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Abstract: The concept of segregation analyses the unequal distribution of social groups between
neighbourhoods. It rests on two assumptions: that of homogeneous neighbourhoods and of a market
liberal housing system. Both assumptions are applicable the context of American cities, but they
display severe limitations when applied to the European context. Vienna’s housing market is partic-
ularly highly segmented, not only throughout the city as a whole but also within neighbourhoods.
In the densely built-up area, residential buildings of different segments with different underlying rent
regulations and entry barriers can be found side by side. Therefore, buildings are expected to show
varying tenant and owner structures, which undermines the idea of a homogeneous neighbourhood.
Against this background, we analyse at the micro scale small neighbourhoods defined by 100 m grid
cells in a case study of two inner-city Viennese districts (districts 6 and 7) characterised by a particu-
larly vivid housing-transformation and commodification dynamic. Using a novel and fine-grained
dataset combining building information with the socio-economic data of households, we investigate
the patterns and dynamics of income inequality and income segregation, as well as the relationship
between housing market segments and socio-economic patterns. As data comprise two cross-sections
for the years 2011 and 2020/21, changes in the neighbourhoods during the house-price boom period
are also considered. This leads us to ask the question: How do housing market segmentation and its
related changes affect income inequality and segregation at the micro scale? Our analysis delivers
two main results: Firstly, we show the existence of marked social variation and related dynamics at
the micro scale, even within a small urban area. Secondly, we show that the spatial distribution of
housing market segments has a strong impact on income inequality in the neighbourhood.

Keywords: micro scale; income; inequality; segregation; housing market; Vienna

1. Introduction

The concept of residential segregation, i.e., the spatial distance between different social
groups or the spatial concentration of similar social groups, relies on two basic assumptions
that have been observed by social scientists of the School of Chicago: firstly, the existence
of socially homogeneous neighbourhoods (e.g., in terms of income, educational level,
or race/cultural background), and secondly, a liberal housing market, where demand
and supply drive the price gradient that determines the mobility of households in urban
space [1]. Based on these assumptions, Burgess’s model of homogeneous zones in urban
space and the mobility of new social groups between these zones has influenced our
understanding of social patterns, segregation, household mobility, and neighbourhood
change for almost a century [2].

These classical principles of residential segregation have been questioned by two
strands of the literature: Firstly, the debate on micro-segregation, which analyses segrega-
tion within or between single residential buildings [3]. Although this debate has emerged
in the last few years, micro-segregation is a historic phenomenon: residential buildings in
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19th-century metropolises such as Vienna or Paris displayed a very pronounced vertical
social differentiation [4,5]. Further, beyond the European city, neighbourhoods in southern
cities in the United States likewise display a high degree of social variety at the scale of
individual buildings [6,7]. Alongside the vertical expansion of the modern city after World
War II, this issue increasingly arose in various cities [1,8]. The second strand addresses
allocation mechanisms influencing the housing market: the existence of informal and non-
market-based allocation [9], the interplay of market- and non-market-segments [10], or the
degree of market segmentation [11] have implications for the residential segregation of the
housing market. This is relevant insofar as housing market segments differ regarding their
accessibility and entry barriers for households [12]. Consequently, the spatial distribution
of housing market segments in the city can either drive or cushion income inequality and,
as a consequence, income segregation at various spatial scales.

The main intention of this paper is twofold: Firstly, it analyses the relevance and
magnitude of micro-scale income segregation, using income inequality as its prerequisite,
for two inner-city districts in Vienna. Secondly, it estimates the impact of housing market
segmentation on inequality and segregation against the backdrop of Vienna’s housing boom
during the 2010s. For this purpose, we link a dataset outlining housing market segmentation
at the scale of individual residential buildings with various socio-economic register data
at the scale of households, provided by the Austrian Micro Data Centre (AMDC) [13].
Based on this database, and by applying separate multiple linear regression models, we
investigate the relationship between the dependent variables of income, inequality, and
segregation and a set of predictor variables including housing market segmentation. The
analysis is conducted for 2011 and 2020/21, at the scale of a 100 × 100 metre grid, focusing
on a case study in Vienna’s high-density built-up area (districts 6 and 7).

Vienna is a useful case study for the analysis of the relevance of micro-segregation and
the role of market segmentation for two reasons. Firstly, Vienna’s housing market displays
a high degree of market segmentation, in particular in comparison to most other larger
metropolises. Secondly, Vienna’s housing market has experienced an enormous house-price
boom during the last 15 years, which, on one hand, triggered a construction boom in the
large urban expansion areas at the periphery [14]. On the other hand, this boom gave rise
to the commodification of the existing housing stock, with greatly varying implications
for the housing market segments. Against this background, our analysis investigates the
patterns and drivers of micro-segregation in a study area characterised by a high share of
historic housing stock in a period of a booming housing market.

This paper is structured as follows: In Section 2, we discuss the interplay between
the scalarity of segregation and housing market segmentation, provide an overview of
the segmentation and dynamic of Vienna’s housing market, and formulate the research
question. Following the description of the materials and methods used and a presentation
of the research area (Section 3), we discuss our results in Section 4, covering the patterns
and dynamics of income inequality and residential segregation and the role of housing
market segmentation in that regard. In Section 5, we discuss our results, their limitations,
and their further conceptual implications and provide a conclusion (Section 6).

2. Research Context: Micro-Segregation and Housing Segmentation

Segregation can be defined as the formation of distinct patterns of over- and under-
representation of specific social groups across residential space [1]. The classic literature
based on the socio-ecological model of the Chicago school relies on two assumptions:
Firstly, the existence of homogeneous neighbourhoods, which allows the measurement
of segregation between statistical units. Secondly, a liberal housing market, where social
differentiation in urban space is driven by households that compete on account of their
incomes to realise their housing preferences [15]. In the following section, we scrutinise
both assumptions, particularly for the European city.
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2.1. The Micro Scale: Vertical and Horizontal Segregation

The recent debate on micro-segregation points to social inequality at the scale of in-
dividual buildings within a neighbourhood [3,8]. Besides some examples from historic
case studies in cities in the Southern USA, micro-segregation is de facto discussed synony-
mously with vertical segregation. As such, vertical segregation means micro-segregation
within residential buildings, while horizontal micro-segregation describes socio-economic
differences between them.

Segregation within individual buildings has a long history. The residential buildings
of the Belle Époque particularly displayed pronounced social differentiation: from the
bourgeois Belle Étage, holding the highest social status, a declining social gradient led
towards the poorest households, situated in the last storey, directly under the roof [5].
During the twentieth century, emerging from cities in the USA, the verticalisation of the
urban fabric became a global phenomenon [16]. As such, the vertical differentiation of
urban society presents itself in various forms: rooftop extensions in the existing housing
stock of European metropolises such as Paris or Vienna [17], social differentiation in former
socialist housing estates in Eastern Europe [18], or high-rise buildings as a dominant
building type, with a strong degree of vertical segregation within the building and/or
its surroundings—for instance, in Santiago de Chile [19] or Hong Kong [20]. These cases
of micro-segregation all share the dimension of vertical social differentiation within a
residential building.

In Europe, the phenomenon of vertical micro-segregation is much more widespread
in cities in the south than in the north or west. This is a consequence of a specific built-
up structure (prevalence of apartment buildings), the structure of the housing market
(dominance of owner-occupation), and the specific context of housing provision [21].
Qualitative analyses for Athens reveal the long-term transformation of these condominium
buildings, which show strong segregation between native Greek and migrant residents,
between social groups, and, finally, between owners and tenants [22]. Similar patterns have
been analysed for residential buildings in arrival spaces in Marseille [23] or for inner-city
neighbourhoods in Naples [24].

Although vertical segregation is described as a sub-form of micro-segregation and
social diversity is a core feature of the European city, there is hardly any research on
horizontal micro-segregation [25]. Likewise, certain 19th-century cities in the USA featured
a high degree of horizontal segregation at the micro scale. Logan and Bellman [6], for
instance, identified different forms of ethnic segregation in Philadelphia between 1880
and 1900, where ‘black’ residential buildings in ‘white’ neighbourhoods were hidden in
backyards or smaller, isolated back streets. This pattern was the outcome of a strategy
to ensure social distance and control, as well as the availability of a (slave-)workforce
within spatial proximity [26]. However, most segregation studies rather focus on statistical
aggregates at the scale of statistical units or neighbourhoods, which hides the patterns and
dynamics of socio-spatial inequality, as well as the mechanisms that lie behind them.

