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RESEARCH ARTICLE

The Problem of Uncertain Contextual Characteristic (PUCC): does 
it matter how contextual poverty is measured for the 
neighbourhood effect estimation?
Jérôme Francisco Conceicao a, Ana Petrović a, Maarten van Ham a and 
David Manley b

aDepartment of Urbanism, Delft University of Technology, Delft, The Netherlands; bSchool of Geographical 
Sciences, University of Bristol, Bristol, United Kingdom

ABSTRACT  
This paper investigates the sensitivity of neighbourhood effect estimates 
to the operationalization of contextual poverty. It introduces the Problem 
of Uncertain Contextual Characteristic (PUCC), which refers to uncertainty 
surrounding what is measured and represented when constructing 
contextual variables, potentially resulting in estimation bias. Using 
longitudinal micro-data from Dutch population registers (2011–2020), 
we assess four key parameters when operationalizing poverty: poverty 
dimensions, reference groups, poverty-line thresholds, and aggregation 
statistics. We undertake a systematic analysis modelling the effect of 
each poverty indicator while keeping all other factors constant. We also 
generate models including different residential context scales and 
geographies to compare the effects of PUCC with other sources of 
estimation variation. Results show that the operationalization of 
contextual poverty substantially influences the estimated 
neighbourhood effects on individual income. In our analyses, the 
operationalization of contextual poverty introduced greater variation 
than the residential context’s scale or the geographical extent of the 
study. Findings further suggest that PUCC and the Modifiable Areal Unit 
Problem (MAUP) are closely related, as the impact of contextual poverty 
measures varies significantly across spatial scales.
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1. Introduction

A growing body of research highlights the important role that neighbourhood environments play in 
shaping individual life outcomes, ranging from education and employment to income, and health 
(Andersson and Malmberg 2015; Chetty and Hendren 2018; Jivraj et al. 2020; Nieuwenhuis, Klei
nepier, and van Ham 2021; Urban 2009). Central to this literature is the common assumption that 
living in socioeconomically disadvantaged areas negatively impacts individual trajectories. Among 
the various outcome variables examined, individual income stands out as one of the most frequently 
studied indicators of neighbourhood effects (e.g. Galster, Andersson, and Musterd 2016; Hedman 
et al. 2015; Miltenburg and Van Der Meer 2018).
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Yet, despite decades of research, comparing findings across studies is challenging due to the wide 
range of methodological approaches employed. For instance, neighbourhood effects are often 
assumed to be weaker in Europe than in the US due to higher residential segregation and a weaker 
welfare state in the US (Friedrichs, Galster, and Musterd 2003; Galster 2012). However, this 
assumption is only weakly supported by empirical evidence, and robust cross-national comparisons 
are missing. Previous research has also identified several potential sources of estimation bias stem
ming from model misspecification, and among these issues, the Modifiable Areal Unit Problem 
(MAUP) – which arises from the arbitrary spatial definitions of neighbourhoods – has received con
siderable attention (Bolster et al. 2007; Petrović, van Ham, and Manley 2022; Stein 2014). Other 
studies emphasize the influence of factors such as the duration of exposure (Chetty and Hendren 
2018; Musterd, Galster, and Andersson 2012; Troost, Janssen, and Ham 2023), and the choice of 
the econometric model (see review in Galster et al. 2008; Galster, Andersson, and Musterd 2016).

An issue which has received much less attention in the literature is the impact of the selection of 
contextual measures of poverty on the estimated neighbourhood effects. The neighbourhood effects 
literature frequently uses the neighbourhood poverty level as a contextual measure of interest. How
ever, even this seemingly straightforward variable is operationalized in various ways (see review in 
Section 2.1.), and we know very little about how these differences impact the neighbourhood effect 
estimates. A few studies have compared the impact of different contextual variables, offering some 
insight. For example, Andersson and Musterd (2010) found that in Sweden’s metropolitan areas, 
the proportion of low-income residents had a stronger effect on individual income than did the 
shares of non-Western migrants, the unemployed, or high-income residents. Similarly, Andrews, 
Green, and Mangan (2004) found that average neighbourhood income and vocational qualification 
levels influenced youth employment outcomes in Australia, while the proportion of highly educated 
residents had no significant effect. Despite these valuable insights, no study has systematically 
examined how different operationalizations of the same variable, such as poverty, might impact 
modelling outcomes, nor have they explored the conceptual implications of these choices. Such a 
systematic approach is necessary to be able to assess and compare the results of different studies 
analysing the effect of contextual poverty on individual income.

This paper addresses this gap by examining the variability in neighbourhood effect estimates that 
arises from the choice of contextual poverty measure. Rather than focusing solely on poverty, this 
study adopts a broad framework to examine how multiple sources of uncertainty jointly shape 
neighbourhood effect estimates. Our goal is not to quantify a contextual effect per se, as much of 
the literature on which we are building does, but to assess how varying definitions of poverty con
tribute to variation in neighbourhood effect estimates.

Drawing on the MAUP and Kwan’s (2012) Uncertain Geographic Context Problem (UGCoP), 
we also conceptualize the problem at the core of this issue: the uncertainty surrounding what is 
really being measured behind neighbourhood effects and how to measure it, which in turn can 
lead to potentially significant misspecifications. We term this phenomenon the Problem of Uncer
tain Contextual Characteristic (PUCC). The PUCC operates alongside the MAUP and UGCoP, as 
all originate from challenges in identifying and capturing the multiplicity of neighbourhood effect 
mechanisms. Moreover, these dimensions are likely to interact, since both the operationalization of 
poverty and the spatial definition of context shape how effectively specific neighbourhood mechan
isms are measured.

Through systematic analysis, we model the effects of various poverty indicators independently, 
while keeping all other factors constant across models. By using this approach, we contribute to 
understanding the extent to which neighbourhood effect studies are sensitive to the operationaliza
tion of contextual variables. Specifically, we examine the influence of four key parameters: dimen
sions of poverty (income, unemployment, education, and access to social benefits), reference groups 
(national and municipal poverty lines), poverty line thresholds (40% and 60% of median income), 
and the summary statistics used in data aggregation (poverty rate and Watts index). As a second 
contribution, we also build models that incorporate varying spatial scales for residential contexts 
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and multiple geographic areas, allowing us to compare the impact of PUCC with other sources of 
variability in neighbourhood effect estimates and, more importantly, investigate whether they inter
act with each other.

Our results indicate that the definition of contextual poverty is not merely a technical detail as it 
significantly affects the estimation of neighbourhood effects. Moreover, the influence of residential 
scale varies across different poverty measures, showing that PUCC interacts with the MAUP and 
UGCoP rather than operating independently. These sources of uncertainty are thus interrelated: 
both the operationalization of poverty and the spatial delineation of neighbourhoods shape how 
effectively specific mechanisms are captured. Consequently, depending on how context is 
defined, neighbourhood effect studies may be measuring distinct social dynamics.

2. Theory

2.1. Uncertainty in the spatial definition of context: MAUP and UGCoP

The socio-economic composition of a residential context can vary considerably depending on its 
spatial definition. For example, a household may be located in a small pocket of concentrated pov
erty adjacent to less deprived areas. As the spatial scale used to define the neighbourhood increases, 
the measured level of poverty may change considerably due to aggregation of smaller areas.

However, changes in spatial scale of context do not merely alter its composition but also the rel
evance of the mechanisms through which contextual conditions influence individual outcomes. 
Galster (2012) identifies fifteen potential mechanisms through which poverty may affect individ
uals, grouped into four broad categories: social-interactive, environmental, geographical, and insti
tutional effects. These mechanisms are not expected to operate uniformly across space. Some, such 
as peer-group socialization and network effects, are likely to function at relatively small spatial 
scales, whereas others, including labour-market dynamics or stigmatization, may operate at larger 
scales or simultaneously across multiple scales (Petrović, Manley, and Van Ham 2020).

