved away from these roots, devel-
oping other methodologies (Steinberg and
Steinberg, 2005). Current trends in data science
make mapping particularly relevant, because
visualisation helps elucidate complex spatio-
temporal patterns. GIS has not been sufficiently
reconciled with neighbourhood effects studies.
An exception is the work of Knaap (2017), who
mapped the spatial opportunity structure to link
the geography of opportunity with the mechan-
isms of neighbourhood effects. GIS expresses
geography as a series of layers, capturing
unique but related features. The spatial oppor-
tunity structure (Galster and Sharkey, 2017) is
similarly organised as a series of contextual
characteristics, such as ethnic and income com-
positions. Methods such as geographically
weighted regression (GWR) can be used to
operationalise spatial context by the interaction
of multiple contextual characteristics, as well as
the characteristics themselves in nearby loca-
tions. This can be a useful exploratory tool,
which gives specific results for different loca-
tions rather than a single universal result.

Relational theory suggests that space can be
understood only through relations. This
includes subjective relations between people
as well as individual spatial perceptions of
neighbourhood, but also ‘objective’ relations
as functional distances to schools, healthcare
or other services. Relational perspectives on
place emphasise the position of places relative
to each other (Cummins et al., 2007). There is
no spatial knowledge without metric informa-
tion about distance and relative locations of
places (Montello, 1998). Furthermore, condi-
tions in one neighbourhood are not independent
of conditions in adjacent neighbourhoods,
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which makes spatial autocorrelation the funda-
mental tenet of the research question. Finally,
the connections between physically distant
places, including mobility trajectories of people
or regional labour markets, may also be impor-
tant for individual outcomes. Distances and spa-
tial relations can be more accurately measured
using microgeographic data.

Precise measures of locations come not only
from recording people’s residential locations
using population registers or census data, but
also from following people’s mobility using
new technologies such as mobile sensing.
Whilst innovative, this development also
increases privacy concerns (Campbell et al.,
2008). For instance, De Montjoye et al. (2018)
proposed four models for the privacy-
conscientious use of mobile phone data for
research, including limited release, pre-
computed indicators and synthetic data, remote
access and question-and-answer. Some of the
models can be applied to other types of sensitive
data, such as health data, although none of these
models cuts through the complexity of the use of
sensitive data for research (De Montjoye et al.,
2018). Privacy issues particularly concern the
increasing linking of different sources of (sen-
sitive) data, such as administrative records,
survey data or areal imagery.

2 Fuzzy and bounded space

Neighbourhoods are ‘geographic objects with
indeterminate boundaries’ (Burrough and
Frank, 1996). Imposed boundaries matter to dif-
ferent extents for various neighbourhood effects
mechanisms or for the same mechanism in dif-
ferent settings. For example, administratively
defined neighbourhoods with high shares of eth-
nic minorities may be stigmatised, as might
areas abutting asylum centres, but the extent
of these areas may not coincide with adminis-
trative units. Different types of bounded and
fuzzy spaces drive individual residential his-
tories so that while people may rely on officially

defined neighbourhoods such as school districts
when selecting potential neighbourhoods, they
may also pay attention to (functional) distances
to transportation sites or other services. When
moving into the neighbourhood, exposure to
others depends less on administrative bound-
aries and more on proximity, so that the relevant
contexts become even fuzzier. Microgeographic
data makes it possible to better understand
bounded spaces, for instance heterogeneity in
ethnic compositions or housing types within
administrative units, but also fuzzy spaces of
potential or actual exposure to context.
Individual exposure to context can be better
represented with exposure surfaces in a ‘moving
window’ defined at multiple spatial scales
rather than fixed spatial units. For example, if
a small area where an individual lives is sur-
rounded by a markedly different larger area, this
is masked when the two areas are combined into
a large single unit. With the moving window
this does not happen (Jones et al., 2018). Expo-
sure surfaces via a moving window can also
move us beyond discrete-space modelling. For
neighbourhood effects (which are by definition
spatial processes), the commonly used fixed
effects model completely removes space, leav-
ing neighbourhood as an isolated unit (Bell
et al., 2018). Moreover, the use of an individual
as their own control unit in a fixed effects model
denies group level effects and assumes indepen-
dence of outcomes across areas, rendering the
question of neighbourhood effects meaningless.
Two basic ways to take spatial dependence into
account are hierarchical structures of space in
multilevel models, and spillovers captured in
spatial econometric models. Both approaches
can be related to how social processes work,
recognising not only the coexistence, but also
the interdependence, of multiple spatial scales.
Additionally, very small areas, close to exact
geographic coordinates, also offer possibilities
for continuous-space modelling. The continu-
ous treatment of space can reveal the spatial
distribution of outcomes and the scale of spatial
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variations, in contrast to measuring characteris-
tics of the neighbourhood in a more traditional,
bounded, sense which may obscure or underes-
timate the effect of context as a more complex
spatiotemporal category (Cummins et al.,
2007).

Many individual outcomes depend on dura-
tion of exposure to different places, such as the
residential neighbourhood and school for edu-
cation outcomes, or residence and workplace
for labour market or health outcomes. There-
fore, microgeographic data can also improve the
connection between time and space. We can
adapt spatial scale to the temporal scope we are
interested in, for example by using micro-
locations for exposures on daily space-time
paths, or larger scales for long-term exposure
to, say, poverty. While administrative units pre-
cisely define a neighbourhood boundary, the
location of an individual within that area
remains unknown. Microgeographic data can
reveal the location of an individual more pre-
cisely, while the boundaries of their multiple
neighbourhoods are fuzzier. Thus, to measure
multiple spatial scales, the question become
where to set thresholds.

