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Abstract

Roughly one-third of U.S. households rent their homes, yet measuring who owns rental
property is difficult: ownership is frequently obscured by LLCs, partnerships, and other
intermediary entities that separate legal from economic control. We develop a method
that traces ownership through administrative records—combining deeds and property
assessments with the Census Bureau’s Business Register, IRS Schedule K-1 filings, and
SEC filings on REITs—to identify ultimate owners and construct property portfolios
across the full landlord size distribution. Applying the method to 11 large CBSAs, we
find that individual landlords own a large majority of rental units, though their share
varies meaningfully across markets. We also show that the widely used mailing-address
aggregation approach both under- and over-states portfolio size in systematic ways.
The method is designed to scale to national coverage and to support measurement of
landlord identity, portfolio composition, and ownership concentration in U.S. rental
markets. We also discuss the method’s current limitations and outline directions for
refinement and validation.

1 Introduction

Approximately one-third of U.S. households rent their homes and annual rent expenditures
exceed $700 billion. Rental housing is thus a central component of the U.S. economy, yet
it remains difficult to measure who owns it. Property ownership is frequently obscured by
limited liability companies (LLCs), partnerships, trusts, and other intermediary entities that
separate legal ownership from economic control. Administrative property records therefore
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FY26-CES023-005, and CESFRC-26-22). Humphries and Van Dijk gratefully acknowledge financial support
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typically identify only the immediate legal entity that nominally owns a property rather than
the individuals or firms making investment and pricing decisions. A single legal entity may
correspond to multiple individual owners or businesses, and an individual or business could
exert control over multiple legal entities. This gap between legal and economic ownership
therefore complicates measurement of ownership concentration, limits the ability to distinguish
between small and large landlords, and makes it difficult to study how different types of
landlords respond to economic shocks and policy changes.

Measuring who owns rental housing matters for a range of questions in housing economics
and policy. Researchers have sought to understand how landlord characteristics affect
rent setting and housing prices—questions at the heart of understanding market power,
competition, and the spatial structure of urban housing markets (e.g., Gurun et al., 2023;
Watson and Ziv, 2025b; Barbieri and Dobbels, 2025; Gorback et al., 2025; Wang and Zhai,
2025). Related work examines how changes in institutional ownership affect neighborhood
composition and homeownership rates, as well as how ownership concentration affects tenant-
and neighborhood-level outcomes such as eviction rates, demographic composition, and
housing quality (e.g., Travis, 2019; An, 2024; Coven, 2025; Fesko, 2025; Chang, 2025; Harwood
et al., 2025). These same issues motivate policy design, including whether different types of
landlords respond differentially to rent regulation, how tax policy might account for portfolio
size, and how exposed landlords are to financial and macroeconomic shocks (e.g., Levy, 2022;
Cocco et al., 2024; Samuels, 2025).

However, existing approaches to measuring rental property ownership have important
limitations. Some jurisdictions have high-quality local data that permit high-quality measures
of ownership (see, e.g., Harwood et al., 2025; Watson and Ziv, 2025b,a), but these data are
available only for a handful of places and cannot capture portfolios that span jurisdictions
not covered by these local datasets. Surveys, such as the Residential Housing Finance Survey
(RHFS), can be nationally representative, but they have small sample sizes, are subject
to response error (especially since the respondent may be a property manager rather than
the beneficial owner), and do not describe an owner’s full portfolio. Lastly, methods that
aggregate portfolios by shared mailing addresses in tax assessments or deeds records can
misidentify rental properties and both under- and over-estimate portfolio size. We review the
benefits and drawbacks of these three approaches in more detail in Section 2.2.

This chapter introduces a new approach that has the potential to address the limitations
outlined for these existing methods. Unlike the local data approach, our method can be
applied nationally, capturing nearly all jurisdictions and constructing property portfolios
across the entire United States. Our approach may also yield more accurate measures of
landlord scale and ownership concentration, compared to methods based on survey data
or mailing addresses, because it traces ownership through administrative records, following
the owner listed on a property record through a chain of business owners to a final set
of shareholders, while avoiding aggregation based solely on shared mailing addresses or
intermediary agents.

We combine deeds and property assessment records with the Census Bureau’s Business
Register, the Internal Revenue Service Schedule K-1 partnership data, and information on
Real Estate Investment Trusts (REITs) and their publicly traded subsidiaries from the
Securities and Exchange Commission Form 10-K to trace ownership through corporate
structures and identify final owners. Starting from the legal owner listed in property records,
we use these data sources to follow ownership chains through layers of LLCs, partnerships,



trusts, and other intermediary entities. Properties held under different legal names or entities
are connected when they share a common underlying owner. Our approach assigns properties
to “Final Owner Networks,” which correspond more closely to the economic decision-maker
than the legal entity listed on a deed. Identifying ownership at this level allows landlord
portfolios to be measured consistently across ownership forms and enables classifying owners
into economically meaningful categories, including unincorporated individuals, incorporated
individuals, individual trusts, business entities, and public owners.

At the same time, this approach faces several challenges, which this chapter discusses in
detail. We are still working to resolve these challenges for the full set of rental properties
in the United States. As we document in Section 3, there are opportunities to improve
the identification of individual landlords and landlords who hold properties through special-
purpose LLCs that do not file tax forms. Another limitation is that we currently identify
fewer rental units than the total count implied by the American Community Survey (ACS)
in every Core Based Statistical Area (CBSA) in our sample, indicating an undercount in our
rental property identification.

We apply our methodology to 11 large CBSAs spanning diverse housing markets and reg-
ulatory environments: Atlanta, Charlotte, Chicago, Denver, Hartford, Houston, Jacksonville,
Los Angeles, Phoenix, Seattle, and Washington, DC. In Section 4, we present descriptive
findings for the subset of properties in these CBSAs that appear in the ACS. While the
undercount relative to the ACS described above raises a concern about the accuracy of our
identification of rental units, we are confident that rental properties are correctly identified
in this subset (up to reporting error in the ACS survey data). We leave descriptives based
on a larger sample of rental properties—including more CBSAs as well as properties in our
CBSAs that do not appear in the ACS—to a future data build that has resolved our coverage
challenges. This sample provides proof of concept for the types of analysis our methodology
is designed to enable going forward, but we caution that they do not necessarily generalize to
the full rental stock.

Using this subset, we document several statistics about the supply side of the rental
housing markets captured in our sample. First, individual landlords own the majority of rental
units: approximately 61 percent of rental units are owned by unincorporated individuals
and an additional 7.6 percent by incorporated individuals. Second, rental ownership is
widely dispersed among the 6.1 million properties in our sample: we identify more than
558,000 unique individual and business landlords corresponding to these properties. Third,
rental income is an important component of individual landlords’ portfolios. Nearly one
third of individual landlords earned no wage or salary income in 2019, with nearly half
of unincorporated individuals earning less than $100,000. These patterns indicate that a
substantial portion of rental housing supply reflects the investment decisions of a large number
of individuals and households who earn limited or no labor income. Lastly, we document
that the share of unincorporated individual owners varies meaningfully across markets in
our sample—ranging from roughly 50 percent in Houston to over 70 percent in Chicago.
To the extent that policies affecting rental markets have different effects depending on the
organization of ownership, this suggests there may be important heterogeneity in responses
to such policies by location.

We also compare our ownership measures to those generated by the mailing address
approach, the most commonly used existing approach, and show that existing methods can
substantially misclassify both ownership type and portfolio size.



1.1 Related literature

Research on rental property ownership has expanded in recent years. Studies differ in how
they recover landlord portfolios from administrative data, and these choices shape both which
segment of the rental market can be observed and what analysis is possible. We organize the
literature along two dimensions: coverage (both geographic and across types of landlords)
and methodology. We briefly note the benefits and limitations of each approach; Section 2
provides a more detailed evaluation.