The multiplicity of mechanisms and the various geographical scales at which they can occur 
introduce considerable complexity into neighbourhood-effects modelling, increasing the risk of 
misspecification. In this regard, empirical studies explicitly addressing the challenge of defining 
spatial context have already highlighted the lack of theoretical guidance on the appropriate geo
graphical scale at which neighbourhood effects operate (see Plum and Knies 2015). As Petrović, 
Manley, and Van Ham (2020, 1115) note, selecting a single spatial scale risks ‘cutting through var
ious mechanisms, capturing relevant scales for some and less relevant scales for others’.

Since the late 1980s, researchers have examined this problem of spatial-context-related model 
misspecification, most notably through the MAUP (Openshaw 1984; Wong 2004). The MAUP 
refers to inconsistencies in empirical results arising from the aggregation of data using different 
areal unit configurations and consists of two interrelated components: scale effects and zonation 
effects. Scale effects occur when results differ across levels of spatial aggregation, while zonation 
effects concerns biases originating from the delimitation of an area boundary.

In neighbourhood-effects research, both components of the MAUP have been shown to influ
ence estimated contextual effects. Several studies have shown that the spatial scale at which contex
tual variables are measured has an effect on modelled neighbourhood effects (Bolster et al. 2007; 
Petrović, van Ham, and Manley 2022; Stein 2014). Others like Andersson and Musterd (2010) 
demonstrate that neighbourhood-effect estimates vary depending on whether residential contexts 
are delineated using grid cells, administrative units such as Small Market Statistics (SAMS), or 
municipalities. In the absence of clearly defined ‘natural boundaries’ for neighbourhoods, uncer
tainty surrounding spatial delineation, combined with the instability of results under the MAUP, 
introduces substantial variation in the estimated effect of neighbourhood context.

Building on this literature, Kwan (2012) introduced the Uncertain Geographic Context Problem 
(UGCoP), highlighting the limited understanding of the true causally relevant context(s) in terms of 
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space and time and the statistical biases generated in the aggregation of data. This lack of knowledge 
of the specific spatial and temporal context(s) within which a phenomenon occurs can result in, at 
worst, arbitrary or at best, partial, selection of context. As a result, misspecification of the geo
graphical context can generate inferential errors, leading to the apparent presence of an effect 
when there is none (type I) or the omission of an effect when there is an important relationship 
present (type II).

The issue of contextual uncertainty is particularly a central theoretical and empirical challenge in 
studies examining the impact of context due to the complex nature of the underlying processes (i.e. 
Galster’s (2012) fifteen potential mechanisms) and the likelihood that different mechanisms operate 
across multiple, overlapping spatial scales.

2.2. The problem of uncertain contextual characteristic (PUCC)

The uncertainty about what is being measured when assessing neighbourhood effects also extends 
to the operationalization of poverty itself, which can lead studies examining the same question to 
measure different phenomena and produce estimation biases. This issue is the focus of this paper 
and is referred to here as PUCC. Researchers examining contextual poverty face a multitude of 
decisions regarding its operationalization. Measuring (contextual) poverty is inherently complex, 
involving decisions around the various socio-economic dimensions, the selection of reference 
groups for assessing income levels and the choice of representative aggregate measures at the con
textual level. As with the MAUP, the wide range of possible configurations in this regard results in 
potentially arbitrary but significant decisions. Even though different poverty indicators are corre
lated, we can expect their spatial distributions not to fully overlap, especially across socio-economic 
dimensions. For example, a neighbourhood may have a high share of low-income residents while 
appearing less deprived on other dimensions, such as unemployment rates.

Connecting these alternative poverty measures to the diversity of mechanisms through which 
contextual poverty affects lifetime economic outcomes further amplifies the problem of operationa
lization. A given poverty indicator may be more causally relevant for certain mechanisms than for 
others. This diversity of mechanisms makes the search for a single ‘true’ contextual condition vir
tually impossible. Instead, we may need to find the most appropriate indicator(s) that capture the 
majority of the mechanisms at play. Moreover, the PUCC can also interact with other factors of 
variations, adding further layers of complexity. As discussed above, specific causal pathways may 
operate at different geographical scales, and their relative importance therefore depends on the 
spatial delineation of the residential context. As the mechanisms captured may differ across contex
tual scales, the relevance of any given operationalization of poverty is also expected to vary with 
scale.

Though it goes beyond the scope of the paper, other factors could also have an important 
impact on the importance of each mechanism, such as the duration of exposure (as it takes 
time for social ties to influence the individual via socialization or network effect, while other 
effects, such as stigmatization and spatial mismatch, are expected to be instantaneous) and 
the timing of exposure (exposure to poverty might be more impactful on children via socializa
tion and social contagion).

As a consequence of this uncertainty as well as data availability, the literature on contextual 
effects has used a wide range of contextual poverty measures to investigate the same phenomenon. 
In terms of socio-economic dimensions, studies have evaluated contextual poverty through income 
and housing (Van Ham and Manley 2010), education (Andersson et al. 2007; Andersson and Malm
berg 2015; Andrews, Green, and Mangan 2004), as well as labour market participation (Andersson 
et al. 2007; Weinberg, Reagan, and Yankow 2004). Some studies focus on a single dimension (Gal
ster et al. 2008; Galster, Andersson, and Musterd 2016; Petrović, van Ham, and Manley 2022), 
whereas others employ a multidimensional framework by incorporating multiple contextual 
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variables in the same regression or constructing a composite index (Andersson et al. 2007; Andrews, 
Green, and Mangan 2004; Bolster et al. 2007; Miltenburg and Van Der Meer 2018).

Among the income-based contextual poverty indicators, the poverty rate is frequently employed 
as a straightforward means to operationalize contextual poverty. However, even within this 
measure, variations exist in terms of the income threshold used to define the poverty line. For 
instance, some studies have placed the poverty line at 40% of the national median income (Milten
burg and Van Der Meer 2018; Petrović, Manley, and Van Ham 2022; Petrović, van Ham, and Man
ley 2022), while others have employed 50% of the national median income (Musterd, Galster, and 
Andersson 2012), the 30th percentile of the national income distribution (Andersson et al. 2007; 
Hedman et al. 2015; Musterd, Galster, and Andersson 2012), or official government-recognized 
poverty lines (Chetty, Hendren, and Katz 2016; Quillian 2003). Like the size and shape of an 
area for the MAUP, different parameters in the operationalization of poverty can impact the evalu
ation of poverty, which in turn can lead to variation in the estimation of the effect of contextual 
poverty.

While there is relative consensus in the literature that the socio-economic composition of a 
neighbourhood can influence individual income (negatively when focusing on contextual poverty), 
further comparing the empirical evidence remains challenging, if not impossible, as each study has 
its own approach to measuring neighbourhood effects depending on its own research goal, data 
accessibility, and specific context. In addition to the operationalization of poverty, we find a 
large variety of methodological differences even when we compare studies from the same country 
and use the same data source (e.g. population registers data from Netherlands Statistics).

For instance, Miltenburg and Van Der Meer (2018) defined residential context using adminis
trative neighbourhoods (buurten, with an average population of about 1,500) and measured con
textual poverty through a composite deprivation index. This index included the average personal 
income, the proportion of low-income residents (bottom 40% nationally), the share of high-income 
residents (top 80%), and the percentage of welfare benefit recipients. To assess the cumulative and 
lingering effects of residential histories, they employed a cross-classified multilevel model that 
assessed the influence of multiple past neighbourhoods simultaneously. Their dependent variable, 
i.e. individual income, includes yearly income from work as well as social security benefits, private 
funds, and alimony, minus premiums for income insurance.

