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ABSTRACT OF THE DISSERTATION

Matching Residential Mobility to

Raced-Based Neighborhood Preferences in Los Angeles:

Implications for Racial Residential Segregation

by

Benjamin Fletcher Jarvis

Doctor of Philosophy in Sociology

University of California, Los Angeles, 2015

Professor Jennie E. Brand, Chair

Neighborhood racial composition preferences have the potential to produce extreme res-

idential segregation between racial groups. Whites’ preferences to avoid Blacks, and Blacks’

preferences to maintain residential contact with their own group can induce high levels of

White-Black segregation. Similar preferences can lead to segregation for Asians and Latinos.

These theoretical facts have lead some observers to attribute continued residential segrega-

tion in the United States to preferences. These observers imply that elimination of housing

market discrimination, socioeconomic differences, and other discrepancies between groups

in metropolitan housing markets, would do little to lessen residential segregation by race.

Most support for this perspective 1) relies on caricatures of empirically observed preferences,

or 2) fails to examine whether preferences align with actual housing choices. These limita-

tions are problematic. A failure to include realistic assessments of preferences in simulation

models can lead to an overstatement of the potential for preferences to generate segregation,

and a corresponding understatement of the potential for housing market discrimination and
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other race-related factors to induce and sustain segregation. This dissertation addresses the

limitations of previous attempts to vet the importance of preferences for segregation. It de-

velops an appropriate statistical model for comparing stated racial composition preferences

to actual neighborhood attainments. It uses this model to assess whether people migrate

in ways that agree with their preferences, or whether some groups are systematically frus-

trated in matching their neighborhood attainments to their preferences. Finally, it combines

results from these empirical assessments in simulation models of segregation. When some

groups are stymied in migrating according to their stated preferences, does this tend to re-

sult in higher levels of segregation? Using data from Los Angeles County, this dissertation

shows that Latinos, and to a lesser degree, Blacks, are disadvantaged relative to Whites in

matching their residential preferences to their attainments. In simulation, these frustrated

preferences yield excess levels of racial segregation: If people were able to migrate according

to their stated preferences, levels of residential segregation would be approximately 20%

lower. These results illustrate that preferences set a floor for levels of segregation, but do

not fully explain extant segregation. Room remains for explanations based on discrimination

and social networks.
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Chapter 1

Introduction

High degrees of residential segregation between racial and ethnic groups persist as defining

features of the United States residential landscape (Iceland et al. 2013). Persistent residential

segregation sparks concern because of its potential to affect, and in many cases restrict, the

life chances of minority groups who are confined to racially homogeneous neighborhoods

(Wilson 1987). This plays out in two ways. First, segregation consigns some racial and

ethnic groups to neighborhoods of concentrated poverty and privileges others to concentrated

affluence (Massey and Denton 1993; Massey and Fischer 2000; Quillian 2012). Second, those

who live in minority neighborhoods may find their political clout constrained by segregated

conditions. The deformation of political influence may inhibit efforts by residents of minority

occupied neighborhoods to attract public and private resources and services (Logan 1978).

In these ways, racial residential segregation may directly or indirectly influence a diverse set

of outcomes, including educational attainment (Wodtke et al. 2011; Quillian 2014), family

formation (Harding 2003), employment status (Wagmiller et al. 2006), mental health (Kling

et al. 2007) and physical health (Collins and Williams 1999).

Factors Sustaining Segregation

Several factors have been tagged as likely culprits in sustaining segregation. Three sets of

factors—socioeconomic differences, race-based residential preferences, and housing market

discrimination—have received the bulk of the attention. Most studies suggest a limited or
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inconsequential role for socioeconomic differences. This has left social scientists roughly

split into two camps: those who advocate preference based explanations and those who

advocate discrimination based explanations. However, a fourth set of factors, kinship and

friendship networks, may also influence patterns of segregation. These factors have been

given scant attention in the residential segregation literature. Here I review the theoretical

understandings of how these factors can generate segregation, as well as evidence for their

contributions to segregation.

Socioeconomic Differences

Socioeconomic stratification across racial groups can lead to racial segregation when neigh-

borhoods have different levels of material advantages. People making housing choices in a

competitive housing market will bid up housing prices in neighborhoods with widely desired

amenities (e.g., well maintained housing stock, ready access to parks, or ocean views). Con-

versely, housing prices will plummet in neighborhoods with few amenities, or with undesirable

characteristics (e.g., close proximity to polluting industrial plants, dilapidated housing, or

limited access to retail). The resulting housing price stratification will tend to concentrate

the poor, disproportionately drawn from racial and ethnic minority groups, into neighbor-

hoods with few amenities. At the same time the rich, disproportionately drawn from more

well to do groups, will concentrate into neighborhoods with the most desirable amenities.

The three way interaction between spatially fixed amenities, economic disparities between

racial groups, and competitive housing markets could thus induce racial segregation.

Evidence for the socioeconomic disparities explanation of segregation is thin. Income

and education differences between Asians, Blacks, Latinos, and Whites account for some

segregation between these groups, but not nearly all of it. Members of minorities with higher

socioeconomic attainments do live in closer proximity to Whites. But even Blacks, Latinos,

and Asians with high incomes are segregated from Whites (Denton and Massey 1988; Iceland

and Wilkes 2006; Massey and Fischer 1999). And the benefits of socioeconomic attainment do
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not accrue equally to groups. For example, Blacks with high income are less integrated with

Whites than Latinos and Asians with low incomes (Denton and Massey 1988; Massey and

Fischer 1999). Relatedly, income and education account for more White-Latino and White-

Asian segregation than White-Black segregation (Bayer et al. 2004; Iceland and Wilkes 2006;

Iceland et al. 2005; Massey and Fischer 1999). This evidence implies that other mechanisms

work to sustain segregation—eliminating income and educational disparities would reduce

segregation, but not eliminate it, especially for Blacks.

Housing Market Discrimination

Housing market discrimination, typically targeted at minority groups, could induce and sus-

tain segregated outcomes, even with socioeconomic gaps closed. The mechanism is straight-

forward: if minorities wish to live in White neighborhoods, and can afford to do so, but

are denied the opportunity to rent apartments or buy houses in those neighborhoods, then

residential segregation by race is a natural consequence. The influence of discrimination re-

mains something of an explanatory wild card. On one hand, high levels of racial segregation

have persisted despite attempts to curtail institutional and market discrimination (e.g., the

Fair Housing Act of 1968). On the other hand, discriminatory treatment is still exhibited by

samples of housing market actors (Yinger 1995; Turner et al. 2002; Ross and Turner 2005;

Turner et al. 2013). And even if audit methods currently used to assess housing market

discrimination suggest recent declines in discrimination (Ross and Turner 2005), the locus

of discrimination may be shifting to new domains as members of advantaged groups seek

out and discover new legal ways to maintain their residential advantages (Massey 2005).

However, it is unclear to what degree discriminating actors exert influence in the housing

market. Housing seekers may bypass and marginalize the worst offenders such that these

offenders ultimately affect few housing outcomes (Heckman 1998).

Assessing the degree with which housing market discrimination affects segregation is

difficult because little or no data exist that tie together individual acts of discrimination
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with inter-neighborhood migration events. Most assessments of the effect of discrimination

on segregation have relied on metropolitan level data sets or data at the neighborhood

level. Metro areas with higher incidence of discrimination, as measured by housing audit

studies, also exhibit higher levels of Black-White segregation (Galster and Keeney 1988).

And neighborhoods with higher levels of White representation are more likely to be sources of

discrimination complaints (Galster 1987). These results suggest that discrimination deflects

neighborhood choices for minorities, or at least it did during the 1970s and 1980s. However,

using data on individuals reveals that residential mobility and neighborhood outcomes are

not significantly associated with metropolitan level measures of discrimination (South and

Crowder 1998a). In sum, studies that attempt to link segregation to discrimination have

yielded mixed results.

Relying on aggregate measures of discrimination may be misleading because of potential

measurement error and the ecological fallacy trap. Imputing discrimination at the metropoli-

tan level to the experiences of individuals will create a noisy measure, and potential under-

statement of the effect of discrimination. But relying on metro-level assessments of discrimi-

nation could lead to a misstatement of their effects as well. For example, metropolitan areas

with higher levels of housing discrimination may also contain Whites with more minority-

averse residential preferences. These preferences, rather than housing market discrimination,

could lead to higher levels of segregation.

Neighborhood Racial Composition Preferences

Given reductions in discrimination (Ross and Turner 2005) and the diversity of economic

attainments within racial and ethnic groups, attention has increasingly focussed on the im-

portance of preferences for patterning metropolitan levels of segregation (e.g., Clark 2009;

Fossett 2006a; Clark and Fossett 2008). Between group differences in racial preferences can

generate highly segregated residential patterns (Schelling 1969, 1971; Fossett 2006a). Segre-

gation can emerge even if individuals tolerate non-trivial amounts of inter-racial mixing. In
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other words, complex interactions between people can lead even relatively tolerant individ-

uals to live in neighborhoods that are remarkably homogeneous in composition. Empirically

observed racial residential preferences appear capable of generating and sustaining some

degree of racial and ethnic segregation on their own (Bruch and Mare 2006; Clark 1991;

Van De Rijt et al. 2009; Bruch and Mare 2009; Xie and Zhou 2012). Given this sufficiency,

race-based preferences have garnered substantial attention, and they warrant more in depth

consideration here.

Race-based residential preferences can stem from multiple sources. There are clear di-

visions along racial lines. Asians, Blacks, Latinos, and Whites on average tend to favor

members of their own groups as neighbors relative to out-groups (Charles 2006, 2000). This

has lead some to argue that benign in-group affinities, rooted in cultural and linguistic sim-

ilarities, provide the basis for preferences (Clark 1991; Thernstrom and Thernstrom 1997).

However, such benign preferences do not explain the tendency of all groups to adhere to a

racial hierarchy when evaluating out-group neighbors—Whites are the most preferred out-

group, followed by Asians, Latinos, and then Blacks (Charles 2000, 2006). Additionally, the

variation in preferences within broad racial and ethnic categories, and the determinants of

that variation, belie a simplistic cultural affinity explanation. Traditional demographic and

socioeconomic variables, like age and education predict a small amount of variation in pref-

erences. In addition, the degree to which individuals stereotype particular racial and ethnic

groups and the neighborhoods in which they live also predicts variation in neighborhood

racial composition preferences.

Preferences: Demographic and Socio-Economic Correlates

Traditional demographic and socioeconomic variables, like age, education, income, and na-

tivity, are associated with racial preferences. Better educated Whites are more likely to

express a willingness to integrate with Blacks, perhaps because those with more education

are more likely to look beyond stereotypes and prejudices (Xie and Zhou 2012; Farley et al.

1997). Across multiple racial groups, those with more education are less desirous of own-race
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neighbors, but also more likely to prefer White neighbors (Charles 2000). Younger Whites

also tend to exhibit more tolerant preferences, perhaps because younger Whites have been

raised in more racially and ethnically heterogeneous social environments than older cohorts,

but also perhaps because of liberalizing trends in education over the course of the twentieth

century (Quillian 1996). There is limited evidence that income and home ownership are as-

sociated with preferences net of other factors (Charles 2000). Finally, the foreign-born favor

neighborhoods with more White residents and fewer Black residents, perhaps because they

are more likely to give credence to an implicit racial hierarchy in the United States, in which

Whites are perceived as the most prestigious group, and Blacks the least prestigious (Blumer

1958; Bobo 1999; Bobo and Johnson 2000). Overall, these demographic and socioeconomic

variables appear to account for approximately half of the explained variation in residential

preferences (Farley et al. 1994; Charles 2000).

Preferences and Stereotypes

Variation in negative stereotyping of racial and ethnic “others” also coincides with variation

in neighborhood racial composition preferences. Individuals who negatively stereotype mem-

bers of other racial and ethnic groups as unintelligent, welfare dependent, anti-social, dis-

criminatory, and criminal are more averse to members of these groups as neighbors (Charles

2006, 2000). This is not to say that all preferences are rooted in prejudice. Providing some

support for the benign in-group preferences hypothesis, those who express more positive

feelings towards their own group have stronger preferences for own group neighbors relative

to out-group neighbors (Krysan et al. 2009).

Rather than stereotyping individuals, people may stereotype the neighborhoods that cer-

tain groups occupy. For example, Whites use the presence of Blacks in a neighborhood to

make inferences about levels of crime, degrees of physical deterioration, and housing price tra-

jectories (Quillian and Pager 2001; Sampson and Raudenbush 2004; Ellen 2000; Krysan 2002;

Harris 1999). It is unclear if these negative neighborhood stereotypes are easily separable

from negative stereotypes of individuals (Krysan 2002; Krysan et al. 2009). More educated
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individuals or those who are wary of being seen as bigoted may hide their negative stereotypes

of Black people behind concern about housing prices or neighborhood deterioration in Black

neighborhoods. In total, racial prejudices, stereotypes, and positive in-group feelings can ac-

count for the other half of the explained variation in preferences. However, much of the overall

variance in racial preferences is unexplained by socio-demographic and social-psychological

variables. Together, demographic, socioeconomic, and social-psychological variables account

for less then one fifth of observed variation in preferences (Farley et al. 1994; Charles 2000).

Social Networks

Kinship, family ties, family structure, and social network based explanations of segregation

have garnered relatively little attention compared to socioeconomic, discrimination, and

preference based explanations. Their roles have received more attention in the literature on

international migration and the development of ethnic enclaves (Boyd 1989; Choldin 1973;

Massey et al. 1993; Massey and Espinosa 1997). The potential for kinship and family ties

to perpetuate segregation is based on three social phenomena. First, people often migrate

to places that are proximate to kin. The tendency to follow kin occurs at both the inter-

national and national scales of migration (Stark and Bloom 1985; Greenwood 1997; Massey

et al. 1993), and it is natural to presume that some of the social network mechanisms that

influence migration across long distances would also affect migration within cities. Within

cities, the influence of social and kinship networks on neighborhood choices can take the

form of co-residence: children moving in with parents, parents moving in with children, and

friends or partners moving in with each other. Second, people frequently share the same

racial and ethnic identifications as their family members, friends, and acquaintances. Third,

residential segregation is already a fact of life in most, if not all, American cities. Combined,

these three social phenomena can reproduce segregation. A tendency for people to maintain

close spatial contact with family, friends and acquaintances, who frequently share the same

racial identifications and who tend to live in neighborhoods that reflect the underlying segre-
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gated metropolitan structure, will also sustain segregation, even if people eschew race-based

residential preferences.

To some extent, social scientists are beginning to explore the potential for networks and

family ties to shape intra-metropolitan migration. These studies build on previous research

exploring the effect of chain migration, in which new migrants follow in the footsteps of pre-

vious migrants, on the formation of “ethnic neighborhoods” (MacDonald and MacDonald

1964). For example, Blacks, Latinos, and Whites appear to have different levels of knowl-

edge about neighborhoods in Chicago (Krysan and Bader 2009). Awareness of communities

is driven partly by the socioeconomic characteristics of individuals, but also by the racial

composition of the communities in question, suggesting that racially patterned information

networks may influence neighborhood awareness, and hence, migration. Meanwhile, house-

hold formation has the potential to influence levels of segregation. Mixed race couples appear

to move to more diverse parts of cities, and in so doing may lower levels of between race seg-

regation (Holloway et al. 2005; Ellis et al. 2012). The diversity seeking settlement patterns of

mixed race couples ironically underscore the important role that racially homophilous dating

and homogamy can play in sustaining segregation. Given the nascent character of this piece

of the segregation literature, it is difficult to quantify exactly how patterns of social ties

influence racial segregation. This is an area ripe for further research.

Evaluating the Contribution of Preferences to Segrega-

tion in Los Angeles

These four factors—socioeconomic differences, discrimination, preferences, and social networks—

are likely not mutually exclusive determinants of segregation. Theoretically, they could, and

likely do, work in concert to maintain levels of racial segregation, not to mention segregation

along other (e.g., socioeconomic) lines. Indeed, the most complete theoretical models of

segregation combine three of these factors—preferences, socioeconomic characteristics, and

discrimination—in unified models (Clark and Fossett 2008; Fossett 2006a, 2011; Macy and
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Van De Rijt 2006). These theoretical models find that socioeconomic sorting alone is not

capable of producing high levels of racial segregation. Distributions of economic resources

like income are not dissimilar enough across racial groups to generate the high degrees of

segregation observed in many US metropolitan areas. In fact, in some simulated scenarios,

socioeconomic sorting can lead to slightly less segregation, as people with low socioeconomic

status are forced to live together, regardless of their group memberships or their preferences

to avoid mixing. Instead, it appears that either between group preference differences or dis-

crimination are necessary conditions for attaining high levels of segregation. Between group

preference differences, on the whole, appear to be the more robust generators of segregation.

In fact, under some conditions, discrimination alone is not even sufficient to generate high

levels of segregation (Macy and Van De Rijt 2006). There are, however, reasons to believe

that these theoretical models may be misleading. First, they frequently rely on out-dated

caricatures of preferences when more realistic, up-to-date, empirically grounded preferences

imply lower levels of segregation (Bruch and Mare 2006; Van De Rijt et al. 2009; Bruch and

Mare 2009; Xie and Zhou 2012). This leaves space for other explanations of segregation to

fill the theoretical void. Second, these studies have relied on quite limited specifications of

discrimination and how it alters migration. It would be worth entertaining other specifica-

tions of discriminatory mechanisms. Third, these models have entirely ignored the role of

social networks and kinship.

This dissertation addresses oversights in previous studies that connect segregation to

between group preferences. It remains primarily concerned with between race differences in

preferences for neighborhood racial composition, and their role in generating and sustaining

high degrees of racial and ethnic residential segregation in the United States. However, unlike

previous studies that port characterizations of race-based preferences into theoretical models

of segregation (Fossett 2006a; Bruch and Mare 2006; Xie and Zhou 2012), I take the step

of making an empirical comparison between race-based preferences and actual residential

attainments. I determine whether race and racial composition seem to “matter” in the same
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ways when people evaluate hypothetical neighborhoods, and when people migrate between

neighborhoods in the real housing market. I then explore whether any differences I uncover

imply different conclusions about the capacity of preferences to generate high degrees of

segregation.

Comparing what people say they desire in a neighborhood to where they actually live

acknowledges that discrimination and racially patterned social networks, frequently unob-

served, can impose themselves between dreams and reality. Previous studies drawing the

connection between preferences and segregation have paid insufficient attention to the possi-

bility that preferences do not cleanly translate to the housing market. Some classes of people

may face frustration matching their neighborhood attainments to their preferences. While

previous simulation studies have incorporated non-racial factors, like housing quality and

socioeconomic status, into their simulations, they also make implicit assumptions about the

weight of preferences relative to unmeasured factors that are associated with race. Propo-

nents of the preference based explanation of segregation are quick to point out that observed

stated preferences are sufficient to sustain high levels of segregation, but they frequently fail

to consider whether segregation would not, in fact, be higher if preferences were partially

or wholly frustrated for some housing seekers (Fossett 2006a, 2011; Macy and Van De Rijt

2006).

As I have no data indicating how discrimination and social networks shape residential

outcomes, I must remain agnostic as to which of these factors (if not others!) leads to

mismatches between preferences and neighborhood attainments, and how these factors con-

tribute to segregation net of preferences. This should not undermine the purpose of this

dissertation. Even without explicitly accounting for these other factors, I can still carve out

(additional) space for them in theories of segregation. Future studies can more carefully

consider whether discrimination, social networks, or some other set of factors, occupies this

space. With this in mind, the remaining chapters of this dissertation develop the argument

as follows:
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Chapter 2 performs the empirical comparison between preferences and neighborhood at-

tainments. I use data from the Los Angeles Family and Neighborhood Survey to perform

these comparison separately for four broad racial groups–Asian, Latino, White, and Black—

occupying Los Angeles County. Several other scholars have explored the connection between

race-based neighborhood preferences and neighborhood attainments (Ihlanfeldt and Scafidi

2002, 2004; Adelman 2005; Charles 2006; Clark 1992). My efforts diverge from this previous

work in methods and substance. On the methods side, I assess mismatches between pref-

erences and attainments using discrete choice models (Train 2009; Ben-Akiva and Lerman

1985). These models account for the fact that people face quite different neighborhood op-

tions when expressing preferences. The hypothetical neighborhoods people consider when

stating preferences often do not correspond to many or any existing neighborhoods in the

metro areas where they make real housing decisions.

In substance, my analysis explicitly addresses three confounding social processes that are

only obliquely addressed, if at all, in previous studies. First, the analysis presented in this

chapter recognizes the multi-racial reality of Los Angeles. Individuals and families negotiate a

housing market in which neighborhoods are not just White or Black, but also feature Latinos

and Asians with a variety of national origins and nativities. I consider the racial composition

trade-offs people face across all of these groups simultaneously. Second, my analysis explicitly

models the matching of people to neighborhoods based on socioeconomic status. In previous

studies, only the demand side of this matching process, i.e., socioeconomic status at the

individual or family level, is considered. The discrete choice models permit the inclusion of

socioeconomic resources at both the individual and neighborhood level, and better represent

the process of matching neighborhood supply to demand. Third, previous analyses have

virtually ignored the spatial contingency of residential choices: when people move, they tend

to move to spatially proximate neighborhoods. Given the spatial clustering of residential

segregation, this will tend to retain people in disproportionately racially homogeneous parts

of their cities. This suggests that the effect of race and racial composition on migration could
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be a spurious result of pre-existing spatial patterns of segregation. My models account for

this possibility.

This chapter finds that minority groups, namely Latinos and Blacks, are less successful

than Whites in moving to neighborhoods that match their racial composition preferences.

This finding is not distorted by the correlation between socioeconomic status and race,

either at the neighborhood, individual, or family level. The conclusion is also robust to

the inclusion of variables that account for the spatial contingency of segregation, and the

tendency of people to migrate to spatially proximate neighborhoods.

Chapter 3 develops the methods that I use for the empirical comparison performed in

Chapter 2. These methods are elaborations of discrete choice models originally developed

in the econometrics literature (McFadden 1978). I adapt them to accommodate both pref-

erence data and real residential mobility data. In developing these models, I also present

elaborations that can be used to characterize heterogeneity in preferences and residential

mobility processes within racial groups. I present example applications of these models to

data from the Los Angeles Family and Neighborhood Survey.

Chapter 4 takes the estimates from Chapter 2 and works out the implications of neigh-

borhood preference-neighborhood attainment mismatches for patterns of segregation. This

chapter relies on Schelling simulation models of segregation. The simulations presented in

this chapter stipulate a population of actors who are divided into Latino, White, Black,

and Asian groups, with proportions roughly equal to those observed in Los Angeles County.

These agents populate a stylized, artificial city, which is composed of a grid of housing units.

The agents migrate between housing units in the grid according to racial composition pref-

erences that differ across the four groups, as observed in Chapter 2. I perform three sets

of simulations. In the first two sets of simulations agents are assigned preferences based on

two neighborhood vignette experiments contained in L.A.FANS and analyzed in Chapter

2. These simulations reflect the patterns of segregation that obtain when members of each

group migrate according to their “pure” residential preferences. In the third simulation set,
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agents move between neighborhoods based on the effect of racial composition on neighbor-

hood choices observed in the residential histories of Los Angeles County residents. These

simulations reflect not only preferences, but also the unobserved influence of racial discrimi-

nation, social networks, and other factors that impede people in moving to the neighborhoods

they say they prefer. This chapter reveals that while pure preferences do yield high levels of

segregation, levels of segregation are about 25% higher when agents are assigned preferences

based on the actual influence of race and racial composition on migration in the housing

market. This implies that there is still substantial space for explanations of segregation that

are not wholly based on preferences. Finally, Chapter 5 synthesizes results from Chapters 2,

3, and 4, and suggests directions for future research.
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Chapter 2

Wouldn’t It Be Nice? Comparing
Racial Composition Preferences to
Residential Histories in Los Angeles

Relatively small differences between racial groups in their preferences for neighborhood level

racial mixing can lead to complete residential segregation (Schelling 1971). Given the per-

sistence of racial residential segregation in the United States despite the passage of the Fair

Housing Act (Logan et al. 2004; Logan 2013; Massey and Denton 1993), this theoretical in-

sight has animated substantial scholarly interest in race-based residential preferences. Direct

assessments of preferences using survey-based instruments reveal preference differences be-

tween Blacks and Whites in the United States. Blacks prefer neighborhoods that are evenly

split between Black and White residents; Whites express distaste for neighborhoods beyond

20% Black representation (e.g., Farley et al. 1978, 1993). These differences are consistent

with some degree of segregation. However, the degree of segregation implied by preference

differences across groups depends critically on their functional form and variations in these

preferences within groups (Bruch and Mare 2006, 2009; Van De Rijt et al. 2009; Xie and

Zhou 2012).

Preference-based explanations of segregation rest not only on assumptions about group

differences in preferences and the shape of these preferences, but also on the assumption

that housing seekers make residential choices in a free and fair housing market—members of

each group move, without hindrance, to neighborhoods that match their preferences. But
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migration is hardly free or unhindered. In addition to the direct financial and psychological

costs of undertaking a move, people are subject to budget constraints when choosing new

housing. And for some groups, having money and a will to move may not be enough. Em-

pirical evidence from housing audit studies suggests that racial minorities, especially Blacks,

face discrimination across metropolitan housing markets in the United States (Yinger 1995;

Turner et al. 2002). Real estate agents, landlords, and other housing market actors pro-

vide minorities with inferior customer service, steer them away from White neighborhoods,

withhold financial counseling, and appear to deny financing to otherwise qualified housing

seekers (Reibel 2000; Williams et al. 2005). This lingering disadvantage renders it critically

important to examine whether actual housing choices align with respondents’ underlying

racial composition preferences. Studies that use observed preferences, typically assessed us-

ing survey instruments, to chart out implications for aggregate patterns of segregation may

be misstating the potential for segregation when ignoring mismatches between neighborhood

preferences and actual neighborhood choices.

I investigate the correspondence between racial preferences and neighborhood attain-

ments using data from the Los Angeles Family and Neighborhood Survey (L.A.FANS). This

data set provides a unique opportunity to examine the relationship between neighborhood

racial preferences and residential mobility because it contains two different kinds of data.

First, L.A.FANS implemented a version of a neighborhood vignette experiment to obtain

stated preference (SP) data describing how racial composition influences Los Angeles County

residents’ willingness to live in hypothetical neighborhoods. Second, L.A.FANS also obtained

longitudinal residential history (RH) data describing where in Los Angeles County respon-

dents have lived. The RH data in L.A.FANS are ideal for the purposes of this study because,

unlike other data with an SP component (e.g., the Multi-City Study of Urban Inequality),

these data identify migration events, not simply cross-sectional residential locations.

Using these data, I ask whether individuals’ stated racial preferences align with the racial

composition of their actual neighborhoods. Are some racial and ethnic groups better able

15



to match neighborhood attainments to preferences? To answer this question, I estimate

discrete choice models that combine SP and RH data. These models offer a number of

advantages over previous, ordinary least squares regression-based attempts to assess the

relationship between preferences and prior residential attainments. First, they allow me to

investigate how multiple racial composition components influence neighborhood choices, and

to examine the influences of these racial composition components simultaneously within re-

spondents. Second, discrete choice models accept non-racial controls at both the individual

and neighborhood level. This allows me to consider a question only obliquely addressed in

previous studies: Can we account for differences between preferences and residential history

by accounting for the matching of individuals to neighborhoods according to socioeconomic

characteristics, as well as the likely restriction of housing search to spatially proximate neigh-

borhoods? Finally, the discrete choice approach allows me to model SP and RH outcomes

simultaneously, avoiding the complication of assessing the potentially reciprocal relationship

between preferences and prior residential history.

The remainder of this chapter discusses two theoretical perspectives that offer insight into

how racial segregation emerged and persists in the United States. I propose minor modifi-

cations to these perspectives to generate hypotheses about for whom and in what directions

SP and RH diverge. I then discuss the L.A.FANS data I use to test these hypotheses and

provide a brief overview of the discrete choice methods I use to analyze these data. I then

present results from discrete choice models of SP and RH neighborhood choices. Finally, I

review my hypotheses in light of my results and conclude.

2.1 Theoretical Perspectives on Segregation

Two broad theoretical perspectives, spatial assimilation and place stratification, guide

explanations of racial and ethnic segregation. The spatial assimilation perspective considers

the residential integration of minorities as a corollary to their integration in other social

16



dimensions (Massey 1985).1 As members of minority groups secure employment, ascend in

socioeconomic status, and adapt linguistically and culturally, so too do they come to live

in neighborhoods populated by the majority. Proponents of the theory are not always clear

about the causal direction of effects—does residential integration lead to socioeconomic and

cultural assimilation, or is assimilation along socioeconomic and cultural lines a necessary

precursor to residential integration?—but the cross sectional implications are clear: Those

who attain socioeconomic parity with the majority, achieve facility with the majority’s lan-

guage, and master the majority’s cultural symbols and touchstones, will also live in close

proximity to the majority. Controlling for social differences between groups, especially so-

cioeconomic differences, should account for the residential segregation between those groups.

The second theoretical perspective, place stratification, focuses on political conflict over

neighborhoods differentiated according to spatially situated goods and services. According

to this perspective, residents of relatively advantaged neighborhoods literally and figuratively

police boundaries between their neighborhoods and less advantaged parts of the city (Logan

1978). Coupled with conflict and group threat theories of race and ethnicity (Blalock 1967;

Blumer 1958; Bobo 1999), the place stratification perspective suggests that majority group

members, who tend to enjoy the most socioeconomic advantages and occupy the most advan-

taged neighborhoods in urban space, actively defend their neighborhoods against encroach-

ment on the part of people perceived to be undesirable or threatening, especially members of

minority groups. In theory, majority members mount this defense out of fear that an influx

of minorities will either undermine the quality of the majority’s neighborhoods, threaten the

majority’s political control over spatially distributed resources and prerogatives, or both.

This perspective emphasizes that achieving cultural and economic parity with the majority

cannot guarantee spatial parity for minorities. Through processes of housing discrimination

and selective migration, members of the majority will exclude minority groups from major-

ity occupied neighborhoods, and maintain political control over spatial advantages (see e.g.

1Massey provides an overview of the spatial assimilation view, which has its roots in classic, Chicago
School urban ecology. Also see Sampson (2011).
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Massey and Denton 1993).

Both the spatial assimilation and place stratification perspective pay insufficient atten-

tion to the social fact of racial and ethnic residential preferences (Charles 2000; Farley et al.

1978, 1993, 1997). The spatial assimilation perspective largely ignores these preferences.

It assumes that people strive to live in the best, materially endowed neighborhoods they

can, with residential segregation along racial and ethnic lines manifesting as a side-effect of

other, often socioeconomic, differences between groups. The place stratification perspective

considers racial and ethnic preferences, but attributes them primarily to the majority. The

majority acts on preferences for low out-group contact by building up discriminatory insti-

tutions, and, when those fail, moving away from neighborhoods when minorities begin to

move in. The place stratification perspective implicitly denies that minority group members

have their own preferences, or that these preferences matter much for extant patterns of

segregation.

The social fact of racial and ethnic preferences can be incorporated into the above theories

of segregation, but doing so requires a slight re-orientation. Rather than examining actual

residential outcomes in isolation from racial and ethnic preferences, we should examine out-

comes relative to those preferences. Do residential preferences and residential attainments

match, and if not, for whom and why?

