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ABSTRACT
Evictions are commonplace in the United States and are associated with significant
negative outcomes in terms of the health, financial wellbeing, and housing stability of the
evicted. Housing market pressure driven by gentrification represents a mechanism through which
evictions might occur. This thesis examines the relationship between gentrification and eviction
rates in Washington, D.C., a city experiencing one of the highest gentrification rates in the U.S. I
use census data and a novel court record dataset to examine the association between tract-level
eviction rates and proxies for gentrification that measure changes in tracts’ economic and
demographic characteristics. I find that, for originally low-income or high-share-black tracts,
there is a negative relationship between these gentrification proxies and eviction rates. My
findings contribute modestly to the body of literature challenging the widely held notion that
gentrification causes widespread displacement.
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INTRODUCTION
Evictions are commonplace in the United States. Each year since 2003, nearly 2.5 million
evictions were filed and one million formal evictions were carried out, constituting a rate of one
eviction filing for every 17 renter households and one executed eviction for every 40 renter
households each year (Eviction Lab, 2018).1 In addition to formal eviction filings, informal
evictions occur frequently, in which a landlord removes a tenant from their home using legal or
illegal methods outside of the formal court process (Desmond, 2012).2 As a result, actual
eviction counts are often understated, as these informal evictions are not represented in
administrative records. While evictions occur in residential areas throughout the country, they
are especially concentrated in low-income, predominately black urban neighborhoods and
disproportionately affect low-income black women with children.
Eviction is associated with a variety of negative outcomes for evicted families (Desmond,
2012). Evictions are linked to increases in material hardship, depression, stress, poor health
outcomes (Desmond & Kimbro, 2015), increased emergency room usage (Collinson & Reed,
2018) and suicide (Fowler et al., 2015). Negative physical and mental health outcomes can have
implications for both mothers and children and can persist beyond the short-term (Desmond &
Kimbro, 2015). The evicted also face a higher likelihood of being fired from work (Desmond &
Gershenson, 2016).
Evictions are also related to a number of negative housing outcomes (Desmond, 2012;
Desmond & Shollenberger, 2015; Crane & Warnes, 2000; Collinson & Reed, 2018). Evicted
families are more likely to have subsequent voluntary and involuntary moves, and when
changing residences, evicted tenants tend to move to neighborhoods with lower average incomes
1

An eviction is filed when a landlord petitions a court to evict their tenant. A formal eviction is carried out when the
court grants an eviction against a tenant and that tenant is forced to vacate her or his residence.
2
All citations for the remainder of this paragraph are taken from Desmond (2012).
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and higher crime than tenants who move homes voluntarily (Desmond & Shollenberger, 2015).
The mark of an eviction on the record of a tenant can decrease their desirability as a tenant to
potential landlords, which can result in tenants being forced into lower quality housing
(Desmond, 2012). This sort of housing instability is an important outcome, as a growing body of
literature suggests that residents are positively affected by living in high-quality neighborhoods
(Ludwig et al., 2012; Chetty et al. 2016). Eviction is also a significant predictor of homelessness
(Crane & Warnes, 2000; Collinson & Reed, 2018).
Evictions occur frequently in Washington, D.C., where an average of roughly 31,000
evictions were filed every year since 2014.3 In 2017, there were about 19 eviction filings and one
executed eviction for every 100 renter households in the District. Eviction filing rates vary
widely across D.C. neighborhoods, with very few evictions and eviction filings occurring in
affluent neighborhoods, while low-income, predominately black neighborhoods in D.C.’s Wards
7 and 8 have high concentrations of evictions and eviction filings. These occur in spite of the
city’s relatively progressive tenant protection laws, which require that all evictions be ordered by
a judge and carried out by a U.S. Marshall and allow tenants to pay overdue rent up to the
moment of the eviction itself to stop the eviction (D.C. Law Library, n.d.).
While the majority of evictions occur due to nonpayment of rent, landlords sometimes
have ulterior motives for filing evictions beyond removing delinquent tenants (Desmond, 2012).
As property values increase in gentrifying city neighborhoods, landlords may leverage evictions
as a method to remove tenants and profit from higher demand in the rental market. In this thesis,
I examine the relationship between various economic and demographic changes associated with
gentrification in D.C. neighborhoods and eviction rates in those neighborhoods. I use a novel
3

All factual claims in this paragraph are taken from McCabe et al. (2019). I assisted in writing this report, which
uses the same court record database that I use for my analyses.
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court record dataset on all evictions that were filed in Washington, D.C. in 2017, along with
census data on D.C. neighborhoods. This thesis contributes to the limited literature on the
relationship between gentrification and eviction through analysis of these previously unexamined
data. As far as I know, this thesis marks the first inquiry into the relationship between
gentrification and eviction specifically in D.C., a city that has experienced intense gentrification
over the past several decades (Richardson et al., 2019).

3

BACKGROUND
While the definition of gentrification is not widely agreed upon by academics, the
concept of gentrification is nonetheless prominent in literature. Gentrification is popularly
understood to involve the movement of “gentry” and investment into a relatively impoverished
area, and this movement is believed to result in the displacement of the original residents from
their homes through increases in housing costs and incentives for landlords to turn over lowincome tenants (Jackson, 2015).4 Gentrification is perceived as having both benefits, in the form
of rehabilitation of blighted neighborhoods and the promotion of economic and racial diversity,
and costs, in the potential for displacement of low-income or racial minority residents and the
erosion of the culture or “feel” of a neighborhood (Richardson et al., 2019; Brown-Saracino &
Rumpf, 2011). However, the question of whether the benefits of gentrification outweigh its costs
is not agreed upon in the literature (Richardson et al., 2019). Additionally, there is little academic
consensus on whether or not the definition of gentrification should necessarily involve
displacement, or should instead account for more benign forms of residential economic
development (Richardson et al., 2019).
Richardson et al. (2019) examined trends in gentrification and displacement nationally
and within individual cities and found that, nationwide, about nine percent of urban
neighborhoods below the 40th percentile for property values and family income gentrified
between 2000 and 2013.5 Most gentrifying neighborhoods were concentrated in cities of over
4

Given my focus on eviction, I focus throughout this paper on the displacement of residents from their homes rather
than from their neighborhoods. This distinction is in accordance with literature on gentrification and displacement,
which often focuses on whether or not a resident moved, rather than the question of where a resident moved
(Jackson, 2015; Richardson et al., 2019; Brummet & Reed, 2019). When referencing findings from the literature in
which displacement is used to refer to aggregate demographic movements out of neighborhoods, I note that, in these
instances, residents are displaced both from their residences and from their neighborhoods more broadly.
5
All factual claims from this paragraph are taken from Richardson et al., 2019. As gentrification is a process that
necessarily involves changes to originally disadvantaged neighborhoods, Richardson et al. (2019) define
neighborhoods as eligible to gentrify if they are below a locality’s 40th percentile for property values and family
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one million residents with strong economies. Gentrification by definition does not occur
citywide, but rather involves a process that selectively impacts specific low-income
neighborhoods within cities. Richardson et al. (2019) found that neighborhoods near central
business districts and in proximity to jobs and amenities saw the highest rates of gentrification
nationally, while other low-income neighborhoods saw lower levels.
Washington, D.C. has experienced some of the highest rates of gentrification in the
country, with Richardson et al. (2019) finding that 40 percent of eligible neighborhoods
gentrified, compared to the national average of nine percent. Since the 1990s, the city’s once
blighted housing stock has undergone significant rehabilitation (Jackson, 2015). Formerly lowincome, high crime neighborhoods such as Columbia Heights and the U Street Corridor have
experienced significant increases in property values, rent, and average levels of educational
attainment, while crime has decreased in these neighborhoods over the same period (Jackson,
2015).
Despite these positive trends, there is growing concern that gentrification will exacerbate
the evident decline in the presence of black residents that the city has faced over the past several
decades. Once one of the cities with the highest percentage of black residents in the US,
Washington has undergone significant racial change as in-migrations of affluent white residents
have been matched with out-migrations of black residents from the city (Jackson, 2015).
Between 1980 and 2017, the percentage of the population that is black decreased from around 70
percent to just under 48 percent; the change in racial demographics has been particularly notable
in formerly black neighborhoods such as Shaw and the U-Street corridor (U.S. Census Bureau;

