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Abstract

The persistence of residential segregation and slow cultural assimilation among eth-
nic minorities has become an increasingly pressing policy concern in Western societies.
Understanding how neighborhood segregation influences cultural assimilation is key to
designing effective integration policies. To address this, I estimate a dynamic general
equilibrium model of neighborhood choice and ethnic minorities’ cultural assimilation
using an 18-year micro panel dataset that tracks neighborhood choices and proxy mea-
sures of cultural assimilation. Both ethnic minorities and majorities select neighborhoods
based on cultural similarity with neighbors, while ethnic minorities also decide on assim-
ilation, with associated costs depending on their exposure to the majority population.
Counterfactual policy experiments show that a rent subsidy policy encouraging ethnic
minorities to relocate from enclaves to majority neighborhoods effectively promotes cul-
tural assimilation and desegregation.
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1 Introduction

The residential segregation of minorities in Western societies, particularly among Muslim
populations, has become a growing concern in recent years. In the United Kingdom—the fo-
cus of this study—nearly half of the Muslim population, which comprises only 5% of the total
population, lived in neighborhoods where at least 20% of residents were Muslim, according
to the 2011 Census. Projections by the Pew Research Center estimate that the Muslim pop-
ulation in the UK could rise to 16.7% by 2050 (Pew Research Center (2017)), raising concerns
that persistent segregation may deepen social divisions. Similar patterns exist across other
European countries, prompting discussions on integration policies. For example, Denmark
implemented the Ghetto Law in 2018, which aims to disperse ethnic minorities living in so-
called “ghettos” or parallel societies—defined as areas where at least 50% of residents are from
non-Western backgrounds—into other parts of the country to promote integration (Lundsteen
(2023)). Assessing whether such desegregation policies successfully foster social integration
requires a deeper understanding of how residential segregation influences cultural assimila-
tion, which is the focus of this paper.

This paper examines how ethnic minorities culturally assimilate and how this process in-
teracts with neighborhood selection. Following the approach of Bisin et al. (2004), one of the
first empirical studies to apply rigorous economic modeling to cultural evolution, I conceptu-
alize both cultural assimilation and residential sorting as optimal decisions made by rational,
forward-looking individuals. To study this, I develop a general equilibrium model of neigh-
borhood choice and cultural assimilation using dynamic programming, estimating it with
microdata from the United Kingdom. Using structural estimates from the model, I simulate
counterfactual housing integration policies to assess their effectiveness in reducing segrega-
tion and fostering cultural assimilation. Structural modeling is particularly valuable for such
counterfactual analysis, as it accounts for endogenous market price adjustments and poten-
tial "White flight" dynamics (Schelling (1971)) that could arise under large-scale desegregation
policies. The results indicate that targeted rent subsidies encouraging ethnic minorities to re-
locate to majority neighborhoods are particularly effective in promoting cultural assimilation
and reducing segregation, while ethnicity-neutral rent subsidy policies have a more limited
impact.

The key economic intuition underlying the model is that cultural assimilation functions as
a valuable human capital asset, facilitating social interactions and labor market participation.
However, assimilation often entails substantial effort costs, making it an attractive investment
primarily for those who expect long-term benefits—such as younger individuals with longer
time horizons. A crucial factor influencing this decision is individuals’ expectations about

future social interactions. Individuals who expect to remain in ethnic enclaves, often due to



financial constraints on housing, may have little incentive to culturally assimilate, as their
interactions will primarily be with culturally similar neighbors. In contrast, those planning
to move to majority neighborhoods—whether for better amenities or labor market opportu-
nities—are more likely to view cultural assimilation as beneficial, anticipating more frequent
interaction with the majority population. At the same time, living in majority neighborhoods
further facilitates cultural assimilation by increasing exposure to the dominant culture, re-
inforcing the interdependence between neighborhood choice and cultural integration. This
dynamic life-cycle general equilibrium framework captures these interactions.

The model advances the structural migration literature by endogenizing cultural assimi-
lation, a key factor influencing location choice. Previous studies have typically treated indi-
vidual unobserved heterogeneity in location preferences as fixed (Kennan and Walker (2011),
Bishop (2012), Galiani et al. (2015), Piyapromdee (2021), Bayer et al. (2016), Davis et al. (2021),
Davis et al. (2023)). Each period, households make sequential decisions about their neighbor-
hood, female employment, and future cultural assimilation status, taking into account equilib-
rium prices—housing prices, local skill prices, and neighborhood ethnic compositions—along
with other exogenous location characteristics. A key implication of the model is that cultural
assimilation by ethnic minorities is undersupplied in a competitive equilibrium, as individ-
uals do not internalize the broader societal benefits of their assimilation. This externality in
neighborhood choice, driven by homophily, prevents applying the First Welfare Theorem that
guarantees Pareto-efficiency of competitive equilibrium and provides a rationale for govern-
ment intervention to desegregate housing markets and incentivize assimilation.

The primary dataset used for estimation is the Millennium Cohort Study (MCS), which
spans 18 years and includes repeated observations on detailed neighborhood locations and
ethnic minorities’ assimilation status. This dataset allows for a life-cycle analysis of neighbor-
hood sorting and cultural assimilation. In selecting proxy variables for cultural assimilation, I
follow Adida et al. (2016), who identify religiosity, gender attitudes, and language proficiency
as key dimensions of Muslim immigrants’ integration in Western Europe. To manage the high
dimensionality of this information, I employ recent econometric approaches for modeling un-
observed heterogeneity using proxy variables (Hu (2008), Hu and Shum (2012), Hu (2017),
Cunbha et al. (2010), Agostinelli and Wiswall (2025)). These methods treat proxy variables as
noisy measurements of a latent cultural assimilation type, estimating their relationships with
the latent variable while accounting for measurement error. This approach extends the struc-
tural applied microeconomics literature on cultural evolution (Bisin et al. (2004), Fogli and
Veldkamp (2011), Fernandez (2013), Bisin and Tura (2019), Adda et al. (2020)), which has tra-
ditionally focused on single cultural dimensions using proxy variables assumed to be free of
measurement error, such as female labor force participation, fertility, religion, and interracial
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The model is estimated using the Conditional Choice Probability (CCP) estimator Hwang
(2024), which extends Arcidiacono and Miller (2011) by incorporating proxy likelihoods. The
CCP estimator is particularly well-suited for this setting, as the presence of multiple equilib-
ria and the model’s general equilibrium structure make full-solution-based estimators, such
as the Simulated Method of Moments, challenging to apply.!

Structural estimates confirm that homophily—the tendency to migrate to culturally similar
neighborhoods—is strong for both groups but significantly stronger among White British than
non-White British. Additionally, the neighborhood environment plays a crucial role in cul-
tural assimilation for non-White British individuals. Those living in closer proximity to White
British residents experience significantly lower assimilation costs. This finding implies that
housing market desegregation policies will influence the rate of cultural assimilation among
non-White British, with the speed of assimilation varying based on the degree of exposure to
majority-group neighbors.

The counterfactual experiment compares two desegregation policies—an ethnicity-conscious
policy (similar to the Gautreaux Program in Chicago, Chyn et al. (2025)) and an ethnicity-
neutral policy (similar to the Moving to Opportunity (MTO) program in various U.S. cities,
Chetty et al. (2016)). The Gautreaux Program, which relocated African American families to
majority White neighborhoods, was found to be highly effective in fostering racial desegrega-
tion and integration, as evidenced by increased interracial marriage rates and upward mobility
for treated families. In contrast, the MTO program focused on relocating participants to low-
poverty areas, which were not necessarily predominantly White. As Chyn et al. (2025) notes,
“Among MTO participants who relocated to low-poverty neighborhoods, just 18 percent moved to
neighborhoods that were majority white." While MTO successfully promoted upward mobility
for young children (Chetty and Hendren (2018)), it was less effective at reducing racial segre-
gation. For discussions on other social integration policies, see Fouka (2023).

Simulating similar policies in the UK, I find that ethnicity-conscious subsidies signifi-
cantly enhance both desegregation and cultural assimilation, while ethnicity-neutral subsidies
have minimal impact. Under a welfare-maximizing means-tested ethnicity-conscious subsidy
(capped at 90%), the unassimilated non-White British share decreases by 5% (1.91 percentage
points), and the segregation index declines by 22% (0.12) by the year 2040. A more modest
means-tested ethnicity-conscious policy that provides a similar average subsidy to the current
UK housing subsidy program (capped at 60%) still reduces the unassimilated non White British
by 2% (0.67 percentage points) and segregation by 9% (0.05). In contrast, an ethnicity-neutral
subsidy with a similar average subsidy to the current UK program (capped at 70%) results in a

1% increase in the unassimilated non White British (0.33 percentage points) and only a 1% de-

'However, counterfactual simulations require solving for equilibrium, in which case I adopt an explicit equi-
librium selection rule to identify the outcome closest to the baseline.



crease in the segregation index (0.01). Importantly, means-tested ethnicity-conscious policies
improve the welfare of both White British and non-White British residents. These findings
highlight the potential of well-designed, targeted integration policies to simultaneously re-
duce segregation, promote cultural assimilation, and enhance overall social welfare—offering
a viable path for policymakers seeking to foster more integrated societies.

The paper is structured as follows: Section 2 discusses the data and reduced-form evi-
dence. Section 3 presents the structural model. Section 4 outlines the estimation strategy and

explains estimation results. Section 5 analyzes counterfactual policies. Section 6 concludes.

2 Descriptive Evidence

2.1 Context and Data

My study focuses on England and Wales, where Muslims—who make up about 5% of the total
population (Census 2011)—are among the most segregated minority groups. Nearly half of all
Muslims reside in neighborhoods where at least one in five residents is also Muslim. Mean-
while, the White British population, the largest ethnic group, has been steadily declining due
to immigration, with its share falling from 87.5% in 2001 to 74.4% in 20212,

The primary dataset used for estimation is the Millennium Cohort Study (MCS; Univer-
sity of London. Institute of Education. Centre for Longitudinal Studies. (2022)), which tracks
individuals born between 2000 and 2002 along with their guardians, primarily biological par-
ents. This dataset is particularly valuable for this study for several reasons. First, it over-
sampled ethnic minority households, including 500 Muslim households. Second, it repeatedly
collected data on cultural preferences and English proficiency, which are critical for identifi-
cation. Third, the Secure Access version provides detailed retrospective migration histories
at a fine geographic scale—Lower Super Output Areas (LSOAs)—which have an average pop-
ulation of only 1,500 residents. The dataset covers all 34,378 LSOAs? in England and Wales.

Following Adida et al. (2016), I select proxy variables to identify cultural assimilation; Table
1 lists the selected measures?. Adida et al. (2016) highlight religiosity, gender attitudes, and
language proficiency as key cultural dimensions shaping the assimilation of Muslim immi-

grants, one of the largest non-White British subgroups in the dataset. To reduce dimension-

2Source: https://www.ethnicity-facts-figures.service.gov.uk/
uk-population-by-ethnicity

3Geographic boundaries as of 2001 were used.

“The MCS includes numerous gender attitude-related questions. To improve computational efficiency, I se-
lected a subset based on relevance. The primary variable chosen was: “A child is likely to suffer if his or her
mother works” Additional proxies were identified using LASSO regression to select the best predictors of this
main variable.


https://www.ethnicity-facts-figures.service.gov.uk/uk-population-by-ethnicity
https://www.ethnicity-facts-figures.service.gov.uk/uk-population-by-ethnicity

Table 1: Subjective Measures Included in Estimation

Questionnaire Wave
Variables on Religiosity
e How often, if at all, do you attend services or meetings connected with 1, 2%,
your religion. Do you attend... 3,4
Gender Attitude
o A child is likely to suffer if his or her mother works before he/she starts 1.9
school ’
e Couples who have children should not separate 1,2
e All in all, family life suffers when the woman has a full-time job
Language Ability
e Is English the language usually spoken at home? 1,2,3%,
4,5,6

o Whether interviewed in English 1.23.4.5.6.7

Note: This table shows the MCS questionnaires for the proxies used in the estimation. 7: Religious attendance in
wave 2 was asked only for new respondents. : Response scale changed in wave 3.

ality, I estimate a single latent cultural assimilation variable, which is indirectly measured
using proxy variables for both male and female spouses (Table 1). Additionally, I account for
measurement error in these proxies by estimating its extent and incorporating it into the es-
timation procedure (Online Appendix Section F).

Another commonly used measure of cultural assimilation—the foreignness index of names
(Fouka (2020))—is not included in this analysis for several reasons. First, respondent names
are not available in this dataset. Second, because names are typically assigned at birth and
rarely change, they do not effectively capture the gradual process of cultural assimilation over
an individual’s lifetime.

I supplement the MCS with several additional datasets, summarized in Supplemental Ap-
pendix A. To estimate local labor market skill prices and Total Factor Productivity (TFP), I
use administrative payroll tax records from the Annual Survey of Hours and Earnings (ASHE;
Office for National Statistics (2022)). To estimate the yearly income process—since MCS does
not provide annual income data—I use the British Household Panel Survey (BHPS) and the
UK Household Longitudinal Study (UKHLS) (University of Essex, Institute for Social and
Economic Research (2022)). Additionally, I incorporate Census and Census Migration Flow
data for local area statistics and migration distance distributions. Median house price data is
sourced from HM Land Registry, and neighborhood deprivation index data is obtained from
Abel et al. (2016).



Figure 1: Evidence of Time-Varying Cultural Traits

Female Traditional Gender Attitude Index Non-Western Religiosity Index

o] 0.60

5
|

0
L

-0.30

\47 o] 4 60//
=l

T T T T T
2001 2005 2010 2015 2018

Standardized (mean 0, sd 1)
Standardized (mean 0, sd 1)

T T T T T
2001 2005 2010 2015 2018 T
Year
‘—-— Others ~—&—— Muslims
‘—-— Others —&—— Muslims l
Source : MCS wave 1-4
Source : MCS wave 1-2 Variable : rsma
Variable  chsu, nose Non-Western religion includes Hinduism, Islam, Sikhism, Buddnism
Interviewed in English English Usage at Home Index

0.55
095
039

-0.22

T T T T T
2001 2005 2010 2015 2018
Year

1

I

6
|

9
o
S

Standardized (mean 0, sd 1)
4
1

0 2
1 |

7
I
-2
L

0.6!

0: not in English 1: in English
8
L

-4

©

T T T T T
2001 2005 2010 2015 2018
Year

‘+ Others —&— Muslims l

‘+ Others —&— Muslims l

Source : MCS wave 1-5
Source : MCS wave 1-7 Variable - hlan

Note: This figure shows the raw means of proxy variables for cultural traits from MCS data. ‘Others’ is
defined as non-White British, non-Muslims.

2.2 Reduced-Form Evidence

In this section, I show a few stylized facts from data, which motivate a structural model pre-

sented in the next section.

2.2.1 Fact 1: Evidence of Time-Varying Cultural Traits

The cultural traits of ethnic minorities have gradually changed over time, as shown by the
raw mean of the proxy variables of these traits (Figure 1). The cultural proxy variables are
summarized into a traditional gender attitude index, non-Western religiosity index, English
usage at home index, and an indicator of whether a respondent was interviewed in English.
Every index was normalized to have a mean of 0 and a standard deviation of 1 for interpreting
the scale. I use both female and male guardian responses unless otherwise specified. Only the
English interview variable was measured in all waves, so the figure shows the raw means for
available years (see Table 1). The gender attitude questions were asked only in the first two
waves, and for male respondents, the responses to these questions in wave two are mostly

missing. So, I only report the female traditional gender attitude index changes over time. For



Table 2: Neighborhood Sorting by Cultural Preferences

Dependent Var: NBHD White British density (std.)

Sample: Non White British

Traditional Gender Attitude Index -0.212***
(0.0325)
Foreign Language Usage Index -0.241***
(0.0149)

Non-Western Religiosity Index -0.194***

(0.0129)
Controls Yes Yes Yes
Sample NWHB NWHB NWHB
N 1067 7443 4477
R-square 0.179 0.196 0.211
Partial R-square 0.038 0.077 0.088

Note: Standard errors are clustered at the household level and are presented in parentheses. All index variables
and the dependent variable were standardized. Controls include male and female age quadratic polynomials,
education dummies, and log labor income. For details about how each index was constructed, see Supplemental
Appendix B. ‘NWHB’ stands for non-White British.

* p<0.05 “p<0.01, *p<0.001

the non-Western religiosity index, I count Hinduism, Islam, Sikhism, and Buddhism as non-
Western religions. I construct this index by using a variable on the frequency of religious
meeting attendance.

Figure 1 shows that non-White British’s gender attitude has become more liberal, more
similar to that of White British, and they exhibited better English proficiency and more fre-
quent use of English over time. However, interestingly, there is no evidence that their non-
Western religiosity has weakened over time. Instead, it shows a slight increase in non-Western
religiosity in later surveys. Muslims appear to be the most culturally distinct from White
British compared to the “Others", defined as non-White British, non-Muslims. Still, both
groups appear to have assimilated in gender attitudes and language dimensions over time.
To sum up, there is evidence of change in non-White British cultural preferences over time,
but not all cultural dimensions changed in the same way: in terms of gender attitude and
language, non-White British appear to have assimilated into White British, most notably in

language dimension, but their religiosity has not changed very much.



2.2.2 Fact 2: Neighborhood Sorting by Cultural Preferences

This section demonstrates that cultural preferences are strongly linked to neighborhood choice,
even after accounting for economic factors. This finding motivates the development of a
model in which neighborhood selection is influenced by the cultural preferences of ethnic
minorities.

Table 2 examines how the ethnic composition of a neighborhood—measured as the stan-
dardized White British density—varies with respondents’ cultural preferences. The cultural
preference indices used here are similar to those in the previous section®. Details on index
construction are provided in Supplemental Appendix B. All regressions control for key eco-
nomic variables, including education, income, and age, and standard errors are clustered at
the household level. The last row of the table presents the partial R-squares for the cultural
preference indices.

