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1

INTRODUCTION

Location, location, location. The real estate motto conveys the idea
that place matters: neighbourhoods vary widely in what they offer
their residents in everyday life. In choosing a place to live, people
consider a wide range of these varying features: proximity to work,
the quality of schools, easy access to freeways and public transport,
affordability of homes, nearby parks, and the people already living in
that neighbourhood. The neighbourhoods that individuals reside in
thus often say quite a lot about their lives but even more about their
financial possibilities and constraints: some people can afford to buy
a house in upscale neighbourhoods while others are dependent on
social housing in less affluent areas.
Governments are generally concerned with these disparities in individual neighbourhood contexts. While it is evident that preferences,
resources and needs draw individuals to certain neighbourhoods, policymakers also believe that more affluent places offer more opportunities and, vice versa, that living in neighbourhoods with concentrated
disadvantage reduces residents’ chances in life. This concern is reflected in policies aimed at socio-economic mixing of neighbourhoods
in European cities (Atkinson and Kintrea, 2001) and in housing mobility programmes such as Moving to Opportunity in the United States
(Goetz, 2002). In the former, the focal point is to maintain and attract
middle and higher income classes in neighbourhoods as they are expected to be beneficial for the labour prospects of less advantaged
residents. In the latter, poor residents could move out of deprived
neighbourhoods into a better-off area which is assumed to improve
their economic prospects.
These beliefs are backed up by an ever-growing field in academia:
the premise that the neighbourhood of residence is an important indicator of an individual’s socio-economic status has been thoroughly
investigated by scholars in both Europe and the United States. Two
strands of work coexist in this tradition. In the first, there are scholars who focus on the drivers of residential segregation. The sorting of
individuals by socio-economic status across neighbourhoods, depen-
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dent on the affordability and availability of desired dwellings, leads
to spatial patterns of concentrated affluence and poverty.
In the other research tradition, scholars examine neighbourhood
effects, which deal with the effects of these spatial patterns of segregation on individual outcomes. Socio-economic segregation and the
accumulation of disadvantage in certain neighbourhoods can result
in a reproduction and concentration of socio-economic inequalities
that have an impact on socio-economic outcomes of residents over
and above the effect of individual characteristics. In sum, the place
of residence both reflects and affects an individual’s socio-economic
position in society (Lee et al., 2015).
This dissertation falls under the second tradition: it studies whether
residents are affected by their neighbourhood of residence over and
above their individual characteristics. In particular, this study goes
beyond the long-standing common practice in the neighbourhood effects field of assessing unconditional neighbourhood effects under
the implicit assumption that neighbourhood effects are homogeneous
across subpopulations (Small and Feldman, 2012). Most social scientists would dismiss these homogeneous effects as theoretically implausible; neighbourhood effects are likely to be contingent on several
individual features (Winship and Elwert, 2010). It is more realistic
to acknowledge variation in the impact of the neighbourhood on its
residents’ socio-economic status and to explicitly conceptualise and
empirically model this underlying heterogeneity in assessing neighbourhood effects.
Yet this is hardly taken up in the literature. There is a lack of studies that develop both a theoretical and methodological framework
to model and test the conditionality of neighbourhood effects. This
dissertation aims to better understand, identify and accommodate
the heterogeneity of neighbourhood effects. Individuals differ in their
characteristics (e.g. social embeddedness in the neighbourhood, their
residential history, their household configuration, and relocation destination choices) and consequently, they have differential responses to
residing in certain neighbourhoods. Integrating this heterogeneity of
exposure is key to understanding the scope and persistence of neighbourhood effects over an individual’s life course. Furthermore, taking
into account that neighbourhood effects may not apply to all strata of
the population sheds new light on the mechanisms through which
the neighbourhood is assumed to affect individual life opportunities.

1.1 the field studying neighbourhood effects

In sum, this study will contribute to a better explanation of the economic mobility of residents in a neighbourhood setting by integrating
a variety of crucial pathways which are hypothesised to condition the
impact of the neighbourhood. This responds to the increasing call
for incorporating conditional effects in the literature (e.g Small and
Feldman, 2012; Sharkey and Faber, 2014).
The relevance of such a framework goes beyond the academic debate: knowledge and evidence on differential impacts are an essential
building block for policymakers who aim to implement neighbourhood interventions most beneficial to its residents. Assuming substantial and equal impacts on labour market outcomes for all residents is
problematic and more fine-grained strategies that acknowledge the
variation in the impact of residential neighbourhoods and policy interventions are needed. Place-based urban renewal strategies and antipoverty dispersal programmes are particularly costly programmes
that impact the lives of many residents, for instance when they need
to move out or experience a considerable change in the neighbourhood’s composition. Not all individuals are likely to be affected to
the same extent by their neighbourhood and more knowledge on the
patterns of effect heterogeneity — and identification of the individual
characteristics behind this variation — can result in more effective
policy measures (Xie et al., 2012). In other words, knowing the source
of neighbourhood effect heterogeneity enables policymakers to make
better-informed decisions in allocating their interventions and to augment the effectiveness for targeted populations.
the field studying neighbourhood effects
Neighbourhood effect studies on residents’ socio-economic outcomes
adopt a structural explanation of poverty, locating the origin of individual disadvantages in societal structures rather than within individuals. In his classic book The Truly Disadvantaged (1987), William
J. Wilson — seen by many as the most influential pioneer in the
neighbourhood effects research field — introduces his structural explanation by arguing that the situation of disadvantaged residents in
impoverished neighbourhoods in the United States stems from the
restructurings of the American economy in the 1970s and 1980s. This
macro-structural societal change resulted in middle-class and skilled
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working-class residents — who potentially functioned as role models for the underclass — moving out of the inner cities, leaving the
disadvantaged residents behind in social isolation.
Consequently, these disadvantaged residents were set even further
apart from the occupational structure, resulting in a lack of access
to mainstream societal attitudes and conventional role models which
in turn restricted their potential for upward socio-economic mobility.
The local concentration of people without economic prospects reinforced the residents’ disadvantaged position in society (Wilson, 1987,
1996).
This perspective on social isolation and concentration effects on
social and occupational mobility has brought forth a stream of literature on neighbourhood effects which has a broader scope of conditions and outcomes. Alongside studies on how residents are socioeconomically affected by their neighbourhood of residence, effects
of the residential neighbourhood on educational achievement, sexual
activity and teenage pregnancy, deviant behaviour, school dropout
rates, crime rates and health outcomes have also been identified (for
an overview, see Ellen and Turner, 1997). The present study is confined to the socio-economic consequences of residing in certain neighbourhoods.
In the neighbourhood effects literature, the socio-economic mobility
of residents therefore has an important spatial and structural dimension. Residents’ poor employment perspectives can be explained by
the fact that residents of deprived areas do not easily have access to
local opportunity structures (Maxwell, 1993). This encompasses more
than the local labour market and the accompanying spatial mismatch
theories: the interrelationships within the neighbourhoods, local social networks and social interactions are bound to influence the behaviours and motivations of individual residents (Wilson, 1987; Galster and Killen, 1995).
This spatial and structural approach acknowledges that individual
life transitions and decisions are embedded in different structures
over time (Huinink and Feldhaus, 2009). The constraints, opportunities and resources that individuals encounter are thus not only
explained by the societal context (institutions and political and economic conditions) and the individual level (individual resources and
internal conditions), but also by the meso-level: the social context and
social networks, in which neighbourhoods and families play an im-

1.2 mechanisms to explain neighbourhood effects

portant role, can alter the motivations and opportunity structure for
individuals. Residence in an affluent neighbourhood is hypothesised
to be positively associated with better economic prospects than residing in impoverished areas with concentrations of disadvantage; the
prospects of neighbours are presumed to be interdependent (’linked
lives’, Elder 1994).
mechanisms to explain neighbourhood effects
In the aforementioned processes of social isolation and local opportunity structures, the impact of the residential area transpires, to a great
extent, through social interaction in the area. Here one can recognise
social network and socialisation mechanisms. While the social network mechanism relates to the support, information and resources
available from social contacts in the neighbourhood (the opportunity
structures) (Coleman, 1988; Granovetter, 1995; Lin, 1999; Lin et al.,
2001), the socialisation mechanism refers to a social learning process
in which individuals conform to work ethics disseminated by potential role models in the neighbourhood (de Souza Briggs, 1997; Galster
et al., 1999; Andersson, 2001). Both pathways fall under the banner of
the social-interactive mechanism, which also includes processes such
as social cohesion, social control, competition, and relative deprivation (Galster, 2012). Other proposed mechanisms behind neighbourhood effects are environmental mechanisms (exposure to violence,
physical conditions of surroundings and buildings, and levels of pollutants), geographical mechanisms (spatial mismatch, proximity to
jobs and public services) and institutional mechanisms (local public
institutions, stigmatisation, and local markets) (Galster, 2012).
Although the mechanisms through which neighbourhood effects
on socio-economic outcomes are transmitted often remain a black box
in empirical models, the social-interactive mechanisms are coined as
the “core of the neighbourhood effects argument" (van Ham et al.,
2012, p. 9). Drawing upon the seminal work of William J. Wilson
(1987) and his notions of social isolation and concentrations of disadvantage, the vast majority of neighbourhood effects studies on socioeconomic outcomes has predominantly proposed social networks and
socialisation as the main mechanisms (e.g. Andersson, 2001; Friedrichs
et al., 2003; Leventhal and Brooks-Gunn, 2000; Andersson and Mus-

5

6

introduction

terd, 2005). Yet, despite the dominance of the social-interactive mechanism, the influence of environmental, geographical, and institutional
mechanisms cannot be ruled out. Residing in neighbourhoods with
a greater incidence of crime, a lack of available jobs, and insufficient
public services and institutions might also have a detrimental impact
on work aspirations (Hedman et al., 2015).
It should be noted, however, that place-based urban renewal strategies and anti-poverty dispersal programmes are predominantly about
preventing concentrations of disadvantage. The logic of socialisation
and social networks is at the core of these policies. While residents
in a more upscale neighbourhood are assumed to be exposed to a
more resourceful, work-oriented climate, that enhances its residents’
economic well-being (de Souza Briggs, 1997, p. 217), a relative absence of job information and prevalence of deviant work ethics of residents in neighbourhoods with concentrations of poverty is hypothesised to hamper the socio-economic opportunities of its residents
(Galster et al., 1999). This suggests that even outside the academic
debate neighbourhood-specific social interactions are seen as the primary causal pathway behind neighbourhood effects. Both European
and American neighbourhood interventions aim to change the spatial
distribution of disadvantaged residents to avoid negative socialisation
and to enhance the quality of neighbour networks. In Europe, the implicit belief among policymakers is that diversification of the neighbourhood population results in the influx of adequate role models
and network resources, which is often established through area-based
urban restructuring programmes. In the United States, moving poor
people out to low-poverty neighbourhoods is believed to improve the
social networks and role models for those residents (Andersson and
Musterd, 2005).
In sum, policymakers often justify neighbourhood interventions by
pointing at the benefits for disadvantaged residents, either by an inflow of more affluent new neighbours (positive role models and potential job information) or by the opportunity to move to a more affluent neighbourhood. Social interaction could thus induce neighbourhood effects and either limit or enhance economic opportunities. In
that sense, it is important to note that neighbourhood effects “are not
restricted to poor neighbourhoods but can be expected to be a more
general social phenomenon." (Andersson and Musterd, 2005, p. 381)
While the premise that the neighbourhood can influence its residents’

1.3 a different place to different people

work aspirations and enhance employment opportunities originates
from the United States — and has been topic of many American scholarly studies for many decades — this has also crossed the Atlantic.
Although this stream of literature commenced later, by now, many
European studies aim to confirm empirically that the neighbourhood
influences individual socio-economic outcomes (e.g. Andersson et al.,
2007; van Ham and Manley, 2010). In the Netherlands, however, only
very modest neighbourhood effects on residents’ economic chances
in life have been found (Musterd et al., 2003; van der Klaauw and van
Ours, 2003).
a different place to different people
Most scholars seem to agree on the wide range of potential mechanisms behind neighbourhood effects as outlined above (Galster, 2012).
It is, however, unlikely that these mechanisms pertain to all residents
of a neighbourhood to the same extent (Tienda, 1990; Ellen and Turner,
1997). Many neighbourhood effect studies have followed a strict interpretation of early literature on disadvantaged communities in the
United States, where the neighbourhood effects were seen as homogenous across residents and neighbourhoods (Small and Feldman, 2012).
This has resulted in a dominance of a “dichotomous perspective" in
the neighbourhood effects field: either neighbourhoods matter or they
don’t (Sharkey and Faber, 2014, p. 560).
Increasingly, scholars are starting to dispute this dominant one-sizefits-all discourse in neighbourhood effects studies and are proposing
the idea of effect heterogeneity - namely, that the residential area is
likely to affect the socio-economic status of some people more than
others (Tienda, 1990; Ellen and Turner, 1997; de Souza Briggs, 1997;
Buck, 2001; Lupton, 2003; Galster, 2008; Small and Feldman, 2012;
Sharkey and Faber, 2014). Nevertheless, most quantitative neighbourhood effect studies have completely overlooked the complexity of the
social processes and events in residents’ lives and restricted themselves to assessing average main effects. This is striking, especially
given the fact that the neighbourhood effects found in European studies are often small. It could well be that these studies have misspecified and underestimated the scope and continual exposure of neighbourhood effects for certain substrata in the population.
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As this conditional question is neglected in most empirical studies,
Small and Feldman (2012, p. 64) herald a “call for models in which
researchers better theorize and then test explicitly the presence of
heterogeneity in the effects of neighbourhood conditions across subpopulations." The incorporation of neighbourhood effect heterogeneity could reveal hidden pathways and assist scholars by building and
strengthening their theories and models.
Considering the dominance of the socialisation and social networks
mechanisms in the neighbourhood effects field, one should acknowledge the fact that the relevance of the neighbourhood as a social context differs for different types of residents, who engage differently in
formal and informal social structures in the neighbourhood (Musterd
and Pinkster, 2009, p. 56). Neighbourhood effects are thus likely to be
contingent on several individual features related to social interaction
in the neighbourhood. The core of this dissertation is to conceptualise and assess this underlying heterogeneity based on a resident’s
neighbourhood involvement in order to estimate neighbourhood effects. Essentially, residents’ social embeddedness in a neighbourhood
conditions the way they are affected by it. Residents are more strongly
embedded in their neighbourhood — and more likely to be affected
by it — when their social life takes place primarily within that neighbourhood, when they have lived there for a longer period of time, and
when they do not move.
In this dissertation I test four crucial pathways that are hypothesised to condition the impact of the neighbourhood on its residents’
socio-economic outcomes in light of the social-interactive mechanisms:
residents’ social contacts and interactions in the current neighbourhood of residence (chapter 2), individuals’ residential histories (number of moves, time elapsed since moving out, length of residence)
(chapter 3), residents’ different household configurations over the life
course (chapter 4) and residents’ relocation destinations after urban renewal interventions (chapter 5). The goal is to scrutinise how the conventional unconditional models testing neighbourhood effects bias
the estimation of neighbourhood effects. From a scholarly perspective,
evidence pointing to effect heterogeneity might explain why neighbourhood effects studies are inconclusive, as aggregated, direct measures instead of conditional ones might, in the words of Galster et al.
(2010, p.2936) “obscure and minimise the true effects."

1.4 research question

This dissertation disputes this one-size-fits-all-approach that has been
dominating the field and puts to the test the idea of neighbourhood
effect heterogeneity with regard to neighbourhood involvement. This
results in the following overarching research question:
research question
To what extent is the impact of the level of deprivation in the neighbourhood of residence on residents’ socio-economic outcomes conditional upon:
(a) neighbourhood-specific social contacts and interactions,
(b) residential histories (number of moves, time elapsed since moving
out, length of residence),
(c) household configurations, and
(d) relocation destinations after urban renewal?

research approach
The four conditions under study are theoretically and methodologically complementary. Theoretically, they follow from the same premise: a resident’s neighbourhood involvement affects the strength
of the association between neighbourhood characteristics and socioeconomic outcomes. Additionally, a resident’s social contacts and interactions in the current neighbourhood of residence, residential histories, different household configurations over the life course and relocation destinations are interrelated with the level of neighbourhood
involvement. This interrelatedness emphasises the theoretical need to
study the four modifiers as proposed. I will control for other potential
modifiers (for instance age, ethnicity) as rivalling explanations in the
multivariate analyses.
Methodologically, the four aims lead to different designs to test
neighbourhood effect heterogeneity and the presence of underlying
mechanisms. To account for the differential social embeddedness of
residents in different neighbourhoods, I apply a multi-level analysis
employing cross-sectional survey data including detailed information
on neighbourhood-specific interactions and contacts (chapter 2). To
allow for the variety of individual residential histories in studying
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neighbourhood effects, cross-classified multi-level models on longitudinal administrative register data (residents nested in current and
former neighbourhoods) are employed (chapter 3). The heterogeneity
of neighbourhood effects for different household configurations over
their life course is studied by employing an event history analysis
that captures the dynamics of labour market and life course transitions (using longitudinal administrative register data) (chapter 4). The
impact of the neighbourhood regarding residents’ different relocation
destinations is studied linking housing association data on dwellings
targeted for urban renewal and other social housing dwellings to the
longitudinal individual-level population registry database. The differential treatment effects of forced relocation are studied by a differencein-difference design with matching (chapter 5).
By focusing on modifiers rather than on direct effects this dissertation aims to open up the causal black box to disentangle the supposed
mechanisms. These modifiers have never been investigated in one systematic comprehensive study.
The Netherlands offers an excellent case in which to study conditional neighbourhood effects. From a comparative perspective, the
Netherlands serves as a least likely case: if conditional neighbourhood effects are to be found here, it is very likely that these mechanisms work elsewhere. Neighbourhood effects are likely to be more
constrained in the Netherlands for several reasons. First, when it
comes to socio-economic status, Dutch residential neighbourhoods
are less strongly segregated and are rather heterogeneous, particularly compared to the United States. This difference is due to ubiquitous social housing and urban renewal strategies in disadvantaged
neighbourhoods (de Vries, 2005; Musterd et al., 2006). Consequently,
neighbourhood-specific social embeddedness, residential histories
and household configurations that are represented within and across
neighbourhoods — and potential relocation destinations — are more
varied. In addition, given higher welfare state expenditure in the
Netherlands and the fact that income distribution in the Netherlands
is relatively egalitarian, neighbourhood effects are likely to be smaller.
To the extent that this dissertation finds that the impact of the neighbourhood tends to be conditional upon individual features, this effect
heterogeneity is thus likely to be smaller in the Dutch case than in less
egalitarian countries.

1.5 research approach

In studying neighbourhood effects in the Netherlands, I rely on
high-quality survey data and the Dutch Social Statistical Database
of Statistics Netherlands. The first has detailed information on socioeconomic characteristics, demographic factors, and social interactions
within neighbourhoods. The latter offers unique longitudinal indiviidual-level population data and consists of, inter alia, administrative
data on the entire Dutch population on residents’ income, employment status, age, gender, household configuration and the neighbourhood of residence. There has been widespread discussion on what defines a neighbourhood (e.g. Sampson et al., 2002). Recently, scholars
have started to prefer egohoods (Dinesen and Sønderskov, 2015; Hipp
and Boessen, 2013) over administrative units with fixed boundaries.
A systematic comparison between neighbourhoods with administratively defined boundaries and egohoods in the Netherlands, however,
shows that neighbourhood effect sizes are quite similar in egohoods
and administrative units despite differences in boundaries (Tolsma
and van der Meer, 2016).
This finding might be explained by the fact that Dutch administrative neighbourhoods are relatively small (on average about 1,500
residents) and the borders seem to be aligned with the residents’ perceived delineation of their neighbourhood. The boundaries of Dutch
administrative neighbourhoods are drawn by municipal officials; the
borders follow natural boundaries, and have a high degree of homogeneity in the style and building period of the dwellings as well as
the socio-economic status of residents. In the Netherlands, the administrative neighbourhood is thus a widely accepted and valid measure of the residential context (Gijsberts et al., 2010; Musterd et al.,
2012a). The socio-economic composition of the neighbourhood is measured by a standardised deprivation index, which is composed of several measures on income and dependence on social benefits within
an administrative neighbourhood (obtained from register database
Key Figures Districts and Neighbourhoods of Statistics Netherlands).
By analysing dynamic data, and by evaluating policies using a
causal design, this study uses advanced methods to assess the moderating neighbourhood effects reliably and validly for the Netherlands.
The central approach is to open the black box by formulating more
precise subgroups for which mechanisms are expected to be working.
Nevertheless, a few issues concerning causality remain unresolved
in this dissertation. In particular, the possibility that neighbourhood
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effects are due to selection into the neighbourhood based on unobservables cannot be ruled out. Furthermore, even in longitudinal designs, it is difficult to assess a causal link between the neighbourhood and individual outcomes through these social-interactive mechanisms. These mechanisms are referred to as endogenous by Manski (2000), meaning the behaviour and attitudes of neighbours are
assumed to have an impact on the other residents’ behaviour and
attitudes in the neighbourhood. This endogenous impact makes it
a challenge to identify causal neighbourhood effects: does the socioeconomic behaviour within the neighbourhood in fact affect a resident’s individual socio-economic behaviour, or is this neighbourhood
socio-economic composition nothing more than the aggregation of
individual socio-economic characteristics in the neighbourhood (referred to as the ‘reflection problem’, by Manski, 1993)?
While it is challenging to disentangle causal pathways, the conditionality of the relationship between the neighbourhood’s level of deprivation and the socio-economic consequences for its residents can
still be assessed. This association between the neighbourhood and
its residents’ socio-economic characteristics is a precondition for the
exploration of the social-interactive mechanisms behind neighbourhoods effects. The four modifiers in this dissertation are related to a
resident’s neighbourhood involvement and this involvement is considered to be a minimal condition for the social-interactive mechanisms to come into play. The extent to which these modifiers condition the association between neighbourhood characteristics and the
resident’s socio-economic status in the hypothesised ways gives us insight into the plausibility of the social-interactive mechanisms behind
neighbourhood effects on residents’ life chances.
The time is long overdue to identify modifiers through which the
neighbourhood’s socio-economic composition and individual socioeconomic status are associated. A systematic test on conditional effects has been lacking from the field so far. The studies in this dissertation show that the one-size-fits-all approach does not hold, as neighbourhood effects arise under specific conditions and circumstances.
Neighbourhood effects are thus less structural than otherwise conveyed and are also not always as consistent with the social-interactive
mechanisms as often proposed by many scholars in the field.

1.6 four empirical studies

four empirical studies
Chapter 2: The conditionality of neighbourhood effects upon social neighbourhood embeddedness
In the first empirical study, I focus on the social contacts and interactions in the neighbourhood which are assumed to be the minimal condition for the social-interactive mechanisms behind neighbourhoods
effects to operate. In general, social networks are hypothesised to be
directly beneficial to somebody’s career (Lin, 1999). Neighbourhoods
can contain potential employment information from neighbour networks and advantageous role models. Deprived, resource-poor neighbourhoods are assumed to lack the opportunities and work-oriented
environment for disadvantaged neighbours to improve on their economic situation (Buck, 2001).
Social-interactive mechanisms behind neighbourhood effects are
most dominant in the field. The impact of the neighbourhood is assumed to be transmitted through social interaction in the area. De
Souza Briggs (1997, p. 202) emphasises that these mechanisms thus
“assume a degree of meaningful contact among neighbors” but that
“(...) this assumption of social contact is quite heroic and unfounded"
and individuals are not equally exposed to certain neighbourhood
attributes. As the degree of social interaction in neighbourhoods is
essential to most models of neighbourhood effects, de Souza Briggs
warns that “we should stop guessing about social interaction or imagining cohesive urban villages (...)” (1997, p. 225). Researchers should
incorporate the degree of social embeddedness of the residents in the
neighbourhood because the degree of social interaction in the neighbourhood influences the extent to which an individual is affected
by neighbourhood characteristics (Tienda, 1990, 248-49). As residents
might have sources of support that extend beyond the neighbourhood,
and thus are not all predominantly locally oriented, some residents
might be less sensitive to neighbourhood attributes than others (Ellen
and Turner, 1997; Galster, 2008).
I take up this elementary idea and estimate how neighbourhood
conditions impact differently on different residents related to their
neighbourhood-specific social contacts and interactions. This leads to
the following research question: To what degree is the association between
the neighbourhood’s socio-economic conditions and resident’s socio-economic
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status in Dutch neighbourhoods conditional upon the resident’s degree of
neighbourhood-specific social contacts and interactions?
This research question is answered by employing multi-level models on the first wave of the 2009 Netherlands Longitudinal Lifecourse
Study (NELLS). The results find that the magnitude of neighbourhood effects is not higher for individuals with more neighbourhoodspecific social contacts and interactions which challenges the presupposition of the network and socialisation mechanisms behind neighbourhood effects.
Chapter 3: Lingering and temporal neighbourhood effects
The second empirical chapter goes beyond the common practice of
studying the impact of the current residential neighbourhood of residence through socialisation and resources mechanisms (as studied in
the first empirical chapter). There could well be a continuing exposure to the former neighbourhoods of residence; residents who move
can be exposed to different neighbourhoods at the same time, making it a challenge to allocate the neighbourhood effects to the accurate
neighbourhood (Hedman, 2011). Furthermore, the intensity of exposure to neighbourhood(s) is hypothesised to influence the degree to
which socialisation takes place in the neighbourhood. Consequently,
the length of residence should also affect one’s likelihood to be receptive to neighbourhood characteristics (Galster, 2008, p.10), as it takes
time for social ties in the neighbourhood to form and for socialisation
processes to commence (Boyd, 2008). Moreover, note that although
residents move to another neighbourhood, they might maintain their
former contacts and use their old networks in the former neighbourhood as a resource (Manley and van Ham, 2012).
Most research focuses on the effect of the current neighbourhood
despite the length of residence and ignores the former neighbourhoods of residents. There is a need for a more comprehensive longitudinal approach in studying neighbourhood effects: former residential
neighbourhoods are likely to have lingering effects beyond those of
the current one and are dependent on exposure times and number
of moves. It is hypothesised that the negligence of individuals’ particular residential histories (moving behaviour, the passage of time
and temporal exposure) leads to a misestimation of neighbourhood
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effects. This is translated into the following research question: To what
degree are neighbourhood effects in conventional models affected by including residential neighbourhood histories?
This is examined by applying cross-classified multi-level models
(residents nested in current and former neighbourhoods) using longitudinal individual-level population data from Dutch Statistics (observation period 1995/1999-2011) that includes fine-grained measures
of residential histories. Although this study is unable to isolate the
mechanisms behind lingering effects — it could long-lasting socialisation, continuing social networks, or a scarring effect of poor labour
market histories — the empirical evidence clearly points to a misestimation in conventional models: neighbourhood effects are lingering,
long-lasting and persistent — they last even beyond the level of income residents have at the start of their current residential spell —
and cannot be confined to a single point in time.
Chapter 4: Neighbourhood effects for different household configurations over
the life course
The third empirical chapter continues with this dynamic approach,
acknowledging that neighbourhood effects cannot be captured by a
snapshot of a resident’s life. In particular, it includes the dynamics
of labour market and life course transitions. The large majority of
neighbourhood effects studies on socio-economic outcomes focus on
income development (e.g. Andersson et al., 2007; Galster et al., 2008;
Brännström, 2004; Bolster et al., 2007) or change in employment status between a few points in time (e.g. Feng et al., 2015; Musterd et al.,
2003; Musterd and Andersson, 2006; van Ham and Manley, 2010).
These studies, however, disregard the transitory dynamics of an individual’s employment trajectory, and the duration of inactivity and
timing of entering the labour market are seldom studied.
Moreover, the heterogeneity of neighbourhood effects on different
household configurations and their related neighbourhood involvement over the life course is neglected, even though it is likely that the
neighbourhood influences its residents in heterogeneous ways. Individuals with different household configurations bear different levels
of involvement in the neighbourhood which makes them more or less
vulnerable to negative spillover effects of living in a deprived neigh-
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bourhood. In particular, residents with children spend more time in
the neighbourhood, are more likely to be subject to socialisation, and
will probably have a denser network of social contacts within the
neighbourhood. Furthermore, the younger the children in the household, the higher the levels of involvement in the neighbourhood and
the larger the impact of the neighbourhood of residence on the socioeconomic outcomes is assumed to be. This impact is hypothesised to
be especially strong for single parents, who are more constrained to
the neighbourhood.
So far, most neighbourhood effects scholars only controlled for
static household positions, although the influence of the neighbourhoods should theoretically vary with residents’ changing household
composition over their life course. I aim to answer the following research question: Does the level of deprivation in the neighbourhood of residence hamper the transition from inactivity to work and, moreover, does this
neighbourhood effect differ for individuals in different household configurations?
This question is answered by applying a discrete time event history analysis using unique Dutch individual-level population panel
data covering the years 2004-2011. The models suggest that residing
in a deprived neighbourhood only hampers the transition to work
for women, as well as that this association hinges on their household
composition: only for partnered mothers with a young child and single mothers of primary school aged children, a higher level of neighbourhood deprivation results in a statistically significant reduction in
the odds of making the transition to work. This study could not confirm neighbourhood effects for residents in other household configurations which were also assumed to be more involved in the neighbourhood, implying that other explanations beyond the social interactions in the area, such as local employment opportunities, commuting
times, availability of child care and welfare benefits regulations influence the resident’s socio-economic outcomes in the neighbourhood.
Chapter 5: Socio-economic consequences of forced relocation
While the first three empirical chapters focus on the intertwined processes of the impact of the neighbourhood and residents’ social embeddedness, their residential histories, and their household configu-
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rations, there is another cross-cutting development of governmental
urban renewal strategies. In the Netherlands, a national policy for urban renewal (Nota Stedelijke Vernieuwing, VROM, 1997) was initiated
to restructure the housing stock in disadvantaged neighbourhoods
through selling and selective demolition of low-rent social housing
and replacing them with more upmarket dwellings. The goal was
to enhance physical surroundings, the individual residents’ quality
of life, and the social cohesion of the community. In 2006, a report
on economic mobility prospects in cities (Stad en Stijging, VROM,
2006) shifted its focus more towards individual deprivation and poor
economic prospects of residents in disadvantaged neighbourhoods
(Schuiling, 2007).
The neighbourhood interventions have triggered involuntary moves
of the incumbent residents in and beyond these neighbourhoods. The
effects of mixing neighbourhoods’ tenure in originally deprived neighbourhoods on its incumbent residents has been thoroughly evaluated
and investigated by many researchers: “[u]sually and area-based policy is aimed at making an area a better place to live, and then there is
no interest in what is happening in other areas" (Bolt and van Kempen, 2010, p.451). However, these other areas accommodate the other
side of this process: attracting affluent individuals means relocating
poor residents, potentially towards other (affluent, middle class) areas
where they have access to more diverse resources and networks (a process not unlike the American Moving to Opportunity programme).
In line with the central claim of this dissertation that neighbourhood effects are contingent, in this final chapter I focus explicitly
on the different neighbourhoods that relocatees move to. The logic
behind mixing policies implies that forced relocatees move to betteroff neighbourhoods to prevent concentrations of disadvantage and to
improve their housing situation. In addition, a move to a better-off
neighbourhood is believed to improve the social networks and role
models for those residents which is assumed to enhance their socioeconomic chances. These forced relocatees differ, however, in their
relocation destinations: some move within the origin neighbourhood
while others move beyond the neighbourhood to a more affluent area.
Since policymakers have adopted socio-economic mixing as the key
mechanism to deal with individual deprivation and poor economic
prospects, the success of the policy should also be assessed by focus-
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ing on the social mobility of the displaced resident (Posthumus et al.,
2013; Kleinhans et al., 2014).
This study aims to answer the following research question: Do
forced relocatees live in more affluent neighbourhoods after the forced move,
can an upward socio-economic mobility (income, employment) be observed,
and more specifically, can an upward socio-economic mobility be observed
once there has been a considerable improvement in the neighbourhood environment after the forced move? This is studied by establishing a quasiexperimental design by employing unique longitudinal individuallevel population registry data from Statistics Netherlands. Forced relocatees are tracked in this dataset and matched to a control group
consisting of similar residents that were not forced to move. A
difference-in-difference design shows that forced relocatees are living in less deprived neighbourhoods after the move. However, the
upgrade in housing does not in turn lead to more socio-economic opportunities: on average no improvement in economic prospects (earnings and employment) was found over time for the forced relocatees.
These findings do not only challenge the neighbourhood effects literature, but also questions the justification of the widespread area-based
urban renewal policies.
An overview of the empirical chapters including the sources of
heterogeneity, the specific conditions on which neighbourhood effects are hypothesised to be contigent, the outcome variable, and the
method and data employed are summarised in Table 1.1.
Table 1.1: Overview empirical chapters
Heterogeneity

Condition

Outcome

Method

Data

Chapter 2: Social interaction

Neighbourhood-specific
contacts and interactions
Number of moves,
length of residence,
time elapsed since move
Household configuration
and age of youngest child

Income

Multi-level
analysis
Cross-classified
multi-level models

NELLS

Discrete-time
event history
analysis
Difference-inDifference
with matching

Social Statistical
Database

Chapter 3: Residential history

Chapter 4: Life course

Chapter 5: Relocation destinations

Improvement in
neighbourhood composition
after forced move

Income

Transition to
employment
Income, employment

Social Statistical
Database

Social Statistical
Database

2

THE CONDITIONALITY OF NEIGHBOURHOOD
EFFECTS UPON SOCIAL NEIGHBOURHOOD
EMBEDDEDNESS

Abstract An immense body of literature has been published on the effects of
the residential neighbourhood on individual socio-economic outcomes. Numerous studies have designated these neighbourhood effects to the socialisation and resources mechanisms. This study argues that social contacts and
interactions in the neighbourhood are the minimal condition for these mechanisms to operate. Following this argument, this study examines whether
these particular mechanisms will operate more strongly, and thus whether
the magnitude of neighbourhood effects will be higher, for individuals who
are socially more embedded in their neighbourhood. These conditional neighbourhood effects upon social embeddedness in the neighbourhood are examined for 3,272 individuals within 246 neighbourhoods in the Netherlands.
Surprisingly, it is found that the association between neighbourhood’s socioeconomic conditions and resident’s income is not different for individuals
with a different degree of neighbourhood-specific social contacts and interactions. Consequently, this study challenges the core of the neighbourhood
effects argument on socio-economic outcomes by questioning the often applied socialisation and resources mechanisms.

introduction
For the past few decades, many scholars in fields of geography, sociology and economics have published on the effect of the neighbourhood
on the socio-economic outcomes of its residents (for comprehensive
reviews of research on neighbourhood effects, see Dietz, 2002; Ellen
and Turner, 1997; Friedrichs et al., 2003; Leventhal and Brooks-Gunn,
2000).
A slightly different version of this chapter has been published as Miltenburg, E.M.
(2015). The Conditionality of Neighbourhood Effects upon Social Neighbourhood Embeddedness: A Critical Examination of the Resources and Socialisation Mechanisms.
Housing Studies, 30(2): 272-294. This chapter is furthermore partially inspired by first
steps taken in a conference paper by Miltenburg and Lindo, 2011.
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Since the 1990s, two important theoretical refinements have been
made in the field of neighbourhood effects. First, scholars provide
elaborate discussions on the potential causal mechanisms that connect neighbourhood characteristics to individual behaviour. Theoretically, most agree on the extensive range of possible neighbourhood
mechanisms (Galster, 2012; Small and Feldman, 2012). Second, some
have questioned the assumption of a homogenous effect of the neighbourhood environment across all residents. Disputing this dominant
one-size-fits-all discourse in quantitative studies, they proposed the
idea of conditional effects: the neighbourhood context affects the lives
of some residents and in some types of neighbourhoods more than
others (Buck, 2001; de Souza Briggs, 1997; Friedrichs and Blasius,
2003; Galster, 2008; Galster et al., 2010; Lupton, 2003; Pinkster, 2007;
Small and Feldman, 2012; Tienda, 1990).
Complementary, the field has advanced methodologically using
longitudinal data (Andersson et al., 2007; Galster et al., 1999; Musterd
et al., 2003; van Ham and Manley, 2010), dealing with self-selection
bias and estimating non-linear effects (for overviews of methodological challenges of research on neighbourhood effects, see Dietz, 2002;
Lupton, 2003; Sampson et al., 2002). Yet, despite methodological innovations and theoretical refinements, quantitative studies on neighbourhood effects do not further the debate as empirical work on
mechanisms and conditional effects lags behind. Recently, Sharkey
and Faber (2014) made a convincing case in the Annual Review of Sociology that this enormous concern with selection bias and methodological demands on isolating the causal effects of neighbourhoods has
overshadowed and actually ”led to a dearth of research on the mechanisms through which neighborhood inequality is linked with the
outcomes of individuals" (Sharkey and Faber, 2014, p.560). Although
studies with more advanced methods and longitudinal designs are
more successful in assessing causal inference, they do not unravel the
causal mechanisms at work.
The theoretical refinements on neighbourhood mechanisms remain
largely hypothetical (Leventhal and Brooks-Gunn, 2000; Manley and
van Ham, 2012; Small and Feldman, 2012). Scholars seldom, if ever,
specify or observe the neighbourhood mechanisms in their empirical models, and there is no consensus about which mechanisms have
the most empirical support (Galster, 2012; Small and Feldman, 2012).
Moreover, there is no clear answer to the question under what con-
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ditions the neighbourhood is important for its residents. The state-ofthe-art in the empirical research on neighbourhood effects field can
be summarised as followed:
“an entire generation of researchers concerned themselves
with answering either a yes-or-no question (do neighbourhoods matter?) or a question of degree (how much do they
matter?)-rather than a conditional question (under what
circumstances do they matter?)" (Small and Feldman, 2012,
p. 60)
The neglect of accounting for conditional effects has resulted in an
overestimation and underestimation of the neighbourhood effects for
certain residents in the neighbourhood (Lupton, 2003; Small and Feldman, 2012). The few empirical studies that do pose the conditional
question differ considerably in their scope, outcomes and operationalisations, leading to unclear conclusions. It is therefore essential that
scholars accurately theorise the mechanisms and conditional effects
and submit the indicated matters to strict empirical tests using adequate measurements.
The issue of how and for whom the neighbourhood matters also
extends beyond academic research and has direct relevance for policymakers, so it is important that the different mechanisms that should
improve the life chances of the residents are empirically unravelled,
as different mechanisms require diverse and more targeted policy solutions in the neighbourhood. In addition, if residents really differ in
the extent to which their socio-economic status is influenced by their
neighbourhood, the question arises whether collective area-based interventions are the most effective way to tackle the problems of deprivation (Musterd and Pinkster, 2009).
In the theoretical frameworks of the neighbourhood effects on socioeconomic outcomes debate, the social-interactive mechanisms are
most often employed and, by and large, perceived as the ”core of
the neighbourhood effects argument" (van Ham and Manley, 2012, p.
6). In the social-interactive mechanism, the impact of the neighbourhood composition is transmitted through social interaction in the area.
This mechanism includes, inter alia, processes such as social cohesion
and control, competition, socialisation, relative deprivation and social
networks (Galster, 2012). Although these presumed social-interactive