3 Thresholds in fuzzy space

Thresholds exist even in a fuzzy space. Without
limits, there can be neither difference nor iden-
tity (Abrahamsson, 2018). Setting thresholds in
bespoke neighbourhoods using microgeo-
graphic data is particularly challenging, both
because of the individual character of the neigh-
bourhood and because of the fuzzy space.
Bespoke neighbourhoods are usually based on
distance or population counts. Population based
bespoke neighbourhoods can be constructed
from geographical coordinates for each individ-
ual. Using micro-scale grid cells, small incre-
ments in distance can be more accurately
applied than small increments in population,
because grid cells themselves are created based
on distance. Even irregularly shaped spatial

units can be used, although they are more chal-
lenging for delineating both distance and
population.

The choice between specific techniques for
delineating bespoke neighbourhoods is not
solely a technical issue, but a theoretical one
as well. On the one hand, some institutions or
services are located based on the population
served, which justifies the population count
thresholds. Elsewhere, the area over which
these people are distributed is important,
because distance determines accessibility and
exposure. For example, direct residential envir-
onments and exposure to first neighbours are
normally associated with short distances regard-
less of the number of neighbours, although the
density of neighbourhood can also affect social
processes. Furthermore, since the same number
of people can be distributed over very different
areas, population size alone is not sufficient to
characterise large scale contexts. In addition to
distance, local patterns of land use (e.g. housing,
play area, transportation infrastructure, etc.) can
assist in setting thresholds in fuzzy space.

Considering multiple spatial scales in a fuzzy
space has been achieved by using spatial pro-
files, which consist of a range of bespoke neigh-
bourhoods from micro to macro scales. Based
on the egocentric framework (see Lee et al.,
2008), Spielman and Logan (2013) created pro-
files of individual buildings, which show how
the surrounding social compositions change
with scale. Petrovi¢ et al. (2018) created dis-
tance profiles of exposure to sociospatial con-
text at a range of 101 spatial scales and
measured the variability of the distance profiles
across scales. While in some locations the con-
text changed gradually, abrupt changes in other
distance profiles revealed ‘social cliffs’ (Dean
et al., 2018; Petrovi¢ et al., 2018). Uncovering
these marked sociospatial changes is relevant
for neighbourhood effects research, because
micro locations and local changes in exposure
are often at the core of the theory, but in the
empirical research they have often been studied
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through a proxy of too coarsely bounded spatial
units. Fuzziness of space as well as changes and
limits in the fuzzy space have received more
attention in studying natural than social phe-
nomena (see Burrough and Frank, 1996; Fisher,
2000). However, in identifying the extent of a
mountain from the perspective of different
people, Fisher et al. (2004) dealt with similar
issues, particularly spatial scale. The methods
which they used to identify morphometric
classes (peaks, slopes, channels and ridges) of
a mountain could also identify ‘social cliffs’,
‘social cleavages’ and other classes of exposure
surfaces in urban settings. These methods can
be used to further develop the concept of dis-
tance profiles representing sociospatial context.

Regardless of the metrics (e.g. distance, pop-
ulation counts, travel time) used to delineate
bespoke neighbourhoods, the smaller the scale,
the more ‘bespoke’ neighbourhoods can be, and
the bigger the scale, the more ‘shared’ and over-
lapping neighbourhoods are. The multiscale
bespoke neighbourhood perspective, there-
fore, draws attention to both local peculiarities
and extreme contextual conditions on the one
hand, and large-scale shared contexts on the
other hand. This is what the theoretical
approaches to neighbourhood effects mechan-
isms ask for and how sociospatial context is
likely to be operationalised in the future more
often, given the increasing availability of
microgeographic data.

V Structuring the uncertainty
of sociospatial context

The overview of theoretical concepts of space
and place and mechanisms of spatial contextual
effects, as well as the review of the empirical
literature, were permeated by issues of spatial
scale and boundaries in fuzzy space. This, com-
bined with the immense possibilities of micro-
geographic data, leads to uncertainty in the
operationalisation of sociospatial context.
Empirical studies which address the issue of

spatial scale sometimes note that there are no
theoretical guides as to the scale at which con-
textual effects operate (see, e.g., Plum and
Knies, 2015). In this section, we bring some
structure to the relationship between contextual
mechanisms and spatial scales. Although uncer-
tainty in the operationalisation of sociospatial
context cannot be avoided, it can be structured
in a way that shows which mechanism is most
likely to operate at which scales, as well as on
which factors this likeliness depends.

Figure 1 shows a matrix of contextual
mechanisms and spatial scales. The density
shows the likely relevance of a specific scale
for a specific mechanism. For example, while
peer group effects normally operate at a small
spatial scale, school districts extend to larger
scales. Some mechanisms may operate at mul-
tiple scales simultaneously, particularly pro-
cesses like stigmatisation. While labour
market factors generally operate at larger spatial
scales, the exact extent of local labour markets
varies across regions. With a single spatial
scale, we run the risk of cutting through various
mechanisms, capturing relevant scales for some
and less relevant scales for other mechanisms,
represented with horizontal lines in Figure 1.