In comparison, the study of Petrović, Manley, and Van Ham (2022) examined how the estimated 
neighbourhood effect varies with the spatial scale at which context is measured. Instead of relying 
on a single, predefined administrative unit, they constructed 101 bespoke areas around each indi
vidual. More importantly, they decided to measure contextual poverty via a poverty line based on 
40% of the national income distribution. They applied a within-individual fixed-effect model to 
control for the time-invariant variables. As for the dependent variable, we also find some differ
ences: although they also consider the yearly income from work, they did not include other sources 
of income like social security benefits. Moreover, their study focused solely on working-age men 
living in the largest urban regions of the Netherlands, whereas Miltenburg and Van der Meer 
included the broader working-age population.

This brief comparison illustrates the wide range of methodological decisions, concerning spatial 
units, poverty definitions, populations studied, and modelling strategies, that complicate meaning
ful comparison across studies. Understanding how each of these variations may introduce bias or 
reflect different underlying causal mechanisms is essential to building a more cumulative and 
coherent body of evidence on neighbourhood effects.

2.3. Four potentially important parameters

To explore the effect of PUCC, we consider four potentially significant parameters: the dimensions 
of poverty, the reference groups, the level of the poverty line and the summary statistics employed in 
the aggregation of data.
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2.3.1. Socio-economic dimensions
Studies investigating neighbourhood effects have considered poverty through diverse socioeco
nomic dimensions (e.g. income, housing, education, and labour market participation). This plur
ality of indicators can be, at least in part, explained by the numerous outcome variables that 
have been investigated, the wide array of ways in which contexts can impact individuals (recall Gal
ster (2012) and the 15 mechanisms), as well as the multidimensionality of poverty (Cantillon 2011; 
Kakwani and Silber 2008). The latter is based on the idea that the different dimensions of inequal
ities can complement and reinforce each other. However, even though they are all positively corre
lated – increases in one dimension of poverty are often associated with increases elsewhere – they 
can reflect different concepts and measures.

Some socio-economic dimensions may better reflect some mechanisms of the neighbourhood 
effect than others. As an example, income-based contextual poverty indicators may be more appro
priate to estimate network effects compared to education-based indicators, given that they measure 
economic resources specifically and information (e.g. on well-paid job opportunities) accessible via 
ties with neighbours (e.g. recommendation; Burt 2004; Granovetter 1973; Lin 2008). In contrast, we 
can expect the significance of the education level of neighbours to be more suited for measuring 
social contagion and collective socialization, processes through which behaviours and attitudes 
spread through social networks and interactions or via role models and community norms (e.g. rec
ommendation; Galster 2012). However, those two mechanisms are more relevant before adulthood 
and appear after a longer exposure.

2.3.2. Conception of poverty and reference groups
A key consideration when we construct an income-based contextual poverty indicator is whether it 
should measure an absolute or a relative conception of poverty. In other words, should the poverty 
line be set based on an income distribution or a consumer price index. However, the absolute 
approach is rarely employed in the literature analysing developed countries. Poverty is generally 
considered a relative notion as it is contingent on the general level of prosperity in a country or 
population group at a given time (Atkinson et al. 2002; Cantillon 2011). This view is explicit, for 
instance, in Townsend’s definition of poverty: the resources of economically deprived individuals 
are ‘so seriously below those commanded by the average individual or family that they are, in 
effect, excluded from ordinary patterns, customs and activities’ (Townsend 1979, 31).

Assuming that poverty is relative, a crucial question remains: what is the most appropriate refer
ence group to evaluate an individual’s position? One common method is to set the poverty line rela
tive to the national income distribution. However, using local poverty lines may more appropriately 
estimate poverty than using a national one (see for example Jesuit, Rainwater, and Smeeding (2002) 
and Ayala, Jurado, and Pérez-Mayo (2014)), as it would better approximate the local living stan
dards and the conditions faced during daily lives. This is far from a trivial issue, as these two 
approaches measure fundamentally different forms of inequality. Studies employing national pov
erty lines better reflect inequalities between localities rather than the inequalities within them. 
Depending on the degree of inequalities between municipalities, we might not detect poverty in 
wealthier cities with a national poverty line, even though some people might be relatively poor 
locally. If we therefore consider that regional labour market effects are not conceptually part of 
neighbourhood effects but merely a confounding factor, using an income-poverty indicator 
based on the municipal income distribution might be favoured over one based on a national one.

2.3.3. Poverty thresholds
After selecting a reference group, we need to set the poverty line within the income distribution. 
Studies that explore neighbourhood effects using an income poverty indicator have employed a 
wide variety of poverty lines (e.g. set at x% of the median income, an income percentile, or 
using official nationally recognized poverty lines). This decision is critical and can have significant 
impacts on any subsequent study because it determines the intensity of poverty considered in the 
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analysis. Despite its importance, little is known about the effects of this choice. In theory, a poverty 
line that is too low can underestimate the existence of poor areas. At the same time, a poverty line 
that is too high would not reflect poverty, as it could include more affluent middle-class members. 
As Cantillon (2011) stresses, a poverty indicator should always relate to ‘severe economic hardship’ 
and ‘reflect what people need, given prevailing local patterns of living, in order to be able to par
ticipate minimally in social and economic life’ (21). However, in the case of neighbourhood 
effects, we still do not know what level of contextual poverty is most impactful for the individual 
(e.g. should we focus on the severe cases of poverty or use a more inclusive poverty indicator?).

To address this, we compare two commonly used poverty thresholds: 40% and 60% of the 
median income. The 60% threshold is widely used in European poverty research and is considered 
the standard for identifying individuals at risk of poverty (Goedemé and Rottiers 2011). The 40% 
threshold, however, is frequently used in neighbourhood effects studies in the Netherlands (Milten
burg and Van Der Meer 2018; Petrović, Manley, and Van Ham 2022; Petrović, van Ham, and Man
ley 2022). The rationale behind this choice is that this lower threshold better captures severe 
material deprivation due to the prosperity of the Netherlands. This choice can have significant con
sequences on the evaluation of poverty as the share of the Dutch population classified as poor drops 
from 13.3% under the 60% threshold to just 3.3% under the 40% threshold (Eurostat). Thus, the 
lower threshold identifies only a small, highly deprived segment of the population. It remains an 
open question whether the choice of threshold generates stronger or weaker neighbourhood 
effects. It may be that different poverty thresholds correspond to qualitatively distinct neighbour
hood phenomena.

2.3.4. Summary statistics
The choices above relate to the imposition of thresholds and comparisons. However, the contextual 
poverty effect estimation may also be impacted by the choice of summary statistics used to aggregate 
data. Although the share of low-income individuals is commonly used in the neighbourhood effect 
literature, other poverty indicators with distinct properties have also been considered outside of this 
academic debate and might be worth applying to neighbourhood effect analyses. For instance, there 
are distribution-sensitive indicators, such as the Watts index1 (Watts 1969), which aims at provid
ing a more comprehensive view of poverty by considering the severity of poverty and the inequality 
within the low-income group. For instance, any rise in income among the low-income population 
would result in a drop in the Watts index (Monotonicity axiom). The Watts index also penalizes 
inequality within the low-income group by giving greater weight to the poorest individuals. A trans
fer of income from a deprived individual to an even poorer one, should lead to a decrease in the 
Watts index (transfer axiom). Additionally, this distribution sensitivity indicator has been recog
nized to meet several other criteria for a good poverty indicator, including its scale invariance, 
translation invariance, and normalization (Ravallion, 2015; Zheng 1993). Nonetheless, it is essential 
to note that the improved properties of the Watts index come at the cost of its interpretability. In 
contrast, the poverty rate is a relatively ‘crude’ indicator of poverty, as it is insensitive to any vari
ation in income below the poverty line (Sen 1976). When it comes to properties mentioned above, 
the poverty rate only satisfies the scale invariance and normalization axioms (Ravallion, 2015; 
Zheng 1993). We can, therefore, assume that the selection of a summary statistic will result in differ
ent regression outcomes, as these two aggregation methods (indices of relative deprivation such as 
the Watts index, and poverty rates) have very different properties and reflect different conceptions 
of contextual poverty.

