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Abstract

The new availability of big data sources provides an opportunity to revisit our ability to predict

neighborhood change. This article explores how data on urban activity patterns, specifically,

geotagged tweets, improve the understanding of one type of neighborhood change—gentrifica-

tion—by identifying dynamic connections between neighborhoods and across scales. We first

develop a typology of neighborhood change and risk of gentrification from 1990 to 2015 for the

San Francisco Bay Area based on conventional demographic data from the Census. Then, we use

multivariate regression to analyze geotagged tweets from 2012 to 2015, finding that outsiders are

significantly more likely to visit neighborhoods currently undergoing gentrification. Using the

factors that best predict gentrification, we identify a subset of neighborhoods that Twitter-

based activity suggests are at risk for gentrification over the short term—but are not identified

by analysis with traditional census data. The findings suggest that combining Census and social

media data can provide new insights on gentrification such as augmenting our ability to identify

that processes of change are underway. This blended approach, using Census and big data, can
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help policymakers implement and target policies that preserve housing affordability and protect

tenants more effectively.
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Introduction

Beginning with the Chicago School, generations of urban theorists have studied neighbor-
hood change, whether focused on segregation, gentrification, urban sprawl, or other pro-

cesses (for example, see Jargowsky, 1997; Lees et al., 2016; Massey and Denton, 1993; Park,

1925). For many decades, studies have either relied primarily on demographic (census) data
aggregated at the neighborhood level which mask complex and micro-scale causal dynamics,

or utilized in-depth case studies that limit generalization. While new methodological
approaches for analysis have been developed (Delmelle, 2015), there remains ample oppor-

tunity for innovation. This is particularly the case for attempts to predict future change,
particularly gentrification, as efforts to project change based on previous patterns have

fallen surprisingly short (Chapple and Zuk, 2016).
The availability of powerful computational approaches and new data sources provides an

opportunity to revisit traditional analyses of neighborhood change and increase predictive

power. For instance, researchers have used machine learning techniques on existing census

data records to analyze existing patterns of neighborhood ascent and decline in order to
predict gentrification (Reades et al., 2019). Researchers have also used user-generated data

on activity patterns, such as social media data, to refine traditional conceptions of residen-
tial segregation or predict housing price changes (Shelton et al., 2015; Steentoft et al., 2018).

These types of data are particularly useful since they are available in “real-time” rather than
on the periodic schedule of a census. Relatedly, data from other non-Census sources allow

for insightful analysis on neighborhood change resulting from new practices such as short-

term rentals (Wachsmuth and Weisler, 2018).
Following this vein, this paper explores how data on urban activity patterns, specifically,

geotagged tweets, improve the understanding of one type of neighborhood change—gentri-
fication—by identifying dynamic connections between neighborhoods. For this paper, we

first develop a typology of neighborhood change from 1990 to 2015 for the San Francisco

Bay Area, based on conventional demographic data, and identify non-gentrified areas vul-
nerable to gentrification, based on risk factors from previous decades. However, this risk

category is too broad, both temporally and spatially, to be useful for policymakers seeking
to target interventions. In order to narrow this category, we use a blended approach that

combines Census data with a new big data source. More specifically, we validate the typol-

ogy and refine the identification of at-risk areas with more recent data, by analyzing geo-
tagged tweets from 2012 to 2015, to measure the extent to which outsiders (users not living

in the tract from which they tweeted) spend time in different types of neighborhoods (see
Shelton et al., 2015). Controlling for neighborhood and built environment variables, we

identify the factors associated with outsider tweeting during visits and find that outsiders are

significantly more likely to visit neighborhoods currently undergoing gentrification. We then
determine the factors that best predict recent ongoing gentrification, finding that tweets

from outsiders, among other factors, are statistically significant. Using these factors, we
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identify a subset of neighborhoods that Twitter-based activity suggests are at risk for gen-

trification over the short term—but are not identified by analysis with traditional census

data. We conclude by discussing the policy implications and implementation possibilities.

Combining census data with crowd-sourced big data for urban analysis remains relatively

new (see T€ornberg and Chiappini, 2020), and blended gentrification studies typically focus

on the urban core rather than entire metropolitan regions (Gibbons et al., 2018a; Hristova et

al., 2016); thus a key aspect of this paper is understanding how blended data approaches can

provide new insights on gentrification as it unfolds over decades across different types of

neighborhoods.

Empirical understandings of gentrification: From conventional to

big data

Considerable disagreement remains about how to operationalize neighborhood change,

particularly gentrification. Most agree that gentrification is a form of neighborhood trans-

formation that involves ascent rather than decline. However, some emphasize flows of

capital over people and see gentrification as primarily about disinvestment and devaluation

processes that then create a “rent gap” and thus new capital accumulation (Smith, 1979).