Coverage. Studies vary in both geographic scope and the types of landlords they capture.
Most construct landlord portfolios in individual cities, states, or regions (Travis, 2019; Austin,
2022; Linger et al., 2022; An, 2024; An et al., 2024; Ramoutar, 2024; Torres, 2024; Barbieri and
Dobbels, 2025; Fesko, 2025; Hangen and O’Brien, 2025; Watson and Ziv, 2025a,b; Harwood et
al., 2025; Wang and Zhai, 2025), with some covering multiple markets (Ganduri et al., 2023;
Gurun et al., 2023; Chang, 2025) and others providing national or near-national coverage
(Garriga et al., 2022; Lambie-Hanson et al., 2022; Lee and Wylie, 2024; Coven, 2025; Gorback
et al., 2025; Handbury et al., 2025; Samuels, 2025). Even among studies with national
coverage, to our knowledge, none construct ownership classifications across the full landlord
size and type distribution. Much of the literature focuses on large institutional landlords in
the single-family rental market (Mills et al., 2019; Ganduri et al., 2023; Gurun et al., 2023;
An, 2024; Lee and Wylie, 2024; Calder-Wang and Kim, 2024; Barbieri and Dobbels, 2025;
Chang, 2025; Coven, 2025; Fesko, 2025; Gorback et al., 2025) or instead on large multifamily
properties (Ramoutar, 2024; Calder-Wang and Kim, 2024; Damen et al., 2025; Handbury et
al., 2025). Data from the American Community Survey shows that roughly two-thirds of
renter households live in structures with more than one unit, a segment omitted by studies
focused on single-family rentals. Similarly, studies focused on large multifamily properties
do not fully characterize ownership for the roughly two-thirds of renter households living in
structures with fewer than 10 units.

Methodology. The dominant approach constructs landlord portfolios directly from deed or
tax assessor records by aggregating properties that share a common owner name and/or mailing
address, typically after string standardization. This approach scales to large geographic areas
and has been widely adopted (Lambie-Hanson et al., 2022; Ganduri et al., 2023; Gurun et
al., 2023; An, 2024; An et al., 2024; Lee and Wylie, 2024; Ramoutar, 2024; Barbieri and
Dobbels, 2025; Coven, 2025; Chang, 2025; Fesko, 2025; Samuels, 2025; Harwood et al., 2025;
Watson and Ziv, 2025a,b; Wang and Zhai, 2025). However, name—address aggregation relies
on consistent recording of ownership across properties, and professional registered agents or
intermediaries may appear in ownership records rather than true owners. Measurement error
may therefore arise in both directions: properties may be listed as owned by separate legal
entities when they have the same economic owner, or different economic owners may list the
same intermediary agent for their properties. Moreover, errors may vary with institutional
arrangements and local recording practices. Section 2.2 discusses these sources of error in
more detail and Section 4 illustrates the bidirectional measurement error in the mailing
address approach using our dataset.

A smaller literature supplements parcel data with corporate registration records to link
legally distinct entities that may share common control (Torres, 2024; Hangen and O’Brien,



2025). These approaches use shared officers, registered agents, or business addresses to infer
ownership connections and can improve identification of fragmented institutional ownership
in specific settings. In practice, however, corporate registries are maintained at the state
level and differ in structure and reporting requirements, and shared professional agents can
generate spurious links. Existing implementations remain limited to single-city applications.

A third strand of work identifies institutional investors using external information sources
without attempting to recover landlord portfolios for the full market. Mills et al. (2019),
Garriga et al. (2022), Calder-Wang and Kim (2024), Damen et al. (2025), Gorback et al.
(2025), and Handbury et al. (2025) identify large institutional investors using SEC filings,
industry reports, or curated firm lists and match these firms to transaction data. This
approach provides precise measurement for large institutional landlords, but these studies do
not recover the broader distribution of landlord ownership.

Finally, outside the United States, a smaller literature relies on administrative data
systems in which ownership can be observed directly through linked registries or tax records.
Levy (2022) uses French administrative data linking property ownership and tax records,
while Cocco et al. (2024) identify landlords through borrower information in U.K. buy-to-
let mortgage data. Damen et al. (2025) use administrative datasets for Belgium and the
Netherlands, and Moktan (2025) studies rental market structure using U.K. administrative
ownership information. Because ownership linkage is embedded in the underlying data, these
studies avoid many of the measurement challenges present in U.S. property records.

Across approaches, existing work using U.S. data faces a tradeoff between geographic scope,
coverage across the landlord size distribution, and the ability to recover ultimate ownership.
We aim to fill this gap by providing a framework for constructing landlord portfolios at the
national level for the United States, covering both individual and institutional landlords
across the building size distribution, and using entity resolution methods that do not rely
solely on mailing address matching. Although the data used to illustrate our methods in
this chapter does not yet offer national coverage, our approach can be scaled to achieve such
coverage over time.

2 Comparing methods for measuring rental property
ownership

2.1 What are reasonable goals for comprehensive ownership mea-
surement?

The specific measurement requirements for studying rental housing ownership depend on the
research question, but for many of the questions discussed in the introduction—about market
power, the effects of ownership concentration, and the design of housing regulation—there
are arguably four natural goals.

First, it is useful to have a source of nationwide data. Rental markets vary substantially
across the United States in their regulatory environments, building stock, and possibly their
ownership structures. A measurement framework limited to particular cities or states cannot
characterize these differences or leverage them to analyze the impact of policy changes.
Additionally, it cannot construct complete portfolios for landlords who own property in
multiple jurisdictions. National coverage also helps ensure that findings are not driven by the



idiosyncrasies of a particular regulatory environment or data source.

Second, it is important to accurately identify residential rental properties. There is no
centralized source of information on whether a property is renter- or owner-occupied at a given
point in time. Property assessment records sometimes include an owner-occupancy flag, but
these flags can be unreliable or incomplete. The distinction is not always straightforward: a
single building may contain both owner-occupied and renter-occupied units, and tenure status
can change over time. Misclassification of tenure can bias estimates of rental housing supply
and distort the composition of measured landlord portfolios. For example, if owner-occupied
properties are incorrectly classified as rentals, measured individual landlord ownership rates
will be inflated, and if rental properties are missed entirely, the data will underrepresent
certain segments of the market.

Third, for many questions it is valuable to identify the final owner of each property—the
individual or entity that controls investment and pricing decisions. When ownership is held
through intermediary entities such as LLCs or partnerships, the legal owner recorded in
property records may be several steps removed from the economic decision-maker. Without
tracing through these structures, it is difficult to distinguish incorporated individual landlords
from large institutional investors, to classify owner types in a meaningful way, or to connect
an owner’s characteristics (such as income, demographics, or other business activities) to the
properties they control.

Fourth, many questions require constructing complete property portfolios for each final
owner. Questions about market concentration, economies of scale, and the effects of portfolio
size on tenant outcomes all depend on knowing not just who owns a given property, but also
how many and which other properties that owner controls. Portfolio construction matters
because an owner who holds a single property and one who holds hundreds may appear
identically in property records if ownership is fragmented across legal entities. Because
landlords may hold properties through multiple legal entities and across multiple jurisdictions,
portfolio construction requires linking ownership across entity structures and geographies.
Portfolio construction also involves conceptual choices: when two entities share an investor,
the researcher must decide whether they constitute “the same landlord” and where to draw
the boundary between individual and corporate ownership. The mailing address approach
largely sidesteps these definitional questions—portfolios are simply the set of properties
sharing an address—but at the cost of accuracy (see Section 2.2). Survey-based approaches
like the RHF'S cannot construct portfolios at all. Our approach requires explicit choices about
shareholder count thresholds and network definitions, which we discuss in Section 3.

Meeting all four of these goals simultaneously has proven difficult. Existing approaches in
the literature each have limitations along at least one dimension. Table 1 summarizes how
the leading approaches perform along each of these four dimensions.

2.2 To what extent can existing approaches meet these goals?

Survey-based methods, such as the Residential Housing Finance Survey (RHFS), can be
nationally representative, but the sample size is usually too small to support precise estimates
for local markets, detailed cross-tabulations (e.g., by owner type within a metro), or analysis
of the tails of the portfolio size distribution. For example, the RHFS samples roughly 100,000
properties nationally. The identification of final owners for these properties is noisy because
the respondent may be a property manager rather than the beneficial owner. Moreover,



survey designs sample individual properties, making it impossible to construct an owner’s
full portfolio or measure concentration. Lastly, the RHFS does not provide information on
the individuals or other business entities behind LLCs, so it cannot distinguish between an
incorporated individual landlord and a large institutional investor, nor can it connect jointly
owned properties into portfolios.