2.2. Residential Segregation and Housing Market Segmentation

The term ‘residential segregation’ implicitly points to the role of urban residents.
Consequently, the housing market and its allocation system have an impact on urban
segregation. As such, the housing market functions as an interface between the two
dimensions of societal structures and dynamics, on the one hand, and spatial urban patterns,
on the other hand.

In the classic literature that is based on the socio-ecological model of the Chicago
school, the social differentiation of households in the urban space is driven by a liberal
housing market [15]. Accordingly, the demands and preferences of different social groups
within an existing price gradient determine the social pattern, as well as its dynamic, as the
mobility of groups modifies the urban price landscape and shifts the borders between differ-
ent social neighbourhoods, as explained in the arbitrage model [27]. In this liberal market
model, residential income segregation relies on the presence of income inequality and
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“income-correlated residential preferences, an income-based housing market, and/or hous-
ing policies that link income to residential location” [28] (p. 1102). Thus, in a liberal housing
market, income sorting and related segregation is driven by market preferences related to
location factors, e.g., the distance from the city centre or quality of public spaces [29], or
urban amenities such as education facilities [30], urban green [31], and metro stations [32].
As such, the price differential between the top- and bottom-quality/price submarket drives
the market structure and its variation.

This assumption of a homogeneous urban housing market is questioned by the con-
cept of housing market segments. Segments are defined by a variety of market mechanisms,
regulations, allocation systems, and entry barriers. In a simple way, the segmentation of
housing markets can be analysed by distinguishing between a rental and an ownership
market. Here, Allen et al. [33] distinguish between ‘dual’ and ‘unitary’ housing systems,
whereby the former is highly segmented between socially weak households that are con-
centrated in the rental segment and wealthy households on the ownership market. In the
unitary housing system, in contrast, there is no social differentiation between the rental
and ownership markets. A further division is provided by Kemeny [34], who distinguishes
between an ‘integrated’ and a ‘dual’ rental system. In the integrated system, social housing
provides good housing standards, competing directly with the private segment. In dual
rental systems, on the other hand, social housing is restricted to households in need, which
causes stronger social segmentation within the private rental sector.

As housing market segments rely on different legal regulations, they are characterised
by different housing costs, and they display different entry barriers and access restrictions
regarding social or ethnic groups. This implies an uneven distribution between market
segments, also called ‘socio-tenure differentiation’ [12]. Consequently, it could be assumed
that these segments are characterised by different resident structures with regard to different
factors, e.g., household income, level of education, or migration background. As such, the
access to different housing market segments plays a crucial role as a driver of the spatial
(un)evenness of an urban population [35].

As the national and regional regulative context (tenancy law and welfare system),
housing policy, and planning system are closely related to the differentiation of housing
market segments, the consideration of these factors is crucial for the understanding of
segregation [36,37], in particular in comparative urban research. For instance, Murie and
Musterd [38] identified the social housing sector as relevant for explaining the different
levels of segregation in Dutch and British cities. Kesteloot and Cortie [39] explained
variations in ethnic segregation between Brussels and Amsterdam, and Skifter Andersen
et al. [11] analysed the impact of social housing and urban policies on the level of ethnic
segregation in different Nordic capitals. Thus, even if two cities display the same level of
aggregate social inequality, the segmentation of the housing markets and their regulative
context, in combination with spatial patterns within the urban space, might produce a
different outcome regarding residential segregation at different scales.

2.3. Segmentation and Segregation on Vienna’s Housing Market

Vienna’s housing market displays a high degree of market segmentation: it comprises
two segments of social housing, communal housing and limited-profit housing associations
(LPHAs) [40], which together comprise about 42% of households in Vienna. Beyond that,
a huge historic housing stock built pre-1945, with the vast majority of buildings being
constructed during the ‘founders’ period‘ (1848–1918, ‘Gründerzeit’), comprises about 22%
of the total stock in Vienna. This segment is socially relevant, because it is regulated by a
law of tenancy (Mietrechtsgesetz, MRG), keeping its capped rental rates below the market
level. Due to a combination of regulated, affordable rent prices and private, low-threshold
access to housing, the historic housing stock often provides the first entry point to the
housing market in Vienna for migrants [41]. In contrast, apartment buildings constructed
after 1944 (11%) underlie a different tenure law, where rents are non-regulated. Beyond
this, ownership housing makes up just about 20% [42].
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Since the mid-2000s, the Viennese housing market has faced an enormous price boom,
which triggered the transformation of the historic housing stock (by tenure conversion or
demolishing/new construction) due to the increasing ‘value gap’ [43]. The outcome of this
process is, on one hand, the changing social structure of residents, and on the other hand,
increasing granularity between the housing market segments, in particular between the
transformed and the non-transformed historic housing stock. Consequently, within one
street block containing about 20 apartment buildings, we can find an increasing variety of
housing market segments, representing different social structures and different means of ac-
cess and mechanisms of exclusion; transformed and non-transformed residential buildings,
as well as newly constructed residential buildings, are the drivers of this granularity.

For the case of Vienna, several authors point to the role of market segmentation and
the specific housing market barriers regarding segregation: according to Giffinger [44], the
accessibility of housing market segments drove the ethnic segregation of Turkish and ex-
Yugoslavian immigrants in the 1990s. Hatz et al. [45] found that Vienna’s social geography
had become more polarised in the early 2000s due to structural shifts in the economy, a
neoliberal trend for stronger market-orientation in the housing sector, and spatially selective
gentrification processes. More recently, Premov and Schnetzer [46] estimated the impact of
the spatial prevalence of the council housing segment on local income inequality, confirming
a positive relationship between the broad provision of council housing and the social mix
within the neighbourhood. Kadi et al. [47] demonstrate that socio-spatial inequality in
Vienna has increased, partly related to uneven housing market development since the
financial crisis, driven by the private sector. Morawetz and Klaiber [32] demonstrate
that the provision of municipality housing and capped rents moderate the income- and
preference-based sorting of residents.

2.4. Housing Market Segmentation in Vienna—A Driver or Obstacle of (Micro-)Segregation?

The combination of a highly segmented housing market in Vienna and the increasing
granularity of the spatial structure of these segments—in particular in the more central,
inner districts—has implications for the measurement of residential inequality and seg-
regation. The analysis at the scale of differently sized, politically or historically defined
spatial units (e.g., census districts) hides the existing pattern of market segmentation and,
therefore, its social implications, in particular regarding segregation dynamics between
individual buildings. Consequently, we investigate the impact of housing market seg-
mentation on income inequality between households existing in close proximity to each
other (100 × 100 m cell grid), as well as the segregation of income groups in so-defined
neighbourhoods compared to the overall distribution of income groups in the study area.
Micro-scale variations in these phenomena are likely insofar as residential buildings in
Vienna’s densely built-up area display pronounced variation regarding housing market
segmentation (see Section 2.3). Two cross-sections for the years 2011 and 2020/21 were
chosen to analyse the dynamics of the phenomena under consideration. This period in-
cludes two census years for which detailed register-based microdata are available, and it
covers Vienna’s house-price boom, which started in the aftermath of the global financial
and sovereign debt crisis of 2008–2010.

Building on existing research, we expect the spatial pattern of housing market seg-
ments to influence the level of income variation and residential segregation at the micro
scale. In case of a boom of increasing house prices, similar to what we have experienced in
Vienna during the last 15 years, we would expect increasing price differentiation within ur-
ban space, as price booms drive spatial variation in housing prices [48]. This would further
imply increasing residential segregation, following a socio-spatial gradient from the city
centre to the periphery. However, considering the high segmentation of Vienna’s housing
market, this central–peripheral pattern would be distorted by the uneven distribution of
the housing market segments, as the ability to pay is not the only allocation mechanism
influencing Vienna’s housing market. Against this background, we can formulate the
following research questions:
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(1) What are the spatial patterns and the dynamics of income inequality and segregation
in the research area?

(2) What is the effect of housing market segmentation in the neighbourhood on income
inequality and segregation at the micro scale? How does this relationship change
during the period 2011–2020/21?

