
 
 

Delft University of Technology

Modelling Neighbourhood Effects in Three Dutch Cities Controlling for Selection

Troost, Agata A.; van Ham, Maarten; Janssen, Heleen J.

DOI
10.1007/s12061-021-09411-5
Publication date
2021
Document Version
Final published version
Published in
Applied Spatial Analysis and Policy

Citation (APA)
Troost, A. A., van Ham, M., & Janssen, H. J. (2021). Modelling Neighbourhood Effects in Three Dutch Cities
Controlling for Selection. Applied Spatial Analysis and Policy, 15(2), 455-482.
https://doi.org/10.1007/s12061-021-09411-5

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.
For technical reasons the number of authors shown on this cover page is limited to a maximum of 10.

https://doi.org/10.1007/s12061-021-09411-5
https://doi.org/10.1007/s12061-021-09411-5


Vol.:(0123456789)

Applied Spatial Analysis and Policy
https://doi.org/10.1007/s12061-021-09411-5

1 3

Modelling Neighbourhood Effects in Three Dutch Cities 
Controlling for Selection

Agata A. Troost1  · Maarten van Ham1,2 · Heleen J. Janssen3

Received: 20 November 2020 / Accepted: 30 June 2021 
© The Author(s) 2021

Abstract
The non-random selection of people into neighbourhoods complicates the estimation 
of causal neighbourhood effects on individual outcomes. Measured neighbourhood 
effects could be the result of characteristics of the neighbourhood context, but they 
could also result from people selecting into neighbourhoods based on their prefer-
ences, income, and the availability of alternative housing. This paper examines how 
the neighbourhood effect on individual income is altered when geographic selec-
tion correction terms are added as controls, and how these results vary across three 
Dutch urban regions. We use a two-step approach in which we first model neigh-
bourhood selection, and then include neighbourhood choice correction components 
in a model estimating neighbourhood effects on individual income. Using longitu-
dinal register datasets for three major Dutch cities: Amsterdam, Utrecht and Rotter-
dam, and multilevel models, we analysed the effects for individuals who moved dur-
ing a 5-year period. We show that in all cities, the effect of average neighbourhood 
income on individual income becomes much smaller after controlling for explicitly 
modelled neighbourhood selection. This suggests that studies that do not control for 
neighbourhood selection most likely overestimate the size of neighbourhood effects. 
For all models, the effects of neighbourhood income are strongest in Rotterdam, fol-
lowed by Amsterdam and Utrecht.
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Introduction

A major challenge in the field of neighbourhood effects is the estimation of con-
textual effects free of bias from the non-random selection of households into 
neighbourhoods. Neighbourhood effects are causal effects of the spatial context 
on individual outcomes, such as education, health or income (Galster & Sharkey, 
2017). However, people do not randomly choose their residential neighbourhood, 
but generally select neighbourhoods inhabited by people with similar character-
istics to themselves (Hedman et al., 2011). The observed “effect” of neighbour-
hood characteristics on individual outcomes is therefore at least partly the result 
of selective sorting of individuals into neighbourhoods (Hedman & Van Ham, 
2012).

The concern about selection bias is not new. Sampson (2008) traced it back to 
the early work of Jencks and Mayer (1990), who concluded that we do not know 
whether differences in outcomes result from neighbourhood factors, rather than 
just from selection into the neighbourhoods. Researchers developed several strat-
egies to overcome selection bias in their research designs and statistical model-
ling approaches, such as: experimental, or quasi-experimental research designs 
(Katz et al., 2001; Leventhal & Brooks-Gunn, 2003; Sanbonmatsu et al., 2006); 
the use of instrumental variables (Hedman & Galster, 2013) or sibling data (Ore-
opoulos, 2003; Zick et  al., 2013); or longitudinal data and fixed effects models 
(Boone-Heinonen et al., 2011; Jokela, 2015). Another approach explicitly models 
neighbourhood selection as a conditional logit regression, in which the probabil-
ity of an individual choosing a neighbourhood based on individual, household 
and neighbourhood characteristics is estimated (Ioannides & Zabel, 2008). In a 
second step these predicted probabilities are turned into correction components, 
which are used as controls in a neighbourhood effects model for the same sub-
jects. This method was applied and refined in a study of neighbourhood effects on 
individual income by Van Ham et al. (2018).

Because this two-step approach explicitly models neighbourhood selection, it 
can be used to provide insights about the influence of local selection mechanisms 
on neighbourhood effects, when it is applied to multiple cities. Small and Feld-
man (2012) argued that differences in neighbourhood effects between cities are 
often overlooked in neighbourhood effects studies. The current study contributes 
to this discussion by arguing that dealing with selection bias can have varying 
results in different cities. We examine selection mechanisms and their influence 
on neighbourhood effects in three different Dutch urban regions (which from now 
on will be also referred to as cities): Utrecht, Amsterdam and Rotterdam. Using 
longitudinal and geo-coded register data, we first model neighbourhood selec-
tion, and then the effect of average neighbourhood income on individual income 
from work. We further develop the original two-step approach in several ways. 
Firstly, where previous studies only included individuals who moved within one 
particular year, which biases the sample towards “frequent movers” (Hansen & 
Gottschalk, 2006; Phinney, 2013), we included individuals who moved within a 
period of 5 years (2010 to 2014). Secondly, it is expected that moving to a higher 
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income neighbourhood would lead to an increase in individual earned income. 
We therefore investigate neighbourhood effects on both income in a given year, 
and change in income. Finally, whereas Van Ham et  al. (2018) used clustered 
standard errors to control for the clustering of individuals in neighbourhoods, we 
use a multilevel model, which is a more appropriate choice for modelling clus-
tered data (Jones, 1991; Cheah, 2009), and gives us insight into the amount of 
variance explained by the predictors on neighbourhood level.

Theoretical Background

Selection Bias in the Neighbourhood Effects Studies

Concerns about selection bias, or neighbourhood effects being overestimated due 
to the non-random structured selection of people into neighbourhoods, have long 
plagued the field of neighbourhood effects (Small & Feldman, 2012). In response to 
these concerns, different approaches were taken to take selection bias into account. 
Quasi-experimental designs were developed, such as the Moving to Opportunity 
scheme, beginning in 1994, in which low income American families could move 
out from high-poverty public housing to low-poverty middle class neighbourhoods 
(Leventhal & Brooks-Gunn, 2003). Oreopoulos (2003) took another approach 
by using data on public housing inhabitants from Toronto; he argued that they do 
not select their neighbourhoods themselves, which should minimise selection bias. 
Boone-Heinonen et  al. (2011) noted that ideally observational designs should be 
longitudinal, which allows for assessing changes in individual’s characteristics in 
relation to changes in the neighbourhood. Cross-sectional studies often control for 
variables regarded as proxies for selection bias, and instrumental variables related 
to the proposed predictors, but not the outcomes (Zick et al., 2013). Such strategies, 
however, give little insight in the selection process itself, and in the case of self-
reported preferences might even introduce additional bias (Boone-Heinonen et al., 
2011).

But could there be too much focus on selection? Sampson (2012) observes that 
the function of individual choice remains a controversial matter: some researchers 
argue that “segregation and constraints of inequality override choice, in extreme 
case almost as if individuals are pawns in a predetermined game”; others “valorise 
choice to the point where it is said to undercut research efforts to investigate the 
effects of neighbourhood context” (p. 287). Such discussions hark back to the debate 
on the influence of socioeconomic structures vs individual agency on one’s life out-
comes. A few studies attempt to have the best of both worlds by modelling the effect 
of individual moving choices on the socioeconomic structure of neighbourhoods 
(Sampson & Sharkey, 2008; Hedman et  al., 2011). Hedman et  al. (2011) demon-
strate that people move to neighbourhoods with inhabitants of income, ethnicity and 
family composition similar to their own, most often reproducing existing neighbour-
hood structures.

