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Abstract
Some have argued it is possible to infer different groups’ contributions to ethnic 
residential segregation from their individual neighborhood preferences. From this 
perspective, natives tend to be more segregation-promoting than non-natives, since 
they prefer neighborhoods where they are the majority. It remains unclear, however, 
whether this holds when one evaluates their contributions to segregation within a 
dynamic perspective. Using register data from Statistics Sweden, I define and model 
ten different groups’ residential behavior based on their ethnicity and family compo-
sition. I thereby simulate the residential mobility of the full population of Stockholm 
municipality residents from 1998 to 2012. Even though my results at the micro-level 
are consistent with previous studies, the simulation results show that foreign singles’ 
mobility patterns are more segregation-promoting than any other groups, since this 
group shows a greater in-group feedback effect regarding choice of new neighbor-
hoods, an effect that increases their flow from low-to-high segregated neighborhoods 
progressively. My results suggest that (1) integration initiatives would be more effi-
cient if focused on this particular group and (2) a proper evaluation of micro-behav-
iors’ implications for macro-patterns of segregation requires a dynamic approach 
accounting for groups’ heterogeneous behaviors and their main interdependencies 
on shaping segregation over time.
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Introduction

Ethnic residential segregation (henceforth “ERS”) is a predominant issue in mod-
ern societies. Its adverse consequences for achieving societies inclusive in earnings, 
health, or education are among the top priorities of academic and political agendas 
[3, 19, 23, 39, 53, 58, 61]. Previous investigations state that the selective inter-neigh-
borhood mobility of households who base their residential choices on distinct eth-
nic and socioeconomic neighborhood preferences cause ERS. From this perspective, 
households leave and avoid neighborhoods that do not satisfy their preferences and 
eventually stratify themselves unevenly across cities. This approach has led to two 
key assertions in the literature. First, household neighborhood ethnic preferences 
inform the level of segregation at the macro-level and, second, groups’ contributions 
to shaping segregation derive directly from those preferences. This study aims to 
challenge these statements. Building on dependence theories of individual choice, 
which state that individual actions are contingent on others’ actions and that this 
reliance produces emergent results at the macro-level not straightforwardly deriv-
able from individual choices [27, 54], I evaluate groups’ relative contributions to 
ERS.

To study how much different groups contribute to shaping ERS patterns while tak-
ing into account their dependencies and their cumulative effects on segregation pat-
terns, I implement a large-scale empirically calibrated simulation model of ERS in 
which the behavioral (neighborhood choice) and structural components of the model 
(e.g., income distribution, households’ spatial location, group shares, etc.) reflect 
unique micro-data from Swedish population registers from 1998 to 2012. Based on 
previous studies showing that households’ neighborhood choices depend strongly on 
their ethnic backgrounds (native, non-native, or mixed) and, more recently, on their 
family compositions (single, single–children, couple, or couple–children), I define 
and model ten household groups’ residential choices by applying conditional logit 
models to simulate their residential mobility over the years.

Using the simulation model, I assess counterfactual levels of ERS given that a 
particular group does not consider ethnic and socioeconomic aspects of the neigh-
borhoods in their residential choices [40]. I focus on these specific variables’ effects 
due to their relevance in previous studies analyzing ethnic residential segregation. 
Contrary to those studies’ suggestion, I find the mobility pattern of foreign singles 
to be the primary contributor to increasing ERS, which I show to be due to this 
group presenting a substantial in-group feedback effect regarding the choice of new 
neighborhoods, progressively increasing their flow from low-to-high segregated 
neighborhoods and, subsequently, setting in motion the opposite flow for Swedish 
households.

The Stockholm municipality constitutes this study’s data pool, an appealing 
case-study for analyzing ERS due to its peculiar demographic characteristics. The 
Stockholm municipality is one of the Europe’s most immigrant-dense areas, with the 
highest share of immigrant residents among Nordic cities. About 27% Stockholm’s 
residents have a non-Swedish background. The city has also hosted a large num-
ber of refugees in recent decades. Together, these facts have raised questions in the 
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political arena as to how to design integrative actions [47] to settle newcomers in the 
city while avoiding ERS’s detrimental effects [58].

In that sense, identifying groups’ contributions to ERS both sheds new light on 
the general theoretical discussion regarding segregation and, in particular, segre-
gation dynamics, while also, more broadly, facilitating new perspectives on initia-
tives toward improving inclusion [46], given that this identification is crucial to any 
political endeavor seeking to palliate ERS’s effects [2, 3, 31]. In this respect, my 
methodological strategy, highly grounded in empirical data and embedded within 
a holistic framework, provides a reliable scientific tool for evaluating policies and 
their implications realistically [16].

Below, I present how previous studies have addressed this research question while 
also elaborating upon my approach. Next, I introduce my methodological strategy 
in detail. I then present the main findings at three distinct levels: micro-behavior, 
macro-patterns, and processes analysis. Finally, I summarize my approach, discuss 
the results, and remark upon some implications for policy initiatives and future ERS 
studies.

