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Abstract

This study proposes and applies a novel method for empirically evaluating the role of
social structure in the school sorting process. We use administrative records from Baltimore City
and suburban Baltimore County public elementary schools (2011-2015) to generate a network of
schools based on student transfers. We then apply repeated calculations of the Louvian method
of community detection to estimate emergent sets of schools that are likely to be considered by
similar parents — which we term emergent consideration sets — and use gravity models to explore
the role of social structure, demographics, and geography in observed enrollment patterns. We
find that our network-derived emergent consideration sets are better defined by structural
boundaries than student composition or proficiency alone. Within consideration sets, students
tend to avoid schools with relatively higher levels of free- and reduced-price meal eligibility and
flock towards schools with higher proficiency levels. School racial composition, however, plays
a much smaller role in predicting movement between schools, in part because structural
constraints generate racially homogeneous consideration sets. Together, these findings highlight
how regional social and geographic organization shapes school segregation processes and the

policies used to combat them.



Introduction

American schools are highly segregated by race and there are large gaps in school quality
between white and non-white students (Logan and Burdick-Will 2017; Logan, Minca, and Adar
2012; Reardon, Kalogrides, and Shores 2019). These disparities in educational opportunity play
a large role in racial gaps in achievement, attainment, and employment (Hanushek and Rivkin
2012; Johnson 2011). Historically, this inequality has been tied to questions of access, as districts
first explicitly maintained segregated schools and later drew district and enrollment zone
boundaries in ways that maintained racial patterns in enrollment (Reardon and Owens 2014;
Saporito and Sohoni 2006). Today, integration is considered something that must be achieved
voluntarily. Court ordered desegregation and race-conscious assignment policies are being
overturned or eliminated (Reardon et al. 2012) and the increasing availability of charter schools
and open enrollment policies now allow families to decouple their residential and school
decisions (Lareau and Goyette 2014). Unfortunately, this increasing reliance on individual
choice has resulted in more, not less, segregated schools (Bifulco and Ladd 2007; Kotok et al.
2017; Renzulli and Evans 2005; Stein 2015; Tatian and Lei 2015).

Recent insights from complex decision theory help explain the relationship between
increasingly available choice and segregation by suggesting that existing inequalities in social
structure lead parents to racially isolated schools, regardless of their stated preferences (Bruch
and Swait 2019; Krysan and Crowder 2017). Parents do not make enrollment decisions in
isolation or at a single point in time (Altenhofen, Berends, and White 2016; Cahill 1994; Lareau
and Goyette 2014; Schwartz 2004). Like other consumers and complex decision makers, parents
are likely to use a two-stage method of information gathering (Buckley and Schneider 2003;

March 1994). To select a school, parents first narrow their options and define the set of schools



they are willing to consider and then evaluate their options within that smaller set (Frisch and
Clemen 1994; Kahneman and Tversky 1979). During the narrowing phase parents rely heavily
on past experiences, informal networks, word of mouth, and school reputation to restrict their
options (Ball and Vincent 1998; Holme 2002; Smrekar and Goldring 1999). In other words,
parents frequently rely on their social contacts’ perceptions of schools and districts, rather than
objective, observable information, to inform their choice sets and often rule out large numbers of
schools or districts without giving them careful consideration.

In making school enrollment decisions, parents rely on social contacts and past
experiences that are embedded within a stratified social structure (Ball and Vincent 1998; Fong
2019), but this structure remains loosely defined and difficult to measure. Our study proposes a
novel method for empirically identifying and evaluating the role of social structure in the school
sorting process. Specifically, we use population-level school enrollment files from more than one
hundred thousand Baltimore City and suburban Baltimore County public elementary school
students in the 2010-11 through 2014-15 school years to generate network ties between schools
based on student transfers. We then use repeated calculations of the Louvian method of
community detection (Blondel et al. 2008) to derive emergent clusters of schools that frequently
share students and are therefore likely to be considered by similar parents — which we term
emergent consideration sets. We then evaluate the relative importance of demographic
composition and structural boundaries in the formation of those aggregate consideration sets.
Next, we estimate gravity models (Sen and Smith 2012) that predict actual student flows
between schools and compare the relative performance of models with different assumptions

about the range of schools parents are likely to consider.



We find that our network-derived emergent consideration sets fit the data much better
than alternative consideration sets based on demographics and distance alone. Moreover, these
emergent consideration sets are better defined by structural boundaries, such as being on the
opposite side of an interstate or district line, than student composition or proficiency. We also
find that gravity models are better at predicting flows of students when they take these emergent
consideration sets into account than with naive models that include every possible school.
Finally, observed school characteristics become much better predictors of mobility flows within
emergent consideration sets than across all possible school. Within those consideration sets,
students tend to avoid schools with relatively higher levels of free- and reduced-price meal
eligibility and flock towards schools with higher proficiency levels. School racial composition,
however, plays a much smaller role in predicting movement between schools, in part because
structural constraints generate racially homogeneous consideration sets.

These findings have important implications for our understanding of school segregation
processes and the policies used to combat them. First, they highlight the incorrect assumptions
that underlie much of the existing policy analysis in this area. Families do not consider every
school in their district, let alone their region. Unless we design policies that take the socially
structured nature of consideration sets into account, increased individual choice is likely to lead
to more, not less school segregation. Second, the findings highlight the intractability and self-
reproducing nature of segregation and the role of sometimes subtle structural boundaries in that
sorting process. Since parents of different races often do not interact with each other in the same
social or geographic circles, they do not end up considering the same places. They therefore have
little chance of enrolling in the same schools, even if they are looking for the same objective

characteristics. Reducing school segregation is going to take more than widening access to



schools through open enroliment policies; we must also remove the geographic and social

boundaries that shape patterns of interaction and geographic exposure.

Complex Decision Making

Deciding where to live and where to send one’s children to school are complex, multi-
dimensional, and potentially overwhelming decisions (Buckley and Schneider 2003; Cahill 1994;
Schwartz 2004). Getting good information about all possible districts and schools in an area is
often quite difficult and stressful (Delale-O’Connor 2018; Pattillo, Delale-O’Connor, and Butts
2014; Stein and Nagro 2015). Even the most active school consumers, such as those who
voluntarily change schools, are unable to gather enough information to fully weigh all available
information (Buckley and Schneider 2003). Instead, a long history of sociological research on
bounded rationality and decision-making shows that both informational asymmetries (March
1994; March and Simon 1958; Simon 1990) and cognitive bandwidth restrictions (Cowan 2010;
Miller 1956) impose limitations on our ability to give careful consideration to all possible
options.

These limitations lead individuals to engage in a two-step process of decision-making
(Bruch, Feinberg, and Lee 2016; Bruch and Swait 2019; Manski 1977; March 1994). Upon
recognizing the need to make a decision, individuals first construct a smaller and more
manageable choice set from the available options, known as the “editing” stage; after doing so,
they can proceed to assess the options within this set and make a final selection (Kauko 2004;
Manski 1977). Consider how people purchase cars: car buyers investigate each model (e.g.,
Toyota Camry and Ford Fusion) only after determining the class of vehicle (e.g., mid-size
sedan). Similarly, to select a school, parents first narrow their options and define their choice sets

in the “editing” phase and then evaluate their options within the smaller set (Frisch and Clemen



1994; Kahneman and Tversky 2013). Many parents never gather any information on a large
number of schools before ruling them out (Holme 2002). Thus, the exact set of schools that end

up under consideration determines in large part where a student ultimately enrolls.

Socially Structured Sorting

Research on the construction of choice sets in other contexts suggests that individuals
rely on social networks in order to learn about their available options, evaluate these sources of
information, and make more satisfying decisions (Centola and Macy 2007; Fong 2019). Choice
set construction is framed by prior experience with similar decisions, known as “anchoring”
(Furnham and Boo 2011) and may also be enabled by the use of heuristics, in which people make
quick judgements about a set of options based on a few characteristics (Hertwig and Herzog
2009). These heuristics vary substantially across individuals as well as environmental contexts
(Swait, Brigden, and Johnson 2014), but often rely on geography and space (Phillippo and
Griffin 2016), culture (Vaisey and Valentino 2018), or social networks (Hertwig and Herzog
2009).

Traditional models and methods of estimating choice sets consider this editing phase to
be a conscious part of the decision process (Buckley and Schneider 2003; Kahneman and
Tversky 1979). Individuals may use different criteria to limit their choice sets than in their final
selection, but are still making an active decision to include or exclude different options. Krysan
and Crowder (2017) expand on these ideas in the context of housing searches and residential
segregation with what they call the “social structural sorting perspective.” This models
recognizes that what individuals consider is shaped by previous experiences in specific
geographic areas, as well as social ties to friends and family who themselves have geographically

and socially limited experience. Rather than making a conscious decision to exclude specific



places from their housing search, they simply look in areas that they know or their social
contacts recommend. In other words, the construction of a choice set is not necessarily a
conscious decision. Instead, it is a product of an already socially and geographically segregated
world. The result is a highly segmented market in which residents remain racially and
economically segregated despite explicit stated preferences for more integration.

This socially-structured model of housing search aligns with the qualitative literature
about how families approach their school searches. In fact, housing searches are often an
important part of the school selection process. In interviews and surveys, parents repeatedly say
that they would like to pair their housing and schooling decisions into one “package deal” with
affordable housing that provides guaranteed access to a high quality school (Rhodes and
Warkentien 2017). The results of these joint decisions can be seen in the dramatic variation in
housing prices across districts and even enrollment zones (Fack and Grenet 2010; Gibbons,
Machin, and Silva 2013) as well as the apparent premium that families are willing to pay to be
zoned to schools with higher test scores (Bayer, Ferreira, and McMillan 2007). For those who
cannot afford to live in a neighborhood with their preferred school, school choice and open-
enrollment policies allow parents to separate these two decisions and send their children to
schools that are not tied to their residential address (Lareau and Goyette 2014). In sum, the
literature on school preferences suggests that parents are rarely passive consumers of schooling
and will use whatever resources they have to ensure that their children attend a school that they
find appealing.