Others pay more attention to the flows of people and analyze population shifts due to the

transformation of production and/or consumption (Ley, 1996; Zukin, 1982). A similar

debate has arisen about commercial or cultural gentrification and whether it arises from

shifts in cultural consumption or forces of capital accumulation (Hackworth and Rekers,

2005). Yet there is relative consensus that it manifests in retail upscaling that attracts a new

class and type of consumer to traditional commercial streets, in a visible and sudden trans-

formation (Zukin et al., 2009).
Researchers often focus on low-income neighborhoods (generally operationalized as

census tracts), as these areas are seen as particularly vulnerable to the influx of capital or

population (see, for instance, Ding et al., 2016; Ellen and O’Regan, 2011; Freeman, 2005).

The global gentrification literature expands gentrification to a wide variety of contexts,

actors, and processes, in general de-emphasizing the role of individual consumption (Lees

et al., 2016). Studies of U.S. housing markets place particular importance on understanding

flows of people rather than capital, making displacement, or forced moves that occur despite

having met legal conditions of occupancy, a key focus.
Gentrification-induced displacement may be direct, as landlords evict tenants, or indirect,

caused by increasing rents. It may also be exclusionary, taking place when a household is

simply unable to move into a neighborhood, typically because of housing costs (Marcuse,

1986). Researchers rarely study displacement via census data, given lack of data about

mobility and choice. For instance, in the face of rent increases, some residents must

leave, but others choose to stay and pay more rent. Given these challenges, most researchers

tend to use simple mobility rates as a proxy for displacement (Ding et al., 2016; Ellen and

O’Regan, 2011).
Despite these issues, several studies attempt to create either typologies of gentrification

and displacement risk, or stage measures of gentrification, for cities and/or regions using

publicly available census data (Atkinson et al., 2011; Bates, 2013; Gibbons et al., 2018a;

Regional Plan Association, 2017).1 Most of these approaches avoid statistical analysis, and

none measure displacement empirically, i.e., the number of people leaving a neighborhood.

Instead, they assume that hot housing markets result in displacement. Researchers have
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generally not bothered to validate their own predictions; one study that did found that it had
a 79% false positive rate in predicting gentrification (Chapple and Zuk, 2016).

In this article, we begin by essentially replicating previous approaches, but we use regres-
sion to identify risk while also describing a variety of trajectories of neighborhood change in
diverse areas throughout the region over an extended (25 year) time period. Given that
neighborhood change processes take time to unfold (Chapple and Loukaitou-Sideris, 2019),
there is theoretical foundation for using this time-span. However, this fails to capture more
rapid or recent changes, including reversals of neighborhood fortune or catalytic changes
due to new development.

To counter this temporal disadvantage, this paper turns to a different data source, geolocated
social media. User-generated geographic information offers the potential not only to provide
more current—even real-time—data, but also allows researchers to pinpoint activity patterns at
finer geographies than census tracts, which are not always aligned with “real” neighborhood
boundaries (Shelton and Poorthuis, 2019). Moreover, because much of these data are available
at a relatively precise “point” scale, researchers can create areal units that match local under-
standings and specificities. By using data generated by Twitter users, rather than relying on
measures of housing prices and tract-level demographics, researchers can also broaden the
investigation of neighborhood change to the entire city, rather than just residential areas.

Prior research on neighborhood change using social media data has generally taken one of
three tracks. First are studies that analyze perceptions of neighborhood change via social media
content such as Zukin et al.’s (2017) analysis of Yelp reviews documenting “discursive red-
lining” in positive reviews for White-gentrifying neighborhoods, or Boy and Uitermark’s
(2017) study that shows that Instagram users elevate marquee locations and make others
essentially invisible. Second is work that links spatial patterns such as gentrification to social
network interactions, typically via blending census and social media data (Ye and Liu, 2018).
This includes documenting the connection between check-ins from networks of affluent visitors
in deprived neighborhoods and their subsequent economic improvement (Hristova et al.,
2016), and the association of gentrifying neighborhoods with interactions among social
media users (Gibbons et al., 2018b). These latter two studies also connect neighborhood
change explicitly to the rise of popular restaurants, bars, and cafes. Third are projects that
use tweets to track activity patterns with a focus on the relationship to housing price changes.
Just examining activity spaces of different socio-economic groups via geotagged tweets can
develop new conceptions of how neighborhoods are produced (Shelton et al., 2015) and even
yield early predictions of rent increases (Steentoft et al., 2018). This paper builds upon and
connects elements of the second and third tracks, by tracking the mobility of social media users
and using this to create a network between places. This allows us to identify the socio-economic
characteristics of outsiders to gentrifying neighborhoods and consider how this new informa-
tion can help identify areas at risk of change.

