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Modeling Neighborhood Change to Mitigate Gentrification:
A Case Study of Fairfax County, Virginia

Abstract

Gentrification describes the transformation of working-class or vacant areas into middle-class
residential or commercial zones through an influx of affluent persons and businesses displacing
long-term, vulnerable populations. Local governments often lack resources to detect
gentrification emergence and mitigate its negative impacts. We demonstrate how studying
gentrification at granular geographies using publicly available data can provide actionable
insights to stakeholders seeking to preserve neighborhood diversity and protect at-risk
residents. We examine neighborhood change in Fairfax County, VA using US Census Bureau
American Community Survey 5-year estimates (2008/12-2014/18). Using three multifactor
dimensions to measure gentrification, we classify census tracts into those not vulnerable to
gentrification at baseline; vulnerable but not gentrified, and vulnerable and gentrified over
time. We employ a spatial generalized linear mixed model to examine property and population
factors associated with gentrification and test the effects of a hypothetical housing policy
intervention. Results suggest that 61% of Fairfax County tracts were not vulnerable and 39%
were vulnerable to gentrification at baseline. Of those vulnerable, 49% did not gentrify over
time. The remaining 51% experienced significant socioeconomic and investment change,
gentrifying during the period. Median property values, college-educated population, and white
population shares were associated with increased gentrification likelihood. Finally, we show
that a 10% median property value reduction intervention would result in 26% fewer vulnerable
and 50% fewer gentrified areas. We conclude with policy recommendations mitigating
gentrification and highlight how public data and modeling could assist local governments with
decision-making, maximizing the impact of county resources, and improving neighborhood

outcomes.



Introduction

Gentrification describes the transformation of working-class or vacant areas into a middle-
class residential or commercial zones through an influx of affluent persons and businesses
displacing long-term, vulnerable populations (Lees et al., 2008: xv). Over the past 20 years,
gentrification affected thousands of neighborhoods around the world, especially major urban
centres across the US (Hyra, 2012; Lees et al., 2008). As of 2015, gentrification is estimated
to impact nearly 20% of all low-income communities (i.e., census tracts in the bottom 40th
percentile of median household income nationally) in the US' fifty largest cities—up from
only 9% of such neighborhoods a decade earlier (Maciag, 2015). Existing scholarship focuses
either on how the spread of gentrification can be modeled quantitatively to monitor
displacement risk (cf. Chapple and Zuk, 2016) or to understand how gentrification impacts
historically marginalized communities in places like New York (Barton, 2016; Hackworth,
2002), Los Angeles (DeVerteuil, 2011), and Washington, DC (Hyra, 2017; Hyra and Prince,
2016. We use a quantitative model to predict gentrification risk in Fairfax County, VA—the
largest suburban county in the Washington, DC area. We use Fairfax County as a case study
of gentrification spread in suburban areas. Moreover, we conduct a “what-if” policy-making
analysis that local governments can use to consider the potential impact of housing policies

before implementation.

Prior gentrification literature detailed how population dynamics and investment
changes led to widespread displacement in Washington, DC. DC underwent notable
demographic change over the past two decades. Since 2000, the nation’s capital has been one

of the few US cities to experience population growth primarily due to the in-migration of
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white residents—with that group expanding from ~30% to ~45% of its total population (US
Census Bureau, 2018a). While DC neighborhoods experienced renovation of existing
infrastructure and commerce growth that initially benefitted long-term and incoming
residents, these changes eventually attracted higher-income occupants who found cheap
rental and housing prices more appealing than existing upscale neighborhoods or suburbs
(Hyra, 2017; Hyra and Prince, 2016; Lees et al. 2008). As a result, low-income and Black
residents were disproportionately forced out of Washington (Jackson, 2015; Stancil et al.,
2019). Roughly 40% of DC’s census tracts gentrified during this period, leading to more than
20,000 Black residents’ displacement (Richardson et al., 2019). As Walker (2018) found
elsewhere in the country, many of DC’s low-income and minority communities were
displaced from long-time homes, moving to Southern Maryland and Northern Virginia’s
inner suburban rings (Stancil et al., 2019). Although US suburban areas are becoming more
racially and ethnically diverse, these neighborhoods are also increasingly likely to exhibit
high levels of concentrated poverty, including in the areas immediately surrounding

Washington, DC (ibid).

To DC’s west, Fairfax County, VA is one of 50 most densely populous and 100 most
rapidly growing US counties (US Census Bureau, 2019b). Despite its diverse population,
Fairfax County’s in-demand housing stock and rising real estate prices have made it difficult
for many families to afford living in the county (Xan et al., 2019). To address these concerns,
Fairfax County’s government advanced several initiatives promoting equitable and inclusive
growth (One Fairfax, 2017). In partnership with Fairfax County, we developed a quantitative

strategy for examining the impact of gentrification in the area. We build on data-driven



governance techniques pioneered by academic, nonprofit, and governmental institutions
seeking to understand and mitigate gentrification with predictive modeling (cf. Chapple and
Zuk, 2016). Employing publicly available data sources and open source software (Keller et
al., 2018), we implement a sparse spatial generalized linear model to examine the risk of

gentrification in Fairfax County.

Below, we describe this collaboration and our contribution to the gentrification
literature, including the implementation of a quantitative modeling approach predicting
gentrification in Fairfax County VA; using a model that accounts for spatial effects; and
employing a “what-if” analysis that local governments can use to test various scenarios and
understand the impact they would have on gentrification risk and displacement. We first
review past work on how scholars and city governments used quantitative approaches to
study gentrification, including methodological considerations about how to measure the
phenomenon. We also share background information for better understanding Fairfax County
within the broader context of transnational capitalism and to explain the housing pressures
Fairfax County is currently experiencing. Second, we detail our methodological approach to
measuring gentrification. Third, we describe results, including how we classified
gentrification risks at the census tract level, how the model might be used to predict future
gentrification risk, and how it can inform “what-if” policy interventions. We conclude with
future research suggestions and policy considerations that county governments may consider

when developing similar quantitative approaches to studying gentrification.
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Literature Review

Research documents gentrification as a global process in that the broader structures of
capitalism shape the composition and consumption patterns of populations in cities across
the world (Lees et al., 2016; Liu et al., 2021). As Lees et al. (2008) argue, “local clusters of
transnational corporate services and headquarters not only generate demand for local
gentrified residential space, but also serve to weave this local demand into transnational
circuits of labor or migration amongst itinerant professionals” (80). The ongoing capital
investment into central business districts, alongside the integration and deregulation of
financial markets, continued to put higher demand on low-income housing markets across
US metropolitan areas over the past two decades (Fainstein, 2000; Sassen, 2000). As a result,
historical factors like deindustrialization, public housing demolition, subprime mortgage
lending, and local and federal policies designed to promote growth in developing areas
(Hackworth, 2002; Hyra, 2012; Rothstein, 2017; Taylor, 2019), led to more US

neighborhoods becoming gentrified over time (Maciag, 2015; Richardson et al., 2019).