3. Data, Methods, and the Research Area
3.1. Data

In this paper, we analysed the variation in household income in small neighbourhoods
to quantify social inequality and residential micro-segregation. Even though strongly
correlated to other variables of socio-economic status that have been used in segregation
studies, such as occupational groups or educational attainment [49], this indicator had
advantages over measures of segregation based on ordered or unordered categorical data.
In particular, we did not lose information on the income distribution within and across
spatial units, we were not influenced by arbitrary cut points to define groups (e.g., of
income), and we did not limit the analysis to specific subgroups in society [28].

Our analysis was based on the Austrian wage-tax statistics (LUE) for 2011 and 2020
and labour market statistics (AEST) for 2011 and 2021, with socio-economic data on in-
dividuals obtained from the AMDC. For each individual, the data contained unique and
pseudonymised keys attributing them to a household, building, and 100 × 100 m grid cell.
To safeguard the robustness of inequality and segregation measures calculated by grid cell,
cells with fewer than 30 households were excluded from the analysis. Data on building
locations and attributes were taken from a geocoded dataset from the Austrian Address
and Building Register (AGWR) and combined with building and address data from the
Federal Office of Metrology and Surveying (BEV). Due to data gaps regarding the matching
of the resident register and the AGWR, and due to the exclusion of certain grid cells for
reasons of data protection, our dataset covered roughly 70% of persons and 90% of private
households in our study area, which is still high compared to survey data [45,50].

However, certain methodological and conceptual issues related to income used in this
study must be pointed out, as segregation measured by microdata can be very sensitive to
the presence of measurement error and extreme values. The original data of gross yearly
personal income including transfers (excluding capital income) received from the AMDC,
on the one hand, contained some negative or very low values due to negative or very
low taxable income (e.g., losses from self-employment, social security withholding, or
inter-household mandatory payments). Some of these households might have been as
well off as, or even better off than, other households in terms of material well-being, as
they could draw on other sources of income not captured by wage tax statistics to cover
their monthly expenses [51,52]. On the other hand, certain individuals had extremely
high incomes. The related right skew of our income data reflects empirical evidence on
the dispersion of the upper half of the income distribution. The literature suggests that
this ‘upper-tail inequality’ has driven the growth in income inequality in the past few
decades [53]. However, conceptually and related to our research question, with growing
income or assets, the influence of housing affordability on the choice of residence—steered
by housing policies and the supply of housing segments with capped rents, among others
—decreases in relation to other factors of income- and preference-based sorting, such as
proximity to amenities or distance to the city centre [32,54].

To improve the data structure and for the conceptual reasons mentioned above, neg-
ative and very low income values of individuals were bottom-coded by setting them to
a 1000 EUR yearly income, and extreme values at the top end of the distribution were
top-coded by setting them to 100,000 EUR yearly income. The winsorising of extreme
values roughly concerned data below the 5th percentile and above the 95th percentile for
both years. Further, as households—and not individuals— sort into buildings and apart-
ments, we calculated equivalised household income based on the gross yearly incomes
of all household members, including transfers. The aggregated household income was
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adjusted for household size by dividing the sum of individual incomes by the square root
of the household size [55]. The equivalisation of household income allowed us to account
for economies of scale in consumption and living costs and to control for intra-household
inequality. To arrive at a set of socio-economic control variables at the household level, we
took the employment status, educational attainment, and migration background of the
highest earner (‘household reference person’) to be representative of the whole household.

The descriptive statistics presented in Table 1 provide summary statistics for the two
cross-sections of 2011 and 2020/211. The sample comprised 28,101 (2011) and 29,620 (2020/21)
households living in 272 grid cells in the sixth and seventh districts of Vienna. As dependent
variables for each grid cell, our dataset contained the median annual gross equivalised
household income, a bias-corrected Gini coefficient [56] measuring income inequality,
and bootstrapped multi-group local segregation scores of the Mutual Information Index
M [57] as a measure for segregation between income quintile groups. Median equivalised
household income ranged between 11,430 EUR in the poorest and 63,210 EUR in the richest
raster cell in 2011, increasing to a range of 10,460 EUR to 76,720 EUR in 2020. Regarding
income inequality, the spread in the Gini coefficient of grid cells increased in this period,
while the average coefficient stayed constant. Due to the top- and bottom-coding of outliers
at the individual level, the originally strong right skew of the income variable at the
household and grid-cell level was reduced. Lastly, segregation, as measured by local
segregation scores, was characterised by a high variance distribution, with a coefficient of
variation greater than 1. That is, income groups were rather homogeneously distributed
across the majority of grid cells, which resulted in segregation scores close to zero in those
grid cells.

The main explanatory variables of interest—the percentage share of households living
in different housing market segments by grid cell—were constructed following a sequence
of steps. In the first step, each building in the study area was attributed to a housing
market segment by using a combination of sources [42]. In the second step, the number
of households per building was calculated by matching each household with the unique
building ID (AGWR OBJNR) obtained from the AMDC. Finally, the share of households
living in different housing market segments by grid cell was calculated by spatially joining
the geolocation of buildings and grid cells and aggregating the number of households per
building belonging to a specific segment.

A set of demographic and labour market indicators hypothesised to have a strong
effect on income variation within a grid cell were tested as control variables. All of these
were calculated from individual-level statistics matched with households and buildings.
Lastly, average property prices per square metre, sourced from DataScience Service GmbH,
Wien, Austria, were included to control for price effects. This spatially detailed dataset is
based on comprehensive geo-referenced broker data and sales contracts.

3.2. Methodology

We assessed the relationship of income, inequality, and segregation with housing
market segmentation, while controlling for socio-economic status, agglomeration, and
location effects, in three separate multiple regression models. Each model was run for
the two cross-sections of 2011 and 2020/21. To arrive at the main dependent variables of
interest for this study, inequality and segregation indices were computed by 100 × 100 m
grid cells, based on equivalised household incomes, using R statistical software version
4.4.1 [58]. As a measure of income inequality between 0 (no concentration of income and,
therefore, perfect equality) and 1 (maximum inequality), the Gini index was calculated with
the R package ‘DescTools’ [59]. The data inputs for the calculation of the Gini index were
household-level income data, grouped by spatial units. The resulting values depicted the
degree of income inequality between households of a spatial unit and, therefore, inequality
within neighbourhoods. As a measure of local income segregation, multi-group local
segregation scores of the Mutual Information Index M2 were computed with the R package
‘segregation’ [60]. Local segregation scores of the entropy-based M index indicated the
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contribution of spatial units to the overall segregation of income groups in the study area
and, therefore, inequality between neighbourhoods. The data inputs for the calculation of
the segregation index were population counts per income groups (quintiles), grouped by
spatial units. As we were working with very small neighbourhoods, we used the bootstrap
function and bias correction built in the ‘segregation’ R package. However, 95% confidence
intervals showed that local segregation scores were quite variable and, therefore, had to be
interpreted conservatively.

Table 1. Descriptive statistics of the datasets for 2011 and 2020/21. N = 272, 100 × 100 m grid cells.