In contrast, what parents find appealing and how they gather information about schools
are not straight forward. When asked directly, parents frequently highlight two aspects of school

that they care most about. First, parents repeatedly say that they want a “high quality” school for



their children (Burgess et al. 2015; Hastings and Weinstein 2008; Holme 2002). Proficiency rates
on state-level standardized tests are the most readily available measure of quality, but they are
often a better measure of the economic background of students than any real measure of quality
instruction (Koretz 2008). Second, parents frequently discuss the importance of convenience and
talk about a school’s location in relation to home or work as well as travel time during rush hour
(Bell 2007; Burgess et al. 2015; Denice and Gross 2016). Although parents rarely say that
demographics are a determining factor, surveys and experimental studies show that white parents
tend to avoid schools with high proportions of black students (Billingham and Hunt 2016; Lareau
and Goyette 2014; Roda and Wells 2013; Saporito and Lareau 1999; Schneider and Buckley
2002) and many families also stay away from schools with high numbers of poor children
(Kotok et al. 2017).

However, despite these measures (achievement, convenience, and composition) being
relatively readily available, it is not clear that parents actually do much objective research on
them during their search. Instead, parents are much more likely to rely on word-of-mouth to
decide which schools to consider (Ball and Vincent 1998; Holme 2002; Smrekar and Goldring
1999). This information often comes from local neighborhood-based networks, both because
parents are more likely to interact with those who live nearby on a daily basis and because those
who live nearby likely face some of the same options and trade-offs (Bader, Lareau, and Evans
2019).

Much of this shared perception is negative rather than positive—where to avoid as much
as where to apply. Holme (2002), for example, finds that most of the white, affluent families in
her study who left urban neighborhoods because of the “bad” public schools had not gathered

any objective information about the schools in their old neighborhood and had relied entirely on



the opinions of other high-status parents in their personal networks. Similarly, many parents of
all income levels in Cleveland relied heavily on the reputation of all traditional Cleveland public
schools as unacceptable and did anything they could to either move to the suburbs or get into a
charter school (Rhodes and Warkentien 2017). In other words, parents of all races and classes
use their personal experiences and social connections to rule out whole districts or subsets of
schools without carefully weighing each school’s individual plusses and minuses. Importantly,
those sources of information are likely to be socially structured and segregated in ways that

exacerbate inequality (Bell 2009).

Emergent Patterns in Complex Systems

Similar to what Krysan and Crowder’s model shows with housing, none of these
individual school enrollment decisions likely take place in a vacuum. For example, current social
ties shape a family’s enrollment decision, but their decisions, in turn, shape the composition of
their social and geographic exposure in the future. Systems with this kind of complexity often
generate emergent social patterns in which aggregations of individual decisions can produce
district-level outcomes that no one person could have necessarily anticipated (Macy and Willer
2002).

The earliest demonstration of these collateral consequences comes from Schelling’s
(1971) classic residential segregation simulation. Using a very simple model, he shows that
residents of an abstract grid do not need to prefer segregated environments to end up in very
segregated contexts. In the decades since this theoretical exercise was published, numerous
studies have replicated the findings with more realistic models and data on actual residential
patterns (Benard and Willer 2007; Benenson, Hatna, and Or 2009; Bruch 2014; Bruch and Mare

2006, 2009; Clark 1991; Flache and Hegselmann 2001; Fossett 2006). The role of population
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structure and this kind of dynamic feedback has also been demonstrated in marriage markets
(Blau, Blum, and Schwartz 1982), friendship formation (Moody 2001; Wimmer and Lewis
2010), organizational survival (Lomi and Larsen 1998), and labor market discrimination (Duong
and Reilly 1995).

The key to these findings is that global complexity does not necessarily reflect the
cognitive complexity of individuals (Macy and Willer 2002). In other words, the group-level
sorting process can appear non-linear and complicated even when people themselves are making
simple and straightforward decisions. What generates complexity in these systems is the
complicated nature of the underlying social structure, not the ways in which individuals react to
it. Moreover, people respond to their environments with relatively simple strategies of moving,
imitating, avoiding, or learning, rather than being completely rational at every decision point
(Holland 1995). Therefore, in order to examine these emergent sorting processes, one cannot
simply study the individual-level factors that predict a single student’s preferences or decisions.
Instead, one must also study the patterns that these decisions generate in the aggregate.

Applying these findings to school enrollment suggests that the decisions of individual
families may be idiosyncratic, but in the aggregate their collective decisions reveal an emergent
structure that segments the regional market for schools (Bowe, Ball, and Gewirtz 1994; Sirer et
al. 2015). These sub-markets reflect the combined choice sets of many individual families in
similar circumstances and are reinforced by their collective enrollment decisions over time. In
other words, if choice sets are framed by socially structured sorting patterns, then repeated
decision-making by individuals with similar social positions will contribute to further market
segmentation (Bruch, Hammond, and Todd 2015; Kauko 2004). For example, through repeated

instances of residential mobility, individual-level preferences create even more housing market
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segmentation than one would expect from financial constraints alone (Adair et al. 2000; Cahill
1994; Kauko 2004). Similar segmentation has been identified in online dating, which is even less
reliant on financial constraints (Bruch and Newman 2018). Thus, drawing on decision-making
repetition can allow us to infer the structure of consideration sets (Bruch and Atwell 2015;
Tuljapurkar, Bruch, and Mare 2008) and deduce the logic which drives decision-making within
them (Leishman et al. 2013).

Therefore, in this paper we focus not on the individual choice set of specific families, but
instead on the structure of what we call emergent consideration sets. We use this term, rather
than the more common “choice sets” for two reasons. First, by using “consideration” rather than
“choice” we hope to de-emphasize the active construction of these sets. Given the socially-
structured sorting perspective proposed by Krysan and Crowder (2019) and what we know about
how families make enrollment decisions, these sets are rarely the result of an active editing
process based on specific school characteristics. Instead, they represent the often unconscious
filtering of information that takes place in our highly structured social and geographic
environments. Second, these sets are an emergent property of the network and do not represent
the individual choice set of any specific family. Rather, they reflect the segmentation of the
elementary school marketplace and capture clusters of schools that are likely to be considered by
similar families in similar social and geographic positions.

Since the structure of these aggregate consideration sets is an emergent property of a
complex system, the best way to assess it is not through experiments, survey responses,
interviews, or even analysis of individual administrative choice forms. Asking individuals how
they decide — or even relying on their listed preferences — does not always reveal the informal

social networks that structure their choices. The exact preferred combination of attributes may
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not exist in real life, sources of information used are not always fully conscious (Small 2017),
and when it comes to schools, many students end up enrolling in something other than what they
initially listed on their choice form (Stein, Burdick-Will, and Grigg 2019). In contrast, our
proposed method uses network clustering algorithms to track actual transfers between schools in
ways that highlight the emergent social structure that shapes decision-making. These network
methods reveal the connections between what would otherwise appear to be static and isolated
entities, such as neighborhoods, schools, and districts (Browning et al. 2017; Graif, Gladfelter,

and Matthews 2014; Sampson 2008; Wang et al. 2018).

Hypotheses
Existing theory of socially structured complex decision-making and qualitative evidence
regarding school selection processes leads to four concrete hypotheses that can be tested with our
data and methods. To our knowledge, these theories have not yet been tested using large scale
quantitative data using these or any other methods.
Structure of Emergent Consideration Sets
Hypothesis 1: Emergent consideration sets derived through community detection
methods will better predict the flow of students between schools than those derived from
distance, demographics, and test scores alone.
Hypothesis 2: Structural barriers (distance, district boundaries, interstates, etc.) will be
more important than demographics in predicting the composition of emergent
consideration sets.
We expect to find that our emergent consideration sets will be better predictors than simple
demographics because they capture the hard to measure social structures that shape interaction.

We also know from the qualitative literature on school selection that parents often rule out whole
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districts or large groups of schools without doing any detailed research. This would suggest that
structural boundaries that can be easily observed (i.e. school sector, in a particular district, on a
particular side of the interstate) will be strong predictors of our emergent consideration sets. If
demographics and distance are instead good predictors of student movement and the division of
emergent consideration sets, it is a sign that these characteristics play a “deal breaking” role in
decision making (Bruch et al. 2016) and that past experience and informal flows of information
matter less than expected.
Logic of Mobility Flows
Hypothesis 3: Incorporating emergent consideration sets will improve the prediction of
mobility flows compared to models that assume every student considers every school.
Hypothesis 4: Observed measures of student composition will be stronger predictors of
student flows after taking into account the emergent consideration sets.
We expect that when it comes to a final detailed deliberation between a small set of schools,
families are likely to weigh their options the way they say they do in interviews and surveys,
which is value academic quality, distance, and possibly student demographics. However, since
they often rule out large groups of schools without careful consideration, these factors will not
likely predict mobility in models that assume every student considers every school. In other
words, relative proficiency rates may appear to matter very little when comparing across an
entire district, but when you limit the options to just those that are likely to be considered,
parents are more likely to move to the higher achieving schools within that set. Therefore, as the
models approach more realistic assumptions about emergent consideration sets, we would expect
the observed characteristics of schools to matter more in terms of both the size of the coefficients

and overall ability to predict the flow of students.
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Baltimore Context

The Baltimore metropolitan region consists of Baltimore City and six surrounding
county-based school districts. The two largest of these jurisdictions are Baltimore City and
Baltimore County. Despite sharing a name, they are completely independent counties. Together
they account for more than half of the metropolitan area’s 2.8 million people. Suburban
Baltimore County almost entirely surrounds Baltimore City on all sides. This means that it is
possible to examine the city and its inner suburbs using these two districts alone. Moreover,
Baltimore County represents a much wider range of land use density and median income than the
city alone. Within the more than 600 square mile county, there is everything from high density,
high poverty apartment complexes to concentrated areas of affluence in sprawling estates. These
concentrations of affluence are less frequently the subject of choice and mobility studies and will
provide a more appropriate contrast to experiences than could be found in the city alone.
According to the 2010-2014 American Community Survey, Baltimore County is similar in terms
of population density and demographics to the other suburban counties in the Baltimore region,
suggesting that patterns found in this county are likely to be similar in the rest of the region.’