2.1.1 Mismatches between Neighborhood Preferences and Attain-
ments

Modified spatial assimilation and place stratification perspectives would both suggest that

majority group members, i.e., Whites, will be most likely to match their stated preference

for racial mixing with their residential experiences. They would also both predict that

disadvantaged minorities, especially Blacks and Latinos, will be least likely to achieve an

SP-RH match.

Available evidence is ambiguous as to whether Whites achieve SP-RH matches more

often than members of non-White groups. Whites with greater tolerance of Black neighbors
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are more likely to live in neighborhoods with higher Black representation (Adelman 2005;

Charles 2006; Ihlanfeldt and Scafidi 2004). Among Blacks, preferences are also associated

with neighborhood outcomes: Blacks who have stronger preferences for living with Whites

tend to live in neighborhoods with more Whites (Adelman 2005; Charles 2006; Freeman 2000;

Ihlanfeldt and Scafidi 2002). In fact, the effect of preferences on exposure to Whites appears

to be as strong or stronger for Blacks and other non-Whites as compared to Whites, with

the caveat that the preference measures used in these studies, while similar, are not directly

comparable across groups. Despite accounting for preferences, previous analyses have found

substantial between-group differences in racial composition exposures. Whites tend to live

in predominantly White neighborhoods regardless of their preferences, while Blacks, even

those with the strongest preferences for living in White neighborhoods, live in largely Black

neighborhoods (Adelman 2005). Similar results hold for other non-White groups (Charles

2006; Clark 1992; Bruch 2012).

The spatial assimilation and place stratification perspectives imply different sources for

these mismatches. A modified spatial assimilation perspective would suggest that the mis-

match between neighborhood preferences and residential circumstances is caused by group

differences in socioeconomic standing and a corresponding correlation between racial com-

position and socioeconomic attributes at the neighborhood level. Members of economically

disadvantaged groups, like Blacks and Latinos, may be unable to afford the neighborhoods

that match their preferences for greater exposure to Whites, because those with socioeco-

nomic advantages, especially Whites, bid up the cost of housing in these neighborhoods.

If this is the case, then accounting for the sorting of people into neighborhoods according

to socioeconomic factors should be sufficient to account for SP-RH discrepancies. To date,

evidence for this perspective is not encouraging. Certainly preferences appear as only one fac-

tor among many influencing neighborhood racial composition exposures. Education, income,

and wealth play important roles as well; across all groups, those with greater education, in-

come, and wealth attainments tend to live in Whiter neighborhoods (Adelman 2005; Charles
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2006; Freeman 2000; Ihlanfeldt and Scafidi 2002). But when accounting for both preferences

and socioeconomic attainments, Whites still have greater neighborhood-level exposure to

Whites, and Blacks greater exposures to Blacks.

However, people do not move fluidly between neighborhoods based on racial and socioe-

conomic considerations alone. On one hand, the act of moving incurs costs, both financial

and psychological, that tend to fix individuals in place, at least in the short term. The im-

mobile may find that their neighborhoods’ racial and ethnic compositions change, pushing

that composition out of line with stated preferences. Thus, we might account for SP-RH

discrepancies by distinguishing between movers and stayers. On the other hand, even those

who move may give more consideration to neighborhoods that will cause the least disrup-

tion to family, work, and other social life. As economic geographers have long noted, those

who migrate longer distances often endure greater personal and social disruption (Sjaastad

1962; Greenwood 1985). When people do move they will likely find spatially proximate

neighborhoods more appealing because migration to these neighborhoods incurs fewer psy-

chological and social costs. Given the spatial clustering of segregation (Massey and Denton

1988; Reardon et al. 2008), people may thus opt for slightly less optimal neighborhoods, in

terms of racial composition, because nearby destinations are less disruptive in other areas of

life. Thus, accounting for the spatial proximity of destination neighborhoods among movers

may also explain some of the discrepancy between preferences and the racial composition

of destination neighborhoods. Scant research examines the relationship between individual

residential mobility, neighborhood racial composition, and the spatial proximity of destina-

tions. One study that considers all three reveals that Whites who live in neighborhoods and

communities with high minority concentrations are more likely to engage in long distance

moves (Crowder and South 2008). However, the OLS approach taken in this study, which

treats distance as a dependent variable, does not consider the relative tradeoffs between

migration distance on one hand, and the racial composition of destination neighborhoods on

the other.
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The place stratification perspective suggests that housing market discrimination may

be a primary contributor to SP-RH discrepancies for some groups. Housing audit studies

have uncovered disparate treatment by members of different racial groups at the hands of

housing market actors like real estate agents (Yinger 1995; Turner et al. 2002). In general,

members of racial minority groups receive worse treatment than Whites and are impeded in

gaining access to White neighborhoods. This discrimination appears to extend deep into the

real estate market, with mortgage brokers and underwriters also engaging in discriminatory

practices targeted at racial and ethnic minorities (Reibel 2000; Williams et al. 2005). These

discriminatory practices can directly impede minority groups in obtaining residence in their

preferred neighborhoods. However, it is currently difficult, if not impossible, to directly test

the effects of discrimination on SP-RH mismatches. Doing so would require joint observation

of residential history, stated preferences, and instances of housing market discrimination. To

my knowledge, there are no data sets that contain all three. In observational studies of

residential mobility, one must deploy controls as best as one can, and then stake a claim to

residual SP-RH differences.

There is an important flip side to the discrimination and socioeconomic disadvantage

explanations of SP-RH mismatches: discrimination and socioeconomic disparities may per-

versely contribute to SP-RH mismatches among advantaged as well as disadvantaged groups.

First, institutional discrimination in rental and housing markets is carried out primarily by

housing market actors like landlords, real estate agents, and mortgage brokers, not by the

general population of advantaged housing seekers or by the settled population in any partic-

ular neighborhood. If housing market actors are more discriminatory, or less discriminatory,

than the advantaged groups (i.e., Whites) on whose behalf they discriminate, then the re-

sulting degree of neighborhood segregation may not reflect the preferences of the advantaged

group. Second, if advantaged Whites (for example) have very strong preferences for segre-

gation, but the housing market is in fact open, then the price of White neighborhoods may

be bid up and predominantly White neighborhoods will only be accessible to those with
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the highest incomes. Disadvantaged Whites may find themselves living in neighborhoods

out of line with their preferences for segregation. Third, if advantaged Whites don’t have

preferences for segregation, but do have preferences for neighborhood amenities and fea-

tures associated with socioeconomic characteristics, this, in combination with the relative

economic advantages of Whites relative to many minority groups, may lead Whites to live

in neighborhoods that are more White than they would like, but which better match their

non-racial preferences. This means that, absent controls for matching of people to neigh-

borhoods along socioeconomic lines, we might expect SP-RH discrepancies among Whites

as well.

2.2 Theoretical Expectations

The above theoretical discussion need only be combined with some basic social facts

about the relative statuses of racial groups in Los Angeles to derive a few testable hypotheses.

First, Blacks and Latinos are the most socioeconomically disadvantaged populations in Los

Angeles, while Whites and Asian groups are relatively economically advantaged (Treiman

and Lee 1996). In addition, Blacks and Latinos face strong negative stereotypes (Bobo and

Zubrinski 1996; Zubrinsky and Bobo 1996; Charles 2006), indicating that they will be most

likely to face discrimination in their housing choices. This suggests the following hypotheses:

1. Blacks and Latinos will have the largest SP-RH discrepancies. In particular, they will

have lower levels of co-residence with Whites compared to their preferences, and higher

levels of exposure to disadvantaged groups, namely other Blacks and Latinos.

2. Whites’ preferences will more closely match their neighborhood attainments than

Blacks and Latinos. Whites will tend to prefer and live in neighborhoods with high

proportions of White residents, and low proportions of Latinos and Blacks.

3. If individual and family-level socioeconomic factors prevent people from matching pref-

erences to residential attainments, then controls for matching of individuals’ economic

circumstances to neighborhood socioeconomic circumstances should reduce or elimi-
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nate the degree of SP-RH mismatch.

4. To the extent that migration incurs economic and social costs that people mitigate by

either staying in place, or moving to spatially proximate neighborhoods, then distin-

guishing between movers and non-movers, as well as controlling for the spatial prox-

imity of destination neighborhoods, should account for RH-SP discrepancies for all

groups.

5. To the extent that housing market discrimination accounts for SP-RH mismatches,

controls for inertial and spatial aspects of migration, as well as socioeconomic sorting,

will fail to account for SP-RH differences. Furthermore, these persistent discrepancies

should be greatest for the most negatively stereotyped groups, namely Blacks and

Latinos.

2.3 Data: Stated Preferences and Residential History

in Los Angeles County

I use data from the Los Angeles Family and Neighborhood Survey (L.A.FANS) to examine

the above hypotheses. Uniquely, this survey contains both SP and RH reports. L.A.FANS

began as a stratified, clustered sample of Los Angeles County households interviewed in the

years 2000 to 2002.2 Within households, randomly selected adult respondents (RSAs) re-

ported on two years of residential history preceding the Wave 1 interview, among a number

of topics. Beginning in 2006, RSAs were re-interviewed. In this second wave of data collec-

tion, RSAs who remained in Los Angeles County reported on their residential histories in the

intervening years between the Wave 1 and the Wave 2 surveys. In addition to a re-interview

of the original respondents, the second wave of L.A.FANS added a replenishment sample of

2See Peterson et al. (2004, 2012) and Sastry et al. (2006) for more details on the sampling procedures.
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new RSAs. These RSAs completed residential preferences instruments and reported their

residential histories for the six years preceding the interview.3

Key to testing the hypotheses I outline above, I classify L.A.FANS respondents by their

racial identifications. I classify RSAs according to a four category scheme. I distinguish

between Latinos, non-Hispanic Whites, non-Hispanic Blacks, and non-Hispanic Asian and

Pacific Islanders. I combine the seven respondents who reported other races and ethnicities

into the White category. I assign respondents to these four categories based on respondents’

own reports or the reports of another household member for the few respondents who did

not identify.

In addition to the residential history reports, Wave 2 of L.A.FANS prompted RSAs

to state their neighborhood preferences using two SP instruments. The first preference

instrument asked respondents to rank a set of hypothetical neighborhoods which differed in

their racial compositions. The second preference instrument asked respondents about the

racial composition of their ideal neighborhoods. My analytic sample comprises the 1,214

RSAs who provided RH reports and responses to both SP instruments. Below, I discuss

the preference instruments and basic descriptive results based on these instruments. I then

discuss the RH data. In discussing the RH data, I also discuss the United States Census data

I use to generate neighborhood level variables for the RH analysis, as well as the individual-

level variables, drawn from L.A.FANS, that could influence RH neighborhood outcomes.

2.3.1 Stated Preference Data in L.A.FANS

The L.A.FANS survey assessed new and panel respondents’ stated racial preferences using

two variations of a showcard vignette first implemented in the Detroit Area Study (Farley

et al. 1979, 1978) and then deployed across a number of metropolitan contexts in the Multi-

City Study of Urban Inequality (Farley et al. 1997). In the first variation of the experiment,

respondents were presented with five images, each depicting a hypothetical neighborhood

3Wave 1 RSAs who left Los Angeles County were also interviewed at Wave 2, but they completed a
shorter survey that did not assess residential history or preferences. Thus my sample only includes those
persisting in Los Angeles County as of the Wave 2 interview.
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as in Figure 2.1. Each house in each hypothetical neighborhood was filled in to indicate

whether an Asian, Black, Latino, or White family resided there. Interviewers then prompted

each respondent to rank these neighborhoods in order of where they would most like to live.4

A random algorithm determined the racial compositions presented to respondents, including

a single neighborhood that reflected the racial composition of respondents’ neighborhoods

at the time of the survey.5

In the second version of the experiment, interviewers prompted respondents to fill out a

blank card, like that in Figure 2.2, to indicate the racial mix in the “ideal” neighborhood

where they would want to live.6 In this ideal vignette, respondents could choose any of 680

possible neighborhood racial compositions, even racial compositions that corresponded to no

extant neighborhoods in Los Angeles County.7 For both the ideal neighborhood response and

the ranked neighborhood vignettes, I characterize each hypothetical neighborhood according

to four racial composition components: proportion Asian, proportion Black, proportion

Latino, and proportion White.

Table 2.3 contains summary statistics for L.A.FANS respondents SP choices. Panel A

of Table 2.3 describes the average racial compositions of respondents’ ideal neighborhoods,

averaged by respondent race. For ideal neighborhood composition, only Whites, on average,

express a mean preference for neighborhoods with a majority of own group residents. Besides

4Verbatim: “Imagine that you were looking for a place to live. You found nice, affordable places in five
different neighborhoods. The neighborhoods have different numbers of White, Black, Asian, and Latino
families. I’ll show you drawings of these neighborhoods on the computer screen in a minute. Please tell me
which one would be your first choice as a place to live, your second choice, and so on.”

5The racial compositions presented to respondents, while varying across cards, were skewed towards
neighborhoods similar to those in which they already resided. That is, the set of vignettes do not appear to
constitute a fully factorial experiment of the form advocated by (Louviere et al. 2000). This has advantages
and disadvantages. On one hand, respondents were more likely to be prompted with plausible neighborhood
alternatives, and so may have had a better time of imagining these neighborhoods. On the other hand,
because of similarity between neighborhoods in the ranking experiment, respondents may have found it
difficult to distinguish between neighborhood alternatives, potentially introducing more error into their
responses.

6Verbatim: “Now imagine your ideal neighborhood that has the ethnic and racial mix that you would
personally feel most comfortable living in. Here is a blank card like those I showed you on the screen. Please
put a letter in each house on the card to show your ideal neighborhood where you would most like to live.”

7Given 14 empty houses, as in Figure 2.2, and four groups, there are
(
14+4−1

4−1

)
= 680 possible racial

compositions, ignoring the spatial arrangement of groups into houses.
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preferring an own-group majority, Whites’ ideal neighborhoods have roughly equal shares of

Asians, Latinos, and Blacks, albeit with a slight preference for Latino and Asian neighbors

over Black neighbors. Both Asian and Latino respondents express an average preference

for own-group plurality neighborhoods in the ideal SP vignette, with Latinos exhibiting a

stronger in-group preference. Respondents identifying as Asian and Latino also express a

preference for some mixing with Whites—Whites are the second largest group in their ideal

neighborhoods. Overall, non-Blacks are reluctant to include Blacks in their ideal neighbor-

hoods, with Blacks making up the smallest proportions of Latinos’, Asians’, and Whites’

ideal neighborhoods. Meanwhile, Blacks’ ideal neighborhoods have a joint Black-White ma-

jority, with roughly equal mixing between Black and White residents ( 31%), with lower,

but balanced, representation of Asian and Latino residents.

Panel B of Table 2.3 presents summary statistics for respondents’ first ranked neighbor-

hoods and the full set of neighborhoods presented to respondents in the rank SP instrument.

The results from the rank SP instrument cannot be interpreted directly, because respondents

choices were dictated by the set of neighborhoods presented to them. And respondents from

different racial groups were not presented with the same hypothetical neighborhoods in the

rank SP vignette. Instead, White respondents were presented with neighborhoods that were,

on average, predominantly White, Latinos were presented with predominantly Latino neigh-

borhoods, and Blacks and Asians with neighborhoods that were disproportionately Black

and Asian, respectively. These data can only be productively interpreted using methods

that account for the availability of different neighborhood types in the rank SP vignettes. I

discuss these methods later on.

2.3.2 RH: Combining Individual-Level Data in L.A.FANS with
Neighborhood-Level Data from the Census

The RH data in L.A.FANS catalogue RSAs residential locations over the period 1998-
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2008.8 I discretize the residential history into person-quarters and examine neighborhood

locations at the end of each person-quarter. I discretize time by quarters, rather than years,

in order to capture as many moves as possible among respondents who reported more than

one move in some years. RSAs’ residential histories are geocoded according to 2000 Census

tract boundaries, which I use to link individuals to data about their neighborhoods. I include

a person-quarter in the analysis if an individual started and ended the interval in a valid Los

Angeles Census tract.9

To characterize the racial composition of Los Angeles County neighborhoods, and thus

the neighborhoods of L.A.FANS respondents, I combine data from the 1990, 2000, and 2010

United States Census. Data for 1990 and 2000 are aligned to 2000 Census tract boundaries in

the Neighborhood Change Database (NCDB) produced by the Urban Institute and Geolytics

(Geolytics 2003). I align 2010 data to 2000 tract boundaries using tract relationship files

provided by the Census and use linear interpolation to estimate the composition of tracts

in intervening years, 1998-2008, for which adult respondents provided residential history. I

distinguish between four groups, non-Hispanic Asian or Pacific Islander, non-Hispanic Black,

Latino, and non-Hispanic White, in characterizing each neighborhood’s racial composition.

I group the few Los Angeles residents who identified with other groups on their Census forms

with Whites.

I use data from the 1990 and 2000 Census long forms, normalized to 2000 tract boundaries

in the NCDB, in combination with data from the 2005-2009 and 2006-2010 American Com-

munity Surveys to characterize the socioeconomic characteristics of neighborhoods. I con-

sider three main socioeconomic attributes of neighborhoods: income, education, and home

ownership. I expect L.A.FANS respondents to move into neighborhoods where their income

matches the income of other residents, primarily because of housing costs that are highly

8Over 60% of the Wave 2 interviews, and thus nearly all the residential history observations, precede the
the December 2007 onset of the Great Recession. Because most observations precede the recession, I do not
give careful consideration to how the collapse of housing prices influenced subsequent residential decisions.

9I set this condition because L.A.FANS did not provide geocodes in most cases when individuals reported
an address outside of Los Angeles County. It was unclear how to construct the neighborhood choice sets for
respondents moving to Los Angeles from outside the County (see methods discussion below).
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correlated with neighborhood income. To characterize the income “fit” between L.A.FANS

respondents and Los Angeles neighborhoods, I estimate the household income distributions

within each neighborhood. I obtain estimates of the income distribution by fitting gamma

distributions to binned income data.10 I combine these estimated income distributions with

data on L.A.FANS respondents’ incomes to derive a percentile figure, ranging from zero to

one, indicating where each L.A.FANS respondent in my sample fits into each prospective

destination neighborhood’s income distribution. A value of zero indicates that the respon-

dent falls at the very bottom of the neighborhood income distribution, and a value of one

indicates that the respondent sits at the top of the income distribution. A value of .5 in-

dicates the respondent’s family’s income matches the (estimated) median household income

for the neighborhood.

Beyond income, levels of education likely influence residential choices, perhaps especially

among the college educated. Those with college educations might seek out co-residence with

other college graduates because of shared educational values or social networks that either

develop during college, or during careers that people select into based on college attendance.

Thus, I characterize each neighborhood by the percentage of those over age 25 who have

received a bachelors degree or more. Finally, home ownership should be highly influential

in inter-neighborhood migration, not least because those who want to own a home can

only do so in a neighborhood that has homes available for purchase. In addition to this

mechanical effect, potential home owners may have economic or idealogical preferences to

live in neighborhoods where other residents are home owners as well. Summary statistics for

Los Angeles County Neighborhoods are provided in Table 2.1.

Table 2.4 summarizes RH outcomes for L.A.FANS respondents. Latinos live in predom-

inately Latino neighborhoods, with Whites representing the second largest group, followed

10I attempted to fit several different distributions, including a log-normal and Wiebull distribution, to the
neighborhood income data. Among the distributions I tested, the gamma distribution provided the best
overall fit across all neighborhoods, in terms of fit statistics like BIC, as well as relative to the reported
median and means of the income distribution. The mean and median values obtained from these estimates
all came very close to matching the observed mean and median incomes.
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by Asians and Blacks. Latinos live in neighborhoods with the lowest household incomes, the

lowest representations of bachelor’s degree holders, and low levels of home ownership. Even

in these low socioeconomic status neighborhoods, the family incomes of Latino respondents

fall below the neighborhood median household income. Whites live in neighborhoods that

are majority White, with substantial Latino representation and very few Blacks. Whites’

neighborhoods have the highest median household incomes, rates of home ownership, and

prevalence of bachelor’s degrees. Blacks, on average, live in neighborhoods that are plurality

Latino, with Whites the second largest group, out-numbering even Blacks. Asian L.A.FANS

respondents live in neighborhoods that are roughly 35% Asian and 33% White, with Latinos

making up the third largest group. These results are qualitatively similar to results obtained

using U.S. Census Data for L.A. County, shown in Table 2.1. However, the Black respondents

in L.A.FANS appear exceptional, as their exposures to Black neighbors are lower, and their

exposures to White neighbors higher, on average, than observed for Blacks in Los Angeles

County as a whole.

Table 2.4, Panel C also summarizes rates of residential mobility in the L.A.FANS sample.

Overall, the 1,214 L.A.FANS respondents contribute 898 person-quarter mobility events,

with nearly half the sample (600 respondents) reporting at least one residential move within

Los Angeles County over the survey period. Weighted, this corresponds to 0.074 moves per

year.11 Blacks and Latinos have relatively high rates of mobility, while Asians and Whites

have lower rates of residential mobility.

11This is less mobility than reported for persistent Los Angeles County residents in the 2005-2010 American
Community Survey, in which approximately 10% of L.A. County persisters, ages 18 or older, reported
making moves between houses within L.A. County in the prior year. However, the L.A.FANS respondents
are relatively older then the Los Angeles County population, with the preponderance having been drawn
into the sample conditional on being age 18 or older in 2000-2002. The lack of younger respondents in the
replenishment sample may have rendered it difficult to weight the sample appropriately by age. Notably, the
observed mobility rates are consistent with those observed for year-to-year Los Angeles County persisters
ages 30 and older.
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2.3.3 RH: Individual Level Controls

Migration decisions are not made solely based on neighborhood-level factors. People also

seek out housing and neighborhood options that either match their needs, or fall within

the boundaries imposed by individual and family level constraints. In the models presented

here, these constraints are represented as interactions between peoples’ resources and prior

experiences and the characteristics of neighborhoods. So, in addition to racial identification, I

consider a number of non-racial individual characteristics that may influence RH outcomes.

I focus on three individual-level socioeconomic factors that I pair up with the previously

discussed neighborhood-level factors: income, education, and home ownership.

I account for the likelihood that people will move into neighborhoods that their income

affords using measures of family income obtained in Wave 1 and Wave 2 of L.A.FANS. I rely

on the family income reports rather than employment histories partly out of an expectation

that family income, rather than individual or household income, shapes prospective housing

choices. But I also face a data limitation—L.A.FANS did not obtain complete household

income reports, instead opting to ascertain family incomes for RSAs. This income includes

an RSA’s spouse, cohabiting partner, and children, where applicable. Roommates and other

household residents are omitted from the income figures. By ignoring the potential contribu-

tions of roommates and other household residents, I assume that their incomes did not factor

into RSAs’ residential choices. Full family income reports for L.A.FANS respondents were

obtained only for the years corresponding to the Wave 1 and Wave 2 interviews. Only partial

reports, based on respondents’ employment histories, were obtained for intervening years.

L.A.FANS obtained income reports in components, distinguishing between earnings, invest-

ment income, welfare receipt, retirement income, and so on. Where respondents’ component

reports were missing, L.A.FANS used an imputation procedure to estimate the component

of income, relying only on data from elsewhere in the income survey as well as the household
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roster.12 In Wave 1, slightly less than 30% of respondents in my sample had some component

of income imputed. In Wave 2, slightly less than 40% of respondents in my sample had at

least one component of income imputed. These figures overstate the degree of missingness,

however, because they include missingness across all components and family members.

For those who had family income reports in both Wave 1 and Wave 2 surveys, I average

the Wave 1 and Wave 2 income reports to estimate respondents’ yearly financial resources.

By construction, new entrant RSA respondents in Wave 2 did not have Wave 1 income

reports. To estimate their average income over the preceding six year period corresponding

to their residential history reports, I estimate a Wave 1 income by depreciating their Wave

2 incomes using a regression of Wave 1 income on Wave 2 income, education, race, gender,

age, marital status, and survey year among those with both Wave 1 and Wave 2 income

reports. I then averaged this depreciated income with the observed Wave 2 income. I adjust

all income figures to 1999 dollars.

To account for the sorting of individuals into neighborhoods based on educational at-

tainment, I distinguish between L.A.FANS respondents who completed at least a bachelor’s

degree, and those who did not. To account for the matching of home owners to neighbor-

hoods where home ownership is common, I distinguish between respondents who owned their

homes at the Wave 2 survey, and respondents who reported renting at Wave 2.

The summary statistics for L.A.FANS respondents’ individual and family characteristics

are presented, by race, in Table 2.2. In accordance with Census data and previous research

on socioeconomic status of Los Angeles residents, Latinos and Blacks are the most socioeco-

nomically disadvantaged groups, with the lowest family incomes, the lowest levels of college

completion, and the lowest levels of home ownership. Black and Latino respondents were

12Missingness for an income component could occur for two reasons. Either the respondent did not say
whether a given family member had received income from a given source, or the respondent claimed income
from the source, but could not recall the amount.
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also younger and less likely to be married than Whites and Asians.13

To make inferences about the relative effects of racial composition and non-racial factors

on RH outcomes, and to properly compare SP and RH data in Los Angeles, I combine

these individual-level data and neighborhood level data using a discrete-choice modeling

framework. This framework explicitly accounts for the opportunity structure individuals

face when moving between neighborhoods, and allows me to account for the matching of

individuals to neighborhoods along both racial and non-racial lines. I discuss these methods

briefly in the following section. A more in depth discussion is provided in Chapter 3.

2.4 A Discrete Choice Approach to combining SP and

RH Neighborhood Choice Data

I use discrete choice logistic regression models to investigate SP and RH differences in Los

Angeles. In short, the models are multinomial logistic regression models that allow for the

inclusion of alternative specific regressors. Respondents, indexed by i, make neighborhood

choices across multiple situations, indexed by t. In each choice situation, respondents are

faced with a choice set of discrete, mutually exclusive neighborhoods, denoted by Cit. The

choice set could differ across respondents and across choice situations. Discrete choice models

are random utility models that assume that each person, in each choice situation, assigns a

utility, Uijt, to each neighborhood j in his choice set.

Uijt = Vijt + εijt (2.1)

The “observed” part of the utility, Vijt, is parameterized according to the observed character-

istics of neighborhoods, potentially in interaction with the respondents’ own characteristics.

13I weight these and other individual-level summary statistics using cross-sectional weights provided for
panel and new entrant RSAs in Wave 2 of L.A.FANS. These weights are adjusted to account for attrition
between Wave 1 and Wave 2 surveys, and are intended to render the sample representative of Los Angeles
County adults at the time of the Wave 2 survey.
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The unobserved aspects of choices are captured in the random disturbance, εijt.

The models assume that respondents choose the neighborhood that provides the highest

total utility. By assuming the unobserved parts of the utility, εijt, are uncorrelated with

the observed variables and that they are drawn independently from a standard Gumbel

distribution, the probability that individual i chooses neighborhood j in situation t is:

Pijt =
exp (Vijt)∑

k∈Cit
exp (Vikt)

(2.2)

Multiplying these probabilities across a sample providing data on SP and RH choices yields a

likelihood function whose parameters can be estimated using traditional maximum likelihood

techniques. Chapter 3 contains details about how to construct the likelihood function.

I parameterize the “observed” part of the utility according to racial composition compo-

nents, and additional non-racial components for the RH data, as follows:

Vijt = βisXjt + ζitZijt (2.3)

Xjt is a column vector of observed racial attributes, like proportion Black or proportion

Latino. βit is a row vector of coefficients which denote the weight given to the racial attributes

of neighborhoods in the decision process. The i subscript for β indicates that the effects could

differ across individuals, and the t subscript indicates the effects could differ across different

choice situations. Zijt is a column vector of non-racial neighborhood characteristics. These

could be objectively evaluated, like neighborhood poverty, median income, age composition,

etc. Or they could be subjectively evaluated, like the distance of a neighborhood from

an individual’s place of work, or whether or not a close family member is residing in the

neighborhood. ζit is a row vector of coefficients which indicates the influence of non-racial

aspects of neighborhoods in residential choices. The subscripts indicate that these coefficients

could differ across situations and across agents.

In the L.A.FANS, respondents provide data on neighborhood choices across three different
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kinds of choice situations: Ideal SP, rank SP, and RH. I alternately refer to these different sets

of situations as scenarios. As previously mentioned, Chapter 3 provides additional details

about how to combine data from multiple sources. The ideal SP data provide information

on a single choice situation, with respondents identifying one ideal neighborhood racial mix

among 680 possible racial mixes. I parameterize the ideal SP utility functions for each

neighborhood, k, in the 680 neighborhood choice set as follows:

V SPI
ik = βSPI

i1 LATINOk + βSPI
i2 LATINO2

k + βSPI
i3 BLACKk + βSPI

i4 BLACK2
k

+ βSPI
i5 ASIANk + βSPI

i6 ASIAN2
k + βSPI

i7 WHITE2
k

(2.4)

LATINO, BLACK, ASIAN , and WHITE terms denote the representation of each group,

recorded as proportions, in the hypothetical neighborhood. I include quadratic terms to

account for potential resistance to neighborhoods with very high or very low representation

of some groups.14 I index the β’s by i to indicate that the effects of racial composition will

differ across respondents. In particular, I assume that racial composition preferences differ

across four racial groups. I accomplish this by estimating separate models for each group.

The SPI superscript distinguishes these racial composition effects from the effects in the

rank SP situations, discussed below. In other words, I allow for the possibility that racial

composition preferences differ across ideal SP, rank SP, and RH situations.

In the rank SP situations, respondents rated five neighborhoods. I “explode” these rank

SP data into four choice situations—one situation from the ranking of the first neighborhood

above all others, another from the ranking of the second ranked neighborhood above all

neighborhoods except for the first, and so on.15 I parameterize the utility for the rth ranked

14I also tested models that included third order polynomials in racial composition. These models tended
to improve model fit, but inspection of the results suggested that these third order effects were fitting
heterogeneity within racial groups that would be better dealt with by using methods that allow for unobserved
heterogeneity. Future versions of this work will employ these models to explore heterogeneity in racial
composition preferences.

15Around 10% of respondents had at least two neighborhoods that were tied in their rankings. In separate
models, I used an exact technique to account for these ties (Allison and Christakis 1994). The results from
these “exact” models generally did not differ from the results I obtained by randomly breaking ties within
respondents. The results I present here are based on randomly breaking ties.
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neighborhood as I did with the ideal SP situations.

V SPR
ir = βSPR

i1 LATINOr + βSPR
i2 LATINO2

r + βSPR
i3 BLACKr + βSPR

i4 BLACK2
r

+ βSPR
i5 ASIANr + βSPR

i6 ASIAN2
r + βSPR

i7 WHITE2
r

(2.5)

I assume that the racial composition effects do not differ across rankings.16 The SPR

superscript indicates that these effects may be different from the ideal SP effects.