The results indicate a strong relationship between cultural preferences and neighborhood
sorting. Non-White British individuals with cultural traits more distinct from White British
tend to live in neighborhoods with fewer White British residents. Specifically, a one-standard-
deviation increase in cultural preference indices corresponds to a 0.19 to 0.24 standard devia-
tion decrease in neighborhood White British density. This suggests that cultural preferences

play a significant role in residential sorting, even after controlling for economic factors.

2.2.3 Fact 3: Migration Patterns in the Estimation Sample

This section examines the migration patterns observed in the estimation sample®. Table 3
summarizes these migration patterns.

Attrition in the selected sample is not severe: on average, individuals are observed for 15
out of the 18 total years. Notably, the number of observed years is similar between White
British and non-White British individuals, alleviating concerns about selective attrition®.

Migration rates are slightly higher for non-White British individuals: 50% of White British

> A minor difference is that these indices aggregate responses from both male and female spouses.

®For details on sample selection, see Section 4.1. The MCS survey is not conducted annually, but I construct
a yearly migration history using retrospective questions.” The analysis focuses on the natural parent sample,
excluding step-parents, under the assumption that parents lived with the cohort member throughout. To mini-
mize sample loss, when the exact year of relocation is missing, I impute it by randomly selecting a year between
the last and current survey waves. Since the average gap between survey waves is relatively short (2-4 years),
this imputation likely introduces only a 1-3 year discrepancy from the actual moving year. Further details on
missing data for the year of relocation are provided in Table E.1 in the Supplemental Appendix.

8Since the non-White British sample includes more immigrants, they might be more likely to have emigrated
during the sample period, leading to sample dropout. Although the data lacks detailed attrition information
to directly identify emigration events, the comparable number of observed years between White British and
non-White British individuals suggests that selective emigration is not a significant concern.



and 55% of non-White British moved at least once during the sample period. Among those
who moved, White British relocated an average of 1.5 times, while non-White British moved
1.3 times. Both groups exhibited a tendency to move to neighborhoods with a higher share of
White British residents (56% and 68% of moves, respectively) and a lower share of Muslim resi-
dents (55% and 68%, respectively). However, non-White British individuals showed a stronger
preference for such neighborhoods. On average, when moving, non-White British relocated
to neighborhoods with 13 percentage points higher White British density and 8.8 percentage
points lower Muslim density. In contrast, White British individuals moved to neighborhoods
with only a 2.4 percentage point increase in White British density and a 0.8 percentage point

decrease in Muslim density.
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Table 3: Summary Statistics (Mean, SD) of Migration Patterns

White British Non-White British

Num of Observed Years 15.387 14.981
(2.401) (2.381)
% Ever Moved 2001-2018 0.5 0.545
(0.5) (0.498)
Num of Moves (Cond. on Ever Moved) 1.474 1.306
(0.798) (0.622)
A NBHD White British Density (%, Cond. on Moving) 0.024 0.130
(0.111) (0.256)
A NBHD White British Density (%, Cond. on Staying) -0.004 -0.011
(0.005) (0.008)
% Moved to Less White British NBHD 0.438 0.317
(0.496) (0.466)
% Moved to More White British NBHD 0.562 0.683
(0.496) (0.466)
Change in NBHD WHB Density (Cond. on Moving to Less -0.039 0115
WHB NBHD) ' ’
(0.066) (0.134)
Change in NBHD WHB Density (Cond. on Moving to More
WHB NBHD) 0.074 0.244
(0.113) (0.217)
A NBHD Muslim Density (%, Cond. on Moving) -0.008 -0.088
(0.063) (0.219)
A NBHD Muslim Density (%, Cond. on Staying) 0.001 0.006
(0.003) (0.007)
% Moved to Less Muslim NBHD 0.551 0.682
(0.498) (0.466)
% Moved to More Muslim NBHD 0.449 0.318
(0.498) (0.466)
Change in NBHD Muslim Density (Cond. on Moving to Less -0.026 0.171
Muslim NBHD) ’ ’
(0.073) (0.204)
Change in NBHD Muslim Density (Cond. on Moving to More 0.013 0.0
Muslim NBHD) ’ ’
(0.037) (0.121)
Num of Individuals 1234 1234
Num of Individual-Year 18987 18487

Source: Millennium Cohort Study, wave 1-7.

Note: This table shows the mean and standard deviation of migration pattern-related variables in the
estimation sample. Mean is shown without parentheses, and the standard deviations are presented in
parentheses. For sample selection, see Section 4.1. ‘WHB’=White British, NBHD’=Neighborhood.

2.2.4 Fact 4: Correlation Between Migration and Cultural Preferences
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Table 4: Correlation Between Change in Neighborhood (NBHD) Demographics and
Non-White British Cultural Assimilation

Depvar: Last - First Cultural Preference Indices

All Sample Movers Only
Tradi- Non- . Tradi- Non- )
. Foreign . Foreign
tional Western Laneuase tional Western Laneuase
Gender Religios- uag Gender Religios- uag
. . Usage . . Usage
Attitude ity Attitude ity
A NBHD *% * *% *
WHRB % 0.392 -0.772 -0.467 0.230 0.918 0.522
(0.303) (0.287) (0.181) (0.377) (0.348) (0.207)
A NB.HD 0.157 -0.167 0.0832 -0.168 -0.445 0.0285
Muslim %
(0.413) (0.357) (0.205) (0.460) (0.425) (0.230)
A Years 2.318 4,974 9.320 2.412 5.711 10.495
Controls Yes Yes Yes Yes Yes Yes
Sample NWHB NWHB NWHB NWHB NWHB NWHB
Movers Movers Movers
N 705 1415 1873 177 491 794
R-square 0.168 0.235 0.248 0.207 0.216 0.276

Source: MCS Wave 1-7

Note: Standard errors are in parentheses. Controls include the number of years between the first and
last survey, first-year cultural preference indices, and first-year neighborhood White British and Muslim
densities. All indices are standardized, so the dependent variable changes are interpreted as changes in
the index’s standard deviation. ‘WHB’ means White British, NWHB’ is non-White British. * p <0.05, **
p<0.01, **p<0.001

In this section, I show the evidence that cultural assimilation is closely intertwined with
migration. I use the same non-White British sample and similar cultural preference indices’
used in Table 2 and examine the correlation between changes in the cultural preference in-
dices and changes in their neighborhood environment, measured as White British and Muslim
densities. The first three columns used all samples, and the last three columns used movers
only. Those who were living in ethnic enclaves and who were least assimilated in the first
year are the ones who have the potential to show the biggest change in cultural preference.
Therefore, I control for their characteristics in the first survey year in all regressions, includ-
ing the first-year cultural preference indices and first-year neighborhood White British and

Muslim densities. Also, I control for the number of years between the first and last survey

°T made one minor change in the cultural preference index construction to minimize missing values. For
the traditional gender attitude index, I used only female responses and ‘chsu’ and ‘nose’ variables only. First,
another gender attitude variable ‘fasu’ was asked only once, so using this variable would prevent constructing
a longitudinal gender norm index. Second, too few male respondents answered any gender attitude question
repeatedly, so I used female responses only to minimize missing values.

12



years.

Table 4 shows that those who lived with more White British over time are the ones who
showed more cultural assimilation in terms of lower non-Western religiosity and less foreign
language use. In all samples, a 100% increase in the neighborhood White British density is
associated with a 0.772 standard deviation decrease in non-Western religiosity and a 0.467
standard deviation decrease in foreign language usage. The point estimates for the mover
sample imply a much stronger association, but they are statistically not different from the
ones for the entire sample. There is no evidence of a significant correlation between changes
in a traditional gender attitude and changes in the neighborhood environment. However, gen-
der attitude questions were asked in only waves 1 and 2, so the time difference between the
first and last survey years is too small to observe substantial cultural assimilation. To sum
up, there is strong evidence that non-White British cultural assimilation is associated with
changes in the neighborhood demographics, and this provides a direct motivation to study a

dynamic model of neighborhood choice and ethnic minorities’ cultural assimilation.

2.2.5 Fact 5: Association Between Economic and Cultural Assimilation

This section examines whether cultural assimilation leads to economic gains in the labor mar-
ket. Table 5 presents individual fixed-effects regressions of female labor earnings and employ-
ment on cultural preference indices used in previous sections. A similar analysis for male labor
earnings yields comparable results (Table E.2 in the Supplemental Appendix).

The results indicate that within-individual changes in cultural assimilation do not influ-
ence within-individual changes in labor earnings. While this may seem inconsistent with
prior research linking cultural assimilation levels to wage levels (Abramitzky et al. (2020)),
the findings suggest that although initial cultural assimilation may be correlated with wage
levels, subsequent assimilation does not drive wage growth. For example, ethnic minorities
with limited cultural and language skills may work in occupations where these skills are less
essential, such as manual labor. In these jobs, incremental improvements in language profi-
ciency may have little effect on wages. However, a reduction in traditional gender attitudes is
associated with a higher likelihood of female employment, while changes in non-Western re-
ligiosity or English proficiency show no significant relationship with employment outcomes.

These findings have direct implications for the structural model introduced in the next
section. The within-individual wage growth specification should exclude cultural assimila-
tion changes as explanatory variables, provided that initial wage levels remain unrestricted in
their relationship to initial cultural assimilation. However, the structural female labor supply

equation must incorporate within-individual cultural assimilation changes, as the evidence
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Table 5: Association Between Economic and Cultural Assimilation

Dependent Variable:

Female Log Labor Income Whether Female Works
Traditional
Gender Attitude 0.0633 -0.0430"
Index

(0.0672) (0.0194)
Non-Western -0.00843 -0.00216
Religiosity Index
(0.0288) (0.00590)
Foreign
Language Usage 0.00556 0.000697
Index
(0.0284) (0.00569)

Sample NWHB NWHB NWHB NWHB NWHB NWHB
Age Pol Yes Yes Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Labor Market FE Yes Yes Yes Yes Yes Yes
N 1037 2107 3383 2538 6155 10384
R-square 0.060 0.036 0.039 0.054 0.043 0.062

Source: MCS Wave 1-7
Note: Standard errors are clustered at the household level and are in parentheses. In every regression,
a quadratic age polynomial, individual fixed effect, year fixed effect, and labor market fixed effect are
controlled. The unit for labor income is in 2015 £. ‘NWHB’ stands for non-White British. * p < 0.05, **
p<0.01, *$<0.001

3 Model

suggests that assimilation influences female labor force participation.

Before presenting the formal model, I provide an overview of its key components. The model
conceptualizes cultural assimilation as a latent discrete type, referred to as “social position,"
which represents a household’s position in a one-dimensional “social space." This social posi-

tion serves as a state variable in a dynamic life-cycle model of neighborhood choice.

The majority population, White British, are assumed to have a fixed social position at the

leftmost end of the social space (“Type 1") throughout their lifetime. While, in principle, the
majority population could assimilate into minority cultures, I do not model cultural assimila-

tion for White British households due to data limitations. The survey lacks measures for how
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majorities adopt minority cultures, whereas it does track cultural assimilation among ethnic
minorities. This assumption is also reasonable in the UK context, where White British people
typically do not learn minority languages such as Hindi or Urdu as immigration increases,
whereas South Asian immigrants commonly learn English upon arrival. In contrast, ethnic
minorities can actively change their social position relative to White British by exerting costly
effort. They can transition between Type 1 (most assimilated) and Type 2 (least assimilated).
I assume that Type 1 individuals—the most assimilated non-White British—are indistinguish-
able from White British.

The model incorporates several assumptions for tractability and identification. First, I ex-
plored an extended version where the most assimilated non-White British are distinguished
from White British, but this specification was not identified given the available data. As a
result, I impose the assumption that the most assimilated non-White British share the same
social position as White British. Second, I originally considered allowing for three social posi-
tion types instead of two but found that the available proxy data does not cleanly distinguish
among them, and estimation results were sensitive to different identification assumptions (see
Online Appendix Figures E.2 and E.3). Therefore, I assume only two social position types,
though the framework can be extended to accommodate additional types if future data al-
lows.

The model follows a dynamic discrete choice framework in which households make three
sequential decisions in each period: 1. Neighborhood choice — Households choose where to
live, considering economic factors (e.g., housing prices, local skill prices) and social factors
(e.g., cultural proximity to neighbors), 2. Female employment decision — This decision is ex-
plicitly modeled because female labor market participation often signals cultural assimilation,
providing important identifying variation. 3. Social position choice for the next period — The
cost of cultural assimilation depends on neighborhood composition, particularly the share of
White British neighbors.

These decisions are forward-looking: when choosing their social position type, individuals
account for the impact on their future migration choices, employment opportunities, and as-
similation incentives. For instance, ethnic minorities who expect to remain in ethnic enclaves
have little incentive to assimilate, while those planning to move into majority neighborhoods
may find assimilation beneficial.

The model operates in general equilibrium, with three key endogenous aggregate vari-
ables: 1. Housing prices — Determined by the local demand for housing, therefore migration
decision, 2. Skill prices in the labor market — Influenced by the human capital distribution of
workers in each region. 3. Neighborhood composition — Evolving based on individual migra-
tion decisions.

To close the model, I specify equilibrium equations for housing prices and skill prices, en-
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suring that market conditions adjust in response to individual choices. Neighborhood com-
position is also endogenous, shaped by the collective migration decisions of all households.

Below, I formally introduce the model environment, timing assumptions, and notations.

Environment: Choices, Timing, Shocks

I assume a non-stationary infinite time-horizon, t € 9 = {1,--- ,00}. The non-stationarity
assumption is useful to capture the fast-changing social environment in the UK context: immi-
gration has been rapidly increasing during the time period captured in the data, so a station-
ary environment is unlikely. Inflows and outflows of the population are taken exogenously. I
study an equilibrium under perfect foresight (for the next two periods, including all subperi-
ods) assumption, which I will elaborate on later. The decision-maker i is a married household
whose female spouse is aged between ) > 0 and </ < co. For tractability, I abstract away
from marriage and divorce problems.

I assume each household makes multiple discrete choices sequentially within a period.
State variables are updated after each discrete choice is made, so I introduce a notation of
three subperiods within a period, £(s), s € {1,2,3}. I denote the state variables at the beginning
of each subperiod at time ¢ as Q;45). Under the assumption of perfect foresight, households
are assumed to have complete knowledge of future aggregate conditions, including prices and
neighborhood compositions, in all subsequent subperiods and periods. The state variables at
time t in a subperiod s, Q;(s), includes (1) neighborhood index jj;(s), (2) social position u;(s),
(3) female human capital hjs(g), (4) female age a;s(s), (5) a dummy whether the female respon-
dent is White British D;, (6) time index £(s). The social position u;; (s is a representative posi-
tion of the household that is identified from the responses of both male and female spouses. So
when a non-White British female has a White British spouse, which is 13.5% of our non-White
British sample, such a household is likely to be identified as an assimilated ethnic minority
due to the male spouse’s responses in our estimation. Due to the discrete nature of survey
measurements, social position u;(s) is assumed to be discrete, so u;ss5) € {1,--,u},u <oo. I
include only female human capital stock into state variables to limit the number of state vari-
ables for computation, and I assume the male human capital stock is a parametric function of

female human capital stock. To sum up, the state variables are

Qits) = Jites) Uires)) Pir(s), Qirs)» Di, £(S)}. (1)

At the beginning of each period ¢, the household first chooses a new neighborhood j; ()

F
it(2)’

price at the new location j;;). Finally, the (non-White British) household can choose the

to live in, and next female spouse decides whether to work, P conditional on the skill
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new social position for the next period u;;11(1)!°. Before making each discrete choice, rel-
evant stochastic shocks are realized. There are four types of shocks in the model. There
are choice-specific Gumbel shocks for neighborhood and social position choice denoted as
{€1itqy, - €5ie )b €jir) "4 Gumbel(0,1)" and {1it@3) 7 Sqirsh Suit®) Lid. Gumbel(0,0,).
And there is a normally distributed human capital shock to explain wage variation, w;;) ~
N(0,02), and a logistically distributed shock for the household utility from female leisure to
match female employment variation, 1;,2) ~ logistic(0,0p).

I allow every structural parameter to vary by White British ethnicity (D;) to capture poten-
tial differences in preferences!? or potential market discrimination. However, for notational
simplicity, I omit the superscript D;. This specification improves model fit and ensures that
homophily preferences are not confounded with broader differences between White British
and non-White British individuals, as neighborhood composition is often correlated with var-

ious other neighborhood characteristics.

First Subperiod: Location Choice

The flow payoff associated with the location choice j’ conditional on current location
j is modeled as a flexible function of origin and destination characteristics and household
characteristics. Specifically, )/(]; captures the base housing price elasticity, and y{ is a vector
of coefficients for the exogenous neighborhood amenity vector. The neighborhood amenity
vector includes the (minus log of) neighborhood deprivation index, the log of college graduate
share, the housing quality index, and the control function, which is crucial to address the en-
dogeneity of the housing price. See Appendix D for details on the construction of the control
function. To explain briefly, the control function is a measure of the unobserved neighborhood
amenities, which can explain why people prefer to move to an expensive neighborhood. The
instrumental variable used for the control function is similar to the one introduced in Bayer
et al. (2016), and it is the predicted housing price in the non-adjacent but nearby neighbor-
hoods, defined as an area between 5 miles and 10 miles away from the neighborhood. These
non-adjacent but close neighborhoods are substitutes in the local housing market and can af-
fect housing prices in equilibrium, but they are non-adjacent, so their unobserved amenities
are likely to be not correlated.

I assume moving to a culturally dissimilar neighborhood j’ from current neighborhood

19While the choice of social position could, in principle, be made at a different time, adopting a timing as-
sumption where the unobserved state is determined one period in advance ensures consistency with the “Lim-
ited Feedback" assumption in Hu and Shum (2012). This, in turn, allows me to apply the identification results
established in Hu and Shum (2012).