income. Other studies use different criteria to designate a neighborhood as eligible to gentrify. I discuss these criteria
further in the literature review.
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Jackson, 2015). Richardson et al. (2019) found that 20,000 black residents moved out of
gentrifying neighborhoods between 2000 and 2010.
Gentrification in D.C. occurs within a unique context of robust rent control and tenant
protection laws that in theory limit the sorts of rent increases and changes to housing stock that
are often associated with gentrification (Newman & Wyly, 2004). A significant portion of the
housing stock in D.C. is under rent control, which limits annual rent increases to the Consumer
Price Index (CPI) plus two percent (DHCD, 2018). Robust tenant rights in D.C. also limit the
extent to which landlords can renovate or sell properties. Under D.C. law, landlords cannot
convert rental units into condominiums without the consent of a majority of tenants (D.C. Law
Library, n.d.). Additionally, under the Tenant Opportunity to Purchase Act (TOPA), tenant
associations constituting a majority of tenants in a building have the first right to purchase their
building when it is put up for sale, essentially placing a temporary freeze on property sales when
tenants choose to exercise their TOPA rights (D.C. Law Library, n.d.). Tenants can use this right
to purchase the building in order to preserve units in their building as long-term affordable
housing (D.C. Law Library, n.d.). 6
However, significant loopholes in these laws allow landlords to bypass rent control and
restrictions on conversions and sales, at least to some extent. First, while TOPA provides a
mechanism through which tenants can organize to preserve affordable housing when a building
is to be sold or converted, the TOPA process in practice is onerous for tenants and does not
always result in an agreement for long-term affordability, even when the process is seen through

6

To exercise Tenant Opportunity to Purchase rights, tenants must incorporate a tenant association whose
membership consists of at least 50 percent of units in the property. The tenant association may then purchase the
building as a cooperative, or otherwise solicit proposals from developers to purchase the building. Most often, tenant
associations pursue the second option and assign the right to purchase the building to a developer in exchange for an
agreement to make repairs or renovations to the building and guarantees of rent affordability. If tenants form a
tenant association, the sale of the building is delayed by 180 days at the minimum (D.C. Law Library, n.d.).
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to completion (O’Toole & Jones, 2009). Landlords may also attempt to remove tenants from
their housing to circumvent the TOPA process and rent control laws. The emptying of properties
of their tenants can disrupt the ability of tenants to organize to impede conversions or sales
through exercising their TOPA rights. Additionally, landlords can increase rents up to 20 percent
when units are vacant (D.C. Law Library, n.d.). For both of these reasons, potential buyers may
see rental properties devoid of tenants as more attractive. Thus, combined with a high legal
threshold for evicting tenants, DC’s rent control and tenant rights create a housing context that is
in theory unfavorable for landlords seeking to raise rents or turn over residents. In practice,
however, these laws are imperfect tools for preserving affordability and may provide landlords
incentives to displace residents.

7

LITERATURE REVIEW
Studies of gentrification often focus on its relationship with the displacement of renters,
but fewer studies examine the relationship between gentrification and eviction, which is one
form of displacement and is the focus of this paper. As for the broader phenomenon of
displacement, researchers are not unanimous as to how it should be defined. Some studies define
displacement in terms of aggregate out-migration of low-income or racial minority residents as
neighborhood conditions change, without examining the motivation behind resident moves
(Jackson, 2015; Richardson et al., 2019; Brummet & Reed, 2019). Others use survey data to
examine specific motivations for resident moves and consider a move to constitute displacement
when residents move involuntarily due to eviction, rising rents, landlord harassment, or building
conversions (Freeman & Braconi, 2004; Newman & Wyly, 2006). Both approaches examine in a
broad sense how gentrification might cause residents to move out of a residence. Eviction
represents one specific mechanism through which such displacement might occur. In the review
below, I begin by discussing the various ways in which gentrification is defined in the literature,
after which I examine the literature related to the relationship between gentrification and
displacement in general before moving to the more limited literature on gentrification and
eviction more specifically.
Defining gentrification
As previously mentioned, definitions of gentrification vary in literature. Gentrification is
often operationalized in literature as neighborhood-level changes in economic indicators
(Vigdor, 2002), educational characteristics (Dragan et al., 2019; Brummet & Reed, 2019),
housing characteristics (Ding et al., 2019), or some combination of the three (Richardson et al.,
2019). Studies that classify neighborhoods as gentrifying according to these measures
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conceptualize gentrification as a process that brings a neighborhood to a higher socioeconomic
status: more affluent, educated, and expensive (Newman & Wyly, 2006). As gentrification
necessarily involves changes to an impoverished area, studies generally define neighborhoods as
eligible to gentrify if they were originally low-income (Zuk et al., 2018). In almost all cases,
census tracts are used as proxies for neighborhoods (Zuk et al., 2018).
Importantly, many studies define gentrification using the very outcomes that might cause
displacement. For example, some studies define neighborhoods as gentrifying if they
experienced high increases in rent (Ding et al., 2019) or housing values (Freeman, 2005).
However, these definitions preclude study of housing market outcomes as an effect of
gentrification, because they assume changes in housing market outcomes to be a mechanical
marker of gentrification. On the other hand, studies that use economic or demographic changes
as proxies for gentrification are able to examine the relationship between gentrification and
housing market conditions that may cause displacement (Richardson et al., 2019; Brummet &
Reed, 2019).
Relationship between gentrification and displacement
Some of the literature on gentrification seeks to examine whether increases in the
socioeconomic status of gentrifying neighborhoods are associated with changes in housing
markets that negatively impact low-income renters (Freeman & Braconi, 2004; Newman &
Wyly, 2006). Rising rent levels are thought to be one of the primary mechanisms through which
gentrification is related to residential displacement: as neighborhoods gentrify, increased demand
for housing and associated increases in rent may force some low-income residents to move
(Newman and Wyly, 2006). However, studies have found mixed results on the relationship
between gentrification and rent levels. While Newman and Wyly’s (2006) study of displacement
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in New York City found a modest positive relationship between gentrification and the proportion
of income that low-income residents pay in rent, one study found no evidence of such a
relationship (Brummet & Reed, 2019) and another found that modest increases in rents paid by
low-income tenants were matched by increases in income (Vigdor, 2002). Gentrification is also
associated with increased rental construction (Newman & Wyly, 2006), which raises housing
supply and should in theory decrease rents; however, this construction is generally unaffordable
to low-income tenants and therefore does not contribute to their supply of affordable housing
(NYU Furman Report, 2016).7
Other studies examine the relationship between gentrification and displacement more
directly by examining resident moves. However, it is difficult to definitively determine whether
there is a causal relationship between gentrification and resident moves (Vigdor, 2002). Lowincome populations tend to move more frequently than higher-income populations for a variety
of reasons, so higher residential mobility among low-income people may be misconstrued as
displacement rather than ordinary behavior (Vigdor, 2002; Freeman & Braconi, 2004).
Additionally, without asking individuals directly their reason for changing residences, it is
difficult to discern the motivations behind individual moves. In response, some studies use
survey data to categorize moves as instances of displacement when they were motivated by
factors such as landlord pressure, increasing rent, or property renovation or conversion (Freeman
& Braconi, 2004; Newman & Wyly, 2006). However, as resident moves are often motivated by