Most scholarship focused on how gentrification affects inner city housing dynamics,
providing a number of production and consumption-based theories to explain why investors
and/or incoming residents are attracted to these neighborhoods (Hyra, 2017; Lees et
al., 2008). Recently, research identified novel ways in which gentrification geographies
have shifted toward suburban areas. As urban renewal spread across city centres (Hyra,
2012; Taylor, 2019), many Black and low-income residents moved from inner city to inner
suburbs (Walker, 2018). Oftentimes, these groups are segregated into undesirable
neighborhoods via exclusionary housing policies or displaced through predatory market

factors (Hyra, 2012;



Rothstein, 2017; Taylor, 2019). Despite racial and ethnic minorities reporting that they
experience more equitable conditions in the suburbs now than in the early 2000s (Pfeiffer,
2012), these suburban areas are more likely to have higher levels of concentrated poverty and

forced displacement (Stancil et al., 2019).

We focus on predicting gentrification in Fairfax County, VA and ultimately
developing a policymaking tool that government officials can use to model counterfactual
scenarios that help mitigate the impacts of this process. Part of the suburban ring surrounding
Washington, DC, Fairfax County has a population of 1.1 million people, making it one of
US’ 50 most populous counties. Close to DC, Fairfax County is both a hub for workers
associated with government agencies and contractors, and a burgeoning tech and healthcare
sector hotspot. Notably, Amazon recently built its second headquarters in nearby Arlington
County, opening a pipeline for thousands of new tech workers to move to the area (Arcieri,
2018). Moreover, the Dulles Corridor has roughly 600 data centers serving over 3,000 tech
companies, making Fairfax County a geographic bridge between the nation’s political capital
to its east, and to its west what some dubbed the “Silicon Valley of the East” (St. Germain,
2019). Given this confluence of factors, it is unsurprising that Fairfax County is one the most
expensive US counties to live in, with residents making a median household income of
~$115,000 and median home values among the country’ highest. Despite this, Fairfax
County’s population continues to grow larger, older, and wealthier while also becoming more

diverse as more Asian and Hispanic residents migrate to the region (Xan et al., 2019).

To better understand and mitigate the issues identified above, we worked with Fairfax

County to develop a quantitative approach to examine gentrification (Keller et al., 2018). We
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built on past work studying neighborhood change in New York, Los Angeles, Seattle,
Portland, Harris County, TX, and the Bay Area (Choudhary et al., 2018; Chapple and Zuk,
2016). While the literature is rich in examples using quantitative modeling to examine
gentrification, there is considerable variation in the data and variables included in models,
leading to extensive debate about what gentrification means and how to appropriately
measure its spread across different geographical contexts (Barton, 2016; Chapple and Zuk,
2016; Reades et al., 2019). Most approaches include three core components: baseline
vulnerability for the populations or regions of interest, change in socio-demographic
variables, and changes in neighborhood investment (Choudhary et al., 2018). Yet, as Reades
et al. (2019) point out, this work is largely historical and rarely aims to address ongoing
policymaking by predicting gentrification’s emergence in developing neighborhoods.
Building on this foundational work, we aim to fill the gap, using a gentrification typology
capturing neighborhood change and developing a predictive approach that can inform local

policymakers’ decision-making processes.

Data and Methods

Data

To construct our gentrification typology and predictive model, we use the US Census
Bureau’s American Community Survey (ACS) data on Fairfax County population and
housing units. ACS is an ongoing, nationally representative household survey. It annually

releases household, family, and individual demographic and socioeconomic characteristics



estimates, as well as select property characteristics (US Census Bureau, 2018a). Using the R
statistical programming environment tidycensus package (Walker et al., 2018), we retrieved
5-year estimates of census tract-level ACS data based on 2010 Decennial Census geographies
(US Census Bureau, 2018a). Census tracts are statistical subdivisions smaller than counties
and larger than block groups, ranging in size from 1,200 to 8,000 individuals (US Census
Bureau, 2019c¢). Compared to single-year estimates, 5-year estimates provide larger sample
sizes, greater estimate reliability, and better geographic granularity. They provide data for all
geographic areas regardless of population size, and are suitable for analyzing small areas for
which single-year estimates are frequently unavailable. We use 2008/12 estimates for our

baseline period and 2014/18 estimates as our period end-point.

Dependent Variable: Gentrification Status

We draw on Choudary et al. (2018) to construct three criteria defining our gentrification
status outcome variable: tract vulnerability in the base year, tract socio-demographic change,
and tract investment change over time. We describe the criteria used to assign gentrification

status below. Table 1 lists ACS source tables for variables associated with each criterion.

[Table 1 about here]

First, we define a census tract as vulnerable to gentrification in the base year using
median household income, percent individuals over age 25 without a Bachelor’s degree,

percent non-white population, and percent renter households. We retrieve relevant
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information from ACS tables shown in Table 1, and calculate median household income,
percent population without a Bachelor’s degree, percent non-white population, and percent
of renter households at both the tract and county level. Finally, we construct a dichotomous
tract gentrification vulnerability indicator, with tracts categorized as vulnerable if they
exhibit three or more of the following, compared to the county median value: lower median
household income, higher percent individuals over age 25 without a Bachelor’s degree,

higher percent non-white population, and higher percent renter households.

