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Guest Editor’s Introduction

Novel Uses of Administrative
Data for Policymaking

Amy O’Hara
Georgetown University

Support for this project was provided by the Robert Wood Johnson Foundation. The views expressed here do
not necessarily reflect the views of the Foundation.

From property tax filings and building permits to home sales and rental listings, masses of data are
collected by governments and commercial organizations every day that could inform local housing
solutions. By analyzing administrative data and using them to develop place-based indicators—
which measure impact within a city, rural community, neighborhood, or even ZIP Code area—
communities can fill knowledge gaps and surface new findings to guide housing policy and
program design.

This Cityscape symposium highlights innovative approaches to using administrative data in local
housing policy and program design. These articles trace the causes and consequences of actions by
individuals—including property owners and residents—on disinvestment in certain communities,
the disappearance of housing units of a certain size, and other changes in housing stock availability.
Changes in federal assistance, such as the use of vouchers and tax credits, are also captured in this
issue. Case studies reveal how local communities reuse administrative data to guide housing policy
decisions. Across the board, these articles shed new light on how housing, health, education, safety,
and natural disasters are interrelated.

The articles in this issue are grouped into the themes defined in the following headings.

Linkages with Policy Impact

These articles link various administrative datasets to generate new findings with policy impacts.
Coulton et al. link various Cuyahoga County, Ohio, and Cleveland, its county seat, data sources
to profile the rental market relative to the risk of lead exposure and to assess landlord capability
of meeting lead safety standards. Demonstrating the utility of Department of Housing and
Urban Development (HUD) administrative data, Shcheglovitova and Lee link Federal Emergency
Management Agency (FEMA) data to HUD rental assistance and Kansas City, Missouri, parcel

Cityscape: A Journal of Policy Development and Research © Volume 26, Number 1 © 2024 Cityscape
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data to assess flood risk. Garrison et al. link the National Center for Health Statistics (NCHS)
with HUD data on assisted renters to examine housing as a social determinant of health. Curtis,
Paulsen, and Shager describe how linkages across multiple Wisconsin state-level data increase
the availability of quality data in the state. Ghorbani et al. create a Neighborhood Resource Index
based on publicly available data to examine the needs for and placement of affordable housing
units in New York State. These articles show how administrative data can reveal housing insights
to better serve communities.

Ownership and Displacement

This section explores the impacts that displacement and disinvestment have on housing markets.
Duda, Smith, and Jiao use Chicago parcel-level data to examine the loss of two- to four-unit
buildings across the city, and Greenberg et al. link data on mortgage transactions, sales prices,
housing maintenance violations, and marshals’ evictions with affordable housing investments to
analyze to measure how speculative finance affects communities and quality of life across New
York City.

Evictions

This section centers on the factors that influence eviction outcomes for tenants. Griswold et al. use
eviction records to examine the relationship between crime-free housing policies and evictions in
four California cities. Thomas et al. describe a method that uses natural language processing to
mine court record images to digitize eviction case records and a process to geocode addresses in a
case study using Washington State data so they can answer questions about the characteristics of
renters and units in eviction cases. Ellen, Lochhead, and O'Regan explore evictions in New York
State subsidized housing using city, state, and federal administrative data sources.

Developing and Improving Datasets

Improving existing datasets through automation, analytical modeling, and machine learning can
prepare new data resources that spur research across the country. Zhu, Neal, and Young analyze
racial equity aspects of automated valuation models, offering a method to audit their performance
based on neighborhood demographics. Deitz et al. demonstrate a method of placing subsidized
housing units into tax parcels using New Jersey data to reduce overcounting subsidized units and
improve knowledge about subsidy depth and duration. Torres clusters Florida property owners
using tax parcel and business registry data in a graph data structure to examine spatial ownership
patterns of single-family housing.

These articles will encourage greater awareness and use of administrative data for research and
development of place-based indicators. Please share more administrative data linkage successes and
challenges by emailing amyohara@georgetown edu.
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Using Linked Administrative Data
to Profile a City’s Rental Stock and
Landlords and Guide a Lead-Safe
Housing Initiative

Claudia Coulton

Michael Henderson

Francisca Garcia-Cobian Richter
Jeesoo Jeon

April Urban

Michael Schramm

Robert L. Fischer

Case Western Reserve University

Abstract

By the time they enter kindergarten, an estimated 25 percent of Cleveland, Ohio, children have at least
one test showing an elevated blood lead level, and to address this high rate of lead exposure at its source,
the city committed to a lead-safe housing strategy. Most families with young children rent homes in

the private rental market, making these properties and their owners key elements in moving forward
on a lead-safe agenda. This article describes how parcel data, property tax rolls, deed and foreclosure
records, housing code violations, rental registry information, building permits, evictions, and Housing
Choice Voucher program records were used to evaluate lead risk in the rental housing stock and develop
a typology of landlords. Deterministic and probabilistic methods were used to link the property data
sources, resulting in the identification of 103,386 rental units, 54,786 rental properties, and 36,659
landlords for the analysis. More than one-third of the rental properties wete found to be at high risk

of failing to meet lead safety standards. A latent class analysis uncovered three classes of landlords,
characterized as having different capabilities to comply with the lead safety ordinance. Small, under-
resourced landlords who would likely require the highest level of support from the lead safety coalition
owned approximately 25 percent of the rental properties. This study guided the lead-safe Cleveland
strategy and is being updated to evaluate progress toward reducing lead hazards in rental housing.

Cityscape: A Journal of Policy Development and Research © Volume 26, Number 1 © 2024 Cityscape 9
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Introduction

Prevention of lead exposure in young children requires action at the intersection of the health,
housing, and regulatory systems. In older cities, much of the affordable housing stock carries

a significant risk of lead exposure due to its age, deferred maintenance, and low market value
(Shaw, 2004). Moreover, less than one-fourth of low-income families nationally live in public or
subsidized housing units (Kingsley, 2017), but families with young children seeking housing in the
low-cost private rental market face limited choices and leverage when it comes to their selection
of housing units, and many families have difficulty finding affordable rental housing. African-
American children are disproportionately exposed to lead in their homes, in large part due to
historical patterns of redlining and discriminatory housing policy (Rothstein, 2017; Sampson and
Winter, 2016). Prolonged disinvestment and lack of maintenance in the affordable housing stock
are key factors contributing to persistent racial and socioeconomic disparities in lead exposure
among young children.

The challenges of bringing privately owned rental housing up to health and safety standards are
considerable. In older industrial cities, small buildings owned by individual rather than corporate
landlords tend to dominate the affordable rental market. Families with children often seek out

this individually owned segment of the rental market due to the preponderance of single- and
two-family structures. Although little is known about the rental inventory and business practices
of small landlords, several studies attest to the significant size of this sector and to its continued
growth (Messamore, 2023). Other research suggests that personal perceptions and social networks
often uniquely influence small landlords in the choices they make with respect to their properties
and tenants (Garboden and Newman, 2012; Gomory, 2022; Greif, 2018; Shiffer-Sebba, 2020).

Bringing rental housing up to lead-safe standards was an important objective when leaders in
Cleveland, Ohio, established a comprehensive approach to protecting children from lead exposure
in their homes (City of Cleveland, 2019; Lead Safe Cleveland Coalition, 2023). Longitudinal
research demonstrated the costly long-term effects of lead exposure on Cleveland children in the
form of substantially higher involvement in public systems and lower educational attainment

later in life compared with their peers (Coulton et al., 2023). Studies elsewhere confirmed that
lead dust in the residential environment was the primary source of elevated blood lead levels in
children, and the risk of exposure was greatest in low-quality rental housing (Lanphear, Hornung,
and Ho, 2005). Lead exposure rates among children in Cleveland have been high for many years,
and those rates were highest in neighborhoods where housing has been vacant or subject to
disinvestment (Fischer, Steh, and Chan, 2018). However, little systematic information existed
about the inventory and segmentation of the local rental market or the business models of the
landlords in this space. Because these properties and their owners were key elements for achieving
the goal of lead-safe housing in Cleveland, information on this sector was essential to guide the
strategies for bringing rental housing up to lead-safe standards and ultimately eliminating the risk
of lead exposure in children.

This article describes how multiple administrative data sources were organized, cleaned, and
linked to characterize two units of analysis: Cleveland rental properties built before 1978 and their
landlords. It reports on the resulting inventory and segmentation of the local rental market and the
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business models of the landlords in this space and demonstrates that, when such local data sources
are combined, they have the potential to inform cross-sector initiatives, such as the one undertaken
in Cleveland, to achieve lead safety for children. Drawing on these findings, this article discusses
the value of such information and the strengths and limitations of such data and methods.

Methods

Prior to implementing the lead-safe housing initiative in Cleveland, it was important to gain a
comprehensive understanding of rental housing and the ownership patterns of rental units. Such
information was essential to establishing realistic plans for implementation, including estimating
the resources needed for inspections and repairs and establishing processes for engaging landlords
and community partners in the program. However, the data that were needed to profile rental
properties and landlords along the many dimensions relevant to lead safety were not available from
any one source. Instead, the data were spread across several agencies, each with its own record
systems supporting its own administrative responsibilities.

Study Area

This article focuses on rental housing in the city of Cleveland, the principal city within Cuyahoga
County, Ohio. Cleveland has a strong cultural and industrial history, and like similar metropolitan
areas, deindustrialization and population loss have taken a toll. Embedded within a large
metropolitan area on Lake Erie, it occupies 77 square miles of land area. The population estimate
for Cleveland in 2021 was 368,006, down from a peak population in 1950 of 914,808. The
relative age of Cleveland’s housing stock and the limited income of residents are contributors to
the prevalence of lead risk in the rental housing stock. In 2021, the poverty rate in Cleveland was
estimated at 29.3 percent, and the median household income was $35,562 (U.S. Census Bureau,
2021a). Much of the housing stock predates the 1978 laws prohibiting lead-based paint, with
59.1 percent of units built before 1950 and 88.8 percent built before 1980, according to the 2021
American Community Survey (U.S. Census Bureau, 2021b). Rental housing predominates in the
city, with 60.9 percent of occupied units being rentals.

Data Sources and Preparation

This study focuses on privately owned rental housing in Cleveland that, by being built before

1978 when lead paint was outlawed, presents a potential risk for lead exposure. It also looks

at the owners of rental properties in Cleveland to determine the locations and characteristics

of their holdings. This article presents two units of analysis. First, it focuses on the universe of
properties known or suspected to be active in the Cleveland rental market in 2018. The process for
identifying rental properties relied on clues found in administrative records and is discussed in the
following sections. After identifying these rental properties in Cleveland, this article turns to their
owners as a second unit of analysis.

This research uses a variety of public records to identify the Cleveland rental properties and
describe their physical and market conditions. To optimize the coverage and accuracy of this
research, the research team undertook an elaborate process of acquiring public records, learning

Cityscape 11
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about their content, linking them together by property and owner identifiers, and evaluating data
quality. Some records came from Cleveland municipal agencies, and others came from the county
government or specialized district agencies. For example, the team relied on rental registration
records from the City of Cleveland and property characteristics data from the Cuyahoga County
Fiscal Office to identify the full universe of rental properties in Cleveland.

The main data source was the Cuyahoga County Fiscal Office Master Annual Property File, which
includes detailed information about every parcel in Cleveland, including property characteristics,
conditions, values, ownership, foreclosures, and tax delinquency. In addition, the Cleveland
Department of Building and Housing supplied rental registration and code violation information,
the Cuyahoga Metropolitan Housing Authority supplied Housing Choice Voucher (HCV) program
data, the U.S. Postal Service supplied Postal Vacancy records, the Cuyahoga County Land Bank
supplied records on demolition used to refine the rental universe, and the Cleveland Housing
Court supplied eviction filings data. The following sections discuss the integration of these varied
pieces of information to create two files that contain the variables needed for the analysis. Exhibit
1 provides a visual representation of the processes for reshaping this integrated dataset into two
analysis datasets: one organized at the property level for investigating the rental market and the
other organized at the landlord level to analyze ownership patterns.

Exhibit 1

Steps in Building Rental Property and Linked Landlord Data Sets

Defining the universe of rental parcels in Cleveland  Identifying the universe of landlords and their ownership patterns

Universe of All Parcels in Basic cleaning/standardization of owner names for An unknown number
Cleveland, OH (n = 184,760) properties in rental universe of the unique name
44,839 unique name strings strings refer to the
¢ 383,336 tax mailing addresses same person/entity

Residential Universe (n = 109,638 parcels)

* Parcels meeting these criteria:
¢ Residential land use OR on Cleveland

IRl iy * Calculate string distance metrics to compare each
* Structure built before 1978 unique name-address pair in rental universe, e.g.,
(a) “JONATHAN SMITH” “21 MAIN ST” vs. (b) “JON
. SMITH” “21 MAIN ST”
Rental Universe (n = 54,786 parcels) Retain pairs with minimum similarity

e Parcels meeting these criteria: 1
¢ On Cleveland’s Rental Registry OR
¢ Multi-unit property OR

)

Generate pool of name-address pairs possibly referring
to the same landlord

Create variables for comparing name-address pairs, e.g.,
* Number of words appearing in both name strings

* Single-family home not claiming ¢ Reorder words in name alphabetically and recalculate ¢ Repeat, applying
Cuyahoga County property tax string distance metrics anew rule each
deduction for owner-occupants 7 time, until all

* 103,386 Rental Housing Units : : name-address

4 9 Sort pool of potential Spot check to define a pairs have been
matches by comparison coding rule that classified

variables (e.g., by number consistently classifies e Then, assign a

of shared words and name name-address pairs as unique ID to

. string distance) referring to the same owner

Rental Property File: 54,786 Parcels - ﬁz‘;:e?;z:‘:e‘;fs
N/ pairs classified

as sharing a

Remove name-address pairs
classified by the rule from the
pool of potential matches

common owner

Landlord File: 36,659 Unique Landlords
Sources: Cuyahoga County Fiscal Office; City of Cleveland Department of Building and Housing
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Rental Property File

The research team began by building a file that included every residential parcel in the city of
Cleveland during the 3-year period from 2016 to 2018. The team standardized the addresses
associated with the parcels so they could be linked to other data sources based on the address and
geocoded for mapping or other geographic linkages. For each parcel, the team imported owner
names, tax mailing addresses, owner occupancy tax credit status, property characteristics, assessed
market values, recent sales prices, foreclosure and tax histories, housing code violations, building
permits, building condition ratings, rental registry dates (if any), postal vacancy spells, eviction
filings, and whether HCVs had been used. Because most of this information was time-dependent,
the team specified whether the record referred to a particular time point or reflected an event
occurring within a given period (for example, a code violation in the previous 3 years).

To identify properties that were likely to be rentals, the team used multiple criteria. A residential
property was considered for inclusion in the rental universe if (1) it was in the City of Cleveland’s
rental registry in 2018, (2) the property owner did not claim the owner occupancy tax credit in
2018, or (3) property records indicated that the parcel contained more than one housing unit.

The exception to this rule was that if the owner of a two- or three-unit property claimed an owner
occupancy tax credit, it was assumed that the property owner occupied one of the units. From this
pool of potential rentals, the team then excluded properties for the following disqualifying reasons:
a demolition in 2018, Cuyahoga Land Bank ownership, state forfeiture, or long-term vacancy
reported in postal records. The team further restricted the file to properties built before 1978 (the
year lead paint was outlawed) and excluded public housing authority-owned properties, arriving at
a final rental universe of 54,786 properties corresponding to 103,386 rental units.

Landlord File

The focus here was on creating a database with information on the private owners of rental
properties. Creating such a database is not a straightforward process, given that local administrative
data sources with relevant information about landlords are typically organized around parcels

or addresses rather than landlords. Creating a database of landlords necessitated reshaping the
parcel-level property file into a landlord-level file consisting of a single record for every unique
landlord in Cleveland, with information about the numbers, locations, and characteristics of their
properties. The two pieces of information available for constructing the landlord-level database
were the names and tax mailing addresses for the owners of all likely rental properties recorded in
the Cuyahoga County Fiscal Office tax billing file. Before carrying out this process, it was necessary
to clean and standardize the names and addresses.>

Once cleaned, the research team undertook a multistep process to uncover the patterns of property
ownership, even if the owner names varied somewhat. The first step in the process was to compare

! Although Cleveland had a rental registry in 2018, many landlords did not register. Thus, this analysis used additional
indicators to identify rental properties.

* Examples of the cleaning and standardization procedures include making all text uppercase, removing inconsistently used
words (for example, street suffixes, which may be spelled out as “STREET,” abbreviated as “ST,” or absent) and punctuations
(for example, removing the period in “JR.”), and applying consistent naming conventions (for example, changing “WEST
25TH” to “W 25” or “TRS” to “TRUSTEES”).
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the owner’s name and tax mailing address of every parcel in the rental universe with the names and
addresses of every other rental parcel. The team used string distance metrics from the R package
stringdist to flag cases with at least a superficial similarity between the comparison of owner names
or addresses of the two parcels, generating an initial pool of potentially matching parcel pairs to
investigate more closely to determine common ownership (van der Loo, 2014).

The team then created many additional helper variables to better assess the degree and nature of the
similarities between each pair of owners. Some examples of these helper variables include the number
of words appearing in both owner names, the uniqueness of any shared words, the number of initials
in common, the string distance between each name after removing any small one- to two-character
words from the name strings, and the string distance after first sorting the words in each name string
alphabetically (for example, “SMITH, JOHN JR” would be alphabetized as “JOHN JR SMITH").

An iterative process to classify each pair of parcels as a match (that is, owned by the same person or
entity) or a nonmatch followed this step. First, the team sorted the pool of potential matches by one
or more helper variables and then examined the names and addresses at the top and bottom of the
sorted data. If the researchers found the pairs of owner names at either end of the sorted data to be
consistently matching or nonmatching, they continued to scan up or down until arriving at a point
where the pattern broke down, and matches, nonmatches, and unclear cases began intermixing.

At this breakpoint, the team used the values of the helper variables on which the data were sorted
to define a new condition in the code for classifying pairs of owners as matches or nonmatches.
The researchers completed each iteration by filtering the pool of potential matches by the new
condition, leaving behind only the still-unclassified pairs of parcels. They then began a new
iteration on the remaining cases, sorting on a new combination of helper variables and repeating
the process until all pairs of parcels were classified. After classifying the entire pool of potential
matches, the researchers retained the pairs of parcels determined to share a common owner and
attached an owner identification to all their properties.

This process allowed the research team to compute variables reflecting landlord characteristics

by grouping all an individual’s properties and using the information available in the property file
described previously. Owners were classified as “persons” if their property deeds contained names
of individuals or as “corporate” if their deeds had company or organizational names. They were
also classified as being in the local area (defined as Cuyahoga County) or out of town. Similarly,
for each landlord, the team computed the number and types of properties and units owned, the
average condition ratings and market values of their properties, markers of financial vulnerability
(for example, tax delinquencies and foreclosure sales), and participation in the rental registry or
HCV program.

These steps resulted in a landlord data file comprising a deduplicated list of 36,659 owners along
with summary measures reflecting their rental properties in 2018. However, it is important to note
that the research team probably missed some duplicates. If an individual owned properties under
the names of several limited liability companies (LLCs) or used various unrelated owner names
and addresses, the team’s deduplication algorithms may have missed these matches. However,
investigating interlocking ownership of businesses or personal relationships not evident in the
titling of the property was beyond the scope of this study.
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Data Analysis

Data analysis proceeded in two phases. First, the research team explored the characteristics of
rental properties and landlords through descriptive statistics, focusing on characteristics that had
implications for designing the lead-safe strategy for Cleveland. These characteristics included
markers of distressed housing conditions, low property values, limited landlord capacity and
connectedness to systems, and business structure. Counts and percentages were reported for the
city as a whole and broken down by neighborhood to facilitate planning.

Second, the team employed latent class analysis (LCA) using the data science software Stata to
identify classes of landlords based on the characteristics of their rental properties and the size of
their portfolios (Stata Press, 2023). LCA is a statistical technique that classifies cases into a specified
number of groups or types such that the similarities within types and differences between types

are maximized. It should be noted that not all landlords within a classification group will be
identical, nor will all the groups differ on every condition. LCA instead finds the distinctions that
best account for the patterns in the descriptive information, which are then used to interpret the
meaning of the typology.

Results

The analyses presented in this section focus on three domains: the rental property file of privately
owned properties built before 1978 (n = 54,786), the rental units within these properties (n =
103,386), and the unique individuals or companies that owned these rental properties (n = 36,659).

Description of the Rental Universe

This descriptive analysis reports on selected characteristics of rental properties expected to inform
the implementation of lead-safe strategies in Cleveland. The analysis first focuses on building

type, because detached units would require a different remediation strategy than large apartment
buildings. During the study period (2018), single-family structures were prevalent in the rental
universe, accounting for 42 percent of all rental units. Another 24 percent of rental units were two-
family homes, 21 percent were small buildings (3-20 units), and 12 percent were large buildings
(more than 20 units).

Second, many of the Cleveland rental properties showed signs of being distressed due to physical
and market conditions. Such properties would likely require costly repairs but have little equity
to support financing. As exhibit 2 shows, properties rated as being in bad condition made up 38
percent of the rental property universe, and approximately 8 percent of properties had an open
housing code violation. Also, market conditions were unfavorable for many rental properties—
roughly one-fourth had a very low assessed market value, defined as less than $25,000 for single
and double homes and less than $10,000 per unit for three- or more unit buildings. Furthermore,
17 percent of rental properties were tax-delinquent by at least $500 in 2018, a possible indication
of disinvestment.
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Exhibit 2

I
Selected Characteristics of Pre-1978 Rental Properties in Cleveland, 2018 (n = 54,786)

Code violations in 3 years | 8%
Bad housing condition I 38%

Tax delinquency ($500+) N 17%
Very low market value I 25%

On rental registry in 2018 I N 30%
Housing choice voucher use in 3 years [l 6%

Current ownership less than 3 years e 30%
Owner has Cleveland tax mailing address I s e 62 %
Corporate owner I 23%

0% 10% 20% 30% 40% 50% 60% 70%

Source: Property file built from multiple administrative data sources as described in exhibit 1

Third, during the study period, relatively few rental properties in Cleveland were connected to
government housing programs. As exhibit 2 shows, only 30 percent were included in the rental
registry, and 6 percent were taking HCVs. The owners and tenants of the disconnected properties,
which make up most of Cleveland rental properties, may have little familiarity with local agencies
and regulations, which may make it more challenging to engage them in complying with lead
safety inspections and other requirements.

Finally, the location and stability of rental property ownership suggested the need for more than

one engagement strategy. As exhibit 2 shows, rental properties turned over with some degree of
frequency, with 30 percent having changed ownership within 3 years. However, most properties had
the same owner for a longer period. Moreover, entities with addresses in Cleveland or Cuyahoga
County suburbs owned 62 percent of rental properties, making personal contact related to lead-safe
interventions possible. Most of the remaining owners had addresses outside Cuyahoga County but
within Ohio, requiring other forms of contact. Corporate entities (that is, LLCs, limited partnerships,
and other organizations or businesses) owned 23 percent of Cleveland rental properties, and 77
percent were titled in the name of individuals, suggesting the need for differentiated approaches to
communicate with these individual owners not incorporated as businesses.

Selected Characteristics of Landlords

This section presents another way of looking at the Cleveland rental landscape by focusing on

the property owners (exhibit 3). Most landlords owned only a single property in Cleveland, with
only 18 percent owning two or more. It should be noted that, because the research team focused
specifically on rental properties in Cleveland, landlord ownership of any rental properties outside
the city is unknown and beyond the scope of this study. Most owners of Cleveland rental properties
had a presence in the city or the surrounding Cuyahoga County area based on the location of their
tax mailing address. Corporate entities accounted for 14 percent of these owners, and the other 86
percent of owners were classified as persons. A notable portion of landlords owned properties that
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had markers of distress or disinvestment, including having at least one property that was in bad
condition (43 percent), had very low assessed market value (29 percent), or was tax-delinquent
(20 percent). Only a minority of owners had properties in the rental registry (27 percent) or rented
to households with HCVs (7 percent).

Exhibit 3

I
Selected Characteristics of Study Landlords in 2018 (n = 36,659)

Owns more than one property
Out-of-county owner
Corporate owner

At least 1 very low-value property
At least 1 property in bad condition
At least 1 tax-delinquent property ($500+)

At least 1 property on rental registry
Accepted HCV in at least 1 property in 3 years

0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

HCV = housing choice voucher.
Source: Landlord file built from multiple administrative data sources as described in exhibit 1

To segment the landlord population in a way that could inform local strategy, the research team
undertook an LCA of landlord characteristics using Stata’s gsem command, latent class function,
specifying three possible classes based on landlord characteristics (Stata Press, 2023). The
number of landlord-held properties entered the model as an ordinal variable with an ordered logit
specification. Other variables related to corporate status, share of properties in bad condition, of
low value, and with violations and tax delinquency entered the model with a logit specification.
Model fit indices—Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) —
favored the three-class model (AIC: 263,752; BIC: 263,999) over two-class (AIC: 267,588; BIC:
267,750) or one-class models (AIC: 283,142; BIC: 283,219). Estimates for a four-class model did
not converge.

The results of the LCA suggest that landlords can be divided into three classes (exhibits 4 and 5).
Class 1 comprised 60 percent of landlords. However, these landlords accounted for only 44 percent
of the properties and 45 percent of the rental units. Nearly all Class I landlords (92 percent) owned
only a single property in Cleveland, and slightly more than one-half of their properties were single-
family homes. Their properties were generally rated as being in above-average or good condition,
with few code violations or instances of tax delinquency. Their properties were seldom classified as
being of very low value. Only 24 percent of these landlords were in the rental registry, and very few
had tenants with HCV.
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Exhibit 4
I
Landlord Latent Classes: Prevalence and Counts of Properties and Units
Class 1 Class 2 Class 3 Total
n % n % n % n %
Landlords 21,788 60 11,083 30 3,788 10 36,659 100
Properties 24,328 44 12,197 22 18,261 33 54,786 100
Units 46,902 45 25,705 25 30,779 30 103,386 100

Note: Unique landlords used for latent class analysis, and they might have multiple properties and units.
Source: Landlord file built from multiple administrative data sources as described in exhibit 1

Exhibit 5
I
Descriptive Characteristics of Landlords by Latent Classes (%)
Class 1 Class 2 Class 3
(n =21,788) (n = 11,083) (n = 3,788)

At least one property: % % %
in bad condition 7 96 93
with very low market value 8 58 66
with code violations in 3 years 5 13 34
with delinquent tax balance > $500 9 37 34
on rental registry 24 19 70
that accepted HCVs in 3 years 5 4 26

Number of properties owned % % %
1 92 91 0
2 6 7 34
3or4 2 1 35
5 or more 0 0 30

All properties owned 3 years or less 27 23 22

Owns only single-family homes 54 26 25

Owner based outside Cuyahoga County 13 11 20

Corporate owner 12 11 36

HCVs = housing choice vouchers.
Source: Landlord file built from multiple administrative data sources as described in exhibit 1

Class 2 accounted for 30 percent of landlords, controlling 22 percent of the rental properties and
25 percent of the rental units. Nearly all (92 percent) had only one property in Cleveland. They
tended to own fewer single-family homes than Class I landlords and, instead, owned mostly two-
family homes or buildings with three to four units. Nearly all the properties of Class 2 landlords
were in bad condition, more than one-half had very low market values, and more than one-third
were tax-delinquent. Few corporate owners were in this class, and owner participation in the rental
registry or HCV program was low.

Class 3 landlords comprised 10 percent of rental property owners but represented 33 percent of the
rental properties and 30 percent of the rental units in Cleveland. These landlords were more likely
to be corporate owners compared with the other classes and tended to own numerous properties
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and included larger buildings in their portfolios. Most of these landlords (93 percent) had at least
one property rated as being in bad condition, and 34 percent had at least one property with code
violations or tax delinquency. The owners in this class were the most likely to include corporate
entities and be based outside the county. Compared with the other classes, they had high levels of
participation in the rental registry (70 percent) and HCV program (26 percent).

A Neighborhood Perspective

Thus far, the focus of this analysis has been on properties and landlords in the entire Cleveland
rental market. However, as the lead-safe initiative is being rolled out geographically, it was
strategically important to anticipate how the rental property conditions and mix of landlords
differed by neighborhood. To illustrate this neighborhood variation, the exhibit 6 map shows

the concentration of Class 2 landlords (black dots) as revealed through LCA compared with the
concentration of distressed rental properties (density curves) and other properties. These types of
properties and landlords are likely to require more attention and assistance to achieve compliance
with the lead-safe ordinance. Thus, the areas with the highest concentrations of points and at the
center of the density curves are areas that will require additional resources and effort to bring the
rental housing up to lead-safe standards. The concentration of high need overlaps considerably with
areas that were historically redlined and hard hit by subprime lending and foreclosure during the
previous decade (Perzynski et al., 2022). This pattern points to the ongoing effect of systemic racism
in the housing market and its pernicious ongoing effects on the health of African-American children.

Exhibit 6

I
Spatial Concentration of Selected Property and Landlords Characteristics

Notes: Density curves are rental properties in bad condition or less than $25,000 assessed market value, or both. Points are Class 2 landlord-owned properties.
Source: Landlord file and property file built from multiple administrative data sources as described in exhibit 1
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Discussion

The three classes of landlords identified in this study are likely to respond differently to the
requirements of Cleveland’s lead-safe ordinance or need customized resources to assist them

in coming into compliance. Access to capital, likely return on investment in repairs, scale of
operation, and managerial capacity are relevant variations among the landlord types that can
inform the planning for lead-safe implementation. For example, Class 2 landlords face particular
challenges because most of their properties are in poor condition and need repair, but low market
values limit access to conventional home improvement loans. Also, as small owners, they are
unlikely to be tapped into networks of suppliers and contractors or be able to achieve economies
of scale for their property renovations. They will need access to various types of subsidized capital,
such as grants and low-interest loans. Moreover, because Class 2 landlords typically own only one
property in Cleveland and have low participation in the rental registry, outreach will be required to
engage them in the process and provide access to information and resources.

Class 3 landlords have the scale and size to overcome some of the limitations facing Class 2
landlords. They also have more connections to regulatory processes and government programs,

as evidenced by their higher participation in the rental registry and HCV program. Although they
often have at least one property in poor condition or at low market value, having multiple properties
suggests greater capitalization and likely connections to construction services and financing.

Class 1 landlords, the most prevalent type in Cleveland, generally hold single-family properties in
good condition and with solid market value. This fact suggests that many of these properties will
meet lead-safe standards or that the ratio of repair costs to property values will be favorable for
conventional financing. However, because their current level of participation in the rental registry
is low and their scale of operation is small, Class I landlords will likely benefit from receiving
information about the lead-safe ordinance, the rental registration process, and access to qualified
contractors or other resources if repairs are required.

An important implication for lead safety is that a significant portion of the landlords holding
distressed properties are individuals with small-scale operations rather than real estate companies
or professional entities. Most of their properties are not yet in the rental registry, nor are these
owners participating in public programs, such as HCV. The low property values and deteriorated
conditions of many of their properties suggest these landlords will find it difficult to get
conventional financing in the amount required to upgrade their properties. These small operators
may require outreach, information, technical assistance, and other support to bring their properties
into the rental registry, complete lead inspections, and upgrade them to lead safety standards.
Moreover, they may need to avail themselves of subsidized capital, including grants and low-
interest loans, to bring their properties up to lead safety standards.

The research team notes that this article has several limitations. Cleveland properties and
landlords probably differ along several other dimensions that could not be ascertained from the
administrative records used for this typology. Also, because compliance with the rental registry
was low, the team relied on other indicators of the property being a rental, such as the owner-
occupancy tax credit, number of units, and so forth. Some properties may have been misclassified.
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In addition, the reliance on public records and owner names to link landlords to their properties
probably overestimates the unique number of individual entities involved. As demonstrated in
several studies, deduplication is especially problematic when owners of record operate under more
than one company name (An et al., 2022; Hangen and O'Brien, 2022). Moreover, the classification
of landlords is based on a limited set of characteristics derived from administrative records. For
example, it was impossible to investigate other important aspects of their businesses, such as the
size of their portfolios or professionalization. As the lead-safe initiative unfolds, it will be important
to gather landlords’ perceptions to gain a deeper understanding of the classification and its
implications for lead-safe strategies across all areas of the city.

Conclusion

This analysis demonstrates how multiple administrative data sources—along with record linkage,
spatial analysis, and statistical methods—can inform community planning and action on important
concerns, such as lead safety in housing. It also illustrates that such data sources can be organized
for two different units of analysis—rental properties and property owners—to yield insight into
both. Furthermore, it shows how such an analysis can inform policy direction and be used to
evaluate strategies for specific problems, constituencies, or locations.

The study identified the total of pre-1978 rental properties in Cleveland’s housing market,
approximately 100,000 units in 55,000 properties (owned by 36,000 landlords). Importantly,
this total includes both registered rentals (those on the city’s rental registry) and rentals operating
outside the registry. From a policy perspective, lead risk must be reduced in both groups of
properties to have an eventual effect on child lead exposures, especially given that non-registered
rentals account for approximately 70 percent of the pre-1978 rental housing stock. This finding
informed the scope of the Cleveland Lead Safe Initiative and its deployment by city area and has
guided an understanding of compliance rates by neighborhood.

In addition, the study assessed both the conditions and owner characteristics of these rental
properties. These data were essential in understanding the relative anticipated cost of bringing
different types of properties up to lead-safe standards. The analysis identified the likely capacities
of property owners to undertake property improvements based on the number and quality of their
property holdings. This information was instructive in fashioning outreach strategies to owners
and developing financial and other supports to facilitate the achievement of lead safety in their
properties. Identifying a population of owners with limited holdings of higher risk properties
ensured the strategy offered deeper supports for these owners. As the initiative has implemented
its loan and grant offerings, adjustments have been made to the application process and maximum
award amounts based on learning from direct experience with properties.

Beyond the trends and patterns this analysis illuminated, the rental property and landlord

data continue to inform ongoing program decisions and monitoring related to lead safety.

The data sources are updated quarterly and used to populate a public-facing dashboard that
allows community partners to monitor the initiative and surface challenges as they emerge. The
monitoring data show that compliance rates are much higher among known rental properties
compared with probable rentals, suggesting the challenges in outreach to owners who have not
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previously complied with the city’s rental registration requirement. Greater compliance is also
evident among properties with larger numbers of units. Low compliance among properties that are
singles and doubles has been highlighted as a specific challenge because these properties account
for most units in Cleveland’s pre-1978 rental housing stock.

Single- and two-family homes owned by individuals based in the region—whether within the city
or in the surrounding Cuyahoga County suburbs—dominate the rental housing stock in Cleveland.
This preponderance of detached and individually owned rental housing units suggests that the lead-
safe initiative will require the ability to customize inspections and repairs to this mix of properties.
Although most of Cleveland’s rental properties are maintained in above-average or good condition
and have solid market value, many properties are unlikely to meet lead safety standards. Monitoring
the repair of single- and two-family homes scattered on a case-by-case basis takes a different kind of
capacity in city government than tackling code compliance in larger rental properties.

Because the lead-safe initiative is still in its early phase, the focus continues to be on monitoring
compliance with rental registry and lead-safe certification requirements, especially in the
neighborhoods with a concentration of properties and landlords that present the greatest risk

due to poor housing conditions and limited capacity to invest in repairs. The continued use of
administrative data—such as housing values, conditions, ownership patterns, and so forth—is key
to tracking changes in the rental housing stock and illuminating unanticipated consequences or
patterns that have strategic implications for Cleveland’s lead-safe initiative. Such analysis will allow
not only an examination of compliance with lead safety requirements but also an assessment of
how the rental landscape may change over time.

Acknowledgments

The authors acknowledge former director Ayonna Blue Donald, Michael Banks, and Dr. Timothy
Kobie from the City of Cleveland Department of Building and Housing for their contributions

to this work. This research was made possible through funding from the Mt. Sinai Healthcare
Foundation, Saint Lukes Foundation, George Gund Foundation, and Eva L. and Joseph M.
Bruening Foundation.

Authors

Claudia Coulton is professor emeritus, Michael Henderson is a senior research associate, Francisca
Garcia-Cobidn Richter is a research associate professor, Jeesoo Jeon is a Ph.D. candidate, Michael
Schramm is a research associate, and Robert L. Fischer is a professor in the Center on Poverty and
Community Development at Jack, Joseph and Morton Mandel School of Applied Social Sciences at
Case Western Reserve University. April Urban is director of research and impact at Signal Cleveland.

22 Local Data for Local Action



Using Linked Administrative Data to Profile a City’s Rental
Stock and Landlords and Guide a Lead-Safe Housing Initiative

References

An, Brian, Andrew Jakabovics, Anothony W. Orlando, and Seva Rodnyansky. 2022. Who Owns
Urban America? A Methodology for Identifying Real Estate Owners. Atlanta, GA: Georgia Tech.
https://repository.gatech edu/entities/publication/472788{9-a5e6-4d9b-8238-422d20333bch.

City of Cleveland. 2019. “CHAPTER 365 — RENTAL REGISTRATION AND LEAD-SAFE
CERTIFICATION.” https://codelibrary.amlegal.com/codes/cleveland/latest/cleveland_oh/0-0-0-
16247#JD_Chapter365.

Coulton, Claudia, Francisca Garcia-Cobian Richter, Youngmin Cho, Jiho Park, Jeesoo Jeon, and
Robert L. Fischer. 2023. “Making the Case for Lead Safe Housing: Downstream Effects of Lead
Exposure on Outcomes for Children and Youth,” Health & Place 84. https://doi.org/10.1016/j.
healthplace.2023.103118.

Fischer, Rob, Stephen Steh, and Tsui Chan. 2018. Early Childhood Lead Exposure Among Cleveland
Kindergarteners by Neighborhood and School Enrollment. Cleveland, OH: Case Western Reserve
University, Mandel School of Applied Social Sciences. https://case.edu/socialwork/povertycenter/
sites/case.edu.povertycenter/files/2019-01/Lead %2 0Report%20CMSDFinal_0119.pdf.

Garboden, Philip M.E., and Sandra Newman. 2012. “Is Preserving Small, Low-End Rental Housing
Feasible?” Housing Policy Debate 22 (4): 507-526. https://doi.org/10.1080/10511482.2012.697909.

Gomory, Henry. 2022. “The Social and Institutional Contexts Underlying Landlords’ Eviction
Practices,” Social Forces 100 (4): 1774-1805.

Greif, Meredith. 2018. “Regulating Landlords: Unintended Consequences for Poor Tenants,” City &
Community 17 (3): 658-674. https://doi.org/10.1111/cico.12321.

Hangen, Forrest, and Daniel T. O’'Brien. 2022. “Linking Landlords to Uncover Ownership
Obscurity,” SocArXi. https://osf.io/anvke/download.

Kingsley, G. Thomas. 2017. Trends in Housing Problems and Federal Housing Assistance. Washington,
DC: Urban Institute. https://www.urban.org/sites/default/files/publication/94146/trends-in-housing-
problems-and-federal-housing-assistance.pdf.

Lanphear, Bruce P, Richard Hornung, and Mona Ho. 2005. “Screening Housing to Prevent Lead Toxicity
in Children,” Public Health Reports 120 (3): 305-310. https://doi.org/10.1177/003335490512000315.

Lead Safe Cleveland Coalition. 2023. “2023 Action Plan.” https://leadsafecle.org/sites/default/
files/2023-06/2023%20Action%20Plan%20Final %20Draft%20.pdf.

Messamore, Andrew. 2023. “The Institutionalization of Landlording: Assessing Transformations in
Property Ownership Since the Great Recession.” http://dx.doi.org/10.2139/ssrn.4480068.

Cityscape 23


https://repository.gatech.edu/entities/publication/472788f9-a5e6-4d9b-8238-422d20333bcb
https://codelibrary.amlegal.com/codes/cleveland/latest/cleveland_oh/0-0-0-16247#JD_Chapter365
https://codelibrary.amlegal.com/codes/cleveland/latest/cleveland_oh/0-0-0-16247#JD_Chapter365
https://doi.org/10.1016/j.healthplace.2023.103118
https://doi.org/10.1016/j.healthplace.2023.103118
https://case.edu/socialwork/povertycenter/sites/case.edu.povertycenter/files/2019-01/Lead%20Report%20CMSDFinal_0119.pdf
https://case.edu/socialwork/povertycenter/sites/case.edu.povertycenter/files/2019-01/Lead%20Report%20CMSDFinal_0119.pdf
https://doi.org/10.1080/10511482.2012.697909
https://doi.org/10.1111/cico.12321
https://osf.io/anvke/download
https://www.urban.org/sites/default/files/publication/94146/trends-in-housing-problems-and-federal-housing-assistance.pdf
https://www.urban.org/sites/default/files/publication/94146/trends-in-housing-problems-and-federal-housing-assistance.pdf
https://doi.org/10.1177/003335490512000315
https://leadsafecle.org/sites/default/files/2023-06/2023%20Action%20Plan%20Final%20Draft%20.pdf
https://leadsafecle.org/sites/default/files/2023-06/2023%20Action%20Plan%20Final%20Draft%20.pdf
http://dx.doi.org/10.2139/ssrn.4480068

Coulton, Henderson, Garcia-Cobian Richter, Jeon, Urban, Schramm, and Fischer

Perzynski, Adam, Kristen A. Berg, Charles Thomas, Anupama Cemballi, Tristan Smith, Sarah
Shick, Douglas Gunzler, and Ashwini R. Sehgal. 2022. “Racial Discrimination and Economic
Factors in Redlining of Ohio Neighborhoods,” Du Bois Review: 1-17. https://doi.org/10.1017/
S1742058X22000236.

Rothstein, Richard. 2017. The Color of Law: A Forgotten History of How Our Government Segregated
America. New York: Liveright Publishing.

Sampson, Robert J., and Alix S. Winter. 2016. “The Racial Ecology of Lead Poisoning:
Toxic Inequality in Chicago Neighborhoods, 1995-2013,” Du Bois Review 13 (2): 261-283.
https://doi.org/10.1017/S1742058X16000151.

Shaw, Mary. 2004. “Housing and Public Health,” Annual Review of Public Health 25: 397-418.
https://doi.org/10.1146/annurev.publhealth.25.101802.123036.

Shiffer—Sebba, Doron. 2020. “Understanding the Divergent Logics of Landlords:
Circumstantial Versus Deliberate Pathways,” City & Community 19 (4): 1011-1037.
https://doi.org/10.1111/cico.12490.

Stata Press. 2023. Structural Equation Modeling Reference Manual. College Station, TX. ISBN 978-1-
59718-397-0.

U.S. Census Bureau. 2021a. “Poverty Status in the Past 12 Months,” American Community Survey
1-Year Estimates. https://data.census.gov/table/ACSST1Y2021.51701?q=poverty&g=010XX00
US$0400000.

. 2021b. “Years Structure Built,” American Community Survey 1-Year Estimates.
https://data.census.gov/table/ACSDT1Y2021.B25034?q=year+structures+built&g=010XX00US$0400000.

van der Loo, Mark. 2014. “The Stringdist Package for Approximate String Matching,” The R Journal
(6): 111-122. https://CRAN.R-project.org/package=stringdist.

24 Local Data for Local Action


https://doi.org/10.1017/S1742058X22000236
https://doi.org/10.1017/S1742058X22000236
https://doi.org/10.1017/S1742058X16000151
https://doi.org/10.1146/annurev.publhealth.25.101802.123036
https://doi.org/10.1111/cico.12490
https://data.census.gov/table/ACSST1Y2021.S1701?q=poverty&g=010XX00US$0400000
https://data.census.gov/table/ACSST1Y2021.S1701?q=poverty&g=010XX00US$0400000
https://data.census.gov/table/ACSDT1Y2021.B25034?q=year+structures+built&g=010XX00US$0400000
https://CRAN.R-project.org/package=stringdist

Merging Federal Flooding and
Housing Data to Gain Insight into
Flood Impacts on Federally Assisted
Households: A Case Study in Kansas
City, Missouri

Mariya Shcheglovitova
U.S. Department of Housing and Urban Development

Gina Lee
U.S. Geological Survey, Maryland-Delaware-District of Colombia Water Science Center

The views expressed in this article are those of the authors and do not represent the official positions or
policies of HUD Office of Policy Development and Research and the U.S. Department of Housing and
Urban Development.

Abstract

Previous research on the differential impacts of floods has found that race, ethnicity, income, gender; age,
and housing tenure and type influence people’s ability to prepare for and respond to flood events. However;
studying the impacts of flooding is often challenging due to data limitations, especially for storm- and
snowmelt-related flooding in noncoastal areas. This article draws on Federal Emergency Management
Agency (FEMA) flood risk maps, the U.S. Geological Survey (USGS) Flood Inundation Mapping (FIM)
Program, and U.S. Department of Housing and Urban Development (HUD) administrative data to
provide a methodological example of integrating federal flooding and housing data to gain local housing
insights. The USGS FIM Program provides a unique opportunity to help communities visualize potential
areas at risk for flooding near local streams and rivers. Unlike FEMA flood risk maps, USGS FIM maps
allow researchers to investigate local flooding processes, such as the predicted extent and depth of housing-
unit flood exposure. To demonstrate the utility of USGS data for housing research, this article presents a
case study investigating the impact of flooding on housing units where households receiving federal rental
assistance live in Kansas City, Missouri. The presented analysis contrasts local housing unit trends in flood
exposure to census-tract-level trends of flood risk derived from FEMA riverine flood maps. This case study
demonstrates how USGS and FEMA data can inform housing analyses at different scales for researchers
and practitioners interested in flood impacts on local communities and vulnerable populations.
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Introduction

Climate change has increased the frequency and severity of extreme weather events, including
floods, hurricanes, and severe storms (IPCC, 2022). Extreme weather events pose a threat to the
built environment and housing (Hallegatte and Przyluski, 2010) and further exacerbate social
inequalities by disproportionately affecting low-socioeconomic-status communities (Howell and
Elliott, 2019) and communities of color living in areas of infrastructural disinvestment (Hendricks
and Van Zandt, 2021).

Municipalities are taking increasing steps to address disproportionate risks from natural disasters
by building back more resilient infrastructure or investing in infrastructural resilience before a
disaster (HUD, n.d.a.). However, planning in ways that preempt natural disasters depends on the
availability of data used to identify areas and structures most at risk of environmental hazards. This
article explores using U.S. Geological Survey (USGS) Flood Inundation Mapping (FIM) Program,
Federal Emergency Management Agency (FEMA) flood risk, and U.S. Department of Housing and
Urban Development (HUD) administrative data to provide a methodological example of integrating
federal flooding and housing data to gain local housing insights.

Flooding is the most prevalent natural disaster in the United States and is expected to become more
frequent and severe due to climate and land use change (Brody et al., 2007). Social vulnerability
research on flood risk has drawn attention to the impacts of race, ethnicity, income, gender, and
age (Cutter, Boruff, and Shirley, 2003; Rufat et al., 2015; Walker, 2012) and housing tenure and
type (Lee and Van Zandt, 2018; Mehta, Brennan, and Steil, 2020) on flood exposure and capacities
to prepare for and recover from flood events. Research investigating the impacts of Hurricane
Harvey found that the areal extent of flooding was significantly greater in neighborhoods with
higher percentages of non-Hispanic Black and low-socioeconomic-status residents (Chakraborty,
Collins, and Grineski, 2019) and people with disabilities (Chakraborty, Grineski, and Collins,
2019). In addition, the areal extent of Hurricane Harvey flooding within 100 meters of residents’
homes was significantly greater for racial/ethnic-minority and low-socioeconomic-status
households (Collins et al., 2019). The social impacts of flood exposure cannot be disentangled
from structural constraints on housing markets. Many low-income and racial/ethnic-minority
households live in flood-prone areas because of the lower housing costs (Levine, Esnard, and
Sapat, 2007). Those stark geographies are pronounced particularly in the U.S. South, where
Carrera and Coleman Flowers (2018) documented how White landowners and cotton production
aggregated in higher elevations with better drainage, whereas Black residents were limited to living
in lowland areas that were more prone to flooding.

A growing number of hazard vulnerability studies aim to link social vulnerability and housing

by focusing specifically on the location of federally subsidized households and their exposure to
major flooding events (Chakraborty et al., 2021; Davlasheridze and Miao, 2021; Hamideh and
Rongerude, 2018; Hernandez et al. 2018). Chakraborty et al. (2021) investigated the impacts of
Hurricane Harvey on tenants receiving federal rental assistance and found that they were more
likely to live in areas with greater flood extent. Davlasheridze and Miao (2021) found that not only
do floods reduce the number of available housing units for federally subsidized tenants, but they
can also increase the average time on waitlists to determine eligibility for housing programs and
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the share of rent paid by tenants in those programs. Studying the impacts of Hurricane Sandy on
federally subsidized households, Hernandez et al. (2018) found that many residents in New York
City Housing Authority units were unlikely to evacuate or relocate despite experiencing power
outages, flooded streets, and damaged building infrastructure because they feared displacement

if city inspectors condemned their apartment. The impact of flooding on federally assisted
households is not isolated to extreme storm events; a 2017 report by the New York University
(NYU) Furman Center found that approximately 9 percent of government-subsidized households
live in a 1-percent annual exceedance probability area (commonly referred to as a 100-year
floodplain), an area with a 1-percent probability of flooding each year (Rosoff and Yager, 2017).
Together, the research points to a need to identify areas where federally assisted households live in
housing at risk of flood exposure and to develop strategies to support economically disadvantaged
communities likely to experience more frequent and severe storm events.

This article contributes to the research on flood exposure for federally subsidized households

and housing units. Rather than investigating flooding following a natural disaster, the authors
examine the possibility of using USGS Flood Inundation Mapper data (USGS, 2019) to identify
flood exposure under set stream conditions for housing units where federally assisted households
live. The authors also explore the use of FEMA flood risk maps (FEMA, n.d.) to ascertain relative
flood risk for census tracts where federally assisted households are located. The study focuses
specifically on riverine flooding, which can be more unpredictable than coastal flooding and can
occur more frequently, with annual flash flooding due to climate change-driven increases in storm
magnitude and frequency (Vanucchi, 2021) and increased runoff from impervious surfaces due

to urbanization (Shuster et al., 2005). A focus on riverine flooding can also support U.S.-based
studies that aim to investigate links between racial and economic segregation and vulnerability to
climate hazards. Previous studies found that areas of concentrated social disadvantage in the United
States were associated with greater inland flooding, whereas areas with more socially advantaged
populations were associated with greater coastal flooding (Chakraborty et al., 2014; Qiang, 2019;
Ueland and Warf, 2006). The sections that follow present a case study for Kansas City, Missouri
(KCMO), integrating USGS riverine flood models and HUD administrative data, and compare
USGS flood models with FEMA flood risk maps to provide a blueprint for data sources and
analysis methods that can inform future research on flood risk across different scales of analysis.

Study Area: Blue River Kansas City, Missouri

The USGS FIM program works with local communities to produce flood models for stream
sections identified by USGS and local stakeholders. Although the FIM map library contains flood
inundation maps for 27 U.S. states, the maps are limited to local streams and rivers. In KCMO, the
FIM maps encompass the Lower Blue River and its tributaries (exhibit 1). Thus, the study area in
this analysis does not encompass all KCMO but is limited to a bounding box containing the USGS
FIM mapped area.
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Exhibit 1
——

Blue River Watershed with Locations of USGS Gages Used to Develop Flood Inundation Models
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numeric IDs of USGS stream gage Ssites.

Sources: 2021 118th Congressional District TIGER/Line Place State-based Shapefile; National Hydrography Dataset (NHD); USGS StreamStats website
(https://streamstats.usgs.gov)

Demographics

Kansas City, Missouri, is a city in the U.S. Midwest that covers approximately 313 square miles
(810.7 square kilometers) and is home to more than half a million (508,090) residents (U.S.
Census Bureau, 2023). The population of KCMO is racially and ethnically diverse; 11 percent of
the population identifies as Hispanic or Latino, 26 percent of the population identifies as Black or
African-American, and 56 percent of the population identifies as White.'! The median household

! Data accessed from American Community Survey table B03002: HISPANIC OR LATINO ORIGIN.
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income in KCMO is $63,396, and approximately 13.4 percent of the population lives in poverty
(U.S. Census Bureau, 2023).

Like many other U.S. metropolitan areas, KCMO has been taking steps to address gaps in affordable
housing. In May 2021, KCMO created the Housing and Community Development Department.
One aim of the department is to assist renters with finding and maintaining safe and affordable
housing (City of Kansas City, Missouri, 2021). More than 27,000 people in KCMO live in HUD-
assisted households, the majority of whom are extremely low-income (82 percent; HUD, n.d.b).
More than 70 percent of households receiving federal rental assistance in KCMO are female-
headed (72 percent), and most household heads are non-Hispanic Black (76 percent, HUD, n.d.b).
Approximately 90 percent of all households receiving federal rental assistance in KCMO live in the
study area containing the Lower Blue River.