7

The studies cited in this paragraph seek to examine whether gentrification affects housing markets. Therefore,
unlike some other studies of gentrification (Ding et al, 2015), these studies do not define gentrification according to
housing market outcomes. Freeman and Braconi (2004) define New York City neighborhoods as gentrifying through
qualitative assessments of neighborhoods experiencing the most change and used quantitative measures of
neighborhood demographic, economic, and housing indicators to corroborate their selection of neighborhoods.
Newman and Wyly (2006) respond to Freeman and Braconi’s (2004) work and therefore categorize these same
neighborhoods as gentrifying. Brummet and Reed (2018) use the change in the share of the population with a
bachelor’s degree as its measure of gentrification. Vigdor (2002) defines Boston neighborhoods as gentrifying
according to both the results of qualitative fieldwork and changes in income.
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multiple rationales, researchers are sometimes reluctant to conclude that residential
displacements are solely attributable to gentrification (Freeman & Braconi, 2004; Newman &
Wyly, 2006).
Despite these challenges, there exists a considerable amount of literature on the effect of
gentrification on the displacement of residents from their homes. Perhaps counterintuitively
given the salience of the displacement threat among residents (Newman & Wyly, 2006), many
studies have found the effect of gentrification on displacement to be mixed or insignificant.
Among analyses that use survey data, Freeman and Braconi’s (2004) study of New York City in
the 1990s found a small negative relationship between gentrification and displacement, and the
authors speculated that low-income residents were more likely to remain in homes in gentrifying
neighborhoods due to associated benefits to their quality of life. Newman & Wyly (2006)
replicated and expanded on Freeman and Braconi’s (2004) work and found evidence of a small
positive relationship between gentrification and displacement. However, the authors found
through qualitative research that some residents in gentrifying neighborhoods responded to
perceived or actual displacement pressures through adaptive measures such as taking on
additional roommates and accepting a higher rent burden, suggesting that residents may perceive
displacement as a greater threat than is reflected in the authors’ quantitative findings (Newman &
Wyly, 2006). Other studies focusing on residential mobility as a proxy for displacement have
corroborated this tenuous relationship between gentrification and displacement (Vigdor et al.,
2002; Ellen & O’Regan, 2010; Dragan et al., 2019; Brummet & Reed, 2019).8

8

The studies cited here use resident mobility as a proxy for displacement without examining the motivations for
residents’ moves (Vigdor et al., 2002; Ellen & O’Regan, 2010; Dragan et al., 2019; Brummet & Reed, 2019), unlike
other studies that use survey data to categorize resident moves as displacement when residents reported that they
moved due to specific displacement pressures such as rising rents or landlord harassment (Freeman & Braconi,
2004; Newman & Wyly, 2006).
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Relationship between gentrification and eviction
Few studies have specifically examined eviction as a consequence of gentrification. This
may be due to both the difficulty of determining which evictions are affected by gentrification
and the relatively low prevalence of evictions as compared to incidences of displacement more
generally. Additionally, given the wide variety of state and local laws governing evictions
(Desmond, 2012), it is difficult to estimate non-policy-related causes of eviction across localities.
Some studies have found that evictions are concentrated in disadvantaged, racially segregated
neighborhoods (Desmond, 2012; Desmond & Gershenson, 2016). However, many such
neighborhoods do not gentrify (Hwang & Sampson, 2014), and one study found that gentrifying
neighborhoods do not have measurably higher eviction rates (Desmond & Gershenson, 2016).
Contribution to the literature
In summary, numerous studies have found evidence of either no relationship between
gentrification and displacement (Vigdor et al., 2002; Ellen & O’Regan, 2010; Dragan et al.,
2019) or a relationship that is positive but modest (Newman & Wyly, 2006; Brummet & Reed,
2019). However, few studies have specifically examined the relationship between gentrification
and eviction. Given the differences in eviction laws between different cities and states, it is
possible that an examination of this relationship in a single city would be more fruitful than a
national study. In the context of intense gentrification in Washington, D.C. (Richardson et al.,
2019) and the city’s unique rent control and tenant protection laws, an examination of this
relationship in the nation’s capital is a promising avenue of research. Therefore, this thesis
examines the relationship between rates of gentrification in D.C. neighborhoods, as measured by
economic and demographic changes, and rates of eviction in those neighborhoods.
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CONCEPTUAL FRAMEWORK
Gentrification could increase rates of eviction and eviction filings in D.C. neighborhoods
through several mechanisms. If increased housing demand from gentrification is associated with
rising rents, low-income residents could face higher rent burdens and become more likely to fall
behind on rent payments, prompting eviction (Desmond & Gershenson, 2016). From the
landlord’s perspective, increased demand for housing in the neighborhood and the associated
increases in rents and housing values could represent an opportunity to cash in (Newman &
Wyly, 2006). In non-rent-controlled buildings, landlords may seek to evict residents to bring in
more affluent tenants who will pay higher rent. In rent-controlled buildings, this incentive is
decreased, but as previously stated, landlords can raise rents beyond the normal limits under rent
control when units are vacant (D.C. Law Library, n.d.). This could serve as an impetus for
landlords to try to evict residents. Additionally, given the protected right of tenants to impede the
conversion or sale of rental buildings under TOPA and other laws, landlords may have incentives
to evict tenants to empty out buildings and prevent more engaged tenants from exercising their
rights. All of these factors could combine to increase the likelihood that landlords will initiate
eviction proceedings against tenants in gentrifying neighborhoods.
In examining the effect of gentrification on evictions, it is important to note that evictions
are concentrated in disadvantaged neighborhoods both nationally (Desmond, 2012; Desmond &
Gershenson, 2016) and in D.C. (McCabe et al., 2019). This means that neighborhoods that have
become affluent through gentrification may have lower rates of eviction than disadvantaged
neighborhoods that have not gentrified. However, given the theoretical model presented thus far,
I expect that neighborhoods that became affluent through gentrification would exhibit a greater
concentration of evictions than neighborhoods of similar income that were not originally low-

13

income. Therefore, I hypothesize that neighborhoods that are gentrifying will generally
experience higher rates of evictions and eviction filings than neighborhoods of similar
socioeconomic status that are not gentrifying.
I define gentrification based on changes over time in two indicators of neighborhood
socioeconomic status: median income and the share of the population that is black. I follow the
example of other studies of gentrification (Vigdor, 2002; Ellen & O’Regan, 2010) in
operationalizing gentrification based on neighborhood gains in income. Given the context of
significant racial change in Washington, D.C. (U.S. Census Bureau; Jackson, 2015; Richardson
et al., 2019), I also employ a measure of the change in the share of the population that is black to
capture neighborhoods experiencing influxes of white residents, a phenomenon commonly
associated with gentrification (Newman & Wyly, 2006).
In order to reduce bias in my estimate of the effect of gentrification on eviction, I follow
the practice of other studies on gentrification and displacement (Ding et al., 2015; Brummet &
Reed, 2019; Dragan et al., 2019) by controlling for demographic, economic, and housing
characteristics that may relate to both variables.9 The demographic characteristics that I control
for include population size, the share of the population that is black, and the share of the
population with a bachelor degree, each of which could be related to both gentrification and rates
of eviction in a tract (Brummet & Reed, 2019). I also control for multiple economic
characteristics of neighborhoods: I control for median income, the share of the population that is
unemployed, and the share of the population that is in poverty, as neighborhoods with lower
9

My key independent variables – the change in neighborhood median income and the change in the neighborhood
share of the population that is black – measure the way in which a neighborhood changed along these dimensions
over a specific time period, regardless of the values of these indicators at the beginning or end of the time period. In
contrast to my independent variables, each of my control variables is measured at a point-in-time at the end of this
period. By controlling for neighborhood characteristics at the end of my period of analysis, I compare
neighborhoods that gentrified to neighborhoods that had similar characteristics at the end of the period but did not
gentrify. Importantly, I control for neighborhood median income and share black at the end of the time period.
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economic status are less likely to have gentrified but are likely to have higher rates of eviction
(Brummet & Reed, 2019). Finally, I control for housing characteristics that likely relate to
gentrification and could directly impact rates of eviction: median rent, median housing value,
share of the housing stock that is vacant, and percentage of occupied housing units that are
renter-occupied (Brummet & Reed, 2019). Each of these factors is displayed in Figure 1.