23

24

the conditionality of neighbourhood effects

neighbourhood mechanisms remain a black box in the empirical models, in their theories scholars specifically propose socialisation and
social networks as mechanisms to explain neighbourhood effects on
socio-economic outcomes (Andersson, 2001; Friedrichs et al., 2003;
Leventhal and Brooks-Gunn, 2000).
Socialisation and social networks mechanisms are two sides of the
same coin, the social networks mechanism relates to the support, information and resources available from social contacts in the neighbourhood (and are often referred to as opportunity structures), while
the socialisation mechanism derives from the fact that social contacts
in the neighbourhood evolve along certain lines (social class, ethnicity, age, gender) with enclosed attitudes, values, behaviours that
can either enhance or limit residents’ socio-economic opportunities
(Andersson, 2001; Friedrichs et al., 2003; Galster et al., 2010). Both
mechanisms fall under the banner of endogenous neighbourhood effects: the behaviour of neighbours has an impact on the resident’s
behaviour (Andersson et al., 2007). This chapter, for reasons of clarity
and comprehensibility, refers to the social network and socialisation
mechanisms as network resources and network socialisation.1
Measuring these endogenous effects is challenging and this study
refrains from claiming that either network resources or network socialisation patterns are the transmitters of neighbourhood effects. A
way to lift the lid off of the black box and understand neighbourhood effects better, however, is to focus on the contacts and interactions of residents in the neighbourhoods, since both the network
resources and network socialisation mechanisms build on these contacts and interactions. The neighbourhood-specific social contacts and
interactions are the minimal condition for the network resources and
socialisation mechanisms to operate. The mechanisms operate more
strongly, and thus the magnitude of neighbourhood effects is higher,
for individuals with more neighbourhood-specific social contacts and
interactions. When residents’ social contacts extend beyond the neighbourhood, they are likely to be less sensitive to the neighbourhood’s
characteristics (Buck, 2001; de Souza Briggs, 1997; Ellen and Turner,
1997; Friedrichs and Blasius, 2003; Galster, 2008; Galster et al., 2010;
Lupton, 2003; Pinkster, 2007; Small and Feldman, 2012; Tienda, 1990).
The goal of this chapter is to estimate the conditionality of the
neighbourhood effect through the neighbourhood-specific social contacts and interactions within the assumed mechanisms, not assessing
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the specific mechanism that transmits the neighbourhood effect. The
study thus critically assesses the presupposition of the presence of
most-often cited causal pathways (the network resources and network
socialisation mechanisms) that connect neighbourhood characteristics
to an individual’s socio-economic status. The following question is
addressed in this chapter: To what degree is the association between the
neighbourhood’s socio-economic conditions and resident’s socio-economic status in Dutch neighbourhoods conditional upon the resident’s degree of neighbourhood-specific social contacts and interactions? This study answers this
question using the first wave of the 2009 Netherlands Longitudinal
Lifecourse Study (NELLS), a detailed cross-sectional data-set covering 3,272 individuals within 246 neighbourhood districts with different social and economic profiles in the Netherlands together with an
adequate measurement of the social contacts and interactions in the
neighbourhood.
theoretical grounds for neighbourhood effects
Researchers on both sides of the Atlantic have found significant evidence for the argument that the neighbourhood in which one lives has
a substantial impact on one’s chances in life. But critics have argued
that, in reality, these are just correlations between neighbourhood attributes and individual outcomes (Cheshire, 2007; van Ham et al.,
2014; van Ham and Manley, 2012). There are theoretical grounds,
however, for arguing that the neighbourhood influences individual
socio-economic outcomes over and above the effect of individual characteristics.
Theoretically, the argument can be traced back to influential studies on disadvantaged communities, notably the classical ones on the
black inner-city ghettos in the USA (Lewis, 1997; Stack, 1975; Valentine, 1978; Wilson, 1987). The outcomes of socialisation, contagion and
social networks in neighbourhoods are most famous due to the work
written by Wilson 1987; 1996. Social isolation, one of the main concepts in the work of Wilson, is about the structurally disadvantaged
situation of communities that have become disconnected from mainstream society because important institutions, including the middleclass and skilled working-class segment of the local population, have
withdrawn from the area. Another central notion is concentration ef-
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fects, meaning that those without prospects or opportunities to relocate and get employed remain in social isolation, excluded from institutions and resources that citizens from the ’mainstream’ routinely
have access to and enjoy. The local concentration of people with insufficient education and without employment, lacking the credentials
necessary in the new economy, is attendant on, or leads to, an overrepresentation of other population characteristics that is cut off from job
networks and role models of salaried workers, businessmen and twoparent families. Concentrated poverty is very much the convergence
of the absence of requirements necessary for a good community and
individual life whose presence elsewhere in society is considered to
be completely self-evident (Wilson, 1987, 1996).
In short, the social isolation and concentration effects theories claim
that residents of disadvantaged neighbourhoods are isolated from
the relevant institutions, role models and resourceful social contacts
that can give them access to the mainstream culture and job information.2 The social isolation and concentration effects in neighbourhoods arise from network resources and network socialisation mechanisms coming from social contacts and interactions in the neighbourhood (which fall under the banner of social-interactive mechanisms).3
Since social-interactive mechanisms are the most often cited mechanisms of the neighbourhood effects argument on socio-economic outcomes, throughout this chapter the network resources and network
socialisation mechanisms are kept in mind as mechanisms through
which neighbourhood effects are transmitted (Galster, 2012; van Ham
and Manley, 2012).4
Many studies have confirmed empirically that the neighbourhood
influences individual socio-economic outcomes and allocate the findings to the network resources and network socialisation mechanisms,
both in the American (Cotter, 2002; de Souza Briggs, 1997; Galster
et al., 1999; Weinberg et al., 2004) and the European context (Andersson et al., 2007; Musterd et al., 2003; van der Klaauw and van
Ours, 2003; van Ham and Manley, 2010). The basic premise in this
type of studies is that the neighbourhood “contributes to residents’
aspirations and preferences with respect to work as well as their (perceived) employment opportunities, which in turn leads residents to
make certain life choices that subsequently influence their social position" (Pinkster, 2009, p.8). This leads to the first hypothesis:
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Hypothesis 1: The level of socio-economic deprivation in
the neighbourhood is negatively associated with the resident’s socio-economic status.
Conditional neighbourhood effects
Theoretically, the neighbourhood affects the lives of some residents
and in some neighbourhoods more than others. The fact that the conditional question is neglected in most empirical studies is a result
of the strict interpretation of early literature on disadvantaged communities, where the concentration effects were seen as homogenous
across residents and neighbourhoods (Small and Feldman, 2012; Wilson, 1987, 1996).5 These scholars did not acknowledge that the neighbourhood conditions might affect residents in different ways under
different conditions (Buck, 2001; de Souza Briggs, 1997; Ellen and
Turner, 1997; Friedrichs and Blasius, 2003; Galster, 2008; Galster et al.,
2010; Lupton, 2003; Pinkster, 2007; Small and Feldman, 2012; Tienda,
1990).
The network socialisation and network resources mechanisms are
two distinct mechanisms, which both build on neighbourhood-specific
social contacts and interactions. These mechanisms do not necessarily presume equal and negative effects of the neighbourhood on all
residents, such as in the stigmatisation mechanism, but are also open
for a more differentiated and positive impact (Andersson, 2001; Galster, 2008). The neighbourhoods’ effects can be negative, positive or
non-existing through the network socialisation and network resources
mechanisms because the effects are contingent on the socio-economic
population characteristics of the neighbourhood and on how residents are socially differently embedded in the neighbourhood.
With regard to socio-economic outcomes, network socialisation in
the neighbourhood is a social learning process in which individuals conform to work ethics as disseminated by their role models and
peers. Individuals’ attitudes, actions and norms concerning work can,
for better or worse, change due to interaction with these contacts
(Brattbakk and Wessel, 2013; Galster, 2008). More affluent co-residents
might create a “positive, work- oriented social climate" in the neighbourhood, which has a positive impact on the residents’ economic
well-being (de Souza Briggs, 1997, p. 218). However, in the case of so-
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cial isolation, a relative absence of positive role models in the neighbourhood and the presence of deviant work ethics of residents (cultures of unemployment), the socio-economic opportunities of a resident are believed to decrease (Galster et al., 1999). Focusing on the
neighbourhood as a socialising setting, network socialisation mainly
operates through direct interaction with other residents in the neighbourhood (Andersson, 2001).6,7
The network resources mechanism refers to the idea that social
networks can be seen as an opportunity structure in which different kinds of support, information and resources can be accessed to
achieve instrumental goals, such as climbing the socio-economic ladder (Coleman, 1988; Granovetter, 1995; Lin, 1999; Lin et al., 2001). The
neighbourhood can be conceptualised as an opportunity structure
where relevant social resources may or may not be available. Consequently, “( ... ) residents may gain different amounts of information
about skill-enhancing and employment opportunities, depending on
the degree to which they rely on local social networks and the resources these networks can access" (Galster et al., 2010, p. 2919).
Network socialisation focuses on enclosed attitudes, values and behaviour in social contacts and interactions in the form of role models
and peers in the neighbourhood, while the network resources refer to
different kinds of support, information and resources available from
social contacts in the very same neighbourhood (Andersson, 2001;
Friedrichs et al., 2003; Galster et al., 2010). In both mechanisms, the social contacts and interactions in the neighbourhood are a key element
in estimating neighbourhood effects. The neighbourhood-specific social contacts and interactions are the minimal condition for the network resources and network socialisation mechanisms to operate, and
the magnitude of neighbourhood effects depends on the amount and
degree to which the social contacts of an individual reside in the same
neighbourhood.
The meaning of local contacts is also contingent on residents’ contacts outside the neighbourhood. Residents who lack extended networks outside the neighbourhood are more dependent on the social
contacts in the neighbourhood, and thus on the values and resources
they offer (Ellen and Turner, 1997; Friedrichs and Blasius, 2003; Galster, 2008; Harding et al., 2011a; Pinkster, 2007). From this follows the
second hypothesis:
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Hypothesis 2: The negative association between the level of
socio-economic deprivation in the neighbourhood and the
resident’s socio-economic status will be stronger for individuals who are more strongly embedded into the neighbourhood.
This idea that neighbourhood effects are contingent on the locality
of the resident’s social contacts and interactions is promising, but has
only been tested a few times in empirical studies. These studies rarely
focus, however, on socio-economic outcomes,8 and are not conducted
on a large scale in a diverse range of neighbourhoods, but instead,
take the approach of ethnographic field work and modest quantitative
studies in only a few neighbourhoods (Farwick, 2007; Friedrichs and
Blasius, 2003; Oberwittler, 2004). In addition, the studies are limited
by their data and their operationalisations of the social network in
the neighbourhood range from a limited network typology with only
four categories (Friedrichs and Blasius, 2003), a dichotomy between
residents of which none up to a few, and residents of which many
up to all friends are predominantly from their own neighbourhood
(Oberwittler, 2004), the time spent in the neighbourhood each day
(Farwick, 2007), to socio-economic and demographic indicators (age,
number of children, number of working hours and income) as proxies
for the locality of the social network (Galster et al., 2010).
The study most similar to the present one is conducted by Galster et al. (2010). The authors investigate variations in the magnitude of the neighbourhood effects on income in three large Swedish
metropolitan areas for certain subsets of the population categorised
by socio-economic and demographic characteristics. They find that
regardless of gender, residents with children and who do not work
full time experience larger neighbourhood effects. The authors propose that these subgroups are more sensitive for the neighbourhood
environment because they have more social contacts in the neighbourhood. Whether the localness of the social contacts is the conditioning factor here remains inconclusive though, as the present study
finds that the socio-economic and demographic characteristics are imperfect measures of an individual’s social contacts in the neighbourhood.9 This study, therefore, does not use proxies but directly models
the social embeddedness into the neighbourhood to test the theoreti-
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cal idea whether residents with more contacts in the neighbourhood
are more subject to neighbourhood effects.
All other things held constant in the model, this study argues that
the number of important contacts residing in the same neighbourhood indicate the strength of the socialising forces and resources in
the neighbourhood. The more most important contacts reside within
the same neighbourhood, the more an individual is embedded in the
neighbourhood and the more sensitive for the network socialisation
and resources mechanisms (Brattbakk and Wessel, 2013). From this
follows the first subhypothesis:
Hypothesis 2a: The negative association between the level
of socio-economic deprivation in the neighbourhood and
the resident’s socio-economic status will be stronger the
higher the absolute number of most important contacts residing in the neighbourhood.
With regard to the conditionality argument, Galster (2008, p. 10) states
that: “If socialization via role models were the predominant mechanism (...) the intensity of exposure to such an influence would depend on the degree to which the individual’s social networks were
contained within the neighbourhood". This degree can be estimated
by the number of most important contacts of an individual that are
constrained to their neighbourhood relative to the most important
contacts outside the neighbourhood. The higher this degree of social embeddedness in the neighbourhood, the more sensitive these
residents are for the neighbourhood context. From this follows the
second subhypothesis:
Hypothesis 2b: The negative association between the level
of socio-economic deprivation in the neighbourhood and
the resident’s socio-economic status will be stronger the
higher the share of most important contacts residing in the
neighbourhood.
Not only the absolute number and share of members of a resident’s
core network that resides in the same neighbourhood but also the
importance of more general, personal contact in the neighbourhood
can alter the magnitude of neighbourhood effects. The idea is that the
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more of these contacts and interactions residents in the neighbourhood have, the more access the resident has to resources within the
neighbourhood and the more subject the resident is to socialisation.
One can also expect, therefore, ceteris paribus, a conditioning effect
of the frequency of general contact in the neighbourhood. The third
subhypothesis is:
Hypothesis 2c: The negative association between the level
of socio-economic deprivation in the neighbourhood and
the resident’s socio-economic status will be stronger the
higher the frequency of general contact in the neighbourhood.
Figure 2.1 summarises the hypotheses in a conceptual model.
Figure 2.1: The conceptual model
Level 2
neighbourhood

Socio-economic
composition of the
neighbourhood

H1

H2a-c
Level 1
individual

Neighbourhood-specific
social contacts and
interactions

Resident’s
socio-economic
status

Individual and family
characteristics (control)

data and methods
Data
The hypotheses are tested on the first wave from the NELLS from
2009 (de Graaf et al., 2010a), which contains a rich palette of variables
capturing social contacts in the neighbourhood, family information,
socio-economic and social background information and personal and
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neighbourhood characteristics (de Graaf et al., 2010b). The NELLS
data cover around 250 neighbourhood districts in the Netherlands.
For the definition of the neighbourhood I follow the standard geographical delineation as defined by Statistics Netherlands: the neighbourhood district is between the municipality and the lowest spatial
neighbourhood level and follows natural demarcation lines and homogenous architectural styles. Information about the characteristics
of the neighbourhoods was derived from a national register database
(Key Figures Districts and Neighbourhoods) provided by Statistics Netherlands.
For this data-set a two-stage stratified sampling was conducted.
The first stage consisted of the quasi-random selection of 35 municipalities (of 431 in total) in the Netherlands based on the region and urbanisation. The selection of cities was quasi-random because the four
largest cities Amsterdam, Rotterdam, Den Haag and Utrecht were included a priori. This ensured a substantive amount of Moroccans and
Turks.10 The second stage consisted of a random selection from the
population registers within municipalities based on (1) age (age range
15-45), (2) country of birth of the respondent and (3) country of birth
of the parents of the respondent.11 There was a oversampling of respondents from Moroccan and Turkish origin (de Graaf et al., 2010b).
The sample was confined to respondents of 18 years and older who
have answered the survey questions of interest and for whom information on their neighbourhood of residence was available, leaving us
with 3,272 respondents within 246 neighbourhood districts.12
Causality
The data are cross-sectional so caution is needed with drawing conclusions on causal relationships. Self-selection into neighbourhoods
cannot be ruled out with a cross-sectional design. The between-neighbourhood selection bias, however, should not be treated as a statistical nuisance but as a phenomenon that is itself of substantive interest: selection into neighbourhoods is embedded in socially spatial
stratified settings (Sampson, 2012). Moreover, even in longitudinal designs, it is difficult to assess causality of endogenous neighbourhood
effects because of the ‘reflection problem’ (as coined by Manski (2000):
the socio-economic composition of the neighbourhood is itself deter-
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mined by the socio-economic status of each resident, so does the composition actually have an impact on the individual socio-economic
status or is it not more than the aggregation of individual behaviour?
It is thus challenging to disentangle the causal pathways behind
neighbourhood effects. Yet, although correlation does not imply causation, causation does imply correlation. A robust negative association between neighbourhood deprivation and an individual’s socioeconomic status is a starting point for further assessing the potential
causal pathways by means of a careful investigation of the prerequisites for the network socialisation and network resources mechanisms.
To the extent that these mechanisms form important explanations,
there should be an empirical association between variables assessing
neighbourhood socialisation and network resources on the one hand,
and the magnitude of neighbourhood effects on the other. Instead
of purely isolating neighbourhood causal effects, the present chapter
tests the validity of theoretical pathways that supposedly explain the
association between neighbourhood characteristics and the individual’s socio-economic status.
Another important identification problem that is often overlooked
in the neighbourhood effects field is that individuals also determine
to what extent they are exposed to their environment. This selection
in exposure to the different neighbourhood features is what Harding
et al. (2011a) have labelled “within-neighborhood selection bias". This
differential exposure to the neighbourhood is driven by various degrees of neighbourhood-specific social contacts and interactions. Taking these into account is thus a necessity: different residents choose
to spend their time with different neighbours, in different ways and
places which might reveal neighbourhood effect heterogeneity (Harding et al., 2011b).
The limitations of the cross-sectional data are balanced by the major
strengths of the NELLS data: it contains different measures on social
embeddesness in the neighbourhood in combination with neighbourhood and individual socio-economic characteristics, thereby making
it feasible to estimate the conditionality of the association between
the neighbourhood composition and individual socio-economic status through these neighbourhood-specific social contacts and thereby
providing ample attention to the mechanisms behind neighbourhood
effects.
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Operationalisation of independent and dependent variables
In order to map out the neighbourhood-specific social contacts and
interactions, this study employs two measures on the most important
contacts and one measure on the more general, personal contact. The
first two measures are based on a name generator: the respondent
was asked to mention his or her five most important contacts and
to list characteristics of these social contacts. From this I counted (1)
the absolute number of contacts of the resident that are living in the
same neighbourhood and (2) the share of most important people living in the same neighbourhood (calculated by the number of most
important contacts living in the same neighbourhood divided by the
total number of most important contacts). This results in a percentage
score of the share of most important people living in the same neighbourhood.13 (3) The frequency of general contact with neighbours,
which is about personal contact with people in the neighbourhood in
general (which goes beyond the core network) and refers to seeing
each other (not calling or texting). Respondents can score the contact
from a scale of never, approximately once per year, a few times per
year, approximately once per month, a few times a month, once or
more per week to (almost) everyday. Table 2.1 shows the descriptives
of these three variables on neighbourhood-specific social contacts and
interactions.
The dependent variable individual socio-economic status is measured by self-reported income of the household of an individual.14
On a 16-point scale, respondents reported the net monthly income
from the household (see Table 2.2, for the distribution). The theoretical framework is devoted to the association between the neighbourhood composition and income, but obviously income is the consequence of more factors and these individual effects could potentially
suppress neighbourhood effects.15 The most obvious control variables
are being employed or not, educational level (of respondent and father), age (and age-squared to control for curvelinear effect), gender
and ethnicity. Since differences in income can also be expected for
different household composition and living conditions, I include a
variable whether the respondent lives together, has children and the
length of residence. Descriptive statistics of the individual-level (control) variables are summarised in Table 2.2.
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Table 2.1: Descriptive statistics of neighbourhood-specific social contacts and
interactions
Core network in neighbourhood (absolute)
0
1
2
3
4
5
N individuals
Mean
SD
Core network in neighbourhood (relative)
0 (0% )
0.2 (20%)
0.25 (25%)
0.33 (33%)
0.40 (40%)
0.50 (50%)
0.60 (60%)
0.67 (67%)
0.75 (75%)
0.80 (80%)
1 (100%)
N individuals
Mean
SD
General contact with neighbours (frequency)
(1)Never
(2)Approximately once a year
(3)A few times a year
(4)Approximately once a month
(5)A few times a month
(6)Once or more a week
(7)(Almost) every day
N individuals
Median

N

Percentage

2,360
633
215
48
14
2
3,272
0.389
0.722

72.13
19.35
6.57
1.47
0.43
0.06
100.00

2,360
132
80
152
51
192
20
74
16
12
183
3,272
0.147 (14.7%)
0.278

72.13
4.03
2.44
4.65
1.56
5.87
0.61
2.26
0.49
0.37
5.59
100.00

305
86
361
308
714
1,064
434
3,272
5

9.32
2.63
11.03
9.41
21.82
32.52
13.26
100.00

Source: author’s calculations using NELLS (de Graaf et al., 2010a)
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Table 2.2: Descriptive statistics of individual-level variables
Characteristics of individual
Household income
Age (years)
Female
Ethnicity
Dutch
Moroccan, 1st gen
Moroccan, 2nd gen
Turkish, 1st gen
Turkish, 2nd gen
Non West, 1st gen
Non West, 2nd gen
West, 1st gen
West, 2nd gen
Living together (ref: no partner or not living
together with partner)
Children (ref: no children)
Length of residence
Employed (ref: unemployed)

Mean/median
7 (2,000-2,499 per month)
32.652
0.528

SD
†

2.925
8.122

0.558
0.122
0.058
0.131
0.059
0.022
0.012
0.014
0.025
0.636
0.555
2 (6-10 years)‡
0.810

1.189

Source: author’s calculations using NELLS (de Graaf et al., 2010a)
For the 16-point scale of income the median is considered more informative. The mean of
household income is 6.716, standard deviation 2.925. The variable is treated as continuous.
The skewness of the income distribution is 0.367 and the kursosis 3.385, so the distribution is
approximately symmetric. The household income categories are: (1) less than 150 euro per
month; (2) 150 – 299 euro per month; (3) 300 – 499 euro per month; (4) 500 – 999 euro per
month; (5) 1,000–1,499 euro per month; (6) 1,500 – 1,999 euro per month; (7) 2,000 – 2,499
euro per month; (8) 2,500 – 2,999 euro per month; (9) 3,000– 3499 euro per month; (10) 3,500–
3,999 euro per month; (11) 4,000–4,499 euro per month; (12) 4,500– 4,999 euro per month; (13)
5,000–5,499 euro per month ; (14) 5,500–5,999 euro per month; (15) 6,000 – 6,999 euro per
month; and (16) 7,000 euro or more per month.
‡
The distribution of length of residence was rather skewed, so this was recoded into 5
categories: (1) <=5 years (2) 6-10 years (3) 11-15 years (4) 16-20 years and (5) >20 years. The
mean of the length of residence 5-point scale is 1.982 and standard deviation 1.189. The
variable is treated as continuous.

†
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Table 2.2: Descriptive statistics of individual-level variables
(continued)
Characteristics of individual
Highest educational level attained
No education
Primary school
Basic preparatory vocational secondary education
Theoretical pathway vocational secondary education
Senior general secondary education
Pre-university education
Mixed learning pathway vocational secondary
education (short track)
Mixed learning pathway vocational secondary
education (long track)
Higher professional education
University (bachelor)
University (master)
PhD
Highest education father
No education
Primary school
Basic preparatory vocational secondary education
Theoretical pathway vocational secondary education
Mixed learning pathway vocational secondary
education
Senior general secondary education/ Pre-university
education
Higher professional education
University
N individuals
N neighbourhoods
Source: author’s calculations using NELLS (de Graaf et al., 2010a)

Mean

0.032
0.102
0.096
0.073
0.065
0.051
0.083
0.227
0.177
0.032
0.060
0.004
0.161
0.195
0.164
0.078
0.158
0.041
0.133
0.070
3,272
246
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The socio-economic composition of the neighbourhood is measured
by a standardised index of neighbourhood deprivation based on nine
socio-economic neighbourhood characteristics that represent various
domains of opportunity structures, resources and stratification in the
neighbourhood.16 A PCF analysis for the nine items retained two factors with an eigenvalue above 1. The correlations between each item
ranged from the lowest 0.31 till highest score 0.94. Only factor loadings values that are greater than 0.40 are considered significantly related to the factor (Acock, 2008). The primary factor accounted for
62 percent of the total variance (with an eigenvalue of 5.54), while
the second factor accounted for only 15 percent with an eigenvalue of
1.38. The second factor had very low factor loadings (5 of 9 below 0.4).
The primary factor had factor loadings ranging from -0.91 till -0.75
for indicators of neighbourhood socio-economic advantage, and from
0.57 till 0.89 for indicators of neighbourhood socio-economic deprivation, so all items are included in the model. The Kaiser-Meyer-Olkin
postfactor measure of sampling adequacy was 0.74, which suggests
an adequate factorability. Finally, the internal consistency for the index was examined using Cronbach’s alpha for unstandardised items,
which was moderate (0.69) (and is 0.92 for standardised items). I continued with the primary factor and standardised it to form the index
of neighbourhood deprivation, which will be included in the model
as a continuous independent variable.17
Analytical strategy
This study applied a multilevel model to estimate the relation between the neighbourhood deprivation index and income. All multilevel models were estimated with Stata 13.0, using maximum likelihood estimates with random intercepts for neighbourhoods.18
The intercept-only model shows that most of the difference in income lies at the individual level. Nevertheless, still 6.6% of the total
variance is attributable to the neighbourhood level.19 The fact that
there is a relatively large share of cross-neighbourhood variance requires a multilevel approach.20
In the first step of the analysis, individuals are nested within neighbourhoods, but only individual-level characteristics are included (model 1). Second, to assess whether the neighbourhood deprivation in-
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dex is negatively associated with income over and above the effect of
individual characteristics, the index of neighbourhood level of deprivation is added (model 2). Finally, to investigate whether the relationship between neighbourhood deprivation and income is stronger for
individuals who are more strongly embedded in the neighbourhood,
three final models are estimated (models 3-5) that include cross-level
interaction terms of the impact of the neighbourhood deprivation and
the absolute number, the share of members of a resident’s core network residing in the same neighbourhood and the more general, personal contact in the neighbourhood. The basic form of this model can
be represented as follows:
Yij = β0 + β1 Xij + β2 Zj + β3 Xij Zj + υ0j + ij
where
Yij is the income of respondent i in neighbourhood j
β0 is a constant (intercept)
β1 Xij is the effect of an individual-level characteristic of
respondent i;
β2 Zj is the effect of a neighbourhood-level characteristic
of neighbourhood j;
β3 Xij Zj is the effect of a cross-level interaction term between a
neighbourhood- level characteristic of neighbourhood j
and an individual-level characteristic of respondent i;
υ0j represents the variation in the intercept across neighbourhoods;
ij represents the remaining variation within individuals.
Following the main model, multiple robustness checks are performed
to further substantiate the findings.
results
Model 1 of Table 2.3 includes only individual-level variables and indicates a reduction of the between-neighbourhood variance, pointing
to a compositional effect (Table A2.3 in the appendix shows the effects of the individual-level control variables). Model 2 includes the
index of neighbourhood deprivation, further reducing the neighbourhood variance. This model indicates a small, but significant negative
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relationship between the level of neighbourhood deprivation and income, supporting the first hypothesis. Models 3-5 show that there are
no significant cross-level interaction effects for the absolute number
and share of most important contacts residing in the neighbourhood,
nor were significant differences observed in the association between
the neighbourhood’s level of deprivation and income and different degrees of general, personal contact in the neighbourhood. The second
hypothesis cannot be accepted, since the association between the level
of neighbourhood deprivation and the resident’s socio-economic status is not stronger for individuals who are more strongly embedded
into the neighbourhood. A model with only the level of neighbourhood deprivation and interaction terms without controlling for any
individual and family characteristics was also estimated. This does
also not produce any significant findings, the association between the
level of neighbourhood deprivation and income is not stronger for individuals who have more neighbourhood-specific social contacts and
interactions.21
The findings withstand a large number of robustness checks for outliers (on both the dependent variable income and independent variable neighbourhood deprivation),22 on multiple measures of neighbourhood deprivation (thresholds for most and least deprived areas and each item from the index separately)23 and for the interval
mid-point strategy and interval regression of the outcome variable income.24 All the robustness checks produced very similar results and
for reasons of parsimony, these analyses are not included in this chapter.
discussion and implications
Many studies on the impact of the socio-economic composition of the
neighbourhood on individuals’ socio-economic outcomes have contextualised their findings with the role modelling and network effects in the neighbourhood (Andersson et al., 2007; Cotter, 2002; de
Souza Briggs, 1997; Galster et al., 1999, 2008; Musterd et al., 2003;
van der Klaauw and van Ours, 2003; van Ham and Manley, 2010;
Weinberg et al., 2004). Their empirical evidence is not decisive on
the causal pathways; however, these scholars allocated their findings
to the mechanisms solely based on the direction of the coefficients

(0.081)
(0.212)
(0.020)

0.091
3.373

Variance components
Neighbourhood-level variance
Individual-level variance

(0.081)
(0.212)
(0.020)

0.062
3.379

3,272
246

-5.769*** (0.682)
-6,659

-0.157*** (0.043)

-0.020
0.110
-0.004

(SE)

model 2
B
(0.082)
(0.212)
(0.020)

(0.046)

0.062
3.378

3,272
246

-5.770*** (0.682)
-6,659

0.044

-0.175*** (0.047)

-0.032
0.110
-0.004

(SE)

model 3
B
(0.081)
(0.217)
(0.020)

(0.122)

0.062
3.379

3,272
246

-5.764*** (0.682)
-6,659

0.064

-0.167*** (0.047)

-0.017
0.084
-0.004

(SE)

model 4
B

(0.020)

(0.108)

(0.081)
(0.212)
(0.020)

0.062
3.379

3,272
246

-5.772*** (0.683)
-6,659

-0.002

-0.145

-0.020
0.110
-0.003

(SE)

model 5
B

Two-tailed test: † p< 0.10, * p<0.05, ** p<0.01, *** p<0.001. Source: author’s calculations using NELLS (de Graaf et al., 2010a)
Note: all models include individual-level control variables: age, age-squared, gender, ethnicity, living together, having children, length of residence,
employment status, highest educational level attained, highest education father

3,272
246

-5.793*** (0.682)
-6,666

-0.030
0.117
-0.002

(SE)

N individuals
N neighbourhoods

Intercept
Log likelihood

Cross-level interaction effects (level 1 x level 2)
Interaction: core network neighbours (absolute) x
index of neighbourhood deprivation
Interaction: core network neighbours (relative) x
index of neighbourhood deprivation
Interaction: contact with neighbours(frequency) x
index of neighbourhood deprivation

Social embeddedness in neighbourhood (level 1)
Core network (absolute)
Core network (relative)
Contact with neighbours (frequency)
Characteristics neighbourhood (level 2)
Standardised index of neighbourhood deprivation

B

model 1

Table 2.3: Impact of neighbourhood deprivation index on income conditional upon social embeddedness in
the neighbourhood
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and thresholds found, not on the actual contacts and interactions between neighbours. Contrary to what the network resources and network socialisation mechanisms suggest, the present study finds that
the magnitude of neighbourhood effects is not higher for individuals with more neighbourhood-specific social contacts and interactions.
This does not imply that neighbourhood effects do not exist, but it
does challenge the often applied socialisation and resources mechanisms. The following question remains: for whom actually does the
neighbourhood matter? (Sharkey and Faber, 2014; Small and Feldman, 2012).
The issue of how and for whom the neighbourhood matters reaches
beyond the field academic research and has direct relevance for policymakers. Most policies assume that individuals are susceptible to
the neighbourhood in the same way. The neighbourhood’s influence
is believed to be beyond the resident’s control and may either enhance or limit their socio-economic opportunities. It is this imposed
environment that policymakers try to alter, either by changing the
socio-economic mix of the neighbourhood or by promoting residential mobility for disadvantaged residents (such as the Moving to Opportunity programmes in the USA). Policymakers should, however,
take into account that the institutional and socio-economic composition of neighbourhoods do not fully determine the way a respondent
is affected by the neighbourhood; residents shape, select and are affected by the neighbourhood in different ways (Harding et al., 2011b).
Policymakers should take this selected environment into account and
therefore not aim at a one-size-fits-all approach. Rather, they should
acknowledge that changes in the socio-economic composition of the
neighbourhood do not automatically lead to more socio-economic opportunities for each resident. It goes beyond the scope of the present
study, but the ability of individuals to actually capitalise the resources
available in the neighbourhood should be further investigated. For
individuals who have a low capacity to capitalise the resources in
the neighbourhood, an area-targeted policy intervention would not
be very helpful. In order to increase effectiveness of the policy, social services should actively reach out and extend their support for
this vulnerable group that does not know how to request assistance.
On a more positive note, an increasing socio-economic mix in the
neighbourhood might still have beneficial side-effects such as a better
reputation of the neighbourhood and an increase of higher-quality

2.5 discussion and implications

institutions, facilities and organisations in the neighbourhood which
might advance the individual opportunities (Galster, 2012).
Although only cross-sectional data were available, this study is
a contribution to the field as it engages in the vigorous debate on
the mechanisms behind neighbourhoods effects. This study took an
important first step in providing insight into the network resources
and network socialisation mechanisms and offers a new, fruitful direction for future research on neighbourhood effects. Future work
should concentrate on the remaining set of potential causal mechanisms. Since the variables in neighbourhood effects studies cannot
be manipulated and individuals cannot be randomised to neighbourhoods, i.e. since no controlled experiment is possible, isolating the
causal mechanisms at work in these studies is daunting. Like the
present study, however, scholars should specify and observe the neighbourhood mechanisms in their empirical models. They should further
investigate under which conditions these mechanisms operate and
critically asses these central premises behind the causal pathways
that connect neighbourhood characteristics to individual outcomes.
Each mechanism operates in a different way dependent upon the geographical scale, the measurement of neighbourhood characteristics,
the exposure of residents and the timing and duration of the effects
(Galster, 2008).
Many scholars argue that neighbourhood effects are basically selfselection effects of individuals into neighbourhood. Sampson (2012)
points out that this individual selection into neighbourhoods is embedded in certain social contexts and that that phenomenon is itself
a neighbourhood effect. The underlying basis of neighbourhood effects is the existence of social and urban inequalities structures. Being
embedded in those unequal structures, individuals derive certain aspirations and preferences with respect to employment opportunities,
which leads them to be in structural (dis)advantage and make differential decisions when it comes to their socio-economic position.
In addition, this study and many scholars in the field of neighbourhood effects focus only on the current neighbourhood of residence, while continuing exposure to the former neighbourhoods of
residence should not be neglected. When residents move to another
neighbourhood, they can still be exposed to the previous neighbourhood of residence through continuing contacts with their old neighbours (Hedman, 2011; Sampson, 2012). Consequently, residents who
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move can be exposed to different neighbourhoods at the same time,
making it a challenge to allocate the neighbourhood effects to the
accurate neighbourhood (Hedman, 2011). This broader idea of neighbourhood effects, leaving behind the idea of effects through the narrow mechanism of socialisation and resources in only one neighbourhood, should serve as a basis for future studies on social inequalities
in the urban area.

n.s.
-0.101
(0.064)

n.s.

+
0.031
(0.010)

+

+
0.103
(0.027)

+

?
?

Source: author’s calculations using NELLS (de Graaf et al., 2010a)

Frequency of general contact of people in
neighbourhood
bivariate regression
B
(SE)

Share most important people in living same
neighbourhood
bivariate regression
B
(SE)

Number of most important people in living
same neighbourhood
bivariate regression
B
(SE)

Netherlands Longitudinal Lifecourse Study (NELLS)

Socialisation
Networks

Gender
(female)

n.s.
-0.003
(0.005)

+

n.s.
-0.001
(0.001)

n.s.

n.s.
-0.003
(0.002)

-

-

Age
(years)

+
0.902
(0.077)

+

+
0.036
(0.012)

n.s.

n.s.
0.051
(0.032)

n.s.

+
+

Family
(children)

-0.008
(0.002)

-

n.s.
-0.001
(0.000)

-

n.s.
-0.000
(0.001)

-

-

Employment
(number of hours)

-0.041
(0.013)

-

-0.007
(0.002)

-

-0.011
(0.006)

-

-

Income
(money unit)

N =3,272

N =3,272

N=3,272

Table A2.1: Testing the relationship between proxies and neighbourhood-specific contacts and interactions

Expectations (Galster et al., 2010)
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Table A2.2: Factor loadings for index of neighbourhood deprivation
Index of neighbourhood deprivation
(1) percentage of (self-)employed people in 15-64 age group
(2) the average income (wages, transfers, other) after tax (per
income recipient)
(3) the average income (wages, transfers, other) after tax (per
person)
(4) percentage of income recipients with income less than or
equal to the 40th percentile of the national income distribution
(5) percentage of income recipients with income equal to or
greater than the 80th percentile of the national income
distribution
(6) percentage of transfer recipients (employment disability
insurance, unemployment benefits, welfare) in 15-64 age
group
(7) welfare benefits per 1,000 households
(8) employment disability recipients per 1,000 individuals
aged 15-64
(9) unemployment benefit recipients per 1,000 individuals
aged 15-64.