Finally, each respondent faces multiple RH choice situations, corresponding to each

person-quarter of residential history. In RH scenarios, I assume that respondents choose

one neighborhood from all the neighborhoods in Los Angeles County. I parameterize the

utility that respondents assign to neighborhoods as follows:

V RH
ijt = βRH

i1 LATINOjt + βRH
i2 LATINO2

jt + βRH
i3 BLACKjt + βRH

i4 BLACK2
jt

+ βRH
i5 ASIANjt + βRH

i6 ASIAN2
jt + βRH

i7 WHITE2
jt

+ ζi1 LNUNITSjt + ζi2 PROXIMijt + ζi4
√
DIST ijt

+ ζi4 INCPOSijt + ζi4 INCPOS
2
ijt

+ ζi5 PCOLLjt + ζi6 POWNjt

+ ζi7ORIGijt × AGEit + ζi8ORIGijt × AGE2
it

+ ζi9ORIGijt ×OWNERi + ζi10ORIGijt ×MARRIEDi

+ ζi11 SPLANGjt + ζi12ASLANGjt

(2.6)

The racial composition terms are as in the SP models, but with that data for neighborhood

racial composition taken from the Census, rather than given in the L.A.FANS data. The

RH superscript signals that these coefficients may be distinct from the ideal and rank SP

coefficients, while the i subscript indicates that these coefficients may differ across respon-

dents, i.e. according to racial identification. In addition to these main effects, I also include

16In separate models using only the rank SP data, I tested for consistency of effects across ranks. I
generally could not reject the null hypothesis of no difference in preferences across rankings.
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interactions between the racial composition terms and a dummy variable that identifies the

alternative in the choice set that corresponds to the respondent’s own house. This accounts

for the possibility that racial composition may influence choices to move differently than

choices of where to move.

Unlike the ideal SP and rank SP choice situations, observable non-racial features of

neighborhoods influence RH choices. The key analytic approach taken here, as with much

research on racial and ethnic differences in neighborhood outcomes, is to add in non-racial

variables in the analyses as potential mediators of RH and SP differences. Do statistically

significant differences between βRH , βSPI , and βSPR persist after introducing controls for

non-racial characteristics of neighborhoods?

I include a number of non-racial controls as potential mediators. LNUNITS is the log of

number of housing units in neighborhood j in quarter t. All else being equal, and holding the

vacancy rate constant, neighborhoods with more housing units should have more vacancies

in each period, and will be more likely to receive movers.

PROXIM and
√
DIST address the unobserved costs related to the decision to migrate

and the distance migrated. The low mobility rates in the quarterly L.A.FANS residential

histories reveal that respondents are very likely to “choose” their own houses from quarter

to quarter. I also expect respondents to be less likely to move to tracts that are more

geographically distant. I parameterize this with a series of dummy variables distinguishing

between alternatives in the Los Angeles County choice set that are the respondent’s own

house, a new house in the respondent’s origin neighborhood, a new house in a first, second,

third, or fourth order adjacent neighborhood, or a new house in fifth or higher order adjacent

neighborhood.
√
DIST is the square root of the distance, measured in miles, between the

centroid of a respondent’s origin tract and the the centroid of a potential destination tract.17

The INCPOS terms identify the position of the respondent’s family in the neighborhood

income distribution. I include linear and quadratic effects because people will likely avoid

17This distance is “as the crow flies.” Future versions of this study will use transit times to better represent
the spatial accessibility of neighborhoods.
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neighborhoods where they are either much richer or much poorer than other neighborhood

residents.18 Because of the limited nature of the L.A.FANS income reports, I treat family

income as a time invariant variable.

PCOLL and POWN control for tendencies, among some respondents, to move to neigh-

borhoods based on the availability of homes to own, rather than rent, and the presence of

highly educated residents. These variables respectively indicate the proportion of neigh-

borhood j’s residents who have bachelor’s degrees, and the proportion of occupied housing

units that are occupied by owners. I assume that the effects of these variables differ across

respondents based on their own educational attainments and housing tenures. I interact

PCOLL with an indicator of whether a respondent attained a bachelor’s degree by Wave 2.

I expect those with college degrees to be more likely to move to neighborhoods where others

with college degrees live. This could be due to preferences or due to social networks that

are segregated by educational attainment. I interact POWN with an indicator of whether

the respondent ever reported owning a home, as those who own homes, whether due to

preferences or necessity, will likely live in neighborhoods with higher levels of home own-

ership. Additionally, I account for selection into the inter-neighborhood migration stream

by including interactions between the origin house identifier, ORIG, and respondent-level

age (AGE), home ownership status (OWN), and marital status (MARRIED) variables. I

expect greater immobility among those who are older, own a home, or are married.

Finally, there may be a disconnect between the racial ascription respondents engage in

when evaluating neighborhoods, and the processes of racial identification that produced the

Census data I use to describe Los Angeles neighborhoods. It is unlikely that respondents in

L.A.FANS ascriptively identify each self-identified Latino neighbor as Latino, or each Asian

neighbor as Asian, or each Black neighbor as Black. Housing seekers may use behavioral,

18I examined several measures and specifications to account for sorting on income, including specifica-
tions based on the ratio between respondents’ incomes and the neighborhood median income, the difference
between these incomes, and multiplicative interactions between these incomes. I tested logs, splines, and
polynomials in these measures. In the end, the second order polynomial specified in the main text provided
the best and most parsimonious fit.
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visual, and linguistic cues to do this ascriptive work. I expect these cues to be especially

important for ascribing racial categories to self-identified Latino and Asian neighbors, groups

which fall in the middle of the Los Angeles racial hierarchy and whose members vary in their

nativity status, national origins, and socioeconomic attainments (Charles 2006; Treiman

and Lee 1996). I proxy these cues with the linguistic variables SPLANG and ASLANG.

I generate these variables by dividing the number of neighborhood residents who speak

Spanish or an Asian language at home, and who speak English less than very well, by the

number identifying as Latino or the proportion identifying as Asian, respectively. Generally,

these variable fall between 0 and 1, with 0 signaling a high degree of English language

proficiency among self-identified Asians and Latinos, and 1 indicating a low degree of English

language proficiency. In alignment with the racial composition effects, I include second order

polynomials for these variables.19

As discussed in Chapter 2, I pool the RH, rank SP, and ideal SP likelihood components

into a single likelihood function. I estimate the pooled model using Stata’s “clogit” command

(StataCorp 2011). I use Stata’s cluster feature to adjust the variance-covariance matrix based

on the multiple SP and RH observations contributed to the analysis by each respondent. I

estimate sets of models using a hierarchical, incremental approach, adding in sets of non-

racial controls to examine whether and to what degree these variables act as mediators that

“explain” the difference between racial composition coefficients across SP and RH choice

situations.

19I include one other control in the Ideal SP and RH portions of the model that have some technical
importance. The possibility of choosing among 680 neighborhoods in the Ideal SP situation, and over
2,000 Census tract in the RH situations, this across 1,214 respondents who contribute approximately 28
person-quarter RH observations each, poses a challenge in computation. Fortunately, conditional logistic
regression models permit sub-sampling of the choice sets within respondents. I take a stratified sample of
tracts within respondents in each RH choice scenario. I include the chosen tract, the origin house, and the
origin neighborhood in the analytic choice set with 100% probability. I randomly include an additional 97
alternatives (100 alternatives in total) in each respondent’s choice set, giving preference to first through
fourth order adjacent tracts. In the ideal SP data, I sample the chosen tract with 100% certainty, and
then randomly include an additional 49 alternatives (50 alternatives total) in each respondent’s ideal SP
choice set. Parameter estimates are consistent if the log of the sampling fraction, within choice situations, is
included as a regressor with its coefficient constrained to negative one (Ben-Akiva and Lerman 1985; Bruch
and Mare 2012).
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2.5 Model Results

Racial composition coefficients from the full model, including all non-racial controls, are

contained in Table 2.5. Table 2.6 contains the estimated coefficients for non-racial variables.

These coefficients are difficult to interpret by themselves. Instead, I interpret the model

output based on three post-estimation steps. First, I produce sets of predicted probabilities

of neighborhood choice as functions of racial composition, separately for Latino, White and

Black Respondents.20 I then plot these predicted probabilities for a qualitative view of the

degree and direction of SP-RH mismatch for members of these groups. I pair these plots

with Wald tests of racial composition coefficients from the models, paying special attention

to statistical tests of differences between SP and RH situations. Second, I use SP and RH

coefficients to calculate predicted neighborhood choice probabilities for “typical” Latino,

White, and Black respondents choosing among neighborhoods whose racial compositions

match those of neighborhoods in Los Angeles. I calculate indices of dissimilarity to sum-

marize the differences between SP and RH choice probabilities. Third, I calculate expected

neighborhood racial compositions based on these L.A. choice set predicted probabilities.

2.5.1 Predicted Probabilities and Wald Tests, by Respondent Race

Figures 2.4 through 2.14 depict predicted probabilities of neighborhood choice for Latino,

White and Black residents of Los Angeles. I generate predicted probabilities based on a

simulated choice set of 100 house neighborhoods. This choice set contains one neighborhood

for each unique racial composition achieved by apportioning 100 houses among families

falling into four racial categories. Using the relevant racial composition coefficients, and

holding all other covariates constant, I calculate a choice probability for each neighborhood

in this hypothetical choice set. To plot probabilities as function of the four racial composi-

tion components—proportion Latino, Black, White, and Asian—I calculate the mean choice

20I omit discussion of Asian respondents, as the sample of Asians in L.A.FANS was small and idiosyncratic
when compared to Los Angeles County as a whole.
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probability at each value of one of the racial composition components.21

In addition to these predicted probability plots, I also test the statistical significance

of racial composition effects. I examine whether and which racial composition components

have statistically significant effects within ideal SP, rank SP, and RH situations. Key to my

hypotheses, I also test for significant differences between ideal SP and RH, and between rank

SP and RH coefficients. I use cluster adjusted Wald tests to perform these tests. Tests of

within situation significance are shown in Table 2.7. Tests of between scenario differences

are displayed in Table 2.8. I first present results for Latinos, followed by Whites and Blacks.

2.5.2 Latino Respondents

Latinos in Los Angeles do pay attention to racial composition when making residential

choices. In RH scenarios, proportion Asian, Black, and White have statistically significant

effects on choices (using p = 0.05 as a threshold), while the effect of proportion Latino is

marginally significant (Panel A, Column 1 of Table 2.7). Likewise, Latinos express significant

racial preferences as well. In their SP responses, Latinos expressed preferences across all

racial composition components considered in L.A.FANS: proportion Asian, Black, Latino,

and White (Panel A, Columns 2 and 3 of Table 2.7).

Latinos also endure statistically significant disconnects between SP and RH, even when

controlling for a full set of non-racial factors in RH models. Table 2.8 Panel A shows that

when I consider all racial composition terms simultaneously, I find statistically significant

differences between ideal SP and RH choices (Column 1) and rank SP and RH choices

(Column 2). However, the results based on ideal and ranked stated preferences are not in

statistical agreement. Only the effect of proportion White is statistically different between

rank SP and RH scenarios (Column 2), but this is the only effect that is not significantly

different between ideal SP and RH scenarios (Column 1).

21An average is necessary because there are many neighborhood configurations that could be consistent
with a given value of a racial composition component. For example, when generating a mean choice prob-
ability for neighborhoods with 20% Black composition, I calculate a mean over all neighborhoods that are
20% Black, but which vary in Asian, Latino, and White representation in the 0-80% range.
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I predicted that Latinos, as a negatively stereotyped and socioeconomically disadvantaged

group in Los Angeles, would have greater exposure to Latinos and Blacks than they prefer,

and less exposure to Whites. To evaluate the qualitative aspect of these hypotheses, I

examine SP and RH choice probabilities as functions of proportion Latino, White, Black,

and Asian.

Figure 2.3 shows that Latinos have a preference for more Latino neighbors. Across all SP

and RH scenarios, and regardless of the controls employed in the RH portion of the model,

Latinos are more likely to choose a neighborhood as the proportion Latino increases. RH and

rank SP choice probabilities largely agree, once I account for the proximity of destination

neighborhoods. The main difference crops up between these results and the ideal SP results.

The ideal SP data suggest a significantly stronger preferences for Latino neighbors (Table

2.8, Panel A, Column 1). The difference between rank SP and RH coefficients, in contrast,

is not significant at any reasonable threshold. Rather than being over-exposed to Latino

neighbors, as I predicted, Latinos are either exposed in accordance with their preferences,

or move to neighborhoods with fewer Latino neighbors than they claim to prefer.

The story for proportion Black is similar. Latinos state greater unwillingness to choose

a neighborhood as the proportion Black increases, as shown in Figure 2.4. 0% Black neigh-

borhoods have the highest choice probabilities, and 100% Black neighborhoods have the

lowest choice probabilities in both SP scenarios. Latinos’ RH neighborhood choices also

signal resistance to Black neighbors, although with indifference over the 0-30% Black range.

According to Table 2.8, Panel A, the difference in the effects of proportion Black on neigh-

borhood choice is not significantly different between RH and rank SP scenarios. Again, the

statistically significant difference is between ideal SP and RH outcomes. In the ideal SP

data, Latinos express a stronger resistance to Black neighbors than is evinced in rank SP

and RH situations. Only if we give credence to the ideal SP data over the rank SP data

would we conclude that Latinos tend to move to neighborhoods with more Blacks than they

prefer. Overall, however, the differences are mainly of degree, and not of kind.
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The results for proportion Asian resemble the results for proportion Black. The relevant

predicted probabilities are plotted in Figure 2.6. RH and rank SP predicted probabilities

basically agree, as confirmed by the Wald test in Panel A of Table 2.8. Latinos prefer and

move to neighborhoods that are between 0 and 40% Asian, and avoid neighborhoods that are

more than 40% Asian. Once again, the ideal SP results differ more in degree than in kind.

In the ideal SP data, Latinos express sharper resistance to neighborhoods as the proportion

Asian increases. I can only accept that Latinos are unable to match RH and SP with respect

to proportion Asian if I assume that the ideal SP data represent Latinos “true” preferences

better than the rank SP data.

The results for proportion White diverge from the preceding patterns. Figure 2.5 shows

that Latinos prefer neighborhoods with intermediate to high levels of Whites in the rank

SP vignette, and are more likely to pick neighborhoods with 100% White residents than

they are to pick neighborhoods with 0% White neighborhoods. However, in the both the

ideal SP and RH data, Latinos were more likely to choose or move to neighborhoods with

low to intermediate representation of Whites, with higher choice probabilities for 0% White

neighborhoods than for 100% White neighborhoods. Table 2.8, Panel A, shows that the rank

SP-RH difference in the effect of proportion White is statistically significant, while the ideal

SP-RH difference is not statistically significant. The rank SP data would lead me to confirm

my hypothesis that Latinos are underexposed to Whites relative to their preferences, even

when accounting for non-racial factors that should influence actual migration, whereas the

ideal SP data would lead me to reject this hypothesis. As I will discuss later on, this ambigu-

ous result falls into starker relief when I calculate expected neighborhood racial compositions

based on a choice set of Los Angeles neighborhoods.

2.5.3 White Respondents

Both SP and RH data sources show that Los Angeles County Whites respond to racial

composition when making neighborhood choices, as seen in Table 2.7 Panel B. In RH data
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(Column 1), Whites showed sensitivity to the presence of Asians, Blacks, and Latinos (p <

0.05), although only marginally significant sensitivity to the presence of Whites over and

above that implied by the other racial composition components (p < 0.10). Results from the

SP scenarios (Columns 2 and 3) show sensitivity across all racial composition components

(p < 0.05), with that sensitivity only marginally significant for proportion Asian and Latino

in the ideal SP data (p < 0.10).

Whites are the most advantaged group in LA County. They have the highest socioe-

conomic attainments, and face few negative stereotypes (Charles 2006; Bobo and Johnson

2000). I hypothesized that, as an advantaged group, Whites would be more likely than

minority group members to obtain a match between their stated preferences and their resi-

dential experiences. Table 2.8, Panel B presents results from Wald tests of these hypotheses.

Overall, I can reject the null hypothesis that Whites’ racial composition preferences match

their actual neighborhood choices. However, the results differ across groups and scenarios.

I observe statistically significant differences between ideal SP and RH effects for each sepa-

rate racial composition component, but only one significant difference, for proportion Asian,

between rank SP and RH scenarios. Beyond achieving an SP-RH match, I also expected

Whites to both prefer and reside in neighborhoods with high White representation, and to

live in neighborhoods with few disadvantaged minorities, particularly Blacks and Latinos.

For a qualitative assessment of these hypotheses, I turn to the predicted probabilities in

Figures 2.7 through 2.10.

The predicted probabilities in Figure 2.7 suggest that Whites are generally resistant to

Latinos as neighbors. However, Whites’ actual neighborhood choices differ slightly, in sub-

stantive terms, from their stated preferences. Whites’ rank SP choices are consistent with a

preference for neighborhoods with approximately 30%-50% Latino representation, and resis-

tance to neighborhoods that are greater than 50% Latino. Whites state sharper resistance

to Latino neighbors in the ideal SP vignettes, with lower choice probabilities beyond 40%

Latino. After introducing all the non-racial controls, Whites’ actual neighborhood choices
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indicate a general unwillingness to live with Latinos, although with a wrinkle: Unlike the SP

data, which show a mild preference for limited mixing with Latinos, the RH data suggest a

monotonic decrease in choice probabilities as proportion Latino increases, albeit with higher

choices probabilities in the 80-100% Latino range than in either SP scenario. However, sta-

tistical tests of SP-RH differences, in Table 2.8 Panel B, suggest no differences between rank

SP and RH proportion Latino effects. These statistical tests do indicate differences between

ideal SP data and RH data. Overall, then, Whites’ preferences for living with Latinos ap-

pear to qualitatively align with their residential histories, and statistically align if we pay

attention to the rank SP data.

In substantive and statistical terms, Whites come close to matching their preferences

for Black neighbors. Figure 2.8 shows predicted probabilities across SP and RH scenarios

as a function of neighborhood proportion Black. The rank SP data reveal Whites to be

unlikely to choose neighborhoods as the proportion Black increases. The ideal SP predicted

probabilities show an aversion to Black neighbors as well, but also a preference for some level

of mixing–Whites are more likely to select 20% Black neighborhoods as ideal than they are

to select 0% Black neighborhoods. This sharp preference for limited mixing with an out-

group is common across ideal SP results for all groups. The predicted probabilities based on

Whites’ residential histories appear to align with either the rank SP or ideal SP predicted

probabilities, depending on the non-racial controls employed. Prior to introducing controls

for selection into migration, I find alignment between rank SP and RH predicted probabilities.

Once I introduce all of the socioeconomic controls, Whites’ RH choices suggest a preference

for moving to neighborhoods that are 20% Black, and avoidance of neighborhoods that are

more than 40% Black. However, statistical tests contained in Table 2.8 indicate that the

rank SP-RH differences are not statistically significant, while the ideal SP-RH differences

are. In general, I find qualitative agreement between Whites’ stated preferences for Black

neighbors and their real residential choices.

Whites come close to matching their preferences for neighborhood co-residence with other

44



Whites. Figure 2.9 displays predicted neighborhood choice probabilities as a function of

proportion White. In the rank SP Data, Whites’ choices were consistent with preferences for

neighborhoods with greater than 50% White representation, and aversion to neighborhoods

with low White representation. A similar pattern played out in the RH data, but with a

stronger tendency to move to neighborhoods with higher White representation, peaking at

approximately 80% White. The ideal SP curve reveals an even stronger in-group preference

among Whites. Statistical tests of SP-RH differences in Table 2.8 Panel B suggest that I

cannot reject the hypothesis of no difference between rank SP and RH. However, as suggested

by the curves in Figure 2.9, I do find significant differences in Whites’ ideal stated preferences,

and their actual choices.

The above results suggest that Whites do achieve SP-RH matches when it comes to

exposures to Latino, Black, and White neighbors. However, Whites do not appear to match

their preferences when it comes to Asian neighbors. Both the Wald tests of ideal SP-RH and

rank SP-RH differences in the effect of proportion Asian in Table 2.8 Panel B lead me to

reject the null hypothesis of no SP-RH differences. Figure 2.10 shows that this result only

appears after introducing controls for selection into migration. When Whites move, their

subsequent residential choices bear only a weak, negative relationship with proportion Asian,

despite stated aversion to neighborhoods that are more than 50% Asian in both SP reports.

Thus, Whites in Los Angeles tend to move to neighborhoods with more Asian residents than

they prefer.

2.5.4 Black Respondents

Across metropolitan contexts and surveys, Blacks express a desire to live in mixed neighbor-

hoods (Farley et al. 1978, 1993; Charles 2006, 2000; Clark 2002; Krysan and Farley 2002;

Krysan et al. 2009). Despite these preferences for mixing, across times and metro areas,

Blacks tend to live in and move to predominately Black neighborhoods (Pais et al. 2012;

South et al. 2008). This disconnect between preferences and neighborhood attainments does
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not appear to hold in Los Angeles County. Table 2.7, Panel C presents Wald tests of sets of

racial composition effects for Blacks. In the RH data (Panel B, column 1), the Wald tests

indicate that Blacks’ actual residential choices are unaffected by neighborhood racial com-

position save for a sensitivity to the presence of other Black residents (p < 0.05 for Black

terms). However, in both SP scenarios (Panel C, Columns 1 and 2) Blacks are sensitive

to the other racial composition components as well, except for only marginally significant

sensitivity to proportion White in the rank SP scenarios (p < 0.10).

Blacks in Los Angeles County are a disadvantaged group, with lower levels of income and

education than Whites and Asians, although generally higher than Latinos. Blacks also face

some of the worst negative stereotypes. I predicted that they, like Latinos, would face barriers

to matching their neighborhood circumstances to their racial composition preferences. Table

2.8, Panel C presents Wald tests of RH-SP discrepancies for Blacks. Column 1 of Panel C

shows that Blacks’ ideal stated preferences significantly deviate from their actual residential

experiences for all racial composition components. In contrast, tests of differences between

rank SP and RH (Column 2 of table 2.8) reveal no significant differences. A test of all

racial composition variables simultaneously reveals only marginally significant rank SP-RH

disparities (p < 0.10).

Because of Blacks’ disadvantaged status, I expected that Blacks would be more likely to

live with neighbors from other disadvantaged groups in Los Angeles, namely other Blacks

and Latinos, in comparison to their preferences. Likewise, I expected they would have

difficulty matching their preferences to live in neighborhoods with advantaged groups, i.e.,

Whites. Figures 2.11 through 2.14 demonstrate whether the statistically significant SP-RH

discrepancies correspond, qualitatively, to the mismatches I hypothesized.

Blacks state a preference for and move to neighborhoods with moderate Latino repre-

sentation. Figure 2.11 presents the relevant predicted probabilities. Blacks’ rank SP choices

are consistent with indifference to neighborhoods in the 0 to 40% Latino range, and aversion

beyond 40% Latino. Blacks’ RH choices suggest aversion to neighborhoods with high Latino
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representation as well, with the probability of choice declining monotonically as a function

of Latino representation. Once I introduce controls for selection into the migration stream, I

find qualitative and statistical alignment between the rank SP and RH choices. The ideal SP

choices deviate from the other two in that they feature narrow preferences for neighborhoods

with some Latino representation, with peak choice probabilities in the range of 10 to 30%

Latino representation. Blacks state a strong resistance to neighborhoods outside this range

in the ideal SP data. If we go by the ideal SP data, Blacks do not match their preferences to

their actual neighborhood choices, a result confirmed by the Wald tests in Table 2.8, Panel

C.

Blacks’ preferences for Black neighbors largely match their residential experiences. Figure

2.12 depicts neighborhood choice probabilities as a function of proportion Black. Blacks

prefer neighborhoods that are roughly 50% Black, and resist choosing neighborhoods that

have either very low or very high representation of Blacks, at least according to their rank

SP responses. Blacks’ RH choices suggest similar preferences, although with more resistance

to all Black neighborhoods, and peak choice probabilities assigned to neighborhoods that

are roughly 40% Black. The ideal SP results are similar to the RH results, but with a

sharper peak predicted probability at 40% Black. Despite these qualitative differences, Wald

tests of rank SP-RH and ideal SP-RH differences in the effect of proportion Black are not

statistically significant. This all suggests that Blacks achieve an SP-RH match when it comes

to neighborhood proportion Black.

Blacks in Los Angeles also do not appear thwarted in attaining their desired level of

neighborhood co-residence with Whites. Indeed, the predicted probabilities in Figure 2.13

show that the rank SP and RH curves nearly match up, with Blacks preferring and tending

to move to neighborhoods with 40% White representation. Again, the ideal SP curves depict

an exaggerated preference for mixing, here near the 30% White composition level. However,

differences between SP and RH in the effect of proportion White are not statistically signif-

icant, according to Table 2.8, Panel C. These results suggest that Blacks’ residential moves
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do not fall out of line with their preferences for neighborhood co-residence with Whites.

Finally, Blacks appear to move to neighborhoods with higher Asian representation than

they would like, whether we compare RH data to ideal SP or rank SP data (Figure 2.14).

However, these differences are only significant for the ideal SP-RH comparison, where Blacks

once again have a sharp preferences for some mixing with the out-group, in the 10 to 30%

Asian range, and resistance to neighborhoods outside this range. In the rank SP-RH case,

both curves trace out a resistance on the part of Blacks to neighborhoods that are more than

40% Asian.

2.5.5 The Effect of Non-Racial Controls

In each of the previous graphs, I plot a number of RH predicted probability lines, corre-

sponding to RH models that include different non-racial controls. Remarkably, once they

are all layered in, these controls do little to affect the shape of the predicted probabilities.

In all but a few cases, predicted probability lines for RH models that include only racial

composition effects closely resemble those for RH models that include all non-racial controls

in addition to racial composition. This implies that I can reject my hypothesis that I can

account for SP-RH differences by controlling for non-racial factors intervening in processes

of residential choices.

2.5.6 Putting RH-SP Mismatches in Context

The plotted predicted probabilities discussed above abstract from the extant residential pos-

sibilities in Los Angeles. The predicted probabilities are based on a neighborhood choice

set that includes all possible racial compositions. However, a city whose neighborhoods

span all possible racial mixes would be quite exceptional. While Los Angeles County is a

diverse metropolitan area, in reality those seeking housing within the county’s boundaries

must choose among neighborhoods that encompass a limited subset of all possible racial

compositions. Some racial composition configurations are in ample supply, and other racial
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composition configurations are not observed. In particular, Los Angeles has a large number

of mostly Latino and mostly White neighborhoods, and relatively few neighborhoods that

are mostly Asian or Black. In addition, Los Angeles neighborhoods with higher White rep-

resentation tend to have lower levels of Black and Latino representation, and slightly higher

levels of Asian representation. Meanwhile, neighborhoods with high Black representation

tend to have lower levels of Asian representation. In other words, when making migration

decisions on the basis of race, residents of Los Angeles do so under constraints imposed by the

availability of certain kinds of neighborhoods, and the bundling of particular neighborhood

racial characteristics.

To address the relative supplies of neighborhoods in Los Angeles when interpreting model

coefficients, I generate predicted probabilities based on the set of observed Los Angeles

neighborhoods, rather than a hypothetical set of neighborhoods as in the previous discussion.

These predicted probabilities indicate the degree to which SP assessed preferences differ

from RH choices for a typical respondent facing a choice set of neighborhoods whose racial

compositions match those in Los Angeles, but holding all other neighborhood characteristics

equal.

I summarize the discrepancies between the RH and SP predicted probabilities for a Los

Angeles County neighborhood choice set using indices of dissimilarity. These dissimilarities

are given by:

Dlm =
1

2

N∑
j=1

|plj − pmj| (2.7)

l and m distinguish coefficients derived from different data sources (e.g., RH, ideal SP,

and rank SP), j indexes the N Los Angeles neighborhoods in the choice set, and plj and pmj

denote the predicted probabilities of choosing neighborhood j based on data source l and m,

respectively. The values of this dissimilarity index range from 0 to 1, with 0 indicating a full
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match between the predicted probabilities, and 1 indicating total mismatch. Alternately, the

dissimilarity index can be interpreted as the proportion of neighborhood choices that would

have to be changed in order to generate agreement between the two sets of predicted proba-

bilities. I calculate pair-wise dissimilarities separately for the three racial groups previously

discussed: Latinos, Whites, and Blacks. I calculate pair-wise dissimilarities between ideal SP

and rank SP predicted probabilities, and a hypothetical “indifferent” housing seeker, who

assigns the same choice probability to every neighborhood. I also produce dissimilarities

based on two RH specifications, one that only includes racial composition terms, and the

full model that includes controls for all previously discussed non-racial factors.

Table 2.9 provides evidence that Whites come closest to matching their stated preferences

to their actual neighborhood circumstances. Whites have the lowest dissimilarities between

RH predicted probabilities (Model 3A and 3B) and SP predicted probabilities (Models 1

and 2), whether I control for non-racial factors or not. Blacks come close to matching their

rank SP assessed preferences, but only after accounting for non-racial factors. However,

their residential histories are sharply discrepant with their ideal stated preferences. Latinos

come closer than do Blacks to matching their ideal stated preferences and their neighborhood

attainments. However, Latinos endure greater rank SP-RH dissimilarity than do Blacks once

I control for non-racial factors. Latinos also experience greater SP-RH dissimilarities than

Whites do.

I also use these predicted probabilities to predict the average neighborhood compositions

experienced by typical Los Angeles Latinos, Blacks, and Whites when choosing from a Los

Angeles neighborhood choice set. These predicted compositions are shown in Table 2.10.

These predictions show whether the above dissimilarities are in the direction of over or

under-exposure to certain groups, addressing my hypotheses about the likely over-exposure

of Latinos and Blacks to other Latinos and Blacks, and low exposure of Whites to these

groups.

The previously discussed ambiguous results for Latinos shine through in Table 2.10 Panel
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A. Comparing predicted compositions based on ideal SP and RH predicted probabilities,

I find that Latinos are actually under-exposed to Latino neighbors relative to their ideal

preferences. Latinos would live in neighborhoods that are, on average, 75.1% Latino if they

followed their ideal preferences, but only would live in 64.5 or 61.5% Latino neighborhoods

based on RH model coefficients with and without non-racial controls, respectively. I find the

opposite when comparing rank SP and RH. Using the rank SP assessment of preferences,

I find that Latinos live with far more Latino neighbors than they wish (62.5-64.5% RH vs.

49% rank SP). This over-exposure to Latinos largely comes at the expense of under-exposure

to Whites.

The predicted racial composition of Whites’ neighborhoods, when faced with a Los An-

geles County neighborhood choice set, largely aligns across rank SP and RH scenarios (Table

2.10 Panel B). Given a choice set of Los Angeles neighborhoods, Whites on average would

live in neighborhoods that are approximately 55% White, 25% Latino, 15% Asian, and 5%

Black when I employ either rank SP or RH coefficients in performing the calculations. There

is some deviation between these results and the ideal SP results. Based on ideal SP coef-

ficients, I would expect Whites to live in neighborhoods that are over 65% White. Whites

seem to fall short of the high targets for White representation in their ideal neighborhoods.

However, by any assessment, Whites prefer and attain residence in neighborhoods that are

majority White.

The predicted racial composition of Blacks’ neighborhoods roughly follows the previously

discussed agreement between Blacks’ rank SP preferences and their residential histories. Ta-

ble 2.10 Panel C contains the relevant predictions. If Los Angeles Blacks followed the pref-

erences expressed in the neighborhood ranking vignette, Blacks would live in neighborhoods

that are roughly 36% Latino, 36% White, and 13% Black. Results from the RH models

with full non-racial controls imply a similar racial composition, with slightly higher Latino

representation and slightly lower White representation. In line with previously discussed

ideal SP results for Blacks, if Blacks made choices based on their ideal preferences, their
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neighborhoods would, on average, contain more White, Black, and Asian residents, and sub-

stantially fewer Latino neighbors. That is, Blacks’ ideal preferences would lead them to live

in more racially heterogeneous neighborhoods than they actually live in. This result reflects

the sharp preference for mixing expressed by Blacks in the ideal neighborhoods instrument.