Neighborhood
economic
characteristics

Neighborhood
changes in
economic and
demographic
characteristics
associated with
gentrification

Neighborhood
eviction rate

Neighborhood
housing
characteristics

Figure 1: Factors associated with eviction rates
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demographic
characteristics

DATA AND METHODS
All of my analyses are performed at the census tract level. The analyses rely on a novel
dataset on eviction filings obtained from D.C. Landlord and Tenant Court records. The dataset
captures all eviction filings in the District of Columbia in 2017 and contains information on the
legal outcome of each filing, as well as defendant and plaintiff addresses. The addresses of
defendants were geocoded using Texas A&M University’s Geoservices in order to determine the
census tract in which each eviction occurred. Evictions were aggregated to the census tract level
and divided by the number of renter households in each census tract in 2017 to obtain an eviction
filing rate for each tract. The same process was repeated to obtain a rate of actual evictions in
each census tract by using the data on legal outcomes in the court record database.10 Thus, while
the eviction filing rate is the dependent variable in some of my analyses, the eviction rate is the
dependent variable in others. Excluding the three non-residential census tracts in D.C. from the
sample,11 I have data on these variables for all 176 residential census tracts in D.C.
As census tract boundaries shift between censuses, it is difficult to compare
characteristics of a tract to characteristics of the same tract from previous iterations of the census.
To correct for this issue, I use a dataset obtained from the Urban Institute’s Greater D.C. project
that corrects for differences in tract boundaries over time. This dataset contains data on key
indicators useful for measuring gentrification and has the benefit of allowing for direct
comparison of census tracts across multiple censuses. I measure gentrification by comparing
census tract indicators between the 2000 Census and the 2012-2016 American Community
10

Filings were coded as having resulted in eviction if the court record reported “writ executed”, which indicates that
a judge ordered an eviction against the defendant. As D.C. law allows defendants to pay overdue rent up to the
moment of the eviction actually taking place to stop the eviction (D.C. Law Library, n.d.), some ordered evictions
marked as writ executed in the dataset may have been stopped in this way. However, this number of cases is likely
to be insignificant compared to the number of evictions that were carried out. In the absence of available data on
which evictions were carried out, I am forced to rely on writs executed as a proxy for actual evictions.
11
These three non-residential census tracts roughly correspond to the National Mall, Georgetown University’s
campus, and the Anacostia River Park.
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Survey (ACS), as the latter represents the most recent census data that are available in the
Greater D.C. dataset.12
Following the approach of other studies of gentrification (Brummet & Reed, 2019; Ellen
& O’Regan, 2010), I conceptualize gentrification as a change in key indicators of economic and
demographic characteristics. Specifically, I utilize measures of the percentage change in median
household income and percentage point change in the share of the population that is black and
non-Hispanic between the 2000 Census and the 2012-2016 ACS.13 My key independent
variables are the changes in these two characteristics over this period. Unlike some other studies
of gentrification (Ellen & O’Regan, 2010; Richardson et al., 2019; Brummet & Reed, 2019), I do
not impose eligibility criteria requiring that gentrifying tracts were originally low-income, and I
model gentrification using a continuous, rather than a binary, indicator. These deviations from
previous practice allow me to avoid reducing my analysis to a sample of tracts that is very small
in size.14

12

The 2012-2016 ACS estimates represent the average of tract-level estimates for each of the five years between
2012 and 2016 (inclusive). ACS single-year estimates for 2016 were not available in the Greater D.C. dataset used
for this thesis, and the use of five-year estimates affords greater precision than would single-year or three-year
estimates. My independent variables therefore reflect the differences in my key neighborhood indicators between
their 2000 and their average values as measured across the five years spanning from 2012 to 2016. In contrast, my
control variables measure neighborhood characteristics as point-in-time estimates at the end of the period over
which I measure neighborhood change. However, because my control variables are also measured in the 2012-2016
ACS, they represent an average of for these variables’ values across the five years spanning from 2012 to 2016. As a
result, there is a five-year overlap between the period during which neighborhood change is measured and the period
when the control variables are measured. My dependent variables, rates of eviction and eviction filings, are
measured in 2017 and therefore do not overlap with either my independent variables or my control variables.
13
I use percentage point changes in the percentage of the population that is black in order to measure the real change
in this variable over time. Using a percentage change measure would place undue weight on tracts that had small
shares of black residents in 2000, as even small changes in this variable could equate to a significant percentage
change. For example, a tract that was five percent black in 2000 and ten percent black in 2012-2016 would have
exhibited a 100 percent change but only a five percentage point change.
14
D.C. contains 176 census residential census tracts. Using Brummet and Reed’s (2019) definition of gentrification
(tracts are eligible to gentrify if they were at or below the 40th percentile of median income for all tracts in 2000;
eligible tracts gentrified if they were in the top quintile of change in a variable over the period), I determine that 21
tracts gentrified according to the change in income, and 16 gentrified according to the change in percentage black.
These samples of gentrifying tracts provide insufficient variation in my independent variable to allow for tractable
regression analysis.
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I estimate an ordinary least squares (OLS) regression model using the change in income
and change in the percentage of the population that is black as my key independent variables
(“neighborhood indicators”) and rates of evictions and eviction filings as my dependent
variables. I estimate four different base models, each with a different combination of dependent
and key independent variables.
As discussed in my conceptual framework, I follow the literature on gentrification and
displacement (Ding et al., 2015; Brummet & Reed, 2019; Dragan et al., 2019) in controlling for
other economic, demographic, and housing characteristics of census tracts that may be associated
with both gentrification and evictions. For each of these factors, I control for the indicator as it
was measured in the 2012-2016 ACS. For demographic factors, I control for population size, the
percentage of the population that is black non-Hispanic (“share black”), and the percentage of
the population over the age of 25 that has a bachelor degree (“share bachelor degree”). The
economic characteristics that I control for are median household income (“median income”), the
percentage of the workforce that is unemployed (“share unemployed”), and the percentage of the
population that is in poverty (“share poverty”). Finally, I control for median rent, median
housing value, the percentage of the housing stock that is vacant (“share vacant”) and the
percentage of occupied housing units that is renter-occupied (“share renter”) to account for
neighborhoods’ housing characteristics that may affect gentrification and eviction rates.
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Using the above variables, I estimate the following OLS model:

𝐸𝑣𝑖𝑐𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =
𝛽! + 𝛽! 𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 + 𝛽! 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒 + 𝛽! 𝑠ℎ𝑎𝑟𝑒 𝑏𝑙𝑎𝑐𝑘 +
𝛽! 𝑠ℎ𝑎𝑟𝑒 𝑏𝑎𝑐ℎ𝑒𝑙𝑜𝑟 𝑑𝑒𝑔𝑟𝑒𝑒 + 𝛽! 𝑚𝑒𝑑𝑖𝑎𝑛 𝑖𝑛𝑐𝑜𝑚𝑒 +
𝛽! 𝑠ℎ𝑎𝑟𝑒 𝑢𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑒𝑑 +𝛽! 𝑠ℎ𝑎𝑟𝑒 𝑝𝑜𝑣𝑒𝑟𝑡𝑦 + 𝛽! 𝑚𝑒𝑑𝑖𝑎𝑛 𝑟𝑒𝑛𝑡 +
𝛽! 𝑚𝑒𝑑𝑖𝑎𝑛 ℎ𝑜𝑢𝑠𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒 + 𝛽!" 𝑠ℎ𝑎𝑟𝑒 𝑣𝑎𝑐𝑎𝑛𝑡 + 𝛽!! (𝑠ℎ𝑎𝑟𝑒 𝑟𝑒𝑛𝑡𝑒𝑟) + 𝜖

where Eviction Rate is the number of evictions or eviction filings per renter household in a tract,
Neighborhood Indicator is the change in median income or share black, and 𝜖 is the error term.
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DESCRIPTIVE FINDINGS
Table 1 provides descriptive statistics for all 176 census tracts in the sample. In 2017, the
mean rate of eviction filings was 0.19 filings per renter household. The lowest filing rate was
zero (Tract 9.02) and the highest filing rate was 1.09 filings per renter household (Tract 74.06).15
The mean eviction rate was 0.01 evictions per renter household. 20 tracts had an eviction rate of
zero, while the tract with the highest eviction rate had a rate of 0.06 evictions per renter
household (Tract 78.03). With regard to changes in the key independent variables, the mean
change in median income was 35.82% between 2000 and 2012-2016, and the mean change in the
share of the population that is black was -14.7 percentage points. Notably, while 147 tracts
experienced a decrease in the black share of the population during the period, 29 tracts
experienced an increase (not shown here).