3. Data

To assess the potential impact of the PUCC on modelling neighbourhood effects, we employ indi
vidual-level longitudinal register data covering all individuals aged 25 to 65 who resided in the 
Netherlands from 2011 to 2020. These data allow us to follow individuals across nine annual 
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observations, with a one-year time lag between neighbourhood exposure and individual income 
outcome. In addition to these criteria, we exclude observations for individuals who are unemployed 
or economically inactive (e.g. students, early retirees, or long-term sick or disabled), even if they 
may receive some income from work as a secondary source, as our focus is on income derived 
from active employment. This data, provided by Statistics Netherlands (CBS; see Bakker, Van Rooi
jen, and Van Toor (2014)), includes a wide range of socio-economic information, such as personal 
and household income, education, employment status, and demographic characteristics. It also pro
vides detailed residential location data, with resolutions of 100 m by 100 m and 500 m by 500 m 
grids. This comprehensive dataset allows us to compare a broad set of indicators, which are typically 
limited by data availability, and analyse their effects on the entire population. However, it is impor
tant to acknowledge the potential selection bias, particularly due to missing data on education 
levels, which particularly affects older individuals and first-generation migrants (see descriptive 
statistics in Annex 3.1, available in the Online Supplementary Material). Regarding the residential 
context definition, we used the national spatial grid system (100 m by 100 m and 500 m by 500 m 
grids) instead of administrative boundaries as it offers standardized areas which can be scaled 
consistently.

Before introducing the contextual variables used in our analysis, we outline the broader econ
omic and spatial characteristics of the Netherlands. The Netherlands is an affluent and relatively 
egalitarian country. In 2020, its real GDP per capita was €46,810, notably higher than the EU-27 
average of €30,510 (Eurostat 2026). The Dutch welfare system is characterized by generous social 
assistance, public pensions, and income redistribution mechanisms. As a result, the Netherlands 
has one of the lowest levels of income inequality among OECD countries, with a Gini coefficient 
of 0.26 in 2020, compared to 0.3 for the EU-27 and 0.4 for the United States (World Bank 
2026). The country’s social model, including its large de-commodified social housing sector and 
policy interventions in disadvantaged neighbourhoods, has also been linked to relatively low levels 
of residential segregation (Musterd and Ostendorf 2013). For instance, empirical studies indicate 
that cities such as Amsterdam experience lower levels of economic segregation than many other 
European cities (Haandrikman et al. 2023; Musterd et al. 2017). Nonetheless, there is notable vari
ation across urban regions in the Netherlands. San Millán, Cottineau-Mugadza, and Van Ham 
(2025) report that Gini coefficients of Dutch urban regions can range from 0.2 to 0.4, and that 
ROITI segregation values vary from 0.03 in Gouda to 0.11 in Groningen. It should also be noted 
that Dutch cities have experienced a liberalization of the housing sector since the 1990s. This has 
led, among other things, to a reduction in the social housing stock in favour of owner-occupied 
and market-rate housing, a growing concentration of low-income households in social housing, 
and gentrification processes, especially in cities like Rotterdam (Custers and Willems 2024; Van 
Gent and Hochstenbach 2020).

A significant share of the population resides in the Randstad, a densely populated conurbation 
encompassing the four largest cities (Amsterdam, Rotterdam, The Hague, and Utrecht) as well as 
other urban centres such as Leiden, Haarlem, Dordrecht, and Amersfoort. Although the country’s 
small geographical size and high population density reduce the physical distance between urban 
and rural areas, regional income disparities persist. For example, North Holland, which includes 
Amsterdam and Haarlem, reported a GDP per capita of €70,285 in 2020, nearly double that of 
the northern province of Drenthe (€37,146). Despite these differences, regional economic dispar
ities in the Netherlands remain comparatively moderate within the European context (Muštra 
and Škrabić 2014).

In this study, we constructed twelve contextual variables and compared their effects on the indi
viduals’ annual income from work (see Figure 1, and Annexes 2 and 4 for more details available in 
the Online Supplementary Material). These independent variables are measured with a one-year 
time lag (at t-1) to account for the lagged effect of spatial context on individual income. We created 
these contextual variables by modifying three parameters: the summary statistic; the poverty line; 
and the reference group. For the first parameter, we selected the poverty rate, as it is the most 
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common measure of poverty in academia and public institutions. We compared this to the Watts 
index to explore whether employing a distribution-sensitive indicator would significantly impact 
the neighbourhood effect estimation. Finally, we tested different poverty lines by modifying the 
reference group and the poverty level. We evaluated the significance of the geographical scope of 
the reference group by setting the poverty lines relative to the national and local median incomes. 
We also assessed whether setting poverty lines at 40% or 60% of the median income impacts the 
regression outcomes. To compute these indicators, we use the individuals’ annual disposable house
hold income after taxes and transfers instead of their personal income from work, as it better 
reflects the purchasing power of the individuals. Additionally, the household income is standar
dized (based on the number of adults and children) to facilitate comparing households of different 
sizes and compositions.

To assess the potential impact of the PUCC on modelling neighbourhood effects, we use indi
viduals’ annual income from work (logged and adjusted for inflation) as the main outcome variable. 
This includes all sources of employment-related income.2 We retain individuals with zero work 
related income in the dataset, considering them valid observations, as excluding them would 

Figure 1. Construction of contextual poverty indicators.
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introduce substantial selection bias, since unemployment is a relevant dimension of neighbourhood 
labour market effects.3 As such, the study results can be interpreted as an upper-bound estimate of 
neighbourhood effects on income. Following the same reasoning, we exclude individuals who are 
economically inactive – such as students, retirees, or those on long-term sick leave or disability – by 
treating their work-related income as missing. These groups differ structurally in their labour mar
ket participation, and including them could obscure the estimation of neighbourhood effects. Nega
tive income values are also treated as missing since they are primarily reported by self-employed 
individuals experiencing business losses. According to the Centraal Planbureau (CPB), even 
among the top 1% of earners, some individuals report negative incomes due to temporary losses 
in specific years (Planbureau 2024).

In contrast, we use equivalized annual disposable household income for the contextual 
income-based poverty indicators (i.e. poverty rates), as it aligns with standard practices in pov
erty research and public institutions such as Eurostat (see At-risk-of-poverty rate) (Decancq 
et al. 2014; Goedemé and Rottiers 2011). This measure adjusts for household size and compo
sition, capturing the shared economic resources within a household and providing a more accu
rate reflection of an individual’s purchasing power and the risk of social exclusion and material 
deprivation.

Whilst a clear focus of much of the literature, income is not the only measure through which 
contextual poverty can be measured. We also used contextual data on other dimensions of 
socio-economic characteristics: labour market participation, access to social benefits and the 
level of education. We measured the first two aspects by calculating the unemployment rate and 
the share of social benefit recipients in the residential context. The unemployment rate reflects 
the proportion of unemployment benefit recipients in the active population, while the second indi
cator considers all individuals receiving social benefits (see Annexes 2 and 4, available in the Online 
Supplementary Material). To assess the education level of neighbours, we use two education 
thresholds as we do for the income-based indicators. We calculate the proportion of individuals 
without an upper secondary or a tertiary education degree. This study also controls for various 
socio-economic factors, including an individual’s age, gender, country of origin, education level, 
and the urban region in which they reside (see Annex 1 and 4, available in the Online Supplemen
tary Material).

We included controls for the individual’s age (and age squared), education level, household type, 
and urban region (more explanation in Annex 1, available in the Online Supplementary Material). 
These variables are well-known confounding factors in neighbourhood effect studies, as they can 
influence both individual mobility patterns and income levels. Dummy variables for the urban 
region of residence are added to control for regional economic effects. Additionally, as further 
explained below, this study controls for the effect of time-invariant factors by employing within- 
fixed effect specifications.