ERS and groups’ contributions

Neighborhood mobility, how households move between neighborhoods, determines 
ERS, either positively or negatively. This concept has two relevant properties for 
understanding ERS, and consequently groups’ contributions to it: it is both group-
dependent and dynamic. The first property states that different groups, based on 
their ethnic origins, socioeconomic status, or household compositions, move differ-
ently between neighborhoods. The second, asserts that this group-specific behavior 
is interdependent; that is, actions depend on others’ actions, and this dependency 
constantly reshapes neighborhood-decision contexts for future households.

A prominent part of the ERS literature, grounded in a solid empirical foundation, 
has focused on exploring the group-specific property of neighborhood mobility. The 
most-studied aspect of this line of research has been households’ ethnic background. 
From this perspective, native households tend to move into native-dominated neigh-
borhoods and to avoid immigrant-dense neighborhoods, whereas non-native house-
holds tend to move into more mixed neighborhoods [8, 11, 13, 36, 56, 57].

More recent work on the group-specific property of neighborhood mobility eval-
uates how household composition mediates the effect of households’ ethnicity on 
neighborhood mobility. For example, [26] finds that native households with young 
children are more likely than childless ones to leave integrated neighborhoods. Simi-
larly, [42] discovers black singles are more segregated than white couples with chil-
dren. More recently, using Belgian census data, [14] found that single households 
tend to live more in mixed neighborhoods. Apart from life-course events associated 
with these patterns [15, 52], some have also argued that socioeconomic differences 
among distinct household structures and some ethnically driven factors may also 
play a role [42]. All in all, these diverse tendencies produce unequal distributions of 
groups across these categories at the macro-level [42, 48].
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These micro-level mobility propensities, some have argued, have two main impli-
cations at the macro-level. First, non-natives’ mobility patterns promote integration 
in that they tend to move into more integrated neighborhoods. Conversely, natives’ 
strong orientations toward native-dominated neighborhoods are more segregation-
promoting. Second, natives’ mobility propensities generally lead to their leaving 
and avoiding immigrant-dense neighborhoods over time, increasing levels of ERS. 
The terms employed in the literature for these effects are “white flight” and “white 
avoidance”, respectively [7, 18]. Both implications have thus led to the inference 
that native-mobility behavior is a major contributor to increasing ERS [18, 24, 45, 
50]. However, those implications overlook the dynamic property of neighborhood 
mobility as producing macro-patterns of segregation, demanding in turn an explicit 
account of the interdependencies underlying the process connecting individual 
behaviors to the collective outcomes attributed to them.

The micro–macro‑link on ERS dynamics

Identifying how different groups, distinguished by ethnic background and family 
composition, contribute to shaping ERS thus requires isolating the effect of their res-
idential mobility in promoting or diminishing segregation patterns. The nature of the 
puzzle necessitates some worthwhile elaboration. First, how different groups affect 
segregation is an empirical question, not about how segregation emerges within 
some highly unrealistic fully racially integrated environment, but how the movement 
of households, given empirically grounded initial conditions, alters segregation over 
time [40]. It is possible the processes that brought about segregation from massively 
integrated societies differed from those operating in modern cities. Second, it relates 
not only to individual factors affecting household mobility but also, and most impor-
tantly, to how their movements themselves eventually reshape segregation at the 
macro-level [30], conditioned on how other households have moved and how they 
affect one another over time: the dynamic approach [1, 55, 60].

The last proposition demands studying the interdependency of households’ move-
ments as a fundamental link between individual actions and the aggregated results 
they produce. In this view, the inferences and reductionisms concerning groups’ con-
tributions to ERS given their individual residential choices (discussed in the previ-
ous section), although appealing and commonsensical [60], lack a suitable analytical 
strategy for evaluating those choices’ effects on aggregated segregation outcomes.

Nevertheless, several investigations in segregation studies have tackled its 
dynamic aspect. Schelling’s model of segregation dynamics [54] is the seminal basis 
for a significant portion of this literature. Essentially, these models have focused 
on demonstrating the generative sufficiency of individual behavioral specifications 
[6, 17, 20, 64] under highly simplified conditions, that is, on whether the models 
are able to generate macro-segregation patterns.1 Highly stylized simulation mod-
els are powerful tools for analyzing micro-behaviors’ implications within abstract 

1  A review of these models appears in Huang et al. [32].
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environments theoretically [8], but the simplicity which is a virtue in that endeavor 
becomes a major limitation when the goal is addressing empirical questions (groups’ 
contribution to it) or deriving policy implications [62].

Another brand of research on segregation dynamics has focused on evaluating the 
implications of some micro-model assumptions on macro-patterns of segregation. 
For example, Bruch and Mare [9] find that different forms of functions governing 
the behavior of agents can produce different patterns of segregation. Similarly, Xie 
and Zhou [63] show that in-group heterogeneity of ethnic neighborhood preferences 
yields a lower level of segregation than homogeneity.