1The Gumbel shock dispersion parameter for a location choice is normalized to 1 for identification.

2For instance, non-White British individuals may have distinct preferences for housing quality due to cultural
factors or exhibit different price elasticity, possibly because many send remittances to family members abroad.
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it incurs amoving cost MC(ji¢q), j'), which depends on the distance between one’s own so-
cial position and the average social position in the destination neighborhood Ca (|u;¢1) —uj|).
This term can explain residential segregation between White British and non-White British.
Other terms in the moving cost function include the physical distance between origin and

destination and the female spouse’s (rescaled) age.'

M Qi j) = yélog(house price ;) +Y{ftAmenity(]'l)' +MC(jirq), J) (2)
MC(jir, j) = (Co+ C1Age;, + Colluipqy = Wjrel) x 1(jisay # )
+Cslog(distance(jirq), j)+1), Coy, C1,Co,C3>0 3)

Several alternative specifications were explored but ultimately not chosen due to identi-
fication challenges or poor model fit. First, the current specification models homophily as
a moving cost factor rather than a flow utility amenity. An alternative specification'* that
includes homophily in the flow utility function failed to capture the strong tipping point be-
havior observed in the data, even with fixed moving costs (Card et al. (2008)). Specifically, the
inflow of culturally dissimilar residents does not trigger immediate outmigration, but movers
tend to relocate to culturally similar neighborhoods, reflecting strong homophily in location
choice. The current specification better aligns with this pattern. Second, the model assumes
that White British individuals like the most assimilated non-White British (u;;1) = 1) the same
as other White British. An extended specification introducing a parameter to capture potential
differences in this preference was explored but proved difficult to identify in the data. There-
fore, this restriction was adopted for identification. Third, cultural assimilation is assumed not
to influence preferences for exogenous neighborhood amenities such as housing quality. This
assumption was maintained because an extended model allowing utility for amenities to vary
by social position type yielded imprecise estimates that were not statistically different across

groups. Given this, I adopt a simpler specification, assuming a common y{ for all individuals.

Second Subperiod: Female Employment

The flow payoff in the second subperiod following the female employment decision com-
prises of utility from the log of household income (log(Rj;2) x (hir2) + hl.sf()z))) if the female
fﬁz)) if the female spouse does not work and disutility from

working conditional on social position, Zzzlyf LWirs) = k). Ry is the equilibrium skill

spouse works and log(Rj;2) x h

BThe rescaled age, Age = (Age —20)/10, was used for a computational advantage.

l4Under this specification, the model likelihood remains similar, with the social distance amenity coefficient
for non-White British statistically indistinguishable from zero, while for White British, it is small but significantly
positive.
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price in the labor market [ that the neighborhood j belongs to.

u
M?(Qir@); Piyp) = {Yoplog(an % (hire) + o)) + 3 Vel Win) = k)}PzFrm *
k=1

Yo 108 (R 1)) (1= Pfy ) (4)

I assume that individuals accumulate human capital through work experience while also
facing stochastic shocks each period. The social position of non-White British individuals does
not influence wage growth. Importantly, this specification does not contradict prior research
on labor market discrimination against immigrants, which finds a relationship between wage
levels and cultural assimilation status (Abramitzky et al. (2020)). This is because, when cali-
brating initial human capital stock (detailed in Section 4), I do not impose any assumptions
about its dependence on initial cultural assimilation status. Instead, this specification implies
that, conditional on initial human capital—potentially shaped by early cultural assimilation—
subsequent cultural assimilation does not affect wage growth during the sample period, as
confirmed in Table 5. For instance, while non-native English speakers in the UK may initially
earn lower wages, incremental improvements in their English proficiency alone do not predict
wage growth after controlling for accumulated labor market experience post-arrival.

My specification for human capital dynamics is similar to a popular specification in the
literature (Meghir and Pistaferri (2004) and Meghir and Pistaferri (2011)), and it is a mixture of
a stochastic random walk and a deterministic wage gain term from work experience.'> As for
other parameters, I assume both stochastic human capital shock distributions and the deter-
ministic wage gain parameter differ by White British ethnicity to capture potential discrimi-

nation in the labor market and skill level differences. In regards to the timing assumption, the

stochastic human capital shock is realized before making a female employment decision Pft(z)

in the second subperiod, and the experience gain is accrued right after the second subperiod,
following the female employment decision Pft(z)‘

loghivz) = loghiiq) + wirz) (5)

loghius) = l0ghiye) + AoPlyy, (6)

loghiri10) = loghira) (7)

131 do not allow for a transitory human capital shock because they are not separately identifiable from mea-
surement errors in the absence of an external validation study providing the variance of the measurement errors.
For further discussion on this, see Meghir and Pistaferri (2004) and Meghir and Pistaferri (2011). Note also that
I do not assume human capital depreciation during unemployment spells to keep a finite dependence property,
which provides much computational gain. The other papers which made the same assumption to have finite
dependency include Altug and Miller (1998), Bishop (2012), Humphries (2017).
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I allow an i.i.d. measurement error in the observed wage as follows.

_ 2
Wire)(hir2) = wire) (Rie) Mire), logmie) L 0,0%,), (8)

Third Subperiod: Next Period Social Position (Assimilation Status)

The third subperiod flow payoff includes only the psychic cost, {PCy;,, w PCf_ y

changing social position, which depends on the fraction of White British in the neighborhood,

N 1 for

D jt3)- That is, the exposure to more White British in the same neighborhood may change the
cultural assimilation cost.
3 N D 7D
IT°(Q;3); ') = PC +PC,. . wDji) 9)

Ujr3)U

Labor and Housing Market Clearing

The model is a general equilibrium model which includes three equilibrium objects: (i) av-
erage characteristics of neighbors (u(2)), (ii) skill price R;;(z), and (iii) housing (rental) price
rjt. To close the model, next, I specify the aggregate production function in the local labor
market and housing market equilibrium equation.

For each local labor market, I assume a one-sector (tradable good) and small open econ-
omy. Each local labor market has a time-varying total factor productivity A;;. The only input
in the production function is the aggregate human capital stock, Hj;(), in the local labor mar-

ket, including both working female’s and male’s. I assume perfect substitutability for human

capital stock as an input'®. The production function is written as
Ylt(2) = AltHft(z) (10)
Hupy = ), {hit(Z)PlFt‘FE[hf£2)|hit(2)]}- (11)

Liry=1

The production function implies the following skill price and wage equation.

Ry = Alt(Hl(t_(zl) (12)

wire) (hir) = Rireyhite)- (13)

Next, for the housing market, I assume the housing supply in each neighborhood, H j»is

16To allow for imperfect substitutabilities between demographic groups, such as CES production function,
a large dataset of income, demographics, and location, including many labor market switchers, is required.
However, the Annual Survey of Hours and Earnings (ASHE), used for estimation in this paper, does not include
much demographic information, as it comes from administrative payroll tax records. Other panel datasets are
unsuitable for estimation because the datasets are usually small and do not include many labor market switchers,
which are key for identification.
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perfectly inelastic, which is a reasonable approximation in the UK context, where the housing
supply is highly inelastic (Ball et al. (2010), Kim et al. (2012)). Equilibrium rent rj; in each

neighborhood is determined to clear the housing market.
I’jtxmj:ShXTth (14)

HS: total housing supply in neighborhood j, sh: expenditure share on rents,

TW;j,;: total wage of residents in neighborhood j at time t.

Total wage is simply the sum of a couple’s income in the neighborhood. f(Q;;) is the distri-

bution of state variables, and Pop; is the population stock from Census.!”

W= [ (wicic+ E[wf! 1hid) f@indi s Pop, (15)
Jit=]

To impute male spouse’s earnings using female spouse human capital, I adopt the follow-

ing linear function in equation 16.

Elog(h$k,)

hit(Z)] =b1+ Dby loghi) (16)

Household Value Functions

Now I define the ex-ante value function for each subperiod, V;1)(Q;:q)), Vi) (Qir2), Vi) (Qir3)-
Within a given period, there is no discounting across subperiods; discounting only occurs be-
tween subperiod 3 of the current period and subperiod 1 of the next period. The state variables
Jits) (neighborhood choice) and u;(5) (social position type) remain constant until the next de-
cision point. This implies that j;;o) = jir@) = Jir+10) and uiq) = Uire) = Uir3) always hold.
After each decision point, the state variables are updated, so j;;1) # jir2) and U3y # Uir+11)
may hold. The age of the female spouse is constant within a period and increases by one after

the third subperiod, so a;;1) = ais(2) = air3) and a;;+101) = @ir3) + 1 hold.

Viy(Qiry) = E I]?,’lE% {Hl(Qit(l);j,) +ejiin + E[ Vi (Qit(z))lQit(l),]"]}] , (17)
Vi) Qi) = E ;Zl{f)”f} {Hi(git(zﬁ p)+nit2) (1= p) + E [ Vi) (Qir3) Qi) P]}] , (18)

7Because the estimation sample is small, I utilize both Census aggregate statistics as well as panel dataset to
estimate f(Q;;). First, using the estimation survey sample, I estimate the conditional distribution of other state
variables based on age and neighborhood characteristics (White British, Muslim density, median house price,
skill price, neighborhood amenity vector). Next, combining with the age distribution for each neighborhood
from Census 2011, I compute the full state variable distribution f(Q;).
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Vi) Q@) = E ,én{lax_} {HS (Qiray U) +Ewire) + BE [Verrq) Qirr10)1Qira), U']} -
It is worth mentioning that the above value function has two-period finite dependence, which
speeds up estimation later.'® Therefore, the value function can be written as a function of the
next two-period choice probabilities only, and the perfect foresight for the next two periods
is sufficient. Appendix C.4 provides the formal statement of this result and the derivation.

I define an equilibrium concept in this model.

Definition 1 (Markov Perfect Equilibrium). An equilibrium consists of policy functions

(19)

{Jit), PiFt(z)’ Uir+1(1)} reg- and endogenous aggregate state variables {Ry;(s), T'jt(s), Ujt(s) e 2, je N, teT

such that

i) Policy function {ji;2), PL .., Uir+10)} req is a solution to the household maximization problem
y Jit@) £ e) p

defined in equation (17, 18, 19) and under the information set assumption, given the payoff-

relevant endogenous aggregate state variables {Rj(s),Tj1(s), Ujt(s) e, jen,icT and exogenous

state variables in a current period t.

(ii) The skill price vector {Ry(s)} is determined to clear each competitive local labor market. That

is, equation 12 holds.

(iii) Rent vector {rj;(s)} is determined to clear each neighborhood. That is, equation 14 holds.

(iv) Aggregate state transition is consistent with household policy functions.

Due to strategic complementarity in the moving cost, this model might have multiple equi-
libria. Deriving an analytical condition that guarantees a single equilibrium is difficult for a
high-dimensional model like this. However, potential multiple equilibria are not a concern
when carrying out estimation because the CCP estimation does not require solving for an
equilibrium. For counterfactual simulations, I choose an equilibrium that is close to a status

quo.”

8In page 1836, Arcidiacono and Miller (2011) provides a more precise mathematical definition of p-period
finite dependence. “A pair of choices exhibits p-period dependence if there exists a sequence from initial choice j
and a corresponding sequence from initial choice j’ such that for all (states) z;4 +1, (the transition probabilities to
state in period ¢+ p+1 are equalized) K?+p(zt+p+1 |25, J) = K;‘+p(zt+p+1 |z¢, j')". For example, any life-cycle model
that has a terminal age and terminal value function normalized to zero automatically has a finite dependence
property. However, the finite dependence property is useful only when the choice paths require a small number
of periods.

19 Although I do not prove my model has a unique equilibrium, there is a good reason to believe a single unique
equilibrium is likely: Bayer and Timmins (2005)’s extensive simulation shows that a sorting model with a large
choice set, higher heterogeneity in location characteristics, and agent’s heterogeneous preference makes it more
likely to have a unique sorting equilibrium. These are the conditions that my model exhibits.
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3.1 Model Discussion

The model highlights the relationship between geographic sorting and ethnic minorities’ as-
similation.

First, the economic factors changing geographic dispersion will inevitably change ethnic
minorities’ assimilation. Such factors include monetary incentives, like local skill prices and
rents, as well as the economic disparity (in human capital) between ethnic minorities and ma-
jorities. These factors make ethnic minorities choose a different neighborhood, meet different
neighbors, and alter their incentive to invest in cultural assimilation. For example, even if
the main reason for ethnic minorities to live in an ethnic enclave is economic reasons, once
they start living in an ethnic enclave, they may stop learning the majority language because
they can use their ethnic language in their enclave. In the model, this is captured by higher
assimilation costs when living in an ethnic enclave.

Second, ethnic minorities’ assimilation effort is undersupplied in a competitive equilib-
rium because ethnic minorities do not internalize the welfare gain of majorities when they
assimilate into the majority culture. For example, non-White British in the model do not con-
sider that their cultural assimilation would lower the moving cost for White British to move
into their ethnic enclaves. The implication is that competitive equilibrium may not be op-
timal, and social engineering-style government intervention may improve social welfare by
inducing ethnic minorities’ assimilation efforts.

Third, segregation can occur due to either White British or non-White British’s high reluc-
tance to move into a culturally dissimilar neighborhood. Often, ethnic minorities are blamed
alone for their segregation and lack of assimilation efforts. However, according to the model,
ethnic minorities might become segregated due to majorities’ high prejudice (represented as
high moving cost C,) and their consequent “White flight". Once ethnic minorities become
isolated, it is more costly for them to assimilate culturally.

The current model does not incorporate all potentially relevant mechanisms. First, it as-
sumes that interactions between non-White British and White British do not alter prejudice
or homophily, as reflected in the constant C, parameter, which captures social barrier-related
moving costs. However, the “Contact Hypothesis" from social psychology (Paluck et al. (2019))
suggests that increased interaction between racial groups may reduce intergroup prejudice.
If such contact effects exist, C, would not be constant but instead evolve with changes in
the social environment. This mechanism is excluded from the model due to the lack of high-
quality data on prejudice. However, if such data were available, the model could be extended
to account for endogenous changes in prejudice.

Another omitted mechanism is the impact of segregation on public goods provision and
intergroup conflict. A rich political economy literature (Easterly and Levine (1997), Alesina
etal. (1999), Alesina et al. (2003), Alesina and La Ferrara (2005), Dahlberg et al. (2012)) explores
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how diversity influences these outcomes. The primary challenge in incorporating this mech-
anism is the lack of reliable measurements. Even if such data were available, identification
would require sufficient variation across locations and a measurable influence on migration
decisions. Without these conditions, estimating how much individuals value high-quality
public goods or lower intergroup conflict would be difficult. Given these challenges, I leave

this extension for future research.

4 Estimation

4.1 Sample Selection

The main estimation sample is drawn from parent surveys in the MCS dataset, covering the
years 2001 to 2018.2° The sample selection follows several criteria. I include married couples?!
living in England and Wales, where the female spouse is aged between 25 and 64. I use only
consecutive spells that contain estimation-relevant information,? and I exclude short spells
(fewer than ten years),?* as longer observations are necessary for identification.

Household ethnicity is determined by the female spouse’s ethnicity. Among non-White
British females, 13.5% had a White British spouse (Table E.3 in Appendix). Since the house-
hold’s assimilation status is identified using survey responses from both spouses, interracial
non-White British couples are likely to be classified as assimilated ethnic minorities due to
the male spouse’s responses.

I include all eligible non-White British households but randomly select an equal number
of White British households to match the sample size, as computational capacity constraints
on the secure data server limit the dataset size.?* The final estimation sample consists of 2,468
households (1,234 White British and 1,234 non-White British).

Table 6 presents the demographic characteristics of female sample members at the time
of their first interview. A corresponding table for male sample members is provided in the
Supplemental Appendix (Table E.3). The average age for both White British and non-White

British females is in the early 30s.

20Most interviews in England and Wales for wave 7 were completed in 2018, so I exclude a small number
conducted in 2019.

1To minimize sample loss due to missing marital status information, I assume a couple is married if both the
mother and father of the cohort member completed the survey.

22This includes prejudice proxy variables, neighborhood geocode, the mother’s detailed ethnicity (whether
White British), religion, parental education, and the mother’s employment status.

Z3Shorter spells provide insufficient information to reliably identify unobserved cultural types.

24The Millennium Cohort Survey Secure Access data can only be accessed within a secure data server.
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Table 6: Main Parent (Female) Characteristics in the First Interview

White British Non-White
British
Survey Year 2001.968 2002.021
(1.267) (1.386)
Age 32.56 30.987
(4.312) (4.56)
Muslim 0.532
(0.499)
Not an Immigrant 0.022
(0.147)
First Gen Immigrant 0.686
(0.464)
Second Gen Immigrant 0.292
(0.455)
Years in the UK (1st Gen) 12.009
(8.426)
College Graduation 0.456 0.335
(0.498) (0.472)
Employed 0.686 0.347
(0.464) (0.476)
% NBHD WHB Density 0.916 0.458
(0.109) (0.29)
% NBHD Muslim Density 0.017 0.292
(0.051) (0.28)
Sample Size 1234 1234

Source: MCS wave 1-7

Note: This table shows the average and standard deviations of female sample characteristics in the first
interview. The standard deviation of each variable is in parentheses. By construction, the White British
sample does not include any Muslims. I do not report the immigration-related statistics for the White
British sample to protect confidentiality, as they are small in number.

By construction, the White British sample does not include any Muslims,? whereas nearly
half of the non-White British sample identifies as Muslim. Additionally, 98% of non-White
British females are either first-generation or second-generation immigrants. Among first-
generation immigrants, the average time spent in the UK at the time of the first survey was
12 years.