4. Method

To assess the PUCC, we undertake a systematic analysis assessing the relationship of each poverty 
indicator with income separately through regression models while keeping all other factors con
stant. Given that the main objective of this study is to explore potential biases originating from 
the operationalization of contextual poverty in neighbourhood effect research, we employ the 
widely applied within-individual fixed-effects specification. This method isolates the impact of 
changes in neighbourhood context on changes in an individual’s income over time. In this sense, 
the estimated coefficients reflect to what extent a shift in exposure to contextual poverty – either 
through residential mobility or changes in neighbourhood socio-economic composition – is associ
ated with an income change for the same individual. This method minimizes potential unobserved 
heterogeneity and omitted variables biases. Consequently, the time-invariant variables, i.e. the indi
vidual’s gender, and country of origin, are omitted from these models. A drawback of this method is 

10 J. FRANCISCO CONCEICAO ET AL.



that it restricts our analysis to within-individual variations, causing us to lose part of the relation
ship being studied. However, this limitation does not prevent the study from exploring the vari
ations in the neighbourhood effect estimation originating from the operationalization of 
contextual poverty.

The structure of these fixed effect models is presented in the following equation:

(Yi,t0 − Y̅i)= b0+b1(Contextual Povertyi, t− 1 − contextual Povertyi)+ b2(Agei,t0 − Agei)

+ b3(Age2
i,t0 − Age2

i ) + b4(Education:Mediumi,t0 − Education:Mediumi)

+ b5(Education: Highi,t0 − Education: Highi)+ b6(Household Type: Single Parenti,t0

− Household Type: Single Parenti)

+ b7(Household Type: Couple without childi,t0 − Household Type: Couple without childi)

+ b8(Household Type: Couple with childi,t0 − Household Type: Couple with childi)

+ b9(Household Type: Otheri,t0 − Household Type: Otheri)+ b10(Urban Region:Rotterdam i,t− 1

− Urban Region:Rotterdami)

+ b11(Urban Region:The Haguei,t− 1 − Urban Region:The Haguei)

+ b12(Urban Region:Utrechti, t− 1 − Urban Region:Utrechti)
+ (ei,t0 − e̅i) 

where Y is the individual income from work, the βs (from β1 to β12) are the beta coefficients and 
(ei,t0 − e̅i) is the error term. Depending on the model, the beta coefficient for the contextual poverty 
(β1) is standardized to facilitate the comparison between the different indicators. The contextual 
poverty indicator and the number of urban regions selected vary across models.

We applied the same regression modelling approach to three different geographies. First, we 
assessed the neighbourhood effect in the four largest urban regions4 of the Netherlands (Amsterdam, 
Rotterdam, The Hague, and Utrecht). Second, we enlarged the scope of the analysis to the eight urban 
regions composing the Randstad conurbation, which also include Leiden, Haarlem, Dordrecht, and 
Amersfoort. Finally, we examined this contextual effect for the whole of the Netherlands. This enabled 
us to assess the impact of another source of bias on PUCC. The geographic selection of a sample may 
lead to an underestimation of the neighbourhood effect by including the rural areas, as it might only 
be an urban phenomenon. Moreover, the impact of contextual poverty could work at a different 
spatial scale and different extent in rural and urban areas. This could relate to different sizes of neigh
bourhoods and population density, as well as different transportation means through which individ
uals move through urban and rural spaces. Yet, the literature often limits the geographical scope of the 
study to a few core agglomerations. This can also generate important selection biases by over-repre
senting the less mobile individuals (the analysis omits any individual who moved out of the area 
during the timeframe studied). Finally, to account for possible biases originating from the selection 
of a geographical scale (MAUP), the study examined two spatial contexts, one measuring 100m- 
by-100 m and the other 500m-by-500 m. Previous research has shown that the strongest neighbour
hood effect is found within this range (Petrović, van Ham, and Manley 2022).

5. Results

Figure 2 shows the regression outcomes regarding the relationships between the twelve contextual 
poverty indicators and the individual’s income one year later (summary table in Annex 5, available 
in the Online Supplementary Material).5 It summarizes the results of seventy-two fixed effect 
models within which we vary the following: the operationalization of poverty, the spatial scale, 
and the area studied. Only the estimates relating to the relationships between the contextual poverty 
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Figure 2. Regression outcomes regarding the effect of contextual poverty indicators on the individual’s income from work.
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indicator and income are reported.6 To make the comparison of the different models possible, we 
standardized the beta coefficients, because each contextual variable has different units and distri
bution. This standardization is achieved by rescaling the contextual variables based on their stan
dard deviation (one unit is equal to one standard deviation). The previous intermediate step of the 
analysis employed unstandardized beta coefficients, which are shown in Annexes 6 and 7 (available 
in the Online Supplementary Material). In the forest plot (Figure 2), each grey row corresponds to 
one poverty indicator and displays the results for the three areas studied (the Netherlands, Rand
stad, four largest urban regions). In addition, a colour code is applied to distinguish the regression 
results using different residential context scales i.e. 100 m (dark orange) and 500 m grid cells (blue).

As shown in Annex 5 (available in the Online Supplementary Material), although the beta coeffi
cients vary depending on the study design (i.e. how poverty is operationalized, the neighbourhood 
scale, and the geographic scope of the analysis), the overall R² remains unchanged at 0.839, and the 
within-unit R² varies only slightly, from 0.008 to 0.010. This suggests that the explanatory power of 
the model as a whole including the variation explained within units (the individual level) remains 
largely stable across different model specifications.

5.1. Variation across contextual poverty indicators

When we focus on the results of the regression models for the four largest urban regions, the immedi
ate residential context (100m-by-100 m grid cells), we notice that the percentage of social benefit reci
pients in the residential context has the highest standardized beta coefficient among the contextual 
variables (β = −0.120 and 95% CI: −0.124, −0.115). This coefficient indicates that an increase of 
one standard deviation in the percentage of social benefit recipients (SD = 13.24%) is associated 
with an 11.3%7 decrease in the individual’s income from work one year later, holding all other vari
ables constant. In contrast, the Watts indexes with a poverty line set at 40% of national or municipal 
median income show the weakest relationship with the dependent variable. The regression outcomes 
suggest that a one-standard-deviation rise in one of these three indicators is associated with a drop in 
annual income of around 1%, as their βs of −0.010 and −0.009. Z-tests8 reveal that the gap between 
these three beta coefficients is statistically insignificant (−1.96 < Z < 1.96) (see Clogg, Petkova, and 
Haritou 1995; Paternoster et al. 1998). Hence, for the set of models focusing on the four largest cities 
and analysing the smallest residential scale (100m-by-100 m), we observe that the effect of the percen
tage of social benefit recipients is around 12 times greater than that of the Watts indexes using 40% of 
the (national or municipal) median income as a poverty threshold.

However, this range varies with the geographical scope and scale of the residential context 
selected. For instance, when we consider the whole of The Netherlands, the variation in results 
across contextual variables is even wider. The relationship between the percentage of social 
benefit recipients and individual income from work (β = −0.124) is 20 times stronger than the 
one with the percentage of individuals without an upper secondary education degree (β =  
−0.006, and 95% CI: −0.008, −0.004) (Z = −113.844). We also notice a slightly stronger gap in 
models analysing the larger residential context. More importantly, we observe notable variation 
in regression outcome regarding the unemployment rate and the share of social benefit. For 
instance, when we employ the 500m-by-500 m grid cells as context and the residents of the four 
urban regions as sample, the association between the percentage of social benefit recipients and 
income weakens to a β = −0.085 (95% CI: −0.089, −0.080), while the relationship between the 
unemployment rate and income increases and becomes the strongest association at this contextual 
scale, with a β of −0.106 (95% CI: −0.124, −0.115). The relationship is 15 times stronger than the 
weakest association, i.e. the Watts index using 40% of municipal median income as a poverty line 
with a β of −0.007 (Z = −58.574). These variations across the geographical scope and residential 
context are further discussed below.