15

Census tracts in D.C. follow a naming convention using numbers with decimal places, such as 74.06. These
numbers are not meaningful in terms of their magnitudes; they simply distinguish between tracts.
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Table 1: Descriptive statistics for census tracts16
Mean
SD
Min
Max
Key dependent variables
Eviction filing rate, 2017
0.19
0.20
0.00
1.09
Eviction rate, 2017
0.01
0.01
0.00
0.06
Key independent variables
Change in median income (%)
35.82
56.92
-45.39
289.60
Change in share black (p.p)
-14.70
16.07
-70.00
6.80
Demographic characteristics, 2012-2016
Population size
3,706.86
1,388.12
1,043.00
7,923.00
Share black
0.51
0.34
0.01
1.00
Share bachelor degree
0.22
0.11
0.00
0.44
Economic characteristics, 2012-2016
Median income
135,832.28 88,083.70 21,974.00 486,400.00
Share unemployed
0.10
0.08
0.00
0.33
Share in poverty
0.19
0.13
0.02
0.63
Housing characteristics, 2012-2016
Median rent
1,405.83
486.46
395.00
2,557.00
Median housing value
502,291.90 265,709.27 88,600.00 1,498,300.00
Share vacant
0.10
0.05
0.00
0.27
Share renter
0.58
0.22
0.06
1.00
n=176
Table 2 groups census tracts by their income status in 2000 and compares descriptive
statistics across income categories. I define a tract as low-income if it fell below the 40th
percentile for median within-sample income in 2000; all other tracts are considered to be highincome (Ellen & O’Regan, 2010; Brummet & Reed, 2019; Richardson et al., 2019). Tracts that
were low-income in 2000 had eviction filing rates of 0.31 filings per renter household in 2017,
compared to high-income tracts’ rates of 0.10, and this difference between low- and high-income
tracts is statistically significant at p<0.01. Low-income tracts had eviction rates of 0.02 evictions
per renter household in 2017, compared to a rate of 0.01 for high-income tracts. This difference

16

Two control variables – median rent and median housing values – had missing values. Each variable had two
tracts with missing values, and the tracts were different for each variable. I used single imputation for all four
missing values using all of the other control variables except for population (share black, share bachelor degree,
median income, share unemployed, share in poverty, share vacant, and share renter) as predictors. There were no
missing values for any of the key independent or dependent variables. Therefore, four out of 2,816 data points were
imputed.
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is also statistically significant at p<0.01. Low-income tracts experienced statistically significantly
greater increases in median income than high-income tracts (a difference of 20.27 percent) but
did not have significantly greater decreases in the share of the population that is black. Tracts
that were low-income in 2000 were significantly more disadvantaged based on demographic,
economic, and housing characteristics in 2012-2016 than tracts that were high-income in 2000.
In my regression results, I examine whether the relationship between gentrification and rates of
eviction and eviction filings differs between originally low- and high-income tracts.

Table 2: Descriptive statistics for census tracts by income in 2000
Low
High
Difference
SE
Income
Income
Key dependent variables
Eviction filing rate, 2017
0.31
0.10
0.21***
0.03
Eviction rate, 2017
0.02
0.01
0.01***
0.00
Key independent variables
Change in median income (%)
47.91
27.64
20.27**
8.63
Change in share black (p.p)
-14.97
-14.51
-0.46
2.48
Demographic characteristics,
2012-2016
Population size
3,573.80
3,796.84
-223.04
213.23
Share black
0.73
0.36
0.36***
0.05
Share bachelor degree
0.16
0.26
-0.10***
0.01
Economic characteristics, 20122016
Median income
76,563.93
3,796.84
99,345.05*** 11,291.70
Share unemployed
0.16
0.36
0.09***
0.01
Share in poverty
0.29
0.26
0.18***
0.02
Housing characteristics, 2012-2016
Median rent
1,135.39
1,588.70
-453.31***
66.62
Median housing value
352,697.72
603,446.06 250,748.34*** 36,263.08
Share vacant
0.12
0.09
0.03***
0.01
Share renter
0.72
0.49
0.24***
0.03
n=71
n=105
*** p<0.01, ** p<0.05, * p<0.1
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REGRESSION RESULTS
Tables 3 and 4 present my main regression results. Table 3 reports results for regressions
in which the dependent variable is eviction filing rates, and Table 4 reports results for regressions
in which the dependent variable is executed eviction rates. Each table reports results for six
models: three models for each of my two independent variables, change in income and change in
share black. For each independent variable, I report results for a simple bivariate linear
regression, a regression with all controls, and a model in which I interact the relevant metric of
neighborhood change with a dichotomous baseline indicator for the variable whose change I am
measuring. For example, in the regressions that focus on the change in the share black, this
interacted specification allows me to determine whether or not the relationship between changes
in racial composition and eviction rates differs for tracts that originally had a high versus low
share of black residents.
Table 3 reports results for regressions in which the dependent variables are eviction filing
rates. Model (1) shows that the correlation between the change in income and eviction filing
rates is negative and statistically significant, with a one percent increase in median income
associated with a 0.09 percentage point decrease in eviction filing rates. After controlling for
neighborhood characteristics in Model (2), the relationship between income change and eviction
filling rates is no longer significant. In Model (3), I interact the change in income with an
indicator variable for initial low-income status, defined according to whether a tract is below 40th
percentile for median income in 2000.17 For tracts that were originally defined as high-income, I
17

Following the approach of Ellen & O’Regan (2010), I use the 40th percentile threshold to classify neighborhoods
as low-income. In the authors’ paper, neighborhoods below this threshold were considered to gentrify, as
neighborhoods that are high-status are not considered to be able to gentrify. I create a parallel definition of this
threshold for my share black independent variable, by defining tracts that were originally in the top 40th percentile of
share black as “high-share-black” neighborhoods. As gentrification is often thought to be associated with
neighborhoods becoming whiter (Jackson, 2015), this methodology captures neighborhoods that were eligible to
gentrify through racial change.
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find that there is a small and statistically insignificant relationship between the change in income
and eviction filing rates, as reflected in the small and statistically insignificant coefficient on the
“change in income variable” by itself. However, I find that there is a larger negative relationship
of -0.08 (-0.02 + -0.06) for originally low-income tracts, and I find that this relationship is
statistically significant at p<0.01, as reflected in the results of the F-test at the bottom of Table 3.
This means that, for originally low-income tracts, an increase in median income of one percent is
associated with a decrease in eviction filing rates of about a tenth of a percentage point. Given
that the mean eviction filing rate for originally low-income tracts is about 31 percent and that
low-income tracts had an average increase of about 48 percent in median income over the period,
this relationship is relatively small.
The results for the change in the share black are similar. The simple bivariate regression
whose results are reported in Model (4) shows that an increase in the share black of one
percentage point is correlated with an increase in eviction filings of 0.28 percentage points. This
estimate is significant and is larger in magnitude than for the change in income. As with the
income regression, when I control for neighborhood characteristics in Model (5), this
relationship becomes insignificant and decreases in magnitude (0.08). In Model (6), I interact the
change in the share black with baseline high-share-black status, defined as having been in the top
40th percentile for share black in 2000. For tracts that originally had low black populations, I find
that there is a small and statistically insignificant relationship between change in share black and
eviction filing rates, as reflected in the small and statistically insignificant coefficient (0.02) on
the change in share black variable by itself. Similar to the results for change in income, I find a
more positive relationship of 0.24 percentage points (0.02 + 0.22) between change in share black
and eviction filing rates for originally high-share-black tracts that is statistically significant at
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p<0.1, as reflected in the results of the F-test. This means that a one percentage point decrease in
the share of the population that is black is associated with a decrease of about one-quarter of a
percentage point in the eviction filing rate.18 This relationship is also relatively small, given the
mean filing rate of about 31 percent and a mean decrease in share black of about 15 percentage
points for low-income tracts in my sample.