The mailing address approach identifies landlords and their portfolios by aggregating
properties that share a common owner mailing address in deed or tax assessor records. Rental
properties are identified as those whose property address differs from the mailing address, final
owners are identified as a unique mailing address, and portfolios are measured as the set of
properties whose tax information is mailed to that address. This approach provides national
coverage, but introduces measurement error in identifying rental properties, final owners, and
portfolios. The use of address mismatch as a proxy for rental status can misclassify tenure in
both directions: rental properties may be missed when an absentee landlord’s mailing address
happens to match the property address (e.g., a landlord who lives in one unit of a multi-unit
building), and owner-occupied properties may be incorrectly classified as rentals when the
owner’s mail goes to a PO box, accountant, or another address that differs from the property.
The mailing address approach can also generate portfolios that are either artificially small or
artificially large. Portfolio sizes may be understated when commonly owned properties use
different mailing addresses, for example when ownership is fragmented across legal entities
or when correspondence is sent to multiple locations. Conversely, portfolio sizes may be
overstated when unrelated properties share a mailing address through property managers,
leasing agents, attorneys, accountants, or other intermediaries. In Section 4, we quantify the
extent of these problems.

Local data sources can provide high-quality information about ownership within a
particular locality. Cities like New York can impose local reporting requirements that identify
rental properties and reveal landlord identities, and several studies exploit such data to study
ownership and market power (Harwood et al., 2025; Watson and Ziv, 2025a,b). However,
these approaches are not national in scope and underestimate portfolios for landlords that
own property in other jurisdictions.

National data on selected owner and building types can sometimes supplement
parcel records with corporate registration data, linking legally distinct entities that may share
common control (Torres, 2024; Hangen and O’Brien, 2025). These datasets can be national
in scope, but they typically include information about only a subset of rental properties and
owner types. For example, corporate registries are maintained at the state level and differ
in structure and reporting requirements. Shared professional agents can generate spurious
links, and existing implementations remain limited to single-city applications, reflecting the
difficulty of scaling corporate registry linkage across jurisdictions. Similarly, approaches that
identify institutional investors from SEC filings, industry reports, or curated firm lists (Mills
et al., 2019; Garriga et al., 2022; Calder-Wang and Kim, 2024; Gorback et al., 2025; Handbury
et al., 2025) provide precise measurement for known large landlords but do not recover the
broader distribution of ownership, including the individual landlords who, as we will show,
supply the majority of rental housing.



Our approach uses administrative records to address many of these challenges. We begin
from the near-universe of property records compiled from deeds and tax assessments by Black
Knight. While this chapter discusses a prototype build using only 11 CBSAs, our data allow
us to scale to a national dataset including all property ownership spells, uniquely identified
by owner name, property, and year of purchase and sale. We identify rental properties by
comparing owner PIKs to occupant PIKs in the MAF-ARF. To identify final owners, we
trace ownership chains through the Business Register and K-1 filings. We construct Final
Owner Networks linking properties through shared beneficial owners. Finally, we construct
portfolios as the set of properties and shares owned by each final owner. Administrative data
sources are national, so portfolios span jurisdictions by construction.

This approach has its own limitations, some of which are shared by any method that uses
deed and assessment records. The underlying administrative records were not designed for
longitudinal analysis: owner names are recorded inconsistently across sources and over time,
records contain duplicates, and there are no stable person-level identifiers such as SSNs in the
property records themselves. These problems affect any approach that constructs ownership
from these records, including the mailing address method. We use Census-assigned PIKs
where available and name-cleaning procedures to mitigate these issues, but many records
lack PIKs, and overlapping and adjacent spells remain a challenge for constructing clean
ownership histories. Beyond data quality, missing or misassigned PIKs introduce noise in the
identification of both owners and rental properties. Properties owned by individuals through
businesses may be misclassified as rentals when the business entity, rather than the individual,
holds the deed, and the occupant’s PIK does not match the entity’s PIK. We cannot identify
owners of non-filing LLCs or C-corp subsidiaries that do not appear in the Business Register
or Schedule K-1 filings. And the construction of Final Owner Networks requires the choices
about shareholder count cutoffs and network definitions discussed in Section 3.2. We discuss
all of these issues in detail in Section 3.

3 Our approach: Using administrative records to iden-
tify landlords and their portfolios

We propose to use administrative records to address each of these challenges in new ways,
each with its own strengths and drawbacks.

We start by constructing a national dataset from the near-universe of property records for
the United States compiled from deeds and tax assessments by Black Knight. Final owners
are identified by tracing owner names through a chain of data sources that reveal ownership
relationships among business entities. However, we can only identify business owners who
appear in our administrative records, and noisy string matching may introduce noise.

We identify residential rental properties using an owner-occupancy flag from property
tax assessment data and by comparing property owner PIKs to occupant PIKs in Census
administrative records. While this strategy can make determinations at both the property
and housing unit level, it is sensitive to missing PIKs and to PIK misassignment.

We construct portfolios as the set of rental properties and shares owned by each final owner.
Administrative data sources are national, so portfolios span jurisdictions by construction.

We end our exercise by categorizing final owners into a set of economically meaningful
owner types that can be used for analysis.



3.1 Create unique ownership spells from property records

We begin by constructing data on ownership spells, defined as a continuous period during
which a property is held by the same set of owners. Constructing ownership data at the spell
level allows us to easily extract cross-sections or build panels at the property or owner level.
These spells are constructed from information from three types of property records.

3.1.1 Property record data

Black Knight deed records, property tax assessments, and parcel shapefile. Black
Knight (BK) compiles information from recorded deeds in a cumulative deed file, and compiles
annual property tax assessment records. We use the 2023 cumulative deed file and property
tax assessments for 2013-2022. The legal owner of each property is recorded in the buyer
name(s) listed on the deed or the owner name(s) listed on the property assessment files. The
U.S. Census Bureau has assigned a protected identification key (PIK) to individual property
owners based on their first and last names and address, allowing us to link them to other
Census data sets.!

Since properties are individually assessed for tax purposes, these data include one obser-
vation each for single-family homes, multi-unit apartment buildings, and individual units in
condominiums. The BK parcel shapefile allows us to identify all properties located at the
same parcel (e.g., condo units in the same building). It also allows us to attach Census’s
property unit ID, the Master Address File identifier (MAFID), to each property using a
spatial merge of properties and MAFIDs that fall in the same parcel.

Later, we will also use the assessment files to help identify which properties are rented
versus owner-occupied and to attach property and unit characteristics, including owner
mailing addresses.

Form 1098 tax returns. Form 1098 is a tax form that lenders use to report how much
mortgage interest a borrower paid during the year. We use this form as a high-quality
supplementary source of information about owner PIKs matched to properties, since it
includes richer identifying information than the deed and property tax assessment records
that helps Census successfully assign PIKs.

3.1.2 Building ownership spells

To build ownership spells, we integrate annual property tax assessment files with recorded
deeds, using the Form 1098 data to fill in missing PIKs. Then we consolidate records of the
same owner and property into a single observation uniquely identified by owner name(s),
property, and the start and end years of ownership.

The challenge is that the same owner’s name is not always recorded identically across files,
and dates of purchase and sale may be missing in some files and not others. Furthermore,
because the property records only include owner name and address without other identifying

!The Census Bureau PVS system assigns PIKs to individuals in the Black Knight data using name
and address, prioritizing mailing address. If a name-mailing address combination does not yield a match,
then PVS attempts a match using name-property address. PIK assignment fails for some individuals whose
identifying information does not clearly map to a unique person. For a detailed overview of the PVS process
and why some individuals are not assigned PIKs, see Layne et al. (2014) and Wagner and Layne (2014).



information like birth year or SSN, Census is not always able to assign a PIK to each
individual owner. Indeed, the same owner may be assigned a PIK in some files and not others,
or even different PIKs in different files, depending on the completeness of the name record.

Consequently, we begin by cleaning and standardizing owner names in the deed and
assessment records. Deeds and property assessments can each record up to two possible
owners. Owner names are reported in four fields: the first name of owner 1, the last-and-
middle names of owner 1, the first name of owner 2, and the last-and-middle names of owner
2. The fields for owner 2 are missing when there is only one owner. Business names are
entered in the last-and-middle name fields, so that records with non-missing first names are
likely to be individuals. Names are converted to uppercase and stripped of punctuation and
extra whitespace. For likely individuals, we standardize the order of name components so that
variations such as “JOHN W SMITH” and “SMITH JOHN W” are treated as equivalent.

To address the issue of missing PIKs, we compile a property-specific lookup that links
standardized owner names to person identifiers (PIKs). If a given property-name pair is
only ever associated with one non-missing PIK, we assign this PIK to all observations of
that property-name pair. If a property-name pair is linked to multiple PIKs, we treat those
records as distinct ownership spells. Next, we use 1098 tax returns for single-family homes to
fill in remaining missing PIKs. We do this only for single-family homes because there is no
ambiguity about which PIK should be assigned to which housing unit within a property.