2.6 Discussion and Conclusion

This study has estimated models of discrete neighborhood choice to characterize Los Angeles

residents’ neighborhood racial composition preferences, both their stated preferences, and

those preferences “revealed” in their residential histories. The conditional logistic regression

models used here allowed me to combine two types of data, residential history and stated

preference data, in a single unified model, which I then used to test explicit hypothesis

concerning differences between stated preferences and residential histories across four racial

composition dimensions: proportion Latino, proportion White, proportion Black, and pro-

portion Asian. The modeling framework permitted the inclusion of controls for non-racial

factors, at both the neighborhood and individual level, influencing neighborhood choices in

residential histories. By comparing coefficients and predicted probabilities across stated pref-

erence and residential history portions of the unified model, and including non-racial controls

in the RH portion of the statistical models, I evaluated the degree to which neighborhood

attainments and preferences coincided across SP and RH observations, net of socioeconomic

sorting factors.

Regardless of racial identification, residents of Los Angeles experience some mismatch

between their stated racial composition preferences and the racial composition of their ac-

tual neighborhoods. However, some groups have more success matching their preferences

than others. In particular, Whites come closest to matching their preferences to their neigh-

borhood attainments. They both prefer to live in, and do live in, neighborhoods that are

majority White. Latinos and Blacks face the greatest challenges in matching their residential
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circumstances to their preferences, although with some ambiguities for both these groups. If

I give credence to the rank SP data, then Blacks’ preferences are more or less in alignment

with their neighborhood circumstances. If I instead favor the ideal SP assessments, then

Blacks’ neighborhoods are more Latino and less heterogeneous than they wish. In contrast,

the rank SP results for Latinos suggest that Latinos fail to match their neighborhood pref-

erences, and tend to live in and move to neighborhoods with more Latinos and fewer Whites

than they wish.

These results partly confirm a modified version of place stratification theory: Blacks and

Latinos, two economically disadvantaged and negatively stereotyped groups in Los Ange-

les, encounter barriers to matching their neighborhood preferences. These barriers are not

“explained” by accounting for the matching of individuals to neighborhoods based on in-

come, education, home ownership status, and spatial proximity. This implies, although by

no means proves, that Blacks and Latinos continue to face housing market discrimination,

and provides support for place stratification theories.

That said, SP-RH discrepancies do not appear to be dramatic, even for Latinos and

Blacks. It does not appear to be the case that any group’s residential attainments run

completely counter to their stated preferences. This is not to say that there are no individual

group members whose experiences contradict their preferences. I have done little to account

for heterogeneity in race-based preferences and attainments in this analysis. Future research

should seriously consider whether there are some groups for which a large share of members

experience substantial SP-RH disparities, despite overall agreement between SP and RH

racial composition effects for “typical” group members.

Of course, the set of socioeconomic controls employed in the analysis do not exhaust

the possibilities. I mostly have excluded wealth from this analysis. While I address home

ownership as a factor influencing migration, I do not account for the value of the homes

owned by different groups, nor do I account for possession of other liquid and illiquid assets

that likely differ between groups and influence housing decisions. I have also not given
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explicit consideration to housing costs, a factor correlated with, but distinct from levels

of income and home ownership. In addition, housing prices and rents are determined at

least partially through dynamic market mechanisms. Given a limited supply of housing

within each neighborhood, more desirable neighborhoods will tend to have higher housing

costs. This suggests a possible misspecification of the socioeconomic sorting mechanisms in

the preceding models, which may lead to a misstatement of the effects of racial composition

relative to non-racial factors. A modified model could account for competition among housing

seekers for the most desirable neighborhoods (de Palma et al. 2007).

Another mechanism left out of this investigation is that of kinship. I would expect people

to locate in neighborhoods that are spatially proximate to family members, especially close

family members. Those family members will often share the same racial identifications as

those making housing choices, and will likely live in neighborhoods that reflect the underlying

patterns of racial segregation in the city. In this way, I may be overstating the role of racial

composition in housing choices by ignoring the tendency of people to move to neighborhoods

spatially proximate to their kin. Unfortunately, data on the residential locations of kin are

difficult to come by. Even the Panel Study of Income Dynamics, with its multiple generations

of residential history reports, incompletely tracks the residential locations of the kin whom

we would expect to influence neighborhood choices.

The finding that Latinos are unable to attain the degree of co-residence with Whites

that they prefer suggests that Latinos may face housing market discrimination. However,

in addition to the potential misspecification of socioeconomic sorting, and the omission of

kinship, the Los Angeles Latino population is heterogeneous in terms of nativity, duration

in the United States, and national origins. It is possible that native born and long standing

residents of the United States are better able to match attainments to preferences than those

who arrived in the United States more recently. Further individual-level controls need to be

employed to test this possibility.

The finding that Blacks managed to move to neighborhoods that matched their racial
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composition preferences appears anomalous when compared with previous studies of Blacks’

residential attainments, even in Los Angeles. This result could be attributed to four factors.

First, this is the first study to use a discrete choice framework to compare race-based neigh-

borhood preferences and attainments, and one of the few studies to explicitly account for the

supply of destination neighborhoods, as well as the spatial proximity of these neighborhoods.

Previous studies of Blacks in Los Angeles (e.g., Charles 2006, 2000) have not accounted for

these factors. Second, Blacks represent a relatively small fraction of Angelenos, less than ten

percent as of 2010. Neighborhoods that match Blacks’ preferences for roughly 40% Black

representation are rare: Less than 6% of neighborhoods fall in the 30% to 60% Black repre-

sentation range. Only 1% of Los Angeles neighborhoods exceed 80% Black representation.

While Blacks prefer neighborhoods with significant, but not overwhelming, shares of Black

residents, there are many fewer extant Los Angeles neighborhoods on the majority Black

side of this preference than there are on the minority Black side. In a sense, Blacks may

not be forced into frequent compromises between their preference for mixed neighborhoods

and the dearth of such neighborhoods, as may be the case in other metropolitan areas, like

Detroit or Chicago. Third, it is possible that the practices of housing market discrimination

have changed since the early 1990s, when the MCSUI data used for previous analyses were

obtained. Finally, the sample of Black respondents in L.A.FANS is relatively small. While

I report some statistically significant results for this group, the idiosyncrasies of the sample

may render it poorly representative of the rest of the Los Angeles County Black population.

Overall, the discrete framework presented here represents an advance over previous at-

tempts to judge the correspondence between stated preferences and actual neighborhood

choices. Previous attempts have tended to privilege an absolute interpretation of the re-

lationship between preferences and neighborhood attainments, implying that the neighbor-

hoods that people say they prefer will correspond to real, plausible migration destinations.

But this is not the case. People cannot simply choose any neighborhood they wish, but

must choose from a limited set of available neighborhoods within their cities. It is in rela-
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tion to the real set of possible neighborhoods that we must judge the relationship between

individuals’ migration decisions and their actual residential attainments. In this regard, the

discrete choice analytical framework provides an important analytical microscope. In the

next chapter, I provide a more in depth view of this framework.
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Chapter 3

Discrete Choice Models for the Joint
Analysis of Residential Preference
and Residential History Data

This chapter develops an analytical framework for evaluating the degree of agreement be-

tween the neighborhood racial composition preferences people express, on one hand, and the

actual neighborhood choices they make, on the other. This framework is needed to cast new

light on debates about the relative roles of race-based residential preferences, socioeconomic

inequalities, racial discrimination, and other factors, such as kinship networks, in generating

and sustaining high degrees of racial residential segregation (Clark 1991; Galster 1988; Harris

1999; Krysan and Farley 2002; Krysan 2002). Without an appropriate analytical framework,

these debates are untethered, with diverse methods brought to bear in ways that often ignore

key components of the arguments under scrutiny.

One key question in these debates is whether people from different racial backgrounds

enjoy the same amount of success in matching their residential preferences to their residential

attainments. Scholars involved in these debates have harnessed two kinds of data to answer

this question. Stated preference (SP) data catalog responses to hypothetical neighborhoods

that vary in their racial composition. Respondents indicate in which neighborhoods they

would feel comfortable, to which neighborhoods they would be willing to move, or to which

neighborhoods they would most like to move. These data are intended to provide direct as-

sessments of preferences. Residential history (RH) data track in which neighborhoods people
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live, to which neighborhoods they move, and characteristics of individuals and their families

that are pertinent to residential choices. Combining RH data with data on the existing,

real neighborhoods in respondents’ metro areas can reveal how race and racial composition

influence migration. However, because of unobserved constraining factors in the housing

market, including racial discrimination, these data may not correspond to preferences. An

ideal analysis would combine both SP and RH data to evaluate the degree to which peo-

ple are impeded in matching their preferences, thus providing an indirect assessment of the

influence of unobserved constraining factors in inter-neighborhood migration.

I develop a discrete choice logistic regression framework for combining SP and RH data

(Bruch and Mare 2012; Ben-Akiva and Lerman 1985; McFadden 1978, 1980). The discrete

choice framework I develop differs from previous attempts to evaluate the correspondence

between preferences and outcomes in three key ways. First, the framework accounts for

differences in the “realms of the possible” housing seekers encounter when making real resi-

dential decisions and when stating their preferences. Typically, and by design, respondents

do not select from the same sets of neighborhoods in the SP and the RH cases. Hypothetical

neighborhoods in SP situations, and real neighborhoods in RH situations, often span incon-

gruous ranges of racial compositions. Appropriate methods would take these incongruities

into account. Second, the methods I use allow for concrete statistical tests of differences be-

tween racial composition preferences and the effects of racial composition on actual housing

choices. Third, analytical results from the framework I develop here can be applied directly

within simulation models of segregation (Schelling 1971; Bruch and Mare 2006; Clark and

Fossett 2008). Simulations offer one approach to drawing out the implications of SP-RH

mismatches, helping to resolve the question of whether segregation outcomes would differ if

people actually got what they want.

The remainder of the chapter proceeds as follows. First, I review previous surveys that

include SP or RH components, and past analyses of these SP and RH data. In the process,

I highlight the advantages and disadvantages of these two data types. Second, I provide
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a conceptual discussion of preferences, and the important conceptual and methodological

problems that must be addressed by studies attempting to assess SP-RH agreement. Third,

I lay out the discrete choice framework that I use to jointly model SP and RH outcomes. I

discuss not only how this framework can be used to combine SP and RH data, but also how

it can be used to combine data from multiple kinds of SP observations. Fourth, I discuss a

random coefficients elaboration of this basic framework. These “mixed logit” models can be

used to integrate together multiple observations per respondent and investigate preference

heterogeneity. Fifth, I present three example cases. The first case combines multiple SP

observations per respondent, where each of the observations is of the same “kind.” In the

second case, I show how to combine SP responses to two differently phrased SP vignettes.

Finally, I provide an example that combines SP and RH data, and then conclude.

3.1 Data for Assessing Racial Composition Influences

on Neighborhood Choices: Stated Preferences and

Residential History

Many previous studies have used stated preference and residential history data in isola-

tion. These data types have contrasting strengths and weaknesses, but have not frequently

been used together. The constrasting strengths and weaknesses of these data have been

described at length elsewhere (Bruch and Mare 2012). Here I briefly recapitulate the review

provided by Bruch and Mare. I build on their review by examining cases in which these two

different data types have been combined and the methods used for these purposes.

3.1.1 Stated Preference Data

The SP approach uses choice experiments to assess neighborhood racial preferences (Louviere

et al. 2000). Variants of this approach deploy survey based instruments or vignettes that

solicit respondents’ opinions of hypothetical neighborhoods of varying racial compositions.

Researchers have presented SP vignettes in a number of formats, including verbal descriptions
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(Lewis et al. 2011), pictograms (Farley et al. 1978, 1993; Charles 2000), and videos (Krysan

et al. 2009). A diverse set of methods have been brought to bear on these data. These

methods include tabular and graphical approaches (Clark 1991, 2002, 2009; Farley et al.

1978, 1993), OLS regression (Charles 2000, 2006, 2007), multi-level modeling (Krysan et al.

2009), and logistic regression (Lewis et al. 2011). The chosen method varies with the outcome

under examination and the experimental design. Whatever the method, studies employing

these data have typically attempted to answer three questions. First, which neighborhood

racial mixes do people find to be the most (un)desirable? Second, do members of racial groups

differ, on average, in their desirability ratings? Third, what factors explain differences in

preferences both within and between groups? These studies have largely shown that broadly

defined Black, White, Latino, and Asian groups diverge in their assessments of neighborhoods

according to racial composition. On average, members of all groups express a degree of own-

group preference. But behind this own group preference, a racial hierarchy lurks, with

Whites perceived as the most desirable neighbors, and Blacks the least desirable. Prejudices

and stereotypes appear to play an important role: Those with strong negative stereotypes

of a group also tend to prefer neighborhoods with low representation of that group.

3.1.2 Residential History Data

The “residential history” (RH) approach focuses on actual residential choices made by indi-

viduals and families in real housing markets. This approach typically assumes that neigh-

borhoods are delineated by administrative boundaries, such as Census tract boundaries.

Respondents either provide retrospective reports on the neighborhoods in which they have

lived, as in the Los Angeles Family and Neighborhood Survey (L.A.FANS), or they pro-

vide these reports prospectively, as in the Panel Study of Income Dynamics (PSID). These

data are linked to appropriate administrative or other data that describe the characteristics

of neighborhoods, including their racial compositions. In analyzing RH data, individuals

are assumed to have “chosen” neighborhoods whose boundaries contain their residential
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addresses.

Models based on the resulting RH data incorporate measures of neighborhood racial

composition and respondents’ racial identifications to examine how these factors influence

residential mobility and choices of destination neighborhoods. In the sociological literature,

the assessment of RH outcomes has been dominated by two techniques: mobility models and

spatial attainment models.

In studies using mobility models, neighborhood racial composition is included as a re-

gressor to assess its effects on the out migration of individuals and families (Crowder 2000,

2001; Crowder et al. 2006; Crowder and South 2008; Crowder et al. 2012; South and Crow-

der 1997, 1998b; South et al. 2008). This dichotomous outcome is typically modeled using

binomial logistic regression and its variants. This approach has been used to test the theory

of “White Flight”, which suggests that segregation emerged because Whites migrated to

avoid Black neighbors during the middle of the twentieth century. Revised versions of this

theory suggest that increasing segregation between Whites and expanding Latino and Asian

populations results from Whites leaving neighborhoods to which Latinos and Asians have

moved. Mobility studies reveal that Whites are prone to exiting neighborhoods with high

minority concentrations, supporting at least one aspect of the White Flight theory.

Studies in the spatial attainment tradition examine neighborhood racial composition

as an outcome in its own right, using linear regression to treat percent White in families’

neighborhoods, or some other aspect of racial composition, as the dependent variable (Alba

and Logan 1993; Sharkey 2012; South et al. 2005b, 2008, 2011). A few studies have revised

the spatial attainment approach and treated neighborhoods categorically. These studies

classify neighborhoods according to one or several neighborhood characteristics, including

racial composition, and examine transitions into or between these neighborhood types (Alba

and Logan 1991; South et al. 2005a; Crowder and South 2005; Crowder et al. 2006, 2012;

Quillian 1999, 2002; South and Crowder 1998b). More recently, a number of authors have

begun to use discrete choice models, the methods discussed in this chapter, to examine the
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racial determinants of both out-migration and destination (Bayer and McMillan 2008; Bayer

et al. 2007; Bruch 2014). Spatial attainment studies reveal that Whites are likely to move to

neighborhoods with high White representation. Non-White groups appear to face barriers

to entry into White neighborhoods, barriers that are not explained by lower, average levels

of education, income, and wealth among non-whites.

3.1.3 Contrasting Strengths and Weaknesses of SP and RH Data

The SP and RH approaches have contrasting strengths and weaknesses. With the SP

approach respondents express preferences unconstrained by other housing market forces. In

the RH data, observed mobility, and thus the influence of racial composition on outcomes,

is a product of preferences and constraints. If some sources of constraint or preference (e.g.,

financial limitations, wealth, housing market discrimination, a desire to live in a single family

home, spatially patterned family obligations, etc.) cannot be fully accounted for in the RH

data, then it becomes unclear if results pertaining to the effects of neighborhood racial

composition on residential choice reveal racial preferences, or if race and racial composition

variables capture unobserved preferences or constraining mechanisms. In this sense, the

SP measures may provide purer depictions of preferences. But this supposed RH weakness

also presents an opportunity when both SP and RH responses are available for the same

respondents. If an analyst can account for differences between SP and RH by including

variables that represent other constraints and preferences, this can be a powerful tool for

understanding why residential outcomes differ across groups.

However, the SP approach’s frequent exclusion of important non-racial aspects of neigh-

borhoods, such as their socioeconomic composition or crime rates, can be a point of weakness.

If individuals respond to neighborhood racial composition with other characteristics in mind,

absent any true preference for racial mixing, this can lead to distorted depictions of how racial

composition influences housing choices (Emerson et al. 2001; Harris 1999, 2001; Krysan et al.
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2009). In some SP studies, researchers attempt to address this issue by providing respon-

dents with more complex vignettes that identify nonracial aspects of neighborhoods. These

attempts add to the cognitive load involved in comprehending hypothetical scenarios, po-

tentially increasing response error. In addition, SP approaches may also be susceptible to

social desirability bias when some respondents deliberately misstate their willingness to live

in some types of neighborhoods. RH data, in contrast, measure individuals’ responses to

real neighborhoods that vary in racial composition and other characteristics. RH analyses

that account for the full set of preference and constraint mechanisms can, theoretically, rep-

resent how race truly affects the housing selection process. However, as many of the relevant

variables are either highly collinear or unobserved, it can be difficult to obtain appropriate

estimates.

3.2 Combining SP and RH Data: A Critical Review

The complementary strengths of SP and RH data suggest that, where possible, they should

be combined. In fact, to make explicit, statistical, and analytical judgements about whether

people in the population tend to get what they want in the housing market, or whether they

fail to match their preferences, studies must combine both types of data.

Few data sets have collected SP and RH data together, with the Multi-City Study of Ur-

ban Inequality (MCSUI) and the Los Angeles Family and Neighborhood Survey (L.A.FANS)

standing as notable exceptions. Previous attempts to assess the SP-RH relationship, often

with MCSUI data, have used tabular techniques or linear regression. These approaches,

however, fail to address key conceptual issues, including a distinction between absolute and

relative preferences, and the related issue of neighborhood choice sets. These approaches

also neglect neighborhood variation along multiple, correlated dimensions; both racial/eth-

nic and socioeconomic. Below I review the results of previous attempts to compare SP and

RH data, and then discuss the conceptual problems these studies raise. I then propose an

analytical framework that attempts to resolve these issues.
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3.2.1 Previous Work Combining SP and RH Data

Early approaches to comparing preferences to attainments used descriptive, tabular tech-

niques. Clark (1992) maps out, in sparsely populated contingency tables, the association

between stated, racial composition preferences and the racial composition of actual neigh-

borhood attainments. Using data from a telephone survey of Los Angeles residents, Clark

reports that all groups show a tendency to prefer own group representation in their neigh-

borhoods, although with greater preferences for mixing among Blacks. At the same time,

some groups are better able than others to realize their preferences in the housing market,

with Latinos and Asians seemingly less successful in realizing their preferences relative to

Whites.

Other attempts to compare revealed and stated preferences have used locational attain-

ment models (Logan et al. 1996; Alba and Logan 1993). This approach regresses percent

White in respondents’ actual neighborhoods on the characteristics of respondents and their

families, including income, education, housing tenure, wealth, and, importantly, neighbor-

hood racial composition preferences (Adelman 2005; Freeman 2000). Proceeding from the

assumption that preferences precede neighborhood outcomes, these analyses find that, across

groups, those with greater preferences for White neighbors live in neighborhoods with more

Whites. But, consistent with much previous research on residential attainment, Blacks are

disadvantaged relative to Whites, Latinos, and Asians in gaining access to White neighbor-

hoods, even when controlling for preferences and socioeconomic attainments

Unmodified OLS approaches based on cross-sectional data ignore the potentially recipro-

cal relationship between preferences and neighborhood outcomes. Not only might those who

prefer White neighbors live in Whiter neighborhoods, but also those who live with White

neighbors may come to prefer Whiter neighborhoods. Other studies in the spatial attain-

ment paradigm deal with this potential endogeneity by estimating simultaneous equations

models, treating preferences and neighborhood racial composition as simultaneous outcomes

(Charles 2006; Ihlanfeldt and Scafidi 2002, 2004). For example, Charles (2006) models per-
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centages Asian, Black, and Latino in individuals’ preferred and actual neighborhoods as

mutually determined outcomes. Differences between racial and ethnic groups’ neighborhood

attainments persist even when accounting for their stated preferences. In particular, Blacks

and Latinos appear to be disadvantaged in attaining residence in neighborhoods matching

their preferences, and are more likely to live in Black or Latino neighborhoods regardless of

their preferences to do so, or their socioeconomic characteristics.

3.2.2 The Importance of Choice Sets

Both the tabular and spatial attainment approaches, while providing useful descriptions of

the state of preferences or residential inequalities in particular metro areas, are ill-suited

to comparing SP and RH data. Importantly, previous approaches to comparing SP and

RH data glaze over the conceptual issues related to the intrinsically relative nature of pref-

erences. Expressing a preference, whether in the SP or RH case, involves the ordering of

sets of alternatives or outcomes according to their perceived qualitative and quantitative

attributes. The expression of preferences is intrinsically bound up with the opportunities

that people have to choose neighborhoods. Neighborhoods are typically conceptualized as

discrete units that are presented as alternatives in a “choice set”. The choice set contains

all the neighborhoods to which a person may move, or for which each person may express a

preference. Because neighborhoods can differ along many different dimensions, and in many

gradations, the finite and limited size of this choice set typically will omit many logically plau-

sible neighborhoods. Setting aside constraining factors in the RH case, an analyst can judge

individuals’ preferences for a neighborhood attribute only to the extent that the available

neighborhood alternatives, contained in the choice set, perceptibly vary in these attributes,

and to the extent that neighborhood choices/moves vary across alternatives according to

these attributes.

Because people can express preferences only relative to a set of available alternatives,

analysts must attend to the possibility that SP-RH differences crop up because of differences
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in SP and RH choice sets, rather than because of differences in the ways that people order

these neighborhood alternatives according to racial composition. A failure to account for

choice set differences across SP and RH data can lead to exaggerations or under-statements

about the degree of mismatch. That is, an analyst must consider the balance between

preferences and opportunities.

In RH data, choice sets are made up of the full set, or sub-sets, of extant neighborhoods

in the metropolitan areas where respondents reside. This poses two supply constraints. First

people cannot move to neighborhoods that do not exist. Some racial mixes are not featured

at all among a city’s neighborhoods. In Los Angeles, for example, there are no tracts that

are 40% White and 60% Black, nor are there any neighborhoods that are 50% Black and

50% Asian. Second, even among existing neighborhood racial mixes, some racial mixes occur

more frequently than others. In Los Angeles, many neighborhoods feature an 80% Latino

and 10% White ethnic mix, but there are very few neighborhoods that are 40% Latino and

20% White. These supply constraints together limit the realm of possibility for residential

outcomes.

In SP data, survey designers determine the universe of possible neighborhoods that re-

spondents choose from. Researchers decide how many and what neighborhoods to present to

each respondent, and respondents can choose only neighborhoods within this choice set. In

the MCSUI studies, for example, respondents were presented with neighborhoods that var-

ied systematically in only two racial composition dimensions at a time: a respondent’s own

group was treated as the reference group, and then respondents were asked to rate neighbor-

hoods as either the proportion Asian, Black, Latino, or White increased at the expense of

the respondent’s own group. The resulting neighborhood choice set often entirely excludes

racial mixes that occur frequently in respondents’ cities, or implicitly over-represents certain

racial mixes. For example, including one 80% White, 20% Latino neighborhood and one 50%

White, 50% Latino neighborhood in the choice set implies that these neighborhoods are in

equal supply, when the actual, metro-area supply of housing units in those neighborhoods

66



may be quite unbalanced.

SP-RH choice set differences pose acute problems for using contingency tables to compare

SP and RH data. Some cells may be empty because those cells correspond to neighborhoods

in very low supply, either in the SP or RH data. People may appear to match their preferences

simply because of an over-supply of a given type of neighborhood, or may be prevented from

doing so because of an under-supply of a given type of neighborhood. It would be erroneous

to read this as an indication that people, in general, are successful or fail in matching their

preferences.

Choice set differences also pose problems for spatial attainment/linear regression ap-

proaches to analyzing SP-RH correspondence. Analysts make implicit assumptions about

the available neighborhood alternatives via the normal distributional assumptions for error

terms in the linear regression models. In many cases, in fact, by taking a percentage or

proportion as the dependent variable, analysts implicitly assume that some patently im-

possible racial compositions are, in fact, plausible. Such is the case when estimated vari-

ances imply significant likelihoods of living in “neighborhoods” that fall below 0% or above

100% representation for a given group. Similar, but perhaps more subtle, issues occur when

distributional assumptions encompass theoretically plausible racial compositions that are,

nonetheless, observed in few or no existing neighborhoods in the SP or RH choice set.

3.2.3 Multi-Dimensionality in Neighborhood Choice

Both tabular and spatial attainment analyses of neighborhood outcomes also fail to ac-

count for the fact that neighborhoods vary across several dimensions. Oftentimes, these

dimensions are correlated, either mechanically or as a result of social processes. In SP data

where racial composition is the focus, neighborhood racial composition components (i.e.,

proportion Black, proportion Latino, etc.) are mechanically correlated. In the RH data, not

only are the racial composition components mechanically correlated, but also they may be
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correlated as a result of the social processes under study. In addition, racial composition may

be correlated with other neighborhood characteristics, such as levels of poverty or affluence,

that are important determinants of housing market choices.

Racial composition variables are mechanically correlated in SP and RH data. This occurs

because, once the population is categorized into mutually exclusive groups, the sum of their

proportions must come to one. This typically induces a negative correlation between these

components, even in the SP case. Furthermore, in places like Los Angeles, with multiple

racial and ethnic groups present in substantial proportions, the treatment of a single racial

composition term, like percentage Black, as an outcome is unrealistic. Neighborhood racial

compositions vary non-trivially across three or more dimensions in Los Angeles, and increas-

ingly so in the rest of the United States. If respondents tend to move to neighborhoods

with higher Black representation, this could indicate a preference to avoid White neighbors,

but could also imply neutral feelings about Whites accompanied by a preference to avoid

other non-White groups. Both the tabular and locational attainment approaches ignore how

neighborhood racial ethnic compositions are interdependent, and that individuals negotiate

racial preferences in racially and ethnically variegated contexts.

Social processes of residential segregation along non-racial dimensions, such as housing

prices, income, and school quality, lead to correlations between racial composition and other

factors that influence neighborhood choices in RH data. A cursory examination of Census

data, for example, shows that neighborhoods with high levels of income also tend to have

higher proportions of White residents. An analysis of exposure to White neighbors may mis-

represent a preference for more affluent neighborhoods as a preference for White neighbors.

The spatial attainment literature has vaguely addressed this problem by frequently estimat-

ing two neighborhood outcome models: one for exposure to Whites, another for exposure to

poverty, or neighborhood median income. This does not resolve the issue. Such approaches

continue to treat these racial composition and socioeconomic outcomes as independent.
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3.2.4 Micro-Macro Linkages

Finally, contingency table and linear regression approaches are difficult to extend to sim-

ulation models of neighborhood mobility, like Schelling’s model of residential segregation

(Schelling 1971; Fossett 2006a; Bruch and Mare 2006). This is because linear regression and

contingency table approaches do not treat neighborhoods themselves as the outcomes, and

instead treat attributes of neighborhoods as outcomes. OLS regression and its variants treat

neighborhoods as univariate outcomes, like proportion Black. Contingency table approaches

treat neighborhoods as representatives of categories, like high affluent White neighborhoods,

high poverty Black neighborhoods, and so on. In both cases, it becomes unclear how to

translate model results into the choices of hypothetical agents making choices in a simu-

lated housing market. This can preclude or obscure an understanding of the macro-level

implications of any between-group differences in processes of neighborhood attainment. To

grasp macro-level consequences, models that complement simulation approaches should con-

sider the fact that individuals move between neighborhoods and housing units, not between

percentages Black or White or Latino, or between neighborhood categories.

In sum, previous approaches neglect the importance of choice sets, ignore the variation

of neighborhoods along multiple, inter-related racial composition and non-racial dimensions,

and are difficult to apply in simulations models that elucidate the link between micro be-

haviors and macro patterns. In the following sections I develop models that address all of

these issues.

3.3 Discrete Choice Models for Combining SP and RH

Data

Discrete choice models address the methodological and conceptual problems ignored by

conventional methods for making SP-RH comparisons. Discrete choice models explicitly

account for differences in choice sets to assess how respondents in SP and RH data make
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relative trade-offs between neighborhood attributes. The approach permits the inclusion of

multiple, potentially correlated neighborhood-level regressors as determinants of neighbor-

hood outcomes, and results from discrete choice models can be applied to simulation models

of residential attainment. Below I describe the basic discrete choice approach. I then con-

sider the methodological question of how to combine SP and RH data using discrete choice

methods.

3.3.1 Discrete Choice: Conditional Logistic Regression

The models I use are elaborations of conditional logistic regression, an approach that has

substantial precedent in the econometric literature (McFadden 1978; Ben-Akiva and Lerman

1985; Train 1986; McFadden 2001) and has recently been reintroduced to the sociological

literature (Bruch and Mare 2012). In the simplest discrete choice model, individuals, indexed

by i, are presented with a choice set, Cit, which may vary across individuals and decision

instances, indexed by t. The choice set contains the set of possible neighborhood alternatives,

indexed by j, to which an individual can move. A person assigns a utility, Uijt, to each

neighborhood in his choice set in a given choice instance according to a presumed function

of the characteristics of each neighborhood, j. Finally, agents choose the neighborhood

alternative that provides the highest utility.

The discrete choice approach assumes that neighborhood utilities, Uijt, can be decom-

posed into an observed and unobserved part. The observed characteristics are captured by

Vijt, while the unobserved characteristics are captured in the random disturbance, εijt.

Uijt = Vijt + εijt (3.1)

An analyst parameterizes the “observed” part of the utility according to the observed char-

acteristics of neighborhoods that are thought to influence neighborhood choices.

Vijt = βitXjt + ζitZijt (3.2)
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In the above formulation, Xjt is a column vector of observed, objectively evaluated neighbor-

hood racial attributes, like percent Black or percent Latino. βit is a row vector of coefficients

which denote the weight given to the racial attributes of neighborhoods in the decision pro-

cess. The i subscript for β indicates that the effects could differ across individuals, and

the t subscript indicates the effects could differ across choice instances. Conceptually, the

β’s are the racial composition preferences. They determine the contributions of the racial

composition components to the underlying utility, and thus determine the relative positions

of neighborhoods in the (assumed) utility hierarchy that underpins the model.

The second piece of observed utility, ζitZijt represents the contribution of non-racial fac-

tors to the overall utility. Zijt is a column vector of objectively or subjectively evaluated

non-racial neighborhood characteristics. Objectively evaluated non-racial neighborhood at-

tributes are fixed for a given alternative, regardless of the respondent making the choice.