2011

Variable Mean St. Dev. Min Pctl(25) Median Pctl(75) Max

Median househ. income
(1000 EUR) 32.55 6.93 11.43 27.69 32.03 36.50 63.21

Gini coefficient 0.39 0.04 0.25 0.37 0.39 0.41 0.54

Local segregation (1000) 0.10 0.22 −0.07 −0.01 0.04 0.12 1.83

Share council housing 0.07 0.16 0.00 0.00 0.00 0.01 1.00

Share limited-profit housing 0.04 0.11 0.00 0.00 0.00 0.00 0.87

Share housing post-1944 0.15 0.21 0.00 0.00 0.05 0.25 1.00

Share housing pre-1945 0.55 0.26 0.00 0.36 0.57 0.74 1.00

Share housing pre-1945, transf. 0.19 0.16 0.00 0.04 0.17 0.30 0.85

Share university degree 0.36 0.11 0.04 0.30 0.37 0.43 0.68

Share migr. background, ex-YU 0.07 0.05 0.00 0.04 0.06 0.08 0.40

Share migr. background, EU-East 0.03 0.02 0.00 0.02 0.03 0.04 0.14

Share resid. mobility 2011–21 0.54 0.09 0.33 0.49 0.53 0.60 1.00

Mean property price
(1000 EUR/m2) 3.16 0.27 2.60 3.01 3.12 3.25 3.98

2020/21

Variable Mean St. Dev. Min Pctl(25) Median Pctl(75) Max

Median househ. income
(1000 EUR) 37.93 8.35 10.46 32.64 37.40 41.74 76.72

Gini coefficient 0.39 0.03 0.25 0.37 0.39 0.41 0.57

Local segregation (1000) 0.08 0.19 −0.07 −0.01 0.03 0.11 1.82

Share council housing 0.06 0.16 0.00 0.00 0.00 0.00 1.00

Share limited-profit housing 0.03 0.10 0.00 0.00 0.00 0.00 0.82

Share housing post-1944 0.18 0.22 0.00 0.00 0.10 0.29 1.00

Share housing pre-1945 0.51 0.27 0.00 0.32 0.52 0.71 1.00

Share housing pre-1945, transf. 0.22 0.17 0.00 0.07 0.20 0.32 0.84

Share university degree 0.47 0.11 0.09 0.41 0.48 0.54 0.78

Share migr. background, ex-YU 0.07 0.05 0.00 0.04 0.06 0.08 0.37

Share migr. background, EU-East 0.04 0.03 0.00 0.02 0.04 0.06 0.13

Share resid. mobility 2011–21 0.55 0.10 0.34 0.47 0.54 0.61 1.00

Mean property price
(1000 EUR/m2) 6.26 0.55 5.16 5.87 6.18 6.47 7.81

With the calculation of inequality and segregation indices at the granular level of
100 × 100 m grid cells, we aimed to uncover the micro-scale neighbourhood sorting of
households by income, which contributes in sometimes contradictory ways to large-scale
patterns of inequality and segregation [28]. Grid cells represent a consistent definition of
neighbourhood size and shape as opposed to historically or politically delineated units,
which vary widely in their meaning across time and place. The three dependent vari-
ables were subjected to separate multiple regression analyses for 2011 and 2020/21, using
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ordinary least squares (OLSs). Based on a row-standardised queen contiguity spatial
weights matrix, Moran’s I test for spatial dependence detected no spatial autocorrelation
in the residuals of our models. Therefore, it was confirmed that OLS estimates were the
most efficient solution as opposed to spatial regression models. However, the Breusch–
Pagan tests indicated heteroscedasticity in the error terms, which is why we reported
heteroscedasticity-robust confidence intervals in all regression results. Further, the vari-
ables ‘median household income’ and ‘Gini coefficient’ were log transformed to fit the
structure of the data better and reduce potential bias in the results caused by outliers. The
correlation matrix of variables tested and/or finally included in the regression models are
presented in Appendix A.

The first empirical model, with the dependent variable representing the natural loga-
rithm of the median household income in grid cell i, has the following form:

ln(incomei) = β0 + β1housing market segmentationi + β2employmenti
+β3educationi + β4migration backgroundi
+β5household compositioni + β6residential mobilityi
+β7locationi + ε

where incomei is the median equivalised household income for grid cell i, β0 is the constant
or intercept term, and housing market segmentationi is a vector of variables representing the
share of households encountered in four different housing market segments. The weight of
housing provided by limited-profit housing associations (LPHAs) was used as reference
group in the regression analysis. Further, employmenti denotes a vector of measures of the
share of household reference persons by employment status, which has a direct relation
to incomes. Educationi is a vector of variables representing household education levels.
Furthermore, a vector of variables denoted by migration backgroundi represents the share
of persons born in ex-Yugoslavia, Turkey, Eastern EU/New Member States, and outside
of Europe (i.e., first generation) and/or holding the citizenship of their respective birth
countries (thus also including the second generation) as opposed to persons born in Austria
and holding Austrian citizenship (i.e., no migration background). Household compositioni
by grid cell represents average household size, the ratio of dependent persons (i.e., persons
earning below 1000 EUR per year), and population density to control for the accumulation
effect of personal income in households with multiple employed persons, as well as
to control for agglomeration effects positively influencing wages, house prices, rents,
service access, and the efficiency of public services [61]. Residential mobilityi in grid cells is
included as a variable representing the share of households relocating within or from/to
the area in the period 2011–2020/21. Theoretically, the residential mobility of households of
different socio-economic statuses affects the distribution of top and bottom socio-economic
groups in the neighbourhoods [62]. Lastly, locationi represents a vector of indicators
representing the quality of the neighbourhood—proxied by an ‘active mobility score’,
‘access to medium- and high centrality amenities’, and property prices—and the distance
to the city centre as a proxy for agglomeration effects [32]. ε represents the idiosyncratic
error term.

Model 2 is an extension of Model 1, where the natural logarithm of the Gini co-
efficient of household income in grid cell i becomes the new dependent variable, and
median household incomei is added as a control variable to the right-hand side of the model.
This is to control for the hypothesised large influence of the upper tail dispersion of
the income distribution on the inequality measure. Model 3 is an extension of Model 2,
where the multi − group local segregation score of grid cell i becomes the new dependent
variable and the Gini coe f f icienti is added as a control variable to the right-hand side
of the model. Due to the fact that the M index measures deviations from the global av-
erage in both directions (i.e., both, the over- or under-representation of certain income
groups in a neighbourhood lead to a high local segregation score), the relationship between
income and local segregation takes a U-shape rather than a linear one. Therefore, the
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variable median household incomei is added to the model as a second-order polynomial
(quadratic) term.

3.3. Study Area

The present study analysed an area comprising two inner-city districts of Vienna
(district 6, Mariahilf, toward the south of the area under scrutiny, and district 7, Neubau,
in the north). The study area is characterised by a very high building density, delimited
by three high-level roads. The Belt Road (‘Gürtel’) defines the western boundary, Linke
Wienzeile the southern boundary, and the so-called ‘Zweierlinie’, running parallel to the
Ring Road, the eastern boundary. The northern district boundary is not characterised by
as strong a morphological break as the others. Mariahilfer Straße—a well-known shopping
promenade—cuts right through the middle of the study area (see Figure 1).
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During the last few decades, both districts have undergone intensive transformation:
this is more apparent in the district Neubau, where the former middle- and working-class
area was turned into a new urban creative milieu with a high share of academics [63]. The
symbolic manifestations of gentrification are apparent in this district, in particular in the
ground-floor zones, which are dominated by creative and alternative shops and restaurants.
In comparison, the process of social upgrading has also affected the sixth district, Mariahilf,
albeit to a lesser extent. Both districts exhibit a falling socio-economic gradient from the
inner city (alongside the Ring Road) towards the peripheral zones (towards the Belt Road),
but this is more apparent in Mariahilf. Compared to the city as a whole, both districts
display an above-average resident income profile (Vienna: 24,400 Euro/head; Mariahilf :
25,700 Euro/head; Neubau: 27,200 Euro/head [64]).

4. Results

In the first subsection (Section 4.1), we analyse the detailed spatial patterns of house-
hold income levels, income inequality, and income segregation at the scale of grid cells.
In the second subsection (Section 4.2), we intersect these patterns with the housing market
segments and investigate the impacts of the different segments on the existing patterns
while discussing changes between 2011 and 2020/21.
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4.1. Spatial Patterns and Dynamics of Income Inequality and Segregation at the Micro Scale

What are the general patterns and dynamics of income inequality and segregation
emerging from the spatial distribution of households with different income levels? Theil’s
information theory index H [65]3, for income percentiles in 2011 and 2020, provides an
initial insight into composite income segregation across micro-scale spatial units in the
study area. Figure 2 indicates estimated segregation at the scale of 100 m × 100 m grid
cells, between households with incomes above, at, or below each percentile of the study-
area-wide household income distribution. As the H index is normalised between 0 and
1, the level of segregation of percentiles can be interpreted as percentages. The J-shaped
segregation profile shows a tendency towards a larger spatial segregation of affluence
(the extent to which the highest-income households are isolated from middle- and lower-
income households), compared to segregation of poverty (the uneven distribution of
low-income households among grid cells). Interestingly, segregation slightly decreased in
the sixth and seventh districts of Vienna between 2011 and 2020. Generally, the entropy-
based measurement of income segregation seems to be at a similar level to those of other
urban areas (e.g., Beaubrun-Diant and Maury [66] or OECD [67]).
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percentile, as measured by the information theory index H.