Hydrology

Flooding is generally the most common and costliest type of disaster Missouri experiences (Missouri
Department of Public Safety, n.d.). Much of the historic flooding in KCMO has occurred along the
Blue River and several tributaries, most notably in 1951, 1961, 1977, 1984, 1990, 1998, 2010,
and 2017 (Heimann et al., 2014; USGS, 2023a). The Blue River is an approximately 39.8-mile
(64.1-kilometer)-long tributary of the Missouri River, with a drainage area of approximately 270.5
square miles (700.5 square kilometers; USGS, 2023b). Along the lower reaches of the mainstem
floodplain and along its major tributaries (Brush Creek, Indian Creek, and Tomahawk Creek), the
river is moderately to highly developed, with a mix of residential and commercial properties. The
Blue River flows northward through most of the southern half of the Kansas City metropolitan area
within Johnson and Wyandotte Counties in Kansas and Jackson and Cass Counties in Missouri.
The headwaters of the Blue River outside the city limits consist of grass- or forestland (exhibit

1; Wilkison et al., 2006); however, the watershed is still under development, with continued
construction of residential properties in the headwaters (Heimann et al., 2014). The river is prone
to annual flooding due to urbanization of the floodplain and surrounding watershed, leading

to increased runoff and changes in the natural basin hydrology (Driever and Vaughn, 1988;
Wilkison, Armstrong, and Blevins, 2002) that will be exacerbated further by projected increases in
precipitation due to climate change (Byun, Chiu, and Hamlet, 2019). Levees have been built near
the confluence of the Blue River and Missouri River and near the confluence of Indian Creek and
Blue River to mitigate flooding (Heimann et al., 2014), and the channel has been straightened and
armored to minimize inundation and maximize stormwater conveyance (Wilkison et al., 20006).

Data Sources

Many spatial studies of flooding investigate impacts at the census-tract or block-group level
because data are commonly available at this spatial scale. Household- and housing-unit-level
studies are less common because they often require that researchers collect household survey
data rather than relying on publicly available data sources (Collins et al., 2019) or have flood
models accurate enough to make inferences about flood depth and extent at the housing unit
level. HUD administrative data are a unique dataset that allows researchers to study housing-unit-
level environmental impacts across a subset of the population. When HUD administrative data
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are paired with USGS FIM models and local parcel data, researchers can investigate the depth
and extent of flooding that will affect the housing units where federally assisted households live
(exhibit 2).

Exhibit 2

|
Datasets Used in the Analysis Within the Lower Blue River Study Area

Census Tracts: 220

Kansas City, \Y (0] Federally Assisted Households with Accurate Coordinates: 13,338 (97.4%)
Federally Assisted Households Linked to Residential Parcels: 9,587

Total Residential Parcels: 152,533

Residential Parcels Occupied by Federally Assisted Households: 3,292

Blue River Study Area Census Tracts: 136

Federally Assisted Households Linked to Residential Parcels: 7,857
Census Tract \

Total Residential Parcels: 93,042
Residential Parcels Occupied by Federally Assisted Households: 2,464

Residential Parcels in Census Tracts with a Relatively High Flood
Risk Rating: 1,676

Residential Parcels Occupied by Federally Assisted Households in
Census Tracts with a Relatively High Flood Risk Rating: 12

Residential Parcels Occupied by Federally Assisted Households

Residential Parcels Overlapping with FIM Flood Area: 790
Overlapping with FIM Flood Area: 14

Household

Federally Assisted Households Living in Residential Parcels
Located in Relatively High Flood Risk Census Tracts: 14
Federally Assisted Households Living in Residential Parcels
Overlapping with the FIM Flood Area: 38

Notes: The text boxes summarize information about the variables from each contributing dataset. The nested diagram represents the relationship between spatial
scales (e.g., a household is contained within a parcel) and is not meant to be a representation of physical scale.

Sources: Authors’ analysis of census tract flood risk ratings from Federal Emergency Management Agency Riverine Flood Risk maps; U.S. Geological Survey
Flood Inundation Mapping Program flood models for the Lower Blue River; Kansas City, MO, city parcel data; HUD administrative data

Housing: HUD Administrative Data and Kansas City Parcel Data

Household-level data for participants in federal housing rental assistance programs were extracted
from HUD’s internal database containing information collected via HUD form 50058.> This
dataset contains entries describing demographic, economic, and program variables for all tenants
receiving federal rental assistance in tenant- and project-based rental assistance programs. The
Housing Choice Voucher (HCV) program is the primary tenant-based rental assistance program
administered by HUD. In this program, tenants can use their housing subsidy to rent a housing
unit on the private market that meets housing condition, health, and safety requirements. In
project-based rental assistance programs, private property owners enter a contract with HUD to
provide affordable rental units to tenants participating in HUD programs. Unlike tenant-based
programs, tenants participating in project-based rental assistance programs cannot take subsidies
with them when they move.

2 HUD makes this household-level data available to external researchers via data licenses (https://www.huduser.gov/portal/
research/pdr_data-license.html). Extracts of these data are publicly available at the census-tract level (https://www.huduser.
gov/portal/datasets/assthsg.html).
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Data current as of December 2022 for all households in Kansas City, Missouri, participating in
HUD rental assistance programs were extracted from HUD’ internal database. To observe whether
tenant- or project-based program participants live in areas of more or less flood exposure, the
authors stratified households by program type. The downstream analysis relied on having accurate
locations of households participating in HUD programs. Although all records in HUD’ database
contain addresses and are geocoded, the level of geocode quality varies; therefore, the authors
removed records whose addresses could not be verified with latitude and longitude coordinates
accurate to the dwelling rooftop level.

Households receiving federal rental assistance may reside in single and multifamily homes. To
identify flood impacts on housing units where households receiving federal rental assistance live,
household-level HUD administrative data were linked to KCMO parcel data (Bender, 2023; exhibit
2). The presented analysis considered only residential parcels identified by KCMO land use codes
for single-family, mobile home, townhouse, duplex, condominium, and multifamily development
(Bender, 2021). Identifying both the location and footprint of housing units affected by flooding
allowed the authors to estimate the relative flood risk using FEMA flood maps and the predicted
depth and extent of flooding for affected parcels using USGS FIM maps.

Flooding: FEMA Riverine Flood Risk and USGS Flood Inundation Mapper

FEMAS National Risk Index (NRI; Zuzak et al., 2023) was used to investigate census-tract-level
riverine flood risk trends. Housing parcels occupied by federally assisted households located in
census tracts likely to be affected by riverine flooding were identified using FEMAs NRI Riverine
Flooding map (FEMA, n.d.). FEMA calculates risk ratings at the census-tract level on the basis

of floodplain boundaries and historic storm and flood events, representing a relative risk where
communities are grouped in percentiles based on national ratings (Zuzak et al., 2023). Rather
than relying on a single source of flooding data, the presented analysis is informed by combining
FEMA and USGS data sources. This approach can help guide decisionmaking under increasingly
uncertain climate scenarios, for which flood maps can become quickly outdated (Smiley, 2020).

The purpose of the FIM Program is to provide information to communities regarding local flood
risks and planning tools for cost-effective mitigation. Unlike the FEMA flood maps, USGS FIM
maps do not indicate the risk of inundation but only a detailed model of the extent and depth of
inundation for a given flood stage. The FIM Program has two main functions. The first is to partner
with communities to create and validate a library of maps displaying potential areas of flooding
over a range of water levels for local streams and rivers. USGS has standardized the procedures for
creating flood inundation maps for flood-prone communities using scientifically sound methods,
including hydraulic and topographic modeling based on real data (USGS, 2023a). The second

goal of the FIM Program is to provide these inundation maps online along with additional data,
including real-time streamflow data, flood forecasts, and potential loss estimates.

USGS began creating the flood inundation library for the Blue River and selected tributaries in
cooperation with the city of Kansas City in 2012. The library consists of 345 estimated flood

inundation maps along a 39.7-mile stretch of the Blue River, subdivided into 15 reaches based
on USGS stream gage locations, to its confluence with the Missouri River in KCMO (exhibit 1).
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The inundation maps depict the areal extent of modeled flooding at various flood stages and the
depth of water at each flood stage. The library of flood inundation maps was developed using a
variety of data sources, including streamgage data and existing hydraulic models from the U.S.
Army Corps of Engineers (USACE) and the city of Kansas City. Additional model parameters,
including topographic and bathymetric data, were collected along several cross sections along the
study reach; geometry data of bridges and structures crossing the channel were collected to model
backwater effects, and appropriate roughness coefficients were refined by model calibration. These
data were then used to compute water-surface profiles using the USACE Hydrologic Engineering
Center’s River Analysis System (HEC-RAS) Depth-Averaged Flow and Sediment Transport Model
(FST2DH) software programs. These flood stages were created at 1-foot intervals referenced to the
streamgage datum and ranging from the National Weather Service Action stage (the approximate
top of bank flow—i.e., the amount of flow that a channel can carry without overflowing its bank,
thus O feet of inundation) to that which exceeds the stage of the estimated 0.2-percent annual
exceedance probability. The simulated water-surface profiles were then combined with a digital
elevation model of the study area to delineate estimated flood inundation areas as shapefile
polygons and depth grids for each water-surface profile in a geographic information system (GIS)
software program.’ The study area for this analysis is defined as the region in KCMO containing the
Blue River and tributary flood inundation maps produced by USGS.

Methods

All analyses were performed using R Statistical Software (v4.2.2; The R Foundation, 2022). To
facilitate the replication of this analysis, the R code is available in the appendix of this article.

Data Linkage

HUD administrative household data was linked to housing-unit parcels and census tracts. First
HUD administrative data was subset to only households whose address coordinates were accurate
to the dwelling rooftop level. Then, the spatial intersection function in R’ sf package (Pebesma,
2018) was used to identify residential parcels occupied by federally assisted households on the
basis of georeferenced coordinates for addresses. Parcels were considered to be residential if they
were identified in the KCMO parcel file as single-family homes, mobile homes, townhouses,
duplexes, multifamily homes, or condominiums. Census tracts containing residential parcels
occupied by federally assisted households were similarly identified to quantify the number of
housing units in census tracts with low, moderate, and high FEMA riverine flood risk ratings.

Flood Measures

Using both FEMA and USGS data facilitated the measurement of several indicators of flood risk
and exposure. FEMA risk ratings are calculated at the census-tract level on the basis of floodplain
boundaries and historic storm and flood events. These ratings represent a relative flood risk based
on national ratings (Zuzak et al., 2023). FEMA flood risk ratings are grouped into census tracts

? For more information regarding the methodology of the inundation map models, please refer to USGS Scientific
Investigations Report 2014-5180 (Heimann et al., 2014) and the USGS Flood Inundation Mapping Science website
(https://www.usgs.gov/mission-areas/water-resources/science/flood-inundation-mapping-science).
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of Very High (80th to 100th percentile), Relatively High (60th to 80th percentile), Relatively
Moderate (40th to 60th percentile), Relatively Low (20th to 40th percentile), and Very Low (0
to 20th percentile) risk (Zuzak et al., 2023). Census tracts with no infrastructural, population,
or agricultural annual loss associated with riverine flooding expected are classified as No Rating
(Zuzak et al., 2023).

Unlike FEMA maps, the USGS FIM maps do not indicate the risk of inundation but only a detailed
model of the extent and depth of inundation for a given flood stage. To calculate the expected
flood depth and extent for affected parcels, a GIS-based methodology comprising of several steps
was used. First, the area covered by all pixels with a predicted flood depth greater than zero from
the FIM model within each parcel was summed and the maximum flood depth in the parcel area
was identified. FEMAs guide to retrofitting homes to mitigate flooding identifies flood depth as
affecting structures when floodwaters exert increased pressure as flood depth increases. Two to

6 feet of flooding can push on exterior walls and up on floors; if a structure is not designed to
resist that pressure, it can cause structural damage, possibly leading to the structure collapsing
(FEMA, 2014). Thus, flood inundation depths were categorized into intervals of 0-2 feet, 2-6
feet, 6-15 feet, and 15 feet or greater. Finally, the expected flood extent was calculated by dividing
the flooded area by the area of the parcel (in square feet) to derive the proportion of the parcel
expected to experience flooding. The R package stars (Pebesma and Bivand, 2023) was used to
analyze flood raster grids.

Results and Discussion

This analysis draws on two federal data sources predicting local impacts of flooding and HUD
administrative data on households receiving federal rental assistance linked to city residential
parcel data to investigate the impacts of flooding on structures in which federally assisted
households live. The following sections present results summarizing anticipated flood impacts
when using FEMA and USGS data and briefly discuss exposure to flood hazards across different
federal rental assistance programs. The discussion concludes by contrasting FEMA and USGS flood
data and describing the potential applications and limitations of those data sources.

FEMA Flood Risk Maps

More than one-half of residential parcels occupied by federally assisted households in the study
area (51.1 percent) are in census tracts with no FEMA riverine flood risk rating, indicating no
expected annual loss due to flooding. A relatively small percentage are in areas on the very low
(5.3 percent) and relatively high extremes of riverine flood risk (0.5 percent). The majority are in
census tracts with a relatively low (29.3 percent) or relatively moderate (13.9 percent) flood risk
rating. Trends for housing units where federally assisted households live are relatively consistent
with all residential housing units in the study area (exhibit 3).
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Exhibit 3

Share of All Residential Parcels and Residential Parcels Occupied by Federally Assisted
Households in the Lower Blue River Study Area Located in Census Tracts Classified by FEMA
Riverine Flood Risk Ratings

Residential Parcels Occupied by

EME .Rlverln'e Households Receiving Federal All Residential Parcels (%)
Flood Risk Rating .
Rental Assistance (%)
No Rating 51.1 52.1
Very Low 5.3 6.9
Relatively Low 29.3 27.6
Relatively Moderate 13.9 11.5
Relatively High 0.5 1.8

FEMA = Federal Emergency Management Agency.
Sources: Authors’ analysis of FEMA Riverine Flood Risk maps; Kansas City, MO, city parcel data; HUD administrative data

A total of 1,676 residential parcels in the study area are located in census tracts with a relatively
high riverine flood risk rating, including 12 occupied by federally assisted households. The 12
affected residential parcels are occupied by 14 households receiving federal rental assistance. For
all residential parcels, housing in census tracts with a relatively high riverine flood risk rating
includes single-family, multifamily, and mobile homes (exhibit 4). Notably, more than one-half of
all mobile homes (68.8 percent) in the study area are in census tracts with a relatively high riverine
flood risk rating.

Exhibit 4

|
All Housing Units and Housing Units Occupied by Households Receiving Federal Rental
Assistance, by Census Tract Flood Risk Rating and Parcel Structure Type

All Residential Parcels Residential Parcels Occupied by Federally Assisted Households

Mobile Homes

Townhouse

Single-Family Home

Multifamily 5 Units or Greater

Multifamily 4 Units

Multifamily 3 Units

Duplex

Condominium

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
Share of Residential Parcels Share of Residential Parcels

FEMA Riverine
Flood Risk Rating [JNo Rating E Very Low [[[]Relatively Low [Z]Relatively Moderate [ Relatively High

FEMA = Federal Emergency Management Agency.
Sources: Authors’ analysis of FEMA Riverine Flood Risk maps; Kansas City, MO, city parcel data; HUD administrative data
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USGS FIM Maps

The study area contains 61 percent of the residential parcels in KCMO, and 8.4 percent of
residential parcels in the study area are occupied by federally assisted households. Approximately
0.9 percent of the residential parcels in the study area have some overlap with USGS flood
inundation maps for the Blue River. This share is lower for parcels occupied by federally assisted
households (0.2 percent).

Federally assisted households in 14 residential parcels are predicted to be affected by flooding
from the Lower Blue River. Those parcels are occupied by 38 households receiving federal rental
assistance. As with the presented analysis of FEMA flood risk data, using FIM flood maps reveals
flood impacts across single-family, multifamily, and mobile homes. In addition, FIM data facilitated
an estimation of the expected flood depth and extent for affected parcels (exhibit 5). For all
residential parcels, including those occupied by households receiving federal rental assistance, the
predicted maximum flood depth is lower for single-family homes and townhomes than duplexes,
multifamily homes, and mobile homes (exhibit 5). Single-family homes and townhomes occupied
by federally assisted households within the predicted flood area of the Lower Blue River may be
less affected by flooding than those not occupied by federally assisted households because the
former are in regions with lower flood depths and have a smaller degree of overlap with expected
flood areas (exhibit 5).

Exhibit 5

I
Expected Maximum Flood Depth and Flood Extent Affecting All Housing Units and Housing Units
Occupied by Households Receiving Federal Rental Assistance that Overlap with U.S. Geological
Survey Flood Inundation Mapping Maps, by Parcel Structure Type

Residential Parcels Occupied by Federally Assisted Households

Single-Family Home

Te h

Duplex

Multifamily 5 Units or Greater

Single-Family Home

Te h

Duplex

Multifamily 5 Units or Greater d 2
Multifamily 4 Units [ H DRLREREEEEE LR R R R R R R R TR

Mobile Homes

Condomini

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
Share of Residential Parcels Share of Residential Parcels
Maximum Flood Depth (ft) Flood Extent
[J<2 []2to6 [l 6to15 []>15 [J<1% []1%to10% [ 10%to50% []]>50%

Note: Lighter colors represent lower predicted flood depth and extent.
Sources: Authors’ analysis of U.S. Geological Survey Flood Inundation Mapping flood models for the Lower Blue River; Kansas City, MO, city parcel data; HUD
administrative data
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Federal Rental Assistance Programs and Flood Exposure

Approximately 90 percent of the housing units in KCMO occupied by households receiving federal
rental assistance are occupied by tenants participating in the tenant-based HCV program. Tenants
participating in public housing (5.9 percent), project-based Section 8 (2.8 percent), project-based
HCV (0.96 percent), and other multifamily programs (0.52 percent) occupy the remaining housing
units linked to households receiving federal rental assistance.

Investigating flood risk relative to housing assistance program type revealed that only housing
units occupied by tenants participating in the tenant-based HCV program were in census tracts
with a relatively high flood risk rating (exhibit 6). However, housing units in census tracts with

a relatively high flood risk rating represent a small share (0.5 percent) of overall housing units
occupied by households participating in the tenant-based HCV program. Housing units occupied
by households participating in the project-based HCV program had the largest share in census
tracts with relatively moderate flood risk. Similar to the analysis of FEMA riverine flood risk
ratings, only participants in the tenant-based HCV program were observed living in areas that are
predicted to be affected by flooding from the Blue River (exhibit 7).

Exhibit 6

I
Share of Housing Units Occupied by Federally Assisted Households in the Lower Blue River
Study Area, by Census Tract FEMA Riverine Flood Risk Rating and Federal Rental Assistance

Program Type
Residential
Parcels . . .
I_=EM_A Geriad All Hou_lsmg Tenant- Project- Project- Public Other
Riverine Choice Based Based Based 3 . .
. by Federally . Housing  Multifamily
Flood Risk X Vouchers Vouchers Vouchers Section 8
Rating Assisted (%) (%) %) (%) (%) (%)
Households
(%)
No Rating 51.1 51.8 51.9 37.5 61.4 34.7 53.8
Very Low 588 54 54 0.0 0.0 6.1 7.7
Relatively 293 285 28.4 375 15.7 49.0 23.1
Low
BT 13.9 13.8 13.7 25.0 22.9 10.2 15.4
Moderate
Relatively 05 05 05 0.0 0.0 0.0 0.0
High

FEMA = Federal Emergency Management Agency.
Sources: Authors’ analysis of FEMA Riverine Flood Risk maps; Kansas City, MO, city parcel data; HUD administrative data
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Exhibit 7
——

Share of Housing Units Occupied by Federally Assisted Households in the Lower Blue River
Study Area that Fall Within and Outside the Flood Area Predicted in U.S. Geological Survey Flood
Inundation Mapping Maps, by Rental Assistance Program Type

Residential
Parcels . . .
USGS Flood Occupied AllHousing  Tenant-  Project-  Project- o ;0 Other
. Choice Based Based Based 3 e .
Inundation by Federally . Housing  Multifamily
X Vouchers Vouchers Vouchers Section 8
Map Area  Assisted (%) %) %) (%) (%) (%)
Households
(%)
In Flood 0.6 0.6 0.6 0.0 0.0 0.0 0.0
Area
QUi 99.4 99.4 99.4 100.0 100.0 100.0 100.0
Flood Area

USGS = U.S. Geological Survey.
Sources: Authors’ analysis of USGS Flood Inundation Mapping flood models for the Lower Blue River; Kansas City, MO, city parcel data; HUD administrative data

Overall, the authors’ analysis found a higher share of housing units occupied by tenants
participating in the tenant-based HCV (85.8 percent) program located in census tracts with
Relatively Low, Very Low, and No Rating classifications for flood risk than both project-based
HCV (75.0 percent) and project-based Section 8 (77.1 percent) program participants. This finding
suggests that in KCMO, the tenant-based voucher program may provide opportunities for many
recipients to live in areas of lower environmental risk and that project-based programs may
concentrate recipients in areas of greater risk. However, the small share of housing units occupied
by tenant-based HCV program participants living in census tracts identified as having a relatively
high flood risk and areas overlapping with the predicted flood zone of the Lower Blue River
suggests that opportunities exist to provide housing counseling to tenant-based voucher recipients
during their search for housing to prevent them from renting housing units in high-risk flood
areas, where they may be displaced.

Comparison of FEMA and USGS Flood Data

Twelve residential parcels were identified as occupied by households receiving federal rental
assistance located in census tracts with a relatively high flood risk rating and 14 were identified

in areas predicted to be affected by flooding from the Lower Blue River in USGS FIM maps. The
authors expected a high degree of overlap between residential parcels in census tracts with a
relatively high FEMA flood risk and areas that are predicted to be affected by flooding in USGS
FIM models; however, only one parcel occupied by a household receiving federal rental assistance
was found in a census tract with relatively high flood risk that overlapped a USGS predicted flood
area. Of the remaining residential parcels, seven were in census tracts with relatively moderate
flood risk and six with relatively low flood risk.

The lack of overlap between flood data sources is likely due to the different methods used to
produce FEMA and USGS flood maps. FEMA risk ratings are calculated at the census-tract level
on the basis of floodplain boundaries and historic storm and flood events. FEMA ratings represent
a relative flood risk based on national ratings (Zuzak et al., 2023). Unlike the FEMA flood maps,
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the USGS FIM maps do not indicate the relative risk of inundation but only a detailed model of the
extent and depth of inundation for a given flood stage. USGS flood inundation maps are developed
using a variety of local data sources, including streamgage data, one-dimensional HEC-RAS
hydraulic models, and topographic and bathymetric data collected along cross sections in the study
reach. Thus, FEMA maps represent a relative measure of flood risk while USGS maps provide a
model of expected local flood depth and extent. A combined analysis of these data sources identified
25 residential parcels occupied by federally assisted households within the study area at high risk of
flooding. Although predicted risk does not guarantee flood exposure, the expected flood impacts on
those housing units can be further explored through outreach and ground truthing.

The study area in this analysis was limited to the region in KCMO with available USGS FIM data
containing the Lower Blue River and its tributaries (exhibit 1). The study area contains the majority
of all residential parcels (60 percent) and the majority of residential parcels occupied by federally
assisted households (75 percent) in KCMO. However, residential parcels located outside the

study area may also be at risk of flooding: 2,077 additional residential parcels and 16 additional
residential parcels occupied by households receiving federal rental assistance are located in census
tracts with a Relatively High FEMA Riverine Flood Risk Rating outside the study area.

Conclusions

The USGS FIM Program provides a unique opportunity to help communities visualize potential areas
at risk for flooding near local streams and rivers. Unlike FEMA flood risk maps, USGS FIM maps
allow researchers to investigate local flooding processes, such as the predicted extent and depth of
housing-unit flood exposure. To demonstrate the utility of USGS data for housing research, this paper
presented a case study using these data to investigate the impact of flooding on housing units in
KCMO, where households receiving federal rental assistance live. Integrating HUD administrative data
with FEMA and USGS maps facilitated the identification of 25 housing units occupied by federally
assisted households at high risk of flood exposure. This case study demonstrates how USGS and
FEMA data can inform housing analyses at different scales for researchers and practitioners interested
in flood impacts on local communities and vulnerable populations.

Both USGS and FEMA flooding data sources have limitations. USGS FIM maps are confined to
certain stream reaches with USGS streamgages, making a national analysis impossible using these
data. However, at the local level, USGS FIM maps allow researchers to identify the expected flood
extent and depth for affected households. USGS FIM map libraries are available for 155 sites in

27 states. The presented analysis for KCMO can serve as a blueprint for studies replicated at other
sites with available USGS FIM data. Although FEMA riverine flood risk maps are national in scope,
the census tract flood risk measures are relative to national indicators of flood risk. Using multiple
flooding data sources in a local analysis can help overcome gaps in data and provide information
for affected households at multiple scales. For instance, multiscale flood vulnerability studies have
identified that finer spatial scales (e.g., the census block versus the census tract) allow researchers
to identify vulnerable communities overlooked at larger spatial scales (Remo, Pinter, and Mahgoub,
2016; Tanir et al., 2021). The presented analysis demonstrates this assertion at the parcel level.

Six housing units occupied by federally assisted households at high risk of flooding from the Blue
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River were identified on the basis of USGS FIM maps but located in census tracts with a relatively
low FEMA flood risk.

This case study demonstrates the potential of using flood maps and parcel-level analysis to
identify structures where households receiving federal rental assistance live in regions of high
flood inundation and risk. Unlike census-tract-level analysis based on FEMA flood risk maps,
combining parcel data and USGS FIM flood maps can give a more detailed picture of where the
greatest damage from flooding may occur. However, both approaches can underestimate the impact
of flooding in urban areas, where impervious surfaces and the capacity of stormwater systems can
lead to flooding beyond floodplains. Recent calls point to limitations of existing flood maps and
advocate for new analyses and maps to incorporate urban components that influence flooding
(National Academies of Science, Engineering, and Medicine, 2019). Future research could draw
on data sources and flood models that incorporate infrastructural elements to better describe

the movement of water in urban landscapes. Future studies can also draw on the demographic
variables present in HUD administrative data to understand who will be affected by flooding in
addition to the impacts of flooding on structures where federally assisted households live.

Appendix: R Code for Analysis

#2023 Analysis for KC HUD - USGS Case
#for data cleaning

library(tidyverse)

#for working with spatial data

library(sf)

library(mapview) #interactive map viewer
library(tigris) #Census Tiger line shape files
#packages for raster data analysis
library(raster)

library(stars)

library(nngeo)

sf_use_s2(FALSE) # setting to prevent invalid loop error for st_join

#Data Setup
#Data Files
#HUD household - level data - internal to HUD
MOHUD_2022_new <- read_csv(“Path to Household level lat lon data”)
KCHUD_2022_sf <- MOHUD_2022_new %>%
filter(!is.na(UNIT_LAT_DEG_MSRE)) %>%
filter(UNIT_CITY_NAME == “Kansas City”) %>%
st_as_sf(., coords=c(“UNIT_LGT_DEG_MSRE"UNIT_LAT_DEG_MSRE”"), crs=4326) %>%
filter(UNIT_LVL_CD == “R”)

#FEMA National Risk Index for KC
NRI_KC <- st_read(“NRI_KC.shp”) #National census tract level file downloaded from
https://hazards.fema.gov/nri/data-resources#shpDownload
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#Kansas Parcels

Parcels <- st_read(“geo_export_a877e9f6-455d-48¢c1-b296-dblee89e1444.shp”) #Downloaded
from https://data.kemo.org/dataset/Parcels/vuy6-s5is

LandCodes <- read.csv(“Land_Use_Codes.csv”) #Downloaded from https://data.kemo.org/
Construction/Land-Use-Codes/83{x-3sa2

Parcels <- Parcels %>%
left_join(., LandCodes, by =c(“landusecod” = “Code”))

#Clip NRI data to KC and write out data file

NRI <- st_read(“ShapeFiles/NRI_Shapefile_CensusTracts/NRI_Shapefile_CensusTracts.shp”)
KC <- st_read(“ShapeFiles/KC_Boundary/KC_Boundary.shp”)

NRI <- st_transform(NRI, st_crs(KC))

NRI_KC <- st_intersection(st_make_valid(NRI), KC)

st_write(NRI_KC, “ShapeFiles/NRI_KC.shp”)

#Reproject to USGS Flood Grid CRS

grids <- c(*BlueR_12thStreet(06893590)_depth_grids/27”, #1
“BlueR_17thStreet(06893588)_depth_grids/26.f1t”, #2
“BlueR_631dStreet(06893530)_depth_grids/63rd_19.fIt”, #3
“BlueR_BlueRidge(06893150)_depth_grids/26.f1t”, #4
“BlueR_COave(06893553)_depth_grids/25.flt”, #5
“BlueR_Highway71(06893510)_depth_grids/hwy71mo_23.flt”, #6
“BlueR_KansasCity(BannisterRd_06893500)_depth_grids/28.flt”, #7
“BlueR_KennethRd(06893100)_depth_grids/moken_26.flt”, #8
“BlueR_RedBridge(06893195)_depth_grids/29.flt”, #9
“BlueR_StadiumDr(06893578)_depth_grids/mostad_28.f1t”, #10
“BlueR_Stanley(06893080)_depth_grids/mostan_21.flt”, #11
“BrushCk_RockhillRd(06893562)_depth_grids/rockmo_22 flt”, #12
“BrushCk_Wardpkwy(06893557)_depth_grids/14/”, #13
“IndianCk_103rdStreet(06893400)_depth_grids/mo103rd_16.flt”, #14
“MORiver_Backwater(06893000)_depth_grids/morvrback_22 flt”) #15

gridx <- read_stars(grids[15])
projection <- st_crs(gridx)
NRI_KC_Flood <- st_transform(NRI_KC, projection)

Parcels <- st_transform(Parcels, projection)
KCHUD_2022_sf <- st_transform(KCHUD_2022_sf, projection)

#Link HUD household data to Parcels (objectid) and NRI census track riverine flood risk index
(RFLD_RISKR)

#Point in Polygon for KCMO parcel data
HUD_Parcels <- st_join(st_make_valid(KCHUD_2022_sf), Parcels, join = st_intersects)
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HUD_Parcels_count <- count(as_tibble(HUD_Parcels), objectid)
Parcels_ HUD_sf <- left_join(Parcels, HUD_Parcels_count, by = “objectid”) %>%
rename(HUD_HH = n)

Parcels_ HUD_sf <- HUD_Parcels %>%
left_join(Parcels_ HUD_sf, ., by = “objectid”)

#Point in Polygon for NRI flood data
Parcels_NRI <- st_join(st_centroid(Parcels_HUD_sf), NRI_KC_Flood, join = st_within)

#Filter residential land use codes
Parcels_NRI <- Parcels_ NRI %>%
st_drop_geometry() %>%
filter(landusecod %in% (1111, 1112, 1121, 1122, 1123, 1124, 1125, 1126))

#Define Study Area
studyArea <- data.frame(lon = ¢(-94.60825698480055, -94.4743909204287), lat =
¢(38.84500509860179, 39.129928)) %>%

st_as_sf(coords = c¢(“lon”, “lat”), crs = 4326) %>%

st_bbox() %>%

st_as_sfc()

studyArea <- st_transform(studyArea, projection)

#Clip Parcels to Study Area
myParcels <- Parcels[st_make_valid(studyArea), | %>% dplyr::select(objectid, geometry)
Parcels_SA <- Parcels_NRI[st_make_valid(studyArea), |

Parcels_SA_sf <- Parcels_SA %>%
st_drop_geometry() %>%
left_join(., myParcels, by = “objectid”) %>%
st_as_sf()

# Link Parcel data to USGS flood grids
##Area is in feet2 in both the parcel and flood files
#Function to calculate Flood area and depth
FloodStats <- function(grid, shape) {
gridx <- read_stars(grid) %>%
st_as_sf()
mycol <- names(gridx)[1]
shape <- st_transform(shape, st_crs(gridx))
Parcelsx <- shape %>%
st_join(., gridx) %>%
drop_na(objectid) %>%
st_drop_geometry() %>%
group_by(objectid) %>%
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summarise(MaxDeapth = max(!!as.name(mycol)), Count = n()) %>%
mutate(Area = ifelse(lis.na(MaxDeapth), Count * st_area(gridx[1,]), NA))

}

#Read in raster grids and calculate flood area and depth for parcels
SummaryStatsl <- FloodStats(grids([1], Parcels_SA_sf)
SummaryStats2 <- FloodStats(grids[2], Parcels_SA_sf)
SummaryStats3 <- FloodStats(grids[3], Parcels_SA_sf)
SummaryStats4 <- FloodStats(grids[4], Parcels_SA_sf)
SummaryStats5 <- FloodStats(grids[5], Parcels_SA_sf)
SummaryStats6 <- FloodStats(grids[6], Parcels_SA_sf)
SummaryStats7 <- FloodStats(grids[7], Parcels_SA_sf)
SummaryStats8 <- FloodStats(grids[8], Parcels_SA_sf)
SummaryStats9 <- FloodStats(grids[9], Parcels_SA_sf)
SummaryStats10 <- FloodStats(grids[10], Parcels_SA_sf)
SummaryStats11 <- FloodStats(grids[11], Parcels_SA_sf)
SummaryStats12 <- FloodStats(grids[12], Parcels_SA_sf)
SummaryStats13 <- FloodStats(grids[13], Parcels_SA_sf)
SummaryStats14 <- FloodStats(grids[14], Parcels_SA_sf)
SummaryStats15 <- FloodStats(grids[15], Parcels_SA_sf)

)

#Join Flood Parcel data frames

KCParcelFloodStats <- rbind(SummaryStats1[!is.na(SummaryStats1$MaxDeapth),],
SummaryStats2[!is.na(SummaryStats2$MaxDeapth),|,
SummaryStats3[is.na(SummaryStats3$MaxDeapth),],
SummaryStats4[!is.na(SummaryStats4$MaxDeapth),|,
SummaryStats5[is.na(SummaryStats5$MaxDeapth),|,
SummaryStats6[!is.na(SummaryStats6$MaxDeapth), ],
SummaryStats7[!is.na(SummaryStats7$MaxDeapth),],
SummaryStats8[lis.na(SummaryStats8$MaxDeapth),|,

SummaryStats9[lis.na(SummaryStats9$MaxDeapth),|,

SummaryStats10[lis.na(SummaryStats10$MaxDeapth), ],

SummaryStats11[lis.na(SummaryStats11$MaxDeapth),],

SummaryStats12[!is.na(SummaryStats12$MaxDeapth),

SummaryStats14[lis. na(SummaryStats14$MaxDeapth),

1
[ ]
[ l,
SummaryStats13[lis.na(SummaryStats13$MaxDeapth), |
[ 1,
SummaryStats15[lis.na(SummaryStats1 5$MaxDeapth),])
#0Only keep max flood depth for each parcel
KCParcelFloodStats_noDUP <- KCParcelFloodStats %>%
group_by(objectid) %>%
slice(which.max(MaxDeapth))

#Join HUD parcels with flood data
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HUD_Parcels_Flood <- Parcels_SA_sf %>%
left_join(., st_drop_geometry(KCParcelFloodStats_noDUP), by = “objectid”) %>%
filter(landusecod %in% c(1111, 1112, 1121, 1122, 1123, 1124, 1125, 1126))

#Assign Area and depth categories
#0-2 ft, 2-6 ft, 6-15 ft, 15+ ft
HUD_Parcels_Flood <- HUD_Parcels_Flood %>%
mutate(DepthGroup = case_when(MaxDeapth < 2 ~ “< 27,
MaxDeapth >= 2 & MaxDeapth < 6 ~ “2 - 67,
MaxDeapth >= 6 & MaxDeapth < 15 ~ “6 - 157,
MaxDeapth >= 15 ~ “>157),
AreaGroup = case_when(100*area/ShapeArea < 1 ~ “< 17,
100*area/ShapeArea >= 1 & 100*area/ShapeArea < 10 ~ “1 - 107,
100*area/ShapeArea >= 10 & 100*area/ShapeArea < 50 ~ “10 - 507,
100*area/ShapeArea >= 50 ~ “> 507))
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Abstract

For more than a decade, the U.S. Department of Housing and Urban Development (HUD) and the
National Center for Health Statistics (NCHS) have partneted to link NCHS national health survey data
with HUD administrative records on persons participating in federal public and assisted housing programs.

This study used 2015-18 National Health Interview Survey (NHIS)-HUD linked data to examine
women 18-44 years old with children and renting their home who were receiving HUD assistance
(n=852) and a comparison population of women of the same age with children, who were low-income
renters but did not link to HUD records at the time of their NHIS interview (n=894).
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Abstract (continued)

The population of HUD-assisted women differed from the comparison group on key sociodemographic
characteristics and health indicators. HUD-assisted women were more likely to report their health as fair
or poor and to being a current smoker. HUD-assisted women also were less likely to be uninsured and
more likely to have a regular source of care.

The findings in this article are exploratory but demonstrate how the NCHS-HUD-linked data can be a
resource for researchers and policymakers in further examining housing status as an important social
determinant of health.

Introduction

Social determinants of health (SDOH) are the nonmedical conditions that influence health,

such as birthplace, living situation, work, and age (Braveman and Gottlieb, 2014; World Health
Organization, n.d.). Within that context, access to safe, affordable, and stable housing is increasingly
identified as an important SDOH (Krieger and Higgins, 2002; Swope and Hernandez, 2019). A
large share of American households experience “worst case housing needs,” a long-standing U.S.
Department of Housing and Urban Development (HUD) measure that seeks to quantify the national
extent of unmet housing needs for affordable and quality rental housing. A recent HUD report to the
U.S. Congress estimated that approximately 8 million renter households faced substantial worst case
housing issues in 2019, including 2.2 million households with children, a number that translates to
approximately 40 percent of U.S. families with children (Alvarez and Steffen, 2021).

HUD federal housing subsidy programs aim to reduce unmet housing needs by subsidizing
rental costs for safe and affordable units and support HUD’s mission to “create strong, sustainable,
inclusive communities and quality affordable homes for all” (HUD, n.d.b.). Although public
rental assistance programs seek to alleviate housing affordability issues for households with lower
incomes, the need for housing assistance greatly outweighs the demand. According to the 2021
American Housing Survey, only approximately one-quarter of renter households eligible for
housing assistance receive it (U.S. Census Bureau, 2021).

Women and children represent more than 75 percent of HUD-assisted people. HUD provides
housing rental assistance to approximately 9 million people annually, including approximately 4.2
million women and 3.2 million children, including foster children, from birth to age 17 (HUD,
2022). HUD is increasingly committed to better understanding the health and social needs of
women and children living in public and assisted housing. The current HUD Strategic Plan for
Fiscal Years (FY) 2022-2026 states that “housing is the foundation on which we live, grow, and
thrive” and includes a milestone to “improve maternal and child health outcomes” (HUD, n.d.a.).

! Worst case housing needs for renter households are defined as having household incomes at or below 50 percent of the
Area Median Income, not receiving government housing assistance, and paying more than one-half of their income for
rent, living in severely inadequate conditions, or both (https://www.huduser.gov/portal/sites/default/files/pdf/Worst-Case-
Housing-Needs-2021.pdf).
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Further, to support the White House Blueprint for Addressing the Maternal Health Crisis report, HUD
has committed to conducting interagency research to better understand the unique health and
social needs of HUD-assisted women and children (The White House, 2022).

A growing body of research underscores a link between housing stability attributable to federal
housing assistance programs and health outcomes. Housing assistance has been shown to be
associated with reduced odds of self-reported fair or poor health and psychological distress for
participants in the public housing program, but results were not consistent across HUD program
types (Fenelon et al., 2017). Another study found that receipt of housing assistance was associated
with lower uninsured rates and lower unmet healthcare needs (Simon et al., 2017). A HUD report
highlighting the characteristics of HUD-assisted adults found that approximately 74 percent

of adults identified as female reported high rates of health conditions, medical diagnoses, and
healthcare utilization (Helms, Sperling, and Steffen, 2017).

Previous randomized control trials also showed a strong link between housing status and maternal
and child health outcomes. The Family Options Study, a large-scale experiment for homeless
families with young children, showed that families who received housing vouchers (the most
sustainable and long-term intervention option) reported fewer child separations, decreased
maternal psychological distress, decreased economic stress, fewer child behavior problems, and
less household food insecurity (Gubits et al., 2016, Shinn et al., 2016). Still, limited data exist that
allow for the examination of health outcomes for women with children receiving HUD assistance.

For more than a decade, the HUD Office of Policy Development and Research (PD&R) and the
National Center for Health Statistics (NCHS), Centers for Disease Control and Prevention have
partnered to link NCHS national health survey data with HUD administrative records® on people
participating in federal public and assisted housing programs. The availability of those linked
data sources provides a unique opportunity to examine housing status as an important social
determinant of health for lower-income women with children.

Using the 2015-18 National Health Interview Survey (NHIS) data linked to HUD housing
assistance data, this study examined women 18-44 years with children, who were renting their
home and receiving HUD assistance, and a comparison population of women of the same age with
children, who were low-income renters but did not link to HUD records at the time of their NHIS
interview. Leveraging this linked data source may allow for a better understanding of the health
status and healthcare access of women with children receiving HUD housing assistance compared
with a group likely eligible for housing assistance but not receiving it.

Methods

Data Sources

The discussed study used the National Health Interview Survey linked with HUD administrative
data on public and assisted housing programs. The following section provides more information
about each data source.

? NCHS Data Linked to HUD Housing Assistance Program Files: https:/www.cdc.gov/nchs/data-linkage/hud.htm.
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National Health Interview Survey. NHIS is a nationally representative cross-sectional household
interview survey conducted continuously throughout the year by NCHS. NHIS is designed to
monitor the health of the civilian noninstitutionalized U.S. population by collecting data on a

broad range of health topics. The sample probability design permits a representative sampling of
households and noninstitutional group quarters. The core questionnaire contained four major
components for the 2015-18 NHIS. The household composition component collected basic
demographic and relationship information for all persons living in the housing unit. The family
component collected basic demographic, health insurance, and health information about all family
members from a single family member. The sample adult core and sample child core components
included one randomly selected adult (aged 18 or older) and one randomly selected child (aged

17 or younger) if the family included children. Detailed information regarding the design, content,
use of NHIS, annual sample sizes, and NHIS response rates are available in the annual NHIS Survey
Description documents (National Center for Health Statistics, 2016, 2017, 2018, and 2019). For
this analysis, information collected from the family, person, and sample adult core components was
used. Information collected in the sample adult core component is self-reported unless the person
was physically or mentally unable to provide it, in which case a knowledgeable proxy could answer.

HUD Administrative Data on Public and Assisted Housing Programs. HUD is the primary
federal agency overseeing domestic housing programs and policies. HUD programs can be lumped
broadly into two categories: project-based and tenant-based housing. In project-based housing, the
subsidy is tied to a physical unit. HUD project-based programs include the public housing (PH)
program and various multifamily housing (MF) programs, such as Project-Based Section 8, Section
811, and Section 202. The subsidy is tied to the household in HUDS sole tenant-based housing
program, the Housing Choice Voucher (HCV) program. The HCV program is thus unique from
other HUD programs in that HCV households can enter the private housing market and have a
greater choice regarding the unit they rent.

HUD collects detailed administrative data on families participating in its programs through
administrative forms.> For PH and HCV programs, data are collected via housing agencies at the
local or state level. Data for MF program types are collected through owners of private buildings
(NCHS, 2019b). This analysis focused on persons in HUD subsidized housing in HUD’s three
largest housing assistance programs: HCV, PH, and MF All three program categories use three
factors to determine program eligibility: (1) U.S. citizenship or eligible immigration status, (2)
family size, and (3) gross annual income. Some HUD program categories (HCV and PH) can
establish waitlist preferences for special populations, such as older adults, unsheltered families,
or persons living with a disability, but the presence of those populations in a household does not
affect overall program eligibility.

? Administrative Form HUD-50058, the “Family Report,” is used to collect data on the people who participate in the HCV
and public housing programs (https://www.hud.gov/sites/dfiles/OCHCO/documents/50058.PDF). PHAs participating

in the Moving to Work (MTW) demonstration have fewer data requirements; Administrative Form HUD-50058 MTW
(“MTW Family Report”) is used only by PHAs participating in MTW (http:/portal.hud.gov/hudportal/documents/
huddoc?id=DOC_10236.pdf). Administrative Form HUD-50059, “Owners Certification of Compliance with HUD’s Tenant
Eligibility and Rent Procedures,” is used to collect data on the people who participate in multifamily programs (http://
portal.hud.gov/hudportal/documents/huddoc?id=50059.pdf).
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NHIS-HUD Linked Data. The study used 2015-18 NHIS-HUD linked data. NHIS participants
were considered linkage-eligible during the 2015-18 survey years if they provided the last four
digits of their Social Security number (SSN4) or an affirmative response to the followup question
to allow linkage without SSN4 and sufficient information for linkage, such as date of birth, sex,
first name, and last name. Linkage eligibility is distinct from HUD program eligibility, which
defines whether a person meets the eligibility criteria for HUD housing assistance. The linkage
was conducted using both deterministic and probabilistic approaches. For the probabilistic
linkage process, scoring was conducted according to the Fellegi-Sunter methodology (Fellegi and
Sunter, 1969). Linkage methods and evaluation of NHIS-HUD linked data, including validation
and quality control processes, are described in more detail elsewhere (National Center for Health
Statistics, 2022). Due to confidentiality requirements, the restricted-use NCHS-HUD data are
accessible only through the NCHS and Federal Statistical Research Data Centers. The linkage of
NHIS-HUD data was conducted through a memorandum of understanding between NCHS and
HUD. The data linkage work was performed at NCHS with approval provided by NCHS’ Research
Ethics Review Board.

Study Population

For the pooled NHIS years 2015-18, 104,722 (88 percent) sample adults were eligible for linkage
to HUD administrative records. The analytic sample was restricted to female NHIS sample adult
participants who were eligible for linkage, 18—-44 years of age, the parent of at least one child
(0-17 years of age) residing in the family household at the time of interview, and renting their
home (n=5,702). Among this group, 1,762 were linked to a 2015-18 HUD administrative data
record, with 887 determined to be receiving HUD assistance at the time of their NHIS interview, on
the basis of episode-level data. An episode is defined as a single continuous period of enrollment in
a HUD program on the basis of dates of HUD transactions. The group of 3,940 who did not link
was further restricted to having a family income below the federal poverty threshold defined by the
Census Bureau (U.S. Census Bureau, n.d.) and did not report receiving any type of rental assistance
at the time of the NHIS interview (n=942). For the group that did not link to HUD administrative
data concurrent with their interview, restricting them to having a family income below the federal
poverty level was used to approximate the income requirement for HUD program eligibility. Gross
annual income is a significant program eligibility factor, and most HUD-assisted households have
annual incomes below the federal poverty threshold.

The final analytic sample was restricted to those with complete information on all variables used
in the analyses, resulting in 852 receiving HUD assistance at the time of the NHIS interview,
referred to as “HUD-assisted women,” and 894 who did not link to a HUD record, referred to as
“unassisted women.” Limiting results to complete information on all variables reduced the sample
by approximately 4 percent for the HUD-assisted group and 5 percent for the comparison group.
Exhibit 1 provides a complete description of the creation of the analytic sample.
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Exhibit 1

Analytic Sample: 2015-18 National Health Interview Survey Sample Adult Participants Linked to
U.S. Department of Housing and Urban Development Program Data

e N
2015-18 NHIS sample adults
n=118,859 Linkage ineligible
n=14,137
. ‘ J
e N
Eligible for linkage to HUD
administrative records
n=104,722
. ‘ J
Women, 18-44 years, with
children in household, NHIS
report of renting home
n=5,702
\ J
e 4 > N
Linked to HUD Not linked to HUD
administrative record administrative record
n=1,762 n=3,940
\ ‘ J \ ‘ J
4 N
Receiving HUD assistance NHIS report income below
at the time of their federal poverty level and not
NHIS interview receiving any rental assistance
n=887 n=942
. J . J

HUD-assisted women
with complete data on all
covariates used in analyses

n=852

n=894

Referent group: Unassisted women
with complete data on all
covariates used in analyses

HUD = Housing and Urban Development. NHIS = National Health Interview Survey.

Notes: HUD-assisted refers to NHIS sample adults eligible for linkage—women 18—44 years with children and linked to a HUD administrative record concurrent
with their NHIS interview. Unassisted renters refers to NHIS sample adults eligible for linkage—women 18-44 years with children, not linked to a HUD
administrative record, reported on the NHIS incomes below the federal poverty threshold, and renting their home.

Source: 201518 National Health Interview Survey, linked to U.S. Department of Housing and Urban Development (HUD) program data (2015—18)

Measures

All variables examined in this analysis were based on self-reported information at the time of

NHIS interview.
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Sociodemographic Characteristics. Sociodemographic characteristics of the NHIS adult women
with children examined in this article include age at interview (18-24, 25-34, and 35-44), race
and Hispanic origin (Hispanic or Latino; Black or African-American non-Hispanic—hereafter,
Black; Other non-Hispanic—hereafter, Other; and White non-Hispanic—hereafter, White),
educational attainment (less than high school; high school diploma or GED; and some college or
higher), marital status (married or living with partner; widowed, divorced, or separated; and never
married), region (Northeast, Midwest, South, and West), number of adults in the household (one,
two or more), and work status in past 12 months (Yes or No).

Health Characteristics. Five health characteristics were examined, spanning health status, health
behavior, and healthcare access. Health status was measured as self-rated health, based on response
to the following question: “Would you say your health in general is excellent, very good, good, fair,
or poor?” Health status was recoded into fair or poor, good, and very good or excellent. Serious
psychological distress was measured using the Kessler 6 index, which consists of six questions
asking about various feelings of distress: “During the past 30 days, how often did you feel (1) so sad
that nothing could cheer you up, (2) nervous, (3) restless or fidgety, (4) hopeless, (5) that everything

» o«

was an effort, and (6) worthless?” Response categories included “all,” “most,” “some,” “little,” or
“none of the time,” with total values representing a scale of 0-24 points. Consistent with other
studies, this variable was recoded with a score of 13 or more, indicating the presence of serious
psychological distress (Kessler et al., 2002). Current cigarette smokers were defined as adults who
had smoked 100 cigarettes during their entire life and answered “every day” or “some days” to the
question, “Do you now smoke cigarettes every day, some days, or not at all?” NHIS-reported health

» «

insurance status was recoded into three categories: “public or other health insurance,” “private health
insurance,” or “uninsured.” Women were considered to have public health insurance if they reported
coverage through Medicare, Medicaid, a State Children’s Health Insurance Program or other state-
sponsored health plan, or other government or military health plans. NHIS participants were asked
if they had a usual source of health care via the following question: “Is there a place that you usually

go to when you are sick or need advice about your health?”

Analytic Approach

Data analysis was performed using SAS software, version 9.4 (published by SAS Institute, Cary
NC), and SAS-callable SUDAAN, version 11.03 (published by RTI, Research Triangle Park, NC),
a software package that accounts for the complex sample design of NHIS. Estimates in this article
were calculated using the NHIS sample adult sampling weights, which account for nonresponse
and unequal probabilities of selection and were adjusted further to account for linkage eligibility
(National Center for Health Statistics, 2022). Standard errors were estimated, accounting for the
NHIS complex survey design. Differences were evaluated with two-sided Wald tests at the 0.05
significance level. All estimates presented in this article met NCHS standards of reliability (Parker
etal., 2017).

Cityscape 55



Helms Garrison, Bachand, Zhang, Cox, Golden, and Lochner

Results

Characteristics of the Study Population

The study population consisted of 852 HUD-assisted women and 894 unassisted women. Both
groups were restricted to women between the ages of 18 and 44, with children aged 0 to 17,
who reported renting their homes. Exhibit 2 displays the weighted percentages of the selected
sociodemographic characteristics for both groups. Distributions of HUD-assisted and unassisted
women were significantly different on all sociodemographic characteristics examined.

Exhibit 2

Sociodemographic Characteristics of Women 18-44 Years with Lower Incomes, Who Have Children
in the Household and Rent Their Housing, by Federal Housing Assistance Status, 2015-18

HUD-assisted Renters (n=852) Unassisted Renters (n=894)

Characteristic

n % SE n % SE

Age (years)?

18-24 110 15.4 1.9 128 16.3 1.7

25-34 455 51.9 2.2 416 42.2 2.0

35-44 287 32.7 2.2 350 41.5 2.1
Race and Ethnicity®

Black, non-Hispanic 411 514 2.7 119 141 1.5

Other, non-Hispanic 42 4.6 1.0 47 8.3 1.5

White, non-Hispanic 215 23.6 2.2 278 30.2 2.1

Hispanic 184 20.4 2.1 450 47.4 2.2
Marital Status®

Married/Living with Partner 123 20.5 1.9 437 61.4 2.0

Widowed/Divorced/Separated 163 15.8 1.5 205 16.2 1.5

Never Married 566 63.8 2.2 252 22.4 1.6
Number of Adults in Household®

1 677 66.9 2.1 409 29.4 1.7

2+ 175 33.1 2.1 485 70.6 1.7
Region®

Northeast 174 22.3 2.7 121 16.7 1.8

Midwest 164 19.9 2.2 129 14.4 1.6

South 383 43.7 3.0 363 40.1 2.3

West 131 141 2.1 281 28.8 2.1
Educational Attainment®

Less than High School 218 24.7 1.8 331 34.6 2.1

High School Diploma or GED 262 31.9 2.0 265 32.0 2.1

Some College or Higher 372 43.4 2.1 298 33.4 2.0
Work Status: Past 12 Months®

Yes 579 67.1 2.0 546 54.8 2.1

No 273 32.9 2.0 348 45.2 2.1

SE = standard error. HUD = U.S. Department of Housing and Urban Development.

Wald test comparing HUD-assisted renters to unassisted renters, p<0.01.

PWald test comparing HUD-assisted renters to unassisted renters, p<0.001.

“Wald test comparing HUD-assisted renters to unassisted renters, p<0.0001.

Source: 201518 National Health Interview Survey, linked to U.S. Department of Housing and Urban Development (HUD) program data (2015—18)
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HUD-assisted women tended to be between the ages of 25 and 34 (51.9 percent), Black (51.4
percent), never married (63.8 percent), and the only adult in their household (66.9 percent).
Most unassisted women were Hispanic (47.4 percent) or White (30.2 percent), married or living
with a partner (61.4 percent), and had one or more other adults also living in their household
(70.6 percent).