Ioannides and Zabel (2008) recognised the importance of explicitly modelling 
neighbourhood selection in their study of housing demand. They use a conditional 
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logit model of selection from a set of 11 tracts (ten of them randomly selected from 
all US census tracts in the metropolitan area, plus the chosen tract of an individ-
ual). Subsequently, they deal with selection bias by deriving neighbourhood selec-
tion correction components from the first step, and including them in the models of 
housing demand. The results show that the neighbourhood effects became stronger 
after controlling for neighbourhood selection. In contrast, the results by Van Ham 
et al. (2018), who followed a very similar two-step strategy, show that the observed 
neighbourhood effects on individual income weaken after adding the neighbourhood 
selection controls. The different effects could be explained by the different depend-
ent variables used in the two studies, as well as differences in their measurement of 
the neighbourhood context and different residential preferences of the American and 
Dutch households. Another explanation might be that Van Ham and colleagues used 
the full set of neighbourhoods, rather than a random subset like Ioannides and Zabel 
did. In any case, Ioannides and Zabel’s paper introduces a convincing method of 
combining both the neighbourhood selection and effects processes in one modelling 
approach.

Neighbourhood Selection

Over the life course people choose dwellings in different locations and neighbour-
hood types, each suited to their current preferences and resources, and closely 
related to major life events such as starting a family or retiring (Rossi, 1955). 
Because dwelling types are not randomly distributed over urban space, households 
tend to move to neighbourhoods with households similar to themselves, since they 
prefer to live in similar housing.

These trends can change over time; throughout the second half of the 20th cen-
tury, Western middle class people used to move to the suburbs to raise their children 
in big dwellings and safe, sleepy neighbourhoods. Recently, more and more higher-
educated couples refuse to forsake the inner city services and institutions once 
they have children (Boterman, 2012). Especially the mothers in dual-earner house-
holds benefit from the easy access to city resources (Boterman & Bridge, 2015). 
The demand for inner city dwellings rises, spreading from the very city centre to 
the surrounding, previously undesirable neighbourhoods. Access to workplaces can 
also affect neighbourhood choice. Depending on the chosen mode of transportation, 
neighbourhoods located close to the highway or train station—or both—might be 
more attractive (Van Ham et al., 2001).

In their literature review on neighbourhood selection, Hedman et al. (2011) list 
empirical evidence confirming the position of income and ethnicity as the main 
drivers of neighbourhood choice and resulting patterns of segregation (see also 
Musterd et al., 2016; Galster & Turner, 2019). The choice-limiting effect of income 
is straightforward: low income households cannot afford to live in expensive neigh-
bourhoods. Such “affordability constraints” can be accounted for by including dwell-
ing value and household economic resources in the model (Bruch & Mare, 2012).

The effect of ethnicity is more complicated, also because ethnicity and income are 
strongly related. Many researchers, starting from the famous models by Schelling 
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(1971), emphasise the importance of individual preferences with regard to the eth-
nicity of their neighbours in understanding neighbourhood choice, and the resulting 
patterns of segregation. While most minorities earn less than the ethnic majority, 
many of them have other economic, religious and cultural reasons for living close 
to each other (McAvay, 2018). Whereas an ethnic majority family most likely will 
move out of a poverty neighbourhood when they can afford it, an ethnic minority 
family which could live in a more affluent, overwhelmingly native neighbourhood, 
might choose to remain in a neighbourhood with people from their own background 
in order to stay in touch with family and cultural traditions (Boschman & Van Ham, 
2015).

Next to preferences and affordability constraints, selection can be shaped by a 
limited access to information about neighbourhoods. Although such information is 
relatively easy to access in the Netherlands, movers might not consider the parts of 
the city they do not know well, and such knowledge is often closely related to the 
income- and ethnicity-based segregation (Krysan & Crowder, 2017). People’s social 
networks are related to the places where they already live, and if these networks 
comprise, for example, high income individuals, it is likely that members of the net-
work will share information mostly about higher income neighbourhoods.

Different Cities, Different Neighbourhood Processes

Studies of neighbourhood effects often overlook that both selection and neighbour-
hood effects can vary depending on local circumstances. For a long time, Chicago 
was seen as the prototype city to study neighbourhood effects (Small & Feldman, 
2012). Key authors such as Wilson (1987) have claimed that various characteristics 
observed in Chicago, such as low density of local businesses and institutions in poor 
neighbourhoods, are representative for all US cities. However, Small and Feldman 
(2012) show that local establishment density in poor Chicago neighbourhoods is 
much lower than the averages for other American cities. Furthermore, Burdick-Will 
et al. (2011) found significant effects of the MTO experiment on children test scores 
in Chicago and Baltimore, but not in Los Angeles, Boston and New York. Because 
of such findings, Small and Feldman (2012) call for more neighbourhood effects 
studies with data collected from “average”, middle-sized cities without unusually 
high crime or poverty levels. In Europe, Musterd et al. (2012) also found that evi-
dence of neighbourhood income mix effects on individual income varies between 
Swedish cities.

Because of the need for more heterogeneous research settings, and because of 
the importance of regional housing markets in understanding processes of neigh-
bourhood selection, the current study focusses on three different urban regions in 
the Netherlands: Utrecht, Amsterdam and Rotterdam. Although all three cities are 
a part of the Randstad,1 this metropolitan area “has no institutional foundation and 

1 A polycentric metropolitan area in the western part of the Netherlands, comprising the four largest 
Dutch cities (Amsterdam, Rotterdam, The Hague and Utrecht), as well as multiple smaller cities and the 
less-densely populated, agricultural core (known as the Green Heart), totalling a population of around 7 
million (Stead & Meijers, 2015).
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no formal powers of decision-making” (Stead & Meijers, 2015, p. 4), which leads to 
differences in local policies. Because of this and other, historical, reasons the three 
cities have developed differently. Utrecht has a far lower percentage of ethnic minor-
ities (32%) compared to Amsterdam (50%) and Rotterdam (49%).2 Rotterdam has a 
higher share of households with a lower income and lower educational level com-
pared to the other cities. This situation is related to the city’s industrial past: even 
though now it has a university like Utrecht and Amsterdam (which has two), much 
of its labour market revolves around its port, the largest in Europe (Stead & Meijers, 
2015). Amsterdam is a leading cultural and financial centre with a large number of 
both high- and low-income immigrants, as well as Dutch citizens with foreign roots. 
Utrecht has a similar labour market to Amsterdam, with an overrepresentation of 
high socio-economic status occupations. In Utrecht, ethnic minorities are concen-
trated in suburban districts, where most of the city’s social housing is located; the 
overall percentage of social housing is also the lowest of the three cities (33% in 
2015, compared to 45% in Rotterdam and 43% in Amsterdam3). Unlike in Utrecht, 
social housing is quite evenly spatially distributed in Amsterdam and Rotterdam. In 
Amsterdam this distribution is an effect of decades of housing policy which priori-
tised social mix on the neighbourhood level. Rotterdam also has a high percentage 
of social housing throughout the city, even after large scale urban restructuring since 
the 1990s.

These differences in local economies between the three cities are likely to affect 
the process through which households select into different types of neighbourhoods. 
Amsterdam and Utrecht are both known for their very high housing prices, and in 
these cities the middle income households are in a difficult situation, as they earn 
too much to qualify for social housing, but cannot afford to live in the most desirable 
neighbourhoods. As a result, income might be a stronger predictor of neighbour-
hood selection in Utrecht and Amsterdam compared to Rotterdam. Other personal 
characteristics, such as education and family composition, combined with local par-
ticularities, may also lead to differences in selection patterns between the cities, as 
well as to differences in the magnitude of neighbourhood effects.