Which scale is the most relevant also depends
on the sociodemographic characteristics of peo-
ple and the urban setting, which can be illu-
strated with an example: One child grows up
in a street with poor neighbours, but in a
middle-class district, and goes to a middle-
class school. Another child goes to the same
school and lives in the same urban district, but
in a street with richer neighbours. Both children
live in the same urban region so their spatial
contexts are shared at some scales and distinct
at others, and they include interactions between
individual, family, neighbourhood, city and
regional level factors.

Ultimately, neighbourhood effects research
should be reconciled with more individual- and
family-oriented perspectives on human devel-
opment, by recognising the key lower-level
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Figure |. Spatial scales of contextual mechanisms.

context — the family, and its mediating position
between an individual and the neighbourhood
(Lee, 2001; Hedman et al., 2019), as well as the
interaction of other factors, such as genes, with
the environment (see e.g. Boardman et al.,
2013). Although technology has become
increasingly important in the social domain,
many forms of social life remain spatially orga-
nised. Many types of behaviours are spatially
concentrated, so that even individuals who use
the internet the most concentrate in certain
neighbourhoods (Sampson, 2012).

General hypotheses about specific mechan-
isms and their spatial scope are as important as
the knowledge of the spatial and temporal set-
ting. Theory can inspire qualitative studies in
various settings, based on which hypotheses for
quantitative studies can be formulated. Ethno-
graphic studies, therefore, have an intermediate
role between theory and quantitative studies —to
help generate clearer and more specific hypoth-
eses, but also to provide qualitative data which
can be linked with administrative records. The
way to implement the theory of contextual
mechanisms in quantitative studies would then

be firstly, to formulate general hypothesis, for
distinguishing between different mechanisms,
e.g. peer group effects operate at a smaller spa-
tial scale than stigmatisation (see Figure 1); sec-
ondly, to analyse the spatial and temporal
setting, e.g. stigmatisation takes larger spatial
scope in a big city and increases over time as
the concentration of poverty increases; thirdly,
to formulate specific and nuanced hypotheses
regarding affected people, e.g. people from the
neighbourhood with different vocations or of
different age are affected in different ways.

V1 Conclusions

In this paper, we built on conceptual and empiri-
cal work related to neighbourhood effects, to
raise spatial awareness and integrate knowledge
from various disciplines, particularly because
spatial data are increasingly detailed and more
accessible to researchers. We identified increas-
ing interest in spatial scale and bespoke neigh-
bourhoods, but also discordances between the
theoretical approaches to contextual effects and
the empirical research. Therefore, we proposed
ways in which microgeographic data can further
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advance contextual effects research. The first is
that data should remind us that contextual
effects research is about the space around us,
and that we should adopt a spatial perspective
from approaches which actively use it, such as
GIS. Second, with microgeographic data we can
implement the concepts of fuzzy space. Conco-
mitantly, we should not forget landmarks or
boundaries which are easily recognised, and
we should use different concepts of space (fuzzy
and bounded) when appropriate. Third, fuzzy
space, and particularly its thresholds, need to
be further explored using microgeographic data,
for example in the form of spatial profiles. Spa-
tial profiles show that MAUP is not a mere
problem, but also a resource for studying a
range of spatial scales of context.

Quantitative research depends on the syn-
chronised availability of good-quality data,
well-formulated hypotheses which can be
expressed in mathematical terms, analytic tools
and techniques, and technology to facilitate the
analysis (Haining, 2003). Formulating hypoth-
eses is a crucial initial step, ideally the main
determinant in the choice of appropriate spatial
data. Theoretical approaches to the mechanisms
of neighbourhood effects should guide these
hypotheses, where, for example, social mechan-
isms generally differ from institutional mechan-
isms in both spatial scale and zonation schemes.
The hypotheses can be refined by exploring spa-
tial patterns of area characteristics, e.g. housing
types or poverty concentrations in different
(parts of) cities and with the results of qualita-
tive research of the study area. Crucially, micro-
geographic data put a wider variety of scaling
and zonation schemes into practice and, there-
fore, make it feasible to follow theoretical
approaches to neighbourhood effects and bring
back spatial thinking into neighbourhood
effects research.

A parallel between theorising place and
space and the availability of spatial data can
be drawn from the health geography or crimin-
ology, where the concept of place was given

more attention compared to other (sub)disci-
plines within the neighbourhood effects
research (see also a similar observation by Hain-
ing, 2003). Further parallels can be drawn
between theoretical approaches such as peer
group effects, spatial spillovers or the relational
approach, on the one hand, and the nature of
spatial data, notably spatial autocorrelation, on
the other hand, which are often considered sep-
arately, either studying social theory or techni-
cal properties of spatial data. By linking
theoretical and spatial analysis approaches, the
grounding for neighbourhood effects research
increases, as does our knowledge about phe-
nomenon scale. Together, this can then inform
analysis scale. The role of microgeographic
data is then to better link the phenomenon and
the analysis scale, as well as to give attention to
both micro-locations and large-scale urban,
institutional and economic structures.