To be clear, however, the use of user-generated data does come with both technical and
ethical problems. For example, relying on Twitter for its time-stamped geotags has its
shortcomings, raising questions of internal validity (Offenhuber, 2017) and creating prob-
lems for interpretation. Local context often shapes the choice whether to post on social
media, rendering some places or times more likely to be documented than others (Boy and
Uitermark, 2017). As a result, the distribution of Twitter activity cannot be assumed to be
representative as uneven access, inhospitable contexts, or multiple other factors intervene.
Therefore, throughout this paper, we make no claim or use of Twitter data as a represen-
tative sample of the population. Instead, we argue that analyzing changes in the spatial
footprints of the Twitter platform provides insight to a subset of gentrification processes
that augment an understanding based solely on census data. In short, Twitter data does not
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allow us to make claims on the general prevalence of gentrification (as we can with Census
data). It does provide us with evidence that gentrification-related activity (dynamic con-
nections between places within an urban region) exists, which is why combining Census and
big data is potentially useful.

Relatedly, great care should be taken in interpretation of the meaning of any social media
posting (Poorthuis et al., 2020). For this reason, this paper treats a tweet simply as an
indicator of presence rather than ascribing deeper meaning. Ethical concerns are important
to consider as gathering larger amounts of social media data allows researchers to build
detailed profiles on individual movement and speech (Zook et al., 2017). For this reason, all
data presented in this paper are shown at aggregate levels without identifying details.
Finally, we recognize that online activity can have a direct effect on how material places
function (Zook and Graham, 2007) and can contribute to creating and expanding social
divides. However, establishing such a causal connection is challenging and would require a
different approach (see Spangler, 2020; T€ornberg and Chiappini, 2020) that is tangential to
this paper’s primary goal of examining how blending census and big data sources can pro-
vide new insights on the gentrification process.

Data and methods

This paper requires multiple steps of data preparation. First, we create a standard typology
of gentrification using Census data to categorize neighborhoods by stage of gentrification,
displacement, and exclusion, generally following methodologies put forth by Bates (2013)
and the Urban Displacement Project (Thomas et al., 2020), and definitions of gentrification
that include both influxes of new residents and capital, following Freeman (2005) and Ding
et al. (2016). Then, to address some of the shortcomings of this conventional approach, most
specifically the temporal lag that prevents identifying more recent changes, we examine
mobility between neighborhoods as measured by Twitter users.

While we could conduct this analysis for any large metropolitan area, we chose the case
of the San Francisco Bay Area megaregion given the prevalence of and rapid change in
gentrification throughout the region (Chapple and Zuk, 2016). For the last 50 years, the
success (and occasional failures) of the information technology sector has shaped the story
of this region: innovative firms have attracted high-skilled young in-migrants, who drive up
housing prices in the core and force lower-wage workers into long commutes from through-
out the megaregion (Storper et al., 2015). From 2000 to 2015, housing prices in the core of
the region doubled, compared to a 75% increase overall in 20 major metropolitan areas in
the United States (S&P Dow Jones Indices LLC, 2021). The megaregion includes the five
core counties that comprise the metropolitan areas of San Francisco, San Jose, and Oakland
(San Francisco, San Mateo, Santa Clara, Alameda, and Contra Costa); the remaining four
counties considered part of the commuter shed (Marin, Sonoma, Solano, and Napa); plus
Santa Cruz, Sacramento, Yolo, and San Joaquin counties. These counties range in density
from urban (18,562 persons per square mile in San Francisco) to largely rural (e.g., 162
persons per square mile in Solano County). Thus, although core areas of the region may be
considered an extreme case study in terms of gentrification, the entire study area represents a
diversity of urban forms and housing submarkets (Yin, 2017).

Creating a typology of neighborhood change

In order to designate neighborhoods by their stage of change, we use data from the
Decennial Census from 1990 and 2000, and American Community Survey for the years
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2011–2015. To reconcile the changes in tract boundaries from earlier time periods, we used

Brown University’s Longitudinal Tract Data Base (LTDB), which normalizes census tract

data from each year to 2010 census tract boundaries to maximize comparability across the

study period. In the case of variables not provided by the LTDB, we downloaded the

original raw data and used LTDB’s crosswalk.
We characterize change in both low- and high-income neighborhoods, looking at gentri-

fication and displacement in the former and exclusion in the latter. We thus divide the region

into low-income neighborhoods at 80% of area (county) median household income or less,

and moderate- to high-income neighborhoods with median income above 80% of area

(county) median household income. We select these thresholds to be consistent with afford-

able housing policies and programs. (Table S1 presents the full typology methodology.)
To describe the neighborhoods where gentrification and displacement are taking place,

most studies first pinpoint the neighborhoods with potential to change (or the “eligible”

tracts) (Chapple and Zuk, 2016; Ding et al., 2016; Freeman, 2005; Gibbons et al., 2018b). To

do this, we use several different indicators. Vulnerability to change is defined by availability

of affordable housing, so we select neighborhoods where either rents or housing values are

below the area (county) median. We also select areas with low college education, and high

low-income households, renters, and nonwhite households, all relative to the median.