Neighbourhood Effects on Income and Income Change

Many empirical studies have investigated neighbourhood effects on individual 
income (see Galster & Sharkey, 2017, p. 21, for an overview). The evidence sug-
gests that the neighbourhood influence in adulthood is weaker than the influence 
experienced in childhood, when social networks are more often limited to the neigh-
bourhood and major career choices are yet to be made (Galster & Sharkey, 2017). 
Still, adults can become more similar to their neighbours through the social-interac-
tive mechanisms of adapting to their behaviours, aspirations and attitudes, conform-
ing to local social norms or accessing information and resources through their social 

3 https:// opend ata. cbs. nl/ statl ine/

2 https:// opend ata. cbs. nl/ statl ine/

https://opendata.cbs.nl/statline/
https://opendata.cbs.nl/statline/
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networks (Galster, 2012). With regards to income, someone can find a better paid 
job through the neighbourhood social network. On the other hand, a person living 
in an area with a high level of unemployment and many low-skilled employees will 
more readily accept her own low salary (Sari, 2012). Pinkster (2007, 2014) investi-
gated these mechanisms in her qualitative studies of a high-poverty neighbourhood 
in the Hague, Transvaal-Noord. She found that the local dense social networks did 
help with finding a low-skilled job, but the availability of such jobs discouraged 
the immigrant neighbourhood inhabitants from pursuing further education, learn-
ing Dutch and familiarising themselves with the formal job market. This illustrates 
how the information and contacts in the neighbourhood can influence individuals’ 
income.

For employed household heads moving to a new neighbourhood, a change in their 
income can be caused primarily by the aforementioned social mechanisms, but also 
by a number of other neighbourhood characteristics. In their study of the influence of 
neighbourhood social mix on Stockholm’s inhabitants’ income, Galster et al. (2016) 
describe the potential influence of local crime levels, institutional resources and job 
accessibility, widely studied in the literature. Neighbourhood average income tends 
to be a good proxy for these characteristics because of local self-reinforcing pro-
cesses of spatial inequality—for example, well-connected neighbourhoods tend to 
have more expensive dwellings, which attracts richer inhabitants, who further profit 
from the easy access to jobs and services (Toft & Ljunggren, 2016). Such processes 
correspond to theories of the Matthew effect (Merton, 1968) and cumulative dis-
advantage (Sampson & Laub, 1997). A move to an affluent neighbourhood should 
therefore expose an individual to many beneficial resources, regardless of her pre-
vious socioeconomic status. It can also inspire an aspirational attitude of trying 
to „keep up” with the richer neighbours, encountered at local establishments and 
events.

Current Study

Following Ioannides and Zabel (2008) and Van Ham et al. (2018), we first explicitly 
model neighbourhood selection and then use the predicted probabilities from this 
model to construct correction components, which we use as control for neighbour-
hood selection in the second modelling step: the neighbourhood effects models. We 
hypothesise that the correction components, which control for individual charac-
teristics as well as neighbourhood selection, will reduce the selection bias present 
in the observed neighbourhood effect more accurately than the individual charac-
teristics variables. In other words, we expect that the influence of neighbourhood 
income on individual income becomes smaller after including personal character-
istics, and further diminishes after controlling for selection bias by using correction 
components.

Crucially, we model neighbourhood selection and effects with data from Utre-
cht, Amsterdam and Rotterdam. We expect that the degree to which the effects 
in the final models are affected by controlling for neighbourhood selection will 
be different in the three cities. That is because the neighbourhood selection 
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controls reflect important differences between local housing markets, which can 
limit individuals’ choice to various degree, based on e.g. the availability of social 
housing or family-sized dwellings. However, there can be also other unobserved 
neighbourhood-related, city-level factors which explain the differences between 
the three cities; for example, effects from differing regional policies affecting the 
local economy.

To make the relationships between the observed and unobserved factors in the 
models clearer, we have drawn a diagram showing these relationships (Fig. 1). In 
the selection models, individuals (i) have the observed and unobserved personal 
characteristics affecting neighbourhood selection (PNoi, PNui), which relate to 
the characteristics of the neighbourhoods (j) they choose (NSj). In the neigh-
bourhood effects models, the chosen neighbourhood can then have an influence 
on the final outcome, individual income (Oij), with their characteristics (NOij), 
which might not be entirely accounted for by the variables in the selection mod-
els. At the same time, individuals have other characteristics which affect Oij, 
also observed and unobserved (POoi and POui), in the neighbourhood effects 
model. Some of them (such as previous income or education) can overlap with 
the observed and unobserved personal characteristics affecting selection (PNoi 
and PNui), but not all of them will and those that do might not overlap entirely. 
Similarly, the neighbourhood characteristics (NOij) which influence individual 
income (Oij) are not necessarily the same which have led to choosing that neigh-
bourhood (NSj). In our approach, we account for the bias caused by the statistical 
relationship between personal characteristics and neighbourhood selection crite-
ria (PNi and NSj) by including the correction components based on the selec-
tion models in the neighbourhood effects models. Because of possible differences 
between the (especially unobserved) personal characteristics affecting selection 
(PNi) and individual income (POi), as well as neighbourhood characteristics rele-
vant to selection (NSj) and individual income (NOij), which can be also subjected 

NSj
NOij

PNoi

PNui

POoi

POui

Oij
Correction components 

Fig. 1  Relationships between the observed and unobserved variables on neighbourhood and individual 
level
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to city-wide trends, we cannot say that these correction components cover all the 
city-level differences. Still, they should reflect many of these differences because 
of the wide range of variables used in both sets of models.

Data and Methods

Sample and Data

We used data from the Netherlands Social Statistical Database (SSD), a popu-
lation registry including individual level, geo-coded longitudinal data for the 
entire population of the Netherlands from 1999 onwards. These data are merged 
with register-based publicly available neighbourhood-level data from Statis-
tics Netherlands. We selected household heads with income from work in 2015 
who moved between 2010 and 2014. This resulted in a final dataset containing 
54,045 individuals in Utrecht, 84,935 in Amsterdam and 59,681 in Rotterdam, 
which corresponds to the different population sizes of these cities. We included 
both people moving within the city, and people moving in from other parts of the 
Netherlands. We only included household heads in our sample because including 
multiple earners from the same family would complicate the data structure, and 
second earners in the Netherlands, especially mothers, very often work part-time 
(Endendijk et al., 2018), which is not accounted for in the available income vari-
ables. Still, the sample consists of 40% women in Amsterdam and around 37% in 
both Rotterdam and Utrecht.

We included data of movers from multiple years to increase the external validity 
of our study. Only the last move is included, regardless of whether someone moved a 
year or 5 years before; we then control for time in our models. The previous studies 
have only used moves from 1 year (Ioannides & Zabel, 2008; Van Ham et al., 2018), 
which can lead to an overrepresentation of recent movers, such as foreign-born, sin-
gle and young people (Hansen & Gottschalk, 2006; Hedman et  al., 2011). People 
who moved outside of the studied cities are not in the dataset, whereas people who 
moved into the cities are included. The spatial units we use are the municipalities’ 
administrative neighbourhoods, which are likely to resemble neighbourhoods as 
people know them. Permentier et  al., (2008, p. 840) conducted a survey in which 
the inhabitants of Utrecht asked to name their neighbourhood either gave the same 
(81.5%) or a similar (14%) name to the official name of the administrative area. This 
suggests that, in Dutch cities, people identify their neighbourhood similarly to the 
official administrative names (although the spatial bounds they have in mind might 
not map exactly onto the administrative borders). On average, there are 144 individ-
uals from our sample per neighbourhood in the Utrecht region, 298 in Amsterdam 
and 195 in Rotterdam (for the total population, the average is 1812 individuals per 
neighbourhood in Utrecht, 1403 in Amsterdam and 1331 in Rotterdam). We used the 
urban regions of Utrecht, Amsterdam and Rotterdam, which include the main city, 
but also surrounding municipalities, representing regional housing markets (see the 
appendix for a list of included municipalities).
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Analytical Approach and Variables

Our modelling approach has two steps. It is akin to the Heckman 2-step solution 
overcoming selection bias (Mroz, 1987; Winship & Mare, 1992). We first estimate 
neighbourhood selection with a conditional logit model, in which we model the 
probability that an individual chooses a particular neighbourhood from the com-
plete choice set of all neighbourhoods in the city (i.e. Utrecht, Amsterdam or Rotter-
dam) and its surrounding suburbs. Because of the properties of the conditional logit 
model, individual characteristics can only be included as interactions with neigh-
bourhood characteristics. Based on these interactions we estimate linear probabili-
ties of an individual choosing each neighbourhood in the choice set. These, in turn, 
are converted into correction terms by using a technique similar to the Inverse Mills 
Ratios, following Van Ham et al. (2018) and Ioannides and Zabel (2008). Because 
many neighbourhoods are similar on particular characteristics, and people tend to 
choose their neighbourhoods in a very structured way, we observe high levels of 
collinearity between the correction terms. Therefore, instead of keeping hundreds of 
correction terms, we reduce them to a smaller set of correction terms using Principal 
Component Analysis (for a more detailed description, see Van Ham et  al., 2018). 
These components reflect the probabilities that types of households select types of 
neighbourhoods.