Figure 1 about here

Figure 1 shows census tract level median household income in Baltimore City and
County from the 2010-2014 American Community Survey. The tract level shading indicates that
central Baltimore County has very high-income residents with median incomes above 100,000
dollars. These areas have much higher income levels than most of the city, or even the sides of
the county. The lowest-income parts of the region are located towards the middle of Baltimore
City, but there are also some affluent neighborhoods in the north and around the harbor.

Figure 2 about here
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Figure 2 shows the tract-level percent black. Here the residential segregation in the region
becomes apparent. Tracts tend to be either predominantly black or have relatively few black
residents. Baltimore City’s residential segregation pattern follows what is known locally as the
“Butterfly and the L”: the Eastern and Western sides of the city are predominantly black with
white neighborhoods in the middle extending to the east of the harbor. In Baltimore County there
are far fewer predominantly black neighborhoods. The western wing of the County has a string
of predominantly black neighborhoods that lead outwards from the city. These and a single tract
along the eastern side of the northern boundary are the only sections of the county in which there
are substantial numbers of black residents. The rest of northern and eastern Baltimore County are
overwhelmingly white with a few pockets of Hispanic and Asian residents along the highway
that heads north-south down the middle of the county.

Together, these two school districts serve more than 92,000 students in grades K-5 each
year. While all students in the region are assigned a default elementary school based on
residential address, both districts allow for some degree of non-residential assignment, either
through magnet programs in the County or charter schools and out-of-zone enrollment in
neighborhood schools in the City (BCPS 2020; BCPSS 2018). ' These programs mean that
school enrollment decisions are not dictated exclusively by residential patterns and provide some

room for parental decision-making based on school characteristics alone.

Data
The data for this study come from de-identified administrative records from the
Baltimore City and County Public Schools from 2010-11 through 2014-15 that are stored at the
Baltimore Education Research Consortium. The data include every child ever enrolled in either

district during this time period, along with ids for every school attended and the date of record
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for each school enrollment and withdrawal. Students are matched across districts using a state
identifier generated by the Maryland State Department of Education (MSDE).

We focus our analysis on regular elementary schools, as defined by National Center for
Education Statistics (NCES). This excludes students who are assigned to special education or
alternative schools by either district and whose mobility patterns, therefore, do not represent
informal flows of information in the same way. The population of elementary schools include all
schools with at least one grade between kindergarten and fifth grade. These schools tend to have
smaller enrollments, serve smaller geographic catchment areas, and have higher mobility rates
than middle or high schools (MSDE 2015).

School-level data comes from the NCES Common Core of Data (NCES 2015) and the
MSDE School Report Cards (MSDE 2015). NCES reports the aggregate racial composition and
free-meals status of all schools in the country. They also provide geocoded school addresses. The
MSDE reports include attendance rates, special education and English language learner status, as
well as standardized test score proficiency rates. We will use the 2014-15 school year to describe
the schools. It should be noted that 2014-15 was the first year that Maryland adopted the
Common Core-aligned test (the Partnership for Assessment of Readiness for College and Careers
[PARCC]) and pass rates on standardized tests are lower than in previous years. Nevertheless,
the relative differences in test performance between schools are comparable to other years.

The first three columns of Table 1 describe these measures for all schools and for the city
and county districts separately. Means and standard deviations are weighted by the number of
students in each school. Each district contains approximately the same number of public-school
students in grades K-5. Twenty-six percent of students in the two districts combined are white.

Fifty-eight percent are black, 9 percent are Hispanic, and 4 percent are Asian. Baltimore County
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has a much larger proportion of white students than the city (43 versus 10 percent) and fewer
black students (36 versus 79 percent). A substantial proportion of all students are eligible for
free- and reduced-price meals, including 87 percent of students in the city, but only around half
of students in the county. Attendance and achievement scores are also higher in the suburbs than
the city, but special education and English language learner status are similar across the two
districts.

Table 1 about here

Our models also include measures of social and geographic separation between schools.
First, we include an indicator for whether the sending and receiving school are in different
districts. Administratively, it is harder to make cross-district school changes since they require a
simultaneous change in residential address. Families are also likely to rule out an entire district in
the early stages of decision-making.

Similarly, charter schools tend to appeal to distinct sets of families (Posey-Maddox,
Kimelberg, and Cucchiara 2014). Parents that have opted out of traditional schools may be more
likely to keep their students in that sector even when changing schools. Therefore, we include an
indicator for whether the sending and receiving schools are different types: charter versus
traditional. This variable has a value of zero if both schools are traditional or both schools are
charter schools.

Just as districts and school sector serve different sets of families, major roads and
interstates have been used historically to divide communities. Alexander et al. argue that
especially in Baltimore City, major roads and parks were used to delineate “defended
communities” where white residents who decided to remain during periods of white flight in the

1980s and 1990s were able to exclude blacks (2014:41-42; Green, Strolovitch, and Wong 1998;
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Suttles 1972). The region’s interstates can be seen on Figures 1 and 2. They often appear as
dividing lines between census tracts with very different demographic compositions. In order to
capture these social dividing lines, we create an indicator for whether there is a major road or
interstate between two schools. If one of these roads intersects the straight line drawn between
schools, we consider it to be on the path between two schools. This does not take into account
whether traveling along a highway would be necessary to get from one school to another, but
indicates that schools fall on different sides of the road on a map. To capture additional non-
linearities in distance, we also include an indicator for whether each receiving school is the

closest school to each sending school.

Methods

Building a Network of School Ties

The hard to measure and individually-specific nature of choice sets make them difficult
to model on a large scale, which has limited their utility in empirical studies of decision-making
and segregation. (For more detail on the limits of existing methods of estimating and
incorporating choice sets see Appendix A). In this study, we propose a novel method that can be
applied to any large population dataset or highly-saturated survey. Rather than make assumptions
about what families use to limit their consideration sets or rely on active search behavior and
stated preferences, we use the observed connections and flow of students between schools to
estimate the emergent structure of consideration sets. These structures are based entirely on the
actual patterns of flows between schools and are not limited by researchers’ assumptions of how
families behave or what families say they look for.

In order to estimate the emergent structures in school enrollment, we first create a

network of ties between schools established by student mobility. Specifically, we calculate
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directional flows of elementary students from each school in both districts to every other school
during the summer across all five academic years. We focus on summer moves only because
these are the moves that are most likely to be related to school characteristics rather than
personal family hardship (Welsh 2017)." We include students enrolled in kindergarten through
fifth grade and avoid all promotional school moves (i.e. moves required because the current
school closed or does not offer higher grade-levels). This means that all moves are the result of
individual decisions rather than administrative features of the districts.

We use summer school transfers to build the network for four reasons. First, by virtue of
their change in enrollment, these families are “voting with their feet” and making an active
decision to seek out a different school environment. These movers are exactly the kind of “active
chooser” that Buckley and Schneider (2003) argue are most likely to gather information about
their schooling options. This makes their behavior especially important for understanding the
logic of overall enrollment patterns.

Second, school transfers are often related to but do not always coincide with residential
moves. Nationally, only about half of school moves are the result of a residential move (Gasper,
DelLuca, and Estacion 2010). Therefore, examining school movers allows us to look at
enrollment patterns that are influenced by, but not dictated directly by, residential segregation.
When looking at initial enrollment it is harder to separate earlier residential decision-making
from school enroliment decisions (DeLuca, Darrah-Okike, and Nerenberg 2018).

Third, while students may change schools for a wide range of reasons, some reactionary
and other strategic, research shows that where they go is often quite similar to where they left
(Kerbow 1996; Welsh 2017). This is because their destination decisions are likely structured and

constrained in many of the same ways as their initial enrollment decision. Even if the stated
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reason for a school change is the need to move in with a relative for financial reasons, where that
relative lives tells us something about that student’s social and geographic place in the region
and the options that similar families might also consider. Given the similarity in the origin and
destination schools, there is no reason to think that the structure of choice sets and final decision-
making would be different for initial enroliment and transfers.

Finally, we know that all decisions are “anchored” by past experience (Furnham and Boo
2011). Fortunately, in the case of movers, that past experience is easily observed by the
researcher. This means that we are able to model relative change in observed characteristics
between sending and receiving schools rather than compare across all schools. In other words,
we can observe whether schools with low proficiency rates but high in-mobility rates are
receiving students from even lower achieving schools. This would be evidence that families
value achievement even if they do not end up in the highest achieving school in the district.