These could include neighborhood poverty, median income, or age composition. Subjectively

evaluated neighborhood attributes vary by respondent. These could include the distance of

a neighborhood from an individual’s place of work, whether or not a close family member

is residing in the neighborhood, or whether the individual already lives in the neighbor-

hood. ζit is a row vector of coefficients which indicates the influence of these non-racial

aspects of neighborhoods in residential choices. The subscripts indicate these coefficients

could differ across time and across agents. This means that the effects of both objective and

subjectively evaluated neighborhood attributes could vary depending on the respondent’s

own characteristics, or the historical moment in which a choice is made.

By assuming the disturbances, εijt, are uncorrelated with the observed variables and that

they are drawn independently from a standard Gumbel distribution, the probability that

individual i chooses neighborhood j in scenario t is given by:

Pijt =
exp (βitXjt + ζitZijt)∑

k∈Cit
exp (βitXkt + ζitZikt)

(3.3)
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Given a sample of N individuals, indexed by i, who each make a sequence of T choices,

{ji1, ji2, . . . jiT}, from known choice sets Cit, a likelihood function can be constructed based

on the above expression for choice probabilities, if I assume that the unobserved disturbances

are uncorrelated across individuals and across choice instances:

L =
N∏
i=1

T∏
t=1

∑
j∈Cit

yijtexp (βitXjt + ζitZijt)∑
k∈Cit

exp (βitXkt + ζitZikt)
(3.4)

Here I have introduced the outcome variable, yijt. This is a dummy variable that takes

on the value 1 if neighborhood j was chosen by person i at time t, and is 0 for all other

neighborhoods in person i’s choice set at time t. For the first choice made by person i, y = 1

if j = ji1, and is zero for all other neighborhoods. For person i’s second choice, y = 1 if

j = ji2 and is zero for all other neighborhoods, and so on.

Traditional maximum likelihood methods can be used to estimate βit and ζit. The esti-

mated βit indicates which neighborhood racial attributes increase or decrease the likelihood

of choosing a neighborhood. Note that direct effects of individual characteristics drop out

of the probability expressions and the likelihood, meaning that they are not estimated or

estimable. Instead, individual characteristics enter the model only in interaction with neigh-

borhood characteristics.

To take an example, Xjt could include a variable describing the proportion of neighbor-

hood j’s residents who identified as White in census data,. The corresponding βit would

indicate the average “preference” for this characteristic among respondents. A positive co-

efficient would imply that respondents prefer the presence of Whites in their neighborhoods.

A negative coefficient would indicate that respondents are averse to White neighbors. We

could examine preference differences between broad racial groups by including an interaction

of neighborhood racial composition terms with dummies indicating racial identification, or

by estimating choice models separately by respondent race.
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3.3.2 Conditional Logit Models for Combining SP and RH Data

Combining data from SP and RH sources is a natural extension of the discrete choice

model, again with substantial precedent in the econometrics literature (Ben-Akiva et al.

1994; Brownstone et al. 2000; Hensher and Bradley 1993; Hensher et al. 2008; Morikawa

1989, 1994). The key maneuver involves noting that the utility functions, in principle, might

differ between SP and RH data types. This could be for two main reasons. First, the set

of regressors available in the SP and RH data might differ, often because the SP vignettes

include only a subset of variables that can effect choices in the “real world” RH data. Second,

even for variables that are common across SP and RH data, we might expect effects of these

variables to differ across data types. This is the case for neighborhood racial composition,

where processes of racial discrimination, or social network influenced migration, can push

RH and SP racial composition effects out of line. The possibility of different SP and RH

effects is already encoded in Equation 3.3, as βit can differ across respondents and choice

situations. However, below I make the division between SP and RH more explicit.

Consider a respondent, i, who has provided both SP and RH data. In the SP data, the

respondent is presented with choice sets Cis across choice situations s = 1, 2 . . . S. I write

the utility for each alternative, k, in each SP instance s as:

USP
iks = V SP

iks + εSPiks

V SP
iks = βSP

is X
SP
iks + ζSPis ZSP

iks

(3.5)

Where V SP
iks is the observed portion of utility and εSPiks is an unobserved error term. XSP

iks

is a column vector of racial composition components and ZSP
iks is a column vector of non-

racial components for alternative k. I use the SP superscript to indicate that these sets of

explanatory variables may differ from those in RH data.

In RH data, I index the T instances of residential choices by t = 1, 2 . . . T . In each

instance, t, a respondent faces a choice set Cit. I write the utility for each neighborhood, j,
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in this choice set as:

URH
ijt = V RH

ijt + εRH
ijt

V RH
ijt = βRH

it XRH
ijt + ζRH

it ZRH
ijt

(3.6)

The RH super-script distinguishes the racial composition variables, XRH
ijt , and non-racial

variables, ZRH
ijt , from those in the SP data. In many attempts to elicit racial composition

preferences, ZSP
iks is entirely excluded from the data set, and so must be excluded from the

analysis.

If the racial composition variables included in the RH and SP data are the same, the RH

and SP superscripts on X can be dropped. This shifts attention to the coefficients. The β’s

are individual specific vectors of racial composition effects that potentially vary across SP

and RH cases. There are separate β’s for RH and SP scenarios, which may differ for reasons

related to social desirability bias, the artificiality of the SP choice scenarios, or because of

unobserved constraints in RH choice scenarios. We can write the β’s as:

βRH
it = βRH

i0 + γRHGit

βSP
is = βSP

i0 + γSPGis

(3.7)

βi0 represent represent unobserved, person-specific preference intercepts that may differ

across SP and RH data. For a given choice scenario, these preferences are modified by

an individual’s observed, exogenous, and potentially time varying attributes, Gis and Git.

G could include observed factors such as a respondent’s race, marital status, or age. These

could be fixed within respondents, or time varying. G could also contain information about

the choice situation itself. I assume that the set of factors included in G is the same for SP

and RH scenarios. However, these individual-level factors may have different effects, γSP and

γRH . In more complicated models, one can use βi0 to account for unobserved, heterogeneous

preferences. RH and SP models must be estimated jointly to account for the unobserved,

person-specific initial preferences represented by βi0, which are potentially influencing all
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SP and RH choices. I discuss these more complicated models in more detail in subsequent

sections.

However, one can make a single simplifying assumption to arrive at more tractable mod-

els. The assumption is to ignore potential unobserved heterogeneity in βRH
i0 and βSP

i0 , setting

these coefficients equal to fixed constants, βRH and βSP , respectively. This yields:

βRH
it = βRH + γRHGit

βSP
is = βSP + γSPGis

(3.8)

This formulation is only subtly different from Equation 3.7, but the absence of the i subscript

encodes a critical assumption that all heterogeneity is captured by the coefficients, γRH and

γSP along with the exogeneous, individual and choice situation specific variables Git and

Gis. Estimates of these coefficients will result in separate racial composition coefficients for

SP and RH cases.

It can also be helpful to re-parameterize the above to obtain estimates of SP coefficients

as deviations from the RH case (or vice versa). I set βRH = β, a constant, baseline effect in

the RH case, and re-express βSP as a residual deviation from this baseline, βSP = β+∆βSP .

I also assume γRH = γ, and re-express γSP as a deviation from the (baseline) RH case:

γSP = γ + ∆γSP . These manipulations yield:

βRH
it = β + γGit

βSP
is = β + ∆βSP + γGis + ∆γSPGis

(3.9)

Given a sequence of chosen RH and SP alternatives for the ith respondent, ci = {{hi0, hi1, . . . hiT}

, {pi1, pi2, . . . piS}}, with h indexing this set of chosen RH alternatives, and p indexing the

chosen SP alternatives, the likelihood for the full sample of N respondents is given by:
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L =
N∏
i=1

T∏
t=1

[∑
h∈Cit

yihtexp ((β + γGit)Xiht + ζZiht)∑
j∈Cit

exp ((β + γGit)Xijt + ζZijt)

]

×
S∏

s=1

[∑
p∈Cis

yipsexp
(
(β + ∆βSP + γGis + ∆γSPGis)Xips

)∑
k∈Cis

exp ((β + ∆βSP + γGis + ∆γSPGis)Xiks)

] (3.10)

Where yiht and yips are dummy outcome variables denoting chosen neighborhoods in RH

and SP scenarios, respectively.

This likelihood can be maximized with respect to the parameters using conventional

maximum likelihood approaches. This is the joint SP-RH conditional logistic regression

model. A number of software packages are capable of estimating this model, including

Stata, R, LIMDEP, biogeme, and SAS.

In this formulation, it is valid to estimate separate models for the SP and RH data. In

practice, however, it is sensible and easy enough to estimate the models jointly. This allows

for straightforward estimation of constrained models. For example, we might be particularly

interested in the case in which ∆βSP = 0 and ∆γSP = 0, i.e., a model in which there is no

difference in racial composition effects between SP and RH scenarios. Joint estimation also

enables easy post-estimation hypothesis testing.1

3.3.3 Combining Data from Multiple SP Sources

The same procedures for combining SP and RH data can be used to combine data from

multiple SP sources. This approach may be appealing when stated preferences are assessed

using multiple instruments or questions. In MCSUI, respondents expressed their preferences

for researcher generated neighborhoods in two ways: respondents indicated which neighbor-

hoods they found most attractive, and into which neighborhoods they would be willing to

1Note that one can also estimate the likelihood using the specification implied by Equation 3.8. The
approaches are statistically equivalent in the conditional logistic case, the only difference is in how the
coefficients are interpreted. In a model specified as in Equation 3.8, the racial composition effects would be
interpreted as separate, main effects in the SP and RH cases, rather than as a main RH effect, with the SP
effect treated as a deviation from the RH effect.
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move. In addition, the Los Angeles version of the survey asked respondents to identify their

ideal neighborhoods’ racial compositions by filling out blank neighborhood cards with the

“ideal” number of Asian, Black, Latino, and White neighbors. In L.A.FANS, respondents

ranked five randomly generated neighborhoods, varying in the proportions Asian, Black,

Latino, and White, according to where they would most like to live. L.A.FANS also asked

respondents to complete an ideal neighborhood exercise. A single discrete choice model could

be used to combine all these SP responses.

These different SP questions and vignettes might lead respondents to express different

preferences. If different responses, and hence different racial composition effects, are expected

for different SP tasks and questions, then it is fitting to adapt the above techniques for SP-

RH comparisons for SP-SP comparisons. Even for a single question that elicits a ranking

of neighborhoods, there could be differences in racial composition effects across ranks. The

calculus people employ when selecting the first ranked neighborhood might differ from that

used to rank the fourth ranked neighborhood over the fifth ranked neighborhood.

One need only reframe the RH portion of the model described above as a second type of

SP data to test for differences across SP approaches. Procedures like this have been used

to compare the effects of alternative specific covariates in other contexts, most notably in

evaluating preferences for transportation modes (Ben-Akiva et al. 1991).

3.3.4 Accounting for Multiple Observations within Respondents:
Mixed Logit

Ideally, SP and RH responses would come from the same set of respondents. This is the

case for L.A.FANS, which I use in Chapter 2. In L.A.FANS, respondents expressed their

preferences in two different SP vignettes, and also provided multiple years of residential his-

tory. Random coefficient, “mixed logit” models can leverage the panel nature of these data,

and multiple SP and RH responses obtained for each respondent, to provide more realistic

predictions, and to describe the degree of preference heterogeneity across the population

(Hensher and Greene 2003; Revelt and Train 1998; McFadden and Train 2000). Mixed logit
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models can also be used to relax the assumption that observations are independent within

respondents.

To formulate the mixed logit model, I recall the initial expressions for utility in the SP

and RH cases in Equation 3.7, prior to making the simplifying assumptions to make the

model tractable in Equation 3.8. I rewrite the SP and RH utilities in Equation 3.7 in terms

of the regressors, X, and coefficients, β, dropping the the non-racial terms, Z, for the sake

of simplicity:

URH
ijt = βRH

it XRH
ijt + εRH

ijt

USP
iks = βSP

is X
SP
iks + εSPiks

(3.11)

Prior to simplification, I expressed the βs as:

βRH
it = βRH

i0 + γRHGit

βSP
is = βSP

i0 + γSPGis

(3.12)

In the previous discussion, I ignored unobserved heterogeneity by setting βRH
i0 and βSP

i0

to constants. This step generates models that treat multiple observations from the same

respondents as independent. Clearly this is unrealistic: someone who has a strong preference

for White neighbors will probably act on this preference with some consistency across time

in RH data and across vignettes in SP data. And we might expect those with the strongest

preferences for White neighbors in the SP data to act on those preferences in the RH data.

Methods of modeling heterogeneity and explicitly acknowledging the interdependence of

observations within respondents relax this restrictive independence assumption. In so doing,

the models can lead to better behavioral predictions, and can help to answer more subtle

questions about the distribution of preferences across the population.

The mixed logit model deals with unobserved heterogeneity by assuming a continuous

mixing distribution for βRH
i0 and βSP

i0 . The mixed logit model has become an important tool
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in the arsenal of discrete choice modelers, and substantial work has been done to apply these

models across a range of cases (Hensher and Greene 2003; Revelt and Train 1998; McFadden

and Train 2000). Several studies have explored the use of mixed logit for jointly modeling

preference and observational choice data (Brownstone et al. 2000; Bhat and Castelar 2002).

However, most of this work has assumed that effects in stated preference and observational

choice portions of discrete choice models should coincide. Below, I outline a mixed logit

framework that allows for effects to differ across SP and RH portions of the model.

Implementation of mixed logit models requires three steps in addition to those taken

with the traditional conditional logit. First, one must specify the mixing distribution for the

individual-specific effects. Second, a revised, unconditional likelihood function is formed to

account for the dependence between observations. Finally, the new likelihood function must

be estimated using modified maximum likelihood techniques.

Many different mixing distributions can be used, but in the racial composition case, the

multi-variate normal seems most appropriate. This is because of the likely inter-related na-

ture of racial composition preferences. It is not difficult to imagine, for example, that White

respondents who prefer to avoid neighborhoods with high Black representation may also

prefer to avoid neighborhoods with high Latino representation. The multi-variate normal

distribution readily accepts preferences that are correlated across racial composition com-

ponents. A multi-variate normal mixing distribution can also better represent the potential

divide between SP and RH racial composition effects, allowing for the preferences in these

cases to be correlated within respondents, but not perfectly so.

Thus I assume that βRH
i0 and βSP

i0 are drawn from a multi-variate normal distribution. In

matrix notation:

βi0 ∼ N (β,Σ) (3.13)
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βi0 concatenates the individual specific coefficient vectors for the RH and SP data.

βi0 =

βRH
i0

βSP
i0

 (3.14)

β is a vector that contains the population mean racial preference coefficients for the RH and

SP scenarios.

β =

βRH

βSP

 (3.15)

The variance-covariance matrix, Σ, contains sub-matrices that indicate variation and covari-

ation of racial composition effects within SP and RH scenarios, and the correspondence of

these effects across scenarios.

Σ =

 ΣRH ΣRH,SP

ΣSP,RH ΣSP

 (3.16)

Given a sequence of RH and SP choices, ci, for each individual, the likelihood for each

respondent, conditional on βi0, is given by

Lici (βi0) =
T∏
t=1

[∑
h∈Cit

yihtexp
(
βRH
i0 Xiht

)∑
j exp (βRH

i0 Xijt)

]
×

S∏
s=1

[∑
p∈Cis

yipsexp
(
βSP
i0 Xips

)∑
k exp (βSP

i0 X
SP
iks )

]
(3.17)

Where, again, yiht is a dummy variable that takes the value 1 if person i moved to neigh-

borhood h at time t in the RH data, and yips is a dummy variables that takes the value 1 if

person i chooses neighborhood p in instance s in the SP data.

The unconditional likelihood is given by:

L =
N∏
i=1

∫
Lici (βi0) f(βi0|β,Σ) dβi0 (3.18)
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Where f is the multivariate normal density, and the integral is performed over all the ran-

dom, person-specific coefficients. The integral has no closed form solution, and in practice

simulated maximum likelihood must be used to maximize the unconditional likelihood with

respect to the multivariate normal parameters, β and Σ.2 Unfortunately, the necessary cal-

culation of multi-dimensional integrals greatly increases the computational burden for these

models over the conditional logit model. This can pose a problem for estimating models with

many alternatives. As with the joint SP-RH conditional logit, this same model structure can

be extended to models that combine data from multiple SP sources.

Note, this parameter structure is the mixed logit analog of Equation 3.8. However,

the analog of Equation 3.9, which expresses the SP coefficients as deviations from the RH

coefficients, can be made into a very different model. If I replace β by βi0 in Equation 3.9, I

obtain:

βRH
it = βi0 + γGit

βSP
is = βi0 + ∆βSP + γGis + ∆γSPGis

(3.19)

Compared to Equation 3.7, the SP and RH superscripts are now dropped. The specifica-

tion in 3.19 represents a dramatically simplified model. It constrains unobserved heterogene-

ity to be the same across SP and RH scenarios, and assumes that differences in effects across

scenarios are captured by the constants ∆βSP and ∆γSP , which are deviations from the RH

case that apply in the same measure to all respondents. That is, these deviations only affect

the estimates of the mean parameters of the multivariate normal mixing distribution. The

variances and covariance terms are now assumed to be equal in SP and RH cases. I make

use of this constrained model in the examples that follow.

2In practice, these models are frequently estimated using Halton sequences of quasi-random numbers to
calculate multi-dimensional Gaussian integrals. See Train (2000, 2009), Bhat (2001, 2003) and Hole (2007)
for additional details.
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3.4 Examples: Whites in L.A.FANS

I illustrate models that combine multiple SP observations, as well as SP and RH observa-

tions, using the Los Angeles and Neighborhood Survey (L.A.FANS). I use the sample of

Whites in L.A.FANS because this sample is large enough to test interesting cases, and be-

cause expectations for Whites are more firmly established than expectations for the largest

group in L.A.FANS, Latinos. A more detailed discussion of these data is provided in Chapter

2. Individual-level statistics for the samples are shown in Table 2.2. Statistics describing

L.A.FANS respondents’ RH outcomes are shown in Table 2.4. Descriptive statistics for SP

choices are in Table 2.3. I begin with the simpler case of combining multiple SP reports.

I focus on the rank SP data from L.A.FANS, illustrating the basic conditional logistic re-

gression approach to test for differences in racial composition effects across rankings. I then

illustrate the mixed logit approach for combining these data across rankings and character-

izing the degree of preference heterogeneity among L.A.FANS respondents. I move on to

demonstrate how to combine data not only across rankings, but from several different SP

reports within respondents, using L.A.FANS’ “ideal” SP data and rank SP data together.

Finally, I illustrate techniques for joint SP-RH models of neighborhood choice.

3.4.1 Models of Rank SP Data

When randomly selected adult respondents ranked five hypothetical neighborhoods in L.A.FANS,

they implicitly provided data on four separate choice situations.3 The first question to ask

of these ranking data is whether racial composition effects are consistent across the rank-

ings. Is there evidence that Whites are averse to Black neighborhoods to the same degree

in choosing the first ranked neighborhood as they are when selecting the second, third, and

fourth ranked neighborhoods?

To test for consistency, I estimate models of the form presented in Equation 3.10. Table

3The choice situations are: 1) Ranking of the first neighborhood above all others; 2) ranking of the
second neighborhood over three, four, and five 3) ranking of the third neighborhood over four and five; and
4) ranking of the fourth neighborhood over the fifth.
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3.1 contains the estimated coefficients. The first column displays estimates for a homogeneous

effects model that assumes the effects of racial composition do not differ across ranks. The

remaining columns display estimated coefficients from a heterogeneous effects model that

permits the effect of racial composition to differ across ranks. Wald tests of equivalence

across ranks reject the null hypothesis of no differences.4 This suggests that the model

allowing for heterogeneous effects provides a better fit to the data than the model that

constrains effects to be the same across ranks. However, the BIC statistics for the two

models suggest that the model of homogeneous racial composition effects provides a more

parsimonious fit.

Predicted probabilities can help to adjudicate between these conflicting statistical tests,

especially given the difficulty of directly interpreting quadratic coefficients. The predicted

probabilities reveal if the statistically significant differences translate into substantive dif-

ferences in choices. I plot predicted probabilities for each rank based on the heterogeneous

effects model, and predicted probabilities for all ranks using the homogeneous effects model.

Predicted preferences for Asian neighbors are shown in Figure 3.1, Black neighbors in Fig-

ure 3.2, Latino neighbors in Figure 3.3, and White neighbors in Figure 3.4. Looking across

these graphs, there are few substantive differences in the predicted probabilities. All the

curves suggest that Whites prefer neighborhoods that are at least majority White, desire

limited mixing with Asians and Latinos, and are resistant to neighborhoods with high Black

representation. Based on the substantive similarities between all the predicted probability

curves, I conclude that the homogeneous effects model provides an adequate summary of

preferences.

4I use Wald tests rather than likelihood ratio tests because the likelihood ratio tests are invalid when
observations are clustered within respondents. The Wald tests, on the other hand, make use of the cluster
adjusted covariance matrix.
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Accommodating Heterogeneity: The Rank SP Case

The above models assume that preferences are homogeneous among Whites. In that sense,

they represent the preferences of a “typical” White resident of Los Angeles. A mixed logit

specification, similar to that shown in Equations 3.17 and 3.18, relaxes this homogeneity

assumption. I estimate mixed logit models of rank SP vignette responses, assuming consis-

tent preferences across rankings within respondents, but allowing for variation in preferences

across respondents. I also present the estimates of the analogous conditional logistic regres-

sion for the sake of comparison. Table 3.2 contains the estimated parameters. The first

panel shows the estimated means of the coefficients (or simply the coefficients in the con-

ditional logit case). The second panel displays the estimated standard deviations of these

coefficients. The first column in Table 3.2 contains the conditional logit results. The sec-

ond column presents mix logit estimates from a model that assumes that each respondent’s

preference coefficients are drawn from independent univariate normal distributions. This

allows within respondent preference consistency across rankings, but assumes no associa-

tion between, for example, a person’s preference for Black neighbors, and his preference for

Latino neighbors. The third column presents estimates for a model that relaxes this latter

assumption, allowing cross-group association in preferences.

The BIC statistics and the significance of several standard deviation estimates in Table

3.2 all favor models that allow for preference heterogeneity. However, the BIC statistics

prefer models that constrain preference variation to independent normal distributions for

each racial composition component. Compared to the conditional logit model, the “mean”

coefficient estimates from the mixed logit model with univariate normal mixing distributions

have larger magnitudes, and these estimates are larger still in the multivariate normal mixed

logit case. Also noticeable, the estimated standard deviations in the univariate mixed logit
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case are much smaller than in the multivariate normal case.5

What of covariation among preferences? Is there evidence that Whites averse to Black

neighbors also resist neighborhoods with high Latino representation? Table 3.3 contains

estimates of the covariances of racial composition preferences across neighbor groups.6 The

significant positive covariance between proportion Latino and proportion Black, as well as

proportion Latino squared and proportion Black squared, suggests that Whites who are

averse to Black neighbors are, indeed, averse to Latino neighbors as well.

The estimates in Tables 3.2 and 3.3 can also be used to derive estimates of preference

parameters for individual respondents in the sample (Revelt and Train 2001, Train 2009 Ch.

11). I plot predicted probabilities of neighborhood choice for the mean parameters from the

multivariate normal mixed logit model presented in Column 3 of Table 3.2, as well as pre-

dicted probabilities for a random selection of 20 Whites from the L.A.FANS sample. Figures

3.5, 3.6, 3.7, and 3.8 depict these predicted probabilities as functions of neighborhood pro-

portion Asian, Black, Latino, and White, respectively. Overall, these predicted probabilities

suggest that most Whites have high probabilities of moving into neighborhoods that are at

least majority White, but many Whites do prefer neighborhoods where there is at least some

intermingling with other racial groups.

3.4.2 Joint Models of Rank SP and Ideal SP Data

Perhaps it is not too surprising to find that Whites in Los Angeles exhibit roughly the same

preferences across ranks in the rank SP vignette. However, we might expect to find quite

5This points to possible misspecification of the mixing distribution. Additional mixing distributions
could be considered, including log normally distributed coefficients. For example, it might be reasonable
to constrain the squared terms to be negative log normally distributed. Doing so would force these terms
to account only for aversion to neighborhoods with very low or very high representation of some groups.
Preferences for greater exposure to a particular group might be better represented by the linear terms alone.

6A cursory examination of the diagonal elements of the table reveal standard errors and significance tests
that are at odds with those presented in Table 3.2. This is likely because the delta method was employed
to estimate standard errors in both Table 3.2 and Table 3.3, but different transformations of the underlying
estimated parameters are needed to obtain the standard deviations and the variances. Ideally, a different
method would be used to estimate the standard errors. Bootstrapping is one approach, but one that is
infeasible for the current case because the estimate of a single mixed logit model is computationally taxing
on its own.
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different preferences in the ideal SP case, because of the difference in the vignette task and

the phrasing of the question. To compare ideal SP and rank SP outcomes, I estimate joint

conditional logit and mixed logit models of Ideal SP and RH. Model estimates are presented

in Table 3.4. In contrast to the previous models, I include only linear racial composition

terms, excluding the quadratic terms, to avoid an explosion in the number of estimated

parameters as I test mixed logit models.

I estimate two different specifications for the conditional logit model, corresponding to

separate rank SP and ideal SP effects, as in Equation 3.8 (Column 1 of Table 3.4), and a

specification treating ideal SP coefficients as deviations from the rank SP coefficients, as in

equation 3.9 (Column 3 of Table 3.4). As previously stated, the log likelihoods for these two

models are equivalent, but the parameters have different interpretations. The “deviation”

specification (Column 3) is helpful because it provides immediately interpretable coefficients.

The ideal SP effects in this specification are represented as deviations from the rank SP

effects.

The conditional logistic regression coefficients are all negative, suggesting that Whites

are averse to neighbors from all racial out-groups. In the rank SP case, Whites are most

averse to Black neighbors, followed by Latinos and then Asians, with the latter aversion

not statistically significant. The negative ideal SP coefficients in column 3 all point to the

fact that Whites express a stronger aversion to non-Whites in the ideal SP vignette. The

aversion to Black neighbors remains strongest, but Whites’ show roughly equal aversion to

Asians and Latinos in the ideal SP case (judging by the coefficients in Column 1 of Table

3.4).

I also estimate two different mixed logit specifications, one corresponding to Equation

3.7 (Column 2) and one corresponding to Equation 3.19 (Column 4). The mean racial

composition effects for the mixed logit models largely conform to the conditional logistic

regression results, with Whites proclaiming aversion to all non-white groups, and particularly

strong aversion to Blacks. The effect sizes are a touch larger than the conditional logit case,
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but the overall consistency between the mixed logit estimates and the conditional logit

estimates is encouraging.

The main advantage of the mixed logit specification is that it allows me to assess the

degree of preference heterogeneity among Whites in Los Angeles. The estimated population

standard deviations in preferences are presented in the second panel of Table 3.4. The

model in Column 4, by construction, constrains the standard deviations to be the same in

the ideal SP and rank SP cases. The model in Column 2 relaxes this constraint. While

the BIC statistics suggest that the constrained model provides a more parsimonious fit, the

unconstrained model allows for additional interpretation.

The standard deviations are larger in the rank SP case than they are in the ideal case.

This suggests more preference heterogeneity in the rank SP case. This heterogeneity could

result from two phenomena. First, Whites might have a narrower range of responses in the

ideal SP case, either because of social desirability bias, or because Whites imagine a more

racially harmonious and equitable world when asked about their ideal neighborhoods. Sec-

ond, Whites might have struggled to rank the neighborhoods in the ranking vignette. The

ranking task is complicated on its own, and due to the vignette randomization, there may

have been only small compositional differences between some of the hypothetical neighbor-

hoods. These factors together could have induced more between individual variability in

Whites’ responses in the rank SP case relative to the ideal SP case.

Finally, the mixed logit model presented in Column 2 of Table 3.4 also provides estimates

of associations between preferences both within and across SP scenarios. Table 3.5 contains

the estimated covariance matrix for the mixing distribution. Across rank SP and ideal SP,

all of the covariances are positive and significant. This suggests two conclusions. First,

aversions to Asian, Latino, and Black neighbors are inter-related. Los Angeles Whites who

are averse to Black neighbors also want to avoid Latino and Asian neighbors, and vice versa.

This finding holds in both the rank SP and ideal SP vignettes, and adheres to the previous

finding from the rank SP data alone. Second, the positive covariances between coefficients
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in the rank SP and ideal SP cases signal that responses are at least partly consistent across

these scenarios. While these two ways of assessing preferences might be inducing slightly

different mean responses, individuals are generally not reversing themselves. Those with

higher aversion to Black neighbors in the rank SP data also express higher aversion to

Blacks in the ideal SP data, and likewise for Asian and Latino neighbors.

3.4.3 Joint Models of RH and Rank SP

The last example combines residential history and residential preferences data. I use the

L.A.FANS rank SP data that I have used across all the previous examples. The RH data are

identical to those I analyzed in Chapter 2. I put individuals’ RH responses on a discrete time

calendar, discretizing the calendar by quarters to pick up as many moves as possible. I note

where respondents were living at the end of each interval. I designate the residential location

at the end of each interval as the “chosen” alternative, and assume that respondents selected

this alternative from a full choice set of all possible Los Angles County neighborhoods, as

given by 2000 United States Census tract boundaries.

I take an approach similar to the one I employed in the previous example. I estimate

two parameterizations each of joint SP-RH conditional logit and mixed logit models. One

parameterization treats the rank SP data racial composition effects as deviations from the

RH effects, and another treats the SP and RH effects separately. As before, the conditional

logit specifications are statistically identical, but the mixed logit specifications are not. The

differences will be highlighted below.

The RH data demand a richer set of predictors than racial composition, which were mod-

eled as the sole determinant of neighborhood choices in the SP case. In the real housing

market immobility, neighborhood proximity, income, education, and housing tenure, among

myriad factors, influence neighborhood choices. First, I account for period-to-period immo-

bility, or the tendency for people to “choose” their own houses, by including an alternative

in each choice set representing each respondent’s own housing unit. I then distinguish this
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alternative from the others with a dummy variable. I also include variables to identify the

distance of destination tracts from each respondent’s origin tract. I account for selection into

the migration stream by interacting the own house dummy variable with the respondent’s

age, marital status, home ownership status, and education. Finally, to deal with sorting

along socioeconomic lines, I include interactions between the respondent’s income, educa-

tion, and home ownership status and the levels of income, education, and home ownership

in potential destination neighborhoods. I specify these predictors all as fixed, excluding the

possibility of effect heterogeneity.

The estimates of racial composition effects from joint SP and RH models are presented

in Table 3.6. The first two columns contain estimates from models that treat the SP and RH

effects separately, and the last two columns contain estimates from models that treat the

SP coefficients as deviations from the RH coefficients. The SP coefficients in the conditional

logit models (Column 1 and Column 3 of Table 3.6) conform to the results from the previous

example: There are no significant differences in the effects of racial composition between the

rank SP and RH cases. In both cases, Whites appear averse to non-White neighbors, with

a particular aversion to Black neighbors.