Next, we append the cleaned deed and assessment records into a single table and reconcile
duplicate observations within each property—purchase year. Records from different sources
that refer to the same owner-property observation are merged, and owner fields are harmonized
so that joint ownership is not split across separate records. Minor spelling differences are
aligned within property—year when necessary.

Finally, we define ownership spells by ordering records within each property by start year
and forming contiguous runs with identical owner sets. The stop year for each spell is set
equal to the next observed start year. We also consolidate adjacent spells when one owner set
is a subset of the other (for example, JOHN SMITH and JOHN SMITH; NANCY SMITH),
provided that the records correspond to likely individuals rather than business entities. The
resulting spells represent the longest continuous intervals during which a stable ownership set
is observed and retain merged information from both deeds and property assessments. When
two spells overlap, we retain the spell with the most non-missing information.

The ownership spell data include a spell id, property id, fields for the first and last name
of owner 1 and owner 2, year start, and year stop. For the exercises in this chapter, we study
the cross section of properties in 2019 by subsetting to spells that overlap with that year.?

3.2 Identify a final owner for each ownership spell

The main obstacle to identifying property owners is that it is common to hold properties
through pass-through entities like Limited Liability Corporations (LLCs). We trace the
owner name in an ownership spell through a series of administrative data sets that reveal the
relationships between businesses that may own property and other business entities that may

2PIK assignment quality could be improved by expanding our use of Form 1098 data beyond single-family
homes. This requires unit-level assignment of PIKs within multi-unit properties, but the richer identifying
information in these filings would meaningfully increase the PIK rate.
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in turn own them. In this way, we are able to follow an ownership spell from the LLC on the
deed through several holding companies until we arrive at a final set of shareholders.

The first step is to find source data that covers the universe of property-owning businesses.
We assemble records from several administrative data sources that together represent the
majority of businesses that may hold property.

3.2.1 Match data sources

Business Register (BR). This dataset is a comprehensive registry of businesses operating
in the U.S., containing information on ownership structures, firm identifiers (FIRMID), and
industry codes. This allows us to match property owners listed in BK to registered firms
and trace ownership hierarchies across business entities. We use information from 1) the
employer-unit BR, which includes non-farm establishments with at least one paid employee,
subject to unemployment insurance reporting, and 2) the SSN-unit BR, which includes
sole-proprietorships with payroll.

Internal Revenue Service (IRS) Schedule K-1 Data. Schedule K-1 filings provide
information on the ownership structure of pass-through entities. K-1s are filed by partnerships,
S-corporations, and estates and trusts to report how income and other tax attributes flow
from an issuing entity to its owners. Crucially, K-1s identify both the issuing entity (via
its employer identification number, EIN) and each owner’s tax identifier, which may itself
be another EIN when ownership is held by a business entity rather than an individual.
We construct directed ownership links from each pass-through entity (owned EIN) to each
reported partner/shareholder identifier (owner EIN or PIK). We then trace the chain of
owned and owner entities until they terminate at an individual or at an entity that does not
file a K-1, such as a C-corporation. To limit the expansion of ownership chains when entities
have many reported owners, we cap chain length at 12 links and prune expansions when
an entity has more than 10 owners, flagging pruned/truncated cases. The resulting output
maps each owned EIN to one or more final owners and the minimum chain length. These
ownership chains are central to constructing property portfolios for business owners, as the
partners of S-corporations listed on K-1s may include the LLCs observed in property records.

Real Estate Investment Trusts (REITs) and their subsidiaries. We compile infor-
mation on publicly traded Real Estate Investment Trusts (REITs) and their subsidiaries
from firms’ publicly-available annual Form 10-K filings submitted to the U.S. Securities and
Exchange Commission. These filings report the legal entities that make up each REIT’s cor-
porate structure. We extract subsidiary names and parent—subsidiary relationships. Because
REITs typically hold properties through numerous subsidiaries, identifying these entities
helps link properties that share a common publicly traded parent.

Longitudinal Business Database (LBD). This dataset is a census of business establish-
ments with paid employees. We use the LBD to identify parent companies for subsidiaries
that appear in the BR or the K-1 data, allowing us to trace the corporate ownership chain a
step further. Future work could leverage the LBD to document new facts about corporate
landlords.
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One category of business is not captured by administrative data: special-purpose LLCs
which are separate legal entities distinct from their owners/shareholders but disregarded
entities for tax purposes. Since they do not file business tax forms, they do not appear in the
Business Register or Schedule K-1s. This type of LLC is sometimes used by developers to
purchase land on which they will construct a multi-family building. This special-purpose
LLC can own and manage the property, or the developer can sell the special-purpose LLC so
that it becomes a wholly owned subsidiary of the new owner. We may be able to improve our
match rate by incorporating additional data on these special-purpose disregarded LLCs from
a source like OpenCorporates (see Gorback et al., 2025, for a description of this dataset).

3.2.2 Matching owner names to match data sources

Next, we identify final owners for each spell by cascading through potential owner match
types, removing each spell from the unmatched pool once a match is found. Because a spell
may match multiple sources, this ordering reflects our judgment about the highest-quality
matches and can affect the resulting owner types. Figure 1 illustrates the order in which we
move through sources.

We begin by identifying government and unincorporated individual owners, who can be
identified directly from the property record. Government owners can be identified using
keywords in owner names (e.g., “Housing Authority” or “HUD”). Unincorporated individual
owners can be identified if the owner name 1) has been matched to a PIK, or 2) has not
been matched to a PIK, but the first and last name fields are non-missing. Again, the
property record data inputs individuals’ first names into a first name field, while individuals’
last names and business names go into a last name field. This means that entries with a
non-missing first name are likely to be individual owners. However, we observe occasional
errors with data entry. To make sure that we identify only individual owners, we add two
additional keyword requirements. First, the first name field must contain a first name that
is associated with a PIK for at least one property record in our sample. This helps weed
out erroneous entries into the first name field, without relying on a measure of how common
the name is which might introduce bias against certain types of names. Second, the owner
name cannot contain a business keyword like “Inc” or “Co.” Table 2 reports examples of
government-related keywords chosen without looking at the owner names; to protect privacy,
we cannot disclose the full set keywords selected by manual inspection of the data. In these
cases, we take the named individual or government agency as the final owner.

For the remaining spells, we apply a fuzzy name matching procedure. In each step, we
match owner names to candidate entities in a source dataset using a Jaccard-based inner
join on character 6-grams implemented with locality-sensitive hashing (30 bands by default).
Candidate pairs are generated using a similarity threshold of 0.80. We drop candidates with
first-letter mismatches and retain the highest-scoring candidate for each owner name. If
there is a tie, we select the candidate registered in the zip code closest to the zip code of the
property. For each source dataset, we run the algorithm first on exact names and then on
name variants that remove or add common legal suffixes (e.g., LLC, INC, and CORP).

We first apply this procedure to the employer-unit Business Register, imposing the
additional requirement that the business was registered before the ownership spell began
to make sure that we are only matching to businesses that existed at the time of purchase.
Then we fuzzy match to the SSN-unit Business Register following the same rules.
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Third, we fuzzy match to names of owned entities reported in Schedule K-1 tax filings,
which include both the entity’s Employer Identification Number (EIN) and the partner’s tax
identification information. These matches expand our ability to identify individuals and firms
with ownership stakes in the entity named in the deed.

Next, we use keywords to identify individual trusts among the remaining unmatched
ownership spells. These owner names must contain a trust keyword (e.g., TRUST, FT, RET)
and a PIKed first name.

Fifth, we fuzzy name match to REITs and REIT subsidiaries identified from 10-K filings.
Finally, we attempt another fuzzy name match to the employer-unit and SSN-unit BR without
imposing the time overlap requirement, recognizing that there may be noise in both the
ownership spell start year and the business registration year.

For spells matched to the BR, Schedule K-1 entities, or REIT subsidiaries, we trace
ownership further using K-1 filings to construct ownership chains that link each owned
entity to its ultimate owner(s), identified by EINs and/or shareholder PIKs. When an entity
is traced to more than two final owners (e.g., shareholders or partners), we designate the
entity—rather than the shareholders—as the final owner, to reflect the collective nature of
control. We merge the final owner identified with the K-1 filings with the LBD and REITsS,
so that for each ownership spell involving a business owner, we arrive at the end of the
observable chain. In these cases, the final owners are either a set of individual shareholders
or a business entity that is not owned by any other business entity that appears in the LBD,
Schedule K-1s, or list of publicly traded REITs.