Table 2 about here

Around one quarter of all students ever make a summer move. Rates of mobility are
somewhat higher in the City than in the County (28 percent vs 18 percent). Table 2 compares the
characteristics of students who ever make a school transfer with those who stay stably enrolled
during the five-year observation period. Mobile students are substantially more likely to be black
and come from schools with somewhat higher proportions of free- and reduced-price meal-
eligible students, but with comparable proficiency ratings."
Defining Emergent Consideration Sets

In order to empirically derive emergent structure from the network of schools, we apply
the Louvian method of community detection (Blondel et al. 2008) to the network of school

transfers with directed ties, weighted by the number of movers using Gephi 0.9.1. This method
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starts by optimizing on specific randomized nodes to form small groups and then iterates this
process to combine them into larger groups. The final number of groupings is derived by
optimizing the fraction of ties within groups compared to ties between groups. The extent to
which a network is divided into more groups than would appear if the connections were
established at random is known as modularity. The maximum value of the modularity index is 1
and the minimum is -1.

The Louvian method of community detection was chosen for a few reasons. First, this
method of community detection does not require any prior assumptions about the nature of the
network graph or the size, density and shape of the clusters. This means that we are able to let
the data generate patterns without having to impose any pre-conceived notions about the role of
school characteristics or location. Second, the Louvian algorithm is a “bottom-up” method,
meaning that it aggregates individual ties to build hierarchical structures that allow us to examine
emergent consideration sets at different levels of clustering. The random starting point for the
algorithm means that running it multiple times allows us to measure the probability that any two
schools are in the same cluster. Finally, this method is popular and widely available in existing
network software and can therefore be easily adopted by others interested in replicating these
methods with other data sources.

The starting point for the optimization is randomly selected each time the modularity
command is run. Starting with a different random seed may result in a different optimized
solution for the same network graph, especially if the divisions between clusters are not clear cut.
In order to account for this randomness and to provide a probabilistic rather than deterministic
measure of the consideration set, we run the modularity algorithm 100 times with 100 randomly

selected starting points.Y For every school tie, we calculate the number of times out of 100 that
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those two schools are in the same subset. We consider this to be an approximation of the
likelihood that these two schools would be considered by similar families. We do not claim that
this means that these are the only schools that specific families would consider, only that in the
aggregate, these are the ways consideration sets tend to be structured. Since individual choice
sets tend to be small, we create a second, more restrictive measure that is a dichotomous variable
for whether or not a school tie is always in the same emergent cluster in all 100 of our runs.
Structure of Emergent Consideration Sets

As a comparison for our network-derived consideration sets, we also create alternative
consideration sets determined by observed school characteristics alone. Since research shows
that parents are heavily influenced by distance, proficiency, and school composition, we consider
two schools to be in the same naive consideration set if their racial composition and proficiency
levels differ by no more than 20 percentage points and they are no more than three miles apart.
To test whether the emergent consideration sets capture something beyond demographics and
distance (hypothesis 1), we use ordinary least squares regression to predict the number of moves
along each school tie using only a dummy variable for belonging to the same the simple
demographic consideration sets, our probabilistic measure of emergent consideration sets, or our
dichotomous measure of always being in the same consideration set. Comparing the predictive
power (R-squared) of these different definitions of consideration sets will allow us to assess
whether emergent patterns and unobserved characteristics drive consideration sets more than
observed school characteristics.

To further explore the role of socially structured consideration set formation, we build a
model that predicts the number of times that two schools will be included in the same network-

derived consideration set in any of the 100 runs."' A tie between schools does not define an
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emergent consideration set on its own. However, examining what predicts that two schools will
be included in the same set provides important information about what school-level factors drive
the clustering and segmentation of school enroliment patterns. Specifically, we compare the
predictive power of demographics and proficiency alone to that of structural divisions between
schools, including distance, district boundaries, different school types (charter vs traditional),
and location across major roads and interstates. Since families tend to rule out large swaths of a
district or metropolitan area based on categorical markers during the editing phase, we expect
that these structural barriers will be much more predictive than school demographics and

proficiency (hypothesis 2). The model is as follows:

lij = Bo + P1AbS(Tij) + B2Abs(BIkij) + BsAbs(Hspij) + BaAbs(Frmij) + BsLog(Dist)ij + BeClosestij +

B7Chartjj + BsCrossij + PoRoadij + €jj (1)

Where Ijj is a count of the number of times the schools i and j were in included in the
same set in each of the 100 runs; Tj; is the difference in math standardized proficiency rates;
Blkij, Hspij, and Frmijj are the differences in the percent of black, Hispanic, and free and reduced
lunch eligible students; Dist;j is the distance between schools in miles; Closest;j is an indicator for
whether either school is the closest receiving school for the other in the pair; Chartjj is an
indicator for whether the schools differ in charter status; Crossij indicates whether the two
schools are in different districts; Road;j indicates whether there is an interstate or major state road
between the two schools; and ejj is the tie-level error term. The unit of analysis is the pair of
schools, without any directionality: the pair of schools A and B only appear as one observation,

not separately as A to B and B to A. Therefore, we measure all differences in school
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characteristics between the two schools as absolute values. The coefficients can be interpreted as
the degree to which differences between schools predicts higher or lower numbers of inclusions
in the same set. We expect the coefficients for the demographic difference to be negative. This
would indicate, for example, that the larger the difference in the percent of black students
between the two schools, the less likely they are to be in the same cluster. While the coefficients
in and of themselves are interesting, the focus of the hypothesis in this section is on the increase
in predictive power that comes with adding structural constraints to the model.
Logic of Mobility Flows

We then turn to predicting the actual movement of students, given the structure of the
consideration sets. The focus is on how our understanding of the logic of mobility changes when
we incorporate emergent consideration sets into the analysis."" To do this, we predict the size of
the flow of students between two schools using a gravity model. These models were developed
in the context of international economics to measure the volume of trade between countries
based on their size and distance from one another (Sen and Smith 2012). In this context, we are
estimating the volume of student movement between schools and our outcome is the number of
students who make a specific move in a specific direction. We then use the difference in
observed characteristics between the sending and receiving schools to understand the overall
pattern of mobility.

Unlike the emergent structure analysis, we include directionality here. In other words, for
every school tie there are two observations: one from school A to B and another from B to A.
Therefore, measures of demographic difference also include directionality. Positive values mean
that the sending school has a higher value than the receiving school, while negative values

indicate the reverse. We include measures of student demographics, proficiency, geographic
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distance, and the structural boundaries used in the analysis of consideration sets. Similar to
traditional gravity models, we adjust for measures of size and overall instability that are likely to

predict larger flows regardless of school characteristics. Our formal model is as follows:

Yij = Bo + P1Tij + B2BIkij + BsHspij + BaFrmij + PsLog(Dist)ij + BsClosesti; + BzChartjj + BsCrossij +

BoRoadij + B1oSizei + P11Sizej + P12Outi + Pisln; + € (2

Where Yijis the number of moves from school i to school j; Tjj is the difference in math
test score proficiency rates, are Blki; and Hspjj are differences in racial composition; Frmi; is the
difference in the proportion of free and reduced meals recipients; Log(Dist)jj is the logged miles
between schools as the crow flies; Closest;; is a binary indicator for whether receiving school j is
the closest school to sending school i; Chartjj indicates different school sectors (charter versus
traditional); Crossij indicates whether the schools are in different districts; and Road;j indicates
whether they are on opposite sides of a major road or interstate. We adjust for the size of both
schools (Sizej and Size;j) and the overall level of connectedness of each school to the rest of the
network via the total number of exits for the sending school (Out;) and the total number of entries
for the receiving school (In;). Robust standard errors are used to account for any
heteroscedasticity in the tie-level error term (ejj). "

A positive value for a coefficient means that, on average, more students move to schools
with higher values of that measure than their starting school. A negative coefficient means the
reverse. In other words, if achievement scores are a strong attractor, we would expect students to
be more likely to move to a school that has higher achievement scores than their current school

(the coefficient for Tijj to be positive). If student composition, particularly race and poverty, are
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strong deterrents, we would expect students to be less likely to depart their school for one with
greater numbers of poor and minority students (therefore the coefficients for Blk;j, Hspij, and
Frmij would be negative). If convenience in the form of travel time is important, we would
expect schools that are close together to be more likely to share students and the coefficient for
Log(Dist;;) to be negative. We do not claim that measures included in these models represent an
exhaustive list of factors that could be important to families. There are certainly many other
unobserved reasons that a specific family might choose to change from one school to another.
However, these are the measures that are most frequently cited in the literature on school
preferences and their relative importance across models reveals valuable information about the
sources of school segregation.™

To compare the influence of emergent consideration sets on decision parameters we run
this model several times with different sample restrictions. Our first set of estimates allows any
school to have an equal probability of sending students to any other school. In this case, all
potential moves between schools are included, even if there are no observed moves along that
path. Our next two models incorporate two different measures of the emergent consideration sets
in order to limit the scope of realistic options for parents leaving a particular school. In the first
version, we weight each observation (a directional tie between two schools) by the probability
that those two schools are included in the same subset across all 100 runs. Ties between two
schools that are never included in the same subset have a weight of zero and are, therefore,
excluded from the analysis. Ties between two schools that are always in the same consideration
set have a weight of one and the largest influence on the estimated parameters. Our third and

most restrictive model limits the emergent consideration sets to only those pairs of schools that
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are always in the same cluster across all 100 runs. This narrows the consideration sets to an even
greater degree and provides smaller, more realistic limitations on the network of schools.

The difference in the R-squared for these three models will indicate whether
incorporating emergent consideration sets improves the prediction of mobility flows (hypothesis
3). The difference in the estimated strength of the coefficients between these three models will
demonstrate how taking into account complex decision-making processes shapes our

understanding of school choice and segregation processes (hypothesis 4).