When examining the socioeconomic and educational characteristics of the two groups, most
HUD-assisted women reported working during the previous year (67.1 percent), and a little more
than one-half (54.8 percent) of unassisted women reported working during the previous year.
Approximately 24.7 percent of HUD-assisted women with children reported less than a high school
diploma, and 43.4 percent reported some college education. Among unassisted women, 34.6
percent reported less than a high school diploma, 32.0 percent reported a high school diploma or
GED, and 33.4 percent reported some level of college.

Health Characteristics of the Study Population

Exhibit 3 shows weighted percentages of selected health characteristics. The distributions of self-
reported health and current smoking status were significantly different across the two groups.
Among HUD-assisted women, 21.0 percent reported their health as fair or poor, and 46.0 percent
reported their health status as very good or excellent, whereas 11.3 percent of unassisted women
reported their health status as fair or poor, and 54.1 percent reported very good or excellent.

The percentage of HUD-assisted women who were current smokers was 1.7 times higher than
unassisted women (30.1 percent vs. 17.4 percent); however, reports of serious psychological
distress did not differ between the two groups.

Exhibit 3

|
Health Status and Healthcare Access of Women 18-44 years with Lower Incomes, Who Have
Children in the Household and Rent Their Housing, by Federal Housing Assistance Status,
2015-18 (1 of 2)

HUD-assisted Renters (n=852) Unassisted Renters (n=894)

Characteristic

n % SE n % SE

Self-reported General Health?

Fair/Poor 181 21.0 1.7 117 11.3 1.2

Good 294 33.0 2.0 300 34.6 2.2

Very Good/Excellent 377 46.0 2.2 477 54.1 2.2
Serious Psychological Distress

Yes 70 8.1 1.3 59 74 1.2

No 782 91.9 1.3 835 92.9 1.2
Current Cigarette Smoker®

Yes 266 30.1 2.1 170 17.4 1.5

No 586 69.9 21 724 82.6 1.5
Health Insurance Status?®

Public/Other 585 69.0 2.4 471 5588 2.2

Private 135 15.1 1.7 120 12.2 1.3

Uninsured 132 15.9 1.9 303 32.5 2.0
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Exhibit 3

I
Health Status and Healthcare Access of Women 18-44 years with Lower Incomes, Who Have
Children in the Household and Rent Their Housing, by Federal Housing Assistance Status,
2015-18 (2 of 2)

HUD-assisted Renters (n=852) Unassisted Renters (n=894)

Characteristic

n % SE n % SE

Usual Source of Care®
Yes 709 82.6 1.8 666 71.9 2.0
No 143 17.4 1.8 228 28.1 2.0

SE = standard error. HUD = U.S. Department of Housing and Urban Development.
Wald test comparing HUD-assisted to unassisted renters, p<0.0001.
Source: 2015-18 National Health Interview Survey, linked to U.S. Department of Housing and Urban Development program data (2015-18)

When examining measures related to access to care, health insurance coverage and having a usual
source of care varied between the two groups. Most HUD-assisted women reported having public
health insurance (69.0 percent), and 15.9 percent reported being uninsured, whereas unassisted
women reported higher levels of being uninsured (32.5 percent) and having no usual source of
care (28.1 percent).

Discussion

Using the linked 2015-18 NHIS-HUD data, this article presents a descriptive summary of

health characteristics and healthcare access for women with children receiving HUD assistance.
The findings in this article build upon two recent HUD “health pictures” of adults and children
receiving HUD assistance (Helms, Sperling, and Steffen, 2017; Helms et al., 2018) and further
support initiatives to better understand the health needs of HUD-assisted women and children
(HUD, nd.a.; The White House, 2022). The study examined women 18-44 years old with
children, who were renting their home and receiving HUD assistance, and a comparison
population of women of the same age with children, who were low-income renters but did not link
to HUD records at the time of their NHIS interview. Because income is a significant factor for HUD
program eligibility and only approximately one in four households eligible for housing assistance
receive it, the comparison population attempts to reflect women with children who are eligible for
housing assistance but are not receiving it. The population of HUD-assisted women differed from
the comparison group on key sociodemographic characteristics and health indicators.

Although HUD-assisted and unassisted women had similar percentages of women who were 18-24
years old, approximately 50 percent and 30 percent of HUD-assisted women were 25-34 and
35—44 years of age, respectively, compared with approximately 40 percent of unassisted women in
each of those age groups. Most HUD-assisted women were Black non-Hispanic, although nearly
one-half of unassisted women were Hispanic. Only approximately one in five HUD-assisted women
reported being married or living with a partner, and two-thirds reported being the only adult in
their household. Among unassisted women, most (61 percent) reported being married or living
with a partner. Compared with unassisted women, a larger proportion of HUD-assisted women
reported working in the past year and receiving some college education.
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HUD-assisted women reported higher levels of fair or poor health status, with approximately one-
fifth self-reporting this outcome (21 percent), compared with approximately 11 percent among
unassisted women, although reported levels of serious psychological distress were similar between
the two groups. Consistent with previous literature, nearly one-third of HUD-assisted women were
current smokers at the time of their health interview (Helms, King, and Ashley, 2017), whereas less
than 20 percent of unassisted women were current smokers. Demographic factors may account for
differences in current smoking. For example, unassisted women were more likely to be Hispanic,
and Hispanics have lower prevalence estimates of current smoking (Arrazola et al., 2023). HUD-
assisted women had higher reported levels of public health insurance and lower levels of uninsured
status compared with unassisted women. Fewer than 20 percent of HUD-assisted women and

28 percent of unassisted women reported no usual source of care, suggesting an area for future
research between having health insurance and access to health care among this population.

The objective of this study has been to demonstrate how the NCHS-HUD linked data can serve as
a resource for researchers and policymakers in further examining housing status as an important
social determinant of health. The findings are exploratory and raise additional questions about
the health of HUD-assisted women that could be addressed with additional research examining
education level, work status, and receipt of housing assistance among lower-income, female-led
households with children. For example, do HUD-assisted women have higher levels of public
health insurance and lower levels of uninsured status because they can more successfully navigate
complex social safety net systems due to their education? Does the stability of federal housing
assistance programs allow women to pursue additional education? Do lower-income women with
higher levels of education possess the skills and knowledge needed to obtain housing assistance?

Limitations

NHIS participants eligible for linkage to HUD records are a self-selected subset of the initial survey
participants and may differ from those not eligible for linkage. In this study, 88 percent of sample
adults in the 2015-18 NHIS were eligible for linkage. The NHIS sample weights were adjusted
using variables that influence the probability of linkage eligibility while maintaining population
totals to mitigate linkage-eligibility bias. This weight adjustment is similar to nonresponse
adjustment (Aram et al., 2021).

This analytic strategy cannot fully account for unobserved characteristics that distinguish those
who apply for and receive housing assistance versus those who do not. Although previous studies
using the NHIS-HUD linked data have employed the use of a “pseudo-waitlist” group (Simon et al.,
2017) or took into account those who had applied but entered assistance at a later date (Fenelon
etal., 2017), focusing on women 18-44 years of age with children prohibited such approaches
due to smaller sample sizes in this study. Using that information would have further restricted

the sample because waitlist information is unavailable for multifamily housing programs in HUD
administrative records. The comparison group that did not link to HUD administrative records
likely represents a population eligible for housing assistance but not receiving it because gross
annual income is the most significant federal housing assistance eligibility factor, and demand for
housing assistance outweighs supply.
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Finally, examinations by HUD program category were not possible due to limited sample sizes.
Future planned linkages between NHIS and HUD administrative data may allow aggregation of
more NHIS years, increasing sample size and allowing for more examinations of selection bias and
differences across HUD program categories.

Conclusion

The findings in this article are exploratory. The objective has been to present preliminary estimates
and to demonstrate how the NCHS-HUD linked data can serve as a resource for researchers and
policymakers in further examining housing status as an important social determinant of health.
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Abstract

This article describes recent efforts by University of Wisconsin-Madison (UW) researchers to connect
federal and local housing program data with the Wisconsin Administrative Data Core (WADC). These
connections create an innovative and transformational approach to support housing research that informs
policy and program design. Developed and maintained by UW Institute for Research on Poverty (IRP)
in collaboration with Wisconsin state agency partners, WADC links large volumes of standardized,
longitudinal administrative data from nearly all Wisconsin social welfare programs (for example,
Medicaid, Supplemental Nutrition Assistance Program, Temporary Assistance for Needy Families,

child welfare, child support, childcare subsidies, unemployment insurance, and homelessness services),
information on incarceration from the Department of Corrections, and children’s educational outcomes
from the Wisconsin Department of Public Instruction. The data system relies on a file known as the
Multi-Sample Person File (MSPE), which contains one observation per individual, with no individual
appearing twice. The MSPF can be linked with program participation data files, allowing researchers

to group individuals by case or family, supporting integrated analysis of multiple program participation
and individual and family outcomes over time. Leveraging recent funding opportunities, and via a data-
sharing agreement with the U.S. Department of Housing and Urban Development (HUD), the authors
connect federal housing program participation data with WADC. IRP is conducting two proof-of-concept
studies analyzing the effects of these programs on adult health and child educational outcomes. IRP also
recently incorporated the state’s Homeless Management Information System into WADC and is pursuing
opportunities to incorporate localized data from the Emergency Rental Assistance program established
during the COVID-19 pandemic, as well as publicly available eviction data. Linking such data opens an
expansive new research agenda to include the study of multiple public program participation and policy
interactions; explore a wide berth of individual, family, and community outcomes; and inform actionable
policy and practice recommendations. This article shares insights from UW’ experience developing and
maintaining agency partnerships, and this valuable data resource, which might be applied in other states,
discusses the potential of linked administrative data to advance future interdisciplinary, applied housing
research and evidence-based policymaking.
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Introduction

Housing is one of the most fundamental needs and is critical to family and individual well-

being, yet many people struggle to maintain decent, affordable, and stable housing. Low-income
individuals and families face particular challenges as rising housing costs and stagnant incomes
make housing unaffordable (JCHS, 2023). These families often seek aid from federal housing
assistance programs. However, because housing assistance is not an entitlement, many families who
need help securing or maintaining adequate, stable housing do not receive it, and others spend
years on waiting lists (Acosta and Gartland, 2021; Ellen, 2020). For those who receive housing
benefits, the support can be significant, typically amounting to several thousands of dollars per
year, which both stabilizes housing and increases economic resources for other household needs.

Despite great interest in evaluation research to examine the effects of housing assistance on family
and individual well-being, high costs and data unavailability have hampered high-quality studies.
To identify the effects of housing assistance on well-being, careful empirical evaluation research
needs to account for household selection into housing assistance, interaction with other income-
qualified social programs, and neighborhood or housing market effects. This research can be
undertaken as experiments with random selection, such as in the Family Options Study and
Moving to Opportunity (MTO) experiments. Both the Family Options Study and MTO experiments
involved random assignment of households to different treatment groups in several U.S. cities. Both
demonstrated that housing assistance has significant and positive benefits for family and child well-
being (Gubits et al., 2016; Sanbonmatsu et al., 2011).

However, because random assignment experiments in social policy evaluations are both expensive
and limited, researchers have more recently focused attention on using quasi-experimental research
designs with large administrative datasets. These methods expand the reach of research and
evaluation to a larger number of places and policies. A number of recent studies have used U.S.
Department of Housing and Urban Development (HUD) administrative data on housing program
participants for program evaluation, but they are limited to the data and variables in the HUD data
(Ellen, 2020; Ellen et al., 2016, 2021; Schwartz et al., 2019). Ellen et al. (2016) use the geographic
locations from housing program administrative data to evaluate the school-attendance-area quality
location decisions of voucher holders. Fenelon et al. (2017) combine HUD administrative data
with survey data to examine adult health. Schwartz et al. (2019) merge HUD administrative data
with New York City public schools’ administrative data and test scores. However, as far as the
authors know, no current studies integrate administrative data from housing programs with other
means-tested social programs.

In an attempt to remedy this dearth of actionable evidence, researchers at the Institute for Research
on Poverty (IRP) at the University of Wisconsin-Madison (UW) sought to increase the amount

and quality of housing-related data available in the Wisconsin Administrative Data Core (WADC),
one of the richest collections of linked administrative data on program participation in the
country. This article describes how these researchers facilitated partnerships between academia,
government, and practitioners and developed technical solutions to create an innovative and
transformational data resource and approach to support housing research that informs policy and
program design.
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The Wisconsin Administrative Data Core

In 2008, stemming from a series of previous evaluation partnerships between IRP and
government entities dating back to the 1980s—and the realization that ongoing integration of
state administrative data could facilitate rigorous and actionable research—IRP partnered with
the newly formed Wisconsin Department of Children and Families (DCF) to propose a set of
integrated data development, analysis, and evaluation activities. The initial project, titled Building
an Integrated Data System to Support the Management and Evaluation of Integrated Services for
Temporary Assistance for Needy Families (TANF)-Eligible Families, was funded under the Office
of Planning, Research, and Evaluation, Administration for Children and Families, U.S. Department
of Health and Human Services’ funding opportunity—Federal-State Partnerships to Build
Capacity in the Use of TANF and Related Administrative Data. The project’s ultimate goal was “...
to create a data resource to support the integrated analysis of the earnings, income, and multiple
program participation trajectories of Wisconsin families participating in TANF and other income
and work support programs” (Brown et al., 2020: 2). The expectation was that such a resource
could facilitate important contributions to program evaluation and administration, as well as
basic research. As IRP% technical report on lessons learned in the development of WADC noted, a
number of existing strengths facilitated the successful execution of the project:

(1) A new administrative structure that brought TANE child welfare, childcare, and
child support administration within a single department, DCE, as of July 2008; (2)
substantial prior experience using administrative data for research, program monitoring,
and management improvement and high-level commitment to expanding these efforts;
and (3) a long-term collaborative relationship between Wisconsin State agencies and
researchers at IRP. (Brown et al., 2020: 2)

During the past 15 years, with substantial investment from researchers working through IRP,
additional funding opportunities, and expanded partnerships with state and local agencies, these
initial efforts have grown into the WADC of today.

The current WADC links a large array of cleaned and standardized administrative data covering
decades of program history, including data from nearly all Wisconsin social welfare programs (for
example, Medicaid, Supplemental Nutrition Assistance Program (SNAP), TANE child welfare,
child support, childcare subsidies, unemployment insurance (UD), homelessness services), as well
as information on incarceration from the Department of Corrections and children’s educational
outcomes from the Department of Public Instruction (exhibit 1).!

! Exhibit 1 reflects data available in the most recent version of WADC. WADC is rebuilt annually. The next completed
version is expected to be released in the fall of 2023 and will include 2022 data for most sources, plus an expansion of two
additional data sources: circuit court criminal records (for example, felony, misdemeanor, and traffic cases) and the universe
of Ul wages (versus wage records only for those in WADC attached to other programs). The latter expansion will likely
significantly increase the overall N in the WADC sample to approximately 13 million individuals.
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Exhibit 1

What Data Are Available in the Wisconsin Administrative Data Core?

Agency or Program Data [Years Complete Data Available]

e FoodShare (Supplemental Nutrition Assistance Program or food stamps)
[1989-2021].

¢ BadgerCare (Medicaid/State Children’s Health Insurance Program) [1990-2021].

¢ Medicaid Claims and Encounters [2009-21].

Caretaker Supplement [1998-2021].

W-2 Wisconsin Works (Temporary Assistance for Needy Families) [1997-2021].

Wisconsin Shares (childcare subsidies) [1997-2021].

Aid to Families with Dependent Children [1989-98].

Child Support [1996-2021].

Child Welfare and Child Protective Services [2005-21].

Wisconsin Department of Quarterly wage records [1988-2021].

Workforce Development ¢ Unemployment insurance benefits [2007-21].

Wisconsin Department of

Corrections

Milwaukee County ¢ Incarceration in Milwaukee County jails [1994-2019].

e Public court records [1998-2021].
e 21-county sample of divorce and paternity cases [1980-2019].

Wisconsin Department of
Health Services

Wisconsin Department of
Children and Families

¢ |ncarceration in state prison facilities [1990-2021].

Circuit Court Records

Wisconsin Department of
Public Instruction
Homeless Management
Information System

e 4K-12 public school enroliment and school records [2006-21].

e Homelessness services [2010-21].

4K-12 = 4-year-old kindergarten through 12th grade.
Source: authors

The data system relies on a file known as the Multi-Sample Person File (MSPF), which contains
one observation per individual, with no individual appearing twice. The MSPF can be linked with
program participation data files and complementary files, allowing researchers to group individuals
by case or various definitions of family and follow them over time. The 2021 MSPF includes
information for more than 8.3 million individuals.

The fundamental tasks of creating the MSPF include cleaning and standardizing variables used for
linking, then match-merging individuals from all data systems with one another, un-duplicating
and linking observations so that only one observation per individual remains in the final version.
IRP’s data science team (currently composed of eight individuals) creates standardized versions
of certain data fields, such as name and place of birth, and eliminates unusable observations.
Standardization may include eliminating illegal characters from data fields, changing mixed-

case character data to uppercase, changing character data to numeric data whenever possible,
resolving inconsistent or conflicting information, parsing text into separate fields, and identifying
or collapsing missing data codes. Unusable data to be eliminated might include observations
with no identifying information, observations clearly used as test cases for training purposes, and
extraneous case members (Brown et al., 2020).

Via close collaboration with data providers and learning over time, data scientists also navigate
variation in quality of elements across systems. For example, coding social security numbers
(SSNs) in Ul data is highly accurate because the program relies on records of employment by
SSN to distribute benefits. However, this data element may be less accurately coded in programs
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that do not rely on it for benefit distribution. Data scientists also consider whether data fields

are electronically loaded or manually entered, administrative procedural changes over time, and
differences in data entry patterns by county. Open and regular communication with data providers
and attention to detail on the part of data scientists are required because agencies rarely clearly and
accessibly document such changes and procedures (Brown et al., 2020).

Once data are cleaned and standardized, IRP primarily uses individual identifying characteristics
and demographics—preferably those that are commonly recorded, relatively uniquely identifying,
and unchanging—to accomplish the match-merge. Examples of such identifiers include SSNs and
SSN verification codes; personal identification numbers (PIN) cross-loaded from one data system to
another; and names, sex, dates of birth and death, place of birth, and parent identifiers (first name,
date of birth, and SSN of both mother and father). Race and ethnicity may be used indirectly to
refine name standardization processes.

Some linkages are more challenging than others. For example, young children may be more difficult
to match simply because their data have not been in WADC for long, and their information will
appear in fewer data systems with fewer cross-checking opportunities. Special considerations

are also considered for linking data from Hispanic, Hmong, North African, and Middle Eastern
populations due to commonality of full names and common approximations of birth dates recorded
in US. data systems. In addition, not all systems include the same linking variables.> Again, IRP data
scientists rely on their experience working with the data and observing patterns over time to help
improve the ability to adjust the matching algorithm to such challenges and anomalies.

IRP rebuilds the data source annually, thus allowing for continual improvements in IRP’s ability

to match individuals across systems, drawing on any new data collected. On construction of

the MSPE the data science team is then able to develop additional research files, including (1) a
reduced set of demographic variables (removing uniquely identifying personal information for
purposes of individual anonymity), with the addition of indicators for which data source provided
information, and a constructed (that is, masked) unique PIN; (2) a set of files that allow aggregation
of individuals into administrative cases (as programs define) or family units; and (3) participation
files that provide information on program participation during a specified period. The constructed
unique PIN allows linkages between all aggregation and participation files and the MSPE

As exhibit 2 illustrates, this data model allows analysis of the full universe of cases or individuals
from one source of administrative data, including both those who are included in other systems
and those who are not. Researchers can also easily focus on subsets of individuals who participate
in constellations of programs or services. Thus, this full merging of multiple administrative data
sources, independent of the formulation of specific research questions, significantly broadens the
set of questions that can be addressed.

* The same linking algorithms are applied across all data sources except for Ul benefits and wages. Ul data do not contain
dates of birth, and longer names are truncated. Thus, data scientists are not able to check for a match on date of birth or
count on the completeness of names. Several data sources (for example, Department of Public Instruction, Department of
Corrections, Milwaukee Jail, and Wisconsin Circuit Court Access Program) do not contain SSNs, and SSNs in other data
systems, such as the Statewide Automated Child Welfare Information System and Computer Reporting Network /Income
Maintenance Program (CRN/IMP), have quality concerns. The lack of SSNs in these sources decreases certainty in a match,
although an exact match on name and date of birth enables a high degree of certainty.
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Exhibit 2
——

Wisconsin Administrative Data Core, Data Model

Court records
Criminal convictions
Child support judgements

HMIS
Homelessness Services

KIDS
Child Support Orders
CS Payments

CS Receipts
Paternity Establishment
Divorce

SACWIS
CPS Reports
Out-of-Home Placements

CARES
TANF, SNAP, MA, SSI

’ ) DPI
Childcare Subsidies Enrollment

Attendance
Discipline

Test scores
Graduation

Unemployment Insurance
Wages and Benefits

CARES = Client Assistance for Re-employment and Economic Support. CPS = Child Protective Services. DPI = Department of Public Instruction. HMIS =
Homeless Management Information System. KIDS = Kids Information Data System. MA = Medicaid. SACWIS = Statewide Automated Child Welfare Information
System. SNAP = Supplemental Nutrition Assistance Program. SSI = Supplemental Security Income. TANF = Temporary Assistance for Needy Families.

Source: Authors

Putting Administrative Data to Use

Although the technical challenges of developing a data resource like WADC are substantial,
perhaps even more important are the development and navigation of the partnerships between
data-providing agencies and research organizations. In Wisconsin, it has meant fostering a “logic
of collaboration” that supports both policy development and academic research and recognizes
that such partnerships require infrastructure and resources to support sustained engagement
(exhibit 3). For example, to create the data system, the State of Wisconsin agencies provide data,
IRP provides specialized programming and technical support staff and specialized hard- and
software, and UW provides funding from federal grants and contracts (often in response to joint
UW and agency proposals), state grants and contracts, and foundations. With this engagement,
partnerships can develop trust and a shared understanding of useful and interesting questions,
appropriate methods, and satisfactory answers. Although the authors found Wisconsin to be
somewhat unique in its level of investment in and scope of such partnerships, they believe the
principles guiding such work could be applied in other states and with other universities.
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Exhibit 3
——

Institute for Research on Poverty’s Logic of Collaboration

Local, state, federal Institute for Research
agencies, and other partners on Poverty
Policy issues UW-Madison
Innovative programs University resources
Real-world experience Technical expertise
Data and funding Long-time horizon

Source: authors

Although all projects using this wealth of data must have core policy or practice issues and
questions as a basis for research and be approved by contributing state agencies, UW works in
partnership with the agencies based on a philosophy of “yours, mine, and ours.” Specifically,
partners may identify questions and projects that are of primary interest to an agency but require
the expertise of IRP researchers to answer (yours); projects that may result in generalizable learning
but are of primary interest to IRP researchers (mine); and, optimally, a set of questions and projects
that are of high interest to both researchers and agencies, relevant to each other’s missions, and
responsive to the incentive systems of both academia and public policy (ours). IRP staff work

with researchers to ensure the viability and appropriateness of projects before submitting them

to agencies for approval and work within each data-providing agency’s unique data-governance
structure and data-sharing process.

WADC, which provides a unique resource for agencies that cannot otherwise link and analyze
across systems, sustains state support of data access and funding, and given its uniqueness as a
resource for research that cannot otherwise be completed, sustains commitment and interest of
academic researchers. Constraints also shape the partnerships. Importantly, state agencies are not
permitted to provide data access for research not relevant to the agency’s mission, so researchers
need to accept these limitations and understand and explain the utility of their research. From the
university perspective, academic freedom demands that research results be made public. Funders
do not permit IRP faculty and staff to submit research for “clearance.” However, prior to publication
or presentation, a 30-day review and opportunity for feedback, which authors may address, is

built into all data-sharing agreements. Also, because WADC relies partially on fuzzy matching (that
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is, approximate matching that may consider transposed numbers, nicknames, and so on) and is

a research dataset not meant for operational use (for example, case management or detection of
fraud), IRP is not allowed to return matched data to agencies for legal reasons. Therefore, agencies
must value and accept independence.

To identify questions of interest and support mutually beneficial research, IRP staff and faculty
affiliates engage regularly with agency leadership and staff. For example, IRP supports a state
WADC Advisory Council composed of lead agency data stewards and UW faculty and staff;
participates in regular briefings and opportunities to check in with individual agencies; has
developed sustained research agreements for programs (for example, child support, child welfare,
Medicaid); fields contracts for specific programs, projects, pilots, and funding opportunities;
participates in “Learning Exchanges” with agency leadership and staff; and provides and receives
ad hoc technical assistance (some state-funded, some not). Although significant technical, financial,
and relationship challenges are involved, investing in researcher-practitioner partnerships and
developing linked data systems can lead to a culture of evidence-informed policymaking that is
both beneficial to society and rewarding for researchers.

Early Housing-Related Research With WADC and Limitations

Despite being one of the richest collections of linked administrative data in the country for most

of its existence, WADC included almost no data about housing. No single state agency collects
housing program or homelessness data, and other benefit programs do not require, prioritize, or
verify such information. In limited cases, address data for individuals in public assistance programs
(Client Assistance for Re-employment and Economic Support [CARES]), child support cases

(Kids Information Data System [KIDS]), and child welfare cases (the Statewide Automated Child
Welfare Information System [SACWIS]) could be used for neighborhood analysis but without
specific housing data. In addition, CARES contains an indicator as to whether someone reported
receiving housing assistance, drawn from questionnaires administered to households during initial
enrollment into or renewal of SNAP or TANF benefits.

For example, this indicator allowed for some research suggesting small positive effects of a family’s
initial receipt of housing assistance on students’ subsequent academic achievement. The study

by Carlson et al. (2019) used WADC to develop two analytic comparisons. First, the authors
constructed a “future recipient” comparison group that measured educational outcomes for
children living in households that reported receiving housing assistance compared with data for
the same children up to 4 pretreatment years. The second analysis compared outcomes for children
living in households that reported receiving housing assistance with those of children living in
low-income families who did not receive housing assistance but received other means-tested
benefits, such as SNAP, TANF, or Medicaid. Results suggested modest positive associations between
reported housing assistance receipt and math achievement but not reading achievement (measured
using state standardized test scores). Positive findings were concentrated among African-American
students and more prominent for students whose families received vouchers versus public housing
assistance. Obvious limitations of the study include issues related to reliance on self-reporting of
housing assistance, a limited sample (that is, including only information for families receiving
SNAP or TANF, or both), and potentially incomplete information about the type of housing
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assistance received (for example, the data include no record of whether individuals are living in
publicly subsidized but privately owned housing units, such as via the Low-Income Housing Tax
Credit [LIHTC] program).

Measures of housing assistance that indicate the specific federal program (Housing Choice Voucher,
public housing, and so on) and the length of time in a program are imperative to understanding
population outcomes and interactions with other benefit programs. Relatedly, tracking down
residential moves is a core indicator of housing stability associated with adult and child well-

being outcomes. Generally, survey data from longitudinal studies are used to investigate mobility,
although survey data may underestimate the most mobile households because they are more likely
to be lost due to attrition (Curtis and Warren, 2015). Administrative data are more likely to be able
to observe the most vulnerable families if they continue to receive any public benefits. For example,
a study using WADC data to examine the regular receipt of child support income on housing
outcomes used administrative address data to define mobility and found that more regular child
support receipt, holding the overall amount constant, was negatively associated with any moves

or multiple moves in a year (Curtis and Warren, 2015). The state keeps track of custodial parents’
addresses and updates them when a parent moves or a child support order changes. Researchers
could observe ZIP Code changes, although such changes may underestimate short-distance moves.

Despite such limitations, these few studies point to the potential analytic power of improving the
amount and quality of housing measures in WADC data for policy-relevant analyses. Specifically,
standardized data that allow for the observation of moves, the timing of those moves, participation
in public benefits, release from corrections facilities, participation in child protective services,

and accurate measures of participation in housing assistance programs open the possibility of

a plethora of questions about how housing (stability, housing assistance, location) relates to
well-being outcomes. When combined with appropriate measures of the housing context, these
administrative data can be used to evaluate neighborhood- or community-level outcomes and to
simulate alternative policy scenarios.

Building a Transformational Data Resource to Support Housing Research

To expand the types of applied housing research questions that integrating housing data with other
administrative data could address, a group of IRP researchers acquired competitive funding from
the UW Office of the Vice Chancellor of Research and Graduate Education and the Wisconsin
Alumni Research Foundation. The project, titled “Building a Transformational Data Resource

to Support Housing Research,” sought to (1) dramatically increase the quality and amount of
housing-related data available to researchers via WADC, (2) complete two proof-of-concept
research projects, examining links between receipt of housing assistance and health outcomes and
investigating links between housing stability and school success, and (3) develop infrastructure
(that is, data sharing and expertise) to facilitate pursuit of extramural funding to support further
research in these areas. The overarching goal is to generate knowledge that can evaluate and
improve public policy affecting the lives of low-income families.

Two proof-of-concept papers are in progress, highlighting the value of merging WADC data with
HUD Office of Policy Development and Research’s (PD&R) restricted household-level longitudinal
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tenant data, available through a data license agreement with HUD for these projects. HUDs
administrative data cover all Wisconsin participants in public housing, Housing Choice Voucher,
and multifamily housing programs. Thus, with WADC, researchers can match households that
receive rental assistance under any HUD program with participation in programs such as SNAP

or Medicaid. The authors examine households that received any HUD rental assistance from 2003
to 2020, several years before WADC began collecting Department of Public Instruction data used
for educational outcomes, through the most recent HUD data available at the time of application.
The first paper examines how housing assistance is associated with adult health outcomes in
terms of diabetes management and diabetes-related emergency department visits. The sample
includes all households that participated in Medicaid linked with those who received housing
assistance. Thus, the authors compare those who did not receive housing assistance with those
who did among the Medicaid population. The authors hypothesize that housing assistance receipt
can improve diabetes management and reduce emergency department use for diabetes-related
complications. Participation in HUD’ rental assistance programs can be associated with housing
stability and increased disposable income (because of reduced rental payments). The authors
hypothesize that both the housing stability and income effects should improve health and disease
management, leading to better health outcomes for tenants and systems savings through reduced
emergency department visits. Stable housing reduces daily living stress, enables medication and
disease management, and may also facilitate consistent healthcare use with regular providers.
WADC includes Medicaid Claims data for measures of health management and diabetes-related
hospital admissions and allows for repeated measures capturing income and program participation
in a longitudinal framework, enabling more rigorous analytic approaches to estimate the effect

of housing assistance on adult health outcomes with limited bias. Because income qualifications
for HUD housing assistance and Medicaid are similar, nearly all HUD-assisted households are
Medicaid eligible. However, the health outcomes data are limited to those enrolled in Medicaid and
would, therefore, miss HUD-assisted households not enrolled in Medicaid.

The second paper examines how housing stability is associated with children’s success in school.
Housing instability may operate in several key ways to harm children’ learning and school
performance. First, frequent moves might necessitate frequent changes in children’s schools, which
produce disruptions to the continuity of curriculum and content that children are expected to
learn. Moves also disrupt attachments to teachers and peers who provide a sense of belonging and
foster school success. Second, housing instability is stressful for parents, and the immediate need
for housing may divert attention away from engaging in the types of parent-child interactions that
support children’ learning both in the home and school environments. For example, parents with
unstable housing may spend less time reading to and assisting their children with homework at
home and be less likely to attend school events or meet with teachers compared with parents with
stable housing. As in the first paper, IRP linked HUD housing assistance data to records in WADC
and benefits from the ability to construct a well-matched comparison group by selecting children
in the same school district using inverse probability treatment weighting based on observed
household information and benefit receipt available in WADC data. WADC enables researchers

to examine not just test scores but also other important dimensions of children’s schooling
experiences, such as grade retention, special education placement, attendance, and graduation,
which can help answer nuanced mechanism and policy questions. In addition, the ability to
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investigate questions using a longitudinal framework, observing children’s outcomes several years
after the start of public housing assistance benefits, allows for more rigorous analytic approaches
and the observation of long-term outcomes.

Future Directions and Research Synergies

As the sole federally funded National Research Center on Poverty and Economic Mobility,’ IRPs
research focuses on policies that affect the lives of those households that HUD’ rental programs
also potentially assist and are most at risk of housing instability and extreme housing cost burdens.
Because housing is foundational to a family’s health, well-being, and economic mobility, recent
interest in housing research has increased substantially. The tremendous federal investments in
stable and safe housing and safety net programs during the COVID-19 pandemic recognized

the foundational role of housing. Significant increases in rents, cost burdens, and homelessness

in 2022 and 2023 brought the housing crisis front and center. Thus, researchers face an
unprecedented opportunity to fill the substantial gap in knowledge regarding the effectiveness of
housing assistance programs, their interaction with other social welfare programs, and their effects
on health and well-being.

As described previously, WADC has benefited from partnerships with state agencies that oversee
specific public programs and, therefore, are able to share all program data. The challenge

with capturing housing data is that no state-level equivalent to HUD exists, and data about
homelessness, housing assistance programs, housing quality, and so on are spread across multiple
state agencies, local public housing authorities, and nonprofit organizations—which requires
investing in relationship development with multiple agencies. Long-term partnerships are vital.
Data acquisition and merging are primary steps. However, researcher engagement and skill with
the data and relationships grow over time.

At the interagency level in Wisconsin, bipartisan legislation in 2017 created the Interagency
Council on Homelessness, modeled on the successful U.S. Interagency Council on Homelessness
within the federal government. In addition to participation from the state’s Housing Finance
Authority (Wisconsin Housing and Economic Development Authority) and the state’s Community
Development Block Grant (CDBG) and HOME Investment Partnerships Program allocating agency
(Wisconsin Department of Administration [DOA]), participation includes the U.S. Department

of Veterans Affairs, DCF, Department of Public Instruction, Department of Health Services, and
Department of Corrections in addition to all the Continuums of Care (Dane, Milwaukee, and
Racine Counties and Balance of State). IRP staff and faculty have spoken about housing and
homelessness data and research issues with the Interagency Council, conducted learning exchanges
within its existing state agency relationships, and regularly consulted with agencies on housing-
related issues. These researcher relationships existed beforehand, which allowed for a more formal
engagement with support from the UW Office of the Vice Chancellor of Research and Graduate
Education and the Wisconsin Alumni Research Foundation to build out housing data. The role of
institutional support in fostering research collaborations is very important to acknowledge. IRP

7 IRP is currently engaged in a 5-year (2021-26) cooperative agreement with the Office of the Assistant Secretary for
Planning and Evaluation in the U.S. Department of Health and Human Services to serve as the sole federally funded
National Research Center on Poverty and Economic Mobility in the United States.
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continues to formalize these relationships, and the following outlines two emerging housing data
sources the authors are working to use and integrate into WADC.

First, IRP recently integrated the state’s Homeless Management Information System (HMIS) data via
a data-sharing relationship with the Institute for Community Alliances, a nonprofit organization
providing HMIS training and support for multiple states, including Wisconsin. This new data
partnership allows for research on the effectiveness of rapid rehousing or permanently supportive
housing on client outcomes in health or employment and could also examine the interaction of
housing supports with other programs, such as Medicaid or SNAP. These data could be further
integrated with federal data to examine whether households participating in HUD rental assistance
programs are less likely to use homeless services. These first-order questions offer needed
information about how housing policies and programs interact with other systems and affect well-
being. Another use of these data includes sets of questions examining trajectories of vulnerable
populations over time, the role of state and federal housing, and other social welfare programs on
transitions to community from correctional facilities or child welfare.

The second type of data to integrate is Emergency Rental Assistance (ERA) data. Due to the
COVID-19 emergency and fears that housing instability and mass evictions would accelerate viral
transmission, the federal government imposed an eviction moratorium for nonpayment of rent
and distributed $45 billion in ERA in addition to increased investments through the Coronavirus
Aid, Relief, and Economic Security Act for CDBG, HOME, Emergency Solutions Grants program,
project-based rental assistance, tenant-based rental assistance, and public housing.

In contrast to HUD’ Section 8 platform assistance programs, ERA assistance was not administered
through public housing authorities or HUD’ Office of Multifamily contracts, payment standards
and Fair Market Rents were not in effect, and property owners were not required to submit to Real
Estate Assessment Center inspections. ERA was designed to keep tenants in their current units, and
emergency rental assistance payments did not require tenants to pay 30 percent of income in rent.

The ERA program is likely the most substantial, limited-time, new rental assistance program ever.
For these reasons, careful research on how funds were distributed and the effects of ERA programs
on housing markets, housing stability, and household outcomes can serve to inform future policy
approaches to keep renting families safely and stably housed.

Because so many factors were changing simultaneously, larger research studies with adequate
power and variables to control for household and housing market-level variation are necessary

to disentangle the direct and indirect effects of ERA programs. The existing WADC institutional
structures, relationships, and “know-how” mean such efforts are well positioned to bring in local-
level ERA data to understand how these housing funds affected well-being and provide evidence-
based research for housing policy development.

In addition to integrating HMIS and ERA data into WADC, future possibilities could include tenant
household data from LIHTC units (such as from HUD form 52697), Low Income Home Energy
Assistance Program recipient information from Wisconsin DOA, and eviction filings and court
data from the Wisconsin Circuit Court Access Program. Each of these data sources has unique
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challenges and data restrictions, and the authors have not yet negotiated data use agreements with
the relevant state agencies. However, the primary reason to acquire housing data and merge it with
WADC is because, without accounting for the housing environment, the authors argue that social
scientists, policymakers, and community planners have an incomplete understanding of the lives,
well-being, and capacities of the communities they serve. Home is the essential living space for life
activities and deserves rigorous focus.

Ongoing Challenges and Opportunities

Although WADC has the potential to be a transformational resource for housing research,
significant challenges to using it effectively remain. Each new housing data source the authors
integrate comes with a significant learning curve as programmers, primary researchers, and
students learn how to work with the new information. In addition, significant investments

in developing trusting relationships with data-providing agencies remain key to maintaining
functional researcher-practitioner partnerships (above and beyond the technical “know how”
required to maintain the data resource). It is often a smart strategy to seek mutually agreed on,
important policy-relevant questions that can begin the process of using the data. Partnerships
are vital because additional funding must be identified and secured for analyses to proceed. The
Institute for Research on Poverty provides the mechanism to keep all partners engaged—sometimes
during very long periods—as appropriate funding mechanisms, scholars, and questions are
negotiated collaboratively.

To access WADC, current data-sharing agreements require collaboration with a University

of Wisconsin researcher. The authors envision potential partnerships with researchers from

other states or partnering with researchers interested in using WADC data across at least three
policy research categories. First, for poverty and social welfare researchers, the authors hope to
demonstrate that incorporating housing data and investigating interactions with housing programs
is necessary to study and affect human well-being. Second, the medical and healthcare fields

show tremendous interest in understanding housing as one of the social determinants of health.
The authors hope to demonstrate methods of integrating housing assistance data with program
participation data such as Medicaid. Third, the authors imagine that the network of housing
researchers will begin to appreciate why data linkages to other programs, such as SNAP or U,

are needed to understand and improve the multifaceted program and policy environment that
economically vulnerable families experience. The authors are excited that HUD PD&R has made
available restricted tenant household data for integration with other administrative data, subject to
data-use agreements and privacy protections. The authors hope to encourage researchers across a
range of disciplines and policy domains to consider using HUD's data resources and develop their
own data core models with state agencies. The authors are also hopeful that cross-state work can
allow productive collaborations to answer pressing questions about housing and the other policies
and programs that support our populations, with cities, states, and localities as policy laboratories.

* See IRPs WADC webpage for more information about partnering with UW researchers to use WADC data
https://www.irpwisc.edu/wadc/.
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Abstract

Studies have extensively explored the neighborhood effects on low-income families’ welfare and the future
outcomes of their children. These studies have motivated public policy at various levels to encourage
“moving to opportunity”—improving access to affordable housing in neighborhoods with better resources.
This study constructs a comprehensive Neighborhood Resource Index score for assessing the resource levels
of neighborhoods in New York State. This index is based entirely on publicly available data and accounts
for variations in the density and urban nature of different regions actoss the state. The article uses this
index score to explore the placement of affordable housing built with support from Low-Income Housing
Tax Credits. It demonstrates the applicability of the index in improving daccess to affordable housing in
well-resourced areas. The findings indicate that although units have been disproportionately built in
lower-score neighborhoods, policies and initiatives, such as those employed by New York State, can offer
strategies for increasing the amount of affordable housing in neighborhoods with higher resource scores.
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Introduction

An extensive body of scholarship documents the advantages of living in better-resourced
neighborhoods for low-income families. The significance of neighborhood characteristics has
motivated a number of federal initiatives, such as Moving to Opportunity by the U.S. Department

of Housing and Urban Development (HUD).! This study introduces a comprehensive methodology
for quantifying neighborhood resources. It then demonstrates the practical applicability of this
methodology by documenting the distribution of newly built units—specifically those that used Low-
Income Housing Tax Credits (LIHTC)—in well-resourced neighborhoods across New York State.

The Low-Income Housing Tax Credit is the largest program to promote the development and
preservation of affordable housing in the United States. It encourages the development of rental
units for low-income families by providing tax credits to private-sector builders. Nationwide, the
program has helped produce more than 3.5 million affordable units since its inception in 1986
(HUD, 2023). To analyze the placement of new affordable homes in well-resourced areas, this
study takes advantage of administrative LIHTC data made available to the authors through the New
York State Homes and Community Renewal (HCR; New York State’s affordable housing agency).
These data include the universe of properties that received tax credits administered by New York
State since its beginning in the late 1980s.” To construct an index score of neighborhood resource
levels, the study uses data from the U.S. Census Bureau and other sources at the census tract level.
This article builds on HCR's prior efforts to identify well-resourced areas based on poverty rates
and educational outcomes. It expands that measure by constructing a composite index score for
each neighborhood that is an aggregate of multiple neighborhood characteristics. The metrics for
neighborhood resource level and the structure of the indexed score presented in this article are
generally modeled after the Child Opportunity Index (Acevedo-Garcia et al., 2014). To account for
regional variations in urban settings and population densities across the state, the Neighborhood
Resource Index is constructed separately for four distinct regions. The study overlays a sample

of state-administered LIHTC properties on neighborhoods and analyzes the placement of those
properties in high- versus low-resourced neighborhoods.

This article proposes an index of neighborhood resource levels that employs a diverse set of
indicators of local economic and other conditions, thereby alleviating potential inaccuracies that
may arise from relying merely on official poverty rates in measuring neighborhood resourcefulness.
This index score relies entirely on publicly available data and, therefore, can be updated annually.
This feature is especially important for devising new policies and updating the existing ones
according to the most recent data available.

The article’s analysis of LIHTC developments indicates that units have been disproportionately
built in a relatively small concentration of neighborhoods that have lower resource scores, although
analysis of recent data suggests an expansion of the areas in which LIHTC units are built, including
more well-resourced areas. This distribution in LIHTC units is not unique to New York and exists

! See https://www.hud.gov/programdescription/mto.

* A part of New York State’s tax credit allocation authority is granted to the city of New York. Both HCR and New York City’s
housing agencies finance LIHTC projects within New York City through separate programs. This study only looks at LIHTC
projects financed by the State.
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across the country. New York has been proactive in creating avenues of access to better-resourced
neighborhoods—and equity in access to resources more generally—through the LIHTC program
and other complementary initiatives.

The article proceeds as follows: Review of Theoretical and Empirical Literature reviews three areas
of scholarship that are related to moving to well-resourced areas; Prior Work Done by New York
State summarizes HCR’ recent efforts to facilitate more units in higher-resourced areas; Data and
Methodology introduces the data sources and methodology for generating neighborhood resource
scores; Discussion of Findings presents the analyses and findings; and Conclusions summarizes the
findings and concludes with some policy recommendations.

Review of Theoretical and Empirical Literature

This article’s exploration of affordable housing in highly resourced areas encompasses three
domains of scholarship: (1) advantages of living in well-resourced neighborhoods for children

of lower-income families; (2) evaluation of LIHTC as a program; and (3) the role of local zoning
codes in potentially limiting multifamily developments. This section provides a brief review of the
literature in each of those areas.

Place-Based Attributes and Outcomes for Children

The economics research documenting the impacts of locational attributes on children’s future
outcomes is immense. Pioneering theories dating back to the 1960s explored the extent to which
community factors influence individual socioeconomic success (see Jencks and Mayer, 1990,

for a thorough review of early studies).’ Social scientists have theorized that living in a well-
resourced neighborhood results in better future outcomes through such mechanisms as peer and
adult influences. Over time, and with the spread of computer software, the empirical work has
been extended to test these theories in different settings and uses a diverse array of indicators for
measuring both well-resourced neighborhoods and future outcomes.

Neighborhoods that provide better opportunities for children have been characterized by a
comprehensive list of economic and social attributes. The most frequently used factors in research
studies include crime and poverty rates; access to public transportation (de Souza Briggs, Popkin,
and Goering, 2010); access to high-performing schools (McClure and Schwartz, 2021); local
employment rates, demographics, and socioeconomic status (Ellen, Horn, and Kuai, 2018; Lens,
2014); and local income diversity (Chetty et al., 2022). Similarly, researchers have used economic
and social attributes to measure future outcomes. Economic indicators include, but are not limited
to, job earnings, upward mobility (Chetty and Hendren, 2015), and college attendance (Chetty e.
al., 2011; 2018). Social factors include family structure (Chetty et al., 2016), teenage pregnancy,
and incarceration (Pollakowski et al., 2022).

Two prominent examples of more recent scholarship motivate this article’s definition of well-
resourced areas in this article: The Opportunity Atlas by Raj Chetty and colleagues (2018) and the

3 Generally, Jencks and Mayer (1990) categorized the studies that address such influences into those that study the
advantages, disadvantages, and irrelevance of living near advantaged neighbors.
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Child Opportunity Index developed by Acevedo-Garcia and colleagues (2014). Chetty and colleagues
follow a nationally representative sample of over 20 million children born between 1978 and 1983,
and they provide estimates for earnings and other outcomes based on the characteristics of the
census tracts in which the children grew up—characteristics such as household income, poverty
rate, racial composition, and population density. Similarly, the Child Opportunity Index ranks

census tracts based on the “pathways, through which neighborhood environments influence child
development” (Acevedo-Garcia et al., 2014; 7). These pathways include indicators such as high
school graduation rates, access to green space, commute duration, and public assistance rate. Both
studies acknowledge the role of neighborhood quality in child outcomes and assess that quality
using a number of place-based attributes, which is generally the approach in this article, too.

Another strand of the scholarship on the role of neighborhoods in future outcomes addresses

the barriers to neighborhood choice and explores ways to overcome those barriers. Bergman and
colleagues (2019) found that the provision of information, alongside ongoing assistance and
counseling services, significantly improves households’ likelihood of moving to well-resourced areas.
Other studies (e.g., Godinez-Puig, Garriga, and Freemark, 2023) show that a lack of affordable
housing options in high-opportunity areas explains the lower rates of low-income households
moving to such neighborhoods. This latter literature, to which this article primarily contributes,
raises another question: Why is affordable housing scarce in areas with greater resources?

Low-Income Housing Tax Credit and Its Challenges

Numerous programs, tax breaks, and funding sources support the provision of affordable housing
at local, state, and federal levels.* The largest subsidy for the development or preservation of low-
income rental housing is the LIHTC, a provision of the Internal Revenue Code created as part of
the Tax Reform Act of 1986. LIHTC has subsidized the development or preservation of over 3.5
million units in 52,000 buildings across the United States through 2021 (HUD, 2023). In New
York State, LIHTC subsidies have helped finance the development of at least 304,000 units since
inception,” which make up roughly 10 percent of all multifamily rental units in the state and
surpass the number of public housing units by 56 percent.

Investors in affordable housing development claim LIHTC against their federal income tax
liability. The federal government allocates LIHTC funds to state housing agencies, usually a state
housing finance agency (HFA), based on state populations.® State housing agencies then award
credits to individual developments based on a Qualified Allocation Plan (QAP) that sets out the
state’s eligibility criteria and other priorities. The amount of credits awarded to a project is based
primarily on the construction costs (which generally include the cost of development minus land
price), location, and the proportion of units set aside for tenants from different income categories,
with bonuses given for additional criteria or priorities set forth in the QAP. State QAPs can play

* Major subsidies for affordable housing are provided by the federal government and administered by state and local
overnments in the form of block grants or allocations. Some examples include public housing, rent payment assistance for

g g P p g pay

tenants (Housing Choice Vouchers), or assistance for rural housing.

> This figure includes both New York State and the city of New York’s LIHTC programs since the inception of the program,
including developments that have since left supervision.

® Allocations were originally set at $1.25 per capita, but they were subsequently increased to $1.75 in 2002 and $2.20 in
2008, and they were pegged to inflation. As of this writing, state allocations are at $2.75 per person.
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a significant role in shaping the siting patterns of affordable housing (Ellen, Horn, and Kuai,
2018). Whereas much of the eligibility and allocation criteria for LIHTC is set in federal statute,
HFAs have some discretion in what types of projects get prioritized. For instance, federal statute
encourages developments in areas with high housing costs or large populations below the poverty
line by offering additional credits for projects in these areas (defined by statute). State HFAs may
choose to offer additional credits or set aside credits to meet specific state housing goals, such as
serving special populations or increasing access to affordable housing in well-resourced areas. A
smaller version of the credit is available to all properties financed through federally tax-exempt
Private Activity Bonds.” In the case of New York State, both credit allocations and Private Activity
Bond financing are administered by HCR.

Developments must set the rent for at least 20 percent of their units as affordable to low-income
tenants to be eligible for LIHTC.* Tax credits are awarded over the course of 10 years, and buildings
must maintain affordability for at least 15 years after being put in use.’

Once the development costs are estimated, real estate investors consider the amount of tax credits,
other tax benefits, and possible profits if the property is sold. LIHTC investors are usually large
financial institutions that buy tax credits assembled from multiple developments. Assembling the
credits is done by for-profit or nonprofit entities called syndicators who charge a portion of the
credit for their service fees. Developers who sell the credits to the investors use the proceeds as
equity in the development. As the structure of the subsidy implies, a portion of every LIHTC credit
goes toward investment returns and syndication fees.

Researchers have identified several shortcomings of LIHTC. Regarding the subsidy’s primary

goal of expanding affordability, some have argued that LIHTC can be inferior to other forms of
subsidy that are tied to the tenant’s income, such as housing vouchers or public housing (Eriksen,
2009). Unlike those programs, LIHTC rents are independent of changes in the tenant’s income.
Therefore, in instances where the Area Median Income grows faster than the tenant’s income, rent
can become burdensome. Scholars have also argued that the subsidy in its current form does not
provide incentives for developers to target the lowest income groups, especially in higher-cost areas
(Schwartz, 2010).

LIHTC has also been subjected to criticisms about inefficiency (Clancy, 1990; Stegman, 1991).
As briefly mentioned previously, the full amount of every LTHTC dollar given out by the federal
government does not reach low-income tenants because investor profits and syndication fees are

7 The smaller version of the credit associated with Private Activity Bond deals is commonly known as the “4 percent” credit,
as opposed to the full “9 percent” credit. These names refer to the proportion of covered project costs that can be claimed
each year over the course of a 10-year credit period.

8 Affordability is defined as rent being at or below 50 percent of the Area Median Income (AMI). Alternatively, 30 percent of
units can be set aside for tenants with incomes at 60 percent of AMI.

? For new construction and substantial rehabilitation projects, the 10-year credit is calculated based on 70 percent of the
present value of a project’s qualified costs, which translates to 9 percent annually. Projects that receive other federal subsidies
or tax-exempt financing (in addition to LIHTC) are eligible for smaller subsidies based on 30 percent of the present value

of their qualified costs, amounting to approximately 4 percent annually. The Revenue Reconciliation Act of 1989 requires
properties to maintain their affordability for an additional 15 years after the first one expires.
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deducted.” As exemplified by the financial crisis of 2008, tax credits may lose their attractiveness
for investors in times of economic (or other) shocks (Schwartz, 2010), cutting developers short of
sufficient equity for producing affordable housing. Scholars have argued that during such times,
LIHTC can be costlier than the units the market would have generated without the subsidies
(Eriksen and Lang, 2018). Another risk becomes apparent in high-inflation periods. In such
periods, inflation drives up prices of building materials and makes affordable housing development
costlier than usual. Because the Federal Reserve usually responds to inflationary risks by increasing
interest rates, securing mortgages without other sources of financing becomes more difficult for
below-market rental projects (Capps, 2023). This circumstance can burden states with the need

for providing additional subsidies or force developers to allocate smaller shares of new units to
affordable housing.

Units supported by LIHTC are also found to be challenging to maintain in the long run. Almost
any residential building would need physical improvement and upgrading of major systems one
or two decades after being put in service, which can be challenging for LIHTC buildings with very
low-income tenants. In such cases, the rent income is not large enough to support refinancing the
property and paying for the necessary repairs (Schwartz and Melendez, 2008). States have been
increasingly providing new tax credits and tax-exempt bonds for these purposes, although this
forces them to choose between financing new units and preserving existing ones.

Scholars have also noted an imbalanced spatial distribution of units supported by LIHTC
nationally. According to Climaco and colleagues (2009), as of 20006, 35 percent of tax credit units
were located in areas with 30 percent or more of their populations below the poverty line, and
44 percent of tax credit units were in tracts with over 50 percent minority populations (those
proportions for all rental units pooled together during that same period were 21 and 32 percent,
respectively). However, scholars have also argued that there can be an upside to placing LTHTC
projects in low-income neighborhoods because LTHTC tenants usually have incomes above the
poverty line and can improve average local income levels (Schwartz, 2010).