In broad strokes, the mixed logit results (Columns 2 and 4) and conditional logit results

(Columns 1 and 3) agree, at least in estimates of the mean parameters. The mixed logit

models in both Column 2 and Column 4 of Table 3.6 show that Whites avoid non-White

neighbors, especially Blacks, in their actual neighborhood choices. These choices largely

agree with choices made in the rank SP vignette. Column 3 and Column 4 present models

in which the SP preference coefficients are treated as deviations from the RH coefficients.

These deviations are not statistically significant from zero (p < 0.05), revealing that Whites’

actual neighborhood choices match their stated preferences.

The mixed logit models provide additional nuance concerning the distribution of prefer-

ences in the population. Column 2 of Table 3.6 contains estimates of a mixed model that

allows for separate, but correlated, SP and RH preference distributions. The first finding of
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note: the estimated standard deviations of RH preference parameters in the population are

both smaller than the corresponding SP standard deviations, and not significantly different

from zero. This suggests that despite statements revealing substantial variation in pref-

erences among Whites, their real world neighborhood choices exhibit little deviation away

from a mean tendency to avoid neighborhoods with high non-White representation. Table

3.7, which contains the estimated covariances of preferences within and across scenarios,

provides additional insight. Notably, none of the variance and covariance terms that involve

the RH racial composition effects are statistically different from zero. This suggests that

not only are there no significant covariances within the RH scenarios, but also, there is no

association between stated preferences and actual behaviors in the housing market. Whites

appear to move to White neighborhoods and avoid non-White neighborhoods regardless of

their preferences for inter-racial contact.

This result could emerge from a number of sources. First, the sample of 300 Whites

in L.A.FANS is relatively small and these respondents reported few moves. There may be

too few longitudinal observations and too few moves in these data to make definitive state-

ments about the association between Whites’ preferences and their housing market behav-

iors. Monte Carlo simulation experiments could be used to investigate the related statistical

power issues. Second, there are a number of unobserved factors, potentially correlated with

racial composition, that could both affect Whites’ neighborhood choices and operate in-

dependently of racial composition preferences. Family and friendship ties are one possible

factor. If Whites’ relatives and friends are also White, and tend to live in neighborhoods that

are majority White, and Whites try to locate in neighborhoods close to relatives and friends,

this could drive Whites toward White neighborhoods and away from non-White neighbor-

hoods. Finally, Whites might face some perverse biases when making housing choices. Real

estate market actors might stereotype all Whites as desiring White neighborhoods, and may

subtly steer Whites away from more diverse neighborhoods, even those Whites with tolerant

preferences. Whatever the case, the current crop of results suggest that Whites’ exposures
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to non-White neighbors is over-determined by factors outside of preferences—there is little

space for preferences to affect neighborhood choices.

3.5 Conclusion

This chapter has developed and implemented discrete choice methods for comparing stated,

race-based neighborhood preferences (SP) to real world residential histories (RH). I outlined

the two data types necessary to make these comparisons. I then laid out a conditional

logistic regression approach to combining and comparing these two types of data. I also

discussed an elaboration of the conditional logit model, the mixed logit. The mixed logit

approach is more computationally demanding, but has the benefit of explicitly tying together

multiple observations within respondents, while also characterizing the degree of preference

heterogeneity in the population. This heterogeneity may be critical to understanding how

micro preferences translate into macro segregation outcomes (Xie and Zhou 2012), and,

consequently, what the future holds for levels of racial residential segregation in the United

States.

The discrete choice methods I describe here have three important advantages over pre-

vious, primarily linear regression based approaches to describing the relationship between

racial composition preferences and residential mobility. First, discrete choice models explic-

itly account for the sets of possible neighborhoods to which people move in the RH case, or

from which they pick in the SP case. Models that ignore substantial differences in neighbor-

hood “choice sets” across these data types may misstate the relationship between preferences

and real-world choices. Second, the discrete choice approach allows an analyst to account

for neighborhood preferences and constraints that act on several dimensions at once. This

innovation is important in a multi-racial and multi-ethnic world in which neighborhoods

are stratified across several racial and ethnic dimensions. In my example, I simultaneously

consider the preferences of Los Angeles Whites for Asian, Black, Latino, and White neigh-
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bors in a single model. Previous studies examined preferences for and exposures to Asian,

Black, Latino, and White neighbors as independent outcomes. Models that can account for

multiple neighborhood factors at once are also important for understanding migration in

the RH case, where not only do racial and ethnic considerations affect migration, but also

price constraints, housing needs, and proximity influence choices of neighborhood destina-

tions. Finally, the discrete choice methods I develop here can be applied directly and without

ambiguity to simulation models of segregation. These models continue to be popular in the

segregation literature, but with a few exceptions (Bruch and Mare 2006; Xie and Zhou 2012),

they are rarely directly grounded in empirical work. In the next chapter I use estimates from

discrete choice models presented in Chapter 2 to produce Schelling simulations of segregation

processes. In particular, I examine whether the differences between stated preferences and

residential history I uncovered in Chapter 2 carry implications for processes and levels of

segregation.
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Chapter 4

Do Stated Preferences and
Residential Histories Imply the Same
Levels of Segregation? Testing for
Divergence Using a Schelling Model

Douglass Massey and Nancy Denton’s American Apartheid (1993) made a strong argument

that, in the main, housing market discrimination maintains the extreme levels of segregation

between Blacks and Whites in the United States. Indeed, members of minority groups face

worse treatment than otherwise similar Whites when they seek housing (Turner et al. 2002;

Ross and Turner 2005; Yinger 1995). This discrimination appears to extend beyond the

point of contact, and into back room mortgage lending practices (Reibel 2000; Williams

et al. 2005; Feagin and Sikes 1994).

However, recent racial segregation studies have diverted attention away from practices

of housing market discrimination and toward race-based residential preferences. This shift

has been motivated by a number of findings and developments. First, the race-based resi-

dential preferences of Whites, namely their desire to avoid contact with Blacks, can impel

White flight from neighborhoods to which Blacks and other minorities migrate, hollowing

out neighborhoods’ economic bases and exacerbating segregation and its deleterious effects

(Coleman 1975; Frey 1979; Crowder 2000; Crowder and South 2008; Boustan 2010). Second,

simulation models of segregation, first proposed and applied by Thomas Schelling (Schelling
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1971), have shown how segregation can develop under the influence of preferences alone,

absent any institutional discriminating mechanisms (Fossett 2006a,b). These models are

particularly compelling for sociologists because they offer a valuable framework for drawing

out the complex micro-macro linkages between individuals’ and families’ behaviors on the

one hand, and aggregate, population level patterns of settlement on the other. Finally, new

data sources have emerged that provide direct assessments of preferences, most notably in

the Detroit Area Study (Farley et al. 1978), and then the Multi-City Study of Urban In-

equality (Farley et al. 1993, 1997). The combination of population-based data concerning

preferences, a dearth of similar data about acts of discrimination, and compelling theoretical

models, has created a headwind for studies that would link segregation to discrimination.

The result has been either explicit or implicit acceptance that preferences predominate in

driving patterns of macro-segregation.

But is the conclusion that preferences, and not institutional discrimination or perhaps

other race-related factors, do most of the work in sustaining segregation justified? Schelling

simulation models of segregation, upon which claims about the segregating tendency of pref-

erences are often predicated, make substantial simplifying assumptions about the shape of

those preferences (Schelling 1971; Fossett 2006a; Fossett and Waren 2005; Clark and Fossett

2008). These assumptions tend to yield high levels of segregation. But levels of simulated

segregation vary substantially across assumptions about functional form, randomness, and

heterogeneity (Bruch and Mare 2006; Van De Rijt et al. 2009; Bruch and Mare 2009; Xie and

Zhou 2012). Models that adopt more flexible and empirically grounded views of preferences

can yield lower levels of segregation than models that rely on simpler preference assumptions.

This suggests that while preferences may set a floor for levels of segregation, discrimination

or other race related factors can also contribute to extant patterns of segregation.

Even the simulation models grounded in empirical data are frequently based on stated

preference (SP) data, not actual housing market experiences. In SP data people respond to

hypothetical neighborhoods and identify the neighborhoods in which they would most like
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to live. But, as Chapter 2 has shown, what people say they want in a neighborhood does

not always align with what they get. Data on residential histories (RH) show that Latinos

in Los Angeles, and to a lesser extent Blacks, are partially thwarted in gaining access to the

neighborhoods that they prefer, at least in terms of racial composition. This suggests that

simulation models should consider two versions of preferences: stated preferences based on

what people say they want, and revealed “preferences” based on the choices people make in

the real housing market. These two characterizations of how race influences neighborhood

choice may imply quite different levels and patterns of segregation.

This chapter asks whether levels of segregation that obtain when people act only on their

stated preferences match those that manifest when their race-based residential choices mirror

those observed in a real housing market. If the answer is “yes” then those who would attribute

observed levels of segregation mainly to preferences may have it right, and institutional

discrimination may presently play a minor or negligible role in sustaining segregation. If the

answer is “no”, then other race-related factors, potentially including discrimination, may yet

be culprits. I investigate this question using modified Schelling models of segregation. In one

set of models, I simulate segregation in the case where people migrate based on their stated

preferences. I refer to these as stated preference or SP simulations. In another set of models,

I examine the amount of segregation that results when migration is guided by the effect of

racial composition on neighborhood choices in the real housing market. I refer to those as

residential history or RH simulations. SP simulations depict the segregative propensities

of “pure” preferences. RH simulations reflect the combined effects of racial preferences,

non-racial preferences, and housing market constraints, albeit net of a set of socioeconomic

factors that influence residential outcomes: income, education, and housing tenure.

In the remainder of the chapter, I review findings from previous research that has used

Schelling models to investigate the link between preferences and segregation. I outline the

specification of the Schelling models I employ in my analysis, and discuss the segregation

measures I use to evaluate levels of segregation across models. I then present the results from
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the Schelling models. I evaluate the differences between segregation indices in SP and RH

simulations, and also examine which groups account for differences across sets of simulations.

Finally, I conclude and suggest directions for future research.

4.1 Background: Schelling Models and the Importance

of Preferences

Schelling models (Schelling 1971) have become a work horse for understanding how in-

dividual behaviors interact to generate residential segregation. A Schelling model is an

example of an agent-based model (ABM). ABMs posit a set of actors (“agents”) following

behavioral rules thought to produce an aggregate, social outcome. The models attempt to

“grow” macro-level phenomena from the bottom up, in the process testing hypotheses about

what behaviors are sufficient or necessary to generate particular macro-level patterns, and

under what system conditions (Axelrod 1997; Epstein 2006; Epstein et al. 1996).

Schelling’s ABM examines whether institutional housing market discrimination is nec-

essary, or whether racial preferences are sufficient to generate high levels of between group

residential segregation. The original Schelling model places a group of “Black” agents and

a group of “White” agents on a two-dimensional grid of housing units, as depicted in Fig-

ure 4.1.1 The agents move around the city according to preferences for neighborhood racial

composition, and nothing more.2 The original Schelling model stipulates that the two racial

groups have different preferences. In the typical simulation, Black agents are willing to live

in neighborhoods that are between 0 and 50% Black, while White agents are willing to live

in neighborhoods that are between 0 and 50% White. Beyond these ranges, agents leave

their neighborhoods and find new homes in more suitable neighborhoods.

Segregation in the Schelling model evolves in dynamic, complex ways. The Schelling

1As Schelling points out, imputing races to the groups is just one approach. The groups could also
represent other social categories, such as gender, class, age and so on (Schelling 1971).

2Neighborhoods are typically defined relative to cells as in figure 4.2, with neighborhood racial composition
calculated over a pre-determined set of surrounding housing units.
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model is dynamic because it proceeds in time steps and allows agents to change their lo-

cations over the course of the simulation. At each time step, agents evaluate their current

neighborhoods and potential destination neighborhoods with respect to their preferences.

An agent moves to a new neighborhood if that neighborhood better matches its preferences

than the current neighborhood. The models are complex because choices by each agent

change the contexts in which all other agents make their choices. As agents update their

locations in each time step, neighborhood compositions change. This induces other agents

to make moves and so on until either all agents are satisfied (static equilibrium), or until the

measures of residential segregation cease to change (dynamic equilibrium).

Schelling’s simulation model shows that institutional discrimination is not necessary to

generate high degrees of segregation. The internal dynamics of the system generate nearly

complete segregation, with Blacks living in almost entirely Black neighborhoods and Whites

living in almost entirely White neighborhoods by the end of the simulation. Extensive

macro-level segregation “condenses” out of micro-level preferences, even though no single

agent prefers entirely own-group neighborhoods to mixed neighborhoods, and no exogenous

forces compel Blacks or Whites to live in neighborhoods that do not match their preferences.

Increases in computational power have made it possible to interrogate the behavior of

Schelling’s model under a number of different initial conditions and behavioral assumptions.

Initial conditions, like city dimensions and racial mix, can affect the long-run levels of seg-

regation observed in Schelling models (Fossett and Dietrich 2009; Laurie and Jaggi 2003).

Other features of the housing market, like housing quality and housing prices, can articulate

with racial composition preferences to generate segregation (Clark and Fossett 2008; Zhang

2004; Bruch 2014).

Most importantly for the present chapter, segregation patterns can play out differently

when preferences follow functional forms estimated from empirical data. For example, if

preferences are continuous functions of percent out-group, as estimated from observed data

for Detroit, then less long-term segregation results, as compared to when preferences follow
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a discontinuous threshold function, as in Schelling’s original model (Bruch and Mare 2006).

This result is moderated by the degree to which preferences are deterministic (i.e., the

frequency with which agents choose neighborhoods that they rank the highest). Continuous

preference functions can be more conducive to high levels of segregation when choices are

made more deterministically (Van De Rijt et al. 2009; Bruch and Mare 2009).3

Even continuous preference functions, estimated from individual level data, may give a

misleading impression of the set of preferences operating in the population. Approaches

used to estimate preference functions often assume that preferences are homogeneous within

racial groups, and that agents’ choices are partly random. Another interpretation of evidence

from preference data is that preferences are heterogeneous and deterministic within racial

groups (Xie and Zhou 2012; Farley et al. 1993, 1978). When agents in Schelling simulations

are assigned heterogeneous preferences and each agent follows a deterministic decision rule,

long-run levels of segregation can be lower than when preferences are continuous and ho-

mogeneous within groups, with agents following probabilistic decision rules (Xie and Zhou

2012).4 Clearly within group variations in preferences, not just between group differences,

can influence macro-level segregation patterns.

These studies all suggest that preferences are culpable in generating or preserving some

level of segregation between racial groups in the United States. However these studies do not

prove that preferences, and preferences alone, are responsible for the levels of segregation

that we do observe in the United States today, even disregarding the obvious inertia of segre-

gation regimes established in the middle of the 20th Century. The importance of functional

form, randomness, and heterogeneity in mitigating long-run segregation in Schelling models

suggests that studies that rely on arbitrary assumptions about the shape and distribution

of preferences may misstate the tendency of preferences to generate segregation.

3Benenson et al. (2009) discuss a number of ways to implement deterministic or probabilistic migration
rules.

4These results are somewhat at odds with Clark and Fossett (2008), who report that long-run segregation
levels are the same whether heterogeneous or homogeneous preferences are assumed. However, Clark and
Fossett do not ground their assumptions about heterogeneity in empirical data, as Xie and Zhou do. Instead,
they rely on an arbitrary normality assumption.
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In addition, analyses presented in Chapter 2 suggest that the functional form and strength

of stated preferences differ from how race and racial composition affects actual migration.

In particular, it appears that non-Whites fall short of achieving their desired proximity to

Whites. This implies that the force of race in the actual housing market may drive the

system towards greater levels of segregation than would be observed if racial groups were

actually able to realize their preferences. I thus hypothesize that Schelling models based on

SP data will tend to yield lower levels of segregation than Schelling models based on RH

data. I further expect that groups who fall short of matching their preferences will endure

less segregation in SP simulations than in RH simulations.

4.2 Methods: Schelling Model Specification

I implement a continuous time Schelling residential mobility model to tease out the

implications of SP-RH differences for patterns of residential mobility and racial segregation.

The continuous time model is a minor modification of the discrete time Schelling models

used in much previous research. Constructing this Schelling model requires two sets of

specifications: structural and behavioral. The structural specifications define the city in

which agents will move–its shape, size, boundaries, and the composition of its population

and housing units. The behavioral specifications define how agents in the city respond to

these structural constraints, their neighborhood contexts, and the actions undertaken by

other agents.

4.2.1 Structural Specification

The structural parameters play crucial roles in determining the trajectories of racial seg-

regation in Schelling models. These structural parameters enter into the city initialization

process, which is diagrammed in Figure 4.3. The structural parameters relate both to the

geometry of the artificial city, and the initial make up and distribution of the agents who

populate the city.

City Geometry. As in the original Schelling model, I assume a square, two-dimensional
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artificial city. The city is carved up into a grid of uniformly sized square cells, as shown

in Figure 4.1, with each cell representing a housing unit into which an agent may move,

conditional on it being vacant. I assume that the city is 100 cells long by 100 cells wide,

for a total of 10,000 housing units. The boundaries of the city are fixed. This means that

agents considering moves into or out of neighborhoods at the edges of the city grid evaluate

neighborhoods with a restricted number of housing units as compared to agents considering

neighborhoods in the middle of the grid.5

Population Composition. I specify the racial composition of the agent population to be

roughly comparable to that of Los Angeles in the early 2000s, with 40% Latino represen-

tation, 30% White representation, 15% Black representation, and 15% Asian representa-

tion. I assume that preference heterogeneity is perfectly aligned with group membership—

preferences differ between groups, but are homogeneous within groups.

Population Distribution. Finally, I specify the distribution of the population across the

city. Like Schelling, I assume that agents are randomly distributed across housing locations

on the grid. This initial distribution of agents corresponds to an unsegregated state. I

leave 20% of the cells vacant, enabling agents to move to new places on the grid without

immediately displacing other agents.6

4.2.2 Behavioral Specification

Behavioral specifications in a Schelling model define the calculus agents use in determining

when and where they will move during the course of the simulation, subject to the con-

straints and conditions imposed by the structural specifications. Behavioral specifications

include both parameters that are specified at the outset of the simulation, and rules that are

embedded into the simulation code. Agent vision is a parameter that determines how many

5Alternatively, I could specify periodic boundaries. Periodic boundary conditions treat the “square” grid
as a two-dimensional torus that is essentially boundary-less. In previous research, these choices tend not to
exert a strong influence on the evolution and equilibria of the simulations.

6Past research has shown that segregation outcomes are somewhat sensitive to vacancy rates (Singh et al.
2009). In future research, I test the sensitivity of my conclusions to different assumptions about the vacancy
rate.
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housing units agents include in their definition of a neighborhood. Preferences are repre-

sented by coefficients (parameters) which stipulate how agents translate a neighborhood’s

racial composition into a neighborhood rating that guides migration decisions. How agents

time their migration is determined by rules contained in the simulation code. Rules also

determine how neighborhood ratings are translated into moves.

Agent Vision

The agent vision parameter determines how many and which cells agents include in their

neighborhood definitions, and thus when determining each neighborhood’s racial composi-

tion. I assume that agents can see neighbors for two cells in any cardinal or diagonal direction

around a candidate cell. This vision corresponds to a 5×5 Moore neighborhood around cells

that agents consider as potential residences, as shown in Figure 4.2. I choose this configura-

tion because it roughly corresponds to the size of the hypothetical neighborhoods L.A.FANS

responders evaluated during the neighborhood preference vignettes.7

Functional Form of Preferences.

Agents’ preferences are given by their group memberships. I assume that agents only eval-

uate neighborhoods on the basis of their own group membership and neighborhood racial

composition. In accordance with the discrete choice models developed in Chapter 3, and

employed in Chapter 2, each agent, i, assigns a utility to each neighborhood, j, in migra-

tion instance t, based on a second degree polynomial in the racial composition of those

7In general, it doesn’t appear that equilibrium levels of segregation differ much based on reasonable
assumptions about the shapes that agents use to define neighborhoods. However, levels of segregation can
differ substantially depending on the size of the neighborhoods agents evaluate (Fossett and Dietrich 2009;
Singh et al. 2009). In future work, I will test whether the conclusions I present here stand up in the face of
different assumptions about agent vision.
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neighborhoods:

V RH
ijt = βRH

i1 LATINOjt + βRH
i2 LATINO2

jt + βRH
i3 BLACKjt + βRH

i4 BLACK2
jt

+ βRH
i5 ASIANjt + βRH

i6 ASIAN2
jt + βRH

i7 WHITE2
jt

(4.1)

I specify the racial composition preference parameters, β, based on results obtained for

L.A.FANS respondents in Chapter 1. These parameters are displayed in Table 2.5. I test

three distinct sets of βs to test the implications of SP-RH differences for macro patterns of

residential segregation. First, I test βs that reflect the preferences implied by responses to the

rank SP vignette. Second, I test βs that correspond to preferences observed in the ideal SP

vignette. Third, I test “preferences” based on the racial composition coefficients estimated

from L.A.FANS respondents’ residential histories. Over the course of the simulation, I assume

that preferences are static within agents.

Timing

I use a continuous time adaptation of the Schelling model to generate migration during

simulation. The agent migration process for this continuous time model is diagrammed in

Figure 4.4. The continuous time model runs a timer, which I take to be in units of months.8

The model begins at month zero, and then proceeds forward in a continuous time until the

model is terminated.9

The model begins by randomly assigning each agent to a cell (Step 0 in Figure 4.4).

Agents “move” to this cell at the beginning of the simulation and become residents (Step

8The clock is arbitrary, and its units can be chosen to suit the analyst’s modeling goals. I use months
because this seems a reasonable time scale for housing choices. Note, the timer runs as fast as the model
can be computed. It is an organizing mechanism for the computations.

9To the best of my knowledge, all previous Schelling models have used a discrete time implementation.
Discrete time Schelling models proceed in a series of steps. At each step, a single agent is selected as a
potential mover, and either remains in place or moves to a new neighborhood, in accordance with the rules
of agent behavior and the attributes of the agent’s origin neighborhood and the available neighborhood
alternatives. The model is stepped until all agents are satisfied, according to their preferences, or until an
equilibrium level of segregation is attained.
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1). Upon becoming a neighborhood resident, the simulation assigns a randomly generated

clock to each agent. The clock is drawn from an exponential distribution, with a mean

six month duration. This clock determines the wait time until the agent’s next housing

search (Step 2). At every moment during the simulation, each agent is on one of these

timers. Because each agent has its own randomly generated timer, the ordering of moves is

effectively randomized.10

Mapping Preferences onto Moves

When an agent’s clock/timer expires, the agent immediately transitions into a housing search

(Figure 4.4, Step 3). The housing search begins with agents assembling a choice set of 20

randomly selected empty housing units. To this choice set, the agent adds its own housing

unit. With this choice set in hand, the agent then proceeds to the neighborhood choice stage

(Figure 4.4, Step 4).

The neighborhood choice involves several calculations. First, the agent characterizes

each housing unit in the choice set according to the racial composition of the surrounding

neighborhood. Using the coefficients shown in Table 2.5 and the functional form in Equation

4.1, the agent assigns a utility to each neighborhood in the choice set (Figure 4.4 Step 4(a)).

Finally, I use the conditional logit formula in Equation 4.2 to transform neighborhood utilities

into choice probabilities (Figure 4.4 Step 4(b)):

Pijt =
exp (θVijt)∑

k∈Cit
exp (θVikt)

(4.2)

10In other versions of the model, I allow other events besides timer expiration to push agents into a housing
search. In particular, I allow a change in the neighborhood composition to spur a move into the housing
search phase. This leads to essentially the same equilibrium levels of segregation, but the convergence is faster
in model time and slower in processor time. Many agents are in sub-optimal neighborhoods at the beginning
of the simulation, with some moving quite early on. Each of these early stage moves spurs many other
agents to reconsider their residential locations earlier than they would have otherwise. These agents often
find that a different neighborhood would be more suitable. However, moves induced in this way diminish as
the simulations advances and agents increasingly find themselves in satisfactory neighborhoods.
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Using a probabilistic expression to dictate agent choices introduces an extra degree of ran-

domness into the evolution of the system, besides the randomness in the initial distribution

of agents and the timing of their moves. The conditional logit probability expression places

non-zero choice probabilities on all neighborhoods in the choice set. Even neighborhoods

that are highly undesirable according to the utility function have a chance, albeit slim, of

being selected during migration. This means that agents occasionally select neighborhoods

that provide lower utility than other neighborhoods in their choice sets. I tune the amount

of randomness in agents’ choices using the parameter θ, which is sometimes referred to as the

scale parameter. θ is a positive or zero valued real number. If θ = 0, then each neighborhood

in the choice set is given the same choice probability, and neighborhood choices are made

entirely at random. At higher values of θ, choices are made more deterministically, with

greater choice probabilities assigned to neighborhoods that provide the highest utilities. In

the limit, θ →∞, choices are made entirely deterministically, and agents always choose the

neighborhood that provides the highest utility. The scale parameter can play an important

role in determining equilibrium levels of segregation in Schelling models that rely on proba-

bilistic choices (Van De Rijt et al. 2009; Bruch and Mare 2009). I examine the behavior of

both ideal SP, rank SP, and RH based Schelling models across a range of θ values to ensure

that my results are not sensitive to my specification of θ.11

I use a multinomial random sampler to assign agents to neighborhoods in their choice

sets based on the above expression for the choice probabilities (Figure 4.4 Step 4(b)). Once

a neighborhood is selected, the agent then moves to the new cell, becomes a resident, and

the cycle begins again (Figure 4.4 Step 1). Steps 3 through 4 in the migration process all

happen simultaneously from the perspective of the model. I run the model for 20,000 time

steps (i.e., 20,000 months), to ensure that the model attains equilibrium, but in general,

approximate equilibrium is reached in approximately 5,000 time steps.

11I also examined a model in which agents make deterministic housing choices, i.e., in which agents always
choose to reside in neighborhoods that provide highest utility values. The results obtained from these models
are in close agreement with the results obtained when using θ values in the range 5-10. Qualitative snapshots
of these deterministic simulations are presented at the bottom of Figures 4.7 and 4.8.
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4.2.3 Measuring Segregation

I assess the degree of segregation obtaining in SP and RH based Schelling models using

two measures of segregation. Theil’s entropy index provides a single, multi-group summary

measure of the degree of segregation that is amenable to decomposition. I also produce

more traditional, pairwise dissimilarity indices. These indices identify which groups are

more segregated across SP and RH based models. In my analyses, I evaluate the evolution

of these indices over the run time of each model, from 0 to 20,000 model time units. I

also compare these values at approximate equilibrium, 10,000 model time units into each

simulation.

Theil’s entropy index, H, is a valuable measure of multi-group segregation with a num-

ber of unique and desirable properties (Theil and Finizza 1971; Theil 1972; Reardon and

Firebaugh 2002). It provides a single, summary measure of the evenness with which differ-

ent groups are distributed across the city. Fundamentally, the entropy index compares the

representation of groups at the population level with the representation of those groups in

each neighborhood unit. Higher entropy scores can result when many neighborhoods’ racial

compositions fall out of line with the population composition, when some neighborhoods

greatly deviate from the city’s racial composition, or both.

To calculate the entropy index, first I divide the city up into J exhaustive and mutually

exclusive neighborhoods, indexed by j. I assume that the neighborhoods are fixed 5×5 Moore

neighborhoods dividing the 100 × 100 city geography into a grid of 400 neighborhoods. I

index the Latino, White, Black, and Asian groups (M = 4) in the simulation by m. I then

calculate entropy scores for the city as a whole (E), and for each neighborhood (Ej). The

city’s entropy score is given by

E =
M∑

m=1

πmln

(
1

πm

)
(4.3)
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and each neighborhood’s entropy score is given by

Ej =
M∑

m=1

πjmln

(
1

πjm

)
(4.4)

where πm is the representation of group m at the city level and πjm is the representation

of group m in neighborhood j. The entropy index is the population weighted mean of the

relative deviation of each neighborhood’s entropy score from the city’s entropy score:

H =
J∑

j=1

tj
T

(E − Ej)

E
(4.5)

where tj is the total population in neighborhood j, and T is the total population of the

city. The entropy index varies from 0 to 1, with a value of 0 indicating no segregation,

and a value of 1 signaling complete segregation of groups. A nice feature of the entropy

index is that it can be easily decomposed into the contributions of each group. Substituting

Equations 4.4 and 4.3 into 4.5 and reorganizing yields:

H =
M∑

m=1

J∑
j=1

tj
TE

(
πmln

(
1

πm

)
− πjmln

(
1

πjm

))
(4.6)

I make use of this decomposition to explore which groups contribute the most to segre-

gation differences between SP and RH based simulations.

One drawback of the entropy index is that it does not depict which particular groups

are segregated from which other groups. If, based on a decomposition, it appears that

Whites contribute the most to the entropy index, is this because they are highly segregated

from Blacks, Latinos, Asians, all three, or some combination of the three? To answer these

questions, I turn to the index of dissimilarity, a classic measure that has been used extensively
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across studies of racial segregation in the United States (Taeuber and Taeuber 1965, 1976;

Massey and Denton 1993; Timberlake and Iceland 2007). For two groups, m and n, the

dissimilarity index across neighborhoods, indexed by j, is given by:

Dmn =
1

2

J∑
j=1

∣∣∣∣tjmTm − tjn
Tn

∣∣∣∣ (4.7)

Tm and Tn are the total counts of the groups m and n in the city population, respectively.

tjm and tjn are the counts of the respective groups in neighborhood j. The dissimilarity index

ranges from 0 to 1. A value of zero corresponds to a state of complete integration, whereby

the representations of groups m and n in each neighborhood matches that of the city as a

whole. A value of 1 indicates complete segregation, where no members of either group live

in neighborhoods populated by the other group.12. The inclusion of four racial groups in

the simulations yields six pairwise dissimilarity indices: Latino-White, Latino-Black, Latino-

Asian, Black-White, Asian-White, and Black-Asian.

4.3 Results

I simulate the above Schelling model for ten values of the scale parameter and three sets of

coefficients—rank SP, ideal SP, and RH. For each combination of the scale parameter and

preference coefficients, I perform 10 simulations, each with a different random seed, yielding

a total of 300 simulations.

There are several outputs from these models. I first present graphs of segregation statis-

tics as a function of time. I appeal to these graphs to confirm that an equilibrium level of

segregation is reached. I pair these graphs with snapshots that provide a qualitative view of

12Under random assignment to neighborhoods, the expected value of the dissimilarity index is not 0, but
instead depends on the city-level representation of the groups (Winship 1977). Achieving a value of zero
requires some concerted effort to spread the population evenly. This does not affect the present analysis
because the population composition is held constant across analyses. An adjustment would be necessary if
I were to compare simulations in which populations had different compositions.
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the evolution of the population distribution over the course of simulations. I then focus on

differences between SP and RH based simulation. I examine whether equilibrium levels of

segregation differ for simulations based on the RH racial composition coefficients and those

based on SP coefficients. I also examine whether the results are consistent across different

assumptions about the scale parameter, θ. Finally, I examine which groups contribute the

most to segregation indices, and to which groups I can attribute SP-RH differences.

4.3.1 Attaining Equilibrium

Plots of both the entropy index and dissimilarity indices over time suggest that the Schelling

models reach convergence. Figure 4.5 depicts the convergence of the entropy index. Figure

4.6 depicts the convergence of the dissimilarity indices. With some minor variations, for each

set of ideal SP, rank SP, and RH based simulations the Schelling model appears to reach

convergence after approximately 5,000 time steps. The models reach segregated equilibria

across values of the scale parameter, suggesting that the equilibrium is dynamic—it holds

even when agents’ moves are highly random and they remain continuously mobile.