Factor 1

Uniqueness

-0.7825
-0.8607

0.3877
0.2593

-0.7521

0.4344

0.7852

0.3835

-0.9103

0.1713

0.8893

0.2091

0.7737
0.5685

0.4013
0.6768

0.6817

0.5352

Source: author’s calculations using NELLS (de Graaf et al., 2010a)/Key Figures Districts and
Neighbourhoods

-0.767***
0.017
-0.499***
-0.088
-0.396†
-0.117
-0.232
0.240
2.545***
-0.353***
-0.099***
1.099***
0.020
0.131
0.421†
0.534*
0.285
0.655**
0.903***
1.485***
0.887***
2.808***
2.657***
-0.034
0.025
0.087
-0.029
0.125
0.074
0.196

(0.138)
(0.159)
(0.124)
(0.153)
(0.228)
(0.302)
(0.285)
(0.211)
(0.088)
(0.095)
(0.030)
(0.091)
(0.210)
(0.215)
(0.224)
(0.231)
(0.242)
(0.221)
(0.203)
(0.209)
(0.266)
(0.238)
(0.571)
(0.122)
(0.141)
(0.164)
(0.143)
(0.198)
(0.152)
(0.174)

-0.833***
-0.028
-0.570***
-0.173
-0.429†
-0.136
-0.272
0.234
2.558***
-0.351***
-0.096**
1.113***
0.019
0.121
0.437†
0.538*
0.265
0.655**
0.916***
1.497***
0.881***
2.828***
2.668***
-0.025
0.042
0.105
-0.012
0.142
0.093
0.227

model 2

0.532***
-0.007***
0.032

B

(0.041)
(0.001)
(0.067)

(SE)

0.530***
-0.007***
0.035

model 1

(0.152)
(0.174)

(0.122)
(0.141)
(0.164)
(0.142)
(0.198)

(0.208)
(0.265)
(0.238)
(0.571)

(0.203)

(0.210)
(0.214)
(0.224)
(0.230)
(0.242)
(0.220)

(0.138)
(0.158)
(0.125)
(0.154)
(0.228)
(0.302)
(0.285)
(0.211)
(0.088)
(0.095)
(0.030)
(0.091)

(0.041)
(0.001)
(0.067)

(SE)

model 3

0.076
0.196

-0.033
0.025
0.089
-0.027
0.130

1.478***
0.883***
2.802***
2.651***

0.900***

0.016
0.126
0.417†
0.529*
0.281
0.650**

-0.766***
0.017
-0.499***
-0.088
-0.396†
-0.120
-0.229
0.240
2.543***
-0.353***
-0.099***
1.103***

0.532***
-0.007***
0.032

B

(0.152)
(0.174)

(0.122)
(0.141)
(0.164)
(0.142)
(0.198)

(0.208)
(0.265)
(0.238)
(0.570)

(0.203)

(0.210)
(0.214)
(0.224)
(0.230)
(0.242)
(0.220)

(0.138)
(0.158)
(0.125)
(0.154)
(0.228)
(0.302)
(0.285)
(0.211)
(0.088)
(0.095)
(0.030)
(0.091)

(0.041)
(0.001)
(0.067)

(SE)

model 4

0.075
0.197

-0.032
0.026
0.088
-0.028
0.128

1.480***
0.884***
2.805***
2.657***

0.900***

0.017
0.127
0.417†
0.531*
0.283
0.652**

-0.767***
0.017
-0.499***
-0.089
-0.398†
-0.120
-0.229
0.241
2.544***
-0.352***
-0.099***
1.102***

0.532***
-0.007***
0.032

B

Two-tailed test: † p< 0.10, * p<0.05, ** p<0.01, *** p<0.001. Source: author’s calculations using NELLS (de Graaf et al., 2010a)

Female
Ethnicity (ref: Dutch)
Moroccan, 1st gen
Moroccan, 2nd gen
Turkish, 1st gen
Turkish, 2nd gen
Non West, 1st gen
Non West, 2nd gen
West, 1st gen
West, 2nd gen
Living together (ref: no partner or not living together with partner)
Children (ref: no children)
Length of residence
Employed (ref: unemployed)
Highest educational level attained (ref: no education)
Primary school
Basic preparatory vocational secondary education
Theoretical pathway vocational secondary education
Senior general secondary education
Pre-university education
Mixed learning pathway vocational secondary education
(short track)
Mixed learning pathway vocational secondary education
(long track)
Higher professional education
University (bachelor)
University (master)
PhD
Highest education father (ref: no education)
Primary school
Basic preparatory vocational secondary education
Theoretical pathway vocational secondary education
Mixed learning pathway vocational secondary education
Senior general secondary education/ Pre-university
education
Higher professional education
University

Age (years)
Age2

B

Table A2.3: Continued from Table 2.3: individual-level control variables

(0.152)
(0.174)

(0.122)
(0.141)
(0.164)
(0.142)
(0.198)

(0.209)
(0.265)
(0.238)
(0.570)

(0.203)

(0.210)
(0.214)
(0.224)
(0.230)
(0.242)
(0.220)

(0.138)
(0.158)
(0.125)
(0.154)
(0.228)
(0.302)
(0.285)
(0.211)
(0.088)
(0.095)
(0.030)
(0.091)

(0.041)
(0.001)
(0.067)

(SE)

model 5

0.074
0.196

-0.034
0.025
0.087
-0.029
0.125

1.484***
0.885***
2.808***
2.653***

0.902***

0.019
0.130
0.420†
0.534*
0.283
0.655**

-0.767***
0.017
-0.498***
-0.087
-0.396†
-0.117
-0.232
0.241
2.545***
-0.353***
-0.099***
1.099***

0.532***
-0.007***
0.033

B
(SE)

(0.152)
(0.174)

(0.122)
(0.141)
(0.164)
(0.142)
(0.198)

(0.208)
(0.266)
(0.238)
(0.571)

(0.203)

(0.210)
(0.214)
(0.224)
(0.230)
(0.242)
(0.220)

(0.138)
(0.158)
(0.125)
(0.154)
(0.228)
(0.302)
(0.285)
(0.211)
(0.088)
(0.095)
(0.030)
(0.091)

(0.041)
(0.001)
(0.067)
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endnotes
1 Based on the theoretical substantiation of the social network and socialisation
mechanisms by Galster (2012), I prefer to refer to these mechanisms from now on as
network resources. The socialisation mechanism is also renamed network socialisation,
to emphasise the fact that also this mechanism essentially transmits through the social
contacts in the network.
2 The neighbourhood effects literature sets out from Wilson’s perspective on social
isolation and concentration effects on social and occupational mobility, while taking
a broader scope on conditions and outcomes. Neighbourhood effects have been identified on educational achievement, sexual activity and teenage pregnancy, deviant behaviour, school dropout rates, crime rates and health outcomes (for an overview see
Ellen and Turner, 1997).
3 Besides these mechanisms, environmental, geographical and institutional mechanisms are also considered in the theoretical review literature (Galster, 2012). The latter
mechanisms are, however, less considered in empirical studies on neighbourhood effects on socio-economic outcomes such as employment and income.
4 These social-interactive mechanisms are endogenous (Manski, 2000): the resident’s
socio-economic status is affected by the aggregation of the socio-economic statuses
of the residents in the neighbourhood. It is challenging to assess endogenous effects
from data, due to the so-called ’reflection problem’. I elaborate on this in the Methods
section.
5 The body of academic work on neighbourhood effects on socio-economic outcomes are very restricted to residents in poor, disadvantaged neighbourhoods. This
provides only a one-sided view of the neighbourhood effects argument, as residents
in this specific type of neighbourhood are known for being generally more locally oriented in their contacts and therefore more ‘exposed’ to the neighbourhood (Campbell
and Lee, 1990; Ellen and Turner, 1997; Small and Feldman, 2012; Young, 2003).
6 Pinkster notes that socialisation in the neighbourhood can also operate through
indirect interaction, where just residing in the same space makes residents susceptible to the behaviour of their co-residents (Pinkster, 2007). This study focuses, however,
on direct interaction through local contacts of the resident and consider indirect socialisation as an subordinate effect that is already covered by the main effect of the
neighbourhood.
7 This network socialisation process in the neighbourhood is also often referred
to as the ‘contagion model’ or ‘epidemic theory’ which implies that (non-)normative
behaviour is ‘contagious’: residents are influenced by the behaviour and beliefs of
their co-residents through contact with them (Crane, 1991; Friedrichs and Blasius, 2003;
Pinkster, 2007).
8 Examples of studies that account for social neighbourhood embeddedness focus
their research on outcomes such as the acceptance of deviant norms (Friedrichs and Blasius, 2003), juvenile delinquency (Oberwittler, 2004) and immigrants having German
friends (Farwick, 2007).
9 Galster et al. (2010) hypothesised that neighbourhood effects are less strong for
older residents, residents who work more hours and have a higher income, and more
strong for residents with children. The authors could not confirm all hypotheses with
their analyses: they find that regardless of gender, only residents with children and
who do not work full time experience larger neighbourhood effects. It is, however,
empirically unclear whether social embeddedness in the neighbourhood is the con-
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ditioning factor here. Appendix A2.1 shows in the upper two rows the expectations
that Galster et al. (2010) postulated on the associations between magnitude of neighbourhood effect and individual characteristics for the socialisation and network neighbourhood effects mechanisms (see Galster et al., 2010, p. 2921). The six rows below
test whether neighbourhood embeddedness is indeed lower for older residents, residents who work more hours and have a higher income, and higher for residents with
children (no clear hypothesis was posed for females). My analysis shows that these
proxies are not sound: both bivariate correlations and multilevel regression analyses
(individual neighbourhood embeddedness nested within neighbourhoods) show that
proxies do not always predict the contact with neighbours (measured by (1) the absolute number, (2) the share of members of a resident’s core network residing in the
same neighbourhood and (3) more general, personal contact in the neighbourhood) in
the right direction. Furthermore, the explanatory power of all these proxies together is
low: the individual-level variance of our three neighbourhood embeddedness measures
is hardly reduced by including the proxies.
10 Because the number of Moroccans and Turks living in more rural areas is very
small, including Moroccans and Turks in these areas would lead to clustering effects,
as interviewers would have to interview basically all Moroccans and Turks in those
areas to obtain a sufficient number. It could also possibly hamper the sampling process;
in order to reach out and interview Moroccans and Turks in these rural municipalities,
the number of sampled municipalities should increase (de Graaf et al., 2010b). For this
reason, the oversampling of Moroccans and Turks was restricted to municipalities with
the highest urbanisation degrees, ranging for very strong urbanisation (more than 2500
addresses per km2 ) to moderate urbanisation (1,000-1,500 addresses per km2 ).
11 Local authorities have drawn random samples from the population registry based
on age and country of birth of the respondent and the parents. The local authority
then provided the name, date of birth, sex, ethnicity and address of the individual. The
overall response rate of the survey was 52 percent.
12 The minimum number individuals per neighbourhood is 1, the maximum 92. On
average, 13.3 individuals per neighbourhood are included.
13 It could also be the case that residents have no important contacts at all. This type
of resident would then automatically receive a score of 0 on both measures, while a
resident who has at least one important contact but has none of those contacts living in
the same neighbourhood also scores 0. Because these two situations are conceptually
very different, only residents with at least one important contact are included in the
analysis and can score a 0 on these measures (thereby excluding 3.7 percent of individuals in our sample that report no important contacts). Additional analyses with a
slightly larger sample also, including respondents without any contacts (with a dummy
indicating having no important contacts), showed very similar outcomes. Furthermore,
it could be the case that the most important contacts residing in the same neighbourhood are family members of the resident. An additional model with a smaller sample
which excludes those individuals of which all of their core contacts are both reported
as family members and neighbours (excluding 14.2 percent of the individuals in our
sample) led to very similar results.
14 Question ‘What is the net monthly income of you and your partner (if applicable)
together? (partner with whom you live together or are married)’. Unfortunately, I could
not estimate the individual income as almost half of the respondents did not answer
the follow-up question on the individual contribution of respondent to the household
income.
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This is most effectively shown in studies by Buck (2001) and Bolster et al. (2007),
who present evidence that including a range of individual and household characteristics attenuate the neighbourhood effects, showing the importance of including these
control variables.
16 Table A2.2 in the appendix shows the factor loadings and uniqueness of this factor.
Source of neighbourhood characteristics in NELLS is Key Figures Districts and Neighbourhoods. The principal component factor (PCF) analysis was based on the total of 258
neighbourhood districts in the sample. The factorability of the following nine items
was examined: (1) percentage of (self-)employed people in the 15-64 age group; (2) the
average income (wages, transfers, other) after tax (per income recipient); (3) the average income (wages, transfers, other) after tax (per person); (4) percentage of income
recipients with income less than or equal to the 40th percentile of the national income
distribution; (5) percentage of income recipients with income equal to or greater than
the 80th percentile of the national income distribution; (6) percentage of transfer recipients (employment disability insurance, unemployment benefits, welfare) in 15-64 age
group; (7) welfare benefits per 1,000 households; (8) employment disability recipients
per 1,000 individuals aged 15-64; and (9) unemployment benefit recipients per 1,000
individuals aged 15-64.
17 The index is based on all 258 neighbourhoods in the data-set, but the final sample
was confined to 246 neighbourhoods. From the standardisation, it logically follows that
the standardised deprivation index in the final sample has a mean close to 0 (0.027)
and standard deviation close to 1 (0.976) on the neighbourhood-level. The skewness
of the neighbourhood deprivation index for the 246 neighbourhoods is 0.564 and the
kursosis is 3.117, so the distribution is approximately symmetric. On the individual
level (N=3,272), the mean is 0.212,the SD 0.940, minimum -2.110 and maximum 3.219.
18 Random slopes on the measures on the most important contacts and the more
general, personal contacts were not included because no significant random slope variance was found. As argued by Snijders and Bosker (1999), however, despite the fact
that there is no significant random slope, a specific cross-level interaction can still be
tested.
19 Neighbourhood-level variance 0.564 and individual-level variance 7.991.
20 The main models only show residents nested in neighbourhoods, but respondents
are also nested within 35 municipalities. A three-level intercept-only model shows an
intraclass correlation on the municipality level of 2.4%, and of 4.4% on the neighbourhood level. I conducted robustness checks for the main models where the clustering
at the municipality level is included. These three-level models produced very similar
results.
21 Model not shown due to space limitations.
22 I calculated a modified z-score both for the dependent variable income and the
independent variable level neighbourhood deprivation. This modified z-score is determined based on the outlier resistant median of absolute deviation about the median.
An individual case is an outlier when this modified z-score is greater than 3.5 (Iglewicz
and Hoaglin, 1993). I conducted a stricter test with a modified z-score of 2. The findings withstand these strict checks for outliers on both the dependent and independent
variable.
23 Including each item from the index of neighbourhood deprivation separately leads
to very similar results, only the percentage of welfare benefits and employment disability recipients on the neighbourhood level had no independent significant association with income. I also created threshold dummies for residents living in neighbour-
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hoods scoring below the 20th percentile of deprivation (the least deprived areas) and
a dummy for living in neighbourhoods scoring above the 80th percentile of the index of deprivation (the most deprived areas) because the mechanisms of socialisation
and resources could also be non-linear, threshold-like (Galster, 2008). The neighbourhood effects might only occur after a minimum threshold of respective role models
and resources has been reached before it can either enhance or limit residents’ socioeconomic opportunities (Andersson et al., 2007; Galster, 2008). Additional analyses
which included the threshold dummies showed comparable outcomes. For reasons of
parsimony, these analyses are not included in this study.
24 The dependent variable income is grouped in income categories. The outcomes
thus have interval censoring, as the exact income of each individual is not known. I
converted the outcome variable to an interval variable using two approaches: the midpoint strategy and interval regression. For the mid-point strategy the assumption is
made that individuals within one category are evenly spread across the category and
the mid-point of each category is taken as the new value of the income variable. For the
interval regression the assumption is made that the ordinal variable is derived from a
continuous unobserved variable; for this approach I created two variables, indicating
the lower and upper bound from the categories. As the outcome variables are now
measured in euros and not on the 1-16 scale, the coefficients are rather different, but still
show the same results: there is a small, but significant negative relationship between
the level of neighbourhood deprivation and income.

3

LINGERING AND TEMPORAL NEIGHBOURHOOD
EFFECTS

Abstract The large and growing body of neighbourhood effect studies has
almost exclusively neglected individuals’ particular residential histories. Yet,
former residential neighbourhoods are likely to have lingering effects beyond
those of the current one and are dependent on exposure times and number
of moves. This paper tests to what extent this blind spot induced a misestimation of neighbourhood effects for individuals with differential residential
histories. Ultimately, we develop a methodological framework for studying
the temporal dynamics of neighbourhood effects, capable of dealing with
residential histories (moving behaviour, the passage of time and temporal
exposure to different neighbourhoods). We apply cross-classified multi-level
models (residents nested in current and former neighbourhoods) to analyse
longitudinal individual-level population data from Dutch Statistics, covering
fine-grained measures of residential histories. Our systematic comparison to
conventional models reveals the necessity of including a temporal dimension:
our models reveal an overestimation of the effect of the current neighbourhood by 16-30%, and an underestimation of the total body of neighbourhood
effects by at least 13-24%. Our results show that neighbourhood effects are
lingering, long-lasting and structural and also cannot be confined to a single
point in time.

introduction
Over the past decades, researchers on both sides of the Atlantic have
found evidence that the neighbourhood of residence affects residents’
socio-economic life opportunities (e.g. Cotter, 2002; van Ham and
Manley, 2010). Supposedly, residents living in disadvantaged neighbourhoods lack positive role models and resourceful social contacts
in the neighbourhood (Friedrichs et al., 2003). The neighbourhood efA slightly different version of this chapter has been published as Miltenburg, E.M.
and van der Meer, T.W.G. (2016). Lingering neighbourhood effects: A framework to
account for residential histories and temporal dynamics. Urban Studies. Advance online
publication. doi: 10.1177/0042098016639012.
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fects field has made progress in using longitudinal data (Andersson
et al., 2007; Musterd et al., 2003) and dealing with self-selection bias
(van Ham and Manley, 2010).
Yet, despite methodological innovations, neighbourhood effects continue to be misestimated. This misestimation is caused by neglecting
the temporal dimension (persistence, timing, duration) behind neighbourhood exposure. Scholars have almost exclusively focused on the
resident’s current neighbourhood, even though the influence of this
neighbourhood should theoretically vary with the individual’s residential history. After all, residents who only lived in a neighbourhood
for a short period of time are less exposed to potential neighbourhood
effects (Galster, 2012; Musterd et al., 2012b). Moreover, residents are
likely to continue to be influenced by their previous neighbourhood,
for instance as a result of lingering effects of previous socialisation
or by sustaining social ties with former neighbours (Hedman, 2011).
As movers are thus exposed to different neighbourhoods at the same
time, it is necessary to include the residential neighbourhood history
in the analysis (Hedman, p. 509-511, 2011; Hedman et al., 2015).
Although integrating the temporality and duration of exposure is
key to understanding the persistence of neighbourhood effects over
an individual’s life course (Sharkey and Faber, 2014), only a limited
number of studies have given attention to this temporal dimension
(for a comprehensive review see Hedman et al., 2015; Musterd et al.,
2012b; Quillian, 2003; van Ham et al., 2014). Nevertheless, there is a
widely echoed call in the literature for a theoretical and methodological framework to model the temporality of neighbourhood effects
(Galster, 2008; Hedman, 2011; Musterd et al., 2012b). Such a model
would be relevant to scholars as well as policymakers:
“It is important to know more about possible impacts of
timing, duration, and cumulative exposure and the durability of these impacts, because of academic interest in
building stronger theory, and because policy makers are
searching for interventions that will promote the most efficacious neighbourhood environment for human well-being"
(Musterd et al., 2012b, p. 606)
The present study will take up this challenge and pull apart the impact of the current and earlier residential neighbourhoods. We assess

3.1 introduction

to what extent the impact of the current and previous neighbourhoods is dependent on the residential histories (number of moves,
time elapsed since moving out, length of residence).
The aim of our study is threefold. First, we aim to introduce the
long-requested theoretical and methodological framework to model
the temporal dimension of lingering neighbourhood effects for the
adult working population and their conditionality on neighbourhood
exposure. Second, we aim to illustrate how current and lingering
neighbourhood effects can be modelled through cross-classified multilevel models (with individuals nested in current and former neighbourhoods) using longitudinal individual-level population data. Third,
we aim to scrutinise how the conventional, deficient models of neighbourhood effects prevalent in the literature bias the estimated neighbourhood effects. This study teases out to what extent implicit methodological decisions are at the root of the lack of consensus among
neighbourhood effect studies.1 We systematically compare estimates
from conventional models that are widely used in the literature to
our temporal-dynamics models.2
The Netherlands form an excellent case to study the effects of residential history on individuals’ current socio-economic status. First, in
terms of socio-economic status, Dutch residential neighbourhoods are
less strongly segregated than other European countries and the neighbourhoods are very heterogeneous, particularly compared with the
USA. This difference is due to ubiquitous social housing, welfare distribution programmes and interventions in deprived neighbourhoods
(De Vries, 2005; Musterd et al., 2006). Consequently, moving histories
tend to show more variation in both frequency and direction of residential mobility. Second, income distribution in the Netherlands is relatively egalitarian, especially compared with the USA. To the extent
that this study finds that the impact of the current neighbourhood
tends to be misestimated in conventional models, these misestimations are thus likely to be smaller in the Dutch case than in less egalitarian countries. This implies that our test on neighbourhood effects
is rather conservative. Finally, the Dutch Social Statistical Database offers unique longitudinal individual-level population data. It allows us
to examine records of different addresses of residence (residence spells)
for the adult working population (21-55 years of age, excluding those
that were students in 1999) and their socio-economic status over the
course of our period of analysis (observation period 1995/1999-2011).
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This enables us to pull apart influences of the current neighbourhood
from lingering effects of previous neighbourhoods and deal with selfselection (selective residential mobility) bias.
Our analyses provide a range of theoretically and methodologically
relevant outcomes. First, we illustrate the degree to which alternative
modelling procedures yield different estimates of neighbourhood effects. We find strong empirical evidence that neighbourhood effects
are misestimated in conventional models, owing to the invalid assumption that the residential environment of residents is static. On
the one hand, models that solely assess the impact of residents’ current neighbourhood but do not distinguish between movers and nonmovers - i.e. the bulk of the literature - overestimate the impact of the
current neighbourhood. On the other hand, models that solely assess
the impact of residents’ current neighbourhood through an exclusive
focus on non-movers underestimate that neighbourhood effect. Once
we model residents’ current and previous neighbourhoods of residence simultaneously, we find that the previous neighbourhood(s)
still have a statistically detrimental effect on residents’ current income.
Second, we provide a basic framework for a much-needed lifecourse perspective. The more frequently a resident has moved, the
lower the impact of the current neighbourhood of residence. Lingering effects of former residential neighbourhoods also fade the more
often a resident moves. Concurrently, for these movers the effect of the
current neighbourhood is stronger if they lived there for a longer period of time. Residents that only moved once tend to be more strongly
influenced by the previous neighbourhood, when they lived there for
longer a period of time.
All in all, this study shows the theoretical and methodological necessity to model the lingering effects of former residential neighbourhoods for the adult working population.

3.2 theoretical grounds for a temporal dimension

theoretical grounds for a temporal dimension
of neighbourhood effects
Neighbourhood effect estimation dealing with temporality
Many studies have related neighbourhood composition to individual socio-economic outcomes in the American (Cotter, 2002; Weinberg et al., 2004) and European context (Andersson et al., 2007; Musterd et al., 2003; van Ham and Manley, 2010). Yet, most studies in
this line of research estimated what Hedman et al. (2015, p. 196)
described as “instantaneous effects of single point-in-time measurements" of the current neighbourhood on individual outcomes, regardless of residents’ individual neighbourhood histories. Evidently, this
modelling strategy need not reflect a theoretical assumption that only
the current neighbourhood matters. Rather, data limitations made it
scientific practice to simplify residential histories to single point-intime measures. However, the consequences of this common modelling
strategy ought to be tested.
Few studies tried to deal with the temporality of neighbourhood effects among the adult population. First, a range of studies focused on
non-movers only, believing them to be exposed to the neighbourhood
for a sufficient amount of time to be influenced by it (Bergsten, 2010;
Galster et al., 2008; Kauppinen et al., 2011; Musterd et al., 2012a) Yet,
a serious downside of such non-mover analyses is that the income
change of movers is more progressive than for non-movers and that
social climbers that move out of a neighbourhood are therefore ignored (as acknowledged by Musterd et al., 2012a).
A second group of studies — two, to be precise — included actual
exposure time for the adult working-age population to more than
one neighbourhood. The one paper to include the exposure time to
poverty neighbourhoods over a long period for adults is that by Hedman and colleagues (2015). The authors find that cumulative exposure to neighbourhood deprivation after leaving the parental home
has a positive effect on income, while remaining in this type of neighbourhoods in subsequent years has clear negative effects. The first
finding is merely a reflection of the start of a housing career in relatively deprived neighbourhoods of people who simultaneously enter and advance on the labour market (Hedman et al., 2015, p. 210).
The second finding is in line with the study by Musterd et al. (2012b)
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who also find that neighbourhood effects persist after years for adults,
even though they do decay. Recent continuous and cumulative exposure to a low-income neighbourhood has more impact on the resident’s income than episodic or lagged exposure to the neighbourhood.
There are some downsides to this approach, however. Both studies
fall short of modelling the unique impact of former neighbourhoods,
as they lack a fine-grained measure of residential histories. The study
by Musterd et al. (2012b) limits exposure time to only four years that
are lagged in time (as discussed by Hedman et al., 2015, p. 197). Our
study expands this time span to more than a decade, to allow for a
more encompassing view of residential histories. The study by Hedman et al. (2015) does allow a more complete temporal scale, but narrows the residential history to three different cumulative exposure
variables (exposure to a poverty neighbourhood between 1991 and
1996, between 1997 and 2002, and between 2003 and 2007). Rather
than studying the cumulative effect of subsequent neighbourhoods,
our study separates the influence of these different contexts in detail
to understand the temporal dynamics of neighbourhood effects. We
also include a continuous neighbourhood deprivation scale, rather
than the dichotomous variable on exposure to poverty concentration
neighbourhoods as employed by (Hedman et al., 2015).
Finally, there has been no agreement on what constitutes a change.
Hedman et al. (2015) only allow for change after an actual residential move, whereas Musterd et al. (2012b) only assess the change in
the neighbourhood’s socio-economic composition, not actual moves.
Our study follows Hedman et al. (2015) by focusing only on changes
in neighbourhood composition due to residents’ actual moves, but
extends the temporal framework by including the number of moves,
the exposure times to the neighbourhoods of residence, and the time
elapsed since leaving the previous neighbourhood of residence. Building on these more recent attempts to account for the temporal dimension, we thus propose a third model that incorporates lingering effects
of previous neighbourhoods, including a more detailed residential
history of individuals.

3.2 theoretical grounds for a temporal dimension

Mechanisms to explain (lingering) neighbourhood effects
Many scholars allocated the neighbourhood effects on residents’ socioeconomic outcomes to social-interactive mechanisms (Galster, 2012,
p. 41), most notably socialisation (exposure to attitudes, values and
behaviours of neighbours) and the resources embedded in social networks in the neighbourhood (Friedrichs et al., 2003; Galster, 2012; Galster et al., 2010). These mechanisms depend on interactions between
neighbours (van Ham and Manley, 2012) and residents only become
acquainted with their neighbours after a certain length of residence
in the neighbourhood (Hedman, 2011; van Ham and Manley, 2012).
In this perspective, moving is an important life-course event (Sampson, 2012). A clear distinction between movers and non-movers accounts for the diverse moving experiences and exposure times to
the neighbourhood of residents (Hedman, 2011). To the extent that
ties with the former neighbourhood are kept — for instance through
(ir)regular visits — influences from the previous neighbourhood will
still continue after the move. People’s experiences are not wiped clean
once they have left their former residential neighbourhood, and may
even linger on. Neighbourhoods are constantly changing environments with a flux of changing social ties, networks and interactions
(Tienda, 1990). While neighbourhood characteristics generally hardly
change over time (Hedman et al., 2015), the subjective context evolves
as networks break down and other former residents also leave. Therefore, we expect a decaying effect of former residential neighbourhoods with time as residence spells move further into the past.
There are rivalling mechanisms that might also explain neighbourhood effects, such as environmental mechanisms (exposure to violence and the physical state of buildings), geographical mechanisms
(proximity to jobs and local political authorities) and institutional
mechanisms (stigmatisation and local institutional resources) (Galster, 2012). Generally, the influence of environmental mechanisms,
geographical mechanisms and institutional mechanisms are expected
to be less of an influence after the move. Yet, one could expect a scarring effect of having previously resided in a deteriorated, stigmatised
neighbourhood that has been detached from the local labour market.
Ultimately, although this paper cannot test them directly, various
mechanisms suggest that former residential neighbourhoods are likely
to have lingering effects later in life. This reinforces the need to model
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the effect of previous neighbourhoods. We expect that the previous
neighbourhoods of residence still have an effect on an individual’s
current socio-economic status.
Conditionality of (lingering) neighbourhood effects
Neighbourhood effects, both of the current and previous neighbourhood of residence, are not likely to be unconditional. A first temporal
conditionality has been recognised in earlier studies. For neighbourhood effects to occur, residents need to be exposed to their neighbourhood (Galster, 2008), most notably by residing there for an extended
period of time. Kasarda and Janowitz (1974) emphasise that “(...) neither social class nor stage in life-cycle are as powerful or consistent in
affecting local social bonds as is length of residence." Musterd et al.
(2012b, p. 607) find that “those who are exposed only briefly to an environment that is trying to reshape their behaviours will experience
little if any effect from it compared with those who are exposed to
the same socializing environment for a longer period of time" and
“some minimum duration of exposure to this new context will be required before new local social networks will produce any measurable
differences in job-related information conveyed by them".
The implications of this finding should be extended to previous
neighbourhood(s): Residents who only lived in neighbourhoods for a
short time span may not have been sufficiently exposed to continue to
be affected even after they leave that neighbourhood. The impact of
this earlier socialisation thus depends on the length of residence: The
longer the exposure time, the stronger neighbourhood effects will be
on residents’ subsequent income. In the words of Hedman and colleagues (2015, p. 199): “a longer stay in a poor neighbourhood where
social norms prevail which are less supportive of regular employment
might lead to lower income, whereas a brief period in such a neighbourhood is likely not to be sufficient to lead to different behaviours
or beliefs.".
In sum, subsequently residing in deprived areas brings about longlasting negative socialisation effects which are detrimental for a resident’s socio-economic outcomes. We expect that the effects of the
current and previous neighbourhoods will be stronger for individuals who have lived there for a longer period of time.

3.2 theoretical grounds for a temporal dimension

Yet, concurrent to the line of reasoning that it takes time for social
ties to be built after one moves into a neighbourhood, it takes time
for social ties to erode once one moves out. Evidently, the activity
of moving out of a neighbourhood is likely to disrupt ties with (former) neighbours, but it is not evident that those ties are eradicated
completely after moving. Especially in the short run former neighbours might be likely to keep in contact, even though such ties will
become more difficult to maintain, will be replaced with newly established ties, and therefore will ultimately erode. Hence, even lingering
neighbourhood effects are likely to fade with time: the effects of the
previous neighbourhood(s) of residence will be stronger for individuals who lived there more recently (both in terms of time elapsed and
of number of moves since).
Lingering neighbourhood effects and model estimation
In analyses of pooled data (i.e. of data that cover movers and nonmovers, that do not distinguish between former residence, number
of moves and length of residence, and therefore model direct effects
of the current neighbourhood), we expect this data set-up to have a
direct impact on the estimation, as the effects of former neighbourhood(s) are simply not included in the analyses. On the one hand,
it follows that the role of the current neighbourhood of residence in
affecting its residents’ socio-economic status is thus overestimated in
analyses of pooled data, as part of the effect in these types of analysis is attributable to the former neighbourhood of residence. On the
other hand, the total body of possible neighbourhood effects is underestimated as an individual is often exposed to more than one neighbourhood over their life course.
Hypothesis 1: The estimated effect of the current residential neighbourhood on residents’ socio-economic status is
smaller in models that incorporate the potential effects of
one or more former residential neighbourhood(s).
The alternative model in the literature, which focuses exclusively on
non-movers to pinpoint potential neighbourhood effects, only
shows a selective part of the whole range of potential neighbourhood effects. It limits itself to the current neighbourhood and to nonmovers.
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On the one hand, we can expect weaker neighbourhood effects
once we include movers, as non-movers are exposed to the neighbourhood for a longer period of time and therefore more likely to
be impacted by their neighbourhood. This line of reasoning suggests,
however, that non-movers actually have a choice. An alternative hypothesis is that neighbourhood effects for non-movers largely reflect
self-selection, as they lack the resources to move and in general have a
lower income (Musterd et al., 2012a), so that once we include movers,
neighbourhood effects are thus stronger. This leads to two contrasting
hypotheses:
Hypothesis 2a: Compared with models of non-movers, models that incorporate effects of former residential neighbourhood find weaker effects of the current residential neighbourhood on residents’ socio-economic status.
Hypothesis 2b: Compared with models of non-movers, models that incorporate effects of former residential neighbourhood find stronger effects of the current residential neighbourhood on residents’ socio-economic status.
data, measures and methods
Data register files
This paper explores the degree to which alternative modelling procedures - analysis of instantaneous effects in pooled data, analysis of
non-movers, and analyses that takes into account residential neighbourhood histories - yield different estimates of neighbourhood effects. This comparison requires multiple analyses of a single, individual-level longitudinal population data set. These data should cover
full information on both the previous neighbourhood(s) of residence
and the current neighbourhood of residence, so that we can model residents as being nested within both the current neighbourhood and the
previous neighbourhood simultaneously. The Social Statistical Database as made available by Statistics Netherlands meets these requirements.
This database is an individual-level longitudinal data file that covers the entire population of the Netherlands (1995-2011). In order
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to improve the modelling speed we have drawn a perfect random
sample of 5% of the total population that was ever registered in the
Netherlands from 1995 onwards. We refined our sample to individuals — both men and women — that are born between 1956 and 1974
(between 21 and 55 years old in 1995-2011), whose employment histories were further bookended by not being a student in 1999, and by
being active on the labour market in 2011, and who had no missings
on the key variables during their residential histories. This leaves us
with a sample size of 158,377 individuals.3
Description of variables
Time-variant and time-invariant individual-level variables. Each individual is allowed to have up to five residence spells; timing and duration
characteristics are included for each residence spell.4 The dependent
variable in our model is personal income, measured statically at one
point in time, i.e. at the end of the last residence spell in 2011 (measured in euros).5 This income variable combines income on a yearly
basis from work (earned wages of the employed and the profits for
the self-employed) and also includes transfers from social security
benefits, funds and alimonies minus the premiums for income insurance. This variable will be centred for the analysis. As we carefully
build up our analyses, later models control for residents’ income at
the start of their current residence spell.
We also control for year of birth, gender, nationality and household
status (four dummies: single, couple with and without children and
single parent and interactions of these dummies with gender) at the
end of the last residence spell. Variables that we do allow to change
for each residence spell are the neighbourhood deprivation index, the
length of residence, the years elapsed until the end of 2011 since leaving the neighbourhood (for previous residence spells only) and for
individuals with five addresses or more we include their residential
mobility (number of addresses). Data on educational attainment are
not yet available as education is not registered for the entire population.
Neighbourhood-level variables. The neighbourhood is operationalised
as the area delineated and operationalised by Statistics Netherlands,
with an average size of about 1,500 residents. We created a standard-
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ised index of neighbourhood deprivation for each neighbourhood for
the year 2011 based on all Dutch neighbourhoods for which socioeconomic information is available. An alternative modelling strategy
would have us focus on the effects of previous neighbourhood as
they were at the time when residents left to test for lingering effects
of previous socialisation. We have two main reasons to focus on the
neighbourhood information from 2011.
Theoretically, the lingering effect is more about sustained socialisation and interaction effects (such as contacts with the former neighbours) beyond past conditions (that should be captured by controlling
for income when entering the current neighbourhood). The 2011 context is not necessarily the same as the context as it was when the
respondent left the neighbourhood (see section ‘Mechanisms to explain (lingering) neighbourhood effects’), but we account for this by
testing the decaying effect of the former residential neighbourhoods
over time.
Methodologically, the alternative model strategy would lead to nesting issues in our cross-classified model. Each respondent would then
have unique contexts (depending on their time of leaving). If we had
to account for the dependence of neighbourhood composition at time
t0 and that very same neighbourhood’s composition at times t-1 and
t-2, we ought to have added yet another level of analysis on top of
our cross-classified model. This was unfeasible.
The neighbourhood deprivation index contains socio-economic dimensions that represent various domains of opportunity structures,
resources and stratification in the neighbourhood. The factorability of
the following five items (measured in the year 2011, coming from the
datafile Key Figures Districts and Neighbourhoods from Statistics Netherlands) was examined among 7,632 neighbourhoods: (1) the average
personal income per income recipient; (2) the average personal income per resident; (3) percentage of income recipients with income
less than or equal to the 40th percentile of the national income distribution; (4) percentage of income recipients with income equal to or
greater than the 80th percentile of the national income distribution (5)
number of welfare benefits per 1,000 households. The correlations between each pair of items ranged from 0.451 to 0.932. The internal consistency for the index was examined using Cronbach’s alpha based on
standardised items, which was high (0.921). The Kaiser- Meyer-Olkin
postfactor measure of sampling adequacy was 0.81, suggesting an ad-
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equate factorability. Using principal component analysis (unrotated)
only one component is estimated which explains 77% of the variance
and the eigenvalue of this component is 3.86. The index of neighbourhood deprivation is standardised and included in the model as
a continuous independent variable.6
Descriptive statistics
The main data set of 158,377 individuals is employed for the first
model, combining the analysis of movers and non-movers for their
most recent address. As explained, we also estimate models on nonmovers and residents that lived on two, three, four and five (or more)
addresses. Table 3.1 provides descriptive statistics for each sub data
set.7 The distinct differences between individuals with dissimilar residential trajectories stresses the importance of explicitly taking this
into account when comparing alternative models and estimating conditional neighbourhood effects.
Modelling strategy
To investigate the consequences of the models that ignore individual
residential neighbourhood histories on the estimation of neighbourhood effects, we take on two different modelling strategies. In the
first step of our analysis, we replicate the existing methodological
approach by estimating two conventional two-level models with individuals nested within the current neighbourhood of residence. The
first model is estimated on a sample of both movers and non-movers
combined and ignoring residential histories (cf. Andersson et al., 2007;
Musterd et al., 2003; van Ham and Manley, 2010). The second model
is estimated on a sample of non-movers (cf. Musterd et al., 2012a).
As we do not account for the previous neighbourhood(s), these models are not cross-classified. These conventional random intercept twolevel models (model 1 and model 2 in Tables 3.2 and 3.3) function as
reference points to uncover misestimations in previous studies.
In the second step of our analysis, we take into account both the
previous neighbourhood(s) of residence and the current neighbourhood of residence. We model multiple contexts simultaneously, even
though these contexts themselves are not nested in each other. For
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6,290
n/a

n/a

n/a

n/a

n/a

n/a

n/a

N

1

7,513
n/a

10

Source: authors’ calculations using Social Statistical Database, Statistics Netherlands

Address t0: Number of neighbourhoods
Address t-1: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-2: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-3: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-4: Number of
neighbourhoods / address in same
neighbourhood as address t0

Number of/moving within
neighbourhoods

1

0

0.175

1.723

16.905

2.794

16.917

5.549

10.281

0

26,397
4.115
0.831

2
1956
-8.096

32,974
5.266
0.981

10.36%
89.64%
9.39%
19.81%
62.86%
4.27%
1,000,000 36,871
1974
1961.49
4.553
0.035

15.35%
84.65%
12.80%
17.99%
61.03%
6.03%
41,110
1964.9
-0.099

%/Mean SD

52.23%
47.77%

max.