The other contextual variables have varying degrees of association with income, falling within 
the range of these extremes. For instance, coming back to regression models regarding the four 
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largest urban regions and 100m-by-100 m referential context, the unemployment rate has the 
second strongest negative relationship with the individual’s income. This is evidenced by a standar
dized beta coefficient of −0.082 (95% CI: −0.084, 0.080). It means that an increase in this poverty 
rate of one SD is correlated with a decrease of 8.2% in annual income for an average individual. It is 
followed by the poverty rate using 60% of the national median income displays a beta coefficient of 
−0.045 (95% CI: 0.049, −0.041). The share of neighbours without upper-secondary education 
degree and the poverty rate using 60% municipal median income comes are next, with a respective 
β of −0.026 and −0.027 (the difference between these values is statistically insignificant: Z = 0.539). 
In other words, a one SD rise in these two indicators is associated with around a 2.6% decrease in 
income. Then, the poverty rate using 60% municipal median income and two poverty rates based on 
40% of the national and municipal median incomes show the weakest associations with income, as 
they have a respective β of −0.017 (95% CI: −0.020, −0.015) and −0.015 (95% CI: −0.017, −0.012). 
It means that a one-SD increase of each poverty rate in the residential context is associated with a 
respective loss of 1.7% and 1.5% of individual income. However, the difference between these βs is 
statistically insignificant (Z = −1.537).

The analysis of the Watts indexes reveals a comparable trend to the poverty rates. Yet, the indi
vidual’s income has a less pronounced negative association with the Watts indexes than with the 
poverty rates based on identical poverty thresholds. The Watts index with a poverty line set at 
60% of the national median income has the strongest relationship with income, with a value of 
−0.018 (95% CI: −0.021, −0.016). It indicates that a one-SD (=0.08) rise in the Watts index is 
associated with −1.8% loss in an average annual income. Meanwhile, the Watts index based on 
60% of municipal median income has a slightly weaker association with a β of −0.014 (95% CI: 
−0.017, −0.012) – which is statistically different from the β of the first indicator (Z = −2.178). 
For a one-SD (=0.08) increase in this index, we would, therefore, expect the individual’s annual 
income to reduce by 1.4%. Lastly, as mentioned above, the two indexes that use poverty thresholds 
set at 40% of the national or municipal median incomes have beta coefficients of −0.010 (with a 95% 
CI of −0.012 to −0.008) and −0.009 (with a 95% CI of −0.011 to −0.007) – these are significantly 
weaker than the β of the second Watts index (with respective Z-values of 2.467, and 3.046).

The relationship between the education-based poverty indicators and the individual income 
from work depends significantly on the education threshold selected. While the share of individuals 
without a tertiary education degree is among the indicators with relatively weak estimates (β of 
−0.012 and 95% CI: −0.016, −0.007), the relationship between the share of individuals without 
an upper secondary education level and the individual’s income is more than twice as strong (β  
= −0.027, and 95% CI: −0.032, −0.023). Based on these results, we expect the annual income of 
an average individual to decrease by 1.2% and 2.7% for every SD increase in these contextual indi
cators (with a respective SD of 23.83 and 17.83).

5.2. Variations across spatial contexts

The relationship between an individual’s income from work and the contextual poverty indicators 
can vary with the scale of the residential context. This is particularly true when it comes to the per
centage of social benefit recipients. As we increase the residential scale to a 500m-by-500 m cell, the 
effect of the negative relationship reduces by around a third, i.e. from a β of −0.120 (95% CI: −0.124, 
−0.115) to a β of −0.085 (95% CI: −0.089, −0.080) (Z = −10.786). We can notice a similar pattern 
for the poverty rate using 60% of the national and municipal median incomes as poverty lines. The 
standardized beta coefficient for the poverty rate based on the national bounds drops from −0.045 
(95% CI: −0.049, −0.041) to −0.028 (95% CI: −0.033, −0.024) when we increase the size of the resi
dential context (Z = −5.304). This represents a 40% decrease in the strength of the association. 
Regarding the poverty rate based on the municipal medians, its negative relationship with income 
weakens by 65.4% in the model using the 500m-by-500 m cell grid cells, i.e. from −0.026 (95% CI: 
−0.029, −0.022) to β = −0.009 (95% CI: −0.013, −0.005) (Z = −6.13). In contrast, the 

14 J. FRANCISCO CONCEICAO ET AL.



unemployment rate is the only indicator with an estimate that is stronger when we study the larger 
residential context (500m-by-500 m). With a standardized beta coefficient of 0.106 (95% CI: 
−0.108, −0.104), its association becomes even stronger than for the percentage of social benefit reci
pients (Z = 15.535). In this specific setting (using the 500m-by-500 m grid cells and focusing on the 
four urban regions), its beta coefficient is even lower than the one corresponding to the share of 
social benefit recipients (Z = −8.013). Apart from those cases, the other variables remain constant 
or only slightly vary when we modify the size of the residential context (when we focus on the four 
urban regions). For example, the variation in β for the Watts index using 40% national income is 
insignificant, as indicated by a Z-value of −1.135.

5.3. Variations across geographical scopes

There are variations in the contextual effect estimation across the three areas studied (i.e. the four 
urban regions, the Randstad conurbation, and the Netherlands) when analysing the regression 
results for the smaller residential contexts (100 m by 100 m). However, in comparison to the differ
ences explored so far, these are less prominent than those generated by selecting a contextual pov
erty indicator or the scale of the residential context. For instance, the negative association between 
the percentage of social benefit recipients and individual income strengthens varies slightly as the 
geographic scope of the study expands. The beta coefficient is −0.120 (95% CI: −0.124, −0.115) in 
regression models focusing on the four largest urban regions, and slightly improves to −0.113 (95% 
CI: −0.117, −0.109) when considering the entire Randstad conurbation. However, the estimate 
drops again to −0.124 (95% CI: −0.126, −0.122) at the national level, which is statistically indistin
guishable from the result for the four largest cities (Z = 1.593).

In addition, the beta coefficients for the percentage of unemployed individuals and most income- 
based indicators vary by around the same degree (by around 5% to 20%) when we expand the geo
graphical scope of the analysis from the four urban regions to the whole Dutch territory. For 
example, the negative relationship between the unemployment rate and income strengthens by 
4.9%; its β decreases from −0.082 to −0.086, with a Z-value of 3.521. Similarly, all Watts indexes 
– except the one using 60% of the national median income as the poverty line – as well as the pov
erty rate based on the municipal median income, also show a minor but statistically significant 
strengthening of their negative association with income. For instance, the beta coefficient for the 
Watts index with a poverty line set at 60% of the municipal median income declines from 
−0.014 to −0.019 (Z = 2.828). The estimate for the poverty rate calculated using municipal poverty 
lines (set at 60% of the median income) shows the strongest variation. We observe a 26.9% increase 
in its β, from −0.026 (95% CI: −0.029, −0.022) to −0.033 (95% CI: −0.035, −0.031) (Z = 3.428). The 
other income-based poverty indicators remain unchanged when varying the geographical scope of 
the analysis (−1.96 < Z < 1.96).

The regression outcomes also reveal that the negative association between the individual’s 
income and the poverty indicators based on education gradually weakens as the geographical 
scope of the analysis expands. To illustrate this, the beta coefficient measuring the relationship 
between the percentage of individuals without an upper secondary education degree and income 
increase from −0.027 (95% CI: −0.032, −0.023) to −0.011 (95% CI: 0.013, −0.009), which rep
resents a 59% drop of this negative relationship (Z = −6.704). Likewise, the negative association 
between income and the proportion of individuals without a tertiary education level decreases 
from a β of −0.012 (95% CI: −0.016, −0.015) to a β of −0.006 (95% CI: −0.008, −0.004), with a 
Z-value of −2.237. The strength of the negative association is reduced by 50%.