Second, we define a census tract as having experienced considerable socio-
demographic change over time using information on change in percent population with a
Bachelor’s degree or higher, change in median household income, and change in percent
non-Hispanic white population. We retrieve tract-level ACS table information and calculate
percent population aged over 25 with at least a Bachelor’s degree, Annual Average Consumer
Price Index Research Series data inflation-adjusted median household income, and percent
non-Hispanic white population using both ACS 2008/12 and 2014/18 estimates. After
calculating each variable at both time points, we subtract the base year values from end year
values to obtain percent change over time on each variable. We repeat the procedure at county
level to obtain county-level change. Finally, we construct an indicator for dichotomous tract
socio-demographic change over time with a tract categorized as having experienced such
change if it satisfies at least one of the following conditions: the tract change over time in
percent population over age 25 with at least a Bachelor’s degree is greater than the county
change; or the tract change in median household income and the tract change in percent non-

Hispanic population are both greater than the county change over the same time period.



Third, we define a census tract as having experienced investment change over time
using information on change in median gross rent and change in median property values. We
retrieve tract-level information on monthly median gross rent in dollars for renter-occupied
housing units and median property value in dollars for owner-occupied housing units. We
again create each variable at the base and end years using the ACS 2008/12 and 2014/18
estimates respectively before adjusting all values to 2018 constant dollars using Annual
Average Consumer Price Index Research Series data. We repeat the procedure at the county
level to calculate county-level change. Lastly, we construct a dichotomous tract investment
change over time indicator, with tracts categorized as having experienced such change if
either their change in monthly median gross rent or their change in median property values

over time were greater than the county change during the same time period.

We finally use the constructed tract baseline vulnerability, socioeconomic change,
and investment change variables to define our classification and model outcome variable,
tract gentrification status. Gentrification status is a three-category variable with tracts coded
as not vulnerable to gentrification if they do not satisfy the baseline vulnerability criterion.
For tracts that do satisfy the baseline vulnerability criterion, we consider the remaining two
criteria in determining gentrification status. Tracts that satisfy the baseline vulnerability
criterion but not the socioeconomic change and investment change criteria are coded as
vulnerable, but not gentrified. Tracts that satisfy the baseline vulnerability, as well as both
the socioeconomic change and investment change criteria are coded as vulnerable and

gentrified.
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Property- and Population-Level Independent Variables

Our models control for seven property-level factors and ten population-level factors relevant
to neighborhood change and predicting tract gentrification status. We calculate all variables
using ACS data. Our property-level factors capture housing change and include differences
over time in percent multi-unit residential properties; percent vacant housing; percent single
family properties; percent in renter-occupied units; percent change in median property value;
percent change in median gross rent; and percent change in housing density. Our population-
level factors capture sociodemographic change and include differences over time in percent
population living poverty; percent rent burdened; percent living in different house than in
previous year; percent taking public transit to work; percent unemployed; percent with
Bachelor’s degree or higher; percent non-Hispanic white; percent non-family households;
percent change in median household income; and population growth. Supplementary File 1
provides source ACS table numbers and detailed operationalization descriptions for each

property- and population-level variable included.

Missing Data

Data was available for all variables at the county level. At tract level, of 258 tracts in Fairfax
County, information was missing for a total of 22 tracts. Among the 22, information was
missing on median property value for 7 tracts in 2008/12 estimates and for 15 in 2014/18; on
median gross rent for 6 tracts in 2008/12 and for 15 in 2014/18; and on median household

income for 3 tracts in 2008/12 and in 2014/18. Data for these tracts were suppressed due to



margins of error being larger than medians themselves, making estimates statistically
unreliable (US Census Bureau, 2016). Where available, we used estimates from preceding
years to represent the base or end year, filling in information for 13 tracts. The remaining 9
tracts had valid missingness; they are areas occupied by military installations, airports, or
large green spaces. We code gentrification status for these tracts as unavailable, and exclude

them from our model. No data was missing on model covariates.

Methods

Despite past work identifying spatial proximity as a key factor in the likelihood of adjacent
neighborhoods’ gentrification (Guerrieri et al., 2013), not all quantitative approaches have
appropriately accounted for spatial autocorrelation (Reades et al., 2019). Spatial
autocorrelation refers to the presence of systematic variation in a mapped variable, leading
to positive or negative residual clustering based on spatial proximity. To test for spatial
autocorrelation and to select the most appropriate geographic modeling approach, we use the
permutation and the joint count tests with a spatial weights matrix. Both tests reject the null
hypothesis of no spatial clustering (p<0.001), indicating that tract gentrification status is

similar in adjacent tracts more often than would be expected with spatial randomness.

To account for spatial autocorrelation, we employed a sparse spatial generalized
linear mixed model (SSGLMM) with a logistic link function in predicting tract gentrification
using the ngspatial package in the R 3.6.3 open source statistical programming environment
(Hughes, 2014). This model relies on a Bayesian framework with Markov chain Monte

Carlo
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(MCMC) simulation for inference. Our neighborhood matrix is defined by whether two tracts
share a border, and the model accounts for spatial confounding using a restricted spatial
regression method. Restricted spatial regression removes confounding from spatial effects,
constraining spatial random effects to be orthogonal to fixed effects (Hodges and Reich,
2010). The model uses Metropolis-Hastings random walks with normal proposals to update
regression parameters (Hughes and Haran, 2014). We run models with standard deviation for
spatial random effects set at 0.01, and the prior standard deviation for regression coefficients
at 1000. We specify a minimum sample size of 5,000 to permit accurate Monte Carlo standard
error estimation, a Monte Carlo standard error tolerance of 0.01, and a maximum of one
million iterations (Flegal et al., 2008). We base interpretations on combined samples from

three parallel Markov chains.

Given the difficulty of establishing MCMC model convergence, we conduct
sensitivity analyses by running analogous multivariate spatial binomial likelihood models
(MSBLMM) with a logistic link function predicting tract gentrification using the CARBayes
package (Lee, 2013). As was the case with the SSGLMM, the MSBLMM uses a MCMC
simulation in a Bayesian setting with Metropolis adjusted Langevin algorithm updates for
regression parameters and spatial effects (Roberts and Rosenthal, 1998). We use 210,000
samples, discard 10,000 as the burn-in period, and thin the remaining samples by 100 to
reduce temporal autocorrelation. MSBLMM results did not differ in coefficient direction or

statistical significance pattern from the SSGLMM.