54.56%
45.44%

min.

1

13

6
1956
-8.096

min.

Non-movers
N=38,367

Gender
Male
Female
Origin
Allochthonous
Autochthonous
Single
Partner without children
Partner with children
Single parent
Personal income
Year of birth
Neighbourhood Deprivation Index
most current address
Length of residence most current address
(in years and fraction of years)
Number of addresses (restricted to 10)

%/Mean SD

Movers / non-movers combined
N=158,377

Table 3.1: Descriptives of each subsample

53.99%
46.01%

1

16.917

n/a

n/a

n/a

6,693
6,280

N

2

11.087

25.19%

0

4.342

32,515
4.852
0.955

%/Mean SD

14.50%
85.50%
12.84%
17.65%
62.82%
5.34%
1,000,000 41,278
1974
1964.08
3.827
-0.113

max.

2

0

8
1956
-5.607

min.

Movers: two addresses
N=45,601

2

16.917

1,000,000
1974
3.793

max.
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Source: authors’ calculations using Social Statistical Database, Statistics Netherlands

n/a

4,978

5,347
5,170

N

4

n/a

3

4,983

14.76%

5,868

3

n/a

21.28%

N
6,191
5,880

Number of/moving within
neighbourhoods

Address t0 Number of neighbourhoods
Address t-1: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-2: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-3: Number of
neighbourhoods / address in same
neighbourhood as address t0
Address t-4: Number of
neighbourhoods / address in same
neighbourhood as address t0

0

6.167

3

16.917

4.075

7.820

0

34,060
4.964
1.006

2
1956
-8.096

17.83%
82.17%
13.88%
17.00%
59.94%
7.44%
1,000,000 44,220
1974
1967.42
3.793
-0.195

16.59%
83.41%
12.55%
17.08%
62.36%
6.49%
42,866
1966.29
-0.166

9.79%

12.01%

18.77%

0

3.621

36,271
4.840
1.052

%/Mean SD

56.29%
43.71%

max.

55.48%
44.52%

min.

4

0

5
1956
-8.096

min.

Movers: four addresses
N=19,259

Gender
Male
Female
Origin
Allochthonous
Autochthonous
Single
Partner without children
Partner with children
Single parent
Personal income
Year of birth
Neighbourhood Deprivation Index
most current address
Length of residence most current address
(in years and fraction of year)
Number of addresses (restricted to 10)

%/Mean SD

Movers: three addresses
N=32,321

56.82%
43.18%

4

16.500

5,180

5,139

5,212

5,541
5,334

N

6.083

4.493

7.32%

7.97%

12.08%

16.51%

1.378

3.150

38,240
4.647
1.131

%/Mean SD

5

0

9
1956
-8.096

min.

10

16.500

1,000,000
1974
4.553

max.

Movers: five (or more) addresses
N=22,829

21.61%
78.39%
17.87%
17.74%
53.44%
8.54%
1,000,000 42,787
1974
1968.32
4.553
-0.118

max.

Table 3.1: Descriptives of each subsample (continued)
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that purpose, cross-classified multilevel models are the most appropriate technique.8 It allows us to estimate the effects of functionally
different contexts (i.e. current and former neighbourhoods) simultaneously. Although the very same neighbourhoods constitute the contexts at the higher levels of analysis, these contexts are functionally
different to the respondents (as we separate current and former place
of residence) and theoretically expected to induce different effects.
Separating these effects is crucial to test assumptions behind potentially underspecified models (Fielding and Goldstein, 2006).9 Crossclassified models are computationally very demanding to estimate.
To avoid numerical and memory problems, we estimate our models in MLWin using the more efficient MCMC Bayesian estimation
method with a IGLS estimation prior as propagated by Browne et al.
(2001). As these cross-classified models rapidly become too complex
to estimate, we only model the current and the immediately previous
neighbourhood at higher levels of analysis. The second-last, third-last
and fourth-last neighbourhood for residents with respectively three,
four or five addresses are included as individual-level characteristics.
While this has no consequences for the effect size, the standard errors
of the effects of these specific contexts are underestimated. Nevertheless, we incorporate them in our analyses to see how the inclusion of
these effects affects the other estimates. The cross-classified model we
consider for the individual i can be represented as follows (Rasbash
et al., 2009):

Yi(jk) = β0 + β1 Xijk + β2 Zjk + β3 Zk + β4 Xijk + υ0j + υ0k + 0i(jk)
where Yi(jk) is the income in 2011 of respondent i from the (jk)th former neighbourhood/current neighbourhood combination; β1 Xijk is
the effect of an individual-level characteristic of respondent i; β2 Zjk
is the effect of a neighbourhood-level characteristic of the current
(k) and former neighbourhood (j) cross-nested; β3 Zk is the effect of
a neighbourhood-level characteristic of current neighbourhood (k);
β4 Xijk is the effect of neighbourhood-level characteristics for the
second-last, third-last and fourth-last neighbourhood of residents
(which are included as an individual-level characteristic of respondent i); υ0k represents the variation in the intercept across the current neighbourhood of residence; υ0j represents the variation in the
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intercept across former neighbourhood of residence; and i(jk) is the
remaining variation within individuals.
We build up eight cross-classified models of individuals nested in
the current and former residential neighbourhood, namely those estimated on a subsample of respondents who lived at precisely two
addresses (3-4), on a subsample of respondents who lived at precisely
three addresses (5-6), on a subsample of respondents who lived at precisely four addresses (7-8), and a subsample of respondents who lived
at five or more addresses, controlled for the number of addresses (910). For each subsample, we first model only the current neighbourhood effect and then add the neighbourhood effect(s) of the previous
neighbourhood(s) of residence in the second step.10 As these models
fix the number of addresses and moves, our outcomes are not dependent on residential instability.
In the build-up to our data set and models, we have made some
major choices regarding what constitutes a residential move and our
population of study. To further substantiate our findings, we performed multiple robustness checks on our core model. We will elaborate on this in section ‘Robustness checks’.
results
Baseline models
Table 3.2 shows that regardless of the length of residence, living in a
neighbourhood with a high deprivation index has a statistically significant negative effect on an individual’s income. In other words, there
is a substantive loss in income: a one-unit increase in the deprivation
index means a loss of a few thousand euros in yearly income. It also
shows a large difference in the effect depending on our subsample
and modelling strategy, however. Model 1 pools together movers and
non-movers, neglecting residential mobility and lingering neighbourhood effects. By comparison, model 2 focuses on the non-movers only
and shows a much lower estimation of the neighbourhood effect.
Models 3-10 are the cross-classified models for residents that lived
at two, three, four and five (or more) addresses. What is apparent
from these models is that an exclusive focus on the current residential neighbourhood overestimates that neighbourhood effect. When
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Nbh deprivation indexijk

Nbh deprivation indexijk

t-4

n/a
n/a

n/a

663,584
-439,968
38,367

n/a

n/a

n/a
n/a

(62.690)

426,310
-1,855,424
158,377

(SE)
(151.502)
n/a
n/a

n/a

n/a

n/a

n/a

n/a

B
-5041.040***
n/a
n/a

265.484***

n/a

n/a

(SE)
(100.049)
(18.979)
n/a

-7511.382***
-235.941***
n/a

B

model 2
two-level

model 1
two-level

n/a

n/a

n/a

n/a

1,022,711
1,065,491
45,601

-6337.753***
2.787
n/a

B

model 3
cross-classified

n/a

n/a

n/a

n/a

(164.003)
31.750
n/a

(SE)

B

model 4
cross-classified

984,453
1,065,476
45,601

n/a
-3036.299***

n/a

n/a

n/a

-5143.438***
25.295
-1463.137***

Movers (2 addresses)

(SE)

n/a
(173.665)

n/a

n/a

n/a

(172.284)
31.804
329.651

One-tailed test: * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single
parents) and interactions of household status dummies with gender. The coefficients for these variables are not reported.

Intercept
Log likelihood / MCMC Deviance
N individuals

Nbh deprivation indexijk

t-3

Nbh deprivation indexk
Length of residence (centred)
Previous address in same
neighbourhood as address t0
Second to previous address in same
neighbourhood as address t0
Third to previous address in same
neighbourhood as address t0
Fourth to previous address in same
neighbourhood as address t0
Number of addresses
Nbh deprivation indexjk

t-2

t-1

t0

Address

Non-movers

Most recent address (movers and
non-movers)

Table 3.2: Random intercepts model of impact of exposure to deprived neighbourhoods on personal income in 2011 with
various individual residential histories
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n/a

n/a

n/a

n/a

n/a

n/a

n/a
203.958
194.335

n/a

n/a

(525.370)

n/a

n/a

n/a

n/a

382,657
454,880
19,259

-8567.294***
-30.794
n/a

n/a

n/a

n/a

n/a

(244.920)
(66.725)
n/a

(SE)

248,454
454,607
19,259

n/a
-3658.834***
-1753.578***
-995.708***

n/a

-2994.422***

-2247.641***

-5942.049***
45.412
196.625

(SE)

n/a
(268.037)
(262.543)
(251.561)

n/a

(874.821)

(798.787)

(276.552)
(65.830)
(637.205)

model 8
cross-classified
B

Movers (4 addresses)

B

-110,319
541,247
22,829

-1312.920***

n/a

n/a

n/a

-8820.355***
32.681
n/a

(SE)

(169.558)

n/a

n/a

n/a

(243.154)
(75.904)
n/a

-1227.664***
-3144.384***
-1917.919***
-1482.819***
-836.980***
-166,479
541,033
22,829

-2065.736*

-2423.186**

-1925.476**

-6338.245***
132.794
1265.595*

B

(SE)

(172.724)
(257.948)
(242.375)
(238.532)
(230.353)

(964.836)

(907.475)

(765.879)

(264.870)
(75.048)
(655.677)

model 10
cross-classified

Movers (5 addresses or more)
model 9
cross-classified

One-tailed test: * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single
parents) and interactions of household status dummies with gender. The coefficients for these variables are not reported.

530,216
758,028
32,321

n/a
-3332.917***
-1110.769***

n/a

n/a

-3155.845***

n/a

n/a

643,619
758,247
32,321

(SE)
(213.683)
(42.240)
(448.454)

B

B

-5966.003***
-49.676
-669.751

(SE)

(198.841)
(42.444)
n/a

model 7
cross-classified

model 6
cross-classified

B

Movers (3 addresses)

-7771.436***
103.932***
n/a

model 5
cross-classified

Table 3.2: Random intercepts model of impact of exposure to deprived neighbourhoods on personal income in 2011 with
various individual residential histories (continued)
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-236,506
-1,798,490
158,377

B

n/a
n/a
0.920***
n/a

n/a
(43.775)
(0.002)
(0.000)

n/a
n/a
(0.005)
n/a

n/a

n/a
n/a

-67,114
-427,720
38,367

(SE)
(107.861)
n/a
n/a

n/a

n/a

-1481.927***
n/a
n/a

194.844***
0.915***
0.003***

n/a
n/a

n/a
n/a

(SE)
(59.912)
(17.686)
n/a

-2113.161***
306.968***
n/a

B

model 2
two-level

model 1
two-level
B

n/a
0.898***
0.014***

n/a

n/a

n/a

-2212.387***
-113.981***
n/a

37,490
1,041,331
45,601

(SE)

n/a
(0.005)
(0.001)

n/a

n/a

n/a

(112.365)
(39.018)
n/a

model 3
cross-classified

n/a

-873.583***

n/a
0.888***
0.014***

n/a

n/a

25,857
1,041,228
45,601

(SE)

(125.456)

n/a
(0.005)
(0.001)

n/a

n/a

n/a

(125.533)
(38.764)
(238.660)

model 4
cross-classified

-1853.780***
-103.645**
-139.607

B

Movers (2 addresses)

One-tailed test: * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single parents) and
interactions of household status dummies with gender. The coefficients for these variables are not reported.

Intercept
Log likelihood / MCMC Deviance
N individuals

Nbh deprivation indexijk
Nbh deprivation indexijk

Address t-3

Address t-4

Nbh deprivation indexijk

Nbh deprivation indexk
Length of residence (centred)
Previous address in same
neighbourhood as address t0
Second to previous address in same
neighbourhood as address t0
Third to previous address in same
neighbourhood as address t0
Fourth to previous address in same
neighbourhood as address t0
Number of addresses
Income at start residence spell
Length of residence (centred) x income
at start residence spell
Nbh deprivation indexjk

Address t-2

Address t-1

Address t0

Non-movers

Most recent address (movers and
non-movers)

Table 3.3: Random intercepts model of impact of exposure to deprived neighbourhoods on personal income in 2011 (controlled
for income at start residence spell) with various individual residential histories
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n/a

n/a

n/a
(0.005)
(0.001)

n/a

n/a

n/a
0.909***
0.008***
(140.799)
(138.168)

-975.939***
-38.655

-206,691
736,776
32,321

n/a
(0.005)
(0.001)

n/a

n/a

(365.237)

n/a
0.904***
0.008***

n/a

n/a

(SE)
(145.506)
(49.284)
(319.682)

B

n/a
0.906***
0.003

n/a

n/a

n/a

-2160.287***
810.058***
n/a

-334,989
439,128
19,259

(SE)

n/a
(0.006)
(0.002)

n/a

n/a

n/a

-1163.843***
-323.389*
-23.237

n/a
0.900***
0.002

n/a

-999.238*

-610.472

-359,876
439,096
19,259

(SE)

(185.267)
(171.692)
(169.490)

n/a
(0.006)
(0.002)

n/a

(570.043)

(519.067)

(180.032)
(70.433)
(432.614)

model 8
cross-classified

-1514.736***
831.496***
-400.238

B

Movers (4 addresses)

(160.194)
(70.754)
n/a

model 7
cross-classified
B

-160.191
0.960***
0.008***

n/a

n/a

n/a

-1550.543***
876.094***
n/a

-262,747
518,621
22,829

(SE)

(104.887)
(0.005)
(0.002)

n/a

n/a

n/a

(131.870)
(69.166)
n/a

B

-573.180***
-3.096
-240.884*
-174.729

-156.536
0.956***
0.008***

-223.555

-650.276

-789.754*

-1183.177***
898.814***
-142.043

-261,729
518,562
22,829

(SE)

(150.868)
(148.265)
(142.540)
(138.256)

(106.067)
(0.005)
(0.002)

(584.842)

(551.433)

(453.533)

(148.809)
(69.432)
(394.812)

model 10
cross-classified

Movers (5 addresses or more)
model 9
cross-classified

One-tailed test: * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single parents) and
interactions of household status dummies with gender. The coefficients for these variables are not reported.

-182,516
736,812
32,321

n/a

n/a

-1435.307***

B

-1950.987***
341.931***
-430.839

(SE)

(132.931)
(48.912)
n/a

model 6
cross-classified

B

Movers (3 addresses)

-2431.953***
321.914***
n/a

model 5
cross-classified

Table 3.3: Random intercepts model of impact of exposure to deprived neighbourhoods on personal income in 2011 (controlled
for income at start residence spell) with various individual residential histories (continued)
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all the previous neighbourhoods of residence are taken into account,
the effect of the current neighbourhood drops (as shown in models
4, 6, 8 and 10). Having lived in a neighbourhood with a high deprivation index has a statistically significant detrimental effect on an
individual’s current income. The impact of the composition of the
immediately preceding neighbourhood is more than half the size of
the impact of the current neighbourhood. This suggests that there
are relevant lingering effects from the previous residential neighbourhood. The second-last, third-last and fourth-last neighbourhood for
residents with respectively three, four or five addresses also have
some impact, albeit less strong than the last neighbourhood.
Table 3.3 illustrates the effects for models that are able to control for
this type of self-selection effect and explicitly controls for the income
of residents at the start of their most current residence spell.11 Although the neighbourhood effects are much smaller than in Table 3.2,
the same pattern is observable. Regardless of the income at the start
of the residence spell and length of residence, living in a neighbourhood with a high deprivation index has a statistically significant negative effect on individuals’ income. When the last neighbourhoods
of residence are taken into account, the effect of the current neighbourhood diminishes substantially: having lived in a neighbourhood
with a high deprivation index before the current address still has a
statistically significant detrimental effect. Including the previous residence spell reveals an overestimation of the current neighbourhood
by 16% (model 3-4) up to 30% (model 7-8). Once we control for selfselection, the second-last, third-last and fourth-last neighbourhood
for residents with three, four or five addresses no longer have a substantive, significant negative impact. Still, the lingering effects from
the previous residential neighbourhood show an underestimation of
the total body of neighbourhood effects by 13% (model 9-10) up to
24% (model 7-8).
The comparison of residents with two up to five (or more) addresses also indicates that the impact of the current neighbourhood of
residence diminishes with the frequency with which residents have
moved. This supports the first hypothesis: models that incorporate
effects of former residential neighbourhoods find weaker effects of
the current residential neighbourhood on residents’ socio-economic
status. Similarly, we find support for hypothesis 2b: models solely
focusing on non-movers underestimate neighbourhood effects, mod-

3.4 results

els that incorporate effects of former residential neighbourhoods find
stronger neighbourhood effects. Thus, the previous neighbourhood(s)
of residence still have an effect on an individual’s current socio-economic status.
The temporal conditionality of neighbourhood effects
The lingering effects are not likely to be unconditional upon the individual’s residential history. Tables 3.4 and 3.5 build on Table 3.3 by
introducing conditional neighbourhood effects.12 Table 3.4 interacts
the effect of the current neighbourhood of residence with the amount
of time spent in this neighbourhood.13 For residents with three, four
or five addresses the neighbourhood effects of the current neighbourhood are stronger for individuals who have lived there for a longer
period of time. This is not found for individuals with only two addresses.14
Are the lingering neighbourhood effects also conditional upon the
temporality of the residential histories? Table 3.5 focuses only on individuals with two or three addresses, given that we found no significant effects of residential neighbourhoods further in the past. Table 3.5a (model 1) shows that for individuals who only moved once
(have two addresses), the effect of the previous neighbourhood grows
weaker with the time they lived at the current address.15 Table 3.5b
shows that, contrary to our expectations, for individuals with three
addresses (model 4) the lingering neighbourhood effect of the previous neighbourhood is stronger rather than weaker when individuals
have lived there further in the past.16
Robustness checks
Our analyses suggest the necessity of including an individual’s residential history in the estimation of neighbourhood effects. In this
section, we test the robustness of our models to some choices that
were behind our core models (Table 3.3, model 3-4).
The first choice concerns what constitutes a move: in our models
a residential move is any move between addresses, including those
within a single neighbourhood. To verify the robustness of our results, we distinguished the data set in movers that move within and
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Nbh deprivation indexijk

-96.558***

n/a
(0.005)
(0.001)
(25.413)

n/a
0.896***
0.014***
47.634*
(124.379)

n/a

n/a

-873.379***

n/a
0.904***
0.007***

n/a

n/a

-25.503

-982.366***

n/a

n/a

-1421.283***

n/a

28,092
1,041,270
45,601

B
-1986.089***
358.847***
-416.672

n/a

(SE)
(124.571)
(39.405)
(241.908)

-1841.189***
-112.621**
-147.455

B

-207,781
736,774
32,321

(134.521)

(141.833)

(30.171)

n/a
(0.005)
(0.001)

n/a

n/a

(367.781)

(145.313)
(50.065)
(315.050)

(SE)

model 6
cross-classified

model 4
cross-classified
B

-16.997

-339.856*

-1163.820***

-225.815***

n/a
0.898***
0.000

n/a

-992.120

-562.774

-1576.296***
878.122***
-359.488

-364,445
439,121
19,259

(SE)

(166.284)

(173.096)

(179.761)

(42.795)

n/a
(0.006)
(0.002)

n/a

(578.233)

(520.636)

(181.158)
(72.016)
(429.166)

model 8
cross-classified

Movers (4 addresses)

B

-166.170

-251.132*

-12.380

-576.934***

-208.846***

-163.932
0.954***
0.006***

-185.051

-656.969

-760.815

-1203.113***
971.061***
-94.592

-261,048
518,547
22,829

(SE)

(140.761)

(144.166)

(146.987)

(150.237)

(41.396)

(103.948)
(0.005)
(0.002)

(592.125)

(555.319)

(468.178)

(115.193)
(72.212)
(391.354)

model 10
cross-classified

Movers (5 addresses or more)

One-tailed test: * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single parents) and
interactions of household status dummies with gender. The coefficients for these variables are not reported.

Intercept
MCMC Deviance
N individuals

Address t-4

Address t-3

Nbh deprivation indexijk
Nbh deprivation indexijk

Nbh deprivation indexk
Length of residence (centred)
Previous address in same
neighbourhood as address t0
Second to previous address in same
neighbourhood as address t0
Third to previous address in same
neighbourhood as address t0
Fourth to previous address in same
neighbourhood as address t0
Number of addresses
Income at start residence spell
Length of residence (centred) x income
at start residence spell
Length of residence (centred) x Nbh
deprivation indexk
Nbh deprivation indexjk

Address t-2

Address t-1

Address t0

Movers (3 addresses)

Movers (2 addresses)

Table 3.4: Random intercepts model of impact of exposure to current neighbourhood in interaction with length of residence
in current neighbourhood on personal income in 2011 (controlled for income at start residence spell) with various
individual residential histories
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72.649**

Length of residence adress t0 (centred) x Nbh deprivation indexjk

Intercept
MCMC Deviance
N individuals

53,927
1,041,409
45,601

393.230***
-12.988

Years elapsed since leaving address till 2011
Nbh deprivation indexjk x Years elapsed since leaving address

Nbh deprivation indexijk
Years elapsed since leaving address till 2011
Nbh deprivation indexijk x Years elapsed since leaving address

-1902.625***
-181.489
n/a
0.876***
-738.853**

Nbh deprivation indexk
Previous address in same neighbourhood as address t0
Second to previous address in same neighbourhood as address t0
Income at start residence spell
Nbh deprivation indexjk
(24.472
(25.741)

25.225

-29.154

-207,089
736,800
32,321

-1986.482***
359.665***
-421.992
-1435.519***
0.904***
0.007***
-92.261**
-985.936***

B

Length of residence adress t0 (centred) x Nbh deprivation indexijk
(127.105)
(246.554)
n/a
(0.005)
(313.293)

(SE)

(33.876)

(139.999)

(35.087)

(146.331)
(51.794)
(319.753)
(374.496)
(0.006)
(0.001)
(34.426)
(142.475)

(44.670)
(41.267)
77.400*
30.454
-191,229
736,781
32,321

(577.683)

629.094***
-120.621***
-476.330

(34.961)
(30.676)

(148.196)
(314.333)
(369.047)
(0.005
(279.393)

(SE)

(b) model 4
cross-classified

-1974.717***
-457.271
-1426.507***
0.891***
-51.615

B

Movers (3 addresses)

(SE)

(a) model 3
cross-classified

-26.919

(28.692)

(124.752)
(40.471)
(249.298)
n/a
(0.005)
(0.001)
(27.993)
(124.586)

B

(b) model 2
cross-classified

Nbh deprivation indexijk

25,949
1,041,227
45,601

-1841.208***
-131.423***
-135.584
n/a
0.895***
0.014***
16.663
-873.182***

Nbh deprivation indexk
Length of residence (centred)
Previous address in same neighbourhood as address t0
Second to previous address in same neighbourhood as address t0
Income at start residence spell
Length of residence x income at start residence spell
Length of residence (centred) x Nbh deprivation indexk
Nbh deprivation indexjk

(SE)

Movers (2 addresses)

One-tailed test: *p<0.05, **p<0.01, ***p<0.001 Source: authors’ calculations using Social Statistical Database, Statistics Netherlands
Note: this model controls for gender, year of birth, autochthonous, household status dummies (single, couple with and without children and single parents) and
interactions of household status dummies with gender. The coefficients for these variables are not reported.

Address t-2

Address t-1

Address t0

Address t-2

Address t-1

Address t0

B

(a) model 1
cross-classified

Table 3.5: Random intercepts model of impact of exposure to previous neighbourhood interacted with (a) length of residence
in the current neighbourhood of residence and (b) time elapsed since leaving this previous neighbourhood of
residence (controlled for income at start residence spell)
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those that have moved beyond the neighbourhood (both in a splitrun and via interaction models). We find that this distinction does
not substantially affect our findings: the impact of the former residence spell is somewhat (but not significantly) weaker among those
who moved within the same neighbourhood than among those who
moved between different neighbourhoods.
The second main choice concerns our data selection. We have drawn
a perfect random sample of 5% of the total population ever registered
in the Netherlands from 1995 onwards. To test the robustness of our
findings, we split our original sample in half and re-ran our models
models to find highly similar results.
We had refined our sample to individuals who had an income
above zero over the course of 2011 (excluding individuals with debts
and/or without income) and that were active on the labour market in
its broadest meanings. We re-estimated our core models on datasets
(1) with males only, (2) without self-employed individuals, (3) with
yearly income capped at 100,000 euros, and (4) without individuals
from the most and least affluent neighbourhoods (1.5 standard deviation above and below the neighbourhood population mean). In all of
these analyses the direction and significance of neighbourhood effects
are highly similar to our main models. Most importantly, all our substantive conclusions concerning the lingering neighbourhood effects
hold.17 Regardless of data selection, residential histories matter.
conclusions
This study conducted a systematic comparison of neighbourhood effects with alternative modelling procedures taking into account residential neighbourhood histories. We found strong evidence that conventional models of neighbourhood effects overestimate the impact
of the current residential neighbourhood. Previous neighbourhood(s)
have a statistically detrimental effect on residents’ current income beyond their current neighbourhood of residence, even when we control for the level of income when these residents entered their current neighbourhood. Inclusion of these lingering effects of previous
neighbourhoods in our models has significant and substantive consequences for the estimated impact of the current neighbourhood in
models that are conventionally used in this literature. Compared with

3.5 conclusions

common cross-sectional studies, the inclusion of lingering neighbourhood effects diminishes the estimated impact of the current neighbourhood. By contrast, compared with studies that focus solely on
non-movers, the inclusion of lingering neighbourhood effects shows
a stronger impact of the current neighbourhood.
Methodologically, our findings imply that scholars should be aware
that conventional models of neighbourhood effects that neglect residential histories lead to a serious bias of the estimates. The impact of
the current neighbourhood is overestimated (16-30%); the impact of
the whole body of (current and former) neighbourhood is strongly underestimated (by 13-24%). This study stresses the need for a methodological framework that better isolates current and former neighbourhood effects. This framework should include the previous neighbourhood(s) of residence, the moving behaviour, the passage of time and
the temporal exposure to different neighbourhoods. Cross-classified,
multilevel models provide such a framework.
Theoretically, these findings suggest that residents are exposed to
different neighbourhoods at the same time. People continue to be
affected by their previous residential neighbourhoods even after the
move (as theorised by Hedman, 2011). Although these lingering neighbourhood effects tend to fade the more often individuals move, they
are rather persistent and last even beyond the level of income residents have at the start of their current residential spell. These effects
might be induced by long-lasting socialisation (that stay with residents in subsequent years), continuing social networks, or a scarring
effect of poor labour market histories. Ultimately, though, this study
is unable to isolate the mechanisms behind the effects we find. Future
studies should aim at identifying these mechanisms, for example by
enriching the register data with social network survey data.
From this it follows that scholars should widen the scope of their
studies beyond the current neighbourhood of residence, and recognise that individual selection into and exposure to more neighbourhoods is part of a larger structure of social and spatial inequalities.
Residentially mobile individuals are continuously embedded in social and spatial structures. As neighbourhood conditions influence
residents’ incentives and — as this study illustrates — resources that
are at the basis of subsequent decisions to move in or out of any
neighbourhood, the phenomenon of selection bias itself is a form
of neighbourhood effect. Such neighbourhood effects are not con-
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strained to one neighbourhood or to a single point in time. Rather,
they cross the borders of the current residential neighbourhood and
point to larger temporal and spatial (dis)advantages for residents. On
the contrary, one could also argue that continuing to live in disadvantaged neighbourhoods may not only be the cause, but also another indicator of (pre-existing) individual deprivation (Bailey, 2012).
Nevertheless, it seems that scholarly research has underestimated the
extent to which socially spatial stratified settings breed structural
(dis)advantages (Sampson, 2012).
endnotes
1

There are remarkable inconsistencies in the neighbourhood effects field: some researchers have found significant empirical evidence for negative neighbourhood effects
(e.g. Andersson et al., 2007; Cotter, 2002; Musterd et al., 2003; van Ham and Manley,
2010), Brännström (2005) finds no effects and Bolster et al. (2007) even find positive
effects of living in a deprived neighbourhood.
2 The use of systematic model comparisons is not unlike the approach of Galster
and Hedman (2013), who focus on different modelling strategies to assess causality.
3 We make the restriction that the first spell should begin before 1 January 1999 and
the last spell should not end before 31 December 2011. For almost all individuals, we
can follow them from 1995 onwards already.
4 The distribution of our data made us decide that it would be sufficient to include
only the last five residence spells of individuals: 24.2% never moved (38,367 individuals), 28.8% moved only once (45,601 individuals), 20.4% moved twice (32,321 individuals), 12.2% moved three times (19,259 individuals) and the remaining 14.4% moved
four times or more (22,829 individuals). More precisely, 6.8% lived at five addresses,
3.6% at six addresses, 1.9% at seven addresses, 1% at eight addresses (remaining 1.2%
lived at more than eight addresses). For our sample with individuals that lived at five
addresses (or more) we control for residential mobility (capped at ten addresses).
5 We only focus on those individuals who had an income above zero (so individuals with debts and with no income are excluded) and that were active on the labour
market (employee, civil servant, other active, self-employed or director/majority stakeholder) over the course of 2011. Income was set on 31 December in 2011 by Statistics
Netherlands.
6 The neighbourhood deprivation index is standardised over the total population
of 7,632 neighbourhoods in the Netherlands for which socio-economic information is
available in 2011. The mean of this standardised index is 0 for the full population, but
slightly deviates from 0 in our subsamples (as can be seen in Table 3.1) as the complete
population of neighbourhoods is not covered. Furthermore, the number of neighbourhoods for the current and previous addresses of residence differs per subsample (also
see Table 3.1).
7 The variables on personal income and length of residence are centred in our models, but in Table 3.1 we provide descriptives for the non-centred variables.
8 So far, this cross-classified approach has only been applied in estimating neighbourhood effects on children’s mental health and cognitive ability (cf. Sampson et al.,
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2008; Wheaton and Clarke, 2003), not on neighbourhood effects on adult’s socio-economic outcomes.
9 Because the same contexts are functionally different, cross-classified models are
more appropriate than the main alternative, i.e. multiple membership models. See, for
instance, Zaccarin and Rivellini (2002), who employed a similar strategy to estimate
effects of functionally different geographic environments simultaneously.
10 The data are set up in addresses, not in neighbourhoods. Our models include dummies that indicate whether the previous address(es) is/are in the same neighbourhood
as the current address.
11 Information on yearly income is available from 2003 onwards. For residents who
commenced their current residence spell before 2003, and thus lived in the current
neighbourhood at least eight years, their income will be set to the income of 2003. To
take this into account, we include an interaction effect of income at start of residence
spell with the length of residence. Less than 5% commenced their current residence
spell in 2011. Their income at the start of their residence spell is thus the same as our
dependent variable. For these individuals our test is particularly strict. As with the
dependent variable, we only keep those with an income above zero, but we do not
restrict our sample to residents that were active on the labour market at the start of the
residence spell.
12 Without a model for non-movers as this group has almost no variation in length
of residence.
13 The length of residence is measured for the most recent address and centred.
14 We estimated a random intercept model. The random slope parameters were not
estimated in our model because the random slope and intercept-slope covariances
could not be estimated in MLWin (no model convergence).
15 We cannot include length of residence for both the current and previous addresses
at the same time because of multicollinearity.
16 This finding still holds once we split the sample in those who move within and
between the neighbourhood, although it less strong for those who moved between
neighbourhoods.
17 Evidently, the precise coefficients for neighbourhood effects differ per subsample:
they are roughly the same once extreme neighbourhoods are excluded, but are larger
among males, and smaller among wage earners (excluding self-employed) and among
residents whose income is capped at 100,000 euros. The latter shows that neighbourhood effects are sensitive to outliers. All in all, the robustness checks tell us that not
only residential histories but also the selection of population leads to notable variation
in the outcomes.

4

NEIGHBOURHOOD EFFECTS FOR DIFFERENT
H O U S E H O L D C O N F I G U R AT I O N S O V E R T H E L I F E
COURSE

Abstract The field of neighbourhood effects studies on individual socioeconomic outcomes has two main shortcomings. Most studies (i) ignore the
impact of the neighbourhood on the duration of inactivity and timing of entering the labour market and, (ii) disregard the heterogeneity of these neighbourhood effects for different household configurations over the life course.
Yet, it is likely that the neighbourhood influences its residents in heterogeneous ways. This study analyses the differential impact of the neighbourhood
on the individual transition rates from inactivity to work from a life course
perspective. It applies a discrete time event history analysis with unique
individual-level population panel data from 2004 to 2011 in the Netherlands,
covering a random sample of over 30,000 individuals with changes in employment status, household position, and neighbourhoods over time. The
models suggest that residing in a deprived neighbourhood only hampers
the transition to work for women, above and beyond their individual characteristics and household resources, as well as that this association hinges
on their household composition: our findings show that only for partnered
mothers with the youngest child below 4 years and single mothers with the
youngest child between 4 and 12 years a higher level of neighbourhood deprivation results in a statistically significant reduction in the odds of making
the transition to work. These conditional neighbourhood effects reveal unexplored mechanisms and generate different kinds of policy implications from
the ones we usually see.

introduction
Over the past few decades, much scholarly attention has been given
to the question whether the neighbourhood in which one lives has an
A slightly different version of this chapter has been published as Miltenburg, E.M.
and van de Werfhorst. H.G. (2016). Finding a Job: The Role of the Neighbourhood for
Different Household Configurations over the Life Course. European Sociological Review.
Advance online publication. doi: 10.1093/esr/jcw045.
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impact on one’s socio-economic chances in life (e.g. Andersson et al.,
2007; Musterd et al., 2003; van Ham and Manley, 2010). However, little
is known about the impact of the neighbourhood on the dynamics of
life transitions. Whereas labour market studies have since long moved
from questions asking whether transitions take place to when they
take place, the neighbourhood effects literature has mostly retained
a static empirical approach thus far. Even though scholars have employed longitudinal data to study the impact of the neighbourhood on
the persistence of poverty across years of investigation (Galster et al.,
2008; Manley and van Ham, 2012; Hedman et al., 2015), no appropriate dynamic modelling techniques have been employed that enable
the study of detailed life transitions happening on a monthly basis.
Hitherto, the impact of the neighbourhood of residence on the transitory dynamics of an individual’s employment status —incorporating
the duration of inactivity and timing of entering the labour market—
has been virtually unexplored. Moreover, while some studies have
suggested that neighbourhood effects are dissimilar across groups of
residents (Ellen and Turner, 1997; Lupton, 2003; Sharkey and Faber,
2014; Small and Feldman, 2012), it has not been assessed how an individual’s specific household configuration and related neighbourhood
involvement affects the strength of the association between neighbourhood characteristics and labour market transitions.
The negligence of the dynamics of labour market and life transitions in the neighbourhood effects field is even more surprising given
the fact that tackling residents’ persistent unemployment is at the core
of urban renewal policies. Neighbourhood improvements are said to
break the downward spiral of accumulated disadvantage by reducing
the negative norms towards work as well as to improve the social networks (Pinkster, 2009; Wilson, 1987, 1996). The employment opportunities of disadvantaged residents are, then, more easily encouraged in
improved neighbourhoods because resourceful contacts and job information becomes more easily available. Thus, we particularly expect
neighbourhood effects to manifest in either hampering or enhancing
residents’ transitions from inactivity to work.
Already before the turn of the century, neighbourhood effect heterogeneity was claimed as the “perhaps most critical" challenge in the
field (Ellen and Turner, 1997, p. 835). Although, since then, scholars
have been aware of the idea that the neighbourhood affects the lives
of some residents more than others, Sharkey and Faber (2014) argue

4.2 theory

that most of this research is still too descriptive and exploratory, lacking clear-cut theoretical frameworks and strict empirical tests.
As of yet, there is thus no apparent consensus “whether neighbourhood effects differ for families with different characteristics. As a consequence, the empirical literature offers remarkably little help to policy makers trying to design or assess strategies for helping families
who live in distressed neighbourhoods" (Ellen and Turner, 1997, p.
835). Individuals with different household configurations bear different levels of involvement in the neighbourhood which makes them
more or less vulnerable to negative spill-over effects of living in a
deprived neighbourhood. So far, most neighbourhood effects scholars only controlled for static household positions, while the influence
of the neighbourhoods should thus theoretically vary with resident’s
changing household composition over their life course. In the present
study, we pose the question whether the level of deprivation in the
neighbourhood of residence hampers the transition from inactivity
to work and, moreover, whether this neighbourhood effect differs for
individuals in different household configurations.
theory
Individual life transitions and decisions are embedded in different
structures over time. Huinink and Feldhaus (2009) stress the importance of incorporating this theoretical multilevel perspective in studying life course events and the constraints, opportunities and resources
that individuals encounter. The authors make a distinction between
the macro-level, the societal context comprising institutions with rules
and regulations and political and economic conditions; the mesolevel, the social context and social networks, among which neighbourhoods play an important role; and finally, the micro-level, consisting
of individual resources and internal conditions that configure and
characterize individuals’ outcomes. These different situational characteristics can alter the motivations and opportunity structures for
individuals, either advancing or hampering their transition from inactivity to work.