5.4. Variations across geographical scopes and spatial contexts

When we compare the results of the regression models analysing the 500m-by-500 m contexts to 
those utilizing the smallest neighbourhoods (100m-by-100 m), we notice slight differences in the 
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variations of the estimated contextual effect across the different study areas. The most notable 
change concerns the unemployment rate. The modelling outcomes concerning the smaller residen
tial context show that the negative relationship between the unemployment rate and individual 
income becomes 4.9% stronger when we study the Dutch territory instead of the four urban regions 
(its β drops from −0.082 to −0.086, with a Z-value of 3.521). However, in models investigating the 
larger residential context, we observe a gradual weakening of this relationship as the study’s geo
graphical scope increases. While it has a beta coefficient of −0.106 (95% CI: −0.108, −0.104) in 
the models focusing on the four largest cities, it increases progressively to −0.081 (95% CI: −0.082, 
−0.080) at the national level. This equates to a 23.6% weakening of this negative association (Z =  
−18.609). We notice a similar but fainter trend for the Watts indexes. Among them, the index 
using 60% of the national median income as the poverty line shows the most substantial variation 
in its association with income. When considering the 100m-by-100 m residential context, the negative 
relationship between this indicator and income remains stable across models using different geo
graphical scope (Z = −0.129). In the models analysing the larger contexts, it weakens by 20% when 
we broaden the area studied to the entire Dutch territory (from β = −0.015 to β = −0.012, with a 
Z = −2.733). In comparison, the regression results regarding the poverty rates do not show any 
clear divergence in outcomes when comparing models using different residential contexts.

Regarding the share of individuals without an upper secondary education degree, the models 
analysing the 500-m-by-500-m residential contexts show similar results to those considering the 
100m-by-100-m grid cells. Its negative relationship with income weakens when the study’s geo
graphical scope increases from the four largest cities to the whole country. The beta coefficient 
rises from −0.046 (95% CI: −0.04, −0.029) to −0.020 (95% CI: −0.024, −0.019), which represents 
a decrease in the relationship’s strength of 56% (Z = −9.101). We also observe slight variation for 
the share of individuals without a tertiary education degree. In models analysing the smaller resi
dential contexts, the negative relationship weakens by 56.5%, from a beta coefficient of −0.012 (95% 
CI: −0.016, −0.007) to −0.006 (95% CI: −0.008, −0.004) (Z = −2.237). This difference drops to 
−32%, from −0.025 (95% CI: −0.030, −0.0) to −0.017 (95% CI: −0.019, −0.015), in the models con
sidering the 500m-by-500 m residential contexts (Z = −2.605).

6. Discussion

6.1. Effect of selecting a contextual poverty measure

The results of this study highlight the influence of researcher choices in terms of the wide range of 
potential contextual poverty measurements on the neighbourhood effect estimation – an issue we 
have termed the Problem of Uncertain Contextual Characteristic (PUCC). PUCC captures a con
ceptual and methodological challenge that goes beyond mere technical variation: it reflects funda
mental uncertainty about which mechanisms are driving neighbourhood effects and how to 
measure their aggregated effect. To investigate this problem, we focused on the effect of neighbour
hood poverty on individuals’ income. Put simply, the choice around the operationalization of con
textual poverty introduces more variation in the results than either the spatial scale or geographical 
extent of the analysis – often the focus of research in this field. Of the measures used, the percentage 
of social benefit recipients and the unemployment rate in the residential context have the strongest 
negative relationship with the individual’s income from work, with associations up to 20 times 
stronger than for other measures. This underlines the importance of the operationalization of pov
erty in estimating neighbourhood effect.

The fact that the strongest estimates are found for the share of social benefit recipients and the 
unemployed could be attributed to the stronger conceptual alignment between these indicators and 
labour market outcomes. These indicators reflect more sustained forms of labour market exclu
sion,9 making them more directly relevant for grasping cumulative disadvantages in neighbour
hoods. This is especially true for the percentage of social benefit recipients, which includes not 
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only the unemployed but also individuals on long-term assistance. This group typically experiences 
multiple and compounding deprivations, such as long-term unemployment, minimal income from 
social assistance, and the absence of savings or assets. Social assistance benefits are available only to 
those without sufficient income, capital or other provisions (e.g. unemployment benefit), making 
them a clear marker of severe economic hardship. These deeper forms of deprivation likely amplify 
neighbourhood effect mechanisms, such as socialization, network effect, and stigmatization.

We found similar patterns for the education-based contextual variables. The share of neighbours 
without an upper secondary education degree has a stronger negative association with individual 
income than the share of those without a tertiary education degree. This reflects the more important 
role of secondary education for accessing the labour market. In the Netherlands, like in most Wes
tern economies, completing upper secondary education has become a minimum threshold for 
stable employment. A high concentration of individuals lacking this qualification may therefore sig
nal deeply rooted disadvantages. By contrast, the absence of tertiary education may be less conse
quential for the individuals. That said, the analysis of education-based indicators has limitations, 
which reduce their comparability to other context indicators. The higher share of missing values, 
especially for older individuals or first-generation migrants, may lead to an underestimation of 
the proportion of lower-educated residents in disadvantaged areas. As a result, it could reduce 
the strength of the relationship between education-based contextual variables and individual 
income.

The weaker relationships observed for income-based contextual poverty indicators may reflect 
the limitations of relying solely on income to define poverty. While such measures are commonly 
used in neighbourhood effects research, this approach might oversimplify poverty as a one-dimen
sional phenomenon. Focusing exclusively on income can misclassify households that have low 
income but also other resources shielding them from poverty (e.g. homeownership). It could 
also be that neighbourhood effect is more a matter of labour market integration than purchasing 
power. If so, calculating poverty based on the household unit and correcting for the household com
position might introduce confounding factors in the modelling of neighbourhood effect. This could 
potentially reduce the sensitivity of income-based indicators to the broader mechanisms driving 
neighbourhood effects.

Yet we must be cautious in interpreting these results as evidence that neighbourhood effects are 
exclusively linked to severe material deprivation. One might expect a lower poverty threshold to 
yield stronger effects, given it reveals more extreme poverty. However, our results show the oppo
site. The standardized regression outcomes indicate that poverty indicators using the higher 
threshold (60% of median income) have stronger association with individual income than those 
using the lower threshold (40%). We conclude, therefore, that using a 40% threshold is too restric
tive, excluding individuals who experience relative disadvantage, even if not in extreme poverty. By 
definition this intermediary group represents a significantly larger share of the Dutch population 
than those falling below the 40% line, as evidenced by the average poverty rates (see Annex 3, avail
able in the Online Supplementary Material).

The results also support the assumption that the summary statistics selection can influence the 
neighbourhood effect estimation in terms of intensity, as the Watts indexes show lower coefficients 
than those using poverty rates. However, this does not mean that the poverty rate has a higher 
impact on income than the Watts index, as these results could be due to the binary nature of the 
poverty rate leading to an overestimation of the neighbourhood effect. Contrary to the poverty 
rate, the Watts index provides a clearer picture of contextual poverty by considering the severity 
of deprivation and inequality within the low-income group (Ravallion, 2015; Zheng 1993, 2002).

This analysis also explored whether setting the poverty line at national or municipal levels influ
ences the estimation of the contextual poverty effect. Here, we found minor variations in beta coeffi
cients. For instance, the standardized beta coefficients for the poverty rates and the Watts indexes 
using 60% of the median income slightly decrease when we set the poverty line at the municipal 
level. This could be because part of the estimated neighbourhood effect is attributed to regional 
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economic disparities instead of the local inequality patterns, as argued by Jesuit, Rainwater, and 
Smeeding (2002) and Ayala, Jurado, and Pérez-Mayo (2014). However, we do not find any statisti
cally significant variations in the beta coefficient of the Watts indexes using 40% of the median 
income when varying the reference group.