18

Because the change in share black variable is measured in percentage points and the change in income variable is
measured in percent, the magnitudes of the coefficients on each of these variables are not directly comparable to one
another.
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Table 3: Eviction filing results
Dependent variable: Eviction filing rate in 2017
(1)
Percent change in income
(2000 to 2012-2016)
-0.09***
(0.02)
Pct. pt. change in share black
(2000 to 2012-2016)

(2)

(3)

-0.02
(0.02)

-0.02
(0.02)

Low-income (2000)

(4)

(5)

(6)

0.28***
(0.07)

0.08
(0.06)

0.02
(0.07)

-0.00
(0.00)
36.87***
(9.29)
-51.56**
(20.75)
0.00
(0.00)
-7.49
(43.35)
5.97
(21.01)
-25.30
(21.73)
21.46***
(7.37)
0.01**
(0.00)
-0.00
(0.00)

10.06
(6.75)
0.22
(0.16)
-0.00
(0.00)
28.57***
(9.42)
-46.96**
(20.17)
0.00
(0.00)
-19.34
(44.47)
7.76
(21.35)
-25.20
(21.92)
19.54**
(7.56)
0.01**
(0.00)
-0.00
(0.00)

22.81***
(2.32)

-11.84
(9.91)

3.61*
(0.0594)
-5.30
(10.68)

176
0.05

176
0.56

176
0.57

12.40***
(4.43)
-0.06*
(0.03)

Change-income * Low-income (2000)
High-share-black (2000)
Change-black * Low-income (2000)
Population (2012-2016)

-0.00
(0.00)
36.99***
(9.17)
-50.34**
(21.11)
0.00
(0.00)
-7.63
(43.22)
9.00
(20.65)
-24.81
(21.86)
22.37***
(7.60)
0.01**
(0.00)
-0.00
(0.00)

Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (2012-2016)
F-statistic and p-value for joint
hypothesis testa

-0.00
(0.00)
35.89***
(9.14)
-45.22**
(20.34)
0.00*
(0.00)
-27.53
(43.44)
-1.37
(20.77)
-25.64
(21.77)
16.77**
(6.96)
0.01**
(0.00)
-0.00*
(0.00)
8.63***
(0.0038)

F-statistic and p-value for joint
hypothesis testb
Constant

22.00***
(1.93)

-14.32
(10.21)

-11.67
(10.67)

N
176
176
176
R2
0.07
0.56
0.59
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) = 0
b
H0: β1(Change black) + β2(Change black * High-share-black in 2000) = 0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table 4 reports results for executed eviction rates, which are broadly similar to my results
for eviction filings. In Model (1), there is a significant negative correlation between the change
in income and eviction rates (0.0053). This relationship becomes insignificant after I add
controls in Model (2). Interacting with low-income status in 2000 in Model (3), I find that the
relationship between income change and eviction rates is statistically insignificant for originally
high-income tracts, as reflected in the small and statistically insignificant coefficient on the
change in income variable alone (0.00003). However, for originally low-income tracts, the
relationship is negative with a magnitude of -0.0027 (0.00003 – 0.003) percentage points, and is
statistically significant at p<0.05, as reflected in the F-statistic at the bottom of Table 4. As the
mean eviction rate for low-income tracts is about 1.7 percent, this coefficient is modest but still
of somewhat meaningful magnitude.
Turning to the share black, I find a similar pattern to the results for change in income.
Model (4) shows a statistically significant relationship between the change in the share black and
eviction rates that becomes insignificant after controlling for neighborhood characteristics in
Model (5). When interacted with originally high share black status in Model (6), there is no
significant relationship between change in share black and eviction rates for originally lowshare-black tracts. For tracts that were originally high-share-black, there is a more positive
relationship between change in share black and eviction rates that has a magnitude of 0.014
(0.001 + 0.013) percentage points and is statistically significant at p<0.05, as reflected in the
results of the F-test. For a one percentage point decrease in share black, there is an associated
decrease in eviction rates of about a tenth of a percentage point, which is notable given a mean
eviction rate of 1.7 percent and a mean decrease in share black of about 15 percent for lowincome tracts.
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Table 4: Eviction results
Dependent variable: Eviction rate in 2017
(1)
Percent change in income
(2000 to 2012-2016)
0.0053***
(0.0011)
Pct. pt. change in share black
(2000 to 2012-2016)

(2)

(3)

-0.0007
(0.0008)

0.0000
(0.0012)

Low-income (2000)

(4)

(5)

(6)

0.0178***
(0.0043)

0.0047
(0.0031)

0.0010
(0.0033)

0.4691*
(0.2634)

Change-income * High-shareblack (2000)

-0.0030*
(0.0018)

High-share-black (2000)

0.7296**
(0.3330)

Change-black * High-share-black
(2000)
Population (2012-2016)
Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (20122016)

0.0000
(0.0000)
1.9565***
(0.4673)
-0.6491
(1.0421)
0.0000***
(0.0000)
4.5423**
(1.8452)
-0.6865
(0.9655)
1.0159
(1.2744)
0.8023*
(0.4316)
0.0003
(0.0002)

0.0000
(0.0000)
1.9442***
(0.4565)
-0.4620
(1.0592)
0.0000***
(0.0000)
3.7485**
(1.8826)
-1.0360
(0.9998)
1.0023
(1.2904)
0.5971
(0.4334)
0.0003
(0.0002)

0.0000
(0.0000)
1.9847***
(0.4740)
-0.5447
(0.9772)
0.0000**
(0.0000)
4.4781**
(1.8599)
-0.8494
(0.9689)
0.9543
(1.2592)
0.7763*
(0.4227)
0.0003
(0.0002)

0.0130
(0.0080)
0.0000
(0.0000)
1.3367***
(0.4823)
-0.1943
(0.9361)
0.0000*
(0.0000)
3.6407*
(1.9541)
-0.7111
(0.9717)
0.9287
(1.2704)
0.6100
(0.4367)
0.0003
(0.0002)

-0.000***
(0.0000)

-0.000***
(0.0000)

-0.0000**
(0.0000)

-0.0000**
(0.0000)

1.2966***
(0.1326)

1.2876**
(0.6422)

4.44**
(0.0366)
-1.0739
(0.6616)

176
0.06

176
0.57

176
0.59

F-statistic and p-value for joint
hypothesis testa

4.08**
(0.0452)

F-statistic and p-value for joint
hypothesis testb
Constant

1.2247***
(0.1074)

-1.3820**
(0.6430)

-1.3413**
(0.6589)

N
176
176
176
R2
0.07
0.58
0.59
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) = 0
b
H0: β1(Change black) + β2(Change black * High-share-black in 2000) = 0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, *p<0.1
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Overall, these results suggest no relationship between changes in income and the share
black and rates of eviction and eviction filings.19 These results conflict with my hypothesis that
gentrification (as captured by the two independent variables that are my focus) would be
associated with increased eviction and eviction filing rates. However, consistent with literature
(Ellen & O’Regan, 2010; Brummet & Reed, 2019; Richardson et al., 2019), I find modest
evidence that the relationship between various measures of gentrification and rates of eviction
and eviction filings differs according to whether or not a neighborhood was originally lowincome or originally had a high concentration of black residents.