Although the remaining unmatched spells cannot be matched to a specific individual or
business owner, we can use string patterns in the owner name to categorize them as likely
businesses or likely individuals. Likely businesses contain a business keyword and do not
contain a common first name, while likely individuals contain a common first name and do
not contain a business keyword.

Residual unmatched spells likely include sole proprietorships (which typically do not
file Schedule K-1 and may appear in the BR under the owner’s name), subsidiaries of C-
corporations that do not file Schedule K-1, and noisy or erroneous names that fail to meet
our conservative similarity criteria.

To make this concrete, consider the examples in Table 3 (we omit public entities and
individual trusts from the example because they are classified directly using the keyword
rules described in Table 2). Column 2 contains the owner name listed on the deed or property
assessment. Property 1 is owned by an individual, Jane Doe. Property 2 lists 123 Main St
LLC as the property owner. Our methodology identifies John Smith as the owner of the
business, and therefore classifies him as the final owner. Similarly, John Smith owns the
business 125 Main St LLC and is the final owner of property 3. Property 4 is owned by 789
1st Ave LLC, which our algorithm identifies as a subsidiary of City Realty Inc. City Realty
Inc has one hundred shareholders, including John Smith. Since the business has more than
2 shareholders, we assign City Realty Inc as the final owner of property 4. Property 5 is
owned by 101 Broadway Ave LLC, which our procedure identifies as jointly owned by two
individuals, Jane Doe and Taylor Lee; we therefore treat both as final owners of Property 5,
each with a 50 percent share. Property 6 is owned by Landlord Inc, a business which is not
owned by any other business entity in the Business Register, K-1s, or REITSs; we therefore
treat Landlord Inc itself as the final owner.

Table 4 reports, averaged across CBSAs, the share of ownership spells with at least one
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match to each source in the identification cascade. Roughly 32 percent of spells are attributed
to PIKed individuals, 31 percent are matched to the Business Register, and 8.8 percent are
linked through Schedule K-1 filings. Nearly 3 percent are unPIKed individuals, and another
22 percent are classified as likely unPIKed individuals based on keyword patterns. Keywords
identify public owners, likely business owners, or individual trusts for less than 1.5 percent
of ownership spells. Only 1.8 percent remain fully unmatched after all steps of the cascade.
Because an ownership spell can be matched to multiple sources when an entity appears in a
multi-link ownership chain, these shares do not sum to one.

3.3 Identify residential rental properties

We have now created a data set of ownership spells matched with final owners for all owned
properties that appear in the deed or assessment data. The next step is to identify which of
these are residential rental properties. However, there is no national database of rental vs.
owner-occupied properties.

We develop a strategy for combining information from property tax assessments with
Census address history records to identify residential rentals. The property tax assessment
data include a flag for owner occupancy, derived by Black Knight based on homeowner tax
exemptions that are only available for owner-occupied primary residences and on whether
the mailing and property addresses match.

We augment the owner-occupied flag with insights from Census data on address histories
from the MAF-ARF. To do this, we first need to create a crosswalk between the taxable
properties observed by Black Knight and Census’s internal property unit identifier, the
MAFID. We use the Black Knight parcel shapefile to identify all properties in the same
structure, or “site,” and spatially merge MAFIDs to these sites. For single-family buildings,
there is a single property and a single MAFID. For-rent apartment buildings have multiple
MAFIDs at a single property, and multifamily condominiums (“condos”) have multiple
property assessments and multiple MAFIDs at the same parcel.

We compare owner PIKs with occupant PIKs in the MAF-ARF to determine if a housing
unit is owner-occupied. We designate a property as a rental if it contains more units than
owner-occupied units. In multiunit properties, one MAFID within a large residential building
might be owner-occupied while the others are rentals. We therefore retain all MAFIDs for
parcels that include at least one rental unit. This allows us to conduct analyses at both
the unit and property levels. We drop MAFIDs that were unoccupied from 2017 to 2020
according to the MAF-ARF, as these are likely inactive, vacant, or second-homes that should
be excluded from the active rental housing stock.

Using all three pieces of information, we identify rental units as those which 1) are not in
properties flagged as owner-occupied in the 2019 Black Knight assessment file; 2) the resident
PIK in the MAF-ARF does not match the owner PIK; and 3) were associated with at least
one resident PIK from 2017-2020 in the MAF-ARF. We are confident that this procedure
does well at avoiding false positives, but it undercounts rental units relative to the 2019 ACS
1-year estimates.?

3Future work may be able to improve on our identification of rental units with prediction methods, using
the ACS subsample as the training data.
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3.4 Construct final owner networks and their portfolios

With the final owner information and rental/owner-occupancy classification in hand, we next
construct ownership portfolios and Final Owner Networks (FONs) that account for joint
ownership relationships. A FON groups together owners who share ownership stakes in at
least one property, allowing us to capture situations in which individuals co-own properties
and may coordinate decisions across them.

We implement this using a graph representation in which nodes represent final owners
(individuals or firms) and edges connect owners who jointly own a property. Each disconnected
component of this graph defines a Final Owner Network with shared property interests. If
a property has more than two final owners, we assume that it is managed independently
and therefore treat the firm entity as the final owner. For each owner (node), their portfolio
consists of the set of properties in which they have a stake and their corresponding ownership
share. Because we do not observe precise equity stakes, we assume equal ownership shares
among Co-Owners.

In the example records shown in Table 3, Jane Doe owns 100% of property 1 and
50% of property 5, so her portfolio is {(1,100%), (5,50%)}. John Smith’s portfolio is
{(2,100%), (3,100%)}, City Realty Inc’s portfolio is {(4,100%)}, Taylor Lee’s portfolio is
{(5,50%)}, and Landlord Inc’s portfolio is {(6,100%)}. Final Owner Networks capture
connections between owners who share ownership stakes in the same property. In this
example, Jane Doe and Taylor Lee jointly own property 5 and therefore belong to the same
Final Owner Network, even though their individual portfolios differ. The FON links owners
who may coordinate decisions across their jointly owned properties.

For this reason, our treatment of corporate entities depends on the number of individ-
ual owners identified in the ownership chain. Because City Realty Inc has one hundred
shareholders, including John Smith, it is likely that the corporation rather than the set of
shareholders is the decision-making entity, so we treat the corporation as the final owner of
property 4. If City Realty Inc had one or two shareholders, we would instead assign ownership
shares to the individual shareholders. In that case, John Smith’s portfolio would become

{(2,100%), (3, 100%), (4, 50%)}.

3.5 Classifying Ownership Types

Next, we classify these Final Owner Networks into economically meaningful ownership types:

1. Unincorporated Individuals: individuals who own property directly and are not linked
to any business entity. Properties in this category have owners with an assigned PIK,
or owners with non-missing first and last names on the property records.

2. Incorporated Individuals: business entities with one or two individual shareholders.
Although the property records list a corporate owner, the final owners are individuals
with assigned PIKs.

3. Indiwidual Trusts: trusts whose beneficiaries are individuals. The owner name listed on
the property records contains terms such as “Family Trust” as well as a common first
name.

4. Business Entities: firms or partnerships with three or more shareholders, which may
include individuals or corporate entities. This category includes legal entities such as
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LLCs and REITSs, and may be organized as pass-through entities (e.g., partnerships or
S-corporations) or as C-corporations.

5. Public: housing authorities and other government agencies. The owner name listed on
the property records contains terms such as “Housing Authority”, “Housing Agency”,
“City of”, “Municipality of”, etc.

6. Unmatched: owners that cannot be linked to a specific individual or firm through our
matching procedure. These likely include sole proprietorships (which typically do not
file Schedule K-1 and may appear in the BR under the owner’s name), subsidiaries of
C-corporations that do not file Schedule K-1, and noisy or erroneous owner names that
fail to meet our conservative similarity criteria.

This typology enables more meaningful comparisons than relying on LLC labels alone,
which can obscure differences between family-owned operations and institutional landlords.*

In the examples shown in Table 3, the owner of Property 1 is an unincorporated individual.
Properties 2, 3, and 5 are listed in the property records as owned by businesses, but our
ownership-linking procedure reveals that these entities are owned by one or two individuals;
we therefore classify these properties as owned by incorporated individuals. Property 4 is
owned by a business with more than two shareholders and is thus classified as a business
entity. For Property 6, we are unable to identify the underlying shareholders of the listed
business owner, so we classify it as a business entity as well.