85

86

neighbourhood effects for different household configurations

Individual effects and institutional barriers
Individual characteristics such as having young children, the position
in the household, age, and ethnicity are expected to be related to the
transition from inactivity to work. Having a child is known to keep
women from entering a job (Aisenbrey et al., 2009), although this negative impact tends to be transitory and declines as the child grows
older (Bernhardt, 1993): women with children older than four years
are not found to be less committed to work than women without
children (Evertsson, 2013). In contrast, men’s labour force attachment
tends to increase with family formation (Blossfeld and Drobnic, 2001).
Age is expected to be negatively related to the transition into employment and first- and second-generation ethnic minorities are expected
to be less likely to make the transition into employment (Dahl and
Lorentzen, 2003).
The current study is carried out in the Netherlands and this particular institutional context is important for men and women’s responses
to family formation (Blossfeld and Drobnic, 2001; Ziefle and Gangl,
2014). The Dutch motherhood ideology is rather strong (Bettio and
Verashchagina, 2009). Also, in the Netherlands there is no public provision of child care and since the Child Care Act (2005), municipalities
have less regulating powers over the local provision of child care and
market forces have come into play. Although lower-income groups
are granted larger child care subsidies, there has been a sharp decline
in childcare possibilities in poorer, rural areas (Noailly and Visser,
2009).
Blossfeld and Drobnic (2001) moreover emphasize that there is a
positive association between the labour force attachment of partners
in social-democratic welfare states, while in conservative and Mediterranean countries a negative association exists between the partner’s
resources and a person’s labour force attachment. Given that the family is less central in Dutch labour market policies than in other conservative welfare states like Germany, and the Netherlands has adopted
a mixture of social-democratic and liberal policies in the past decade,
we expect a positive association between household income and the
transition to work (Bernasco et al., 1998; Verbakel and de Graaf, 2008),
not only for main earners but also for partners of main earners.
Concerning social assistance, individuals on welfare benefits and
unemployment benefits are required to be registered as a job seeker,
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attend job application trainings, and to apply for all kinds of generally acceptable labour. Only in certain cases individuals are exempted
from the obligation to apply for jobs or accept work. For instance, a
single parent receives higher social assistance than a single individual
without children, and when the children are young, a single parent is
not obliged to search for a job. We therefore hypothesise that single
parents with young children are less likely to make to transition to
employment, while single individuals are hypothesised to be more
likely to make to transition to employment. Individuals in a couple
without children receive relatively low welfare benefits compared to
singles and one might expect these individuals to have an even higher
probability of getting employed compared to singles (van der Klaauw
and van Ours, 2003). Individuals on other social security benefits (social security act, sickness/disability act, (early) pensions/surviving
dependants act) are subject to less stringent rules when it comes to
reintegration into the labour market.
Neighbourhood effects on transition from inactivity to work
Concerning the meso-level, there are theoretical and empirical
grounds for allocating an important role to the neighbourhood in
affecting a resident’s transition to work over and above individual
effects. One of the most influential pioneers in the neighbourhood
effects debate is Wilson (1987; 1996). He introduced the concept of
‘social isolation’ in neighbourhoods; due to de-industrialisation and
a shift towards a more service-producing economy, the middle-class
and skilled working-class residents have left the American urban inner cities, leaving individuals without skills and opportunities behind.
The prospects of neighbours in these disadvantages areas are presumed to be interdependent (here one can recognize the concept of
’linked lives’ by Elder, 1994): the concentration of disadvantage in the
neighbourhood, including deviant work norms and no access to job
networks and information, is argued to be detrimental for the residents’ chances on the labour market (Wilson, 1987, 1996).
Ever since, many researchers aimed to empirically verify that residing in deprived neighbourhoods indeed affects individual socioeconomic outcomes. The vast majority of these neighbourhood effects
studies focus on income development (e.g. Andersson et al., 2007;
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Brännström, 2004; Bolster et al., 2007; Galster et al., 2008) or change
in employment status between a few points in time (e.g. Feng et al.,
2015; Musterd et al., 2003; Musterd and Andersson, 2006; van Ham
and Manley, 2010), but neglect the transitory dynamics of an individual’s employment trajectory. Notable exceptions are the few studies
that do employ a survival analysis of neighbourhood characteristics
on the transition to work (see Dawkins et al., 2005; Hedberg and Tammaru, 2013; van der Klaauw and van Ours, 2003; Vartanian, 1997),
although these studies do not explicitly deal with the neighbourhood
effects heterogeneity for different household types, the second main
component in this study.
Yet, no matter how scholars operationalise socio-economic outcomes, they often allocate the neighbourhood effects to social-interactive
mechanisms, including processes such as socialisation (local social
norms and role models) and social resources and networks in the
neighbourhood (Galster, 2012). The neighbourhood is seen as an opportunity structure in which different kinds of support, information
and resources can be accessed to achieve instrumental goals, such
as climbing the socio-economic ladder (Coleman, 1988; Granovetter,
1995; Lin, 1999). Frankly, however, the causal pathways remain a black
box in the neighbourhood effects field on socio-economic outcomes.
There are other mechanisms that we cannot rule out. For this brief
discussion, we borrow heavily from the recent work by Hedman et al.
(2015) and Galster (2012) who, next to the social-interactive mechanisms discussed above, elaborate on the environmental, geographical and institutional mechanisms behind neighbourhood effects on
socio-economic outcomes. The environmental mechanism refers to exposure to violence, crime, and the physical state of buildings. These
indicators might lead to stress and indirectly affect individuals’ socioeconomic status. The institutional mechanism deals with processes external to the neighbourhood, namely stigmatisation by employers and
institutional resources that can restrict access to services which hampers residents’ employment opportunities. The geographical mechanism
deals with the proximity to jobs, services, and local political authorities and can also be referred to as the well-known ‘spatial mismatch’
hypothesis (Galster, 2012; Hedman et al., 2015).
Galster (2012, p.41) concludes that most empirical evidence is found
for the social-interactive mechanisms behind neighbourhood effects
rather than the spatial mismatch theory. Based on the social-interactive
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mechanism, which is regarded as the core of the neighbourhood effects field (Hedman et al., 2015, p.199), we hypothesise that a labour
inactive individual living in a neighbourhood with a high level of
socio-economic deprivation is less likely to make to transition to employment.
Neighbourhood effect heterogeneity on transition from inactivity to work
We expect differential vulnerability within neighbourhoods, as certain household types are more harmed by the supposedly detrimental impact of living in a deprived neighbourhood than others. Sources
of neighbourhood effect heterogeneity are differences in local social
networks, different behavioural adaptations to neighbourhood conditions, and varying family structures and capacities (Galster et al.,
2010; Harding et al., 2011a). In addition, Lupton emphasizes that the
“neighbourhood might have different meanings to people in different
points in the life course, with different circumstances or different characteristics" (Lupton, 2003, p.10, italics in original). So far, conditional
effects have hardly been empirically assessed.
In most studies the neighbourhood effects for different positions
in the household and life stages are conflated, despite the fact that
there are theoretical expectations for neighbourhood effect heterogeneity among these groups (e.g. Manley and van Ham, 2012; Small
and Feldman, 2012). The study by Galster et al. (2010) does incorporate neighbourhood effect heterogeneity. The study builds upon the
social-interactive mechanism behind neighbourhood effects and deduces that individuals with children spend more time in the neighbourhood, are more likely to be subject to socialisation, and will probably have a denser network of social contacts within the neighbourhood. The authors indeed find effect heterogeneity: the effect of the
neighbourhood income mix on individual annual labour income is
stronger for individuals with children, regardless of their gender.
The present study includes more detailed and transitory measures
of the position in the household and thereby goes beyond the dichotomous premise that individuals with children are more involved in the
neighbourhood and therefore more vulnerable for negative spill-over
effects of living in a deprived neighbourhood. The incorporation of
more fine-grained life course transitions—such as changing house-
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hold configuration over time and children in the household growing
older—enables us to capture the dynamics over the life course behind
neighbourhood effect heterogeneity.
The age of children is of crucial importance, the younger the
child(ren) in the household, the higher the levels of involvement in
the neighbourhood, as parents engage more in neighbourhood activities and bring their children to their primary school, which is often
in the neighbourhood of residence (Campbell and Lee, 1990; Forrest
and Kearns, 2001). The younger the child(ren) in the household, the
larger the impact of the neighbourhood of residence on the transition
to work is expected to be. Furthermore, we expect the influence of
the neighbourbood to be even stronger for single parents, who are
more restrained to the neighbourhood. Singles and couples without
children spend on average less time in the neighbourhood and are
hypothesised to be less subject to the neighbourhood context.
data and methods
This study employs data coming from several administrative register
files of the Social Statistical Database as made available by Statistics
Netherlands. This database is an individual-level longitudinal data
file that covers the entire population of the Netherlands. We have
information on the residential, demographic, household and socioeconomic status. Data on educational attainment are not available as
education is not registered for the entire population. We limit our
observational window to eight years (96 months) from 2004-2011.
Data selection and analytical strategy
Individuals are selected through a multistep process. First, a two percent random sample is drawn from the total population that is registered in the Netherlands from 1995 onwards. This was followed by
selecting individuals who are not older than 55 and not younger than
18 years in our observation window 2004-2011, restricting ourselves
to the working-age population before the (early) retirement phase.
Then, we confined our sample to those that were registered on an
address and have a record on the employment status for each of the
96 months in the 2004-2011 time span. Information from different ad-
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ministrative registers were linked and combined in one long-format
person-month datafile.
After this initial data selection, we prepared our dataset for the
discrete time event history analysis. An individual is at risk when
inactive on the labour market. Concretely, this means being either
on unemployment benefits, welfare benefits, social security benefits
(combination of recipients of social security benefits, sickness/disability benefits, and (early) pension/surviving dependants benefits), or
‘other without income’ (when an individual in a particular month has
no personal income and is not enrolled in full-time education). Our
focus lies primarily on the general transition from becoming active after a spell of inactivity, not on a specific transition (e.g., the transition
from welfare to work only).
We only analyse single events and an event occurs when an individual becomes active on the labour market.1 The length of duration of
inactivity is recorded in months: individuals that became inactive during our observation window are followed from the month of initial
inactivity (which occurs in some month during our observation window 2004-2011) until the month of becoming active on the labour market (or until December 2011, right-censoring). Left censoring arises
for those individuals who were already at risk (thus inactive on the
labour market) at the start of our observation period in January, 2004.
As we do not know the exact time at risk of these individuals, we
omitted these individuals from the dataset. Individuals that are employed or students are not considered at risk, but can enter the risk
set once they get inactive on the labour market. In sum, our approach
is a strict empirical test: only individuals that became inactive during our observation window 2004-2011 are included in the risk set.
This selection strategy results in a dataset of about 30,000 individuals.
We will estimate separate models for men and women. We employ a
logit model for discrete time event history analysis with robust standard errors (SEs) clustered by individual.2 Duration is modelled as a
quadratic function. We report the odds ratios which indicate how the
odds are affected by a one-unit increase in an independent variable
in a month, given that no event has occurred before the start of that
month.3
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Measurements
Time-invariant characteristics of the individual are ethnicity and the
status of the individuals the month before initial inactivity (either
student or active on labour market). We include the time-varying
variable age and include year dummy variables to capture temporal
macroeconomic factors that could impact the transition from inactivity to work. To control for and capture the variety of types of inactivity (and the accompanying differences in conditions and obligations
concerning benefits), we will include a time-varying variable that denotes the type of inactivity: unemployment benefits, welfare benefits,
social security benefits or ‘other without income’.4
This research focuses on individuals rather than households as a
unit of analysis. This does not, however, by any means imply that
we ignore the household. We assess the neighbourhood effect heterogeneity for different household patterns over the life course by
tracking the changing households configuration over time. For household position we constructed eight categories for males and ten categories for females. Besides the household configurations living at the
parental home, single, partner in couple without children and ‘other’,
we further distinguish between the household configurations partner
in a couple with child(ren) and single parents on basis of the age of
the youngest child in the household (both for males and females in
a couple with child(ren) and only for single mothers, not for single
fathers due to the low number of observations). Disposable equivalised household income is only available on a yearly basis (taken
from the calendar year before the spell in the risk set), is adjusted for
inflation until 2010 using the Consumer Price Index, and is measured
by the natural logarithm.5 We include a dummy for being the main
breadwinner (with and without partner) or not (only available on a
yearly basis and taken from the calendar year before the spell in the
risk set).6 Household income in interaction with the individual being
the main earner is included as a way to test whether there is still
an impact of the neighbourhood over and beyond the individual and
household characteristics. Table 4.1 shows the individual characteristics that are included to estimate the transition rates from inactivity
to work.
Table 4.2 shows the neighbourhood characteristics (income and welfare benefits measures) that were used to construct an index for the
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Table 4.1: Individual-level variables
Variables

Values

Frequency

Event

0 (at risk) Unemployment benefits, welfare
benefits, social security benefits or other
without income
1 (event) Active on labour market
Time-to-event in months
0 Student
1 Active on labour market
1 Native Dutch
2-3 Turkish (1st/2nd generation)
4-5 Moroccan (1st/2nd generation)
6-7 Surinamese (1st/2nd generation)
8-9 Antillean/Aruban (1st/2nd generation)
10-11 Western (1st/2nd generation)
12-13 Other non-Western(1st/2nd generation)
Age in years and fraction of year
1 Living at parental home
2 Single
3 Partner in couple without child(ren)
4 Partner in couple with child(ren) (youngest
child <4 years)
5 Partner in couple with child(ren) (youngest
child 4-12 years)
6 Partner in couple with child(ren) (youngest
child >12 years)
7 Single father
8 Other
1 Living at parental home
2 Single
3 Partner in couple without children
4 Partner in couple with child(ren) (youngest
child <4 years)
5 Partner in couple with child(ren) (youngest
child 4-12 years)
6 Partner in couple with child(ren) (youngest
child >12 years)
7 Single mother (youngest child <4 years)
8 Single mother (youngest child 4-12 years)
9 Single mother (youngest child >12 years)
10 Other
1 Unemployment benefits
2 Welfare benefits
3 Social security benefits
4 Other without income
0 Not the main breadwinner
1 Main breadwinner in household
Disposable income of household corrected for
inflation and divided by the household
equivalence scale

monthly

Duration
Status before getting
at risk
Ethnicity

Age
Household
configuration
for males

Household
configuration
for females

Type of inactivity

Breadwinner
Disposable
equivalised
household income

monthly
time-invariant
time-invariant

monthly
monthly

monthly

monthly

yearly
yearly
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Table 4.2: Measures used for the index of neighbourhood deprivation
Characteristic

Measure

Years

Frequency

Average income per
income recipient
Average income per
resident
% Low income

The average personal income per
income recipient
The average personal income per
resident
Percentage of income recipients with
income less than or equal to the 40th
percentile of the national income
distribution
Percentage of income recipients with
income equal to or greater than the
80th percentile of the national income
distribution
Number of welfare benefits per 1,000
households

2004-2011

yearly

2004-2011

yearly

2004-2011

yearly

2004-2011

yearly

2004-2011

yearly

% High income

Welfare benefits

neighbourhood’s level of deprivation (obtained from register database
Key Figures Districts and Neighbourhoods of Statistics Netherlands). A
high share of residents on welfare, a high share of low-income people and low share of high-income people, and a low average income
per resident and per income recipient captures the level of socioeconomic deprivation in the neighbourhood. The neighbourhood is
the area delineated and as operationalised by the Statistics Netherlands, with an average size of about 1,500 residents.
A standardised index of neighbourhood deprivation is created for
each year based on all Dutch neighbourhoods for which socio-economic information is available in that year. The internal consistency for
the index was examined using Cronbach’s alpha for standardised
items and is high (mean alpha of standardised items of 0.89). The
Kaiser-Meyer-Olkin postfactor measure is also reasonably high (mean
KMO is 0.79). Using principal component analysis (unrotated), only
one component for each neighbourhood is estimated yearly, which
explains on average over 70 percent of the variance (eigenvalue of
this component is on average 3.58). The index of neighbourhood deprivation is standardised for each year and included in the model
as a continuous independent variable.7 Table A4.1 (appendix) shows
measures on the consistency and factorability of the neighbourhood
deprivation index over the years.
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results
Descriptives
Figure 4.1 shows notable differences between the Kaplan-Meier survival curves for men and women and leads to the conclusion that the
transition to work is slower for females than for males.
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Figure 4.1: Survival curve by gender†
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This difference is also reflected in the incidence rate (number of
events divided by total time at risk), which is 0.087 for males and
0.063 for females. Building upon this exploratory analysis, we will
estimate separate models for men and women.
Table 4.3 shows the descriptives of our dataset for males and females. For the time-invariant variables, the frequencies are presented
per individual. For the time-varying characteristics we present the
summary statistics based on person-months.
† Source: authors’ calculations using Social Statistical Database, Statistics Netherlands.
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78.09
2.48
0.94
2.00
0.57
1.61
1.14
0.59
0.20
2.56
5.95
3.28
0.60
7.63
92.37

1,155
13,984

Perc.

11,822
375
142
303
86
243
173
89
30
387
901
497
91

N individuals

Males
N individuals: 15,139

Source: authors’ calculations using Social Statistical Database, Statistics Netherlands

Ethnicity
Native Dutch
Turkish (1st generation)
Turkish (2nd generation)
Moroccan (1st generation)
Moroccan (2nd generation)
Surinamese (1st generation)
Surinamese (2nd generation)
Antillean/Aruban (1st generation)
Antillean/Aruban (2nd generation)
Western (1st generation)
Western (2nd generation)
Other non-Western (1st generation)
Other non-Western (2nd generation)
Status before getting at risk
Student
Active on labour market

Time-invariant variables
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1,130
14,485

12,330
255
132
176
117
287
157
83
52
592
879
445
110

N individuals

7.24
92.76

78.96
1.63
0.85
1.13
0.75
1.84
1.01
0.53
0.33
3.79
5.63
2.85
0.70

Perc.

Females
N individuals: 15,615
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2.82
29.52
70.48
SD

4,340
45,468
108,547
mean
8.827
0.990
1.710

13.60
26.08
16.80
12.36
15.69
11.00
1.65

20,948
40,160
25,878
19,039
24,170
16,936
2,544

38.215
0.190
9.613

25.43
7.12
28.82
38.63

Perc.

39,173
10,966
44,382
59,494

N person-months

18.330
-6.409
0

min.

Males
N person-months: 154,015

54.913
3.474
13.540

max.

Table 4.3: Descriptives (continued)

Source: authors’ calculations using Social Statistical Database, Statistics Netherlands

Age
Neighbourhood Deprivation Index
Log disposable equivalised household income

Type of inactivity
Unemployment benefits
Welfare benefits
Social security benefits
Other without income
Household configuration
Living at parental home
Single
Partner in couple without children
Partner in couple with child(ren) (youngest child < 4)
Partner in couple with child(ren) (youngest child 4-12)
Partner in couple with child(ren) (youngest child >12)
Single father
Single mother (youngest child<4)
Single mother (youngest child 4-12)
Single mother (youngest child>12)
Other
Breadwinner
Not the main breadwinner
The main breadwinner in household

Time-varying variables

37.723
0.145
9.706

mean

8.486
0.958
1.397

SD

68.34
31.66

2.53
4.07
4.14
1.82

5,313
8,545
8,691
3,821
143,575
66,500

4.98
12.34
15.98
23.54
16.24
14.36

16.16
6.21
27.96
49.67

Perc.

10,469
25,922
33,573
49,453
34,116
30,172

33,957
13,038
58,741
104,339

N person-months

18.251
-9.953
0

min.

Females
N person-months: 210,075

54.913
3.818
13.892

max.
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Table 4.4: Association between neighbourhood’s level of deprivation and transition to work (monthly)
Males

Females

Odds ratio

(SE)

Odds ratio

(SE)

Duration
Duration2

0.931***
1.000***

(0.002)
(0.000)

0.909***
1.001***

(0.002)
(0.000)

Neighbourhood Deprivation
Index

0.982*

(0.009)

0.968***

(0.009)

Year dummies
Intercept

included
0.159***

(0.009)

included
0.125***

(0.009)

N person-months
N individuals
Pseudo R2

154,015
15,139
0.0580

210,075
15,615
0.0841

Two-tailed test: † p<0.10, * p<0.05, ** p<0.01, *** p<0.001. Robust standard errors (clustered
by individual). Source: authors’ calculations using Social Statistical Database, Statistics
Netherlands

Models
Table 4.4 shows the association between the neighbourhood’s level of
deprivation and the transition to work without controlling for individual and household characteristics. For a one-unit increase in the
neighbourhood deprivation index, our models show a monthly reduction in the odds of making the transition to work by 1.8% for males
and 3.2% for females.
The findings could, however, be the result of a compositional effect.
In Table 4.5 we control for household and individual characteristics
and no significant impact of the level of neighbourhood deprivation
on transition to work is found for males. Concerning the individual
characteristics, for most variables, the impact is the same for men
and women and our hypotheses are confirmed: getting older indeed
reduces the odds of making the transition to work. Furthermore, individuals that were active on the labour market the month before they
got inactive are more likely to make the transition compared to those
that were students the month before initial inactivity. Compared to
those on unemployment benefits, individuals on welfare benefits, social security and ‘other without income’ have smaller odds making
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the transition to work (with the exception for males in the ‘other without income’ category). Compared to native Dutch, ethnic minorities
(especially the first generation) are less likely to make the transition
to work. This is most pronounced for males, only Turkish and Moroccan women of both generations and other non-Western first generation women are less likely to make the transition the work compared
to native Dutch women.
The difference between men and women is most apparent on the
household position variable. Concerning the position in the household, most hypotheses are confirmed. We expected that a lower exit
rate of inactivity towards work is more pronounced for women with
a child, and that this depends on the age of the youngest child. Indeed, compared to single women, being a mother with the youngest
child below 4 years substantially reduces the odds of making the
transition to work, but this effect is not significant for women with
a child between 4 and 12 years old. Women with the youngest child
above 12 years (both with a partner and single mothers) are more
likely to make the transition compared to single women, and the
same holds for partnered women without children. Compared to single men, males with a partner (both with and without children) have
higher odds of making the transition to work. As expected, there is
a positive association between household income and the transition
to work. This association does not vary between those who are main
earners and those who are not.
A substantive impact of the level of deprivation in the neighbourhood can still be found in our model for women: even beyond the
household resources, the neighbourhood’s level of deprivation is detrimental for a woman’s odds to make the transition to work: a oneunit increase in the level of deprivation in the neighbourhood of residence decreases the monthly odds of making the transition to work
for women by 2.4% and on a yearly basis this translates into an over
25% reduction in odds.
We have also estimated the predicted probabilities of the transition
to work for women for different scores on the neighbourhood deprivation index.8 The predicted probability of making the transition to
work reduces with 0.6 percentage points from 6.6% monthly in an affluent neighbourhood (score of -2 on the neighbourhood deprivation
index) to 6.0% monthly in a relatively deprived neighbourhood (score
of 2 on the neighbourhood deprivation index). The relative probabil-
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Table 4.5: Individual and neighbourhood effects on the transition to work
(monthly)
Males

Duration
Duration2
Age
Ethnicity (ref: native Dutch)
Turkish (1st generation)
Turkish (2nd generation)
Moroccan (1st generation)
Moroccan (2nd generation)
Surinamese (1st generation)
Surinamese (2nd generation)
Antillean/Aruban (1st generation)
Antillean/Aruban (2nd generation)
Western (1st generation)
Western (2nd generation)
Other non-Western (1st generation)
Other non-Western (2nd generation)
Status before getting at risk (ref: student)
Active on labour market
Type of inactivity (ref: unemployment benefits)
Welfare benefits
Social security benefits
Other without income
Household configuration (ref: single)
Living at parental home
Partner in couple without children
Partner in couple with child(ren) (youngest child < 4)
Partner in couple with child(ren) (youngest child 4-12)
Partner in couple with child(ren) (youngest child >12)
Single father
Single mother (youngest child <4)
Single mother (youngest child 4-12)
Single mother (youngest child >12)
Other
Log household income
Main breadwinner in household
Log household income x main breadwinner
Neighbourhood Deprivation Index
Year dummies
Intercept
N person-months
N individuals
Pseudo R2

Females

Odds
ratio

(SE)

Odds
ratio

(SE)

0.950***
1.000**
0.963***

(0.002)
(0.000)
(0.001)

0.923***
1.000***
0.968***

(0.002)
(0.000)
(0.001)

0.645***
0.701***
0.549***
0.741*
0.872†
0.867†
0.825†
0.967
0.788***
0.897**
0.685***
0.708**

(0.037)
(0.067)
(0.036)
(0.092)
(0.062)
(0.074)
(0.090)
(0.183)
(0.045)
(0.036)
(0.036)
(0.082)

0.664***
0.703**
0.608***
0.735**
0.896
0.986
0.890
0.923
0.974
1.043
0.814***
0.913

(0.049)
(0.072)
(0.058)
(0.084)
(0.064)
(0.082)
(0.105)
(0.141)
(0.048)
(0.040)
(0.045)
(0.096)

1.300***

(0.052)

1.132**

(0.043)

0.594***
0.578***
1.005

(0.034)
(0.019)
(0.020)

0.568***
0.495***
0.922***

(0.034)
(0.016)
(0.020)

1.011
1.205***
1.273***
1.280***
1.373***
1.057

(0.040)
(0.035)
(0.039)
(0.041)
(0.055)
(0.106)

1.043
1.103**
0.805***
1.009
1.125*

(0.049)
(0.038)
(0.031)
(0.041)
(0.051)

0.685***
0.931
1.119†
0.977
1.046**
1.299
0.982
0.976*
included
0.242***
210,075
15,615
0.0998

(0.053)
(0.057)
(0.069)
(0.075)
(0.015)
(0.235)
(0.018)
(0.010)

0.818*
1.037*
1.247
0.980
1.013
included
0.278***
154,015
15,139
0.0754

(0.064)
(0.016)
(0.223)
(0.018)
(0.010)
(0.048)

(0.038)

Two-tailed test: † p< 0.10, * p<0.05, ** p<0.01, *** p<0.001. Robust standard errors (clustered by individual).
Source: authors’ calculations using Social Statistical Database, Statistics Netherlands

4.4 results

ity difference indicates that living in a more deprived neighbourhood
reduces the probability of making the transition to work substantially
for women.
The main goal of this study, however, is to explore the differential
vulnerability of neighbourhood effects for different household configurations.9 Figure 4.2 shows the odds ratios for the relation between
the neighbourhood’s level of deprivation and transition to work for
women per position in the household. This indicates clearly that the
neighbourhood does not matter equally for all household configurations. Contrary to our expectations, we do not find that partnered
mothers with the youngest child above 4 years and single mothers
with youngest child above 12 years are vulnerable to neighbourhood
effects. The model also suggests that the odds of making the transition
to employment for single mothers with a child below 4 years are independent of their neighbourhood of residence. This is not surprising,
as single parents with young children are exempt from compulsory
job applications.
In line with our expectations, for single women and partnered
women without children—who we believed to be less involved in
the neighbourhood—no significant effect of a higher level of neighbourhood deprivation on the odds of making the transition to work
was found in our models. Only for women living at the parental
home (odds ratio (O.R.)=0.911, SE=0.032, p=0.009), mothers with a
partner and the youngest child below 4 years (O.R.=0.949, SE=0.021,
p=0.017) and single mothers with the youngest child between 4-12
years (O.R.=0.879, SE=0.045, p=0.011), we find statistically significant
effects that indicate that, for these women, living in a neighbourhood
with a higher level of neigbourhood deprivation reduces the odds of
making the transition to work.10 The group of women living at the
parental home is very heterogeneous. We therefore continue focusing on the mothers with a partner and the youngest child below 4
years and single mothers with the youngest child between 4-12 years.
For these two household types, we estimated a three-way interaction
between neighbourhood deprivation, inactivity status and household
configuration.
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Figure 4.2: Odds ratio for transition to work (for women) for a one-unit increase in neighbourhood deprivation index (monthly, by household configuration)†
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This interaction term is the most insightful in exploring the gendered
type of inactivity and return to labour market for these household
configurations (Figure 4.3 shows predicted probability plots). Our
findings suggest that the neighbourhood effect for women with a
partner and a child below 4 years is particularly pronounced for those
on social security benefits (O.R.=0.906, SE=0.041, p=0.030) and ‘other
without income’ (O.R.=0.921, SE=0.027, p=0.005). The neighbourhood
effect for single mothers with the youngest child between 4-12 years
hinges on those on welfare benefits (O.R.=0.763, SE=0.088, p=0.019).
While single mothers with school-aged children are not exempt from
job application duties anymore, our models suggest that living in
a deprived neighbourhood substantially hampers their transition to
work.
† Source: authors’ calculations using Social Statistical Database, Statistics Netherlands.
Note: These odds ratios and standard errors are obtained from ten models with an interaction term between household position and neighbourhood deprivation index and
alternating reference categories for household position. We are not interested in the
neighbourhood effect of one household position compared to another specific household position, but rather in the stand-alone effect of the neighbourhood for a certain
household configuration. In other words, for which household positions does the neighbourhood matter? To answer this question, the main effect of neighbourhood deprivation index for each reference category is plotted in this standard error bar chart.

4.4 results

Figure 4.3: Predicted probabilities per inactivity status and household configuration for different scores on the neighbourhood deprivation
index†
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† Source: authors’ calculations using Social Statistical Database, Statistics Netherlands.
Note: Percentage refers to person-months spells of partnered/single mothers with,
respectively, the youngest child below 4 and between 4-12 years. The percentage of
person-months spells on unemployment benefits, welfare benefits, social security benefits or ‘ other without income’ (not shown in graph) is respectively 13.2%, 1.7%, 17.2%
and 67.9% for partnered mothers youngest child <4 years (N=49,453) and 16.5%, 31.6%,
41.2% and 10.7% for single mothers with youngest child between 4-12 (N=8,545).
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conclusion and discussion
Our study aimed to estimate the impact of the neighbourhood of residence on the transition from inactivity to work and, moreover, the
neighbourhood effect heterogeneity for different household patterns
over the life course. Does residing in a deprived neighbourhood hamper the transition from inactivity to work? And are individuals with
some positions in households more vulnerable to these negative spillover effects than others? For males we do not find such effects, but for
women the answer is confirmatory. Our models suggest that residing
in a more deprived neighbourhood particularly hampers the transition to work for partnered mothers with the youngest child below 4
years and single mothers with the youngest child between 4 and 12
years (above and beyond individual characteristics and household resources). For women who have other household positions (with the
exception of women living at the parental home) no significant effect
of a higher level of neighbourhood deprivation on the odds of making
the transition to work was found.
Can we assign these findings to the social-interactive mechanisms
(i.a. norms, social resources, networks, role models) behind neighbourhood effects? To some extent we can; the groups of women for
which we found a significant impact of the neighbourhood have children and are therefore supposedly more embedded in the neighbourhood (cf. Galster et al., 2010). But we could not confirm our hypothesis that partnered women with the youngest child above the age of 4
years are also more vulnerable to neighbourhood effects. We would,
however, also expect this group to be socially more embedded in
and thus more influenced by their neighbourhood of residence. Also,
we would expect neighbourhood effects to occur for males in certain
household types but could not confirm these hypotheses.
If we focus on the spatial mismatch theory instead—rather than deviant work norms, lack of job networks and role models—we can deduce that living in a deprived neighbourhood in general also means
lower local employment opportunities (VROM, 1997). Concurrently,
it is well-known that women with children want to commute less and
prefer working closer to home (Rosenthal and Strange, 2011): “particularly married women with young children, are very sensitive to
commuting times when making labor force participation decisions”
(Black et al., 2014, p. 60). Although geographical distances between
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residential and working areas are usually rather small and commuting costs are generally not high in the Netherlands, it is still possible
that for mothers with younger children commuting is stressful (e.g.
Koslowsky et al., 1995). Partnered women with the youngest child
below 4 years are more vulnerable to negative spill-over effects of
the neighbourhood, while partnered women with child(ren) in the
schoolgoing age are not. The latter group might be more flexible to
commute a bit further, as children do not require care during the day
and women can attune their schedules with their partner. A single
mother with older children, in contrast, cannot negotiate the commuting time and their schedule with a partner. Therefore, a single
mother is expected to have a preference to work closeby to home as
she is the main care taker and is restrained to the limited local labour
market opportunities.
In addition to commuting time, also the availability and costs of
childcare in these more disadvantaged neighbourhoods and the regulations concerning welfare benefits is of importance. The costs of
child care might be a barrier to employment for single and partnered
mothers. Although the Child Care Act of 2005 grants low-income
households higher subsidies which should enhance their access to
child care, this Act has also led to a decline in child care provision in
poorer, rural areas in the years following (Noailly and Visser, 2009).
This decline in supply, costs in childcare and possibly the different
attitudes and opinions of mothers on childcare — whether this is beneficial to their children or not — might also explain why mothers in
deprived areas are less encouraged to make the transition to work
(van Gameren and Ooms, 2009). Furthermore, the requirement to accept generally acceptable labour can be waived for single parents if
the municipality is of the opinion that childcare possibilities in the
neighbourhood are scarce and the educational level and capacity of
the welfare benefit recipient are not considered to be sufficient. This is
reaffirmed by Pinkster’s (2007) case study, in which a social services
official discouraged a single mother in a deprived neighbourhood to
find a job.11
As we cannot fully assign these conditional neighbourhood effects
to the most often employed social-interactive mechanism, we suspect
that the local labour market, childcare possibilities and regulations
concerning welfare benefits are of crucial importance. We can thus
speculate that women residing in deprived areas are less able to and
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less encouraged to make the transition to work. The conclusion that
this spatial mismatch for women residing in disadvantaged areas restricts their employment opportunities is, however, not something we
could empirically study. Due to the complicated relation between job
seeking efforts, local labour market opportunities, commuting preferences and childcare possibilities it is difficult to determine empirically
what determines the impact on duration of inactivity, which emphasizes the need for further analyses.
However, as we found clear evidence that residents differ in the
extent to which they are influenced by their neighbourhood, i.e. only
women with children of a certain age seem to be hampered in their
transition from inactivity to work, we can question the collective areabased interventions as a way to deal to tackle socio-economic deprivation (Musterd and Pinkster, 2009). In particular, both scholars and
policymakers should focus more on women’s economic disadvantage
and local labour market opportunities. The reduced odds of making the transition from inactivity to work for women with children
in deprived neighbourhoods reflect the type of jobs (part-time work
and hourly pay) which are available to women, but most likely also
whether there is affordable childcare in the neighbourhood. A lack of
flexible part-time employment opportunities and child care services
are possible causes that hamper the transition to work for women.
Therefore, strengthening and improving upon this on the neighbourhood level seems to be an important step in enhancing women’s socioeconomic conditions.
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Table A4.1: Factor neighbourhood-level index of deprivation

2004
2005
2006
2007
2008
2009
2010
2011

N neighbourhoods

Cronbach’s
alpha

KMO

Eigenvalue

% of
variance

7,130
7,713
7,981
8,002
.
8,276
6,873
7,632

0.876
0.870
0.876
0.882
.
0.904
0.917
0.921

0.758
0.750
0.762
0.776
.
0.820
0.821
0.818

3.442
3.389
3.421
3.472
.
3.679
3.813
3.861

68.842%
67.770%
68.418%
69.445%
.
73.576%
76.270%
77.221%

Source: authors’ calculations using register database Key Figures Districts and
Neighbourhoods, Statistics Netherlands. Unfortunately, income information on
neighbourhoods is not available for 2008. As neighbourhoods change relatively little over
time, we took the average of the neighbourhood deprivation indices of 2007 and 2009.

endnotes
1 Active on the labour market is taken in its broadest meaning, we follow the official definition of being active by Statistics Netherlands. For the vast majority this
means becoming an employee, but sometimes it refers to self-employed and in seldom
cases majority shareholder or other forms of being active. More general, the monthly
(in)activity status is assigned by Statistics Netherlands by comparing sources of income
in a certain month (in most cases the highest amount is the determining factor).
2 This study focuses primarily on the dynamic character of the life course analysis,
leaving some issues of nestedness untested. Yet, these issues are not severe; given that
neighbourhoods get assigned a deprivation score each year, and that individuals are
often only followed for a subset of the period under investigation, the factual nestedness is of individuals within neighbourhood-years. At that level, we get to an average
of around 1.5 individuals per neighbourhood per year.
3 We will run the models only for individuals that had no missings on any of the
variables during their time at risk (complete case analysis).
4 Obviously, for the month that individuals make the transition to work, no value is
given on the type of inactivity variable. Therefore, we impute the value of the month
before the event occurs, the last month at risk, as type of inactivity for this spell.
5 Disposable equivalised household incomes that are zero or negative are set to 1,
resulting in a log of 0.
6 Not being the main breadwinner can refer to the married or unmarried partner of
the main earner, an adult child or an other household member.
7 Information on neighbourhood characteristics was obtained from the register database Key Figures Districts and Neighbourhoods of Statistics Netherlands. The neighbourhood deprivation score is standardised per year because the data collection and mea-
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surement of (average) personal income has changed over the years (for information on
key figures (in Dutch) by Statistics Netherlands see http://download.cbs.nl/regionalekaarten/toelichting-variabelen-kwb-2003-2012-versie-2014-12-10.pdf ) An individual’s
score on this index can change during the year when (s)he moves to another neighbourhood.
8 The predicted probabilities are based on the models as presented in Table 4.5 and
we use the observed-value approach rather than the average-case approach. We fixed
the values for household composition and our continuous neighbourhood deprivation
index at values between -2 and +2 (with intervals of 0.25) and used the actual observed
values for the other variables on each person-month. The predicted probability is computed for each person-month using these fixed and observed values of the variables;
the predicted probabilities are then averaged across the observations.
9 We continue with the model for women only. For males, also no significant neighbourhood effects are found for different household configurations.
10 Residing in a deprived neighbourhood seems to encourage the transition to work
for those in the ‘other’ household category (O.R.= 1.147, SE=0.077, p= 0.040), but as
this group is small and heterogenous we refrain from drawing conclusions about this.
11 Lower educated women tend to take longer periods of time to return to the labour
market (Ulker and Guven, 2011) and may be generally overrepresented in more deprived neighbourhoods. Unfortunately, due to a lack of data we are unable to control
for educational level and we acknowledge that our results are to some extent provisional. We do, however, include household income which will take up most of this
compositional effect. In our models selection bias is not eliminated: individuals with
certain labour market orientations might select themselves into a specific type of neighbourhood. We expect these endogeneity issues to be less of an issue when it comes to
duration of inactivity and more problematic when estimating neighbourhood effects on
income level. Nevertheless, further analyses are still needed to determine how sensitize
our results are to compositional effects and self-selection bias.