“Eligible” neighborhoods must have housing affordability plus any two of the four demo-

graphic characteristics.
We characterize neighborhood change in the form of gentrification (operationalized as

the influx of investment and people into low-income areas); displacement (the loss of low-

income households without replacement, in low-income areas), and exclusion (when dis-

placement is occurring in high-income neighborhoods). We measure gentrification via the

change in real median housing value or rent above the county median change, as well as

growth in share of college-educated population and household median income greater than

the median change; we also include a measure of exclusionary displacement, i.e., decrease in

the in-migration rate of low-income households. To measure displacement and exclusion, we

use two indicators—absolute loss of low-income households between census years and

decrease in in-migration.
We rely on logit regression to identify the key long-term predictors of ongoing gentrifi-

cation in eligible (vulnerable) tracts, analyzing the entire 25-year period from 1990 to 2015

(Table 1). For gentrification, the significant factors include high shares of historic housing

(built pre-1950) and recent new housing construction; a central city location; and lack of

local housing and employment density, as well as households with children.2 These are the

factors typically identified by the literature, with the exception of the density variables.

This unintuitive finding likely results from the diverse urbanization patterns in the 13

counties under study: for example, high-density tracts may either have very little housing

or be dominated by high-end apartment buildings with little opportunity for gentrification,

while rural towns may have gentrifying cores surrounded by low employment and popula-

tion density. We categorize neighborhoods that score above the regional median (or below,

for the negative factors) on at least half the significant factors as at risk.
Figure 1 maps the results of this classification, both identifying historic change

and predicting areas likely to change in the future. Overall, of the 2138 census tracts,

5% have already gentrified, 10% are currently undergoing gentrification, 3.5% are currently

undergoing displacement without gentrification, 31% are in some stage of exclusion, and

11% are at risk of gentrification (see Table S1). The remaining 39% of tracts are classified

as stable.
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Figure 1. Typology of gentrification and displacement in the San Francisco Bay Area.

Table 1. Factors predicting ongoing gentrification, 1990–2015.

Type Variable Coefficient Odds ratio

Socio-economic

characteristics

Household income, 1990 –0.000b 1.000

Household income, 1990, squared 0.000a 1.000

% of households with children, 1990 –5.566a 0.004

% of Latinx residents, 1990 1.268 3.554

% of African-American residents, 1990 1.149 3.155

% of Asian residents, 1990 –1.214 0.297

% of college-educated residents, 1990 –0.262 0.769

% of renters, 1990 3.312a 27.444

Built environment

characteristics

Central city location (dummy) 0.977a 2.656

Transit neighborhood, 1990 (dummy) 0.032 1.033

Transit neighborhood, 1990–2000 (dummy) –0.008 0.993

Population density, 1990 –0.000c 1.000

Employment density, 1990 –0.000c 1.000

% of housing units built before 1950 3.136a 23.005

% of housing units built 1980–1990 (recent) 1.991b 7.326

% of residents commuting by car, 1990 –0.266 0.024

Constant –0.439 0.645

ap¼ 0.000.bp< 0.05.
cp< 0.10.

Notes: N¼ 386; % correctly predicted 77.7%; pseudo R-square¼ 0.342; v2¼ 0.000, –2 log likelihood¼ 361.015.
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While not discounting the work required to produce this typology or its usefulness, one
potential critique is that it identifies a relatively large number of “at-risk” neighborhoods (or
census tracts), 241 in total. Given limited resources for policy making, an important ques-
tion is how this prediction might be refined, particularly controlling for more recent activity
than available from the census. For this, we now turn to the second stage of the analysis to
use geo-tagged Twitter data to investigate how it helps distinguish neighborhood types and
identify areas where change is imminent.

Preparing Twitter data. We began our analysis with a dataset of geotagged tweets (54.5 million
in total) for the 13 counties of the San Francisco Bay Area megaregion sent between July
2012 and June 2015, collected by the DOLLY archive at the University of Kentucky. In
order to link this data to our gentrification typology, we followed five steps: determining
home and adjacent location, eliminating “power” users, identifying characteristics of the
home tract, and adding new control variables.