We now continue to explore the spatial patterns of median income levels, income
inequality, and income segregation at the micro scale, comparing patterns across years.
Figure 3 shows each variable in 100 × 100 m grid cells in separate maps for 2011 (left)
and 2020 (right). For each variable individually, the range of attribute values was divided
into five equal-sized sub-ranges and mapped to a colour scale to highlight the amount
of an attribute value relative to other values. The legend gives an indication of the value
distribution of each variable. The mapping of median equivalised household income
as an indicator of socio-economic status within small neighbourhoods at the same time
shows spatial patterns of inequality between these spatial units (Figure 3a,b). The spatial
distribution shows a slight central–peripheral pattern and the clustering of cells with similar
income levels in specific areas. Grid cells along and close to Mariahilfer Straße in the centre
of the area, as well as in the areas closer to the city centre, belong to the more affluent
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group of neighbourhoods. In contrast, grid cells in the west of the study area along the
Belt Road (‘Gürtel’), which has a high traffic load, as well as along the peripheral part of
Linke Wienzeile (south-western part of the map), belong to the less affluent parts of the area.
Furthermore, the central–peripheral pattern of income is overlayed by a dispersed, spatially
random juxtaposition of grid cells with different income levels. Comparing spatial patterns
between 2011 and 2020, we can observe the slight relative socio-economic status upgrading
of some grid cells near neighbourhoods with already high socio-economic status, especially
around Mariahilfer Straße. Apart from this, the spatial patterns of income levels remain
stable between 2011 and 2020, meaning that the spatial clustering and central–peripheral
gradient of income do not change significantly in the area.

The spatial patterns of income inequality within grid cells, measured by the Gini
coefficient of equivalised household income (Figure 3c,d), show only a weak coincidence
with the distribution of median income across grid cells in 2011, as well as a moderate
negative one in 2020 (see correlation matrix in Appendix A). Due to the top- and bottom-
coding of outliers and the use of median instead of mean income, there are only very few
grid cells in which higher income levels also exhibit higher levels of income inequality.
Mostly, we see evidence of a pattern of more affluent grid cells, e.g., along Mariahilfer Straße,
that exhibit a lower income spread. In 2020—as also evidenced by the increasingly negative
correlation coefficient—this pattern intensified, and income inequality further decreased
in grid cells with higher income levels. This is likely due to the influx of households with
similar income levels into these already affluent neighbourhoods. At the same time, some
grid cells with lower income levels—along the Belt Road and Linke Wienzeile—saw increases
in income variation, which might point to gentrification and/or residualisation dynamics.

Finally, we analyse the degree of income segregation between grid cells (Figure 3e,f).
For this purpose, we decomposed the Mutual Information segregation index M into
population-weighted local segregation scores, which can be used to assess whether some
grid cells contribute more to overall segregation than other units [60]. Maps e and f
both show the multi-group segregation of income quintiles (i.e., the disproportionality
in income-group proportions across spatial units). High segregation scores indicate a
significant upward or downward deviation of the within-unit distribution of income quin-
tiles from the overall distribution in the study area. Based on this grouping of household
incomes, economic micro-segregation appears to be low in most neighbourhoods (note the
distribution of segregation scores). Only a few highly segregated grid cells contribute to the
bulk of aggregate segregation in the study area. There is a tendency of highly segregated
grid cells to coincide with those with lower income levels and low inequality, a relationship
that decreases between 2011 and 2020 (Pearson’s correlation coefficient of −0.25/−0.34 in
2011 and −0.15/−0.27 in 2020; see the correlation matrix in Appendix A). However, the
relationship between income and local segregation takes a U-shape rather than a linear one.

4.2. Relationship between Housing Market Segmentation and Income Inequality & Segregation

Patterns of Housing Market Segmentation

The main intention of this paper is to analyse the relationship between housing market
segmentation, income inequality, and segregation at the micro scale. In the previous
subsection, the spatial exploratory analysis displayed highly diverse patterns regarding
levels of household income, inequality, and segregation in small grid cells. What is the
impact of housing market segments on these patterns? To approach this question, we first
provide an overview of the housing market segmentation in our area of interest (Table 2).
At the household level, the housing market is dominated by the historic housing stock,
which comprised 71.3 percent (2011) and 69.5 percent (2021) of all households (transformed
and non-transformed historic housing combined). The share of households in transformed
historic residential buildings on all historic buildings increased from 26.2 percent in 2011 to
31.5 percent in 2021, which points to a high transformation level and dynamic compared
to the total housing market in Vienna [42]. The share of households in the segment of
newly constructed buildings post-1944 increased from 16.5 percent (2011) to 19.3 percent
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(2021) of all households. This significant change was mainly driven by the demolition and
replacement of historic buildings, since there are hardly any vacant lots to be developed
in the area. In contrast to the dominance of historic housing, council housing and limited-
profit housing have comparably little relevance compared to the total housing market,
consequently displaying hardly any changes.
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In a second step, we analyse the spatial pattern of this housing market segmentation
by considering the dominating housing market segments within 100 × 100 m grid cells
for 2011 and 2020/21 (Figure 4). The main segment was determined by the maximum
share of households found in buildings of the same type. In cases where the coefficient of
variation between housing market segment shares was smaller than one, grid cells were
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termed ‘mixed housing’ (i.e., no housing market segment dominates). Although the area
of interest is dominated by the historic housing stock, there is a pronounced variation in
housing market segmentation at the micro scale. Grid cells with an even mix of housing
market segments constitute the second largest group within the study area (87 grid cells,
or 32%, in 2011 and 92 grid cells, or 34%, in 2020/21; black colour), mainly dominating
the peripheral zones, particularly in the sixth district. In contrast, 185 grid cells in 2011
and 180 in 2020/21 were dominated by a single housing market segment, with historic
tenement houses (green cells) being the most prominent segment in the study area. Grid
cells characterised by historic housing built before 1945 decreased from 144 in 2011 to 127 in
2020/21. Clusters of these cells were concentrated in the northern and more central parts of
the study area. Only three out of 272 grid cells (two in 2020/21) were dominated by limited-
profit housing (orange cells), and seven grid cells (eight in 2020/21) were dominated by
council housing (brown cells). Council housing was mainly located in the southern parts
of the study area. The grid cells mainly characterised by transformed historic tenement
houses (blue cells) doubled from nine in 2011 to eighteen in 2020/21. These cells were
well dispersed across the whole study area. Twenty-two cells (twenty-five in 2020/21),
located mostly in the central and south-western part of the area, were dominated by private
housing built after 1945 (yellow cells). Strikingly, even within these grid cells dominated by
a specific segment, we could find significant variation in housing market segments. Only
18 grid cells (20 in 2020/21), that is, seven percent of all grid cells, displayed a share of
90 percent and above in one segment.

Table 2. Housing market structure and dynamics in Mariahilf and Neubau, 2011 and 2021.

Households by Housing Market Segment

2011 2021 Change 2011 2021 Change

Segment N N N Percent Percent PP

Council housing 2082 1960 −122 7.4 6.6 −0.8

Limited-profit housing 1359 1343 −16 4.8 4.5 −0.3

Housing post-1944 4636 5724 1088 16.5 19.3 2.8

Housing pre-1945 14,781 14,114 −667 52.6 47.7 −4.9

Housing pre-1945, transf. 5243 6479 1236 18.7 21.9 3.2

Total 28,101 29,620 1519 100.0 100.0 –
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Housing market segmentation and household structure

How do income levels and variation relate to the housing market or other socio-
economic variables? The ridgeline plots in Figure 5 provide some descriptive evidence, com-
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paring the income distribution of households for 2011 (top panel) and 2020 (bottom panel)
by housing market segment, distance to the city centre, and educational attainment.

For each year, household groups were sorted by their median income in ascending
order. In 2011, households displaying compulsory education only, households in coun-
cil housing, and households in the most peripheral distance band from the city centre
had lower median incomes than other households. Furthermore, the generally heavily
right-skewed distribution of incomes was less pronounced in these three groups, and the
income spread was lower. In contrast, the segments of transformed and non-transformed
housing built before 1945, housing built post-1944 and housing provided by limited-profit
associations, households living within 2 kilometres from the centre, and households with
tertiary education had the highest median incomes and increasingly flat and wide income
distributions. The one-way ANOVA test and multiple Tukey pairwise comparisons of
group mean values confirmed the visual impression that there were significant differences
in income distribution between the group of households living in council housing and all
other housing segments (but not between the other segments). In the period 2011–2020/21,
differences between the housing market segments remained stable. Furthermore, in both
years, differences between housing market segments appeared to be more pronounced than
those between central–peripheral distance zones: although there was a decline in average
incomes following a distance gradient, the differences in median income and the dispersion
of incomes were very small across the five distance zones.