In the selection model we included neighbourhood-level variables (average 
dwelling value, number of restaurants within 3 km, distance to train station, distance 
to highway access lane, share of dwellings built after 2000, share of non-Western 
minorities, share of social housing, share of private rental, share of single person 
households and share of households with children), as well as individual-level vari-
ables (age, ethnic background, family composition, household income and educa-
tion level). We included these characteristics for the year when the individual moved 
(2010–2014), except for educational level for which we included obtained educa-
tional level in 2015. Education level is measured by four dummy variables indicat-
ing “lower educated” for people with unfinished secondary education, “middle edu-
cated” for those with a secondary or practical vocational (mbo) degree and “higher 
educated” for people with a bachelor or higher degree (wo or hbo), and “missing” 
for those with missing information on their educational level (25%). Migration back-
ground is represented in the model by two dummy variables: “Western migrant ori-
gin” and “non-Western migrant origin”, which identify individuals with at least one 
parent born abroad. “Western countries”, according to the Statistics Netherlands def-
inition, include all European and Northern American countries plus Japan, Australia 
and Indonesia.

In the second modelling step we model neighbourhood effects. We regressed 
individual earned income in 2015 (log-transformed) on neighbourhood and indi-
vidual characteristics by estimating a multilevel model with individuals at level 1 
nested in neighbourhoods at level 2. In Model 1 we included average neighbourhood 
income as a predictor at neighbourhood level. In Model 2 we added individual char-
acteristics to the model. Model 3 includes the variables from the previous models 
plus the neighbourhood types correction components, which reflect the possibility 
of each person selecting a particular type of neighbourhood. Consequently, in Model 
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3 we directly control for neighbourhood selection. The differences in neighbourhood 
effects between Model 2 and Model 3 indicate to what extent neighbourhood effects 
might be overestimated when not explicitly controlling for selection. The impor-
tance of using a multilevel model for our data is confirmed by the results of the null-
models (in the appendix), showing the amount of variance in individual income on 
individual and neighbourhood level. The intraclass correlation indicates that approx-
imately 19% of the variance in individual income in Utrecht, 15% in Amsterdam and 
18% in Rotterdam is on the neighbourhood level. Therefore, it is important to use 
multilevel modelling in order to correctly estimate standard errors. Furthermore, we 
can observe if and how unexplained variance on the neighbourhood level diminishes 
after including new predictors in the model.

In the neighbourhood effects models, the neighbourhood level variable is aver-
age neighbourhood income. The same individual characteristics as in the selection 
models are included, but with values taken from the 2015 datasets and with age in 
years instead of three age categories. We also included the number of months an 
individual has been living in the neighbourhood, to control for variation in exposure 
to neighbourhood conditions. The dependent variable is the logarithm of income 
from work in 2015. In order to directly model income change, in an additional set of 
models we included the logarithm of income in the year the individual moved to the 
neighbourhood. Furthermore, to check whether the differences in the neighbourhood 
average income coefficient size between the different cities are significant, we used 
formal tests for comparing the coefficients across models using different samples, 
described in detail by Paternoster et al. (1998).4

Results

Selection Models

The results from the first step of our approach, the conditional logit model (in the 
appendix), show the effects of the interactions between individual and neighbour-
hood level characteristics in predicting neighbourhood choice. Most of the coeffi-
cients are significant, revealing the structured selection of types of individuals into 
types of neighbourhoods. For example, couples with children are more likely to 
select neighbourhoods with already a high share of such household type. The results 
also indicate that ethnic minorities are more likely to move to neighbourhoods with 
a high share of people with a non-Western background. This effect is strongest in 
Amsterdam, followed by Rotterdam and then Utrecht. Whereas higher educated 
individuals in Utrecht and Amsterdam are more likely to select a neighbourhood 
with a larger share of ethnic minorities, in Rotterdam they are less likely to select 
this type of neighbourhood. Higher educated individuals are less likely to select a 
neighbourhood with a large share of social housing in Utrecht, but more likely in 

4 Z =
b
1
−b

2
√

SE
2

b1
+SE

2

b2
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Amsterdam, and in Rotterdam we do not find an effect. Individuals with a non-West-
ern migration background are less likely to select a neighbourhood with a high share 
of social housing in Amsterdam and Rotterdam, but not in Utrecht. Higher educated 
people select neighbourhoods with a high number of restaurants, a high share of sin-
gles, and a shorter distance to the train station, thus likely located in the city centre. 
Age differences between moving patterns in the three cities also emerge: for exam-
ple, people below the age of 25 are more likely than 25–65 year old people to choose 
a neighbourhood with a high share of households with children in Rotterdam, but 
less likely to do so in Amsterdam, and the interaction is non-significant in Utrecht. 
These results of the selection model show that there are important differences in the 
determinants of neighbourhood choice between the three cities. This subsequently 
translates into the correction terms, which will be included in the neighbourhood 
effects model in the next step. Furthermore, the model fit differs between the three 
cities, with the Pseudo R-squared of 0.079 for Utrecht, 0.07 for Rotterdam and the 
lowest 0.057 for Amsterdam. These statistics suggest that the extent to which our 
model explains the selection is the biggest in Utrecht, even though one has to be 
cautious while comparing the Pseudo R-squared of models ran on different datasets 
(Tables 1, 2).

Effect Models: Income

Tables  3, 4, 5 present the results of the multilevel models predicting individual 
income from work. In Model 1 we find a positive statistically significant effect of 
neighbourhood income for all cities, meaning that the higher the neighbourhood 
average income, the higher individual income a few years after the move. However, 
the magnitude of the effect differs between the cities, with a significantly stronger 
neighbourhood effect in Rotterdam compared to Utrecht and Amsterdam.5 This con-
tradicts our expectation that there are no differences in the strength of neighbour-
hood effects between the three cities. A €10,000 difference in average neighbour-
hood income is related to a 24% difference in individual income in Utrecht, a 27% 
difference in Amsterdam, and a 32% difference in Rotterdam.

In Model 2 we included individual characteristics in addition to the average 
neighbourhood income. In all three cities the effect of average neighbourhood 
income on individual income drops in size. In Utrecht the effect of average neigh-
bourhood income drops by 42%, in Amsterdam by 33% and in Rotterdam by 44%. 
The effects of individual characteristics are similar across all three cities: all effects 
are statistically significant (p < 0.001) and show that ethnic minority members have 
a lower income, while couples, older and higher educated individuals have a higher 
income. The residual variances at neighbourhood and individual level are sig-
nificantly reduced in Model 2 compared to Model 1, indicating that the individual 

5 The effect of neighbourhood average income in Model 1 is significantly larger in Rotterdam compared 
to Amsterdam ( Z =

.238−.279
√

.007
2
+.009

2
= −3.60 ). The effect is not significantly different between Amsterdam 

and Utrecht ( Z =
.238−.218

√

.007
2
+.008

2
= 1.88).



1 3

Modelling Neighbourhood Effects in Three Dutch Cities…

Ta
bl

e 
1 

 D
es

cr
ip

tiv
e 

st
at

ist
ic

s o
f t

he
 n

ei
gh

bo
ur

ho
od

 a
nd

 in
di

vi
du

al
 le

ve
l v

ar
ia

bl
es

 u
se

d 
in

 th
e 

se
le

ct
io

n 
m

od
el

s

U
tre

ch
t

A
m

ste
rd

am
Ro

tte
rd

am

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

Ne
ig

hb
ou

rh
oo

d 
ch

ar
ac

te
ri

st
ic

s
A

ve
ra

ge
 d

w
el

lin
g 

va
lu

e 
(in

 1
00

0 
Eu

ro
s)

25
2.