4 Descriptive statistics based on the subset of proper-
ties we can validate with the ACS

We close with descriptive statistics for the cross-section of 2019 ownership in 11 CBSAs for
properties surveyed in the 2019 ACS. Because the ACS is a roughly one-percent sample, the
statistics reported here reflect a small fraction of the rental stock in each CBSA. However,
because the ACS independently identifies whether a housing unit is renter-occupied, we are
confident that rental properties are correctly classified in this subsample (up to reporting
error in the ACS survey data). We focus on this validated subset and leave descriptive results
for the full universe of rental properties to a future data build that addresses the coverage
challenges discussed in Section 3.3.

4.1 Ownership type composition

Figure 2 shows the distribution of final owner types for all properties and for rental properties
separately. Individual owners own the majority of properties in both samples, but the compo-
sition shifts meaningfully when restricting to rentals. Among all properties, unincorporated
individuals own 82.3 percent, reflecting the prevalence of owner-occupied single-family homes.
Among rental properties, unincorporated individuals own 60.8 percent and incorporated
individuals—business entities with one or two shareholders—account for an additional 7.6

4One category our typology does not separate is intra-family rental arrangements, in which an individual
owner rents to family members. In principle, family relationships in 1040 filings (spouses, claimed dependents)
could be used to flag these cases. We leave this for future work.
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percent. Trusts hold 0.3 percent of rental properties, businesses with more than two share-
holders hold 25 percent, 5.6 percent remain unmatched and 0.7 percent are publicly-owned.
These patterns indicate that individual landlords, whether operating in their own names or
through LLCs, supply the large majority of rental housing in our sample.

Figure 3 breaks down ownership composition by building type. Individual owners are most
prevalent among single-family rentals and smaller multifamily structures. Business entities
and incorporated individuals account for a larger share of 5+ unit multifamily properties,
consistent with the expectation that larger buildings are more likely to be held through formal
corporate structures. The unmatched share also varies across building types, suggesting that
the likelihood of successful entity matching depends in part on the complexity of ownership
arrangements typical of each segment.

4.2 Ownership composition across metropolitan areas

Figure 4 shows how the composition of rental ownership varies across the 11 CBSAs. While
unincorporated individual owners are the largest category in every market, their share ranges
from roughly 50 percent in Houston to over 70 percent in Chicago. Incorporated individuals
who own rental properties via LLCs are particularly common in Los Angeles, Phoenix, and
Denver. The combined share of public, trust, and unmatched owners also varies across
CBSAs, reflecting both differences in local ownership practices and data quality variation,
for example due to the prevalence of ownership structures that are difficult to trace through
administrative records.

4.3 Characteristics of individual landlords

Table 5 reports demographic and income characteristics of PIKed individual landlords, who
can be matched to their 2019 IRS 1040 filings. We compare characteristics for three types of
individual landlords: unincorporated individuals, whose name is on the deed; incorporated
individuals, who own a property through an LLC either alone or with one other individual;
and individual business owners, who co-own property through an LLC or other business with
at least two other individuals. Table 5 has a smaller sample of landlords relative to the full
sample of landlords of ACS rental units. More specifically, there are fewer unincorporated
individuals in Table 5’s sample, as unincorporated individuals are relatively less likely to be
PIKed than incorporated individuals and individual business owners.

We find that unincorporated individual landlords have substantially lower incomes than
their incorporated counterparts: mean adjusted gross income (AGI) is $481,300 for unin-
corporated individuals compared to $930,400 for incorporated individuals. Business owners
have the highest mean AGI at $1,730,000. Incorporated individuals are more likely to be
male (75.6 percent) than unincorporated individuals (56.1 percent) and earn substantially
higher W-2 wages ($458,400 vs. $102,000). Nearly all incorporated and business-owner
landlords file a Schedule E (97.1 and 95.3 percent, respectively), compared to 78.8 percent of
unincorporated individuals. The AGI distribution reveals that 18.6 percent of incorporated
individuals and 25.3 percent of business owners have AGI above $1 million, compared to only
4.3 percent of unincorporated individuals. At the other end of the distribution, 43.3 percent
of unincorporated individual landlords have AGI below $100,000.

These differences suggest that incorporation status is correlated with the economic scale
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of a landlord’s operations and overall wealth. Incorporated individuals and business owners
appear to be wealthier, earn more from wages, and have income profiles consistent with more
diversified economic activity.

Table 6 reports mean income measures separately by CBSA and incorporation status.
There is substantial geographic variation, particularly in AGI. Among unincorporated indi-
viduals, mean AGI ranges from $43,530 in Denver to $903,800 in Los Angeles—a pattern
likely driven by differences in property values and capital gains across markets. Schedule
income shows a similar pattern, with unincorporated individuals in Los Angeles reporting
mean Schedule E rental real estate and royalty income of $1,804,000 compared to $36,410
in Hartford. Among incorporated individuals, mean AGI ranges from $390,800 in Hartford
to $1,815,000 in Atlanta. Wage and salary income is more evenly distributed across CBSAs
for unincorporated individuals but varies more widely for incorporated individuals, from
$158,900 in Washington, DC to $581,000 in Charlotte.

4.4 Comparison with the mailing address approach

Figure 5 provides evidence that the commonly used mailing address approach can both
understate and overstate portfolio sizes. Panel (a) focuses on rental properties whose final
owner holds a multi-property portfolio and reports the share of these properties for which the
property tax assessment is mailed to the property address. Among incorporated individuals
with 1-2 shareholders, 4.6 percent of properties receive their assessments at the property
itself. For businesses, the corresponding figure is 5.0 percent, and for incorporated individuals
with 10+ shareholders, it is 5.6 percent. In these cases, the mailing address approach would
classify the property as owner-occupied and exclude it from the owner’s portfolio, leading to
an undercount of portfolio size.

Panel (b) shows the potential for overestimation. Among mailing addresses that differ
from the property address, 38.3 percent receive assessments associated with two or more
distinct final owners, and 24.5 percent are shared by five or more final owners. When unrelated
owners share a mailing address—for example, through a common property management
company, accountant, law firm, or registered agent—the mailing address approach incorrectly
places their properties in the same portfolio, inflating the measure of concentration.

5 Directions for benchmarking and validity testing

No single data source provides a definitive measure of rental property ownership that we can
use as ground truth. However, comparing our approach to multiple independent sources—each
with different strengths and limitations—can help assess the reliability of our methodology
and inform researchers about the sensitivity of conclusions to methodological choice. We
organize future work along two dimensions: diagnostics on the entity matching procedure itself,
and comparisons of the resulting ownership measures to independent data sources. Where
comparisons reveal discrepancies, they can guide specific improvements to the matching
process, including adjustments to matching thresholds, incorporation of additional data
sources such as state corporate registries or OpenCorporates, and extensions to handle family
ownership structures.
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Matching diagnostics. Several exercises can assess the quality of our entity matching
without requiring external data. First, varying the Jaccard similarity threshold used in the
fuzzy string matching would reveal the sensitivity of match rates, portfolio sizes, and ownership
concentration to this parameter. A high threshold is not unambiguously “conservative:” while
it reduces false matches (incorrectly linked entities), it increases false non-matches (missed
links between entities that are in fact commonly owned). Examining how the unmatched rate,
portfolio size distribution, and tract-level Herfindahl-Hirschman Index (HHI) change as the
threshold moves across a range of reasonable values would help assess the importance of this
choice. If the main descriptive statistics about ownership structure are stable across a range
of thresholds, that would suggest our conclusions are robust to this particular methodological
choice; if they are not, identifying which findings are most sensitive would help prioritize
further investment in matching quality.

Second, our current methodology matches on entity names but does not exploit family
relationships among individual owners. Census data, including the MAF-ARF and 1040 joint
filing records, contain household structure information that could link family members who
co-own properties through separate entities. For example, if one spouse owns a property
through an LLC and the other spouse owns a different property in their own name, our
current approach treats these as separate owners. Incorporating family linkages is primarily
a methodological extension rather than a validity test per se, but comparing portfolio size
distributions and ownership type classifications with and without family linkages would reveal
how much the current approach misses due to within-family fragmentation of ownership, and
would help address known limitations of string matching for names that vary across family
members or reflect naming conventions in different ethnic communities.