The plots of the entropy index over time also suggest that segregation in RH based simu-

lations exceeds that observed in rank SP based simulations. The same appears to hold true

for the ideal SP based simulations, although with the qualification that the scale param-

eter influences this result. The discrepancy between rank SP and RH simulations on this

multi-group measure of segregation does not, however, appear to extend to pairwise mea-

sures. Plots of dissimilarity indices, which indicate the degree of segregation between pairs

of groups, suggest that levels of Latino-Black segregation are more or less consistent across

simulations based on RH and rank SP coefficients. Again, the comparison of dissimilarity

indices for ideal SP and RH based simulations hinges on the scale parameter setting.
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4.3.2 Qualitative View of Segregation

Visual inspection of the segregated landscape after 10,000 steps confirms qualitative differ-

ences between SP and RH based simulations. Figure 4.7 depicts the population distribution

for sample RH based simulations. Figure 4.8 depicts the evolution of the population distribu-

tion for sample rank SP simulations. Both sets of figures display sample simulations started

from the same random seed. This means that each of the simulations pictured begins with

the same initial, pseudo-random distribution of agents. The rows of sub-figures correspond

to different values of the scale parameter. Columns correspond to time points.

In the RH based simulations (Figure 4.7), large blocks of Whites and Latinos form, even

when the scale parameter is held at a relatively low value of 1. At higher values of the scale

parameter, large blocks of Latinos also develop. Blacks are largely excluded from Asian and

White areas in all cases. At low values of the scale parameter, Blacks are intermingled with

Latinos, but at high values of the scale parameter, Blacks are also excluded from Latinos’

neighborhoods. However, rather than forming large blocks of uniformly Black neighborhoods,

as Latinos, Whites, and Asians do, Blacks tend to occupy thin neighborhood bands in the

interstices between Latino, White, and Asian neighborhood blocks.

In the rank SP case (Figure 4.8) segregation barely manifests when the scale param-

eter is held at the low value of one. At higher values of the scale parameter, noticeable

segregation condenses out of the initial random distribution of agents. The patterns of seg-

regation differ qualitatively from those observed in the RH case. First, White and Latino

clusters are directly adjacent to each other. In the RH based simulations, White and Latino

clusters are separated by bands of Black neighborhoods. Second, the White neighborhoods

and Asian neighborhoods are less monolithic. While larger clusters of Whites do appear,

smaller pockets of Whites also dot the landscape. In the case of Asians, their behavior bears

greater resemblance to that of Blacks in the RH case. There are no large blocks of Asian

neighborhoods. Instead, ribbons of Asian neighborhoods compete with strands of Black

neighborhoods in wrapping around Latino and White neighborhoods. The slightly more

109



interspersed patterns in the SP simulations compared to the RH simulations suggest that

levels of segregation measured by segregation indices will be lower as well.

4.3.3 SP-RH Differences: Entropy

Next I quantify the degree of difference between segregation in the SP and RH simulations

and more carefully assess whether those differences persist across different assumptions about

the degree to which choices are made randomly. I present mean entropy and dissimilarity

indices for simulations based on different SP and RH racial composition coefficients, and for

different values of the scale parameter. Table 4.2 contains the entropy indices and Table

4.1 contains the dissimilarity indices. Because I executed ten randomly seeded simulations

for each set of coefficients and each value of the scale parameter, these tables also contain

standard deviations. However, relative to the value of the indices, the standard deviations are

quite small, and in general t-tests reveal most between scenario differences to be statistically

significant.13

Table 4.2 confirms that the entropy index is significantly lower in the rank SP case

than in either the ideal SP or the RH cases. Segregation in the rank SP case is very low

(H = 0.092) when the scale parameter is set to 1. In contrast, entropy in the RH case

falls significantly above zero (H = 0.498) and entropy in the ideal SP case is even higher

(H = 0.739). The difference between the rank SP and RH simulations declines as the scale

parameter is increased, but their relative rankings remain the same. Even at high values of

the scale parameter (θ = 5) the rank SP entropy index is lower than in the RH and ideal SP

simulations. While the entropy difference when θ is set to 5 is not as dramatic as when θ is set

to 1, the segregation in the RH simulations is over 25% higher ((0.839−0.660)/0.660 = 0.271)

than in the rank SP simulations. This gap is not negligible. While this does suggest that

segregation is largely due to preferences, this also leaves substantial space for other race-

13These standard deviations neglect to treat the uncertainty in the parameter estimates. Future versions of
this work will take account of uncertainty in parameter estimates by using the estimated coefficient variance-
covariance matrix in conjunction with asymptotic normality assumptions to draw multiple plausible values
for the preference coefficients, running simulations for each draw of the coefficients.
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related factors to exacerbate segregation.

I confirm that the SP-RH differences are not unique to the scale parameters presented

in Table 4.2 by plotting the equilibrium entropy index in the SP and RH cases as functions

of the scale parameter. Figure 4.9 confirms that segregation in RH simulations exceeds

that in rank SP simulations across a broad range of assumptions about the scale parameter.

However, there is crossover in levels of segregation for the ideal SP and RH simulations when

θ = 2, after which segregation in the RH simulations exceeds that observed in the ideal SP

simulations. In fact, the level of segregation to which the ideal SP simulations converge does

not vary substantially across different assumptions about the scale parameter. This suggests

that individuals’ responses to the ideal SP vignette in L.A.FANS are more certain than their

responses to the rank SP vignette. This is not to say that the ideal SP vignette provides

a better characterization of preferences, just that the preferences are sharp enough to leave

their implications in simulation mostly unaffected by the scale parameter.

In sum, simulations based on stated racial preferences for residents of Los Angeles lead to

a more even distribution of groups, and hence lower levels of segregation, than in simulations

based on “revealed” preferences derived from residential history data. The implication is that

while stated preferences are conducive to some degree of segregation, as previous studies have

suggested, they do not, necessarily, square with observed levels of segregation. The inability

of some groups to achieve their preferences leads to greater segregation than there might

otherwise be, at least when we abstract away from other housing market factors, such as

income, wealth, education, and household needs.

4.3.4 Decomposing the Entropy Index

The preceding analysis tells us very little about which groups are more or less segregated

in RH as opposed to SP cases. Is the degree of segregation uniformly lessened for Latinos,

Whites, Blacks, and Asians, or are there differences across these groups? To answer this

question, I decompose the entropy index from SP and RH simulations into the separate
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contributions of the four racial groups. I then compare contributions across SP and RH

simulations to determine which groups are most responsible for differences in the equilibrium

entropy index. The entropy index decomposition is based on Equation 4.6. Table 4.2 contains

the result of the decomposition.

Within scenarios, Latino and White groups have the highest contributions to the entropy

index. However, differences in the segregation of Whites and Asians contribute most to lower

segregation in the rank SP case relative to the RH case. Differences in the distribution of

Whites account for approximately 35% of the difference between rank SP and RH simulations

( (0.238 − 0.174)/(0.839 − 0.660) = 0.352). Differences for Asians account for another

36% ( (0.204 − 0.141)/(0.839 − 0.660) = 0.358). Latinos, on the other hand, account for

approximately 24% of the difference, and Blacks account for only 6%. This result aligns

with the previously discussed qualitative results in Figures 4.7 and 4.8. White neighborhood

clusters in the SP case are adjacent to a greater variety of neighborhoods, including Asian

and Latino neighborhoods. This differs from the RH case, in which White neighborhoods

are surrounded by thin rings of Blacks. At the same time, White neighborhood blocks are

smaller and more dispersed in the SP case. These all suggest lower levels of segregation

for Whites. Meanwhile, condensed Asian neighborhood clusters never form in the SP case

as they do in the RH case. Instead, Asians attain greater contact with Latino and White

neighborhood clusters, while also intermingling with Blacks. Both sets of figures exhibit large

blocks of Latino neighborhoods, but these neighborhoods are adjacent, to various degrees, to

both White, Asian, and Black neighborhood clusters, rather than being separated by bands

of Black neighborhood clusters. Blacks continue to be arrayed in thin bands around other

ethnic neighborhood clusters, but these bands are less continuous than in the RH case.

This does not necessarily imply that it is the behaviors of Asians and Whites that lead to

the SP-RH differences. The complexity of social interactions in Schelling models generally

precludes such facile conclusions. Naturally, the lower segregation of Whites in the rank SP

case, for example, could be due to Whites expressing more tolerant preferences than they
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appear to follow in the real housing market, but SP-RH differences in the preferences of

Blacks, Latinos, and Asians may also factor into it. Their inability to translate preferences

into migration in the RH case may be the source of lesser White segregation. And of course,

the lower levels of segregation could be due to the complex interaction between all groups’

preferences. Examination of segregation measures for pairs of groups can help to shine

additional light on these questions.

4.3.5 Dissimilarity Indices

The entropy index does not resolve which groups are segregated from each other. If Whites

are less segregated in the rank SP case than in the RH case, this could be due to greater

exposure to Latinos, Asians, Blacks, or some combination of the three. Here, the dissimilarity

index offers some purchase. I calculated the dissimilarity index at the 10, 000th time step for

each set of preferences and each value of the scale factor. Dissimilarity indices for a selection

of scale parameter values are shown in Table 4.1. Figure 4.10 plots the dissimilarity as

a function of the scale parameter for the six possible racial pairs. I focus on the results

for Whites and Asians, because they account for a majority of the difference between the

entropy index in rank SP and RH simulations, but the other groups inevitably factor into

the conversation. I set aside discussion of the ideal SP data because of concerns about how

well these data actually represent the preferences that people bring to the housing market.

The lower segregation of Whites in the rank SP simulations is primarily driven by their

greater integration with Latinos and Asians. Of the three dissimilarity indices that in-

volve Whites in Table 4.1—White-Latino, White-Black, and White-Asian—White-Latino

and White-Asian segregation indices are substantially lower in the rank SP case. Black-

White segregation is only lower in SP simulations when the scale parameter is held at a

value below seven. At higher values of the scale parameter, Black-White segregation does

not differ between SP and RH simulations. Even when the Black-White dissimilarity is lower

in the rank SP case, the gap between it and the dissimilarity index in the RH case is rela-
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tively small. This suggests that greater integration of Blacks with Whites is not responsible

for lower White segregation in the rank SP case.

Re-examination of the plots of neighborhood choice probabilities discussed in Chapter

2 provides some suggestive evidence that both Asians’ preferences and Whites’ preferences

are leading to their lower segregation in the Rank SP simulations for Whites. Whites state

a preference for some mixing with Asian neighbors, assigning higher choice probabilities to

neighborhoods with nominal (2̃0%) Asian representation (see Figure 2.10). Their actual

neighborhood choices, however, betray a weak tendency to move to neighborhoods with no

Asian representation at all. Meanwhile, Whites’ stated preferences for White neighbors are

weaker than is implied by Whites’ actual residential mobility (Figure 2.9). Asians, on the

other hand, state both a stronger preference for Asian neighbors, and a slightly stronger

preference for Whites as neighbors in the RH data relative to the rank SP data.

For Latino-White segregation, lower levels of segregation in rank SP simulations might be

spurred by the greater desire on the part of Latinos to have White neighbors. The predicted

probabilities shown in Figure 2.5 show that Latinos have a stronger preference for White

neighbors, or at least a greater willingness to live with Whites, in the rank SP data than

they realize in their residential histories. However, Latinos’ residential histories suggest that

they are unable to live with as many Whites as they would like, even controlling for several

other factors that might impede Latinos in matching their preferences. Based on qualitative

snapshots in Figure 4.8, this greater willingness to live near Whites appears to translate not

into mixed Latino-White areas, but rather clusters of White and Latino neighborhood that

directly border each other. This stands in contrast to the bands of Black neighborhoods that

separate Latino and White neighborhoods in the RH simulations. Shared borders are the

source of more Latino-White integration in the SP simulations.

In addition to lower Asian-White segregation, Asian-Black segregation appears to con-

tribute to lower Asian segregation in the rank SP simulations. According to Table 4.1,

Asian-Black segregation is lower in the rank SP scenarios across all values of the scale pa-
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rameter. It is difficult to attribute this directly to Asians’ and Blacks’ preferences for Asian

and Black neighbors. However, the visual patterns of segregation shown in Figures 4.7 and

4.8 suggest one possible explanation. Absent any change in preferences for Asian and Black

neighbors, a stronger tendency for Asians to live near Whites and a weaker tendency to live

near other Asians and avoid Blacks might bring Asians into greater contact with Blacks in

the rank SP case. This result may also depend on Black desires to live with some Whites,

and willingness to live in neighborhoods with some Asian representation.

4.4 Discussion and Conclusion

This paper attempts to determine whether stated racial composition preferences, differing

among broadly construed racial groups, conduct populations toward more or less segregation

than implied by the effects of racial composition on residential mobility in the real housing

market. If people were able to move to the neighborhoods they claim to prefer, would that

tend to lead to more or less segregation than we actually observe? To answer this question, I

implement Schelling-like agent based models of inter-neighborhood migration. These models

stipulate four distinct sets of actors, representing four broad racial groups in Los Angeles

County: Latinos, Whites, Blacks, and Asians. Members of these groups populate an artificial

city, represented by a two dimensional square grid, and then move about this city according

to a set of racial preferences. Rather than assuming a threshold function for preferences,

as many Schelling models do, I follow Bruch and Mare (2006) and bestow preferences on

groups of agents according to empirical models. In one set of simulations, I assign racial

composition preferences to agents based on empirical models of stated preferences (SP)

presented in Chapter 2. Notionally, the SP reports represent the racial composition of

the neighborhoods where people most wish to live, free from housing market constraints.

In another set of simulations, agents draw their racial preferences from empirical models

of residential mobility contained in Los Angeles residents’ residential histories (RH). These
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“preferences” actually represent the interactions between racial preferences and other housing

market constraints and preferences, including racial discrimination and the desire to live near

family and friends.

I characterize the evolution of these simulations using two sets of segregation measures,

one multi-group measure, the entropy index, and dissimilarity indices, which track the level

of segregation between pairs of groups. The entropy index shows that, under a broad array of

assumptions about the degree of randomness in agents’ housing choices, simulations based on

the stated preferences tend to yield lower levels of segregation than simulations based upon

residential history data. Conservatively, RH based simulations yield entropy indices that are

more than 25% higher than those observed in SP simulations based on the rank SP vignette

discussed in Chapter 2. That is, the influence of race in the real housing market tends to

generate higher levels of segregation than is implied by preferences alone. Decomposition

of the entropy index and examination of dissimilarity indices reveals that lower levels of

segregation among Whites and Asians, and to a lesser degree, Latinos, explains much of

the SP-RH difference. In particular, levels of Latino-White, Asian-White, and Black-Asian

segregation are notably lower in SP based simulations than in RH simulations, especially in

simulations based on rank SP data.

The analysis suggests that racial preferences are not the be all and end all of racially

segregating factors at work in the housing market. If racial preferences operate alone, they

tend to yield segregation, yes, but less segregation than manifests when agents move in accor-

dance with the real housing market effects of race and racial composition. Thus, observed

levels of segregation are not fully consistent with, nor are they likely wholly perpetuated

by, racial composition preferences alone. Instead, these results agree with Fossett’s (2006a)

conclusion: “segregation at present, and likely in the recent past as well, has been sustained

by a combination of two sufficient causes—discrimination dynamics and social distance and

preference dynamics.” (p. 258) However, Fossett goes on to claim “If this is the case, there is

little reason to expect segregation to decline immediately and dramatically following declines
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in discrimination because another sufficient cause (namely, ethnic preferences) may still be

operating to sustain segregation at high levels.” To the extent that findings presented here

are driven by discrimination, they give cause for slightly more optimism. While segregation

may well persist in the absence of institutional discrimination, it appears that the abolition

of racially discriminatory practices could lead to reductions in segregation of up to 20%, at

least in cities featuring an ethnic mix similar to Los Angeles.

To be sure, there are elements left out of the models presented here. First, the simulation

models focus purely on race and racial composition, to the detriment of other factors that

could contribute to or mitigate segregation. While the RH based racial composition “pref-

erences” I employ in the simulations net out individual and neighborhood level factors like

home ownership, education, and income, the simulations themselves ignore the possibility

that these factors can interact with race and racial composition in complex ways to produce

segregation (Bruch 2014). And, of course, the RH racial composition effects upon which I

base my Schelling simulations may not appropriately control for socioeconomic factors, like

housing costs or proximity to employment, or social network factors, like the spatial distri-

bution of friends and family, that might explain some of the discrepancies between the racial

preferences people express and the effects racial composition has on real housing market

decisions.

There are also two methodological issues that deserve further consideration. First, the

simulations considered here, and the estimated differences between SP and RH, are based

on the mean racial composition parameter estimates derived from conditional logit models

of preferences and neighborhood choice. I have ignored the uncertainty in the parameter

estimates, but this uncertainty could influence conclusions about the statistical significance

of SP-RH segregation differences. Second, the simulations also ignore the possibility of

preference heterogeneity among respondents nested within groups. However, heterogeneity

may play an important role in mitigating macro patters of segregation (Xie and Zhou 2012).

Future work should more carefully consider both uncertainty about parameter estimates,
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and the possibility of heterogeneity in preferences among agents.

These qualifications aside, this study represents a new stride in the development of models

that bridge the gap between empirical knowledge of housing preferences and racial segre-

gation, on one hand, and simulation-based theoretical understanding of processes of segre-

gation. This study builds on the results presented in Bruch and Mare (2006), and reveals

how empirically measured racial composition preferences can generate different patterns of

segregation than are observed in highly abstracted simulation models that take relatively

un-nuanced views about the shape of preferences. This may provide some encouragement

to those scholars who operate with an implicit understanding that what people want and

what they get in the housing market are unlikely to match, especially in the case of minority

groups. Rather than ceding ground to simulation methodologists, scholars with empirical

interests in interactions between preferences and discrimination should think carefully about

how they can articulate those concerns with simulation models, and so draw out the impli-

cations of processes of housing market discrimination for macro-level segregation outcomes.
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Chapter 5

Conclusion

Residential segregation between racial groups has remained a knotty issue in the United

States. While recent decades have seen declines in segregation between Blacks and Whites

(Logan et al. 2004; Iceland and Sharp 2013), the observed levels of segregation remain quite

high. And Blacks continue to endure greater segregation than broadly construed Asian and

Latino groups, even as levels of Asian and Latino segregation have remained stable or even

increased slightly over the last thirty years. The increase or stability of Asian and Hispanic

segregation has also raised the specter of segmented and downward assimilation for Asian

and Hispanic groups enduring exposure to homogeneous neighborhoods (Zhou et al. 2008).

Race-based residential preferences are frequently tagged as the most likely suspects in

perpetuating racial residential segregation (Fossett 2006a, 2011; Macy and Van De Rijt

2006). This attention has been partly spurred by a recognition that patterns of White flight,

presumably driven by Whites’ desires to avoid minority residential contact, contributed sig-

nificantly to the creation of segregated regimes in the middle of the century (Boustan 2010).

Increasingly, the popularity of simulation models of residential segregation, which show that

observed between group differences in race-based residential preferences alone are sufficient

to induce high levels of segregation, have added theoretically incriminating evidence to the

indictment of residential preferences. The persistence of notable, albeit varying degrees

of in-group preferences among Whites, Asians, Blacks, and Latinos, presented in the pre-

ceding chapters and elsewhere (Farley et al. 1997; Charles 2000, 2007) have led some to
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express skepticism that reductions in racially biased housing market practices, or reductions

in between-group socioeconomic inequalities, will have much effect on levels of residential

segregation (Clark 1991; Fossett 2006a, 2011).

A number of scholars have resisted the notion that preferences alone can sustain the high

degrees of Black-White residential segregation, not to mention segregation between other

groups. Objectors to preference based explanations of segregation have generally fallen into

two camps. One camp explicitly advocates for the capacity of other mechanisms, especially

housing market discrimination, to sustain segregation (Galster and Keeney 1988; Galster

1987, 1988; Massey and Denton 1993; Massey 2005). The other camp remains agnostic about

the causes of observed levels of segregation, but notes that the tendency for preference to

generate high levels of segregation may be over-stated (Bruch and Mare 2006; Xie and Zhou

2012).

Scholars who advocate for other mechanisms, besides preferences, have two social facts

on their side. First, racial disparities in socioeconomic attainments are still an important

feature of the United States and its housing markets. There are persistent gaps between

Blacks and Whites in terms of income, education, and wealth. At the same time, even those

who reach socioeconomic parity with the White majority face poor treatment in the housing

market. Housing market discrimination continues to disproportionately afflict Black and

Latino housing seekers (Yinger 1995; Turner et al. 2002; Ross and Turner 2005; Turner et al.

2013). And even those given fair treatment by real estate agents and landlords may find

it difficult to gain the financial backing they need to enter White neighborhoods (Ondrich

et al. 1999; Reibel 2000). This intellectual camp argues, with some theoretical support (Fos-

sett 2011), that discriminatory housing market regimes, in combination with socioeconomic

inequalities, could contribute substantially to observed levels of segregation.

Those who remain agnostic about explanations of segregation highlight the empirical de-

ficiencies in current models that link segregation to preferences. Importantly, the segregative

tendency of preferences imputed to “agents” in simulation models is sensitive to the speci-
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fication of those preferences. Simulation models directly based on empirical assessments of

preferences appear to yield lower levels of segregation than simulation models that adopt car-

icatured views of preferences, frequently based on threshold functions, that are only loosely

tethered to empirical observations (Van De Rijt et al. 2009; Bruch and Mare 2006; Xie and

Zhou 2012). These results render it less clear whether extant levels of racial segregation can

be attributed to preferences alone. There may yet be a gap between the levels of segregation

observed in the real world, and those implied by direct assessments of preferences, and that

gap could be occupied by other mechanisms.

Significantly, previous theoretical simulations, even those that give careful consideration

to preference functions, have not bothered to examine whether the influence of race and

racial composition in real housing markets mirrors people’s stated, race-based residential

preferences. That is, simulation studies frequently proceed from the unverified assumption

that people get what they say they want when it comes to neighborhood racial composition.1

Blacks who prefer mixed neighborhoods are assumed to migrate in accordance with those

preferences, and Whites who proclaim aversion to non-Whites are likewise able to locate

in neighborhoods consistent with those preferences. But this glosses over the arguments

made by other scholars that not all groups are able to match neighborhood attainments to

preferences. One of the fundamental tenets in the literature on housing market discrimination

is that disadvantaged minorities are unable to gain access to neighborhoods that match their

preferences.

This dissertation has re-examined the question of whether, and how much, segregation

can be attributed to preferences, as opposed to other, race-related forces that operate in the

housing market. It has done so in three ways. First, it has developed methods for comparing

neighborhood preferences to neighborhood attainments. Second, it has used those methods

to analyze empirical data describing preferences and inter-neighborhood migration in Los

Angeles. Third, it has simulated segregation processes based on the empirical analyses of

1A recent exception is Bruch (2014), who uses data on migration to infer “revealed” preferences, and then
applies these inferred preferences in simulation models.
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preferences and residential histories.

Chapter 2 compared stated preferences for racial composition to the effect of racial com-

position on actual housing market outcomes (“revealed preferences”). Theories of residential

segregation suggest that preferences and neighborhood attainments will be at odds for some

groups. This chapter provided tests of these conjectures. Stated preference data, from neigh-

borhood vignettes, and revealed preference data, in the form of residential histories, were

obtained from the Los Angeles Family and Neighborhood Survey. I used discrete choice mod-

eling techniques to test whether preferences and actual neighborhood choices matched, and

whether some groups matched preferences to actual choices more successfully than others. I

accounted for the matching of people to neighborhoods according to income, education, and

home ownership using statistical controls at both the individual and neighborhood levels. I

also accounted for the spatial contingency of residential mobility by introducing controls for

distance migrated.

Results from Chapter 2 showed that Blacks, Latinos, and Whites in Los Angeles are

all, to some degree, unable to migrate in accordance their neighborhood racial composition

preferences. However Latinos and Blacks endure greater mismatch between their stated

preferences and their residential experiences than Whites do. After controlling for sorting

on socioeconomic and other non-racial variables, Latinos face the greatest disadvantages.

Relative to their preferences, Latinos are over-exposed to other Latinos, and under-exposed

to Whites. Los Angeles Blacks are also disadvantaged relative to Whites, but not as much

as previous literature on processes of segregation would suggest. Like Latinos, Los Angeles

Blacks endure some over-exposure to Latinos, and under-exposure to Whites, but these over-

and under-exposures appear to be partly mitigated by introducing controls for nonracial

factors.

Chapter 3 developed the methods used in Chapter 2. These methods are extensions of

previous methods used to combine data on stated preferences and “revealed” preferences

in other contexts, especially in studies of transit choice (Ben-Akiva et al. 1994; Morikawa
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1994; Hensher et al. 1998; Swait et al. 1994). Unlike these previous approaches, which

tend to assume that stated preference data, based on controlled, vignette experiments, and

revealed preference data, based on observed residential histories and the implicit choices

contained therein, should match, methods developed in Chapter 3 treat the matching of

preferences to behaviors as an empirical question. Problemetizing the preference-migration

match is necessitated in the residential mobility literature because of a number of theoretical

perspectives that predict a mismatch. Chapter 3 also presents additional techniques, not

employed in Chapter 2, to exploit panel data to quantify the heterogeneity of race-based

neighborhood preferences within broad racial groups.

Finally, Chapter 4 used the empirical results from Chapter 2 to explore the implica-

tions of preference-migration discrepancies for segregation. In Chapter 2, stated preference

assessments notionally represented “pure” preferences for neighborhood racial composition.

Racial composition preferences “revealed” in Los Angeles residents’ residential histories re-

sulted from the intersection of preferences with housing market constraints, including racial

discrimination and social networks, but excluding spatial and socioeconomic constraints for

which the analysis employed statistical controls. Chapter 4 presented two sets of Schelling

simulations, one set based on residential history data (RH simulations) and another set based

on stated preference data (SP simulations). Patterns of segregation obtaining in these two

different sets of simulations were then compared.

Results for Chapter 4 showed that SP simulations produced lower levels of segregation

than RH simulations. A single summary measure of multi-group segregation, the entropy

index, was approximately 25% higher in RH simulations than in SP simulations. Whites

and Latinos made the largest contributions to this difference, with Whites and Latinos

experiencing higher rates of residential contact with each other in the SP simulations than

in the RH simulations. Whites were also more integrated with Asians in the SP simulations.

These results implied that, while preferences are conducive to segregation, other race related

mechanisms at work in the housing market, perhaps including discrimination and kinship

123



and friendship networks, tend to increase levels of segregation. Preferences may set a floor

for levels of segregation, but this floor may not be so high as to rule out other sources of

segregation.

There is much work left to do in understanding how preferences, relative to other factors,

influence racial residential segregation. Reflecting the structure of this dissertation, new areas

of inquiry can roughly be split into empirical, methodological, and theoretical simulation

domains.

On the empirical front, it remains difficult to quantify the relative influences of prefer-

ences, socioeconomic inequalities, pre-existing spatial patterns of segregation, and kinship

networks, among many candidates, on the persistence of segregation. The main barrier is a

general dearth of data that integrates measures of the multiple potential contributors to pat-

terns of segregation, or a complete lack of data on key factors. To begin, with the exception

of L.A.FANS, the co-existence of stated preference and residential history observation on

the same individuals is quite rare. While several studies, including the Multi-City Study of

Urban Inequality, have surveyed preferences across contexts and racial groups, these studies

lack a longitudinal residential history component. But the residential history portion is key

to understanding how preferences relate to behaviors. Lacking these data in other parts of

the United States, it is difficult to see if the results obtained in Los Angeles, and presented

in this dissertation, apply to other metropolitan areas in the United States. Are the same

patterns of SP-RH discrepancies in evidence? In particular, do Blacks experience larger

SP-RH discrepancies in cities with larger Black populations, and longer histories of racial

segregation between Blacks and Whites?

The lack of data on acts of discrimination will likely continue to present an obstacle for

theories that would tie segregation to housing market discrimination. It is not clear how

this issue will be remedied with data. The data on acts of housing market discrimination

are likely fundamentally unobservable, and suitable proxies may be exceedingly difficult to

develop. Instead, it appears that discrimination will continue to be treated as a residual
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explanation: once all other factors that are thought to influence migration are controlled

for, the remaining effect of race and racial composition on migration, or the remaining

difference between stated preferences and actual residential attainments, might be tentatively

attributed to discrimination.

However, the list of other factors, besides discrimination, preferences, and socioeconomic

attainments, that might contribute to segregation has not yet been exhausted. I made the

argument in Chapter 1 that racially patterned friendship and kinship networks could per-

petuate segregation by creating ties of social obligations between people and the frequently

segregated neighborhoods in which they are born and raised. The Panel Study of Income

Dynamics, however limited its sample, presents one opportunity to trace out the effects of

proximity to kin on patterns of inter-neighborhood migration, and thus segregation. The

opportunities to inspect the role that kin play in migration are even richer in countries with

extensive administrative data sets. For example, in Sweden, researchers now have access

to population registry data describing the schooling, residential, and workplace histories of

nearly every person who lived in Sweden over the course of two decades, beginning in 1990

(Statistics Sweden 2014). These records also contain identifiers linking individuals to their

parents, which can be used to establish the spatial distribution of family members. These

variables can then be used in analyses that determine whether neighborhood racial or ethnic

composition influences migration net of proximity to kin.

The Swedish registry data are not limited to tracing out the influence of kinship networks

on migration. Using these data, it is also possible to tie individuals to schools and work-

places. Considering that proximity to schools and work places may serve as important guides

of choices of residential location, this presents an additional opportunity to consider joint

models or school choice and residential choice, or of residential choice and workplace choice

(Waddell et al. 2007). In the presence of spatial mismatch, i.e., difficult to surmount spatial

distances between affordable neighborhoods and places of work, this may be a race-correlated

factor that influences patterns of residential segregation by race and ethnicity.
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Schools and work places are also potential sources of friendship and acquaintanceship,

which may influence residential location decisions. These social networks may impact migra-

tion in two main ways. First, people may seek to live with or near friends, thus influencing

choices of residential destinations. People may also use these social networks to glean in-

formation about residential opportunities. Thus people may move near friends, or friends

of friends, because these social contacts provide privileged access to knowledge about resi-

dential vacancies. To the degree that schools and workplaces, and by extension friendship

and acquaintanceship networks, are sorted along racial and ethnic lines, these networks may

explain some portion of the apparent effect of racial and ethnic composition on processes of

inter-neighborhood migration, and so account for some of the segregative power of residential

choices. Registry data present an opportunity to characterize these networks because they

allow individuals to be linked by dint of a shared employer or schooling experience.

On the methodological front, techniques for estimating models that explicitly account

for heterogeneous effects and panel data are an emerging frontier. These techniques take a

number of different forms, including the latent class logit (Chintagunta et al. 1991; Greene

and Hensher 2003; Train 2008) and the parametric mixed logit (Revelt and Train 1998;

McFadden and Train 2000; Train 2009). These methods have been applied in the consumer

and transit choice literatures, and increasingly there are programs available to estimate

these models using popular statistical software packages (Hole 2007; Chang and Lusk 2011;

Hole 2011). However, these models have not been applied much in the residential choice

literature. The key challenges for these approaches are computational. The models are made

more computationally intensive by the necessity of employing EM or simulated maximum

likelihood algorithms. Mixed logit models are also unable to accommodate methods of

sampling from the neighborhood choice set, an approach that makes traditional conditional

logit models much more computationally tractable without inducing bias.