A parallel also exists between geographic
objects with fuzzy boundaries in physical and
human geography. Geography, the most spatial
of disciplines (Massey, 1995), should enrich the
neighbourhood effects research by facilitating
zonation systems that are less arbitrary and can
capture various mechanisms of contextual
effects more accurately than predefined
administrative areas. Also, methods used in
physical geography to operationalise geo-
graphic phenomena which are fuzzy for scale
reasons (Fisher et al., 2004) can be used to
dynamise space and make it relevant for the
broad social science. Using microgeographic
data, neighbourhood effects research can give
more attention to location, distance and expo-
sure, spatial dependence and heterogeneity,
taking into account multiple neighbourhood
membership. Microgeographic data move us
from the autonomous bounded spatial units to
continuous space, in which neighbourhoods
are much fuzzier than is generally assumed,
and where spatial contextual effects should
be investigated rather than ‘neighbourhood’
effects.
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Using standard administrative units has for a
long time been a defining feature of neighbour-
hood effects research. This is understandable as
many datasets require specific geographies to be
used. However, the increasingly availability of
microgeographic data is helping social scien-
tists to better understand sociospatial context
and arrive at clearer conclusions about contex-
tual effects. The variety of spatial contexts that
are possible to study using microgeographic
data should not only remain alternative ways
of operationalisation of neighbourhoods.
Instead, they should become a paradigm of the
spatial contextual research. Where the neigh-
bourhood effects literature argues for more
attention to the definition of neighbourhood,
we even go one step further, and argue that in
order for neighbourhood effects research to
move on, we need to break away from the tyr-
anny of neighbourhood, and consider the effects
of the broader sociospatial context of people.

Acknowledgements

We would like to thank the editor, Professor Pauline
McGuirk, the anonymous editor two and three anon-
ymous reviewers for their suggestions to improve the
original version of the manuscript. We would also
like to thank Professor Mark Stephens for his sugges-
tions at the New Housing Researchers Colloquium in
Dublin 2016.

Declaration of conflicting interests

The author(s) declared no potential conflicts of inter-
est with respect to the research, authorship, and/or
publication of this article.

Funding

The author(s) disclosed receipt of the following
financial support for the research, authorship, and/
or publication of this article: The research leading to
these results has received funding from the European
Research Council under the European Union’s
Seventh Framework Programme (FP/2007-2013) /
ERC Grant Agreement n. 615159 (ERC Consolida-
tor Grant DEPRIVEDHOODS, Socio-spatial
inequality, deprived neighbourhoods, and neigh-
bourhood effects).

ORCID iD

Ana Petrovic¢
964X

https://orcid.org/0000-0002-6337-

References

Abrahamsson C (2018) Topoi/graphein: Mapping the Mid-
dle in Spatial Thought. Lincoln: University of Nebraska
Press.

Ahas R, Silm S, Jarv O, Saluveer E and Tiru M (2010)
Using mobile positioning data to model locations
meaningful to users of mobile phones. Journal of
Urban Technology 17(1): 3-27.

Altman D (1994) Fuzzy set theoretic approaches for han-
dling imprecision in spatial analysis. International Jour-
nal of Geographical Information Systems 8(3): 271-289.

Andersson EK and Malmberg B (2014) Contextual effects
on educational attainment in individualised, scalable
neighbourhoods: Differences across gender and social
class. Urban Studies. DOI: 10.1177/0042098014542487.

Andersson R and Musterd S (2010) What scale matters?
Exploring the relationships between individuals’ social
position, neighbourhood context and the scale of neigh-
bourhood. Geografiska Annaler: Series B, Human Geo-
graphy 92(1): 23-43.

Anselin L (1989) What is special about spatial data? Alter-
native Perspectives on Spatial Data Analysis 89(4).
Anselin L (1995) Local indicators of spatial association —

LISA. Geographical Analysis 27(2): 93-115.

Bell A, Fairbrother M and Jones K (2018) Fixed and
random effects models: Making an informed
choice. Quality & Quantity. DOI: 10.1007/s11135-
018-0802-x.

Bernard P, Charafeddine R, Frohlich KL, Daniel M,
Kestens Y and Potvin L (2007) Health inequalities and
place: A theoretical conception of neighbourhood.
Social Science & Medicine 65(9): 1839-1852.

Boardman JD, Daw J and Freese J (2013) Defining the
environment in gene—environment research: Lessons
from social epidemiology. American Journal of Public
Health 103(S1): S64-S72.

Bolster A, Burgess S, Johnston R, Jones K, Propper C and
Sarker R (2007) Neighbourhoods, households and
income dynamics: A semi-parametric investigation of
neighbourhood effects. Journal of Economic Geogra-
phy 7(1): 1-38.

Brannstrom L (2005) Does neighbourhood origin matter?
A longitudinal multilevel assessment of neighbourhood
effects on income and receipt of social assistance in a


https://orcid.org/0000-0002-6337-964X
https://orcid.org/0000-0002-6337-964X
https://orcid.org/0000-0002-6337-964X
https://orcid.org/0000-0002-6337-964X

Petrovic et al.

17

Stockholm birth cohort. Housing, Theory and Society
22(4): 169-195.

Brantingham PL and Brantingham PL (1993) Environment,
routine and situation: Toward a pattern theory of crime.
Advances in Criminological Theory 5(2): 259-294.

Brenner N (2001) The limits to scale? Methodological
reflections on scalar structuration. Progress in Human
Geography 25(4): 591-614.