Identifying home and adjacent location. To determine the home location for users, we first
removed all users with less than 20 tweets in our dataset to ensure a sufficient number of
observations. The remaining 51.8 million geotagged tweets were sent by 183,715 users. For
these, we use a relatively simple filtering algorithm to determine the most likely home
location, or more specifically the location where users had a sustained presence. A home
location (defined as a census tract) needs to be the location of at least 10 tweets, sent on at
least seven different days and during eight or more different hours of the day. If multiple
locations satisfy, we use the location with the most tweets. With this method, we are able to
assign a home location for 102,338 users who sent a total of 47.65 million tweets within a
census tract location.3 This represents only 13.5% of all users, and 55.7% of those users who
sent more than 20 tweets during the study period. Although different values could be chosen
for the parameters used in the inference of the most likely home location, we opt for a
relatively conservative approach to prevent assigning users to a location that neither is their
home nor plays any role as a “base” location in their life. In this sense, we have designed this
procedure to prevent false positives (cf. Chen and Poorthuis, 2021 for a sensitivity analysis
and discussion of different home location algorithms).

Using nearest neighbor analysis in ArcGIS, we identify tracts adjacent to the home tract,
herein called “neighbor” tracts. From this we categorize all remaining tweets by user-type:
local, neighbor, or non-local (outsider). These categories of user-type, relative to the census
tract, are defined as follows:

• Local: User’s home location is within the census tract.
• Neighbor: User’s home location is adjacent to the census tract.
• Non-local (outsider): User’s home location is neither in nor adjacent to the census tract.

The neighbor category allows us to differentiate between local and non-local outsiders
and address boundary issues: for instance, tweets that emanate from opposite sides of the
street, from two different census tracts, might otherwise be categorized as home and out-
sider, but are both essentially local. Figure 2 illustrates the three tweet types in the City of
San Francisco, using only 1% sample of the tweets for visual clarity. The figure validates
our approach by suggesting a concentration of outsider tweets not only in the downtown
central business district, but along the city’s major arterials. We acknowledge the impreci-
sion of the “outsider” definition, i.e., outsiders are not necessarily indicative of gentrification
and could represent people going to work or visiting family and friends. Nevertheless, the
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value in its use is that it captures a dynamic that is absent from the residential census

(movement between places). Despite potential imperfections in this operationalization,

exploring what new insights may be gained is a worthwhile endeavor. Moreover, in our

regression models, we control for commercial land use in an attempt to account for the

possibility that this indicator is capturing work locations.

Eliminating power users. It is also important to control for extremely active users, or

power-users, so that the activity of a single Twitter account does not unduly shape the

results by tweeting repeatedly from the same location. To do this, we filter the data to

Figure 2. Geotagged tweets in the City of San Francisco, 2012–2015 (1% sample).
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include only one tweet per user per day per tract, which still gives frequent visitors relative
importance in the dataset, and leaves 14,585,347 tweets and 102,338 users in the dataset.4

Identifying characteristics of the home tract. Given our ultimate goal of understanding the
nature of visitors to gentrifying neighborhoods, we need to assign users demographic char-
acteristics. We do this by associating users (and their tweets) the characteristics, including
income, race/ethnicity, and education, of their home census tract according to the 2011–
2015 American Community Survey. Income is defined relative to the county median house-
hold income: over 120% and under 80% of county median qualified as high-income and
low-income respectively, and the remaining as middle-income. User with home tracts with
concentrations of racial/ethnic groups over the county median are characterized as domi-
nant Latinx, non-Hispanic Black, or Asian. Likewise, we define users as coming from
college-educated tracts if the percentage of college-educated residents in their home tract
is greater than the county median. Because of the potential ecological fallacy that results
from this approach, we use these socio-economic characteristics not in the models but in
exploratory descriptive statistics.

Other characteristics. To characterize the built environment where tweeting takes place,
we use variables measuring central city location (San Jose, San Francisco, or Oakland);
transit neighborhood (location in a census tract that intersects the one-half-mile radius of a
fixed rail transit station); percent of tract parcels in commercial land use (calculated using
county tax assessor data); employment density (calculated using the Longitudinal
Employer-Household Dynamics data); population density (calculated from the American
Community Survey); and housing age (calculated from the American Community Survey).
These variables proxy for the elements of centrality, accessibility, and architectural quality
described as driving gentrification in the literature, as well as the connection between com-
mercial uses, social media use, and neighborhood change (Gibbons et al., 2018b; Hristova et
al., 2016).

We begin the analysis by describing the characteristics of users (based on their home
tracts) tweeting in different neighborhoods and link this to our typology of gentrification
and displacement. Next, we examine how outsider tweets improve our gentrification pre-
diction model in Table 1. Then, we use ordinary least squares (OLS) regression to identify
the factors behind outsider tweets in a particular neighborhood, with a close look at how
neighborhood types predict visits from these outsiders. After establishing the relationship
between outsiders and neighborhoods undergoing gentrification, we conclude by using
tweeting patterns to help refine the identification of neighborhoods at risk for gentrification.