We determine convergence for both the SSGLMM and MSBLMM using visual

inspection of traceplots for the three chains, the potential scale reduction factor (PSRF)



(Gelman et al., 2003), and the Geweke diagnostic (Geweke, 1992). For each model type,
traceplots of the posterior distribution for all chains by variable suggested good Markov chain
mixing, with similar regression parameter means, no apparent trend, and good sample space
exploration. Multivariate PSRF less than 1.1 suggests model convergence, and values did not
exceed this threshold. Covariate PSRF values were at or close to 1, also suggesting
convergence and equal between- and within-chain variance. Geweke diagnostic z-scores
(obtained for the MSBLMM model) under +/-1.96 further suggest convergence; the
diagnostic, testing for the equality of the means of the first 10% and last 50% of a Markov
chain, did not exceed this threshold on any covariate except on change in tract housing
density (z = 2.1), change in population living in a different house than a year ago (z =-2.1),
and change in multiunit housing (z = -2.1). Each of these covariates only exceeded the score

in one of the three chains, and we retain them in the model on conceptual grounds.

We compare model fit between SSGLMM chains and MSBLMM chains using the
deviance information criterion (DIC), a fit criterion with model complexity penalization
(Spiegelhalter et al., 2002). Smaller DIC values suggest a better fitting model. We obtained
near identical values in the two models (values of 226, 225.9, and 215.1 for each of the three
SSGLM chains; values of 226.4, 226.3, and 226.3 for the three MSBLMM chains). We
present results from the SSGLMM given its advantage in coefficient interpretability over the

MSBLMM.

Results
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Classifying Tract-Level Gentrification Status

Overall, results suggest that gentrification is a serious risk for low-income residents
throughout much of Fairfax County, VA. Of the 249 census tracts in our model, 151 (61%)
were not vulnerable and 98 (39%) were vulnerable to gentrification at baseline. For
vulnerable tracts, we considered whether they experienced significant socio-demographic
change over time and whether they experienced significant investment change during the
observation period to assign gentrification status. Of the 98 tracts vulnerable to gentrification,
48 (49%) did not gentrify during the observation period. The remaining 50 tracts (51%)
experienced both significant socioeconomic and investment change over time, and were
classified as having gentrified during the first half of the decade. Figure 1 shows

gentrification status for Fairfax County census tracts.

[Figure 1 about here]

Figure 1: Fairfax County census tract gentrification status.

Table 2 shows descriptive statistics for all criteria considered in constructing the
typology at both the baseline and end years, as well as comparisons with county values. Both
vulnerable tracts that gentrified and vulnerable tracts that did not gentrify over time exhibit
lower median household income than tracts not vulnerable to gentrification at baseline.
Among vulnerable tracts, those that gentrified had a higher percent population without a
Bachelor's degree and percent non-white population, but experienced larger decreases in
these population shares over time compared to vulnerable tracts that did not gentrify. Percent

non-Hispanic white population decreased over time in vulnerable non-gentrified tracts, and



increased in vulnerable tracts that did gentrify. Similarly, while median gross rent increased
somewhat and median property values remained approximately the same in vulnerable non-
gentrified tracts, vulnerable tracts that gentrified experienced large increases in both
domains. Between 64% and 86% of gentrified tracts experienced changes in percent
population with a Bachelor’s degree, non-Hispanic white population, median household
income, median gross rent, and median property value that were greater than the county

change in comparison with between 17% and 48% of vulnerable but not gentrified tracts.

[Table 2 about here]

Predicting Tract-Level Gentrification Status

Table 3 shows model predictor descriptive statistics by tract gentrification status. Table 4 and
Table 5 present model results, showing posterior medians (PM) and 95% credible intervals
(CI) for each covariate predicting tract gentrification pooled across chains. Both models
performed well at classifying tracts with 0.88 area under curve (AUC) of the receiver
operating characteristic (ROC) probability curve (Sullivan Pepe, 2000). AUC over 0.80
indicates good class separability. For further detail, Supplementary Table 1 provides

individual chain results.

[Table 3 about here]

Predicting vulnerable and gentrified status. Table 4 shows that property values,

college-educated population, and white population shares are statistically significantly
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associated with the likelihood of tract gentrification over time. Tracts that experienced a
larger percent change in median property value, exhibited a larger difference in percent
population with a Bachelor’s degree, or exhibited a larger difference in percent non-Hispanic
white population between baseline and end of observation period were more likely to gentrify
compared to other tracts. More specifically, a vulnerable tract is 13% (95%CI = 0.07-0.21)
more likely to gentrify for every 1% increase in median property value over time; 18%
(95%CI = 0.09-0.30) more likely to gentrify for every 1% larger difference in percent
population with a Bachelor’s degree; and 11% (95%CI = 0.04-0.18) more likely to gentrify

for every 1% larger difference in percent non-Hispanic white population.

[Table 4 about here]

Predicting vulnerable but not gentrified status. Table 5 shows that property values,
median rent, and college-education population share are statistically significantly associated
with the likelihood of a vulnerable tract not gentrifying over time, in a way consistent with
results of the model predicting gentrified status. Vulnerable tracts that experienced larger
percent change in median property value, larger percent change in median rent, and larger
differences in percent population with a Bachelor’s degree between baseline and observation
period end were less likely to not gentrify compared to other tracts. Specifically, we expect
to see a 7% decrease (95%CI =-0.12 - -0.03) in the likelihood of a tract being vulnerable but
not gentrifying for every 1% increase in median property value; a 5% decrease (95%CI = -
0.08 - -0.02) in the likelihood of a tract being vulnerable but not gentrifying for every 1%

increase in median gross rent; and a 9% decrease (95%CI = -0.17 - -0.02) in the likelihood



of a tract being vulnerable but not gentrifying for every 1% larger difference in percent

population with a Bachelor’s degree.