In summary, the academic literature on LIHTC highlights some of the reasons behind the scarcity
of affordable housing in well-resourced areas. One reason may be that the tax credits can be less
cost-effective, especially in higher-cost areas or when a larger portion of the credit is deducted
from profits and fees. Furthermore, the cost of building new LIHTC units can be influenced

by macroeconomic dynamics and other factors that may be beyond states’ control. Maintaining
existing units may also be difficult without additional subsidies. These factors, however, do not
fully explain why low-income units are less likely to be built in areas with greater resources. The
following section reviews the literature on another possible explanation: Zoning.

12 In the subsidy’ early years, the price paid by investors for every dollar of LIHTC credit was as low as $0.40. However,

as the program became more familiar and was made permanent by Congress in 1993, investors have been willing to pay
much more, and the price has even exceeded $1.00 at times, including the period leading to the Great Recession and more
recently during 2015-16. Before the COVID-19 pandemic, the equity price of each LIHTC credit was about $0.93, and
most recently it is $0.90.
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Municipal Land Use Regulations and Low-Income Housing

Zoning regulations in America are defined by shielding residential land use in general, and
low-density single-family functions in particular, from other forms of land use (Hirt, 2014)."* A
half-century ago, such protective approaches tended to be justified based on the negative outcomes
of metropolitan growth, such as air pollution or traffic congestion (Tolley, 1974). However, many
examples of dense urban areas have shown much greater gains from agglomeration efficiencies—
including reduced costs of transporting goods and access to service, specialization of human
capital, and knowledge spillovers. Ellickson (2022) provides a summary of studies related to
agglomeration efficiency. Therefore, the persistence of zoning most likely has to do with more than
protecting environmental quality.

After more than a century since their inception, local zoning ordinances still govern what gets
built and where it gets built. The endurance of zoning regulations in American cities is primarily
due to their function as the protector of private property values, especially of detached single-
family homes.” Higher property values are favored not only by property owners but also by

local governments, for whom property tax revenues are the lifeline in providing basic services

and fulfilling political promises (Bassett, 1922; Fischler, 1998). This arrangement was coined by
William Fischel (2005) as the “homevoter theory,” and it has been studied by various scholars (e.g.,
Been, Madar, and McDonnell, 2014).

Social science scholars have frequently criticized zoning practices for various reasons. Most
prominently, the separation of low-density residential districts has been argued to segregate people
by class, race, and gender (Haar and Kayden, 1989; Micklow, 2008) and limit diversity and
interaction (Jacobs, 1961). Detached single-family zoning is also shown to cause environmental
damage by requiring wasteful infrastructure extensions and imposing higher maintenance costs
and longer commute times (Schuetz, 2022).

Also relevant to this article is the economics literature on the effect of zoning ordinances on
housing prices. This literature employs classical supply and demand frameworks to explain how
zoning restrictions inflate housing prices and make housing unaffordable by putting a cap on
supply (Been, Ellen, and O'Regan, 2019; Glaeser and Gyourko, 2002; Quigley and Raphael, 2004;
Saiz, 2010). Based on this argument, policymakers have prescribed boosting housing supply in
low-density areas as a remedy to housing affordability issues,” with the assumption that newly
built units will be occupied by higher-income households, and lower-income households would be
able to afford older units through the filtering process (Mast, 2023). However, empirical research

'"'In a survey of zoning ordinances of 25 of the largest 50 cities in the U.S., Hirt (2014) finds that 15 cities impose an
absolute ban on business functions in residential areas. Across the cities that keep residential and business land uses
completely separate, the overwhelming majority of the residential districts are low-density, ranging from 73 percent in
Atlanta, Georgia, to 90 percent in Cleveland, Ohio, to nearly 100 percent in El Paso, Texas.

'2 Pioneering arguments for citywide zoning codes often presented the protection of property values as a tool to enhance
equity by distributing the gains among the American masses rather than a few (Bassett, 1922). In practice, however,
zoning codes have served the benefits of homeowners and businessowners over those of low-income renters. For various
discussions of this topic in cities like New York, Chicago, Pittsburg, and others, see Fischel (2004).

1 California and Massachusetts have implemented laws known as “builder’s remedy,” which generally allow developers
to bypass the local/municipal authority to reject their applications as long as they achieve certain development goals. For
California, see Elmendorf (2022). For Massachusetts, see Reid, Galante, and Weinstein-Carnes (2016).
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is inconclusive about whether building more housing per se would address affordability issues.
Some studies have found that new construction can even lead to higher home values nearby
through amenity and aesthetic effects (Zahirovich-Herbert and Gibler, 2014), whereas some others
argue that building new units would reduce rents in the surrounding area and limit displacement
(Asquith, Mast, and Reed, 2019; Li, 2022). Even when new construction is found to lower rents
and improve affordability, outcomes can vary by housing market segment, affecting the higher end
of the market more than others (Stacy et al., 2023). The growing significance of affordability in
the pro-supply discourse has urged many government entities to specifically encourage affordable
housing in jurisdictions with restrictive zoning and isolated low-density land use districts. More
than 500 inclusionary zoning programs across the country represent these efforts to promote
affordable housing through mandatory or voluntary zoning reforms, although their effectiveness
has been subject to criticism (Hickey, Sturtevant, and Thaden, 2014).

Despite all the policy efforts, zoning regulations continue to be a key element in the disparate
distribution of low-income and/or multifamily housing development across the country.

Prior Work Done by New York State

Defining Well-Resourced Areas

New York State’s 2016 Analysis of Impediments to Fair Housing Choice (2016 A-1) took a
proactive, data-driven approach to understanding the spatial distribution of new affordable rental
housing construction in the state. In this article, HCR identified 2,062 Census tracts in 59 of the
state’s 62 counties as potentially likely to provide educational and other opportunities for lower-
income families and their children. This effort was informed by findings from HUD’s Moving to
Opportunity (MTO) research and other related studies (see Chetty, Hendren, and Katz, 2016;
Turner, 2011). The 2016 A-I found a lack of affordable housing in well-resourced neighborhoods,
and this shortage contributed to a disparity in access to valuable community assets. The agency
subsequently began developing a standard methodology for identifying “opportunity census tracts,”
later renamed Well-Resourced Areas (WRA).

The agency published WRA designations in 2018 with a binary “in-or-out” structure, meaning
that tracts were deemed either well-resourced or not. The criteria relied on two measures: the
poverty rate as calculated by the U.S. Department of Commerce and a relative measure of school
performance using New York State Education Department (NYSED) testing data in reading and
math (see more details in the Tract-Level Data and Opportunity Metrics section of this article). The
decision to use a relatively simple, binary designation was intended to keep the designation easy to
understand and predict for the agency program staff and affordable housing developers.

Since 2018, HCR has updated the list of WRA tracts twice in 2020 and 2023. Exhibit 1 presents
the share of WRA tracts in the three cycles.
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Exhibit 1
I
Number of Well-Resourced Area Tracts as Defined by New York State Homes and Community Renewal
2018 Tracts 2020 Tracts 2023 Tracts
WRA Total % WRA Total % WRA Total %
1,447 4,900 30 1,432 4,900 29 1,786 5,411 33

WRA = Well-Resourced Areas.
Sources: American Community Survey 5-year estimates, 2021; New York State Education Department, Annual English Language Arts and Mathematics Data
Reporting, Grades 3-8

Incorporation of Well-Resourced Areas into HCR Programs

In recent years, HCR has increasingly incorporated WRA designations in its programs to further
encourage developments in well-resourced neighborhoods. The agency amended its Qualified
Allocation Plans (QAP)* for the federal LTHTC in 2019 and 2021 to define the construction of
new multifamily rental housing in WRAs as a “State Housing Goal.” HCR set aside a subset of its
multifamily housing capital funding budget specifically for developments in these tracts. The agency
has also adjusted its 2021 QAP—their section on Project Scoring and Ranking Criteria (Item F)—
to assign five points to “Housing Opportunity,” or building a project in a high-opportunity area.”
Furthermore, the State’s attention to well-resourced areas is also reflected in its most recent Request
for Proposals for LIHTC in 2022. This document specifically mentions that Housing Opportunity
Projects (HOP)—developments located in WRAs—may qualify for a 30-percent boost to their base
credit amount (New York State Division of Housing and Community Renewal, 2022; 14).

The State’s latest Assessment of Fair Housing made reference to HCR’s use of federal housing
subsidies (including HUD capital funding, vouchers, and LIHTC credits) to support new affordable
multifamily rental housing in areas of high opportunity. The assessment considered multiple
definitions of “areas of high opportunity,” including grouping census tracts by the agency’s
designated WRAs. The assessment found that HCR’ portfolio of newly awarded LIHTC projects
from the period 2015-20 was concentrated in non-WRA census tracts, but it also noted a growing
number of new units financed in WRAs. Exhibit 2 summarizes the share of LIHTC units in WRA
and other neighborhoods (New York State Division of Housing and Community Renewal, 2016).

Exhibit 2
——

Concentrations of 2015-20 LIHTC Construction Starts in WRA vs. Non-WRA Tracts
Multifamily Units  Multifamily Units, New Multifamily Units,

(2015-20) per Construction (2015-20) Rehabilitation (2015-20) Hou.I::::)I ds
1,000 Households  per 1,000 Households per 1,000 Households
WRA 1.51 1.23 0.29 2,608,767
Non-WRA 10.68 5.32 5.36 4,634,320

LIHTC = Low-Income Housing Tax Credit. WRA = Well-Resourced Areas.
Sources: Administrative data from New York State Division of Housing and Community Renewal (DHCR) and New York State Housing Finance Agency

'* The Internal Revenue Code (Section 42(m)(1)(B)) requires all housing credit agencies, including New York State, to
prepare and adopt Qualified Action Plans for each funding round. This document generally lays out the agency’s housing
goals and priorities, and the criteria used for giving preference in allocating housing credits to selected project types.

" Low-Income Housing Credit Qualified Action Plan, 9 CRR-NY 2040.14 (2021).
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Data and Methodology

This article combines two sets of data to develop the Neighborhood Resource Index and explore
the placement of low-income multifamily homes in high-resource areas. These data sets are (1)
administrative data on all newly constructed multifamily housing in New York State that benefited
from state-administered LIHTC and (2) census tract-level data from various sources.

Administrative Data

The pool of LIHTC properties used in this article is a subset of all properties that have ever used
state-administered LTHTC credits in New York State since the program’s inception. Therefore,

any reference to LIHTC properties in this article concerns only properties that received LIHTC
through New York State, unless otherwise noted. In order to assess developers’ decisions about the
siting of low-income housing, this subset includes only new construction projects and excludes
rehabilitation or preexisting properties. The study sample includes properties financed only by
LIHTC credits and those that combined credits with other sources of capital financing from the
state. The study sample excludes any LIHTC properties financed solely by entities other than HCR.
The data also provide the number of units within each property, which can be a combination of
subsidized and market-rate units.

One of the challenges of working with this dataset is determining a time identifier (e.g., year) for
each property. The development process for residential properties usually spans multiple years
and can be even longer for developments that use public financing and tax credits, especially
when low-income developments face local opposition. The state’s data management system stores
several time identifiers for each project, including construction start, issuance of the certificate of
occupancy, and a “placed in service” date. However, the data do not provide specific information
about when siting decisions were made. Among the date variables available, the construction start
date is closest to the beginning of the development’s process, so that variable becomes the basis for
assigning “year” values to the buildings.

The LIHTC sample include 4,180 newly constructed buildings since 1988 that were financed

by tax credits administered by the state. When analyzed on their own, LIHTC properties are
considered in their entire history, but in most cases, when analyzed in relation to their hosting
census tracts, the sample is limited to 2015-23. The reason is twofold: First, as mentioned
previously, New York State became more proactive in 2016 in its focus on well-resourced
neighborhoods; second, from a methodological standpoint, the metrics of neighborhood resources
rely mostly on 5-year average data that cover the period of 2016 through 2021, so they may not
reliably represent the conditions of the neighborhoods where projects were built many years
earlier. Given the article’s approach to assigning year values to properties, it is possible that siting
decisions for developments in the earlier part of the study period were made before 2015, but

in the absence of a more accurate date identifier, the analysis uses 2015 as the cut-off point. This
trimmed sample includes projects built after 2015 and has 1,425 observations. Exhibit 3 presents
summary statistics of the state-administered LIHTC sample.

90 Local Data for Local Action



Promoting Affordable Housing in Well-Resourced Neighborhoods:
A Regional Approach to Assessing Neighborhood Resources in New York State

Exhibit 3
——

LITHC Properties in New York State

Share of Income-

Number of Number Nugl‘:::(()ill'n:_re) Restricted Units in
Buildings of Units Restricted Units Averag(e‘a)/B)undmg
0
1988-2014 2,735 57,743 52,973 (91.7) 94.9
2015-23 1,425 48,015 39,219 (81.7) 84.9

Source: Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credlits (LIHTC) data

Tract-Level Data and Opportunity Metrics

As briefly mentioned in previous sections, HCR’ earlier definition of Well-Resourced Areas was
based on two indicators: poverty rates and school test scores, motivated by work done by Chetty
and colleagues (Chetty, Hendren, and Katz, 2016). According to that methodology, a census tract
would be designated as WRA if (1) its poverty rate is lower than 10 percent and (2) its share

of students rated proficient on mathematics and English Language Arts (ELA) tests exceeds the
state’s median. More specifically, the latter indicator captured the proportion of students in third
through eighth grades scoring in the top two tiers of proficiency in each tract over the last 5 years,
compared with the median proportion of proficient students across the entire state. This method
was also based on a binary designation, with which census tracts were either designated as WRA
or not. In its most recent iteration, this approach resulted in 1,606 census tracts qualifying as WRA
out of the state’s total of 4,900.1

These two criteria (poverty and test scores) are widely used in similar studies and usually embody
many other implicit characteristics of places. For example, poverty can be highly correlated with
the average educational attainment or unemployment rate of the neighborhood. However, a
number of challenges and limitations motivated the authors to expand the previous work on WRA
designation, as described in the following.

With regard to the school test score data, although they provide a widely accepted publicly
available measure of school quality, the availability and nature of the data were noticeably
disrupted by the COVID-19 pandemic. Educational assessments were not conducted in 2020, and
subsequent assessments featured significantly lower participation rates than previous years, to the
extent that the 2022 data were considered unreliable by the New York State Education Department
(NYSED, 2022). In addition, the increasing number of students who opted out of standardized
tests was another threat to test-score data credibility in terms of representing the state’s students
(Harris and Fessenden, 2015). These limitations necessitated using additional metrics to augment
understanding of a neighborhood’ education quality. These measures are described in the
following section.

1o The original analysis was using the Census Bureau’s 2010 definition of census tract boundaries, when the total number
of tracts in New York State was 4,900. According to the 2020 Census, which is used in the current study, the state includes
5,411 tracts.
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Secondly, the nature of neighborhoods, and therefore ways of measuring their opportunity levels,
can differ between dense urban areas like New York City, where an average of 31 people live in
each acre of land, and small rural areas, with 1 resident living on every 10 acres. Within this
context of diverse urban settings, the poverty rate—as a proxy for a multitude of other place-based
characteristics—performs differently in different regions. Exhibit 4 shows two examples of this
variation: Poverty rate at the tract level is more strongly correlated with educational attainment or
unemployment rate in “suburban” New York State (the area comprised mostly of New York City’s
metropolitan area excluding the city itself) than in New York City or the state’s rural areas.'”

Exhibit 4

I
Correlation Between Poverty Rates and Other Neighborhood Attributes by Region

1.00
0.80
0.60
0.44 0.39
0.40 : 0.33
0.25
0.20
0.00
Share of Residents with High Unemployment Rate
School Education or Less
B Suburban New York [ New York City [ Rural New York

Source: American Community Survey 5-year estimates, 2021

To address the challenges imposed by the unavailability of reliable test score data and the regional
variations in the correlation between poverty rate and other socioeconomic attributes, this study
takes two steps: First, it broadens the number of indicators for neighborhood opportunity scores.
After much testing and reviewing the available literature, the authors increased the number of
indicators from the 2 original indicators to 24. These indicators were organized into four broad
domains: income and employment; education; demographics; and housing and local amenities.
The authors modeled the set of indicators and their classification generally after the categories used
in the Child Opportunity Index and added new or more nuanced indicators in each domain.

The second remedy to potential risks of data unavailability was to classify neighborhoods into four
groups according to their urban setting rather than treating them all similarly. This strategy aims
to measure neighborhoods’ resource levels relative to their regional contexts and counterparts.

The authors’ guide in classifying neighborhoods by region is the HUD Entitlement Communities,
which are counties, major metropolitan areas, and cities with sizable populations eligible for

'7 For brevity, the article only presents the two examples of high school education and unemployment rate, but variation in
poverty’s correlation with other economic and social factors runs across many more indicators.
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the Community Development Block Grant (CDBG) program.' In addition to identifying New
York State’s nonurban areas in this way, the study further subdivides the urban areas based on
population densities. Exhibits 5 and 6 present the four regions and their characteristics.

Exhibit 5

|
Four Regions Based on Urban Density

Region Number of Total_ Population Density

Census Tracts Population (persons per acre)
Downstate excluding New York City 980 4,057,833 2.58
New York City 2,237 8,238,733 31.05
Upstate Urban 1,013 3,365,462 1.12
Upstate Rural 1,046 3,348,282 0.12

Source: American Community Survey 2021 5-year estimates

Exhibit 6

|
Four Classes of Neighborhoods Across New York State

State Regions

Downstate Outside NYC
I NYC
Upstate Rural
B upstate Urban
Neighborhoods (Census Tracts)

Union
Binghamton

Hempstead

NYC = New York City.
Source: Authors’ categorization of New York State regions guided by HUD Entitlement Communities

'8 For detailed information on Entitlement Communities, see https://www.hud.gov/program_offices/comm_planning/cdbg/
entitlement-program.
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The following section lays out the data sources for the four domains of neighborhood
resourcefulness, and exhibit 7 provides the complete list of indicators.

A. Income and Employment. This group of indicators is motivated either by HCR’s prior
work to identify WRA tracts or other similar indices, such as the Child Opportunity Index
(COI). The Income and Employment domain includes indicators for poverty rate, level of
reliance on cash transfers, labor force participation and unemployment rates, commute times, and
the socioeconomic status of the residents and the workforce. The latter set of indicators, including
metrics like the proportion of high-wage earners living in the tract, are inspired by findings
from Chetty et al. (2022) that attest to the positive impact of growing up among employed
adults on children’s future outcomes.

Indicators in this category are constructed using data from the Census Bureau’s American
Community Survey (ACS) 5-year estimates for 2021 (the most recent year available as

of this writing). For the workforce metrics, the authors used tract-level data from the
Longitudinal Employer-Household Dynamics (LEHD), which is also a Census Bureau
product providing information about the labor force in their tracts of residence. The latest
year available for LEHD is 2020.

B. Education. In addition to using standardized test scores, the study includes a number of
other indicators for approximating neighborhood educational qualities. Given the need for
HCR to update the Neighborhood Resource Index with new data annually, the authors use
publicly available data and construct indicators that approximate students, schools, and
neighborhoods’ educational performance. Those indicators are student poverty, class size, school
district funding, state aid to cover revenue gaps, and the share of proficient students in math and ELA.

In constructing the education indicators, the authors had to resolve the geographical
mismatch inherent to the data. The education data used in the analysis are available either
at the school or school district levels. Because the study defines neighborhoods as census
tracts, it converted school or school district information to census tract level data.®

Educational indicators are constructed using data from the New York State Division of
the Budget (Enacted Budget Financial Plan for Fiscal Year 2023) and the New York State

' In the case of school-specific information, the authors faced three situations: (1) When a census tract had only one
school, the authors assigned it the characteristics of that school; (2) when a census tract had more than one school, they
assigned it the characteristics of the school that was closest to the tract’s centroid; and (3) when a census tract did not have
any schools in it, they assigned it the characteristics of the closest school to its boundaries, conditional on some overlap
between the tract and the school’s catchment area.

Inthe case of school district information, boundaries do not usually align with those of census tracts. Here, there were two
possible situations: (1) When multiple census tracts fell within the same school district, the authors assigned all of them the
same characteristics of the district; and (2) when one census tract spanned over multiple school districts, they assigned it
the characteristics of the district that entailed the tract’s centroid.

The authors undertake these reconciliation strategies to convert educational variable to census-tract-level ones. However,
they acknowledge the imperfections that they introduce to the data. For example, by assigning the characteristics of the
closest school to a census tract, the study makes the assumption that living in that particular tract is synonymous with
attending that specific school, which may not always be the case. In the absence of a perfect solution, the authors chose to
reconcile the education data with our other data as explained previously.
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Education Department. Data on school poverty (free and reduced lunches) are used at the
high school level, and the other metrics used data at the school district level.

C. Local Demographics. The demographic indicators are generally motivated by the COI and

Chetty and colleagues’ Opportunity Atlas (2018). They include household structure, educational

attainments, and access to health insurance.

Demographic indicators are constructed using data from the Census Bureau’s ACS 5-year

estimates for 2021.

D. Housing and Local Amenities. Indicators in this domain include housing vacancy,
overcrowding, adequate utilities, neighborhood residential stability, and proximity to health and
recreational facilities.

Data for health facilities are from the New York State Facility Map (health.data.ny.gov),

and data on recreational facilities are from the New York State GIS Clearinghouse. All

other indicators in this domain use ACS 5-year estimates for 2021.

Exhibit 7

Neighborhood Resource Metrics (1 of 2)

Domain

Income and Employment

Indicator
Poverty rate

Public assistance
share of income

Median
household income

Labor force
participation

Unemployment rate

Average commute time

Labor force
socioeconomic status

Wages
Telecommuters

Education

Description

Rank in distribution across
all tracts

Tract’s aggregate transfer income
relative to the total

Rank in distribution across
all tracts

Rank in distribution across
all tracts

Proportion earning $3,333 or
more per month

Proportion working remotely

Proportion with a high school
degree or less

Reference
Acevedo-Garcia et al. (2014);
Ellen et al. (2018)

Acevedo-Garcia et al. (2014)

Acevedo-Garcia et al. (2014)
Chetty et al. (2018); McClure and
Schwartz (2021)

Acevedo-Garcia et al. (2014);
McClure and Schwartz (2021)

Acevedo-Garcia et al. (2014);
Ellen et al. (2018)

Chetty et al. (2018); Lens (2014)
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Exhibit 7
——

Neighborhood Resource Metrics (2 of 2)

Domain Indicator Description Reference

Share of free &
reduced lunches

Student-to-
teacher ratio

Acevedo-Garcia et al. (2014)

Chetty et al. (2018)

Spending per pupil

Education

Distributed in inverse proportion to

State school aid ’ :
local fiscal capacity

Sy syl sadrtsn 1100216 g, ctean S 2021
«» | Married couples Acevedo-Garcia et al. (2014)
g % Education level Share with a high school degree Acevedo-Garcia et al. (2014)
a % AL LY Insured-uninsured ratio Acevedo-Garcia et al. (2014)
coverage
Vacancy rates Acevedo-Garcia et al. (2014)

owners & renters

. Share of units with 1.5 or more
Overcrowding
people per room
Inadequate access Lacking adequate plumbing,
to utilities kitchen, telephone

Proportion of residents that moved

Residential stability in before 2010

Chetty et al. 2018

Access to
health facilities

Housing and Amenities

Miles to first hospital

Acevedo-Garcia et al. (2014); Ellen

Access to parks Miles to the first state park etal. (2018)

ELA = English Language Arts. HCR = Homes and Community Renewal.
Sources: American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020; New York State Division of the Budget
Enacted Budget Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State GIS Clearinghouse

Indexing and Weights

After compiling data on all indicators, the study generates resource index scores for every census
tract within each of the four regional classes in the following manner: First, it standardizes
individual indicators—which have various units of analysis or scales—by generating z-score
equivalents. Subsequently, it generates domain-specific scores by adding up the individual indicators
within each domain and then converts the domain scores to a scaled range of 0 to 25. This range is a
product of having four domains, and the study assigns equal weights to each of them in constructing
the aggregate score. As exhibit 7 shows, the number of indicators each has among the four domains
is not equal. In the absence of definitive theories or empirical findings about how metrics should be
weighed,” the analysis is based on the assumption that domains bear equal importance in defining
neighborhoods’ level of resource, or, in other words, have equal weights.

20 Other studies, such as Acevedo-Garcia et al. (2014) generate weights based on regressing future child outcomes on
individual indicators. This article does not engage longitudinal data on child outcomes.
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The final resource score is the sum of the four domain-specific scores, and it ranges between 0 and
100. In the conversion and summation process, the scoring scheme takes into account the different
nature of various metrics because some imply a higher resource status for tracts that rank higher
(e.g., median household income), and some others imply a lower status when tracts rank higher
(e.g., unemployment rate). The outcome of this procedure, ie., the four domain-specific scores and
the final aggregate score, indicate the level of neighborhood resources on an escalating basis, which
means higher-resource neighborhoods have scores closer to 100.

To exclude neighborhoods that are not residential or are irrelevant to the purposes of this study,
the scoring scheme excludes census tracts that had populations less than 10 or were entirely
undevelopable. This adjustment reduces the sample size from 5,411 to 5,270 tracts.

Exhibit 8 provides a view of the four regions (in different colors), Neighborhood Resource Index
(in shades), and the number of LIHTC units (bars). Darker shades indicate higher resource scores,
and bars represent tens of units.

Exhibit 8

I
LIHTC Units and Neighborhood Opportunity Scores

LIHTC Units - Region Upstate Urban Upstate Rural
Downstate Outside NYC . o - o
NYC | ) | [
Upstate Rural . o LKL
Upstate Urban Qo Q4
Qs Qs

NYC = New York City. Q = quintile.

Sources: Homes and Community Renewal's (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data; Authors’ analysis of the following data sources:
American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020; New York State Division of the Budget Enacted Budget
Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State GIS Clearinghouse
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Discussion of Findings
Profile of Neighborhoods in New York State

Resources are distributed less equitably in high-resource areas than elsewhere. As is implied
by the indicators laid out in the previous section of this article, neighborhoods with higher scores
have wealthier and more educated residents, better schools, greater shares of homeowners, and
lower vacancy rates. Although these attributes may signify a more desirable neighborhood, they
can also characterize highly exclusive and homogenous ones. Social and developmental gains
from diversity are highlighted in the academic literature (e.g., Chetty et al., 2022), and the authors
want to know whether equity and diversity are implied by the article’s resource score. This section
presents a description of census tracts at the bottom and top of the Neighborhood Resource Index
distribution from the standpoint of equity and diversity. The authors use a number of simple
indicators of equity, listed in exhibit 9, that aim to demonstrate differences in the distribution of
resources between the top and bottom groups. These indicators are set up so that higher values
would represent higher inequality or lower diversity (the only exception is the Herfindahl-
Hirschman Index of industrial concentration, with which lower scores imply more diversity).

Exhibit 9 compares the average census tract in the bottom and top quintiles of the resource score
distribution (or low- versus high-resource neighborhoods) in terms of the nine equity indicators in
each of the four regions. Two indicators (the ratio of high-wage workers to low-wage ones and the
number of high earners relative to low earners) specifically aim to measure income inequality. As
demonstrated by both measures, neighborhoods with higher scores have much more inequitable
income distributions compared with low-resource neighborhoods.

Gender and racial compositions, captured by the ratio of male to female workers and White
residents to non-White, are also more biased toward men and White residents in neighborhoods
with high scores. Upstate rural can be considered an exception here, where the White to non-
White ratio is lower in highest-opportunity areas, perhaps because of the different composition of
agricultural workers in that region.

With regard to housing inequality, a few points are worth highlighting. First, high-scoring
neighborhoods are predominantly owner-occupied across all regions, which shows a lack of tenure
diversity to various extents. Secondly, the ratio of single-family homes to other housing types

is much larger in well-resourced neighborhoods, especially in the upstate urban and suburban
downstate areas. Differentials between the highest- and lowest-value homes are also larger in

the higher-scoring neighborhoods. Together, these measures indicate a much greater inequitable
distribution of housing resources in areas that score high on resources.

Regions rank differently in terms of different equity metrics. Among the four regions,

the first one (Downstate Outside NYC) ranks least equitable in four out of nine equity and
diversity metrics: It has the most disproportionate number of top earners relative to low earners,
homeowners relative to renters, single-family homes relative to multifamily ones, and high-
value homes relative to low-value ones. The New York City region comes second, ranking most
disproportionate in three out of nine equity metrics.
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Exhibit 9

I
Equity and Diversity in Low- Versus High-Resource Neighborhoods

Downstate
Outside NYC

Bottom Top Bottom Top Bottom Top Bottom Top
Quintile Quintile | Quintile Quintile | Quintile Quintile | Quintile Quintile

NYC Upstate Rural Upstate Urban

High- to Low-Wage

Worker Ratio 2.1 3.6 1.6 3.9 1.7 2.8 1.0 27
White to Non-White

Y 24 6.5 0.8 3.1 18.5 17.1 15 11.9
Male to Female

Worker Ratio 0.9 1.0 038 1.0 1.0 1.0 0.9 1.0
Top to Bottom 4.1 18.0 1.0 7.9 1.0 7.6 0.4 8.6

Earners Ratio (Count)

Herfindahl-Hirschman
Index of Industry Mix

Owner to Renter Ratio 2.7 21.2 0.5 2.4 2.9 7.0 0.6 11.8
Single-Family to

0.11 0.09 0.12 0.10 0.11 0.10 0.11 0.09

Multitarmily et 15.7 63.0 15 55 58.3 63.1 11.6 49.1
Rent to Mortgage

Fatio (Media) 0.7 0.6 0.6 0.7 07 0.6 0.9 0.7
High to Low Home 53 54.4 8.6 36.9 03 3.8 0.1 2.4
Value Ratio

NYC = New York City.

Sources: Authors’ analysis of the following data sources: American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics,
2020; New York State Division of the Budget Enacted Budget Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State
GIS Clearinghouse

To go beyond just the average tract and learn about the covariation between the Neighborhood
Resource Index and equity, exhibit 10 presents nine scatterplots that visualize each equity metric
in relation to resource scores. This exercise shows that when the regression coefficient (or the slope
of the best-fit line) is considered, the Upstate Urban region ranks least equitable in six out of nine
indicators. The slopes shown on each scatter plot indicate the rate of change in equity relative to
changes in resource scores. For example, when the ratio between high- and low-wage workers
increases by 1 unit, the neighborhood resource score increases by 18.3 units (i.e., 18.3 percent) in
the Upstate Urban region and 9.02 percent in the Downstate region.
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Exhibit 10

I
Regional Variations in the Associations Between Neighborhood Resource Score and Equity (1 of 2)
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Exhibit 10
I
Regional Variations in the Associations Between Neighborhood Resource Score and Equity (2 of 2)
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NYC = New York City. WRA = Well-Resourced Areas.
Sources: Authors’ analysis of the following data sources: American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics,
2020; New York State Division of the Budget Enacted Budget Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State

GIS Clearinghouse

Although the presented analysis of equity and diversity is broad and general, it implies a
noteworthy reality about the siting of low-income housing units: Resources in highest-scoring
neighborhoods are distributed rather inequitably, which confirms what previous studies have
highlighted. As an example, Reid’s (2019) study of residents from 18 LIHTC buildings in California
showed that children of lower-income families face barriers to opportunity that are driven by a
lack of access to local resources more than by neighborhood characteristics. This situation suggests
that policymakers need to think beyond the siting of affordable housing to ensure that low-income
families have access to the resources shown to improve future outcomes. The appendix provides a
detailed description of each equity/diversity indicator.

LIHTC Buildings vis-a-vis Neighborhood Resource Scores

The income-restricted share of LIHTC units has been increasing recently. Developers of
LIHTC properties are allowed to rent a subset of units at the market rate to supplement the
below-market rate rents. Although the share of income-restricted units in the past few years in the
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sample of state-administered LIHTC properties has been below the historical average, the analysis
shows an upward trend in that share since 2016. That timeframe follows the state legislature
enacting additional funding for affordable housing as part of the state’s housing plans. Exhibit 11
demonstrates the number of income-restricted and market-rate units over time.

Exhibit 11

LIHTC New Construction in New York
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Source: Authors’ analysis of Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data

Most developments augment LIHTC with other capital financing. Construction costs can be
particularly high in high-resource neighborhoods, including those for land acquisition and permit
fees. Therefore, building affordable housing in these areas would require substantial gap financing.
As confirmed by the study’s data, most developers avail themselves of additional capital subsidies
from the state and other sources to supplement LIHTC credits.”! Across properties for which the
authors could confirm this information (properties built after 2010), approximately 34 percent of
units were in buildings that used only LIHTC to finance the development. The share of these units
peaked during the 2015-19 period and then most recently declined to less than 10 percent. This
trajectory is primarily explained by the rise and fall in the prevalence of developments with smaller
shares of affordable units. In the earlier years of the 2010s, when New York City’ residential
rental market was rebounding from its Great Recession-era slump, developers showed noticeable
interest in new developments with a small number of affordable units. The large share of market-
rate units in these developments would lower the need for substantial subsidies, which increases
the likelihood of using LIHTC as the only source of subsidy. However, over time, New York State
decided to focus its support on developments with larger shares of affordable homes, which

! These credits include funding through the State’s Housing Trust Fund, capital funding appropriated by the State
Legislature as part of the Five-Year Capital Plan, or federal sources such as the Federal Housing Trust Fund and the HOME
Investment Partnership.
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typically require additional financial support due to their restricted rent income.> As a result, units
in LIHTC-only properties comprise a smaller share of all newly built units after 2019. Exhibit 12
shows the distribution of units by source of subsidy over time.

Exhibit 12

|
Affordable Units by Type of Subsidy
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Source: Authors’ analysis of Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Crediits (LIHTC) data

New York City leads other regions in number of affordable units by far. Given that more than
43 percent of the state’s population and two-thirds of its rental units are within the boundaries of
New York City, it is not surprising that the city has the largest number of LIHTC units among the
four regions. Factors such as a large low-income population, a history of local low-income housing
assistance programs, strong tenant political representation, and land use policies that accommodate
multifamily developments also make New York City a relatively easier place to develop subsidized
housing. In the study sample, 56 percent of all units are located in New York City, as demonstrated
in exhibit 13.

22 New York City’s local property tax structure, zoning code, and robust local administrative capacity make it somewhat
unique in the state. A number of substantial incentives or programs exist for developers to build affordable housing in the
city, including in its well-resourced neighborhoods. Examples include Mandatory Inclusionary Housing, which aims to
permanently increase the stock of affordable units through zoning modifications, and the 421-a program, which provides
property tax exemptions in return for developers setting aside a share of newly built units as affordable. These programs
have shown sizeable impact, especially in motivating developments with a mix of market-rate and affordable units in
well-resourced neighborhoods. Over time, New York State and New York City determined that these programs were more
efficient and effective tools than LIHTC in encouraging multifamily housing in high-score areas, and gradually diverted
away from using LITHC as an incentive for those developments in New York City. This gradual shift of approach does not
mean that new affordable units are not being built in New York City’s well-resourced areas, but rather than other policy
tools are used more heavily than LIHTC to incentivize them. Details of the State’s policy change are explained at
https://www.rainsnewyork.com/article/20140127/REAL_ESTATE/140129891/state-tweaks-affordable-housing-incentive.
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Exhibit 13

I
Affordable Units by Region
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Source: Authors’ analysis of Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data

Siting of LIHTC developments has been expanding to more neighborhoods. On an annual basis,
LIHTC developments occur in a range between 0.4 and 4.5 percent of neighborhoods, depending

on the region. The authors’ analysis shows that over time, developments have been expanding

over a growing number of neighborhoods since 2015. Exhibit 14 shows the growth in the share of
neighborhoods with LIHTC development each year—or the percent change in the new neighborhoods
with LIHTC developments. Upstate Urban leads other regions in diversifying LIHTC buildings across
space. This trend may be driven in part by the noncontiguous geography of this region according to
the authors’ definition, which is comprised of cities in different locations of the state.

Exhibit 14

I
Cumulative Share of Neighborhoods with LIHTC Developments

16.0%
14.0%
12.0%
10.0%
8.0%
6.0%
4.0%
2.0%

0.0%

N 2 >

— — — Downstate Outside NYC —— NYC @ =c=:= Upstate Rural = == Upstate Urban

Source: Authors’ analysis of Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data
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More homes are built in high-resource areas now than before. Overlaying geocoded LIHTC
developments with census tracts reveals two points. First, neighborhoods with any LIHTC
developments since 2015 have lower average resource scores than their counterparts without
LITHC buildings. This finding can be explained in part by the structure of the LIHTC program,
as described in the Review of Theoretical and Empirical Literature section of this article. This
score differential between neighborhoods with and without LIHTC developments ranges from

4 points in the Upstate Rural region to nearly 16 points in Upstate Urban. Given the scaling

of the Neighborhood Resource Index in this article, this means that LIHTC buildings are in
neighborhoods with an average of 4 to 16 percent fewer resources. When quintiles of resource
score are considered, the majority of LIHTC units built after 2015 are in census tracts in the
bottom quintile. This observation is shown in exhibit 15, which documents that the percentage
of LIHTC units built in the highest quintile of the Neighborhood Resource Index is small in all
regions and usually disproportionate to the renter share of residents. New York City stands out
because it has placed a noticeable 28 percent of its units in top-scoring neighborhoods. However,
as can be calculated from the information in exhibit 15, the average number of units per building
is much higher in the top quintile tracts of NYC than in lower quintiles. This result implies that
a relatively small number of high-density developments in a high-scoring neighborhood could
considerably move the share of total units in high-resource neighborhoods in that region.”

Secondly, the analysis also shows that despite the scarcity of LIHTC in high-scoring neighborhoods,
more units have been built in well-resourced neighborhoods after 2015 than before. As exhibit

15 lays out, the share of new units built in the highest-scoring neighborhoods has grown in all
regions except New York City, with some variation among them. Gains are more pronounced

in the downstate suburban and upstate rural regions, where the top-scoring neighborhoods go
from having no affordable units in the 201015 period to hosting 4 to 8 percent of the region’s
units after 2015. As previously discussed in the Incorporation of Well-Resourced Areas into HCR
Programs section of this article, these gains can at least partly be attributed to New York State’s
proactive efforts to motivate building in well-resourced neighborhoods in recent years.

New York City is the exception again. As explained previously, the availability of LIHTC credits in
the early years of the 2010s for developments with very small shares of affordable housing allowed
developers to place income-restricted units in well-resourced neighborhoods—in the same building
as the upscale ones—without much need for substantial additional subsidies. This situation created
a higher baseline in New York City for the share of new units in well-resourced neighborhoods in
the early 2010s. As the state has gradually moved away from supporting this type of development,
New York City has been converging toward the typical pattern in other regions. Therefore, the city
does not demonstrate the same growth observed in all other regions in the share of new LIHTC
units in well-resourced neighborhoods. It is important to note that this analysis includes only

the affordable units supported by LIHTC, whereas New York City has several other mechanisms

» The study’s data confirm that this was evidently a common pattern in NYC: Of the 6,237 units located in the top quintile
of resource score in NYC, 5,975 (96 percent) were in 80/20 buildings with relatively small shares of affordable housing (20
percent or less), which enabled developers to build in high-income neighborhoods.
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for promoting the development of new affordable units in well-resourced areas (see footnote 21).
Exhibit 16 visualizes this growth in each region.*

Exhibit 15
I
Distribution of LIHTC Units in Quintiles of Neighborhood Resource Score
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Sources: Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data; Authors’ analysis of the following data sources:
American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020; New York State Division of the Budget Enacted Budget
Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State GIS Clearinghouse

32%  28% 17% 11% 2% | 34%  26% 19%  20% 0%

# Ideally, the comparison between the two periods shown on exhibit 7 (2010-15 vs. 2015-23) would allow the
neighborhood resource scores to vary by year or to reflect the existing local condition of resources in any given year.
However, given that the score draws on data from multiple sources, the authors were not able to obtain consistent data for
the earlier period to replicate the indexed score for 2010 to 2015. Given that limitation, the analysis applies the measure of
neighborhood resources in the 2015-23 period to the earlier period, which is imperfect but the only practical option.
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Exhibit 16

I
Gains and Losses of New LIHTC Units in the Top Quintile of Neighborhood Resource
Score Distribution
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Sources: Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Crediits (LIHTC) data; Authors’ analysis of the following data sources:
American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020; New York State Division of the Budget Enacted Budget
Financial Plan for Fiscal Year, 2023; New York State Education Department, 2023; New York State GIS Clearinghouse

Affordable units are built in areas with an existing stock of multifamily housing. The authors
propose that the scarcity of apartment buildings in a neighborhood could be a proxy for restrictive
land use regulations that hinder the development of multifamily buildings in general and low-
income multifamily housing in particular. This hindrance of development is well documented in
the urban economics literature, as reviewed in a previous section. To examine this proposition,
the authors compare the prevalence of multifamily buildings in neighborhoods with LIHTC units
with those without. Exhibit 17 visualizes the comparison in terms of the ratio of single-family to
multifamily structures (multifamily here is defined as structures with five or more units; see the
description of the equity and diversity metrics in the appendix). Across all regions of the state,
more LIHTC units have been built in neighborhoods with a larger stock of multifamily residences.
This circumstance highlights the likely role of local regulatory infrastructure in the development
of low-income rental homes.
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Exhibit 17

I
Multifamily Stock in Neighborhoods With and Without LIHTC Units
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Sources: Homes and Community Renewal’s (HCR) administrative Low-Income Housing Tax Credits (LIHTC) data; Authors’ analysis of the following data sources:
American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020; New York State Division of the Budget Enacted Budget
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Conclusions

This study’s main contribution was to set up an inclusive, regionally focused measure of
neighborhood resources in New York State and to demonstrate the measure’s practical application
by using it to assess the siting pattern of LIHTC projects in the state. The analyses presented in this
article augment existing measures of local opportunity by diversifying the underlying metrics and
allowing the Neighborhood Resource Index to vary based on regional conditions. The article finds
that the state’s LIHTC units have been concentrated in a relatively small number of neighborhoods
and that those neighborhoods typically scored lower in terms of neighborhood resources, as
measured by the presented index. However, the analysis of recent siting patterns suggests that
units are being built in an increasing number of neighborhoods, including more areas with higher
Neighborhood Resource Index scores, with some regional variability. These findings offer some
useful insights into the challenges to developing affordable housing in well-resourced areas, the
strategies to address this disparity, and the issue of equitable access to resources more broadly.

The article offers some potential explanations for why LIHTC units have not been built where local
resources are greatest. The most straightforward explanation is higher financing, land acquisition,
and construction costs. Developing housing with below-market rents is more burdensome in high-
resource, high-cost neighborhoods than elsewhere due to higher opportunity costs (the market
rent that could be charged absent the subsidy) and general costs attached to land acquisition,
permit fees, and construction. The article’s findings acknowledge that, at least in New York State,
most newly built units augment LIHTC with other capital funding. Nonetheless, the ability of the
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program to move low-income renters to high-resource areas, as measured by the share of units
built in those areas, is limited, especially outside of New York City.

Another possible explanation for the concentration of affordable units in low-resource
neighborhoods—apart from the structure of the program itself—is rooted in land use regulations.
As the article documents, new LIHTC units are rare in neighborhoods where single-family homes
dominate and are built mostly in census tracts with low existing ratios of single-to-multifamily
housing. This situation implies that restrictive zoning may play a role in the distribution pattern

of LIHTC developments. Although the analysis does not include a formal analysis of land use
regulations in the study areas, it finds evidence that high-resource neighborhoods are exclusive and
homogenous, including with respect to housing types and income groups.

Based on these findings, the article recommends a few strategies that can facilitate achieving the
goals of Fair Housing and moving to opportunity. States should be proactive in rewarding new
developments in high-resource areas to alleviate the cost burden for potential developers. New York
State has taken this initiative by announcing a specific housing goal dedicated to building homes

in Well-Resourced Areas in its Qualified Allocation Plans and setting aside capital funding for
developments in these areas.” The results from the analysis comparing siting patterns of a subset

of New York's LIHTC units produced before and after 2015 suggest that these efforts are having
positive impacts.

Obstacles that arise from zoning restrictions can also be addressed at various levels. Where

local governments are pressured by their electoral base to deflect new multifamily units for

the sake of property-value protection, states may have a role to play. Several states, including
California, Massachusetts, and Oregon, have passed laws in recent years to either incentivize local
communities to allow for more multifamily housing or denser development patterns or provide a
remedy for developers seeking to develop qualifying multifamily projects in areas with restrictive
zoning codes.” It should be noted, however, that states’ ability to impose such influence over
local land use regulations may be limited by home rule, which grants municipalities the ability to
pass laws to govern themselves with respect to issues not expressly prescribed by the state in its
constitution. New York State is one such home rule state.

Finally, the article’s findings—and the scholarly literature—suggest that improving equitable

access to resources and bettering future outcomes for low-income families cannot be achieved
solely through increasing access to affordable housing in well-resourced neighborhoods. If, as the
articles findings suggest, resources are inequitably distributed in well-resourced areas, and if, as the
literature suggests, living in a well-resourced area does not guarantee access to opportunity, efforts
to develop more affordable housing in well-resourced areas must be complemented with other

» See https://hcr.ny.gov/system/files/documents/2023/05/2023-fair-housing-matters-ny-public-cmt-draft-june-16-deadline. pdf.

2 With regard to land use reforms, Oregon requires all cities of more than 10,000 residents to allow two- to four-unit
homes on all residentially zoned lots (Oregon Department of Land Conservation and Development, 2020). With regard

to builder remedies, Massachusetts has passed laws that offer expedited permitting for sustainable development in
designated sustainable growth areas (Galante, Reid, and Weinstein-Carnes, 2016); California has restricted the number of
procedural steps that local governments could require developers to go through, among other policies (California Legislative
Information, 2020).
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strategies to address equity. In New York State, HCR employs mobility counseling programs*” to
help families move to well-resourced areas and to help connect them with the resources necessary
to meet their needs.

Furthermore, investments in affordable housing in well-resourced areas should not come at the
expense of neighborhoods with fewer resources. In other words, states must also continue to
invest in these areas, but with a concerted effort to ensure that those investments improve equity
and opportunity for new and existing residents. Indeed, as mentioned previously, the LIHTC
program also provides financing for developments in high-poverty areas, and researchers have
found that LIHTC developments can benefit low-income neighborhoods (e.g., Schwartz, 2010).
The IRS specified in 2016 that LIHTC developments in high-poverty areas must contribute to a
concerted community revitalization plan,” and New York State’s QAP specifically awards points to
LIHTC projects that complement neighborhood revitalization efforts that “seek to fundamentally
improve the quality of life and opportunities for neighborhood residents.” Strategies of this nature
can help more low-income households find homes in well-resourced areas while also facilitating
improvements to neighborhoods that have historically experienced long-term disinvestment and a
shortage of adequate housing. The scoring tool presented in this article helps policymakers navigate
their options for achieving those objectives and affirmatively furthering fair housing.

Appendix
Description of Equity and Diversity Metrics

High- to Low-Wage Workers Ratio

The ratio for high- to low-wage workers was calculated by dividing the number of jobs with
earnings greater than $3,333/month by the number of jobs with earnings of $1,250/month or less
in each tract.

White to Non-White workers Ratio

The ratio of White to non-White workers was calculated by dividing the number of jobs held by
White people by the number of jobs held by non-White people. The variable for number of jobs
held by non-White people was generated by subtracting the number of jobs held by White people
from the total number of jobs.

Male to Female Workers Ratio

The ratio of male to female workers was calculated by dividing the number of jobs held by males
by the number of jobs held by females.

*7 See https://hcr.ny.gov/mobility.
8 See Rev. Rul. 2016-77, 2016-52 LR.B. 914 (https://www.irs.gov/irb/2016-52_IRB).
% See https://her.ny.gov/system/files/documents/2021/05/qap-9-lihtc-part-2040.1-2040.13.pdf.
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Top to Bottom Income Ratio

The ratio of top to bottom earners was calculated by splitting earners into two groups. Top earners
were those with a household income of $100,000 or more. Bottom earners were those with a
household income of $25,000 or less. The ratio between the groups was created by dividing the
number of top earners by the number of bottom earners.

Herfindahl-Hirschman Index

The Herfindahl-Hirschman Index describes the mix of jobs from various industries within each
tract. The industry mix in a tract of residence was calculated by determining the proportion each
North American Industry Classification System (NAICS) sector makes up in the total number

of jobs in a tract. The NAICS sectors are as follows: 11 (Agriculture, Forestry, Fishing and
Hunting), 21 (Mining, Quarrying, and Oil and Gas Extraction), 22 (Utilities), 23 (Construction),
31-31 (Manufacturing), 42 (Wholesale Trade), 44-45 (Retail Trade), 48-49 (Transportation and
Warehousing), 51 (Information), 52 (Finance and Insurance), 53 (Real Estate and Rental and
Leasing), 54 (Professional, Scientific, and Technical Services), 55 (Management of Companies and
Enterprises), 56 (Administrative and Support and Waste Management and Remediation Services),
61 (Educational Services), 62 (Health Care and Social Assistance), 71 (Arts, Entertainment,

and Recreation), 72 (Accommodation and Food Services), 81 (Other Services [except Public
Administration]), and 92 (Public Administration). The Herfindahl-Hirschman Index of industry
mix was then calculated by summing the squares of the portion of jobs each sector makes up.

Homeowner to Renter Ratio

The homeowner to renter ratio was calculated by dividing the number of homeowners by the
number of renters.

Single to Multifamily Ratio

The single to multifamily ratio was calculated by dividing the number of residences with one
detached unit by the number of multifamily residences. The variable for multifamily residences
was created by summing the number of structures with 10 or more units in each tract.

Rent to Mortgage Ratio (Housing Cost Burdens)

The ratio between owner and renter housing cost burdens was calculated by dividing median gross
rent by median mortgage cost in each tract.

High to Low Home Value Ratio

The ratio for top to bottom home value was calculated by dividing the number of high-value
owner-occupied units by the number of low-value owner-occupied units. High-value units were
determined by summing the number of owner-occupied units worth at least $500,000 in each
tract. Low-value units were determined by summing the number of owner-occupied units with a
maximum value of $149,999 in each tract.
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Exhibit A1

I
Descriptive Statistics for Equity and Diversity Metrics

Min Max Median Mean N SD

High- to Low-Wage Worker Ratio 0.40 8.9 2.18 2.35 5,270 1.09
White to Non-White Worker Ratio 0.11 84.1 3.30 7.23 5,270 9.45
Male to Female Worker Ratio 0.53 1.7 0.94 0.94 5,270 0.13
Top to Bottom Earner Ratio (Count) 0.00 411.0 2.42 4.93 5,270 0.13
Herfindahl-Hirschman Index of Industry Mix 0.07 0.3 0.10 0.11 5,270 0.02
Owner to Renter Ratio 0.00 265.5 1.54 4.52 5,227 11.36
Single-Family to Multifamily Ratio 0.00 2,329.0 2.36 24.49 4,313 86.29
Rent to Mortgage Ratio (Median) 0.14 7.4 0.63 0.66 4,211 0.23
High to Low Home Value Ratio 0.00 1,078.0 1.57 14.16 4,288  35.39

SD = Standard Deviation.
Sources: Authors’ analysis of the following data sources: American Community Survey 5-year estimates, 2021, Longitudinal Employer-Household Dynamics, 2020
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Abstract

This article profiles Administrative Data Research Wales (ADR-W) and its use of data linkage to support
homelessness policy and practice in Wales, United Kingdom. Despite having a national integrated

data system for nearly a decade, Wales lacks the capacity—and, more important, the homelessness
administrative data—necessary to engage in linkage-based research. However, the formation of
ADR-W, with a remit to make better use of public-sector data, has instigated a rapid shift in the use

of administrative data linkage in Wales. This article introduces the ADR-W, situating it as part of a
wider turn to administrative data in the United Kingdom before providing an overview of the operation
of the integrated data system ADR-W uses to conduct research—the Secure Anonymised Information
Linkage Databank. This article offers insights into some of the homelessness research ADR-W conducts,
highlighting key policy-relevant findings—including the effectiveness of the COVID-19 response. This
article also critically reflects on some of the challenges with the current homelessness administrative data
landscape in Wales, concluding with a note on its future direction.

Introduction

Homelessness represents a violation of human rights, being the deprivation of adequate housing,
privacy, and security (United Nations, 2016). Accordingly, the government of Wales has committed
to creating a nation in which homelessness is rare and, if people become homeless, to ensure it is

a brief and nonrecurrent experience (Welsh Government, 2021a). What makes Wales—and the
United Kingdom—unique internationally is that, since 1977, local authorities have had a legal duty
to ensure that accommodation is made available to certain “priority need” households experiencing
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homelessness: families with dependent children (Fitzpatrick and Davies, 2021). Subsequent
amendments to homelessness legislation in Wales that came into force in 2015 increased the legal
duty to provide assistance to prevent homelessness (Mackie, Thomas, and Bibbings, 2017). Most
recent data suggest that of the estimated 1.4 million households in Wales in 2022 and 2023,
roughly 9,250 households were assisted to prevent homelessness, and 12,540 homeless households
were assisted (StatsWales, 2023).

Although policymakers and practitioners in Wales base their decisionmaking on up-to-date
evidence, quantitative research on homelessness lags behind that of other nations, particularly the
United States (Culhane, Fitzpatrick, and Treglia, 2020). U.K. homelessness research has historically
leaned more heavily toward qualitative methods, whereas the United States has stronger research
links to psychological and health sciences and, therefore, a greater affinity for quantitative methods
(Fitzpatrick and Christian, 2006). When quantitative research does take place in Wales, United
Kingdom, it is largely based on small-scale nonrandom surveys that charities fund for political
advocacy purposes—rather than larger-scale studies with greater levels of generalizability beyond
particular at-risk subgroups within the homeless population (Pleace and Quilgars, 2003). Apart
from surveys, administrative data enable interesting opportunities to expand the repertoire of
quantitative homelessness research in Wales.