Cross-source comparisons. We can also compare our ownership measures directly to
independent data sources. Across all such comparisons, the most informative exercises go
beyond comparing aggregate portfolio sizes or ownership type distributions and instead
examine ownership links at the property-pair level. For each pair of properties, we can classify
whether both approaches link them to a common owner, only one approach links them, or
neither does. When one source can serve as a ground truth reference, this decomposition
yields estimates of the false match rate (the share of links we identify that the reference source
does not confirm) and the false non-match rate (the share of links in the reference source that
our approach misses), following standard terminology in the record linkage literature (?7).
Since no source is definitive, these rates should be computed in both directions—our approach
relative to the comparison source, and vice versa—to avoid treating either as ground truth.
They can be further broken down by property type, owner type, and Jaccard match score to
identify where discrepancies are concentrated.

A natural starting point is New York City, where multifamily landlords are required to
register annually with the Department of Housing Preservation and Development (HPD),
providing contact information for individuals with ownership stakes exceeding 25 percent.
Watson and Ziv (2025b) and Harwood et al. (2025) construct ownership portfolios and landlord
classifications from this registry. Matching our administrative-record-based measures to the
NYC registry for the overlapping geography would allow a direct comparison of owner type
classifications, portfolio sizes, and ownership concentration at the tract or neighborhood level.
Because the NYC registry captures ownership through a fundamentally different channel—
mandatory self-reporting rather than entity matching through tax records—agreement between
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the two approaches would provide strong evidence that both recover economically meaningful
ownership. Systematic disagreements would require careful interpretation: they could reflect
limitations of our approach (e.g., unmatched entities that the registry correctly identifies)
or limitations of the registry (e.g., incomplete compliance for small buildings, coarse self-
reported corporate designations that do not distinguish incorporated individuals from large
business entities, or inability to trace ownership through tiered LLC structures). Examining
the direction and pattern of disagreements—by building size, owner type, and corporate
status—would help characterize the strengths and weaknesses of both approaches and point
toward specific remedial steps. For example, if the registry identifies ownership links that
our approach misses for entities near the Jaccard threshold, that would support lowering
the threshold or supplementing the matching with additional data sources. If instead our
approach identifies links that the registry misses—for instance, by tracing K-1 ownership
chains across entities that register separately—that would provide evidence for the value
added of administrative record linkage over local reporting requirements. Harwood et al.
(2025) independently construct landlord portfolios for NYC multifamily buildings by linking
registry contacts through geocoded business addresses and names, providing a portfolio-level
comparison that does not rely on our entity matching. Watson and Ziv (2025b) construct tract-
level ownership concentration measures from the same registry, enabling a direct comparison
of HHI measures.

Two additional CBSAs in our sample—Jacksonville and Atlanta—offer comparison oppor-
tunities through state corporate registries. Torres (2024) uses the Florida business registry
combined with tax parcel data to construct ownership portfolios in Jacksonville via a graph-
based model that links subsidiary companies through shared officers and registered agents.
Because this approach traces corporate structures through state registry linkages rather than
federal BR and K-1 matching, it provides an independent check on our methodology using a
fundamentally different identification channel. Similarly, An et al. (2024) use the Georgia
Secretary of State business registry to link shell companies and subsidiaries to parent firms
in Atlanta, combining registry data with name standardization algorithms applied to tax
parcel records. Their approach is primarily focused on identifying large institutional investors,
but for the subset of entity-owned properties they study, a comparison to our classifications
would reveal whether our BR/K-1 matching recovers the same ownership links that state
registries identify, and whether our approach captures additional connections through K-1
ownership chains that state registries cannot observe. As with the NYC comparison, applying
the property-pair decomposition described above would provide the most granular assessment
of where the approaches agree and diverge.

Finally, as documented in Section 4, the mailing address approach can both understate and
overstate portfolio sizes relative to our methodology, and can produce misleading measures of
ownership concentration. Extending this analysis to property-pair-level comparisons of owner
type and portfolio assignment would provide a more granular picture of exactly which types
of properties and owners are most affected by the choice of methodology, helping researchers
in other settings assess whether the mailing address approach is adequate for their particular
application.
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6 Conclusion

This chapter introduces a methodology for measuring rental property ownership in the United
States that uses administrative records to trace ownership through corporate structures and
identify the individuals and firms that ultimately control rental housing. By linking property
records to the Census Bureau’s Business Register, IRS Schedule K-1 filings, and Form 10-K
filings, we follow ownership chains through LLCs, partnerships, and other pass-through
entities to identify final owners and construct property portfolios. This approach addresses
several limitations of existing methods: it does not rely on mailing address matching to define
portfolios, it distinguishes incorporated individuals from large business entities, and it can be
scaled to national coverage.

We apply our methodology to 11 large CBSAs and report descriptive findings for the
subset of properties surveyed in the 2019 American Community Survey, for which we can
independently validate rental status. Several findings emerge. Individual landlords—both
unincorporated and incorporated—own the large majority of rental properties, accounting
for nearly 70 percent of the rental stock in our sample. Ownership composition varies
meaningfully across building types and metropolitan areas, with incorporated individuals
more prevalent in larger multifamily structures. Individual landlords who hold property
through corporate entities are substantially wealthier than those who own directly, with
higher AGI, higher wage income, and a greater likelihood of filing Schedule E. We also
demonstrate that the mailing address approach, while widely used, can both understate and
overstate portfolio sizes: assessments mailed to the property address cause portfolios to be
undercounted, while shared mailing addresses from intermediaries such as property managers
and law firms cause unrelated owners to be grouped together.

Our approach has important limitations that are discussed throughout the chapter. We
cannot trace ownership through tax-disregarded entity LLCs or C-corporation subsidiaries
that do not appear separately in administrative records. Noisy name matching may introduce
both false matches and missed links. Our current rental identification strategy undercounts
rental units relative to the ACS, suggesting room for improvement in how we classify tenure
status from administrative data. The descriptive results presented here are based on a
one-percent subsample and may not generalize to the full rental stock.

Despite these limitations, the methodology provides a foundation for future work along
several dimensions. As discussed in Section 5, validation tests using local data sources such as
the New York City landlord registry and state corporate registries can help assess matching
quality and guide improvements. Incorporating additional data, such as state business
registries and family relationship information from tax records, could reduce the unmatched
share. Extending coverage beyond the ACS subsample to the full universe of properties, and
from 11 CBSAs to the entire United States, would enable nationally representative analysis
of ownership concentration, portfolio size distributions, and the relationship between owner
characteristics and housing market outcomes. We view this chapter as a proof of concept for
a measurement infrastructure that can support a broad research agenda on rental housing
ownership in the United States.
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7 Tables

Table 1: Comparison of methodologies used to identify rental housing ownership

Features
Methodology Example - - -
National  Identify Identify Construct
final owners rentals portfolios
Survey-based Residential & Nationally Sometimes Yes No
Housing Finance representa-
Survey tive
subsample
Mailing address CorelLogic property Yes Can Can Can
assessments mismeasure mismeasure mismeasure
Local sources New York City No Yes Yes Yes — within
registries that locality
National data on OpenCorporates Yes Subset Subset Subset
selected owner
and building
types
Administrative  Property records + Yes Yes Yes Yes
record approach business tax
returns
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Table 2: Keywords used to identify government and individual trust owners

Owner type Keywords used in classification

Government Borough of, City of, County of, Commonwealth of,
Department of, Town of, Township of, State of, Village of,
District of Columbia, City Dept/Department, Fire
Dept/Department, Highway authority, Highway dept,
Highway division, Housing Authority, HUD, Municipal
authority, Parks Dept/Department, Police
Dept/Department, Right of way, School district, Board of
education, school board, USDOT,...

Unincorporated individual First names associated with PIKs, such as Michael, John,

Andrea,...
Individual trust A first name + Family trust, Trust, Land trust, FT, (EST)
Business LLC, Inc, Co, Mgmt,...

Notes: This table reports a subset of the keywords used to identify government owners, unincorporated
individuals, individual trusts, and businesses. These examples were identified without looking at the owner
names; to protect privacy, we cannot disclose the list of keywords we selected based on observing the owner
names. To identify a government owner, a government keyword must be present. To identify an unincorpo-
rated individual, two conditions must be met: owner name 1) includes a first name associated with a PIK on
at least one property record in the sample; 2) does not include a business keyword. To identify an individual
trust, owner name must 1) include a first name; 2) include a trust keyword. To identify a likely business,
owner name must 1) contain a business keyword; 2) not contain a first name.