[Table 5 about here]

Examining effects of a hypothetical housing intervention. One of Fairfax County’s
principal interests in advancing this modeling approach was to garner more insights about
“what-if” or counterfactual policy-making scenarios. To address this objective, we used
model estimates to predict tract gentrification status after a hypothetical intervention that
would reduce the change in median property value over the observed time period by 10%,
holding all other factors constant. Table 6 displays the tract classification determined by our
gentrification typology, model prediction, and model prediction post-intervention. Figure 2
displays these results. Gentrification typology classification is included for reference; we
compare post-intervention and model-predicted gentrification status, as they rely on the same
model parameters. Tracts with gentrification predicted probability >0.50 were coded as
gentrified. Results suggest that with a hypothetical affordable housing intervention, we
would observe a 50% reduction in the number of tracts that gentrified over time (a reduction
from 34 to 17 of the total tracts), a 19% drop in the number of tracts that would have been
vulnerable but not gentrified over time (10 fewer tracts), and a 14% increase in the number

of tracts that would not have been vulnerable to gentrification (27 more tracts).

[Table 6 about here]

[Figure 2 about here]
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Figure 2: Typology classified, model-predicted, and post-intervention tract gentrification

status.

Discussion and Limitations

In this paper, we advance an open science quantitative model to predict the risk of census
tracts gentrifying across Fairfax County, VA and, in turn, implement a “what-if” policy-
making tool to compare the effects of the different housing proposals designed to mitigate
gentrification. Drawing on the results of a sparse spatial generalized linear model to examine
property- and population-level factors associated with neighborhood change and test the
effects of a hypothetical policy intervention, results suggest that nearly 40% of Fairfax
County census tracts were vulnerable to gentrification at baseline. Of the vulnerable tracts,
51% gentrified while experiencing significant socio-economic and investment change over
time. We found that median property values as well as the college-educated and white
population shares were associated with significantly increased likelihood of tract
gentrification. In the final step, we modeled the effect a 10% reduction in median property
value would have on gentrification risk, finding that the number of vulnerable areas would

decline by 26%, and the number of gentrified areas would be cut by half.

This paper contributes to the gentrification literature in several important ways. First,
we show the ways that suburban areas are impacted by gentrification. As we detailed above,
many urban centres across the US have already become gentrified, leading to low-income

and racial and ethnic minority residents being pushed out to suburban rings surrounding



major cities like Washington, DC (Hyra, 2016; Richardson et al., 2019; Stancil et al., 2019).
Results show that gentrification processes have clearly proliferated throughout Fairfax
County over the past half decade. While these trends and approach likely generalize to other
contexts, there are also a particular set of social and economic forces affecting how

gentrification could shape housing conditions in Fairfax County over the coming years.

To this point, quantitative modeling must account for spatial effects to understand not
only how suburban areas are impacted by cites, but also how spatial fixes within larger areas
create spillover effects into adjacent communities. While our model does well in accounting
for spatial autocorrelation, we believe that future work must also consider how more specific
spatial effects may have shaped housing dynamics in the area. Given Fairfax County’s
proximity to Washington, DC to its east and Dulles Corridor to its west, Fairfax County is to
see spillover effects where wealthier residents move to areas close to already gentrified
neighborhoods (Guerrieri et al., 2013), driving up housing prices along the main travel routes
that connect to employment clusters in the region (Kahn, 2007). For example, Figure 2
suggests that high-risk gentrification tracts cluster along two main transportation lines. The
first is in the northern part of the county along Highway 66, as well as the Orange and Silver
Metro lines, which connect the densely populated (sub)urban centres of Washington DC,
Arlington, Falls Church, Tyson’s Corner, the Reston/Herndon area, and Dulles International
Airport to the data storage centres in Loudoun County. The second is along the southern
border of the county connecting Crystal City, where Amazon’s new headquarters is located,
as well as Fort Belvoir, Fairfax County’s largest employer. While we do not directly test the

neighborhood spillover effects discussed in Guerrieri et al.’s (2013) endogenous
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gentrification theory, future work will need to account for Fairfax County’s (and other major
suburban areas’) proximity to political and financial capital in more systematic ways than we

able to here.

While the growth of gentrification documented in this paper is concerning, one
shortcoming is not being able to account for the probable acceleration of gentrification
resulting from the COVID-19 pandemic; this is a data availability limitation that can be
addressed as ACS estimates covering the pandemic timeframe are released. Hackworth’s
(2002) analysis of post-recession New York housing conditions suggests that corporate
developers as well as federal- and state-based policies accelerated certain types of
neighborhood change. Given the parallels between how the Great Recession and the COVID-
19 pandemic have impacted low- and middle-income unemployment trends as well as
affordable housing (Pattath and Landen, 2021), coupled with the growing corporate influence
of the tech industry in Fairfax County, it is likely that models underestimate the potential

severity of gentrification and displacement in the coming years.

Our key contribution was examining “what if” policy-making scenarios. Results
suggests that a 10% reduction in median property value change over time would reduce the
number of vulnerable areas by about a quarter, and reduce the number of gentrified areas by
half. Obviously, most residents would oppose artificially reducing property values, but there
are several policies that have been successfully implemented across US cities that are
designed to lower costs for low-income residents. Lubell (2016) generally places these policy
approaches into six categories: preservation, protection, inclusion, revenue generation,

incentives, and property acquisition. Concrete examples of such interventions include rent



control in San Francisco (Diamond et al., 2019), real estate tax relief programs for long-term
and low-income residents in Philadelphia (City of Philadelphia, 2021), eviction moratoriums
like those set in place during the COVID-19 pandemic (Benfer et al., 2021; Pattath and
Landen, 2021), and various housing voucher programs. In fact, Seattle and King County’s
recent Moving to Opportunity experiments provide mentorship to residents that have been
allocated housing vouchers in order to promote residential mobility into “high opportunity”
areas (Bergman et al., 2019). This would theoretically lower racial and/or economic
segregation while exposing low-income residents to more social, political, and economic
capital. Given that housing vouchers and inclusionary zoning do not necessarily protect
against segregation (Chaskin 2013; Glaeser 2002), local governments may need to become
more proactive about shaping how housing protections are implemented to ensure their

residents gain access to equal opportunities.