Mixed logit and latent class logit methods deserve attention because they allow for po-

tentially unbiased empirical investigation of a number of theoretically interesting behaviors.
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First, they permit the characterization of preference heterogeneity. Heterogeneity on its

own can make a large difference in segregation outcomes (Xie and Zhou 2012). Second,

these methods can be used to investigate state dependence in residential choices. State de-

pendence occurs when an individual’s past choices influence future choices (Heckman 1981;

Morikawa 1994). State dependence in residential choices is one potential pathway in the

social reproduction of race, as well as of residential segregation. If people partly learn

their race-based preferences from prior residential exposures to other groups, then state de-

pendence may be a crucial pathway for continuing between-group disparities in race-based

residential preferences, and thus residential segregation. Finally, mixed models also offer

means to jointly model neighborhood choices with other spatially situated outcomes, includ-

ing school attendance, employment and transportation choice (Waddell et al. 2007; Pinjari

et al. 2011; Lee and Waddell 2010). Racial stratification along these other concrete, but often

overlooked, socioeconomic dimensions may make important contributions to segregation in

some contexts.

Another area of methodological inquiry emerges from registry data. Population based

surveys that track residential choices over time suffer from well known problems of attrition.

Even the vaunted PSID, over long observation intervals, exhibits substantial attrition. This

attrition can be especially problematic for studies of residential mobility because it is often

intrinsically bound up with the process of migration: Those who migrate frequently, or have

loose ties to housing, may also be the most likely to drop out of a survey’s sample. It is

presently unclear how migration-related attrition might affect results from discrete choice

models of residential mobility. Registry data have the advantage of providing nearly com-

plete, longitudinal coverage of the population. Attrition is a negligible problem. Registry

data provide an opportunity to construct “bad” samples, including samples with migration-

related attrition, and compare results obtained with these samples to results obtained with

either the full population, or proper, attrition-free random samples. This exercise can char-

acterize the amount and sources of biases in discrete choice models estimated using samples
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with attrition. They can also offer a test bed for techniques to assess the robustness of results

obtained using “bad” samples.

Finally, the simulations models used in the present dissertation are quite simplistic. They

abstract away from non-preference determinants of segregation, including income, education,

home ownership, and social networks. Other simulation models have incorporated socioe-

conomic choice mechanisms (Bruch 2014; Fossett 2006a; Clark and Fossett 2008). These

efforts allow for additional perspectives on how racial and non-racial factors interact in seg-

regation processes, and also make it possible to characterize the evolution of segregation

between agents sharing the same racial identification, but having disparate socioeconomic

attainments. Adding socioeconomic factors back into the present agent based models would

be a useful next step. In a more novel vein, no agent based models of segregation have

yet included pathways of demographic reproduction, or tried to capture the effect of social

networks on migration. Ideally, such efforts would be grounded in empirical work describing

the effects, if any, of shared employment, schooling, or prior neighborhood co-residence on

subsequent migration patterns. This work would finally extend current simulation models

from shallow characterizations of social interaction, to a realm that allows thicker, and more

human-like, domains of social interaction.

Whatever the promise of registry data, new methods, and simulation methods, this dis-

sertation has broken new ground. It has exploited survey data in Los Angeles to show that

while preferences may make important contributions to racial residential segregation, their

contributions can be overstated. There appear to be other social forces intervening between

preferences and actual neighborhood attainments that partially deflect people and families

from attaining residence in neighborhoods that match their racial composition preferences.

The forces in question make meaningful contributions to levels of residential segregation,

over and above preferences. This suggests that there are still depths to plumb in accounting

for extant residential segregation in the United States.
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Tables

Table 2.1: Descriptives Statistics for Los Angeles Neighborhoods, 1998 and
2008

1998 2008

Variable Mean SD Min Max Mean SD Min Max

Prop. Asian 0.13 0.14 0.00 0.82 0.15 0.15 0.00 0.86
Prop. Black 0.10 0.16 0.00 0.95 0.09 0.14 0.00 0.93
Prop. Latino 0.43 0.28 0.00 0.99 0.47 0.29 0.03 0.99
Prop. White 0.34 0.28 0.00 0.93 0.29 0.26 0.00 0.92
Spanish Language Density 0.40 0.17 0.00 0.83 0.34 0.17 0.00 0.88
Asian Language Density 0.29 0.17 0.00 0.92 0.27 0.21 0.00 1.00
Prop. Foreign Born 0.36 0.16 0.00 0.80 0.36 0.14 0.01 0.84
N Housing Unitsa 1.80 0.77 0.05 6.14 1.90 0.85 0.06 7.19
Median Household Incomeb 46.54 22.80 4.37 227.11 46.07 21.61 6.52 180.79
Prop. Age 25+ w/ Bachelor’s 0.22 0.18 0.00 0.81 0.27 0.20 0.00 0.85
Prop. Owner Occupied Units 0.47 0.25 0.00 0.97 0.47 0.25 0.00 1.00

Note: N = 2,035 tracts with at least 50 housing units. Sources: 1990 and 2000 US Census, 2000
Neighborhood Change Database, 2005-2009 & 2006-2010 American Community Surveys.
a Thousands of Units
b Thousands of 1999 Dollars.
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Table 2.5: Racial Composition Coefficients from Joint SP and RH Condi-
tional Logistic Regression Models of Neighborhood Choice

Latino Rs White Rs Black Rs Asian Rs

Variable b b/se b b/se b b/se b b/se

Main Racial Composition Effects (RH Scenarios)

Prop. Asian -2.535 -1.22 -8.137 -2.36 -0.518 -0.09 2.726 0.50
Prop. Asian2 -2.258 -0.84 2.659 0.74 -5.185 -0.88 -8.335 -1.37

Prop. Black -2.140 -1.57 -1.005 -0.21 4.429 1.40 -12.170 -2.64
Prop. Black2 -3.547 -1.65 -13.806 -1.05 -9.994 -2.45 8.771 2.00

Prop. Latino -0.910 -0.31 -7.896 -2.23 -4.514 -0.73 -4.130 -0.80
Prop. Latino2 -0.918 -0.55 1.483 0.65 0.521 0.15 0.172 0.05

Prop. White2 -6.450 -3.24 -4.224 -1.92 -4.963 -1.27 -3.977 -1.18

Own House × . . .
Prop. Asian 7.755 3.01 15.384 2.79 -0.105 -0.01 -7.038 -1.39
Prop. Asian2 -3.225 -0.67 -13.024 -2.17 14.702 1.01 -0.658 -0.06

Prop. Black 4.563 2.74 -1.180 -0.27 0.693 0.14 2.060 0.32
Prop. Black2 0.603 0.22 16.661 1.62 4.111 0.90 -5.887 -0.62

Prop. Latino -0.123 -0.04 8.618 1.75 2.782 0.50 -15.664 -2.02
Prop. Latino2 3.886 1.84 -0.927 -0.29 2.717 0.75 7.909 1.81

Prop. White2 6.827 2.65 6.808 2.35 7.036 1.37 -12.389 -2.17

Ideal SP Scenario × . . .

Prop. Asian -0.970 -0.39 19.799 3.20 18.742 2.09 -0.554 -0.08
Prop. Asian2 -9.855 -2.48 -23.093 -2.29 -69.827 -4.31 1.574 0.21

Prop. Black -2.902 -1.71 17.328 3.00 -3.770 -0.47 12.924 2.51
Prop. Black2 -9.751 -2.99 -27.555 -1.94 -3.878 -0.63 -30.481 -3.34

Prop. Latino -8.134 -2.38 17.839 3.31 21.962 2.41 5.368 0.75
Prop. Latino2 6.696 3.49 -16.630 -2.41 -62.627 -5.04 -11.139 -1.39

Prop. White2 -2.618 -0.99 10.445 3.72 -11.641 -1.10 1.104 0.21

Rank SP Scenario × . . .

Prop. Asian 2.182 0.99 8.938 2.50 0.098 0.02 -1.055 -0.18
Prop. Asian2 -0.388 -0.13 -10.147 -2.62 -2.703 -0.44 4.539 0.73

Prop. Black -2.296 -1.48 -2.759 -0.56 -5.606 -1.61 6.500 1.21
Prop. Black2 3.984 1.67 10.890 0.82 7.441 1.74 -5.075 -0.97

Prop. Latino 0.854 0.28 6.973 1.86 2.003 0.31 -0.317 -0.06
Prop. Latino2 0.168 0.10 -5.012 -2.11 -3.718 -1.03 1.705 0.51

Prop. White2 4.985 2.36 2.425 1.04 -0.414 -0.10 1.927 0.53
Continued
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Table 2.5 Continued: Racial Composition Coefficients from Joint SP+RH Models

Latino Rs White Rs Black Rs Asian Rs

Variable b b/se b b/se b b/se b b/se

N Person-Sit.-Alts. 2,273,940 965,700 404,364 241,264
N Person-Sits. 25,904 10,965 4,593 2,744
N Moves in RH Sits. 560 156 129 53
N Respondents 712 300 126 76
Estimated Parameters 50 50 50 50
log-likelihood -12,609 -4,524 -2,410 -1,266

Note: Models estimated using Manski-Lerman Weights. Models also included a correction for a sam-
pling of alternatives. Correction is equal to -1 times the log of the sampling fraction.
Source: L.A.FANS Waves 1 and 2.
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Table 2.6: Socioeconomic, Demographic, and Proximity Coefficients from
Joint SP and RH Conditional Logistic Regression Models of Neighborhood
Choice

Latino Rs White Rs Black Rs Asian Rs

Variable b b/se b b/se b b/se b b/se

Neighborhood Size

Log Housing Units 0.815 5.60 0.425 2.39 0.691 2.82 1.343 3.33

Proximity

Own House 7.575 3.77 1.490 0.47 6.158 1.52 20.773 3.92
Own Neighborhood — — — — — — — —
1st Order Adjacent -0.570 -2.53 -0.611 -1.88 0.182 0.32 -0.154 -0.25
2nd-4th Order Adjacent -1.860 -6.73 -1.502 -4.07 -0.141 -0.28 -0.996 -1.65
5th+ Order Adjacent -3.467 -7.63 -3.303 -5.57 -0.280 -0.35 -2.033 -2.10
Sqrt(Distance to Tract) -0.748 -5.77 -0.635 -4.81 -1.298 -6.62 -1.351 -5.29

Income Effects

Income Position 2.770 2.13 5.293 2.45 3.300 1.15 7.625 2.02
Income Position2 -4.500 -3.73 -3.090 -1.90 -3.018 -1.38 -6.581 -1.86
Own House × . . .
Income Position -1.573 -1.65 -0.830 -0.53 1.598 0.72 1.146 0.33
Income Position2 2.034 1.92 0.496 0.38 -1.235 -0.54 -0.334 -0.11

Education Effects

Prop. w/ Bachelor’s -1.235 -1.27 -1.375 -1.40 -1.285 -0.74 -8.328 -4.00
Has Bachelor’s × . . .
Prop. w/ Bachelor’s 0.303 0.23 2.890 4.02 3.550 3.12 4.869 3.15

Home ownership Effects

Prop. Owner Occupied -0.418 -1.16 -0.382 -0.62 -0.653 -0.79 -1.594 -1.37
Home owner × . . .
Prop. Owner Occupied 3.232 6.14 2.878 4.23 3.414 2.90 3.742 2.71

Selection into Migration

Own House × . . .
Age 0.025 4.74 0.038 5.23 0.039 3.19 0.052 2.96
Has Bachelor’s Degree 0.039 0.15 0.028 0.14 -0.298 -0.80 0.449 1.58
Home Owner 0.648 4.18 0.469 1.90 0.883 2.14 1.005 2.14
Married 0.042 0.38 0.169 0.86 -0.476 -1.35 -0.684 -1.43

Language

Spanish Lang. Density -1.240 -0.88 2.743 1.77 3.681 1.25 -7.660 -2.15
Spanish Lang. Density2 0.272 0.19 -2.663 -1.14 -4.610 -1.36 3.826 0.90
Asian Lang. Density -1.050 -1.80 0.523 0.39 -0.181 -0.12 6.469 2.08

Continued
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Table 2.6 Continued: Non-Racial Coefficients from Joint SP+RH Models

Latino Rs White Rs Black Rs Asian Rs

Variable b b/se b b/se b b/se b b/se

Asian Lang. Density2 0.749 1.05 -0.566 -0.30 -0.711 -0.40 -9.340 -2.05

N Person-Sit.-Alts. 2,273,940 965,700 404,364 241,264
N Person-Sits. 25,904 10,965 4,593 2,744
N Moves in RH Sits. 560 156 129 53
N Respondents 712 300 126 76
Estimated Parameters 50 50 50 50
log-likelihood -12,609 -4,524 -2,410 -1,266

Note: Models estimated using Manski-Lerman Weights. Models also included a correction for a
sampling of alternatives. Correction is equal to -1 times the log of the sampling fraction.
Source: L.A.FANS Waves 1 and 2.
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Table 2.7: Wald Tests of Racial Composition Effects Within RH and SP
Neighborhood Choice Scenarios

(1) (2) (3)
RH Scenario Ideal SP Scenario Rank SP Scenario

Racial Compositiona χ2 df p χ2 df p χ2 df p

A. Latino Rs (N=712)

Prop. Asian 7.53 2 0.023 67.22 2 <0.001 10.04 2 0.007
Prop. Black 10.24 2 0.006 85.48 2 <0.001 86.92 2 <0.001
Prop. Latino 5.05 2 0.080 43.65 2 <0.001 11.16 2 0.0038
Prop. White 10.50 1 0.001 29.51 1 <0.001 4.83 1 0.028

All Terms 52.35 7 <0.001 987.41 7 <0.001 196.77 7 <0.001

B. White Rs (N=300)

Prop. Asian 8.19 2 0.017 4.98 2 0.083 30.11 2 <0.001
Prop. Black 8.10 2 0.017 80.47 2 <0.001 38.38 2 <0.001
Prop. Latino 14.42 2 0.001 4.97 2 0.084 35.96 2 <0.001
Prop. White 3.70 1 0.055 10.44 1 0.001 4.47 1 0.0344

All Terms 37.85 7 <0.001 362.29 7 <0.001 131.79 7 <0.001

C. Black Rs (N=126)

Prop. Asian 2.96 2 0.228 25.71 2 <0.001 18.27 2 <0.001
Prop. Black 6.03 2 0.049 20.67 2 <0.001 23.43 2 <0.001
Prop. Latino 2.57 2 0.277 29.44 2 <0.001 50.65 2 <0.001
Prop. White 1.60 1 0.206 2.98 1 0.084 26.55 1 <0.001

All Terms 16.68 7 0.020 56.10 7 <0.001 69.12 69.1 <0.001

D. Asian Rs (N=76)

Prop. Asian 2.43 2 0.296 3.09 2 0.213 6.68 2 0.035
Prop. Black 7.00 2 0.030 11.79 2 0.003 5.42 2 0.067
Prop. Latino 2.07 2 0.356 4.83 2 0.090 4.99 2 0.082
Prop. White 1.39 1 0.238 0.56 1 0.454 1.84 1 0.175

All Terms 22.71 7 0.002 32.37 7 <0.001 21.15 7 0.004

Note: RH portion of models include all socioeconomic and non-racial controls.
a Racial composition terms include second order polynomials in proportion Asian, Black, Latino,

and White, omitting the linear proportion White term.
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Table 2.8: Wald Tests of Differences in Racial Compo-
sition Effects: SP vs. RH Neighborhood Choice Sce-
narios

(1) (2)
Ideal SP vs. RH Rank SP vs. RH

Racial Compositiona χ2 df p χ2 df p

A. Latino Rs (N=712)

Prop. Asian 12.63 2 0.002 1.59 2 0.451
Prop. Black 18.88 2 <0.001 3.25 2 0.197
Prop. Latino 15.77 2 <0.001 0.92 2 0.632
Prop. White 0.98 1 0.322 5.55 1 0.018

All Terms 129.98 7 <0.001 39.94 7 <0.001

B. White Rs (N=300)

Prop. Asian 12.52 2 0.002 7.54 2 0.023
Prop. Black 11.30 2 0.004 0.81 2 0.666
Prop. Latino 12.15 2 0.002 4.43 2 0.109
Prop. White 13.82 1 <0.001 1.08 1 0.299

All Terms 15.74 7 0.028 14.72 7 0.040

C. Black Rs (N=126)

Prop. Asian 19.72 2 <0.001 0.53 2 0.767
Prop. Black 1.96 2 0.375 3.60 2 0.166
Prop. Latino 26.48 2 <0.001 3.90 2 0.142
Prop. White 1.21 1 0.272 0.01 1 0.919

All Terms 38.64 7 <0.001 12.19 7 0.094

D. Asian Rs (N=76)

Prop. Asian 0.05 2 0.976 0.80 2 0.670
Prop. Black 11.51 2 0.003 1.47 2 0.480
Prop. Latino 2.12 2 0.346 0.72 2 0.696
Prop. White 0.04 1 0.837 0.28 1 0.598

All Terms 16.57 7 0.020 5.68 7 0.578

Note: RH portion of models include all socioeconomic and other non-
racial controls.

a Racial composition terms include second order polynomials in propor-
tion Asian, Black, Latino, and White, omitting the linear proportion
White.
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Table 2.9: Cross Scenario Dissimilarities in Predicted Probabili-
ties from Joint SP-RH Models of Neighborhood Choice, Los An-
geles Neighborhood Choice Set

Model/Scenario

Model/Scenario (1) (2) (3A) (3B) (4)

A. Latinos

(1) SP - Ideal 0.00
(2) SP - Ranked 0.41 0.00

(3A) RH - Race Only Modela 0.25 0.27 0.00
(3B) RH - Full Modelb 0.30 0.24 0.07 0.00
(4) Indifferencec 0.48 0.13 0.33 0.28 0.00

B. Whites

(1) SP - Ideal 0.00
(2) SP - Ranked 0.30 0.00

(3A) RH - Race Only Modela 0.23 0.13 0.00
(3B) RH - Full Modelb 0.24 0.14 0.08 0.00
(4) Indifferencec 0.55 0.34 0.37 0.36 0.00

C. Blacks

(1) SP - Ideal 0.00
(2) SP - Ranked 0.60 0.00

(3A) RH - Race Only Modela 0.64 0.34 0.00
(3B) RH - Full Modelb 0.63 0.16 0.20 0.00
(4) Indifferencec 0.75 0.26 0.39 0.24 0.00

Note: Predicted probabilities derived from models that include second order polyno-
mials in racial composition, omitting the linear proportion White term. Based on a
choice set of 2,035 Los Angeles County Neighborhoods with at least 50 housing units.
Racial composition averaged over the 1998-2008 period. Non-racial characteristics
fixed at constant values.

a Includes racial composition terms and adjustment for sampling of alternatives.
b As in (a), but including all non-racial controls discussed in the text.
c Equal probability of choosing each neighborhood in the choice set.
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Table 2.10: Predicted Neighborhood Racial Composition
based on a Los Angeles Neighborhood Choice Set, from Con-
ditional Logit Models of SP and RH Data

Model/Scenario % Asian % Black % Latino % White

A. Latino Rs
SP - Ideal 6.5 3.9 75.1 14.5
SP - Ranked 13.3 5.7 48.6 32.4
RH - Race Only Model 11.1 6.8 64.5 17.6
RH - Full Model 11.5 8.3 61.5 18.8

B. White Rs
SP - Ideal 12.2 4.9 17.0 65.9
SP - Ranked 15.1 5.5 28.3 51.1
RH - Race Only Model 14.8 5.5 25.9 53.8
RH - Full Model 13.0 5.7 26.9 54.4

C. Black Rs
SP - Ideal 16.8 18.0 24.8 40.4
SP - Ranked 15.1 12.6 36.1 36.2
RH - Race Only Model 12.3 18.3 44.7 24.7
RH - Full Model 14.4 13.9 41.5 30.3

D. Indifferent Housing Seeker
All Scenarios 13.6 9.5 44.8 32.2

Predictions produced using a choice set of 2,035 Los Angeles Neighborhoods,
with racial composition averaged over the 1998-2008 period. All non-racial
variables held constant.
Ideal SP, rank SP, and race only RH models include only second order polyno-
mials in the proportion Asian, Black, Latino, and White, excluding the linear
proportion White term, as explanatory variables. The full RH model includes
all other non-racial controls discussed in the text.

140



Table 3.1: Racial Composition Coefficients from Conditional Logit Models of
Whites’ Rank SP

Homogeneous
Effectsa Heterogeneous Effects by Rankb

All Ranks Rank 1 Rank 2 Rank 3 Rank 4

Variable b b/se b b/se b b/se b b/se b b/se

Prop. Asian 0.80 0.60 8.11 2.74 -2.33 -0.87 0.72 0.25 -6.09 -2.21
Prop. Asian Sq. -7.49 -4.45 -13.27 -3.28 -5.39 -1.65 -8.13 -2.24 -2.26 -0.59
Prop. Black -3.76 -2.57 3.50 1.26 -8.49 -3.02 -0.25 -0.07 -9.75 -3.15
Prop. Black Sq. -2.92 -1.92 -6.21 -2.01 2.01 0.69 -16.73 -3.18 1.56 0.59
Prop. Latino -0.92 -0.65 3.92 1.40 -4.49 -1.69 -1.53 -0.52 -1.70 -0.63
Prop. Latino Sq. -3.53 -3.32 -4.11 -1.94 -2.69 -1.31 -3.46 -1.78 -5.97 -3.20
Prop. White Sq. -1.80 -2.12 1.99 1.28 -3.77 -2.40 -2.01 -1.11 -4.95 -2.78

N 4200 4200
N Choices 1200 1200
N Respondents 300 300
Parameters 7 28
log-likelihood -1283.71 -1258.80
BIC: N = 300 2607.34 2677.31
BIC: N = 1200 2617.05 2716.13

Source: L.A.FANS Wave 2
a Uniform racial composition effects across ranks, i.e., no differences in effects across rankings.
b Model includes separate effects for each rank with no omitted category.
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Table 3.2: Racial Composition Coefficients from Conditional Logis-
tic and Mixed Logit Models of Whites’ Rank SP

Mixed Logit

Conditional Logit Univariate Mixinga Multivariate Mixingb

Variable b b/se b b/se b b/se

Coefficients
Prop. Asian 0.801 0.60 2.107 0.89 0.658 0.20
Prop. Asian Sq. -7.488 -4.45 -11.412 -3.98 -14.862 -4.01
Prop. Black -3.764 -2.57 -3.516 -1.36 -6.856 -1.75
Prop. Black Sq. -2.917 -1.92 -12.820 -3.28 -18.320 -3.02
Prop. Latino -0.923 -0.65 0.613 0.25 -1.698 -0.51
Prop. Latino Sq. -3.529 -3.32 -9.482 -4.51 -10.632 -3.65
Prop. White Sq. -1.799 -2.12 -1.926 -1.38 -3.651 -1.85

Mix Logit Standard Deviations
Prop. Asian 3.868 3.63 8.581 2.00
Prop. Asian Sq. 1.107 0.46 11.162 2.85
Prop. Black 6.978 5.80 12.508 3.43
Prop. Black Sq. 7.372 2.07 13.443 3.87
Prop. Latino 1.916 1.55 19.567 5.33
Prop. Latino Sq. 4.602 4.11 29.319 4.22
Prop. White Sq. 4.690 8.01 10.404 4.70

N 4200 4200 4200
N Choices 1200 1200 1200
N Respondents 300 300 300
Model df 7 14 35
log-likelihood -1283.71 -1212.11 -1183.94
BIC: N = 300 2607.34 2504.08 2567.51
BIC: N = 1200 2617.05 2523.48 2616.03

Source: L.A.FANS Wave 2
a Independent, univariate normal mixing distributions estimated for each racial

composition effect.
b Multivariate normal mixing distribution allows correlations between preference

components within respondents. See Table 3.3 for covariances of random effects.
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Table 3.4: Racial Composition Coefficients from Conditional and
Mixed Logit Models of Whites’ Neighborhood Choices in Rank SP
and Ideal SP Vignettes

Separate Ideal SP Main Effect
& Rank SP Effects + Ideal SP Interactionsa

clogit mixlogit clogit mixlogitb

Variable b b/se b b/se b b/se b b/se

Racial Composition Effects
Rank SP
Prop. Asian -0.388 -1.23 -0.580 -0.94 -0.388 -1.23 -0.882 -2.31
Prop. Black -3.025 -10.04 -6.992 -7.75 -3.025 -10.04 -4.480 -9.98
Prop. Latino -1.396 -5.95 -2.977 -5.42 -1.396 -5.95 -2.260 -6.93
Ideal SP
Prop. Asian -3.722 -13.31 -3.866 -10.01 -3.334 -8.97 -3.028 -5.91
Prop. Black -4.947 -16.95 -5.486 -11.18 -1.922 -6.37 -1.417 -2.68
Prop. Latino -3.544 -13.16 -3.755 -9.72 -2.148 -7.38 -1.527 -3.50

Standard Deviations
Rank SP
Prop. Asian 6.647 7.23 3.200 7.89
Prop. Black 9.401 7.85 4.677 9.86
Prop. Latino 6.192 7.37 3.343 9.07
Ideal SP
Prop. Asian 2.476 5.32 3.200 7.89
Prop. Black 3.364 6.21 4.677 9.86
Prop. Latino 2.656 5.64 3.343 9.07

N 19200 19200 19200 19200
N Choices 1500 1500 1500 1500
N Rs 300 300 300 300
Parameters 6 27 6 12
log-likelihood -3116.688 -3008.79 -3116.688 -3037.62
BIC: N = 1500 6277.256 6215.045 6277.256 6162.996
BIC: N = 300 6267.599 6171.591 6267.599 6143.682

Source: L.A.FANS Wave 2
Note: Models include a correction for the sampling of alternatives in the ideal SP case.

a Includes main racial composition effects common to rank and ideal SP scenarios, and an
interaction between racial composition and a dummy identifying the ideal SP scenario.

b In this specification, random effect standard deviations are identical in ideal SP and rank
SP cases.
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Table 3.6: Racial Composition Coefficients from Conditional and
Mixed Logit Models of Whites’ Neighborhood Choices in RH and
Rank SP Vignettes

Separate RH Main Effect
& Rank SP Effects + Rank SP Interactionsa

clogit mixlogit clogit mixlogitb

Variable b b/se b b/se b b/se b b/se

Racial Composition Effects
RH
Prop. Asian -1.382 -2.42 -1.464 -2.32 -1.382 -2.42 -1.835 -2.77
Prop. Black -3.667 -4.25 -3.963 -3.49 -3.667 -4.25 -5.442 -5.03
Prop. Latino -1.816 -3.40 -1.947 -3.11 -1.816 -3.40 -1.798 -2.83
Rank SP
Prop. Asian -0.388 -1.23 -0.309 -0.51 0.995 1.63 1.436 1.95
Prop. Black -3.025 -10.04 -6.349 -7.56 0.642 0.71 1.450 1.40
Prop. Latino -1.396 -5.95 -2.614 -5.08 0.420 0.71 -0.032 -0.05

Standard Deviations
RH
Prop. Asian 1.329 1.70 2.875 6.31
Prop. Black 1.737 1.56 4.018 7.40
Prop. Latino 0.427 1.09 1.361 3.92
Rank SP
Prop. Asian 6.155 6.84 2.875 6.31
Prop. Black 8.428 7.80 4.018 7.40
Prop. Latino 5.762 6.81 1.361 3.92

N 950700 950700 950700 950700
N Choices 10965 10965 10965 10965
N Respondents 300 300 300 300
Parameters 22 43 22 28
log-likelihood -2895.89 -2826.15 -2895.89 -2867.80
BIC: N = 300 5917.263 5897.566 5917.263 5895.304
BIC: N = 10965 5996.43 6052.31 5996.43 5996.07

Source: L.A.FANS Wave 2
Note: Models include a correction for the sampling of alternatives in the RH case.
RH portions of models also include controls for neighborhood proximity, log housing
units, and matching on income, education, and home ownership.

a Includes main racial composition effects common to RH and rank SP scenarios, and an
interaction between racial composition and a dummy identifying the rank SP scenario.

b Random effect standard deviations are identical in RH and rank SP cases in this speci-
fication.
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Figures

Figure 2.1: Sample Ranked Neighborhood Vignette Card
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Figure 2.2: Ideal Neighborhood Vignette Card
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Figure 2.3: Latino Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Latino
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Figure 2.4: Latino Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Black
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Figure 2.5: Latino Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion White
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Figure 2.6: Latino Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Asian

0
.0

02
.0

04
.0

06
.0

08
M

ea
n 

C
ho

ic
e 

P
ro

b.

0 .2 .4 .6 .8 1
Prop. Asian

SP-I

SP-R

RH: race only

RH: + proximity

RH: + ses

RH: + selection

created by nsprp_postest_choice_vign_hist_res_joint_rcspec_plotcontr_v4 on 10 Dec 2014
Models: mCLwBRCrXXscFrc2W mCLwBRCrXXscFrc2WIpPD mCLwBRCrXXscFrc2WIpPDiPCC mCLwBRCrXXscFrc2WIpPDiPCCSL

Latino L.A.FANS Rs Preferences for Prop. Asian

155



Figure 2.7: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Latino
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Figure 2.8: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Black
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Figure 2.9: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion White
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Figure 2.10: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Asian
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Figure 2.11: Black Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Latino
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Figure 2.12: Black Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Black
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Figure 2.13: Black Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion White
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Figure 2.14: Black Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Asian
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Figure 3.1: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Asian from Conditional

Logit Models of Ranked SP Data
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Figure 3.2: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Black from Conditional

Logit Models of Ranked SP Data
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Figure 3.3: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Latino from Conditional

Logit Models of Ranked SP Data
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Figure 3.4: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion White from Conditional

Logit Models of Ranked SP Data
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Figure 3.5: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Asian in Mixed Logit

Models of Ranked SP Data
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Figure 3.6: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Black, Mixed Logit Models

of Ranked SP Data
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Figure 3.7: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion Latino, Mixed Logit Models

of Ranked SP Data
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Figure 3.8: White Rs’ Predicted Probability of Neighborhood
Choice vs. Neighborhood Proportion White, Mixed Logit Models

of Ranked SP Data
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Figure 4.1: Typical Grid Set-Up for Schelling Models
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Figure 4.2: Neighborhood Definitions for Schelling Models
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Figure 4.3: Initialization of City and Population Structure
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Figure 4.4: Agent Behavioral Specification
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Figure 4.5: Theil’s Entropy Index vs. Simulation Time, by Source
of Racial Composition Coefficients and Scale Parameter
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Figure 4.6: Dissimilarity Indices vs. Simulation Time, by Source
of Racial Composition Coefficients and Scale Parameter
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Figure 4.7: RH Coefficient Based Simulations
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Figure 4.8: Rank SP Coefficient Based Simulations
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Figure 4.9: Theil’s Entropy Index vs. Scale Parameter (θ), by
Source of Racial Composition Coefficients
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Figure 4.10: Dissimilarity Indices vs. Scale Parameter (θ), by
Source of Racial Composition Coefficients
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