Results
Building a Network of School Ties

Over 42,000 summertime school moves were made by kindergarten through fifth grade
students between regular elementary schools during this five-year period. Approximately 25,000
of these moves originated from a Baltimore City school and 17,000 of these moves originated
from a Baltimore County school. The majority of school moves remained within the same
district. Only around 20 percent of moves from a city school ended up in the county and around
15 percent of the moves from a county school ended up in the city.

The ties between schools created by mobile students follow a highly skewed distribution
and create a dense network, as shown in Figure 3. There are no isolates; every school is
connected to at least one other school during this period. When two schools are connected by
mobility, the average flow is approximately 13 student moves, but around half of all ties between
schools represent only one student move. On average, each school is connected to 76 different
schools by student exits and 71 different schools by student entries, representing about 30
percent of the region’s 236 elementary schools. As Figure 3 shows, the level of activity in the

network makes it difficult to visually discern any structure.
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Figure 3 about here
Defining Emergent Consideration Sets

The sheer density of ties in the network may be obscuring underlying patterns. Therefore,
we use Louvian community detection algorithms to parse the network in ways that the naked eye
might not be able to detect. The modal solution contains seven subsets (55 percent of runs), with
a minimum of six (8 percent) and a maximum of nine (4 percent). The degree to which a network
easily divides into distinct subgroups is often measured by the modularity index. This index
represents the fraction of edges that fall within the given groups minus the expected fraction if
edges were distributed at random and can range from -1 to 1. The average modularity of the
estimated subgroups is 0.34 (s.d. 0.004). This means that schools are more clustered than if ties
were distributed at random, but that student mobility also establishes quite a few connections
between schools in different clusters.

Another way to examine the distinctiveness of the subsets is to look across all 100 runs.
Specifically, we examine the number of times each of the 27,730 potential school ties show up in
the same cluster. The distribution of cluster ties across runs highlights three things: first, there
are many zeros. More than 20,000 school ties (72.4 percent) never fall into the same subset. We
interpret this to mean that many schools are very unlikely to be jointly considered by similar
families. This aligns well with the literature on decision-making that suggests that families only
actively consider a very small set of schools. Second, there is a moderate number of ones.
Approximately 1,250 ties (4.5 percent) show up in the same subset in every single run. These
schools are very likely to be jointly considered by similar families when choosing a school or
making a school transfer. Finally, around 6,300 school ties (23 percent) fall somewhere in

between and fall into the same cluster only a fraction of the time. We interpret this to mean that
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there is some chance that a family would consider these two schools at the same time, but that
not everyone will do so. Given the dense network shown in Figure 3, this uncertainty is expected
and is why it is important not to rely just on one run of the modularity algorithm when the
underlying network is dense.

Figure 4 shows what the emergent consideration sets look like on a map. Lines in red
represent ties between two schools that are always in the same cluster. These groups are very
small geographically and tend not to include large numbers of schools and never cross the
district boundary. Orange lines represent ties between schools that were in the same subset in 75-
99 percent of the runs. Yellow lines represent ties between schools that were in the same subset
more than half the time, but less than 75 percent of the time. As the colors get lighter the
geographic area of the clusters gets larger. Smaller clusters also combine to form large clusters
that cover a lot geographic territory and occasionally cross the district line. However, even with
this level of uncertainty, there are clear dividing lines between emergent consideration sets. For
example, there is an east-west dividing line that begins at the harbor in Baltimore City, extends
northwest along a highway and continues through Baltimore County.

Figure 4 about here
Structure of Emergent Consideration Sets

In order to better understand what drives these emergent network clusters, we turn to our
two consideration set hypotheses (hypothesis 1 and 2). First, we will compare our emergent
cluster definitions to simpler ties driven only by school demographics and distance. In this naive
counter-example, schools are considered to be in the same demographic consideration set if they
differ by no more than 20 percentage points in their racial and economic composition or their

proficiency rates and are less than three miles apart.*
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Table 3 describes the overlap between these simple demographic ties and our emergent
clusters. The table shows a cross tabulation between whether two schools have similar
demographics and distance and whether they are always or never considered in the same cluster.
Although there are a relatively similar number of ties identified by each definition, there is
substantial disagreement about which schools should share a tie. Only around a quarter of ties
that are demographically similar and relatively close together are identified as always in the same
cluster by our community detection algorithm and only around 20 percent of the “always” ties
are similar enough to have ties based on demographics and distance. The ties that are never in the
same cluster show a similar pattern. One third of ties that are not demographically similar have
some chance of being in the same cluster and around 12 percent of demographically similar ties
never appear in the same cluster.

Table 3 about here

If families only consider schools that are nearby and demographically similar, we would
expect that most moves should take place along these school ties. This does not appear to be the
case. These demographic ties account for approximately 4 percent of all school ties and
approximately 18 percent of moves. In comparison, the schools that are always in the same
emergent consideration set account for approximately 4.5 percent of all school ties, but around
31 percent of all moves. In other words, more students flow along the paths derived by our
emergent consideration sets than along demographically similar schools. Similarly, the
demographically-defined consideration sets are very poor predictors of flows across the network.
The R-squared predicting the total number of moves along each school tie with an indicator of a
demographic tie is only 0.05, while using an indicator for whether two schools are always in the

same consideration set is substantially larger at 0.17. If we use the continuous measure of the
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probability of consideration set inclusion, the R-squared increases to 0.23. Together this suggests
that the consideration set definitions derived from the network clustering algorithms better
describe the observed mobility patterns than demographics alone (hypothesis 1).

Our second consideration set hypothesis (hypothesis 2) has to do with the importance of
socially structured constraints and barriers. To test this hypothesis, we focus on what predicts
that two schools would be included in the same network cluster. We know from the previous
analysis that demographics and proficiency alone are not very good predictors, but what about
other kinds of structural and geographic divisions? Since families are known to rule out large
swaths of a district or metropolitan area based on very little information, we expect that families
will be less likely to consider schools that are in another district, of a different school type, or on
the other side of an interstate or major road (hypothesis 2).

To test this hypothesis, we estimate an ordinary least squares regression that predicts the
number of times (out of 100) that two schools appear in the same emergent consideration set.
Since there is no directionality in this measure, each school tie is only included once. The results
are shown in Table 4. The first model includes only demographics and academics. As expected,
schools that are more similar are more likely to be included in the same emergent consideration
set (all of the coefficients are negative), but the predictive power of the model is quite low (only
0.10). In contrast when we add in the structural constraints (model 2) the predictive power jumps
to 0.37. A formal test of these nested models yields an F statistic for the 5 additional parameters
with 27720 degrees of freedom of 1923.39, which is highly statistically significant at the less
than 0.001 level. This means that we can easily reject the null hypothesis that these additional

measures add nothing to the model.
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The structural boundary coefficients are also much larger than the demographic
coefficients. For example, a 10 percentage point difference in the proportion of black students
decreases the predicted number of times two schools are included in the same consideration set
by just 1, but being in different districts predicts 16 fewer times and being on different sides of a
major road predicts 8 fewer times. Together, this highlights the importance of the social
structural sorting process described by Krysan and Crowder (2017) with housing and suggests
that large groups of schools that are either too far away or of the wrong type are never considered
by families, regardless of their observed characteristics.

Table 4 about here

Notably, the coefficient for relative proportion of free- and reduced-price meal eligible
students switches signs when the structural controls are introduced. This suggests that much of
the differentiation along socioeconomic lines is driven by high levels of income segregation and
that within smaller areas of the city, students may actually be more likely to transfer between
schools with different levels of free and reduced-price meals eligibility. Now, it must be noted
that we do not include direction in these models and cannot yet tell whether the patterns are
driven by families that are always headed from schools with poorer populations to those with
higher income populations.

Table 5 about here

It is important to note that despite the structure of these emergent consideration sets being
driven largely by social and geographic boundaries, the results are still relatively racially
homogeneous. Table 5 shows the Theil index of multi-group segregation for racial composition,
the proportion of students eligible for free- and reduced-price meals, and proficiency for between

all schools and between the emergent consideration sets (Reardon and Firebaugh 2002). Of the
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three measures, students are most highly segregated by race. Our emergent consideration sets
explain around half of the overall segregation across schools in the area, on average, across all
100 runs. When we use the most restrictive definition of a consideration set and create distinct
sets of schools that are always in the same set (the red lines in Figure 4) we explain around three
quarters of the total between-school segregation in both districts. This means that there is
relatively little variability by race, and to a lesser extent socioeconomic and proficiency status,
between schools in the same consideration sets. It will be important to keep this in mind when
we predict the flow of students within these sets.
Logic of Mobility Flows

Now that we have a working definition of emergent consideration sets, we move on to
assess how incorporating those restrictions into our models changes our understanding of the
logic driving mobility flows. Table 6 compares two sets of three gravity models that make
different assumptions about the range of schools parents are likely to consider. The outcome is
the number of students who make a specific directional transfer and there are two observations
per school tie, one for moves from school A to school B and one for school B to school A. The
first model in each set gives all potential flows equal weight and makes the naive assumption that
parents consider every other school in the area. Schools that do not share any students simply
have an outcome of zero. The second model limits the observations to ties that occur along the
probabilistic consideration sets derived above. Each directional tie is weighted by the likelihood
that the two schools will be included in the same emergent consideration set. The approximately
three quarters of ties with no chance of ever being considered together are excluded from the
analysis. (Note the difference in the number of observations in each model). The final model

uses the smallest definition of emergent consideration sets: only ties of schools that are always in
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the same subset. This is the most restrictive sample and only includes around 2,496 ties, but is
more likely to represent realistic consideration sets for similar types of parents.