Regression model

We now turn to the regression analysis at the spatial scale of 100 × 100 m grid
cells. The expectation of the multiple regression models is that the income level, its
variation, and income segregation in 100 × 100 m grid cells change when the mix of
housing market segmentation varies. We ran, separately for 2011 and 2020/21, three
regression models with median household income, Gini coefficient, and multi-group local
segregation scores as dependent variables and shares of housing market segments as the
main explanatory variable of interest. Based on theoretical–conceptual considerations
(see the empirical model in Section 3.2), an array of variables representing employment
status, educational attainment, migration background, household composition, residential
mobility, and location factors were tested as controls. The regression outputs presented
in Table 3 represent the best fit models, accounting for multicollinearity issues between
explanatory variables (see the correlation matrix in Appendix A for a comprehensive
overview of tested variables).

Turning to the regression outputs 1 and 2 (Table 3), we observe that in 2011, the share
of households in council housing has a significant (p < 0.05) and negative relationship
with median income in a grid cell. This was expected, as the below-market rents in this
housing segment allow lower-income households to move to these areas. The other housing
market segments show non-significant coefficients, rendering their effect not statistically
different from zero. The negative relationship between council housing and income loses its
significance in 2020/21, which can be partly explained by the diminishing share of council
apartments in the area and the in situ upward social mobility of some of the residents with
open-ended tenancy agreements. Unexpectedly, in 2020/21, transformed historic housing
displays a similarly high and negative correlation with income, which can be explained
by the ambiguity of this market segment: residents in this segment could either be renters
with a capped rent or owners with presumably higher incomes or other sources of income
not registered by wage tax.
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Note: For the calculation of household income, personal incomes were bottom-coded at 1000 EUR
and top-coded at 100,000 EUR to safeguard data protection and improve data structure. The axis was
capped at 125,000 EUR.
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Table 3. Regression outputs. Notes: ln = natural logarithm; multi-group local segregation scores were
multiplied by 1000 to improve legibility of coefficients; 95% confidence intervals in square brackets.
We report heteroskedasticity-robust confidence intervals in all models, as the Breusch–Pagan tests
indicated heteroscedasticity in the error terms.

Dependent Variable:

Household Income
(ln)

Gini Coefficient
(ln)

Local Segregation
(in 1000)

2011 2020/21 2011 2020/21 2011 2020/21
(1) (2) (3) (4) (5) (6)

Median household income (ln) −0.247 *** −0.273 *** −0.895 *** −0.647
[−0.325, −0.168] [−0.335, −0.285] [−1.506, −0.285] [−1.476, 0.182]

Median household income (ln)2 2.380 *** 1.883 ***
[1.586, 3.175] [0.639, 3.126]

Gini coefficient (ln) −0.604 *** −0.815 **
[−0.997, −0.212] [−1.455, −0.175]

Share of council housing −0.341 ** −0.186 −0.030 0.069 −0.139 −0.120
[−0.641, −0.042] [−0.478, 0.107] [−0.189, 0.128] [−0.088, 0.226] [−0.832, 0.554] [−0.996, 0.756]

Share housing built post-1944 −0.089 −0.057 0.086 0.090 −0.231 0.327
[−0.374, 0.197] [−0.334, 0.221] [−0.056, 0.228] [−0.058, 0.239] [−0.814, 0.351] [−1.087, 0.433]

Share housing built pre-1945 −0.157 −0.203 0.128 * 0.125 * −0.211 −0.243
[−0.422, 0.109] [0.455, 0.050] [−0.006, 0.261] [−0.017, 0.267] [−0.755, 0.333] [−0.964, 0.478]

Share housing built pre-1945, transformed −0.224 −0.346 ** 0.151 ** 0.188 *** −0.227 −0.202
[−0.504, 0.057] [−0.609, −0.082] [0.016, 0287] [0.047, 0.328] [−0.743, 0.288] [−0.856, 0.452]

Share migration background, ex-YU −0.420 −0.324 −0.499 *** −0.244 * 0.016 0.181
[−1.087, 0.246] [−1.129, 0.480] [−0.835, −0.163] [−0.524, 0.037] [−0.710, 0.742] [−0.425, 0.787]

Share migration background, EU-East 0.236 −1.135 ** 0.166 0.081 −0.056 0.252
[−0.747, 1.219] [−2.086, −0.184] [−0.336, 0.668] [−0.279, 0.440] [−1.013, 0.901] [−0.498, 1.002]

Share university degree 1.016 *** 1.183 *** 0.243 *** 0.192 ** −0.138 −0.069
[0.604, 1.429] [0.642, 1.724] [0.071, 0.414] [0.040, 0.344] [−0.558, 0.282] [−0.381, 0.244]

Share residential mobility 2011–2021 −0.680 *** −0.579 *** −0.029 0.054 −0.014 0.246 **
[−1.113, −0.248] [−0.968, −0.190] [−0.198, 0.140] [−0.055, 0.163] [−0.177, 0.150] [0.055, 0.437]

Mean property price (ln) 0.088 0.141 0.240 *** 0.145 ** 0.090 −0.032
[−0.234, 0.410] [−0.306, 0.587] [0.096, 0.385] [0.032, 0.257] [−0.153, 0.333] [−0.221, 0.157]

Constant 9.843 *** 9.316 *** −0.480 0.433 −0.936 −0.296
[7.297, 12.389] [5.459, 13.173] [−1.777, 0.816] [−0.739, 1.604] [−2.915, 1.042] [−1.960, 1.367]

Num.obs 272 272 272 272 272 272
Adj. R2 0.479 0.479 0.370 0.464 0.639 0.546

* p < 0.1; ** p < 0.05; *** p < 0.01.

Beyond housing variables and for both years of analysis, we observe the expected
strong positive relationship between high educational attainment (university degree) and
income. Furthermore, a strong negative impact of the share of residential mobility on
median incomes in grid cells points to the fact that incoming and outgoing households
have a lower income/social status compared to constant residents, which seem to be the
drivers of in situ upgrading in some areas [50]. The share of households with different
migration backgrounds in the grid cells points to a social succession, with households with
backgrounds in the eastern European Union members forming a new migrant group and
gaining increasing importance, while ‘traditional’ migrant groups (ex-Yugoslavian and
Turkish) decreased in the area. In 2020/21, the share of households with persons born in
Eastern European countries and/or holding the citizenship of the respective countries is
strongly negatively related to the median income of a grid cell. Lastly, when controlling for
housing market segmentation, education, migration background and residential mobility,
location factors—here proxied by the mean property price in the neighbourhood—do not
have a statistically significant effect on household incomes in the area.

Regression outputs 3 and 4 (Table 3) reveal a negative correlation between the median
income level of a grid cell and the Gini coefficient of the same grid cell in both years of
analysis. The negative and slightly higher coefficient in 2020/21 points to a homogenisation
trend of neighbourhoods with higher median incomes, leading to a lower income gradient
within these neighbourhoods. However, the relationship between income and inequality is
not strictly linear, but rather follows a more complex pattern. Thus, inequality in a grid
cell, as measured by the Gini coefficient, can be driven by the bottom, middle, or top of the
income distribution.

The shares of transformed and non-transformed housing built before 1945 show a
significant positive correlation with income inequality at the micro scale. This meets our
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expectations, as these market segments with capped rents create greater social variation
within a neighbourhood. In conjunction with evidence on lower income levels within the
segment of pre-1945 transformed housing (in 2020/21), we can infer that higher inequality
in neighbourhoods with higher shares of this segment mainly relate to the clustering of
lower-income groups. This can be explained by the coincidence of owning and renting
residents in this segment, confirming existing findings [68]. In 2020/21, the share of
households in transformed historic houses had an even stronger positive impact on income
inequality compared to 2011. This outcome leads us to assume that, alongside the housing
boom during the 2010s and the increasing transformation of the historic housing stock,
the historic private housing stock turned out to be a driver of local social mix in terms
of variations in the incomes and education of its residents. Council housing produces
ambiguous and non-significant results in this study area, and therefore, the effect of this
segment on social mix, which was found by other studies [46], cannot be substantiated.