Analyzing tweeting by neighborhood and user type

To determine tweet patterns by neighborhood, we examine how tweeting by the three types
of users—local, neighbor, and outsider—varies across neighborhoods defined by socio-
economic and built environment characteristics. The average tract had 2,409 geotagged
tweets from local users, 810 tweets from users in neighboring tracts, and 3,292 tweets
from outsiders. In general, locals and neighbors tweet about the same amount regardless
of neighborhood type, although users from tracts with above-median shares of African-
American and Asian residents, as well as very high-income residents, are slightly more likely
to tweet from their local tract (Table S2 provides location quotients based on average tweets
by user type in each neighborhood type). Concentrations of outsider tweets occur across a
variety of neighborhood types including those lacking: households with children, very-high
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income households, and Latinx residents. Outsider tweets are also concentrated in tracts
with higher than median levels of older millennials (age 25–34), Asians, college-educated,
and very low-income residents. Tracts located in the central city or transit neighborhoods,
with a high share of commercial parcels, high employment and population densities, and
concentrations of both new and historic housing are also characterized by high location
quotients for outsider tweets.

There is also a correlation between outsider tweets and gentrification, with very high
concentrations in neighborhoods undergoing gentrification (LQ 1.81) or classified as
experiencing advanced gentrification (LQ 1.32). While gentrifying neighborhoods also
have high concentrations of local Twitter users, this is also observed in stable moderate
to high-income neighborhoods albeit without the same level of outsider activity.

Given the concentration of outsider tweeting in gentrifying neighborhoods, it is impor-
tant to understand where these outsiders are coming from. A disproportionate share comes
from people associated with neighborhoods that are also either undergoing gentrification or
in a state of advanced gentrification (Figure S1).

The distribution of outsider tweeting across the region is uneven not only in terms of
neighborhood types but also according to the home tract demographics associated with
users. Outside users from low-income tracts tweet disproportionately in the East Bay,
while users from middle-income tracts tweet in San Francisco and the South Bay (Figures
S2 and S3). Users from tracts with higher education levels tend to tweet in the urban core
and university campuses (Figures S4 and S5). Users from both African-American and
Latinx neighborhoods tend to tweet in the East Bay (Figures S6 and S7). More generally
speaking, neighborhoods with disproportionate outside tweeting tend either to be gentrify-
ing or visitor locations, such as Golden Gate Park, airports, or downtowns.

Another lens into tweeting patterns comes from the timing of tweets. In neighborhoods
with ongoing or advanced gentrification, there is a disproportionate share of outsiders
tweeting across all time periods (Figure S8).

Using outsider tweets to predict gentrification

In this section, we shift to multivariate analysis to better understand the relationship
between outsider tweeting and gentrification. The census data used to create the gentrifica-
tion typology (1990, 2000, and 2011–2015) mostly predates our Twitter dataset (2012–2015),
meaning that outsider tweeting may represent either a predictor of gentrification or an
outcome of gentrification. To account for this, we model gentrification as both a dependent
and an independent variable. More specifically, we examine associations with outsider
tweeting during visits. Finally, we expand our original model of factors predicting gentrifi-
cation over a 25-year period to include outsider tweets.

What, then, is associated with disproportionate tweeting from outsiders in a neighbor-
hood? Using the independent variables used earlier in creating location quotients (see Table
S2), we use OLS regression to predict the number of outsider tweets in each tract resulting in
an adjusted R2 of 0.28 and no issues of multi-collinearity or spatial autocorrelation (see
Table 2). The regression identifies a number of socio-economic and built environment
characteristics that predict outsider tweets. These include: a higher share of college-
educated and millennial (25–34 year old) residents; a lower share of households with chil-
dren predict outsider tweets; locations within the central city or a transit neighborhood; high
shares of commercial parcels and historic housing; and low densities both in terms of
employment and population. Most significantly for this project, neighborhoods categorized
as low-income in which ongoing gentrification is taking place were also a significant
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predictor of outsider tweets, in fact the only neighborhood type that was significant. This

suggests then that this type of neighborhood change is indeed distinct from others, including

ongoing displacement, where residents are moving out but often in a context of disinvest-

ment instead of gentrification.
Shifting to using outsider tweets as an independent variable, Table 3 revisits the regres-

sion presented in Table 1, with the inclusion of outsider tweets. The effect of outsider tweets

is significant, and its impact only trails that of share of renters and historic housing. Adding

the variable improves the model slightly, most notably for gentrifying tracts, predicting

79.8% of the cases (54% of the gentrified cases) rather than 77.7% (48% of the gentrified).
This association between visitors tweeting in a tract and gentrification suggests that

outsider tweets could contribute to an early warning system for gentrification. In the next

section, we explore what that could look like.