44
96

.7
7

*
*

24
3.

9
93

.2
7

*
*

16
8.

95
65

.8
2

*
*

Re
st

au
ra

nt
s w

ith
in

 3
 k

m
81

.4
2

99
.3

6
0

63
8.

8
31

7.
37

38
3.

78
0

12
59

.1
10

6.
25

12
0.

11
1.

9
40

5.
5

D
ist

an
ce

 to
 tr

ai
n 

st
at

io
n 

(k
m

)
2.

88
2.

55
0.

3
13

.1
2.

79
1.

89
0.

4
9.

4
2.

85
2.

15
0.

2
10

.9
D

ist
an

ce
 to

 h
ig

hw
ay

 a
cc

es
s l

an
e 

(k
m

)
1.

86
0.

76
0.

1
6.

6
1.

85
0.

90
0.

2
4.

4
1.

92
.8

6
0.

1
4.

9
Sh

ar
e 

of
 d

w
el

lin
gs

 b
ui

lt 
>

 20
00

17
.4

5
29

.7
1

0
10

0
14

.4
1

22
.2

7
0

10
0

14
.6

6
23

.1
2

0
10

0
Sh

ar
e 

of
 n

on
-W

es
te

rn
 m

in
or

iti
es

15
.7

6
13

.0
7

0
78

28
.1

5
18

.6
9

0
78

30
.4

0
18

.6
7

0
80

Sh
ar

e 
of

 so
ci

al
 h

ou
si

ng
31

.0
1

21
.4

7
0

10
0

40
.6

3
20

.8
6

0
10

0
41

.4
5

21
.5

6
0

10
0

Sh
ar

e 
of

 p
riv

at
e 

re
nt

al
15

.2
3

10
.8

8
0

94
23

.6
2

16
.0

4
0

10
0

17
.3

5
12

.4
8

0
10

0
Sh

ar
e 

of
 si

ng
le

s
41

.3
7

16
.1

10
96

49
.1

4
13

.6
7

8
94

43
.9

8
12

.7
4

0
93

Sh
ar

e 
of

 h
ou

se
ho

ld
s w

ith
 c

hi
ld

re
n

32
.5

5
13

.0
4

0
72

28
.4

9
11

.5
8

1
68

30
.9

8
10

.7
3

0
70

In
di

vi
du

al
 c

ha
ra

ct
er

is
tic

s
A

ge
 <

 25
0.

08
0

1
0.

07
0

1
0.

11
0

1
25

–6
5

0.
92

0
1

0.
93

0
1

0.
89

0
1

 >
 65

0.
00

04
0

1
0.

00
05

0
1

0.
00

06
0

1
Et

hn
ic

ity
 N

at
iv

e 
D

ut
ch

0.
77

0
1

0.
56

0
1

0.
57

0
1

W
es

te
rn

 m
ig

ra
nt

 o
rig

in
0.

11
0

1
0.

20
0

1
0.

15
0

1
no

n-
W

es
te

rn
 m

ig
ra

nt
 o

rig
in

0.
12

0
1

0.
24

0
1

0.
28

0
1

Fa
m

ily
 ty

pe
 S

in
gl

e
0.

38
0

1
0.

48
0

1
0.

43
0

1
C

ou
pl

e
0.

29
0

1
0.

26
0

1
0.

25
0

1
C

ou
pl

e 
w

ith
 c

hi
ld

re
n

0.
25

0
1

0.
17

0
1

0.
21

0
1

O
th

er
 fa

m
ily

 ty
pe

0.
08

0
1

0.
09

0
1

0.
11

0
1

G
ro

ss
 h

ou
se

ho
ld

 in
co

m
e 

(in
 1

0,
00

0 
eu

ro
)

2.
56

1.
22

*
*

2.
56

1.
8

*
*

2.
31

1.
19

*
*

Ed
uc

at
io

na
l l

ev
el

 L
ow

0.
07

0
1

0.
08

0
1

0.
12

0
1



 A. A. Troost et al.

1 3

N
ot

es
: *

W
e 

ar
e 

no
t a

bl
e 

to
 sh

ow
 m

in
im

um
 a

nd
 m

ax
im

um
 d

ue
 to

 S
ta

tis
tic

s N
et

he
rla

nd
s d

is
cl

os
ur

e 
re

str
ic

tio
ns

. I
n 

th
e 

U
tre

ch
t u

rb
an

 re
gi

on
, w

e 
an

al
ys

ed
 5

4,
04

5 
in

di
vi

du
al

s 
in

 3
75

 n
ei

gh
bo

ur
ho

od
s;

 in
 A

m
ste

rd
am

, 8
4,

93
5 

in
 2

85
; a

nd
 in

 R
ot

te
rd

am
, 5

9,
68

1 
in

 3
06

Ta
bl

e 
1 

 (c
on

tin
ue

d)

U
tre

ch
t

A
m

ste
rd

am
Ro

tte
rd

am

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

M
id

dl
e

0.
22

0
1

0.
20

0
1

0.
30

0
1

H
ig

he
r

0.
48

0
1

0.
46

0
1

0.
34

0
1

Ed
uc

at
io

n 
m

is
si

ng
0.

23
0

1
0.

26
0

1
0.

24
0

1



1 3

Modelling Neighbourhood Effects in Three Dutch Cities…

Ta
bl

e 
2 

 D
es

cr
ip

tiv
e 

st
at

ist
ic

s o
f t

he
 n

ei
gh

bo
ur

ho
od

 a
nd

 in
di

vi
du

al
 le

ve
l v

ar
ia

bl
es

 u
se

d 
in

 th
e 

eff
ec

t m
od

el
s (

20
15

)

*W
e 

ar
e 

no
t a

bl
e 

to
 sh

ow
 m

in
im

um
 a

nd
 m

ax
im

um
 d

ue
 to

 S
ta

tis
tic

s N
et

he
rla

nd
s d

is
cl

os
ur

e 
re

str
ic

tio
ns

U
tre

ch
t

A
m

ste
rd

am
Ro

tte
rd

am

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

M
ea

n
SD

M
in

M
ax

Lo
g 

in
co

m
e 

in
 2

01
5

10
.7

1
0.

55
*

*
10

.7
1

.6
7

*
*

10
.5

8
0.

59
*

*
A

ve
ra

ge
 n

ei
gh

bo
ur

ho
od

 in
co

m
e 

(in
 

10
,0

00
 e

ur
o)

3.
45

0.
83

*
*

3.
44

1
*

*
2.

99
0.

75
*

*

Lo
g 

in
co

m
e 

in
 th

e 
ye

ar
 o

f m
ov

e
10

.6
2

0.
49

*
*

10
.6

2
.6

*
*

10
.5

0.
52

*
*

N
at

iv
e 

D
ut

ch
0.

77
0

1
0.

55
0

1
0.

57
0

1
N

on
-W

es
te

rn
 m

ig
ra

nt
 o

rig
in

0.
12

0
1

0.
24

0
1

0.
28

0
1

W
es

te
rn

 m
ig

ra
nt

 o
rig

in
0.

11
0

1
0.

20
0

1
0.

15
0

1
Si

ng
le

0.
38

0
1

0.
48

0
1

0.
43

0
1

C
ou

pl
e

0.
26

0
1

0.
26

0
1

0.
24

0
1

C
ou

pl
e 

w
ith

 c
hi

ld
re

n
0.

34
0

1
0.

25
0

1
0.

29
0

1
O

th
er

 fa
m

ily
 ty

pe
0.

09
0

1
0.

10
0

1
0.

12
0

1
A

ge
38

.3
9

10
.2

9
18

85
37

.1
5

9.
31

18
90

37
.7

10
.1

18
85

Lo
w

er
 e

du
ca

te
d

0.
07

0
1

0.
08

0
1

0.
12

0
1

M
id

dl
e 

ed
uc

at
ed

0.
22

0
1

0.
20

0
1

0.
30

0
1

H
ig

he
r e

du
ca

te
d

0.
48

0
1

0.
46

0
1

0.
34

0
1

Ed
uc

at
io

n 
m

is
si

ng
0.