Table 3: Synthetic data illustrating the final owner identification procedure

Property 1D Owner name Mailing address Final firm owner Final owner names
(deed or assessment) (assessment)  (after linking to BR and K-1) (after linking to BR and K-1)
1 8 Common Rd
2 123 Main St LLC 123 Main St John Smith
3 125 Main St LLC 125 Main St John Smith
4 789 1st Ave LLC 3 Legal Rd City Realty Inc John Smith
4 789 1st Ave LLC 3 Legal Rd City Realty Inc Shareholder 2
4 789 1st Ave LLC 3 Legal Rd City Realty Inc Shareholder 100
5 101 Broadway Ave LLC 3 Legal Rd
5 101 Broadway Ave LLC 3 Legal Rd Taylor Lee
6 Landlord Inc 3 Legal Rd Landlord Inc Landlord Inc

Notes: This table presents synthetic data used to illustrate the methodology for identifying final owners, constructing
portfolios, and classifying ownership types. The owner name on the deed or assessment is shown alongside the final
firm owner and final individual owner name(s) after matching to the Business Register and Schedule K-1 filings. See
Section 3.2 for a detailed walkthrough.
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Table 4: Match shares by owner data source

Source Mean share ~ SD

Government keyword 0.0096 0.0039
PIKed individual 0.3169 0.0578
UnPIKed individual 0.0278 0.0142
Business Register 0.3054 0.0615
Schedule K-1 0.0880 0.0513
Indiv trust keywords 0.0083 0.0070
REITs/10-Ks 0.0033 0.0020
Likely business keywords 0.0010 0.0003
Likely UnPIKed individual keywords 0.2218 0.0366
Unmatched 0.0180 0.0047

Notes: This table reports the mean and standard deviation across CBSAs
of the share of ownership spells matched to different sources of informa-
tion about owners, following the methodology described in Section 3.2.
Note that the mean share does not sum to 1 because the same ownership
spell can be matched to multiple sources of business ownership data if it
is owned by a multi-link chain.
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Table 5: Demographics and income sources of PIKed individual landlords

Unincorporated Incorporated Business

individuals individuals owners

% Male 56.1 75.6 70.0
Mean income ($)

AGI 481,300 930,400 1,730,000

W-2 wages 102,000 458,400 214,500

Wage & salary 88,880 326,300 178,800

Schedule E 860,800 108,500 470,800
Gross rent charged ($) 1,418 1,277 1,384
Income filing shares

% with Schedule E 78.8 97.1 95.3

% with Schedule C 28.1 30.8 25.0

% with Sched. E or C 83.7 97.6 95.8
AGI distribution (mutually exclusive brackets)

AGI < $0 3.8 4.5 7.8

$0 < AGI < $100k 43.3 15.1 16.2

$100k < AGI < $1M 48.6 61.7 50.7

AGI > $1M 4.3 18.6 25.3
Wage & salary distribution (mutually exclusive brackets)

W&S = $0 34.8 31.8 29.6

$0 < W&S < $100k 36.8 24.0 30.4

$100k < W&S < $1M 27.9 39.3 37.1

W&S > $1M 0.5 4.9 2.9
N 27,500 531,000 800

Notes: This table reports characteristics of PIKed individual landlords pooled across
11 CBSAs in 2019. We report three categories of individuals: unincorporated, incor-
porated (1-2 individuals who own a property through an LLC or other business),
and ‘business owner’ individuals who co-own property with at least 2 other individu-
als. Income information is linked to individuals by PIK from 2019 IRS 1040 filings.
Schedule E includes positive rental real estate and royalty income. Gross rent charged
is the gross rent for a given unit, as reported in the ACS. For details on ownership
classification, see Section 3.5.
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Table 6: Income characteristics of individual landlords by CBSA

Unincorporated individuals Incorporated individuals
CBSA AGI  Wage/Sal.  W-2  Sched. E AGI Wage/Sal.  W-2  Sched. E
Atlanta, GA 116,700 85,710 86,860 39,670 1,815,000 254,000 309,500 41,420
Charlotte, NC 154,500 91,810 90,030 49,010 1,008,000 581,000 809,800 33,270
Chicago, 1L 173,700 90,360 98,040 128,900 608,600 271,900 344,000 152,700
Denver, CO 43,530 95,540 102,700 308,400 644,800 277,600 402,800 60,520

Hartford, CT 101,500 64,990 67,790 36,410 390,800 173,400 228,200 64,100
Houston, TX 172,000 101,000 97,260 71,970 1,624,000 183,900 296,800 115,100
Jacksonville, FL 126,100 68,920 71,650 50,120 968,700 306,500 435,700 83,440
Los Angeles, CA 903,800 76,090 104,700 1,804,000 1,151,000 491,900 764,700 100,700
Phoenix, AZ 220,800 88,660 94,520 677,100 893,400 276,900 355,900 138,500
Seattle, WA 284,100 138,800 141,400 204,100 1,186,000 284,900 478,200 74,950
Washington, DC 268,400 125,200 117,500 74,470 564,300 158,900 235,600 128,900

Notes: This table reports mean income measures for individual landlords, separately by CBSA and incorporation
status. All income measures are in thousands of 2019 dollars, drawn from 2019 IRS 1040 filings. For details on
ownership classification, see Section 3.5.
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8 Figures

Figure 1: Ownership identification cascade used to determine final owners of
property ownership spells

Start: Ownership spells (name x property x start/stop)
Government: keyword rule in owner name
Individual: non-missing PIK; common first name + no business keyword
Employer BR (timed): fuzzy match; in-state — out-of-state
SSN BR (timed): fuzzy match; in-state — out-of-state
K1 entities: fuzzy match to owned-entity names
Indiv. trusts: trust keyword + common first name
REITs (10-K): fuzzy match to REIT / subsidiary names
Employer and SSN BR (untimed)

Link structures: Kls and REITs
Unmatched: likely business
Unmatched: likely unPIKed individual
Unmatched

Notes: This figure illustrates the order in which we apply matching rules to identify the final owner of each ownership
spell. We begin by identifying government and unincorporated individual owners directly from the property record.
For remaining spells, we apply a cascading fuzzy name matching procedure through the Business Register, Schedule
K-1 filings, individual trust keywords, and REIT/10-K filings. Unmatched spells are categorized as likely businesses,
likely unPIKed individuals, or fully unmatched. For details, see Section 3.2.

29



Figure 2: Share of all properties vs. rental properties by final owner type
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Notes: This figure displays the final owner type identified by our methodology for properties surveyed in the 2019
American Community Survey in 11 sampled CBSAs. For details on the identification of final owners and classification
of ownership types, see Sections 3.2 and 3.5.
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Figure 3: Rental property ownership by building type
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Notes: This figure breaks out rental property owner type by building type. The sample includes rental properties
reported in the 2019 ACS for 11 selected CBSAs. For details on the matching procedure, see Section 3.2.
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Figure 4: Owner type by CBSA
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Notes: This figure shows the share of rental units by owner type, separately for each of the 11 CBSAs in
2019. Three categories (public, individual trust, and unmatched) are pooled to achieve a sample size large
enough to disclose. For details on owner identification, see Section 3.5.
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Figure 5: Potential under- and over-estimation of portfolio size using the mailing
address approach

40- 38.3

6- 5.6 "
w2

5 8 2 30-
n 3
4.6 9 (=}

I S o 245

%] T o
e =]
S3 3.4 2 g

B S : = = 20-
22 3 >
£5 ES
5t 53
- 2 L ©
8% 2- S
4]

10-

0.
Inc. indiv. Business Inc. indiv. Inc. indiv. 0-
3-10 shareholders 1-2 shareholders 10+ shareholders 2+ owners 5+ owners
(a) Underestimates: Share mailing assessment to (b) Overestimates: Share of
the property address, among multi-property mailing addresses receiving
portfolios assessments for multiple final
owners

Notes: Panel (a) shows, among multi-property portfolios owned by business and incorporated individuals,
the share of properties and units whose tax assessment is mailed to the property address—an underestimate
source for the mailing-address approach. Panel (b) shows the share of mailing addresses (different from the
property address) that receive assessments for at least 2 and at least 5 distinct final owners—an overestimate
source. The sample is restricted to business- and incorporated individual-owned rental properties in 2019.
For details, see Section 4.
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