Non-White British females had significantly lower college graduation and employment
rates compared to their White British counterparts. The residential patterns also differ markedly:
the White British sample predominantly lived in White British neighborhoods, with an aver-
age White British density of 92%, whereas for non-White British females, the average White

25 A small number of White British Muslims were excluded from the estimation sample.
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Table 7: Preset Parameters

Partaerrne— Description Value Source
. . Kennan and Walker (2011), Bishop
p Time Discount 0-95 (2012), Bayer et al. (2016)
r;  Rent-to-house price ratio 0.037 Table Al.1 in Marsden (2015)

house price,,

s WHB White British Expenditure Calibration Using UKHLS

.199
Share on Housing 0 2009-2018
Non-White British
. Calibration Using UKHLS
<pNWHB II*EI);;:leSrilr(li;ture Share on 0.226 2009-2018

Note: Marsden (2015) used rent and housing price data from the year 2014. When computing the expendi-
ture share on housing, I imputed rent for homeowners using the rent-to-house price ratio 0.037 reported
in Marsden (2015). The housing expenditure did not include utilities.

British density in their neighborhood was only 46%. Similarly, the presence of Muslim neigh-
bors was minimal for the White British sample (average Muslim density of 2%), whereas non-
White British females lived in neighborhoods with a substantially higher average Muslim
density of 29%.

4.2 Choice Set Construction and Preset Parameters

First, I construct a stratified random choice set of size 31, following the approach in Keane
and Wasi (2012), to address the curse of dimensionality that arises from the large number of
potential migration destinations (34,378 LSOAs) relative to the sample size. A choice set of
this size ensures that all neighborhoods receive both in-migration and out-migration while
keeping computation feasible. To ensure a diverse set of potential destinations, I classify
neighborhoods into three categories and randomly select 10 neighborhoods from each: (1)
White British neighborhoods — where the White British population density exceeds the na-
tional average (80.5%), (2) Muslim neighborhoods — where the Muslim population density is
above 20%, (3) other neighborhoods — neighborhoods that do not fall into either of the first
two categories. Including the individual’s current neighborhood, this results in a total choice
set of 31 neighborhood LSOAs.

To account for the fact that people tend to migrate to nearby areas, I incorporate a distance-
based selection mechanism when drawing the 10 neighborhoods in each category. First, I
randomly draw a migration distance from the 2001 Census Migration Flow data to match

observed migration distances. Then, within each category, I select the neighborhood whose
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Table 8: Income Process Estimates

Parameter Description Estimate
WHB NWHB
Ao Experience Gain 0.045 0.023
(0.009) (0.013)
o2 Variance of Permanent Shock 0.036 0.035
(0.002) (0.005)
a2, Variance of Measurement Error 0.024 0.028
(0.001) (0.004)

Source: Harmonized British Household Panel Survey & UK Household Longitudinal Study, 2001-2018.
Standard errors are in parentheses. “WHB"=“White British", “NWHB"=“Non-White British".

actual geographic distance from the household’s current location is closest to this drawn mi-
gration distance. Finally, if the household’s actual migration destination is not included in the
constructed choice set, I replace one neighborhood in the corresponding category with the
actual destination.

Several parameters were preset, as summarized in Table 7. The time discount parameter
was set to 0.95 following the previous migration literature (Kennan and Walker (2011), Bishop
(2012), Bayer et al. (2016)). The rent-to-house price ratio was taken from Marsden (2015),
which used the rent and house price data from the year 2014. Expenditure share on housing

by White British ethnicity was calibrated using UKHLS data between the years 2009 and 2018.

4.3 Income Process Estimates

The MCS data does not track annual income changes, so I use two alternative annual panel
datasets—the Harmonized British Household Panel Survey (BHPS) and the UK Household
Longitudinal Study (UKHLS)—to estimate key income process parameters. Specifically, I esti-
mate the experience gain parameter (1), the variance of the permanent income shock (o2)),
and the variance of measurement error (02,), separately by White British ethnicity.

The estimation procedure follows the approach used in Meghir and Pistaferri (2004), Blun-
dell et al. (2008), and Voena (2015), with one modification: I account for endogenous skill
prices, which vary across labor markets and years. To correct for selection into female em-
ployment, I apply the “Heckit" correction method, following Voena (2015). The instrumen-
tal variable (IV) for female employment selection is whether the respondent’s mother (and
spouse’s mother) worked when the respondent was 14 years old. The exclusion restriction
requires that the IV be independent of current-period income shocks (though not necessarily

income levels), making a predetermined lifetime event a valid instrument. Additionally, this
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IV is strongly correlated with female employment through preferences for work. Table A.2
presents the first-stage estimation results, confirming the IV’s strong predictive power for fe-
male employment.

The results indicate that the estimated experience gain for non-White British individuals
is only half that of White British individuals, suggesting potential differences in occupational
sorting or differential treatment in the labor market. However, the variance of permanent

income shocks and measurement errors appears similar across both groups.

4.4 Production Function Estimation & Human Capital Stock Calibra-
tion

First, I construct local labor market groups by clustering Travel-to-Work Areas (TTWAs; 2001
geography), which are the official labor market units used in national statistics and are larger
than neighborhood LSOAs. Clustering is necessary because the ASHE dataset, used to es-
timate skill prices, does not have sufficient observations for every TTWA. To define these
clusters, I apply a k-means clustering algorithm to TTWAs based on their average real in-
come (2003-2018) and their distance to three major metropolitan areas: London, Manchester,
and Birmingham. This procedure yields five distinct local labor market groups.?® Figure A.1
in the Appendix presents a map of these labor market classifications.

To estimate the production function parameters, I follow the methodology of Heckman
et al. (1998). Further details on this estimation are provided in Section C. The main identi-
fication strategy relies on the Cobb-Douglas production function, which can be transformed
into a log-linear equation. I address the endogeneity of labor supply by using an instrumen-
tal variable approach, employing a Bartik instrument (Bartik (1991)) based on the industry
composition share in the base year (2003). Table A.1 in the Appendix presents the first-stage
estimation results, confirming that the instrumental variable strongly predicts total human
capital stock (labor supply) in the local labor market.

Table 9 presents the estimated production function curvature parameter and the average
log skill price across the five local labor markets. London is the highest-paying labor mar-
ket, followed by the South East region surrounding London. The Midlands, which includes
Manchester and Birmingham, ranks third in pay, while the South and North rural areas offer
the lowest wages. Figure E.4 in the Supplemental Appendix illustrates the estimated log skill
prices and total human capital stock for each labor market over time.

The production function and income process parameter estimates serve as the foundation

26For geographic continuity, I manually reassigned two TTWAs—“Berwick" and “Morpeth, Ashington & Al-
nwick"—to a geographically closer local labor market group in the North near Scotland.
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Table 9: Production Function Estimates

Parameter Description Estimate SE
4 Production Function Curvature 0.653 0.066
A Average log skill price
London 0.242 0.010
South East 0.207 0.010
Midland 0.104 0.010
South 0.094 0.008
North 0.090 0.010

Source: Annual Survey of Hours and Earnings, 2003-2018

Note: Skill price was estimated as labor market - year specific. I report the average skill price and average
standard errors here for brevity. For the full list of log skill prices for each local labor market every year,
see Table G.1 in the Appendix.

for calibrating individuals’ initial human capital stocks. Since individual wages are the prod-
uct of local skill prices and human capital stock, I use the estimated skill prices to recover
individual human capital levels from observed wages, accounting for potential measurement
errors. To impute missing wages for unemployed individuals, I apply the following procedure:

For ever-employed individuals (those who worked at least one year during the sample pe-
riod), I calibrate their initial human capital stock by maximizing the simulated likelihood of
their observed wage sequence. However, for those who were never employed during the sam-
ple period, wages are entirely unobserved. To address this, I first estimate a regression model
using only the unemployed-but-ever-employed sample. The model includes detailed demo-
graphic characteristics such as female and male education dummies, a quadratic age polyno-
mial for females, log house prices, log skill prices in the local labor market, log neighborhood
Muslim and White British densities, and ethnicity group dummies. Using the estimated coef-
ficients, I predict human capital stocks for those who were never employed. Finally, I calibrate
their initial human capital stocks by maximizing the simulated likelihood of the predicted hu-

man capital sequence from this regression-based approach.

4.5 Estimation of Social Position (Assimilation Status)

The data includes repeatedly measured proxy variables related to social position, allowing for
the identification of social position dynamics at the household level. Following Cunha et al.
(2010) and Hu (2017), I account for measurement errors in proxy variables and their impact on
likelihood estimation. Specifically, I estimate the conditional probability that a proxy variable
Y;; takes response k, given that the household’s true social position type is I. This estimation

is performed for each proxy variable and all possible values of k and [.
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Figure 2: Initial Social Position (Assimilation Status) Estimates (Assuming Two Types)

Social Position Type Estimation

Non-White British Type Share- 043 F=+ 057
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(Female) Foreign Language Interview w1- — e
(Male) Foreign Language Interview w1- —— ==
Foreign Language Use At Home w1- —— A
10 05 00 05

%, Standard Deviation

Social Position Type + 1 Most Assimilated + 2 Least Assimilated
Re-Ordered to Make High Value = Least Assimilated
Source: MCS wave 1
Note: This figure shows the initial social position (assimilation status) type share estimates and the average
survey responses of each type, assuming two types. Whiskers indicate the 95% confidence intervals, which
were computed from bootstrapping 100 times.

This estimation requires an identification assumption due to the "label-swapping prob-
lem." (Hu (2017))?” To address this, I adopt the monotonicity assumption from Hu (2017):
"There exists an observable variable Y;; such that E[Y;|u;;] is increasing in social position u;;."
[ use whether a female spouse was interviewed in a foreign language in wave 1 as the anchor-
ing variable Y;, for this assumption. I set the number of social position types, u, to two for
the reasons I explain below.

To improve computational efficiency, I estimate these probabilities before the main es-
timation procedure using the EM algorithm, leveraging first-wave data, which contains all
proxy variables (Table 1). The results, reported in the Online Appendix (Section F), indicate
that most proxy variables are informative about the latent social position type, as their con-
ditional likelihoods vary across social position types.

Figure 2 presents the estimated initial shares of social position types and their correspond-

ing average proxy responses. Among non-White British women in Wave 1, 43% are identified

2TFor example, in identifying a function y = f(x), where x is a discrete latent variable, an identification as-
sumption is needed for x. Suppose we define another latent variable X, which reverses the order of x. We could
then construct another function f (%) such that y = f (X) = f(x), meaning f (.) # f(). This ambiguity prevents
identification unless we impose a restriction on how x is labeled.
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Algorithm 1 First Step Reduced-Form CCP Estimation, More Details in Appendix C.3

« Initialization
« Iterating M-step, and E-step until type share probabilities converge

M-Step. Estimate (per-period) “likelihoods" treating Q;; observable.

— J P Y
Lit = Ly, Liy Li (20)
—— — —

NBHD choice Female WorkProxies

— Transition likelihood LY, estimated from regressing nonparametric for-
ward probability Prob(u;+1s) = §'1Q;¢) on the state space Q;; (Papke and
Wooldridge (1996))

E-Step. Update u;(s)

Lit(Wirg=u')

— Ujys): deterministic updating using Bayes rule, i

as the most assimilated, while the remaining 57% are categorized as the least assimilated. The
two types are clearly distinguished based on their proxy responses, as seen in the second-to-
last set of average proxy responses conditional on each type. Figure E.1 confirms the robust-
ness of these estimates across different anchoring variables.

In contrast, assuming three types results in weaker differentiation between them and less
robust estimates. Figure E.2 (Supplemental Appendix) shows that the middle type (Type 2)
is largely indistinguishable from the least assimilated type (Type 3). Additionally, the esti-
mation results become more sensitive to the choice of anchoring variable, indicating weaker
separation between types (Figure E.3). These findings suggest that a three-type classification
does not sufficiently capture distinct characteristics in this sample, supporting the decision to

use two types.

4.6 Two-Stage CCP Estimation

The remaining structural parameters in the flow payoff are estimated using the two-step Con-
ditional Choice Probability (CCP) estimator developed by Hwang (2024), which extends the
Arcidiacono and Miller (2011) estimator. This approach incorporates likelihoods from proxy
variables and allows for a flexible evolution of an unobserved state variable. For further de-
tails on the properties and performance of this estimator, see Hwang (2024).

Algorithm 1 outlines the first-stage estimation procedure; additional details are provided

in Appendix C.3. The algorithm begins by initializing the individual social position type prob-
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Figure 3: Social Position Type Share Estimate

Estimated Social Position Type Share (Non White British Only)
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ability PO (y;, =), the initial prior PO (y; = sIQi11)), and the transition CCP PO (g0 =
s'lujr = 5,Q;;).2% The estimation then iterates between the M-step and the E-step until the
type probability P (u;; = s) converges.

In the M-step, the per-period likelihood is estimated using a parametric (multinomial) logit
model. This likelihood consists of three components: (1) neighborhood choice, (2) female em-
ployment decision, and (3) proxy variables measuring social position (assimilation status). To
reduce computational time, the likelihood for proxy variables is pre-estimated using data from
the first survey wave. Once the per-period likelihood is computed, the transition likelihood for
assimilation status is estimated using a parametric fractional multinomial logit model (Papke
and Wooldridge (1996)).

In the E-step, the social position type probability is updated using Bayes’ rule. This itera-
tive process continues until convergence.

The second-stage estimation of the structural parameters is conducted via quasi-maximum
likelihood estimation (quasi-MLE), where the likelihood function leverages the two-period fi-
nite dependence property of the model. Appendix C.4 provides detailed derivations for con-

structing the likelihood function.

4.7 Social Position Type Share Estimates

The estimated social position type shares from the two-step CCP estimation (Figure 3) indi-
cate significant cultural assimilation over the 18-year sample period. The share of the least
assimilated type (Type 2) among non-White British households declined from 59% in 2001 to
46% in 2018.

28For details on initialization, see Appendix C.3.
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Table 10: Estimated Social Position Type Average Characteristics

Type 1 (Most

Type 2 (Least

Assimilated) Assimilated)
Female Age 39.820 36.851
Male Age 42.937 40.786
Female Muslim 0.293 0.724
Female Not an Immigrant 0.029 0.017
Female First Gen Immigrant 0.617 0.755
Female Second Gen Immigrant 0.354 0.229
Female Years in the UK (First Gen Only) 20.737 18.042
Female Employment 0.936 0.029
Female College graduate 0.513 0.197
Male College Graduate 0.539 0.313
Female Average Annual Income (2015 £) 20170.239 16026.993
Male Average Annual Income (2015 £) 39257.921 25079.443
Neighborhood Muslim Density (%) 0.182 0.390
Neighborhood White British Density (%) 0.530 0.361
Annual Move Rate 0.045 0.050

Source: Millennium Cohort Study, Wave 1-7
Note: This table shows the average characteristics of each social position type.

Table 10 summarizes the average characteristics of each estimated social position type, re-
vealing intuitive patterns. Households classified as the least assimilated (Type 2) tend to have
younger spouses (by 2-3 years on average), a higher proportion of Muslims, and a greater
share of first-generation immigrants who have spent fewer years in the UK. This group also
has lower female employment rates, lower educational attainment for both spouses, and lower
household income. Additionally, they predominantly reside in neighborhoods with a higher
concentration of Muslim residents and a lower share of White British residents.

While both social position types exhibit similar migration rates, Type 2 households have
a slightly higher estimated moving rate than Type 1 households. This suggests that even the
least assimilated individuals exhibit mobility, though their relocation choices may reinforce

ethnic residential patterns.

4.8 Structural Parameter Estimates

Table 11 presents the structural parameter estimates from the CCP estimation. Many param-

eters are estimated with sufficient precision to be distinguishable from zero.
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Table 11: Structural Parameter Estimate

Parameter Description Estimate/SE

White British Non-White British

Spouse Income Parameter Estimates

by Spouse Income Parameter (level) 9.742 7.799
(0.162) (0.275)
b, Spouse Income Parameter (slope) 0.061 0.229
(0.017) (0.030)
Flow Utility Parameters For Location Choice
y(]) House Price Elasticity -1.057 -0.657
(0.397) (0.321)
7{1 -Log(Neighborhood Deprivation Index) 0.140 0.207
(0.066) (0.070)
}/{2 Neighborhood College Grad Share 0.730 0.275
(0.347) (0.303)
7{3 Neighborhood Housing Quality Index 1.241 0.581
(0.387) (0.397)
y{ 4 Neighborhood Control Function 1.139 1.052
(0.399) (0.320)
Co Base Fixed Moving Cost -2.679 -3.537
(0.068) (0.079)
G Age-dependent Fixed Moving Cost -0.934 -0.886
(0.033) (0.033)
G Social Distance Moving Cost -6.960 -0.374
(0.287) (0.097)
Cs Variable Fixed Cost by Log Distance -0.406 -0.767
(0.015) (0.021)
Flow Utility Parameters for Female Employment
yh Skill Price/Income Elasticity 2.610 1.719
(1.272) (1.049)
7{1 Gender Norm Cost, WHB or NWHB Type 1 -1.500 -0.677
(0.598) (0.420)
Yfz Gender Norm Cost, NWHB Type 2 -1.109
(0.678)
Adjustment Cost Parameters For Social Position Choice
PCyy Cultural Assimilation Cost, From Type 1 to 2, Intercept -7.949
(6.624)
PCy Cultural Assimilation Cost, From Type 2 to 1, Intercept -7.761
(6.955)
PCID2 Cultural Assimilation Cost, From Type 1 to 2, White British Share -2.384
(0.626)
pPCh Cultural Assimilation Cost, From Type 2 to 1, White British Share 2.438
(0.590)
Gumbel Shock Dispersion Parameters

op Logistic Dispersion Parameter for Female Work 0.451 0.114
(0.164) (0.027)

oy Logistic Dispersion Parameter for Social Position 2.836
(0.414)

Source: Millennium Cohort Study, wave 1-7 (2001-2018)
Note: This table shows the structural parameter estimates. Standard errors are in parenthesis.