Each model adjusts for school size and total entries and exits so that we do not confound
high levels of instability at some schools with the characteristics of the school those students
move to. Since the ties in this analysis are directional, the coefficients represent the difference in
characteristics between the sending and receiving schools. For example, the math coefficient is
positive when more moves happen along ties where the receiving school has a higher math
proficiency rate than the sending school. If parents are looking to improve their child’s academic
context, we would expect that coefficient to be positive. Similarly, if we expect families to move
to schools with lower proportions of minority or poor students, we would expect those
coefficients to be negative.

Table 6 about here

The first set of models (Model 1) includes only the demographics and proficiency levels
of the schools. We exclude the various measures of structural and geographic distance since they
are very strong predictors of the emergent consideration sets (see Table 4). The first thing to note
is the difference in each model’s predictive power (hypothesis 3). The R-squared for the naive
unweighted regression is only 0.05, while the R-squared for the models that incorporate
emergent consideration sets is 0.16. This suggests that the observed characteristics of schools are
better predictors of student flows when we take into account more realistic parental consideration
sets. A similar pattern, although less dramatic, can be seen in the second set of models (Model 2)
that include the measures of social and geographic distance. Here the change between models is

smaller because the additional measures capture much of what defines the emergent
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consideration sets in the first place. In fact, adding these measures only improves the predictive
power of the “always” model by a small amount (0.16 vs 0.19).

The second point of interest in Table 6 is the pattern of the coefficients themselves. In
each set the pattern is the same: the coefficients for the observed characteristics of schools
become larger as we limit the analysis to more realistic consideration sets (hypothesis 4). This
change is most dramatic for free- and reduce-priced meals eligibility percentages, where the
magnitude of the coefficients go from around -0.02 in the naive model to -0.36 in the most
restrictive definition of emergent consideration sets. This means that students are much less
likely to move to a school with a higher percentage of free- and reduce-priced meals eligible
students within the emergent consideration sets than when all other schools in the district are
included. The change for proficiency levels is similarly large (0.04 to 0.33). Again, this means
that when we take into account likely consideration sets, students seem much more sensitive to
the relative proficiency levels of the sending and receiving schools. The overall pattern of the
racial composition measures is similar, but the coefficients are much weaker. This means that at
this stage, families are less sensitive to differences in racial composition than income or

proficiency.X

Discussion and Conclusion
This study proposes and applies a novel method for understanding school segregation
dynamics and the role of social and geographic structure in student enrollment patterns. To do
S0, we begin with the premise that not every family will consider every school and that aggregate
flows of students between schools can reveal emergent differences between sets of schools that
are likely to be considered together. We then use community detection methods to reveal

emergent structures in a network of schools defined by the flow of mobile students. We interpret
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the clusters of schools derived from these analyses as the set of schools likely to be considered
by families in similar social and geographic positions.

We find that our network-derived emergent consideration sets are able to pick up
structural and geographic divisions in the region that are based on more than just student
demographics and straight-line distance. For example, two schools on opposite sides of a major
road are very unlikely to be in the same emergent consideration set regardless of their student
composition or how far apart they are. Given the historic patterns of residential segregation in the
Baltimore region, these structural boundaries tend to produce relatively racially homogeneous
subsets of schools.

Next, we examine the role of these social divisions in the logic of student mobility flows
between schools. Here, we find that models are better at predicting flows of students when they
take these emergent consideration sets into account than naive models that include every possible
school. Finally, within emergent consideration sets, students flow away from schools with
relatively higher levels of free- and reduced-price meal eligibility and towards schools with
higher proficiency levels. School racial composition, however, plays a much smaller role in
predicting movement between schools, in part because schools in the same consideration sets are
likely to be quite similar on this measure.

These findings have important implications for our understanding of school segregation
processes and the policies used to combat them. First, the findings highlight the intractability and
self-reproducing nature of segregation and the role of sometimes subtle structural boundaries in
that sorting process. Specifically, building on work by Bruch and Swait (2019) and Krysan and
Crowder (2017), this study finds that patterns of consideration set formation are heavily

dependent on the social and geographic distribution of racial groups in the region. Since parents
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of different races often do not interact with each other in the same social or geographic circles,
they do not end up considering the same places and, therefore, have little chance of ever
enrolling in the same schools, even when looking for the same objective characteristics. The
specific geography and demographics of emergent consideration sets estimated in this study may
be particular to the Baltimore region, but the theory applies everywhere. Past experiences and
existing residential segregation patterns lead families to very different schools even without a
clear preference for same-race peers. Reducing school segregation is going to take more than
widening access to schools through open enrollment policies, we also have to remove the
geographic and social boundaries that shape patterns of interaction and geographic exposure.

These findings can help explain the persistent pattern of higher racial segregation
between rather than within school districts (Reardon, Yun, and Eitle 2000). District boundaries
play a strong role in limiting our emergent consideration sets. In this study, none of the sets of
schools that are always in the same cluster include schools in different districts. We interpret this
to mean that districts are “deal breakers” (Bruch et al. 2016) in families’ decision process, and
that families tend to rule out entire districts without actively considering the specifics of schools
within excluded districts. While district reputations are certainly associated with their racial
composition, this process is different than families actively avoiding specific schools with
concentrations of racial minorities. It also means that policies and programs designed to expand
families’ consideration sets to include different districts could lead to more school integration
(Bergman et al. 2019).

Second, this study adds to a growing body of literature that suggests that school
consideration sets are quite limited. In other words, parents are not looking carefully at the whole

district or region when making enrollment decisions. Instead, they are likely weighing only a few
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options and choosing the best fit from within that limited set. In this context, the competition for
students does not take place at the district or regional level, but at the local level. This is similar
to the notion of local maximums versus global maximums that create niches in the ecology
literature (Martin and Wainwright 2013). Taking these limited consideration sets into account
yields different conclusions about what parents are looking for in a school. Compared to all
schools in the area, they may not end up in the highest achieving school, but given their local
options, there is a clear preference for higher proficiency rates. In other words, parents’ stated
preferences for high quality schools are true, but their definition of high quality is often relative,
not absolute.

The fact that students often attend schools close to home has not gone unnoticed in the
education policy world, but to date, the focus has been largely on travel time and cost (Blagg,
Rosenboom, and Chingos 2018; Glazerman and Dotter 2017). The findings described in this
study suggest that the decreased likelihood of attending a school far away is not simply about
how hard it is to get there, but also whether it even occurs to parents to consider going there.
This can be seen in the fact that adding measures of logged distance and other structural
boundaries do not substantially improve the prediction of mobility flows within emergent
consideration sets. Moreover, the geographic size of the different consideration set clusters is
quite variable. In some parts of the region, the clusters are very small and divide relatively small
geographic areas. In other parts of the region, schools that are much farther apart are still always
considered part of the same cluster. In other words, distance matters to the degree that it predicts
social divisions. It is not that families thought about a school and decided it was too far away.
Instead, their own social and spatial experiences likely kept them from considering the school at

all. Therefore, improving transit to schools is unlikely to do much on its own. If we really want
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to improve access to integrated schools, we also need to improve social integration and generate
positive experiences across a larger number of areas in the city.

Finally, the methods and findings of this study do not apply only to school enrollment.
The importance of social structure in limiting consideration sets applies to any type of decision,
including many that we often think of as based solely on preferences, such as where to eat, where
to shop, where to live, or who to date. Therefore, the methods developed in this paper could be
used with data from other areas. Our finding that these social divisions are not simply defined by
demographics, but also by the social and geographic structure of the city, is likely to hold for
other types of sorting. Major roads, for example, are likely to serve as a dividing line for other
types of social and spatial behavior. One of the key benefits of using network ties to reveal the
structure of consideration sets, however, is that we do not need to measure all of the little things
that generate social divisions. We can instead rely on the observed movement of people to reveal
those dividing factors.

The increasing availability of population-level administrative data has yet to be fully
exploited within sociological analysis. This study demonstrates that these datasets provide the
opportunity to illustrate more than what is available in the variable list (which is often thin). By
examining the links between units and the emergent network structures that they form, we can
learn a lot about the socially structured sorting processes that drive other forms of behavior and
inequality.
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Figure 2: Tract Percent Black
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Figure 3: Density of Ties between Schools
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Figure 4: Geographic Distribution of School Mobility Subset
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Table 1: School Demographics and Achievement in 2014-15 by District
All City County

City 50.8 100.0 0.0
(50.0) (0.0)0 (0.0
Black 579 789 36.1
(35.1) (27.0) (28.5)
White 26.1 9.8 42.9
(28.6) (17.0) (28.3)
Hispanic 8.8 9.1 8.6
(12.4) (16.0) (6.8)
Asian 3.8 1.0 6.8

(5.,5) (2.0) (6.4
Free and Reduced Meals 69.2 87.2 50.6
(27.3) (14.8) (24.7)
Special Education 124 133 114
(4.0) (4.3 (3.6)
English Language Learner 5.9 5.2 6.6
(8.5) (10.6) (5.4)

Attendance 949 932 96.5
(2.7 (2.5 (1.5)
Proficient - Reading 26.1 149 37.5
(16.3) (10.0) (13.3)
Proficient - Math 171 113 23.0
(11.9) (8.1) (12.2)
Charter 8.7 17.2 0.0
(28.3) (37.7) (0.0
Number of Students 92361 40802 51559
Number of Schools 236 128 108

Source: Authors’ calculations based on data from the Maryland State Department of Education.