Being the “data exhaust” of day-to-day processes, administrative data can provide insight into the
experiences of people whom housing and homelessness services assist (Hand, 2018). Furthermore,
by linking different administrative datasets, researchers can gain insight into people’s interactions
across multiple systems, that is, housing, health, and education (Culhane, 2016). During the past
decade, devolved governments and the research community in the United Kingdom have shown
increased interest in administrative data and their linkage (Elias, 2018).

An Administrative Data Taskforce report in 2012 recommended the formation of a UK.-wide
network to facilitate access to and linkage of administrative data (ESRC, 2012), leading to the
formation of the Administrative Data Research Network (ADRN) in 2014. Over time, the ADRN
has transitioned into Administrative Data Research (ADR) United Kingdom, shifting its remit

from assisting the research community access administrative data to directly engaging in policy-
relevant research using administrative data and its linkage (Gordon, 2020). Each of the UK.
nations has its own national ADR center that generates evidence relevant to the specific national
context. This article relates to the ADR Wales (ADR-W) center. The ADR centers each adopt a
different infrastructure for storing and linking together administrative data. ADR-W uses the Secure
Anonymised Information Linkage (SAIL) Databank (Ford et al., 2009).

Data Linkage Infrastructure in Wales: The SAIL Databank

Initially piloted in 2006, the SAIL Databank acts as an “integrated data system” for Wales (Zanti et
al., 2022), storing de-identified yet linkable individual-level data and facilitating access to those
data for research purposes. When data are ingested into SAIL, they undergo de-identification,
whereby personal data are replaced with an identification number unique to each person in
Wales. The de-identification process involves matching to a population spine created when people
register their addresses with general practitioners or family doctors in Wales (Lyons et al., 2009).
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Matching can be achieved deterministically using national healthcare numbers or exact matching
on name, date of birth, gender, and postcode. Alternatively, matching is achieved probabilistically
using combinations of name, date of birth, gender, and postcode. Once matched to the population
address spine, the person’s national healthcare number is extracted and forms the basis of his

or her unique identifier. That identifier, also known as an Anonymised Linkage Field, links
information about the same person across SAIL data. As an added layer of privacy protection, a
“trusted third party” de-identifies the data so that SAIL cannot see personal data along with the
“clinical information” relating to people’s service interactions.

The original basis for the SAIL Databank was the study of population health. Therefore, SAIL
holds a comprehensive array of healthcare information for the population of Wales, from primary
care and family medicine to hospitalizations. Over time, data sources have diversified, and SAIL
currently holds a range of other datasets, including substance misuse treatment service data,
education outcomes (from schools to universities), census records, and criminal and civil court
records. Researchers can apply to the SAIL Information Governance Review Panel to use those data,
with projects assessed on their ability to generate new knowledge of scientific and practical value—
that is, research that has public benefit. As a condition of accessing data in SAIL, researchers must
undergo training in information governance to be considered “safe researchers.” Once a research
team receives approvals and meets the conditions of access, the team may access data within a
secure virtual environment. To ensure that outputs are “safe,” any analysis requested from the
virtual environment undergoes disclosure control checks to ensure that individuals cannot be
identified or inferred from outputs.

In addition to having relatively streamlined access to de-identified data already in the SAIL
Databank, researchers can also upload data they possess to the SAIL environment. The ability to
bring data into SAIL can enable, among other things, the use of data linkage to obtain routinely
collected data for participants involved in housing and homelessness interventions. For example, as
part of the PHaCT randomized control trial of a critical time intervention with prison leavers facing
homelessness (Lewsey, 2023), personal data related to trial participants are imported into SAIL to
allow the trial team to extract their health records—with the aim of comparing health outcomes
between trial arms. Outside this novel potential use of SAIL to conduct evaluative research, the
SAIL infrastructure enables linkage between homelessness and other data sources. However, the
limited availability of individual- and case-level linkable homelessness data in Wales has proved a
challenge for ADR-W.

The State of Homelessness Administrative Data (Linkage) in Wales

Despite legal obligations placed on local authorities to help prevent homelessness and assist
households experiencing homelessness, no mandate exists to collect case-level data relating to
households. By contrast, Continuums of Care in the United States must collect “universal data
elements” on people and households accessing services funding by the U.S. Department of Housing
and Urban Development. However, local authorities in Wales submit aggregate information to the
Welsh government for monitoring purposes and, as such, collect similar data on individual cases

to complete these “aggregate returns.” Although without a top-down mandate to collect the same
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data in the same format, local authorities have designed divergent data collections. Therefore, the
statutory homelessness data landscape in Wales is fractured and inconsistent.

Without centralized, case-level national data collection for Wales, access to statutory homelessness
data is possible only through negotiations with each of the 22 local authority housing services in
Wales. However, in 2018, the ADRN obtained data from a single local authority housing service,
forming the basis for ADR-W’ pioneering research program on homelessness. Several studies
using those data have centered on the theme of severe and multiple disadvantages, exploring the
interactions of people experiencing homelessness with other public services, including health,
substance misuse, and the police (Browne Gott, 2019; Thomas, 2021). A second research theme
has been the educational experiences of children in homeless families. This program of work
proved particularly challenging, because the available local authority homelessness data contain
personal information only for heads of households, not for their children. Outputs from this work
focused on attainment and absenteeism and found that becoming homeless or being at risk of
homelessness was associated with a 7-percent increase in total half-day sessions absent from school
(Welsh Government, 2020, 2021b).

From initial conversations to data deposited in SAIL, acquiring this single local authorities’
homelessness data took roughly 2 years. A large part of the delay in data acquisition was due

to uncertainty within the local authority housing team of legal obligations when sharing data,
combined with the necessary bureaucratic steps to enable the sharing of personal data—for
example, undertaking impact assessments, creating legal documents, and finding appropriate
people to authorize and take ownership of the process. Dealing with bureaucracy is a not
insignificant aspect of any data share. In this instance, it placed an additional burden on an already
overstretched housing service, contributing to delays.

Since 2021, the Welsh Government, in partnership with ADR-W, has been engaging in a pilot
project to secure statutory homelessness data from additional local authorities in Wales. The
intention of this pilot has been to acquire additional datasets to enable ADR-W to engage in far
more nuanced analyses of underserved groups within the statutory homeless population, such as
minority ethnic-headed households and children in families accessing housing services. As with
ADRN’s previous acquisition of local authority homelessness data, delays beset the pilot project.
Although local authorities, government analysts, senior policymakers in the Welsh Government,
and academics express a strong desire to engage in this work, progress has been slow.

Lacking up-to-date administrative data on people assisted under the statutory homelessness system
in Wales, ADR-W employs innovative methods to identify people experiencing homelessness using
existing population-level data collections within the SAIL Databank. Many of the health datasets

in SAIL contain indicators for homelessness as a social determinant of ill health. For example, the
International Classification of Diseases (ICD)-10 system classifying diseases in hospitalization data
contains a code specifying homelessness. Also, as part of the substance misuse data collection,
service users are asked directly about their housing support needs and provide specific examples

of homelessness experiences to guide their clinicians’ recording of different levels of housing need.
Within that measure, “urgent housing problems” and “housing problems” cover instances of severe
homelessness, ranging from living on the streets to sleeping in different accommodations each night.
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Using those codes and measures, ADR-W conducted research during the COVID-19 pandemic
that generated evidence of the potential protective effect of the Welsh Government crisis response,
which included accommodating people experiencing homelessness in “suitable” temporary
accommodations. Researchers found that the prevalence of SARS-CoV-2 infection among people
experiencing homelessness was 5.0 percent compared with 6.9 percent among a nonhomeless
matched comparator (Thomas and Mackie, 2021). A similar methodology demonstrated the
ineffectiveness of the Welsh Government policy to prioritize people experiencing homelessness for
the COVID-19 vaccination. Thomas and Mackie (2023) found that the incidence of the COVID-19
vaccination after 350 days of followup was 60.4 percent among people experiencing homelessness
compared with 81.4 percent among a matched adult comparator. Despite those groundbreaking—
at least in Wales—insights, the linkage and analysis of administrative data have limitations,
particularly when researching homelessness (Thomas, 2020a; Thomas and Tweed, 2021).

Limitation of ADR-W’s Homelessness Research

Foremost, ADR-W research on people assisted under the statutory homelessness system has drawn
on data from a single authority and covers a relatively short period: people assisted between 2011
and 2017. Therefore, analysis using this dataset has been limited to more general questions related
to the association between homelessness and people’s outcomes and access to public services. An
added complication is that the statutory data cover a period during which Welsh homelessness
legislation was being reformed, meaning that the categorizations of how households were assessed
under legislation were in flux. As a result, ADR-W has been unable to look at the outcomes of
households assessed under the current Housing (Wales) Act 2014 in any complex multivariate way
due to insufficient sample size and followup time.

When ADR-W has resorted to using nonhousing administrative data to identify people
experiencing homelessness, generalizability to some larger homeless population may be limited.
Health diagnosis codes related to homelessness are likely used in instances in which the clinician
believes homelessness was a factor in the health event, which may not be the case in all healthcare
interactions, leading to an underreporting of homelessness. Although the housing need measure
within the substance misuse dataset applies to all people within the data and is, therefore,
potentially less biased by recording behavior, the population in this dataset is quite obviously
limited to people with higher needs seeking assistance with problematic substance use. As a result,
people experiencing homelessness identified in nonhousing data sources are potentially at the
more precarious end of the homelessness spectrum due to underlying healthcare and substance
misuse-related issues. However, this “bias” has proven useful in the COVID-19 vaccine analysis,
because it demonstrated that vaccine prioritization could not reach the most vulnerable homeless
people in Wales.

As with all data linkage research, “missed matches” can be problematic and a source of bias if
matched and unmatched people have differing characteristics (Harron et al., 2017). In the case
of ADR-W research, missed matches occur either when a record could not be de-identified and
assigned a unique identifier or when records are excluded due to low matching quality, that is,
when unique identifiers are assigned probabilistically and researchers cannot be certain that it is
the correct identifier. From ADR-W5 experience of using different data sources, healthcare data
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in SAIL demonstrated far lower rates of missed matches (~5 percent missed) when compared
with the local authority homelessness dataset (~25 percent missed). The data maturity of the
organizations collecting data and their different information needs may contribute to those
differences in match rates.

Although local authorities in Wales are developing a culture of data use, gaps and weaknesses

in their data remain (Audit Wales, 2018). This level of use compares with that of the national
health service in Wales, for which data are core to its functioning, leading to higher-quality data.
Furthermore, national healthcare numbers are collected when people access healthcare-related
settings, which then allows deterministic matching to the population spine used when de-
identifying data. Without healthcare numbers, local authority homelessness data were de-identified
using probabilistic methods, which, the authors suggest, was affected by poorer quality collection
of personal information. As data linkage becomes mainstreamed as part of the data processing

and evidence landscape in Wales, the authors hope that the data maturity of local authorities and
housing and homelessness support services improves, reducing missed-match rates.

Future Directions

Regardless of the challenges, ADR-W is slowly developing a portfolio of research that demonstrates
the potential use of data linkage to support evidence-driven homelessness policy and practice.
For more than a decade the ADR-W team has consistently argued for the need for national
individual-level data collection related to statutory homelessness in Wales (Mackie, Thomas, and
Hodgson, 2012; Thomas, 2020b). Putting this situation in context, Wales is now the outlier of
the devolved UK. nations, with Northern Ireland, Scotland, and England all having individual-
level homelessness collections. However, some promising developments are occurring in this area.
The Ending Homelessness Action Plan for Wales commits to improving data (Welsh Government,
2021a), with the Welsh Government engaging ADR-W to scope out a new data collection system
(Thomas, 2020b), drawing inspiration from other U.K. approaches. Rather than focusing only

on better measurement of homelessness and its effects, such a system would enable the key
opportunity of evaluating interventions to establish what works in ending and, more importantly,
preventing homelessness in Wales.
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Abstract

In the city of Chicago, two- to four-unit buildings play a crucial role in the housing stock. These buildings
provide affordable rental housing, homeownership, and income-generating opportunities and make up a
substantial portion of Chicago’s communities of color housing supply. However; there are substantial concerns
that the city’s supply of these buildings is disappearing. For this tesearch, the authors use historical parcel-
level data from the Cook County Assessor’s Office to analyze changes in the housing stock makeup of
neighborhoods throughout Chicago, quantify the losses in two- to four-unit buildings, identify what happened
to these properties, and assess the underlying real estate market factors behind the loss of these buildings.

The authors find that nearly every neighborhood in Chicago is losing two- to four-unit buildings, but the
reasons for the losses vary. In higher-cost neighborhoods, shifting housing demand toward higher-income
owner-occupants means that older; smaller rental properties are targeted for conversion to either high-cost
single-family homes or condominium buildings. This type of market activity reduces the supply of lower-
cost rental housing, potentially making these communities less affordable for modest-income renters and
driving displacement pressures. In lower-cost neighborhoods with long histories of disinvestment, two- to
four-unit buildings are commonly demolished, becoming vacant land. This type of market activity also
leads to a loss of housing in these neighborhoods, presenting potential barriers to reinvestment.

These results indicate that there is an urgent need for interventions to protect two- to four-unit buildings
and that these interventions must be informed by an understanding of the neighborhood housing market
conditions driving this activity. This research adds to the literature by highlighting the critical role that
two- to four-unit buildings play in housing affordability for both renters and homeowners and also
profiling the spectrum of challenges they face.
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Introduction

Cities in the United States face a housing affordability crisis that makes it difficult for modest-
income renters to find affordable housing or prospective homebuyers to find starter homes
(Herbert, 2023; NLIHC, 2023). Although the reasons behind this affordability crisis are
multifaceted and complex, there is a growing awareness that small, multiunit properties with two
to four units play an important role in the current housing supply by providing both affordable
rental housing and homeownership opportunities (Garcia et al., 2022). However, market pressures
on existing two- to four-unit buildings in various neighborhood contexts may pose challenges to
the preservation of this unique and critical housing type. This article uses Chicago as a case study
to highlight how shifting housing demand and underlying real estate market factors in both higher-
cost and historically disinvested neighborhoods are driving the loss of these buildings.

The authors find that virtually every neighborhood in Chicago is losing two- to four-unit buildings,
but the reasons for the losses vary. In higher-cost neighborhoods, shifting housing demand toward
higher-income owner occupants means that older, smaller rental properties are targeted for
conversion or demolition and replaced with either high-cost single-family homes or condominium
buildings. This type of market activity reduces the broader supply of lower-cost rental housing and
rental housing, potentially making these communities less affordable for modest-income renters and
driving displacement pressures. In lower-cost neighborhoods with long histories of disinvestment,
two- to four-unit buildings are commonly demolished, becoming vacant land. This type of market
activity also leads to a loss of housing in these neighborhoods, limiting pathways to redevelopment
and presenting potential barriers to community reinvestment (Parolek and Parolek, 2021).

Understanding this market context is critical to developing targeted policy interventions to
preserve the stock of small rental buildings across neighborhoods. For example, proactive policies
to preserve the existing affordable two- to four-unit rental stock in higher-cost neighborhoods are
needed before this stock is lost to gentrification pressures. Meanwhile, in lower-cost areas, the loss
of two to four units to deterioration and demolition highlights the need for investment in both the
broader community and existing housing stock. This investment is needed to reverse the tide of
long-term population loss, historic disinvestment, the ongoing legacies of the foreclosure crisis and
Great Recession, and the economic impact of the recent COVID-19 pandemic.

Context

Largely built to provide homeownership opportunities for immigrant families in the early 20th
century, two- to four-unit properties make up a significant portion of the housing stock in many
older U.S. cities, including Boston, Buffalo, Chicago, Milwaukee, New Orleans, Newark, and St.
Louis (U.S. Census Bureau, 2021). Two- to four-unit buildings often have a similar scale and form
as single-family homes, meaning that their presence maintains the appearance of lower-density
neighborhoods (Parolek, 2020: 15). However, these multiunit buildings also sustain an urban
density, making small multifamily buildings a crucial part of pushes for denser and more walkable
neighborhoods (Holeywell, 2016). Exhibit 1 shows an example of a block with two- to four-unit
buildings in Chicago.
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Exhibit 1
——

Chicago Block With Two- to Four-Unit Buildings

A block with two- to four-unit buildings in Chicago. Photo credit: Institute for Housing Studies at DePaul University.

In Chicago, buildings with two to four units are a critical component of the city’s housing stock and
play a unique role in providing both renter- and owner-occupied housing, constituting 26 percent
of all residential units in the city (IHS, 2021a). Two- to four-unit buildings are also the most
common type of rental housing in the city, making up more than 32 percent of Chicago’s rental
housing supply, accounting for more rental units than buildings with 5 to 49 or 50 units or greater
(IHS, 2023a). Two- to four-unit properties are in most of the city’s neighborhoods but are also
highly geographically concentrated in certain communities. For example, as exhibit 2 illustrates,
more than one-half of housing units in 8 of Chicagos 77 community areas, primarily on Chicago’s
South and West Sides, are in two- to four-unit buildings (IHS, 2021a).
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Exhibit 2

Share of Residential Parcels in Two- to Four-Unit Properties in Chicago, Tax Year 2020
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In Chicago and nationally, two- to four-unit buildings are a critical component of the supply of
unsubsidized affordable rental housing for lower-income households, particularly for households
and communities of color. According to national research from the University of Southern
California and Enterprise Community Partners, rental units in two- to four-unit buildings tend to
have the lowest rents of any building type and also serve renters with the lowest incomes (An et
al., 2017). In Chicago, two- to four-unit buildings have the highest share of rental units with rents
less than $900 (THS, 2023b). Compared with larger multifamily rental properties, two- to four-
unit buildings are much more likely to offer family-sized units, with roughly 40 percent of units in
these properties containing three or more bedrooms (IHS, 2021a). In addition, two- to four-unit
buildings are particularly important to the housing stock in communities of color and to residents
of color citywide. Roughly 60 percent of Chicago’s Latino-headed and 32 percent of African-
American-headed renter households live in two- to four-unit buildings (IHS, 2021a). Nearly 46
percent of the total housing units in Chicago’s majority-Latino census tracts and nearly 30 percent
in predominantly African-American census tracts are in buildings with two to four units (IHS,
2021a). These local patterns are mirrored in national research. For example, the Urban Institute
recently found that African-American and Latino renters make up a higher share of tenants in two-
to four-unit buildings than any other type of rental property (Theodos et al., 2019).

Two- to four-unit buildings are unique because they are often owned by small, “mom and pop”
landlords who may also occupy units as their homes while renting the remaining units. This
arrangement provides affordable homeownership and wealth-building opportunities for the owner
households, particularly for households and communities of color (Choi and Young, 2020).
Nationally, Black or Latino landlords are more likely to own two- to four-unit buildings than any
other size of rental building, and small rental buildings have been found to provide a pathway

to homeownership for immigrant households (Choi and Young, 2020; Cornelissen, Hermann,

and Whitney, 2023). In Chicago, roughly 54 percent of all two- to four-unit buildings had an
active homeowner exemption in the 2019 tax year, suggesting that they are owner occupied. By
comparison, when considering only majority-Latino neighborhoods, the share of two- to four-unit
parcels with homeowner exemptions rises to more than 62 percent (IHS, 2021a). In addition, two-
to four-unit properties have proven popular with recent homebuyers of color in Chicago. Between
2019 and 2021, 11.5 percent of all home purchase loans in Chicago were for two- to four-unit
properties. However, the rates for African-American and Latino homebuyers were more than 24
percent and nearly 20 percent, respectively, compared with 6 percent for White homebuyers. These
percentages illustrate that two- to four-unit buildings are a critical pathway to homeownership for
borrowers of color in Chicago (THS, 2023d).

Despite the importance of two- to four-unit buildings to Chicago renters and homeowners, the
challenges facing this segment of the housing stock have been long term. Of all types of residential
property in Chicago, two- to four-unit buildings were most affected by foreclosure in the years
leading up to and following the Great Recession (IHS, 2021a). Between 2005 and 2019, nearly 30
percent of two- to four-unit parcels in Chicago were associated with at least one foreclosure filing.
Properties in the city’s predominantly African-American communities were hit hardest, with more
than 47 percent of two- to four-unit parcels being associated with at least one foreclosure filing
(IHS, 2021a).
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In the years following the Great Recession, the city saw losses to the two- to four-unit rental stock
despite overall growth in rental housing demand and overall rental supply. Between 2012 and 2021,
the city lost nearly 12 percent of its rental units in two- to four-unit buildings during a period when
the number of rental housing units in all other building types, besides single-family homes, grew
(IHS, 2023a). As Chicago lost two- to four-unit rental buildings, it also lost lower-cost rental housing
units. During the same period, Chicago saw a more than 15-percent decline in the number of rental
units affordable to lower-income households, widening the gap between demand for affordable
housing from lower-income renters and the supply of affordable rental units (IHS, 2023a). This
correlation between lost two- to four-unit rentals and declines in Chicago’s affordable rental supply
highlights the key role that two- to four-unit buildings play in providing lower-cost rental housing. It
is also consistent with national evidence that the loss of lower-cost rental housing in cities across the
country is one of the biggest housing affordability challenges nationally (JCHS, 2023).

For many years, Chicago housing and community development stakeholders have led advocacy
campaigns regarding the loss of two- to four-unit buildings citywide and in their neighborhoods
(IHS, 2021b). In 2014, Communities United, a community-based organization working in
Chicago’s Albany Park neighborhood, began raising concerns that two- to four-unit buildings
were being lost to foreclosure and acquired by investors for conversion into single-family homes
(Shropshire, 2016). The Logan Square Neighborhood Association and Latin United Community
Housing Association also raised concerns that single-family conversions were accelerating
displacement pressure near The 606, a linear park system on the border of Humboldt Park and
Logan Square built in 2015 (Black, 2020). In Chicago’s South Side communities, such as Auburn
Gresham, Chatham, Englewood, and Greater Grand Crossing, advocates seeking to leverage the
two- to four-unit housing stock to attract and retain residents struggled to contend with a limited
stock of these buildings after significant post-Great Recession demolition campaigns, severe tax
delinquency, or the extensive rehabilitation needs of many remaining two- to four-unit buildings
(Caine, 2022).

Analysis

Since 2012, the Institute for Housing Studies (IHS) has written extensively about the importance of
two- to four-unit properties to Chicagos supply of unsubsidized affordable housing. The institute
used reports from community partners and American Community Survey aggregated data to
indicate that the stock was disappearing during the post-Great Recession housing market recovery.
THS staff worked also with local partners to identify the likely reasons for this loss, including
pressures to convert two- to four-unit buildings to single-family homes and the loss of the stock
through deterioration (IHS, 2019).

[HS’s use of local, parcel-level administrative data to understand the nature and market context for
this lost supply began in 2019 with data-focused technical assistance engagements with nonprofit
community partners, representatives from the City of Chicago Department of Housing, and
citywide aldermanic offices. For example, THS built a dataset of former two- to four-unit properties
with recent tax class changes to quantify the scale of conversion activity of two- to four-unit
buildings to single-family homes in and around the North Center neighborhood of Chicago, testing
initial results against walking surveys collected by residents.
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This article’s analysis uses citywide, historical parcel-level property assessment data from the
Cook County Assessor’s Office to analyze changes in the housing stock makeup of neighborhoods
throughout Chicago and to quantify and categorize losses in two- to four-unit buildings. It
identifies a group of properties that the Cook County Assessor’s Office categorized as two- to four-
unit buildings in 2013. It then traces those properties’ minor tax class and other characteristics
into 2019 to determine whether or not buildings remained two to four units and, if not, how

the property tax class changed during the period (IHS, 2021d). This analysis focuses on the
period from 2013 to 2019 to allow for two triannual property tax reassessments in 2015 and
2018 to ensure that the Cook County Assessor’s Office had sufficient time to capture changes in
the tax class through research, data collection, and appeals processes. IHS used iterations of this
methodology and preliminary dataset for multiple technical assistance projects completed for
neighborhood-based nonprofits and used these engagements to “ground-truth” the results and
refine the methodology in this analysis.

This analysis also uses a lens of neighborhood market value to highlight the variation in the
different ways that two- to four-unit buildings are lost in different market contexts. To build a
typology of market types, the authors use parcel-level administrative data on one- to four-unit
property sales activity from the Cook County Recorder of Deeds and geospatial techniques

to derive a granular assessment of neighborhood-level prices in 2020 relative to surrounding
areas and to the city of Chicago as a whole (IHS, 2017). Using these data, this analysis classifies
census tracts on the basis of current market conditions (high, moderate, and lower cost) and the
distribution of census tracts by price (IHS, 2021c). As exhibit 3 illustrates, high-, moderate-, and
lower-cost neighborhoods in 2020 were highly geographically clustered, with high-cost areas
concentrated on the North and Northwest Sides of the city; lower-cost areas concentrated on the
South, Southwest, and Far South Sides of the city; and moderate-cost areas concentrated on the
West Side and scattered in North and Southside neighborhoods citywide.
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Exhibit 3

Neighborhood Housing Market Typology of One- to Four-Unit Property Sales Prices for the City
of Chicago, 2020
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Key Findings

Chicago has lost two- to four-unit housing stock to a range of other types of
residential properties and nonresidential land uses.

Since 2013, Chicago has lost more than 4,800 two- to four-unit buildings, representing 11,775
housing units and a loss of 4.2 percent of Chicago’s stock of two- to four-unit parcels. Exhibit 4
illustrates that 47.5 percent of these lost buildings were replaced by single-family homes, either
through conversion of the existing structure or demolition and new construction. In addition, 29.6
percent of lost buildings were replaced by nonresidential uses, such as vacant land. At the same
time, 13.4 percent of lost two- to four-unit buildings had “disappeared” from the data by 2019.’
Finally, 9.5 percent of lost two- to four-unit properties became some other residential type but not
a single-family home. In this situation, many of the changes detected were the result of additional
housing units being added to the building, such as a legal basement unit. Such a change would
mean that the property became a five-or-more-unit building.

Exhibit 4

I
Minor Class Changes for Two- to Four-Unit Properties in the City of Chicago, 2013 to 2019
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Although all neighborhood market types have lost a share of two- to four-unit
buildings since 2013, high-cost areas lost the largest share of their 2013 stock.

Nearly 61 percent of all lost two- to four-unit buildings were in high-cost areas, 23.9 percent were
in lower-cost areas, and 15.3 percent were in moderate-cost areas. Exhibit 5 illustrates the share of

! The reasons a property may “disappear” from the data are numerous, but in many cases, it can be traced to the
redevelopment of two- to four-unit properties into condominium buildings or a larger multifamily rental building. The
new property has a new parcel identification number or is split into multiple parcel identification numbers. In these cases,
because the property identification number changed, it impedes the type of analysis in this study.
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the 2013 two- to four-unit building stock lost between 2013 and 2019 by neighborhood market
type. It shows that high-cost neighborhoods lost 7.1 percent of the 2013 two- to four-unit building
stock—the largest share of any market type. By comparison, 3.5 and 1.8 percent of the 2013 two-
to four-unit building stock has been lost in lower- and moderate-cost communities, respectively,
during the period.

Exhibit 5
I
Change in Two- to Four-Unit Parcels in the City of Chicago by Neighborhood Market Type, 2013
to 2019
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The nature of the lost two- to four-unit stock differs by neighborhood market condition.

The threats facing two- to four-unit buildings are largely related to a mismatch between market
demand and the supply of certain types of housing in a neighborhood. For example, many
higher-cost neighborhoods on Chicagos North Side have experienced recent increases in both
higher-income households and families with children, indicating increased demand for housing
from households that may want more space and have the means to afford expensive single-family
homes (IHS, 2018b). At the same time, other neighborhoods are dealing with the effect of historic
disinvestment, long-term population loss, and the continued legacy of the foreclosure crisis,
particularly in lower-cost areas (IHS, 2018a).

These factors have led to very different pathways for the lost two- to four-unit stock in Chicago
neighborhoods connected to patterns of gentrification, displacement, and disinvestment. Exhibit
6 illustrates that nearly 78 percent of the lost two- to four-unit buildings that single-family homes
replaced were in high-cost markets, and more than 65 percent of all two- to four-unit buildings
lost to nonresidential uses were in lower-cost neighborhoods. Exhibit 7 maps the total lost two- to
four-unit stock by neighborhood market type. Exhibit 8 maps the lost two- to four-unit stock by
type of loss and illustrates the distinct geographic patterns of this loss in Chicago neighborhoods.
It shows that the loss of two- to four-unit buildings through single-family home replacement is
largely a phenomenon in higher-cost areas of the city and pockets of moderate-cost areas near
amenities, such as transit access, although the loss to nonresidential use is highly concentrated in
lower-cost neighborhoods.
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Exhibit 6
I
Distribution of Minor Class Changes for Two- to Four-Unit Properties in the City of Chicago by

Neighborhood Market Type, 2013 to 2019
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Exhibit 7

Map of Lost Two- to Four-Unit Parcels in the City of Chicago by Neighborhood Market Type,
2013 to 2019
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[ Moderate cost

[ vower cost

Lost 2- to 4-Unit Parcel
©  CTA Rail Stations

INSTITUTE ror

HOUSING STUDIES
at DePaul University

CTA = Chicago Transit Authority.
Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse
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Exhibit 8

Map of Lost Two- to Four-Unit Parcels by Type of Loss and Neighborhood Market in City of
Chicago Community Areas, 2013 to 2019

Replaced by Single-Family Land Use Replaced by Nonresidential Land Use

No PIN

Neighborhood Market Type

- High-cost

INSTITUTE ror
- Moderate-cost

HOUSING STUDIES
[ ] Lower-cost at DePaul University

PIN = parcel identification number.
Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse
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A small group of neighborhoods on the city’s North and Northwest Sides account for
most of the two- to four-unit properties that single-family homes replaced.

Exhibit 9 highlights Chicagos top 10 community areas with the largest concentration of two- to
four-unit properties lost to single-family homes. Of all two- to four-unit buildings that single-family
homes replaced citywide, nearly 75 percent occurred in the 10 community areas in exhibit 9, with
most of this type of activity taking place in the top five neighborhoods. Neighborhoods with the
highest concentration of two- to four-unit buildings lost to single-family home conversion or new
construction include high-cost neighborhoods such as North Center (15.1 percent of Chicago’s
total), Lakeview (11.7 percent), West Town (11.2 percent), Logan Square (9.8 percent), and
Lincoln Park (7.9 percent). Exhibit 10 maps the loss of two- to four-unit properties to single-family
homes in Chicagos community areas.

Exhibit 9

I
Distribution of Total Two- to Four-Unit Parcels Lost to Single-Family Homes in the City of Chicago
by Top 10 Community Areas, 2013 to 2019

North Center TR

Lakeview IIIIIII R R R TR

westTown EISIETIS ISl I e IOl 11.2%

togan square [TTITITITIITITITIITITITTITITIITITITTOTITI 9%
Lincoln Park “ \&ﬁ\m\\&%\\ﬁm\m | 7.9%

Irving Park

o 15.1%

Lincoln Square |

Avondale 3.1%

Edgewater

Grand Boulevard 2.1%

T T T T T T T 1
0% 2% 4% 6% 8% 10% 12% 14% 16%

Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse
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Exhibit 10

I
Map of Two- to Four-Unit Parcels Lost to Single-Family Homes in City of Chicago Community
Areas, 2013 to 2019

=

i 4 %
'WZ///I;;‘-
27
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One Parcel

From 1 to 5 Parcels
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Sources: Cook County Assessor’s Office; Institute for Housing Studiies Data Clearinghouse
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Conversely, two- to four-unit buildings lost to nonresidential land use, typically to
vacant land, are concentrated in lower-cost communities on Chicago’s South and
West Sides.

As a result of historic disinvestment, the impact of the foreclosure and economic crisis, and a

slow housing market recovery, many two- to four-unit properties are now vacant land in Chicago’s
lower-cost neighborhoods. More than 1,150 two- to four-unit buildings in lower-cost communities
have been lost since 2013, 80.6 percent of them to nonresidential land uses. The Cook County
Assessor’s Office classified 89.1 percent of them as vacant land. Exhibit 11 highlights the
distribution of two- to four-unit properties lost to vacant land by Chicago’s top 10 community areas
and illustrates that 53 percent of all two- to four-unit buildings lost to vacant land are in just 7
community areas. The top 5 community areas with the highest shares of the city’s two- to four-unit
stock lost to vacant land include Englewood (10.4 percent), West Englewood (10.1 percent), New
City (9.9 percent), Austin (6.2 percent), and North Lawndale (5.8 percent). This type of activity

is also seen in higher-cost areas and some moderate-cost areas, but two- to four-unit stock lost to
vacant land in these market types often appears to be side lots or temporarily vacant lots awaiting
development. As of the 2021 tax year, more than 96 percent of these former two- to four-unit
buildings were still vacant land in lower-cost areas, although slightly less than 43 percent were

still vacant land in high-cost neighborhoods. Exhibit 12 maps the lost two- to four-unit stock that
became vacant land in 2019 by Chicagos community areas.

Exhibit 11

Distribution of Total Two- to Four-Unit Parcels Lost to Vacant Land in the City of Chicago by Top
10 Community Areas, 2013 to 2019

Englewood B 3 3% 3% 3%
West Englewood |JNIIIIIIEEEEEIE R Y 10:10%
New City | 9.9%

Austin [T 629
— .,N:E:’;

North Lawndale [ S R R & 5.8%

Humboldt Park

West Garfield Park i 5.0%

South Chicago ‘ 3.8%

West Pullman | =

] 3.8%

East Garfield Park ‘ 3.1%

T T T T T 1
0% 2% 4% 6% 8% 10% 12%

Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse
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Exhibit 12
——

Map of Two- to Four-Unit Parcels Lost to Vacant Land in City of Chicago Community Areas, 2013
to 2019
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Across all neighborhood market types, lost two- to four-unit parcels are more likely
to be associated with foreclosure filings than legacy two- to four-unit buildings active
in 2013 and 2019.

As noted previously, research illustrated that two- to four-unit properties had the highest share of
parcels associated with foreclosure filings compared with single-family or larger multifamily rental
properties in Chicago. Examining foreclosure activity on the lost two- to four-unit stock compared
with stable “legacy” two- to four-unit properties, exhibit 13 shows that a higher share of lost

two- to four-unit properties have been associated with foreclosure filings since 2005 than two- to
four-unit properties that remained in the stock as of 2019. In Chicago, 33.1 percent of lost two- to
four-unit buildings were associated with foreclosures compared with 27.3 percent of legacy two- to
four-unit buildings. This pattern holds across neighborhood market types, with the highest levels
of foreclosure activity in lower-cost neighborhoods.

Exhibit 13
——

Share of Legacy and Lost Two- to Four-Unit Buildings With at Least One Foreclosure Filing in the
City of Chicago by Neighborhood Market Type, 2005 to 2019

70%

60%

50%

37.9%

40%

33.1%

30% 27.9% 27.3%

20.3%

20%

10%

0%

Lower Cost Moderate Cost High Cost City of Chicago
E Share of Legacy 2- to 4-Unit Buildings with Foreclosure Filings
. Share of Lost 2- to 4-Unit Buildings with Foreclosure Filings

Sources: Cook County Assessor’s Office; Institute for Housing Studiies Data Clearinghouse

Although some two- to four-unit buildings were added to the stock between 2013
and 2019, these gains do not offset losses in lower- and high-cost neighborhoods.

The housing stock is not static, and two- to four-unit buildings are added to the stock through a
number of channels. These channels include adding legal basement apartments in existing single-
family structures, converting and reclassifying single-family homes and former commercial or
industrial properties into two- to four-unit residential properties, new construction, or reclassifying
five- and six-unit properties into two- to four-unit properties in some cases. Exhibit 14 shows that
between 2013 and 2019, 1,699 two- to four-unit properties were added to the Chicago housing
stock. Despite this addition, the city still had a net loss of more than 3,100 two- to four-unit
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buildings. Although higher-cost areas accounted for the largest number of “new” two- to four-unit
buildings, these neighborhoods still had a net loss of more than 2,200 two- to four-unit buildings.
Lower-cost neighborhoods had a net loss of nearly 800 two- to four-unit parcels despite the
addition of 380 “new” two- to four-unit buildings.

Exhibit 14
I
Newer Two- to Four-Unit Buildings (Added 2013-19) Compared With Lost Two- to Four-Unit

Buildings in the City of Chicago by Neighborhood Market Type, 2013 to 2019

Lower Cost -1,154 +380

Moderate Cost +595
High Cost
City of Chicago -4,820 +1,699
-6,000 -5,000 -4,000 -3,000 -2,000 -1,000 0 1,000 2,000 3,000

. Total 2- to 4-Unit Buildings Lost D Net Change in 2- to 4-Unit Buildings m Total 2- to 4-Unit Buildings Added

Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse

Many newly added two- to four-unit buildings in high-cost markets are likely less
affordable than existing “legacy” two- to four-unit buildings.

Exhibit 15 compares the 2019 assessed values for two- to four-unit buildings added to the stock
after 2013 with legacy two- to four-unit buildings in high-cost markets. This analysis groups new
two- to four-unit stock by former 2013 property class and shows that added two- to four-unit
buildings have higher median assessed values than legacy two- to four-unit buildings, except for
newly added two- to four-unit buildings that were formerly single-family homes. For example,

the median assessed value of newly added two- to four-unit buildings in high-cost neighborhoods
compared with parcel identification numbers (PINs) not in the 2013 assessor data was more than
35 percent higher than the median assessed value of legacy two- to four-unit buildings in these
neighborhoods.” In Chicago’s lower- and moderate-cost neighborhoods, assessed values for newly
added and established two- to four-unit buildings are generally similar. More research is needed to
fully understand the characteristics of newly added two- to four-unit properties. However, higher
assessed valuations of these properties relative to the legacy two- to four-unit housing stock indicate
that many of the newly added two- to four-unit buildings in higher-cost markets are likely to be
less affordable than their peer properties.

? Because these 2019 two- to four-unit PINs were not in the 2013 data, the most likely assumption is that they are new
construction properties.
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Exhibit 15

I
Difference in Median 2019 Assessed Values of Legacy Two- to Four-Unit Buildings (Active in
2013) Compared With Newer Two- to Four-Unit Buildings by Former Property Class (Added in
2013-19) in High-Cost Markets, 2019
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Typein 2013

Newly Added 2- to 4-Unit Buildings in High-Cost Markets

Sources: Cook County Assessor’s Office; Institute for Housing Studies Data Clearinghouse

Discussion

This analysis highlights the importance of two- to four-unit properties to Chicago’s overall housing
stock, quantifies the loss of this stock in neighborhoods across the city, and illustrates the pathways
these lost properties take in different market contexts. The analysis highlights the market pressures
facing the stock in lower- and high-cost markets citywide and shows that being associated with

a foreclosure seems to increase the risk of two- to four-unit properties being lost. These findings
highlight the need for a comprehensive approach to preserving two- to four-unit buildings that (1)
recognizes the stock’s critical importance to providing affordable rental housing, homeownership,
and wealth-building opportunities in all Chicago neighborhoods and (2) addresses the spectrum of
challenges facing these buildings, their owners, and tenants in different market contexts.

The analysis shows that every type of neighborhood housing market in Chicago is losing two- to
four-unit buildings, but the loss is most acute in higher-cost neighborhoods on the city’s North and
Northwest Sides. In these neighborhoods, this loss is typically due to single-family homes replacing
two- to four-unit properties through conversion of the existing buildings or demolition and new
construction. This phenomenon highlights how the changing demand for housing, particularly the
demand for expensive single-family homes, affects the overall housing supply. Limited additions

of “new” two- to four-unit properties do not offset this loss in higher-cost neighborhoods, and

data indicate that many of these properties may be less affordable. Meanwhile, in the city’s more
affordable, moderate-cost neighborhoods, this analysis shows that although the two- to four-

unit housing stock is generally stable, losses of two- to four-unit buildings are concentrated in a
small number of census tracts, with rising values or near ongoing or planned catalytic investment
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projects. These findings amplify housing advocates’ calls regarding the need for proactive policies
to preserve the existing lower-cost rental stock before it is lost to gentrification pressures.

Recent policies in Chicago have attempted to slow down this type of conversion activity through
zoning rules. For example, in July 2022, the Chicago City Council passed the Connected
Communities Ordinance, a sweeping overhaul of the city’s transit-oriented development policies.
The ordinance includes reforms to zoning, parking minimums, and accessibility guidelines and
also includes provisions that make it more difficult to convert two- and three-unit buildings to
single-family homes in neighborhoods with rising prices. In designated Community Preservation
Areas near transit and zoned for higher densities, detached houses cannot be constructed, and
two- to four-unit properties cannot be converted to single-family homes without a zoning change
request, providing an additional level of protection for two- to four-unit buildings close to transit
(City of Chicago, 2022).

In Chicago’s lower-cost neighborhoods, this analysis found that the loss of two- to four-unit stock
is most common through demolition and nonresidential-use replacement, often vacant land. This
phenomenon highlights the need for investment in both the broader community and existing
housing stock to reverse the tide of long-term population loss, historic disinvestment, and the
ongoing legacies of the foreclosure crisis and the Great Recession. Recent efforts in Chicago’s lower-
cost communities involve policies that help stabilize the existing two- to four-unit housing stock
and also remove barriers to redeveloping vacant land, often where two- to four-unit properties
once stood. For example, the Renew Woodlawn program helped to restore vacant, foreclosed

two- to four-unit buildings in a community with substantial, historic disinvestment and recent
concerns about gentrification pressures surrounding the nearby development of the Barack Obama
Presidential Center (POAH, 2018). Other programs have leveraged an abundance of city-owned
vacant land to develop affordable, new-construction housing to reverse population loss and attract
homeowners of color back to some city neighborhoods (IHS, 2023¢).

Although this analysis focuses on Chicago, the findings have relevance to other cities attempting
to address the loss of older, lower-cost housing and reinvestment-related challenges in different
neighborhood market contexts. The loss of this stock has implications for rental housing
affordability and homeownership opportunities for modest-income homebuyers and homebuyers
of color. Recent research from New York highlights the loss of thousands of housing units as
existing units are consolidated into larger, more expensive homes (Brodheim, 2023). Other
reporting highlights that beyond Chicago, cities such as Detroit and Pittsburgh struggle with
redeveloping vacant land in historically disinvested communities despite the need for housing
(Barrett, 2023). For policymakers in communities looking to develop policies to incentivize
investment in and the preservation of two- to four-unit buildings, understanding the market
pressures that lead to losing this stock and how they vary geographically is essential. This analysis
highlights the unique ways that public administrative data can be leveraged to understand
conditions on the ground and inform local policy development.
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Abstract

Housing speculation has been generally understood to be a major driver of displacement and hardship for
Black, Indigenous, and People of Color (BIPOC) communities. To explore the impact of speculation, this
research assesses tenant outcomes in buildings with the fastest-rising property values in New York City.

In so doing, it builds on administrative data on mortgage transactions, sales prices, housing maintenance
violations, and marshal’s evictions to analyze the association between apartment building finances and
tenant well-being. Combining these data with building-level information on affordable housing investments,
the article also explores how acquisition of distressed housing by nonprofits, tenant cooperatives, and other
responsible owners of affordable housing may disrupt speculative cycles and contribute to positive tenant
outcomes. It finds that 1) sales price and mortgage debt increased the most steeply in neighborhoods with
higher poverty, higher Black and Latinx populations, a growing petcentage of adults with college degrees,
and a growing population (in other words, neighborhoods showing signs of gentrification); 2) controlling for
community characteristics, buildings with the highest increase in debt had about 0.78 more maintenance
violations per unit per year than those that did not; 3) building owners who took on the most additional debt
or bought at steepest price increases successfully evicted their tenants at 1.5 times the rates of others who
owned properties in similar neighborhoods; and 4) buildings receiving affordable housing investments are
less likely to be subject to speculation and are significantly better maintained than comparable properties
in similar neighborhoods. Taken together; these findings suggest that speculation, and especially speculative
finance, disproportionately impacts BIPOC communities and tenant quality of life, and that affordable
housing investments can both protect buildings from speculative practices and improve tenant well-being.

Cityscape: A Journal of Policy Development and Research © Volume 26, Number 1 © 2024 Cityscape 153
U.S. Department of Housing and Urban Development e Office of Policy Development and Research



Greenberg, Duranti-Martinez, Winston, Anderson, Udell, Kirk, and Hendra

Introduction

Housing speculation is not a new phenomenon. In many ways, speculation has driven the
settlement and development of the United States, influencing everything from the economic
motivations of settler colonialism and the American Revolution to the explosive growth of major
cities like Chicago and Los Angeles (Glaeser, 2013). In recent years, however, institutional
investors and private equity have accelerated speculative dynamics in the housing market, in some
cases contributing to housing bubbles, such as the one that sparked the Great Recession (Gao,
Sockin, and Xiong, 2020). After the Great Recession, institutional investors and private equity
also capitalized on homeowner distress, particularly among homeowners of color, who suffered
much higher rates of foreclosure than White homeowners and lost $400 billion in collective
wealth (Bocian, Li, and Ernst, 2010). In Las Vegas, where corporate landlords’ holding in single-
family rentals increased by 34 times between 2009 and 2019, some of these larger investors were
up to 6 times more likely to evict than a small or medium-sized landlord (Seymour and Akers,
2021). In the multifamily market, the subject of this article, advocates have drawn considerable
attention to predatory actors fueling speculation, including private equity, where, supported in
part by investments from pension funds, hedge funds, and wealthy individuals, large investors
bought hundreds of thousands of units from local landlords (Hornbach et al., 2020). Although
not every large investor engages in speculation, these kinds of activities have also been shown to
harm tenants: Atlanta neighborhoods with more corporate owners of rental housing are one-third
more likely to experience an eviction spike and are also more likely to gentrify (Raymond et al.,
2021). The research conducted by Raymond et al. is particularly important for this project because
it controls for neighborhood characteristics that might otherwise impact outcomes of interest.
This approach is similar in that it examines the net effect of speculation on tenants, controlling for
factors such as neighborhood characteristics and building type and size.

Housing speculation is defined in different ways, but it is often applied to the acquisition of
properties at some risk to the investor, which also offers an opportunity for greater returns than
can be expected from safer investments. Other than the case studies of corporate ownership
cited previously, less research has been conducted on speculative practices as a whole on tenant
outcomes. To assess the impact of speculation empirically and to explore what tools can promote
positive outcomes for tenants, this article examines the purchase and financing of New York City
apartment buildings and their association with tenant outcomes, asking three major questions:

1. Which neighborhoods have seen the most speculative activity in the multifamily market?
What neighborhood characteristics are associated with higher levels of speculation?

2. What are the consequences of speculation for tenants, for the quality of their homes, and for
their likelihood of being evicted?

3. What is the role of affordable housing investments in promoting tenant outcomes or in
interacting with speculation?

Several features of this study build on publicly accessible data to contribute to the field’s
understanding of the interplay between speculation and tenant outcomes. First, since 2003, the
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University Neighborhood Housing Program (UNHP) in the Bronx has used City of New York
records to create the groundbreaking Building Indicator Project (BIP). The BIP tracks physical and
financial distress indicators on more than 70,000 multifamily properties—those with five or more
residential units—throughout New York City. More recently, UNHP has added a database of sales
and mortgages since 2003 to BIP for that same universe of multifamily properties, relying on raw
property-record data from the Automated City Register Information System (ACRIS). BIP data were
combined with Census records that matched apartments to their community characteristics, and

to these were added building-level records of executed evictions carried out by New York City
marshals, drawn from a database taken from public court records maintained by the Housing Data
Coalition.' These combined data permit an understanding of where speculation occurs and its
potential impact on evictions and maintenance quality. Finally, to address the article’s third question,
the authors combined these data with information from the Subsidized Housing Information Project
(SHIP) of the Furman Center of New York University.> Because SHIP also records publicly accessible
investments in affordable housing at the building level, these additional data can show how
community investments may interrupt negative outcomes for tenants and promote positive ones.

Operationalizing Speculative Dynamics in New York With
Public Data

Although the research seeks to distinguish properties subject to speculation from other properties
in New York’s super-heated market, speculation is difficult to operationalize at the building level
because there are factors that are not always observable in public data that may contribute to
higher sale prices, such as an undervalued property that is well-located or has other unobservable
amenities. In this article, changes in asset values of the same property over time are central to its
operationalization of this definition of speculation. This approach is justified by the practices of
speculators themselves. In many cases, net income (rental income after building expenses) drives
profit for speculators, and tenants have long drawn attention to ways that speculators realize
profits by increasing rents and cutting expenses. However, for speculators who treat apartment
buildings as an asset class, landlords and investors see the rising value of their buildings both

as a reflection of potential profit and as the main mechanism through which they actually profit
(Hornbach et al., 2020).

In rental housing, two types of speculative strategies are predicated on a rapid increase in asset
values. One involves purchasing a property and expecting that its value will rise quickly, simply
because it is a desirable asset in the current housing market. In this case, the business strategy
relies primarily on the assumption that, as property values rise, another investor will be willing

to pay a premium for the building in a few years. Between 2000 and 2018, multifamily property
values in Queens, Brooklyn, Manhattan, and the Bronx increased between 400 and 600 percent.
In the Bronx, the average sale price per unit rose from about $17,325 in 1996 to approximately
$175,000 in inflation-adjusted, 2020 terms, during a period when the median household income
in the borough actually dropped from about $44,000 to $42,000 (Hornbach et al., 2020). In this

! See Housing Data Coalition. n.d. Housing Data Coalition. https://www.housingdatanyc.org/.

? See NYU Furman Center. nd. CoreData.nyc User Guide. https://furmancenter.org/coredata/userguide/data-downloads.
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study, these properties are identified through a focus on buildings that are resold in ways that
capitalize on their increased value, because this indicates that they were previously purchased with
the goal of realizing windfalls—a hypothesis that is borne out by the fact that these properties often
continue to be sold for higher amounts, as shown in the following section. This article focuses on
the top quartile of repeated sales, which during the study period rose in value at a rate of about 30
percent per unit per year.

The second type of speculative strategy involves debt. When buyers acquire buildings at ever-
higher prices, they often do so with loans from a bank or nonbank financial institution. In this
situation, the financial institution is incentivized to agree that the market value of a property has
risen because it profits from the higher loan amount if it is repaid. Over time, the same owner may
come back to the institution to claim that the value of the property has risen again, which justifies
adding to the mortgage to reflect its new assumed value. Many owners refinance their mortgages as
often as every few years and profit by taking out those new debt proceeds as payouts or to cheaply
fund other profitable investments—often while neglecting the properties themselves (Miranova
etal., 2022). This financing mechanism, referred to in the real estate industry as “cashing out” or
“pulling equity out,” is the most common instance of converting an increased asset value into profit
and, as such, figures prominently in the analysis. Focusing on the top quartile of refinancing events
identified buildings where debt increased by 50 percent per unit per year, a striking figure which
in itself suggests the role debt plays in speculation.

This approach to identify speculative investments was adopted because the business strategies

and extent of financial risk assumed by an owner can be defined in multiple ways and may inhere
in characteristics of a property or strategies for its management that are not easily observable

in public data—for example, in rising, realistic projections about net operating income. When
assessing speculative risk, neighborhood and building context also matters. Multifamily buildings in
prime locations, with higher-income tenants arriving who may pay higher rents, or of particularly
high maintenance quality, may be seen as safer investments. To factor in these characteristics of
neighborhood and building context, this article’s measure of speculation builds from the insight that
asset value increases are a measure of profit in housing, examining how much the same property
increases its sales price from one sale to the next, adjusting for the length of time between the sales.
Employing the additional insight that mortgage refinancings are the most common way for landlords
to realize asset price increases, the research employs the same strategy for debt, measuring how
much additional debt a property takes on, adjusted for the time between debt events.

For example, a 12-unit building that doubled in sales price after a year (2005 to 2006) would be
treated the same as a 12-unit building with a sales price that quadrupled in 2 years between 2014
and 2016. The strategy is similar to other paired-sales indexes (such as the Case-Shiller index),
which are used to understand asset inflation in relative terms. Although imperfect, the approach
holds constant the property itself and its location, and across all multifamily buildings, it is
reasonable to assume that higher leaps in sales price or in debt are likely to be signals of greater
speculative risk or signs that equity is being extracted based on relatively inflated assumptions of
value. (Although it is possible that increased debt is being reinvested into the property, public data
do not indicate the use of funds, and the article’s analysis of the association between maintenance
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quality and speculative finance suggests that overall, this kind of reinvestment is not occurring, as
described in the section, “Speculative Debt and Housing Quality.”

This article focuses on properties in the top quartile of increased sales price and increased debt

to provide a clean “cut point” that can be used to describe cohorts of properties over time. This
cut-off, while arbitrary, provides a way to identify properties that have been assigned the greatest
additional amount of value over time, even in the overheated New York City housing market. This
identification strategy also illustrates clear differences between this set of properties and others, but
it is important to note that findings hold when examining more linear relationships, that is, when
increased sales or debt values are expressed as more continuous measures. In other words, logistic
regression results were similar to linear regression results, with the former method employed in this
article examining whether a building is in the top quartile of sales-price or debt increases, with the
latter employing more continuous measures of time-adjusted, per-unit increases in price or debt.

Understanding Where Speculation Occurs

Using this article’s measure of relative per-unit, time-adjusted sales-price increases, Manhattan and
Brooklyn have the greatest share of repeated sales events, and they also have the highest proportion
of repeated sales events in the highest quartile of asset inflation. Combined, they account for

about two-thirds of properties and units in this top quartile of higher resale value (exhibit 1). The
location of these properties in New York City’s most expensive borough (Manhattan) conforms

to the popular image of where already-high housing markets have become increasingly more
expensive during the past two decades. The high number of these properties in Brooklyn reflects
that, during this period, areas of Brooklyn accelerated their gentrification, and it also corresponds
to the fact that Brooklyn is the most populous borough.