5

SOCIO-ECONOMIC CONSEQUENCES OF FORCED
R E L O C AT I O N

Abstract Policymakers have actively pursued urban renewal and dispersal
programmes in order to deconcentrate poverty in urban neighbourhoods. Relocation strategies may encourage employment opportunities for relocated
residents if resourceful contacts and job information become more easily
available after the move. This study provides an innovative evaluation of
the early impacts of involuntary relocation programmes in The Netherlands
on earnings and employment rates of forced relocatees. It establishes a quasiexperimental design by employing unique longitudinal individual-level population registry data from Statistics Netherlands: forced relocatees are tracked
and matched to a control group consisting of similar residents that were not
forced to move. A difference-in-difference design shows that forced relocatees are living in less deprived neighbourhoods after the move. However, the
upgrade in housing does not in turn lead to more socio-economic opportunities: on average no improvement in economic prospects (earnings and
employment) was found over time for the forced relocatees. These findings
do not only challenge the neighbourhood effects literature, but also question
the justification of the widespread area-based urban renewal policies.

introduction
In several European and North American countries, dispersal programmes and urban renewal strategies are carried out to break the
downward spiral of accumulating disadvantage in urban neighbourhoods. The rationale behind these policies is to counteract negative
neighbourhood effects; the notion that residing in concentrations of
disadvantage has a detrimental impact on an individual’s economic
self-sufficiency over and above the effect of their individual characteristics. Residents in a more upscale neighbourhood are assumed to be
This chapter is submitted to an international academic journal as Miltenburg, E.M.; van
de Werfhorst, H.G.; Musterd, S. and Tieskens, K. (2016). Socio-economic consequences
of forced relocation. Early impacts of urban renewal strategies on forced relocatees’
socio-economic outcomes.
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exposed to a more resourceful, work-oriented climate, enhancing its
residents’ economic well-being (de Souza Briggs, 1997, p. 217), while
a relative absence of job information and prevalence of deviant work
ethics in neighbourhoods with concentrations of poverty is hypothesised to hamper the socio-economic opportunities of its residents
(Wilson, 1987, 1996; Galster et al., 1999).
Both European and American neighbourhood interventions aim to
change the spatial distribution of the disadvantaged residents across
cities to avoid negative impacts of residing in deprived neighbourhoods. In the United States, a dominant approach is to enable poor
people to ‘move to opportunity’, that is, to neighbourhoods that could
provide more opportunities because supposedly there are more resourceful social networks and role models available. In Europe, the
implicit belief among policymakers is that creating mixed tenure neighbourhoods can maintain and attract middle- and higher income classes
which act as adequate role models and network resources for more
disadvantaged residents, thereby counteracting social exclusion and
negative neighbourhood effects (Andersson and Musterd, 2005).
The Moving to Opportunity (MTO) experiment in the United States
randomly allocated vouchers to voluntary applicants living in highpoverty neighbourhoods. Individuals that were assigned to the experimental group are required to move to a low-poverty neighbourhood
(Leventhal and Brooks-Gunn, 2003). Overall, no impact of the MTO is
found on adults’ economic outcomes, although recently, Chetty et al.
(2015) found that for children who moved to a lower-poverty neighbourhood when they were young as a result of the MTO experiment
significantly improved their long-term economic outcomes as adults.
While many researchers have used the MTO data to capture neighbourhood effects in an experimental setting, there has been a considerable debate on whether or not MTO can be employed to estimate
neighbourhood effects due to selection bias: residents that were randomly offered a voucher are not forced to use it so compliance is
highly selective (Clampet-Lundquist and Massey, 2008).
Moreover, the MTO studies do not help us with the evaluation
of mixed tenure development programmes in which incumbent residents are forced to relocate. The aim of these programmes is to change
homogeneous and disadvantaged neighbourhoods into mixed-tenure
and socio-economically mixed neighbourhoods. The main strategy
is the selling and selective demolition of low-rent social housing in

5.1 introduction

neighbourhoods, which are replaced by upmarket dwellings (Kleinhans, 2003; Musterd, 2005). These neighbourhood interventions lead
to involuntary moves of incumbent residents in and beyond the neighbourhood. While in the MTO experiment participants deliberately
choose to sign up for the programme and could still decide not to
comply — they voluntarily moved — relocatees in mixed tenure development programmes are forced to move due to demolition of their
dwellings.
Mixed tenure programmes aim to improve the economic prospects
of all residents, including those who are forced to move. While residents are obliged to move, they are not necessarily constrained in
their choices. The current study is carried out in the Netherlands and
this particular institutional context matters: Dutch forced relocatees
are entitled to assistance in finding a new dwelling, they attain a priority status in the social housing allocation programme and often
receive a financial compensation (Bolt and van Kempen, 2010). This
suggests that relocatees should be able to improve their chances of
achieving social mobility by moving to a less deprived neighbourhood (Posthumus, 2013). Unlike the MTO experimental group, however, forced relocatees are not required to move to a better-off neighbourhood. Also, there often is a possibility for the forced relocatees to
move to newly built dwellings in the same neighbourhood, although
in most cases only a subset of the newly constructed housing has been
reserved for social rent (Tieskens and Musterd, 2013). This provides
an interesting angle: will relocatees due to urban restructuring — who
are forced to move but not required to move to low-poverty neighbourhoods — still on average take the opportunity to more affluent
neighbourhoods? And will this in turn lead to more socio-economic
opportunities?
Whereas the effects of mixing neighbourhoods’ tenure in deprived
neighbourhoods on its incumbent residents has been thoroughly evaluated (Bolt and van Kempen, 2010; Manley et al., 2012; Kleinhans
et al., 2014), thus far socio-economic consequences for Dutch forced
relocatees have been largely overlooked. In this study, involuntary relocation due to urban renewal policies serves as a natural experiment
to evaluate whether relocatees end up in better-off neighbourhoods.
In particular, it evaluates the early impacts of forced relocation on the
earnings and employment rates of the relocatees.
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Our analytical approach is innovative for three main reasons. First,
we are able to track forced relocatees as we got access to data on
the population of five urban renewal projects (from 2006-2011) within
three neighbourhoods in Amsterdam, the Netherlands, provided directly by a housing association. Second, we have access to the full population of addresses of this particular housing association that were
never targeted under the mixed tenure development programmes,
that is, are not on the list for demolition or large-scale renovation.
This list of non-targeted dwellings enables us to form an optimal control group — through exact matching — of other social housing residents that were never forced to move because of an urban renewal
strategy, establishing a quasi-experimental design. Finally, the group
of addresses from which residents were forced to move and the group
of control addresses of this particular housing association are subsequently linked to a unique longitudinal individual-level population
registry database, allowing us to follow the main tenants of the displaced households and the control group residents over time.
This design makes it the first study that is able to study individual socio-economic mobility and residential change for forced relocatees that moved within and beyond their neighbourhood, compared
to their counterparts in comparable neighbourhoods that were not
forced to move. In the end, we aim to answer the following research
question: do forced relocatees live in more affluent neighbourhoods
after the forced move, can an upward socio-economic mobility (income, employment) be observed after the move and, more specific,
can an upward socio-economic mobility be observed once there has
been a considerable improvement in the neighbourhood environment
after the forced move?
A difference-in-difference design on the matched pairs of forced
relocatees and the control group captures the impact of the forced
move and shows that on average forced relocatees live in less socioeconomically deprived neighbourhoods after the involuntary move.
However, this upgrade in housing does not in turn lead to an improvement in economic prospects, even not for those who live in substantially better-off neighbourhoods after the forced move. These findings
do not only challenge the neighbourhood effects literature, but also
question the justification of the widespread area-based urban renewal
policies.

5.2 theory

theory
Intended policy effects of relocation strategies
In general, policymakers are concerned with the concentration of
poor residents in neighbourhoods; urban relocation policies are essentially aimed at deconcentration of poverty in order to enhance the economic prospects of residents in disadvantaged areas. These policies
come in two ways: individual anti-poverty dispersal strategies, which
are voluntary mobility programmes — such the American housing
mobility experiments Moving To Opportunity — and place-based renewal strategies in disadvantaged areas leading to involuntary relocation, e.g. the HOPE VI programme in the US, but also the demolition
and upgrading of social rented housing in Europe (Goetz, 2002).
The argument that residing in concentrations of disadvantage has
a detrimental impact on an individual’s economic prospects finds its
roots in the influential studies on disadvantaged communities in the
United States (Lewis, 1997; Stack, 1975; Valentine, 1978; Wilson, 1987);
the notion is that residents of disadvantaged neighbourhoods are isolated from the relevant institutions, role models and resourceful social
contacts that can give them access to the mainstream culture and job
information.
The logic of socialisation and social networks is at the core of this
idea. Socialisation in the neighbourhood is a social process in which
residents conform to work ethics that are prevalent in those neighbourhoods. A relative absence of positive role models in the neighbourhood and the existence of deviant work ethics of residents can
hamper the socio-economic opportunities of a resident. This socialisation process in the neighbourhood is also often referred to as the ‘contagion model’ or ‘epidemic theory’ (Crane, 1991; Friedrichs and Blasius, 2003; Pinkster, 2007). The mechanism on social resources refers
to the idea that social networks in the neighbourhoods are opportunity structures, containing job information, support and general resources that can enhance one’s socio-economic status (Coleman, 1988;
Granovetter, 1995; Lin, 1999; Lin et al., 2001).
Neighbourhood interventions aim to alter the spatial distribution
of poor residents across cities to prevent negative socialisation and to
enhance the quality of neighbour networks. This is assumed to facilitate disadvantaged residents in escaping their socially isolated posi-
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tion, either by an inflow of more affluent new neighbours (positive
role models and potential job information) or by the opportunity to
move to a more affluent neighbourhood. Although the notion that the
neighbourhood can improve residents’ economic self-sufficiency originates from the United States, it has also crossed the Atlantic; many
European studies aim to confirm empirically that the neighbourhood
influences individual socio-economic outcomes (e.g. Andersson et al.,
2007; van Ham and Manley, 2010; Musterd et al., 2003).
Policy evaluation of Moving to Opportunity
The US Department of Housing and Urban Development has actively
pursued dispersal programmes, such as the Moving to Opportunity
experiment (MTO). The MTO programme randomly allocated voluntary applicants (who were thoroughly screened) living in highpoverty neighbourhoods to three groups: the experimental group (received a limited-term housing voucher together with counseling and
assistance and are required to move to a low-poverty neighbourhood),
a Section 8 group (vouchers without restrictions imposed on where
to move) and the control group (Goetz, 2002; Leventhal and BrooksGunn, 2003). Movers were thus restricted in their neighbourhood
choice as the deconcentration of poverty programme requires and
assists them in moving to a low-poverty neighbourhood. MTO treatment has been found to have enhanced physical and mental health
and perceptions of well-being and safety of dispersed residents
(Chetty et al., 2015).
The compliance with the programme was, however, highly selective
(Clampet-Lundquist and Massey, 2008). About one-quarter of families that were eligible (families with children, no criminal record, living in high-poverty neighbourhoods) also applied to the programme
and once these families were randomly allocated vouchers, within the
experimental group only 47 percent complied to the programme, and
60 percent for the Section 8 group (Goetz, 2002; Leventhal and BrooksGunn, 2003). Furthermore, in MTO, moving to a low-poverty neighbourhood does not necessarily mean an improvement in the neighbourhood quality. A recent study has shown that unemployment rates
are not necessarily lower and educational levels not necessarily higher
in the low-poverty neighbourhoods the participants moved towards
(Aliprantis and Kolliner, 2015).

5.2 theory

In addition, families were only required to stay in the low-poverty
neighbourhood for at least one year but could then relocate back
to their former neighbourhood of residence. It was also found that
a large share of volunteers who moved to low-poverty neighbourhoods actually moved back to more disadvantaged neighbourhoods
(Ludwig et al., 2008). This means that dispersed families are only
exposed to low-poverty neighbourhoods for a short period of time.
While Clampet-Lundquist and Massey (2008) find that exposure time
to more affluent neighbourhoods is related to higher economic selfsufficiency (as expected under the neighbourhood effects hypothesis),
Chetty et al. (2015) conclude the MTO experiment does not significantly influence the earnings and employment rates of adults (as also
shown by Goetz, 2002; Sampson, 2008).
While many researchers have employed MTO data to attempt to
capture the neighbourhood effects in an experimental setting, there
has been a considerable debate on whether or not MTO can be employed to estimate neighbourhood effects. Many MTO studies assesed intent-to-treat (ITT) effects, comparing both compliers and noncompliers in the experimental group to all members of the control
group (e.g. Kling et al., 2007). The ITT impact thus measures a policy
treatment, but does not tell us much yet about the impact of moving as a result of the MTO program. Some scholars have aimed to
establish this estimating the treatment of treated (TOT) effect, the impact of the intervention on a subset of the treated group who actually
moved in line with the programme, which then “captures the impact
of the entire bundle of changes in neighborhood attributes generated
by MTO moves." (Ludwig et al., 2008, p. 153). In MTO, households
in the Section 8 group were more likely to comply using the voucher,
but they did not improve their neighbourhood as much as movers in
the experimental group (Clark, 2008).
Whether TOT actually measures neighbourhood effects is heavily
debated. Clampet-Lundquist and Massey (2008) warn that also the
TOT impact is insufficient to measure neighbourhood effects because
of selectivity. Families that were allocated housing vouchers are not
forced to use them, so compliance with the experimental treatment
was nonrandom. Also, even those who did move with the housing
voucher did not always move to less disadvantaged areas and compliers could move back to their old neighbourhood after the initial relocation. The authors conclude: “Given that entry into neighbourhoods
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and compliance categories was highly selective and the length of stay
quite variable, it is hardly surprising that comparisons made between
experimental and control group members in MTO have failed to yield
the robust and consistent evidence of neighborhood effects found in
survey-based studies." (Clampet-Lundquist and Massey, 2008, p. 138)
Ludwig et al. (2008, p. 153) disagree with this argument on selectivity
under the assumption that receiving a voucher but not using it had
no effect on noncompliers in the treatment group and that families
in the control group are also not affected by not getting allocated a
voucher.
Aliprantis (2011) aims to reconcile these opposing views and argues
that actually neither ITT nor TOT are able to estimate neighbourhood
effects, but are mostly programme effects. To assess neighbourhood
effects, Aliprantis (2011) introduces Local Average Treatment Effect
(LATE). These LATE estimates focus on a subpopulation that was induced by MTO to move to higher quality neighbourhoods (while ITT
estimates focus on outcomes for entire MTO population and TOT on
the subpopulation of compliers induced by the programme to move).
Aliprantis (2011) notes that this is another subgroup of compliers:
only about 10 percent of MTO participants actually moved to betteroff neighbourhoods. In contrast to other MTO studies, which did not
find that MTO treatments significantly improved adults’ economic
prospects, Aliprantis and Richter (2013) found through LATE that
a move to a higher quality neighbourhood through the MTO programme has positive and substantial impact on, inter alia, employment and labour force participation.
Policy evaluation of involuntary moving due to urban renewal
It is important to realise that the voluntary anti-poverty dispersal programme MTO focuses on self-selected low-income households who
expressed a desire to move. While this does not affect the internal
validity of the randomized MTO experiment, it does restrict the MTO
analyses to those who are actually interested in getting an opportunity. This contrasts with the involuntary moves of the incumbent
residents due to mixed tenure development programmes. In these
programmes, disadvantaged neighbourhoods are restructured into
mixed-tenure and socio-economically mixed neighbourhoods forcing
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incumbent residents in targeted dwellings to move out (Kleinhans,
2003; Musterd, 2005).
While Ludwig et al. (2008) argue that ITT estimates are relevant for
policy evaluations as non-compliance in these voluntary programmes
is inevitable, in involuntary relocation programmes non-compliance
is impossible. And while TOT and LATE estimates in MTO show
the impact of moving itself and moving to higher-quality neighbourhoods, it does so only for the subset of individuals who have shown
and acted upon a willingness to move. Hence, MTO designs have so
far not helped us with evaluating forced relocation programmes.
The current study is carried out in the Netherlands, where the
mixed tenure development programmes aim to improve the economic
prospects of all residents, including those who are forced to move:
forced relocatees receive relocation counselling, receive a financial
compensation and priority in the social housing allocation programme
(Bolt and van Kempen, 2010). The mixed tenure programmes aim for
a place-based change in the socio-economic composition of the targeted neighbourhood, but thereby also have the goal to reduce concentrations of low-income groups in general. If relocatees move to another socio-economically disadvantaged neighbourhood, spatial concentrations of poor residents are simply transferred from one neighbourhood to another. In order to circumvent new concentrations of
deprivation elsewhere in the city displaced households should therefore ideally move to a diverse range of neighbourhoods in less deprived and different areas and to a better-off neighbourhood than the
one they leave behind in order to enhance their opportunities (Posthumus et al., 2013).
Until now, descriptive studies have shown that on average, displaced residents move to neighbourhoods with inexpensive housing
and with a low socio-economic status, due to their preference to live
among neighbours with similar problems which creates a feeling of
safety, but also due to their restricted choice in housing market because of a lack of finances (Posthumus, 2013). Posthumus et al. (2013)
also found that the new neighbourhood of forced relocatees often
has a large share of ethnic minorities, because the relocatees prefer
to live among co-ethnics, but also, again, because relocatees cannot
afford to live in other neighbourhoods. Nevertheless, as relocatees often come from high-poverty neighbourhoods, descriptive research in
the Netherlands has shown that on average relocatees still improved
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their living situation by moving to to neighbourhoods with lower
concentrations of poverty (Kleinhans, 2003; Tieskens and Musterd,
2013).
The aforementioned studies focus on moving up in the housing career, but whether the urban renewal policies have actually decreased
the individual deprivation and poor economic prospects of relocatees
remains inconclusive. This is striking, as “[a]nother important aim of
mixing is to improve the situation of all residents, including those
who are displaced, who are considered to be relatively deprived. Displaced residents would have limited chances for social mobility in
their old neighbourhoods because of the presence of high concentrations of (other) deprived residents. These chances would, theoretically, increase by moving to neighbourhoods with better perspectives"
(Posthumus, 2013, p. 52).
Only one Dutch study has particularly devoted their attention to
the evaluation of the individual socio-economic consequences for forced relocatees (Kleinhans et al., 2014). Kleinhans and colleagues (2014)
found no upward socio-economic mobility for stayers and movers
within the restructured neighbourhood in Rotterdam. Unfortunately,
by focusing on within-neighbourhood movers the authors conflate
voluntary movers and forced relocatees and pay no attention to forced
relocatees that move beyond the neighbourhood, as their data does
not allow for identifying and tracking the residents that are forced
to move out their dwelling because of urban renewal strategies. Furthermore, the control neighbourhood was also subject to a urban renewal strategy which makes the comparison group suboptimal. The
present study is able to track down forced relocatees (who move
within and beyond the neighbourhood) and a control group of other
social housing residents that were never forced to move because of an
urban renewal strategy, which enables us to study individual socioeconomic mobility and residential change for forced relocatees that
moved within and beyond the neighbourhood, compared to their
counterparts that are not forced to move.
data
The present study tracks down the forced relocatees of five demolition projects in Amsterdam. Amsterdam is an excellent case to study
whether urban renewal strategies advanced the opportunities of the
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disadvantaged urban resident. First, in Amsterdam low-rent social
housing dwellings can also be found in more affluent areas, not only
in the more disadvantaged neighbourhoods. Forced relocatees could
thus potentially move upwards in their housing career and possibly gain resourceful contacts in a more affluent neighbourhood. Also,
the residential neighbourhoods in Amsterdam are socio-economically
less strongly segregated than neighbourhoods most other European
countries and are especially very heterogeneous compared to American neighbourhoods (de Vries, 2005; Musterd et al., 2006).
Data selection, anonymization and attrition
The housing association provided us with 1,047 addresses in disadvantaged areas in Amsterdam that are targeted for demolition due to
mixed tenure development programmes and 23,104 addresses in Amsterdam that are not on the list for demolition or large-scale renovation. We will refer to this latter group of non-targeted dwellings as our
’control addresses’.1 The total dataset containing 24,151 addresses was
transferred to Statistics Netherlands, who anonymised the addresses
with an address key that refers to a population register backbone,
which made it possible to identify the individuals that were ever registered on these addresses, their dates of birth and their moving dates
(the population register of habitation covers the period 1995-2013).
Statistics Netherlands was unable to assign an anonymised address
key to 16.6 percent of our 23,104 control addresses. Of our 1,047 urban restructurering addresses, over ten percent could not be assigned
an anonymised address key and after resolving other minor issues
we ended up with 928 urban renewal addresses.2 The reason behind
the attrition is a mismatch between the address administration of the
housing association and the official computerised population register
of Statistics Netherlands.
Tracking down relocatees
The first step is to track down the residents of the 928 addresses in
the population registry that are subject to the urban renewal plans
and forced to relocate. The administration of the housing association
contains information on the date of birth and moving dates of most
main tenants, as well as the reference date of the project, ranging from

121

122

socio-economic consequences of forced relocation

1st of January 2006 (Project A, neighbourhood X, 38 addresses), 1st of
February 2006 (Project B, neighbourhood Y, 192 addresses), 1st of January 2008 (Project C, neighbourhood X, 138 addresses), 1st of April
2008 (Project D, neighbourhood Y, 99 addresses) and 1st of December
2009 (Project E, neighbourhood Z, 461 addresses). From that date onwards, residents living in those dwellings targeted for demolition are
forced to move in the near future and are entitled to assistance, priority status in the social housing allocation programme and financial
compensation.3
We need to verify that these individuals in the housing association
administration were also officially registered in the population registry, as this registration makes it feasible to track them over time in
the administrative registers. We will only focus on one individual per
address, namely the main tenant as registered in the housing association administration (these main tenants are entitled to assistance, a
priority status and financial compensation).4
We can use both the birth dates/years and moving dates to verify
that the persons that are registered on the urban renewal addresses
in the population registry are the main tenants as registered in the administration of the housing association. Ideally, individuals match on
both the birth dates and moving dates in the population and housing
association administrations. However, we decide that being registered
on the address on the reference date and having the same date of birth
as known by the housing association is sufficient, as a mismatch in
moving dates is often a result of delayed registration in the population register. Therefore, our main method to identify the main tenants
is by using the date of birth. Using the month and year of birth, we
were able to track down only half of the main tenants (459 out of 928).
Using only year of birth we are able to track down another 85 tenants,
resulting in 544 individuals.5
An alternative way of tracking down relocatees when the birth date
is not available is through the move-in and move-out dates of the addresses.6 To identify the main tenant of the urban renewal dwellings
of which the move-in and move-out dates in the population registry
resemble the ones in the housing association register — we decided
that the difference between both registers cannot be more than 100
days — we selected the oldest tenant registered on the address. This
resulted in identifying another 28 main tenants on urban renewal
dwellings.7 In the end, we were able to track down 572 forced re-
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locatees living on the addresses that are targeted for demolition on
the reference date.8
We continued with linking these forced relocatees to longitudinal
administrative socio-economic, demographic and residential registers
(Social Statistical Database, Statistics Netherlands). We allocated the
address, neighbourhood of residence, income and employment information and household status on the 31st of December for each year
from 2005-2011. This brought to light some missing cases, we checked
this manually to prevent unnecessary loss in our treatment group.
In addition, we excluded forced relocatees that were above 65 years
old, who have an outlier on personal and primary income and those
whom could not be followed up after the forced move.9 This yields a
group of 449 forced relocatees; 29 in Project A, 153 in Project B, 119
in Project C, 60 in Project D and 88 in Project E.10
Tracking down main tenants on control addresses
We start out with the control group of 17,918 addresses. From 2006 onwards many relocation projects were taking place in Amsterdam and
housing associations joined forces in relocating social housing tenants.
Although we know with certainty that the control addresses are not
on the list for demolition or large-scale renovation, we cannot guarantee new residents from 2006 onwards are not displaced residents
from elsewhere. Therefore, to select residents for our control group
we make the restriction that individuals should already live on a control address on 1st of January 2006.11 As multiple individuals can be
registered to a control address, we select the reference person of the
household as assigned by Statistics Netherlands as the control individual. The reference person is the member of the household which
features are characteristic for the household and on which the household positions of the other household members are based.12 We only
selected those more conventional household situations with only one
reference person. As with the forced relocatees, we then linked these
individuals to the longitudinal administrative registers for each year
from 2005-2011. Eventually, we employed an exact matching method
that aims to find control observations that are very similar to the
treated observations (the forced relocatees), thereby reducing the imbalance between the treated and control group. We will elaborate on
this in the Methods section. For the matching procedure we need
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information for all years for the control group to find comparable
observations to our treated individuals, so we only keep individuals
that were registered in each year and excluded control individuals
that have an outlier on personal or primary income, resulting in an
initial control group of 13,610 individuals.
method: difference-in-difference with matching
We confine our investigation to the residential and socio-economic
consequences for forced relocatees, the main tenants of social housing
dwellings in Amsterdam that are demolished. In the previous section,
we identified the main tenants of the addresses targeted for demolition and control addresses. Next, we introduce how we identified the
treatment and discuss our difference-in-difference estimation. Then,
we discuss our selection of the control individuals through coarsened
exact matching, followed by a discussion on our outcome measures.
Difference-in-Difference
The treatment is the forced move and the treatment package includes
assistance in finding a new dwelling, priority status in the social housing allocation programme and financial compensation for moving
costs. We examine the impact of the relocation treatment, although we
cannot identify which of the elements of the package (financial compensation or the priority status in the housing allocation programme
for instance) is effective. Concretely, the treatment is the first move
that is observed after the reference date (start of project given by the
housing association).13 We follow up the forced relocatees from at
least one year after the treatment. We focus solely on individual relocatees and not on the regeneration and improvement of the socioeconomic composition of neighbourhoods after the urban renewal
policy. Following this strategy means we do not take into account
possible spill-over effects of the urban renewal for the area and the
wider community, but sharpen the focus to what has not yet been investigated: the residential change and socio-economic consequences
for the forced relocatee.
In the Moving to Opportunity programme participants are randomly allocated housing vouchers to move to lower-poverty neighbourhoods. To estimate the intent-to-treat impact, MTO researchers
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could suffice by simply comparing the average difference in the posttreatment outcome between the treatment and control group (as done
by Kling et al., 2007). This simple comparison would lead to biased
results in the involuntary relocation programmes because the nonrandom nature of the involuntary Dutch relocation strategies. The
treatment effect will be confounded by differences in pre-treatment
outcomes as residents are not randomly selected into the treatment
and control group; forced relocatees are generally more disadvantaged than social housing residents in general. Indeed, their disadvantage is the main motive behind the urban renewal policy.
Ultimately, we want to estimate the difference between the outcomes of the forced relocatees and outcomes of the forced relocatees
if they had not been forced to move out of their homes. The latter, the
counterfactual, is not observable. This is referred to as the fundamental problem of causal inference: an individual cannot be observed in
the treatment and control state at the same time (Holland, 1986). The
difference-in-difference approach (DID) circumvents the biases and
issues as described above. DID can be seen as a simple difference
estimator between the actual outcome for the treated group and the
outcome that would occur in the post-treatment period to the treated
unit if there had been no treatment. In DID, the mean difference in the
control group is subtracted from the mean difference in the treatment
group as is shown in the formula below:


τDID = E[Yi |Ri = 1, ti = 1] − E[Yi |Ri = 1, ti = 0]


− E[Yi |Ri = 0, ti = 1] − E[Yi |Ri = 0, ti = 0]
In this equation Ri = 1 refers to the treated group that is forced
to relocate and Ri = 0 to the control group and ti = 0 to the pretreatment period and ti = 1 to the post-treatment period. DID thus
estimates the average difference over time in the control group substracted from the average difference over time in the treatment group.
This gets around the problem of not observing the counterfactual. The
unobserved counterfactual non-treatment outcome for the treated can
be identified as follows: the pre-treatment outcome of the treated is
used to infer the level of the counterfactual outcome and the change
of that outcome is inferred from the change over time (difference between post- and pre-treatment) that is observed for the control group.
The regression equation for this model — using the same terminology as above— is as follows:
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Yi = β0 + β1 · Ri + β2 · ti + β3 · Ri · ti + i
Here β0 is a constant term, β1 is the treatment group specific effect (accounts for difference between treated and control group on
the base line), β2 is a time trend common to the control and treatment group and β3 is the DID estimator, the impact of the treatment.
In our case this would be the impact of the forced move. In sum,
DID removes biases in the post-treatment comparison between the
treated and control groups coming from differences between these
two groups, removes the influence of time-constant unobserved heterogeneity and it removes biases coming from time trends.
Triple Difference
The DID design measures the overall treatment effect of a forced
move due to urban restructuring and does not take into account that
forced relocatees might be differentially affected depending on the
type of neighbourhood they move towards. We aim to further refine
the definition of having received a treatment towards those that actually moved to a more affluent neighbourhood. In particular, we investigate whether the treatment effect is different for those that have
made a considerable improvement in their neighbourhood conditions
after the forced move; we particularly expect there to be a positive impact on socio-economic outcomes for those that relocated to a more
affluent neighbourhood.
A dummy was created that indicates whether an individual moved
to another and a more affluent neighbourhood (decrease of at least 0.5
points on our standardised neighbourhood deprivation index, both
forced relocatees and control individuals could obtain a score on
this dummy variable). In the Difference-in-Difference-in-Difference
(Triple Difference) design, first, the difference at ti = 0, 1 for individuals in the control group ( Ri = 0 ) that not moved to a more
affluent neighbourhood (BNbhi = 0) is subtracted from the difference for individuals of the treatment group ( Ri = 1) at ti = 0, 1
that had also not moved to a better-off, more affluent neighbourhood
(BNbhi = 0). This first difference-in-difference is then substracted
from the second difference-in-difference: difference at ti = 0, 1 for
individuals in the control group that did move to a more affluent
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neighbourhood (BNbhi = 1) subtracted from the difference in the
treatment group at ti = 0, 1 for individuals that moved to a more
affluent neighbourhood (BNbhi = 1). This Triple Difference estimate
captures how different the DID estimate is for those that moved to a
more affluent neighbourhood. This is shown in the formula below:
τDDD =




E[Yi |Ri = 1, BNbhi = 1, ti = 1] − E[Yi |Ri = 1, BNbhi = 1, ti = 0] −



E[Yi |Ri = 0, BNbhi = 1, ti = 1] − E[Yi |Ri = 0, BNbhi = 1, ti = 0]






− E[Yi |Ri = 1, BNbhi = 0, ti = 1] − E[Yi |Ri = 1, BNbhi = 0, ti = 0] −



E[Yi |Ri = 0, BNbhi = 0, ti = 1] − E[Yi |Ri = 0, BNbhi = 0, ti = 0]

Identifying control individuals through matching
A key assumption in DID is the parallel trends assumption. This
means that we have to assume that the average change in the control
group represents the counterfactual change in the treatment group if
there were no treatment. In other words, DID only equals the treatment effect if both the treated and control group follow similar paths
in the outcome variable before the treatment. This assumption is violated when pre-treatment covariates (including unobservables) that
are associated with the outcome variable are unbalanced between the
treated and the control group (Angrist and Pischke, 2009). Because of
our natural experiment setting, in which the assignment to the treatment of the forced move is not random, this is something that we
have to be especially aware of.
We will apply exact matching to circumvent the different parallel
trends in the pre-treatment period. The matching method aims to find
control observations that are very similar to the treated observations
on observed characteristics and thereby reduces the imbalance in the
pre-treatment characteristics — meaning more similarity in the distributions of the covariates — between the treated and control group.
Consequently, the treatment variable is more independent from the
other covariates and reduces the bias and model dependence in the
analyses (Blackwell et al., 2009; Ho et al., 2007). In case of DID, matching makes sure that the pre- and post-treatment comparison is based
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on two groups that resemble each other before the treatment, thereby
obeying to the parallel trends assumption.
We use coarsened exact matching (CEM) as a nonparametric method to create an optimal control group.14 In CEM, the variables are
coarsened according to our choice and an exact match is performed
on these temporarily coarsened data (Blackwell et al., 2009). This
transparant, ex ante user choice, imposes the same distribution of
the covariates for the control and treatment groups and reduces the
imbalance between treated and control observations. As the data is
pruned from unmatched units, the treatment and control units are
more similar before the treatment which is beneficial to our DID estimator.
We observe the group of forced relocatees and the control individuals over multiple years (2005-2011) and the year of treatment differs
per relocatee. Matching on panel data is not straightforward as panel
data involves dynamic covariates, while conventional matching periods are focused on matching observations rather than dynamic panels.15 We match treated individuals to control individuals on the year
prior to the forced move; thereby assuming that the forced move is
exogenous and the year before the forced move is a good reflection
of a relocatee’s demographic, socio-economic and residential status.
This pre-treatment information is assumed to provide sufficient information on the observables to match to a counterpart in the control
group.16 In the end, only those individuals in the control group are selected who resemble our relocatees in the year before the forced move
on some key socio-demographic characteristics (age, gender, socioeconomic category, immigrant background, household composition,
neighbourhood deprivation). The forced relocatees are thus matched
to the control group in the same calendar year. For our DID estimation we have then selected the year before treatment and one (and
multiple) year(s) after the treatment for the forced relocatees and the
same years for the control individuals.17 In the Descriptives section
we further elaborate on the practical implementation of this method.
Causality
Our research design combines the advantages of exact matching —
improving the comparability of treated and control group — with
the advantages of differencing in panel data that controls for time-
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invariant individual effects. Thus, matching helps us to deal with selection on observables, while DID deals with unobserved heterogeneity. Our difference-in-difference estimation with matching is causal
under a few assumptions: we have matched on observables and have
to assume that we have included the most important characteristics
(unfortunately, we could not match on educational attainment as education is not yet registered for the entire population) (Angrist and
Pischke, 2009). We also assume that the trend in the treatment group
would have been the same as in the control group had the treatment
not been given (parallel trends assumption). While this assumption is
sometimes tested by looking at the trend before the start of the observation window, our data do not allow for such an analysis because
relocatees have their treatment in different years and we can only
observe individuals for a limited time period. Nevertheless, the combination of DID and matching ensures that our results are strongly
suggestive of the identification of a causal effect.
Outcome measures
We study individual socio-economic mobility and residential change
for forced relocatees that moved within and beyond their neighbourhood, compared to their counterparts in comparable neighbourhoods
that were not forced to move. We first estimate whether on average forced relocatees are living in less socio-economically deprived
neighbourhoods after the forced move, measured by a standardised
neighbourhood-level deprivation index. This index is constructed from
several income and welfare benefits measures coming from the datafile
Key Figures Districts and Neighbourhoods from Statistics Netherlands.
The five items are (1) the average personal income per income recipient; (2) the average personal income per resident; (3) percentage of
income recipients with income less than or equal to the 40th percentile
of the national income distribution; (4) percentage of income recipients with income equal to or greater than the 80th percentile of the
national income distribution (5) number of welfare benefits per 1,000
households. A high proportion of residents on welfare, a high share of
low-income people and low share of high-income people, low average
income in general and per income recipient captures the level of socioeconomic deprivation in the neighbourhood. Following the research
field’s line of reasoning, a more deprived neighbourhood has a rela-
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tive absence of positive role models, resources and job information in
the neighbourhood. Using the neighbourhood definition by Statistics
Netherlands, Amsterdam has neighbourhoods with an average size
of about 8,000 residents. A standardised index of neighbourhood deprivation is created for each year based on the available information
from all Dutch neighbourhoods.18 The neighbourhood deprivation
score is standardised per year because the data collection, number of
neighbourhoods on which information is available, and measurement
of (average) personal income has changed over the years. The internal consistency for the index was examined using Cronbach’s alpha
for standardised items and is high (mean alpha of standardised items
of 0.90). The Kaiser-Meyer-Olkin postfactor measure of sampling adequacy is employed to assess the factorability and is also very adequate
(mean KMO is 0.79). Only one component for each neighbourhood is
estimated which explains on average over 72 percent of the variance
(eigenvalue of this component is on average 3.61).19
Then we focus on two socio-economic consequences of the forced
move: change in income and employment status. Income is available
on a yearly basis and is adjusted for inflation until 2011 using the
Consumer Price Index, and is measured by the natural logarithm. Incomes that were zero or negative are set to 1, resulting in a log of 0.
We focus on two types of income: (1) logged primary income, consisting of income from work and income from a business. Income from
work consists of wages and salaries (including the contributions to
social insurance from employee and employer) and income from the
own business is the profit made; (2) logged personal income, which
goes beyond primary income and also includes transfers from social
security benefits, fundings and alimonies minus the premiums for
income insurance.
For employment status, we rely on an individual’s socio-economic
category as defined by Statistics Netherlands, which refers to the
main source of income of a person measured over the entire year.20
We create a dummy variable that denotes whether an individual is
employed or not. We consider an individual to be employed when
that individual is denoted by Statistics Netherlands as a employee,
civil servant, self-employed, director/majority stakeholder or other
active within that year. Those on benefits, (early) pension, students,
other non-active or without income are considered as not employed.