23
0

12
0.

26
0

1
0.

24
0

1
Fe

m
al

e
0.

36
0

1
0.

40
0

1
0.

37
0

1
M

on
th

s s
in

ce
 m

ov
e

39
.6

7
17

.8
2

12
71

36
.4

17
.6

7
12

71
38

.7
8

18
.2

4
12

71



 A. A. Troost et al.

1 3

Ta
bl

e 
3 

 N
ei

gh
bo

ur
ho

od
 e

ffe
ct

s o
n 

in
co

m
e:

 U
tre

ch
t

St
an

da
rd

 e
rr

or
s i

n 
pa

re
nt

he
se

s
*p

 <
 0.

05
**

p <
 0.

01
**

*p
 <

 0.
00

1

M
od

el
 1

M
od

el
 2

M
od

el
 3

B
SE

Ex
p

B
SE

Ex
p

B
SE

Ex
p

A
ve

ra
ge

 n
ei

gh
bo

ur
ho

od
 in

co
m

e 
(in

 1
0,

00
0 

eu
ro

)
0.

21
8*

**
(0

.0
08

)
1.

24
4

0.
13

1*
**

(0
.0

04
)

1.
14

0
0.

06
1*

**
(0

.0
03

)
1.

06
3

N
on

-W
es

te
rn

 m
in

or
ity

−
 0

.1
17

**
*

(0
.0

06
)

0.
89

0
1.

35
9*

**
(0

.0
48

)
3.

89
2

W
es

te
rn

 m
in

or
ity

−
 0

.0
71

**
*

(0
.0

06
)

0.
93

1
0.

26
9*

**
(0

.0
13

)
1.

30
9

C
ou

pl
e

0.
10

8*
**

(0
.0

05
)

1.
11

4
0.

05
4*

**
(0

.0
06

)
1.

05
5

C
ou

pl
e 

w
ith

 c
hi

ld
re

n
0.

15
8*

**
(0

.0
05

)
1.

17
1

−
 0

.0
03

(0
.0

07
)

0.
99

7
O

th
er

 fa
m

ily
 ty

pe
−

 0
.0

61
**

*
(0

.0
08

)
0.

94
1

0.
10

1*
**

(0
.0

09
)

1.
10

6
A

ge
0.

05
7*

**
(0

.0
02

)
1.

05
9

0.
01

0*
**

(0
.0

02
)

1.
01

0
A

ge
 sq

ua
re

d
−

 0
.0

01
**

*
(0

.0
00

)
0.

99
9

−
 0

.0
00

**
*

(0
.0

00
)

1.
00

0
M

id
dl

e 
ed

uc
at

ed
0.

23
7*

**
(0

.0
08

)
1.

26
7

1.
18

0*
**

(0
.0

21
)

3.
25

4
H

ig
he

r e
du

ca
te

d
0.

58
4*

**
(0

.0
08

)
1.

79
3

0.
75

6*
**

(0
.0

30
)

2.
13

0
Ed

uc
at

io
n 

m
is

si
ng

0.
34

2*
**

(0
.0

09
)

1.
40

8
0.

93
2*

**
(0

.0
22

)
2.

54
0

Fe
m

al
e

−
 0

.1
95

**
*

(0
.0

04
)

0.
82

3
−

 0
.1

36
**

*
(0

.0
04

)
0.

87
3

M
on

th
s s

in
ce

 m
ov

e
0.

00
1*

**
(0

.0
00

)
1.

00
1

−
 0

.0
01

*
(0

.0
00

)
0.

99
9

C
or

re
ct

io
n 

co
m

po
ne

nt
s i

nc
lu

de
d

N
O

N
O

Y
ES

C
on

st
an

t
9.

95
2*

**
(0

.0
28

)
8.

49
6*

**
(0

.0
36

)
9.

28
7*

**
(0

.0
42

)
Re

si
du

al
 v

ar
ia

nc
e 

at
 n

ei
gh

bo
ur

ho
od

 le
ve

l
0.

01
3*

**
(0

.0
01

)
0.

00
3*

**
(0

.0
00

)
0.

00
1*

**
(0

.0
00

)
Re

si
du

al
 v

ar
ia

nc
e 

at
 in

di
vi

du
al

 le
ve

l
0.

25
9*

**
(0

.0
01

)
0.

19
6*

**
(0

.0
01

)
0.

14
8*

**
(0

.0
00

)
N

54
,0

45
54

,0
45

54
,0

45



1 3

Modelling Neighbourhood Effects in Three Dutch Cities…

Ta
bl

e 
4 

 N
ei

gh
bo

ur
ho

od
 e

ffe
ct

s o
n 

in
co

m
e:

 A
m

ste
rd

am

St
an

da
rd

 e
rr

or
s i

n 
pa

re
nt

he
se

s
*p

 <
 0.

05
**

 p 
<

 0.
01

**
*  p 

<
 0.

00
1

M
od

el
 1

M
od

el
 2

M
od

el
 3

B
SE

Ex
p

B
SE

Ex
p

B
SE

Ex
p

A
ve

ra
ge

 n
ei

gh
bo

ur
ho

od
 in

co
m

e 
(in

 1
0,

00
0 

eu
ro

)
0.

23
8*

**
(0

.0
07

)
1.

26
9

0.
16

6*
**

(0
.0

05
)

1.
18

1
0.

07
9*

**
(0

.0
04

)
1.

08
2

N
on

-W
es

te
rn

 m
in

or
ity

−
 0

.1
42

**
*

(0
.0

05
)

0.
86

8
1.

79
6*

**
(0

.0
35

)
6.

02
5

W
es

te
rn

 m
in

or
ity

−
 0

.0
32

**
*

(0
.0

05
)

0.
96

9
0.

31
5*

**
(0

.0
12

)
1.

37
0

C
ou

pl
e

0.
12

7*
**

(0
.0

05
)

1.
13

5
0.

04
9*

**
(0

.0
05

)
1.

05
0

C
ou

pl
e 

w
ith

 c
hi

ld
re

n
0.

18
8*

**
(0

.0
05

)
1.

20
7

0.
05

8*
**

(0
.0

06
)

1.
06

0
O

th
er

 fa
m

ily
 ty

pe
−

 0
.0

47
**

*
(0

.0
07

)
0.

95
4

−
 0

.0
08

(0
.0

08
)

0.
99

2
A

ge
0.

07
7*

**
(0

.0
02

)
1.

08
0

0.
01

1*
**

(0
.0

02
)

1.
01

1
A

ge
 sq

ua
re

d
−

 0
.0

01
**

*
(0

.0
00

)
0.

99
9

−
 0

.0
00

**
*

(0
.0

00
)

1.
00

0
M

id
dl

e 
ed

uc
at

ed
0.

26
9*

**
(0

.0
08

)
1.

30
9

1.
15

2*
**

(0
.0

26
)

3.
16

5
H

ig
he

r e
du

ca
te

d
0.

60
5*

**
(0

.0
08

)
1.

83
1

1.
03

4*
**

(0
.0

32
)

2.
81

2
Ed

uc
at

io
n 

m
is

si
ng

0.
44

6*
**

(0
.0

08
)

1.
56

2
0.

80
9*

**
(0

.0
18

)
2.

24
6

Fe
m

al
e

−
 0

.1
85

**
*

(0
.0

04
)

0.
83

1
−

 0
.1

29
**

*
(0

.0
04

)
0.

87
9

M
on

th
s s

in
ce

 m
ov

e
0.

00
0

(0
.0

00
)

1.
00

0
−

 0
.0

03
**

*
(0

.0
00

)
0.

99
7

C
or

re
ct

io
n 

co
m

po
ne

nt
s i

nc
lu

de
d

N
O

N
O

Y
ES

C
on

st
an

t
9.

87
1*

**
(0

.0
25

)
7.