While the housing intervention that we modeled may offer short-term benefits to
current residents, the broader mission of Fairfax County is to support equitable and inclusive
growth for all its residents (One Fairfax, 2017). The approach offered here is a useful tool to
classify, predict, and model “what-if” scenarios that help advance evidence-based policies,
especially in locations that are spatially-dependent on large metropolitan areas (like
Washington, D.C.) that draw in residents from around the world. That said, the use of data
science models must also continue to be informed by local residents, especially those that are
at highest risk of displacement. In this regard, Hyra et al. (2019) remind us that community-
based participatory action will also be integral to advancing equitable policies by
strengthening the social and political capital of long-term residents. Like Reades et al.

(2020),
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we advocate that quantitative approaches may help forecast which areas are most at risk of
gentrification, but also recognize that proactive collaboration with diverse groups of local
community members is needed to counteract the negative effects of public investment into
(sub)urban renewal (Hyra et al., 2019). In this sense, qualitative and quantitative scholars
could share complementary roles in shaping policy initiatives on gentrification and

displacement moving forward.
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Table 1. Tract Gentrification Criteria.
Criterion and Variables ACS Source Table(s)

Criterion 1: Vulnerability in the base year.
A census tract is considered vulnerable to gentrification if it exhibits 3 out of B19013 (Median Household

4 characteristics compared to the county median in the base year. Income)
*  Lower inflation-adjusted median household income B15003 (Educational Attainment
*  Higher percentage of individuals 25 years+ without a Bachelor’s for the Population 25 Years and
degree Over)
*  Higher percentage of non-white population B02001 (Race)
*  Higher percentage of renter households B25003 (Housing Tenure)

Criterion 2: Sociodemographic change over time
A census tract is considered changing in sociodemographics if at least 1 tract B15003 (Educational Attainment
change was greater than the county’s change from the base year to the end of  for the Population 25 Years and

a given period. Over)
*  Change in percent population 25 and over with at least a Bachelor’s B19013 (Median Household
degree OR Income)
*  Change in inflation-adjusted median household income AND B03002 (Hispanic or Latino
change in percent non Hispanic white population Origin by Race)

Criterion 3: Investment change over time
A census tract’s investment has changed over time if the tract’s change inat ~ B25064 (Median Gross Rent)
least 1 is greater than the county’s change. B25077 (Median Property Value
*  Change in inflation-adjusted median monthly gross rent OR in Dollars)
*  Change in inflation-adjusted median home value

Note: ACS = American Community Survey 2008/12 and 2014/18 5-year estimates.
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Table 2. Census Tract-Level Descriptive Statistics for Variables Related to Gentrification Typology by Gentrification Status.

Not Vulnerable Vulnerable but not Gentrified Vulnerable and Gentrified
N=151 N =48 N=50
Variable Year mean sd min max mean sd min max mean sd min max
Median household income ($) 2008/12 155,897.28 40,630.43 70,524.97 273,927.02 93,513.40 19,275.31 55,283.73 119,759.32 90,375.99 19,344.26 35,475.60 122,444.89
2014/18 156,626.97 39,031.91 68,889.00 250,001.00 91,232.19 19,617.23 41,859.00 143,688.00 98,447.96 20,441.77 42,382.00 140,250.00
% population age 25+ without BA  2008/12 33.37 10.86 13.02 61.24 49.64 14.04 13.09 76.95 55.38 12.98 20.33 86.85
2014/18 30.76 10.37 9.58 56.17 49.89 14.16 18.72 83.97 48.62 14.63 14.65 81.47
% population non-white  2008/12 26.33 9.71 3.45 61.15 48.6 10.67 18.33 74.98 48.86 10.72 29.49 71.67
2014/18 29.31 11.35 7.76 66.51 49.67 9.04 32.17 71.91 45.85 9.31 27.88 68.49
% rental properties  2008/12 16.75 14.81 0.51 82.84 43.12 16.96 9.11 81.92 46.17 20.98 5.79 90.44
2014/18 17.03 15.4 0.74 79.28 45.24 18.78 6.82 79.62 47.27 22.48 6.29 87.06
% population non-Hispanic white ~ 2008/12 66.66 11.71 36.64 93.75 40.32 12.09 12.11 71.01 38.45 11.78 15.27 64.17
2014/18 63.6 12.66 31.38 88.99 36.08 12.52 6.81 53.58 38.92 12.04 12.1 64.83
Median gross rent (§)  2008/12  2,024.73 319.49 211.47 2,192.50  1,771.07 26248 1,191.03  2,192.50 1,662.09  284.01 667.28  2,192.50
2014/18  2,388.09 614.71 241.00 3,501.00 1,823.65  282.89 1,098.00 2,548.00 1,838.62  346.57 672.00  2,704.00
Median property value (§) 2008/12 615,281.20 186,914.51 279,514.01 1,095,704.80 393,138.49 86,783.47 212,456.95 643,835.50 405,962.61 74,647.01 243,794.07 564,616.12
2014/18 633,144.37 209,075.52 251,900.00 1,444,200.00 392,895.83 99,195.14 165,000.00 689,300.00 458,172.00 79,232.02 274,200.00 665,700.00
% tracts where change in %
population with BA degree > 2008/12 -
county median change 2014/18 47 17 86
% tracts where % change in median
household income > county median 2008/12 -
change 2014/18 43 40 70
% tracts where mean change in %
population non-Hispanic white > 2008/12 -
county median change 2014/18 48 48 74
% tracts where % change in median 2008/12 -
gross rent > county median change  2014/18 65 42 64
% tracts where % change in median 2008/12 -
property value > county change  2014/18 37 38 84

Notes: BA = Bachelor’s degree; % = Percent; $ = Inflation-adjusted United States dollars. > = Is greater than.
Data source: American Community Survey 5 year estimates, 2008/12 and 2014/18.
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Table 3. Census Tract-Level Descriptive Statistics for Model Predictors by Tract Gentrification Status.