Table 2: Characteristics of Ever Movers vs Non-Movers

Non- Ever
Movers Movers
White 33.2 15.6
Black 49.8 72.1
Hispanic 8.3 6.8
Male 50.9 52.0
School Percent FRM 62.2 76.1
School Proficiency 49.0 49.3
Number of Students 102,725 36,575

Source: Authors’ calculations based on data from the Baltimore City Public School System and
the Baltimore County Public Schools.
Note: FRM stands for free- and reduced-price meal-eligible students.



Table 3: Comparison of Emergent Clusters and Demographic Similarity

Cluster Tie: Always Cluster Tie: Never Total

D(_amographlc and No Yes No Yes

Distance Tie

No 25,706 967 6,765 19,908 26,673
Yes 776 281 872 185 1,057
Total 26,482 1,248 7,637 20,093 27,730

Source: Authors’ calculations based on data from the Baltimore City Public School System and
the Baltimore County Public Schools.



Table 4: Predicted Number of Times Appearing in the Same Emergent Consideration Set

Percent Black Difference -2.40*%**  -1.06***
(0.06) (0.05)
Percent Hispanic Difference  -1.19***  -0.67***
(0.14) (0.15)
Percent FRM Difference -1.49*%** ] 45%**
(0.07) (0.06)
Percent Proficient Difference -0.14 -0.43***
(0.12) (0.10)
Log Distance -20.75%**
(0.30)
Closest 13.18***
(2.09)
Different Charter Status -5.16%**
(0.43)
Different District -16.20%**
(0.33)
Cross Major Road -8.16***
(1.51)
Constant 31.01*%**  73.29***
(0.49) (1.45)
Observations 27,730 27,730
Adjusted R-squared 0.10 0.37

Note: Robust standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. One unit in each
of the difference measures represents 10 percentage points. FRM stands for free- and reduced-
price meal-eligible students.

Source: Authors’ calculations based on data from the Baltimore City and Baltimore County
Public Schools and the Maryland State Department of Education.



Table 5: Theil Indices of Racial, Economic, and Proficiency Segregation Between and Within
Subsets

Free and Reduced  Reading

Race/Ethnicity Meal Eligibility  Proficiency

Between Schools 0.35 0.30 0.20
Between Emergent Subsets (average 0.18 (0.01) 0.16 (0.01) 0.11 (0.01)
across runs)

Between Emergent Subsets (always same) 0.25 0.23 0.14

Note: Between and within subset are reported as the mean across all 100 runs with the standard
deviation across runs in parentheses.
Source: Authors’ calculations based on data from the Maryland State Department of Education.



Table 6: Predicted Number of Movers between Sending and Receiving School

Model 1 Model 2
Continuous Always Continuous  Always
Unweighted Weights Weights Unweighted Weights Weights
Percent Black
Difference 0.01* 0.02 0.09 0.001 0.003 0.09
(0.003) (0.02) (0.11) (0.002) (0.02) (0.112)
Percent
Hispanic
Difference -0.005 0.03 -0.13 0.01 0.05 -0.12
(0.01) (0.04) (0.23) (0.01) (0.03) (0.22)
Percent FRM
Difference -0.01 -0.09** -0.30* -0.02*** -0.14*** -0.36**
(0.01) (0.03) (0.13) (0.01) (0.03) (0.12)
Proficiency
Difference 0.05*** 0.21%** 0.40*** 0.04*** 0.17*** 0.33***
(0.004) (0.02) (0.05) (0.004) (0.02) (0.05)
Log Distance -1.06*** -1.78%** -1.18**
(0.02) (0.11) (0.43)
Closest 5.10*** 3.50%** 3.71***
(0.59) (0.61) (0.84)
Cross District -0.38*** -0.18*
(0.01) (0.08)
Cross Major
Road -1.46%** -1.32%** -1.04*
(0.18) (0.27) (0.48)
Different
Charter Status -0.33*** -0.95%**  -1.67***
(0.02) (0.13) (0.40)
Exits (Sending) 0.04*** 0.12%** 0.20%** 0.02*** 0.07*** 0.16**
(0.003) (0.02) (0.05) (0.003) (0.02) (0.06)
Entries
(Receiving) 0.04*** 0.14%** 0.29*** 0.04*** 0.12%** 0.28***
(0.005) (0.03) (0.07) (0.005) (0.03) (0.08)
Size (Sending) -0.01 0.37** 1.03* 0.31%** 1.00*** 1.42%**
(0.03) (0.14) (0.43) (0.03) (0.14) (0.42)
Size
(Receiving) -0.02 0.08 -0.11 0.18*** 0.49* 0.10
(0.04) (0.22) (0.59) (0.04) (0.24) (0.68)
Constant -0.66*** -2.87%** -5.41%** 2.55%** -0.30 -3.90*
(0.09) (0.50) (1.54) (0.19) (0.60) (1.74)
Observations 55,460 15,274 2,496 55,460 15,274 2,496
R-squared 0.05 0.12 0.16 0.18 0.19 0.19




Source: Authors’ calculations based on data from the Baltimore City and Baltimore County
Public Schools and the Maryland State Department of Education.

Note: Robust standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. One unit in each
of the difference measures represents 10 percentage points. One unit in school size represents
100 students. FRM stands for free- and reduced-price meal-eligible students.




Appendix A

Limits of Existing Methods

The hard to measure and individually-specific nature of choice sets make them difficult
to model on a large scale, which has limited their utility in empirical studies of decision-making
and segregation. The few studies that have tried do so use methods that are not well suited to
school segregation dynamics. For example, Bruch and Swait (2019) limit consideration sets to
only neighborhoods that respondents are likely to be able to afford and that are reasonably close
to their current home. Their studies find that affordability and distance constraints lead to racially
segregated consideration sets and amplify patterns of residential inequality. School consideration
sets are likely similarly limited by distance, but price and affordability are not always as
straightforward for public schools as they are for buying and renting homes (Bayer, Ferreira, and
McMillan 2007).

Other researchers have gathered data on internet search processes. For example, Buckley
and Schneider (2003) examined which boxes a relatively small number of school searchers used
to filter their results on a custom-designed website. They found that parents ruled out large
numbers of schools with simple search filters and only considered a handful of individual school
characteristics in depth. Bruch, Fienberg, and Lee (2016) use similar data to understand how
users of online dating websites limit their search criteria. They develop methods to identify deal-
breaker screening behavior in online searches and show that the criteria used for evaluation differ
during the screening and final selection phases. Unfortunately, no such search data exist on a
large scale for the school selection process. Moreover, since research shows that most parents

rely heavily on word-of-mouth to gain information about select schools, those who rely only on



publicly available websites for school information are likely to be new to the area or otherwise
weakly embedded in the local social structure.

One source of information that is sometimes available on a large scale are ranked-choice
preferences in a unified enroliment system (Denice and Gross 2016; Harris and Larsen 2015;
Glazerman and Dotter 2017; Lincove, Cowen, and Imbrogno 2018). Unfortunately, these data
sets are only available for districts that operate with an open enrollment policy, which tend to be
urban with large numbers of low achieving schools and high proportions of poor and minority
students. The findings are not necessarily applicable to more advantaged, suburban districts that
still rely heavily on residential assignment. They also usually only allow for examination of
preferences within that particular district. They, therefore, cannot be used to assess the degree
that districts themselves serve as a limiting factor for consideration sets. Finally, the schools
listed on these application forms only represent explicitly stated preferences at one point in time.
Many students do not end up enrolled in schools that were listed on these forms, especially after
the period of initial enrollment (Stein, Burdick-Will, and Grigg 2019). This may be because
these forms tend to limit the number of schools a family can include or because where families
are willing to consider changes over time. Either way, these forms act like interviews. They can
certainly tell us a lot about families’ stated preferences at a specific point in time, but are less
likely to tell us about how actual behavior is structured and constrained.

In contrast, we propose a novel method that can be applied to any large population data
or highly-saturated survey. Rather than make assumptions about what families use to limit their
consideration sets or rely on active search behavior and stated preferences, we use the observed
connections and flow of students between schools to estimate the emergent structure of

consideration sets. These structures are based entirely on the actual patterns of flows between



schools and are not limited by researchers’ assumptions of how families behave or what families

say they look for.
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Appendix B

Supplemental Tables

Table B1: Comparison of Emergent Clusters and With Different Definitions of Demographic
Similarity

Cluster Tie: Always Cluster Tie: Never

No Yes No Yes Total
Narrow Definition
No 26,337 1,159 7,417 20,079 26,337
Yes 145 89 220 14 145
Wide Definition
No 24,472 756 5856 19,372 26,673
Yes 2,010 492 1,781 721 1,057
Total 26,482 1,248 7,637 20,093 27,730

Note: In the narrow definition of demographic distance schools are considered demographically
similar if they are less than 10 percentage points different in composition and proficiency and
less than 2 miles apart. The R-squared predicting total moves with this narrow definition is 0.03.
In the wide definition of demographic distance schools are considered demographically similar if
they are less than 30 percentage points different in composition and proficiency and less than 4
miles apart. The R-squared predicting total moves with this wide definition is 0.09.