99
5*

**
(0

.0
39

)
8.

93
9*

**
(0

.0
46

)
Re

si
du

al
 v

ar
ia

nc
e 

at
 n

ei
gh

bo
ur

ho
od

 le
ve

l
0.

00
9*

**
(0

.0
01

)
0.

00
4*

**
(0

.0
00

)
0.

00
2*

**
(0

.0
00

)
Re

si
du

al
 v

ar
ia

nc
e 

at
 in

di
vi

du
al

 le
ve

l
0.

38
9*

**
(0

.0
01

)
0.

31
5*

**
(0

.0
01

)
0.

23
0*

**
(0

.0
01

)
N

84
,9

35
84

,9
35

84
,9

35



 A. A. Troost et al.

1 3

Ta
bl

e 
5 

 N
ei

gh
bo

ur
ho

od
 e

ffe
ct

s o
n 

in
co

m
e:

 R
ot

te
rd

am

St
an

da
rd

 e
rr

or
s i

n 
pa

re
nt

he
se

s
*p

 <
 0.

05
**

p <
 0.

01
**

*p
 <

 0.
00

1

M
od

el
 1

M
od

el
 2

M
od

el
 3

B
SE

Ex
p

B
SE

Ex
p

B
SE

Ex
p

A
ve

ra
ge

 n
ei

gh
bo

ur
ho

od
 in

co
m

e 
(in

 1
0,

00
0 

eu
ro

)
0.

27
9*

**
(0

.0
09

)
1.

32
2

0.
16

7*
**

(0
.0

06
)

1.
18

2
0.

08
9*

**
(0

.0
04

)
1.

09
3

N
on

-W
es

te
rn

 m
in

or
ity

−
 0

.1
19

**
*

(0
.0

05
)

0.
88

8
1.

31
6*

**
(0

.0
47

)
3.

72
8

W
es

te
rn

 m
in

or
ity

−
 0

.1
15

**
*

(0
.0

06
)

0.
89

1
1.

29
9*

**
(0

.0
32

)
3.

66
6

C
ou

pl
e

0.
08

6*
**

(0
.0

05
)

1.
09

0
0.

04
3*

**
(0

.0
06

)
1.

04
4

C
ou

pl
e 

w
ith

 c
hi

ld
re

n
0.

10
9*

**
(0

.0
05

)
1.

11
5

0.
04

4*
**

(0
.0

07
)

1.
04

5
O

th
er

 fa
m

ily
 ty

pe
−

 0
.0

58
**

*
(0

.0
07

)
0.

94
4

−
 0

.0
85

**
*

(0
.0

08
)

0.
91

9
A

ge
0.

04
8*

**
(0

.0
02

)
1.

04
9

−
 0

.0
03

(0
.0

02
)

0.
99

7
A

ge
 sq

ua
re

d
−

 0
.0

00
**

*
(0

.0
00

)
1.

00
0

0.
00

0
(0

.0
00

)
1.

00
0

M
id

dl
e 

ed
uc

at
ed

0.
20

3*
**

(0
.0

07
)

1.
22

5
−

 0
.0

08
(0

.0
17

)
0.

99
2

H
ig

he
r e

du
ca

te
d

0.
52

7*
**

(0
.0

07
)

1.
69

4
−

 0
.7

45
**

*
(0

.0
23

)
0.

47
5

Ed
uc

at
io

n 
m

is
si

ng
0.

31
5*

**
(0

.0
07

)
1.

37
0

−
 0

.0
93

**
*

(0
.0

17
)

0.
91

1
Fe

m
al

e
−

 0
.2

18
**

*
(0

.0
04

)
0.

80
4

−
 0

.1
78

**
*

(0
.0

04
)

0.
83

7
M

on
th

s s
in

ce
 m

ov
e

0.
00

1*
**

(0
.0

00
)

1.
00

1
0.

00
2*

**
(0

.0
00

)
1.

00
2

C
or

re
ct

io
n 

co
m

po
ne

nt
s i

nc
lu

de
d

N
O

N
O

Y
ES

C
on

st
an

t
9.

73
9*

**
(0

.0
28

)
8.

68
8*

**
(0

.0
37

)
10

.0
46

**
*

(0
.0

38
)

Re
si

du
al

 v
ar

ia
nc

e 
at

 n
ei

gh
bo

ur
ho

od
 le

ve
l

0.
00

9*
**

(0
.0

01
)

0.
00

3*
**

(0
.0

00
)

0.
00

1*
**

(0
.0

00
)

Re
si

du
al

 v
ar

ia
nc

e 
at

 in
di

vi
du

al
 le

ve
l

0.
29

8*
**

(0
.0

01
)

0.
23

7*
**

(0
.0

01
)

0.
19

1*
**

(0
.0

01
)

N
59

,6
81

59
,6

81
59

,6
81



1 3

Modelling Neighbourhood Effects in Three Dutch Cities…

characteristics not only explain differences between individuals but also between 
neighbourhoods in individual income.

In Model 3 we added the correction components derived from the previous 
modelling step in order to control for neighbourhood selection. As we expected, 
the effect of average neighbourhood income became even smaller than in Model 
2. The reduction in effect size between Model 2 and Model 3 is 53% in Utrecht, 
52% in Amsterdam and 48% in Rotterdam. These findings indicate that neighbour-
hood effects on individual income are overestimated to a large degree when the 
model does not explicitly control for the non-random selection of neighbourhoods 
by households. The effects of average neighbourhood income remain, however, 
positive and statistically significant. The exponentiated coefficients from the final 
model show that in Utrecht a €10,000 difference in average neighbourhood income 
is related to a 6% difference in individual income in Utrecht, a 8% difference in 
Amsterdam, and a 9% difference in Rotterdam (on average after 3  years after the 
move). The neighbourhood effect is significantly weaker in Utrecht compared to 
Amsterdam and Rotterdam.6

Although the effects of the correction components cannot be interpreted unam-
biguously, and are therefore not reported, Model 3 shows that residential selection 
plays an important role. A large part of the neighbourhood effect found in Model 
1 is the result of residential selection. The inclusion of individual characteristics in 
Model 2 corrected for a part for this selection; still, the inclusion of the correction 
components in Model 3 controlled for selection to a larger extent. For all three cit-
ies, the residual variances of individual income on the individual level are smaller 
in Model 3 than in Model 2, showing that the correction components, which were 
created using interactions between individual and neighbourhood characteristics, 
explain additional variance in individual income.

Effect Models: Income Change

In addition to the previous analyses of individual income, we provide additional 
analyses of income change between the year of move and 2015 directly (Tables 6, 
7, 8). Analysing income change could be seen as a more robust approach to cau-
sality, although it is not without problems. In the following models, we keep indi-
vidual income in 2015 as the dependent variable and include in the models the indi-
vidual income in the year of move as one of the independent variables. As could 
be expected, previous income is by far the most important predictor of current 
income. However, our predictor of interest, the average neighbourhood income, is 
still significant and follows a similar pattern as in the previous models. The effect 
of neighbourhood income becomes smaller after including individual characteris-
tics (Model 2) and then even smaller when controlling for selection by including 
the correction components (Model 3), confirming our predictions. The reduction in 

6 The effect of average neighbourhood income in Model 3 does not significantly differ between Amster-
dam and Rotterdam ( Z =

.079−.089
√

.004
2
+.004

2
= −1.76 ); however, it is significantly weaker in Utrecht compared 

to Amsterdam ( Z =
.079−.061

√

.004
2
+.003

2
= 3.6 ), and therefore also Rotterdam.
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effect size in Utrecht between Model 1 and 2 is 15%, and between Model 2 and 3 
10%. The reduction is 8% and 17% in Amsterdam and 29% and 12% in Rotterdam 
respectively. Although the reduction in the effect size between Model 2 and 3 is 
strongest in Amsterdam, the reduction in Utrecht is similar to the reduction for Rot-
terdam. The exponentiated coefficients from the final model indicate that a one-unit 
(€10,000) difference in average neighbourhood income is related to a 1% increase 
in individual income in Utrecht, a 2% increase in Amsterdam, and a 2.2% increase 
in Rotterdam. The neighbourhood effect is significantly stronger in Amsterdam and 
Rotterdam compared to Utrecht.7 We realise that this average income increase is 
small, yet while interpreting the results one has to remember that our models only 
include those who have recently moved, and that the time of exposure to their new 
neighbourhood is relatively short, so large effects cannot be expected.