Models are instruments for learning from and intervening in the world [44]. This 
study conceives them as suitable virtual laboratories [37] for investigating the effect 
of theoretically driven interventions [21, 22, 37] within highly validated model 
parameters. This modeling approach recovers the idea of neighborhood mobility 
as a stem concept for analyzing ERS dynamics, accounting empirically for both 
its behavioral-structural properties and its dynamic aspects. Further, it allows us to 
address substantive issues otherwise unfeasible to analyze.

Summarizing the argument, different selective mobility patterns at the individual 
level between groups, based on ethnicity and composition, are necessary but insuf-
ficient for understanding groups’ contributions to ERS given its dynamic aspect. To 
examine these dynamics, I will implement a large-scale empirically calibrated simu-
lation model using register data for the entire population of the city of Stockholm.

Data and methods

My analytical strategy involves three phases. First, I estimate the simulation’s 
behavioral aspects—households’ residential mobility—using discrete choice mod-
els [5, 43, 59]. More specifically, I apply the adaptation of conditional logit mod-
els developed by Bruch and Mare [9, 10] to model neighborhood choices. During 
the second phase, I implement a large-scale empirically calibrated simulation model 
wherein agents’ neighborhood choices follow the coefficients estimated in the previ-
ous phase. Finally, I evaluate a set of counterfactual scenarios where I quantify each 
groups’ contribution while also explaining why distinct groups contribute differently 
to changing ERS patterns.

Empirically calibrated simulation models [4, 25] allow researchers to repre-
sent phenomena realistically, focusing their analyses on a set of empirically theo-
retically relevant parameters. A practice that has been conceived as a measure of 
models’ quality and reliability [28]. Awareness of this advantage has recently moti-
vated increased use of data in parameterizing simulation models in social sciences 
regarding a variety of aspects, such as share of ethnic groups [6], neighborhoods’ 
geographical boundaries [17, 64], or agents’ spatial distribution [41]. Empirically 
calibrating simulation parameters to reduce their degrees of freedom, furthermore, 
helps to improve models’ comprehensibility. Although highly empirically calibrated 
models can augment model complexity by enabling a greater number of parame-
ters, paradoxically, keeping them realistically fixed allows researchers to focus more 
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attention and effort on (1) studying down-to-earth research questions by counterfac-
tually evaluating the effects of one dimension of the model, and, most importantly, 
(2) analyzing the processes triggered [4, 38] following interventions in the model, 
that is, prise open the black box of the model results.

The simulation model implemented in this study simulates the neighborhood 
mobility of the full population of residents in the city of Stockholm from 1998 
to 2012. All the simulation’s parameters (e.g., different groups’ spatial distribu-
tion across the city, incomes, ethnic shares, and households’ composition shares) 
match real distributions for the city of Stockholm for the period under considera-
tion. The conditional logit models’ coefficients estimated for each group governs 
the residential behavior of the households in the simulation.

The groups

Based on the intersection of the two household dimensions relevant to neighbor-
hood choice identified in prior literature, ethnic background (natives, non-natives, 
and mixed) and the household composition (singles, singles with children, cou-
ples, and couples with children), I define and model the behavior of ten exclu-
sive groups (see Table  1). Whereas household composition reflects the number 
of persons living in a unique dwelling unit and the presence of children, house-
hold ethnicity depends on households’ country of origin: for this study non-single 
households are natives if both members of the couple are Swedish in background, 
immigrants if both have a foreign origin, and mixed if one has a Swedish origin. 
As noted in Table 1, Swedish single is the larger group and the group with the 
higher tendency to move around the city. Furthermore, households with children 
are the group with the highest disposable income.

Neighborhood mobility

Conditional logit models describe how individuals select alternatives within a 
finite, exhaustive, and exclusive set of options, allowing researchers to model sys-
tematic taste variation by incorporating both individual and neighborhood char-
acteristics in their estimations [5, 59]. This makes them suitable tools for mod-
eling neighborhood mobility while capturing relevant and heterogeneous aspects 
of neighborhood choice [29, 49]. Building on key theoretical insights from the 
literature concerning ERS, I specify a set of behavioral models in which neigh-
borhoods’ characteristics and their interaction with households’ characteristics, 
determine neighborhood choices. Neighborhoods’ characteristics: current neigh-
borhood or not (“Stay”), the proportion of swedes at neighborhoods (“P-Swed”), 
neighborhood average income (“NBH-Avg-Inc”), the proportion of renters/own-
ers at neighborhoods (“NBH-Prop-Rent”), neighborhood size (“NBH-size”), and 
the proportion of single households at neighborhoods (“Prop-Singles”). Interac-
tions: Euclidian distance between the centroid of the current neighborhood and 
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other neighborhoods’ centroids (“H-Dist-NBH”), current neighborhood by the 
proportion of swedes at neighborhoods (“Stay X P-Swed”), current neighborhood 
by neighborhood size (“Stay X NBH-size”), current neighborhood by housing 
ownership – renter or owner (“Stay X Owner”), the absolute difference between 
the proportion of swedes at current neighborhood and other neighborhoods 
(“Diff-Share”), the absolute difference between household income and average 
neighborhoods’ income (“SES-Homo”), and household average age by the pro-
portion of swedes at neighborhoods (“Age X P-Swed”). Drawing on Bruch and 
Mare [10], I specify the following model for each group described above:

where pijt+1(Zj,Xi,C(i)) denotes the probability that household i selects the neigh-
borhood j in time t + 1, conditioned on the observed characteristics on time t of the 
neighborhood j ( Zj ), the observed characteristics of household i ( Xi ), and the choice 
set of the household i ( C(i) ). �ijt represents the unobserved characteristics of both the 
neighborhood and the household and follows a type I extreme value (Gumbel) distri-
bution. β, γ, δ, and θ are the parameters to be estimated. Mj is the number of house-
holds living in the neighborhood j. Since households’ characteristics ( Xit ) are rel-
evant to neighborhood choice but the model estimation does not discriminate among 
them, I enter them as interaction terms in �ZjtXit . Furthermore, the model specifica-
tion allows for the possibility that households evaluate their current neighborhoods 
differently than potential ones by including a dummy variable Dijt (the “Stay” vari-
able in the previous paragraph), where 0 means a different neighborhood and 1 the 
current one. And finally, given the high computational cost of estimating these dis-
crete choice models, following Jarvis’s suggestion [35], I sample 20 percent of the 
neighborhood alternatives (including the chosen alternative), where qijt denotes the 
probability of sample the alternative j for household i.

The data

I use Swedish longitudinal register data for the whole population of residents in 
the Stockholm municipality between 1998 and 2012. As previous studies based 

(1)

pijt+1
�

Zj,Xi,C(i)

�

=
exp

�

�Zjt + �ZjtXit + �Dijt + �DijtZjt − lnqijt + lnMj + �ijt

�

∑

k∈Ci
exp

�

�Zjt + �ZjtXit + �Dikt + �DiktZkt − lnqikt + lnMk + �ikt

�

Table 2   SAMS summary statistics

Statistic Mean St. Dev Min Pctl. (25) Pctl. (75) Max

Avg. size 3693.9 2934.5 47 1380.8 5260.5 14,240
Avg. income 2463.5 1096.6 748 1767.6 2767.5 8367
Avg. age 45.337 5.342 26 42 49 67
Avg. prop. Swedes 0.766 0.134 0.109 0.744 0.841 0.944
Avg. prop. Renters 0.506 0.259 0.000 0.306 0.712 1.000
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on Swedish data, I define neighborhoods using the Small Area Market Statistics 
(SAMS). SAMSs are smaller divisions of Swedish municipalities (see polygons in 
Map 1). In total, the simulation involves 128 SAMSs. Table 2 shows the descrip-
tive statistics of the SAMSs’ variables used in the estimation of the conditional 
logit models and the simulation. The geographical space of the model is circum-
scribed thus to the Stockholm municipality (see Map 1). In addition to rich informa-
tion about sociodemographic and geospatial variables, these records contain annual 
mobility information. In this study, a movement is defined whenever a household 
changes her SAMS’s identification from one year to another as long as the move-
ment has taken place within the circumscribed area. During the conditional logit 
models’ estimation, I exclude from the analysis of those movements which took 
place inside the same SAMS identification since they did not provide any variation 
at the neighborhood level. These movements represent around 0.1 percent of all the 
mobility records.

The simulation procedure

ERS processes unfold as a result of at least four patterns of movements: (1) stayers, 
(2) movers, (3) dropouts, and (4) the newly arrived. In the simulation, dropouts and 
the newly arrived are treated as exogenous events under the assumption their behav-
ior corresponds to different motivations than those of movers and stayers. I include 
them in the simulation, however, since over time they affect neighborhoods’ compo-
sition and consequently other households’ mobility. Likewise, since each household 
accounts for a set of members, it might be the case that households split or join, as 
well. Under the assumption that both behaviors correspond to a different drive than 
regular residential movements, their behaviors are not modeled but are included as 
it is reported in the registers. For example, if a household split into two new house-
holds from time t to time t + 1 (e.g., a divorce), those new households will appear 
in the neighborhoods they moved into in time t + 1. Or, if two households join from 
time t to time t + 1 (e.g., a marriage), they will appear in the neighborhood as indi-
cated in the registers in time t + 1. Therefore, during the simulation, only the resi-
dential behavior of those households who stay or move around the city and do not 
change their family composition for two consecutive years will be governed by the 
coefficients of the conditional logit models.

The simulation proceeds as follows:

1.	 At the beginning of the simulation, households are distributed in the city (Map 
1) following households’ spatial distribution for the city of Stockholm in 1998. 
Furthermore, households’ and neighborhoods’ characteristics are parameterized 
using Swedish registers for the same year.
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2.	 Then, every household that stays or moves around the city between the current 
year and the next, and does not change their family composition, evaluates indi-
vidually the probability of choosing each neighborhood (including their actual 
neighborhood) using the conditional model specified in Eq. (1). Using a multino-
mial sampling based on the predicted probabilities for each of the 128 neighbor-
hoods, each household sample one neighborhood: if the sampled neighborhood is 
the same, the household chooses to stay, otherwise, she moves into the new one.