Brunsdon C, Fotheringham AS and Charlton ME (1996)
Geographically weighted regression: A method for
exploring spatial nonstationarity. Geographical
Analysis 28(4): 281-298.

Burrough PA and Frank A (1996) Geographic Objects
with Indeterminate Boundaries (Vol. 2). Boca Raton,
FL: CRC Press.

Campbell AT, Eisenman SB, Lane ND, Miluzzo E, Peter-
son RA, Lu H, Zheng X, Musolesi M and Ahn G-S
(2008) The rise of people-centric sensing. /EEE Inter-
net Computing 4: 12-21.

Chaix B, Meline J, Duncan S, Merrien C, Karusisi N, Perch-
oux C, Lewin A, Labadi K and Kestens Y (2013) GPS
tracking in neighborhood and health studies: A step for-
ward for environmental exposure assessment, a step back-
ward for causal inference? Health & Place 21: 46-51.

Chaix B, Merlo J, Evans D, Leal C and Havard S (2009)
Neighbourhoods in eco-epidemiologic research: Deli-
miting personal exposure areas. A response to Riva,
Gauvin, Apparicio and Brodeur. Social Science &
Medicine 69(9): 1306-1310.

Chaskin RJ (1995) Defining Neighborhood: History, The-
ory, and Practice: Chicago, IL: Chapin Hall Center for
Children, University of Chicago.

Cohen LE and Felson M (1979) Social change and crime
rate trends: A routine activity approach. American
Sociological Review 44(4): 588—608.

Coulton CJ, Jennings MZ and Chan T (2013) How big is
my neighborhood? Individual and contextual effects on
perceptions of neighborhood scale. American Journal
of Community Psychology 51(1-2): 140-150.

Coulton CJ, Korbin JE and Su M (1996) Measuring neigh-
borhood context for young children in an urban area.
American Journal of Community Psychology 24(1): 5.
DOI: 10.1007/bf0251188]1.

Cummins S, Curtis S, Diez-Roux AV and Macintyre S
(2007) Understanding and representing ‘place’ in
health research: A relational approach. Social Science
& Medicine 65(9): 1825-1838.

Curtis S and Rees Jones I (1998) Is there a place for geo-
graphy in the analysis of health inequality? Sociology
of Health & Illness 20(5): 645—-672.

Cuzick J and Elliott P (1992) Small-area studies: Purpose
and methods. In: Elliott P, Cuzick J, English D and
Stern R (eds) Geographical and Environmental Epide-
miology: Methods for Small-Area Studies. Oxford:
Oxford University Press, 14-21.

Davidson R, Mitchell R and Hunt K (2008) Location, loca-
tion, location: The role of experience of disadvantage in
lay perceptions of area inequalities in health. Health &
Place 14(2): 167-181.

De Montjoye Y-A, Gambs S, Blondel V, Canright G, De
Cordes N, Deletaille S, Enge-Monsen K, Garcia-
Herranz M, Kendall J, Kerry C, Krings G, Letouzé E,
Luengo-Oroz M, Oliver N, Rocher L, Rutherford A,
Smoreda Z, Steele J, Wetter E, Pentland AS and
Bengtsson L (2018) On the privacy-conscientious use
of mobile phone data. Scientific Data. DOI: 10.1038/
sdata.2018.286.

Dean N, Dong G, Piekut A and Pryce G (2018) Frontiers in
residential segregation: Understanding neighbourhood
boundaries and their impacts. Tijdschrift voor econo-
mische en sociale geografie 110(3): 271-288. DOI: 10.
1111/tesg.12316.

Dietz RD (2002) The estimation of neighborhood effects in
the social sciences: An interdisciplinary approach.
Social Science Research 31(4): 539-575.

Diez Roux A (2002) A glossary for multilevel analysis.
Journal of Epidemiology & Community Health 56(8):
588-594.

Duncan C, Jones K and Moon G (1998) Context, composi-
tion and heterogeneity: Using multilevel models in
health research. Social Science & Medicine 46(1):
97-117.

Eck JE and Weisburd DL (2015) Crime places in crime
theory. Crime and Place: Crime Prevention Studies 4:
1-33.

Ellen IG and Turner MA (1997) Does neighborhood mat-
ter? Assessing recent evidence. Housing Policy Debate
8(4): 833-866.

Fisher P (2000) Sorites paradox and vague geographies.
Fuzzy Sets and Systems 113(1): 7-18.

Fisher P, Wood J and Cheng T (2004) Where is Helvellyn?
Fuzziness of multi-scale landscape morphometry.
Transactions of the Institute of British Geographers
29(1): 106-128.



18

Progress in Human Geography XX(X)

Forrest R and Kearns A (2001) Social cohesion, social
capital and the neighbourhood. Urban Studies 38(12):
2125-2143.

Fotheringham AS, Brunsdon C and Charlton M (2000)
Quantitative Geography: Perspectives on Spatial Data
Analysis. London: SAGE.

Fotheringham AS, Brunsdon C and Charlton M (2003)
Geographically Weighted Regression. Chichester:
John Wiley & Sons.

Galster G (2001) On the nature of neighbourhood. Urban
Studies 38(12): 2111-2124.