All other variables follow similar patterns to those in the income models of the 
previous section, except for the effect of age, which becomes negative (older peo-
ple’s salary is less likely to increase) and months since move, which have a small 
positive effect on income change in all the models. Also having a partner and chil-
dren has a negative effect, suggesting that people at this stage of their household 
careers are less likely to see their income positively change.

Conclusions and Discussion

This study examined how the modelled neighbourhood effect on individual income 
is altered when controlling for neighbourhood selection, and how these results 
vary across three Dutch urban regions. Using multilevel models we have estimated 
neighbourhood effects on income and income change, while controlling for neigh-
bourhood selection correction components. We found that a higher neighbourhood 
average income was related to a higher individual income, even after controlling for 
individual characteristics or neighbourhood selection in the form of correction com-
ponents. The neighbourhood effect becomes even smaller after controlling for selec-
tion than after controlling for individual characteristics, which suggests that without 
taking selection into account, researchers can overestimate neighbourhood effects. 
The remaining neighbourhood effect is a much smaller, but also a more robust meas-
ure of contextual effects on individual income.

The selection model used provide insight into the patterns of neighbourhood 
selection in three Dutch cities’ regional housing markets, with slight local differ-
ences and repeated patterns of structured self-sorting, largely in line with the pre-
vious studies on the topic. The differences found could provide inspiration to 
future studies. For example, higher educated individuals tend to select neighbour-
hoods with a higher percentage of people with non-Western migrant background in 
Amsterdam and Utrecht, but not Rotterdam; the possible explanations could relate to 

7 The effect of average neighbourhood income on change in individual income (Model 3) is significantly 
stronger in Utrecht compared to Amsterdam ( Z =

.020−.010
√

.002
2
+.002

2
= 3.53 ) and not significantly different 

between Amsterdam and Rotterdam ( Z =
.020−.010

√

.002
2
+.002

2
= 3.53).
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different forms of gentrification in these cities, which might lead to different types 
of neighbourhoods seen as desirable. The selection models also show evidence for 
difference in preferences based on predictors such as education level, rather than just 
on earnings (Pinkster & van Kempen, 2002; Jansen, 2012), with higher educated 
people preferring centrally-located, busy neighbourhoods regardless of household 
income.

We found clear differences between the three cities in the effects models: the 
weakest neighbourhood effects can be observed in Utrecht, which also has the high-
est percentage of native Dutch individuals in our sample, and the strongest in Rot-
terdam, which has a high percentage of ethnic minorities, just like Amsterdam, but a 
lower percentage of higher- and middle educated people and a lower average income. 
This is consistent with the theories of lower-income people being, on average, more 
vulnerable to negative neighbourhood effects, as they have fewer resources to iso-
late themselves from the neighbourhood context (Galster et  al., 2016); as well as 
with the studies showing stronger effects in poorer cities (Burdick-Will et al., 2011). 
However, these results contradict our predictions, based on the assumption that eth-
nicity and income are to a large extent controlled for in our models. It is possible 
that stronger effects in Amsterdam and Rotterdam are caused by the influence of 
general city population, not only the movers included in the model; additionally, 
difficult to measure characteristics, such as the density of social ties in an average 
neighbourhood or local policies promoting social cohesion, may be at play.

We also observed differences in the effects of local context-dependent selection 
mechanisms on modelling neighbourhood effects. In the case of the income mod-
els, the reduction in the neighbourhood effect after controlling for selection in Utre-
cht and Amsterdam was more pronounced than in Rotterdam. This suggests that 
incorporating neighbourhood selection in neighbourhood effects models might be 
especially important in higher income cities, in which the competitive nature of the 
housing market leads to particularly structured selection processes and conscious 
decisions of the movers. One of the explanations could be that affluent parents sup-
port the housing careers of their offspring through social reproduction strategies and 
the intergenerational transfer of resources (Hochstenbach & Boterman, 2017; Gal-
ster & Wessel, 2019), and such strategies are more likely to be employed in richer 
regions, where a dwelling in the right location is a particularly important invest-
ment. However, it is important to note that there might be other explanations for 
the differences in the attenuation of the effect between the cities, such as differing 
neighbourhood effect magnitudes because of, for example, local economic condi-
tions which were not captured by the variables in the models. Also, in the income 
change models it is the reduction in the effect size in Utrecht which was weaker than 
that in Rotterdam and especially Amsterdam. Future studies could explore these dif-
ferences further, comparing data from more diverse cities.

Despite the very high quality of the data at our disposal, there are several limi-
tations to our approach. While our models capture neighbourhood selection, some 
selection might still remain unmeasured, posing a challenge for future research. 
There might be unobserved variables which could contribute to a better fit of the 
model, such as more detailed sociocultural predictions, possibly interacting with 
education (van Gent et al., 2019). Furthermore, people’s preferences and therefore 
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neighbourhood selection could be influenced by their prior residential experiences 
(Bruch & Mare, 2012; Van Ham et  al., 2014; Hochstenbach & Boterman, 2017). 
Including neighbourhood histories could be a next step for future research, as it is 
beyond the scope of this paper. Another limitation of our approach is that we model 
neighbourhood effects only for the first couple of years after the move of employed 
household heads. Especially the short time period might have caused the small sizes 
of observed effects; this small effect could build over time. We limited our sample 
to people who moved recently to ensure that we have adequate data from the time 
of move; but through the use of data reaching further back in time, future studies 
might be able to compare the neighbourhood selection and neighbourhood effects 
models for recent “movers” and those who have lived in the neighbourhood for a 
longer time. Future studies could also use our approach to analyse neighbourhood 
effects on other outcome measures, such as health or employment, for other groups 
of people, such as the unemployed and second earners, and for those spending more 
time at home as they are likely more susceptible to neighbourhood effects (Galster 
et  al., 2016). Also interactions of neighbourhood characteristics with individual 
characteristics, such as ethnic background, could be tested, following earlier Euro-
pean research (Musterd et  al., 2008; Andersson et  al., 2014); and the neighbour-
hood effects on different ethnic and gender groups could be compared (Galster et al., 
2010). Using a predictor based on income groups or share of poor neighbours could 
also prove more accurate than using average income, and has shown interesting 
results in past studies (Galster et al., 2010; Galster & Turner, 2019). If suitable data 
becomes available, research could include more information on past neighbourhood 
histories, modelling the influence of local social interactions since childhood and 
placing adult episodes in a longer time context. In our study we observed that people 
are, on average, influenced by the income level of the neighbourhood they move into 
as adults; however, extending the longitudinal analysis and the model to investigate 
how not one, but many such episodes shape life outcomes, would lead to a better 
understanding of spatial inequality both for scientists and policymakers. Our method 
could be also compared with models using instrumental variables and fixed effects, 
based on the same dataset (Galster & Hedman, 2013). Also, a transnational study 
using the same methods with data from different countries could be helpful, since 
there is evidence from Sweden that when taking selection into account, neighbour-
hood effect may show to be stronger (Hedman & Galster, 2013).

To conclude, we believe that our research contributes to better understanding 
of spatial socioeconomic mechanisms. By modelling neighbourhood selection 
and neighbourhood effects for multiple cities, we shed some light on the locally 
diverse neighbourhood processes, observing the strongest influence of average 
neighbourhood income in the relatively poor port city of Rotterdam. Most impor-
tantly, we show that the effect of average neighbourhood income on individual 
income becomes much smaller after controlling for explicitly modelled neigh-
bourhood selection. This result suggests that studies that do not control for neigh-
bourhood selection may overestimate the size of neighbourhood effects, and it 
could serve as an inspiration for researchers and policymakers to  consider  resi-
dential selection as an integral part of any socio-spatial investigation.
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