5.5 matching and descriptives

Table 5.1: Pre-treatment characteristics on which main tenants are matched
Variable

Coarsened values

Age

18–25, 26–35,
36–45, 46–55,
56–65, over 65
male/female
employee/civil servant;
self-employed/director, majority stakeholder/other active;
unemployment benefits;
welfare benefits/social security/disability benefits;
(early) pension/student/other non-active/without income
native Dutch;
first generation immigrant;
second generation immigrant
couple with children;
single parents
Automatic binning algorithm Sturge’s Rule

Gender
Socioeconomic category

Ethnicity

Household composition
Neighbourhood
Deprivation Index

matching and descriptives
Coarsened Exact Matching procedure: evaluation of unmatched data
In the Data section we described how we identified the treated and
control group. This dataset with 449 treated and 13,610 control individuals is followed over the course 2005-2011 (7 years). We aim to
select those residents in the control group who resemble treated units
in the year before the forced move. We create a new dataset with the
year prior to treatment for the forced relocatees (449 observations)
and the full observation period (2005-2011, 95,270 control observations) for the control group as the relocatee should be matched to the
control group in the same calendar year.
CEM is a trade-off between exactness (the definition of what a
match is) and the number of matched observations. To attain a sizeable control group, we only matched on the (grouped) categories as
reported in Table 5.1. In addition to these variables, we require the
control group to be matched in the same year as the pre-treatment
year for the treatment group, to live in Amsterdam and to be registered as living in a rental house in that same pre-treatment year. We
create two matched datasets: (1) to estimate the treatment effects on
income, all categories as mentioned in Table 5.1 are used to match
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Table 5.2: Pre-treatment descriptives of forced relocatees and control group
Forced relocatees

Gender
Male
Female
Socioeconomic category
Employee company
Civil servant
Director/majority
stakeholder
Self-employed
Other active
Unemployment benefits
Welfare benefits
social security benefits
Disability benefits
Pension until 65
Pension above 65
Student
Other non-active
Without income
Household composition
Living at parental home
Single
Couple without children
Couple with children
Single parent
Other

Control individuals

N

Percentage

N

Percentage

230
139

62.33%
37.67%

230
139

62.33%
37.67%

176
20
0

47.70%
5.42%
0.00%

175
21
0

47.43%
5.69%
0.00%

23
0
6
100
4
28
1
0
4
1
6

6.23%
0.00%
1.63%
27.10%
1.08%
7.59%
0.27%
0.00%
1.08%
0.27%
1.63%

21
2
6
88
3
41
3
0
4
0
5

5.69%
0.54%
1.63%
23.85%
0.81%
11.11%
0.81%
0.00%
1.08%
0.00%
1.36%

0
124
43
125
74
3

0.00%
33.60%
11.65%
33.88%
20.05%
0.81%

0
115
46
125
74
9

0.00%
31.17%
12.47%
33.88%
20.05%
2.44%

Source: authors’ calculations using housing association administration merged with Social
Statistical Database, Statistics Netherlands.
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Table 5.2: Pre-treatment descriptives of forced relocatees and control group
(continued)
Forced relocatees

Ethnicity
Native Dutch
Turkish (1st generation)
Turkish (2nd generation)
Moroccan (1st generation)
Moroccan (2nd generation)
Surinamese (1st generation)
Surinamese (2nd generation)
Antillean/ Aruban (1st generation)
Antillean/ Aruban (2nd generation)
Western (1st generation)
Western (2nd generation)
Other non-Western (1st generation)
Other non-Western (2nd generation)
Pre-treatment year
2005
2006
2007
2008
2009

Control individuals

N

Percentage

N

Percentage

50
42
6
68
8
69
12
18
1
10
5
78
2

13.55%
11.38%
1.63%
18.43%
2.17%
18.70%
3.25%
4.88%
0.27%
2.71%
1.36%
21.14%
0.54%

50
55
4
86
8
52
10
11
1
17
10
64
1

13.55%
14.91%
1.08%
23.31%
2.17%
14.09%
2.71%
2.98%
0.27%
4.61%
2.71%
17.34%
0.27%

24
34
106
39
166

6.50%
9.21%
28.73%
20.57%
44.99%

24
34
106
39
166

6.50%
9.21%
28.73%
20.57%
44.99%

Forced relocatees
N
Age
Neighbourhood
Deprivation Index
Logged primary
income
Logged personal
income

Mean

SD

min

369
369

43.076 9.891
1.844 0.424

369

6.541

4.902

0

369

9.816

1.382

0

Control individuals
max

20.835 62.998
1.414 2.429

N

Mean

SD

min

max

369
369

43.500 10.100
1.868 0.410

21.500 64.501
1.404 2.429

11.417

369

6.517

4.819

0

11.389

11.310

369

9.753

1.373

0

11.389

Source: authors’ calculations using housing association administration merged with Social Statistical
Database, Statistics Netherlands.
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the treated to control observations; (2) to estimate the treatment effects on employment, we match on the same characteristics except on
the socio-economic category (neither on earnings, as this reflects the
employment status).
Table A5.1 in the appendix shows the imbalance between the treated
and control observations in this dataset for these categories. The L1
measure indicates the overall imbalance and is a baseline reference
for unmatched observations, 0 refers to perfect global balance and
the higher the value the larger the imbalance between the groups
(with a maximum imbalance of 1, which means complete seperation)
(Blackwell et al., 2009). Our L1 statistic is 0.995, indicating a very high
disbalance. This high L1 statistic is not surprising, giving the set-up
of our data: only 449 treated observations against 95,270 control observations.
We apply the k-to-k solution in CEM that randomly prunes the
data until each strata has the same number of treated and control
observations. This matching procedure provides us with 369 matches
(coming from 336 unique individuals: 307 control individuals were
used once, 25 individuals were used twice and 4 are used 3 times
in different years). Our matching solution substantially reduced the
imbalance to 0.629. We merge the matched observations in the pretreatment year back to the original panel dataset and create a difference in difference dataset in which only the pre- and post-treatment
year(s) for the treated and control group are preserved.
See Table 5.2 for the descriptives for the main group of 369 forced
relocatees, showing that on average individuals in the treated and
control group are very similar. We did not match exactly on living in
the same neighbourhood, but while our treatment groups are based
in three neighbourhoods, control observations are found in ten neighbourhoods of similar levels of socio-economic deprivation (and two
out of three treated neighbourhoods are also represented here).
results
Residential change for forced relocatees
Before considering the improvement in economic prospects (earnings and employment) after the forced move, we focus on the resi-
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Table 5.3: Difference-in-Difference on neighbourhood deprivation index
Before treatment

one year

two years

three years

four years

Mean/Differences
Standard Deviation
Difference-in-Difference
Standard Error
p-value
N observations per group
N observations
Difference-in-Difference
Standard Error
p-value
N observations
Difference-in-Difference
Standard Error
p-value
N observations
Difference-in-Difference
Standard Error
p-value
N observations

After treatment

Cont.

Treat.

Diff.

Cont.

Treat.

Diff.

1.868
0.410
-0.500***
0.071
0.000
369
1,476
-0.810***
0.101
0.000
812
-0.742***
0.11
0.000
648
-0.866***
0.195
0.000
212

1.844
0.424

-0.024

1.627
0.707

1.108
1.009

-0.524

369

369

369

Two-tailed test: † p<0.10, * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using
housing association administration merged with Social Statistical Database, Statistics Netherlands.

dential change of forced relocatees and aim to answer the question
whether forced relocatees on average live in less socio-economically
deprived neighbourhoods after the treatment than before the treatment. In our difference-in-difference design on the 369 individuals
that were matched and that we could follow up to a year after the
treatment, we found on average a very substantive improvement in
their neighbourhood conditions. Table 5.3 shows that the year after
the treatment, the standardised deprivation index of the neighbourhood of residence of forced relocatees is 0.500 points lower compared
to their counterparts in the control group. This reflects a change of
half a standard deviation in the standardised neighbourhood deprivation index. Being forced to relocate thus seems to have led to a
substantive decrease in deprivation of the living environment compared to those individuals that were not forced to move (but could
still voluntarily move).21
Table 5.3 also shows the change two, three and even four years after
the treatment. This results in a smaller sample size and one should
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keep in mind that this also leads to another selection of projects as
the year of treatment differs per project and individual. Our goal is
to see if in general, forced relocatees live in better socio-economic
neighbourhood conditions than before the treatment. Two years after
the treatment, we can still observe 203 forced relocatees, who score
0.810 points lower compared to the control group. Three years after
the treatment, the deprivation index is 0.742 points lower for the 162
forced relocatees we could still observe. And four year after the treatment we only observe 53 individuals and for them the deprivation
index is 0.866 points lower.
This increasing improvement might be explained by improved neighbourhood conditions of the neighbourhoods in which the restructuring took place: individuals that were forced to move, but moved
within the neighbourhood, then also experience an gradual upgrade
in their living conditions.22 Nevertheless, the largest improvement
still comes from those moving out of the neighbourhood. Also, tracking individuals for multiple years means that we only focus on a
subset of the forced relocatees which we can observe for a longer period of time. Those that moved later in our observation period are not
included in this subset, while this group moved relatively more often
within the neighbourhood and thus experienced less of an upgrade. A
general trend is still very apparent though: also a few years after the
treatment, on average, individuals that were forced to move end up
in much less deprived neighbourhoods than if they were not forced
to move. These findings are in line with earlier research (Kleinhans,
2003; Tieskens and Musterd, 2013).
Difference-in-Difference: Income change for forced relocatees the year after
the forced move
We have shown that on average, forced relocatees end up in less deprived neighbourhoods compared to their counterparts that were not
forced to move. We now focus on socio-economic consequences. More
concretely, we investigate whether individuals increased their earnings after the forced move. First, we focus on logged primary income.
Table 5.4 shows the difference-in-difference model for logged primary
income. Individuals that were forced to move earn on average slightly
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Table 5.4: Difference-in-Difference on logged primary income
Year before treatment

Mean/Differences
Standard Deviation
Difference-in-Difference
Standard Error
p-value
N observations per group
N observations

One year after treatment

Cont.

Treat.

Diff.

Cont.

Treat.

Diff.

6.517
4.819
-0.137
0.508
0.787
369
1,476

6.541
4.902

0.023

6.420
4.862

6.307
4.948

-0.114

369

369

369

Two-tailed test: † p<0.10, * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations
using housing association administration merged with Social Statistical Database, Statistics
Netherlands.

less after the treatment compared to those that were not forced to
move. This difference is, however, not significant.
Triple Difference: Income change for forced relocatees that had a considerable
improvement in their neighbourhood environment the year after the forced
move
On average forced relocatees are living in better-off neighbourhoods
compared to those that were not forced to move. Furthermore, on
average, there is no impact of forced relocation on logged primary
income. So far, we only estimated the impact for residents that are
forced to move, regardless of whether they moved to a less deprived
neighbourhood or not. We now focus on those residents that actually moved to more affluent neighbourhoods (decrease of at least 0.5
points on our standardised neighbourhood deprivation index). Only
39 of the control individuals had moved to a better neighbourhood,
while 150 forced relocatees moved beyond the original neighbourhood to a neighbourhood that is much less socio-economically deprived.
Table 5.5 shows our Triple difference model for log primary income.
The first DID estimate (-0.396, n.s.) captures the average differential
change in income for the forced relocatees that did not move to a
more affluent neighbourhood relative to the change in income for
those in the control group that also did not move a more affluent
neighbourhood. The second DID estimate (0.485, n.s.), captures the
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Table 5.5: Triple Difference on log primary income
Year before treatment

One year after treatment

Did not move to more
affluent neighbourhood

Cont.

Treat.

Diff.

Cont.

Treat.

Diff.

First
DID

Mean/Differences
Standard Deviation
N observations per group

6.262
4.895
330

6.406
4.959
219

0.144

6.200
4.908
330

5.948
5.052
219

-0.252

-0.396

Moved to more affluent
neighbourhood

Cont.

Treat.

Diff.

Cont.

Treat.

Diff.

Second
DID

Mean/Differences
Standard Deviation
N observations per group

8.673
3.483
39

6.737
4.828
150

-1.936

8.281
4.054
39

6.830
4.761
150

-1.451

0.485

Triple Difference
Standard Error
p-value
N observations

0.881
1.373
0.521
1,476

Two-tailed test: † p<0.10, * p<0.05, ** p<0.01, *** p<0.00. Source: authors’ calculations using housing
association administration merged with Social Statistical Database, Statistics Netherlands.

average differential change in income for the forced relocatees that
moved to a more affluent neighbourhood relative to those in the control group that also moved to a more affluent neighbourhood, which
is positive but non-significant.
The Triple difference estimate (0.881) captures how different this
DID estimate is for those that did move to a more affluent neighbourhood. The positive estimate suggests that the negative impact of being
forced to move is less negative for individuals that are forced to move
but move to a considerably better neighbourhood, but this estimate is
— as the DID estimates — not significant. The total treatment effect
for forced relocatees that moved to a more affluent neighbourhood is
the sum of the first DID and Triple difference estimate, which would
turn out positive, but is thus not significant.
It is interesting to point out though, that forced relocatees that
moved to a more affluent neighbourhood have on average a much
lower income before the treatment than those in the control group
that also moved to a better-off neighbourhood. This seems to suggest
that the treatment enables residents with a lower income to move beyond the neighbourhood of residence to a better-off neighbourhood.
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Despite the non-significant findings the model thus seems to be indicative of an overall positive total treatment effect for forced relocatees that moved to a more affluent neighbourhood. We should, however, be careful with making a causal claim here; matched pairs of
forced relocatees and the control group are based on an overall match
on pre-treatment characteristics regardless of a move to a more affluent neighbourhood. It should also be noted that forced relocatees who
did not move to a more affluent neighbourhood still moved, while the
control group that did not move to a more affluent neighbourhood
consists of both non-movers and movers (318 control individuals did
not move, 4 moved within the neighbourhood and 8 moved beyond
the neighbourhood but not to a more affluent neighbourhood).
DID and Triple Difference: Income and employment change for forced relocatees multiple years after the forced move
Table 5.6 shows the DID and Triple Difference estimates for logged
primary income, logged personal income and employment. For primary and personal income, our estimates turn out to be statistically
non-significant, also when we focus on the forced relocatees that we
were able to track over multiple years. When we focus on employment, which consists of a different matched sample (not matched on
socio-economic categories), we also do not find a significant improvement in the proportion of forced relocatees that are employed after
the treatment.
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Table 5.6: Difference-in-Difference and Triple Difference
log primary income
(SE)

Difference-in-Difference
one year
N observations
two years
N observations
three years
N observations
four years
N observations

log personal income

-0.137
1,476
-0.170
812
-0.343
648
-0.607
212

(0.508)

0.881
1,476
0.768
812
0.828
648
0.369
212

(1.373)

(0.678)
(0.768)
(1.381)

employment‡

(SE)
0.057
1,476
-0.125
812
-0.022
648
-0.447
212

(0.134)

-0.025
1,476
0.002
812
0.152
648
0.911
212

(0.364)

(0.489)
(0.222)
(0.520)

(SE)
0.002
1,700
0.020
1,008
0.005
820
-0.013
300

(0.048)

0.121
1,700
-0.085
1,008
-0.043
820
0.088
300

(0.144)

(0.063)
(0.069)
(0.115)

Triple Difference
one year
N observations
two years
N observations
three years
N observations
four years
N observations

(1.746)
(1.954)
(3.458)

(0.468)
(0.568)
(1.313)

(0.159)
(0.160)
(0.288)

Two-tailed test: † p<0.10, * p<0.05, ** p<0.01, *** p<0.001. Source: authors’ calculations using housing
association administration merged with Social Statistical Database, Statistics Netherlands.
‡ These models are based on a different number of observations than the models on earnings, as for the
models on employment the data is not matched on the socio-economic categories (neither on earnings,
as this reflects the employment status). We do match on age, gender, ethnicity, household composition
and the neighbourhood deprivation index. As we do not require the treatment and control group to be
balanced on the socio-economic categories, we obtain a slightly larger sample than in the models on
earnings.
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conclusion
Alongside the academic debate on the existence and nature of neighbourhood effects, there is an increasing demand among policymakers
to get more insight in whether relocation policies can reduce individual deprivation, because more economic opportunities are assumed
to become available after the move. The place-based urban renewal
strategy in the Netherlands, leading to involuntary relocation, served
as a natural experiment in this study that allowed us to study this.
The main finding of this study is that on average forced relocatees
have moved to a less deprived neighbourhood. The finding that relocatees generally improved their living situations suits the policy and
supports earlier descriptive research (Kleinhans, 2003; Tieskens and
Musterd, 2013), but this upgrade in housing career does not translate in socio-economic consequences, which was at the core of our
study. We found no significant decrease in individual deprivation
and improvement in economic prospects for the forced relocatees: on
average, forced relocatees did not improve their economic prospects
(earnings and employment). While our difference-in-difference estimates might have understated the impact of actually moving to a
better-off neighbourhood, as not all residents move away from deprived neighbourhoods, also our Triple difference estimates do not
show any significant improvements in socio-economic mobility. This
is in line with recent work by Chetty et al. (2015), who finds no effects
of MTO treatments on economic outcomes of adults.
While there are no significant differences between the treatment
and control group in terms of economic outcomes, it might take
longer for relocated residents to get connected to their new neighbourhoods. It could also be argued that relocation is not necessarily
beneficial for residents: “forced to move away from their social support networks they lack the necessary contacts to find work and the
employment opportunities through local social institutions" (Musterd
and Pinkster, 2009, p.58). From the American literature, it follows
that the relocatees that are found to move (back) to nearby socioeconomically disadvantaged areas do not necessarily worsen their
overall situation as they might be able to secure their existing social
networks and live close to services and resources. From this it follows
that there is not one clear scenario for improvements after relocation
and that there are many challenges in pinpointing the actual treat-
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ment effect on economic prospects (Clampet-Lundquist and Massey,
2008; Kleinhans et al., 2014; Bond et al., 2013).
Furthermore, urban renewal policies are not only expected to be
beneficial for relocatees, but also for other incumbent residents and
the wider community in the area. Evaluation of this policy is challenged by the complex situations underlying the intervention and
methodological challenges in quasi-experimental designs. The definition of an intervention is already a challenge, in words of Bond
et al. (2013, p.942): “ The intervention is difficult to define. It comprises multiple, interrelated activities (demolition, new builds aimed
at tenure diversification, housing improvements, and social and community interventions), delivered in different ways to different people
in different places and at different time points."
In general, it is difficult to identify the recipients of these neighbourhood interventions; the targeted dwellings are inhabited by a
vulnerable and diverse group of residents living in a very deprived
area, often characterized by instability in their household composition. Moreover, it is difficult to find out what can be attributed to the
intervention and what not as it often takes many years before restructurings yield results. One should also keep in mind that in our matching approach, we pruned the observations so that the distribution of
potential confounders is as similar as possible amongst the treated
and control group. While this matching procedure increases internal
validity — as we are able to obtain an estimate that is strongly suggestive of the identification of a causal treatment effect — it decreases
the external validity. We forced the controls to be more similar to the
treated group and less comparable to the general population and we
thus cannot draw conclusions from those that are unmatched and
pruned from the data.
Besides the methodological challenges, Kleinhans et al. (2014) mention some possible explanations why forced relocation has not lead
to upward socio-economic mobility. First, they argue that improving
individual socio-economic prospects by an area-based policy is an
idealistic goal to begin with, as no studies so far showed higher incomes and more jobs in restructured neighbourhoods. In addition,
the existence of neighbourhood effects, the supposed beneficial impact of middle-income neighbours (role models, resources and job information), is still very much debated. Social interaction between various social groups in mixed-tenure neighbourhoods is not self-evident,
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which undermines the potential of positive role models and resourceful contacts (Kleinhans, 2004). Second, the authors note that forced relocatees in deprived areas are among the most disadvantaged groups
in society and they already have a limited upside potential and poor
economic prospects. Third, they note that there have been cutbacks
on social services that could assist forced relocatees both in finding a
(new) job.
Finally, it simply takes time for effects of urban restructuring to
show; it could be that in a decade we observe a positive impact for
children and adolescents in the school-going age in the treatment
group, as these individuals got the chance to grow up in a less deprived neighbourhood. Chetty et al. (2015) studied outcomes almost
two decades after the random assignment in MTO and found a positive treatment effect for children who moved to lower-poverty areas while they where young; this move increased their future annual income substantially as well as their college attendance rates
and quality of college attended. Future research should therefore focus on the long-term economic outcomes for children after a forced
move who might benefit from better living situations, potentially better schools in better-off neighbourhoods and safer surroundings. Recent evidence from Sweden shows that living in a deprived area can
be persistent and inherited; individuals tend to end up in neighbourhoods similar to where they grew up (van Ham et al., 2014). This suggest that inequality is partly inherited via neighbourhoods, which can
potentially be reduced by offering low-income families with young
children assistance in moving to lower-poverty neighbourhoods.
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Table A5.1: Measuring imbalance between treated and control observations
Univariate imbalance

mean

min

max

Gender
Age
Neighbourhood Deprivation Index
Socioeconomic category
employee/civil servant;
self-employed/director, majority stakeholder/other active;
unemployment benefits;
welfare benefits/social security/disability benefits;
(early) pension/student/other non-active/without income
Ethnicity
native Dutch;
first generation immigrant;
second generation immigrant
Position in the household
Couple with children
Single parent

-0.022
-9.919
1.056

0
0.496
5.694

0
-37.914
-0.692

0.080
0.025
0.008
0.065
-0.177

0
0
0
0
0

0
0
0
0
0

-0.284
0.249
0.035

0
0
0

0
0
0

0.168
0.019

0
0

0
0

Number of treated observations/individuals (N)
Number of control observations (N)
Number of control individuals
Multivariate L1 distance

449
95,270
13,610
0.995

Source: authors’ calculations using administration of housing association merged with Social Statistical
Database, Statistics Netherlands. Note: The column ‘mean’ refers to the mean in the control group substracted from the mean in the treated group, a negative value thus refers to a lower mean in the treated
group. The difference in means are especially large when it comes to age and neighbourhood deprivation
index, the average in our standardised deprivation index is over one point higher in the treated group. On
these variables, the differences in the distributions of the treated and control groups are rather large: the
minimum of neighbourhood deprivation differs 5.69 points. This is as expected: the treated individuals live
in rather deprived neighbourhoods. When it comes to the differences in distributions of the socio-economic,
generation and household categories, there are on average less observations where an individual receiving
(early) pension, students and that are other non-active or without income, there are on average less natives
and there are more in a couple with children and single parents in the treated group.

endnotes
1 The housing association initially provided a list with around 40,000 addresses in
the wider metropolitan area of Amsterdam that were in their records around 2006.
In very close collaboration with the housing association we carefully checked all addresses to make sure they were not part of any other a demolition- or renovation project
in the period 2006-2011. Following that strategy, we could be certain that residents that
were living on these addresses in 2006 were never forced to move out of that dwelling
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because of a urban renewal project and can therefore be assigned to our ‘control group’.
We also only selected addresses in Amsterdam.
2 One individual moved from one urban renewal dwelling to another. As it is not
clear which move is the treatment, we decided to omit this case. Also, on three urban renewal addresses nobody was registrered at the reference date (start of project
as denoted by housing association), also these three cases are deleted and finally, two
adresses with more than 70 individuals registrered are also omitted as this is clearly a
particular case. In addition, the list of control addresses also contained non-dwellings
such as shop-premises, elderly homes and parking garages. We only selected dwellings
that are meant for residence for singles or households. The attrition and selection process amounts in 17,918 control addresses.
3 In Project A and Project B all former residents had moved out in the course of
2009, in Project D the eviction was not completed until 2013, in Project E in 2012 and
in Project C the end of 2009.
4 In the population register we found 2,591 residents registered on our 928 addresses
on the date of reference, this includes the other household members registered on that
address. The housing association administration is missing the dates/years of births of
72 out of 928 main tenants, 27 moving-in dates and 473 moving-out dates — the latter
is mostly Project E.
5 For project A we could only use year of birth as month of birth was unavailable.
Most problematic cases when it comes to matching by month/year of birth are based
in Project E where illegal housing situations are rather common; for project E we could
only detect about a quarter of the main tenants in the official population registry. For
the 544 individuals that are matched on date or year of birth, 480 individuals also had
the correct moving-in dates and 396 the correct moving-out dates (In 57 out of 544 cases
there was a mismatch of more than 100 days on the move-in date and in 7 cases this
information was missing. In 18 cases out of 544 cases there was a mismatch of more
than 100 days on the move-out date and in 130 cases this information was missing.)
6 Unfortunately, this information is missing from the housing association administration for most tenants in Project E. Also, it is important to realise that there can be a
time gap between official registration with the municipality and the administration of
the housing association. When this time gap is very large we cannot be sure that the
person in our population register is the person that the housing association labelled
as a forced relocatee. When we could not identify our person in the registry with the
date of birth or move-in and move-out date we have decided to drop that case from
our dataset.
7 In 24 cases, the date of birth was not available so using the moving dates was the
only available information, in 4 cases the date of birth did not match, but was very close
and seemed to be a clerical error. We removed 3 cases where the moving dates in the
housing association administration and population registry were close, but the birth
dates of main tenants in housing association administration deviated largely from the
population registry. It is too risky to identify these individuals as the forced relocatees.
8 In Project E it was most difficult to detect forced relocatees, for Project A-D we
were more successful: on average over 95 percent could be tracked for these projects.
We also manually checked whether the neighbourhoods to which forced relocatees
moved are the same match in the official population register and in the housing association administration. In about 10 percent of the cases, this did not match up but this
could also be due to incorrect information that the housing association received.

146

9

Out of the 572 forced relocatees that could be identified, there were 9 forced
relocatees that had no record of moving in the population registry and some that have
no proper registration in before or after the forced move, resulting in a loss of another
17 individuals. All these cases were checked manually to prevent unnecessary loss in
our treatment group (for instance, not being registered in 2005, while the treatment is
in 2008 does not have to be a problem so we did not omit this individual). There were
also 40 individuals that moved in 2011, which can unfortunately not be followed up as
our observation period runs till 2011. Another 56 persons that were omitted are above
65 years old during our observation period and one individual had an outlier on the
income variable (above 100.000 euro).
10 The 449 forced relocatees are all registered at least the year before and after the
treatment. Another 6 forced relocatees are not registered a few years after the relocation,
we only deal with these missings once we follow them over multiple years.
11 There were 53 individuals that lived on a control address in 2006 and then moved
to an urban renewal project. Obviously, as individuals cannot be included in both the
forced relocatees and control group, we excluded these control addresses.
12 The reference person is chosen as follows, if it is a couple the man is chosen, with
a same-sex couple the oldest person, a single-parent household the parent and in other
household the oldest adult man or oldest adult woman. This selection yields a group
of 16,076 individuals living in on our control addresses on the 1st of January 2006. In
almost 500 out of 572 cases, our forced relocatees were also registered as a reference
person, so this is a good comparison group.
13 We only registered addresses and neighbourhoods of residence once a year, on
the 31st of December. A forced relocatee could potentially have moved more than once
within one year - in that case we only observe the last move within that year (although
multiple moves within one year are rare). Also, in some cases, the forced relocatees
moved away from the first destination after treatment, this will become apparent in
our models as we follow relocatees from at least one year after the treatment.
14 King and Nielsen (2015) make a strong case against the often-employed propensity score matching (PSM) procedure, which depends heavily on the specification of
the model predicting treatment and discards considerable information, making it an
inefficient procedure that could actually increase imbalance between comparison and
treated groups. CEM is independent from the logit score as employed in PSM and
thereby reduces the bias.
15 Nielsen and Sheffield (2009) refer to this as the “double-dimensionality" of panel
data: the panels that are observed over time — in our case individuals that are eventually forced to move and their counterparts — are units of analysis, but each observation that is a panel-time period (in our case person-year) can also be considered as
an individual unit of analysis. The observations of the same individuals are related at
the different points in time. A solution to deal with the double-dimensionality is to
collapse the time-element of the data by averaging on pre-treatment co-variates (Simmons and Hopkins, 2005), compressing the data to only one observation per panel.
A possible downside of this approach is that this gets rid of trends over time and
dynamic nuances in the pre-treatment period, which might even have led to the treatment. Disregarding these dynamics might in that case lead to biased matches. While
in certain fields of study particular trends might lead up to a certain treatment, for
instance reduced GDP leading to policy changes or declining economic success of a
firm for a enterpreneur to resign, in the case of forced moves the treatment is rather
independent from the individual-level trends in socio-economic mobility. Surely, the
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individuals that are subject to urban renewal strategies and are forced to move are
among the most disadvantaged groups in society, but their individual socio-economic
development over time should be considered independently from the urban renewal
policy. The relocatees are subjected to treatment because they live in low-quality housing and there is a concentration of poverty in the area, but their individual economic
development the years before treatment are not relevant to the treatment assignment,
as the urban renewal policies were already in the making many years before the actual demolishment. This approach, however, is not feasible for our data. In our case
the treatment, the forced move, occurs at different years for different individuals. As a
result, some individuals have more pre-treatment observations than others. Collapsing
the time-element of the data by averaging on pre-treatment co-variates over several
years as done by Simmons and Hopkins (2005), might be biased as some individuals
have four pre-treatment years, and others only one. It is hereby also not clear over how
many years we should collapse the covariates of the control group, which we observe
for seven years. As explained above, we are also not concerned with diverging timetrends that lead up to the treatment, or endogeneity bias leading up the treatment, as
the urban renewal strategy was a rather exogenous decision taken independently from
the relocatees.
16 An example of a study that combines matching on panel data with a DID design is by Becker and Hvide (2016), who investigate the individual contribution of entrepreneurs to firm performance. They use propensity score matching (PSM) to match
firms where the entrepreneur dies to similar firms where the founder did not die, and
make sure that the matched controls are most comparable in terms of their observable
characteristics at the time of start-up and moreover, make the restriction that the treated
and control firm are started up in the same calendar year. Their DID analysis proceeds
on this matched sample. The authors use pre-treatment characterstics at the year of the
firm foundation to match. While Becker and Hvide (2016, p. 18) warn that characteristics measured in the year before the treatment (in their case death of founder) “might
already be subject to endogeneity bias because of the foreshadowing of (later) founder
death", we believe this to be no or at least much less of an issue in our case. The forced
move does not happen overnight, residents are informed about the plans already years
before the actual intervention. Even if the upcoming treatment would have reduced
earnings before the forced move, as a result of stress of the relocatee leading up to the
move, this would be impossible to capture in a specific point in time.
17 For example, a person for whom we observe the treatment in 2007, that individual
is matched to a counterpart with similar characteristics in 2006. For the DID estimation
we compare 2006 and 2008 (one year after the treatment).
18 On average, we obtain the index from about 7,700 neighbourhoods in the Netherlands per year.
19 Unfortunately, income information on neighbourhoods is not available for 2008.
As neighbourhoods change relatively little over time, we took the average of the neighbourhood deprivation indices of 2007 and 2009.
20 For example, an individual that was on welfare benefits till November and became
employed again in December is registered as a welfare recipient.
21 From the 369 forced relocatees, 197 (53%) lived outside the treatment neighbourhood the year after the treatment. On average, their neighhourhood deprivation after
the treatment was a 1.350 point lower, pointing to a clear improvement in the socioeconomic composition of their new neighbourhood of residence (the maximum was
a 5.030 decrease in neighbourhood deprivation). Only 15 individuals entered a neigh-
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bourhood that was more deprived than the neighbourhood from which they had to
move (the maximum is a 0.623 increase in deprivation). For the 172 relocatees (47%)
that live within the same neighbourhood the year after the treatment, there was also a
slight difference in neighbourhood deprivation before and after the forced move. This
difference comes from the restructured neighhbourhoods changing slowly over time
(both an absolute change and relative to all the other neighbourhood in the Netherlands, but this was only a 0.043 improvement on average). The maximum change was
a 0.226 improvement (decline in neighbourhood deprivation), and the maximum increase in neighbourhood deprivation was 0.249. The averages as mentioned in this
endnote are only descriptive — they are not corrected for the change in the control
group — so the difference-in-difference design provides a superior estimate of the impact of forced relocation on the change in neighbourhood conditions.
22 For the forced relocatees that did not move beyond the neighbourhood and are
living in the treatment neighbourhood, after two years there was on average an 0.284
improvement, after three years on average 0.261 and after four years 0.277 improvement.