Not Vulnerable Vulnerable, did not Gentrify ~ Vulnerable, Gentrified
N=151 N=48 N=50
mean  sd min  max mean sd  min max mean sd min  max

Property characteristics
Difference in % multi-unit residential properties 0.28 3.92 -10.82 16.39 090 6.42 -9.58 18.57 -0.52 6.18 -14.46 14.29
Difference in % vacant housing 0.04 3.30 -12.48 12.31 -0.52 4.89 -11.75 8.51 -1.05 5.06-13.37 9.56
Difference in % single family properties -0.40 4.02 -16.11 11.99 -1.17 6.20 -18.15 11.60 0.38 5.79 -15.99 13.54
% change in median property value 2.66 8.18 -23.51 31.81 0.02 12.81 -51.66 24.52 14.51 20.63 -16.02 127.53
Difference in % in renter-occupied units 0.28 5.64 -17.60 13.21 2.13 7.75 -12.97 23.10 1.09 6.95-13.94 15.77
% change in median gross rent 18.97 32.18 -44.58 281.94 3.18 8.30 -15.40 22.66 11.88 22.60 -16.87 149.37
% change in housing density -0.28 4.35 -10.01 2426 3.31 1191 -8.98 62.88 2.3214.07 -9.14 82.05

Population characteristics
Difference in % rent burdened residents -1.21 25.20 -100.00 100.00 0.28 14.45 -42.64 26.74 -0.47 14.77 -46.92 31.68
Difference in % living in different house than 1 year ago 0.14 5.23 -22.25 1322 0.24 6.13 -14.64 21.37 1.29 7.79-16.54 18.50
Difference in % taking public transit 0.77 3.81 -15.72 16.84 -0.72 523 -18.34 11.44 0.55 5.18-13.89 13.24
Difference in % unemployed -0.53 2.70 -7.56 10.01 -0.93 3.40 -10.01 5.17 -1.58 3.42-11.26 5.58
Difference in % in poverty 0.19 3.37 -19.72 9.32 1.06 6.56 -15.78 14.07 -0.29 5.01 -17.19 14.85
% change in median household income 1.50 12.52 -23.12 54.34 -1.69 14.43 -40.64 42.21 10.66 18.47 -26.20 82.57
Difference in % non-family households 0.12 5.35 -20.70 13.01 -1.73 7.40 -16.44 16.08 -2.88 6.36 -15.27 1291
Difference in % population with Bachelor’s degree 2.61 5.87 -14.11 16.36 -0.25 5.16 -11.46 12.50 6.76 6.61 -13.21 24.57
Difference in % non-Hispanic white population -3.06 6.99 -23.78 17.96 -4.25 893 -28.61 11.81 047 7.12-17.71 17.41
Population growth 3.13 8.97 -16.88 34.06 10.81 12.60 -17.29 43.61 9.16 1548 -13.22 69.44

Notes: Difference = Difference between 2014/18 and 2008/12 estimate. % = Percent.
Data source: American Community Survey 5-year estimates, 2008/12 and 2014/18.
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Table 4. Logistic Link Sparse Spatial Generalized Linear Model Results Predicting Tract

Vulnerable and Gentrified Status.

2.5% 97.5%

Posterior ~ Credible  Credible

Mean Interval Interval
(Intercept) -3.63 -5.42 -2.61

Property characteristics
Difference in % multi-unit residential properties 0.14 -0.10 0.40
Difference in % vacant housing -0.04 -0.20 0.10
Difference in % single family properties 0.19 -0.07 0.46
% change in median property value 0.13 0.08 0.21
Difference in % in renter-occupied units 0.01 -0.07 0.09
% change in median gross rent -0.01 -0.03 0.01
% change in housing density -0.01 -0.10 0.08
Population characteristics

Difference in % rent burdened residents 0.00 -0.02 0.02
Difference in % living in different house than prior year 0.04 -0.04 0.12
Difference in % taking public transit 0.00 -0.11 0.12
Difference in % unemployed -0.12 -0.28 0.03
Difference in % in poverty 0.00 -0.11 0.12
% change in median household income 0.01 -0.03 0.05
Difference in % non-family households -0.08 -0.17 0.01
Difference in % population with Bachelor’s degree 0.18 0.09 0.30
Difference in % non-Hispanic white population 0.11 0.04 0.18
Population growth 0.03 -0.04 0.10

Note: Statistically significant predictors bolded to facilitate interpretation % = Percent.
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Table 5. Logistic Link Sparse Spatial Generalized Linear Model Results Predicting Tract
Vulnerable but Not Gentrified Status.
2.5% 97.5%
Posterior ~ Credible  Credible
Mean Interval Interval

(Intercept) -1.48 -2.14 -0.89

Property characteristics 0.10 -0.09 0.29

Difference in % multi-unit residential properties 0.03 -0.09 0.15
Difference in % vacant housing 0.15 -0.05 0.36

Difference in % single family properties -0.07 -0.12 -0.03

% change in median property value 0.02 -0.04 0.09

Difference in % in renter-occupied units -0.05 -0.08 -0.02

% change in median gross rent 0.00 -0.08 0.07

% change in housing density 0.00 -0.02 0.02

Population characteristics -0.02 -0.09 0.05

Difference in % rent burdened residents -0.05 -0.14 0.04

Difference in % living in different house than prior year -0.10 -0.24 0.04
Difference in % taking public transit 0.02 -0.07 0.12

Difference in % unemployed -0.02 -0.06 0.01

Difference in % in poverty -0.05 -0.12 0.02

% change in median household income -0.09 -0.17 -0.02

Difference in % non-family households -0.03 -0.09 0.02

Difference in % population with Bachelor’s degree 0.05 0.00 0.11
Difference in % non-Hispanic white population -1.48 -2.14 -0.89
Population growth 0.10 -0.09 0.29

Note: Statistically significant predictors bolded to facilitate interpretation % = Percent.
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Table 6. Number of Tracts by Status Determined with Classification, Model Prediction, and
Post-Intervention Model Prediction.
Post-intervention
Tract Type/Model Classification Model prediction  model prediction

Not vulnerable to gentrification 151 162 189
Vulnerable but not gentrified 48 53 43
Vulnerable and gentrified 50 34 17

Total 249 249 249
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Classification Outcomes
Fairfax County Tract-Level Gentrification

2008/12 to 2014/18

Vulnerable, did not gentrify

Not vulnerable
Vulnerable, gentrified

Status

.

rican Community Survey

Tract Gentrification Status

Figure 1. Fairfax County Census
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Figure 2: Typology classified, model-predicted, and post-intervention tract gentrification status
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SUPPLEMENTARY MATERIAL (FOR ONLINE PUBLICATION ONLY)
Property- and Population-Level Independent Variables

Property Characteristics

Difference in percent multi-unit residential properties over time. We sum the number of
housing units in a tract with five or more units from table B25024 (Units in Structure), divide by
the total number of housing units, and multiply by 100. We calculate the variable using both
2008/12 and 2014/18 estimates, and subtract the calculated values to obtain the difference in
tract percent residential properties between baseline and observation period end-year.