19

As the change in educational characteristics is used in Brummet and Reed’s (2019) study of gentrification, I also
perform analyses using educational changes to define gentrification. While Brummet and Reed use the change in the
share with a bachelor’s degree, I use the change in the share without a high school degree as an independent
variable, as this measure was the only education variable available in my dataset. These regression results are
reported in Appendix 1. Similar to the results for the change in the share black, the change in the share without a
high school degree has a positive and statistically significant correlation with eviction and eviction filing rates.
However, I found no relationship between the change in the share without high school and eviction or eviction filing
rates when I controlled for neighborhood characteristics or when I interacted my measure of changes in educational
attainment with original neighborhood educational status. This could be due to the possibility that the change in the
share without a high school degree does not capture gentrification the same way as does the change in the share
without a bachelor’s degree. For example, the neighborhood change associated with influxes of residents with
bachelor’s degrees could constitute an entirely different kind of neighborhood change than one that decreases the
share without a high school degree, and these two processes could have different relationships with eviction and
eviction filing rates. I also estimate my main regressions using probability weighting based on 2016 tract
populations, and the results of these regressions are reported in Appendix 2. These results are broadly similar to my
main regression results: when controlling for neighborhood characteristics, I find no relationship between my
measures of gentrification and rates of eviction or eviction filings for tracts overall. However, I do find a negative
relationship between my measures of gentrification and rates of eviction or eviction filings in tracts that were
originally low-income or had a high concentration of black residents.
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DISCUSSION
My results suggest that, for my overall sample, there is no relationship between my
various measures of gentrification and rates of eviction and eviction filings among census tracts
in Washington, DC. However, for tracts that were initially low-income or high-share-black, there
is a negative relationship between my gentrification proxies and my eviction measures. This
finding is somewhat surprising, given the literature on gentrification and displacement more
broadly. Previous studies have generally either found that there is no relationship between
gentrification and displacement (Vigdor et al., 2002; Ellen & O’Regan, 2010; Dragan et al.,
2019) or that there is a modest positive one (Newman & Wyly, 2006; Brummet & Reed, 2019).
However, the findings of this thesis should be compared to the literature with several caveats in
mind.
First, I do not restrict my sample to initially low-income census tracts, unlike several
prominent studies of gentrification and displacement (Ellen & O’Regan, 2010; Brummet &
Reed, 2019; Dragan et al, 2019).20 These studies conceptualize gentrification as a process that
can by definition only occur in originally low-income tracts. Thus, the authors compare initially
low-income tracts that gentrified to initially low-income tracts that did not. My analysis, on the
other hand, estimates the relationship between gentrification and eviction rates across all tracts in
the city, but interacts gentrification with each tract’s original income or share-of-black-residents
status to determine whether this relationship is different for tracts that were originally lowversus high-income or that were originally low- versus high-share-black. The fact that I did find
a relationship among these originally lower socioeconomic status neighborhoods and did not for
originally higher socioeconomic status neighborhoods lends credence to the idea that low20

As previously mentioned, if I were to restrict my sample to tracts that were initially low-income, using the
definition for “low income” used in other studies in the literature (Ellen & O’Regan, 2010; Brummet & Reed, 2019;
Richardson et al., 2019), my sample size would have dropped from 176 to 71 residential tracts.
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income and more black neighborhoods may experience different outcomes from other
neighborhoods in the wake of socioeconomic changes.
Second, the definitions of gentrification used in literature vary widely, and the one that I
use in this study may define some neighborhoods as gentrifying whereas other studies would not,
or vice versa. I define gentrification as a change in either income or the share of the population
that is black. This approach allows me to capture two processes of neighborhood change that are
commonly associated with gentrification: influxes of wealthy residents and of white residents
(Newman & Wyly, 2006). However, neighborhood change along these dimensions does not
necessarily constitute gentrification as it is popularly understood, given that neighborhoods could
plausibly become higher income and less black through mechanisms other than gentrification.
For example, my measure of change in the share black would not distinguish between two
hypothetical neighborhoods – one originally almost entirely white, the other originally almost
entirely black – that experienced the same percentage-point change in the share black over my
period of analysis. While the demographic change that occurred in the latter neighborhood would
be closer to meeting the definition of gentrification, my independent variable would record the
two neighborhoods as having experienced equivalent degrees of change.
Third, while I attempt to capture the phenomenon of gentrification using two different
independent variables, it is possible that these variables reflect two distinct types of
neighborhood change. However, these two variables are closely related (their correlation
coefficient is -0.69). Thus, and given the similarity between my results that focus on changes in
income and in the share black, it is likely that trends in these two variables measure similar or
processes of neighborhood change.
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Finally, my study is also limited by potential sources of omitted variable bias. Due to the
limited number of tract-level variables contained in my dataset, I am unable to control for a
number of variables that could exert bias on my estimates. For example, while I control for
neighborhood unemployment rates, I do not control for the quality of jobs in a neighborhood.
This variable is likely to be positively correlated with the likelihood that a neighborhood will
become whiter and more affluent and negatively correlated with eviction rates. However, there is
a question of precedence: if quality jobs are more likely to arrive in a neighborhood after an
influx of affluent people rather than before, then job quality would be a mediating variable rather
than a source of bias. Literature on the question of whether people follow jobs or jobs follow
people is mixed (Hicks & Faulk, 2016; Hoogstra et al, 2017; Østbye et al, 2018). However, to the
extent that people follow jobs, it is likely that the omission of job quality from my model exerts
downward bias on my estimates of the effect of neighborhood change. Other variables, such as
neighborhood amenities and distance from employers, would exert downward bias for similar
reasons (although the same question would pertain here in terms of whether these variables are
mediators or sources of bias). Variables measuring access to “high opportunity” areas, such as
distance from metro stations or distance from the city center, are also likely to be positively
correlated with socioeconomic status and negatively correlated with eviction rates. In the
aggregate, then, it is likely that my estimate is downwardly biased to some extent, given these
omitted variables. As my estimated relationship is negative, this downward bias raises the
possibility that the true relationship between neighborhood socioeconomic increases and eviction
rates is zero or even positive. However, it is likely that these omitted variables are highly
correlated with the controls included in my model. For example, the quality of jobs in a
neighborhood is likely correlated with the unemployment rate. Therefore, I find it probable that
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the influence of omitted variable bias is tempered through the inclusion of other controls in my
model.
Another potential source of bias is the possibility of spillover effects on a given census
tract from nearby tracts (Brummet & Reed, 2019). While census tracts are widely used as proxies
for neighborhoods in studies of gentrification, actual neighborhood boundaries do not necessarily
fall along tract lines. Additionally, residents of one tract may access jobs or resources in other
tracts. Thus, changes in one tract’s demographic, economic, and housing characteristics may spill
over to nearby tracts. For example, increases in job opportunities in a neighboring tract are likely
to be positively correlated with the likelihood that a given neighborhood becomes whiter and
more affluent and negatively correlated with eviction rates. As such, the omission from my
analysis of a measure of employment in neighboring tracts likely also exerts downward bias on
my estimate. This omission further raises the possibility that the true relationship between
gentrification and eviction rates is zero or positive. However, omitted variables from neighboring
tracts are likely correlated with conditions within tracts, so it is probable that this source of
downward bias is also minimal.
These caveats aside, my findings are surprising. I find that originally low-income or highshare-black neighborhoods that experienced increases in income and decreases in the black share
of the population experienced decreased rates of evictions and eviction filings. This finding is
contrary to what I had hypothesized: I predicted that increases in median income and decreases
in the black share of the population would be markers of displacement pressures, and that this
displacement would occur at least partially through higher evictions.
There are at least three immediate explanations as to why this finding differs from my
expectations. First, it is possible that increases in income and decreases in the share of the
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population that is black are not indicative of displacement and instead represent voluntary inmoves by affluent and white people and voluntary out-moves by lower-income and black people.
One piece of evidence in support of this supposition is the fact that low-income people move
more frequently on average (Vigdor, 2002; Freeman & Braconi, 2004). Second, it is possible
that, when displacement did occur, it did not occur through the specific mechanism of eviction
(Desmond & Shollenberger, 2015). Third, it is possible that displacement occurred through the
mechanism of eviction (perhaps among others), but that this displacement had already happened
by 2017, when evictions were measured in my data. Under this assumption, there could be tracts
that experienced large decreases in the share black and/or large increases in income,
accompanied by increases in associated displacement through eviction, but that those tracts were
“emptied out” of low-income residents at risk of eviction before 2017 and therefore actually
experienced lower eviction rates afterwards. A lack of eviction data for earlier years in my period
of analysis is therefore a major limitation of this study, as I am consequently unable to test this
hypothesis. A more fine-grained examination of the ways in which eviction rates change over
time as neighborhoods evolve is a promising avenue for further research.
Despite the limitations of this study, my findings do provide some evidence that
originally low-income or high-share-black neighborhoods that experienced changes commonly
associated with gentrification have lower subsequent rates of evictions and eviction filings, as
compared to similar neighborhoods that experienced less socioeconomic and demographic
change. This study thus contributes modestly to the body of literature challenging the widely
held notion that gentrification causes widespread displacement. However, given the ambiguity of
my findings, it is unclear what their policy implications are.
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APPENDICES
Appendix A: Regression results for change in the share without a high school degree (2000
to 2012-2016)
Table A1: Eviction filing results for change in high school
Dependent variable: Eviction filing rate in 2017
Pct. pt. change in share high school
(2000 to 2012-2016)
High share high school (2000)21