Apart from this result, income inequality in a grid cell is mainly driven by variations
in educational attainment and location factors, while it is significantly reduced by higher
shares of households with migration backgrounds, especially from ex-Yugoslavian coun-
tries, in a neighbourhood. This indicates that groups with similar incomes and migration
backgrounds tend cluster in some neighbourhoods, leading to lower social mix. When
controlling for the other factors, residential mobility seems to have no impact on income
inequality in a neighbourhood. In conjunction with the outcomes in model 1 and 2 of a
negative relationship with income levels, which would suggest a positive relationship with
inequality, this shows the spatially very selective nature of residential mobility in the area.

Regression outputs 5 and 6 (Table 3) show the drivers of local segregation of income
quintile groups. Median household income and income inequality are the main drivers
of segregation, with income presenting a U-shaped relationship, as evidenced by the
significant second-order polynomial terms. Not only do very high levels of income within
grid cells consequently lead to segregation across grid cells, but so do very low levels
of income or inequality. It is evident that in order for spatial segregation to exist, there
has to be some form of income inequality between individuals or households [28]. This
theoretically points towards a positive relationship between the two phenomena. However,
the direction of this relationship depends on the configuration of the income distribution
that drives inequality within a grid cell compared to the average configuration of income
distributions in all other grid cells4. Furthermore, the fact that income variation across
households in very small spatial units—as measured by the Gini coefficient—can be much
higher and be more strongly influenced by outliers than variation between quintile income
groups—as measured by the segregation score—can also influence the relationship between
inequality and segregation. Apart from this, for both years, the housing market segments
prove to have no additional explanatory value for local income segregation, which is partly
due to its correlation with the income variable.

5. Discussion

In this paper, we have analysed the spatial patterns and drivers of income inequal-
ity and income segregation at the micro scale. Our main intention was to estimate the
influence of housing market segments on the patterns and dynamics of income inequal-
ity/segregation. Our analysis at the scale of 100 × 100 m grid cells reveals two main results.

Firstly, household income displays a heterogenous pattern: A general decline along-
side the central–peripheral gradient is distorted by clustered areas with a more affluent
population, particularly alongside Mariahilfer Straße. Between 2011 and 2020/21, this pat-
tern remained stable or became even more pronounced. Similarly, the spatial pattern also
indicates declining income inequality along a central–peripheral gradient. This general
pattern is driven by the income gap between central and peripheral neighbourhoods. How-
ever, this general picture is distorted by the highly dispersed pattern of grid cells with
high or low incomes and income inequality. This points to the fact that we can encounter
social inequality even at the micro scale of 100 × 100 m grid cells, which is smaller than
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the scale of street blocks. Finally, the area of interest displays only weak segregation at
the micro scale, which is driven by a very small number of grid cells with a high upward
or downward deviation in social status. Altogether, even in this small area, the results
confirm high income variation and inequality, which cannot be explained merely by a
central–peripheral gradient, contrary to what the classic segregation literature might let us
assume [2,3].

Secondly, our analysis reveals a relationship between local housing market segmenta-
tion and income distribution in grid cells. Generally, our data indicate a high variation in
housing market segments within the area of study, as well as clear social variation between
these segments. The contrast between council housing, which represents the lowest median
income and income spread, and transformed historic tenement houses, which represent
the highest median income and income spread, is obvious. Our regression models indicate
that housing market segmentation generally has an impact on income levels, as well as
on income inequality, at the micro scale, in particular in 2020/21, at the peak of Vienna’s
house-price boom. The share of households in transformed and non-transformed historic
tenement houses is significantly related to higher income inequality in the grid cells. How-
ever, our models do not reveal any significant impact of housing market segments on
income micro-segregation.

Our analysis relies on microdata that link household and building data at the individ-
ual scale, which is a methodological novelty, in particular for Vienna. However, microdata
on personal income from wage-tax statistics have their limitations in terms of determining
the ‘real’ wealth or material well-being of households, which might distort the relationship
between housing market segments (and other variables, such as employment status, etc.)
and socio-economic inequality and segregation. Also, the ownership status of residents,
despite being an important control variable, is omitted from the models due to missing data:
In the segments of historic housing built pre-1945 (transformed and non-transformed), as
well as housing built post-1944, we do not know if residents are renting with a capped rent,
or if they are the owners of the flat. Furthermore, the small study area, which comprises
two small inner-city districts, both dominated by two housing market segments (historic
tenement houses, transformed and non-transformed) and characterised by a quite homo-
geneous, wealthy population compared to the city of Vienna as a whole, is a limitation.
Thus, the results must be interpreted cautiously. However, despite this limitation, our
analysis provides new insights regarding the social structure and dynamic of Vienna’s
housing market.

6. Conclusions

The empirical results of this analysis contribute to the debate on residential segregation
in two ways. Firstly, we have found that the idea of homogeneous neighbourhoods in the
city does not correspond to the socio-economic reality—at least not in Vienna’s inner-city,
densely built-up area. Statistical units larger than the street block hide these socio-economic
patterns and dynamics at the level of individual buildings. While most studies on micro-
segregation focus on the vertical dimension [21,22], this analysis shows that segregation
between individual residential buildings likewise has an impact on the social structure and
dynamic of a neighbourhood.

Secondly, notwithstanding the dominance of the historic housing stock in the area of
interest, we could illustrate that housing market segments have a direct significant influence
on income level and inequality at the micro scale and an indirect one on segregation. As
segregation is mainly determined by the income distribution in a neighbourhood and the
geography of housing market segments within urban space is a significant driver of income
levels and inequality, a mediating effect of housing market segments on micro-segregation
can be assumed. This confirms existing findings that point to the impact of the social
housing segment [36,46], but also highlights the important role of the historic housing stock
for social diversity in the neighbourhood.
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Both arguments taken together, the main assumptions of urban segregation concepts
that rely on the Chicago school must be considered much more critically, in particular for
the case of Vienna, but arguably also for many European cities.

These outcomes have conceptual implications, which are relevant for urban planners
as well as researchers: In a European city such as Vienna, considering housing market
segmentation is crucial for our understanding of the mutual relationship between housing
market dynamics and social change. Housing market segments, with their different entry
barriers, allocation systems, and ownership structures, not only distort the liberal market
mechanism. They also react very differently to general market dynamics, such as a house-
price boom or bust. As the transformation of Vienna’s historic housing stock shows in
particular, market segments and their patterns in urban space can turn into drivers of
income variation and inequality at the neighbourhood level.
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Appendix A. Correlation Matrices