Difference in percent vacant housing over time. We divide the number of vacant units by
the total number of housing units from table B25002 (Occupancy Status) and multiply by 100.
We calculate the variable using both 2008/12 and 2014/18 estimates, and subtract the calculated
values to obtain the difference in tract percent vacant housing between baseline and observation
period end-year.

Difference in percent single family properties over time. We divide the number of single
family detached units by the total number of housing units from table B25024 (Units in
Structure) and multiply by 100. We calculate the variable using both 2008/12 and 2014/18
estimates, and subtract the calculated values to obtain the difference in tract percent single family
housing between baseline and observation period end-year.

Percent change in median property value over time. We retrieve median property value in
dollars for owner-occupied housing units from table B25077 (Median Value in Dollars). We
create the variable using both 2008/12 and 2014/18 estimates, adjust all values to 2018 constant
dollars using Annual Average Consumer Price Index Research Series data, and calculate percent
change between the two time periods.

Difference in percent in renter-occupied units over time. We divide the number of renter-
occupied housing units by the total number of housing units from table B25003 (Tenure) and
multiply by 100. We calculate the variable using both 2008/12 and 2014/18 estimates, and
subtract the calculated values to obtain the difference in tract percent renters between baseline
and observation period end-year.

Percent change in median gross rent over time. We retrieve tract-level information on
monthly median gross rent in dollars for renter-occupied housing units from ACS table B25064
(Median Gross Rent). We create the variable using both 2008/12 and 2014/18 estimates, adjust
all values to 2018 constant dollars using Annual Average Consumer Price Index Research Series
data, and calculate percent change between the two time periods.

Percent change in housing density over time. We retrieve the total number of housing
units in a tract from table B25024 (Units in Structure) from 2008/12 and 2014/18 estimates, and
calculate the percent change over time.

Population Characteristics

Difference in percent in poverty over time. We divide the number of individuals below
100 of the poverty level by the total number of individuals from table B0O6012 (Place of Birth by
Poverty Status in the Past 12 Months in the United States) and multiply by 100. We calculate the
variable using both 2008/12 and 2014/18 estimates, and subtract the calculated values to obtain
the difference in tract percent in poverty between baseline and observation period end-year.
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Difference in percent rent burdened over time. We sum the number of renter-occupied
housing units paying 35% or more of household income for rent in the past 12 months, divide by
the total number of renter-occupied housing units from table B25070 (Gross Rent as a
Percentage of Household Income in the Past 12 Months), and multiply by 100. We calculate the
variable using both 2008/12 and 2014/18 estimates, and subtract the calculated values to obtain
the difference in tract percent rent burdened population between baseline and observation period
end-year.

Difference in percent living in different house than 1 year ago over time. We sum the
number of males and females who moved within county, across counties, across states, or from
abroad, divide by the total population aged 1 year or over from table B07003 (Geographical
Mobility in the Past Year by Sex for Current Residence in the United States), and multiply by
100. We calculate the variable using both 2008/12 and 2014/18 estimates, and subtract the
calculated values to obtain the difference in tract percent living in different house than in the
previous year between baseline and observation period end-year.

Difference in percent taking public transit over time. We sum the number of workers
taking public transportation (excluding taxicab) to work, divide by the total number of workers
age 16 years and over from table BO8101 (Means of Transportation to Work by Age), and
multiply by 100. We calculate the variable using both 2008/12 and 2014/18 estimates, and
subtract the calculated values to obtain the difference in tract percent taking public transit
between baseline and observation period end-year.

Difference in percent unemployed over time. We divide the number of unemployed
individuals by the number of individuals aged 16 years and over who are in the labor force from
table B23025 (Employment Status for the Population 16 Years and Over), and multiply by 100.
We calculate the variable using both 2008/12 and 2014/18 estimates, and subtract the calculated
values to obtain the difference in tract percent unemployed between baseline and observation
period end-year.

Difference in percent population with Bachelor’s degree over time. We sum tract-level
educational attainment categories from Bachelor’s degree through Doctorate degree from table
B15003 (Educational Attainment for the Population 25 Years and Over), divide by the total
number of individuals, and multiply by 100 to calculate percent population aged over 25 with at
least a Bachelor’s degree. We create the variable using both 2008/12 and 2014/18 estimates and
subtract the calculated values to obtain the difference in tract percent population with a
Bachelor’s degree between baseline and observation period end-year.

Difference in percent non-Hispanic white population over time. We divide the number of
non-Hispanic or Latino white individuals from table B03002 (Hispanic or Latino Origin by
Race), divide by the number of all individuals, and multiply by 100 to calculate percent non-
Hispanic white population in a tract. We calculate the variable using 2008/12 and 2014/18
estimates and subtract base year values from end year values to obtain percent change over time.

Difference in percent non-family households over time. We divide the number of non-
family households by the total number of households in a tract from table B11001 (Household
Type Including Living Alone) and multiply by 100. We calculate the variable using 2008/12 and
2014/18 estimates and subtract base year values from end year values to obtain the difference in
percent non-family households over time.

Percent change in median household income over time. We retrieve tract-level median
household income information from ACS table B19013 (Median Household Income). We create
the variable using both 2008/12 and 2014/18 estimates, adjust all values to 2018 constant dollars
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using Annual Average Consumer Price Index Research Series data, and calculate percent change
between the two time periods.

Population growth over time. We retrieve the total number of individuals residing in a
tract from table BO1003 (Total Population) from 2008/12 and 2014/18 estimates, and calculate
the percent change over time.