6.2. Relationships between contextual measures, neighbourhood scale, and studied 
geographies

These findings also indicate that the strength of each relationship between the contextual poverty 
indicators and individual income is sensitive to study design. This is a central insight captured by 
the PUCC: the significance of each mechanism behind the aggregated neighbourhood effect may 
vary depending on the study design and the relevance of the contextual measures to measure 
this aggregated effect will vary with them. As a result, comparing findings across studies (each 
using different indicators, spatial scales, or populations) is far from straightforward and can lead 
to diverging conclusions regarding the size of neighbourhood effects.

This study shows that the estimation of the contextual poverty effect highly varies with the 
scale of the residential context for some poverty indicators. These results confirm the importance 
of the scale effect from the MAUP. More importantly, they also reveal an interaction between the 
MAUP and PUCC, suggesting that spatial scale and the operationalization of the poverty measure 
jointly influence the estimation of neighbourhood effects. For instance, the regression models 
using the 100m-by-100 m grid cells as the residential context show a stronger relationship 
between the percentage of social benefit recipients and the individual’s income from work than 
those using the 500m-by-500 m grid cells. We see the opposite pattern for the unemployment 
rate when we focus on the largest urban regions and the Randstad conurbation. As a result, we 
observe that the share of social benefit always has a stronger relationship with income than the 
unemployment rate at the smallest residential context scale (100m-by-100 m), and this is reversed 
at the largest scale (500m-by-500 m) for the largest urban regions and the Randstad conurbation. 
These outcomes support our prior assumption that each poverty indicator can correspond to 
different causal mechanisms, which can occur at different contextual scales as highlighted by Pet
rović, Manley, and Van Ham (2020). Our results also draw attention to the need to further inves
tigate the nature of the relationship between different forms of poverty and neighbourhood effect 
mechanisms. Even though we observe evidence of this heterogeneity, our understanding of the 
specific causal pathways and their interplay with different forms of poverty and contextual scales 
remains limited.

Surprisingly, we observed little variation across models using different geographical extents. 
This indicates that the neighbourhood effect exists beyond the urban reaches and is also relevant 
for less densely inhabited areas in the Netherlands. We also initially expected that the neighbour
hood effect would operate at a larger spatial scale and manifest differently in rural areas compared 
to urban ones, due to factors such as lower population density and differences in transportation 
means. Additionally, we considered that the sample with narrower geographic extent, focusing on 
highly urbanized areas, may overestimate the neighbourhood effect by over-representing poorer, 
less mobile individuals. However, the results across the contextual variables and residential scales 
do not support these hypotheses. One notable exception is the unemployment rate at the 100m- 
by-100 m scale, where the strength of the association decreases when the analysis is expanded to 
the national level. This may point to regional differences in how unemployment is spatially con
centrated, though this pattern was not observed across other indicators. While these assumptions 
cannot be definitively dismissed, further research is necessary to explore them in greater detail. 
Moreover, caution is warranted when generalizing these findings, as countries with lower 
population densities may experience a more pronounced rural-urban divide than the 
Netherlands.

18 J. FRANCISCO CONCEICAO ET AL.



7. Conclusion

This study examined the sensitivity of neighbourhood effect estimates to the operationalization of 
contextual poverty, an overlooked yet potentially critical source of estimation variation. We argue 
that greater attention to this issue is essential for comparing empirical findings between studies, 
understanding what is truly being measured by neighbourhood effects estimates, and improving 
methodological approaches in the field. Our systematic analysis showed that the choice of contex
tual poverty measure significantly influences estimated effects, with the operationalization of pov
erty introducing more variation than either the scale of the residential context or the geographical 
extent of the study.

To conceptualize this challenge, we introduced the PUCC, which highlights the uncertainty that 
surrounds what is really being measured behind the neighbourhood effect and how it is represented 
through the construction of contextual variables such as poverty. This issue, inherent to all neigh
bourhood effects studies, can lead researchers to make arbitrary decisions when operationalizing 
contextual poverty, which in turn can result in estimation biases.

This uncertainty originates from the fact that different poverty measures can correspond to dis
tinct social and economic realities and, since neighbourhood effects are produced by multiple 
underlying mechanisms, each may be more accurately represented by a different indicator. The 
challenge lies in identifying which indicators best reflect specific mechanisms (or a meaningful 
combination of them) and in determining how significant those mechanisms are within the aggre
gated neighbourhood effect. Adding to the complexity, the significance of each causal pathway will 
vary depending on the study design.

In this regard, our findings highlight that the PUCC does not operate in isolation. It interacts with 
other well-known sources of variation, such as the MAUP. Since the relevance of particular mechan
isms can shift with the spatial scale considered, the effectiveness of any given poverty measure may also 
vary accordingly. In this way, the PUCC complements the MAUP in explaining how the measurement 
of contextual characteristics affects both estimation and interpretation of neighbourhood effects.

While this study brings attention to a largely underexplored dimension of neighbourhood effects 
research, it remains exploratory. Further work is needed to clarify the relationships between specific 
neighbourhood effect mechanisms and the various contextual indicators assessed in this analysis, 
and to examine how the PUCC interacts with other design choices, including population charac
teristics and the duration of exposure. Although we focused on income from work – one of the 
most commonly studied outcomes in the neighbourhood effects literature, and well suited to illus
trating the implications of the PUCC – the uncertainty surrounding the operationalization of con
text is likely to extend to other outcomes, such as educational attainment or health. While patterns 
of variation may differ, the underlying issue is essentially the same: the PUCC. Future research 
should continue to illuminate this problem in order to better understand how this source of esti
mation variation influences the modelling of different individual outcomes.

Notes
1. The Watts index is computed as follows: W =

􏽐 ln(z) − ln(Yi)
N

=
1
N
􏽘

ln
z

Yi

􏼐 􏼑
, ∀Yi , z. Here, z is the pov

erty line, Yi is the individual’s disposable household income, and N is the number of individuals in the area.
2. It includes the wage of an employee, the salary of a civil servant, the salary and other for directors, the wage in 

kind, the income from other works, reimbursed Zorgverzekeringswet Premium, and the income from an indi
vidual’s own business.

3. To keep these null income values when applying the log transformation, we converse them into 1.
4. According to CBS, an urban region (in Dutch, ‘Stadsgewest’) consists of a metropolitan agglomeration and its 

surrounding area with smaller centres (towns, villages, hamlets). Two criteria have been used to assign the 
surrounding areas to each agglomeration, namely: the commuter flows and moves within and between muni
cipalities. We deliberately included city peripheries because they are part of the city’s sphere of influence and 
to maintain consistency with approaches commonly found in the literature.
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5. We conducted robustness checks concerning the inclusion of education level as a control variable, as potential 
selection bias may arise from the high proportion of missing values among migrant populations and older 
cohorts in the CBS database. We also assess the influence of outliers in sparsely populated areas: 3.4% of obser
vations reside in 100m-by-100m grid cells with only five individuals in the Netherlands dataset, a share that 
drops to 0.4% when using 500m-by-500m grid cells. Re-estimating the models after excluding observations in 
grid cells with five or fewer residents yields very similar results. In both cases, estimated coefficients remain 
stable, suggesting a negligible impact on neighbourhood effect estimates.

6. We present an example of the full regression model in Annex 4 (available in the Online Supplementary 
Material). This model focuses on the four largest urban regions in The Netherlands and using the income- 
based poverty rate (with a poverty line set at 60% of national median) in a 100m-by-100m grid cell as con
textual poverty indicator. The other full regression models are available upon request.

7. Income change (in %): 100 × (exp(b) − 1).
8. Z-test: Z =

b1 − b2
�����������������
SEb12 + SEb22

􏽰 . Where SEβ is the standard error of β. The null hypothesis is rejected if the Z- 

value is greater than 1.96 or less than −1.96.
9. The unemployment rate and the share social benefit recipients are conservative indicators, as they are based on 

individuals’ primary income source over the entire year rather than a single month.
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