Table A1. Variables 2011.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
(1) Median income (ln) 1
(2) Gini coef-ficient (ln) −0.13 1
(3) Multigroup local segreg. −0.25 −0.34 1
(4) Share council hous. −0.32 −0.24 0.28 1
(5) Share hous. built > 1944 0.05 −0.11 −0.02 −0.16 1
(6) Share hous. built < 1945 0.08 0.23 −0.12 −0.40 −0.56 1
(7) Share hous. built < 1945, tr. 0.04 0.16 −0.15 −0.10 −0.23 −0.30 1
(8) Share mig. bg., ex-YU −0.48 −0.25 0.23 0.14 −0.07 0.04 −0.05 1
(9) Share mig. bg., TR −0.40 −0.19 0.19 0.45 −0.12 −0.12 −0.06 0.42 1
(10) Share mig. bg., EU-East −0.12 −0.09 0.08 0.08 0.12 −0.10 −0.09 0.23 0.11 1
(11) Share mig. bg., World −0.33 −0.12 0.14 0.41 0.09 −0.25 −0.05 0.29 0.25 0.16 1
(12) Share univ. degree 0.61 0.31 −0.33 −0.44 −0.01 0.20 0.18 −0.60 −0.44 −0.22 −0.37 1
(13) Share res. mob. 2011–21 −0.31 0.11 0.06 −0.20 0.16 0.10 −0.03 0.20 −0.03 0.05 0.07 −0.04 1
(14) Share full-time employed 0.30 −0.20 −0.10 −0.21 0.24 −0.13 0.04 0.01 −0.05 0.07 −0.08 0.14 0.05 1
(15) Share pensioners −0.13 −0.24 0.20 0.36 −0.10 −0.10 −0.15 0.03 0.10 0.02 0.08 −0.34 −0.25 −0.63 1
(16) Share marg. empl. −0.39 0.41 0.00 −0.02 −0.08 0.07 0.13 0.04 0.06 −0.07 0.11 0.02 0.32 −0.23 −0.44 1
(17) Share unemployed −0.52 0.21 0.31 0.28 −0.10 −0.07 0.02 0.14 0.24 0.04 0.22 −0.35 0.14 −0.27 −0.01 0.53 1
(18) Share students −0.17 0.19 −0.16 −0.13 0.14 −0.08 0.09 −0.03 0.05 0.12 0.01 −0.06 0.18 0.02 −0.11 0.14 −0.01 1
(19) Average household size 0.43 −0.18 −0.01 0.13 −0.33 0.19 −0.04 0.04 0.07 0.01 0.04 0.04 −0.31 −0.01 0.08 −0.20 −0.18 −0.18 1
(20) Income depend. ratio −0.07 0.27 −0.03 −0.07 −0.02 0.10 −0.01 −0.11 −0.01 −0.10 −0.06 0.11 0.07 −0.16 −0.08 0.17 0.02 0.15 0.07 1
(21) Popul. dens. (inh./ha) −0.08 −0.10 0.20 0.12 0.07 −0.23 −0.04 −0.01 0.14 0.07 −0.06 −0.12 −0.13 0.05 0.05 −0.03 0.00 0.08 0.02 0.09 1
(22) Mean prop. price (ln) 0.37 0.32 −0.17 −0.17 −0.19 0.27 0.05 −0.45 −0.28 −0.20 −0.22 0.49 −0.22 −0.15 0.05 −0.11 −0.15 −0.14 0.07 0.11 −0.10 1
(23) Distance to centre (km) −0.25 −0.32 0.13 0.21 0.32 −0.39 −0.08 0.24 0.24 0.12 0.27 −0.44 0.15 0.18 0.01 0.02 0.14 0.10 −0.08 −0.13 0.08 −0.73 1
(24) Active mobility score 0.36 0.22 −0.06 −0.11 −0.20 0.29 −0.03 −0.33 −0.24 −0.16 −0.23 0.41 −0.17 −0.12 0.02 −0.10 −0.11 −0.23 0.08 0.01 −0.14 0.64 −0.59 1
(25) Amenity access score 0.23 0.31 −0.13 −0.23 −0.31 0.39 0.08 −0.25 −0.23 −0.15 −0.29 0.46 −0.10 −0.12 −0.07 −0.01 −0.17 −0.07 0.01 0.09 −0.07 0.63 −0.92 0.57 1

Source: Authors; Notes: Pearson correlation coefficient (r); N = 272 100 × 100 m grid cells. Rows/columns 1–3: Dependent variables; rows/columns 4–7: Housing market segments;
rows/columns 8–11: Migration background; rows/columns 12: Education; rows/columns 13: Residential mobility; rows/columns 14–18: Employment status; rows/columns 19–21:
Household composition; rows/columns 22–25: location factors.
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Table A2. Variables 2020/21.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
(1) Median income (ln) 1
(2) Gini coef-ficient (ln) −0.46 1
(3) Multigroup local segreg. −0.15 −0.27 1
(4) Share council hous. −0.30 −0.11 0.24 1
(5) Share hous. built > 1944 0.08 −0.16 −0.01 −0.15 1
(6) Share hous. built < 1945 0.08 0.14 −0.11 −0.36 −0.58 1
(7) Share hous. built < 1945, tr. 0.00 0.26 −0.15 −0.16 −0.28 −0.27 1
(8) Share mig. bg., ex-YU −0.46 −0.04 0.20 0.26 −0.02 −0.06 −0.11 1
(9) Share mig. bg., TR −0.29 −0.15 0.20 0.50 −0.09 −0.12 −0.16 0.36 1
(10) Share mig. bg., EU-East −0.31 0.09 0.10 0.07 0.19 −0.12 −0.11 0.24 0.20 1
(11) Share mig. bg., World −0.32 0.02 0.13 0.43 0.13 −0.25 −0.08 0.28 0.36 0.20 1
(12) Share univ. degree 0.60 0.07 −0.28 −0.54 0.07 0.16 0.22 −0.57 −0.43 −0.26 −0.41 1
(13) Share res. mob. 2011–21 −0.17 0.19 0.11 −0.16 0.38 −0.12 −0.07 0.08 −0.06 0.17 0.13 0.15 1
(14) Share full-time employed 0.22 −0.18 −0.08 −0.23 0.39 −0.20 −0.03 −0.03 −0.12 0.04 −0.01 0.24 0.45 1
(15) Share pensioners −0.05 −0.17 0.10 0.22 −0.13 −0.03 −0.09 0.05 0.12 −0.06 0.02 −0.37 −0.62 −0.59 1
(16) Share marg. empl. −0.31 0.36 0.05 0.07 −0.13 0.11 0.03 0.08 0.08 0.08 0.05 −0.07 0.30 −0.16 −0.46 1
(17) Share unemployed −0.51 0.15 0.29 0.50 −0.14 −0.06 −0.12 0.32 0.40 0.28 0.27 −0.44 0.06 −0.21 −0.01 0.34 1
(18) Share students −0.20 0.24 −0.11 −0.01 −0.05 0.08 0.01 0.03 −0.05 −0.03 −0.04 −0.04 0.13 −0.07 −0.09 0.41 −0.04 1
(19) Average household size 0.42 −0.23 0.03 0.14 −0.31 0.22 −0.05 0.06 0.19 −0.14 −0.07 0.02 −0.25 −0.14 0.15 −0.08 −0.03 −0.09 1
(20) Income depend. ratio −0.09 0.34 0.03 −0.10 −0.04 0.14 0.02 −0.16 −0.10 0.00 −0.04 0.02 0.14 −0.12 −0.05 0.18 0.01 0.09 −0.06 1
(21) Popul. dens. (inh./ha) −0.08 −0.12 0.18 0.10 0.13 −0.29 0.02 0.03 0.08 0.09 0.02 −0.12 0.01 0.08 −0.02 −0.01 0.04 −0.03 0.01 −0.12 1
(22) Mean prop. price (ln) 0.40 0.10 −0.13 −0.27 −0.21 0.34 0.06 −0.50 −0.29 −0.28 −0.31 0.49 −0.19 −0.15 0.04 −0.09 −0.25 −0.11 0.13 0.17 −0.15 1
(23) Distance to centre (km) −0.27 −0.12 0.09 0.25 0.30 −0.40 −0.09 0.34 0.22 0.26 0.31 −0.43 0.16 0.19 0.01 0.00 0.21 0.04 −0.11 −0.17 0.13 −0.85 1
(24) Active mobility score 0.38 −0.01 −0.02 −0.15 −0.16 0.31 −0.07 −0.32 −0.22 −0.28 −0.22 0.36 −0.14 −0.15 0.09 −0.10 −0.22 −0.16 0.11 0.10 −0.20 0.67 −0.59 1
(25) Amenity access score 0.28 0.12 −0.08 −0.27 −0.27 0.39 0.09 −0.33 −0.26 −0.32 −0.32 0.43 −0.13 −0.15 −0.03 −0.01 −0.26 −0.02 0.06 0.16 −0.12 0.81 −0.92 0.58 1

Source: Authors; Notes: Pearson correlation coefficient (r); N = 272 100 × 100 m grid cells. Rows/columns 1–3: Dependent variables; rows/columns 4–7: Housing market segments;
rows/columns 8–11: Migration background; rows/columns 12: Education; rows/columns 13: Residential mobility; rows/columns 14–18: Employment status; rows/columns 19–21:
Household composition; rows/columns 22–25: location factors.
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Notes
1 Table 1 shows all variables included in the final regression analyses. Many more variables were tested as controls based

on theoretical–conceptual considerations (see Section 3.2), but they were excluded from the final models due to issues of
multicollinearity and overfitting; see the correlation matrix in the Appendix A for a comprehensive overview of tested variables.

2 As opposed to Theil’s information theory index H, the Mutual Information Index M is not normalised between 0 and 1, but it is
the preferred segregation index to decompose global segregation into local segregation scores, indicating the contribution to
overall segregation.

3 In this case, we use Theil’s H index instead of the Mutual Information Index M, because it has methodological advantages for
analysing composite (aggregate) segregation [60].

4 For the decomposition of segregation into local segregation scores, the distribution of households across income quintiles was
analysed in each grid cell and compared to all other cells. Therefore, grid cells with the over- OR under-representation of certain
income quintiles compared to the global average receive higher local segregation scores.
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