Source: Authors’ calculations based on data from the Baltimore City Public School System and
the Baltimore County Public Schools.
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Table B2: Predicted Log Odds Appearing in the Same Emergent Consideration Set in a Single
Run

Percent Black Difference -0.22%**  _(0,15***
(0.01) (0.01)
Percent Hispanic Difference -0.04* 0.04*
(0.01) (0.02)
Percent FRM Difference -0.17%**  (0.19***
(0.01) (0.01)
Percent Proficient Difference -0.01 -0.06***
(0.01) (0.01)

Log Distance -1.72%**
(0.03)
Closest 0.31
(0.28)
Different Charter Status -0.72%**
(0.05)
Different District -2.13***
(0.06)
Cross Major Road -0.09
(0.10)
Constant -0.53***  1.098***
(0.03) (0.10)
Observations 2,773,000 2,773,000
Number of ties 27,730 27,730
Pseudo R-squared 0.10 0.35

Note: The data has been expanded so that each observation represents one of each of the 100
runs for every tie. Standard errors in parenthesis are clustered at the level of the school tie. ***
p<0.001, ** p<0.01, * p<0.05. One unit in each of the difference measures represents 10
percentage points. FRM stands for free- and reduced-price meal-eligible students.

Source: Authors’ calculations based on data from the Baltimore City and Baltimore County
Public Schools and the Maryland State Department of Education.

12



Table B3: Marginal Predicted Number of Movers between Sending and Receiving School

Model 1 Model 2
Continuous  Always Continuous  Always
Unweighted ~ Weights Weights Unweighted Weights Weights
Percent Black
Difference 0.001 -0.009 0.083 -0.005 -0.034 0.060
(0.004) (0.025) (0.095) (0.003) (0.020) (0.082)
Percent
Hispanic
Difference -0.014 -0.019 0.048 0.005 -0.020 0.059
(0.008) (0.047) (0.198) (0.007) (0.038) (0.174)
Percent FRM
Difference -0.012* -0.112** -0.313** -0.040***  -0.189***  -0.471***
(0.006) (0.039) (0.140) (0.005) (0.032) (0.125)
Proficiency
Difference 0.047*** 0.205***  (.395*** 0.023*** 0.134***  (0.291***
(0.004) (0.019) (0.049) (0.003) (0.015) (0.043)
Log Distance -1.059***  2511***  -3,104***
(0.023) (0.096) (0.240)
Closest -0.123 0.245 1.039*
(0.067) (0.207) (0.443)
Cross District -0.535*** -1.613*** -2, 765***
(0.025) (0.138) (0.420)
Cross Major
Road -0.609***  -1.088***
(0.020) (0.139)
Different
Charter Status -0.082* -0.479** -0.402
(0.035) (0.143) (0.331)
Exits (Sending) 0.041*** 0.125***  (0,198*** 0.019*** 0.055***  (0.111***
(0.001) (0.007) (0.020) (0.001) (0.005) (0.016)
Entries
(Receiving) 0.033*** 0.102***  (0.193*** 0.029*** 0.090***  0.190***
(0.002) (0.012) (0.028) (0.001) (0.0112) (0.028)
Size (Sending) -0.016 0.290** 0.695* 0.284*** 1.153***  1.791***
(0.020) (0.111) (0.309) (0.015) (0.104) (0.301)
Size
(Receiving) 0.052* 0.385** 0.355 0.224*** 0.681*** 0.460
(0.021) (0.111) (0.279) (0.014) (0.104) (0.277)
Observations 55,460 15,274 2,496 55,460 15,274 2,496
R-squared 0.04 0.06 0.06 0.10 0.13 0.18

Source: Authors’ calculations based on data from the Baltimore City and Baltimore County
Public Schools and the Maryland State Department of Education.
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Note: Marginal predicted number of movers calculated from negative binomial regression
results. Robust standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. One unit in
each of the difference measures represents 10 percentage points. One unit in school size
represents 100 students. FRM stands for free- and reduced-price meal-eligible students.
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Table B4: Predicted Number of Movers between Sending and Receiving School

Percent Black
Difference

Percent
Hispanic
Difference

Percent FRM
Difference

Proficiency
Difference

Attendance
Rate Difference

Percent Special
Education
Difference

Percent ELL
Difference

Log Distance

Closest

Different
Charter Status

Cross District

Cross Major
Road

Exits (Sending)

Entries
(Receiving)

Size (Sending)

Model 1 Model 2
Continuous  Always Continuous  Always
Unweighted Weights Weights Unweighted Weights Weights
0.007* 0.011 0.062 0.00001 -0.012 0.040
(0.003) (0.025) (0.119) (0.002) (0.024) (0.116)
-0.015 -0.032 -0.318 0.010 0.022 -0.284
(0.014) (0.072) (0.350) (0.012) (0.064) (0.333)
-0.008 -0.081* -0.235 -0.022*** -0.107** -0.266*
(0.006) (0.038) (0.148) (0.006) (0.037) -0.135
0.053*** 0.205***  (0.383*** 0.044%*** 0.155***  (0.310***
(0.005) (0.022) (0.064) (0.004) (0.020) (0.062)
-0.004 0.113 0.512 0.023 0.319 0.740
(0.040) (0.213) (0.709) (0.036) (0.197) (0.685)
0.030 -0.055 -0.480 -0.020 -0.158 -0.650
(0.018) (0.097) (0.317) (0.017) (0.092) -0.335
0.018 0.070 0.115 -0.009 -0.003 0.025
(0.018) (0.095) (0.335) (0.016) (0.085) (0.313)
-1.058***  -1.787***  -1.210**
(0.025) (0.105) (0.431)
5.103*** 3.490***  3,718***
(0.592) (0.605) (0.845)
-0.335***  -0.961***  -1.715%**
(0.023) (0.125) (0.400)
-0.380*** -0.192*
(0.014) (0.076)
-1.457%**  .]1.313%** -1.033*
(0.178) (0.272) (0.475)
0.040*** 0.120***  0.194*** 0.018*** 0.069*** 0.154**
(0.003) (0.017) (0.049) (0.003) (0.018) (0.057)
0.043*** 0.145%**  0.291*** 0.036*** 0.123***  0.277***
(0.005) (0.026) (0.072) (0.005) (0.026) (0.078)
-0.013 0.384* 1.133* 0.315*** 1.034***  1551***
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(0.026) (0.149) (0.451) (0.027) (0.140) (0.415)
Size
(Receiving) -0.021 0.065 -0.206 0.173*** 0.464 -0.022
(0.042) (0.234) (0.630) (0.0412) (0.254) (0.718)
Constant -0.659*** -2.868*** 5 363*** 2.550*** -0.275 -3.815*
(0.087) (0.496) (1.532) (0.194) (0.601) (1.729)
Observations 55,460 15,274 2,496 55,460 15,274 2,496
R-squared 0.05 0.12 0.16 0.18 0.19 0.19

Source: Authors’ calculations based on data from the Baltimore City and Baltimore County

Public Schools and the Maryland State Department of Education.

Note: Robust standard errors in parenthesis. *** p<0.001, ** p<0.01, * p<0.05. One unit in each
of the difference measures represents 10 percentage points. One unit in school size represents
100 students. FRM stands for free- and reduced-price meal-eligible students.
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Endnotes

" Ideally we would include all counties in the metropolitan area in our analysis. However, given
that our findings suggest that consideration sets are geographically constrained and more likely
to fall within rather than across district boundaries we think it is unlikely that including a larger
number of districts would dramatically change the overall findings.

't According the National Center for Education Statistics, in 2014 there were 35 charter schools
in Baltimore City (18.5 percent of all schools), but none in Baltimore County (NCES 2015).
Students must be residents of Baltimore City to attend one of the City charter schools.

Il The pattern of flows is very similar between summer and midyear movers. Including midyear
moves does not change the substantive findings, but leads to a more disadvantage population of
movers.

v Individual student race and gender are available for this project, but not individual test scores
or free or reduced-price meals status. We therefore rely on school level characteristics to
describe the differences between movers and non-movers.

v Stochastic Block Models do similar things, but to our knowledge there are no available
statistical packages that can easily produce a probability of group membership for a given
school.

Vi Alternatively, we tried expanding the data so that each of the 100 runs was its own observation.
Logistic regressions predicting inclusion in the same set with these expanded data and standard
errors clustered at the tie level produce substantively similar results. Margin estimations of
predicted probabilities reveal relatively linear relationships between key predictors and
probability of inclusion. For the sake of simplicity, we report only the OLS regression results in

the main paper, but the logistic regression results can be seen in Appendix Table B2.
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Vil |t is possible that the preferences of students who do not move differs from those of movers.
Unfortunately, without knowledge of the other schools or neighborhoods that these families
consider before enrolling in kindergarten it is impossible to test this directly. Since the focus is
on the change across models, rather than the absolute magnitude of the parameters we believe
that these analyses still provide important insight into the role of multi-stage decision-making in
school segregation dynamics.

Vil Gjven the distribution of the outcome, a negative binomial regression better satisfies the
normality assumption than a simple OLS regression. However, the coefficient patterns and
overall conclusions are very similar in both models (See Appendix Table B3), so we chose to
present the OLS regression results to simplify the presentation and interpretation.

X We also ran models that included differences in attendance rates and percentages of special
education students and English Language Learners. None of these measures were statistically
significant. Nor did including them change the magnitude of the other coefficients or the
predictive power of the models. See Appendix Table B4.

* Altering the cut offs for these demographic choice sets does not change the findings.
Demographics and distance alone are always poor measures of mobility flows. See Appendix
Table B1.

X1t could be that the coefficients for racial composition are small and not significant because
students of different races have different preferences. In other words, white students prefer
schools with higher percentages of white students and black student prefer schools with higher
proportions of black students. We, therefore, also ran models predicting race specific flows

looking at same race preferences rather than percent Black or Hispanic. These models do not fit
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the data as well as the aggregate flows with the actual racial composition. Moreover, the

coefficients for same race measures are equally small and not statistically significant.
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