Exhibit 1

I
Proportion of Units by Borough in Time-Adjusted Sales Price Change Among Units Experiencing
Repeated Sales

Lowest Quartile 2nd Quartile-  3rd Quartile - Highest Quartile

Borough - Chan_ge in Chang_;e in Chang_e in - Chan_ge in A"s::';i?/:?d
Sales Price (%) Sales Price (%) Sales Price (%) Sales Price (%)
Manhattan 40 31 34 32 34
Bronx 28 27 20 15 22
Brooklyn 21 28 38 41 32
Queens 11 14 7 12 11
All Boroughs 100 100 100 100 100

Data: Repeated sales, weighted by units in building, 2003-20.
Source: Building Indicator Project, UNHF, drawing on data from New York City

Considerable diversity of income, race, and ethnicity exists within boroughs. This broad story of
Manhattan- and Brooklyn-driven increases obscures a more granular picture of where values are
rising most. Accordingly, regressions linking properties to the characteristics of the census tracts

in which they were located, using 2019 estimates from the American Community Survey, permit
analysis of which community factors were associated with buildings that proportionally rose the most
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in price—in other words, which aspects of a neighborhood were associated with speculation. Over
the entire study period (2003-20), multifamily buildings were most likely to be resold for the greatest
increase in price in areas that have higher poverty, higher Black-identified populations, higher Latinx-
identified populations, a higher percentage of adults with college degrees, and a growing population
(exhibit 2).* This constellation of indicators (with college degrees often being an operational definition
of gentrification) suggests unsurprisingly that gentrification is one driver of speculation. This finding
cuts against the stereotype of the city’s White and affluent neighborhoods becoming astronomically
more expensive. In relative terms, gains in value occurred most in Black and brown neighborhoods.
At the same time, it is very much in line with what lower-income Black, Indigenous, and People

of Color (BIPOC) neighborhood residents and their advocates have been describing, especially in
gentrifying areas: apartment buildings in their communities have been subject to rising prices, which,
in many cases, have put extraordinary pressure on tenants, as described in later sections.*

Exhibit 2
——

Community-Level Correlates of Being in the Top Quartile of Increased Sales Values (1 of 2)

Subset Covariates Subset Covariates
Logit Regression on All Covariates, Subset Covariates, with Rent Change, with Rent Change,

Speculative Sale On Repeat Sales On Repeat Sales On Repeat Sales On All Sales
(1) 2 (©)] @)

Percent Poverty 1.3169* 1.0019"* 1.0373*** 1.3120"*
(ACS 2019) (3.92) (3.57) (3.64) (5.35)
Percent Poverty Change -0.0625
ACS 2014-ACS 2019 (-1.05)
Percent Black/African- 0.7381** 0.7635** 0.7697** 1.2255"*
American (ACS 2019) (4.39) (5.84) (5.84) (11.19)
Percent Hispanic/Latino 0.5244** 0.5769** 0.5240** 1.1372**
(ACS 2019) (2.62) (3.53) (3.16) (8.07)
Percent Asian -0.1451
(ACS 2019) (-0.59)
Percent Adults w/ 1.3144* 1.4845* 1.2318*** 1.1058***
College Degree
(ACS 2019) (4.89) (7.17) (5.56) (5.89)
Percent College -0.0638
Degree Change (-1.35)
ACS 2014-ACS 2019 '
Median Household 0.0000
Income (ACS 2019) (1.04)

. -0.0000*** -0.0000*** -0.0000** -0.0000
Population (ACS 2019) (-3.74) (-3.98) (-2.94) (-1.05)
Population Change 0.5379** 0.4713** 0.3900* 0.2816**
ACS 2014-ACS 2019 (4.38) (4.08) (2.65) (3.08)
Percent Rent Change 0.5547* 0.5638"**
ACS 2014-ACS 2019 (4.17) (5.01)
Bronx -0.5015*** -0.4756*** -0.4455*** -0.4615***

(-4.21) (-4.07) (-3.45) (-4.10)

? For consistency within the model, these community characteristics were defined through American Community

Survey data during the end of the study period (2014-19), so it is accurate to say that these are characteristics of the
neighborhoods as they now exist. Preliminary analyses appeared to show the proportion of Asian-identified populations as
not substantially influencing the model, so this variable was eliminated from pared-down regressions models.

* Linear models show similar results, in that a higher increase in debt occurs in neighborhoods with higher poverty, a higher
Black population, a higher Latinx population, and a higher percentage of adults with college degrees.
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Exhibit 2
——

Community-Level Correlates of Being in the Top Quartile of Increased Sales Values (2 of 2)

Subset Covariates Subset Covariates
Logit Regression on All Covariates, Subset Covariates, with Rent Change, with Rent Change,

Speculative Sale On Repeat Sales On Repeat Sales On Repeat Sales On All Sales
(1) 2 ()] (4)
Brookin 0.0979 0.0741 0.0859 0.1984*
Y (1.08) (0.85) (0.82) (2.16)
Queens 0.0094 -0.0231 0.0251 0.1096
(0.08) (-0.21) (0.20) (1.02)
Uober Manhattan -0.2546" -0.2647" -0.2521* -0.1455
pp (-2.58) (-2.75) (-2.32) (-1.53)
4.8139" 4.8096" 4.8530" -1.1858"*
NCEIRAUSS) (6.44) (6.44) (6.47) (-4.94)
26882 26888 27410 0.3910*
Year 2004 (14.09) (14.10) (13.63) (2.30)
2.4354* 2.4341% 2.4802"* 1.0474"
Year 2005 (14.59) (14.59) (13.92) (6.44)
1.9136™* 1.9110 1.9334* 1.0367**
Year 2006 (11.59) (11.59) (10.95) 6.31)
11512 11579 11642 0.7672"*
ML (6.97) (7.02) (6.56) 4.57)
0.6929"** 0.6996" 0.7482* 0.5545*"
Year 2008 (3.96) (4.00) (4.00) (3.12)
0.1849 0.2061 0.2339 0.3327
VCEIF AU 0.97) (1.08) (1.14) (1.70)
-0.1161 -0.1218 -0.0093 0.1383
Year 2011 (:0.61) (:0.64) (-0.05) ©0.71)
0.2371 0.2371 0.2568 0.4700**
VAN (1.39) (1.39) (1.40) (2.66)
0.5228" 0.5303** 0.5508"* 0.8332"*
Year 2013 (3.22) (3.27) (3.16) (4.99)
0.7657** 0.7704* 0.7887* 0.9455**
UCET (4.74) @4.77) (4.54) (5.70)
1.1680" 11675 1.0498" 1.3691*
Year 2015 (7.35) (7.35) (7.33) (8.41)
0.8588"** 0.8568"** 0.9156"* 1.0995*
Year 2016 (5.25) (5.24) (5.23) (6.58)
0.5907** 0.6099*** 0.6495™ 0.8313"*
Year 2017 (3.45) (3.57) (3.55) (4.75)
0.2772 0.2823 0.3567 0.6979"*
LU (1.58) (1.61) (1.90) (3.88)
0.1048 0.1198 0.2056 0.6059*
Year 2019 (0.55) (0.63) (1.01) (3.09)
-0.1066 -0.1216 0.0399 0.4090
VAT (:0.47) (:0.54) 0.17) (1.79)
Constant -2.9738" -2.9040"* -3.0485 -4.6876"
(-9.68) 11.21) (-11.07) (-18.96)
Observations 15193 15233 14229 41734
Pseudo R-squared 0.1024 0.1012 0.1020 0.0389

t statistics in parentheses

*p<0.05. ** p<0.01. *** p<0.001.

ACS = American Community Survey.

Notes: 1 is full model; 2 is with a trimmed set of covariates, 3 adds a rent-change variable;
(not just those with repeat sales) into account.

Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census

; and 4 identifies predictors of speculative sales, taking all buildings
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This analysis also shows the role of housing market dynamics in driving speculation. The model
explores the role of the market in two main ways. First, it adds variables to account for the year in
which a property was resold to see whether hot-market periods helped predict speculative sales.
This appears to be true: speculative sales were more likely to occur between 2003 and 2008 and
between 2013 and 2017, which were hot-market periods broken by the Great Recession. For
example, the odds of a speculative sale occurring in 2014 are 2.16 times that of another year in the
study (2003-20). Similarly, the odds of a speculative sale occurring in 2015 are 3.21 times higher
(exhibit 2, column 2). Second, it adds a variable that accounted for rising rents in the census tract
in which the sale took place to explore whether higher sales prices may be driven by purchasers’
expectations of higher rental income, based on market dynamics in the surrounding area.

Rising local rents also contribute to the likelihood that a building will be resold for higher amounts
(exhibit 2, column 3). However, even when taking both market-cyclical factors and local rent
changes into account, race, poverty, and gentrification indicators still predicted speculative sales,
although their predictive value decreased modestly. This finding suggests that trends within the
housing market at a given point in time do not tell the entire story of sales-price increases. In other
words, indicators of a “hot” market are associated with greater increases in a property’s value, but
signals of race, community distress, and gentrification remain important predictors, even when
these market signals are factored in.

A similar pattern emerges when examining characteristics of neighborhoods where the greatest
amount of additional debt is taken out on the same property over time. As described previously,
taking out more debt on a property is another dynamic of speculation because an owner leverages
the asset with the expectation of its increasing value for relatively inexpensive capital, especially
when interest rates are low. Debt can obviously be used to improve the property, as an individual
homeowner does when taking out a line of credit secured by their home to invest in repairs or
amenities. However, landlords overall do not effectively reinvest resources in this way if improved
housing maintenance is an indicator of this reinvestment.

At the borough level, as in the case of rising sales prices, Manhattan and Brooklyn are where the
highest amount of increased debt occurs, accounting for about two-thirds of the highest per-unit,
time-adjusted transactions (exhibit 3). However, when factoring in the role of neighborhood
characteristics, a pattern emerges that is observed in speculative sales. More debt is taken out

on properties in areas with higher poverty and higher Black and Latinx populations (exhibit 4).
For example, an increase in census tract poverty rate from 20 to 30 percent is associated with a
14-percent increase in the odds of a speculative debt event, whereas other factors held constant.
Because the relationship is not strictly linear, an increase in poverty rate from 20 to 40 percent is
associated with a 30-percent increase in the odds of a speculative debt event. Community-level
signals of gentrification—declining poverty, higher proportions of people with college degrees, and
increasing populations—are also associated with higher increases in debt.

160 Local Data for Local Action



Housing Speculation, Affordable Investments, and Tenant Outcomes in New York City

Exhibit 3
——

Proportion of Units by Borough in Time-Adjusted Sales Debt Change Among Units Experiencing

Repeated Sales

Lowest Quartile  2nd Quartile-  3rd Quartile - Highest Quartile  All BBLs with
Borough - Change in Debt Change in Debt Change in Debt - Change in Debt Change in Debt

(%) (%) (%) (%) (%)
Manhattan 45 34 33 38 38
Bronx 15 21 21 18 18
Brooklyn 26 25 30 30 28
Queens 14 19 16 14 16
All Boroughs 100 100 100 100 100

Data: BBLS (properties identified by borough-block-lot) with change in debt, weighted by units in building, 2003-20.

Source: Building Indicator Project, UNHP, drawing on data from New York City

Exhibit 4
——

Community-Level Correlates of Being in the Top Quartile of Increased Debt Values (1 of 2)

Logit Regression on

Subset Covariates Subset Covariates

All Covariates, On Subset Covariates, with Rent Change, with Rent Change,

Speculative Debt Change in Debt On Change in Debt On Change in Debt On All Debt
U] @ (©)] @

Percent Poverty 1.4479 1.3080"** 1.2951 0.7968"**
(ACS 2019) (8.04) (8.24) (7.97) (5.43)
Percent Poverty Change -0.0929***
ACS 2014-ACS 2019 (-3.42)
Percent Black/African- 0.7077* 0.6901** 0.6982*** 0.5743**
American (ACS 2019) 8.12) 9.71) 9.71) 8.79)
Percent Hispanic/Latino 0.9020*** 0.8834*** 0.8840*** 0.7165"*
(ACS 2019) (8.58) (9.83) (9.64) (8.68)
Percent Asian 0.1316
(ACS 2019) (1.03)
Percent Adults w/ 0.9520** 0.8122** 0.7800*** 0.6156™**
College Degree
(ACS 2019) (6.67) (7.27) (6.51) (5.71)
Percent College 0.0271
Degree Change
ACS 2014-ACS 2019 (0:94)
Median Household -0.0000
Income (ACS 2019) (-0.68)

. -0.0000** -0.0000** -0.0000** 0.0000
Population (ACS 2019) (-3.19) (:3.18) (-2.94) (1.15)
Population Change 0.2012* 0.2004** 0.0344 -0.0059
ACS 2014-ACS 2019 (2.76) (2.79) (0.36) (-0.07)
Percent Rent Change 0.2977* 0.1710*
ACS 2014-ACS 2019 (4.02) (2.54)
Bronx -0.5164*** -0.5271*** -0.5461*** -0.2825***

(-8.44) (-8.81) (-8.44) (-4.84)
Brooklyn 0.1479* 0.1483*** 0.1086* -0.0003
(3.47) (3.64) (2.26) (-0.01)
Queens -0.1729** -0.1633** -0.2086*** -0.2620***
(-3.10) (-2.94) (-3.47) (-4.74)
Upper Manhattan -0.2034*** -0.2007** -0.2349** -0.0876
(-4.14) (-4.13) (-4.51) (-1.85)
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Exhibit 4
——

Community-Level Correlates of Being in the Top Quartile of Increased Debt Values (2 of 2)

Subset Covariates Subset Covariates
Logit Regression on  All Covariates, On Subset Covariates, with Rent Change, with Rent Change,
Speculative Debt Change in Debt On Change in Debt On Change in Debt On All Debt

(1) 2 ()] (4)
2.2307* 22062+ 1.8812* -3.9386""
Year 2003 (3.13) (3.12) (2.45) (-7.80)
1.4488" 1.4381 1.4279" -1.4304"
Year 2004 (10.44) (10.41) (9.58) (-12.35)
21445+ 21450 22400 0.3615"
ML (20.87) (20.91) (20.26) (4.26)
1.0280" 1.9235" 1.0870" 0.8026"
Year 2006 21.12) (21.13) (20.16) (10.05)
1.4254" 1.4274" 1.4475" 0.9712+
VALY (17.19) (17.26) (16.20) (12.14)
0.7354" 0.7373 0.7707* 0.6459"*
Year 2008 ©.82) (8.87) (8.56) (7.78)
-0.0655 -0.0721 0.0037 0.1914*
\CETE (-0.74) (-0.82) (0.04) (2.14)
Voar 2011 -0.4565"" -0.4648" -0.4721+ -0.0664
(-5.43) (-5.54) (-5.18) (:0.76)
-0.1520 -0.1548* -0.1397 0.2863"*
VP (-1.94) (-1.98) (-1.65) (3.57)
0.1930* 0.1873" 0.2189" 0.6720"*
Year 2013 (2.56) (2.49) (2.68) 8.71)
0.6140%* 0.6116* 0.6291** 1.0518"
LGS (8.13) (8.13) (7.68) (13.68)
Vear 2015 0.7489" 0.7433+* 0.8066** 1.2679"
(10.07) (10.02) (10.00) (16.74)
0.6987** 0.6940"* 0.7371%* 1.1366"
LIl (9.24) (9.20) (8.99) (14.78)
Voar 2017 0.2397* 0.2356™ 0.2795"* 0.7462+"
(3.08) (3.03) (3.32) 9.39)
-0.0895 -0.0910 -0.0634 0.4996+*
AU (-1.14) (-1.16) (:0.74) 6.19)
-0.2718" 02744 -0.2552* 0.3394+*
Year 2019 (-3.40) (-3.44) (-2.94) 4.12)
-0.6605" -0.6667 -0.6226" 0.0412
LCETA (-7.62) 7.71) (-6.66) (0.46)
Constant -.3881" -2.2908"** -2.3366 -3.0715
(-15.43) (-17.32) (-16.57) (-23.84)
Observations 51496 51686 45031 77697
Pseudo R-squared 0.0719 0.0716 0.0750 0.0545

t statistics in parentheses

*p<0.05. ** p<0.01. *** p<0.001.

ACS = American Community Survey.

Notes: 1 is full model; 2 is with a trimmed set of covariates; 3 adds a rent-change variable; and 4 identifies predictors of speculative debt, taking all buildings
(not just those with repeat deb) into account.

Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census

In many cases, increased debt is supported by a higher valuation of the property by a lender. The
more a property is worth, the easier it is to take out a loan corresponding to its higher value. One
clear indicator of a property’s value is the rent a landlord can collect. When adding changes in

162 Local Data for Local Action



Housing Speculation, Affordable Investments, and Tenant Outcomes in New York City

neighborhood rents to the model, these changes do have a statistically significant association with
a property taking on the highest levels of increased debt. Rising rents, however, did not play as
significant a role in predicting increased debt as they did in predicting increased sales prices. The
rent-change variable also did not seem to impact the role of other variables, such as poverty and
race, meaning that even when taking rising rent levels into account, the net effect of a buildings
location in lower-income BIPOC communities remained similar.

What are the Consequences of Speculation for
Maintenance Quality?

It is important to understand how market forces have impacted BIPOC and lower-income
communities—to show that the greatest wealth increases for owners are more likely to have been
generated in communities of color and from buildings that likely house some of the city’s poorest
tenants. It is also important to show the consequences of property owners’ speculative wealth building
on tenants and communities. To do so, this article draws on the fact that, since its inception, the

BIP has collected information on housing maintenance violations the city has recorded on rental
properties. In New York, maintenance code violations are reported by tenants and verified by
inspectors from the city’s Department of Housing Preservation and Development (HPD), which
issues citations to the landlord for these problems. HPD violations include a wide range of issues,
such as fire safety; heat and hot water problems; defective faucets, drains, and pipes; lead-based
paint; vermin, such as cockroaches, mice, and rats; broken plaster; or trash accumulation in
common areas.” Although violations are an imperfect measure of housing quality because they are
reactive to tenant complaints, they are the best available data source for maintenance quality across
all New York apartment buildings. This analysis of the relationship between speculation and housing
maintenance violations starts in 2014, the point at which city databases provided easier-to-access,
higher-quality records. This fact limits the time range of the study, but it still provides a recent view
of maintenance quality and its association with speculative activity.

Speculative Sales and Housing Quality

One might think that buildings with few maintenance problems would be sold for the highest
change in prices, reflecting the value of the property. Looking across New York, this expectation
holds somewhat true. During the study period, the highest-reselling quartile of properties has
about 17 to 20 percent of all HPD violations when weighted by the number of units in the
building. These properties’ share of violations is slightly less than their overall share of units but
more than one might expect because these properties escalated the most in value (exhibit 5). One
of the reasons buildings that sold for higher values do not have higher maintenance quality is that
in some communities, particularly Lower Manhattan and Queens, there are years when the top 25
percent of units have more than their share of maintenance violations. For example, in 2015, 2016,
and 2019, the highest-rising quartile of sales prices carried 31 percent, 27 percent, and 29 percent
of HPD violations among resold units, respectively. In other words, in those areas, the highest-
rising sales prices appear to be for buildings with relatively worse quality.

> For descriptions of violations, see New York’s Housing Maintenance Code, https://www.nyc.gov/assets/buildings/pdf/
HousingMaintenanceCode.pdf.
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Exhibit 5
I
Proportion of HPD Violations Recorded for the Top Quartile of Time-Adjusted Increased Sales

Prices, Weighted by Unit

Lower Upper
Year 2 Bt()‘;sughs The(;;onx Brc:;)l;lyn Manhattan ManF;lpattan leoe/sns
(%) (%)
2014 19 25 14 5 18 28
2015 20 17 21 31 16 27
2016 19 18 19 27 16 31
2017 17 17 14 15 25 14
2018 17 23 13 16 21 11
2019 17 19 14 29 21 13
2020 19 18 22 17 20 7

Data: All BBLs (properties identified by borough-block-lot) with a repeated sale in 2016—17 cohort.
Source: Building Indicator Project, UNHR, drawing on data from New York City

Multiple factors may contribute to housing maintenance problems. Rental income streams are a
major driver. The higher the rent rolls, the more that can be directed toward repair. Other factors
are the properties’ age and construction features. To account for these factors, regressions explored
the relationship between speculation (in the form of increased prices) and maintenance quality
while holding constant factors such as neighborhood poverty and race (exhibit 6). The model

also includes borough-level variables to account for geographic patterns of development that
might capture a property’s age and construction methods. As previously described, an apartment’s
location in a lower-income BIPOC neighborhood made it more likely to be sold for the highest
additional amount. Because these places are also neighborhoods with higher housing maintenance
problems, it might be possible that the association between higher sales prices and maintenance
problems is driven by community characteristics and not by the speculative event itself. By
controlling for poverty, race, and income characteristics, it is therefore possible to examine the
impact of speculation on housing maintenance problems over and above these factors.®

® As described in exhibit 9, the research also examined at temporal relationships—whether housing violations tend to follow
or precede a speculative sale. There is evidence that in New York, the same set of distressed apartment buildings are being
resold for higher and higher values and have increased debt taken on them. More violations help predict being sold for

the highest additional amount, although being sold is more predictive of subsequent violations, reinforcing the potentially
causal relationship between speculation and maintenance quality.
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Exhibit 6
——

OLS Regression Results of Speculative Sales 2016-17 on Violations Per Unit, 2018-20
Dependent Variable—HPD Violations Per Unit, 2018-20

OLS Regressions Lol Hepzs
9 Citywide Manhattan Manhattan Bronx Brooklyn Queens
(1) 2 ()} (4) () (6)
Total Speculative 0.486"* 0.418* 1,338 1,719 -0.168 -0.038
Sales 2016-17 (3.74) (2.48) (3.60) (4.72) (-0.72) (-0.14)
Percent Poverty 0.704** 0.954** -1.407* 0.546 -0.218 -0.330
(ACS 2019) (5.31) (4.37) (-2.32) (1.22) (-0.77) (-1.08)
Percent Black/ 2.008"* -0.542* 1.101* 1,424 2.082"* 0.896"*
African-American
(ACS 2019) (36.90) (-2.00) 2.14) (3.97) (24.23) (5.23)
Percent Hispanic/ 1.208** 0.704** 2.203** 0.591 1,400 0.799**
Latino (ACS 2019) (18.65) (5.13) (3.54) (1.40) (10.95) (6.98)
Percent Adults w/ -0.289*** -0.160 -0.815 -2.521* -0.855** -0.280
College Degree
(ACS 2019) (-3.89) (-1.50) (-1.19) (-4.04) (-5.39) (-1.82)
Population -0.000 0.000 0.000 0.000 0.000 -0.000***
(ACS 2019) (-1.17) (1.44) (0.70) (0.47) (0.00) (-3.86)
Population Change -0.227** 0.062 0.007 -0.106 -0.548"* 0.131
ACS 2014-ACS 2019 (-3.87) (0.88) (0.02) (-0.74) (-4.51) (1.50)
0.304*** 0.266* 0.572 1.186* 0.826"** 0.470**
Constant
(4.83) (2.42) (0.80) (2.80) (6.06) (3.93)
Observations 75,768 17,617 7,132 9,041 29,899 12,079
R-squared 0.047 0.012 0.021 0.021 0.038 0.011
Adjusted R-squared 0.047 0.012 0.020 0.020 0.038 0.010
RMSE 2.835 1.215 3.024 3.341 3.494 1.960
F 534.215 30.348 21.680 27.149 167.890 18.740

t statistics in parentheses

*p<0.05. ** p<0.01. *** p<0.001.

ACS = American Community Survey. HPD = Department of Housing Preservation and Development. OLS = ordinary least square. RMSE = root mean square error.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census

Even when taking these geographic and community factors into account, a property’s being acquired
as part of a speculative purchase in 2016-17 predicts more housing maintenance violations on that
building in 2018-20. When examining these dynamics borough by borough, this overall citywide
association is driven by speculative purchases in Manhattan and the Bronx, which conforms to
claims by tenants and their advocates that these are places that have been hit particularly hard by
speculation. When running regressions independently for each borough, in Brooklyn and Queens,
no statistically significant association is apparent between speculative purchases and housing
maintenance violations after controlling for community characteristics, although the strength of

the association in Manhattan and the Bronx resulted in an overall significant effect. Overall, parcels
identified by borough, block, and lot (BBLs) with at least one speculative sale in 2016-17 have 1.09
HPD violations per unit in 2018-20, whereas BBLs without a speculative sale have 0.53 violations
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per unit in the same period—a difference of about 0.56 violations per unit (exhibit 7). This result
aligns with the model, in which the coefficient for total speculative sales in 2016-17 is 0.486—that
is, holding all neighborhood characteristics constant, each speculative sale in 2016-17 is associated
with a 0.486 increase in HPD violations per unit in 2018-20.

Exhibit 7
—
Speculative Sales and Violations Per Unit
BBL with Speculative Total HPD Violations Total Units Total Violations Per Unit
Sale 2016-17 2018-20 2018-20
Yes 13,025 11,940 1.09
No 1,389,549 2,610,533 0.53
Total 1,402,574 2,622,473 0.53

BBL = property identified by borough-block-lot. HPD = Department of Housing Preservation and Development.
Sources: Building Indicator Project, UNHP, drawing on data from New York City

Speculative Debt and Housing Quality

As previously described, another dynamic of speculation involves taking on increasing debt on
apartment buildings—a form of financialization that provides low-cost capital that can be used for
higher-return investments. Without controls introduced, the steepest increase in sales price, overall,
involved buildings with slightly proportionally fewer maintenance violations than their share of all
repeat sales. However, the buildings that took on the greatest increase in debt, without controls,
have more than their share of housing maintenance problems when adjusting for building size.

That is, the top 25 percent of buildings acquiring the largest increases in debt account for about 38
percent of maintenance violations from 2014 to 2020, with some variations by borough (exhibit 8).

Exhibit 8
|
Proportion of HPD Violations Recorded for the Top Quartile of Increased Debt, Weighted by Units
Year All Booroughs The Bronx Brooklyn M:::; :tran Mz:jrm:a:an Queens
(%) (%) (%) %) %) (%)

2014 38 35 48 47 29 21
2015 35 35 41 34 29 25
2016 34 31 35 32 36 32
2017 37 35 41 38 36 33
2018 37 37 39 31 42 27
2019 38 40 37 29 39 28
2020 38 42 40 22 36 30

Data: All BBLS (properties identified by borough-block-lot) with a change in debt in 201617 cohort.
HPD = Department of Housing Preservation and Development.
Source: Building Indicator Project, UNHP, drawing on data from New York City

Greater debt can possibly be invested back into properties, especially to repair buildings and
provide other forms of property maintenance. For this reason, it might also make sense that
more debt is taken out on more distressed properties, and there is some evidence that this also
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occurs. Buildings with more maintenance violations in 201617 are more likely to take on the
highest additional debt in 2018-20, as described in exhibit 9. This finding also affirms advocates’
understanding that it is often the same distressed portfolios that take on more debt over time.
Furthermore, as previously described, lower-income neighborhoods of color were most likely to
have properties that took on the greatest amount of debt, and these are also the places with the
most housing maintenance issues.

Exhibit 9

I
Temporal Relationships Between Sales, Debt, and Violations

Dependent Variable

Total Total
OLS Regressions Speculative Total HPD  Total HPD  Speculative Total HPD  Total HPD
9 Sales Violations  Violations Debt Events Violations Violations
2016-17 2018-20 2014-15 2016-17 2018-20 2014-15
(1)) (2) ()] (4) (6) (6)
Total Speculative 0.008*
Sales 2014-15 (3.04)
Total Speculative 9.195™ 7.363
Sales 2016-17 (3.57) (5.19)
Total Speculative 0.045***
Debt Events
2014-15 (14.36)
Total Speculative 26.693*** 13.648***
Debt Events
2016-17 (22.64) (20.99)
0.006*** 18.221*** 9.508*** 0.027*** 17.510* 9.161**

Constant

(21.15) (89.21) (84.49) (42.79) (85.09) (80.75)
Observations 76,739 76,739 76,739 76,739 76,739 76,739
R-squared 0.00012100 0.00016600 0.00035000 0.00268000  0.00663000 0.00571000
RMSE 0.0790 56.4070 31.0810 0.1720 56.2240 30.9970
F 9.25 12.73 26.89 206.13 512.46 440.77

t statistics in parentheses

“*p<0.01. *** p<0.001.

HPD = Department of Housing Preservation and Development. OLS = ordinary least square. RMSE = root mean square error.
Source: Building Indicator Project, UNHR, drawing on data from New York City

For all these reasons, it is important to understand the net effect of taking on higher levels of
debt on housing violations by factoring community context into the model, and in fact, even
controlling for factors like neighborhood poverty and race, speculative debt levels still impact
violations. That is, over and above the influence of poverty and race, a building that takes on
higher levels of increased debt in 2016-17 is more likely to have increased maintenance problems
in 2018-20 (exhibit 10). Overall, properties with at least one speculative debt in 2016-17 have
1.37 HPD violations per unit in 2018-20, whereas properties without speculative debt have 0.51
violations per unit in the same period—a difference of about 0.86 violations per unit (exhibit 11).
This calculation aligns with the model presented in exhibit 10, in which the coefficient for total
speculative sales in 2016-17 is 0.780, suggesting that with controls introduced, each speculative
debt event in 201617 is associated with a 0.780 increase in HPD violations per unit in 2018-20.
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Exhibit 10

OLS Regression Results of Speculative Debt 2016-17 on Adjusted Violations 2018-20

Dependent Variable—HPD Violations Per Unit 2018-20

OLS Regressions L LR
9 Citywide = Manhattan Manhattan Bronx Brooklyn Queens
(1) (2 ()} (4) (5) (6)
Total Speculative Debt 0.780" 0.197 1,454 1,916 0.376* 0.177
Events 2016-2017 (13.09) (3.50) (7.91) (12.14) (3.20) (1.26)
Percent Poverty 0.672" 0.953"* -1.479* 0.544 -0.229 -0.336
(ACS 2019) (5.06) (4.37) (-2.45) (1.22) (-0.81) (-1.10)
Percent Black/African- 1,980 -0.544* 1.049* 1,443 2.058"* 0.890"*
American (ACS 2019)  (36.41) (-2.01) (2.04) (4.05) (23.92) (5.19)
Percent Hispanic/ 1.180** 0.705** 2.125** 0.505 1.386*** 0.797**
Latino (ACS 2019) (18.23) (5.14) (3.42) (1.21) (10.83) (6.96)
Percent Adults w/ -0.317* -0.159 -0.911 -2 447 -0.873** -0.284
College Degree
(ACS 2019) (-4.27) (-1.48) (-1.33) (-3.95) (-5.50) (-1.84)
i 0.000 0.000 0.000 0.000 0.000 -0.000***
Population (ACS 2019)
(-1.33) (1.46) (0.45) (0.30) (-0.04) (-3.86)
Population Change -0.223** 0.063 -0.001 -0.119 -0.545* 0.132
ACS 2014-ACS 2019 (-3.80) (0.90) (-0.00) (-0.83) (-4.48) (1.51)
0.320*** 0.260* 0.662 1.164* 0.836"* 0.470**
Constant
(5.08) (2.37) (0.93) (2.77) (6.13) (3.94)
Observations 75,768 17,617 7,132 9,041 29,899 12,079
R-squared 0.049 0.012 0.028 0.034 0.038 0.011
Adijusted R-squared 0.049 0.012 0.027 0.033 0.038 0.010
RMSE 2.83 1.22 3.01 3.32 3.49 1.96
F 557.79 31.23 28.89 45.36 169.33 18.97

t statistics in parentheses

*p<0.05. ** p<0.01. *** p<0.001.

ACS = American Community Survey. HPD = Department of Housing Preservation and Development. OLS = ordinary least square. RMSE = root mean square error.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census

Exhibit 11
|
Speculative Debt and Maintenance Problems
BBL with Speculative Total HPD Violations Total Units Total Violations Per Unit
Debt 2016-17 2018-20 2018-20
Yes 95,773 70,001 1.37
No 1,306,801 2,652,472 0.51
Total 1,402,574 2,622,473 0.53

BBL = property identified by borough-block-lot. HPD = Department of Housing Preservation and Development.
Source: Building Indicator Project, UNHF, drawing on data from New York City

Many reasons might explain this association between debt and poorer housing quality. In some
instances, greater debt may directly cause maintenance problems. Because landlords use rental
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income to make mortgage payments, greater loan amounts mean that a higher proportion of rent
rolls may be directed toward debt service over building expenses, resulting directly in deteriorating
building conditions. In some cases, a landlord might also increase rent to meet building payments,
although rent increases at the building level are not observable in the data. In other instances,
taking on high levels of debt may be associated with a kind of extractive behavior on the part of
landlords—a strategy of drawing out equity to be used for other investments. Regardless of the
mechanism, this finding has important policy implications in that taking on high amounts of
additional debt is a leading signal of problems for tenants—more powerful even than a speculative
increase in sales price.

Speculation and Displacement

Displacement may occur in many ways. As Marcuse argued in his classic 1985 paper, it can occur
directly, as individuals are forced to leave their homes due to landlord harassment, rent increases, or
building conditions that threaten family well-being—in other words, through physical or economic
means. Displacement can also occur indirectly and through a form of exclusionary displacement
because BIPOC individuals with lower wages or income who might otherwise have occupied a unit
in a community of color are unable to do so when a higher-income or White household has moved
into that dwelling (Marcuse, 1985). Data are not publicly available to measure all these forms of
displacement, although they are important dynamics of neighborhood change.

Among direct forms of displacement, eviction is one of the most traumatic—not only an event
caused by poverty, but one which itself causes poverty by subjecting individuals and families to
trauma, work and educational disruptions, and, in many cases, great expense (Desmond, 2016).
In New York City, the lawful eviction process starts with a notice from the landlord requiring

rent to be paid or some lease violation to be corrected. At that point, rather than undergo a court
process, many households will choose to vacate their apartment for another, move in with friends
or relatives, or seek to enter a shelter. If they do not, the landlord may file for eviction in housing
court. Around 175,000 to 190,000 such cases have been filed per year in the past decade, with the
majority in the Bronx, hovering at around 20 filings per 100 private dwelling units each year. Of
these filings, about 60 percent result in some kind of judgment, but only 10 percent then proceed
to the execution of an eviction through court warrant, partly because not every judgment goes
against the tenant and partly because many tenants will leave or otherwise resolve their case before
such a warrant is executed (Furman Center, 2019). In New York, even though eviction courts were
not operating during the pandemic, there were over 223,000 filings waiting to be adjudicated by
2021 (Brand, 2021).

For these reasons, even though eviction warrants represent a very small proportion of eviction
filings and an even smaller subset of displacement activity, they are an important phenomenon to
study. Completed evictions are also available at a level that ties the eviction to a specific property. In
New York, officers of the court are known as marshals, and various marshal’s offices have recorded
the dates and addresses where they were ordered by housing court to execute an eviction and give
control of the apartment back to the landlord. Building on New York City marshals’ records, New
York’s Housing Data Coalition created a file of executed eviction warrants. By adding marshals’ data

Cityscape 169



Greenberg, Duranti-Martinez, Winston, Anderson, Udell, Kirk, and Hendra

on eviction judgments to the analysis file, it is possible to examine whether a speculative event—a
building being in the top tier of sales-price or debt increase—increases the likelihood of a landlord
filing for eviction. The dependent variable in this case was the number of eviction judgments per
unit. Because pandemic-era restrictions changed eviction dynamics (although the restrictions did
not stop eviction filings), the analysis ends in 2019.

Findings echo and support advocates’ longstanding claims about the impact of speculation

on evictions. Overall, properties with at least one speculative event in 201416 experienced
0.0273 evictions per unit in 2017-19, compared to 0.0149 evictions per unit in properties
without a speculative event—making the eviction rate almost twice as high in properties with a
speculative event compared to properties without, as shown in exhibit 12. To show the net effect
of speculation, over and above neighborhood-level factors, such as race and poverty, regressions
introduced community-level controls—an especially important comparison because speculation
tends to occur in the same neighborhoods that also see greater levels of poverty and higher levels
of eviction. After introducing controls, such as the size of the property, poverty, neighborhood
racial demographics, and local rent changes, to account for local market effects (exhibit 13), the
coefficient for speculation on evictions is 1.489, suggesting that properties subject to speculative
activity evict at 1.5 times the rate of comparable buildings in similar neighborhoods.

Exhibit 12
—
Speculative Events and Eviction Warrants
Any Speculative Event . . Total Evictions Per Unit
(Sale or Debt) 2014-16 Total Evictions 2017-19 Total Units 2017-19
Yes 4,355 159,782 0.0273
No 34,661 2,462,691 0.0141
Total 39,016 2,622,473 0.0149

Sources: Building Indicator Project, UNHP, drawing on data from New York City; New York Housing Data Coalition

Exhibit 13
|
Association Between Speculative Events and Evictions (1 of 2)
OoLS Poisson Poisson IRR
0] 3] (©)
Evictions 2017-20 Evictions 2017-20 Evictions 2017-20
Any Speculative Event 0.293" 0.404™* 1.498™
(Sale or Debt) 2014-16 (10.19) (9.61) (9.61)
) 0.00957*** 0.000514** 1.001**
Units Per Property
(151.45) (9.07) (9.07)
Percent Poverty 0.420*** 0.804** 2233
(ACS 2019) (4.62) (3.72) 3.72)
Percent Black/African- 1.051** 1.862** 6.440**
American (ACS 2019) (27.94) (28.42) (28.42)
Percent Hispanic/Latino 0.923"* 1.553" 4.726™
(ACS 2019) (20.63) (16.46) (16.46)
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Exhibit 13
I
Association Between Speculative Events and Evictions (2 of 2)
oLs Poisson Poisson IRR
(1) 2 (©)
Evictions 2017-20 Evictions 2017-20 Evictions 2017-20
Percent Adults w/ College -0.494" -1.361" 0.256™*
Degree (ACS 2019) (-9.62) (-11.46) (-11.46)
) 0.0000160*** 0.0000325* 1.000*

Population (ACS 2019)

(5.32) (2.21) (2.21)
Population Change 0.0890* 0.326™** 1.386***
ACS 2014-ACS 2019 (2.16) (9.03) (9.03)

-0.169*** -1.525* 70174
Constant

(-3.90) (-17.84)

Observations 70174 70174
R-squared 0.283
RMSE 1.865
F 3461.9

t statistics in parentheses

*p<0.05. *** p<0.001.

ACS = American Community Survey. IRR = incidence rate ratio. OLS = ordinary least squares. RMSE = root mean square error.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census; New York Housing Data Coalition

How do Affordable Housing Investments Break Cycles of
Speculation and Distress?

The findings in exhibit 13 grimly illustrate challenging realities for lower-income communities of
color in New York. Not only is more additional wealth generated (for others) from their homes, but
the properties that generate this wealth and capital are more poorly maintained than comparable
buildings and evict a higher proportion of their tenants. At the same time, although New York
City has a long history of affordability challenges, housing speculation, and predatory ownership
in different forms, it also has a long history of activist tenant and affordable housing movements,
which have generated public support for relatively high levels of housing investment—
approximately $19 billion from the city’s own capital budget in the years from 1987 to 2018.
Combined with federal and state resources, this support has resulted in approximately 17,000
annual affordable housing units produced or preserved, although at different levels of affordability
(Schwartz, 2019).

Building on previous analyses, this research examined whether affordable housing investments
were associated with better-quality housing and fewer speculative events.” To do so, data about
financial and building characteristics were combined with data from New York University’s
Furman Center, which collected information about various kinds of affordable housing subsidies
directed toward apartments. Because the article’s primary concern was identifying forms of tenant,

" Calculating evictions by subsidy in comparison to other buildings is unfair because, by definition, affordable housing
programs generally serve the lowest-income tenants, whereas other buildings, even in low-income areas, may have a range
of tenant incomes.
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community, or nonprofit ownership, it limits our analysis to certain subsidy streams and excluded
other forms of affordability subsidies from the analysis, although for-profit affordable housing
owners were also included.® Finally, it is worth remembering that only privately owned buildings
are in the data, whether they are owned by a for-profit or nonprofit entity. Public housing is not
included because it operates through a separate regulatory regime in which a lack of funding has
resulted in severe housing maintenance issues and because the overall analysis and the BIP data set
were focused on the private market.

When looking across all private rental housing units—including luxury apartment buildings

and newly constructed apartments—there are about one-half to two-thirds fewer violations in
subsidized apartments than in unsubsidized apartments, as shown in exhibit 14. On the one

hand, one might assume that the presence of affordable investments should be associated with
better housing quality because these investments were provided with public subsidies for the
property’ repair or for new construction. On the other hand, many of the buildings designated for
such efforts had significant maintenance problems to begin with, and they house people with low
incomes at affordable rents, meaning that there is no significant ongoing cash flow to devote to
their maintenance. This situation speaks to the power of these investments and/or their community
stewardship in maintaining not just affordability but also residential quality of life for tenants.

Exhibit 14

I
Total Violations Per Unit for Subsidized and Nonsubsidized Properties
Year V-irgli:tli:npsnin V-irtt:ltaatli:npsbin Total HPD N-?IELE;:TZI:(’ Tg:a;slil:ii::;n Total Wola:::s Per Viola:::s Per

Nonsubsic_lized Subsidiz_ed Violations e I Units Nonsu_bsidized Subﬁidized
Properties Properties Unit (%) Unit (%)

2014 283,957 18,320 302,277 2,058,499 407,586 2,466,085 14 4
2015 357,974 23,517 381,491 2,046,335 419,750 2,466,085 17 6
2016 352,024 27,992 380,016 2,027,315 438,770 2,466,085 17 6
2017 380,879 36,724 417,603 2,014,032 452,053 2,466,085 19 8
2018 427,142 45,213 472,355 1,999,855 466,230 2,466,085 21 10
2019 449,411 52,588 501,999 1,986,910 479,175 2,466,085 23 11
2020 298,294 39,991 338,285 1,971,335 494,750 2,466,085 15 8

Data: BBLS (properties identified by borough-block-lot) with a selected subsidy vs. all other BBLs (removed BBLs with other forms of subsidy).
HPD = Department of Housing Preservation and Development.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; NYU Furman Center Subsidized Housing Information Project

Adding regressions that factor in community conditions, such as race and poverty, demonstrates
that these subsidies are associated with significantly fewer violations. That is, when compared
to unsubsidized buildings in similar communities, units with affordable housing subsidies still
are shown to have significantly fewer violations (exhibit 15). For example, BBLs with at least
one subsidy in 201415 overall have 0.086 HPD violations per unit, whereas BBLs without a

8 Programs included in the analysis are Section 202/8, Section 221d(3) and Section 221d(4) Mortgage Insurance, Section
223(f), Article 8A/HRP, LAMP — HDC, LIHTC 4%, LIHTC 9%, Multi-Family Program, Mitchell-Lama, Neighborhood
Entrepreneur Program, Neighborhood Redevelopment Program, the Participation Loan Program, the Project Rental
Assistance Contract, Project-Based Section 8, Section 8/RAD, TPT, and LIHTC Year 15, as well as those marked “Other HPD,
HUD, and HUD Project-Based Rental Assistance.”
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subsidy have 0.326 violations per unit in the same period, a difference of about -0.24 violations
per unit (exhibit 16). This calculation aligns with the model, in which the coefficient for subsidy
in 2014-151s -0.653 (larger than the raw difference). In other words, holding all neighborhood
characteristics constant, a property with a subsidy in 2014-15 is associated with a 0.653 decrease
in HPD violations per unit. When controlling for neighborhood context and reporting violations
per unit, the analysis is not able to account for factors such as unit size, although community-
level controls may address these issues, and recent analyses (Duranti-Martinez and Greenberg,
2023) show that properties matched on price and maintenance quality that receive acquisition
rehabilitation subsidies have three times fewer maintenance violations versus comparable buildings
sold to another owner without a subsidy.

Exhibit 15

|
Subsidy and HPD Violations, 2014-15

Dependent Variable—HPD Violations Per Unit 2014-15

OLS Regressions
0] @ ()

) -0.167*** -0.653*** -0.673**
Subsidy 2014-15 (6.39) (-24.48) (:23.26)
Bronx 0.181*** 0.208***

(5.48) (5.43)

0.095*** 0.122**
Brooklyn (4.25) (4.26)
Queens -0.188*** -0.163**

(-6.76) (-4.96)
Upper Manhattan (222)2 (232)3
Percent Poverty 0.309* 0.321**
(ACS 2019) (3.52) (3.38)
Percent Black/African- 1.089*** 1.095"*
American (ACS 2019) (30.36) (28.48)
Percent Hispanic/Latino 0.869"** 0.865™**
(ACS 2019) (19.70) (18.17)
Percent Adults w/ College -0.209*** -0.218***
Degree (ACS 2019) (-3.90) (-3.53)
Population (ACS 2019) (ggg;) (ggg)o
Population Change -0.117* -0.154*
ACS 2014-ACS 2019 (-3.17) (-3.36)
Percent Rent Change 0.034
ACS 2014-ACS 2019 (0.75)
Constant 0.557*** 0.126* 0.085
(86.84) (2.24) (1.33)

Observations 65,875 65,860 57,241
R-squared 0.0006 0.0668 0.0591
Adjusted R-squared 0.0006 0.0666 0.0589
RMSE 1.596 1.543 1.643
F 40.826 428.201 299.613

t statistics in parentheses

*p<0.05. ** p<0.01. *** p<0.001.

ACS = American Community Survey. HPD = Department of Housing Preservation and Development. OLS = ordinary least square. RMSE = root mean square error.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; US Census; NYU Furman Center Subsidized Housing Information Project
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Exhibit 16
I
Affordable Subsidy and HPD Violations
Subsidized BBLs Total HPD Violations Total Units Total Violations Per Unit
2014-15 2014-15 2014-15
Yes 43,519 504,008 0.086
No 640,249 1,962,077 0.326
Total 683,768 2,466,085 0.277

BBLs = properties identified by borough-block-lot. HPD = Department of Housing Preservation and Development.
Note: Subsidized BBLS include properties that had an active subsidy in either year.
Sources: Building Indicator Project, UNHP, drawing on data from New York City; NYU Furman Center Subsidized Housing Information Project

Removing Buildings from Cycles of Speculation

Subsidized properties not only have better maintenance quality but are also less likely to experience
a debt increase or spike in sales value when compared to all other properties. Overall, about 1.12
percent of units with a subsidy in 201617 had a speculative event in the same period. About

3.14 percent of units without a subsidy in 2016-17 had a speculative event in the same period, as
shown in exhibit 17. These results show that buildings with affordable housing investments—at
least while the subsidy is in place—are, as a whole, removed from the cycles of disinvestment and
speculation that so negatively impact tenants and communities. This circumstance appears to be
driven by a reduction in speculative sales because owners of affordable housing are less likely to
resell for higher amounts, although some may take on additional debt that is channeled directly
into property improvements.

Exhibit 17

|
Speculative Events and Subsidy

Any Speculative Event 2016-17

Total Units
Yes No Total %
. Yes 2,908 256,190 259,098 112
S;gfgff‘;d No 70,936 2,186,280 2,257,216 3.14
Total 73,844 2,442,470 2,516,314

Sources: Building Indicator Project, UNHP, drawing on data from New York City; NYU Furman Center Subsidized Housing Information Project

Discussion

These analyses describe the costs of speculation to tenants and BIPOC communities and the power
of affordable housing investments to promote tenant quality of life. In essence, the article finds that
the greatest increases in landlord wealth are derived from buildings in the communities of color
where tenants receive the lowest incomes and that buildings generating the greatest added wealth
also hold the most harm for their tenants. It also finds that affordable housing investments provide
far superior living standards and remove buildings from cycles of speculation and disinvestment.

Several implications can be derived from these findings. First, the finding that steeper increases in
sales price and higher increases in debt were associated with more evictions speaks to the general
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need to provide tenant assistance and rental protections, both to aid tenants directly and to reduce
the incentive to speculate, making it more difficult to displace longer-term tenants. Policies that
can achieve these goals include extensions of effective rental relief funds, good-cause eviction
protections, right-to-counsel initiatives, harassment protections, and similar measures.

Second, this research shows how community development investments created better-maintained
properties and removed them from cycles of speculation. Broadly, investments at the federal level
in affordable housing—which have declined significantly over time—can be used to acquire and
rehabilitate rental housing, and advocates have called for their increase (LISC, 2023), including
affordable housing programs targeted to provide flexible acquisition resources to mission-based
housing organizations, such as the Housing Investment Fund. Tenant, nonprofit, and community
ownership, including community land trusts, mutual housing associations, and limited-equity
cooperatives, can be particularly beneficial to residents. Tenant Opportunity to Purchase Act
(TOPA) and Community Opportunity to Purchase Act (COPA) policies may also be effective
vehicles for this goal when paired with significant acquisition funding and support for ongoing
organizing, capacity-building for nonprofit developers and technical and legal assistance to

help tenants and community partners navigate the purchase and rehabilitation process. TOPA
has a 40-year track record of preventing displacement and preserving affordable housing in
Washington, D.C. San Francisco passed COPA in 2019, and Massachusetts and New York are
considering statewide TOPA legislation, whereas Berkeley, Los Angeles, Oakland, New York City,
and Minneapolis are exploring local opportunity-to-purchase policies (Duranti-Martinez and
Greenberg, 2023).

Third, both speculative purchases and speculative finance were associated with poor housing
maintenance. Advocates have called for increased code enforcement focused on poorly maintained
portfolios and owners with histories of neglecting properties, both to improve tenant quality of

life and potentially disincentivize speculators from deferring maintenance as a profit-making
strategy. Code enforcement can create escalating civil penalties for deferred maintenance and tenant
harassment, and it may involve receivership programs to assign property management of highly
distressed buildings to a third-party administrator. Such enforcement programs could focus on
investor owners and large property owners with the worst impact on communities. In these cases,
tenant organizing is a valuable tool that can leverage code enforcement policies and promote tenant
self-determination, and they may also require public and private support.

Fourth, the fact that increasing debt was a leading signal of maintenance quality problems

and evictions suggests not only that financing is not generally being directed toward property
improvements, but also that it may in fact be harming tenants because greater mortgage payments
take up revenue streams that might otherwise be used for repairs and maintenance. A policy
implication of this finding is to examine mechanisms to ensure that greater debt taken out on rental
housing results in improvements for tenants and that lenders should be held accountable, as other
investors are, for the quality of the properties on which loans are placed. For example, through

the Community Reinvestment Act (CRA), there are incentives for responsible lending to rental
housing and regulation of investments in housing that receive CRA credit. Currently, as long as a
rental housing mortgage is provided in a low- to moderate-income census tract and to a building
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with lower-income tenants, that mortgage is often assumed to be a community reinvestment. The
findings in this article imply that these investments do not always benefit tenants—suggesting that
CRA commitments should incentivize mortgage lending in a manner that does not incentivize
displacement or harm for tenants. Mortgage lending should include transparent benchmarking

of expense minimums that are consistent with safe housing in all loan underwriting and clear
processes for holding landlord borrowers accountable when they fail to responsibly steward the
rental housing against which the mortgage was originated. Another mechanism to ensure that
multifamily mortgage lending promotes safe, stable, and affordable housing is through Federal
Housing Finance Agency (FHFA) regulation of the government-sponsored enterprises (GSEs),
such as Freddie Mac and Fannie Mae. Over the past decade, these two GSEs have become major
lenders in the rental market, and they have recently come under scrutiny for financing provided
to large private equity landlords (Vogell, 2022); on this subject, the Biden Administration recently
released a call to understand how FHFA might promote tenant protections on future loans backed
by Fannie Mae and Freddie Mac, an exploration that this research would support.
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Commentary: Evidence-Based
Policymaking to Address the
Affordable Housing Crisis: The
Potential of Local Data

Karen Chapple
University of Toronto and University of California, Berkeley

Abstract

Many housing market processes remain invisible because of the lack of comprehensive data and
systematic research to create an evidence base. The articles in this section shed light on the relationship
between investment activity and rental housing markets, opening up new avenues for research via
strategic data linkage and providing much-needed evidence to support the preservation of affordable
housing stock.

Introduction

For decades, housing research has drawn largely from a rich but limited collection of datasets

put out by the federal government, such as the census, American Community Survey, American
Housing Survey, Survey of Construction, program participation statistics, and Home Mortgage
Disclosure Act (HMDA) data, augmented by local data, such as tax assessor data, zoning data, or
building code violations. Researchers have gradually built a robust evidence base from these sources
about federal programs, homeownership, housing conditions, housing starts, and related topics.

However, gaps in knowledge abound. Existing research provides very little evidence about rents,
renters, and landlords and how these data relate to specific building types. We have only a basic
sense of capital flows in and out of housing stock. We can only guess about informal or precarious
housing arrangements. Because many of these housing market processes remain invisible,
policymakers lack a full picture of the housing affordability crisis.
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The lack of comprehensive data and systematic research on these particular housing dynamics has
arguably contributed to a dearth of policymaking, particularly at the federal level, that addresses
the affordability of rental housing and the role of speculative capital, particularly in older housing
stock. Most of the country’s affordable rental housing consists of this older unsubsidized housing
stock owned and operated by the private sector (Joint Center for Housing Studies, 2020). Thus,
understanding the relationship between investment activity and rental housing markets could help
set the stage for critical new regulations and affordable housing preservation programs.

In “Housing Speculation, Affordable Investments, and Tenant Outcomes in New York City,”
Greenberg et al. explore the relationship between sales prices, increases in mortgage debt,
maintenance violations, and evictions, showing an association among speculation-like activity,
building conditions, and tenant instability. Sales prices, repeat sales, and mortgage debt are not

a perfect proxy for speculation because they do not reveal the motives or origins of the buyers.
Researchers also know little about the relationship between debt and maintenance violations
(which turns out to be positive, despite the common assumption that landlords assume debt to
improve property conditions), but the patterns are powerful and convincing, with particularly
significant relationships in neighborhoods with concentrations of high poverty and Black and
Latino populations. A supplemental analysis reveals that subsidized buildings benefit from higher
maintenance quality and less debt. As the authors note, the findings call for not just investing more
in nonprofit housing (for example, through large-scale acquisition funds) but also a reexamination
of how loans support building improvements and tenant stability, particularly in light of the role
that the Community Reinvestment Act and other government-supported loan programs may be
playing in these dynamics.