Identifying tracts at risk

The neighborhood change typology identified eight risk factors for gentrification and found

that, based upon current characteristics, some 241 census tracts were at risk for change over

the long-term. Using data on outsider tweets, we can identify which of these tracts are

already experiencing heightened activity from outsiders. Of the at-risk tracts, 108 are

Table 2. Predicting outsider tweets.

Type Variable B Beta t-stat

Twitter Total number of tweets, 2012–2015 0.000 0.094a 0.001

Socio-economic

characteristics

% of households with children, 2015 –0.183 –0.154a 0.000

% of residents aged 25–34 years, 2015 0.088 0.043 0.130

% of Latinx residents, 2015 –0.023 –0.027 0.492

% of African-American residents, 2015 –0.004 –0.008 0.745

% of Asian residents, 2015 0.005 0.035 0.150

% of college-educated residents, 2015 0.101 0.143a 3.544

Central city location (dummy) 0.024 0.074a 0.005

Transit neighborhood (dummy) 0.034 0.105a 0.000

Built environment

characteristics

% of parcels in commercial land use 0.717 0.319a 0.000

Employment density, 2014 –0.000 –0.079b 0.009

Population density, 2015 –0.000 –0.183a 0.000

% of housing units built before 1950 0.062 0.101a 0.001

% of housing units built after 2000 0.024 0.021 0.385

Neighborhood type Low-income at risk –0.007 –0.014 0.572

Low-income ongoing displacement 0.029 0.036 0.113

Low-income ongoing gentrification 0.032 0.064b 0.011

Advanced gentrification –0.006 –0.009 0.715

Moderate/high-income at risk for exclusion –0.013 –0.034 0.238

Moderate/high-income ongoing exclusion –0.007 –0.014 0.591

Constant 0.425a 19.693

Adj. R2 0.282

Significance 0.000

N 2138

ap¼ 0.000.
bp< 0.05.
cp< 0.10.
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currently experiencing an above-median share of outsider tweets. Figure 3 shows the number of

traditional risk factors associated with each tract, and adds cross-hatching to identify which are

also experiencing an above-median outsider Twitter activity. Although areas throughout the

region’s cities and suburbs are at risk, the areas with disproportionately high incidence of

outsider tweets tend to be either adjacent to gentrified areas (e.g., Oakland, San Leandro,

south San Francisco, Sacramento), tourist areas (e.g., Point Reyes), or college towns (e.g.,

Santa Cruz). Outsider tweets are also correlated with several of the same risks identified in the

neighborhood change typology, including low share of households with children, high share of

historic housing, central city location, and high share of renters (see Table S3). However, some

other risk factors are not correlated with this Twitter activity, most notably a hot real estate

market. This is consistent with the idea that outsider tweets may act as an early indicator of

gentrification activity, before real estate activity has increased significantly.
In an effort to develop a more refined understanding of gentrification risk and its asso-

ciation with outsider tweets, we compare the characteristics of neighborhoods at risk to

already gentrifying neighborhoods. If low-income at-risk tracts share similar attributes with

gentrifying areas (including the disproportionate presence of outsider tweets), they might be

particularly susceptible. We explore this by conducting difference of proportions tests to

examine the differences in a set of characteristics in at risk and gentrifying neighborhoods

with below or above median share of outsider tweets. Tracts with ongoing gentrification

share certain demographic characteristics (high shares of college-educated residents and 25–

34 year-olds, low shares of Latinx residents), as well as certain built environment character-

istics (walkability, transit accessibility, commercial land use, and density) (Table S4).

Outside Twitter users coming to these neighborhoods come disproportionately from high-

educated, high-income, and non-Latinx neighborhoods.

Table 3. Factors predicting ongoing gentrification 1990–2015, including outsider tweets.

Type Variable Coefficient Odds ratio

Socio-economic

characteristics

Household income, 1990 –0.000a 1.000

Household income, 1990, squared 0.000a 1.000

% of households with children, 1990 –4.928b 0.007

% of Latinx residents, 1990 1.749 5.751

% of African-American residents, 1990 1.851 6.366

% of Asian residents, 1990 –1.057 0.348

% of college-educated residents, 1990 0.590 1.804

% of renters, 1990 3.209a 24.748

Built environment

characteristics

Central city location (dummy) 0.852b 2.345

Transit neighborhood, 1990 (dummy) –0.064 0.938

Transit neighborhood, 1990–2000 (dummy) –0.127 0.881

Population density, 1990 –0.000 1.000

Employment density, 1990 –0.000c 1.000

% of housing units built before 1950 3.166a 23.719

% of housing units built 1980–1990 (recent) 1.996b 7.358

% of residents commuting by car, 1990 0.631 1.880

% of tweets from outsiders 3.010a 20.295

Constant –3.301 0.370

ap¼ 0.000.
bp< 0.05.
cp< 0.10.