The estimated spouse income level parameter for non-White British (b,) is significantly
lower than that of White British, suggesting systematic income differences across groups.
Additionally, the correlation between spouses’ incomes (by) is much stronger for non-White

British households compared to White British households, indicating greater financial inter-

34



dependence. The estimated house price elasticity parameters (7/(];) are negative, confirming
that higher housing prices deter migration into those neighborhoods. Moreover, the neigh-
borhood control function parameter ()/{ 4) appears to play a crucial role in migration decisions.

The estimated moving cost associated with social position type (Cz) is substantially larger
for White British than for non-White British, implying that segregation is primarily driven by
White British households’ reluctance to live near non-White British, rather than non-White
British actively avoiding White British neighborhoods. This finding challenges the common
perception that ethnic minorities self-segregate and instead suggests that segregation patterns
are largely shaped by majority-group preferences.

The estimated gender norm cost parameters (y),y%,) suggest that cultural assimilation
among non-White British households promotes female labor force participation. However,
these estimates exhibit some degree of statistical noise and are not significantly different from
each other.

The adjustment cost parameters for changes in social position are estimated to be large
in absolute value, leading to persistent social position types over the life cycle. Notably, the
cultural assimilation cost estimates (PCL,, PC)) suggest that proximity to White British sig-
nificantly reduces the cost of cultural assimilation while simultaneously increasing the cost of
cultural dissimilation (i.e., transitioning from Type 1 to Type 2). This reinforces the idea that

neighborhood composition influences the feasibility and desirability of assimilation choices.

4.9 Model Fit

Overall, the model provides a good fit for key features, including migration patterns and fe-
male employment rate, as shown in Figure 4. The figure evaluates model fit separately for the
full sample and movers only (labeled as "(Movers)"), demonstrating that the model estimates
align well with observed data moments for both groups.

The migration statistics used to assess model fit include overall migration rates, the com-
position of movers’ destination neighborhoods (measured by White British and Muslim densi-
ties), and the share of respondents residing in or relocating to White British towns (neighbor-
hoods where the White British population exceeds 80.5%) and Muslim towns (neighborhoods
where the Muslim population exceeds 20%). The model effectively replicates these observed
migration patterns.

Figure 5 further demonstrates a reasonably good model fit for proxy variable responses

related to social position types, disaggregated by gender.
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Figure 4: Model Fit: Migration Patterns, Female Employment

Model Fit
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Source: Millennium Cohort Study, wave 1-7
Note: To represent on the same scale, I subtracted 11 from the log median house price.

Figure 5: Model Fit: Proxy Variables about Social Position
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5 Counterfactual Analysis of a Rent Subsidy Policy Un-
der a Budget-Balancing Tax

This section evaluates a social integration policy aimed at fostering ethnic minorities’ cultural
assimilation and neighborhood desegregation. The policy offers rent subsidies to encourage

relocation, with subsidy amounts varying by neighborhood and recipient characteristics. I

36



compare different subsidy conditions to determine which is most effective at increasing inter-
ethnic mixing and cultural assimilation.?’ A structural model is particularly valuable for this
analysis, as large-scale housing interventions inevitably affect market prices and may trigger
“White flight" (Card et al. (2008)). The general-equilibrium framework allows for predictions
about changes in housing rents, labor market skill prices, neighborhood compositions, and
ethnic minorities’ assimilation under counterfactual scenarios.

The use of housing policy as a tool for integration is well-documented. Historically, the
Soviet Union and China relocated ethnic groups to promote integration (Hirsch (2005), Joniak-
Luthi (2013)). More recently, Singapore has enforced strict ethnic quotas in public housing
since 1989—covering 80% of its housing market—to maintain ethnic diversity (Wong (2013)).
Similarly, in 2018, Denmark adopted the 'Ghetto Law’ to disperse non-Western minorities
living in enclaves to different areas (Lundsteen (2023)) to promote their integration. In con-
trast, the U.S. government systematically promoted racial segregation through redlining, re-
stricting African American access to White neighborhoods (Rothstein (2017)). To remedy
past segregation, the Chicago Housing Authority introduced the Gautreaux Program, which
provided Section 8 vouchers to help African American families relocate to affluent White
neighborhoods (Chyn et al. (2025)). Research shows that program participants’ children were
more likely to intermarry, live in diverse neighborhoods, and experience upward mobility,
demonstrating the causal effects of racial desegregation policies. However, race-neutral poli-
cies like the “Moving to Opportunity” program, which relocated low-income households to
low-poverty areas, largely failed to desegregate neighborhoods, as recipients tended to move
to low-poverty areas with familiar racial compositions.

This counterfactual experiment considers two kinds of rent subsidy policies: an ethnicity-
conscious policy (similar to the Gautreaux Program), which tailors subsidies to encourage
ethnic desegregation, and an ethnicity-neutral policy (similar to the Moving to Opportunity
Program), which does not consider ethnicity. While the ethnicity-conscious policy is likely
more effective at promoting integration, it may face political resistance. I quantify the effi-
ciency trade-off when policy design is restricted to an ethnicity-neutral framework.

I evaluate two rent subsidy policies—ethnicity-conscious and ethnicity-neutral—each im-
plemented at different subsidy levels. Let x € {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} represent
the maximum subsidy rate. Under the ethnicity-conscious policy, the total rent subsidy de-
pends on neighborhood ethnic composition. Non-White British households receive a subsidy
of ¥ x (Neighborhood White British Share)% of the rent, while White British households re-
ceive k x (1 —Neighborhood White British Share)?2%8, of the rent. The exponent 0.208 serves

as an adjustment factor to balance average subsidy levels between White British and non-

29 An alternative approach would be to incentivize cultural assimilation directly, such as providing tax benefits
for immigrants who demonstrate language proficiency. However, a residential mixing policy fosters assimilation
more holistically without requiring costly screening of cultural assimilation.
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Figure 6: Correlation between White British share and Neighborhood Amenity

NBHD White British Density and Deprivation Index Percentile, Census 2011
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Note: This figure shows the scatter plot of neighborhood White British densities and the reverse ordered neighborhood
deprivation index percentile, with the OLS fit.

White British households. Since White British residents are the majority in most neighbor-
hoods, this adjustment ensures that in a neighborhood where 75% of residents are White
British and 25% are non-White British, both groups receive the same subsidy amount.

The ethnicity-neutral policy does not explicitly consider ethnicity but instead bases subsi-
dies on neighborhood amenities. Subsidies are higher for individuals relocating to neighbor-
hoods with better amenities, regardless of their ethnicity. Neighborhood amenities are mea-
sured as the inverse ranking of the neighborhood deprivation index, so the subsidy amount is
given by x x (100 —NBHD Deprivation Index Percentile)/100%. Figure 6 shows that although
neighborhood amenity levels are correlated with the White British share, there is substantial
variation in White British composition across neighborhoods with similar amenity levels.

For both ethnicity-conscious and ethnicity-neutral policies, I also consider a means-tested
version, where only households earning less than 30,000 GBP per year qualify for housing
subsidies. This income threshold closely aligns with the current UK housing subsidy policy
(Adam et al. (2015)).

A few assumptions underpin this counterfactual analysis. First, I assume the same linear
income tax rate is imposed on everyone to make the government budget meet. So the coun-
terfactual outcomes were derived considering the welfare and behavioral changes incurred
by this additional income tax. The budget-balancing tax rate is the one that will make the
government budget meet for the 30 years from year 2011 to year 2040, with borrowing and
saving allowed. The interest rate for government borrowing and saving is set at 0.053, which

is consistent with the time discount § assumed (r = (1/)—1 = 0.053). Second, I assume people
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Figure 7: Budget-Balancing Linear Income Tax Rate for Different Subsidy Policies
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Note: This figure shows the budget-balancing linear income tax rate for different subsidy policies

expect the current price to prevail forever when forming their dynamic expectation, but they
update this expectation every year after observing new prices. This alternative expectation
assumption was adopted instead of the perfect foresight assumption because of computational
challenge®’. Third, I assume deterministic demographic change. Every year, a new youngest
cohort (aged 25) enters the economy, and the oldest cohort (aged 65) dies. The new cohort is
assumed to have the same demographic profile as the youngest cohort (aged 25) in the year
2011. I assume the population growth rate of 0.7%, which is the average population growth
rate between the years 2011 and 2023!. Fourth, Total Factor Productivity (TFP) in the labor
market and the housing stock is assumed to remain at the same level of year 2011.%%,

Figure 7 shows the budget-balancing linear income tax rate under different policies, which
considered endogenous market prices, female labor supply, and migration. The budget-balancing
tax rates for ethnicity-conscious and ethnicity-neutral policies are similar under the chosen
parameters. When everyone is eligible for housing subsidy regardless of their income, the
budget-balancing tax rate must be set higher, exceeding 25% when the maximum subsidy rate
is 90%. When only low-income households are eligible, the required budget-balancing tax

rate is much lower, close to 5% when the maximum subsidy rate is 90%. For all policies, the

39To adopt the perfect foresight assumption, one needs to solve for a new equilibrium vector of all prices,
including labor and housing market prices and all neighborhood ethnic compositions for all future periods, and
this computation is practically infeasible.

Sthttps://www.ons.gov.uk/peoplepopulationandcommunity/
populationandmigration/populationestimates/bulletins/
populationestimatesforenglandandwales/mid2023

32The Total Factor Productivity estimates from the ASHE data show that they are similar between the years
2011 and 2018, and there is no evidence of TFP growth.
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budget-balancing tax rate increases at a much steeper rate when the maximum subsidy rate
exceeds 70%.

Figure 8 shows the simulated outcomes under various subsidy policies. The top two panels
show the average welfare change compared to baseline prediction for White British and non-
White British for thirty years from the year 2011 to 2040. Due to the externality in location
choice, competitive equilibrium may not be Pareto-optimal and the government may increase
welfare through intervention. Under most policies, both White British and non-White British
experience welfare gains stemming from changing market prices following desegregation and
ethnic minorities” assimilation. The only case when welfare loss happens is for non-White
British under the ethnicity-neutral policy with the maximum subsidy rate greater than 50%.
If we restrict the focus to only means-tested one, 90% maximum subsidy rate policy maximizes
both White British and non-White British welfare.

The middle two panels show the outcome of cultural assimilation and desegregation in
the year 2040. Compared to the baseline prediction in the absence of any policy interven-
tion indicated by the red dashed line, we can expect a sizable change in immigrants’ cultural
assimilation and segregation under ethnicity-conscious policy. The ethnicity-neutral policy,
however, is not effective in inducing cultural assimilation and desegregation even when a very
high maximum subsidy rate is offered. The means-tested ethnicity-neutral policy might even
increase the unassimilated non-White British share. The means-tested ethnicity-conscious
policy seems highly cost-effective, delivering similar assimilation and segregation outcomes
as when a nearly 60 to 80% maximum subsidy rate is offered to everyone, which requires a
very high budget-balancing tax rate.

The bottom two panels show the average rent subsidy taken by White British and non-
White British under various policies. The average subsidy taken is much lower than the max-
imum subsidy level because the subsidy is determined by both the maximum subsidy rate
and the neighborhood or personal characteristics. For every policy parameter, White British
people are expected to receive slightly higher subsidies than non-White British people. To
compare the generosity of this subsidy policy to a benchmark, the average subsidy rate for
social housing in the UK is 36% in London and 30% in England (Adam et al. (2015)). So, set-
ting the maximum subsidy rate to either 60% or 70% (x = 0.6 or 0.7) for a means-tested policy
would result in a similar subsidy level. For the welfare maximizing means-tested ethnicity-
conscious policy setting the maximum subsidy rate at 90%, the average subsidy rate is 52% to
56% (Table 12), so it becomes slightly more generous than the current housing subsidy policy
in the UK.
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Figure 8: Simulated Outcomes Under Various Subsidy Policies
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Z§:1(|Wj/W— N;/NI), where W; is the number of WHB living in neighborhood j, W is the total number
of WHB in the country, N ; is the number of NWHB living in neighborhood j, and N is the total number
of NWHB in the country. If the segregation index is s, it means that s% of the population needs to be
relocated to achieve an even distribution by ethnicities.
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Table 12: Counterfactual Outcomes for 2011-2040 Under Various Policies

Ethnicity- Ethnicity- Ethnicity-
Conscious Conscious Neutral
(Income<£30Kk) (Income<£30Kk) (Income<£30Kk)
90% Maximum 60% Maximum 70% Maximum
Subsidy Rate Subsidy Rate Subsidy Rate
Welfare- Similar subsidy ~ Similar subsidy
maximizing level to current level to current
means-tested policy policy
Budget-Balancing Tax Rate (%) 0.05 0.02 0.02
Avg. WHB Welfare Change for 30 0.41 0.33 0.37
Years (%)
Avg. NWHB Welfare Change for 0.41 0.96 0.94
30 Years (%)
Unassimilated NWHB Share
Change in 2040 (p.p., %) 191 0.67 0.33
[-5.11%] [-1.79%] [0.88%]
(S;)gregatlon Index Change in 2040 0.1 -0.05 -0.01
[-21.85%] [-8.78%] [-1.19%]
Avg. WHB Subsidy Rate (% Rent) 56.34 36.50 3795
for 30 Years
Avg. NWHB Subsidy Rate (% Rent) 59 35 39,40 30.33
for 30 Years

Note: “WHB" means White British, “NWHB" means non-White British.

Table 12 summarizes a welfare-maximizing means-tested policy (column 1) and means-
tested ethnicity-conscious and ethnicity-neutral policies with similar subsidy rates to the
current housing subsidy policy in the UK (column 2 and 3). Under the welfare-maximizing
means-tested policy, we can expect about 5% [1.91 p.p.] decline in the unassimilated non-
White British share in the year 2040, and nearly 22% [0.12] decrease in the segregation index
in the year 2040 compared to the baseline prediction in the absence of any intervention. When
we consider a means-tested ethnicity-conscious policy with a similar subsidy level to the cur-
rent amount, we can still expect about a 2% [0.67 p.p.] decrease in unassimilated non-White
British share and about a 9% [0.05] drop in the segregation index in the year 2040. However,
under a means-tested ethnicity-neutral policy inducing moving to neighborhoods with high
amenities, the unassimilated non-White British share might increase by 1% [0.33 p.p.] com-

pared to the baseline prediction, and the segregation index will drop only by 1% [0.01].
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Figure 9: Prediction for 30 Years Under Various Policies
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Z§:1 (IW;/W — N;/NJ|), where Wj is the number of WHB living in neighborhood j, W is the total number
of WHB in the country, N; is the number of NWHB living in neighborhood j, and N is the total number
of NWHB in the country. If the segregation index is s, it means that s% of the population needs to be
relocated to achieve an even distribution by ethnicities.

Figure 9 shows 30-year predictions for policies considered in Table 12. From the first two
top panels, it is notable that under the welfare-maximizing means-tested ethnicity-conscious
policy, White British are expected to experience welfare loss on average for the first six
years.?®> On the other hand, non-White British would not experience such welfare loss through-
out the 30 years, and their welfare gain in percentage is much bigger than that of White British.
The bottom two panels show that under ethnicity-conscious policies, ethnic minorities’ cul-

tural assimilation and neighborhood desegregation would monotonically improve over time

33Potentially, we can mitigate their welfare loss for the first six years by reallocating resources across years,
but computing this time-dependent policy would be computationally challenging.
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compared to baseline prediction in the absence of any policy intervention. However, under
the ethnicity-neutral policy, we do not predict similar improvement in assimilation and de-
segregation.

To sum up, an ethnicity-conscious subsidy policy has the potential to induce sizable ethnic
minorities’ cultural assimilation and neighborhood desegregation, and such policy is welfare-
improving on average (over 30 years) for both White British and non-White British. Replacing
the current housing policy with an ethnicity-conscious one that provides a similar average
subsidy would still lead to modest improvements in cultural assimilation and desegregation.
However, the welfare-maximizing policy would allocate more generous subsidies, with a max-
imum of up to 90%

Our findings align with prior research (Chyn et al. (2025)): the Moving-to-Opportunity
program in the U.S. had little effect on racial desegregation, whereas the race-based Gautreaux
program significantly improved integration. This suggests that effective desegregation poli-

cies must account for ethnicity in housing policy design.

6 Conclusion

This paper estimates a dynamic general equilibrium model of neighborhood sorting and eth-
nic minorities’ cultural assimilation using an 18-year panel, incorporating noisy cultural trait
measurements. The model illustrates how ethnic minorities anticipating integration with the
majority may invest in costly assimilation, while those remaining in ethnic enclaves have
little incentive to do so. The estimation leverages repeated cultural measurements to track
assimilation over time.

Counterfactual simulations suggest that an ethnicity-conscious, means-tested rent sub-
sidy—offering larger subsidies for moves that promote ethnic mixing—is effective and cost-
efficient. The optimal policy, with a 90% maximum subsidy rate, reduces the unassimilated
non-White British share by 5% and the segregation index by 22% by 2040. A policy mirror-
ing current UK housing subsidies (60% maximum rate) yields smaller gains: a 2% drop in the
unassimilated share and a 9% reduction in segregation.

By contrast, an ethnicity-neutral policy, which incentivizes moves to high-amenity areas
without considering ethnic composition, fails to promote assimilation or desegregation. This
aligns with findings from the U.S., where the ethnicity-neutral Moving-to-Opportunity pro-
gram had minimal impact on racial integration, whereas the ethnicity-conscious Gautreaux
program significantly improved it (Chyn et al. (2025)).