In ‘Assessing How Gentrification- and Disinvestment-Related Market Pressures Drive the Loss of
Small Multi-Unit Housing in Chicago Neighborhoods,” Duda, Smith, and Jiao similarly use parcel-
level data, examining the loss of two- to four-unit buildings and the role of the local real estate
market in their transition to either single-family homes or vacant lots. Given the national movement
to support gentle density in the form of missing middle housing, this article makes an essential
contribution by demonstrating a trend toward reducing density, at least in Chicago. The analysis is
compelling and original due to its tracking of the evolution of existing housing stock (a feat only
possible with historic assessor data) and linking to neighborhood market conditions. The fate of a
building depends on its context. The findings support reinvestment in areas of population loss and
legislation to support preservation and make conversion to single-family homes more difficult.

These excellent contributions help open the door to many new avenues of research, particularly
through strategic data linkage. For example, the actual renters are largely absent from both
analyses (except evicted households). What if researchers could link buildings to tenants via
rental registries; consumer credit panels, such as Equifax; or consumer reference datasets, such as
Infutor? Most displacement occurs with no formal notice of eviction but rather through various
forms of landlord harassment and disinvestment (Marcuse, 1986). Data on renter-occupied
households would enable the examination of residential turnover, both as an intervening variable
that may affect debt and building code violations (as seen in the Greenberg et al. analysis) and as
an outcome of both speculation and building conversions. It would also allow linking to other
types of administrative records—for example, to identify health impacts.
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On the owner and investor side, understanding motives and outcomes in more detail is critical

to designing more effective legislation to deter profiteering from housing. Cities such as Chicago
and Portland are enacting zoning regulations that hinder the conversion of multifamily buildings,
but these regulations may present insufficient obstacles given the readily available capital and lure
of profit for some actors. Faced with the rapid increase in investor-owned housing, governments
need to enact some new guardrails to protect renters; however, policymakers do not yet understand
enough about the benefits and costs of investor ownership—or even how widespread it is—to
regulate it effectively.

These articles raise questions about how best to prevent the loss of affordable housing before it
occurs. Neither analysis attempts to predict where speculation, eviction, or conversion will occur;
however, it would not take much more analysis to identify which areas are most at risk for future
activity because of the convincing evidence presented. Chicago is where such early warning
systems started when the Center for Neighborhood Technology began experimenting with parcel
data to track disinvestment in the 1980s. At the very least, such predictions can help validate local
perceptions and empower communities to organize for change (Chapple and Zuk, 2016).

The studies in this section and others in this volume provide an opportunity to refocus
policymakers’ attention on the affordable housing crisis and identify potential solutions. As

new data and analyses become available, the critical role of existing unsubsidized but affordable
housing is likely to become obvious. It will be important to connect the loss of such stock to
the goals of Affirmatively Furthering Fair Housing because much displacement is occurring in
urban neighborhoods with the most opportunity. Policymakers will likely provide more funding
for affordable housing preservation in the form of acquisition (such as the Small Sites Program
in San Francisco) and tenant purchasing (such as the Tenant Opportunity to Purchase Act in
Washington, D.C.).

Broader implications arise out of this body of research. As society wrestles with how to address the
long-term impacts of systemic racism and dismantle its root causes, analyses such as Greenberg

et al. on the connection between speculation and communities of color will prove invaluable.
Speculation, building maintenance, community stability, and the loss of affordable housing stock
also have extensive fiscal implications that need better understanding to build momentum for
policy interventions. In other words, researchers need to mobilize knowledge about the costs of
speculation or displacement, just as the Urban Institute has done with the cost of segregation (Acs
etal., 2017).

Finally, it is worth noting that these studies depend on the availability of fine-grained local data,
with minimal use of data from federal agencies. Many studies on the affordability challenges of U.S.
high-cost metropolitan areas provide evidence of the effectiveness of interventions, such as just
cause eviction policies; however, such case studies do not translate well in weaker market contexts,
even when they experience similar issues, so these cases may not be effective in moving policy

at the state or federal level. Creating fine-grained datasets at the national level, such as a national
parcel dataset linked to administrative data on households, would help to remedy the growing
chasm in housing policy and programs between strong and weak market regions.
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Abstract

This volume demonstrates many past and potential applications of administrative data that inform and
change housing policy. We identify three areas to enhance the use of local administrative data based on
our experiences from the National Neighborhood Indicators Partnership: 1) collaborating with residents
and community organizations to inform research questions and findings; 2) improving infrastructure
around court records, zoning, and parcel data; and 3) integrating data across sectors, such as health,
housing, education, and others. With cross-sector collaboration and investments in building community
data capacity, researchers, advocates, foundations, the private sector, and governments at all levels can
play a role in improving the availability and use of administrative data to inform housing policy to ensure
all neighborhoods are places where people can thrive.

Introduction

In the 1990s, organizations in several communities, including the Center on Poverty and
Community Development at Case Western Reserve University in Cleveland, developed an
innovative approach to tracking changes at the neighborhood level using a variety of administrative
data sources for the purpose of informing community action (Kingsley, Coulton, and Pettit, 2014).!
These data provided more timely and granular information, allowing users to explore differences
in trends across neighborhoods and develop a shared understanding of community conditions
across sectors. The organizations came together with the Urban Institute to form the National
Neighborhood Indicators Partnership (NNIP), which shares practices to accelerate progress on the
ground and spread its approach to new communities. Since its formation, NNIP has specialized in

! Coulton (2008) cataloged a number of state and local administrative data sources that can be used for neighborhood-
level indicators.
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transforming local administrative data sources and helping local actors use the data to support their
own priorities so that all neighborhoods are places where people can thrive.

The NNIP network has elevated its collective experience from the local partners to share insights
nationally on programs and policy for housing. Among other projects, it has worked with parcel

data to support government and nonprofit decisionmaking, layered many data sources to inform
neighborhood stabilization, combined data to understand the effects of foreclosures on children

and schools, and used mixed methods to explore displacement risk in recovering housing markets
(Federal Reserve, 2011; Kingsley and Pettit, 2007; Pettit, Cohen, and Levy, 2019; Pettit and Comey,
2012). This issue of Cityscape demonstrates the range of housing policy issues that people can
address by analyzing administrative data—including resident health, the impacts of flooding, investor
speculation, displacement pressures on unsubsidized housing stock, evictions, and tenant outcomes.

This essay focuses on three areas in which the field can improve access and application of
administrative data: (1) collaborating with residents and community organizations to inform
research to advance more inclusive policies, (2) improving data infrastructure, and (3) continuing
to innovate with data integration for cross-sector insights.

Collaborating with Residents and Community Organizations

A great deal of administrative data exist related to housing, and this volume demonstrates its
application to inform housing policy. The field now needs to increase collaboration with residents
and community organizations at all stages of the research process. Doing so can improve the
research by ensuring that the focus and results are salient for community-driven priorities and
presented in the format needed for advocacy. Such efforts can help put information into the hands
of residents and communities historically marginalized from decisionmaking and enable them to
advocate for the changes they seek.

NNIP5 cross-site project, Turning the Corner, was formed after community organizations in
recovering housing markets expressed concerns about displacement risk. In the resulting report,
Pettit, Cohen, and Levy (2019) documented that a mixed methods approach involving analysis
of quantitative data (including administrative data), interviews, and focus groups helped lift

up a variety of perspectives, including those of renters and homeowners, long-term residents,
newcomers, and people of different racial and ethnic backgrounds. Residents provided important
insights for understanding the changes seen in quantitative data and helped researchers articulate
their implications.

In “Assessing How Gentrification- and Disinvestment-Related Market Pressures Drive the Loss of
Small Multi-Unit Housing in Chicago Neighborhoods,” the team at DePaul University’s Institute
for Housing Studies (IHS) documented their analysis of parcel and sales data of two- to four-unit
buildings in Chicago (Duda, Smith, and Jiao, 2024). The team worked closely with community
organizations to understand their concerns about these properties and helped quantify what

has been happening since the early 2010s. Community organizations raised concerns about
displacement risk for tenants living in this largely unsubsidized affordable housing stock, first
from foreclosures and then later from gentrification pressure around The 606 trail. ITHS helped the
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organizations document the loss of this housing stock and worked with the Chicago Department of
Housing as they formulated policies to reduce displacement (Burton, 2021). Based on these efforts,
the Chicago City Council passed anti-deconversion ordinances in 2021 for two neighborhoods
with increased displacement risk to prevent this stock from being converted into single-family
houses. THS collaborated with a coalition of community organizations, led by Elevated Chicago,

to advocate for the Connected Communities Ordinance, which was passed by the Council in

2022 to limit deconversion in two- to four-unit buildings in markets with displacement pressure
near transit and bring equitable transit-oriented development policies into the city’s zoning code
(Burton, 2023).

Although policy researchers are increasingly collaborating with residents and community
organizations, more can be done to center residents with lived experience and co-lead research with
community members. NNIP articulated several goals for improving the use of data to advance racial
equity for its members and to acknowledge and address systemic harms (NNIP, 2021). These goals
range from collaborating with residents on research projects to using data to focus on systems and
highlighting assets of people and communities. Torres Rodriguez, et al. (2023) also offer guidance
for quantitative researchers to incorporate community-engaged methods, which will require
researchers to develop new skills and awareness. Doing so will improve the quality of the analyses
of housing markets and conditions, which is critical as advocates, practitioners, and policymakers
use them to set priorities and plan for action. More examples in a variety of contexts can help to
strengthen the methods and result in nuanced findings amongst academics and policymakers.

Improving Data Infrastructure

Although tremendous improvements in the availability of housing data have occurred since
NNIP formed in the mid-1990s, and the authors in this issue of Cityscape document the utility of
these data for policy analysis, certain types of administrative data—namely court records, zoning
data, and parcel data—remain very difficult to access and use within a jurisdiction and limit the
potential for research and analysis.

Administrative court records are key to understanding the patterns and processes of civil legal
actions like eviction and foreclosures, as illustrated by the article from Ellen, Lochhead, and
O’Regan on evictions by property type in New York City. However, electronic court records are not
universally available, and even when they are, often the most detailed (and relevant) information
on causes and outcomes is in scanned images of documents uploaded to the docket records that
are not machine readable, making the information unsearchable and hindering analysis. Pioneering
efforts like that of Legal Services Corporation’s Civil Court Data Initiative have scraped court
records to facilitate their use in eviction tracking. Thomas et al. also suggest an approach using
natural language processing to identify tenants’ names and addresses from the images of court
filings and digitizing the text for analysis and action. This could be scaled to other jurisdictions and
potentially expanded to extract additional information about the cases from the images.

Improvements in new methods, technology, and collaborations are promising ways to fill in the
civil justice information gaps in the short term and should be expanded. As an example, the
Civil Justice Data Commons is a repository for civil legal data gathered from courts, legal service
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providers, and other civil law institutions available to researchers on a secure data platform
(Georgetown Law, n.d.). However, legal decisions or explicit legislation may be needed to protect
other stopgap data collection measures like scraping court websites (ACLU, 2023). Longer-term
progress will require dedicated funding and technical assistance programs from state and federal
governments to modernize the court data systems in ways that support transparency, data access,
and policy analysis.

Although shapefiles are often available for the land uses and zones in a jurisdiction’s zoning code,
interpreting the code itself to understand the potential for new development and density has
required manual review and coding. Early efforts have been made to pilot automating the collection
of zoning data (Axelrod, Lo, and Bronin, 2023), and a group of cross-discipline researchers
collaborating on the National Zoning Atlas housed at the Cornell University Legal Constructs Lab
are working to digitize roughly 30,000 U.S. zoning codes (Cornell University, n.d.). The Atlas’s
research collaborators at the Urban Institute have been experimenting to leverage machine learning,
along with surveys and manual review, to unlock zoning data for research and policy (Urban
Institute, n.d.). The researchers’ sector-spanning efforts merit investments in this key local policy
lever, which can be used to expand or deter the supply and types of housing.

Despite being used often by NNIP partners and many of the authors in this issue of Cityscape, the
accessibility of parcel data varies considerably across jurisdictions. In their study of the feasibility
of a national parcel database, Abt Associates and Fairview Industries (2013) document that,
although most counties’ parcel data were publicly available, some counties charged fees or did not
have the capacity to engage with the data request. Hopefully, a decade later, more jurisdictions have
publicly available data, although we expect standardization across them remain a challenge and
know that several NNIP partner cities require fees or the negotiation of data use agreements for
parcel data and sales transactions. Small fees, even under $2,000, could be prohibitive for many
nonprofits and community-based organizations.

In the case of parcel data, private, proprietary sources have arisen to fill some public-sector
gaps—offering data for thousands of counties, making them particularly valuable sources for
cross-city analysis. However, several barriers to their use exist, including cost, restrictions on

use, and proprietary methodologies used to standardize the data or create indicators. The first
barrier limits who can access the data and likely increases existing inequities in access to data.
Restrictions on use are problematic because they typically limit the granularity of the information
that can be shared publicly or even privately with a third party—which may be less of a concern
for policy research but more of a concern for those intending to use data for planning, community
investment, and collaborating with residents and community-based organizations. Proprietary
methodologies can make it more difficult for the analyst to understand the underlying data quality
and the biases of the data or indicators.

The civic sector can play a role in helping make proprietary data sources available in aggregated
formats and tools like the Eviction Lab’s ground-breaking data release in 2017. However, for
jurisdictions that sell their assessor’s and/or sales files exclusively to private firms, local researchers
and advocates will need to organize to make the case for the public benefit of open data and press
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for new state and local policies that mandate the data be provided in an accessible format free of
charge or at a reasonable cost.

Continuing Innovation with Data Integration

NNIP was founded on the belief that neighborhoods are important for equity because the places
where people live affect their health, security, education, and economic success. Housing policy
outcomes are affected by all these issues as well. Integrating data across issue areas helps us
understand how these issues intersect and creates the potential for new collaborations across
sectors for change. Integrating health and housing data might inspire a healthcare network to
invest in affordable housing (Kaiser Permanente Insider, 2021) or school districts to understand the
impact of housing mobility and affordability on student absenteeism (Deitrick et al., 2015).

In Cleveland, our NNIP partner at the Center on Poverty and Community Development at

Case Western Reserve University (CWRU) matched its integrated data system containing 35
administrative data sources, CHILD, with their integrated property data in NEO CANDO to
explore the effect living in distressed properties had on school readiness. Coulton, et al. (2016b)
found living in poor-quality housing units or units that are tax-delinquent, owned by speculators,
or in foreclosure can lead to lower literacy scores for kindergartners, creating achievement gaps
before entering school. Living in such homes is associated with a high risk of elevated blood lead
levels, child maltreatment, and residential instability, which all influence literacy scores (Coulton,
etal., 2016a). The study found that living near distressed housing is also problematic, affecting
children’ ability to be healthy and ready to succeed. Kindergartners who lived within 500 feet

of distressed properties had lower literacy scores than those living farther away. These findings
prompted the City of Cleveland to take a proactive approach to addressing lead exposure by
developing a rental registry and requiring inspections. The city also prompted education and
early childhood officials to take more holistic views of school readiness and child health that
incorporate understanding of the housing and neighborhoods where children live (Hendey,
2018). In this issue of Cityscape, the CWRU team continues their efforts to help local stakeholders
use data to address lead exposure in Cleveland.

Systems like CHILD and NEO CANDO (CWRU, n.d.) are not built overnight, but they serve as a
demonstration of the value of data integration to inform housing policy and connect it to outcomes
in other domains that could help bring attention and resources to increase the availability of safe,
affordable housing and improve outcomes for children and families. Actionable Intelligence for
Social Policy is one organization helping states and other entities overcome the legal and political
hurdles to building equitable integrated data systems through peer learning, technical assistance,
and documentation of the payoff of these systems. State, federal, and local government investments
can accelerate the spread of this advanced data infrastructure by enacting enabling legislation where
needed and funding the development and maintenance of integrated data systems. Integrated data
efforts are also often centered in service and people-focused agencies, so the field needs a continual
reminder of the importance of housing quality and location to people’s opportunity and wellbeing to
justify the effort of collecting regular address information (Hendey, 2016).
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Conclusion

A critical component of expanding the use of administrative data to improve housing policy is to
ensure that all communities have the capacity to use data—that is, people living there can access
and use data to inform efforts to understand and improve outcomes where they live (Hendey,
etal. 2020). “People” refers to everyone—residents, philanthropists, and those in governments,
nonprofits, or the private sector—and expanding the use of data can be done in a variety of ways
(Hendey and Pettit, 2021). This capacity is not held equitably; historically, people of color and
those with low incomes have had fewer opportunities to access data and build skills to use data to
advocate for the community changes they seek.

Since the founding of NNIP in the mid-1990s, the field has made remarkable gains in community
data capacity and in the other areas discussed in this essay—community-engaged research, data
infrastructure, and integrated data. With coordinated efforts, researchers, advocates, foundations,
the private sector, and governments at all levels can play a role in improving the availability and
use of administrative data related to housing to ensure all neighborhoods are places where people
can thrive.
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Abstract

Crime-free housing policies attempt to prevent crime within rental propetties by enrolling property
owners in a local crime-free housing program, which subsequently permits landlords to use a
supplemental lease agreement stating certain activities that could lead to a tenant being evicted. Building
on third-party policing strategies, crime-free housing policies are widely prevalent across the United
States, with an estimated 2,000 jurisdictions adopting them since 1992. Despite the widespread adoption
of such policies, no previous research has identified their effect on evictions.

This article analyzes the effect of crime-free housing policies on evictions in four locations (Fremont,
Hayward, Riverside, and San Diego County) in California. The authors obtained geocoded data on
evictions through Public Records Act requests submitted to sheriff’s departments in California seeking
writs of execution, with additional Public Records Act requests submitted to municipalities to obtain
policy implementation information, including the location of certified multifamily property units. To
identify a causal effect, a spatial first differences design was used to exploit variation between U.S.
Census Bureau block groups with and without certified properties.
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Abstract (continued)

The results show that block groups with crime-free housing certified rental units have lower per capita
income and larger proportions of Black and Latin/Hispanic populations. In each location, model results
indicate that crime-free housing policies significantly increase evictions. Considered jointly, the findings
suggest that crime-free housing policies increase evictions by 24.9 percent (95-percent confidence
interval: 15.1-34.6 percent) within treated block groups. Given the harm that evictions cause and the
governmental costs of eviction proceedings, municipalities across the United States should weigh the
benefits of crime-free housing policies against increases in evictions. In addition, given the close policy
similarities between crime-free housing policies, criminal activity nuisance ordinances, chronic nuisance
ordinances, and the one-strike policy in public housing, these results indicate that policymakers should
consider revising the existing policies as a potential means to reduce evictions nationally.

Introduction

Evictions represent a growing problem in the United States. Between 2000 and 2018, court filings
for evictions increased by 21.5 percent to 3.6 million cases annually (Gromis et al., 2022). Housing
displacement is a critical pathway to homelessness, causes physical and mental health problems,
and exacerbates food insecurity for children (Collinson et al., 2023; Hatch and Yun, 2020;
Leifheit et al., 2020; Vasquez-Vera et al., 2017). Evictions disproportionately affect low-income
tenants and minority populations, with Black women at the greatest risk of an eviction (Hartman
and Robinson, 2003; Hepburn, Louis, and Desmond, 2020). Those costs are not borne solely

by individuals; evictions cause broader community harm, including increased emergency room
use, hospitalizations, homelessness, and spending on social services (Collinson et al., 2023). The
United States outpaces global peers in terms of the percentage of renters evicted, with 6.1 percent
of renters in the United States facing eviction proceedings in 2016, compared with less than 2
percent of renters in other Organisation for Economic Co-Operation and Development (OECD)
countries (OECD, 2020).

Some local policies nominally motivated by crime prevention may directly increase evictions, such
as chronic nuisance ordinances, criminal activity nuisance ordinances, and crime-free housing
policies (CFHPs). Those policies penalize property owners who do not evict tenants engaged

in certain activities specified by the ordinance. Such ordinances are widely prevalent across the
United States: an estimated 2,000 municipalities have a criminal activity nuisance ordinance or
crime-free housing policy (Ramsey Mason, 2018). However, to date, limited research has examined
the effect of those policies on evictions.

Crime-free housing policies are particularly important to evaluate, given the enforcement
mechanism the policy uses to attempt to prevent crime. CFHPs are municipal programs that certify
multifamily housing units as crime-free once property owners attend a training offered by law
enforcement agencies, make specific physical modifications to their units, and add a supplemental
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lease addendum to their standard rental agreement. The supplemental lease addendum is the
policy’s primary enforcement mechanism, permitting property owners to evict a tenant for
engaging in or facilitating any criminal behavior (Archer, 2019).!

Although CFHPs use evictions as a tool to enforce the policy, calculating the magnitude of the effect
is critical because it could inform municipalities’ choice to adopt or maintain CFHPs. If CFHPs
substantially increase evictions, municipalities will need to weigh the desired policy outcomes of
CFHPs against the subsequent social and governmental costs of additional evictions.

This article estimates the effect of crime-free housing policies on evictions, using a newly
constructed database on writs of execution across the state of California between 2017 and 2021.
To analyze that effect, this study uses a spatial first differences research design (Druckenmiller and
Hsiang, 2018) that allows for the estimation of causal effects using cross-sectional data containing
small area observations. The data used in the analysis—writs of execution records and CFHP
implementation information—were obtained using Public Records Act requests submitted to
municipalities and government agencies throughout the state of California. The present spatial
first difference design uses block-level variation in the number of CFHP-certified rental units to
identify the effect of crime-free housing policies on evictions in four locations in 2019 (Fremont,
Hayward, Riverside, and San Diego County). The findings indicate that neighborhood blocks
containing CFHP-certified rental units have a significantly higher number of evictions, increasing
the average amount by 24.9 percent (95-percent confidence interval: 15.1-34.6 percent) across
studied locations.

Challenges in Obtaining Eviction Data in Municipalities

Evaluating the effect of existing policies on evictions is difficult due to the lack of reliable,
systematic data on evictions and housing policies at the local level (Goplerud and Pollack, 2021).
Although some data on evictions exist, such as the database maintained by The Eviction Lab at
Princeton University, those measures frequently are collected only at the state or county level,
limiting the use of statistical methods to evaluate the effect of local policymaking on evictions
(Gromis et al., 2022). Further, those eviction databases typically rely on measures obtained from
court filings, which have substantial limitations. For instance, court filing data frequently do not
contain the outcome of a case (i.e., whether the filing led to an eviction or was the cause of the
eviction), may contain substantial duplicate counts due to landlords using serial filings to collect
rent, or could be unavailable in a jurisdiction due to records being sealed to protect tenants
(Garboden and Rosen, 2019; Goplerud and Pollack, 2021; Porton, Gromis, and Desmond, 2021).

Obtaining records on evictions in cities and localities, particularly on completed evictions, could
provide the evidence needed to evaluate the effects of local policymaking. One such measure

of evictions that is available across jurisdictions is writs, which are orders issued by courts to
landlords following both an unlawful detainer action decided in favor of a landlord and a notice
to vacate provided to a tenant. Writs permit landlords to pursue a “lockout” (forcible removal of a

! The definition of criminal behavior is not explicitly defined in the lease addendum, although the addendum notes that
“proof of violation shall not require a criminal conviction, but shall be by a preponderance of the evidence” (ICFA, nd. b.).
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tenant by a county sheriff) if the renter does not voluntarily vacate the unit.> To do so, landlords
provide the writ to a sheriff’s office to schedule a lockout; on the scheduled date, a sheriff will
remove the tenant from the rental unit. Those actions—scheduled and completed writs—are
recorded by the sheriff’s departments and can be obtained through Public Records Act requests.

Writs of execution records contain benefits and limitations as a measure of evictions compared
with alternative records, such as eviction notices or court filings for unlawful detainer proceedings.
Whereas eviction notices and filing records may or may not have led to a completed eviction, writ
records correspond directly to known completed evictions. Conversely, because writs are issued
only when a tenant has not voluntarily vacated a unit, writ records will necessarily underestimate
the total number of evictions occurring in each location. However, underestimation is an issue
with all eviction measures, including notices and filings, because informal or illegal evictions are
not recorded in administrative records. In addition, writs of execution records may be the only
available measure of evictions within smaller geographies, such as municipalities or neighborhood
blocks. For example, most records on eviction filings in California have been sealed due to state
law (AB2819), making writs of execution one of the only measures available for evaluating
municipal policies.

Policy Background and Components

Crime-free housing policies originated in a program started by the Mesa Arizona Police Department
in 1992 with the stated purpose of reducing “spiraling crime rates in the city’s numerous apartment
communities” (Zehring, 1994). CFHPs attempt to achieve that goal by enrolling local landlords

in the program, which entails three primary components: trainings provided to landlords on
compliance with the program; requirements for landlords to modify their rental units to comply
with crime prevention through environmental design (CPTED) standards; and a supplemental
lease agreement for landlords to include as part of their standard lease, stating that tenants can

be evicted from their unit if they are suspected of any criminal activities (Archer, 2019; Ramsey
Mason, 2018).

CFHPs have extended to other jurisdictions through the efforts of the International Crime Free
Association (ICFA), a nonprofit organization that produces model policy documentation for CFHPs
and markets the policy to law enforcement agencies (ICFA, n.d.a.). To implement the policy in
additional jurisdictions, the ICFA conducts 3-day conferences with law enforcement officers to
train them on the implementation of CFHPs in their local jurisdictions. The organization also
provides agencies with instruction materials for training landlords, CPTED inspection forms, signs
to display outside certified rental units, marketing materials, program logos, and supplemental
lease agreement language.

The ICFA describes the program as using a three-phase approach to eliminate crime in multifamily
housing units (ICFA, n.d.a.). First, the policy aims to train landlords and property managers on

* The specific name of the writ corresponding to an eviction lockout can vary depending on the jurisdiction. For example,
Washington State refers to them as “writs of restitution,” whereas California uses both “writ of possession” and “writ of
execution” to refer to eviction lockouts.

? “Unlawful Detainer Proceedings,” CA AB2819, 2015-2016 Regular Session (CA, 2016). https://legiscan.com/CA/text/
AB2819/id/1429026.
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compliance with the program. Trainings to landlords are taught by law enforcement officers and
typically consist of 11 modules given over an 8-hour workshop. Modules cover several topics,
which detail the CPTED modifications landlords will need to make to their unit; how to screen
tenant applications for a history of criminal justice involvement; how to use and enforce the
supplemental lease addendum; and how landlords should communicate with law enforcement
(Western Regional Chapter of the International Crime Free Association/Crime Free & Partners,
2009). To maintain compliance with the program, landlords and property managers must attend
the training, usually biannually.

Second, after landlords and property managers attend a CFHP training, they must make physical
modifications to rental properties to meet CPTED standards. The modifications are intended to
deter criminal activity and aid law enforcement during emergencies. The CPTED inspection reports
include a comprehensive set of changes to rental units, which include adding “structurally-sound
fences in good condition and at a prescribed height;” “lighting throughout parking lot, walks,

and pathways;” “posted [CFHP] certificates;” “properly trimmed landscaping;” “deadbolts and eye
viewers in units;” “lift and slide protection on windows and sliding doors;” and “removal of graffiti
and general cleanliness.”

Third, certified properties must include a supplemental lease agreement as part of their lease.

ICFA describes the lease agreement as the policy’s “heart and soul” (ICFA, n.d.a.). The addenda
include language indicating that a resident “shall not engage in any act intended to facilitate
criminal activity” and that “a single violation shall be good cause for termination of the lease.
Unless otherwise provided by law, proof of violation shall not require criminal conviction, but shall
be by a preponderance of the evidence” (City of Fremont, n.d.; City of San Diego, n.d.). Possible
violations of the supplemental lease agreement are typically broad and undefined, permitting
nearly any interaction with the criminal legal system to serve as justification for an eviction (Archer,
2019; Prochaska, 2023). Violations also do not have to occur on the property, and the behavior of
guests or others living in the unit can be the basis for an eviction (Werth, 2013).

Following those three steps, law enforcement agencies certify enrolled buildings as a “crime-free
property,” which allows landlords and property managers to use the supplemental lease agreement,
post a CFHP sign on their property, and mention their certification in advertisements.

CFHPs build on existing efforts to control crime using evictions. As noted by ICFA, CFHPs were
inspired by the “war on drugs” policies of the 1970s through 1990s, along with the “one-strike
policy,” which applies to federally funded public housing (ICFA, n.d.a.; Ramsey Mason, 2018).
Accordingly, CFHPs are closely connected to chronic nuisance ordinances, criminal activity
nuisance ordinances, and third-party policing strategies (Buerger and Mazerolle, 1998; Prochaska,
2023). These efforts attempt to prevent crime by compelling non-offending third parties to create
active guardianship over a given property or face civil penalties. For example, criminal activity
nuisance ordinances deem certain activities as nuisances within a municipal statute (using similarly
broad language as the supplemental lease agreements used in CFHPs), then subsequently require
landlords and property managers to abate nuisances that occur on their property (typically, through
evicting the tenant) or face fines and potential loss of rental licenses (Prochaska, 2023).
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Limited previous research has been conducted on the impact of those policies on either crime or
evictions, although an analysis of criminal activity nuisance ordinances in Ohio found that criminal
activity nuisance ordinances increased evictions (Kroeger and La Mattina, 2020). Previous research
on criminal activity nuisance ordinances and third-party policing strategies generally have also
found that these policies increase evictions among victims of domestic violence (Desmond and
Valdez, 2013; Golestani, 2021; Moss and Shastry, 2019). However, CFHPs differ from criminal
activity nuisance ordinances because they introduce additional policy components, such as
landlord trainings, CPTED modifications, surveillance components, and use of the supplemental
lease addenda. Identifying the effect of CFHPs on evictions could provide necessary evidence to
local jurisdictions on the potential community costs of implementing such policies.

Data Sources and Variables

At the project’s start, the authors were unable to find data sources on evictions in municipalities
across California. The state limits access to unlawful detainer court filings due to AB2819, which
permits access to records only in narrow circumstances. The few existing available sources on
evictions in California either detail filing counts at the county-year level, such as reports by the
Judicial Council of California or The Eviction Lab, or report filings for specific geographies in Los
Angeles or San Francisco (Gromis et al., 2022; Lens et al., 2020; San Francisco Anti-Displacement
Coalition, 2015). Given that CFHPs are implemented at the municipal level with specific rental
units certified within a city, those datasets would have been unsuitable for analyzing the effect of
CFHPs on evictions.

For those reasons, the authors sought records on writs of execution containing the addresses of
completed writs through county sheriff’s departments. These records pertain to the last step of the
eviction process in California, which occurs only when a landlord has been provided a judgment
of possession (which provides landlords the right to evict a tenant following a trial decision),

the tenant has been provided a notice to vacate, and the tenant has not moved out after 5 days
following the notice to vacate.* At that point, landlords can obtain a writ of execution, which
permits the landlord to request a sheriff to lock the tenant out of the unit. As such, these records
are a conservative estimate of total evictions in the state because they do not include any evictions
that would have occurred after a tenant was given a notice to vacate and chose to leave the premises
voluntarily before a court case, during court proceedings, or after judgment. These records also
reflect some of the most severe outcomes of the eviction process because the data pertain to
individuals forcibly removed from their units by law enforcement officers.

The authors obtained the writs of execution records by submitting Public Records Act requests to all
58 counties in California between September 2021 and October 2022, requesting records between
January 2017 and January 2021. Additional requests were submitted to 30 municipalities and
counties in February 2022 seeking information on CFHP implementation. Responses were received
from four locations: the City of Hayward, the City of Fremont, the City of Riverside, and San Diego

* For additional clarification: A notice to vacate is provided to the tenant following an unlawful detainer proceeding, unlike
a notice to quit, which would have been provided to the tenant before the court filing.
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County.’ More details on the request process and data processing can be found in web appendix A.
The request language can be found in web appendix B. Sociodemographic indicators were extracted
at the block group level from the American Community Survey 5-Year Data Release for the years
2015 through 2019 (U.S. Census Bureau, 2020). Indicators included total population, population
proportions by race and ethnicity, number of renting households, and per capita income.

Research Design

This analysis used a recently developed estimator, spatial first differences (SFD), to estimate

the effect of CFHPs on evictions (Druckenmiller and Hsiang, 2018).° Described briefly, the

SFD approach involves organizing relatively small geographic areas into a series of cross-border
comparisons between neighbors and then taking the pairwise difference of all included variables
across each border to form a series of first-differenced relationships. Those differences are then
included within a regression in which the differenced outcome is regressed on a differenced
treatment variable and differenced covariates. The approach can be conceptually likened to a
difference-in-differences (two-way fixed effects) estimator, which employs fixed effects for both
time and group membership (such as a set of states by year), aiming to mitigate significant sources
of unobserved confounding through differencing (Angrist and Krueger, 1999). In the case of SFD,
a spatial sequence of neighboring geographies is substituted for the time dimension, and (arbitrary)
contiguous collections of spatial neighbors are substituted for group membership.

Models were estimated separately for the municipalities of Fremont, Hayward, Riverside, and

the County of San Diego. All models were estimated using data on evictions in 2019 based on
writs of execution records from sheriff’s departments in those locations. Treatment status was
parameterized at the block group level using one of two measures: a binary indicator, indicating if a
block group had one or more CFHP-certified rental units, or a continuous variable, indicating the
number of CFHP-certified rental units within a block group. The coefficient on treatment status is
the estimand of interest, indicating the policy’s average treatment on the treated (ATT) effect. The
outcome variable was counts of evictions within census block groups. Models used eviction counts
rather than eviction rates due to heteroskedasticity detected in the estimated residuals based on the
number of renting households.” To compensate for this fact, models used counts as the outcome
variable and included the rate denominator—number of renting households—as an additional
covariate, similar to an offset variable included in a Poisson or negative binomial regression.

> For Fremont, Hayward, and Riverside, local law enforcement agencies (e.g., the Fremont Police Department) administer
the CFHP policy, whereas the county sheriff’s department implements CFHPs in San Diego County.

® For interested readers, the authors also estimated treatment effects using ordinary least squares (OLS) for all model
specifications and outcome measures discussed in this article. Results from those models are consistent with the estimated
effects found using the spatial first difference estimator.

However, OLS models do not include the crucial estimation strategy of differencing, which removes confounding due to
spatially correlated (with treatment) unobservable variables. For more technical details on this benefit of the estimation
strategy, see Druckenmiller and Hsiang (2018), specifically the section on equations 17 and 18, which discusses how the
estimator, by construction, removes these confounders.

" More specifically, block groups with a small number of renting households have a larger variance in eviction rates than
block groups with many renting households.
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The key identifying assumption for the SFD estimator is called the local conditional independence
assumption. This assumption states that units are conditionally independent with respect to local
spatial neighbors (which is like the assumption for time-based first differencing approaches such
as difference-in-differences, in which sequential observations in a time series are assumed to be
conditionally independent).* The assumption was tested by estimating spatial first difference
models across different angles of rotation over geographic space, constructing arbitrarily different
sets of spatial neighbors over a full 360 degrees of rotation. If the estimated effect of treatment

is similar across those map rotations, that evidence supports the local conditional independence
assumption being valid. The authors also investigated how the ATT effect changes when including
additional adjustment variables within model specifications. If the ATT effect is substantially
different when adjustment variables are included, that outcome would not support the validity of
the local conditional independence assumption.

To check SFD results by map rotation (and to determine spatial indices generally), an algorithm
was used for determining neighboring locations (Druckenmiller and Hsiang, 2018; Tanutama,
2019). This algorithm samples neighboring block group polygons in a west-to-east direction,
aiming to maximize the length of consecutive neighbors. Once the algorithm is unable to find an
additional neighbor, it selects a new “sampling channel” with respect to the next-longest possible
series of neighbors (the groups in the analogy to a two-way fixed-effects estimator described
previously). Iterative sampling channels are selected until all polygons have been ordered next to a
neighbor. Web appendix C demonstrates the results of this algorithm for three sampling channels
and two map angles (0 degrees and 90 degrees) using block groups in the City of Riverside.

Once first differences were obtained for a given map rotation and subsequent index of spatial
neighbors, linear regression models were used to estimate ATT effects. The spatial first difference
models used two specifications: an unadjusted model, which included only treatment status and
the number of renting households as covariates; and a regression-adjusted model, which included
the following additional covariates: population proportion White, population proportion Black,
population proportion Asian, population proportion Native American, population proportion
Hispanic, and per capita income. More formally, the SFD model specifications corresponded to the
following equations:

Unadjusted: AyE; = o + JAH; + fA, P + Age;
Adjusted: AE; = o+ IAH,; + PAP; + yAX: + Agu;

where E; is a count of evictions for block group I, a is a model intercept, H; is a number of renting
households, P, is either a binary indicator that equals one when a block group has one or more
CFHP-certified rental units or a count of the number of CFHP-certified rental units in a block
group, A, is the result of first-differencing neighboring block groups using a map rotation angle

¢, and X; is the set of included adjustment covariates. Standard errors were estimated using
procedures in Conley (1999) to account for spatial autocorrelation, using the R package conleyreg
4.0.5. All regression tables are available in web appendix D.

8 In other words, it is assumed that the differences in unobserved variables between two neighboring block groups are
minimal (i.e., ignorable), more so than unobserved differences between block groups far apart from each other.
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Ultimately, estimated treatment effects are comparable across map rotations. Web appendix E
provides the distribution of treatment effect estimates across map angles by location and model
(ie., estimates of §§ in the previous equations). The displayed densities were derived by sampling
10,000 draws from normal distribution with a mean equal to the mean estimated treatment effect
and standard deviation equal to the standard deviation of the estimated treatment effect. Sampled
draws of beta coefficients were used to obtain a unified effect across model angles, with draws
collapsed using Rubin’ rules (Rubin, 2004); specifically, draws were ordered across all model
angles from smallest to largest. Then, draws were summarized using the mean of those draws and
the 2.5th and 97.5th percentiles, which correspond to the results displayed in the figure for the
row “Overall Effect” in the exhibits in web appendix E. These results display comparable direction
and magnitude in the estimated treatment effects across model angles, providing evidence that the
assumption of local conditional independence is being met (web appendix E).

To simplify the presentation of results, percentage change in evictions were calculated across
treated block groups based on the unified treatment effect estimate across model angles (web
appendix F). For each site (Fremont, Hayward, Riverside, and San Diego County), a counterfactual
change in evictions was calculated by subtracting the estimated treatment effect (and estimated
treatment effect confidence intervals) from the observed mean of evictions across treated block
groups in each location. These values were used to calculate the percentage change based on

the observed mean in each location.” A summary treatment effect across sites was calculated by
summarizing the treatment effect draws across both sites and model angles using Rubin’s rules.
The same procedure was used to calculate a counterfactual change using the average eviction count
across all sites.

Results

Exhibits 1.1 through 1.4 report descriptive statistics for each variable by study site. The first
column displays the mean and standard deviation across block groups that do not contain a
CFHP-certified rental unit (control groups). The second column displays the same information
for block groups with a CFHP-certified rental unit (treatment groups). The last column displays
the estimated mean difference in each variable between treated and control groups, along with the
confidence intervals for the mean difference.

° For example, percentage change = ATT / Mean evictions.
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Exhibit 1.1

I

Descriptive Statistics in Fremont for Block Groups With and Without CFHP-Certified Rental Units

Blocks Without Blocks With Mean Difference
CFHP-Certified Units CFHP-Certified Units

Eviction Count 0.34 (0.76) 2.00 (2.26) 1.67 (0.86, 2.46)
Black (Pop %) 3 (4) 4 () 11,2
Asian (Pop %) 59 (18) 56 (17) -3(-10, 4)
White (Pop %) 26 (13) 22 (11) -4(-8,10)
s o) o 001
Latin/Hispanic (Pop %) 11(10) 17 (12) 6 (1, 11)
Per Capita Income $54,932 ($12,453) $48,385 ($12,013) C$1 1;%&“; L 622)
Rental Units 169.8 (170.9) 481 (288.1) 311.3 (205.1, 417.4)
CFHP-Certified Properties 1.6 (1.0)
N 86 32

CFHP = crime-free housing policy. Pop = population.

Sources: Writs of execution data obtained from sheriff's departments; American Community Survey 5-year data, 2019

Exhibit 1.2

I
Descriptive Statistics in Hayward for Block Groups With and Without CFHP-Certified Rental Units

Blocks Without Blocks With Mean Difference
CFHP-Certified Units CFHP-Certified Units

Eviction Count 1.19 (1.93) 4.58 (4.06) 3.39 (1.06, 5.72)
Black (Pop %) 9(7) 14 (9) 5 (0, 10)
Asian (Pop %) 26 (14) 20 (5) -6(-10,-2)
White (Pop %) 37 (13) 38 (50) 1(-3,5
ﬁ[;‘;ﬁf: rﬂm:%op %) 1@ (1) 0(1,1)
Latin/Hispanic (Pop %) 39 (19) 43 (13) 4(-4,13)
Per Capita Income $35,544 ($14,279) $32,630 ($8,444) c $8j5§127’,931;§,71 8)
Rental Units 226.8 (174.1) 519.6 (341.7) 292.8 (96, 489.5)
CFHP-Certified Properties 1.3(1.2)
N 88 12

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff's departments; American Community Survey 5-year data, 2019
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Exhibit 1.3

I
Descriptive Statistics in Riverside for Block Groups With and Without CFHP-Certified Rental Units

Blocks Without Blocks With Mean Difference
CFHP-Certified Units CFHP-Certified Units

Eviction Count 1.65 (1.87) 3.88 (3.71) 2.23(1.33,3.14)
Black (Pop %) 6 (6) 7 (5 2 (0, 3)
Asian (Pop %) 7(8) 6 (7) -1(-4,1)
White (Pop %) 61 (16) 56 (13) -5(-9,-1)
s o e 00.1
Latin/Hispanic (Pop %) 51 (23) 58 (19) 7(1,13)
Per Capita Income $29,908 ($13,275) $22,664 ($10,146)  $1 0T5f71'i4§3,977)
Rental Units 153.4 (154.4) 364.6 (194.6) 211.2 (159.4, 263)
CFHP-Certified Properties 1.9(1.6)
N 127 74

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff's departments; American Community Survey 5-year data, 2019

Exhibit 1.4
I
Summary Statistics in San Diego County for Block Groups With and Without CFHP-Certified

Rental Units

Blocks Without Blocks With Mean Difference
CFHP-Certified Units CFHP-Certified Units

Eviction Count 1.79 (3.27) 2.87 (2.97) 1.08 (0.38, 1.77)
Black (Pop %) 5(7) 3 (5) -2(-3,-1)
Asian (Pop %) 11 (12) 6(7) -5(-6,-3)
White (Pop %) 72 (17) 77 (12) 52, 8)
e on E e 001
Latin/Hispanic (Pop %) 32 (25) 40 (26) 8 (2, 14)
Per Capita Income $40,000 ($20,940) $30,902 ($12,319) C 81 2T0%%29§6’1 -
Rental Units 293.3 (312.9) 380.8 (256) 87.4 (27.6, 147.2)
CFHP-Certified Properties 1.8(1.2)
N 1693 75

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff's departments; American Community Survey 5-year data, 2019

The descriptive results show that Fremont, Hayward, and San Diego County have higher eviction
rates in block groups with CFHP-certified rental units (treated units) compared with block groups
without CFHP-certified rental units (control units). However, the mean difference of eviction
rates between treated and control groups is nonsignificant across all sites. Across all locations,
treated units have significantly more rental properties than control units. In Fremont, Riverside,
and San Diego County, treated units have significantly lower per capita income than control units
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(-$6,547, -$7,244, and -$9,098, respectively). Per capita income is also lower for treated units in
Hayward (-$2,914), although the mean difference is nonsignificant. Concerning race and ethnicity,
treated units have a significantly larger Latin/Hispanic population proportion than controls in
Fremont, Riverside, and San Diego County, whereas treated units in Hayward and Riverside have a
significantly larger Black population proportion. The American Indian/Alaskan Native population
proportion for treated units is also modest but statistically significantly larger in Fremont,
Riverside, and San Diego County.

Exhibits 2.1 through 2.4 display maps of each site. Shading indicates the number of evictions in
each block group, and triangles display the relative location of each CFHP-certified rental unit. To
maintain privacy, the number of evictions was categorized into broader bins, and the location of
CFHP-certified rental units was randomized in each block group.

Exhibit 2.1

Number of CFHP-Certified Rental Units and Executed Evictions Within Fremont, California
Census Block Groups

Number of Evictions

[JoJ1-sMe-10

Notes: Triangles indlicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.2

Number of CFHP-Certified Rental Units and Executed Evictions Within Map of Hayward,
California Census Block Groups

N
Ui
Wy

Number of Evictions

[Jo[J1-sMs-10 1+

Notes: Triangles indiicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.3

Number of CFHP-Certified Rental Units and Executed Evictions Within Riverside, California
Census Block Groups

Number of Evictions
[Jo[J1-5Me-10 M 11+
Notes: Triangles indlicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.4
——

Number of CFHP-Certified Rental Units and Executed Evictions Within San Diego County,
California Block Groups

Number of Evictions
Ood1-sMs-10H 11+
Notes: Triangles indiicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests

The percentage of block groups treated according to the policy varies considerably by location, with
4.2 percent of block groups in San Diego County, 12 percent in Hayward, 27 percent in Fremont,
and 37 percent in Riverside. In Fremont and Hayward, treated block groups are clustered within the
core of each city. Treated block groups in Riverside are clustered on a west-to-northeast diagonal and
within specific cities in San Diego County. The average treated block group contains 1.56 certified
properties in Fremont, 1.33 in Hayward, 1.93 in Riverside, and 1.79 in San Diego County.

Empirical Findings

Across all locations, estimated treatment effects are significant, in the same direction, and with
comparable magnitude." Regardless of the specific location, model, or treatment measure, treated

19 Model regression tables are available in web appendix D, and estimated average treatment-on-the-treated effects by model,
location, and site are available in web appendixes E and E
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groups have increased evictions compared with control groups. There is not a large difference in
results between the two treatment measures after accounting for the average number of CFHP-
certified rental units in treated block groups. In addition, the estimated treatment effects in the
adjusted models are similar to the results for unadjusted models, providing additional evidence
that the local conditional independence assumption is being met.

Exhibit 3 displays the estimated counterfactual percent change in evictions that occurs in block
groups containing one or more CFHP-certified rental properties, using the unadjusted model
specification. A significant effect on evictions is found across all locations, with CFHPs increasing
evictions within treated block groups by 17.1 percent (0.9 percent, 33 percent) in Riverside;
27.2 percent (5.1 percent, 49.2 percent) in San Diego County; 37.1 percent (23.6 percent, 50.7
percent) in Hayward; and 41 percent (15.5 percent, 67.4 percent) in Fremont. Aggregating the
effect across sites, treated block groups experience a 24.9 percent (15.1 percent, 34.6 percent)
increase in evictions.

Exhibit 3

Estimated Percentage Change in Evictions in Block Groups Containing CFHP-Certified Rental
Units, by Location

Location

San Diego <
County

Riverside o

Hayward -

Fremont =

Across Sites -

B e

10% 20% 30% 40% 50% 60% 70%
Percentage Change in Executed Evictions

o

Source: Authors calculations using results from Spatial First Difference Models
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Conclusion

This analysis demonstrates that crime-free housing policies (CFHPs) increase the number of
evictions that occur in neighborhood blocks by an average of 24.9 percent. Evictions are a

harmful outcome for individuals and carry a large social cost to governments and communities.
Policymakers considering instating policies that rely on evictions to generate an outcome, including
third-party policing efforts such as CFHPs, should carefully weigh the costs of additional evictions
against the policy’s purported benefit. The effect on evictions identified in this study may be
similar for other policies—including criminal activity nuisance ordinances, chronic nuisance
ordinances, and the one-strike policy—that use evictions based on nuisance actions and contact
with the criminal justice system as a strategy to prevent crime. For example, previous research
investigating the effect of criminal nuisance ordinances in Ohio found that such policies increased
eviction filings by 16 percent (Kroeger and La Mattina, 2020). The close similarity in enforcement
strategies across these policies, which differ mainly in the source of statutory language enabling the
enforcement (i.e., as either a municipal ordinance or as a supplemental lease agreement), suggests
that these policy efforts may have similar effects on evictions.

U.S. Department of Housing and Urban Development memos have raised additional concerns
about the implementation of CFHPs (Kanovsky, 2016; McCain, 2022). Those memos focused on
how CFHPs could cause a disproportionate number of evictions for victims of domestic violence
and cautioned municipalities that CFHPs may cause discrimination in housing access because
they prevent formerly incarcerated individuals from tenancy. However, fewer concerns have been
raised about the effect of CFHPs on evictions generally. Given the population harm of evictions,
municipalities must weigh the costs and benefits of maintaining CFHPs because, even if the

policy achieves the stated aim of crime reduction, it may introduce additional community harms.
However, recent evidence has found that CFHPs likely do not decrease crime rates, and analysis
on nuisance ordinances has shown that they may, in fact, increase crime (Falcone, 2023; Griswold
etal., 2023). Evictions may also lead to additional crime, undermining the purpose of CFHPs
(Semenza et al., 2022). Further, as the descriptive statistics demonstrate, lower-income populations
are disproportionately affected by CFHPs. Eviction events can create disproportionate harm for
low-income individuals because evictions can lead to increased financial losses, additional housing
instability due to the eviction record, challenges in obtaining subsidized housing, and increased
risk of homelessness events (Collinson et al., 2023; Desmond, Gershenson, and Kiviat, 2015;
Desmond and Shollenberger, 2015).

One justification offered for the use of third-party policing strategies, such as CFHPs, is that

they are cost-effective, reducing the need to use law enforcement resources to prevent crime

by promoting landlords to engage in active guardianship over their rental units (Buerger and
Mazerolle, 1998; Mazerolle and Roehl, 1998). However, this analysis shows that CFHPs increase
the number of completed writs of execution, which would subsequently increase the cost of
administering the policy. Each completed writ requires law enforcement resources to execute it,
suggesting that CFHPs could increase overall net resource use with little benefit on crime. CFHPs
may also lead to other costs to the public as well. Previous evidence suggests that each eviction
has a lower bound cost of $8,000 per person evicted, not including court or law enforcement
costs associated with executing an eviction (Collinson and Reed, 2018). As such, CFHPs may
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carry a large cost burden for municipalities that implement the policy, given the magnitude of the
identified effect on evictions.

The results also indicate that blocks with CFHP-certified rental units contain more renters, have a
lower per capita income, and, depending on the exact location, a larger proportion of Black and
Latin/Hispanic populations than blocks without CFHP-certified rental units. By increasing the
number of evictions in those blocks, CFHPs may further marginalize low-income populations and
people of color and may increase housing instability, homelessness, and the use of social services
among those populations.

CFHPs’ targets for enforcement are renters in multifamily housing units and individuals with

a history of criminal justice involvement. Those populations tend to be more non-White and

have lower income than the general population, indicating that CFHPs may have a further
disproportionate effect on low-income Black and Latin/Hispanic populations, in addition to the
demographic difference of the affected neighborhoods displayed in exhibits 1.1 through 1.4
(DeSilver, 2021; Zeng, 2022). Eviction events also disproportionately affect Black women and
children, which further increases the potential risk of discrimination occurring from the use of
CFHPs (Graetz et al., 2023; Hepburn, Louis, and Desmond, 2020). Previous research has also
noted that the populations enforcing CFHPs—Ilaw enforcement officers and landlords—may
make racially discriminatory choices when provided additional discretion in their decisionmaking
(Archer, 2019; Christensen, Sarmiento-Barbieri, and Timmins, 2021; Goff et al., 2016; Hanson and
Hawley, 2011; Lofstrom et al., 2022).

In addition to the populations affected by CFHPs, policymakers and government prosecutors have
noted that CFHPs may have a discriminatory impact due to the policy’s enforcement. For example,
the Department of Justice pursued a lawsuit against the City of Hesperia, California, alleging

that the city adopted a CFHP to discriminate against Black and Latin/Hispanic individuals in the
municipality (U.S. Department of Justice, 2022). In addition, California recently passed a new law,
AB1418, to curtail the use of CFHPs in California municipalities."! As part of the bills committee
summary, legislators noted that the introduction of the bill was motivated by the potential of
CFHPs to produce racially segregative effects and discriminatory impacts.”

Legal researchers have noted additional harms that may result from continued use of CFHPs and
related policies—beyond the harms caused by additional evictions and potential discriminatory
effects. For instance, legal researchers have argued that the application of CFHPs could lead to
violations of the Fair Housing Act; First Amendment rights, such as freedom of association; and
Fourteenth Amendment rights, such as procedural due process and equal protection (Jarwala
and Singh, 2019; Katach, 2015; Prochaska, 2023; Ramsey Mason, 2018; Smith, 2018; Werth,
2013). Policymakers should consider those additional possible harms—in addition to the results
concerning CFHPs’ effect on evictions and the demographics of affected populations—when
considering continued use or adoption of crime-free housing policies.

'"'CA AB1418, 2023-2024 Regular Session, Amended April 12, 2023. https://legiscan.com/CA/text/AB1418/id/2778119.