Notes: N¼ 386; % correctly predicted 79.8%; pseudo R-square¼ 0.364; v2¼ 0.000; –2 log likelihood¼ 352.972.
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Using this information, we might further refine our subset of 108 low-income neighbor-
hoods at risk. For example, commercial neighborhoods near transit with a concentration of
25–34 year-olds within this group of 108 include Broadway Auto Row in Oakland and
downtown Redwood City. Other neighborhoods that are highlighted via this exercise
include Portola in San Francisco (a walkable, dense neighborhood with a relative low
share of Latinx residents) and El Sobrante in Contra Costa County, a diverse community
with low levels of college education and housing appreciation. Other neighborhoods like
Bolinas (Marin County) are surprises given their existing concentrations of high-income,
high-educated, non-Latinx users living alongside long-term low-income residents, but do
experience high levels of tourism that could put oldtimers at risk.

Conclusion and policy implications

Neighborhood change leads to windfall profits for some and displacement for others.
Stakeholders from real estate speculators to policy makers seek the ability to predict how
change will transpire. This research first analyzes the performance of conventional methods
of analyzing potential risk of gentrification, and then shows how Twitter data can not only
improve prediction but also help pinpoint areas at risk even when real estate activity has not
yet accelerated. This study augments previous studies pioneering blended approaches (such as
Gibbons et al., 2018b and Hristova et al., 2016) in several ways: identifying home locations of
Twitter users, examining the socio-economic characteristics of visitors to gentrifying areas,

Figure 3. Tracts at risk for gentrification by risk factor and outsider tweets.
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blending Twitter data with a typology of neighborhood change, controlling for commercial

land use, and adopting a study area that encompasses an entire, diverse megaregion.
The findings suggest that social media data, blended with census data, can serve as an

early warning indicator that processes of change are underway. When outsiders tweet in a

neighborhood, it is more likely to be undergoing gentrification, controlling for other factors

such as commercial land use. The presence of tweets from outsiders in a low-income neigh-

borhood that has not yet gentrified may suggest that the area is about to undergo change.

Certain types of areas may be more susceptible, such as higher-density, more walkable

commercial neighborhoods near transit. Tweets that are disproportionately from people

who live in higher-income, higher-educated, less ethnically diverse neighborhoods may be

an indication of change to come.
This study has certain limitations that future research can hopefully address. First,

because we only had three years of geotagged tweets, we were not able to use this data to

look at change over time, instead linking it to census data from different timeframes. Future

studies should attempt to link time periods more precisely. Second, ascribing home neigh-

borhood demographic characteristics to Twitter users is an imperfect proxy given the diver-

sity of neighborhood residents; still, to the extent that it is possible to identify user

demographics more precisely, this could be a fertile area for further research. Third, these

findings rely on just one form of social media data, Twitter; yet other forms with growing

popularity, such as Instagram, may prove to be even more powerful in predicting neigh-

borhood change. Fourth, areas undergoing (or about to undergo) gentrification are likely

experiencing population turnover generally, so qualitative research might help to reveal

exactly what mobility data are capturing. Finally, aggregating Twitter data into districts

creates statistical bias in the form of the modifiable areal unit problem, which methods such

as applying a hexagonal grid can reduce (Openshaw, 1983).
Nonetheless, our findings have important implications for policymakers seeking to mit-

igate the negative impacts of gentrification, which can uproot longstanding communities.

Models that try to predict gentrification often result in false positives, and incorporating

new data sources should help produce more accurate predictions. Previous studies focus

primarily on dense urban gentrifying areas, while our results encompass both rural and

urban areas, which make them relevant across different jurisdictions. A better understand-

ing of where change is about to occur will help policymakers implement and target policies

that preserve housing affordability and protect tenants more effectively. Of course, private

sector real estate interests are actively using big data to do the same (Stewart, 2019), but

tools like these can empower the public sector to keep pace.
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Notes

1. Notably, other gentrification researchers have augmented Census data with data from other sour-

ces—such changes to the built environment (Wyly and Hammel, 1998) and mortgage borrowing

(Wyly and Hammel, 1999).
2. Household income, income squared, and renter are also significant, but are measured in the depen-

dent variable and thus endogenous, so we do not consider them risk factors.
3. Of the 2250 total census tracts, only 314 slightly underrepresented tweets with home location (less

than 0.03% missing) relative to all tweets. Thus, the tracts with home location are a good overall

representation of the population of geotagged tweets. To eliminate noise from tourists, we dropped

all tweets with a home tract outside the megaregion.
4. Another approach might have been to weight the users by number of tweets. We instead limited to

one tweet per user per day in order to account for repeat visits. In other words, we are not just

interested in measuring the diversity of users, but whether users visited repeatedly.
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