This study does not capture all factors influencing integration due to data limitations. No-

tably, it omits the effects of intergroup contact on racial prejudice and the role of diversity in
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public goods provision and social cohesion. Additionally, future research should explore how

immigration policies can maximize diversity’s benefits while mitigating integration costs.
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A Additional Tables and Figures

Table A.1: First Stage of IV regression Using Bartik IV

(1)
Log Total Human Capital Stock
Bartik IV (Predicted Employment in 10000 persons) 0.0938*
(0.0256)
Year FE Yes
Labor Market FE Yes
N 80

Source: Annual Survey of Hours and Earnings, 2003-2018
Note: Standard errors are clustered at the labor market level and are in parentheses.
* p<0.05 **p<0.01, **b<0.001

Table A.2: Income Process First Stage Regression

Dependent Variable: Whether Female Works

White British Non-White British
Whether Mother has . s
Worked at Age 14 0.332 0.942
(0.0319) (0.0425)
Whether Spouse’s Mother s s
has Worked at Age 14 0.281 0.874
(0.0311) (0.0429)
Baseline Control Yes Yes
Labor Market X Time FE Yes Yes
N 35621 13787

Source: Harmonized British Household Panel Survey & UK Household Longitudinal Study, 2001-2018
Note: Standard errors are in parentheses. Baseline control includes a quadratic age polynomial.
* p<0.05 **p<0.01, **b<0.001
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Figure A.1: Labor Market Classification

Average Real Annual Income 2003-2018 (Pounds, 2015)
I £31372, London

[ £30076, South East

[] £24732, Midland

[ £24376, South

Il 23792, North

Source: Annual Survey of Hours and Earnings, 2003-2018

Note: This figure shows labor market classification from k-means clustering of Travel-to-Work Areas
(TTWA) in England and Wales using average real income (in 2015 pounds) in each TTWAs and normal-
ized distance from London, Manchester, and Birmingham, which are three largest metropolitan areas in
England and Wales.
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SUPPLEMENTAL APPENDIX For
“Designing an Ethnic Minorities’ Social Integration Policy" (Yu-
jung Hwang)

A Data Appendix

In this section, I summarize the datasets used in this paper.

« Annual Survey of Hours and Earnings (ASHE): This is a 1% random sample of lon-
gitudinal Pay As You Earn records. This dataset was used to estimate skill price, local
Total Factor Productivity (TFP), and production function and to classify different Travel-
to-Work Areas (TTWAsS) into labor markets.

« British Household Panel Survey (BHPS, Special License): This is a longitudinal
annual household panel survey, which started in the year 1991. I use the data from the

year 2001 onwards. This dataset was used to estimate the annual income process.

« UK Household Longitudinal Study (UKHLS, Special License): This is a longitudi-
nal annual household panel survey. This survey started in the year 2009. The former
BHPS sample was incorporated into wave 2. This dataset was used to estimate the an-

nual income process along with BHPS.

« Millennium Cohort Study (MCS, Secure Access): This is a longitudinal household
panel survey started in the year 2001. This dataset includes a sizable minority sample,
including over 500 Muslim households, and has repeatedly been surveyed about cultural

preferences. This is the main dataset used for estimation.

« UK Census 2001, 2011, 2021: [ use local aggregate statistics computed from three UK

Censuses.

« UK Census Flow Data 2001: I use the UK Census Flow Data 2001 for every origin-

destination LSOAs pair to construct a stratified random choice set in migration decision.

« HM Land Registry Data 2001-2018 (ONS Publication for small area statistics,
LSOA 11): This dataset publishes the quarterly median house prices paid for each small
area (LSOA 2011 geography) in England and Wales. I compute the yearly average me-
dian house price and convert its geography to LSOA 2001 geography>* to be consistent

3] compute a weighted average of yearly median house prices where the weight is how much LSOA 2001
geography is overlapped with different LSOA 2011 geography neighborhoods.



with the MCS data. The price is deflated to use 2015 British pounds as a unit. The rent-
to-house price ratio, 3.7%, is from the last row of Table A1.1 in Marsden (2015). Their
calculation is originally based on Land Registry price paid data 2015, VOA private rents
2013/14 for England.

+ Neighborhood Deprivation Index: I use data published by Abel et al. (2016), specif-
ically "uk_imd_england_score’, which is the recalculated IMD score for the UK, based
on English IMD score. The index represents how deprived each neighborhood is, and I

multiply minus to it so that a higher number implies a better amenity.

B Construction of Unobservable Attribute Indices

In this section, I describe the details about how the cultural preference indices in Table 2 were
constructed. The variables used to construct the indices are listed in Table 1.

To construct the traditional gender attitude index, the variables on gender attitude in Ta-
ble 1 were re-labeled so that a higher number implies a more traditional gender attitude. The
overall gender attitude index was computed by summing every male and female responses to
gender attitude questionnaires, and the final number was standardized again to have a mean
0 and a standard deviation 1. Only the observations with complete responses were used.

To construct the foreign language usage index, I re-labeled variables on English usage and
English interview in Table 1 so that a higher number implies more foreign language usage.
I summed male and female responses and normalized the sum. Only the observations with
complete responses for all foreign language questions were used. There is a discontinuity in
the response scale of the English usage at home variable between waves 2 and 3. I recoded
the variable between waves 3 and 6 to make it comparable to a variable between wave 1 and
2: “mostly English and sometimes other language" and “about half English and half other
language" in wave 3 and afterwards were recoded to “English and other language" in wave 1
and 2 variable. “Mostly other language and sometimes English" and “Other languages only"
in wave 3 and afterwards were recoded to “Other languages only" in wave 1 and 2 variable.
“English only" response does not need a re-coding.

To construct a non-Western religiosity index, I used variables on the male and female
spouse’s attendance at non-Western religious services. The non-Western religions include
Hinduism, Islam, Sikh, and Buddhism. I summed up the variables for each spouse and nor-

malized the sum to construct the non-Western religiosity index.



C Details on the Estimation

This section explains estimation details omitted for brevity in the main text.

C.1 Step 1. Income Process

In this section, I explain how to estimate the income process, taking into account selective
female labor force participation and the general equilibrium effect in the local labor market.
I estimate the income process parameters separately by White Britishness, and for brevity, I
omit the White Britishness index D; € {WHB,NWHB} in notations for parameters.

First, following the usual convention in the income process literature (for instance, Blun-
dell et al. (2008)), I trim the income outliers and income growth outliers. Ihave set any monthly
income below 100 pounds as equivalent to not working. I dropped the top 1% income in the
data. I dropped any income growth greater than 150% and income drop greater than 150%,
which is roughly the bottom and top 1% of annual income growth observed in the data. I
restrict the analysis to England and Wales and use only married people aged between 25 and
64 to be consistent with the MCS sample. I drop the sample that appears only once in the
dataset as I can not observe income growth. I use the sample who did not move across labor
markets *°.

Estimation proceeds sequentially as below.

« Step 1. Estimate the income profile slope {1¢}.

— Step 1.1. Compute the individual log wage residuals. That is, subtract the average
log wage by labor market and year, logw;(). I allow additional i.i.d. component
logmi) ~ (0, U%n) in the observed log wage variable, which can be interpreted as

the mixture of transitory income shock and measurement error.>

logwiiso) = logRys2) + loghirz) +logmiy

35There are only a small number of labor market switchers in the panel dataset because the labor market
definition used in this paper covers a large geographic area. So, this leads to only a small selection in the sample.
However, using labor market stayers only simplifies the estimation procedure. In addition, the structural model
assumed in this paper implies that there is no selection in the income shock between labor market switchers and
stayers because the wage shock is assumed to be realized after the migration decision. So this treatment is fully
consistent with the structural model.

36 As explained in Meghir and Pistaferri (2004), Low et al. (2010), Arellano et al. (2017), a transitory component
in income shock is not separately identifiable from measurement error. If there is a validation study, which
provides the estimate for the variance of measurement error in the income variable, then one may be able to
estimate the variance of a transitory income shock. Unfortunately, I am not aware of any validation study for
UK income data. Another partial identification available is to use the bounding method, as discussed in Meghir
and Pistaferri (2004).
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- Step 1.2. Estimate the control function A;4)(@;;) for female. To obtain a closed-
form control function, I assume the dependence between preference shock to work-
ing n;; and permanent shock to human capital stock w;; can be modeled with
Gaussian copula with correlation parameter p,;. The instrumental variable (Z;,),
which is excluded from the change®’ in individual wage residual, is whether (own
and spouse’s) mother worked when the respondent (and the spouse) was age 14.
The idea is that these variables are pre-determined so they are not correlated with
human capital shock in the current period. However, they are strongly correlated
with an individual’s preference for working.®® Other exogenous regressors X;;

include labor market X time dummy and quadratic age polynomials.
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¢: PDF for standard normal distribution, ®: CDF for standard normal
distribution,
Fy: CDF for logistic distribution, F,: CDF for normal distribution

— Step 1.3. Using labor market stayers only, estimate the income profile slope {A¢}.
For notation, I add a tilde to human capital stock permanent shock w;;2) to make
it clear this is a selected random variable because the residual can be computed
only when the sample member worked in year t and t—1.

The first difference of residual is

Sit@) — Sit-12) = _(loghlt(Z)_loghlt—l(Z)) +o

labor market - ;ear fixed effect

37Not the level equation. This IV may be an invalid IV for the level equation if it is correlated with the human
capital stock, for instance.

38Fernandez et al. (2004) finds that whether the mother has worked in the past has a strong effect on whether
her daughter-in-law works.
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I control for the current and lagged control functions ;42 (@is), Air—12)(@ir—1) to

account for selection in @; ().

— Step 2. Estimate the variance of permanent income shock 2, the Gaussian copula

parameter p,n, and the variance of the measurement error g7,.

+ Given the estimate for the income profile slope 1y and regression coeflicients

for the control functions, compute the new residual r;;(2),

it = (Site) — Sit-12) + loghyroy —loghii—12)) — Ao

=i +logmie) —logmir_10) (C1)

,where —(loghy;o) — loghj;—1(2)) is the average of (Sit(Z)—Sit—l(Z))—ZO—E [(Z)it(Z)]
within each labor market and year.

—(loghiyz — 10ghii—12) = (Siz2) — Sitr—1(2) — Ao — E (@] (C.2)
(C3)

+ Run nonlinear least squares regression to estimate 02, p,y, 02, using the fol-

lowing three-moment conditions. The derivation is presented below.

E[rit@|Pir=1,Piy-1 = 1] = 0upuwy EIM@;i1)]
E[rizt(Z)lP” =1,Pjt-1= 1] = 0'3) (1 +p§mE[ait/1(ait)]) +20—§n
Erive (rir-1@) + Tit@ + Tier1@) 1 Pitrg = 1, = =2,-1,0,1]

=02 (1 +ponE [aitfl(ait)])

Derivation for Moment Conditions Used for Income Process Estimation
Here, I derive the moment conditions used for income process estimation. First, I show
the formula for the control function. Remember the following shock distribution assumptions

were made.
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F() is a CDF of each random variable, ®!()) is an inverse of a standard normal CDF.
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I define the truncated human capital shock @;;) conditional on that female income is

observed. Remember the residual used for the moment condition is

I write the female work equation, P(P

ratio A(a) =
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To sum up, the moment conditions to use for the female income process are
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C.2 Step 2. Production Function, Skill Price, TFP in local labor mar-
ket

In this section, I explain how to estimate the skill price, total factor productivity in each local
labor market, and the production function curvature parameter. First, using only labor market
stayers, I estimate the skill price change over time for each labor market. At this stage, I nor-
malize the log skill price in the first year to zero, following the idea of Heckman et al. (1998).
Second, using the labor market switchers, I recover the skill price level differences across the
labor markets. The basic idea is that the residual change in income after accounting for the
wage change following the individual income profile must come from skill price differences
in different labor markets (See the wage equation 12). After computing the final skill price, I
renormalize the lowest log skill price to zero.

The key identification assumption here is that there is no individual-labor market-specific

match component in income. This assumption would be violated if individuals climb up a job



ladder by receiving better wage offers from different labor markets. This paper is abstracting
from this alternative mechanism, but instead, to minimize the potential bias in the estimates
if this alternative mechanism were true, I clean the data in the following way. First, I allow for
a nonparametric individual-specific income growth rate f (1).3° Second, to remove the work
hour differences right before/after the labor market move, I use the derived annual income,
which is the gross weekly payment in the reference week (excluding overtime payment) mul-
tiplied by a common factor of 52. 52 was the median of the ratios dividing annual gross pay
by gross weekly payment (excluding overtime payment). The income variable was deflated
by the CPI index, whose base year was 2015.

Iuse ASHE data between year 2003 and 2018 because ASHE data includes low-level geocode
only after 2002. I first estimate the skill price and TFP estimates from the years 2003 and 2018

and extrapolate the series between the years 2001 and 2002 using a quartic polynomial.
« Step 1. Estimate the (log) skill price logR;; in the local labor markets

— Step 1.1. Estimate the gender-specific income growth rate {/1§},g € {M, F}, and
individual-specific income growth rate f(i). First, estimate the gender-specific in-
come growth rate, {ﬂtg }, following Step 1 in Section C.1. I assume there is selective
participation only for females, so I control for the inverse mill’s ratio only when
estimating Y. Next, compute the labor market-year fixed effect as in equation C.2.
Then compute the mean of the residual within each person, which is individual-

specific income growth rate f ().

T sit@) — Sit-12) + 108 hyie) — loghy—12)) — A3

fli)=
f EZI 7

— Step 1.2. Estimate the (log) skill price change in each labor market over time,{(l0gR;(;,,):—
logRyj;,)r-1)} given the estimate (A8, f(i)} using labor market stayers only.

Alogwis) = (logRij;, e — logRu(j;)1-1)+ (C49)

(logRy;pt-1— logRji,_ye-1) +/1§ + fi)+wir+logm;;—logmi;—

zero for labor market stayers

— Step 1.3. Given the sequence {(l0gRyj;,) — l0gRy(j;,+-1)}, estimate the initial skill
price differences across labor markets for the labor market switchers. Only (L—1)

(L = number of labor markets) parameters need to be estimated. For this, use the

39The ASHE does not include detailed demographic information, such as work experience, immigration status,
and years in the UK, so it is impossible to estimate a growth rate as a function of these demographic variables.
Instead, I estimate individual-specific growth fixed effect f(i) to capture heterogeneity in income growth rate.



following relationship.

logRi(jipr-1 = LogRji,_y1-1 = (L0gRi(j 0 = LOgR(ji, 1)) (C.5)
-1 -1
+ 2 (10gR1iq = LogRijing-1) = . (108Ru(jiy1)q — L0&Ri,-1)g-1)
q:2 =2
estimated in step 1.2 estimated in step 1.2

In the initial periods, with L labor markets, only L-1 level differences need to be

recovered since

logRi(j;ho — logRu(j;,_1)o = (LogRij;n0 — LogRiyo) — (Log Ry(ji;,_1y0 — Log Riyo)

, where [y is a base labor market.

I run a constrained linear regression using equation C.4 including both labor mar-

ket stayers and switchers with (L —1)? + 2 constraints.(L=4) *°

— Step 1.4. Normalize the sequence Ry, -, R;; using Rj,o = 1 for one labor market
lp € . (Heckman et al. (1993)).

« Step 2. Estimate the production curvature parameter ¢

— Step 2.1. Estimate the aggregate human capital stock for each labor market at each
time t, log Hj;(2), using the following equation, given the estimates for logR;; from
Step 1. The last term is the summation of the measurement errors in the wage
reports, which converges to zero by the law of large numbers and the assumption

that the mean of the (log of) measurement errors is zero.

log(Total Wage Bill);, = logR;; + logHjs(2) + )_ logmiyz)
i€l
=0

< logHj2) = log(Total Wage Bill),, — logR;;

— Step 2.2. Estimate the production function curvature parameter ¢ by running a
two-stage least square regression using a Bartik instrument (Bartik (1991)) for
logHj;. 1 use the industry composition in each local labor market in the base
year (2003) and national industry employment growth to construct the predicted

employment in each local labor market. Specifically, the Bartik instrument was

40T use (L—1)? + 2 constraints. (L—1)? to recover the (L— 1) level differences only and 2 more constraints to
ensure that the coefficients in front of the last two terms in equation C.5 are equal to one.



constructed using the following equation.
_ 0
Zit = ;AIW * Mgy

where A(l)(j) r is the employment share of labor market I(j) for industry f national
employment in the base year, My, is the total employment in industry f at time
t. The base year was 2003.*! The regression function was derived from the below
relationship. To approximate the TFP Ay, I control for a year and labor market

fixed effects in addition to /log Hj; in the regression.

logR;;=1ogA;;+({—1)logH;; +1log ( (C.6)

log Hyjy; is instrumented with the Bartik instrument Zj;y;.

« Step 3. Estimate the log TFP, log A;;, given the estimated skill price logR;;, total human

capital stock log Hj;, and production curvature parameter { using the equation,

logA;;=1ogR;;—log {—((—1)logHj;

The estimate table G.1 is in the Appendix.

C.3 Step 3-1. Estimating the reduced-form CCPs

In this section, I explain how I estimate the reduced-form CCPs, p j't Pp'er Pu'ts which will be
used to estimate the structural parameters in the flow payoff in the next step. Considering
that the estimation is done in micro panel datasets with limited sample size, I approximate the
conditional choice probabilities using the parametric conditional logit model (McFadden et al.
(1973)), logit model, and fractional multinomial logit model (Papke and Wooldridge (1996)).
Before estimating reduced-form CCPs, I constructed a neighborhood choice set of size 31,
following the suggestion of Keane and Wasi (2012) to handle the large choice set. As Keane
and Wasi (2012) explains, in a finite sample, using a random subset of full-choice alternatives
gives more precise estimates when there are too many choice alternatives compared to the
sample size. In this paper, the full set of neighborhoods is 34378, which is too large compared
to the sample size. The number of alternatives, 31, was chosen to make the estimation feasi-

ble but still large enough to represent all neighborhoods. The constructed choice set is large

41Geocode necessary to construct local labor market variable was available only after year 2003 in the dataset.

10



enough to ensure that every neighborhood is included as a potential destination for another
neighborhood so that there is no neighborhood that experiences only out-migration.