Galster GC (2012) The mechanism(s) of neighbourhood
effects: Theory, evidence, and policy implications.
In: Van Ham M, Manley D, Bailey N, Simpson L
and Maclennan D (eds) Neighbourhood Effects
Research: New Perspectives. New York: Springer,
23-56.

Galster G and Sharkey P (2017) Spatial foundations of
inequality: A conceptual model and empirical over-
view. RSF: The Russell Sage Foundation Journal of
the Social Sciences 3(2): 1-33.

Getis A (1999) Spatial statistics. In: Longley PA, Good-
child M, Maguire DJ and Rhind DW (eds) Geographi-
cal Information Systems: Principles and Technical
Issues. New York: John Wiley.

Gibson CC, Ostrom E and Ahn T-K (2000) The concept
of scale and the human dimensions of global
change: A survey. Ecological Economics 32(2):
217-239.

Giddens A (1984) The Constitution of Society: Outline of
the Theory of Structuration. Berkeley: University of
California Press.

Gobillon L, Magnac T and Selod H (2011) The effect of
location on finding a job in the Paris region. Journal of
Applied Econometrics 26(7): 1079-1112.

Goodchild MF (2004) GIScience, geography, form, and
process. Annals of the Association of American Geo-
graphers 94(4): 709-714.

Graif C, Arcaya MC and Diez Roux AV (2016) Moving to
opportunity and mental health: Exploring the spatial
context of neighborhood effects. Social Science &
Medicine 162: 50-58.

Hagerstrand T (1970) What about people in regional
science? Papers in Regional Science 24(1): 7-24.

Haining RP (2003) Spatial Data Analysis. Cambridge:
Cambridge University Press.

Hedman L, Manley D and Van Ham M (2019) Using
sibling data to explore the impact of neighbourhood

histories and childhood family context on income from
work. PLoS One 14(5): e0217635.

Hedman L, Manley D, Van Ham M and Osth T (2015)
Cumulative exposure to disadvantage and the interge-
nerational transmission of neighbourhood effects.
Journal of Economic Geography 15(1): 195-215.

Hipp JR and Boessen A (2013) Egohoods as waves wash-
ing across the city: A new measure of ‘neighborhoods’.
Criminology 51(2): 287-327.

Hunter A (1974) Symbolic Communities: The Persistence
and Change of Chicago’s Local Communities. Chi-
cago, IL: University of Chicago Press.

Isard W (1956) Regional science, the concept of region,
and regional structure. Papers in Regional Science
2(1): 13-26.

Jencks C and Mayer SE (1990) The social consequences of
growing up in a poor neighborhood. In: Lynn LE and
McGeary MFH (eds) Inner-City Poverty in the United
States. Washington, DC: National Academy Press,
111-186.

Johnston R, Pattie C, Dorling D, MacAllister I, Tunstall
H and Rossiter D (2000) The neighbourhood effect
and voting in England and Wales: Real or ima-
gined? British Elections & Parties Review 10(1):
47-63.

Jones K, Manley D, Johnston R and Owen D (2018) Mod-
elling residential segregation as unevenness and clus-
tering: A multilevel modelling approach incorporating
spatial dependence and tackling the MAUP. Environ-
ment and Planning B: Urban Analytics and City
Science 45(6): 1122—1141.

Kain JF (1968) Housing segregation, Negro employment,
and metropolitan decentralization. The Quarterly Jour-
nal of Economics 82(2): 175-197.

Katz LF, Kling JR and Liebman JB (2001) Moving to
opportunity in Boston: Early results of a randomized
mobility experiment. The Quarterly Journal of Eco-
nomics 116(2): 607—654.

Knaap E (2017) The cartography of opportunity: Spatial
data science for equitable urban policy. Housing Policy
Debate. DOI: 10.1080/10511482.2017.1331930.

Kwan M-P (1999) Gender, the home-work link, and space-
time patterns of nonemployment activities. Economic
Geography 75(4): 370-394.

Kwan M-P (2000) Analysis of human spatial behavior in a
GIS environment: Recent developments and future
prospects. Journal of Geographical Systems 2(1):
85-90.



Petrovic et al.

19

Kwan M-P (2012) The uncertain geographic context prob-
lem. Annals of the Association of American Geogra-
phers 102(5): 958-968.

Lee BA (2001) Taking neighborhoods seriously. In: Booth
A and Crouter AC (eds) Does It Take a Village? Com-
munity Effects on Children, Adolescents, and Families.
Hove: Psychology Press.

Lee BA and Campbell KE (1997) Common ground? Urban
neighborhoods as survey respondents see them. Social
Science Quarterly 78(4): 922-936.

Lee BA, Reardon SF, Firebaugh G, Farrell CR, Matthews
SA and O’Sullivan D (2008) Beyond the census tract:
Patterns and determinants of racial segregation at mul-
tiple geographic scales. American Sociological Review
73(5): 766-791.

Leventhal T and Brooks-Gunn J (2003) Moving to oppor-
tunity: An experimental study of neighborhood effects
on mental health. American Journal of Public Health
93(9): 1576-1582.

Lewis O (1966) The culture of poverty. Scientific Amer-
ican 215(4): 19-25.

Logan JR and Molotch H (2007) Urban Fortunes: The
Political Economy of Place. Berkeley: University of
California Press.