3.	 Once all households have chosen, I remove and add, based on empirical registers, 
dropouts (for the current year), and newly arrived households (for the next year), 
respectively. Moreover, households who have split or joined, are updated and 
placed in the neighborhoods as it is indicated in the registers.2

4.	 After that, I evaluate the level of ERS using the Dissimilarity Index [34] at the 
household level, taking foreign households as a reference group.

5.	 For the next year in the simulation, households’ attributes (household composi-
tion, income, house ownership, age) are updated based on Swedish registers, as 
well as households’ new neighborhood (if they moved) and neighborhood char-
acteristics (ethnic share, socioeconomic status, size) as a result of the residential 
mobility during the previous year. However, for all the simulations, the parameter 
for the proportion of rental houses for each neighborhood is constant for all the 
years and takes the values for the year 1998.

6.	 Steps 2–5 are repeated until the year 2012.

Results

In this section, I present the study’s main results. The first part will focus on the 
behavioral aspects, the conditional logit models, the second on the macro-patterns 
of ERS obtained from a set of counterfactual experiments in the simulation model. 
Finally, the third part centers on opening the black box of the main results.

Behavioral models on neighborhood choice

Models’ estimates are shown in Table 3 for each group. Given the complex interac-
tions specified in the models, I opt to showing their predicted probabilities to get a 
sense of their behavioral implications and to make them comparable to other studies 
on neighborhood choices discussed in previous sections. I estimate the same model 
specification separately for each group considered in the study.

Figures 1 and 2 show the behavioral aspects of all groups. These plots illustrate 
the effects of some neighborhood-level covariates (while holding others constant) 
on the probabilities households will select them. Overall, the results are in line with 

2  From the total number of households, on average for two consecutive years, 76% will stay in the same 
neighborhood, 6.5% will move around the city, 6.5% will leave the city, 7% will arrive at the city, 2% will 
split, and 2% will join in a new household.
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previous findings in the literature. I find significant differences in the behavioral pat-
terns across groups, but, interestingly, also noteworthy similarities.

Figure  1 shows the main differences. Concerning households’ ethnic back-
ground, I find that Swedish households are more likely to stay in Swedish neighbor-
hoods compared to foreign households, for whom the effect is far less pronounced, 
although in the same direction (in panel a of Fig. 1). Similarly, Swedes are more 
likely to move into Swede-dominated areas than are foreign families, who incline 
more to move into neighborhoods where they are neither the majority nor the minor-
ity (in panel b of Fig. 1). With respect to composition, Swedish couples with chil-
dren are less likely to stay in non-Swedish neighborhoods than their counterpart 
singles, but equally likely to move into areas dominated by Swedes. Except for cou-
ple–children households, who prefer to stay in more mixed neighborhoods, foreign 
households do not show significant differences as to their structures when it comes 
to the neighborhoods’ ethnic compositions.

I specify the proportion of single households in neighborhoods in the conditional 
logit model as a proxy to capture certain neighborhood characteristics which may 
be more desirable to single households than to non-singles [33, 42]. As indicated in 
panel d of Fig. 1, both foreign and Swedish singles exhibit higher probabilities of 
moving into neighborhoods with higher shares of singles, whereas couples and cou-
ple with children households, in general, show the opposite tendency.

Surprisingly, households do display some similar mobility patterns regardless of 
ethnic background or composition. As Fig.  2b and d show, socioeconomic–ethnic 
homophily channels part of their moving-in behavior, creating a clear bias, espe-
cially for Swedish families, in choosing neighborhoods with similar ethnic shares 
and socioeconomic characteristics. Finally, households are more inclined to choose 

Map 1   SAMS spatial distribution at Stockholm municipality
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nearby neighborhoods, as well as places where the proportion of rented houses is 
higher.

Groups’ contributions within a dynamic perspective

While in the previous section I have shown major residential mobility patterns of 
different groups based on ethnic background and household composition, here I pre-
sent their main macro-level implications for ERS dynamics within an empirically 
calibrated simulation framework. More specifically, this part of the analysis seeks to 
evaluate to what extent each group contributes to modifying segregation.