To guarantee the representativeness of the choice set, the choice set was further stratified
to include 10 Muslim neighborhoods, 10 White British neighborhoods, and 10 non-Muslim,
non-White British neighborhoods. The last neighborhood in the choice set is an origin neigh-
borhood, which is always included as a choice option. Muslim neighborhoods are defined
as neighborhoods whose Muslim resident share exceeds 20%.*> The White British neigh-
borhoods are defined as neighborhoods whose White British resident share exceeds 80.5%.*>
During the estimation, if the destination different from the current neighborhood is not in-
cluded in the constructed random choice set, I replace one neighborhood belonging to the
same stratum as the destination neighborhood with the destination neighborhood.

I estimate all CCPs separately for White British and non-White British samples. To esti-
mate the neighborhood CCP, I use the interaction between the neighborhood-specific charac-
teristics and (one vector for a constant and) the household characteristics. The neighborhood-
specific characteristics include the following 18 variables: log skill price in the local labor mar-
ket log(Rj), log median house price in the neighborhood log(hpj;), log** of neighborhood
White British density log(W HBj; +0.1), log of neighborhood Muslim density log(MUS;; +
0.1), (minus of) neighborhood deprivation index (IMD, Abel et al. (2016)), —log(IMDj), log of
neighborhood college graduate share log(ColEdj; +0.1), neighborhood housing quality in-
dex hsqual;*, control function control funj,, log distance between origin and destination
log(distance(j, jirq)) +1), whether the neighborhood is different from the origin neighbor-
hood 1(j # jis1)), and the interaction between whether the neighborhood is different from
the origin and neighborhood characteristics 1(j # jiz1)) x {{0g(R};),log(hpj),log(W HBj;+
0.1), log(MUS,; +0.1),~log(IMD}),log(ColEd;, +0.1),
hsqualj,controlfunj;}. For White British households, the household characteristics in-
clude the female log human capital stock log(h;;1)), female age Age;;, and the time index ¢.
For non-White British households, I add a dummy variable whether the household is a least
assimilated social position type 1(u;;1) = u) to a household characteristics vector of White
British. So in total, the number of regressors is 72 for White British households and 90 for
non-White British households.

The female work CCP is also estimated separately for White British and non-White British
sample. For White British households, the regressors are one vector for a constant, log of hu-

man capital stock log(h;;), female age Age;;, log of median house price log(hp;;), log of

42This is a cutoff obtained from the k-means clustering of neighborhoods using Muslim resident share in the
year 2011.

#3This is the national White British share in the year 2011.

4T add 0.1 to density to prevent a negative infinity when the density is close to 0.

“The construction of the housing quality index is explained in Section D.
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skill price in the labor market log(R;;), log of neighborhood Muslim density, log(MUS;; +

0.1), log of neighborhood White British density log(W HBj; + 0.1), (minus of) neighbor-
hood deprivation index (IMD), —log(IMDj), log of neighborhood college graduate share
log(ColEdj;+0.1), neighborhood housing quality index hsqual;, control function control funij;,
and time index t. This gives 12 regressors, including a constant. For the non-White British
sample, I use the same regressor for the White British sample and its interaction with a dummy
variable whether the household is a least assimilated social position type 1(u;;1) = ). So the
number of regressors for the non-White British sample is 24, including a constant.

I run a social position type transition regression only for the non-White British sample,
as I assume White British is the same as the most assimilated type. I use 13 regressors includ-
ing a constant: they are one vector, log of female human capital stock log(h;;@)), female age
Age;y, log of median house price in the neighborhood log(hpj;), log of skill price in the labor
market log(R};), log of neighborhood Muslim density log(MUS ;+0.1), log of neighborhood
White British density log(W HBj; +0.1), (minus of) neighborhood deprivation index (IMD),
—log(IMDj), log of neighborhood college graduate share log(ColEd;;+0.1), neighborhood
housing quality index hsqualj, control function controlfunj,, time index #, and a dummy
whether the household is the least assimilated social position type 1(u;s3) = ).

The estimation algorithm is the variation of the EM algorithm. By assumption the White
British sample is assumed to be the most assimilated social position type. So, in each itera-
tion, only the social position type probability for the non-White British sample is updated. I

elaborate on this updating process below:

1. First, I calibrate the female’s initial human capital stock and the subsequent human

capital stock sequence as explained in Section 4.4.

2. Similarly, I estimate the initial social position type probability P¥(u;; = s) for each
non-White British household using an EM algorithm and the proxy variables in wave
1. I obtain estimates for the social position proxy likelihoods Llyt = [(Y;¢|lu;,) from this
estimation, which will be used in the social position type updating rule below. I take

the average of the initial social position type probability to set the prior P (u;; = s).

3. I set the initial transition CCP P (w41 = s'|uj; = 5,Qi;) close to 1 if s’ = s and close to

0 if s’ # s. This completes the initialization of the algorithm.

4. In m-th iteration, I estimate the likelihood for neighborhood choice I(j;/|Q;;) treat-
ing the unobservable states as known, but weighting by the updated individual social
position type probability P""~Y(u;; = s). This can be done by applying a weighted
conditional multinomial logit regression. I used a fast multinominal logit regression R

package ‘mnlogit’ (Hasan et al. (2016)), which can handle a large number of regressors.

5. In m-th iteration, I estimate the likelihood for female work choice [ (PftIQi ;) treating
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the unobservable states as known, but weighting regression by the updated individual
social position type probability P~V (u;, = s). In practice, this can be done by applying
a weighted logit regression. Then I obtain the likelihood of female work choice. I used

a ‘glm2’ R package (Marschner (2011)) for this estimation.

6. Tupdate the social position type probability P (u;; = s|Q;;) using the following Bayes

rule.

Lit(uir =)

PO (= s|Q;p) =
(tie = 5120 Yo Lit(ujr=5"

(C.7)

Next, one can update P (uirq = s'luir = 5,Qi1) by first finding the nonparametric
forward probabilities and estimating a weighted parametric/nonparametric regression
using the updated individual probability P~V (u;, = s). Specifically, the forward prob-

ability for individual i of type u to have a type u’ in the next period is defined as :

/
i1 =5 uir =594

r r . . —_J 0. g u g,
Zuit+z=1 " 'Zuw =1 Huirs2ltiprr = 8, Qipe1) (Ht’:t+2Lit’Llﬂ)]

o

— — — g
Z;le Huitrr = s'luje = $,Qiy) [Z;mzzl "‘Z;igzl Luirsoltirr1 =8, Qir11) (H[/:HZL?ﬂLit’)]

where the per-period likelihood L;y and the transition likelihood is defined as follows :

per-period likelihood  L;; = L;thtLlyt (C.8)

likelihood from neighborhood choice Lg =10l Qie) (C.9)
likelihood from female work choice Lf = 1(Pi1Q4y) (C.10)
likelihood from proxies Llyt = 1(Yiluip) (C.11)

transition likelihood LY = I(u;1411Q;7) (C.12)

(C.13)

7. I repeat from steps 3 to 9 until the overall likelihood converges.

C.4 Step 3-2. Estimating Flow Parameters Using Finite Dependence

With reduced-form CCP estimates on hand, I conduct a maximum likelihood estimation for
the structural parameters in the flow payoff. The moment conditions used for the estimation

are derived using the two-period finite dependence property.
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Box 1. Choice Paths Leading to Two-Periods Finite Dependence
Path 1 Choose different neighborhoods ji;) # jis(2) at time t.
o Jit@ — Pire =1(Working) — ujr+10) = Jit+102)
e jite) = Pire) =1(Working) — ujr+10) = Jir+12)
Path 2 Choose different female work choices Pj;p) =1 # ﬁit(g) =0 at time t.
e Piroy=1— Ujrr10) = jir+1@) — Pir+12) =0
e Pt =0— tjrr1) = jirs1@ — Pirr12) = 1
Path 3 Choose different social position choices u;;+1(2) # Ujr+1(2) at time t.

o Uire1() = Jir+1@) — Pir+12) = 1 (Working) — w4201

o Uirr11) = Jire12) — Pir+12) = 1 (Working) — w420

Box 1 summarizes the choice paths leading to the two-period finite dependence. First,
one choice path that makes an agent choose neighborhood j;;) at time t and stay in the
neighborhood j;;+1(2) at time t+1 will lead to the stochastically same state variable distribution
as another choice path, in which the agent chooses a different neighborhood J; () at time t and
moves to neighborhood j;;11¢) at time t+1, while making the same female work choice P;y)
(assumed working) and social position choice u;;11(1) as the first choice path. Second, one
choice path making the agent work at time t, P;;) = 1, and not work at time t+1, P;;y12) =0,
will lead to the stochastically same state variable distribution as another choice path making
the agent not work at time t, P;;») = 0, but work at time t+1, P;;412) = 1, while making the
same social position choice, u;s+1(1), and neighborhood choice, j;;+1(2), as the first choice
path. ¢ Third, a choice path to make agents choose a social position u;11¢1) at time t and
for a female spouse to work at time t+1, Pj;+12) = 1, and the same social position u;;12)
at time t+1 will lead to the stochastically same state variable distribution as another choice
path with a different social position #;;+1() at time t, for a female spouse to not work at time
t+1, Pit+1(2) = 0, and to choose the social position u;;42(1) at time t+1, while making the same
neighborhood choice, Ji;+1(2), as the first choice path. *’ I assume the household moves to

a different neighborhood j;;+1(2) along the two choice paths*®. States along the choice paths

46No female human capital depreciation is key to having this finite dependence, which also has been assumed
in the previous papers for tractability.(Altug and Miller (1998), Humphries (2017))

4TThese finite dependence paths are not the only ones. One may find different finite dependence paths for the
estimation. Theoretically, the choice of finite dependence paths should not matter.

4830 this condition also identifies the social distance moving cost parameter Cy. I choose fit+1(2) to be the
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are stochastic due to human capital shock. I do numerical integration whenever needed using
the discretized human capital shock grid.

To derive the moment conditions, I define symbols for the correction function for the

@ .0 1)

first choice path as ¥ ptrYur Vi, (female work choice, social position choice, neighborhood

choice) and for the second choice path as 1//32, wgzt) , 1,(/;,22 (social position, neighborhood, female

work choice) and for the third choice path as 1//5.32 ,wg’g,w(j} (neighborhood choice, female
work choice, social position choice). Due to the specific distributional assumption made (GEV
shock distributions) and Lemma 3 in Arcidiacono and Miller (2011), the correction functions

have the following closed-form solutions.

pit=PGinw = J'197,0),  Ppie = P(Pise) = PO, ) (C.14)
Put = Piriq) = Q7 5) (C.15)
Vin=y—logpj, Ypi1=0pY—0plogppr, Yui=0uy—0ulogpu:. (C.16)

Y = 0.5772 is an Euler-Mascheroni constant, o, is the scale parameter for logistic shock for
female work, o, is the scale parameter for Gumbel shock for social position. The scale pa-
rameter for the location preference shock is normalized to one.

Using these correction functions, one may obtain the alternative representations for con-
ditional choice probabilities, summarized in Proposition 1. This proposition will be used to

estimate the flow payoff parameters.

Proposition 1 (Finite Dependence). The model has a two-period finite dependence described
in Box 1 above. The conditional choice probabilities for each discrete choice have alternative

representations, equation C.17 - C.19, and C.25 - C.27, using the finite dependence path in Box 1.

exp (V1) (Qir))

it = — C.17
Pit 2 expWjr)(Qir)) (C.17)

exp(v Qi) 0,)
Py = PP i) T p (C.18)

2 exp(Wy2)( Qi) /op)

U, Q; /

Pt = exp(l/gz(s)( it3))/oy) (C.19)

2 exp(Uy3)(Qirz)/ 0w)

where

U0 Qir) = E [T Qs /) + 771 Log(Ri) + ) (C.20)

(1 ¢ (1)
+1rUut+IB{MC(]!]”+1(1))+1V]'H_1} (C21)

(J — 1)-th neighborhood in the choice set.
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Upi2)(Qir) = [H Qi D)+ Wil + By + TG Qi 1 - p) + v, ) (C.22)
Uur3)(Qir(3)) = E[H‘Z(Qit(?,); u) + PIC(u—ujrm1)D x 1(jirr1) # Jir3)
3 pF 3 3 , 3
+w§t)+l VTPl * w;)g-{_l + T (Qir13); Uier2) + W ors ) (C.23)

Proof. Using Theorem 1, Lemma 3 in Arcidiacono and Miller (2011) and the two-period finite
dependence paths, the conditional value functions can be represented as follows:

Vit (Qirq) = E [H (Qirys ])+Y110g(th)+w(U

+y') + BIMC(, fire1m) +1V;-1t)+1 + Vit (Qit+l(2))}]

Upr2)(Qir@) = [H Qiry; p) +v' + ﬂ{wﬁ)ﬂ + H?(le(z); 1-p) +1l/§922+1 + V10 (Qit+1(3))}]

Vur3) (Qir@) = E[H“Z(Qiz(s); W)+ PLCu—ujrri) x 1(jire1) # Jird)

3) F 3) 3 . (3)
Wit Y1uP itr12) TV I Qirn1@) Uirr2m) + Wy + BViv2) (Qit+2(1))}]

The expected continuation value terms E[V;4+12) (Qir+12)], E[Vi+13) (Qir+13)], E[Vi+20) (Qir201))]
remain the same across different discrete choice paths in Box 1, so they can be dropped when
subtracting one conditional value function from another. In an equation for vy;3)(Qis@3)),
the moving cost depending on the social distance in a term MC(j;3), jir+11)), and the gen-

der norm cost for working female in a term H? (Qjt+102; P = 1) do not cancel out, so

F
it+1(2)
they need to be taken into account when comparing flow payoft along two different choice

paths. [

I use Proposition 1 to get the value function estimates.

Dj0) Qi) = [H (Qirw; )+ 771 Log(Ri) + T (C.24)

P4+ BIMC(, firsra) + 9, ) (C.25)

Upt2) (Qir) = [H Qi p) + ) +,3{1V;2t)+1 +10° T (Qirr121 - )+1V§,2;+1} (C.20)
Uur3)(Qir3) = E[ﬁ‘z(ﬁit(g); u) + BICa(Ju _ﬁjt+1(1)|) X 1(jit+1) Z Jit3)

+w§3t)+1 +71uPirne + WS;H + I (Qir13); Uirro) + Tronyy} (C.27)
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To estimate the flow utility ﬁ}.(Qi t(1); j) in the value function expression, I need the esti-
mates for neighborhood’s average social position and human capital stock. Given the previous
reduced-form CCPs, I estimate these terms using the predicted values from the regression. I
regress the social position, #i;;(s), on the neighborhood characteristics vector,

Niy =11,10g(Ry)), log(hp;,), log(W HBj; +0.1), log(MUS ; +0.1),
log(-IMDj),log(ColEdj;), hsqualj,control fun;}.

individual characteristics regression Uirisy = Nigs)B1+E€irs)

neighborhood average prediction Ujris) = Nirs) B

To sum up, one can estimate every structural parameter in flow utility using the ML esti-

mation using the usual multinomial/logit formula in proposition 1.

exp (D) Qi)

= / C.28
Pit Y exp (V1) ( Qi) (C.28)
exp(Dpr2)(Qire)/0p)
Pyt = —p PO DT (C.29)
2 exp(Vp12)( Qi) 0p)
D Q; /
Put exp(Uy3)(Qirs)/0u) (C.30)

Y exp(Dya)(Qirs) /o)

D Construction of the Control Function

This section explains the details of the construction of the control function used to measure
unobserved neighborhood amenities. The instrumental variable used to construct the control
function is similar to Bayer et al. (2016), which used non-adjacent but nearby neighborhood
housing characteristics. This neighborhood (that belongs to a donut ring drawn around the
neighborhood) is likely to be a substitute in the housing market, so their house characteris-
tics would affect the house price of the neighborhood. However, they are non-adjacent, so the
unobserved neighborhood amenity would be less likely to be correlated if the donut ring is
drawn sufficiently far away from the center of the neighborhood. I use a 5 miles to 10 miles

donut ring to construct the instrumental variable®’.

log(Med. House Price ;) = o + f1NBHD House Char;;+
B>NBHD Other Char ; + f3Donut House Charj; +¢j; (D.1)

49T have tried a smaller ring, a 3 miles to 6 miles donut ring, and the result was similar.
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Table D.1: First-Stage Regression Result for Log of (Median) House Price Using Donut IV

(1) (2)
log(house price) log(house price)
Donut 5-10 mile: Average Number of Rooms -0.331"**
(0.00627)
Donut 5-10 mile: Share of HH with Central Heating -0.231***
(0.0485)
Donut 5-10 mile: Share of HH Owned -13.62***
(0.676)
Donut 5-10 mile: Share of Social Housing -15.22***
(0.679)
Donut 5-10 mile: Share of HH Privately Rented -13.53***
(0.682)
Donut 5-10 mile: Share of HH Rent Free -19.98***
(0.671)
Donut 5-10 mile: Share of House Detached -0.173***
(0.0354)
Donut 5-10 mile: Share of House Semi-Detached -0.650***
(0.0246)
Donut 5-10 mile: Share of House Terraced -0.676™"
(0.0316)
Donut 5-10 mile: Share of Mobile Space 6.781"**
(0.459)
Donut 5-10 mile: log(Housing Density per Acre) -0.0123"**
(0.00226)
Donut_IV -0.551***
(0.0179)
Partial F-stat 2166.310 953.149
Controls Yes Yes
N 618786 618786
R-square 0.815 0.747

Note: Standard errors are clustered at the neighborhood (lower super output area) level and are in

parenthesis.

Data years 2001-2019. Annual variables were imputed from interpolation using decennial Census data.