2 Assembly Committee on Judiciary. “Tenancy: Local Regulations: Contact With Law Enforcement or Criminal Convictions.”
Date of Hearing: April 11, 2023. https://trackbill.com/s3/bills/CA/2023/AB/1418/analyses/assembly-judiciary.pdf.
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Limitations

This study carries limitations. First, the data collected on evictions is based on writs of execution
records, which are issued only to tenants who have lost an unlawful detainer case and have not
vacated their unit. Accordingly, the estimated effect using these data may not hold for informal,
illegal, or eviction filings if the pattern in those measures differs considerably between treated and
control units compared with the writs data. For example, if landlords of CFHP-certified properties
use the serial threat of evictions to remove tenants from their housing more often than landlords
without CFHP certification and more often than using writs, then the estimates could understate
the true effect on evictions. Writs of execution records are also an underestimate of the total
number of evictions that occur in neighborhood blocks because the records apply only to tenants
forcibly removed from their rental unit. Accordingly, the estimated effect of CFHPs on completed
evictions (as measured by writs of execution) is likely an underestimate of the effect of CFHPs on
evictions generally.

Second, while processing the writs of execution records, multiple observations had to be removed
from the dataset due to incomplete address and date information, retractions, and implausible
geocodes. If the records removed from the analysis are not randomly distributed across treated
units and control units, this fact may bias the estimated effect.

Third, if the local conditional independence assumption for spatial first differences does not hold,
then the estimated average treatment effects might be biased. This assumption was tested using
available evidence from map rotations and adjusted models, with results suggesting the assumption
may be valid. However, if a confounding variable exists that is not removed from the analysis
through the spatial differencing strategy, then the assumption may not hold, and the estimates may
not reflect an unbiased causal relationship.

Summary

Crime-free housing policies (CFHPs) significantly increase the number of evictions that occur in
neighborhood blocks containing CFHP-certified rental units. Affected neighborhood blocks tend
to have lower per capita income, a larger proportion of Black and Latin/Hispanic populations,
and more rental units than the broader municipality. Given the substantial harm of evictions and
the cost of evictions for local governments, municipalities should weigh the cost and benefits of
maintaining or adopting policies that use eviction to achieve a policy outcome.

In addition, CFHPs are closely related to criminal activity nuisance ordinances, chronic nuisance
ordinances, and the one-strike policy, which are widely prevalent across the United States and
employ a similar enforcement strategy: using evictions as a crime prevention tool. Those policies
also likely increase the number of evictions that occur in the United States. Emerging evidence

also suggests that those policies likely do not lead to a reduction in crime, indicating that no
concomitant benefit stems from increased evictions. On the basis of those findings, federal and state
legislators should closely evaluate the efficacy of using evictions to prevent crime and determine if
new legislation is needed to curtail the harmful effects of those policies on communities.

Cityscape 213



Griswold, Baker, Hunter, Ward, and Ren

Appendix A. Additional Method Details

Data Processing

Data were received from 55 sheriff’s departments in California as either physical documents, Excel
files, or PDFs. In total, 14,082 pages of records were received and six Excel files. Appendix G
provides a synthetic example of a record page. Physical documents were scanned, converted into
PDFs using optical character recognition, and post-processed to make records uniform before data
extraction. To do so, hand-scanned documents were rotated so that text was aligned horizontally,
identified retractions in documents and replaced them with white blocks, and replaced all other
colors with black. Post-processing was performed in Python 3.8.

For files received as PDFs or converted into PDFs, the Azure-Al-Form Recognizer 3.2.0 was used to
train eight custom template extraction models to generate tabular data from the PDF files. To train
the models, 40 pages of records were hand coded, corresponding to the eight main templating
formats received across jurisdictions. Those codes indicated the position of rows and columns
within each templating format. The accuracy of the extracted tables was validated by calculating
the Levenshtein distance ratio between text in PDFs and extracted tables, finding that the distance
ratio exceeded 0.98 across all template formats, indicating a high degree of alignment between
extracted text and underlying documents. The final generated dataset consisted of rows for
completed writs of execution, along with the event’s data and address.

Before post-processing, the dataset consisted of 244,298 records. The following rows were removed
from the analysis dataset: rows that did not contain date or location information; contained NA
values due to a retraction (departments confirmed that retractions pertained to canceled writs);
contained a malformed date due to how the document had been scanned by the sheriff’s office; was
a duplicate record; or corresponded to a scheduled or canceled writ (rather than a completed writ).
Addresses were geocoded to GPS coordinates using the Tidygeocoder package in R 4.2.2. (Cambon
etal., 2021). Coordinates were validated by comparing imputed ZIP Codes from geocoding to
existing ZIP Codes in the original address text. Across all locations, ZIP Codes were successfully
matched for 98 percent of imputed addresses. Rows that did not have imputed ZIP Codes that
matched address text were inspected, where these rows contained either informal address text
(e.g., “Apartment behind the McDonald’s on 96th St.”) or address text with incomplete information
due to hand scanning; these rows were subsequently removed from the analysis dataset. Finally,
geocoded addresses were merged with 2019 Census TIGER files and aggregated eviction counts to
the block group level. The final analysis dataset contained 216,412 records.

Descriptive Statistics

The mean and standard deviation was calculated for each included study variable within each
location in the spatial first difference models (Fremont, Hayward, Riverside, and San Diego
County). Means and standard deviations were stratified by treatment status between block groups
containing CFHP-certified rental units and block groups without CFHP-certified rental units
(exhibits 1.1-1.3). The mean difference between “Blocks With CFHP-Certified Units” and “Blocks
Without CFHP-Certified Units,” was calculated, along with the confidence interval for the mean
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difference, based on an unpaired t-test with unequal variance (Welch’ t-test). The 95-percent
confidence interval of the t-test for the mean difference is provided to categorize the uncertainty.
A confidence interval of the mean difference that crosses zero indicates that the mean difference is
nonsignificant at the 5-percent threshold.

Appendix B. Public Records Act Requests

Exhibit B.1

I
Public Records Act Request: Writs of Execution

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section
6253(c)) for records in the possession of the [sheriff department name] pertaining to notices of restoration (e.g.
completed evictions) given between Jan 1st, 2017 through Jan 1st, 2021. This information should include:

Records or lists of evictions showing served Notice of Restoration, including the following pieces of information:

¢ The date the notice of restoration was served, including month & year.
e The city in which the notice of restoration was served.

Thanks to the department for the work on responding to this request.

Kind regards,

Exhibit B.2

|
Public Records Act Request: CFHP Information

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section
6253(c)). We are seeking records on [city’s name] “Crime-Free Housing Program”. Specifically, we are looking
for the following pieces of information:

¢ |In what month/year was the program adopted by the city?

¢ [f the program was in place during 2019, what properties were certified under the program (specifically, we
are seeking a list with the addresses for these properties)?

¢ [f the program had been implemented in 2019, could the city provide the training documentation and lease
addendum used by the program?

¢ [f the program had been implemented in 2019, could the city provide any electronic databases or text
databases related to the enforcement of this program?

Thanks to the city for the work on responding to this request.
Kind regards,
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Exhibit B.3

CPRA Request: CFHP Information with Additional Details

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section
6253(c)). We are seeking records on [city’s name] “Crime-Free Housing Program”. Specifically, we are looking
for the following pieces of information:

¢ In what month/year was the program adopted by the city?

We additionally are requesting materials related to the operation of the county’s crime-free housing
program, specifically:

¢ Documents concerning properties eligible for crime-free housing program enforcement or violations,
including the address of properties participating in the program.

¢ All documents concerning the crime-free housing program, including enforcement of it against residential
properties, landlords, or tenants, including copies of all violations, letters, notices, files, and any other external
or internal communication, including emails, related thereto since the program’s formation to the present.

e Documents that describe policies or procedures for the writing of police and/or incident reports by the
sheriff’s department when there is a violation of the crime-free housing program.

¢ Electronic copy of any database or databases containing information regarding the crime-free housing
program’s enforcement.

e Police and/or incident reports corresponding to violations of the crime-free housing program.

e All training or informational materials regarding the crime-free housing program provided to landlords,
tenants, police, or others, including any electronic, video, or audio recordings of trainings.

¢ All documents concerning mandatory or suggested lease terms or crime-free lease addendum promoted,
adopted, or created by the department.

¢ Any internal or external communications with elected officials or city employees regarding the crime-free
housing program since the program’s adoption.

Thanks to the city for the work on responding to this request.

Kind regards,

Appendix C. Example of Sampling Algorithm

Exhibit C.1

Example of Sampling Algorithm Used to Determine Neighboring Block Groups in the City of
Riverside When the Map is Rotated Zero and 90 Degrees (1 of 2)

OO

Source: Authors
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Exhibit C.1

I
Example of Sampling Algorithm Used to Determine Neighboring Block Groups in the City of
Riverside When the Map is Rotated Zero and 90 Degrees (2 of 2)

90°

Number of CF1IP-covered rental units

OhO:0sE7me

Source: Authors
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Appendix D. Regression Results for Spatial First Differences Models
Exhibit D.1

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

OneorMore  1.09* 141* 0.86* 0.31* 0.78* 114" 0.55* 0.81* 0.86* 0.95* 116"
CFHP Units (0.07) (0.07) (0.06) (0.03) (0.06) (0.07) (0.05) (0.06) (0.07) (0.06) (0.07)
Rental Units 0.18* 0.17* 0.11* 0.19* 0.19* 0.11* 0.18* 0.24* 0.14* 0.14* 0.15*
(in hundreds)  (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Treated Units 32 32 32 32 32 32 32 32 32 32 32
Total Units 103 102 106 103 106 105 106 105 105 104 102
Adjusted 0.26 0.26 0.14 0.16 0.19 0.18 0.16 0.23 0.16 0.19 0.26
R-Squared

*p<0.05,

CFHP = crime-free housing policy.

Exhibit D.2

Regression Results by Map Rotation for Hayward, Unadjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

OneorMore  1.64* 1.65* 1.65* 2.01* 1.88* 1.89* 1.87* 1.82* 1.19* 1.26* 2.01*
CFHP Units (0.09) (0.09) 0.11) (0.09) (0.10) (0.10) (0.10) (0.10) (0.09) ©0.11) (0.09)
Rental Units 052" 0.51* 0.55% 0.51* 053 053 0.54* 0.62" 0.55% 0.56" 0.58"
(inhundreds)  (0.02) (0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.01) (0.02) (0.02) (0.01)
Treated Units 12 12 12 12 12 12 12 12 12 12 12
Total Units 88 88 89 87 92 92 92 90 92 92 87
Adjusted 0.35 0.34 0.36 0.36 03 03 03 0.36 0.29 03 0.41
R-Squared

*p < 0.05.

CFHP = crime-free housing policy.
Source: Authors

usy pue ‘pIej) dejuni Jexes ‘DjomsLL)



61¢ adeasAu)

Exhibit D.3

Regression Results by Map Rotation for Riverside, Unadjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

OneorMore  0.29% 0.30* 0.18 0.52* 0.28" 0.72* 0.69* 0.49* 1.13* 0.97* 0.47*
CFHP Units (0.09) (0.10) (0.10) (0.11) (0.10) (0.09) (0.07) (0.09) (0.13) (0.14) (0.11)
Rental Units 0.84* 0.82* 0.85* 0.80* 078" 0.69* 0.64* 0.64* 0.64* 0.70* 0.74*
(inhundreds)  (0.02) (0.02) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.03)
Treated Units 74 74 74 74 74 74 74 74 74 74 74
Total Units 178 177 175 179 185 185 183 182 181 181 182
Adjusted 0.38 0.37 0.38 0.37 0.34 0.31 0.27 0.27 03 0.34 0.33
R-Squared

*p<0.05.

CFHP = crime-free housing policy.

Exhibit D.4

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 0.51* 0.67* 1.01* 0.72* 1.45* 0.54* 0.68* 0.69* 0.93* 0.80* 1.00*
CFHP Units (0.17) (0.19) (0.25) (0.21) (0.38) (0.17) (0.25) (0.23) (0.28) (0.20) (0.13)
Rental Units 0.43* 0.50* 0.40* 0.40* 0.39* 0.41* 0.50* 0.40* 0.37* 0.36* 0.32*
(in hundreds) (0.07) (0.09) (0.10) (0.10) (0.10) 0.11) (0.09) 0.11) (0.10) (0.10) (0.09)
Treated Units 75 75 75 75 75 75 75 75 75 75 75
Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589
Adjusted 0.18 0.22 0.17 0.17 0.17 0.17 0.22 0.18 0.17 0.14 0.14
R-Squared

*p<0.05.

CFHP = crime-free housing policy.
Source: Authors
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Exhibit D.5
.|
Regression Results by Map Rotation for Fremont, Adjusted Spatial First Differences Model Using Binary Treatment
Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300
One or More 1.00* 1.08* 0.79* 0.20* 0.76* 0.98* 0.47* 0.79* 0.83* 0.85* 1.18*
CFHP Units (0.07) (0.06) (0.06) (0.03) (0.06) (0.06) (0.04) (0.06) (0.06) (0.06) (0.07)
Rental Units 0.18* 0.16* 0.12* 0.21* 0.18* 0.08* 0.20* 0.23* 0.14* 0.12* 0.14*
(in hundreds) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
::]i:)?nzp'ta -0.10 -0.08" 0.01 0.00 -0.10* -0.23" -0.05 -0.08" -0.10 -0.10* -0.08"
i $10,000) (0.02) (0.02) (0.02) (0.02) (0.02) (0.04) (0.03) (0.03) (0.02) (0.02) (0.02)
Asian (Pop %) 0.27 0.23 -2.30* -0.15 -0.95" 0.58 -1.02* -2.05" -0.17 -0.49 0.23
p 7o (0.31) (0.28) (0.37) 0.17) (0.45) (0.32) (0.32) (0.43) (0.31) (0.28) (0.27)
White (Pop %) 5.09* 4.84" 0.41 3.68" 1.51 4.33" -0.02 1.63" 3.82" 5.49" 4.93*
p 7o (0.68) (0.66) 0.71) (0.45) (0.54) (0.55) (0.35) (0.81) 0.61) (0.53) (0.58)
Black (Pop %) 1.07* 0.95* —1.48* 1.98* -0.36 0.73* -0.06 -1.33* 0.59* -0.34 1.24*
P (0.27) (0.24) (0.37) (0.19) (0.37) (0.25) (0.24) (0.33) (0.24) (0.25) (0.25)
ﬁ{;‘g&:?\l”ai?\,‘:a”/ 24.38* 27.49* 13.47* 27.34* 21.56* 27.21* 25.04* 28.10* 27.07* 27.44* 21.49*
Pop %) 1.97) (1.67) (1.76) (2.33) (1.67) (1.68) (1.84) (3.00) (2.44) @.11) (1.69)
Latin/Hispanic - 1.58* —1.78" -2.63* - 2.54* -3.98* - 0.68* -1.99* - 5.65* -1.89* - 2.9 - 3.02*
(Pop %) (0.39) (0.38) (0.43) (0.19) (0.41) (0.32) (0.29) (0.59) (0.37) (0.32) (0.32)
Treated Units 32 32 32 32 32 32 32 32 32 32 32
Total Units 103 102 106 103 106 105 106 105 105 104 102
Adjusted 0.26 0.26 0.1 0.19 0.2 0.18 0.15 0.26 0.16 0.2 0.27
R-Squared
*p<0.05

CFHP = crime-free housing policy. Pop = population.

Source: Authors
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Exhibit D.6

Regression Results by Map Rotation for Hayward, Adjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 1.53* 1.55* 1.70* 1.99% 2.04* 2.05* 2.02* 1.65" 1.00* 1.20* 1.97
CFHP Units (0.09) (0.09) (0.12) (0.11) (0.11) (0.11) (0.12) (0.12) (0.09) (0.11) (0.10)
Rental Units 0.63 0.62* 0.62* 0.54* 0.57* 0.57* 0.60* 0.71* 0.63* 0.64* 0.68*
(in hundreds) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Ei:)fﬂaep'ta 0.21* 0.28 0.18* 017" 0.44* 0.45* 0.50" 0.78" 0.39% 0.35% 0.13*
(i $10,000) (0.03) (0.03) (0.03) (0.03) (0.07) (0.07) (0.07) (0.07) (0.06) (0.06) (0.04)
Asian (Pop %) — 497" — 458" -3.80" - 3.40" —4.94% -5.05" —4.38" —4.08" - 256 — 419" -2.26*
p 7o (0.40) (0.45) (0.46) (0.52) (0.62) (0.63) (0.65) (0.59) (0.64) (0.51) (0.50)
White (Pop %) -5.83" -5.12" -7.88" - 4.00" -7.02" -7.19" - 5.64" - 6.40" -9.08" -8.99% - 575
p 7o (0.66) (0.58) (0.65) (0.49) (0.39) (0.40) (0.39) (0.42) (0.46) (0.56) (0.58)
Black (Pop %) -5.15* - 475" -5.15* - 4,03 - 5.47* - 5.49" - 437" - 463 - 5.47* - 6.50" - 4.60
P (0.41) (0.39) (0.47) (0.43) (0.45) (0.46) (0.43) (0.43) (0.36) (0.42) (0.42)
ﬁl";:g:’,‘\lzﬂl':”/ 15.32% 15.33* 5.50* 459  —11.82*  —12.14* -801*  —16.31* 6.18* 6.49* 5.75*
Pop %) (1.38) (1.38) (0.95) (1.13) (2.03) (2.00) (2.05) (3.23) (1.99) (1.99) (1.33)
Latin/Hispanic ~501* — 455 - 4.89* -3.68" -3.87" - 3.95* -3.77* - 3.48" ~1.92* -3.33" -3.96"
(Pop %) (0.35) (0.33) (0.41) (0.41) (0.42) (0.43) (0.45) (0.35) (0.31) (0.29) (0.39)
Treated Units 12 12 12 12 12 12 12 12 12 12 12
Total Units 88 88 89 87 92 92 92 90 92 92 87
Adjusted 0.38 0.39 0.4 0.36 0.32 0.33 0.32 0.42 0.33 0.34 0.44
R-Squared
*p < 0.05.

CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.7
.|
Regression Results by Map Rotation for Riverside, Adjusted Spatial First Differences Model Using Binary Treatment
Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300
One or More 0.35* 0.34* 0.21* 0.67* 0.39* 0.80* 0.88* 0.65* 1.21% 1.16* 0.65*
CFHP units (0.09) 0.11) 0.11) 0.12) (0.10) (0.09) (0.06) (0.09) 0.12) (0.13) 0.11)
Rental Units 0.88* 0.88* 0.90* 0.83* 0.83* 0.72* 0.61* 0.62* 0.66* 0.67* 0.73*
(in hundreds) (0.02) (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.03)
:;irorcnaep'ta 0.19* 0.26" 0.26" 0.24* 0.36" 0.23* 0.18* 0.13* 0.14* 0.24* 0.11*
(i $10,000) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.03) (0.04) (0.03) (0.03)
Asian (Pop %) 0.50 - 5.30* - 4.83" -3.33* 1.82 2.1 4.75* 6.89" 6.24" 5.93* 2.18*
p 7o (0.57) (0.89) (0.93) (1.08) (1.20) (1.20) (1.16) (1.01) {1.11) (0.63) 0.51)
White (Pop %) -6.37" -8.84" -8.18" - 8.50" -6.26" -4.35" 0.42 -1.09 -2.79" -2.08" —277"
P (0.36) (0.59) (0.65) (0.60) (0.70) (0.85) 0.61) 0.81) (0.88) (0.59) (0.54)
Black (Pop %) -3.19* - 3.50* -3.13* - 3.88* —1.73* - 2.85* -2.17* —1.54* - 2.02* - 2.48* -2.36*
P (0.20) 0.27) (0.29) (0.26) (0.29) (0.31) (0.26) (0.24) (0.32) (0.24) 0.17)
ﬁ{;‘:&::&;ﬁ/‘:”/ 9.39* 9.21* 8.26* 5.07* 4.43 0.88 14.68* 9.93* 8.42* 467 7.38
Pop %) (2.01) (2.25) (2.30) (2.31) (1.85) a.71) (1.74) 1.73) (2.08) (1.99) (2.40)
Latin/Hispanic 1.44* - 0.42* ~0.11 0.69* 1.07* 0.50* 2.31* 1.95% 1.10* 2.18* 2.37*
(Pop %) (0.31) (0.18) (0.20) (0.22) (0.22) (0.24) (0.19) (0.25) (0.34) (0.27) (0.25)
Treated Units 74 74 74 74 74 74 74 74 74 74 74
Total Units 178 177 175 179 185 185 183 182 181 181 182
Adjusted 0.42 0.39 0.39 0.39 0.36 0.32 0.31 0.3 0.32 0.36 0.37
R-Squared
“p<0.05

CFHP = crime-free housing policy. Pop = population.

Source: Authors
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Exhibit D.8

Regression Results by Map Rotation for San Diego County, Adjusted Spatial First Differences Model Using Binary Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 0.42* 0.57* 1.03* 073" 1.41* 057" 0.76" 0.70* 0.85 0.71* 0.84*
CFHP Units (0.16) (0.18) (0.24) (0.19) (0.35) (0.17) (0.23) (0.21) (0.25) (0.17) (0.11)
Rental Units 0.41* 0.48* 0.39* 0.39* 0.38* 0.40* 0.50* 0.39* 0.36" 0.34* 0.30*
(in hundreds) (0.07) (0.09) (0.10) (0.10) (0.10) (0.11) (0.09) (0.11) (0.11) (0.11) (0.09)
f;i:fnaep'ta 0.01 0.02 0.03 0.07 0.00 0.05 0.18* 0.07 0.03 -0.04 -0.12*
i $10.000 (0.03) (0.03) (0.05) (0.05) (0.03) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03)
P — 1.64* 1.06* 1.00* 1.74* 0.61 1.04 0.35 0.99 ~0.18 0.26 1.68*
P (0.37) (0.29) (0.58) (0.67) (0.58) (0.94) (0.69) (0.84) (0.79) (0.89) (0.40)
White Pop %) 3.24* 2.89* 453 508" 1.62 2.60* 2.75% 3.89" 1.48 2.14* 221*
7 (0.54) (0.41) (0.85) (1.16) (1.32) (1.20) (1.02) (1.22) (1.08) (1.07) (0.67)
Black (Fop %%} -0.18 - 0.43* ~0.40 -0.09 ~1.13* —1.59* -0.80 0.12 -1.13 -0.87 0.29
p 7 (0.35) 0.21) (0.45) (0.47) (0.50) (0.59) (0.59) ©0.71) (0.61) (0.65) (0.25)
ﬁg:g:’,‘\lzﬂ/':”/ 0.69 113 ~2.61* ~2.09* ~4.20" —4.54* ~1.03 157 ~1.01 ~1.24 ~0.44
Pop %) (1.01) 0.77) (0.82) (0.66) (0.79) (0.94) (0.78) (1.09) (0.74) (0.99) (0.84)
Latin/Hispanic 113" 1.39* 0.20 0.64* 0.47 ~034 -0.14 0.35 0.66 0.63 1.12*
(Pop %) (0.18) (0.18) (0.24) (0.32) (0.42) (0.37) (0.39) (0.38) (0.44) (0.49) (0.22)
Treated Units 75 75 75 75 75 75 75 75 75 75 75
Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589
Adjusted 0.18 0.22 0.18 0.18 017 0.18 0.23 0.18 017 0.15 0.15
R-Squared
*p < 0.05.

CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.9
——

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 0.61* 0.62* 0.53* 0.18* 0.38* 0.48* 0.19* 0.31* 0.30* 0.35* 0.59*
CFHP Units (0.03) (0.03) (0.03) (0.02) (0.03) (0.04) (0.02) (0.04) (0.03) (0.03) (0.03)
Rental Units 0.18* 017 0.11* 0.19* 0.21* 0.13* 0.19* 0.26* 017 0.17* 0.16*
(inhundreds)  (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Treated Units 32 32 32 32 32 32 32 32 32 32 32
Total Units 103 102 106 103 106 105 106 105 105 104 102
Adjusted 0.28 0.28 0.16 0.16 0.18 0.14 0.15 0.21 0.13 0.16 0.26
R-Squared

*p < 0.05.

CFHP = crime-free housing policy.

Exhibit D.10

Regression Results by Map Rotation for Hayward, Unadjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 1.20* 1.21* 0.83* 1.16* 0.96* 0.96* 0.95* 0.78* 0.77* 1.08* 1.21*
CFHP Units (0.04) (0.04) (0.04) (0.05) (0.05) (0.05) (0.06) (0.05) (0.03) (0.04) (0.05)
Rental Units 0.40* 0.39* 0.51* 0.45* 0.46* 0.47* 0.48* 0.60* 0.50* 0.47* 0.48*
(in hundreds) (0.02) (0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01)
Treated Units 12 12 12 12 12 12 12 12 12 12 12
Total Units 88 88 89 87 92 92 92 90 92 92 87
Adjusted 0.38 0.37 0.35 0.36 0.28 0.28 0.28 0.34 0.29 0.33 0.41
R-Squared

*p<0.05.

CFHP = crime-free housing policy.
Source: Authors
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Exhibit D.11

Regression Results by Map Rotation for Riverside, Unadjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 0.21* 0.47* 0.42* 0.52* 0.41* 0.38* 0.26* 0.17* 0.26* 0.17* 0.20*
CFHP Units (0.03) (0.03) (0.03) (0.04) (0.03) (0.03) (0.03) (0.04) (0.05) (0.06) (0.04)
Rental Units 0.79* 0.66* 0.68* 0.64* 0.64* 0.61* 0.61* 0.63* 0.66* 0.75* 0.72*

(in hundreds) (0.02) (0.02) (0.03) (0.03) (0.02) (0.03) (0.02) (0.03) (0.03) (0.03) (0.03)
Treated Units 74 74 74 74 74 74 74 74 74 74 74
Total Units 178 177 175 179 185 185 183 182 181 181 182
Adjusted 0.38 0.4 0.41 0.4 0.37 0.32 0.27 0.27 0.28 0.32 0.34
R-Squared

*p<0.05.

CFHP = crime-free housing policy.

Exhibit D.12

Regression Results by Map Rotation for San Diego County, Unadjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 0.14* 0.24* 0.44* 0.40* 0.77* 0.24* 0.13 0.21* 0.31* 0.37* 0.51*
CFHP Units (0.05) (0.06) (0.08) (0.07) (0.18) (0.06) (0.07) (0.06) (0.06) (0.06) (0.06)
Rental Units 0.43* 0.50* 0.40* 0.40* 0.40* 0.41* 0.50* 0.40* 0.37* 0.36* 0.32*

(in hundreds) (0.07) (0.09) (0.10) (0.10) (0.09) 0.11) (0.09) 0.11) (0.10) (0.10) (0.09)
Treated Units 75 75 75 75 75 75 75 75 75 75 75
Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589
Adjusted 0.18 0.21 0.17 0.17 0.18 0.17 0.22 0.18 0.17 0.14 0.14
R-Squared

*p<0.05.

CFHP = crime-free housing policy.
Source: Authors
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Exhibit D.13
——

Regression Results by Map Rotation for Fremont, Adjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

usy pue ‘pIej) dejuni Jexes ‘DjomsLL)

Number of 0.56* 0.59* 0.51* 0.16* 0.37* 0.37* 0.14* 0.23* 0.24* 0.25* 0.56*
CFHP Units (0.03) (0.03) (0.03) (0.02) (0.03) (0.03) (0.02) (0.04) (0.03) (0.04) (0.03)
Rental Units 0.18* 0.17* 0.12* 0.21* 0.20* 0.11* 0.20* 0.25* 0.17* 0.16* 0.16*
(in hundreds) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
:;irorcnaep'ta -0.05" -0.03 0.01 0.00 -0.08" ~0.19" -0.03 -0.07* -0.08" -0.08" -0.03
(i $10.000 (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)
PR 0.36 0.35 —1.74 -0.11 -0.88" 0.98* -073" —1.43" 0.23 -0.31 0.52
p 7o (0.27) (0.26) (0.35) (0.16) (0.44) (0.35) (0.32) (0.44) (0.35) (0.30) 0.27)
White (Pop %) 5.14* 4.95* 0.72 3.62* 1.12* 4.20* 0.19 1.75* 3.95* 5.62* 4.78*
p 7o (0.67) (0.64) (0.70) (0.44) (0.53) (0.58) (0.38) (0.84) (0.66) (0.57) (0.56)
Black (Pop %) 1.37 1.40 ~0.69* 2,12 -0.32 1.07* 0.08 -1.31* 0.52* -0.61* 1.55*
P (0.23) (0.23) (0.33) (0.18) (0.34) (0.25) (0.22) (0.33) (0.24) (0.22) (0.23)
ﬁ{;‘:&:?\l"ag:,‘:a”/ 27.96* 29.70* 17.60* 27.43 25.20* 33.97* 28.91* 34.33* 32.55¢ 3357 27.10*
Pop %) (2.62) (2.52) (1.95) (2.32) (2.03) (2.68) (2.41) (3.62) (3.07) (2.70) (2.50)
Latin/Hispanic -0.85* -0.93* -2.05* -253* -3.66* 0.32 -1.35" — 419" -056 —1.28" -1.68"
(Pop %) (0.33) (0.33) (0.45) (0.19) (0.41) (0.40) (0.33) (0.60) (0.43) (0.40) (0.37)
Treated Units 32 32 32 32 32 32 32 32 32 32 32
Total Units 103 102 106 103 106 105 106 105 105 104 102
Adjusted 0.28 0.28 0.13 0.2 0.19 0.15 0.14 0.24 0.13 0.17 0.27
R-Squared
*p < 0.05.

CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.14

Regression Results by Map Rotation for Hayward, Adjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 1.06* 1.07* 0.90* 113" 1.03 1.03 0.98* 0.65* 0.87* 1.08* 1.14*
CFHP Units (0.06) (0.06) (0.06) (0.06) (0.07) (0.07) (0.07) (0.06) (0.03) (0.04) (0.06)
Rental Units 0.50* 0.50* 0.57" 0.47* 0.49* 0.50* 0.53" 0.71* 0.56 0.53 0.57
(in hundreds) (0.02) (0.02) (0.02) (0.02) (0.03) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02)
:;irorcnaep'ta 0.06* 0.13* 0.08* 0.06 0.33* 0.33* 0.40* 0.76* 0.36* 0.29* 0.01
(i $10.000 (0.03) (0.03) (0.04) (0.03) (0.07) (0.07) (0.08) (0.07) (0.06) (0.06) (0.04)
PR -373 -3.31* -3.05" -2.68" — 414 — 424 -3.52 -3.92* -2.89" -3.93" -1.12*
p 7o (0.42) (0.46) (0.43) (0.56) (0.62) (0.63) (0.64) (0.60) (0.60) (0.48) (0.56)
White (Pop %) - 5.90" - 5.0 -8.80" - 481" -7.76" -7.91" -6.19" -6.85" -9.78" -9.83" -5.93"
p 7o (0.64) (0.56) (0.63) (0.46) (0.38) (0.39) (0.38) (0.43) (0.46) (0.55) (0.56)
Black (Pop %) - 484" - 450 - 4.88" - 3.99* - 532 -5.34* - 413" - 4.39" -6.01* - 6.55" — 419"
p 7o (0.44) (0.41) (0.47) (0.45) (0.48) (0.48) (0.45) (0.45) (0.36) (0.45) (0.46)
ﬁ{;‘seli:?\l”ag:,‘:a”/ 12.92* 13.00* 4.92* -535*  -1281*  —-13.11* -848  -11.59* 4.31* 4.41* 7.36*
Pop %) (1.57) (1.56) (1.04) (1.03) (2.00) (1.97) (2.04) (2.92) (1.94) (1.93) (1.44)
Latin/Hispanic - 4.30% -3.85" - 487" -3.33 -367 -3.74 -354 -3.80" -2.03" -3.03" -3.10"
(Pop %) (0.39) (0.35) (0.42) (0.43) (0.42) (0.42) (0.44) (0.33) (0.30) (0.29) (0.43)
Treated Units 12 12 12 12 12 12 12 12 12 12 12
Total Units 88 88 89 87 92 92 92 9 92 92 87
Adjusted 0.4 0.4 0.39 0.35 0.3 0.3 0.29 0.39 0.34 0.37 0.42
R-Squared
*p < 0.05.

CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.15
.|
Regression Results by Map Rotation for Riverside, Adjusted Spatial First Differences Model Using Continuous Treatment
Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300
Number of 0.31* 0.46* 0.43* 0.59* 0.47* 0.47* 0.37* 0.26* 0.39* 0.28* 0.31*
CFHP Units (0.03) (0.03) (0.04) (0.04) (0.04) (0.04) (0.04) (0.05) (0.05) (0.06) (0.05)
Rental Units 0.78* 0.70* 0.72* 0.64* 0.66* 0.59* 0.53* 0.59* 0.64* 0.69* 0.67*
(in hundreds) (0.02) (0.03) (0.03) (0.02) (0.03) (0.03) (0.03) (0.04) (0.04) (0.04) (0.03)
:;irorcnaep'ta 0.21* 0.26" 0.27* 0.24* 0.40" 0.24* 017" 0.16" 0.22* 0.25* 0.15*
(i $10,000) (0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.04) (0.03) (0.02)
Asian (Pop %) 0.45 - 4.75" - 431" -3.03" 2.04 2.34 5.30" 7.20* 6.51* 6.52" 2.05*
p 7o (0.58) (0.92) (0.97) (1.07) 1.21) (1.23) (1.15) (1.13) (1.23) (0.76) 0.51)
White (Pop %) - 562" -7.10" - 6.49" -6.21" - 4.86" -2.37" 2.86" -0.05 -1.59 -0.44 -1.93"
p 7o (0.36) (0.55) (0.63) (0.54) (0.63) (0.92) (0.74) (0.98) (1.08) (0.85) (0.60)
Black (Pop %) -3.79* - 4.10* -3.87* - 4.55* - 2.40* - 3.44* -2.19* -1.75* —2.72* - 2.40* - 2.69*
P (0.19) (0.34) (0.34) (0.28) (0.24) (0.32) (0.24) (0.23) (0.32) (0.20) 0.17)
ﬁ{;‘:&:?\l"ag:,‘:a”/ 6.67* 5.88* 4.84* 2.02 1.09 -0.79 12.53* 9.54* 7.92* 3.33 4.91
Pop %) 2.12) (2.24) (2.30) (2.29) 1.91) (1.80) (1.85) (1.86) (2.29) (2.34) 2.73)
Latin/Hispanic 1.70* -0.23 0.14 1.00* 1.41* 0.88* 2.60* 2.01* 1.31* 2.48* 2.62*
(Pop %) (0.31) (0.19) (0.21) (0.25) (0.22) (0.27) (0.23) (0.30) (0.41) (0.33) (0.27)
Treated Units 74 74 74 74 74 74 74 74 74 74 74
Total Units 178 177 175 179 185 185 183 182 181 181 182
Adjusted 0.43 0.42 0.42 0.43 0.39 0.34 0.32 0.3 0.31 0.35 0.38
R-Squared
“p<0.05

CFHP = crime-free housing policy. Pop = population.

Source: Authors
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Exhibit D.16

Regression Results by Map Rotation for San Diego County, Adjusted Spatial First Differences Model Using Continuous Treatment

Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 0.10 0.20* 0.45* 0.40* 0.76* 0.26* 0.16* 0.21* 0.28" 0.33* 0.44*
CFHP Units (0.05) (0.07) (0.07) (0.06) (0.16) (0.06) (0.07) (0.05) (0.05) (0.05) (0.06)
Rental Units 0.41* 0.48* 0.39* 0.39* 0.39* 0.40* 0.50* 0.39* 0.37* 0.34* 0.30*
(in hundreds) (0.07) (0.09) (0.10) (0.10) (0.09) (0.11) (0.09) (0.11) (0.11) (0.11) (0.09)
:;irorcnaep'ta 0.01 0.02 0.03 0.07 0.01 0.05 0.18* 0.07 0.03 ~0.04 -0.12*
(i $10.000 (0.03) (0.03) (0.05) (0.05) (0.03) (0.04) (0.04) (0.04) (0.03) (0.03) (0.03)
e (Fen 1.63* 1.03* 1.20* 1.71* 0.53 1.01 0.33 0.99 -0.18 0.22 1.68*
p 7o (0.37) (0.29) (0.60) (0.66) (0.55) (0.93) (0.69) (0.85) 0.81) (0.86) (0.40)
White (Pop %) 3.23* 2.86" 451 5.04* 1.51 2.55* 2.74* 3.86" 1.46 2.09* 2.19*
p 7o (0.54) (0.40) (0.84) (1.14) (1.26) (1.19) (1.03) 1.21) (1.09) (1.05) (0.67)
Black (Pop %) -0.20 - 0.48" -043 -0.12 -1.18" -1.63* -0.83 0.08 -1.17 -0.93 0.26
P (0.35) (0.22) (0.44) (0.46) (0.48) (0.57) (0.58) (0.70) (0.61) (0.63) (0.25)
ﬁ{;‘seli:?\l”ag:,‘:a”/ 0.73 ~1.11 - 2.60 - 2.36* —4.25% — 457 -0.89 1.63 -0.97 -1.32 -0.59
Pop %) (1.01) 0.77) (0.81) (0.66) (0.78) (0.92) 0.77) (1.13) (0.74) (1.01) (0.86)
Latin/Hispanic 1.14* 1.40% 0.24 0.62 0.42 -0.34 -0.10 0.40 0.71 0.61 112"
(Pop %) (0.18) (0.19) (0.25) (0.32) (0.41) (0.38) (0.41) (0.41) (0.48) (0.50) (0.23)
Treated Units 75 75 75 75 75 75 75 75 75 75 75
Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589
Adjusted 0.18 0.22 0.18 0.18 0.18 0.18 0.23 0.18 0.17 0.15 0.15
R-Squared
*p < 0.05.

CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Appendix E. Estimated Average Treatment on the Treated
Effects by Map Rotation, Model, and Location

Exhibit E.1

Unadjusted Models with Binary Treatment
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Exhibit E.3
——

Unadjusted Models with Continuous Treatment
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Appendix F. Estimated Average Treatment on the Treated
Effects by Model and Location

Exhibit F.1
Plot of Estimated Average Treatment on the Treated Effects by Model and Location
Location
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Source: Authors
Exhibit F.2
—
Table of Estimated Average Treatment on the Treated Effects by Model and Location (1 of 2)
Location Specification Treatment Measure Estimated ATT
San Diego County Unadjusted Binary 0.786 (0.127, 1.683)
San Diego County Adjusted Binary 0.74 (0.077, 1.625)
San Diego County Unadjusted Continuous .3(0.029, 0.887)
San Diego County Adjusted Continuous 0.279 (0.015, 0.858)
Riverside Unadjusted Binary 0.493 (0.104, 1.211)
Riverside Adjusted Binary 0.623 (0.128, 1.325)
Riverside Unadjusted Continuous 0.292 (0.119, 0.545)
Riverside Adjusted Continuous 0.419 (0.203, 0.592)
Hayward Unadjusted Binary 1.753 (1.117, 2.112)
Hayward Adjusted Binary 1.622 (1.078, 2.117)
Hayward Unadjusted Continuous 1.046 (0.733, 1.272)
Hayward Adjusted Continuous 0.986 (0.577, 1.171)
Fremont Unadjusted Binary 0.918 (0.293, 1.239)
Fremont Adjusted Binary 0.816 (0.259, 1.189)
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Exhibit F.2

Table of Estimated Average Treatment on the Treated Effects by Model and Location (2 of 2)

Location
Fremont
Fremont
Across Sites
Across Sites
Across Sites
Across Sites

Specification
Unadjusted
Adjusted
Unadijusted
Adjusted
Unadjusted
Adjusted

Treatment Measure
Continuous
Continuous
Binary
Binary
Continuous
Continuous

Estimated ATT

0.421 (0.167, 0.65
0.297 (0.066, 0.587

0.907 (0.17, 2.024
0.869 (0.189, 2.024
0.421 (0.095, 1.233

0.436 (0.07, 1.121

= 222 =o 2

ATT = average treatment on the treated.

Source: Authors

Appendix G. Example of a Writ of Execution Record

Exhibit G.1

I
Synthetic Data Replicating a Writ of Execution Record

A COUNTY SHERIFF'S OFFICE

Eviction List

12/01/2021 TO 12/31/2021

File Number Occupants Address Restoration Date Time Status

0000000001 John Doe 2 Mayflower Ave. 01/01/2020 12:00AM SERVED
Marion, CA 28752

I e BN BN CANCELLED

I I B B B ccce

0000000002 Joe Bloggs 755 Campfire Ave. 01/02/2020 12:00AM SERVED
Hyde Park, CA 02136

0000000003 Jane Smith 936 Brickell Ave. 01/03/2020 12:00AM SERVED

Source: Authors

East Brunswick, CA 08816
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Appendix H. Ordinary Least Square Models

Exhibit H.1
—
Unadjusted Models Using Binary Treatment
Fremont Hayward Riverside San Diego County
Intercept 0.01(0.17) 0.01(0.32) 0.25 (0.24) 0.31* (0.09)
One or More CFHP Units 1.06* (0.32) 1.86* (0.69) 0.32 (0.38) 0.63 (0.34)
Rental Units (in hundreds) 0.20* (0.06) 0.52* (0.10) 0.91* (0.09) 0.51*(0.02)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.31 0.36 0.42 0.24
*p<0.05,
CFHP = crime-free housing policy.
Source: Authors
Exhibit H.2
—
Adjusted Models Using Binary Treatment
Fremont Hayward Riverside San Diego County
Intercept -2.94(2.77) 0.36 (3.10) 0.74 (1.94) 0.93 (1.01)
One or More CFHP Units 0.95* (0.35) 1.93* (0.70) 0.30 (0.38) 0.61 (0.34)
Rental Units (in hundreds) 0.19* (0.06) 0.62* (0.11) 0.88*(0.10) 0.48* (0.02)
E’ﬁ%?g%‘g%)'“c"me -0.04 (0.13) 0.17 (0.21) 0.21 (0.18) 0.02 (0.05)
Asian (Pop %) 3.27 (2.89) 0.29 (3.27) 1.09 (2.53) -1.98 (1.05)
White (Pop %) 6.07 (3.64) -3.78 (3.63) -0.94 (3.24) 3.38* (1.28)
Black (Pop %) 2.07 (2.34) -1.07 (2.40) 2.91* (1.47) -1.20 (0.96)
American Indian/Alaska
Native (Pop %) 10.17 (8.97) 12.72 (9.95) 1.78 (5.60) 1.82 (2.14)
Latin/Hispanic (Pop %) 1.95 (2.82) -1.58 (2.48) 1.49 (1.41) 0.98* (0.40)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.33 0.41 0.45 0.26
*p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
Exhibit H.3
|
Unadjusted Models Using Continuous Treatment
Fremont Hayward Riverside San Diego County
Intercept 0.04 (0.17) 0.15 (0.33) 0.32 (0.24) 0.32* (0.09)
Number of CFHP Units 0.48* (0.16) 1.07* (0.42) 0.23 (0.14) 0.18 (0.16)
Rental Units (in hundreds) 0.21* (0.06) 0.49* (0.11) 0.86* (0.09) 0.51*(0.02)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.3 0.36 0.43 0.24
*p < 0.05.

CFHP = crime-free housing policy.

Source: Authors
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Exhibit H.4

I

Adjusted Models Using Continuous Treatment (1 of 2)

Fremont Hayward Riverside San Diego County

Intercept -2.99 (2.80) 0.25 (3.12) 0.77 (1.92) 0.93 (1.01)
Number of CFHP Units 0.42* (0.17) 1.09* (0.42) 0.30* (0.14) 0.16 (0.16)
Rental Units (in hundreds) 0.22* (0.06) 0.58* (0.12) 0.79* (0.10) 0.48* (0.02)
gf;?g%é%)'"“me -0.01(0.13) 0.15 (0.21) 0.23 (0.18) 0.02 (0.05)
Asian (Pop %) 3.15 (2.95) 0.43 (3.29) 1.57 (2.51) -1.99 (1.05)
White (Pop %) 5.46 (3.70) -3.21 (3.64) -0.31(3.22) 3.34* (1.28)
Black (Pop %) 1.88 (2.38) -0.58 (2.41) —-4.5844 -1.16 (0.96)

Source: Authors

Exhibit H.4

|
Adjusted Models Using Continuous Treatment (2 of 2)

Fremont Hayward Riverside San Diego County
QQ?J;C?F[‘O';?;;”/ Alaska 12.70 (8.91) 14.59 (10.02) 1.03 (5.56) 1.92 (2.15)
Latin/Hispanic (Pop %) 2.30 (2.83) ~1.56 (2.49) 1.63 (1.40) 0.97* (0.40)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.32 0.4 0.46 0.26

*n <005
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Abstract

During the past decade, eviction research has relied heavily on preprepared (structured) data from
third parties and state agencies who have taken the effort to create readable and accessible filing data.
However, massive data gaps across the country exist because third parties may not provide a complete
count of filings and many states do not have a formalized process to digitize, enumerate, analyze, or
release information on evictions. In some states, the bulk of eviction filings are buried in court filings.

To address this issue, the Eviction Research Network developed a natural language processing (NLP)
approach to mine court record images to enumerate and map eviction filing counts at the neighborhood
level and help researchers identify disparities by location, race, and gender. This approach involved
downloading eviction court record images from online county court systems, digitizing the text, isolating
and geocoding addresses, and estimating demographics based on names and location.

In a case study for the State of Washington, millions of pages in more than 110,000 eviction filings
from 2004 to 2017 were processed to demonstrate this approach. The research shows massive racial
and gender disparities, where up to one in five African-American/Black female-headed households
wete named in eviction filings. Eviction rates peak in areas with the lowest rent and in the most diverse
neighborhoods when analyzing neighborhood dynamics related to eviction. This research helped pass
several tenant protection policies in the state and informed other strategies on how to address housing
precarity. A suggested strategy for collecting eviction data across the country concludes the article.
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Introduction

For renters, there are absolutely no benefits that come from an eviction. At best, the mark of an
eviction impedes access to preferable housing for years to come (Franzese, 2018), even if a case
had a favorable resolution for the tenant.! At worst, it forces vulnerable households to move within
an average of 3 weeks or fewer (Davidson, 2019), often to lower-income neighborhoods with
higher crime rates (Desmond and Shollenberger, 2015), and increases the odds of homelessness

to 1 in 5—even without accounting for related housing precarity risk factors (Shinn et al., 2013).
These consequences induce severe economic, mental, physical, and social harms, including higher
debt, arears debts, court fees, and security deposits; declining credit scores (Parker and Smith,
2021); food insecurity; lower school performance (Fowler, Henry, and Marcal, 2015); disrupted
social ties (Desmond and Shollenberger, 2015); longer commutes to work; unexpected time off

or job loss (Desmond and Gershenson, 2017); depression; greater suicide risk; and exposure

to infectious diseases (Benfer et al., 2021; Fowler et al., 2015; Hatch and Yun, 2021). Evictions
feature severe racial and gender disparities, where the highest eviction rates fall overwhelmingly
on the backs of African-American/Black renters, particularly female-headed households (Hepburn,
Louis, and Desmond, 2020). As the United States exits pandemic-era renter assistance and policy
protections, 19 million U.S. renters burdened with housing costs (U.S. Census Bureau, 2022) face
new challenges such as higher inflation, higher costs for food and basic necessities, and even
record-breaking eviction rates in some states (Legal Services Corporation, 2023).

Although the harms of eviction are well documented, data for measuring current coverage and
trends remain largely fragmented and incomplete (Pan, Zainulbhai, and Robustelli, 2021). These
information gaps leave many policymakers woefully uneducated about the trends and extent of
the problem in their jurisdiction and, consequently, ill-prepared to act swiftly or advocate for
better housing policies. The reason for these gaps is that eviction records are generally processed
in jurisdictional court systems that vary widely in recording and storage protocols. Several scholars
and institutions have been able to collect structured data from some of the better-organized court
systems, which include names, addresses, judgment amounts, and resolutions. Some states only
provide county-level counts, which conceal very important details about neighborhood-level
processes, such as housing market effects and concentrations in marginalized communities. For the
rest of the country, eviction details are buried deep within court filing texts that are either in PDF
images or in physical paper form—an almost impossible data source to mine until now.

The focus of this article is to (1) describe how data science tools can be used to extract records
from jurisdictions with opaque eviction recordkeeping and (2) illustrate how these tools can
supplement existing data collection practices to build a comprehensive national dataset. This

type of dataset would allow scholars, policymakers, and the public to analyze in and between
jurisdictional trends, measure the severity of the eviction problem, and identify solutions. This
supplemental approach uses a natural language processing (NLP) technique to mine court records
and fill gaps in missing data for underrepresented and underresourced states and counties.

This article applies the NLP method to a case study in Washington State and demonstrates its
practical application, hurdles, best practices, and findings. It also describes the political impact

! Smith v. Wasatch Property Management, Inc., et al.
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of enumerating unknown populations, which motivated the adoption of several tenant protection
policies across the state, including just cause and extending the state’s pay-or-vacate notice period
from 3 to 14 days. The article concludes with a recommended outline of steps and tools to apply

this approach on a broader scale.

Background

Evictions happen to the most vulnerable citizens in the country when the primary causes at the
household level are inadequate minimum wages and insufficient welfare support competing with
rising rents (Desmond, 2012). At the neighborhood and county level, rental markets and race
are two dominate themes. More specifically, regions that have the lowest median rent, volatile
(or gentrifying) housing markets, and higher proportion of African-American/Black tracts in
Whiter counties have higher eviction rates (National Academies of Sciences, Engineering, and
Medicine, 2023). These analyses draw from a subset of eviction data in the country and require
a larger dataset to confirm generalizability and to further explore the nuances among different
regions. The primary goal of this study is to collect and structure the most difficult to obtain data
to improve coverage and further scholarship; however, before discussing this approach, a general
understanding of the eviction process and how these data are structured is required.

The Eviction Process and Data Points

An eviction is not a single event, but rather a process that plays out over time and is documented
in varying ways with varying outcomes at each stage. There are five primary stages: (1) prenotice,
(2) notice, (3) court filing, (4) writ of restitution, and (5) physical removal. This process can play
out in less than 5 days or up to 53 days, depending on varying state rules about how each event is
executed (Davidson, 2019).° The prenotice—also referred to as an informal or illegal eviction—is
not documented and therefore impossible to analyze. Notices are rarely collected, despite being
the starting point of the legal process. The most commonly available and studied data are eviction
filings, followed by sheriff lockout data. An important caveat about eviction research is that the
actual number of renters who face eviction is likely severely undercounted because the sum of
notices and informal evictions that precede a court filing is unknown. Estimates suggest that there
may be anywhere between two and five-and one-half informal evictions for every formal eviction
recorded by the courts (Desmond, Gershenson, and Kiviat, 2015). In addition, outcomes and
mobility patterns are difficult to determine because tenants may either move at some point within
the five stages or strike a deal with the landlord to stay. On rare occasions, filing data will include
judgment resolutions, which allows researchers to make a few assumptions about the outcome
(e.g., default judgment means the tenant did not show up to court and the landlords demands
were likely favored in the case).

* Volatility is measured as the median rent gap in a county: The degree to which tract median rents are lower or higher than
nearby tract rents. In counties where nearly all tracts share similar median rents, little volatility appears in the rental market,
and vice versa.

? Georgia, Indiana, Maryland, Minnesota, Missouri, New Jersey, North Carolina, Oklahoma, Pennsylvania, and West Virginia
combine the notice and court filing period into one event.
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Filings may be available in one of three different primary forms: structured data, data within digital
images of court records, and data only available on paper records. Structured data generally refer
to easily accessible tabular formats that record the attributes of each eviction record, facilitating
easy analysis. However, these types of data are only available in certain jurisdictions where court
systems or sheriffs offices have decided to record data in that manner. Other jurisdictions may
provide aggregate counts of evictions within specific timeframes. More commonly, courts will only
have scanned images of civil court records that require computational language tools to mine the
text or paper copies, which require the extra step of being scanned.

One of the most important, but often missing, data points is the evictee’s address. Addresses allow
researchers to get a closer look at eviction trends otherwise concealed by aggregated county counts.
Addresses allow for examining neighborhood dynamics and where rates may concentrate within

a city and provide a deeper understanding about demographic stratification of eviction through
racial and gender estimation. Structured data occasionally provide addresses, but language models
are necessary to extract them from court texts.

Current State of National Eviction Data Collection

The current landscape of eviction data collection in the United States consists of several
independent organizations and research institutes that each contribute to a more complete
national picture of evictions. The data collection strategies of these organizations fall into several
main categories. First are organizations such as the Eviction Lab* and Legal Services Corporation
(LSC)’ that aim for a truly national data collection strategy, gathering structured data from as
many sources as possible, even if those data are only available at higher geographic scales. Second,
several local organizations have opted for a more targeted approach, collecting comprehensive data
in a single county, region, or state and supplementing this analysis with local knowledge about the
legal and technical specificities of the eviction process.® A final emergent approach, exemplified by
groups such as the Anti-Eviction Mapping Project (AEMP)” and the Eviction Research Network?
involves a combination of these approaches, combining local knowledge with sustained data
collection efforts across multiple different jurisdictions.

The most comprehensive data currently available on evictions in the United States are currently
held by the Eviction Lab, which uses a combination of data collection techniques to construct an
eviction dataset with a national scope. For structured case-level datasets, Eviction Lab makes bulk
data requests to state court systems throughout the United States, which has yielded records from
16 states and the District of Columbia. For county-level eviction data, Eviction Lab submits annual
requests to state and county court systems, receiving data from 2,204 counties across 46 states.

* See Eviction Lab at https://evictionlab.org.
> See Legal Services Corporation’s Eviction Tracker at https://civilcourtdata.lsc.gov.

® See the Atlanta Regional Eviction Tracker at https:/metroatlhousing.org/atlanta-region-eviction-tracker/; Root Case
Research at https://www.rootcauseresearch.org/lel; The University of Michigan’s Eviction page at https:/poverty.umich.edu/
research-funding-opportuniti