6

CONCLUSION

Many scholars in the social sciences have studied neighbourhood effects on economic prospects - that is, the idea that the socio-economic
composition of a neighbourhood influences its residents’ work aspirations and employment opportunities. The premise that residence
in affluent neighbourhoods enhances the economic prospects of residents while living in deprived neighbourhoods is detrimental is at
the core of many urban policies. Place-based urban renewal strategies
and mobility programmes aim to deconcentrate poverty, with the goal
to avoid negative socialisation and enhance resources in networks
in the neighbourhood (Andersson and Musterd, 2005). Political debates on deconcentration of poverty thus reflect the academic idea of
neighbourhood effects. The logic of socialisation and social networks
prevails in these debates; social interaction in the neighbourhood is
believed to induce neighbourhood effects and either limit or enhance
economic opportunities of its residents.
The socialisation and social networks pathways fall under the banner of social-interactive mechanisms and are endogenous as they are
about social processes that occur within the neighbourhood (Galster,
2008). They contrast with external processes that might hamper residents’ economic self-sufficiency, such as lack of accessibility of work
opportunities and insufficient institutions in the residential area, that
might be better dealt with on a municipal level (Pinkster, 2014). Instead, endogenous effects revolve around local social interactions and
the informal social context in the neighbourhood. This endogenous
impact can potentially be tackled by neighbourhood interventions
that alter the spatial distribution of disadvantaged residents, either
by moving disadvantaged residents out to less deprived areas or by
replacing low-rent social housing by upmarket dwellings, thereby attracting more affluent residents.
Yet, these presumed social-interactive neighbourhood mechanisms
remained a black box in most empirical models on neighbourhoods
effects; in academic studies the causal pathways underlying the neighbourhood effects hypotheses are often implicit. Although scholars
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agree on which causal pathways are out there and the social-interactive mechanism is dominant in the field, it has not been empirically
unravelled whether, how, and for whom these mechanisms come into
play (Galster, 2012; Sharkey and Faber, 2014).
To lift the lid off of this black box and to understand neighbourhood
effects better, this dissertation focuses on the conditionality of neighbourhood effects. As the most frequently employed social-interactive
mechanism on individual socio-economic outcomes builds on local
contacts and interactions and residents are socially differently embedded in the neighbourhood, it is unlikely that these social-interactive
mechanisms pertain to all residents of a neighbourhood to the same
extent. The neighbourhood affects the socio-economic status of some
people more than others depending on the degree to which the individuals are constrained to their neighbourhood of residence. The
social-interactive mechanism thus implies effect heterogeneity: neighbourhood effects are likely to be conditional upon several individual
features related to social interaction in the neighbourhood.
Increasingly, some scholars have started to more explicitly propose
this idea of effect heterogeneity - that is, that the neighbourhood
is likely to affect the socio-economic status of some people more
than others (Tienda, 1990; Ellen and Turner, 1997; de Souza Briggs,
1997; Buck, 2001; Lupton, 2003; Galster, 2008; Small and Feldman,
2012; Sharkey and Faber, 2014). But despite these theoretical refinements, the quantitative research field on neighbourhood effects has
been subject to a dominant one-size-fits-all discourse where quantitative research still revolves mainly around the question whether the
neighbourhood matters or not, while individual differences in how
residents relate to their neighbourhood are being ignored. Recently,
Sharkey and Faber (2014, p.561) have stressed “(...) how limited, and
distracting, the dichotomous perspective is for the advancement of
the field." The default has been to rely upon unconditional neighbourhood effects, with the implicit assumption that neighbourhood
effects are homogeneous across different residents within a neighbourhood (Small and Feldman, 2012). This is surprising given the
aforementioned increasing call in the literature to incorporate conditional effects (e.g Small and Feldman, 2012; Sharkey and Faber, 2014)
and, moreover, the fact that studies on neighbourhood effects are inconclusive in Europe, and in particular, in the Netherlands only small
neighbourhood effects on residents’ economic chances in life have
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been found (Musterd et al., 2003; van der Klaauw and van Ours, 2003).
Neglecting conditionality might have resulted in a misestimation of
neighbourhood effects for certain subgroups in the neighbourhood.
This dissertation formulated clear and testable hypotheses on the
conditionality of the neighbourhood effects for specific subgroups in
light of the social-interactive mechanisms, thereby setting forth a research agenda that aims to establish both a theoretical and a methodological framework for the neighbourhood effects heterogeneity. Residents differ in their characteristics (e.g. their social embeddedness in
the neighbourhood, residential history, household configuration, and
relocation destination choices) and as a consequence have differential
responses to residing in certain neighbourhoods. This heterogeneity
suggests that neighbourhood effects arise under specific conditions
which in turn has repercussions for the field of neighbourhood effects research that so far has predominantly focused on a limited unconditional set of mechanisms through which the neighbourhood is
assumed to affect individual life chances.
summary of chapter findings
The aim of this dissertation was to answer the question to what extent the impact of the level of deprivation in the neighbourhood of
residence on residents’ socio-economic outcomes is conditional upon
neighbourhood-specific social contacts and interactions, residential
histories, household configurations, and relocation destinations after
urban renewal.
The first empirical study found that the magnitude of neighbourhood effects is not higher for residents who have more
neighbourhood-specific social contacts and interactions in their current neighbourhood of residence. These contacts and interactions are
considered to be a minimal condition for the social-interactive mechanisms to come into play. The finding that the impact of the neighbourhood is not conditional upon social embeddedness therefore undermines the social-interactive mechanisms behind neighbourhood
effects.
In this first study, however, the conditionality upon social embeddedness is only examined within the current neighbourhood of residence at one point in time, neglecting the residential histories of res-
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idents. Residents who move can be exposed to different neighbourhoods at the same time, social ties with the former neighbours might
remain and social influences from the previous neighbourhood can
still continue after the move (Hedman, 2011). Once residential histories are included, the results showed that an exclusive focus on the
current residential neighbourhood misestimates the impact of the current neighbourhood: having lived in a deprived neighbourhood also
has a detrimental effect on an individual’s current income and diminishes the influence of the current neighbourhood. This impact of
preceding neighbourhoods suggest that there are relevant lingering
effects regardless of the residents’ income at the start of the current
residence spell and length of residence in the current neighbourhood.
The impact of the current neighbourhood of residence also diminishes
with the number of times that residents have moved.
These results are, however, not unequivocal and not always in line
with the social-interactive mechanisms: while neighbourhood effects
of the current neighbourhood are often stronger for those who have
lived there for a longer period of time, this does not pertain to all varieties of residential histories. Furthermore, the findings on the temporal conditionality of the lingering effects (impact of former neighbourhoods of residence interacted with the length of residence and time
elapsed since moving) are inconclusive and counterintuitive in light
of the long-lasting socialisation or continuing social networks mechanisms. This casts doubt on the relevance of the social-interactive
mechanisms in which effects transpire through local contacts: rather,
neighbourhood effects seem to be persistent and occur beyond the
current neighbourhood of residence. This reveals a larger structure
of temporal and spatial (dis)advantages for residents which could be
the result of insufficient local institutions or a scarring effect of poor
labour market histories. Alternatively, this outcome might reflect (preexisting) individual deprivation (Bailey, 2012).
In the third empirical study, the core hypothesis was that individuals within different household configurations bear different levels of
involvement in the neighbourhood which should reveal differential
neighbourhood effects. Indeed, it was found that the impact of the
neighbourhood is different for residents with differential household
configurations. Only for partnered mothers with a young child and
single mothers of primary school aged children, who are assumed to
be more socially embedded within the neighbourhood, it was found
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that residing in a disadvantaged neighbourhood hampers the transition to work. Contrary to expectations, however, partnered mothers
with primary school-aged children and fathers, who are also expected
to be more involved in the neighbourhood, were not found to be affected by their neighbourhood of residence.
In addition, the results in this study do not fully comply with
processes of socialisation and social networks. In general, living in
a deprived neighbourhood means being restrained to limited local
labour market opportunities, and mothers might be less willing to
commute. Furthermore, the availability and costs of child care might
be a barrier to employment for single and partnered mothers in deprived neighbourhoods. There are, however, also place-specific processes that might explain why single mothers remain on welfare benefits in deprived neighbourhoods: an in-depth case study by Pinkster
(2014) shows that it is more generally accepted within the community of disadvantaged neighbourhoods for single mothers to stay at
home to monitor their children as there are more social control issues
within the neighbourhood. These processes might be less apparent in
more affluent neighbourhoods, where single mothers might be more
eager and confident to make the transition to work.
The final empirical chapter found that individuals differ greatly in
their relocation destinations after urban renewal interventions. Forced
relocatees have the chance to move to more affluent neighbourhoods
with better perspectives but about half of the group of forced relocatees moved within the origin neighbourhood. Even for those who
moved to a more affluent neighbourhood who are hypothesised to
benefit from the presence of more middle-income neighbours (role
models, resources and job information), no improvement in economic
prospects was found. While it was possible to follow up on residents
only (up to) a few years after the forced move, this seems to suggest that relocatees do not benefit from the forced move. Neighbourhood interventions are about more than residential moves, however,
in the words of Bond et al. (2013, p.942): “It comprises multiple, interrelated activities (demolition, new builds aimed at tenure diversification, housing improvements, and social and community interventions), delivered in different ways to different people in different
places and at different time points", making it a challenging task to
pinpoint the consequences for the forced relocatees.
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In sum, the empirical chapters showed that the magnitude of the
impact of neighbourhood level of deprivation on individual socioeconomic outcomes is rather variable and that not every modifier is
of equal importance. These findings show that neighbourhood effects
arise under specific conditions and circumstances: these effects are
not homogeneous across different residents within a neighbourhood,
but mainly depend on the specific individual residential histories and
household configurations.
rethinking the mechanisms
The systematic test of the association between the neighbourhood’s
socio-economic composition and individual socio-economic status
through the four modifiers challenges conventional ideas and has
given further reason to rethink and reconfigure the mechanisms behind neighbourhood effects. The conventional mechanisms behind
neighbourhood effects that rely on social interaction in the neighbourhood, often assessed in unconditional models, are shown to be insufficient. It is difficult, however, to isolate the mechanisms behind neighbourhoods effects and it could not be concluded either that neighbourhood effects through social-interactive mechanisms are not present at
all.
The lack of unambiguous proof for the most often employed socialinteractive mechanism, which posits that other neighbours might provide job information and serve as role models and that residing in
a disadvantaged neighbourhood might limit a resident’s work aspirations, can also be explained by an ambiguity in this mechanism.
While it was expected that neighbourhood effects would be more pronounced for those who are more exposed to the neighbourhood, no
empirical support was found for the hypothesis that neighbourhood
effects are stronger for residents who have more contacts and interactions within their current neighbourhood of residence. The impacts
of the current and former neighbourhood of residence are not always
stronger for those who have lived there for a longer period of time
either.
This line of reasoning could also be reversed, though: short-term
residents could be more vulnerable to the level of deprivation in the
neighbourhood because they lack social networks and access to re-
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sources in the neighbourhood. The social network mechanism could
contradict the socialisation mechanism: residing in a deprived neighbourhood might actually be less detrimental to residents who are
more embedded because their more extensive local social networks
might deliver other valuable forms of social capital (Crowder and
South, 2003). This was also found by Pinkster (2007, p. 2596), who investigated the existence of informal job networks in distressed neighbourhoods: “From this perspective, interrelations at the neighbourhood level do not result in limited opportunity structures to the degree that residents are unemployed and unable to find work due to a
lack of information." She also found drawbacks to these processes,
though: accepting a job through local networks in disadvantaged
neighbourhoods means residents with a migrant background do not
overcome substantial language deficiencies because most of the coworkers in these local jobs are from the same ethnic background. Another downside is “(...) the limited scope of the job networks both in
terms of career opportunities and in terms of acquiring a variety of
work experience and of developing work-related skills. Job seekers
always end up in the same type of unskilled job, quite often with the
same companies" (Pinkster, 2007, p. 2596).
Most importantly, the one-size-fits-all approach in the field does
not hold and we can at least not fully assign the (conditional) neighbourhood effects to the frequently employed social-interactive mechanism. The conclusion that the neighbourhood is a different place to
different people has profound consequences for the field. The fact
that residents shape, select and are affected by the neighbourhood in
different ways (Harding et al., 2011b) calls for a broader perspective
on the potential pathways behind neighbourhood effects and brings
to light other mechanisms besides socialisation and social networks,
such as (endogenous) relative deprivation and stigmatisation effects
as well as exogenous structural forces that affect residents’ outcomes,
such as lack of accessibility to job opportunities, local institutional resources and services. Living in a disadvantaged neighbourhood with
poor quality services and inadequate institutions negatively affects
an individual’s job and earning opportunities. These external impacts
have been coined as correlated effects as they are hypothesised to affect all residents within a neighbourhood to the same extent, resulting
in correlations between neighbours’ outcomes (Galster, 2008). This is
unlikely, however, because a potential source of neighbourhood ef-
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fect heterogeneity is the variation in family capacities and the access
they have to opportunities outside the neighbourhood (Pinkster, 2009;
Harding et al., 2011b).
Although resources and institutions might be lacking within a
neighbourhood, an individual or family might be able to access resources beyond the neighbourhood, implying that individuals are
differentially affected by their neighbourhood of residence. Harding
et al. (2011b) refer to ‘high capacity families’ that can minimise the
possible detrimental impact of deficiencies within their neighbourhood of residence. On the other hand, even if resources are available, not all individuals are able to capitalise on the opportunities
within the neighbourhoods. The idea that accumulating disadvantage in certain neighbourhoods might reproduce inequalities in the
form of neighbourhood effects — but that these effects differ for different residents as they emerge from a complex relation between individual and household characteristics, job seeking efforts and motivations, public policies, regulations, local institutions, services and
local labour market opportunities — demands an “expanded research
agenda focused on the questions of where, when, why, and for whom
do residential contexts matter." (Sharkey and Faber, 2014, p. 572).
avenues for future research
The question whether and how the neighbourhood matters has kept
scholars busy for the past few decades and instigated innovative research designs such as the Moving to Opportunity housing experiments. Too often, however, these neighbourhood effect studies based
their theoretical models on early ethnographies that treated these
neighbourhoods as case studies of local communities. The neighbourhood and community itself were taken as the unit of analysis rather
than the individual residents within a variety of neighbourhoods.
This narrow focus on poor, disadvantaged neighbourhoods provided
a one-sided view of the neighbourhood effects argument.
Small and Feldman (2012, p. 74) review the bulk of earlier neighbourhood effects studies and conclude that “ much of this work would
be better served if informed by clearer theories and stronger fieldwork, and that the greater empirical payoffs would have been found
in the search for conditional relationships" and therefore “call for plac-
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ing heterogeneity at the centre of the research agenda". I can only
agree. Comprehensive ethnographic research should be conducted to
explain earlier inconsistent findings and formulate new hypotheses.
More concrete in-depth studies should investigate why neighbourhood effects are observed for certain individuals and in some settings
but not others. Furthermore, ethnographers should also explore other
potential modifiers and hypothesise for which subgroups and under
which circumstances the neighbourhood’s level of deprivation will affect its residents’ life chances. Neighbourhood effects scholars should
go beyond the notion that they are studying “universal social processes" and instead focus their attention on heterogeneity: “ethnographers generating new hypotheses should abandon altogether the effort to produce hypotheses about how neighbourhoods (universally)
affect life chances, and instead hypothesise for which kinds of individuals and in which kinds of neighbourhoods or cities neighbourhood
poverty should matter" (Small and Feldman, 2012, p. 73).
Accounting for heterogeneity also means widening the scope and
adopting a comparative design: researchers should focus on a variety of neighbourhoods and reach out to differential groups within
those neighbourhoods. The present study was able to do so, as register data has coverage on a wide variety of Dutch neighbourhoods and
information on residents’ socio-economic and demographic characteristics. This came with a trade-off, however, as register data lacks indepth information on social processes within those neighbourhoods.
Here, then, lies a challenging – but necessary — task for qualitative
researchers: “since no city, neighbourhood, or individual is assumed
to capture the essence of neighbourhood effects, the ethnographer
would abandon the notion that any site or kind of actor is representative" (Small and Feldman, 2012, p. 73). Taking into account differences
should be the starting point for selecting cases and formulating new
hypotheses.
This need for qualitative in-depth case studies does not mean that
quantitative scholars are being sidelined, but capturing the heterogeneity of neighbourhood effects does require quantitative scholars
to rethink the data they are using. This data should go beyond simply being a resident in a certain neighbourhood to also include how
residents use their neighbourhood and how, with whom, and where
they spend their time (Sharkey and Faber, 2014). Although the use
of register data in this study pointed to empirical evidence that the
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neighbourhood has a different impact on different people — the wide
range of neighbourhoods and information on residents’ differential
socio-economic and demographic characteristics within those neighbourhoods enabled interaction effects between the residential context
and individual and household features — the present study still lacks
a comprehensive conceptual framework that explains how different
features of neighbourhoods affect some individuals and others not.
To achieve a fuller understanding of neighbourhood effect heterogeneity, the neighbourhood should not only be measured in aggregated socio-economic compositional measures; residential records in
register data should be enriched with additional in-depth information on the neighbourhood — such as data on the density and use of
public institutions and residents’ requests for municipal services – as
well as more detailed information on the residents. Ideally, time use
diaries including residents’ use of space and time, their networks and
their social interactions in and beyond the neighbourhood should be
linked to longitudinal register data to paint a clearer picture of how
and to what extent residents are actually exposed to their neighbourhood of residence (Sharkey and Faber, 2014).
This dissertation employed longitudinal data and advanced methods that moved beyond the most commonly applied models. Nevertheless, we cannot rule out that the neighbourhood effects found
are due to selection into neighbourhoods based on unobservables.
This issue of selection bias haunts the field of neighbourhood effects studies, as residents cannot be randomly assigned to neighbourhoods, making it very challenging to isolate causal effects. Another
challenge associated with the identification of causal neighbourhood
effects through the social-interactive mechanism is the fact that the
socio-economic measures of and behaviour within the neighbourhood
are not independent from the socio-economic characteristics and behaviour of its residents (the simultaneity of interactions, coined as
the‘reflection problem’ by Manski, 1993). Furthermore, this dissertation assessed linear neighbourhood effects, while recently scholars
have propagated studying threshold points in neighbourhood effects;
some residents might only be affected by the neighbourhood environment after a certain critical mass of disadvantaged or affluent neighbours is reached (Galster, 2012; Musterd et al., 2012b). In addition, it
could be that a resident is only influenced after residing in that area
for a long time and this might impact decays again (Musterd et al.,
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2012b). The observation of thresholds and other non-linear decaying
effects advance the field and should be further explored.
Nevertheless, even the most rigorous research designs — be it quasiexperiments, matching, instrumental variables or fixed effects — as
well as the assessment of non-linear effects are not able to provide
clear answers on why the neighbourhoods matters; these approaches
still do not reveal which causal mechanisms are underlying the neighbourhood effects (Sampson, 2008; Galster, 2012). More than ever, there
is a tremendous need for further exploration of how modifiers condition the association between neighbourhood characteristics and the
resident’s socio-economic status. This is more fruitful than aiming to
capture a causal unconditional effect of the neighbourhood using very
stringent research methods. Not only has this quest for causal inference resulted in neglect of the mechanisms, it has also led scholars
to assess neighbourhood effects in isolation from other contextual effects such as the household and the school (Sharkey and Faber, 2014,
p. 561), thereby possibly overstating the relative importance of the
neighbourhood. The neighbourhood is not a static entity that can be
studied on its own at one point in time and that impacts its residents
in a universal way: “Rather, a single neighborhood is experienced in
different ways by groups of individuals who have lived there for varying lengths of time, and who spend their time within the neighborhood in different ways and in their own spaces, carving out unique
social worlds from the common environment that surrounds them."
(Sharkey and Faber, 2014, p. 562).
Future research should therefore combine these methodological advancements with further exploration of the theoretical mechanisms.
Researchers should not lose sight of the causal pathways; a systematic
test of the conditionality of the association between the neighbourhood and individuals’ outcomes upon a wide range of individual
and household characteristics guides further refinements of potential
mechanisms. An assessment of central premises behind hypothesised
causal pathways — that is, under which conditions these mechanisms
come into play — assists scholars in gaining insight into how and for
whom the mechanisms work. The aforementioned enriched data can
be used to explore the conditional neighbourhood effects under a
wide variety of neighbourhood and individual conditions.
Lastly, researchers have increasingly started to study neighbourhood effects over an individual’s life course and across generations. In
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the United States, the intergenerational persistence of (dis)advantage
was found to diminish for individuals that moved to a low-poverty
area during their early childhood in the Moving to Opportunity experiment (Chetty et al., 2015). In Sweden, research showed that individuals tend to end up much later in life in neighbourhoods similar to
where they grew up (van Ham et al., 2014). Furthermore, individuals
early in their labour and housing careers might only live in disadvantaged areas for a short amount of time. Overall, for some individuals,
living in a deprived area can be persistent and inherited, while others
might be exposed to a deprived neighbourhood for a short time. This
further emphasises the need to adopt a life course, conditional, and
intergenerational approach to studying neighbourhood effects (van
Ham et al., 2014).
policy implications
To cater to the needs of disadvantaged residents and to augment policy effectiveness of urban renewal strategies, it is essential to obtain
more know-how on the variation in the impact of residential neighbourhoods on individual outcomes. The empirical findings of this
dissertation do not fully comply with social-interactive mechanisms;
neighbourhood effects are not always higher for residents who are
hypothesised to be more involved in the neighbourhood, either by
more neighbourhood-specific social interaction in the current neighbourhood, having lived in a former neighbourhood for a longer period of time, or by different household configurations. The lack of
consistent proof for neighbourhood effects could, however, also be
because social interaction between various social groups (transmission of resources and norms from the middle class to lower class)
is not self-evident and often lacking. This is referred to as social
tectonics: residents in mixed neighbourhoods move past each other
without socially interacting (Robson and Butler, 2001). Especially in
mixed-tenure neighbourhoods limited cross-tenure interaction undermines the potential of positive role models and resourceful contacts
(Kleinhans, 2004). If the explanation for individual disadvantage in
deprived areas is that residents lack resourceful networks with information about job opportunities, policies should not only focus on
establishing socio-economically mixed neighbourhoods but have as
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a core goal the augmentation of contacts between low-income and
more affluent neighbours (Galster, 2012).
Regardless of the lack of social interaction between neighbours, increasing the socio-economic mix in the neighbourhood might still
have beneficial side effects, such as a better reputation of the neighbourhood and an increase of higher-quality institutions, facilities and
organisations in the neighbourhood that might advance an individual’s opportunities (Galster, 2012). It is important to realise, however,
that not every resident is affected by the availability of resources and
institutions in the neighbourhood in the same way, either because it is
unneeded as they can draw upon resources and opportunities outside
the neighbourhood or because they do not have the ability to actually
capitalise on the resources available. This implies that assisting disadvantaged families in deprived neighbourhoods by increasing the
availability of resources (be it in terms of more affluent neighbours
or public services) is not enough and some residents might need additional assistance in taking the fullest advantage of those resources
in the neighbourhood (Harding et al., 2011b). These differences in
the capacities of residents suggest that a general area-targeted policy
intervention might be ineffective. Above all, neighbourhood effects
turn out to arise predominantly under specific features of the residents of these neighbourhoods, such as their residential histories and
household configurations, which makes it a challenge to assign neighbourhood policies.
Still, policymakers seem to strive for neighbourhoods that are socioeconomically balanced, in which individuals with different backgrounds live alongside, and with, each other. To achieve this, there
have been widespread and large-scale investments in Dutch cities
to restructure homogeneous and disadvantaged neighbourhoods into
mixed-tenure and socio-economically mixed neighbourhoods (Kleinhans, 2003; Musterd, 2005). There is actually no evidence that mixing
is beneficial to the original residents (Kleinhans et al., 2014). Furthermore, this study showed that forced relocatees could also not improve
their economic prospects; transforming deprived areas into average,
life course-proof neighbourhoods thus results in forced relocations
that might only transfer the initial problems of relocated residents.
In addition, although lower incomes and slower transitions to employment are most apparent in neighbourhoods with local concentrations of socio-economic deprivation, this does not mean that these
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poorer economic prospects are caused by the neighbourhood composition. The societal context and cities and neighbourhoods as well as
individual resources and motivations are interrelated social systems
(Musterd, 2002). Policymakers should therefore also focus their attention on heterogeneity; individuals are differentially embedded in (local) institutional structures and their neighbourhoods and therefore,
in the words of Musterd (2002, p.140), “policy strategies should be
highly sensitive to the multi-layered context."
Instead of striving for mixed neighbourhoods, recent research advises policymakers to maintain a variety of neighbourhoods in which
different types of residents in different stages of their lives can live
(Musterd et al., 2016). Residence in a deprived area might only be temporary and residents, especially those early in their housing career,
can also experience social mobility within those disadvantaged areas
(Teernstra, 2014). Neighbourhoods need to be assessed in a dynamic
way, particularly because in an egalitarian society as the Netherlands,
residents are often able to adjust their residential area to their needs
and preferences (Musterd et al., 2015). Furthermore, recent research
in the Netherlands shows that households whose incomes deviate
largely from the median income of the neighbourhood (either higher
or lower) are more inclined to move, often to a neighbourhood with a
median income closer to the household’s income. Residents thus seem
to adjust their housing situation to their own resources, either resulting in an upward move (for the socio-economically stronger households) or a downgrade as the neighbourhood becomes too expensive
(Musterd et al., 2016).
The empirical evidence on neighbourhood effects in the Netherlands is still few and far between. The urban renewal strategies can
therefore not be justified based on current evidence; negative neighbourhood effects are not self-evident and might only occur under specific circumstances. In studying and possibly resolving the potential
negative implications of residing in disadvantaged areas, both scholars and policymakers should keep in mind the bigger picture beyond
a single neighbourhood. Future research and policy should focus on
the diverse set of neighbourhoods that accommodates different types
of households in different life stages. Moreover, policymakers should
be prepared to create more tailor-made solutions for specific situations of residents living within certain neighbourhoods. After all, the
neighbourhood is a different place to different people.
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Tussen 2008-2012 werden honderden miljoenen geïnvesteerd in de
omvorming van probleemwijken (in de volksmond ook wel Vogelaarwijken genoemd, naar voormalig Minister van Wonen, Wijken en Integratie Ella Vogelaar) naar ‘prachtwijken’. Het centrale idee achter het
wijkenbeleid is het bestaan van ‘buurteffecten’: wonen in een achterstandsbuurt zou extra negatieve gevolgen hebben voor haar bewoners. Aangenomen wordt dat als je mensen die lager op de sociaaleconomische ladder staan in een meer welvarende buurt laat wonen,
zij vanzelf meer kansen zullen krijgen. In de wetenschappelijke literatuur wordt hierbij verwezen naar sociaal-interactieve mechanismen.
De sociale interacties binnen de buurt staan centraal; aangenomen
wordt dat een groter aandeel werkzame buren in meer welvarende
buurten meer positieve rolmodellen en normen ten opzichte van werk
opleveren, hetgeen de kans op sociaal-economische stijging bevordert.
Ook wordt verwacht dat meer welvarende buren meer hulpbronnen
en informatie over banen kunnen leveren. Het devies is: de buurt
waar iemand woont, structureert het dagelijks leven en bepaalt de
kansen die zich voordoen. Kansen op een betere arbeidsmarktpositie,
op onderwijsuitkomsten, op sociaal kapitaal, op probleemgedrag, op
criminaliteit en op gezondheid.
De aanname is dus dat bewoners van buurten met concentraties
van mensen in de bijstand en met een lager inkomen maar beperkte
arbeidsperspectieven hebben. Anderzijds kunnen bewoners in meer
welvarende buurten zich eerder optrekken aan buurtbewoners die
het economisch gezien beter voor de wind gaat. Een meer evenredige
spreiding van personen met een achterstandspositie zou moeten leiden tot meer perspectief op de arbeidsmarkt voor de sociaal-economisch zwakkeren. Verschillende onderzoeken hebben ten dele aangetoond dat de levenskansen en toekomstperspectieven inderdaad minder rooskleurig zijn voor mensen die in een relatief kansarmere buurt
wonen, zelfs als rekening gehouden wordt met de sociaal-economische status van inwoners voordat ze de buurt inkwamen, hoewel
deze invloeden klein zijn. Deze verwachtingen hebben ook beleidsmakers beïnvloed: woningcorporaties en gemeenten streven steeds meer
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naar gebalanceerde buurten waar verschillende sociaal-economische
groepen naast elkaar wonen (en dan voornamelijk door de instroom
van welgesteldere bewoners, zowel huurders als kopers), hetgeen een
positief effect zou hebben op de arbeidsmarktpositie van de oorspronkelijke bewoners. Het geloof in deze buurteffecten heeft ingrijpende
gevolgen gehad: sociale huurwoningen werden gesloopt en moesten
plaatsmaken voor koop- en huurwoningen voor de economische middenklasse.
Maar het omvangrijke wetenschappelijk veld over buurteffecten dat
aan het wijkenbeleid ten grondslag ligt — dat tot op de dag van vandaag nog groeiende is — komt niet tot unanieme conclusies over de
invloed van de buurt op economische stijgingskansen van haar bewoners. Het leeuwendeel van de studies kijkt echter naar het buurteffect als een hoofdeffect (onconditioneel), waarbij de buurt evenveel
invloed heeft op verschillende bewoners binnen de buurt. Dat is niet
aannemelijk, aangezien de verwachting is dat de invloed van de buurt
via rolmodellen en hulpbronnen van buren geschiedt. Deze sociale
processen in de buurt gaan niet voor elke buurtbewoner in gelijke
mate op, bewoners verschillen in de mate waarin zij zich tot de buurt
verhouden en toegang hebben tot informele sociale steun en hulpbronnen in de buurt. Sommige bewoners wonen bijvoorbeeld pas net
in een buurt, of hebben juist veel contacten in de buurt omdat ze
kinderen hebben, hetgeen leidt tot een verschillende mate waarin zij
blootgesteld worden aan de buurt.
Dit proefschrift mengt zich in het wetenschappelijke debat over
deze buurteffecten en richt zich uitsluitend op sociaal-economische
uitkomsten (inkomen en werk). Het voornaamste doel van het proefschrift is het toetsen van de verschillen tussen bewoners in de invloed van de buurt. Een centrale aanname in het onderzoeksveld
naar buurteffecten is dat bewoners beïnvloed worden door de sociaaleconomische positie van medebewoners in de buurt; verondersteld
wordt dat in achterstandswijken afwijkende normen bestaan ten aanzien van werk en dat er niet de juiste sociale hulpbronnen aanwezig
zijn die kunnen leiden tot betere economische vooruitzichten van haar
bewoners. De condities waarvan wordt verwacht dat ze voor een verschillende invloed van de buurt op haar bewoners zorgen, zijn dan
ook gebaseerd op de mate waarin individuen zich in verschillende
mate tot de buurt verhouden. De kernthese in dit proefschrift is dat
buurtbewoners verschillen in de mate waarin ze ingebed zijn in de
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sociale structuren van een buurt en dat deze inbedding weer afhangt
van verschillende individuele kenmerken. In dit proefschrift wordt
gekeken naar vier kenmerken die een indicator kunnen zijn voor de
verschillende mate waarin bewoners zijn ingebed in de buurt: de mate
van sociale contacten in de buurt, de woongeschiedenis, de huishoudsamenstelling en de keuze voor een nieuwe woning in een (andere
buurt) in het geval van gedwongen verhuizingen volgend op stedelijke vernieuwing.
Het doel van dit onderzoek is dus om meer inzicht te brengen in
hoe de invloed van de buurt op sociaal-economische perspectieven
van bewoners in buurten verschilt per type bewoner. Hoewel het
verband tussen de sociaal-economische compositie van een buurt en
de economische stijgingskansen van haar bewoners al vaak is onderzocht, is het onderzoek naar hoe deze effecten verschillen tussen verschillende buurtbewoners maar schaars. Meer kennis en bewijs voor
heterogene invloeden van de buurt op haar inwoners kan een verklaring zijn voor het gebrek aan onomstotelijk bewijs in het buurteffectenonderzoek, en kan beleidsmakers helpen om beleid op maat te
vormen voor verschillende typen buurtbewoners.
De hoofdvraag van het proefschrift is: in hoeverre is de invloed
van de mate van sociaal-economische deprivatie van de buurt op de
sociaal-economische positie van haar bewoners afhankelijk van de sociale contacten in de buurt, de woongeschiedenis, de huishoudenssamenstelling en de verhuisbestemming na stedelijke vernieuwing?
Voor het beantwoorden van deze onderzoeksvraag is gebruik gemaakt van survey data (met gedetailleerde informatie over sociale
contacten in de buurt) en data van het Sociaal Statistisch Bestand
van het Centraal Bureau voor Statistiek (geanonimiseerde individuele
register data over sociaal-economische, demografische en ruimtelijke
statistieken van de Nederlandse bevolking). De sociaal-economische
status van de buurt wordt gemeten door een gestandaardiseerde
deprivatie-index per buurt op basis van inkomensgegevens en aantal bijstandsgerechtigden per buurt (afkomstig van Kerncijfers Wijken
en Buurten). De heterogene buurteffecten zijn in kaart gebracht door
middel van een multi-level analyse met cross-sectionele survey data,
cross-classified multi-level modellen (bewoners genest in hun huidige
en voormalige buurt) op longitudinale register data, een event history analyse om de dynamiek van de arbeidsmarkt en levensloop
transities te vangen en een difference-in-difference design om de impact
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van gedwongen verhuizingen op sociaal-economische uitkomsten te
bestuderen.
De eerste empirische studie wees uit dat buurteffecten niet groter
zijn voor bewoners die meer sociale contacten en interacties in de
huidige buurt hebben. Aangezien deze contacten en interacties worden beschouwd als een minimale voorwaarde voor de werking van
de sociaal-interactieve mechanismen achter buurteffecten, ondermijnt
deze bevinding een centraal idee achter buurteffecten.
De eerste studie kijkt echter alleen naar de invloed van de huidige
woonbuurt van individuen op één moment in de tijd, terwijl individuen verhuizen en daarbij mogelijk onderhevig zijn aan buurteffecten van meerdere buurten tegelijkertijd: wellicht dat zij nog steeds
contacten hebben met voormalige buren en dat de invloed van de
vorige buurt nog steeds na-ebt. Als er rekening gehouden wordt met
de woongeschiedenis van een individu (tweede empirische hoofdstuk) blijkt dat de invloed van de huidige buurt vermindert, ook de
vorige buurt heeft invloed op het inkomen van een individu. Maar
ook de bevindingen in dit hoofdstuk zijn niet altijd eenduidig en
in overeenstemming met de sociaal-interactieve mechanismen: terwijl
buurteffecten meestal sterker zijn voor individuen die er langer wonen, geldt dat niet voor alle woongeschiedenissen. Ook deze bevinding zet vraagtekens bij de relevantie van de sociaal-interactieve mechanismen achter buurteffecten: er is uiteraard individuele selectie in
achterstandsbuurten — personen komen niet zomaar willekeurig in
een buurt terecht maar kiezen voor bepaalde buurten op basis van
voorkeuren en financiële mogelijkheden — en ook individuele beperkte arbeidskansen in het verleden en heden kunnen een belangrijke
verklaring zijn voor deze na-ebbende buurteffecten.
In het derde empirische hoofdstuk was de voornaamste hypothese
dat individuen in verschillende typen huishoudens zich op verschillende manieren tot de buurt verhouden en dat de buurteffecten daardoor ook heterogeen zijn. Hier werd inderdaad gevonden dat bewoners in verschillende huishoudenstypen verschillend door de buurt
beïnvloed worden: alleen voor moeders met een partner en een jong
kind en alleenstaande moeders van kinderen in de basisschoolleeftijd
— waarvan wij aannemen dat ze meer sociaal zijn ingebed binnen de
wijk — belemmert het wonen in een relatief gedepriveerde buurt de
overgang naar werk. Tegen de verwachtingen in geldt dat echter niet
voor moeders met kinderen in andere leeftijden en vaders, terwijl wij
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ook verwachten dat deze personen meer betrokken bij de buurt zijn.
Het vermoeden hier is dat een meer beperkte lokale arbeidsmarkt in
achterstandsbuurten en minder bereidheid van moeders van jonge
kinderen om te forenzen naar een baan ver van huis de daadwerkelijke verklaring is voor hun beperktere kansen op de arbeidsmarkt.
Bovendien kunnen de beschikbaarheid en de kosten van de kinderopvang een belemmering zijn voor het aan het werk gaan van moeders.
In het laatste empirische hoofdstuk werd er gekeken naar de verhuisbestemmingen van bewoners van woningen in stadsvernieuwingsprojecten. Deze bewoners worden door de herstructureringsplannen
gedwongen om te verhuizen uit hun woning in een relatief gedepriveerde buurt en krijgen de mogelijkheid om te verhuizen naar
een meer welvarende buurt. De verwachting is dat bewoners die
verhuizen naar een meer welvarende buurt — met mogelijk meer
rolmodellen en meer informatie over en perspectief op een baan —
er door hun verhuizing sociaal-economisch ook op vooruit gaan. Terwijl gedwongen verhuizers de mogelijkheid hebben om naar een meer
welvarende buurt te verhuizen, blijkt uit de studie allereerst al dat de
helft van gedwongen verhuizers binnen hun oorspronkelijke
buurt verhuist. Daarnaast geldt dat zelfs voor degenen die wel naar
een meer welvarende buurt verhuizen er geen verbetering heeft plaatsgevonden in hun arbeidsperspectieven. Hoewel er in deze studie alleen gekeken is over een korte tijdspanne, lijkt het toch wel te suggereren dat de verhuizers over het algemeen niet profiteren van het
herstructureringsbeleid.
Kortom, uit de empirische hoofdstukken blijkt dat de buurteffecten
heterogeen zijn en optreden onder bepaalde omstandigheden, ze
hangen voornamelijk af van specifieke individuele woongeschiedenissen en huishoudenssamenstellingen. Uit het proefschrift blijkt ook dat
de set aan sociaal-interactieve mechanismen maar één van de mogelijke mechanismen achter buurteffecten is en dat het bewijs daarvoor
maar dun gezaaid is. Andere kenmerken van de buurt, zoals de reputatie van de buurt, toegang tot arbeidsmarkt en aanwezigheid en
kwaliteit van lokale voorzieningen kunnen eveneens gevolgen hebben
voor haar buurtbewoners. Toekomstig onderzoek zou zich meer kunnen richten op deze alternatieve verklaringen en ook selectief verhuisgedrag van bewoners naar bepaalde buurten mee kunnen nemen bij
het bestuderen van de invloed van de buurt op economische perspectieven van haar bewoners.
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Beleidsmakers veronderstellen vaak dat de invloed van de buurt
meer is dan de som van problemen van haar individuele bewoners;
juist de concentratie van armoede wordt verwacht verstrekkende gevolgen te hebben. De resultaten in dit proefschrift duiden echter op
heterogene buurtinvloeden en beleidsmakers dienen er dus rekening
mee te houden dat bewoners zich op verschillende manieren tot hun
buurt verhouden en dat beleidsmaatregelen daar ook op afgestemd
moeten worden. Het bestaan van sociaal-economische ongelijkheden
komt niet louter voort uit de buurt waar iemand woont, aannemelijker is dat reeds bestaande ongelijkheden bepalen waar iemand
woont en welke kansen zich voortdoen. Daarnaast selecteren bewoners zich vaak in buurten die beter aansluiten bij hun sociaal-economische status, hetgeen weer tegen het mengingsideaal ingaat.
Om tegemoet te komen aan de behoeften van kansarme bewoners
in achterstandsbuurten en de effectiviteit van de stedelijke vernieuwingsprojecten te vergroten is het dus belangrijk om rekening te houden
met het gegeven dat de invloed van de buurt anders is voor mensen
in een verschillende levensfase en met een andere verhuisgeschiedenis. De sociaal-interactieve mechanismen — het idee dat buurtbewoners blootgesteld worden aan rolmodellen, bepaalde normen en informatie over banen — gaan zeker niet altijd op. Een alternative verklaring voor afwezigheid van buurteffecten via deze sociaal-interactieve
mechanismen is dat verschillende sociaal-economische klassen in een
buurt maar beperkt contact met elkaar hebben, hetgeen de aanwezigheid van eventuele hulpbronnen teniet doet. Als het inderdaad zo
is dat bewoners in kansarmere buurten weinig perspectieven hebben
door een gebrek aan informatie, hulpbronnen en afwijkende normen
en waarden hebben ontwikkeld ten aanzien van werk, zullen beleidsmakers zich tot doel moeten stellen om de contacten tussen minder
en meer welvarende bewoners tot stand te brengen.
Tot slot is het belangrijk te beseffen dat het simpelweg aanwezig
zijn van meer welgestelde buurtbewoners en lokale voorzieningen en
instellingen niet meteen betekent dat de individuele bewoner hier
gebruik van weet te maken, een beleidsinterventie op gebiedsniveau
kan haar doel al snel voorbij schieten. De formele en informele sociale
structuren in buurten hebben geen uniforme uitwerking op de arbeidsperspectieven van haar bewoners; een buurt heeft verschillende
betekenissen voor verschillende bewoners en beleid dient in eerste
instantie ook op de individuele buurtbewoner gericht te zijn.