Lohmann A and McMurran G (2009) Resident-defined
neighborhood mapping: Using GIS to analyze phe-
nomenological neighborhoods. Journal of Prevention
& Intervention in the Community 37(1): 66-81.

Longley P, Goodchild M, Maguire D and Rhind D (1999)
Geographical Information Systems: Volume 1: Princi-
ples and Technical Issues; Volume 2: Management
Issues and Applications. New York: John Wiley & Sons.

Lupton R (2003) Neighbourhood effects: Can we measure
them and does it matter? LSE STICERD Research
Paper No. CASE073.

Macintyre S, Ellaway A and Cummins S (2002) Place
effects on health: How can we conceptualise, operatio-
nalise and measure them? Social Science & Medicine
55(1): 125-139.

Manley D, Flowerdew R and Steel D (2006) Scales, levels
and processes: Studying spatial patterns of British cen-
sus variables. Computers, Environment and Urban
Systems 30(2): 143—-160.

Manski CF (1993) Identification of endogenous social
effects: The reflection problem. The Review of Eco-
nomic Studies 60(3): 531-542.

Massey D (1994) Space, Place, and Gender. Minneapolis:
University of Minnesota Press.

Massey D (1995) Spatial Divisions of Labour: Social
Structures and the Geography of Production. London:
Macmillan International Higher Education.

Massey D (2005) For Space. London: SAGE.

Montello DR (1998) A new framework for understand-
ing the acquisition of spatial knowledge in large-
scale environments. In: Egenhofer MJ and Golledge
RG (eds) Spatial and Temporal Reasoning in Geo-
graphic Information Systems. Oxford: Oxford Uni-
versity Press.

Montello DR (2001) Scale in geography. In: Smelser NJ
and Baltes B (eds) International Encyclopedia of the
Social and Behavioral Sciences. Oxford: Elsevier,
13501-13504.

Nicotera N (2007) Measuring neighborhood: A conun-
drum for human services researchers and practitioners.
American Journal of Community Psychology 40(1-2):
26-51.

Openshaw S (1984) The modifiable areal unit problem.
CATMOG 38. Geo Abstracts, Norwich.

Openshaw S and Taylor PJ (1979) A million or so correla-
tion coefficients: Three experiments on the modifiable
areal unit problem. Statistical Applications in the Spa-
tial Sciences 21: 127-144.

Orford S and Leigh C (2014) The relationship between
self-reported definitions of urban neighbourhood and
respondent characteristics: A study of Cardiff, UK.
Urban Studies 51(9): 1891-1908.

Osth J, Malmberg B and Andersson EK (2014) Analys-
ing segregation using individualized neighbour-
hoods. In: Lloyd CD, Shuttleworth IG and Wong
DW (eds) Social-Spatial Segregation: Concepts,
Processes and Outcomes. Bristol: Policy Press,
135-161.

Park R (1967) The city: Suggestions for the investigation
of human behaviour in the urban environment. In: Park
RE and Burgess EW (eds) The City: Suggestions for the
Investigation of Human Behavior in the Urban Envi-
ronment. Chicago, IL: University of Chicago Press,
1-46.

Petrovi¢ A, Van Ham M and Manley D (2018) Multi-
scale measures of population: Within- and between-
city variation in exposure to the sociospatial context.
Annals of the American Association of Geographers
108(4): 1057-1074. DOI: 10.1080/24694452.2017.
1411245.

Pickett KE and Pearl M (2001) Multilevel analyses of
neighbourhood socioeconomic context and health



20

Progress in Human Geography XX(X)

outcomes: A critical review. Journal of Epidemiology
and Community Health 55(2): 111-122.

Plum A and Knies G (2015) Does neighbourhood unem-
ployment affect the springboard effect of low pay?
ISER Working Paper Series 2015-10.

Prouse V, Ramos H, Grant JL and Radice M (2014) How
and when scale matters: The modifiable areal unit
problem and income inequality in Halifax. Canadian
Journal of Urban Research 23(1): 61-82.

Raudenbush SW and Sampson RJ (1999) Ecometrics:
Toward a science of assessing ecological settings,
with application to the systematic social observation
of neighborhoods. Sociological Methodology 29(1):
1-41.

Sampson RJ (2001) How do communities undergird or
undermine human development? Relevant contexts and
social mechanisms. In: Booth A and Crouter AC (eds)
Does It Take a Village? Community Effects on Children,
Adolescents, and Families. Hove: Psychology Press.

Sampson RJ (2004) Neighbourhood and community.
Juncture 11(2): 106—113.

Sampson RJ (2012) Great American City: Chicago and the
Enduring Neighborhood Effect. Chicago, IL: Univer-
sity of Chicago Press.

Sampson RJ, Morenoff JD and Earls F (1999) Beyond social
capital: Spatial dynamics of collective efficacy for chil-
dren. American Sociological Review 64(5): 633—660.

Sampson RJ, Morenoff JD and Gannon-Rowley T (2002)
Assessing ‘neighborhood effects’: Social processes and
new directions in research. Annual Review of Sociology
28: 443-478.

Shaw S (2010) Time geography: Its past, present, and
future. Paper presented at the AAG Meeting, Washing-
ton, DC.

Small ML and Feldman J (2012) Ethnographic evidence,
heterogeneity, and neighbourhood effects after moving
to opportunity. In: Van Ham M, Manley D, Bailey N,
Simpson L and Maclennan D (eds) Neighbourhood
Effects Research: New Perspectives. New York:
Springer, 57-77.