Controls include house characteristics for the neighborhoods(NBHD), NBHD deprivation index, college
graduate share, NBHD White British and Muslim share, and log of skill price.
*p <0.05, *p < 0.01, *p'< 0.001
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Table D.1 shows the first stage regression results from the regression equation D.1. I
regress the log of median house price for a neighborhood j in year t onto the neighbor-
hood j house characteristics in year t, other neighborhood j characteristics in year ¢, and
the house characteristics of the donut ring drawn around neighborhood j in year ¢. The
house characteristics vector (for the neighborhood and for the donut ring area surrounding the
neighborhood) includes the average number of rooms, the share of households with central
heating, the share of homeowners, the share of social housing, the share of rental households,
the share of rent-free households, the share of detached houses, the share of semi-detached
houses, the share of terraced houses, the share of mobile spaces, log of housing density. The
other neighborhood characteristics include (minus of) neighborhood deprivation index, col-
lege graduate share, White British share, Muslim share, and log of labor market skill price.
The Donut House Char ; vector includes many variables, so I collapse it into a Donut_IV
summary index, which is computed as El x Donut House Char ;. This is a predicted house
price in the donut ring based on housing characteristics. The partial F-statistics for instrumen-
tal variables are very large, far greater than 900, which shows that the instrumental variables
are strong.

Next, I construct the residual from the first stage regression, which is a control function
for the housing price. The interpretation is that this residual captures the unobserved amenity
of the neighborhood. The structural model utilizes a summary index of the average housing
quality of the neighborhood, which is constructed as the average of f; x NBHD House Char jt
for 19 years, so I run a slightly modified regression equation D.2 to compute the control func-

tion residual, controlfun;j, =¢€j;.

log(Med. House Price;) = fo + f1Avg Housing Quality ; +
B2NBHD Other Charj; + fzsDonut IV, +¢€j; (D.2)
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E Additional Tables and Figures

Table E.1: Missing Information on Year to Current Address

Average Year

Wave Survey Year Age Gap Whether Moved  Missing Year to

NBHD Current Address
Between Surveys
2 2003-2005 2.334 0.299 0.135
3 2006-2007 2.360 0.215 0.377
4 2008-2009 2.130 0.158 0.499
5 2012-2013 4.279 0.220 0.194
6 2015-2016 3.288 0.157 0.147
7 2018-2019 3.243 0.114 0.216

Source: MCS Wave 1-7

Note: This table shows the missing rates for the information on years to the current address in MCS data
wave 1-7. The missing rate for wave 3 and 4 is particularly high, probably due to some changes in the
survey implementation procedure for these two waves. Our estimation sample size for the ethnic minority
sample is already very small, so to minimize the sample loss, I impute the year to the current address if
the information is missing by randomly drawing a year between the last and the current survey year if
the household has moved to a new address. The average year gap between surveys is not large, only 2-4
years on average, so this imputation would create only 1-3 year difference from the actual moving year.

Table E.2: Association Between Economic and Cultural Assimilation — Additional Results

Dependent Variable

Male Log Labor Income
(Male) Non-Western Religiosity Index -0.0330

(0.0253)
(Male) Foreign Language Usage Index 0.00341

(0.0154)

Sample NWHB NWHB
Age Pol Yes Yes
Individual FE Yes Yes
Year FE Yes Yes
Labor Market FE Yes Yes
N 3149 5161
R-square 0.040 0.026

Note: Standard errors are clustered at the household level and are in parentheses. In every regression,
a quadratic age polynomial, individual fixed effect, year fixed effect, and labor market fixed effect are
controlled. The unit for labor income is 2015 £. * p <0.05, **p <0.01, ***p <0.001
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Table E.3: Main Parent (Male) Characteristics in the First Interview

(by Female Spouse Ethnicity)

Male Characteristics White British Non—.Whlte
British
White British 0.961 0.135
(0.193) (0.342)
Age 34.777 34.61
(5.202) (5.827)
Muslim 0.546
(0.498)
Not an Immigrant 0.134
(0.341)
First Gen Immigrant 0.644
(0.479)
Second Gen Immigrant 0.222
(0.416)
Years in the UK (1st Gen) 14.322
(9.914)
College Graduation 0.429 0.412
(0.495) (0.492)
Employed 0.96 0.877
(0.197) (0.328)
Sample Size 1234 1234

Source: MCS wave 1-7

Note: This table shows the average and standard deviations of male sample characteristics in the first
interview. The standard deviation of each variable is in parentheses. By construction, White British
sample does not include any Muslims. I do not report the immigration-related statistics for the White
British sample to protect the confidentiality, as they are small in number.
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Figure E.1: Robustness of Initial Social Position Type Estimates by Choice of a Different
Anchoring Variable (Assuming Two Types)

Non-White British Type Share-

(Female) Child Suffers w1-

(Female) Couples Should Not Separate w1-
(Female) Family Suffers w1-

(Male) Child Suffers w1-

(Male) Couples Should Not Separate w1-
(Male) Family Suffers w1-

(Female) Non-Western Religiosity w1-
(Male) Non-Western Religiosity w1-
(Female) Foreign Language Intervew w1-
(Male) Foreign Language Interview w1-

Foreign Language Use At Home w1-

Source: MCS wave 1
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(Female) Child Suffers w1

(Female) Couples Should Not Separate w1
(Female) Family Suffers w1

(Male) Child Suffers w1

(Male) Couples Should Not Separate w1
(Male) Family Suffers w1

(Female) Non-Western Religiosity w1
(Male) Non-Western Religiosity w1
(Female) Foreign Language Intervew w1
(Male) Foreign Language Interview w1
Foreign Language Use At Home w1

Social Position Type = 1 Most Assimilated 4 2 Least Assimilated

Re-Ordered to Make High Value = Least Assimilated

Note: This figure shows the robustness of initial social position type estimates by different choices of an
anchoring variable. I assumed two social position types.
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Figure E.2: Initial Social Position Type Estimates (Assuming Three Types)

Social Position Type Estimation

Non-White British Type Share- “Type 3:0.23 “Type 2:036 A t—emtH “Type 1:0.42

(Female) Child Suffers w1-

(Female) Should Not Separate w1-

(Female) Family Suffers w1-

(Male) Child Suffers w1-

(Male) Should Not Separate w1-

(Male) Family Suffers w1-

(Female) Non-Western Religiosity w1- = ——+

(Male) Non-Western Religiosity w1-

(Female) Foreign Language Interview w1-

(Male) Foreign Language Interview w1- —

Foreign Language Use At Home w1-
-1 0 1
%, Standard Deviation
Social Position Type = 1 Most Assimilated <+ 2 -+ 3 Least Assimilated
Re-Ordered to Make High Value = Least Assimilated

Source: MCS wave 1
Note: This figure shows the initial social position type share estimates and the average survey responses
of each type, assuming three social position types. Whiskers show the 95% confidence intervals which
were computed from bootstrapping 100 times.
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Figure E.3: Robustness of Initial Social Position Type Estimates by Choice of a Different
Anchoring Variable (Assuming Three Types)

Non-White British Type Share-

(Female) Child Suffers w1-

(Female) Couples Should Not Separate w1-
(Female) Family Suffers w1-

(Male) Child Suffers w1-
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(Female) Non-Western Religiosity w1-
(Male) Non-Western Religiosity w1-
(Female) Foreign Language Intervew w1-
(Male) Foreign Language Interview w1-

Foreign Language Use At Home w1-

Source: MCS wave 1
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(Female) Couples Should Not Separate w1
(Female) Family Suffers w1

(Male) Child Suffers w1

(Male) Couples Should Not Separate w1
(Male) Family Suffers w1

(Female) Non-Western Religiosity w1
(Male) Non-Western Religiosity w1
(Female) Foreign Language Intervew w1
(Male) Foreign Language Interview w1
Foreign Language Use At Home w1

Social Position Type = 1 Most Assimilated * 2 4 3 Least Assimilated

Re-Ordered to Make High Value = Least Assimilated

Note: This figure shows the robustness of initial social position type estimates by diffferent choice of an
anchoring variable. I assumed three social position types.
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Figure E.4: Log Skill Price and Log Total Human Capital Stock Estimates
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Source : ASHE 2003-2018
2001-2002 extrapolated

Source: Annual Survey of Hours and Earnings, 2003-2018

Note: This figure shows the estimated log skill price and log total human capital stock for each local labor
market for each year. The data series for the years 2001-2002 were extrapolated using a linear regression
fitting the data until the year 2007 before the Great Recession.
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F Estimates for the Degree of Measurement Error in So-

cial Position Proxies

This section presents the degree of measurement error in social position proxy variables.
Specifically, I report estimates of the probability matrix M l’;c =[P(Y = k| U = 1)], where each
(1, k)-th element represents the probability that proxy variable Y records a response k when
the true latent variable has a value /. These estimates are obtained using the EM algorithm,
as described in Section 4 Algorithm 1.

Below, I report the estimated probability matrices for different proxy variables, assuming
two social position types. Since each proxy has a different response scale, the dimensions
of these matrices vary. Variable names from the MCS dataset are provided in parentheses,>
while probability estimates appear without parentheses and standard errors are shown inside

parentheses.

Female Gender Attitude Child Suffers (‘chsu’) Wave 1

0.142 0.437 0.420 0.000 0.000
0.017) (0.021) (0.023) (0.006) (0.000
Mo, = ( ) ) ) ) ( ) (1)
0.000 0.000 0.000 0.632 0.368

i (0.001) (0.005) (0.000) (0.022) (0.023)‘

Female Gender Attitude Divorse (‘nose’) Wave 1

0.039 0.164 0.324 0.266 0.207
(0.01) (0.017) (0.023) (0.022) (0.019)
0.020 0.058 0.083 0.353 0.486

(0.007) (0.01) (0.012) (0.023) (0.023)

Female Gender Attitude Family Suffers (‘fasu’) Wave 1

0.101 0.296  0.321 0.242  0.041
(0.014) (0.023) (0.019) (0.021) (0.011)
Mfasu = (E.3)
0.014 0.078 0.153 0.48 0.274

(0.004) (0.013) (0.016) (0.021) (0.019)

S0The interview language variable has changed names across survey waves, so it is not listed in parentheses.
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Male Gender Attitude Child Suffers (‘chsu’) Wave 1

Mcpsu =

0.087 0304 0.225 0.291
(0.017) (0.028) (0.021) (0.025)
0.013 0.084 0.106 0.459

i (0.006) (0.014) (0.014) (0.025)

Male Gender Attitude Divorce (‘nose’) Wave 1

Mose =

0.028 0.133 0.246 0.268
(0.009) (0.019) (0.021) (0.023)
0.01 0.063 0.065 0.333

(0.005) (0.01) (0.012) (0.021)

Male Gender Attitude Family Suffers (‘fasu’) Wave 1

Mfasu =

0.064 0.256 0.278 0.308
(0.015) (0.024) (0.024) (0.024)
0.018 0.106 0.174 0.433

(0.008) (0.016) (0.019) (0.024)

Female Non-Western Religious Attendance (‘rsma’) Wave 1

Male Non-Western Religious Attendance (‘rsma’) Wave 1

Female Interviewed in Foreign Language Wave 1

0918  0.082
y | 0019y ©.014
twfor =646 0.354

| (0.021) (0.021) |

27

0.701  0.099 0.087 0.113
(0.023) (0.014) (0.013) (0.016)
0.609 0.131 0.083 0.177

| (0.017) (0.015) (0.010) (0.016) ]

0.602 0.104 0.092 0.202
(0.029) (0.016) (0.015) (0.022)
0.285 0.118 0.075 0.522
| (0.021) (0.016) (0.013) (0.025) ]

0.093
(0.018)
0.338

(0.023) |

0.326
(0.026)
0.53
(0.022)

9

0.094
(0.016)
0.269

(0.022)

(F.4)

(E.8)



Male Interviewed in Foreign Language Wave 1

Mitwfor =

0.902

(0.014)

0.789
_ (0.020) (0.020)

Foreign Language Usage at Home (‘hlan’) Wave 1

0.370
(0.022)
0.115
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0.540
(0.023)
0.641

0.098
(0.014)
0.211

0.090
(0.012)
0.244

1

_ (0.014) (0.019) (0.017) |

(F.10)

(F.11)



G Labor Market Skill Price

Table G.1: Log Skill Price Estimates

Labor Market
Year London South East Midlands South North
2001 Estimate 0.152 0.165 0.077 0.067 0.055
SE 0.014 0.014 0.013 0.013 0.013
2002 Estimate 0.176 0.183 0.094 0.084 0.073
SE 0.013 0.013 0.012 0.012 0.012
2003 Estimate 0.197 0.198 0.106 0.095 0.088
SE 0.012 0.012 0.012 0.012 0.012
2004 Estimate 0.223 0.220 0.129 0.122 0.109
SE 0.012 0.011 0.011 0.011 0.011
2005 Estimate 0.249 0.246 0.154 0.143 0.136
SE 0.011 0.011 0.011 0.010 0.011
2006 Estimate 0.273 0.260 0.167 0.157 0.152
SE 0.011 0.011 0.010 0.009 0.011
2007 Estimate 0.290 0.270 0.174 0.164 0.160
SE 0.010 0.010 0.010 0.009 0.010
2008 Estimate 0.296 0.272 0.171  0.163  0.157
SE 0.010 0.010 0.010 0.008 0.010
2009 Estimate 0.302 0.270 0.166 0.165 0.157
SE 0.010 0.010 0.010 0.008 0.010
2010 Estimate 0.282 0.249 0.141 0.142 0.135
SE 0.010 0.010 0.010 0.007 0.010
2011 Estimate 0.256 0.214 0.105 0.100 0.098
SE 0.009 0.010 0.009 0.006 0.009
2012 Estimate 0.239 0.190 0.082 0.079 0.074
SE 0.009 0.009 0.009 0.006 0.009
2013 Estimate 0.227 0.170 0.063 0.053 0.052
SE 0.009 0.009 0.009 0.006 0.009
2014 Estimate 0.228 0.162 0.053 0.040 0.041
SE 0.009 0.009 0.009 0.005 0.008
2015 Estimate 0.245 0.177 0.062 0.044 0.051
SE 0.009 0.009 0.009 0.005 0.008
2016 Estimate 0.251 0.174 0.061 0.045 0.051
SE 0.009 0.009 0.009 0.004 0.008
2017 Estimate 0.239 0.159 0.042 0.021 0.030
SE 0.009 0.010 0.009 0.004 0.008
2018 Estimate 0.230 0.141 0.029 0.000 0.009
SE 0.009 0.009 0.009 0.003 0.008

Source: Annual Survey of Hours and Earnings, 2003-2018.

Note: This table shows the estimated log skill price for the five local labor markets, which were classified using
k-means clustering and mapped in Figure A.1, between the years 2001 and 2018. The ASHE data before the year
2003 were not used for analysis as they do not provide low-level geographic information. The estimates for the
years between 2001 and 2002 were extrapolated using a linear regression that fitted the data until 2007, before
the Great Recession.

H Estimates for Counterfactual

In this section, I report auxiliary estimates to simulate population distributions in counterfac-

tual simulations.
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H.1 Average Neighborhood Characteristics

Table H.1 report multinomial logit regression coefficients that predict average neighborhood
characteristics (social position type 1 share, social position type 2 share). The excluded cate-

gory in the multinomial logit regression is the White British category.

Table H.1: Average Neighborhood Characteristics Estimates

NWHB NWHB

Type 1 Type 2

Share Share
Constant -18.152 -6.228

(2.706) (3.178)
Log(Wh1te British 5983 5900
Density + 0.1)

(0.126) (0.128)
Log (Muslim Density + 5367 3,039
0.1)

(0.082) (0.085)
Log (Median House 1790 0.730
Price)

(0.208) (0.246)
Log (Skill Price) -1.011 1.834

(0.612) (0.739)
-Log(Neighborhood
Deprivation Index) 0.164 0.097

(0.036) (0.044)
Log (College Graduate
Shate + 0.1) 1.598 1.143

(0.192) (0.224)
Housing Quality -1.298 -1.736

(0.200) (0.248)
Control Function -1.256 -0.294

(0.213) (0.248)

Source: Millennium Cohort Study, Wave 1-7

Note: This table reports estimates to predict average neighborhood characteristics in the counterfactual
simulations. The columns report the multinomial logit regression coefficients. The excluded category is
White British.
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H.2 State Variable Distribution Estimates

In this section, I report auxiliary estimates used to conduct counterfactual simulations. To
simulate changes in the aggregate state variables, I need estimates for the distribution of var-
ious state variables. The first column reports the multinomial logit coefficients. The second
and third columns report the linear regression coefficients as well as the standard deviation

of the residuals.

Table H.2: Distributional Parameter Estimates for Aggregate Variables

Least
Assimilated Human Capital Stock
Type
f(wuINC, a) f(hlu, NC, a)
Non-White . . Non-White
British White British British
Constant 10.064 -0.746 -0.115
(0.267) (4.817) (2.815)
Log (Median House Price) -0.666 0.750 0.723
(0.089) (0.374) (0.223)
Log (Skill Price) -0.003 -2.655 -2.187
(1.093) (1.285) (0.737)
Log (WHB Density+0.1) 0.108 0.400 0.102
(0.171) (0.364) (0.045)
Log (Muslim Density+0.1) 0.860 0.074 -0.051
(0.172) (0.217) (0.049)
-Log(Neighborhood Deprivation -0.210 -0.137 0.025
Index)
(0.130) (0.068) (0.034)
Log (College Grad Share +0.1) 0.677 -0.007 -0.343
(0.328) (0.321) (0.211)
Housing Quality -0.719 -0.449 -0.587
(0.596) (0.358) (0.213)
Control Function 0.799 -0.667 -0.515
(0.318) (0.376) (0.214)
Age -0.037 0.015 0.013
(0.013) (0.006) (0.003)
1(Least Assimilated Type) -0.227
(0.032)
SD of Human Capital shock 0.918 0.737

Source: Millennium Cohort Study, Wave 1-7

Note: This table shows the population distribution estimates for counterfactual simulation. For social
position results, I run multinomial logit regressions. For human capital stock, I assume it follows a normal
distribution, and I run an OLS regression.
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