My analytical strategy involves two steps. The first focuses on implementing a 
basic simulation model. In this model, households’ behavior follows the conditional 
logit model parameters estimated in the previous stage. This model also acts as a 
reference line for quantifying how much segregation levels change within a set of 
counterfactual simulations. Given the importance of this analysis, I perform several 

Fig. 1   Predicted probabilities of choosing a Neighborhood: differences
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external validity tests to evaluate whether the basic model reliably mimics actual 
patterns of segregation at different levels. The results of this analysis show a high 
correspondence between the basic model results and actual levels of segregation.3

The second step queries the basic model: the interventions. In particular, I seek 
to evaluate several counterfactual scenarios under one specific intervention: house-
holds’ blind choices concerning neighborhoods’ ethnic and socioeconomic features. 
Namely, what would the level of segregation have been had one specific group con-
sidered neither ethnic share nor socio-economic aspects in its neighborhood choice, 
maintaining other groups’ behavior as in the basic model? Thus, I run a set of 
experiments wherein I compare, for all groups, the long-term results obtained from 
the basic model with the long-term results from the intervened models. The differ-
ence between the segregation levels produced by the basic and the intervened model 
therefore quantify groups’ contribution to changing levels of segregation due to eth-
nic and socioeconomic factors.

Fig. 2   Predicted probabilities of choosing a Neighborhood: similarities

3  All the external validation tests are shown in the appendix in ESM.
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Each intervention consists of multiplying by zero (deactivating) all coefficients 
in the behavioral choice related to ethnic and socioeconomic aspects of the neigh-
borhood choice for each specific intervened group. Coefficients in bold in Table 3 
were manipulated for all the interventions. I then apply a factorial experiment design 
between groups and interventions to evaluate comparatively the effect of each group 
on ERS.

The grounds for the interventions lie in the identification of the interaction 
between the households’ ethnic-socioeconomic character and neighborhoods’ eth-
nic-socioeconomic status as the key driver of ERS. They stand at the heart of both 
“the spatial assimilation theory" and “the place stratification model’’, respectively, 
two of the most mainstream explanations for ERS [12]. As Figs. 1 and 2 have shown, 
these variables capture the idea that households tend to move into neighborhoods on 
the basis of ethnic shares and socioeconomic status, conditioned on their own eth-
nic background, composition, and disposable income. Accordingly, a blind choice as 
to those aspects should remove any segregation-promoting mobility for each group. 
Therefore, I predict a drop in segregation levels following those factors’ deactiva-
tion. However, it is uncertain which group would exhibit a deeper fall: which group 
would contribute the most to changing levels of ERS?

Given that interventions on certain groups did not reveal significant variations 
during the computational experiments, compared with the basic model, I display 
only the results of interventions on those that did: foreign singles, foreign couples 
with children, Swedish singles, and Swedish couples with children.

Figure  3 depicts the main results of our computational experiments.4 As 
expected, for all the interventions implemented (ethnic–socioeconomic aspects of 

Fig. 3   Simulation Results. 
Y-axis shows the average 
percentage change in the Dis-
similarity Index in reference 
to the results obtained on the 
basic model. X-axis shows the 
effect when all the groups are 
intervened and also disaggre-
gated results by composition 
and ethnicity

4  The figure shows the average results of twenty simulations for each intervention and for the basic 
model.
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neighborhood choice being deactivated), the level of segregation decreases. In terms 
of household composition, interventions in single households show a greater effect 
reducing segregation. However, the intervention upon foreign singles reduced segre-
gation by more than seven percentage points, a substantially greater effect compared 
with those on the other groups. Results in Fig. 3 hold even when ERS is measured at 
the individual level instead of the household level, with alternative spatial segrega-
tion indices [51], and with a random distribution of newcomers into the city. In addi-
tion, I also relax the assumption that households’ house ownership matters for their 
residential mobility by running a sensitivity analysis where the coefficient "Stay X 
Owner" is multiplied by zero, and I get the same patterns. A more detailed sensitiv-
ity analysis is shown in the appendix.

These results in Fig. 3 show that how foreign singles move across the city has 
a more significant impact on positively changing ERS (when intervention removes 

Fig. 4   Feedback effect of group mobility. The plot shows the average percentage change in the move-
in probabilities of groups (rows) when one group moves (columns). The x-axis shows neighborhoods 
ordered by percentage change for each column
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their segregation-promoting behavior from the model, segregation drops) relative to 
all other groups. However, what Fig. 3 does not tell us is why and how this group’s 
mobility pattern should be more determinant. The following section aims to shed 
some light on this point, analyzing the processes triggered under a foreign single 
group intervention.

Unveiling the process

This section aims at explaining why foreign single households contribute the most to 
changing levels of ERS. My analytical approach consists of comparing the results of 
the basic model with the foreign single intervention in three different levels: (1) the 
feedback effect between and among groups, (2) the cumulative inter-neighborhood 
mobility flow of groups, and (3) the typical patterns of inter-neighborhood mobility 
among groups.

Drawing on Schelling’s approach to analyzing dynamic systems [55], I evaluate 
how the mobility of groups influences the probabilities of other groups choosing 

Fig. 5   Cumulative inter-neighborhood mobility for single and couple-children foreigners. The y-axis 
shows the neighborhoods clustered according to the proportion of foreigners, from higher proportions 
(black circles) to lower proportions (grey circles). The x-axis show the years. The thickness of the lines 
measures the cumulative amount of flow between clustered neighborhoods across the years (in reference 
to the year 1998), whereas the color whether these movements are segregation-promoting (red lines) 
or integration promoting (black lines). The first column (Basic Model) depicts the results for the basic 
model while the second (Intervention) for the simulations in which the ethnic-socioeconomic aspects of 
neighborhood choice are deactivated only for foreign-singles
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future neighborhoods. Thus, I isolate this effect by evaluating how the mobility of 
one group affects next-year mobility patterns for the same and for other groups.