Smith N (2000) Scale. In: Johnson RJ, Gregory D, Pratt G
and Watts M (eds) Dictionary of Human Geography.
Oxford: Blackwell, 724-727.

Sorensen A and Okata J (2011) Introduction: Megacities,
urban form, and sustainability. In: Sorensen A and
Okata J (eds) Megacities. New York: Springer, 1-12.

Spielman SE and Logan JR (2013) Using high-resolution
population data to identify neighborhoods and establish

their boundaries. Annals of the Association of American
Geographers 103(1): 67-84.

Stein RE (2014) Neighborhood scale and collective
efficacy: Does size matter? Sociology Compass 8(2):
119-128.

Steinberg SJ and Steinberg SL (2005) Geographic Infor-
mation Systems for the Social Sciences: Investigating
Space and Place. London: SAGE.

Stephan FF (1934) Sampling errors and interpretations of
social data ordered in time and space. Journal of the
American Statistical Association 29(185A): 165-166.

Suttles GD (1972) The Social Construction of Commu-
nities. Chicago, IL: University of Chicago Press.

Taylor RB and Brower S (1985) Home and near-home
territories. In: Altman I and Werner CM (eds) Home
Environments. New York: Springer, 183-212.

Thomas WI (1966) Social disorganization and social reor-
ganization. On Social Organization and Social Person-
ality: Selected Papers, 3—11.

Tunstall HV, Shaw M and Dorling D (2004) Places and
health. Journal of Epidemiology & Community Health
58(1): 6-10.

Van Ham M and Manley D (2012) Neighbourhood effects
research at a crossroads: Ten challenges for future
research. [ZA Discussion Paper 6793.

Van Ham M and Tammaru T (2016) New perspectives on
ethnic segregation over time and space: A domains
approach. Urban Geography 37(7): 953-962.

Van Ham M, Hedman L, Manley D, Coulter R and Osth J
(2014) Intergenerational transmission of neighbour-
hood poverty: An analysis of neighbourhood histories
of individuals. Transactions of the Institute of British
Geographers 39(3): 402—417.

Van Ham M, Hooimeijer P and Mulder CH (2001) Urban
form and job access: Disparate realities in the Rand-
stad. Tijdschrift voor economische en sociale geografie
92(2): 231-246.

Van Ham M, Manley D, Bailey N, Simpson L and Maclen-
nan D (2012) Neighbourhood Effects Research: New
Perspectives. New York: Springer.

Veldhuizen EM, Musterd S, Dijkshoorn H and Kunst AE
(2015) Association between self-rated health and the
ethnic composition of the residential environment of
six ethnic groups in Amsterdam. International Journal
of Environmental Research and Public Health 12(11):
14382-14399.

Wacquant LJ and Wilson WJ (1989) The cost of racial and
class exclusion in the inner city. The Annals of the



Petrovic et al.

21

American Academy of Political and Social Science
501(1): 8-25.

Weisburd D and McEwen T (2015) Introduction: Crime
mapping and crime prevention. SSRN Electronic
Journal. DOT: 10.2139/ssrn.2629850.

Weisburd D, Bernasco W and Bruinsma G (eds) (2008)
Putting Crime in Its Place. New York: Springer.

Weisburd D, Bruinsma GJ and Bernasco W (2008) Units of
analysis in geographic criminology: Historical devel-
opment, critical issues, and open questions. In: Weis-
burd D, Bernasco W and Bruinsma GJ (eds) Putting
Crime in Its Place. New York: Springer, 3-31.

Wilson WI (1987) The Truly Disadvantaged: The Inner
City, the Underclass, and Social Policy. Chicago, IL:
University of Chicago Press.

Wodtke GT, Harding DJ and Elwert F (2011) Neighbor-
hood effects in temporal perspective: The impact of
long-term exposure to concentrated disadvantage on
high school graduation. American Sociological Review
76(5): 713-736.

Author biographies

Ana Petrovi¢ is a PhD candidate in the Urban Stud-
ies group at the Department of Urbanism, Faculty of
Architecture and the Built Environment, Delft Uni-
versity of Technology. She has a background in
human geography and demography. In her PhD

research, she has focussed on the operationalisation
of sociospatial context at various scales and using
multiscale measures of population to study spatial
inequalities and neighbourhood effects.

David Manley is a Professor in Human Geography.
He has published widely on urban issues including
the impact of neighbourhood context on individual
outcomes; urban segregation, and; the exploration of
advanced quantitative methods to better understand
urban environments. Recent books include Neigh-
bourhood effects research: New perspectives
(Springer, 2012), Neighbourhood effects or Neigh-
bourhood based problems? (Springer, 2013), and
Understanding neighbourhood dynamics: New
insights for neighbourhood effects research
(Springer, 2013).

Maarten van Ham is Professor of Urban Geography
and head of the Urban Studies group at the Depart-
ment of Urbanism, Faculty of Architecture and the
Built Environment, Delft University of Technology,
and Professor of Geography at the University of St
Andrews. He is a population geographer with a back-
ground in economic and urban geography, and a
Research Fellow at IZA (Institute for the Study of
Labor). His research interests include urban change,
spatial inequality, segregation, and neighbourhood
effects.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