(1)

(2)

(3)

-0.35***
(0.13)

0.06
(0.10)

13.91***
(2.09)

-12.38
(9.96)

0.05
(0.18)
-4.50
(7.02)
-0.14
(0.27)
-0.00
(0.00)
36.99***
(9.39)
-56.66***
(21.29)
0.00
(0.00)
-7.47
(43.22)
9.97
(20.55)
-21.09
(22.31)
21.77***
(7.82)
0.01**
(0.00)
-0.00
(0.00)
0.13
(0.7138)
-12.29
(10.93)

176
0.03

176
0.56

176
0.56

Change-h.s. * High h.s. (2000)
Population (2012-2016)

-0.00
(0.00)
36.48***
(9.10)
-55.29***
(21.17)
0.00
(0.00)
-5.47
(43.20)
8.57
(20.64)
-24.12
(21.77)
21.66***
(7.40)
0.01**
(0.00)
-0.00
(0.00)

Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (2012-2016)
F-statistic and p-value for joint hypothesis testa
Constant
N
R2
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) =
0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1

21

A tract was defined as having original high high school status if it was in the top 40th percentile for share without
a high-school degree. This definition mirrors the definitions for original low-income and high-share-black status that
I used in my main regressions.
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Table A2: Eviction results for change in high school
Dependent variable: Eviction rate in 2017
Pct. pt. change in share high school
(2000 to 2012-2016)

(1)

(2)

(3)

0.0209***
(0.0076)

-0.0029
(0.0054)

0.7447***
(0.1151)

-1.2998**
(0.6295)

-0.0059
(0.0106)
-0.3399
(0.3878)
-0.0083
(0.0146)
0.0000
(0.0000)
1.9064***
(0.4711)
-1.1431
(0.9725)
0.0000***
(0.0000)
4.5124**
(1.8789)
-0.5762
(0.9893)
1.3781
(1.3641)
0.7699*
(0.4478)
0.0002
(0.0002)
-0.0000**
(0.0000)
1.21
(0.2728)
-1.3450*
(0.6929)

176
0.03

176
0.58

176
0.58

High share high school (2000)
Change-h.s. * High h.s. (2000)
Population (2012-2016)

0.0000
(0.0000)
1.8572***
(0.4524)
-1.0377
(0.9808)
0.0000***
(0.0000)
4.6957**
(1.8316)
-0.7084
(0.9654)
1.1015
(1.2625)
0.7408*
(0.4194)
0.0003
(0.0002)
0.0000***
(0.0000)

Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (2012-2016)
F-statistic and p-value for joint hypothesis testa
Constant
N
R2
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) = 0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Appendix B: Main regression results with probability weighting
Table A3: Eviction filing results (weighted)
Dependent variable: Eviction filing rate in 2017
(1)
Percent change in income
(2000 to 2012-2016)
-0.08***
(0.02)
Pct. pt. change in share black
(2000 to 2012-2016)

(2)

(3)

-0.02
(0.01)

-0.02
(0.02)

Low-income (2000)

(4)

(5)

(6)

0.20***
(0.07)

0.07
(0.06)

0.03
(0.07)

12.15***
(4.25)

Change-income * Low-income (2000)

10.77*
(5.80)

High-share-black (2000)

-0.06*
(0.03)

Change-black * High-share-black (2000)
Population (2012-2016)

-0.00
(0.00)
32.21***
(8.63)
51.49***
(19.06)
0.00*
(0.00)
6.87
(40.34)
11.34
(17.60)
-30.83
(19.64)
18.75***
(6.55)
0.01**
(0.00)
-0.00*
(0.00)

Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (2012-2016)
F-statistic and p-value for joint
hypothesis testa

-0.00
(0.00)
32.42***
(8.93)
53.16***
(18.73)
0.00
(0.00)
6.92
(40.46)
8.16
(18.28)
-30.58
(19.47)
18.09***
(6.45)
0.01**
(0.00)
-0.00
(0.00)

0.17
(0.13)
-0.00
(0.00)
23.23***
(8.45)
47.81***
(18.03)
0.00
(0.00)
-7.25
(41.33)
9.10
(18.08)
-32.33
(19.65)
15.35**
(6.52)
0.01**
(0.00)
-0.00
(0.00)

20.43***
(2.17)

-6.23
(9.40)

3.28*
(0.0719)
-1.84
(9.61)

176
0.03

176
0.57

176
0.58

-0.00
(0.00)
32.02***
(8.54)
-46.08**
(18.11)
0.00**
(0.00)
-17.23
(40.62)
2.37
(17.70)
-32.73*
(19.33)
13.73**
(6.05)
0.01**
(0.00)
-0.00**
(0.00)
9.81***
(0.0020)

F-statistic and p-value for joint
hypothesis testb
Constant

20.40***
(1.84)

-8.04
(9.46)

-6.07
(9.90)

N
176
176
176
R2
0.06
0.57
0.60
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) = 0
b
H0: β1(Change black) + β2(Change black * High-share-black in 2000) = 0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
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Table A4: Eviction results (weighted)
Dependent variable: Eviction rate in 2017
(1)
Percent change in income
(2000 to 2012-2016)
0.0044***
(0.0010)
Pct. pt. change in share black
(2000 to 2012-2016)

(2)

(3)

-0.0006
(0.0007)

0.0001
(0.0011)

Low-income (2000)

(4)

(5)

(6)

0.0140***
(0.0042)

0.0053*
(0.0030)

0.0027
(0.0031)
0.2523
(0.1768)

0.5352**
(0.2500)

Change-income * Low-income
(2000)

0.6946**
(0.3234)

High-share-black (2000)

-0.0033**
(0.0016)

Change-black * Low-income
(2000)
Population (2012-2016)
Share black (2012-2016)
Share bachelor’s (2012-2016)
Median income (2012-2016)
Share unemployed (2012-2016)
Share in poverty (2012-2016)
Vacancy rate (2012-2016)
Share renter (2012-2016)
Median rent (2012-2016)
Median housing value (20122016)

0.0000
(0.0000)
1.7661***
(0.4492)
-0.4839
(0.9613)
0.0000***
(0.0000)
5.1482***
(1.7376)
-0.4443
(0.8242)
0.5011
(1.1550)
0.6130*
(0.3619)
0.0003*
(0.0002)

0.0000
(0.0000)
1.7862***
(0.4323)
-0.2367
(0.9793)
0.0000***
(0.0000)
4.0323**
(1.7508)
-0.7774
(0.8628)
0.4459
(1.1560)
0.3927
(0.3595)
0.0004**
(0.0002)

0.0000
(0.0000)
1.8397***
(0.4622)
-0.3121
(0.9143)
0.0000**
(0.0000)
5.0487***
(1.7447)
-0.6665
(0.8381)
0.4622
(1.1297)
0.6164*
(0.3584)
0.0004*
(0.0002)

0.0101
(0.0073)
0.0000
(0.0000)
1.2284***
(0.4273)
0.0220
(0.8698)
0.0000*
(0.0000)
4.1402**
(1.8341)
-0.6057
(0.8234)
0.3357
(1.1399)
0.4281
(0.3670)
0.0003
(0.0002)

-0.000***
(0.0000)

-0.000***
(0.0000)

-0.000***
(0.0000)

-0.0000**
(0.0000)

1.2966***
(0.1326)

1.2876**
(0.6422)

4.62**
(0.0330)
-1.0739
(0.6616)

176
0.04

176
0.58

176
0.60

F-statistic and p-value for joint
hypothesis testa

6.01**
(0.0152)

F-statistic and p-value for joint
hypothesis testb
Constant

1.1343***
(0.1052)

-1.2281**
(0.5872)

-1.2043**
(0.5920)

N
176
176
176
R2
0.06
0.58
0.60
a
H0: β1(Change income) + β2(Change income * Low-income in 2000) = 0
b
H0: β1(Change black) + β2(Change black * High-share-black in 2000) = 0
Robust standard errors in parentheses.
*** p<0.01, ** p<0.05, *p<0.1
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