Figure 4 shows the results of this analysis. By looking at the diagonal of Fig. 4, 
we find that all groups display a considerable self-reinforcement effect: when they 
move, the probabilities of same-group selecting the same neighborhoods the next 
year increase.

Overall, this effect is stronger for foreign than for Swedish households and, within 
foreign households, stronger still for single ones. Conversely, Swedish households 
expose a different pattern across household types. For example, neighborhoods that 
have become less attractive to foreign and Swedish singles because of the movement 
of Swedish singles become more attractive to Swedish couple–children households.

One way of evaluating the aggregated implications of these feedback effects 
on ERS is by examining how inter-neighborhood mobility evolves, that is to say, 
how residential mobility between neighborhoods increases year after year. Since 
mapping the inter-mobility of 128 neighborhoods would have been uninforma-
tive, I cluster them in 20 groups according to their shares of foreigners.

Fig. 6   Cumulative inter-neighborhood mobility for single and couple-children Swedes. The y-axis shows 
the neighborhoods clustered according to the proportion of foreigners, from higher proportions (black 
circles) to lower proportions (grey circles). The x-axis show the years. The thickness of the lines meas-
ures the cumulative amount of flow between clustered neighborhoods across the years (in reference to the 
year 1998), whereas the color whether these movements are segregation-promoting (red lines) or integra-
tion promoting (black lines). The first column (Basic Model) depicts the results for the basic model while 
the second (Intervention) for the simulations in which the ethnic-socioeconomic aspects of neighborhood 
choice are deactivated only for foreign-singles
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Figures 5 and 6 illustrate this analysis. In Fig. 5, the results of the basic model 
(first column) show that single– and to a lesser extent couple–children foreign 
households gradually increase their transit from neighborhoods with lower shares 
of foreigners to neighborhoods with higher shares (red lines). This mobility pat-
tern gradually increases segregation by reducing the proportion of foreigners in 
native neighborhoods and at the same time increasing the proportion of foreign-
ers in segregated neighborhoods. Interestingly, under the foreign single interven-
tion (second column in Fig. 5), foreign singles drastically reduce their mobility 
from less to more immigrant-dense neighborhoods (thinner red lines), instead 
increasing their inter-neighborhood mobility between neighborhoods with the 
same share of foreigners (thicker black lines). Couple–children foreigners follow 
a similar pattern.

On the other hand, Swedish households reveal the opposite pattern, as Fig. 6 
makes clear. In the basic model (first column), Swedes primarily move between 
Swedish neighborhoods (black lines). Yet, from the year 2006 onwards, they pro-
gressively start moving from higher-foreign-share neighborhoods to lower ones 
(red lines): the white flight [7]. The foreign single intervention (second column 
in Fig. 6), however, significantly attenuates the white flight effect, reflected in the 
thickness and number of red lines in the plot.

In general, foreign households’ mobility, concretely single ones’, show a strong 
feedback effect in terms of neighborhoods’ destinations, leading them increasingly 
to move into more segregated places. This trend subsequently triggered white flight, 
amplifying even more the pattern of segregation. All in all, the concatenation of both 
forces contributes sequentially to raising the level of ERS. Nevertheless, the fact 
that none of the interventions carried out on Swedish households has had a stronger 
effect on changing segregation suggests their contribution has only a marginal effect 
compared to that of foreigners.

At this point of the analysis, it is puzzling why Swedish households, who produce 
white flight and white avoidance (as indicated in Figs. 1 and 2), do not significantly 
change the level of ERS following alteration of their mobility patterns. Figure 7 pre-
sents some insights into this. The plot shows the most typical flow patterns among 
neighborhoods for foreign and Swedish single households under the basic model.5

The plot shows that foreign single households exhibit a more heterogeneous 
mobility pattern in terms of neighborhoods’ ethnic composition, moving between 
highly segregated neighborhoods, and in both segregating and desegregating direc-
tions (crossing red and black lines). On the other hand, Swedish single households’ 
mobility takes place overwhelmingly across Swedish neighborhoods. Most interest-
ingly, despite this, their mobility flow interleaves segregation-promoting (red lines) 
and integration-promoting (black lines). That is, Swedish-households’ inter-mobil-
ity patterns cancel out their contribution to increasing segregation over the years. 
This finding recognizes Swedish mobility patterns regarding ERS much more as 

5  For each two consecutive years, I evaluate the proportion of movers between clustered neighborhoods 
for each specific group. The plots show the interquartile rate of this distribution across the years. The 
typical patterns shown in Fig. 7 hold for different family compositions and for all interventions.
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Fig. 7   Typical inter-neighborhood mobility patterns for singles. The y-axis shows the neighbor-hoods 
clustered according to the proportion of foreigners, from lower proportions (bottom side) to higher pro-
portions (upper side). The x-axis represents the years. The size of the circle measures the number of 
movers. The thickness of the lines measures the amount of flow between grouped neigh-borhoods. The 
color of the lines represents whether these movements are segregation-promoting (red lines) or integra-
tion promoting (black lines)
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segregation-keeping than segregation-changing. Furthermore, it explains why, in all 
the interventions carried out on this group (see Fig. 3), the level of segregation did 
not drop significantly.

Conclusion and discussion

ERS is a social phenomenon brought about by the continuous and interdependent 
inter-neighborhood mobility of several ethnic–socioeconomic groups over time. 
Understanding groups’ contributions to changing segregation requires evaluating not 
only what determines groups’ mobility at the micro-level, but also how their actual 
mobility eventually affects macro-segregation patterns within specific empirically 
grounded initial conditions. Previous studies, on one side, have indirectly inferred 
groups’ contributions to ERS from individual behavioral models, omitting crucial 
dynamic aspects of residential mobility. Dynamic studies, on the other side, have 
explored the implications of some micro-foundation rules within highly stylized 
environments, overlooking key empirical aspects. This study is an effort to reconcile 
both approaches’ strengths.

Based on the two main determinants of households’ neighborhood mobility at 
the micro-level, ethnic background, and household composition, I define and model 
ten different groups’ behavior by estimating a set of conditional logit models using 
register data for the city of Stockholm. Then, I implement a large-scale empirically 
calibrated simulation model on ERS to evaluate these groups’ relative contributions 
to segregation change. At the micro-level, the results are in line with previous find-
ings in the literature on segregation, providing the groups’ decision-rules with high 
solvency as regards evaluating their actions’ macro-implications. Both ethnicity and 
family composition [26, 42] help explaining heterogeneous patterns of neighbor-
hood choice.

At the dynamic side, I conduct a set of computational experiments wherein I 
counterfactually evaluate the effects of ethnic and socioeconomic aspects in neigh-
borhood choice for each group. I find foreign singles to be the most segregation-pro-
moting group. Unlike other households, their neighborhood mobility shows a strong 
self-reinforcement in-group effect with regard to choosing future neighborhoods. 
This feedback effect on this group yields a progressively increasing flow from low-
immigrant neighborhoods to high-immigrant neighborhoods. Ultimately, this ten-
dency fosters segregation because more foreign households move into segregated 
neighborhoods and, simultaneously, more native households leave segregated neigh-
borhoods. However, Swedes did not significantly contribute to changing levels of 
segregation since their predominant inter-neighborhood mobility takes place within 
highly Swedish-dominated neighborhoods.

This paper contributes to the segregation literature in two key aspects. First, it 
shows the importance of simulation models to understanding unobvious ways in 
which individual actions relate to macro-patterns of segregation. Even though for-
eign single groups contribute more significantly to raising the level of ERS: (1) they 
do not show strong patterns of leaving or moving into neighborhoods due to neigh-
borhoods’ ethnic composition, as happens with Swedish households in general, (2) 
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they are not the largest group, making up 12 percent of the population compared 
with Swedish singles (who represent 51 percent), and (3) their movements represent 
15 percent of the total number of movements, while Swedish singles represent 64 
percent. Second, this study not only provides quantitative results of the computa-
tional experiments carried out, but also prises open the black box of the unfolded 
machinery– the mechanisms–for each intervention. Mapping this concatenation of 
events provides a more precise account of the processes triggered by specific inter-
ventions in the model and, consequently, makes salient the effects of any prospective 
policy interventions.

These findings show that, under realistic initial conditions, foreign singles’ 
mobility is much more segregation-promoting than other groups’. Some clarifica-
tions, however, necessitate closer elaboration. Even though evidence suggests that 
landlords negatively prejudge single households in the housing market [42], leading, 
consequently, to far greater discrimination than their non-single counterpart face, I 
was not able to distinguish those discriminatory practices in my behavioral models. 
Nonetheless, the data used in this study allow me to observe how both factors oper-
ate together in shaping households’ mobility. In this vein, we may think of my simu-
lation approach as a pairing-up system, matching groups with neighborhoods based 
on some theoretically relevant characteristics on either side.

From a policy implication perspective, my results suggest that foreign single 
households are the most efficient target group for any integration initiative. This 
implication is particularly relevant for Sweden, where approximately half the popu-
lation corresponds to a single-person household. Other involvement would focus on 
reversing the residential flow of foreign singles, either by promoting their mobility 
into Swedish-dominated areas or by creating one-person dwelling units in strategic 
residential areas to foster greater desegregation.

Simulation models are powerful tools for understanding social systems, and when 
set within realistic environments, become reliable instruments for exploring impacts 
of potential interventions. Modelers must go further than simple quantification of 
models’ results, investigating how interventions in the model affect its dynamics 
over time. The complexities of ERS demand analysis of more dimensions that may 
also be critical to our understanding of segregation.
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